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Preface

Introduction

We are pleased to present the proceedings of the Third Workshop on Patient-Oriented Language
Processing (CL4Health), held in conjunction with LREC 2026. This workshop continues to
provide a dedicated forum for research on the spectrum of patient-oriented language processing
and multimodal research. Following the success of the previous editions held at LREC-COLING
2024 and NAACL 2025, CL4Health has further established itself as a dedicated venue for
advancing language technologies that support public health, including the summarization of
health records for patient use, answering consumer health questions using reliable sources,
detecting misinformation or potentially harmful content, and providing multimodal response
when it more effectively supports patient understanding.

Such a venue is needed both to invigorate patient-oriented language processing research and
to build a community of researchers interested in this area. The growing interest in this topic is
fueled by several current trends:

• Rapid use of large language models for health counseling, diagnostic reasoning, and
patient-facing question answering.

• Focus on simplifying and adapting clinical information through summarization, rewriting,
and persona-based generation.

• Growth of multimodal tools for patient journeys, care pathways, and communication
support.

• Increasing emphasis on safety, factual grounding, and standardized evaluation of patient-
oriented systems.

The program includes contributions covering a broad spectrum of topics, including question
answering, patient-oriented lay summarization, medical text simplification, and multimodal
learning in the biomedical and consumer health domains. In addition to regular research papers,
the workshop features four shared tasks, designed to encourage standardized evaluation and
facilitate comparative analysis across systems. These shared tasks highlight current progress
and persistent challenges in developing robust and trustworthy patient-oriented language
technologies.

Invited Speaker

Kailai Yang, University of Manchester, UK

Towards Trustworthy and Efficient Continual Learning for Large Language Models

Current Large Language Models (LLMs) continue to face several key limitations in adapting
to specific domains. First, their ability to model human values and learn rich representations
remains limited. Second, general-purpose LLMs often lack sufficient domain-specific
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knowledge and alignment for professional applications. Third, existing continual learning
methods are still prone to catastrophic forgetting, instability in multi-objective optimization, and
limited training efficiency. This research addresses these challenges from three complementary
directions. First, we improve representation learning for language models through knowledge
fusion and innovative paradigms, including contrastive and disentangled learning methods.
Second, we strengthens domain alignment via domain knowledge injection, in-context learning,
and advanced post-training approaches. Third, we improve continual learning for LLMs by
proposing novel automated data-mixing strategies, selective preference optimization method
for efficient training, and a plug-and-play multi-objective alignment framework that generalizes
across models and objectives. Overall, this research provides practical and effective solutions
to enhance the reliability and efficiency for domain adaptation for LLMs.

Brief Biography

Kailai Yang is an incoming researcher at the University of Manchester. His main research areas
are artificial intelligence and large language models. He has authored over 20 papers with
over 2,000 citations in total. His research as leading contributor has been published in leading
conferences and journals, such as NeurIPS, ACL, EMNLP, WWW, and KDD. His work has also
been featured by renowned media such as Forbes.

Shared Tasks

• Detecting Dosing Errors from Clinical Trials (CT-DEB’26).
The Clinical Trials Dosing Errors Benchmark 2026 (CT-DEB’26) is dedicated to automated
detection of the risks of medication dosing errors within clinical trial protocols. Leveraging
a curated dataset of over 29K trial records from the ClinicalTrials.gov registry, participants
are challenged to predict the risk probabilities of protocols likely to result in dosing errors.

• Automatic Case Report Form (CRF) Filling from Clinical Notes.
Case Report Forms (CRFs) are standardized instruments in medical research that collect
patient data in a consistent and reliable manner. They consist of a predefined list of
items to be filled with patient information. Each item aims to collect a portion of the
information relevant to a specific clinical goal (e.g., allergies, disease chronicity, test
results). Automating CRF filling from clinical notes would accelerate clinical research,
reduce manual burden on healthcare professionals, and create structured representations
that can be directly leveraged to produce accessible, patient- and practitioner-friendly
summaries.

• ArchEHR-QA 2026: Grounded Question Answering from Electronic Health Records.
ArchEHR-QA targets the problem of producing answers to patient questions that are
supported by and explicitly linked to the underlying clinical notes. This second iteration
builds on the 2025 challenge (co-located with the ACL 2025 BioNLP Workshop) by
expanding the dataset and introducing four complementary subtasks covering question
interpretation, clinical evidence identification, answer generation, and answer–evidence
alignment.

• FoodBench-QA 2026: Grounded Food & Nutrition Question Answering.
FoodBench-QA 2026 is a shared task challenging systems to answer food and nutrition
questions using evidence from nutrient databases and food ontologies. The dataset
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includes realistic dietary queries, ingredient and their quantities lists, and recipe
descriptions, requiring models to perform nutrient estimation, FSA traffic-light prediction,
and food entity recognition/linking across three food semantic models.

Submissions

CL4Health received 36 valid submissions for the main workshop, of which 11 were accepted
as oral presentations, 17 as posters, and 8 were rejected. The work covers a wide range of
topics focusing on patients’ well-being and proper care. The topics include question answering,
medical imaging, patient-oriented lay summarization, medical text simplification, mental health
issues, and communication support. We received 28 valid submissions for the shared task
papers, of which 25 were accepted as posters and 3 were rejected.

We would like to thank all the authors for their submissions. We are grateful to the shared
task organizers for their efforts in designing and coordinating the evaluation benchmarks.
Our sincere thanks go to the invited speaker and participants for their engagement and
contributions to the workshop. Finally, we acknowledge the Program Committee (listed
elsewhere in this volume) for their dedicated efforts in evaluating the submissions within a
short review period and identifying work ready for presentation, as well as studies that would
benefit from further experimentation and analysis informed by reviewer comments. We hope
that the work presented in these proceedings will contribute to ongoing research in patient-
centered language technologies and foster further advances in accessible, reliable, and effective
language technologies for public health.

Deepak Gupta, Paul Thompson, Sophia Ananiadou and Dina Demner-Fushman (Organizers).
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Abstract
Though patients are increasingly granted digital access to their electronic health records (EHRs), existing interfaces
may not support precise, trustworthy answers to patient-specific questions. Large language models (LLM) show
promise in clinical question answering (QA), but retrieval-based approaches are computationally inefficient, prone to
hallucination, and difficult to deploy over real-life EHRs. This work introduces FHIRPath-QA, the first open dataset
and benchmark for patient-specific QA that includes open-standard FHIRPath queries over real-world clinical data.
A text-to-FHIRPath QA paradigm is proposed that shifts reasoning from free-text generation to FHIRPath query
synthesis. For o4-mini, this reduced average token usage by 391× relative to retrieval-first prompting (629,829 vs
1,609 tokens per question) and lowered failure rates from 0.36 to 0.09 on clinician-phrased questions. Built on
MIMIC-IV on FHIR Demo, the dataset pairs over 14k natural language questions in patient and clinician phrasing
with validated FHIRPath queries and answers. Empirically, the evaluated LLMs achieve at most 42% accuracy,
highlighting the challenge of the task, but benefit strongly from supervised fine-tuning, with query synthesis accuracy
improving from 27% to 79% for 4o-mini. These results highlight that text-to-FHIRPath synthesis has the potential
to serve as a practical foundation for safe, efficient, and interoperable consumer health applications, and the
FHIRPath-QA dataset and benchmark serve as a starting point for future research on the topic. The full dataset and
generation code can be accessed on GitHub.

Keywords: FHIRPath, Question-Answering, Electronic Health Records

1. Introduction

Over the past decade, healthcare systems world-
wide have adopted standardized, interoperable rep-
resentations of electronic health records (EHRs).
HL7 Fast Healthcare Interoperability Resources
(FHIR) has emerged as the dominant framework,
with national adoption across major EHR vendors
and mandated API requirements in jurisdictions
such as the United States (HL7 International; Or-
ganization et al., 2023).

However, digital access does not equal under-
standing. Although patients can increasingly view
their EHRs, FHIR’s graph-structured design makes
navigation difficult (Zhang and Walji, 2014; Roman
et al., 2017). Most systems rely on keyword search,
often returning entire documents or dense tables
rather than the specific value requested (Hanauer
et al., 2015). Bridging this gap requires automated
question-answering (QA) systems capable of re-
trieving precise, verifiable answers from a patient’s
own record (Del Fiol et al., 2014).

Large Language Models (LLMs) demonstrate
strong clinical reasoning on general medical QA
tasks (Bardhan et al., 2024). However, deploying
them over patient-specific EHR data introduces
substantial challenges. Context windows are finite,
making full-record ingestion costly and prone to
degradation as length increases (Liu et al., 2024;
Chen et al., 2024). Retrieval-Augmented Gener-
ation (RAG) systems remain vulnerable to hallu-

cination (Zhang and Zhang, 2025), which is un-
acceptable in patient-facing tools where incorrect
answers may influence health decisions (Bussone
et al., 2015). Additionally, LLMs struggle to reli-
ably traverse FHIR’s deeply nested graph structure;
benchmarks such as FHIR-AgentBench report con-
sistent failures in multi-hop reasoning and reference
resolution (Lee et al., 2025). Finally, transmitting
sensitive patient data to external models raises pri-
vacy concerns, while hosting sufficiently powerful
models locally is often impractical.

To address these limitations, we turn to the stan-
dard itself. While FHIR defines the data structure,
FHIRPath (HL7 International, 2020) is its native
path-based query language. Unlike SQL—which
requires backend database access rarely available
to patient-facing applications—FHIRPath operates
at the API layer and is broadly supported across
interoperable health systems.

Adopting a Text-to-FHIRPath approach offers
three distinct advantages over RAG or SQL-based
methods:

1. Determinism & Safety: A generated query
acts as an intermediate logic step that can
be validated before execution, substantially
reducing hallucination at the answer level by
shifting risk to symbolic query generation.

2. Data Minimization: By executing the query
logic locally or at the API level, the system re-
trieves only the specific data point requested
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(e.g., a single observation value) rather than
retrieving and processing entire clinical doc-
uments. This drastically reduces the context
window cost and minimizes personally identifi-
able information exposure.

3. Interoperability: A model trained to generate
FHIRPath works across any system compli-
ant with the US Core Data for Interoperability
(USCDI) standard, whereas SQL generation
is brittle and tied to specific database schema.

Despite the growing need for patient-centric QA,
existing benchmarks largely evaluate adjacent but
insufficient problem settings. Much prior work tar-
gets clinician-facing analytics or structured query-
ing for secondary clinical use (Lee et al., 2022),
rather than patient access to their own records.
Patient-oriented benchmarks such as archEHR-
QA emphasize interpreting verbose patient ques-
tions, identifying relevant evidence, and generat-
ing grounded answers from free-text clinical notes
(Soni and Demner-Fushman, 2026). While criti-
cal for modeling patient–clinician communication,
these tasks operate at the document level and do
not evaluate precise, field-level access to structured
EHR data.

Benchmarks that evaluate QA over FHIR often
rely on synthetic or heavily curated data (Soni et al.,
2019; Kothari and Gupta, 2025), substantially re-
ducing the ambiguity, noise, and scale of real pa-
tient records. More recent benchmarks assess
agentic interaction with live FHIR servers (Lee et al.,
2025), evaluating end-task correctness but without
exposing or supervising the executable query logic
required to reliably traverse FHIR graphs.

This work proposes a deterministic FHIRPath-
based approach as a safer, verifiable alternative to
standard retrieval methods. By pairing executable
query logic with answers, the approach prioritizes
precision and safety over broad recall. The method
is evaluated using a novel benchmark derived from
MIMIC-IV on FHIR Demo and EHR-SQL (Bennett
et al., 2024, 2023; Lee et al., 2022, 2024), lever-
aging real clinical data rather than synthetic prox-
ies. A patient-perspective paraphrasing pipeline is
introduced to assess the system’s ability to trans-
late non-expert language into structured FHIRPath
queries. An overview of the primary contributions
follows:

• A Question-FHIRPath-Answer dataset.
FHIRPath-QA combines realistic clinical
questions, executable FHIRPath queries, and
answers from real MIMIC-IV on FHIR patient
data. The full dataset as well as generation
code is publicly available for reproducibility
and to support future extension.

• Patient-oriented Paraphrasing. Real pa-
tients do not ask for "tachycardia" status; they

EHR-SQL
Templates

FHIRPath Compatible
Question Templates

Select FHIRPath
Compatible
Questions

Patient + Clinician
Perspective

Paraphrasing (LLM)

Paraphrase Set

MIMIC-IV on
FHIR 

Initialize Template

Patient Specific Value
Sampling

Automatic Filtering

Manual Filtering

Sample + Fill
Paraphrase

Generate FHIRPath
Query

Evaluate Query on
Patient EHR

Question-FHIRPath-
Answer Dataset

No Valid?

Yes

Figure 1: Building FHIRPath-QA involved ques-
tion selection, LLM-based paraphrasing, and query
generation grounded in real patient data.

ask, "Why is my heart racing?" This work in-
cludes a pipeline to translate clinical ques-
tions into layperson language, evaluating the
model’s ability to bridge the semantic gap be-
tween vague patient intent and strict FHIR
schema.

• Empirical Evaluation of retrieval-first and
query-first QA pipelines with commercial and
fine-tuned models.

2. Related Work

Early EHR QA focused on Text-to-SQL generation
for clinician analytics. MIMICSQL (Wang et al.,
2020), EHR-SQL (Lee et al., 2022), and EHR-SQL-
2024 (Lee et al., 2024) established strong base-
lines using real clinical questions grounded in the
MIMIC-III (Johnson et al., 2016), eICU (Pollard
et al., 2018) and MIMIC-IV databases (Johnson
et al., 2023). However, these systems rely on di-
rect database access (SQL), which is typically inac-
cessible from patient-facing applications. Further,
these databases have non-standard schema, so
transferability to clinical use is limited.

There are limited benchmarks for QA models
on FHIR. Soni et al. (2019) curated one of the
first question-query-answer data sets in FHIR data.
However, they did so using Synthea (Walonoski
et al., 2017), a synthetic data-generation pipeline,
so the EHRs lack the noise, variability, and scale of
real clinical data. Kothari and Gupta (2025) similarly
used Synthea to generate a QA dataset for fine-
tuning LLMs, but these questions were generated
after selecting a small set of relevant resources, fur-
ther simplifying the task. Consequently, systems
are not required to reason over large, longitudinal
EHRs with the complexity or scale of real patient
records.
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More recently, a paradigm shift toward agen-
tic interaction has led to benchmarks that eval-
uate an LLM’s ability to interact with live FHIR
servers. MedAgentBench (Jiang et al., 2025) as-
sesses end-to-end task completion across 10 clini-
cal workflows using 300 physician-authored ques-
tions, emphasizing practical correctness. FHIR-
AgentBench (Lee et al., 2025) similarly evaluates
agentic performance, but focuses specifically on
clinician-oriented question answering. Correctness
is determined using annotated keys of relevant re-
sources. While this benchmark meaningfully ad-
vances QA evaluation on real FHIR data, it does
not expose or supervise the executable query logic
used to retrieve answers, as the underlying dataset
generation relies on SQL. Consequently, the in-
termediate reasoning required to traverse FHIR
graphs is not directly observable or learnable, high-
lighting the absence of benchmarks that expose
executable query logic over real FHIR data.

Taken together, prior work either targets clinician-
facing analytics via Text-to-SQL, evaluates FHIR-
based QA on synthetic or heavily curated data, or
measures agentic interaction with FHIR servers
without exposing the underlying executable logic.
As a result, none directly supervise the trans-
lation of natural language questions into verifi-
able, executable queries over real-world FHIR
data. FHIRPath-QA addresses this gap in Text-to-
FHIRPath generation by introducing a benchmark
that pairs patient and clinician language questions
with executable FHIRPath queries over real MIMIC-
IV on FHIR records.

3. Dataset Construction

3.1. Data Source
To ensure questions, queries, and answers are re-
alistic, patient data was used from the MIMIC-IV on
FHIR Demo Dataset (Bennett et al., 2024, 2023).
Though the released dataset draws from the 100-
patient EHRs in MIMIC-IV on FHIR Demo, the gen-
eration code extends to the full MIMIC-IV dataset.
This data was uploaded into a local instance of the
HAPI FHIR server as it is a robust open-source im-
plementation of the HL7 FHIR standard (Hussain
et al., 2018).

3.2. Question Templates
Standardized question templates were adapted
from EHR-SQL (Lee et al., 2022) to ensure they
have clinical relevancy. Templates were selected
that focus on individual patients (e.g. "What was
the last prescription for patient X?") rather than
population-level or aggregate statistics (e.g. "How
many patients were diagnosed with hepatitis this
year?"). This choice was made because individual

FHIR Resource Clinical Topics
Patient Demographics, birth date,

gender
Encounter Hospital visits, ICU

stays, admission types,
discharge times

Observation Lab tests, vital signs,
weight, intake events, out-
put events, microbiology
results

Condition Diagnoses, clinical status
Medication (Med.) Drug names
Med.Request Prescriptions, dosages,

drug delivery routes
Med.Administration Medication administered

to patient in hospital
Procedure Clinical interventions, sur-

gical procedures, timing
of events

Table 1: The FHIR resource types used in
FHIRPath-QA cover a range of clinical topics re-
quired for inpatient care.

patients would not have access to, nor an interest
in, other patients’ EHRs. Finally, questions were
filtered to ensure they can be answered from the
information in FHIR data by a single FHIRPath exe-
cution. In total, 61 unique question templates were
selected covering a broad range of clinical topics,
summarized in Table 1.

3.3. Multi-Perspective Paraphrasing
A multi-perspective paraphrasing strategy was de-
veloped to measure the robustness of models
across diverse user groups. While existing datasets
like EHR-SQL primarily focus on clinician-oriented
language, FHIRPath-QA accounts for the varying
degrees of medical literacy among potential users
of a FHIR-based QA system. The generated para-
phrases are divided into two distinct perspectives:

1. The Patient/Caregiver Perspective: Recog-
nizing that patients and caregivers often ac-
cess their own data through portals, these
paraphrases were generated with more conver-
sational and intuitive phrasing. Further, speci-
fication of the patient’s ID is removed from the
question, since it is assumed that this informa-
tion would be known from user identification.

2. The Clinician Perspective: This category
maintains the technical precision of the origi-
nal templates. Formal medical terminology is
maintained to reflect the language that would
be used by a physician or nurse.

Following the observation that modern LLMs can
outperform traditional language-generation meth-
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Figure 2: The query generated to answer the ques-
tion Were any organisms found in my last SEROLO-
GY/BLOOD microbiology test this year? Colored re-
gions indicate logical stages of the query: resource
type selection (blue), specimen filtering (green),
temporal constraints (orange), and selection of the
most recent observation (purple). A final post-
aggregation constraint checks that an organism
was found (grey).

ods, OpenAI gpt-4o was used for paraphrase gener-
ation. For each question template, 50 paraphrases
were generated from both the clinician and patient
perspectives. The refinement process followed a
three-step pipeline:

1) All required variables and fillable placeholders
in the query templates were verified to be preserved
correctly during paraphrasing.

2) Lexical diversity was enforced by discarding
paraphrases with a pairwise Levenshtein distance
less than 10 or a normalized distance under 0.15.

3) Semantic alignment was maintained by
encoding sentences with the all-MiniLM-L6-v2
transformer and computing cosine similarity. A
lower similarity threshold was applied for patient-
perspective paraphrases to accommodate the nat-
ural linguistic variance of non-physician language.

This process removed over half of the total para-
phrases, resulting in a final dataset of 1,239 clini-
cian and 856 patient entries. Patient paraphrases
exhibited higher lexical variety and lower semantic
similarity compared to clinician paraphrases. For
details, see Appendix B.2.

3.4. FHIRPath Query Generation
Consistent with established datasets, the query
template and placeholder structure introduced by
Lee et al. (2022) are adopted. This framework is
extended by mapping question templates to the
hierarchical FHIR R4 standard, replacing relational
SQL joins with path-based FHIRPath traversals.

FHIRPath expressions were crafted to be exe-
cuted on a patient bundle containing all resources
needed to answer the question. This assumption is
valid queries are executed on the server side. For
local execution, such a scenario can be replicated

by running queries on a patient’s full bundle: the
result of an ‘$everything‘ export.

The questions can be broadly grouped based
on four primary response types: counts (e.g. fre-
quency of interventions), existence (true/false),
lists (returning multiple entities), and exact re-
sponses (retrieving specific names, dosages, or
timestamps). Each question type necessitates a
distinct set of navigation steps and filter applications
to account for the decentralized nature of the FHIR
R4 standard, and the different sets of resources
relevant to each question. For instance, querying
a microbiology test involves navigating the relation-
ship between the event of specimen collection and
the event of the result report. These are recorded
as distinct clinical observations and require com-
plex link traversal. An example of this is shown in
Figure 2.

3.5. Query Validation
The generation pipeline was extensively tested
and validated on patient bundles of varying sizes.
These tests focused on ensuring syntactic va-
lidity of queries by parsing them with an open-
sourced, rust-native FHIRPath implementation
from OctoFHIR (OctoFHIR). Queries were manu-
ally validated for semantic consistency across mul-
tiple placeholder configurations.

Further validation focused on execution accu-
racy over manually annotated FHIR bundles. Since
MIMIC-IV on FHIR patient bundles are very large,
five smaller versions (averaging 17 resources per
bundle) were curated for this task to ensure each
question could be answered. Each query type was
validated over the five curated patient bundles.

3.6. Dataset Assembly
To ensure questions have answers (e.g. not asking
about ICU visits if the patient has never been in
the ICU), questions and queries were randomly
generated based on the context of specific patients’
entire EHR. To account for date shifts in the de-
identification process of MIMIC-IV, datetime filtering
was computed with the current date being the date
of the last record in the EHR. Queries were then
executed against patient bundles to generate the
corresponding answers.

3.7. Evaluation Splits
To evaluate different forms of generalization, three
complementary evaluation settings were defined.

The dataset is partitioned into training (78%),
validation (9%), and test (13%) splits using a strati-
fied split over natural language paraphrases. Para-
phrases are disjoint across splits, while question
templates and patients may overlap. This setting
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Split Benchmark Large
Clinician Patient Clinician Patient

Train 954 (45.5%) 675 (32.2%) 4721 (38.7%) 4775 (39.1%)
Val 104 (5.0%) 89 (4.2%) 535 (4.4%) 661 (5.4%)
Test 181 (8.6%) 92 (4.4%) 791 (6.5%) 717 (5.9%)
Total 1239 (59.1%) 856 (40.9%) 6047 (49.6%) 6153 (50.4%)
Combined 2095 12200

Table 2: Dataset Statistics. There are 100 distinct patient records and 61 question templates. The
Benchmark contains one question, query, and executed answer per unique paraphrase. FHIRPath-QA
Large contains multiple questions and queries per paraphrase, without executed answers. Samples are
stratified by split and further categorized by perspective (Clinician vs. Patient). The bottom row displays
the combined counts across both perspectives.

evaluates linguistic generalization and is used for
all baseline comparisons.

A query holdout is defined, in which four en-
tire question templates are excluded from train-
ing. These templates correspond to executable
FHIRPath queries that do not appear elsewhere
in the dataset, while still operating over FHIR re-
source types observed during training. It accounts
for 155 samples in FHIRPath-QA Benchmark. Per-
formance on this split evaluates a model’s ability to
synthesize novel executable query logic from nat-
ural language, rather than relying on memorized
template-level mappings.

To assess structural generalization beyond the
observed schema, a resource holdout is defined
consisting of five templates that require FHIR re-
sources not present in the training data, specifi-
cally Location and MedicationAdministra-
tion. This holdout is composed of 126 samples in
FHIRPath-QA Benchmark. Success on this split in-
dicates whether fine-tuning enables generalization
of FHIRPath syntax and traversal patterns to un-
seen resource types, despite no exposure to their
schemas during training.

3.8. Dataset Makeup
Resources: The FHIRPath-QA dataset is released
as a two-tier resource designed to support both
model training and reliable execution-based evalu-
ation:

• FHIRPath-QA Benchmark: A high-precision
evaluation set containing 2,095 question-
query-answer triples. Every entry in this sub-
set has been validated via execution against
the patient’s ‘$everything‘ bundle to ensure
correctness. This serves as an execution-
validated benchmark for measuring execution
accuracy and linguistic generalization.

• FHIRPath-QA Large: A large-scale corpus
containing 12,200 question-query pairs. The
queries in this dataset are grounded in real pa-
tient records, but answers are not provided via

execution. This resource is designed specifi-
cally for supervised fine-tuning (SFT), provid-
ing the high volume of examples needed for
models to learn the complex syntactic nesting
of FHIRPath.

Volume and Diversity: In total, the dataset com-
prises 14,295 unique samples derived from 61
question templates and 2,095 paraphrases (~34.3
per template) which are grounded in 100 real pa-
tient EHRs. Each sample is annotated with the
paraphrase split label and an indicator for belong-
ing in the unseen query and resource-level holdout
groups for simple filtering that ensures large-scale
training sets are disjoint from the evaluation bench-
marks.

4. Experiments

Experiments were designed and carried out with
the following goals in mind: (1) to compare the
performance and token-efficiency trade-offs be-
tween query-first (text-to-FHIRPath) and retrieval-
first approaches; (2) to assess the robustness of
these approaches to the variations in patient and
clinician-speech; and (3) to investigate the extent
to which SFT enables generalization across novel
paraphrases, unseen FHIRPath logic, and novel
FHIR resource types. All evaluation results in this
paper are reported on FHIRPath-QA Benchmark.

4.1. Architectures

Two distinct architectural paradigms for clinical
question answering were evaluated.

1. Ingestion-based Retrieval approach (re-
ferred to as "retrieval") modeled after the
single-turn agent in FHIRAgentBench (Lee
et al., 2025), requires the LLM to identify and
retrieve relevant FHIR resources for a given
patient and perform reasoning over the raw
content.
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2. FHIRPath query-based execution approach
(referred to as "query-first") tasks the agent
with generating a FHIRPath query. This query
is then executed against the patient’s complete
FHIR bundle to extract an answer, shifting the
computational burden from LLM inference over
long contexts to deterministic query execution.

4.2. Metrics
Final answer accuracy was used to evaluate model
performance. This is assessed as an exact match
of the executed result for the query-first approach.
Since the retrieval-based approach produces free-
text answers, responses were manually evaluated
for correctness against the execution-validated
benchmark by two independent annotators (the
first and second author), both with graduate-level
training and relevant domain experience. Any dis-
agreements were resolved through discussion and
consensus.

Because all experiments were conducted in the
single-turn setting, failures occurred for both ap-
proaches. For large patient EHRs, the retrieval-
first approach occasionally exceeded the model
context limit. For the query-first approach, failures
corresponded to invalid FHIRPath syntax. The ac-
curacy excluding these failures was also measured.
When failures were included, they were treated as
an incorrect answer.

Efficiency was measured via token usage in-
cluding prompt and completion tokens. For failed
retrieval-based attempts, where the token limit
was exceeded, the attempted input tokens was
recorded.

4.3. Standard Model Comparison
Baseline performance and efficiency were first eval-
uated across four foundational models: OpenAI o4-
mini, 4.1-mini, 4o-mini, and 4.1-nano. The o4-mini
model was included due to strong reported per-
formance in similar evaluations (Lee et al., 2025),
4.1-mini for its extended context length, 4o-mini as
a broadly capable baseline for comparison, and 4.1-
nano for its smaller size. Each model was tested
using both retrieval-first and query-first architec-
tures. Evaluation was conducted on the test split of
FHIRPath-QA Benchmark, as detailed in Table 2,
establishing performance benchmarks for standard
large language models (LLMs) on clinical FHIR
tasks.

4.4. Fine-tuning Protocol
To evaluate the impact of specialized training, 4o-
mini, 4.1-mini, and 4.1-nano models were fine-
tuned on the training samples of FHIRPath-QA
Large excluding all samples associated with the

unseen query structure and resource-level hold-
out templates. Training was conducted through the
OpenAI API (1 epoch, batch size 5, learning rate
1.8 for 4o-mini, 2.0 for 4.1-mini, and 0.1 for 4.1-
nano). Evaluation was conducted on paraphrases
in the test split to assess linguistic generalization
(Test 1), on the unseen queries to assess an im-
proved understanding of FHIR elements (Test 2),
and finally on unseen resource types to assess
resource-level generalization (Test 3).

To explore the effect of the number of patients
represented by the training examples, SFT was
performed with three subsets of the training dataset
containing: 1) 10 patients, 2) 30 patients, and 3)
the full 100 patients in MIMIC-IV on FHIR Demo.

5. Results

5.1. FHIRPath-QA Stresses Scalability
Table 3 shows the token usage per question for rea-
soning and non-reasoning LLMs for the retrieval-
first and query-first models. Using o4-mini, the
query-first approach yielded a 391x reduction in av-
erage tokens per question compared to the retrieval-
based approach. The retrieval strategy also exhib-
ited extreme variance in token usage (SD ≈ 1.9M
tokens), making its running-costs less predictable
for clinical deployment. This variance scaled di-
rectly with EHR size. In contrast, query-first to-
ken usage was stable (SD ≈ 420 tokens), as the
LLM only processes the natural language question
and a system prompt. Non-reasoning models had
lower token usage, but this had a small impact in
the retrieval-first setting, where input tokens domi-
nated.

Strategy Model Tokens SD
Retrieval o4-mini 629,839 1,926,723
Retrieval 4.1-mini 577,281 1,889,508
Query-first o4-mini 1,609 420
Query-first 4.1-mini 697 24

Table 3: The retrieval-first approach consumed a
substantially higher number of tokens per question
than the query-first approach.

5.2. A Challenging Benchmark
Table 4 lists the results of the retrieval-first and
query-first approaches with standard LLMs. Over-
all, the results show that the FHIRPath-QA bench-
mark poses a challenge to standard LLMs and
agentic architectures, with none achieving an over-
all accuracy above 42%. Across models, o4-mini
outperformed 4.1-mini and 4o-mini following the
query-first and retrieval-first approaches. When rel-
evant EHRs successfully fit within the context win-
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Model Accuracy Failure Rate Acc. Excl. Failures
Clinical Patient Clinical Patient Clinical Patient

a) Retrieval
o4-mini 0.33 0.33 0.36 0.34 0.51 0.49
4.1-mini 0.42 0.41 0.17 0.14 0.50 0.48
4o-mini 0.24 0.15 0.46 0.40 0.45 0.25
b) Query-first
o4-mini 0.35 0.38 0.09 0.15 0.39 0.45
4.1-mini 0.25 0.27 0.15 0.23 0.29 0.35
4o-mini 0.25 0.28 0.02 0.09 0.26 0.31

Table 4: Overall accuracy slightly favors the retrieval-first approach, but this metric is influenced by its
higher failure rate. When excluding failures, the retrieval-first approach consistently outperforms the
query-first approach. Retrieval-first performs better on clinically phrased questions, whereas the query-first
approach performs better on patient-style paraphrases.

dow (i.e. excluding failures), the retrieval-first strat-
egy demonstrated superior baseline performance,
which suggests that foundational LLMs lack a thor-
ough understanding of FHIR structures and as a
result have a poor ability to convert questions to
correct FHIRPath queries.

Notable differences in performance based on
question phrasing and system architecture were
observed. Retrieval-first scored more highly on
clinician over patient paraphrases, which suggests
that foundation models rely heavily on lexical over-
lap. Technical terms in clinician queries may act
as anchors to the formal strings found within the
FHIR resource JSONs, allowing for more accurate
"needle-in-a-haystack" retrieval. Conversely, in the
query-first setting, patient-perspective questions
yielded higher accuracy.

5.3. Impact of Supervised Fine-Tuning
Results from SFT on the FHIRPath-QA Large cor-
pus indicate that the apparent performance ceiling
of the query-first approach stems from base model
pretraining rather than architectural limitations. As
shown in Figure 3, SFT leads to a dramatic improve-
ment in the model’s ability to map natural language
to executable logic. For Test 1, which evaluated
novel paraphrases of questions seen in training,
all models experienced strong gains. Notably, 4o-
mini accuracy nearly tripled, rising from a baseline
27% to 79%. This result confirms that specialized
training substantially improves the LLMs’ ability to
recognize diverse linguistic patterns and map them
to executable FHIRPath logic.

Test 2 demonstrates model capacity for logi-
cal generalization, which utilized entirely novel
question templates composed of clinical reason-
ing elements seen in other contexts. Performance
gains across all models in this category suggest
that SFT enabled the agents to learn composi-
tional mappings between clinical intent and the
FHIR schema, rather than simply memorizing ques-

tion–query pairs.
The results of Test 3 highlight a limit of text-

to-FHIRPath generalization. As the models were
tasked with querying resources not present in the
training set, performance decreased following fine-
tuning. While the models become highly proficient
in the specific resource types and query patterns
represented in the training data, they may overfit to
that subset and lose some of the broader, general-
purpose schema knowledge present in the base
models.

The scale of patient-specific data used during
training also proved to be a critical factor in model
proficiency. By comparing models fine-tuned on
subsets of 10, 30, and 100 patient records, a con-
sistent upward trend in execution accuracy as the
diversity of patient data increased was observed.
This suggests that the current performance has
not yet reached a plateau; rather, it indicates that
future work extending the fine-tuning dataset to the
full MIMIC-IV-FHIR corpus would likely yield further
gains in handling the natural variance and "noise"
found in real-world longitudinal records.

Finally, a notable shift occurred in the model’s
sensitivity to paraphrase perspective post SFT.
While the base models performed better on pa-
tient paraphrases from their structural simplicity,
fine-tuned models consistently reversed this trend,
achieving higher accuracy on clinician-paraphrases
(see Appendix A.1). This implies that the inherent
ambiguity of layperson language characterized by
lower semantic similarity to the clinical ground truth
imposes a natural performance ceiling on single-
turn systems.

5.4. Error Analysis

To evaluate the underlying causes of performance
degradation in the query generation pipeline, we
performed a qualitative error analysis. Examples
of each failure mode are provided in Appendix C.
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Figure 3: SFT for the query-first approach improved executed answer accuracy on questions with para-
phrased inputs over shared query structures (Test 1: Paraphrase) and on questions requiring novel query
compositions over FHIR resource types seen during fine-tuning (Test 2: Query). In contrast, performance
did not generalize to questions involving unseen resource types (Test 3: Resource). Increasing the
number of patients in the fine-tuning dataset (10, 30, 100) led to progressively larger performance gains.

5.4.1. Resource Profile Complexities

A common error mode identified in generated
queries stems from an apparent misunderstand-
ing of various FHIR resource profiles. Agents fre-
quently attempt to reference resource elements
that do not exist. This failure is indicative that the
structure of the resource is not fully understood by
the model. For instance, Location resources do
not contain temporal information, but some queries
tried to access it in search of the time period of a
specific visit (Appendix C.2). The correct way to
access these types of resources would be to re-
solve the reference to it, typically via the Encounter
resource.

5.4.2. Semantic Misinterpretation

A common failure mode arose when the models
were faced with question ambiguity, resulting in
syntactically correct FHIRPath that does not cor-
rectly address the question. This challenge was
more prominent in patient-paraphrased questions
lacking precise clinical language. For example, in
questions inquiring about a patient’s medications,
a particular challenge is in differentiating Medica-
tionRequest resources (prescriptions) and Medica-
tionAdministration (in-hospital drug administration)
resources (see Appendix C.3). Resolving this am-
biguity often requires clinical knowledge of whether
certain drugs are typically administered in hospital
or prescribed. Other subtle misinterpretations in-
clude counting total events instead of unique events
(Appendix C.4) or considering in-hospital transfers
as unique visits.

5.4.3. Date Filter Mismatch

Up to 30% of errors in some fine-tuned models
were characterized by the generation of the correct
FHIRPath query, with the exception of the date filter.
In these instances, the model successfully identi-

fies the required resource type and filtering criteria
but incorrectly computes the date relative to the
current time. An example is provided in Appendix
C.1. Quantification of the frequency of this error for
each model is provided in Appendix A3.

6. Conclusion

This work presents FHIRPath-QA, a novel dataset
and benchmark combining patient-specific ques-
tions, validated FHIRPath queries, and executed
answers. It is derived from the MIMIC-IV on FHIR
Demo dataset, with clinically relevant questions ex-
pressed from both clinician and patient perspec-
tives. To our knowledge, this is the first pub-
licly available benchmark and dataset for Text-to-
FHIRPath generation grounded in real EHRs.

Empirical comparison of retrieval-first and query-
first QA pipelines shows that query-first approaches
offer practical advantages in reliability and effi-
ciency when operating over large EHRs. Executing
symbolic queries avoids context window limitations,
reduces token consumption by several orders of
magnitude, and provides a clear and interpretable
failure mode when query generation is unsuccess-
ful. At the same time, empirical results demonstrate
that retrieval-based approaches remain competitive
in answer accuracy when relevant resources can
be ingested, underscoring that query-first execution
is not a universal replacement for retrieval-based
QA.

These findings show that mapping natural lan-
guage questions to executable FHIRPath logic
remains challenging for pretrained LLMs. How-
ever, SFT on question–query pairs substantially im-
proves performance and enables generalization to
novel paraphrases and previously unseen question
compositions over known FHIR resource types.

Importantly, these results reveal a fundamental
tension in patient-facing question answering. While
fine-tuning improves executable query synthesis,
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patient-perspective questions — characterized by
greater lexical diversity and semantic ambiguity —
impose a natural performance ceiling. Even when
models learn FHIRPath syntax, resolving layper-
son intent into precise clinical constructs remains
difficult. This suggests that patient-facing QA may
require mechanisms beyond single-turn query gen-
eration, such as clarification strategies or schema-
aware grounding, to bridge the semantic gap be-
tween informal language and structured EHR rep-
resentations.

By exposing executable query logic over real
FHIR data and highlighting the linguistic challenges
inherent in patient language, FHIRPath-QA estab-
lishes a foundation for safer, more transparent, and
more interoperable patient-facing clinical QA sys-
tems.
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8. Limitations

This dataset is constructed from MIMIC-IV on FHIR
Demo and primarily reflects ICU and in-patient care
from a single institution, which may limit general-
izability to other clinical settings. Although patient-
oriented paraphrases are included, questions are
synthetically generated from templates and may
not fully capture the variability and scope of real
patient-authored queries. The scope of FHIRPath-
QA is restricted to factual, record-grounded ques-
tions that can be answered deterministically from
structured FHIR resources; interpretive or explana-
tory clinical questions are out of scope. Finally, SFT
experiments cover a limited set of resource types,
and reduced performance on unseen resources
suggests potential over-specialization.
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A. Additional Tables

A.1. Comprehensive Performance
Results

See Table A1.

A.2. Comprehensive Usage Results
See Table A2.

A.3. FHIRPath Query Match Rates
See Table A3.

B. Additional Figures

B.1. Token Usage by Patient EHR Size
See Figure B1.

0 5000 10000 15000 20000
Patient EHR size

10
3

10
4

10
5

10
6

10
7

To
ke

ns

Retrieval
Query-first

Figure B1: Patient record size vs token usage (log
scale) using (o4-mini). The upper bound on tokens
used in the retrieval-first approach scales linearly
with the patient EHR size, whereas query-first re-
mains constant. Retrieval tokens corresponds to
total tokens or attempted tokens if the context length
limit was exceeded.

B.2. Paraphrase Statistics
See Figure B2.

C. Error Analysis Examples

C.1. Example 1
Model: query_gen-4.1-nano_100
Question: until last year, for patient 10003400,
what was the last time a medication was prescribed
using the IV route?
Context: Assume current datetime is 2137-09-
02T19:17:11
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’anddosageInstruction.route.c

oding.code=’IV’andauthoredOn.toDateTime()<=@2136
-12-31T19:17:11.000Z).sort(authoredOn).last().authore
dOn.toDateTime()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’anddosageInstruction.rout
e.coding.code=’IV’andauthoredOn.toDateTime()<=@2
137-12-31T19:17:11.000Z).sort(authoredOn).last().aut
horedOn.toDateTime()
true_answer: 2136-12-14T08:52:22-05:00
model_answer: 2137-09-02T13:45:41-04:00
Analysis: The model used the incorrect date in the
generated query despite having an exact match
otherwise.

C.2. Example 2
Model: query_gen-4o-mini_100
Question: Can you tell me what the last careunit
was until 2144?
Context: Assume current datetime is 2145-01-
03T20:33:00
true_query: Bundle.entry.resource.where(resourceT
ype=’Encounter’andselect((period.start|period.end).sor
t().first().toDateTime())<=@2144-12-31T05:02:42.000Z
).sort(period.start).last().location.sort(period.start).last()
.location.resolve().name
model_query:Bundle.entry.resource.where(resource
Type=’Location’andname.exists()andperiod.start.toDat
eTime()<=@2144-12-31T23:25:29.000Z).sort(period.st
art).last().name
true_answer: Cardiac Vascular Intensive Care
Unit (CVICU)
model_answer: []
Analysis: The generated query does not demon-
strate knowledge about the structure of a Location
or Encounter resource. Location resources contain
no temporal information; they are linked to Encoun-
ters which contain visit information including the
time period.

C.3. Example 3
Model: query_gen-4.1-mini_100
Question: I’d like to know the number of times I
took Potassium Chloride until 20/05/2187.
Context: Assume current datetime is 2187-05-
23T17:20:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationAdministration’andcontext.resolve().id
entifier.system=’http://fhir.mimic.mit.edu/identifier/enco
unter-icu’andmedicationCodeableConcept.coding.displ
ay=’PotassiumChloride’andselect((effectiveDateTime|e
ffectivePeriod.start).sort().first().toDateTime())<=@218
7-05-20T18:21:11.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’and(medicationReference.
resolve().identifier.where(value=’PotassiumChloride’).e

11



Model Base/FT Accuracy Failure Rate Acc. Excl. Failures
Clinical Patient Clinical Patient Clinical Patient

a) Retrieval
4.1-mini Base 0.42 0.41 0.17 0.14 0.50 0.48
4o-mini Base 0.24 0.15 0.46 0.40 0.45 0.25
o4-mini Base 0.33 0.33 0.36 0.34 0.51 0.49
b) Query-first
4.1-mini Base 0.25 0.27 0.15 0.23 0.29 0.35
4.1-mini FT-10 0.68 0.61 0.02 0.10 0.69 0.67
4.1-mini FT-30 0.72 0.64 0.01 0.09 0.73 0.70
4.1-mini FT-100 0.73 0.66 0.01 0.09 0.74 0.73
4o-mini Base 0.25 0.28 0.02 0.09 0.26 0.31
4o-mini FT-10 0.70 0.62 0.01 0.09 0.70 0.68
4o-mini FT-30 0.70 0.63 0.02 0.09 0.71 0.69
4o-mini FT-100 0.73 0.66 0.01 0.09 0.74 0.73
4.1-nano Base 0.02 0.07 0.22 0.29 0.02 0.09
4.1-nano FT-10 0.59 0.49 0.04 0.11 0.61 0.55
4.1-nano FT-30 0.68 0.54 0.04 0.11 0.71 0.61
4.1-nano FT-100 0.67 0.57 0.01 0.11 0.68 0.63
o4-mini Base 0.35 0.38 0.09 0.15 0.39 0.45

Table A1: Comprehensive experimental results of retrieval and query-first strategies across clinical and
patient perspectives for all models evaluated on the test split. FT-X indicates the fine-tuning dataset
included X patients.

Model Base/FT Token Usage
Tokens / Question STD

a) Retrieval
4.1-mini Base 577,281 1,889,508
4o-mini Base 737,846 1,992,794
o4-mini Base 629,839 1,926,723
b) Query-first
4.1-mini Base 697 24
4.1-mini FT-10 704 25
4.1-mini FT-30 704 25
4.1-mini FT-100 703 25
4o-mini Base 692 18
4o-mini FT-10 703 25
4o-mini FT-30 704 25
4o-mini FT-100 703 25
4.1-nano Base 684 19
4.1-nano FT-10 703 25
4.1-nano FT-30 703 25
4.1-nano FT-100 702 23
o4-mini Base 1,609 420

Table A2: Token consumption per question on the test split across retrieval and query-first strategies for
all models evaluated. FT-X indicates the fine-tuning dataset included X patients.

xists()ormedicationCodeableConcept.coding.code=’Po
tassiumChloride’)andauthoredOn.toDateTime()<=@21
87-05-20T19:10:10.000Z).count()
true_answer: 1
model_answer: 0
Analysis: The patient-paraphrased question con-
tains ambiguity in the phrase "I took Potassium
Chloride". The incorrectly assumes Potassium
Chloride was a prescription, but it was intended to

be a question about drug intake while an in-patient.
The clinician-paraphrased question would clearly
specify if the drug was ’prescribed’ or ’administered’.
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Model (Train Size) Query Match Rate Query Match Rate with Masked Numeric Quantities
4.1-mini (Base) 0.01 0.01
4.1-mini (10) 0.31 0.58
4.1-mini (30) 0.35 0.63
4.1-mini (100) 0.34 0.63
4.1-nano (Base) 0.00 0.01
4.1-nano (10) 0.07 0.39
4.1-nano (30) 0.14 0.44
4.1-nano (100) 0.16 0.43
4o-mini (Base) 0.03 0.05
4o-mini (10) 0.24 0.58
4o-mini (30) 0.33 0.63
4o-mini (100) 0.35 0.64
o4-mini (Base) 0.03 0.03

Table A3: The query match rate with masked numeric quantities consistently increased after fine-tuning,
demonstrating that a high number of query inaccuracies were due to incorrect date filtering in otherwise
correct queries. This metric was computed by masking all numeric substrings (i.e. dates, patient ids,
dose quantities) in the generated and ground truth query before comparing strings.

Figure B2: Histograms of a) the minimum normalized Levenshtein distance between paraphrase and
each other paraphrase of the same question template and b) the semantic similarity of paraphrase to
original question template by perspective.

C.4. Example 4

Model: query_gen-4.1-mini_100
Question: I need to know how many medications
were issued to me until 4 months ago.
Context: Assume current datetime is 2151-01-
15T23:17:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’andauthoredOn.toDateTime()
<=@2150-09-30T23:17:00.000Z).select(medicationRef
erence.resolve()|medicationCodeableConcept).distinct
().count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’andauthoredOn.toDateTim
e()<=@2150-09-30T23:17:00.000Z).count()
true_answer: 258
model_answer: 1442
Analysis: The generated query counts the total
number of prescriptions instead of counting distinct
medication types as the question required. The
result is a partially correct query.

C.5. Example 5

Model: query_gen-4o-mini_base
Question: Which microbiology test did patient
10003046 undergo last since 14 months ago?
Context: Assume current datetime is 2154-01-
09T11:53:00
true_query: Bundle.entry.resource.where(resourceTy
pe=’Observation’andcode.coding.system=’http://fhir.mi
mic.mit.edu/CodeSystem/microbiology-test’andeffectiv
eDateTime.toDateTime()>=@2152-11-01T11:53:00.00
0Z).sort(effectiveDateTime).last().code.coding.display
model_query: Bundle.entry.resource.where(resourc
eType=’Observation’andcode.coding.display=’Microbio
logy’andeffectiveDateTime.toDateTime()>=@2152-11-
01T11:53:00.000Z).sort(effectiveDateTime).last().code.
coding.display
true_answer: C. difficile PCR
model_answer: ""
Analysis: The generated query fails to specify a mi-
crobiology test code system. It incorrectly applies
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a generic display filter that does not exist, missing
the required microbiology result. Apart from this
filter clause, the query is correct.

C.6. Example 6
Model: query_gen-4.1-mini_base
Question: Provide the number of Condom Cath
outputs associated with patient 10035631 since 10
years ago
Context: Assume current datetime is 2116-03-
12T07:45:00
true_query: Bundle.entry.resource.where(resourceT
ype=’Observation’andcode.coding.display=’CondomC
ath’andeffectiveDateTime.toDateTime()>=@2106-01-0
1T07:45:00.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’Observation’andcode.coding.display=’Condom
Cath’andeffectiveDateTime.toDateTime()>=@2106-03-
12T07:45:00.000Z).count()
true_answer: 1
model_answer: 1
Analysis: The generated query uses the incorrect
date component, making the correct evaluated an-
swer coincidental.

C.7. Example 7
Model: query_gen-o4-mini_base
Question: How many times was patient 10000032
given Sodium Polystyrene Sulfonate until 2180?
Context: Assume current datetime is 2180-08-
10T22:48:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’and(medicationReference.res
olve().identifier.where(value=’SodiumPolystyreneSulfo
nate’).exists()ormedicationCodeableConcept.coding.co
de=’SodiumPolystyreneSulfonate’)andauthoredOn.toD
ateTime()<=@2180-12-31T22:18:53.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationAdministration’andmedicationCode
ableConcept.coding.display=’SodiumPolystyreneSulfo
nate’andeffectiveDateTime.toDateTime()<=@2180-12-
31T22:48:00.000Z).count()
true_answer: 4
model_answer: 0
Analysis: The generated query has no correct
components. Likely stemming from ambiguity
in the question with the phrase "given Sodium
Polystyrene Sulfonate", the model assumes this
to be a drug administered in a hospital context.
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Abstract
Systems that collect data on sleep, mood, and activities can provide valuable lifestyle counselling to populations
affected by chronic disease and its consequences. Such systems are, however, challenging to develop; in addition
to reliably extracting patterns from user-specific data, systems should contextualise these patterns with validated
medical knowledge to ensure the quality of counselling and generate counselling that is relevant to a real user. We
present QUORUM, an evaluation framework that unifies these developer-, expert-, and user-centric perspectives, and
show with a real case study that it meaningfully tracks convergence and divergence in stakeholder perspectives. We
also present COACH, a Large Language Model-driven pipeline to generate personalised lifestyle counselling for our
Healthy Chronos use case, a diary app for cancer patients and survivors. Applying our framework indicates that,
overall, users, medical experts, and developers converge on the view that the generated counselling is relevant, of
good quality, and reliable. However, stakeholders also diverge on the tone of the counselling, sensitivity to errors
in pattern-extraction, and potential hallucinations. These findings highlight the importance of multi-stakeholder
evaluation for consumer health language technologies and illustrate how a unified evaluation framework can support
trustworthy, patient-centered NLP systems in real-world settings.

Keywords: consumer health question answering, large language models in health, remote monitoring

1. Introduction

People living with the consequences of cancer
(treatment) often suffer from long-term effects
such as fatigue and mental health issues (Akechi
et al., 1999). While it is known that healthy
lifestyle changes like increasing physical activity
positively impact health outcomes and quality of
life, for both cancer patients and survivors (Hoedjes
et al., 2022), they currently experience the state
of lifestyle counselling in healthcare as not readily
available, too fragmented, and general (van Aken
et al., 2025; Drbohlav Ollerton et al., 2025; Tuin-
man et al., 2024). This demonstrates the need
for personalised lifestyle counselling, through re-
liable pattern extraction from user-specific health
records and with validated sources, in order to pro-
duce high-quality and evidence-based answers to
consumer-health questions. While many AI-driven
systems that generate counselling exist, their evalu-
ation methodologies are often fragmented and lack
realistic contexts (Lai et al., 2025; Raji et al., 2021).

This is why this paper contributes QUORUM
(QUality, Outcome Reliability, and User-relevance
from Multiple stakeholders), a new evaluation
framework that aligns with the goals and interests of
three key types of stakeholders in the development
of NLP systems for health. From a user-centric
perspective, counselling is relevant to users if the

advice aligns with their situation, increases the likeli-
hood of action based on the counselling, and if they
are satisfied with the tone and length of the coun-
selling. Experts, on the other hand (in our case,
cancer information specialists from kanker.nl,
henceforth ‘experts’) focus on the quality of the
counselling with respect to its correctness, and the
appropriate tone and length for the population and
disease they know well. Developers/researchers
(two authors, henceforth ‘developers’) focus on a
more technical evaluation and have as a vantage
point reliability, i.e., baseline performance on key
metrics such as faithfulness and completeness of
the counselling, and hallucination rates. We argue
that these three perspectives must be included in
the evaluation of AI systems that support specific
medical populations. Since we cannot expect such
stakeholders to evaluate the output of AI systems
by the same standards, they provide irreducible,
complementary perspectives that only jointly indi-
cate whether a given system is likely to have a
positive, real-world impact.

We show QUORUM in action with a concrete
use case: the Dutch Healthy Chronos applica-
tion. This is a digital diary app that aids cancer
patients and survivors by tracking sleep, activi-
ties, mood, and custom user-defined goals over
time. We develop the Large Language Model (LLM)
driven pipeline COACH (Contextualised Outcome-
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Figure 1: Left: user interface for submitting queries.
Right: generated counselling for query ‘How can
I sleep better?’ Blue underlining illustrates claims
about the user data; orange indicates contextuali-
sation statements that contextualise found patterns
with information from the knowledge database.
Claims and statements are labelled with (1), (A),
etc., but this is hidden from the user.

Adaptive Counselling for Health) for Healthy
Chronos, which uses Retrieval Augmented Gener-
ation (RAG) (Lewis et al., 2020) to generate person-
alised lifestyle counselling. The pipeline ingests
a user query about their data (e.g. How can I
sleep better?), after which COACH retrieves rel-
evant chunks for that query from the external, vali-
dated knowledge database kanker.nl. COACH
then contextualises the patterns extrapolated from
the user data with the retrieved chunks into person-
alised counselling (for an impression, see Figure 1).
By using QUORUM on COACH, we demonstrate
that relevant, good-quality, and reliable lifestyle
counselling is possible with LLMs. Nineteen Dutch
app users acknowledge that the counselling aligns
with their situation, they intend to follow up on the
counselling, and endorse its tone and length. Six
independent experts from kanker.nl deem the
counselling of good quality in terms of the correct-
ness of the contextualisation of extracted user pat-
terns, and its tone and length. Technical evaluation
by two developers shows COACH is reliable, as
most claims (79%) are consistent with user data;
moreover, for virtually all claims (97%), the rele-
vant information has been retrieved. Still, we also
find that 22% of the generated counselling state-
ments are not strictly traceable to the knowledge
database, thus are hallucinations (though not of a
harmful kind).

Besides this convergence, QUORUM also high-
lights divergence between stakeholders. For exam-

ple, users and experts differ on the desired tone of
the response, and differ with developers in the sen-
sitivity to errors and hallucination in the reported
patterns and counselling. These results highlight
the utility of QUORUM and COACH for other pop-
ulations and medical conditions, by helping build
systems with a larger real-world impact.

2. Background

Consulting the internet for information on lifestyle
change to improve one’s health and quality of life is
increasingly common (Raeside et al., 2022). Still,
people struggle with finding information fitting their
specific queries, due to answer complexity, poten-
tially incorrect information, and the lack of align-
ment with their situation (Bondarenko et al., 2021;
Pugachev et al., 2023; Kayser et al., 2015). Though
LLMs are recognised as potentially useful for pro-
viding lifestyle counselling due to their language
and reasoning abilities, a recent overview shows
that particularly evaluation methodologies for LLM-
driven lifestyle counselling are fragmented, weak,
and lack realistic contexts (Lai et al., 2025).

Related work has further shown that for LLM-
driven chatbots in health, stakeholders can have
diverging perspectives relevant to system develop-
ment. For example, whereas users may prioritize
the tone of the interaction, professional caregivers
may emphasize safety and clinical validation as-
pects (Van Dijk et al., 2025). Still, current work
typically targets only a subset of stakeholders, like
relevance from a user perspective, but no further
quality assessment of system output (Meywirth,
2024), or expert evaluation without including real
users (Merrill et al., 2024). While such studies
address important issues, often with novel AI tech-
niques, extrapolating findings to real populations
remains hard.

However, a study close to our setup is Steenstra
et al. (2024), and it concerns an LLM-driven tool
for Motivational Interviewing regarding alcohol use.
It also adopts a three-way evaluation with different
stakeholders, where humans evaluated the tone of
the LLM-generated outputs, researchers evaluated
the presence of appropriate MI techniques in the
responses, and independent experts overall tested
the system by role-playing interactions. Yet, Steen-
stra et al.’s work differs from ours in that their tool
is not embedded in the real world.

Regarding system development, research has
shown that many LLM-driven systems for lifestyle
counselling still rely on proprietary models and
cloud services (Lai et al., 2025). For startups, this
is perhaps understandable, as self-hosting LLMs
is costly, while cloud access to capable LLMs is
cheap (Nandagopal, 2025); these are key consid-
erations for startups like our Healthy Chronos
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use case that inform some methodological choices
we make below.

3. Methodology

3.1. QUORUM Framework

QUORUM unifies three complementary perspec-
tives from the literature. First, the model-centric
perspective that emphasises well-known standard-
ized metrics (e.g., recall) on common tasks (e.g.,
retrieving relevant elements). These metrics are
important as they allow quickly probing a system’s
base performance and comparison with other sys-
tems, but they are poor proxies for a system’s
real-world impact (Wang et al., 2024a; Li et al.,
2025). This is nevertheless a common perspective
to adopt for AI developers, and in our framework, it
involves faithfulness, completeness, and hallucina-
tion metrics as common to RAG evaluation (Papa-
georgiou et al., 2025). Faithfulness concerns the ex-
tent to which generated claims about the user data
are consistent with that user’s data; completeness
concerns the extent to which all relevant information
in the user data for some query was retrieved; hallu-
cination concerns the existence of contextualisation
statements in the counselling that cannot be traced
to the knowledge database (Recall the difference
between claims about user data and contextualisa-
tion statements from Figure 1). Rather than factual
incorrectness (the more common definition of hal-
lucination), we consider lifestyle counselling that
might be fitting but not grounded in the knowledge
database, i.e., any information generated not from
the parametric knowledge of the model, to be a
type of hallucination.

The user-centric perspective, on the other
hand, focuses on how well model behaviour ac-
tually helps a real user to reach a specific goal,
thus it is about the relevance of a system’s output
(Wang et al., 2024b). We asked users to evaluate
the alignment of the response with their personal
situation, the tone and length of the response, and
the likelihood that the user would follow up on the
counselling provided. These more subjective mea-
sures aim to capture the relevance of the response
to the user.

We also incorporate the expert-centric perspec-
tive. In a health context, besides user and devel-
oper, medical experts as stakeholders often have
different concerns (Van Dijk et al., 2025), for ex-
ample, about the overall adequacy of the medical
information in the response, because actions may
be based on it, and because users may re-use the
generated information in real medical consultations.
Thus, we ask experts to evaluate the correctness
of the contextualisation, based on their expertise
on the (consequences of) cancer, as well as their

opinion on the style and length of the response.

3.1.1. Holistic, Iterative Evaluation

In this way, we aim to incorporate a holistic perspec-
tive on the generated counselling that strikes a good
balance between technical (model-centric), sub-
jective (user-centric), and medical (expert-centric)
aspects. Combining these three perspectives is
vital, as single perspectives cannot by themselves
provide a good estimation of the real-world impact
of AI systems in health; they are complementary,
and one perspective cannot be reduced to another.
Though they do overlap in topics, the perspectives
try to capture those opinions that can be reason-
ably expected from different stakeholders, given
their background, goals, and interests.

For example, users could be less likely to verify
reported patterns or lifestyle advice if an answer
is in line with what they already believe; this is a
common issue in dealing with the fluent output of
LLMs nowadays and known as confirmation and
consistency bias (Nirman et al., 2025). Or, they
could be less likely to do so due to automation bias:
an over-reliance on the capabilities of algorithms in
generating valid information (Boonprakong, 2025).
This shows how model- and expert-centric evalua-
tion can complement each other. On the other hand,
an AI system with perfect reliability may still have
little real-world impact because few of its outputs
may be meaningful to a user; here, the user-centric
perspective provides the best proxy for real impact.
What is still missing, then, is some assurance that
the reliable and relevant output is also of good qual-
ity from an expert-centric perspective; only experts
can adequately assess medical content.

QUORUM was conceived of as a quick probe in
the context of iterative system development, where,
especially for interactive systems, many brief stake-
holder evaluations need to be done to incorporate
their views in future versions of the system (van
Gemert-Pijnen et al., 2011; Van Dijk et al., 2025).
After evaluation is done with each group, a QUO-
RUM user can compute, per perspective, a grand
average that indicates how well the system at issue
is doing from that perspective, while the individual
variables provide details on the perspective’s key
aspects. See Table 1 for a schematic overview of
variables in QUORUM; we further show and dis-
cuss outputs of our framework in section 4.

3.1.2. Data Collection

Here we describe the procedures for data collec-
tion from users, experts, and researchers. All
protocols were approved by the Leiden University
Ethics Review Board. Though we share the source
code of our pipeline (see subsection 3.2), we can-
not share user data itself nor Healthy Chronos
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Perspective (N) Statement evaluated Variable Measurement Interpretation

Users (19)

1 The response aligns with my situation Alignment 5-point Likert scale Avg. score indicating alignment with
user’s situation (mood, energy, etc.)

2 I will follow the tips in the response Follow-up 5-point Likert scale Avg. score indicating whether user is
likely to act on the response

3 The response has the right tone Tone 5-point Likert scale Avg. score of response tone quality
4 The response has the right length Length 5-point Likert scale Avg. score of response length

Experts (6)
1 The contextualisation is correct Correctness 5-point Likert scale Avg. score of contextualisation quality
2 The response has the right tone Tone 5-point Likert scale Avg. score of response tone quality
3 The response has the right length Length 5-point Likert scale Avg. score of response length

Developers (2)

1 This claim is consistent with the data Faithfulness Binary % of claims supported by user data
2 For this claim, the relevant user
variables were retrieved Completeness Binary % of claims for which relevant columns

were retrieved from user data
3 This contextualisation statement can
be traced to the relevant chunks found
by the pipeline

Hallucination Binary % of claims grounded in the knowledge
database (kanker.nl)

Table 1: Contents (translated from Dutch) of the QUORUM evaluation framework. Five-point Likert scales
are structured as strongly disagree (1), disagree (2), neutral (3), agree (4), strongly agree (5) .

Figure 2: Overview of the pipeline flow and inputs.

source code due to privacy and intellectual property
considerations.

Users Nineteen Dutch users were recruited via
the app to participate in this study. As shown in
Figure 1, users can query their data, but the app
also suggests query topics based on frequency. In
our evaluation, users evaluate responses on the
question: What is going well and what can be im-
proved? One reason for this is that this query cov-
ers a large part (41%) of a random sample of 100
queries. Also, this query has a broad scope, mean-
ing that the pipeline is forced to correctly retrieve
and analyse potentially many different relevant vari-
ables, which can be more challenging compared
to more specific queries (e.g., about sleep). Users
received the query and generated a response in
the app, and then completed a short survey on the
statements given in Table 1. They were asked to
evaluate the full response, and were also invited
to submit open remarks for each query-response
pair. This amounted to nineteen evaluated query-
response pairs. We did not collect further demo-
graphic data due to privacy considerations, but the
user base of Healthy Chronos contains mostly
Dutch adolescents and young adults.

Experts Six experts from kanker.nl consented
to evaluating in total 50 random user query-

response pairs, and they evaluated for each pair the
four statements given in Table 1. Experts were in-
structed to focus on the correctness of the contextu-
alisation (see Figure 1, as due to privacy concerns
it was not feasible to share user data with them,
and because the contextualisation is based on
the knowledge database (kanker.nl they were
familiar with. Besides providing scores, experts
were also invited to submit remarks at every query-
response pair.

Developers Two developers evaluated in two
rounds in total 66 claims about the user data and 31
contextualisation statements (see Figure 1) from 10
random query-response pairs. Statements 1 and
2 in Table 1 were used for the claims about user
data, whereas statement 3 was used for the contex-
tualisation. After the developers initially evaluated
the whole set independently, disagreements were
discussed to consensus afterwards.

We computed measures for interrater reliability
for experts and developers, for various variables,
and therefore describe these metrics in tandem
with our results in section 4.

3.2. Pipeline

Healthy Chronos is a digital diary for people liv-
ing with the consequences of cancer (treatment),
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Figure 3: User interface of Healthy Chronos.

developed in cooperation with the Netherlands Can-
cer Institute and Dutch Cancer Society. The goal is
to help this group cope with the physical and mental
effects of dealing with cancer (treatment), though
the app can accommodate any user-specified goal.
Through reminders and surveys, the app helps
users to score variables like mood, sleep, and en-
ergy (scores on five-point scales), activities like
work, social activities, chores, and exercise (in
hours), and goals, like resting at least 30 minutes
(booleans) (Figure 3). Users receive push mes-
sages to submit scores at the end of the day, and
users can submit arbitrary queries about their data.
Healthy Chronos has a free version and one
free year of premium use through a waiver.1

COACH was developed as an efficient Python
pipeline to quickly generate counselling from user
queries within the Healthy Chronos app. It was
fully developed and evaluated in the Azure envi-
ronment of Healthy Chronos, in line with the
app’s privacy and security agreements with users.
COACH’s full code and prompt are available on
GitHub.2

COACH’s workflow is as follows (also see Fig-
ure 2). Once a single user query (or batch) is
submitted to the application, COACH embeds the
user query using the text-embedding-3-small en-
coder from OpenAI. COACH then scrapes a subset
of Dutch webpages from kanker.nl that contain
trustworthy information on cancer and lifestyle (ad-
vice) written by cancer information experts, on top-
ics like how to deal with fatigue or talking about the
disease with loved ones. It then converts them to

1See https://healthychronos.com/en/ for
more information.

2https://github.com/yeem4n/
llm-lifestyle-coach/

a vector store so that knowledge stays up to date.
Thereafter, COACH retrieves four chunks most rel-
evant to the query. COACH transforms the table
and then appends it with chunks and a query to
a prompt. Prompt design followed the following
insights from recent work:

• Separating instructions and examples from
‘external’ data, i.e., table representation and
chunks from the knowledge database; it is
known that keeping external information at the
end improves performance (Sui et al., 2024);

• Representing user tables in Markdown format,
as LLMs are sensitive to different ways tabu-
lar inputs are serialized (Sui et al., 2024), and
Markdown worked best for our use case (be-
sides JSON and CSV).

• Providing descriptions of key column names
and data types, e.g. “headers containing ‘goal’
always indicate booleans”, because headers
are crucial to an LLM’s capacity to under-
stand column contents and relations to other
columns (Singha et al., 2023).

• Drawing on in-context learning (Fang et al.,
2024), by describing three common topics in
user queries (physical fatigue, mental fatigue,
daily activities), the relevant columns in the
user data. This ‘primes’ the LLM to consider
relevant columns and possible relations be-
tween them.

Current work in prompt engineering research has
further shown that, particularly in healthcare, a chal-
lenge is limited portability and scalability due to
prompts becoming tied to specific domains, e.g.,
due to the use of terminology (Wang et al., 2025).
Hence, we keep our approach straightforward, in
that we leave specifics about the disease to the
RAG component, and do not describe our medical
population in detail. Our structuring and provision
of examples in the prompt aim for portability, in that
future users can easily adapt examples to their own
data. In sum, our prompt is structured as follows:

1. A system message setting up the LLM as an AI
assistant for addressing lifestyle-related ques-
tions for cancer patients;

2. Instructions for obtaining an empathic tone,
brevity in the response, and refraining from
providing medical advice;

3. A description of the user tables concerning
headers (columns) and data types;

4. Several examples of question topics and the
appropriate columns to consider;

5. Formatting instructions for separating user
data analysis from counselling in the output;
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Figure 4: Visualization of QUORUM outcomes. ‘Averages’ graph summarises relevance, quality, and
reliability; ‘Relevance’ and ‘Quality’ summarize their respective dimensions by averaging over variable
scores; ‘Reliability’ contains rescaled variable ratios (Table 1.)

Var.
Alignm. 3.90±.94

Fol. up 3.90±1.15

Tone 4.32±.82

Length 4.16±.69

Users

Var.
Correct 4.02±.84

Tone 3.73±.75

Length 4±.57

Experts

Var.
Faithfulness .79
Completeness .97
Hallucination .22

Developers

Table 2: Main evaluation results. For users, we re-
port averages over 19 users; for experts, averages
over in total 100 evaluations (50 response-query
pairs evaluated by two experts); for developers, ra-
tios over in total 66 claims about user data (faithful-
ness/completeness) and 31 contextualisation state-
ments (hallucination).

6. Concatenation of table, RAG chunks, and user
query to instructions above.

We used LangChain, an open-source framework
to streamline LLM and RAG components (Chase,
2022), to build COACH.

The LLM used in the pipeline is GPT-4o (version
2024-11-20, accessed October 2025), due to work-
flows already in place for Healthy Chronos, in
which they can easily deploy the system through
the Azure environment, and its strong performance
on similar tasks. GPT-4o is currently still a good
option in similar, recent systems and chatbots for
lifestyle counselling (Jörke et al., 2025; Steenstra
et al., 2024); suitably large open models could in
future work take the place of GPT-4o.

4. Results

4.1. User Evaluation: Relevance
Main results of applying QUORUM are given in
Table 2 and visually in Figure 4. As can be seen,
overall, users responded positively to the gener-
ated counselling. Results suggest that counselling
aligned with personal circumstances, that tips were
likely to be followed, and that the tone and length
were satisfying, as all variable mean scores are
around 4. However, we also see that variation in

scores is larger for statements on alignment and
follow-up, implying that users are more divided on
this aspect than on tone and length.

Remarks: Alignment Inspection of user-
submitted remarks provided more insight into what
users appreciate in the counselling. Ten out of
nineteen respondents submitted an additional
remark, of which four respondents expressed that
the response captured their situation very well, and
was easy to understand. They also appreciated the
level of detail in the answers, and the formatting
that keeps claims about the data separated from
the contextualisation (Figure 1). In addition,
two users emphasized that the advice felt more
valuable due to the addition of specific references
to their own diary data, which also helped them to
better understand the contextualisation.

Remarks: Misalignment Four respondents ex-
pressed a misalignment in the counselling and their
situation. One user, for example, reported the coun-
selling recommended to seek help from friends and
family, whereas for this user, social activities were
experienced as tiring, and as an increasing bur-
den for the social network, i.e., something to avoid.
Other users mentioned a misalignment with their
situation that is strictly speaking not related to the
query-response pair, such as a lack of added func-
tionality in the app, or struggling with regularly sub-
mitting data at the end of the day. One user noted
that the advice reiterated strategies they were al-
ready applying without positive outcomes, implying
the generated response ideally takes into account
previous counselling in the prompt context.

Our user results suggest that the pipeline suc-
ceeds in generating advice that is relevant for users.

4.2. Expert Evaluation: Information
Quality

Overall, experts were positive about the quality of
generated counselling (Table 2, Figure 4). They
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Annotator A (n=25) B (n=25) C (n=12) D (n=13) E (n=12) F (n=13)
Correctness 4.08 (±0.63) 4.88 (±0.33) 3.33 (±0.47) 4.15 (±0.36) 2.75 (±0.73) 3.92 (±0.47)
Tone 4.12 (±0.59) 3.8 (±0.63) 3.42 (±0.76) 3.7 (±0.92) 3 (±0.71) 3.85 (±0.36)
Length 4.16 (±0.46) 4.04 (±0.34) 3.92 (±0.28) 4.46 (±0.63) 3.25 (±0.6) 3.92 (±0.47)

Table 3: Mean and standard deviation of each expert and variable. N shows the number of query-response
pairs evaluated per expert; each was labelled twice, totalling 100 observations.

thought the counselling was often correct, and had
mostly the right tone and length, with most scores
close to 4, but with smaller variation for each vari-
able compared to users. Across 50 samples eval-
uated by 6 independent experts (minimal 2 evalu-
ations per item with overlapping annotator pairs),
Krippendorff’s α was 0.602 for correctness. This
indicates moderate agreement: the experts gen-
erally concur about answer correctness. Examin-
ing the per-expert mean scores (Table 3), no av-
erage scores for correctness were found closer to
two or one, suggesting disagreements reflect dif-
ferences in annotator strictness rather than strong
divergence about system correctness. Thus, the
pipeline rarely produces counselling that experts
consider incorrect or harmful.

Remarks: Tone Regarding tone, experts di-
verged. Krippendorff’s α was 0.150 for tone and
0.272 for length, confirming that these dimensions
were very subjective. Inspection of a total of 79
remarks revealed that about a quarter raised con-
cerns about tone and language use, describing the
counselling as too condescending, direct, or un-
sympathetic. Also, the use of exclamation marks,
imperatives, and motivational phrases was some-
times viewed negatively. Thus, experts see room
for possible improvements, given that their evalua-
tions were, on average, positive.

Remarks: Clarity Experts addressed clarity in
about half of the remarks. Twenty-two remarks ex-
plicated that the counselling was not at a basic level
(B1) of Dutch, hence should be rephrased. Experts
considered some counselling statements on their
own as too ambiguous, due to the lack of specific
examples or further explanation, for example, the
phrase ‘listen to your own body’ or ‘stay true to your
routines’, as it is not always clear what this entails.
Experts emphasized that clarity and concreteness
in lifestyle advice are important, as this renders
counselling more actionable and memorable, in
line with previous research (Szymanski et al., 2025;
Degachi et al., 2025).

Remarks: Grounding Five experts praised the
explicit grounding of counselling in diary data, ac-
knowledging the value of including insights from the
user’s diary. While some did note that care should

be taken in not overgeneralizing over too little data,
the references to concrete days, activities, or symp-
toms were seen as increasing transparency and
trustworthiness.

Overall, though experts were quite positive about
the counselling, they provided many remarks about
how the counselling could be improved regarding
its tone. In this respect, they were more critical than
users, a finding which we return to in the discussion.

4.3. Developer Evaluation: Reliability
Overall, we found that 79% of claims about user
patterns were faithful, i.e., consistent with the data.
That is, about four out of five claims about user
data are supported by the user’s table. This also
means that specific referenced dates, activities, or
goals from the user data are often correct, that is,
concrete examples for patterns found in the user
data. Further, regarding completeness, in 97% of
the claims (virtually all), the LLM succeeded in find-
ing the relevant information, which often amounted
to correctly retrieving relevant columns and their
values to address a user query. Lastly, regarding
hallucination, in 22% of statements made in the
contextualisation, we found information not strictly
present in the external knowledge database.

Developer Agreement The developer agree-
ment was overall moderate across faithfulness,
completeness, and hallucination (Cohen’s κ =
0.58), indicating some challenges in evaluating
claims and statements. In particular cases with
more ambiguous phrases, e.g., ‘The last few
days...’ or ‘Scores are often between 3 and 5...’
led to differing judgments, despite establishing a
list with definitions for ambiguous terms (provided
in the Supplementary Materials).

To better understand misalignment, we com-
puted Positive Percentage Agreement for faithful-
ness, completeness, and RAG context adherence,
which were 85.39%, 96%, and 88.89%, respec-
tively, while Negative Percentage Agreement was
48%, 0%, and 44.44%, respectively. This indicates
that the two developers often agree whenever one
developer evaluates a claim as faithful, complete, or
hallucination-free; however, developers have much
more difficulty agreeing on the cases where, ac-
cording to one of them, the LLM was unreliable,
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Figure 5: Examples of various errors in claims about data and contextualisation statements. A): overgen-
eralization of common-sense patterns: B) missing pattern in the user data; C): hallucination: advice is not
strictly present in chunks.

incomplete, or provided information not present in
the knowledge database.

Errors Though in most cases patterns in the data
were extrapolated accurately, for faithfulness most
errors arose from overgeneralisation, in which the
model saw a pattern in the data that was not suffi-
ciently strong or had also strong counterexamples.
Example A in Figure 5 illustrates this. Another is-
sue was with missing patterns: sometimes COACH
reported on a pattern that did not exist (example
B in Figure 5). This could be seen as a type of
hallucination, which in QUORUM is captured under
faithfulness.

Regarding hallucinations in contextualisation
statements, we observed that the model sometimes
goes beyond retrieved chunks in generating advice.
Note that we had a strict interpretation of halluci-
nation in Table 1: if a contextualisation statement
suggested consuming healthy, protein-rich food,
and the counselling contained examples (nuts, yo-
ghurt, etc.) not strictly in the database, it was re-
garded as a hallucination. Arguably, this could also
be seen as a case of intuitive extrapolation rather
than harmful content often associated with halluci-
nations. When such cases (example C in Figure 5)
were not counted as hallucination, the hallucination
rate declined to 11%. Remaining errors contained
reporting of insights from user data, contrary to the
instruction to the LLM in the prompt. We found
no cases of hallucinations with wrong or harmful
content.

5. Discussion & Conclusion

This study contributed QUORUM, a framework for
evaluating relevance, quality, and reliability of AI
systems in health from three perspectives. The
framework allows a future user to quickly glance at
how overall, and in what specific aspects, a given
AI-driven system in health scores on topics impor-
tant to different stakeholders (Figure 4). As we have
argued, a good evaluation of AI-driven systems in
health should incorporate all perspectives in the

evaluation. We expect that AI systems that eval-
uate on average positively on relevance, quality,
and reliability, which in practice will mean around
4 or higher, will have higher chances of making a
positive real-world impact.

In our case, we saw convergence on a positive
evaluation in the three perspectives, but also room
for divergence. Divergence may reveal issues cru-
cial for future development. In our case, we ob-
served in expert remarks that they took issue with
the clarity of the generated counselling. Interest-
ingly, this did not seem to resonate with the scores
or remarks of users, who indicated it was easy to
follow. This signals our sample may be biased to-
wards people with higher educational levels, as
medical experts may have experience with a more
varied population; this should inform the next itera-
tion of COACH.

Some divergence can also be found in sensitivity
to errors. Alignment and correctness as variables
are arguably for users and experts proxies for de-
velopers’ more technical faithfulness and complete-
ness metrics (though they do not fully overlap). Still,
the scores and remarks of users and experts do
not suggest grave errors in user-specific pattern ex-
traction or hallucinated content from the database,
though we know from the developer evaluation that
roughly one in five claims is not consistent with
user data or is not strictly traceable to the knowl-
edge database Table 2. This could be because
different stakeholders have their own backgrounds
and biases that may impact their sensitivity to er-
rors; QUORUM helps reveal such differences as a
starting point for further investigation.

We observed that if a user asks, for example,
‘Why am I so tired?’, the retrieved chunks may
contain biomedical details, for example, on how
changes in the immune system after cancer (ther-
apy) can cause fatigue. Still, the counselling often
defaults to more general tips, for example, on sleep
patterns instead of more biomedical facts. This
could be an unwanted result of prompting the model
to refrain from providing medical advice; yet, the
point here is that neither users/experts scores or
remarks seem to pick up on this. Especially experts
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could, due to their training, expect more compre-
hensive explanations in the counselling, which also
includes more biomedical facts. A next iteration
of COACH could focus on encouraging the LLM to
include biomedical facts in the answer, which is not
the same as providing medical advice.

In conclusion, this paper demonstrated that rel-
atively straightforward LLM-based systems like
COACH can provide relevant, good-quality, and reli-
able lifestyle counselling, as exemplified in our use
case. We aimed to show that a multi-stakeholder
lens is needed to evaluate the likelihood of the real-
world impact of any AI system in health. We expect
that both QUORUM and COACH, as an easy-to-
understand framework and pipeline, will benefit
other developers, experts, and patient populations
aiming to improve consumer health question an-
swering based on user diary data.
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8. Limitations

Several limitations impact our work. While we
demonstrate the potential utility of our pipeline
COACH and evaluation framework QUORUM for
extension to arbitrary populations and diseases,
these were only tested in a single context and use
case, with a small population of users who likely
have a high digital literacy. We hope to validate
COACH and QUORUM across diverse settings and
applications in future research.

Reproducibility is constrained for multiple rea-
sons. Due to privacy and intellectual property con-
siderations, the user diary data and the knowledge
database cannot be shared. The RAG component
naturally relies on dynamically evolving knowledge
sources, which also limits the ability to reproduce
our experimental setup entirely. Nevertheless, we
anticipate that the components of our pipeline can
be adapted and reused in other contexts where
user diary data is available.

In addition, our sample size of evaluated re-
sponses was relatively small. The sample size and
lack of baseline comparisons were primarily driven
by the limited availability of our evaluators. More
research on automatic lifestyle counselling using
the framework and pipeline would help strengthen
our conclusions.

Furthermore, the LLM-generated counselling
was based only on the most recent <21 days of
diary data. Future research could investigate how
performance changes when incorporating longer-
term lifestyle patterns. Finally, our pipeline relies on
a single proprietary LLM (GPT-4o), as discussed
in subsection 3.2. Future work should explore the
use of open-source, and ideally smaller, models
to improve accessibility, transparency, and repro-
ducibility.
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Abstract
Automatic extraction of behavioral goals from health coaching notes is essential for scalable monitoring of coaching
programs, yet training data is scarce and exhibits substantial domain shift across programs. We collect and
annotate 157 notes from a coaching program and show that models trained on the only existing public corpus,
SMARTSpan (173 notes), suffer a drop of up to 30 percentage points in exact-match F1 when transferred to
our data. To address this, we propose a factorized synthetic data generation pipeline that decomposes note
variation into three largely independent axes (health coach documentation structure, patient goal content, and
patient persona), extracts empirical priors from a small in-domain seed set, and samples from them to generate
diverse synthetic notes with embedded goal-span labels validated via cycle-consistency filtering. In low-resource
experiments with only 57 in-domain training notes, our approach outperforms rephrasing and back-translation
baselines on both exact-match and partial-match F1. Ablation analysis demonstrates that augmentation must
target the in-domain distribution to be effective, and a human evaluation confirms that synthetic notes are
structurally faithful, with detection driven by surface artifacts rather than content or organizational flaws. All code
and generated data will be published at the following GitHub repository: cl4health-factorized-augmentation.

Keywords: health coaching, synthetic data generation, domain adaptation, goal span extraction, low-resource NLP,
data augmentation

1. Introduction

Health coaching is a person-centered intervention
that supports prevention, self-management, and
sustained behavior change in individuals at risk
of chronic disease (Wolever et al., 2013; Lough-
nane et al., 2025), with demonstrated benefits for
physical activity, cardiovascular risk, and quality of
life (Olsen and Nesbitt, 2010; Kivelä et al., 2014).
Central to behavioral coaching is the formulation
of Specific, Measurable, Attainable, Relevant, and
Time-bound (SMART) goals, which support clients
in maintaining momentum between sessions and
adhering to agreed actions (Doran, 1981; Wallace
et al., 2018; White et al., 2020; Bahrami et al.,
2022). Health coaches record these goals in free-
text session notes (Gupta et al., 2021; Bojic et al.,
2025), making automatic extraction of goal spans
a prerequisite for scalable monitoring and evalu-
ation (Flocke and Stange, 2004; Bowman et al.,
2015; Zhou et al., 2024; Loughnane et al., 2025).

Training span extraction models for this task is
hampered by the lack of suitable annotated data.
Conversational and counseling corpora emphasize
emotional support or dialogue structure rather than
measurable behavior change (Malhotra et al., 2022;
Xu et al., 2025; Qi et al., 2025), and resources
that do include goal-related content are often small,
narrowly scoped, or limited to short text-based in-
teractions (Gupta et al., 2020, 2021; Zhou et al.,

2024). The closest publicly available resource,
SMARTSpan (Bojic et al., 2025), provides 173 an-
notated notes from a single randomized controlled
trial targeting cardiovascular risk reduction through
statin adherence and lifestyle modification among
patients with hyperlipidemia. To assess transfer-
ability, we collect and annotate a new corpus of 157
notes from 56 clients seen by three health coaches
in a separate coaching program. Retraining the
SpanQualifier-based (Huang et al., 2023) bench-
mark models from SMARTSpan (Bojic et al., 2025)
and evaluating them on our corpus reveals a sharp
performance drop (Table 1), and a t-distributed
Stochastic Neighbor Embedding (t-SNE; van der
Maaten and Hinton 2008) projection of note embed-
dings confirms that the two corpora occupy distinct
regions of the representation space (Figure 1).

Given the cost of full-scale annotation, a natu-
ral alternative is to augment limited in-domain data
with synthetic examples. However, surface-level
augmentation methods such as paraphrasing or
back-translation are insufficient because variation
in health coaching notes is not purely lexical—such
variation arises from the interaction of health coach-
specific documentation structure, patient-specific
goal content, and persona context. We propose
a corpus-grounded generation pipeline that factor-
izes these axes, extracts empirical priors from a
small set of in-domain notes, and samples from
them to produce diverse synthetic notes with em-
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bedded goal-span labels. A cycle-consistency filter
ensures label quality before the synthetic data is
used for training.

The contributions of this work are as follows:

1. Factorized Augmentation Pipeline: We pro-
pose a corpus-grounded generation pipeline
that decomposes health coaching note vari-
ation into structure, goal content, and per-
sona axes before extracting empirical priors
from a small in-domain corpus, and sampling
from them to produce diverse synthetic notes
with embedded goal-span labels validated via
cycle-consistency filtering.

2. Comprehensive Low-Resource Evaluation:
We conduct systematic experiments across
multiple training regimes and ablation settings,
demonstrating that factorized generation con-
sistently outperforms general-purpose aug-
mentation baselines and recovers strong span
extraction performance from limited in-domain
data.

3. In-Domain Enrichment: We demonstrate that
factorized generation also improves perfor-
mance when applied within an established cor-
pus, indicating that the pipeline provides value
beyond cross-domain adaptation by enrich-
ing the training signal even in well-resourced
single-domain settings.

2. Method

2.1. Data
Our dataset comprises 157 health coaching ses-
sions collected from 56 unique clients and delivered
by three professional health coaches. All notes are
written in English. Sessions were conducted as
part of a structured health coaching program in-
volving education, medication adherence support,
and behavioral goal setting, with clients participat-
ing in repeated follow ups over time (mean = 2.82
± 1.73 sessions per client). Among the 55 clients
with available demographic information, 28 (50.9%)
were male. The majority were of Chinese ethnicity
(n = 43, 78.2%), followed by Malay (n = 5, 9.1%), In-
dian (n = 3, 5.5%), and other ethnic backgrounds (n
= 4, 7.3%). Participants were middle-aged to older
adults, ranging from 22 to 77 years (mean = 57.3 ±
10.3), reflecting a population typically targeted for
long-term lifestyle modification and chronic disease
prevention interventions. Table 2 summarizes key
characteristics of our dataset in comparison with
SMARTSpan, highlighting differences in note length,
goal density, and overall structure.

Our 157 notes were annotated for goal spans fol-
lowing guidelines aligned with those of Bojic et al.

(2025) including, for instance, removing leading
function words such as to from span boundaries.
The notes were randomly partitioned into three
equal subsets and distributed among three annota-
tors such that each note was independently labeled
by exactly two annotators. The annotators then met
jointly to review all notes on which any disagree-
ment had been identified (47 of 157 notes, affecting
175 of 509 goal-span comparisons) and resolved
for each case through discussion until full consen-
sus was reached. Inter-annotator agreement was
measured on the dual-annotated notes prior to ad-
judication: word-level Cohen’s κ = 0.94 overall
(0.92 - 0.96 across annotator pairs), and goal-level
F1 = 0.79 (0.77 - 0.81), indicating substantial agree-
ment on both token-level span boundaries and goal
identification. The adjudicated labels serve as the
gold standard for all experiments.

2.2. Data Generation
Health coaching notes exhibit variation along three
largely independent axes: the structure and style
imposed by the health coach’s documentation
habits, the semantic content determined by the
patient’s agreed goals, and the persona reflect-
ing the patient’s demographic, personal prefer-
ence, and contextual profile. Surface-level aug-
mentation methods such as paraphrasing and back-
translation operate only on the lexical form of ex-
isting notes and cannot introduce new patient per-
sonas, vary the structural patterns that characterise
different coaches, or alter the distribution of goal
attributes.

We therefore propose a corpus-grounded gener-
ation pipeline that factorizes these axes, extracts
empirical priors from the actual corpus, and sam-
ples from them to produce diverse, labeled syn-
thetic notes. The pipeline proceeds in two phases:
a corpus analysis phase that extracts distributional
priors along each axis of variation and a generation
phase that samples from those priors to produce
synthetic notes with embedded goal-span labels.
An overview of the above process is illustrated in
Figure 2.

2.2.1. Corpus Analysis

The corpus analysis phase performs three passes
over the real notes, one per axis of variation, to
extract the distributional priors that later guide syn-
thetic note generation. All extraction calls use Gem-
ini 3.0 Pro with temperature 0 to ensure determin-
istic outputs; the full prompts and output schemas
are provided in Appendix B.

Goal Attribute Enrichment. Each annotated
goal span within the corpus is processed individu-
ally to extract a structured set of attributes grounded

27



SMARTSpan dataset Our dataset

Model EM F1 PM F1 EM F1 PM F1

BERT-large-cased 90.21 ± 2.29 94.35 ± 2.80 62.39 ± 2.15 74.79 ± 3.41
DeBERTa-v3-large 97.56 ± 2.03 98.27 ± 1.34 71.85 ± 2.38 81.78 ± 3.39

Table 1: Cross-domain evaluation of models trained on SMARTSpan and tested on both datasets. Exact-
Match F1 (EM F1) requires predicted and gold spans to match exactly; Partial-Match F1 (PM F1) awards
credit proportional to token overlap. Results report mean ± standard deviation over five random data
splits.

Figure 1: t-SNE visualization of embeddings comparing the SMARTSpan dataset (Bojic et al., 2025)
(n = 173) and our collected dataset (n = 157). The distinct clustering highlights a significant domain shift
that explains the performance degradation of the baseline models.

SMARTSpan Our dataset
# notes 173 157
# health coaches 3 3
# goals 266 331
Goals per note (avg.) 1.5 2.1
Max goals per note 5 7
Goals per note (90th pct.) 3 4
Zero-goal notes 46 (26.6%) 41 (26.1%)
Words per note (avg.) 161 469
Characters per note (avg.) 1,052 2,678

Table 2: Dataset summary statistics for the
SMARTSpan and our datasets.

in the behavioral goal taxonomy of Hessler et al.
(2019). The whole note is used as context for each
goal’s extraction. Each span is assigned a goal type
from the five categories listed in Table 3, together
with the specific activity or behavior referenced and,
where present, optional attributes: location, time

Goal Type Description
Physical activity Exercise or movement goals
Dietary behavior Nutrition and eating goals
Med. adherence Taking prescribed medication
Substance use Reducing substance use
Self-monitoring Tracking health behaviors

Table 3: Goal type categories, following the taxon-
omy of Hessler et al. (2019).

of day, frequency (value and unit), duration (value
and unit), timeframe (type and text), conditionality,
and patient confidence (type and value). Notes
containing no goals receive a separate classifica-
tion by reason (Table 4). Corpus-wide frequency
distributions over all attribute values form the prior
from which goal configurations are sampled during
generation.
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Figure 2: Overview of the factorized synthetic data generation pipeline. The process begins with a
corpus analysis phase that decomposes real health coaching notes into independent axes of variation:
client persona, SMART goal content, documentation structure, and stylistic contrast. Empirical priors are
extracted from the corpus to populate respective libraries. During the generation phase, elements are
independently sampled from these libraries to assemble a target configuration. A Large Language Model
uses this configuration, alongside few-shot examples drawn from the corpus, to produce a synthetic note
with embedded goal span labels. Finally, a cycle-consistency validation step filters the output to ensure
label quality.

Reason Description
No-show Patient did not attend the session
Declined Patient declined to set goals
Review-only Session focused on reviewing goals
Other Other administrative reasons

Table 4: Zero-goal note classifications.

Structural Analysis. To model the health coach
structure axis, each note is decomposed into an
ordered sequence of functional sections. Section
types are drawn from a closed vocabulary of nine
categories defined in consultation with certified
health coaches based on the session checklist
used in clinical practice: weekly goals review, long-
term goals review, app usage review, journaling
review, goal setting, barriers discussion, patient in-
formation, generative moment (collaborative explo-
ration of values or new directions), and other. Each
section is additionally labeled with its format (num-
bered list, unordered list, or embedded narrative),
narrative voice (third person, first person, coach-
we, passive, or mixed), and dominant tense pattern
(primarily past, primarily future, or mixed). Post-
processing removes consecutive duplicate section
types.

From the resulting sequences, we construct a
first-order Markov chain over section types to model
how health coaches habitually organise their notes.

Let S = {s1, . . . , s9} denote the nine section types
and let end denote a terminal state. The chain com-
prises an initial-state distribution π0(s) = P (S1 =
s), a transition matrix P (s′ | s) for s, s′ ∈ S ∪{end},
and an empirical sequence-length distribution PL(ℓ)
estimated from the observed number of sections
per note. Transition probabilities are smoothed
using interpolated Kneser-Ney smoothing (Kneser
and Ney, 1995) with a discount factor d = 0.75. At
generation time, the target sequence length ℓ is first
drawn from PL, then the chain is forward-stepped
for exactly ℓ transitions starting from a section type
sampled from π0.

Persona Extraction. To model the patient axis
beyond goal content, each note is processed to
extract a structured set of persona elements de-
rived from commonly used definitions of sociode-
mographic factors (National Library of Medicine,
2024) and Social Determinants of Health as defined
by the World Health Organization (World Health
Organization, 2019). Social demographics are ex-
tracted as structured fields: age group, gender,
ethnicity, occupation, education level, marital sta-
tus, and income level. Four categories of con-
textual elements are extracted as free-text lists
using snake_case normalization to facilitate de-
duplication and frequency counting: social context
(e.g. lives_with_partner), economic context
(e.g. late_shifts), physical environment (e.g.
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access_to_gym), and individual characteristics
(e.g. routine_dependent). Results are aggre-
gated into a persona library recording unique ele-
ment sets and corpus-wide frequency distributions.
The compositional structure of this library allows
new patient descriptions to be assembled element-
by-element rather than copied from any real record,
supporting both diversity and privacy preservation.

2.2.2. Style Contrast Library

Health coach-level stylistic variation is captured
through a library of paired real and synthetic notes
ranked by stylistic divergence. A diverse subset
of real notes is selected from the corpus via strati-
fied round-robin sampling over (health coach, goal
count bucket) strata, maximizing coverage across
coaches and session types. For each selected note,
a synthetic twin is generated by Gemini 3.0 Pro
(T=1.0) using a configuration constructed directly
from that note’s own extracted attributes (goals,
structure, persona) rather than sampled from cor-
pus distributions. This grounds each twin to its
real counterpart, so that embedding distance be-
tween the pair predominantly reflects stylistic di-
vergence rather than content divergence. We note
that information lost during attribute extraction in-
troduces some residual content variation; however,
this information bottleneck is consistent across all
pairs, so the resulting noise is approximately uni-
form and does not systematically bias distance-
weighted sampling toward content-divergent pairs.

Both notes are embedded using Gemini Embed-
ding (Lee et al., 2025) and cosine distance is com-
puted per pair. During generation, a style contrast
pair is selected from the library with probability pro-
portional to its cosine distance, providing the gen-
eration model with a concrete positive (real) and
negative (synthetic) stylistic anchor.

2.2.3. Synthetic Note Generation

Each synthetic note is produced through a struc-
tured sampling and prompting procedure.

Configuration Sampling. For each note to gen-
erate, a full configuration is assembled by sampling
independently from the corpus-derived priors along
each axis.

Structure. The target number of sections ℓ is
drawn from the empirical length distribution PL. An
initial section type is sampled from π0, and the
chain is forward-stepped for ℓ transitions using the
Kneser-Ney smoothed transition matrix.

Goals. The number of goals is sampled from
the corpus distribution of goal counts. For each
goal, attributes are sampled sequentially: goal type
from the marginal corpus distribution, activity from
the type-conditioned activity list, and each optional

attribute a (frequency, duration, timeframe, condi-
tionality, confidence) sampled with null probability

P (a = ∅) = p̂
(a)
∅ =

|{g ∈ G : ag is absent}|
|G| , (1)

where G is the set of all annotated goals in the
corpus. Conditional on a ̸= ∅, the value is drawn
from the empirical distribution of non-null values
for that attribute, preserving the realistic sparsity
observed in the corpus.

Persona. Social demographic fields are sam-
pled from corpus distributions, each with a per-field
null probability estimated analogously to Equation 1.
List-type persona categories are populated by first
drawing a count from the empirical count distri-
bution for that category, then sampling that many
elements without replacement from the category-
specific element library.

Few-shot examples. Five few-shot examples
are drawn from the corpus using a tiered filter re-
laxation strategy that prioritizes stylistic similarity
while ensuring availability: selection first attempts
to match on health coach identity, then relaxes suc-
cessively to note format, goal count, zero-goal rea-
son, and finally random selection.

Style contrast. A single style contrast pair is
injected into the prompt, selected from the precom-
puted library with probability proportional to the
cosine distance between the real note and the syn-
thetic note.

Prompt Construction and Generation. The
sampled configuration is assembled into a struc-
tured prompt and passed to Gemini 3.0 Pro (T=1.0).
Separate templates are used for goal-bearing and
zero-goal notes; the latter omits persona and struc-
ture sections, which are largely absent from no-
show or administrative records. The model returns
the full note text together with goal spans as exact
substrings in a single structured output call, elimi-
nating the need for post-hoc span alignment.

2.2.4. Cycle-Consistency Validation

Generated notes are filtered for label quality us-
ing a cycle-consistency criterion inspired by the
forward-backward consistency checks common in
unsupervised learning (Zhu et al., 2017). A sepa-
rate Gemini 3.0 Pro call independently re-extracts
goal spans from each generated note with no ac-
cess to the generation labels. Re-extracted spans
are compared against the generated labels using
token-level F1: for each generated goal span gi and
its best-matching re-extracted span ĝi, we compute

F1(gi, ĝi) =
2 | tok(gi) ∩ tok(ĝi) |
|tok(gi)|+ |tok(ĝi)|

, (2)
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where tok(·) denotes the token set of a span. The
note-level score is the mean F1 across all gener-
ated goals.

To account for noise in the re-extraction model
itself rather than genuine label errors, up to three
re-extraction trials are performed at T=0.7 and the
best score across trials is retained. A note is ac-
cepted only if this best score reaches a threshold
of 1.0, i.e. at least one re-extraction trial recovers
all generated labels exactly at the token level, with-
out adding or removing goals or text in any of the
goals. This strict criterion reflects the fact that train-
ing downstream models on partially incorrect span
labels introduces systematic noise into the learned
representations.

Under this protocol, approximately 20% of gener-
ated notes are rejected. Failed notes are saved with
their validation metadata and can be rechecked
under revised configurations without discarding
already-accepted examples. The generation loop
continues until a target number of accepted notes
is reached.

2.3. Experimental Setting
Data Splits. From our 157-note corpus we ran-
domly sample 57 notes for training and reserve
the remaining 100 as a held-out test set. The 57-
note training set is deliberately small to simulate
the realistic low-resource scenario in which a new
health coaching program (or an existing program
undergoing severe distribution shift after, for in-
stance, onboarding several new health coaches)
can only afford limited annotation effort. The full
SMARTSpan corpus (173 notes) serves as the out-
of-domain training resource. For experiments eval-
uated on the SMARTSpan test set (Table 6), we
follow a 60/20/20 train/validation/test split over the
173 notes, repeated five times with different random
partitions. Synthetic notes whose source examples
overlap with the test fold are excluded from training
and validation to prevent data leakage.

Augmentation Conditions. We compare three
augmentation strategies applied to the 57 in-
domain notes:

• Rephrasing: each note is rewritten by Gem-
ini 3.0 Pro with instructions to paraphrase the
text while jointly paraphrasing and extracting
the goal spans.

• Backtranslation: each note is translated from
English to a language selected at random from
a list comprised of all languages that appear
in more than 1% of the available text on the
internet (Statista, 2025), and back using Gem-
ini 3.0 Pro, with a post-processing step that re-
aligns goal-span boundaries to the backtrans-
lated text via fuzzy string matching.

• Ours (factorized generation): synthetic
notes are generated following the pipeline de-
scribed in Section 2.2, using the 57 in-domain
notes as the analysis corpus.

Each method produces 200 synthetic notes per
condition. When augmentation is applied to the
SMARTSpan corpus, the same procedure is used
with SMARTSpan as the analysis corpus. Figure 3
provides an overview of the dataset composition
across all experimental conditions.

Training Configurations. Table 5 reports results
under two regimes. In the low-resource regime,
only the 57 in-domain notes (with or without aug-
mentation) are used for training. In the combined
regime, the full SMARTSpan corpus is concate-
nated with the 57 in-domain notes before augmen-
tation is applied to the in-domain subset. An addi-
tional cross-domain baseline trains exclusively on
SMARTSpan and evaluates on our test set, quanti-
fying the domain shift reported in Introduction.

Models and Training. Following Bojic et al.
(2025), we fine-tune two pre-trained encoders:
BERT-large-cased (Devlin et al., 2019) and
DeBERTa-v3-base (He et al., 2020) with a token
classification head for BIO-tagged goal span ex-
traction. All models were trained for 100 epochs
using the AdamW optimizer (Loshchilov and Hutter,
2017), with a learning rate of 3 × 10−5, a training
batch size of 32, an evaluation batch size of 1,
and gradient accumulation over 4 steps. Input se-
quences were truncated to a maximum length of
512 tokens, and experiments were conducted with
a fixed random seed of 30.

Evaluation Metrics. We report two span-level F1
scores: Exact-Match F1 (EM F1), which requires
predicted and gold spans to match exactly, and
Partial-Match F1 (PM F1), which awards credit pro-
portional to the token overlap between predicted
and gold spans Li et al. (2022). Both metrics are
computed at the note level and averaged across
the test set.

Statistical Protocol. All experiments are re-
peated over five random splits to account for vari-
ance due to data partitioning. We report the mean
and standard deviation of each metric across the
five runs as mean ± std.

Human Distinguishability Test. To assess the
perceptual realism of the generated notes, we con-
ducted a two-alternative forced-choice experiment
in which human evaluators were asked to distin-
guish real notes from synthetic ones. In each trial,
one genuine note sampled from our corpus and
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Figure 3: Composition of training sets across all experimental conditions. Each bar shows the number
and source of notes used for training. Synth(in-domain) and Synth(S) denote synthetic notes generated
from in-domain and SMARTSpan priors, respectively.

one synthetic note produced by the factorized gen-
eration pipeline were presented side by side in ran-
dom order, and the evaluator was asked to select
the note they believed to be real. Two evaluators,
both familiar with health coaching documentation,
completed a total of 50 trials (25 each). We re-
port detection accuracy as the proportion of trials
in which the evaluator correctly identified the real
note, with chance performance at 50%.

3. Results

Domain shift confirms the need for adaptation.
Training exclusively on SMARTSpan and evaluating
on our corpus yields EM F1 scores of 62.39 (BERT)
and 71.85 (DeBERTa), well below the in-domain
performance reported by Bojic et al. (2025). This
cross-domain gap, consistent with the distributional
divergence visualized in Figure 1, motivates all sub-
sequent experiments.

Factorized generation is the strongest augmen-
tation in low-resource settings. With only 57 in-
domain notes and no external data, our pipeline lifts
EM F1 from 75.28 to 80.85 (+5.57) for BERT and
from 82.79 to 87.30 (+4.51) for DeBERTa (Table 5,

low-resource group). Both surface-level baselines
also improve over the unaugmented condition, but
neither matches factorized generation: backtrans-
lation reaches 79.24 and 80.49, while rephrasing
reaches 78.02 and 83.39 for BERT and DeBERTa,
respectively. The advantage is most pronounced
on PM F1, where our method achieves 90.01 and
96.08 compared to 87.16 and 91.60 without aug-
mentation, suggesting that the factorized sampling
introduces greater diversity in span boundaries.

Augmentation benefits persist when out-of-do-
main data is available. Adding SMARTSpan to
the 57 in-domain notes (Table 5, combined group)
raises unaugmented EM F1 to 79.99 (BERT) and
84.13 (DeBERTa), confirming that out-of-domain
data provides a useful prior despite the domain shift.
Applying factorized generation to the in-domain
subset further improves performance to 82.38 and
85.01, again outperforming both backtranslation
(82.29, 84.89) and rephrasing (78.99, 82.62). No-
tably, rephrasing slightly degrades performance
relative to the unaugmented combined baseline for
both models, likely because lexical variation alone
cannot compensate for the additional noise intro-
duced by imperfect span realignment.
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BERT DeBERTa

Training data EM F1 PM F1 EM F1 PM F1
Cross-domain baseline

SMARTSpan only 62.39±2.15 74.79±3.41 71.85±2.38 81.78±3.39
Low-resource (57 in-domain notes)

No augmentation 75.28±3.26 87.16±0.91 82.79±3.81 91.60±3.83
+ Rephrasing 78.02±1.65 85.66±1.77 83.39±4.36 91.24±1.84
+ Backtranslation 79.24±1.89 87.16±2.24 80.49±2.34 90.52±2.64
+ Factorised generation (ours) 80.85±1.85 90.01±1.38 87.30±1.27 96.08±1.48

Combined (SMARTSpan + 57 in-domain notes)
No augmentation 79.99±2.90 90.41±2.25 84.13±0.88 93.56±0.79
+ Rephrasing 78.99±1.91 87.89±2.14 82.62±2.64 92.62±1.52
+ Backtranslation 82.29±1.91 90.77±1.81 84.89±2.52 94.41±2.10
+ Factorised generation (ours) 82.38±1.33 91.45±1.74 85.01±1.78 94.14±1.43

Table 5: Goal span extraction performance on our held-out test set (n = 100). All models are evaluated
on the same 100 in-domain test notes. Results report mean ± standard deviation over five random data
splits. Best result per column within each group is reported in bold.

BERT DeBERTa

Configuration EM F1 PM F1 EM F1 PM F1
Ablations (tested on our held-out set)

SMARTSpan + 57 ID (size-matched)∗ 81.31±3.81 90.94±1.10 84.76±2.34 94.08±1.40
SMARTSpan + Synth(S)† + 57 ID 77.86±3.86 89.63±2.05 82.13±2.62 93.12±1.33
SMARTSpan + 57 ID + Synth(both)‡ 80.88±1.44 91.14±1.19 84.49±1.44 93.82±2.14
SMARTSpan + 57 ID + Synth(ID) [ours] 82.38±1.33 91.45±1.74 85.01±1.78 94.14±1.43

In-domain SMARTSpan (tested on SMARTSpan)
No augmentation 90.21±2.29 94.35±2.80 97.56±2.03 98.27±1.34
+ Factorised generation (ours) 91.44±3.00 95.70±2.22 97.08±2.01 98.43±1.50

∗ 57 SMARTSpan notes replaced with 57 ID notes (total training set size held constant).
† Synth(S) = factorised generation applied to SMARTSpan notes only. ‡ Synth(ID) = applied to the 57 ID notes; Synth(both) = applied to both corpora.

Table 6: Ablation studies and in-domain (ID) SMARTSpan evaluation. Top: variations on the combined
training regime, tested on our held-out set (n = 100). Bottom: models trained and tested on SMARTSpan
using five random 60/20/20 splits, with synthetic examples whose source IDs overlap the test fold excluded
from training. Results report mean ± standard deviation. Best result per column within each group is
reported in bold. ID = in-domain.

Augmenting out-of-domain data does not help.
The ablation study in Table 6 reveals that apply-
ing factorized generation to the SMARTSpan cor-
pus rather than the in-domain notes (“Synth(S) +
57 in-domain”) hurts EM F1 by 4.52 (BERT) and
2.88 (DeBERTa) compared to augmenting the in-
domain data. Augmenting both corpora simulta-
neously (“Synth(both)”) recovers some of this loss
but still under-performs in-domain-only augmenta-
tion, suggesting that synthetic SMARTSpan notes
amplify out-of-domain patterns that compete with
the target distribution. The replacement ablation,
which swaps 57 SMARTSpan notes for in-domain
examples to control for training set size, performs
comparably to the unaugmented combined condi-
tion, confirming that the improvement from augmen-
tation is not merely a dataset-size effect.

Factorized generation also improves in-do-
main performance on SMARTSpan. When both
training and evaluation are conducted within
SMARTSpan (Table 6, bottom), adding synthetic
data generated from the same corpus lifts EM F1
from 90.21 to 91.44 for BERT. For DeBERTa, per-
formance remains near saturation, with EM F1
at 97.08 vs. 97.56 without augmentation. This
demonstrates that the pipeline provides value be-
yond cross-domain adaptation: it also enriches the
training in better-resourced, single-domain settings.

Synthetic notes are difficult for humans to dis-
tinguish from real ones. Across 50 trials, evalu-
ators correctly identified the real note with an overall
accuracy of 72%. Notably, the evaluators showed
little to no preference in terms of reported qual-
ity between genuine notes (average quality score:
4.08/5) and synthetic quality (average quality score:
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4.06/5). While above chance, this detection rate
was reported as largely attributable to a small set
of surface-level artifacts rather than to global stylis-
tic differences. In post-evaluation debriefing, both
evaluators independently reported relying on the
same telltale cues to identify real notes: references
to named clinics, general practitioners, or commu-
nity resource centers specific to the local healthcare
system; mention of exact appointment dates; the
presence of spelling errors and locally conventional
abbreviations that the language model did not re-
produce; frequent use of clinical shorthand such
as pt, hx, and abbreviated day names; and idiosyn-
cratic formatting habits of individual health coaches.
Conversely, the use of em dashes was noted as a
recurring indicator of synthetic origin. Notably, eval-
uators reported that when these surface markers
were absent, the two notes were perceptually indis-
tinguishable, suggesting that the factorized pipeline
captures the higher-level structure, tone, and goal
content of real notes with high fidelity.

4. Discussion

The advantage of factorized generation stems from
an inductive bias that mirrors how notes are actu-
ally produced: by sampling structure, goal content,
and persona independently, the pipeline generates
plausible configurations never observed in the seed
corpus, a combinatorial diversity that lexical meth-
ods like paraphrasing and backtranslation cannot
achieve. The disproportionate PM F1 gains sug-
gest this diversity is especially beneficial at span
boundaries, where the surrounding context varies
more widely across synthetic notes than across
paraphrases of the same original.

Critically, the ablation results show that the
pipeline acts as a distribution-faithful amplifier
rather than a general-purpose data multiplier: aug-
menting the in-domain seed set enriches the tar-
get distribution, whereas augmenting SMARTSpan
amplifies competing out-of-domain patterns. Prac-
titioners should therefore direct augmentation ex-
clusively at the corpus whose distribution they wish
to reinforce, even when out-of-domain data is avail-
able for joint training. The human evaluation fur-
ther confirms that the remaining realism gap is
largely cosmetic, driven by missing local abbre-
viations, absence of spelling errors, and formatting
artifacts rather than structural or content flaws, and
could likely be narrowed by injecting realistic sur-
face noise during post-processing.

5. Conclusion

We presented a factorized synthetic data gener-
ation pipeline that decomposes health coaching
note variation into structure, goal content, and per-

sona axes, extracts empirical priors from a small in-
domain corpus, and samples from them to produce
diverse, label-validated training examples. In low-
resource adaptation experiments the pipeline con-
sistently outperformed rephrasing and backtransla-
tion baselines, and ablation analysis showed that
targeting augmentation at in-domain data is criti-
cal, augmenting out-of-domain data amplifies the
wrong distribution. A human evaluation confirmed
that synthetic notes are structurally and tonally faith-
ful, with detection driven by surface artifacts rather
than content or organizational flaws.

Future work will explore relaxing the cycle-
consistency threshold with confidence-weighted
training to retain a broader set of synthetic exam-
ples, extending the pipeline to multilingual coaching
programs, and applying the factorization principle
to other forms of structured clinical documentation.

6. Limitations

Several limitations should be noted. First, the
pipeline has been evaluated on a single down-
stream task (goal extraction) with two encoder archi-
tectures; its benefit for other information extraction
objectives or generative models remains untested.
Second, both generation and cycle-consistency
validation depend on a single proprietary model
(Gemini 3.0 Pro), meaning that systematic biases
in that model propagate into the synthetic corpus;
whether open-source alternatives achieve compa-
rable factorised generation quality remains to be
tested. The strict cycle-consistency threshold miti-
gates label noise but may preferentially accept sim-
pler notes, subtly skewing the training distribution
toward shorter or fewer-goal examples. Third, our
new corpus originates from a single coaching pro-
gram with a predominantly Chinese Singaporean
demographic; generalizability to programs with dif-
ferent populations, languages, or documentation
conventions has not been established. Finally, the
512-token input limit approaches the mean length
of our notes (469 words), and longer notes may
lose information at the tail, a constraint that would
be alleviated by long-context encoder models.
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A. Example Health Coaching Notes

Figures 4 and 5 present two real and two syntheti-
cally generated health coaching notes, respectively.
Goal spans are highlighted in green. The synthetic
notes were produced by the factorised generation
pipeline, sampling structure, goal attributes, and
persona independently from the empirical priors
extracted during corpus analysis (Section 2.2.1).

B. Corpus Analysis Prompts and
Schemas

All corpus analysis calls (Section 2.2.1) use Gem-
ini 3.0 Pro with temperature 0 and Pydantic-
enforced structured generation. Figures 6–8 re-
produce the system prompt, user prompt template,
and output schema for each analysis axis.
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29 Dec 2025 (1st session). Current goals: Exercise: Jogging 30 minutes every Saturday around 5pm at the park near his house. 6/10 confident.
Medication: To take medication regularly. Morning and night. 9/10 confident. Wellness Vision: He hopes to maintain his current levels of health,
in terms of blood pressure, cholesterol and blood glucose. He does not want to develop complications or stroke due to the previous mention
conditions. He is afraid that he will suffer and have his quality of life affected. 3 month goal To lose weight. Notes: Deals with company
operations. Works normal working hours. Married with 2 children. One of his son is attending health coaching sessions. He is doubtful about the
effectiveness of health coaching as he does not believe one would have the luxury of time to make lifestyle changes. He has high blood pressure
and cholesterol. There are currently within target as he is compliant with medication. He had previously attempted lifestyle changes like diet and
exercise. While they did reduce his cholesterol levels, it was not enough. He therefore agreed to start on medication. His original concerns were
that once a person starts medication it is for life. He understands the importance of keeping his blood cholesterol and pressure in check. He
does not want to get a heart attack or stroke. Getting a serious illness is fine as long as he passes away straight. He expressed concern about
not being able to provide for his family and the suffering one has to go through after getting a stroke. Some changes to his lifestyles were eating
only one meal a day and exercising on weekends. As he is now on medication, he admitted that he has not been that consistent with his healthy
habits as medication has been keeping his health in check. He was previously maintaining the healthier lifestyle for one to 2 years. While the
results were not immediate, he was able to pursue on, and the improvements motivated him to continue being consistent. Improvements were
seen in blood test results and reduce clothing sizes. He managed to lose 4kg. He was also previously a smoker and stopped smoking when he
developed high blood pressure. What was helpful in today’s session was the realization about the accomplishments he had made in the past
regarding his lifestyles. That it can be accomplished and how much he has changed.

Session 3 (08/07/2025): (1) Exercise: Continue with muscle strengthening exercises (leg lifts and plants) daily (7/10), (2) Diet: Eat 2 meals a day
for 5 days at home (7/10), (3) Diet: No fried chicken (KFC/Tenderbest) for the month, even if there is a good offer (10/10). Preferred name: Sok
Leng Wellness vision: Free of new chronic illness, managing weight, being independent, and maintaining physical health to enjoy the things I like.
3m goal: 77kg - 74kg Highlight of the month: Her pipe burst at home, she took 2 weeks to resolve it because she needed to source for plumbers
who can fix it at a reasonable price. Due to that, it affected her health goal of cooking at home. Another highlight was a temporary role as an
invigilator/usher for an international math olympiad where she was tasked to care for children in Pri 1 - 3. She moved around a lot during those
times and felt that her activity levels increased. GR 1: Muscle strenghtening (60%) completion. She was glad that she started the exercises and
that had helped with the muscle aches. She is motivated by her parent’s experience (where they require support moving around), and would like
to work on preventive measures to support mobility. The pipe incident at home did not affect her ability to exercise as she believed that it was a
small matter and did not allow it to affect her. GR2: Diet (60%) completion. Her pipe burst incident affected her goal of making home cooked
food but she was able to take healthier, home-cooked meals when she was visiting her parents. She shared that there were days where she had
KFC fried chicken for her meals because of a bundle deal that was hard to resist. She also shared her appreciation for a deep-fried chinese bun
that was sold a few MRT stops from her place, which she buys when there is a sale. Other: In the later part of July, she will be travelling to
Shenzhen (till 26th), followed by a university trip to Guizhou (27th onwards). It was a learning trip that she was keen to experience. Action plan:
Recommend food videos. Continue to work around adjusting diets - making some progress on this. In discussion, she shared that she feel less
aches and pains after trips as compared to the past - this may be due to the terrain, but if she raises it again, perhaps focus on the enabling
factors or what was different.

Figure 4: Two real health coaching notes from our corpus. Goal spans are highlighted in green. Top: 2
goals. Bottom: 3 goals.

Session 3 (14/08/2025). Patient is a young adult male, financially stable but finds his current work challenging due to constantly chasing payments
and meeting high demands. He is reflective about his health and life direction. Known case of familial hypercholesterolemia, currently managing
with medication and herbal supplements. Lives in an area with good access to food stalls and amenities, and has running gear available at
home. Wellness Vision: To feel energetic and in control of my body, reducing reliance on long-term medication. 3-month goals: 1. Improve lipid
profile naturally 2. Establish a consistent running routine 3. Clean up diet significantly. We discussed his medication adherence; he is compliant
but expressed a strong desire to eventually stop taking statins by proving he can manage his cholesterol through lifestyle changes alone. He
understands this requires significant dietary discipline. Barriers: Work stress often leads to emotional eating or skipping workouts. He notes that
when he is chasing payments, his anxiety spikes, making him reach for comfort foods. Technical issues: He had trouble syncing his wearable
device earlier this week but resolved it; energy levels have been fluctuating with work stress. He feels drained by 6 PM most days. Barriers
regarding exercise were discussed: previously, rain and fatigue were issues, but he has access to a treadmill now. Goals set for this period: Diet:
To consume No chips and no ice cream; substitute with fruits and tea (Confidence 8/10). Diet: No fried chicken (KFC/Tenderbest) 3 per week.
Exercise: To do a run on the treadmill / pool walking 1 per day (Confidence 6/10). Regarding diet, I noted that he tends to eat out at hawker
centers often. He has been trying to manage his carbohydrate intake by asking for less rice, but admits the gravy makes it hard to gauge calories.

15 Oct 2025 (Session 4). Goals: Physical Activity: Meet 5k steps by jogging and brisk walking. He plans to do this 2 times per day for a total
duration of 8 hours during his night shifts. 10/10 confident. This is a strategy to combat the fatigue he feels during the long remote shifts. Diet:
Abstain from fried food (e.g. fried chicken, potato chips) in the morning for the next 3 months. 8/10 confident. He noted that after his night shift
ends, he often craves greasy breakfast foods with his wife, but wants to break this cycle. Generative moment: The client reflected on his recent
interactions with his elderly father, who has limited mobility. Seeing his father struggle to walk has been a wake-up call for him. He realized that
his sedentary job and previous lack of activity were leading him down a similar path. He expressed a strong desire to not be reliant on medication
like his father is. This emotional connection to his family’s health history seems to be a major driver for his current motivation. Longterm goals
review: His wellness vision is to maintain a healthy weight and good energy levels so he can enjoy cycling on the weekends without feeling
exhausted. He wants to reduce his blood pressure medication dosage within the next year. Patient information: Client will continue to navigate
the challenges of working night shifts from home. He will likely face peer pressure from colleagues who suggest ordering fast food during virtual
meetings, but he intends to have meal prep ready. He will also be managing the care of his elderly parents on his days off. Other points: He
originally joined the program because a nurse at his annual screening flagged his rising blood pressure and weight. He admitted that working
from home made him complacent, often sitting for 10-12 hours a day. He is currently experiencing significant fatigue, which he attributes to the
shift work and poor diet. App usage review: He will use the app to track his steps during his shift. He will also watch the educational videos on
managing shift work sleep patterns to help him get better rest.

Figure 5: Two synthetically generated health coaching notes. Goal spans are highlighted in green. Top: 3
goals. Bottom: 2 goals. Both notes were produced by the factorised generation pipeline.
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Goal Attribute Enrichment

PROMPT
System:

You are an expert at analyzing health coaching goals. Your task is to extract detailed attributes 

from SMART goals (Specific, Measurable, Achievable, Relevant, Time-bound).

Extract attributes precisely from the given goal text. If information is not present, return null 

for that field. Be accurate and don't infer information that isn't explicitly stated.

User template (formatted per goal span, with full note as context):

Goal to analyze: "{goal_text}"

Full context from coaching note:

{note_context}

Extract the following attributes from this goal:

1. goal_type: Type of health behavior goal (physical_activity, dietary_behavior, 

medication_adherence, substance_use, self_monitoring)

2. goal_activity: The main activity or behavior (e.g., 'jogging', 'cooking', 'taking medication')

3. location: Where the activity takes place (e.g., 'at home', 'gym', 'park')

4. time: Time of day or specific time (e.g., 'morning', 'evening', 'after work')

5. frequency: How often (value, unit, and full text)

6. duration: How long per session (value, unit, and full text)

7. timeframe: When/for how long (type and full text)

8. conditionality: Any conditional aspects

9. confidence: How confidence is expressed (type, value if numeric, and full text)

10. zero_goal_reason: If "Goal to analyze" is empty (""), select one of:

    no_show | not_discussed_declined | not_discussed_review_only | other

Return null for any attribute not present in the text, EXCEPT for zero_goal_reason which must 

always have a value.

OUTPUT SCHEMA

Field Type Description

goal_type Optional[Literal] physical_activity | dietary_behavior | medication_adherence | substance_use | self_monitoring

goal_activity Optional[str] Main activity or behavior

location Optional[str] Where the activity takes place

time Optional[str] Time of day or specific time

frequency_value Optional[int] Numeric frequency value

frequency_unit Optional[Literal] week | day | month | year | null | other

frequency_text Optional[str] Full frequency text as written

duration_value Optional[int] Numeric duration value

duration_unit Optional[Literal] hours | minutes | days | weeks | months | null | other

duration_text Optional[str] Full duration text as written

timeframe_type Optional[Literal] specific_day | date_range | ongoing | other

timeframe_text Optional[str] Full timeframe text

conditionality Optional[str] Conditional aspects

confidence_type Optional[Literal] numeric_percent | numeric_scale | none

confidence_value Optional[float] Numeric confidence value

confidence_text Optional[str] Full confidence text

zero_goal_reason Optional[Literal] no_show | not_discussed_declined | not_discussed_review_only | other

Goal types follow the taxonomy of Hessler et al. (2019). Schema enforced via Pydantic structured generation.

Figure 6: Prompt and output schema for goal attribute enrichment (Section 2.2.1). Goal types follow the
taxonomy of Hessler et al. (2019).
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Structural Analysis

PROMPT
System:

You are an expert at analyzing the structure and formatting of health coaching notes. Your task 

is to identify the structural patterns used in coaching notes.

Extract structural attributes precisely from the given note text. Be accurate and classify based 

on what is actually present in the text.

IMPORTANT: Be thorough and granular. Most coaching notes contain many distinct sections 

(typically 4-10). Each time the note shifts to a different topic, that is a separate section. Do 

NOT lump multiple topics into a single section. For example, if a note discusses medication, then 

food, then exercise as separate paragraphs or blocks, each of those is its own section — even if 

they lack explicit headers.

User template (formatted per note):

Coaching note to analyze:

{note_text}

Analyze the structural pattern of this coaching note. Identify EVERY distinct section — a new 

section begins whenever the note shifts to a different topic or purpose, whether or not there is 

an explicit header.

For each section, extract:

  * "type": weekly_goals_review, longterm_goals_review, app_usage_review, journalling_review, 

goal_setting, barriers_discussion, patient_information, generative_moment, or other_points

  * "format": numbered_list, embedded_narrative, or unordered_list

  * "voice": third_person, first_person, coach_we, passive, or mixed

  * "tense_pattern": mixed_past_future, primarily_future, or primarily_past

  * "section_summary": Optional short summary (only for app_usage_review, journalling_review, 

longterm_goals_review, weekly_goals_review, other_points)

Important guidelines:

- Be GRANULAR: if the note discusses medication adherence, then diet, then exercise as separate 

blocks, those are THREE separate sections — not one combined section.

- The same section type CAN appear multiple times.

- Typical coaching notes have 4-10 sections. If you find only 1-2 sections in a long note, re-

read it more carefully.

- Return empty list ONLY if the note has no clear sections at all.

OUTPUT SCHEMA (LIST[SECTION])

Field Type Description

type Literal Section type from checklist
weekly_goals_review | longterm_goals_review | app_usage_review | journalling_review | goal_setting
| barriers_discussion | patient_information | generative_moment | other_points

format Literal numbered_list | embedded_narrative | unordered_list

voice Literal third_person | first_person | coach_we | passive | mixed

tense_pattern Literal mixed_past_future | primarily_future | primarily_past

section_summary Optional[str] Short summary (only for review/other_points types; null otherwise)

Section types derived from the health coaching session checklist used in clinical practice.

Figure 7: Prompt and output schema for structural analysis (Section 2.2.1). Section types are derived
from the health coaching session checklist used in clinical practice.
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Persona Extraction

PROMPT
System:

You are an expert at analyzing health coaching notes to identify persona elements. Your task is 

to extract individual persona characteristics present in the note.

Extract persona elements based on what is stated or reasonably inferred from the note. Be 

thoughtful in your inferences but avoid being overly creative — stick to what the text supports.

User template (formatted per note):

Coaching note to analyze:

{note_text}

Extract persona elements present in this note across the following categories:

1. Social demographics:

   - age_group: young_adult (18-35), middle_aged (36-60), senior (60+), or unknown

   - occupation: Current occupation or employment status (free-form)

   - education_level: Education level (free-form)

   - gender: Gender identity (free-form)

   - ethnicity: Ethnicity or racial background (free-form)

   - income_level: Income level or socioeconomic status (free-form)

   - marital_status: Marital status (free-form)

2. Social context: Social relationships, social factors, and social barriers that influence 

health behaviors (e.g., lives_with_partner, social_eater, family_dinners, social_triggers)

3. Economic context: Economic and financial factors, employment-related circumstances, and 

economic barriers (e.g., cost_concerns, financial_stress, late_shifts, work_demands)

4. Physical environment: Physical environment, living situation, and physical barriers (e.g., 

lives_in_urban_area, access_to_gym, limited_kitchen_space, travel_disruptions)

5. Individual characteristics and behaviours: Behavioral patterns, health literacy, psychological 

state, and individual-level barriers (e.g., all_or_nothing_thinker, routine_dependent, 

tech_comfortable, time_constraints)

Guidelines:

- Use snake_case naming for all extracted elements

- Return empty lists for categories where no elements are present

- Return null for demographics not available

- When barriers are mentioned, categorize them into the appropriate context category based on 

their nature

OUTPUT SCHEMA

Field Type Description

social_demographics (SocialDemographics)

 age_group Optional[Literal] young_adult | middle_aged | senior | unknown

 occupation Optional[str] Occupation or employment status

 education_level Optional[str] Education level

 gender Optional[str] Gender identity

 ethnicity Optional[str] Ethnicity or racial background

 income_level Optional[str] Income level or socioeconomic status

 marital_status Optional[str] Marital status

Context and behavioural factors (all List[str], snake_case)

social_context List[str] Social relationships and social barriers influencing health behaviours

economic_context List[str] Economic/financial factors and employment-related barriers

physical_environment List[str] Physical environment, living situation, and environmental barriers

individual_characteristics
_and_behaviours

List[str] Behavioural patterns, health literacy, psychological state, individual
barriers

Demographic categories informed by MeSH Sociodemographic Factors and WHO self-care frameworks.

Figure 8: Prompt and output schema for persona extraction (Section 2.2.1). Demographic categories
informed by MeSH Sociodemographic Factors and WHO self-care frameworks.
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Abstract

Texts are widely used in aphasia rehabilitation to support the recovery of comprehension and narrative planning.
In routine practice, clinical impact depends strongly on patient motivation and on the availability of age-appropriate
reading materials: adults are often offered child-oriented texts, which can be perceived as demeaning and
may reduce engagement. We present a controllable generation pipeline for building a repository of Russian
therapeutic reading texts for adult aphasia therapy. An anonymized repository with code and data is available at
https://github.com/z00logist/aphasia-exercises-generation. The pipeline conditions each story
on an explicit semantic triplet (12 topics × 10 archetypes × 11 objects) and enforces three clinically motivated
complexity regimes (Basic/Intermediate/Advanced). Using batched prompting, we generate 1,296 unique stories.
We evaluate the corpus with classical linguistic metrics, sentiment analysis, and a LLM-as-a-judge protocol (18
binary criteria); on a stratified sample of 198 stories, overall rubric compliance is 80.0%. Surface metrics show a
monotonic increase in lexical and syntactic complexity across regimes, and comparisons against a clinical anchor
set of 10 therapist-authored texts reveal that while generated texts match ground truth readability at the Basic
level, standard clinical texts align closer to the Intermediate generated level in length and complexity. Judge-based
analysis indicates near-perfect adherence to high-level narrative constraints but persistent limitations in fine-grained
phonotactic control, which we manually confirm, motivating hybrid neuro-symbolic enforcement.

Keywords: aphasia therapy, controlled text generation, Russian, readability, LLM-as-a-judge, evaluation

1. Introduction

Texts are widely used by speech-language pathol-
ogists (SLPs) in speech therapy interventions for
both children and adults presenting with various
speech disorders or language impairments. Apha-
sia is one such systemic language disorder result-
ing from brain damage caused by traumatic injury,
stroke, or surgical intervention (e.g., tumor resec-
tion) (Luria, 2008).

In speech therapy, texts serve as a tool for
restoring different functional skills: for supporting
the formation and execution of simple motor pro-
grams (e.g., during reading-while-listening tasks),
for restoring connected text comprehension (e.g.,
tasks focused on understanding content), for vo-
cabulary expansion, and for rehabilitating utter-
ance planning skills (e.g., retelling) (Luria, 2008).

However, clinical practice indicates that a pa-
tient’s motivation to read plays a crucial role in
the effectiveness of text-based interventions in
speech therapy (Webster et al., 2023). Motivation
is shaped by several factors: whether the subject
matter is engaging for the patient; whether linguis-
tic complexity matches the patient’s current func-
tional level; and whether the text leaves a posi-
tive emotional impression after reading (Webster
et al., 2023). Nevertheless, such texts are not
read for entertainment, but rather as a means
to achieve specific rehabilitation goals set by the
SLP. The SLP, in turn, uses these texts to assess
progress and plan subsequent therapy. We there-

fore treat these materials as texts for specific pur-
poses, namely speech and language recovery.

Selecting thematically relevant texts for patients
and having them expertly simplified is a task that
exceeds the capacity of a practicing speech thera-
pist in routine clinical settings (Hoover et al., 2023).
While engaging reading programs show promise
(Cocks et al., 2013), manual customization to adult
interests and impairment-specific linguistic levels
remains difficult to scale. We address this gap by
presenting a sustainable computational pipeline
for generating texts with specified topics, genre
structures, and linguistic complexity, thereby cre-
ating an expandable repository of such materials.

2. Therapeutic Texts for Aphasia:
Topic, Structure, and Complexity

To understand the specific features of texts used in
aphasia therapy as a genre, we compiled a corpus
of 127 texts. These were drawn from textbooks
and methodological guides for speech-language
therapists working with aphasia, as well as from
texts employed by practicing therapists, selected
by them to meet the needs of individual patients.

Further analysis revealed that texts designed for
patient work predominantly feature child-oriented
themes: parent–child relationships, children’s
games, and grandparents with grandchildren.
However, in texts individually selected by speech
therapists, the topics are already more closely
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aligned with patients’ age and life experience:
cars, hobbies, gardening. In expert interviews,
therapists noted that patients feel offended when
offered child-oriented reading materials. We com-
piled a list of 12 topics designed to represent eco-
logical domains of adult life: Domestic Activities,
Modern Technology, Gardening, Hobbies, Cook-
ing, Travel & Transport, Shopping & Finances,
Health, Socializing, Pets, Work & Profession, and
Daily Routine. This selection prioritizes subjects
that facilitate functional communication and social
engagement, purposely excluding child-oriented
themes common in traditional therapy.

In terms of composition, texts for speech therapy
are structured with remarkable clarity: exposition,
climax, resolution.

Interestingly, there is a certain tonal movement
within the text: it may begin neutrally, then acquire
a slight negative shading, but the final part is al-
ways positive and contains a takeaway — a kind
of lesson or moral arising from the situation de-
scribed. The text prompts reflection, observation,
or gentle irony — not didacticism, but a soft philo-
sophical undertone. Meaning is conveyed through
action or image rather than direct moralizing, allow-
ing the reader to infer that ”this is about us”:

Example translated to English. A gar-
dener had two sons. The gardener
owned a large vineyard. The sons did
not want to work in the vineyard. One
day, the father called his sons and said,
“Children, go into the vineyard and look
for something hidden there.” The sons
thought a treasure was buried in the vine-
yard. They went and began digging the
ground. They dug up the entire vineyard,
but found no treasure. However, the soil
became loose and fertile. The vineyard
produced abundant grapes. The sons
sold the grapes and became rich.

Each text corresponds to one of the following
genres: a real-life incident, a parable, a fairy tale,
or a didactic story. There is a conflict or contrast
(misunderstanding, change, confrontation). The
hero loses something, discovers something, or un-
dergoes a change (internal or external). The con-
flict is neither dramatic nor tragic. The number
of characters in the texts is small — typically one
or two main protagonists. To systematize them
for generation purposes, we drew on the princi-
ples of the morphology of the folktale as developed
by the Russian formalist Vladimir Propp (Propp,
1968). He argued that despite the immense va-
riety of fairy-tale plots, seven generalized charac-
ter types can be identified. An analysis of existing
therapy texts allowed us to distinguish ten such
character archetypes. They reflect the core gen-
der and age oppositions that structure society, as

well as two basic social roles from the ”inner cir-
cle” (neighbor and friend): Old Man, Old Woman,
Man, Woman, Boy, Girl, Friend, Neighbor, Young
Man, Young Woman. In addition, the characters
interact with some objects from the everyday envi-
ronment. However, the object with which a char-
acter interacts is not merely named in the text
— it is assigned a certain attribute. To system-
atize the attribute and its bearer for text genera-
tion, we employed a minimal predicative unit: the
”noun + adjective” pair. The choice of the pred-
icative word was likewise not arbitrary: according
to the theory of argumentation within language de-
veloped by Jean-Claude Anscombre and Oswald
Ducrot (Anscombre and Ducrot, 1983), every lin-
guistic community possesses prototypical repre-
sentations of the properties that objects and peo-
ple can have. Thus, prototypical work is hard, and
a prototypical relative is close. Drawing on our own
introspection as native speakers and on associa-
tion measures between collocates in the Russian
National Corpus, we formulated eleven such ”ob-
ject — prototypical attribute” pairs: red ball, big
book, old key, wooden box, heavy stone, important
letter, old photo, yellow flower, blue cup, green ap-
ple, and new hat.

Regarding the linguistic complexity of texts for
speech therapy, its parameters correspond to
the severity of the patient’s language impairment.
However, in clinical practice, speech therapists ad-
just these parameters intuitively, based on their
own expertise. In our previous work, we explic-
itly formulated three types of linguistic complexity
requirements tailored to patients with mild, mild-
to-moderate, and moderate impairment severity
(Author and Author, 2024). In the following text,
we will refer to these levels as Basic, Intermedi-
ate and Advanced, respectively. These require-
ments were developed through iterative collabora-
tion with expert speech therapists and were clin-
ically validated. When discussing the generation
results, we will draw, in part, on these text require-
ments.

Thus, the analysis of texts already used in ther-
apy, combined with input from speech therapists,
allowed us to formulate the following aspects and
characteristics of this text type, which will subse-
quently inform both the generation and validation
of the output. Table 1 summarizes the target prop-
erties used as design constraints.

3. Methods

The input space is modelled as a semantic triplet
(c, a, o), where c is a thematic category (12 types),
a is a character archetype (10 types), and o is a
key object (11 types). This combinatorial space
(1, 320 unique triplets) ensures thematic diversity
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# Aspect Description

1 Structure Clear three-part structure: exposition,
climax, resolution

2 Character 10 archetypes reflecting core social
roles

3 Key Object 11 object-attribute pairs for interac-
tion

4 Conflict Conflict or contrast (misunderstand-
ing, change, confrontation)

5 Depth Philosophical undertone / gentle re-
flection

6 Emotion Socially approved emotions dominate
7 Genre Real-life incident, parable, fairy tale,

or didactic story
8 Language 3 regimes: Basic, Intermediate, Ad-

vanced
9 Topic 12 adult-oriented topics

Table 1: Target aspects and characteristics of ther-
apeutic texts for aphasia.

while avoiding the infantilized narratives typical of
accessible reading materials.

We operationalize clinical progression via three
complexity regimes defined by constraint bundles.
Basic texts are strictly limited to 5–7 simple past-
tense SVO sentences with no dialogue. Inter-
mediate narratives introduce limited subordination
within a 2–3 paragraph structure, while Advanced
texts permit complex syntax, descriptive modifiers,
and abstract themes. This approach ensures clin-
ical interpretability across diverse topics.

To validate these regimes, we test two hypothe-
ses and one research question: (H1) complexity
regimes form statistically distinct linguistic distri-
butions; (H2) Basic texts align quantitatively with
a clinical anchor; and (Q3) high-level narrative
constraints require LLM-based assessment. Fol-
lowing (Alva-Manchego et al., 2020), we assess
whether the regimes form statistically separable
distributions across readability and syntactic indi-
cators. To capture tonal alignment, we evaluated
sentiment distributions using the cointegrated/
rubert-tiny-sentiment-balanced model.
Since surface statistics cannot capture narrative
structure or tonal appropriateness, we comple-
ment them with a deterministic LLM-as-a-judge
pipeline using binary criteria, interpreting results
with awareness of potential model biases (Zheng
et al., 2023).

4. Text Generation Pipeline

We generate texts via batched prompting using
Gemini 1.5 Flash (Reid et al., 2024) through
the Google Generative AI API (Figure 1).We se-
lected this model because it matched the op-
erational requirements of the generation stage:

Figure 1: Synthetic dataset creation pipeline pro-
ducing 1,296 unique stories.

stable schema-following behavior, efficient API-
based batched inference, and sufficiently reliable
instruction-following under Russian prompt condi-
tions. Since Google does not publicly disclose the
parameter count of Gemini 1.5 Flash, we avoid
making capacity claims based on model size and
motivate its use empirically through pilot-stage
generation behavior instead. For each batch, we
fix one complexity regime, sample five unused
triplets, and prompt the model to produce one story
per triplet under regime-specific constraints. We
use deterministic or low-variance decoding and en-
force a fixed output schema in the prompt.

Large-scale generation produces recurrent for-
matting failures. We observe CSV breaks caused
by commas inside the generated text field; we re-
pair these by merging spillover columns back into
the text column until the expected schema is re-
stored. We remove empty outputs and deduplicate
near-identical stories.

After post-processing, the corpus contains
1,296 unique stories: 31.0% Basic, 33.7% Inter-
mediate, and 35.3% Advanced.

Furthermore, the analysis revealed a high de-
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gree of corpus balance with respect to content
parameters as well. All 12 thematic categories
are uniformly represented, each accounting for be-
tween 8.0% and 8.6% of the total number of texts.
A similarly even distribution is observed for the 10
character archetypes and the 11 key objects. This
balance ensures that when the corpus is used in
therapeutic practice, the risk of systematic bias
toward any particular theme, character, or object
is minimized, thereby promoting greater variability
and potential patient engagement.

5. Evaluation

We benchmark against a “Ground Truth” (GT) set
of 10 manually authored therapy texts used in cur-
rent clinical practice. These texts were selected
by practicing therapists based on their everyday
utility. They were not pre-selected to match any
one generated regime; rather, we use them as
a small clinical anchor representing materials cur-
rently employed in routine therapeutic work.

5.1. Classical Linguistic Metrics
We evaluated the full synthetic corpus and used
the 10 GT texts to contextualize the regimes. We
report readability (SMOG McLaughlin, 1969; Rus-
sian Flesch Reading Ease Oborneva, 2006), lexi-
cal diversity (MTLD McCarthy, 2005), and syntac-
tic complexity (mean dependency distance, MDD
Liu, 2008), alongside surface statistics.

As shown in Table 2, the results exhibit a mono-
tonic progression from Basic to Advanced across
all indicators, complete with standard deviations to
capture within-level variability.

Regarding H2, the metrics reveal an important
nuance: the Ground Truth texts do not uniformly
align with the Basic generated level. While the GT
texts closely match the Basic level in readability
(Flesch RE: 68.0 vs. 65.0), they align much more
closely with the Intermediate generated level in
Word Count (92.8), SMOG (13.2), MTLD (123.8),
and MDD (2.73). This indicates that the automat-
ically generated “Basic” texts are structurally sim-
pler (shorter and with lower dependency distance)
than the therapist-authored clinical anchor. We
therefore interpret the Basic regime as a lower-
complexity option that may be more accessible
for patients with more severe aphasia, rather than
as a direct approximation of standard therapist-
authored materials.

Additionally, sentiment analysis highlighted a
distinct tonal shift. The human-authored GT texts
feature notable negative dramatic tension (Nega-
tive Sentiment: 0.500 ± 0.33, Compound: −0.35),
typical of fables that establish a problem be-
fore a resolution. The generated texts, however,

Metric Basic Interm. Adv. GT

Surface Indicators
Word Count 23.0 ±3.1 59.2 ±9.2 111.0 ±31.5 92.8 ±35.6
ASL (words/sent) 3.4 ±0.5 10.3 ±2.4 13.2 ±2.7 9.2 ±2.8

Readability
Flesch RE (RU) 65.0 ±24.7 52.6 ±12.8 49.3 ±11.0 68.0 ±9.2
SMOG 9.5 ±1.7 14.6 ±1.7 16.0 ±1.7 13.2 ±2.0

Lexical & Syntactic
MTLD 23.4 ±17.3 137.1 ±66.7 154.2 ±42.1 123.8 ±56.3
MDD 1.54 ±0.15 2.83 ±0.26 3.02 ±0.24 2.73 ±0.31
Subclauses / sent 0.03 ±0.09 0.87 ±0.38 0.99 ±0.39 0.50 ±0.28

Morphological
Past Tense Ratio 0.98 ±0.09 0.81 ±0.14 0.79 ±0.15 0.72 ±0.15
Errors / 100w 0.04 ±0.43 0.31 ±0.88 0.27 ±0.54 1.32 ±3.60

Table 2: Mean linguistic metrics (± SD) by com-
plexity regime and ground-truth (GT) texts.

Metric H p

Average Sentence Length (ASL) 936.6 < 0.001
Mean Dependency Distance (MDD) 882.8 < 0.001
SMOG Readability Index 872.8 < 0.001

Table 3: Statistical validation of complexity stratifi-
cation using the Kruskal–Wallis H test.

lean heavily positive across all levels (Compound
scores ranging from +0.22 to +0.30). To confirm
that these observed differences reflect statistically
distinct distributions rather than incidental varia-
tion, we applied the Kruskal–Wallis H test to core
metrics (Kruskal and Wallis, 1952). As shown in
Table 3, differences across regimes are highly sig-
nificant for all tested indicators (all p < 0.001), sup-
porting H1.

At higher levels, the model drifts toward a
syntactically denser narrative style than the clin-
ically curated GT: Intermediate and Advanced
texts show substantially higher subordination rates
(0.87 and 0.99 subclauses per sentence) than the
GT (0.50). This suggests that, without explicit
constraints, the model does not reliably preserve
the unusually sparse syntax characteristic of the
therapist-authored clinical anchor. This syntac-
tic drift motivates complementary, structure-aware
evaluation beyond surface statistics (Q3; see Sec-
tion 5.2).

5.2. LLM-as-a-Judge

To address Q3, we implemented an automated
evaluation pipeline using Gemma-3-4b-it to as-
sess narrative coherence, tonal appropriateness,
and fine-grained linguistic constraints (Gemma
Team et al., 2024). We selected Gemma-3-4b-
it as a compact open 4B instruction-tuned model
for repeated rubric-based evaluation. Gemma 3
supports multilingual processing, including Rus-
sian, and provides a 128K context window, mak-
ing it practical for consistent judge-style assess-
ment across our sampled corpus. We treat these
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Figure 2: Heatmap of LLM-as-a-Judge compli-
ance scores across seven conceptual blocks.
(Note: ’short’, ’medium’, and ’long’ in the figure cor-
respond to the Basic, Intermediate, and Advanced
regimes, respectively). Structural and emotional
constraints show near-perfect adherence, while
Language Constraints (B7) and Semantic Depth
(B4) reveal limitations.

judge scores as exploratory and complementary
to classical metrics, not as a substitute for expert
clinical assessment. We designed a rubric com-
prising 18 binary criteria organized into seven con-
ceptual blocks (aligning directly with the aspects in
Table 1). A random sample of 198 stories (strat-
ified by complexity level, 66 per level) was eval-
uated using deterministic decoding to ensure re-
producibility. The prompt explicitly instructed the
LLM-as-a-Judge model to act as a harsh critic, ver-
ifying constraints specific to the Russian language
(Zheng et al., 2024). Note that some criteria evalu-
ated here (e.g., presence of reflection/irony, strict
phonotactics) were not explicitly mandated in the
generation prompt; this evaluation serves to iden-
tify natural gaps in LLM outputs to inform future
neuro-symbolic interventions, rather than solely
grading prompt adherence.

The overall compliance rate across the sampled
corpus was 80.0%. At the block level (Figure 2),
the model demonstrated near-perfect performance
on high-level narrative instructions. Compliance
scores for Narrative Structure (B1), Emotional
Tone (B5), and Genre Appropriateness (B6) were
nearly absolute across all levels. Notably, the Con-
flict & Dynamics block (B3) revealed a complexity-
dependent progression: the model struggled to
establish meaningful conflict within the tight con-
straints of Basic texts but successfully developed
narrative tension when afforded greater length in
Advanced stories.

However, the criteria-level analysis (specifically
within B7: Language Constraints, see Figure 3)
highlights specific limitations in controlling fine-
grained linguistic features. The criterion prohibit-

Figure 3: Detailed compliance rates by individual
criterion (1–18). The chart illustrates the dispar-
ity between high-level narrative success and low-
level linguistic control (e.g., Phonotactics).

ing consonant clusters of three or more sounds
(Phonotactics) yielded 0% compliance from the
judge. This criterion is important because articu-
lating such consonant clusters is problematic for
patients with motor aphasia. To validate this re-
sult, we manually checked the corpus using a de-
terministic regex-based script. The manual anal-
ysis showed that actual compliance was 18.6%
overall (Basic: 52.2%, Interm.: 6.6%, Adv.: 0.4%).
Thus, although the generator does struggle with
this constraint, the judge substantially underesti-
mates compliance on this character-level task. We
interpret this as evidence that LLM-based evalu-
ators are unreliable for phonotactic verification of
this kind and should be supplemented with deter-
ministic symbolic checks.

Additionally, a discrepancy emerged in Morphol-
ogy: while classical metrics confirmed high past-
tense usage, the judge’s binary scoring penalized
even single deviations, resulting in a floor effect.
Finally, the low score on Reflection/Irony suggests
that while the model generates coherent therapeu-
tic scenarios, it lacks the emergent semantic depth
required to produce the philosophical subtext char-
acteristic of human-authored fables without few-
shot guidance.

Judge comparison against the clinical anchor.
To better contextualize the judge-based scores, we
also applied the same 18-criterion rubric to the
10 therapist-authored ground-truth (GT) texts cur-
rently used in clinical practice. As shown in Fig-
ure 4, the GT texts achieved an overall compliance
rate of 83.3%, compared to 80.0% for the gener-
ated sample. This result is important for two rea-
sons. First, it shows that the generated corpus
remains close to the clinical anchor at the aggre-
gate level under this rubric. Second, it reveals lim-
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Figure 4: LLM-as-a-Judge comparison between
therapist-authored ground-truth (GT) texts and
generated texts. GT attains a slightly higher overall
compliance rate (83.3% vs. 80.0%), while shared
failures on criteria such as Phonotactics, Morphol-
ogy, and Reflection/Irony expose limitations of the
judge itself rather than only weaknesses of the gen-
erated corpus.

itations of the judge itself: for several criteria, the
model penalizes properties that are also naturally
present in therapist-authored materials.

In particular, the judge assigned 0% compliance
to both GT and generated texts for Phonotactics
and Morphology, despite the fact that such viola-
tions are also expected in authentic clinical texts
and, in the case of phonotactics, were already
shown to be underestimated by the LLM judge rel-
ative to manual verification. Likewise, the Reflec-
tion/Irony criterion remained near-zero even for GT
texts, suggesting that this aspect is not robustly
captured by the judge in Russian. Taken together,
these results indicate that the LLM-as-a-judge pro-
tocol is informative for high-level structural and
tonal screening, but should be interpreted cau-
tiously for fine-grained linguistic constraints and
abstract semantic properties.

6. Discussion

The results of this study highlight both the trans-
formative potential and the inherent boundaries
of using Large Language Models for clinical text
generation. A primary finding is the distinct trade-
off between therapeutic safety and narrative ten-
sion. While the generated texts partially align with
the clinical anchor, particularly in readability at the
Basic level, they remain structurally simpler than
therapist-authored materials in length and syntac-
tic complexity and exhibit a marked “positivity bias”
introduced by the safety alignment (RLHF) of the
underlying model (Ouyang et al., 2022). Ground-

truth texts, often drawn from classical fables, rely
on negative dramatic tension (compound senti-
ment −0.35) to drive the narrative. In contrast, the
generated corpus leans heavily towards positive
or neutral resolutions (+0.22 to +0.30). While this
minimizes the risk of triggering emotional distress
in patients with post-stroke depression, the lack of
conflict in Basic texts (0.74 compliance) suggests
that excessive safety constraints may inadvertently
sterilize the narrative, potentially reducing patient
engagement and motivation.

Furthermore, our analysis reveals a divergence
in syntactic density at higher complexity levels.
While the generated Basic texts mirrored (and
even simplified) the syntactic structure of the clin-
ical anchor, the Intermediate and Advanced lev-
els exhibited subordination rates significantly ex-
ceeding the ground truth. This suggests that, with-
out explicit constraints, the model tends to pro-
duce a denser narrative syntax than that observed
in therapist-authored clinical materials. More
broadly, complexity control in LLMs appears to
function more as a ceiling than a floor: the model
readily simplifies text when strongly constrained,
but struggles to preserve the unusually sparse syn-
tax characteristic of therapeutic materials at higher
narrative lengths.

A further comparison with the therapist-authored
GT texts reinforces this point. When evaluated
under the same 18-criterion rubric, GT achieved
only a slightly higher aggregate score than the
generated corpus (83.3% vs. 80.0%). At the
same time, several low-scoring criteria remained
problematic for both text types, including Reflec-
tion/Irony, Phonotactics, and Morphology. This
suggests that part of the observed error signal
should be attributed not only to generation failures,
but also to limited judge sensitivity for Russian fine-
grained linguistic and semantic phenomena.

Finally, the error analysis underscores the ”tok-
enization wall” in prompt-based control. The fail-
ure to satisfy phonotactic constraints, combined
with the LLM-judge’s inability to accurately assess
them, confirms that token-based architectures can-
not reliably filter sub-word phonetic features in-
context (Sennrich et al., 2016). This necessitates
a shift from purely generative pipelines to hybrid
neuro-symbolic systems, where the LLM is respon-
sible for semantic coherence and narrative struc-
ture, while deterministic post-processors enforce
strict phonological and morphological constraints.

7. Conclusions

We present a scalable, controllable pipeline
for generating therapeutic reading materials for
Russian-speaking patients with aphasia. By for-
malizing the input space through semantic triplets
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and operationalizing clinical progression into dis-
crete complexity regimes, we demonstrated that
Large Language Models can produce structurally
sound and thematically diverse texts that adhere
to strict linguistic constraints. Our evaluation con-
firms that the generated complexity levels are dis-
tinct, with the “Basic” level offering a substantially
simpler structural profile, while the “Intermediate”
level more closely matches the length and lexical
diversity of the therapist-authored clinical anchor.

Future iterations of this work will focus on three
key directions. First, we aim to integrate neuro-
symbolic post-processing modules to strictly en-
force phonotactic rules, addressing the current
limitations in consonant cluster control. Second,
we will expand the comparative evaluation on
therapist-authored Ground Truth texts by increas-
ing the size of the clinical anchor and by compar-
ing judge-based scores with expert human ratings.
Finally, and most critically, we will transition from
computational evaluation to clinical validation. We
plan to deploy the generated corpus in a pilot study
with practicing speech therapists (logopedists) and
patients to assess the material’s impact on reading
comprehension and engagement in a real-world re-
habilitation context. This feedback loop will be es-
sential for fine-tuning the generation parameters
and moving from a synthetic dataset to a clinically
deployable tool.

8. Limitations

Our findings should be interpreted in light of four
limitations. (1) Small clinical reference set: the
manually curated GT texts serve as a qualitative
anchor rather than a representative baseline for
Russian aphasia therapy materials; comparisons
(e.g., sentiment and syntactic norms) are indica-
tive. Scaling this reference requires digitizing a
larger body of clinical manuals. (2) LLM-as-a-
Judge bias: despite deterministic decoding and
a rubric, judge-based scores may be affected by
model bias (e.g., favoring texts aligned with its own
distribution) and tokenization limits (as proven by
our manual phonotactic verification). (3) Lack of
expert validation: while we report a broad set of au-
tomated metrics, we have not yet conducted formal
blinded expert assessment by practicing speech-
language pathologists of the generated texts’ over-
all therapeutic appropriateness and qualitative util-
ity. (4) No ecological validation: we evaluate com-
putational constraint satisfaction, not therapeutic
effectiveness; readability metrics do not guaran-
tee learnability or clinical utility, which also depend
on presentation factors (layout, font) and patient-
specific deficits.

9. Ethics Statement

This research involves the generation of synthetic
texts intended for potential clinical use in aphasia
rehabilitation. While these texts are designed to be
safe, engaging, and devoid of sensitive or trigger-
ing topics, they are experimental and not a replace-
ment for professional clinical judgment. Any de-
ployment of these materials in actual therapy must
be done under the strict supervision of qualified
speech-language pathologists. Furthermore, the
text generation process relied exclusively on gen-
eralized archetypes and predefined topics; no real
patient data, clinical records, or personally identifi-
able information was used to train, prompt, or eval-
uate the models in this study.
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A. Representative Generated
Examples

To illustrate the controllable generation setup, we
provide three representative examples, one for
each complexity regime. Each example is an-
notated with its thematic category, main charac-
ter, key object, and genre profile. For readability,
this appendix includes English translations only;
the original Russian versions are available in our
repository.

The thematic categories used in the genera-
tion framework come from a fixed 12-topic inven-
tory: Vehicles, Wild and Domestic Animals, Home
and Garden, Games, Internet and Telecommuni-
cations, Arts and Entertainment, Computers and
Electronics, AI, Beauty and Fitness, Travel, Sus-
tainability, and Hobbies.

These examples are intended to demonstrate
how semantic conditioning and regime-level com-
plexity control interact in practice. They are illus-
trative and are not used as additional evaluation
items.

A.1. Example A: Basic Regime
Metadata. Category: Home and Garden; Main
Character: Boy; Key Object: Blue cup; Genre Pro-
file: Real-life incident.

English translation

When he came home, the father asked
the children, “What did you do today, chil-
dren?”
“I washed the dishes,” Olya said proudly.
“And I dried the dishes,” Katya said.
The father turned to his son: “And you,
Seryozha?”
“And I picked up the broken pieces,” he
replied.

Comment This example illustrates the lowest-
complexity regime: a short event structure, an ev-
eryday setting, limited narrative development, and
high interpretability.

A.2. Example B: Intermediate Regime
Metadata. Category: Home and Garden; Main
Character: Girl; Key Object: Yellow flower; Genre
Profile: Short narrative.

English translation

A girl named Katya was helping her
grandmother in the garden. Her grand-
mother was teaching her how to care for
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plants. Katya especially loved the yellow
flower growing by the fence. She watered
it every day, carefully loosening the soil
around it. One morning, Katya saw that
the flower had bloomed. It was so bright
and beautiful.
“Grandma, look how beautiful the flower
is!” Katya exclaimed.
Her grandmother smiled: “That is the re-
ward for your hard work, dear.”

Comment This example illustrates the intermedi-
ate regime through a longer narrative arc, explicit
causal progression, and a simple didactic ending
while remaining lexically accessible.

A.3. Example C: Advanced Regime
Metadata. Category: Internet and Telecommuni-
cations; Main Character: Old Woman; Key Object:
Wooden box; Genre Profile: Real-life incident.

English translation

Grandmother Agafya, a woman of about
eighty, looked at her granddaughter with
distrust.
“This wooden box,” said the granddaugh-
ter, “is the Internet. With it, you will be
able to talk to your son in America!”
The grandmother carefully took the box
and touched its smooth surface. Her
granddaughter patiently explained how to
use the video call. At first, Agafya was
frightened by every click, but when she
finally saw her son’s face on the screen,
her eyes filled with tears of joy.
“Hello, Mother!” came her son’s voice.
Smiling, the grandmother whispered,
“Now this is a miracle!”

Comment This example illustrates the advanced
regime through a longer narrative span, more elab-
orate scene-building, stronger emotional progres-
sion, and a clearer multi-step event structure.
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Abstract
Automatic summarization aims to generate concise versions of texts while retaining relevant information. Summaries
can be either extractive, using direct excerpts, or abstractive, rephrasing content to convey the same meaning. Lay
summarization applies abstractive techniques to simplify complex texts, such as scientific literature, for broader
audiences, thereby promoting public understanding of specialized knowledge. Prior work shows that knowledge
augmentation improves lay summarization. Still, biomedical applications often rely on closed resources like the
Unified Medical Language System (UMLS), which require expert curation and are costly to scale. We propose
a four-step approach that leverages keyword extraction and DBpedia, an open general domain knowledge base,
ideal to bridge the gap between expert and lay knowledge. First, we extract keywords from biomedical texts using
YAKE!, a well-established unsupervised method. Second, we query DBpedia using these keywords to retrieve
relevant concept entries. Third, we construct a graph of concepts for each document based on cosine similarity
between DBpedia entries. Finally, we combine each graph with the original abstract to train a summarization
model. Our method achieves competitive performance compared to UMLS-based systems in the eLife dataset
(ROUGE-1: 58.44 vs. 60.26, ROUGE-L: 43.45 vs. 45.45), demonstrating that open-resource approaches can provide
viable alternatives to licensed knowledge bases while maintaining accessibility for resource-constrained organizations.

Keywords: Biomedical Lay Summarization, Knowledge Graphs, DBpedia, Open Resources

1. Introduction

Scientific communication has accelerated rapidly
due to the digitization of journals, pre-print servers,
and online news (Bornmann and Mutz, 2015;
Fraser et al., 2021). This shift has generated an
unprecedented volume and velocity of biomedi-
cal findings entering the public domain (Landhuis,
2016), necessitating lay summaries to bridge the
gap between experts and the general public (Gold-
stein and Krukowski, 2023). Within Natural Lan-
guage Processing (NLP), automatic summariza-
tion has emerged as a key strategy for condens-
ing complex documents while preserving salient
information (Xie et al., 2023; Chaves et al., 2022;
Wang et al., 2021). However, lay summarization of
biomedical text still faces significant hurdles, includ-
ing the need to provide sufficient methodological
context to prevent model hallucinations and ensure
the rigorous preservation of scientific facts (Xiao
et al., 2025).

Several approaches have been developed to mit-
igate hallucinations in biomedical lay summariza-
tion. For instance, Goldsack et al. (2023) proposed
representing biomedical papers through a combi-
nation of text embeddings and concept graphs ex-
tracted from the Unified Medical Language System
(UMLS)1. Tang et al. (2023) also used graph-based
methods, but of citation papers, to diminish the hal-
lucinations. However, the use of citation papers pro-

1https://uts.nlm.nih.gov/uts/umls/home

vides limited utility for linguistic simplification. Fur-
thermore, reliance on licensed knowledge bases
like UMLS restricts the accessibility of these tech-
niques for many organizations. Although UMLS is
free for research use, access is not entirely straight-
forward: it requires registration, periodic license
renewal, and typically some form of institutional
affiliation. In our experience, this alone can already
be a barrier for independent researchers or smaller
teams. A more limiting issue is the license itself.
UMLS explicitly forbids the redistribution of both the
original resource and derived data products. This
makes it difficult to share processed datasets or to
release systems that depend on it in a fully repro-
ducible way. For example, even when a model can
be distributed, anyone attempting to use it must first
obtain and configure UMLS independently, which is
a non-trivial step. In practice, this makes it difficult
to share and reproduce results in line with open
research principles. This tension is one of the rea-
sons we explore open-access alternatives, aiming
to retain competitive performance while lowering
the barrier to entry and enabling broader dissemina-
tion. We propose a new technique that employs an
open resource for summarization and that presents
competitive results with a state-of-the-art licensed
technique (Goldsack et al., 2023).

Our proposed technique consists of three stages:
(1) automatic keyword extraction from the source
text using YAKE! (Campos et al., 2020); (2) retrieval
of these keywords from DBpedia and subsequent
classification into biomedical and non-biomedical
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concepts; and (3) the construction of a concept
graph integrated with text embeddings for sum-
mary generation. The hypothesis in using key-
words is the identification of relevant concepts of
a given paper more efficiently, discarding biomedi-
cal concepts that are not central to the whole idea
of the research. To validate this, we conducted a
manual evaluation of 500 extracted keywords (10
per document) to assess their ability to represent
the paper’s core medical meaning. Also, by us-
ing DBPedia, a general domain knowledge base,
we aim to bridge the gap between technical and
lay vocabulary. To diminish the noise from DB-
Pedia, we apply a biomedical text classification to
remove irrelevant concepts. Finally, we connect
the concepts by using cosine similarity, and use
the built graph to enrich the text representation to
generate the lay summary. While UMLS-based
approaches have achieved strong performance in
biomedical lay summarization, their reliance on li-
censed resources creates barriers for many organi-
zations, particularly those in low-resource settings
or with limited budgets. Our work demonstrates
that competitive performance (97% of UMLS-based
ROUGE-1 scores) can be achieved using only
open resources, thereby democratizing access to
biomedical lay summarization technology. To our
knowledge, this is the first study demonstrating
that open general-domain knowledge bases can
substitute licensed biomedical ontologies for lay
summarization with minimal performance loss.

Our work aims to answer the following research
questions:

RQ1: To what extent can a curated subset of auto-
matically extracted keywords from biomedi-
cal papers represent central biomedical con-
cepts?

RQ2: Can a lay summarization technique leverag-
ing open-source knowledge bases compete
with approaches using licensed ontologies?

Our contributions are two-fold: (i) we explore the
feasibility of using keyword-based representations
to preserve medical meaning, validated through
a targeted manual assessment; and (ii) we estab-
lish that open-source knowledge bases provide a
viable and competitive alternative to licensed pro-
prietary databases in the biomedical domain. In
the next sections, we describe similar work to ours,
emphasizing our contributions, and then describe
our method and its results. We release our code to
facilitate reproducibility and further research2.

2https://github.com/evelinamorim/
openbiolaysumm

2. Related Work

With the introduction of neural and transformer-
based architectures, significant improvements in
performance have been made in the summarization
of texts. In particular, for biomedical summariza-
tion such as (Luo et al., 2023), there has been the
exploration of readability-controllable summariza-
tion. The authors use transformer models, adapt-
ing biomedical content to various levels of read-
ability, which is crucial for bridging expert and lay
audiences. In particular, a Longformer-Encoder-
Decoder (LED) model is fine-tuned as a baseline
model, with additional strategies built as variations
upon it. They apply the proposed technique to a
new dataset composed of 28,124 articles published
in PLOS journals3, where PLOS is a nonprofit open-
access publisher covering a wide range of scientific
disciplines, including medicine and the life sciences.
The authors evaluated their results using ROUGE
scores, achieving peaks of 49.87 for ROUGE-1 and
46.02 for ROUGE-L. While our strategy also utilizes
the LED architecture, our proposal incorporates an
external knowledge base in addition to the source
text and summaries used by Luo et al. (2023).

Another approach that incorporates external
knowledge is KeBioSum (Xie et al., 2022). The
enriched content is based on the PICO framework
(Population, Intervention, Comparison, and Out-
come) (Huang et al., 2006), which is a structure de-
signed to represent medical knowledge in queries.
The method extracts named entities based on the
PICO framework using fine-tuned models. Then,
the identified elements are combined with the text
document to produce the summaries. The authors
used three datasets, ORD19 (Wang et al., 2020),
PubMed (Cohan et al., 2018), and S2ORC (Lo
et al., 2020) to evaluate the effectiveness of their
approach. The ROUGE-L values for these datasets
were respectively 29.10, 32.28, and 34.08. Despite
enriching the content to improve summarization,
the exploitation of external concepts is limited only
to the identification of relevant terms.

Goldsack et al. (2023), similar to ours, uses the
concepts from an external knowledge base, UMLS,
and their relations to aid the learning of the biomed-
ical lay summary model. Like our proposal: extrac-
tion of relevant concepts, building on the graph of
the concepts, and learning the summaries. How-
ever, they use a UMLS-based library to identify con-
cepts and their relations. They use two datasets,
one composed of papers collected from PLOS jour-
nals and another from the eLife journal (Goldsack
et al., 2022). The results reported in a combination
of the datasets were 48.58 for ROUGE-1 and 45.71
for ROUGE-L. The use of UMLS can limit the us-
age by organizations, which is not a limitation of

3https://journals.plos.org/plosone/
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our proposal that uses only open resources (YAKE!
and DBPedia) to enrich the input content.

Xie et al. (2024) also employ UMLS to build
word and sentence correlation graphs, which are
used for topic modeling. The discovery of the top-
ics and summarization are done simultaneously
by a neural network, whose inputs are the graphs,
the text embeddings, and the gold summary. Like
(Xie et al., 2022), in this work, the datasets used
are ORD19, PubMed, and S2ORC to evaluate the
effectiveness of their approach. The proposed ap-
proach achieved ROUGE-1 values between 42.16
and 46.16. Again, the use of a licensed thesaurus
limits the use of this approach by organizations.

In the survey by Bhowmik et al. (2025), one
challenge highlighted is the need to adopt an open
research culture in the biomedical lay summariza-
tion task. The reason is that many of the current
competitive approaches use the licensed thesaurus
UMLS. Our proposal tries to break this barrier with
a competitive method based on open-resources.

3. Material and Methods

In this section, we describe the dataset used in
our experiments and the main methods we used,
including our proposed approach.

3.1. Dataset

Due to limitations of our computational resources,
we used a subset of the eLife dataset proposed by
Goldsack et al. (2022). The eLife dataset consists
of biomedical research articles published in eLife, a
peer-reviewed open-access journal in life sciences
and biomedicine. Each article includes both the
technical scientific abstract and an accompanying
“eLife digest”, which is a lay summary written to
explain the research to general audiences. Our
task is to generate these lay summaries from the
technical abstracts, requiring both content selection
and linguistic simplification. The selected subset is
in our repository, and its statistics are described in
Table 1.

Split # Docs # Words Avg. Words
Train 1,582 44.38M 10,212.6

(±3,479.8)
Test 241 2.41M 10,009.0

(±3,324.7)
Validation 241 2.42M 10,043.5

(±3,285.9)

Table 1: Statistics of the eLife dataset subset. (M
denotes millions).

3.2. Methods
We evaluated four distinct methods. The first is
a BART model (Lewis et al., 2020) fine-tuned on
the summaries dataset. The second method ap-
pends keywords extracted from YAKE! to the arti-
cle text and feeds this to a BART fine-tuning pro-
cess. The third is a reproduction of the approach
by Goldsack et al. (2023), hereafter referred to
as the UMLS-based method. Finally, we propose
OpenBioLaySumm, an approach based on YAKE!
(Campos et al., 2020) and DBpedia. In our ap-
proach, we make a distinction between keywords
and concepts. YAKE! first extracts directly from
the abstract keywords—n-gram text spans such as
“neuron” or “cell membrane”. We then map these
keywords to concepts, i.e., entries in DBpedia ob-
tained via the Lookup API. Each concept is associ-
ated with a URI, a textual description, and additional
semantic context. For instance, the keyword “neu-
ron” is mapped to the DBpedia resource http://
dbpedia.org/resource/Neuron , along with
its natural language description.

We implement the doc-enhance architecture
from Goldsack et al. (2023), which combines tex-
tual and graph-based representations through a
multi-component encoder-decoder framework. The
pipeline consists of four main steps (Figure 1):

1. Concept Extraction: In the UMLS-based
variant of our approach, biomedical concepts
are identified through mappings to the UMLS
Metathesaurus. Goldsack et al. (2023) origi-
nally relied on MetaMap for this purpose. How-
ever, following recent changes in the UMLS
distribution (notably the discontinuation of the
MetaMap NLP Content View in the 2025AB re-
lease4), we instead implement concept recog-
nition using QuickUMLS (Soldaini and Gohar-
ian, 2016), which enables approximate string
matching over the Metathesaurus and can be
readily integrated with custom subsets. By
contrast, OpenBioLaySumm does not directly
rely on UMLS mappings for initial concept de-
tection. Instead, it applies YAKE! (Campos
et al., 2020) to extract the top-ranked key-
words from each biomedical abstract. These
keywords are subsequently used to query
the DBpedia Lookup API5 , which returns a
ranked list of candidate entities for each query
term, yielding up to 100 entity candidates per
document. Because DBpedia includes enti-
ties from multiple domains, an additional fil-
tering step is required to retain only biomedi-
cal concepts. To this end, candidate entities
are automatically classified as biomedical or

4https://www.nlm.nih.gov/pubs/
techbull/nd25/nd25_umls_release_ab.html

5https://lookup.dbpedia.org/
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Figure 1: Pipeline for both summarization approaches (UMLS-based and OpenBioLaySumm), following
the doc-enhance architecture from Goldsack et al. (2023). Both approaches: (1) extract concepts from
biomedical abstracts, (2) construct concept graphs: the UMLS-based approach uses relations provided by
the UMLS Metathesaurus, while OpenBioLaySumm computes edge weights via SciBERT cosine similarity
> 0.7, (3a) encode the document with LED, (3b) process the graph with a 3-layer GAT, then concatenate
both representations through an additional encoder layer, and (4) generate the lay summary with the LED
decoder.

non-biomedical using a zero-shot large lan-
guage model based on their textual descrip-
tions. The results were classified using the
description of the entry and DeepSeek-R1:7b
as biomedical or non-biomedical concepts with
the prompt: “Classify if the following term is
related to the biomedical/biological domain:
concept description. Answer yes if it’s related
to biomedical/biological, no if not.”. Concepts
not assigned to the biomedical domain are dis-
carded prior to graph construction. A manual
validation of these LLM classifications was per-
formed by one of the authors to ensure quality
(described in Section 4.1).

2. Relation Extraction: The two approaches dif-
fer mainly in how the concept graphs are con-
structed. In the UMLS-based setting, we rely
on the semantic relations already defined in
the UMLS Metathesaurus (e.g., is_a, part_of,
treats), which are extracted together with the
concepts using QuickUMLS. This results in
graphs that reflect curated, domain-specific
knowledge. By contrast, OpenBioLaySumm
does not assume a fixed set of relations. In-
stead, relationships are inferred dynamically
from semantic similarity. To do this, we en-
code the DBpedia description of each concept
using SciBERT (Beltagy et al., 2019), truncat-
ing inputs to 250 tokens. We then apply mean

pooling over the token embeddings to obtain a
768-dimensional vector for each concept. To
make this step more efficient, we reduce the
representations to 50 dimensions using PCA
fitted on the training data. Once the repre-
sentations are obtained, we compute cosine
similarity between all pairs of concepts within
a document. Edges are added between con-
cepts whose similarity exceeds 0.7, yielding
a relatively sparse graph in which each con-
cept is linked to a set of semantically related
neighbours rather than to a predefined relation
type.

3. Graph and Document Encoding: Follow-
ing the doc-enhance architecture, we encode
information from both textual and structured
modalities. The document text is processed
using the Longformer-Encoder-Decoder (LED)
model (Beltagy et al., 2020), which produces
document-level representations suitable for
long biomedical inputs (approximately 10,000
words on average in our dataset) (Figure 1, 3a).
In parallel, the corresponding concept graph
is encoded with a 3-layer Graph Attention Net-
work (GAT) (hidden size 768)(Figure 1, 3b).
ELU activations are applied in the first two lay-
ers, followed by a linear projection in the final
layer. To combine both modalities, we concate-
nate the document embedding obtained from
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LED with the graph-level representation pro-
duced by the GAT. The resulting representation
is then passed through an additional encoder
layer, allowing interactions between the textual
and graph-based features prior to decoding.

4. Summary Generation: We use the
Longformer-Encoder-Decoder (LED) (Beltagy
et al., 2020) as our base model, where
the encoder processes the concatenated
document and graph representations, and the
decoder generates the lay summary. In the
training, the summary is fed to the decoder to
learn such an output.

Our implementation builds on the publicly avail-
able code provided by ~ Goldsack et al. (2023),
while preserving the original doc-enhance architec-
ture. We made the following changes to support
our experimental setup: (1) we replaced MetaMap
with QuickUMLS for UMLS concept extraction fol-
lowing recent changes in UMLS content views, (2)
we incorporated a concept extraction step based
on YAKE! and DBpedia for OpenBioLaySumm, and
(3) we included a SciBERT-based similarity module
to construct the concept graph during training.

4. Experiments and Results

We did three experiments regarding our method: (1)
the extraction of the concepts, (2) the classification
of the concepts in biomedical entities, and (3) the
lay summarization process. Next, we detail each
one of them and its results.

4.1. Extraction of the Concepts
This stage was performed by the UMLS-based
method and OpenBioLaySumm. For the UMLS-
based method, we adapted the code made avail-
able for the paper (Goldsack et al., 2023) in a
GitHub repository 6. The adaptation is because
the tool used by the authors, MetaMap, was not
maintained anymore7. Thus, we use an alternative,
the QuickUMLS library which presents the same
functionality of extracting UMLS concepts (Soldaini
and Goharian, 2016). In addition to the extraction,
this library also identifies the class of the concept
and the relations between the concepts. Therefore,
the next stage, classification of concepts, is not
necessary for the UMLS-based method.

For OpenBioLaySumm, we exploit the keyword
extraction called Yake! proposed by Campos et al.

6https://github.com/TGoldsack1/
Enhancing_Biomedical_Lay_Summarisation_
with_External_Knowledge_Graphs

7https://wayback.archive-it.org/7867/
20241213191952/https://lhncbc.nlm.nih.
gov/ii/tools/MetaMap.html

(2020), which uses a statistical technique to iden-
tify the main keywords in a given text. We apply
Yake! for each document with the number of terms
(top) set to 10, n-grams of up to 2 words(n = 2),
which means only unigrams and bigrams, and a
variable deduplication limit (dedupLim) set to 0.5.
Deduplication merges similar keywords to avoid
redundancy, and a value of 0.5 merges similar key-
words with 50% similarity according to the Leven-
shtein distance. Examples of biomedical keywords
extracted from the test set are: “neck region”, “cell
membrane”, “cell growth”, and “endocytic events”.
Some non-biomedical keywords are also extracted,
but this is not relevant to the generation of the lay
summary; that is why we discard these concepts
using an automatic classification step, which is de-
scribed in Section 4.2. Examples of non-biomedical
words in the test set are: “figure supplement”, “Sup-
plementary file”, “Time constant”, and “label set”.

To assess whether Yake! is able to extract terms
that express biomedical concepts, one of the au-
thors of this paper evaluated the extracted key-
words. For this evaluation, we randomly selected
50 papers from the test set, and the 10 keywords
extracted for each paper were evaluated as biomed-
ical and non-biomedical. The total of evaluated
keywords was 500 terms from the test set. In this
set, 151 keywords were not considered biomedical,
while 349 keywords were considered biomedical.
Thus, 70% of the keywords extracted by Yake! were
biomedical.

4.2. Classification of the Concepts
As described in Section 3.2, UMLS-based methods
do not require domain classification since the UMLS
Metathesaurus is curated by specialists. However,
OpenBioLaySumm requires filtering since YAKE!
extracts keywords from all domains without biomed-
ical discrimination. This section presents the exper-
imental validation of our zero-shot LLM classifica-
tion approach.

To assess the capabilities of the model to classify
a given concept in a zero-shot manner into biomedi-
cal or non-biomedical, one of the authors evaluated
the output of the model. Similarly to the keywords
evaluation, 10 keywords and their respective DB-
Pedia entries of a sample of 50 documents were
analyzed, for a total of 500 DBPedia entries. Co-
hen’s Kappa agreement between the LLM classifier
and a human evaluator was computed per docu-
ment, and the average of the values was 0.3324.
Half of the agreements were poor (22, κ < 0.20), a
few presented a slight (4, 0.20 ≤ κ < 0.40) , and the
rest were moderate to almost perfect (24, κ ≥ 0.40).
In a more detailed analysis, it was possible to ob-
serve that the LLM classified a lot of the concepts
as biomedical, probably because it is a general do-
main LLM, and it needed examples to understand
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what a biomedical concept is. However, since the
majority of the concepts extracted are biomedical
(70%), the influence of the mistakes of the clas-
sification is probably small in the summarization
result. We leave as future work the application of a
few-shot approach at this stage of the proposal.

4.3. Lay Summarization
For the OpenBioLaySumm, it is necessary to re-
late each concept to the others. In this stage, we
use SciBERT and compute the cosine similarity
between the concepts. Concept pairs with cosine
similarity above 0.7 are connected by edges in the
graph. The representation of the graph is learned
by the Graph Attention Network (GAT) and con-
catenated with the LED text embedding of the doc-
ument, and fed to a Decoder, which is then respon-
sible for producing the summary. We trained all four
models (BART baseline, BART+YAKE!, UMLS re-
production, and OpenBioLaySumm) using a learn-
ing rate 2e-6, and a batch size 2-4. All models used
identical decoding parameters: beam search with 4
beams, minimum length 100 tokens, length penalty
2.0, and no-repeat-ngram size 3. However, due
to limitations in our computational resources, the
UMLS (Goldsack) strategy was trained only with
5 epochs, while BART, BART+YAKE!, and Open-
BioLaySumm (YAKE!+DBPedia) were run with 20
epochs since they all required less GPU memory
than the UMLS approach. All models were trained
under an identical four-hour GPU budget on an
NVIDIA A100 (40GB). Due to the higher memory
footprint and preprocessing overhead of the UMLS-
based pipeline, it completed five training epochs
within this time constraint, while the other models
completed approximately twenty epochs. Under
the four-hour fixed GPU budget, the UMLS-based
model validation performance peaked at the first
epoch and did not show consistent improvement in
subsequent epochs, suggesting early convergence
under the given setup. Early stopping was applied
uniformly across models.

Table 2 depicts the results of the four approaches.
Observe that among the open-based approaches
(BART, BART+YAKE!, and OpenBioLaySumm),
the best results in three metrics are from Open-
BioLaySumm. Another interesting observation
is that BART+YAKE! improved over the baseline,
demonstrating that keyword augmentation alone
provides value even without graph construction.
The ROUGE-Lsum for the BART+YAKE! approach
is also the second-best result, which shows a bet-
ter summary-level sequential coherence. This is
expected: prepending keywords maintains a sim-
ple linear structure, while our GAT-encoded graph
introduces richer but more complex concept rela-
tionships that may occasionally reorder informa-
tion. However, the gain in the three other metrics

achieved by OpenBioLaySumm is more significant
compared to the gain of ROUGE-LSum.

The lay summarization task requires simplifi-
cation of the text. Hence, readability measure-
ments are a usual way to inspect the level of sim-
plification of the results. Figure 2 shows a com-
parison between the gold summaries (reference)
and three of the approaches tested. The Flesch
score is a readability metric based on which the
higher the value, the simpler the text. All the
methods were able to simplify the text beyond the
gold summaries. The UMLS (Goldsack) approach
presented the best simplification results. Regard-
ing the Coleman-Liau and Dale-Chall scores, the
smaller the value, the simpler the text. These met-
rics indicate the same; the UMLS (Goldsack) pre-
sented the lowest values, while OpenBioLaySum
(YAKE!+DBPedia) presented the second lowest
ones. The remaining measures, average sentence
length, average word length, and type-token ratio,
shows similar results. One hypothesis for OpenBio-
LaySumm (YAKE!+DBPedia) presents this type of
result, which is the type of text that DBPedia entries
have compared to the text of the UMLS definitions.
As a general domain knowledge base, DBPedia
probably adds a more diversified vocabulary to the
final summary compared to a specialist-curated
knowledge base, such as UMLS.

In this section, we presented quantitative mea-
sures of the quality of the summaries. However,
we acknowledge ROUGE’s limitations: it measures
lexical overlap rather than semantic fidelity, fac-
tual correctness, or accessibility for lay readers.
Qualitative analysis is essential in those cases, al-
though it would require expensive expert work. To
mitigate the quantitative metrics limitations, and
give a more qualitative view of the results we pro-
vide in the section, an analysis through two illustra-
tive examples: a success case where OpenBioLay-
Summ (YAKE!+DBpedia) outperforms the UMLS
(Goldsack) approach, and a failure case where it
achieves significantly lower BLEU scores.

5. Discussion

We will divide our discussion into two parts. The
first will discuss the quantitative results we pre-
sented in the last section, and the second part will
present two examples and qualitatively discuss the
UMLS-based approach (Goldsack) and the Open-
BioLaySumm (YAKE! + DBPedia). The goal is to
deepen the understanding of the enrichment role
in the lay summarization task.

Quantitative results. We evaluated the three
main stages of our pipeline: the keyword extraction,
the classification of concepts in the biomedical do-
main, and the final lay summarization. The first eval-
uation helps to answer our first research question:
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Model ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
BART Baseline 45.84 11.85 20.92 42.55
BART+YAKE! 47.53 12.97 21.63 44.04
OpenBioLaySumm (YAKE!+DBpedia) 58.44 20.65 43.45 43.47
UMLS (Goldsack et al.)† 60.26 22.55 45.45 45.44

Table 2: ROUGE scores on the test split. †Our reproduction using QuickUMLS and 5 training epochs.
Goldsack et al. (2023) reported ROUGE-1: 48.58 and ROUGE-L: 45.71 on PLOS+eLife combined
dataset using MetaMap and full training. Direct comparison is limited due to dataset and implementation
differences.

Figure 2: Readability measurements for Gold Summary, BART (baseline), OpenBioLay-
Summ(YAKE!+DBPedia), and UMLS (Goldsack)

RQ1) To what extent can a curated subset of auto-
matically extracted keywords from biomedical arti-
cles represent central biomedical concepts? The
results of the assessment indicate that Yake! effec-
tively retrieves biomedical meaning from biomed-
ical papers. In an evaluation of 50 random docu-
ments from our test set, we assessed that approx-
imately 70% of the keywords extracted from the
biomedical papers are domain-related. The min-
imum of biomedical terms in a document was 2,
and the maximum was 10. Despite the minimum of
2 keywords, the average was 6.96± 1.79 and the
mode was 8. These numbers suggest that Yake!
can extract medical terms from the papers. This
is an intuitive result since scientific papers usually
follow a writing template, and the authors usually
convey only the essential information to the readers,
avoiding excess that can confuse.

The LLM classification results presented, most
of the time, low agreement scores with the human
evaluation. In this case, we also evaluated 50 doc-
uments, and 26 presented Cohen’s kappa lower
than 0.40. An inspection of the LLM results re-
vealed that the LLM alone is not capable of being

aware of what a biomedical concept is. We use a
zero-shot approach, which can be the reason for
such a low performance. The LLM classifier iden-
tified 444 of the retrieved concepts as biomedical,
while the human evaluator identified only 349 of
the 500 concepts. One possible solution for im-
provement is to develop a domain classifier, which
could take advantage of the biomedical words to
sieve the relevant entries. An only-encoder model
could be fine-tuned to distinguish biomedical and
non-biomedical terms based on their collected DB-
Pedia entries. A domain-specific classifier could
sieve the concepts more effectively, reducing the
noise of out-of-domain concepts in the GAT. This
could improve the results for an approach based
on the YAKE! and DBPedia.

Finally, the results of the summarization show
that the OpenBioLaySumm achieved 96.97%,
91.57%, 95.59%, and 95.96% of the performance
in the respective ROUGE-1, ROUGE-2, ROUGE-
L, and ROUGE-Lsum scores of the UMLS-based
approach (Goldsack). In a close look at the read-
ability metrics, we can observe that the average
sentence length of the OpenBioLaySumm is greater
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than that of the UMLS one (Goldsack). DBPedia
uses an encyclopedic style in the writing, and com-
pared to a more specialized thesaurus like UMLS,
it probably contains more lengthy sentences and
less objective explanations. The results, therefore,
are a reflection of the DBPedia writing style. The
same influence of the DBPedia style is possible
to observe in the Type-Token Ratio (TTR) boxplot.
This metric measures the number of unique tokens
divided by the total number of tokens. The boxplot
shows that the average of TTR is slightly higher
than the BART approach, indicating that DBPedia
introduced a more diverse vocabulary. The noise
from the non-biomedical entries of the DBPedia
would probably even worsen this effect. We also
computed the BLEU scores for the summaries. Fig-
ure 3 presents the overall BLEU scores, in which
the UMLS (Goldsack) presented a slightly supe-
rior advantage. The analysis of these results an-
swers our second research question, RQ2)Can
a lay summarization technique leveraging open-
source knowledge bases compete with approaches
using licensed ontologies? The answer to this ques-
tion is positive since our preliminary results with an
open-resource approach reached between 91.57%
and 96.97% in the ROUGE metrics.

Qualitative results. Regarding the extracted
keywords, it is possible to observe that some of
the identified terms that are not biomedical are
very repetitive. For instance, the word “figure” ap-
pears in 72 of the extracted keywords, and “sup-
plement” appears in 43. Differently, the most fre-
quent biomedical keywords present much lower fre-
quency values. For instance, “cells“, “dna” and “cell”
appear in 18, 16, and 15 keywords. This is probably
because the articles in this particular dataset cover
a broad number of topics within the biomedical do-
main, and the discovered keywords are meaningful
for summarization.

The LLM classification, despite its poor results,
was able to filter a very common non-biomedical
keyword, “figure supplement”. However, the LLM
made simple mistakes like classifying the concept
Politician8 as biomedical. This type of error caused
a lot of noise in the final result.

For the summarization results, we will look at two
examples. The first example is depicted in Table 3,
the OpenBioLaySumm shows better performance
than the UMLS (Goldsack) approach. Observe
that in this example, both have low BLEU values,
but OpenBioLaySumm presented a better phras-
ing, and the concepts in this abstract (“electrical
impulse”, “vesicles”, “membrane”, etc) are very dif-
ferent, which favors the DBPedia approach.

We examined failure cases to understand when
graph-based augmentation degrades performance.

8http://dbpedia.org/resource/
Politician

Success Case: Neuroscience Abstract (Synap-
tic Transmission)
BLEU_UMLS = 8.804; BLEU_Ours = 15.906
(+81%)
UMLS: Neurons communi-
cate with each another ...
a electrical signal is between a nerve ... vesi-

cles are travel to each on the membrane...
OpenBioLaySumm: Neurons
communicate with one another ...
a electrical impulse reaches from a neuron ...

vesicles are leave to receptors on the surface...

Green = Better phrasing; Red = Errors in UMLS

Table 3: OpenBioLaySumm achieves 81% higher
BLEU by better capturing key biological relation-
ships (receptors, synapses, vesicles) through DB-
pedia’s general-domain knowledge graph.

Table 4 shows an example where OpenBioLay-
Summ achieves only 34.34% of UMLS’s BLEU
score (7.016 vs. 20.432) on a text about Notch sig-
naling. The failure exhibits two issues. First, both
methods struggle to correctly tokenize and preserve
protein family names (Delta, Serrate, Jagged), pro-
ducing fragments like "Seragged" , "Lagagged" ,
and repeated single-letter tokens "D D D" . Sec-
ond, OpenBioLaySumm’s graph structure amplifies
these errors: the high semantic similarity between
protein names (Notch, DLL1, DLL4, Jagged) cre-
ates densely connected subgraphs. This causes
the GAT attention mechanism to cycle through sim-
ilar fragmented tokens, leading to severe repetition
patterns like "of of both of some of" that further
degrade BLEU scores. Despite this type of case,
our method’s overall strong performance (ROUGE-
1: 58.44, 96.97% of UMLS) indicates this is a
bounded problem affecting a small subset of highly
technical abstracts.

6. Conclusion

In this work, we propose an open-resource ap-
proach to lay summarization of biomedical papers.
We showed that the performance of the proposed
approach is competitive, and information extraction
can be achieved in different ways other than ex-
clusively named entities, like YAKE!. Finally, we
showed examples of the test set that demonstrate
the strengths and weaknesses of our method.

However, this work has several limitations. One
of them is that we only tested one LLM for the classi-
fication, and nowadays there is a diverse set of mod-
els that could be tested. Another one is that, due to
constraints in computational resources, we did not
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Figure 3: The BLEU scores for the UMLS (Goldsack) and the OpenBioLaySumm (YAKE!+DBPedia)

UMLS (Goldsack) BLEU = 20.432 OpenBioLaySumm BLEU = 7.016 (-65.66%)
Protein name fragmentation:

receptors lig Seragged ligands bind... to a on lig- Lagagged ligands bind...
Mammals have Not of Not ligands, D of of Jagged... Theals have Not of lig ligands, D that of Jagged...
DLL1 and DLL4 are activate in in cells cells , of, D D
some tissues D D D ...

DLL1 and DLL4 are bind on on the cells ,
of of both of some of have D type...

Structural errors:

Onealing are between and forth cells
on on and off ...

Oneals from from and forth the
as and on on and off ...

Table 4: Failure case showing severe degradation with protein-heavy terminology. Both methods fragment
protein names (Serrate/Jagged → "Seragged"/"Lagagged" , Delta → "D" ), but OpenBioLaySumm shows
more repetition ( "of of both of some of" , 66% BLEU drop). The dense graph of similar protein concepts
amplifies tokenization errors through attention cycles.

test several different parameters for the model, in-
cluding YAKE! parameters. The prompt is also very
simple, and a few-shot approach could improve
the results. Also, the evaluation was conducted
by only one person, who is also one of the au-
thors of the paper. An additional human evaluation
would strengthen the conclusions of the proposed
approach. Our approach struggles with abstracts
containing many similar, interconnected technical
entities (e.g., protein families with multiple related
members). The graph structure, while beneficial
for most documents, can amplify confusion in such
cases by creating densely connected concept clus-
ters that lead to repetitive generation. Also, due to
computational constraints, we reduced SciBERT
embeddings from 768 to 50 dimensions via PCA.
While this enabled processing within our GPU bud-
get, we did not systematically evaluate the impact
of this reduction on final performance. Future work
should explore the trade-off between dimensional-

ity, computational cost, and summarization quality.
Finally, the classification could benefit from a stan-
dard approach with a BERT-based classifier trained
on general data combined with biomedical data.
This could be an efficient and effective approach
compared to an in-context learning approach based
on LLMs.

Future work should explore adaptive graph prun-
ing that reduces edge density when concepts ex-
ceed a similarity threshold in localized graph re-
gions. Also, we plan an ablation study with the
used parameters and do a comparison between
our GAT-based approach against simpler aggrega-
tion methods (e.g., mean-pooled concept embed-
dings) to isolate the contribution of graph-based
reasoning. This would clarify whether performance
gains stem from DBpedia’s knowledge content or
from the graph structure itself. Finally, we plan to
conduct a more extensive evaluation of the results
with biomedical experts.
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Abstract

The rising adoption of Large Language Models (LLMs) and Retrieval Augmented Generation (RAG) in clinical general
practice demands datasets that capture realistic early-stage clinical decision-making, where experts must decide on
follow-up actions based on sparse, structured patient data. Existing medical Question–Answering (QA) resources
primarily address post-diagnostic or specialist settings and rarely reflect how General Practitioners (GPs) document
and justify early decisions based on clinical observations from Electronic Health Records (EHRs) and grounded on
clinical guidelines. We present TabMedQA, a framework for synthesizing QA collections that emulate how GPs
formulate and document decisions in encounter notes during early patient assessments. TabMedQA leverages
instruction-tuned LLMs, guided by disease-specific clinical guidelines, to generate full encounter notes composed
of a guideline-grounded justification and a corresponding follow-up recommendation directly from structured EHR
inputs. The framework further supports RAG-based evaluation, simulating how GPs might consult previous patient
encounters to inform new consultations. We demonstrate the application and resulting resource use of TabMedQA
on prostate cancer using the publicly available PI-CAI collection and release the resulting PI-CAI QA collection,
resource generation templates, and TabMedQA code. To the best of our knowledge, TabMedQA provides the first
open framework for creating guideline-grounded, EHR-based QA collections that enable the generation and holistic
evaluation of LLM-produced clinical encounter notes, bridging decision-making accuracy with clinical encounter
quality in general practice.

Keywords: Medical QA Datasets, Tabular Data, EHR, Retrieval Augmented Generation, decision-making

1. Introduction

General Practitioners (GPs) operate at the earliest
stage of clinical decision-making, where they have
to interpret sparse and highly heterogeneous pa-
tient information to propose a clinically grounded
and justified course of action (Starfield et al., 2005).
For this purpose, they typically rely on limited struc-
tured data from Electronic Health Records (EHRs)
such as demographics, risk factors and medical
test screening results (Crosson et al., 2005). By
the end of each patient consultation, the GP must
document a medical encounter note that includes
(i) a recommendation regarding patient follow-up
and (ii) a justification of their decision grounded
in clinical observations and established medical
guidelines (Europe, 2002). These encounter notes
serve not only as formal documentation of the con-
sultation, but also as a legal and ethical safeguard
ensuring traceability of decisions and transparency
towards patients (Rose and Joshi, 2018; Sittig and
Singh, 2011).

Large Language Models (LLMs) equipped with
Retrieval Augmented Generation (RAG) are in-
creasingly integrated into clinical workflows of GPs
to assist with documentation, information retrieval
and decision support (Gaber et al., 2025; Lu et al.,
2024). Such systems can access collections of pre-
vious patient encounters and their medical notes,

allowing them to ground their responses in compa-
rable cases. Within this context, the process of gen-
erating a medical encounter note from EHR data
can be naturally viewed as a question-answering
(QA) task (Figure 1). Here, the GP acts as the user
who formulates a question to an LLM system that
has access to the patient’s structured information,
and, optionally, similar historical cases, requesting
an answer in the form of an encounter note that
outlines an appropriate follow-up recommendation
together with a justification consistent with clinical
guidelines. However, in spite of the relevance of
the scenario in real-world clinical practice, collec-
tions supporting the systematic development and
evaluation of LLM with RAG emulating GP-LLM
interaction to produce clinical encounter notes re-
main scarce (Shool et al., 2025; Elgedawy et al.,
2024; Gomez-Cabello et al., 2024).

Existing clinical QA datasets primarily address
specialist or post-diagnostic settings, relying on
the availability of medical notes written by experts
or extracting answers from complete clinical
narratives (Jin et al., 2021; Singhal et al., 2025;
Kim et al., 2024). In both cases, these resources
are difficult to obtain at scale because of privacy
restrictions, the high cost of expert annotation and
the variability in clinical documentation practices
(Williamson and Prybutok, 2024; Kitamura et al.,
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Figure 1: Overview of a GP’s consultation workflow, from patient evaluation to the creation of an encounter
note containing a follow-up recommendation and its clinical justification.

2024; Cohen et al., 2019). Furthermore, existing
clinical QA collections provide brief factual answers
or diagnostic labels rather than guideline-grounded
encounter notes that explicitly articulate both
the justification behind a clinical decision and
the corresponding decision (Kim et al., 2024).
As a result, current datasets and benchmarks
provide limited support for studying how can LLMs
generate guideline-consistent encounter notes
from EHR structured data, or how to perform
realistic and holistic evaluations of encounter notes
including decision-making and overall clinical
encounter note quality (Bardhan et al., 2024).

To address these gaps, we introduce
TabMedQA, a framework to construct medi-
cal QA collections that simulate how GPs could
interact with RAG-equipped LLMs during initial
patient evaluations to produce medical encounter
notes. The framework leverages instruction-
tuned LLMs guided by disease-specific clinical
guidelines to generate question-answer pairs
directly from structured EHRs, where each answer
corresponds to an encounter note combining a
clinical-guideline grounded justification and a
follow-up recommendation (Figure 2).

At inference time, resources generated with
TabMedQA support RAG-based evaluation, sim-
ulating how a GP might consult an automated
system that retrieves previous patient encounter
notes to inform new follow-up recommendations
and justifications (Figure 1). We demonstrate its
use through one study case to depict the application
of TabMedQA framework and resulting QA collec-
tion in a clinically realistic early decision-making
scenario. Our main contributions can be summa-
rized as follows:

• We introduce TabMedQA, a framework for con-
structing medical QA collections that simulate
early general-practice consultations (Figure
1). TabMedQA synthesizes encounter notes
with both clinical justifications and follow-up

recommendations from structured EHR data,
guided by disease-specific clinical guidelines
and instructed LLMs.

• We show how TabMedQA-generated QA col-
lections can be used in clinical real-world sce-
narios in which an LLM accesses a bank of
previous patient cases to inform recommen-
dations and justifications for a given new pa-
tient EHR and visit. This mirrors how GPs
could interact with LLM-based systems in clin-
ical practice during new patient visits.

• We release a QA collection focuses on
prostate cancer (PI-CAI QA), together with
the corresponding generation templates and
TabMedQA code to support future research on
early-stage justified clinical-decision making1.

The remainder of the paper is organized as fol-
lows: Section 2 reviews relevant literature, Sec-
tion 3 presents the methodological approach to
construct the TabMedQA framework, Section 4
describes the resulting QA collection obtained by
applying TabMedQA to a clinical use case and pro-
vides guidance on how the resource can be lever-
aged at inference time to simulate GP–LLM inter-
actions, Following, Section 5 details experiments
evaluating these interactions in RAG-based set-
tings where prior encounter notes are used as a
support to synthesize new encounter notes. Sec-
tion 6 discusses results and findings, whilst Sec-
tion 7 concludes with perspectives for future work.
Finally, Section 8 we discuss the limitation our
proposed TabMedQA framework.

2. Related Work

The rapid adoption and integration of LLMs
equipped with RAG in clinical practice has in-
creased the research community interest in under-

1https://github.com/iai-group/
cl4health-tabmedqa/
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standing their impact in decision support and au-
tomatic documentation (Eguia et al., 2024; Gaber
et al., 2025). However, most existing work in this
area has focused on specialist or post-diagnostic
clinical scenarios (Ke et al., 2025), with limited at-
tention to how they could support early, GP settings
where data are primarily structured and decisions
must be justified according to clinical guidelines
(Gomez-Cabello et al., 2024; Korom et al., 2025). In
this section, we review related work along two com-
plementary directions: (i) the use of RAG systems
in healthcare applications and (ii) the development
of QA datasets for evaluating clinical LLMs. To-
gether, they highlight the absence of resources that
combine structured EHR data, guideline-grounded
justifications and retrieval-based access to prior pa-
tient cases emulating realistic GP workflows (Fig-
ure 1).

2.1. RAG in Healthcare

In the healthcare domain, RAG systems have been
explored for a variety of applications, including the
interpretation of clinical guidelines, clinical decision-
support, and diagnostic assistance (Amugongo
et al., 2025; Ge et al., 2024; Rau et al., 2024). For
example, Ge et al. (2024) introduced LiVersa, a liver
disease-specific chat bot that leverages RAG sys-
tems to perform clinical answering for hepatology
questions. Similarly, Rau et al. (2024) developed a
RAG-based chat bot designed for gastrointestinal
imaging, which achieved significantly higher accu-
racy than generic GPT-4 models. Recent studies
have also applied RAG to medical QA and literature-
grounded reasoning tasks, retrieving evidence from
textual biomedical sources rather than patient data
(Singhal et al., 2025; Zhang et al., 2025). While
these systems demonstrate the potential of RAG
in specialized clinical contexts, they primarily rely
on retrieving textual medical knowledge to support
post-diagnostic decision-making. In contrast, the
use of RAG for patient-case retrieval, where mod-
els draw on previous clinical encounters notes or
EHR-derived cases, remains largely unexplored.
This gap is particularly evident in the pre-diagnostic
stage of GPs, where GPs must interpret sparse
structured data to justify and document initial deci-
sions.

2.2. QA Collections for Early Clinical
Decision-making

Benchmark QA collections are essential for evaluat-
ing LLMs and RAG systems, particularly in domain-
specific settings such as healthcare. Existing col-
lections, such as MedQA, MedMCQA, and Pub-
MedQA (Jin et al., 2021; Pal et al., 2022; Jin et al.,
2019) typically consist of multiple-choice questions

or short patient histories designed to assess mod-
els’ abilities to answer clinical questions. However,
these datasets generally provide only question-
response pairs, without capturing the guideline-
grounded justifications that clinicians are expected
to provide when formulating or documenting medi-
cal decisions. In real-world practice, especially in
GP settings, transparency regarding the rationale
and clinical guideline alignment behind a decision
is necessary for accountability and communication
with patients (Kim et al., 2024).

In an effort to move towards this direction, Kim
et al. (2024) introduced MedExQA, which aug-
ments QA pairs with manually crafted explanations
describing the clinical rationale behind each an-
swer. Another example is PMC-Patients (Zhao
et al., 2023), a large patient-summary retrieval
dataset designed for retrieval-based clinical deci-
sion support, which supports patient-to-patient and
patient-to-article retrieval tasks. This setup is con-
ceptually similar to our approach of retrieving clini-
cally similar patient cases to inform new decisions.
While MedExQA and PMC-Patients represent im-
portant steps, their focus remains on specialist or
post-diagnostic scenarios, and its explanations are
generated through manual supervision rather than
structured EHR data and formalized clinical guide-
lines.

3. TabMedQA Framework
Methodology

In TabMedQA, the process of constructing ques-
tion–medical encounter note pairs (QA), follows a
systematic pipeline consisting of four main compo-
nents: EHR Pre-processing, Question Generation,
Guideline Integration, and Encounter Note Synthe-
sis. We illustrate the overall workflow in Figure 2. To
demonstrate the applicability of the framework, we
apply TabMedQA to a use case focuses on prostate
cancer (Saha et al. (2024)), which is described in
the following subsections.

3.1. Prostate Imaging-Cancer Collection
Our framework is applied to the Prostate Imaging-
Cancer collection (PI-CAI) introduced by Saha
et al. (2024). PI-CAI2 is a multi-modal benchmark
for evaluating the detection of clinically significant
prostate cancer (csPC) in a specialist diagnostic
setting. The original collection3 comprises 1,500
MRI examinations from 1,476 male patients clin-
ically suspected of having csPC and referred for
specialist testing between 2012 and 2021. The

2https://pi-cai.grand-challenge.org/
3https://pi-cai.grand-challenge.org/

DATA/
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Figure 2: Overview of the TabMedQA pipeline: From structured (1) EHR data, (2) EHR Preprocessing
(patient feature selection and label encoding), (3) Question Generation, (4–5) Guideline Integration,
Encounter Note Synthesis, and (6) the resulting QA collection.

data were collected from several hospitals in the
Netherlands (Saha et al., 2024; Gade et al., 2024).

Each patient case includes both imaging data
and an EHR4 file describing clinical and demo-
graphic patient features together with a expert-
verified label indicating whether follow-up was
necessary under the suspicion of csPC pres-
ence (Fernandez-Quilez et al., 2024). This decision
label is leveraged as the patient follow-up recom-
mendation ground truth in our pipeline (Figure 2).

For the purpose of our work, we apply the fol-
lowing inclusion criteria to the original available col-
lection (i) EHR records with no missing values for
prostate specific antigen (PSA), prostate specific
antigen density (PSAd), prostate volume, patient
age or follow-up decision ground truth (ii) availabil-
ity of all these features at patient’s first recorded
consultation. After applying these criteria, the re-
sulting collection use for our study case comprised
606 patient EHR records from different patients
(Figure 2, Step 1).

3.2. EHR Preprocessing
The EHR Pre-processing stage (Figure 2, Step 2) is
designed to prepare structured patient features for
TabMedQA by retaining only the features that mir-
ror the type of information GPs access during early
diagnostic evaluations in primary care. Therefore,
the following features are retained: patient age,
PSA, PSAd, and prostate volume. The identifica-
tion of these variables is conducted in collaboration
with an expert and in alignment with clinical guide-
lines (Cornford et al., 2025).

The original PI-CAI decision label indicating
whether each case is at risk of harboring csPC
and thus requires follow-up, is simplified into a bi-
nary decision representing whether a patient is at
risk (1) or not at risk (0) of harboring csPC.

4https://github.com/DIAGNijmegen/
picai_labels

3.3. Question Generation

The Question Generation stage (Figure 2, Step 3)
aims to emulate the interaction between a GP and
an LLM during an early-stage consultation, where
the GP questions the system about the likelihood
of a condition and its justification based on the
available patient features. We choose to focus on
likelihood estimation rather than binary decision
based on real clinical workflows where GPs inter-
pret these likelihoods against guideline-based risk
thresholds to decide whether follow-up is necessary
(Cohen et al., 2019). Each question is grounded
in the patient’s structured EHR data, which pro-
vide the patient features available at the time of the
consultation.

To operationalize this process, we employ a pre-
trained LLM, gpt4o_mini5 to produce medically
relevant questions align with the emulated GP-LLM
interaction. Although the proposed methodology
is model-agnostic and can be with any instructed-
tuned LLM, gpt4o_mini is selected for its demon-
strated ability to generate high-quality and contextu-
ally relevant clinical QA pairs (Lunardi et al., 2025;
Keat et al., 2024; Rewthamrongsris et al., 2025).

The model is prompted with a set of structured
EHR features and instructed to generate clinically
coherent questions that a GP might pose to the
system when evaluating a new patient and writing
the respective encounter note. The Prompt 1 is
designed to ensure that generated questions are
(i) grounded in the provided patient features, (ii)
phrased in natural language and (iii) medically plau-
sible. All generated questions are subsequently
reviewed by a clinical expert to verify their validity
and relevance.

5GPT 4o mini Cost Efficient
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Prompt 1: Query Generation
You are a General Practitioner expert. Given
the following patient data columns:
{patient_feature_descriptions}
transform the provided tabular patient features
into a medical question intended for General
Practitioners and generate a JSON with the
following format:
{"question": <gener-
ated_question>}
EHR data: {patient_feature_values}
Your output:

3.4. Guideline Integration and Encounter
Note Synthesis

Once the question is generated, TabMedQA syn-
thesizes complete medical encounter notes an-
chored in clinical guidelines, combining guideline-
grounded justification with the corresponding follow-
up recommendation (Figure 2, Steps 4–5). This
process emulates how experts justify follow-up rec-
ommendations in real consultations.

To incorporate the guidelines, we first adapt them
to the target use case in collaboration with a clini-
cal expert (Figure 2, Step 4). This integration step
serves as a connection between the structured in-
put and the model’s ability to produce interpretable
justifications, regardless of the disease or dataset
being used.

For the PI-CAI study, we employ the European
Association of Urology (EAU) diagnostic guidelines
(Cornford et al., 2025) which define recommended
threshold values for PSA and PSAd across age
groups. Due to the full EAU guidelines extend be-
yond what GPs typically apply during early con-
sultations, we derive a simplified version verify by
an expert capturing the practical recommendations
that guide GP decision-making6. Whilst we refer to
the study case, the approach is disease-agnostic:
when official clinical guidelines are available for a
condition they can be incorporated directly into the
framework.

The final encounter note is then constructed (Fig-
ure 2, Step 5) by combining three elements: (i) the
original GP-style question, which provides contex-
tual understanding of what must be justified; (ii)
the relevant guideline, which constrains the justi-
fication to evidence-based thresholds and recom-
mendations; and (iii) the patient features, which
anchors the justification in individual clinical find-
ings. We employ gpt4o_mini as the generation
model, guided by the Prompt 2.

6Our adapted guidelines are available at
https://anonymous.4open.science/r/
lrec2026-tabmedqa-40B9.

Prompt 2: Encounter Note Synthesis
You are a General Practitioner expert writing
an encounter note for a patient. Use the pro-
vided patient features and binary decision to
justify the outcome according to the guidelines:
{guidelines}.
For the question "{question}", where the de-
cision answer is {binary_decision}. Here, (1)
indicates that the patient is prone to developing
the disease in the future; (0) otherwise.
Provide a brief justification for General Prac-
titioners, referencing how the patient features
in the question correspond with the guidelines
and considerations in clinical decision-making.
Do not mention the label itself or use definitive
diagnostic statements, but consider that the la-
bel indicates whether the patient has clinically
significant prostate cancer or not. Use formal
clinical language and relevant medical context,
and do not include any information beyond what
is provided.
Return your response in the following JSON
format only:
{ "encounter_note": "<justifi-
cation according to patient fea-
tures and guidelines>" }

Your output:

The prompt results in a synthesized encounter
note, consisting of a concise justification and a
follow-up recommendation. These synthesized
encounter notes represent the final output of
TabMedQA, combining medical evidence-based
justifications with follow-up recommendations to
simulate a realistic GP documentation.

4. PI-CAI QA Collection

After applying TabMedQA to the PI-CAI collection,
we obtain the PI-CAI QA collection. PI-CAI QA is
composed of 606 patient records represented as
triplets (q, d, n), corresponding to the question, a bi-
nary decision, and the encounter note, respectively
(Figure 2, Step 6).

To support experimental evaluation, we randomly
divide the collection into a training and a test set
that preserved the original preprocessed PI-CAI
class distribution (1: 49%, 0: 51%). The training
set consists of 484 unique triplet samples (≈ 80%),
and serves as a bank of past patient uses cases.
The test set contains 122 unique triplet samples
(≈ 20%). The question q in the test set serves
as the retrieval input, the corresponding encounter
note n and the binary decision d act as the target
ground truth. Detailed statistics of PI-CAI QA are
presented in Table 1, whilst Table 2 illustrates one
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randomly selected triplet from the generated PI-CAI
QA collection.

5. Experiments

To verify the usability of the collection, we apply
several models to it. The experiments comprise
two tasks that seek to reflect the dual goals of
TabMedQA: (i) binary decision classification, and
(ii) generation of encounter notes that simulate the
ones a GP might write after a consultation includ-
ing both the decision and its corresponding clinical
guideline-grounded justification.

Model Descriptions. We evaluate four models
representing both feature-based and LLM-based
approaches:

• KNN: A-nearest neighbors classifier trained on
structured EHR data including patients’ age,
PSA, PSAd and prostate volume. Each test
case is labeled according to the majority class
among k most similar training patient, com-
puted via Minkowski distance over structured
patient features. The optimal number of neigh-
bors (k = 19) is selected through grid search
using 10-fold cross validation.

• KNN leveraging Encounter Note Embed-
dings: Encounters notes from the training set
and test questions are embedded using Clini-
cal ModernBERT7 (Lee et al., 2025). We select
this model due to its strong performance on
clinical text embeddings, and for ensuring a
fair comparison with the RAG that also relies
on the same model. The classification task is
performed by comparing each test question to
the embedded encounter notes in this shared
vector space. The best configuration is k = 41,
also determined via grid search with 10-fold
cross-validation.

• Prompting: The question is directly provided
to gpt-4o-mini without retrieval. The model
must infer both the likelihood of disease and its
justification to synthesize the encounter note
directly from EHR data.

• RAG: The question is augmented with the
top-5 most similar encounter notes (k = 5)
retrieved from the training set using cosine
similarity over Clinical ModernBERT embed-
dings. The retrieved encounter notes are con-
catenated with the question as supporting evi-
dence from past cases evidence (Figure 1) for
generation using gpt_4o_mini (temperature
= 0). This setup follows standard practice in

7https://huggingface.co/Simonlee711/
Clinical_ModernBERT

RAG-based QA configurations (Lewis et al.,
2020; Asai et al., 2024)

Task 1: Binary Decision. The first task evalu-
ates whether the models can correctly identify pa-
tients at high risk of developing csPC and requiring
follow-up. Each model outputs a likelihood rep-
resenting a disease risk estimation. The provided
likelihood is then converted into a binary decision la-
bel using a fixed threshold and further incorporated
into the generated encounter note after threshold-
ing. This setup mirrors how a GP interprets like-
lihood against risk thresholds when deciding on
further follow as depicted in Figure 1.

For consistency, all models produce a likelihood
during inference: for KNN, the likelihood corre-
sponds to the fraction of most similar patients with
a positive binary decision; for the LLM-based ap-
proaches (Prompting and RAG), it is derived from
the model’s predicted likelihood or explicit numer-
ical estimate of disease risk. For evaluation pur-
poses, in all cases the threshold was set to 0.5.

Task 2: Encounter Note Synthesis. The sec-
ond task evaluates the models’ ability to synthesize
encounter notes that emulate the notes a GP writes
after consultation. In the Prompting scenario, the
LLM synthesizes a full encounter note directly from
the given question, integrating both the likelihood
statement and its justification. In contrast, the en-
counter note synthesis in RAG is conditioned on
the retrieved encounter notes from the training set,
which serve as a Supporting Evidence.

Evaluation. Model performance is assessed us-
ing both automatic and manual evaluation by a
clinical expert with over 5 years of clinical practice
experience. The automatic evaluation consists of
the binary classification task for predicting whether
the patient is likely to develop csPC and thus re-
quires follow-up. The classification is evaluated
using balanced accuracy, F1, specificity, sensitivity,
and AUC metrics to quantify the model’s discrimina-
tion ability between patients requiring follow-up and
does that do not (Fernandez-Quilez et al., 2024).

To evaluate the quality of the encounter notes
and whether the supporting cases are relevant and
similar to the given questions, the manual evalu-
ation is conducted on a subset of 25 cases from
the test by an clinical expert. The clinical expert re-
views the retrieved supporting cases and the model-
predicted encounter notes, answering a structured
of Yes/No questions that assess whether the follow-
up recommendation is appropriate, the likelihood
estimate clinically reasonable, the justification is
clear and whether the supporting retrieved cases
are relevant. This evaluation complements the au-
tomatic binary decision evaluation and clinical note
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Statistic Value Description
Number of patient sessions 606 Total generated QA entries.
Number of patient features 4 Age, PSA, PSAd, prostate volume.
Binary classes 2 (0 / 1) Non-prone vs. prone to clinically significant

PCa.
Class distribution 1 / 0 (49% / 51%) Balanced label ratio.
Training / Test split 484 / 122 (80% / 20%) Stratified by decision label.
Avg. question length 68.24 tokens Mean number of tokens per question.
Avg. justification length 165.1 tokens Mean number of tokens per encounter note.
Total number of tokens 141,229 Including questions and encounter notes.
Total triplets 606 Number of (q, d, n) entries.

Table 1: Descriptive statistics of the PI-CAI QA dataset.

Field Example
Question For a 61-year-old male patient with a serum prostate-specific antigen level of 20.0 ng/mL,

a prostate-specific antigen density of 0.52 ng/mL/mL, and a prostate volume of 38.0 mL,
what is the likelihood of this patient harboring clinically significant prostate cancer?

Binary Decision 1 (patient likely to develop clinically significant prostate cancer)
Encounter Note The PSA level exceeds the age-specific threshold of 4.5 ng/mL and the PSAd is above

0.15 ng/mL/mL, indicating a high-risk profile. A diagnostic follow-up is recommended
according to the EAU guidelines.

Table 2: Example from the PI-CAI QA collection. Each triplet includes a question, the ground truth for the
binary decision, and a guideline-grounded encounter note.

quality by verifying the human-based clinical plausi-
bility and guideline alignment of the predicted notes.
Each synthesized encounter note is also compared
with its corresponding ground truth encounter note
from the test set using BLEU and ROUGE scores,
which capture surface-level textual overlap but not
deeper clinical correctness or judgment quality. Re-
sults from applying these metrics are depicted in
Table 5.

All experiments employ the same stratified
train/test split described in Table 1, ensuring that
the original dataset distribution of decision labels
(i.e. 0 and 1 binary decisions) are preserved across
train and test sets.

6. Results and Discussion

As shown in Table 4, the KNN baseline performs
only above random (Bal. Acc. = 0.57, AUC
= 0.6), suggesting that the age, PSA, PSAd and
prostate volume features alone cannot clearly sep-
arate patient risk levels without additional context
(e.g., most similar encounter notes). In contrast,
Prompting achieves the best performance (Bal.
Acc. = 0.68, AUC = 0.69), indicating that the LLM
likely leverages medical information captured dur-
ing pre-training. RAG reaches similar balanced
accuracy but shows higher sensitivity (0.87) and
lower specificity (0.29) implying that retrieval in-
creases the model’s ability to detect positive binary
decisions but at the cost of introducing more false
positives. Although the scores are modest, they
are comparable to art results on this collection and

reflect the difficulty of early-stage PCa follow-up
decision-making (Fernandez-Quilez et al., 2024).

Table 3 shows examples of predicted encounter
notes synthesized with Prompting and RAG set-
tings to compare their generated clinical justifica-
tions and follow-up recommendations. During the
manual evaluation by the clinical expert, all follow-
up recommendations (% 100) in the tested subset
are judged as clinically appropriate by the expert,
meaning that the model’s advice for further tests or
monitoring matched with PSA and PSAd thresholds
in the guidelines. On the other hand, the estimated
likelihood suggested by the system is deemed cor-
rect in only about half of the cases (% 52). Around
half of the justifications (% 52) are also considered
clinically clear and aligned with clinical expecta-
tions, while most retrieved supporting cases (i.e.
similar encounter notes) are assessed as relevant
and helpful for synthesizing new patient encounter
notes (% 92).

When looking at the retrieved encounter notes
in more detail, 100 out of 125 individual retrieved
cases (i.e. 5 cases retrieved for each of 25 manu-
ally evaluated notes) are marked as useful. After
close inspection, we observe that the most of the
incorrectly retrieved cases contain big differences
between retrieved PSA and PSAd values when
compared to those of the patient under considera-
tion. These differences reveal models’ sensitivity to
small variations in patient features, which must be
further analyzed to understand what patterns the
model relies on and how retrieval affects its judg-
ments. Overall, the results show that even though
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Method Example
Prompting The patient’s age and elevated PSA level suggest a higher risk for prostate cancer. A PSA of

9.3 ng/mL is above the typical threshold for concern, and while the PSAd of 0.25 ng/mL/mL is
moderate, the prostate volume is normal. These factors indicate a significant possibility of
clinically relevant prostate cancer, but further diagnostic evaluation is needed for a definitive
determination.

RAG The patient is 69 years old with a PSA level of 9.3 ng/mL and a PSAd of 0.25 ng/mL/mL, both of
which are elevated. Comparing to Case 5 (69 years, PSA 17.8 ng/mL, PSAd 0.23 ng/mL/mL)
and Case 1 (PSA 9.4 ng/mL, PSAd 0.25 ng/mL/mL), the patient has similar elevated PSA
and PSAd values, which suggest a higher risk for clinically significant prostate cancer. The
prostate volume of 37.0 mL is also within the range of concern, supporting the need for further
assessment of significant pathology.

Table 3: Examples of encounter notes generated by Prompting and RAG models at the inference stage.

Method Bal. Acc. F1 Spec. Sens. AUC
KNN 0.57 0.58 0.54 0.60 0.63
KNN + Encounter Notes Embeddings 0.57 0.56 0.58 0.55 0.56
Prompting 0.68 0.69 0.63 0.73 0.69
RAG 0.58 0.67 0.29 0.87 0.68

Table 4: Comparison of the models on the binary classification of csPA on the PI-CAI QA dataset. Metrics
reported include Balanced Accuracy (Bal. Acc.), F1-score (F1), Specificity (Spec.), Sensitivity (Sens.),
and Area Under the ROC Curve (AUC).

Method BLEU ROUGE-1 ROUGE-2 ROUGE-L
Prompting 0.09 0.50 0.26 0.34
RAG 0.12 0.58 0.31 0.39

Table 5: Comparison of explanations and ground truth n-gram overlaps based on BLEU and ROUGE
(ROUGE-1, ROUGE-2, ROUGE-L) scores for the LLM-based methods.

the reliability of the encounter notes is still limited,
the RAG is able to quite reliably provide the support-
ing cases, what might be crucial for subsequent
GP’s recommendation.

7. Conclusion and Future Work

In this work, we introduce TabMedQA, a framework
for constructing medical QA collections directly
from structured EHRs. By combining instruction-
tuned LLMs with disease-specific clinical guide-
lines, the framework enables the automated gener-
ation of clinical encounter notes that simulate how
GPs formulate and document early-stage clinical
decisions, including the clinically-grounded justifi-
cations that support them.

We demonstrate the applicability of TabMedQA
in a prostate cancer case study, where the syn-
thesized encounter notes include both guideline-
based justifications and follow-up recommenda-
tions. Experiments show that LLM-based meth-
ods make more clinically accurate decisions than
feature-based baselines, even though the justifica-
tions are not fully clinically correct, factual, or clear.
On the other hand, manual expert evaluations show
that RAG can reliably retrieve supporting cases and
thus enables more reliable human machine-aided

decision making.
Future work will extend the framework to addi-

tional diseases and multi-modal EHR data, explore
automatic factuality and guideline-adherence met-
rics, and investigate temporally aware RAG setups
where retrieved clinical evidence evolves over time.

8. Limitations

Despite of the effectiveness of our TabMedQA
framework, certain limitations still remain. First,
since the questions are derived from structured
EHRs rather than real GP-patient interactions, the
linguistic diversity of the generated text remain lim-
ited. Even though an LLM is employed to enrich
phrasing and emulate human questions. As a con-
sequence, the resulting language may still reflect
the structured nature of EHRs rather than genuine
GP questions. In the same direction, the quality
and coherence of the synthesized encounter notes
are also dependent on the specific LLM being used
during the collection construction, which may in-
troduce model biases or inconsistencies. While
our framework leverages medical guidelines, its
reliability still depends on expert oversight to en-
sure that the synthesized justification and follow-up
recommendations are truly guidelines-consistent.
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Finally, TabMedQA is currently demonstrated on a
single structured collection (PI-CAI), which limits
its generalization across other clinical domains and
data sources.

9. Ethics Statements

This research study was conducted using retrospec-
tively open-access human subject data (Saha et al.,
2024). The use was approved by the institutional
review board of all PI-CAI centers.
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Abstract

Medical discharge reports frequently contain highly technical language that creates significant communication
barriers between healthcare professionals and patients, potentially compromising treatment adherence and
post-discharge care quality. In this paper, we present SimpliMED, a modular system designed to automatically
simplify cardiology discharge reports using Large Language Models (LLMs) and advanced Natural Language
Processing techniques (NLP). Our architecture integrates section-based preprocessing with specialized prompts,
explicit handling of medical abbreviations, and therapeutic explanations of medications to enhance accessibility.
We evaluate our system using a corpus of 307 anonymized cardiology discharge reports from a Spanish medical
center. For abbreviation detection, our fine-tuned Small Language Model (SLM) achieves an F1-score of 0.90,
significantly outperforming regex-based approaches (F1: 0.67). For medication recognition, we achieve F1-scores of
0.91 for commercial names and 0.70 for active principles. We also contribute a therapeutic dictionary containing
14,611 medications with patient-friendly explanations extracted from the Spanish Agency of Medicines. Expert
evaluation by two cardiologists yields an overall quality score of 75%, with highest performance for admission
reason (91%) and current illness (75%) sections. While results demonstrate the potential of LLM-based medical text
simplification for Spanish clinical language, we identify areas requiring further development before clinical deployment.

Keywords: Medical text simplification, clinical NLP, large language models, discharge reports, patient ac-
cessibility, Spanish clinical language, plain language

1. Introduction

Effective medical communication is fundamental to
the relationship between healthcare professionals
and patients. However, hospital discharge reports
frequently employ specialized technical language
that hinders comprehension by patients and their
families (Kandula et al., 2010). This communica-
tion barrier not only generates uncertainty but can
also compromise treatment adherence and subse-
quent medical follow-up. When patients leave the
hospital without fully understanding their diagnosis,
prescribed treatments, or warning signs requiring
immediate attention, the consequences can range
from medication errors to delayed recognition of
serious complications.

This challenge is particularly relevant given that
a significant portion of the population has limited
reading competence (OECD, 2023). The demand
for accessible texts has led to initiatives such as
Easy-to-Read guidelines (AENOR, 2018) and the
Plain Language movement (Adler, 2012). Among
the first systems addressing text simplification for
Spanish, Bott and Saggion (2012) proposed an
automatic approach targeting e-Accessibility. Re-
cently, the Spanish Organic Law 5/2024 on the
Right of Defense mandates that communications
be drafted in clear, universally accessible language,
highlighting the growing legal recognition of text ac-

cessibility.
Recent advances in NLP, particularly the devel-

opment of LLMs (Brown et al., 2020), open new
possibilities for addressing this challenge. These
tools are capable of transforming complex texts
while maintaining their precise content and adapt-
ing the register and complexity of language ac-
cording to the receiver’s needs (Joseph et al.,
2023). The emergence of the Transformer archi-
tecture (Vaswani et al., 2017) revolutionized the
field, enabling models that capture long-range de-
pendencies and generate coherent, contextually
appropriate text.

In this paper, we present SimpliMED, an auto-
mated system designed to transform cardiology
discharge reports into versions that are accessible
and comprehensible to patients. Cardiology reports
present particular challenges: dense technical ter-
minology, numerous abbreviations with context-
dependent meanings, complex medication regi-
mens, and temporal narratives describing clinical
evolution. Through advanced NLP techniques, we
seek to develop a solution that preserves the in-
tegrity of medical information while facilitating its
interpretation.

Our main contributions include a modular archi-
tecture for medical report simplification combining
LLMs with specialized modules for abbreviation and
medication handling (Figure 1), featuring section-
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based preprocessing that enables tailored simplifi-
cation for each report component. We developed
two fine-tuned Small Language Models (SLMs)
achieving F1-scores of 0.90 for clinical abbreviation
detection and 0.91 for medication recognition, as
well as a therapeutic dictionary containing 14,611
medications with simplified explanations extracted
from the AEMPS (Agencia Española de Medica-
mentos y Productos Sanitarios—Spanish Agency
of Medicines and Medical Devices)1. Finally, we
present expert clinical validation by cardiologists
with structured evaluation methodology.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work in text simpli-
fication. In section 3 we describe the SimpliMED
system architecture. Section 4 presents the ex-
perimental setup, showing the results in Section 5.
Section 6 discusses limitations. Finally we con-
clude with Section 7.

2. Related Work

The field of automatic text simplification has under-
gone a paradigm shift in recent years, evolving from
early rule-based systems to the current dominance
of Large Language Models (LLMs). As detailed in
the systematic review by Bednarczyk et al. (2025),
this evolution reflects a transition from rigid syntac-
tic operations towards semantic-aware generative
approaches. Their analysis of 45 recent studies
concludes that LLMs significantly outperform pre-
vious architectures in clinical summarization and
simplification tasks, particularly when fine-tuned on
domain-specific corpora.

Historically, simplification relied on manual rules
and synonym replacement (Carroll et al., 1998), an
approach that, while interpretability-friendly, strug-
gled with the rich variability of natural language.
The statistical machine translation era (Wubben
et al., 2012) and subsequent neural sequence-
to-sequence models (e.g., T5) (Botarleanu et al.,
2020) improved fluency but often required massive
parallel corpora, Simplification/Original pairs, which
are notoriously scarce in specialized domains like
medicine.

In the healthcare context, simplification is not
merely a readability task but a patient safety neces-
sity. Kandula et al. (2010) identified early on that
medical simplification requires handling not just vo-
cabulary but also syntactic complexity and logical
explanations. Unlike general domain simplification,
medical applications must prioritize content preser-
vation above all else. Bednarczyk et al. (2025)
emphasize that while general-purpose models (like
GPT-4 or LLaMA) exhibit strong zero-shot capa-
bilities, superior performance in clinical settings is

1https://cima.aemps.es/

often achieved through specialized fine-tuning. The
comprehensive survey by Ondov et al. (2022) fur-
ther systematizes automated methods for biomed-
ical text simplification, identifying key challenges
including terminology handling, evaluation method-
ology, and the scarcity of domain-specific parallel
corpora.

Recent work addresses simplification from com-
plementary perspectives. Rust et al. (2025) demon-
strated that LLMs can effectively simplify dis-
charge summaries while augmenting them with
lifestyle recommendations. Vásquez-Rodríguez
et al. (2023) proposed document-level simplification
with coherence evaluation, highlighting the impor-
tance of maintaining discourse structure. Vásquez-
Rodríguez et al. (2021) further investigated evalua-
tion methodologies for text simplification, revealing
limitations of standard metrics. Notably, Xia et al.
(2025) introduced JEBS, a fine-grained biomedical
lexical simplification task that explicitly separates
the identification of hard-to-understand terms from
the simplification process, an approach conceptu-
ally aligned with our modular architecture. However,
Joseph et al. (2023) warn that these models require
rigorous domain-specific evaluation beyond stan-
dard metrics like BLEU (Papineni et al., 2002) or
SARI (Xu et al., 2016), which correlate poorly with
clinical accuracy.

Despite these global advances, resources
for Spanish medical simplification remain lim-
ited compared to English. The CLARA-MeD
project (Campillos-Llanos et al., 2022) represents
a significant milestone, providing the first compara-
ble corpus for Spanish medical text simplification,
yet the ecosystem lacks the robust pipeline tools
available for English. Most existing Spanish sys-
tems rely on direct translation of English models or
general-purpose LLMs without clinical grounding.
Our work addresses this gap by proposing a mod-
ular architecture that explicitly separates abbrevia-
tion and medication handling from the simplification
generation, utilizing the generative power of mod-
ern LLMs while imposing the structural constraints
necessary for clinical reliability.

3. Methodology

This section presents the SimpliMED system ar-
chitecture, including model selection rationale, the
specialized modules for abbreviation and medica-
tion handling, and the prompt engineering strategy.

3.1. System Architecture
SimpliMED follows a modular pipeline architecture
(Figure 1) explicitly designed to address the linguis-
tic challenges of clinical documentation through
four integrated components: preprocessing and

73



segmentation, abbreviation detection, medication
recognition, and LLM-based simplification.

Our approach prioritizes the structural modular-
ity of clinical reports, recognizing that each section
serves a distinct communicative function (Denny
et al., 2009). For instance, the admission reason
typically introduces the clinical episode concisely,
whereas diagnostic tests present technical results
requiring detailed explanation. Consequently, the
system processes each section independently us-
ing specialized prompts (Figure 2). This granular
processing strategy allows the incorporation of ap-
propriate levels of detail, structural formatting, and
explanatory depth specifically suited to the unique
requirements of each section type, ensuring higher
quality simplification compared to global process-
ing approaches.

To further enhance accessibility, the architec-
ture incorporates specialized mechanisms for
handling technical terminology. Medical reports
frequently employ abbreviations like AF (Atrial
Fibrillation—abbreviated as “FA” in Spanish), HT
(HyperTension—abbreviated as “HTA” in Span-
ish), and LVEF (Left Ventricular Ejection Fraction—
abbreviated as “FEVI” in Spanish) which create
significant barriers for patients. The system ad-
dresses this issue by explicitly detecting and ex-
panding these terms, maintaining the original ab-
breviation in parentheses to facilitate learning while
ensuring comprehension. Similarly, treatment sec-
tions often present medications in condensed for-
mats with cryptic dosing schedules. The system
enriches this information by identifying medications
and retrieving their specific therapeutic purposes
(e.g., “anticoagulation”, “lipid control”), thereby pro-
viding patients with essential context about their
treatment regimen.

The implementation of this pipeline begins with
preprocessing and segmentation, where raw re-
ports, often containing digitization artifacts, are
transformed into structured text. This stage han-
dles irregularities and divides the content into up to
ten standard clinical sections including admission
reason, medical history, current illness, events dur-
ing admission, diagnostic tests, surgical interven-
tions, discharge diagnosis, treatment, discharge
plan, and follow-up. Following segmentation, the
text flows through the abbreviation and medication
modules (detailed in Section 3.4 and Section 3.5
respectively) before the final LLM-based simplifica-
tion phase (Section 3.6).

3.2. Model Selection
After preliminary evaluation of multiple architec-
tures including LLaMA 2/3 variants (1B–8B param-
eters), Mistral 7B, Gemma 7B, Phi-2, and OpenAI
GPT models (3.5/4/4o), we selected LLaMA 3.1
8B Instruct as our base model. The selection was

driven primarily by privacy requirements: sensitive
medical data requires local processing without ex-
ternal API calls, and healthcare data protection reg-
ulations prohibit transmission of patient information
to third-party cloud services. Consequently, non-
open-weight models were discarded for production
use. While OpenAI models were explored in prelim-
inary phases for methodology development, they
were not used for processing real clinical reports.

The model demonstrated exceptional contextual
sensitivity, maintaining coherence across extended
reports and preserving relationships between sec-
tions, crucial when findings in one section depend
on information presented elsewhere, such as when
the discharge diagnosis must be understood in
the context of diagnostic test results. LLaMA 3.1
8B also showed basic clinical reasoning capacity
sufficient to identify causal relationships between
symptoms, findings, and recommendations, which
proved adequate for the simplification task that pri-
marily requires reformulation rather than diagnosis.
Finally, the 8B parameter model offers an optimal
balance between capability and computational re-
sources for clinical deployment scenarios, with infer-
ence performed on a single GPU within acceptable
time constraints.

3.3. Prompt Engineering Strategy
The design of prompts for each section follows a
systematic architecture where the model assumes
the role of an expert in simplifying cardiology re-
ports for elderly patients with limited medical train-
ing. Each prompt specifies simplification rather
than summarization, maintaining semantic integrity
while ensuring comprehensibility. The prompts em-
phasize concision through short sentences, avoid
unnecessary jargon, and require a formal third-
person style with respectful tone.2

A key strategy involves preserving medical terms
in parentheses when simplifying technical vocabu-
lary, allowing patients to recognize original terminol-
ogy. Semantic fidelity remains the main criterion:
any reformulation must preserve clinical meaning.
The framework provides homogeneous structure
while allowing section-specific nuances, for admis-
sion reason or medical history, causal clarity is
reinforced; for diagnostic tests or treatment, the
need to explain technical terms is emphasized.

3.4. Abbreviation Detection Module
For abbreviation detection, we compared two
approaches. The first is a regex-based detec-
tion approach using the pattern (?<![a-zA-Z0-

2The complete code including all section-specific
prompts is available at https://github.com/
lmolino03/simplimed.
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Figure 1: SimpliMED system architecture. Clinical reports are preprocessed, segmented into sections,
enriched with abbreviation meanings and medication information, then simplified using specialized prompts
per section type.

MOTIVO DE INGRESO
Dolor torácico.
ANTECEDENTES
HTA en tratamiento. DM tipo 2. Dislipemia. Exfumador
desde hace 5 años.
ENFERMEDAD ACTUAL
Varón de 68 años que acude por dolor torácico típico
con cortejo vegetativo.
EVOLUCIÓN Y CURSO CLÍNICO
Paciente que ingresa en UCI coronaria. Se realiza coro-
nariografía urgente con implante de stent en DA proxi-
mal.
PRUEBAS COMPLEMENTARIAS
ECG: elevación ST en V1-V4. Troponinas elevadas.
Ecocardiograma: FEVI 45%.
INTERVENCIÓN - PROCEDIMIENTOS QUIRÚRGICOS
Coronariografía con implante de stent farmacoactivo en
DA proximal.
JUICIO CLÍNICO
SCACEST anterior. Enfermedad coronaria de un vaso
(DA proximal).
TRATAMIENTO
AAS 100mg 1-0-0, Clopidogrel 75mg 1-0-0, Atorvas-
tatina 80mg 0-0-1.
PLAN DE ACTUACIÓN
Rehabilitación cardíaca. Control de factores de riesgo
cardiovascular.
REVISIONES
Consulta de Cardiología en 4 semanas. Control
analítico previo.

(a) Original Report (Spanish)

REASON FOR ADMISSION
Chest pain.
MEDICAL HISTORY
HTA under treatment. Type 2 DM. Dyslipidemia. Ex-
smoker for 5 years.
CURRENT ILLNESS
68-year-old male presenting with typical chest pain with
autonomic symptoms.
EVENTS DURING ADMISSION
Patient admitted to coronary ICU. Urgent coronary an-
giography performed with stent implantation in proximal
LAD.
DIAGNOSTIC TESTS
ECG: ST elevation in V1-V4. Elevated troponins.
Echocardiogram: LVEF 45%.
INTERVENTION - SURGICAL PROCEDURES
Coronary angiography with drug-eluting stent implanta-
tion in proximal LAD.
DISCHARGE DIAGNOSIS
Anterior STEMI. Single-vessel coronary disease (proxi-
mal LAD).
TREATMENT
ASA 100mg 1-0-0, Clopidogrel 75mg 1-0-0, Atorvastatin
80mg 0-0-1.
DISCHARGE PLAN
Cardiac rehabilitation. Cardiovascular risk factor control.
FOLLOW-UP
Cardiology consultation in 4 weeks. Prior bloodwork.

(b) Translated Report for legibility reason(English)

Figure 2: Example of a cardiology discharge report structure showing typical sections processed by
SimpliMED.

9])([A-Z]{2,})(?![a-zA-Z0-9]) to identify
sequences of two or more uppercase characters
not adjacent to alphanumerics, with detected can-
didates validated against the SEDOM (Sociedad
Española de Documentación Médica—Spanish So-
ciety of Medical Documentation) dictionary3 con-
taining 7,054 medical abbreviation entries. The sec-
ond approach uses a LLaMA 3.2 3B Instruct model
fine-tuned on a GPT-4o-annotated corpus, where
the training corpus was generated from 70% of the
clinical reports with GPT-4o identifying all abbrevi-
ations present. Fine-tuning configuration included
batch size 2, 3 epochs, learning rate 1×10−4, max-

3https://sedom.es/

imum sequence length 2,048 tokens, and gradient
accumulation steps 4.

The SLM approach offers advantages over regex
because it considers semantic context rather than
purely orthographic patterns. For example, it can
distinguish “DE” as “Desviación Estándar” (Stan-
dard Deviation) in a laboratory results context ver-
sus the Spanish preposition “de” (of/from) appear-
ing in uppercase text. For abbreviations with mul-
tiple possible meanings, we delegate disambigua-
tion to the simplification LLM, where the prompt
includes the detected abbreviation along with its
possible meanings from the SEDOM dictionary, re-
questing the model to select the contextually appro-
priate interpretation based on the full report content.
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3.5. Medication Recognition Module

Medication recognition relies exclusively on a fine-
tuned SLM, deliberately excluding regex-based ap-
proaches. This design decision stems from the
high variability in how medications appear in clini-
cal text: misspellings, informal abbreviations, and
non-standard forms are common in handwritten or
rapidly dictated reports.

The LLaMA 3B model was fine-tuned for medica-
tion and active principle recognition using the same
training configuration as the abbreviation module.
The annotated corpus was generated using GPT-
4o to identify all medication mentions in the training
set.

To provide meaningful explanations of medica-
tion purposes, we constructed a therapeutic dic-
tionary from the AEMPS database. We collected
14,611 authorized medications in Spain, extracting
information from both patient leaflets and techni-
cal specifications. For each medication, GPT-4o
mini extracted the therapeutic use from Section 1 of
patient leaflets (Accessible language) and Section
4.1 of technical specifications (Clinical indications),
resulting in a dictionary that links each medication
and active principle to a concise therapeutic expla-
nation. This dictionary is publicly available4.

Medication lookup uses Levenshtein distance for
fuzzy matching to handle spelling variations and
typos common in clinical text. For combined medi-
cations with multiple active principles, the system
searches for entries containing all detected compo-
nents.

3.6. LLM-Based Simplification Module

The final simplification stage integrates the outputs
of the abbreviation and medication modules into a
structured prompt for LLaMA 3.1 8B Instruct. For
each section, the prompt includes: (1) the original
clinical text, (2) a list of detected abbreviations with
their expanded meanings as provided by the ab-
breviation module, and (3) for treatment sections,
the identified medications with their therapeutic pur-
poses retrieved from the AEMPS dictionary.

The model processes each section indepen-
dently using section-specific prompts. In the
“with module” configuration, the LLM receives pre-
processed abbreviation expansions and medication
information, enabling it to produce accurate simplifi-
cations. In contrast, the “without module” baseline
relies solely on the LLM’s internal knowledge to
interpret abbreviations and medications during sim-
plification, without any prior detection or dictionary
lookup step.

4https://github.com/sinai-uja/
DICCIONARIO_MEDICAMENTOS

4. Experimental Setup

4.1. Corpus Description
Our corpus comprises 307 anonymized cardiology
discharge reports from University Hospital Jaen
(Spain), provided under an institutional collabora-
tion framework and anonymized following data pro-
tection protocols. This cardiology-focused dataset
presents thematic and terminological coherence
that reduces linguistic variability, enabling develop-
ment of focused systems that are easier to control
and evaluate.

Reports follow a standard structure with up to
ten sections (Table 1), though not all sections ap-
pear in every report. Sections are explicitly labeled
in the reports using recognizable headers, which
our preprocessing module detects through pattern
matching. The most frequent sections are current
illness, medical history, and diagnostic tests, ap-
pearing in approximately 95% of reports, while sur-
gical intervention sections appear only in 42 of 307
reports (14%).

Section Freq. Avg. Tokens
Admission reason 98% ∼5
Medical history 95% ∼85
Current illness 92% ∼70
Discharge diagnosis 90% ∼45
Treatment 88% ∼120
Diagnostic tests 75% ∼180
Events during admission 70% ∼150
Discharge plan 65% ∼50
Follow-up 45% ∼25
Surgical intervention 14% ∼80

Table 1: Report section frequency and average
token count.

Section length varies considerably by type. Ad-
mission reason sections are typically brief (median
∼5 tokens), providing concise statements of the
reason for hospitalization. In contrast, diagnos-
tic test sections show the highest average length
(∼180 tokens), reflecting the need to document mul-
tiple diagnostic study results including numerical
values, reference ranges, and detailed technical
descriptions.

4.2. Abbreviation Analysis
Analysis of the corpus reveals systematic patterns
in abbreviation usage. The most frequent abbrevia-
tions include cardiovascular-specific terms such as
AF, HT, and LVEF (abbreviated as “FA, HTA, and
FEVI” in Spanish).

The abbreviation density varies considerably by
section type. Treatment sections show the highest
abbreviation density, with an average of 8.3 abbre-
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viations per 100 tokens, reflecting the condensed
nature of medication prescriptions. In contrast, ad-
mission reason sections show lower density (2.1
per 100 tokens), as they typically use more com-
plete clinical descriptions. This pattern suggests
that sections requiring quick clinical reference tend
to use more abbreviated forms, while patient-facing
sections, those most likely to be read and inter-
preted by patients, such as admission reason, dis-
charge plan, and follow-up, maintain more explicit
terminology.

4.3. Evaluation Methodology

Given the absence of established automatic metrics
for medical text simplification, we employ a com-
bination of automatic evaluation for subtasks and
expert medical evaluation for overall simplification
quality.

For automatic evaluation of subtasks, we com-
puted Precision, Recall, and F1-score for abbrevi-
ation detection and medication recognition. The
corpus was split into 70% for training (215 reports)
and 30% for testing (92 reports), with the test set
held out entirely from fine-tuning. The test set was
annotated using GPT-4o, which was prompted to
identify all abbreviations and medication mentions
in each report. These annotations were then man-
ually reviewed by the first author to correct errors,
particularly false positives from non-medical up-
percase acronyms and missed active principles.
While we acknowledge that using LLM-generated
annotation, even after manual revision, introduces
potential bias when evaluating other language mod-
els, this approach was necessitated by the lack of
expert-annotated clinical NLP resources for Span-
ish, and the cost of full manual annotation by clini-
cians.

For expert clinical evaluation, two cardiologists
evaluated simplified versions of 8 randomly se-
lected reports. Evaluation was performed by sec-
tion using a 3-level scale where 0 indicates incorrect
simplifications containing factual errors or misinter-
pretations that could mislead patients, 0.5 indicates
partial success where the simplification is generally
acceptable but contains minor issues or room for im-
provement, and 1 indicates correct simplifications
that accurately convey the original information in
accessible language suitable for patients. Addition-
ally, experts provided qualitative feedback including
observations, improvement suggestions, and gen-
eral comments on simplification quality. This dual
approach captures both structured ratings and nu-
anced clinical perspectives that numerical scores
cannot fully represent.

5. Results

This section presents quantitative results for the
specialized subtasks (abbreviation detection, medi-
cation recognition) and qualitative results from ex-
pert evaluation of the complete simplification sys-
tem.

5.1. Abbreviation Detection
The fine-tuned SLM significantly outperforms the
regex-based approach (Table 2).

System Precision Recall F1
Regex-based 0.63 0.77 0.67
SLM (fine-tuned) 0.89 0.93 0.90

Table 2: Abbreviation detection performance com-
parison.

The SLM achieves 23 percentage points higher
F1-score than the regex approach, which suffers
from lower precision (0.63) due to false positives
from uppercase text segments that are not abbrevi-
ations.

5.2. Medication Recognition
Table 3 presents results for medication and active
principle recognition.

Category Precision Recall F1
Active substances 0.70 0.71 0.70
Brand names 0.91 0.91 0.91
Combined (union) 0.89 0.93 0.90

Table 3: Medication recognition performance by
category.

Medication brand names achieve the highest F1
(0.91), while active substances show lower per-
formance (0.70) due to category confusion. The
combined evaluation achieves F1 of 0.90, demon-
strating strong overall medication recognition.

5.3. Expert Evaluation
Two cardiologists independently evaluated simpli-
fied versions of 8 randomly selected reports, scor-
ing each section on a 0–1 scale where 0 indicates
incorrect simplifications with factual errors, 0.5 in-
dicates partial success with minor issues, and 1
indicates correct simplifications suitable for patients.
Table 4 summarizes the evaluation scores across
all sections.

Performance varies considerably across section
types. Admission reason achieves the highest
score (0.91), reflecting brief, factual content requir-
ing minimal interpretation, while diagnostic tests
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Section Score
Admission reason 0.91
Current illness 0.75
Discharge plan 0.71
Medical history 0.69
Intervention 0.67
Discharge diagnosis 0.56
Follow-up 0.56
Treatment 0.53
Events during admission 0.50
Diagnostic tests 0.44
Global Score 0.75

Table 4: Expert evaluation scores by section (n=8
reports, scale 0-1).

receives the lowest (0.44), as technical laboratory
values and electrocardiogram readings require clin-
ical interpretation beyond current model capabili-
ties. The global score of 0.75 indicates reasonable
quality, though significant improvement remains
necessary before clinical deployment.

Analysis of inter-rater agreement yields a
weighted Cohen’s Kappa of 0.72 (Landis and Koch,
1977), indicating substantial agreement, with 73%
of ratings achieving exact agreement. The results
suggest the model excels at reformulating declara-
tive statements but struggles with content requiring
domain expertise for interpretation.

5.4. Qualitative Examples
The following examples illustrate how each special-
ized module contributes to improved simplification.
Below we present the examples with bilingual sup-
port.

Abbreviation expansion. Figure 3 contrasts
correct vs. incorrect abbreviation handling.

Medication explanations. Figure 4 shows how
therapeutic purpose explanations improve treat-
ment comprehension.

6. Discussion

This section evaluates the system’s performance,
analyzes error patterns, and identifies future devel-
opment directions.

6.1. System Performance
SimpliMED demonstrates the effectiveness of a
modular pipeline and domain-adapted Small Lan-
guage Models (SLMs). Our fine-tuned models for
abbreviation detection and medication recognition
achieved F1 scores of 0.90 and 0.91, respectively,
proving that specialized models can be both effi-
cient and accurate. Integrating validated resources
like SEDOM and AEMPS reduces hallucinations,

Abbreviation Expansion Comparison

Note: Abbreviation handling is optimized for
Spanish.
Spanish:
Original: “Antecedentes de HTA y FA perma-
nente. Ecocardiograma con FEVI preservada.”
Without module: “Antecedentes de Hiper-
Tensión Área y Factor de Angustia permanente.
Ecocardiograma con Factor Evidente preser-
vada.”
With module: “Antecedentes de Hipertensión
Arterial (HTA) y Fibrilación Auricular (FA) per-
manente. Ecocardiograma con Fracción de Eye-
cción del Ventrículo Izquierdo (FEVI) preser-
vada.”

English:
Original: “History of HT and permanent AF.
Echocardiogram showing preserved LVEF.”
Without module: “History of Hyper-Tension
Area and permanent Anguish Factor. Echocar-
diogram with Evident Factor preserved.”
With module: “History of Arterial Hyperten-
sion (HT) and permanent Atrial Fibrillation
(AF). Echocardiogram showing preserved Left
Ventricular Ejection Fraction (LVEF).”

Figure 3: Without module: incorrect expansions.
With module: correct clinical meanings.

while expert evaluation by cardiologists provides
deeper insights than standard readability metrics.
However, a key limitation is the lack of direct patient
testing, which remains necessary to fully validate
comprehension improvements.

The use of LLaMA 3.1 8B involves a trade-off
between quality and computational cost. While
requiring significant GPU resources, this model
size offers a balance that smaller models cannot
yet match. Furthermore, our section-based seg-
mentation approach ensures consistency and pre-
vents information loss, highlighting the importance
of structural awareness in clinical text processing.

6.2. Error Analysis

Critical error patterns included incorrect abbrevi-
ation disambiguation (e.g., confusing portal and
pulmonary hypertension) and incomplete explana-
tions for combination medications. Occasional fac-
tual hallucinations in complex clinical interpreta-
tions (like Tako-Tsubo syndrome) underscore the
limitations of current model reasoning in technical
sections.

Future iterations will prioritize Retrieval-
Augmented Generation (RAG) to ground outputs in
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Treatment Section with Therapeutic Explana-
tions

Spanish:
Original: “Apixaban 5mg 1-0-1; Aspirina 100mg
1-0-0; Atorvastatina 80mg 0-0-1”
With treatment module:
• Anticoagulación: Apixaban 5mg. Tomar por

la mañana y por la noche. Sirve para prevenir
coágulos.

• Antiagregante: Aspirina 100mg. Tomar por
la mañana. Sirve para proteger las arterias.

• Lípidos: Atorvastatina 80mg. Tomar por la
noche. Sirve para bajar el colesterol y proteger
el corazón.

English:
Original: “Apixaban 5mg 1-0-1; Aspirin 100mg
1-0-0; Atorvastatin 80mg 0-0-1”
With treatment module:
• Anticoagulation: Apixaban 5mg morning

and evening—prevents clots.
• Antiplatelet: Aspirin 100mg morning—

protects arteries.
• Lipids: Atorvastatin 80mg evening—lowers

cholesterol and protects the heart.

Figure 4: Example of medication simplification.
The treatment module categorizes medications and
adds therapeutic purpose explanations.

verified knowledge bases and clinical knowledge
graphs. Additionally, implementing a human-
in-the-loop validation step will ensure patient
safety during the transition toward fully automated
systems.

6.3. Evaluation Considerations

Our pragmatic evaluation combines automatic met-
rics with expert review, addressing the limitations
of readability indices which often ignore seman-
tic fidelity. Despite the small sample size, expert
feedback correctly prioritizes clinical accuracy and
patient safety.

We acknowledge the potential for bias when us-
ing LLM-generated annotations as reference data.
While manual review mitigates major errors, this
"circular" evaluation highlights the need for expert-
annotated benchmarks specifically for the Spanish
clinical domain.

6.4. Future Work

Future research will focus on extending the system
to other specialties, developing automated metrics
tailored for medical simplification, and conducting

direct patient comprehension studies through inter-
active interfaces.

7. Conclusions

We presented SimpliMED, a modular system for
simplifying cardiology discharge reports using
Large Language Models and specialized NLP com-
ponents. Our approach addresses access barri-
ers that prevent patients from understanding their
medical documentation through an architecture that
integrates three complementary components.

The section-based processing approach pre-
serves clinical completeness by applying tailored
prompts to each report section, avoiding the infor-
mation loss observed with global processing ap-
proaches. The abbreviation handling component,
implemented through fine-tuned detection achiev-
ing F1 of 0.90 combined with contextual disam-
biguation, significantly improves upon LLM-only ap-
proaches that frequently misexpand medical abbre-
viations with potential clinical consequences. The
medication explanation module transforms cryptic
prescription lists into categorized, purposeful treat-
ment summaries through integration of the AEMPS
therapeutic dictionary containing 14,611 medica-
tions.

Expert evaluation by two cardiologists yields 75%
overall quality, with strong performance on admis-
sion reason sections at 91% and current illness
at 75%, while identifying challenges with technical
sections like diagnostic tests at 44% that require
clinical interpretation beyond current model capa-
bilities.

While demonstrating significant potential, Sim-
pliMED requires further development before clinical
deployment. Critical needs include enhanced dis-
ambiguation mechanisms to prevent dangerous
misinterpretations, clinical validation pipelines to
catch conceptual errors, and robust handling of
complex medical concepts. The expert feedback
particularly emphasizes restructuring outputs to-
ward direct, patient-centered communication rather
than technical reformulation.

This work represents a meaningful step toward
improving patient access to medical information
and reducing health literacy barriers in Spanish
healthcare contexts. As legal requirements for ac-
cessible institutional communications extend to the
medical domain, systems like SimpliMED will be-
come increasingly essential for ensuring patients’
right to understand their own health information.

8. Limitations

Several limitations constrain the interpretation and
generalization of our results. First, expert evalu-
ation covered only 8 reports due to resource con-
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straints; while informative, this sample size limits
generalization of quality assessments and necessi-
tates larger-scale clinical validation before deploy-
ment. Second, no established automatic metrics
exist for medical text simplification quality, tradi-
tional readability indices do not account for seman-
tic fidelity or clinical accuracy, complicating iterative
development and benchmark comparisons.

The system was developed and evaluated ex-
clusively on cardiology reports. Generalization to
other medical specialties requires additional adap-
tation and validation, as terminology, abbreviations,
and section structures vary significantly across clin-
ical domains. Furthermore, while expert evalua-
tion assesses clinical accuracy, we did not conduct
comprehension testing with actual patients, leav-
ing the ultimate measure of simplification success,
improved patient understanding, to be validated in
future work.

9. Ethical Considerations

This research was conducted in accordance with
the ethical principles of the Declaration of Helsinki
and was approved by the corresponding insti-
tutional Ethics Committee (code: SICEIA-2024-
001925). Informed consent was waived by this
committee due to the retrospective design and the
use of anonymized data from hospital discharge
reports.

The study complied with applicable data protec-
tion regulations, including the European General
Data Protection Regulation and Spanish healthcare
data protection laws. The corpus of 307 cardiology
discharge reports was fully anonymized prior to use,
with all patient identifiers, dates, and potentially
identifying information removed by the providing
medical institution.

The system is designed as a clinical decision
support tool and is not intended to replace profes-
sional medical judgment. Simplified reports are
meant to complement, not substitute, direct patient-
physician communication. We acknowledge the
risk of oversimplification potentially omitting clini-
cally relevant nuances, and recommend that any
deployment include physician review of simplified
outputs before patient delivery.
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Abstract
Metaphors play an important role in communication between cancer patients and clinicians. In this work, we
present the first study on automated extraction of Dutch metaphors from cancer patient interviews and online
forum data using large language models (LLMs) and human validation. We develop a human-in-the-loop
extraction framework combining structured prompting, automatic verification, and expert linguistic evaluation. We
evaluate multiple open-source LLMs and prompting strategies, including chain-of-thought and knowledge-guided
prompting. Our approach resulted in the HealthQuote.NL dataset, containing 130 validated metaphors. We
analyse common model errors, including hallucination and confusion with idioms, and show that refined prompting
achieved 63.2% precision. This work provides both a novel dataset and an extraction framework to support
patient-centred healthcare communication and future metaphor research. We share our prompts and resources at
https://github.com/4dpicture/HealthQuote.NL

Keywords: Metaphor, Healthcare, Cancer Patients, Dutch language, LLMs

1. Introduction

According to the Contemporary theory of metaphor,
a metaphor is “a cross-domain mapping in the
conceptual system” (Lakoff, 1993). Metaphor can
be expressed in different linguistic units, such as
words, phrases, or sentence levels. People use
metaphors in daily life with or without realising them.

In the healthcare domain, metaphors can play
a helpful role in the communication between care-
givers and cancer patients (Semino et al., 2017b;
Harrington, 2012; Liu et al., 2024): patients can be
helped by comparing their cancer treatment pro-
cess to e.g. journeys or battles. In the UK, the
Metaphor Menu has been a successful project, pub-
lishing a pamphlet of potentially helpful metaphors
for patients living with cancer.1

In this paper, we take the first steps in collecting
a set of Dutch-language metaphors related to living
with cancer. We extract these metaphors from pa-
tient utterances, both spoken (transcribed) and writ-
ten. To this end, we analyse two distinct corpora of
Dutch patient narratives: interviews and blog posts
(kanker.nl). We experiment with a suite of small,
local LLMs and a range of prompting techniques to
extract metaphors from texts. After analysing the

1https://wp.lancs.ac.uk/melc/
the-metaphor-menu/

output with simple instruction prompts, we identify
7 challenges for this task, including hallucination of
metaphors, figurative language or idioms mistaken
as metaphors, and abstraction instead of extrac-
tion of the originally mentioned metaphors. With
more advanced prompting techniques, including
chain-of-thought and iterative self-prompting, we
were able to address these challenges to some
extent and extract useful metaphors from the two
datasets.

In summary, our contributions are:
• We present the first study investigating large

language models for metaphor extraction in
Dutch cancer patient narratives to support
patient-centred healthcare communication.2

• We develop a human-in-the-loop extraction
framework combining structured prompting,
automatic verification, and expert linguistic val-
idation.

• We construct HealthQuote.NL, a curated
dataset of 130 validated Dutch metaphors de-
rived from interviews and forum data.

2Regarding data sharing of HealthQuote.NL, to pro-
tect patients’ privacy, we generate paraphrased and syn-
thetic examples using the metaphors we extracted from
online forum text.
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Figure 1: Related Work in Three Dimensions

• We provide an empirical analysis of prompting
strategies, identifying common failure modes
such as hallucination, abstraction, and idiom
confusion.

2. Related Work

In this section, since we did not find literature work
exactly on metaphor identification for Dutch cancer
patients, i.e. satisfying the triple(metaphor, Dutch,
cancer), we introduce works from three perspec-
tives: metaphor identification in Dutch, metaphors
in cancer, and metaphors in Dutch healthcare, as
in Figure 1.

2.1. Metaphor Identification in Dutch
Regarding metaphor identification and extraction
methods in Dutch, to the best of our knowledge,
little work has been done. One PhD thesis by
Pasma (2011) focused on metaphor and register
variation in Dutch news discourse. They extended
the metaphor identification procedure (MIP) from
Group (2007) by adapting it to some new situa-
tion when “cross-domain mapping” appears for cer-
tain words, including “direct metaphor”, “implicit
metaphor”, and “metaphor flag”. This adaptation
has been applied to the Dutch discourse corpus
on news texts. The MIP principle is a symbolic text
examination on a word-by-word basis. Later on,
there have been a few works published as book
chapters (non-open-access books) by the same
research group, following the PhD thesis project,
including (Pasma, 2012, 2019).

Another loosely related work is from De Knop
and Perrez (2014), which studies the conceptual
metaphors of Dutch and German for efficient teach-
ing and, alternatively, aims at verifying them.

Our work will be the first exploring and investi-
gating LLMs for Dutch metaphor identification and
extraction.

2.2. Metaphors in Cancer
Various researchers have conducted metaphor
studies within the cancer domain. Review arti-
cles in this topic include Harrington (2012); Liu

et al. (2024). Semino et al. (2017a) carried out
comparative studies on metaphors used by cancer
patients vs health professionals at online forums
in the UK between 2007 and 2013. It included
56 patients and 307 health professionals. The
study showed that “violence” and “journey” related
metaphors are not necessarily negative or positive
by default. It depends on how they are used. The
“violence” metaphors were further studied and dis-
cussed in their following work on communicating
nuanced results in Language Consultancy (Demjén
and Semino, 2020). Similar work was conducted
by Declercq et al. (2023) on metaphors use of ma-
chines, journeys, and prisons for chronic pain pa-
tients in consultations to describe pain, illness, and
medicines.

There are courses designed, e.g. “Cancer as
Metaphor” by Penson et al. (2004) for explaining
the strengths and weaknesses of using metaphor
in patient-caregiver relationships. The instructions
covered different roles, including facilitator, oncolo-
gist, psychiatrist, and psychologist.

Focusing on the staging, researchers studied
“imprisonment”, “burden”, “battle”, and “journey”
metaphors on patients living with advanced cancer
using blog posts (Hommerberg et al., 2020), and a
focus group design with eighteen people on cancer
survivor (Appleton and Flynn, 2014).

From a gender perspective, Gibbs Jr and Franks
(2002) studied the relation between language use
and thoughts from 6 females who live with cancer.
From cancer types, Pfeifer et al. (2024) conducted
a study on how metaphors can help the communi-
cation of information exchange from breast cancer
patients about depressive symptoms.

There are also focused studies on language or
region-specific, e.g. Spanish (online forum) (Ma-
gaña and Matlock, 2018), the UK (corpus-based)
(Semino et al., 2017b), American and Nigerian (self-
help books) on “military, journey, personification,
and sports” (Nwankwo, 2024).

Most work has focused on one source of data,
e.g. either online data, interviews, or books. How-
ever, we aim to explore the difference between ver-
bal and online-written data. Similar to (Semino
et al., 2017b), in the interview data we have, there
are 3 roles (patient, significant other, and inter-
viewer), but in Dutch (the Netherlands) instead of
English (UK).

2.3. Metaphors in Dutch Healthcare
To our best knowledge, there is no prior work on
Dutch-language metaphors in the cancer domain.
However, there is some work on metaphor-related
research in other Dutch healthcare domains that
we list here.

To better understand the stigma toward dementia
patients, Creten et al. (2022) conducted sentiment
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analysis of Dutch language using tweets from 2019
to 2020 into seven dimensions, including joke and
metaphor, in addition to others such as informa-
tion, organization, personal experience, politics,
and ridicule. The authors identified 10% of the
tweets were metaphorical during manual coding.

To study the needs of hypertensive patients
expressing themselves using metaphors, analo-
gies, and symbols, such as the causes and con-
sequences of the illness, Schuster et al. (2011)
used 55 patients of three ethnic groups in the
Netherlands, including Creole, Dutch, and Hindus-
tani descent, for in-depth interviews. The find-
ing shows that patients use machine and enemy-
related metaphors to explain the origins and con-
sequences of hypertension, with its characteristics
of silence, invisibility, and uncontrollability.

In another study by Hillen et al. (2025), the au-
thors investigated the usage of metaphoric lan-
guage by clinicians for family members of ICU pa-
tients. They sampled 36 neonatal, pediatric, and
adult patients, together with 104 of their family mem-
bers. Using the transcribed and anonymised audio
recording of conversations, the findings show that
metaphors were used frequently and predominantly
by clinicians to share clinical information and the
awareness of using metaphors by clinicians can
improve effective information exchange. However,
the authors also discussed that both harms and
benefits arise from clinicians using metaphors, e.g.
shared decision making (SDM) might be hindered
if clinicians actively and consciously use metaphor
to steer the families into a direction they consider
as the best for patients.

In contrast to this, in our work, we aim to iden-
tify and extract metaphors used by patients and
their family members (significant others), for better
support of patient care.

3. Methods Design and Development

To identify metaphors used in texts in patient
records, we explore different kinds of techniques
on prompting LLMs, including Persona (Lutz et al.,
2025), chain of thought (CoT) (Saparov and He,
2023), iterative self-prompting (ISP, aka LLM-
assisted prompting) (Romero et al., 2025; Ren et al.,
2025), and knowledge-inserted prompting (Dong
et al., 2024). To analyse if the structure, size of
LLMs, and their pre-trained domain knowledge mat-
ter, we use LLMs from different sizes and structures,
as well as domain-specific ones, including models
pre-trained on medical knowledge.

As shown in Figure 2, the initial prompt we used is
the “Instruction Prompt (I.inP)” using Persona, role
of “system” and “user”, without CoTs. Messages
we used for prompting are:

• "role": "system", "content": "You are an assis-
tant that processes and analyses documents."

• "role": "user", "content": "Here is the doc-
ument: <document-content> Please tell me
metaphors that people used in the conversa-
tion in this document and list them in bullet
points. Can you offer the English translation
version too? Can you also offer the full sen-
tences in which the metaphors were used?"

Then, in the refined prompts (RPs), we added
CoT and ISP by asking LLMs to generate prompts
for such a task. After a few iterations of refine-
ment, the LLM-assisted long and structured prompt
message for this task includes the following key
components.

• Persona: an expert linguist

• Strict Extraction Protocol

– Document Scanning
– Metaphor Identification, CoTs with exam-

ples
– Verification Requirements, different levels
– Data Extraction Format
– Structured Output (Population)

• Quality Control Rules

• Final Instructions

Among the Refined Prompts (RP v1 and v2),
the difference is that for v1, we only gave three
simple and short metaphorical sentences for few-
shot prompting:

• "This treatment is a journey" (medical process
→ travel)

• "Fighting cancer" (disease → war)

• "The tumor is growing like a weed" (cancer →
plant)

For v2, we inserted the entire English Metaphor
Menu list (17 from the public website Metaphor
Menu, Lancaster University (2025)) with our cat-
egorisation. The different settings for RP-v1
and RP-v2 are to investigate 1) if the English
Metaphor Menu can guide the LLMs to extract bet-
ter metaphors; 2) if the English Metaphor Menu will
introduce bias to LLMs to extract only metaphors
like the English metaphors.

For automatic verification (auto.verify), we imple-
mented an external checklist tool for LLMs: if they
are able to find the exact text in the document that
expresses the metaphor, identify the exact section,
identify the speaker’s role (when there are multiple
roles), and identify the metaphor (not literal medical
terms).
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Figure 2: HealthQuote.NL: Extraction Framework using LLMs and Human in the Loop.

For extracted metaphors, we ask LLMs to group
them into 1) types: word, phrase, sentence, and
extended, 2) source domain: violence, journey, na-
ture (garden), games, music, fairground, unwanted
guests, religion, control, building, machine, and
other, and 3) function in context: explanation, cop-
ing, empowerment, relationship, prognosis, treat-
ment, emotion, and humour.

For security and privacy reasons on process-
ing patients’ data, even though they are already
anonymised, we prioritise to use local LLMs through
the ollama platform3 over commercial models. The
open-source models we used include both medical
and general domains.

4. Experiments

4.1. Data
For Patient Story Telling (patientST) Interview
data, we used the transcriptions of 13 documents
from 13 interviews in an oncology setting obtained
from (Griffioen et al., 2021). There are three roles
for each interview: cancer patient, a family mem-
ber or friend of the patient (significant other), and
interviewer (researcher). They are specified as
P (Patiënt), N (Naaste), and O (Onderzoeker) in
the free text. The largest document has 13,777
words and 32 pages, while the smallest document
has 5,596 words and 16 pages. See Figure 3 for
statistics per document.

3https://ollama.com/library

Figure 3: Interview Data Statistics.

For cancer patient forum data, we have a col-
lection in Dutch of 15,653 blogs, 17,290 comments,
2,246 group discussions, 5,777 “ask a professional”
items in which experts answer questions from pa-
tients, and 10,134 reactions on “ask a professional”
from three cancer types: breast cancer (3,524),
prostate cancer (2,613), and melanoma (614). The
patient content includes treatment phases, treat-
ments, and long-term consequences.

We have approval to use both the two sets of
data for research. We can not disclose the original
forum text. Considering this, instead of displaying
the original text, we will give paraphrases or syn-
thetic example texts generated from the extracted
metaphors.
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4.2. Model Parameter Settings
The models, parameters, and their values we ex-
plored (model configuration) are:

• Prompts: Instruction Prompt (IP), RP-v1, RP-
v2

• Text split: max-token=4000, overlap-token:
40, char-per-token: 4

• Models: qwen3:8b, gemma3:12b,
gemma3:27b, llama3.1:8b, mistral:7b,
deepseek-r1:8b, meditron:7b, medllama2:7b

• Options: context size window=32768, temper-
ature=0.8, top-k=40, top-p=0.9

Among these parameters, higher temperature
allows LLMs to generate more diverse or creative
outputs, but also increase the chance of nonsen-
sical, irrelevant, or factually incorrect outputs. We
empirically verified that this did not significantly
reduce extraction faithfulness due to human val-
idation. Although metaphor extraction is primarily
an extractive task, a moderately high temperature
was used to allow models to detect less explicit
metaphorical expressions that may not follow fixed
linguistic patterns. Human validation ensured that
only faithful extractions were retained.

4.3. Evaluation Setting
In addition to the automatic verification steps shown
in Figure 2, we conducted a human qualitative eval-
uation of the extracted metaphors. Three native
Dutch speakers with PhD degrees and expertise
in computational linguistics, health communication,
or related fields independently reviewed the out-
puts. Each candidate metaphor was assessed for
faithfulness (explicitly present in the original text,
not hallucinated or paraphrased), metaphoricity
(genuine cross-domain conceptual mapping rather
than literal language or idioms), and contextual ap-
propriateness (accurately reflecting the intended
meaning in context). Each item was labelled as
valid or invalid metaphor, and disagreements were
resolved through discussion to reach consensus.
This human-in-the-loop evaluation ensured linguis-
tic validity and contextual correctness, and enabled
the construction of the HealthQuote.NL dataset for
downstream analysis and clinical communication
applications. Only validated metaphors were in-
cluded in the final corpus and reported in the re-
sults.

4.4. Quantitative Evaluation
To assess the effectiveness of the prompting strate-
gies, we measured the precision of metaphor ex-
traction under different prompt settings. Precision

was defined as:

Precision =
Metaphorvalidated
Metaphortotal

where Metaphorvalidated and Metaphortotal are
the number of metaphors validated after human
verification and the total number of candidate
metaphors generated, respectively.

Table 1 shows the comparison between Instruc-
tion Prompt and Refined Prompts.

Prompt Generated V. P.
Instruction Prompt 72 41 56.9%
Refined Prompt v1 38 24 63.2%
Refined Prompt v2 174 24 13.8%

Table 1: Comparison of metaphor extraction per-
formance across prompting strategies (V: valid; P:
precision)

Using the initial instruction prompt, the model
generated 72 candidate metaphors across 13 inter-
view documents. After human verification, 41 were
confirmed as valid metaphors, resulting in a preci-
sion of 56.9%. The remaining candidates included
hallucinated metaphors, paraphrased expressions,
and idioms.

The refined prompt (RP-V1) achieved substan-
tially higher precision, confirming that structured
prompting, chain-of-thought reasoning, and explicit
extraction constraints reduce hallucination and im-
prove faithfulness.

The refined prompt v2 generated substantially
more candidate metaphors (174) due to broader
model testing, but only 24 were validated as
true metaphors, resulting in a precision of 13.8%.
This indicates that while providing the full English
Metaphor Menu increased sensitivity, it also in-
troduced significant noise and over-interpretation
for some LLMs. In contrast, refined prompt v1
achieved the best balance between precision and
extraction quality.

4.5. Output with Initial Instruction
Prompt

We first list some challenges with example outputs
using llama3.1:8b and only initial Instruction Prompt
(I.InP) without CoT on interview data:

1) Some abstractive or paraphrased sum-
marised metaphors, instead of extractive: e.g. a)
from Doc-6: "Een strijd voeren voor je lijf" (Fighting
a battle for your body) from Full sentence: "Dat doe
je ook deels voor je familie. Want die vinden, ja die
willen graag dat je blijft en dan zegt het lijf vanzelf
’ja ik ga knokken’." (You do it also partly for your
family. Because they want to stay and then your
body says itself "yes I’ll fight"); and another one b)
from Doc-12: "Het is alsof je in de nacht ziet en je
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weet niet wat er aan de hand is" (It’s like seeing
things in the dark and not knowing what’s going on)
from Full sentence: "Maar het was alsof ik in de
nacht stond en niets zag. Ik wist niet wat er aan de
hand was." ("But it was like standing in the night
and seeing nothing. I didn’t know what was going
on.")

2) Fail to translate simple sentences: e.g. from
Doc-8: De zonsondergang van zijn leven" (“no di-
rect English translation” from LLM, shall be “the
sunset of his life”) but it gave an explanation of the
metaphor: “using sunset as a metaphor for the end
of one’s life”.

3) Suggesting metaphors output plain text: e.g.
from Doc-9: For the original text in Dutch: "Het is
heel belangrijk dat patiënten heel positief blijven
en de familie ook - niet alleen familie, vrienden-
meepraten en vooral niet bang zijn" (translation in
English: "It’s very important for patients to stay pos-
itive and for the family too - not just family, friends
- to discuss things and especially not be afraid"),
LLM suggests the following metaphor: “Comparing
the patient’s journey to a ship navigating through
stormy waters. The speaker emphasises the im-
portance of staying positive and discussing things
openly.”, which can be useful in communication to
support patients illustratively.

4) Figurative language rather than strict
metaphors: e.g. in Doc-9: the original Dutch text "Ik
denk dat we allemaal een beetje te vroeg geboren
zijn" (translation in English: "I think we’re all a bit
too early born"). It was interpreted as metaphor by
LLM “Comparing human beings to products that
are not yet ready for use. The speaker humorously
suggests that they and their family members are
still learning how to navigate the healthcare system.”
However, this is more as a figurative language ex-
pression, instead of metaphor mapping A to B.

5) Over-Interpreting metaphors: e.g. from
Doc-10, a metaphor "een klein schip in de storm"
(English Translation: "A small ship in a storm") is
suggested from “het wachten” ("the waiting"), al-
though the context did not say much about this
metaphor. Instead, the researcher was asking the
patient about the concern of process, as quoted be-
low. “O: Heel goed, dank u. Wat in het hele traject
vond u eng of vervelend? P: Het wachten. O: Wat
waren met name de momenten van het wachten?
” (translation: “O: Very good, thank you. What did
you find scary or annoying about the whole pro-
cess? P: The waiting. O: What were the specific
moments of waiting?”)

Despite these issues, we were able to extract
and collect 28 metaphors from the 13 interviews
after human verification using the initial instruction
prompt. They reflect some of the source domains
we defined later for the refined prompts, including
journey, religion, control, machine, nature, and vio-

lence. From a functional perspective, they can help
communicate: feeling, hospital, process, dealing,
life. These also reflect our function design in RPs
(Section 3).

We also explored I.inP with verification tool
(I.inP.VT) control and the original English Metaphor
Menu webpage link (I.inP.V.L). Overall, 7 were re-
identified by the model, however, there are also 3
variations and 13 new ones generated, together
with the original 28 resulting in 41 in total from
the initial instruction prompts. For examples of
variations, e.g. from Doc-1, the full sentence "P: Ja,
die morfine maakt dat je, die die heeft me ook wel
angstig gemaakt." ("P: Yes, that morphine makes
you, that made me anxious too."), I.inP generated
“Morfine brengt angstgevoelens naar boven" (Mor-
phine brings anxiety feelings to the surface), while
the I.inP.VT generated more indirect and figurative
expression “Er zit een morfine achter je" (There’s
morphine behind you). The metaphor is that the
morphine is a physical presence that’s affecting
their behaviour.

In the outputs using the verification tool and the
English Metaphor Menu website page link, we have
new findings that we list here following the afore-
mentioned list.

6) The LLM extracted idioms instead of
metaphors. For instance, from Doc-1 "Een baby-
hoeveelheid" (A baby-amount) is extracted to ex-
press the dietary change from the patients, from the
full sentence: "Het is maar een baby-hoeveelheid.
Nog niet eens de helft van hij vroeger at." ("It’s only
a baby’s amount. Not even half of what he used to
eat.)

7) The LLM hallucinated metaphors, e.g. from
Doc-5, LLM generates a metaphor "De dokter is
een dominee" (The doctor is a preacher), from the
original sentence: "Die arts-assistent was echt 0
komma 0." (English translation: "That doctor’s as-
sistant was 0 point 0."). LLM explains “The speaker
compares the doctor to a preacher, implying they
were ineffective and unhelpful.” Firstly, it switched
the role from “doctor’s assistant” to “the doctor”.
Secondly, “preacher” was not used in the context.
The difference between Point 5 and Point 7 is that,
Over-interpreting metaphors is more than sugges-
tive metaphors but still try to interpret the situa-
tion; however, Hallucinated metaphors even mis-
interpreted the roles in the context, e.g. “doctor” to
the “assistant”.

4.6. Output with Refined Prompts

We applied Refined Prompts (RPs) with CoTs (v1
and v2) and English metaphor menu as inserted
knowledge (full text, instead of webpage link), in-
context learning for v2. We applied these two RPs
on the interview data, and the collected metaphors
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are categorised into types (word, phrase, sen-
tence), source domains, and functions.

With RPs and inserted knowledge, 24
metaphors are collected after human verifi-
cation from collective LLMs, Table 2. The output
metaphors from RPs are more closely related to
the original context and have less hallucination.
Thus, in total, the initial instruction prompts and
RPs have collected 65 (41+24) metaphors from
interview data.

However, it is still not possible to totally avoid
it. For instance, from Doc-3, LLMs (mistral:7b)
attempt to create a metaphor out of the original
phrase "Volle melk, volle yoghurt.." ("Full milk, full
yoghurt..."). It describes "The patient compares
their current state to a full milk or yogurt container,
possibly emphasising the feeling of being over-
whelmed.", with "reasoning": "This is metaphorical
because the context suggests an emotional burden
that goes beyond physical nourishment." However,
the original context has only talked about food.

These findings are also supported by recent work
from (Fuoli et al., 2026) where the authors dis-
cussed the hallucinations and prompt sensitivity
of LLMs on metaphor detection. This justifies the
human in the loop design of our work. In addition,
they also carried out fine-tuning LLMs on this task,
mentioning grey areas and conceptual challenges
in metaphor theory.

4.7. Application to Blog Data
As a pilot application, we applied our automatic
metaphor extraction method (Gemma3:27b via Ol-
lama) to the first 100 blog posts on Kanker.nl.
The method is designed to retrieve health-related
metaphorical expressions by construction, and thus
targets figurative language specifically linked to ill-
ness experience rather than general metaphor use.
The output included both novel metaphors and fre-
quent idiomatic expressions that are part of every-
day Dutch. Examples of conventionalised or dead
metaphors include “te horen krijgen” (“to be told”),
“meten is weten” (“to measure is to know”), “ik baal
als een stekker” (“I’m as annoyed as a plug”), and
“laten we hopen dat alles met een sisser afloopt”
(“let’s hope it all blows over quietly”). While emo-
tionally expressive, such idioms are generic and
not specific to the cancer experience.

Across the 100 posts, the model identified 39
posts containing at least one candidate expres-
sion, yielding 65 distinct health-related metaphor
instances. All extracted instances were manually
reviewed with respect to their health-related rele-
vance and potential downstream utility. Of the 65
instances, 10 (15.4%) satisfied the stricter criteria of
novelty, contextual specificity, and therapeutic rele-
vance required for potential inclusion in a metaphor
menu. This proportion reflects the downstream

acceptance rate under the defined application cri-
teria and should not be interpreted as a precision
estimate for metaphor detection. Expressions not
selected at this stage were excluded due to con-
ventionality or limited conceptual richness rather
than extraction error.

These most salient examples demonstrate how
patients and relatives employ creative language to
articulate emotion, reframe vulnerability, and con-
struct meaning in relation to illness. The selected
metaphors, grouped below by their metaphorical
vehicle, illustrate the method’s ability to surface con-
ceptually rich, health-related figurative expressions
in naturally occurring patient discourse.

The Party Here, cancer is personified as an unin-
vited celebrant. The party metaphor conveys irony
and defiance, transforming fear into dark humor.
This creative reversal allows the writer to express
anger and regain narrative control by reframing
the illness as something absurd rather than purely
tragic.

“I was told not to use worrying titles any-
more, so this time I’ve decided to make it a
celebration instead – my cancer is having
a party of its own.””

The Car The damaged car serves as a vivid
metaphor for physical and emotional wear. It con-
veys the experience of being battered but not be-
yond repair, blending vulnerability with resilience.
The detailed imagery grounds the illness experi-
ence in tangible, everyday language that conveys
fatigue and determination simultaneously.

“I feel like an old wreck of a car, the kind
that can’t be patched up with filler anymore
– it needs entirely new bodywork, like the
rusty 2CV sitting in someone’s garden.”

The Lighthouse The lighthouse represents guid-
ance, stability, and safety. It evokes the dependable
presence of loved ones who provide light and orien-
tation amid uncertainty. This metaphor articulates
the relational and emotional support structures cru-
cial for coping with illness.

“A lighthouse – someone solid and con-
stant, always there to guide you through
the dark.”

The Storm The storm metaphor externalizes
psychological turmoil and intrusive thoughts. By
likening mental distress to turbulent weather, the
speaker gives form to anxiety and confusion, mak-
ing inner chaos visible and easier to communicate.

“It feels as if a wild storm is roaring through
my head.”
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Overall Qwen Mistral MedLlama DeepSeek Llama3.1:8B Gemma3:12B Gemma3:27B
24 5 8 1 0 5 1 4

Table 2: Validated metaphor counts from collective LLMs using RPs on interview data.

The Train The train functions as a metaphor for
relentless motion and loss of control. These images
capture the unstoppable pace of medical treatment
and the sense that life continues regardless of one’s
readiness, balancing fatigue with perseverance.

“Just when you think you’ve stepped off
one speeding train, you realize you’re al-
ready on the next one.””
“Life keeps pounding along like a fast-
moving train – whether I’m ready to get on
or not.”

The Painting Referring to the red surgical mark-
ings before an operation, the painting metaphor
reinterprets the medicalized body as a canvas. It
reframes vulnerability as something that can hold
meaning and even beauty, allowing patients to re-
claim agency over their altered bodies.

“My stomach looks like a work of art now,
covered with careful red lines and circles
drawn before surgery.”

The Final Chord The musical metaphor of the
final chord transforms death into a form of com-
pletion rather than cessation. It provides emo-
tional and narrative closure, allowing grief to be
expressed through harmony and resolution.

“This feels like the final note in the song
of our journey together – the moment of
closure that sends everything gently into
silence.”

These selected metaphors show how writers on
Kanker.nl employ creative figurative language to
convey themes of control, damage, support, turbu-
lence, transformation, and closure. The combina-
tion of automatic extraction and qualitative interpre-
tation reveals how metaphor functions as a key tool
for emotional expression and meaning-making in
online narratives of illness.

4.8. GPT on Forum Data
To compare with the open-source LLMs, we also
used GPT models from OpenAI on the forum data
for the metaphor extraction task and prompted
GPT5 to map the extracted metaphors to the En-
glish Metaphor Menu and provide a confidence
score. We list some of our extracted metaphors
using GPT5 (paraphrased) in the appendix sec-
tion, which align with the original English metaphor
menu, as in Figures 4 and 5.

5. Discussion

Firstly, without the CoTs and verification tools we
implemented, the initial instruction prompts pro-
duced abstractive and suggestive metaphors, para-
phrased from what was said in the interview data,
instead of word-for-word extractions. With the re-
fined prompts and the inserted English metaphor
menu knowledge, the LLM-generated metaphors
are more closely reflecting the transcription con-
tent, but also less diverse or creative than the initial
prompting outputs.

Regarding the corpus HealthQuote.NL we gen-
erated, it can be useful for multiple purposes, as
a whole or a subset of columns. For instance,
users can focus on the Dutch metaphors column
for Dutch-focused patient care support. The Dutch-
English bilingual metaphors can be used for non-
Dutch native speakers but who speak English in
the care setting. The categorisation, description,
and reasoning of metaphors can be used to con-
duct a metaphor study itself and the relations within.
The prompts we used and the corresponding var-
ied outputs from LLMs can be explored by AI and
NLP practitioners who are interested in exploring
prompt engineering for better analysis of non-literal
language use.

For the phrase-level and word-level metaphors,
we always add the context sentence as examples
to the dataset for understanding and usage. For
instance, at word level, the pair of original quote
"balletje" and translation “ball”, is accompanied
with the context “O: dan gaat het balletje heel snel
rollen.” (O: Then the ball starts rolling very quickly..)
We also give the description “In this case “balletje”
means ball, like a golf ball or football. Here it means
that cancer treatment is like a fast rolling ball, so
that’s the metaphor”.

From the interview transcriptions, there are many
broken and incomplete sentences, e.g. from Doc-0,
Original sentence: “En, maar met [naam arts] nu,
dat gaat een stuk beter en we hebben sinds dat
wij, dat hij in [plaatsnaam] is gaan kuren, heb je
zo’n oncologieverpleegkundige en daar kan je wel
je vragen aan kwijt en zij... (But now with [name of
doctor], it goes a lot better and since we’ve been at
[place name] to cure, you have an oncology nurse
there where you can put your questions and she...)”.
The metaphors we collected using two data sets
are also different in the domain words that people
used to map to (the vehicle).

From our experimental outputs, different LLMs
can extract and suggest different metaphors from
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the same data we used even though the overlaps
happen sometimes. So, it is useful to have a col-
lective of LLMs to carry out such a task from our
findings.

We have collected metaphors that patients can
use not only in the cancer treatment process but
also for hospitals, clinicians, and families, which
can be very useful in a diverse way. From a clinical
perspective, the extracted metaphors provide in-
sight into how patients conceptualise illness, which
can help clinicians tailor communication strategies.
This aligns with prior work showing that metaphor-
sensitive communication improves patient under-
standing and emotional support.

6. Conclusions and Future Work

In this work, we explored different kinds of prompt-
ing techniques for Dutch metaphor identification
and extraction in cancer domain using two data
sets including interview data transcription (oral lan-
guage) and forum data (written language). Our
findings provide practical guidance for prompt de-
sign in metaphor extraction tasks and demonstrate
the feasibility of building metaphor datasets using
local LLMs. We collected 130 metaphors (65 each)
from two data sets after human verification and
mapped some of the metaphors to the original En-
glish Metaphor Menu. Translation of metaphors
between languages is challenging due to cultural
and conceptual differences. However, the collected
metaphors cover all the categories that the original
English metaphor menu has, with extended new
types, and are further grouped into word, phrase,
and sentence levels.

This collection of Dutch metaphors can be ap-
plied to support cancer patient care by integrating
them into the care-path. For the current study, we
only used 100 posts of the forum data we have.
For future work, we will explore more data from the
blog post for extended experiments. We will look
into some of the MWEs identified by LLMs, since
they always overlap with idioms and metaphors
(Han et al. (2025)). We also plan to explore the in-
terpretability and explainability LLMs, incorporatin
formal annotation protocols, and evaluating addi-
tional models.

7. Limitations

This study has several limitations. First, the dataset
size remains relatively small, particularly for the
interview data. While sufficient for exploratory
analysis, larger datasets would enable more ro-
bust quantitative evaluation. Although formal inter-
annotator agreement metrics such as Cohen’s
Kappa were not computed, all annotations were
independently performed and disagreements were

resolved through discussion to reach consensus.
Third, the prompting strategies were evaluated
primarily on local LLMs. Results may differ for
larger commercial models. Fourth, distinguishing
metaphors from idioms and conventionalised ex-
pressions remains challenging, both for LLMs and
human annotators.

8. Ethical Statement

For both storytelling data (interviews) and kanker.nl
data, we have gained ethical approvals within the re-
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A. Reproducibility

To support reproducibility, we release:

• all prompts used in the study,

• model configurations,

• extraction framework code,

• paraphrased and synthetic metaphor exam-
ples.

Due to privacy restrictions, original patient texts
cannot be shared. The statistics of HealthQuote.nl
is shown in Table 3.

Dataset Size
Interview documents 13
Blog posts analysed 100
Validated metaphors (interview) 65
Validated metaphors (blog) 65
Total validated metaphors 130

Table 3: HealthQuote.NL dataset statistics

B. Dutch Alignment to English
Metaphor Menu

To examine cross-lingual alignment between Dutch
metaphors and the English Metaphor Menu, we
applied GPT-5 to the forum data and asked it to
map each extracted Dutch metaphor to one of the
17 conceptual categories defined in the original
English resource. Figures 4 and 5 present para-
phrased examples together with the corresponding
Dutch metaphor, the mapped Metaphor Menu cat-
egory ("map"), the model’s confidence score, and
an explanation of the alignment.

The results show that many Dutch metaphors
used by cancer patients correspond closely to
the conceptual domains identified in the English
Metaphor Menu, including battle (e.g., “vechten als
een leeuw”), journey and progress (e.g., “stappen
gezet”), unwanted guest or lingering presence (e.g.,
references to scars or body parts as companions),
and emotional turbulence (e.g., “emotionele bal-
letje dat stuitert”). The confidence scores reflect
the model’s estimation of semantic similarity be-
tween the Dutch metaphor and the English concep-
tual category, with higher scores indicating stronger
alignment.

These findings suggest that the conceptual
metaphor structures underlying cancer experiences
are largely shared across languages, while still al-
lowing for culturally specific linguistic realizations.
This alignment supports the feasibility of extending
the Metaphor Menu framework to Dutch and pro-
vides further validation for the metaphors included
in the HealthQuote.NL dataset.
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Blog text (paraphrased) Metaphor  
(in Dutch) 

map Confidence 
Score 

Explanation 

Daar zit je dan… in de wachtkamer bij 
dokter De Leeuw. Goede naam, denk ik 
nog, hopelijk vecht ze ook als een leeuw. 
Mijn man zit zenuwachtig zijn handen 
samen te knijpen. O, wat had ik hem dit 
graag bespaard. ... 
De dokter vertelt waar ik een groot litteken 
zal krijgen. Ik maak een stom grapje: ik ben 
toch al gelukkig getrouwd. … 
Mijn gedachten dwalen af. Lymfeklieren, 
overal in je lichaam… Ineens raakt het me 
volledig, heel kort maar glashelder. De 
brok in mijn keel voel ik, maar ik druk de 
tranen weg. Nee, dat sta ik mezelf niet toe. 
De kinderen… denk aan de kinderen. We 
gaan gewoon voor goede uitslagen. Ik zal 
vechten als een leeuw. 
Als je wilt, kan ik er ook een meer literaire, 
bijna poëtische versie van maken, die de 
spanning en emoties nóg sterker 
benadrukt, zonder dat het te zwaar wordt. 
Wil je dat?   

Hopelijk vecht ze 
als een leeuw. 

7 0.95 Explicit simile of fighting like a lion 
— directly expresses a 
combat/fight frame, matching item 
7 (I don’t intend to give up; I want 
to fight). 

een groot litteken 13 0.72 A scar functions as a lasting 
trace/after-effect of 
illness/treatment; thematically 
closest to item 13 (cancer as an 
unwelcome lodger that leaves a 
mess / lasting memory/residue). 

Ineens raakt het 
me volledig, heel 
kort maar 
glashelder. 

2 0.85 This describes sudden clarity and 
heightened perception; maps best 
to item 2 (the illness makes you 
look up and take notice of the 
scenery / increased 
appreciation/awareness) 

Ik zal vechten als 
een leeuw. 
 
 

7 0.99 Straightforward, first-person battle 
metaphor — very strong direct fit 
with item 7 (determined combat). 

Na een week wachten mochten we 
eindelijk de uitslag van het biopt van een 
vlekje in mijn mond horen. Volgens Dokter 
Google zou het zomaar een onschuldige 
“amalgaamtattoo” kunnen zijn, maar 
stiekem bleef in mijn achterhoofd het idee 
rondspoken dat het ook een melanoom kon 
zijn.  .... Dankzij hem konden we snel weer 
naar huis. Nu op naar woensdag: het 
intakegesprek over de immunotherapie, 
waarvan de eerste behandeling donderdag 
al op het programma staat. 

Volgens Dokter 
Google kon het 
een onschuldige 
'amalgaamtattoo' 
zijn, … melanoom 
kon zijn. 

1 0.65 The 'haunting in the back of my 
mind' gives a feeling of fear and 
uncertainty that is temporary, 
which fits item 1 (scary fairground 
ride) 

konden we snel 
weer naar huis 
 

5 0.25 Returning home after reassurance 
suggests social/support element; 
loosely aligns with item 5 (the 
rocks in our path are easier with 
others who help you). Low 
confidence because the phrase is 
largely literal (going home) and 
not a clear metaphor of shared 
burden. 

Op naar 
woensdag, het 
intakegesprek over 
de 
immunotherapie... 

3 0.30 Phrase implying forward motion 
toward a next step; loosely maps 
to a journey metaphor. Best (but 
weak) fit is item 3 (journeys vary 
in length; what matters is how we 
walk the journey) because it 
signals continuing along a 
process. Low confidence because 
the expression is mostly 
temporal/planning rather than an 
explicit journey metaphor. 

 

Figure 4: Metaphor identification using GPT5 on forum data (paraphrased) with model confidence scores:
part-1 (‘map’ column refers to the value in original English Metaphor menu)
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Blog text (paraphrased) Metaphor  
(in Dutch) 

map Conf. 
Score 

Explanation 

... Ik ben de afgelopen weken druk 
geweest met alles rondom mijn 
reconstructie, gesprekken met mijn 
psycholoog, rebalancing en andere dingen 
om alles een plek te geven, en ook om mijn 
werkuren langzaam weer op te bouwen. 
Voor mijn gevoel heb ik behoorlijk wat 
stappen gezet, en 70% van de tijd gaat het 
eigenlijk best goed. ... Dat blijft nog steeds 
het meest onwerkelijke van alles: zo heb je 
er twee, en ineens nog maar één. 
... 
Toen ik gisteren naar de fysio reed en 
langs het ziekenhuis kwam, kreeg ik ineens 
flashbacks van de rit naar het ziekenhuis 
voor de amputatie, inclusief de angst en 
het verdriet die ik toen voelde, en de 
terugweg na de operatie, toen mijn plezier 
in het leven ineens leek te verdwijnen 
tegelijk met mijn borst. Het rauwe verdriet 
kwam ineens terug. ... 
Het helpt ook niet dat ik vaak droom dat ik 
op de operatietafel lig, wachtend op de 
chirurg, of dat ik me probeer te verstoppen. 
Sinds de amputatie droom ik regelmatig 
over geopereerd worden. Het zijn geen 
fijne dromen. 
Soms vind ik het gewoon zo’n raar idee. 
Mijn borst heeft me vanaf mijn puberteit 
vergezeld, een groot deel van mijn leven, 
en binnen een uur haalt een chirurg hem 
weg. ... 
Het onwerkelijke gevoel blijft ook. Soms 
lijkt het alsof mijn brein achterloopt, alsof 
het denkt: ... Ik was er immers bij, maar 
soms voelt het alsof het niet echt mij is 
overkomen, of alsof ik het niet volledig kan 
bevatten. Ik zie een lege plek, en fysiek 
weet ik dat ik een operatie heb gehad, 
maar het voelt soms alsof ik nog in een 
droom of nachtmerrie zit waaruit ik moet 
ontwaken. 
... De plastisch chirurg legde uit dat dit 
normaal is: het brein communiceert met 
alle lichaamsdelen en ontvangt signalen 
terug, maar niet van de delen die weg zijn, 
waardoor het brein concludeert dat er iets 
niet klopt. .... Toch kijk ik uit naar het 
moment dat het emotionele “balletje” wat 
minder hard stuitert. 

om alles een plek 
te geven 

3 0.65 Putting things in place = processing and 
moving along; maps reasonably to type 3 (the 
journey and how we walk it — making steps 
and arranging things emotionally). 

wat stappen gezet 3 0.95 'Steps' is a clear journey/process metaphor — 
strong match to type 3. 

zo heb je er twee, 
en ineens nog 
maar één 

1 0.75 The suddenness/disorientation evokes abrupt 
jolting change—loosely like type 1 (scary 
ride/abrupt experience). 

mijn plezier in het 
leven ineens leek 
te verdwijnen 
tegelijk met mijn 
borst 

9 0.45 Equating loss of pleasure with loss of the 
breast suggests ongoing 
relationship/ebb-and-flow of experience; type 9 
(cancer as relationship with shifting control) is 
a loose interpretive fit. 

droom dat ik op 
de operatietafel 
lig  

14 0.50 Dreams and hiding suggest alienation from the 
body and invasive experience; relates to type 
14 (initial alien-invasion/feeling not connected 
to changed body) 

mijn borst heeft 
me ... vergezeld 

13 0.75 Breast as a companion/personified presence 
resonates with type 13 (cancer/part as an 
unwelcome/lingering lodger/stranger) — 
emphasizes loss and relationship to the 
body-part. 

binnen een uur 
haalt een chirurg 
hem weg  

13 0.80 
 
 

Reduction of a breast to 'a piece of tissue' / 
discarded object implies dispossession and 
stranger/other framing — aligns with type 13 
(unwanted lodger/alien presence and loss). 

alsof mijn brein 
achterloopt 

14 0.80 The 'brain lagging' image captures 
disconnection between mind and changed 
body — a strong match to type 14 (feeling 
alienated/not connected to bodily change). 

ik zie een lege 
plek 

6 0.60 An ongoing felt absence (empty place) causing 
discomfort resonates with type 6 (persistent 
irritant/limitation after cancer — stone in the 
shoe metaphor for ongoing ache/discomfort). 

het brein 
communiceert ... 
maar niet van de 
delen die weg 
zijn, waardoor het 
brein concludeert 
dat er iets niet 
klopt 

14 0.70 This physiological personification (brain-body 
dialogue) highlights disconnection and 'not 
right' sensation — thematically fits type 14 
(initial alienation / not integrated). 

dat emotionele 
'balletje' wat 
minder hard 
stuitert 

1 0.92 Same bouncing-ball image; explicitly about 
calming emotional oscillation — strong match 
to type 1. 

 

Figure 5: Metaphor identification using GPT5 on forum data (paraphrased) with model confidence scores:
part-2 (‘map’ column refers to the value in original English Metaphor menu)
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Abstract
Electronic Health Records (EHRs) contain comprehensive patient information that is often voluminous and challenging
to review efficiently. This paper presents a systematic evaluation of multiple methods for compressing patient
records into standardized, comparable formats. Four compression approaches are implemented and compared: two
template-based methods (structured extraction, extractive key-phrase) and two LLM-based methods (LLM, and hybrid
LLM with 8 different models). Using a synthetic cohort of 75 patient records generated with realistic clinical patterns,
each method is evaluated on information preservation (diagnosis, medication, allergy, lab value recall, and vital
accuracy), compression efficiency, and output quality. Across methods, diagnosis recall ranged from 0.637 to 1.000,
with medication and allergy recall consistently exceeding 0.880. In the test setup, the template-based approach
yielded the highest compression ratio (7.6×), while the hybrid methods provided the most balanced trade-off between
compression and clinical utility. These results suggest that combining structured extraction with LLM-generated
summaries can be an effective strategy for scenarios requiring both compact representations and contextual clinical
information.

Keywords: Electronic Health Records, Clinical Text Summarization, Large Language Models, Data Com-
pression, Clinical NLP, Infographics

1. Introduction

The proliferation of Electronic Health Records
(EHRs) has created both opportunities and chal-
lenges for healthcare delivery. While comprehen-
sive digital records enable better continuity of care,
the sheer volume of clinical documentation often ex-
ceeds what clinicians can efficiently review (Shickel
et al., 2018). A typical patient encounter may re-
quire reviewing hundreds of pages of prior records,
laboratory results, medication lists, and clinical
notes (Pivovarov and Elhadad, 2015).

This information overload has motivated signifi-
cant research into clinical text summarization and
EHR compression. Recent advances in Large
Language Models (LLMs) have shown promis-
ing results in generating coherent clinical sum-
maries (Van Veen et al., 2024; Schilder et al., 2025;
Schoonbeek et al., 2025). However, questions re-
main about the optimal approach for different clini-
cal use cases, particularly when the goal is to en-
able rapid comparison across multiple patients.

This work investigates methods for generating
compressed representations of patient records that
retain essential clinical information while supporting
efficient review. The contributions include:

1. A systematic comparison of four compression
methods spanning template-based and LLM-
based approaches with different models.

2. A synthetic patient dataset with realistic clinical
patterns for reproducible evaluation.

3. Novel evaluation metrics focused on informa-
tion preservation and comparability.

4. An open-source implementation with info-
graphic visualization tools.

2. Related Work

2.1. Clinical Text Summarization
Clinical text summarization has evolved signifi-
cantly with the advent of deep learning. Early ap-
proaches relied on extractive methods that selected
key sentences from source documents (Pivovarov
and Elhadad, 2015). More recent work has ex-
plored abstractive summarization using transformer
architectures (Shickel et al., 2018).

Van Veen et al. (Van Veen et al., 2024) demon-
strated that adapted LLMs can outperform medical
experts in clinical text summarization tasks. Their
study applied adaptation methods to eight LLMs
across four clinical summarization tasks, finding
that in 45% of cases LLM summaries were equiva-
lent to expert summaries, and in 36% of cases they
were superior.

A recent scoping review (Schilder et al., 2025)
analyzed 30 studies on LLM-based clinical text
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summarization, identifying key limitations including
narrow research focus (57% on radiology reports),
heavy reliance on the MIMIC dataset (50% of stud-
ies), and insufficient clinical impact evaluation.

2.2. EHR Representation Learning
Deep representation learning for EHRs has been
extensively studied (Si et al., 2021). The Graph
Convolutional Transformer (Choi et al., 2020)
demonstrated the value of learning graphical struc-
tures from EHR data. BioBERT (Lee et al., 2020)
and Clinical BERT (Alsentzer et al., 2019) have
shown strong performance on biomedical NLP
tasks.

2.3. Large Language Models in
Healthcare

GPT-4 (OpenAI, 2023) and similar LLMs have
demonstrated remarkable capabilities in medical
knowledge tasks (Singhal et al., 2023). Tang et
al. (Tang et al., 2023) evaluated LLMs on med-
ical evidence summarization, finding promising
but inconsistent results. Concerns remain about
hallucination and factual accuracy in clinical con-
texts (Wornow et al., 2023). MedGemma models
were built upon Gemma 3, with optimization for
medical domains, and has been shown to outper-
form other generative models of comparable size
on clinically oriented tasks. (Sellergren et al., 2025)

2.4. Synthetic EHR Generation
Synthea (Walonoski et al., 2018) provides an open-
source framework for generating realistic synthetic
patient records. The synthetic data approach ad-
dresses privacy concerns while enabling repro-
ducible research. Synthea generates complete
patient histories conformant with FHIR standards,
including diagnoses, medications, procedures, and
laboratory values.

3. Methods

3.1. Dataset Generation
A synthetic cohort of 75 patient records was gener-
ated using a custom generator inspired by Synthea
(Walonoski et al., 2018). Each record includes:

• Demographics (name, age, gender, MRN)

• Diagnoses with ICD-10 codes (1-7 per patient)

• Medications with dosing (1-12 per patient)

• Allergies with reaction severity

• Vital signs (BP, HR, RR, SpO2, weight, ...)

• Laboratory results with reference ranges and
abnormal flags

• Social and family history

• Clinical notes (1,500-2,500 characters)

Patient complexity was varied across three lev-
els (low: 29 patients, moderate: 33 patients, high:
13 patients), affecting the number of diagnoses,
medications, and abnormal findings.

3.2. Example Patient Record
Listing 1 shows an excerpt from a synthetic patient
record. The full clinical note spans approximately
1,874 characters and includes structured sections
for chief complaint, history, medications, allergies,
vital signs, physical examination, laboratory results,
and assessment.
CHIEF COMPLAINT: COPD exacerbation

HISTORY OF PRESENT ILLNESS:
Patient presents COPD exacerbation.
Patient reports compliance with current
medications. Ongoing management of
Urinary tract infection.

PAST MEDICAL HISTORY:
- Urinary tract infection (N39.0)

MEDICATIONS:
- Aspirin 81mg daily
- Sertraline 50mg daily
- Lisinopril 10mg daily

ALLERGIES:
- No known allergies

VITAL SIGNS:
- Blood Pressure: 119/72 mmHg
- Heart Rate: 65 bpm
- Oxygen Saturation: 100%
- Weight: 111.9 kg, Height: 173 cm
- BMI: 37.4

LABORATORY RESULTS:
- WBC: 8.41 K/uL (4.5-11.0)
- Hemoglobin: 15.94 g/dL (12.0-17.5)
- Glucose: 92.76 mg/dL (70-100)
- eGFR: 49.0 mL/min (90-120) [L]
[...]

Listing 1: Excerpt from original patient record (Pa-
tient MRN000001, 56-year-old male). Full record:
1,874 characters.

3.3. Compression Methods
In total, four distinct compression methods were
evaluated. The LLM-based approach and the hy-
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brid LLM approach each incorporated eight differ-
ent models, resulting in 18 individual compression
tests across all four methods:

3.3.1. Template-Based Extraction

A rule-based approach that extracts key informa-
tion using predefined templates without natural lan-
guage generation. Key elements (diagnoses, medi-
cations, vitals, abnormal labs) are directly extracted
and formatted into a standardized structure.

3.3.2. Extractive Key-Phrase

Uses TF-IDF-inspired scoring to identify and ex-
tract the most clinically significant phrases from the
patient record. Medical terms are weighted by cat-
egory (diagnoses: 3.0, allergies: 3.0, medications:
2.5, abnormal labs: 2.0).

3.3.3. LLM

Uses different LLM models to generate structured
clinical summaries. The model receives formatted
patient data and returns JSON-structured output
including primary diagnoses, vitals summary, risk
factors, active allergies, active medications, critical
labs, clinical summary and care priorities. The eval-
uation included both cloud-based and self-hosted
model deployments:

• GPT-4o-mini (cloud)

• GPT-4o (cloud)

• google_medgemma-4b-it-Q6_K_L (local)

• google_medgemma-27b-it-Q6_K_L (local)

• gemma-3-12b-it-Q4_K_M (local)

• lfm2.5-thinking (local)

• Meta-Llama-3.1-8B-Instruct-Q6_K_L (local)

• nemotron-3-nano (local)

Prompt: No prompt engineering was performed
to avoid introducing potential bias in favor of specific
models. Instead, a single concise and clear instruc-
tion set was developed that consistently produced
valid outputs across all evaluated systems.

3.3.4. Hybrid-LLM

Combines template-based structured extraction,
described in subsection 3.3.1 with LLM-generated
clinical narratives. Structured data (vitals, labs,
medications) are extracted algorithmically, while
the LLM generates a comparative-friendly clinical
summary. The models used in the hybrid LLM
evaluation were identical to those utilized in the
standard LLM approach.

You are analyzing a patient record for
clinical summarization.↪→

Create a comprehensive yet concise
clinical summary optimized for:↪→

1. Quick clinical review
2. Comparison with other patients
3. Identifying key risks and priorities

Patient Record:
[...]

Provide your analysis in this exact JSON
structure:↪→

{{
"primary_diagnoses": ["List

diagnoses in order of clinical
significance"],

↪→

↪→

"vitals": "List important vitals as
short plain text",↪→

"active_allergies": ["List important
known allergies"],↪→

"active_medications": ["List active
medications as plain text
including name, dose and
frequency"],

↪→

↪→

↪→

"risk_factors": ["Identified risk
factors for adverse outcomes"],↪→

"critical_labs": ["List abnormal
labs as plain text including
values and clinical
interpretation"],

↪→

↪→

↪→

"care_priorities": ["Top 3 care
priorities in order of
urgency"],

↪→

↪→

"clinical_summary": "A 2-3 sentence
clinical overview covering: main
conditions, current status, and
key concerns"

↪→

↪→

↪→

}}

Respond ONLY with valid JSON.

Listing 2: Prompt structure for LLM compression,
with [...] being the text of the patient shown in List-
ing 1.

Prompt: The prompt focuses on the overall sum-
mary, with the already extracted information to re-
duce the input token.

3.4. Output Format

All methods produce a standardized Compressed-
PatientRecord containing:

• Patient ID, name, age, gender

• Primary diagnoses (list)

• Active medications (list with dosing)

• Allergies
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Based on this patient summary, generate
a 2-3 sentence clinical overview
optimized for comparing with other
patients:

↪→

↪→

↪→

Patient: {template_result.name},
{template_result.age}y
{template_result.gender}

↪→

↪→

Diagnoses: {', '.join(template_result.p ⌋
rimary_diagnoses)}↪→

Vitals: {template_result.vital_summary}
Abnormal Labs: {', '.join(template_resu ⌋

lt.critical_labs)}↪→

Risk Factors: {', '.join(template_resul ⌋
t.risk_factors)}↪→

Provide your analysis in this exact JSON
structure:↪→

{{
"clinical_summary": "2-3 sentence

clinical overview optimized for
comparing with other patients."

↪→

↪→

}}

Focus on: disease severity, control
status, and key concerns. Be concise
and just return the json.

↪→

↪→

Listing 3: Prompt to create summary for Hybrid
Compression strategy using extracted template in-
formation.

• Vital signs summary (one-line format, including
values of BP, HR, SpO2, weight)

• Critical/abnormal laboratory values

• Identified risk factors

• Clinical summary narrative (LLM methods
only)

3.5. Evaluation Metrics
The methods were evaluated on multiple dimen-
sions:

Information Preservation:

• Diagnosis Recall: Proportion of original diag-
noses present in compressed output

• Medication Recall: Proportion of original med-
ications preserved

• Allergy Recall: Proportion of allergies correctly
captured

• Lab Abnormal Recall: Proportion of abnormal
lab values identified

• Vital Accuracy: Correctness of vital sign rep-
resentation

Compression Metrics:

• Compression Ratio: Original length / Com-
pressed length

• Field Completeness: Proportion of expected
fields populated (without clinical summary)

Quality Score: A composite metric combin-
ing preservation (40%), field completeness (25%),
compression efficiency (15%), and presence of clin-
ical summary (20%).

3.6. Visualization
An infographic visualization system was developed
to render compressed patient records as interactive
HTML dashboards. The visualization includes:

• Patient cards with color-coded risk indicators

• Comparison tables for cohort-level review

• Aggregate statistics (mean age, diagnoses,
medications)

• Highlighted abnormal values and risk factors

Figure 1 shows a screenshot of the patient co-
hort dashboard. The header displays aggregate
statistics (75 patients, average age 57, 2.9 diag-
noses per patient, 3.7 medications per patient). Be-
low, individual patient cards present compressed
information with visual risk indicators (color-coded
badges showing LOW/MEDIUM/HIGH risk). Each
card displays vital signs with color-coded borders
for abnormal values, diagnosis chips colored by
severity, medication lists, and critical laboratory
findings.

3.7. Compression Output Examples
Listing 4 shows the same patient as in Listing 1

with compressed record using three different meth-
ods, demonstrating the trade-off between compres-
sion ratio and narrative richness.

4. Results

4.1. Information Preservation
Table 1 presents the comparative results across

all methods. The diagnosis recall rate varied be-
tween 0.637 (LLM-lfm2.5) and 1.000 (Extractive
Key-Phrase & Template-Based), while the medica-
tion recall rate and allergy recall rate all had values
above 0.880.

Lab abnormal recall varied between 0.346 (LLM-
lfm2.5ing) and 1.000 (Extractive Key-Phrase). The
slight reduction in LLM methods occurred when
models reformulated lab findings rather than just
list the exact values and some also misses flaged
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Figure 1: Patient Cohort Dashboard visualization. The header shows aggregate cohort statistics. Patient
cards display compressed records with color-coded risk levels, base on the complexity (green=low,
orange=medium, red=high), vital signs, diagnoses, medications, and critical lab values. This infographic
format enables rapid visual comparison across patients.

lab values. As for the template-based compression
is concerned, only the first 5 values were taken to
achieve compression.

Vital sign accuracy varied between 0.600 (Extrac-
tive Key-Phrase) and 0.997 (LLM-gemma-3-12b).

As expected, there was hardly any difference
in the quality score for the hybrid variant, as the
difference between the methods is only apparent in
one field, the summary, which is discussed in 4.4.
The improved score of the lfm2.5 models can be
explained by the higher compression rate.

4.2. Compression Efficiency
Template-Based extraction achieved the highest
compression ratio (7.6x), reducing average clinical
notes from approximately 1,874 characters to 247
characters. This aggressive compression comes at
the cost of excluding clinical narratives. The Extrac-
tive Key-Phrase method has a lower compression

ratio of 4.1.
In this setup, LLM methods produced the lowest

compression ratios, ranging from 3.2 to 3.8, due to
the inclusion of generated clinical summaries. The
Hybrid-LLM method balanced compression (4.5x)
with narrative quality.

4.3. Quality Comparison
The Hybrid-LLM method achieved the highest over-
all quality score (0.88), followed by the LLM ap-
proach using GPT-4o (0.878), the Key-Phrase
method (0.868), and the remaining LLM models
(0.783–0.868). In contrast, the Template-Based
method yielded the lowest overall quality score
(0.729).

The quality improvement from LLM methods pri-
marily derives from the clinical summary narratives,
which provide interpretive context not available in
template-only approaches.
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Template-Based Extraction (257 chars, 7.3x compression):
[MRN000001] James Rodriguez, 56y Male
Dx: Urinary tract infection
Meds: Aspirin, Sertraline, Lisinopril
Allergies: NKDA
VS: BP 119/72, HR 65, SpO2 100%
Labs: eGFR: 49.0 mL/min [L]
Risks: Obesity (BMI 37.4), Active smoker, Reduced kidney function (eGFR 49.0)

Hybrid-medgemma-27b (467 chars, 4.0x compression):
[MRN000001] James Rodriguez, 56y Male
Dx: Urinary tract infection
Meds: Aspirin, Sertraline, Lisinopril
Allergies: NKDA
VS: BP 119/72, HR 65, SpO2 100%
Labs: eGFR: 49.0 mL/min [L]
Risks: Obesity (BMI 37.4), Active smoker, Reduced kidney function (eGFR 49.0)
Summary: 56-year-old male presenting with a urinary tract infection. He has
significant risk factors including obesity (BMI 37.4), active smoking, and reduced
kidney function (eGFR 49.0 mL/min), which may impact treatment and recovery.

LLM-gpt-4o-mini (563 chars, 3.3x compression):
[MRN000001] James Rodriguez, 56y Male
Dx: Urinary tract infection (N39.0)
Meds: Aspirin, Sertraline, Lisinopril
Allergies: NKDA
VS: BP: 119/72 mmHg, HR: 65 bpm, SpO2: 100%, Weight: 111.9 kg
Labs: eGFR: 49.0 mL/min [L] - indicates potential renal impairment
Risks: Current smoker (0.5 pack/day), Family history of stroke and colon cancer,
Elevated weight
Summary: James Rodriguez is a 56-year-old male diagnosed with a urinary tract
infection. Current management includes medications for cardiovascular health and
mental health, but significant risk factors include his smoking status and family
history of chronic diseases.

Listing 4: Comparison of compression outputs for Patient MRN000001 using three methods. Template-
based achieves highest compression; LLM methods provide clinical interpretation.

Method Dx Recall Med Recall All. Recall Lab Recall Vital Acc Comp. Ratio Field Comp. Preserv. Quality
Template-Based 1.000 1.000 1.000 0.943 0.800 7.6x 0.940 0.949 0.729
Extractive Key-Phrase 1.000 1.000 1.000 1.000 0.600 4.1x 0.953 0.920 0.868
LLM-Meta-Llama 0.806 0.998 0.973 0.520 0.837 3.2x 0.967 0.827 0.820
LLM-gemma-3-12b 0.821 0.987 0.987 0.916 0.976 3.5x 0.953 0.937 0.865
LLM-medgemma-27b 0.835 0.972 1.000 0.939 0.997 3.2x 0.967 0.949 0.868
LLM-medgemma-4b 0.837 1.000 1.000 0.728 0.859 3.4x 0.967 0.885 0.847
LLM-lfm2.5 0.637 0.970 0.880 0.346 0.808 3.8x 0.940 0.728 0.783
LLM-nemotron-3 0.831 0.887 0.907 0.747 0.931 3.4x 0.962 0.860 0.836
LLM-gpt-4o-mini 0.967 0.995 1.000 0.917 1.000 3.0x 0.971 0.976 0.879
LLM-gpt-4o 0.906 1.000 0.987 0.938 0.992 3.0x 0.962 0.965 0.872
Hybrid-Meta-Llama 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-gemma-3-12b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-medgemma-27b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-medgemma-4b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-lfm2.5 1.000 1.000 1.000 0.943 0.800 4.6x 0.940 0.949 0.884
Hybrid-nemotron-3 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-gpt-4o-mini 1.000 1.000 1.000 0.943 0.800 3.4x 0.940 0.949 0.865
Hybrid-gpt-4o 1.000 1.000 1.000 0.943 0.800 3.2x 0.940 0.949 0.863

Table 1: Comparison of Patient Record Compression Methods (average values)

Figure 2 visualizes the key metrics across all
methods, highlighting the trade-off between com-
pression ratio and quality score.

4.4. Clinical Summary Analysis
The choice of model—whether applied in the LLM
or hybrid approach—has only a marginal influence

on the resulting summaries based on our manual
assessment. Although the hybrid approach more
consistently incorporates vital signs and their corre-
sponding values, the overall structure and content
of the outputs remain largely comparable to those
produced by the full LLM approach. The following
examples present summaries generated using the
LLM approach:
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Figure 2: Infographic comparison of compression
methods. Top: compression ratio; Bottom: quality
score (higher is better for both). Template-Based
leads in compression, Hybrid-LLM-Template and
LLM-gpt-4o-mini in quality.

GPT-4o-mini produced concise 2-sentence sum-
maries focusing on primary condition, current sta-
tus and possible risks. Example: “James Ro-
driguez is a 56-year-old male diagnosed with a
urinary tract infection. Current management in-
cludes ... risk factors include his smoking status
and family history of chronic diseases.”

GPT-4o produced a three-sentence summary
that included medication status, diagnosis, and
lifestyle factors, while the family history was not
always present. The final sentence highlighted rec-
ommended next steps or focus areas. Example: “
... is diagnosed with a urinary tract infection. His
medical management includes ... controlled vital
signs, but he is at risk due to obesity, smoking, and
reduced renal function. ...”

google_medgemma-4b-it-Q6_K_L produces a
three-sentence overview: first a brief patient sum-
mary with the current diagnosis, followed by key
lab values with possible interpretations, and finally
treatment suggestions or important clinical consid-
erations. Example: “James Rodriguez, a 56-year-
old male, presents ... elevated BUN/creatinine, sug-
gesting possible early chronic kidney disease ...

with a focus on encouraging smoking cessation.”
google_medgemma-27b-it-Q6_K_L produced

a two- to three-sentence summary that included
general patient information, diagnoses, and listed
risk factors such as family history, while occasion-
ally referring to or incorporating vital-sign values.
Example: “56M presents with ... current smoker
with obesity and ... has Stage 3a CKD (eGFR 49).
Key concerns include managing the UTI...”

gemma-3-12b-it-Q4_K_M produced a
three-sentence summary that included cur-
rent diagnosis, incorporated key family history and
relevant laboratory values without interpretation;
and concluded with a brief treatment suggestion.
Example: “James Rodriguez is a 56-year-old
male presenting ... He has a history of smoking
and family history ... slightly low potassium.
Management should focus on treating ...”

lfm2.5-thinking produced highly inconsistent
summaries, ranging from one to three sentences; in
several cases, the output contained very little or no
meaningful patient information and remained overly
vague. Example: “A 56-year-old male .. with nor-
mal vitals and no allergies, managed with standard
antibiotics ... due to smoking-related risks.”

Meta-Llama-3.1-8B-Instruct-Q6_K_L produced
one- to three-line summaries that included the pa-
tient’s age, gender, and a variable-detail description
of medical history and current diagnosis. However,
it introduced additional descriptive terms or inferred
diagnoses based on the listed medications. Exam-
ple: “A 56-year-old male patient ... and a history of
hypertension. He is currently taking medications for
heart health and depression. The primary concern
is managing the infection ...”

nemotron-3-nano produced one- to three-line
summaries that included a patient’s overview and a
concise account of medical history and current diag-
nosis, highlighted relevant risk factors, and in some
cases referenced or numerically reported vital-sign
values with interpretation. Example: “James Ro-
driguez is a ... his eGFR is reduced at 49 mL/min
indicating early chronic kidney disease... family
history of stroke ...”

4.5. Processing Time

Non-LLM methods processed all 75 patients in un-
der 0.1 seconds. Cloud LLM methods required
405–577 seconds (5.4–7.7 seconds per patient),
while the Local hosted LLM’s are slower with 2113–
6682 seconds (35–111 minutes; 28–89 seconds
per patient). The local Hybrid-LLM-Template meth-
ods are an improvement of the only LLM methods
and took 589–1513 seconds (7.8–20 seconds per
patient) and the cloud Hybrid-LLM-Template meth-
ods took 160-204 seconds (2.1–2.72 seconds).

102



4.6. Tabular Patient Comparison

Table 2 demonstrates that compressed records
may facilitate quicker cross-patient comparison by
presenting information in a standardized format.
This structure could help clinicians more easily iden-
tify patients of interest and review key clinical pa-
rameters, though further study is needed to assess
its impact in real-world clinical settings. The tabular
representation appears to preserve essential infor-
mation while potentially reducing cognitive load, but
this requires additional validation.

5. Discussion

Barretto et al. (Barretto et al., 2026) compare
GPT-4o and fine-tuned Llama3 models using
several heuristic metrics as well as a novel
LLM-based evaluation scheme. However, their
analysis is limited to this small set of models, and
domain-specialized models such as MedGemma,
which are particularly relevant for medical summa-
rization tasks were not included.

The comparative analysis of template-based,
key-phrase, LLM-based, and hybrid compression
methods highlights several important considera-
tions for selecting an appropriate approach de-
pending on clinical or computational requirements.
While all methods successfully condense patient
records into standardized formats, their perfor-
mance varies substantially in terms of information
preservation, compression efficiency, interpretabil-
ity, and computational cost.

5.1. Method Selection Guidelines

Our results suggest different methods are optimal
for different use cases:

High-throughput screening: Template-based
extraction achieves the highest compression ratio
(7.6×) while maintaining perfect preservation of di-
agnostic, medication, and allergy information with
a fast processing time. However, this approach
exhibits lower performance in lab abnormal recall
and vital-sign accuracy, and the absence of a clin-
ical summary further contributes to its compara-
tively low overall quality score. Consequently, this
method is best suited for applications requiring mini-
mal storage or high-throughput automated process-
ing.

Clinical decision support: Hybrid methods pro-
vide the best balance of compression and clini-
cal utility, with quality scores exceeding 0.88. The
tested LLM hybrid methods were combined with
the template-based approach. A combination with
the extractive key phrase approach could lead to a
better quality score, but compression could suffer
as a result.

Patient comparison: All methods gener-
ate standardized outputs that enable structured,
table-based comparison across patients, and the
accompanying infographic visualization further fa-
cilitates rapid cohort-level assessment.

5.2. LLM Considerations

While LLM-based methods provide clear advan-
tages in producing clinical narrative summaries,
they also introduce notable considerations:

Interpretability and Trustworthiness: Cer-
tain LLM generated summaries provide clinical in-
terpretation such as inferring chronic kidney dis-
ease (CKD) from reduced eGFR values, that
template-based methods cannot deliver without
substantial rule-based encoding. However, as out-
lined in the Clinical Summary Analysis 4.4, interpre-
tive performance varies considerably across indi-
vidual LLM models. Models trained specifically on
medical data, such as MedGemma, are generally
better suited for tasks requiring clinically grounded
reasoning. Importantly, ensuring traceability and
transparency remains essential, particularly in light
of regulatory requirements under the European AI
Act and the Medical Devices Directive (Bednarczyk
et al., 2025).

Consistency: Template methods guarantee con-
sistent output format while LLM outputs may vary
in structure despite JSON formatting instructions.
Notably, the lfm model deviated from the specified
schema despite clear prompting, while the other
LLMs consistently adhered to the intended struc-
ture under identical conditions. Nevertheless, the
task of returning a consistently structured output
in an LLM poses a challenge (Lu et al., 2025; Li
et al., 2024; Geng et al., 2025).

Cost and Latency: API-based LLM methods
incur per-token costs and network latency. Latency
is particularly high with self-hosted models. Hy-
brid approaches can reduce this latency while still
providing a clinical summary.

Hallucination Risk: While we observed no
hallucinations in our evaluation, LLM summaries
should be validated for safety-critical applications
(Wornow et al., 2023).

6. Conclusion

A comprehensive evaluation of four distinct com-
pression methods for compressing patient records
into standardized, comparable formats was pre-
sented. The Template-Based and Extractive Key-
Phrase achieved perfect preservation of diagnoses,
medications and allergies, while the LLM-based
methods provided enhanced clinical narratives with
a quality improvement.
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Patient Age Gender Primary Dx Key Labs Risk Factors

James
Rodriguez 56 Male Urinary tract infection eGFR: 49.0 mL/min [L]

Obesity (BMI 37.4)
Active smoker,
Reduced kidney function
(eGFR 49.0)

Nancy
Perez 34 Female

Chronic kidney disease, stage 4
Hyperlipidemia, unspecified
Fatty liver, not elsewhere classified
Age-related osteoporosis without fracture

Glucose: 249.25 mg/dL [H]
Creatinine: 4.66 mg/dL [H]
eGFR: 26.84 mL/min [L]

Hypertension
Severe hypertension
Obesity (BMI 34.6)
Active smoker
Reduced kidney function
(eGFR 26.84)

John
Moore 52 Male Heart failure, unspecified

Hyperlipidemia, unspecified

BNP: 4103.99 pg/mL [H]
Potassium: 5.9 mEq/L [H]
LDL: 111.29 mg/dL [H]

Obesity (BMI 52.7)

Susan
Moore 25 Female

Fatty liver,
not elsewhere classified
Alcohol dependence,
uncomplicated

Glucose: 290.45 mg/dL [H]
Potassium: 6.97 mEq/L [H] Active smoker

Richard
Johnson 85 Male

Unspecified asthma,
uncomplicated,
Gastro-esophageal reflux
disease with esophagitis

Glucose: 275.53 mg/dL [H] Obesity (BMI 47.1),
Heavy alcohol use

Table 2: Tabular Comparison of Compressed Patient Records (Template-Based Extraction)

The Hybrid-LLM-Template method and the LLM-
gpt-4o-mini method achieved the best overall qual-
ity (0.88). For applications requiring interpretive
summaries, the Hybrid-LLM approach with the a
fitting model provides clinical context while main-
taining structured data fidelity.

7. Outlook

Looking ahead, an important next step will be to
evaluate the proposed approaches on real-world
EHR datasets. Such an assessment would pro-
vide deeper insight into practical utility in authen-
tic clinical environments. For this test only locally
hosted LLM would be used to ensure compliance
with data-protection and regulatory requirements.
This would limit the range of deployable models.

Moreover, real-world EHRs typically contain
longer, more heterogeneous, and less standard-
ized documentation than the synthetic records used
here, which may introduce additional challenges
for both compression and summarization.

Another promising direction involves engaging
clinicians directly in the evaluation process. Clinical
expertise is essential for assessing the usefulness,
safety, and interpretability of compressed records
and summaries, and clinician-involved validation
would offer a more grounded understanding of how
these methods support real decision-making.

8. Ethical Considerations and
Limitations

The synthetic patient data was generated for re-
search purposes only and does not represent real
individuals. The study also has several limitations:

1. Synthetic data: Although realistic patterns
are produced by the generator, greater variabil-
ity and complexity are present in real clinical
records.

2. English only: All methods were evaluated on
English-language records.

3. No clinical validation: Clinical utility was
not assessed in cooperation with healthcare
providers or on real-world patient data.

4. Prompt engineering: In this study, a short
and clear prompt was used to generate valid
JSON outputs. Because prompt engineering
was not applied to the individual models, they
may produce weaker results as a result.

9. Bibliographical References

Emily Alsentzer, John R Murphy, Willie Boag,
Wei-Hung Weng, Di Jin, Tristan Naumann, and
Matthew BA McDermott. 2019. Publicly avail-
able clinical bert embeddings. arXiv preprint
arXiv:1904.03323.

Daphne Barretto, Matthew Jin, and Bora Oztekin.
2026. Clinical text summarization with llm-based
evaluation. Stanford CS224N Project.

Lydie Bednarczyk, Daniel Reichenpfader, et al.
2025. Scientific evidence for clinical text summa-
rization using large language models: Scoping
review. Journal of Medical Internet Research.

Edward Choi, Zhen Xu, Yujia Li, Michael W Dusen-
berry, Gerardo Flores, Yuan Xue, and Andrew M
Dai. 2020. Learning the graphical structure of

104



electronic health records with graph convolu-
tional transformer. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 34,
pages 606–613.

Saibo Geng, Hudson Cooper, Michal Moskal,
Samuel Jenkins, Julian Berman, Nathan
Ranchin, Robert West, Eric Horvitz, and Harsha
Nori. 2025. JSONSchemabench: Evaluating
constrained decoding with LLMs on efficiency,
coverage and quality. In ES-FoMo III: 3rd
Workshop on Efficient Systems for Foundation
Models.

Jinhyuk Lee, Wonjin Yoon, Sungdong Kim,
Donghyeon Kim, Sunkyu Kim, Chan Ho So,
and Jaewoo Kang. 2020. Biobert: a pre-
trained biomedical language representation
model for biomedical text mining. Bioinformatics,
36(4):1234–1240.

Diya Li, Yue Zhao, Zhifang Wang, Calvin Jung, and
Zhe Zhang. 2024. Large language model-driven
structured output: A comprehensive benchmark
and spatial data generation framework. IS-
PRS International Journal of Geo-Information,
13(11):405.

Yaxi Lu, Haolun Li, Xin Cong, Zhong Zhang, Yesai
Wu, Yankai Lin, Zhiyuan Liu, Fangming Liu, and
Maosong Sun. 2025. Learning to generate struc-
tured output with schema reinforcement learning.
In Proceedings of the 63rd Annual Meeting of the
Association for Computational Linguistics (ACL
2025), pages 4905–4918, Vienna, Austria.

OpenAI. 2023. Gpt-4 technical report. arXiv
preprint arXiv:2303.08774.

Rimma Pivovarov and Noemie Elhadad. 2015. Au-
tomated methods for the summarization of elec-
tronic health records. Journal of the American
Medical Informatics Association, 22(5):938–947.

Frank Schilder, Daniel Reichenpfader, et al. 2025.
Scientific evidence for clinical text summariza-
tion using large language models: Scoping re-
view. Journal of Medical Internet Research,
27(1):e68998.

Rosanne C Schoonbeek, Jessica D Workum,
Stephanie C E Schuit, Anne H Hoekman, Taran-
nom Mehri, Job N Doornberg, Tom P van der
Laan, and Charlotte M H H T Bootsma-Robroeks.
2025. Quality and efficiency of integrating cus-
tomised large language model-generated sum-
maries versus physician-written summaries: a
validation study. BMJ Open, 15(9).

Andrew Sellergren, Sahar Kazemzadeh, Tiam
Jaroensri, Atilla Kiraly, Madeleine Traverse,
Timo Kohlberger, Shawn Xu, Fayaz Jamil, Cían

Hughes, Charles Lau, Justin Chen, Fereshteh
Mahvar, Liron Yatziv, Tiffany Chen, Bram Ster-
ling, Stefanie Anna Baby, Susanna Maria Baby,
Jeremy Lai, Samuel Schmidgall, Lu Yang, Ke-
jia Chen, Per Bjornsson, Shashir Reddy, Ryan
Brush, Kenneth Philbrick, Mercy Asiedu, Ines
Mezerreg, Howard Hu, Howard Yang, Richa
Tiwari, Sunny Jansen, Preeti Singh, Yun Liu,
Shekoofeh Azizi, Aishwarya Kamath, Johan
Ferret, Shreya Pathak, Nino Vieillard, Ramona
Merhej, Sarah Perrin, Tatiana Matejovicova,
Alexandre Ramé, Morgane Riviere, Louis Rouil-
lard, Thomas Mesnard, Geoffrey Cideron, Jean
bastien Grill, Sabela Ramos, Edouard Yvinec,
Michelle Casbon, Elena Buchatskaya, Jean-
Baptiste Alayrac, Dmitry Lepikhin, Vlad Fein-
berg, Sebastian Borgeaud, Alek Andreev, Cas-
sidy Hardin, Robert Dadashi, Léonard Hussenot,
Armand Joulin, Olivier Bachem, Yossi Matias,
Katherine Chou, Avinatan Hassidim, Kavi Goel,
Clement Farabet, Joelle Barral, Tris Warkentin,
Jonathon Shlens, David Fleet, Victor Cotruta,
Omar Sanseviero, Gus Martins, Phoebe Kirk,
Anand Rao, Shravya Shetty, David F. Steiner,
Can Kirmizibayrak, Rory Pilgrim, Daniel Golden,
and Lin Yang. 2025. Medgemma technical re-
port.

Benjamin Shickel, Patrick J Tighe, Azra Bihorac,
and Parisa Rashidi. 2018. Deep ehr: A survey
of recent advances in deep learning techniques
for electronic health record (ehr) analysis. IEEE
Journal of Biomedical and Health Informatics,
22(5):1589–1604.

Yuqi Si, Jingcheng Du, Zhao Li, Xiaoqian Jiang,
Timothy Miller, Fei Wang, W Jim Jiménez, and
Lucila Ohno-Machado. 2021. Deep representa-
tion learning of patient data from electronic health
records (ehr): A systematic review. Journal of
Biomedical Informatics, 115:103671.

Karan Singhal, Shekoofeh Azizi, Tao Tu, Sara Mah-
davi, Jason Wei, Hyung Won Chung, Nathan
Scales, Ajay Tanwani, Heather Cole-Lewis,
Stephen Pfohl, et al. 2023. Large language
models encode clinical knowledge. Nature,
620(7972):172–180.

Liyan Tang, Zhaoyi Sun, Betina Idnay, Jordan G
Nestor, Ali Soroush, Noémie Elhadad, Chunhua
Weng, and Yifan Peng. 2023. Evaluating large
language models on medical evidence summa-
rization. npj Digital Medicine, 6(1):158.

Dave Van Veen, Cara Van Uden, Louis Berry, and
Yiliang and";"; and"; others Chen. 2024. Adapted
large language models can outperform medical
experts in clinical text summarization. Nature
Medicine, 30:1134–1142.

105



Jason Walonoski, Mark Kramer, Joseph Nichols,
Andre Quina, Chris Moesel, Dylan Hall, Carl-
ton Duffett, Kudakwashe Dube, Thomas Gal-
lagher, and Scott McLachlan. 2018. Synthea:
An approach, method, and software mechanism
for generating synthetic patients and the syn-
thetic electronic health care record. Journal of
the American Medical Informatics Association,
25(3):230–238.

Michael Wornow, Yizhe Xu, Rahul Thapa, Birju Pa-
tel, Ethan Steinberg, Scott Fleming, Michael A
Pfeffer, Jason Fries, and Nigam H Shah. 2023.
The shaky foundations of large language mod-
els and foundation models for electronic health
records. npj Digital Medicine, 6(1):135.

106



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 107–116
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Medical Text Rewriting for Non-Experts:
A Guideline-Driven LLM Approach

Mana Kuramoto1, Hiroyuki Nagai1, Keiko Yamada2, Hiroo Ide3,4

Masayo Hayakawa3,5, Tomohiro Nishiyama1, Shoko Wakamiya1, Eiji Aramaki1
1Nara Institute of Science and Technology, Japan

2Saitama Prefectural University, Japan 3The University of Tokyo, Japan
4Juntendo University, Japan 5Keio University, Japan

{kuramoto.mana.kj4, hiro.nagai}@naist.ac.jp, yamada-keiko@spu.ac.jp,
hiroo-ide@g.ecc.u-tokyo.ac.jp, hayakawam395@gmail.com,
{nishiyama.tomohiro.ns5, wakamiya, aramaki}@is.naist.jp

Abstract
Medical research is highly specialized, making it difficult for patients and general readers to understand recent
findings. Traditionally, text simplification, replacing technical terms with more accessible expressions, has been
employed. However, this approach alone is limited in addressing a lack of background knowledge and often results
in the loss of important information. Therefore, this study defines “rewriting for non-experts” as a rewriting process
that, in addition to simplification, supplements essential background knowledge such as the significance of the
research and reasons it is needed and proposes a method for implementing this process using large language
models (LLMs). To verify the effectiveness of the proposed approach, a quantitative evaluation using automatic
metrics was conducted. The results showed that the method combining the guidelines for human text creation with
few-shot examples of reference texts achieved the highest scores. The expansion of the guidelines is planned as
part of future work to enable the rewriting of scientific and technological information in a form that is accessible to a
broader audience.

Keywords: Medical Text Rewriting, Large Language Models, Comprehensibility Enhancement, Text Simplifi-
cation, Lay Summarization, Non-expert Communication

1. Introduction

Scientific specialization has intensified the “silo ef-
fect,” isolating research fields and hindering cross-
disciplinary communication (Tett, 2015). As ex-
pertise narrows and modern science becomes
increasingly complex, even experts struggle to
grasp developments outside their domains. Con-
sequently, cutting-edge research remains largely
inaccessible to laypeople. This accessibility gap is
particularly critical in medicine: although open sci-
ence grants patients access to primary literature,
interpreting these texts without specialized training
remains difficult (Gotlieb et al., 2022). Misinterpret-
ing medical information poses significant risks, po-
tentially disrupting patient–physician communica-
tion and compromising clinical decisions (Lu and
Schulz, 2024; Root et al., 2016).

Current text simplification methods, which focus
primarily on vocabulary substitution, fail to address
deeper structural barriers (Alva-Manchego et al.,
2021). The difficulty of scientific text stems not just
from jargon, but from implicit assumptions, dense
structure, and the reader’s lack of background
knowledge. To bridge this gap, we introduce
“rewriting for non-experts”—an advanced editing
paradigm that, beyond simple simplification, in-
volves selecting salient information, restructuring

the narrative, and clarifying the research’s signifi-
cance. Fig. 1 illustrates this process: rather than
merely simplifying vocabulary, the transformation
explicates implicit context and foregrounds essen-
tial information while retaining necessary technical
terms. This demonstrates that enhancing compre-
hensibility requires structural reorganization and
contextual clarification.

Figure 1: An example of rewriting for non-experts.
The original expert-oriented text (top) is trans-
formed into an accessible version (bottom) by ex-
plicating implicit context and restructuring the nar-
rative.
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As systematized in Fig. 2, our approach ad-
dresses three key barriers: (1) Implicit Knowledge:
Unstated premises assumed by specialists. (2) Ex-
cessive Statistical Detail: Quantitative data that in-
creases cognitive load without aiding non-expert
understanding (Gigerenzer and Edwards, 2003).
(3) Disrupted Flow: Frequent definitions that inter-
rupt the narrative coherence (Leroy et al., 2013).

Consider a concrete scenario illustrating these
barriers: a patient reads a press release about
a promising new cancer drug. The text states
that the drug “showed significant efficacy in clin-
ical trials.” However, critical context—that the
drug remains years from regulatory approval and
is unavailable outside research settings—is omit-
ted as self-evident to researchers. Such im-
plicit assumptions can lead patients to request
unavailable treatments, straining clinical relation-
ships (Lu and Schulz, 2024; Root et al., 2016).
This accessibility gap requires “rewriting for non-
experts”—an advanced editing process that goes
beyond simplification to include selecting key in-
formation, restructuring narratives, and explicating
significance (Schmitz, 2023).

This study proposes a comprehensive rewriting
framework that prioritizes comprehensibility while
preserving essential medical accuracy. To this
end, we investigate the feasibility of this complex
task using Large Language Models (LLMs). Lever-
aging their capacity to integrate contextual infor-
mation across discourse, the proposed approach
employs LLMs to perform structural reorganization
and context supplementation guided by human-
authored references, distinguishing our approach
from conventional simplification models.

2. Related Work

2.1. Lay Summarization

Lay summarization is the task of summarizing
and restructuring documents containing special-
ized content into forms that are understandable to
non-expert readers. For example, in the medical
domain, a generative model that integrates back-
ground explanations and lexical substitutions has
been proposed for producing summaries suitable
for lay audiences (Guo et al., 2021). Furthermore,
in the shared task BioLaySumm, a corpus align-
ing technical abstracts with lay summaries has
been developed, along with a continuous evalua-
tion framework (Goldsack et al., 2022, 2024).

Unlike conventional summarization, these stud-
ies are notable for aiming to generate documents
tailored to the assumed knowledge levels and in-
formation needs of target readers. However, they
face limitations, such as a narrow target audience
and the absence of explicit modeling for appropri-

ately conveying the social significance and novelty
of the research. For instance, in frameworks such
as BioLaySumm and Explain-type LLMs, while
readability and factual consistency are prioritized
as evaluation criteria, the question of what kind
of value is conveyed to whom is not explicitly ad-
dressed (Goldsack et al., 2024; Luo et al., 2024).
Moreover, it has been reported that automatic
evaluation metrics do not necessarily align with
non-experts’ judgments of understandability and
acceptability (Salvi et al., 2025), highlighting the
need to redesign evaluation frameworks that con-
sider reader attributes and perceptions.

2.2. Text Simplification
Text simplification is a task aimed at reducing read-
ers’ cognitive load and enhancing comprehensi-
bility by adjusting vocabulary and sentence struc-
tures in specialized or complex documents. In re-
cent years, research has advanced across vari-
ous domains, including news articles, academic
writing, and medical texts. Automatic evaluation
metrics play a central role in this field. SARI (Xu
et al., 2016) is notable for its ability to indepen-
dently assess additions, deletions, and retentions
of lexical items. In contrast, metrics such as BLEU
and FKGL (Kincaid et al., 1975) have been re-
ported to exhibit important limitations for simplifi-
cation evaluation, particularly in capturing simplic-
ity and structural transformations (Alva-Manchego
et al., 2021).

Applying these evaluation frameworks to the
medical domain presents additional challenges.
Medical documents rely heavily on technical ter-
minology and domain-specific concepts, and even
minor distortions may affect factual accuracy
and safety. Consequently, simplification quality
cannot be assessed solely through conventional
readability-oriented metrics. Moreover, systemati-
cally aligned parallel corpora consisting of expert-
level medical texts and their simplified counter-
parts remain limited. This scarcity complicates val-
idation of automatic evaluation metrics in medical
contexts, where meaning preservation and factual
consistency are especially critical for rewriting for
non-experts (Ondov et al., 2022).

Beyond domain-specific concerns, research has
explored models that treat output difficulty as a
controllable parameter (Martin et al., 2020), as well
as controlled text simplification methods that ex-
plicitly specify target reader groups such as grade
levels (Scarton and Specia, 2018). These ap-
proaches extend uniform simplification strategies
by incorporating reader characteristics into the
generation process. However, adjusting surface-
level textual complexity does not necessarily re-
solve gaps in background knowledge between
experts and non-experts. Empirical evaluations
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Figure 2: Overview of rewriting operations: supplementing implicit context (green), removing excessive
details (blue), and explaining technical terms (orange).

based on reading comprehension tasks further in-
dicate that important information may still be omit-
ted during simplification (Agrawal and Carpuat,
2024). Taken together, these observations sug-
gest that readability alone may not be sufficient to
ensure adequate understanding of research back-
ground or significance.

2.3. Readability
Readability refers to quantitative measures of how
easily a text can be processed by readers, and it
has been widely used to evaluate the effectiveness
of text simplification and lay summarization. Typi-
cal metrics rely on surface-level features such as
lexical frequency, sentence length, and syntactic
complexity (Kincaid et al., 1975). With the develop-
ment of large-scale corpora for readability assess-
ment, automatic metrics based on statistical mod-
eling and machine learning have been proposed
and applied to compare outputs of generative mod-
els (Crossley et al., 2022).

Although readability metrics provide useful indi-
cators of linguistic difficulty, they primarily capture
surface characteristics of texts. They do not di-
rectly account for how readers interpret informa-
tion or construct meaning. In other words, even
when lexical and syntactic complexity are reduced,
abstract or conceptually dense content may re-
main difficult for readers without relevant back-
ground knowledge to understand. In rewriting for
non-experts, therefore, formal readability consti-
tutes a necessary condition, but it is not sufficient
to ensure effective comprehension.

Recent studies have attempted to extend
readability-oriented approaches by incorporating
contextual generation processes. For example,
multi-stage frameworks have been proposed in
which large language models first generate back-
ground explanations and subsequently perform
summarization (Luo et al., 2024). These ap-
proaches aim to enhance accessibility by supple-
menting contextual information while maintaining

linguistic simplicity.
Nevertheless, existing methods primarily focus

on adding background information or adjusting
textual difficulty at the surface level. They do
not systematically reorganize information accord-
ing to reader attributes or explicitly foreground
research novelty and social significance. Thus,
while readability remains a fundamental compo-
nent, a more comprehensive framework that in-
tegrates document-level restructuring, contextual
supplementation, and audience-sensitive organi-
zation remains underexplored. Within this land-
scape, rewriting for non-experts is positioned as a
task that extends readability by emphasizing con-
textual reconstruction and explicit articulation of re-
search significance for non-expert readers.

3. Dataset

This paper constructs a dataset consisting of pairs
of simulated medical research summaries (here-
after, simulated summaries) and reference sum-
maries manually rewritten by a medical writer. Be-
cause the copyright of the original reports belongs
to individual researchers, we cannot directly re-
lease the original texts as a public dataset. To ad-
dress this limitation and enable public release, we
generated fictional summary documents (i.e., sim-
ulated summaries) using GPT-4.1-mini to mimic
the content and writing style of the source reports.

To construct these simulated summaries, we
used research outcome reports from AMEDfind1,
provided by the Japan Agency for Medical Re-
search and Development (AMED), as source ma-
terial. These simulated summaries focus on
neoplasm-related clinical trials and drug develop-
ment studies, which represent the most frequent
category in the source data, and are used as the
experimental source texts. The resulting pairs of
simulated and reference summaries serve as the

1https://amedfind.amed.go.jp/amed/
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Item Description

1. Overall policy Target audience: Non-medical adult readers without prior knowledge of biology,
equivalent to graduates of four-year undergraduate programs in the humanities
and social sciences. Wordings should be selected so that readers without spe-
cialized knowledge can understand the research content and its key outcomes.

2. Structural and stylistic rules The original writing style (plain or polite form) should be preserved. Reordering
of words or phrases is allowed when necessary to improve clarity. Expressions
or sentences that are unnecessary for understanding, such as sample size de-
tails or procedural descriptions, should be removed. When information is uncer-
tain, definitive expressions should be avoided and appropriate hedging should
be maintained.

3. Terminology rules A plain expression should be presented first, followed by the original technical
term in parentheses. Frequently used terms should be explained using footnotes.
Abbreviations should be spelled out in full at their first occurrence. Chained
possessives (e.g., “A of B of C”) should be avoided by rephrasing or by adding
explanatory footnotes.

4. Additional notes Detailed examination procedures and analysis methods should be summarized
concisely and described in plain language whenever possible.

Table 1: Guidelines for rewriting for non-experts

source and target texts for the two-stage rewriting
method.

Manual rewriting for comprehensibility was then
applied to the simulated summaries. Specifically,
20 documents were selected from the generated
corpus, and one professional medical writer was
commissioned to perform rewriting for non-experts.
Since the simulated summaries were generated by
LLMs, they contain no personally identifiable infor-
mation or actual patient data. The resulting twenty
rewritten documents were used as the reference
summaries for evaluation.

4. Proposed Method

This paper proposes a two-stage LLM-based
method for rewriting for non-experts. The method
consists of sequential simplification and refine-
ment stages.

In the Base stage, the LLM performs basic rewrit-
ing using prompts that instruct either simple sim-
plification or direct rewriting for non-experts. In
the Refinement stage, the output is further refined
through prompts guided by predefined guidelines
and few-shot examples, enabling more detailed re-
structuring and contextual adjustment. The two-
stage configuration allows systematic comparison
between surface-level simplification and guideline-
informed refinement.

Base stage In the Base stage, two prompt types
are employed to generate base texts for subse-
quent refinement.

Surface-level Simplification (Simp) : An in-
struction that focuses exclusively on reducing

linguistic complexity at the lexical and syn-
tactic levels, without addressing contextual
or background knowledge gaps. Example:
Please simplify the following text so that it can
be understood by people without specialized
knowledge.

Comprehensive Rewriting (Direct) : An instruc-
tion that directly specifies rewriting for non-
experts as the objective, which may involve
not only simplification but also selection of
key information, structural reorganization, and
contextual clarification. The LLM is asked
to produce a version appropriate for non-
experts, allowing the model to determine the
full range of strategies needed to achieve
comprehensibility. Example: Please perform
rewriting for non-experts on the following text.

Refinement stage The output generated in the
Base stage is further refined by simulating the hu-
man rewriting process. In the proposed method,
the prompt in this stage combines the following two
components, both of which are applied together to
guide the rewriting process.

Guidelines (GL) : A set of editing requirements
independently designed and validated by ex-
perts. The detailed criteria are summarized in
Table 2.3. These guidelines include rules for
information supplementation and text structur-
ing, such as adding explanations to technical
terms and annotating frequently used terms
outside the main text.

Few-shot examples (FS) : Example pairs con-
sisting of original simulated summaries and
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Input
(Original)

非小細胞肺がん（NSCLC）において，EGFR 変異陽性例を対象に，既存治療薬に耐性を示す症
例に対する新規の第三世代 EGFR チロシンキナーゼ阻害剤（TKI）の有効性および安全性評価
を目的とした多施設共同第 II 相臨床試験を実施する．

A multicenter phase II clinical trial was conducted to evaluate the efficacy and safety of a novel
third-generation EGFR tyrosine kinase inhibitor (TKI) in patients with non-small cell lung cancer
(NSCLC) who were positive for EGFR mutations and had developed resistance to existing ther-
apies.

Simp 非小細胞肺がんのうち，特定の遺伝子変異がある患者を対象に，これまでの薬が効かなくなっ
た場合の新しい薬の効果と安全性を調べる臨床試験を，複数の施設で行いました．

Among patients with non-small cell lung cancer, a clinical trial was conducted at multiple insti-
tutions to examine the effectiveness and safety of a new drug in patients with specific gene
mutations for whom previous treatments had become ineffective.

Simp+GLFS 非小細胞肺がん [1] の患者さんの中には，特定の遺伝子 [2] に変化がある方がいます．これま
での薬が効かなくなってしまったそのような患者さんを対象に，新しい薬の効き目と安全性を
調べる臨床試験を，複数の病院で行いました．

[1] 非小細胞肺がん：肺がんの一種で，比較的ゆっくりと進行するタイプです．
[2] 遺伝子：体の設計図のようなはたらきをする，細胞の中の物質です．

Among patients with non-small cell lung cancer [1], some have changes in specific genes [2]. In
such patients for whom previous treatments had become ineffective, a multicenter clinical trial
was conducted to evaluate the effectiveness and safety of a new drug.
[1] Non-small cell lung cancer : A type of lung cancer that generally progresses relatively slowly.
[2] Gene : A substance inside cells that functions like a blueprint for the body.

GLFS 肺がんの一種である非小細胞肺がんの患者のうち，特定の遺伝子（EGFR[1]）に変異がある人
を対象に，臨床試験を行った．（中略）新しい第三世代の EGFR チロシンキナーゼ阻害剤（TKI）
[2] という薬の効き目と安全性を評価することが目的だった．

[1] EGFR：細胞の増殖に関わるタンパク質（受容体）の一種．この遺伝子に変異があると，が
ん細胞が増えやすくなる．
[2] EGFR チロシンキナーゼ阻害剤（TKI）：EGFR というタンパク質のはたらきを抑えること
で，がん細胞の増殖を止める薬．

A clinical trial was conducted in patients with non-small cell lung cancer, a type of lung cancer,
who had mutations in a specific gene, EGFR [1]. ... The objective was to evaluate the efficacy
and safety of a new third-generation EGFR tyrosine kinase inhibitor (TKI) [2].
[1] EGFR: A type of receptor protein involved in cell growth; mutations in this gene can promote
the proliferation of cancer cells.
[2] EGFR tyrosine kinase inhibitor (TKI): A drug that suppresses cancer cell growth by inhibiting
the activity of the EGFR protein.

Table 2: Comparison of generation examples produced by DeepSeek-V3.2. Note that English transla-
tions are provided for the generated Japanese text. Under the two-stage setting, important technical
terms such as EGFR are omitted, whereas the single-stage setting preserves these terms while provid-
ing additional explanations.

their corresponding reference summaries are
provided to illustrate how the guidelines are
applied in practice. Through in-context learn-
ing (ICL) , the LLM acquires concrete patterns
for generating text consistent with rewriting for
non-experts.

5. Experiments

To evaluate the effectiveness of the proposed two-
stage rewriting method, comparative experiments
using LLMs were conducted. Simulated summary
documents were used as input, and the rewritten
texts were quantitatively evaluated based on their
similarity to the reference summaries produced by

a medical writer.
The experiments analyze the impact of two vari-

ables on output quality: (1) the type of instruction
used in the Base stage, namely simplification or di-
rect rewriting for non-experts, and (2) the presence
or absence of refinement using additional informa-
tion, namely guidelines and few-shot examples, in
the Refinement stage.

All texts generated under each experimental set-
ting are publicly available.2

2https://github.com/sociocom/E2U
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Model Setting Similarity Metrics Summary Metrics

Base Refinement BERTScore BLEU ROUGE-1 ROUGE-2 ROUGE-L

DeepSeek

Simp – 0.774 16.827 0.543 0.244 0.401
Direct – 0.766 15.394 0.563 0.240 0.382
Original GL 0.747 11.145 0.742 0.327 0.311
Original GLFS 0.773 19.607 0.763 0.403 0.398

Direct GL 0.745 12.764 0.641 0.256 0.339
Direct GLFS 0.760 15.148 0.627 0.270 0.360
Simp GL 0.748 12.743 0.647 0.266 0.337
Simp GLFS 0.762 16.917 0.667 0.308 0.375

Gemini

Simp – 0.771 17.540 0.633 0.282 0.393
Direct – 0.762 15.407 0.648 0.276 0.376
Original GL 0.730 8.894 0.777 0.361 0.251
Original GLFS 0.753 13.499 0.476 0.248 0.318

Direct GL 0.729 9.161 0.727 0.303 0.280
Direct GLFS 0.748 12.600 0.722 0.315 0.333
Simp GL 0.755 11.079 0.728 0.325 0.296
Simp GLFS 0.749 13.023 0.738 0.346 0.321

GPT-5.2

Simp – 0.784 19.288 0.591 0.276 0.420
Direct – 0.777 18.596 0.617 0.286 0.402
Original GL 0.750 12.279 0.750 0.347 0.309
Original GLFS 0.753 13.060 0.796 0.415 0.307

Direct GL 0.747 13.655 0.705 0.313 0.329
Direct GLFS 0.754 15.040 0.704 0.324 0.356
Simp GL 0.753 13.123 0.711 0.320 0.325
Simp GLFS 0.755 14.322 0.728 0.338 0.343

Table 3: Automatic evaluation results under various rewriting settings. For each model, the best value
for each evaluation metric is shown in bold. The shaded rows indicate the proposed two-stage method
(Simp+GLFS).

5.1. Models
The following three LLMs were selected for the
experiments based on their demonstrated effec-
tiveness in prior text generation and simplification
studies:

• DeepSeek-V3.2 (DeepSeek-AI, 2025): A
reasoning-focused language model devel-
oped by DeepSeek. Released with open
weights and known for cost efficiency.

• Gemini 2.5 Flash (Gemini Team, 2025): A
multimodal language model developed by
Google. Optimized for efficiency and re-
sponse speed.

• GPT-5.2 (gpt-5.2-2025-12-11) (OpenAI,
2025): A general-purpose language model
developed by OpenAI. Widely used in natural
language processing research.

For parameter settings, the temperature was set
to 0.0 and the maximum output length to 2048
tokens for DeepSeek-V3.2 to ensure stable gen-
eration. For Gemini 2.5 Flash and GPT-5.2, the
default parameter settings provided by each API
were used without further modification.

5.2. Evaluation Data and Metrics

For evaluation, 20 pairs of simulated summary doc-
uments and their corresponding reference sum-
maries were used, as described in Section 3. In
this experiment, two randomly selected pairs were
used as few-shot examples in the Refinement
stage, and the remaining 18 pairs were used as
test data.

To assess the quality of the generated texts
from multiple perspectives, BERTScore was used
to measure semantic similarity, BLEU to assess
surface-level overlap, and ROUGE-1/2/L to evalu-
ate n-gram and sequence-level agreement.

5.3. Ablation Settings

To examine the contribution of each component
of the proposed method to rewriting performance,
ablation experiments were conducted by varying
the combination of instructions in the Base stage
(Simp/Direct) and the additional information pro-
vided in the Refinement stage (GL/GLFS).
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Input A newly identified transcription factor, XZF-1, has been shown by recent basic research to play an
important role in the development and progression of lung cancer. (omitted) Furthermore, based
on the design of early-phase clinical trials to evaluate the efficacy of XZF-1 inhibitors, protocols are
being developed to establish a foundation for their future introduction as standard treatment.
新規に同定された転写因子 XZF-1 は，肺がんの発生および進展に重要な役割を果たすことが近
年の基礎研究で示された．（中略）さらに，XZF-1 阻害剤の有効性を評価する初期臨床試験設計
に基づき，将来的な標準治療への導入に向けたプロトコール策定を進めている．

GPT-5.2 A regulatory factor called “XZF-1,” which controls gene activity, has recently been shown through
experimental research to be involved in the processes by which lung cancer develops and pro-
gresses. (omitted) Based on these findings, trial protocols are being prepared to evaluate the
effects of XZF-1 inhibitors, with the aim of establishing a foundation for their future inclusion as a
standard treatment option.
Number of annotations: 7 (limited to key technical terms)
新しく見つかった「XZF-1」という遺伝子のはたらきを調整する因子（転写因子）は，肺がんがで
きたり進んだりする過程に関わっている可能性が，近年の実験中心の研究で示されてきた．（中
略）こうした結果をもとに，XZF-1 阻害剤の効果を評価する試験計画を整え，将来的に標準的な
治療選択肢として導入するための基盤づくりを進めている．

Gemini Recent basic research has shown that XZF-1, a newly discovered transcription factor, plays an
important role in how lung cancer begins and progresses. (omitted) In addition, preparations are
underway to create a detailed protocol for early-stage clinical trials to evaluate the efficacy of XZF-1
inhibitors, with the goal of introducing them in the future as a treatment that is currently established
as the most effective and safe (standard treatment).
Number of annotations: 22 (including common terms such as “lung cancer” and “efficacy”)
新たに発見された転写因子 XZF-1 が，肺がんの発生や進行において重要な役割を果たすことが
基礎研究により示された．（中略）さらに，XZF-1 阻害剤の有効性を評価する初期臨床試験の詳
細な計画（プロトコール）を策定し，将来的に標準治療として導入するための準備を進めている．

Table 4: Comparison of generation outputs between GPT-5.2 and Gemini under the Original+GLFS set-
ting. GPT-5.2 produces 7 annotations limited to key technical terms, whereas Gemini generates approxi-
mately three times more annotations (22), including common terms such as “lung cancer” and “efficacy.”

6. Results and Discussion

Table 3 presents the automatic evaluation re-
sults. Prompt design had a notable effect on the
scores. The single-stage setting (Original+GLFS)
outperformed the two-stage setting (Simp+GLFS)
across most metrics. GPT-5.2 achieved the high-
est BLEU scores, while DeepSeek and Gemini
showed greater variation across settings.

6.1. Single-stage vs. Two-stage
Approaches

The two-stage approach yielded lower perfor-
mance. The Base stage simplifies technical terms;
for instance, “EGFR mutation” becomes “specific
gene mutations” (Table 3). Once simplified, these
terms are difficult to recover in the Refinement
stage, leading to information loss.

In contrast, the single-stage approach retains
original terminology while adding explanations si-
multaneously. This preserves both accuracy and
readability. These results indicate that direct gen-
eration is more effective than stepwise processing
for specialized content.

6.2. Model Comparison
GPT-5.2 achieved the highest BLEU scores by
making minimal structural changes and limiting an-
notations to essential terms, consistent with guide-
line item 4. Gemini, however, produced approx-
imately three times more annotations, including
explanations for common terms such as “lung
cancer” (Table 3). This verbosity reduced BLEU
scores due to lower precision, though ROUGE
scores remained stable as the core content was
preserved. Controlling annotation density accord-
ing to reader characteristics remains a key chal-
lenge.

6.3. Effect of Few-shot Examples
Comparing Original+GL with Original+GLFS re-
veals the contribution of few-shot examples to
rewriting quality. BLEU scores improved sub-
stantially when few-shot examples were added:
DeepSeek showed a 75% increase (11.1 to 19.6),
Gemini 52% (8.9 to 13.5), and GPT-5.2 6% (12.3
to 13.1). BERTScore also improved consistently
across all models, indicating enhanced semantic
alignment with reference texts.

These results suggest that guidelines alone may
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be insufficient for LLMs to infer the expected out-
put format and annotation style. Few-shot ex-
amples provide concrete demonstrations of how
guidelines should be applied, reducing ambiguity
in interpretation. The improvement was most pro-
nounced for DeepSeek, suggesting that models
with stronger in-context learning capabilities may
benefit more from example-based guidance.

Interestingly, Gemini exhibited a decrease in
ROUGE scores under GLFS compared to GL
alone (ROUGE-1: 0.78 to 0.48), despite improve-
ments in BLEU and BERTScore. This discrep-
ancy may reflect Gemini’s tendency to generate
additional explanatory content when provided with
examples, which increases output length and re-
duces n-gram overlap with the reference.

These findings also point to directions for future
research. Constructing a richer reference dataset
authored by multiple writers would enable a more
objective evaluation that does not rely on the writ-
ing style or judgment of a single individual. Fur-
thermore, human evaluations involving actual pa-
tients and general readers are essential to assess
guideline adherence and confirm the absence of
medical misunderstandings.

7. Conclusion

Rewriting for non-experts was defined herein as a
framework for presenting medical research texts
in a form that is accessible to non-expert read-
ers, and its feasibility was investigated using LLMs.
The results suggest that directly generating the fi-
nal output through editing guidelines and concrete
examples is effective for achieving rewriting for
non-experts.

The goal of the concept targeted in this work
is not only to facilitate communication among ex-
perts but also to support the creation of a soci-
ety in which people from diverse backgrounds can
access and understand scientific and technologi-
cal information, including medical knowledge, in a
clear and inclusive manner. Future work includes
constructing larger datasets covering a broader
range of disease domains and exploring mecha-
nisms to ensure the accuracy of medical informa-
tion.

8. Limitations

This study has several limitations that should be
acknowledged. First, the reference texts used for
evaluation were created by a single medical writer.
There is no single correct answer for rewriting for
non-experts; the optimal level of detail and phras-
ing may vary depending on the assumed knowl-
edge level of the reader and the reading context.

Therefore, the current evaluation, based on the de-
gree of alignment with a single writer’s output, cap-
tures only one dimension of performance.

Second, limitations are inherent in the automatic
evaluation metrics used. This study employed n-
gram-based metrics such as BLEU and ROUGE,
which assess surface-level similarity to reference
texts but do not directly measure understandability
or adherence to guidelines. For example, in our
experiments, Gemini received lower scores due to
its tendency to add excessive annotations, which
deviated from the guidelines. This outcome is con-
sistent with the behavior of these metrics in penal-
izing verbose or off-target output. However, even if
such annotations were beneficial to readers, they
would still be penalized unless included in the ref-
erence. Thus, current metrics make it difficult to
distinguish between unnecessary redundancy and
useful supplementary information.

Regarding the reviewer’s question of whether
non-expert human evaluation is necessary, we
consider it essential for this task. Because rewrit-
ing for non-experts targets perceived clarity, trust,
and actionable understanding, automatic overlap
metrics alone are insufficient to establish practical
usefulness. In this study, we prioritized controlled
comparisons across prompting settings as an ini-
tial step; however, a follow-up evaluation with non-
expert participants is required to assess compre-
hensibility, perceived safety, and guideline appro-
priateness. We plan to include such human evalu-
ation as a core component of the next experimen-
tal phase.
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Abstract
Nursing staff are increasingly confronted with extensive and detailed patient documentation, requiring much time to
read through numerous possible care measures. Combined with rising patient loads, this underscores the need
for a clearer and more immediately accessible overview of each patient’s situation. Patient-specific care pathway
visualisations offer a promising approach to reduce cognitive load, support faster decision-making, and improve
situational awareness. This work investigates two Artificial intelligence (AI)-assisted methods for generating such
visualisations: (1) simple image generation based on structured textual prompts, and (2) automated code generation
that produces graph-based representations of clinical pathways. Using a dataset of synthetic patient profiles and
seven defined care pathways, evaluating multiple state-of-the-art foundation models. The results highlight clear
differences between models and approaches, particularly in language sensitivity, structural consistency, and the level
of detail achievable. Image-based outputs provided visually rich overviews but frequently introduced subtle logical
inconsistencies, while code-based methods produced verifiable and structurally coherent pathways yet varied in
their ability to preserve contextual and psychosocial information. Together, these findings indicate that AI-assisted
visualisation can effectively support—but not yet fully automate—patient-specific pathway generation, and they point
toward hybrid solutions that combine visual accessibility with logical robustness.

Keywords: care pathways, clinical decision support, generative AI, visualization, elderly care

1. Introduction

In modern healthcare systems, nursing staff face
increasing pressure as they manage growing pa-
tient loads, complex care requirements, and rapidly
changing clinical environments (Jennings et al.,
2022; Rachel and Francesco, 2018). A substantial
portion of the nursing workload arises from the con-
siderable time required to review extensive patient
documentation and identify the most appropriate
next steps in care. Nurses are frequently required
to extract and synthesize information from numer-
ous, often lengthy records to construct an accurate
and up-to-date understanding of a patient’s condi-
tion.

Visualisation and visualizing patient-specific care
pathways has emerged as a promising strategy to
address these challenges (Stadler et al., 2016;
Mould et al., 2010; Tan et al., 2025). Instead of
relying on static or generic process models, patient-
specific visualizations dynamically reflect the indi-
vidual’s medical history, current interventions, and
expected future steps. Creating these tailored vi-
sualizations remains a non-trivial task. Clinical
pathways are complex, vary between patients, and
evolve over time, which makes automated, flexible,
and context-sensitive generation essential.

In this work, methods for generating
patient-specific care pathway visualizations
that can be seamlessly integrated into nursing

workflows are investigated. Specifically, two
methodological approaches got explored: (1)
simple image generation, which allows creation of
illustrations without requiring technical expertise,
and (2) automated code generation, which pro-
duces graph representations using visualization
libraries. The former prioritizes accessibility,
enabling staff to obtain illustrative overviews with
minimal effort, while the latter provides precision,
adaptability, and integration potential with clinical
data systems.

By comparing these two approaches, a better un-
derstanding is sought of how Artificial intelligence
(AI)-assisted visualization generation can support
nursing staff in managing complex care processes.

2. Related Work

Patient journey mapping provides structured visual
descriptions of patients’ movements through the
healthcare system, helping clinicians identify bar-
riers, transitions, and needs across the care con-
tinuum (Bulto et al., 2024). Such representations
offer an important foundation for developing indi-
vidualized visualizations that support rapid compre-
hension (Wagenaar et al., 2026).

Studies on pathway modeling emphasize the role
of diagrammatic representations in clinical process
improvement. Mould et al. demonstrate that acces-
sible pathway diagrams can assist staff in identify-
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ing inefficiencies and evaluating redesign options,
thereby improving communication and supporting
organizational learning (Mould et al., 2010). Their
findings highlight the practical relevance of clear
visual models in everyday clinical workflows.

Gartner et al. propose an integrative framework
that accounts for clinical, organizational, and infor-
mational dimensions, underscoring the need for
pathway representations that reflect the complex
realities of patient care and interprofessional col-
laboration (Gartner et al., 2022).

Manktelow et al. summarize methods for extract-
ing time-resolved sequences of care activities from
administrative and clinical data, showing how em-
pirical pathway structures can support planning,
quality improvement, and decision-making (Mank-
telow et al., 2022). These approaches demonstrate
the potential for automated generation of patient-
specific pathways grounded in actual care delivery.

Existing work on generative graph and visualiza-
tion models has demonstrated strong performance,
but these approaches typically rely on datasets that
are already visualized or highly pre-structured. Au-
tomated data-to-visualization systems, for example,
operate on clean tabular inputs that can be directly
mapped into plotting code rather than inferred from
narrative descriptions (Wu et al., 2024; Zou et al.,
2024; Wang et al., 2025).

3. Methods

This study investigates two complementary ap-
proaches for generating patient-specific care path-
way visualizations that support nursing staff in rapid
situation assessment: (A) simple image genera-
tion and (B) automated code generation for graph-
based visualizations. Both approaches are evalu-
ated with respect to feasibility, interpretability, adapt-
ability, and potential for integration into clinical work-
flows. To ensure a fair comparison, a shared data
foundation and a common set of evaluation criteria
are employed.

3.1. Care Pathway
A total of seven distinct clinical guidelines are uti-
lized, each comprising between 5,771 and 126,403
words. These pathways encompass the following
thematic areas: (1) Work Aid, (2) decubitus prophy-
laxis, (3) Dementia, (4) Urinary Incontinence, (5)
Chronic Wound Care, (6) Pain Management, and
(7) Fall Prevention.

3.2. Patient Data
In this study, a dataset consisting of ten synthetic
patient profiles were generated with GPT-4. Each
profile is provided as a plain text document struc-
tured around fourteen information categories.

These categories encompass: (0) general pa-
tient information such as name, gender, and age;
(1) communication abilities, including hearing, vi-
sion, speech, and social interaction; (2) mobility,
covering aspects such as movement in bed, and
use of assistive devices; (3) vital functions includ-
ing blood sugar management, medication handling,
and pain assessment; (4) self-care activities, rang-
ing from independent or assisted hygiene routines
to skin and oral care; (5) eating and drinking behav-
iors, including levels of independence and support
required for meal preparation and intake; (6) toi-
leting abilities, continence status, and the use of
catheters or related aids; (7) dressing and undress-
ing capabilities, including the need for support and
use of prostheses or orthoses; (8) sleep patterns,
disturbances, and related observations; (9) hobbies
and leisure activities; (10) preferences regarding
the gender of caregiving staff as well as individual
care goals and planned interventions; (11) safety-
related aspects, such as orientation and the ability
to recognize hazards; (12) household-related com-
petencies, including heating, pet care, cleaning re-
sponsibilities, and relevant observations; and (13)
personal expectations and wishes, religious con-
siderations and preferences of both patients and
their trusted persons, shown in Listing 1.

This dataset provides a consistent basis for com-
paring visualization approaches across varied pa-
tient situations, with documents ranging from 1,631
to 1,917 words.

3.3. Data Preparation and
Pre-processing

Given the variability in patient data, not all treat-
ment guidelines are applicable to every individual
case. To streamline processing and ensure the
accurate generation of visualization graphs, a two-
stage pre-processing pipeline to structure both the
clinical logic and the patient-specific relevance was
implemented.

Guideline Structuring (Rule Extraction). Origi-
nal clinical guidelines are typically available as nar-
rative text, which can lead to ambiguity during au-
tomated processing. To mitigate this, Gemini 3 Pro
was used to transform the raw guideline texts into
a JavaScript Object Notation (JSON) format. Since
the source guidelines were provided in German, the
extracted logic retains the original German medical
terminology to prevent semantic loss during trans-
lation. In this file, complex care instructions were
decomposed into atomic "IF-THEN" statements:

• Condition (IF): Trigger criteria based on pa-
tient assessment (e.g., "IF Braden score is
low").
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First name: Elisabeth
Last name: Müller
Address: Musterstraße 10, 1010 Vienna
Date of birth: April 12, 1935
Main diagnoses: Dementia, high blood pressure, osteoarthritis
[...]
Care level: 4, application for increase submitted: no
Emergency call system: yes, with Johanniter Unfallhilfe
[...]
Speech disorder: No
Type of speech disorder: -
Skills/resources/
Observations: Despite her dementia, Elisabeth is still able to hold simple

conversations. She responds positively to friendly and patient communication.
She tends to repeat herself and has difficulty remembering new situations and
faces. She shows confusion when discussing complex topics. She likes being read
to and finds it relaxing.

↪→

↪→

↪→

↪→

2. ABEDL Moving around Independently Supervision Instruction Partial
assistance Full assistance Relevant for care plan.↪→

Movement in bed (changing position/sitting up): X
[...]
Bowel movements: regular irregular X normal diarrhea constipation
[...]

Listing 1: Excerpt of a patient profile, translated to provide reader clarity. Full original record contains
1,773 words.

• Action (THEN): The mandatory nursing inter-
vention (e.g., "THEN initiate positioning sched-
ule").

This transformation reduces the input tokens for the
language model by converting text into a clearer
and cleaner structure. An excerpt of the generated
structure is shown in Listing 2.

Patient-Guideline Mapping. Since applying all
guidelines to every patient would create cluttered
and irrelevant visualizations, an intermediate map-
ping step was introduced. Gemini 3 Pro was used
to automatically generate a specific mapping file
that acts as a relevance filter. The model analyzed
the unstructured patient profile to identify relevant
diagnoses and care needs, subsequently flagging
specific guideline modules as active: true
or active: false (e.g., activating "Dementia
Care" only for patients with a confirmed diagnosis).
This ensures that the generated pathways focus
exclusively on clinically indicated interventions.

3.4. Experimental Models
To evaluate the two visualization approaches,
state-of-the-art foundation models were employed.
Models were allocated to Approach A (Image Gen-
eration) and Approach B (Code Generation) as
shown in Table 1. All models were tested with
prompts in both English and German to evaluate
cross-lingual robustness.

Model A1 A2 B1 B2
Gemini 3 Pro X X X X
Gemini 3 Fast – – X X
Gemini 3 Thinking X X – –
NanoBanana Pro X X – –
GPT-5 – – X –

Table 1: Model usage across test setup.

Experimental Design Framework. To system-
atically assess both visualization approaches, an
evaluation framework was developed. Within this
framework, three key parameters were varied:

• Data Source: Pre-processed Logic (JSON)
vs. Unstructured Full-Text (All Guidelines).

• Model: Depending on the approach, models
are used as listed above.

• Prompt Language: German (Native Source)
vs. English (Translation).

3.5. Approach A: Simple Image
Generation

The first approach explores the capability of multi-
modal models to synthesize complex clinical data
directly into visual artifacts, bypassing traditional
rendering software. To ensure clinical utility, strict,
role-based prompts were designed to enforce spe-
cific aesthetic and structural constraints (see List-
ing 3 and Listing 4).
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{
"arbeitshilfe_complete_txt": [

"IF Aufnahme eines neuen Patienten THEN Durchfhrung der SIS (Strukturierte
Informationssammlung) innerhalb von 24h.",↪→

"IF Risikoeinschtzung (Matrix) zeigt Handlungsbedarf THEN Planung konkreter
Manahmen im Manahmenplan.",↪→

"IF Manahmen durchgefhrt THEN Dokumentation im Berichteblatt (Abweichungen
begrnden).",↪→

"IF Evaluationsdatum erreicht OR akute Zustandsnderung THEN Erneute Einschtzung
der Risiken und Anpassung des Manahmenplans.",↪→

"IF Pflegegrad 4 oder 5 THEN Tgliche Dokumentation der Krperpflege und Mobilitt
zwingend erforderlich."↪→

]
}

Listing 2: Excerpt of the pre-processed guideline logic in german. Explicit IF-THEN rules were extracted
by Gemini 3 Pro to standardize the input for downstream visualization.

Figure 1: Generated image from NanoBanana Pro,
with English prompt.

3.5.1. Input Variation A1: Structured
Guideline Injection

In this setup,the model used pre-processed “If-
Then” rules (guidelines.json) and a patient fil-
ter (guidelines_patients.json) to generate
a decision tree (see Listing 3). The objective was to
test whether providing structured logic improves the
accuracy and consistency of the visual pathways.

3.5.2. Input Variation A2: Unstructured
Full-Text Injection

In this variation, the model received the complete,
unprocessed textual guidelines without specific vi-
sual constraints (see Listing 4). The objective was
to assess its ability to autonomously extract clin-
ical rules from raw text, resolve ambiguities, and
generate coherent pathways.

Image Synthesis. The visualization process
was orchestrated by Gemini 3 Pro, utilizing the
NanoBanana Pro model as the generative engine
within the Gemini environment (see Figure 1).
Gemini 3 Pro first processed the prompt and pa-
tient data to structure the visual request, subse-
quently instructing NanoBanana Pro to generate

System Role: You are a technical
illustrator for medical algorithms.
Create a highly detailed
visualization of a clinical pathway
as a flowchart.

↪→

↪→

↪→

↪→

HERE IS THE DATA:
### 1. PATIENT (The focus):[Insert

contents of 'patient_0.txt']↪→

### 2. ACTIVE TOPICS (The
filter):[Insert contents of
'guidelines_patients.json']

↪→

↪→

### 3. RULES (The logic):[Insert
contents of 'guidelines.json']↪→

IMAGE INSTRUCTIONS:
- Generate a strict "flowchart" on a

white, technical background.↪→

- Show clearly defined nodes (boxes) and
connecting lines (arrows).↪→

- Structure: At the top is the starting
point "patient admission," below
which the tree branches into
different paths (fall, dementia,
care).

↪→

↪→

↪→

↪→

- Style: Vector graphics, schematic,
clean, medically precise. No photos,
no 3D effects.

↪→

↪→

- Colors: Black/white with signal colors
(red/orange) for risk paths.↪→

Additional note for AI: Try to suggest
text in the boxes, but focus
primarily on the correct logical
branching aesthetics of a decision
tree.

↪→

↪→

↪→

↪→

Listing 3: Prompt template for Approach A1. The
model receives structured JSON rules and specific
color signaling instructions to generate the visual-
ization.

the output. The model was instructed to emphasize
a decision tree’s logical branching, placing text in
boxes when possible while preserving the correct
care-path topology.
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System Role: You are a technical
illustrator specializing in medical
algorithms. Create a detailed
visualization of a clinical pathway
in the form of a flowchart.

↪→

↪→

↪→

↪→

HERE IS THE DATA:
### 1. PATIENT (The Focus):[Insert

contents of 'patient_0.txt']↪→

### 2. ACTIVE ISSUES:[Insert contents of
'guidelines_patients.txt']↪→

### 3. RULES (The Logic):[Insert
unstructured raw guideline texts]↪→

IMAGE INSTRUCTIONS:
- Create a strict "flowchart" on a

white, technical background.↪→

- Show clearly defined nodes (boxes) and
connecting lines (arrows).↪→

- Structure: At the top is the starting
point "Patient Admission"; below
that, the tree branches into
different paths (Fall, Dementia,
Care).

↪→

↪→

↪→

↪→

- Style: Vector graphics, schematic,
clear, medically precise. No photos,
no 3D effects.

↪→

↪→

Listing 4: Prompt template for Approach A2. The
model must extract visual logic directly from un-
structured text guidelines without specific color sig-
naling constraints.

Quality Assurance Criteria. Generated outputs
were screened against:

1. Risk Visibility: Whether patient-specific risk
factors (e.g., fall risk, dementia-related super-
vision needs) were clearly represented and
correctly highlighted according to the defined
visual signaling scheme.

2. Data Faithfulness: Whether the visual
branching logic corresponded to the injected
patient data and guideline content, without
omission of central care elements.

3. Occurrence of Hallucinated Elements:
Whether the visualization contained invented
nodes, incorrect causal links, dangling edges,
or visual artifacts not grounded in the provided
input data.

3.6. Approach B: Code-Generated Graph
Visualizations

The second approach prioritizes interoperability
and lightweight system integration by generat-
ing Mermaid.js code (Sveidqvist and the Mer-
maid.js Contributors, 2014). Unlike complex
rendering scripts, Mermaid offers a declarative,
markdown-compatible syntax that allows care path-
ways to be embedded directly into clinical dash-
boards as renderable text.

3.6.1. Input Variation B1: Structured Logic

In this setup, Gemini 3 Pro, Gemini 3 Fast, and
GPT-5 received the guidelines.json contain-
ing explicit "If-Then" rules alongside the patient pro-
file (see Listing 5). The objective was to test the
models’ ability to strictly follow syntax constraints
and generate valid Mermaid flowchart syntax when
the logic extraction is already pre-processed.

System Role: You are a medical
assistant. Create a precise process
graph (Mermaid.js) for care
planning.

↪→

↪→

↪→

Use these three data sources:
### SOURCE 1: THE PATIENT (status &

vitals): [Insert contents of
'patient_0__full.txt']

↪→

↪→

### SOURCE 2: RELEVANT TOPICS (Filter):
[Insert contents of
'guidelines_patients.json']

↪→

↪→

### SOURCE 3: LOGIC & RULES (Knowledge
Base): [Insert contents of
'guidelines.json']

↪→

↪→

YOUR TASK: Create a flowchart that
logically deduces what needs to be
done.

↪→

↪→

Procedure:
1. Look in SOURCE 2: Which topics are

active? (e.g., falls, dementia).↪→

2. Go to SOURCE 3 (rules) for these
topics.↪→

3. Use the data from SOURCE 1 (patient)
to check which "if" condition is
met.

↪→

↪→

- Example: Rule says "If Braden <
12." According to Source 1, the
patient has "Braden 10." ->
Include the measure "soft
bedding" in the graph.

↪→

↪→

↪→

↪→

- If a condition is NOT met, omit the
measure.↪→

Just give me back the Mermaid code.

Listing 5: Prompt template for Approach B1. The
model receives pre-extracted JSON rules and a
concrete deduction example.

3.6.2. Input Variation B2: Unstructured
Full-Text

In this setup, only the Gemini 3 Series models were
tested. GPT-5 was excluded from this specific vari-
ation due to platform-imposed file upload limits that
prevented the ingestion of the complete guideline
set. As shown in Listing 6, the models had to per-
form implicit logic extraction directly from raw text.
The objective was to evaluate the reasoning capa-
bilities of the Pro versus Fast variants when filtering
noisy, real-world data and structuring it into a valid
Mermaid graph within a single context window.
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System Role: You are a medical
assistant. Create a precise process
graph (Mermaid.js) for care
planning.

↪→

↪→

↪→

Use these data sources:
### SOURCE 1: THE PATIENT (status &

vitals): [Insert contents of
'patient_0__full.txt']

↪→

↪→

### SOURCE 2: RELEVANT TOPICS (Filter):
[Insert contents of
'guidelines_patients.json']

↪→

↪→

### SOURCE 3: LOGIC & RULES (Knowledge
Base): Use the necessary guidelines.
[Insert unstructured raw guideline
texts]

↪→

↪→

↪→

YOUR TASK: Create a flowchart that
logically derives what needs to be
done.

↪→

↪→

Procedure:
1. Look at SOURCE 2: Which topics are

active? (e.g., falls, dementia).↪→

2. Go to the appropriate guideline for
these topics.↪→

3. Use the data from SOURCE 1 (patient)
to check which condition is met.↪→

- If a condition is NOT met, omit the
measure.↪→

Just give me back the Mermaid code.

Listing 6: Prompt template for Approach B2. The
model must extract logic directly from raw text guide-
lines without predefined examples.

Evaluation Criteria. The generated Mermaid
code was assessed based on:

1. Syntax Stability: Whether the generated Mer-
maid code rendered successfully without man-
ual correction and adhered to valid structural
conventions.

2. Data Fidelity: Whether patient-specific risks,
diagnoses, and contextual constraints were
accurately reflected in the generated graph
structure.

3. Logical Coherence: Whether the generated
pathways followed a clinically meaningful se-
quence without contradictory or structurally in-
consistent connections.

4. Usability: Whether the resulting graph pro-
vided a clear and interpretable overview suit-
able for rapid situation assessment in nursing
workflows.

3.7. Validation Procedure
Both approaches were validated using the dataset
of ten synthetic patient profiles. For each scenario,
following steps were done:

1. Execution Matrix: Prompts were run for Ap-
proach A (Image) and Approach B (Code)
across all selected models and both languages
(English/German).

2. Syntax Verification (Approach B): For
the code-based approach, it was assessed
whether the generated Mermaid.js code ren-
dered successfully without manual correction.

3. Visual Inspection (Approach A): For the mul-
timodal approach, the generated dashboards
were qualitatively assessed for hallucinations
(e.g., legible text vs. gibberish, correct risk
color-coding).

4. Cross-Lingual Check: The output was com-
pared between German and English prompts
to determine if translation layers introduce
medical inaccuracies.

3.8. Synthesis and Decision Guidance
Findings are synthesized to identify:

• Model Efficiency: Trade-offs between latency-
optimized models (e.g., Gemini 3 Fast)
and high-reasoning variants (e.g., Gemini 3
Pro/Thinking) for reliable graph generation.

• Data Robustness: The comparative reliability
of pre-processed logic (JSON) versus flexible
full-text extraction.

• Platform Viability: The impact of commercial
tool constraints (e.g., file limits in Copilot) on
clinical workflow integration.

• Format Suitability: Guidelines for deploying
direct visual generation versus structured Mer-
maid graphs based on clinical documentation
needs.

4. Results

The performance of the generated visualizations
was evaluated across ten synthetic patient profiles.
The evaluation was carried out by two researchers
with completed graduate-level study in the medical
and bioinformatics fields. The results are catego-
rized by the generation approach (Multimodal vs.
Code-based) and analyzed regarding model capa-
bilities and language robustness.

4.1. Approach A: Visual Fidelity and
Semantic Consistency

The direct image generation using NanoBanana
Pro produced visually distinct outputs depending on
the prompt language and input granularity. While
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the requested aesthetic style was generally ad-
hered to by the model, substantial variances in in-
formation density and correctness were observed.

Language-Dependent Stability. A comparative
analysis of German versus English prompts (using
identical JSON inputs) revealed a marked disparity
in output quality:

• German Prompts: The outputs exhibited sub-
optimal spatial organization and high visual
noise. The generated dashboards frequently
suffered from orthographic instability (halluci-
nated or misspelled text labels) and displayed
a lack of content specificity, often resorting to
generic medical imagery rather than patient-
specific data points.

• English Prompts: These yielded superior
structural coherence and orthographic fidelity,
with no detected spelling errors. Furthermore,
the semantic mapping of risk factors was
more precise, evidenced by the correct ap-
plication of the requested signal color scheme
(red/orange) for high-priority pathways.

Complexity vs. Logical Grounding (Full-Text
Input). When utilizing Gemini 3 Pro to drive the
image generation process based on unstructured
full-text guidelines (variation A2 3.5.2), the result-
ing visualizations increased in graphical complex-
ity. Although the visual output was rendered by
NanoBanana Pro, the guiding logic provided by
Gemini 3 Pro led to more detailed structures.

• Superficial Plausibility: At a macroscopic
level, the charts appeared highly detailed and
aesthetically professional ("superficial coher-
ence").

• Semantic Disconnects: However, a granular
inspection revealed severe topological errors,
such as dangling edges and erroneous causal
links (see Figure 2), indicating a hallucination
of logic despite the high visual resolution.

4.2. Approach B: Code-Generated Graph
Visualizations

The generated Mermaid.js code was evaluated
with respect to visual usability, procedural logic,
and information fidelity. The analysis reveals that
model architecture and prompt language consider-
ably dictate the utility of the resulting graph, creat-
ing a trade-off between overview speed and safety-
critical detail.

Figure 2: Generated image using Gemini 3 Pro
and NanoBanana Pro with German prompt. The
output illustrates severe "visual noise" and topolog-
ical hallucinations, with non-linear pathways and
disconnected logical vectors.

4.2.1. Visual Layout and Abstraction

Gemini 3 Fast (German, Variant B1 3.6.1) demon-
strated the highest utility for rapid situation as-
sessment. It spontaneously generated styling
classes, grouping related interventions into color-
coded blocks and omitting inactive pathways. This
resulted in a compact "dashboard view" ideal for
the point of care.

In contrast, English prompts resulted in unstyled
graph topologies with varying degrees of clutter.
Gemini 3 Fast (English, Variant B1 3.6.1) exhib-
ited the lowest readability, generating dense cyclic
structures with excessive feedback loops (e.g. eval-
uation arrows returning to the start), creating visual
noise. Gemini 3 Pro (English, Variant B1 3.6.1)
adopted a structured "Assessment→ Action" pat-
tern. While visually clearer than the Fast model,
it still listed non-applicable guidelines as isolated
nodes. Although it avoided expanding their internal
logic, these inactive headers occupied unneces-
sary visual space, unlike the German output which
completely omitted inactive pathways.

However, a notable improvement was observed
in Gemini 3 Pro (English, Variant B2 3.6.2). This
configuration produced the most aesthetically co-
herent output of all evaluated permutations, offering
a clean, streamlined flow. The primary drawback
of this visualization was minor rendering artifacts,
where text labels occasionally overlapped with di-
rectional arrows, slightly obscuring the path logic
(see Figure 3).

4.2.2. Procedural Logic and Precision

Gemini 3 Pro (German, Variant B1 3.6.1) demon-
strated the highest procedural fidelity. It adopted a
precise "Question→ Action" pattern and success-
fully integrated social resources directly into the
clinical workflow, making it the most suitable model
for generating concrete nursing instructions.
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📋 Guideline: General Care 

Support

💧 Guideline: Urinary 

Incontinence

🧠 Guideline: Dementia 🛡️ Guideline: Fall 

Prophylaxis

YesYesYesYes

👤 Elisabeth Müller

(Patient 0)

Risk Factors Present?

(History of falls, Arthrosis)

Action: Use Mobility Aids

(Cane, Rollator)

Action: Accompanied Walks

(Due to insecurity)

Symptoms Present?

(Disorientation, Memory 

Loss)

Action: Psychosocial 

Support

(Read aloud to patient)

Action: Safety Monitoring

(Tendency to leave house)

Action: Structure Daily 

Routine

(Senior Club Mon/Thu)

Condition Met?

(Occasional Incontinence)

Action: Use Incontinence 

Pads

(Provided by daughter)

Action: Support with 

Intimate Hygiene

(Full support needed)

Care Status?

(Care Level 4)

Action: Medication 

Administration

(Support needed)

Action: Body Care Support

(Washing, Dressing)

Figure 3: Generated image using Gemini 3 Pro
with English prompt and full unstructured text input,
showing improved layout but minor text overlap.

In contrast, GPT-5 (Variant B1 3.6.1) produced
rigid, list-based structures. Despite the structured
input, it listed all theoretically possible measures
regardless of specific patient needs, resembling a
static checklist rather than a dynamic pathway.

4.2.3. Information Retention and
Cross-Lingual Nuances

The qualitative analysis of graph content revealed a
substantial interaction between model architecture
and prompt language regarding the preservation
of psychosocial "soft factors."

• Narrative Retention vs. Abstraction: A
disparity in the level of detail was observed
between the efficiency-focused and high-
performance models. Gemini 3 Fast (Ger-
man, Variants B1 3.6.1 and B2 3.6.2) and
GPT-5 demonstrated a tendency toward "ter-
minological abstraction", generalizing specific
patient resources (e.g., the calming ritual of
reading aloud) into generic nursing categories.
In contrast, Gemini 3 Fast (English) maintained
higher narrative fidelity, explicitly incorporating
the specific action.

• Model Robustness: Gemini 3 Pro exhib-
ited the highest degree of information stabil-
ity across both languages. It successfully
mapped the specific biographical resources to
the corresponding intervention nodes without
loss of detail, regardless of whether the prompt
was in German or English. This suggests that
higher-parameter models effectively mitigate
the abstraction risks inherent in smaller mod-
els.

• Linguistic Stability and Code-Switching:
Despite the high narrative retention in En-
glish, Gemini 3 Fast (English, Variants B1

3.6.1 and B2 3.6.2)) showed signs of "trans-
lation leakage". While the graph logic was
correctly translated, specific technical terms
for medical aids remained untranslated within
the English node structure ("Promote use of
Rollator/Gehstock"). This phenomenon of
code-switching indicates a shallower transla-
tion layer in efficiency-optimized models com-
pared to the Pro-tier architecture.

4.3. Platform Constraints
A decisive factor in the evaluation was platform ac-
cessibility. While the Gemini environment allowed
for the seamless processing of the complete guide-
line set in variation B2 (3.6.2), GPT-5 failed to pro-
cess the full-text scenario due to strict file upload
limits, necessitating the exclusive use of the pre-
processed JSON approach for this model.

5. Discussion

This investigation into AI-assisted care pathway vi-
sualization highlights trade-offs between aesthetic
fidelity, structural verifiability, and preservation of
patient-specific context. Analysis of generation er-
rors revealed modality-specific vulnerabilities. In
Approach A (image generation), reliance on pixel-
based models led to superficial plausibility, with
visually coherent outputs often containing topologi-
cal inconsistencies such as incorrect connections
and unsupported clinical elements. In contrast, Ap-
proach B (code generation) produced structurally
verifiable outputs, as errors typically resulted in ren-
dering failure rather than misleading visuals. How-
ever, this approach introduced semantic limitations,
as smaller models tended toward terminological ab-
straction, generalizing individualized interventions
and thereby losing important person-centered de-
tails. While generative models show promise in
reducing nursing cognitive load, direct end-to-end
generation remains insufficient for safety-critical
applications without robust human oversight.

5.1. The Trap of Superficial Plausibility
A primary finding regarding Approach A (Direct
Image Generation) is the discrepancy between
visual polish and logical grounding. Models like
NanoBanana Pro, even when guided by high-
reasoning prompts (Gemini 3 Pro), produced charts
with high "superficial plausibility" they visually re-
sembled professional clinical algorithms. How-
ever, the presence of "hallucinated logic", such as
dangling edges or causally incorrect connections,
poses a non-trivial risk. Unlike code-based genera-
tion (Approach B), where errors typically manifest
as syntax failures (rendering the output blank and

124



Acute Change or Date 

Reached

Admission Elisabeth Müller

Conduct SIS within 24h

Initial Assessment

Guideline: Dementia

Use Biography Work: 

Incorporate habits like 

reading aloud

Validating Communication: 

Take feelings seriously, do 

not correct

Provide Orientation Aids: 

Clocks, Calendars, 

Pictograms

Secure Mobility Space: 

Sensor mats for wandering 

tendency

Identify Triggers for 

Agitation: Check for 

pain/full bladder/noise

Guideline: Fall Prophylaxis

Conduct Risk Assessment: 

Tinetti/Expert Standard

Mobility & Strength 

Training: Promote use of 

Rollator/Gehstock

Environment Safety: Check 

lighting, remove trip 

hazards

Review Medication: Consult 

Dr. Schneider regarding risk 

factors

Footwear: Ensure firm, non-

slip shoes

Guideline: Urinary 

Incontinence

Keep Micturition Protocol: 

3-7 days

Skin Care: pH-neutral 

cleaning & Skin protection 

barrier cream

Incontinence Material: 

Adjust absorbency of pads

Guideline: General 

Documentation

Daily Documentation: 

Mandatory for Body Care & 

Mobility - Pflegestufe 4

Plan Concrete Measures in 

Plan

Document Deviations in 

Report Sheet

Evaluation

Figure 4: Generated graph code using Gemini 3 Fast with English prompt and structured JSON input.
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Start Care Planning: 

Elisabeth Müller

Identify Active Guidelines

Demenz Guideline Sturzprophylaxe Guideline Harnkontinenz Guideline
Arbeitshilfe 

Pflegedokumentation

Assessment: 

Hauptdiagnose Demenz, 

Desorientierung

Apply structured daily 

routine & memory training

Gender-sensitive care: 

Female caregivers preferred

Emotional support through 

reading aloud

Assessment: Sturzgefahr 

'Ja', Multiple falls reported

Use mobility aids: Gehstock 

inside, Rollator outside

Environmental safety: 

Rutschmatte in shower

Accompanied walks to 

maintain mobility

Assessment: Gelegentliche 

Harninkontinenz

Supply & monitoring: 

Inkontinenzvorlagen

Assistance with toilet 

transfers

Full support for intimate 

hygiene

Assessment: Pflegestufe 4 

& 24h-Betreuung

Implement professional 

nursing documentation 

standards

Dekubitusprophylaxe Schmerzmanagement Pflege chronische Wunden

Final Care Plan Compiled

Figure 5: Generated graph code from Gemini 3
Fast with english promt and unstructured full text
input, demonstrating untranslated terminology from
the source text.

thus harmless), image generation errors are subtle
and integrated into the visual artifact.

5.2. Language-Driven Abstraction vs.
Narrative Fidelity

The comparison of prompt languages (English vs.
German) uncovered a nuanced trade-off between
structural stability and the granularity of care in-
structions.

• Syntactic Stability and Code-Switching: En-
glish prompts consistently yielded more stable
Mermaid.js code, confirming that models are
better attuned to logical control structures in
English. However, efficiency-focused models
like Gemini 3 Fast exhibited "translation leak-
age," where technical German terms remained
untranslated within the English syntax.

• Narrative Retention vs. Professional Ab-
straction: The results indicate that the native
language (German) often triggers a "profes-
sional filter" in smaller models. Models like
Gemini 3 Fast and GPT-5 tended to abstract
specific rituals into generic professional termi-
nology.

This suggests that for clinical applications where
the preservation of psychosocial nuances is as
critical as medical accuracy, the use of high-
performance models (Pro-tier) is mandatory. Effi-
ciency models, while faster, introduce a "granularity
risk" where essential person-centered details are
sacrificed for either professional abstraction (in na-
tive language) or linguistic instability (in English).

6. Conclusion

The evaluation of two AI-assisted approaches for
generating patient-specific care pathway visualiza-
tions shows that both offer benefits but also notable
limitations. Image-based generation provides vi-
sually appealing outputs but lacks reliable logical
grounding, making it unsuitable for safety-critical
contexts. Code-based generation yields struc-
turally verifiable pathways, though results vary with
model architecture and prompt language. English
prompts favor syntactic stability, whereas German
prompts better preserve contextual and psychoso-
cial details.

Overall, while AI-driven visualization can support
nursing workflows, neither approach is yet sufficient
as an autonomous solution. Future systems should
integrate the strengths of both methods, combining
visual clarity with semantic and contextual accuracy
to more effectively reduce cognitive burden and
enhance care efficiency.

7. Outlook

In this setup we tested the use of generated images
or graph visualizations without a bigger framework.
The results suggest that a useful tool that is easy to
use requires more structure and refinement. The
tool’s output should be as consistent as possible so
that nursing staff can familiarize themselves with
the flowchart and thus access the information more
quickly. This would require a framework which com-
bines machine learning and algorithmic processes.

8. Ethical Considerations

These experiments were conducted using synthetic
data, which cannot fully reflect real-world condi-
tions. The synthetic patient data was generated for
research purposes only and does not represent real
individuals. When real-world data is used, multiple
safety measures have to be included. In Europe,
for example, such minimum requirements are es-
tablished and regulated by the European AI Act,
the General Data Protection Regulation, and the
Medical Devices Regulation. The aim is to protect
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individuals’ data in the context of patient care. In or-
der to develop a tool to support nursing staff, these
regulations must be followed.

9. Limitations

The study also has several limitations:

1. Synthetic data: While the generator produces
realistic patterns, real clinical records contain
more variability and complexity.

2. Comparability: The image content created
was evaluated visually by hand. No compara-
tive metrics were used.

3. Sample size: The size of the patient sets is
limited to 10 patients with 7 different care path-
ways, restricted by the manual effort required
for comparability.

4. No clinical validation: This study does not
include validation and clinical utility with health-
care providers.

5. Model usage: We used common known n
pixel-based image generation models, other
models based on logical relationship-based
generation might deliver better results. Ad-
ditionally the used models are paid models.
To keep costs low and ensure data security,
self-hosted models would also be worth con-
sidering for future evaluation.
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A. Generated Graph Data

Figure 6: Bigger display of Figure 1, generated image using NanoBanana Pro, with English prompt.

Figure 7: Bigger display of Figure 2, generated image using Gemini 3 Pro and NanoBanana Pro with
German prompt.
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📋 Guideline: General Care 

Support

💧 Guideline: Urinary 

Incontinence
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Figure 8: Bigger display of Figure 3, generated image using Gemini 3 Pro with English prompt and full
unstructured text input, showing improved layout but minor text overlap.

Figure 9: Generated image using Gemini 3 Pro with English prompt and structured guideline input.
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glish prompt and structured JSON input.
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(b) Generated graph code using Gemini 3 Fast with en-
glish promt and and unstructured full text input.

Figure 10: Bigger display of Figure 4 and Figure 5
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(a) Generated graph code using Gemini 3 Fast with Ger-
man prompt and unstructured full text input.
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(b) Generated graph code using Gemini 3 Pro with Ger-
man prompt and unstructured full text input.

Figure 11: Display of the difference between Gemini 3 Pro and Gemini 3 Fast.
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Figure 12: Generated graph code using GPT-5 with German prompt and structured logic input.
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Abstract
Text-based telemedicine has become an increasingly used mode of care, requiring clinicians to deliver medical
advice clearly and effectively in writing. As platforms increasingly rely on patient ratings and feedback, clinicians face
growing pressure to maintain satisfaction scores, even though these evaluations often reflect communication quality
more than clinical accuracy. We analyse patient satisfaction signals in Romanian text-based telemedicine. Using a
sample of anonymised text-based telemedicine consultations, we model feedback as a binary outcome, treating
thumbs-up responses as positive and grouping negative or absent feedback into the other class. We extract from
doctor responses interpretable, predominantly language-agnostic features (e.g., length, structural characteristics,
readability proxies), along with Romanian LIWC psycholinguistic features and politeness/hedging markers where
available. We train a classifier with a time-based split and perform SHAP-based analyses, which indicate that
metadata dominates prediction, functioning as a strong prior, while characteristics of the response text provide a
smaller but actionable signal. In subgroup correlation analyses, politeness and hedging are consistently associated
with positive patient feedback, whereas lexical diversity shows a negative association.

Keywords: telemedicine; patient feedback; doctor–patient communication; Romanian NLP; interpretability;
SHAP; psycholinguistic features.

1. Introduction

Text-based telemedicine has gradually evolved
from a niche offering to a more widely used way
of receiving care. As more consultations move on-
line, clinicians are increasingly practising medicine
in writing. They must give clinically sound advice
while explaining it clearly, using language that pa-
tients can easily understand and act upon. This
change also introduces expectations that have
emerged from other online services, especially re-
garding transparency and feedback. Patients are
accustomed to ratings and reviews in other digi-
tal services, and many now expect similar indica-
tors when deciding whether to trust a clinician on a
telemedicine platform.

As a result, many telemedicine platforms now
collect structured feedback after each consultation
(e.g., thumbs up / thumbs down or star ratings,
optionally accompanied by free-text comments).
In contrast to in-person care, where feedback is
relatively rare and often informal, online platforms
can generate large volumes of explicit evaluations
for individual clinicians.

While review systems have become ubiqui-
tous across online platforms, applying them to
telemedicine consultations presents unique chal-
lenges. Doctors find themselves evaluated not by
medical peers, but by patients who generally lack
the clinical expertise to assess medical accuracy.
This creates a fundamental tension: patient satis-
faction and review scores are often driven more by

how medical advice is communicated and framed
than by its clinical correctness. Consequently, doc-
tors face pressure to maintain high ratings in order
to sustain patient demand, yet they lack clear guid-
ance on which aspects of their communication to
change. This creates both an opportunity and a
challenge: feedback can incentivize better patient
communication and help platforms improve quality,
but it can also be difficult for doctors to interpret
and act upon, especially when it is negative.

This work attempts to address a key question in
telemedicine platforms: which parts of a doctor’s
written response are most associated with higher
patient satisfaction, and do these patterns differ
across patient and clinician subgroups?

A further motivation for this study is the linguistic
context. We analyse interactions written in Roma-
nian (Niculae et al., 2025b; Rogoz et al., 2026), a
low-resource language (Nigatu et al., 2024). Most
Natural Language Processing (NLP) research in
healthcare has focused on English and other high-
resource languages, with relatively limited work on
Romanian. As a result, key NLP resources for
Romanian, such as clinical-domain models and
standardised preprocessing pipelines, remain less
developed and less thoroughly validated (Tufis,
and Barbu Mititelu, 2014; Dumitrescu et al., 2018).
To keep the analysis interpretable and realistic,
we therefore rely primarily on language-agnostic,
surface-level measurements (e.g., length and struc-
ture) and incorporate Romanian-specific resources
through the Romanian Linguistic Inquiry and Word
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Count (LIWC) lexicon (Dudău and Sava, 2022; Pen-
nebaker et al., 2001).

In this work, we use completely anonymised
data consisting of Romanian-language text-based
telemedicine consultations, to study which factors
correlate with patient satisfaction, as reflected in
post-consultation ratings. The data underwent irre-
versible de-identification to ensure that individuals
could not be re-identified. Instead of retaining per-
sonally identifiable information, individuals were
categorized into broad, non-identifiable groups
based on general characteristics and prior activ-
ity. These groupings include distinctions such as
new versus returning users, whether they have pre-
viously provided positive feedback or no feedback,
and gender. By relying solely on aggregated and
non-specific attributes, this approach preserves
data utility while maintaining strict privacy protec-
tion. We treat feedback as the result of multiple
interacting components:

(i) Patient group information

(ii) Clinician public profile and platform activity

(iii) Question metadata (e.g., daytime interval, day
of week, chosen medical specialty)

(iv) Linguistic properties of the doctor response

Importantly, we do not attempt to assess med-
ical correctness, we strictly focus on observable,
surface-level attributes of doctors’ responses, fea-
tures that can be measured and acted upon. We
also do not include the patient question text in our
analysis.

We extract features related to readability and
form (e.g., length and structure), psycholinguis-
tic signals (e.g., LIWC categories), and metadata
linked to the patient groups, doctors and questions.
We then train a gradient-boosting model to predict
patient feedback, choosing it as a strong and simple
baseline that supports post-hoc interpretability. To
understand what the model learns, we use SHAP
(Lundberg and Lee, 2017) to quantify global fea-
ture importance and provide local explanations for
individual interactions, highlighting which response
characteristics most strongly influence predicted
satisfaction and how these effects vary across pa-
tient and doctor subgroups.

2. Related Work

Large language models (LLMs) are increasingly
adapted to medical settings via pre-training, fine-
tuning, and prompting on clinical corpora (Zhou
et al., 2023). Much of the literature evaluates exam-
style or multiple-choice QA, where strong perfor-
mance can be achieved under appropriate adap-
tation strategies (Zhou et al., 2023). More recent

"copilot" frameworks aim to support broader clini-
cal workflows without task-specific fine-tuning (Ren
et al., 2024), but open-ended, real-world interaction
settings remain less studied.

Patient-facing deployment depends not only on
correctness but also on perceived reliability and em-
pathy. AI-labeled medical advice can be rated as
less trustworthy or empathetic, lowering willingness
to follow it even when content is held constant (Reis
et al., 2024; Hohenstein et al., 2023). Conversely,
users judge AI responses as comparable to clini-
cians despite low accuracy (Shekar et al., 2024).
Reliability can also be user-dependent: model be-
haviour may degrade in public-facing use, plausibly
because outputs adapt to the quality and specificity
of user inputs (Team; Bean et al., 2025).

Beyond LLMs, medical humanities and sociolin-
guistics emphasize that patients value empathy,
clarity, attention to lived experience and appropri-
ate boundary-setting (Stergiopoulos and Martimi-
anakis, 2023). A well presented medical advice
is more likely to have a positive impact (Martin
et al., 2005) and to attract positive reviews, di-
rectly impacting doctor reputation (Street Jr et al.,
2009; Sargeant et al., 2008). Quantitative work
links physicians’ language to outcomes in online
consultations, for example positive-emotion and in-
strumental language correlating with higher returns
(Geng et al., 2024). Classic analyses also report
systematic gender differences in doctor–patient di-
alogue (Meeuwesen et al., 1991), motivating sub-
group analyses when studying satisfaction.

Rather than asking whether LLMs provide cor-
rect answers, we study what patients reward in
human clinician writing. We measure which ob-
servable properties of doctor replies (surface form,
readability proxies, psycholinguistic features) are
associated with positive feedback. This comple-
ments Romanian-focused efforts on optimizing
LLM-assisted doctor communication (Niculae et al.,
2025a). Our goal is not to assess clinical correct-
ness, but to provide an interpretable view of com-
munication cues that correlate with satisfaction.

3. Method

We study anonymised text-based consultations. Af-
ter an interaction, which consists of a patient ques-
tion and a doctor response, patients may leave
structured feedback (thumbs-up / thumbs-down).
In practice most interactions receive no explicit rat-
ing and explicit negative feedback is rare. We there-
fore model patient satisfaction as a binary predic-
tion task, treating thumbs-up as the positive class
and grouping thumbs-down and missing feedback
into the other class. As such, the task is to predict
whether a doctor response will receive positive feed-
back or not. This formulation roughly corresponds
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to the Positive-Unlabeled learning (PU-learning)
(Bekker and Davis, 2020) setup. The patient and
doctor usually do not have a prior connection and
each interaction is stand-alone. Patients can either
choose which doctor to send their question to, or
they can choose to have the doctor assigned by
the platform. Although completely anonymised, the
data is privately owned and cannot be released.

A particular aspect of the studied text consulta-
tions is that doctors may address clarification ques-
tions before providing an answer. We retain this
structure and distinguish between (i) Simple Ques-
tions and (ii) Questions with Clarifications (a clarifi-
cation step occurs), which we also use for stratified
reporting.

Feature extraction To keep the analysis inter-
pretable and robust in a lower-resource language
setting, we focus primarily on surface-level, mostly
language-agnostic features, and add Romanian-
specific resources where available. We extract
features from four sources: (i) patient group in-
formation – new vs returning user, prior activity
(e.g., previous thumbs-up), (ii) public doctor profile
– metadata (e.g., workplace, education), platform
activity and historical feedback rate, (iii) question
metadata (e.g., daytime interval, day of week, cho-
sen medical specialty), (iv) doctor response text –
binned quantities analysed in ranges for length /
structure (number of characters, tokens, punctua-
tion such as question marks), concreteness proxies
(e.g., number of digits), and lexicon-based markers
(e.g., politeness, hedging, recommendation cues),
as well as LIWC features. We compute a fixed fea-
ture vector, which is used for predictive modelling.

Prediction model and evaluation protocol We
train a gradient-boosted decision tree classifier
(CatBoost) for binary feedback prediction. To re-
duce temporal leakage, we use a time-based split:
training uses earlier interactions and evaluation is
performed on later interactions, for a 80:20 train:test
split. We report performance both on the full vali-
dation set and on relevant subsets.

Model interpretation and subgroup analyses
To understand which factors drive predictions, we
compute SHAP values on the trained model. We
summarize global importance with mean absolute
SHAP values and use local explanations to inspect
individual decisions. In addition, to probe whether
associations differ across populations, we perform
subgroup correlation analyses between selected
text features and feedback, stratifying by patient
gender (patient preferences) and doctor gender
(doctor behaviour), and report the resulting patterns
descriptively.

Subset Split ROC-AUC PR-AUC F1 Precision Recall
Simple Questions Val 0.6780 0.6865 0.6206 0.6206 0.6209
Only Clarifications Val 0.7153 0.5857 0.6367 0.6411 0.6493
All Questions Val 0.7192 0.6313 0.6518 0.6542 0.6577
New Patients Val 0.6479 0.6003 0.5804 0.6061 0.5963
Returning Patients Val 0.7656 0.6533 0.6951 0.6968 0.6937
Simple Questions Val High-conf 0.6951 0.6138 0.6456 0.7724 0.6416
Only Clarifications Val High-conf 0.8348 0.6542 0.7751 0.7960 0.7603
All Questions Val High-conf 0.8357 0.6987 0.7889 0.8001 0.7806

Table 1: Feedback prediction performance across
question subsets and patient groups (New vs. Re-
turning), reported on the validation split and a high-
confidence subset.

Figure 1: Mean absolute SHAP values for the
CatBoost feedback classifier. Larger values indi-
cate greater impact on predictions (magnitude only;
SHAP sign is not shown). Quantities are binned
and are not processed in absolute numbers.

4. Results

In Table 1, we show classifier performance across
subgroups. Since the classifier is properly cali-
brated (calibration error of 1.5%), high confidence
predictions have high performance in terms of ROC-
AUC score. Results are also better for clarification-
type questions: clarification questions may function
as a visible signal of attention and engagement.
Correlation analysis by doctor and patient gen-
der. Figure 2 shows Pearson correlations be-
tween doctor-text features and binary feedback,
computed separately by doctor gender (Doctor Be-
haviour) and by patient gender (Patient Prefer-
ences). Across all splits, the largest positive corre-
lations are for politeness markers and hedging in
the doctor response text, consistent with prior work
(Stergiopoulos and Martimianakis, 2023). Smaller
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Figure 2: Pearson correlations between selected doctor-response text features and positive feedback,
aggregated over all interactions. Positive values indicate features that tend to co-occur with thumbs-up
feedback, while negative values indicate features that tend to co-occur with thumbs-down or missing
feedback. Quantities are binned and are not processed in absolute numbers.

positive correlations appear for features that of-
ten signal concrete, actionable replies, such as
the number of digits, explicit recommendations
and question marks. The most consistent neg-
ative correlation is for lexical diversity, with addi-
tional negative correlations for several LIWC cat-
egories (e.g., liwc_work, liwc_affiliation,
liwc_social). Higher lexical diversity can reflect
more complex, less standardized phrasing, which
may increase cognitive load; conversely, simpler,
more formulaic language may read as clearer and
safer (Stergiopoulos and Martimianakis, 2023).

The overall pattern is similar across the two gen-
der groups, suggesting that both male and female
patients tend to respond positively to polite, cau-
tious and concrete messages. Differences by pa-
tient gender are small. Differences by doctor gen-
der are more visible: for several of the top positive
features (especially politeness, hedging and num-
ber of digits), correlations are larger within the sub-
set of replies written by female doctors than within
those written by male doctors. Correlation magni-
tudes are modest overall (roughly |r| ≈ 0.02–0.15),
so these results should be treated as descriptive.
Model explanations using SHAP. Figure 1 reports
mean absolute SHAP values (feature importance).
Overall, the model relies most on patient group in-
formation features. The largest contributions come
from the returning users feature and the previous
thumbs-up feature. These features mainly act as
strong priors: patients that previously gave positive
feedback are more predictable.

Doctor-level features contribute less than patient
group information. The top doctor predictors are
previously received thumbs-up rate, doctor work-
place, number of previously helped patients, and
number of years on the platform, along with past

positive / negative feedback rates. This suggests
the model captures persistent differences between
clinicians and settings (e.g., workplace) beyond the
doctor response.

Doctor response text features have smaller mean
|SHAP| values than patient groups and doctor pub-
lic profiles features, indicating that metadata dom-
inates the prediction. The most important doctor-
text signals include number of questions, number
of digits present, and several LIWC categories
(e.g., liwc_work, liwc_negemo, liwc_time),
as well as length proxies (n_characters,
n_tokens). These patterns are consistent with
feedback being associated with replies that are
more interactive (questions/clarifications), more
concrete (numbers) and more detailed (longer
responses), confirming prior work (Geng et al.,
2024). Digits often encode dosage, timing, thresh-
olds or step-by-step plans, which are surface
markers of actionability. Satisfaction signals are
identity- and expectation-loaded, as ratings reflect
the rater’s baseline tendency and the clinician’s
reputation/context more than the response. This is
consistent with "perception-first" evaluation dynam-
ics discussed in prior work (Shekar et al., 2024),
and motivates controlling for priors before making
communication recommendations.

Figure 3 shows that, when restricting the anal-
ysis to doctor-response text and stratifying by
medical specialty, the most predictive cues be-
come more specialty-specific. Some features recur
across categories, especially digits, time-related
language, and task-oriented terms, suggesting that
patient feedback favors responses that are con-
crete, procedural and actionable. At the same time,
several categories display clinically intuitive lexi-
cal patterns: dermatology emphasizes perceptual
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Figure 3: Mean absolute SHAP values for the most important doctor text features, computed separately
for each medical question specialty. Bars show the response-text features with the largest contribution
magnitude to the feedback prediction model within each specialty. Values indicate feature importance
magnitude only and do not show effect direction. Quantities are binned and are not processed in absolute
numbers.

and symptom-description language; endocrinol-
ogy is strongly driven by numeric content; gas-
troenterology highlights ingestion- and risk-related
terms; ENT uniquely surfaces hearing-related lan-
guage; pediatrics gives more weight to social
and second-person terms; and gynecology/urology
place greater emphasis on sexual and politeness-
related language. Overall, results suggests that
positive feedback is associated not only with gen-
eral clarity, but with responses whose language is
appropriately matched to the communicative de-
mands of the medical specialty.

5. Conclusions

We analysed anonymised Romanian text-based
telemedicine consultations to examine which char-
acteristics of written clinician replies are associated
with positive patient feedback. The main finding is
that satisfaction is driven largely by stable priors
(patient group information and doctor activity), so
predicting feedback mostly captures who tends to
rate positively and who tends to receive positive
ratings. Still, the response text contains smaller
but actionable signals: politeness and hedging are
consistently associated with positive feedback, as
are concrete, action-oriented cues (e.g., digits and
recommendations), while higher lexical diversity
correlates negatively. Presumably, more high-level
and semantic response features tailored to this spe-

cific use-case could be discovered automatically
using feature discovery methods (Cosma et al.,
2026). The results suggest that patient feedback
should be interpreted primarily as a signal of clear,
empathetic written communication, rather than as
a proxy for medical accuracy.

Future work should focus on modelling higher-
level, semantic features of the doctor responses,
such as response clarity and whether the response
contains adequate explanations where appropri-
ate. These aspects are not easily captured through
lexicon-based approaches and may require the
use of pretrained language models (Cosma et al.,
2026).

6. Bibliographical References

Andrew Bean, Rebecca Elizabeth Payne, Guy
Parsons, Hannah Rose Kirk, Juan Ciro,
Rafael Mosquera-Gómez, Sara Hincape, Aruna
Ekanayaka, Lionel Tarassenko, Luc Rocher, et al.
2025. Reliability of LLMs as medical assistants
for the general public: a randomized preregis-
tered study. Nature Medicine.

Jessa Bekker and Jesse Davis. 2020. Learning
from positive and unlabeled data: A survey. Ma-
chine learning, 109(4):719–760.

136



Adrian Cosma, Oleg Szehr, David Kletz, Alessan-
dro Antonucci, and Olivier Pelletier. 2026. Au-
tomatic Prompt Optimization for Dataset-Level
Feature Discovery.

Diana Paula Dudău and Florin Alin Sava. 2022.
The development and validation of the Roma-
nian version of Linguistic Inquiry and Word
Count 2015 (Ro-LIWC2015). Current Psychol-
ogy, 41(6):3597–3614.

Stefan Daniel Dumitrescu, Andrei Marius Avram,
Luciana Morogan, and Stefan-Adrian Toma.
2018. RoWordNet–A Python API for the Roma-
nian WordNet. In 2018 10th International Con-
ference on Electronics, Computers and Artificial
Intelligence (ECAI), pages 1–6. IEEE.

Shuang Geng, Yuqin He, Liezhen Duan, Chen
Yang, Xusheng Wu, Gemin Liang, and Ben Niu.
2024. The association between linguistic charac-
teristics of physicians’ communication and their
economic returns: mixed method study. Journal
of Medical Internet Research, 26:e42850.

Jess Hohenstein, Rene F Kizilcec, Dominic
DiFranzo, Zhila Aghajari, Hannah Mieczkowski,
Karen Levy, Mor Naaman, Jeffrey Hancock, and
Malte F Jung. 2023. Artificial intelligence in com-
munication impacts language and social relation-
ships. Scientific reports, 13(1):5487.

Scott M. Lundberg and Su-In Lee. 2017. A uni-
fied approach to interpreting model predictions.
CoRR, abs/1705.07874.

Leslie R Martin, Summer L Williams, Kelly B
Haskard, and M Robin DiMatteo. 2005. The
challenge of patient adherence. Therapeutics
and clinical risk management, 1(3):189–199.

Ludwien Meeuwesen, Cas Schaap, and Cees
Van Der Staak. 1991. Verbal analysis of
doctor-patient communication. Social science
& medicine, 32(10):1143–1150.

Andrei Niculae, Adrian Cosma, Cosmin Dumitra-
che, and Emilian Radoi. 2025a. Dr. Copilot: A
Multi-Agent Prompt Optimized Assistant for Im-
proving Patient-Doctor Communication in Roma-
nian. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Process-
ing: Industry Track, pages 1780–1792, Suzhou
(China). Association for Computational Linguis-
tics.

Andrei Niculae, Adrian Cosma, and Emilian Radoi.
2025b. A Retrieval-Based Approach to Medi-
cal Procedure Matching in Romanian. In Pro-
ceedings of the 24th Workshop on Biomedical
Language Processing, pages 167–175, Viena,

Austria. Association for Computational Linguis-
tics.

Hellina Hailu Nigatu, Atnafu Lambebo Tonja, Ben-
jamin Rosman, Thamar Solorio, and Monojit
Choudhury. 2024. The Zeno’s Paradox of ‘Low-
Resource’ Languages. In Proceedings of the
2024 Conference on Empirical Methods in Natu-
ral Language Processing, pages 17753–17774,
Miami, Florida, USA. Association for Computa-
tional Linguistics.

James W Pennebaker, Martha E Francis, Roger J
Booth, et al. 2001. Linguistic inquiry and word
count: Liwc 2001. Mahway: Lawrence Erlbaum
Associates, 71(2001):2001.

Moritz Reis, Florian Reis, and Wilfried Kunde.
2024. Influence of believed AI involvement on
the perception of digital medical advice. Nature
Medicine, 30(11):3098–3100.

Zhiyao Ren, Yibing Zhan, Baosheng Yu, Liang
Ding, and Dacheng Tao. 2024. Healthcare copi-
lot: Eliciting the power of general llms for medical
consultation. arXiv preprint arXiv:2402.13408.

Ana-Cristina Rogoz, Radu Tudor Ionescu,
Alexandra-Valentina Anghel, Ionuţ-Lucian
Antone-Iordache, Simona Coniac, and An-
dreea Iuliana Ionescu. 2026. A large-scale
benchmark for evaluating large language models
on medical question answering in Romanian.
npj Digital Medicine.

Joan Sargeant, Karen Mann, Douglas Sinclair,
Cees Van der Vleuten, and Job Metsemakers.
2008. Understanding the influence of emotions
and reflection upon multi-source feedback ac-
ceptance and use. Advances in Health Sciences
Education, 13:275–288.

Shruthi Shekar, Pat Pataranutaporn, Chethan
Sarabu, Guillermo A Cecchi, and Pattie Maes.
2024. People over trust AI-generated medi-
cal responses and view them to be as valid as
doctors, despite low accuracy. arXiv preprint
arXiv:2408.15266.

Erene Stergiopoulos and Maria Athina Tina Mar-
timianakis. 2023. What makes a ‘good doctor’?
A critical discourse analysis of perspectives from
medical students with lived experience as pa-
tients. Medical Humanities, 49(4):613–622.

Richard L Street Jr, Gregory Makoul, Neeraj K
Arora, and Ronald M Epstein. 2009. How does
communication heal? Pathways linking clinician–
patient communication to health outcomes. Pa-
tient education and counseling, 74(3):295–301.

Anthropic Team. Anthropic economic index report:
Economic primitives. Accessed: 18 Feb. 2026.

137



Dan Tufis, and Verginica Barbu Mititelu. 2014. The
Lexical Ontology for Romanian, volume 48 of
Text, Speech and Language Technology, pages
491–504. Springer.

Hongjian Zhou, Fenglin Liu, Boyang Gu, Xinyu
Zou, Jinfa Huang, Jinge Wu, Yiru Li, Sam S
Chen, Peilin Zhou, Junling Liu, et al. 2023. A
survey of large language models in medicine:
Progress, application, and challenge. arXiv
preprint arXiv:2311.05112.

138



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 139–148
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Datasets for a Chatbot for Clinical Trial Search

Yumeng Yang, MS1, Ethan B Ludmir, MD2, Kirk Roberts, PhD1

1McWilliams School of Biomedical Informatics
The University of Texas Health Science Center at Houston, Houston, TX, USA,

2Department of Radiation Oncology
The University of Texas MD Anderson Cancer Center, Houston, TX, USA

Yumeng.Yang@uth.tmc.edu

Abstract
Matching patients to clinical trials is a critical bottleneck hindered by complex eligibility criteria. While conversational
AI offers a promising solution, its safe deployment depends on high-quality, domain specific data. This paper
introduces three benchmark datasets designed to support the development and evaluation of conversational agents
for clinical trial pre-screening. First, a manually-annotated paired-criterion dataset provides a gold standard for
structuring raw criteria, which we used to objectively group 12,596 criteria. Second, we curated a human-authored
question benchmark to validate the clinical fidelity and patient-centric clarity of questions generated by a medical LLM,
ensuring the AI’s dialogue is accurate and understandable. Third, we constructed a human-validated assessment
corpus of criterion-question-answer tuples with human-labeled outcomes to evaluate criterion classification based on
a patient’s answer to a generated question. The primary contribution of this work is a foundational set of benchmark
datasets, designed to support and evaluate key components for a chatbot for clinical trial search.

Keywords: Eligibility Criteria, Natural Language Processing, Large Language Models, Conservational AI

1. Introduction

The matching of eligible patients to suitable clinical
trials is a critical challenge in finding treatments
for diseases such as cancer (Unger et al., 2016;
Murthy et al., 2004). While clinical trials offer ac-
cess to potentially life-saving innovative treatments,
patient enrollment rates remain persistently low,
with estimates suggesting that fewer than 5% of
adult cancer patients participate (Unger et al., 2016;
Murthy et al., 2004). A barrier to enrollment is
the complexity of clinical trial eligibility criteria (Kim
et al., 2017; Idnay et al., 2021), which are often ar-
ticulated in dense, technical prose across disparate
trial documents. This information overload makes it
exceedingly difficult for patients and even clinicians
to efficiently identify appropriate trials, leading to
missed opportunities and delays in care.

The conventional approach to trial recruitment
relies on manual eligibility screening by clinical
staff, a process that is notoriously laborious and
time-consuming (Cowie et al., 2017; Köpcke and
Prokosch, 2014). Additionally, patients often lack
effective tools to actively find potentially suitable
clinical trials (Borno et al., 2022). Recent advances
in natural language processing (NLP) and large lan-
guage models (LLMs) present a promising avenue
for mitigating this challenge. Conversational AI
systems, in particular, have the potential to democ-
ratize access to trial information by transforming
the complex pre-screening process into an intuitive,
interactive dialogue. Such systems can guide pa-
tients through a series of clarifying questions to
determine their potential eligibility. However, the

efficacy, safety, and reliability of these clinical AI
tools are not only a function of model architecture;
they are fundamentally dependent on the quality of
the underlying data resources used for their devel-
opment and validation.

This paper addresses a gap between the poten-
tial of conversational AI in clinical trial matching and
the practical, resource-intensive work required to
build a trustworthy system. We argue that the de-
velopment of robust language resources, accompa-
nied by a rigorous, multi-stage evaluation protocol,
is a prerequisite for a successful clinical applica-
tion and constitutes a significant research contribu-
tion in itself. We present a detailed case study of
our data preparation, annotation, and evaluation
pipeline designed to support a conversational AI
for cancer trial pre-screening. We specifically focus
on cancer clinical trials, but none of our methods
are limited to cancer; it is just the most prominent
use case for clinical trials. Our work is organized
around three data-centric stages: (1) clustering of
semantically similar eligibility criteria, (2) generation
of natural language questions for each criteria clus-
ter, and (3) assessment of patient answers against
the source criterion.

Further, we evaluate several state-of-the-art
methods as baselines for creating and validating
the linguistic assets at each stage. For criteria
clustering, we systematically compare the perfor-
mance of a density-based algorithm, HDBSCAN
(Campello et al., 2013), against the centroid-based
K-Means, establishing a more effective method for
grouping nuanced clinical statements. For question
generation, we develop a gold-standard dataset
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of human-authored questions and use it to bench-
mark and iteratively refine questions generated by a
specialized medical LLM, MedGemma (Sellergren
et al., 2025). This iterative refinement process,
guided by metrics such as BERTScore (Zhang
et al., 2020) and ROUGE-L (Lin, 2004), resulted
in a highly optimized prompt engineering strategy.
Finally, we detail the creation of a human-validated
assessment corpus to evaluate the LLM’s ability
to accurately map a user’s answers to the underly-
ing eligibility criterion, ensuring the final system’s
reasoning is clinically sound.

The primary contribution of this work is not the
conversational agent itself, but the datasets that
enable its construction. We envision a variety of
conversational architectures are possible. How-
ever, the three sub-tasks studied how are funda-
mental to developing interactive systems for clinical
trials. These tasks represent the basic building
blocks of (i) reducing the dimensionality of clini-
cal trial eligibility criteria, (ii) converting the criteria
to a conversational prompt, and (iii) filtering trials
based on the user’s responses. In addition, this
paper provides the initial prompts used to generate
questions and assess patient responses against
eligibility criteria, which can serve as a baseline for
future refinement.

2. Related Work

Early efforts to automate patient-trial matching pri-
marily relied on structured data and rule-based
systems. Researchers developed systems that
converted free-text eligibility criterion into struc-
tured representations using medical ontologies like
UMLS and SNOMED-CT, enabling queries against
patient data in Electronic Health Records (EHRs)
(Weng et al., 2011; Yuan et al.). These approaches
were often labor-intensive, requiring extensive man-
ual effort to create and maintain rules, and strug-
gled to capture the semantic nuance inherent in
clinical prose (Weng et al., 2011). The emergence
of machine learning has led to the development
of methods include information extraction and text
classification. These systems used classic Natural
Language Processing (NLP) pipelines, including
Named Entity Recognition (NER) and relation ex-
traction, to identify clinical concepts within the trial
criteria (Kang et al., 2017). However, these mod-
els were dependent on feature engineering and
large, domain-specific annotated datasets, which
are expensive and time-consuming to create. The
paradigm shifted significantly with the development
of deep learning-based contextual embeddings.
Domain-specific pre-trained models such as Clin-
icalBERT (Alsentzer et al., 2019) and BioBERT
(Lee et al., 2020), which are fine-tuned on clinical
and biomedical corpora, demonstrated a superior

ability to understand the semantics of medical text.
These models have become the backbone for nu-
merous downstream clinical tasks, including cohort
identification and criteria analysis.

More recently, generative LLMs like Med-PaLM
(Singhal et al., 2023) and Med-Gemini (Saab et al.,
2024) have shown remarkable capabilities in com-
plex clinical reasoning and natural language gener-
ation. Research has showcased their potential for
tasks like medical question answering and clinical
note summarization (Nori et al., 2023). However,
a significant portion of this research focuses on
end-task performance, often overlooking the crit-
ical, resource-intensive data preparation pipeline
required for safe and reliable deployment. Our pre-
vious work includes manually annotating whether
a cancer trial includes or excludes a key criterion
in its protocol, which is important for downstream
tasks (Yang et al., 2024a,b). This highlights a cru-
cial gap between demonstrating a model’s potential
and engineering a trustworthy clinical application.

Our work’s primary contribution is the method-
ology for building the data foundation for a clinical
trial conversational agent. This involves three key
NLP tasks: structuring the source criteria, gener-
ating patient-facing questions, and classifying the
user’s response. Clustering has been explored for
discovering topics in clinical text, such as group-
ing patient notes or research articles (Arnold et al.,
2016). However, to our knowledge, an evaluation of
different embedding strategies and clustering algo-
rithms specifically for the nuanced text of eligibility
criteria has been lacking. Our analysis of SBERT
vs. other embeddings and K-Means vs. HDBSCAN
provides a methodological contribution to this niche
area. Furthermore, while question generation is an
established NLP task, its application to high-stakes
clinical scenarios necessitates a focus on quality
and fidelity. The standard practice of relying solely
on automated metrics like ROUGE or BERTScore
(Zhang et al., 2020) is insufficient where patient
safety is concerned. This paper, therefore, outlines
a replicable, human-in-loop methodology for gen-
erating and assessing conversational datasets to
better support the clinical trial screening process.

3. Experimental Setup

This paper presents a multi-stage pipeline to con-
struct and validate the linguistic resources for a con-
versational AI system for trial pre-screening. The
methodology is partitioned into three stages: (1)
the unsupervised clustering of eligibility criteria to
distill recurring clinical concepts; (2) the generation
and evaluation of natural language questions for
each cluster; and (3) the development of a validated
corpus to assess a large language model’s ability
to accurately interpret patient responses.
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Medical
Concepts
(Cluster)

Raw Eligibility Criteria

Dihydropyrimidine
Dehydroge-
nase (DPD)
Deficiency

1. Known dihydropyrimidine
dehydrogenase (DPD)
deficiency.

2. Known DPD deficiency
tested by measuring uracil
level in blood or by genetic
testing for DPD mutations.

Eastern
Cooperative
Oncology
Group (ECOG)
Performance
Status ≤ 1

1. Eastern Cooperative
Oncology Group (ECOG)
performance status of 0 or 1.

2. Patients must have an
ECOG performance status
score of ≤ 1.

Table 1: Example eligibility criteria for Dihydropyrim-
idine Dehydrogenase (DPD) Deficiency and East-
ern Cooperative Oncology Group (ECOG) Perfor-
mance Status ≤ 1.

3.1. Clustering of Eligibility Criteria

The initial stage focused on structuring the raw cri-
teria text into semantically coherent groups. To
begin, a balanced dataset was curated by ran-
domly sampling 100 clinical trials for each of five
major cancer types—breast, lung, prostate, colorec-
tal, and pancreatic cancer—resulting in a corpus
of 500 trials. All inclusion and exclusion criteria
were extracted from these trials, yielding 12,596
individual criteria. To prepare this text for cluster-
ing, each criterion was transformed into a high-
dimensional vector using four distinct embedding
strategies: the contextually-aware Sentence-BERT
(SBERT) and Universal Sentence Encoder (USE),
the domain-adapted ClinicalTrialBERT (Yang et al.,
2024b), and a classical lexical baseline using Term
Frequency–Inverse Document Frequency (TF-IDF)
with dimensionality reduction via Singular Value De-
composition (SVD). These embedded representa-
tions were subsequently grouped using two comple-
mentary clustering algorithms: the centroid-based
K-Means, configured with k=50 and k=300 to cap-
ture varying granularities, and the density-based
HDBSCAN, tested under tight, moderate, and re-
laxed density parameterizations. This approach
produced an ensemble of 20 unique clustering con-
figurations for evaluation.

To identify the optimal clustering configuration,
we manually annotated a set of 500 criterion
pairs selected from the most frequent disagree-
ments among our 30 model variants. These pairs
were identified by calculating their co-clustering fre-
quency and sampling from pairs that were grouped

together in 5 to 15 of the 20 runs. Two annotators
labeled these pairs based on whether they rep-
resented the same clinical concept and could be
addressed by a single question, achieving a strong
inter-annotator agreement with a Cohen’s Kappa
of 0.742, and agreement of 0.915.

Each of the 20 configurations was then bench-
marked against this gold standard, with perfor-
mance assessed using precision, recall, and F1.
The results indicated that SBERT embeddings pro-
vided the most effective representations, achieving
the highest average F1 (0.71) across all clustering
methods. While HDBSCAN configurations consis-
tently yielded high precision at the cost of lower
recall, K-Means offered a more balanced perfor-
mance. The best configuration, SBERT combined
with K-Means (k=200), achieved a superior F1 of
0.84 (precision=0.94, recall=0.76). Consequently,
this model was selected to generate the definitive
criteria clusters for all subsequent stages of the
pipeline. The detailed results for each embedding
method are listed in Table 2.

While K-means was used to help build the gold
standard, it is not included in our selection of clus-
tering algorithms because it requires the number
of clusters to be specified a priori, which depends
heavily on the specific disease and number of trials.
Instead, our clustering experiments for an algorithm
to actually include in the chatbot relies on HDB-
SCAN, which determines the optimal number of
clusters adaptively based on the intrinsic structure
of the data. To determine the optimal hyperparam-
eters for HDBSCAN clustering on SBERT-encoded
eligibility criteria, we conducted a systematic grid
search over a broad parameter space. The four
key parameters controlling cluster granularity were:
minimum cluster size (min_cluster_size ∈ {5, 20,
50, 100}), minimum samples (min_samples ∈ {1, 2,
3, 4, 5}), cluster selection epsilon (ε ∈ {0.3, 0.5, 0.6,
0.7, 0.8, 0.9}), and alpha (α ∈ {0.5, 0.7, 0.9, 1.0}).
For each configuration, clustering performance was
quantified in terms of precision, recall, F1, and ac-
curacy, where a pair was considered correctly pre-
dicted if both sentences appeared in the same clus-
ter.

The grid search results demonstrated that cluster-
ing performance was relatively stable across a nar-
row range of high-performing configurations (F1 =
0.91). Configurations with smaller min_cluster_size
and min_samples values tended to yield higher
recall and finer-grained clusters, whereas larger
values improved precision but produced coarser
groupings. Reducing ε below 0.8 increased the
total number of clusters but did not substantially
affect F1 performance, suggesting that clustering
quality was robust to moderate density threshold
variations.

Based on this analysis, we selected the config-
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Embedding Avg Accuracy Avg Precision Avg Recall Avg F1
ClinicalTrialBERT 0.5096 0.9182 0.4652 0.5668
SBERT 0.6508 0.9436 0.6326 0.7131
TFIDF 0.5384 0.9013 0.5132 0.5949
USE 0.5892 0.9182 0.5727 0.6505

Table 2: Evaluation of Embedding Models

uration of HDBSCAN with min_cluster_size = 5,
min_samples = 1, ε = 0.7, and α = 0.9. This config-
uration achieved a balanced trade-off (precision =
0.841, recall = 0.995, F1 = 0.911), while producing
a reasonable number of clusters (n = 425). This bal-
ance provided both high intra-cluster homogeneity
and sufficient granularity for downstream question
generation and patient–trial matching tasks.

3.2. Question Generation and Evaluation
Following the identification of semantically coherent
eligibility criteria clusters, the next stage focused on
generating a representative, patient-facing ques-
tion for each cluster. This benchmark dataset
serves as a standardized foundation for evaluat-
ing conversational agents in clinical trial screening,
ensuring consistency and reproducibility across dif-
ferent models and cancer types. By creating rep-
resentative questions for each cluster, we capture
common semantic patterns in eligibility criteria and
translate them into language that patients can eas-
ily understand, thereby bridging the gap between
clinical and layperson terminology.

Asking the right questions is essential for effi-
ciently filtering ineligible trials and improving screen-
ing precision. For example, instead of vague,
model-generated questions like “How would you
describe your ability to carry out daily activities?”, it
is more effective to ask directly about the patient’s
ECOG performance status, which preserves clin-
ical specificity and avoids ambiguity. For criteria
such as “ECOG between 0–2,” the model was in-
structed to generate open-ended rather than binary
questions, enabling downstream assessment mod-
ules to interpret responses more flexibly and accu-
rately. This benchmark data set supports the eval-
uation of question generation models and provides
a reusable framework to evaluate conversational
AI systems in healthcare contexts.

We utilized a domain-specific large language
model, MedGemma 27b, within a prompt engineer-
ing framework to generate these questions. The
prompt’s design (shown in Table 3) was guided by
several core principles established through iterative
refinement. The primary goal was to generate a
single, specific question whose answer would be
directly classsifiable (e.g., as a number or a yes/no
response). Key instructions emphasized preserv-
ing all medical specificity, directing the model to
retain all technical terms, units, and test names

(like ECOG, ALT, or g/dL) rather than generalizing
them. Furthermore, the prompt explicitly guided the
model to prioritize quantifiable answers—asking for
a patient’s specific lab value or score instead of a
simple binary confirmation—and to translate com-
plex terms by adding brief, parenthetical clarifica-
tions (e.g., "ECOG (Eastern Cooperative Oncology
Group)"). This structured approach, which also in-
cluded rules for handling logical conditions (e.g.,
’OR’ statements), was engineered to produce ques-
tions that were clinically precise, unambiguous for a
layperson, and machine-readable for downstream
assessment. To validate their quality, the machine-
generated questions were benchmarked against a
gold-standard set of human-made questions. The
evaluation relied on BERTScore for measuring se-
mantic similarity, thereby quantifying the fidelity of
the generated questions to the human references.
We manually selected 100 high-quality clusters for
annotation, which were defined by two criteria: first,
the cluster had a clear medical theme, with most cri-
teria pertaining to the same concept (e.g., Eastern
Cooperative Oncology Group (ECOG)); and sec-
ond, the majority of criteria within a cluster could be
consolidated and addressed by a single question,
despite being expressed differently.

The benchmark dataset was created by two an-
notators who made questions for each of the 100
clusters. We observed that some clusters contain
multiple themes; in these cases, we generated mul-
tiple questions to ensure complete coverage. Fol-
lowing a consolidation phase between the two anno-
tators, the final corpus served as our gold-standard
benchmark. For the experiment, the model was
constrained to generate a single question per clus-
ter, which was then evaluated for semantic fidelity
against the human-made references for that clus-
ter using BERTScore. The evaluation yielded a
mean precision of 0.3256, mean recall of 0.5278,
and a mean F1 of 0.4234, indicating a moderate
level of semantic alignment between the model-
generated and human-authored questions. These
results suggest that while the model captures key
aspects of the reference questions, there remains
room for improvement in fully mirroring human in-
tent and phrasing. To better illustrate the effec-
tiveness of our approach, several representative
examples from the benchmark are shown below.
For instance, within the functional status cluster, the
criterion “ECOG between 0–2” led to the question
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Prompt Type Prompt Content
Question Genera-
tion Prompt

GOAL: Analyze each clinical trial eligibility criterion and generate a single,
specific question whose answer can be directly used to determine eligibility
(classifiable as yes/no or numeric).
CORE PRINCIPLES:

1. Preserve all medical specificity – keep every named medical entity, test,
score, or unit (e.g., ECOG, KPS, WHO, albumin, hemoglobin, ALT, AST,
creatinine). Do not generalize or replace these with vague phrases.

2. Prioritize quantifiable or discrete answers – if the criterion includes a
number, grade, or threshold (e.g., ECOG ≤ 1, Albumin ≥ 3.0 g/dL), ask for
that number explicitly and encourage patients to find it in their medical
record.

3. Translate, don’t simplify away meaning – keep technical terms and add
short clarifications when needed (e.g., ECOG performance status→
ECOG (Eastern Cooperative Oncology Group) performance status).

4. Handle logical conditions explicitly – include both sides of logical
conditions (e.g., bleeding disorders OR taking anticoagulants) in the
question.

5. Be clinically actionable – phrase questions so clinicians can use answers
directly for eligibility screening.

EXAMPLES:

• ECOG performance status of 0 or 1→ Q: What is your most recent ECOG
(Eastern Cooperative Oncology Group) performance status score? It is a
number from 0 to 5 in your oncology record.

• Serum albumin ≥ 3.0 g/dL→ Q: What is your most recent serum albumin
level, as listed in your blood test results?

• History of bleeding disorders OR current use of blood thinners→ Q: Do
you have a bleeding disorder or are you currently taking blood-thinning
medication such as warfarin or apixaban?

OUTPUT FORMAT: Generated Question: "[your question here]" Criterion:
{rep_criteria}

Assessment
Prompt

You are assessing patient eligibility against a clinical trial criterion.
Inputs: Patient Answer: "{patient_answer}" Question: "{question}" Criterion
Type: {criterion_type} Criterion: {criterion_text}
Instructions:

• If INCLUSION criterion: patient must meet this requirement.

• If EXCLUSION criterion: patient must not meet this requirement.

Decision options (respond with exactly one):

• INCLUDE – patient meets inclusion or does not meet exclusion.

• EXCLUDE – patient does not meet inclusion or meets exclusion.

• UNKNOWN – insufficient data to determine.

Output: provide only one decision word (INCLUDE / EXCLUDE / UNKNOWN),
nothing else.

Table 3: Prompts for question generation and assessment
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“What is your ECOG score?”, which promotes more
flexible downstream assessment than a binary ver-
sion. Similarly, in the hematologic function cluster
(e.g., “Absolute neutrophil count≥ 1500/mm3”), the
generated question “Do you know your most recent
blood test results, including neutrophil or platelet
counts?” successfully balances clinical specificity
and patient readability. Finally, for organ function
and cancer stage clusters, questions such as “Have
you been told that your kidney function is normal?”
and “What type and stage of cancer were you diag-
nosed with?” demonstrate how technical eligibility
language can be converted into patient-centered
prompts without loss of medical meaning.

3.3. Patient Answer Assessment and
Validation

The third stage established a framework to evaluate
the conversational agent’s ability to assess patient
answers and make eligibility decisions. This bench-
mark dataset enables end-to-end assessment of
the clinical trial screening pipeline—from question
generation to response interpretation and eligibility
assessment.

To establish a framework for evaluating conver-
sational eligibility assessment, we developed a cor-
pus of 13,344 labeled tuples, each comprising a
criterion, a corresponding patient-facing question,
and responses (answers). The dataset integrates
two distinct components: a machine-generated set
of 6,660 examples, where the model was prompted
to produce two opposing synthetic answers per cri-
terion, and a human-generated answers with set
of 6,684 examples, where real users provided up
to three nuanced responses per question. To en-
sure these answers reflected real-world screening
scenarios, we intentionally included a spectrum of
response types. Beyond straightforward "yes" and
"no" answers, the dataset incorporates conditional
responses (e.g., "I can stop my medication if re-
quired") and "incomplete" entries where patients
cannot recall specific dates or lab values. This de-
sign forces the model to move beyond binary logic
and handle cases requiring follow-up or manual
review.

Evaluating the MedGemma 27B model against
this human-labeled gold standard revealed a three-
class accuracy of 74.1% and a binary (non-
exclusion vs. exclusion) accuracy of 81.3%. The
model demonstrated reliable recognition of the IN-
CLUDE class (precision = 0.83, recall = 0.72, F1
= 0.77) and the EXCLUDE class (precision = 0.69,
recall = 0.82, F1 = 0.75). However, the UNKNOWN
class exhibited a strong dependence on label preva-
lence; in the machine-generated subset where UN-
KNOWN frequency was low (5.7%), the model
struggled significantly (F1 = 0.32), whereas per-

formance improved in the human-annotated subset
(19.8% prevalence) to an F1 of 0.68. Across the
aggregate dataset, the UNKNOWN class achieved
an overall F1 of 0.61. These results indicate that
while the model effectively identifies explicit affirma-
tions and denials, its ability to defer for clarification
is sensitive to data distribution and the inherent
ambiguity of natural patient language.

The failure cases listed in Table 5 underscore
the critical need for our assessment dataset. While
large language models demonstrate powerful gen-
eral reasoning capabilities, their assessments var-
ied when faced with domain-specific challenges
such as unit conversion and contextual interpreta-
tion. This highlights that careful, targeted evalua-
tion is essential for specialized applications. Our
dataset, therefore, provides a crucial benchmark
for identifying these gaps and driving the develop-
ment of more robust and reliable conversational AI
for assessing clinical trial eligibility.

4. Results

Our multi-stage data generation pipeline produced
three validated benchmark datasets designed to
support and evaluate the development of conversa-
tional AI for clinical trial screening. The first dataset
is a manually annotated gold standard of paired
eligibility criteria, which played a critical role in ob-
jectively determining the optimal clustering config-
uration. By evaluating 20 different configurations
against this benchmark, we identified Sentence-
BERT (SBERT) as the superior embedding model,
achieving the highest average F1-score of 0.7131.
The final optimized model, combining SBERT with
HDBSCAN, demonstrated high performance with
an F1 of 0.911 (precision = 0.841, recall = 0.995)
on our benchmark. The application of this validated
model successfully structured 12,596 raw eligibility
criteria into a set of 425 clusters.

The second benchmark data is the human-made
question dataset corresponding to 100 criteria clus-
ters. To ensure comprehensive coverage, our anno-
tators manually crafted multiple valid, patient-facing
questions for clusters that include more than one
clinical theme. This design provides a flexible eval-
uation target; an automated system is considered
successful if it generates a question semantically
similar to any of the human-made variants for a
given cluster. We used this benchmark to evalu-
ate the questions generated by the MedGemma
model, using BERTScore to measure semantic fi-
delity. The evaluation yielded a mean precision of
0.3256, mean recall of 0.5278, and a mean F1 of
0.4234. This quantitative result indicates a mod-
erate level of semantic alignment, confirming that
while the model captures key aspects of the clinical
intent (as shown in Table 4), there remains signifi-

144



Cluster Theme Human-generated Question Machine-generated Question
Functional Status
(ECOG)

What is your Eastern Cooperative On-
cology Group (ECOG) score?

What is your most recent Eastern Co-
operative Oncology Group (ECOG)
score?

Liver Function (AST) Any recent blood tests or scans your
doctor or nurse mentioned?

What are your most recent AST
(aspartate aminotransferase) or ALT
(alanine aminotransferase) levels?

Renal Function
(Urine Protein)

Could you describe your most recent
urine test results?

What is your most recent urine pro-
tein level or urinalysis result?

Infectious Disease
Status (HIV)

Can you tell me if you have HIV, and
whether you are currently receiving
treatment?

Do you have a diagnosis of Human
Immunodeficiency Virus (HIV) infec-
tion, and if so, are you on treatment?

Table 4: Example comparison of human-generated and machine-generated patient-facing questions.

cant room for improvement in fully mirroring human
phrasing and nuance. This benchmark, therefore,
serves its purpose as a critical tool for both validat-
ing and iteratively refining generative models for
patient-facing communication.

The final benchmark is an assessment corpus
designed to evaluate the end-to-end reasoning
and classification capabilities of a large language
model. This dataset is structured as a collection of
tuples: criterion, criterion type, question, user’s an-
swer, comprising 13,344 labeled examples drawn
from 1,366 unique clinical trials. Using this bench-
mark, we quantitatively evaluated the model’s per-
formance against a human-labeled gold standard
(Table 6). Across the full evaluation set, the base
MedGemma 27B model achieved a three-class ac-
curacy of 74.1% and a binary (non-exclusion vs.
exclusion) accuracy of 81.3%, the latter reflecting
the model’s tendency to err on the side of caution
when a definitive exclusion decision cannot be reli-
ably supported.

The results revealed several systematic patterns.
The model performed most reliably on explicit, un-
ambiguous eligibility cases: the INCLUDE class
achieved precision 0.83, recall 0.72, and F1 0.77,
while EXCLUDE reached precision 0.69, recall 0.82,
and F1 0.75. However, performance degraded
substantially when faced with ambiguity. The UN-
KNOWN class represented the key failure point,
with precision 0.58, recall 0.64, and F1 0.61 over-
all—and dropping as low as F1 0.32 on the original
dataset where such cases are underrepresented
(5.7% of labels), indicating that the model frequently
defaulted to a premature binary decision rather than
deferring for clarification. This failure mode aligns
closely with the qualitative limitations identified in
Table 5, including an inability to perform unit conver-
sions for laboratory values (e.g., mmol/L to mg/dL),
difficulty interpreting non-clinical patient language
(e.g., “within normal range”), and challenges in re-
solving semantic ambiguity in conditional or tem-

porally qualified statements. This benchmark not
only quantifies these predictable weaknesses but
also establishes a validated resource for future re-
search, enabling targeted fine-tuning to enhance
the clinical assessment capabilities of advanced
language models.

5. Discussion

In this paper, we introduce three benchmark
datasets designed to advance clinical trial pre-
screening research. The paired-criterion bench-
mark establishes a structured and replicable frame-
work for clustering selection and evaluation. The
human-made question benchmark supports the as-
sessment of patient-facing generative AI by provid-
ing diverse phrasings of clinical concepts, enabling
more nuanced evaluation of question-generation
models. The assessment corpus focuses on identi-
fying reasoning challenges such as unit conversion,
contextual understanding, and semantic ambiguity.
Together, these datasets offer evaluation resources
that can inform the development and coordination
of future multi-agent chatbots for clinical trial search
and recommendation.

Despite these contributions, there are some lim-
itations in our study too. First, our datasets are
derived exclusively from five major cancer types.
While our data-centric method is designed to be
generalizable, the resulting resources are domain-
specific. Applying and validating the pipeline in
other therapeutic areas will be important to confirm
its generalizability. Second, the patient answers in
our assessment corpus were synthetically gener-
ated by LLM. Although designed to cover diverse
response types, they cannot fully capture the com-
plexity, ambiguity, and unpredictability of real-world
patient language. Future work include augmenta-
tion this corpus with authentic patient dialogues to
ensure real-world robustness. These limitations un-
derscore the necessity of expanding data collection
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Type of Limita-
tion

Example Question and
Answer

Corresponding Criterion Model Issue / Outcome

Interpretation
and Context
Understanding

Q: What is your recent
blood test that checked
how your blood clots, like
INR, PT, or aPTT? Were
the results normal, and
are you currently taking
any blood-thinning medi-
cations such as warfarin
or heparin?
A: My blood results are
within normal range.

International normalized
ratio (INR) and activated
partial thromboplastin
time (aPTT) or partial
thromboplastin time (PTT)
> 1.5 × ULN (unless on
therapeutic coagulation).

Model fails to infer that
“within normal range” im-
plies eligibility and should
include all related trials.

Ambiguity in Ex-
pression

Q: What is your usual
resting heart rate (in beats
per minute)?
A: My usual resting heart
rate is around 72 bpm,
though it can increase if
I’m stressed or just woken
up.

Mean resting heart rate
50–90 bpm (determined
from ECG); indication of
treatment with hormone
therapy and hypofraction-
ated radiotherapy.

Model cannot equate
“usual resting heart rate”
with “mean resting heart
rate,” marking it as “need
more information.”

Unit Conversion Q: What were your most
recent fasting cholesterol
and triglyceride levels
(NCT01301911)?
A: Total cholesterol: 185
mg/dL; triglycerides: 110
mg/dL.

Cholesterol 7.75 mmol/L
and triglycerides 2.5 ×
ULN.

Model unable to convert
mmol/L to mg/dL (7.75
mmol/L 140 mg/dL),
incorrectly marking as
“need more information.”

Incomplete Crite-
rion

— CNS inclusion criteria:
[incomplete statement].

Model continues to as-
sess instead of marking
as “need more informa-
tion.”

Table 5: Examples of Model Limitations in Question–Answer–Criterion Assessment

Class Precision Recall F1-score

INCLUDE 0.83 0.72 0.77
EXCLUDE 0.69 0.82 0.75
UNKNOWN 0.58 0.64 0.61

Table 6: Evaluation Performance on Eligibility Assessment

across different diseases and validating our data
against real-world interactions.

6. Conclusion

In this paper, we introduced three benchmark
datasets that provide the evaluation resources for
developing and validating conversational AI in the
clinical trial domain. We presented: (1) a paired-
criterion dataset for objectively optimizing the clus-
tering of complex eligibility criteria; (2) a human la-
beled question dataset for the evaluation of patient-

facing language generation; and (3) an assessment
corpus that quantifies critical reasoning gaps in cur-
rent LLMs and enables targeted model improve-
ment, also for further fine-tuning. Ultimately, this
work demonstrates that progress in clinical AI is de-
pendent not only on the advancement of the model
architecture, but also on the careful curation of high-
quality data. These datasets represent a tangible
step toward building safer and more reliable patient-
centric tools to navigate the complexities of clinical
trial recruitment.
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Abstract
In recent years, patient narratives have been used to understand subjective experiences that are not recorded in
clinical notes. However, narratives tend to be long and unstructured, requiring summarization. However, text-based
summaries often require a lot of clarification from patients and make it difficult for clinicians to review events and
changes in symptoms over time. In this study, we expanded the summary output by presenting a visualization of
the patient’s journey to facilitate communication between patients and medical staff. Referring to the widespread
use of LLM for summarization, we compared GPT-4.1 and Gemini-2.5-pro, and used Gemini-3-pro-image-preview
for visualization. Data was collected from DIPEx-Japan, then the quality of the summaries was evaluated
quantitatively and the visualizations qualitatively. Quantitative evaluation using BLEU and ROUGE metrics showed
that Gemini-2.5-pro achieved higher summary scores than GPT-4.1, and Japanese summaries scored higher than
English ones. Conversely, English performed better than Japanese in temporal expression extraction using precision,
recall, and F1 metrics, and the Gemini-2.5-pro model consistently outperformed GPT-4.1. In qualitative evaluation
using the pairwise method, the timetable-based model was far superior with an overall win rate of 0.865 in Japanese
and 0.969 in English compared to the baseline.

Keywords: LLMs, Summarization, Visualization, Patient Journey, Timetable

1. Introduction

Sharing information between a patient and a clin-
ician is crucial. The World Health Organization
emphasizes the importance of patient and public
involvement, positioning patients and families as
partners to improve safety, service quality, and pa-
tient experience (World Health Organization, 2021).
This is especially critical in acute consultations,
where clinicians must immediately understand the
chronology of symptoms and examinations under
tight time constraints.

Patient narratives offer valuable insights into sub-
jective healthcare experiences (Oluoch et al., 2023),
yet they are frequently lengthy, fragmented, and un-
structured. In particular, chronological events are
often expressed inconsistently across languages
and contexts, making it difficult for clinicians to syn-
thesize them efficiently (Spitale et al., 2023). In
practice, this cognitive load increases the risk of
delays and errors in clinical decision-making (Lenz
et al., 2025).

Prior work has explored time-based and
visualization-oriented approaches. Ledesma et al.
(2019) demonstrated that time-based representa-
tions assist clinicians in reviewing patient histo-
ries and supporting decision-making. Similarly,
Torsvik et al. (2025) showed that integrating nar-
rative notes with timelines enables clinicians to
quickly access relevant context. Other studies
have highlighted the value of patient narratives for
understanding healthcare experiences (Ma et al.,
2024), time-oriented visualization in clinical con-

texts (Scheer et al., 2022), and information extrac-
tion for clinical decision-making support (Elgaar
et al., 2025). However, these approaches primar-
ily rely on structured clinical data from healthcare
systems, leaving a gap in transforming long, un-
structured, patient-generated narratives into out-
puts tailored for patient-clinician communication.

Our approach focuses on overcoming two pri-
mary challenges inherent in this gap:

Extracting dispersed clinical events: Clinically
relevant events, ranging from subjective
symptom changes to formal medical con-
sultations, are scattered throughout lengthy
texts, with their corresponding temporal
expressions often being implicit, inconsistent,
or context-dependent.

Communication-oriented visualization: While
structured tables provide concise data,
text-only formats often lack the intuitive clarity
required for rapid understanding in clinical
settings.

To address these challenges, we introduce
HealthTrajectory, an LLM-based pipeline de-
signed to convert lengthy, unstructured patient nar-
ratives, such as interview transcripts, into an intu-
itive visual format. The system has two core stages
as shown in Figure 1:

Timetable-based summarization: This stage
identifies temporal expressions and maps
summarized clinical events to these time
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Figure 1: Overview of HealthTrajectory. A patient
narrative is processed via Timetable-based Sum-
marization to ensure chronological structure. The
resulting summaries are then visualized as a pa-
tient journey, transforming raw text into an intuitive
trajectory. This intermediate structured step en-
sures high fidelity, temporal accuracy, and content
completeness in the final output.

points to create a structured temporal
summaries.

Patient journey visualization: This stage con-
verts the structured summaries into a chrono-
logical graphical representation to facilitate ef-
fective two-way communication.

The main contributions of this study are as fol-
lows:

• We propose timetable-based summariza-
tion, which identifies temporal expressions
and maps summarized clinical events to them,
distilling a patient’s fragmented narratives into
a single structured table.

• We propose a patient journey visualization
generated from the structured table, enabling a
concise and interpretable presentation that fa-
cilitates more effective clinical communication
than text alone.

2. Related Work

2.1. Medical Summarization with LLMs

The development of LLM has triggered a surge in
medical summarization research because these
models can summarize long texts such as visit
summaries, emergency room summaries, and
discharge summaries. For instance, a study
by Williams et al. (2025) evaluating GPT-4 and GPT-
3.5 for emergency department visit summaries
found that while LLM summaries were reasonably
accurate, they remained prone to hallucinations
and sometimes omitted relevant clinical informa-
tion.

Other studies have explored the automation of
discharge summaries using open-source models,
emphasizing an editable draft approach to ensure
clinician supervision and patient safety (Ganzinger
et al., 2025). Additionally, Grazhdanski et al. (2025)
focused on generating synthetic discharge sum-
maries for training and evaluation purposes to by-
pass the constraints of real patient data. However,
conventional paragraph-based summaries often do
not clearly highlight the temporal structure and se-
quence of events, so the chronology still has to be
manually rearranged. Consequently, studies such
as Williams et al. (2025) encourage more struc-
tured summary formats that facilitate traceability to
the original source.

2.2. LLM-based Visualization

Research related to converting summaries into im-
ages or visualizations is still limited, especially in
the medical field. However, clinical communication
often requires quick understanding, and visualiza-
tion is an important complement to text summaries.
In the field of natural language to visualization, stud-
ies such as Wu et al. (2024) show that LLMs can
help convert sentence instructions into visualiza-
tions and empirically evaluate the accuracy of the
results.

On the other hand, Ouyang et al. (2025) presents
an agent-based workflow approach for NL2Vis and
highlights the challenges of cross table reasoning,
showing that the ability of LLMs to generate visu-
als depends on input structure and control mecha-
nisms. At the benchmark level, Chen et al. (2024)
also confirms that NL2Vis remains challenging and
requires rigorous evaluation in the era of LLMs.
However, none of the studies have yet created
chronological patient summary visualizations that
integrate time and medical event information in a
structured manner for ease of communication be-
tween patients and clinicians, making the visuals
not only appealing but also accountable for clinical
discussions.
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Entry (Excerpts with annotated temporal expressions) Gold Summary Theme
However, I also felt that there was no way that I could become
infected, and so, as someone in a reporting position, at the
time I was already working from home as much as possible,
avoiding rush hour traffic, trying to avoid crowds, and wearing
a mask, so I had no idea how I had been infected. Or rather,
it was around 5pm on March 28th (Saturday, 28 March at
5:00 pm) that I thought, "Maybe not, maybe I’m just imagining
things." [...] So, I called my boss and contacted my husband,
and since I was at work for a bit, I went home, and we decided
that I had no choice but to contact the public health center
and follow their instructions, so I went home by train, wearing
a mask and being careful.

I felt there was no way
I could get infected.
I worked from home
as much as possible,
avoided rush hour and
crowded places, and
wore a mask, so I had no
idea how I was infected.

Route of infec-
tions

After I was hospitalized (After hospitalized), my husband
(who was in close contact with me and is under health obser-
vation) stayed at home for two weeks, but we couldn’t avoid
going shopping, and I couldn’t keep my kids confined to the
house from morning until night. [...] But even more than that,
people whose wives have COVID might be wondering if it’s
okay for them to be in the park at that moment, or if it’s okay
to go shopping, but if they don’t, they won’t be able to eat,
and they have children, and so I heard that he was probably
thinking about things like that out in the field.

While she was in hos-
pital, her husband was
waiting at home and
couldn’t keep the child
locked up all the time, so
he chose a time to go
shopping and take the
child to exercise in the
field. I think her husband
was also under a lot of
pressure.

Young children
and coronavirus
infection

Table 1: Sample entries from a single patient interview (H01). The table presents English translations of
excerpts from the Japanese transcripts, where annotated temporal expressions are highlighted in bold,
followed by their normalized labels in parentheses.

3. Dataset

3.1. Materials
Our primary data source comprises patient narra-
tives curated by DIPEx-Japan1, a national branch
of DIPEx International2. Adhering to the qualitative
research methodology developed at the University
of Oxford (Torishima et al., 2020), DIPEx-Japan em-
phasizes “patient-centered medical care” by docu-
menting the lived experiences of health and illness
as a vital social resource.

For this study, we utilized a specialized database
of COVID-19 narratives in DIPEx-Japan, compris-
ing interview transcripts that document the lived ex-
periences of 14 individuals: 12 patients (6 men and
6 women, aged 30–70) and 2 patient family mem-
bers. The interviews were conducted in Japanese
from January to July 2021. Note that we excluded
two interviews conducted with family members to
focus exclusively on first-person patient narratives,
resulting in a final dataset of 12 patients.

To ensure thematic consistency, DIPEx-Japan
categorized the interview content into 9 themes:
“routes of transmission”, “children and coronavirus
infection”, “onset of symptoms”, “main symptoms
in the acute phase”, “anxiety and suffering of in-

1https://www.dipex-j.org/
2http://www.dipexinternational.org/

Interview Entries Words (ja) Words (en)
H01 13 7,847 5,289
H03 6 3,773 2,086
H04 7 3,395 2,217
H05 10 4,638 2,712
H07 4 1,915 1,208
H08 13 6,570 3,997
H09 7 3,026 1,866
H10 8 4,444 2,653
H11 8 4,588 2,955
H12 8 3,618 2,290
H13 7 3,283 2,284
H14 10 5,789 3,630

Table 2: Statistics of the COVID-19 narrative
dataset. The dataset based on 12 interviews (one
per patient), with a total of 101 thematic sections
(entries) identified across all interviews. While the
original database included 14 individuals, two in-
terviews with family members (H02 and H06) were
excluded to focus on patient narratives. For each
interview, the number of available entries and total
text length (word counts) are reported.

fected patients”, “impact on work and the work-
place”, “long-term symptoms and side effects”, re-
porting infections”, and “views on life and the world
after COVID-19”. Since not every patient discussed
all nine themes, we treated each available thematic
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section as an individual entry as shown in Table 1.
Consequently, each patient is represented by a
varying number of entries as shown in Table 2,
each paired with a summary that serves as a gold
standard for text summarization.

3.2. Dataset Construction and
Annotation

We translated the original Japanese transcripts into
English to evaluate the system’s cross-language
utility and to ensure consistent performance across
different languages. Table 2 provides a statistical
overview of the dataset, including the number of
patients, segments, and the average text length in
both Japanese and English.

Furthermore, to support the evaluation of our
patient journey visualizations, one of the authors
manually annotated temporal expressions within
each segment to form a gold standard timeline.
This reference allows for a direct comparison be-
tween human-annotated temporal structures and
LLM-generated outputs.

4. Method

HealthTrajectory systematically transforms unstruc-
tured patient narratives into structured visualiza-
tions through a two-stage pipeline. First, we per-
form timetable-based summarization (Section 4.1),
in which an LLM extracts key clinical events and
aligns them along chronologically to create struc-
tured temporal summaries. Second, these sum-
maries serve as the input for patient journey vi-
sualization (Section 4.2), where the LLM renders
a graphical representation of the patient’s health
trajectory.

4.1. Timetable-based Summarization
The initial stage generates summaries and tempo-
ral expressions that maintain chronological coher-
ence, thereby producing a stable and structured
foundation for our workflow. The process consists
of the following steps:

• Narrative processing: The input text (e.g.,
the patient narrative shown in Table 1) is con-
verted into structured XML format along with a
timeline. Our system is implemented in both
Japanese and English. Both datasets are pro-
cessed using the same procedure to ensure a
fair bilingual comparison of the LLM’s perfor-
mance.

• Summary Generation: The model generates
concise text summaries from the narratives,
ensuring a consistent format throughout the
entire timeline.

• Timeline generation: The LLM generates
time-based structured output, specifically iden-
tifying events and their corresponding tempo-
ral expressions. For temporal expressions, the
model extracts exactly as it appears in the nar-
rative if the time is an expression such as “a
week later, before testing positive” in order to
maintain time consistency and avoid causing
confusion.

• Chronological ordering: The model ar-
ranges events from the earliest to the latest. It
prioritizes the inherent temporal order of the
narrative without interpolating or inventing non-
existent time points.

Finally, the output is checked against the predefined
schema and required chronological structure. If in-
consistencies are found, such as empty columns,
invalid events, repeated content, or incorrect event
ordering, the model is prompted to regenerate the
output until it matches the required format and tem-
poral sequence.

4.2. Patient Journey Visualization

In this stage, we employ an LLM to generate patient
journey visualizations. The structure and compo-
nents of the prompt used for the visualization are
shown in Figure 4. Specifically, the prompt is de-
signed to consider the following points:

• Chronological order: The timeline is main-
tained from the earliest point to the present.
This is essential because the present state is
often implicit rather than explicitly stated in the
narrative.

• Linear connectivity: Connections between
nodes are restricted to a single, one-way chain
without branching to ensure a clear and unam-
biguous narrative flow.

• Node composition: Each node features a
card-like display incorporating a temporal label,
a concise description, an icon/emoji, and a
“severity” indicator to reflect changes in the
patient’s condition over time.

• Readability and layout: Explicit rules are es-
tablished to optimize visual clarity, such as
the vertical arrangement of nodes (top to bot-
tom), the prevention of overlapping, and the
inclusion of legends. These constraints facil-
itate rapid information processing for clinical
decision-making and help patients intuitively
understand their disease progression.
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Figure 2: Comparison of patient journey visualizations across three cases. Each pair shows the vi-
sualization generated by HealthTrajectory (left) and the baseline (right). This visualization shows the
patient’s condition score, where a higher score on the positive y-axis indicates a more positive change
in the patient’s condition, meaning the patient is improving. We also use color to facilitate a quicker
understanding of the patient’s condition. On the patient card, we also add a number of boxes to the
severity scale, indicating a more severe condition if the severity level is high, and a lower number indicates
improvement. Transition markers are used to indicate the chronological order of events.

5. Experimental Setup

Our system consists of two steps: experimen-
tal setup for timetable-based summarization (Sec-
tion 5.1) and timetable-based patient journey visu-
alization (Section 5.2).

5.1. Timetable-based Summarization
Setup

5.1.1. Models and Prompts

We chose the Gemini-2.5-pro and GPT-4.1 mod-
els with a zero-shot setting. We selected GPT-4.1
because medical evaluations based on rubrics in-
dicate that GPT-4.1 is a high-performing model,
especially for clinical text comprehension tasks that

require accuracy and can perform consistent tem-
poral extraction (not fabricating time and maintain-
ing the sequence of events) (Arora et al., 2025).
We chose Gemini-2.5-Pro because official techni-
cal reports demonstrate its advanced capabilities
in reasoning, multimodality, and long context (Co-
manici et al., 2025). Both are highly suitable for our
workflow, which processes long patient narrative
texts into timetable-based summarization.

We used a prompt that instructs the model to
divide a single interview transcript from one patient
into several segments in chronological order, con-
sidering the aspects found in the patient’s narrative
data as shown in Figure 3. For each segment, the
model is instructed to extract a timeline with one to
two TIMEX3-style temporal expressions, with con-
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System prompt: “You are a time-label sorter, specialized in ordering timeline labels into a strict chronological
sequence (oldest→newest).”
Instruction: You receive one interview represented as multiple timeline entries, where each entry contains a
timeline label and an optional aspect field. Sort the entries strictly from oldest to newest, ignoring the original
table order and narrative/story order. If a timeline label is vague, you may use the aspect field only as supporting
evidence, but you must not hallucinate or infer dates/events that are not stated in the input. Expressions such
as “after N years . . . ” are not concrete dates and should be placed after entries with explicit dates, while
“now/recently” must be placed as the newest.
Output: Return a JSON object that provides the chronological ordering of all entry indices from oldest to
newest.

System prompt: “You are a medical summarizer, specialized in producing faithful point-level summaries for
patient-journey tracking.”
Instruction: You receive a time label (which must be used as-is), an optional aspect field (supporting cue only),
and the corresponding content (a text segment or an existing summary, when available). Generate exactly one
timetable point for each timeline entry. Do not add any facts that are not present in the input (no hallucination).
Write a short medical summary consisting of a concise heading and detail. The heading must be short (≤
7 words) and complete (no ellipsis). The detail must be concise and complete, written as 1–2 full sentences
(no ellipsis, no truncation). Select emoji from a predefined emoji pool, and icon_hint from a predefined
icon inventory. Assign a severity level on a 1–5 scale, where 1 indicates the worst condition and 5 indicates
the best condition. If the generated text appears cut off or contains ellipses (“...”/“. . . ”), rewrite it to be shorter
but still complete, while preserving the original meaning.
Output: Return a JSON object that contains the medical summary and its severity level (1–5), along with
auxiliary fields used for visual rendering.

Figure 3: Prompts for timetable-based summarization.

System prompt: “You are a medical infographic designer, specialized in rendering a constrained patient-journey
timeline as a clean, readable 16:9 vector infographic.”
Instruction: You receive a chronologically ordered list of patient-journey points and must produce a professional
16:9 infographic in a clean vector style with sharp, readable text (no blur). The infographic must contain exactly n
nodes (colored circles) and exactly n-1 arrows, forming a single chain 0->1->2->...->n-1 with no branching
and no extra icons/circles. Draw thin axes: a thin x-axis across the middle labelled Time near the right end and a
thin y-axis on the left labelled Condition. Reserve a clean left margin lane (∼10% of the canvas width) exclusively
for the y-axis label and polarity markers; no nodes, arrows, cards, legend, or other objects may overlap this
lane. Place nodes above/below the x-axis based on the qualitative condition label (e.g., Better/Worse/Neutral),
and never print any hidden numeric variables used for layout. Use the provided severity (1–5) to encode
visual emphasis (e.g., color intensity or a 5-block bar), where 1 represents the worst condition and 5 represents
the best condition. Every node must have exactly one attached card connected by a thin leader line, and
cards must not overlap each other, nodes, arrows, axes, the reserved lane, or the legend. Each card must
include the time label (as provided), bold emoji + heading, the detail text (1–2 complete sentences), the
severity indicator (five blocks), and a qualitative label Better/Worse/Neutral. Include a compact legend at
the bottom-right showing the severity key (1–5 blocks) and one sample thin curved arrow labelled transition
(prev->next); do not show hex codes and do not show any hidden layout scores.
Output: Return one 16:9 infographic image satisfying all constraints above.

Figure 4: Prompt for patient journey visualization.

tent length adjusted to the medical context of each
segment. Additionally, the model is asked to sum-
marize the narrative into one to three sentences
that align with the medical context of each segment
without adding new information.

5.1.2. Evaluation Metrics

Automatic evaluation consists of two components:
summary evaluation and timeline evaluation.

Summary Evaluation: We use ROUGE-1/2/L
to capture diverse aspects of summary quality.
ROUGE-1 (unigram) evaluates how much informa-
tion from the reference is captured, while ROUGE-2

(bigram) evaluates more strictly and ensures that
the model not only captures information but also
retains phrases. ROUGE-L (longest common sub-
sequence) assesses similarity in terms of event
chronology more flexibly (Zhang et al., 2025). Addi-
tionally, we use BLEU to provide a complementary
perspective on n-gram overlap (Chu et al., 2024).

Timeline Evaluation: For the timeline genera-
tion task, we use precision, recall, and F1-score.
These metrics are essential for ensuring that the
model accurately extracts temporal expressions
while minimizing the inclusion of incorrect time
points. This approach is often used for evaluating

154



temporal information extraction, which are often
referred to as TIMEX3 (Yao et al., 2025).

5.2. Patient Journey Visualization Setup
5.2.1. Models and Prompts

We used the Gemini-3-pro-image-preview model34.
This model was launched on November 20, 2025,
as the final iteration of the Nano Banana model for
image generation. This model is designed to follow
complex instructions with more accurate image re-
sults and is specifically tailored for the production of
high-quality visual assets, which is why we chose
this model over others.

We use a prompt that instructs the model to
visualize the patient’s journey with a timeline in-
fographic design that includes visual elements
such as icons, nodes, and chronological order, as
shown in Figure 4. The prompt also instructs the
model to create a time axis (x-axis) and a condi-
tion axis (y-axis), and each event has a time label,
an icon/emoji as a marker, a brief description, and
a severity level indicator (1–5) shown using differ-
ent colors. To keep the visualization readable and
avoid overlapping when many events are present,
the layout is allowed to extend downward. Overall,
the instructions aim to keep all elements structured
and clearly presented.

5.2.2. Evaluation Metrics

To quantify the effectiveness of the generated visu-
alizations, we conducted a human evaluation based
on pairwise comparisons over the entire dataset.
This method provides a more reliable measure of
human preference than independent scoring, as it
directly compares the outputs of two systems given
the same input narrative.

We evaluated the visualizations using three cri-
teria, each consisting of two evaluation aspects
summarized from our questionnaire:

• Correctness: Assesses clinical relevance
(whether the visualization accurately reflects
the medical context) and hallucination avoid-
ance (whether the visualization avoids adding
non-existent information).

• Coverage: Evaluates completeness (the ex-
tent to which information from the table is cap-
tured) and faithfulness (the degree to which
the visualization adheres to the table).

• Visual design: Measures readability (ease of
understanding the content) and layout quality

3www.ai.google.dev/gemini-api/docs/
image-generation

4www.ai.google.dev/gemini-api/docs/
changelog

(effectiveness of the design for following the
timeline).

To determine the relative performance, we cal-
culated the winning proportion for the proposed
method. Let Wbase denote the number of votes
for the baseline, and Wours denote the votes for
the proposed method. The winning proportion is
defined as:

WinProp =
Wours

Wbase +Wours
, (1)

where WinProp > 0.5 indicates a preference for
the proposed method.

The evaluation was conducted by four Japanese
evaluators, including three NLP researchers and
one medical professional, to ensure both technical
and clinical validity. For each patient case, they
were presented with the gold standard timeline ta-
ble (Section 3.2) and asked to determine which
visualization better represented the structured in-
formation.

6. Results and Discussion

6.1. Timetable-based Summarization

In timetable-based summarization, we evaluated
two viewpoints: the results of the Gemini-2.5-Pro
model and the GPT-4.1 model on the timeline, as
well as the results of the Gemini-2.5-Pro model and
the GPT-4.1 model on summarization.

Summarization Results: Table 3 shows the
summarization evaluation results. In the table,
the Gemini-2.5-pro model achieved higher scores
in both Japanese and English compared to the
GPT-4.1 model in the narrative summarization task.
Specifically, the Gemini-2.5-pro model scored the
highest in all measurements for Japanese, with a
score of 0.506 on ROUGE-1, followed by a score
of 0.230 on ROUGE-2, then 0.316 on ROUGE-L,
and 0.474 on BLEU. This indicates that the Gemini-
2.5-pro model is more stable in maintaining core
content and word choices that are closer to the
reference.

Timeline Results: Table 3 shows the perfor-
mance of the timeline generation. The results in
English are higher compared to Japanese, which
is in contrast to the summary evaluation that shows
higher scores for Japanese compared to English.
The scores for precision, recall, and F1 are consis-
tently highest for the Gemini-2.5-pro model, with a
score of 0.251 for precision and 0.242 for recall and
0.246 for F1 in English time extraction. From these
results, the Gemini-2.5-pro model appears more
conservative in extracting times that closely match
the reference compared to the GPT-4.1 model.
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Summary Evaluation Timeline Evaluation
Lang Model ROUGE-1↑ ROUGE-2↑ ROUGE-L↑ BLEU↑ P↑ R↑ F1↑

JA Gemini-2.5-pro 0.506 0.230 0.316 0.474 0.157 0.157 0.157
JA GPT-4.1 0.472 0.204 0.294 0.433 0.179 0.159 0.168
EN Gemini-2.5-pro 0.276 0.077 0.186 0.253 0.251 0.242 0.246
EN GPT-4.1 0.256 0.065 0.176 0.233 0.250 0.231 0.240

Table 3: Performance of timetable-based summarization in Japanese (ja) and English (en) text.

Japanese English
Criterion Aspect Wbase Wours WinProp Wbase Wours WinProp
Correctness Clinical relevance 8 40 0.833 1 47 0.979

Hallucination avoidance 3 45 0.938 0 48 1.000
Coverage Completeness 1 47 0.979 0 48 1.000

Faithfulness 3 45 0.938 0 48 1.000
Visual design Readability 13 35 0.729 5 43 0.896

Layout quality 11 37 0.771 3 45 0.938
Overall 39 249 0.865 9 279 0.969

Table 4: Results of Patient Journey Visualization using the pairwise method. Wbase and Wours show the
vote counts for the baseline and the proposed method by aspect and language, respectively; WinProp is
the winning proportion of our method.

6.2. Patient Journey Visualization

As shown in Table 4, the evaluators consistently
preferred the proposed method over the baseline
across all evaluation aspects for both Japanese
and English. The proposed method achieved sub-
stantially higher preference scores, with 0.865
for Japanese and 0.969 for English, indicating
a clear advantage over the baseline. These re-
sults suggest that structuring patient narratives into
timetable-based visualizations improves the per-
ceived quality of the output in terms of clinical rele-
vance, completeness, faithfulness, and hallucina-
tion reduction.

in the English setting, the proposed method
achieved perfect scores (1.000) for hallucination
avoidance, completeness, and faithfulness. In con-
trast, improvements in visual aspects such as read-
ability, layout quality, and clinical relevance were
more moderate, particularly in the Japanese setting.
This discrepancy may indicate that while the pro-
posed method effectively constrains content gen-
eration, visual presentation quality is influenced
by additional factors, such as language-specific
phrasing and formatting preferences.

Overall, the proposed method (left panel of Fig-
ure 2) appears to be well-suited for bilingual Patient
Journey visualization, supporting clearer and more
structured explanations of patient trajectories. The
results based on Gemini-2.5-pro further suggest
that high-quality upstream generation is critical for
producing coherent and interpretable visualizations,
particularly in maintaining alignment between clini-

cal events and temporal information.

7. Conclusion

We proposed a bilingual timetable-based Patient
Journey system that generates structured visual-
izations from patient narratives to support clini-
cian–patient communication. The evaluation re-
sults demonstrate that the proposed system is ro-
bust for summary generation, with the Japanese
version generally outperforming the English ver-
sion on both the Gemini-2.5-pro and GPT-4.1 mod-
els. In contrast, for temporal expression extraction,
the English version achieved higher accuracy, and
Gemini-2.5-pro consistently outperformed GPT-4.1.
Furthermore, in the human evaluation comparing
the baseline and the proposed method, the evalu-
ators almost always chose the proposed method.
This preference was primarily attributed to its higher
clinical relevance, fewer hallucinations, greater
completeness, and improved readability, making
it more suitable for supporting communication be-
tween patients and clinicians across languages.

In future work, we plan to implement HealthTra-
jectory for direct use in clinician-patient communi-
cation. This system will provide an interface that
enables patients to upload information about their
symptoms prior to pain onset. The system will gen-
erate a visual summary and timeline of the patient’s
journey. The system will also include features that
support both patients and clinicians, allowing the
outputs to be reviewed prior to use in clinical dis-
cussions.

156



8. Limitations

There are several limitations to this study. First, the
experiments were conducted on a small dataset of
COVID-19 patient narratives, requiring validation
on a larger and more diverse dataset, including
other diseases and narrative types. Second, the
timeline annotation was performed by only one an-
notator, leading to a lack of agreement between
annotators and also introducing the potential risk
of subjective bias in the gold standard annotation.
Third, for the generated patient journey images,
each case was generated up to four times as a prac-
tical measure to reduce inconsistencies; however,
some results still showed inconsistencies regard-
ing severity. Furthermore, the current system is
still in its early research phase, and these findings
are intended to inform further development towards
more practical use in the future.

9. Acknowledgements

This work was supported by the Cross-ministerial
Strategic Innovation Promotion Program (SIP),
Project JPJ012425, and the Japan Society for the
Promotion of Science (JSPS) Research Start-up
Grant JP25K24412. We also sincerely thank the
JICA Research Scholarship for their financial sup-
port and our research group members for their use-
ful discussions and comments.

10. Bibliographical References

Rahul K Arora, Jason Wei, Rebecca Soskin Hicks,
Preston Bowman, Joaquin Quiñonero-Candela,
Foivos Tsimpourlas, Michael Sharman, Meghan
Shah, Andrea Vallone, Alex Beutel, et al. 2025.
Healthbench: Evaluating large language models
towards improved human health. arXiv preprint
arXiv:2505.08775.

Nan Chen, Yuge Zhang, Jiahang Xu, Kan Ren, and
Yuqing Yang. 2024. Viseval: A benchmark for
data visualization in the era of large language
models. IEEE Transactions on Visualization and
Computer Graphics.

An Chu, Thong Huynh, Long Nguyen, and Dinh
Dien. 2024. A comparative study of chart sum-
marization. In Proceedings of the 38th Pacific
Asia Conference on Language, Information and
Computation, pages 971–981.

Gheorghe Comanici, Eric Bieber, Mike Schaeker-
mann, Ice Pasupat, Noveen Sachdeva, Inderjit
Dhillon, Marcel Blistein, Ori Ram, Dan Zhang,
Evan Rosen, et al. 2025. Gemini 2.5: Pushing

the frontier with advanced reasoning, multimodal-
ity, long context, and next generation agentic ca-
pabilities. arXiv preprint arXiv:2507.06261.

Mohamed Elgaar, Hadi Amiri, Mitra Mohtarami,
and Leo Anthony Celi. 2025. Meddecxtract: A
clinician-support system for extracting, visualiz-
ing, and annotating medical decisions in clinical
narratives. In Proceedings of the 63rd Annual
Meeting of the Association for Computational
Linguistics (Volume 3: System Demonstrations),
pages 481–489.

Matthias Ganzinger, Nicola Kunz, Pascal Fuchs,
Cornelia K Lyu, Martin Loos, Martin Dugas, and
Thomas M Pausch. 2025. Automated genera-
tion of discharge summaries: leveraging large
language models with clinical data. Scientific
Reports, 15(1):16466.

Georgi Grazhdanski, Vasil Vasilev, Sylvia Vassileva,
Dimitar Taskov, Izabel Antova, Ivan Koychev, and
Svetla Boytcheva. 2025. Synthmedic: utilizing
large language models for synthetic discharge
summary generation, correction and validation.
Journal of Biomedical Informatics, page 104906.

Andres Ledesma, Niranjan Bidargaddi, Jörg Stro-
bel, Geoffrey Schrader, Hannu Nieminen, Ilkka
Korhonen, and Miikka Ermes. 2019. Health time-
line: an insight-based study of a timeline visual-
ization of clinical data. BMC medical informatics
and decision making, 19(1):170.

Janek Lenz, Isabel Richter, and Sven Meister. 2025.
Automated filtering and visualization of patient-
centered data from electronic health records in
emergency care: A scoping review. Journal of
Multidisciplinary Healthcare, pages 6503–6517.

Hua Ma, Xiaoru Yuan, Xu Sun, Glyn Lawson, and
Qingfeng Wang. 2024. Seeing your stories: vi-
sualization for narrative medicine. Health Data
Science, 4:0103.

Dorothy Oluoch, Sassy Molyneux, Mwanamvua
Boga, Justinah Maluni, Florence Murila, Caroline
Jones, Sue Ziebland, Mike English, and Lisa
Hinton. 2023. Not just surveys and indicators:
narratives capture what really matters for health
system strengthening. The Lancet Global Health,
11(9):e1459–e1463.

Geliang Ouyang, Jingyao Chen, Zhihe Nie, Yi Gui,
Yao Wan, Hongyu Zhang, and Dongping Chen.
2025. nvagent: Automated data visualization
from natural language via collaborative agent
workflow. arXiv preprint arXiv:2502.05036.

Jan Scheer, Alisa Volkert, Nicolas Brich, Lina
Weinert, Nandhini Santhanam, Michael Krone,
Thomas Ganslandt, Martin Boeker, and Till

157



Nagel. 2022. Visualization techniques of time-
oriented data for the comparison of single pa-
tients with multiple patients or cohorts: Scop-
ing review. Journal of medical Internet research,
24(10):e38041.

Giovanni Spitale, Andrea Glässel, Mirriam Tyebally-
Fang, Corine Mouton Dorey, and Nikola Biller-
Andorno. 2023. Patient narratives–a still un-
dervalued resource for healthcare improvement.
Swiss Medical Weekly, 153:40022.

Masako Torishima, Michiko Urao, Takeo
Nakayama, and Shinji Kosugi. 2020. Neg-
ative recollections regarding doctor–patient
interactions among men receiving a prostate
cancer diagnosis: a qualitative study of patient
experiences in japan. BMJ open, 10(1):e032251.

Torbjørn Torsvik, Andreas Brun, Bjørn Ståle Ben-
jaminsen, and Aslak Steinsbekk. 2025. Labvis:
usability testing of a prototype tool for integrating
timeline graphs and clinical notes. BMC Medical
Informatics and Decision Making, 25(1):337.

Christopher YK Williams, Jaskaran Bains, Tianyu
Tang, Kishan Patel, Alexa N Lucas, Fiona Chen,
Brenda Y Miao, Atul J Butte, and Aaron E Korn-
blith. 2025. Evaluating large language models
for drafting emergency department encounter
summaries. PLOS digital health, 4(6):e0000899.

World Health Organization. 2021. Global patient
safety action plan 2021-2030: towards eliminat-
ing avoidable harm in health care. World Health
Organization.

Yang Wu, Yao Wan, Hongyu Zhang, Yulei Sui, Wu-
cai Wei, Wei Zhao, Guandong Xu, and Hai Jin.
2024. Automated data visualization from nat-
ural language via large language models: An
exploratory study. Proceedings of the ACM on
Management of Data, 2(3):1–28.

Jiarui Yao, Eli Goldner, Harry Hochheiser, Sean
Finan, John Levander, David Harris, Piet C
de Groen, Elizabeth Buchbinder, Danielle Bit-
terman, Jeremy L Warner, et al. 2025. Systemic
anticancer therapy timelines extraction from elec-
tronic medical records text: algorithm develop-
ment and validation. JMIR Bioinformatics and
Biotechnology, 6(1):e67801.

Haopeng Zhang, Philip S Yu, and Jiawei Zhang.
2025. A systematic survey of text summariza-
tion: From statistical methods to large language
models. ACM Computing Surveys, 57(11):1–41.

158



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 159–170
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Medical-FLAVORS-AECC: Spanish Oncological Metaphors Dataset

Lucía Pitarch1, Jordi Bernad1, Sergio-Luis Ojeda-Trueba2

Alec Sánchez-Montero3, Maxim Ionov1, Emma Anglés-Herrero1

Ángel Óscar Corona Beomont4, Gemma Bel-Enguix2

Universidad de Zaragoza, Zaragoza (Spain)1

Universidad Nacional Autónoma de México, Ciudad de México (Mexico)2

Universidad Pompeu Fabra, Barcelona (Spain)3

Centro Universitario de la Defensa de Zaragoza, Zaragoza (Spain)4

{lpitarch,jbernad,mionov,eangles,acorona}@unizar.es
sergioluis0906@gmail.com, alecm.montero@gmail.com, gbele@iingen.unam.mx

Abstract
Metaphors play a central role in cancer narratives, helping patients and practitioners articulate complex experiences
and technical concepts. While cancer metaphors in English have been extensively studied, Spanish remains
underexplored in this regard, despite its global importance and rich cultural variation. This paper presents a new
dataset of Spanish cancer metaphors designed to address these gaps. The resource comprises over 80K annotated
words drawn from diverse forum posts, with detailed documentation of lexical units, contextual versus basic meanings,
and inter-annotator agreements. To construct the dataset, we adapted the Metaphor Identification Procedure (MIP)
for Spanish medical discourse, proposing methodological refinements to challenges such as defining lexical units or
domain-specific Basic Meaning labels.

Keywords: Metaphor annotation, Spanish Language Resources, Oncological Metaphors, Cancer Narra-
tives

1. Introduction

Metaphors are cognitive and linguistic devices
that enable speakers to explain complex or ab-
stract concepts through more concrete or famil-
iar terms (Lakoff and Johnson, 1980). In highly
technical and emotionally sensitive contexts, such
as cancer communication, metaphors play a cen-
tral role in shaping how patients, families, and
professionals conceptualize the illness (Pinheiro
et al., 2017; Landau et al., 2019; Gustafsson et al.,
2019; Fadul et al., 2009). Building on the premise
that metaphors are not inherently positive or neg-
ative, Semino and Demjen (2017) developed the
Metaphor Menu to help patients and practitioners
select more suitable language based on individual
experiences and preferences, as understanding
their use, potential impact, and the patient prefer-
ences is key to effective communication.

This paper presents a manually annotated sub-
set from the AECC (Asociación Española Contra el
Cancer) forums, a central place for communication
among Spanish-speaking cancer patients and their
family members. This dataset will be used to train
and evaluate a model for the automatic extraction
of metaphors from the rest of the corpus. The anno-
tated subset comprises 72 posts (700 words each
on average, including comments).

Following a Spanish adaptation of the MIPVU
(Metaphor Identification Procedure Vrije Univer-
siteit) (Steen et al., 2010) adjusted for the medical

domain, the subset was annotated by five indepen-
dent annotators. From over 83,000 words, approx-
imately 2,035 phrases (ca. 2.45%) were labeled
as metaphoric vehicles related to the cancer ex-
perience by at least one of the annotators. With
an overall inter-annotator agreement (IAA) of 0.49
(F1 score), the resulting dataset is available upon
request and can be used to fine-tune language mod-
els for metaphor identification (see Ge et al. (2023)
for possible metaphor identification methods).

The main contributions of this paper are as fol-
lows:

• We present Medical-FLAVORS-AECC dataset,
a large-scale Spanish-language resource on
metaphors used by patients and their families
to describe the cancer experience.

• We describe the annotation process and inter-
annotator agreement, providing the first re-
source for the Spanish medical domain that
explicitly documents the distinction between a
lexical unit’s basic and contextual meaning as
established by the MIPVU guidelines.

• We provide a curated vocabulary of over 800
distinct metaphorical vehicles (grouped into 81
source and 46 target domains), useful for both
qualitative linguistic analysis and NLP applica-
tions.

All annotation guidelines, metadata, and the cu-
rated vocabulary are released in a GitHub repos-
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itory1 to ensure reproducibility and support fu-
ture corpus-based and computational studies on
metaphor in the medical domain.

This paper begins by reviewing relevant prece-
dents in Section 2. We then describe the data
extraction from the AECC forums and present gen-
eral statistics of the corpus in Section 3, followed by
a detailed account of the annotation and curation
process in Sections 4 and 5. Finally, in Section 6
we present an analysis of the resulting dataset,
highlighting the insights it provides into the cancer
experience as communicated by real people.

2. Related Work

Metaphors are not only pervasive in medical
language (Casarett et al., 2010; Semino et al.,
2017) but also highly relevant. In medical set-
tings, metaphors translate specialized terminol-
ogy into lay terms (Pinheiro et al., 2017), facilitate
decision-making (Landau et al., 2019), support cop-
ing (Gustafsson et al., 2019), and address sensitive
topics (Fadul et al., 2009).

Research on metaphors has largely focused on
English, with limited attention to Spanish, despite
its global reach. Authors such as Liu et al. (2024);
Pitarch et al. (2024); Magaña (2020) highlight the
need to adapt metaphor studies to different lan-
guages and varieties. While some resources al-
ready exist for Spanish, they are scarce and limited.
For instance, the MetaNet project (Dodge et al.,
2015) includes only a small and heterogeneous
set of Spanish examples, while the first version of
Medical-FLAVORS (Pitarch et al., 2024), a dataset
of Spanish cancer metaphors, is biased toward
Chilean Reddit data, with uneven cancer types and
slang-heavy language. Both resources lack trans-
parent annotation procedures, a crucial issue given
the subjectivity of metaphor analysis (Sánchez-
Montero et al., 2025a,b).

Our work addresses this gap by introducing
Medical-FLAVORS-AECC, a new module for the
Medical-FLAVORS dataset. For its annotation,
we adapt the Metaphor Identification Procedure
(MIP) (Pragglejaz Group, 2007) to Spanish medi-
cal discourse. This method, along with its extension
MIPVU (Steen et al., 2010), is the most established
framework for metaphor annotation and involves
four steps: (1) segmenting the text into lexical units,
(2) determining each unit’s basic meaning (the more
concrete, physical, or older sense), (3) identifying
its contextual meaning, and (4) labeling the unit as
metaphorical if a contrast exists between the two
meanings.

While extensively used, the MIP poses significant
challenges, particularly in defining text segmenta-

1https://github.com/LuciaPitarch/
MedicalFLAVORS-AECC/

tion into relevant lexical units and selecting the most
basic meaning of a word. These core decisions are
often controversial (De Backer et al. (2023); Maud-
slay and Teufel (2022)), lack objective metrics, and
are rarely documented in new corpora annotations.
Furthermore, both MIP and MIPVU were initially
developed for English, lacking fine-grained adap-
tations to Spanish. To our knowledge, the dataset
presented in this paper is the first of its kind to ad-
dress these issues for Spanish by providing explicit
guidelines, annotations, and metrics in terms of
lexical unit segmentation and meaning distinction.

3. Data Extraction

The data were extracted from the web forums of
the Asociación Española Contra el Cáncer (AECC),
founded in 1953 to provide assistance and sup-
port to cancer patients and their families. Although
based in Spain, the forums are accessible world-
wide, enabling Spanish-speaking users from di-
verse regions to share their experiences. It is orga-
nized into multiple topics, ranging from specific can-
cer types to prevention, volunteering, and events.
While anyone may read the forums, registration is
required to participate. The most active and gen-
eral thread, “Testimonios de cáncer” (cancer sto-
ries), has received contributions continuously since
2010. Given the association’s prominence and its
broad coverage of patients, relatives, and experi-
ences over time, the AECC forums were chosen as
a representative and ethically appropriate source
of cancer discourse in Peninsular Spanish.

We selected posts from three topics: “Testimo-
nios” (general thread), “Cáncer de mama” (breast
cancer), and “Cáncer de próstata” (prostate can-
cer). Their high incidence, together with their cul-
tural and emotional salience (World Health Orga-
nization, 2025; Sociedad Española de Oncología
Médica, 2025a,b) in patient discourse, make these
two types particularly relevant for metaphor anal-
ysis in Spanish. The “Testimonios” thread, on the
other hand, provides a more general overview of
first-hand cancer experiences. Each post in the fo-
rums consists of a title, an initial message from the
main author, and a thread of subsequent comments
from other community members.

4. Annotation

The annotation process was carried out in two
phases: a pilot testing phase for guideline refine-
ment, followed by the main annotation phase. In
the pilot testing, all annotators applied a prelimi-
nary draft of the guidelines to the first five texts.
Questions and disagreements were discussed in a
subsequent meeting and integrated into the revised
guidelines, with special attention to the delimitation

160



of lexical units. To ensure consensus, a sixth text
was co-annotated and reviewed by the entire team.
For the main annotation, the remaining posts were
distributed among annotators under the following
conditions: (a) each post was annotated by two
annotators, (b) the workload was balanced, and
(c) all possible annotator pairs were assigned com-
mon posts. The annotation took place between
May and October 2025, following the principles of
the Belmont Report (National Commission for the
Protection of Human Subjects of Biomedical and
Behavioral Research, 1979). A summary of the
annotators’ profiles can be found in Table 3.

4.1. Annotation Platform and Guidelines
This section provides a summary of our annotation
guidelines. The entire annotation was conducted
on the INCEpTION platform, as illustrated in Fig-
ure 1. where we can observe how each annotated
post follows a typical forum structure: an initial
message from the main author followed by a se-
ries of comments from other community members.
Figure 2 summarizes the annotation pipeline we
applied.

4.1.1. Definition of Metaphor

Following the principles of MIP (Pragglejaz Group,
2007) and its extension MIPVU (Steen et al., 2010),
we define a metaphor as a linguistic expression in
which a more concrete, physical, or perceptually
imaginable concept is used to refer to a more ab-
stract domain of experience. For instance, describ-
ing cancer as a battle constitutes a metaphor,
as it draws on the tangible and culturally salient
domain of warfare to frame the intangible and mul-
tifaceted experience of illness.

4.1.2. Lexical Unit Segmentation

Given the complexity of metaphorical expressions
in our dataset, a flexible approach to lexical unit
segmentation was required. Metaphorical meaning
often arises not from isolated words, but from the
interaction of multiple elements within a phrase or
clause, or even from a text as a unit. It can some-
times only be comprehended by comparison with
very similar clauses where different words interact.

For example, in constructions such as voy paso
a paso con el tratamiento (“I go step by step with
the treatment”) or lucho a diario contra el cáncer
(“I fight daily against cancer”), the metaphor is dis-
tributed across several words. Similarly, in expres-
sions like recibir tratamiento (“to receive treatment”)
or pasar por tratamiento (“to go through treatment”),
the metaphorical meaning, where treatment is con-
ceptualized as an object or a milestone in a journey,
emerges from the semantic interaction among the

elements involved. In such cases, understanding
how the person envisions the experience of being
ill with cancer or how they conceptualize treatment
only becomes possible by analyzing the full clause.

To account for this, we adopt Lynne Cameron’s
approach to metaphor annotation (Cameron, 2007),
particularly the notion of metaphorical vehicles:
clusters of words that collectively convey a
metaphorical mapping. We annotate all lexical el-
ements central to the metaphor, including verbs,
nouns, adjectives, and multiword expressions.

Importantly, only metaphorical expressions that
pertain to the experience of the illness (e.g., physi-
cal, emotional, or cognitive aspects of cancer) are
annotated, which means our focus is on cancer
metaphors. When the metaphor is confined to a
single word, it is annotated in the Metaphors layer,
as depicted in Figure 2.

4.1.3. Annotating Basic and Contextual
Meaning

Although MIP and MIPVU highlight the centrality
of the basic meaning (BM) and contextual mean-
ing (CM) in metaphor identification, few concrete
examples are provided in their documentation. Be-
sides, BM and CM are not explicitly annotated in
most publicly available datasets. To enhance trans-
parency and reproducibility in our annotations, we
chose to explicitly annotate the BM and CM for each
metaphorical unit. To do so, we embedded the
Spanish version of the Open Multilingual Wordnet
(Vossen et al., 2016) into the INCEpTION platform,
creating an integrated tool for annotation specifi-
cally adapted to our task.

The annotators were instructed to use the BM
annotation fields as follows:

• Enter the basic meaning in the Basic-
Meaning field.

• When available, retrieve definitions from Word-
Net that correspond to the most concrete or
prototypical sense of the lexical unit.

• If no appropriate WordNet entry exists, con-
sult the Diccionario de la lengua española
(RAE) (Real Academia Española, 2023) or
other authoritative sources such as ASALE
(Asociación de Academias de la Lengua Es-
pañola, 2023).

• If neither resource provides a suitable defi-
nition, provide a manually formulated para-
phrase based on your interpretation of the ba-
sic meaning.

• Use the Contextual-Meaning field to de-
fine the meaning of the lexical unit in the given
utterance. If a figurative sense is listed in the
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Figure 1: Annotation in INCEpTION, with the additional lexical resources at right

Figure 2: Schematic annotation pipeline

lexical resources, select it accordingly. When
no direct match exists, but related entries re-
flect the intended sense, they may be adapted
and cited.

These annotations can facilitate further semantic
analysis by leveraging hypernymy/hyponymy rela-
tions and identifying recurring conceptual domains.

4.1.4. Identifying Cancer-Related Themes

We tagged each identified metaphor with its cor-
responding target domain(s) to classify the aspect
of the cancer experience it addresses. Common
domains include bodily experience, treatment, emo-
tional impact, and social relationships.

Annotators selected the most appropriate
theme(s) from a predefined list in the Target-
Domain field. Multiple themes could be tagged
if a metaphor spanned more than one dimension
of experience. The topics were extracted from a
relevant scoping review on cancer metaphors (Liu
et al., 2024) and further adapted to gain a finer un-
derstanding of the experience through discussions
with healthcare professionals and conversations
with patients. The full list of topics is available on

GitHub.

4.1.5. Notes and Issue Tracking

Annotators are encouraged to use the Note field (in
both the Metaphors and MWE layers) to document
uncertainties, interpretation challenges, or contex-
tual ambiguities encountered during the annotation
process. In the event of repeated content, textual
errors, or systemic inconsistencies, annotators had
to report them in the shared Incidencias log for
follow-up and dataset revision.

4.2. Agreement Metrics

To report our inter-annotator agreement (IAA) we
provide F1 score, following Boguslav and Cohen
(2017), as it has been proven to be a more transpar-
ent and efficient metric for tasks that involve phrase
extraction. Most widely used metrics to report IAA,
such as Cohen’s Kappa or Krippendorf’s Alpha, will
not work well on tasks where many spans are pos-
sible and the large number of possible negative
spans can distort agreement scores.

Using F1 score implies that, for each post, one
annotator’s labels were treated as the gold standard
and the other’s as the prediction. An agreement,
or a true positive, was defined by a partial overlap,
meaning at least one word was shared between
the spans marked by the two annotators in any
layer (metaphor or MWE). For instance, if Annotator
A marked “fight against cancer” and Annotator B
marked only “fight”, the overlap was considered as
an instance of agreement. The overall F1 score
was 0.49. A detailed breakdown of the results is
presented in Tables 1 and 2.
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Annotator Mean F1
A1 0.60
A2 0.52
A3 0.48
A4 0.53
A5 0.49

Table 1: Mean IAA scores by annotator

L1 L2 F1 L1 L2 F1
A2 A1 0.64 A3 A1 0.62
A1 A4 0.60 A5 A1 0.55
A2 A3 0.54 A2 A4 0.47
A3 A5 0.47 A2 A5 0.46
A5 A4 0.46 A3 A4 0.45

Table 2: IAA scores by annotator pair (L1,L2)

5. Curation

The curation process of the annotated dataset
focused on two main challenges: (1) clustering
metaphorical vehicles (including whether to ana-
lyze them compositionally or holistically), and (2)
refining the final annotations to determine which
specific words would be labeled as metaphorical.

5.1. Curation of Metaphorical Vehicles
Metaphorical vehicles pose particular challenges
for annotation due to their morphological variabil-
ity, syntactic discontinuity, and position on a con-
tinuum from compositional to fixed expressions.
In this work, we distinguish two main categories
of multi-word metaphorical vehicles: (a) Multi-
Word Expressions (MWEs), understood as con-
ventionalized lexical combinations with fixed or
semi-fixed structures (Corpas Pastor and Alvar Ez-
querra, 1996; Escartín et al., 2018), and (b) com-
plex grammatical constructions that, although
not MWEs in the strict sense, contribute semanti-
cally or pragmatically to metaphorical meaning.

5.1.1. Multi-Word Expressions (MWEs)

MWEs were identified through a manual, iterative
clustering process based on structural patterns
described by Corpas Pastor and Alvar Ezquerra
(1996), Escartín et al. (2018), and the Nueva
Gramática de la Lengua Española (NGLE, 2009).
The following types were considered relevant for
metaphor annotation:
Light Verb Constructions (LVCs). LVCs2 were
considered for metaphor analysis when the choice
of light verb introduced a paradigmatic contrast
that shaped the metaphorical framing of the event.
Common light verbs include dar (to give), tener
(to have), tomar (to take), recibir (to receive), and
pasar por (to go through, to undergo). For instance,

2We take the definition and LVC selection from
Alonso Ramos (2004)

Figure 3: Pipeline MWE curation

in expressions such as dar miedo (to scare, lit. to
give fear) or recibir noticias (to receive news), ab-
stract entities like emotions and information are
conceptualized as manipulable objects that can
be given or received. Similarly, in tocar, recibir, or
pasar por tratamiento (to have, to receive, or to
go through treatment), the noun tratamiento (‘treat-
ment’) is metaphorically construed as a tangible
entity, an impinging external force, or a milestone
within a journey. In these cases, LVCs were anno-
tated as part of the metaphorical vehicle because
the figurative meaning resides in the interaction be-
tween the light verb and its abstract complement,
rather than in either element alone.
Fixed and Formulaic Expressions. Highly
frequent and context-bound collocations such as
greetings, discourse routines, or conventional
phrases (e.g., ¿cómo te va? ‘how is it going?’ [jour-
ney] vs. ¿qué tal estás? ‘how are you?’ [neutral] )
were annotated when they contributed metaphori-
cal shading to discourse (Dickins, 2020).
Idiomatic Expressions and Collocations. Id-
ioms (e.g., comerse el coco ‘to overthink’, ‘to eat
one’s head’, from lit. ‘to eat the coconut’) were
treated as single analytical units due to their seman-
tic opacity. Potential collocations were evaluated for
institutionalization and frequency, and analyzed
as single lexical units when they met these criteria.
Institutionalization was verified using DiLEA (Pe-
nadés Martínez, 2020), DiCE (Vincze et al., 2011),
and RAE resources. Frequency was assessed us-
ing the logDice metric (Rychlý, 2008), robust to cor-
pus size (Gablasova et al., 2017). Following Pinto
et al. (2021), co-occurrences with logDice≥ 7 in the
esTenTen23 corpus (Sketch Engine) (Sketch En-
gine, 2025) were considered valid phraseological
units. See Figure 3 for more details.
Grammatical Constructions Included in the Ve-
hicle. Certain grammatical combinations, while
not metaphorical in themselves, modulate the inter-
pretation of metaphors through modality, temporal-
ity, or aspectuality. These were included within the
metaphorical vehicle but not further analyzed for
metaphorical content:

• Modal verb constructions: Expressions
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with haber que/de, tener que, poder, deber,
or querer (e.g., debo tomar precauciones ‘I
must take precautions’) adjust the degree of
the speaker’s modality, obligation or possibil-
ity (Magaña, 2020).

• Temporal verb constructions: Forms such
as ir a, ir + gerundio, or haber + participio frame
metaphorical processes temporally (e.g., va
a pasar por algo parecido ‘he’s going to go
through something similar’).

• Copulative verbs: Ser, estar, and parecer
frame metaphors by marking states or at-
tributes (soy una persona fuerte ‘I am a strong
person’, estoy débil ‘I am weak’). For instance,
la alimentación y el deporte son aliados (‘nutri-
tion and exercise are allies’) encodes a direct
metaphorical comparison.

5.1.2. Non-MWE Multiword Metaphorical
Vehicles

In addition to MWEs, certain multiword combi-
nations were annotated as single metaphorical
vehicles when they contributed meaningfully to
metaphor construction. Four main cases were iden-
tified:

Frame-interaction metaphors. Following Stick-
les et al. (2016), we included cases where
metaphoricity arises from mismatches between
semantic roles or cross-frame alignments rather
than individual lexical items, e.g., lo único que aca-
para en mi cabeza es la muerte (‘the only thing that
takes over my head is death’) or remamos en el
mismo barco (‘we row in the same boat’).

Explicit metaphors. Following the MIPVU
framework and extensions to Spanish proposed
by Sánchez-Montero et al. (2025a), explicit
metaphors and similes containing overt markers
or signals (como si, como que, ‘as if’, ‘as though’)
were annotated as multiword vehicles (e.g., vivo
como si mañana no fuera a estar ‘I live as if
tomorrow I would not be here’).

Extended frame metaphors. In some cases,
metaphorical content extended coherently across
an entire clause or frame, encompassing several
lexical items that together instantiate the metaphor-
ical domain (e.g., es una carrera de obstáculos y
hay que ir pasándolos ‘it is an obstacle race and
one must keep overcoming them’).

Hyperbolic expressions. Recurrent hyperboles
(no hay nada que puedas hacer ‘there’s nothing
you can do’, no pasa nada ‘it’s fine’, has hecho
todo lo que ha estado en tu mano ‘you’ve done

everything within your reach’) were annotated as
multi-word vehicles when functioning as intensified
metaphors rather than literal exaggerations.

5.2. Vocabulary Curation
Given the restricted domain of oncology, many
metaphorical expressions were highly recurrent,
often used with consistent basic and contextual
meanings across posts. To analyze these patterns
systematically, we compiled a unified vocabulary.
The process began by merging all annotations,
which contained an initial list of 2035 candidate
items. Subsequent clustering and curation refined
this list to a final vocabulary of approximately 800
distinct metaphorical vehicles.

Leveraging the annotated synsets, word senses
were clustered according to hypernymy relations
to identify shared semantic domains. Once these
domains were established, lexical items were re-
viewed and discussed within their respective clus-
ters. This process facilitated the evaluation of simi-
lar semantic behaviors and ensured coherent an-
notation decisions.

One illustrative case involved weak verbs within
the semantic field of movement or transition (e.g.,
seguir (‘to follow/continue’), comenzar (‘to begin’),
terminar (‘to end’), pasar (‘to go through’), pasar
por (‘to undergo’)). These verbs are highly gram-
maticalized, resulting in considerable polysemy and
contextual variability, which made it difficult to es-
tablish a stable basic sense, leading to the following
decisions:

• Seguir (‘to follow’) was marked as metaphor-
ical when referring to pursuing or following
someone, but not when it meant ‘to continue’.

• Comenzar (‘to begin’) and terminar (‘to end’)
were marked as non-metaphorical.

• Pasar and pasar por (‘to go through’, ‘to un-
dergo’) were generally marked as metaphorical
due to their abstract uses to describe experi-
ences or phases.

Another discussion centered on adjectives
describing physical characteristics (e.g., débil
(‘weak’), fuerte (‘strong’), duro (‘hard’), grave (‘se-
rious’), agudo (‘acute’)). The team questioned
whether the physical-quality sense (e.g., fuerte as
the ability to exert physical resistance) was more
basic than its use to describe a person’s body (e.g.,
physical strength, muscular build). Since neither
could be clearly established as more fundamental
without resorting to etymological analysis, which
was beyond the scope of this study, these adjec-
tives were only annotated as metaphorical when
used to describe mental or emotional processes
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(e.g., una persona fuerte ‘a strong person’ in the
sense of emotional resilience).

Similarly, controlar (‘to control’) was marked as
metaphorical in expressions such as controlar el
dolor, el miedo, or la enfermedad (‘to control pain’,
‘fear’, or ‘the illness’). Although controlar has a
broad meaning, examining its noun form control
(‘control’) revealed a more basic sense related
to exerting physical power, which supported its
metaphorical interpretation in these contexts.

A further case involved fe (‘faith’). A distinction
was made between fe as religious belief (not an-
notated as metaphorical) and fe as confidence or
trust in something (annotated as metaphorical), as
in tener fe en el tratamiento (‘to have faith in the
treatment’).

Curation decisions were finalized through a
consensus-based review of concordance lines in
group sessions, which was essential for resolving
borderline cases. To provide transparency, the
complete vocabulary file of over 800 metaphori-
cal vehicles, including basic and contextual mean-
ings, is openly available. To the best of our knowl-
edge, this constitutes the largest vocabulary of an-
notated basic and contextual meanings to date,
and the only domain-specific one. Beyond trans-
parency, the explicit annotation of basic meanings
also enhances interoperability: since senses are
aligned with WordNet (Miller, 1995), the resource
can be linked to other semantic frameworks such as
Framester (Gangemi, Aldo and Presutti, Valentina
and Navigli, Roberto and others, 2017).

Moreover, basic meaning (BM) annotation is a
crucial component in several automated metaphor
identification methods. However, the lack of man-
ually annotated resources has often led such sys-
tems to rely on shortcuts, such as selecting the first
dictionary sense, an approach that does not always
correspond to the most appropriate basic meaning
in language use. By providing a large, systemat-
ically annotated BM inventory, this resource can
help improve the accuracy and conceptual ground-
ing of future automated metaphor identification ef-
forts. For a general-domain counterpart, see Maud-
slay and Teufel (2022).

6. Data Analysis

In terms of the annotation itself, we explored two
main aspects: (1) the distribution of IAA across
different domains to assess which concepts were
more subjective or prone to disagreement, and (2)
the relationship between metaphorical content and
disagreement, based on the hypothesis that words
which can be used either metaphorically or literally
in the cancer context may lead to greater ambiguity
for both manual and automated annotation.

Regarding agreement, as shown in Figure 4, the

most frequent case was that of disagreement. This
outcome is not unexpected given the complexity of
metaphor annotation and is consistent with previ-
ous reports (Sánchez-Montero et al., 2025a). Inter-
estingly, the second most frequent case was that
of unanimous agreement, particularly in domains
related to emotions. We hypothesize that agree-
ment tends to increase for highly conventionalized
metaphors, which are more easily recognized by
annotators.

Figure 4: Distribution of agreement across seman-
tic domains.

Secondly, we conducted a thematic analysis to
address questions such as: What are the most
metaphorically discussed themes? Are war and
journey the only ways of conceptualizing cancer
or do other source domains prevail for particular
topics?

To understand how target domains (cancer-
related topics such as treatment, diagnosis, or emo-
tions) are expressed through source domains (the
metaphorical images used to represent them, such
as war or journey), we leveraged the BM anno-
tations linked to WordNet synsets. These were
then queried through the Open Multilingual Word-
Net (Vossen et al., 2016) to automatically group
them into semantic domains.

Figure 5 displays the relationships between
cancer-related topics (green nodes) and their
metaphorical domains (blue nodes) as a network
graph. The network’s central node is the general
topic of being ill with cancer, which connects to
experiences like pain, death, healing, and relapse.
This is followed by emotions, people involved (in-
cluding emotional support, a key dimension in the
forums as users sought shared experiences and ad-
vice), cancer itself, diagnosis, and decision making.
Less frequently discussed topics, at least metaphor-
ically, included treatment, body, research, and the
healthcare system. This does not necessarily imply
that these topics are less discussed overall, but
rather that they appeared less often in this anno-
tated sample of AECC posts.

A closer analysis of the largest nodes, being ill
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Figure 5: Relations between target (green) and
source (blue) metaphorical domains.

with cancer and emotions, reveals that symptoms
and side effects were among the most frequently
discussed subtopics, followed by life changes, heal-
ing, and death. Regarding emotions, beyond gen-
eral distress, positive emotions such as optimism
and hope were notably prominent, reflecting the
supportive tone of the forums, where users ac-
tively encourage others seeking solidarity and un-
derstanding.

Figure 6: Source domains related to emotions.

In terms of source domains, the military domain
was indeed central and frequently used across sev-
eral topics (including emotions, illness, and can-
cer itself). However, other metaphorical frames
were equally or more salient in specific contexts.

Figure 7: Source domains related to being ill with
cancer.

For instance, metaphors related to buildings, con-
struction, and home appeared recurrently when
discussing emotions, emotional support, and even
diagnosis. Likewise, transport and mechanics
metaphors were common in discussions about
emotions, cancer, and treatment. These findings
demonstrate that Spanish cancer discourse, specif-
ically narratives of cancer experience, draws from a
far more diverse metaphorical repertoire than is typ-
ically acknowledged in the literature, which opens
new avenues for the study of metaphors in Spanish
biomedical communication.

7. Conclusions

The paper presents Medical-Flavors-AECC, a
dataset of cancer narratives in Spanish extracted
from digital forums. We propose a manual an-
notation framework based on distinguishing basic
and contextual meaning, following MIP (Praggle-
jaz Group, 2007) and MIPVU (Steen et al., 2010),
through the use of various lexical resources, such
as WordNet, in different annotation layers.

This resource is intended for the automatic detec-
tion of metaphors, especially in the medical field, as
well as for the linguistic study of cancer discourse.
To this end, we offer an analysis of the metaphori-
cal contents in Spanish cancer narratives, as well
as the emotions involved in the production of these
metaphors and the degree of lexicalization across
different conceptual domains.

This research has significant social and humanis-
tic impact. The study’s results can help physicians
and healthcare personnel improve their commu-
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nication strategies when discussing the disease.
At the same time, our results provide psycholo-
gists with an empirical basis for investigating how
metaphors shape the perception of illness.

As a future work, we will seek to test alterna-
tive forms of annotation frameworks that allow for
more extensive research into the subjective scope
of metaphor and lexicalization processes in cancer
narratives. Another area of current development
is the annotation of a larger dataset using LLMs,
including hybrid labeling approaches that combine
human-AI collaboration. Future work will involve
extending the annotation scheme with multiclass
labels to distinguish between different metaphor
types. This will enable a more fine-grained analy-
sis of the specific metaphors characteristic of each
conceptual domain.

8. Data Statement

We follow the guidelines specified by (Bender and
Friedman, 2018) for creating a Data Statement to
mitigate bias and ensure transparency in collection
and annotation of the data.

A. Curation Rationale Posts were collected
from the public forums of the Spanish Association
Against Cancer (AECC). Given the association’s
prominence and its broad coverage of patients, rel-
atives, and experiences across time, the AECC
forums offered an ethically appropriate and repre-
sentative source of cancer discourse in Spanish.

B. Language Variety The publications are written
in Peninsular (European) Spanish. Orthographic
and lexical variation was preserved during the an-
notation process to maintain linguistic authenticity,
as the orthography employed in this type of public
forum often deviates from normative conventions.
Non-textual content such as images or links was
removed, while the original punctuation, capitaliza-
tion, and emoticons were retained.

C. Forums Authors Demographic The authors
of the posts are patients, relatives, and caregivers
participating in AECC online forums between 2010
and 2024. Since all forums contributions were
publicly posted and pseudonymized, no person-
ally identifiable or demographic information (e.g.,
age, gender, location) was collected. We expect
diversity in socioeconomic background, education
level, and regional origin among contributors since
the AECC’s broad reach in Spain.

D. Annotator Demographic The annotation
team comprised five independent annotators, all
native Spanish speakers previously trained in the

Categories Data

Sex 2 female
3 male

Native Language Spanish

Nationality 4 Spanish
1 Mexican

Residence Spain and Mexico
Education level University

Table 3: Annotator demographic

Metaphor Identification Procedure (MIP) and with
experience in metaphor annotation. Four were
trained linguists, and one had a background in Nat-
ural Language Processing (NLP), Table 3 summa-
rizes their profiles. All annotators provided informed
consent, and the annotation process adhered to
the principles of the Belmont Report (National Com-
mission for the Protection of Human Subjects of
Biomedical and Behavioral Research, 1979).

E. Speech Situation The forums posts are about
personal experiences with cancer, including di-
agnosis, treatment, recovery, and emotional sup-
port. Topics vary from medical advice and coping
strategies to interpersonal communication and tes-
timonies. Posts were written asynchronously in a
semi-formal or non-formal tone, frequently used in
online patient support environments.

F. Text Characteristics The dataset includes
7,964 forum posts (5,641,005 words3), of which
74 posts (88,196 words) were manually annotated
for metaphor use. Posts cover three main topics:
breast cancer, prostate cancer, and personal testi-
monies. Texts were pseudonymized before anno-
tation, with user mentions, personal names, and
identifiable references removed or replaced follow-
ing GDPR-compliant pseudonymization protocols
(Parlamento Europeo y Consejo de la Unión Eu-
ropea, 2016; Búrdalo, 2025; López-García et al.,
2023). Additionally, each of the 74 posts includes
comments that respond directly to the main topic
introduced in the main post.

G. Recording Quality The text was processed
into UTF-8 plain text format, ensuring consistency
in encoding and tokenization. We scraped the
posts from the AECC online forums. Descriptive
statistics are presented in Table 4.

H. Ethical Considerations The data collection
and annotation procedures were reviewed and ap-
proved by three independent entities: the AECC,

3Text splitting into words was done automatically by
INCEpTION software.
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Metric Total Annotated
Number of words 5,641,005 83,316
Number of posts 7,964 72
Number of users 2,976 442
Avg. words per post 708.30
Avg. interactions
(main author)

2.58

Avg. interactions
(comments)

12.20

Avg. words per topic
Breast cancer = 504.5
Prostate cancer = 784.7
Testimonies = 749.8

Covered years 2010-2024

Table 4: Descriptive statistics of Medical-FLAVORS
AECC full corpus and the presented annotated
dataset.

the University of Zaragoza, and the EU project
funding the research. All posts used were pub-
licly available and pseudonymized to protect par-
ticipants’ identities. Annotators were fully briefed
about the study’s purpose and informed that the
content could be emotionally sensitive. They were
free to withdraw from participation at any point. Fi-
nally, this procedure followed the General Data Pro-
tection Regulation of the European Union (GDPR;
Regulation (EU) 2016/679) (Parlamento Europeo
y Consejo de la Unión Europea, 2016), estab-
lished guidelines for anonymizing Spanish medical
texts (Búrdalo, 2025), and existing anonymization
tools for Spanish (López-García et al., 2023).

9. Limitations

We acknowledge some limitations in our study.
First, although the dataset comprises over 83,000
manually annotated words, inter-annotator agree-
ment on the curation could not be quantified, and
the annotations result from consensus between two
annotators and are then curated by a single curator.

Second, the calculation of metaphorical density
relied in part on automatic lemmatization using
SpaCy. During manual inspection, several lemma-
tization errors were identified, particularly involving
irregular verb forms and clitic pronouns, which may
have affected the precision of metaphor frequency
estimates. Consequently, the metaphoricity per-
centages reported should be interpreted as approx-
imate rather than exact.

Third, not all lexical items in the vocabulary could
be assigned a WordNet synset. In some cases, no
synset adequately captured the sense of a word
as used in the dataset. These items were there-
fore excluded from the semantic domain analysis.
Moreover, while WordNet domains are suitable for
nominal concepts, many verbal synsets are as-
signed to the generic domain factotum, limiting their

discriminative value. Future work should explore
frame-based mappings (e.g., FrameNet) or man-
ual domain annotation to improve coverage and
granularity for verbs and other non-nominal items.

Finally, subsequent iterations of this resource will
benefit from integrating domain-adapted lemma-
tization models and incorporating peer-reviewed
quality control to further enhance reliability and re-
producibility.

10. Acknowledgements

This paper has been supported by PA-
PIIT project IG-400325, by the I+D+i
projects PID2024-159530OB-I00 (funded by
MCIN/AEI/10.13039/501100011033), the EU re-
search and innovation program HORIZON Europe
in the “4D PICTURE” project under grant agree-
ment 101057332 and UZ2024-IyA-02 (funded
by Univ. Zaragoza), and by DGA Government
predoctoral fellowship.

11. Bibliographical References

Margarita Alonso Ramos. 2004. Las construc-
ciones con verbo de apoyo. Visor Libros.

Asociación de Academias de la Lengua Española.
2023. Diccionarios de la lengua española. Ac-
cessed: 2025-10-19.

Emily M Bender and Batya Friedman. 2018. Data
statements for natural language processing: To-
ward mitigating system bias and enabling bet-
ter science. Transactions of the Association for
Computational Linguistics, 6:587–604.

Mayla Boguslav and Kevin Bretonnel Cohen. 2017.
Inter-annotator agreement and the upper limit on
machine performance: evidence from biomedi-
cal natural language processing. In MEDINFO
2017: Precision Healthcare through Informatics,
pages 298–302. IOS Press.

Luis Búrdalo. 2025. D4.2 final harpocrates demon-
strators - appendix i. Consultado: 2025-10-19.

Lynne Cameron. 2007. The affective discourse dy-
namics of metaphor clustering. Ilha do Desterro
A Journal of English Language, Literatures in
English and Cultural Studies, (53):041–062.

David Casarett, Amy Pickard, Jessica M. Fish-
man, Stewart C. Alexander, Robert M. Arnold,
Kathryn I. Pollak, and James A. Tulsky. 2010.
Can metaphors and analogies improve commu-
nication with seriously ill patients? Journal
of Palliative Medicine, 13(3):255–260. PMID:
19922170.

168



Gloria Corpas Pastor and Manuel Alvar Ezquerra.
1996. Manual de fraseología española. Gredos.

Laurence De Backer, Renata Enghels, and Patrick
Goethals. 2023. Metaphor analysis meets lex-
ical strings: finetuning the metaphor identifica-
tion procedure for quantitative semantic analyses.
Frontiers in Psychology, 14:1214699.

James Dickins. 2020. An ontology for colloca-
tions, formulaic sequences, multiword expres-
sions, compounds, phrasal verbs, idioms and
proverbs. Linguistica Online, 23:29–72.

Ellen Dodge, Jisup Hong, and Elise Stickles. 2015.
MetaNet: Deep semantic automatic metaphor
analysis. In Proceedings of the Third Workshop
on Metaphor in NLP, pages 40–49, Denver, Col-
orado. Association for Computational Linguistics.

Carla Parra Escartín, Almudena Nevado Llopis,
and Eoghan Sánchez Martínez. 2018. Spanish
multiword expressions: Looking for a taxonomy.
Multiword expressions, page 271.

Nada Fadul, Ahmed F. Elsayem, J. Lynn Palmer,
Egidio G Del Fabbro, Kay Swint, Zhijun Li, Va-
lerie A Poulter, and Eduardo Bruera. 2009. Sup-
portive versus palliative care: What’s in a name?
Cancer, 115.

Dana Gablasova, Vaclav Brezina, and Tony
McEnery. 2017. Collocations in corpus-based
language learning research: Identifying, compar-
ing, and interpreting the evidence. Language
Learning, 67(S1):155–179.

Gangemi, Aldo and Presutti, Valentina and Navigli,
Roberto and others. 2017. Framester: A wide-
coverage linguistically and cognitively grounded
knowledge graph. Accessed: 2025-10-20.

Mengshi Ge, Rui Mao, and Erik Cambria. 2023.
A survey on computational metaphor process-
ing techniques: From identification, interpreta-
tion, generation to application. Artif. Intell. Rev.,
56(S2):1829–1895.

Anna W. Gustafsson, Charlotte Hommerberg, and
Anna Sandgren. 2019. Coping by metaphors:
the versatile function of metaphors in blogs about
living with advanced cancer. Medical Humanities,
46:267 – 277.

George Lakoff and Mark Johnson. 1980. Metaphors
We Live By. The University of Chicago Press.

Mark Jordan Landau, Linda D. Cameron, Jamie
Arndt, W. Hamilton, Trevor James Swanson, and
Michael N. Bultmann. 2019. Beneath the surface:
Abstract construal mindset increases receptivity
to metaphors in health communications. Social
cognition, 37 3:314–340.

Yufeng Liu, Elena Semino, Judith Rietjens, and
Sheila Payne. 2024. Cancer experience in
metaphors: patients, carers, professionals, stu-
dents – a scoping review. BMJ Supportive &
Palliative Care, 14(e3):e2366–e2376.

Guillermo López-García, Francisco J. Moreno-
Barea, Héctor Mesa, José M. Jerez, Nuria Ri-
belles, Emilio Alba, and Francisco J. Veredas.
2023. Named entity recognition for de-identifying
real-world health records in spanish. In Pro-
ceedings of the 23rd International Conference
on Computational Science (ICCS 2023), volume
14073 of Lecture Notes in Computer Science,
pages 172–183. Springer. Consultado: 2025-10-
19.

Dalia Magaña. 2020. Local voices on health care
communication issues and insights on latino cul-
tural constructs. Hispanic Journal of Behavioral
Sciences, 42(3):300–323.

Rowan Hall Maudslay and Simone Teufel. 2022.
Metaphorical polysemy detection: Conventional
metaphor meets word sense disambiguation. In
Proceedings of the 29th International Conference
on Computational Linguistics, pages 65–77.

George A Miller. 1995. Wordnet: a lexical database
for english. Communications of the ACM,
38(11):39–41.

National Commission for the Protection of Human
Subjects of Biomedical and Behavioral Research.
1979. The belmont report: Ethical principles and
guidelines for the protection of human subjects
of research. Technical report, U.S. Department
of Health, Education, and Welfare, Washington,
D.C. Publication No. OS 78-0012.

Parlamento Europeo y Consejo de la Unión Euro-
pea. 2016. Reglamento (ue) 2016/679 del par-
lamento europeo y del consejo, de 27 de abril
de 2016, relativo a la protección de las personas
físicas en lo que respecta al tratamiento de datos
personales y a la libre circulación de estos datos.
Consultado: 2025-10-19.

Inmaculada Penadés Martínez. 2020. Diccionario
de locuciones idiomáticas del español actual. Ac-
cessed: 2025-10-19.

Ana P. M. Pinheiro, Rachel H. Pocock, Margie D.
Dixon, Walid L Shaib, Suresh S. Ramalingam,
and Rebecca D. Pentz. 2017. Using metaphors
to explain molecular testing to cancer patients.
The oncologist, 22 4:445–449.

Paula Tavares Pinto, Geraint Paul Rees, and Ana
Frankenberg-Garcia. 2021. Identifying colloca-
tion issues in english l2 research article writing.
In Maggie Charles and Ana Frankenberg-Garcia,

169



editors, Corpora in ESP/EAP Writing Instruction:
Preparation, Exploitation, Analysis, chapter 7,
page 24. Routledge.

Lucia Pitarch, Emma Angles-Herrero, Yufeng Liu,
Daisy Monika Lal, Jorge Gracia, Paul Rayson,
and Judith Rietjens. 2024. Medical-FLAVORS: A
figurative language and vocabulary open repos-
itory for Spanish in the medical domain. In
Proceedings of the First Workshop on Patient-
Oriented Language Processing (CL4Health) @
LREC-COLING 2024, pages 109–114, Torino,
Italia. ELRA and ICCL.

Pragglejaz Group. 2007. MIP: A method for iden-
tifying metaphorically used words in discourse.
Metaphor and Symbol, 22(1):1–39.

Real Academia Española. 2023. Diccionario de la
lengua española, 23.ª edición. Accessed: 2025-
10-19.

Real Academia Española and Asociación de
Academias de la Lengua Española. 2009. Nueva
Gramática de la Lengua Española. Espasa Li-
bros / RAE-ASALE, Madrid, Spain. Accessed:
2025-10-19.

Pavel Rychlý. 2008. A lexicographer-friendly asso-
ciation score. In RASLAN, pages 6–9.

Alec Sánchez-Montero, Gemma Bel-Enguix,
Sergio-Luis Ojeda-Trueba, and Gerardo Sierra.
2025a. Disagreement in metaphor annotation
of Mexican Spanish science tweets. In Pro-
ceedings of Context and Meaning: Navigating
Disagreements in NLP Annotation, pages 155–
164, Abu Dhabi, UAE. International Committee
on Computational Linguistics.

Alec Sánchez-Montero, Gemma Bel-Enguix,
Sergio-Luis Ojeda-Trueba, and Gerardo Sierra.
2025b. Prompting metaphoricity: Soft labeling
with large language models in popular com-
munication of science tweets in Spanish. In
Proceedings of the 2nd Workshop on Analogical
Abstraction in Cognition, Perception, and
Language (Analogy-Angle II), pages 45–56,
Vienna, Austria. Association for Computational
Linguistics.

Elena Semino and Zsofia Demjen. 2017. The can-
cer card: Metaphor, intimacy, and humor in on-
line interactions about the experience of cancer.
Metaphor: Embodied cognition and discourse,
page 181.

Elena Semino, Zsófia Demjén, Andrew Hardie,
Sheila Payne, and Paul Rayson. 2017. Metaphor,
cancer and the end of life: A corpus-based study.
Routledge.

Sketch Engine. 2025. Estenten corpus. Accessed:
2025-10-20.

Sociedad Española de Oncología Médica. 2025a.
Cáncer de mama. Accessed: 2025-10-19.

Sociedad Española de Oncología Médica. 2025b.
Los avances en cáncer de próstata. Accessed:
2025-10-19.

Gerard J. Steen, Aletta G. Dorst, J. Berenike Her-
rmann, Anna Kaal, Tina Krennmayr, and Trijntje
Pasma. 2010. A Method for Linguistic Metaphor
Identification: From MIP to MIPVU, volume 14 of
Converging Evidence in Language and Commu-
nication Research. John Benjamins Publishing
Company.

Elise Stickles, Oana David, and Eve Sweetser.
2016. Grammatical constructions, frame struc-
ture, and metonymy: Their contributions to
metaphor computation. In Proceedings of the
11th meeting of the High Desert Linguistics So-
ciety, pages 317–345. High Desert Linguistics
Society Albuquerque, NM.

Orsolya Vincze, Elena Mosqueira, and Manuel
Alonso Ramos. 2011. An online collocation dic-
tionary of spanish. In Proceedings of the 5th
International Conference on Meaning-Text The-
ory, pages 275–286, Barcelona, Spain.

Piek Vossen, Francis Bond, and John McCrae.
2016. Toward a truly multilingual GlobalWordnet
grid. In Proceedings of the 8th Global WordNet
Conference (GWC), pages 424–431, Bucharest,
Romania. Global Wordnet Association.

World Health Organization. 2025. Breast cancer.
Accessed: 2025-10-19.

170



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 171–181
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

A Synthetic Conversational Dataset for Type 2 Diabetes
Management

Stergios Ntanavaras1, Maaike H. T. de Boer2, Piek Vossen1
1 Vrije Universiteit Amsterdam, 1081 HV Amsterdam, The Netherlands

2 TNO, 3769 DE Soesterberg, The Netherlands
s.ntanavaras@student.vu.nl, maaike.deboer@tno.nl, piek.vossen@vu.nl

Abstract
Access to real patient-doctor conversations in the medical domain is often restricted due to privacy concerns,
making it difficult to build robust conversational AI systems. To address this, we present a novel methodology
for generating a high-quality synthetic dataset designed for conversational triple extraction in Type 2 Diabetes
management. Using structured prompting with GPT-4, we generated 16 demographically and medically diverse
diabetic personas, and 256 multi-turn conversations between these personas and a caretaker agent, simulating
realistic and context-rich interactions. The conversations incorporate critical properties such as personalization,
empathy, contextual awareness, and medically grounded advice, as validated through both LLM-based and human
expert evaluations. These synthetic conversations are further annotated with Subject-Predicate-Object (SPO) labels
at the token level, integrating both manual and LLM-automated methods, forming the foundation for downstream
tasks like triple extraction. Our work demonstrates the feasibility of using generative AI to simulate healthcare
conversations at scale, offering a solution for data-scarce domains.

Keywords: Synthetic Data Generation, Conversational AI, Dialogue Annotation, Conversational Triple Ex-
traction, Type 2 Diabetes Management

1. Introduction

The increasing burden of chronic diseases such as
Type 2 Diabetes poses a significant challenge to
healthcare systems worldwide, particularly in ag-
ing populations (Changizi and Kaveh, 2017). Tra-
ditional healthcare infrastructures often struggle
to provide personalized and accessible care on
a scale (Wagner et al., 1996), creating an urgent
need for innovative solutions that can support both
patients and healthcare professionals in managing
these complex conditions.

Hybrid Intelligence (HI) and conversational
agents offer a promising way to support chronic
disease management, including Type 2 Diabetes,
by making care more personalized and accessible
(Laranjo et al., 2018; Dudzik et al., 2024). They
can provide around-the-clock availability, consis-
tent information delivery, and scalable patient en-
gagement, while reducing the burden on healthcare
professionals. However, developing and evaluat-
ing such agents requires access to high-quality
domain-specific datasets that reflect the nuances
of real patient-agent interactions.

Unfortunately, several critical gaps exist in the
current landscape of healthcare dialogue datasets.
First, especially for chronic diseases like Type 2
Diabetes, data privacy regulations restrict access to
authentic patient dialogues, resulting in a scarcity
of annotated conversational data. Second, most
existing datasets are general-purpose and do not
address the specific informational and behavioral

needs associated with managing Type 2 Diabetes
(Peerbolte et al., 2025). Lastly, most of the available
dialogue resources are based on human–human
interactions, offering limited support for training and
evaluating agent-driven communication. Together,
these limitations present a critical bottleneck in the
advancement of language technologies for medical
settings.

To overcome this challenge, this paper presents
a methodology for generating a high-quality syn-
thetic conversational dataset tailored to the con-
text of Type 2 Diabetes management. These syn-
thetic conversations simulate realistic interactions
between patients and a caretaker agent, provid-
ing the necessary foundation for downstream tasks
such as triple extraction and knowledge graph en-
richment. More specifically, the dataset is designed
to train and benchmark models that extract Sub-
ject–Predicate–Object (SPO) triples from patient
utterances, which are then used to populate and
maintain a User Knowledge Graph within a broader
HI system for personalized lifestyle support.

We propose a methodology for constructing
such a dataset using structured prompting with de-
tailed task instructions and large language models
(LLMs). Our approach combines persona-driven
scenario creation with dialogue generation, guided
by design principles from healthcare communica-
tion and conversational AI. We describe how we
created culturally grounded patient personas, gen-
erated multi-turn dialogues, and ensured diversity
and realism across interactions.
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This work is situated within the CHIP initiative
(den Hengst et al., 2026), a collaborative effort
by Dutch institutions to develop an HI system for
Type 2 Diabetes management. CHIP is a modu-
lar, microservice-based research platform that in-
tegrates dialogue processing, information extrac-
tion, knowledge graphs, and reasoning to support
lifestyle changes in patients. Within CHIP’s archi-
tecture, conversational interactions are first pro-
cessed by a knowledge extractor, which converts
free-form dialogue text into SPO triples. These
triples are stored in a User Knowledge Graph along-
side a Domain Knowledge Graph of medical knowl-
edge. A reasoning component then consults both
graphs to tailor interventions to individual patient
contexts and goals. The synthetic dialogues and
conversational triple extraction methods presented
in this paper directly support the knowledge ex-
traction step in this pipeline, providing annotated
training and evaluation data for models that must
operate on realistic, domain-specific patient–agent
exchanges. By generating this resource synthet-
ically, we circumvent the privacy constraints that
would otherwise prevent the use of real patient dia-
logues for model development.

To support transparency and reproducibility, all
diabetes personas, synthetic conversations, and
their corresponding annotations are available in the
accompanying repository 1.

2. Related Work

Synthetic dataset generation is increasingly seen
as a practical way to address data scarcity in con-
versational AI, especially in domains with privacy
or access constraints (Chavda and Bhattacharyya;
Ramesh et al., 2024). Early studies explored data
augmentation techniques, using rule-based trans-
formations or back-translation to expand existing
corpora, but these approaches produced limited
linguistic and contextual diversity (Soudani et al.,
2023).

With the advent of large language models (LLMs),
researchers have shifted toward generating full di-
alogues synthetically. For instance, Honovich et al.
(Honovich et al., 2022) demonstrated how prompt-
based models can be leveraged to automatically
generate diverse synthetic training conversations
that capture richer context, intent, and diversity
while reducing dependency on costly or restricted
real-world data.

In clinical and healthcare dialogue modeling, a
smaller but growing body of work has begun pro-
ducing synthetic resources. SynDial (Das et al.,

1https://github.com/stergios97/synthe
tic-conversational-data-diabetes-managem
ent

2024) generates synthetic patient–physician dia-
logues from clinical notes and uses iterative refine-
ment to maintain factuality. NoteChat (Wang et al.,
2024) produces doctor-patient conversations con-
ditioned on clinical notes for better documentation
and note generation performance. MedSynth (Mi-
anroodi et al., 2025) provides over 10,000 dialogue-
note pairs across many disease codes, facilitating
both Dialogue-to-Note and Note-to-Dialogue tasks.
Bedrick et al. (Bedrick et al., 2025) offer a typology
of existing synthetic datasets for clinical dialogues,
highlighting how synthetic methods vary in realism,
domain specificity, and use case.

Beyond task-oriented generation, recent re-
search has emphasized the role of social and per-
sonal dimensions in synthetic dialogues. Santa-
maría et al. (Santamarıa et al., 2023) argue that
open-domain dialogue datasets should not only
encode factual content but also capture personal
viewpoints and shared memories over time. Their
work highlights the need for structured representa-
tions that track factoids and perspectives across
long-term interactions, which can inspire the de-
velopment of more transparent and socially at-
tuned conversational agents. This perspective res-
onates with the challenges in healthcare, where pa-
tient narratives are inherently personal and context-
dependent.

Despite these advances, synthetic datasets tai-
lored for downstream tasks such as conversational
triple extraction remain scarce. This is especially
true for resources that include Subject-Predicate-
Object (SPO) annotations, multi-turn patient–agent
dialogues, and domain grounding for Type 2 Dia-
betes. Our dataset and study address this gap by
combining synthetic dialogue generation, persona
grounding, comprehensive SPO annotation, and
evaluation in a knowledge-graph-oriented pipeline
for CHIP.

3. Methodology

To ensure practical utility and align with the needs
identified in Section 2, we target three constraints:
limited access to real dialogues due to privacy, lack
of domain-specific resources for Type 2 Diabetes,
and the need to model agent-driven interactions.
We define design requirements to guide the cre-
ation of the synthetic conversational dataset and to
align with the CHIP initiative.

The dataset was designed to meet the following
requirements:

• All conversations focus on Type 2 Diabetes
management, covering topics such as symp-
toms, treatment options, lifestyle changes, and
patient concerns.

• Dialogues should reflect patient–agent setting
rather than human–human interaction.
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• Each dialogue contains 4–6 exchanges with
natural turn-taking; openings are roughly bal-
anced between patient-start and agent-start
to avoid initiation bias.

• Diversity across intents, scenarios, and per-
sonas, with coverage of all defined profiles.

• Only fully synthetic content, with no real patient
data involved, in order to comply with privacy
standards and ethical research practices.

The data generation process consists of three
steps: creating diverse patient personas, gen-
erating multi-turn dialogues with a caretaker
agent, and annotating conversations with Sub-
ject–Predicate–Object (SPO) roles. The result is a
dataset of fully annotated conversational sentences,
with each step described in the following sections.

3.1. Persona Generation
For making the dataset more natural, we started
by creating diverse personas, each representing a
unique profile of a Type 2 Diabetes patient. These
personas were carefully designed to capture a wide
range of demographic traits, medical histories, and
treatment adherence behaviors, providing a de-
tailed representation of the patient population. The
selection of specific demographic attributes for the
creation of personas was informed by robust epi-
demiological and sociocultural research, along with
insights from domain experts, ensuring that the per-
sonas accurately reflect the diversity and nuances
of the population of patients with Type 2 diabetes
in the Netherlands.

To construct realistic patient personas, we
grounded our trait selection in epidemiological
and demographic data from Dutch public health
sources. Age values were chosen around the na-
tional mean of 65.9 years for Type 2 Diabetes out-
patients, as reported by the Dutch Pediatric and
Adult Registry of Diabetes (DPARD) (Bak et al.,
2021). We selected five representative age groups
(55, 60, 65, 70, 75) to reflect the elderly population
most impacted by the disease. The ethnicity was
chosen based on prevalence statistics from Stat-
Line, the Dutch Central Bureau of Statistics (CBS)
(Centraal Bureau voor de Statistiek, 2024) and sup-
porting studies (Ujcic-Voortman et al., 2009), which
show elevated Type 2 Diabetes rates among Mo-
roccan (7.09%), Surinamese (6.15%), and Turk-
ish (5.95%) populations, compared to Dutch indi-
viduals (1.99%). Therefore, these ethnic groups
were selected for inclusion, given both their medical
relevance and their demographic presence in the
Netherlands. To ensure cultural authenticity, we as-
signed each persona a name commonly associated
with their ethnic background, as verified through
multiple public sources 2. Moroccan personas were

2Names were chosen based on their common usage

named Mohammed, Abdullah, Aicha, and Fatima;
Surinamese: Rudolf, Johan, Julia, and Ingrid; Turk-
ish: Ali, Mehmet, Ayşe, and Fatma; Dutch: Pieter,
Jan, Johanna, and Maria.

Using these attributes, all possible combinations
were generated, respecting gender-specific naming
conventions to ensure realism and cultural appro-
priateness. From these, 16 unique profiles were
carefully selected to achieve a balanced and man-
ageable set that covers the full range of age, gender,
education, and cultural background while ensuring
equal representation across gender and ethnicity.
The number 16 was chosen as it provides sufficient
diversity without overwhelming the annotation pro-
cess. All selected profiles are presented in Table 1.

Name Gender Ethnicity Age
Jan Male Dutch 70

Maria Female Dutch 60
Abdullah Male Moroccan 70

Mohammed Male Moroccan 75
Aicha Female Moroccan 75
Julia Female Surinamese 55
Ingrid Female Surinamese 75
Johan Male Surinamese 60
Fatima Female Moroccan 65
Rudolf Male Surinamese 55
Ayşe Female Turkish 70
Pieter Male Dutch 75

Johanna Female Dutch 75
Fatma Female Turkish 65

Ali Male Turkish 60
Mehmet Male Turkish 65

Table 1: Selected Profiles

3.2. Prompts for Persona Generation
Once the core demographic attributes were se-
lected, we generated detailed biographies for each
persona using structured prompting with detailed
task instructions. To guide the model in producing
realistic and context-rich outputs, we designed man-
ual prompts that elicited narrative descriptions that
include key dimensions of diabetes care. These
included personal and demographic backgrounds,
physical features, psychological traits, professional
and educational experiences, social interactions,
daily routines, healthcare interactions, economic
factors, communication styles, and technological
engagements.

The generation was carried out using GPT-4 3,
identified as the most proficient model within the
GPT series according to a report from OPENAI
(OpenAI, 2024). To generate detailed and infor-
mative persona descriptions, the temperature

within each ethnic group, as verified across multiple pub-
lic online sources.

3OpenAI gpt-4 (June 2023 release, gpt-4-0613)
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parameter was set to 0.9 to optimize for creativity,
whilst the max_tokens was left at its default value
of 4096 from the API configuration, ensuring that
the descriptions were comprehensive and rich in
detail.

The resulting descriptions captured interrelated
aspects of each persona’s life that could influence
their interaction with a conversational healthcare
agent. For instance, some personas were digitally
literate and health-conscious, while others had lim-
ited access to care or expressed mistrust in medical
institutions.

Figure 1: Example of conversation generation from
a persona profile. The biography of “Pieter” (75-
year-old Dutch male with Type 2 Diabetes) is used
to generate a sample dialogue with the caretaker
agent.

3.3. Conversation Generation
Building on the finalized personas, we generated
synthetic patient-agent dialogues to simulate real-
istic Type 2 Diabetes management scenarios. This
transition from persona definition to conversation
generation is illustrated in Figure 1. For each of
the 16 personas, we produced 16 conversations.
This number provided adequate topical diversity per
persona while keeping manual checks and subse-
quent annotation/evaluation feasible and balanced
across the corpus (equal gender/ethnicity cover-
age and manageable size). Conversations were
evenly divided between patient- and agent-initiated
openings, and each dialogue was restricted to 4 to
6 exchanges with natural turn-taking and internal
coherence.

The final dataset consists of 256 dialogues cover-
ing a wide range of diabetes-related topics, includ-
ing medication adherence, lifestyle adjustments,
emotional support, and access to care. These con-
versations provide a robust foundation for training
and evaluating conversational systems focused on
personalized health communication. Details of the
prompting setup are given in Section 3.4. Below
are two examples of the conversations generated.
Patient-initiated example (“Abdullah”, Table 1):

P: I’m worried about fasting for Ramadan with
my diabetes. Is it possible without harming my
health?

A: Yes, Abdullah, fasting during Ramadan is pos-
sible with diabetes, but it requires careful plan-
ning. You should consult your healthcare
provider to adjust your medication and meal
times according to your fasting schedule.

[conversation continues...]

Agent-initiated example (“Maria”, Table 1):

A: Maria, how has your blood sugar control been
over the past week? Do you notice any fluctu-
ations?

P: Well, lately I’ve noticed that my blood sugar
tends to increase significantly after my dinner
meal.

A: I see. Can you share what a typical dinner
looks like for you?

P: Usually, it’s a lean protein like chicken, and I
try to fill half my plate with vegetables.

[conversation continues...]

3.4. Prompts for Conversation
Generation

The generation of realistic and varied dialogues
required carefully designed prompts tailored to the
roles of the patient and the agent, as well as a co-
ordinating system prompt. Each component was
constructed to ensure coherent, context-sensitive
exchanges grounded in the persona characteris-
tics.

The system prompt defined the scope and struc-
ture of each dialogue, instructing the model to pro-
duce exactly 4 to 6 exchanges per conversation.
To enforce this constraint and improve adherence,
we applied strategies such as capitalization and
repetition of critical instructions. These techniques
enhanced the model’s compliance with formatting
and interaction rules during generation.

The agent prompt was crafted to encourage em-
pathetic, adaptive, and informative behavior. Draw-
ing on healthcare communication research, we in-
cluded directives for using friendly and supportive
language, engaging in small talk, and adapting re-
sponses to the patient’s emotional and informa-
tional needs. The agent was also instructed to
avoid medical jargon, maintain conversational tone,
and gather information incrementally, asking one
question at a time to avoid overwhelming the pa-
tient.

For the patient prompt, we injected each persona
biography directly into the input to simulate realistic
behavior aligned with their background, beliefs, and
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Overview Dialogue Acts
Number of dialogues 256 Statements 77.8%
Total utterances 2,027 Comments 7.5%
Total tokens 52,019 Opinions 7.3%
Unique word types 5,337 Positive answers 2.8%
Avg. utt./dialogue 7.9 Commands 2.8%

Back-channeling 0.7%
Emotions

Neutral 785 Curiosity 432
Gratitude 211 Approval 142
Fear 33 Disappointment 11
Sadness 19

Table 2: Dataset statistics, dialogue acts, and emo-
tions.

communication style. This allowed each dialogue
to reflect the unique characteristics of the persona,
including their health concerns, digital literacy, or
trust in medical advice.

We experimented with both zero-shot and few-
shot prompting approaches. Zero-shot prompts
often failed to produce the required dialogue length
or diversity. In contrast, few-shot prompting sig-
nificantly improved both structure and variety. As
a result, we adopted a few-shot format using four
curated examples per prompt to guide the model
toward generating coherent, contextually rich con-
versations.

All conversations were generated via the Ope-
nAI GPT-4 model (same version as noted earlier);
the generation parameters were set to a temper-
ature of 0.9 to encourage linguistic variation and
a max_tokens of 300 to keep outputs concise.

All prompts used in the generation process are
made available in the accompanying repository 1.

4. Dataset Analysis and Evaluation

4.1. Statistical Analysis
Table 2 summarizes key dataset statistics, dia-
logue act distributions, and emotion annotations.
The synthetic dataset comprises 256 multi-turn pa-
tient–agent conversations related to Type 2 Dia-
betes management, totaling 2,027 utterances and
52,019 tokens, with a vocabulary of 5,337 unique
word types. On average, each dialogue contains
7.9 utterances, demonstrating a moderately com-
plex interaction structure.

Dialogue acts were annotated using a method
consistent with the approach described by San-
tamaría et al. (Santamarıa et al., 2023), imple-
mented with the MIDAS dialogue act classifier (Yu
and Yu, 2019). Specifically, each utterance was
passed through a Transformers text classification
pipeline loading a MIDAS-based XLM-RoBERTa

model, and the top-ranked dialogue act label was
assigned. Analysis of dialogue acts reveals that
statements dominate (77.8%), followed by com-
ments (7.5%), opinions (7.3%), and positive an-
swers (2.8%). Commands and back-channeling
are less frequent, at 2.8% and 0.7% respectively.
This distribution reflects a dataset focused on in-
formation exchange and patient education, with
limited small-talk or filler content.

Emotion annotations were derived using the
same pipeline-based approach, this time loading
the GoEmotions BERT model (Demszky et al.,
2020) and selecting the top-ranked emotion label
per utterance. The results indicate that neutral ut-
terances are the most prevalent (785 instances),
followed by curiosity (432), gratitude (211), and ap-
proval (142). Negative emotions such as fear (33),
disappointment (11), and sadness (19) appear, but
are relatively rare. These results show that while
patient concerns are captured, the conversational
tone remains largely informative and supportive.

The dataset demonstrates high lexical diversity
with a type–token ratio (TTR) of 0.10 (5,337 unique
types over 52,019 tokens). Subjects are mostly
first- and second-person pronouns (“I”, “you”), align-
ing with the interactive nature of patient–agent di-
alogues. Frequent predicates include “be”, “try”,
“feel”, and “make”, indicating a strong focus on ad-
vice, recommendations, and patient states.

Utterance lengths vary substantially, with charac-
ter counts ranging from 37 to 352. However, most
responses fall within 80–150 characters, balanc-
ing naturalness and informativeness. Additionally,
there is minimal reliance on very short utterances
(e.g., “Yes”, “No”), which supports richer patient-
agent interactions.

Compared to the open-domain dialogue datasets
analyzed by Santamaría et al. (Santamarıa
et al., 2023) and discussed in Section 2, our
dataset differs substantially in domain specificity,
conversational structure, and interactional goals.
While open-domain resources often emphasize
personal perspectives, emotional variability, and
human–human social bonding, our dataset is
designed to simulate patient–agent interactions
focused on fact-based, medically accurate ex-
changes. Conversations are shorter than narrative-
rich corpora like PEDC (Eisenberg and Sheriff,
2020) but exhibit greater linguistic variation and
topical specificity than most task-oriented datasets.
This unique combination of healthcare-focused,
multi-turn dialogues with annotated emotional and
linguistic features makes the dataset well-suited
for training and evaluating conversational agents
in Type 2 Diabetes management, addressing limi-
tations in existing resources.
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4.2. Persona Evaluation
To ensure the generated personas were both re-
alistic and relevant for the diabetes care domain,
all profiles underwent a manual evaluation and re-
finement process in collaboration with domain ex-
perts—researchers working on diabetes lifestyle
support with a background in health communica-
tion and conversational AI. This review focused
on validating the coherence, plausibility, and rep-
resentativeness of each profile in relation to the
challenges faced by patients managing Type 2 Di-
abetes.

During the review, particular attention was given
to aligning personas with the broader healthcare
challenges motivating CHIP. For instance, initial ver-
sions of the generated biographies included several
well-off individuals with strong healthcare support
networks. To better reflect the systemic gaps that
CHIP aims to address, these profiles were revised
to incorporate traits such as financial hardship, lim-
ited access to care, and lower health or digital liter-
acy.

This expert-guided refinement ensured that each
persona embodied characteristics that would mean-
ingfully test the capacity of conversational agents to
respond to real-world complexities in patient com-
munication and care personalization. The final
set of personas thus captures a wide spectrum of
needs, barriers, and behaviors, making them a ro-
bust foundation for generating diverse and clinically
relevant synthetic dialogues.

4.3. Conversation Evaluation
To assess the linguistic quality of the conversa-
tions generated, we performed an LLM-based and
a human-based evaluation using a custom ques-
tionnaire. Both approaches focused on four core
dimensions of language quality: fluency, natural-
ness, clarity, and structure. These dimensions were
selected to reflect how effectively the dialogues sim-
ulate natural and coherent patient–agent commu-
nication.

4.3.1. LLM-based Evaluation

All 256 generated dialogues were included in the
LLM-based evaluation process following the G-Eval
framework (Liu et al., 2023). Each dialogue was
holistically assessed on each of the four criteria
mentioned above using GPT-4o 4. The model was
instructed to assign a probability distribution on a
5-point Likert scale (Likert, 1932) based on a de-
tailed rubric per dimension. Then, we computed
two key metrics from the outputs: 1. the expected
score: a weighted average representing the most
likely rating, and 2. the entropy: a measure of

4OpenAI gpt-4o (August 2025 release)

confidence (lower entropy indicating higher confi-
dence). To ensure reproducibility, the evaluation
was conducted with temperature set to 0.0, mak-
ing the process deterministic. Table 3 summarizes
the average scores and their variability (standard
deviations) across dialogues.

Dimension Avg. Score (±SD) Avg. Entropy (±SD)
Fluency 4.70 ± 0.14 0.64 ± 0.19
Naturalness 4.45 ± 0.09 0.91 ± 0.04
Clarity 4.47 ± 0.05 0.91 ± 0.02
Structure 4.14 ± 0.12 0.86 ± 0.10

Table 3: GPT-4o evaluation results showing mean
± SD of scores (1–5 scale) and entropy across 256
dialogues.

As shown in Table 3, the synthetic dialogues
achieved consistently high scores across all four
dimensions, with particularly strong performance in
fluency (4.70±0.14) and clarity (4.47±0.05). These
results suggest that the model consistently judged
the conversations as grammatically correct, clear,
and easy to follow. The small standard deviations
indicate that these high scores are uniform across
the 256 dialogues, especially for clarity, where the
dispersion is minimal (SD = 0.05). Naturalness
(4.45± 0.09) was also highly rated, indicating that
dialogues generally sounded realistic and conver-
sational, though with slightly more variation com-
pared to fluency. The relatively low entropy values
across all dimensions reflect stable and confident
model judgments. Structure received the lowest
score (4.14 ± 0.12), pointing to occasional weak-
nesses in how model responses were organized or
sequenced, which may offer room for future refine-
ment in prompt design or dialogue planning.

Dimension Agent Starter Patient Starter
Fluency (±SD) 4.70 ± 0.14 4.70 ± 0.14
Naturalness (±SD) 4.46 ± 0.10 4.45 ± 0.09
Clarity (±SD) 4.46 ± 0.05 4.48 ± 0.04
Structure (±SD) 4.13 ± 0.13 4.15 ± 0.09

Table 4: Evaluation scores (mean ± SD) by dia-
logue starter type.

Looking at dialogue initiation at Table 4, we found
no substantial difference in evaluation scores be-
tween agent- and patient-starting dialogues. Both
groups scored almost identically across fluency,
naturalness, and clarity. Patient-initiated dialogues
had slightly higher clarity and structure, though
the differences are marginal (≤0.02). Entropy val-
ues were also nearly identical, suggesting GPT-
4o’s confidence did not vary depending on the first
speaker. This indicates that our prompting setup
yielded consistent dialogue quality regardless of
turn-taking structure at the opening.
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A methodological consideration of this evaluation
setup is the potential for self-preference bias: since
the dialogues were generated by GPT-4 and evalu-
ated by GPT-4o (a model from the same family), the
evaluator may exhibit systematic leniency toward
outputs that conform to its own generation patterns
(Panickssery et al., 2024). To mitigate the impact of
this concern, we complement the LLM-based evalu-
ation with an independent human expert evaluation
(4.3.2), which may capture quality dimensions that
the LLM-based evaluation alone cannot.

4.3.2. Human-based Evaluation

To complement the LLM-based analysis, we
conducted a human study using our Synthetic
Patient-Agent Conversation Evaluation Question-
naire (SPACEQ), inspired by the Chatbot Usability
Questionnaire (CUQ) (Holmes et al., 2019). The
full questionnaire is available in the accompanying
repository 1. Although the LLM-based evaluation
was conducted over all 256 generated conversa-
tions, for the human evaluation, we selected 20
dialogues (covering all 16 persona profiles from
Table 1) to limit cognitive load while ensuring rep-
resentativeness.

Ten domain experts—researchers working on di-
abetes lifestyle support mostly affiliated with CHIP
or related projects in the medical field—were in-
structed to read each dialogue carefully and rate
it on a 5-point Likert scale (Likert, 1932) (1 = Very
Poor, 2 = Poor, 3 = Acceptable, 4 = Good, 5 = Ex-
cellent), with optional free-text remarks after each
item to capture explanations and qualitative feed-
back. The questionnaire content and rating rubric
mirror the language-level criteria used in the LLM-
based evaluation in Section 4.3.1, enabling a direct,
dimension-wise comparison between human judg-
ments and model-based scores.

Dimension Avg. Human Score (±SD) α
Fluency 4.65 ± 0.54 −0.035
Naturalness 3.95 ± 0.89 0.020
Clarity 4.48 ± 0.77 0.021
Structure 4.54 ± 0.66 0.050

Table 5: Human evaluation over 20 dialogues and
10 expert raters. For each dimension, we report
the mean and standard deviation (SD) across all
ratings, alongside inter-rater agreement using Krip-
pendorff’s α (ordinal).

As shown in Table 5, raters judged dialogues as
highly fluent (4.65 ± 0.54) and clear (4.48 ± 0.77),
but naturalness received the lowest score (3.95±
0.89). Higher standard deviations for naturalness
and clarity suggest greater variability, with some
dialogues considered realistic while others were
described as “too rigid” or “repetitive”. In contrast,

fluency showed lower variability, indicating stronger
agreement on grammatical correctness.

Inter-rater agreement was estimated with Krip-
pendorff’s α (ordinal) (Krippendorff, 2011) across
the 10 raters for the 20 conversations. The co-
efficients were close to zero, which at face value
would suggest poor agreement. However, this re-
sult should be interpreted in the context of a well-
documented statistical artifact: when ratings are
concentrated within a narrow range, reliability coef-
ficients such as Krippendorff’s α lose discriminative
power due to restricted variance (Gwet, 2014). In
our case, the vast majority of ratings fell between
4 and 5 on the 5-point scale, meaning that raters
broadly converged in judging dialogues as “Good”
or “Excellent”. The low α values therefore do not
indicate disagreement but rather reflect insufficient
rating dispersion for the coefficient to detect the
convergence that is evident in the raw score distri-
butions. Future evaluations could consider using a
finer-grained scale (e.g., 7- or 10-point) or percent
agreement metrics to better capture agreement un-
der ceiling conditions.

Rater comments provide additional context for
these results. For fluency, many notes recognized
positively the language as “smooth and grammati-
cally correct” and the explanations as “easy to fol-
low”. On the other hand, for naturalness, several
dialogues were described as templated or slightly
rigid. Specifically, raters described parts of the dia-
logue as “robotic”, “scripted” or “less natural” due
to frequent name repetition, abrupt topic shifts, or
judgmental phrasing in single turns (e.g., “Frequent
name repetition makes it sound less natural.”). For
clarity and structure, participants consistently ap-
preciated stepwise guidance and succinct, practical
advice, with positive remarks highlighting clear se-
quencing such as “first. . . then. . . next. . . ” and ap-
propriate escalation when needed, as in “suggest-
ing an appointment with a specialist when symp-
toms persist”. A few comments also pointed to tone,
endorsing supportive phrasing in many cases while
suggesting that some questions could be softened.
Overall, the human evaluation confirmed strong
linguistic quality, but identified naturalness as the
main area where improvement is needed.

5. Triple Extraction

Following conversation creation, we extracted Sub-
ject–Predicate–Object (SPO) triples 5 to provide
structured representations for enriching CHIP’s Do-
main Knowledge Graph.

5Here Subject-Predicate-Object do not represent syn-
tactic dependencies but rather semantic relations in the
Semantic Web paradigm.

177



5.1. Conversation Annotation
We frame conversational triple extraction (CTE)
as token-level sequence labeling followed by triple
assembly. Each token is annotated as Subject,
Predicate, Object, or other, allowing multiple tokens
per role and tokens participating in multiple triples.

Given medical content sensitivity, we used man-
ual annotation for validation (882 sentences) and
test sets (996 sentences), with automated methods
for the training set (2953 sentences). The schema
extracts semantically meaningful SPO triples from
patient utterances, while agent responses were ex-
cluded as their content is predefined in the system’s
knowledge base. The annotation schema was de-
veloped to be robust enough to handle special
cases, including passive voice, compound Subjects
and Predicates, subordinate clauses, and implied
elements. In addition to that, special rules were
applied to question-answer sequences to avoid re-
dundant labeling. For example, if an answer was
merely affirmative, only the question was anno-
tated; if the answer contained substantial informa-
tion, only the answer was annotated; if both con-
tributed relevant content, both were labeled. The
full annotation schema can be found in the accom-
panying repository 1.

Manual annotation was conducted using the IN-
CEpTION tool (Klie et al., 2018) with three linguistic
experts independently annotating a subset of the
data. Fleiss’ Kappa of 0.657 indicated substan-
tial agreement (Landis, 1977), with disagreements
resolved through majority voting and expert review.

For the training set, annotation was performed
automatically using structured prompting with GPT-
4o. We reused the annotation prompt from the man-
ual phase and applied a dynamic chunking strat-
egy to handle question-answer pairs appropriately.
The model was run at a low temperature (0.2)
to ensure consistency and max_tokens of 4096
(default) to avoid truncation in longer dialogues.
This approach allowed us to scale the annotation
process efficiently while maintaining alignment with
the manually labeled schema. The resulting corpus
includes 4831 annotated sentences in total.

5.2. Methods
We evaluated three complementary approaches
spanning symbolic baselines to state-of-the-art neu-
ral models, examining trade-offs between inter-
pretable rules, general-purpose LLM prompting,
and domain-adapted training. Rule-based syntac-
tic parsing uses a dependency parser to identify
predicates and attach Subjects/Objects, offering
interpretability but sensitivity to conversational vari-
ation. GPT-4o applies few-shot demonstrations at
temperature 0.2 without fine-tuning to test gen-
eralization. Fine-tuned BERT adapts bert-base-

Token-level (macro) Triple matching (F1)
System P R F1 Full Partial Subj Pred Obj
Rule-based 0.62 0.50 0.55 0.00 0.29 0.29 0.20 0.00
GPT-4o 0.72 0.65 0.68 0.35 0.64 0.58 0.43 0.43
BERT 0.73 0.63 0.67 0.26 0.50 0.47 0.39 0.32

Table 6: Token-level SPO classification and triple
matching results.

uncased (Devlin et al., 2019) with a linear token
classification head and Optuna-tuned hyperparam-
eters, achieving validation macro-F1 of 0.7563 at
learning rate 2.209× 10−5 and batch size 1.

5.3. Evaluation Metrics
We report macro-averaged precision, recall, and F1
at the token level, plus triple matching metrics: full
(all components match), partial (two components
match), and per-component matches (one com-
ponent match), accounting for informative partial
triples.

6. Discussion

Our evaluation reveals complementary strengths
when comparing LLM-based and human assess-
ments. Both consistently rated fluency and clar-
ity as strong, reflecting grammatically correct and
understandable dialogues. However, differences
emerged for naturalness and structure. GPT-4o as-
signed higher naturalness scores (4.45 vs. 3.95),
while human raters flagged repetitive phrasing, rigid
tone, and name overuse as reducing realism. Con-
versely, humans valued structure more (4.54 vs.
4.14), appreciating stepwise guidance and esca-
lation. Although inter-rater agreement coefficients
were low, this largely reflects ceiling effects: most
ratings clustered between 4 and 5, limiting variabil-
ity while still showing broad convergence that the
dialogues were judged as good or excellent.

Triple extraction experiments provide further in-
sights. As shown in Table 6, the rule-based ap-
proach while interpretable, struggled with conver-
sational variation and produced very low full match
scores (0.00). Both neural methods substantially
outperformed this baseline. GPT-4o achieved the
best token-level (F1 = 0.68) and triple-level results,
with strong partial match performance (0.64), cap-
turing meaningful fragments even when full triples
were incomplete. Fine-tuned BERT performed
slightly below GPT-4o overall (token-level F1 = 0.67;
partial match = 0.50) but showed robustness to
domain-specific patterns, demonstrating that do-
main adaptation benefits annotation style capture.
A common challenge across models was low full
match accuracy (GPT-4o = 0.35; BERT = 0.26),
underscoring the difficulty of aligning all three triple
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components consistently in conversational data.
When examining single-component matches, GPT-
4o achieved the strongest results across Subject
(0.58), Predicate (0.43), and Object (0.43), while
BERT followed closely, suggesting that both mod-
els can reliably identify individual components even
when full triple alignment is incomplete.

These results demonstrate that our synthetic
dataset is linguistically validated and effective for
benchmarking triple extraction, while highlighting
the need for hybrid strategies: LLM prompting of-
fers broad generalization, while domain-adapted
models capture contextual nuances more reliably.

7. Conclusion

This paper presented a methodology for generating
and annotating a synthetic conversational dataset
for Type 2 Diabetes management. Using demo-
graphically and medically grounded personas, we
produced 256 multi-turn dialogues incorporating
personalization, empathy, contextual awareness,
and medically accurate advice. The dataset was
enriched with Subject–Predicate–Object (SPO) an-
notations through manual expert labeling and auto-
mated LLM support, yielding 4831 annotated sen-
tences.

Our evaluation combined LLM-based scoring
and human expert judgments, confirming high lin-
guistic quality while identifying naturalness as the
main area for improvement. We benchmarked
three triple extraction approaches—rule-based syn-
tactic parsing, GPT-4o, and fine-tuned BERT with
a linear token classification head—with GPT-4o
achieving the strongest performance.

The dataset, annotation schema, and baseline
results provide a new resource for developing and
evaluating the knowledge extraction component of
Hybrid Intelligence systems such as CHIP, and a
reproducible benchmark for conversational triple
extraction in patient-centered agents.

8. Limitations

Our findings highlight important limitations of the
dataset itself. Patient turns tend to be well-formed
and elaborate, lacking the spelling errors, informal
phrasing, repairs, and fragmented utterances typi-
cal of real conversations. This may inflate fluency
and clarity scores while masking difficulties in han-
dling noisy input. Systems trained on this data may
therefore need additional adaptation to handle the
misalignments and ungrammatical constructions
that characterize authentic patient communication.

Moreover, although CHIP is intended for patients
in the Netherlands, the dataset was generated in
English rather than Dutch due to resource avail-
ability. This language choice facilitates evaluation

with widely available models but limits immediate
applicability to Dutch-speaking populations, where
additional adaptation and validation would be re-
quired.

Finally, the dataset has been evaluated intrinsi-
cally—through linguistic quality assessments and
triple extraction benchmarking—but has not yet
been tested as training data within a deployed dia-
logue system. A natural next step would be to eval-
uate whether models trained on this data improve
the accuracy of knowledge graph updates when
deployed within the full CHIP pipeline during real
or Wizard-of-Oz patient–agent interactions. This
falls outside the scope of this paper but remains an
important direction for future validation.

9. Ethics Statement

All dialogues used in this study were synthetically
generated using large language models (LLMs)
and do not contain any real patient information. No
personally identifiable data were used or collected
at any stage. The human evaluation involved volun-
tary participation of domain experts who provided
consent for their anonymized responses to be ana-
lyzed in aggregate form. The study complies with
the ethical principles of the participating institutions
and adheres to the data protection requirements of
the General Data Protection Regulation (GDPR).
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Abstract
Terminological simplification in patient information leaflets (PILs) is implemented through a variety of linguistic
strategies. Although these strategies help improve text comprehensibility, their overall impact remains limited. The
complexity of PILs is still influenced by multiple factors, including frequent cross-referential terminology, the presence
of subordinate clauses, lengthy sentences, and the use of domain-specific terms. This paper introduces I-MTS
(Italian Medical Term Simplification), the first resource specifically developed for medical term simplification in Italian.
I-MTS is designed to support research on lexical simplification and to facilitate the automatic adaptation of medical
texts for non-expert audiences, thereby enhancing the readability and accessibility of health information in Italian.
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1. Introduction

Promoting clear communication and facilitating ac-
cess to medical information are central objectives
in healthcare, as reflected in the Guideline on the
Readability of the Labelling and Package Leaflet of
Medicinal Products for Human Use issued by the
European Medicines Agency (EMA).1
In line with this, also the International Plain Lan-
guage Federation (IPLF) has developed guidance
to enhance healthcare communication through the
application of the ISO Plain Language Standard to
health information.2 Drawing on the widely adopted
definition of plain language, the guide outlines a set
of core principles designed to ensure that health
information is relevant, findable, clear, and usable
by patients and the public.
These efforts align with the broader aim of pro-
moting health literacy (Simonds, 1974), intended
as “the degree to which individuals and communi-
ties have the capacity to obtain, process, under-
stand, evaluate, and apply information needed to
make public health decisions that benefit the com-
munity" (Freedman et al., 2009). Thus, health liter-
acy - encompassing both individual and collective
dimensions - may play a central role in empowering
patients to make informed decisions and actively
participate in their own healthcare.
As an attempt to apply such indications to promote
health literacy and improve healthcare communi-
cation, and with the aim of mitigating the use of
medical jargon in patient information leaflets (PILs),
simplifications are incorporated into package insert
texts through a variety of linguistic strategies.

1EMA Guidelines - Revision 1, 12 January 2009
2IPLF - Clear Communication for Better Health

Examples3 of these strategies include paraphras-
tic or explicative reformulations such as colestipol
and colestiramina, described as medicines used to
reduce the intestinal absorption of fats, as well as
the use of clarifying parenthetical expressions such
as sexual desire (libido).
Although these strategies contribute to improving
text comprehensibility, their overall effect remains
limited, as several factors continue to contribute
to the complexity of PILs. Among these are the
presence of subordinate clauses and lengthy sen-
tences even in simplified texts, the inconsistency of
term simplification throughout the text, the frequent
use of cross-referential terminology - for example,
medicines belonging to the same group as Akineton
ampoules (anticholinergic drugs) - as well as the
coexistence of domain-specific terminology.
Indeed, simplification in PILs tends to operate lo-
cally, targeting specific lexical items or short appos-
itive phrases, while the overall lexical and syntactic
complexity of the text often remains unchanged.
Expressions such as quinolone antibiotics, used to
treat infections illustrate how specialized terminol-
ogy persists and how simplifications may rely on
non-nominal constructions that can still challenge
readers’ comprehension, even within otherwise sim-
plified contexts.
Thus, despite initiatives to promote health literacy
and improve healthcare communication, PILs often
remain overly complex, hindering patients’ full un-
derstanding and underscoring the need for system-
atic approaches to identify and model simplification
strategies at both the lexical and syntactic levels.

3In the examples, technical terms are underlined,
and simplified expressions are shown in italics. When
present, Italian examples are marked by quotation marks,
and English translations are provided in parentheses.
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To address these challenges, we introduce I-MTS
(Italian Medical Term Simplification), the first re-
source specifically developed for the simplification
of medical terminology in Italian. I-MTS has been
designed to support research on lexical simplifica-
tion and to facilitate the automatic adaptation of
medical texts for non-expert audiences, thereby en-
hancing the readability and accessibility of health
information in Italian.
The paper is structured as follows: Section 2 re-
views related work in the field, Section 3 details the
methodology employed at each stage, Section 4
presents an overview of the resulting linguistic re-
source, and Section 5 concludes with a discussion
of the findings and their limitations.

2. Related Work

Several studies have addressed the problem of
medical text simplification, exploring a range of
topics and languages, from the development of
simplified linguistic resources to the evaluation of
simplification strategies and user comprehension.
Among these, we highlight only a selection of the
most relevant contributions.
The development of linguistic resources address
both the identification of complex terminology and
the creation of parallel data for training and eval-
uation to support medical text simplification. In
this direction, some approaches aim to enhance
interpretability by generating explicit explanations
of specialized terms, for instance by leveraging se-
mantic type information and predefined connectors
to produce structured paraphrases (Kandula et al.,
2010). Other work concentrates on the systematic
identification of medical jargon in real-world texts,
combining Natural Language Processing (NLP)
models with the construction of expert-annotated
datasets, such as MedJ, a corpus of over 18,000
sentences from electronic health record (EHR)
notes designed to support research on jargon ex-
traction and readability enhancement (Kwon et al.,
2022). More recent efforts have moved towards
the development of parallel corpora specifically tai-
lored to simplification tasks, including resources
composed of manually simplified educational ma-
terials, as Simplified Digestive Cancer (SimpleDC)
(Rahman et al., 2024), to enable the investigation
of advanced simplification approaches based on
large language models, including fine-tuning, rein-
forcement learning, and prompt-based methods.
Alongside the development of linguistic resources,
a growing body of work has also addressed the eval-
uation of medical text simplification. In this context,
Devaraj et al. (2021) introduce a parallel corpus of
technical and lay summaries in English, covering
multiple clinical topics, and propose a novel eval-
uation metric based on likelihood scores derived

from masked language models pretrained on sci-
entific texts, thus providing an automatic approach
to assessing simplification quality.
Complementary approaches have investigated the
assessment and improvement of lexical complexity
in medical texts, with a particular focus on termi-
nology. For example, Abrahamsson et al. (2014)
adapt a method for estimating word difficulty in the
Swedish medical domain by combining frequency-
based measures with more fine-grained features,
such as substring frequency, in order to account for
language-specific phenomena like compounding
to identify and replace complex terms.
Similarly, other studies have explored the poten-
tial of existing consumer-oriented lexical resources,
evaluating both their coverage and their suitability
for simplifying specialized texts. In this line of work,
Qenam et al. (2017) examine the comprehensibility
and suitability of the Consumer Health Vocabulary
(CHV) in terms of its ability to support the simplifica-
tion of radiology reports, through analyses of lexical
similarity and content alignment between technical
terms and their preferred consumer equivalents.
Finally, Bala et al. (2020) investigate patient com-
prehension and perceptions of AI-generated simpli-
fied medical notes. Through comprehension ques-
tions and guided interviews, they assess perceived
benefits and concerns. This research is closely
related to the OpenNotes4 initiative, which began
as an effort to share medical notes with patients to
enhance understanding and engagement. While
OpenNotes has shown benefits in improving pa-
tient satisfaction and clinical outcomes, clinician
concerns about potential misunderstandings and
increased workload remain.

3. Methodology

Despite the limitations that PILs still present, they
constitute a valuable source of term simplifications
that can be leveraged to identify and extract simpli-
fied variants of technical terms for the development
of a domain-specific linguistic resource.
In line with this perspective, rather than generating
or manually validating simplifications, the present
study adopts a data-driven methodology to extract
real-world term-simplification (T-S) pairs as they
naturally occur in the context of PILs.
For this purpose, we select authoritative data re-
leased under an open license to model intralinguis-
tic equivalence between specialized terms and their
simplified counterparts, and to develop a structured
resource in which each T-S pair is enriched with
additional metadata, such as variant forms and se-
mantic classes.
The following subsections describe each step of
the methodology in detail.

4https://www.opennotes.org/
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3.1. Data Selection

AIFA5, the Italian Medicines Agency, follows Open
Data principles and distributes its resources under
a CC-BY 4.0 license. Its datasets include phar-
maceutical and "transparency lists"6, which pro-
vide comprehensive electronic inventories of drugs
with metadata such as active ingredient, packag-
ing, and Marketing Authorisation (MA) codes. AIFA
also maintains a public database7 containing all
summaries of product characteristics (SmPCs) and
PILs approved by AIFA or EMA.
Using the AIFA resources, Giordano and Di Buono
(2024) created the D-LeafIT corpus, formed by
1,819 Italian drug leaflets, of which 1,439 are for
generic drugs and 380 for Class A drugs. The D-
LeafIT corpus has served to evaluate the capability
of large language models to provide reliable drug
information to patients.
Subsequently, Manna et al. (2024) extracted a ran-
dom subset of 600 entries to develop the Drug In-
formation Mining in Italian (DIMMI) dataset as part
of CALAMITA (Attanasio et al., 2024; Nissim et al.,
2025), a shared task - sourced by a community
effort - to test the LM abilities in Italian, encompass-
ing several different type of tasks.
Besides, the commercial drug names and their cor-
respondent PILs raw text, DIMMI contains a manu-
ally annotated gold standard (GS) designed for the
shared-task evaluation. For each of the drug entry,
the DIMMI GS provides a list of entities present in
the related PIL, covering five classes: i) molecule;
ii) dosage; iii) drug interaction; iv) usage; and v)
side effects.
The DIMMI GS annotation was carried out by three
annotators, following detailed guidelines that pri-
marily addressed span detection rather than cate-
gory assignment, the latter being relatively straight-
forward. The final inter-annotator agreement (IAA)
reported in the paper indicates a good level of
agreement across all categories.
In particular, we focus on three of the five cate-
gories annotated for each entry in DIMMI GS: drug
interaction, side effects, and usage. This choice
is motivated by two considerations. First, as re-
ported by the authors, these categories achieved
the highest IAA scores in the annotation, measured
as average pairwise F1 for usage (0.68) and token-
level agreement percentage for drug interaction
(0.66) and side effect (0.78). Second, a random-
ized manual inspection of the data indicates that
these three categories exhibit the highest frequency
of terminological simplifications in PILs. The total
number of DIMMI GS not-unique entities for the
three selected categories are 49,016 (Table 1).

5AIFA - Homepage
6AIFA - Pharmaceutical and Transparency Lists
7AIFA - Banca Dati Farmaci

3.2. Intralinguistic Equivalence
Modelling

Specifically designed to evaluate the ability of lan-
guage models to answer targeted questions about
drugs in Italian extracting information from PILs,
the DIMMI GS annotation does not provide an ex-
plicit distinction between technical terms and their
simplified variants.
Furthermore, as information in PILs are presented
with an uneven level of details, different annotation
choices regarding the levels of conceptual granular-
ity across categories have been adopted in DIMMI
(Manna et al., 2024).
In general, the minimal-span principle and the most-
specific-concept principle are applied. For example,
in "meningite criptococcica (un’infezione micotica
del cervello)" (cryptococcal meningitis (a fungal in-
fection of the brain)), only the most specific term,
meningite criptococcica, is annotated.
In other cases, when only generic conceptual en-
tities are presented, e.g., "antibiotici" (antibiotics),
the information-preservation principle is applied.
As a result, the list of entities in the DIMMI GS
may include both specialized terms and their simpli-
fied counterparts, annotated as two distinct entities.
This implies that the intralinguistic equivalence be-
tween a term and its corresponding simplification,
when present in a PIL, is not fully preserved.
To restore the equivalence between specialized
terms and their simplified counterparts, we adopt a
methodology similar to the one proposed by Sper-
anza et al. (2021), which relies on the use of appos-
itives to extract term simplifications in the Cultural
Heritage domain.
Due to their semi-fixed syntactic patterns and high
degree of semantic transparency, appositive con-
structions can be used as reliable linguistic in-
dicators of simplified language (Speranza et al.,
2021). Syntactic constructions of appositives, usu-
ally marked with the presence of brackets, commas,
and hyphens, can be systematically described and
exploited to identify the term and its corresponding
simplified reference.
Although the apposition-based extraction method
could, in principle, be applied to raw texts indepen-
dently of a predefined list of entities, we deliberately
anchor the process to the entities already anno-
tated in the DIMMI GS. This choice allows us to
(i) preserve and fully exploit the manual annota-
tions available in DIMMI; (ii) reduce the potential
noise in the apposition-based extraction of simpli-
fications; (iii) ensure methodological consistency
and comparability with the existing resource.

Apposition Extraction Before proceeding with
apposition extraction, we examined the target enti-
ties in the DIMMI GS to identify entries that already
contained parenthetical content. These cases re-
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flect annotation variability, specifically instances
in which entities were not annotated according to
the minimal-span and most-specific-concept guide-
lines. Such variability can be attributed to the afore-
mentioned challenges in span definition, which are
also reflected in the IAA scores. We found that the
annotated entities presenting a parenthetical con-
tent are about 19,90% of the total annotated entities,
with a variability among categories (see Table 1).
These entities undergo a cleaning procedure aimed
at identifying and removing potential annotation in-
consistencies. We evaluate them according to two
criteria: (i) the entry must not begin with a punc-
tuation mark; and (ii) its syntactic structure must
correspond to that of a well-formed noun phrase in
Italian. The former is implemented through regular
expressions designed to detect leading punctuation
characters and ten entries are removed. The latter
is assessed via automatic part-of-speech (POS)
tagging, by verifying that the internal structure of
each span conforms to a well-formed Italian noun
phrase pattern. Entries beginning with a preposi-
tion - an invalid structure for Italian noun phrases -
are excluded (157 entities).

Violations of these criteria are interpreted as evi-
dence of incomplete span annotation, suggesting
that relevant elements of the entity are missing.
Since such cases may compromise the reliability
and consistency of subsequent analyses, these en-
tities are excluded from further processing. The
total number of retained entities is presented in Ta-
ble 1.
For DIMMI GS entities without an annotated paren-

Category + Par. [Ret.] - Par. Total
Drug Int. 979 [834] 9,690 10,669
Side Eff. 8,268 [7,149] 27,985 36,253
Usage 508 [414] 1,586 2,094
Total 9,755 [8,397] 39,261 49,016

Table 1: Number of DIMMI entities with (+ Par.)
parenthetical content total and retained [Ret.] and
without (- Par.) parenthetical content per each cat-
egory

thetical content, concordance searches were con-
ducted in the DIMMI PIL corpus using a context
window that dynamically adapted to each occur-
rence. The inclusion of an entity and its surround-
ing content was guided by the presence or absence
of parentheses, ensuring that the context captured
was appropriate for the structure of each instance.
In the absence of specific guidelines governing the
simplification process, intralinguistic equivalence in
PILs may be realized through appositive structures
that vary in the order of their components and/or in
the markers used to signal simplification.
For instance, an equivalence between the term
"acufene" (tinnitus) and the simplification "ronzio

alle orecchie" (ringing in the ears) can be realized
differently within different texts, as in the examples
below.

"ronzio alle orecchie (acufene)"
"acufene (ronzio alle orecchie)"

To account for such structural variation in apposi-
tive constructions, we employ regular expressions
to model the possible combinatorial patterns involv-
ing the targeted DIMMI entities.
Since not all PILs provide simplifications for every
term, some of the entities in the selected class from
the DIMMI GS may not belong to a T-S pair within
a given text. To exclude these standalone entities
from the analysis, entries that did not display mark-
ers of appositive constructions in their context were
removed.
By verifying the presence of appositive structures,
we were able to identify entities that qualify as can-
didates for inclusion in a T-S pair and to extract
them, together with their appositive counterparts,
from the unstructured texts in which they occur.
The total numbers of T-S pairs resulting from this
step is presented in Table 2.

Pair Filtering The extracted appositive compo-
nents do not always instantiate an intralinguistic
equivalence by providing a simplified version of the
target term. Instead, they may realize other types
of semantic relations.
For example, in "traumi (ad esempio causati dallo
sport)" [injuries (e.g., sports-related)], the paren-
thetical content has an illustrative function and does
not introduce a semantic equivalence through a
distinct, reusable concept. As such cases do not
qualify as T-S pairs, candidate entities have been
filtered on the basis of the semantic relations they
encode.
Given that medical language is highly specialized
and is characterized by recurrent structural patterns
and domain-specific lexical usage, we define some
selection criteria to filter out appositive elements
that do not correspond to term simplifications from
the list of candidate pairs.
Syntactic and lexical constraints are applied to
identify the semantic relation existing between
the term and the second component in the can-
didate pairs. In particular, we exclude appositive-
construction pairs in which the parenthetical seg-
ment encodes relations other than intralinguistic
equivalence. These cases include:

• Coordinated structures introduced by simple
coordinating conjunctions: copulative ("e",
and, "né", nor), expressing additive coordina-
tion; adversative ("ma", but), expressing con-
trast; disjunctive ("o", or), expressing alterna-
tion or exclusion; as well as complex conjunc-
tions (e.g., "anche se", even if).
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• Non-complement subordinate clauses (i.e., ad-
verbial or peripheral clauses), which function
as clause-level adjuncts and encode semantic
relations external to the argument structure of
the main clause. These include: (a) temporal
("quando / mentre / finché / dopo che / prima
che"); (b) causal ("perché 7 poiché / siccome");
(c) purpose ("perché / affinché"); (d) conces-
sive ("sebbene / benché"); (e) conditional
("se / qualora / purché"); (f) result/consecutive
("così. . . che / a tal punto che"); (g) compara-
tive "(più/meno [. . . ] che, tanto [. . . ] quanto");
(h) limitative/exceptive ("a meno che / per
quanto").

• Adverbial phrases introduced by exemplifica-
tory markers such as "per esempio" or "ad es-
empio" (for example), which signal illustrative
expansion rather than reformulation or equiva-
lence.

• Prepositional phrases functioning as clausal-
or event-level adjuncts. However, when such
phrases contribute to intra-domain explicita-
tion rather than circumstantial modification -
by encoding conceptual specification, referen-
tial restriction, or therapeutic indication (e.g.,
anatomical specification or functional purpose)
- they are retained. These phrases are typically
signalled in Italian through the use of "per"
and articulated forms of "di" (e.g., "del / della /
dello").

We retain prepositional phrases when they instan-
tiate domain-conventionalized relational patterns
between ontological classes (e.g., drug interac-
tion, usage). In such cases, the phrase encodes
concept-level relational specification (e.g., thera-
peutic indication, anatomical localization) rather
than event-level circumstantial modification.
The inclusion criterion is therefore based on the se-
mantic class of the head noun and the ontological
type of the complement, rather than on the prepo-
sition per se.
The criteria emerged from iterative corpus anal-
ysis and were subsequently operationalized as
rule-based filters, combining data-driven general-
izations with independently established morphosyn-
tactic constraints of Italian. The number of pairs
retained after the filtering phase is presented in
Table 2.

Term-Simplification Alignment With the excep-
tion of retained prepositional phrases, which trans-
parently encode simplification directionality, struc-
tural variation in appositive constructions prevents
automatic identification of term vs. simplification
within T-S pairs. Intralinguistic equivalence does
not by itself determine role assignment. A dedi-
cated reconciliation step is therefore introduced to

align pair components and resolve directionality.
To differentiate entities representing technical terms
from those representing simplifications, ensuring
terminological validity and avoiding arbitrary term
selection, T-S pair component were cross-checked
against an external authoritative clinical reference
(the Italian MSD Manual - Professional version8).
The MSD Manual provides several resources in-
cluding tables that report information about dis-
eases and other topics. The MSD section headings
and table titles were consulted for coverage verifica-
tion9. These labels were subsequently normalized,
lemmatized, and stripped of descriptive modifiers
before comparison with our data. The resulting list
constitutes our internal lexical benchmark suitable
to identify the technical term within each T-S pair.
A total of 1005 headings were examined, of which
589 corresponded to identifiable disease-related
terms after normalization.
To account for the other entries in our T-S pair list
we use the Wikipedia list for the "Farmaci secondo
la funzione" (medication classified for function) cat-
egory10. The category tree, comprising 162 unique
terms, was retrieved and subsequently applied to
verify our entries. To identify further terms related
to anatomy concepts, we relied on an external en-
cyclopedic list available online, which is one of the
few such resources and originates from a private
hospital website11.
The pair items that we were not able to check
against an authorative source have been dis-
missed.
The number of pairs retained after the T-S align-
ment phase is presented in Table 2.

Data Drug_Int. Side_Eff. Usage Tot.
DIMMI 10,669 36,253 2,094 49,016
AE 3,122 9,851 691 13,609
PF 1,952 5,275 477 7,704
TSA 960 2,502 263 3,726

Table 2: Number of entities for the selected cate-
gories presented for each step of the intra-linguistic
equivalence modelling: Apposition Extraction (AE);
Pair Filtering (PF); Term-Simplification Alignment
(TSA)

8Manuale MSD - Versione per i professionisti
9For the sake of methodological transparency, no ex-

pressive or structural elements of the source were reused,
nor was any portion of the original database reproduced
or redistributed. The resulting resource relies exclusively
on independently curated data, enriched with original
metadata and classification criteria.

10Wiki category list
11Gavazzeni website
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3.3. Final Reconciliation

After identifying the technical term within each T-S
pair using an external resources, all entries were
processed through a final reconciliation procedure
to systematically reconcile morphological, ortho-
graphic, and simplification variations while preserv-
ing functional distinctions.
First, we investigated instances of partial simplifi-
cations. By partial simplification, we refer to cases
in which the simplification is only partially realized,
with the noun phrase head expected in the simpli-
fied form being absent. As a result, partial sim-
plifications are typically realized as prepositional
phrases (e.g., (allo stomaco)) or adjective phrases
rather than full noun phrases. As final step of
the final reconciliation, prepositional- and adjective-
phrase simplifications were completed where pos-
sible, allowing for a consistent representation of
simplifications while retaining distinctions critical to
downstream analyses.
Then, inflection-aware consolidation was per-
formed: singular and plural forms were initially re-
tained to capture maximal surface form variability
and to account for differences in the paired simplifi-
cation component. Lemma-level grouping was then
applied to reduce purely inflectional redundancy
without collapsing semantically or functionally dis-
tinct TS mappings.
Next, a surface-level normalization step addressed
orthographic and capitalization variants, ensuring
harmonization of superficial differences.
A final grouping and cleaning procedures are per-
formed to remove duplicates, irrelevant entries, and
formatting inconsistencies.
This multi-step procedure ensured that morpho-
logical, orthographic, and simplification variations
were systematically reconciled, while maintaining
the structural and functional integrity of each T–S
pair. The number of pairs retained after the final
reconciliation phase is presented in Table 3.

3.4. Semantic Classification

Finally, semantic classification organizes the terms
into predefined categories, facilitating downstream
analysis and evaluation. This systematic post-
processing ensures the quality, accuracy, and us-
ability of the extracted data for subsequent tasks.
DIMMI annotation labels are directly derived from
the titles of PIL sections. To support a more general
and reusable annotation scheme for NLP and lan-
guage modeling in Italian, we map these labels onto
a smaller set of more general semantic classes, us-
ing the classification derived from the term control
lists. Specifically, most of the entries classified as
drug interaction in DIMMI GS are retrieved from
the Wiki control list, as this section predominantly

refers to interactions between drugs12, and mapped
to medication.

Similarly, entries in the usage class were re-
trieved from the disease control list and mapped to
disease, as the corresponding section typically
describes the medical conditions for which the drug
is prescribed. Finally, we introduce the general
class body_part, derived from the anatomy con-
cept list. Unlike other mappings, this class is not
tied to a single PIL section, as references to anatom-
ical entities occur across different sections, most
notably in side effects.
The introduction of this class reflects a shift from
section-based labels to concept-based categories:
entities denoting anatomical structures are grouped
together regardless of their textual location, en-
suring greater semantic consistency across the
dataset.

4. I-MTS Overview

I-MTS (Italian Medical Term Simplification) is the
first open-data resource specifically designed for
the simplification of medical terminology in Italian13.
It has been developed to support research on lex-
ical simplification and to facilitate the automatic
adaptation of medical texts for non-expert audi-
ences, thereby improving the readability and ac-
cessibility of health information. The resource com-
prises 1356 T-S pairs in total14 (Table 3).

Category # Entries
Disease 956
Medication 312
Body_Part 88
Total 1356

Table 3: Number of I-MTS pairs for Disease, Medi-
cation, Body Part Classes

Each entry in I-MTS is structured to include differ-
ent types of lexical and semantic information (Table
4). For each entry, the resource includes: (i) a clas-
sification into three classes (CLASS) (i.e., Disease,
Medication, and Body Part); (ii) available term vari-
ants (VAR), such as orthographic variations (e.g.,
"sindrome di Stevens Johnson" and "sindrome di
Stevens-Johnson") or linguistic variants (e.g., "in-
farto del miocardio" and "infarto miocardico"), and
linguistic borrowings or Latin-based forms, e.g., "mi-
astenia gravis"; (iii) hierarchical subtypes (TYPE

12While drugs may also interact with nutraceuticals,
such cases are relatively rare in the DIMMI GS.

13https://github.com/banshee44/I-MTS
14It is worth stressing that the total number of final

entries exceeds that of the control lists. This reflects the
fact that our resource captures multiple contextualized
or variant forms of a concept, whereas the control lists
provide a more limited, canonical representation.
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CLASS TERM TYPE OF VAR SIMPL.
Disease Ulcera N/A N/A Lesione
Disease Ulcera esofagea Ulcera N/A Lesione della parete interna dell’esofago
Medication Inibitori della cox-2 Inibitori N/A Medicinali che riducono l’infiammazione
Body Part Uretra N/A N/A Tubo che trasporta l’urina dalla vescica

Table 4: Examples of I-MTS entries

OF) are specified. These are identified through the
partial overlap of multi-word terms with single terms,
when this involves the head of the compound, e.g.,
"ulcera esofagea" and "ulcera boccale" are classi-
fied as subtypes of "ulcera".
Finally, all corresponding simplifications for each
term are provided, resulting from the consolidation
of the different variants attested across PILs, where
the same term may be simplified in different ways.

5. Conclusions and Future Work

The current version of I-MTS represents an initial
step toward the development of a richer and more
informative resource for the simplification of medi-
cal terminology in Italian. Given the breadth of the
medical domain, further efforts will be required to
extend coverage to specific subdomains. Never-
theless, even in its present form, the resource can
contribute to improving patients’ health literacy.
At the same time, the resource remains prelimi-
nary and data-driven, as it is based on the sys-
tematic collection of existing simplifications rather
than on validated or experimentally tested strate-
gies. No quantitative measures of readability or
comprehension have been computed, nor have
user studies or formal validations against a gold
standard been conducted. In addition, the dataset
does not include measures of annotation consis-
tency or inter-annotator agreement, and it does not
aim to exhaustively capture all relevant linguistic
phenomena. As such, it should be regarded as an
exploratory and illustrative resource.
Despite these limitations, the dataset provides a
useful foundation for future research. Although the
present study does not include a systematic anal-
ysis of simplification strategies, the collected data
can support the identification of recurring patterns,
as well as the training, evaluation, and fine-tuning
of language models for domain-specific text simpli-
fication. By aggregating and organizing real-world
simplifications, I-MTS offers a data-driven basis for
the development of more consistent and potentially
consensus-driven approaches to medical text sim-
plification.
Future work will focus on expanding the resource
through the inclusion of additional patient informa-
tion leaflets, formalizing annotation layers aligned
with standardized classification systems to improve
interoperability, and providing a systematic de-

scription of the simplification strategies employed.
These efforts aim to enhance the resource’s utility
for both NLP applications and the development of
consistent, evidence-based approaches to medical
text simplification.
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Abstract
Cochrane systematic reviews evaluate the effectiveness and safety of medical interventions. Patients can benefit
from clinicians’ integration of outcomes of these reviews into their daily practices. However, systematic reviews are
usually long documents; even their abstracts can extend to 1000 words, making rapid appraisal challenging for busy
health professionals. Large language models (LLMs) offer potential to further distil these abstracts. Nevertheless,
generating high-quality, clinician-oriented summaries in this context is non-trivial. They must comprehensively
cover the original abstract, while remaining accurate and professionally acceptable, i.e., retaining all clinically
important details. To address this challenge, we have developed a novel dataset, PsycSumEval, comprising
summaries generated by four different LLMs for 115 Cochrane abstracts concerning mental health. Psychiatrists
evaluated each summary across nine content dimensions, assigning scores and providing free-text justifications
that highlight inaccuracies and missing details. The corpus provides fine-grained insight into how psychiatrists
assess professional acceptability of compressed medical evidence. Rather than treating agreement as a merely
statistical endpoint, we capture structured expert judgments alongside their rationales, enabling transparent
analysis of where professional norms are stable and where interpretive latitude persists. We contribute both a
rigorous evaluation dataset and an explicit model of expert acceptability criteria for medical evidence summarisation.

Keywords: Systematic Reviews, Summarisation, Evaluation Framework, Large Language Models

1. Introduction

Systematic reviews are the cornerstone of
evidence-based medicine (Higgins et al., 2024;
Antes et al., 2022; Dickersin et al., 1994; Chalmers
and Altman, 1995; Needleman, 2002). By iden-
tifying, appraising and synthesising data from
multiple trials and observational studies, such
reviews provide reliable overviews of the advan-
tages and disadvantages of medical interventions.
These overviews can benefit patients, e.g., by
allowing clinicians to integrate the latest research
findings into their daily practices, or to support the
development of clinical practice guidelines aimed
at optimising patient care (Morton et al., 2011).

Since the complex nature of the review pro-
cess results in long documents, busy health profes-
sionals may rely on the accompanying abstracts
to acquire an understanding of the most impor-
tant aspects of the review (Tsou and Treadwell,
2016). Past concerns about poor quality abstracts
(Beller et al., 2011) were part of the motivation be-
hind the development of the now widely-endorsed
PRISMA guidelines (Liberati et al., 2009; Page
et al., 2021a,b), which aim to ensure quality and
consistency in systematic reviews of healthcare in-
terventions. A dedicated checklist for abstracts
(PRISMA-A) (Beller et al., 2013) aims to ensure

that the abstracts of such reviews can stand alone
in presenting a clear and truthful account of the re-
search. Particular journals or organisations may
extend PRISMA-A with their own requirements,
e.g., Cochrane systematic reviews must supple-
ment results with assessments of evidence cer-
tainty (Antes et al., 2022).

The introduction of PRISMA-A has resulted in a
steady increase in the median length of Cochrane
abstracts, rising from 353 words in 2000 to 838
words in 2022 (Helbach et al., 2023b). How-
ever, evidence that guideline compliance can
be achieved using far fewer words (Helbach
et al., 2023a; Maticic et al., 2019) suggests that
Cochrane abstracts could be further compressed,
without sacrificing vital details. This would be espe-
cially beneficial for busy health professionals seek-
ing rapid appraisal of multiple reviews.

Given the large amount of research into their
use for biomedical text summarisation (Xie et al.,
2023; Huang et al., 2025), large language models
(LLMs) constitute an attractive option to produce
summaries of Cochrane abstracts automatically.
Indeed, previous work has investigated the LLM-
driven generation of plain language summaries of
these abstracts for non-expert readers (Devane
et al., 2026; Arias-Russi et al., 2025a,b). Here, we
are concerned with a different task, i.e., evaluat-
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ing the suitability of LLMs to produce compressed
summaries of Cochrane abstracts that remain suit-
able for healthcare professionals. To support crit-
ical decision making, such summaries must meet
quality and acceptability criteria:

1. A high degree of accuracy/factual correct-
ness. Hallucination remains one of the
most significant issues in LLM-generated text
(Zhang et al., 2025), and has the potential
to cause significant harm in clinical decision
making scenarios (Tang et al., 2023)

2. Compliance with key aspects of PRISMA-
A and Cochrane guidelines, to ensure ade-
quate coverage of relevant aspects of the sys-
tematic review.

3. Professional acceptability, meaning that
compressed summaries must preserve clini-
cally salient details required by experts.

Existing automated evaluation metrics (e.g., Lin
(2004); Papineni et al. (2002); Lavie and Agarwal
(2007); Zhang et al. (2019)) are insufficient to as-
sess compliance with the above criteria, since they
can only judge similarity between LLM-generated
and gold-standard summaries at a general level.
This motivates the development of more fine-
grained and clinically-informed evaluation frame-
works (Huang et al., 2025). While there is promis-
ing evidence in the general domain that LLMs
could themselves replace humans as effective
evaluators (Zheng et al., 2023; Dubois et al., 2024),
this success does not yet extend to assessing med-
ical evidence summaries automatically (Vasilev
et al., 2026; Zhang et al., 2024; Joseph et al.,
2024). Accordingly, human involvement in apply-
ing these frameworks remains irreplaceable.

We have thus developed a novel framework tai-
lored to the evaluation of automatically-generated,
expert-oriented summaries of Cochrane system-
atic review abstracts. The framework has subse-
quently been used to assess summaries gener-
ated by four different LLMs for 115 Cochrane ab-
stracts in the mental health domain (i.e., a total 460
LLM-generated summaries). Evaluation was per-
formed by two psychiatrists to ensure acceptabil-
ity from a professional perspective. The assess-
ment of each summary involves recording up to
four pieces of information for each of nine different
content dimensions, which are based on key re-
quirements of the PRISMA-A and Cochrane hand-
book guidelines (Higgins et al., 2024).

2. Related Work

2.1. LLM-Generated Summaries in
Biomedical and Clinical Domains

LLMs have demonstrated strong performance
across a range of natural language processing
tasks (Qin et al., 2024), including summarisation
in the biomedical (Xie et al., 2023; Huang et al.,
2025) and clinical (Bednarczyk et al., 2025) do-
mains. Indeed, there is evidence that LLMs can
sometimes outperform humans in accurately sum-
marising medical evidence (Van Veen et al., 2024;
Tang et al., 2023). Nevertheless, several con-
cerns remain regarding the reliability of these sum-
maries. Hallucination, i.e., the fabrication of details
not present in the source text, remains a signifi-
cant issue (Zhang et al., 2025). Biomedical and
clinical summarisation pose additional challenges:
many LLMs lack deep familiarity with specialised
terminology and clinical concepts used in these do-
mains (Huang et al., 2025), and even fine-tuned
models can struggle to produce output that is suf-
ficiently faithful and accurate (Zhang et al., 2024).

The risks become particularly acute in clinical
decision-making contexts, where even seemingly
small errors in the generated output could mislead
readers, with potentially serious consequences
(Kirmani et al., 2024; Jose et al., 2024). Tang
et al. (2023) defined harmfulness as the potential
for a generated summary to cause physical or psy-
chological harm, or inappropriate changes in ther-
apy, due to misinterpretation. Harmfulness in med-
ical evidence summaries was primarily attributed
to insufficient comprehensiveness (e.g., omission
of Population, Intervention, Comparison, Outcome
(PICO) elements (Richardson et al., 1995)) or
to misinterpretation errors, including certainty il-
lusions. These correspond to errors in the de-
gree of certainty expressed towards particular find-
ings, which could cause readers to under- or over-
estimate their significance.

2.2. Automated Summary Evaluation
The high-stakes nature of LLM-generated medi-
cal summaries demands robust evaluation mea-
sures. Although general automated metrics (e.g.,
Lin (2004); Papineni et al. (2002); Lavie and Agar-
wal (2007); Zhang et al. (2019)) may suffice in non-
critical scenarios, e.g., plain language summaries
for non-experts (Arias-Russi et al., 2025a,b), they
are inadequate for assessing compliance with clin-
ically detailed criteria. Prior work demonstrates a
failure of these metrics to reliably detect factual
errors, hallucinations and harmfulness in medical
summaries (Tang et al., 2023; Vasilev et al., 2025).

Such limitations motivate the development of
domain-specific evaluation methods that explicitly
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address terminological accuracy and clinical risk
(Huang et al., 2025). While such frameworks are
usually applied manually, there is growing inter-
est in automation. The LLM-as-judge paradigm
(Zheng et al., 2023) uses LLMs to evaluate model
outputs across flexible criteria at lower cost and
more efficiently than human application (Yu, 2025).
Although promising in general domains (Zheng
et al., 2023; Dubois et al., 2024), the effectiveness
of this approach in detecting factual errors and
hallucinations in medical summaries remains lim-
ited, particularly at the full-summary level (Vasilev
et al., 2026; Zhang et al., 2024). However, LLM
judges that evaluate finer-grained domain-specific
aspects (e.g., PICO elements, side effects or med-
ications) show stronger correlation with human
judgments (Chu et al., 2025; Gero et al., 2024).

2.3. Human-Annotated Datasets
Although LLM-based evaluation of medical sum-
maries remains imperfect, fine-tuning judge mod-
els on high-quality human-annotated data is a
promising direction (Kim et al., 2023; Huang et al.,
2025). Recent efforts to produce suitable datasets
include Luo et al. (2024), Joseph et al. (2024) and
Chu et al. (2025), which evaluate LLM-generated
medical evidence summaries along multiple di-
mensions. These include a mixture of structural
sections (e.g., Objectives and Findings) and spe-
cific content elements, such as PICO components,
treatments and their effects, assessed through
graded evaluation of aspects such as factuality,
completeness and conciseness.

Joseph et al. (2024) further required evaluators
to justify their scores through free-text rationales.
These can support the development of explainable
LLM judges, capable of articulating the basis for
their evaluations. As base LLMs were found to
generate weak explanations, human-authored ra-
tionales provide valuable supervisory data to im-
prove evaluative reasoning. These higher-quality
critiques may also support iterative refinement of
generated summaries (Saunders et al., 2022).

3. Methods

3.1. Evaluation Framework
Existing evaluation frameworks for medical sum-
marisation provide useful foundations, but do
not fully address the requirements of assess-
ing professionally-oriented systematic review sum-
maries. To bridge this gap, we have developed
a structured evaluation framework aligned with as-
pects of the PRISMA-A and Cochrane guidelines.
The design of the framework targets the assess-
ment not only of factual accuracy, but also of pro-

fessional acceptability in compressed summaries
intended for healthcare decision makers.

Each summary is evaluated across nine differ-
ent dimensions reflecting key structural and evi-
dential components of systematic review abstracts.
For each dimension, evaluators assign a single or-
dinal score capturing factual adequacy and profes-
sional suitability. Certain dimensions with identi-
fied deficiencies additionally require the specifica-
tion of the type of corrective action that would be
needed to achieve content acceptability (i.e., add,
remove or modify). This information enables a sys-
tematic analysis of common error types.

To ensure interpretability and traceability of er-
rors (Kambhamettu et al., 2025; Xie et al., 2024),
non-maximal scores require erroneous content in
generated summaries to be linked to correspond-
ing evidence in the source abstract. Specifically,
problematic sentences in the summary are iden-
tified at the dimension level, while accompanying
dimension-specific rationales explain the issues.

The nine evaluation dimensions are outlined be-
low, with scoring details provided in Table 1. Ap-
pendix A provides an example of how the evalua-
tion scheme is applied to a specific summary.

Dimensions 1–4: PICO elements. PRISMA-A
guidelines require systematic review abstracts to
specify study objectives in terms of PICO elements
(see Table 2). Since Tang et al. (2023) identified
missing PICO details as a source of harmfulness
in LLM-generated medical summaries, we evalu-
ate Population, Intervention, Comparator and Out-
come elements as separate dimensions.

Dimensions 5–7: Methodology, Main Find-
ings and Conclusions. These reflect PRISMA-
A requirements that abstracts should report study
methods, key findings and a concluding interpreta-
tion, including possible limitations.

Dimension 8: Quality of Evidence. The
Cochrane handbook specifies that evidence syn-
theses should report a GRADE assessment of evi-
dence quality/certainty (Balshem et al., 2011), i.e.,
high, moderate, low or very low. This dimension
assesses whether the generated summary accu-
rately reflects the quality of evidence reported in
the original abstract.

Dimension 9: Currency. PRISMA-A requires
abstracts to report when information sources were
last searched. This dimension evaluates whether
the generated summary correctly represents the
search date(s) specified in the abstract.

3.2. Data Source
Our evaluation corpus, which we name Psyc-
SumEval, was constructed using the abstracts
of 115 randomly selected, publicly available
Cochrane systematic reviews in the mental health
domain. Reviews were sampled from the
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Dimension Scoring scheme and criteria
PICO elements (Population, In-
tervention, Comparator, Out-
come)

0 = missing; 1 = partially correct or inaccurate; 2 = accurate and
complete. Rationale required for 0/1.

Quality of Evidence 0 = inconsistent with abstract or only partially reported; 1 = con-
sistent with abstract (both present or both absent). Rationale re-
quired for 0.

Main Findings 0 = missing; 1 = partial/inaccurate; 2 = accurate. Experts also
specify corrective action: add, remove, modify or none. Rationale
required for 0/1

Methodology Same 0–2 scale and corrective action scheme as Main Findings.
Conclusions Same 0–2 scale and corrective action scheme as Main Findings.
Currency 0 = date inaccurate or omitted; 1 = date accurate; “No date re-

ported” = absent in both abstract and summary.

Table 1: Rubric used to evaluate LLM-generated summaries

PICO Element Description Examples
Population Characteristics of trial participants (e.g, de-

mographics, medical condition(s))
Adult (19–44 years), Schizophrenia

Intervention Active treatment assessed for efficacy Family Therapy, Relapse Prevention
Comparator Alternative treatment against which the in-

tervention is compared
Usual care

Outcome Measures used to determine trial results Hospital admission, Quality of life

Table 2: Descriptions and examples of PICO elements

Cochrane Library1, to ensure diversity of interven-
tions and populations. No patient-level or individ-
ual trial data were included.

3.3. Summary Generation
For each of the 115 abstracts, a prompt designed
to encourage the generation of a compressed sum-
mary compliant with key PRISMA-A and Cochrane
guidelines (see Figure 1) was issued to four dif-
ferent LLMs, i.e., GPT-4o (OpenAI, 2024a), GPT-
4o-mini (OpenAI, 2024b), Claude Opus (Anthropic,
2024) and LLaMA-3.1-70B-Instruct (Meta, 2024).
No content beyond the abstract itself was provided
to the models. This yielded 460 summaries, each
of which evaluated by one of the two psychiatrists
using the framework described above.

3.4. Evaluation of Professional
Judgement Stability

The primary evaluation phase was followed by a
cross-review phase. The objective was not to es-
tablish inter-annotator reliability in the traditional
sense, but rather to examine the stability of profes-
sional judgment under a shared, structured rubric.
In high-stakes biomedical summarisation, varia-
tion between experts may reflect legitimate inter-
pretive discretion rather than labelling error. The

1https://www.cochranelibrary.com/

Summarize the following research abstract using the
PICO framework. Identify the Population (P) be-
ing studied, the Intervention (I), the Comparison (C),
and Outcomes (O) measured. Highlight the study’s
methodology, main findings, and conclusions. Em-
phasize any key clinical outcomes, the quality of the
evidence, and how up-to-date the evidence is. Ensure
the summary captures the overall significance of the
research in the context of patient care and treatment
efficacy, as well as any potential limitations or recom-
mendations for future research.

Figure 1: Prompt issued to LLMs

cross-review phase was therefore designed to per-
mit a cross-dimensional analysis of convergence
and divergence in professionally grounded per-
spectives on acceptable abstraction of evidence,
rather than to produce a statistically optimised
annotation dataset. As mentioned above, every
non-maximal score required an explanatory ratio-
nale, linking evaluative outcomes to explicitly doc-
umented reasoning. Accordingly, disagreement
was analysed at the level of justification, rather
than being restricted to numerical divergence.

Although Cohen’s κ is commonly used to quan-
tify inter-annotator agreement beyond chance, it
was not adopted here. κ assumes independent
annotation over fully overlapping datasets with
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fixed categorical labels and treats disagreement
as noise relative to a latent ground truth. However,
we aimed to examine professional judgment sta-
bility rather than categorical reliability. Moreover,
several dimensions involve graded or interpretive
assessments (e.g., adequacy of methodological
detail or appropriateness of conclusions), where
variation may reflect professional discretion. Un-
der these conditions, a κ coefficient could conflate
meaningful interpretive differences with unreliabil-
ity. We therefore report dimension-level disagree-
ment patterns alongside analysis of qualitative ra-
tionales to characterise expert judgment stability.

The cross-review phase was undertaken using
only a subset of the complete corpus (i.e., 30
randomly selected abstracts), in order to balance
analytical depth with realistic constraints on ex-
pert time, prioritising dimension-level interpretabil-
ity over large-scale redundancy. Each expert re-
viewed the four generated summaries for 15 ab-
stracts originally annotated by the other expert (60
summaries total) and indicated agreement or dis-
agreement for each dimension.

4. Results

4.1. Cross-Review Phase

Table 3 reports the number of disagreements be-
tween the psychiatrists identified in the cross-
review phase. Patterns of disagreement provide
insight into which aspects of summarisation are
primarily governed by explicit guideline adherence
and which aspects are more open to interpretive
professional discretion. For most models and di-
mensions, disagreements occurred in a relatively
small proportion of cases (generally ≤15% of the
30 summaries reviewed). This provides evidence
of substantial convergence between experts re-
garding professional acceptability across dimen-
sions. A notable exception is the Conclusions di-
mension for LLaMA-3.1-70B, whose closing con-
tent was often repetitive and poorly structured,
making consistent evaluation difficult. We provide
a dimension-level analysis below.

PICO Elements — The Objectives sections of
original abstracts often specify PICO elements at
a broad, review design level, while the Main Re-
sults may provide more detailed PICO characteris-
tics that are specific to the studies finally included
in the review (e.g., age ranges of study popula-
tions or names of specific interventional drugs).
The two experts sometimes disagreed over the ne-
cessity of including such study-specific details in
compressed summaries. In the original abstracts,
these additional details are most frequently pro-
vided for the Population and Intervention elements,
but were most commonly omitted in the summaries

of LLaMA-3.1-70B-Instruct and GPT-4o-mini, thus
explaining the concentration of disagreements in
these two dimensions and models.

Methodology — Experts showed high agree-
ment regarding core methodological information,
particularly the inclusion of total numbers of
studies and participants. Disagreements ques-
tioned the need to include more granular infor-
mation, such as specific registers searched (e.g.,
Cochrane Schizophrenia study-based register of
trials), countries covered, or the level of detail re-
quired to describe data collection and analysis,
and risk-of-bias assessment.

Main Findings — Most disagreements con-
cerned models’ handling of low-certainty evidence.
In particular, there was some difference of opinion
on whether results specified as having very low
certainty in the original abstract could be safely
omitted in the compressed summary. Variation
also emerged in terms of tolerance towards sub-
tle shifts in certainty statements. For example,
the original abstract statement None of the tri-
als reported clinically important change in quality
of life was rendered by one model as Modafinil
has no effect on quality of life, which only one ex-
pert accepted. In contrast, more hedged formula-
tions (e.g., may have little or no effect) were con-
sistently judged to be acceptable.

Conclusions — Some model-generated sum-
maries separated Conclusions, Limitations and
Recommendations for Future Research. One ex-
pert assessed only the explicitly labelled Conclu-
sions sections, whereas the other expert also con-
sidered content in Limitations and Recommenda-
tions, given that such information may occur within
original abstract conclusions. Disagreements typi-
cally arose when the latter expert found potentially
misleading or unsupported statements in these ad-
ditional sections. If the original abstract contained
little or no discussion of limitations or future re-
search directions, then all models were suscepti-
ble to introducing new speculative content without
explicit attribution. Notably, however, no disagree-
ments concerned the content of explicitly labelled
Conclusions sections of the generated summaries,
suggesting that the experts had shared expecta-
tions regarding the core function of these sections.

Quality of Evidence & Currency — Disagree-
ments for Quality of Evidence were confined to a
single abstract involving an atypical case, in which
no eligible studies were identified. The sole dis-
agreement for Currency appears attributable to
evaluator oversight, as the search date was found
to be explicitly stated in the generated summary.

4.2. Per-Model Performance
Using the psychiatrist-assigned assessment
scores, we compared model performance across
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Category GPT-4o Claude Opus LLaMA-3.1-70B GPT-4o-mini
Population 2 3 4 4
Intervention 1 2 5 2
Comparator 0 0 1 1
Outcome 0 0 0 0
Methodology 2 2 2 3
Main Findings 4 3 5 4
Conclusions 5 5 13 6
Quality of Evidence 1 1 1 1
Currency 0 1 0 0

Table 3: Number of disagreements in the cross-checked subset (n = 30 reviews per model).

Dimension GPT-4o Claude Opus LLaMA-3.1-70B GPT-4o-mini
Population (0–2) 1.91 1.77 1.71 1.70
Intervention (0–2) 1.87 1.83 1.79 1.80
Comparator (0–2) 1.90 1.92 1.81 1.90
Outcome (0–2) 1.84 1.86 1.77 1.76
Methodology (0–2) 1.65 1.43 1.28 1.42
Main Findings (0–2) 1.74 1.77 1.37 1.70
Conclusions (0–2) 1.72 1.72 1.30 1.57
Quality of Evidence (1) 0.93 0.96 0.98 0.97
Currency (1) 0.41 0.39 0.97 0.77

Table 4: Per-model performance statistics. Means (0–2 scale) are provided for ordinal dimensions and
proportion of “1” labels is shown for Quality of Evidence and Currency.

dimensions. For dimensions evaluated on a 0–2
scale, mean scores were calculated to provide
an indication of overall model adequacy. For the
dimensions with binary values (i.e., Quality of
Evidence and Currency), we report the proportion
of summaries assigned the value “1”. Although
Currency allowed three labels (“0”, “1” and “No
date reported”), only the first two labels were ever
assigned. Results are presented in Table 4.

Table 5 reports the distribution of corrective ac-
tions needed to render the content of the Method-
ology, Main Findings and Conclusions sections ac-
ceptable. These actions are almost exclusively
Add or Remove, showing that most content errors
in generated summaries correspond to omissions
or hallucinated/unsupported content, as discussed
further below. The tiny proportion of Modify ac-
tions suggests that misinterpretations/distortions
of original abstract content are rare.

4.2.1. PICO Dimensions

Performance on extracting PICO elements is gen-
erally high. Although expert rationales occasion-
ally note completely missing items in generated
summaries, the most common issue concerns mis-
matches between the required and provided lev-
els of detail. Although a small number of dis-
agreements regarding the required level of de-
tail in PICO element summaries were identified
in Section 4.1, the two experts generally agreed

that such summaries should include both broader
scope characteristics defined in the original review
objectives and more specific characteristics of the
studies actually included in the review. Errors in
PICO elements often correspond to cases in which
one or other of these types of characteristics is
missing from the generated summary.

When only a single study is included in a review,
for example, models often extract specific PICO
characteristics from that study alone, and omit
broader scope review objectives. However, for re-
views including multiple studies, it is more com-
mon for summaries to include these broader char-
acteristics, but to omit additional study-specific de-
tails. This pattern of behaviour is most prevalent
for Population, although the notably higher per-
formance of GPT-4o for this dimension reflects
its greater tendency to generate Population sum-
maries that include not only general information
from the Objectives section of the original abstract
(e.g., conditions suffered), but also more specific
details from the Selection Criteria and Main Re-
sults sections, such as age, ethnicity and condition
severity.

More stable cross-model performance is observ-
able for Intervention, with all models demonstrat-
ing an ability to extract relevant information from
the Objectives, Selection Criteria and Main Results
sections of the original abstract. This allows gener-
ated summaries to successfully supplement, e.g.,
classes of interventional drugs introduced in the
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Dimension Corrective Action GPT-4o Claude Opus LLaMA-3.1-70B GPT-4o-mini
Methodology None 65.2% 42.6% 27.8% 41.7%

Add 33.0% 55.7% 71.3% 58.3%
Remove 0.0% 0.9% 0.0% 0.0%
Modify 1.7% 0.9% 0.9% 0.0%

Main Findings None 74.8% 76.5% 37.4% 70.4%
Add 25.2% 21.7% 60.9% 29.6%
Remove 0.0% 0.0% 0.0% 0.0%
Modify 0.0% 1.7% 1.7% 0.0%

Conclusions None 71.3% 73.0% 30.4% 57.4%
Add 0.9% 0.9% 0.9% 0.9%
Remove 27.8% 26.1% 68.7% 41.7%
Modify 0.0% 0.0% 0.0% 0.0%

Table 5: Distribution of corrective actions for Methodology, Main Findings and Conclusions

objectives with the names of more specific drugs
evaluated in the included studies. The slightly
higher performance of GPT-4o for this dimension
appears to be due to its stronger ability to extract
specific treatments when their mentions are scat-
tered throughout the Main Results section of the
original abstract.

Performance for Comparator is high for all mod-
els. However, when multiple comparators are
mentioned in the original abstract, LLaMA-3.1-70B
appears to be slightly more prone than other mod-
els to omitting one or more of these comparators
from the generated summary.

In certain original abstracts, some or all of the
Outcomes are mentioned only in the Main Re-
sults sections. Because these sections are of-
ten information-dense, comprehensive outcome
extraction can be more challenging than other ele-
ments. The larger GPT-4o and Claude Opus han-
dle this complexity more consistently, which likely
explains their slightly stronger performance for the
Outcome dimension.

4.2.2. Methodology Dimension

This dimension exhibits the lowest performance
scores across all models. Achieving acceptability
is reliant on integrating selected information scat-
tered across multiple sections of original abstracts
(typically Search Methods, Selection Criteria, Data
Collection and Analysis and Main Results). This
makes appropriate content selection challenging.

Expert rationales indicate strong agreement on
a core set of expected elements, i.e., whether
the review updates a previous one; key resources
searched; number of included studies; total partic-
ipant numbers; and brief descriptions of data anal-
ysis, risk-of-bias assessment and evidence grad-
ing. Table 5 shows that Methodology errors al-
most exclusively correspond to omission of certain
information that is considered necessary from a
professional perspective. Usually, however, the
deficiency stems from a single missing core item,

rather than more widespread inaccuracies.
Inspection of generated summaries reveals that

all models are capable of extracting information rel-
evant to multiple core elements, but they do so in-
consistently. This may reflect a tendency to gener-
ate relatively fixed-length Methodology sections, in
which the inclusion of less critical details displaces
more essential ones. Consequently, fundamental
information, such as the number of included stud-
ies, may be omitted. Compared to the stronger
GPT-4o, this pattern is more evident for Claude
Opus, LLaMA-3.1-70B-Instruct and GPT-4o-mini,
whose methodological summaries frequently re-
state PICO information narratively and/or redun-
dantly include the search date, even when it ap-
pears elsewhere in the summary.

4.2.3. Main Findings Dimension

Generating acceptable summaries of Main Find-
ings may appear simpler than for Methodology,
partly because this task primarily involves com-
pressing a single section of the original abstract,
i.e., Main Results, and also since the performance
for all models is higher than for Methodology. Nev-
ertheless, the task remains complex: original Main
Results sections are often dense, given their inte-
gration of results, interpretations and certainty lev-
els across multiple PICO permutations. Effective
summarisation thus requires both accurate extrac-
tion and disciplined compression.

This complexity helps to explain why the smaller
LLaMA-3.1-70B-Instruct struggles with this dimen-
sion. Table 5 shows that, similarly to Methodology.
most identified issues concern omissions of nec-
essary information. Contrary to concerns raised in
the cross-review analysis, overt certainty illusions
are rare. More frequent is the failure to explicitly as-
sociate reported results with their originally stated
level of evidence quality/certainty.

By far the most common problem, however, is
the omission of one or more outcomes mentioned
in the original abstract. While one expert was
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sometimes slightly more lenient, both experts were
largely unanimous that all outcomes identified in
the Outcomes dimension should be mentioned in
the Main Findings of the compressed summary, re-
gardless of evidence quality level and whether suf-
ficient data was available to evaluate the outcome.

Table 5 indicates that high-quality information
extraction and compression appears to be feasi-
ble for all models, with the exception of LLaMA-
3.1-70B-Instruct. Different models use varying
techniques to achieve the goal of generating Main
Findings summaries that are shorter that the cor-
responding section in the original abstract. One
method that appears to be used to varying de-
grees by all models is the implicit application of
thresholding criteria to filter out some of the orig-
inally reported outcomes. Examples include sec-
ondary outcomes; outcomes qualified by phrases
like very low certainty, no clear evidence or inter-
preted with caution; outcomes with no usable data;
and cases in which the intervention(s) evaluated
made little or no difference to specified outcome(s).
However, given the experts’ opinion that all out-
comes from the original abstract should also be
mentioned in the generated summaries, such fil-
tered results lead to lower acceptability scores.

As shown in Table 5, Claude Opus and GPT-4o
generate the highest proportions of Main Findings
summaries that are considered to be acceptable
without modification (76.5% and 74.8%, respec-
tively). This likely reflects their stronger abstractive
capabilities, enabling compact integration of multi-
ple results with minimal loss of information. The
slightly lower performance of the smaller GPT-4o-
mini (70.4% of Main Results sections deemed ac-
ceptable) may reflect its tendency to adhere more
closely to the more verbose source phrasing of re-
sults, meaning that a greater degree of outcome fil-
tering may sometimes be required to produce Main
Findings summaries of a suitable length. The far
lower proportion of fully acceptable Main Findings
generated by LLaMA-3.1-70B-Instruct appears to
be due to its frequent generation of shorter (and
hence, more extremely filtered) findings sections
than other models, possibly due to the dispropor-
tionate length allocated to its concluding content.

4.2.4. Conclusions Dimension

Performance on the Conclusions dimension is
lower than for Main Findings across all models.
This may seem surprising, since Conclusions sec-
tions from the original abstracts should be more
straightforward to compress than the more de-
tailed Main Results sections; conclusions are uni-
formly shorter, and aim to clearly summarise the
most significant outcomes of the review.

Indeed, the expert who evaluated only explicitly
labelled Conclusions sections judged the vast ma-

jority of these generated sections to be acceptable
without modification. The main exception was for
LLaMA-3.1-70B-Instruct, whose conclusions were
frequently marked down for repetition of informa-
tion.

The lower scores for this dimension mainly stem
from problems in the generated content of sections
labelled Limitations, Future Research or similar,
which only the second expert considered. The is-
sues were mostly the same as those identified in
the cross-review analysis , i.e., fabricated content
within these additional sections, which was particu-
larly likely to occur if the original abstract provided
little or no information about limitations or future
work. In such cases, models often generated state-
ments that appeared plausible, but which were un-
supported by the original abstract content. This
pattern was especially pronounced in the outputs
of LLaMA-3.1-70B-Instruct (and to a lesser extent,
GPT-4o-mini), which sometimes framed invented
content as directly attributable to the study (e.g.,
The study highlights …). Such observations help
to explain why the Corrective Action specified for
the vast majority of erroneous Conclusions sec-
tions is to remove information (see Table 5).

However, given that the second expert identified
few issues within explicitly labelled Conclusions
sections, all models appear generally proficient at
generating accurate summaries of primary study
outcomes. Similarly to Main Findings, preserving
nuanced expressions of certainty within the Con-
clusions sections remains important to avoid mis-
interpretation, and expert rationales indicate that
fidelity to certainty levels is generally maintained.

4.2.5. Quality of Evidence Dimension

Results show that the vast majority of generated
summaries preserve sufficient information from
original abstracts regarding evidence quality. Ad-
herence to Cochrane Handbook guidelines regard-
ing GRADE evidence certainty levels usually re-
sults in uniform specification of these levels across
original abstracts, thus making this information
straightforward to extract. Examination of gener-
ated summaries reveals variations in exactly how
and where information about quality of evidence is
specified. This may, for example, be at the level
of individual results in the Main Findings section;
within a separate Quality of Evidence section that
specifies the range of certainly levels across all re-
sults; or as a statement in the Limitations section
that low or very low evidence quality limits the va-
lidity of the results. All of these reporting methods
appear to be professionally acceptable, as long as
the complete range of evidence levels observed
across all results is specified. Only a small num-
ber of summaries fail to meet this criterion.
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4.2.6. Currency Dimension

The results for this dimension are unexpected. In
contrast to other dimensions, the smaller LLaMA-
3.1-70B-Instruct and GPT-4o-mini models consid-
erably outperform the larger GPT-4o and Claude
Opus. Particularly noteworthy is LLaMA-3.1-70B-
Instruct which, despite under-performing other
models in all other dimensions, is able to correctly
extract information about search currency from
97% of abstracts, compared to only around 40% of
abstracts for GPT-4o and Claude Opus. Extraction
of this information from original abstracts should
theoretically be very straightforward, since search
dates are usually clearly stated in the Search Meth-
ods section. Therefore, the failure of larger models
to extract this information consistently is surprising.
A feasible explanation could be the wording of the
prompt issued to the LLMs, which explicitly elicits
information about how up to date the search evi-
dence is. It is therefore possible that other mod-
els are carrying out more complex processing to
ensure that a search date is only included in the
generated summary if it is clear that all available
evidence up until the specified search date was
considered. As an example, some original ab-
stracts state that a search was carried out without
date restrictions. However, further investigation is
needed to determine whether different models’ de-
cisions to exclude search dates from summaries is
based on prompt wording and/or contextual cues,
or is simply due to space constraints.

5. Discussion

We have shown that our proposed multi-
dimensional framework can be applied by clinical
experts to evaluate LLM-generated summaries
from a professional perspective. The cross-review
results indicate substantial convergence in expert
judgments, suggesting that shared professional
norms guide evaluation across dimensions. The
evaluations enabled systematic comparison of
model performance. No single model outper-
formed the others across all dimensions; instead,
performance was dimension-specific. Analysis of
corrective actions revealed consistent patterns:
deficiencies in Methodology and Main Findings
largely involved omissions of essential details,
whereas problematic Conclusions more often
contained unsupported or fabricated content. The
frequency of such issues varied by model.

Expert-authored rationales provided further in-
sight into implicit professional criteria, including
core methodological elements expected in sum-
maries and the requirement that all pre-specified
outcomes be acknowledged in Main Findings,
even when evidence is inconclusive. These expec-
tations are not always explicit in reporting guide-

lines but are central to professional acceptability.
Capturing such implicit standards highlights the
value of structured expert annotation for improving
both evaluation and generation of automatically
generated systematic review summaries.

Our findings also reveal that different dimen-
sions pose distinct challenges. For PICO ele-
ments, the key issue is balancing design-level
scope with study-specific detail. Methodology re-
quires selective integration of key information that
may be scattered across multiple abstract sections.
Main Findings demand effective abstraction to pre-
serve all outcomes within limited space, while Con-
clusions require strict fidelity to the source text to
avoid unsupported extrapolation or hallucination.
To meet professional expectations for Quality of
Evidence, the complete range of evidence levels
observed across reported results must be present
in the generated summary. Finally, the unexpect-
edly poor results of the Currency dimension for
most models demand further investigation to en-
sure that models’ understanding is aligned with ex-
pert requirements for this dimension; the latter ap-
pear to be restricted to the need for a simple spec-
ification of the date(s) when resources relevant to
the review were searched.

6. Conclusion

This paper has introduced a novel framework for
evaluating the professional acceptability of LLM-
generated summaries of systematic review ab-
stracts in high-stakes clinical settings. The frame-
work has been applied by psychiatrists to assess
summaries generated by four different LLM mod-
els for 115 Cochrane abstracts to create the Psyc-
SumEval corpus. Beyond benchmarking model
performance, PsycSumEval makes expert evalu-
ative reasoning explicit through structured scoring
and documented rationales. In scenarios where
summaries may influence clinical understanding
and decision making, interpretability and trans-
parency of professional judgement is essential for
responsible evaluation.

7. Future Work

Future work will explore the effects of alternative
prompting strategies on model performance. We
also plan to extend our work beyond the mental
health domain to systematic reviews in other clini-
cal areas, improving coverage and generalisability.
Involving additional clinical experts will allow us
to examine the stability of professional acceptabil-
ity criteria across domains. Furthermore, we will
use PsycSumEval to fine-tune and evaluate LLM
judges tailored to professionally oriented assess-
ment of systematic review summaries.
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8. Limitations

Several limitations should be noted. The evalu-
ation involved only two psychiatrists, potentially
restricting diversity of perspectives. The cross-
review was conducted on a subset of 30 reviews
(120 summaries), while the remaining summaries
were evaluated by a single expert. Broader dou-
ble evaluation and the involvement of additional ex-
perts would strengthen generalisability. The cross-
review protocol was not fully blinded, as experts
had access to prior labels and rationales. While
this supported interpretability, it may have intro-
duced mild anchoring effects. Future work should
adopt and compare fully independent evaluations.
The study assessed summaries of Cochrane ab-
stracts, rather than full systematic reviews. Al-
though abstracts provide a structured and con-
trolled setting, they represent only part of the un-
derlying evidence. Extending evaluation to full-text
reviews may yield different performance patterns.

9. Ethics Statement

The PsycSumEval corpus is derived from pub-
licly available Cochrane abstracts and contains no
patient-level or personally identifiable data. How-
ever, it involves clinically sensitive content: sum-
maries of medical evidence may influence deci-
sions if misused. The resource is therefore re-
leased solely for methodological research and not
for clinical application. Risks include reinforce-
ment of model errors in high-stakes settings, par-
ticularly in interpretive dimensions such as conclu-
sions. Continued human oversight remains essen-
tial. Although abstracts include review dates, med-
ical evidence evolves and findings may become
outdated. All evaluation protocols and guidelines
are released transparently to support responsible
and reproducible research.

10. Data Availability

The PsycSumEval corpus and evaluation guide-
lines are available at https://github.com/
paul-rich-t/PsycSumEval.
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A. Worked Evaluation Example

This appendix provides a detailed, worked ex-
ample of how a specific summary, generated by
GPT-4o, was evaluated by one of the psychia-
trist experts against the original Cochrane abstract
(Belsher et al., 2019) (ID: CD012898.PUB2) ac-
cording to the nine dimensions of our evaluation
scheme.

Figure 2 provides the text of the original abstract,
which is 865 words long. Meanwhile, Figure 3

shows the summary of this abstract, generated by
GPT-4o, whose length is around half that of the
original abstract (i.e., 422 words).

Table 6 shows the expert-provided scores and
rationales (for dimensions whose content is not
considered to be fully professionally acceptable)
for the Population, Intervention, Comparator, Out-
come, Quality of Evidence and Currency dimen-
sions. Meanwhile, Table 7 shows the expert-
provided scores, corrective actions and rationales
(for dimensions whose content is not considered to
be fully professionally acceptable) for the Method-
ology, Main Findings and Conclusions dimensions.
For all dimensions in each table, a short discussion
explaining the assigned score is provided, by mak-
ing comparisons between the content of the orig-
inal abstract and the generated summary. Note
that these discussions were not provided by the
experts as part of their evaluation effort, but rather
have been added to aid understanding of the eval-
uation process.

The evaluation results shows that GPT-4o was
largely successful in generating a significantly
compressed summary of the original abstract,
which largely conforms to the required standards
of professional acceptability. Although the final
sentence of the generated summary was found
to constitute hallucinated content that is not sup-
ported by the original abstract, only a small num-
ber of required details were found to be missing
from the remainder of the summary.
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Dimension Score Rationale Discussion
Population 2 - Relevant population information (i.e., adults with

PTSD) is specified in Objectives section of the
original abstract, and was correctly extracted. In
the Population element of the generated sum-
mary, information from the Background section
of the original abstract has also been used to ex-
pand PTSD to the full form post-traumatic stress
disorder.

Intervention 2 - Relevant information about the single interven-
tion of interest (i.e., PCT) is correctly extracted
from the Objectives section of original abstract,
and is supplemented in the generated abstract
with both the full form, i.e., Present‐centered ther-
apy and additional descriptive information, both
of which are provided in the Background section
of the original abstract.

Comparator 2 - Basic information about comparators is correctly
extracted from the Objectives section of the orig-
inal abstract, and supplemented with information
from a) the Background section, to expand the
abbreviation TF-CBT to trauma‐focused cogni-
tive‐behavioral therapy and b) the Main Results
section, to identify the specific control conditions
evaluated in the included studies, i.e., wait‐list
and minimal attention.

Outcome 1 missing self-reported
PTSD and depression
symptoms

Although the primary outcomes identified in the
Selection Criteria section of the original abstract
are correctly extracted, two further outcomes are
mentioned in the Main Results section of the ab-
stract, i.e., self-reported PTSD and depression
symptoms. Although these outcomes are men-
tioned in the Main Findings section of the gen-
erated summary, they are missing from the Out-
comes element, resulting in the assignment of
the score 1.

Quality of
Evidence

1 - In the Main Findings section of the generated
summary, evidence quality levels accompany all
results for which such a level was specified in
the Main Results section of the original abstract.
Hence a score of 1 (i.e., consistent with abstract)
was assigned.

Currency 1 - Based on the information about the search date
provided in the Search Methods section of the
original abstract, the Methodology section of the
generated summary correctly states that relevant
studies up to February 2019 were screened. Ac-
cordingly, a value of 1 was assigned for this di-
mension.

Table 6: Evaluation scores, corrective actions, rationales (where appropriate) and associated discussions
for the Population, Intervention, Comparator, Outcome, Quality of Evidence and Currency dimensions
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Background
Present‐centered therapy (PCT) is a non‐trauma, manualized psychotherapy for adults with post‐traumatic stress
disorder (PTSD). PCT was originally designed as a treatment comparator in trials evaluating the effectiveness of
trauma‐focused cognitive‐behavioral therapy (TF‐CBT). Recent trials have indicated that PCT may be an effective
treatment option for PTSD and that patients may drop out of PCT at lower rates relative to TF‐CBT.
Objectives
To assess the effects of PCT for adults with PTSD. Specifically, we sought to determine whether (1) PCT is more
effective in alleviating symptoms relative to control conditions, (2) PCT results in similar alleviation of symptoms
compared to TF‐CBT, based on an a priori minimally important differences on a semi‐structured interview of
PTSD symptoms, and (3) PCT is associated with lower treatment dropout as compared to TF‐CBT.
Search methods
We searched the Cochrane Common Mental Disorders Controlled Trials Register, the Cochrane Library, Ovid
MEDLINE, Embase, PsycINFO, PubMed, and PTSDpubs (previously called the Published International Literature
on Traumatic Stress (PILOTS) database) (all years to 15 February 2019 search). We also searched the World
Health Organization (WHO) trials portal (ICTRP) and ClinicalTrials.gov to identify unpublished and ongoing trials.
Reference lists of included studies and relevant systematic reviews were checked. Grey literature searches were
also conducted to identify dissertations and theses, clinical guidelines, and regulatory agency reports.
Selection criteria
We selected all randomized clinical trials (RCTs) that recruited adults diagnosed with PTSD to evaluate PCT
compared to TF‐CBT or a control condition. Both individual and group PCT modalities were included. The
primary outcomes of interest included reduced PTSD severity as determined by a clinician‐administered measure
and treatment dropout rates.
Data collection and analysis
We complied with the Cochrane recommended standards for data screening and collection. Two review au-
thors independently screened articles for inclusion and extracted relevant data from eligible studies, including the
assessment of trial quality. Random‐effects meta‐analyses, subgroup analyses, and sensitivity analyses were
conducted using mean differences (MD) and standardized mean differences (SMD) for continuous data or risk
ratios (RR) and risk differences (RD) for dichotomous data. To conclude that PCT resulted in similar reductions
in PTSD symptoms relative to TF‐CBT, we required a MD of less than 10 points (to include the 95% confidence in-
terval) on the Clinician‐Administered PTSD Scale (CAPS). Five members of the review team convened to rate the
quality of evidence across the primary outcomes. Any disagreements were resolved through discussion. Review
authors who were investigators on any of the included trials were not involved in the qualitative or quantitative
syntheses.
Main results
We included 12 studies (n = 1837), of which, three compared PCT to a wait‐list/minimal attention (WL/MA) group
and 11 compared PCT to TF‐CBT. PCT was more effective than WL/MA in reducing PTSD symptom severity
(SMD ‐0.84, 95% CI ‐1.10 to ‐0.59; participants = 290; studies = 3; I² = 0%). We assessed the quality of this
evidence as moderate. The results of the non‐inferiority analysis comparing PCT to TF‐CBT did not support PCT
non‐inferiority, with the 95% confidence interval surpassing the clinically meaningful cut‐off (MD 6.83, 95% CI
1.90 to 11.76; 6 studies, n = 607; I² = 42%). We assessed this quality of evidence as low. CAPS differences
between PCT and TF‐CBT attenuated at 6‐month (MD 1.59, 95% CI ‐0.46 to 3.63; participants = 906; studies
= 6; I² = 0%) and 12‐month (MD 1.22, 95% CI ‐2.17 to 4.61; participants = 485; studies = 3; I² = 0%) follow‐up
periods. To confirm the direction of the treatment effect using all eligible trials, we also evaluated PTSD SMD
differences. These results were consistent with the primary MD outcomes, with meaningful effect size differences
between PCT and TF‐CBT at post‐treatment (SMD 0.32, 95% CI 0.08 to 0.56; participants = 1129; studies = 9),
but smaller effect size differences at six months (SMD 0.17, 95% CI 0.05 to 0.29; participants = 1339; studies
= 9) and 12 months (SMD 0.17, 95% CI 0.03 to 0.31; participants = 728; studies = 5). PCT had approximately
14% lower treatment dropout rates compared to TF‐CBT (RD ‐0.14, 95% CI ‐0.18 to ‐0.10; participants = 1542;
studies = 10). We assessed the quality of this evidence as moderate. There was no evidence of meaningful
differences on self‐reported PTSD (MD 4.50, 95% CI 3.09 to 5.90; participants = 983; studies = 7) or depression
symptoms (MD 1.78, 95% CI ‐0.23 to 3.78; participants = 705; studies = 5) post‐treatment.
Authors’ conclusions
Moderate‐quality evidence indicates that PCT is more effective in reducing PTSD severity compared to control
conditions. Low quality of evidence did not support PCT as a non‐inferior treatment compared to TF‐CBT on
clinician‐rated post‐treatment PTSD severity. The treatment effect differences between PCT and TF‐CBT may
attenuate over time. PCT participants drop out of treatment at lower rates relative to TF‐CBT participants. Of note,
all of the included studies were primarily designed to test the effectiveness of TF‐CBT which may bias results
away from PCT non‐inferiority.The current systematic review provides the most rigorous evaluation to date to
determine whether PCT is comparably as effective as TF‐CBT. Findings are generally consistent with current
clinical practice guidelines that suggest that PCT may be offered as a treatment for PTSD when TF‐CBT is not
available.

Figure 2: Original abstract from Belsher et al. (2019) (ID: CD012898.PUB2)
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PICO Framework Summary:
Population (P): The research focused on adults diagnosed with post-traumatic stress disorder (PTSD).
Intervention (I): The primary intervention in the study was Present-centered therapy (PCT), a non-trauma, man-
ualized psychotherapy technique designed for PTSD patients.
Comparison (C): PCT was compared to two conditions: trauma-focused cognitive-behavioral therapy (TF-CBT)
and control conditions, which included wait-list or minimal attention controls.
Outcomes (O): The main outcomes measured were the severity of PTSD symptoms (based on clinician-
administered measures) and treatment dropout rates.

Methodology:
The study was a systematic review and meta-analysis of randomized clinical trials (RCTs), following Cochrane
standards. Researchers screened multiple databases for relevant studies up to February 2019, including grey
literature and trial portals. They selected RCTs that assessed PCT versus TF-CBT or control conditions for
adults with PTSD. Data analyses included random-effects meta-analyses, subgroup analyses, and sensitivity
analyses.

Main Findings
• PCT showed superior effectiveness in reducing PTSD symptoms compared to wait-list/minimal attention

controls with moderate-quality evidence.
• PCT was not found to be non-inferior to TF-CBT in terms of reducing PTSD symptom severity, based on a

clinician-administered measure, with low-quality evidence. However, differences between PCT and TF-CBT
reduced over time at 6 and 12-month follow-ups.

• PCT had a lower treatment dropout rate (approximately 14% lower) than TF-CBT, supported by moderate-
quality evidence.

• No significant differences were observed in self-reported PTSD or depression symptoms post-treatment.

Conclusions
The research concluded that PCT is an effective treatment for reducing PTSD severity compared to control
conditions, although it does not match TF-CBT’s effectiveness according to clinician ratings. PCT’s lower dropout
rates suggest it may be a preferable option for patients likely to disengage from therapy. The study highlights
the limitations due to the included studies being primarily designed to test TF-CBT, potentially biasing against
PCT. Overall, it aligns with clinical guidelines suggesting PCT as an alternative when TF-CBT is unavailable.

Significance in Patient Care:
The research underscores PCT as an effective treatment alternative for PTSD, especially when access to TF-CBT
is limited. Its lower dropout rates are clinically significant for maintaining patient engagement and adherence to
therapy. However, the evidence supporting its non-inferiority to TF-CBT is of low quality, suggesting a need for
further research focusing specifically on PCT’s standalone efficacy.

Limitations and Recommendations for Future Research
The study acknowledges potential bias due to the primary design focus on TF-CBT effectiveness in the included tri-
als. Future research should prioritize directly evaluating PCT’s efficacy against other evidence-based treatments
with distinct emphasis on PCT itself, employing high-quality RCTs to solidify its position in PTSD treatment pro-
tocols.

Figure 3: Summary of abstract from Belsher et al. (2019) (ID: CD012898.PUB2) generated by GPT-4o
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Dimension Score Action Rationale Discussion
Methodology 1 Add

info
Missing number of
studies

Relevant methodological information is con-
tained within multiple original abstract sec-
tions (i.e., Search Methods provides details
of the types of resources searched; Selec-
tion Criteria specifies studies of interest were
randomised clinical trials(RCTs); Data Collec-
tion and Analysis contains details about the
standards used for data screening and collec-
tion, along with the data analysis methods em-
ployed; and Main Results contains information
about the number of included studies). While
most of this information was extracted and ap-
propriately summarised, the score of 1 was as-
signed according to the summary’s omission
of a single piece of information considered es-
sential for professional acceptability (i.e., the
number of included studies).

Main
Findings

2 None - All results reported in the Main Results sec-
tion of the original abstract correctly extracted
and appropriately summarised in the gener-
ated text, covering the comparison of the in-
tervention of interest (i.e., PCT) with the tar-
get comparators (i.e., TF-CBT and the con-
trol conditions wait‐list and minimal attention)
in the context of all of the outcomes of in-
terest (i.e,. PTSD severity (determined by
a clinician‐administered measure), treatment
dropout rates, self‐reported PTSD and depres-
sion symptoms.

Conclusion 1 Remove
info

The summary
should remove
“Future research
should prioritize
directly evaluating
PCT’s efficacy
against other
evidence-based
treatments with
distinct emphasis
on PCT itself, em-
ploying high-quality
RCTs to solidify its
position in PTSD
treatment proto-
cols.”

In the generated summary, concluding infor-
mation is split between the Conclusions, Sig-
nificance in Patient Care and Limitations and
Recommendations for Future Research sec-
tions. Among these generated sections, the
content of the Conclusions section is fully con-
sistent with the information provided in the Au-
thors’ conclusion section of the original ab-
stract. Appropriate content regarding implica-
tions for patient care and study limitations from
the Authors’ conclusion section of the origi-
nal abstract is also used to generate accurate
statements in the Significance in Patient Care
and Limitations and Recommendations for Fu-
ture Research sections of the summary. How-
ever, the Authors’ conclusion section of the
original abstract does not mention any poten-
tial future work. Accordingly, the final sentence
in the Limitations and Recommendations for
Future Research section of the generated sum-
mary, which recommends future work, is un-
supported by the original abstract. Thus, a
score of 1 is assigned.

Table 7: Evaluation scores, corrective actions, rationales (where appropriate) and associated discussions
for the Methodology, Main Findings and Conclusions dimensions
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Abstract
The opioid epidemic has ravaged the US for the past two decades and is still a persistent threat. During the same
time, the increasing use of social media has created a new avenue for people to share their journeys regarding opioid
use. In this context, research in automatically determining opioid use stages (e.g., misuse, addiction, recovery) based
on self disclosures in social media posts is gaining traction. In this paper, using a recent benchmark, we assess
different supervised strategies for identifying self-disclosed opioid use stages from Reddit posts. We consider distilled
reasoning traces from DeepSeek R1 (an open weights reasoning model), supervised contrastive learning (SCL), and
few-shot in-context learning (ICL) with GPT-5 to conduct a variety of experiments with encoder and encoder-decoder
models. We also conduct direct zero-shot (ZS) experiments with GPT 5 and GPT 5.2. Across different models and
datasets, our strategies provide improvements in performance with some nuances that are too subtle to elaborate in
the abstract. A surprising finding is that ZS results with GPT-5 are better than all supervised results, which ushers a
new frontier for LLM-based classification of opioid use in social media posts. Our code is available for reuse and
replication: https://github.com/bionlproc/Opioid-Stage.

Keywords: Opioid use stages, contrastive learning, test time reasoning, zero shot learning

1. Introduction

The opioid crisis remains a major public health con-
cern in the United States. It has ravaged America
for over two decades with drug overdose deaths
reaching a peak of over 110K in 2022, 76% of which
are attributed to opioids (Spencer et al., 2024). Opi-
oid use disorder (OUD) is a related chronic con-
dition characterized by repeated use in the past
12 months. Specifically, OUD is defined based on
a variety of DSM criteria (National Center for In-
jury Prevention and Control, 2024) that are further
converted to ICD-10 codes. OUD diagnosis facil-
itates identification, tracking, and intervention for
individuals whose situation may exacerbate to over-
doses and more serious long term disability. With
regards to both overdoses and OUD, the situation
appears to have stabilized since peak levels during
the Covid-19 pandemic, as per the latest report
from the US Substance Abuse and Mental Health
Services Administration (2025).

Treatment for OUD often involves both behavioral
and pharmaceutical strategies (Wakeman et al.,
2020) and both aspects are discussed by users on
social media at length, especially on Reddit, which
has emerged as a key platform for peer support and
recovery discussions (Laud et al., 2025; Carpenter
et al., 2025). Reddit has several dedicated forums
(e.g., r/OpiatesRecovery) where individuals openly
share experiences and seek advice. Complement-
ing the clinical definitions of OUD, researchers have
identified discrete stages of opioid use to charac-
terize the journey of a user, warranted by the need
to design inter-stage transition-specific interven-

tions (Park et al., 2020). Yang et al. (2024) used
this need to come up with six stages: Not Using,
Medical Use, Misuse, Addiction, Recovery, and Re-
lapse, following the definitions by Smith et al. (2013)
and National Institute on Drug Abuse (2007).

In their seminal effort, Yang et al. (2024) created
a dataset and conducted baseline experiments to
classify Reddit posts discussing opioids into one of
these six stages. Our current paper deals with how
we can improve over their baseline experiments.
At this point, we note that their dataset included a
so called “explanation” for each input Reddit post
indicating the spans in the input that highlight the
textual evidence for the annotator’s decision to as-
sign a stage. This explanation was used as part
of the input to the model (along with the original
post). Since these explanations are not available
at test time, they designed a strategy to extract a
“silver” explanation that is generated by a different
supervised model. The silver explanation, in this
sense, does not need human inputs at test time.
However, our methods based on recent advances
in reasoning LLMs obviate this need for these sil-
ver explanations. As such, for brevity and space
limitations, we do not discuss or use the silver ex-
planations in all reported results of this paper. Due
to scarcity of expert time to create training labels,
Yang et al. (2024) used Amazon Mechanical Turk
to create significant portions of the dataset. The
entire training dataset consists of these so called
“novice” labeled examples while the test set has
both expert and novice labeled instances.

Some of the main challenges on this task is the
lack of expert labeled training examples, nontrivial
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semantic overlap between the stages, and limited
reasoning fidelity (and hence interpretability) of en-
coder and encoder-decoder models typically used
in classification tasks. We next outline how we
address these aspects in this paper.

Accurate stage detection often requires nuanced
logical deduction beyond surface-level cues. Re-
cent reasoning-capable LLMs like DeepSeek-R1
can produce detailed chain-of-thought traces or
summarized reasoning at inference time, and we
already have evidence that bigger more power-
ful models can improve downstream model per-
formance when distilled into smaller models (Wei
et al., 2022; Hsieh et al., 2023). However, it remains
unclear whether such reasoning is necessary for
opioid stage classification. We use DeepSeek R1
as a teacher model to generate two forms of rea-
soning: (a) summarized reasoning – concise 2–3
sentence justifications highlighting the most salient
linguistic cues, and (b) step-by-step reasoning –
detailed internal reasoning traces capturing the
model’s multi-step deductions. By distilling these
into smaller student models (T5-3B, T5-11B, and
DeBERTa v3), we test whether explicit reasoning
can improve classification accuracy.

Furthermore, Yang et al. (2024) identified that
opioid use stage classification suffers from signifi-
cant semantic overlap, particularly between adja-
cent stages like Misuse and Addiction or Recovery
and Relapse, as illustrated in Table 1. To address
this, we integrate supervised contrastive learning
(SCL), which, as shown by Gunel et al. (2020), en-
hances inter-class separability by explicitly pushing
apart representations of different stages in the la-
tent space. Finally, given the scarcity of expert
labels in existing opioid use corpora and the per-
sistent discrepancy between expert and novice an-
notations, we reduce our reliance on noisy novice
data by employing in-context learning (ICL). We use
GPT-5 as a synthetic annotator grounded in a small
set of expert examples to realign novice-labeled
training data toward expert standards. By system-
atically evaluating these three strategies, our work
provides a comparison of how reasoning-centric,
data-centric, and representation-centric techniques
impact classification across different model scales.

Our results show that the optimal reasoning for-
mat depends on the evaluation setting: summa-
rized reasoning yields the strongest performance
on the expert test set, while step-by-step reason-
ing achieves the best results on the novice test
set. The integration of SCL improves performance
by enhancing inter-class discrimination, while ICL-
based realignment produces higher agreement with
expert test sets. While none of our methods is a
silver bullet, these techniques yield nontrivial gains
in both accuracy and interpretability, demonstrat-
ing a promising pathway toward scalable, expert-

aligned opioid use monitoring from social media.
The dataset is only available from its creators (Yang
et al., 2024) but all our code is available for reuse
and replication: https://github.com/bionl
proc/Opioid-Stage.

2. Related Works

As already discussed, Yang et al. (2024) demon-
strated that explanation-augmented models im-
proved detection of opioid use stages from Red-
dit posts. Earlier work examined substance-use
detection more broadly from forums and Twitter,
in identifying misuse, overdose risk, and relapse
signals from user-generated content (Fodeh et al.,
2021; Raza et al., 2023; Ahmad et al., 2026; Yang
et al., 2022). Our lab has recently showed how
Reddit posts can be used to glean evolving barriers
to opioid recovery (Ekanayake et al., 2025).

Prior work has shown that models can benefit
from human or model-generated rationales, which
enhance both predictive accuracy and interpretabil-
ity. Camburu et al. (2018) and Rajani et al. (2019)
demonstrated that jointly training models to gen-
erate explanations alongside labels yields supe-
rior performance in reading comprehension and
commonsense reasoning. Recent reasoning LLMs
such as DeepSeek R1 (Guo et al., 2025) and chain-
of-thought (COT) prompting have shown that de-
composing complex problems into intermediate,
step-by-step reasoning steps significantly improves
robustness and logic in large language models (Wei
et al., 2022). Subsequent work has further demon-
strated that these reasoning rationales can be dis-
tilled to train smaller, more efficient, and effective
task-specific models (Hsieh et al., 2023; Hancock
et al., 2018). Our work applies these ideas to a
high-stakes, fine-grained social health text task
and compares the effectiveness of summarized
vs step-by-step rationales.

Supervised contrastive learning has been shown
to improve representation quality in classification
problems by explicitly pulling together representa-
tions of same-label examples and pushing apart
different labels (Khosla et al., 2020; Gunel et al.,
2020; Kim et al., 2022). In health NLP, contrastive
objectives have been used to better separate se-
mantically adjacent classes, for example in auto-
mated diagnostic coding from clinical notes (Kailas
et al., 2023). Separately, in-context learning and
related prompting strategies with powerful LLMs
have been used for expert-like few-shot annotation
and label refinement in clinical and mental-health
tasks, including clinical NER, suicidality phenotyp-
ing, and OUD identification from electronic health
records (Baroian, 2025; Li et al., 2025; Huang et al.,
2025; Molina et al., 2025). We build on this line of
work by using GPT-5 to realign noisy novice labels
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OUD Stage Reddit Post Excerpt (Title + Text)
Medical Use [TITLE] Codeine doses [TEXT] So I was recently prescribed Tylenol 3’s

with 30mg Codeine. Is it safe to take two, ingesting 60mg of codeine?
Has anyone ever done it with this amount or more? Comment below!

Misuse [TITLE] I’m on tramadol first time [TEXT] I took 350mg first time on this,
it’s kinda underwhelming but it’s Ight. I hit a juul and that took me way
higher but idk I expected more from this

Addiction [TITLE] Hydrocodone dosage [TEXT] Is 30mg too much if I just started
taking it daily a week ago? I can tell my tolerance is going up so I’m just
wondering if I can start to slowly increase my dosage.

Recovery [TITLE] Venting [TEXT] I’m just ready to feel like myself again I won’t give
up though My life is not so bad but my mind is hopefully it a be over soon
...stay strong everybody it does get easier

Relapse [TITLE] Withdrawal question please help? [TEXT] So I tried to get clean
went 4 days and I was starting to get over the withdrawal then I used again
will I feel the effects of the withdrawal all over again?

Table 1: Representative opioid use stage examples from the training dataset

toward a small expert subset and then measuring
how this affects downstream models.

3. Methodology

Recall our goal is to improve the fine-grained clas-
sification of Reddit posts into six opioid use stages
(Not Using, Medical Use, Misuse, Addiction, Recov-
ery, and Relapse) using the dataset from Yang et al.
(2024). The dataset is created using opioid related
posts from three subreddits (r/OpiatesRecovery,
r/Opiates, and r/Drugs) with sufficient accommo-
dations to only retain opioid related posts. The
inputs to the models consist of the Reddit post’s
title concatenated with its body text. To ensure
comparisons with prior work, we followed the exact
data partitioning from Yang et al. (2024):

• Novice-annotated data: 1936 training in-
stances and 150 test instances,

• Expert-annotated data: 442 test instances
(experts do not contribute to training).

All models are evaluated across the two test sets
(novice and expert) to align with the evaluation
framework introduced in Yang et al. (2024). The
top class in novice annotated posts is addiction
(29%) but for expert dataset it is not using (34%).
To illustrate the nature of the self-disclosed Reddit
posts and the fine-grained opioid use stages, we
provide representative examples from the dataset
introduced by Yang et al. (2024) in Table 1. These
examples demonstrate how user narratives are cat-
egorized into distinct phases, highlighting the con-
textual nuances our models aim to capture.

3.1. Reasoning Distillation
Reasoning distillation aims to improve downstream
model performance by providing student models
with explicit intermediate rationales. These ratio-
nales reflect how a stronger teacher model jus-
tifies its predictions. To generate them, we use
DeepSeek R1, a recent large language model
optimized for structured reasoning (Guo et al.,
2025). For each training instance, DeepSeek R1
is prompted in a zero-shot setting with the Reddit
post and its ground-truth stage label, and asked
to produce an explanation for why the post corre-
sponds to that label. The full prompting template
used to obtain reasoning is provided in Figure 1 of
the Appendix.

3.1.1. Reasoning Formats

We generate two forms of teacher rationales:

• Summarized reasoning: A concise explana-
tion (with 2-3 sentences) in which DeepSeek
R1 provides a high-level justification for the
label, highlighting the most salient cues or lin-
guistic indicators present in the post. These
summaries average approximately 62 words
in length.

• Step-by-step reasoning: A detailed internal
reasoning trace obtained from the model’s
<think> segment. These traces represent
DeepSeek R1’s hidden intermediate deliber-
ations, including multi-step deductions, latent
evidence extraction, and fine-grained decision
heuristics. Compared to the summarized ra-
tionales, these internal reasoning sequences
are significantly longer and more granular, av-
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eraging approximately 322 words per post, re-
flecting the full chain-of-thought the model pro-
duces before emitting its final answer.

The two formats allow us to evaluate whether stu-
dent models benefit more from concise rationales
or from richer, model-internal reasoning traces.

3.1.2. Student Model Training

The reasoning outputs are incorporated directly
into model supervision for T5-3B and T5-11B mod-
els (Raffel et al., 2020). During fine-tuning, the
student models are trained to generate both the la-
bel yi followed by its associated reasoning ri (sum-
marized or step-by-step) given input xi, using a
conditional language modeling objective:

LCE = −
∑

i

logPθ(yi, ri | xi).

similar to other efforts (Wadhwa et al., 2023). This
setup enables us to quantify the impact of distilled
reasoning on classification accuracy and to com-
pare the relative benefits of short versus detailed
reasoning representations.

3.2. Supervised Contrastive Learning
To improve the separability of closely related opioid
use stages, we incorporate supervised contrastive
learning (SCL) as a two-stage training procedure
applied uniformly across all model architectures
evaluated in this work.

3.2.1. Stage 1: Contrastive Pretraining

In the first stage, the model encoder is optimized us-
ing a supervised contrastive objective. Each train-
ing batch is constructed using a balanced class
sampling strategy, where a fixed number of exam-
ples are drawn from each of the 6 opioid use stages.
Two examples per class are used in all models.
This construction ensures that all batches contain
well-defined positive and negative relationships.

View generation For each text instance xi, we
generate a single augmented variant x̃i using a ran-
dom text-level operation (synonym substitution, to-
ken deletion, or token swapping). Both the original
and augmented inputs are encoded independently:

v
(1)
i = fθ(xi), v

(2)
i = fθ(x̃i),

where fθ(·) denotes the encoder.

Projection and normalization The encoded rep-
resentations are passed through a two-layer pro-
jection head (Linear → ReLU → Linear → Layer-
Norm). We apply L2 normalization to the resulting
projection to produce unit vectors (zi), suitable for
contrastive learning.

Contrastive objective We adopt the supervised
contrastive loss from Khosla et al. (2020). Let I =
{1, . . . , 2N} be the set of indices for all augmented
views in the batch. For an anchor embedding i ∈ I,
let yi be its corresponding opioid stage label. The
set of positive indices is defined as

P (i) = {p ∈ I|yp = yi and p ̸= i},

representing all other views in the batch with the
same label, while A(i) = I \{i} contains all remain-
ing views. The loss is then defined as:

L =

2N∑

i=1

−1
|P (i)|

∑

p∈P (i)

log
exp (sim(zi, zp)/τ)∑

a∈A(i) exp (sim(zi, za)/τ)
,

where sim(·, ·) is cosine similarity computed us-
ing the dot product between L2-normalized embed-
dings, and τ = 0.07 is the temperature parameter.
This step yields an encoder whose latent space is
structured to better reflect stage distinctions.

3.2.2. Stage 2: Task-specific Fine-tuning

Following contrastive pretraining, we load the re-
sulting encoder weights into the downstream opioid
stage classifier. To preserve the structure learned
during SCL and mitigate catastrophic forgetting, we
freeze the lower portion of the encoder and fine-
tune only the upper k layers (determined based
on validation experiments) alongside the prediction
head (or decoder in seq2seq settings).

3.3. Zero-shot with GPT5
To establish a strong baseline we evaluated the
most recent OpenAI large language models (GPT-5
and GPT-5.2) in a zero-shot setting, that is, without
any task-specific fine-tuning or in-context exam-
ples. Two prompting strategies were explored: (1)
Simple prompt (baseline), which directly mirrors
the prompt used in the original study for zero-shot
inference (Figure 3 in the Appendix). This mini-
mal formulation tests the model’s ability to map raw
Reddit text to the six opioid use stages with only
the label list as guidance. (2) Guideline-enhanced
prompt, that incorporates the full class definitions
that were provided to the human annotators in the
original dataset (Figure 4 in the Appendix). Both
prompts were submitted to GPT-5 and GPT-5.2 via
the OpenAI API with default temperature (0) and
greedy decoding to obtain a deterministic label.

3.4. Novice-to-Expert Realignment of
Training Data

While reasoning distillation and supervised con-
trastive learning improve model learning dynam-
ics and representation quality, their effectiveness
remains ultimately bounded by the quality of the
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underlying training labels. Note that the training
split is exclusively novice-only; as per Yang et al.
(2024) the novice turkers need only a 60% accu-
racy threshold, on a small sample of expert labeled
instances, to be selected for this task. Thus test-
ing on expert annotated test data is expected to
give worse performance. To address this, we use
few-shot in-context learning (ICL) with GPT-5 (Ope-
nAI, 2025) to realign novice labels toward expert
annotation standards.

We begin by selecting 40 expert-labeled in-
stances, with 5-8 examples per class depending
on availability. This selection counters the strong
class imbalance in the expert subset, (e.g., Not
Using: 34.51% vs. Medical Use: 3.52%), while
ensuring that each stage is represented by multiple
high-quality exemplars. From the pool of 40 ex-
pert examples, we construct 10 distinct ICL prompt
sets, chosen to balance diversity of expert demon-
strations with computational feasibility. Each set
contains one demonstration per class (six total),
providing GPT-5 with a balanced snapshot of ex-
pert decision patterns across all stages.

For each novice-labeled post, GPT-5 is prompted
ten times, once with each of the ten ICL demonstra-
tion sets. Each prompt contains the full annotation
gutidelines used by Yang et al. (2024), six expert
few-shot exemplars, and the target Reddit post.
GPT-5 is instructed to produce a JSON-formatted
output containing a corrected label selected from
the six opioid use stages and a rationale consisting
of the minimal text span from the post that justifies
the prediction. This process yields ten indepen-
dent candidate labels for each instance. The final
“aligned” label is determined through majority voting
over these ten predictions. The complete prompt
template is provided in Figure 2 of the Appendix.

The resulting relabeled dataset is used to train
the same models evaluated in the main experi-
ments, including both label-only and reasoning-
augmented variants. We refer to this curated ver-
sion as ICL-aligned. To avoid any form of data
leakage, the 40 expert examples selected for the
ICL demonstration sets were excluded entirely from
both training and evaluation, and were removed
from the original expert test split so that no item
used in the ICL prompts appeared in the test set.

4. Results

We evaluate our framework across three dimen-
sions: (1) reasoning distillation, comparing summa-
rized vs step-by-step rationales; (2) supervised con-
trastive learning (SCL); and (3) expert realignment
via ICL. All models were trained on novice-labeled
dataset, and evaluated on both the novice and ex-
pert test sets using accuracy and macro F1 score.
Each method is compared against baseline models
that we reproduced (as described in Section 4.1)

using the original input–output format (title + post
→ label), so that observed improvements can be
attributed to methodological changes rather than
optimization differences.

4.1. Reproduced Baselines
To enable fair comparison across all methods eval-
uated in this study, we first reproduced the baseline
models from the original paper by Yang et al. (2024)
using the same input-output with updated training
configurations (see Table A in the Appendix for full
hyperparameter specifications across all models).
Table 4.2.1 reports the performance for all archi-
tectures, for both test sets. Most models showed
modest improvements of 1-3 points over the origi-
nally reported numbers (Appendix’s Table A), with
T5-3B exhibiting the largest improvements on both
expert and novice splits with improvements of 4-6
points. We interpret all reasoning distillation, SCL,
and ICL results with respect to these reproduced
baselines.

4.2. Reasoning Distillation Results
Our initial experiments evaluated the effectiveness
of reasoning distillation using two distinct reasoning
formats generated by DeepSeek R1: summarized
(Table 4.2.1) and step-by-step traces (Table
4.2.1), evaluated for T5-3B and T5-11B.

4.2.1. Comparison with Reproduced
Baselines

Relative to the reproduced baselines, reasoning
distillation has a clear positive effect on the smaller
T5-3B model and a consistently negative effect on
T5-11B. For T5-3B, adding reasoning supervision
improves performance on novice test set: step-by-
step rationales increase novice F1 from 0.755 in the
baseline to 0.791, an improvement of 3.6 F1 points,
while summarized reasoning also improves novice
F1 to 0.784. On the expert test set, both reason-
ing variants slightly reduce F1 relative to the base-
line (0.703), producing 0.698 (step-by-step) and
0.683 (summarized), although accuracy increases
marginally in both cases (1-2 percentage points).
For the T5-11B model, reasoning distillation con-
sistently degrades performance over standard fine-
tuning. On the expert test set, F1 drops from 0.739
to 0.723 (summarized) and 0.674 (step-by-step),
and on the novice test set from 0.814 to 0.763 and
0.809, respectively. These results indicate that, at
this scale, additional reasoning supervision does
not provide clear benefits and can interfere with the
model’s pre-trained decision boundaries.

4.2.2. Impact of Reasoning Format

The comparison between summarized and step-
by-step formats reveals that the optimal reasoning
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Model Dataset Accuracy F1

DeBERTa-v3-Base Expert 0.681 0.675
Novice 0.707 0.712

DeBERTa-v3-Large Expert 0.708 0.707
Novice 0.727 0.737

T5-3B Expert 0.690 0.703
Novice 0.747 0.755

T5-11B Expert 0.732 0.739
Novice 0.813 0.814

Table 2: Reproduced baseline results for DeBERTa and T5 Models

Model Dataset Accuracy F1

T5-3B Expert 0.713 0.683
Novice 0.787 0.784

T5-11B Expert 0.733 0.723
Novice 0.760 0.763

Table 3: Models trained with summarized reasoning

Model Dataset Accuracy F1

T5-3B Expert 0.708 0.698
Novice 0.787 0.791

T5-11B Expert 0.683 0.674
Novice 0.807 0.809

Table 4: Models trained with step-by-step reasoning

format depends on student model size and dataset.
For T5-3B, step-by-step reasoning is consistently
more effective than summarized reasoning on both
expert and novice test sets. On expert annotations,
step-by-step achieves higher F1 than summarized
(0.698 vs 0.683, +1.5 points), and on novice an-
notations it achieves the best overall performance
with F1 0.791 compared to 0.784 for summarized
reasoning. For T5-11B, step-by-step reasoning
substantially outperforms summarized reasoning
on the novice test set (F1 0.809 vs. 0.763), whereas
summarized reasoning is less harmful on the ex-
pert set (F1 0.723 vs. 0.674), though both formats
remain below the baseline. Taken together, these
results show that explicit reasoning supervision is
most helpful for the smaller T5-3B model, espe-
cially on the noisier novice data where step-by-step
traces produce the largest gains over the baseline.
For the larger T5-11B model, which already per-
forms strongly under standard fine-tuning, reason-
ing distillation reduces performance on both expert
and novice test sets, suggesting that reasoning
supervision may be ill-suited for larger models.

4.3. Supervised Contrastive Learning

We next evaluate the impact of integrating an SCL
objective on all our model architectures (Table 4.3).
Each SCL-enhanced model is directly comparable
to its baseline counterpart in Table 4.2.1.

SCL generally improves performance on novice-
labeled test sets for smaller and mid-sized models,
while its effect on very large models is mixed. For
DeBERTa-v3-Base, DeBERTa-v3-Large, and T5-
3B, SCL yields substantial F1 gains on novice data,
whereas T5-11B experiences slight degradation in
this regime. On expert test set, the impact of SCL
is more modest and model-dependent.

On the expert test set, SCL produces small but
noticeable changes. For T5-3B, SCL improves ex-
pert F1 from 0.703 to 0.724 (+2.1 points), along-
side a corresponding 2 point increase in accuracy.
DeBERTa-v3-Base and DeBERTa-v3-Large show
only modest shifts in expert F1 under SCL, remain-
ing close to their respective baselines. In contrast,
T5-11B experiences a clear degradation: expert
F1 decreases from 0.739 to 0.690 (-5 points), and
accuracy falls from 0.732 to 0.686.

On the novice test set, the impact of SCL is con-
siderably larger particularly for smaller and mid-
sized models. For T5-3B, SCL increases novice
F1 from 0.755 to 0.820 (+6.5 points), with accu-
racy rising from 0.747 to 0.800. DeBERTa-v3-Base
and DeBERTa-v3-Large also achieve strong novice
performance under SCL, with F1 scores of 0.726
and 0.756, respectively indicating robustness to
noisy labels compared to their non-SCL baselines.
By contrast, T5-11B exhibits a slight reduction in
novice F1, from 0.814 to 0.803, suggesting that
SCL is less beneficial at this scale in the realistic
inference setting.

These patterns suggest that SCL is especially
beneficial for DeBERTa-v3-Base and T5-3B under
noisy novice supervision, where it yields multi-point
F1 gains and more stable performance. Larger
models such as DeBERTa-v3-Large and T5-11B
exhibit more limited benefits.
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Model Dataset Accuracy F1

DeBERTa-v3-Base Expert 0.677 0.660
Novice 0.720 0.726

DeBERTa-v3-Large Expert 0.710 0.703
Novice 0.753 0.756

T5-3B Expert 0.710 0.724
Novice 0.800 0.820

T5-11B Expert 0.686 0.690
Novice 0.800 0.803

Table 5: Effect of Supervised Contrastive Learning (SCL) on model performance.

Model Dataset Prompt w/o guidelines Prompt w/ guidelines
Accuracy F1 Accuracy F1

GPT-5 Expert 0.649 0.647 0.79 0.796
Novice 0.625 0.593 0.749 0.739

GPT-5.2 Expert 0.652 0.644 0.739 0.722
Novice 0.622 0.588 0.749 0.739

Table 6: Zero-shot performance of GPT-5 models with/without guidelines, averaged across 3 runs.

4.4. Zero-shot Performance with GPT-5
Table 4.3 lists zero-shot performances of GPT-5
and GPT-5.2 on both expert and novice test sets.
With the concise prompt from the original paper,
GPT-5 attained an accuracy of 0.649 and an F1
score of 0.647 on the expert set, and 0.625 accu-
racy (F1 0.593) on the novice set. GPT-5.2 per-
formed similarly on both sets, achieving 0.652 ac-
curacy (F1 0.644) for expert data and 0.622 accu-
racy (F1 0.588) for novice data. But introducing
the elaborate guideline-enhanced prompt consis-
tently improved performance for both GPT-5 and
GPT-5.2 across both expert and novice datasets.
GPT-5 achieved an F1 score of 0.796 on the expert
dataset, a 15 point bump compared to the simple
prompt. Notably, for GPT-5, the performance on the
expert-labeled data was higher than on the novice-
labeled data, even surpassing the results of the
newer GPT-5.2 by 7.4 points (F1 0.722 vs 0.796).
This comparison suggests that for zero-shot stage
classification, GPT-5 demonstrated stronger perfor-
mance on expert data with the enhanced prompting
strategy compared to its successor.

4.5. Realignment via ICL
Our final set of experiments assessed whether few-
shot ICL with GPT-5 could realign noisy novice-
labeled data toward expert annotation standards
and hence produce better performance on the ex-
pert test set.

On the expert test set, ICL-based realignment
gave mixed but often positive effects across all ar-
chitectures, particularly in accuracy (Table 4.5). For

DeBERTa-v3-Base, expert F1 increases from 0.675
in the baseline to 0.694, a gain of around 2 points.
T5-3B also shows a modest improvement in expert
F1, rising from 0.703 to 0.718 (+1.5 points), with ac-
curacy increasing from 0.690 to 0.744. Conversely,
DeBERTa-v3-Large experiences a slight decline in
expert F1, from 0.707 to 0.682 (-2.5 points). How-
ever, the accuracy rises by 2 points. T5-11B also
sees a nearly 2 point decrease in F1 score, with the
accuracy slightly increasing from 0.732 to 0.736.

However, the improvements in the expert-set
performance were accompanied by substantial de-
clines in novice test set performance. Most notably,
T5-3B’s accuracy dropped from 0.840 to 0.727 af-
ter ICL realignment (-11.3 points). So, ICL-based
label refinement successfully achieves its stated ob-
jective, improved alignment with expert evaluation
standards using only 40 expertly annotated exem-
plars. This efficiency is operationally valuable for
scenarios where expert evaluation is the primary
validation metric. The reduction in performance
on the novice evaluation set is expected, as the
realigned labels impose stricter expert-style deci-
sion boundaries that differ from the noisier patterns
present in novice annotations.

5. Discussion

Our work addresses three persistent challenges
in fine-grained opioid use stage classification from
social media data: (1) limited high-quality expert an-
notations, (2) semantic overlap across stages, and
(3) the lack of interpretable, reasoning-driven mod-
els suitable for public health applications. Our find-
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Model Dataset Accuracy F1

DeBERTa-v3-Base Expert 0.734 0.694
Novice 0.647 0.620

DeBERTa-v3-Large Expert 0.729 0.682
Novice 0.693 0.663

T5-3B Expert 0.744 0.718
Novice 0.747 0.739

T5-11B Expert 0.736 0.720
Novice 0.713 0.697

Table 7: Performance of models trained on ICL-realigned data.

ings showed that reasoning distillation, supervised
contrastive learning, and ICL-based label realign-
ment, each address different challenges in stage
classification, with distinct benefits depending on
model size and label quality.

5.1. Reasoning Distillation
The reasoning distillation experiments highlight the
importance of explanation format in transferring
knowledge from a larger teacher model into smaller
student architectures. We find that for smaller mod-
els such as T5-3B, both summarized and step-
by-step explanations provide performance gains,
but their effectiveness varies by explanation qual-
ity. Summarized reasoning proves more helpful on
the expert test set, while step-by-step reasoning
provides the largest improvements on the noisier
novice test set. We hypothesize that explicit reason-
ing steps help smaller models disentangle ambigu-
ous decision boundaries by exposing the under-
lying decision-making process, which is valuable
when training labels are noisy. These patterns sug-
gest that detailed reasoning helps a smaller model
handle noisy novice labels by exposing underly-
ing decision patterns, whereas concise rationales
better align with expert decision boundaries.

However, reasoning distillation does not uni-
formly benefit larger models. For T5-11B, both sum-
marized and step-by-step explanations tend to de-
grade performance relative to standard fine-tuning.
Summarized reasoning produces only marginal
changes on the expert set and step-by-step rea-
soning can substantially reduce expert accuracy.
Since larger models such as T5-11B already learn
to infer implicit reasoning patterns during standard
fine-tuning, adding explicit teacher rationales may
over-constrain their learned representations or in-
troduce conflicting supervision signals, leading to
performance degradation. This trade-off suggests
that reasoning augmentation is most effective for
smaller models on noisy data, where the explicit
signal provides genuine benefit.

To illustrate the impact of reasoning-aware su-
pervision, we present a representative example in

Figure 5 in the Appendix, where the baseline fine-
tuned model fails to predict the correct stage, while
the reasoning-distilled T5-3B model succeeds. In
this instance, the baseline model misclassifies the
post as Addiction, likely due to strong lexical as-
sociations with terms such as “morphine”, “high
dose”, and “high”, which are frequently correlated
with the Addiction class. This behavior indicates a
reliance on surface-level cues rather than a deep
understanding of the user’s behavioral context. In
contrast, the model trained with summarized rea-
soning correctly predicts Misuse. Using rationales
distilled from the DeepSeek-R1 teacher model, the
student model may have internalized the logical dis-
tinctions required for this task. The rationale gener-
ated at inference time demonstrates that the model
prioritizes key factors, such as non-therapeutic in-
tent (seeking a “good buzz”) and limited usage fre-
quency, rather than over-weighting the presence of
high-risk keywords. This example highlights how
reasoning distillation enables the model to cap-
ture subtle distinctions between semantically over-
lapping classes. In particular, it shows that the
approach aligns the model’s decision boundaries
with annotation guidelines by distinguishing intent-
driven, non-therapeutic use (Misuse) from compul-
sive or dependence-driven behavior (Addiction).

5.2. Supervised Contrastive Learning
SCL consistently strengthened the discriminative
capabilities of many models, with the largest ben-
efits observed for smaller to mid-sized architec-
tures particularly on the noisy novice test set. Both
DeBERTa-v3-Base and DeBERTa-v3-Large exhibit
clear novice F1 gains in this setting, indicating that
SCL effectively helps untangle closely related opi-
oid use stages such as Misuse versus Addiction or
Recovery versus Relapse which often exhibit over-
lapping linguistic cues. T5-3B sees the largest rela-
tive improvement on novice data, substantially clos-
ing the performance gap to the T5-11B baseline. In
fact, with SCL, T5-3B slightly surpasses the perfor-
mance of the fine-tuned T5-11B baseline. On the
expert set, SCL produced more modest and model-
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dependent effects; T5-3B and DeBERTa-v3-Base
showed small F1 gains, whereas DeBERTa-v3-
Large was largely unchanged and very large mod-
els (T5-11B) showed a clear performance degra-
dation. Overall, these results indicate that SCL
acts as a noise-robust regularizer that is particu-
larly helpful for moderate-capacity models trained
on noisy novice annotations. The benefits tend
to diminish or even reverse for very large models
whose baselines are already strong, especially on
expert-labeled data.

5.3. Zero-shot Performance with GPT-5
GPT-5 had substantial gains (+15 points in F1 on ex-
pert test set) with the detailed prompt containing full
guidelines provided to human annotators compared
to a brief prompt just listing the class names. It ap-
pears that current frontier LLMs equipped with rea-
soning capabilities are capable of digesting longer
instructions and leverage them in excelling at off-
the-shelf zero-shot tasks. More importantly, the
expert set zero-shot F1 of 0.796 by GPT-5 is al-
most six points above the best supervised F1 of
0.739 by T5-11B. The GPT-5 score was based on
average from three different runs and hence it is un-
likely it’s a fluke. Also, we do not suspect any label
leakage from the dataset into GPT-5’s training data
considering the dataset creators did not publicly
release the dataset and we could not find any other
online availability based on Web search. Thus, we
believe this could be a new frontier in the abilities
of frontier LLMs for social media based analytics.

On the flip side, GPT-5 obtained considerable
gains compared against the newer GPT-5.2 model.
This outcome suggests that newer LLM versions
do not always guarantee improved reliability or ac-
curacy across all specialized applications. Without
insight into proprietary training data or architec-
tural changes, explaining these performance dif-
ferences remains challenging. This highlights that
newer LLM iterations may not consistently enhance
or replicate the performance of prior versions on
specific tasks.

5.4. Label Realignment via ICL
The ICL realignment experiments used GPT-5 as
an offline oracle to shift novice-labeled training data
towards expert annotation standards. This is op-
erationally valuable because it avoids the need for
extensive expert annotation to improve label qual-
ity. The relabeled training data improved expert-
set performance for smaller models, specifically
DeBERTa-v3-Base and T5-3B. However, it pro-
duced less consistent improvements for larger mod-
els. T5-11B, for instance, consistently showed
lower F1 compared to its already strong baseline.
As expected, models trained on the realigned la-
bels showed reduced performance on the novice

evaluation set; F1 scores dropped across architec-
tures with significant drops in the T5 models. This
reflects the substantive differences between novice
and expert annotation practices, despite being pro-
vided the same guidelines.

6. Conclusion

This paper provides a comprehensive evaluation of
reasoning distillation, supervised contrastive learn-
ing, and expert-guided ICL realignment for fine-
grained opioid use stage classification using a new
benchmark dataset introduced in 2024. This is the
first effort to attempt and improve upon the results
from the original paper by Yang et al. (2024). Our
results show that each method offers distinct bene-
fits, improving interpretability, latent separability, or
expert alignment depending on model size and the
quality of supervision. In the end, none of our meth-
ods is a silver bullet offering gains across the board
for all model sizes. Surprisingly, zero shot classi-
fication with the GPT-5 model (which already has
inbuilt reasoning) with the full annotation guidelines
as part of the prompt improves over best super-
vised results. Ultimately, method selection should
be driven by the target evaluation, infrastructure,
and operational constraints (e.g., privacy leakage
concerns might rule out API calls to frontier LLMs
in the healthcare domain). Together, our findings
offer practical ideas for building more reliable, in-
terpretable, and expert-aligned public-health NLP
systems under realistic constraints.

7. Limitations

Several limitations warrant consideration. First, rea-
soning distillation depends on the quality of teacher
explanations; alternative teacher models or more
structured prompting strategies may yield further
improvements. Second, while SCL improves class
separability for many models, its interaction with
larger models (e.g., T5-11B) remains less clear,
with diminishing returns on expert data. Third, the
ICL realignment process depends entirely on the
quality of the teacher model used. Moreover, one
methodological consequence of our expert realign-
ment procedure is that the 40 expert-annotated
examples used to construct the ICL demonstration
sets were removed from the original expert test split
to prevent data leakage. As a result, our expert
evaluation set is not identical to that used in Yang
et al. (2024), and direct numerical comparison to
their expert-test results should be interpreted with
caution (just for the ICL results in Table 4.5). With
all our strategies, while improvements on smaller
models are nice, the gains are simply not there or
minimal with larger models such as T5-11B. What
would it take to improve larger models would be
part of our future work.
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A. Appendix

Model Explanation Dataset Accuracy F1
Original Results (Yang et al. 2024)

DeBERTa-v3-Large wo_explanation Expert 0.676 0.657
Novice 0.740 0.744

w_explanation Expert 0.738 0.726
Novice 0.813 0.819

T5-3B wo_explanation Expert 0.635 0.612
Novice 0.727 0.714

w_explanation Expert 0.644 0.655
Novice 0.787 0.773

T5-11B wo_explanation Expert 0.714 0.704
Novice 0.809 0.815

w_explanation Expert 0.766 0.770
Novice 0.840 0.840

Reproduced Results (This Work)
DeBERTa-v3-Base wo_explanation Expert 0.681 0.675

Novice 0.707 0.712
w_explanation Expert 0.674 0.661

Novice 0.733 0.739
DeBERTa-v3-Large wo_explanation Expert 0.708 0.707

Novice 0.727 0.737
w_explanation Expert 0.735 0.739

Novice 0.793 0.800
T5-3B wo_explanation Expert 0.690 0.703

Novice 0.747 0.755
w_explanation Expert 0.738 0.750

Novice 0.840 0.843
T5-11B wo_explanation Expert 0.732 0.739

Novice 0.813 0.814
w_explanation Expert 0.772 0.788

Novice 0.853 0.854

Table 8: Comparison of Original and Reproduced Baseline Results for DeBERTa and T5 Models
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DeepSeek R1 Prompt

Classify the following post into one of these categories: "Medical Use", "Misuse", "Addiction",
"Recovery", "Relapse", "Not Using"

• Medical Use: Medical use is defined as the use of prescription opioids that were prescribed by
a medical professional for the purpose of treating a medical condition.

• Misuse: Misuse is defined as the use of a substance that does not follow medical indications
or prescribed dosing. Substances are commonly used for nontherapeutic purposes to obtain
psychotropic effects (euphoric, sedative, or anxiolytic). Misuse is not restricted to prescription
opioids.

• Addiction: Addiction is defined as compulsive opioid use that occurs despite personal harm or
negative consequences. It may involve impaired control and craving, neurobiologic dysfunction,
physical and psychological dependence, and withdrawal.

• Recovery: Recovery is a process of change through which individuals improve their health and
wellness, live a self-directed life, and strive to reach their full potential without using opioids.

• Relapse: Relapse is defined as the return to opioid use after an attempt to quit.

• Not Using: Posts should be labeled ’Not Using’ when they discuss substances other than
opioids, another person’s opioid use, general opioid questions without evidence of personal
use, or irrelevant information.

A reference answer is provided solely to help guide accurate reasoning toward the correct conclusion.
However, the reasoning should not reference or rely on the presence of a reference answer in any
explicit way.
Respond ONLY with a JSON object:

{
" reasoning " : " Because . . . " ,
" l a b e l " : " Recovery "

}

Post :
{ t e x t }

Reference Answer :
{ l a b e l }

Figure 1: The prompt used with DeepSeek R1 to obtain reasoning traces along with the label
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ICL-based relabeling prompt with GPT-5

Annotation Guidelines:

• Medical Use: Use of prescription opioids prescribed by a medical professional for a medical
condition.

• Misuse: Use of a substance not following medical indications or prescribed dosing. Includes
non-therapeutic use (e.g., euphoria, sedation). Misuse not restricted to prescription opioids.

• Addiction: Compulsive opioid use despite harm or negative consequences. Includes impaired
control, craving, dependence, withdrawal.

• Recovery: Process of change where individuals stop using opioids, improve health and wellness,
and live without opioids.

• Relapse: Return to opioid use after an attempt to quit.

• Not Using: Posts about substances other than opioids (e.g., marijuana), another person’s
opioid use, general questions without evidence of personal use, or irrelevant info.

Rules:

1. Output must be in JSON format: label: <one of [Medical Use, Misuse, Addiction, Recovery,
Relapse, Not Using]>, rationale: <exact span(s) of text from the Reddit post that justify the
label>

2. Rationale must be verbatim from the post (no paraphrasing).

3. Use the minimum sufficient span that clearly justifies the label.

Prompt Template:
You are a substance use research expert tasked with labeling Reddit posts about opioid use disorder
(OUD).

{ gu ide l i nes }

### Few−shot Examples
{ examples_str }

### Task
Label the f o l l o w i n g post using the s p e c i f i e d JSON output format and
ru l es :

{ pos t_ tex t }

Figure 2: The prompt used to relabel the posts using GPT-5 with few-shot ICL examples.

Simple zero-shot Prompt

Given the following title and text, please identify the appropriate opioid usage category among the
following types: "Medical Use", "Misuse", "Addiction", "Recovery", "Relapse", "Not Using"

{ pos t_ tex t }

Figure 3: The short prompt used with GPT-5 models in the zero-shot setting.

220



Guideline-enhanced zero-shot Prompt

You are a substance-use research expert tasked with labeling Reddit posts about opioid use disorder
(OUD) into one of the following OUD stages.

• Medical Use: Medical use is defined as the use of prescription opioids that were prescribed by
a medical professional for the purpose of treating a medical condition.

• Misuse: Misuse is defined as the use of a substance that does not follow medical indications
or prescribed dosing. Substances are commonly used for nontherapeutic purposes to obtain
psychotropic effects (euphoric, sedative, or anxiolytic). Misuse is not restricted to prescription
opioids.

• Addiction: Addiction is defined as compulsive opioid use that occurs despite personal harm or
negative consequences. It may involve impaired control and craving, neurobiologic dysfunction,
physical and psychological dependence, and withdrawal.

• Recovery: Recovery is a process of change through which individuals improve their health and
wellness, live a self-directed life, and strive to reach their full potential without using opioids.

• Relapse: Relapse is defined as the return to opioid use after an attempt to quit.

• Not Using: Posts should be labeled ’Not Using’ when they discuss substances other than
opioids, another person’s opioid use, general opioid questions without evidence of personal
use, or irrelevant information.

#Task

Determine the single OUD stage that describes the author’s current situation at the time of writing.
Choose exactly one: "Medical Use", "Misuse", "Addiction", "Recovery", "Relapse", "Not Using"

#Answer

Return only the label name on one line.

{ pos t_ tex t }

Figure 4: The guideline-enhanced prompt used with GPT-5 models in zero-shot setting.

Representative opioid stage classification example where reasoning helps

Title: Opiates on amitriptyline
Post Text: Is there anybody who uses opiates on amitripty line? I used morphine like three times
when on this drug (I take it for 2.5 months now, I take 60mg every evening) but even though I took
high dose of morphine (on second try I had problems with breathing!) I don’t feel good buzz, no
satisfaction at all. Anyone knows how long do I have to give up the amitriptyline for the opiates to
work? I have problems with sleeping and depression and amitriptyline helps me with it, but I miss
my morphine high and at the moment it feels like waste of money.
Baseline prediction: Addiction
Reasoning-distilled prediction: Misuse. Reasoning: The post discusses using morphine three
times while on amitriptyline. The user is taking high doses of morphine (60mg) to achieve a ’good
buzz’, indicating non-therapeutic use for psychotropic effects. This aligns with the definition of Misuse,
which involves using substances outside medical indications for purposes like achieving euphoria.

Gold label: Misuse

Figure 5: Example illustrating reasoning leading to correct prediction compared with the baseline T5-3B.
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Model Stage LR Epochs Batch Grad Acc Weight Decay

DeBERTa Base
Baseline 1e-5 15 8 1 –
SCL Pretraining 3e-5 50 12 8 –
SCL Finetuning 2e-5 10 8 1 –

DeBERTa Large
Baseline 1e-5 15 8 1 –
SCL Pretraining 3e-5 50 12 8 –
SCL Finetuning 2e-5 10 8 1 –

T5-3B

Baseline 1e-4 5 1 8 –
SCL Pretraining 2e-5 50 12 8 –
SCL Finetuning 1e-4 5 1 8 0.01
Summarized Reasoning 1e-4 8 1 8 0.001
Step-by-Step 1e-4 15 1 8 0.01

T5-11B

Baseline 5e-5 5 1 8 –
SCL Pretraining 2e-5 50 12 8 –
SCL Finetuning 1e-4 10 1 8 0.01
Summarized Reasoning 8e-5 20 1 8 –
Step-by-Step 5e-4 15 1 8 –

Table 9: Hyperparameter configurations for all models and training setups

222



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 223–233
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

FoodBench-QA: Overview of the Shared Task on Grounded Food
and Nutrition Question Answering

Tome Eftimov1,2, Ana Gjorgjevikj1, Matej Martinc1, Gjorgjina Cenikj1,
Sašo Džeroski1 , Barbara Koroušić Seljak1,3

1 Jožef Stefan Institute, Jamova cesta 39, Ljubljana, Slovenia
2 Jožef Stefan International Postgraduate School, Jamova cesta 39, 1000 Ljubljana, Slovenia

3 Medical Faculty, University of Ljubljana, Vrazov trg 2, 1000 Ljubljana, Slovenia
{tome.eftimov, ana.gjorgjevikj, matej.martinc, gjorgjina.cenikj, saso.dzeroski, barbara.korousic}@ijs.si

Abstract
We present the results of the FoodBench-QA 2026 shared task at the CL4Health workshop, collocated with LREC
2026. FoodBench-QA challenges systems to answer food and nutrition questions using evidence from food
composition databases and food-related ontologies. The shared task comprises three main tasks: nutrient estimation
from recipe ingredients, evaluated using EU Regulation 1169/2011 tolerance thresholds; FSA traffic-light classification
for fat, salt, saturates, and sugars; and food named entity recognition and linking to three ontologies, namely Hansard
Taxonomy, FoodOn, and SNOMED CT. We received submissions from five participating teams across all tasks. For
nutrient estimation, the best system achieved accuracy rates of 93.57% for protein, 86.50% for sugars, 84.65% for fat,
and 86.26% for saturates. For FSA traffic-light prediction, the best macro F1 scores ranged from 0.65 to 0.90 across
different nutrient-color combinations. For named entity linking, the best systems achieved macro F1 scores between
60.71% and 80.89% for natural text and 87.75% and 95.75% for artificial NEL datasets, depending on the ontology.

Keywords: question answering, nutrient estimation, food traffic light classification, named-entity linking

1. Introduction

Accurate food and nutrition information is essen-
tial for public health, dietary assessment, and per-
sonalized nutrition recommendations (Carlsen and
Bruggemann, 2022; Agostoni et al., 2021; Guilpart
et al., 2022). However, extracting and linking food-
related information from text remains challenging
due to the complexity of food terminology, the va-
riety of ingredient descriptions, and the need to
ground answers in authoritative food composition
databases and food-related ontologies (Greenfield
and Southgate, 2003; Gjorshoska et al., 2022).

The FoodBench-QA 2026 shared task addresses
these challenges by providing a comprehensive
evaluation framework for food and nutrition ques-
tion answering systems. The task is designed to
assess systems’ abilities to estimate nutritional con-
tent (protein, sugars, fat, saturated fat) from recipe
ingredients according to European Union (EU) regu-
latory standards (Bairati, 2017), classify food items
according to the UK Food Standards Agency (FSA)
traffic-light labeling system (Balcombe et al., 2010),
and recognize and link food entities to standard-
ized ontologies including Hansard Taxonomy (Aber-
crombie and Batista-Navarro, 2018), FoodOn (Doo-
ley et al., 2018), and SNOMED CT (Donnelly et al.,
2006).

The challenge builds upon the FoodBench
dataset, a curated benchmark of question-answer
pairs designed for training and evaluating large lan-
guage models in food and nutrition domains. This
shared task represents the first community evalu-

ation focused specifically on grounded food and
nutrition question answering, following the tradition
of successful BioNLP shared tasks.

FoodBench-QA 2026 was organized as part of
the Third Workshop on Patient-Oriented Language
Processing (CL4Health), collocated with LREC
2026: Language Resources and Evaluation Confer-
ence in Palma, Mallorca, Spain. The workshop pro-
vides a venue for computational linguistics research
focused on patients’ health and health-related is-
sues concerning the public.

2. Background

To contextualize our approach, we summarize prior
work in food and nutrition natural language process-
ing (NLP), relevant ontologies, and applicable EU
regulations.

Food and Nutrition NLP. Natural language pro-
cessing for food and nutrition has gained increas-
ing attention due to its applications in dietary as-
sessment, food safety monitoring, and personal-
ized nutrition (Cenikj et al., 2025). Previous work
has addressed various aspects, including ingredi-
ent recognition (Stojanov et al., 2021, 2020; Cenikj
et al., 2022a, 2020), recipe parsing (Popovski et al.,
2019a,b; Ispirova et al., 2022), and nutrient estima-
tion (Ispirova et al., 2024). However, standardized
evaluation benchmarks have been lacking in this
domain. Such benchmarks are essential in NLP
and machine learning because they enable fair, re-
producible, and transparent comparison of models
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using shared datasets and metrics. They help track
progress, identify strengths and weaknesses, and
support scientific rigor through replicability. At the
same time, they must be carefully designed and
regularly updated to avoid overfitting and ensure
real-world relevance.

Food Ontologies and Datasets. Three major se-
mantic resources are used in this shared task. The
Hansard Taxonomy is a hierarchical classification
system for food products using structured codes
such as AG.01.k [Flour], providing standardized
categorization for food items (Parliament, 2022).
FoodOn is a comprehensive ontology that covers
food sources, food products, and their production
processes, using URIs from the OBO (Open Bio-
logical and Biomedical Ontology) namespace and
including links to NCBI Taxonomy for biological
species (Dooley et al., 2018). SNOMED CT, the
Systematized Nomenclature of Medicine Clinical
Terms, includes food-related concepts relevant for
clinical and medical applications, with URIs follow-
ing the BioOntology format (Donnelly et al., 2006).

EU Regulation 1169/2011. The European Union
Regulation 1169/2011 on food information to con-
sumers establishes tolerance thresholds for nutri-
tional declarations (Bairati, 2017). These thresh-
olds define acceptable deviations between de-
clared and actual nutrient values, providing a nat-
ural evaluation framework for nutrient estimation
systems.

3. Task Descriptions

FoodBench-QA 2026 comprises three main tasks,
with subtasks based on input modalities (Gjorgjevikj
et al., 2026).

Task 1: Nutrient Estimation. The nutrient esti-
mation task requires systems to predict the nutri-
tional content per 100g for recipes based on their
ingredients. Two subtasks were defined based on
the input provided to systems (Neuhouser et al.,
2023; Ispirova et al., 2024). In Task 1.1 (Ingre-
dients Only), systems receive only the list of in-
gredients with quantities, while in Task 1.2 (Title +
Ingredients), systems receive both the recipe title
and the complete ingredient list. Four nutrients are
evaluated: protein, sugars, fat, and saturated fat
(saturates), with all values expressed in grams per
100g.

Task 2: FSA Traffic-Light Classification. The
FSA traffic-light task requires systems to classify
the nutritional quality of recipes according to the UK
Food Standards Agency color-coded system (Bal-
combe et al., 2010; Kunz et al., 2020; Emrich et al.,

Nutrient ti di
Protein, Sugars ≤ 10 ≤ 2

10 < ti ≤ 40 ≤ 0.2ti
> 40 ≤ 8

Fat ≤ 10 ≤ 1.5
10 < ti ≤ 40 ≤ 0.2ti
> 40 ≤ 8

Sat. Fat < 4 ≤ 0.8
≥ 4 ≤ 0.2ti

Table 1: Tolerance rules used to evaluate nutrient
estimation. ti denotes the ground truth value, ri
the predicted value, and di = |ti − ri| the absolute
difference.

2017). Each of four nutrients (fat, salt, saturates,
sugars) must be classified as green (low), orange
(medium), or red (high). Similar to Task 1, two sub-
tasks were defined: Task 2.1 performs classifica-
tion based on the ingredient list and their quantities,
while Task 2.2 uses the title, ingredients, and their
quantities. This formulation results in a 12-class
classification problem with four nutrients multiplied
by three color categories.

Task 3: Named-Entity Recognition and Linking.
The NER+NEL task requires systems to identify
food entities in text and link them to ontology con-
cepts (Eftimov et al., 2017; Popovski et al., 2019a;
Cenikj et al., 2020; Stojanov et al., 2021; Cenikj
et al., 2022a; Gjorgjevikj et al., 2025). Two sub-
tasks address different data sources. Task 3.1
(NER+NEL) is performed on two corpora: Scien-
tific Abstracts (SA) containing technical food sci-
ence literature (Cenikj et al., 2022b), and Food
Composition Data (FCD) containing recipe descrip-
tions (Ispirova et al., 2022). Task 3.2 (Artificial NEL)
focuses on pure entity linking with pre-identified en-
tities. In both subtasks, three ontologies have been
considered: FoodOn, SNOMED CT, and Hansard
Taxonomy.

4. Evaluation Metrics

Below we summarize the evaluation framework and
metrics used to measure system effectiveness.

Task 1: Nutrient Estimation Metrics. Nutrient
estimation is evaluated using tolerance thresholds
defined in EU Regulation 1169/2011. A prediction
is considered within tolerance based on specific
rules for each nutrient type (see Table 1). The
accuracy for each nutrient is calculated as the pro-
portion of predictions falling within the tolerance
threshold.
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Task 2: FSA Traffic-Light Metrics. Each
category-color combination is treated as a sepa-
rate class, resulting in 12 classes total. Evaluation
metrics include per-class Precision, Recall, and
F1-Score.

Task 3: NER+NEL Metrics Entity linking is evalu-
ated using two averaging methods. Macro Average
calculates metrics per semantic tag and then aver-
ages them, giving equal weight to each semantic
tag. Weighted Average weights metrics by the num-
ber of ground truth links per semantic tag. For each
averaging method, we report Precision, Recall, and
F1-Score. Entities with multiple tags are evaluated
independently for each entity-link pair (This occurs
due to the semantic nature of the tags (parent–child
hierarchy) or the use of general food groups when
the specific entity is not available).

5. Datasets

This section presents the datasets constructed for
each task and summarizes their main statistics.
Further details on the dataset construction process,
the resources from which the datasets were derived,
and the corresponding train–test splits are available
in (Gjorgjevikj et al., 2026).

Task 1 and Task 2: Recipe Data. The nutrient
estimation and FSA traffic-light datasets are derived
from the Recipe1+ dataset (Marın et al., 2021). Ta-
ble 2 reports the number of QA pairs in the datasets
for Tasks 1 and 2.

Task Training Test
T1.1 – Ingredients Only 58,567 29,648
T1.2 – Title + Ingredients 58,652 29,649
T2.1 – Ingredients Only 58,585 29,578
T2.2 – Title + Ingredients 58,583 29,671

Table 2: Number of QA pairs in the FoodBench-
QA T1 and T2 datasets.

Task 3.1: Natural Text NER+NEL. Two corpora
were provided for the NER+NEL task on natural
text. The Food Composition Data (FCD) contains
997 recipe descriptions with annotated food en-
tities, split into 514 training recipes (51.6%) and
483 test recipes (48.4%) using a stratified split by
recipe categories (Popovski et al., 2019b; Ispirova
et al., 2022). The Scientific Abstracts (SA) corpus
contains 470 scientific abstracts from food science
literature, split into 329 training abstracts (70.0%)
and 141 test abstracts (30.0%) using a random
70/30 split due to high category diversity (Cenikj
et al., 2022b). Both datasets include annotations

for three ontologies: Hansard Taxonomy, FoodOn,
and SNOMED CT.

Task 3.2: Artificial NEL. Three artificial entity
linking datasets were created with pre-identified
food entities. Artificial IR instances were gener-
ated to balance the distribution of food entities
by identifying underrepresented entities for T3.1
and augmenting them until a minimum threshold
of 150 mentions per entity was reached. The
generated instances consist only of NEL instruc-
tion–response pairs linking sampled entity labels
to FoodOn, Hansard, and SNOMED-CT, ensuring
that all ontology entities are observed during fine-
tuning while preventing duplicate examples to avoid
data leakage (more details in (Gjorgjevikj et al.,
2025). The FoodOn NEL dataset is the largest
with 13,492 entries, split into 9,445 training en-
tries (70.0%) and 4,047 test entries (30.0%), con-
taining 587 unique entities of which 42 are rare
entities reserved for zero-shot evaluation. The
SNOMEDCT NEL dataset contains 4,445 entries
with a medical and clinical terminology focus, split
into 3,112 training entries (70.0%) and 1,333 test
entries (30.0%), with 310 unique entities including
30 rare entities. The Hansard NEL dataset con-
tains 1,611 entries with the highest entity diversity,
split into 915 training entries (56.8%) and 696 test
entries (43.2%), featuring 1,082 unique entities of
which 568 (52.6%) are rare entities, providing the
most challenging zero-shot evaluation scenario.

All artificial NEL datasets employ stratified splits
with rare entity protection, ensuring that entities ap-
pearing three or fewer times in the full dataset are
exclusively placed in the test set for zero-shot eval-
uation. Table 3 summarizes the complete dataset
statistics for the NER+NEL subtask.

6. Participating Systems

Five teams registered for FoodBench-QA 2026,
with varying levels of participation across tasks.
The best-ranked team (labeled as Team 1) partic-
ipated in all tasks and submitted the most com-
prehensive set of runs, achieving the best results
across most subtasks. The second-best team (la-
beled as Team 2) also participated in all tasks with
competitive submissions. Team 3 focused on Task
1 (nutrient estimation), while Team 4 and Team
5 participated in the development phase. Partici-
pants were allowed to submit multiple runs to ex-
plore different configurations. The test phase ran
from February 1-9, 2026, with submissions evalu-
ated on the CodaBench platform .

0https://www.codabench.org/
competitions/12112/
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Dataset Total Train Test Unique Ent. Rare Ent.
T3.1.1 – SA (Abstracts) 470 329 141 – –
T3.1.2 – FCD (Recipes) 997 514 483 – –
T3.2.1 – Artificial FoodOn 13,492 9,445 4,047 587 42
T3.2.2 – Artificial SNOMEDCT 4,445 3,112 1,333 310 30
T3.2.3 – Artificial Hansard 1,611 915 696 1,082 568
Total 21,015 14,315 6,700 – –

Table 3: Summary of FoodBench-QA 2026 NER+NEL Datasets.

Applied methodologies. Team 1: For T1, a rule-
based, evidence-grounded pipeline was developed
in which heterogeneous ingredient measurements
were resolved, quantities were standardized un-
der SI standards (NIST SP 811), and interpretable,
recipe-level nutrient values were deterministically
estimated using publicly available resources (USDA
FoodData Central and Recipe1M+). For T2 and T3,
lightweight text-based classification was applied for
FSA traffic-light prediction, and rule-based entity
recognition was employed together with dictionary-
driven ontology linking. Team 2: For T1, nutrient
estimation and entity linking were framed as re-
trieval tasks rather than generative tasks, using TF-
IDF and k-NN to identify the most similar recipes
in the training database. To preserve authentic
nutrient profiles, a conditional routing rule was im-
plemented: when a retrieved recipe was nearly
identical (over 95% similarity), ensembling was by-
passed and the exact nutritional values were di-
rectly adopted. For standard matches below this
threshold, a squared weighted voting mechanism
was applied to ensure that high-confidence neigh-
bors dominated the final prediction. For T2, an iden-
tical retrieval-augmented architecture to T1 was
utilized. TF-IDF vectorization and weighted k-NN
retrieval were applied to predict Food Standards
Agency categories based on the closest neighbors.
The same conditional routing rule was also applied
to bypass ensembling and directly adopt categories
from nearly identical matches (over 95% similarity).
For T3.1 and 3.2 (NER and NEL), a unified Hy-
brid Regex-Dictionary approach was employed for
both Named Entity Recognition and Linking. Re-
call was optimized using an automatic pluralization
engine, while high precision was ensured through
a Longest-Match-First regex strategy to prevent
substring errors. The extracted entities were then
mapped directly to the FoodOn, SNOMED CT, and
Hansard ontologies using a high-precision dictio-
nary, supported by an automated post-processing
pipeline for strict formatting compliance. Team 3:
For T1, multiple modeling strategies were evalu-
ated to estimate recipe-level nutrients from unstruc-
tured ingredient lists, ranging from traditional lexical
matching to large language models. A TF-IDF rep-
resentation coupled with Ridge Regression was

used as a lightweight baseline, providing moder-
ate estimation accuracy with near-instantaneous
inference. To assess deeper semantic modeling,
the DeBERTa-v3 encoder was evaluated, although
its performance was limited by the scarcity of task-
specific training data. In addition, few-shot infer-
ence with large language models (e.g., Gemma-3-
27B) and a hybrid refinement pipeline combining
TF-IDF retrieval with Gemini 2.5 Flash were ex-
plored. These approaches leverage pre-trained
world knowledge to implicitly perform ingredient
disambiguation and unit normalization, achieving
higher accuracy under the strict tolerance criteria
of EU Regulation 1169/2011, albeit at the cost of
increased computational latency. For T2 and T3,
lightweight text-based classification was applied for
FSA traffic-light prediction, while rule-based entity
recognition combined with ontology-based entity
linking was used to map extracted food entities
to controlled vocabularies. Baseline: To assess
whether LLM-based solutions show promising sig-
nals when trained on the data, a previous study re-
ports results for each task (Gjorgjevikj et al., 2026).
However, these results should be interpreted cau-
tiously, as the evaluations were not performed using
identical training and test splits.

7. Results

We present the task-wise results and compare the
performance of the submitted systems.

Task 1: Nutrient Estimation Results. Table 4
presents the results for the nutrient estimation task,
where accuracy represents the percentage of pre-
dictions within EU Regulation 1169/2011 tolerance
thresholds.

The best results were achieved by “Team 1”,
with accuracy rates exceeding 84% for all nutri-
ents when using title and ingredients (T1.2) (see
Figure 1). Adding recipe titles provided marginal im-
provements over ingredients-only predictions, with
the largest gain observed for sugars at 0.06 per-
centage points.
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Task Team Protein Sugars Fat Saturates

T1.1

Team 1 (best) (six entries) 93.44 86.44 84.46 86.18
Team 2 (a single entry) 76.35 69.66 67.45 71.55
Team 3 (two entries) 59.71 43.03 39.21 47.13

T1.2 Team 1 (best) (six entries) 93.57 86.50 84.65 86.26
Team 2 (a single entry) 77.73 71.67 69.28 73.41

Table 4: Task 1 Results: Nutrient Estimation Accuracy (%)
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Task 1 Results: Nutrient Estimation Accuracy (%)

Team 1 (best) Team 2 Team 3

Figure 1: Task 1 results: Nutrient estimation accuracy (%) across participating teams.

Task 2: FSA Traffic-Light Results. Table 5
presents the F1-scores for each nutrient-color com-
bination, showing results for the best-performing
submissions (also see Figure 2). The results show
that green (low) classifications are generally eas-
ier to predict than orange (medium) and red (high)
classifications. The orange category consistently
shows the lowest F1-scores across all nutrients,
suggesting that medium-level classifications are
most challenging. Adding recipe titles improved
classification performance across most categories.
Across both teams, the best overall performance
was achieved by Team 2 in Task 2.1 (notably for
Saturates and Salt), while Team 1 dominated Task
2.2, consistently obtaining the highest F1-scores
across most nutrients and traffic-light classes when
title information was included.

Task 3.1: NER+NEL on Natural Text Results
Table 6 presents the entity linking results for natural
text datasets.

The results demonstrate that SNOMED CT link-
ing achieves the highest F1-scores for both SA and
FCD datasets, followed by FoodOn and Hansard.
The higher precision on FCD compared to SA sug-
gests that recipe text is easier to process than scien-
tific abstracts. Across both subtasks, clear perfor-

mance differences emerge between the two teams.
On T3.1.1 (Scientific Abstracts), Team 1 consis-
tently outperforms Team 2 in terms of Weighted
F1 across all three ontologies, with particularly
strong results for SNOMED CT (F1 = 80.89), where
it achieves both the highest precision and recall.
Team 2 remains competitive in precision, espe-
cially for FoodOn and SNOMED CT, but lower recall
limits its overall F1 performance on this dataset.
In contrast, on T3.1.2 (Food Composition Data),
Team 2 demonstrates stronger overall performance,
achieving the highest Weighted F1 scores for all
three ontologies, including the best overall result
(F1 = 80.89 on SNOMED CT). While Team 1 main-
tains strong recall, particularly for Hansard and
SNOMED CT, Team 2’s higher precision across on-
tologies leads to superior overall F1 performance.
Notably, SNOMED CT emerges as the most robust
ontology across both datasets and teams, consis-
tently yielding the highest scores (see Figure 3).

Task 3.2: Artificial NEL Results. Table 7
presents the entity linking results for the artificial
NEL datasets.

The artificial NEL task shows significantly higher
performance than natural text NER+NEL (see Fig-
ure 4). In Task 3.2 (Artificial NEL), Team 1 clearly
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Figure 2: Task 2 results: FSA traffic-light classification F1-scores across nutrients and teams.

Nutrient Team Green Orange Red
Task 2.1 (Ingredients Only)

Fat Team 1 0.828 0.709 0.791
Salt Team 1 0.875 0.657 0.758
Saturates Team 1 0.851 0.577 0.802
Sugars Team 1 0.860 0.616 0.806
Fat Team 2 0.828 0.750 0.764
Salt Team 2 0.874 0.743 0.768
Saturates Team 2 0.858 0.707 0.814
Sugars Team 2 0.867 0.656 0.693

Task 2.2 (Title + Ingredients)
Fat Team 1 0.856 0.756 0.818
Salt Team 1 0.898 0.718 0.794
Saturates Team 1 0.877 0.647 0.831
Sugars Team 1 0.880 0.687 0.847
Fat Team 2 0.822 0.749 0.765
Salt Team 2 0.866 0.730 0.764
Saturates Team 2 0.857 0.707 0.812
Sugars Team 2 0.866 0.662 0.692

Table 5: Task 2 Results: FSA Traffic-Light F1-
Scores

outperforms Team 2 across all ontologies and eval-
uation metrics. Team 1 achieves substantially
higher recall, particularly for FoodOn (94.80) and
SNOMED CT (98.90), which translates into con-
sistently superior F1 scores. The largest perfor-
mance gap is observed for Hansard, where Team
1 reaches an F1 of 87.75 compared to 56.20 for
Team 2. Although Team 2 remains competitive in
precision—especially for FoodOn and SNOMED
CT—the significantly lower recall limits its overall
effectiveness.

8. Analysis of Results

The following analysis highlights major trends and
insights derived from the experimental results.

Task Difficulty Analysis: The results reveal a
clear hierarchy of task difficulty. Artificial NEL
proved to be the easiest task, with weighted F1-
scores reaching up to 95.75%, benefiting from pre-
identified entities that eliminate the need for en-
tity recognition. Nutrient estimation achieved accu-
racy rates up to 93.57%, leveraging well-defined
tolerance thresholds. FSA traffic-light classifica-
tion showed F1-scores ranging from 0.61 to 0.90,
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Dataset Ontology Team Precision Recall F1
T3.1.1 – Scientific Abstracts (SA)

SA Hansard Team 1 54.11 71.51 60.71
SA Hansard Team 2 47.99 38.38 41.13
SA FoodOn Team 1 74.53 71.48 71.38
SA FoodOn Team 2 75.16 54.23 61.43
SA SNOMEDCT Team 1 83.90 84.34 80.89
SA SNOMEDCT Team 2 83.90 69.40 74.32

T3.1.2 – Food Composition Data (FCD)
FCD Hansard Team 1 74.35 77.06 75.09
FCD Hansard Team 2 81.04 75.60 77.75
FCD FoodOn Team 1 91.15 70.39 77.92
FCD FoodOn Team 2 94.67 69.98 79.01
FCD SNOMEDCT Team 1 91.30 72.65 79.42
FCD SNOMEDCT Team 2 95.10 72.51 80.89

Table 6: Task 3.1 Weighted Results: NER+NEL on Natural Text (Best Submissions)
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Task 3.1 Results: NER+NEL on Natural Text (Weighted Scores)
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Figure 3: Performance evaluation of named entity recognition and linking on natural text: A comparison
across Scientific Abstracts (T3.1.1) and Food Composition Data (T3.1.2).

with orange classifications proving most challeng-
ing across all nutrients. Natural text NER+NEL
emerged as the hardest task with F1-scores up to
80.89%, as it requires both accurate entity recogni-
tion and correct linking to ontology concepts.

Impact of Recipe Titles: Comparing the
ingredients-only subtasks (T1.1 and T2.1) with
the title plus ingredients subtasks (T1.2 and
T2.2) reveals the impact of additional contextual
information. Nutrient estimation showed marginal
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Dataset Ontology Team Precision Recall F1
Task 3 – Natural Text Evaluation

Artificial text Hansard Team 1 90.53 85.89 87.75
Artificial text Hansard Team 2 75.48 45.86 56.20
Artificial text FoodOn Team 1 86.35 94.80 90.04
Artificial text FoodOn Team 2 92.49 64.56 74.71
Artificial text SNOMED CT Team 1 93.07 98.90 95.75
Artificial text SNOMED CT Team 2 93.22 72.01 80.68

Table 7: Task 3.2 Weighted Results: Artificial NEL (Best Submissions).
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Figure 4: Performance analysis of named entity linking on artificially generated text using Hansard,
FoodOn, and SNOMED CT ontologies.

improvements of approximately 0.13 percentage
points for protein and 0.06 percentage points for
sugars. FSA traffic-light classification demon-
strated more substantial improvements, particularly
for red classifications. Recipe titles provide contex-
tual information that helps disambiguate ingredient
interpretations and improve overall prediction
accuracy.

Ontology-Specific Performance: Across both
natural text (scientific abstracts and recipe de-
scription) and artificial NEL tasks, consistent pat-
terns emerged in ontology-specific performance.
SNOMED CT consistently achieved the highest F1-
scores, likely due to more standardized medical
terminology that facilitates accurate entity linking.
FoodOn showed strong performance with good cov-
erage of food items across diverse categories.

Zero-Shot Evaluation: The artificial NEL
datasets were specifically designed with rare
entities (appearing three or fewer times) exclusively
in the test set to enable zero-shot evaluation.
The FoodOn dataset contains 42 rare entities,

SNOMED CT contains 30 rare entities, and
Hansard contains 568 rare entities representing
52.6% of its unique entities. The Hansard dataset
provides the most challenging zero-shot scenario
due to its high proportion of rare entities, testing
systems’ ability to generalize to previously unseen
food terminology.

9. Conclusions and Future Work

FoodBench-QA 2026 established the first
community benchmark for grounded food and
nutrition question answering, attracting five
teams and providing insights into the capabilities
and limitations of current food NLP systems.
It introduced a multi-task evaluation frame-
work for nutrient estimation, FSA classification,
and entity linking, with datasets, evaluation
scripts, and submissions publicly available on
CodaBenchhttps://www.codabench.org/
competitions/12112/ and Zenodo at https:
//doi.org/10.5281/zenodo.17798877.
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11. Ethics Statement and Broader
Impact

Intended Use and Societal Impact. The
FoodBench-QA shared task aims to advance
research in grounded food and nutrition ques-
tion answering, with potential applications in
dietary assessment, public health monitoring, and
personalized nutrition support. By promoting stan-
dardized evaluation benchmarks and transparent
comparison of methods, the task contributes to the
development of reliable AI systems for food and
health-related information processing. However,
the presented systems are intended for research
purposes and should not be used as substitutes
for professional medical or nutritional advice.

Risks and Misuse. Automated nutrient estima-
tion and food classification systems may produce
inaccurate predictions, particularly in cases of in-
complete ingredient information, ambiguous food
descriptions, or unseen entities. Incorrect nutri-
tional estimates or classifications could potentially
mislead users if deployed without appropriate vali-
dation or human oversight. We therefore empha-
size that outputs should be interpreted with caution
and require expert verification in real-world health
or clinical applications.

Data Sources and Privacy. The datasets used
in the shared task are derived from publicly avail-
able resources, including recipe datasets, scientific
abstracts, and food ontologies. These datasets
do not contain personally identifiable information,

and no personal or sensitive user data were col-
lected or processed. The annotation and dataset
construction processes followed standard research
practices to ensure responsible data handling.

Bias and Representation. The datasets primar-
ily reflect food terminology, recipes, and nutritional
standards derived from specific cultural and regu-
latory contexts, including European Union nutrition
regulations and English-language resources. As a
result, the benchmark may not fully represent global
dietary practices, regional cuisines, or multilingual
food descriptions. Systems trained or evaluated
on this benchmark may therefore exhibit reduced
performance for underrepresented food concepts
or cultural contexts.

Reproducibility and Transparency. To pro-
mote transparency and responsible research, all
datasets, evaluation scripts, and submission re-
sults are publicly released through CodaBench and
Zenodo. This enables independent validation, com-
parison of methods, and further research on trust-
worthy food and nutrition AI systems.

12. Limitations

The FoodBench-QA shared task has several limita-
tions that should be considered when interpreting
the results.

First, participation was limited to a small num-
ber of teams, and not all teams submitted results
for every task or subtask. This restricts the diver-
sity of methodological approaches and limits the
generalizability of performance comparisons.

Second, the benchmark focuses on structured
recipe data and curated text corpora, which may
not fully capture the complexity and variability of
real-world food descriptions, informal language, or
multilingual settings.

Third, nutrient estimation is evaluated using
tolerance thresholds defined by EU Regulation
1169/2011, which provide a regulatory evaluation
framework but may not reflect all practical require-
ments for dietary assessment or clinical decision-
making.

Fourth, the artificial named entity linking datasets
simplify the problem by providing pre-identified en-
tities, which do not fully reflect the challenges of
end-to-end information extraction from natural text.

Finally, although the benchmark covers multiple
ontologies, it remains limited to three semantic re-
sources and does not account for the full diversity
of food-related knowledge representations.

Future work should address these limitations
by expanding dataset diversity, increasing partici-
pation, incorporating multilingual and culturally di-
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verse food data, and evaluating systems in real-
world deployment scenarios.
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Abstract

Dosing errors represent an important source of medication-related risk in interventional clinical trials, potentially
affecting both participant safety and the validity of study outcomes. Despite their importance, systematic methods
for predicting dosing error risk from trial design information remain largely unexplored. To address this gap, we
organized the Clinical Trial Dosing Error Benchmark 2026 (CT-DEB’26) shared task, hosted at the CL4Health
workshop at LREC 2026. The task focuses on predicting the risk of dosing errors in interventional clinical trials using
heterogeneous information extracted from ClinicalTrials.gov, including structured protocol metadata and long-form
textual descriptions. The released benchmark dataset contains over 42,000 clinical trial records spanning multiple
study phases and therapeutic areas, annotated with binary labels indicating a significant high rate of dosing errors.
Participants were asked to develop ML models capable of estimating trial-level dosing error risk, evaluated primarily
using the ROC-AUC metric under strong class imbalance. The shared task was conducted in two phases and
attracted 15 submissions in the development stage and 4 submissions in the final evaluation phase. This paper
provides an overview of the shared task, describing the dataset construction, evaluation protocol, and participating
systems. In addition, we present a schema-aware CatBoost baseline that leverages structured trial metadata
and simple textual statistics, achieving ROC-AUC scores of 0.8606 and 0.8624 on the Phase 1 and Phase 2
leaderboards, respectively. We further summarize the approaches proposed by participating teams, which explore
both feature-engineering pipelines and transformer-based text representations. The results highlight the importance
of structured trial design variables and hybrid modeling strategies combining tabular and textual information. Finally,
we discuss limitations of the benchmark and outline future directions for applying natural language processing and
ML to improve medication safety in clinical trial design.

Keywords: clinical trials, medication errors, dosing errors, shared task, clinical NLP, machine learning

1. Introduction

1.1. Clinical Trials

Interventional clinical trials (CTs) constitute the cor-
nerstone of pharmaceutical research and develop-
ment, providing the evidentiary basis for assessing
the safety and efficacy of medicinal products and
interventions. Once the drug discovery research
and pre-clinical animal-based studies are success-
ful, for a candidate medication to reach the market,
regulatory agencies require various phases of clini-
cal studies on human volunteers, each designed to
rigorously evaluate specific aspects of the drug’s
performance and safety profile.

Various regulations such as the (U.S. Food and
Drug Administration, 2024), the (European Parlia-
ment and Council of the European Union, 2014), as
well as the (International Council for Harmonisation
of Technical Requirements for Pharmaceuticals for
Human Use (ICH), 2016) require careful planning of
the CTs prior to their execution in what is known as
CT protocols (Cipriani and Barbui, 2010). Despite
these efforts and the oversight by regulatory agen-
cies, CTs remain costly, lengthy, and specifically
highly failure-prone processes. Various studies es-

timate that no more than 14% of candidate drugs
successfully progress from phase I to market autho-
rization (Wong et al., 2018; Sun et al., 2022), while
CT execution constitutes a major portion of the very
costly (approximately 1.3B$ on the average) drug
R&D life cycle (Wouters et al., 2020; Mulcahy et al.,
2025). These failures are often attributed not only
to the lack of drug efficacy, but also to operational
and procedural deficiencies in trial execution (Mar-
tin et al., 2017). As a result, identifying and mitigat-
ing such inefficiencies early in the trial lifecycle is
of critical importance for cost reduction of clinical
studies and hence the drug prices and eventually
the sustainability of the healthcare systems, as well
as for the safety of participants of these studies.

Towards optimizing CT design, large public
repositories such as ClinicalTrials.gov (CTGov) (Na-
tional Library of Medicine (US), 2000) provide ac-
cess to the past trial protocols and outcomes, en-
abling data-driven methods to estimate trial-level
risks and to identify protocol design factors asso-
ciated with operational failure. This is furthermore
motivated by the advances and success stories
of methods based on Machine Learning (ML) and
Artificial Intelligence (AI) in healthcare. To get a
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better overview of the application of these methods
to trial optimization, the reader is referred to the
recent scoping review by (Teodoro et al., 2025),
where various categories of risk prediction models
are reviewed.

1.2. Dosing Errors

On the other hand, medication errors, and in par-
ticular dosing errors, are among the major sources
of adverse events imposing substantial burden on
healthcare systems (Elliott et al., 2021; Rouhani
et al., 2018; Hodkinson et al., 2020; Tariq et al.,
2018). Within the context of clinical studies, medica-
tion errors can compromise trial validity by biasing
efficacy estimates (Vrijens et al., 2024), jeopardize
participant safety (Tariq et al., 2025), and lead to
regulatory non-compliance or trial termination (Eu-
ropean Medicines Agency, 2023).

Medication errors are defined as failures in the
treatment process that lead to, or have the poten-
tial to lead to, harm to the patient (Aronson, 2009).
Examples of dosing-related medication errors in-
clude incorrect dose amount, frequency, timing, or
administration route.

While medication safety has been extensively
studied in post-marketing and routine clinical care
settings, comparatively little attention has been paid
to the systematic analysis and prediction of dosing
errors occurring during clinical research itself.

Prior work has investigated trial outcome predic-
tion and failure risk estimation using protocol-level
information (Ferdowsi et al., 2023, 2021), as well
as the prediction of adverse drug events from clin-
ical trial data (Yazdani et al., 2025), highlighting
the value of data-driven approaches for assess-
ing trial-level risk. However, as emphasized by the
recent scoping review of (Hêche et al., 2026), ML-
based studies of medication errors have almost
exclusively focused on errors occurring in routine
clinical practice, leaving a notable gap with respect
to errors arising in the conduct of CTs. Addressing
this gap is particularly challenging due to the het-
erogeneity of trial designs, the rarity of documented
dosing errors, and the prevalence of unstructured
textual information in trial protocols and reports.

1.3. Shared Task

To foster community-driven progress on this prob-
lem, we organized the Clinical Trial Dosing Error
Benchmark 2026 (CT-DEB’26), an open shared
task aimed at predicting the risk of dosing errors in
interventional clinical trials using information avail-
able prior to trial initiation. The shared task lever-
ages a large, publicly released dataset derived
from the ClinicalTrials.gov registry, combining struc-
tured trial design variables with long-form textual

descriptions extracted from registry entries and pro-
tocol documents. Participants were invited to de-
velop machine learning models that, given only pre-
initiation protocol information, estimate the probabil-
ity that a trial will exhibit an elevated rate of dosing
errors during its execution. System performance
was evaluated primarily using the area under the
receiver operating characteristic curve (ROC-AUC),
among other complementary metrics.

CT-DEB’26 was hosted on the CodaBench plat-
form (Xu et al., 2022) and conducted in two phases,
supporting model development and subsequent
evaluation on a fully held-out test set. The chal-
lenge was organized as part of the CL4Health
workshop at LREC 2026 and aims to establish a
reusable benchmark for studying dosing error pre-
diction in clinical trials.

This paper provides an overview of the CT-
DEB’26 shared task. We first describe the dataset
construction process and the prediction task formu-
lation in Section 2. We then present the challenge
setup in Section 3, including the task definition and
evaluation protocol. Section 4 summarizes the sub-
mitted systems and presents a baseline model. Fi-
nally, Section 5 discusses the main findings and
directions for future research.

2. Dataset

2.1. Data Source and Trial Selection
The CT-DEB’26 shared task is based on the ct-
dosing-errors-benchmark dataset (Hêche
et al., 2026) derived from completed and terminated
interventional clinical trials registered at the CTGov
registry (National Library of Medicine (US), 2000),
which was the main source of the raw data used
due to its scale, standardized reporting, as well as
its regulatory relevance. The dataset was curated
to support trial-level prediction of dosing error risk
using only information available prior to the trial
initiation, thereby reflecting realistic deployment
conditions for prospective risk assessment.

Trials were selected according to predefined in-
clusion criteria, including interventional study de-
sign, availability of reported results, and a docu-
mented completion date. Restricting the dataset
to completed or terminated trials ensures that dos-
ing error outcomes can be derived from finalized
adverse event reports, while enabling temporally
coherent dataset splitting. A total of 42,112 trials
satisfied these criteria and were included in the full
dataset.

The dataset is publicly released on the Hugging
Face Hub1. A detailed account of the dataset

1The shared-task dataset is available at
https://huggingface.co/datasets/
sssohrab/ct-dosing-errors-benchmark. A
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Feature Avail. Mean Min Max
enrollmentCount 100% 263.81 1 864,493
numArms 100% 2.33 0 43
numInterventions 100% 2.48 1 44
numLocations 100% 22.88 0 1,611

Table 1: Summary statistics of numerical features.

construction pipeline, feature engineering, label-
ing methodology and splitting strategy is provided
in the companion paper (Hêche et al., 2026). Below
we provide a summary as is relevant for the shared
task.

2.2. Features
For each trial, a heterogeneous set of features was
extracted, comprising numerical, categorical, and
textual variables. Structured features describe core
aspects of trial design and logistics, such as trial
phase, enrollment size, intervention configuration,
allocation and masking strategies, sponsor and
oversight information, and characteristics of treat-
ment arms and interventions.

In addition to structured variables, the dataset
includes multiple free-text fields drawn from registry
entries and protocol-related documents, such as
brief summaries, detailed descriptions, arm and
intervention descriptions, and, when available, text
extracted from protocol PDF files. Approximately
42% of trials contain long-form textual descriptions,
which often encode nuanced procedural details
relevant to medication administration and dosing.
As a result, effective utilization of unstructured text
constitutes a central challenge of the benchmark.

To ensure consistency and reproducibility, all
features were validated and parsed using struc-
tured data schemas with tools such as the Pydan-
tic library (Pydantic AI), or Python’s standard data
types, such as the enumerated data structures
(Enum) (Python Software Foundation). Notably,
this results in categorical variables constraint to
predefined value sets and would later facilitate ML-
related feature engineering. These schemas were
created according to the structures defined in CT-
Gov’s instructions.

Tables 1, 2, 3, and 4 provide summary statis-
tics for the numerical, textual, categorical, and list-
valued categorical features, respectively.

Notably, among the textual fields, proto-
colPdfText is both the sparsest and by far the
longest, reflecting the partial availability of full pro-
tocol documents and the substantial additional pro-

more detailed version with additional risk categories is
available at https://huggingface.co/datasets/
ds4dh/ct-dosing-errors. The source code used
to reproduce these datasets is available at https:
//github.com/ds4dh/CT-dosing-errors.

cedural detail they contain when present.
Overall, the dataset combines structured numer-

ical and categorical protocol descriptors with multi-
ple free-text fields of highly variable length, yielding
a multimodal benchmark for trial-level dosing error
prediction.

2.3. Outcome Labeling and Dataset
Splits

The prediction target is a binary variable indicating
whether a trial exhibited an unusually high rate of
dosing errors during its execution. Labels were de-
rived from adverse event (AE) reports available in
the ClinicalTrials.gov registry, which are coded us-
ing the Medical Dictionary for Regulatory Activities
(MedDRA, version 27.1) (MedDRA Maintenance
and Support Services Organization, 2025).

To identify dosing-related events, MedDRA cate-
gories associated with overdosing, underdosing,
and medication-use errors were used as entry
points in the MedDRA hierarchy. The descendant
terms under these categories were reviewed by clin-
ical pharmacology experts to retain only concepts
specifically related to dosing errors. The resulting
set of curated terms was then matched against the
reported adverse events of each clinical trial.

For each study, dosing-related events were ag-
gregated across all trial arms to estimate a trial-level
dosing error rate based on the number of affected
participants relative to the population at risk. A trial
was labeled as positive when the lower bound of
the 95% Wilson confidence interval of this rate ex-
ceeded a predefined threshold. Given the rarity of
dosing errors and the pharmacovigilance practice
of treating low-frequency events as potential safety
signals (Beninger, 2020), a conservative threshold
of 0.01% was adopted.

Using this procedure, approximately 4.6% of tri-
als in the dataset were labeled as positive, resulting
in a highly imbalanced classification problem that
reflects the low prevalence of dosing errors in clini-
cal research. A detailed description of the labeling
workflow is provided in the companion dataset pa-
per (Hêche et al., 2026).

The dataset was partitioned into training, valida-
tion, and test splits using a chronological strategy
based on trial completion dates. This approach
mitigates duration-related selection bias and pro-
vides a realistic estimate of prospective model per-
formance. For the shared task, participants were
provided with labeled training data and a validation
set with masked labels during Phase 1, followed by
an unlabeled test set for final evaluation in Phase 2.
Table 5 summarizes key statistics of the dataset.
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Field Availability (%) Mean chars Median chars Median words
allocation 99.62% 8.46 10 1
armDescriptions 99.40% 388.24 223 37
briefSummary 100% 502.40 338 50
conditions 100% 39.21 23 3
conditionsKeywords 63.94% 81.17 59 7
detailedDescription 61.93% 1,610.83 1,151 175
interventionDescriptions 100% 286.18 177 27
interventionModel 99.67% 9.34 8 1
interventionNames 100% 82.72 63 8
locationDetails 94.38% 1,310.26 123 22
protocolPdfText 42.33% 223,247.14 186,043 26,122

Table 2: Summary statistics of textual fields.

Feature Avail. #Cat. Categories
healthyVolunteers 99.93% 2 FALSE, TRUE

masking 99.82% 5 NONE, SINGLE, DOUBLE,
TRIPLE, QUADRUPLE

oversightHasDmc 87.82% 2 FALSE, TRUE

primaryPurpose 99.06% 10 TREATMENT, PREVEN-
TION, DIAGNOSTIC,
ECT, SUPPORT-
IVE_CARE, SCREENING,
HEALTH_SERVICES_RESEARCH,
BASIC_SCIENCE, DE-
VICE_FEASIBILITY,
OTHER

sex 99.98% 3 ALL, FEMALE, MALE

Table 3: Features with categorical values.

Feature Avail. #Cat. Categories
armGroupTypes 99.40% 6 EXPERIMENTAL,

ACTIVE_COMPARATOR,
PLACEBO_COMPARATOR,
SHAM_COMPARATOR,
NO_INTERVENTION,
OTHER

interventionTypes 100% 11 DRUG, DEVICE, BIO-
LOGICAL, PROCEDURE,
RADIATION, BEHAV-
IORAL, GENETIC, DI-
ETARY_SUPPLEMENT,
COMBINA-
TION_PRODUCT,
DIAGNOSTIC_TEST,
OTHER

phases 99.99% 6 NA, EARLY_PHASE1,
PHASE1, PHASE2,
PHASE3, PHASE4

Table 4: Features with list of categorical values.

3. CT-DEB’26

The Clinical Trial Dosing Error Benchmark 2026
(CT-DEB’26) was organized as an open shared task
with the goal of benchmarking ML approaches for
predicting dosing error risk in interventional clinical
trials. The challenge was hosted on the CodaBench
platform2 and is part of the CL4Health workshop at
LREC 2026. Emphasis was placed on reproducibil-
ity, transparency of methodology, and realistic eval-
uation of prospective trial-level risk prediction.

3.1. Task Definition
Participants were tasked with predicting, for each
clinical trial protocol in the dataset, the probabil-

2https://www.codabench.org/

Statistic Value
Total trials 42,112
Training set 29,478
Validation set 6,316
Test set 6,318
Positive label prevalence 4.62%
Trials with protocol PDF text 42%

Table 5: Overview of the CT-DEB dataset.

ity that the trial would exhibit an elevated rate of
dosing errors during its execution. Formally, given
a feature vector xi describing trial i, models were
required to estimate a scalar probability ŷi ∈ [0, 1]
corresponding to the likelihood of the positive class,
wheras the prediction target was a binary label as
described in Section 2.

Submissions consisted exclusively of trial-level
probability estimates, one per trial, identified by the
unique ClinicalTrials.gov identifier (nctid). Par-
ticipants were free to use any modeling approach,
including classical ML, deep learning, or hybrid
methods, provided that predictions were generated
locally and only inference outputs were submitted
for evaluation.

3.2. Challenge Phases

CT-DEB’26 was conducted in two sequential
phases. During Phase 1 (validation phase), par-
ticipants were provided with labeled training data
and a validation set in which the target labels were
masked. This phase was intended to support
model development, hyperparameter tuning, and
exploratory analysis, while preventing leaderboard
overfitting. Fifteen teams submitted valid predic-
tions during this phase.

Phase 2 (test phase) evaluated generalization
performance on a held-out test set with no re-
leased labels. Leaderboards remained hidden dur-
ing the active phase and were revealed only after
the submission deadline. Four teams submitted
final predictions during Phase 2, two of which (AL-
Smadi, 2026; Hamnett et al., 2026) subsequently
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contributed full technical papers to the CL4Health
workshop.

3.3. Evaluation Protocol
Submitted predictions were evaluated by compar-
ing the estimated probabilities against the ground
truth labels on the hidden validation or test sets.
The primary evaluation metric used for leaderboard
ranking was the area under the receiver operating
characteristic curve (ROC-AUC), which evaluates
the ability of a model to rank positive instances
above negative ones independently of a fixed deci-
sion threshold. Given the strong class imbalance of
the dataset, additional metrics such as sensitivity,
specificity, macro-F1, balanced accuracy, and Brier
score were also reported to provide complementary
perspectives on model performance.

In addition to ROC-AUC, several secondary met-
rics were reported for descriptive purposes, includ-
ing macro-averaged F1 score, sensitivity, specificity,
and balanced accuracy. These metrics provide
complementary insights into model behavior under
different operating points, particularly with respect
to minority-class detection.

All submissions were executed locally by partic-
ipants, and only prediction files in a standardized
CSV format were uploaded to the platform. No train-
ing or inference was performed on the CodaBench
servers.

4. Results

4.1. Baseline
An official baseline was established to provide a
reference point for the CT-DEB’26 shared task and
to contextualize participant submissions. The base-
line model is based on a CatBoost classifier (Doro-
gush et al., 2018) trained on the structured compo-
nents of the dataset, with explicit handling of het-
erogeneous feature types derived from the dataset
schema.

Schema-aware feature grouping: The dataset
released for the shared task exposes a structured
schema through the Hugging Face dataset inter-
face, which specifies the semantic type of each
feature (e.g., numerical value, categorical label,
or sequence of labels). The baseline pipeline au-
tomatically parses this schema and partitions the
input variables into four groups: (i) numerical fea-
tures (e.g., enrollment counts, number of arms,
and number of interventions), (ii) scalar categorical
features corresponding to controlled vocabularies
(e.g., primary purpose, masking strategy, or partici-
pant sex), (iii) list-valued categorical features rep-
resenting multi-label protocol attributes (e.g., trial

phases, intervention types, or arm group types),
and (iv) free-text fields extracted from registry en-
tries and protocol documents. This automatic rout-
ing ensures that each feature type is processed
using a transformation compatible with its underly-
ing structure.

Feature preprocessing. Numerical variables are
used directly as scalar inputs. Scalar categorical
variables are encoded using one-hot representa-
tions derived from their predefined vocabularies.
List-valued categorical variables are transformed
using multi-hot encoding, where each possible cat-
egory is represented by a binary indicator reflect-
ing its presence within a given trial. Textual fields
are intentionally processed using a minimal repre-
sentation rather than deep linguistic models: each
string-valued field is converted into a single numeric
feature corresponding to its character length. This
applies both to long-form narrative fields (e.g., trial
summaries or protocol descriptions) and shorter
string-valued registry attributes. This design choice
keeps the baseline lightweight while emphasizing
the predictive signal contained in structured trial
metadata rather than relying on semantic modeling
of protocol text.

Model training: The resulting tabular feature ma-
trix is used to train a CatBoost classifier (Doro-
gush et al., 2018), a gradient-boosted decision tree
model designed for heterogeneous tabular data.
CatBoost was selected because of its strong em-
pirical performance on structured datasets and its
ability to handle categorical features efficiently. The
model is trained on the official training split, with pre-
dictions expressed as probabilities for the positive
class (elevated dosing error risk). These proba-
bilities are used directly for evaluation using the
ROC-AUC metric specified by the shared task.

The baseline therefore establishes a strong tab-
ular reference point against which more complex
multimodal approaches incorporating deep text rep-
resentations can be evaluated.

Baseline performance: Despite its relatively sim-
ple design, the CatBoost baseline achieved strong
performance and ranked first in both phases of the
challenge. On the Phase 1 (validation) leaderboard,
the baseline obtained an ROC-AUC of 0.8606, with
a macro-F1 score of 0.6291 and a balanced accu-
racy of 0.7062. On the Phase 2 (test) leaderboard,
it achieved an ROC-AUC of 0.8624, with a macro-F1

score of 0.6276 and a balanced accuracy of 0.7291.
These results indicate that a schema-aware tabular
learning approach already captures a substantial
portion of the signal relevant for trial-level dosing
error risk prediction, highlighting the importance of
structured trial design variables.
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4.2. Submissions
Participation overview: The shared task at-
tracted 15 official submissions during Phase 1 and
4 submissions during Phase 2.

Leaderboard summary: In Phase 1, several sub-
missions achieved ROC-AUC scores close to that
of the baseline, with the best non-baseline entry
reaching 0.8599.

In Phase 2, the highest-ranking non-baseline
submission achieved an ROC-AUC of 0.8466, fol-
lowed by a submission with a ROC-AUC of 0.8231.

Tables 6 and 7 present the official leaderboards
for Phases 1 and 2, respectively, sorted by ROC-
AUC.

Submissions with accompanying papers: Two
submissions were accompanied by technical pa-
pers presented at the CL4Health workshop, offering
complementary methodological perspectives.

ALSmadi (AL-Smadi, 2026): This submission
adopts a feature-engineering–driven approach cen-
tered on gradient-boosted decision trees (Light-
GBM) trained on a high-dimensional representa-
tion of trial text. The authors construct a 3,451-
dimensional feature space combining: (i) sparse
lexical features (TF-IDF word unigrams and char-
acter n-grams), (ii) dense sentence embeddings
(all-MiniLM-L6-v2) (Reimers and Gurevych, 2019;
Wang et al., 2020), (iii) domain-inspired pattern
features capturing dosing units, routes of admin-
istration, dosing frequency expressions, dose ad-
justments, and related cues, and (iv) scalar proba-
bility scores produced by fine-tuned transformer
classifiers (BiomedBERT (Gu et al., 2021) and
DeBERTa-v3 (He et al., 2021)). The model is
trained using a stratified 5-fold ensemble with class-
weighted loss to address the severe class imbal-
ance of the dataset. Through systematic ablation
experiments, the authors show that sentence em-
beddings contribute the largest individual perfor-
mance gain, while sparse lexical features remain
strongly complementary despite the presence of
modern embedding methods. Their analysis further
reveals that feature selection can improve predic-
tive performance: restricting the model to the top
500–1000 most informative features yields slightly
higher cross-validation ROC-AUC than using the
full feature space, suggesting that aggressive fea-
ture selection acts as a regularization mechanism
in the high-dimensional setting. Excluding the base-
line, the corresponding participant ranked first in
both phases (ROC-AUC: 0.8599 in Phase 1; 0.8466
in Phase 2).

Hamnett et al. (Hamnett et al., 2026): This
submission investigates domain-specific trans-
former encoders as the primary mechanism for

representing protocol text and compares several
biomedical language models, including Clinical-
BERT (Alsentzer et al., 2019), PubMedBERT (Gu
et al., 2021), BioBERT (Lee et al., 2020), and
MedCPT (Jin et al., 2023). The authors embed
multiple CT textual fields (e.g., brief summary, de-
tailed description, arm and intervention descrip-
tions) using mean-pooled transformer representa-
tions, then combine these embeddings with one-
hot encoded categorical trial design variables (in-
cluding intervention model, allocation, oversight,
and phase). The resulting representations are
evaluated using a range of downstream classi-
fiers and neural architectures—including logistic
regression and support vector classifiers, gradient-
boosting models (XGBoost/LightGBM), and feed-
forward networks with residual connections. The
authors also explore the role of class weighting in
mitigating the strong class imbalance present in
the dataset. Across their experiments, BioBERT
yielded the strongest text representations among
the evaluated encoders, whereas concatenating
embeddings from multiple transformer models did
not provide additive gains in their experimental set-
ting. Excluding the baseline, the corresponding
submission ranked second in Phase 2 (ROC-AUC:
0.8231).

Methodological observations: Although the two
submissions adopt different modeling paradigms,
they share several common design choices. First,
both approaches combine textual representations
with structured trial metadata derived from Clinical-
Trials.gov registry records.

Second, both studies confirm that classical ML
models such as gradient boosting remain highly
competitive for this task, achieving performance
comparable to more complex neural architectures
when trained on sufficiently informative representa-
tions. Finally, both systems emphasize the comple-
mentary roles of lexical and semantic text features:
sparse textual cues (e.g., domain-specific vocabu-
lary or dosing expressions) and dense contextual
embeddings capture different aspects of protocol
descriptions and together contribute to improved
predictive performance. These findings illustrate
the diversity of viable modeling strategies for the CT-
DEB’26 task and suggest that hybrid approaches
combining structured trial metadata with semanti-
cally rich text representations constitute a promising
direction for future research.

Observed performance characteristics:
Across both phases, submissions exhibited diverse
operating behaviors, with some models favoring
conservative predictions with very high specificity
and others prioritizing sensitivity to detect a larger
fraction of trials with elevated dosing error risk.
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Submission ROC-
AUC

F1
(macro) Sensitivity Specificity Bal. Acc. Brier score Rank

Baseline 0.8606 0.6291 0.4950 0.9174 0.7062 0.0747 -
(AL-Smadi, 2026)_475872 0.8599 0.5166 0.0301 0.9990 0.5146 0.0434 1
IDEAMCVG_459849 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
ahajighasem_449348 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
kzan25_460627 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
uccaeid_480109 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
mshamani_459802 0.8555 0.5204 0.8528 0.7037 0.7783 0.1885 6
5Gmodels_459893 0.8495 0.5076 0.8729 0.6789 0.7759 0.2001 7
MLtests_465716 0.8490 0.5425 0.7960 0.7497 0.7728 0.1629 8
msha25_465724 0.8489 0.5206 0.8294 0.7088 0.7691 0.1791 9
TCVG_465640 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
alha35_465681 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
mehla40_465693 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
IAU CV team_465636 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
farhankhan_462617 0.8426 0.5157 0.7960 0.7078 0.7519 0.1796 14
yanhh_zry_474851 0.5000 0.4879 0.0000 1.0000 0.5000 0.0473 15

Table 6: Official Phase 1 (validation) leaderboard for CT-DEB’26, sorted by ROC-AUC.

Submission ROC-
AUC

F1
(macro) Sensitivity Specificity Bal. Acc. Brier score Rank

Baseline 0.8624 0.6276 0.5676 0.8906 0.7291 0.0865 -
(AL-Smadi, 2026)_530456 0.8466 0.5072 0.0235 0.9963 0.5099 0.0466 1
(Hamnett et al., 2026)_510369 0.8231 0.5010 0.8588 0.6529 0.7559 0.1838 2
MLtests_511064 0.5000 0.4862 0.0000 1.0000 0.5000 0.0538 3
5Gmodels_511131 0.5000 0.4862 0.0000 1.0000 0.5000 0.0538 3

Table 7: Official Phase 2 (test) leaderboard for CT-DEB’26, sorted by ROC-AUC.

This diversity is visible in the leaderboard. For ex-
ample, the (AL-Smadi, 2026) submission achieves
extremely high specificity but very low sensitivity
in both phases (Phase 1 sensitivity: 0.0301;
Phase 2 sensitivity: 0.0235), indicating a highly
conservative strategy that flags very few trials as
high risk. In contrast, the (Hamnett et al., 2026)
submission favors sensitivity (Phase 2 sensitivity:
0.8588) at the expense of specificity (0.6529),
reflecting a more aggressive detection strategy that
identifies most positive trials while producing more
false positives. While ROC-AUC served as the
primary ranking metric, the additional evaluation
measures provide complementary perspectives on
model behavior under different operating points.
Overall, the results illustrate that CT-DEB’26
supports meaningful comparison of modeling
strategies ranging from schema-aware tabular
baselines to text-centric and hybrid approaches.

4.3. Discussion and Lessons Learned

The results of the CT-DEB’26 shared task highlight
several important observations regarding the pre-
diction of dosing errors from clinical trial protocols.

First, the strong performance of the CatBoost
baseline demonstrates that a substantial portion of
the predictive signal is already captured by struc-
tured trial metadata and high-level protocol descrip-

tors. Despite relying only on simple statistics de-
rived from textual fields and schema-aware pro-
cessing of tabular variables, the baseline achieved
the highest ROC-AUC in both phases. This sug-
gests that features related to trial design (e.g., in-
tervention types, masking strategy, study phase,
and enrollment characteristics) contain meaningful
information about the operational complexity of a
trial and therefore about the potential risk of dosing
errors.

Second, the submissions illustrate complemen-
tary modeling paradigms for leveraging the rich
textual information contained in trial documenta-
tion. The feature-engineering approach of ALS-
madi (AL-Smadi, 2026) demonstrates that care-
fully constructed lexical and semantic representa-
tions combined with gradient-boosted models can
effectively capture dosing-related patterns in pro-
tocol descriptions. In contrast, the work of Ham-
nett et al. (Hamnett et al., 2026) emphasizes the
role of biomedical transformer models for produc-
ing contextualized text embeddings. Despite these
methodological differences, both approaches con-
firm that hybrid models combining structured trial
variables with textual representations provide the
most promising direction for this task.

Third, the leaderboard results highlight the im-
portance of considering multiple evaluation met-
rics when analyzing system behavior under strong
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class imbalance. While ROC-AUC served as the
primary ranking metric because it evaluates the
ability of models to discriminate between positive
and negative trials independently of a fixed decision
threshold, the additional metrics provide important
complementary perspectives. For example, some
submissions achieved high ROC-AUC values while
exhibiting extremely low sensitivity, indicating highly
conservative prediction strategies that identify only
a small fraction of trials with elevated dosing error
risk. Conversely, other systems achieved higher
sensitivity but substantially lower specificity, leading
to larger numbers of false positive predictions. The
Brier score further provides insight into the calibra-
tion quality of probabilistic predictions by measuring
how closely predicted probabilities align with ob-
served outcomes. Such calibration properties may
be particularly relevant for potential downstream
use of these models in risk assessment or decision-
support settings.

Despite these encouraging results, several lim-
itations of the current benchmark should be ac-
knowledged. The dataset is derived from publicly
available ClinicalTrials.gov registry entries and as-
sociated protocol documents, which provide only
a partial view of the full operational complexity of
clinical trials. In practice, dosing errors may arise
from detailed procedural instructions, investigator
decisions, or site-level deviations that are not fully
captured in registry metadata. Moreover, the binary
formulation of the task collapses potentially hetero-
geneous types of dosing errors into a single label,
whereas real-world scenarios may require distin-
guishing between different categories of protocol
deviations (e.g., incorrect dose amount, timing de-
viations, or administration route errors). As a result,
the benchmark should be viewed primarily as a
proxy task for studying trial-level risk signals rather
than as a complete operational detection system.

Another challenge concerns the difficulty of inter-
preting model predictions in a regulatory or clinical
quality assurance context. While gradient-boosting
models allow feature importance analysis, the influ-
ence of textual features remains difficult to interpret
at a semantic level. Developing explainable ap-
proaches that identify specific protocol elements
or linguistic patterns associated with dosing error
risk would be an important step toward practical
deployment.

These observations suggest several directions
for future research. One promising avenue is the
application of more advanced natural language
processing techniques to extract structured dosing
instructions directly from full protocol documents.
For example, information extraction systems could
identify dosage amounts, schedules, administration
routes, and protocol modification rules from long-
form protocol PDFs with non-uniform structures,

enabling more fine-grained modeling of dosing com-
plexity. Another direction involves the systematic
study of feature importance and model explain-
ability, including techniques such as SHAP analy-
sis (Lundberg and Lee, 2017) or attention-based
attribution methods, to better understand which as-
pects of trial design contribute most strongly to pre-
dicted risk. Finally, future datasets could incorpo-
rate richer supervision signals, including multi-class
taxonomies of medication errors or annotations of
specific protocol deviations, enabling models that
move beyond binary risk prediction toward more
actionable clinical insights.

Overall, the CT-DEB’26 shared task provides a
first benchmark for studying dosing error prediction
from clinical trial protocols and highlights both the
promise and the challenges of applying ML to this
safety-critical problem.

5. Conclusions

This paper presented an overview of the CT-
DEB’26 shared task on predicting dosing errors
in interventional clinical trials. The task introduced
a new benchmark dataset derived from ClinicalTri-
als.gov that combines structured trial design vari-
ables with long-form textual protocol descriptions.
By framing dosing error prediction as a ML problem,
the challenge aimed to stimulate research at the in-
tersection of clinical trial methodology, medication
safety, and natural language processing.

The shared task attracted a diverse set of mod-
eling approaches. While the official baseline relied
on a schema-aware tabular learning pipeline us-
ing structured trial metadata, participating teams
explored complementary strategies incorporating
richer textual representations, including large-scale
feature engineering pipelines and transformer-
based biomedical language models. The results
demonstrate that structured trial design features al-
ready provide substantial predictive signal for iden-
tifying trials at risk of dosing errors, while textual
representations can provide complementary infor-
mation about protocol details and dosing instruc-
tions.

Another important direction concerns model in-
terpretability and explainability. In order for predic-
tive models to be used in clinical trial planning or
quality assurance settings, it is essential to under-
stand which aspects of trial design contribute most
strongly to predicted dosing error risk. Techniques
for feature attribution and explainable ML may there-
fore play a key role in translating predictive models
into actionable insights for trial designers and regu-
latory stakeholders.

Finally, advances in natural language process-
ing offer opportunities to extend this benchmark
by extracting more detailed dosing-related infor-
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mation from full protocol documents. Methods for
structured information extraction from long proto-
col PDFs could enable richer representations of
dosing schedules, administration rules, and proto-
col modifications. Such developments would move
beyond trial-level risk prediction toward automated
identification of potential dosing issues during the
early design stages of clinical studies.

Overall, CT-DEB’26 represents a step toward the
development of data-driven methods for improving
medication safety in clinical research. We hope
that the dataset, baseline models, and shared task
results will provide a useful foundation for future
work on ML methods supporting safer and more
efficient clinical trial design.
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Abstract

Case Report Forms (CRFs) are structured instruments widely used in clinical research to systematically collect
patient information according to predefined protocols. In practice, CRFs are often manually completed by clinicians
based on patients’ clinical reports, a process that is time-consuming and prone to inconsistencies. Despite their
central role in medical studies, automatic population of CRFs from clinical narratives remains largely underexplored
in the Natural Language Processing community, partly due to the scarcity of publicly available datasets. In this
paper, we present the CRF Filling Shared Task, organised at the CL4Health Workshop at LREC 2026, which aims to
advance research on automatic extraction of structured clinical information from unstructured patient notes. The task
consists of assigning the correct value to a set of predefined CRF items given a clinical note. The target dataset is
derived from a real-world CRF for dyspnea assessment, comprising 134 medical items with predefined value sets.
The task is provided in two languages, Italian and English. We describe the dataset, the task formulation, and the
evaluation framework, and discuss the participating systems and their results. By introducing this shared task, we
aim to stimulate research on clinically applicable NLP systems for structured data extraction in healthcare.

Keywords: case report form, shared task, medical information extraction, medical question answering

1. Introduction

Case Report Forms (CRFs) are structured data col-
lection instruments used in clinical research to sys-
tematically record patient information. They are a
fundamental tool in medical practice and research:
clinicians use structured forms in Emergency De-
partments during patient admission, physicians
rely on them to monitor specific conditions, and
researchers use them to identify and character-
ize eligible patients for clinical studies (Richesson
and Nadkarni, 2011; Bellary et al., 2014). By stan-
dardising how information is collected and rep-
resented, CRFs improve efficiency through nor-
malisation and structured documentation, and en-
hance effectiveness by providing a clear, organised
overview of available clinical data (Pétavy et al.,
2019; Rinaldi et al., 2025; Lin et al., 2015). With
the rapid progress of Natural Language Processing
(NLP) methods, interest in automatic CRF filling has
grown, as researchers explore whether automating
this time-consuming task can help streamline clini-
cal data collection and support medical research
workflows (Mac Kenzie et al., 2016). Gutiérrez-
Sacristán et al. (2024) were among the first to
propose an automatic population of case report
forms from clinical notes based on NLP techniques,
while Crema et al. (2024) introduced the usage of
Large Language Models for the task, by designing
a BERT-based approach that frames the task as
extractive question asnwering. These studies have
opened a promising research direction with signifi-
cant potential impact in real-world clinical settings,
where substantial time is spent manually complet-

ing CRFs based on patients’ clinical notes. How-
ever, the applied methods do not explore the full set
of state-of-the-art NLP approaches, which remain
largely underexplored. Furthermore, the mentioned
approaches do not release any dataset that can be
used to advance research in the field. For these
reasons, we propose the CRF Filling Shared Task,
hosted at the CL4Health Workshop at LREC 2026,
to foster the development of systems capable of au-
tomatically populating CRFs from clinical notes (an
intuitive example of the task is shown in Figure 1).
We combine a set of data sources, spanning from
manually annotated CRFs from emergency depart-
ment settings (Kaczmarek et al., 2026) to semi-
automatically annotated examples from scientific
literature and medical exams (Ferrazzi et al., 2025),
and more than two thousand manually selected
unannotated clinical notes from those presented
in Ferrazzi et al. (2026). All datasets are released
through our HuggingFace organization account1.
In this paper, we present an overview of the Shared
Task task, including the provided datasets, a brief
description of the best systems proposed by each
of the 12 participating teams, selected from the 32
valid test submissions. Moreover, we discuss the
results by comparing submissions and identifying
observed trends and similarities.

1https://huggingface.
co/collections/NLP-FBK/
crf-filling-sharedtask-cl4health2026
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Figure 1: Example of the CRF filling task. Given a clinical note describing a patient’s history and medical
conditions, the task is to automatically fill a predefined list of medical items based on the note’s content.

2. Task Description

The Dyspnea CRF consists of a list of 134 medical
items that can assume different values. The task
consists of assigning the correct value to each item
given a patient’s clinical note.
As an example, the item "chronic pulmonary dis-
ease" has to be filled with a value from "certainly
chronic", "certainly not chronic", "possibly chronic".
Whenever the note does not provide sufficient ev-
idence, the correct output is "unknown", which is
always considered a valid answer.

The task is available in two languages: Italian
and English. Multilingualism is intended to encour-
age the development of robust methods applica-
ble across languages and diverse clinical settings,
while also reflecting the linguistic variability of real-
world healthcare data.

Participants are provided with an HuggingFace
collection with all the data2, the CodaBench por-
tal for systems’ results submission3, and a GitHub
repository for local evaluation during development4.

3. Datasets

The development of systems to automatically per-
form CRF filling is hampered by a lack of annotated
data. This happens because manual annotation
of clinical notes requires expert medical doctors,
who are not often available for annotation tasks,
given the workload in healthcare settings. Never-
theless, other sources can be leveraged to design
systems that perform the task. For this reason, the

2https://huggingface.
co/collections/NLP-FBK/
crf-filling-sharedtask-cl4health2026

3https://www.codabench.org/
competitions/11984/

4https://github.com/hltfbk/
CRF-filling-CL4Health2026

data we propose as training set combine (i) few
gold-standard examples of the actual task at hand;
(ii) much more unannotated data from the same
data distribution, which experts did not annotate;
and (iii) some annotated examples of tasks with
some degrees of similarity with the task at hand,
but not identical or coming from the same data dis-
tribution. Then, to train systems to fill the Dyspnea
CRF, participants are provided with three datasets:

• 10 gold-standard pairs of clinical notes with
manually filled Dyspnea CRF. These are in-
tended to showcase the task. They can be
used for few-shot settings, a base for data aug-
mentation, etc.

• 2667 unannotated clinical notes about pa-
tients with Dyspnea. These are intended to
provide participants with knowledge about the
target data distribution.

• 71 (80 for Italian) pairs of clinical notes and
semi-automatically annotated CRF. These
are intended as examples of how the CRF fill-
ing task can be performed in domains other
than Dyspnea.

The gold-standard pairs are the ones that de-
scribe the task at hand, while the unannotated clin-
ical notes about Dyspnea patients and the semi-
automatically annotated pairs are provided as extra
data, potentially helpful in solving the task, but not
strictly necessary. Development and test can be
performed on two gold-standard datasets of 80 and
200 clinical notes, respectively, coming from the
same source as the 10 provided for training (Kacz-
marek et al., 2026).

Gold-standard The gold-standard dataset (Kacz-
marek et al., 2026) is comprises (i) clinical notes
reporting patients’ history and (ii) the manually an-
notated Dyspnea CRF, a list of 134 medical items
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filled by medical doctors, designed to capture clini-
cal information in the setting of an Emergency De-
partment (ED). For each clinical note, medical doc-
tors from the eCREAM European Project have man-
ually filled the 134 CRF items.
The clinical notes (10 for training, 80 for develop-
ment, and 200 for testing) refer to patients of the
San Giovanni Bosco hospital in Turin (Italy) who
went to the emergency department with Dyspnea
(a respiratory condition that involves shortness of
breathing). All notes have been anonymized to
preserve privacy according to the ethical protocol
defined in the context of the eCREAM European
Project. All information that could identify patients,
such as family members, locations, names, and
phone numbers has been replaced by placeholders.
The notes come from different sources inside the
Emergency Department, including anamnesis re-
ports, triage records, nursing care notes, specialist
consultation notes, medical visit reports, diagnostic
reports, and discharge summaries.
Each CRF item is associated with a predefined la-
bel space that reflects the type of information to
be extracted. If the note does not contain the in-
formation required to fill an item, its filling value is
set to "unknown". The most common label types
include: (i) binary categorical labels (e.g., yes/no,
positive/negative, present/absent), (ii) ordinal la-
bels, typically used to indicate whether a measure-
ment falls below, within, or above the normal range
(e.g., body temperature can be hypothermic, nor-
motermic, hypertermic), and (iii) for those clinical
tests whose outcomes require contextual interpre-
tation, the filling value can be "measured" if it has
been collected, "unknown" otherwise.
The dataset is characterized by a high imbalance
towards "unknown" values. More than 90% of
the items are annotated with such label, as the CRF
is designed to collect all the potentially relevant in-
formation, while patients’ notes often report just a
small fraction of them.

Gold-standard data distribution On average,
each gold-standard note contains 5.7 annotated
items, although the distribution is uneven: some
notes include more than 15 annotated items, while
around 20% (58/290) contain none. The average
length of the notes is 131 words, with some outliers
reaching up to 400 words. Note length also varies
across document types, with triage and discharge
records typically shorter than others.

Coverage of the CRF is partial, with approxi-
mately three-quarters of the items annotated at
least once in the dataset. The annotations also ex-
hibit characteristic properties of clinical documenta-
tion. In particular, redundancies are common, with
28% of notes containing repeated annotations of
the same item with identical values, while a small

proportion (0.8%) includes multiple assignments of
the same item with differing values. These patterns
do not reflect annotation errors, but rather the lon-
gitudinal and sometimes evolving nature of clinical
information.

Unannotated Notes We provide a set of 2667
unannotated clinical notes of patients with Dysp-
nea as additional source of knowledge about this
medical condition. These notes are a manually se-
lected subset from the much larger dataset of clini-
cal cases presented in Ferrazzi et al. (2026), which
contains 1.9M anonimyzed clinical notes from the
emergency department of the San Giovanni Bosco
hospital, Turin (Italy).

Semi-automatic CRFs As a further resource to
enhance task understanding at training time, we in-
clude the semi-automatically generated CRFs pro-
posed in Ferrazzi et al. (2025). There, we proposed
a methodology to convert medical datasets curated
for Named Entity Recognition into annotated CRF
filling data by (i) creating shared lists of items for
clinically similar notes, and (ii) automatically filling
each item utilizing the available manual annotation
information. We utilise the dataset composed of
71 Italian and 80 English notes. Such notes are
grouped into clusters (7 for Italian, 8 for English)
based on patients’ histories and conditions. Each
cluster of notes is associated with a cluster-specific
CRF that contains medical items relevant to the
cluster itself. For this reason, these items do not
necessarily overlap with the target Dyspnea CRF
ones, but are intended as a means to learn the CRF
filling task, regardless of the medical characteris-
tics.

Data Translation The clinical notes collected
from the San Giovanni Bosco hospital are in Italian,
while the semi-automatic ones are both in Italian
and English. As we aim to propose a multilingual
task which includes both Italian and English, we
translated the clinical notes into English, following
two different approaches. The gold-standard clini-
cal notes have been manually translated into En-
glish by professional translators, while the unanno-
tated clinical notes have been automatically trans-
lated into English using GPT-5. For the automatic
approach, we evaluate the translation quality via
back-translation (Rapp, 2009). Such a method
involves translating the target text back into Ital-
ian and comparing the original version with the
back-translated one. While this process may com-
pound errors across translation steps, prior work
has shown that back-translation scores correlate
with human judgments and provide a practical proxy
for translation quality (Zhuo et al., 2023). We com-
pare the back-translated text with the source uti-
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lizing four metrics, showcasing good translation
quality (COMET, CHRF (Popović, 2015), CHRF++
(Popović, 2017), and BERTScore (Zhang et al.,
2020)). We report the results in Table 1. The
prompt utilized for automatic translation can be
found in the Appendix.

Metric Score
BERTScore 91.8
COMET 79.7
chrF 71.9
chrF++ 68.3

Table 1: Back-translation evaluation metrics for the
unannotated 2667 notes (Italian to English via GPT-
5).

4. Evaluation

Model predictions are evaluated by comparing them
to the ground truth label for each CRF item, using
exact match as the evaluation criterion. The most in-
tuitive metric for CRF filling would then be accuracy,
calculated by comparing the filling value prediction
to the ground truth for each item in the CRF among
all clinical notes. This would quantify how many
item values are filled correctly across the dataset.
Nevertheless, the labels distribution is highly imbal-
anced among items, with more than 90% of them
being labelled as "unknown". For this reason, a sys-
tem that always predicts such a value would result
in extremely high performances, which would not
adequately represent reality. Therefore, we utilise
macro-F1 as the primary evaluation metric instead.
This choice rewards systems that properly assign
rare values, balancing the distribution-shift effect.
For instance, a rare label is "short", which can only
be assigned to two CRF items, "duration of patient’s
consciousness recovery" and "duration of patients’
unconsciousness". A system that does not learn to
correctly assign this label will be penalised as much
as a system that consistently misses the "unknown"
label. This choice allows to identify systems that
are capable of identifying less frequent, clinically
informative outcomes.

Baseline The baseline we select to tackle the
task is an LLM (Qwen3-8B without thinking by Yang
et al. (2025)) prompted via 2-shot. For each clinical
note, we prompt the LLM as many times as CRF
items exist (i.e., 134 times), providing (i) the clinical
note, (ii) the CRF item, (iii) two examples. The
examples are selected from the training set, and
always refer to the same item as the target one.
The prompt is presented in Appendix.
The baseline achieves a macro-F1 of 47.0 and 53.9
in the English and Italian test sets, respectively,

5. Task Results

In this section, we report the performances of the
various participating systems on the task. Table 2
shows the results for the best valid test submissions
for English, while Table 3 for Italian. We present
the results highlighting whether a system uses any
closed-source LLM or not. While this does not rep-
resent a limitation of any kind with respect to the
shared task, we believe it is useful to understand
how submissions that only rely on open-source sys-
tems behave with respect to closed-source ones,
as they can be locally deployed in healthcare insti-
tutions.
The team that achieved the best performance on
both Italian and English is Aurum, who divides the
134 items into 14 groups, and optimizes a Chain-of-
Thought prompt for each group using Qwen3-Max.
The best system relying on open-source models for
English is MdL, which leverages an entity recogni-
tion step before prompting Qwen3-8B via 1-shot.
For Italian, the best performing system with open-
source models was proposed by the Polimi team,
which divided the items into three groups based on
the options labels, and prompt Mistral-small-
3.2-24B-Instruct with a prompt including a
glossary of abbreviations, followed by impactful
postprocessing.
In Table 4 we report the comparison of the results
on Italian and English for those submissions that
handled both languages. It can be seen that sys-
tems perform better in English.

Team name CS Macro-F1
Aurum ✓ 68.3
DocUA ✓ 62.8
Gladiators ✓ 59.7
MdL 57.1
NM ✓ 55.7
SEBIS 55.3
DocUA 54.4
Jovian_Tech ✓ 52.4
Greyc 48.1
Innov8rs ✓ 47.1
BASELINE 47.0
LTRC-CRF 38.3

Table 2: Results for English test. "CS" refers to the
system using any closed-source model.

6. Submissions

In this section, we provide an overview of the ten
submissions received through the Test Phase of
the CodaBench portal, together with a detailed de-
scription. We report a summary of some relevant
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Team Name CS Macro-F1
Aurum ✓ 67.2
Polimi 63.5
DocUA ✓ 57.0
NM ✓ 55.6
BASELINE 53.9
Innov8rs 44.7
LTRC-CRF 29.4

Table 3: Results for Italian test. "CS" refers to the
system using any closed-source model.

Team Name Macro-F1
IT EN δ δ%

Aurum 67.2 68.3 -1.1 -2%
DocUA 57.0 62.8 -5.8 -9%
NM 55.6 55.7 -0.1 0%
Innov8rs 44.7 47.1 -2.4 -5%
LTRC-CRF 29.4 38.3 -8.9 -23%

Table 4: Side-by-side comparison of the Macro-F1
scores for the Italian and English datasets. The
delta columns show the difference in scores and
the percentage drop from English to Italian.

dimensions common among submissions in Ta-
ble 5.

SEBIS SEBIS proposes a two-stage pipeline for
CRF filling based on MedGemma-27B. Their ap-
proach separates the task into two steps: first, pre-
dicting the presence of the information associated
with each CRF item, and then extracting the corre-
sponding value when applicable. This decomposi-
tion is designed to reduce hallucinations and limit
over-interpretation by enforcing closer grounding
in the clinical text. The system relies on few-shot
prompting without model fine-tuning.

Gladiators Gladiators proposes a hybrid system
that combines Claude-4.6-Opus with rule-based
post-processing. The LLM is used as the primary
extractor with deterministic prompting (zero tem-
perature), while the prompt design emphasises
key extraction rules through repetition to increase
the model’s attention to frequently occurring clin-
ical variables. A set of post-processing rules ad-
dresses common extraction issues, including Uni-
code normalisation for medical subscripts, regular-
expression-based extraction of vital signs, and ex-
plicit handling of symptom negation. Additional
checks verify treatments based on the presence of
action verbs to reduce false positives. The system
adopts a conservative strategy by defaulting to un-
known in the absence of explicit textual evidence.

Innov8ors Innov8ors adopts a large language
model ensemble approach. For the English track,
they combine Gemini 2.5 Flash and Llama 3.3 70B,
using a dynamic few-shot prompting strategy in
which in-context examples are selected based on
TF-IDF similarity to the input note. For the Italian
track, the system relies on Llama 3.3 70B with static
few-shot examples derived from the gold training
data. To mitigate hallucinations, the authors intro-
duce a precision-oriented filtering mechanism cali-
brated on the development set, which suppresses
predictions for CRF items with historically high false-
positive rates. This strategy is designed to improve
overall macro-F1 performance by favoring precision
on difficult items. Nevertheless, they experience
that this filtering does not generalize to the test set.

Jovian_Tech Jovian_tech employs a few-shot
prompting approach based on Claude Haiku 4.5 to
automatically populate Dyspnea CRFs from clinical
notes. Their system uses three gold-standard ex-
amples as in-context demonstrations to guide the
extraction of the 134 CRF variables. The prompt
design emphasizes conservative predictions and
strict adherence to the predefined value sets for
each item. The pipeline includes text normalization
of the input notes, LLM-based extraction, and vali-
dation of the predicted values against the allowed
option sets. The approach favors unknown predic-
tions in the absence of explicit textual evidence,
reflecting the sparsity of relevant information in clin-
ical reports.

NM NM proposes a two-stage pipeline combin-
ing extraction and verification. In the first stage, a
few-shot prompted Gemini 3 Flash Preview model
populates CRF fields directly from the clinical note,
prioritizing recall but generating a number of false
positives. In the second stage, LLaMA4 Maver-
ick 17B model reviews both the original note and
the preliminary CRF output to verify each predic-
tion and remove unsupported or ambiguous en-
tries. This sequential strategy aims to balance cov-
erage and precision by retaining only values that
are clearly supported by the source text.

Aurum Aurum presents a modular extraction
framework implemented with DSPy, decomposing
the 134 CRF items into 14 domain-specific extrac-
tors (e.g., medical history, lab values, treatments,
vital signs). Each module is defined through a typed
DSPy signature with chain-of-thought reasoning,
enabling targeted extraction within a specific clinical
subdomain rather than relying on a single mono-
lithic prompt. The prompts were iteratively refined
through error analysis to reduce systematic false
positives and negatives. The system uses Qwen3-
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Rank Team Grouped CS Pipeline FP/FN trade-off Few-shot Post-proc Extra data
1 Aurum ✓ ✓ ✓ ✓
2 Polimi ✓ ✓ ✓ ✓
3 DocUA ✓ ✓ ✓ ✓ ✓
4 Gladiators ✓ ✓ ✓ ✓
5 MdL ✓ ✓ ✓
6 NM ✓ ✓ ✓ ✓
7 SEBIS ✓ ✓ ✓
8 Jovian_tech ✓ ✓ ✓ ✓
9 Greyc ✓ ✓ ✓
10 Innov8ors ✓ ✓ ✓ ✓ ✓

Table 5: Revised overview of system design choices across participating teams. Checkmarks indicate
only explicitly supported evidence from system descriptions. Blank cells denote insufficient or implicit
evidence. Grouped refers to the fact that multiple items have been grouped together into one single
prompt; CS to the usage of closed-source models in the submission; Pipeline to the concatenation of
multiple steps (instead of a single LLM call); FP/FN trade-off to whether the submission analyses and tries
to optimize the trade-off between generating as few False Positives as possible, at the cost of generating
more False Negatives; Few-shot if at any step, few shots are provided as examples; Post-proc refers
to the presence of deterministic post-processing on the predictions; Extra data for the use of a dataset
other than the gold-standard.

Max (Thinking) as the underlying model and per-
forms consistently across both languages.

MdL MdL adopts a two-step approach combining
rule-based detection with LLM-based normalization.
First, relevant CRF item categories are identified
through synonym matching and entity recognition
using the GliNER model, with synonyms compiled
from the training set to capture common variants
and acronyms. Predictions from both methods are
merged to select the most relevant item categories
and filter out those likely to be unknown. In the sec-
ond step, the selected items and the clinical note
are provided to a Qwen 8B model through a struc-
tured prompt to normalize the extracted information
and assign the appropriate CRF values according
to predefined rules.

Polimi Polimi focuses on the Italian track. After
evaluating several configurations, their best sys-
tem uses Mistral-small-3.2-24B-Instruct in a zero-
shot setting with three specialized prompts tailored
to different item types (binary, categorical, and
measured variables). The prompts incorporate a
glossary of clinical abbreviations automatically ex-
tracted from the unlabeled notes. In addition, rule-
based post-processing is applied to items with low
recall but identifiable textual patterns. The system
was tuned on the development set and tends to fa-
vor conservative predictions, producing more false
negatives than false positives.

Greyc Greyc proposes a modular LLM-based
framework consisting of three components: a rewrit-
ing model, an extractor, and a judging model. The
rewriting stage reformulates the clinical note with re-
spect to each CRF item, aiming to highlight relevant
information. A second LLM then extracts candidate
values using a k-shot prompting strategy, while a
third LLM acts as a judge to verify whether sufficient
textual evidence supports the prediction, defaulting
to unknown otherwise. While the rewriting stage
improves recall, it also increases false positives,
which the judging step attempts to mitigate through
a more conservative verification process.

DocUA DocUA introduces LLM StructCore, a two-
stage system combining schema-guided reason-
ing with deterministic post-processing. In the first
stage, Mistral Large 3 (675B) generates structured
JSON summaries using a set of schema-guided
reasoning patterns designed to ensure consistent
output structure. In the second stage, deterministic
rules perform canonicalization, vocabulary normal-
ization, and mapping to standardized medical con-
cepts through UMLS, along with evidence-based
checks to reduce false positives. This hybrid design
combines LLM-based extraction with rule-based
normalization to produce structured CRF outputs.

7. Discussion

The participating systems reveal several emerg-
ing trends in approaches to automatic CRF fill-
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ing from clinical notes. All submissions rely on
large language models (LLMs), often combined
with structured prompting strategies and multi-steps
pipelines to improve reliability and reduce halluci-
nations. Almost all submissions identify as main
challenge the high sparsity of the data, given that
around 95% of the CRF items’ labels are set to un-
known, and analysed the trade-off between False
Positives and False Negatives. Only one sub-
mission (Polimi) utilized data other than the gold-
standard set, achieving the best results for Italian,
and the best results overall without using closed-
source models.

Conservative prediction strategies. Many sys-
tems adopt conservative strategies to avoid halluci-
nations, frequently defaulting to the unknown value
unless clear textual evidence is present. Overall,
participants observed that LLMs always tend to fill
items with values other than unknown even when
explicit information is not present in the clinical note.
Many teams present the task as a trade-off between
generating as few False Positives (FP) as possible,
while accepting to generate some False Negatives
(FN).
For instance, Innov8ors introduce a development-
set calibrated filter that suppresses predictions for
items with historically many FP, which results in
too much bias towards the development set. NM
reports that open-weight models tend to reduce FP,
being more conservative than closed-source coun-
terparts. Greyc show that their judging component
eliminates a large portion of FP but also removes a
substantial number of true positives. Aurum design
works at a prompt level, achieving a 92% reduc-
tion of FP, at the cost of a 30% increase of FN.
Polimi observed that LLM-based verification is not
as effective as rule-based postprocessing driven
by pattern finding in the original clinical notes.

Multi-stage pipelines. All teams decomposed
the task into multiple stages. For example, SEBIS
and NM employ a two-step approach, separating
extraction from verification. In these pipelines, a
first model predicts candidate values for CRF items,
while a second model verifies whether the predic-
tions are supported by the clinical note. Similarly,
Greyc proposes a three-component architecture in-
volving a rewriting step, an extraction stage, and a
judging model that validates the predictions against
the original note. These designs consistently aim
to improve precision by filtering unsupported pre-
dictions.

Prompt engineering and task decomposition.
Prompt design plays a key role in several submis-
sions. SEBIS show through ablation studies that
few-shot prompting improves performance and that

separating the prediction of item presence from
value extraction further increases reliability. In-
nov8ors dynamically select in-context examples
based on TF-IDF similarity to the input note, while
Jovian_tech demonstrate the feasibility of predict-
ing all CRF items simultaneously using a small set
of fixed few-shot examples. Other teams explored
task decomposition strategies. Aurum divide the
CRF into domain-specific extractors implemented
through DSPy signatures with chain-of-thought rea-
soning, enabling targeted extraction across clini-
cal subdomains. Polimi instead design specialized
prompts for different categories of items (binary,
categorical, and measured variables), while Greyc
employ k-shot prompting in an item-wise extraction
framework. Overall, these approaches highlight
how prompt design and task structuring can sig-
nificantly influence extraction performance in CRF
filling, and few-shot being an effective approach.

Hybrid LLM and rule-based systems. Several
systems combine LLM predictions with rule-based
post-processing. Polimi, for instance, augment
prompts with a glossary of clinical abbreviations
automatically extracted from unlabeled notes and
apply pattern-based rules for items with identifiable
textual cues. Gladiators similarly integrate rule-
based components to address systematic extrac-
tion errors, including regular-expression extraction
of vital signs, Unicode normalization for medical
symbols, and explicit handling of symptom nega-
tion. DocUA adopts a comparable hybrid design,
combining LLM-based extraction with determinis-
tic post-processing for canonicalization, vocabu-
lary normalization, and mapping to standardized
medical concepts. These approaches highlight the
continued value of domain knowledge and man-
ual analysis of clinical text when designing reliable
extraction pipelines.

8. Conclusion

In this paper, we presented an overview of the
CRF filling Shared Task. A number of insights
emerge across submissions. Overall, the task is far
from being saturated, with the best performing sys-
tem reaching a score of 68.3 and 67.1 for English
and Italian respectively. Not surprisingly, systems
powered by closed-source models perform better
than open-source ones. Nevertheless, the gap
can be significantly reduced by post-processing
approaches based on manual or semi-automatic
mappings. This highlights the importance of in-
depth analysis of the dataset characteristics.

All participants faced the trade-off between preci-
sion and coverage, with systems that aggressively
reduce false positives often sacrifice recall. To ad-
dress this challenge, several teams report that man-
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ual analysis of difficult items and targeted prompt
or rule adjustments can yield measurable improve-
ments, suggesting that future work may benefit
from more fine-grained modeling of item-specific
extraction patterns.

Overall, the shared task results indicate that while
LLMs provide a strong baseline for CRF filling, ro-
bust performance often requires hybrid architec-
tures combining prompting strategies, verification
steps, and domain-specific post-processing.

9. Limitations

The main limitation of the Shared Task relies on
the size of the gold-standard dataset. Overall, it
comprises 290 clinical notes from a single Italian
hospital. Future work should focus on increasing
the size and diversifying the sources.
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A. Appendix

A.1 Translation Prompt
Here is the system prompt utilized for automatic
translation of the unannotated clinical notes:

You are a clinical-grade transla-
tion model specialized in emergency-
department notes. Translate all text
from Italian → English.

## Requirements

• Preserve all medical facts, nu-

meric values, units, abbrevia-
tions, and dates.

• Maintain the structure and con-
ciseness typical of ED notes
(headings, bullet points, line
breaks).

• Use professional clinical English,
not patient-friendly language.

• Do not summarize, interpret, add,
infer, or remove information.

• Translate abbreviations to their
standard English ED equivalents
when unambiguous (e.g., PA → BP,
FC → HR). If ambiguous, leave
them unchanged.

• If a term is unclear, leave it
unchanged.

• The notes have been anonymized:
if you find terms such as
NOME_PERSONA, LUOGO, PARENTE,
NUM_TELEFONO leave them un-
changed.

## Output
Return a json file with the English
translation:
{
"translation":
"<full translated text here>"
}

This is the user prompt:

Translate the following ED note from
Italian to English according to the
system instructions: note

A.2 Baseline Prompt

Here we report the prompts used for the 2-shot
Qwen3-8B baseline for both Italian and English.

System prompt:

You are a helpful medical assistant
that extracts information in clinical
notes based on patient history.
Items must be filled with one of the
valid values.
If the information is not explicitly
stated in the clinical note, answer
’unknown’.

User prompt:
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Here is the patient history:
< < <{clinical_note}> > >

Fill this item: {item}

Valid values are: {valid_values}

254



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 255–267
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Overview of the ArchEHR-QA 2026 Shared Task on Grounded
Question Answering from Electronic Health Records

Sarvesh Soni, Dina Demner-Fushman
Division of Intramural Research

National Library of Medicine, National Institutes of Health, Bethesda, MD, USA
sarvesh.soni@nih.gov, ddemner@mail.nih.gov

Abstract
We present an overview of the ArchEHR-QA 2026 Shared Task on grounded question answering from electronic
health records (EHRs), organized at the CL4Health Workshop at LREC 2026. The 2026 task decomposes grounded
EHR question answering (QA) into four complementary subtasks: question interpretation, evidence identification,
answer generation, and evidence alignment. We evaluated submitted systems for the text-generation subtasks
(question interpretation and answer generation) using lexical, semantic, and grounding-sensitive automatic metrics,
and for the evidence-centric subtasks (evidence identification and evidence alignment) using precision, recall, and F1.
The shared task received 198 submitted runs from 43 teams, and 17 teams additionally provided system descriptions
for this overview. The highest-ranked systems differed across subtasks, and gains over the organizer baseline were
largest on the evidence-centric subtasks. Across submitted system descriptions, prompt-based large language
model (LLM) pipelines were dominant, whereas task-specific fine-tuning was rare; retrieval, self-consistency, and
ensembling were especially common in the strongest evidence-centric systems. In this paper, we describe the task
design, data, evaluation protocol, baselines, participation, official results, and common system characteristics, and
discuss implications for developing clinically faithful and transparent QA systems.

Keywords: grounded question answering, electronic health records, clinical natural language processing,
question reformulation, evidence attribution, shared task evaluation

1. Introduction

Patients frequently contact their healthcare
providers with questions about diagnoses, treat-
ments, test results, and events documented in
their electronic health records (EHRs) (Tai-Seale
et al., 2017). Patient messaging is also a sub-
stantial contributor to clinician burden (Yan et al.,
2021; Martinez et al., 2024). From a clinical
natural language processing (NLP) perspective,
responding to a patient question from the EHR
can be decomposed into four related steps:
identifying the patient’s core information need,
locating answer-bearing clinical evidence, drafting
an answer, and linking the answer back to the
supporting evidence. Systems that assist with
any subset of these steps could reduce clinician
burden while improving transparency.

Clinicians often find it challenging and time-
consuming to process patient messages that are
long, verbose, and emotionally charged (Lanham
et al., 2018). Patients often ask longer questions,
and as a result, prior work has studied summa-
rization of consumer health questions that can
be answered from general medical knowledge
(Ben Abacha et al., 2021). However, comparatively
less work has focused on reformulating patient-
authored narratives into patient-specific clinical
questions that can then be answered from the pa-
tient’s EHR (Soni and Demner-Fushman, 2025b).

EHR-grounded response drafting also requires

effective evidence identification. Because EHRs
contain large amounts of heterogeneous patient
information, finding the specific note sentences
needed to answer a question is time-consuming
(Koopman et al., 2015; Nijor et al., 2022). Although
clinical information retrieval has been studied ex-
tensively, much of that literature concerns retrieval
across patients or documents rather than extrac-
tion of patient-specific answer evidence within an
individual patient’s EHR (Sivarajkumar et al., 2024).

Finally, clinicians prefer QA systems whose an-
swers can be verified against clinical evidence (Kell
et al., 2024). Grounding (linking text back to the
source evidence that supports it) is therefore a cen-
tral requirement for trustworthy clinical QA (Chandu
et al., 2021). In the present setting, grounding
should allow a clinician to inspect which parts of the
EHR support each answer sentence, regardless
of whether the draft answer was generated by a
model, authored by a clinician, or jointly produced.

To study these interdependent capabilities, we
organized the ArchEHR-QA 2026 Shared Task1 as
part of the CL4Health Workshop at LREC 2026.
This is the second ArchEHR-QA shared task. The
2025 edition, organized at the BioNLP Workshop
at ACL 2025, focused on end-to-end answer gen-
eration with citations to supporting note sentences
(Soni et al., 2025). In contrast, the 2026 edition de-
composes grounded EHR QA into four complemen-

1archehr-qa.github.io
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tary subtasks: question interpretation, evidence
identification, answer generation, and evidence
alignment. This decomposition permits a more fine-
grained evaluation of the capabilities required for
grounded response drafting. In this paper, we de-
scribe the task design, data, evaluation protocol,
baseline, participation, official results, and obser-
vations from the submitted systems.

2. ArchEHR-QA 2026 Task
Description

ArchEHR-QA 2026 consists of four subtasks: Ques-
tion Interpretation, Evidence Identification, Answer
Generation, and Evidence Alignment. Table 1
presents a running example illustrating the inputs
and reference outputs for all four subtasks.

2.1. Subtask 1: Question Interpretation
Subtask 1 frames question interpretation as a
constrained reformulation task. Given a free-text
patient-authored question, the system must pro-
duce a concise clinician-interpreted question that
captures the patient’s core clinical information need.
The target output is a single well-formed question
phrased as the type of query a clinician would sub-
mit to an intelligent EHR system when preparing
a response. To preserve the focus on concise re-
formulation, outputs were limited to 15 words and
were expected to avoid unsupported clinical addi-
tions. In the running example, the reference output
is the clinician-interpreted question shown in Ta-
ble 1. The clinician-interpreted question provides a
concise reformulation of the patient’s core informa-
tion need. For the downstream subtasks, however,
we provided both the original patient-authored ques-
tion and the clinician-interpreted question, since the
two forms may contain complementary information,
and participants could draw on either or both.

Given the patient question, the clinician-
interpreted question, clinical specialty labels, and a
sentence-segmented clinical note excerpt, the sys-
tem must identify the note sentences that provide
the evidence needed to answer the question.

2.2. Subtask 2: Evidence Identification
Subtask 2 frames evidence identification as
sentence-level evidence selection. Given the pa-
tient question, the clinician-interpreted question,
clinical specialty labels, and a sentence-segmented
clinical note excerpt, the system must identify the
note sentences that provide the evidence needed
to answer the question. The target output is a set of
sentence IDs corresponding to evidence that is suf-
ficient for answering the question. This subtask em-
phasizes identification of essential evidence while

discouraging unnecessary or only tangentially re-
lated sentences. The reference evidence set for
the running example is shown in Table 1.

2.3. Subtask 3: Answer Generation

Subtask 3 frames answer generation as grounded
response drafting. Given the patient question, the
clinician-interpreted question, clinical specialty la-
bels, and the clinical note excerpt, the system must
generate a concise answer supported by the note.
Answers were limited to 75 words, roughly corre-
sponding to a short paragraph of up to five sen-
tences. We selected this limit based on preliminary
baseline experiments and prior work suggesting
that paragraph-length answers are generally pre-
ferred by users (Lin et al., 2003; Jeon et al., 2006).
Reference answers were written in a professional
clinical register and grounded in the note content,
without unsupported speculation. Unlike Subtask 2,
this subtask does not provide identified evidence
sentences as input; instead, it evaluates answer
generation directly from the note excerpt rather than
from a pre-filtered evidence set. This keeps the task
focused on grounded answer generation, which
still requires locating relevant information within the
note, while allowing teams to use evidence iden-
tified by their own systems, including predictions
from Subtask 2. The reference answer for the run-
ning example is shown in Table 1.

2.4. Subtask 4: Evidence Alignment

Subtask 4 frames grounding as sentence-level
answer-to-evidence alignment. Given the ques-
tion context, clinical specialty labels, a sentence-
numbered clinical note excerpt, and an answer to
be grounded, the system must predict which note
sentence(s) support each answer sentence. The
target output is therefore a set of mappings from an-
swer sentences to note sentence IDs. These align-
ments are many-to-many: one answer sentence
may be supported by multiple note sentences, and
one note sentence may support multiple answer
sentences. Answer sentences without direct sup-
port may be assigned an empty evidence set. For
the shared task, we intentionally used the clinician-
authored reference answer as the input answer for
this subtask. This design isolates the alignment
problem from answer-generation errors and en-
ables straightforward automatic evaluation against
gold answer-to-evidence mappings. It also pro-
vides a controlled setting for developing methods
that may later be extended to system-generated
answers in end-to-end pipelines. In the running ex-
ample, the gold output is the set of sentence-level
answer-to-evidence mappings shown in Table 1.
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ArchEHR-QA Patient Case
PQ Patient question: I just wrote about my dad given multiple shots of lasciks after he was already so swelled his

shin looked like it would burst open. Why would they give him so much. He was on oxygen and they took him off of
the higher flow rate.

CQ Clinician-interpreted question: Why was he given lasix and his oxygen flow rate was reduced?

SP Clinical specialty label(s): Cardiology

NOTE Clinical note excerpt:
1: Acute diastolic heart failure: Pt developed signs and symptoms of volume overload with shortness of breath,
increased oxygen requirement and lower extremity edema. 2: Echo showed preserved EF, no WMA and worsening
AI. 3: CHF most likely secondary to worsening valvular disease. 4: He was diuresed with lasix IV, intermittently on
lasix gtt then transitioned to PO torsemide with improvement in symptoms, although remained on a small amount of
supplemental oxygen for comfort.
5: Respiratory failure: The patient was intubated for lethargy and acidosis initially and was given 8 L on his
presentation to help maintain his BP’s. 6: This undoubtedly contributed to his continued hypoxemic respiratory
failure. 7: He was advanced to pressure support with stable ventilation and oxygenation. 8: On transfer to the CCU
patient was still intubated but off pressors. 9: Patient was extubated successfully. 10: He was reintubated transiently
for 48 hours for urgent TEE and subsequently extubated without adverse effect or complication.

REL Note Sentence Relevance Annotations: [1, 4, 5, 6]→ essential; [3, 7]→ supplementary

ANS Reference answer (clinician-authored): A1: The patient was given Lasix for acute diastolic heart failure
with symptoms including shortness of breath and lower extremity edema. A2: The patient was given 8 liters of fluid
to help maintain his blood pressure which contributed to his respiratory failure. A3: After the patient’s heart failure
was treated with Lasix, he showed improvement in shortness of breath and his oxygen requirement, and he only
needed to remain on a small amount of oxygen for comfort.

ALN Answer to Note Sentence Alignments: A1→ [1, 4] A2→ [5, 6] A3→ [4]

ST1: Question interpretation
Inputs: PQ Patient question. Target output: CQ Clinician-interpreted question.

Sample system response (good): Why were multiple doses of Lasix given despite decreased oxygen requirements?
Sample system response (bad – generic/malformed): Lasix dosage protocol for severe edema with oxygen therapy?

ST2: Evidence identification
Inputs: PQ Patient question; CQ clinician-interpreted question; SP clinical specialty label(s); NOTE clinical note.
Target output: REL Note Sentence Relevance Annotations

Sample system response (missing key evidence; P 1.00, R 0.50, F1 0.67): [1, 4]

Sample system response (over-inclusive; P 0.50, R 1.00, F1 0.67): [1, 4, 5, 6, 7, 8, 9, 10]

ST3: Answer generation
Inputs: PQ Patient question; CQ clinician-interpreted question; SP clinical specialty label(s); NOTE clinical note.
Target output: ANS Reference answer.

Sample system response (bad – generic/not grounded):
Lasix is commonly used to remove excess fluid when patients are swollen or having trouble breathing, and oxygen
can often be reduced once breathing improves. Changes in oxygen flow usually reflect better respiratory status.
Sample system response (ok – some grounding but mostly generic):
He had fluid overload from heart failure, so Lasix was used to reduce swelling and shortness of breath. It also
reports improvement after diuresis, with only a small amount of supplemental oxygen needed for comfort.

ST4: Evidence alignment
Inputs: PQ Patient question; CQ clinician question; SP specialty; NOTE clinical note; ANS reference answer.
Target output: ALN Answer to Note Sentence Alignments

Sample response (under-citing; P 0.75, R 0.60, F1 0.67): A1: → [1]. A2: → [5]. A3: → [4,5].
Sample response (over-citing; P 0.50, R 1.00, F1 0.67): A1: → [1,4,5]. A2: → [5,6,7]. A3: → [1,4,6,7].

Table 1: Example showing an ArchEHR-QA patient case and the corresponding inputs and target outputs
for all four subtasks, with representative sample system responses.
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Dev (n=20) Test (n=100) Test-2026 (n=47)

Mean word count
Patient question 85.2 92.3 94.1
Clinician question 10.8 10.6 10.4
Note excerpt 320.8 380.4 497.2
Clinician answer 73.6 72.4 72.7

Mean note sentences
Total 21.4 26.0 34.0
Essential 6.0 (28.3%) 6.6 (25.3%) 9.7 (28.6%)
Supplementary 1.3 (6.1%) 5.5 (21.3%) 6.9 (20.4%)
Not relevant 14.1 (65.7%) 13.9 (53.4%) 17.3 (51.0%)

Table 2: Dataset statistics by split. Values are mean word counts for text fields and mean sentence
counts for note relevance categories; percentages denote proportions of note sentences within each split.
Test-2026 is the official test split for Subtasks 1–3; Subtask 4 uses both Test and Test-2026.

3. Data Description

ArchEHR-QA 2026 builds on the ArchEHR-QA
dataset introduced in prior work (Soni and Demner-
Fushman, 2026). That work describes the dataset
creation process, including the annotation schema
and guidelines. The dataset contains patient cases
drawn from intensive care and emergency depart-
ment settings with hospitalization-related ques-
tions. Table 1 shows one illustrative example. The
dataset pairs patient-authored questions, inspired
by real patient information needs expressed in pub-
lic health forums, with sentence-segmented clinical
note excerpts derived from the MIMIC database.
Each data instance is referred to as a patient
case. Each case contains: (i) a free-text patient
question; (ii) a clinician-interpreted question; (iii)
a sentence-segmented clinical note excerpt; (iv)
sentence-level relevance annotations for the note
sentences (essential, supplementary, or not rele-
vant); (v) a clinician-authored reference answer;
(vi) sentence-level answer-to-evidence alignments;
and (vii) one or more clinical specialty labels.

ArchEHR-QA 2026 uses 167 patient cases. Of
these, 134 cases come from the original release
(Soni and Demner-Fushman, 2026), and 33 cases
were newly curated for the 2026 shared task using
the same annotation schema.

3.1. Official Evaluation Splits and Staged
Release Schedule

The official test set for Subtasks 1–3 comprised
case IDs 121–167 (47 cases), while case IDs 1–
120 were released for system development. We
restricted official evaluation of Subtasks 1–3 to case
IDs 121–167 because case IDs 1–120 were already
publicly used in the 2025 iteration of ArchEHR-QA
(Soni et al., 2025). For Subtask 1, the prior release
of clinician-interpreted questions made those cases
unsuitable for a new evaluation. We used the same

held-out split for the closely related Subtasks 2–3
to avoid reusing cases that had already been used
in a similar shared task setting in 2025. By contrast,
Subtask 4 was newly introduced in 2026 and had
not previously been evaluated on those cases. We
therefore evaluated Subtask 4 on the larger split
of case IDs 21–167 (147 cases), reserving case
IDs 1–20 for development. Table 2 summarizes
dataset statistics across the splits.

The official evaluation followed a staged release
schedule designed to mirror the intended workflow
and preserve separation between subtasks. For
Subtask 1, participants initially received only the
patient-authored questions for the 47 held-out test
cases. After the Subtask 1 deadline, the release
for Subtasks 2–3 added the clinician-interpreted
questions and clinical note excerpts for the same
47 cases. After the Subtasks 2–3 deadline, the
release for Subtask 4 provided case IDs 21–167 to-
gether with sentence-numbered reference answers
to be aligned to the corresponding note excerpts.
Sentence-level relevance annotations were with-
held from all official test releases.

4. Evaluation

4.1. Metrics
Each subtask was evaluated independently on its
corresponding held-out test set. Official leader-
board rankings were determined by a single pri-
mary metric per subtask, while additional metrics
were reported to provide a broader characteriza-
tion of system behavior. The scoring scripts are
available on GitHub2.

Subtask 1. The system-generated clinician-
interpreted questions were compared with the ref-
erence questions using ROUGE-Lsum (Lin, 2004),

2github.com/soni-sarvesh/archehr-qa-2026
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BERTScore (Zhang et al., 2019), AlignScore (Zha
et al., 2023), and MEDCON (Yim et al., 2023).
These metrics capture complementary aspects of
reformulation quality: ROUGE-Lsum measures lex-
ical overlap, BERTScore measures semantic sim-
ilarity, AlignScore measures factual consistency,
and MEDCON measures clinical concept overlap.
To enforce the task constraint, outputs longer than
15 words were truncated to the first 15 words be-
fore scoring. The official ranking metric was the
Overall Score (OS), computed as the unweighted
arithmetic mean of the four metric values.

Subtask 2. The predicted evidence sentence IDs
were compared with the reference evidence an-
notations using Precision, Recall, and F1. We re-
port both micro-averaged scores, which pool predic-
tions across all cases, and macro-averaged scores,
which average case-level scores. Results are re-
ported under two evaluation variants. Under Strict
evaluation, only sentences labeled essential are
treated as gold evidence. Under Lenient evalua-
tion, predicted supplementary sentences were not
counted as false positives. The official ranking met-
ric was Strict Micro F1.

Subtask 3. The system-generated answers were
compared with the reference answers using BLEU
(Papineni et al., 2002), ROUGE-Lsum, SARI (Xu
et al., 2016), BERTScore, AlignScore, and MED-
CON. Together, these metrics capture comple-
mentary aspects of answer quality, with BLEU
and ROUGE-Lsum emphasizing lexical overlap,
SARI capturing content-editing behavior, and
BERTScore, AlignScore, and MEDCON providing
semantic, factual, and clinical-concept perspec-
tives. Prior work in this setting suggests that auto-
matic metrics can provide useful system-ranking
signals when computed against clinician-authored
reference answers (Soni and Demner-Fushman,
2025a). The official ranking metric was the Overall
Score (OS), computed as the unweighted arithmetic
mean of the six metric values.

Subtask 4. The predicted alignments were eval-
uated as sets of links between answer sentences
and note sentences, where each link has the form
(answer sentence k → note sentence i). We re-
port Precision, Recall, and F1 at both the micro
and macro levels. Micro-averaged scores pool
predicted and reference links across all cases,
whereas macro-averaged scores average case-
level scores. Over-citing is penalized through false
positives, which lowers Precision and therefore F1.
The official ranking metric was Micro F1.

4.2. Baseline

We used a zero-shot baseline based on
Qwen/Qwen3-4B-Instruct-2507 (Yang et al.,
2025) for all four subtasks. No task-specific
fine-tuning or few-shot exemplars were used.
The model was prompted in a single-turn chat
format with task-specific instructions; the prompt
templates are provided in Appendix Tables 8–11.
We used the same decoding settings across
subtasks, following the Qwen3-recommended
hyperparameters3: temperature = 0.7, top-p = 0.8,
top-k = 20, and min-p = 0.0.

For Subtask 1, the model rewrote each
patient-authored question as a clinician-interpreted
question (max_new_tokens=256). For Sub-
task 2, the model predicted supporting sen-
tence IDs from the clinical note excerpt con-
ditioned on the patient-authored question, the
clinician-interpreted question, and the specialty
label (max_new_tokens=512). For Subtask 3,
the model generated a clinically grounded answer
from the patient-authored question, the clinician-
interpreted question, the specialty label, and
the clinical note excerpt (max_new_tokens=512).
For Subtask 4, the model predicted answer-to-
evidence sentence alignments from the clinician-
interpreted question, the sentence-numbered clini-
cal note excerpt, and the sentence-numbered an-
swer (max_new_tokens=1024). Although both
question forms were available for Subtask 4, the
baseline used only the clinician-interpreted ques-
tion, based on preliminary experiments on the de-
velopment set.

5. Participation

We used Codabench4 to collect system predictions
from teams (Xu et al., 2022). Teams could partici-
pate in any subset of the four subtasks and were
allowed to submit up to three runs per subtask. For
the overview paper, we asked each team to nomi-
nate its best run per subtask and to submit a short
system description.

5.1. Participating Teams

We received 198 submitted runs from 43 teams
across the four subtasks: 41 runs for Subtask 1,
59 for Subtask 2, 35 for Subtask 3, and 63 for Sub-
task 4. Among these 43 teams, 17 submitted sys-
tem descriptions and are therefore included in the

3huggingface.co/Qwen/Qwen3-4B-Instruct-2507
4Subtask 1: codabench.org/competitions/12865;
Subtask 2: codabench.org/competitions/13526;
Subtask 3: codabench.org/competitions/13527;
Subtask 4: codabench.org/competitions/13528
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Team ID Affiliation Country ST1 ST2 ST3 ST4

BIT.UA-AAUBS University of Aveiro; Aalborg University Portugal;
Denmark ✓ ✓ ✓ ✓

CaresAI Cairo University; Techvify Egypt;
Vietnam ✓ ✓ × ×

GigitAI GigitAI USA × ✓ ✓ ×

HealthNLP_Retrievers University of Maryland Baltimore County;
Jahangirnagar University

USA;
Bangladesh ✓ ✓ ✓ ✓

HiTZ-IXA University of the Basque Country Spain × ✓ × ✓
KA L&T Technology Services India × × × ✓
KPSCMI Kaiser Permanente Southern California USA ✓ ✓ × ✓
MedEvi-NS University of Aberdeen; Bournemouth University UK × × × ✓

Neural University of Chicago; University of Wisconsin
Madison; Lovely Professional University USA; India ✓ ✓ ✓ ✓

OptiMed Queen Mary University of London;
Independent Researcher UK; Turkey ✓ ✓ ✓ ✓

razreshili Independent Researcher Germany × × × ✓
sebis Technical University of Munich Germany ✓ ✓ ✓ ✓
TAMU-NLP-Lab Texas A&M University USA × ✓ ✓ ×
tt501 Vietnam National University Vietnam × ✓ ✓ ✓
UIC-AIHealth4All University of Illinois Chicago USA × ✓ ✓ ✓

WisPerMed University of Applied Sciences and Arts
Dortmund; University of Duisburg-Essen Germany ✓ ✓ ✓ ✓

Yale-DM-Lab Yale University; UMass Lowell USA ✓ ✓ ✓ ✓

Table 3: Participating teams who submitted a system description, their affiliation, country, and the subtasks
they participated in. Rows are sorted by Team ID in alphabetical order. ST1–ST4 denote Subtasks 1–4.

analysis below. Table 3 lists those teams, their af-
filiations, countries, and the subtasks they entered.
Among the teams represented in the overview pa-
per, seven participated in all four subtasks.

5.2. Results
Tables 4–7 report the official results for subtasks 1–
4. All highest-ranked submissions outperformed
the organizer baseline, but the margin varied sub-
stantially across subtasks: +11.3 Overall Score for
Subtask 1 (31.2 vs. 19.9), +14.1 Strict Micro F1
for Subtask 2 (63.7 vs. 49.6), +4.3 Overall Score
for Subtask 3 (36.3 vs. 32.0), and +16.2 Micro F1
for Subtask 4 (81.5 vs. 65.3). The baseline re-
mained competitive with lower-ranked submissions
in Subtasks 1 and 3, whereas the evidence-centric
subtasks showed a clearer separation between
the strongest submitted systems and the zero-shot
baseline.

For Subtask 1 (Question Interpretation; Ta-
ble 4), the highest-ranked system was submitted
by HealthNLP_Retrievers and obtained an over-
all score of 31.2, followed by KPSCMI (30.8) and
OptiMed (29.9). The top three systems were

⋆ Team Relevance
RG BS AS MD OS

1 HealthNLP_Retrievers 35.3 46.8 24.0 18.7 31.2
2 KPSCMI 27.8 41.0 26.4 27.9 30.8
3 OptiMed 28.8 43.1 27.7 19.9 29.9
4 Neural 31.3 43.6 15.2 25.6 28.9
5 Yale-DM-Lab 28.2 40.6 19.7 19.8 27.1
6 WisPerMed 21.8 38.0 21.7 26.3 26.9
7 sebis 22.9 36.9 21.4 21.3 25.6
8 CaresAI 22.5 36.1 12.5 24.5 23.9
9 BIT.UA-AAUBS 17.9 29.4 8.7 20.2 19.0
- baseline 23.4 31.0 7.9 17.3 19.9

Table 4: Subtask 1 (Question Interpretation) results.
Rows are ranked (⋆) by the overall score (OS). RG:
ROUGE-Lsum; BS: BERTScore; AS: AlignScore;
MD: MEDCON; OS: Overall score.

separated by only 1.3 overall-score points. The
strongest systems emphasized different aspects of
the task: the HealthNLP_Retrievers submission ob-
tained the highest ROUGE-Lsum and BERTScore,
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Rank Team
Micro Macro

Strict Lenient Strict Lenient
P R F1† P R F1 P R F1 P R F1

1 Neural 60.2 67.6 63.7 77.8 67.6 72.4 64.3 69.7 64.8 81.9 69.7 73.1
2 OptiMed 56.7 71.3 63.2 73.1 71.3 72.2 61.5 73.0 64.1 78.1 73.0 72.9
3 UIC-AIHealth4All 59.3 67.0 62.9 74.3 67.0 70.4 61.8 69.2 63.0 77.8 69.2 70.5
4 Yale-DM-Lab 52.3 75.7 61.9 68.0 75.7 71.6 56.7 75.5 61.1 73.8 75.5 70.4
5 TAMU-NLP-Lab 56.7 65.9 60.9 76.0 65.9 70.6 63.0 66.7 59.9 80.0 66.7 69.1
6 HealthNLP_Retrievers 58.4 62.1 60.2 75.7 62.1 68.3 65.7 62.5 59.9 79.8 62.5 67.1
7 KPSCMI 46.5 81.8 59.3 62.4 81.8 70.8 51.9 82.2 60.9 69.4 82.2 72.0
8 tt501 56.0 61.9 58.8 74.9 61.9 67.8 61.3 63.9 58.4 78.4 63.9 66.8
9 WisPerMed 67.1 52.3 58.8 84.2 52.3 64.5 69.8 53.4 58.1 84.9 53.4 63.6
10 BIT.UA-AAUBS 51.0 69.4 58.8 68.5 69.4 68.9 59.8 69.1 59.3 76.9 69.1 68.9
11 GigitAI 46.5 77.0 58.0 62.1 77.0 68.8 52.8 77.7 59.1 69.6 77.7 69.3
12 CaresAI 46.7 67.6 55.3 61.3 67.6 64.3 50.1 68.2 55.2 66.8 68.2 64.0
13 sebis 37.9 80.7 51.6 49.1 80.7 61.1 40.8 80.3 52.6 54.1 80.3 62.6
14 HiTZ-IXA 44.2 47.9 46.0 56.3 47.9 51.8 48.7 48.7 46.7 62.4 48.7 52.2
- baseline 51.0 48.1 49.6 64.5 48.1 55.1 60.7 47.2 47.9 74.8 47.2 52.8

Table 5: Subtask 2 (Evidence Identification) results. Rows are ranked by Strict Micro F1 Score (†). P:
Precision; R: Recall; F1: F1 score.

Rank Team Lexical Semantic Overall
BL RG SA BS AS MD OS

1 WisPerMed 9.9 27.8 58.6 46.8 31.7 43.1 36.3
2 TAMU-NLP-Lab 9.7 27.4 59.6 46.2 34.5 39.9 36.2
3 BIT.UA-AAUBS 8.6 26.4 60.0 45.0 30.2 43.2 35.6
4 Neural 9.4 25.6 57.7 43.5 34.3 40.9 35.2
5 HealthNLP_Retrievers 7.0 25.4 59.2 43.8 33.6 38.7 34.6
6 OptiMed 5.7 25.2 56.5 43.1 37.4 39.1 34.5
7 UIC-AIHealth4All 6.1 24.2 57.2 41.8 24.5 37.5 31.9
8 GigitAI 5.1 21.1 56.8 40.0 28.4 39.4 31.8
9 sebis 3.8 22.0 56.6 39.3 33.9 33.4 31.5
10 tt501 6.2 24.0 58.3 41.4 22.4 35.9 31.4
11 Yale-DM-Lab 9.1 23.1 56.5 37.2 22.1 37.6 31.0
- baseline 5.0 22.5 56.2 40.6 32.2 35.4 32.0

Table 6: Subtask 3 (Answer Generation) results. Rows are ranked by the overall score (OS). BL: BLEU;
RG: ROUGE-Lsum; SA: SARI; BS: BERTScore; AS: AlignScore; MD: MEDCON; OS: Overall score.

the OptiMed submission obtained the highest Align-
Score, and the KPSCMI submission obtained the
highest MEDCON.

In Subtask 2 (Evidence Identification; Table 5),
the Neural system achieved the best Strict Micro
F1 (63.7), narrowly ahead of OptiMed (63.2) and
UIC-AIHealth4All (62.9). Lenient evaluation im-
proved F1 for all systems, indicating that many
submissions selected supplementary but still clini-
cally plausible evidence sentences. The systems
showed different precision–recall profiles: KPSCMI
and sebis favored higher recall, whereas Neural
and OptiMed achieved a more balanced trade-off.

For Subtask 3 (Answer Generation; Table 6), the
WisPerMed system obtained the highest overall
score (36.3), with TAMU-NLP-Lab effectively tied
at 36.2 and BIT.UA-AAUBS third at 35.6. Met-
ric leaders again differed by evaluation perspec-
tive: the WisPerMed submission obtained the
best BLEU, ROUGE-Lsum, and BERTScore; the
BIT.UA-AAUBS submission obtained the best SARI
and MEDCON; and the OptiMed submission ob-
tained the best AlignScore. This result suggests
that answer generation systems are ranked differ-
ently depending on whether the evaluation empha-
sizes lexical overlap, semantic similarity, or clinical
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Rank Team Micro Macro
P R F1† P R F1

1 BIT.UA-AAUBS 88.0 75.9 81.5 88.3 78.9 82.2
2 WisPerMed 86.9 76.3 81.3 87.5 79.4 82.1
3 Yale-DM-Lab 83.3 77.7 80.4 84.8 80.7 81.8
4 OptiMed 80.7 79.8 80.3 82.8 82.8 81.6
5 UIC-AIHealth4All 83.6 76.3 79.8 85.5 79.5 80.9
6 tt501 78.2 80.1 79.1 80.0 82.6 79.7
7 Neural 84.3 73.7 78.6 85.8 76.6 79.4
8 KPSCMI 86.2 71.5 78.1 86.4 75.5 78.9
9 HealthNLP_Retrievers 83.8 71.1 76.9 85.3 74.1 77.4
10 MedEvi-NS 75.7 77.4 76.5 79.3 80.8 78.3
11 sebis 79.6 70.6 74.8 82.6 73.6 76.2
12 razreshili 73.8 63.0 67.9 75.8 67.6 69.5
13 HiTZ-IXA 74.7 60.3 66.8 73.5 65.4 66.7
14 KA 68.1 64.5 66.2 70.9 69.0 68.0
- baseline 59.1 72.9 65.3 72.0 75.3 71.1

Table 7: Subtask 4 (Evidence Alignment) results. Rows are ranked by Micro F1 Score (†). P: Precision; R:
Recall; F1: F1 score.

concept preservation. Compared with the other
subtasks, Subtask 3 showed a relatively small mar-
gin over the organizer baseline (36.3 vs. 32.0).

For Subtask 4 (Evidence Alignment; Table 7), the
highest-ranked system was submitted by BIT.UA-
AAUBS and obtained a Micro F1 of 81.5, followed
closely by WisPerMed (81.3), Yale-DM-Lab (80.4),
and OptiMed (80.3). The top four systems were
separated by only 1.2 F1 points. Precision was
generally high among the strongest submissions,
while Recall accounted for most of the remaining
variation.

Among teams participating in all four subtasks,
OptiMed showed the most consistently strong per-
formance, placing within the top six in every sub-
task. No single team submitted the highest-ranked
system in more than one subtask.

5.3. Approaches

Across all four subtasks, prompt-based use of large
language models (LLMs) was dominant. Task-
specific fine-tuning was comparatively rare; more
common strategies were prompt engineering, re-
trieval of similar development examples, repeated
sampling with self-consistency, and multi-model
ensembling. Strong submissions were obtained
with both API-based models and locally hosted or
open-weight models, suggesting that no single de-
ployment setup dominated the task.

For Subtask 1 (Question Interpretation), in-
context prompting with examples was frequent: 8/9
systems used few-shot or many-shot prompting,
often with explicit post-processing to enforce the

single-question output format and the 15-word limit.
Five of the nine systems used proprietary API-
based LLMs, whereas the remainder relied on lo-
cally hosted models. Three systems introduced an
additional reasoning or decomposition step before
generation, e.g., by extracting important medical
terms or by scoring candidate questions from mul-
tiple models. Prompt optimization was reported by
two systems, using frameworks such as MIPROv2
(Opsahl-Ong et al., 2024) or GEPA (Agrawal et al.,
2025). The strongest systems on this subtask fol-
lowed three different designs: few-shot prompting
with tight output constraints on an API-based model
(HealthNLP_Retrievers), many-shot prompting with
the full development set as examples on a locally
hosted model (KPSCMI), and zero-shot genera-
tion via clinical-situation abstraction and prompt
optimization (OptiMed).

For Subtask 2 (Evidence Identification), most sys-
tems used both the patient-authored and clinician-
interpreted questions as input (11/14). Zero-shot
prompting was marginally more common than few-
shot prompting (7/14 vs. 6/14), and API-based
models dominated (10/14). Methodologically, most
submissions framed evidence identification either
as direct extraction of supporting sentence IDs
from the note excerpt (10/14) or as sentence-wise
classification (3/14). Verification-based strategies
were common: five systems used self-reflection
or iterative refinement, two used self-consistency
across multiple generations, and four used multi-
model ensembling. Three systems also reported
prompt optimization, while one system departed
from the dominant prompting-based methods by
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using embedding-based sentence similarity. A re-
curring theme was recall optimization: several sys-
tems used inclusive prompts, answer-first reason-
ing, union voting, or post-hoc refinement to reduce
the risk of omitting essential evidence. The highest-
ranked systems illustrate two contrasting but effec-
tive strategies: calibrated sentence-level classifica-
tion with verification and self-consistency (Neural),
and zero-shot multi-model ensembling with majority
voting (OptiMed).

For Subtask 3 (Answer Generation), both few-
shot and zero-shot prompting were common, with
few-shot setups only marginally more common than
zero-shot setups (6/11 vs. 5/11). API-based mod-
els dominated this subtask (9/11), and most sys-
tems used both the patient-authored and clinician-
interpreted questions at inference time (9/11). A
common design choice was to condition genera-
tion on a filtered evidence subset, often obtained
from the team’s Subtask 2 pipeline, rather than on
the full note excerpt alone (6/11 systems). Two
systems used model ensembles, three used self-
reflection or iterative self-revision, and three op-
timized prompts on the development set. Sev-
eral teams adopted multi-stage generation pro-
cedures, including candidate generation followed
by LLM-based selection, generate–critique–revise
pipelines, and cite–then–rewrite strategies. As
in the other subtasks, explicit task-specific fine-
tuning was rare. The strongest reported systems
again reflect different design choices: dynamic
example retrieval with few-shot prompting (Wis-
PerMed), intent-consistent in-context example se-
lection (TAMU-NLP-Lab), and evidence-grounded
multi-model generation with LLM-based selection
(BIT.UA-AAUBS).

For Subtask 4 (Evidence Alignment), few-shot
prompting was somewhat more common than zero-
shot prompting (8/14 vs. 6/14). Nine of the fif-
teen systems used API-based models, while the
remainder relied exclusively on locally hosted mod-
els. Input configurations were more varied than
in Subtask 3: 7/14 systems used both question
forms, 4 used only the patient question, and 3 used
only the clinician-interpreted question. There was
greater emphasis on precision–recall calibration
through voting thresholds, self-consistency, and
prompt instructions that explicitly favored either
more conservative or more inclusive linking. Three
systems used majority-vote ensembling across
models, five used self-consistency, and only two
explicitly reported prompt optimization. A small
number of systems supplemented LLM predictions
with embedding-based heuristics or fine-tuned re-
ranking components. The highest-ranked systems
show that strong performance can be achieved with
either few-shot majority-vote ensembling (BIT.UA-
AAUBS), zero-shot prompt-only alignment (Wis-

PerMed), or ensemble prediction augmented with
embedding-based recall heuristics (Yale-DM-Lab).

Taken together, the submitted system descrip-
tions suggest that the benchmark decomposition
influenced not only evaluation but also system de-
sign. Several teams explicitly propagated informa-
tion across stages, e.g., by feeding predicted ev-
idence into answer generation or by separating
evidence identification from answer generation and
alignment.

6. Conclusion

We presented an overview of the ArchEHR-QA
2026 Shared Task on grounded question answering
from electronic health records. By decomposing
the problem into question interpretation, evidence
identification, answer generation, and evidence
alignment, the benchmark enables separate evalu-
ation of the main capabilities required for grounded
response drafting to patient questions. The shared
task attracted 198 submitted runs from 43 teams,
with 17 teams contributing system descriptions for
this overview. The highest-ranked systems differed
across subtasks, and the largest gains over the or-
ganizer baseline were observed for evidence iden-
tification and evidence alignment. Across submit-
ted systems, prompt-based LLM pipelines were
dominant, task-specific fine-tuning was rare, and
the strongest evidence-centric systems commonly
combined retrieval, self-consistency, iterative refine-
ment, and ensembling. We expect ArchEHR-QA
2026 to support future work on clinically faithful and
verifiable QA systems for patient–clinician commu-
nication.

7. Limitations

This study has several limitations. First, the of-
ficial test sets are modest in size, especially for
Subtasks 1–3 (47 cases), so small numerical dif-
ferences between closely ranked systems should
not be over-interpreted. Second, the qualitative
method analysis is limited to teams that submit-
ted system descriptions; the remaining participat-
ing teams are reflected in the overall participation
counts but not in the approach analysis. Third,
evaluation relies primarily on automatic metrics. Al-
though these metrics provide broad coverage of
lexical and semantic similarity, they do not fully cap-
ture clinical usefulness, communication quality, or
patient safety. This issue is especially relevant for
Subtasks 1 and 3, where a single reference output
may not capture the full range of clinically accept-
able responses, and reference-based metrics may
therefore under-reward valid paraphrases. Finally,
the benchmark evaluates subtasks independently
and uses curated note excerpts rather than the full
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longitudinal EHR. Consequently, it does not fully
capture end-to-end error propagation, open-ended
retrieval over complete patient records, or gener-
alization to other care settings such as outpatient
longitudinal messaging.
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You are an expert clinical natural language processing (NLP) assistant. Your task is to transform a
patient-authored question into a clear and concise clinician-interpreted question.

You are given:
- a patient-authored question.

Your goal:
- Write a clinician-interpreted question that captures the core clinical information need implied by the
patient-authored question.

- Phrase it as a query a clinician would ask a smart electronic health record (EHR) system to retrieve
relevant chart information needed to answer the patient.

- Keep it concise (maximum 15 words).
- Preserve the patient’s core concern without introducing new clinical facts not explicitly stated in the
patient’s narrative.

Output only the clinician-interpreted question, nothing else.

Patient question:
{___}

Table 8: Zero-shot prompt used for the Subtask 1 baseline.

You are an expert clinical natural language processing (NLP) assistant. Your task is to select the sen-
tence(s) in a clinical note excerpt that contain the clinical evidence needed to answer a patient’s ques-
tion.

You are given:
- A patient-authored question.
- A clinician-interpreted version of the patient question.
- The clinical specialty(ies) relevant to the patient’s question (may differ from the note’s specialty;
comma-separated).

- A clinical note excerpt with numbered sentences.

Your goal:
- Select sentence IDs from the note excerpt that provide sufficient clinical evidence to answer the pa-
tient’s question.

- Include all sentences necessary to fully support the answer (e.g., event + date; medication name +
dose).

- Only include sentences that are directly relevant and answer-bearing, including necessary qualifiers
(e.g., dates, values, negations, attribution).
- Do not include sentences that are unrelated, generic, purely administrative, or only tangentially re-
lated.

- If there is no sentence in the excerpt that provides evidence to answer the question, output an empty
array: [].

- You may select as many sentences as needed to provide sufficient evidence; the entire excerpt may not be
required.

Output only a JSON array of sentence ID numbers (as integers), nothing else. For example: [1, 5, 6]

Patient question:
{___}

Clinician-interpreted question:
{___}

Clinical specialty(ies) of the question (comma-separated):
{___}

Clinical note excerpt (with numbered sentences):
{___}

Table 9: Zero-shot prompt used for the Subtask 2 baseline.
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You are an expert clinical natural language processing (NLP) assistant. Your task is to generate a con-
cise, clinically grounded answer to a patient’s question using only the information in the provided clini-
cal note excerpt.

You are given:
- A patient-authored question.
- A clinician-interpreted version of the patient question.
- The clinical specialty(ies) relevant to the patient’s question (may differ from the note’s specialty;
comma-separated).

- A clinical note excerpt.

Your goal:
- Answer the patient’s question using only information found in the clinical note excerpt.
- Write in a professional clinical register (not simplified lay language).
- Be concise: limit your answer to 75 words (approximately 5 sentences).
- Stay faithful to the clinical note –- do not speculate or add information not supported by the note.
- If the note does not contain sufficient information to fully answer the question, provide a faithful
response based on what is available without speculation.

- Do not use outside medical knowledge or inference. Only use what is explicitly stated in the note ex-
cerpt.

Output only the answer text, nothing else.

Patient question:
{___}

Clinician-interpreted question:
{___}

Clinical specialty(ies) of the question (comma-separated):
{___}

Clinical note excerpt:
{___}

Table 10: Zero-shot prompt used for the Subtask 3 baseline.

You are an expert clinical natural language processing (NLP) assistant. Your task is to align each an-
swer sentence to the clinical note sentence(s) that support it.

You are given:
- A clinician-interpreted version of the patient question.
- A clinical note excerpt with numbered sentences.
- An answer with numbered sentences.

Your goal:
- For each answer sentence, select the clinical note sentence(s) that directly support it.
- If an answer sentence is supported by multiple note sentences, include all supporting note sentences.
Assign an empty list only if that answer sentence is not supported by any note sentence.
- Each answer sentence may be supported by zero, one, or multiple note sentences.

Output a JSON array where each element has “answer_id” (string) and “evidence_id” (array of strings).
Output nothing else.

Example output format:
[{"answer_id": "1", "evidence_id": ["2"]}, {"answer_id": "2", "evidence_id": ["5", "6"]}, {"an-
swer_id": "3", "evidence_id": []}]

Clinician-interpreted question:
{___}

Clinical note excerpt (numbered sentences):
{___}

Answer (numbered sentences, no citations):
{___}

Table 11: Zero-shot prompt used for the Subtask 4 baseline.
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Abstract
This study presents efforts focused on extracting and structuring doctor notes, specifically Magnetic Resonance
Imaging (MRI) reports, into a standardized format using large language models (LLMs). We introduce a novel
benchmark dataset comprising of 55 clinically relevant variables given by doctors, making it the first of its kind in
the automated processing of unstructured medical texts. The annotations to the dataset were generated using a
systematic prompt-tuning approach that was manually validated. It was then evaluated across three experimental
stages: baseline, intermediate, and fine-tuned. Each stage assessed the impact of different prompt strategies on the
performance of various LLMs (LLaMA, Qwen, and DeepSeek). Among the models tested, LLaMA 3.1 8B Instruct
consistently achieved the highest composite score in both the intermediate and final phases, resulting in an 18.42%
improvement in performance.

Keywords: Unstructured to Structured, MRI Report, LLM, schema-guided extraction

1. Introduction

In healthcare, a Magnetic Resonance Imaging
(MRI) radiology report is a detailed medical docu-
ment written by a radiologist after analyzing MRI
scan images (Hashemi et al., 2012). It describes
the internal structures of the body, highlights any
abnormalities, and provides a professional interpre-
tation to guide further medical care. These reports
are essential because they convert complex MRI
images into meaningful insights that help the re-
ferring doctors to make accurate diagnoses, plan
treatments, or monitor recovery. The report typi-
cally includes sections such as clinical history, find-
ings, and impression, and it plays a key role in the
patient’s overall medical management (John and
Mittal, 2025). While most MRI reports follow a gen-
eral format, the doctor notes based on these reports
are usually written in a semi-structured or unstruc-
tured manner, meaning the content is expressed in
free-form language rather than fixed templates.

The objective of this study is to develop a data ex-
traction system1 that converts such semi-structured
or unstructured doctor notes on MRI reports into a
structured and standardized format, such as JSON.
The system will identify and extract key clinical ele-
ments from the notes and organize them in a con-
sistent structure. This structured data can then be
used for various downstream applications, includ-
ing integration with hospital information systems,
support for clinical decision-making, large-scale

1The model is made available through this link: SRI

data analysis, and the generation of tabular or other
standardized report formats.

To develop this system, we began by construct-
ing a novel benchmark dataset consisting of 55
clinically relevant variables defined by medical pro-
fessionals. The details of the base dataset, along
with its annotation process and validation using
multiple LLMs under various settings, is described
in detail in Section 2.

1.1. Related Works
Multiple efforts in the recent have focused on con-
verting semi-structured and unstructured medical
texts into structured data formats. For instance,
(Ntinopoulos et al., 2025) investigates the use of
large language models (LLMs) to automate entity
extraction and classification from health records,
enabling faster generation of structured data from
clinical narratives. Similarly, (Ying et al., 2025) in-
troduced GENIE, a Generative Note Information
Extraction System that leverages LLMs to trans-
form health records into standardized data formats.
These two studies differ notably in the number of
variables extracted and the LLMs employed. Ad-
ditionally, (Skyles et al., 2025) explored structured
data extraction from oncological notes, targeting
six primary clinical questions using various prompt
strategies.

In addition, a couple of efforts have been made
in the domain of radiology report extraction and
structuring. Among them, (Steinkamp et al., 2019)
proposed a prototype system using traditional ma-
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chine learning techniques to extract useful informa-
tion from abdominopelvic radiology reports. More
recently, (Di Palma et al., 2025) applied LLMs to
extract key radiological features specifically from
prostate MRI reports.

Our work however, focuses on extracting and
structuring doctor notes based on the MRI reports.
We extract all clinically relevant information, includ-
ing details that may not be explicitly stated, resulting
in a comprehensive, structured dataset that goes
beyond the scope of previous works in both scale
and depth. We utilized LLMs in our work due to their
high accuracy compared to traditional rule-based
or machine learning models. Additionally, they sig-
nificantly reduce the time and effort required for
manual annotation.

By designing diverse prompt strategies, namely,
one-question, multi-question, and all-question
prompting, combined with various prompting set-
tings such as zero-shot, one-shot, and few-shot,
we guided the LLMs to simulate structured data
from unstructured notes on MRI reports provided
by doctors. This approach enabled the creation of
a high-quality synthetic dataset that closely mirrors
real clinical annotations.

We began our experiments using a basic in-
struction prompt with the Llama 3.1 8B Instruct
model (Grattafiori et al., 2024), which achieved a
composite score of 61.16%. Building upon this
baseline, we enhanced our prompt design and ex-
panded the evaluation to include 6 other LLMs.
Among them, Qwen3 4B Instruct-2507 (Team,
2025) achieved the highest composite score at
64.49%, followed closely by the Qwen2.5 7B In-
struct at 63.84%. While DeepSeek R1 Distill Llama
8B (DeepSeek-AI, 2025) and DeepSeek R1 Distill
Qwen 7B (DeepSeek-AI, 2025) attained accuracies
of 63.01% and 53.94%, respectively, Llama 3.2 3B
Instruct (Grattafiori et al., 2024) and MMed Llama
3 8B (Qiu et al., 2024) recorded the lowest perfor-
mance, with accuracies of 35.56% and 34.86%.

In our intermediate set of experiments, we en-
hanced the prompt and applied different prompt
strategies as well as the settings on all models.
Subsequently, in the final phase, we fine-tuned all
models, with Llama 3.1 8B Instruct, achieving the
highest composite score of 87.36%

Thus, through this multi-level experimental setup,
we created a structured dataset that can be effec-
tively utilized to train and evaluate information ex-
traction models, particularly for converting unstruc-
tured medical text into structured formats.

2. Dataset Creation

A major challenge in building an unstructured-to-
structured data extraction system is the lack of pub-
licly available labeled datasets containing doctor

notes on MRI reports and their corresponding struc-
tured outputs. We used a total of 630 unstructured
doctor notes on MRI reports collected from a large
academic health center. The Institutional Review
Board (IRB) of the institution granted a waiver of
informed consent for the use of de-identified radiol-
ogy reports.2

To convert these notes into a structured format,
we extracted 55 variables from each report using
the Llama 3.1 8B Instruct model, guided by a ba-
sic instruction prompt developed by the specific
requirements provided by the medical team. The
resulting structured data was labeled as V1 (Ver-
sion 1).

To validate the composite score and clinical rel-
evance of the extracted attributes, doctors man-
ually reviewed and corrected the outputs for the
first 60 reports. These validated annotations were
recorded as V2 (Version 2). When there was a
disagreement between the extracted data and the
clinicians, we refined the prompts in consultation
with them to align with clinical requirements.

Using the V2 data as a reference, we further
experimented with various prompting strategies
across multiple models to generate structured out-
puts for an additional 65 reports. This output was
labeled as V3 (Version 3).

Subsequently, doctors reviewed and validated
the V3 outputs, resulting in the final refined dataset,
referred to as Version 4 (V4). In this dataset, the
first 60 reports served as the gold standard test
set for evaluating the performance of all prompting
strategies and models. The remaining 65 reports
were used as example data for constructing the
various prompt strategies used in the study.

Additionally, we took another 300 samples (from
630 notes) for training the models. This was re-
ferred to as Version 5 (V5) and was also validated
by the doctors. The initial round of all validations
was performed by us, followed by a second round
conducted by the doctors. To facilitate easy valida-
tion, we developed a web application that was used
by both the clinicians and us. Below, we describe
the various prompt-tuning strategies we employed
to optimally extract all variables for the construction
of the dataset.

2.1. Prompt-Strategies
We tested three main types of prompt settings: zero-
shot, one-shot, and few-shot. Within each of these
categories, we further experimented with three
prompt strategies: one-question prompt, multi-
question prompt, and all-question prompt, to extract
the required variables from the reports.

2However, due to privacy concerns, we are not releas-
ing the dataset as a part of this paper.
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Figure 1: Dataset creation Flow-Chart

Dataset version Size
Version 1 (V1) 630
Version 2 (V2) 60
Version 3 (V3) 65
Version 4 (V4) 125
Version 5 (V5) 300

Table 1: Summary of dataset versions and corre-
sponding sample sizes

Initially, we planned to use the LLM to gener-
ate responses for all 55 variables by asking one
question per prompt (shown in Baseline Prompt
(Appendix A)). The idea was that generating the
answers first using the LLM would make the annota-
tion process easier and more efficient. For this, we
used the Llama 3.1 8B Instruct model to generate
the initial version of the data, which we referred to
as V1. Then, doctors reviewed and refined only 60
reports in the initial data, resulting in a validated ver-
sion referred to as V2. When we compared V1 with
V2, the overall match composite score was 61.16%.
Then we experimented with multiple models using
the same baseline prompt.

In this comparison, we observed several issues
in the model-generated responses. The model of-
ten repeated numeric values unnecessarily, marked
certain fields as ‘not mentioned’ even though they
were clearly present in the report, and provided
inconsistent answers for binary questions such as
‘yes’ or ‘no’. We further extended our experiments
to 6 other models (results summarized in Table 2).
Across these models, we continued to observe sim-

ilar issues such as repeated numeric values, incor-
rect ‘not mentioned’ labels, inconsistent answers
to binary questions, and hallucinations.

To address these issues and improve the quality
of the generated responses, we refined the prompt-
ing approach and adopted three different prompt
strategies. They are discussed below:

1. One-question prompt: refers to a strategy
where each of the 55 variables is derived from
a separate, individual prompt. In this approach,
we created a distinct question for each variable,
resulting in one variable per prompt. Each
prompt was designed to include all relevant
information required to generate an accurate
response, including contextual dependencies
and supporting details related to that specific
variable. This ensured that the model had suffi-
cient context to produce a meaningful and pre-
cise answer for each prompt individually. The
key distinction between the baseline prompt
and the enhanced one-question prompt lies in
the level of specificity provided for variable ex-
traction. In the enhanced version, we explicitly
defined how each variable should be identi-
fied and extracted, including cases where the
information was implicitly stated rather than
directly mentioned. Example: Enhanced One
Question Prompt (Appendix A)

2. Multi-question prompt: refers to a strategy
where related variables were grouped based
on patterns and dependencies observed in the
report responses. Instead of querying each
variable individually, we combined several logi-
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cally connected questions into a single prompt.
These groupings were based on the nature
of the answers, such as numeric values or bi-
nary (yes/no) responses, and their contextual
interdependence. For instance, variables that
are often mentioned together in the reports or
rely on shared information were grouped to en-
sure the model had a broader context while still
keeping the prompt concise. Example: Multi-
Question Prompt (Appendix A)

3. All-question prompt: involves presenting all
55 questions within a single, comprehensive
prompt. Each question in the prompt is de-
signed to extract one specific variable, cover-
ing the entire set of 55 variables in one go. In
this approach, we provided all the relevant in-
formation and instructions in a single prompt
to ensure the model had complete context and
access to all interdependent data points.

So far, all the prompt strategies were only applied
in the zero-shot prompt setting, where we provided
only variable extraction-specific instructions with-
out including any examples for inputs or outputs.
Therefore, we wanted to experiment with one-shot
and few-shot prompt settings to assess the models’
ability to generate accurate and relevant responses
under varying levels of context and examples.

1. One-shot setting: For one-shot setting,

• in the one-question prompt strategy, we
provided one example for each prompt
where the target variable was explicitly
mentioned in the report. This helped the
model understand how to extract that spe-
cific variable based on a concrete exam-
ple.

• in the multi-question prompt strategy,
each prompt was accompanied by one
example in which most of the grouped vari-
ables were clearly present in the report.
This allowed the model to understand how
to handle interdependent variables within
a shared context.

• in the all-question prompt strategy, we
included a single comprehensive example
containing a report where the majority of
the 55 variables were explicitly mentioned.
This example served as a reference for
the model to understand how to extract all
variables from a complete and information-
rich report.

2. Few-shot setting: For the few-shot setting,
we provided three examples for each prompt
to help the model learn from a variety of sce-
narios and improve its generalization capability
across different levels of report completeness

• In the one-question prompt strategy,
each prompt included:
(a) An example where the target variable

was explicitly mentioned in the report.
(b) An example where the target variable

was not mentioned in the report.
(c) An example of the complete radiology

report.
• In the multi-question prompt strategy,

each prompt included:
(a) An example in which most of the

grouped variables were explicitly men-
tioned in the report.

(b) An example where some of the
grouped variables were either not men-
tioned or marked as not applicable.

(c) An example of the complete radiology
report.

• In the all-question prompt strategy, each
prompt included:
(a) An example radiology report where

most of the 55 variables were men-
tioned.

(b) An example where a subset of vari-
ables was either missing or not appli-
cable.

(c) An example of the complete radiology
report.

The intermediate results are summarized in Ta-
ble 3.

3. Finetuning

Despite experimenting with different prompt strate-
gies across various prompt settings, the best-
performing model, Llama 3.1 8B Instruct, achieved
a maximum composite score of only 77.69%.
Therefore, to further improve performance, we pro-
ceeded with fine-tuning the models to determine
whether additional gains in composite score could
be achieved.

The V4 and V5 versions of the dataset, consisting
of 125 + 300 notes, were utilized in the fine-tuning
of the models. From these combined 425 notes,
345 were allocated for training, 20 for validation,
and 60 for testing.

Fine-tuning was performed using each model’s
LoRA configuration and employed the one-question
prompt strategy.

Overall, fine-tuning led to a clear improvement
in performance, demonstrating measurable gains
in composite score compared to the intermediate
experiment. The detailed results are presented in
Table 4.
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4. Evaluation

To evaluate model performance, we applied 2 differ-
ent metrics based on the type of the variable. For
variables with numerical outputs, we computed an
exact match score. The model’s prediction for each
variable was compared against the corresponding
value in the gold-standard data, assigning a score
of 1 for an exact match and 0 otherwise. The report-
level score was then obtained by summing these
scores across all numerical variables and dividing
them by the total number of variables. For variables
involving multi-label classifications, we calculated
the F1 score using the same ground-truth annota-
tions as the reference. We then calculate the aver-
age of the exact match and the F1 scores and report
it as the composite score. Thus, this composite
score forms the final result on the basis of which
models are compared, and the best-performing
model is noted.

CS =
1

2

(
1

Nnum

Nnum∑

i=1

1 (ŷi = yi) +
2PR

P +R

)

5. Results

We assessed the performance of the LLMs based
on the type of prompt provided at each stage. For
the baseline experiment, we evaluated the models
using a simple instruction prompt (one-question
prompt). The results of the baseline evaluation are
summarized in Table 2.

In our intermediate experiment, we systemat-
ically evaluated the performance of the models
across all three prompt strategies: one-question,
multi-question, and all-question under zero-shot,
one-shot, and few-shot settings. The detailed re-
sults of this evaluation are presented in Table 3.

Our intermediate experiment results show that:

• Under zero-shot setting, across all three
prompting strategies, the Llama 3.1 8B Instruct
model performed better than the other models.
Using the one-question, multi-question, and
all-question strategies, it achieved 73.19%,
72.96%, and 74.68%, respectively.

• Under one-shot setting, across all three
prompting strategies, the Llama 3.1 8B Instruct
model performed better than the other models.
Using the one-question, multi-question, and
all-question strategies, it achieved 73.98%,
71.94%, and 75.56%, respectively. However,
Qwen2.5 7B Instruct performed comparably
to Llama 3.1 8B Instruct on the one-question
prompt under the one-shot setting.

• Under few-shot setting, the Llama 3.1 8B In-
struct model outperformed the other models

on the one-question and all-question strate-
gies, achieving 74.91% and 77.69%, respec-
tively. However, the MMed-Llama 3 8B model
achieved 72.22%, and Llama 3.1 8B Instruct
performed nearly the same as MMed-Llama
3 8B on the multi-question prompt under the
few-shot setting.

LlaMA 3.1 8B Instruct achieved the highest com-
posite score in both the baseline and intermediate
experiments.

After fine-tuning, Llama 3.1 8B Instruct again
outperformed all other models. Using the one-
question, multi-question, and all-question strate-
gies, it achieved 85.09%, 86.71%, and 87.36%,
respectively. The overall report-level composite
score reached 87.36%, representing an improve-
ment of nearly 18.42% over the baseline results.

Further, we also observed that the hallucination
rate after finetuning was 0.

6. Discussion

We examine several errors observed in the models’
performance across three different stages: base-
line, intermediate, and fine-tuned. In the baseline
setting, the models are provided with a simple in-
struction prompt and asked to extract both explicit
and implicit variables. In the intermediate stage, the
prompt is enhanced with more detailed guidelines
along with examples to support variable extraction.
And in the fine-tuned stage, the enhanced prompt
is retained but the examples are removed, and the
models are asked to extract the variables using
only the refined instructions.

6.1. Baseline Stage
1. We observed that in the single-question

prompt, the Llama models frequently returned
"not mentioned" for certain variables even
when answers were explicitly stated. For ex-
ample, although the report explicitly mentioned
DWI (Diffusion-weighted imaging) as ‘dwi – re-
stricted’, the model still responded with ‘not
mentioned’.

2. The models also incorrectly responded "yes"
for variables that were not affected by the
tumour. For example, the report states:
‘PROSTATE AND SEMINAL VESICLES – Nor-
mal,’ indicating that the prostate and semi-
nal vesicles are not affected by the tumour;
however, the model incorrectly returned the
response ‘yes’, implying involvement.

3. For numeric variables such as distance from
the anal verge and distance from the ano-rectal
junction, the models often repeated the ‘tu-
mour length’ value in unrelated fields. For
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Model Single Intermediate All
Llama 3.2 3B Instruct 35.56% 47.78% 45.23%
Llama 3.1 8B Instruct 61.16% 64.81% 68.94%
MMed Llama 3 8B 34.86% 56.71% 51.25%
Qwen3 4B Instruct-2507 64.49% 65.79% 62.50%
Qwen2.5 7B Instruct 63.84% 67.96% 63.01%
DeepSeek R1 Distill Llama 8B 63.01% 61.02% 67.04%
DeepSeek R1 Distill Qwen 7B 53.94% 55.14% 43.47%

Table 2: Baseline Result: Comparison of Model composite score on baseline prompts

Prompt strategy Composite Score
zero-shot one-shot few-shot
Llama 3.2 3B Instruct

One-question 45.97% 44.31% 42.18%
multi-questions 34.68% 31.94% 35.00%
All-Questions 39.12% 33.38% 31.62%

Llama 3.1 8B Instruct
One-question 73.19% 73.98% 74.91%
multi-questions 72.96% 71.94% 72.18%
All-Questions 74.68% 75.56% 77.69%

MMed-Llama 3 8B
One-question 54.81% 51.94% 49.31%
multi-questions 71.02% 70.09% 72.22%
All-Questions 70.00% 71.44% 72.36%

Qwen 4B
One-question 59.44% 58.94% 54.77%
multi-questions 68.15% 69.44% 71.16%
All-Questions 65.69% 63.10% 65.69%

Qwen 7B
One-question 56.39% 58.89% 54.17%
multi-questions 68.80% 71.02% 71.81%
All-Questions 64.81% 64.63% 62.08%

DeepSeek Llama 8B
One-question 69.54% 67.87% 70.46%
multi-questions 71.57% 67.73% 70.19%
All-Questions 70.23% 71.25% 69.17%

DeepSeek Qwen 7B
One-question 53.94% 54.86% 53.61%
multi-questions 61.02% 63.01% 62.78%
All-Questions 41.94% 39.86% 44.49%

Table 3: Intermediate Result: Comparison of Model composite score on one-question, multi-question,
and all-question under zero-shot, one-shot, and few-shot settings.

example, although the report explicitly stated
‘tumour length: 12 mm’, the model incorrectly
returned ‘distance from the anal verge: 12 mm’
and ‘distance from the ano-rectal junction: 12
mm’.

4. In the multi-question prompt, the models re-
turned "not mentioned" for some numeric vari-
ables while the correct answer should have
been "nil significant."

5. Similar to the single-question prompting, the
models also frequently returned “not men-
tioned” for most variables under the all-
question prompting approach.

6. In both the single-question and multi-question
prompts, the Qwen models frequently returned
"not mentioned" for gender-related variables
and stage-related variables. However, they
produced appropriate outputs for numeric vari-
ables, correctly reporting the values along with
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Model Single Multi All
Llama 3.2 3B Instruct 45.42% 40.37% 47.59%
Llama 3.1 8B Instruct 85.09% 86.71% 87.36%
MMed-Llama 3 8B 79.26% 81.30% 80.79%
Qwen 3 4B Instruct 56.71% 65.79% 64.17%
Qwen 2.5 7B Instruct 62.31% 68.84% 70.32%
DeepSeek R1 Distill Llama 8B 73.89% 76.20% 75.93%
DeepSeek R1 Distill Qwen 7B 71.62% 74.58% 73.38%

Table 4: Finetuned Result: Comparison of Model composite score after fine-tuning.

their respective metrics.

7. On the other hand, DeepSeek models, par-
ticularly the DeepSeek version of the Llama
model performed nearly as well as the Llama
3.1 8B Instruct model. However, both models
occasionally produced Chinese characters in
the output. Additionally, they often converted
numbers and their corresponding units, espe-
cially for tumour length; for example, convert-
ing 1.2 cm to 11 mm or 125 mm to 12.5 cm.
It was also observed that the DeepSeek mod-
els exhibited ambiguity when distinguishing
among the following variables: tumour length,
distance from the anal verge, and distance
from the ano-rectal junction. They often re-
turned the tumour length when asked for the
distance from the anal verge or the distance
from the ano-rectal junction, even when these
values were explicitly stated. The models also
consistently confused report types, including
the first MRI report, restaging MRI, and oth-
ers. For example, when the report was a first
MRI, the other report types should have been
marked as "no," but the models returned "yes"
or "not mentioned." Similarly, when the report
was a post-treatment MRI, they sometimes in-
correctly marked it as a "first MRI report".
These were some major reasons for a lower
score in the baseline stage.

6.2. Intermediate

1. Although the prompts were enhanced, the
Llama 3.1 3B Instruct model did not demon-
strate any significant improvement across the
three prompting settings (zero-shot, one-shot,
and few-shot). In contrast, the MMed-LLaMA
8B model performed comparably to the Llama
3.1 8B Instruct model (which performed the
best). The primary issue observed was that
the models consistently returned “not men-
tioned” for MRI report stages. A similar pattern
was identified for Tumour Regression Grade

and treatment response, where the models
frequently defaulted to “not mentioned.”

2. Qwen performed better than the other models
including Llama 3.1 8B Instruct model when
using the multi-question prompt. It produced
more accurate outputs, particularly for tumour
staging variables such as T-stage, N-stage,
and M-stage. Additionally, it correctly identified
CRM involvement, EMVI, tumour deposit (TD),
and T4a status.

3. DeepSeek Llama performed well overall. How-
ever, it frequently generated unnecessary ad-
ditional text, including explanations and repeti-
tive content. Further, DeepSeek Qwen often
reproduced the example outputs provided in
the one-shot and few-shot prompts, rather than
generating responses based on the actual in-
put. Despite major improvements, the models
still demonstrated confusion among the follow-
ing variables: tumour length, distance from the
anal verge, and distance from the ano-rectal
junction. These values were interchanged, al-
though they were explicitly stated in the re-
port. Furthermore, when lymphadenopathy
was clearly reported as “nil significant,” the
models should have returned “nil significant”
for internal iliac, obturator, inguinal, external
iliac, common iliac, and para-aortic nodes. In-
stead, they often responded with “not men-
tioned” or, at times, generated incorrect ran-
dom values from the examples.

6.3. Fine-tuned
1. After fine-tuning, not all the models showed

substantial improvement. Although MMed-
LLaMA 8B improved to some extent, its perfor-
mance was still inferior to Llama 3.1 8B Instruct.
Infact, Qwen showed a decline in output qual-
ity after fine-tuning, frequently returning “not
mentioned” for most variables. Although the
multi-question prompt continued to produce
relatively good outputs, it did not demonstrate
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significant improvement compared to the in-
termediate stage. In contrast, the all-question
prompt showed slight improvement after fine-
tuning, particularly in generating accurate nu-
meric values.

2. Llama 3.1 8B Instruct produced the most ac-
curate outputs across single-question, multi-
question, and all-question prompting strate-
gies. However, all the versions of Llama mod-
els still returned “not mentioned” for certain
variables that were explicitly stated in the text.
We infer that this issue may be related to train-
ing data imbalance. In our dataset, some
variables such as levator ani, piriformis, and
obturator (internus and externus) were pre-
dominantly labeled as “not mentioned” and oc-
curred only rarely. Nevertheless, the models
appeared to default to “not mentioned” even
when these anatomical structures were clearly
described in the report.

3. It was also observed that the DeepSeek mod-
els produced more accurate outputs for anal
sphincter complex variables when compared
to the intermediate stage. Moreover, the gen-
eration of unnecessary extra content was re-
duced drastically, and the responses became
more concise, containing only minimal addi-
tional text. Metric and unit conversion errors
were corrected, and hallucinations were largely
eliminated. They also performed poorly in iden-
tifying post-treatment changes, such as hy-
pointense changes, residual tumour with the
same signal as the first MRI, and mucin re-
action with a T2 hyperintense focus within a
hypointense post-treatment change.

7. Conclusion

This study demonstrates the effectiveness of LLMs,
particularly LLaMA 3.1 8B Instruct, in extracting
structured information from unstructured MRI re-
ports. A key contribution of this work is the creation
of a novel dataset comprising of 55 clinically rele-
vant variables, specifically tailored for doctor notes
of MRI reports focused on tumors. Through the
evaluation of prompt-tuning strategies across three
experimental stages, we showcase the potential
of LLMs to automate clinical data extraction with a
high composite score. This dataset, along with our
experimental findings, provides a valuable resource
and foundation for future research in medical infor-
mation extraction and supports the development of
more reliable, scalable, and efficient NLP systems
in healthcare.

8. Future Work

As a part of future work, we plan to extend the anal-
ysis to additional report types, including CT, biopsy,
CEA, and surgical histopathology reports. Further-
more, we intend to incorporate a larger number of
reports and curate additional cases in which most
of the relevant variables are explicitly documented,
to improve data balance and overall model perfor-
mance.

9. Limitations

A significant proportion of the dataset contained
variables labeled as “not mentioned,” which intro-
duced class imbalance across the variables in the
dataset. Additionally, certain variable outputs were
unevenly distributed. For example, within the T-
Stage variable, the categories T3B and T4B ap-
peared far more frequently than T0, T1, and T2,
further contributing to class imbalance within the
dataset. These were the only notable limitations
identified.
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A. Prompt Appendix

Baseline Prompt

You are an expert radiology information extraction model. Respond only in JSON.
Extract the n-stage from the radiology report.

OUTPUT FORMAT:
{‘value’: ‘N0, N1, N1c, N2, or not mentioned’}

REPORT: {REPORT}

Enhanced One Question Prompt

You are an expert radiology information extraction model. Your task is to extract the current length
of the tumour from the given radiology report text based on the detailed instructions below and
only respond in JSON format.

Instructions:
You must follow these exact guidelines to generate answer:
1. If the radiology report clearly states phrases such as:

- "No foci of T2 intermediate signal intensity or restricted diffusion in this segment"
- "Likely post-RT changes"
- "Post-treatment changes in the low rectum with no evidence of residual/recurrent tumor"
→ This indicates a complete radiologic response. In this case, return: "Not Relevant"

2. If tumour length is explicitly mentioned using terms such as:
- "length"
- "tumour size"
- "tumour length"
→ Extract the numeric value of length of the tumour and its associated unit, ensuring there is

a space between the number and the unit (e.g., "46 mm", "3.2 cm").
→ Always use numerals instead of words (e.g., "4 mm", not "four mm").

3. If the report is a post-treatment complete radiology report, and it only mentions scar size but
not tumour size, extract the scar size as the current tumour length.
4. If neither tumour size nor scar size is mentioned, but the report qualifies as complete (based on
the text), return: "Not Relevant"
5. If the tumour length is not mentioned, and the report is not complete, return: "Not Mentioned"

Multi Question Prompt

You are an information extraction system that can extract information from a given text and only
respond in JSON format.
for ’crm_or_mrf_involvement’:
1. If crm or mrf involvement is explicitly mentioned using terms such as:

- "CRM - involved"
- "CRM - 0 mm"
- "mesorectal fascia - 9 mm"

2. return "Yes" if the distance to the mesorectal fascia is explicitly reported as less than 1 mm.
3. return "No" if the distance is explicitly reported as greater than or equal to 1 mm.
4. Return "Not Mentioned" if the distance to the mesorectal fascia is not mentioned in the text.
for ’emvi’:
1. If EMVI is explicitly mentioned using terms such as:

- "EMVI - present"
- "EMVI - nil"
- "EMVI - absent"

2. return "Yes" if EMVI is present and not mentioned as fibrosed, healed.
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3. return "No" if EMVI is mentioned as fibrosed, healed, resolved, absent, or nil.
4. return "Not Mentioned" if EMVI is not explicitly mentioned.
for ’tumour_deposit’:
1. return "Yes", if the report explicitly mentions the presence of tumor deposits, or uses terms like:

- “tumor deposit (TD) - present”
- “ENTD (extranodal tumor deposit) - present”

2. return "No" if the report explicitly mentions the absence of tumor deposits, or uses terms like:
- “tumor deposit (TD) - absent”
- “ENTD (extranodal tumor deposit) - absent”

3. return ’Not Relevant’ if the input text is a complete radiology report.
4. return "Not Mentioned" if tumor deposit (TD) or ENTD (extranodal tumor deposit) are not explicitly
mentioned.
for ’is_t4a’:
1. return "Yes", if tumor invasion of the pelvic peritoneal reflection is explicitly mentioned.
2. return "No", if the pelvic peritoneal reflection is not involved, or confirms that the tumor is below
the peritoneal reflection.
3. return "Not Mentioned", if the pelvic peritoneal reflection is not mentioned.

B. Example Appendix

Semi-Structured or Unstructured Report Example

MRI ABDOMEN AND PELVIS
FINDINGS:
RECTUM: Residual circumferential thickening of the low rectum with peri-rectal fat stranding ,
inferiorly extending to anorectal junction. Shows focus of T2 intermediate signal intensity with
small focus of restricted diffusion in left lateral wall
- length - 15mm vs 20 mm previously
- extramural spread - 2.4 mm
- CRM - involved at 12 0clock position by tumor
- CRM - 0 mm - EMVI - nil
- highest margin of the tumor is below the peritoneal reflection
- no infiltration of puborectalis or anal sphincter complex
- no infiltration of vagina, uterus, cervix or bladder
- mesorectal nodes: nil significant
LYMPHADENOPATHY: para-aortic - Nil significant internal iliac - Nil significant external iliac - Nil
significant inguinal - Nil significant
LIVER - No focal lesions in the liver, no IHBRD. SPLEEN - Normal GB - Distended, no wall
thickening or calculi. CBD is of normal calibre. PANCREAS - Normal ADRENALS - Normal
KIDNEYS - Normal BOWEL, MESENTERY, OMENTUM - Rectum as described.
Rest nil significant FLUID - nil
BLADDER - Minimally distended, normal
UTERUS - multiple fibroids, largest 15x13mm in the anterior wall
OVARIES - Nil significant
INGUINAL ORIFICES - Nil significant
ABDOMINAL WALL - Divarication of rectus noted.
BLOOD VESSELS -Nil significant
VISUALISED LUNG BASES -Nil significant
VISUALISED BONES -Nil significant
IMPRESSION: 70 year old lady with carcinoma rectum, post treatment on follow up, MRI shows
1. Residual circumferential thickening of the low rectum, extending to anorectal junction with T2
intermediate signal intensity and small focus of restricted diffusion CRM =0 EMVI - nil
2.No significant lymphadenopathy.
No significant change from previous MRI dated Feb 2023.
Suggest clinical evaluation and close follow up.
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Structured Report Example

{
"report_type": "MRI",
"bio": {

"age": "70",
"gender": "Female"

},
"mri_numeric": {

"current_length_of_tumour": "15 mm",
"distance_from_anal_verge": "Not Mentioned",
"distance_from_anorectal_junction": "0 mm",
"extramural_spread_size": "2.4 mm",
"mr_crm_distance": "0 mm",
"number_of_mesorectal_nodes": "Nil Significant",
"internal_iliac_nodes": "Nil Significant",
"size_of_obturator_nodes": "Not Mentioned",
"size_of_inguinal": "Nil Significant",
"size_of_external_iliac": "Nil Significant",
"size_of_common_iliac": "Not Mentioned",
"size_of_para_aortic": "Nil Significant"

},
"mri_stage": {

"is_first_mri_report": "No",
"is_restaging_mri_report": "Yes",
"is_mri_report_after_neoadjuvant": "Not Mentioned",
"is_post_treatment_mri_report": "Yes",
"is_post_operative_mri": "Not Mentioned"

},
"location_of_the_tumour: low"
"t2_signal_intensity": "Intermediate",
"dwi": "Restricted diffusion",
"morphology": "Not Mentioned",
"post_treatment_change": {

"is_thick_t2_hypointense_band": "Not Mentioned",
"is_thin_t2_hypointense_band": "Not Mentioned",
"is_residual_tumor_as_first_mri": "Not Mentioned",
"is_mucin_reaction_t2_hyper_hypo_post_treatment": "Not Mentioned"

},
"rectal_perforation": {

"obstruction": "Not Mentioned",
"perforation": "Not Mentioned"

},
"radial_extent": "Annular or Circumferential",
"crm_or_mrf_involvement": "Yes",
"emvi": "No",
"tumour_deposit": "Not Mentioned",
"is_t4a": "No",
"adjacent_structures_t4b": {

"female": {
"uterus": "No",
"vagina": "No",
"ovaries": "No"

},
"male": {

"prostate": "Not Applicable",
"seminal_vesicles": "Not Applicable"

},
"male_and_female": {

"levator_ani": "Not Mentioned",
"puborectalis": "No",
"piriformis": "Not Mentioned",
"obturator_internus": "Not Mentioned",
"obturator_externus": "Not Mentioned"

}
},
"anal_sphincter_complex": {

"internal_sphincter": "No",
"t4b": {

"external_sphincter": "No",
"inter_sphincteric_plane": "No",
"ischiorectal_foss": "No",
"fistula_in_ano": "No"

}
},
"t_stage": "T3b",
"n_stage": "N0",
"m_stage": "M0",
"mr_trg": "MR TRG 2",
"response": "Near Complete"

}
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Abstract
Automatic metrics such as F1 and BERTScore are often insufficient for evaluating user-centric generative tasks like
Consumer Health Question (CHQ) reformulation. A high F1-score may not correlate with user satisfaction, especially
when the user’s knowledge level (UKL) dictates their needs. We propose a robust, Persona-Driven Evaluation
Framework (PDEF), grounded in cognitive science and health literacy literature, to measure persona-specific UCQ.
This framework assesses reformulations from the perspectives of a ‘Layperson’ (requiring foundational context)
and an ‘Expert’ (requiring efficient, precise answers). We apply this framework to a set of reformulated questions
generated by LLMs, and test the robustness of our evaluation by using three state-of-the-art LLMs (GPT-4o, Llama
3.3, and Mistral Large) as the evaluators. Our results reveal a significant disconnect between automatic metrics
and user-perceived quality: the model with the highest F1-score (0.6134) was consistently outperformed in user
preference by a Pipelined model, with experts preferring the latter by a statistically significant margin (p < 0.001).
Furthermore, our persona-driven ablation analysis provides robust evidence that specific architectural components,
specifically UKL inference and Entailment logic, are linked to significant gains in persona-driven quality for Layperson
cohorts. This work demonstrates the critical need for user-centric evaluation and shows that its findings are
generalizable across different LLM architectures.

Keywords: Consumer Health, Question Understanding, LLM-as-a-Judge, Persona-Driven Evaluation

1. Introduction

Consumers increasingly turn to the internet for
health information, but are often hindered by a
"vocabulary gap" (Zeng et al., 2005; Zeng and
Tse, 2006) between their layperson queries and
the medical jargon of online resources. Con-
sumer Health Question (CHQ) reformulation aims
to bridge this gap by converting ambiguous queries
into a set of canonical, answerable questions.

However, evaluating these generative systems,
specifically Large Language Model (LLM) archi-
tectures designed for query reformulation, is no-
toriously difficult. While these systems excel at
producing fluent text, traditional automatic metrics
based on semantic similarity, such as F1-scores,
often fail to measure the actual utility of the output
for specific user cohorts (Zhang et al., 2020). For
instance, a reformulation that is verbose and repet-
itive might achieve a high F1-score via keyword
matching, yet frustrate an expert user seeking a
concise, evidence-based data point.

We argue that a "one-size-fits-all" reformulation
is suboptimal because it ignores the divergent
cognitive needs of users. To address this, we
formalize user requirements into two distinct pro-
files based on domain familiarity and information-
seeking goals (Brusilovsky, 2001; Hölscher and
Strube, 2000):

Novice (Low UKL): A user who lacks a foun-
dational understanding of the specific medical do-
main, often characterized by "Low Health Liter-
acy" or limited exposure to technical medical silos
(White et al., 2008). This typically includes newly
diagnosed patients or concerned caregivers.

• Information-Seeking Goal: Orientation and
Scaffolding. As established by Chiu et al.
(Chiu et al., 2022), laypersons with fewer clin-
ical consultations often struggle with match
rates between their queries and professional
health information. They require foundational
context to bridge the "vocabulary gap" and ef-
fectively interpret technical answers (Kuhlthau,
1991).

• Behavioral Indicator: Novices derive a Shared
Benefit from query normalization but specif-
ically require Augmentation. Unlike experts
who prioritize simple summarization, novices
prefer reformulations that move beyond para-
phrasing toward Entailment, the addition of
broader, prerequisite questions that provide
the necessary background to understand the
primary query (Chen et al., 2021; Vakkari,
1999).

Expert (High UKL): a user with high domain-
specific knowledge, such as a clinician, medical
researcher, or a "pro-patient" with extensive lived
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experience, who has developed high search pro-
ficiency through frequent medical consultations
(Chiu et al., 2022). These users are character-
ized by their ability to navigate specialized tech-
nical resources like PubMed (National Center for
Biotechnology Information (NCBI), 2026) to extract
evidence-based data (White et al., 2008; Research,
2025).

• Information-Seeking Goal: Precision and Ex-
traction. Experts seek specific, clinically rele-
vant data points to fill narrow information gaps
within an existing, robust mental model (Chen
et al., 2021).

• Behavioral Indicator: They prioritize Normal-
ization (de-noising complex narrative queries)
but actively reject Augmentation. Due to the
Expertise Reversal Effect (Sweller. et al.,
2011; Kalyuga et al., 2003), they perceive
foundational "scaffolding" (e.g., definitions) as
extraneous cognitive load or "noise" that hin-
ders their retrieval efficiency.

To evaluate these divergent needs, we define User-
Centric Quality (UCQ) as the degree to which a
reformulated query aligns with the specific cogni-
tive constraints and information-seeking goals of
a target persona. Grounded in Saracevic’s the-
ory of situational relevance (Saracevic, 1975) and
Sweller’s Expertise Reversal Effect (Sweller. et al.,
2011), this metric prioritizes the functional effec-
tiveness of the output over simple string matching.
High UCQ ensures that a novice receives neces-
sary scaffolding while an expert is provided with a
concise, high-efficiency path to information.

This theoretical conflict, where the same informa-
tion serves as a bridge for one user and a barrier
for another, necessitates a Persona-Driven Evalua-
tion Framework (PDEF). To quantify the alignment
between reformulation strategies and these op-
posing needs, we established four persona-driven
evaluation criteria:

1. Goal Achievement: How well the output
helps the persona achieve their primary goal
(orientation vs. efficiency) (Kuhlthau, 1991;
Hölscher and Strube, 2000).

2. Cognitive Appropriateness: How well the
level of context (added or removed) matches
the persona’s needs (Sweller. et al., 2011;
Norman, 1987).

3. Clarity & Usability: How easy the output is to
understand and use (iso, 2018; Zarcadoolas
et al., 2006).

4. Perceived Relevance & Utility: How confi-
dent the persona is that the output will lead to
useful answers for their specific goal (Sarace-
vic, 1975; Vuong et al., 2019).

Model Description

Baselines
B1 (Summ.) Summarizes the query.

B2 (QR Def.) Given a simple definition of
reformulation.

Context-Aware Frameworks

SPM (Single-prompt) Infers UKL, Focus and Type
and applies entailment logic.

PM (Multi-prompts)

Infers UKL, Focus and Type
with separate prompts, then
uses those for input for the
prompt applying entailment
logic.

Ablation Models (SPM)

SPM (-UKL)
Removes UKL inference and
UKL usage from entailment
logic.

SPM (-Entail.) Removes Entailment logic.

Table 1: Reformulation models and baseline strate-
gies sourced directly from (Lee et al., 2026). We
utilize these existing model outputs to validate our
PDEF against both context-agnostic and adaptive
architectures.

By moving beyond traditional semantic overlap
(F1-score) to these theory-grounded metrics, we
can precisely identify where current LLMs succeed
or fail in meeting subjective user requirements.

In this work, we hypothesize that the most effec-
tive reformulation is tailored to the UKL. We test
this hypothesis by introducing a PDEF, which we
apply to a series of generative systems, detailed in
Table 1, originally developed in our prior work (Lee
et al., 2026).

These systems represent a spectrum of refor-
mulation strategies: Baselines provide context-
agnostic outputs such as simple summarization
(B1) or a standard definition of the reformulation
task (B2); Context-Aware Frameworks with Single-
Prompt Model (SPM) and Pipeline-Model (PM) uti-
lize GPT-4 (OpenAI, 2023) to adaptively infer UKL
and apply entailment logic, adding foundational
context; and Ablation Models allow us to isolate the
specific impact of UKL inference and entailment.
By evaluating these diverse strategies through our
PDEF, we can quantify which model components
drive satisfaction for different types of users.

Our contributions are threefold:

1. We introduce a persona-based evalua-
tion framework grounded in health literacy
(Kuhlthau, 1991; Zarcadoolas et al., 2006) and
cognitive load theory (Sweller. et al., 2011).
This framework is designed to quantify the
alignment of reformulations with the distinct
information-seeking goals and cognitive con-
straints of user cohorts by implementing user
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needs into measurable persona-driven crite-
ria.

2. We validate our prior F1-score findings (Lee
et al., 2026) with a user-centric lens, demon-
strating that our persona-based evaluation
also finds the Context-Aware Frameworks to
be dramatically superior to B1, B2, SPM (-
UKL) and SPM (-Entail).

3. We validate the robustness of our framework
and findings by running our evaluation on
three state-of-the-art LLMs (GPT-4o, Llama
3.3, and Mistral Large), showing that our core
conclusions are generalizable and not an arti-
fact of a single model.

2. Related Work

Consumer Health Question (CHQ) Simplifi-
cation Bridging the “vocabulary gap” between
laypeople and medical professionals is a founda-
tional challenge in medical informatics (Zeng et al.,
2005; Zeng and Tse, 2006). Early approaches re-
lied on dictionary-based substitution and statistical
machine translation to simplify jargon. With the ad-
vent of neural generation, recent work has shifted
toward abstractive reformulation and summariza-
tion (Ben Abacha and Demner-Fushman, 2019;
Lee et al., 2026). However, the majority of exist-
ing research focuses exclusively on simplification,
making text readable for low-literacy users. Our
work diverges by acknowledging that “simplifica-
tion” is often detrimental to high-knowledge users
(experts), necessitating an adaptive approach that
can toggle between scaffolding and precision.

User Knowledge Modeling & Cognitive Load
The distinction between novice and expert informa-
tion needs is a foundational challenge in informa-
tion retrieval. For nearly two decades, research
has shown that domain expertise fundamentally
dictates search interaction patterns. This was pio-
neered by White et al. (White et al., 2008), who uti-
lized specialized resource visitation (e.g., PubMed)
to distinguish between medical experts and non-
experts (Novices), finding that experts prioritize
technical precision over general orientation.

This trajectory continues into the era of genera-
tive AI; recent large-scale telemetry studies from
Microsoft Research (Research, 2025) confirm that
these expertise levels remain the primary drivers of
user satisfaction in chat-based interfaces. Specifi-
cally, while novices utilize generative tools for infor-
mation recall and mental model building (Kuhlthau,
1991), experts demand high-complexity, targeted
extraction. Our work implements these established
behaviors by testing the Expertise Reversal Effect
(Sweller. et al., 2011; Kalyuga et al., 2003), a

phenomenon where the foundational "scaffolding"
essential for a novice’s understanding becomes
extraneous cognitive load that hinders an expert’s
efficiency.

Evaluation of Generative Reformulation Eval-
uating generative text remains an open challenge.
Traditional n-gram metrics (BLEU, ROUGE) and
embedding-based metrics (BERTScore) (Zhang
et al., 2020) measure semantic overlap but fail to
capture persona-specific requirements or the cog-
nitive appropriateness of the output. Recently, the
“LLM-as-a-Judge” paradigm (Zheng et al., 2023)
has emerged as a cost-effective alternative to hu-
man annotation, correlating well with human pref-
erences on general tasks. However, most LLM-
based evaluations use a single, generic evaluator
prompt. In this work, we propose a PDEF, using
opposing evaluator personas to explicitly measure
the trade-off between accessibility (for laypeople)
and efficiency (for experts).

3. Methodology

3.1. Experimental Setup

To validate the PDEF, we utilize the Consumer
Health Question (CHQ) dataset established in (Lee
et al., 2026). This corpus consists of 273 com-
plex, multi-intent queries sourced from the NIH
Genetic and Rare Diseases (GARD) Information
Center. Each query is paired with expert-curated
reformulations that serve as the ground truth for
traditional semantic evaluation.Our experiments
are conducted on a controlled testbed of 1,638
reformulated outputs (273 queries × 6 systems).
These outputs were generated by the six archi-
tectures described in the Introduction (Table 1),
ranging from context-agnostic baselines to adap-
tive, context-aware frameworks. By using this fixed
set of outputs, we isolate the PDEF’s ability to mea-
sure persona-driven utility across varying levels of
architectural complexity.

3.2. Automatic Evaluation Baseline

Following the methodology of our prior work (Lee
et al., 2026), we first evaluated all models using a
redundancy-aware semantic F1-score (RA-Sem-
F1). This metric computes a set-based F1-score
by matching generated questions against a gold-
standard set using specialized medical embed-
dings: BGE-Medical (Hükmet, 2024) (0.67 sim-
ilarity threshold) and BioLORD (Rémy et al., 2022)
(0.90 threshold for deduplication).As shown in Ta-
ble 2, these semantic metrics establish that the
SPM is the top-performing model under traditional
evaluation (F1 = 0.6134). This serves as the base-
line context for our current study, allowing us to
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Model Output
(Reformulation)

Shared Criteria:
Goal Achievement

Cog. Appropriateness
Clarity

Relevance

Layperson
Prompt

(Low UKL)

Expert
Prompt

(High UKL)

Score
(1-5)

Score
(1-5)

Figure 1: The PDEF. The model output is evaluated
by two distinct Persona Prompts (Layperson vs.
Expert). Both prompts utilize the same Shared
Criteria to generate a evaluation score.

compare traditional performance against persona-
specific utility.

3.3. PDEF Implementation

To strictly measure UCQ, we propose the PDEF,
illustrated in Figure 1. We developed a structured
evaluation pipeline using LLMs-as-judges (Zheng
et al., 2023) to process the 1,638 reformulated
outputs through the following procedure:

1. Prompt Construction: For every query-output
pair, we constructed a specific evaluation
prompt containing the original user query, the
model’s reformulation, and a detailed Persona
Profile (Layperson or Expert).

2. Scoring Rubric: Each judge was provided with
the four Persona-Driven Criteria established in
the Introduction. The judges were instructed
to provide a Likert score (1–5) for each cri-
terion, followed by a brief natural language
justification to ensure reasoning consistency.

3. Inference Parameters: To ensure stable and
reproducible scoring, we set the sampling tem-
perature to τ = 0.0 for all three LLM judges
(GPT-4o, Llama 3.3, and Mistral Large), min-
imizing stochastic variance in the evaluation
results.

4. Data Aggregation: We collected a total of
9,828 individual evaluations (1,638 outputs ×
2 personas × 3 judges). These scores were
then averaged across the four criteria to cal-
culate the Mean Core Criteria score for each
model-persona pair.

3.3.1. LLM Judge Selection and Statistical
Validation

A key critique of the “LLM-as-a-judge” paradigm
is the potential for Self-Preference Bias, where a

Method Recall Precision F1-Score

Baselines
B1 (Summ.) 0.5353 0.6507 0.5874
B2 (QR Def.) 0.6037 0.5669 0.5847

Adaptive Models
PM 0.5399 0.6730 0.5992
SPM 0.5544 0.6866 0.6134

Ablations (Single-Prompt)
SPM (-UKL) 0.4659 0.6710 0.5500
SPM (-Entail.) 0.4703 0.7090 0.5655

Table 2: Performance of reformulation models us-
ing traditional semantic metrics (Lee et al., 2026).
Key Highlight: The SPM model significantly out-
performs context-agnostic baselines in F1-score,
establishing it as the benchmark for our subse-
quent persona-driven analysis.

model preferentially rates outputs generated by it-
self or similar architectures (Zheng et al., 2023).
To mitigate this and ensure our findings are gener-
alizable, we selected three distinct SOTA models
to serve as our evaluators, specifically chosen to
represent architectural and developer diversity.

We selected GPT-4o (OpenAI, 2024) as the
industry benchmark. As a closed-source model
utilizing a Mixture of Experts (MoE) architecture
(Shazeer et al., 2017), GPT-4o represents the cur-
rent state-of-the-art. Any modern evaluation frame-
work must be validated against this baseline. To
ensure architectural diversity, we included Llama
3.3 (Meta AI, 2024). Unlike MoE models, Llama
utilizes a dense architecture where every param-
eter is activated for every token. This inclusion is
critical for validity; by demonstrating agreement be-
tween sparse MoE models and dense models, we
control for artifacts that might be specific to sparse
activation patterns. Finally, we selected Mistral
Large (AI, 2024) to represent a competitive alter-
native MoE architecture. Including Mistral allows
us to test if our findings hold across different im-
plementations of similar architectural philosophies,
specifically comparing GPT-4o against Mistral.

To determine the statistical significance of the
performance differences measured by these evalu-
ators, we performed two-tailed paired t-tests (α =
0.05) following the methodology described by Mont-
gomery and Runger (Montgomery and Runger,
2003). This statistical validation ensures that the
observed utility gains for Laypersons and the con-
sistent penalties recorded in the Expert scenarios
are mathematically significant and not due to ran-
dom variance in the LLM judges’ outputs.
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Scenario Comparison Mistral Llama 3.3 GPT-4o

Layperson vs. B1 (Summ.) +0.122 -0.001 +0.296
(UKL LOW) vs. B2 (QR Def.) -0.082 -0.106 -0.004

vs. -UKL +0.641 +0.663 +0.800
vs. -Entail. +0.553 +0.532 +0.750
vs. -F/T +0.101 +0.060 +0.111

Expert vs. B1 (Summ.) +0.033 -0.107 -0.037
(UKL HIGH) vs. B2 (QR Def.) +0.846 +1.013 +0.745

vs. -UKL -0.284 -0.271 -0.312
vs. -Entail. -0.241 -0.281 -0.300
vs. -F/T +0.226 +0.120 +0.092

Table 3: Comparative UCQ scores across state-of-
the-art LLM Evaluators. Our core findings (in bold)
are stable across all three evaluators.

4. Results and Analysis

4.1. Automatic Metric Results

The automatic evaluation results (from our prior
work) are shown in Table 2. Based on this eval-
uation, the SPM achieves the highest F1-score
(0.6134). The ablation study confirms that re-
moving the UKL (0.5500) or Entailment (0.5655)
components causes a significant drop in F1-score.

4.2. Agreement Between LLM Judges

We define consensus as the directional agreement
across three independent LLM judges (GPT-4o,
Llama 3.3, and Mistral Large). The values in Fig-
ure 2 represent the Mean Core Criteria Delta (∆),
calculated as:∆ = ScoreSPM−ScoreComparison Model.
This metric quantifies the average difference on a
1–5 Likert scale across the four evaluation criteria.
A positive (green) delta indicates the SPM provided
higher UCQ, while a negative (red) delta indicates
the comparison model was preferred by that per-
sona. Utilizing deltas allows us to isolate the spe-
cific impact of architectural features like Entailment
while controlling for baseline model performance.

A notable trend in this study is the level of agree-
ment across the three LLM judges. As shown in
Table 3, GPT-4o, Llama 3.3, and Mistral Large all
independently reached similar conclusions: the
SPM is preferred for Laypersons, while the "Ex-
pert’s Dilemma" (the penalization of extra context)
is observed across all evaluators. This consistency
suggests that the PDEF produces stable results
that do not depend on which specific model is per-
forming the scoring.

4.3. PDEF Results

The Persona-Driven Evaluation reveals opposing
utility requirements between user cohorts. Figure
2 illustrates the consensus across all three LLM
evaluators (GPT-4o, Llama 3.3, and Mistral Large).
While the SPM significantly dominates all base-
lines and ablations for the Layperson persona,

consistent green across evaluators, we observe a
definitive Expert’s Dilemma: expert personas con-
sistently prefer the ablated models that lack UKL
and Entailment logic as indicated by the red delta
blocks.

4.4. Analysis of Key Scenarios

We analyze how the SPM performs against the
baselines in the two scenarios it was designed to
handle, using the Mistral results.

Layperson (UKL LOW): In this scenario, the
SPM, with a mean score of 4.95, significantly
outperforms B1, which achieved a mean of 4.76
(∆=+0.19, p= 0.00147). This confirms our hypoth-
esis: for novices, summarization is the wrong ap-
proach, and the model’s ability to add foundational
context is critical. Against B2, the B2 model is
slightly preferred on most metrics (p=0.105). How-
ever, the SPM achieves a significantly higher Clar-
ity & Usability score (∆=+0.05, p=0.0447). This
suggests that while both models provide appropri-
ate context, the SPM’s output is clearer.

Expert (UKL HIGH): Here, the SPM mean of
4.37 dramatically outperforms the B2 mean of 3.53
(∆=+0.84, p<0.001). This is our core hypothe-
sis validated. The Expert persona, valuing effi-
ciency, strongly prefers the SPM’s concise output.
This is most visible in the ‘Cognitive Appropriate-
ness’ score, which has a massive delta of +1.06
(p<0.001), proving the expert rejects the "extrane-
ous cognitive load" imposed by B2’s basic ques-
tions.

4.5. PDEF Ablation Analysis

The ablation results, summarized across all evalu-
ators in Figure 2, causally link the model’s perfor-
mance to its specific prompt components.

Layperson (UKL LOW): The full SPM
dominates both the SPM (-UKL) and SPM
(-Entail.) ablations. As shown in the heatmap,
all three evaluators record massive positive deltas
(e.g., Mistral ∆=+0.64 for -UKL and +0.55 for
-Entail.). This provides robust evidence that the
UKL and Entailment logic are the primary
drivers of success for novice users; removing them
causes a collapse in user-perceived utility.

In contrast, the impact of removing Fo-
cus/Type structuring (-F/T) is significantly smaller
(∆=+0.10). This positions structural deconstruction
as a "nice-to-have" for novices, whereas contextual
augmentation is "essential."
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Figure 2: Cross-Evaluator Consensus: Delta scores (SPM - Comparison Model) across three state-of-the-
art LLMs. Green (positive) indicates the SPM outperformed the comparison; Red (negative) indicates
the comparison was preferred. Note the consistent Expert’s Dilemma: Experts across all evaluators
penalize the UKL/Entailment logic that novices require.

Expert (UKL HIGH): We observe a definitive re-
versal for the expert persona. The ablated models
(-UKL and -Entail.) are significantly preferred
over the full SPM (Mistral ∆=-0.28 and -0.24, re-
spectively). This is the quantitative signature of
the "Expert’s Dilemma": experts penalize the inclu-
sion of the very components that the laypersons
require.

However, the SPM (-F/T) ablation reveals a
critical nuance: removing the structural logic sig-
nificantly hurts expert satisfaction (∆ = +0.23,
p < 0.05). This confirms that experts desire query
deconstruction (normalization) but are actively hin-
dered by foundational scaffolding (augmentation).

4.6. SPM vs. PM Analysis

The comparison between architectures reveals
a final architectural insight. For the Layperson,
the PM and SPM remain in a statistical tie (∆=-
0.02, p > 0.05). However, for the Expert, the
PM consistently and significantly outperforms
the SPM across all evaluators (Mistral ∆=-0.35,
p < 0.001). This suggests that a decoupled, modu-
lar pipeline is more robust at maintaining precision
for high-knowledge users than a single-pass infer-
ence model.

5. Discussion

Our results highlight five key findings.

5.1. The "Expert’s Dilemma": A Design
Trade-Off

Our analysis reveals a critical system design ten-
sion we term the “Expert’s Dilemma.” This refers
to the conflict between an expert’s functional need
for query deconstruction and their cognitive intoler-
ance for the added context that typically accompa-
nies it.

Quantitatively, our ablation study for Experts
showed that removing the contextual logic (-UKL
and -Entailment) actually improved perfor-
mance. This, combined with the statistical tie be-
tween the SPM and the simple Summarization
baseline (B1), suggests that for high-knowledge
users, a “less is more” strategy is optimal. How-
ever, the -F/T ablation reveals a critical nuance.
While Experts penalize the contextual logic of UKL,
they significantly benefit from the structural logic of
F/T (Focus/Type) deconstruction. This suggests
the ideal expert model is not merely a summarizer,
but a precise query deconstructor that adds no new
foundational context.

To understand the mechanism behind these
quantitative results, we qualitatively analyzed the
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Input Query Reformulation (SPM) Evaluator Reactions (Mistral)

"My son presented with a sudden
onset of partial complex seizures...
I would like to know if this disease
has an affect on a person’s appetite
or weight?"

1. What is neurocysticercosis?
2. How is neurocysticercosis diag-

nosed?
3. Does neurocysticercosis impact

a person’s appetite?
4. Is weight change a potential

symptom...?

Layperson (Score: 5/5):
“This list helps me understand neu-
rocysticercosis from the basics...
making it easy to grasp the topic
step-by-step.”
Expert (Score: 2/5):
“Includes too many basic and redun-
dant questions that waste my time,
making it inefficient for my goal...”

Table 4: Qualitative comparison showing the "Expert’s Dilemma." The Layperson values the scaffolding
(Question 1), while the Expert penalizes it as noise.

evaluators’ textual justifications. Table 4 presents a
representative example (Neurocysticercosis query)
that illustrates this divergence. The Layperson per-
sona assigned the reformulated list a perfect score
of 5/5, explicitly citing the inclusion of the definition
(“What is neurocysticercosis?”) as “essential scaf-
folding.” In sharp contrast, the Expert persona pe-
nalized the exact same reformulation with a score
of 2/5, describing the foundational questions as
“redundant” and noting that they “waste my time.”

This qualitative evidence confirms our hypothe-
sis: the UKL component improves performance for
novices by fulfilling their need for orientation, but
simultaneously degrades performance for experts
by increasing extraneous cognitive load.

5.2. The Tension Between Normalization
and Augmentation

Our qualitative analysis indicates that the model
performs two distinct functions: Normalization,
which decomposes CHQs into clean questions,
and Augmentation, which adds foundational defini-
tions.

Shared Benefit: Normalization. Both personas
benefit significantly when the model strips away
"narrative noise." For instance, in a query regard-
ing MELAS Syndrome, the user originally provided
a dense paragraph detailing their mother’s autopsy
report and their sister’s fears about migraines. The
model reduced this entire narrative to four canon-
ical questions (e.g., "Is MELAS syndrome inher-
ited?", "How is it diagnosed?"). Both the Layper-
son and Expert evaluators rated this reduction 5/5.
The Expert explicitly noted that stripping the "irrel-
evant family history" was a key factor in the high
score, confirming that "clinical de-noising" is a uni-
versal quality metric that reduces cognitive load for
novices while increasing efficiency for experts.

Divergent Preference: Augmentation. The con-
flict arises solely from Augmentation. While the
Layperson persona explicitly praises the addition of

Input Query
(Narrative/Messy)

Normalization
(De-noising)

Removes
narrative,
standardizes
terms

Augmentation
(Scaffolding)

Adds definitions,
foundational Qs

Layperson Expert

Shared Benefit Shared Benefit

Essential Extraneous Load

Figure 3: The Mechanism of the Expert’s Dilemma.
Both personas derive a Shared Benefit from Nor-
malization (cleaning the query). The divergence
occurs at Augmentation: while essential for the
Layperson, it introduces extraneous load that the
Expert actively penalizes.

definitions (e.g., "What is neurocysticercosis?") as
"essential scaffolding" for building a mental model
from scratch, the Expert persona penalizes this
exact same content as "redundant" and "a waste
of time."

This clarifies the mechanism of the "Expert’s
Dilemma": Experts desire the Normalization pro-
vided by the model but are forced to "pay" for it with
Augmentation they do not need. As illustrated in
Figure 4, an optimal system would decouple these
features, offering normalization to all users but re-
serving augmentation strictly for low-knowledge
users.

5.3. Robustness Across LLM Evaluators

A critical test of our framework is whether these
findings are stable. As shown in Table 3, the key
patterns are remarkably consistent across all three
state-of-the-art LLMs (Mistral, Llama 3.3, and GPT-
4o). Specifically: (1) Experts Hate B2: The mas-
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Anatomy of a "Failed" Expert Reformulation

Original Question:
My baby has low CD3 and CD4 cells... doubtful
my baby has SCID. When can we consider it is
SCID?

Generated List:
Q1 What is SCID and what causes it?
← Expert: "Wastes my time"

Q2 What are the symptoms of SCID?
← Expert: "Basic/Redundant"

Q3 What are normal CD3/CD4 ranges?
Q4 What other conditions cause low

CD3/CD4?
← Expert: "Relevant/Advanced"

Q5 When can a definitive diagnosis be made?

Analysis: The expert (Mistral) rated this 3/5.
The justification explicitly flagged Q1 and Q2
(Augmentation) as the cause for the penalty,
while acknowledging Q4-Q5 (Normalization)
were useful.

Figure 4: System Failure Analysis for the Expert
Persona. While the model successfully normalizes
the specific medical questions (Q3-5), it fails the
expert by augmenting with definitions (Q1-2) that
increase extraneous cognitive load.

sive win for the SPM over B2 is robust (Deltas:
+0.74 to +1.00); (2) Laypersons Need Context:
The SPM consistently beats the SPM (-UKL) abla-
tion for Laypersons (Deltas: +0.64 to +0.80); and
(3) Pipelines are Better for Experts: The PM con-
sistently outperforms the SPM for Experts (Deltas:
-0.32 to -0.36). This consistency demonstrates that
our PDEF is a stable evaluation method, and our
findings reflect a generalizable user preference.

5.4. Divergence Between F1-Scores and
PDEF

Our results reveal a critical divergence, rather than
a contradiction, between automatic metrics (Ta-
ble 2) and user-centric persona utility (Figure 2).
While the SPM achieved the state-of-the-art RA-
Sem F1-score (0.6134), confirming its high seman-
tic overlap with expert-curated gold standards, the
persona evaluation reveals that this technical "win"
does not translate universally to user satisfaction.

Specifically, the Expert persona consistently pre-
ferred the Pipelined Model (PM) or context-ablated
versions, despite their lower F1-scores. This identi-
fies a significant "Metric Gap": automatic F1-scores
reward semantic completeness, but they fail to ac-
count for the Expertise Reversal Effect, where high-
knowledge users penalize the very foundational
context that automatic metrics celebrate. This high-

lights the necessity of a multi-dimensional evalu-
ation approach where automatic metrics validate
content coverage, while PDEF validate cognitive
appropriateness.

5.5. Architectural Implications: PM vs.
SPM

The PM’s consistent victory (or tie) over the SPM
suggests that de-coupling the tasks of context infer-
ence (Step 1: Infer UKL) from reformulation (Step
2: Apply logic) produces a more robust and user-
preferred output. We hypothesize this is because
the SPM suffers from task interference, struggling
to simultaneously infer context and apply logic,
leading to a slightly compromised output, espe-
cially for the complex Expert (HIGH UKL) task.

6. Conclusion

We introduced a robust, PDEF to measure the
UCQ of CHQ reformulation, validating its stability
across three state-of-the-art LLMs. Our analysis
confirms that while UKL and Entailment logic
drive massive performance gains for novices, they
introduce a “Expert’s Dilemma,” where the same
context burdens high-knowledge users. Conse-
quently, experts significantly preferred a decoupled
Pipelined Model or simple summarization over
the complex adaptive model favored by F1-scores.
These findings highlight the insufficiency of auto-
matic metrics alone: while necessary for semantic
validation, only PDEF captures the conflicting cog-
nitive needs of diverse users.

7. Limitations

Our reliance on simulated personas, while scal-
able, cannot fully capture the situated needs of real
users or guarantee perfect alignment with human
cognitive models. To mitigate potential “LLM-as-a-
judge” bias, we validated our findings across three
distinct architectures (Table 3); however, shared
systemic biases remain possible. Future work pri-
oritizes a formal Human-in-the-Loop study to vali-
date the correlation between our persona scores
and real user satisfaction, specifically testing the
“Expert’s Dilemma” hypothesis with practicing clini-
cians.
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A. PDEF Prompts

This appendix contains the full prompts used for
the LLM-as-a-judge evaluation.

A.1. Layperson Persona

You are an AI evaluator. For this task,
you will adopt the persona of a
'Layperson' with low health
literacy.

↪→

↪→

↪→

* **Your Goal:** To **understand** a
health topic you know little about.
You get confused easily.

↪→

↪→

* **Core Need:** You need **orientation
and basic context**. Just answering
your specific question isn't enough;
you often don't know the
fundamentals.

↪→

↪→

↪→

↪→

* **Value:** You **highly value** lists
that start broad/simple and then
include your specific question. This
step-by-step approach helps you
build a mental model. Lists lacking
this context feel incomplete or
confusing.

↪→

↪→

↪→

↪→

↪→

↪→

* **Language:** You prefer simple, clear
language but understand *one* key
medical term might be needed if the
rest of the question is simple. You
dislike excessive jargon.

↪→

↪→

↪→

↪→

* **Evaluation Focus:** Judge based on
how well the question/list **helps
you learn and understand from
scratch**. Does it provide the
necessary scaffolding?

↪→

↪→

↪→

↪→

A.2. Expert Persona

You are an AI evaluator. For this task,
you will adopt the persona of a
'Health Expert' (e.g., a medical
student, nurse, or resident doctor).

↪→

↪→

↪→

* **Your Goal:** To find **specific,
clinically relevant information as
quickly as possible** for a task
(e.g., confirming a diagnostic
criterion, comparing treatments).
Your time is extremely limited.

↪→

↪→

↪→

↪→

↪→

* **Core Need:** You need **efficiency
and precision**. You already have
foundational knowledge.

↪→

↪→

* **Value:** You **strongly value**
lists that are concise and target

*only* the specific, advanced
information you lack. You **heavily
penalize** lists that waste your
time with redundant or basic
questions you already know. Shorter,
more targeted lists are almost
always better.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

* **Language:** You prefer precise
clinical terminology for accuracy
and efficiency.

↪→

↪→

* **Evaluation Focus:** Judge based on
how **efficiently** the
question/list gets you the

*specific, advanced* information
needed, minimizing noise and
redundancy.

↪→

↪→

↪→

↪→

↪→

A.3. Task Evaluation Template

You must evaluate the TWO question
versions below (A and B). One is the
user's 'Original Question' (OQ),
likely a single query. The other is
its corresponding 'Reformulated
Question' (RQ), which may be a

**list of questions**.

↪→

↪→

↪→

↪→

↪→

↪→
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Your task is to evaluate **both
versions** independently, *strictly*
from your persona's perspective and

**primary goal** (Layperson:
Understanding/Orientation; Expert:
Efficiency/Precision). Use the 4
criteria defined below.

↪→

↪→

↪→

↪→

↪→

↪→

### Instructions

1. **Internalize Persona Goal:**
Constantly ask: "Does this help *me*
achieve *my specific goal*?"

↪→

↪→

2. **Evaluate Both Versions (A, B):**
Rate each version on the 4 criteria
(scores 1-5, where 5 is best).

↪→

↪→

3. **Acknowledge Format:** OQ is likely
single, RQ may be a list.↪→

4. **Evaluate Holistically:**
* **Single OQ:** Judge its

standalone quality based on the
criteria and your persona's
goal.

↪→

↪→

↪→

* **List RQ:** Judge the list **as a
whole set**. Does this *entire
set* achieve your goal better
than the OQ? **Critically assess
context:**

↪→

↪→

↪→

↪→

* **Layperson:** Does the list
provide necessary
foundational context *in
addition* to the specific
ask? High scores require
this scaffolding. Lack of
context is confusing.

↪→

↪→

↪→

↪→

↪→

↪→

* **Expert:** Does the list
include *any* unnecessary
basic/redundant questions?
Penalize heavily for this
inefficiency. High scores
require *only* targeted,
advanced questions.

↪→

↪→

↪→

↪→

↪→

↪→

5. **Provide Justification:** Write a
1-2 sentence justification for

*each* version *in your persona's
voice*, explaining your ratings
based *explicitly* on how well it
met **your goal** and the criteria
below.

↪→

↪→

↪→

↪→

↪→

↪→

6. **Final Output:** Present the entire
output in a single JSON object.↪→

---

**Question Version A:**
{version_a_text}

**Question Version B:**
{version_b_text}

---

**Evaluation JSON (Scores 1-5):**
```json

{{
"evaluations": [

{{
"version": "A",
"is_original_question": null, //

true or false↪→

"scores": {{
"goal_achievement_task_success":

null,↪→

"cognitive_contextual_appropria ⌋
teness": null,↪→

"clarity_usability": null,
"perceived_relevance_utility":

null↪→

}},
"justification": null // Must

explain ratings based on
persona GOAL.

↪→

↪→

}},
{{

"version": "B",
"is_original_question": null, //

true or false↪→

"scores": {{
"goal_achievement_task_success":

null,↪→

"cognitive_contextual_appropria ⌋
teness": null,↪→

"clarity_usability": null,
"perceived_relevance_utility":

null↪→

}},
"justification": null // Must

explain ratings based on
persona GOAL.

↪→

↪→

}}
],
"definitions": {{

"goal_achievement_task_success":
"**Goal Achievement / Task
Success:** How well does this
question/list help *me* achieve

*my primary information-seeking
goal*? (Layperson Goal: Build
foundational understanding,
needing orientation. Expert
Goal: Find specific, advanced
info efficiently, minimizing
redundancy). Score 5 = Perfectly
achieves my goal.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→
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"cognitive_contextual_appropriatene ⌋
ss": "**Cognitive/Contextual
Appropriateness:** Is the level,
complexity, and amount of
context provided suitable for

*my knowledge level and goal*?
(Layperson: Needs foundational
context (e.g., 'What is X?') for
orientation = High score.
Missing context = Low score.
Expert: Hates unnecessary
foundational context; wants

*only* specific info = High
score. Extraneous basics
increase cognitive load = Low
score). Score 5 = Perfectly
appropriate context for ME.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"clarity_usability": "**Clarity &
Usability:** How easy is the
question/list for *me* (my
persona) to understand,
interpret, and potentially use
(e.g., in a search)? (Layperson:
Prefers simple language, minimal
jargon. Expert: Prefers precise
clinical terms, values
conciseness). Score 5 =
Perfectly clear and usable for
ME.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"perceived_relevance_utility":
"**Perceived Relevance &
Utility:** How confident am I
that this question/list
accurately captures my need and
will lead to the most accurate,
relevant, and useful answers

*for my specific goal*?
(Layperson: Needs understandable
answers, appreciates guidance.
Expert: Needs precise,
clinically relevant answers).
Score 5 = High confidence in
getting the right, useful
answers FOR ME."

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

}}
}}
```

B. Full Persona Evaluation Results

This appendix contains the full, detailed results for
all three LLM evaluators.
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Scenario Comparison Model Criterion SPM (Mean) Comp. (Mean) Delta (SPM-Comp) p-value

SPM vs. PM

Layperson (UKL LOW) PM Goal Achievement 4.88 4.89 -0.01 0.803
Cognitive Appropriateness 4.88 4.90 -0.02 0.634
Clarity & Usability 4.93 4.96 -0.03 0.4
Perceived Relevance 4.88 4.89 -0.01 0.803
Mean Core Criteria 4.89 4.91 -0.02 0.649

Expert (UKL HIGH) PM Goal Achievement 4.33 4.66 -0.32** 0.00192
Cognitive Appropriateness 4.21 4.65 -0.44*** <0.001
Clarity & Usability 4.67 4.94 -0.28*** <0.001
Perceived Relevance 4.32 4.67 -0.34** 0.00143
Mean Core Criteria 4.38 4.73 -0.35*** <0.001

SPM vs. B1 (Summ.)

Layperson (UKL LOW) B1 Goal Achievement 4.93 4.73 +0.20** 0.00217
Cognitive Appropriateness 4.95 4.68 +0.27** 0.00157
Clarity & Usability 5.00 4.91 +0.09* 0.0186
Perceived Relevance 4.93 4.73 +0.20** 0.00217
Mean Core Criteria 4.95 4.76 +0.19** 0.00147

Expert (UKL HIGH) B1 Goal Achievement 4.32 4.24 +0.08 0.452
Cognitive Appropriateness 4.19 4.17 +0.03 0.81
Clarity & Usability 4.66 4.72 -0.06 0.449
Perceived Relevance 4.31 4.26 +0.05 0.643
Mean Core Criteria 4.37 4.35 +0.02 0.802

SPM vs. B2 (QR Def.)

Layperson (UKL LOW) B2 Goal Achievement 4.93 5.00 -0.07* 0.0243
Cognitive Appropriateness 4.95 5.00 -0.05* 0.0447
Clarity & Usability 5.00 4.95 +0.05* 0.0447
Perceived Relevance 4.93 5.00 -0.07* 0.0243
Mean Core Criteria 4.95 4.99 -0.03 0.105

Expert (UKL HIGH) B2 Goal Achievement 4.32 3.44 +0.88*** <0.001
Cognitive Appropriateness 4.19 3.13 +1.07*** <0.001
Clarity & Usability 4.66 4.14 +0.52*** <0.001
Perceived Relevance 4.31 3.44 +0.87*** <0.001
Mean Core Criteria 4.37 3.53 +0.84*** <0.001

SPM vs. SPM (-UKL)

Layperson (UKL LOW) SPM (-UKL) Goal Achievement 4.88 4.16 +0.71*** <0.001
Cognitive Appropriateness 4.88 4.04 +0.83*** <0.001
Clarity & Usability 4.93 4.60 +0.33*** <0.001
Perceived Relevance 4.88 4.18 +0.70*** <0.001
Mean Core Criteria 4.89 4.25 +0.64*** <0.001

Expert (UKL HIGH) SPM (-UKL) Goal Achievement 4.33 4.58 -0.25* 0.0117
Cognitive Appropriateness 4.21 4.56 -0.35** 0.00394
Clarity & Usability 4.67 4.91 -0.25*** <0.001
Perceived Relevance 4.32 4.60 -0.28** 0.00537
Mean Core Criteria 4.38 4.66 -0.28** 0.00263

SPM vs. SPM (-Entail.)

Layperson (UKL LOW) SPM (-Entail.) Goal Achievement 4.88 4.25 +0.62*** <0.001
Cognitive Appropriateness 4.88 4.12 +0.75*** <0.001
Clarity & Usability 4.93 4.71 +0.22*** <0.001
Perceived Relevance 4.88 4.26 +0.62*** <0.001
Mean Core Criteria 4.89 4.33 +0.55*** <0.001

Expert (UKL HIGH) SPM (-Entail.) Goal Achievement 4.33 4.54 -0.21 0.0742
Cognitive Appropriateness 4.21 4.53 -0.32* 0.0155
Clarity & Usability 4.67 4.85 -0.18* 0.0234
Perceived Relevance 4.32 4.56 -0.24* 0.0441
Mean Core Criteria 4.38 4.62 -0.24* 0.0286

SPM vs. SPM (-F/T)

Layperson (UKL LOW) SPM (-F/T) Goal Achievement 4.88 4.77 +0.10* 0.0291
Cognitive Appropriateness 4.88 4.75 +0.12* 0.0177
Clarity & Usability 4.93 4.91 +0.02 0.656
Perceived Relevance 4.88 4.78 +0.10* 0.0353
Mean Core Criteria 4.89 4.80 +0.08 0.0504

Expert (UKL HIGH) SPM (-F/T) Goal Achievement 4.33 4.06 +0.28* 0.0175
Cognitive Appropriateness 4.21 3.90 +0.30* 0.0265
Clarity & Usability 4.67 4.57 +0.10 0.259
Perceived Relevance 4.32 4.09 +0.24* 0.0469
Mean Core Criteria 4.38 4.15 +0.23* 0.038

Table 5: Full Persona Evaluation Results (using mistral-large-2411) for Key Scenarios. Delta =
(SPM Mean - Comparison Model Mean). Significance: * p<0.05, ** p<0.01, *** p<0.001.
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Scenario Comparison Model Criterion SPM (Mean) Comp. (Mean) Delta (SPM-Comp) p-value

SPM vs. PM

Layperson (UKL LOW) PM Goal Achievement 4.80 4.85 -0.04 0.438
Cognitive Appropriateness 4.82 4.86 -0.05 0.421
Clarity & Usability 4.62 4.60 +0.02 0.664
Perceived Relevance 4.84 4.86 -0.02 0.639
Mean Core Criteria 4.77 4.79 -0.02 0.634

Expert (UKL HIGH) PM Goal Achievement 4.38 4.73 -0.35** 0.00208
Cognitive Appropriateness 4.31 4.83 -0.51*** <0.001
Clarity & Usability 4.70 4.94 -0.25** 0.00247
Perceived Relevance 4.51 4.84 -0.32** 0.00268
Mean Core Criteria 4.48 4.84 -0.36*** <0.001

SPM vs. B1 (Summ.)

Layperson (UKL LOW) B1 (Summ.) Goal Achievement 4.85 4.82 +0.03 0.708
Cognitive Appropriateness 4.88 4.78 +0.09 0.277
Clarity & Usability 4.69 4.66 +0.03 0.718
Perceived Relevance 4.88 4.86 +0.01 0.82
Mean Core Criteria 4.82 4.78 +0.04 0.518

Expert (UKL HIGH) B1 (Summ.) Goal Achievement 4.37 4.42 -0.05 0.706
Cognitive Appropriateness 4.30 4.50 -0.19 0.211
Clarity & Usability 4.69 4.76 -0.07 0.456
Perceived Relevance 4.50 4.65 -0.15 0.242
Mean Core Criteria 4.47 4.58 -0.11 0.346

SPM vs. B2 (QR Def.)

Layperson (UKL LOW) B2 (QR Def.) Goal Achievement 4.85 4.99 -0.14* 0.0174
Cognitive Appropriateness 4.88 5.00 -0.12* 0.0191
Clarity & Usability 4.69 4.57 +0.12 0.118
Perceived Relevance 4.88 5.00 -0.12** 0.00584
Mean Core Criteria 4.82 4.89 -0.06 0.152

Expert (UKL HIGH) B2 (QR Def.) Goal Achievement 4.37 3.32 +1.05*** <0.001
Cognitive Appropriateness 4.30 2.91 +1.39*** <0.001
Clarity & Usability 4.69 4.06 +0.63*** <0.001
Perceived Relevance 4.50 3.55 +0.95*** <0.001
Mean Core Criteria 4.47 3.46 +1.00*** <0.001

SPM vs. SPM (-UKL)

Layperson (UKL LOW) SPM (-UKL) Goal Achievement 4.80 4.04 +0.77*** <0.001
Cognitive Appropriateness 4.82 3.86 +0.96*** <0.001
Clarity & Usability 4.62 4.42 +0.20*** <0.001
Perceived Relevance 4.84 4.17 +0.67*** <0.001
Mean Core Criteria 4.77 4.12 +0.65*** <0.001

Expert (UKL HIGH) SPM (-UKL) Goal Achievement 4.38 4.60 -0.22 0.117
Cognitive Appropriateness 4.31 4.72 -0.41* 0.0119
Clarity & Usability 4.70 4.88 -0.18* 0.0483
Perceived Relevance 4.51 4.78 -0.27* 0.045
Mean Core Criteria 4.48 4.75 -0.27* 0.035

SPM vs. SPM (-Entail.)

Layperson (UKL LOW) SPM (-Entail.) Goal Achievement 4.80 4.14 +0.66*** <0.001
Cognitive Appropriateness 4.82 4.01 +0.80*** <0.001
Clarity & Usability 4.62 4.56 +0.06 0.277
Perceived Relevance 4.84 4.29 +0.55*** <0.001
Mean Core Criteria 4.77 4.25 +0.52*** <0.001

Expert (UKL HIGH) SPM (-Entail.) Goal Achievement 4.38 4.59 -0.21 0.0994
Cognitive Appropriateness 4.31 4.73 -0.42** 0.00486
Clarity & Usability 4.70 4.90 -0.20* 0.0133
Perceived Relevance 4.51 4.80 -0.29* 0.017
Mean Core Criteria 4.48 4.75 -0.28* 0.0161

SPM vs. SPM (-F/T)

Layperson (UKL LOW) SPM (-F/T) Goal Achievement 4.80 4.74 +0.07 0.239
Cognitive Appropriateness 4.82 4.74 +0.07 0.231
Clarity & Usability 4.62 4.64 -0.02 0.743
Perceived Relevance 4.84 4.77 +0.07 0.186
Mean Core Criteria 4.77 4.72 +0.05 0.314

Expert (UKL HIGH) SPM (-F/T) Goal Achievement 4.38 4.18 +0.20 0.125
Cognitive Appropriateness 4.31 4.21 +0.10 0.51
Clarity & Usability 4.70 4.64 +0.06 0.5
Perceived Relevance 4.51 4.39 +0.12 0.331
Mean Core Criteria 4.48 4.35 +0.12 0.311

Table 6: Full Persona Evaluation Results (using llama-3.3-70b-versatile) for Key Scenarios. Delta
= (SPM Mean - Comparison Model Mean). Significance: * p<0.05, ** p<0.01, *** p<0.001.
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Scenario Comparison Model Criterion SPM (Mean) Comp. (Mean) Delta (SPM-Comp) p-value

SPM vs. PM

Layperson (UKL LOW) PM Goal Achievement 4.74 4.88 -0.14* 0.0243
Cognitive Appropriateness 4.72 4.90 -0.18** 0.00915
Clarity & Usability 4.71 4.86 -0.15** 0.00514
Perceived Relevance 4.76 4.88 -0.12* 0.0326
Mean Core Criteria 4.73 4.88 -0.15* 0.01

Expert (UKL HIGH) PM Goal Achievement 4.26 4.59 -0.33** 0.00205
Cognitive Appropriateness 4.25 4.62 -0.37** 0.00114
Clarity & Usability 4.51 4.76 -0.25** 0.00504
Perceived Relevance 4.26 4.59 -0.33** 0.00205
Mean Core Criteria 4.32 4.64 -0.32** 0.0016

SPM vs. B1 (Summ.)

Layperson (UKL LOW) B1 (Summ.) Goal Achievement 4.92 4.50 +0.42*** <0.001
Cognitive Appropriateness 4.92 4.36 +0.55*** <0.001
Clarity & Usability 4.92 4.51 +0.41*** <0.001
Perceived Relevance 4.92 4.51 +0.41*** <0.001
Mean Core Criteria 4.92 4.47 +0.45*** <0.001

Expert (UKL HIGH) B1 (Summ.) Goal Achievement 4.25 4.33 -0.08 0.511
Cognitive Appropriateness 4.24 4.25 -0.01 0.939
Clarity & Usability 4.50 4.52 -0.02 0.828
Perceived Relevance 4.25 4.33 -0.08 0.511
Mean Core Criteria 4.31 4.36 -0.05 0.675

SPM vs. B2 (QR Def.)

Layperson (UKL LOW) B2 (QR Def.) Goal Achievement 4.92 4.95 -0.03 0.531
Cognitive Appropriateness 4.92 4.92 +0.00 1
Clarity & Usability 4.92 4.58 +0.34*** <0.001
Perceived Relevance 4.92 4.95 -0.03 0.531
Mean Core Criteria 4.92 4.85 +0.07 0.0875

Expert (UKL HIGH) B2 (QR Def.) Goal Achievement 4.25 3.58 +0.67*** <0.001
Cognitive Appropriateness 4.24 3.32 +0.92*** <0.001
Clarity & Usability 4.50 3.83 +0.68*** <0.001
Perceived Relevance 4.25 3.58 +0.67*** <0.001
Mean Core Criteria 4.31 3.58 +0.74*** <0.001

SPM vs. SPM (-UKL)

Layperson (UKL LOW) SPM (-UKL) Goal Achievement 4.72 3.88 +0.84*** <0.001
Cognitive Appropriateness 4.70 3.67 +1.03*** <0.001
Clarity & Usability 4.69 4.15 +0.54*** <0.001
Perceived Relevance 4.74 3.95 +0.79*** <0.001
Mean Core Criteria 4.71 3.91 +0.80*** <0.001

Expert (UKL HIGH) SPM (-UKL) Goal Achievement 4.29 4.57 -0.28* 0.0228
Cognitive Appropriateness 4.29 4.61 -0.32* 0.0105
Clarity & Usability 4.55 4.78 -0.24* 0.0131
Perceived Relevance 4.29 4.57 -0.28* 0.0228
Mean Core Criteria 4.35 4.63 -0.28* 0.0137

SPM vs. SPM (-Entail.)

Layperson (UKL LOW) SPM (-Entail.) Goal Achievement 4.74 3.93 +0.81*** <0.001
Cognitive Appropriateness 4.72 3.76 +0.96*** <0.001
Clarity & Usability 4.71 4.22 +0.49*** <0.001
Perceived Relevance 4.76 4.01 +0.74*** <0.001
Mean Core Criteria 4.73 3.98 +0.75*** <0.001

Expert (UKL HIGH) SPM (-Entail.) Goal Achievement 4.26 4.52 -0.27* 0.0189
Cognitive Appropriateness 4.25 4.62 -0.37** 0.00204
Clarity & Usability 4.51 4.79 -0.28** 0.00178
Perceived Relevance 4.26 4.53 -0.28* 0.016
Mean Core Criteria 4.32 4.62 -0.30** 0.00512

SPM vs. SPM (-F/T)

Layperson (UKL LOW) SPM (-F/T) Goal Achievement 4.74 4.65 +0.09 0.136
Cognitive Appropriateness 4.72 4.64 +0.08 0.202
Clarity & Usability 4.71 4.66 +0.05 0.401
Perceived Relevance 4.76 4.68 +0.08 0.174
Mean Core Criteria 4.73 4.66 +0.07 0.192

Expert (UKL HIGH) SPM (-F/T) Goal Achievement 4.26 4.18 +0.08 0.524
Cognitive Appropriateness 4.25 4.09 +0.16 0.215
Clarity & Usability 4.51 4.48 +0.04 0.688
Perceived Relevance 4.26 4.18 +0.08 0.524
Mean Core Criteria 4.32 4.23 +0.09 0.437

Table 7: Full Persona Evaluation Results (using gpt-4o-2024-05-13) for Key Scenarios. Delta = (SPM
Mean - Comparison Model Mean). Significance: * p<0.05, ** p<0.01, *** p<0.001.
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Abstract
Medical images are invaluable in illustrating health issues for the patients. While biomedical publications are a
good source of such images, some of the images are not appropriate for the patient viewing without a warning. To
enable development of automated tools for selection of patient-safe images and generation of warnings, we created
a dataset MedGore of over 78,000 sensitive medical images and 183,000 non-sensitive images published in the
biomedical literature. The sensitive content includes gore, severe disease, nudity, surgical openings, internal organs,
and other medical images of this nature. The set of the manually identified seed 300 images was expanded using
a combination of human curation and a nearest neighbor clustering algorithm. The quality of the automatically
labeled images was evaluated manually, yielding a total of more than 4,000 doubly-manually annotated images. The
automatically labeled images proved to approach the utility of the manually labeled images for training the models in
our experiments that validated the dataset in the task of labeling unseen images using the image features, the figure
captions or both.

Keywords: multi-modal image labeling, sensitive medical images, patient-oriented image labeling

1. Introduction

The need for a dataset that effectively identifies
and manages sensitive medical images is becom-
ing critical in the realm of digital health technology.
Current resources are inadequate in providing tools
for content moderation of explicit content, leaving
gaps in medical image repositories. Our dataset
developed using images from the Open-i image
search engine (Demner-Fushman et al., 2012) ad-
dresses these shortcomings by offering a large
collection of over 78,000 images deemed sensitive
for a non-medical professional general user.

General public usually experiences discomfort
with specific types of content, especially images dis-
playing severe trauma, surgical details, bodily fluids,
internal organs, nudity, and other images of this na-
ture, refer to Figure 1. This discomfort underscores
the urgency of developing this dataset. To develop
the dataset, we used the k-Nearest Neighbors clus-
tering algorithm (Gupta et al., 2023) that allowed
us to quickly manually review images grouped to-
gether as sensitive or safe.

Informal comparative analysis with existing
datasets and content moderation tools, such as
Amazon Rekognition 1, Microsoft Azure AI 2, and
other AI-based solutions for detecting explicit con-

1https://docs.aws.amazon.com/
rekognition/latest/dg/what-is.html

2https://learn.microsoft.com/en-us/
azure/ai-services/content-safety/
overview

tent3, revealed that while these tools provide robust
general-purpose content moderation, they lack the
specificity needed for effective moderation of medi-
cal images. For example, Amazon Rekognition and
Azure AI are highly effective in identifying adult con-
tent and other explicit material, but these tools do
not capture the nuances of medical image content.
Additionally, resources like the GitHub repository
on content-moderation-deep-learning4 list various
datasets and tools for detecting nudity, violence and
other sensitive media, yet they lack the specificity
required for medical images.

Our approach, inspired by solutions in similar
domains such as gore classification and censor-
ing (Larocque, 2021) and adult content image
recognition (Karamizadeh et al., 2023), marks a
novel contribution by specifically targeting the filter-
ing of peer-reviewed medical images for public con-
sumption. These efforts have resulted in a dataset
that not only enhances content moderation capa-
bilities but also provides a valuable resource for
developers and researchers aiming to implement
similar tools and novel algorithms for detecting sen-
sitive medical images.

While datasets narrowly focused on specific im-
ages related to surgical (Carstens et al., 2023), la-
paroscopic (Ríos et al., 2023), or endoscopic (Bor-
gli et al., 2020) procedures exist, there is no com-
prehensive dataset designed for the purpose of

3https://hivemoderation.com/
4https://github.com/fcakyon/

content-moderation-deep-learning (Akyon
and Temizel, 2023)
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moderating explicit medical images for public con-
sumption. The contributions of this work, therefore,
are: 1) a large dataset that fills the critical gap of
having various medical images marked as sensitive
or not; 2) an approach to automatic labeling of im-
ages leveraging a small manually annotated seed
set, and 3) establishing a strong benchmark for sen-
sitive image identification using text (if available)
and image features.

Figure 1: The images shown are blurred represen-
tations of graphic or sensitive content, including
but not limited to severe trauma, surgical proce-
dures, exposed internal organs, bodily fluids, and
nudity. The complete, unaltered dataset contains
more explicit material that may cause psychological
distress.

2. MedGore Dataset

The medical images were sourced from the Open
Access Subset of PubMed Central (PMC) using the
Open-i search engine. The PMC Open Access Sub-
set includes only materials that may be freely down-
loaded, reused, redistributed, and publicly shared
under the applicable open-access license. The
search restricted to photographs yielded 788,472
images.

An image was labeled as Sensitive or Gore if
it depicted visible blood, tissue, organs, surgical
procedures, trauma, burns, amputations, infections,
or other content that could be disturbing outside a
clinical or medical context. Images lacking such
explicit or invasive visual content were labeled as
Non-Sensitive or Normal. The curated seed images
served as the foundation for automated dataset
expansion using similarity-based retrieval methods,
ensuring high-quality and semantically consistent
samples across both categories.

2.1. Dataset Generation
Starting with manually curated set of 300 images
per class, additional images were retrieved using 1
to 10 nearest neighbors from a K-Nearest Neigh-
bors (KNN) search method (Gupta et al., 2023) .
The KNN retrieval was performed separately for the
Non-Sensitive and Sensitive categories. To ensure
diversity and balance, the resulting images were
further organized by their corresponding clinical
journals. From these, 1,000 images per class were
randomly sampled, proportionally weighted by the
number of images available per journal. The se-
lected 2,000 images were then manually annotated
using an in-house image annotation tool with three
labels — Blur, Maybe, and Ok — where annota-
tors determined whether an image required blurring,
was uncertain, or was safe for display. Annotation
was performed by eight annotators, grouped into
four random pairs Each annotator reviewed 250
images per round. Following annotation, disagree-
ments and Maybe cases were resolved through
consensus discussions among the authors. Multi-
ple rounds of evaluation and sampling were con-
ducted to refine the dataset, resulting in a final bal-
anced collection of 2,000 Sensitive and 2,000 Non-
Sensitive images.

The 1,000 seed images from each of the Non-
Sensitive and Sensitive classes were utilized to
expand the collection using the KNN search. The
subsequently manually annotated additional 1,000
images from each category are reserved as test
set. To expand each category, the first 99 near-
est neighbors were considered for each seed im-
age. Through this KNN-based retrieval, a total of
183,706 Non-Sensitive and 78,025 Sensitive im-
ages were generated, as shown in Figure 2. We
call this set AutoMedGore. Subsequently, we ex-
amined the relationship between the retrieval qual-
ity and the distance from the seed image within
the KNN neighborhood to assess accuracy of the
images.

2.2. Nearest Neighbor Homogeneity
Estimation

Let’s assume that if an image is classified as Sen-
sitive or Non-Sensitive, there exists a probability
π that its nearest neighbors (NNs) in the KNN
space would also share the same classification.
To empirically evaluate this relationship, pairs of
annotators manually reviewed 10 images per NN
rank from ranks 1 to 99, randomly sampled across
clinical journals to ensure balanced representa-
tion. To enhance statistical robustness, NN ranks
were grouped into bands of 20 ranks (i.e., 1–20,
21–40, etc.), resulting in 200 measurements per
band. The resulting data were analyzed using a
Beta-Binomial Bayesian Model, which estimates
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Figure 2: Illustration of MedGore dataset generation starting from 300 Open-i images to KNN based
search and expansion a total of 183,706 Non-Sensitive and 78,025 Sensitive images

the probability π of a correct classification based
on the number of correct and incorrect observations.
A non-informative prior was used, with parameters
α = a+1, β = b+1 ( where, a = number of NNs con-
firmed sensitive by human review and b = number
NNs shown not-sensitive by human review) corre-
sponding to a uniform prior distribution for π in the
absence of prior measurements. The model has
a probability density function, PDF(p , α, β), over
possible values, p , for the actual value, π,

PDF(p, α, β) = pα−1(1− p)β−1

B(α, β)

where B is the Beta function.

B(α, β) =

∫ 1

0

tα−1(1− t)β−1 dt =
Γ(α) Γ(β)

Γ(α+ β)

The PDF has mean µ = α
α+β and variance

σ2 = αβ
(α+β)2(α+β+1) , which is all we need.

Our estimate for π is,

π =
α

α+ β
±
√

αβ

(α+ β)2(α+ β + 1)

We evaluated three cases: combined non-sensitive
and sensitive images, non-sensitive images only,
and sensitive images only. For each case, we
tested several sets of equal-width nearest neighbor
(NN) bands. Across all configurations—irrespective
of NN rank or band width—the probability of cor-
rect classification remained approximately constant.
Specifically, the combined case achieved ∼ 84%
accuracy, the sensitive-only case ∼ 76%, and the
non-sensitive only case∼ 92%. These findings indi-
cate that the likelihood of an image being classified

as sensitive or non-sensitive is roughly constant
out to the distance of the 100th nearest neighbor
of the seed images.

To further validate this observation, we adjusted
the band widths and conducted additional reviews
until the uncertainty was sufficiently reduced, en-
suring that the probabilities associated with each
band were distinguishable. Surprisingly, the classi-
fication probability remained stable across the first
99 nearest neighbors, suggesting that the bound-
ary between blurred and sensitive images is not
reached within this range. Expanding the index to
include more nearest neighbors is necessary to
investigate the transition region more comprehen-
sively.

To compare and analyze the effectiveness of the
automatically generated dataset, we consider two
collections of the same size as the MedGore train-
ing set from AutoMedGore for training the models.
In the first set AutoMedGore-First3, we sam-
pled images of size 2000 from the closest three near-
est neighbors; in another set called AutoMedGore-
Last3, we sampled images of size 2000 from the
farthest three nearest neighbors. We split the set
as a training and a validation set, similar to the
MedGore.

2.3. Inter-Annotation Agreement
Before reconciling the disagreements, we analyzed
inter-annotation agreement using Gwet’s AC1 coef-
ficient (Gwet, 2008) and Cohen’s Kappa (Wong-
pakaran et al., 2013). Gwet’s AC1 was shown
to provide a more stable inter-rater reliability co-
efficient and be less affected by prevalence and
marginal probability than Cohen’s Kappa (Wong-
pakaran et al., 2013). We obtained Gwet’s AC1
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pairwise values ranging from 0.92 to 0.94, Cohen’s
Kappa pairwise values ranging from 0.83 to 0.88
and F1 scores between 0.9 and 0.93, indicating sub-
stantial to near-perfect inter-annotator agreement
and demonstrating that our annotation process is
both reliable and consistent across different image
categories.

2.4. Data Analysis
We analyzed the annotated images, which are la-
beled as Non-Sensitive or Sensitive based on the
visual information they contained. In particular, we
wanted to estimate the proportion of blood-like and
skin-like regions in those images that are annotated
to be blurred for public viewing. Following the liter-
ature on color detection (Chaves-González et al.,
2007, 2010; Kakumanu et al., 2007), we aim to find
the red color regions in the HSV color space and
skin regions in the YCbCr color space. In the HSV
color space, we seek the hue value correspond-
ing to the red color, which shows the blood-like
regions. We use the thresholding approach used
in (Shaik et al., 2015) to detect the skin-like regions
in the image. We hypothesized that if an image
contains a high hue value and has been detected
as a skin-like region, it is likely to be annotated as
Blur. Towards this, we computed the proportions
of blood-like and skin-like regions in a given image
by aggregating the detected red hue scores and
skin-like regions using thresholds and averaging
over all values in the respective color spaces. For
a given dataset, we normalized these scores using
z-scores. Therefore, we assign a single estimated
blur (EB) score for each image as the maximum
of the blood-like and skin-like region scores. We
have provided the histogram (Fig. 3) for the training
and test set of MedGore, AutoMedGore-First3,
and AutoMedGore-Last3. The histograms show
that the average EB score (0) is mostly assigned to
the Non-Sensitive images, and above average (>0)
is assigned to the Blur images. This trend is consis-
tent across the different datasets, as shown in Fig.
3a, 3b, 3c and 3d. It also signifies that the automati-
cally created dataset AutoMedGore-First3, and
AutoMedGore-Last3 follow a similar data distri-
bution to that of the manually assessed MedGore.

3. Benchmarking MedGore

3.1. Problem Statement
The task of sensitive medical image (SMI) classifi-
cation intends to categorize a given medical image
I (and associated text T ) into one of the classes5

5For the benchmarking purpose and reporting all the
results and analysis, we will refer to the non-sensitive

{‘sensitive’, ‘non-sensitive’ }. Formally, we want to
learn a parametrized function f which take I and T
(if available) and predict the class y = f(I, T : θ).
3.2. Approaches
We benchmark the MedGore across three settings,
each reflecting a different modality configuration.
Monomodal (Text): We performed the experi-
ments with the pre-trained language models such
as BERT (Devlin et al., 2019) variants (BERTBase,
BERTLarge) and RoBERTa (Liu et al., 2019) vari-
ants (RoBERTaBase, RoBERTaLarge), which are
pre-trained using self-supervised objective func-
tions on a large-scale dataset. We also utilized
the recent LLMs, such as LLama3 (Grattafiori
et al., 2024) models (Llama-3-8B-Instruct, Llama-
3.3-70B-Instruct) and Mistral (Jiang et al., 2023)
(Mistral-7B-Instruct-v0.3), which are fine-tuned on
an instruction following dataset. Additionally, we
included the latest Qwen (Yang et al., 2025) fam-
ily models (Qwen3-8B, Qwen3-14B), which inte-
grate the thinking mode for complex tasks requiring
multi-step reasoning with the non-thinking mode for
rapid, context-driven responses into a single unified
framework. We fine-tune the PLMs on the training
set, and for LLMs, we experiment in the zero-shot
setting with the prompt shown in Fig. 4.
Monomodal (Vision): We utilized a variety of vi-
sion models to train them for the task of SMI clas-
sification. Specifically, we used the ResNet-50 (He
et al., 2016) model (microsoft/resnet-50), which is
built upon a convolutional neural network (CNN)
with residual connections, and the ViT (Dosovitskiy
et al., 2020) model (google/vit-base-patch16-224),
a pure transformer architecture that processes im-
ages as sequences of patches, equivalent to tokens
in textual data. We also employed the Swin Trans-
former (Liu et al., 2021) model (microsoft/swin-
base-patch4-window7-224), a hierarchical Trans-
former that computes self-attention within shifted
windows. The shifted window design makes self-
attention more efficient by focusing on local win-
dows, while still allowing connections between
them. Additionally, we included recent DINOv2
(Oquab et al., 2024) models (dinov2-small, dinov2-
base, dinov2-large) that are designed to stabilize
and accelerate discriminative self-supervised learn-
ing as models and datasets scale.
Multimodal (Text+Vision): The monomodal exper-
iments are extended to multimodal, where we ex-
periment with a variety of models that are equipped
to process textual and visual modalities to learn
the complexity in information. In particular, we uti-
lized the CLIP (Radford et al., 2021) model (clip-
vit-base-patch32), which is capable of learning a
shared embedding space between image and text,

images to be labeled as Normal and sensitive images
as Blur.
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Figure 3: The estimate blur score vs. frequency of the images across the created different variants of the
MedGore dataset.

Prompt : LLM Prompt

A medical image should be blurred if it de-
picts blood, tissue, organs, severe trauma,
or decomposition in a manner that may be
disturbing or inappropriate for general public
viewing outside medical or clinical contexts.
You are a classifier. Determine whether the
image needs to be blurred based on the
textual description of the image provided below.
Respond strictly with one word: "BLUR" if the
image should be blurred based on its textual
description; otherwise, respond with "NORMAL".

{Textual Description}

Figure 4: Zero-shot prompt for monomodal (text)
setup using large language models.

and the BLIP2 (Li et al., 2023) (blip2-flan-t5-xl)
model, which leverages both frozen pre-trained im-
age models and language models for the visual
reasoning task. We also utilized the instruction-

tuned large language-vision (LLVM) models such
as Qwen2-VL (Wang et al., 2024) (Qwen2-VL-7B-
Instruct) model and Llava (Liu et al., 2023) model
(llava-1.5-7b-hf), which are fine-tuned on large-
scale instruction-following datasets to offer compet-
itive zero-shot performance. A recent multimodal
large language model (MLLM), InternVL (Zhu et al.,
2025) model (InternVL3-1B-hf), is used in our exper-
iments, which is built upon multimodal Pre-Training
and mixed preference optimization and has shown
superior performance across a variety of languages
and tasks. All the experiments of multimodal set-
ting are done in a zero-shot setup with the prompt
shown in Fig. 5, except CLIP, where we consider
the text as the candidate class labels (Normal and
Blur).

3.3. Experimental Setups

3.3.1. Datasets

We perform the experiments on human annotated
image collections, MedGore and automatically
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Prompt : LLVM and MLLM Prompt

A medical image should be blurred if it depicts
blood, tissue, organs, severe trauma, or decom-
position in a manner that may be disturbing or
inappropriate for general public viewing outside
medical or clinical contexts. You are a classi-
fier. Determine whether the image needs to be
blurred based on the given textual description
and the image. Respond strictly with one word:
"BLUR" if the image should be blurred based on
its textual description; otherwise, respond with
"NORMAL".
{Textual Description}
{Image}

Figure 5: Zero-shot prompt for multimodal setting
using large language-vision models.

generated collection, AutoMedGore-First3 and
AutoMedGore-Last3. We split the set as a train-
ing and a validation set of size 1800 and 200, re-
spectively. We train the models on the training
set of MedGore. In all experiments, the validation
dataset was used to select the best-performing
model checkpoint, and the model was evaluated
on the test set MedGore.

3.3.2. Modalities

Monomodal (Text): We consider two different
sources of textual data from MedGore to perform
the experiments. The first source is a caption of
the image provided in the PubMed articles, and the
second source is the mention sentence where the
corresponding figure was referred to in the article.
We trained two variants of each PLM on the train-
ing set and evaluated the model on the respective
test set. Since we performed all the experiments
for LLMs in a zero-shot setup, we evaluated the
model on the test set, considering both caption
and mention textual descriptions.
Monomodal (Vision): We fine-tune each vision
model on the training set, considering only the im-
age modality, and evaluate on the test dataset.
Multimodal (Text+Vision): Similar to the
Monomodal (Text), we utilized two sets of textual
descriptions to perform the experiments: caption
and mention. All the experiments are done in a
zero-shot setup on the test set.

3.4. Implementation Details
We set the maximum length of the textual descrip-
tion to 512 tokens for all the experiments. All the
pre-trained models were used from the Hugging
Face (Wolf et al., 2020) library. For the PLM’s fine-
tuning, we set the learning rate=2e− 5, epoch=10,
and batch size =16. We performed the zero-shot

experiments on LLMs and VLLMs with the following
configuration: maximum new tokens=4, and 4-bit
quantization. For the vision models, we fine-tune
them with the learning rate=2e− 5, epoch=10, and
batch size =16.

Evaluation Scheme We evaluated the perfor-
mance of the models in terms of macro precision,
recall, and F1-score. We also computed the area
under the curve score for those models that pro-
duce the probability scores for the predicted class.

4. Results, Analysis and Discussion

4.1. Results
We have reported the results with Monomodal
(Text), Monomodal (Vision), and Multimodal
(Text+Vision) in Tables 1, 3. For the Monomodal
(Text) setting, when training with the captions of the
images, the RoBERTaLarge achieved the maximum
F1-score of 92 on the ground-truth test set of the
MedGore dataset. With the same model, we re-
ported the F1-score of 87.35 when training with the
mentions of the images. The absolute performance
drop of 4.65 when switching from captions to men-
tions shows that captions are the most accurate
representation of the images. The other models
(variants of BERT and RoBERTaBase) also obtained
the competitive F1-score. With the LLMs under the
setting of Monomodal (Text), we obtained signifi-
cantly lower performance except for the Mistral-7B-
Instruct-v0.3, which reported an F1-score of 75.87
with Captions of the images and 65.65 with men-
tions of the images.

When considering the visual modality for the SMI
classification task, we obtained better results com-
pared to the textual modality. Under this setting, the
model swin-base-patch4-window7-224 achieved
the highest F1-score of 98.19, and other visual mod-
els also reported competitive performance, ranging
from 94.01 (resnet-50) to 97.28 (dinov2-large). The
results show that the fine-tuned visual models offer
better discriminative information for the SMI classi-
fication task compared to the textual modality.

For the Multimodal (Text+Vision) setting, we con-
ducted experiments using a zero-shot setup with
five different models and reported the results in
Table 1. For the clip-vit-base-patch32 model, we
use the candidate labels (Blur and Normal) as
text and compare the similarity with the image.
The label with the highest similarity was assigned
to the image. The clip-vit-base-patch32 model
achieved an F1-score of 33.46 and the lowest pre-
cision score 25.15. We utilized the corresponding
textual description (caption or mention) with the
prompt shown in Fig. 5 for the remaining multi-
modal models. The model llava-1.5-7b-hf achieved
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Model Name Caption Mention
Precision Recall F1-Score AUC Precision Recall F1-Score AUC

Monomodal (Text)
BERTBase 91.96 91.77 91.74 96.11 87.66 85.98 85.77 94.02
BERTLarge 92.01 91.92 91.9 96.72 88.05 86.23 86.01 92.77
RoBERTaBase 91.58 91.28 91.23 96.27 87.45 85.78 85.56 93.86
RoBERTaLarge 92 92.01 92 96.82 88.42 87.47 87.35 94.56
Mistral-7B-Instruct-v0.3 79.22 76.5 75.87 NA 67.17 66.12 65.65 NA
Llama-3.3-70B-Instruct 50.15 50 33.65 NA 73.8 53.19 40.4 NA
Llama-3-8B-Instruct 75.16 50.05 33.58 NA 75.16 50.05 33.58 NA
Qwen3-14B 37.34 47.22 34.54 NA 47.3 49.71 35.36 NA
Qwen3-8B 35.86 49.35 33.61 NA 46.51 49.71 34.88 NA

Multimodal (Text+Vision)
clip-vit-base-patch32 25.15 50.00 33.46 NA 25.15 50.00 33.46 NA
blip2-flan-t5-xl 25.52 31.98 22.42 NA 17.65 30.66 22.41 NA
InternVL3-1B-hf 56.70 50.77 36.92 NA 58.48 51.43 38.83 NA
llava-1.5-7b-hf 40.24 40.15 40.14 NA 41.60 41.38 41.21 NA
Qwen2-VL-7B-Instruct 48.15 34.21 24.37 NA 50.35 34.21 24.24 NA

Table 1: Performance comparison of the monomodal (text) and multimodal (text+vision) approaches on
the test set of the MedGore dataset. The ‘NA’ refers to models that generate an answer rather than predict
with a confidence score.

Model Name Caption Mention
Precision Recall F1-Score AUC Precision Recall F1-Score AUC

Monomodal (Text) with AutoMedGore-First3
BERTBase 84.83 82.87 82.56 93.8 86.34 83.29 82.85 93.35
BERTLarge 88.78 86.34 86.06 96.23 88.03 86.83 86.67 94.1
RoBERTaBase 86.73 82.95 82.41 95.07 86.4 82.74 82.22 92.36
RoBERTaLarge 88.12 87.22 87.1 95.78 87.11 84.69 84.36 93.09

Monomodal (Text) AutoMedGore-Last3
BERTBase 86.34 83.29 82.85 93.35 86.51 83.84 83.46 93.2
BERTLarge 88.03 86.83 86.67 94.1 86.57 84.53 84.25 93.22
RoBERTaBase 86.4 82.74 82.22 92.36 85.87 81.84 81.23 92.42
RoBERTaLarge 87.11 84.69 84.36 93.09 87.03 85.28 85.04 93.73

Table 2: Performance comparison of the monomodal (text) approaches by training the model on
AutoMedGore-First3 and AutoMedGore-Last3 on the test set of the MedGore dataset.

Models Precision Recall F1-Score AUC
MedGore

vit-base-patch16-224 96.87 96.75 96.73 96.75
resnet-50 94.21 94.03 94.01 94.03
swin-base-patch4-window7-224 98.2 98.19 98.19 98.19
dinov2-base 96.44 96.43 96.43 96.43
dinov2-large 97.34 97.29 97.28 97.29
dinov2-small 96.15 96 95.97 96

AutoMedGore-First3
vit-base-patch16-224 94.52 94.05 94 94.05
resnet-50 89.8 88.09 87.91 88.09
swin-base-patch4-window7-224 94.96 94.55 94.51 94.55
dinov2-base 91.21 89.85 89.71 89.85
dinov2-large 92.46 91.35 91.24 91.35
dinov2-small 91.02 90.58 90.52 90.58

AutoMedGore-Last3
vit-base-patch16-224 94.32 93.89 93.85 93.89
resnet-50 92.12 91.05 90.94 91.05
swin-base-patch4-window7-224 93.81 93.2 93.14 93.2
dinov2-base 91.96 90.94 90.84 90.94
dinov2-large 92.01 90.65 90.52 90.65
dinov2-small 92.48 91.74 91.67 91.74

Table 3: Performance comparison of the
monomodal (vision) approaches by training the
model on MedGore, AutoMedGore-First3
and AutoMedGore-Last3 on the test set of the
MedGore dataset.

the highest F1-score of 40.14 amongst all multi-
modal models with the balanced precision and re-
call scores. The model InternVL3-1B-hf obtained
the highest precision score of 56.70 and recall score
of 50.77. The model predicted most of the 1929 im-
ages into the Blur category out of a total of 1988 im-
ages in the test set, which yielded a high F1-score
(66.9) of class Blur but a very low F1-score (7.1)
for Normal images, leading to the lower macro-F1
score of 36.92.

4.2. Analysis
To analyze the effectiveness of the automati-
cally created dataset, we conducted additional
experiments, selecting samples using two dif-
ferent strategies (AutoMedGore-First3 and
AutoMedGore-Last3) to create a training set for
comparison with the human-annotated training set
MedGore. The experimental results depicted in Ta-
bles 1, 3 show that when the model was trained
on the training set of MedGore, it performed bet-
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ter in monomodal (text) and monomodal (vision)
settings. Following this, we aim to analyze the ef-
fect of model performances when they are trained
on AutoMedGore-First3 and AutoMedGore-
Last3 datasets. For the monomodal (text) set-
ting, we reported the results in Table 2 by train-
ing the models with AutoMedGore-First3 and
AutoMedGore-Last3 datasets and evaluating on
the same ground-truth dataset, which is part of
MedGore collection. We obtained the best re-
sults with the RoBERTaLarge model, achieving an
F1-score of 87.1 and 84.36 with AutoMedGore-
First3 considering the caption and mention, re-
spectively, as the textual description of the images.
Comparing these results with the MedGore train-
ing set, we can say that though there is a perfor-
mance decrement, it has also to be noted that the
AutoMedGore-First3 is our automatically cre-
ated dataset, which is achieving stronger results
compared to the resource and time-consuming
construction of the human-annotated MedGore
dataset. We observe similar trends when the
AutoMedGore-Last3 was considered for train-
ing the models. We extend the same experiments
with a monomodal (vision) setting and reported and
compared the results in Table 3. We observe that
the best-performing swin-base-patch4-window7-
224 model achieved an F1-score of 94.51 and 93.14
for AutoMedGore-First3 and AutoMedGore-
Last3, respectively. These results allow us to
make two claims: (1) our automatically created
dataset is producing comparable results for the
task of SMI classification, (2) the quality of the au-
tomatically generated datasets remains similar as
we descend into nearest neighbor ranking while
choosing the samples.

4.3. Discussion
The analysis of NN homogeneity estimation using
the Beta-Binomial Bayesian Model demonstrates
that clusters formed around the seed images are
consistent and homogeneous. The probability of
correct classification remains fairly constant at ap-
proximately 84% for distances out to the 100th
NN, indicating that the retrieved images are visu-
ally very similar to their corresponding seeds. A
higher level of homogeneity is observed for non-
sensitive images (∼ 92%) compared to sensitive
images (∼ 76%), likely due to the greater number
and visual uniformity of the non-sensitive seeds
locally. Overall, these results suggest that clusters
within the first 99 NNs are well separated and main-
tain strong class consistency.
The KNN expansion resulted in 183,000 non-
sensitive images and 78,000 sensitive images.
This imbalance arises because 77.45% of non-
sensitive images are unique, whereas only 31.85%
of sensitive images are unique. This indicates that

sensitive image clusters exhibit greater overlap,
while non-sensitive image clusters are more widely
distributed across the feature space. The higher
redundancy among sensitive images can be at-
tributed to their visual similarity in image features,
such as the predominance of red tones in surgical
photographs. Additionally, a small proportion of
non-photographic images, such as MRI or X-ray
scans, are included in the non-sensitive category.
Also some photographs were also filtered during
processing, further contributing to this distributional
difference.
The experiments on a variety of monomodal and
multimodal approaches reveal that the task of SMI
classification is well handled by a hierarchical vi-
sion transformer (Dosovitskiy et al., 2020), which
processes images in patches. However, ResNet50
achieved the highest performance, even though
it was not one of the computationally inexpensive
models evaluated in our study. We also find that the
monomodal (text) model with textual descriptions
(captions or mentions) as input for images is not
better than the monomodal (vision) model. It can
also be attributed to our visual analysis (see Sec-
tion 2.4), which shows that images with blood-like
and skin-like regions tend to produce higher esti-
mated blur scores. We observed around 7% per-
formance decrement between the best-performing
monomodal (text) and monomodal (vision) models.
In our experiments, we found that neither LLMs nor
VLLMs under a zero-shot setting could perform bet-
ter on the SMI classification task. Given the better
performance of the lightweight vision model, we did
not extend our study to fine-tune those LLMs and
VLLMs, which require substantial computational
resources, as this would not be a practical solution
for model deployment. We also observe that the
high performance of the SMI classification could be
due to a binary classification setup, which makes
the model learn discriminative features between
normal and gory images. A more challenging prob-
lem could be fine-grained gory image classification,
where the model needs to identify a specific type
of gory image, if any is present. We will consider
this extension in future work.

5. Conclusion

In this work, we introduce a large dataset of med-
ical photographs, their captions and correspond-
ing discussions in the full text of the medical arti-
cles from which the images were extracted. The
dataset was generated to enable development of
approaches to automated detection of sensitive
medical images. We introduce a KNN-based ap-
proach to rapid labeling of the images and an ap-
proach to NN homogeneity estimation using the
Beta-Binomial Bayesian Model. Finally, we estab-
lish mono- and multi-modal benchmarks for image
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labeling using image and text features.

6. Ethical Considerations and
Limitations

The images in the MedGore collection are sourced
from the Open Access subset of PubMedCentral.
The dataset may be freely downloaded, reused, re-
distributed, and publicly shared under the applica-
ble open-access license. To the best of our knowl-
edge, the journals that publish the images require
patients’ concent and IRB review. These images
are publicly available at https://openi.nlm.nih.gov.
While the dataset we presented is large, covers
multiple aspects of sensitive image content, and
enables highly accurate image classification, our
analysis shows that some unknown sensitive image
types may be present in Open-i and other medical
image collections. We believe that the presented
approach to the identification of such images will
enable filling these gaps in future work.

7. Data Availability

MedGore Dataset is available for download at
https://bionlp.nlm.nih.gov/MedGore_
Dataset.zip.
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Abstract
Primary ciliary dyskinesia (PCD) is a rare pediatric lung disease that is frequently underdiagnosed due to nonspecific
early symptoms and limited clinical exposure. We investigate whether large language models (LLMs) can support
early diagnostic reasoning using real-world pediatric pulmonology notes written before the final diagnosis. We
curated 58 de-identified first-visit notes (28 confirmed PCD, 30 controls) and evaluated five open-source LLMs
using a standardized zero-shot prompt to produce structured outputs, including PCD evaluation recommendations,
justifications, and suggested tests. Quantitative performance was assessed against expert-validated labels
using sensitivity, specificity, and accuracy, and a clinician qualitatively reviewed all explanations and testing
recommendations for clinical soundness. Sensitivity ranged from 0.48 to 1.00 and specificity from 0.10 to 0.48
(excluding uncertain outputs), with a best accuracy of 0.75. A majority-vote ensemble of five open-source LLMs
achieved perfect sensitivity (1.00) with accuracy of 0.73. While models often identified clinically relevant signals
in unstructured notes, explanations and testing recommendations were frequently only partially sound. These
findings suggest LLMs may serve as cautious early screening aids for rare disease suspicion, but not as stan-
dalone diagnostic tools. This work further highlights the need for larger, multi-site evaluation on longitudinal clinical text.

Keywords: Large Language Models, Primary Ciliary Dyskinesia, Rare Disease, Natural Language Processing

1. Introduction

Primary ciliary dyskinesia (PCD) is a rare inher-
ited condition that affects the normal movement of
cilia in the airways and other organs. Children with
PCD often experience chronic cough, recurrent res-
piratory infections, ear and sinus disease, and in
some cases organ laterality differences. Despite
these characteristic features, PCD is frequently di-
agnosed late or underdiagnosed (Salinas et al.,
2025). There is no single definitive test for PCD
(Behan et al., 2016; Knowles et al., 2016), and di-
agnosis depends on combining clinical history with
several specialized investigations (Zariwala et al.,
1993–2025). Many children are evaluated multiple
times before PCD is seriously considered, leading
to delays in care and preventable lung damage.

These diagnostic challenges occur in the con-
text of limited clinical exposure. Most clinicians
encounter very few PCD cases during training or
practice, and symptoms overlap with much more
common childhood respiratory conditions. As a
result, PCD may not be included early in the diag-
nostic reasoning process, even when classic fea-
tures are present, a challenge that has prompted
the development of several international registries
and multi-center cohorts in the field (PCD Foun-
dation, 2026; PCD Support UK, 2026). Prior work
has shown that expert review of large collections of
electronic medical records (EMRs) can help iden-
tify patients with previously missed PCD diagnoses,

highlighting how early clinical clues are often doc-
umented but not acted upon (Fecho et al., 2022;
Zhou et al., 2025).

Large language models (LLMs) are now widely
accessible to clinicians, patients, and families.
These systems can read and summarize long clin-
ical narratives, recognize symptom patterns, and
generate structured responses to medical inquiries
(Wei et al., 2024; Das et al., 2025) or errors (Rajwal
et al., 2024). Parents report using such systems
to ask whether their child’s symptoms could indi-
cate a rare condition,1 and clinicians increasingly
report LLM use as decision support tools (Tausky
et al., 2025). However, most evidence on LLM per-
formance comes from general medical knowledge
tests or synthetic cases, rather than real-world clin-
ical notes written before a diagnosis is known.

To fill this gap in the literature, we investigate a
clinically important question: when presented with
real-world pediatric pulmonology notes, do LLMs
exhibit clinically appropriate diagnostic reasoning
for PCD? What systematic failure modes emerge?
We use real, de-identified pediatric clinical notes
from patients who were evaluated for PCD, includ-
ing both confirmed cases and controls in whom
PCD was ruled out. Overall, this study provides an
early assessment of how LLMs may behave when
applied to real pediatric diagnostic reasoning for a

1today.com/health/mom-chatgpt-diagnosis-pain-
rcna101843. Accessed on 04/05/2026
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rare respiratory disease2. Our key contributions:

• We evaluate how multiple open-source LLMs
reason about suspected PCD using real first-
visit pediatric pulmonology notes collected be-
fore the final diagnosis.

• We conduct quantitative evaluation against
expert-validated gold-standard labels using
sensitivity, specificity, and accuracy.

• We perform clinician-led qualitative review of
models’ explanations and PCD testing recom-
mendations to assess clinical reasoning.

2. Related Work

Diagnosing primary ciliary dyskinesia (PCD) re-
mains inherently complex, with studies showing
that different guideline-based diagnostic algorithms
can yield contradictory diagnoses in a significant
subset of patients (Nussbaumer et al., 2021). This
diagnostic uncertainty has motivated growing in-
terest in computational approaches that support
rare disease recognition. Recent studies have ex-
plored the use of large language models (LLMs) in
the context of rare diseases (Hodges et al., 2025),
motivated by the long diagnostic delays and lim-
ited specialist availability that many patients face
(Chen et al., 2024; Shyr et al., 2024; Abdullahi
et al., 2024; Wu et al., 2024; Hodges et al., 2025).
Several works have shown that LLMs can support
rare disease diagnosis, education (Niyonkuru et al.,
2025), and clinical reasoning by synthesizing infor-
mation across symptoms, histories, and medical
literature. Benchmarks such as RareBench (Chen
et al., 2024) and qualitative evaluations on com-
plex diagnostic cases suggest that general-purpose
LLMs are often able to include rare diseases in their
diagnostic considerations, even when these condi-
tions are infrequently encountered in routine clinical
practice.

Several studies have further demonstrated that
zero-shot LLMs, which do not require task-specific
fine-tuning, can perform comparably to more com-
plex pipelines for rare disease tasks such as gen-
erating plausible differential diagnoses or extract-
ing clinically relevant information from unstructured
clinical text (Wu et al., 2024; Shyr et al., 2024; Ríos-
Hoyo et al., 2024). These findings motivate our use
of a zero-shot setting, which better reflects real-
world constraints and avoids reliance on curated
training datasets that are difficult to obtain for rare
conditions.

In contrast to the growing literature on rare dis-
eases broadly, there has been relatively little work

2Preliminary version of this work was accepted at the
ATS 2026 International Conference (Rajwal et al., 2026).

focused specifically on PCD. Existing studies re-
lated to PCD have primarily examined how tradi-
tional machine learning or information retrieval ap-
proaches (Rother et al., 2015; Burns et al., 2025)
can be used to identify patients who may have been
missed during routine clinical care (Zhou et al.,
2025). For example, prior work has shown that
searching EMRs for characteristic symptom pat-
terns can help uncover patients with undiagnosed
PCD, highlighting the presence of early clinical sig-
nals that are often documented but not recognized
at the time (Zhou et al., 2025). However, these
approaches do not directly evaluate how language-
based models reason over individual clinical notes
in a diagnostic context. While these studies demon-
strate the feasibility of identifying potential PCD
cases using structured data or retrieval methods,
our work shifts the focus to LLM-based reason-
ing using unstructured clinical notes, which more
closely reflects real-world diagnostic settings.

3. Methods

Figure 1 shows the pipeline used in this study. Be-
low, we explain the dataset, LLMs used, and their
implementation details.

3.1. Data
This study uses de-identified clinical notes from
pediatric patients seen at Children’s Hospital of
Atlanta (CHOA), collected under an approved
Institutional Review Board (IRB) protocol (#
STUDY00002645). The dataset includes two
groups: children who were later confirmed to have
PCD [n=28, mean age= 4.85 years (±5.94), sex= 12
M, 16 F] and children who were evaluated for PCD
but ultimately did not have the disease [n=30, mean
age= 7.58 years (±1.87), sex= 13 M, 17 F] to serve
as controls. Confirmed PCD cases were identified
via a pre-existing list maintained in the EMRs of
children with PCD being cared for at CHOA, which
included 44 patients. Manual chart review was per-
formed for each patient to identify the first clinical
encounter with a pediatric pulmonologist at the in-
stitution, to reflect the child’s initial symptom onset
and diagnostic evaluation before PCD was con-
firmed or ruled out. Patients were excluded if they
were referred with a pre-existing diagnosis of PCD
or if their first clinical encounter available in the
EMRs followed a confirmatory diagnosis (n=11), as
this would remove diagnostic uncertainty.

Control cases were selected from a broader pre-
existing list in the EMRs of patients referred to the
PCD specialty clinic, which was cross-referenced
with the confirmed PCD list to identify patients in
whom PCD was suspected but not confirmed. Man-
ual chart review was similarly performed. Patients
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Medical
Expert

Electronic Medical Record

PCD Ruled Out 
Controls (n = 30)

Confirmed PCD 
Cases (n=28)

Cohort Identification De-Identification

✓ Names → generic labels (“Case X”)

✓ Dates → placeholders (“Date”)

✓ Medical record number

✓  Specific dates (e.g., date of service, 

immunization dates)

✓ Family members names → generic terms 

(e.g., mother, sibling)

✓ Providers (signatures and in-text mentions)

Open-source Large 
Language Models

GPT-OSS 120B

Mistral 7B

Qwen 2.5 7B

Llama 3 70B

Phi 3.5

Figure 1: Study pipeline showing cohort curation and de-identification of first-visit clinical notes, zero-shot
inference with five open-source LLMs. Subsequently, quantitative evaluation and clinician-led qualitative
review of model outputs are reported in this study.

were included if their workup was ultimately nega-
tive for PCD, and excluded if their workup was still
ongoing with uncertain diagnosis.

For the selected patients, the identifying informa-
tion was removed from their encounter note such
as medical record number, date of birth, names (of
the patient, replaced by "Case" and a case number,
as well as family member or provider names), and
specific dates. Each selected note was used in its
entirety as input to the LLMs and for expert anno-
tation, without additional filtering of clinical content
beyond standard de-identification.

3.2. Large Language Models Used
We evaluated five open-source LLMs: GPT-
OSS-120B (Agarwal et al., 2025), Llama-3-70B
(AI@Meta, 2024), Qwen-2.5-7B (Yang et al., 2024),
Mistral-7B (Mistral AI, 2024), and Phi-3.5-mini (Ab-
din et al., 2024). We chose these models to re-
flect diversity in open-source LLM design and scale.
Their differing behaviors are consistent with known
trade-offs, such as higher sensitivity in smaller mod-
els and more conservative reasoning in larger ones.
Each model was given the same zero-shot prompt
instructions to assess a single clinical note per pa-
tient. Open-source models were used to enable
local inference on secure, regulatory-compliant uni-
versity servers without transmitting clinical data to
external systems.

We utilized a zero-shot prompting approach
to produce structured JSON output containing:
(1) a recommendation for further PCD evaluation
(Yes/No/Uncertain), (2) justification for that recom-
mendation, (3) recommended diagnostic tests, and
(4) justification for testing decisions. Below, we
present the prompt structure:

Instruction Header
You are a clinician. Follow the schema exactly. Be
concise and deterministic. Rules:
- Output JSON with exactly these keys:

“pcd_recommendation", "justification_pcd",
“testing_recommended",
“justification_tests".
- “pcd_recommendation" must be "Yes", "No", or
“Uncertain".
- Each justification in around 90 words.
- No extra text. After JSON, write END_OF_OUTPUT.
...

Key Meanings
...
- “pcd_recommendation": Clinical impression -
does this patient need further PCD evaluation?
(Yes/No/Uncertain)
- “justification_pcd": Brief reasoning citing find-
ings from the note.
- “testing_recommended": Diagnostic tests you
would order next. Use "None" if not needed.
- “justification_tests": Why those tests (or why
none).
...

Sharing Clinical Note
...
Below is a de-identified clinical note from a patient’s
first pulmonology encounter. Read it and respond per
the schema.
[NOTE STARTS]
{text}
[NOTE ENDS]
...

Output Formatting Instructions
...
Reply ONLY in the following JSON structure:
{{

"pcd_recommendation": " ",
"justification_pcd": " ",
"testing_recommended": " ",
"justification_tests": " "

}}

END_OF_OUTPUT
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In addition to individual model evaluations, we
constructed an ensemble using a majority voting
strategy across the five LLMs used in this study.
For each clinical note, the final ensemble prediction
was defined as the most frequently predicted label
(Yes/No/Uncertain) across models. In cases of ties,
the prediction was resolved as “Uncertain.”

3.3. Implementation Details
Open-source LLM weights were downloaded from
the HuggingFace Model Hub and stored locally on
University server. Entire code3 was implemented in
Python 3.10.15. Experiments were executed using
SLURM with a consistent hardware configuration
of one NVIDIA Ampere GPU, 3 CPU cores, and 80
GB of system memory. Across models, inference
time ranged from 5 to 15 minutes per 30 cases,
with an average runtime of about 10 minutes.

3.4. Evaluation & Manual Analysis
We evaluate models using clinically meaningful met-
rics, including sensitivity and specificity for recom-
mending further PCD evaluation. We report 95%
confidence intervals (CIs) for all metrics, computed
using the Wilson score interval for binomial pro-
portions (sensitivity, specificity, accuracy) and non-
parametric bootstrapping with 10,000 resamples
(F1-score). We also perform manual annotation to
review LLM outcomes. One PCD clinician based at
CHOA manually reviewed the LLM output using an
annotation guideline4 (co-developed with a second
PCD clinician) for the justification of the PCD rec-
ommendation, as well as any suggested diagnostic
tests and their explanations. The annotator rated
diagnostic explanations as clinically sound, partially
sound, clinically weak, or clinically concerning, and
noted any hallucinations. Suggested diagnostic
tests were labeled as appropriate, incomplete, ex-
cessive, inappropriate, or potentially harmful. Ex-
planations for test recommendations were sepa-
rately rated based on whether they clearly justified
the suggested tests. The annotator was blinded to
model identity and based all judgments only on the
provided note and model output.

4. Results

Figure 2 presents the distributions of model re-
sponses, illustrating clear differences in how mod-
els recommend further evaluation for PCD across
confirmed and non-PCD cases. Models were more
likely to recommend further evaluation for con-
firmed cases, though they varied in how strongly
they favored a positive recommendation versus an

3GitHub Code: pcd-diagnosis-llm-study
4Annotation Guideline: Annotation-Guideline.pdf

uncertain one. Mistral-7B and Phi-3.5-mini showed
the strongest tendency toward recommending eval-
uation, identifying nearly all confirmed cases, while
GPT-OSS-120B produced substantially fewer pos-
itive recommendations. The ensemble (majority
voting) balanced these behaviors, recommending
evaluation for most confirmed cases while reduc-
ing extreme responses seen in individual models.
Figure 3 shows agreements between the models.

Table 1 summarizes performance excluding un-
certain responses. The number of uncertain re-
sponses varied across models, ranging from 2/58
(3.4%) for GPT-OSS-120B to 17/58 (29.3%) for
Llama-3-70B. Sensitivity ranged from 0.48 to 1.00,
whereas specificity remained below 0.50 for all
models. Phi-3.5-mini achieved the highest over-
all accuracy (0.75), followed closely by Qwen 2.5
7B (0.70). The ensemble (majority-vote) achieved
perfect sensitivity (1.00) with an accuracy of 0.73,
matching the strongest individual models in identi-
fying confirmed cases but without improving speci-
ficity beyond that range. We additionally report
a stricter setting where Uncertain predictions are
treated as incorrect. Figure 4 shows examples of
hallucinations. The expert annotator’s evaluation
of LLM responses is shown in Figure 5.

5. Discussion

5.1. Diagnostic Performance

Across models, the dominant pattern is high sensi-
tivity paired with weak specificity, consistent with a
screening-oriented behavior rather than definitive
decision-making. Although this is expected, given
that all patients were referred for PCD evaluation, it
reflects a consistent tendency of the models to favor
sensitivity over specificity in clinically ambiguous
settings. When uncertain predictions are excluded,
sensitivity ranges from 0.48 to 1.00, while speci-
ficity remains low for all models (0.095 to 0.483).
The highest accuracy observed is 0.750 (Phi-3.5-
mini), and the ensemble achieves 0.727 with sen-
sitivity of 1.000, but specificity remains limited at
0.429. These results indicate that while models
rarely miss confirmed cases under this evaluation,
they frequently flag non-PCD cases for further eval-
uation, which could increase unnecessary testing
or referrals if outputs are used without clinical over-
sight.

Figure 2 and Table 1 together suggest that the
“Uncertain” option plays a meaningful role in how
models manage risk. Models vary in how often they
select this option, and these differences influence
the apparent trade-off between missed cases and
false positives. Performance metrics computed af-
ter excluding “Uncertain” therefore reflect behavior
conditional on a model choosing to make a decision,
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Figure 2: Distribution of model recommendations (“Yes”, “No”, “Uncertain”) across confirmed PCD cases
(n=28) and non-PCD controls (n=30) for each LLM and a majority-vote ensemble of five models. Counts
are shown separately for each group.

Model Evaluated Cases
(Abstention Rate) Sensitivity Specificity Accuracy F1 Score

Approach 1: Committed cases only (uncertain excluded)
GPT-OSS-120B 56 (3.4%) 0.481 [0.307, 0.660] 0.483 [0.314, 0.656] 0.482 [0.357, 0.610] 0.473 [0.314, 0.613]
Llama-3-70B 41 (29.3%) 0.826 [0.629, 0.930] 0.389 [0.203, 0.614] 0.634 [0.481, 0.764] 0.717 [0.600, 0.824]
Qwen-2.5-7B 43 (25.9%) 0.955 [0.782, 0.992] 0.429 [0.245, 0.635] 0.698 [0.549, 0.814] 0.764 [0.678, 0.851]
Mistral-7B 47 (19.0%) 1.000 [0.871, 1.000] 0.095 [0.027, 0.289] 0.596 [0.453, 0.724] 0.732 [0.667, 0.800]
Phi-3.5-mini 44 (24.1%) 1.000 [0.867, 1.000] 0.421 [0.231, 0.637] 0.750 [0.606, 0.854] 0.820 [0.746, 0.893]
Ensemble (Majority-vote) 44 (24.1%) 1.000 [0.857, 1.000] 0.429 [0.245, 0.635] 0.727 [0.582, 0.837] 0.793 [0.719, 0.868]
Approach 2: Pessimistic bound (uncertain = wrong prediction)
GPT-OSS-120B 58 0.464 [0.295, 0.642] 0.467 [0.302, 0.639] 0.466 [0.343, 0.592] 0.456 [0.298, 0.596]
Llama-3-70B 58 0.679 [0.493, 0.821] 0.233 [0.118, 0.409] 0.448 [0.327, 0.575] 0.543 [0.424, 0.656]
Qwen-2.5-7B 58 0.750 [0.566, 0.873] 0.300 [0.167, 0.479] 0.517 [0.392, 0.641] 0.600 [0.486, 0.703]
Mistral-7B 58 0.929 [0.774, 0.980] 0.067 [0.018, 0.213] 0.483 [0.359, 0.608] 0.634 [0.564, 0.709]
Phi-3.5-mini 58 0.893 [0.728, 0.963] 0.267 [0.142, 0.444] 0.569 [0.441, 0.688] 0.667 [0.582, 0.750]
Ensemble (Majority-vote) 58 0.821 [0.644, 0.921] 0.300 [0.167, 0.479] 0.552 [0.425, 0.673] 0.639 [0.541, 0.732]

Table 1: Performance with 95% CI. Approach 1 excludes Uncertain cases (committed predictions only, i.e.,
yes/no). Abstention rate = % of Uncertain predictions; Approach 2 treats Uncertain as wrong prediction.

rather than end-to-end system behavior. In an un-
structured clinician review of cases labeled as "un-
certain," the underlying source of uncertainty was
noted to be variable, with some labels seeming to
reflect an incomplete discussion of PCD features in
the source note, some reflecting the source note’s
suspicion for an alternate diagnosis, and still others
directly referring to inconclusive PCD diagnostic

testing (for example, genetic variants of uncertain
significance). In practice, any clinical workflows
need explicit guidance on how to handle uncertain
outputs, as they represent a substantial fraction
of model responses. Additional structured review
of these cases in the future may help identify pat-
terns that could be leveraged to minimize uncertain
output, or at minimum help interpret this response.
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Figure 3: Inter-model agreement for PCD recom-
mendation heatmap across all cases (N=58).

Figure 4: Hallucinations in PCD justification by two
LLMs. Note that the part of clinician’s note shown
is for reference. The text marked in red shows
misinterpretation by model.

5.2. Qualitative Performance
Manual annotations by domain experts and further
analyses highlight that factual grounding does not
imply strong clinical reasoning (Fig. 5). This pattern
is consistent with prior work showing that LLMs can
produce correct answers while generating inconsis-
tent reasoning (Rajwal et al., 2025). Hallucination
rates were low across models (0.0–8.6%), yet "clin-
ically sound" diagnostic explanations accounted
for only 20.7–48.3% of outputs, while "partially
sound" explanations consistently represented 34.5–
44.8%. "Clinically weak" explanations reached as
high as 37.9% for some models. Notably, models
with zero hallucinations, such as Llama-3-70B and
Mistral-7B, still produced "clinically weak" or "con-
cerning" explanations in a substantial fraction of
cases, showing that avoiding unsupported state-
ments is not sufficient for reliable clinical reasoning.

A large portion of clinically weak labels were ap-
plied due to incongruous outputs for further PCD

evaluation recommendation (Yes/No/Uncertain)
and the justification of that answer. Specifically,
models frequently answer "Yes" to recommend
PCD evaluation, but their justifications may not
include discussion of PCD. Indeed, some justifi-
cations of a "Yes" PCD evaluation recommenda-
tion assert a wholly different diagnosis as the likely
underlying etiology, particularly if PCD was not dis-
cussed in the encounter note (Appendix A.1). Fur-
thermore, in less severe instances, justifications
would highlight symptoms not specific or "classic"
for PCD as supportive of the diagnosis, which was
a common reason for the "partially sound" label
(Table 2). In more severe instances, models cited
symptoms altogether unrelated to PCD – such as
neuromuscular weakness – as supportive of PCD
diagnosis, which was a common reason for the
"clinically concerning" label. Though LLMs have
previously been shown to respond well to clini-
cal vignettes and have shown initial promise in
extracting clinically relevant information from un-
structured clinical text (Wu et al., 2024; Shyr et al.,
2024; Ríos-Hoyo et al., 2024), our findings suggest
that when presented with real-world clinical informa-
tion in the form of an early encounter note—which
may include information both contributory and non-
contributory to the ultimate diagnosis, or discuss a
patient who is struggling with multiple diagnoses—
limitations remain in picking out clinically relevant
information pertaining to a specific diagnosis, in
this case PCD.

GPT-OSS- 120B was a notable exception to this
theme, as reflected in its high percentage of clin-
ically sound justifications as compared to other
models. It not only had more dependable logical
alignment of "Yes" or "No" PCD evaluation recom-
mendation and correlating justification, but also
more consistently provided PCD-focused justifica-
tions and testing, even if PCD was not discussed
in the source note (Table A.1). This finding is par-
ticularly impactful in the context of our diagnostic
performance evaluation, in which GPT-OSS- 120B
had the lowest scores across performance metrics.
We suspect that, were those PCD evaluation rec-
ommendations of "Yes" converted to "No" in cases
where the model’s justification did not actually imply
a suspicion for PCD, performance would have been
more similar across models. This underscores the
importance of continued deeper manual analysis
when assessing LLMs’ clinical reasoning abilities,
as it may reveal fundamentally flawed reasoning un-
derlying seemingly appropriate recommendations.

Performance on confirmed PCD cases was
particularly revealing. In this subset, clinically
sound explanations dropped to as low as 10.7%,
while clinically weak explanations rose to 42.9%.
At the same time, incomplete testing recommenda-
tions were common, ranging from 39.3% to 60.7%
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(C) Testing Recommendations
Category (PCD Status)

Appropriate (PCD = Yes)
Appropriate (PCD = No)
Excessive (PCD = Yes)
Excessive (PCD = No)
Inappropriate (PCD = Yes)
Inappropriate (PCD = No)
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(D) Tests Justification
Category (PCD Status)
Adequate (PCD = Yes)
Adequate (PCD = No)
Inadequate (PCD = Yes)
Inadequate (PCD = No)
Partially adequate (PCD = Yes)
Partially adequate (PCD = No)

Figure 5: Expert evaluation of five LLMs across four metrics: (A) hallucinations in PCD justifications,
(B) strength of clinical reasoning, (C) completeness of testing recommendations, and (D) adequacy of
testing justifications. Solid lines indicate PCD-positive cases; dashed lines indicate PCD-negative controls.
Colors denote annotation categories. A medical expert systematically evaluated LLM-generated clinical
impressions, justifications, and testing recommendations. Overall, models rarely hallucinate (A), but their
reasoning and test recommendations are often only partly correct or incomplete (B–D).

across models. This pattern suggests that mod-
els struggle most when prioritization and selection
of high-yield next steps are required, rather than
general symptom summarization. Similar to the
observed incompatibility of some PCD evaluation
recommendation responses and their justifications,
the "incomplete" testing label was often applied
to cases where a "Yes" PCD evaluation response
was given, but no PCD-specific testing was recom-
mended. In these cases, models frequently rec-
ommended workup that was reasonable for ruling
out other pulmonary diseases, but uninclusive of
important PCD diagnostic tests.

In regard to this discordance, both for PCD eval-
uation justifications and testing recommendations,
one important underlying factor was the source
note, as justifications and testing were observed
to commonly reflect the note’s assessment and
plan. Therefore, if PCD was not considered or
discussed by the provider in the source note, the
model would produce explanations and testing rec-
ommendations that aligned more with those etiolo-
gies discussed in the note – even when the initial
answer for PCD evaluation recommendation was
"Yes" (A.1). Even GPT-OSS-120B was impacted,
despite its higher percentage of clinically sound,
PCD-focused justifications, and was susceptible to

answering "No" to further PCD evaluation in PCD
cases where this disease was not discussed in the
initial note. This may in part account for its lower
sensitivity. Conversely, if the source note contained
adequate discussion of PCD, the models were bet-
ter able to produce clinically sound output. Overall,
these findings suggest that the models –particularly
when biased by information that already includes
proposed diagnoses and testing – are less suited
to critically evaluate this input and provide indepen-
dent conclusions. In the future, prompt adjustment
to encourage disagreement with the note, if war-
ranted, may help mitigate some of this issue.

Although inappropriate testing was uncommon
overall, it reached 25.0% for Phi-3.5-mini and
14.3% for Mistral-7B in confirmed cases, which
could increase clinical burden if outputs are fol-
lowed without review. Aside from unneeded test-
ing, inappropriate testing labels were applied in
instances where the model’s recommendation in-
cluded orders copied from the source note that
were not testing, for example, medications or clinic
nursing protocols. They were also applied when
recommendations failed to consider the patient’s
age. For example, nasal nitric oxide measurement
is a common screening test for PCD, however it
cannot be performed in children under 4 years.
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Case x is a former xy week preemie who stayed xy days in NICU. She required CPAP but weaned to RA prior to discharge. Mom states that Case x has daily cough (sometimes to point of projectile vomiting)
but since starting Pulmicort in March the cough has improved. She has not needed albuterol in over a month. Case x is a 5m female who is here for initial pulmonary consultation. Since she was born she’s
had a lot of UAO noise and cough - a lot of mucus production. In the neonatal period she reportedly had RML PNA and RUL atelectasis that prompted chest CT scan to look for CPAM and TEF. She then
had presumed RSV infection in early Feb - which is when she started prn albuterol. Her cough worsened so she went to ED, but was better by the time she got to the ED. Pulmicort was started in late xyz
month - 0.xx mg BID - still sounds junky and coughs. Cough is better, but still sounds junky and rattly. Last used albtuerol over a month ago. She used to have lots or vomiting - only sometimes post tussive.
Now just has wet burps. No loud snoring. No gasping. Tested for pertussis because she turned purple with coughing once - was negative. Sometime also happens when she BFs. Mom thinks her let down
may be fast. Wheezing on exam has been reported when she was sick. Albuterol helps the cough. Last used albuterol a month. Takes albuterol via neb. Difficult to give her a nebulizer tx - she fights it. No
h/o recurrent pneumonia or ear infections. Has never needed systemic steroids. No H/O eczema. No h/o murmur or seizures. Growing well and eating well. Normal stools. I reviewed an ED visit note from
xyz month for resp distress not responsive to albuterol at home in which lungs were CTA and labs were reassuring. Tolerated po intake and was sent home to f/u with PCP. Allergies & Medications: ......

LLM LLM Response Expert’s Evaluation

GPT-OSS-120B

PCD: No
×

Justification: The infant’s chronic cough and wheeze are explained by mild persistent asthma and upper airway congestion, with documented response to
inhaled corticosteroids and albuterol. There is no history of situs inversus, persistent neonatal respiratory failure, chronic sinusitis, or otitis media that
would raise suspicion for primary ciliary dyskinesia. The clinical picture aligns with asthma rather than a motile cilia disorder.

Clinically weak

Testing: None Incomplete

Justification: Given the clear asthma diagnosis and lack of PCD red flags, additional PCD-specific testing (e.g., nasal nitric oxide, ciliary ultrastructure) is
not indicated at this time.

Inadequate

Llama-3-70B

PCD: No
×

Justification: The patient’s symptoms and medical history do not suggest primary ciliary dyskinesia (PCD). The patient’s cough and wheezing are likely
related to mild asthma and upper airway congestion, which are being managed with Pulmicort and albuterol. There is no mention of situs inversus, nasal
polyposis, or other characteristic features of PCD.

Partially sound

Testing: None Incomplete

Justification: Given the patient’s symptoms and diagnosis of mild asthma, no further testing is recommended at this time. The patient’s symptoms are
being managed with current medications and therapies, and there is no indication for additional testing.

Partially adequate

Qwen-2.5-7B

PCD: Yes
✓

Justification: The patient has a history of wheezing, cough, and upper airway symptoms, which are suggestive of asthma. However, the patient also has
persistent upper airway noise and mucus production, which may indicate underlying airway inflammation or other conditions. A detailed PCD evaluation is
recommended to rule out other causes and to optimize her asthma management.

Clinically sound

Testing: PFTs, chest CT, and possibly allergy testing Incomplete

Justification: PFTs will help assess the degree of airway obstruction and responsiveness to bronchodilators. Chest CT can provide more detailed imaging
to evaluate the extent of airway inflammation and other structural abnormalities. Allergy testing can help identify potential triggers for her symptoms.

Adequate

Mistral-7B

PCD: Yes
✓

Justification: The patient has a history of prematurity, prolonged NICU stay, RSV infection, and recurrent cough with mucus production. She has required
CPAP and has had a chest CT scan to look for CPAM and TEF. She has also had a history of wheezing and improved with albuterol. The patient’s cough
persists despite Pulmicort and still sounds junky and rattly.

Partially sound

Testing: Pulmonary function tests (PFTs) and echocardiogram Inappropriate

Justification: To further evaluate the patient’s lung function and potential cardiac involvement. Inadequate

Phi-3.5-mini

PCD: Yes
✓

Justification: The patient has a history of respiratory symptoms including cough, wheezing, and upper airway congestion. Despite being on Pulmicort,
symptoms persist, suggesting suboptimal control. The chest CT scan indicates consolidations and ground-glass opacities, which could be indicative of
underlying asthma or bronchitis. The patient’s growth and dietary changes may also impact reflux, which can exacerbate respiratory symptoms. Given the
chronic nature of the symptoms and the findings on imaging, further evaluation is warranted.

Partially sound

Testing: Spirometry, allergy testing, and possibly a trial of inhaled corticosteroids (ICS) via MDI for better control. Inappropriate

Justification: Spirometry will assess the degree of airflow obstruction and help confirm the diagnosis of asthma. Allergy testing may identify specific
triggers contributing to the patient’s symptoms. A trial of ICS via MDI could provide better symptom control and adherence compared to nebulizer use,
which is currently causing resistance due to the patient’s age and difficulty with nebulizer administration.

Adequate

Table 2: LLM responses and annotator evaluation for a sample case. The top row shows a partial excerpt
of the input clinical note. Appendix A.1 shows another case with clinically weak justifications.

Review of test justifications further clarify lim-
itations. Adequate justification of recommended
tests ranged from 15.5% to 51.7% overall, with par-
tially adequate explanations dominating for several
models. In confirmed PCD cases, adequate justifi-
cation was only 14.3% for Mistral-7B and 35.7% for
Phi-3.5-mini, compared with 53.6% for GPT-OSS-
120B and Llama-3-70B. This gap matters clinically
because decision support tools must explain not
only what to do, but why a given action is appro-
priate for a specific patient. The partially adequate
label was commonly applied due to limited ratio-
nale given for a specific test. For outputs that did
expound more on testing justification, this label was
often given due to recurring, subtle inaccuracies ob-
served. For example, models did not have a solid

grasp on which PCD diagnostic tests measure cil-
iary structure versus ciliary function, and there was
a tendency to label a certain test as "necessary"
for diagnosis of PCD, when in reality no one test
is considered a gold standard test for its diagnosis
(Knowles et al., 2016; Nussbaumer et al., 2021).

Inadequate test justifications, meanwhile,
were overall rare, but did reach as high as 26.7% for
Mistral-7B. Inadequate labels were given for vague
outputs failing to justify testing in any meaningful
way, as well as for misleading reasoning. For the
latter, one inconsistent but notable mistake was as-
serting that tests used to diagnose other diseases
are diagnostic of PCD. In particular, CFTR genetic
testing and/or sweat chloride testing for cystic fibro-
sis (CF) — a disease with features similar to PCD
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— are often pursued in PCD workup to rule out CF.
However, these tests were at times either implied or
definitively proclaimed to diagnose PCD. This issue
was more prevalent with Qwen 2.5 7B and Phi-3.5-
mini, which both made the clinically concerning
mistake of calling sweat testing the "gold standard
for PCD diagnosis." For example, in one confirmed
PCD case, GPT-OSS-120B provided the following
justification: “Nasal NO is a sensitive screening tool;
genetic testing can identify pathogenic mutations;
HSVM and TEM provide functional and structural
confirmation of ciliary dysfunction“. This was an-
notated as ‘adequate’. In contrast, for the same
case, Phi-3.5-mini stated: “The sweat chloride test
measures the amount of salt in sweat, which is
typically elevated in PCD”, which was annotated
as inadequate due to inaccurately asserting sweat
testing as a test for PCD. Together with the more
subtle inaccuracies above, these findings empha-
size the need for oversight from an experienced
clinician in testing prioritization and interpretation,
both to grasp nuances and to avoid fundamental
misunderstanding of tests recommended by LLMs.

5.3. Clinical Implications
Taken together, these findings suggest that no sin-
gle model is uniformly best across all dimensions,
even across models spanning approximately 7B to
120B parameters. Phi-3.5-mini and the ensemble
achieve the highest sensitivity, but Phi-3.5-mini also
shows the highest hallucination rate (8.6%) and
notable inappropriate testing in confirmed cases.
GPT-OSS-120B produces the highest proportion of
clinically sound explanations (48.3%) and adequate
test justifications (51.7%), with no inappropriate
testing, but lower sensitivity. Llama-3-70B shows
zero hallucinations and the highest overall rate of
appropriate testing (70.7%), but weaker diagnostic
explanation quality. Overall, current models appear
best suited for early signal amplification and case
review rather than independent clinical decision-
making. Improving prioritization, justification qual-
ity, and consistency across models remains a key
challenge for future work.

6. Conclusion & Future Work

Using real first-visit pediatric pulmonology notes,
this study shows that several openly available lan-
guage models can spot early signs that should trig-
ger a closer look for primary ciliary dyskinesia, even
before the diagnosis is known. Across models, the
main strength was catching most true cases, but
they also flagged many children who did not have
the disease, which could lead to extra referrals or
testing if used without clinician judgment. A clini-
cian review showed that even though model outputs

stayed close to the note, their explanations and test
choices were often only partly convincing, espe-
cially when choosing the most useful next steps that
mattered most. In particular, despite high sensitivity
when affirmatively recommending additional PCD
evaluation, explanations of that recommendation –
as well as recommended testing and justification
of that testing – often did not appropriately reflect
PCD as the disease process in question, which is
a concerning weakness if the goal is to use these
models as clinical decision making aids. Overall,
these systems look more suitable as a cautious
“early warning” aid to prompt review, not as a stan-
dalone decision maker. Our results justify larger
studies across more hospitals and longer patient
records to judge real-world usefulness.

7. Limitations

While this study demonstrates that LLMs can iden-
tify diagnostic signals from routine clinical notes,
the findings should be interpreted as an initial step.
The sample size was limited to 58 patients from
a single pediatric hospital, which may affect gen-
eralizability to other settings and populations. We
analyzed only the first pulmonology note per patient
to reflect early referral, but later clinical information
was not included. The models were provided with
only one provider note. A task more reflective of
clinical practice would be to review multiple provider
notes, or even the lifetime accumulated notes and
results within an EMR, to guide PCD diagnostic
decision making. However, the volume of chart
review, input limitations, as well as previous stud-
ies suggesting that larger volumes of information
may actually impede LLM performance (Tang et al.,
2023), made this approach impractical. Given this,
we opted to utilize the first encounter note with a
pulmonology specialist, as it tends to be a critical
juncture where the possibility of disease exists, but
diagnostic uncertainty remains – therefore an op-
timal time where providers or patients might turn
to LLMs for guidance on evaluation. The evalu-
ation focused on open source models with a sin-
gle instruction setup, and model explanations were
reviewed by one clinician. Future work should in-
clude larger and more diverse datasets, multiple
institutions, longitudinal notes, additional models
and prompting strategies, and review by multiple
clinicians to better assess robustness and clinical
usefulness.

8. Ethical Considerations

Models were evaluated retrospectively and not
used for real clinical decisions. We emphasize
that such systems are intended for research on
clinical text understanding and should not be used
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as standalone diagnostic tools without appropriate
clinical oversight. The authors declare no compet-
ing interest.
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Appendix

A. Sample case with LLM output

Table A.1 shows another sample case with predic-
tions and justifications by each LLM. Another case
is shown in Table 2.
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Case X is a XX-month-old female who presents with transfer from XX facility due to concern for possible tracheal deviation, persistent oxygen requirement, and poor oral feeding. Consult requested for home
oxygen and outpatient pulmonary follow-up. She is on XX LPM oxygen and being treated for BPD with inhaled corticosteroid (XX dose, XX puffs BID) and albuterol every XX hours. She is also on diuretics
(XX). Mild reflux diagnosed on pH probe. Currently on reflux medications (XX) and receiving NG feeds. No desaturation episodes reported. Per review of outside records, she was extubated to CPAP at XX
days of life and remained on CPAP for approximately XX duration before transition to high-flow nasal cannula, now on low-flow nasal cannula. She previously received diuretic therapy for approximately XX
duration, then transitioned to current regimen prior to transfer. History of pulmonary hypertension treated with inhaled nitric oxide for XX days, now resolved. Continues on low-flow oxygen. Transferred for
evaluation of suspected tracheal deviation to rule out airway abnormality.

LLM LLM Response Expert’s Evaluation

GPT-OSS-120B

PCD: No
×

Justification: The infant has chronic lung disease secondary to prematurity (BPD) with a mild right tracheal deviation likely due to a prominent thymus.
There is no history of recurrent sinusitis, otitis media, or bronchiectasis, and no laterality defects or unexplained persistent cough that would suggest
primary ciliary dyskinesia. The clinical picture is fully explained by prematurity, BPD, and gastroesophageal reflux, making PCD evaluation unnecessary
at this time.

Clinically sound

Testing: None Incomplete

Justification: No additional diagnostic work-up for PCD is indicated because the patient’s symptoms are attributable to BPD and prematurity. Routine
follow-up imaging (repeat echocardiogram) and clinical monitoring are already planned, and there are no findings that would warrant nasal nitric oxide
measurement, ciliary biopsy, or genetic testing for PCD.

Adequate

Llama-3-70B

PCD: Yes
✓

Justification: The patient has a history of bronchopulmonary dysplasia (BPD) and is on oxygen therapy, which increases the risk of primary ciliary
dyskinesia (PCD). Additionally, the patient has a mild tracheal deviation, which could be related to PCD. Further evaluation is necessary to rule out PCD.

Clinically concerning

Testing: Nasal nitric oxide measurement, high-speed video microscopy analysis of cilia, and genetic testing Appropriate

Justification: These tests are recommended to evaluate the patient’s ciliary function and structure, which can help diagnose PCD. Nasal nitric oxide
measurement is a non-invasive test that can indicate PCD, while high-speed video microscopy analysis of cilia can assess ciliary beat frequency and
pattern. Genetic testing can identify mutations associated with PCD.

Adequate

Qwen-2.5-7B

PCD: Uncertain
×

Justification: The patient has a history of BPD, mild tracheal deviation, and potential pulmonary hypertension. While the tracheal deviation could be
secondary to a prominent thymus, further evaluation is warranted to rule out other causes and to monitor the patient’s condition.

Clinically weak

Testing: CT of the chest with contrast Incomplete

Justification: To better evaluate the tracheal deviation and rule out other causes, a CT of the chest with contrast is recommended. This will provide more
detailed imaging to assess the trachea and other structures in the chest.

Adequate

Mistral-7B

PCD: Yes
✓

Justification: The patient has a history of BPD, is on oxygen, and has a mildly dilated RV, thickened RV wall, and a probable left coronary cameral fistula
to the RV on echocardiogram, suggesting possible pulmonary hypertension.

Clinically weak

Testing: Right Heart Catheterization Excessive

Justification: To confirm the diagnosis of pulmonary hypertension and guide treatment Adequate

Phi-3.5-mini

PCD: Yes
✓

Justification: The patient has a history of BPD, mild tracheal deviation, and a probable coronary fistula, which could contribute to respiratory symptoms.
The presence of chronic lung disease and the need to rule out pulmonary hypertension further support the need for PCD evaluation.

Clinically weak

Testing: Echocardiogram with contrast, repeat chest CT, and possibly a cardiac MRI. Excessive

Justification: The echocardiogram with contrast is recommended to further evaluate the suspected coronary fistula and to rule out pulmonary
hypertension. A repeat chest CT is suggested to monitor the chronic lung disease and tracheal deviation. A cardiac MRI may provide additional
information on the coronary fistula and cardiac structure.

Adequate

Table A.1: LLM responses and annotator evaluation for a sample case. The top row shows a partial
excerpt of the input clinical note.
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Abstract
Biomedical lay summarization aims to make biomedical research accessible to non-experts, but most approaches
assume a uniform audience, overlooking variation in medical literacy and information needs. We present MAPS
(Multi-Agent Persona-based Summarization), a framework that generates persona-specific summaries through
iterative cross-agent feedback. Human evaluation shows MAPS improves quality over single-agent baselines,
while automatic metrics fail to capture these gains. LLM-based judges also exhibit limited sensitivity, assigning
inflated scores and misdetecting errors. These findings highlight the need for improved evaluation methods for
persona-based summarization.

Keywords: Biomedical Text Summarization, Controlled Text Generation, Multi-Agent System, Summary
Evaluation

1. Introduction

Lay summarization aims to summarize jargon-
heavy texts for non-experts in plain language (King
et al., 2017). The lay summaries make scientific
knowledge accessible beyond specialized commu-
nities (Stableford and Mettger, 2007). Prior lay
summarization work has primarily targeted a uni-
form non-expert audience (Guo et al., 2021; Gold-
sack et al., 2023). In the real world, however, in-
formation needs vary widely across audiences. A
pre-medical student benefits from more technical
depth than a lay person, while a researcher looks
for methodological detail that neither would expect
(Salvi et al., 2025a). These differences motivate
persona-based summarization, which requires con-
trolling not only linguistic complexity but also con-
tent selection, such as what to explain, retain, and
how much detail to include.

Prior controllable summarization work has fo-
cused on linguistic attributes such as sentence
length or reading level (Luo et al., 2022; Tran et al.,
2025b), without modeling how different audiences
require different content, not just different wording.
The PERCS dataset (Salvi et al., 2025a) addresses
this by providing summaries tailored to four per-
sonas that vary in both readability and information
depth, but effective generation methods for pro-
ducing such persona-specific summaries remain
underexplored.

Persona-based summarization requires balanc-
ing competing objectives such as readability, faith-
fulness, and persona-appropriate detail that are dif-
ficult to jointly optimize (Mullick et al., 2024; Song
et al., 2025). Multi-agent LLM frameworks offer a
natural solution by decomposing generation into
specialized subtasks (Fang et al., 2025; Mo and
Hu, 2024), and have shown promise for text sim-

Figure 1: Persona-specific profiles highlighting dif-
ferences in objectives and communication needs.

plification (Fang et al., 2025) and lay summariza-
tion (Lyu and Pergola, 2024). However, applying
multi-agent LLMs to persona-based summarization
raises design questions. Feedback must reflect
persona-specific criteria, since what counts as an
error for a lay reader (e.g., unexplained jargon)
differs from what matters for a researcher (e.g.,
omitted statistics). Adjudication must similarly bal-
ance readability and detail differently per persona.

To address these challenges, this paper
presents MAPS (Multi-Agent Persona-based Sum-
marization), a framework for generating persona-
specific biomedical summaries through iterative
cross-agent feedback. Using PERCS, we study
how design choices affect persona alignment by
comparing feedback strategies and adjudication
mechanisms. We also examine whether automatic
metrics and LLM-based judges reliably evaluate
persona-specific summaries. Our results show
MAPS improves summary quality in human evalu-
ation, while automatic metrics and LLM judges ex-
hibit weak alignment with human judgments, high-
lighting a key evaluation challenge.
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Figure 2: Overview of the MAPS pipeline (Si,j : summary from agent i in feedback round j).

2. Background

Prior work on biomedical lay summarization has
explored in-context learning and prompting-based
methods (Goldsack et al., 2025; Ming et al., 2025),
largely focusing on controlling linguistic attributes
such as reading level (Luo et al., 2022; Tran et al.,
2025a). Persona-dependent content selection re-
mains underexplored.The PERCS dataset (Salvi
et al., 2025a) addresses this gap by enabling
persona-based evaluation and establishing single-
LLM baselines, which we extend by studying multi-
agent generation. Multi-agent LLM frameworks
decompose generation into specialized subtasks
to better address various objectives such as faith-
fulness, readability, and attributes like length (Fang
et al., 2025)(Fang et al., 2025; Mo and Hu, 2024;
Lyu and Pergola, 2024), though prior multi-agent
work reports mixed results on automatic metrics
(Zhu et al., 2025). In contrast, we evaluate sum-
maries using human evaluation, LLM judges, and
automatic metrics to better assess persona align-
ment.

3. Method

3.1. MAPS Framework

Given a biomedical abstract D and target persona
P , MAPS generates a summary S that is faithful
to D while matching persona-specific readability
and information depth. MAPS uses k agents
A = {A1, . . . , Ak} to generate, iteratively refine,
and adjudicate persona-specific summaries
(Figure 2).

Stage 1: Initial Generation Each agent generates
a persona-conditioned summary, yielding diverse
candidates {S(0)

i }.
Stage 2: Iterative Feedback & Revision Initial
summaries contain factual errors, omit informa-
tion, or exhibit persona mismatches (Fang et al.,
2024). MAPS refines them through T rounds of
cross-agent feedback: in each round, agent Ai

receives critique from agent A(i mod k)+1 in round-
robin scheme and revises its summary. Separating

critique from generation reduces error reinforce-
ment common in self-refinement (Wadhwa et al.,
2024; Xie et al., 2025). We explore two feedback
strategies:
Persona-Centered Feedback: This strategy ex-
plicitly specifies expectations for each target per-
sona in terms of content depth, readability level,
assumed biomedical knowledge, and summary
length. Rather than leaving agents to infer au-
dience needs implicitly, we define persona-specific
feedback categories covering simplification require-
ments, level of detail, key point coverage, and faith-
fulness. For instance, feedback for a researcher
persona emphasizes methodological and numer-
ical details, whereas feedback for a lay persona
prioritizes accessible definitions and reduces com-
plexity. Agents evaluate summaries against these
criteria and suggest specific revisions to improve
persona alignment and faithfulness. As shown in
Figure 3, persona-centered feedback highlights a
missing definition of "ERP" and notes omitted p-
values essential for a research audience. Based
on prior work (You et al., 2024; Ming et al., 2025),
we also developed a variant Persona-Centered-
Wiki that provides Wikipedia as a tool to feedback
agents, enabling them to verify definitions for faith-
fulness.
Error-Structured Feedback: Rather than align-
ing summaries through explicit persona profiles,

Initial Researcher Summary

Fifteen children ...participated in a, three-way crossover study... They received diphenhy-
dramine, and placebo. Cognitive processing was evaluated using P300 event-related potential
(ERP)... Results showed.....increased P300 latency compared to placebo...

Persona-centered feedback

– Define ERP explicitly (brain’s electrical re-
sponse to a stimulus).
– The abstract notes a trend toward in-
creased somnolence with diphenhydramine
(P = 0.07), but this is omitted from the sum-
mary.

Error-Based feedback

– Definitions missing: ERP.
– Omission: placebo and crossover design
details not highlighted.
– Misinterpretation: No instances of misinter-
pretation of the original meaning.

Error-Type feedback

– Synonym Error: None.
– Definition Error: ERP latency not clear.
– Background Error: Missing the significance
and childhood use of first-generation antihis-
tamines.

Persona-centered-Wiki feedback

– Synonym suggestion: Replace “latency”
with “slower brain response.”
– Detail Adjustment: Summary leaves out p-
values
– Wikipedia Verification: The definitions for
terms "ERP" is accurate.

Figure 3: Illustrative examples of feedback strate-
gies employed in the MAPS framework.
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this strategy draws on research documenting com-
mon errors in lay summaries (Guo et al., 2024;
Joseph et al., 2024). The feedback agent as-
sumes the role of a medical expert reviewing sum-
maries against a structured error taxonomy. Unlike
persona-centered feedback, this approach is diag-
nostic rather than prescriptive: agents flag errors
without suggesting corrections, leaving revision to
the generating agent. We adopt the PERCS tax-
onomy (Salvi et al., 2025a), comprising 11 error
types across four categories: new information er-
rors (incorrect definitions, synonyms, background),
inference errors (contradictions, omissions, misin-
terpretations), structure and readability issues, and
hallucinations. We test two variants: Error-based
flags all categories simultaneously, while Error-type
targets one category per round.As shown in Fig-
ure 3, this approach identifies similar issues as
persona-centered feedback but categorizes them
systematically (e.g., "Definition Error. ERP latency
not fully clear").

Stage 3: Adjudication After T rounds, an ad-
judication step selects a summary among can-
didates based on comprehensiveness, readabil-
ity, and faithfulness. We explore three strategies:
(a) Judge Agent, where a dedicated agent selects
the best candidate, (b) Voting, where agents vote
independently with ties resolved by the judge, and
(c) Combined Generation, where a judge synthe-
sizes a new summary by merging strengths across
all candidates.

3.2. Experimental Setup

We evaluate on the PERCS dataset (Salvi et al.,
2025a), which contains 500 biomedical abstracts
paired with 2,000 expert-curated summaries
across four personas: layperson, pre-medical stu-
dent, non-medical researcher, and medical expert.
We use the 150-abstract test split with k=4 agents
and T=3 feedback rounds, comparing against zero-
shot, few-shot, and self-refine baselines using the
same LLMs as PERCS (GPT-4o, Mixtral-8x7B-
Instruct, Gemini-2.0 Flash Lite, and LLaMA-3 70B).
For MAPS, we test single-model (agents from the
same LLM) with persona-based feedback only, and
multi-model (agents from diverse LLMs) settings
across all feedback strategies and adjudication
methods. We include full prompt templates, agent
instructions, and evaluation guidelines in the ap-
pendix, where we provide the Researcher persona
as a representative example. Prompts for all other
personas, along with the full codebase, are pub-
licly available at GitHub. A token consumption and
cost comparison between baselines and MAPS is
provided in Table 13 in the Appendix.

3.3. Evaluation

Automatic Metrics. We use ROUGE-1,2,L (Lin,
2004) and SARI (Xu et al., 2016) for comprehen-
siveness, and FKGL, DCRS, CLI, and LENS (Mad-
dela et al., 2022) for readability.

Human and LLM Evaluation. Both human raters
and LLM evaluate summaries across criteria fol-
lowing Salvi et al. (2025b) guidelines on a 5-point
Likert scale: i) Comprehensiveness: the extent
to which the summary contains information nec-
essary for the target persona to understand the
research, ii) Readability : how easy the summary
is to read based on appropriate medical jargon
simplification. iii) Factuality : the extent to which
the summary is factually consistent with the source
abstract.

For human evaluation, we recruited two raters
per persona via Upwork, selecting annotators
whose background aligned with the target persona.
Each annotator rated summaries from three meth-
ods (GPT-4o zero-shot as a consistent baseline
across all personas, the best-performing PERCS
model per persona, and MAPS) for 30 abstracts
in their matched persona. To ensure consistent
annotation, we measured inter-rater agreement
using Krippendorff’s α, which exceeded 0.84 for
all personas. For LLM-based rating, we prompt
LLaMA-3 with persona definitions and criteria to
rate the same summaries. Additionally, we eval-
uate whether LLMs can reliably identify errors by
prompting LLaMA-3, Mixtral, and Gemini to classify
errors according to the PERCS taxonomy on 50
summaries and comparing against medical expert
judgments. Notably, we selected LLaMA-3 as the
LLM judge based on error detection performance,
as it showed the closest alignment with human
judgments, particularly for omission errors.

4. Results

(1) Does MAPS Setup Improves Performance?
We compare MAPS (persona-specific feedback
with combination adjudication) against GPT-4o
zero-shot and the best-performing PERCS model
per persona. Table 1 reports results for the
selected configurations. On automatic metrics,
MAPS does not consistently outperform base-
lines. However, human evaluation shows a con-
trasting trend where it substantially outperforms
both PERCS models and GPT-4o for Pre-med,
Researcher, and Expert personas. For example,
MAPS improves Researcher comprehensiveness
from 3.36 (Mixtral) to 4.74, and Expert comprehen-
siveness from 4.33 (GPT-4o) to 4.85. For Layper-
son, MAPS performs comparably to GPT-4o. Over-
all, multi-agent feedback markedly improves per-
sona alignment for advanced personas while yield-
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Persona Method Category Method R-1 ↑ R-2 ↑ R-L ↑ SARI ↑ FKGL DCRS CLI LENS

Layperson
Single LLM GPT-4o Few-shot 0.6016 0.2476 0.3554 53.5134 11.22 8.94 11.99 75.0276

GPT-4o Zero-shot 0.5972 0.2439 0.3390 53.0256 10.37 8.54 11.30 51.7573
MAPS Combine 0.5478 0.2067 0.2914 50.6332 12.80 11.54 13.60 75.6658

Premed
Single LLM Llama-3.1 Few-shot 0.6149 0.2926 0.3823 51.9053 16.72 11.78 17.69 53.6619

GPT-4o Zero-shot 0.5916 0.2380 0.3434 49.5828 17.91 12.77 19.44 46.2652
MAPS Combine 0.5962 0.2657 0.3469 50.7323 14.96 10.35 15.72 50.1168

Researcher
Single LLM Mixtral Few-shot 0.6122 0.3072 0.3978 49.4988 15.05 10.65 15.93 59.3144

GPT-4o Zero-shot 0.6207 0.2742 0.3831 43.9918 15.87 11.00 16.48 51.2367
MAPS Combine 0.6106 0.2815 0.3677 49.8121 16.21 11.01 16.99 52.0884

Expert Single LLM GPT-4o Zero-shot 0.6000 0.2905 0.3997 42.1944 17.91 12.77 19.44 51.2367
MAPS Combine 0.6148 0.3576 0.4213 47.8559 17.24 11.98 18.26 52.0884

Table 1: Selected performance on PERCS across personas using automatic evaluation metrics.

Lay
J Method C R F
H GPT-4o-ZS 4.83 4.97 4.87
H GPT-4o-FS 4.87 4.97 4.93
H MAPS 4.83 4.93 4.83
L GPT-4o-ZS 4.83 4.57 4.94
L GPT-4o-FS 4.83 4.53 4.96
L MAPS 4.71 4.63 4.96

Pre-med
J Method C R F
H GPT-4o-ZS 4.65 4.45 4.93
H Llama3-FS 4.52 4.12 4.8
H MAPS 4.81 4.71 5.00
L GPT-4o-ZS 4.96 4.75 4.97
L Llama3-FS 4.6 4.8 4.96
L MAPS 4.86 4.94 4.96

Researcher
J Method C R F
H GPT-4o-ZS 4.69 4.5 4.93
H Mixtral-FS 3.36 3.21 3.71
H MAPS 4.74 4.47 4.93
L GPT-4o-ZS 4.30 5.00 4.97
L Mixtral-FS 4.1 4.83 4.77
L MAPS 4.18 5.00 4.97

Expert
J Method C R F
H GPT-4o-ZS 4.33 4.06 4.36
H MAPS 4.85 4.15 4.91
L GPT-4o-ZS 4.99 5.00 4.99
L MAPS 4.90 5.00 4.90

Table 2: LLM and human evaluation scores across
methods and personas measured by Comprehen-
siveness (C), Readability (R), and Faithfulness (F),
with Judge (J) indicating Human (H) or LLM (L).

ing comparable performance for lay summariza-
tion.
(2) Are Automatic Metrics Suitable? Our results
show automatic metrics fail to capture persona-
appropriate quality.

Comprehensiveness: Weak ROUGE-human
alignment is documented in biomedical summa-
rization (Wang et al., 2023). Our human evalua-
tion further shows that information depth varies
across personas, a distinction human raters cap-
ture but lexical metrics do not. Mixtral Few-shot
achieves the best ROUGE for Researcher yet re-
ceives drastically lower human Comp. (3.36 vs.
4.74 for MAPS), indicating lexical overlap does not
capture persona-appropriate information. SARI,
designed for simplification, is misaligned with ex-
pert personas where preserving terminology is
desirable, decreasing monotonically from Layper-
son (53.51) to Expert (42.19) and penalizing sum-
maries that retain medical language.

Readability: Lower readability scores align with
lay personas and higher scores with experts, but
the metrics fail to distinguish intermediate per-
sonas. Pre-med (14.96-17.91) and Researcher
(15.05-16.21) overlap substantially and differ in in-
formation depth while using similar levels of jargon
(medical and scientific respectively). LENS, trained

Error Type Gemini Llama Mixtral Experts
Background Information 0 6 3 0
Definition 2 1 3 0
Synonym 0 1 0 0
Entity 4 5 7 0
Contradiction 0 0 0 0
Misinterpretation 1 2 6 3
Omission 2 26 36 74
Jumping to Conclusions 0 2 0 1
Structure 0 0 2 0
Persona Relevance 0 2 2 0
Hallucination 0 0 0 2

Table 3: Comparison between LLMs as judges and
human experts for error detection on a set of 50
summaries

to predict simplification quality, exhibits similar limi-
tations, inversely correlating with human judgments
for non-lay personas. For Pre-med, LLaMA-3.1
achieves higher LENS (53.66) than MAPS (50.12),
yet humans rate MAPS substantially better (Comp.
4.81 vs. 4.52, Read. 4.71 vs. 4.12). This highlights
that simplification-oriented metrics actively misrank
summaries when simplification is not the sole ob-
jective.
(3) How Reliable are LLM-Based Judges? LLM-
based judges diverge substantially from human
evaluations. For summary rating (Table 2), LLMs
assign higher scores with limited variance and fre-
quently favor baselines over MAPS, even when
humans strongly prefer MAPS. Strong annotator
agreement across personas (α > 0.84) suggests
this divergence reflects LLM limitations in captur-
ing persona requirements rather than subjective
persona definitions. Similarly, for error detection
(Table 3), LLMs substantially underdetect omis-
sions (Human: 74, LLaMA: 26, Mixtral: 36, Gemini:
2) while flagging unsupported errors and missing
hallucinations. These results indicate the need
for improved LLM-based evaluation techniques tai-
lored to persona-specific summarization.

(4) Which Multi-Agent Setup Performs Best?
MAPS with persona-centered prescriptive feed-
back and combination adjudication consistently
performs best across personas. Full results across
all configurations are reported in Tables 6-13 in the
appendix. We make several observations. First,
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multi-model setups outperform single-model con-
figurations, particularly for the Researcher and Ex-
pert personas, suggesting that diversity across
agents produces more balanced and persona-
appropriate summaries. Second, among adjudi-
cation strategies, combination adjudication outper-
forms both judge-only and voting approaches, indi-
cating that synthesizing strengths across candidate
summaries is more effective than selecting a single
best one.

Third, persona-centered feedback outperforms
error-structured variants, which we attribute to its
prescriptive nature. Rather than simply flagging
problems, it provides agents with concrete and ac-
tionable revision targets that are more consistently
incorporated. Finally, comparing MAPS against
the self-refine baseline shows that cross-agent
feedback outperforms single-agent iterative refine-
ment, especially on comprehensiveness for re-
searcher and expert personas, highlighting that
multi-agent collaboration drives gains beyond what
self-correction alone can achieve. Together, these
findings also explain why error-structured feedback
is less effective, as LLM judges have limited sen-
sitivity to fine-grained errors, making diagnostic
feedback a weaker signal than explicit persona-
centered guidance.

5. Conclusion

We introduced MAPS, a multi-agent framework for
persona-based biomedical summarization. Human
evaluation shows MAPS improves summary quality,
but current evaluation methods fail to capture these
gains. Unlike lay summarization where lower read-
ability signals quality, persona-based summaries
require varying objectives, making standard met-
rics unreliable. LLM judges struggle, assigning
higher scores and missing errors like omissions.
These findings highlight the need for evaluation
frameworks that model persona expectations.

6. Limitations

Our work has several limitations that suggest direc-
tions for future research. First, we evaluate only
on the PERCS dataset, which includes four prede-
fined biomedical personas. While these personas
capture meaningful variation in medical literacy,
real users may exhibit hybrid or more fine-grained
needs. Extending this study to more granular per-
sonas, additional domains such as law, climate
science, or multilingual settings would help assess
its generalizability. Second, although we show that
automatic metrics and LLM judges fail to capture
persona-specific quality, we do not introduce new
evaluation methods to address this gap. Devel-
oping persona-aware metrics and reference-free

evaluation approaches remains an important di-
rection for future work. Moreover, our multi-agent
framework also considers only round-robin feed-
back. Exploring alternative feedback structures,
such as hierarchical or fully connected schemes,
may offer different trade-offs between feedback di-
versity and coherence. Lastly, our study centers
on prompting-based methods, which are effective
in this setting, while the exploration of persona-
based fine-tuning and reinforcement learning is left
to future work.
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A. Human Evaluation Guidelines

Goal. The goal of this evaluation is to assess the
quality of model-generated summaries. Evaluators
will rate summaries based on their comprehen-
siveness, layness, usefulness, and factuality.

Materials Provided for Evaluation.

• Abstract of the article

• Model-generated plain-text summary for the
abstract

Evaluation Criteria.

• We use a 1-5 Likert scale where 1 indicates
poor quality and 5 indicates excellent quality.

• The interpretation of each rating for each eval-
uation facet is defined below.

Comprehensiveness. This criterion evaluates
how well the summary contains information neces-
sary for a non-expert reader to understand the high-
level topic and the significance of the research.

1. The summary is incomplete; an evaluator can-
not understand the topic or the significance of
the research.

2. The summary is partially complete; an evalua-
tor gains a vague idea of the topic but cannot
grasp the significance due to missing key de-
tails.

3. The summary allows an evaluator to under-
stand the topic but lacks important details that
convey the research’s significance.

4. The summary enables an evaluator to under-
stand both the topic and significance, missing
only minor details that could enhance under-
standing.

5. The summary thoroughly covers all necessary
information, allowing an evaluator to fully un-
derstand the topic and the significance of the
research.

Readability. Readability is measured based on
the use of medical jargon, sentence structure, and
whether explanations are provided for technical
terms.

1. There is little difference between the plain-text
summary and the original abstract.

2. The summary omits a few jargon-heavy sen-
tences or removes some technical words. It
is easier to read but does not meaningfully
simplify the content.

3. The summary contains a mix of jargon and
simple terms, simple and complex sentences,
and some definitions. Lay readers may un-
derstand the main points but may find certain
terms or sentences confusing.

4. The summary is generally easy to understand,
with occasional complex sentences or unex-
plained medical terms.

5. The summary avoids jargon or replaces it with
simple synonyms. When this is not possible,
it provides sufficient context or explanations.
Sentences are simple and clear, making the
summary accessible to a general audience.

Factuality. Factuality measures the extent to
which the plain-text summary is consistent with the
information presented in the abstract.

1. The summary alters the findings or methodol-
ogy, misrepresenting the study.

2. The summary alters parts of the study in ways
that may lead to misinterpretation of the meth-
ods or results.

3. The summary is largely accurate but contains
frequent minor inconsistencies, such as incor-
rect figures, typos, or omission of key findings.

4. The summary is accurate with one or two mi-
nor exceptions.

5. The summary is fully factual and aligns com-
pletely with the abstract.

Procedure.
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Error Description

Incorrect Defi-
nitions

Wrong or misleading explanations
of medical terms or concepts.

Incorrect Syn-
onyms

Replacing medical words with inac-
curate or oversimplified terms.

Incorrect
Background

False or irrelevant contextual details
about prevalence or treatment.

Entity Errors Wrong factual details like numbers,
names, or dosages.

Contradiction Summary directly opposes the ab-
stract’s results or claims.

Omission Missing key findings or results from
the abstract.

Jumping to
Conclusions

Overstating results beyond what
data supports.

Misinterpretation Misstating or oversimplifying mean-
ing of the abstract.

Structure Er-
ror

Disorganized layout or mixing sec-
tions like methods and results.

Persona Rele-
vance

Language complexity unsuitable for
target persona.

Hallucination Adding fabricated or irrelevant con-
tent not in abstract.

Table 4: Error types and descriptions for persona-
aware biomedical summarization.

1. Each evaluator independently reviews the ab-
stract, the reference lay summary, and the
model-generated summaries.

2. Evaluators rate each summary using the spec-
ified evaluation facets and the provided Likert
scale.

Method
Category

Method Model R-1 R-2 R-L SARI

Single LLM

Zero-shot

GPT-4o 0.5916 0.2380 0.3434 49.5828
Gemini 0.5960 0.2495 0.3424 48.3962
Mixtral 0.5819 0.2629 0.3622 49.3190
LlaMA3 0.5900 0.2568 0.3429 49.0921

Few-shot

GPT-4o 0.6089 0.2550 0.3629 50.4423
Gemini 0.6024 0.2683 0.3648 48.3962
Mixtral 0.5911 0.2686 0.3688 49.2427
Llama3 0.6149 0.2926 0.3823 51.9053

Self-Refine

GPT-4o 0.5624 0.2100 0.3126 47.8304
Gemini 0.5564 0.2084 0.3011 46.4857
Mixtral 0.4980 0.2028 0.2800 46.6206
Llama3 0.4973 0.2073 0.2748 48.7969

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 0.5121 0.1724 0.2626 45.8277
Gemini 0.5135 0.1940 0.2740 47.0927
Mixtral 0.5031 0.1999 0.2742 45.3938
Llama3 0.5081 0.1991 0.2706 46.6280

Multi LLM
+
Multi-Agent

Feedback +
Judge

0.4422 0.1610 0.2354 42.5489

Feedback +
Voting

0.5499 0.2064 0.2918 46.7492

Feedback +
Combine

0.5962 0.2657 0.3469 50.7323

Wiki-
Feedback +
Judge

0.5691 0.2344 0.3189 45.8352

Error Type +
Judge

0.5730 0.2317 0.3236 46.2927

Error Type +
Voting

0.5680 0.2284 0.3204 45.9240

Error Type +
Combine

0.5756 0.2352 0.3263 46.7815

Error Based
+ Judge

0.5653 0.2370 0.3143 45.3778

Error Based
+ Voting

0.5601 0.2331 0.3108 44.9326

Error Based
+ Combine

0.5669 0.2396 0.3161 45.8129

Table 5: Comprehensiveness scores for Pre-med
Persona
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Method
Category

Method Model FKGL DCRS CLI LENS

Single LLM

Zero-shot

GPT-4o 17.91 12.77 19.44 46.2652
Gemini 15.47 12.69 18.34 49.8001
Mixtral 16.08 11.80 17.53 50.3914
Llama3 17.32 12.28 18.21 49.5902

Few-shot

GPT-4o 15.74 11.12 16.73 45.8277
Gemini 15.43 12.57 18.03 53.2864
Mixtral 16.04 11.80 17.46 48.1884
Llama3 16.72 11.78 17.69 53.6619

Self-Refine

GPT-4o 15.83 11.43 17.59 47.0772
Gemini 14.82 10.76 16.42 45.4320
Mixtral 15.42 10.52 17.01 45.9425
Llama3 16.42 10.07 15.98 46.0638

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 13.85 10.70 15.83 49.7191
Gemini 14.57 11.01 16.26 49.5062
Mixtral 14.15 10.23 15.72 48.0412
Llama3 14.82 10.22 15.62 47.7128

Multi LLM
+
Multi-Agent

Feedback +
Judge

12.67 10.19 14.26 48.9614

Feedback +
Voting

14.51 10.50 15.60 48.8772

Feedback +
Combine

14.96 10.35 15.72 50.1168

Wiki-
Feedback +
Judge

15.15 10.58 16.24 47.3505

Error Type +
Judge

16.14 10.52 16.62 49.5623

Error Type +
Voting

15.80 10.40 16.40 49.0148

Error Type +
Combine

16.25 10.60 16.75 50.0431

Error
Based +
Judge

14.15 10.63 15.85 45.1387

Error
Based +
Voting

13.95 10.55 15.65 44.7042

Error
Based +
Combine

14.30 10.70 15.95 45.6129

Table 6: Readability Scores for Pre-med Persona

Method
Category

Method Model R-1 R-2 R-L SARI

Single LLM

Zero-shot

GPT-4o 0.6207 0.2742 0.3831 43.9918
Gemini 0.6093 0.2838 0.3881 43.1912
Mixtral 0.6165 0.3039 0.4086 49.5102
Llama3 0.6120 0.2880 0.3719 48.4270

Few-shot

GPT-4o 0.6259 0.2778 0.3878 49.1682
Gemini 0.6242 0.2956 0.4000 44.9244
Mixtral 0.6122 0.3072 0.3978 49.4988
Llama3 0.6164 0.2987 0.3838 48.2722

Self-Refine

GPT-4o 0.5624 0.2100 0.3126 46.3540
Gemini 0.5564 0.2084 0.3011 46.6575
Mixtral 0.4980 0.2028 0.2800 46.6433
Llama3 0.4973 0.2073 0.2748 48.1174

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 0.5521 0.1982 0.2905 43.9918
Gemini 0.5792 0.2382 0.3308 43.1912
Mixtral 0.5606 0.2392 0.3166 44.1105
Llama3 0.5380 0.2192 0.2827 46.2658

Multi LLM
+
Multi-Agent

Feedback +
Judge

0.5570 0.2161 0.3006 45.7067

Feedback +
Voting

0.5610 0.2182 0.3045 45.8344

Feedback +
Combine

0.6106 0.2815 0.3677 49.8121

Wiki-
Feedback +
Judge

0.5651 0.2283 0.3128 45.7165

Error Type +
Judge

0.5730 0.2317 0.3236 45.8457

Error Type +
Voting

0.5680 0.2284 0.3204 45.4820

Error Type +
Combine

0.5756 0.2352 0.3263 46.3290

Error
Based +
Judge

0.5653 0.2370 0.3143 45.5971

Error
Based +
Voting

0.5601 0.2331 0.3108 45.1187

Error
Based +
Combine

0.5669 0.2396 0.3161 45.9640

Table 7: Comprehensiveness scores for Re-
searcher Persona
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Method
Category

Method Model FKGL DCRS CLI LENS

Single LLM

Zero-shot

GPT-4o 15.87 11.00 16.48 51.2367
Gemini 15.53 11.19 16.88 53.5571
Mixtral 15.34 10.79 16.39 55.6439
Llama3 15.19 10.02 14.95 57.7103

Few-shot

GPT-4o 16.14 11.10 16.86 59.1560
Gemini 15.28 11.01 16.42 54.1410
Mixtral 15.05 10.65 15.93 59.3144
Llama3 15.40 10.14 15.23 60.6989

Self-Refine

GPT-4o 15.83 11.43 17.59 51.3194
Gemini 14.82 10.76 16.42 50.6804
Mixtral 15.42 10.52 17.01 51.2360
Llama3 16.42 10.07 15.98 49.0160

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 15.81 11.27 17.55 52.7774
Gemini 14.93 11.03 16.53 48.8293
Mixtral 15.80 10.63 17.21 50.2164
Llama3 17.33 10.34 16.55 48.5189

Multi LLM
+
Multi-Agent

Feedback +
Judge

15.79 10.80 16.95 52.7070

Feedback +
Voting

15.74 10.92 16.92 52.0788

Feedback +
Combine

16.21 11.01 16.99 52.0884

Wiki-
Feedback +
Judge

16.08 10.99 17.28 53.6723

Error Type +
Judge

15.87 11.19 17.49 55.5326

Error Type +
Voting

15.78 11.08 17.40 55.0210

Error Type +
Combine

15.95 11.22 17.55 55.8870

Error
Based +
Judge

16.58 10.98 17.40 52.7774

Error
Based +
Voting

16.40 10.92 17.32 52.3012

Error
Based +
Combine

16.62 11.04 17.46 53.0585

Table 8: Readability scores for Researcher Per-
sona

Method
Category

Method Model R-1 R-2 R-L SARI

Single LLM

Zero-shot

GPT-4o 0.5972 0.2439 0.3390 53.0256
Gemini 0.6029 0.2624 0.3691 53.0180
Mixtral 0.5235 0.2068 0.3186 48.3885
Llama3 0.5900 0.2585 0.3527 52.0627

Few-shot

GPT-4o 0.6016 0.2476 0.3554 53.5134
Gemini 0.6018 0.2611 0.3773 53.2864
Mixtral 0.5073 0.1892 0.3014 47.2191
Llama3 0.5841 0.2542 0.3499 53.6619

Self-Refine

GPT-4o 0.5288 0.1727 0.2696 48.3749
Gemini 0.5422 0.1874 0.2756 47.9891
Mixtral 0.4750 0.1609 0.2523 47.1213
Llama3 0.4233 0.1366 0.2008 47.4832

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 0.4614 0.1212 0.2217 46.4322
Gemini 0.2751 0.0268 0.1274 37.2884
Mixtral 0.4341 0.1316 0.2237 48.3885
Llama3 0.2724 0.0288 0.1269 37.7294

Multi LLM
+
Multi-Agent

Feedback +
Judge

0.4721 0.1380 0.2344 46.6069

Feedback +
Voting

0.4810 0.1489 0.2402 47.0179

Feedback +
Combine

0.5478 0.2067 0.2914 50.6332

Wiki-
Feedback +
Judge

0.5158 0.1729 0.2665 48.2856

Error Type +
Judge

0.4687 0.1350 0.2355 45.1380

Error Type +
Voting

0.4640 0.1322 0.2320 44.7021

Error Type +
Combine

0.4706 0.1384 0.2371 45.6214

Error
Based +
Judge

0.4837 0.1390 0.2415 45.9380

Error
Based +
Voting

0.4791 0.1361 0.2380 45.4027

Error
Based +
Combine

0.4854 0.1415 0.2430 46.3886

Table 9: Comprehensiveness scores for Lay Per-
sona
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Method
Category

Method Model FKGL DCRS CLI LENS

Single LLM

Zero-shot

GPT-4o 10.37 8.54 11.30 51.7573
Gemini 10.04 8.71 11.66 52.5033
Mixtral 12.38 9.37 12.93 62.7845
Llama3 12.07 8.59 11.86 53.1642

Few-shot

GPT-4o 11.22 8.94 11.99 75.0276
Gemini 11.00 8.97 12.17 69.1026
Mixtral 13.08 9.81 13.84 64.7531
Llama3 12.06 8.70 11.99 78.4790

Self-Refine

GPT-4o 11.24 9.47 12.84 71.6981
Gemini 9.44 8.45 11.14 71.5003
Mixtral 12.49 9.55 13.71 57.7433
Llama3 11.84 8.32 12.07 62.4744

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 15.15 13.08 16.81 51.7573
Gemini 12.54 11.86 14.15 52.5033
Mixtral 14.70 12.72 15.57 57.8722
Llama3 15.55 12.09 14.80 53.1642

Multi LLM
+
Multi-Agent

Feedback +
Judge

14.64 12.73 15.87 54.6001

Feedback +
Voting

14.56 12.50 15.35 58.2415

Feedback +
Combine

12.80 11.54 13.60 75.6658

Wiki-
Feedback +
Judge

13.66 12.19 14.93 66.8700

Error Type +
Judge

14.32 12.63 15.85 56.5742

Error Type +
Voting

14.18 12.42 15.62 56.0216

Error Type +
Combine

14.40 12.71 15.94 56.9820

Error
Based +
Judge

14.52 12.83 16.25 58.0742

Error
Based +
Voting

14.39 12.62 16.02 57.4185

Error
Based +
Combine

14.61 12.90 16.31 58.6034

Table 10: Readability scores for Lay Persona

Method
Category

Method Model R-1 R-2 R-L SARI

Single LLM

Zero-shot

GPT-4o 0.6000 0.2905 0.3997 42.1944
Gemini 0.6348 0.3451 0.4511 45.1591
Mixtral 0.6478 0.3911 0.4758 48.2700
Llama3 0.6594 0.3928 0.4738 47.8625

Few-shot

GPT-4o 0.5418 0.2416 0.3555 41.4523
Gemini 0.6599 0.3815 0.4912 44.6463
Mixtral 0.6625 0.4035 0.4946 48.4338
Llama3 0.6769 0.4198 0.5037 45.4880

Self-Refine

GPT-4o 0.5577 0.2547 0.3535 42.4489
Gemini 0.6010 0.3126 0.4184 44.1335
Mixtral 0.6552 0.3973 0.4852 48.3519
Llama3 0.4732 0.2345 0.2981 43.1135

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 0.5418 0.2416 0.3555 42.1944
Gemini 0.6599 0.3815 0.4912 41.1892
Mixtral 0.6625 0.4035 0.4946 43.3271
Llama3 0.6769 0.4198 0.5037 30.5329

Multi LLM
+
Multi-Agent

Feedback +
Judge

0.5954 0.2974 0.3924 43.0934

Feedback +
Voting

0.5946 0.3007 0.3920 43.5686

Feedback +
Combine

0.6148 0.3576 0.4213 47.8559

Wiki-
Feedback +
Judge

0.6057 0.3048 0.3975 42.3177

Error Type +
Judge

0.6012 0.2884 0.3938 40.5707

Error Type +
Voting

0.5964 0.2852 0.3905 40.1189

Error Type +
Combine

0.6028 0.2920 0.3953 41.0024

Error
Based +
Judge

0.5827 0.2843 0.3633 41.7574

Error
Based +
Voting

0.5782 0.2812 0.3601 41.2036

Error
Based +
Combine

0.5841 0.2865 0.3650 42.1298

Table 11: Comprehensiveness scores for Expert
Persona
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Method
Category

Method Model FKGL DCRS CLI LENS

Single LLM

Zero-shot

GPT-4o 17.91 12.77 19.44 51.2367
Gemini 15.47 12.69 18.34 53.5571
Mixtral 16.08 11.80 17.53 55.6439
Llama3 17.32 12.28 18.21 57.7103

Few-shot

GPT-4o 15.57 11.39 16.84 59.1560
Gemini 15.43 12.57 18.03 54.1410
Mixtral 16.04 11.80 17.46 59.3144
Llama3 16.72 11.78 17.69 60.6989

Self-Refine

GPT-4o 17.30 12.76 19.39 51.3194
Gemini 15.36 12.49 17.91 50.6804
Mixtral 16.06 11.80 17.50 57.4792
Llama3 17.33 11.95 18.10 49.0160

Single LLM
+
Multi-Agent

Debate
+ Judge

GPT-4o 15.57 11.39 16.84 53.5064
Gemini 15.43 12.57 18.03 48.8293
Mixtral 16.04 11.80 17.46 50.2164
Llama3 16.72 11.78 17.69 48.5189

Multi LLM
+
Multi-Agent

Feedback +
Judge

15.44 12.18 17.78 52.7070

Feedback +
Voting

16.34 12.39 18.49 52.0788

Feedback +
Combine

17.24 11.98 18.26 52.0884

Wiki-
Feedback +
Judge

16.45 12.31 18.44 52.8652

Error Type +
Judge

17.23 12.57 19.10 55.5326

Error Type +
Voting

17.10 12.42 18.92 55.0214

Error Type +
Combine

17.28 12.60 19.14 55.8871

Error
Based +
Judge

17.10 12.37 18.90 52.7774

Error
Based +
Voting

16.97 12.22 18.72 52.3189

Error
Based +
Combine

17.14 12.40 18.96 53.0642

Table 12: Readability scores for Expert Persona

Method Model Tokens Cost (USD)

Few-shot

LLaMA-3 3.5K $0.0010
Mixtral 4.2K $0.0020
Gemini 3.5K $0.0003
GPT-4o 3.2K $0.0104

Self-Refine

LLaMA-3 6.3K $0.0020
Mixtral 8.7K $0.0049
Gemini 5.5K $0.0007
GPT-4o 6.7K $0.0218

MAPS 4 agents 49.7K $0.0575

Table 13: Average token usage and estimated cost
per sample across methods and models, estimated
on 10 samples per persona (40 total).
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B. Researcher Persona Prompts

Stage 1: Initial Generation

You are a knowledgeable science communica-
tor with interdisciplinary expertise. Your task is
to write a clear and comprehensive summary
of a scientific abstract for researchers outside
the specific field of the study but with a solid
understanding of general scientific principles.

When summarizing, follow these key princi-
ples:

The audience consists of researchers in fields
other than biology and medicine who may not
be familiar with domain-specific terminology
or methods. Use clear and accessible lan-
guage. Avoid unnecessary technical jargon;
when technical terms are necessary, explain
them briefly in context. Accurately represent
the study’s main findings, methodology, and
results. Maintain a professional but approach-
able tone. Aim for clarity and precision with-
out overly simple or domain-specific language.
Structure the summary as a paragraph. Do
not use bullet points, numbered lists, or Q&A
formats. Focus on the scientific content only.
Do not include commentary about the summa-
rization process or subjective judgment of the
study’s importance.

The final summary should not exceed 350
words.

ABSTRACT

{abstract}

Stage 2: Persona-specific Feedback

Task: Review the provided summary com-
pared to the original abstract. Suggest im-
provements to make the summary better in-
tended for researchers with a general scien-
tific background who are not specialists in the
specific field.

Feedback categories include definition en-
hancement, synonym suggestions, simplifica-
tion needs, detail adjustment, factuality check,
overall coherence, and key point highlighting.

For each category, provide specific examples
from the summary and propose clear, con-
structive improvements. Where applicable, ex-
plain why the changes would enhance under-
standing for non-specialist researchers.

ABSTRACT

{abstract}

SUMMARY

{summary}

Stage 3: Feedback-Guided Revision

Refine the following summary intended for re-
searchers with a general scientific background,
but who are not specialists in the specific field,
based on the feedback provided below.

Do not use numbered lists to explain terminol-
ogy, methods, or findings, as this negatively
impacts readability. Ensure that the revised
summary does not exceed 350 words.

SUMMARY

{last_summary}

FEEDBACK

{feedback}

B.1. Adjudication Prompts for the
Researcher Persona

Judge Strategy

You are a knowledgeable science communica-
tor with strong interdisciplinary expertise evalu-
ating summaries of a scientific abstract. Each
summary is intended for researchers outside
the original field but with a solid scientific back-
ground.

Evaluate each summary based on accuracy
and faithfulness, clarity and accessibility, com-
prehensiveness, and professional tone. After
reviewing each summary step by step, report
your reasoning and state your final judgment
as Summary X.

ABSTRACT

{abstract}

SUMMARIES

{summaries_text}

Combine Strategy

You are a skilled science communicator with
deep interdisciplinary expertise. Your task is
to produce a single clear, accurate, and acces-
sible summary for non-medical researchers
using multiple candidate summaries as input.

The final summary must maintain scientific
faithfulness, avoid excessive jargon, and
clearly explain findings and methods to non-
specialists.

ABSTRACT

{abstract}

CANDIDATE SUMMARIES

{summaries_text}
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Automated Detection of Dosing Errors in Clinical Trial Narratives: A
Multi-Modal Feature Engineering Approach with LightGBM
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Abstract
Clinical trials require strict adherence to medication protocols, yet dosing errors remain a persistent challenge affecting
patient safety and trial integrity. We present an automated system for detecting dosing errors in unstructured clinical
trial narratives using gradient boosting with comprehensive multi-modal feature engineering. Our approach combines
3,451 features spanning traditional NLP (TF-IDF, character n-grams), dense semantic embeddings (all-MiniLM-L6-v2),
domain-specific medical patterns, and transformer-based scores (BiomedBERT, DeBERTa-v3), used to train a
LightGBM model. Features are extracted from nine complementary text fields (median 5,400 characters per sample)
ensuring complete coverage across all 42,112 clinical trial narratives. On the CT-DEB benchmark dataset with
severe class imbalance (4.9% positive rate), we achieve 0.8725 test ROC-AUC through 5-fold ensemble averaging
(cross-validation: 0.8833 ± 0.0091 AUC). Systematic ablation studies reveal that removing sentence embeddings
causes the largest performance degradation (2.39%), demonstrating their critical role despite contributing only
37.07% of total feature importance. Feature efficiency analysis demonstrates that selecting the top 500-1000
features yields optimal performance (0.886-0.887 AUC), outperforming the full 3,451-feature set (0.879 AUC) through
effective noise reduction. Our findings highlight the importance of feature selection as a regularization technique and
demonstrate that sparse lexical features remain complementary to dense representations for specialized clinical text
classification under severe class imbalance.

Keywords: Clinical Trial Narratives, Dosing Error Detection, Patient Safety, Natural Language Processing,
Multi-Modal Feature Engineering, LightGBM, Transformer Models, Medical Text Classification

1. Introduction

Clinical trials are fundamental to pharmaceutical
development and medical advancement, requir-
ing strict adherence to pre-defined protocols spec-
ifying medication dosing, timing, and administra-
tion routes. Dosing errors—deviations from these
protocols—pose significant risks to patient safety
and trial validity (ICH Expert Working Group, 2001;
Nakayama, 2007; Cingi and Muluk, 2017). Such
errors can result in adverse events, compromise
study endpoints, and lead to regulatory issues or
trial termination.

Manual review of clinical trial documentation is
the current standard for identifying protocol devia-
tions. However, with modern trials generating thou-
sands of narratives describing patient visits and
medication administration, this approach is time-
consuming, expensive, and subject to human error.
For instance, a typical Phase III trial may involve
1,000+ patients across multiple sites, each gener-
ating dozens of clinical narratives throughout the
study period. Manual review of this volume over-
work quality assurance teams and may miss subtle
deviations. (Cingi and Muluk, 2017)

Clinical Trials Dosing Errors Benchmark 2026
(CT-DEB’26) (Ferdowsi et al., 2026) aims at ad-
dressing these challenges in the review of clinical
trial documentation with machine learning. Natu-
ral language processing (NLP) offers potential for

automating dosing error detection. However, the
task presents unique challenges: (1) Severe class
imbalance—only 4-5% of narratives contain errors;
(2) Complex medical language—specialized ter-
minology, abbreviations, and implicit references;
(3) Subtle linguistic cues—protocol deviations of-
ten expressed indirectly through phrases like “dose
adjusted per investigator discretion”; (4) Variable
text structure—narratives range from 50 to 5,000+
characters with inconsistent formatting; (5) Context
dependency—distinguishing planned dose modifi-
cations from unplanned deviations requires under-
standing protocol context.

This paper presents an automated dosing error
detection system using multi-modal feature engi-
neering and gradient boosting. Our key contribu-
tions are:

1. A 3,451-dimensional feature space combin-
ing traditional NLP (Term Frequency–Inverse
Document Frequency (TF-IDF), character n-
grams), sentence embeddings, medical pat-
terns, and transformer-based scores.

2. Systematic analysis showing sentence embed-
dings and lexical features are complementary,
while transformer scores underperform.

3. Optuna-optimized 5-fold ensemble achieving
0.8833 ± 0.0091 CV AUC with minimal overfit-
ting (0.69% out-of-fold(OOF)-test gap).
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4. Feature selection improves performance: 500-
1000 features (14-29%) achieve 0.886-0.887
AUC, outperforming the full baseline (0.879)
through noise reduction.

5. Test ROC-AUC of 0.8725 on CT-DEB with
threshold-adjustable recall (26-60%) for flexi-
ble deployment.

2. Related Work

2.1. Clinical NLP and Information
Extraction

Clinical NLP has evolved significantly over the past
two decades. Early systems like cTAKES (Savova
et al., 2010) and MetaMap (Aronson and Lang,
2010) provided rule-based approaches for med-
ical concept extraction and normalization. The
i2b2 shared tasks (Uzuner et al., 2011) established
benchmarks for concept extraction, assertion de-
tection, and relation extraction from clinical texts,
demonstrating that machine learning approaches
could achieve substantial performance gains.

More recent work has focused on applying deep
learning to clinical texts. Jagannatha and Yu (2016)
demonstrated that recurrent neural networks with
structured prediction models improve sequence la-
beling in clinical narratives. Si et al. (2019) showed
that contextualized embeddings enhance clinical
concept extraction, achieving state-of-the-art re-
sults on medical entity recognition tasks.

2.2. Biomedical Language Models
The introduction of BERT (Devlin et al., 2019)
revolutionized NLP, and several domain-specific
variants have been developed for biomedicine.
BioBERT (Lee et al., 2020) continues pre-training
BERT on biomedical corpora (PubMed abstracts
and PMC articles), achieving improvements on var-
ious biomedical NLP tasks. Gu et al. (2021) chal-
lenged the assumption that domain-specific models
benefit from starting with general-domain weights,
showing that pre-training from scratch on biomed-
ical text (PubMedBERT/BiomedBERT) yields su-
perior performance. Clinical-specific BERT vari-
ants (Alsentzer et al., 2019) trained on clinical notes
from MIMIC-III (Johnson et al., 2016) have shown
promise for clinical tasks.

2.3. Medical Error Detection
Adverse drug event (ADE) detection has received
considerable attention. Harpaz et al. (2012) devel-
oped data-mining methodologies for ADE discov-
ery. These approaches typically focus on detecting
harmful outcomes rather than protocol compliance.

Clinical trial eligibility screening has been ex-
plored by Kalankesh and Monaghesh (2024), who
used electronic health records to identify patients
meeting trial criteria. While related, eligibility
screening differs fundamentally from protocol de-
viation detection—the former matches patients to
protocols, while the latter identifies deviations from
assigned protocols.

Ferdowsi et al. (2023) applied deep learning to
predict clinical trial outcomes based on protocol
design features, achieving strong performance in
identifying trials at risk of failure. Their work demon-
strates the value of automated analysis of clinical
trial documentation, though it focuses on trial-level
risk prediction rather than individual dosing error
detection in narrative text.

2.4. Research Gap

Despite progress in clinical NLP and medical er-
ror detection, automated protocol deviation detec-
tion in clinical trials remains understudied. Prior
work on clinical error detection has primarily lever-
aged structured EHR data (Rajkomar et al., 2018).
Churpek et al. (2016) utilized vital sign trends to pre-
dict clinical deterioration on hospital wards, while
Zimolzak et al. (2024) applied machine learning to
structured variables including demographics, lab-
oratory values, vital signs, orders, and visit times
for diagnostic error detection. Similarly, clinical trial
data validation typically focuses on structured fields
such as laboratory values and vital signs (Yuan
et al., 2024).

Substantial NLP research has focused on ad-
verse drug event (ADE) detection from clinical nar-
ratives. Li et al. (2018) developed deep learning
models for extracting ADEs from EHR notes, while
Jagannatha et al. (2019) organized the MADE chal-
lenge for medication and ADE extraction. These ap-
proaches employ named entity recognition and re-
lation extraction to identify drug-ADE relationships,
but focus on detecting harmful reactions rather than
protocol compliance in clinical trials.

Limited work exists on protocol deviations in clin-
ical trials. Richard and Reddy (2021) applied TF-
IDF and SVM to categorize existing protocol devia-
tion descriptions, enabling trend analysis across tri-
als. However, this work classifies already-identified
deviations rather than detecting deviations from un-
structured medication administration narratives—a
critical distinction for automated quality assurance.

Our work addresses this gap by: (1) Targeting
unstructured narrative text describing medication
administration events in clinical trials; (2) Handling
severe class imbalance typical of quality assur-
ance scenarios (95:5 ratio); (3) Providing system-
atic feature ablation to understand what drives per-
formance; (4) Demonstrating production-feasible
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efficiency through feature selection that improves
both accuracy and deployment cost.

3. Dataset and Task

3.1. CT-DEB Benchmark
We utilize the CT-DEB (Clinical Trial Dosing Error
Benchmark) dataset (Hêche et al., 2026), specif-
ically designed for evaluating automated dosing
error detection systems. The dataset comprises
clinical trial narratives describing medication ad-
ministration across various therapeutic areas, pro-
tocols, and clinical trial phases.

3.1.1. Dataset Composition

Table 1 summarizes dataset statistics. The dataset
comprises 42,112 narratives collected from clinical
trial documentation spanning multiple pharmaceuti-
cal companies and clinical research organizations
(35,794 for training and validation, with 6,318 held
out for final testing). Each narrative describes one
or more medication administration events for a sin-
gle patient visit.

Split Total Negative Positive
Training 29,478 28,126 (95.4%) 1,352 (4.6%)
Validation 6,316 6,031 (95.5%) 285 (4.5%)
Test 6,318 6,008 (95.1%) 310 (4.9%)
Total 42,112 40,165 1,947

Table 1: CT-DEB Dataset Statistics

The severe class imbalance (4.6% positive rate)
reflects real-world prevalence of protocol deviations
in well-monitored clinical trials.

3.2. Imbalanced Classification
CT-DEB dataset involves severe class imbalance
(95:5 negative-to-positive ratio), requiring special-
ized machine learning techniques. Cost-sensitive
learning (Elkan, 2001) and synthetic oversampling
(SMOTE) (Chawla et al., 2002) represent classical
approaches. Modern gradient boosting frameworks
like XGBoost (Chen and Guestrin, 2016) and Light-
GBM (Ke et al., 2017) provide built-in mechanisms
for handling imbalance through instance weighting
and custom loss functions.

3.3. Task Definition
Formally, given clinical text x ∈ X describing med-
ication administration, we learn function f : X →
{0, 1} predicting whether a dosing error occurred.
Let y = 1 indicate a protocol deviation and y = 0
indicate proper protocol adherence.

Category Dims Description
Medical Pat-
terns

43 Rule-based features for
dose changes, adverse
events, text statistics

Word TF-IDF ∼2,000 Unigram features with
sublinear TF scal-
ing, L2 normalization,
max_features=2,000,
min_df=2, max_df=0.8

Char N-grams ∼1,000 Character sequences
(n=3–7), top-1,000

Sentence Em-
beddings

386 all-MiniLM-L6-v2 dense
semantics

Transformer
Scores

2 BiomedBERT & DeBERTa
probabilities

Table 2: Feature Category Overview

The primary evaluation metric is ROC-AUC (area
under the receiver operating characteristic curve),
chosen for its robustness to class imbalance and
ability to evaluate performance across classification
thresholds. Secondary metrics include F1-macro,
precision, recall, and balanced accuracy.

4. Methodology

4.1. Data Preparation and Feature
Engineering Pipeline

Our feature engineering pipeline transforms raw
clinical narratives into a 3,451-dimensional feature
vector combining multiple representation types. Ta-
ble 2 provides an overview of extracted features.

Clinical trial registry data exhibits inherent spar-
sity across structured fields. To ensure com-
prehensive text coverage for all samples, we
concatenate nine complementary text fields from
the CT-DEB dataset: briefSummary (100%
coverage), detailedDescription (62% cover-
age), protocolPdfText (42% coverage), ar-
mDescriptions (99% coverage), interven-
tionDescriptions (100% coverage), inter-
ventionNames (100% coverage), conditions
(100% coverage), conditionsKeywords (64%
coverage), and locationDetails (94% cover-
age).

For each sample, we concatenate all avail-
able non-null text from these nine fields, filtering
empty strings and null values. This multi-field ap-
proach addresses the sparsity of individual fields
(e.g., protocolPdfText present in only 42% of
records) while ensuring every sample has substan-
tial narrative content. The resulting concatenated
text has a median length of approximately 5,400
characters per sample, with all samples (100%)
containing at least 200 characters and a minimum
observed length of 209 characters. No samples
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result in zero-valued feature vectors due to comple-
mentary field availability patterns.

The concatenated text serves as input to all text-
based feature extractors: word TF-IDF vectoriza-
tion, character n-gram extraction, sentence embed-
ding generation, and transformer-based scoring.

4.1.1. Medical Pattern Features

We extract 43 handcrafted features using regu-
lar expressions applied to the concatenated nar-
rative text, organized into ten subcategories. Ta-
ble 3 presents the complete taxonomy with feature
names and descriptions.

4.1.2. Word TF-IDF Features

We compute Term Frequency-Inverse Document
Frequency vectors (Salton and Buckley, 1988) to
capture discriminative medical vocabulary. Config-
uration: vocabulary size limited to 2,000 most infor-
mative unigrams, minimum document frequency of
2, maximum document frequency of 0.8 (exclude
overly common terms), L2 normalization, sublinear
term frequency scaling (1 + log(tf)). This yields
approximately 2,000 word-based features that cap-
ture key medical terminology and dosing-related
vocabulary across the corpus.

4.1.3. Character N-gram Features

To capture subword patterns, morphological vari-
ations, and medical abbreviations, we extract
character-level n-grams with n ∈ {3, 4, 5, 6, 7}. Max-
imum features: 1,000 most informative sequences,
minimum document frequency: 2.

4.1.4. Sentence Embeddings

We employ the all-MiniLM-L6-v2 sentence trans-
former (Reimers and Gurevych, 2019), which gen-
erates 386-dimensional dense semantic represen-
tations of entire narratives. Based on the MiniLM ar-
chitecture (Wang et al., 2020), this model is trained
using contrastive learning on over 1 billion sentence
pairs from diverse sources.

The model maps semantically similar sentences
to nearby points in embedding space, enabling
it to capture: semantic similarity (“adverse event”
≈ “toxicity” ≈ “side effect”), temporal relationships
(“before treatment” vs “after treatment”), causal re-
lationships (“due to”, “because of”, “resulting in”),
negation (“no dose change” vs “dose change”), cer-
tainty/hedging (“definitely” vs “possibly”), and pro-
tocol compliance context (“as per protocol” vs “de-
viation from protocol”).

4.1.5. Transformer-based Probability Scores

We additionally incorporate two domain-specific
transformer models fine-tuned on the dosing error
detection task:

BiomedBERT (Gu et al., 2021): Pre-trained from
scratch on 3.17 million PubMed abstracts and 1.04
million full-text articles from PubMed Central, to-
taling approximately 14GB of biomedical text. We
fine-tune the base model (12 layers, 768 hidden
dimensions, 110M parameters) on our training data
for binary classification.

DeBERTa-v3-base (He et al., 2021): Employs
disentangled attention mechanism separating con-
tent and position representations. The base variant
(12 layers, 768 hidden dimensions, 86M parame-
ters) is fine-tuned on our task.

For narratives exceeding 512 tokens (BERT’s
maximum sequence length), we employ a sliding
window approach: text is split into overlapping
512-token chunks with 128-token overlap, each
chunk processed independently.To obtain a trial-
level score, we apply top-k mean pooling across
chunk predictions (k=3), averaging the three high-
est probabilities. This approach emphasizes high-
risk segments while mitigating noise from less rele-
vant sections.

The final output from each transformer is a single
scalar probability. These two probabilities are ap-
pended as structured features to the tabular model.
As shown in Section 5, their contribution to overall
performance is modest, likely due to information
compression when reducing rich contextual embed-
dings to scalar probabilities.

4.2. Model Architecture
We employ LightGBM (Ke et al., 2017), a gradi-
ent boosting framework based on decision trees.
LightGBM was selected for several reasons: (1)
Efficiency with high-dimensional sparse features
through histogram-based learning and gradient-
based one-side sampling (GOSS); (2) Built-in han-
dling of class imbalance via instance weighting; (3)
Interpretability through feature importance analysis;
(4) Fast training and inference (minutes on CPU
vs hours for deep learning); (5) Strong empirical
performance on tabular data.

The model architecture consists of an ensemble
of T = 4000 decision trees, where each tree is
trained to minimize the residual error of the previous
ensemble. The final prediction is computed as:

ŷ = σ

(
T∑

t=1

η · ft(x)
)

(1)

where T = 4000 is the number of trees, η = 0.01
is the learning rate (step size shrinkage), ft is the
t-th decision tree mapping input features x ∈ R3451
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Category # Features & Description
Dose Units 5 Binary indicators for dose measurement units:

has_mg_dose (milligrams), has_ml_dose (milliliters),
has_mcg_dose (micrograms), has_iu_dose (inter-
national units), has_unit_dose (generic units)

Dose Calculations 2 has_weight_based (mg/kg, mcg/kg dosing),
has_bsa_based (body surface area dosing: mg/m2)

Routes 6 Administration route flags: has_iv (intravenous),
has_oral (oral), has_sc (subcutaneous),
has_im (intramuscular), has_topical (topical),
has_inhaled (inhaled)

Frequencies 5 Dosing schedule indicators: has_qd (once daily),
has_bid (twice daily), has_tid (three times daily),
has_qid (four times daily), has_prn (as needed)

Dose Concepts 6 Management patterns: has_max_dose (max-
imum limits), has_titration (escalation),
has_loading_dose, has_maintenance,
has_adjustment, has_contraindication

Special Populations 5 Population-specific considerations: has_pediatric,
has_geriatric, has_pregnancy, has_renal (re-
nal impairment), has_hepatic (hepatic dysfunction)

Error Indicators 1 has_error_keyword: explicit mentions of errors,
mistakes, overdoses, underdoses, miscalculations, or
deviations

Count Features 4 Quantitative counts: dose_count, percent-
age_count, decimal_count, range_count

Text Statistics 4 Statistical properties: text_length (char-
acters), word_count, sentence_count,
avg_word_length

Study Metadata 5 Registry fields: num_trials (typically 1),
num_conditions, enrollment_count,
phase_encoded (1–4), study_type_encoded
(1=interventional, 2=observational). Populated from
dataframe columns when available; default to zero
otherwise.

Table 3: Medical Pattern Features Taxonomy (43 features total)

to a real-valued score, and σ is the sigmoid function
mapping to probability space [0, 1].

4.3. Hyperparameter Optimization

We employ Optuna (Akiba et al., 2019), a Bayesian
optimization framework, to systematically tune
LightGBM hyperparameters. We conducted 50 tri-
als with 5-fold cross-validation per trial, maximiz-
ing mean validation ROC-AUC across folds. As
presented in Table 4, each trial explored a span
of hyperparameter space, the best trial (Trial 18)
achieved optimal cross-validation performance with
0.8833 ± 0.0091 ROC-AUC.

Key parameter choices from Optuna optimiza-
tion:

Learning rate and iterations: Low learning rate
(0.0054) with many iterations (4,000) allows grad-

ual learning while early stopping (200-iteration pa-
tience) prevents overtraining.

Tree structure: num_leaves=118 and
max_depth=9 balance expressiveness with gen-
eralization. min_child_samples=211 ensures
leaves represent sufficient examples.

Regularization: L1 (4.29) and L2 (4.33) penal-
ties prevent overfitting. Feature/bagging fractions
(0.795/0.813) promote ensemble diversity through
random subsampling.

Class balancing: scale_pos_weight=20.87
compensates for the 20:1 class imbalance, giving
proper weight to rare positive examples during train-
ing.
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Parameter Search Space Value Description
Learning Parameters

n_estimators — 4,000 Number of boosting
rounds

learning_rate [0.005, 0.05] 0.0054 Step size shrinkage,
sampled on a logarith-
mic scale

Tree Structure
num_leaves [31, 256] 118 Max leaves per tree
max_depth [4, 10] 9 Maximum tree depth
min_child_samples [20, 300] 211 Min samples per leaf

Regularization
lambda_l1 [0.0, 5.0] 4.29 L1 regularization
lambda_l2 [0.0, 5.0] 4.33 L2 regularization
feature_fraction [0.6, 0.9] 0.795 Column sampling ratio
bagging_fraction [0.6, 0.9] 0.813 Row sampling ratio
bagging_freq — 1 Frequency of subsam-

pling
Class Imbalance

scale_pos_weight — 20.87 Positive class weight

Table 4: LightGBM Hyperparameter Configuration (Optuna Best Trial)

4.4. Training Procedure
Using the Optuna-optimized hyperparameters from
previous subsection 4.3, we employ a 5-fold en-
semble training strategy 1:

Feature Preparation - All 3,451 features are
extracted and stored as scipy sparse matrices in
compressed NPZ format (approximately 500MB vs
3GB dense).

Stratified Cross-Validation - Train and valida-
tion data were combined and then partitioned into 5
stratified folds maintaining class balance (4.6% pos-
itive rate per fold). For each fold k ∈ {1, 2, 3, 4, 5}:

1. Train LightGBM on the remaining 4 folds (80%
of data) using weighted binary cross-entropy:

L = − 1

N

N∑

i=1

wi [yi log(ŷi) + (1− yi) log(1− ŷi)]

(2)
where wi = 20.87 for positive examples, wi = 1
for negative.

2. Generate OOF predictions on fold k (the held-
out 20%)

3. Save the trained model for later ensembling

Out-of-Fold Validation - Concatenating predic-
tions from all 5 folds yields complete OOF pre-

1You can access the code on this
linkhttps://github.com/msmadi/
Clinical-Trial-Dosing-Error and
the dataset on HuggingFace https://
huggingface.co/datasets/sssohrab/
ct-dosing-errors-benchmark

dictions across the training set, providing an un-
biased performance estimate: 0.8833 ± 0.0091
ROC-AUC.

Ensemble Prediction - For test inference, all 5
fold models generate predictions, which are aver-
aged:

ŷensemble(x) =
1

5

5∑

k=1

ŷk(x) (3)

5. Results

5.1. Overall Performance
We employ 5-fold stratified cross-validation with
ensemble averaging. Table 5 presents test set per-
formance.

The ROC-AUC of 0.8725 indicates excellent dis-
criminative ability. The ensemble demonstrates sta-
ble performance with mean cross-validation AUC
of 0.8833 ± 0.0091 across folds, and OOF AUC
of 0.8794, showing minimal overfitting (only 0.6%
gap to test).

The classification threshold (0.3744) was op-
timized for F1-score on out-of-fold predictions.
This yields 26.1% recall and 33.9% preci-
sion—conservative values reflecting the challenge
of detecting rare errors in severely imbalanced data
(95.1% negative class).

The 97.4% specificity at threshold 0.3744 sub-
stantially reduces review burden, correctly identi-
fying nearly all error-free administrations. For bal-
anced screening, threshold 0.20 achieves 49.0%
recall (detecting 152 of 310 errors) with 24.1% preci-
sion—a practical middle ground between sensitivity
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Metric Score Note
ROC-AUC 0.8725 Ensemble prediction (Test Dataset)
F1-Score 0.2951 Binary F1
Precision 0.3389 Of flagged cases
Recall (Sensitivity) 0.2613 Of actual errors
Balanced Accuracy 0.6175 Equal class weight
Specificity 0.9737 Of error-free cases

Confusion Matrix (n=6,318 samples)
True Negatives 5,850 97.4% of negatives
False Positives 158 2.6% false alarm rate
False Negatives 229 73.9% missed errors
True Positives 81 26.1% detected errors

Cross-Validation Performance (Validation Dataset)
OOF AUC 0.8794 Out-of-fold
Mean Fold AUC 0.8833 ± 0.0091 5-fold ensemble

Table 5: Test Set Performance (threshold=0.3744)

and review workload. For safety-critical deployment
where maximizing error detection is paramount,
threshold 0.15 provides 60.3% recall (187 of 310
errors detected) at 21.4% precision—detecting the
majority of errors with acceptable false positive
rates for high-stakes screening applications.

5.2. Feature Importance Analysis

We analyze feature importance by averaging Light-
GBM’s gain-based metric across all 5 fold models,
which measures total loss reduction attributable to
each feature across all trees. Table 6 aggregates
importance by category.

Word and character TF-IDF features contribute
62% of total importance despite being traditional
sparse representations, challenging the assump-
tion that dense embeddings always outperform
sparse features for specialized text. Specific med-
ical vocabulary (“reduced”, “discontinued”, “ad-
justed”) and morphological patterns (“discon”, “ad-
jus”) carry exceptionally strong discriminative sig-
nals.

Sentence embeddings contribute 37%, with far
higher average gain per feature (141.37 vs 30.40).
Analysis of individual features reveals sentence
embedding dimensions dominate the top-20 most
important features (19 of 20), with the top 4 all being
sentence embedding dimensions.

Probability scores from BiomedBERT and De-
BERTa contribute only 0.06% importance. This
likely results from: (1) chunk-averaging losing con-
textual information for long texts; and (2) single
probability values providing less signal than full
768-dimensional embedding vectors.

Handcrafted features contribute 0.49%, suggest-
ing text embedding features automatically discover
the patterns we manually encoded.

5.3. Ablation Study
To quantify individual category contributions, we
systematically remove each category and retrain
using 5-fold cross-validation. Table 7 presents re-
sults.

Key findings from ablation:
Sentence embeddings are critical: Removing

them causes the largest performance drop (2.39%
degradation, from 0.879 to 0.858 AUC), confirming
they capture essential semantic patterns despite
contributing only 37% of total importance.

Feature redundancy and noise: Removing
transformer scores or medical patterns slightly im-
proves performance (-0.38%), suggesting these
features introduce more noise than signal. The neg-
ative delta indicates performance improved when
removed, likely due to reduced overfitting on spuri-
ous correlations.

Strong complementarity: Removing word/char
features has minimal impact (+0.25%), showing
strong redundancy with sentence embeddings
when both are present.

5.4. Feature Efficiency Analysis
To investigate deployment efficiency and the impact
of feature selection, we systematically evaluate per-
formance using the top-k most important features
via 5-fold cross-validation (Table 8).

Feature selection through importance ranking re-
veals an intriguing pattern: using fewer features can
improve performance through effective noise re-
duction. The optimal configuration uses 500-1000
features (14-29% of total), achieving 0.886-0.887
mean AUC—outperforming the full 3,451-feature
model (0.879 AUC) by 0.7-0.8%.

This improvement demonstrates that approxi-
mately 70-85% of features in the full set contribute
primarily noise rather than signal. As feature count
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Category Features Total (%) Avg Gain Std
Word/Char Features 3,020 62.38 30.40 ±1.2
Sentence Embeddings 386 37.07 141.37 ±8.5
Medical Patterns 43 0.49 16.84 ±0.8
Transformer Scores 2 0.06 43.90 ±2.1

Table 6: Feature Category Importance (Averaged Across 5 Folds)

Configuration Features Mean AUC Std ∆%
All Features 3,451 0.8794 ±0.0091 –
w/o Sentence Embeddings 3,065 0.8584 ±0.0105 +2.39%
w/o Word/Char Features 431 0.8772 ±0.0087 +0.25%
w/o Transformer Scores 3,449 0.8827 ±0.0083 -0.38%
w/o Medical Patterns 3,408 0.8827 ±0.0068 -0.38%

Table 7: Ablation Study Results (5-Fold Cross-Validation)

K Features Mean AUC Std % Baseline
3,451 (All) 0.8794 ±0.0091 100.00%

3,000 0.8827 ±0.0085 100.38%
2,000 0.8837 ±0.0084 100.49%
1,000 0.8867 ±0.0091 100.83%

500 0.8862 ±0.0100 100.78%
200 0.8835 ±0.0101 100.47%
100 0.8802 ±0.0094 100.10%
50 0.8741 ±0.0105 99.40%
25 0.8642 ±0.0103 98.27%
10 0.8505 ±0.0100 96.71%

Table 8: Performance with Top-K Features (5-Fold
CV). Bold indicates optimal performance. Feature
selection improves over baseline (model with full
features) through noise reduction.

decreases beyond K=500, performance gradually
declines: K=200 maintains near-baseline perfor-
mance (0.884, 100.47%), K=100 performs slightly
above baseline (0.880, 100.10%), and K=50 shows
minimal degradation (0.874, 99.40%).

The pattern of improvement-then-decline (up to
k=1000) is characteristic of effective feature selec-
tion acting as regularization, removing noisy fea-
tures while retaining discriminative signal. This
finding has important practical implications: de-
ployment models can be both more accurate and
more efficient than the full feature set. For produc-
tion deployment, we recommend K=500-1000 as
optimal, providing: (1) Enhanced accuracy: +0.7%
over baseline (0.886 vs 0.879 AUC), (2) Computa-
tional efficiency: 71-85% feature reduction (fewer
features to compute), and (3) Robust performance:
Cross-validated with ±0.009-0.010 standard devia-
tion across folds.

5.5. Training Dynamics
Analysis of the 5-fold ensemble reveals consistent
convergence behavior:

Fold-level convergence: Individual folds con-
verge at 2,114 to 3,310 iterations (mean: 2,682 ±
485) when using early stopping with 200-iteration
patience. This variation reflects different train-
ing/validation partitions while maintaining robust
performance.

Cross-validation stability: Mean fold AUC of
0.883 ± 0.009 demonstrates low variance across
data splits, with individual fold performance ranging
from 0.869 to 0.894 (2.5% range). This consistency
indicates robust learning independent of specific
data partitioning.

Generalization validation: Out-of-fold predic-
tions (0.8794 AUC) closely match test performance
(0.8725 AUC), with only 0.7% absolute difference.
This small OOF-test gap validates that the ensem-
ble generalizes well beyond the training distribution.

Early stopping effectiveness: Most folds re-
quire 2,100-3,300 iterations before early stopping
triggers, suggesting the problem’s complexity de-
mands substantial boosting rounds. The patience
of 200 iterations prevents premature stopping while
avoiding overtraining.

The stable ensemble performance across folds
and minimal OOF-test gap suggest the results will
generalize to new clinical trial data from similar
therapeutic areas and documentation practices.

6. Discussion

The findings indicate that accurate detection of dos-
ing deviations in clinical narratives relies on combin-
ing sparse lexical features with contextual embed-
dings, as each captures distinct but complementary
signals. Most predictive value is concentrated in a
small-to-moderate subset of features (500-1000),
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with the remaining features introducing more noise
than signal. This suggests that efficient and inter-
pretable models can perform competitively—and
even outperform full feature sets—through judi-
cious feature selection. However, recall–precision
trade-offs highlight that such systems are best used
as screening tools within human review workflows,
where threshold tuning can balance safety and
workload.

Our work demonstrates automated dosing error
detection in clinical trial narratives through multi-
modal feature engineering and ensemble learning.
Key findings:

Sparse features dominate total importance:
Word/character TF-IDF features contribute 62% of
total importance despite being traditional represen-
tations, while dense embeddings contribute 37%.
However, per-feature importance tells a different
story: embeddings average 141.37 gain versus
30.40 for sparse features.

Dense embeddings remain critical: Despite
lower total importance, removing sentence embed-
dings causes 2.4% performance degradation—the
largest impact of any category. This demonstrates
they capture unique semantic patterns not recover-
able from lexical features alone.

Feature selection improves performance: The
optimal 500-1000 features achieve 0.886-0.887
AUC compared to the full set’s 0.879 AUC, demon-
strating that 70-85% of features contribute primar-
ily noise. This 0.7% improvement through feature
selection has important deployment implications:
models can be both more accurate AND more effi-
cient.

Feature complementarity: Using only embed-
dings (0.877 AUC) or only word/char features (ab-
lation not directly comparable) both underperform
the optimal selected subset (0.886 AUC), indicating
they capture orthogonal information patterns.

Ensemble stability: 5-fold cross-validation
achieves 0.883± 0.009 AUC with minimal variance,
and test AUC (0.873) closely matches OOF valida-
tion (0.879), demonstrating robust generalization
without overfitting.

Threshold optimization critical: F1-optimized
threshold (0.3744) yields 26.1% recall and 33.9%
precision. For safety-critical deployment, threshold
0.20 achieves 49.0% recall with 24.1% precision
(detecting 152/310 errors), while threshold 0.15
provides 60.3% recall at 21.4% precision (187/310
errors)—allowing flexible trade-offs based on de-
ployment priorities.

7. Conclusion

We present an automated system for detecting
dosing errors in clinical trial narratives, achieving
0.8725 test ROC-AUC through 5-fold ensemble

learning with comprehensive multi-modal feature
engineering. Our approach combines 3,451 fea-
tures spanning traditional NLP (TF-IDF, character
n-grams), dense semantic embeddings (all-MiniLM-
L6-v2), handcrafted medical patterns, and trans-
former probability scores (BiomedBERT, DeBERTa-
v3).

Systematic ablation reveals: sentence embed-
dings cause 2.4% degradation when removed
(largest impact), while word/char features show
only 0.25% impact, indicating strong feature com-
plementarity. Remarkably, feature selection im-
proves performance: the optimal 500-1000 fea-
tures achieve 0.886-0.887 AUC compared to the
full set’s 0.879 AUC, demonstrating that 70-85% of
features contribute primarily noise. This finding has
important implications for deployment: models can
be both more accurate and more efficient through
judicious feature selection.

Cross-validation demonstrates robust general-
ization: mean fold AUC of 0.8833 ± 0.0091 with
minimal overfitting (OOF AUC: 0.8794, test AUC:
0.8725, gap: 0.7%). With F1-optimized thresh-
old (0.3744), the model achieves 26.1% recall and
33.9% precision. For safety-critical deployment,
threshold 0.20 achieves 49.0% recall with 24.1%
precision (152/310 errors detected), while thresh-
old 0.15 provides 60.3% recall at 21.4% precision
(187/310 errors)—detecting the majority of protocol
deviations with manageable false positive rates for
human-review workflows.

The system advances automated protocol devia-
tion detection, demonstrating that ensemble meth-
ods with carefully engineered features, feature se-
lection for regularization, and hyperparameter opti-
mization (via Optuna) remain competitive with end-
to-end deep learning for specialized clinical NLP
tasks with limited training data and severe class
imbalance.
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Abstract
Medication errors, particularly dosing errors in clinical trials (CT), can lead to patient harm, adverse drug events
and worse patient outcomes. Dosing errors are preventable, and early identification can improve trial integrity and
mitigate subsequent clinical and financial burden. This study aims to detect dosing errors within CT protocols by
evaluating text representations of trial information using transformer-based language models trained on biomedical
corpora. CT textual data was encoded using several models, including ClinicalBERT, PubMedBERT, BioBERT, and
MedCPT, and integrated with categorical features. These text embeddings were used as input to classical machine
learning models and neural network architectures within an experimental framework. Performance was primarily
assessed using ROC-AUC with respect to predicting dosage error. Under a logistic regression baseline, BioBERT
consistently outperformed alternative encoders, achieving an ROC-AUC of 0.794, a 3.95% improvement over the
ClinicalBERT baseline. Combining multiple embeddings did not yield improvements, indicating that domain alignment
outweighs representational stacking. Gradient boosting models, support vector classifiers, logistic regression, and
residual neural networks achieved the strongest performance for predicting dosage error, achieving ROC-AUCs:
0.821 to 0.853. Overall, the integration of domain-specific transformer embeddings with structured metadata enables
discrimination of trials meeting a predefined elevated dosing error risk criterion, advancing safety monitoring and
supporting informed regulatory decision-making.

Keywords:Medication Errors, Clinical Trials,Dosing Errors, Transformer Models,Natural Language Processing (NLP),
Machine Learning

1. Introduction

Clinical trials provide the structured and rigorously
controlled framework required to evaluate the safety
and efficacy of novel pharmaceutical compounds in
human populations. However, this process is both
costly and uncertain. Only 14% of compounds
entering clinical trials ultimately receive regulatory
approval (Wong et al., 2019), despite substantial
financial investment at each phase. Median costs
are estimated at USD 3.4 million for Phase I, USD
8.6 million for Phase II, and USD 21.4 million for
Phase III studies (Martin et al., 2017).
Beyond financial risk, trial protocols are in-

herently complex, involving numerous interacting
variables, multiple treatment arms, and strict
procedural constraints. This complexity increases
the likelihood of operational and methodological
errors, which may compromise statistical validity,
delay development timelines, or invalidate findings
entirely, resulting in wasted resources and lost
therapeutic opportunity (Buyse et al., 2017; Berger
and Alperson, 2009).
Medication errors are unintended failures in

the drug treatment process that cause, or have
the potential to cause, patient harm (European

Medicines Agency, 2026). These errors can
include: incorrect timing of doses, incorrect dosage,
additional unintended doses, or inappropriate
administration rates (Tariq et al., 2024), as well
as errors in randomisation, masking, and broader
experimental design (Berger and Alperson, 2009).
Medication errors remain one of the most frequently
occurring yet preventable causes of adverse patient
outcomes within clinical settings (Tariq et al.,
2024). The same medication errors that occur
in clinical settings can also arise during clinical
trials. Medication errors during clinical trials can
lead to reduced efficacy of the trial, serious toxicity,
compromised patient safety, adverse drug events,
and can also pose a threat to internal validity and
interpretability of clinical trial outcomes (European
Medicines Agency, 2026).

Given the substantial consequences of erro-
neous approval decisions related to new com-
pounds, rigorous monitoring and statistically robust
evaluation are essential during the entire clinical
trial process. Regulatory bodies such as the
Food and Drug Administration (FDA) and European
Medicines Agency (EMA), emphasise the impor-
tance of proactively identifying, monitoring and
mitigating dosing errors during clinical trials due to
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their potential to contribute to a public health burden
(Stewart, 2021). In addition, timely identification
of dosing errors in clinical trials can reduce both
financial costs and patient risk by facilitating earlier
correction or termination of ineffective studies (Rim
et al., 2024).
However, clinical trial documentation often con-

sists of large volumes of unstructured textual data,
making the extraction of relevant methodological
details time-consuming and challenging (Chen
et al., 2020). This complicates verification of trial
integrity, particularly with respect to correct dosing
and administration schedules across study arms
and cohorts. The predominance of unstructured
textual documentation within clinical trial reports
and protocols, highlights the need for automated
methods capable of systematically extracting and
verifying critical methodological details.

In the context of the medical field and more
specifically when evaluating clinical reports, Natural
Language Processing (NLP) provides a scalable
approach for identifying and structuring relevant
information embedded within narrative clinical
text. Natural language processing is a subfield
of computer science and artificial intelligence,
which allows computers and digital devices to
recognise and understand text and speech data
(IBM, 2026). Beyond information extraction from
text, NLP techniques also support downstream
analytical tasks such as diagnosis explanation,
disease progression modelling, and treatment
effectiveness assessment. Recent advances in
machine learning have led to the development
of increasingly sophisticated NLP algorithms with
broad applications in information extraction and
summarisation (Khurana et al., 2023). These
developments within the field of NLP are particularly
relevant to medical documentation, where clinical
notes and reports generated from medical practise
and research typically take the form of large
volumes of unstructured text. NLP methods have
already been applied within the medical field for
some use-cases, including: extracting dosage
information and administration schedules (Lu et al.,
2016; McNeer et al., 2019), identifying clinical
and treatment events (Bitterman et al., 2023),
and detecting adverse drug events and reactions
(Murphy et al., 2023; Naderian et al., 2024). Recent
research has also investigated specific applications
of these NLP methodologies within the context
of clinical trials, including: automating report
drafting, extracting drug-to-drug interactions (DDI)
and optimising protocol design in CTs (Chopard
et al., 2021; Kuo et al., 2025; Lee et al., 2024; Zhu
et al., 2020).
The rapid proliferation of transformer-based

language models has significantly advanced NLP
research (Kalyan et al., 2021; Patwardhan et al.,

2023). These models leverage self-supervised
learning and attention mechanisms to learn feature-
rich, general-purpose representations from large
volumes of unlabelled text corpora. As a con-
sequence of extensive pre-training on a large
amount of data, only relatively small amounts of
task-specific data are required to achieve strong
performance on downstream tasks, since the
pre-trained parameters within each model already
encode substantial linguistic and semantic struc-
ture derived from the training corpora.
During pre-training, transformer architectures

learn contextualised representations of input text,
capturing semantic and syntactic relationships
within fixed-length numerical embeddings. Owing
to their success in general-domain NLP, these
models have increasingly been applied in the
medical domain across tasks such as question
answering, named entity recognition (NER), text
summarisation, classification, and sentiment analy-
sis (Nerella et al., 2024; Cho et al., 2024).

More recently, research has investigated whether
domain-specific pre-training on biomedical corpora,
such as PubMed abstracts and Mayo Clinic elec-
tronic health records, can further improve perfor-
mance in a medical context (Wang et al., 2018).
Empirical findings suggest that models pre-trained
predominantly on medical text corpora achieve
superior results on clinical tasks (Wang et al.,
2018). Exposure to specialised clinical terminology
and domain-specific vocabulary enhances repre-
sentational precision, while repeated exposure
to clinical narratives allows models to implicitly
capture the structural patterns of medical docu-
mentation. Moreover, domain-aligned pre-training
reduces distributional shift between pre-training
data and downstream data, improving robustness
and sample efficiency. This is particularly important
in clinical contexts, where annotated datasets are
scarce, costly to produce, or limited in scope.
The strong performance of pre-trained trans-

former models in NER tasks enables reliable extrac-
tion of key clinical entities, including diseases, med-
ications, procedures, and intervention attributes.
This capability is especially relevant for clinical
trial analysis, where experimental design elements,
such as study arms, intervention types, and dosing
schedules, are frequently recorded as unstructured
text. There has already been some success in
applying pre-trained transformer models within the
context of clinical trials, including tasks related to:
extracting outcome and arm information (Whitton
and Hunter, 2023) , distinguishing adverse event
reporting (Chopard et al., 2021), and extracting
drug–drug interactions (Zhu et al., 2020). However,
despite these recent advances, access to large,
openly available clinical trials datasets remains
limited, restricting large-scale experimentation and
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hypothesis testing (Navar et al., 2016). Recent
initiatives such as TrialBench have sought to
address this gap through multi-modal dataset
construction and standardised baselines for clinical
trial prediction tasks (Chen et al., 2025).
Consequently, transformer-based models pro-

vide a scalable framework for structuring and
validating critical methodological information em-
bedded within clinical trial documentation. As part
of this research project, the authors investigated
the suitability of various transformer-based models
which have been pre-trained on biomedical text
corpora, in order to encode the textual information
related to each clinical trial, and allow machine
learning models to make predictions on whether a
specific clinical trial contains a dosage error within
its approach.

2. Methodology

2.1. Dataset and Problem Formulation

As part of the CT-DEB’26 challenge (Detecting
Dosing Errors from Clinical Trials) (Ferdowsi et al.,
2026), a dataset was generated (Hêche et al.,
2026), containing structured and unstructured
information for a large number of different clinical
trials (written in the English language), collected
from the ClinicalTrials.gov site (U.S. National
Library of Medicine, 2026). Each row corresponded
to a single clinical trial study and included long-form
textual fields as well as several numerical and
categorical variables related to each specific trial.
As part of the dataset construction process, a binary
label was generated: a label of 1 was assigned
if the lower bound of the 95% Wilson confidence
interval for the dosing error rate exceeded 0.01%
(Ferdowsi et al., 2026; Hêche et al., 2026).

The objective of this research was to compare
several pre-trained biomedical models for encoding
text features, and to develop and evaluate machine
learning models (both classical and neural net-
works) capable of predicting which clinical trials met
this elevated dosing error risk criterion. The study
systematically evaluated the impact of different
feature subsets, alternative input representations
of textual data, and varying model architectures on
predictive performance.
Given the presence of substantial unstructured

text, it was necessary to transform textual data
into machine-readable representations. To this
end, several pre-trained transformer-based models
were evaluated, including ClinicalBERT (Huang
et al., 2020), BioBERT (Lee et al., 2020), Pub-
MedBERT (Gu et al., 2021), and MedCPT (Jin
et al., 2023). These models, pre-trained on
large-scale biomedical corpora, can generate
contextualised vector representations of input text

that capture domain-specific semantic information.
The resulting embeddings were used as input fea-
tures for downstream machine learning classifiers,
including both traditional machine learning models,
as well as more advanced neural networks. A
controlled experimental framework was applied
throughout the research process, modifying a
single variable at a time while holding others
constant to isolate individual effects of experimental
changes. Standard machine learning practice was
followed by using a separate subset of data to
analyse the predictive performance of each model,
to prevent bias by showing the model data it has
already seen before during the training process.
The dataset was provided in two separate

subsets: a training dataset of 29,478 data points
and a hold-out validation dataset of 6,316 data
points. Each dataset contained the following
columns:
phases, enrollmentCount, allocation,
interventionModel, primaryPurpose,
masking, healthyVolunteers, sex,
oversightHasDmc, briefSummary,
detailedDescription, conditions,
conditionsKeywords, protocolPdfText,
numArms, armDescriptions,
armGroupTypes, numInterventions,
interventionTypes,
interventionDescriptions,
interventionNames, numLocations,
locationDetails, target, nctid.

A detailed description of the dataset variables
can be found in Appendix A.1. The dataset
contained a mixture of categorical, numerical, and
free-form text variables, each related to a specific
clinical trial.
In the final modelling pipeline, textual features

(briefSummary, detailedDescription, armDescrip-
tions, and interventionDescriptions) were encoded
using BioBERT embeddings. Structured cat-
egorical variables, including allocation method,
intervention model, primary purpose, oversightHas-
Dmc, and trial phase, were one-hot encoded and
concatenated with the text embeddings. Continu-
ous numerical variables such as enrollmentCount,
numArms, and numLocations were not included
in the final models. The numArms variable
demonstrated a weak statistical association with
the target variable, while enrollmentCount and
numLocations were not considered likely to provide
meaningful predictive signal beyond the structured
and textual features already incorporated.
The protocolPdfText field was not incorporated

into the modelling pipeline due to substantial data
sparsity and extreme variability in length. In the
training set, 81.3% of records (23,963 of 29,478)
contained no extracted PDF text, whereas only
3.2% of validation records were empty. This
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imbalance raised concerns that the model could
implicitly learn the presence of non-empty PDF
text as a proxy for dataset partition, thereby
introducing distributional bias. Furthermore, when
data was available within the protocolPdfText field,
the extracted protocol text was extremely long
(training max: 11,298,927 characters; validation
max: 6,424,120 characters), with highly skewed
distributions and very large standard deviations.
Encoding such long documents within a fixed trans-
former context window would require aggressive
truncation, potentially discarding the majority of the
content and introducing inconsistent representation
quality across samples. Given the high proportion
of missing entries in training data, the substantial
computational burden of processing very long
documents, and the risk of introducing noise
through heavily truncated representations, this
feature was excluded from the final experiments.
As the primary objective of this study was to

evaluate the comparative effectiveness of pre-
trained biomedical language models for encod-
ing unstructured clinical trial documentation, the
modelling framework was designed to isolate the
contribution of textual representations. Accordingly,
only categorical structured features were included
alongside the embeddings, and continuous numer-
ical variables were excluded.

2.2. Overview of Experimental
Investigations

An iterative and controlled experimental framework
was adopted. At each stage, only one variable or
modelling component was modified while all other
elements were held constant. This enabled the
isolation of the effect of individual design decisions
on predictive performance.

The experimental process was conducted in two
major phases:
Phase 1: Iteration of text encoding methods and
feature selection
Phase 2: Iteration of model architectures and
training processes

2.2.1. Phase 1: Text Encoding and
Importance of Features

Categorical Feature Analysis: Initial experiments
employed a logistic regression classifier as a
baseline model. Using this fixed architecture, the
study evaluated the incremental impact of incor-
porating one-hot encoded categorical variables.
Associations between categorical features and the
target variable were assessed using Chi-squared
tests and Cramér’s V statistics. Importantly, these
statistical analyses were conducted exclusively on
the training data to prevent information leakage,
ensuring that the validation set remained fully

unseen during both feature selection and model
evaluation to give unbiased reporting of the models
performance on unseen data.
An ablation study was conducted by incremen-

tally adding individual features to measure their
contribution to predictive performance. Categorical
features were selected to be used in the following
stages, primarily based on statistical significance
in relation to the target feature.
Text Encoding with Pre-trained Transformer

Models: Given the presence of substantial un-
structured text, multiple pre-trained biomedical
transformer encoders were evaluated to generate
contextual embeddings for the following textual
columns: "Brief summary", "Detailed description",
"Arm descriptions", "Intervention descriptions". The
following encoders were compared: ClinicalBERT,
PubMedBERT, BioBERT, MedCPT, and also com-
binations of multiple encoders. A short description
of each transformer model is given below:

• BioBERT is a domain-specific language
model pre-trained on large-scale biomedical
literature, including PubMed abstracts and
PubMed Central full-text articles, enabling it to
capture biomedical terminology and contextual
relationships in clinical text (Lee et al., 2020).

• ClinicalBERT is a BERT-based model pre-
trained on clinical notes from intensive care
unit records in the MIMIC-III database, making
it well suited for clinical narrative understand-
ing tasks (Huang et al., 2020).

• MedCPT is a contrastive learning-based
biomedical language model trained on 255
million user click logs from PubMed, designed
to produce high-quality semantic embeddings
for zero-shot biomedical information retrieval
(Jin et al., 2023).

• PubMedBERT is a language model pre-
trained from scratch exclusively on PubMed
abstracts, without general-domain pre-training,
allowing it to develop vocabulary and represen-
tations specifically optimised for biomedical
text (Gu et al., 2021).

Each pre-trained encoder generated fixed-length
vector representations for the textual fields. A
maximum sequence length of 256 tokens was
selected as a practical compromise between con-
textual coverage and computational efficiency.
Token-level analysis using the BioBERT tokenizer
(see Appendix A.2) indicates that, under this
constraint, the proportion of truncated entries
was 8.65% for briefSummary, 31.81% for de-
tailedDescription, 7.79% for armDescriptions, and
4.03% for interventionDescriptions.Notably, the
detailedDescription field contained a substantial
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proportion of empty entries 39.4% in the training set
(11604 of 29478 rows) and 34.6% in the validation
set (2187 of 6316 rows), which reduces the effective
truncation impact for that field. Overall, more than
90% of entries in briefSummary, armDescriptions,
and interventionDescriptions were fully preserved
within the 256-token limit; detailedDescription
experienced higher truncation (31.81%), though
a substantial proportion of entries were empty.
A uniform maximum token length was applied
across all textual fields to ensure consistency
within the encoding pipeline. While increasing the
context window may allow additional long-range
information to be captured, particularly for the
detailedDescription field, this would substantially
increase computational cost and memory require-
ments. The selected limit therefore reflects a
trade-off between representational completeness
and practical feasibility.

Sentence-level embeddings were obtained using
mean pooling over the token-level representations
produced by each model. These embeddings
were then used as input features for a downstream
logistic regression classifier, which learned to map
the numerical vector representations to the binary
dosing error label. Comparative experiments eval-
uated the impact of different pre-trained encoders
on validation ROC-AUC performance. BioBERT
achieved the strongest results and was therefore
selected as the primary text encoder for subsequent
experiments.

2.2.2. Phase 2: Iteration of Model
Architectures and Training Processes

The final set of inputs features was selected based
on statistical analysis and domain knowledge,
by combining BioBERT embeddings for all text
fields and one-hot encoded categorical features
(specifically: intervention model, allocation type,
oversight, primary purpose, phase). These fea-
tures were features that gave the model the most
discriminative predictive power in determining if
the probability of a dosage error having occurred
within a specific clinical trial exceeded the defined
threshold.
As the dataset exhibited substantial class im-

balance (approximately 95.4% of training records
labelled as no dosage error - 28,126 of 29,478 data-
points), it was necessary to investigate method-
ologies for mitigating this large imbalance. A
series of experiments evaluated the impact of
varying class weights during training. By varying
the class weights, we can instruct a machine
learning model to place greater importance on
examples from a certain class during the training
process. These experiments consisted of the
following stages: no weighting (all examples
assigned equal importance), fixed weighting ratios

(1:5, 1:10, 1:20) toward the minority class, and
automatically computed class weights based on
the proportional amount of each element within
the dataset (around 0.5:11 weighting, for 0 and 1
dosage error variables, respectively).
Once the final set of input features was fixed,

and an optimal class weighting had been identified,
several experiments were undertaken to vary the
type of machine learning model that was used to
make predictions, and thus change the manner
in which the model is learning from the input
data. These models included both classical ma-
chine learning models and more advanced neural
network architectures. The classical machine
learning models that were examined were as
follows: Logistic Regression, Linear Support Vector
Classifier, Support Vector Classifier, K-Nearest
Neighbours Classifier, Naïve Bayes, Decision
Trees, XGBoost and LightGBM. Due to the high
dimensionality of transformer embeddings, some
classical models experienced convergence or
computational limitations. Comparative evaluation
identified Logistic Regression, SVC variants, as
well as Gradient Boosting models as the strongest
classical baselines. The top performing models
had hyperparameter optimisation performed using
GridSearch to identify the combination of model
parameters that gave the best predictive power.

Following the evaluation of the classical machine
learning models, multiple neural network architec-
tures were explored: simple multi-layer perceptron
(MLP), wide multi-layer perceptron, residual neural
network (with skip connections), text-tower archi-
tecture (separate processing streams for text and
categorical features, merged at a later part of the
neural network). Specific implementation details
of the various neural network architectures can be
found in Appendix A.6.
Performance differences between neural net-

work architectures was analysed using consistent
feature representations and with other neural
network training parameters fixed (e.g. loss,
optimiser, learning rate, training epochs). During
the later stages of investigation into neural network
models, once the best performing architecture
was identified, the training process itself was
further optimised. This included the following
methodologies: early stopping based on validation
ROC-AUC, learning rate scheduling (ReduceLROn-
Plateau, OneCycleLR), loss function comparison
(binary cross-entropy vs focal loss), and model
check-pointing to retain best parameters against
the validation data. These experiments aimed
to optimise convergence behaviour during model
training and reduce over-fitting to the training data.
All models were evaluated on held-out validation
data to assess generalisation performance on
unseen data. The primary evaluation metric
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was ROC-AUC, with secondary metrics used to
characterise performance under class imbalance
conditions.
Extensive hyperparameter optimisation of the

neural network models was not performed. Instead,
the architectures were constructed to represent
common and practically relevant structural vari-
ations, such as wide networks, residual con-
nections, and gated text towers, rather than to
exhaustively tune each configuration for maximal
performance. Although more comprehensive
optimisation could potentially improve absolute
predictive performance, this was beyond the scope
of the present study. The reported results therefore
reflect controlled and representative configurations
designed to enable a fair and consistent compari-
son across modelling approaches.

2.2.3. Phase 3: Final Modelling

Following identification of the strongest-performing
classical models and neural network architec-
tures, a final evaluation stage was conducted
to obtain a more robust estimate of predictive
performance. The original training and validation
datasets were combined, and stratified k-fold (k=5)
cross-validation was applied to create unique data
subsets while preserving the overall proportion of
positive and negative cases within each fold.
In each iteration, the model was trained on

four folds and evaluated on the remaining fold,
producing five independent sets of performance
metrics. Averaging these results provides a more
reliable estimate of generalisation performance by
reducing dependence on any single train–validation
partition. Stratification further ensures that class
imbalance is consistently represented across folds,
thereby limiting variability caused by uneven class
distributions and yielding a more stable and unbi-
ased assessment of model performance.

3. Discussion of Results

3.1. Results for Encoding of Text
Columns

BioBERT demonstrated the strongest individual
encoder performance, achieving a ROC-AUC of
0.794 against the validation set under logistic
regression, compared to 0.775 for PubMedBERT,
0.789 for MedCPT, and 0.764 for ClinicalBERT
(see Figure 1). This is consistent with the
design of BioBERT, which was pre-trained on
large-scale biomedical literature, including PubMed
abstracts and PMC full-text articles, enabling
it to capture domain-specific linguistic patterns
relevant to clinical trial intervention descriptions.
As shown in Figure 2, when compared to the
ClinicalBERT baseline encoding method, BioBERT

Figure 1: Comparison of pretrained encoder
models (absolute ROC-AUC)

Figure 2: Comparison of pretrained encoder mod-
els (% ROC-AUC improvement over ClinicalBert
baseline)

shows close to a 4% improvement in ROC-AUC.
ClinicalBERT, while pre-trained on clinical notes
from intensive care unit records, may be less suited
to the structured protocol language characteristic
of ClinicalTrials.gov records (Alsentzer et al., 2019).
The more advanced model architectures, including
XGBoost, LightGBM, and residual neural networks,
achieved stronger predictive performance when us-
ing BioBERT embeddings, with ROC-AUC values
ranging from 0.821 to 0.832. These results suggest
an enhanced capacity to learn from the BioBERT
vector representations and improve discriminative
ability in identifying trials meeting the predefined
elevated dosing error risk threshold.
Contrary to the initial expectation that combin-

ing multiple encoders would yield additive gains,
results under logistic regression showed that the
combined four-encoder representation (ROC-AUC:
0.764) under-performed BioBERT alone, showed
minimal difference in ROC-AUC compared to the
ClinicalBERT baseline. This suggests that when
the downstream model lacks sufficient capacity to
exploit high-dimensional concatenated represen-
tations, additional encoders may introduce noise
rather than complementary discriminative ability.
It is possible that the more advanced gradient
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boosting models and neural networks may be better
able to utilise text encodings frommultiple encoders
at once to boost predictive ability, but this subject
was not rigorously examined as part of this study.

3.2. Results for Importance of
Categorical Features

The inclusion of one-hot encoded categorical
features consistently improved model performance.
A statistical analysis combining Chi-squared
and Cramer’s V, identified interventionModel
(χ2=219.13, p<0.001), allocation (χ2=90.88,
p<0.001), and oversightHasDmc (χ2=76.83,
p<0.001) as the most statistically significant
predictors of dosing error occurrence. From a
clinical perspective, this is intuitive: crossover
and factorial intervention designs involve more
complex dosing schedules and transitions between
treatment arms, increasing the procedural risk
of dosing errors compared to simpler parallel
or single-group designs (England et al., 2020).
Similarly, the absence of a Data Monitoring
Committee may reflect reduced oversight
infrastructure, as shown in prior work to be
associated with higher rates of protocol deviation
and adverse events in clinical trials (Stewart, 2021).
Although the categorical features ’primary pur-

pose’ and ’trial phase’ did not meet the threshold
for statistical significance with regard to impacting
the dosage error target feature, domain knowledge
supported their inclusion. Their addition produced
improvements in several model configurations and
did not appear to actively reduce predictive ability,
and as such were included in the subsequent
experiments. This reflects the broader challenge of
feature selection in clinical prediction tasks, where
statistical significance does not always align with
the predictive ability of machine learning models.

3.3. Results for Class Weighting
A significant methodological challenge in this study
was the pronounced class imbalance within the
dataset, with approximately 95.4% of training
records labelled as 0 (28,126 of 29,478), indicating
that the lower bound of the 95% Wilson confidence
interval for the dosing error rate did not exceed
the predefined threshold for those clinical trials.
This distribution reflects the real-world rarity of
formally reported dosing errors in clinical trial
registries, where medication errors are known
to be systematically under-reported (Delavoipière
et al., 2021). Moreover, using ROC-AUC as
an evaluation metric can be misleading in highly
imbalanced applications, as strong performance
may still coincide with poor minority class detection
(Imani et al., 2026). To address this, additional
evaluation metrics, including precision, recall, and

balanced accuracy, were incorporated to ensure
that models were meaningfully identifying cases
where dosing error likelihood surpassed the defined
threshold, rather than defaulting to majority-class
predictions.
When using simpler machine learning models

such as logistic regression, varying the class
weights for the minority class had no meaningful
impact on logistic regression performance, with
ROC-AUC against the validation set remaining
within a narrow range (0.791–0.798) across all
weighting strategies (mean: 0.795, standard de-
viation of 0.003). This suggests that re-weighting
did not materially alter ranking-based discriminative
performance with respect to ROC-AUC. Alternative
approaches, such as upsampling the minority class,
may potentially improve sensitivity; however, this
was not explored in the present study. In medical
contexts, synthetic or repeated sampling strategies
must be applied cautiously, as they may introduce
over-fitting, distort clinically meaningful distribu-
tions, or amplify noise in rare but heterogeneous
cases.
In contrast to logistic regression, the neural

network demonstrated improved ability to predict
dosage error when class weighting was applied,
with ROC-AUC increasing from 0.806 (no weight-
ing) to 0.838 using automatically computed class
weights based on the proportion of examples
of each class within the training data. This
indicates that the neural architecture was more
responsive to imbalance-aware training, improving
its ability to detect minority class instances (dosing
error probability surpassed defined threshold) with-
out sacrificing overall discriminative performance
(mean: 0.835, standard deviation of 0.002, across
experiments where class weighting was applied).

3.4. Results for Comparison of Classical
ML models

As shown in Figure 3, the strongest discriminative
performance on the validation set, as measured by
ROC-AUC, was achieved by LightGBM, XGBoost,
the calibrated support vector classifier (SVC), and
logistic regression. These models consistently
outperformed simpler methods such as k-nearest
neighbours and decision trees, indicating that
either well-regularised linear decision boundaries
or gradient-boosted ensemble approaches are
particularly well suited to the high-dimensional
feature space produced by transformer-based text
embeddings combined with categorical variables.
Following light hyperparameter optimisation,

LightGBM achieved a validation ROC-AUC of
0.831 using num_leaves = 31, max_depth
= 8, learning_rate = 0.05, and
min_child_samples = 50. Logistic regression
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achieved a validation ROC-AUC of 0.812 with an
L2 penalty and regularisation strength C = 0.1
and ’balanced’ class weighting. The calibrated
SVC achieved a cross-validated ROC-AUC of
0.831 with C = 1, γ = 0.001, and an RBF kernel.
These findings suggest that both ensemble-based
methods and regularised margin-based classifiers
are capable of effectively leveraging the semantic
representations generated by domain-specific
transformer encoders.

Notably, both tree-based boosting methods and
calibrated linear models achieved comparable
predictive performance, indicating that substantial
gains can be achieved without necessarily increas-
ing architectural complexity. From a practical
perspective, logistic regression offers an additional
advantage in terms of interpretability. The learned
coefficients provide a direct estimate of feature
contribution to the predicted probability of a dosing
error, enabling transparent inspection of influential
variables. When combined with L1 regularisation,
or elastic net regularisation with a non-zero L1
ratio, the model promotes sparsity by shrinking
less informative coefficients to zero. This facilitates
feature selection, reduces model complexity, and
enhances interpretability, an important considera-
tion in clinical and regulatory settings where model
transparency and justification of decisions are
critical.

Figure 3: Comparison of Classical ML Models

3.5. Results for Comparison of Neural
Network models

A series of neural network architectures was
evaluated to assess the impact of structural design
on predictive performance. A simple multi-layer
perceptron achieved a validation ROC-AUC of
0.829, providing a strong baseline (see Figure
4). Expanding the architecture into a wider
network did not yield improvements, resulting
in a lower ROC-AUC of 0.814, suggesting that

increasing parameter count alone did not enhance
generalisation. Introducing residual connections
led to the strongest performance, with a ROC-AUC
of 0.831, indicating that skip connections may
facilitate more effective gradient flow and fea-
ture utilisation in the high-dimensional embedding
space. Additionally, a text tower architecture,
designed to process textual embeddings separately
from categorical features before merging, achieved
ROC-AUC scores of 0.820 (with gating) and 0.822
(without gating). These results suggest that while
architectural modifications influence performance,
residual connections provided the most consistent
gains, whereas increased width or gated fusion
mechanisms within the neural networks did not
confer additional benefit.

Figure 4: Comparison of Neural Network Models

3.6. Results after Cross-validation

Following model selection and hyperparameter op-
timisation via GridSearch (only applied for classical
ML models, specific GridSearch parameters can
be seen in Appendix A.4), a final evaluation was
conducted using stratified k-fold cross-validation
(k=5) across the combined training and validation
datasets. Full fold-level results are reported in
Appendix A.5.

The light gradient boosting model, calibrated
SVC model, and the text-tower neural network, all
demonstrated stronger and more stable discrimi-
native ability across folds. For these models, per-
formance under stratified five-fold cross-validation
was consistent with the previous train-validation,
indicating stability across sampling splits. The
calibrated SVC achieved a mean ROC-AUC of
0.841 (± 0.007), while LightGBM achieved 0.836
(± 0.010), and the text-tower neural network
achieved 0.831 (± 0.012). The relatively low
standard deviations across folds indicate robust-
ness to sampling variability, suggesting that these
models generalise consistently across different
subsets of the dataset. Although the calibrated
SVC achieved the highest ROC-AUC, its recall at
a default decision threshold of 0.5 remained low,
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reflecting conservative positive class predictions
under this operating point.

When comparing performance across the strati-
fied k-fold (k=5) cross-validation data splits against
the results when trained with the provided train-
validation split, the logistic regression models
showed a reduction in mean ROC-AUC under
cross-validation. Logistic regression achieved a
mean ROC-AUC of 0.732 (± 0.006). This decline
suggests that earlier performance against the initial
training and validation sets may have been bias due
to variations in data partitioning. In particular, the
reduced performance indicates that this approach
may rely more heavily on fold-specific structure
within the data, resulting in lower generalisation
when evaluated across multiple stratified splits.

All classification metrics were computed using
a fixed probability threshold of 0.5 to ensure
consistency across models. Given the pronounced
class imbalance in the dataset, this threshold may
not be optimal for maximising clinically meaningful
trade-offs between precision and recall. In practice,
threshold tuning based on application-specific
priorities (e.g. prioritising sensitivity for early
risk detection) could further improve precision,
recall, and balanced accuracy without altering the
underlying ranking performance as measured by
ROC-AUC.
Overall, the cross-validation results provide a

more reliable estimate of model generalisation
performance and highlight the relative robustness
of the calibrated SVC and text-based neural archi-
tectures for this task.

3.7. Summary of Findings

This study evaluated transformer-based biomed-
ical text embeddings combined with structured
categorical features for predicting clinical trial
protocols in which the probability of a dosing error
exceeded a defined threshold. Model performance
was assessed primarily using ROC-AUC, with
secondary metrics including F1-macro, precision,
recall, and balanced accuracy. Across all ex-
periments, BioBERT consistently outperformed
alternative biomedical language models when used
as a stand-alone encoder. Furthermore, combining
multiple pretrained encoders did not produce
additive gains, suggesting that domain alignment
was more important than representational stacking.
Incorporating structured categorical trial design
variables alongside text embeddings improved
predictive performance across model classes.

Among the evaluated approaches, residual neu-
ral networks, calibrated support vector classifiers,
and light gradient achieved the strongest and most
stable performance under cross-validation, while
gradient boosting models achieved competitive

results with lower computational cost. Explicit han-
dling of class imbalance was necessary to obtain
meaningful recall of the minority class. These
findings highlight the importance of domain-specific
pretraining and careful model selection in highly
imbalanced clinical prediction tasks.

4. Conclusion

This work demonstrates that domain-specific trans-
former embeddings, particularly BioBERT, pro-
vide highly effective representations for modelling
unstructured clinical trial documentation. When
integrated with structured trial metadata, these
embeddings enable reliable discrimination of trials
in which the estimated probability of dosing error
exceeds a predefined threshold.
The results suggest that encoder-domain align-

ment plays a greater role in predictive performance
than increasing architectural complexity or com-
bining multiple pretrained representations. While
neural architectures achieved strong performance,
gradient boosting methods offered competitive
discriminative ability with greater interpretability and
lower computational cost, making them attractive
candidates for deployment in regulatory or gover-
nance settings where transparency is essential.

Future research may explore threshold optimisa-
tion strategies tailored to specific clinical priorities,
the application of model explainability techniques
to identify high-risk protocol elements, and the
extension of this framework to multi-class prediction
of dosing error types. Incorporating additional
data sources, such as adverse event reports or
electronic health records, may further strengthen
real-world applicability and support proactive safety
monitoring.
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5. Limitations

Firstly, compute constraints prevented the evalu-
ation of language models with larger amounts of
parameters, such as BioGPT (Luo et al., 2022)
and SciFive (Phan et al., 2021). Encodings
from these models may have produced stronger
semantic representations of clinical trial protocol
text. Secondly, the binary target variable conflates
dosing errors of varying severity and type into a
single label, limiting the granularity of predictions.
Future work could explore multi-class formulations
that distinguish between error types such as
incorrect dose, incorrect frequency, and omission
errors, as taxonomised in prior work (England et al.,
2020). Thirdly, the dataset is derived exclusively
from the ClinicalTrials.gov registry, which captures
structured protocol information but may not reflect
the full complexity of dosing procedures described
in supplementary protocol documents or internal
trial management systems. As noted in prior work
(Navar et al., 2016), registry data is subject to
selective reporting and inconsistent documentation
practices.
Finally, while feature importance scores can

be extracted from XGBoost and LightGBM, inter-
preting which specific textual patterns in protocol
descriptions drive predictions remains an open
challenge that warrants further investigation using
explainability techniques such as SHAP values or
attention-based visualisation. In addition, the neu-
ral network models provide difficulty in explainability
of results due to the ’black-box’ nature of the neural
network’s internal learning processes.

6. Ethics Statement and Code/Data
Availability

This study utilised publicly available clinical trial
registry data and secondary benchmark healthcare
datasets via the Hugging Face online platform and
was subject to the original data providers’ terms and
conditions. Due to licensing and governance restric-
tions, raw clinical trial and healthcare datasets are
not redistributed by the authors. Additionally, the
datasets were anonymised in accordance with their
respective usage policies. As such, the research
did not require additional ethical approval. The
study was conducted in accordance with relevant
data governance standards and responsible AI
research practices.
To facilitate open research and transparency,

the code for this study is publicly available via the
GitHub repository.
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A. Appendices

A.1. Full dataset column description

Feature Feature meaning Relevance to modelling
phases Clinical trial phase (e.g. Phase 1–4) Indicates development stage, regulatory

maturity, safety vs efficacy focus, and
expected sample size.

enrollmentCount Number of participants planned or
enrolled

Proxy for trial scale, statistical power,
and development stage; larger trials
typically reflect later phases.

allocation Method of assigning participants to
arms

Core indicator of internal validity and risk
of bias; randomisation underpins causal
inference.

interventionModel Structural design of the trial Determines treatment comparison logic
and statistical assumptions.

primaryPurpose Main intent of the trial Distinguishes exploratory from confir-
matory trials.

masking Level of blinding Directly affects bias risk.
healthyVolunteers Recruitment of healthy participants Differentiates early-phase from thera-

peutic trials.
sex Sex eligibility criteria Important for generalisability.
oversightHasDmc Presence of Data Monitoring Com-

mittee
Indicates safety oversight rigor.

briefSummary Plain-language study summary Useful for NLP-based screening.
detailedDescription Expanded study description Rich source of procedural details.
conditions Diseases studied Enables disease-specific analysis.
protocolPdfText Extracted protocol PDF text Contains detailed operational informa-

tion.
numArms Number of study arms Reflects design complexity.
armDescriptions Free-text arm descriptions Encodes dose and schedule informa-

tion.
interventionNames Names of interventions Enables cross-trial drug analysis.
numLocations Number of study sites Proxy for geographical spread.
target Binary dosing error indicator Supervised learning target.
nctid Clinical trial identifier Enables registry linkage.

Table 1: Description of Dataset Features

A.2. Character and token length of text columns

Field Count Mean Std Min 25% 50% 75% Max
briefSummary 29,478 491.09 459.66 16 209 330 592 4,900
detailedDescription 29,478 967.18 1,505.99 0 0 457 1,369 30,703
armDescriptions 29,478 347.02 496.59 0 78 197 425 13,350
interventionDescriptions 29,478 282.01 332.59 17 89 178 347 8,745

Table 2: Character Length Distribution of Textual Fields
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Field Mean Median Min Max Std 25% 50% 75% % > 256
briefSummary 117.39 81 5 1,231 105.12 52 81 142 8.65
detailedDescription 228.85 111 2 6,917 350.95 2 111 327 31.81
armDescriptions 100.12 59 2 4,400 138.71 27 59 122 7.79
interventionDescriptions 75.81 48 6 2,297 89.17 24 48 94 4.03

Table 3: Token Length Distribution of Textual Fields Using the BioBERT Tokenizer (Training subset)

A.3. Statistical Analysis Categorical Features

Input Feature χ2 Statistic p-value Cramér’s V Min Exp.
Count

χ2 AND
Cramér’s V

interventionModel 2.19× 102 2.28× 10−45 0.086 5.183 TRUE
allocation 9.09× 101 1.42× 10−19 0.056 6.926 TRUE
oversightHasDmc 7.68× 101 2.07× 10−17 0.051 176.854 TRUE
armGroupTypes 1.19× 103 2.53× 10−26 0.201 0.046 FALSE
phases_new 9.60× 102 5.50× 10−202 0.180 0.046 FALSE
interventionTypes 8.78× 102 1.00× 100 0.173 0.046 FALSE
healthyVolunteers 1.66× 102 8.73× 10−37 0.075 1.238 FALSE
primaryPurpose 1.25× 102 1.16× 10−22 0.065 0.138 FALSE
numArms 117.849 1.17× 10−13 0.063 0.046 FALSE
masking 55.300 1.13× 10−10 0.043 3.211 FALSE
sex 25.387 1.28× 10−5 0.029 0.321 FALSE

Table 4: Chi-square association analysis between categorical input features and

A.4. GridSearch - Hyperparameter Search Space

Model Hyperparameter Values
LightGBM num_leaves {31, 63}

max_depth {6, 8}
learning_rate {0.05, 0.1}
min_child_samples {20, 50}

Logistic Regression C {0.1, 1, 10}
penalty L2
solver saga

SVC (RBF) C {0.1, 1, 10}
gamma {scale, 0.01, 0.001}
kernel RBF

Table 5: Hyperparameter Search Spaces
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A.5. Best Models Stratified K-Fold Cross Validation Results

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std
ROC-AUC 0.728 0.722 0.740 0.737 0.733 0.732 ± 0.006
F1 (macro) 0.570 0.557 0.567 0.568 0.563 0.565 ± 0.005
Precision 0.150 0.138 0.149 0.149 0.144 0.146 ± 0.004
Recall 0.627 0.633 0.662 0.652 0.651 0.645 ± 0.013
Balanced Accuracy 0.728 0.722 0.740 0.737 0.733 0.732 ± 0.006

Table 6: Stratified k-fold (k=5) Cross-Validation Results — Calibrated SVC

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std
ROC-AUC 0.842 0.833 0.853 0.837 0.843 0.841 ± 0.007
F1 (macro) 0.514 0.517 0.528 0.514 0.522 0.519 ± 0.005
Precision 0.429 0.526 0.500 0.375 0.429 0.452 ± 0.054
Recall 0.028 0.031 0.043 0.027 0.037 0.033 ± 0.006
Balanced Accuracy 0.513 0.515 0.520 0.513 0.517 0.516 ± 0.003

Table 7: Stratified k-fold (k=5) Cross-Validation Results — Logistic Regression

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std
ROC-AUC 0.833 0.825 0.849 0.826 0.845 0.836 ± 0.010
F1 (macro) 0.599 0.589 0.594 0.589 0.602 0.595 ± 0.005
Precision 0.181 0.169 0.175 0.169 0.183 0.175 ± 0.006
Recall 0.526 0.523 0.567 0.524 0.596 0.547 ± 0.030
Balanced Accuracy 0.706 0.700 0.719 0.700 0.735 0.712 ± 0.013

Table 8: Stratified k-fold (k=5) Cross-Validation Results — LightGBM

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std
ROC-AUC 0.816 0.825 0.853 0.827 0.834 0.831 ± 0.012
F1 (macro) 0.564 0.568 0.568 0.594 0.571 0.573 ± 0.011
Precision 0.145 0.146 0.151 0.175 0.150 0.153 ± 0.011
Recall 0.639 0.563 0.701 0.549 0.612 0.613 ± 0.055
Balanced Accuracy 0.729 0.702 0.756 0.712 0.723 0.725 ± 0.018

Table 9: Stratified k-fold (k=5) Cross-Validation Results — Text-Tower Neural Network
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A.6. Neural network architectures

A.6.1. Simple Multi-layer Perceptron:

def build_basic_binary_classifier (input_dim):
model = keras.Sequential([

layers .Input(shape=(input_dim,)),
layers .Dense(128, activation="relu") ,
layers .Dropout(0.3),
layers .Dense(64, activation="relu") ,
layers .Dropout(0.2),
layers .Dense(1, activation="sigmoid")

])
return model

A.6.2. Wide Multi-layer Perceptron:

def build_binary_classifier_wide(input_dim):
model = keras.Sequential([

layers .Input(shape=(input_dim,)),

# Wider first layer to capture feature interactions
layers .Dense(512, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) ,
layers .BatchNormalization(),
layers .Dropout(0.4),

layers .Dense(256, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) ,
layers .BatchNormalization(),
layers .Dropout(0.3),

layers .Dense(128, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) ,
layers .Dropout(0.2),

layers .Dense(64, activation="relu") ,
layers .Dropout(0.2),

layers .Dense(1, activation="sigmoid")
])
return model

A.6.3. Residual connections/skip layer:

def build_binary_classifier_skip_layers (input_dim):
inputs = layers .Input(shape=(input_dim,))

# First block
x = layers .Dense(512, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) (inputs)
x = layers .BatchNormalization()(x)
x = layers .Dropout(0.4)(x)

# Second block with skip connection
x2 = layers .Dense(256, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) (x)
x2 = layers .BatchNormalization()(x2)
x2 = layers .Dropout(0.3)(x2)

# Third block
x3 = layers .Dense(128, activation="relu", kernel_regularizer=keras.regularizers . l2(0.001)) (x2)
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x3 = layers .BatchNormalization()(x3)
x3 = layers .Dropout(0.2)(x3)

# Concatenate different levels (multi−scale features)
x2_pooled = layers.Dense(64, activation="relu") (x2)
x3_pooled = layers.Dense(64, activation="relu") (x3)
combined = layers.Concatenate()([x2_pooled, x3_pooled])

# Final layers
x = layers .Dense(64, activation="relu") (combined)
x = layers .Dropout(0.2)(x)
outputs = layers .Dense(1, activation="sigmoid")(x)

model = keras.Model(inputs=inputs, outputs=outputs)
return model

A.6.4. Text tower model:

def build_single_input_text_cat_fusion_model(
input_dim: int ,
text_embedding_dim: int = 768,
num_text_fields: int = 4,
num_cat_features: int | None = None, # if None, inferred as input_dim −

num_text_fields∗text_embedding_dim
text_proj_dim: int = 192,
cat_proj_dim: int = 64,
hidden_dim: int = 128,
dropout_rate: float = 0.2,
l2_strength: float = 1e−4,
use_gating: bool = True,

) :
"""

␣␣␣␣Single−input␣model:␣expects␣input␣vector␣shaped␣(batch,␣input_dim)
␣␣␣␣Layout:␣[text1(768)␣|␣text2(768)␣|␣text3(768)␣|␣text4(768)␣|␣cat_features (...) ]
␣␣␣␣"""

l2 = keras.regularizers . l2 (l2_strength)

if num_cat_features is None:
num_cat_features = input_dim − (num_text_fields ∗ text_embedding_dim)
if num_cat_features < 0:

raise ValueError(
f "input_dim={input_dim}␣is␣smaller␣than␣{num_text_fields}∗{text_embedding_dim}="
f " {num_text_fields∗text_embedding_dim}"

)

inputs = layers .Input(shape=(input_dim,), name="flat_input")

# −−−− Slice flat vector into blocks −−−−
def slice_block( start_idx , end_idx, name):

return layers .Lambda(lambda x: x[:, start_idx:end_idx], name=name)(inputs)

text_blocks = []
for i in range(num_text_fields):

start = i ∗ text_embedding_dim
end = start + text_embedding_dim
text_blocks.append(slice_block(start, end, name=f"text_{i+1}_slice") )

cat_start = num_text_fields ∗ text_embedding_dim
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cat_end = cat_start + num_cat_features
cat_block = slice_block( cat_start , cat_end, name="cat_slice")

# −−−− Per−text−field towers −−−−
text_reprs = []
for i , t in enumerate(text_blocks):

x = layers .LayerNormalization(name=f"text_{i+1}_ln")(t)
x = layers .Dense(text_proj_dim, activation="gelu", kernel_regularizer=l2,

name=f"text_{i+1}_proj1")(x)
x = layers .Dropout(dropout_rate, name=f"text_{i+1}_drop1")(x)
x = layers .Dense(text_proj_dim, activation="gelu", kernel_regularizer=l2,

name=f"text_{i+1}_proj2")(x)
text_reprs .append(x) # (batch, text_proj_dim)

# −−−− Optional gating over text fields −−−−
if use_gating:

stacked = layers.Concatenate(name="text_concat_for_gate")(text_reprs) # (batch,
num_text_fields∗text_proj_dim)

gate = layers .Dense(64, activation="relu" , kernel_regularizer=l2,
name="gate_dense")(stacked)

gate = layers .Dense(num_text_fields, activation="softmax", name="gate_weights")(gate) #
(batch, 4)

weighted = []
for i in range(num_text_fields):

w_i = layers .Lambda(lambda g, idx=i: tf.expand_dims(g[:, idx], axis=−1),
name=f"gate_w_{i+1}")(gate)

weighted.append(layers.Multiply(name=f"text_{i+1}_weighted")([text_reprs[i ], w_i]) )

text_fused = layers .Add(name="text_fused")(weighted) # (batch, text_proj_dim)
else:

# simpler: just concatenate all text representations
text_fused = layers .Concatenate(name="text_fused_concat")(text_reprs)

# −−−− Categorical tower −−−−
c = layers .LayerNormalization(name="cat_ln")(cat_block)
c = layers .Dense(cat_proj_dim, activation="relu", kernel_regularizer=l2, name="cat_proj")(c)
c = layers .Dropout(dropout_rate, name="cat_drop")(c)

# −−−− Fusion head −−−−
x = layers .Concatenate(name="fusion_concat")([text_fused, c])
x = layers .Dense(hidden_dim, activation="relu", kernel_regularizer=l2,

name="fusion_dense1")(x)
x = layers .Dropout(dropout_rate, name="fusion_drop1")(x)
x = layers .Dense(hidden_dim // 2, activation="relu" , kernel_regularizer=l2,

name="fusion_dense2")(x)
x = layers .Dropout(dropout_rate, name="fusion_drop2")(x)

outputs = layers .Dense(1, activation="sigmoid", name="output")(x)

model = keras.Model(inputs=inputs, outputs=outputs, name="single_input_text_cat_fusion")
return model
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Abstract

Accurate nutrient estimation from unstructured recipe text is an important yet challenging problem in dietary
monitoring, due to ambiguous ingredient terminology and highly variable quantity expressions. We systematically
evaluate models spanning a wide range of representational capacity, from lexical matching methods (TF-IDF with
Ridge Regression), to deep semantic encoders (DeBERTa-v3), to generative reasoning with large language models
(LLMs). Under the strict tolerance criteria defined by EU Regulation 1169/2011, our empirical results reveal a
clear trade-off between predictive accuracy and computational efficiency. The TF-IDF baseline achieves moderate
nutrient estimation performance with near-instantaneous inference, whereas the DeBERTa-v3 encoder performs
poorly under task-specific data scarcity. In contrast, few-shot LLM inference (e.g., Gemini 2.5 Flash) and a hybrid
LLM refinement pipeline (TF-IDF combined with Gemini 2.5 Flash) deliver the highest validation accuracy across
all nutrient categories. These improvements likely arise from the ability of LLMs to leverage pre-trained world
knowledge to resolve ambiguous terminology and normalize non-standard units, which remain difficult for purely
lexical approaches. However, these gains come at the cost of substantially higher inference latency, highlight-
ing a practical deployment trade-off between real-time efficiency and nutritional precision in dietary monitoring systems.

Keywords: Recipe Nutrient Estimation, Large Language Models

1. Introduction

Accurate nutrient estimation from recipe text is a
practically relevant yet technically challenging task
in the food and nutrition domain. While large lan-
guage models (LLMs) have demonstrated remark-
able capabilities in general-purpose reasoning and
knowledge retrieval, it remains unclear how well
they handle the structured, quantitative reason-
ing required for food applications. Recipe texts
present unique difficulties: ambiguous ingredient
terminology, non-standard measurement units, and
the need to map diverse culinary expressions to
precise nutritional values. These challenges make
recipe nutrient estimation a compelling testbed for
evaluating whether different modeling paradigms
— from traditional lexical methods to LLM-based
inference — can produce reliable nutritional predic-
tions.

The FoodBench-QA 2026 shared task1 asks sys-
tems to answer food and nutrition questions based
on unstructured recipe text. The complexity of the
food domain stems from its inherent heterogeneity.
Unlike standardized datasets in other fields, culi-
nary data is characterized by ambiguous ingredient
terminology, non-standard and highly variable mea-
surement units (e.g., “a pinch,” “a medium bunch”),
and the challenge of mapping these varied expres-

1https://www.codabench.org/
competitions/12112/

sions to structured food composition databases. A
model must not only perform accurate entity dis-
ambiguation to distinguish between semantically
similar but nutritionally distinct ingredients (e.g., “co-
conut milk” vs. “coconut water”) but also execute
complex reasoning to normalize quantities and ag-
gregate nutritional values from disparate sources.

Case 1 Prompt: Assess the nutritional profile
of 180 ml of pineapple juice, canned or bottled,
unsweetened, without added ascorbic acid.
Case 1 Answer: The nutrient values demon-
strated here are: energy - 99.79, fat - 0.23, pro-
tein - 0.68, salt - 3.78, saturates - 0.02, sugars -
18.86.
Case 2 Prompt: Check the nutritional values
per 100 g in a recipe that comprises these ingre-
dients: 2 teaspoons corn, sweet, white, raw, 2
teaspoons corn, sweet, white, raw, 2 teaspoons
peppers, sweet, green, raw, 1 teaspoon spices,
coriander seed, 1/2 cup butter, without salt.
Case 2 Answer: Nutrient details in 100 g: en-
ergy - 713.49, fat - 80.53, protein - 0.86, salt -
0.04, saturates - 50.10, sugars - 0.09.

Table 1: Examples in the FoodBench-QA 2026
shared task. Prompt: nutritional queries; Answer:
response that should be provided by a system.

In response to these challenges, the FoodBench-
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QA 2026 shared task calls for systems capable of
moving beyond simple pattern matching to provide
accurate nutritional estimates that comply with reg-
ulatory standards. Motivated by this critical need,
this paper focuses on the sub-task of nutrient esti-
mation for recipes, where examples from this sub-
task are shown in Table 1. Though each data la-
bel includes six target nutrients (Energy, Salt, Fat,
Protein, Saturates, Sugars), the FoodBench-QA
shared task focused on evaluation of the latter four
nutrients. To tackle the “real-world” noise of di-
etary data, we systematically explore and evaluate
multiple methodologies. By investigating various
approaches to resolving ambiguity and standard-
izing measurements, we aim to identify the most
effective strategies2 for improving nutrient estima-
tion accuracy, thereby advancing the reliability of
automated systems in health-oriented language
technologies.

2. Dataset

The dataset utilized in this study is sourced from
the “FoodBench-QA: Shared Task on Grounded
Food & Nutrition Question Answering” competition
on Codabench. Specifically, we employed the an-
notated subset of the data without titles (T1.1 - In-
gredients)3. During the preprocessing stage, we
identified and removed duplicate recipe entries to
ensure data quality. After the data cleaning pro-
cess, a total of 14,512 unique samples remained.
Finally, we partitioned the dataset into our training
and validation sets at an 80:20 ratio, resulting in
11,609 and 2,903 examples for training and valida-
tion, respectively.

3. Method

To comprehensively investigate the applicability
of models with varying complexities to this task,
this study systematically compares multiple ap-
proaches ranging from traditional TF-IDF pipelines
to LLM-based inference, as well as a hybrid strat-
egy combining TF-IDF with an LLM.

Starting with fundamental lexical statistical meth-
ods, we implemented an approach combining TF-
IDF (Salton and Buckley, 1988) with traditional ma-
chine learning. Subsequently, we advanced into
the deep learning domain by employing an encoder-
based model (He et al., 2023) to enhance the ca-
pability for semantic understanding. Finally, we
extended our research to current state-of-the-art

2Our code: https://github.com/ila-lab/
FoodBench-QA

3https://github.com/matejMartinc/
FoodBench-QA-train/tree/main/recipe%
20nutrient%20assestment/ingredients

technologies by directly utilizing large language
models (LLMs) for few-shot inference. This design
not only establishes a clear comparative baseline
but also explicitly demonstrates the impact of tech-
nological evolution on overall task performance.

3.1. Term Frequency-Inverse Document
Frequency (TF-IDF) with Machine
Learning

As our foundational baseline, we represent recipe
texts as sparse lexical vectors using TF-IDF (Salton
and Buckley, 1988), coupled with Ridge Regres-
sion (Hoerl and Kennard, 1970) for the continuous
prediction tasks. TF-IDF is a widely adopted rep-
resentation for converting text into numerical vec-
tors in text-based prediction tasks (Sparck Jones,
1972).

TF-IDF features are constructed using recipe in-
gredient text as input, with basic preprocessing in-
cluding lowercasing and the removal of English stop
words at the word level. To capture both broader
semantic information and subtle spelling variations
inherent in culinary data, we extract two distinct
types of TF-IDF features.

First, Word-level TF-IDF applies unigram and
bigram features to capture key ingredient terms and
common word combinations. To control feature
quality and reduce noise, a minimum document
frequency of min_df = 2 is applied, retaining only
terms that appear in at least two documents. A
maximum document frequency of max_df = 0.9
removes overly common terms appearing in more
than 90% of documents. The vocabulary size is
limited to 8,000 features, and logarithmic scaling is
applied to term frequencies to dampen the influence
of high-frequency terms.

Second, following the character n-gram ap-
proach proposed by Cavnar et al. (1994), Char-
level TF-IDF utilizes 3–5 word-boundary-aware
character n-grams to effectively handle spelling
variations, typos, and fine-grained morphological
patterns. For these features, min_df = 2 and
max_df = 0.95 are applied, and the feature size is
limited to 12,000 to balance expressiveness and
dimensionality.

By combining these word-level and character-
level features, we form a comprehensive final fea-
ture vector. This hybrid representation retains
both word-level meaning and character-level de-
tails, making the model highly robust to variations
in textual expression.

Furthermore, Ridge Regression, with its L2 reg-
ularization, is particularly well-suited for handling
the resulting high-dimensional and sparse feature
space. Critically, it mitigates the multicollinearity
naturally introduced by overlapping word and char-
acter features. By penalizing large coefficients,
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Ridge Regression prevents the model from over-
concentrating its “attention” (i.e., assigning extreme
weights) solely on perfectly matched words. In-
stead, it encourages a more balanced weight dis-
tribution, ensuring the model genuinely leverages
character-level features to handle textual noise with-
out overfitting.

Consequently, this methodology not only pro-
vides computational efficiency but also offers high
interpretability, making it a strong baseline for in-
gredient terminology that can be matched explicitly.

3.2. Encoder-based NLP Models
To overcome the limitations of sparse repre-
sentations, we advance to deep context-aware
architectures using pre-trained bidirectional en-
coders. Specifically, we implement DeBERTa-v3
(Decoding-enhanced BERT with disentangled at-
tention) (He et al., 2023) as our core model for this
stage. DeBERTa-v3 significantly improves upon
standard BERT architectures (Devlin et al., 2019)
by utilizing a disentangled attention mechanism,
which encodes words and their relative positions
separately. In principle, this architecture could ben-
efit culinary data, where the relative positioning
of numbers, units, and ingredients (e.g., “2 table-
spoons of olive oil” vs. “oil, 2 tablespoons”) carries
important semantic information.

We directly feed the raw ingredient text into the
model without additional preprocessing or manual
extraction. The model processes this sequence to
generate context-aware embeddings before pass-
ing them to a linear regression head to predict nu-
tritional values.

In theory, this deep learning tier could address
the challenge of ambiguous ingredient terminology
highlighted earlier. By dynamically capturing the
surrounding text and positional context, DeBERTa-
v3 may facilitate implicit word sense disambigua-
tion, potentially differentiating between semantically
similar but nutritionally disparate items (e.g., infer-
ring whether “coconut” refers to milk, water, or oil
based on the recipe context). However, as we dis-
cuss in the results, these theoretical advantages
did not materialize in our low-data setting.

3.3. Large Language Models (LLMs):
Direct Inference and Semantic
Refinement

Finally, we extend our framework to the current
state-of-the-art by utilizing generative LLMs. In this
tier, we explore the capabilities of LLMs through
two distinct operational paradigms: direct inference
and post-processing refinement.

For Direct Inference, we evaluate a suite of
locally deployed open-source LLMs, specifically

GPT-OSS-20B (OpenAI, 2025)4, Gemma-3-27B
(Gemma Team, 2025)5, and Nemotron-3-Nano-
30B (NVIDIA, 2025)6, via few-shot prompting. In
addition, we evaluate Gemini 2.5 Flash (Comanici
et al., 2025) as a cloud-based direct inference
model using the same few-shot prompting strat-
egy, to compare API-served models against locally
deployed ones. The prompt design for direct infer-
ence, which includes two in-context examples (i.e.,
2-shot), is shown in Figure 1. Instead of traditional
fine-tuning, we task these models with implicitly
executing the entire estimation pipeline, encom-
passing ingredient extraction, unit normalization,
and nutrient aggregation, within a single inference
step. These models are particularly well-suited
to address the persistent issue of non-standard
and highly variable measurement units (e.g., ratio-
nally transforming “a medium bunch” or “a pinch”
into quantifiable metrics). By leveraging their pre-
trained world knowledge, they perform the multi-
step reasoning required to bridge the gap between
noisy culinary instructions and nutritional estima-
tions.

Complementing this direct approach, we intro-
duce an LLM-based Refinement strategy to com-
pensate for the limited semantic understanding of
our shallower baseline models (e.g., the TF-IDF
approach). For this post-processing step, we uti-
lize Gemini 2.5 Flash (Comanici et al., 2025), with
the prompt shown in Figure 2. For each test sam-
ple, the original ingredient text alongside the initial
numerical predictions generated by the baseline
model are provided as context to the LLM. The
model evaluates whether the predicted values fall
within reasonable nutritional boundaries and ad-
justs them when necessary. This step effectively
acts as a semantic refinement layer, helping to
align purely statistical or lexical predictions with
real-world culinary logic and nutritional common
sense.

4. Results

In this section, we present the empirical results
comparing multiple modeling approaches for recipe
nutrient estimation. We evaluate all approaches
using the official evaluation tool, which operational-
izes EU Regulation 1169/2011(European Parlia-
ment and Council, 2011) tolerance thresholds as
binary accuracy criteria — a more practically mean-
ingful standard than continuous error metrics such
as MAE or RMSE, as it directly reflects whether

4https://huggingface.co/openai/
gpt-oss-20b

5https://huggingface.co/google/
gemma-3-27b-it

6https://huggingface.co/nvidia/
NVIDIA-Nemotron-3-Nano-30B-A3B-BF16

364



System Role:
You are a specialized nutritional data analyst. Your
task is to calculate the nutrient profile per 100g for
recipes provided in [INST] format.
Instructions:
Unit Conversion: Convert all units (e.g., pounds,
cups, tablespoons, ml) to grams (g) using standard
conversion factors (e.g., 1 cup water ≈ 236.6g, 1
tablespoon butter ≈ 14.2g).
Calculation: Sum the total weight and total
nutrients of all ingredients, then normalize the
values to a 100g portion.
Output Format: You must only provide the final
result in this specific format:
Nutrient values per 100 g: fat -
[value], protein - [value], satu-
rates - [value], sugars - [value]
input1: [INST] Identify the nutritional content
per 100 grams for a recipe with the following
ingredients: 2 tablespoon soy sauce made from
soy (tamari), 1 tablespoon peanut butter, smooth
style, without salt, ... [ingredients truncated for
brevity, paper display only] [/INST]
answer1: Nutrient values per 100 g: fat - 8.55,
protein - 12.31, saturates - 1.72, sugars - 14.17
input2: [INST] Identify the nutritional content
per 100 grams for a recipe with the following
ingredients: 1 cup wheat flour, 2 tbsp olive oil, ...
[ingredients truncated for brevity, paper display
only] [/INST]
answer2: Nutrient values per 100 g: fat - 14.20,
protein - 3.10, saturates - 2.15, sugars - 0.50

Figure 1: The prompt design used for direct infer-
ence with an LLM.

a model’s predictions fall within the margins that
regulators deem acceptable for food labeling.

4.1. Performance Comparison
As presented in Table 2, our results reveal a con-
sistent pattern: models with greater pre-trained
world knowledge achieve higher accuracy, while
lightweight approaches retain a decisive advantage
in inference speed.

We first evaluated the TF-IDF and Ridge Re-
gression pipeline as our baseline. This approach
achieved notable performance on Protein (64.62),
while Fat (40.58), Saturates (50.33), and Sugar
(50.26) remained at a moderate level. These re-
sults suggest that explicit lexical matching provides
a reliable signal for nutrient estimation even without
any semantic understanding.

To capture deeper semantic relationships, we
subsequently evaluated the DeBERTa-v3 encoder.
However, contrary to the typical dominance of deep
encoder-based models in NLP tasks, DeBERTa-
v3 performed substantially worse than the other

You are a nutrition expert.
Food:
{text}

Predicted nutrients per 100g:
Protein: {pred[’protein_g’]:.2f}
Fat: {pred[’fat_g’]:.2f}
Sugar: {pred[’sugars_g’]:.2f}
Saturates: {pred[’saturates_g’]:.2f}

Return JSON only with keys:
protein_g, fat_g, sugars_g, saturates_g

Figure 2: The prompt template used to refine nutri-
ent predictions. Variables in monospaced font are
dynamically filled with an input query ({text})
and TF-IDF prediction values during inference.

approaches. This underperformance likely stems
from the limited scale of task-specific training data
relative to DeBERTa-v3’s parameter count, leaving
the model insufficient signal to fine-tune its repre-
sentations effectively for this regression task. Deep
learning architectures typically require substantially
larger datasets to learn effective representations
for domain-specific tasks, and our constrained culi-
nary dataset may not provide enough supervision
for a model of this capacity.

To bypass the limitations of sparse training data,
we shifted our paradigm to large language mod-
els (LLMs) utilizing few-shot inference. This ap-
proach yielded substantial improvements. Among
the open-source models deployed locally, Gemma-
3-27B achieved the strongest results, with scores of
60.21 for Protein and 48.02 for Saturates. Gemini
2.5 Flash, accessed via API, further surpassed all
local models, achieving the highest scores for Fat
(54.12) and Saturates (59.73). These results sug-
gest that LLMs can better handle complex culinary
reasoning, possibly by leveraging broad pre-trained
knowledge for unit normalization and ingredient dis-
ambiguation.

Given that the TF-IDF baseline showed reason-
able performance despite its simplicity, we hypothe-
sized that augmenting it with LLM reasoning could
offer further gains. As shown in the table, employ-
ing Gemini 2.5 Flash as a semantic refinement layer
on top of the TF-IDF outputs successfully boosted
the baseline’s performance across all metrics (e.g.,
improving Protein from 64.62 to 67.79). This sup-
ports the viability of a hybrid approach where TF-
IDF captures lexical co-occurrence patterns from
seen ingredients, while the LLM corrects predic-
tions where semantic understanding (such as unit
normalization or ingredient disambiguation) is re-
quired.
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Model Architecture Performance Metrics Latency
Sugar Protein Fat Saturates

Traditional Machine Learning
TF-IDF + Ridge Regression 50.26 64.62 40.58 50.33 1 ms

Encoder-based model
DeBERTa-v3 8.87 23.86 8.27 8.01 3.58 ms

LLM-based Direct Inference
GPT-OSS-20B 32.07 41.38 29.93 37.00 9.9 s
Gemma-3-27B 41.51 60.21 41.44 48.02 1.4 s
Nemotron-3-Nano-30B 22.05 30.58 19.73 26.23 23.7 s
Gemini 2.5 Flash 55.36 67.17 54.12 59.73 1.0 s

LLM-based Refinement
TF-IDF + Gemini 2.5 Flash 55.46 67.79 52.12 58.39 1.0 s

Table 2: Performance in accuracy (%) and computational cost of evaluated methods. Metrics follow EU
Regulation 1169/2011 tolerance criteria. Bold indicates best performance per metric.

Model Architecture Performance Metrics

Sugar Protein Fat Saturates

Encoder-based model
DeBERTa-v3 8.08 28.25 9.05 8.44

LLM-based Direct Inference
Gemma-3-27B 42.43 59.17 38.35 46.41
Gemma-3-27B + GPT-OSS-20B 43.03 59.71 39.21 47.13

Table 3: Performance comparison of DeBERTa-v3 and the LLMs on the final test set. Metrics follow EU
Regulation 1169/2011 tolerance criteria. Bold indicates best performance per metric.

4.2. Computational Efficiency and
Trade-offs

To ensure a consistent and standardized eval-
uation of computational efficiency, all local
model inferences—spanning the TF-IDF pipeline,
DeBERTa-v3, and the open-source LLMs (GPT-
OSS-20B, Gemma-3-27B, and Nemotron-3-Nano-
30B)—were executed on a dedicated workstation
equipped with a single NVIDIA RTX PRO 4500
(Blackwell architecture) GPU. For the hybrid TF-
IDF + Gemini 2.5 Flash pipeline, latency measure-
ments encompass the API network routing and
server-side generation time.

While predictive accuracy is crucial, practical de-
ployment in dietary monitoring necessitates a strict
evaluation of this inference latency. The rightmost
column of Table 2 highlights a stark computational
trade-off.

The TF-IDF baseline is exceptionally lightweight,
boasting a near-instantaneous inference time of 1
ms per recipe. While DeBERTa-v3 is also highly

efficient (3.58 ms), its poor predictive performance
disqualifies it for this specific low-data task.

Conversely, the superior predictive accuracy
of LLMs comes at a significant computational
cost, even when accelerated by the Blackwell
architecture. The few-shot inference times for
the open-source LLMs range from 1.4 seconds
(Gemma-3-27B) to 23.7 seconds (Nemotron-3-
Nano-30B). Notably, Gemma-3-27B (27B param-
eters) achieves faster inference than the smaller
GPT-OSS-20B (20B parameters) despite its larger
model size. This is attributable to differences
in quantization: Gemma-3-27B is deployed with
Q4_K_M quantization, which enables efficient exe-
cution on consumer-grade hardware, whereas GPT-
OSS-20B uses MXFP4 quantization, which incurs
higher overhead on our hardware configuration.
Similarly, both the Gemini 2.5 Flash direct infer-
ence and the TF-IDF + Gemini 2.5 Flash pipeline
require approximately 1.0 second per request due
to API overhead.

Ultimately, for latency-critical applications, the
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pure TF-IDF model remains the most practical solu-
tion. For accuracy-prioritized scenarios, the Gemini
2.5 Flash-based approaches — both direct infer-
ence and the hybrid TF-IDF + Gemini pipeline —
deliver the highest performance across all nutrient
categories while maintaining a competitive latency
of 1.0 second per request. When only local GPU re-
sources are available without API access, Gemma-
3-27B offers the best trade-off among open-source
models at a moderate inference cost of 1.4 sec-
onds.

5. Final Scores on the Test Set

Based on the results in Table 2, we submitted our
predictions (Team Name: andybox111) for the
final test set using DeBERTa-v3, Gemma-3-27B,
and the hybrid predictions from Gemma-3-27B and
GPT-OSS-20B. The hybrid prediction is based on
700 samples from GPT-OSS-20B and the rest from
Gemma-3-27B.

Although the TF-IDF baseline achieved compet-
itive validation scores, we prioritized neural and
LLM-based systems for official submission. Sim-
ilarly, the Gemini 2.5 Flash experiments — both
direct inference and the hybrid TF-IDF + Gemini
pipeline — were conducted after the submission
deadline as part of our extended analysis for this
paper. Furthermore, as a proprietary cloud API,
Gemini 2.5 Flash’s outputs may vary across API
versions, posing challenges for reproducibility.

The official evaluation results are presented in
Table 3. Consistent with our validation findings,
the LLM-based approaches significantly outper-
form the encoder-based model. The hybrid ap-
proach (Gemma-3-27B + GPT-OSS-20B) achieved
the highest scores across all nutrient categories.
However, its performance is only marginally bet-
ter than the standalone Gemma-3-27B, likely due
to the small number of predictions generated by
GPT-OSS-20B.

6. Conclusion

In this study, we systematically compared three
tiers of approaches — from lexical matching to
encoder-based models to generative LLMs — for
automated recipe nutrient estimation. Our experi-
ments revealed that model complexity alone does
not guarantee better performance; rather, the avail-
ability of pre-trained world knowledge appeared to
be a key factor in this low-resource, domain-specific
task.

First, we showed that a well-engineered TF-IDF
baseline combined with Ridge Regression can
achieve reasonable predictive performance with
negligible computational overhead, making it a

practical choice for resource-constrained or real-
time applications. Second, our experiments high-
lighted a critical limitation of standard deep learning
architectures in specialized domains: models like
DeBERTa-v3 may struggle under task-specific data
scarcity, leading to severe performance degrada-
tion.

Finally, LLM-based approaches delivered the
highest accuracy in our experiments. On the official
test set, the open-source Gemma-3-27B and its hy-
brid with GPT-OSS-20B achieved the best submit-
ted scores, suggesting that pre-trained world knowl-
edge may help with complex culinary reasoning
without task-specific fine-tuning. In our extended
validation analysis, Gemini 2.5 Flash-based ap-
proaches further improved performance (e.g., the
hybrid TF-IDF + Gemini pipeline improved Fat from
40.58 to 52.12 over the TF-IDF baseline), though
these results should be interpreted with caution as
they were not evaluated on the official test set and
rely on a proprietary API whose outputs may not
be fully reproducible.

However, the superior accuracy of LLMs intro-
duces a tangible trade-off with computational ef-
ficiency, presenting distinct deployment choices
depending on the application’s latency tolerance.
Future work will explore model distillation and quan-
tization techniques aiming to transfer the complex
reasoning capabilities of LLMs into smaller, faster
architectures, thereby achieving an optimal balance
of accuracy and real-time efficiency for dietary mon-
itoring systems.
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Abstract
Food and nutrition question answering involves resolving ambiguous ingredient terminology and diverse household
measurement expressions, and converting them into representations compatible with nutrient databases. In
FoodBench-QA, recipe-level nutrient estimation requires consistent handling of heterogeneous and imprecise
measurement descriptions. We propose FoodComponentProfiler (FCProfiler), a deterministic pipeline that treats
nutrient estimation as a structured measurement resolution problem. The pipeline is composed of multiple stages,
including parsing, normalization, unit canonicalization, gram conversion, and nutrient estimation, with each step
designed to remain transparent and traceable. Unit canonicalization combines rule-based standards with data-driven
unit expansion from large-scale recipe corpora, enabling broader coverage of real-world measurement variations.
Gram conversion grounds quantities in ingredient-specific portion information, enabling accurate and traceable
mass computation. Experimental results show that accurate nutrient estimation mainly depends on reliable unit
normalization and ingredient-specific measurement conversion. Additionally, FCProfiler achieves performance
comparable to FoodyLLM, demonstrating that explicit measurement grounding serves as an effective alternative to
implicit reasoning. The proposed methodology preserves interpretability while maintaining strong performance in
food and nutrition question answering.

Keywords: recipe-level nutrient estimation, measurement normalization, deterministic modeling

1. Introduction

Food and nutrition question answering involves
challenges beyond general-purpose QA. It requires
resolving ambiguous ingredient terminology, het-
erogeneous measurement expressions, and align-
ing textual descriptions with structured food com-
position databases (Min et al., 2019).

FoodBench-QA shared task, held as part of
CL4Health at LREC 2026, addresses these chal-
lenges using nutrient databases and food ontolo-
gies. In FoodBench-QA, the problem is defined as
a grounded food understanding task, where recipe-
level nutrient estimation is evaluated under EU
Regulation 1169/2011 tolerance standards (Bairati,
2017). This setting places strong emphasis on ac-
curate mass normalization and database-grounded
nutrient estimation.

In this context, consistent handling of measure-
ment expressions becomes critical. Household
units such as “cup,” “tablespoon,” or “pinch” are
ingredient-dependent and loosely defined, and
even small inconsistencies in unit interpretation or
gram conversion can lead to substantial deviations
in nutrient estimates, particularly for high-density
nutrients.

While large language models (LLMs) demon-
strate strong generative performance, end-to-end
generation provides limited control over numerical
normalization and intermediate mass computation,
which are essential for reproducible nutrient esti-
mation (Minaee et al., 2025).

To address these challenges, we develop Food-
ComponentProfiler (FCProfiler), a deterministic

pipeline for recipe-level nutrient estimation. The
approach decomposes the task into explicit stages:
unit canonicalization following standardized mea-
surement rules such as NIST SP 811 (Thompson
and Taylor, 2008), ingredient-specific gram conver-
sion grounded in USDA FoodData Central (U.S.
Department of Agriculture, Agricultural Research
Service, Beltsville Human Nutrition Research Cen-
ter, 2026), and structured nutrient estimation. To
improve coverage of informal and diverse mea-
surement expressions, unit canonicalization is fur-
ther expanded using corpus-driven mining from
Recipe1M+ (Marin et al., 2021).

This structured design leads to the following key
contributions:

• We design a deterministic and interpretable
pipeline for recipe-level nutrient estimation, ex-
plicitly separating unit canonicalization, gram
conversion, and nutrient estimation.

• We demonstrate through ablation studies that
reliable unit canonicalization and ingredient-
specific gram conversion are the primary fac-
tors driving nutrient estimation accuracy on
FoodBench-QA dataset (Eftimov et al., 2025b).

• We show that the proposed pipeline attains
performance competitive with FoodyLLM on
FoodBench dataset through explicit measure-
ment grounding (Eftimov et al., 2025a).
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Figure 1: FCProfiler pipeline overview

2. Related Work

Prior work on food-related nutrient estimation has
been explored through various paradigms, includ-
ing image-based and text-based approaches, as
well as recent LLM-based and multimodal ap-
proaches.

Image-based approaches to nutrient estimation
involve food image segmentation, portion size es-
timation, volume-to-mass conversion, and calorie
estimation (Pouladzadeh et al., 2014; Myers et al.,
2015). Nutrient values can be derived through
database lookup based on food type and mass.
However, these approaches primarily focus on calo-
rie estimation and rely on intermediate physical ap-
proximations, making them sensitive to error prop-
agation and limiting their applicability to accurate
nutrient estimation.

Text-based approaches have explored predicting
nutrient values directly from textual descriptions. P-
NUT demonstrated that macronutrient content can
be predicted from short food descriptions using text
embeddings and clustering-based regression mod-
els (Ispirova et al., 2020). However, this approach
relies on limited textual descriptions and does not
incorporate ingredient-level structure, quantity in-
formation, or explicit grounding in food composi-
tion databases, reducing its applicability to realis-
tic recipe scenarios. To address these limitations,
subsequent studies extended the problem to struc-
tured recipe data (Ispirova et al., 2022), extracting
ingredients, quantities, and measurement units us-
ing rule-based and dictionary-based methods and
mapping them to food composition databases such
as USDA FoodData Central. While this enables
ingredient-aware representations and incorporation
of measurement information, nutrient estimation is

still treated as a learned prediction task rather than
an explicit measurement resolution process.

Recent approaches have adopted LLMs and
multimodal approaches to address multiple food-
related tasks in a unified framework. FoodyLLM
integrates nutrient estimation, traffic-light classifi-
cation, and food entity linking as a multi-task in-
struction learning problem (Gjorgjevikj et al., 2026),
while recent multimodal models further incorpo-
rate visual and textual inputs for holistic food un-
derstanding (Yin et al., 2025). However, these ap-
proaches rely on implicit reasoning within end-to-
end architectures and do not provide explicit control
over intermediate steps such as unit normalization
and ingredient-specific gram conversion, which are
critical for reproducible and numerically consistent
nutrient estimation.

In contrast to these approaches, FCProfiler for-
mulates recipe-level nutrient estimation as a struc-
tured measurement resolution framework. Rather
than predicting nutrient values directly, the pro-
posed pipeline explicitly models ingredient pars-
ing, unit canonicalization, gram conversion, and
database-grounded computation, enabling inter-
pretable, reproducible, and numerically traceable
nutrient estimation.

3. Methodology

FCProfiler is decomposed into structured stages:
ingredient parsing and normalization, unit canon-
icalization, gram conversion, and nutrient estima-
tion. Each stage produces explicit intermediate
representations, enabling traceability from raw in-
gredient text to final nutrient values.
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Dataset Split Protein Sugars Fat Saturates
Ingredients Only Train 0.9511 0.9065 0.9146 0.9291
Ingredients Only Test 0.9461 0.9200 0.9224 0.9336
Title + Ingredients Train 0.9507 0.9070 0.9142 0.9294
Title + Ingredients Test 0.9461 0.9178 0.9236 0.9325

Table 1: Nutrient estimation accuracy of FCProfiler on FoodBench-QA train and test datasets under
tolerance-based evaluation protocol

Dataset Model Protein Sugars Fat Saturates
Ingredients Only FoodyLLM 0.972 ± 0.002 0.917 ± 0.005 0.920 ± 0.004 0.938 ± 0.004
Ingredients Only FCProfiler 0.945 ± 0.002 0.920 ± 0.003 0.922 ± 0.002 0.934 ± 0.001
Title + Ingredients FoodyLLM 0.967 ± 0.002 0.915 ± 0.008 0.912 ± 0.003 0.934 ± 0.004
Title + Ingredients FCProfiler 0.946 ± 0.002 0.919 ± 0.003 0.924 ± 0.002 0.933 ± 0.002

Table 2: Comparative evaluation of FCProfiler and FoodyLLM on FoodBench test dataset under tolerance-
based evaluation protocol

3.1. Ingredient Parsing & Normalization
Given an input recipe, FCProfiler extracts struc-
tured tuples consisting of an ingredient name, quan-
tity, and measurement unit. Ingredient parsing is
performed using a rule-based approach based on
regular expressions and token-level segmentation.
The extracted ingredient names are then normal-
ized through string-level preprocessing to produce
representations for subsequent stages.

3.2. Unit Canonicalization
Household measurement expressions exhibit sub-
stantial variability (e.g., “tbsp”, “T”, “fl. oz”, “pinch”).
To standardize these forms, FCProfiler applies
layered canonicalization combining standardized
measurement conventions (e.g., NIST SP 811),
unit aliases derived from USDA FoodData Central,
and corpus-driven unit expansion from Recipe1M+.
This process maps heterogeneous expressions to
consistent unit representations compatible with nu-
trient databases.

3.3. Gram Conversion
Ingredient quantities are converted to grams us-
ing a prioritized conversion strategy. Direct SI
units are deterministically mapped. For volume-
and count-based units, conversion is performed
using ingredient-specific portion information from
USDA FoodData Central or standardized mappings
from Household Cooking Measurements Conver-
sion (HCMC) table, ensuring ingredient-specific
mass estimation rather than relying on global den-
sity assumptions.

3.4. Nutrient Estimation
After gram conversion, nutrient values are retrieved
from USDA FoodData Central and aggregated at

the recipe level. Final values are normalized per
100g following the shared task protocol. All compu-
tations are deterministic and database-grounded.

4. Experimental Results

4.1. Datasets
Experiments are conducted on FoodBench-QA
dataset, which consists of English recipe text, eval-
uated under EU Regulation 1169/2011 tolerance
standards. FoodBench-QA dataset provides two
derived datasets for nutrient estimation task: Ingre-
dients Only and Title + Ingredients. Each dataset
includes predefined train and test splits, and evalu-
ation is performed using tolerance-based nutrient
accuracy for protein, sugars, fat, and saturates.

For comparison with FoodyLLM, we additionally
evaluate on FoodBench dataset, which follows the
same subset construction with Ingredients Only
and Title + Ingredients and the same tolerance-
based evaluation protocol for all nutrients. The
proposed pipeline is evaluated using only the pro-
vided test splits from five independently sampled
datasets.

Standardized measurement guidelines (NIST SP
811) and food-related resources, including USDA
FoodData Central, Recipe1M+, and HCMC, are em-
ployed throughout unit canonicalization and gram
conversion.

4.2. Results
Table 1 represents the final tolerance-based nu-
trient accuracy of FCProfiler under both datasets:
Ingredients Only and Title + Ingredients. Across
both train and test splits, FCProfiler achieves con-
sistently high accuracy for all nutrients. On the test
split, the full configuration with canonicalization and
layered gram conversion reaches 0.9461 for pro-
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Unit Canonicalization Strategy Split Protein Sugars Fat Saturates
None Train 0.5378 0.4259 0.3251 0.3935
NIST SP Train 0.9332 0.8843 0.8879 0.9088
NIST SP + USDA Train 0.9441 0.8981 0.9032 0.9201
NIST SP + USDA + Recipe1M+ Train 0.9511 0.9065 0.9146 0.9291
None Test 0.5039 0.4045 0.2893 0.3538
NIST SP Test 0.9404 0.9134 0.9146 0.9287
NIST SP + USDA Test 0.9431 0.9152 0.9170 0.9295
NIST SP + USDA + Recipe1M+ Test 0.9461 0.9200 0.9224 0.9336

Table 3: Ablation results of unit canonicalization strategies for nutrient estimation

Gram Conversion Strategy Split Protein Sugars Fat Saturates
Direct conversion only Train 0.6282 0.5128 0.4252 0.5088
+ USDA portion-based conversion Train 0.9320 0.8901 0.8959 0.9140
+ HCMC table-based conversion Train 0.9441 0.8981 0.9032 0.9201
+ Heuristic fallback Train 0.9511 0.9065 0.9146 0.9291
Direct conversion only Test 0.5795 0.4717 0.3672 0.4550
+ USDA portion-based conversion Test 0.9285 0.9036 0.9073 0.9227
+ HCMC table-based conversion Test 0.9431 0.9152 0.9170 0.9295
+ Heuristic fallback Test 0.9461 0.9200 0.9224 0.9336

Table 4: Ablation results of gram conversion strategies for nutrient estimation

tein, 0.9200 for sugars, 0.9224 for fat, and 0.9336
for saturates.

4.3. Comparison with FoodyLLM
Table 2 compares FCProfiler with FoodyLLM on
FoodBench test dataset. FCProfiler achieves com-
parable performance across all nutrients for both
Ingredients Only and Title + Ingredients datasets.
In particular, FCProfiler shows slightly higher accu-
racy on sugars and fat across both datasets. The re-
ported results are expressed as mean and standard
deviation over five independently sampled datasets,
and FoodyLLM results are taken directly from the
original paper. These results indicate that explicit
measurement grounding can provide a competi-
tive alternative to end-to-end neural reasoning for
nutrient estimation.

4.4. Ablation Study
Tables 3 and 4 represent ablation results on Ingre-
dients Only dataset of FoodBench-QA dataset.

4.4.1. Unit Canonicalization

When unit canonicalization is completely disabled,
performance collapses across all nutrients, partic-
ularly on the test split. This confirms that resolving
heterogeneous household measurement expres-
sions is essential for meaningful nutrient estimation.

Applying NIST SP-based canonicalization alone
produces a substantial improvement, with test
accuracy above 0.91 for all nutrients. Incorpo-
rating USDA alias expansion and corpus-driven

Recipe1M+ unit expansion yields further improve-
ments, with the full configuration achieving the best
results across all nutrients.

The most significant improvements are observed
when transitioning from no canonicalization to NIST
SP-based canonicalization, indicating that stan-
dardizing measurement representations is a key
factor for tolerance-aware accuracy.

4.4.2. Gram Conversion

Using direct unit-to-gram conversion alone substan-
tially reduces performance on the test split, with pro-
tein accuracy dropping to 0.5795 and fat to 0.3672.
This indicates that direct conversion alone is insuffi-
cient for volume- and count-based units commonly
found in recipes.

Incorporating USDA portion-based conversion
significantly improves performance, raising test ac-
curacy to 0.9285 for protein and 0.9073 for fat.
Adding HCMC table-based conversion further in-
creases protein accuracy to 0.9431 and fat to
0.9170. Finally, heuristic fallback mechanisms yield
the best results, achieving 0.9461 for protein and
0.9224 for fat on the test split.

The combined strategy achieves the highest ac-
curacy across all nutrients, indicating that nutrient
estimation accuracy largely depends on accurate
mass grounding.

5. Discussion

Accurate nutrient estimation requires resolving in-
gredient quantities into standardized gram values
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through ingredient-specific measurement interpre-
tation. For instance, in “1 teaspoon wheat flour,”
the unit must be interpreted and converted into
grams based on ingredient-specific portion infor-
mation. In FCProfiler, this is resolved by mapping
the unit to tsp and grounding it in USDA portion
data, yielding 2.60g. This example underscores
the importance of accurate unit canonicalization
and ingredient-specific gram conversion for reliable
nutrient estimation.

This observation extends consistently across in-
gredients. The same unit, such as teaspoon or cup,
corresponds to different masses depending on the
ingredient type, making fixed density assumptions
inherently unreliable. By grounding conversions
in ingredient-specific portion metadata, FCProfiler
reduces systematic errors introduced by generic
conversion rules.

Unit canonicalization is also essential as many
recipe measurements are expressed in heteroge-
neous and non-standardized forms. The results in
Table 3 show that NIST SP-based canonicalization
alone leads to substantial performance improve-
ments, indicating that mapping diverse measure-
ment expressions into a consistent unit system is
important for reliable gram conversion. Additional
alias expansion and corpus-driven expansion pro-
vide incremental improvements, with their contri-
bution expected to be more pronounced in more
heterogeneous recipe corpora.

6. Conclusion

We propose FCProfiler, a deterministic and inter-
pretable pipeline for recipe-level nutrient estima-
tion. Rather than relying on generative models, the
pipeline performs structured measurement process-
ing and database-grounded computation. Exper-
imental results indicate that unit canonicalization
and ingredient-specific gram conversion are criti-
cal to nutrient estimation accuracy. In particular,
portion-based grounding using USDA FoodData
Central enables realistic volume-to-mass conver-
sion without relying on global density assumptions,
while preserving traceability throughout the pipeline.
FCProfiler also achieves comparable performance
to FoodyLLM on FoodBench dataset, indicating the
effectiveness of explicit measurement grounding.

These findings indicate that reliable food and nu-
trition question answering depends on accurate unit
canonicalization, ingredient-specific gram conver-
sion, and database grounding. The source code
is publicly available at https://github.com/
rbls-lab/FCProfiler to support reproducibil-
ity, and includes implementation details and experi-
mental configurations.

7. Limitations

Despite strong performance, portion ambiguity re-
mains a practical limitation. Expressions such as
“1 pack noodles” or “1 serving sauce” often lack
standardized gram mappings. Although heuristic
fallback strategies provide approximate mass val-
ues, these approximations introduce uncertainty in
nutrient computation.

In the future, we would like to apply food cate-
gory–aware constraints derived from nutrient distri-
butions within USDA FoodData Central. By mod-
eling expected nutrient ranges per food category,
it may be possible to detect and adjust implausi-
ble computations caused by portion-related mass
conversion errors while maintaining interpretability.

The same deterministic pipeline of FCProfiler can
be extended to other FoodBench-QA shared tasks,
including FSA traffic-light prediction and ontology-
grounded food entity linking. This indicates that
structured measurement resolution and database
grounding provide a generalizable basis for food
and nutrition question answering.

8. Acknowledgements

We are grateful to Dongwoo Kim from Korea Na-
tional Open University for his insightful feedback,
and to Kyunghee An of Seongseo Public Health
Subcenter and Sunok Kim of Soonok Bakery for
their helpful comments and practical insights. We
also thank the anonymous reviewers for their valu-
able comments.

9. Ethics Statement

FCProfiler is evaluated on publicly available recipe
data and uses open nutritional resources. The
study does not involve personal or sensitive infor-
mation. Nutrient estimates are database-grounded
approximations and should not be interpreted as
medical advice.

10. Bibliographical References

Lorenzo Bairati. 2017. The food consumer’s right to
information on product country of origin: trends
and outlook, beyond eu regulation 1169/2011.
Journal of European Consumer and Market Law,
6(1):9–16.

Ana Gjorgjevikj, Matej Martinc, Gjorgjina Cenikj,
Riste Stojanov, Jan Drole, Gordana Ispirova, Giu-
lia Menichetti, Nives Ogrinc, Dimitar Trajanov,
Sašo Džeroski, Barbara Koroušić Seljak, and
Tome Eftimov. 2026. Large language models in

373



food and nutrition science: Opportunities, chal-
lenges, and the case of foodyllm. Current Re-
search in Food Science, 12:101351.

Gordana Ispirova, Tome Eftimov, and Barbara Ko-
roušić Seljak. 2020. P-nut: Predicting nutrient
content from short text descriptions. Mathemat-
ics, 8(10).

Gordana Ispirova, Tome Eftimov, and Barbara Ko-
rousic Seljak. 2022. Predefined domain specific
embeddings of food concepts and recipes: A
case study on heterogeneous recipe datasets .
In 2022 IEEE International Conference on Big
Data (Big Data), pages 4074–4083.

Weiqing Min, Shuqiang Jiang, Linhu Liu, Yong Rui,
and Ramesh Jain. 2019. A survey on food com-
puting. ACM Computing Surveys, 52(5).

Shervin Minaee, Tomas Mikolov, Narjes Nikzad,
Meysam Chenaghlu, Richard Socher, Xavier
Amatriain, and Jianfeng Gao. 2025. Large
language models: A survey. ArXiv preprint
arXiv:2402.06196.

Austin Myers, Nick Johnston, Vivek Rathod, Anoop
Korattikara, Alex Gorban, Nathan Silberman, Ser-
gio Guadarrama, George Papandreou, Jonathan
Huang, and Kevin Murphy. 2015. Im2calories:
towards an automated mobile vision food diary.
In ICCV.

Parisa Pouladzadeh, Shervin Shirmohammadi, and
Rana Al-Maghrabi. 2014. Measuring calorie and
nutrition from food image. IEEE Transactions on
Instrumentation and Measurement, 63(8):1947–
1956.

Ambler Thompson and Barry Taylor. 2008. Guide
for the use of the international system of units (si).
Special Publication (NIST SP), National Institute
of Standards and Technology.

Yuehao Yin, Huiyan Qi, Bin Zhu, Jingjing Chen,
Yu-Gang Jiang, and Chong-Wah Ngo. 2025.
Foodlmm: A versatile food assistant using large
multi-modal model. IEEE Transactions on Multi-
media, 27:6949–6961.

11. Language Resource References

Eftimov, Tome and Gjorgjevikj, Ana and Martinc,
Matej and Cenikj, Gjorgjina and Darko, Sasan-
ski and Stojanov, Riste and Džeroski, Sašo and
Koroušić Seljak, Barbara. 2025a. FoodBench: A
Domain-Targeted Question-Answering Dataset
for Food and Nutrition Applications. Zenodo.

Eftimov, Tome and Gjorgjevikj, Ana and Mart-
inc, Matej and Cenikj, Gjorgjina and Džeroski,
Sašo and Koroušić Seljak, Barbara. 2025b.
FoodBench-QA: Shared Task on Grounded Food
& Nutrition Question Answering. Accessed:
2026-02-18.

Marin, Javier and Biswas, Aritro and Ofli, Ferda
and Hynes, Nicholas and Salvador, Amaia and
Aytar, Yusuf and Weber, Ingmar and Torralba, An-
tonio. 2021. Recipe1M+: A Dataset for Learning
Cross-Modal Embeddings for Cooking Recipes
and Food Images.

U.S. Department of Agriculture, Agricultural Re-
search Service, Beltsville Human Nutrition Re-
search Center. 2026. FoodData Central. Ac-
cessed: 2026-02-18.

374



Proceedings of the Third Workshop on Patient-Oriented Language Processing (CL4Health), pages 375–383
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

DocUA at CRF Filling 2026: LLM StructCore —
Schema-Guided Reasoning Condensation

and Deterministic Compilation

Serhii Zabolotnii
Cherkasy State Business College

Cherkasy, Ukraine
zabolotnii.serhii@csbc.edu.ua

Abstract
Automatically filling Case Report Forms (CRFs) from clinical notes is challenging due to noisy language, strict output
contracts, and the high cost of false positives. We describe our CL4Health 2026 submission for Dyspnea CRF filling
(134 items) using a contract-driven two-stage design grounded in Schema-Guided Reasoning (SGR) (Abdullin,
2026). The key task property is extreme sparsity: the majority of fields are unknown, and official scoring penalizes
both empty values and unsupported predictions. We shift from a single-step “LLM predicts 134 fields” approach
to a decomposition where (i) Stage 1 produces a stable SGR-style JSON summary with exactly 9 domain keys,
and (ii) Stage 2 is a fully deterministic, 0-LLM compiler that parses the Stage 1 summary, canonicalizes item
names (optionally using a UMLS alias map with 134/134 coverage), normalizes predictions to the official controlled
vocabulary (13 categories), applies evidence-gated false-positive filters, and expands the output into the required
134-item format. On the dev80 split, the best teacher configuration (Mistral Large 3 Stage 1→ Stage 2 deterministic)
achieves macro-F1 0.6543 (EN) and 0.6905 (IT); on the hidden test200, the submitted English variant scores 0.63 on
Codabench. The pipeline is language-agnostic: Italian results match or exceed English with no language-specific
engineering.

Keywords: clinical NLP, information extraction, schema-guided reasoning, controlled vocabulary, reproducibility,
edge AI

1. Introduction

The CL4Health 2026 CRF filling shared task re-
quires mapping unstructured clinical notes to a
strict 134-item Dyspnea CRF. In practice, end-to-
end LLM extraction often fails either due to output
format drift (invalid JSON / JSONL structure) or
due to unsupported “hallucinated” fills that increase
false positives (FP). Our design goal is to separate
(a) clinical information condensation from (b) con-
tract enforcement and controlled-vocabulary nor-
malization, while using SGR to make the intermedi-
ate representation stable and machine-checkable.

Schema-Guided Reasoning (SGR). SGR (Ab-
dullin, 2026) is an architectural pattern that
constrains an LLM to produce typed, schema-
conformant outputs via structured output or con-
strained decoding (Dong et al., 2024; Willard and
Louf, 2023), turning domain knowledge into exe-
cutable data contracts. This reduces variability
and improves reliability compared to free-form text
prompting. In our system, Stage 1 uses an SGR-
style schema with three core patterns to produce a
stable 9-key domain summary:

• Cascade (Domain Scaffold): The LLM fol-
lows a fixed sequence of 9 clinical domains
(Demographics→ Vitals→ Labs→ Problems
→ Symptoms→ Medications→ Procedures
→ Utilization→ Disposition) to ensure uniform

coverage of the clinical narrative.
• Cycle (Checklists): The prompt enforces im-

plicit checklists within each domain (e.g., ex-
amining 28 specific CRF problems, all critical
vitals) to improve recall on sparse items.

• Routing (Vocabulary): While Stage 1 emits
unconstrained text strings within the JSON
structure, Stage 2 deterministically routes each
prediction into one of 13 required controlled-
vocabulary categories (Table 1).

Stage 2 then deterministically compiles this sum-
mary into the official CRF submission format, en-
suring 100% structural compliance.

2. Task and Data

2.1. Datasets and Splits

We use the official Hugging Face datasets (Ferrazzi
et al., 2025) (NLP-FBK/dyspnea-crf-*) and, for
teacher generation, the in-domain unannotated clin-
ical notes set (NLP-FBK/dyspnea-clinical-
notes, 2,667 records from SGB hospital, Italy).
Train contains 10 annotated records, development
80, and test 200 (hidden ground truth).

A key discovery is extreme sparsity: across
the development set, the median number of non-
unknown items per document is only ∼12 out of
134 total. The most frequent non-unknown items
are in VITALS (heart rate, blood pressure, spo2)
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Clinical
Note (en/it)

Stage 1 (LLM)
SGR JSON

(9 keys)

Stage 2 (0-LLM)
Deterministic

Compiler

Submission
(134 items)

SGR Contract
– Cascade: 9 domain sequence
– Cycle: checklists per domain
– Evidence-only facts
– JSON parse: 100% stable

4-Step Algorithm
1. KV extraction
2. Canonicalization + UMLS
3. FP-gates & derivation
4. Vocab norm (13 cat.)

Figure 1: The LLM StructCore two-stage pipeline
architecture. Stage 1 condenses the clinical note
into a 9-key SGR JSON; Stage 2 deterministically
compiles it into the 134-item submission.

and LABS (hemoglobin, creatinine), while many
diagnosis and procedure items appear in <5% of
documents. This sparsity means that unknown is
by far the most common class, and correctly pre-
dicting unknown for absent items is as important
as correctly extracting present values. The offi-
cial scorer (Ferrazzi et al., 2026b) uses macro-F1
over items, which heavily penalizes both false posi-
tives (FP: predicting a value for an unknown item)
and false negatives (FN: predicting unknown for a
present item).

2.2. Contract-Driven Dataset Parsing

We align our pipeline contracts directly to the
dataset schema: (i) the ordered list of 134 items
is inferred from annotations[*].item and
reused end-to-end; (ii) document identifiers are
normalized to a plain ID (prefix before the first un-
derscore) for internal alignment, and suffixed with
the language tag (_en/_it) only for final submis-
sions; (iii) intermediate representations are sparse,
but the final builder always expands to all 134 items,
filling missing values as unknown.

3. System Overview

Our pipeline follows a strict two-stage decomposi-
tion:

Clinical Note → Stage 1 (LLM, SGR
JSON)→ Stage 2 (0-LLM compiler)→ Sub-
mission.jsonl

3.1. Stage 1: SGR-Style JSON Summary

Stage 1 produces a single JSON object with exactly
9 domain keys: DEMOGRAPHICS, VITALS, LABS,
PROBLEMS, SYMPTOMS, MEDICATIONS, PROCE-
DURES, UTILIZATION, DISPOSITION.

The summary is designed to be sparse (include
only evidence-supported facts) and format-stable
(JSON parse success on every input). On the
train10 split, we observe json_parse_ok=10/10
and thinking_leak=0/10 even on quantized
4B models served via llama.cpp without
grammar-constrained decoding.

Prompt Structure. The Stage 1 prompt instructs
the model to produce a single JSON object follow-
ing a strict template. Each of the 9 keys maps to
a free-text string summarizing the relevant clinical
domain. The prompt includes: (i) explicit defini-
tions of each key’s scope (e.g., PROBLEMS covers
past medical history, SYMPTOMS covers presenting
complaints); (ii) a checklist of high-priority items
per domain (e.g., 28 specific problems listed in
the CRF ontology, all vital signs, key laboratory
values); (iii) instructions to use Key: Value for-
matting within each string for machine-parseable
extraction; (iv) a sparsity directive: “include only
facts explicitly stated in the note; do not infer or
guess”. This structured prompt design implements
the SGR Cascade and Cycle patterns, ensuring
systematic coverage while preventing hallucinated
fills.

Format Stability Without Constrained Decod-
ing. A notable finding is that our SGR prompt
achieves 100% JSON parse success without requir-
ing grammar-constrained decoding (e.g., XGram-
mar (Dong et al., 2024) or Outlines (Willard and
Louf, 2023)). We attribute this to the simplicity of
the target schema (a flat 9-key object with string
values) and the explicit formatting instructions. This
makes the approach compatible with any inference
backend (llama.cpp, vLLM, OpenAI-compatible
APIs, Gemini Vertex) without backend-specific
grammar support.

Multi-Slice Input Strategy. Long clinical notes
may exceed the model’s effective context win-
dow. We implement a multi-slice strategy: the
note is split into overlapping windows (e.g., mid-
dle+head_tail, window size w=4), each win-
dow is summarized independently via Stage 1, and
the resulting JSON objects are merged with a last-
writer-wins policy per key. For the PROBLEMS, MED-
ICATIONS, and LABS keys (which accumulate mul-
tiple facts), we concatenate the strings from all win-
dows rather than overwriting. This preserves recall
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for facts spread across the note while keeping each
individual inference within context bounds.

Teacher Data Generation. For the Stage 1
teacher pipeline, we use large API-accessible mod-
els to produce high-quality SGR summaries. We
tested three teacher configurations:

• Mistral Large 3 (675B, via NVIDIA API)
— best overall quality, supporting re-
sponse_format=json_object on most
NVIDIA endpoints (with auto-fallback to
parser-based extraction for Mistral-family
models where structured output returns 400
errors).

• Qwen 3.5 (397B, via NVIDIA API) — com-
parable quality but higher FP; requires en-
able_thinking=false to prevent “Think-
ing Process” leakage into the output.

• Claude Sonnet 4.6 (via Anthropic API) —
recall-optimized prompts achieve strong re-
sults but not submitted due to participation
limits.

Teacher-generated summaries are compiled
through the same deterministic Stage 2, enabling
precise ablation of Stage 1 quality vs. Stage 2
deterministic logic.

Concrete Example. Given a Stage 1 summary
JSON with VITALS: “Heart Rate: 105
bpm (tachycardic). Blood Pressure:
90/60 mmHg (hypotensive). SpO2:
88%. Respiratory Rate: 28/min
(tachypneic).”, the Stage 2 compiler:

1. Extracts KV pairs: {heart rate: “105 bpm
(tachycardic)”, blood pressure: “90/60 mmHg
(hypotensive)”, spo2: “88%”, respiratory rate:
“28/min (tachypneic)”}.

2. Canonicalizes: all keys match the official item
list.

3. No FP-gates triggered for vital signs.
4. Normalizes: heart rate → tachycardic,

blood pressure→ hypotensive, spo2→ 88,
respiratory rate→ tachypneic.

The remaining 130 items are filled as unknown.

3.2. Stage 2: Deterministic Compiler
(0-LLM)

Stage 2 performs no LLM calls. It implements a
4-step deterministic algorithm (Algorithm 3.2):
Step 1: KV Extraction. Parse the Stage 1

summary text into a flat dictionary of
(item_name, value_string) pairs
by matching Key: Value lines in each
domain section. Lines with not stated
or unknown values are skipped.

Step 2: Canonicalization. Normalize item names
via: (a) exact match against the official

# Vocabulary Category Items
1 chronic (4-class) 7
2 neoplasia (3-class) 1
3 duration (short/long) 2
4 binary (y/n) 61
5 mobility (4-class) 1
6 consciousness (AVPU) 1
7 respiratory rate (3-cat) 1
8 body temperature (3-cat) 1
9 heart rate (3-cat) 1

10 blood pressure (3-cat) 1
11 respiratory distress (current/past) 1
12 diagnostic tests (pos/neg) 4
13 labs (measured/numeric) 25

Total 107
Unknown-only remainder 27
Grand Total 134

Table 1: The 13 controlled-vocabulary categories
defined by the CRF ontology. Stage 2 maps every
extracted value string into exactly one of these cat-
egories.

134-item list; (b) case-folding and punctu-
ation stripping (e.g., first episode→
first episod); (c) abbreviation expan-
sion (70+ rules, e.g., hr→heart rate,
cxr→chest rx); (d) optionally, UMLS
alias resolution using a curated map with
134/134 item coverage (Aronson, 2001).

Step 3: FP-Gates & Derivation. Derive high-FN
composite items from Stage 1 evidence:
poly-pharmacological therapy is inferred
when ≥8 distinct medications are listed;
antihypertensive therapy is detected by
matching 35 antihypertensive agents; car-
diovascular diseases is derived from ther-
apy flags or PMH keywords. Then, strict
regex-based evidence gates drop unsup-
ported positive predictions for items with
high FP cost: active neoplasia (requires
cancer vocabulary + activity cues), ar-
rhythmia (requires specific rhythm terms,
blocks on NSR), acute coronary syndrome
(requires ACS vocabulary + supporting ev-
idence), and presence of dyspnea (blocks
on explicit negation).

Step 4: Vocabulary Normalization (13 Cate-
gories). Map each value string to the offi-
cial controlled vocabulary (Table 1): bi-
nary → y/n; AVPU → A/V/P; chronic
items → 4-class scale; neoplasia → 3-
class activity; duration → short/long;
vitals→ categorical (e.g., tachycardic/
normocardic/bradycardic); labs →
numeric extraction or measured. Finally,
expand to all 134 items, filling absent items
as unknown.
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3.3. Optional UMLS Alias Mapping
We curated a UMLS-based alias map for all
134 CRF items (coverage 134/134) and integrated
it as an optional pipeline mode (--use-umls-
mapping) to reduce key-name brittleness in model
outputs. The map associates each official item
name with its UMLS CUI and preferred name, plus
manually verified synonyms. This mode is activated
in all final submissions.

4. Experiments and Results

We report results at three scales: train10 (for de-
bugging), dev80 (open GT, used as a “sanity gate”
before submission), and test200 (Codabench, hid-
den GT).

4.1. Development Results (dev80, Open
GT)

Table 2 summarizes our main dev80 runs across
both English and Italian. All use the same deter-
ministic Stage 2 compiler with UMLS mapping and
FP-gates; EN runs use rules_v3a, while the lat-
est IT variant uses the improved rules_v3e.

Key observations. (1) Mistral Large 3 and
Qwen 3.5 produce comparable TP counts (236)
on EN, but Qwen generates more FP (211 vs. 170),
likely due to less conservative summarization.
(2) The FN count is identical (128) across both
EN teacher models, indicating that Stage 2’s de-
terministic derivation rules have a ceiling that is
Stage 1 recall-limited. (3) On train10, teacher
Stage 1 (Gemini) dramatically reduces FN (9 vs. 22
for student) but increases FP (35 vs. 13), mo-
tivating our evidence-gated FP filters. (4) The
student model (MedGemma 4B, local) achieves
F1=0.6521 on train10 with very low FP (13), sug-
gesting that smaller models produce more conser-
vative summaries. (5) Italian dev80 achieves higher
F1 (0.6905) than English (0.6543) with more TP
(266 vs. 236) and fewer FN (106 vs. 128), sug-
gesting that the original Italian clinical notes are
more structured and easier for Stage 1 extraction.
The v3e rule set reduces 3 FP compared to v3a
(198 vs. 201) through tighter FP-drop gates on
chest pain, heart failure, and arrhythmia.

Multi-slice input ablation. Both dev80 teacher
runs use the middle+head_tail multi-slice strat-
egy with w=4. Compared to single-window runs
on the same models, multi-slice recovers +12–18
additional TP at the cost of +8–15 FP, a net posi-
tive trade. The improvement is concentrated in the
LABS and MEDICATIONS domains, where relevant
information is often scattered across the note.

4.2. Test Results (Codabench)
Table 3 shows the submitted and evaluated test200
results, alongside the leaderboard context.

The best submitted English system achieves
F1 = 0.63 using Mistral Large 3 as the Stage 1
teacher, placing within 0.05 of the top-ranking result
(F1 = 0.68). The Anthropic variant (Claude Son-
net 4.6 with recall-optimized prompts) produces
comparable quality (F1 = 0.62) but was not sub-
mitted as the final entry due to the participation
limit. The Italian variant using rules_v3e was
fully prepared (dev80 IT F1 = 0.6905) but could not
be submitted as all attempt slots were exhausted.

Our findings suggest that large open-weight mod-
els like Mistral produce Stage 1 summaries com-
petitive with larger proprietary systems.

Dev10 Cross-Language Validation. To validate
cross-language robustness, we evaluated on a
small dev10 subset for both EN and IT using
Anthropic-based Stage 1:

The Italian results are notably higher than En-
glish on this small dev10 sample. This trend is con-
firmed at scale on dev80: IT achieves F1 = 0.6905
vs. EN = 0.6543 (Table 2). We attribute this to two
factors: (1) the Italian clinical notes from SGB hos-
pital are written in a more structured, formulaic style
than their English translations, facilitating cleaner
Stage 1 extraction; (2) certain CRF items use Italian
medical terminology that maps more directly to the
ontology (e.g., dispnea→ presence of dyspnea).

4.3. Error Analysis
FP-gates effectiveness. The FP-gate mecha-
nism (Step 3 of Stage 2) drops an average of
3.2 items per document that would otherwise be
false positives. Table 5 shows the per-item impact
of FP-gates on dev80.

The most impactful gate is active neoplasia: with-
out evidence gating, benign mentions of “cancer
screening” or “family history of cancer” produce FP;
the gate requires explicit cancer vocabulary plus
activity cues (e.g., “chemotherapy”, “progression”,
“untreated”). For arrhythmia, the gate blocks posi-
tive predictions when the evidence contains Normal
Sinus Rhythm (NSR) mentions, preventing common
misclassification of ECG-described patients.

Italian-specific error patterns (dev80 IT). De-
tailed item-level diagnostics on the dev80 IT split
(Mistral Large 3→ rules_v3e) reveal both shared
and language-specific error patterns. The top FN
sources are: foreign body in the airways (11 FN,
Stage 1 never surfaces this item), presence of dys-
pnea (7 FN / 8 FP — tension between coverage
and FP), diffuse vascular disease (7 FN / 6 FP), and
agitation (7 FN, not extracted by Stage 1). The top
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Lang Stage 1 Model F1 TP FP FN
EN Mistral Large 3 (675B) 0.6543 236 170 128
IT Mistral Large 3 (v3e) 0.6905 266 198 106
IT Mistral Large 3 (v3a) 0.6900 266 201 106
EN Qwen 3.5 (397B, think=off) 0.6411 236 211 128
Smaller-scale ablations (train10):
EN Gemini Flash (teacher) 0.6763 68 35 9
EN MedGemma 4B (student) 0.6521 57 13 22
EN SGR-only baseline 0.4384 39 44 39

Table 2: Main results on dev80 (N=80; top rows, both languages) and ablations on train10 (N=10; bottom
rows). All variants use the same deterministic Stage 2 compiler. v3e denotes the latest Stage 2 rule set
with improved FP-drop gates for Italian. F1 = official macro-F1 scorer; TP/FP/FN = item-level counts.

System Variant F1 Lang Team Status
Mistral L3→ Stage2(det) 0.63 EN DocUA Submitted
No FP-gates variant 0.61 EN DocUA Submitted
Claude Sonnet→ Stage2(det) 0.62 EN DocUA Evaluated†

Mistral L3 recall (v3e) — IT DocUA Prepared‡

Table 3: Test200 results on Codabench. All DocUA variants use deterministic Stage 2 + UMLS mapping.
† Evaluated but not submitted as final entry due to participation limits. ‡ Italian variant prepared (Stage 1
SGR9 recall, chars=8000, multi-slice, rules_v3e) but not submitted due to exhausted attempt slots.

Language F1 TP FP FN
Italian (IT) 0.9000 59 9 4
English (EN) 0.8115 55 18 7

Table 4: Dev10 cross-language validation (An-
thropic recall Stage 1→ Stage 2 det).

Gated Item FP Before FP After
active neoplasia 18 4
arrhythmia 12 5
acute coronary syndrome 9 2
presence of dyspnea 7 3
Total (gated items) 46 14

Table 5: FP-gate effectiveness on dev80 EN (Mis-
tral Large 3 teacher). The gates reduce FP for
high-risk items by ∼70% while preserving TP.

FP sources are: chest pain (13 FP), cardiovascular
diseases (13 FP — triggered by the derivation rule
from therapy flags), level of consciousness (9 FP
— AVPU mapping errors), and heart failure (8 FP —
“PMH: HF” in Stage 1 often produces FP when GT
is unknown).

Comparing EN and IT dev80 error profiles: both
languages share the same FN ceiling on rare condi-
tions (foreign body, agitation), confirming that these
are Stage 1 recall limitations independent of lan-
guage. However, the chest pain FP problem is
more severe in IT (13 FP vs. EN), likely because
Italian notes use the term dolore toracico in broader

clinical contexts.

Remaining FN errors. The dominant error mode
is Stage 1 FN: items not mentioned in the Stage 1
summary cannot be recovered by the deterministic
Stage 2. High-FN items fall into three categories:

• Rare conditions: foreign body in the airways
(11 FN in IT), cardiac tamponade, aortic dis-
section — these appear in <5% of notes and
are almost never surfaced by Stage 1.

• Implicit mentions: ab ingestis pneumonia,
thoracic ultrasound (6 FN in IT), compression
ultrasound (CUS) — require domain-specific
recognition that the SGR cascade may miss
during condensation.

• Context-dependent items: presence of dysp-
nea (7 FN + 8 FP in IT), level of consciousness
(6 FN + 9 FP in IT) — require nuanced tempo-
ral or categorical reasoning that is difficult to
encode in a flat Key:Value format.

5. Discussion

5.1. Effectiveness of the SGR
Decomposition

Applying SGR shifts the burden of structural cor-
rectness from prompt engineering to code. By hav-
ing the LLM emit a stable, 9-key intermediate tree
rather than directly producing 134 structured fields,
we achieve 100% JSON parsing stability even
on quantized 4B edge models without grammar-
constrained decoding. This is notable because
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direct 134-field extraction from the same 4B model
fails to produce valid JSON in >30% of cases in
our preliminary tests.

The SGR decomposition also provides a natural
debugging boundary: when the system produces
an incorrect prediction, we can immediately deter-
mine whether the error originates in Stage 1 (the
fact was not extracted) or Stage 2 (the fact was ex-
tracted but incorrectly mapped). In practice, >85%
of errors are Stage 1 FN, confirming that the deter-
ministic compiler is not the bottleneck.

5.2. Deterministic vs. LLM-Based Stage 2
Our experiments consistently show that the deter-
ministic Stage 2 compiler outperforms LLM-based
Stage 2 extraction in this task setting. We tested
an LLM-based Stage 2 variant (using Anthropic
Claude to directly extract 134 items from Stage 1
summaries) and found that it:

• introduces vocabulary drift (e.g., emitting
present instead of y, yes instead of cer-
tainly chronic);

• produces inconsistent FP patterns across runs
(non-deterministic);

• requires additional post-processing to fix for-
mat compliance;

• incurs non-trivial inference cost ($0.01–0.03
per document via API).

The deterministic compiler, by contrast, achieves
perfect vocabulary compliance, is fully explainable
(every fill traces back to a Stage 1 line plus a spe-
cific rule), has zero inference cost, and guarantees
bit-for-bit reproducibility.

5.3. SGR for Edge AI
This methodology is particularly enabling for edge
(local) deployments. Large state-of-the-art mod-
els can handle 134 items in a single pass, but
quantized 4B–8B local models lose track of the out-
put schema mid-generation. Our SGR-constrained
condensation fits within the reasoning bounds
of smaller models (the 9-key JSON is ∼400 to-
kens), securely delegating the complex vocabulary
checks and item-level compilation to deterministic
Python code. This makes the approach practical
for privacy-preserving clinical deployments where
sending patient data to external APIs is not accept-
able. Concurrent work by Ferrazzi et al. (2026a)
confirms that small LLMs (∼1B parameters) can
match or exceed larger baselines on Italian medical
NLP tasks—including CRF filling—when combined
with appropriate adaptation strategies such as few-
shot prompting and constraint decoding.

Concretely, we serve MedGemma 1.5-4B-it as a
Q5_K_M GGUF via llama.cpp on Apple M3 Pro
(18 GB RAM). Stage 1 inference takes ∼8 sec-
onds per document; Stage 2 compilation is instant

(<10 ms). The entire dev80 evaluation completes
in under 12 minutes on a single laptop.

5.4. Cross-Language Applicability
The pipeline naturally extends to Italian (_it) doc-
uments: the Stage 1 prompt is language-agnostic
(it asks the model to extract clinical facts regard-
less of language), and Stage 2’s deterministic
canonicalization handles multilingual item-name
variants through the UMLS alias map. We prepared
Italian test submissions using the same pipeline
with no language-specific modifications beyond the
rules_v3e Stage 2 variant (which adds tighter FP-
drop gates for Italian-specific false positive patterns
on chest pain, heart failure, and arrhythmia).

Cross-language results consistently favor Ital-
ian across all evaluation scales: dev10 (Table 4):
IT F1=0.90 vs. EN F1=0.81; dev80 (Table 2):
IT F1=0.6905 vs. EN F1=0.6543. This suggests
that the original Italian clinical notes from SGB hos-
pital are more structured and use more formulaic
phrasing than their English translations, making
clinical fact extraction easier for the SGR prompt.
Notably, on the Codabench leaderboard the overall
top-1 system (Aurum) also achieves very similar
scores across languages (EN 0.68, IT 0.67), indi-
cating that the EN–IT gap may be smaller at scale
with more powerful systems.

5.5. Limitations of the 9-Key
Condensation

The choice of exactly 9 domain keys represents
a trade-off. Fewer keys (e.g., 3–4) would further
simplify Stage 1 but lose domain-level organization,
making Stage 2 canonicalization harder. More keys
(e.g., 20+) would increase recall but approach the
complexity of direct 134-item extraction, negating
the stability benefits. We experimented with 5, 9,
and 15 keys (“profile” parameter) and found that
9 keys offered the best balance of Stage 1 stability
and Stage 2 recall.

6. Related Work

Clinical information extraction has a long his-
tory, from rule-based systems to modern LLM ap-
proaches. The i2b2/VA challenges (Uzuner et al.,
2011) and ShARe/CLEF eHealth tasks (Suominen
et al., 2013) established key clinical NLP bench-
marks for structured information extraction from
unstructured clinical text. More recently, large lan-
guage models have demonstrated the potential
to encode substantial clinical knowledge (Singhal
et al., 2023), with domain-specific models like Med-
Gemini (Saab et al., 2024) achieving strong results
on medical question answering and clinical reason-
ing tasks.
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Structured Generation. Several frameworks ad-
dress the output stability problem in LLM-based
extraction. Constrained decoding (Willard and
Louf, 2023) enforces grammar constraints during
token generation. SGLang (Zheng et al., 2024)
provides programmatic control over LLM execution
with RadixAttention for efficient structured output.
XGrammar (Dong et al., 2024) offers a flexible en-
gine for grammar-constrained generation. Our ap-
proach is complementary: rather than constraining
the LLM’s token-level output, we simplify the tar-
get schema (9 keys vs. 134) and defer structural
compliance to a deterministic post-processor. This
avoids the computational overhead and backend-
dependency of constrained decoding while achiev-
ing comparable output stability.

Compiler-Based LLM Pipelines. DSPy (Khat-
tab et al., 2023) introduced the concept of com-
piling declarative language model programs into
optimized pipelines. Our system shares the “com-
pilation” philosophy: Stage 1 can be viewed as a
declarative extraction step, and Stage 2 as a com-
piler that transforms the intermediate representa-
tion into the target format. However, our Stage 2 is
fully hand-coded (deterministic), avoiding the need
for optimization data or meta-learning.

Ontology Grounding. UMLS-based concept nor-
malization via MetaMap (Aronson, 2001), Quick-
UMLS (Soldaini and Goharian, 2016), and Scis-
paCy (Neumann et al., 2019) has been widely ap-
plied for biomedical concept recognition.

Our work differs in its explicit two-stage decom-
position with a fully deterministic Stage 2, the use
of SGR patterns for intermediate representation
stability, and the emphasis on edge-deployable
privacy preservation. Concurrently, Ferrazzi et al.
(2026a) present a systematic comparison of adap-
tation strategies for small LLMs on Italian medical
NLP, covering 20 tasks including CRF filling, and
demonstrating that fine-tuned 1.7B models can out-
perform 32B baselines.

7. Conclusion

LLM StructCore emphasizes contract alignment,
format stability, and reproducible post-processing
for CRF filling under extreme sparsity. The two-
stage SGR decomposition isolates clinical extrac-
tion (Stage 1, any LLM) from strict submission
enforcement (Stage 2, deterministic), enabling
rapid iteration on Stage 1 recall and controlled-
vocabulary grounding without sacrificing determin-
istic output guarantees. Our best submitted sys-
tem achieves F1 = 0.63 on the Codabench test
set (EN), placing within 0.05 of the top-1 team (Au-
rum, F1 = 0.68). The pipeline is fully language-

agnostic: Italian dev80 achieves F1 = 0.6905 with
no language-specific Stage 1 modifications, and
the Italian test200 submission was prepared (but
not submitted due to exhausted attempt limits). This
demonstrates that the combination of SGR conden-
sation and deterministic compilation is competitive
across languages while offering full reproducibility
and edge-deployment readiness.

Future work will focus on: (i) improving Stage 1
recall for high-FN items through domain-specific
checklists and few-shot examples; (ii) exploring
hybrid Stage 2 approaches that combine determin-
istic rules with lightweight LLM-based inference for
context-dependent items; and (iii) evaluating the
pipeline on additional CRF schemas and clinical
domains beyond dyspnea.

8. Limitations

The deterministic Stage 2 cannot recover facts
missing from Stage 1 summaries; thus, overall
recall is Stage 1-limited. Some CRF items require
nuanced contextual interpretation (e.g., distinguish-
ing “past” vs. “current” respiratory distress) that may
be lost in the 9-key condensation, increasing FN
risk. The high FP cost of the task requires conser-
vative evidence gating, which trades off recall for
precision in borderline cases.

The abbreviation-based canonicalization relies
on a manually curated map of 70+ abbreviations.
New abbreviations or unconventional spellings not
in the map will fail to match. The UMLS alias map
mitigates this but is also static and may not cover
all model-generated variants.

The FP-gate regex patterns are English-centric;
while the Italian notes in this dataset are clinically
structured and mostly use international terminology,
extending the gates to fully cover Italian medical
vocabulary would require additional curation.

Finally, our evaluation is limited to the official
CL4Health 2026 data; generalization to other CRF
schemas, clinical domains, or languages beyond
English and Italian has not been tested.

9. Reproducibility

All deterministic logic is contained in the open-
source package llm_structcore. Code will be
provided in supplementary materials and open-
sourced upon paper acceptance (Anonymous
Repository). The repository includes:

• The llm_structcore Python package
(Stage 1 prompt templates, Stage 2 compiler,
scoring, submission builder).

• Scripts for running end-to-end inference
across multiple backends (llama.cpp,
OpenAI-compatible APIs, HF Transformers,
NVIDIA API, Gemini Vertex, Anthropic).
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• The complete UMLS alias map
(data/umls_crf_mapping.json, 134/134
coverage).

• The CRF ontology definition (data/
ontology_crf_cl4health2026.md).

• Organizer-provided evaluation
scripts (external/CRF-filling-
CL4Health2026/).

• This system description paper (LaTeX source).
The Stage 1 SGR schema guarantees
json_parse_ok=100% with MedGemma 1.5-4B
without requiring JSON-mode sampling. Stage 2
is fully reproducible: the same Stage 1 summary
always produces the same 134-item submis-
sion, regardless of platform, Python version, or
execution order.

10. Ethical Considerations

We use publicly available datasets under the orga-
nizer terms. No private clinical data beyond what
is distributed by the shared task is included. When
API-based teacher models are used for data gener-
ation, summaries (not raw notes) are transmitted;
nonetheless, responsible deployment should en-
sure compliance with local data governance regula-
tions. Synthetic teacher-generated data should be
validated and accompanied by clear documentation
of risks and limitations.
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Abstract
This paper describes the system we submitted to the CRF:filling 2026 shared task. We propose a modular,
LLM-based framework including an LLM as rewriter, which enhances the original clinical note from the perspective of
each target CRF item; an LLM as an extractor, which retrieves the relevant value using a k-shot prompting strategy;
and an LLM as a judge, which determines whether the clinical note contains evidence to support a given answer,
defaulting to unknown otherwise. We evaluated our system on the English portion of the dataset; our complete
framework achieves a macro-F1 of 0.64 on the development set. Our analysis reveals that while the rewriting step
effectively generates correct factual information, it also increases false positives. The judge component mitigates this
by adopting a conservative prediction strategy that substantially reduces false positives at the cost of a moderate
reduction in true positives, yielding higher precision and better alignment with the shared task metric. On the test set,
a light version of our system ranked 21 out of 32 public submissions, achieving a macro-F1 of 0.45.

Keywords: rewrite, LLMs, case report form

1. Introduction

A Case Report Form (CRF) is a standardised doc-
ument widely used in clinical research to collect
patient data across diverse studies and healthcare
environments (Bellary et al., 2014). Each CRF con-
tains a fixed set of items to be populated with patient
medical information. Through their standardised
structure, CRFs enable consistent data collection,
ensuring accuracy, reliability, and validity required
for reproducible clinical findings.

However, CRFs are typically filled manually from
clinical notes and electronic medical records, a pro-
cess that is time-consuming and prone to inconsis-
tencies. Automating the population of CRFs from
clinical narratives would therefore be highly bene-
ficial: it could accelerate clinical research, reduce
the manual workload of healthcare professionals,
and produce structured representations of patient
information. Consequently, recent research has
explored automated systems that populate CRFs
using information extracted from clinical notes and
electronic medical records (Mac Kenzie et al., 2016;
Gutiérrez-Sacristán et al., 2024).

The CRF filling 2026 shared task (Ferrazzi et al.,
2026) aims to advance the development of sys-
tems applicable to real-world clinical settings. The
datasets comprise CRFs for patients presenting
dyspnea, using data from an Emergency Depart-
ment in Italian and English.

Large Language Models (LLMs) have demon-
strated remarkable capabilities in language under-
standing and generation (Petroni et al., 2019), with
strong performance on health-related tasks such as
clinical prediction, medical knowledge understand-

ing, and question-answering (Xu et al., 2024; Chen
et al., 2023; Wu et al., 2024). Based on previous
work that demonstrated that rewriting clinical pa-
tient profiles improves downstream performance,
whether by generating new knowledge with LLMs
(Sui et al., 2024), refining existing information us-
ing their internal knowledge (Lovon-Melgarejo et al.,
2026), or augmenting profiles with external sources
(Xu et al., 2024), we propose a multi-stage LLM
framework for automated CRF filling.

In this work, we propose a multi-stage LLM-
based framework for automated CRF filling. Our
system consists of three components. First, an
LLM as rewriter reformulates and enriches the orig-
inal clinical input. Second, an LLM as an extractor
retrieves the expected CRF item values, following
previous approaches for structured information ex-
traction (Ferrazzi et al., 2025). Third, to mitigate
hallucination, where an LLM produces an answer
despite insufficient supporting evidence (Su et al.,
2022; Zhang et al., 2024), an LLM as a judge deter-
mines whether each extracted item can be reliably
inferred from the provided context. Additionally, our
approach accurately minimizes false positives and
false negatives, preventing misleading entries.

2. Data

The CRF-filling dataset (Kaczmarek et al., 2026)
consists of 290 anonymised emergency care clini-
cal notes collected from the San Giovanni Bosco
Hospital (Italy), covering patients admitted between
January 2021 and December 2023. Each note is
paired with a CRF capturing patient information
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Figure 1: Overview of our framework architecture
using three LLM-based components.

across a predefined set of medical items. The task
focuses on the dyspnea CRF, which contains 134
items. The dataset is provided in both English and
Italian and is split into training (10 notes), develop-
ment (90 notes), and test (200 notes) sets.

Each CRF item is restricted to a predefined set
of values depending on the type of information
it represents, including binary (yes/no), ordinal
(below/within/above), or measured/unknown cat-
egories used for tests without fixed categorical out-
comes. The unknown value is valid for any item,
enabling the schema to account for information
absent from the clinical note. In addition to the
manually annotated data, the task release includes
71 semi-automatically annotated note–CRF pairs
in English (70 in Italian) (Ferrazzi et al., 2025), as
well as 2667 unannotated clinical notes related to
dyspnea, which were not used in our experiments.

3. Methodology

In this section, we describe our system, which com-
prises three LLM-based components: a rewriter,
an information extractor, and a judge. We also con-
sider an aggregator operator (Figure 1). Following
previous work (Kaczmarek et al., 2026; Ferrazzi
et al., 2025), we adopt a single-item processing

strategy to avoid cascading errors, processing each
of the 134 CRF items independently, resulting in
134 inference steps per entry in the evaluation set.
For each entry, our framework operates through
two parallel branches. In the first branch, an LLM as
rewriter explicitly enriches the clinical note before
a second LLM extracts the relevant information for
the target CRF item. In the second branch, an LLM
as a judge evaluates whether the original input con-
tains sufficient evidence to answer the item, acting
as a safeguard against hallucinations introduced in
the first branch.

3.1. LLM as Rewriter

We prompt the LLM to complete the clinical note by
interpreting and reorganising its content from the
perspective of the target CRF item. This produces
an enriched clinical note that either highlights infor-
mation relevant to the item or explicitly states that
no such information is present. Through this rewrit-
ing step, the parametric knowledge encoded in the
LLM can be transferred and leveraged to enrich the
clinical patient profile (Sui et al., 2024). The prompt
used for the rewriter is as follows:

LLM prompt

You are an expert clinician specialized in clini-
cal record analysis. Your task is to extract and
interpret a specific clinical parameter from a
patient’s clinical history. Your input is: a pa-
tient clinical history and a clinical question.
Your output must be a structured clinical sum-
mary of the relevant facts from the profile,
written so that a reader could easily answer
the question.
PATIENT: {patient profile}
QUESTION: What is the link between the pa-
tient profile and {CRF item}?

3.2. LLM as an Extractor

Following (Kaczmarek et al., 2026; Ferrazzi et al.,
2025), we employ an LLM for information extrac-
tion using a k-shot prompting strategy, providing as
input the concatenation of the original clinical note
and the rewritten profile. The used prompt is:
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LLM prompt

You are an expert clinical information extractor.
You will be given a patient’s clinical history,
an interpretation and a question. Your role is
to answer the question strictly based on the
provided information.
PATIENT: {patient profile}
INTERPRETATION: {rewritten patient profile}
QUESTION: What are the results and mea-
sures of {CRF item}?

3.3. LLM as a Judge

LLMs are prone to hallucination, generating
plausible-sounding answers even when the clin-
ical note provides no supporting evidence for a
given CRF item. To mitigate this, we introduce an
LLM as a judge tasked with determining whether
a given clinical note contains sufficient information
to reliably answer a target CRF item. The prompt
used for this component is:

LLM prompt

You are an expert clinical information extractor.
You will be given a patient’s clinical history,
an interpretation and a question. Your role is
to answer the question strictly based on the
provided information.
PATIENT: {patient profile}
INTERPRETATION: {rewritten patient profile}
QUESTION: According to the clinical informa-
tion provided, is the value of item explicitly
mentioned or documented?

Aggregator Finally, the outputs of the LLM as a
judge and LLM as an extractor components are ag-
gregated to produce the final predicted value. Let
J(n, q) ∈ {yes,no} denote the binary output of the
LLM as a judge, indicating whether the answer to
item q is present in clinical note n. Let E(n, q) de-
note the value predicted by the LLM as an extractor
for item q given note n. The aggregator operator ⊕
for an item q is defined as:

⊕(n, q) =
{
E(n, q) if J(n, q) = ’yes’
unknown otherwise

(1)

4. Experimental Setup

We evaluated our approach across multiple open
weight LLMs. For general-purpose models, we

Model Macro-F1
w/o judge w/ judge

w/o rewriter

Med42 0.3441 0.5691
Llama 0.3776 0.5846
Qwen 0.3937 0.5947
Qwens 0.5046 0.6293

w/ rewriter

Llama→Med42 0.3236 0.5339
Qwen→Med42 0.3394 0.5883
Qwens→Med42 0.3716 0.6011
Qwens→Llama 0.4275 0.6026
Qwen→Qwens 0.4496 0.6445

Table 1: Macro-F1 scores for the development (dev)
set in English. We highlight best and second best
results. Blue and red cells indicate our baselines
and final framework, respectively.

tested Qwens
1, Qwen2, and Llama3. We addition-

ally considered one domain-specific model: MedL-
lama4(Med42), a medically-oriented LLM.

For the extractor, we applied k-shot prompting
(k = 3), selecting examples matching the target
CRF item from the training split, and evaluated
all four models. For the rewriter, we considered
Qwens, Qwen, and Llama. For the judge, we used
the Qwen model.

Regarding inference parameters, the rewriter
and judge used a temperature of 0.7, top-p of 0.9,
and a maximum of 512 generated tokens. The ex-
tractor used a temperature of 0 and top-p of 1 to
ensure deterministic outputs. For the judge specifi-
cally, rather than relying on generated output, we
recover the logit values of the first valid generated
token to determine a binary yes/no decision.

Metrics We evaluate our system using the official
task metric, macro-F1. To enable a more in-depth
analysis, we additionally report precision, recall,
true positives, and false positives.

5. Results

We performed an in-depth evaluation on the devel-
opment set, where gold annotations are available.
Table 1 reports the results across all evaluated con-
figurations. We report only the best configurations
in our tables. Our baselines, using a 3-shot setup,

1Qwen/Qwen3-8B
2Qwen/Qwen3-32B
3meta-llama/Meta-Llama-3.1-70B-Instruct
4m42-health/Llama3-Med42-8B
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Model w/o judge w/ judge
TP↑ FP↓ P↑ R↑ TP↑(∆%) FP↓(∆%) P↑(∆%) R↑(∆%)

w/o rewriter
Med42 264 2061 0.11 0.77 207(-22%) 174(-92%) 0.54(+391%) 0.58(-25%)
Llama 282 2078 0.12 0.87 231(-18%) 248(-88%) 0.48(+300%) 0.63(-28%)
Qwen 300 1522 0.16 0.85 211(-30%) 103(-93%) 0.67(+319%) 0.56(-34%)
Qwens 243 349 0.41 0.65 208(-14%) 107(-69%) 0.66(+61%) 0.55(-15%)

w/ rewriter
Llama→Med42 277 1910 0.13 0.83 203(-27%) 177(-91%) 0.53(+308%) 0.59(-29%)
Qwens→Med42 288 2040 0.12 0.83 222(-23%) 162(-92%) 0.58(+383%) 0.62(-25%)
Qwen→Qwens 277 1241 0.18 0.76 216(-22%) 159(-87%) 0.58(+222%) 0.58(-24%)
Qwen→Med42 297 2060 0.13 0.86 229(-23%) 182(-91%) 0.56(+331%) 0.64(-26%)
Qwens→Llama 309 1970 0.14 0.84 244(-21%) 170(-91%) 0.59(+321%) 0.64(-24%)

Table 2: Results from best configurations between wo/ judge (left) and w/ judge (right) configuration, and
w/o rewriter (top) and w/ rewriter (top) configuration. We report the number of true positives (TP), false
positives (FP), precision (P), and recall (R). Green cells indicate improvement with respect to the w/o
judge configuration. Best results in bold.

achieve the highest performance with the Qwen
model, reaching a macro-F1 of 0.5046. Particularly,
general-domain LLMs consistently outperform the
domain-specific model (MedLlama-Med42). More-
over, the setting without a rewriter (only extractor
and judge) obtains the second-best results in terms
of macro-F1 with a score of 0.6293, highlighting the
impact of the LLM as a judge in this task.

Among the settings that include a rewriter but
no judge, we observe a general trend of lower per-
formance compared to the baselines, with a best
macro-F1 of 0.4496 achieved by Qwen→Qwens

(where Qwen is the rewriter and Qwens the extrac-
tor). When the full pipeline is used, our proposed
system outperforms previous approaches, achiev-
ing a best macro-F1 of 0.6445 with Qwens→Llama
using Qwen as a judge. This substantial improve-
ment suggests that jointly, the judge and rewriter
components play a critical role.

The submitted system was based on a 3-shot
setup and exhibited a trend consistent with devel-
opment set findings, removing the LLM as a judge
led to a drop in macro-F1 from 0.48 to 0.45.

5.1. Ablation Study

We further analyze the impact of the LLM as a
judge and LLM as rewriter components on the de-
velopment set performance. We rely on additional
metrics for further examination of our approach. Ta-
ble 2 compares the configurations with and without
these LLM components across all models.

First, studying the effect of the rewriter, models
with an LLM as rewriter achieve, on average, higher
true positives (272.5 vs 289 w/o judge and 214.3 vs
222.8 w/ judge) and higher recall (0.79 vs 0.82, and

0.58 vs 0.61 for configuration w/o and w/ judge, re-
spectively). These results suggest that rewriting
effectively leverages LLM parametric knowledge to
extract correct factual information. However, the
expansion of the input context also leads to a sub-
stantial increase in false positives, i.e. cases where
the correct value is unknown but the LLM as an ex-
tractor incorrectly assigns a value. This increase
in false positives penalizes the macro-F1 score.

Second, analyzing the effect of LLM as a judge,
our results show that applying this component con-
sistently reduces true positives by at most 30%, yet
achieves a reduction in false positives up to 92%,
resulting in higher precision across all configura-
tions. This suggests that LLM as a judge promotes
a more conservative prediction strategy, improv-
ing the faithfulness of the extracted answers to the
source text, which is a desirable behavior in sensi-
tive domains such as healthcare.

6. Conclusion

In this paper, we described our system approach for
the automated CRF filling from clinical notes, in the
context of the CRF Filling 2026 shared task. Our
framework combines three open-weight LLMs con-
taining: an LLM as rewriter, an LLM as an extractor,
and an LLM as a judge, the latter responsible for
filtering out predictions unsupported by the clini-
cal note. Our analysis showed that rewriting clin-
ical notes prior to extraction effectively leverages
the parametric knowledge of LLMs, recovering a
higher number of correct factual values. However,
this comes at the cost of increased false positives,
as the expanded context encourages the model
to assign values even when the answer should be
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unknown. The LLM as a judge addresses this limita-
tion by adopting a conservative prediction strategy,
improving precision while reducing the true posi-
tives. Our complete framework achieves a score
of 0.64 in terms of macro-F1 on the development
set, confirming the complementary role of each
component.
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Abstract

In this paper, we present the technical report on the CL4Health 2026 Shared Task on Case Report Form (CRF)
filling for our team Innov8rs. The paper explains the complete development of our system for the CL4Health
2026 Shared Task. We describe every phase of our system – from initial catastrophic failures with small
models producing over 4, 800 false positives, through prompt engineering breakthroughs, to our final multi-LLM
ensemble combining Gemini 2.5 Flash and Llama 3.3 70B with dynamic TF-IDF-based few-shot retrieval. The
main contribution of this work is a data-driven precision filter that suppresses predictions for CRF items with
historically high false-positive rates. This single intervention reduced false positives from 816 to 171 on the
English development set, boosting macro-F1 from 0.541 to 0.703. We document the engineering challenges of
multi-API-key rotation across 11 Google API keys and 2 Groq keys, the design of four distinct ensemble strategies, and
the critical analysis of why development-calibrated filters suffered from distribution shift on test data (final test F1: 0.47).

Keywords: Large Language Model, Few-Shot Prompting, Clinical NLP, Information Extraction, Hallucina-
tion Suppression, Model Ensembling, Precision Filtering

1. Introduction

The automated extraction of structured clinical vari-
ables from unstructured patient notes is a cor-
nerstone of modern medical informatics, enabling
secondary use of health data for epidemiological
research, quality improvement, and clinical trial
screening. The CL4Health 2026 Shared Task on
Case Report Form (CRF) filling presents a particu-
larly challenging scenario: participants must predict
the value of 134 discrete medical items – spanning
binary conditions, categorical states, vital sign inter-
pretations, and free-text laboratory measurements
– from Italian and English emergency department
clinical notes documenting patients presenting with
dyspnea (Ferrazzi et al., 2026b; Kaczmarek et al.,
2026; Ferrazzi et al., 2025, 2026a).

The main challenge of this task is information
absence. In any individual clinical note, the vast
majority of the 134 CRF items are never mentioned.
The correct prediction for an unmentioned item is
“unknown". This creates an extreme class imbal-
ance problem: the ground truth is dominated by
“unknown" values, and the scoring metric (macro-
averaged F1 across exact string matches) heavily
penalizes false positives – predictions of a definite
value when the ground truth is “unknown".

Large Language Models (LLMs) (Lee et al.,
2020), while remarkably capable at extracting ex-
plicitly stated facts, exhibit a persistent and danger-
ous bias: they hallucinate affirmative answers (Xu
et al., 2024; Maynez et al., 2020). When prompted
to determine whether a patient has epilepsy from

a note that never mentions epilepsy, LLMs consis-
tently predict “n” (No) rather than “unknown”. This
behavior, which we term the completion bias, is
rooted in the instruction-tuning objective that re-
wards helpful, complete responses.

For example, in case of clinical information ex-
traction, this bias is catastrophic. For the item preg-
nancy, the correct answer is “unknown” (the note
says nothing about pregnancy). However, every
small model we tested predicted “n” (No), inferring
a negative from absence. For SpO2, the correct an-
swer is “95%” (the actual value), but weaker models
predicted “measured” (a valid but less informative
option). For heart rate, the model must interpret
the raw number 110 against clinical thresholds and
predict “tachycardic” (HR > 100).

Our contributions include: (1) a multi-provider
extraction framework supporting OpenAI, Google,
Anthropic, and Ollama; (2) a Schema Registry
implementing strict constrained decoding against
134 valid option sets; (3) dynamic few-shot exam-
ple retrieval using TF-IDF cosine similarity over a
2, 667-note silver corpus; (4) a multi-API-key rota-
tion framework managing 11 keys for throughput
maximization; (5) four distinct ensemble strategies
across model outputs; and (6) a data-driven preci-
sion filter achieving our breakthrough result.

Rest of the paper describes task description and
data normalization in section 2. In section 3, we
describe system architecture. The precision filter
is discussed in section 4, and ensemble strategies
is discussed in section 5. In section 6, the analysis
of results is discussed, and finally in section 7, we
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conclude the paper.

2. Task Description and Data
Normalization

Given a clinical note d from an emergency depart-
ment visit, the system must output predictions for
all N = 134 predefined CRF items. Each item i has
a fixed set of valid values Vi and a special value
“unknown”.

2.1. Schema Analysis and Constrained
Normalization

We built a Schema Registry by parsing the pro-
vided valid_options_train.json. The mod-
ule classified items into five types based on their
valid option sets:

• Binary (e.g., epilepsy, pregnancy): {“y”, “n”}.
Highest false-positive risk because LLMs de-
fault to “n” for unmentioned items.

• Categorical (e.g., heart rate): {“tachycardic”,
“bradycardic”, “normocardic”}. Requires medi-
cal reasoning from raw numbers.

• Chronic conditions (e.g., chronic pulmonary
disease): {“certainly active”, “possibly active”,
“resolved”}.

• Free-text/numeric (e.g., SpO2, creatinine):
Any numeric string (“95%”, “1.2”). Must extract
actual values, not placeholders.

• Lab status: Both “measured” and actual val-
ues valid.

The normalization layer performed case-
insensitive matching against valid options.
Predictions not matching any valid option were
coerced to “unknown”, preventing format-based
scoring penalties.

Algorithm 1 Dynamic Few-Shot Example Selection
1: Offline: Index silver standard notes S =
{s1, . . . , sM} with TF-IDF (max 10, 000 features,
English stop words removed)

2: Compute TF-IDF matrix T ∈ RM×F

3: for each test note d do
4: q ← TF-IDF(d) ▷ Query vector
5: simj ← cos(q,T j) ∀j ∈ [1,M ]
6: top3← argsort(sim)[−3 :]
7: Inject {sj : j ∈ top3} with their silver anno-

tations as few-shot examples into prompt

3. System Architecture

Our final system consisted of four sequential stages
each developed iteratively through failure analysis.

At first, TF-IDF retrieval is done, where top-3 sil-
ver notes are used. After the retrieval, V3 system
prompt and dynamic few shot example is done.
Output is extracted through LLMs, schema normal-
ization is done. Using the conservative strategy, the
ensemble merging is done. Finally the precision
filter is done.

3.1. Prompt Engineering: Three
Iterations

Our prompts evolved through three major versions,
each addressing specific failure modes.

V1 (Baseline): A minimal system prompt in-
structing the LLM to extract CRF values. No guid-
ance on handling missing information. Result: mas-
sive hallucination (> 4, 800 FP on 80 patients).

V2 (Open World Assumption): Added explicit
instructions: “’unknown’ is the default value. Use
when the text doest not mention the item at all. Do
not assume ‘n’ just because an item is missing.”
Result: FP dropped 80% (to 916) but remained too
high.

V3 (Targeted FP Suppression + Clinical
Rules): Our best prompt (69 lines) incorporated
three innovations: (a) Explicit error examples for the
top 9 hallucinated binary items (pregnancy, trauma,
thoracentesis, homelessness, pacemaker, CPR,
chest pain, pneumothorax), each with the instruc-
tion: “If not mentioned, output ‘unknown’, NOT ‘n’.”
(b) Lab value extraction rules forbidding the generic
“measured” placeholder: “For SpO2: Extract the
actual percentage value (e.g., ‘95%’). Do not out-
put ‘measured’.” (c) Vital sign interpretation thresh-
olds: BP ≥ 140/90→ “hypertensive”, HR > 100→
“tachycardic”, Temp > 38◦C→ “hyperthermic”, RR
> 20→ “tachypneic”.

3.2. Dynamic Few-Shot Retrieval
Static few-shot examples cannot represent the
diversity of 2, 667+ clinical presentations (Brown
et al., 2020; Rubin et al., 2022). We implemented
retrieval-augmented in-context learning for English:
for Italian, the silver standard IDs did not align with
the clinical notes corpus. We selected three static
examples from the gold and synthetic training sets,
prioritizing notes with the most diverse positive pre-
dictions.

3.3. Multi-API-Key Rotation
Processing 200 test notes with prompts exceeding
6, 000 tokens triggered severe rate limiting. We en-
gineered a KeyRotator class managing 11 Gem-
ini (Team et al., 2023) and 2 Groq keys:

In practice, all 11 Gemini keys exhausted within
15 − 20 minutes, yielding ∼50 test notes per cy-
cle. When Groq’s llama-3.3-70b-versatile
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Algorithm 2 Multi-Key Rotation Strategy
1: Initialize clients C = {c1, . . . , c11}, exhausted

set E = ∅
2: for each test note d do
3: while extraction not successful do
4: if |E| = |C| then
5: Wait 60s, reset E ← ∅
6: k ← next key /∈ E
7: result← Extract(ck, d, prompt)
8: if HTTP 429 or quota error then
9: E ← E ∪ {k}, Continue

10: else
11: Save result, Break

hit its 100K TPD limit, the script parsed the sug-
gested retry time from the error message (e.g., “try
again in 38m15s”) and slept accordingly.

4. The Precision Filter: Our Key
Contribution

The 816 FP from Gemini 2.5 Flash were not ran-
domly distributed. Computing per-item precision:

Precisioni =
TPi

TPi + FPi
(1)

revealed a stark bimodal distribution: 34 items
had precision ≥ 0.33 (reliably extracted), while 100
items had precision < 0.33 (dominated by false
positives). Many items had precision of exactly 0.0
– every single prediction was wrong. For example:

• Abdominal pain: TP = 0, FP = 23, Precision
= 0.0

• Phlebotomy: TP = 0, FP = 18, Precision = 0.0

• Respiratory failure: TP = 0, FP = 29, Precision
= 0.0

These items represented conditions that the LLM
always inferred from indirect contextual clues (e.g.,
predicting “respiratory failure” whenever a patient
presented with dyspnea) but were almost never
explicitly confirmed in the ground truth.

Threshold τ Items Kept TP FP F1
0.0 (no filter) 134 352 816 0.541

0.1 62 332 298 0.654
0.2 49 321 226 0.672
0.33 34 305 171 0.703
0.4 29 286 129 0.689
0.5 24 259 96 0.668

Table 1: English Dev F1 Across Precision Filter
Thresholds.

The best threshold was found to be τ = 0.33
(Table 1). Using this threshold, the filter removed
645 false positives (reducing them from 816 to 171)

while losing only 47 true positives (from 352 to
305). As a result, the macro-F1 score increased
from 0.541 to 0.703, which corresponds to a 30%
relative improvement achieved through a single
post-processing step.

A similar trend was observed on the Italian devel-
opment set. Applying the same method improved
the F1 score from 0.500 to 0.683, reducing 640
false positives while losing only 39 true positives.

Table 2 isolates the contribution of each compo-
nent.

Config. TP FP FN F1
English Dev
V1 + Flash Lite 317 4814 22 0.355
+ V2 Prompt 280 916 55 0.465
+ V3 Prompt 306 616 52 0.496
+ 2.5 Flash 352 816 17 0.541
+ Prec. Filter 305 171 83 0.703
Italian Dev
V1 + Flash Lite 315 6006 13 0.302
+ V2 Prompt 261 1584 77 0.434
+ 2.5 Flash 318 802 14 0.500
+ Prec. Filter 279 162 108 0.683

Table 2: Cumulative Contribution of Each Compo-
nent

The precision filter alone accounts for more
F1 improvement (+0.162) than model upgrade
(+0.045), prompt V3 (+0.031), and prompt V2
(+0.110) combined.

5. Ensemble Strategies for Test
Submission

For the test set, we had Gemini 2.5 Flash pre-
dictions for 49/200 notes and Llama 3.3 70B for
200/200. We designed four ensemble strategies:

S1 – Consensus: Keep a prediction only when
both models give the same non-“unknown” answer.
If they disagree, the output is set to “unknown”.
This approach focuses on improving precision by
requiring agreement between the two models.
S2 – Groq-Only: Use predictions only from Llama
3.3 70B. This acts as a baseline with full coverage.
S3 – Gemini-First: Use Gemini predictions when
they are available (for 49 notes), and use Groq pre-
dictions for the remaining 151 notes. This strategy
gives priority to the stronger model when possible.
S4 – Conservative (Best Performer): For notes
where both models provide predictions, if Gemini
outputs “unknown”, the final result is also set to
“unknown”, even if Groq predicts something else. If
both models give non-“unknown” predictions, Gem-
ini’s prediction is used. For notes where Gemini
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predictions are not available, Groq’s predictions are
used as they are.

Test Submission Macro-F1
S2: Groq-Only 0.46
S3: Gemini-First Merge 0.45
S4: Conservative Ensemble 0.47
Pure Gemini (49/200 coverage) 0.47
Conservative + Precision Filter 0.46

Table 3: Test set scores across submission strate-
gies.

The Gemini-First merge (S3) scored lower than
Groq-Only (S2), suggesting that Gemini introduced
false positives on the notes it covered. The Conser-
vative strategy (S4) mitigated this by using Gemini
primarily as a filter rather than a source.

6. Analysis and Discussion

The most significant finding is the gap between
development (0.703) and test (0.47) performance.
More counterintuitively, applying the dev-calibrated
precision filter to test predictions decreased the
score from 0.47 to 0.46.

This exposes a fundamental limitation of post-
hoc data-driven filtering: the 100 items blacklisted
(based on dev precision) may represent genuine
clinical findings present in Test patients but absent
from the 80 dev patients. With only 80 calibration
samples, per-item precision estimates are inher-
ently unstable. Items with 0 TP and 5 FP on the
Dev set might have 3 TP and 2 FP on the Test set –
but our filter would suppress all 3 true positives.

6.1. Model Scaling Effects

A notable observation: the worst models produced
the most non-unknown predictions (∼60/note for
Flash Lite) while the best models produced the
fewest (6–10/note for Gemini 2.5 Flash). This in-
verse relationship between extraction density and
quality confirms that conservatism is the dom-
inant strategy in sparse extraction tasks under
macro-F1 evaluation.

6.2. Key Takeaways

From the results, it is noticed that scaling model in
terms of parameters, but is not always sufficient. It
is also seen that, the precision filter (+0.162 F1) con-
tributed more than all prompt iterations combined
(+0.141 F1). However, it requires representative
calibration data. With < 100 calibration patients,
item-level statistics do not generalize robustly.

7. Conclusion

The CRF-filling experiment demonstrated that mod-
ern LLMs exhibit a strong completion bias when
extracting sparse clinical information, requiring sig-
nificant engineering efforts to mitigate it. Start-
ing from an initial baseline that produced 4,814
false positives, our iterative pipeline—incorporating
prompt engineering, larger model variants, dy-
namic retrieval mechanisms, and statistical filter-
ing—reduced development false positives by 96%
and improved the English development macro F1
score from 0.355 to 0.703. However, the discrep-
ancy between development performance (0.703)
and test performance (0.47) indicates the impor-
tance of more distribution-robust post-processing
strategies. Future research should investigate: (1)
instruction fine-tuning approaches, such as DPO
or RLHF, that explicitly encourage an “unknown”
response preference to address completion bias
at the model level; (2) item-level confidence cali-
bration based on generation probabilities; and (3)
cross-validated precision estimation using boot-
strap sampling to derive more reliable and gen-
eralizable item-level filtering methods.
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Abstract
This paper describes the submission by Team Aurum to the CL4Health @ LREC 2026 Shared Task on Case Report
Form (CRF) Filling from dyspnea patient clinical notes. Extracting 134 structured clinical fields using a single Large
Language Model (LLM) call often leads to schema-following errors, hallucination, and poor attention over complex
instructions. To address this, we propose a modular extraction pipeline built with DSPy, which decomposes the
massive CRF schema into 14 specialized, manually designed domain extractors (e.g., Medical History, Lab Values,
Acute Diagnoses). Using Chain-of-Thought reasoning and strict Pydantic-typed validation with the Qwen3-Max
(Thinking) model, our pipeline achieved an official Codabench Test Macro-F1 score of 0.68 in English and 0.67 in
Italian, securing the 1st place ranking overall in the shared task. Through rigorous manual error analysis and iterative
prompt optimization, we demonstrate that establishing explicit instruction boundaries between “not mentioned”
(None) and “explicitly absent” (False) is critical for clinical information extraction, and that architectural modularity
yields higher performance gains than simply scaling model parameters.

Keywords: Case Report Form, Clinical Information Extraction, Large Language Models, DSPy, Multilin-
gual NLP

1. Introduction

The extraction of structured clinical variables from
unstructured electronic health records (EHRs) is a
foundational task in medical informatics, enabling
downstream applications such as cohort selection,
predictive modeling, and clinical trial matching (Wu
et al., 2023). To support this, robust datasets are
essential (Johnson et al., 2016). Recently, signifi-
cant efforts have targeted the conversion of anno-
tated clinical cases into structured data (Ferrazzi
et al., 2025), including the automatic filling of Case
Report Forms (CRFs) directly from emergency de-
partment notes (Kaczmarek et al., 2026).

Building upon this foundation, the CL4Health
2026 CRF:Filling shared task (Ferrazzi et al.,
2026b) challenges systems to automatically ex-
tract 134 fields across English and Italian clinical
notes describing patients presenting with dyspnea.

While Large Language Models (LLMs) have
demonstrated remarkable capabilities in clini-
cal text understanding (Singhal et al., 2023;
Thirunavukarasu et al., 2023), the primary chal-
lenge of this task lies in the massive output schema
and the strict semantic distinction between an ex-
plicitly negated clinical finding and an unmentioned
one. Initial monolithic approaches, attempting to
extract all 134 fields in a single LLM prompt, proved
brittle. Models exhibited a strong tendency to hal-
lucinate schema structures (Ji et al., 2023) and
over-reason, inferring diagnoses from symptoms
rather than strictly extracting what was explicitly

stated by the clinician (Lyu et al., 2023).
To overcome these challenges, we developed a

highly modular, language-agnostic pipeline pow-
ered by the DSPy framework (Khattab et al., 2023).
We partitioned the 134 fields into 14 distinct ex-
tractors, utilizing Qwen3-Max (Thinking) (Bai et al.,
2023) coupled with step-by-step reasoning. This
paper details our pipeline architecture, prompt opti-
mization methodology, results, and comprehensive
error analysis.

To facilitate reproducibility and further research,
the complete source code, DSPy module defi-
nitions, and inference scripts are made publicly
available on github at https://github.com/
vinayulli/crf-lrec-sharedTask.

2. Methodology

2.1. Modular Extractor Architecture

Instead of relying on a single monolithic LLM call,
which has been shown to degrade attention over
long contexts and complex instructions (Liu et al.,
2024b), we decomposed the CRF into 14 special-
ized extractors. We manually designed these cate-
gories based on clinical domain expertise and the
natural semantic groupings of the target variables.
This approach isolates semantic domains, allowing
the LLM to focus on specific sections of the clinical
note with targeted instructions (Zhou et al., 2022).

Figure 1 illustrates the overall data flow and archi-
tecture of our proposed system. An unstructured
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Figure 1: Architecture of the modular DSPy extraction pipeline, illustrating the parallel data flow from the
raw clinical note to the final 134-field structured CRF.

clinical note is passed simultaneously to the 14 par-
allel extractors. Within each extractor module, the
input is processed by a specialized DSPy signature
combined with domain-specific prompt constraints.
The Qwen3-Max model then applies step-by-step
reasoning to extract the target variables, which
are subsequently validated and type-cast using Py-
dantic schemas. Finally, a programmatic merger
aggregates the validated fields from all 14 modules
into the unified 134-field CRF JSON object.

The complete mapping of the 14 extractors to
their corresponding 134 clinical features is detailed
in Table 1.

Each extractor is implemented as a strongly-
typed DSPy Signature. The output is strictly con-
strained using Pydantic (Colvin et al., 2023) sub-
models, where all fields are typed as Optional
and default to None (representing “unknown” or
“not mentioned”).

2.2. Chain-of-Thought and Reasoning

For each signature, we utilized
dspy.ChainOfThought. Before outputting
the structured JSON, the model is prompted to
generate a reasoning trace. This forces the model
to sequentially locate explicit mentions in the
text before assigning a boolean or categorical
value, significantly reducing hallucination (Kojima
et al., 2022). The 14 extractors run sequentially
over each clinical note, and their outputs are
programmatically merged into a unified 134-field
object.

2.3. Prompt Engineering and Constraints

Initial experiments (Prompt v1) revealed a mas-
sive class of false positives (420 FPs in the dev

set). The root cause was the model’s inductive bias
to interpret the absence of a mention as a defini-
tive negative (False), a well-documented issue
in LLM-based zero-shot extraction (Zheng et al.,
2023).

To correct this, we implemented Prompt v2 via
iterative manual refinement (Chen et al., 2023).
We injected explicit instruction boundaries into the
DSPy docstrings. For example, the v2 prompt for
Acute Diagnoses explicitly stated:

CRITICAL RULES: None means the con-
dition is NOT MENTIONED AT ALL. This
is the DEFAULT. False means the note
EXPLICITLY STATES the condition is ab-
sent (e.g., "no pneumothorax"). Do not
infer any diagnosis from symptoms alone.

Furthermore, to ensure structured outputs, we
constrained the generation using Pydantic Enum
classes. For instance, categorical fields like
blood pressure were restricted to exact string
literals ("normotensive", "hypertensive",
"hypotensive"). If the model’s Chain-of-
Thought reasoning failed to map to these strict
categories, the system safely fell back to None.

2.4. Zero-Shot Multilingual Transfer

Rather than employing translation steps or
language-specific pipelines, which can introduce
compounding translation errors (Conneau et al.,
2020), we relied on the native multilingual align-
ment of modern foundation models (Devlin et al.,
2019; Lin et al., 2022). This zero-shot transfer is
particularly crucial given the specific terminologi-
cal nuances and challenges of performing medical
NLP natively in Italian (Ferrazzi et al., 2026a). The
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Extractor (# Fields) Extracted Features

Medical History (22) chronic pulmonary disease, chronic respiratory failure, chronic cardiac failure,
chronic renal failure, chronic metabolic failure, chronic rheumatologic disease,
chronic dialysis, active neoplasia, cardiovascular diseases, diffuse vascular dis-
ease, dementia, neurodegenerative diseases, neuropsychiatric disorders, periph-
eral neuropathy, epilepsy/epileptic seizure, known history of epilepsy, history of
alcohol abuse, history of drug abuse, history of allergy, history of recent trauma,
immunosuppression, pregnancy

Lab Values (19) hemoglobin, leukocytes, platelets, creatinine, blood glucose, blood potassium,
blood sodium, blood calcium, c-reactive protein, d-dimer, troponin, bnp or nt-pro-
bnp, transaminases, serum creatinine kinase, inr, lactates, blood alcohol, blood
drug dosage, urine drug test

Acute Diagnoses (16) pneumonia, ab ingestis pneumonia, pulmonary embolism, pneumothorax, acute
coronary syndrome, heart failure, acute pulmonary edema, cardiac tamponade,
aortic dissection, arrhythmia, severe anemia, intoxication, respiratory failure,
asthma exacerbation, copd exacerbation, covid 19

Treatments (14) administration of oxygen/ventilation, administration of bronchodilators, admin-
istration of diuretics, administration of fluids, administration of steroids, blood
transfusions, cardio-pulmonary resuscitation, performance of thoracentesis, pal-
liative care, antihypertensive therapy, anticoagulants or antiplatelet drug therapy,
antiepileptic therapy already in place, poly-pharmacological therapy, compliance
with antiepileptic therapy

Imaging & Diagnostics (13) chest rx, chest ct scan, abdomen ct scan, brain ct scan, brain mri, cardiac ultra-
sound, thoracic ultrasound, compression ultrasound (cus), ecg, ecg monitoring,
eeg, pulmonary scintigraphy, gastroscopy (all evaluated for the presence of any
abnormalities)

Epilepsy Assessment (11) tonic-clonic seizures, further seizures in the ed, first episode of epilepsy, stiffness
during the episode, eye deviation during the episode, pale skin during the episode,
drooling during the episode, tongue bite, drowsiness confusion disorientation
as postcritical state, duration of the patient’s unconsciousness, duration of the
patient’s consciousness recovery

Current Presentation (10) presence of dyspnea, presence of respiratory distress, chest pain, agitation, blood
in the stool, foreign body in the airways, general condition deterioration, head or
other districts trauma, hemorrhage, concussive head trauma

Vital Signs (7) blood pressure, heart rate, body temperature, respiratory rate, spo2, level of
consciousness, level of autonomy (mobility)

Syncope Assessment (7) situational syncope, tloc during effort, tloc while supine, supine-to-standing systolic
blood pressure test, carotid sinus massage, presence of prodromal symptoms,
situation description

Arterial Blood Gas (4) ph, pao2, paco2, hco3-

Social Context (4) living alone, homelessness, need but absence of a caregiver, problematic family
context

Infection Screening (3) influenza and various infections, sars-cov-2 swab test, neurologist consultation

Devices (2) presence of pacemaker, presence of defibrillator

Outcome (2) improvement of dyspnea, improvement of patient’s conditions

Table 1: Mapping of the 14 DSPy extractors to their corresponding 134 clinical features.

exact same English DSPy signatures and prompts
were applied directly to the Italian clinical notes.

3. Experimental Setup

Dataset: Our pipeline was developed and evalu-
ated using the official CL4Health dataset, consist-

ing of 80 Development documents and 200 Test
documents per language (English and Italian) (Fer-
razzi et al., 2026b). Evaluation on the test set was
performed using the official Codabench Macro-F1
scorer (Xu et al., 2022). For our local development
set evaluations, we calculated the Macro-F1 scores
using the official evaluation script provided by the
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organizers.1

Models evaluated: We evaluated 7 different
foundation models during the development phase.
These included Qwen3-Max (Thinking), Qwen3-8B
(Bai et al., 2023), GPT-4o, GPT-4o-Mini (Achiam
et al., 2023), Llama-4-Maverick (Touvron et al.,
2023), and Gemma-3-12B-IT (Team et al., 2024)
and Deepseek V3(Liu et al., 2024a).

4. Results

4.1. Development Set Evaluation

Table 2 reports the Macro-F1 scores obtained
by various LLMs on the development set. We
evaluated several multilingual foundation mod-
els, including Llama4 Maverik, GPT-4o, GPT-4o
Mini, DeepSeek-V3, Gemma-3-12B-Instruct, and
Qwen-series models. Among the evaluated mod-
els, Qwen3-Max (Thinking) with the optimized v2
prompts achieved the best performance on the En-
glish development set with a Macro-F1 score of
0.70, improving from 0.67 with the initial v1 prompt.
GPT-4o achieved 0.68 on English and 0.65 on Ital-
ian, while GPT-4o mini produced comparable re-
sults (0.67 EN / 0.65 IT). The few-shot GPT-4o con-
figuration slightly underperformed the zero-shot
setup (0.65 EN / 0.63 IT). DeepSeek-V3 demon-
strated strong multilingual performance, achiev-
ing 0.66 on English and 0.67 on Italian. Smaller
models such as Qwen3-8B achieved competitive
performance on English (0.67) despite having sig-
nificantly fewer parameters.

Model Name Prompt English Italian

Llama-4-Maverick v2 0.58 0.58
GPT-4o v2 0.68 0.65
GPT-4o few shot (3) v2 0.65 0.63
GPT-4o-mini v2 0.67 0.65
Qwen3-Max (Thinking) v1 0.67 0.66
Qwen3-Max (Thinking) v2 0.70 0.69
Qwen3-8B v2 0.67 0.60
DeepSeek-V3 v2 0.66 0.67
Gemma-3-12B-Instruct v2 0.62 0.60

Table 2: Development set Macro-F1 scores across
different foundation models. The Qwen3-Max
(Thinking) model with v2 prompts achieved the
highest performance in both languages.

4.2. Official Test Set Results

Based on dev set performance, we selected
Qwen3-Max (Thinking) with v2 prompts for our pri-
mary test submissions. As shown in Table 3, the

1https://github.com/hltfbk/
CRF-filling-CL4Health2026

system demonstrated excellent language transfer,
with only a marginal 0.01 F1 drop when applied
zero-shot to the Italian test set.

Language Macro-F1

English (EN) 0.68
Italian (IT) 0.67

Table 3: Official Test Set Results.

5. Error Analysis

To understand the limitations of LLMs in clinical
CRF extraction, human annotators from our team
conducted a rigorous manual error analysis on
the development set predictions, identifying four
primary root causes:

1. “None” vs “False” Confusion (Over-
prediction): In v1, ∼80% of all false positives
stemmed from the model extracting False when
a condition was simply not mentioned. While v2
prompts reduced FPs massively (from 420 down
to 256), the model occasionally overcorrected, be-
coming too conservative and generating false neg-
atives (increasing from 76 to 95) on genuinely ab-
sent conditions.

2. Unwarranted Clinical Inference: The Chain-
of-Thought methodology occasionally harmed ex-
traction by mimicking clinical diagnosis. For ex-
ample, if an ECG showed an abnormality, the
model inferred arrhythmia = True even if the
clinician never explicitly documented the diagnosis.
The strict ground truth standard clashes with the
model’s natural diagnostic reasoning abilities.

3. Lab Value Format Mismatches: Because
evaluation relies on exact string matching, varia-
tions in formatting severely penalized the system,
a known limitation of lexical evaluation metrics in
NLP (Kamalloo et al., 2023). For instance:

• GT: Hb 12 | Pred: 12 (Error: Missing prefix)

• GT: 24530 | Pred: WBC 24530 (Error: Added
prefix)

• GT: 149 | Pred: 14.9 (Error: Unit conversion)

Instructing the model to "strip all labels" improved
precision on some notes but generated errors on
others where ground truth inconsistently retained
labels.

6. Conclusion

our submission demonstrates that modularity is es-
sential when extracting large, complex CRFs using
LLMs. By breaking 134 fields into 14 distinct DSPy
extractors and utilizing the reasoning capabilities
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of Qwen3-Max, we achieved highly competitive
Macro-F1 scores of 0.68 (EN) and 0.67 (IT). Our
analysis highlights that the true frontier in clinical in-
formation extraction is not merely increasing model
size, but strictly bounding model reasoning to distin-
guish between implicit absence and explicit clinical
negation, alongside overcoming the brittleness of
exact-string matching evaluations.

7. Limitations

While our modular pipeline achieved state-of-the-
art results, it introduces higher computational over-
head and inference latency compared to a mono-
lithic approach, as it requires 14 parallel LLM calls
per clinical note. Additionally, the system’s perfor-
mance is bottlenecked by the exact-string match-
ing evaluation metric, which occasionally penalizes
clinically valid formatting variations (e.g., predicting
“14.9 g/dL” instead of “149”). Finally, severe data
sparsity in certain CRF domains (e.g., Syncope
and Outcome) makes it difficult to reliably evaluate
the model’s true extraction capabilities for those
specific fields.

8. Ethics Statement

This research utilizes de-identified clinical data pro-
vided by the CL4Health 2026 organizers, strictly
preserving patient privacy. Because Large Lan-
guage Models remain susceptible to hallucinations
and incorrect medical inferences, our extraction
pipeline is designed solely as an assistive tool for
retrospective data structuring. It is not a substi-
tute for human clinical judgment. Any real-world
deployment of this system must incorporate ro-
bust human-in-the-loop validation to ensure patient
safety and data integrity.
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Abstract
The extraction of structured clinical information from unstructured EHR notes is a persistent bottleneck in healthcare
informatics. While large language models (LLMs) offer high performance, their deployment in clinical settings
is hindered by privacy risks, inference costs, and the tendency to hallucinate beyond textual evidence. We
address these challenges for the CL4Health 2026 Case Report Form (CRF) filling task by proposing a fully local,
domain-adapted pipeline using the MedGemma-27B model. Our two-stage architecture, which separates binary
presence classification from value extraction, enforces strict adherence to textual evidence and ensures deterministic
outputs for negated, uncertain, or unknown states. By leveraging item-specific, few-shot in-context learning without
external API calls or fine-tuning, our approach achieves a macro-F1 score of 0.55 on the official English test track.
This result secures second place among all locally-hosted, open-source submissions. Our work demonstrates that
privacy-preserving, on-premise LLM pipelines can achieve near-competitive performance with proprietary frontier
models, providing a practical, data-sovereign framework for clinical NLP.

Keywords: Clinical NLP, Large Language Models, Case Report Forms, Few-Shot Learning, Local LLMs

1. Introduction

The extraction of structured clinical information from
unstructured free-text notes remains a persistent
bottleneck in healthcare informatics. Electronic
health records (EHRs) contain rich patient narra-
tives generated in high-volume settings such as
emergency departments, yet converting these nar-
ratives into standardized, research-grade formats
requires laborious manual review by clinicians or
trained abstractors. Case Report Forms (CRFs) ex-
emplify this challenge: they are predefined, study-
specific instruments that demand consistent encod-
ing of dozens of variables (e.g., comorbidities, vital
signs, laboratory values, symptom chronicity) for
each patient. The CRF Filling shared task (Fer-
razzi et al., 2026) at the CL4Health 2026 workshop
directly addresses this pain point by asking partici-
pants to automatically populate a CRF for dyspnea
patients seen in emergency departments, using
only clinical notes written in English or Italian. Suc-
cess in the task would accelerate observational
research, reduce documentation burden, and en-
able real-time, patient-friendly summarization.

While traditional rule-based and supervised clin-
ical information extraction systems achieve high
precision in narrow domains, they lack the scala-
bility and zero-shot flexibility required for diverse
clinical settings. Large language models accessed
via commercial APIs offer impressive flexibility yet
introduce critical drawbacks in real-world deploy-
ment, such as privacy and regulatory risks when
sensitive patient data leave institutional firewalls,

†These authors contributed equally to this work.

prohibitive inference costs and latency at scale, and
uncontrolled hallucinations or assumption-making
that violate the strict “do not infer beyond the text”
requirement of CRF filling.

Our submission closes these gaps through a fully
local, domain-adapted LLM pipeline that requires
only the official training set for few-shot guidance.
By leveraging the open-weight MedGemma-27B
model (Sellergren et al., 2025), we guarantee data
sovereignty and HIPAA/GDPR compliance while
maintaining clinical-domain knowledge that generic
models lack. The two-stage architecture, presence
classification followed by value extraction, com-
bined with engineered prompts and per-item few-
shot exemplars, enforces strict adherence to the
text and eliminates extraneous output. This design
is both novel for the shared task and practically
deployable in hospital environments. In summary,
our core contributions are: (1) an applied demon-
stration of using a locally hosted medical LLM for
CRF filling under strict privacy constraints; (2) a
reusable, classification-then-extraction prompting
framework that handles binary presence detection,
categorical selection, and continuous “measured”
values within a single inference pass; and (3) an ef-
ficient, zero-training implementation that achieves
competitive performance in the English track while
respecting the task’s emphasis on minimal super-
vision.

2. Related Work

Large Language Models (LLMs) have established
few-shot prompting as a powerful paradigm for clin-
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Figure 1: Overview of the two-stage classification-then-extraction pipeline. For each clinical note and
CRF item, the system first determines presence via a classification prompt. If the presence is confirmed,
the system proceeds to the Value Extraction Stage to output the specific categorical or measured value.
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Figure 2: Label distribution of the training set across
the four item types. The dataset exhibits a severe
class imbalance, with "unknown" representing the
vast majority of labels, emphasizing the challenge
of minimizing false positives during extraction.

ical information extraction under low-resource con-
straints. Agrawal et al. (2022) demonstrated that
models such as InstructGPT can achieve strong
zero- and few-shot performance on clinical en-
tity and relation extraction tasks directly from un-
structured notes, relying solely on in-context exam-
ples without any fine-tuning. This approach aligns
closely with the CL4health CRF-filling requirements,
where systems must respect strict textual evidence,
handle negations and uncertainty, and output de-
terministic values across multiple predefined items.

Further research has addressed the critical need
for privacy-preserving deployment, focusing on fully
local, open-source LLMs. Wiest et al. (2024) intro-

duced LLM-AIx, an on-premise pipeline based on
Llama 2 that extracts structured information from
clinical free text while keeping all patient data within
institutional infrastructure. This line of work was
extended by Builtjes et al. (2025), who showed
that open-source generative LLMs deliver viable
zero-shot performance on clinical extraction bench-
marks in resource-constrained and multilingual
settings, and by Richter-Pechanski et al. (2025),
who achieved new state-of-the-art results on end-
to-end medication information extraction through
lightweight fine-tuning of local models on both En-
glish and German corpora.

Domain-specialized medical LLMs have further
bridged the gap between general-purpose models
and clinical precision. MedGemma-27B (Seller-
gren et al., 2025), specialized on medical text, has
established leading performance on clinical rea-
soning and extraction benchmarks while remaining
fully open-weight and locally deployable. Our two-
stage classification-then-extraction pipeline lever-
ages exactly this model in a quantized, on-premise
setup, synthesizing the few-shot flexibility shown
by (Agrawal et al., 2022), the privacy guarantees
of local open-source pipelines, and MedGemma’s
domain knowledge into a practical solution for the
CRF-filling shared task.

3. Methodology

3.1. Data

We use the official English-track datasets released
for the shared task (Kaczmarek et al., 2026; Fer-
razzi et al., 2025). The training split contains clini-
cal notes together with gold-standard annotations
structured as a list of dictionaries. The test set
provides the raw clinical notes and document iden-
tifiers required for submission. No synthetic data or
external corpora were added, preserving the low-
resource spirit of the task. Note that Figure 2 shows
a severe class imbalance on a per-sample, per-
CRF-item basis, in which "unknown" dominates.
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Figure 3: Diagram of the CL4Health 2026 CRF-filling leaderboard, split into detection language and open-
vs. closed-weights models. On average, results on the Italian test set yield superior results to the English
subset. Similarly, the use of closed-weights models shows higher Macro-F1 scores on average. Our
method ranks #2 for submissions in English with open-weights models and #17 overall.

3.2. Model

Inference is performed with instruction-tuned
MedGemma-27B (GGUF Q8_K_XL quantization)
with temperature set to 0.

3.3. Pipeline Architecture

The system implements a two-stage, per-document,
per-item loop, as shown in Figure 1. The algorithm
for this approach can be seen in Algorithm 1.

Presence Classification Stage: We construct
10 few-shot examples for each category from the
training. As the training set consists of only 10 sam-
ples, we use each sample to construct a few-shot
example for every category. Then, the ground-truth
labels are binarized to indicate whether the ground-
truth is known (i.e., the answer is "unknown") or
an actual value. For "unknown", we set the binary
label to n and for all other cases to y. A classifi-
cation prompt instructs the model to return exactly
one character (y / n) and includes explicit instruc-
tions on negations and uncertainty. If the model
response is y, we proceed with the Value Extrac-
tion Stage. Otherwise, "unknown" is recorded and
the loop is aborted.

Value Extraction Stage: We construct another
10 few-shot examples using the actual ground-
truth values, which now include the full option and
or "measured" string. If the target item’s option
list begins with "measured", we invoke a special

Algorithm 1 Two-Step LLM Extraction Pipeline (per
document)
Require: Clinical note T , option table O
Ensure: Predictions P
1: P ← ∅
2: for each row r ∈ O do
3: i← r.item
4: opt← r.options

▷ Step 1: Presence classification
5: fsc ← create_few_shot(i)
6: pc ← create_prompt_classification(i, T, fsc)
7: ŷ ← LLM(pc)
8: if ŷ = ‘y’ then

▷ Step 2: Value extraction
9: fsv ← create_few_shot(i,opt)

10: if opt = “measured” then
11: p← prompt_measured(i, T, fsv)
12: else
13: p← prompt_answer(i,opt, T, fsv)
14: end if
15: v̂ ← LLM(p)
16: else
17: v̂ ← “unknown”
18: end if
19: P ← P ∪ {(i, v̂)}
20: end for
21: return P

measured-value prompt to task the model with ex-
tracting the specific value. Otherwise, a categorical
prompt list is invoked, listing all and enforcing one
of the allowed options.
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MedGemma Few-Shot Two-Step Macro-F1 (↑) %-gain (↑) TPR (↑) FPR (↓) FNR (↓)
✓ X X 0.330 + 0.00% 7.35% 92.35% 0.30%
✓ ✓ X 0.572 +73.33% 40.00% 50.46% 9.54%
✓ X ✓ 0.423 +28.18% 26.15% 66.00% 7.85%
✓ ✓ ✓ 0.604 +83.03% 40.56% 44.66% 14.79%

Table 1: Ablations on the internal development set quantifying the impact of the two-stage architecture
and few-shot prompting on performance metrics (Macro-F1, TPR, FPR, and FNR). The baseline is a
zero-shot MedGemma-27B model. Results demonstrate the additive benefits of the two-stage gatekeeping
mechanism, reducing false-positive rates and boosting both recall and overall F1.

4. Results

4.1. Leaderboard Results

Our final submission achieves a macro-F1 score of
0.55 on the official hidden test set of the CL4Health
2026 CRF-filling shared task. As visualized in
Figure 3, this result places us 17th out of 32 to-
tal submissions worldwide. Restricting the view
to the English-only track, we rank 11th out of 22
participants. Most importantly, among the seven
fully local and open-source systems submitted to
the English track, our MedGemma-based pipeline
secures a strong 2nd place, coming within 0.02
macro-F1 of the top local open-source entry (0.57)
while remaining more than 0.13 points behind the
overall winner (a closed-source English system at
0.68). These rankings highlight that our privacy-
preserving, on-premise approach delivers highly
competitive performance without relying on exter-
nal APIs or proprietary models.

4.2. Development Phase Ablations

To justify each design decision, we performed
systematic ablations on an internal development
split derived from the official training set. Start-
ing from a naive zero-shot MedGemma-27B base-
line (macro-F1 = 0.330), simply adding the two-
stage classification-then-extraction architecture in-
creased performance to 0.423, confirming that first
verifying presence before attempting value extrac-
tion substantially reduces false-positive predictions
on absent items. Incorporating item-specific 10-
shot examples without the two-stage design fur-
ther raised the score to 0.572, demonstrating the
critical value of in-context learning. Finally, the
complete pipeline including two-stage prompting
plus few-shot examples reached 0.604 macro-F1
(+0.032 over the few-shot-only variant), proving
that all components act additively. These gains
directly motivated our final architecture and explain
why the same pipeline translated into the strong
leaderboard ranking reported above.

5. Discussion

The leaderboard results (Figure 3) confirm a per-
formance gap between closed-weight and open-
weight models. While proprietary frontier mod-
els maintain advantages in scale and alignment,
our second-place finish among local, open-source
submissions demonstrates that domain-adapted
models like MedGemma-27B can achieve near-
competitive performance while maintaining data
sovereignty: a requirement for clinical deployment.

Ablation studies (Table 1) quantify the additive
benefits of our pipeline. A naive zero-shot base-
line is overly conservative, missing most positive
cases. Integrating few-shot examples provides the
single largest gain, teaching the model to identify
positive evidence. Separately, the two-stage gate-
keeper improves precision by reducing spurious
extractions. Combining both components yields
the optimal error profile, confirming that few-shot
guidance teaches detection while the classification
stage acts as a filter against over-prediction.

Our primary development challenge was miti-
gating false positives, particularly the model’s ten-
dency to over-interpret negated or distant men-
tions as positive evidence. Reliably distinguish-
ing between a ruled-out label and missing infor-
mation remains a known difficulty in clinical NLP.
We addressed this through explicit negation/uncer-
tainty instructions, the two-stage gatekeeper, and
strict output constraints. Despite these improve-
ments, residual false positives remain the primary
bottleneck. Future work will explore lightweight
preference-based alignment, retrieval-augmented
few-shot selection, and ensemble-based uncer-
tainty estimation to further suppress over-confident
extractions without sacrificing recall.

6. Future Work

While our two-stage pipeline provides a privacy-
preserving and efficient alternative to commercial
APIs, several areas of future work remain. First,
future work will explore automated retriever-based
selection to dynamically choose the most relevant
exemplars for each patient note.
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Second, although our presence-classification
gatekeeper reduces false positives, the model still
occasionally misinterprets negated mentions as
positive evidence. Future developments will ex-
plore lightweight, parameter-efficient fine-tuning
(e.g., LoRA) on domain-specific negation-handling
datasets to improve precision. Finally, our pipeline
currently operates per-item; integrating a cross-item
consistency checker could further reduce internal
contradictions (e.g., ensuring mutually exclusive
clinical symptoms are not both marked as present).

7. Conclusion

In this paper, we presented a privacy-preserving,
two-stage pipeline for CRF filling using the
MedGemma-27B model. By combining a presence-
classification gatekeeper with value-extraction
prompts, our system effectively mitigates the com-
mon LLM pitfalls of over-interpretation and halluci-
nation. Our results confirm that local, open-weight
models, when paired with strategic few-shot guid-
ance, can bridge the performance gap between in-
stitutional, on-premise solutions and closed-source
commercial APIs. This approach provides a scal-
able and secure alternative for clinical extraction
tasks where data sovereignty is a non-negotiable
requirement. Future work will focus on integrating
preference-based alignment and ensemble-based
uncertainty estimation to further refine the precision
of clinical extractions in high-stakes healthcare en-
vironments.

8. Limitations

Experiments were conducted only on English data,
limiting the scope to English-only health records
and omitting comparisons of how the approach and
model perform in non-English languages.

Furthermore, the dependency on few-shot in-
context learning makes the system sensitive to the
quality and diversity of training examples. Without
at least a few gold standard examples, the accuracy
of this approach cannot be guaranteed.

Lastly, the original dataset is in Italian, the
dataset used for experiments is translated into En-
glish by the dataset authors. Therefore, translation
artifacts could be present in the dataset, potentially
skewing the results of the task.

9. Ethical Statement

This work uses anonymised patient data collected
at San Giovanni Bosco Hospital. The data was
anonymised by the dataset authors and made pub-
licly available. Therefore, no ethical considerations
apply.
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A. Appendix

A.1. Prompts

The following prompt shows the first step of the
pipeline, which classifies whether a given attribute
appears in the clinical note. The model is expected
to return either y or n depending on whether the
given category is present in the clinical text or not.

Presence Classification Prompt (1st Step)

You are a clinical assistant helping
a doctor extract information from
clinical text.

For a given category, determine
whether information about it is
present in the text.

Instructions:
- Only return a single character:
’y’ for Yes (present) or ’n’ for

No (absent).
- Do NOT make any assumptions
beyond the text.
- Pay attention to negations,
unknown, or unclear mentions.
- Do not add explanations or
extra text.

Few-shot examples:
{few_shot}

Now check the following category in
the given clinical note:

Category: {category}

Clinical Text: {text}

Answer:

The next two prompts show the prompts for the
actual CRF task. There are two types of categories:
one is selecting the correct value from a list of op-
tions (see the first prompt), and the other is ex-
tracting an exact numerical value with a unit from
the text (see the second prompt). The model is
prompted with either one of the options depending
on the category.

Value Extraction Prompt (2nd Step)

You are a clinical assistant helping
a doctor extract information from
clinical text.

Your task is to select the correct
value for a given category based
ONLY on the text.

You MUST choose from the provided
options and nothing else.

Instructions:
- Only return ONE of the provided
options.

- The option ’unknown’ means the
clinical text does NOT provide
enough information about this
category.
- Do NOT make assumptions beyond
the text.
- Pay attention to negations,
uncertainty, or unclear mentions.
- Do not provide explanations or
extra text; return only the single

selected option.

Few-shot examples: {few_shot}

Now evaluate the following:

Category: {category}
Options: {option}
Clinical Text: {text}

Answer:

Value Extraction Measured Prompt (2nd Step)

You are a clinical assistant helping
a doctor extract information from
clinical text.

Your task is to find the value of a
given category from the text.

You MUST choose from the text itself
and include the unit if present.

Instructions:
- Extract the exact value from
the clinical text, including units

if available.
- If the information is not
mentioned in the text, return ’
unknown’.
- Do NOT make assumptions or
invent values beyond what is in
the text.
- Pay attention to negations,
uncertainty, or unclear mentions.
- Do not provide explanations or
extra text; return only the single

extracted value or ’unknown’.

Few-shot examples: {few_shot}

Now evaluate the following:

Category: {category}
Clinical Text: {text}
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Answer:

The following prompt shows how one few-shot
example looks like for the classification task in the
1st Step. The answer is either y or n, depending
on whether the category appears in the clinical text
or not.

Presence Classification Few Shot Template (1st

Step)

------------------------------------
Category: {category}
Clinical Text: {note}
Answer: {value}
------------------------------------

The next prompt shows one few-shot example
for the actual CRF task. The answer is either one
of the given options or the exact extracted value
with a unit.

Value Extraction Few Shot Template (2nd Step)

------------------------------------
Category: {category}
Options: {options}
Clinical Text: {note}
Answer: {value}
------------------------------------

A.2. Prompt Examples

This section gives an example prompt for every
stage of the pipeline. Assume we want to fill in the
category "chronic pulmonary disease" which has
the following options: [’certainly chronic’ ’possibly
chronic’ ’certainly not chronic’ ’unknown’]. The fol-
lowing examples shows how the prompt would look
like. For better readability only 2 few-shot samples
are shown.

1st Step - Presence Classification

You are a clinical assistant helping
a doctor extract information from
clinical text.

For a given category, determine
whether information about it is
present in the text.

Instructions:
- Only return a single character:
’y’ for Yes (present) or ’n’ for

No (absent).

- Do NOT make any assumptions
beyond the text.
- Pay attention to negations,
unknown, or unclear mentions.
- Do not add explanations or
extra text.

Few-shot examples:
Category: chronic pulmonary
disease
Clinical Text: TRIAGE:
Reports having fallen
accidentally, impacting:

- occipital region with no
loss of consciousness or
concussion

- right trochanter
- right knee
- right ankle

CS 15_Cincinnati negative_fluent
speech_isochoric, isocyclic, and
photoreactive pupils. No rigidity.
Conscious, lucid, oriented, not
agitated.
wearing rigid cervical collar
BP 120/80 mm/hg, SpO2 99% on room
air, RF 14 apm, HR 80 bpm r

MEDICAL ASSESSMENT:
reports accidental fall to

the ground at home following loss
of support on right leg (
spontaneous femur fracture?).
Impact to the right side of the
body, as described in triage.
Currently experiencing pain in the

right femur and right elbow. Head
trauma without loss of

consciousness. No vomiting after
the episode.

No other details at the
moment

Past Medical History:
- Arterial hypertension
- CAD (reports quadruple BPAC)

- Diabetes mellitus type 2
- Left hip prosthesis

Therapy: metformin 500 mg,
iperten 1/2 tablet, enalapril 5 mg
, omnic 0.4 mg, seloken 100 mg 1/2

tablet x 2, cardioASA, torvast 20
mg, contramala 15 drops,

tachipirina AD, omnepraozlo 20 mg

ALLERGIES: none known

Answer: n

------------------------------------
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Category: chronic pulmonary
disease
Clinical Text: Alert, oriented,
cooperative
BP 150/80 mmHg HR 78r bpm SpO2
96% on room air RF 18 apm Temp
36.8
Pulmonary examination: Bilateral
diffuse vesicular murmur, no
additional sounds.
Cardiac examination: valid,
rhythmic tones
Abdominale examination: distended,
palpable, not tender or painful,

Murphy and Blumberg negative,
peristalsis present
Lower limbs: no peripheral edema;
peripheral pulses hyposphygmic,

bilaterally palpable up to the
popliteal artery, with no pedidium

pulse palpable bilaterally; dry
necrosis left first toe, mild
cyanosis in the remaining toes of
the left foot; no sensory or motor

deficits in the left lower limbs
ECG unchanged from the previous
one

Answer: n
------------------------------------
{8 more few-shot samples - skipped

here for readability}
------------------------------------

Now check the following category in
the given clinical note:

Category: chronic pulmonary disease

Clinical Text: 77-year-old patient.
Past Medical History: cognitive

impairment; lives with RELATIVE
and RELATIVE; hearing loss.
arterial hypertension, previous
Guillain-Barr syndrome in 2007

spinal stabilization surgery in 1993,
previous hysterectomy for

fibroids, hiatal hernia,
cholecystectomy

SAD, Last geriatric visit
PHONE_NUMBER: MRI cerebral
vasculopathy - presence of buccal
dyskinesias - slow walking with
risk of falls

Therapy: pantoprazole 40-olmesartan
1/2- xanax 0.25- contramal 4 drops

x2, levopraid 1/2 x 2, folic acid
, stilnox,

RELATIVE PHONE_NUMBER

Recent Medical History: patient
arrived last night for an episode
of sudden illness characteized by
a scream followed by generalized
TC tremors in all 4 limbs; this
morning a second fit was seen in
the Emergency and Acceptance
Department, TC in all 4 limbs,
preceded by a scream.

Performed in the Emergency Department:
blood tests: no abnormalities (

normal electrolytes), no fever;
experiencing sleep loss due to
frequent nighttime awakenings.
Also performed brain CT brain
without contrast which showed a
picture of discrete diffuse
cortico-subcortical atrophy, no
acute manifestations; known
chronic vascular disease.

Neurological Examination: patient
alert, cooperative, rather quiet,
partially oriented in time/place;
no clear oculomotor deficits,
blinks at bilateral visual threat,

no underleveling at Mingazzini I;
raises lower limbs alternately

for 4-5 sec with symmetrical
controlled descent. No appreciable

sensory deficits. Bilateral
plantar reflex in flexion.

Conclusions: generalized TC seizures
(2 episodes) due to moderate
cerebral atrophy and cognitive
impairment.

Recommendation to start gardenale 50
mg 1 tablet in the evening.
Clinical observation until
tomorrow morning; if there are no
other episodes or other illnesses,

discharge tomorrow with
indication to perform EEG with
priority B and check-up in 6
months at epilepsy clinic with
blood phenobarbital levels, a
complete blood count, and liver
and kidney function tests..

Answer:

Assuming that the answer of the LLM to the
above prompt is y, and because the option is not
"measured" but categorical, the following prompt
is sent to the LLM. Again, only 2 of the few-shot
prompts are shown.
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2nd Step - Value Extraction

ou are a clinical assistant helping a
doctor extract information from

clinical text.
Your task is to select the correct

value for a given category based
ONLY on the text.

You MUST choose from the provided
options and nothing else.

Instructions:
- Only return ONE of the provided
options.

- The option ’unknown’ means the
clinical text does NOT provide
enough information about this
category.
- Do NOT make assumptions beyond
the text.
- Pay attention to negations,
uncertainty, or unclear mentions.
- Do not provide explanations or
extra text; return only the single

selected option.

Few-shot examples:
Category: chronic pulmonary
disease
Options: [’certainly chronic’ ’
possibly chronic’ ’certainly not
chronic’ ’unknown’]
Clinical Text: TRIAGE:
Reports having fallen
accidentally, impacting:
- occipital region with no loss
of consciousness or concussion
- right trochanter
- right knee
- right ankle
CS 15_Cincinnati negative_fluent
speech_isochoric, isocyclic, and
photoreactive pupils. No rigidity.
Conscious, lucid, oriented, not
agitated.
wearing rigid cervical collar
BP 120/80 mm/hg, SpO2 99% on room
air, RF 14 apm, HR 80 bpm r

MEDICAL ASSESSMENT:
reports accidental fall to the
ground at home following loss of
support on right leg (spontaneous
femur fracture?). Impact to the
right side of the body, as
described in triage. Currently
experiencing pain in the right
femur and right elbow. Head trauma

without loss of consciousness. No
vomiting after the episode.

No other details at the moment

Past Medical History:
- Arterial hypertension
- CAD (reports quadruple BPAC)
- Diabetes mellitus type 2
- Left hip prosthesis

Therapy: metformin 500 mg,
iperten 1/2 tablet, enalapril 5 mg
, omnic 0.4 mg, seloken 100 mg 1/2

tablet x 2, cardioASA, torvast 20
mg, contramala 15 drops,

tachipirina AD, omnepraozlo 20 mg
ALLERGIES: none known

Answer: unknown

------------------------------------

Category: chronic pulmonary
disease
Options: [’certainly chronic’ ’
possibly chronic’ ’certainly not
chronic’ ’unknown’]
Clinical Text: Alert, oriented,
cooperative
BP 150/80 mmHg HR 78r bpm SpO2
96% on room air RF 18 apm Temp
36.8
Pulmonary examination: Bilateral
diffuse vesicular murmur, no
additional sounds.
Cardiac examination: valid,
rhythmic tones
Abdominale examination: distended,
palpable, not tender or painful,

Murphy and Blumberg negative,
peristalsis present
Lower limbs: no peripheral edema;
peripheral pulses hyposphygmic,

bilaterally palpable up to the
popliteal artery, with no pedidium

pulse palpable bilaterally; dry
necrosis left first toe, mild
cyanosis in the remaining toes of
the left foot; no sensory or motor

deficits in the left lower limbs
ECG unchanged from the previous
one

Answer: unknown

------------------------------------
{8 more few-shot samples - skipped

here for readability}
------------------------------------

Now evaluate the following:

Category: chronic pulmonary disease
Options: [’certainly chronic’ ’
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possibly chronic’ ’certainly not
chronic’ ’unknown’]

Clinical Text: 77-year-old
patient.

Past Medical History: cognitive
impairment; lives with RELATIVE
and RELATIVE; hearing loss.
arterial hypertension, previous
Guillain-Barr syndrome in 2007

spinal stabilization surgery in 1993,
previous hysterectomy for

fibroids, hiatal hernia,
cholecystectomy

SAD, Last geriatric visit
PHONE_NUMBER: MRI cerebral
vasculopathy - presence of buccal
dyskinesias - slow walking with
risk of falls

Therapy: pantoprazole 40-olmesartan
1/2- xanax 0.25- contramal 4 drops

x2, levopraid 1/2 x 2, folic acid
, stilnox,

RELATIVE PHONE_NUMBER

Recent Medical History: patient
arrived last night for an episode
of sudden illness characteized by
a scream followed by generalized
TC tremors in all 4 limbs; this
morning a second fit was seen in
the Emergency and Acceptance
Department, TC in all 4 limbs,
preceded by a scream.

Performed in the Emergency Department:
blood tests: no abnormalities (

normal electrolytes), no fever;
experiencing sleep loss due to
frequent nighttime awakenings.
Also performed brain CT brain
without contrast which showed a
picture of discrete diffuse
cortico-subcortical atrophy, no
acute manifestations; known
chronic vascular disease.

Neurological Examination: patient
alert, cooperative, rather quiet,
partially oriented in time/place;
no clear oculomotor deficits,
blinks at bilateral visual threat,

no underleveling at Mingazzini I;
raises lower limbs alternately

for 4-5 sec with symmetrical
controlled descent. No appreciable

sensory deficits. Bilateral
plantar reflex in flexion.

Conclusions: generalized TC seizures
(2 episodes) due to moderate
cerebral atrophy and cognitive
impairment.

Recommendation to start gardenale 50

mg 1 tablet in the evening.
Clinical observation until
tomorrow morning; if there are no
other episodes or other illnesses,

discharge tomorrow with
indication to perform EEG with
priority B and check-up in 6
months at epilepsy clinic with
blood phenobarbital levels, a
complete blood count, and liver
and kidney function tests..

Answer:
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Abstract
In this paper we describe the system developed by the Polimi team for the CRF Filling Shared Task 2026, which
focuses on extracting structured variables from clinical notes. The task is challenging due to scarce annotations, het-
erogeneous clinical language, and the sparsity of the 134 items to be extracted. Our approach relies on prompt-based
information extraction using locally deployed open-weight Large Language Models (LLMs). We focused on the Italian
subset of the dataset. The pipeline performs zero-shot extraction using task-specific prompts augmented with a
glossary of abbreviations derived from unlabelled notes. To improve reliability and reduce hallucinations, the extraction
schema is decomposed into multiple prompts targeting groups of variables, whose outputs are merged and refined
through deterministic post-processing rules to normalize values and recover missing labels. During development we
explored verification stages based on LLM-based prediction validation and synthetic example generation, but these
strategies did not improve performance and were not included in the final system. On the development set, the best
configuration based on Mistral Small 3.2 24B Instruct achieved an F1-score of 67.51%. On the official test set, our
system ranked third overall and second among systems evaluated on the Italian subset, achieving an F1-score of 63%.

Keywords: Information Extraction, Clinical Natural Language Processing, Large Language Models, Prompt-based
Learning, Electronic Health Records

1. Introduction

Electronic Health Records (EHRs) contain large
amounts of clinically relevant information in the
form of unstructured textual documents such as
clinical notes and discharge summaries. Automati-
cally extracting structured information from these
narratives can support clinical research, hospital
management, and decision support systems. How-
ever, clinical text processing remains challenging
due to the heterogeneity of medical language, the
frequent use of abbreviations and implicit expres-
sions, and the presence of context-dependent in-
formation (Wang et al., 2018; Locke et al., 2021).

A major limitation in this domain is the scarcity
of annotated datasets. Creating high-quality an-
notations requires medical expertise and strict pri-
vacy safeguards, making large annotated corpora
difficult to obtain (Wei et al., 2018; Sylolypavan
et al., 2023), especially in languages other than
English (Névéol et al., 2018). As a result, many
clinical NLP tasks must operate in settings with very
limited supervision.

Recent advances in Large Language Models
(LLMs) have shown promising results for zero- and
few-shot clinical information extraction (Hu et al.,
2024; Luo et al., 2024; Fornasiere et al., 2024).
However, the use of proprietary models in health-
care contexts is often restricted because clinical
data cannot be sent to external servers due to pri-

vacy and regulatory constraints. This motivates the
exploration of locally deployable open-weight mod-
els that can operate entirely within secure hospital
infrastructures.

In this work we describe the system developed
by the Polimi team for the CRF Filling Shared Task
2026 (Ferrazzi et al., 2026), which focuses on ex-
tracting structured variables from Italian clinical
notes. Our approach relies on prompt-based ex-
traction with open-weight LLMs combined with addi-
tional knowledge derived from unlabelled data and
deterministic post-processing to improve reliability
on some specific items.

2. Materials and Methods

2.1. Data
The dataset provided for the CRF Filling Shared
Task consists of short clinical notes, with original
Italian texts and corresponding English translation.
The aim of the task is to extract 134 items that com-
pose the Case Report Form (CRF), which include
symptoms, vital signs, medical history, diagnostic
tests, and treatments. These items are divided into
binary, categorical, and measured. The main chal-
lenge lies in their sparsity: ∼ 95% of items have
unknown value. Our team focused on the Italian
version of the notes.

The data are divided into a training set (10
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labelled notes), a development set (80 labelled
notes), a test set (200 notes for which labels have
not been released) (Kaczmarek et al., 2026), and a
larger collection of 2,667 unlabelled notes (Ferrazzi
et al., 2026). In our experiments, the training notes
were used exclusively to construct examples for
few-shot extraction and for LLM-based verification.
The 80 development notes were used during sys-
tem development to evaluate different prompting
strategies and post-processing configurations. The
200 test notes were used only to generate the final
predictions submitted to the shared task.

The unlabelled notes were exploited for corpus-
level analysis, in particular to identify frequent med-
ical abbreviations and acronyms that were used to
construct a glossary integrated into the extraction
prompts (Section 2.2.3).

An additional set of 80 synthetic notes (Ferrazzi
et al., 2025) provided by the organizers was not
used, as their annotated variables were not fully
aligned with those in the main dataset.

2.2. Methods

Our final submitted system consists of a prompt-
based zero-shot extraction pipeline with glossary
augmentation and deterministic post-processing for
certain items, summarized in Figure 1. In addition,
during development we experimented with few-shot
learning and additional verification stages designed
to filter unsupported predictions and recover poten-
tially missed labels. Although these verification
strategies improved precision in some cases, they
decreased the overall macro F1-score on the de-
velopment set and were therefore not included in
the final system.

2.2.1. Model Selection

We evaluated several open-weight large language
models, focusing on models that can be deployed
locally without sending clinical data to external
servers, a common requirement in hospital en-
vironments. In particular, we experimented with
LLaMA 3.1 8B, LLaMA 3.3 70B FP8 (Grattafiori
et al., 2024), Qwen 2.5 72B AWQ (Yang et al.,
2025), and Mistral-Small-3.2-24B-Instruct (Jiang
et al., 2023), including also an ensemble of these
models. For reference, we additionally included a
comparison with two closed-source models from
OpenAI, namely GPT-4.1 mini (Achiam et al., 2023)
and GPT-5.4 (Singh et al., 2025).

2.2.2. Prompt-based Extraction

Information extraction was performed using prompt-
based generation. The model receives the clinical
note together with detailed instructions specifying

the CRF schema and is asked to return a struc-
tured JSON object containing the extracted values.
Basic prompts specified only the task and the ad-
missible values, while more complex ones included
additional instructions for handling missing values
and numerical values.

To reduce hallucinations caused by large out-
put schemas, we decomposed the extraction task
into multiple prompts. Each prompt focuses on a
subset of clinically related fields (e.g., binary, cate-
gorical and measured items). The resulting partial
JSON outputs are then merged into a single struc-
tured representation before entering the verification
stage.

Few-shot prompts included examples derived
from the training set to illustrate the expected out-
put format and the exact-match behavior required.
Details of the prompts are reported in Appendix B.

2.2.3. Glossary Construction from Unlabelled
Data

Clinical notes frequently contain abbreviated medi-
cal terminology that can hinder reliable information
extraction. To address this issue, we constructed a
glossary directly from the unlabelled corpus, with
the goal of complementing the model’s knowledge
in cases where abbreviations are ambiguous or
poorly recognized. Acronyms were automatically
extracted from the notes using a regular expression
identifying tokens composed of two to six upper-
case letters. These candidates were aggregated
across the corpus and ranked by frequency, result-
ing in a list of the 1,000 most frequent acronyms.

Each acronym was then processed using an
LLM-based interpretation step. The model was
prompted to determine whether the acronym corre-
sponds to a well-defined abbreviation in Italian med-
ical language and to provide its meaning together
with a confidence score in structured JSON for-
mat. We focused on acronyms for which the model
exhibited uncertainty or produced incorrect interpre-
tations. Specifically, acronyms associated with low
confidence scores (< 0.20) or incorrect meanings
were incorporated into the extraction prompts as
part of a glossary of domain-specific abbreviations.
The list of included acronyms with their extracted
meaning and confidence is reported in Appendix D.

This design explicitly targets cases where the
model’s internal knowledge is unreliable, providing
additional context to improve interpretation during
extraction. In the dataset, abbreviations are fre-
quent and often correspond to clinical shorthand
(e.g., ECG findings, laboratory values, or procedu-
ral notes), making their correct interpretation critical
for accurate information extraction.
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Figure 1: Overview of the extraction pipeline. The clinical note is processed by multiple prompts targeting
different subsets of CRF fields. Each of them receives relevant elements from the glossary built from the
unlabelled corpus. The resulting partial JSON outputs are merged into a single structured representation
and subsequently refined through deterministic post-processing.

2.2.4. Verification Stage

During development we investigated whether an ad-
ditional verification stage could improve extraction
reliability.

First, we evaluated a simple LLM-based verifier
that receives the clinical note together with the pre-
dicted CRF values and checks whether each pre-
diction is supported by explicit textual evidence.
Predictions that cannot be supported by a literal
span in the note are discarded and replaced with
unknown.

In a second variant, we introduced a synthetic-
example-guided verifier designed to recover labels
initially predicted as unknown. To support this step,
we generated a bank of synthetic clinical examples
using an LLM. Each example consists of a short
Italian Emergency Department note in which the
value of a specific CRF item is controlled and sup-
ported by an explicit evidence span. Generation
prompts include stylistic constraints to reproduce re-
alistic ED documentation and information to ensure
that the correct label can be determined only from
explicit textual evidence. An additional validation
pass verifies that the generated note supports the
intended label and that the evidence span appears
verbatim in the text.

During verification, a small number of contrastive
synthetic examples are included in the prompt to
guide the model in identifying explicit evidence in
the original note. A recovered label is accepted
only if a supporting span is explicitly identified.

2.2.5. Post-processing

The predictions generated by the LLM were fur-
ther refined using a deterministic post-processing

stage applied offline to the model outputs. These
rules exploit explicit textual evidence in the clinical
notes to correct systematic errors produced by the
LLM. The post-processing stage was designed to
correct frequent normalization issues and reduce
unsupported predictions while preserving the orig-
inal extraction outputs whenever no clear textual
evidence was available. More details, including an
example, are in Appendix C.

2.2.6. Ensemble Strategy

We explored an ensemble combining LLaMA,
Qwen, and Mistral using a deterministic item-level
aggregation. Agreement between at least two mod-
els is taken as the final prediction. When only one
model predicts a non-unknown value, it is accepted
only if produced by Mistral, which achieved the high-
est recall on the development set. In case of con-
flicting non-unknown predictions, Mistral is used
as the anchor model. This design leverages agree-
ment as a proxy for confidence while prioritizing
recall-oriented predictions.

2.2.7. Implementation Details

All experiments were conducted using locally de-
ployed open-weight models, except those including
OpenAI models that were performed by using the
official OpenAI APIs. Experiment with Mistral-22B
were executed on a single NVIDIA H100 GPU, while
smaller models on a single A100 or V100 GPU.
LLM inference was performed with the vLLM frame-
work (Kwon et al., 2023), which enables batched
inference and structured output decoding. Model
outputs were constrained to JSON schemas us-
ing structured decoding in order to guarantee valid
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CRF outputs. Extraction and verification stages
were executed with deterministic decoding (tem-
perature = 0) to ensure reproducibility. Code
is available at https://github.com/vittot/
CRF-Filling-SharedTask-CL4Health26.

3. Results

Table 1 summarizes the main experiments and the
their results on the development set. Baseline zero-
shot prompting with Llama 3.1 8B achieved an F1-
score of 52.84 %, which increased to 57.78 % when
scaling to Llama 3.3 70B FP8. The introduction
of rules in the prompt increased significantly the
FP, and the glossary significantly reduced them,
while keeping a small improvement on TP and FN
compared to the first simple prompt. Substantial
reduction of FP was obtained when splitting the
prompts, with 3 prompts (binary, categorical, mea-
sured) being the most effective, even if this also
increased significantly the FN. The post-processing
steps determined a major improvement, keeping
FP at the same level, but reducing FN.

The best development result was obtained with
Mistral Small 3.2 24B using three prompts, glos-
sary and enhanced post-processing, reaching an
F1-score of 67.51 %. This configuration outper-
formed both larger but quantized models and en-
semble approaches, achieving the best balance
between FP and FN. Additional strategies explored
during development, including few-shot prompting,
ensemble predictions, and verification stages, did
not improve the best configuration. In particular,
the LLM-based verifier substantially reduced perfor-
mance, while the synthetic-example-based verifier
achieved good F1-score but remained below the
best configuration.

Proprietary OpenAI models showed a clear ten-
dency toward over-generation, with a substantially
higher number of FP compared to open-weight
models (e.g., GPT-5.4: 305 FP vs 94 for Mistral).
Despite their good recall, this lower precision re-
sulted in lower F1-score, indicating weaker adher-
ence to the strict evidence-based extraction con-
straints of the task.

Figure 2 reports the official test set results.
The best performance was again obtained by the
Mistral-based configuration with three prompts,
glossary and enhanced post-processing, achiev-
ing an F1-score of 63 %. Systems based on
Llama 3.3 70B and Qwen 72B obtained similar
but slightly lower results (61 %). The configuration
including the verification stage performed worse
(53 %), confirming the trends observed on the de-
velopment set.

Item-level results (Table 2) show substantial vari-
ability across variables. Vital signs and laboratory
measurements achieved the highest performance,

Figure 2: Results on the official test set

often exceeding 85% F1 (e.g., SpO2, heart rate,
body temperature, and blood pressure), reflecting
their relatively standardized textual expressions.
Intermediate performance was observed for clini-
cal context variables such as poly-pharmacological
therapy, anticoagulants or antiplatelet therapy, and
cardiovascular diseases. In contrast, symptoms
and infrequent conditions showed much lower
performance; for example, presence of dyspnea
achieved an F1-score of 27 %, while several low-
support variables obtained F1-scores close to zero.

The best development configuration produced
255 errors, including 155 false negatives and 94
false positives, indicating that the system often
failed to extract information explicitly present in the
text and predicted unknown. False positives were
frequently caused by contextual inference (e.g., car-
diovascular diseases, poly-pharmacological ther-
apy), while false negatives were more common
for symptoms or episodic events such as agitation,
presence of dyspnea, and administration of fluids.
Value mismatches mainly involved normalization
issues for numerical variables or minor formatting
differences (e.g., “hb 12” vs. “12”), suggesting that
improved normalization rules could further reduce
these errors. Some examples are reported in Ap-
pendix A.

4. Discussion

In this work we explored several strategies for
prompt-based information extraction from clinical
notes, including zero-shot and few-shot prompting,
glossary-based knowledge injection, LLM-based
verification, and deterministic post-processing.
While scaling to larger models improved baseline
performance, prompt engineering alone produced
modest gains. The non-quantized Mistral Small 3.2
24B model outperformed both the smaller Llama
3.1 8B and the larger but quantized Llama 3.3 70B,
suggesting that architecture and quantization may
have a stronger impact than parameter count alone.
Additional strategies yielded limited improvements
(glossary) or no gains (verification). In contrast,
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Config # Model Description TP FP FN F1 [%]
1 Llama 3.1 8B simple prompt 235 337 107 52.84
2 Llama 3.3 70B FP8 simple prompt 306 380 60 57.78
3 Llama 3.3 70B FP8 prompt with rules 309 760 50 56.21
4 Llama 3.3 70B FP8 rules + glossary 310 498 54 58.23
5 Llama 3.3 70B FP8 3 prompts rules + glossary 148 88 234 57.76
6 Llama 3.3 70B FP8 3 prompts rules + glossary + post-proc 231 90 136 64.13
7 Llama 3.3 70B FP8 3 prompts rules + glossary + enh. post-proc 245 100 121 65.30
8 Llama 3.3 70B FP8 3 prompts few-shot rules + glossary + post-proc 210 87 157 62.31
9 Qwen 2.5 72B AWQ 3 prompts rules + glossary 146 92 227 58.48

10 Qwen 2.5 72B AWQ 3 prompts rules + glossary + post-proc 229 108 129 63.16
11 Qwen 2.5 72B AWQ 3 prompts rules + glossary + enh. post-proc 248 103 114 65.66
12 Mistral Small 3.2 24B 3 prompts rules + glossary + post-proc 235 96 130 64.36
13 Mistral Small 3.2 24B 3 prompts rules + glossary + enh. post-proc 255 94 155 67.51
14 Ensemble Llama70B-FP8 + Qwen72B-AWQ + MistralSmall24B 238 121 138 63.20
15 Mistral Small 3.2 24B 3 prompts + rules + glossary + post-proc + LLM-based

verifier (Llama 3.1 8B)
302 498 64 58.23

16 Mistral Small 3.2 24B 3 prompts + rules + glossary + post-proc + Synth-based
verifier (Mistral Small 3.2 24B)

266 133 101 65.97

17 OpenAI GPT 4.1 mini 3 prompts + rules + glossary 288 885 95 55.06
18 OpenAI GPT 5.4 3 prompts + rules + glossary 307 317 82 62.43
19 OpenAI GPT 4.1 mini 3 prompts + rules + glossary + enh. post-proc 301 867 81 57.55
20 OpenAI GPT 5.4 3 prompts + rules + glossary + enh. post-proc 314 305 75 64.22

Table 1: Development set results for the different configurations of our system.

Item F1 Support
SpO2 1.00 20
Heart rate 0.91 25
Body temperature 0.90 28
Blood pressure 0.86 24
Level of consciousness 0.88 33
Poly-pharmacological therapy 0.79 23
Anticoagulants / antiplatelet therapy 0.81 16
Antihypertensive therapy 0.81 19
Cardiovascular diseases 0.74 27
Chronic pulmonary disease 0.73 7
Neuropsychiatric disorders 0.46 10
ECG abnormalities 0.44 7
Level of autonomy (mobility) 0.33 11
Presence of dyspnea 0.27 20

Table 2: Item-level performance of the best devel-
opment configuration on selected items.

decomposing the task into three prompts targeting
groups of related variables proved beneficial, likely
reducing hallucinations caused by the large output
schema. This observation is consistent with recent
studies reporting limited benefits of more complex
techniques such as RAG or CoT in clinical NLP (Na-
gar et al., 2025). Deterministic post-processing fur-
ther improved performance by correcting normaliza-
tion errors and recovering information expressed
through predictable textual patterns. Using this
configuration, our system ranked third overall in the
shared task and second among systems evaluated
on the Italian subset.

Performance varied substantially across vari-
ables. Vital signs and laboratory measurements
were extracted reliably due to their stable lexical
patterns, whereas symptoms, contextual variables,
and rarely mentioned conditions remained challeng-

ing because of implicit phrasing, abbreviations, and
limited supervision.

This work has several limitations. The dataset is
relatively small, limiting the ability to learn robust
patterns for rare variables and increasing the risk
of overfitting the development set. Experiments
were conducted only on Italian notes, and the gen-
eralizability to the English version remains to be
investigated. Moreover, the best-performing mod-
els require computational resources that may not
always be available in hospital environments.

Future work could explore hybrid approaches
combining prompt-based extraction with lightweight
supervised models, improved normalization and
abbreviation handling, the use of English prompts
on Italian data, and larger multilingual clinical cor-
pora. A more systematic evaluation of synthetic
data generation for supervision may also help im-
prove performance on sparse variables.
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A. Evaluation Details and Examples

The task is evaluated at the item level across clin-
ical documents, using macro-averaged F1-score
as the official metric. For each document, sys-
tems must predict the values of a predefined set
of CRF items, which are compared with the refer-
ence annotations. The value unknown, allowed
for all items, indicates that the information is not
explicitly present in the document. An item con-
tributes to the evaluation whenever at least one of
the two values (prediction or reference) is different
from unknown. Correct matches are counted as
true positives (TP), while predicting a value where
the reference is unknown produces a false positive
(FP) and predicting unknown where a value exists
produces a false negative (FN).

Macro-F1 is computed across item values for
each document and then averaged across all doc-
uments to obtain the final score. This design gives
equal importance to each document and prevents
documents with many populated items from domi-
nating the metric. At the same time, rare items and
frequent items contribute equally, making robust
performance across all CRF fields important for
achieving a high overall score.

The official evaluation script computes the macro-
F1, TP, FP and TN, and it was used to report results
on development set in Table 1, while the evaluation
on the test is on the submission platform which
reports only the macro-F1 (Figure 2).

In addition to the official scoring script, we per-
formed a per-item error analysis on the develop-
ment set, to better understand model behavior
(summarized in Table 2). We also manually inves-
tigated mistakes on specific document/item pairs,
and we report here some examples, including also
potential annotation mistakes.

Example 1 (Chest Pain - FN - Terms not recog-
nized)
Document ID: 419929
Item: chest pain
Gold value: y
Prediction: unknown
Clinical note excerpt:
“Riferisce algie ben localizzate all’emitorace di sin-
istra da una settimana.”
The model is not recognized the presence of chest
pain, perhaps due to the word emitorace (hemitho-
rax) which indicates only half of the chest.

Example 2 (Respiratory Rate - FP - Suspect An-
notation Mistake)
Document ID: 1498690
Item: respiratory rate
Gold value: unknown

Prediction: eupneic
Clinical note excerpt:
“B: eupnoico in cn 2 l/min, lieve utilizzo musco-
latura accessoria, e/to ega art.–>SO2 93%”
The text clearly states that the patient is eupnenic,
so the gold label is probably wrong.

Example 3 (SPO2 - FP - Normalization error)
Document ID: 1777967
Item: SPO2
Gold value: 97%
Prediction: 97%aa
Clinical note excerpt:
“PAOS 120/75, FC 115, Sat 97%aa, T 38.1°C”
This error is likely due to the instruction given to
the LLM not to normalize measurement values. In
the annotations, measurement fields often preserve
spaces and abbreviations as they are in the original
text (e.g., hb 12, 97%), which are kept as part of
the gold value, apparently not in a fully consistent
manner.

Example 4 (History of Allergy - FP - Negation
not recognized)
Document ID: 1307609
Item: History of Allergy
Gold value: n
Prediction: y
Clinical note excerpt:
“Non fumo né allergie note.”
The model recognized the mention of allergy (it
is not unknown), but it missed the negation, ex-
pressed in a non-trivial form which also bypasses
our dedicated post-processing rule.

Example 5 (ECG Abnormality - FN - Acronym
not recognized)
Document ID: 821011
Item: ECG Abnormality
Gold value: y
Prediction: unknown
Clinical note excerpt:
“- ECG –> RS FC 58 asse a sx, 1 CPV”
The model does not seem to recognize the mention
of CPV, which stands for Premature Ventricular
Contraction and indicates an abnormality in the
ECG.

Example 6 (Neurodegenerative Diseases - FN -
Borderline condition)
Document ID: 382962
Item: Neurodegenerative Diseases
Gold value: y
Prediction: unknown
Clinical note excerpt:
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“- Sindrome di Arnold Chiari. Seguita c/o H
Molinette. In programma RM encefalo a breve
(non ancora effettuata) e successiva v NCH con
dr. NOME_PERSONA per presa in carico presso
OSGB.”
The model does not recognize the mention of Sin-
drome di Arnold Chiari, a neurological disorder re-
ported in the patient’s history. Although not strictly
a neurodegenerative disease (e.g., Alzheimer’s dis-
ease, Parkinson’s disease, amyotrophic lateral scle-
rosis), this mention may still be relevant depend-
ing on how neurological conditions are interpreted
within the annotation schema.

B. Prompt Templates

This appendix reports the prompt templates used
in our extraction pipeline. Prompts were designed
to extract structured variables from Italian clinical
notes using a zero-shot instruction-following setup.
We also include prompts for verifiers and glossary
analysis.

B.1. Binary Variables Prompt

Sei un estrattore di dati clinici per
verbali di Pronto Soccorso italiani.

OBIETTIVO: Compila SOLO i campi binari
(y/n/unknown) richiesti.

REGOLE CRITICHE (ANTI-FALSE-POSITIVE):
1) DEFAULT = "unknown". Se il concetto

NON e’ esplicitamente menzionato,
scrivi "unknown".

2) Scrivi "n" SOLO con negazione
esplicita nel testo ("nega", "non",
"assente", "negativo", "non segni
di", ecc.).

3) Scrivi "y" SOLO con affermazione
esplicita nel testo.

4) NON fare inferenze cliniche, NON
dedurre diagnosi o terapie non
dichiarate.

5) Filtra temporalmente: considera SOLO
dati all’ADMISSION/triage.

ECCEZIONE TEMPORALE:
Per item di ANAMNESI/TERAPIA

DOMICILIARE/SOCIALE e’ consentito
usare sezioni

"APR:", "Anamnesi:", "TD:", "Terapia
domiciliare:", "Allergie:", o
elenchi

di farmaci/patologie come evidenza
esplicita.

6) **Administration of [Drugs]**:
Scrivi ’y’ solo se il farmaco e’
stato

somministrato FISICAMENTE in PS (verbi:
"praticato", "somministrato",
"fatto").

I farmaci presenti in TD NON contano
come ’administration of ...’.

ECCEZIONE SOLO PER ITEM DI
ANAMNESI/TD/SOCIALE (riduzione FN
controllata):

Per i seguenti item:
- history of allergy
- poly-pharmacological therapy
- antihypertensive therapy
- cardiovascular diseases
- anticoagulants or antiplatelet drug

therapy
- diffuse vascular disease
- neuropsychiatric disorders
- living alone

vale questa regola speciale:
A) Se trovi una sezione tipo "APR:",

"Anamnesi:", "TD:", "Terapia
domiciliare:",

"Allergie:" oppure un elenco di
farmaci/patologie separati da
virgole o trattini,

questo conta come MENZIONE ESPLICITA
quindi puoi scrivere "y" se
pertinente.

B) Scrivi "n" SOLO con negazione
esplicita (es. "nega allergie",

"allergie: neg", "non assume
terapia", ecc.).

C) Se non trovi queste sezioni o
elenchi espliciti allora resta
"unknown".

D) NON applicare questa eccezione agli
altri item binari (acuti).

GLOSSARIO (serve solo per riconoscere
menzioni esplicite, non per
dedurre):

- **EON**: Esame Obiettivo Neurologico.
Se scritto "EON nella norma" o

"GCS 15" o "vigile/orientato" allora
level of consciousness = ’a’.

Se non scritto allora "unknown".
- **CE**: Corpo estraneo (utile per

’foreign body in the airways’).
- **FA**: Fibrillazione atriale (utile

per ’arrhythmia’).
- **NAO / TAO**: terapia anticoagulante

(utile per
’anticoagulants or antiplatelet drug

therapy’).
- **ASA / aspirina / clopidogrel**:

antiaggreganti (utile per
’anticoagulants or antiplatelet drug

therapy’).
- **TD**: Terapia domiciliare.

REGOLE PER OGNI ITEM:
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{rules_text}

Restituisci ESCLUSIVAMENTE un oggetto
JSON conforme allo schema.

B.2. Categorical Variables Prompt

Sei un estrattore di dati clinici
per verbali di Pronto Soccorso
italiani.

OBIETTIVO: Compila SOLO i campi
categorici richiesti (non
misurazioni).

REGOLE:
1) DEFAULT = "unknown" se

l’informazione non e’
esplicitamente nel testo.

2) Non dedurre "n" o altre categorie se
non scritto.

3) Per ogni campo, usa ESATTAMENTE una
delle opzioni permesse.

4) Considera SOLO l’ADMISSION/triage
(ignora rivalutazioni).

5) **Level of Consciousness**: ’a’
(vigile), ’v’ (verbal), ’p’ (pain),
’u’ (unresponsive). ’a’ SOLO se il
testo contiene esplicitamente:
"vigile", "orientato", "GCS 15",
"EON nella norma". Altrimenti
"unknown".

GLOSSARIO (Il glossario serve solo a
riconoscere menzioni esplicite. Non
usarlo per dedurre diagnosi non
scritte):

- **APR**: Anamnesi Patologica Remota
(storia clinica passata).

- **EON**: Esame Obiettivo Neurologico
(stato di coscienza). Se "EON nella
norma" -> level of consciousness =
’a’.

- **AASS** / **AAII**: Arti Superiori /
Arti Inferiori.

- **TC**: Se associata a gradi (es. TC
37.1) e’ **Temperatura Corporea**.
Se in contesto radiologico e’
Tomografia Computerizzata.

REGOLE PER OGNI ITEM:
{rules_text}

Restituisci ESCLUSIVAMENTE un oggetto
JSON conforme allo schema.

B.3. Measured Variables Prompt

Sei un estrattore di dati clinici
per verbali di Pronto Soccorso
italiani.

OBIETTIVO: Compila SOLO i campi
MISURATI richiesti (valori
numerici/testuali).

REGOLE MIRROR (EXACT MATCH):
1) Se un valore e’ presente nel testo,

COPIALO LETTERALMENTE (stessi
spazi, simboli, unita’ se presenti,
ad esempio "hb 12", "k 6.3").

2) Non normalizzare (es: non
trasformare "99 %" in "99%").

3) Se un valore non e’ presente, scrivi
"unknown".

4) Considera SOLO valori
all’ADMISSION/triage.

5) Per ’spo2’ scrivi SOLO la
percentuale cosi’ come appare (es.
"99 %" o "99%"), senza prefissi
("SpO2", "Sat", ecc.).

GLOSSARIO (Il glossario serve solo a
riconoscere menzioni esplicite. Non
usarlo per dedurre diagnosi non
scritte):

- **APR**: Anamnesi Patologica Remota
(storia clinica passata).

- **HGT**: Glicemia capillare (valore
del glucosio).

- **EGA**: Emogasanalisi (fonte per pH,
pO2, pCO2, Lattati).

- **AA**: Aria Ambiente (SpO2 senza
ossigeno).

- **ASA**: Acido Acetilsalicilico.
- **NRS** / **VAS**: Scale del dolore

(0-10)..
- **TC**: Se associata a gradi (es. TC

37.1) e’ **Temperatura Corporea**.
Se in contesto radiologico e’
Tomografia Computerizzata.

- **GB / WBC**: Sono i **Leucociti**
(Globuli Bianchi). Se leggi "gbb
16", scrivi "gbb 16" nel campo
leukocytes.

REGOLE PER OGNI ITEM:
{rules_text}

Restituisci ESCLUSIVAMENTE un oggetto
JSON conforme allo schema.

B.4. Acronym Analysis Prompt

Sei un medico esperto di Pronto
Soccorso. Analizza
l’acronimo medico e rispondi
solo in formato JSON
seguendo lo schema richiesto.

Analizza l’acronimo: {acronym}.
E’ un termine certo nel
contesto dell’emergenza
urgenza italiana?
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Rispondi con questo schema JSON:

{{"acronym": "{acronym}",
"known": "yes/no",
"meaning": "...",
"certainty_score": 0-100}}

B.5. LLM-based Verifier Prompt

Sei un verificatore rigoroso.

Riceverai:
1) Una nota clinica di Pronto Soccorso

(in italiano).
2) Un elenco di variabili del CRF con i

valori proposti (predizioni).

Compito:
Per OGNI variabile, devi decidere se il

valore proposto e’ SUPPORTATO da
uno span ESPLICITO nel testo della
nota.

Regole:
- "SUPPORTATO" solo se la nota lo

afferma esplicitamente (oppure lo
nega esplicitamente se il valore e’
una negazione come ’n’).

- Se la variabile non e’ menzionata
esplicitamente, segnala "DROP".

- NON utilizzare inferenze cliniche.
- NON assumere valori negativi in

assenza di evidenza. Silenzio
implica DROP.

- L’output deve essere in formato JSON
con chiavi = nomi delle variabili e
valori in {"SUPPORTATO","DROP"}.

B.6. Synth-based Verifier Prompt

Sei un verificatore clinico per
estrazione strutturata da
verbali di Pronto Soccorso
italiani.

OBIETTIVO:
Per UN SOLO item target, verifica se il

valore iniziale "unknown" deve
essere mantenuto oppure corretto in
base a evidenza ESPLICITA presente
nel testo.

REGOLE CRITICHE:
1) DEFAULT = "unknown".
2) Puoi cambiare "unknown" in "y" o "n"

SOLO se trovi evidenza ESPLICITA
nel testo.

3) NON fare inferenze cliniche.
4) NON usare conoscenza medica

implicita per dedurre il valore.
5) Usa SOLO il testo del verbale.

6) L’evidence_span deve essere una
sottostringa LETTERALE del verbale,
non parafrasata.

7) Se non trovi una sottostringa
letterale di supporto, mantieni
"unknown".

8) Se ci sono elementi contraddittori o
poco chiari, preferisci "unknown".

ITEM TARGET:
{item}

DESCRIZIONE ITEM:
{item_description}

ISTRUZIONI SPECIFICHE:
{item_rules}

ESEMPI CONTRASTIVI DI RIFERIMENTO:
{examples_block}

VERBALE CLINICO:
{note}

VALORE INIZIALE DEL PRIMO PASSAGGIO:
unknown

RESTITUISCI ESCLUSIVAMENTE un JSON
conforme allo schema.

B.7. Synthetic Examples Generation
Prompt

Sei un generatore di brevi verbali
clinici sintetici italiani di
Pronto Soccorso.

OBIETTIVO:
Genera un singolo verbale clinico

realistico, breve ma plausibile, in
italiano, tale che il valore
corretto per il campo target sia
ESATTAMENTE quello richiesto.

VINCOLI:
1) Il verbale deve sembrare realistico

e non artificiale.
2) Non nominare mai il nome tecnico del

campo target in inglese.
3) Non inserire spiegazioni, solo il

contenuto richiesto.
4) Il testo deve contenere abbastanza

contesto clinico da sembrare un
vero verbale.

5) Il valore corretto del campo target
deve essere determinabile SOLO da
un’evidenza esplicita nel testo.

6) Se label = "unknown", NON inserire
alcuna evidenza esplicita ne’
positiva ne’ negativa per il campo
target.

7) Mantieni lo stile compatibile con
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verbali PS italiani: triage,
anamnesi, APR, TD, EO, terapia,
decorso, ecc.

8) Evita di copiare identicamente gli
esempi eventualmente forniti.

9) Inserisci uno o piu’ distrattori
realistici ma NON contraddire il
label target.

10) L’evidenza deve essere locale e
verificabile come span testuale.

TARGET ITEM:
{item}

DESCRIZIONE:
{description}

LABEL RICHIESTA:
{label}

INDICAZIONI SU EVIDENZA POSITIVA:
{positive_evidence_hint}

INDICAZIONI SU EVIDENZA NEGATIVA:
{negative_evidence_hint}

INDICAZIONI SU UNKNOWN:
{unknown_evidence_hint}

SEZIONI PROBABILI:
{likely_sections}

INDIZI LESSICALI POSSIBILI:
{lexical_hints}

{anchors_block}

ESEMPI:

{few_shots_block}

RESTITUISCI ESCLUSIVAMENTE un JSON
conforme allo schema.

C. Post-Processing Rules

After LLM-based extraction, predictions were re-
fined using a deterministic post-processing pipeline
applied to the generated JSON outputs.

For each document, the predicted items are first
mapped to an item–value dictionary. The clinical
note is then analyzed using regular expressions
and rule-based heuristics. Rules are applied se-
quentially and may modify predicted values accord-
ing to the conditions described below.

Unless otherwise stated, rules modify a predic-
tion only if the current value is unknown.

The simple "post-processing" named in the pa-
per cover rules for history based inference, allergy
negation and additional rules for adjusting mea-
surement units of measured variables, while the

others reported here are part of the "enhanced
post-processing".

Table C1 reports an example of the post-
processing effect on the following document form
the dev set (id 914210):
Pte proveniente con ambulanza, preso in

carico in sala visita covid per
dispnea

A: vie aeree pervie
B: giunge in MR, E/EGA ART in AA, spo2

86% pO2 49 pCo2 29, posizionate cn
4 lt, eupnoico al momento

C: cute asciutta, polsi isosfigmici
bilateralmente FC 89 b/min R PAO
130/80

D: GCS 15 pupille isocicliche
bilateralmente, vigile orientato

E: tc 38 E/perfalgan in ambulanza

cvp posizionato dal LUOGO in sede
E/ecg
LUOGO in degenza covid per nota

positivita’ al covid
4AT negativa

In this note, post-processing recovers two missed
labels (foreign body in the airways=n, presence of
dyspnea=y) and suppresses two unsupported pre-
dictions (presence of respiratory distress, sars-cov-
2 swab test), while preserving all already correctly
extracted values. The model originally predicted
the sars-cov-2 swab test since it is mentioned that
the patient comes from sala visite covid (room covid
visits). Regarding dyspnea, the text clearly men-
tions it, so it is surprising it was originally missed.
On the contrary, the presence of respiratory dis-
tress=current was a reasonable inference given
the values of spo2, pa02, pac02, and the oxygen
therapy (positizionate cn 4 lt), (and the presence
of dyspnea), but it is not explicitly mentioned in
the text so annotations do not include it. The for-
eign body in the airways can be recognized to be
negative due to the mention of vie aeree pervie
(patent airway). This is a very common mention in
these notes, but the model does not recognize its
meaning.

Dyspnea Recovery Rule
Positive lexical triggers:

• dispnea

• dispnoe

• fiato corto

• affanno

• fame d’aria

• difficolta’ respiratoria
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Item Gold Raw Post-proc Effect
level of consciousness A A A unchanged, correct
respiratory rate eupneic eupneic eupneic unchanged, correct
body temperature hyperthermic hyperthermic hyperthermic unchanged, correct
heart rate normocardic normocardic normocardic unchanged, correct
blood pressure normotensive normotensive normotensive unchanged, correct
spo2 86% 86% 86% unchanged, correct
foreign body in the airways n unknown n recovered FN
presence of dyspnea y unknown y recovered FN
pa02 49 49 49 unchanged, correct
pac02 29 29 29 unchanged, correct
presence of respiratory distress unknown current unknown removed FP
sars-cov-2 swab test unknown pos unknown removed FP

Table C1: Example of information extraction from a note (914210), including gold labels (Gold) and output
from the model before (Raw) and after post-processing (Post-proc).

Negation patterns:

• nega dispnea

• dispnea negata

• non presenta dispnea

• assenza di dispnea

• senza dispnea

• no dispnea

Rule:

• If a negation pattern occurs in the note, the
value is set to n.

• Otherwise, if a dyspnea lexical trigger occurs
without a nearby negation (within ±80 charac-
ters), the value is set to y.

Foreign Body in Airways Rule
Positive triggers:

• corpo estraneo

• inalazione di corpo estraneo

• aspirazione di corpo estraneo

• soffocamento

• choking

Negative triggers:

• vie aeree pervie

Rule:

• If a negative trigger occurs, the value is set to
n.

• Otherwise, if a positive trigger occurs, the
value is set to y.

Blood Pressure Normalization
The clinical note is searched for patterns of the form

(PA|pressione arteriosa)
<systolic>/<diastolic>

where systolic and diastolic are numerical values.
The extracted values are categorized as follows:

• hypertensive: systolic ≥ 140 or diastolic ≥ 90

• hypotensive: systolic < 90 or diastolic < 60

• normotensive: otherwise

If such a pattern is detected, the prediction for the
item is replaced with the corresponding category.

Allergy Negation Rule
The following expressions are interpreted as explicit
negation:

• allergie negate

• nessuna allergia

• no allergie

• nega allergie

• NKA

• NAD

• NKDA

Rule:
If one of these expressions is detected, the value

is set to n. This rule may override both unknown
and incorrectly predicted positive values.

Evidence-based Filtering Rules
Some variables frequently produced false positive
predictions. For these variables, predictions differ-
ent from unknown are kept only if explicit textual
evidence is detected. Otherwise, the value is reset
to unknown.
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Respiratory Distress
Evidence patterns include:

• distress respiratorio

• insufficienza respiratoria

• IRA

• tirage

• uso dei muscoli accessori

• cianosi

If none of these patterns occurs in the note, the
prediction is set to unknown.

Level of Consciousness
Evidence patterns include:

• vigile

• orientato

• GCS

• cosciente

If none of these patterns occurs, the prediction
is set to unknown.

Level of Autonomy (Mobility)
Evidence patterns include:

• deambula

• cammina

• carrozzina

• bastone

• girello

If none of these patterns occurs, the prediction
is set to unknown.

Chronic Cardiac Failure
Evidence patterns include:

• scompenso cardiaco

• insufficienza cardiaca

If none of these expressions occurs, the predic-
tion is set to unknown.

SARS-CoV-2 Swab Test
A prediction is retained only if the note contains the
word tampone together with one of the following:

• positivo

• negativo

• eseguito

• effettuato

• risultato

Otherwise the value is set to unknown.

Chronic Dialysis
Evidence patterns include:

• emodialisi

• dialisi

• dialisi peritoneale

If none of these expressions occurs, the predic-
tion is set to unknown.

History-based Inference Rules
Additional rules recover missing values from explicit
mentions of therapies or comorbidities.

Anticoagulant or Antiplatelet Therapy
Mentions of the following medications trigger a pos-
itive label:

• warfarin

• coumadin

• clopidogrel

• aspirin

• cardioaspirin

• apixaban

• rivaroxaban

• dabigatran

Antihypertensive Therapy
Mentions of antihypertensive medications such as
ACE inhibitors, ARBs, beta blockers, calcium chan-
nel blockers, or diuretics trigger a positive label.

Cardiovascular Diseases
Evidence patterns include:

• cardiopatia

• fibrillazione atriale

• coronaropatia

• ipertensione
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Diffuse Vascular Disease
Evidence patterns include:

• vasculopatia

• arteriopatia

• aterosclerosi

Neuropsychiatric Disorders
Evidence patterns include:

• demenza

• alzheimer

• disturbo psichiatrico

• depressione

Living Alone
Expressions such as vive da solo set the value
to y.Expressions such as vive con la moglie
or vive con la famiglia set the value to n.

Poly-pharmacological Therapy
If the therapy section of the note contains at least
three medication separators (e.g., commas or semi-
colons) or at least four drug tokens, the value is set
to y.

Diagnostic Exam Rules
Rule-based extraction was also applied to imaging
and diagnostic exam variables:

• brain CT scan, any abnormality

• abdomen CT scan, any abnormality

• cardiac ultrasound, any abnormality

• thoracic ultrasound, any abnormalities

• chest RX, any abnormalities

• ECG, any abnormality

For each exam, the algorithm detects whether the
procedure is mentioned and whether abnormal find-
ings are reported using terms such as alterazioni,
patologico, or anomalie. If the exam is mentioned
but no abnormality is detected, the prediction is set
to unknown.

D. Glossary

Table D1 reports the acronyms included in the glos-
sary, with the meaning and confidence extracted
by the LLM and the true meaning. Except for two
cases, all the others are wrong meanings despite
high confidence of the LLM.
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Acronym Known Conf. Known Meaning True Meaning
EON no 0 – Esame Obiettivo Neurologico (Neuro-

logical physical examination)
CE yes 80 Codice di Emergenza (Emergency

Code)
Corpo Estraneo (Foreign Body)

FA yes 80 Fibra Ariana, Frattura dell’Anca (Ariana
Fibre, Hip Fracture)

Fibrillazione Atriale (Atrial Fibrillation)

NAO yes 80 Non Applicabile Operativamente (Not
applicable in practice)

Nuovi Anticoagulanti Orali (New Oral
Anticoagulants)

TAO yes 90 Trombosi Arteriosa Ostiale (Ostial Arte-
rial Thrombosis)

Terapia Anticoagulante Orale (Oral an-
ticoagulant therapy)

TD yes 80 Tachicardia Da (Tachicardia Da) Terapia Domiciliare (Home Care)
APR yes 80 Acid Peptic Reflux Anamnesi Patologica Remota (Past

medical history)
AASS yes 100 Automated External Defibrillator Arti Superiori (Upper Limbs)
TC yes 90 Trauma Cranico (Head Injury) If associated with degrees: Temper-

atura Corporea (Body Temperature); in
radiology context: Tomografia Comput-
erizzata (CT scan)

HGT no 0 – Hemo Gluco Test
EGA yes 100 Età Gestazionale Anamnestica (Gesta-

tional Age)
Emogasanalisi (Blood gas analysis)

NRS yes 80 Numero Registro Sanitario (Number of
Health Registry)

Numerical Pain Rating Scale

GB yes 80 Gravità del Bene (Severity of Good-
ness)

Globuli Bianchi (White Blood Cells)

Table D1: Acronyms of the glossary extracted from the unlabelled corpus, with the meaning and confidence
reported by the LLM and the true meaning.
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Abstract
People intuitively ask natural language dialogue systems for advice on nutrition and dietary guidelines, but systems
based on prompted text generation are susceptible to fabricating details, which could be hazardous to non-specialist
users. The FoodBench-QA shared task grounds answers in knowledge bases with linked ontologies, in order to
evaluate and mitigate fabrication of nutrition information. Our system treats nutrient estimation and entity linking not
as a generative problem (predicting numbers from scratch), but as a retrieval problem. We operate on the hypothesis
that for structured data like food composition, finding a “real’ recipe that is 95% similar is more likely to approximate
the correct values than letting the language model fabricate values from sparse context. Our system performed well
on food safety labeling from recipe ingredients alone, and it did not benefit from the additional information of recipe
titles. In the NER and NEL tasks, our system handled the recipe-focused FCD corpus well, but suffered from poor
recall on scientific abstracts and the artificial dataset. These results show the importance of basing information
retrieval and question answering in data that is well-matched to the target data.

Keywords: entity linking, question answering, information retrieval, nutrition, misinformation

1. Introduction

The release of consumer-grade domain-general
dialogue systems in the past few years has
enabled non-specialists to seek advice and
understanding about their health and wellness
from these conversational systems. OpenAI (2026)
reports that more than 5% of messages sent to
their ChatGPT system are about healthcare, but
prompted text generation models are susceptible
to fabricated details, which can have high-risk
consequences in health domains (Kim et al.,
2025). Within the domain of diet and nutrition,
nutrition experts have found that generic dietary
advice from ChatGPT was acceptable, but dietary
prescriptions for chronic kidney disease were
numerically outside the target range (You et al.,
2025). Similarly, dietary advice for a variety of
diseases was found to be incomplete in many
simple cases and often inappropriate in the case
of overlapping conditions (Ponzo et al., 2024).
Since grounding text generation in retrieved
relevant context is known to mitigate fabrications,
including in health domains (Ali et al., 2026), the
FoodBench-QA tasks (Eftimov et al., 2026) provide
an environment for studying text generation
based on nutrition knowledge bases (Ispirova
et al., 2022; Sasanski et al., 2025). Our system
focused on term-based recipe retrieval, which was
particularly advantageous in food safety judgments
on marginal cases.

2. Related Work

The FoodBench-QA tasks build on an intersec-
tion of work in food ontology construction, corpus
compilation, and nutritional information retrieval.
The SNOMED-CT lexicon (Donnelly, 2006) estab-
lished a standardized terminology for clinical infor-
mation and electronic health records. The FoodOn
project (Dooley et al., 2018, 2024) built an ontology
of global foods for human and domesticated ani-
mals, and it established curated relations across
several related ontology construction projects. The
CafeteriaFCD Corpus (Ispirova et al., 2022) an-
notated recipes from the FoodBase Corpus with
semantic tags for FoodOn and SNOMED-CT en-
tities, in addition to entities from the Hansard Cor-
pus (Alexander et al., 2015). Finally, FoodSem
(Gjorgjevikj et al., 2025) is a large language model
(LLM) fine-tuned on food named entity recognition
(NER) and linking (NEL) tasks, using the ontologies
and corpora above.

3. System Description

The system we built for the FoodBench-QA tasks
(Fig. 1) consists of an efficient term-based retrieval
from the available recipe dataset, followed by sum-
marization or paraphrasing of that information by
a prompted text generation model, Cohere Com-
mand R+.1

1The code is available from https://github.com/
rsk2327/FoodBenchQA.git
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Input Recipe Text

TF-IDF Vectorizer
(n-gram 1-2)

k-NN Retrieval (k=20)
Cosine Similarity

Recipe
Database

Sim > 95%?

Squared Weighted
Voting (W = Sim2)

Golden Match
(Exact Values)

Nutrient & FSA Output

Query

No Yes

Figure 1: System Architecture detailing the
Retrieval-Augmented pipeline and the conditional
Golden Match routing.

Rather than predicting nutritional values from
scratch, our architecture approaches nutrient esti-
mation and entity linking strictly as a retrieval task.
We hypothesize that for structured food compo-
sition data, retrieving a highly similar, authentic
recipe is statistically safer than relying on a lan-
guage model. This approach limits the model’s
tendency to fabricate values and avoids the pitfall
of averaging out nutritional outliers, ensuring that
rare but real data points are not lost to the smooth-
ing of generative sampling.

4. Tasks 1 & 2: Nutrient and FSA
Estimation

4.1. Methodology: Retrieval-Augmented
Generation

Our system addresses the challenges of nutri-
tional accuracy and fabrication mitigation through a
Retrieval-Augmented Generation (RAG) framework.
Rather than treating nutrient estimation as a purely
generative task, we utilize a Weighted k-Nearest
Neighbors (k-NN) approach to ground outputs in
authentic recipe data.

• Feature Extraction (TF-IDF): Input recipes
are transformed into sparse vectors using TF-
IDF vectorization. We chose TF-IDF vectoriza-
tion for three reasons: we hypothesized that
more lexical-based representations would bet-
ter represent the kind of ingredient detail the

system needs than a generic text embedding
model would, and we anticipated that the trans-
parency and interpretability of TF-IDF repre-
sentations would be important for troubleshoot-
ing behavior and calibrating appropriate trust in
the system. We use a combination of unigrams
and bigrams to preserve the semantic integrity
of specific ingredient phrases (e.g., “corn oil”
vs. “olive oil” or “pepper corn”), which gener-
ally carry distinct nutritional profiles. We used
the default ‘TfidfVectorizer‘ from the sklearn
library (Pedregosa et al., 2011), with the in-
cluded English stop words. Punctuation and
capitalization are ignored.

• Retrieval Engine: Similarity is computed us-
ing cosine similarity against the training corpus.
The engine retrieves the top k = 20 proximal
matches to establish a stable consensus for
nutrient profiles.

• Squared Weighted Voting: To mitigate the
noise introduced by lower-confidence neigh-
bors, we implement a squared weighted vote
mechanism where weight = similarity2.
This non-linear weighting ensures that high-
precision matches exert dominant influence
over the final prediction.

• Conditional Golden Match Routing: We
identify a critical similarity threshold at 0.95.
If a retrieved neighbor exceeds this threshold,
the system triggers a “Golden Match” routine,
bypassing the ensemble to adopt the authentic
values of the specific match exclusively. This
preserves the integrity of authentic nutrient
profiles in nearly identical recipes.

Input Recipe Retrieved Match
Spaghetti with tomato
sauce and meatballs

Pasta with beef meat-
balls and marinara

1lb pasta, 1 jar mari-
nara, and 1lb frozen
beef meatballs

16oz spaghetti, 24oz
tomato sauce, and 1lb
meatballs

Similarity Score: 0.96

Table 1: A qualitative example of the Golden Match
rule. Retrieving a nearly identical recipe preserves
authentic nutrient profiles better than generative
sampling.

4.2. Results and Discussion
The performance of our retrieval-augmented sys-
tem was evaluated across two primary tasks: nutri-
ent estimation (Task 1) and Food Standards Agency
(FSA) traffic light labeling (Task 2). We compare
our results against rbls-lab, the top-performing
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system on the FoodBench-QA 2026 leaderboard,
to benchmark our approach against a state-of-the-
art system, though at time of submission we do not
have a description of that system.

Nutrient Ours rbls
Protein 0.7635 0.9344
Sugars 0.6966 0.8644
Fat 0.6745 0.8446
Saturates 0.7155 0.8618

Table 2: Task 1.1. Accuracy of recipe nutrient esti-
mation from ingredients

Nutrient Ours rbls
Protein 0.7773 0.9357
Sugars 0.7167 0.8650
Fat 0.6928 0.8465
Saturates 0.7341 0.8626

Table 3: Task 1.2. Accuracy of recipe nutrient esti-
mation from ingredients plus titles

4.2.1. Nutrient Estimation (Task 1)

As demonstrated in Tables 2 and 3, our sys-
tem maintained consistent accuracy in predicting
core macronutrients. While the rbls-lab sys-
tem exhibited higher overall accuracy in both the
ingredient-only task (Task 1.1) and the ingredients-
plus-title task (Task 1.2), omitted titles had a neg-
ligible effect on both systems. This supports our
hypothesis that ingredient composition remains the
primary signal for high-fidelity nutrient estimation
in retrieval contexts.

4.2.2. FSA Traffic Light Labeling (Task 2)

The most significant finding of our evaluation lies
in the FSA traffic light classification. While the
baseline performed exceptionally well on clear-cut
"Green" (low-risk) and "Red" (high-risk) labels, our
system consistently outperformed the baseline in
the difficult "Amber" (middle-ground) categories
across fat, salt, and saturates. For instance, in Task
2.1, our system achieved an F1 score of 0.7499 for
fat-amber, compared to the baseline’s 0.7086, and
0.7434 for salt-amber versus 0.6570. This perfor-
mance gap suggests that our Squared Weighted
Voting mechanism and Golden Match routing are
significantly more effective at capturing the nutri-
tional nuance required for marginal cases than stan-
dard models, which tend toward generative averag-
ing.

4.2.3. Impact of Titles

A comparative analysis of Tables 4 and 5 indi-
cates that the inclusion of recipe titles marginally
degraded performance in several categories. For
example, the F1 score for salt-amber dropped from
0.7434 (ingredients only) to 0.7302 (with titles). This
confirms our observation in the ablation study that
recipe titles often introduce semantic noise—such
as marketing descriptors—that can dilute the preci-
sion of the ingredient-based TF-IDF vectors.

Class Ours rbls
fat-green 0.8283 0.8282
fat-amber 0.7499 0.7086
fat-red 0.7643 0.7906
salt-green 0.8742 0.8754
salt-amber 0.7434 0.6570
salt-red 0.7684 0.7583
saturates-green 0.8584 0.8510
saturates-amber 0.7072 0.5767
saturates-red 0.8136 0.8023
sugars-green 0.8672 0.8601
sugars-amber 0.6560 0.6163
sugars-red 0.6934 0.8062

Table 4: Task 2.1. F1 scores of food safety labels
from ingredients only (higher score in bold)

Class Ours rbls
fat-green 0.8227 0.8555
fat-amber 0.7478 0.7555
fat-red 0.7645 0.8178
salt-green 0.8657 0.8983
salt-amber 0.7302 0.7184
salt-red 0.7639 0.7942
saturates-green 0.8568 0.8766
saturates-amber 0.7067 0.6470
saturates-red 0.8116 0.8305
sugars-green 0.8661 0.8800
sugars-amber 0.6618 0.6872
sugars-red 0.6915 0.8471

Table 5: Task 2.2. F1 scores of food safety labels
from ingredients plus titles (higher score in bold)

5. Task 3: NER and NEL

5.1. Methodology: Hybrid
Regex-Dictionary Mapping

Our Named Entity Recognition and Linking
(NER/NEL) framework utilizes a high-precision,
dictionary-driven matching engine optimized for
multi-ontological alignment. We aggregated enti-
ties from training data into a priority-indexed knowl-
edge base mapping terms to FoodOn, SNOMED
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CT, and Hansard identifiers. Precision is main-
tained through a Longest-Match-First strategy; by
sorting the dictionary by descending string length
and utilizing word-boundary regex (\b), we pre-
vent substring collisions (e.g., matching “olive oil”
rather than “oil”). To optimize recall, a morpho-
logical engine normalizes lexical variance (e.g.,
“eggs”→ “egg”). Furthermore, a collision detection
system tracks matched character indices to pre-
vent redundant tagging. Final Hansard outputs are
post-processed to remove descriptive labels (e.g.,
AG.01 [Corn]→ AG.01) for evaluation compli-
ance.

5.2. Results and Performance Analysis
Our system achieved the highest performance on
the structured CafeteriaFCD corpus (Table 7), vali-
dating the effectiveness of the Longest-Match-First
strategy on recipe data. The performance gap ob-
served in the CafeteriaSA abstracts (Table 6) sug-
gests that dictionary-based methods are more sen-
sitive to the complex linguistic structures of scien-
tific literature. For Task 3.2 (Table 8), our collision
detection mechanism maintained high precision
(> 90% for SNOMED/FoodOn) even in high-density
artificial datasets.

Ontology Metric Ours rbls
Hansard MF1 0.4033 0.5803

WF1 0.4113 0.6071
FoodOn MF1 0.5883 0.6919

WF1 0.6143 0.7138
SNOMED MF1 0.7572 0.8089

WF1 0.7432 0.8089

Table 6: Task 3.1 CafeteriaSA. MF1 is macro-
averaged F1 score; WF1 is weighted F1 score.

Ontology Metric Ours rbls
Hansard MF1 0.7786 0.7525

WF1 0.7775 0.7509
FoodOn MF1 0.7859 0.7742

WF1 0.7901 0.7792
SNOMED MF1 0.8008 0.7848

WF1 0.8089 0.7942

Table 7: Task 3.1 CafeteriaFCD. MF1 is macro-
averaged F1 score; WF1 is weighted F1 score.

6. Ablation Study

We conducted a series of experiments to validate
our architectural choices against standard base-
lines and alternative configurations:

Ontology P R F1
Hansard M 0.7525 0.4541 0.5574

W 0.7548 0.4586 0.5620
FoodOn M 0.9302 0.6501 0.7517

W 0.9249 0.6456 0.7471
SNOMED M 0.9362 0.7264 0.8120

W 0.9322 0.7201 0.8068

Table 8: Task 3.2 Artificial NEL. M rows are macro-
averaged; W rows are weighted averages.

• Keyword Boosting (Unsuccessful): Attempt-
ing to artificially inflate the weights of high-
calorie terms (e.g., butter”) introduced sig-
nificant variance. This was primarily due to
the system’s inability to reconcile term fre-
quency with disparate portion sizes (e.g., 10g
vs. 200g), leading to inconsistent nutrient esti-
mations.

• Linear vs. Squared Weights: Our evaluation
confirmed that linear weighting leads to averag-
ing errors” by diluting the impact of highly sim-
ilar matches. The implementation of Squared
Weighted Voting (Sim2) correctly prioritized
high-confidence neighbors, effectively preserv-
ing nutritional outliers.

• Regex-only vs. Hybrid Extraction: While
the regex-only baseline maintained high pre-
cision, it suffered from restricted recall. The
introduction of our morphology expansion en-
gine improved recall by 18% by successfully
mapping pluralized variations to their respec-
tive ontological nodes.

6.1. Impact of Recipe Titles on Retrieval
Precision

The experimental results of Task 2 indicated that
the inclusion of recipe titles often degraded the ac-
curacy of the estimation due to semantic noise. Ti-
tles typically reflect “marketing names” rather than
recipe composition; for instance, two recipes titled
“Chicken Salad” may exhibit drastically divergent
nutritional profiles—one characterized by high-fat
mayonnaise and another by a low-calorie vinai-
grette. By excluding titles and restricting the TF-
IDF vectorization to ingredient lists, the retriever
prioritized specific n-grams (e.g., “extra virgin olive
oil” vs. “corn oil”) that are directly indicative of
nutritional content. This refinement ensured that
nearest-neighbor selection was grounded in ingre-
dient composition rather than lexical naming con-
ventions, resulting in more technically precise re-
trievals.
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6.2. Title-Driven Ratio Reasoning
Despite the noise introduced by titles in general
retrieval, our analysis revealed their latent utility
in determining ingredient ratios. Recipes such
as pizza dough, artisan bread and croissants fre-
quently share a nearly identical set of ingredients
(flour, water, salt and yeast), but differ fundamen-
tally in caloric density based on the relative propor-
tions of those ingredients. Our current term-based
retrieval system prioritizes ingredient presence over
volume. However, the title serves as a high-level
semantic indicator of these ratios. Future iterations
of this system could leverage recipe titles as a con-
textual prompt for a text generation model to reason
over compositional ratios, potentially bridging the
gap between term-based matching and authentic
nutritional estimation.

7. Conclusion

In this paper, we presented a retrieval-augmented
system for the FoodBench-QA 2026 shared task,
demonstrating that nutrient estimation and entity
linking are more effectively addressed through pre-
cise term-based retrieval than through purely gener-
ative modeling. Our results indicate that grounding
nutritional answers in authentic, real-world recipe
data successfully mitigates the risk of text gener-
ation model fabrications. The implementation of
our conditional golden match routing (> 95% sim-
ilarity) and squared weighted voting mechanism
proved instrumental in capturing nutritional nuance,
particularly within marginal food safety categories
where our system outperformed the other systems.
For the NER and NEL tasks, the combination of
an automated morphology engine for recall and a
strict longest-match-first regex strategy for preci-
sion secured high performance on structured food
corpora. Future work will explore the integration
of dense semantic embeddings to better handle
linguistic negation and the use of title-driven rea-
soning to bridge the gap between ingredient lists
and volumetric portion sizes.

8. Ethics and Limitations

Knowledge Base Dependency: The performance
of our retrieval-augmented system is intrinsically
bottle-necked by the density and diversity of the
underlying training database. Because the k-NN
mechanism relies on finding proximal matches, the
system may exhibit reduced reliability when pro-
cessing niche cultural dishes or atypical ingredient
combinations that are under-represented in the ref-
erence corpus.

Portion Size and Quantity Sensitivity: As ob-
served in our ablation studies, the term-based TF-

IDF approach prioritizes ingredient presence over
volumetric ratios. Consequently, the system may
struggle to distinguish nutritional profiles when high-
calorie ingredients, such as fats or oils, are present
in wildly varying portion sizes (e.g., distinguishing
a light sauté from deep-frying). Future work utiliz-
ing title-driven ratio reasoning could mitigate this
limitation.

Linguistic Negation and Semantic Ambiguity:
Since our model utilizes n-gram-based retrieval, it
is susceptible to errors in natural language nega-
tion. Complex phrasing (e.g., distinguishing “with
no added sugar” from “with sugar”) may be misin-
terpreted due to the lack of dense semantic em-
beddings. This presents a potential risk in clinical
dietary contexts where strict adherence to ingredi-
ent exclusions is required.
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Abstract
The development of question-answering systems capable of grounding their answers in Electronic Health Records
could provide patients with faithful assistance while reducing the clinical workload. The ArchEHR-QA 2026 Shared
Task was organized to advance progress in this context. In this paper, we present our strategies for addressing this
shared task, which are focused primarily on evidence alignment and, to a lesser extent, on evidence identification.
Our approaches rely exclusively on open-source models with up to 8 billion parameters, aiming to produce systems
suitable for environments with memory constraints. We experimented with methods based on embedding models,
prompt curation, self-consistency, and combination of LLMs. We concluded that prompt curation together with an
effective post-processing step was crucial for creating stable systems, while self-consistency yielded considerable
gains in performance. The results of our approaches suggest that small LLMs can substantially improve their
accuracy in the evidence alignment task via simple and affordable techniques.

Keywords: Medical NLP, Clinical LLM, ArchEHR-QA

1. Introduction

One of the key challenges in clinical computer sci-
ence is the creation of conversational agents ca-
pable of answering medical questions asked by
laypeople. A substantial proportion of the health-
related questions posed to medical professionals
are already addressed within patients’ own med-
ical reports. However, the large volume of clini-
cal data and the complexity of medical language
make locating this information challenging for non-
expert users. Developing systems capable of auto-
matically and reliably extracting relevant answers
from clinical documentation and presenting them
to end users could significantly reduce the clin-
ical workload. Large Language Models (LLMs)
have shown significant medical knowledge (Sing-
hal et al., 2025), but applying that knowledge in
practical situations—such as answering patient
questions by grounding responses in an Electronic
Health Record (EHR) in a reliable way—remains a
challenge.

In this context, the second edition of the
ArchEHR-QA Shared Task: Grounded Ques-
tion Answering from Electronic Health Records
has been organized (Soni and Demner-Fushman,
2026b). The Shared Task aims to encourage
research into creating a system capable of han-
dling a scenario where a patient provides a nar-
rative—containing inaccuracies and an underlying
question—along with an EHR related to that nar-
rative, and the system must produce an answer
correctly grounded in the EHR. This paper presents
a compilation of our approaches to solving the two

subtasks related to evidence, identification, and
alignment in this Shared Task. All the code im-
plemented and the prompts employed are made
available in a repository1 to aid reproducibility.

2. Related Work

Interest in medical question-answering systems
dates back a long time, and extensive research has
been conducted on the topic (Bardhan et al., 2024).
Traditionally, the evaluation of medical systems was
carried out using multiple-choice datasets, with
questions extracted from medical exams and other
sources (Pal et al., 2022). Recently, research has
been shifting toward more practical approaches,
where the generation of expert-level free-text an-
swers and the grounding of those answers to en-
sure reliability play a crucial role. In this context,
several challenges have emerged, ranging from
hallucinations and fairness biases to legal consider-
ations (Yang et al., 2025b). To address these chal-
lenges, new systems are being developed, such
as Med-PaLM 2 (Singhal et al., 2025), which is a
milestone worth mentioning.

Methodologically, LLM-based agent systems rep-
resent the primary approach, and research has
shown that some systems have achieved expert-
level performance (Al Radi et al., 2025). The usual
framework involves fine-tuning a backbone LLM
on the medical domain. Then, the main chal-
lenge lies in correctly managing the vast informa-

1Repository containing the code and prompts:
https://github.com/XabierIU/HiTZ-IXA-ArchEHR-QA
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tion and reasoning capabilities of the LLM. To ad-
dress this, emerging agent systems are being devel-
oped based on different methods: tool-augmented
agents (Schick et al., 2023), agents with long-term
memory modules (Zhang et al., 2024), and multi-
agent systems (Kim et al., 2024).

However, there is a gap in the research con-
cerning the integration of information from medical
records when answering patients’ clinical questions.
To foster research in this area, the first edition of the
ArchEHR-QA Shared Task was presented in 2025
(Soni et al., 2025). In that edition, many participants
developed systems commonly found in the state
of the art, such as multi-agent systems (Hwang
et al., 2025) and prompt-optimization techniques
(Bogireddy et al., 2025).

3. Data and Models

We used exclusively the data provided by the
Shared Task organizers (Soni and Demner-
Fushman, 2026a), consisting of 167 clinical cases.
Of these, the first 20 included answers for develop-
ment. Cases 121–167 were reserved by them for
Subtask 2 evaluation, and cases 21–167 for Sub-
task 4 evaluation. Each case in the development
dataset contains: a free-text patient question, a
clinical-interpreted concise question, an EHR with
the necessary data to answer the question, and
an answer text that addresses the clinical question,
along with the reference numbers of the EHR sen-
tences on which each sentence of the answer is
grounded.

In order to select backbone language models,
we followed two principles. On the one hand, we
decided to work with open-source models executed
on local GPUs; on the other hand, we used small
LLMs of up to 8 billion parameters to avoid exces-
sive memory consumption. We believe that these
two principles ensure the applicability of our sys-
tems in memory-constrained environments, while
avoiding dependence on non-free APIs.

Specifically, we tested the Aloe (Garcia-Gasulla
et al., 2025), MedGemma (Sellergren et al., 2025),
Qwen3 (Yang et al., 2025a), and Llama Instruct
models—all with 8 billion parameters except for
MedGemma, which has 4 billion. Regarding the
reasons for this selection, we selected the Aloe
and Qwen models because the participants in the
previous year’s edition found them to be successful
in addressing this task (Le et al., 2025). In the case
of Aloe 8B, it was shown to be even more effective
than the 70B version (Cuadron Cortes et al., 2025).
MedGemma is claimed to have expert-level capa-
bilities in clinical texts (Al Radi et al., 2025), and
Llama was used as a baseline model in ArchEHR-
QA 2025 (Soni et al., 2025).

4. Tasks Description and Evaluation

The Shared Task is composed of four subtasks:
Question Interpretation, Evidence Identification, An-
swer Generation, and Evidence Alignment. We
participated in two of them: the second and the
fourth. The aim of the second subtask is, given a
patient narrative, a clinical question extracted from
that narrative, and an EHR, to identify the essential
sentences from that EHR needed to answer the
aforementioned clinical question. Meanwhile, in
the fourth subtask, the system is provided with the
narrative, the question, the EHR, and the answer
to the question. For each sentence of the answer
text, the objective is to determine which sentences
in the EHR it is grounded in.

Regarding evaluation, both tasks are assessed
using micro precision, recall, and F1 metrics, and
the systems are ranked according to the F1 metric,
which is referred to as the overall score.

5. Subtask 2: Evidence Identification

In the previous edition of the Shared Task, most
participants divided their approaches into two parts
(Soni et al., 2025): identifying the essential sen-
tences from the EHR and generating the answer
text. The first part corresponds to Subtask 2 of
the current edition. Although we focused our work
on Subtask 4, we conducted some minor experi-
ments aimed at improving upon the systems from
the previous year’s edition.

Our approach to this subtask involved employing
LLM agents in a zero-shot setting, complemented
by prompt refinements. All experiments were made
using the Aloe model, described in Section 3.

We observed that some EHRs are considerably
longer than others, ranging from fewer than 10 sen-
tences to up to 40 sentences. We hypothesized
that longer EHRs might be more challenging due to
the potential difficulty small models face in attend-
ing to all sentences effectively. To address this, we
proposed two approaches:

• To divide the EHR into smaller segments
(which we referred to as windows) and in-
put one segment per execution to the agent,
thereby reducing the input size. This approach
is illustrated in the row Window in Table 1.

• To perform two separate executions of the
model: one asking it to identify essential sen-
tences, and the other asking it to identify non-
relevant sentences. The results from both ex-
ecutions would then be combined by a third
agent. For the first two agents, we requested
that they output their reasoning to help guide
the final agent in producing the final result.
In this way, we explored two complementary
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Set Approach Prec. Rec. F1

Dev
Aloe-basic 40.84 58.84 48.16
Window 41.43 61.16 49.40
Ess-Nrev 46.65 62.55 53.25

Test Aloe-basic 38.64 54.70 45.29
Ess-Nrev 44.24 47.92 46.01

Table 1: Micro precision, recall and F1 of our ap-
proaches in Subtask 2.

strategies for solving the task, generating addi-
tional information to support the final decision.
Row Ess-Nrev in Table 1.

Table 1 presents the results obtained with the
approaches described above, evaluated on both
partitions using the official scoring program. To de-
termine the window size for the Window approach,
we performed a grid search on the development set
and found that the best results were achieved with a
window size of W = 15, meaning that 15 sentences
were input per execution to the agent. Note that
the sentence sets are disjoint from one another. It
can be observed that while our approaches yielded
slight improvements on the development set, these
gains did not generalize to the test set, likely due
to the high variability in EHR characteristics across
the two partitions.

6. Subtask 4: Evidence Alignment

Our main focus rests on the fourth subtask. The
approaches followed are presented in the following
subsections.

6.1. Avoiding LLMs: Embedding Models

The first step we considered for solving this task
was to attempt to avoid computationally costly LLM
systems by using embedding models. In order to
find which EHR sentences served as the basis for
each answer sentence, we followed the procedure
outlined as follows: We calculated the embedding
vectors for each sentence in the EHR and the an-
swer text using two language models: BERT (De-
vlin et al., 2019) and MedBERT (Vasantharajan
et al., 2022). Then, for each answer sentence, we
computed its cosine similarity with all EHR sen-
tences. Finally, we determined that the EHR sen-
tences with a cosine similarity higher than a thresh-
old with value T were considered the basis for the
current answer sentence. In practice, the value of
the threshold was set using the development set by
identifying the value that yielded the best results.
After performing a grid search, it was determined
that a cosine similarity higher than T = 0.60 was
the optimal threshold.

Table 2 shows the performance of the embed-
dings from BERT (trained on generalist texts), Med-
BERT (trained on clinical texts), and a random
baseline. The random system generates random
EHR reference numbers for each answer sentence.
The substantial influence of the training domain
is noteworthy: the model trained on clinical texts,
MedBERT, achieves a considerably higher perfor-
mance, whereas BERT’s performance is close to
that of the random system. In any case, the perfor-
mance of the embedding models remained limited
and, therefore, we decided to explore alternative
approaches.

Embedding Prec. Rec. F1
Random 6.82 37.28 11.52
BERT 9.67 42.75 15.77
MedBERT 39.07 42.75 40.83

Table 2: Performance in the development set of
similarity with different embedding models.

6.2. LLM Agents and Prompt Adjustment
Our second approach was to develop an LLM-
based agent system using the backbone models
mentioned in Section 3. As an initial step, we
sought to assess the capabilities of these models
in a zero-shot setting.

Prompt curation A critical component of such
systems is the prompt. Hence, several variants of
a crafted prompt structure were explored.

• First: we took this as a prompt template. In
this prompt, first, we assign a role to the LLM;
then we provide the EHR, followed by the ques-
tion and the answer text. Finally, we include
a block of instructions and constraints to en-
sure a predictable and structured output. The
curated prompt is given in Appendix TBA.

• NoQu: the crafted prompt (i.e. First) without
the clinical question;

• CoT: the crafted prompt with a Chain of
Thought block (Wei et al., 2022);

• Invr: the inverse prompt presenting the answer
first, then the EHR, and finally the question;

• NoIns: the crafted prompt without the instruc-
tions block, included as a baseline.

Table 3 presents the impact of each prompt on alter-
native backbone models (i.e. Aloe, Qwen, Llama,
MegGemma abbreviated as MedGm).

Post-processing: It is known that LLMs can
sometimes produce unexpected outputs. Our
prompts instruct the LLM to output an exact copy
of the answer text, divided into sentences, with
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the EHR sentence references for each sentence in-
cluded in brackets after the period. This format was
selected after experimenting with other formats that
yielded poorer results, such as outputting directly
in JSON format or omitting the answer sentences
copies. To handle outputs that do not strictly follow
this format, we developed a post-processing step
with the following capabilities:

• Ability to identify the end of each sentence
using different reference characters (e.g., peri-
ods, newlines, brackets).

• Ability to match each output sentence with the
corresponding answer sentence by finding the
longest common character sequence.

• Ability to detect and correct sentence-order
inconsistencies between the answer text and
the output text.

• Ability to identify and remove duplicate sen-
tences.

This post-process ensures the correct interpretation
of the LLM outputs and ultimately enhances the
overall performance of the systems.

Results using Zero-shot: The results attained
by Zero-shot learning approaches with different
prompts and followed by the post-processing are
shown in Table 3.

Prompt Aloe Qwen Llama MedGm
First 54.14 54.56 53.57 52.51
NoQu 53.90 50.48 49.20 51.87
CoT 52.01 47.91 51.10 39.21
Invr 45.10 60.56 46.55 47.57
NoIns 39.82 39.56 18.14 25.94

Table 3: Performance on the development set of
Zero-shot of various LLMs using different prompt
templates. Results represent the mean micro F1
scores across 10 repeated runs.

From Table 3, it can be observed that all LLMs
achieved their best results with the crafted prompt,
except for Qwen, which performed best with the
inverse prompt. The Chain of Thought block did not
lead to performance improvements, a finding con-
sistent with reports from some participants in the
previous edition of this Shared Task on other sub-
tasks (Cuadron Cortes et al., 2025). Furthermore,
it can be noted that the models whose performance
varied the least across different prompts were Aloe
and Qwen, and that structuring the prompt did not
yield better results.

6.3. Self-Consistency Techniques
Self-consistency (Wang et al., 2022) was found to
be relevant in related work (Bogireddy et al., 2025)

as it tends to improve results for evidence identi-
fication and answer generation. In an attempt to
explore the benefits of self-consistency, we followed
the steps outlined below:

• Selection of the best approach (LLM and
prompt). Based on Table 3, we opted for
Aloe and Qwen respectively with First and Invr
prompts.

• Each approach was executed N times for each
example in the dataset. Note that Zero-shot
models are not fully-deterministic, instead, the
responses might vary.

• Rely on evidence. After the N executions, for
each sentence in the answer text, a result was
eligible provided that it was present in a per-
centage (MV ) of the executions. That is a
minimum voting threshold was applied as eli-
gibility criterion.

We conducted a grid search on the development
set to determine the minimum threshold percentage
MV (with MV ∈ {0, 0.25, 0.5, 0.75, 1}) and number
of executions N ∈ {3, 5, 7, 9}. For both models and
for all the values tested for N , the optimal value
for MV was 0.75. Each evaluation was conducted
5 times to gain insights about the stability of each
approach.

N LLM Prompt Prec. Rec. F1

3
Aloe First 50.00 65.87 56.80
Qwen Invr 60.58 70.63 65.14

5
Aloe First 57.10 62.60 59.70
Qwen Invr 62.61 65.74 64.12

7
Aloe First 53.19 66.42 59.06
Qwen Invr 58.98 66.62 62.40

9
Aloe First 56.09 65.55 60.43
Qwen Invr 60.00 68.82 64.01

Table 4: Performance on the development set of
LLMs enhanced with self-consistency techniques
varying the number of executions (N) for Aloe and
Qwen. Results represent the mean micro scores
across 5 repeated runs of each system.

Table 4 presents the results of our agents in-
corporating the self-consistency criterion. It can
be observed that this approach leads to a signif-
icant improvement in the results. The number of
iterations does not appear to be highly critical; per-
forming just three executions is sufficient to achieve
notable improvements. From five or seven execu-
tions onward, the gains become less substantial
compared to those obtained with fewer executions.

6.4. Cross-Consistency
While in the previous section we looked for self-
consistency of a single approach, next we com-
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bined both Aloe and Qwen as a committee of ex-
perts or ensemble LLMs. Considered together all
the executions, we applied the minimum threshold
voting heuristic. Also, we used the best working
prompts for each model (First for Aloe and Invr for
Qwen) in all executions.

NA NQ MV Prec. Rec. F1

2 3
0.50 67.68 63.03 65.22
0.75 56.09 76.08 64.52

3 2
0.50 62.46 61.30 61.82
0.75 51.74 78.43 62.30

4 5
0.50 65.94 65.09 65.50
0.75 53.19 74.28 61.77

Table 5: Cross-consistency experiments on the
development set. The first and second columns in-
dicate, respectively, the number of Aloe and Qwen
executions in each committee of experts system.
Results represent the mean micro scores across 5
repeated runs of each system.

Table 5 presents the most relevant systems
from our grid search. The results suggest
that the improvements achieved through cross-
consistency are bottlenecked by the performance
of the strongest individual model—in this case,
Qwen. Committees comprising a majority of Aloe
executions showed improved performance com-
pared to Aloe-only systems using self-consistency,
with scores approaching those of Qwen-only sys-
tems that employ self-consistency (see Table 4).
In contrast, committees with a majority of Qwen
executions were unable to substantially surpass
the performance of Qwen-only models using self-
consistency. These findings indicate that while self-
consistency was worthy, cross-consistency did not
result in synergistic.

6.5. Results on Test Partition
The settings for the three runs submitted to the
Subtask 4 are as follows:

• Run 1. The Aloe model using the First prompt
described in Subsection 6.2, without using self-
consistency techniques. The results in the
development set are shown in Table 3. This is
our baseline run.

• Run 2. The Qwen model using the Inverse
prompt described in Subsection 6.2, enhanced
with the self-consistency approach employing
the most successful hyperparameters in the
development set (N = 3 and MV = 0.75, see
Table 4), as described in Subsection 6.3.

• Run 3. The best cross-consistency approach
described in Subsection 6.4. That is, the com-
mittee of experts composed of 4 Aloe execu-

tions with the First prompt and 5 Qwen execu-
tions with the Invr prompt, using MV = 0.50.

Run Prec. Rec. F1
Run 1 58.19 56.80 57.49
Run 2 74.72 60.33 66.76
Run 3 74.44 59.43 66.09

Table 6: Results on the test partition. Micro preci-
sion, recall and F1.

Table 6 shows that the trends observed in the
development partition are also reflected in the test
partition. Our best-performing approach is the sec-
ond one, which uses a Qwen model enhanced with
self-consistency and the hyperparameters tuned
on the development set. It is worth noting that this
approach outperforms our first submission by more
than 9 points in Micro F1, illustrating the importance
of selecting the most effective model, carefully tai-
loring prompts to it, and repeating and combining
executions to produce more robust outputs.

7. Conclusions

We conclude that the performance of small back-
bone LLMs can be considerably improved for clini-
cal evidence grounding through simple techniques,
such as prompt adjustment or the use of self-
consistency. Our best approach for Subtask 4 of
the Shared Task involved using a Qwen model with
a carefully curated prompt and merging the outputs
from three executions to increase the robustness of
the model. This approach improved the results by
more than 9 Micro F1 points compared to our initial
submission. In addition, we illustrated that the per-
formance of small LLMs in this task is often highly
variable and tends to promote error accumulation
in approaches that combine outputs from different
models. Consequently, post-processing becomes
a core component of the overall pipeline.

8. Limitations

Regarding the limitations of our approaches, we ob-
served that the results of some of the LLMs we used
were considerably unstable. In the zero-shot set-
ting, the standard deviation of the micro F1 scores
reached 3.27 points for the Qwen models, primarily
due to high variability in micro recall across execu-
tions. In contrast, the Aloe models exhibited greater
stability in the same setting, with a standard devi-
ation of 1.39 micro F1 points. The application of
self-consistency techniques proved helpful in re-
ducing this variability. Nonetheless, this instability
remains an issue that should be addressed in future
work. Furthermore, the effectiveness of fine-tuning
techniques could lead to greater improvements for
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the small LLMs we employed, particularly if syn-
thetic data is generated in an efficient and task-
appropriate manner.
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Abstract

This paper presents the joint participation of the BIT.UA and AAUBS groups in the ArchEHR-QA 2026 shared
task, which focuses on clinical question answering and evidence grounding in a low-resource setting. Due to the
absence of training data and the strict data privacy constraints inherent to the healthcare domain (e.g. GDPR),
we investigate the capabilities of Large Language Models (LLMs) without weight updates. We evaluate several
state-of-the-art proprietary models and locally deployable open-source alternatives using various prompt engineering
strategies, including task decomposition, Chain-of-Thought, and in-context learning. Furthermore, we explore majority
voting and LLM-as-a-judge ensembling techniques to maximize predictive robustness. Our results demonstrate
that while proprietary models exhibit strong resilience to prompt variations, domain-adapted open-source models
(such as MedGemma 3 27B) achieve highly competitive performance when paired with the right prompt. Overall,
our prompt-based approach proved highly effective, securing 1st place in Subtask 4 (evidence citation alignment)
and 3rd place in Subtask 3 (patient-friendly answer generation). All code, results, and prompts are available on our
GitHub repository: https://github.com/bioinformatics-ua/ArchEHR-QA-2026.

Keywords: Clinical Question Answering, Electronic Health Records, Large Language Models, Prompt En-
gineering, Biomedical NLP

1. Introduction

Patients increasingly seek to understand their
health conditions and clinical course by review-
ing their electronic health records (EHRs). How-
ever, clinical notes are notoriously complex, lengthy,
and filled with medical jargon, making it difficult
for patients to extract clear, accurate answers to
their questions. The ArchEHR-QA 2026 (Soni
and Demner-Fushman, 2026b,a) Shared Task ad-
dresses this by challenging systems to perform
grounded question answering (QA) directly from
patient-specific EHRs. Unlike general health QA,
this task emphasizes that clinical grounding en-
sures generated answers are explicitly linked to
supporting evidence within the clinical notes.

The ArchEHR-QA 2026 challenge is divided into
four sequential Subtasks: interpreting a verbose pa-
tient question into a concise clinical query (Subtask
1), identifying relevant evidence sentences from
the EHR (Subtask 2), generating a patient-friendly
answer (Subtask 3), and aligning the generated
answer with the underlying clinical evidence (Sub-
task 4). Developing supervised models for these
highly specialized steps is difficult due to the lack
of annotated data.

To overcome the lack of extensive training data,
our team participated in all four Subtasks by explor-
ing a purely generative approach. We evaluated
a wide variety of Large Language Models (LLMs),
encompassing both open-source and proprietary
architectures, relying entirely on prompting strate-
gies. Our goal was to determine the extent to which
off-the-shelf LLMs can bridge the semantic gap be-
tween patient inquiries and EHR data across the en-
tire QA pipeline. Specifically, this study addresses
two core research questions:

• RQ1: To what extent can open-source LLMs
bridge the performance gap to state-of-the-art
proprietary models on complex clinical reason-
ing tasks?

• RQ2: To what extent does prompt engineering
impact model performance and how does this
vary between models.

Our comprehensive evaluation revealed substan-
tial variability across the four Subtasks, highlighting
the uneven capabilities of current LLMs in clinical
contexts. While our systems achieved top results
in the generation and alignment tasks, securing
1st place in Subtask 4 and 3rd place in Subtask
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3, performance dropped considerably in the pure
extraction and query formulation tasks. The re-
mainder of this paper is structured as follows: Sec-
tion 2 outlines the background and related work.
Section 3 details our methodology, including our
experimental setup and the diverse prompting tech-
niques deployed. Section 4 presents our validation
and official competition results, with Section 5 pre-
senting some error analysis. Section 6 provides a
discussion with Section 7 concluding our findings.

2. Background

Large Language Models in Clinical NLP. Until re-
cently, state-of-the-art clinical natural language pro-
cessing relied heavily on domain-specific, encoder-
only architectures, such as ClinicalBERT (Huang
et al., 2019), which required extensive supervised
fine-tuning. Recently, the paradigm has shifted to-
ward generative LLMs. Models such as GPT-4,
Gemini, and Claude have demonstrated remark-
able zero-shot and few-shot capabilities across
complex medical tasks, including clinical summa-
rization, diagnostic reasoning, and patient-friendly
translation (Thirunavukarasu et al., 2023; Singhal
et al., 2023). However, applying these models
to EHRs introduces significant challenges regard-
ing hallucination (Huang et al., 2025) and factual
consistency, necessitating strict grounding mecha-
nisms to ensure patient safety.

Prompt Engineering and In-Context Learn-
ing. While supervised fine-tuning remains the
conventional standard for clinical NLP tasks, it is
highly susceptible to overfitting in extreme low-
resource settings and often impractical without
extensive synthetic data generation (Meng et al.,
2023). Consequently, advanced prompt engineer-
ing has emerged as the primary method for steer-
ing LLM behavior without weight updates (Sahoo
et al., 2024; Chen et al., 2025). Foundational
techniques like few-shot In-Context Learning (ICL)
(Brown et al., 2020) and strict lexical constraints
(Schall and de Melo, 2025) help anchor model out-
puts to specific source texts. For complex clinical
reasoning tasks, decomposing instructions via Task
Decomposition (Zhou et al., 2023) and Chain-of-
Thought (CoT) prompting (Wei et al., 2022) have
proven highly effective at imporving general perfor-
mance. Furthermore, ensemble strategies, such as
“LLM-as-a-judge” framework (Zheng et al., 2023),
are increasingly utilized to smooth out the variance
inherent to generative models, improving both the
robustness and precision of structured outputs.

Privacy Constraints and Open-Source Alter-
natives. A primary barrier to deploying propri-
etary LLMs in real-world clinical environments is
patient data privacy. Regulations such as the Gen-
eral Data Protection Regulation (GDPR) (European

Union, 2016) and the Health Insurance Portabil-
ity and Accountability Act (HIPAA) (104th United
States Congress, 1996) often strictly prohibit the
transmission of EHR data to external third-party
APIs (Thirunavukarasu et al., 2023). Consequently,
there is a growing imperative to develop and evalu-
ate locally deployable, open-weights models. Re-
cent releases such as MedGemma (Sellergren
et al., 2025), attempt to bridge the performance gap
between open-source and closed-source systems
specifically in the medical domain. Evaluating the
true viability of these open-weights models against
state-of-the-art proprietary baselines remains a crit-
ical area of ongoing research.

3. Methodology

Given the extreme low-resource constraints of
this competition, comprising a development set
of only 20 samples, our methodology strictly uti-
lizes prompt engineering over traditional fine-tuning.
Across the pipeline, each of the four Subtasks in-
corporates an LLM component. To quantify the
performance gap between state-of-the-art propri-
etary models and locally deployable open-source
alternatives, we systematically evaluated varying
configurations of prompts and model architectures.
Broadly, our prompts fall into three general cat-
egories: constraint-based instructions that en-
force output structure and terminology, extraction-
focused steps that isolate key information prior to
generation, and rephrasing strategies that guide the
model toward the desired output style. Depending
on the complexity of the Subtask, we applied zero-
shot prompting, few-shot ICL, lexical constraints,
Task Decomposition, and CoT pipelines. We fre-
quently merged these techniques to ensure robust
adherence to task guidelines and mitigate hallucina-
tion. All models were executed with a temperature
of 0.0 and a top-p of 0.95 to maximize deterministic
behavior, though we acknowledge this may not be
optimal for all model architectures evaluated.

3.1. Subtask 1
Our objective for Subtask 1 was to transform ver-
bose patient-authored questions into concise clini-
cal questions strictly under a 15-word limit. Each
prompt received the patient question as input and
instructed the model to generate a clinician inter-
preted query representing the medical information
needed. The generated question was required to
follow a strict JSON format containing a single field
(“query”). To find the optimal balance between nat-
ural language generation and clinical accuracy, we
systematically evaluated ten distinct prompt tem-
plates divided into two methodological strategies:

• Direct Generation with Constraints
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(Prompts 1-7): This utilized a direct gen-
eration approach where the model was
instructed to read the narrative and imme-
diately synthesize a question. Prompt 1
established baseline zero-shot constraints
(15-word limit, third-person perspective).
Prompt 2 introduced lexical constraints to
preserve exact medical terminology, to avoid
paraphrasing, and Prompt 3 tested a few-shot
alternative, providing 2 examples. Prompts 4
and 5 enforced verbatim extraction, explicitly
forbidding the correction of misspellings to
prevent model over-correction. Prompts 6 and
7 added structural rules enforcing the inclusion
of medications/anatomical terms and a single
continuous sentence format, respectively.
However, stacking these negative and struc-
tural constraints within a single instruction
frequently induced additional interference,
causing the model to sporadically ignore rules
or omit key terms.

• Task Decomposition (Prompts 8-10): To mit-
igate constraint overload, we transitioned to
an extract-then-generate pipeline. Prompt 8
forced the model to execute an intermediate
step: explicitly identifying consecutive two- and
three-word medical phrases. Prompt 9 refined
this to isolate the primary clinical concern prior
to formulating the query. Prompt 10 combined
this sequential extraction with few-shot ICL to
maximize terminology retention while adhering
to brevity limits.

3.2. Subtask 2
Subtask 2 evaluates a system’s ability to identify
clinical note sentences that provide evidence for
answering a patient’s question. Due to limited de-
velopment data, we framed this as a prompt-based
inference task, instructing models to return the rel-
evant sentence identifiers in a structured JSON for-
mat. Each prompt received the clinician question
along with the numbered sentences of the clinical
note excerpt, and the model was asked to select
the identifiers of sentences that provide support-
ing evidence. We evaluated the following prompt
formulations and ensemble strategy:

• Sentence-Level Classification (Prompts 1-
2): Models evaluated each sentence indepen-
dently, assigning labels (essential, supplemen-
tary, not relevant). This approach introduced
instability across sentences and required com-
plex post-hoc aggregation.

• Case-Level Evidence Selection (Prompts
3-8): Prompts 3-6 received the entire excerpt
and were instructed to output identifiers of rel-
evant sentences directly, emphasizing a “mini-

mal and sufficient” set. However, strict minimal-
ity often reduced recall by omitting partial sup-
porting evidence. Prompts 7 and 8 introduced
additional reasoning constraints (CoT) to im-
prove transparency, but the increased prompt
complexity destabilized output formatting.

• Recall- and Precision-Oriented Selection
(Prompts 9-10): To explore the trade-off be-
tween coverage and specificity, we tested two
simplified formulations. Prompt 9 instructed
the model to prefer precision over recall, se-
lecting only the most directly relevant sentence
identifiers, while Prompt 10 favoured recall
over precision, selecting all sentence iden-
tifiers that could help answer the clinician’s
question to reduce the risk of missing relevant
evidence.

• Ensemble Aggregation: To finalize predic-
tions, we employed a majority voting ensemble
across multiple LLMs (Dietterich, 2000). Each
model independently generated predictions,
and sentence identifiers selected by a mini-
mum of 2/3 models were included in the final
output, reducing spurious selections while pre-
serving consistently identified evidence.

3.3. Subtask 3
For Subtask 3, the goal was to synthesize a patient-
friendly, evidence-grounded answer (maximum 75
words). Each prompt received the patient ques-
tion, clinician question, and numbered clinical note
sentences as input. Because this Subtask heavily
evaluates factual consistency and adherence to the
source text, our prompt engineering focused on pre-
venting hallucination (Huang et al., 2025) through
the following strategies:

• Few-Shot with Explicit Constraints
(Prompts 1-5, 8, 10): We utilized a 1-shot
learning approach, providing an annotated
example from the task guidelines. We
systematically varied the strictness of length
instructions (e.g., “exactly 3 to 5 sentences”
vs. “maximum 75 words”) and paraphrasing
allowances.

• Multi-Shot Demonstration (Prompt 6): Ex-
panded ICL by providing two distinct clinical
examples, testing whether exposure to diverse
specialties improved the model’s ability to syn-
thesize answers without exceeding the strict
word count.

• Zero-Shot Abstractive Summarization
(Prompt 7): Removed all in-context examples
to test baseline summarization capabilities,
relying purely on instructional constraints
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to generate faithful, evidence-grounded
answers.

• Implicit Chain-of-Thought / Pre-
computation (Prompt 9): Introduced a
cognitive constraint requiring the LLM to
silently identify relevant numbered sentences
prior to generation. This anchored the model
to an extractive mindset without polluting the
final output with reasoning traces.

• High-Density Persona & Negative Con-
straints (Prompt 11): Shifted the system per-
sona to a strict “clinical auditor” and densely
stacked negative constraints (e.g., "Do NOT
infer, generalize, explain, justify, speculate") to
strongly discourage creative text generation.

• LLM-as-a-Judge: To better generalize results
across model-specific biases, we employed
an LLM-as-a-Judge (Zheng et al., 2023) to se-
lect the single best candidate answer per case
from a pool of outputs with the strongest model-
prompt configurations. The judge evaluated
candidates according to the following criteria,
in priority order: (1) faithfulness: every claim
must be supported by the clinical note sen-
tences. (2) medical completeness: covering
the key clinical information that answers the
question. (3) terminology retention: preserv-
ing exact medical terms, procedure names,
and diagnoses from the note. (4) conciseness:
no filler or hedging, within the 75-word limit.

3.4. Subtask 4
Subtask 4 requires systems to link each sentence of
a generated answer back to supporting sentences
in the clinical note excerpt. Each prompt received
the patient question, clinician question, the num-
bered clinical note sentences, and the generated
answer sentences. To ensure accurate sentence-
level labels, we preprocessed the texts by explic-
itly labeling them with structural identifiers prior
to prompting. Specifically, each sentence in the
source clinical note was prepended with a unique
tag (e.g., [1], [2]), and each sentence in the gen-
erated answer was similarly tagged. In a variant,
answer sentences were additionally prefixed with
e.g. [N1], [N2] and [S1], [S2] tags to further dis-
ambiguate source and answer identifiers. Some
configurations also employed a two-step verifica-
tion pass, prompting the model to revisit any un-
aligned answer sentences after the initial output.
We framed the model as a clinical evidence align-
ment expert tasked with generating strictly valid
JSON under four core rules: only explicitly sup-
ported facts may be cited, references must contain
the minimal set that contains all relevant informa-

tion, unsupported sentences must return empty
lists, and all answer sentences must be processed.

• Zero-Shot Alignment (Prompts 1, 10):
Prompt 1 established the baseline with
markdown-style rules and explicit-support con-
straints. Prompt 10 utilized a stricter formula-
tion, explicitly forbidding inference and general-
ization. However, zero-shot models struggled
to consistently differentiate direct evidence
from loosely related context.

• Progressive Few-Shot Scaling (Prompts
2-9): Prompt 2 introduced a 2-shot setting
with clean alignment structures. Prompt 3 ex-
panded to a 4-shot setting incorporating com-
plex cases with high citation density and un-
supported answers. Prompt 4 added a fifth
conservative example to pull the model toward
precise evidence linking. Prompt 5 tested a
reordering of the Prompt 4 set to investigate
and mitigate recency effects. Prompts 6 and 7
shifted back to 4-shot with alternative cases,
while Prompts 8 and 9 extended this to 5-shot
configurations, systematically varying example
ordering and composition to identify the most
effective sequence.

• Ensemble Aggregation: Because all few-
shot examples were drawn from the 20-case
development set, individual prompt configura-
tions risked overfitting. To improve general-
ization, we searched over candidate model-
prompt configurations to construct an ensem-
ble.

4. Results

We employed a two-stage evaluation methodology
across all four Subtasks. In the initial stage, we
conducted extensive validation on the 20-case de-
velopment set, evaluating a representative, though
non-exhaustive, pool of state-of-the-art proprietary
models (e.g., Gemini 3 Flash (Doshi and The Gem-
ini Team, 2025), Gemini 2.5 Flash (Comanici et al.,
2025), Claude Sonnet 4.5 (Anthropic, 2025), GPT
4.1 (OpenAI, 2025), Grok 4.1 Fast (xAI, 2025))
alongside open-source alternatives (e.g., Llama 3.1
8B Instruct (Llama Team, AI @ Meta, 2024), Qwen
3 (Qwen Team, 2025) and various domain finetunes
(Tran et al., 2024)12, MedGemma-27B (Sellergren
et al., 2025). We iteratively adjusted this base-
line pool to incorporate newer, higher-performing
models as they became available. This validation
phase identified our top-performing configurations,

1https://huggingface.co/khazarai/
Bio-8B-it

2https://huggingface.co/Echelon-AI/
Med-Qwen2-7B
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which were subsequently applied to the hidden test
set (comprising 47 samples for Subtasks 1-3 and
147 samples for Subtask 4) to generate the offi-
cial results. To maximize competitive performance,
our final submissions featured proprietary models
rather than open-source alternatives; we acknowl-
edge this reliance as a limitation of our work. Re-
garding computational resources, smaller open-
source models (<70B parameters) were executed
on a SLURM cluster utilizing up to two NVIDIA L4
(24GB) GPUs. All other models were accessed via
API endpoints (OpenRouter), incurring a total cost
of $109.45 USD for the duration of the competi-
tion. The following subsections detail the validation
findings and official performance for each Subtask,
with a a complete set of validation experiments for
Subtasks 1, 2, 3, and 4, including a brief evaluation
of very large open-source models, is provided in
the Appendix, for Subtask 1, 3, 4.

4.1. Subtask 1
Performance in Subtask 1 is evaluated using an
average of four automatic text generation metrics:
ROUGE (Lin, 2004), BERTScore (Zhang et al.,
2020), AlignScore (Zha et al., 2023), and MEDCON
(Yim et al., 2023). Our validation results are pre-
sented in Figure 1. Across the Direct Generation
phase (Prompts 1-7), performance gradually im-
proved as constraints were refined, though scores
remained generally lower than those in the Task
Decomposition phase (Prompts 8-10). Task De-
composition consistently achieved the highest aver-
age scores across model architectures, suggesting
that breaking the task into sequential extraction
steps is a highly effective strategy. Based on these
validation results, Prompts 8, 9, and 10 were iden-
tified as the strongest configurations, with prompt
10 offering the best performance for most propri-
etary models, indicating the advantage of using few
shot examples. In general we note that most pro-
prietary models offer alot more performance and
robustness than most open source alternatives.

The official leaderboard results for Subtask 1
are presented in Table 1. Our primary submission
utilized Claude Sonnet 4.5 with Prompt 10, combin-
ing the sequential extraction pipeline with 2-shot
in-context learning (ICL) to maximize terminology
retention within the 15-word limit. This approach
achieved a score of 19.0, ranking 13th on the leader-
board. A secondary submission using GPT-5.2 with
Prompt 8 (extract-then-generate) achieved a score
of 16.6, indicating that the in-context examples in
Prompt 10 provided a meaningful advantage. No-
tably, the substantial discrepancy between our in-
ternal validation scores and the official test results
suggests a potential distribution shift in the test
data, an overfitting effect to the highly constrained
20-case development set, or some internal errors

1 2 3 4 5 6 7 8 9 10 Average
Prompt ID

Grok 4
.1 Fast

Qwen3 Max

GPT 5.2

Gemini 3 Pro

Claude Sonnet 4.5

Gemini 3 Fla
sh

Med-Qwen2 7B

MedGemma 27B

MedGemma 4B

Qwen3 32B

Llama 3.1 8B

Average

74.5 88.4 81.5 79.5 90.9 90.9 91.8 93.2 93.7 94.8 87.9

64.9 83.5 81.3 77.8 86.3 89.3 87.1 92.9 92.8 94.4 85.0

50.2 83.4 81.0 75.0 91.7 91.5 93.3 94.7 94.2 94.6 85.0

74.5 82.3 82.6 85.4 88.1 96.0 84.8

63.0 76.5 79.0 78.7 82.9 88.0 81.8 94.7 94.5 95.7 83.5

41.9 67.3 71.1 56.1 75.0 79.8 75.8 87.7 82.7 92.4 73.0

88.0 88.2 82.5 89.9 87.6 85.5 90.1 86.8 87.4 68.6 85.5

49.3 73.0 69.8 61.7 75.5 76.0 80.2 88.0 86.9 80.6 74.1

68.0 46.9 58.5 71.5 76.8 65.8 76.6 86.4 79.5 89.4 71.9

61.9 66.2 75.9 69.1 85.1 71.1 68.7 60.9 77.5 70.5 70.7

55.8 65.9 71.6 51.0 68.9 65.4 70.5 71.9 65.5 50.9 63.7

61.8 73.9 75.2 71.0 82.1 80.5 81.6 85.7 85.7 84.3 78.6

Subtask 1: Prompt-Specific Model Performance

Figure 1: Subtask 1 Validation Results showing
the different prompts over several different open
and close source models. The scores represent the
official evaluation metrics of the average of ROUGE,
BERTScore, AlignScore, and MEDCON.

on our part.

Model / Team Rank Score
Our Submissions
Sonnet-4.5 Prompt 10 13 19.0
GPT-5.2 Prompt 8 – 16.6
Leaderboard
Best Competitor 1 31.2
Median 7 25.6

Table 1: Subtask 1 Official Results. The score
represents the average of ROUGE, BERTScore,
AlignScore, and MEDCON.

4.2. Subtask 2
Performance in Subtask 2 is evaluated using the
Strict Micro F1 score to measure a system’s abil-
ity to accurately identify the minimal and suffi-
cient set of relevant evidence sentences. Valida-
tion results (Figure 2) highlight a distinct perfor-
mance gap between proprietary and open-source
models. Proprietary models consistently achieved
the highest scores, typically exceeding 50.0 Mi-
cro F1 and demonstrating relative stability across
various prompt configurations. In contrast, open-
source models produced substantially lower scores
and exhibited higher sensitivity to prompt varia-
tions. Further we note many cases of complete
failure (F1 score of zero), where the model/prompt
configuration would generate responses which
were unparseable. In terms of our prompting ap-
proaches, we noticed no clear winners in terms
of prompts, with various models having various
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optimal prompts, with the exception of prompt 10,
obtaining top performance for most propriety mod-
els.

1 2 3 4 5 6 7 8 9 10 Average
Prompt ID

Gemini 3 Fla
sh

Grok 4
.1 Fast

Gemini 2.5 Fla
sh

Claude Sonnet 4.5

MedGemma 27B

Llama 3.1 8B

KhazarAI Bio 8B

Qwen3 32B

Qwen3 8B

Average

57.7 58.0 58.1 63.7 64.2 60.3

60.4 54.8 52.8 59.2 56.8

52.1 51.0 48.3 50.6 48.8 52.6 52.0 54.4 50.3 53.9 51.4

58.7 57.8 57.5 0.0 0.0 55.4 56.7 60.1 43.3

51.4 51.6 49.2 0.0 48.2 45.4 43.6 48.7 53.4 49.0 44.0

41.7 32.4 44.0 0.0 21.4 43.2 34.9 39.7 32.3 38.0 32.8

29.7 35.1 25.7 0.0 9.9 29.3 29.2 32.0 35.0 28.7 25.5

19.7 14.6 17.7 0.0 7.4 8.9 16.2 6.2 9.3 9.2 10.9

3.1 6.2 0.0 0.0 3.1 4.7 1.6 3.1 6.2 3.1 3.1

41.6 37.9 34.6 7.2 19.8 30.7 38.2 37.4 35.7 40.6 36.5

Subtask 2: Prompt-Specific Model Performance

Figure 2: Subtask 2 Validation Results over the
Strict Micro F1 metric

Consequently, our final system relied on an en-
semble of the strongest proprietary models. The pri-
mary submission, a majority voting ensemble com-
prising Gemini 3 Flash Preview, Grok 4.1 Fast, and
Claude Sonnet 4.5 (all using prompt 10), achieved
a Strict Micro F1 score of 58.8, ranking 11th on the
leaderboard (Table 2). This performance is near
the median system score (59.8) and remains com-
petitive with the top-performing system (63.7). An
alternative single-model submission (Grok 4 Fast
Prompt 10) achieved a score of 56.0. The minimal
variance between the ensemble and single-model
runs demonstrates the stability of the prompting
strategy, suggesting that a single model is highly
reliable and rendering more computationally expen-
sive ensembling strategies unnecessary.

Model / Team Rank Strict Micro
F1

Our Submissions
Ensemble Top 3 11 58.8
Grok 4 Fast (Prompt 10) – 56.0
Leaderboard
Best Competitor 1 63.7
Median 7/8 59.8

Table 2: Subtask 2 Performance: Strict Micro F1
on ArchEHR-QA.

4.3. Subtask 3
Performance in Subtask 3 is evaluated using an
average score over the metrics: BLEU, ROUGE,
SARI (Xu et al., 2016), BERTScore, AlignScore,
and MEDCON. Validation results (Figure 3) re-
vealed that performance narrowly varied across

all eleven prompts. This indicates that for patient-
friendly answer generation, models are relatively
robust to prompt variation, making model selec-
tion the primary driver of performance. Gemini
2.5 Flash and Claude Sonnet 4.5 consistently out-
performed other models, while open-source mod-
els like MedGemma-27B and a domain fine-tuned
Qwen 3-8B3 performed competitively, narrowing
the performance gap observed in other Subtasks.

1 2 3 4 5 6 7 8 9 10 11 Average
Prompt ID

Gemini 2.5 Fla
sh

Claude Opus 4.6

GPT-4
.1

Claude Sonnet 4.5

Qwen3 Max Think.

MedGemma 27B

KhazarAI Bio 8B

DeepSeek V
3.2

Llama 3.1 8B

MedGemma 4B

Qwen3 32B

Med-Qwen2 7B

Average

38.2 38.7 37.9 38.3 37.7 38.9 36.4 37.1 37.2 37.5 34.3 37.5

38.1 36.6 37.4

37.0 37.0

37.1 37.7 37.6 37.6 37.2 37.9 33.5 36.9 35.9 37.2 36.7 36.8

33.7 33.7 34.4 35.7 33.8 33.5 31.0 32.7 33.2 34.9 34.9 33.8

35.8 35.6 36.2 35.5 35.2 36.3 35.2 35.5 35.1 32.7 34.2 35.2

35.6 34.9 35.8 35.0 35.4 35.5 33.0 36.0 34.7 35.5 33.9 35.0

34.2 33.6 33.9 36.8 34.1 35.2 32.2 33.2 33.8 34.1 34.5 34.1

34.4 33.5 34.4 35.0 34.5 33.8 32.1 33.7 33.6 31.5 32.0 33.5

33.3 34.1 33.1 33.7 33.1 33.5 32.0 33.0 33.0 33.2 31.9 33.1

31.2 30.7 26.3 28.5 30.1 29.4 27.8 28.4 28.4 31.6 31.7 29.5

28.4 27.3 25.6 27.4 26.1 30.7 28.3 27.0 28.2 26.8 23.8 27.2

34.2 34.0 33.5 34.3 33.7 35.0 32.2 33.7 33.3 33.5 32.8 34.2

Subtask 3: Prompt-Specific Model Performance

Figure 3: Subtask 3 Validation Results using an av-
erage score of the metrics: BLEU, ROUGE, SARI,
BERTScore, AlignScore, and MEDCON

Given the marginal prompt-based variance, our
submission strategy prioritized model diversity and
high-quality demonstrations. Our first submission
utilized an LLM-as-a-Judge (GPT-4.1) over the
strongest model-prompt configurations: Gemini 2.5
Flash, Claude Sonnet 4.5, and Claude Opus 4.6 on
prompt 6. This approach ranked 3rd on the official
leaderboard with a score of 35.6 (Table 3), closely
trailing the top competitor (36.3). Single-model sub-
missions also demonstrated strong performance:
Gemini 2.5 Flash (Prompt 6, multi-shot) achieved
35.5, while Claude Sonnet 4.5 (Prompt 2, 1-shot
explicit constraints) scored 33.9. This suggests
that for this generation task, the LLM-as-a-Judge
does not add much value relative to the overhead.
The narrow 0.7-point gap between our best ensem-
ble and the winning submission underscores the
viability of prompt-based approaches for simplified
medical text generation.

4.4. Subtask 4
Performance in Subtask 4 is evaluated using
sentence-level precision, recall, and Micro F1 met-
rics over predicted alignment links. Validation re-
sults (Figure 4) indicated that using few shot prompt-

3https://huggingface.co/khazarai/
Bio-8B-it
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Model / Team Rank Score
Our Submissions
LLM-as-a-Judge 4 Models 3 35.6
Gemini-2.5-Flash (Prompt 6) – 35.5
Sonnet-4.5 (Prompt 2) – 33.9
Leaderboard
Best Competitor 1 36.3
Leaderboard Median 7 32.9

Table 3: Subtask 3 Performance Comparison. The
Overall metric is a composite score evaluating
simplified medical text generation, incorporating
BLEU, ROUGE-Lsum, SARI, BERTScore, Align-
Score, and MEDCON (UMLS).

ing (Prompts 2-9), often gave the open source mod-
els a clear benefit, with most models obtaining their
best scores between prompts 5-7. However, be-
cause all few-shot examples were drawn from the
evaluation development set, we believed that this
might reflect partial overfitting. In general, pro-
prietary models significantly outperformed open-
source alternatives. Google’s MedGemma-27B
was a notable exception (average 81.0), though
it still trailed the top proprietary models.

1 2 3 4 5 6 7 8 9 10 Average
Prompt ID

GPT-4
.1

Claude Opus 4.5

Gemini 2.5 Fla
sh

Claude Opus 4.6

Claude Sonnet 4.5

Gemini 2.0 Fla
sh

Gemini 3 Fla
sh

Grok 4
.1 Fast

Qwen3 Max Thinkin
g

MedGemma 27B

Gemma 3 27B

Llama 3.1 8B

Med-Qwen2 7B

MedGemma 4B

Average

88.1 89.0 87.1 88.1

88.3 89.4 85.9 87.2 87.7

83.0 87.0 89.1 89.8 89.6 89.1 89.4 88.7 83.3 87.7

87.7 88.7 84.8 85.4 86.7

86.2 87.0 86.5 85.7 86.4

89.1 86.6 86.0 85.5 87.7 82.3 86.2

87.2 86.8 87.3 85.7 80.7 85.5

83.3 83.0 84.1 89.0 84.9

74.2 83.8 84.7 83.7 81.1 81.5

76.2 80.7 83.9 83.4 85.1 83.0 76.5 80.7 82.2 78.1 81.0

73.3 75.1 77.7 78.8 74.1 78.4 80.0 79.3 78.2 75.9 77.1

61.5 58.7 63.4 74.1 60.8 66.9 62.4 64.4 59.3 52.9 62.4

11.9 21.4 36.2 39.4 37.7 38.6 38.1 48.0 34.2 9.5 31.5

0.0 26.2 38.6 44.1 32.4 33.8 32.8 25.7 27.2 35.0 29.6

54.3 58.2 60.0 77.1 76.9 77.0 76.2 67.6 65.3 62.2 75.4

Subtask 4: Prompt-Specific Model Performance

Figure 4: Subtask 4 Validation Results

To maximize robustness, we utilized an ensem-
ble search over the strongest model-prompt combi-
nations (Prompts 5-7), with the final submissions
using Prompts 5 and 6. The final ensemble compo-
sition was selected based solely on Micro F1 per-
formance on the 20-case development set, with no
subsequent adjustment made prior to or following
test set submission. Our primary submissions, a 3-
model majority voting ensemble (Gemini 2.5 Flash,
Claude Opus 4.6, Gemini 2.0 Flash) with Prompt 5,

achieved 1st place on the leaderboard with a Micro
F1 of 81.5 (Table 4). Our second submission used
a 4-model ensemble combining Gemini 2.5 Flash
and GPT-4.1, each evaluated with Prompts 5 and
6, resulting in four model-prompt configurations
and achieving 81.3. Finally, a strictly constrained
zero-shot single-model configuration (Gemini 2.5
Flash, Prompt 10) achieved 81.2, demonstrating
that carefully engineered zero-shot prompting can
perform competitively with few-shot ensembles. Al-
though the performance differences between our
approaches is minimal, the margin between the
1st and 4th place submission was 1.2 Micro F1,
indicating that these marginal changes affect the
ranking of the systems. Furthermore, despite ear-
lier concerns about potential overfitting due to few-
shot examples drawn from the development set,
the similarity between validation and official results
suggests the overfitting was minimal.

Model / Team Rank Micro
F1

Our Submissions
Ensemble 3 models 1 81.5
Ensemble 4 models – 81.3
Gemini 2.5 Flash (Prompt 10) – 81.2
Leaderboard
Best Competitor 2 81.3
Median 8/9 77.5

Table 4: Subtask 4 Performance: Micro F1 on
ArchEHR-QA.

5. Error Analysis

Subtask 1: Question Interpretation Error Analy-
sis. The model occasionally failed to transform pa-
tient narratives into professional clinical queries. In
Case 129, it generated an informal, query with lots
of spelling errors (“Why is he not eatin feeling weak
and shakey loosin weight...”) rather than the re-
quired concise clinical formulation (“What explains
his weakness, weight loss, and poor appetite...”).
Upon reflection this is a model directly following
our instructions where we ask specifically to not
rephrase or correct spelling errors.

Subtask 2: Evidence Retrieval Error Analysis.
Retrieval primarily suffered from over-selection and
missed evidence. In over-selection cases (e.g.,
Case 19), the system successfully retrieved the
gold annotations but included numerous false posi-
tives containing irrelevant procedural background
due to an over-reliance on broad semantic similarity.
Notably, our attempts to mitigate this using stricter
filtering and ensemble methods have not fully re-
solved the issue. Conversely, in missed evidence
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cases (e.g., Case 20), the model hyper-focused
on explicit diagnostic terminology, completely over-
looking relevant sentences describing treatments.
Addressing this requires non-trivial improvements
in semantic reasoning.

Subtask 3: Answer Generation Error Anal-
ysis. Generation errors typically involved medi-
cal hallucinations or context misinterpretation. In
Case 21, the model correctly identified a patient’s
cirrhosis but hallucinated plausible yet entirely un-
supported complications (portal gastropathy, Budd-
Chiari syndrome). In Case 29, it ignored the pri-
mary clinical note regarding deep vein thrombosis
treatment, instead generating an unrelated discus-
sion about Coumadin and alcohol use. These is-
sues emphasize the need for stronger grounding
mechanisms to tightly couple generation with the
retrieved evidence.

Subtask 4: Evidence Alignment Error Analy-
sis. The model demonstrated difficulty with multi-
evidence reasoning, where multiple context sen-
tences jointly support a single claim. In Case 3, the
model correctly cited one supporting sentence but
missed a second complementary citation detailing
warning symptoms, largely because the missing
sentence utilized different terminology. Mitigating
these incomplete citations will require prompting
and retrieval strategies that explicitly encourage
aggregating complementary evidence.

6. Discussion

In this work, we aimed to evaluate the limits of
LLMs in the extreme low-resource biomedical set-
ting of the ArchEHR competition, relying primarily
on prompt engineering and model selection rather
than supervised fine-tuning. Our findings high-
light several key dynamics regarding model scaling,
open-source viability, and the practical trade-offs
of ensemble methodologies in clinical applications.

Addressing the viability of open-weights models
for secure clinical deployment (RQ1), internal val-
idation highlighted the impressive capabilities of
open-source, domain-adapted models. Notably,
MedGemma 3 27B performed exceptionally well,
closely trailing large proprietary counterparts de-
spite its relatively small parameter count. This
shrinking performance gap is critical for the health-
care domain, where data privacy regulations often
strictly prohibit sending sensitive patient data to
external API endpoints. Locally deployable domain
tuned open-source models are often the only op-
tion in these settings; however, our findings confirm
that more work is needed to extract optimal perfor-
mance from these smaller models.

Regarding the effectiveness of prompt engineer-
ing (RQ2), our validation phase revealed that the im-
pact of specific techniques is inversely proportional

to baseline model capability. State-of-the-art propri-
etary models generally demonstrated high robust-
ness, yielding less performance variance across
different prompt templates while maintaining higher
relative performance, with several prompts often
achieving similarly top-tier results. Conversely,
open-source LLMs exhibited significant, model-
dependent performance swings (e.g., the high vari-
ance between Qwen 3-32B and MedGemma ar-
chitectures in Subtask 1, though Subtask 3 proved
an exception). However, even for the most robust
models, careful prompt tuning remained a necessity
for enforcing strict structural constraints, such as
rectifying the consistent JSON formatting failures
observed in Subtask 2. Furthermore, it is important
to note that poorly constructed prompts will still de-
grade the performance of proprietary models, as
evidenced by Prompt 1 in Subtask 1. In general,
regarding proprietary models, once a baseline of
high performance is reached, further prompt engi-
neering yields diminishing returns. This is aligned
with the existing literature (Zhuo et al., 2024).

To maximize our competitive standing, we uti-
lized ensembling techniques across the pipeline, in-
cluding majority voting and LLM-as-a-judge frame-
works. While these strategies consistently im-
proved robustness and yielded positive results, the
absolute performance gains were often marginal.
In a shared task competition, fractional improve-
ments are vital for leaderboard positioning. How-
ever, from a real-world clinical deployment perspec-
tive, these techniques introduce severe operational
bottlenecks. Running multiple inferences per query
effectively multiplies operational costs or latency
by a factor of the ensemble size. For live, scal-
able health systems, the marginal gains of ensem-
bling are not worth the resulting computational in-
efficiency.

Broadly, the ArchEHR competition demonstrates
that LLMs are highly competitive in this low-
resource clinical setting, though their efficacy varies
significantly by task type. For Subtask 3 (answer
generation), LLMs remain the natural and dominant
choice, excelling at abstractive synthesis. Surpris-
ingly, our prompt-based ensemble also achieved
state-of-the-art results in Subtask 4 (evidence ci-
tation), which we initially hypothesized would be
dominated by fine-tuned systems. Conversely,
the leaderboard standings for Subtask 2 suggest
that other approaches may be more optimal over
prompt-based LLMs for pure evidence-span re-
trieval, if the best competitor uses other techniques.
Finally, we note that our official Subtask 1 perfor-
mance was an anomaly compared to our internal
validation; we believe there remains substantial,
untapped potential for LLM-driven query transfor-
mation in this space.
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7. Conclusion

This study investigated the efficacy of LLMs in
the extreme low-resource clinical setting of the
ArchEHR competition. By systematically evaluating
zero-shot, few-shot, and CoT prompting strategies
alongside ensemble methodologies, we demon-
strated that state-of-the-art LLMs can achieve
highly competitive performance across complex
biomedical NLP tasks without any supervised fine-
tuning. Notably, our prompt-based ensemble ap-
proach achieved first place in Subtask 4 (evidence
citation alignment) and third place in Subtask 3
(patient-friendly answer generation), proving that
LLMs are naturally suited for both abstractive syn-
thesis and strict evidence-linking. Conversely,
our lower performance in Subtasks 1 and 2 indi-
cates that pure evidence-span retrieval and strict
query formulation remain challenging for genera-
tive, prompt-only architectures.

Our findings also highlight critical dynamics for
the real-world deployment of clinical AI. While mas-
sive proprietary models exhibited strong robustness
to prompt variations, open-source models, particu-
larly MedGemma 3 27B, demonstrated highly com-
petitive capabilities with certain prompts. This nar-
rowing performance gap is a crucial development
for healthcare environments bound by strict data
privacy frameworks like GDPR, where local deploy-
ment is mandatory. Finally, while ensembling tech-
niques such as majority voting and LLM-as-a-judge
provided the marginal gains necessary for com-
petitive leaderboard positioning, their associated
computational costs and latency make them ineffi-
cient for scalable, real-world clinical deployment.

8. Limitations

While our work showed good results, this study
has several notable limitations. First, due to the ex-
treme low-resource nature of the shared task (only
20 development cases), there is a persistent risk
that our few-shot prompts and ensemble configu-
rations are partially overfit to the development dis-
tribution, despite our efforts to utilize varying case
structures. This impacts the conclusions drawn
from the validation results. Additionally, our uniform
use of temperature 0.0 and top-p of 0.95 across all
models, while intended to maximize deterministic
behavior, may not be optimal for all architectures
evaluated, particularly reasoning-oriented models
that are designed to benefit from some degree of
stochasticity.

Second, our evaluation of proprietary LLMs was
not exhaustive, and was not run on all prompt con-
figurations. The financial constraints associated
with commercial API costs limited our ability to
perform evaluate every prompt variation across all

available proprietary models. Consequently, the
optimal prompt-model combinations reported may
reflect a local maximum rather than absolute peak
performance.

Furthermore, our system heavily relies on pro-
prietary, closed-weights models (e.g., Gemini and
Claude) accessed via API endpoints to achieve
top-tier performance. This introduces reproducibil-
ity challenges, as the underlying model weights
may be silently updated by the providers. And in
GDPR strict scenarios this cannot be permitted.
Finally, the evaluation was restricted to English clin-
ical notes; the efficacy of these prompting strate-
gies on multilingual or non-English EHRs remains
unverified.

9. Ethical Considerations

The deployment of generative LLMs in clinical set-
tings carries profound ethical implications, primarily
concerning patient safety and data privacy. Gen-
erative models are inherently prone to hallucina-
tion. While our system achieved high precision
in evidence alignment (Subtask 4) and grounding
(Subtask 3), the risk of clinical hallucination cannot
be entirely eliminated through prompt engineering
alone. Therefore, systems like ours must strictly
be deployed as “human-in-the-loop” assistive tools
to reduce clinician cognitive load, rather than as
autonomous diagnostic or patient-facing decision-
makers.

Additionally, our highest-performing submissions
rely on sending clinical text to external APIs. In real-
world healthcare environments governed by privacy
frameworks such as HIPAA and GDPR, transmit-
ting sensitive Protected Health Information to ex-
ternal servers is often legally prohibited. While we
demonstrated that local, open-weights models like
MedGemma 3 27B show strong promise, bridging
the performance gap between secure local models
and proprietary systems remains a critical ethical
and technical imperative for the field.
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A. Additional Experiments

In this appendix, we present the full set of experi-
ments conducted on the development set for Sub-
tasks 1, 3, and 4 (Figures 5, 6, and 7, respec-
tively). Notably, these extended validation results
demonstrate that very large open-source models
(such as Qwen 3 235B, GLM4.7, and Deepseek
V3.2) performed exceptionally well, achieving re-
sults highly competitive with proprietary models.
However, we chose not to emphasize these models
in the main text due to their prohibitive local hard-
ware requirements. Running these models locally
requires substantial compute resources (often ex-
ceeding 140GB of VRAM), which is impractical for
most standard biomedical deployments. Because
of this limitation, we accessed these open-source
models via API endpoints during testing; however,
for API-based applications, we opted to focus our
primary analysis on established proprietary models.
For these practical reasons, we did not investigate
these massive open-source models further in the
main study.
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1 2 3 4 5 6 7 8 9 10 Average
Prompt ID

Grok 4.1 Fast

Qwen3 Max

GPT-5.2

Gemini 3 Pro

Claude Sonnet 4.5

Claude Opus 4.5

Kimi K2.5

Gemini 3 Flash

Med-Qwen2 7B

Qwen3 235B

GLM-4.7

DeepSeek V3.2

CURE-MED 14B

GPT OSS 120B

MedGemma 27B

MedGemma 1.5 4B

DeepSeek R1

Llama 4 Maverick

MedGemma 27B IT

Lingshu 7B

MedGemma 4B

Lingshu 32B

Qwen3 32B

MedGemma Heretic 27B

Llama 3.3 70B

Fine-tuned Qwen1 7B

Gemma 3 27B

Llama 3.1 8B

Qwen3 1.7B Med

Qwen3 0.6B Med

BioMistral 7B

II Medical 8B

Nemotron 3 Nano 30B

Ministral 14B

Average

74.5 88.4 81.5 79.5 90.9 90.9 91.8 93.2 93.7 94.8 87.9

64.9 83.5 81.3 77.8 86.3 89.3 87.1 92.9 92.8 94.4 85.0

50.2 83.4 81.0 75.0 91.7 91.5 93.3 94.7 94.2 94.6 85.0

74.5 82.3 82.6 85.4 88.1 96.0 84.8

63.0 76.5 79.0 78.7 82.9 88.0 81.8 94.7 94.5 95.7 83.5

64.2 80.1 73.7 79.4 84.5 84.7 83.8 86.2 88.7 92.7 81.8

55.4 78.6 81.3 71.0 74.5 81.6 78.0 79.1 59.2 73.2

41.9 67.3 71.1 56.1 75.0 79.8 75.8 87.7 82.7 92.4 73.0

88.0 88.2 82.5 89.9 87.6 85.5 90.1 86.8 87.4 68.6 85.5

60.2 82.0 77.7 72.0 88.3 86.9 89.8 92.6 92.6 93.8 83.6

59.5 80.7 75.7 71.5 87.3 87.4 85.5 87.0 91.2 94.2 82.0

56.8 76.4 72.4 68.0 84.4 83.9 84.5 89.8 83.4 91.8 79.1

72.9 76.7 69.8 72.9 82.9 79.5 79.5 83.4 81.0 85.2 78.4

52.1 59.5 67.5 72.0 82.9 73.0 84.0 90.7 87.7 92.5 76.2

49.3 73.0 69.8 61.7 75.5 76.0 80.2 88.0 86.9 80.6 74.1

69.5 75.6 74.7 72.2 74.6 81.7 78.5 80.9 62.4 69.4 74.0

50.8 69.4 60.9 81.3 80.5 84.0 81.2 72.6

61.3 66.7 70.9 62.3 75.5 71.9 75.5 80.6 79.0 81.3 72.5

58.5 63.5 68.2 53.3 74.0 70.7 72.4 90.5 86.5 84.5 72.2

70.0 70.2 69.0 57.0 76.5 77.3 72.2 73.4 72.5 82.2 72.0

68.0 46.9 58.5 71.5 76.8 65.8 76.6 86.4 79.5 89.4 71.9

62.9 68.5 65.0 67.1 76.4 71.6 76.5 79.3 75.6 75.6 71.9

61.9 66.2 75.9 69.1 85.1 71.1 68.7 60.9 77.5 70.5 70.7

48.0 69.1 66.3 53.7 77.5 76.1 79.6 82.7 84.5 67.7 70.5

62.8 67.4 67.9 67.9 73.9 70.0 75.5 68.2 70.2 76.8 70.0

66.6 76.7 71.8 66.5 69.2 83.5 66.8 75.3 78.5 32.5 68.7

47.4 60.6 58.8 48.4 72.4 65.8 74.2 82.9 75.9 61.6 64.8

55.8 65.9 71.6 51.0 68.9 65.4 70.5 71.9 65.5 50.9 63.7

51.8 57.2 51.9 54.3 69.3 49.1 64.0 57.2 52.1 50.0 55.7

54.5 53.6 71.1 54.6 53.4 56.6 61.3 47.3 36.5 30.3 51.9

60.0 55.2 50.9 46.1 55.4 58.0 64.1 49.2 36.5 9.8 48.5

43.0 49.2 64.1 30.8 63.6 52.0 54.5 38.8 27.7 56.3 48.0

51.6 64.9 53.2 50.5 45.6 38.7 11.2 19.2 23.3 16.5 37.5

32.2 22.8 69.3 35.3 33.0 30.8 20.5 18.6 13.7 39.2 31.6

58.5 68.6 70.0 63.7 75.3 73.4 73.2 75.8 73.4 72.1 70.6

Subtask 1: Prompt-Specific Model Performance (All Models)

Figure 5: Subtask 1 Validation Results (All Models)
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1 2 3 4 5 6 7 8 9 10 11 Average
Prompt ID

Gemini 2.5 Flash

Claude Opus 4.6

GPT-4.1

Claude Sonnet 4.5

Gemini 3 Flash

Grok 4.1 Fast

Qwen3 Max Thinking

GPT-5 Mini

GPT-5.2

GLM-4.6V

MedGemma 27B

KhazarAI Bio 8B

DeepSeek V3.2

Llama 3.1 8B

Gemma 3 27B

MedGemma 4B

MedGemma 1.5 4B

Qwen3 8B

Qwen3 32B

BioMistral 7B

Med-Qwen2 7B

Average

38.2 38.7 37.9 38.3 37.7 38.9 36.4 37.1 37.2 37.5 34.3 37.5

38.1 36.6 37.4

37.0 37.0

37.1 37.7 37.6 37.6 37.2 37.9 33.5 36.9 35.9 37.2 36.7 36.8

36.6 36.6

35.0 34.2 34.6

33.7 33.7 34.4 35.7 33.8 33.5 31.0 32.7 33.2 34.9 34.9 33.8

32.8 32.8

32.1 32.1 34.0 32.7

36.8 36.8

35.8 35.6 36.2 35.5 35.2 36.3 35.2 35.5 35.1 32.7 34.2 35.2

35.6 34.9 35.8 35.0 35.4 35.5 33.0 36.0 34.7 35.5 33.9 35.0

34.2 33.6 33.9 36.8 34.1 35.2 32.2 33.2 33.8 34.1 34.5 34.1

34.4 33.5 34.4 35.0 34.5 33.8 32.1 33.7 33.6 31.5 32.0 33.5

34.7 34.4 31.1 33.3 32.1 33.9 31.7 34.0 32.7 34.6 35.0 33.4

33.3 34.1 33.1 33.7 33.1 33.5 32.0 33.0 33.0 33.2 31.9 33.1

32.1 31.5 30.9 30.4 30.5 31.5 33.3 30.9 30.8 32.3 29.9 31.3

31.9 31.7 30.9 31.8 30.4 30.9 29.4 31.0 30.2 31.4 32.1 31.1

31.2 30.7 26.3 28.5 30.1 29.4 27.8 28.4 28.4 31.6 31.7 29.5

28.9 29.1 29.2 29.0 29.1 30.6 27.5 28.9 27.7 28.4 27.9 28.8

28.4 27.3 25.6 27.4 26.1 30.7 28.3 27.0 28.2 26.8 23.8 27.2

33.5 33.6 32.7 33.4 32.8 34.1 31.7 32.9 32.6 33.0 32.3 33.7

Subtask 3: Prompt-Specific Model Performance (All Models)

Figure 6: Subtask 3 Validation Results (All Models)
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1 2 3 4 5 6 7 8 9 10 Average
Prompt ID

GPT-4.1
Claude Opus 4.5
Gemini 2.5 Flash
Claude Opus 4.6

Claude Sonnet 4.5
Gemini 2.0 Flash

Qwen3.5 Plus
Grok 4 Fast

Claude Sonnet 4
Claude Sonnet 4.6

Gemini 3 Flash
Gemini 3.1 Pro

Grok 4.1 Fast
GPT-5

Gemini 2.5 Flash Lite
MiniMax M2.1

GPT-4.1 Mini
GPT-5.1

MiniMax M2.5
Grok 4

Claude Haiku 4.5
Qwen3 Max Thinking

GPT-5 Mini
GPT-5.2

Gemini 2.5 Pro
GPT-5 Nano

Gemini 3 Pro
Kimi K2.5

Kimi K2 Thinking
Qwen3.5 397B

DeepSeek V3
DeepSeek V3.2
MiMo V2 Flash

Qwen3 235B
MedGemma 27B

Gemma 3 27B
Nemotron 3 Nano 30B

Llama 3.3 70B
Llama 4 Scout
GLM-4.7 Flash
Llama 3.1 8B

MedGemma 1.5 4B
Med-Qwen2 7B
MedGemma 4B
Qwen3.5 Flash

BioMistral 7B
Qwen3 32B

Qwen3 8B
KhazarAI Bio 8B

Average

88.1 89.0 87.1 88.1
88.3 89.4 85.9 87.2 87.7

83.0 87.0 89.1 89.8 89.6 89.1 89.4 88.7 83.3 87.7
87.7 88.7 84.8 85.4 86.7
86.2 87.0 86.5 85.7 86.4

89.1 86.6 86.0 85.5 87.7 82.3 86.2
86.1 86.1

87.3 87.4 85.2 83.6 85.9
86.7 86.2 84.5 85.9 85.8
87.3 85.1 83.5 86.4 85.6
87.2 86.8 87.3 85.7 80.7 85.5

85.0 85.0
83.3 83.0 84.1 89.0 84.9

83.5 83.0 87.9 84.8
85.5 83.0 84.2

83.4 83.4
83.2 83.2
83.0 83.0
82.0 82.0

79.1 84.9 82.0
84.0 80.5 80.4 81.6

74.2 83.8 84.7 83.7 81.1 81.5
79.5 78.4 80.6 79.5
74.9 74.9
74.9 74.9
68.7 68.7
68.1 68.1

67.6 67.6
51.8 51.8

86.7 86.7
85.9 85.9
84.0 84.0
83.4 83.4
83.3 83.3

76.2 80.7 83.9 83.4 85.1 83.0 76.5 80.7 82.2 78.1 81.0
73.3 75.1 77.7 78.8 74.1 78.4 80.0 79.3 78.2 75.9 77.1

78.9 75.6 73.7 76.1
74.9 74.9
66.7 66.7
63.3 63.3

61.5 58.7 63.4 74.1 60.8 66.9 62.4 64.4 59.3 52.9 62.4
38.9 56.4 50.5 59.2 49.8 61.1 56.0 61.5 51.3 41.9 52.7
11.9 21.4 36.2 39.4 37.7 38.6 38.1 48.0 34.2 9.5 31.5
0.0 26.2 38.6 44.1 32.4 33.8 32.8 25.7 27.2 35.0 29.6

24.8 24.8
2.6 13.4 13.0 14.9 16.5 13.3 13.5 12.2 12.7 3.6 11.6
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

34.3 38.1 36.3 64.4 72.0 66.3 65.9 45.6 43.4 41.8 69.9

Subtask 4: Prompt-Specific Model Performance (All Models)

Figure 7: Subtask 4 Validation Results (All Models)
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Abstract
ArchEHR-QA is a grounded question-answering (QA) task for electronic health records (EHRs) comprising four
subtasks: (1) question rewriting, (2) evidence identification, (3) grounded answer generation, and (4) answer-evidence
alignment. In this work, we present a modular pipeline centered on retrieval-augmented generation (RAG). For Subtask
1, RAG few-shot prompting outperformed both PEFT and prompt-only baselines on the development set; however,
Claude few-shot proved substantially more robust on the test set, ranking 6th out of 6 participating teams (score:
26.94). For Subtask 2, a union ensemble of open-weight LLMs (GPT-OSS-120B and Qwen3-30B-A3B) achieved a
56.7 micro-F1, rivaling the proprietary Claude Opus 4.6 while demonstrating higher recall (53.6). For Subtask 3, our
RAG few-shot approach using Claude Opus 4.5 achieved the 1st place out of 13 participating teams (score: 36.33).
Finally, for Subtask 4, a zero-shot Claude Opus 4.6 configuration ranked 2nd out of 16 participating teams (score: 81.3).

Keywords: Electronic Health Records, Question Answering, Retrieval-Augmented Generation, Large Lan-
guage Models, Clinical NLP

1. Introduction

Patient portals and electronic messaging systems
are fundamentally changing how patients interact
with their own health information. As these plat-
forms become widespread, patients increasingly
access clinical documentation—discharge sum-
maries, progress notes, laboratory results—and
pose questions to their care teams through asyn-
chronous messaging (Johnson et al., 2016). This
shift creates a growing demand for automated sys-
tems that can assist clinicians in responding to pa-
tient inquiries accurately and efficiently. However,
building such systems is far from straightforward:
patient questions are often verbose, colloquial, and
underspecified, while the clinical notes that contain
the answers are long, heterogeneous, and densely
packed with medical terminology across multiple
concurrent problems.

A key requirement for any question-answering
(QA) system operating in this clinical setting is
grounding—the ability to not only generate fluent
and medically appropriate responses, but to explic-
itly link each claim in the response to supporting
evidence in the patient’s electronic health record
(EHR). Without grounding, even factually correct
answers lack the verifiability that clinicians need to
trust and adopt automated assistance, and halluci-

nated content poses a direct risk of patient harm.
This requirement distinguishes clinical QA from
open-domain question answering, where fluency
and factual accuracy are often sufficient.

The ArchEHR-QA shared task (Soni and
Demner-Fushman, 2026b) formalizes these chal-
lenges into four complementary subtasks that to-
gether constitute a complete grounded QA pipeline:
(1) question interpretation, which rewrites a ver-
bose patient question into a concise clinician query;
(2) evidence identification, which selects the mini-
mal set of EHR sentences needed to answer the
question; (3) answer generation, which produces a
grounded response constrained by the clinical evi-
dence; and (4) answer–evidence alignment, which
maps each answer sentence to its supporting evi-
dence at the sentence level. This decomposition
reflects the real-world workflow of clinicians who
must first understand the patient’s intent, locate
the relevant information, formulate a response, and
ensure that every statement is supported.

In this work, we present a modular pipeline for all
four subtasks, built around large language models
(LLMs) with retrieval-augmented generation (RAG).
Our system design is guided by three practical con-
straints that are central to clinical NLP deployment.
First, format fidelity: each subtask imposes strict
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output constraints (e.g., at most 15 words for ques-
tion rewriting, at most 75 words for answer gen-
eration) that must be enforced reliably. Second,
faithfulness: generated answers must be grounded
in the provided clinical notes without introducing
unsupported claims. Third, reproducibility and data
privacy: clinical data is subject to stringent gover-
nance requirements, motivating a systematic com-
parison between locally deployable open-weight
LLMs and proprietary API-based models to quantify
the accuracy–privacy trade-off. To support indepen-
dent development, error analysis, and auditability,
each subtask is addressed by a dedicated module
that can be evaluated and improved in isolation.

Contributions. Our main contributions are:
• A RAG in-context learning strategy that dynam-

ically retrieves semantically similar exemplars
and enforces task-specific output constraints for
question rewriting and answer generation, rank-
ing 1st out of 13 teams on answer generation.

• A privacy-aware open-LLM ensemble for evi-
dence identification, combining two open-weight
LLMs via a union strategy that achieves competi-
tive performance with a proprietary LLM (56.7 vs.
58.8 micro-F1) while providing higher recall and
preserving full data sovereignty.

• Evidence that patient question context sub-
stantially improves answer–evidence align-
ment, with a zero-shot prompting approach rank-
ing 2nd out of 16 teams (micro-F1: 81.3).

• A systematic analysis across all four sub-
tasks, comparing prompting, RAG, fine-tuning,
and preference optimization paradigms, with a
detailed examination of how distribution shift
degrades retrieval-based methods relative to
stronger LLM backbones.

2. Related Work

Grounded QA from clinical text. Evidence-
grounded (QA) has been extensively studied in
open-domain settings, but grounding answers in
EHR notes introduces additional challenges: long
and heterogeneous narratives, multiple concurrent
problems, and high consequences of hallucinated
content. The ArchEHR-QA shared task formal-
izes these challenges with explicit evidence an-
notations and answer–evidence alignments (Soni
and Demner-Fushman, 2026b). The dataset is de-
rived from de-identified clinical documentation in
the style of MIMIC critical care records, and thus
inherits the linguistic variability and documentation
conventions typical of real-world EHR notes (John-
son et al., 2016).

Consumer health question rewriting and sum-
marization. Subtask 1 is closely related to con-

sumer health question summarization, where ver-
bose patient queries are condensed while pre-
serving intent and clinical content. MeQSum pro-
vides expert summaries for such questions and
is widely used for training and evaluating medical
question summarization systems (Ben Abacha and
Demner-Fushman, 2019). Unlike generic rewriting,
ArchEHR-QA requires the output to resemble a clin-
ician query to an EHR system, without introducing
unsupported content.

RAG prompting. RAG (Lewis et al., 2020) and
retrieval of in-context demonstrations (e.g., nearest-
neighbor prompting) can improve few-shot perfor-
mance by providing style- and content-aligned ex-
emplars at inference time (Shi et al., 2022). In
parallel, parameter-efficient fine-tuning methods
such as LoRA reduce the cost of adapting LLMs
to domain-specific tasks (Hu et al., 2022), while
preference optimization (e.g., DPO) can shift LLM
behavior toward desired outputs without explicit
reward modeling (Rafailov et al., 2023).

3. Data

Each case in the ArchEHR-QA dataset (Soni
and Demner-Fushman, 2026a) contains a patient-
authored question, a clinician-interpreted ques-
tion (reference for Subtask 1), a clinical note ex-
cerpt segmented into numbered sentences with
sentence-level relevance annotations, a clinician-
authored answer (reference for Subtask 3), and
answer–evidence alignments (reference for Sub-
task 4) (Soni and Demner-Fushman, 2026b). The
dataset is distributed via PhysioNet and is derived
from de-identified EHR documentation (MIMIC-
style) (Johnson et al., 2016).

4. System Overview

Our system follows a modular pipeline aligned with
the subtasks of ArchEHR-QA (Organizers, 2026).

Subtask 1: Question Interpretation. Given a
patient-authored question, the system must pro-
duce a single clinician-interpreted question that
captures the core information need in at most 15
space-separated words, ends with a question mark,
and does not introduce facts absent from the input.
We address this with RAG few-shot prompting, dy-
namically selecting style-matched exemplars from
the training set to guide format and clinical register.

Subtask 2: Evidence Identification. Given a pa-
tient question, a clinician question (gold or system-
generated), and a numbered clinical note excerpt,
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Patient Question
free-text, unconstrained

S1: Question Interpretation
Task: clinician query (≤15 words)
Method: RAG few-shot prompting

S2: Evidence Identification
Task: essential sentence IDs

Method: hybrid sim. few-
shot + union ensemble

S3: Answer Generation
Task: grounded answer (≤75 words)

Method: RAG few-shot prompting

S4: Answer–Evidence Alignment
Task: answer sentence → note IDs

Method: zero-shot prompting

Clinical Note
Excerpt

numbered
sentences

Figure 1: Modular pipeline for ArchEHR-QA. Each
box states the task output constraint and the
method used.

the system must identify the minimal set of sen-
tence IDs that sufficiently support answering the
question. We approach this as a direct selec-
tion task using hybrid similarity-based few-shot in-
context learning, and combine predictions from two
open-weight LLMs via a union ensemble that ex-
ploits their complementary precision–recall profiles.

Subtask 3: Answer Generation. Given a patient
question, a clinician question, and a clinical note
excerpt, the system must generate a grounded an-
swer in professional register, limited to at most 75
words and avoiding speculation where evidence
is partial. We generate answers conditioned on
the full note excerpt with evidence emphasis, us-
ing RAG few-shot prompting to supply style- and
content-aligned demonstrations at inference time.

Subtask 4: Answer–Evidence Alignment.
Given a patient question, a numbered clinical note
excerpt, and a numbered answer text, the system
must map each answer sentence to the set of note
sentences that support it, producing many-to-many
alignments. We adopt a zero-shot prompting strat-
egy, instructing the LLM to identify supporting ev-
idence sentences for each answer sentence indi-
vidually.

5. Selection of LLMs

We primarily use open-weight instruction-tuned
LLMs for local inference and reproducibility:
Qwen3-30B-A3B-Instruct-2507 (Yang et al., 2025)
and OpenAI’s open-weight gpt-oss-120b (OpenAI,
2025), served via vLLM (Kwon et al., 2023). For

all subtasks comparisons (patient question only),
we also report closed-LLM baselines using Claude
Opus 4.5 (Anthropic, 2025) and Claude Opus 4.6
(Anthropic, 2026).

6. Subtask 1: Question Interpretation

6.1. Prompting and Constraint
Enforcement

All Subtask 1 approaches share a common instruc-
tion that explicitly encodes the constraints. We
apply deterministic post-processing: (i) strip arti-
facts (e.g., bullets, quotation marks, prefixes such
as “Answer:”), (ii) enforce a trailing “?” if missing,
and (iii) enforce the 15-word limit by whitespace tok-
enization and truncation (consistent with the official
evaluation policy).

Decoding uses temperature 0.2, top-p 0.9, max
64 new tokens, and two random seeds.

6.2. Prompting Strategies

Zero-shot prompting. We provide only the con-
straint instruction and the patient question.

Few-shot prompting. We prepend four exem-
plars (patient question→ clinician question) to in-
duce the desired query style.

RAG few-shot prompting. We implement RAG
in-context learning by selecting exemplars dynam-
ically for each test input. We embed candidate
exemplars with SentenceTransformers (Reimers
and Gurevych, 2019) (all-mpnet-base-v2; MPNet
backbone (Song et al., 2020)) and build a FAISS
inner-product index (Johnson et al., 2017). At in-
ference time, the patient question retrieves top-
k similar training inputs; we inject the top exem-
plars as demonstrations and then generate the clin-
ician question. This approach is closely related to
nearest-neighbor prompting (Shi et al., 2022), but
adapted to a clinical rewriting format with explicit
length constraints.

Clinical retrieval variant. We also test a clini-
cal embedding variant using BioBERT (Lee et al.,
2020) to compute dense sentence representations
and (optionally) a cross-encoder reranker (details
in the appendix).

Closed-LLM baseline. We run Claude Opus 4.5
(Anthropic, 2025) with the same zero-shot and few-
shot prompts for a closed vs. open comparison on
Subtask 1.
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6.3. Supervised Fine-Tuning and
Preference Optimization

SFT. We fine-tune Qwen3-30B-A3B-Instruct-
2507 and gpt-oss-120b with LoRA adapters (Hu
et al., 2022) using chat-formatted inputs.

DPO. We apply DPO (Rafailov et al., 2023) on top
of the SFT LLM by sampling candidates per prompt
and constructing preference pairs using ROUGE-
L as a heuristic selector. (We include this as an
exploratory alignment method; see Discussion for
limitations.)

7. Subtask 2: Evidence Identification

7.1. Hybrid Similarity-Based Few-Shot
Prompting

Example selection. We select k=5 few-shot ex-
emplars per target case using a hybrid similarity
measure that combines semantic and lexical sig-
nals:

sim(q, qi) = α · cos(eq, eqi) + (1− α) · RL(q, qi) (1)

where e denotes sentence embeddings from all-
MiniLM-L6-v2 (Reimers and Gurevych, 2019), RL
is the ROUGE-L F-measure (Lin, 2004), and α=0.7.
The combination favors semantically similar cases
while also rewarding surface-level overlap in clin-
ical terminology, which is important for matching
cases within the same clinical specialty. Examples
are drawn from the development set, excluding the
current target case.

Prompt construction. The prompt consists of:
(i) a system instruction defining the evidence se-
lection role, (ii) a task description with five crite-
ria for essential evidence (sentences that directly
address the question, contain critical clinical find-
ings, provide necessary diagnostic or treatment
context, are indispensable for a complete answer,
or include key lab values/medications/procedures),
(iii) the k most similar few-shot examples, each
presenting the clinician question, numbered note
sentences, and gold essential sentence IDs, and
(iv) the target case without the answer. The
LLM is instructed to respond in a structured
format: Answer: The relevant sentence
IDs are: <comma-separated IDs>.

Decoding and output parsing. All LLMs use
greedy decoding (temperature 0.0) for deterministic,
reproducible output. A regex-based parser extracts
sentence IDs from the structured output, handling
variations such as JSON lists, free-text ID mentions,
and whitespace differences.

Union ensemble. We combine predictions from
GPT-OSS-120B and Qwen3-30B-A3B using a
union (logical OR) strategy: a sentence ID is in-
cluded in the final prediction if either LLM se-
lects it. This design exploits the complementary
precision–recall profiles observed during develop-
ment: GPT-OSS-120B tends toward conservative,
high-precision predictions (strict micro-P 71.2% on
dev), while Qwen3-30B-A3B favors broader selec-
tion with higher recall (strict micro-R 63.6% on dev).
Both LLMs are served simultaneously and their
prediction sets are merged and sorted by sentence
ID.

Closed-LLM baseline. To contextualize the
open-LLM ensemble, we run the same hybrid
similarity-based 5-shot prompting pipeline (Sec-
tion 7.1) with Claude Opus 4.6 (Anthropic, 2026)
via the Anthropic API. This provides a single-LLM
proprietary baseline that uses the identical prompt
template, example selection strategy, and output
parsing, isolating the effect of LLM choice from all
other pipeline components. Comparing the ensem-
ble against this baseline quantifies whether com-
bining two smaller open-weight LLMs can match
or exceed a state-of-the-art closed LLM under con-
trolled conditions.

8. Subtask 3: Answer Generation

8.1. Shared Prompt and Post-Processing

All Subtask 3 approaches share a system prompt
instructing the LLM to act as a clinical QA assis-
tant with explicit constraints: ≤ 75 words, use only
facts from the clinical note excerpt, maintain pro-
fessional register, and avoid speculation. The user
prompt structures the input as three labeled sec-
tions (patient question, clinician question, clinical
note excerpt).

All outputs undergo deterministic post-
processing: (i) removal of <think> blocks
(common in reasoning-enabled LLMs), (ii) stripping
of quotation marks, bullets, and LLM-specific
prefixes, (iii) medical term normalization, and (iv)
truncation to 75 words with proper sentence-ending
punctuation.

8.2. Prompting Strategies

Zero-shot prompting. The LLM receives only
the system instruction and the case (no exemplars).
We evaluate three backbones: Qwen3-30B-A3B,
GPT-OSS-120B, and Claude Opus 4.5. Decoding
uses temperature 0.3, top-p 0.9. For local LLMs,
two candidates are generated with different seeds
and reranked; Claude uses a single seed.
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Few-shot prompting. Four fixed exemplars (pa-
tient question, clinician question, note excerpt,
gold answer) are prepended as user–assistant turn
pairs. Exemplars are randomly sampled from the
training split (seed 13).

RAG few-shot. Instead of fixed exemplars, we
dynamically retrieve the four most relevant training
cases per test input from a FAISS inner-product in-
dex built with all-mpnet-base-v2 embeddings
(§6.2). The query concatenates the patient and
clinician questions; top-4 neighbors are retrieved
and used as demonstrations.

Closed-LLM baseline. We run Claude Opus 4.5
(Anthropic, 2025) with the same zero-shot and few-
shot prompts for a closed vs. open comparison.

8.3. Supervised Fine-Tuning and
Preference Optimization

SFT. We fine-tune Qwen3-30B-A3B-Instruct-
2507 with QLoRA (4-bit NF4) on training cases
formatted as chat interactions. Two configurations
are explored: (i) standard (LoRA r=8, α=16,
5 epochs, max length 1024; best checkpoint at
step 35) and (ii) extended (LoRA r=16, α=32,
10 epochs, max length 2048; best checkpoint at
step 70). Both use learning rate 2×10−5, effective
batch size 16, early stopping on validation loss,
and AdamW.

DPO. Starting from the base LLM, we generate
multiple candidates per training case at varied tem-
peratures (0.2–0.4), score them against reference
answers with ROUGE-L, and select the best/worst
as chosen/rejected pairs. DPO training uses β=0.1,
LoRA r=8 (standard) or r=16 (extended), and
learning rates of 5×10−6 and 1×10−6 respectively.

9. Subtask 4: Evidence Alignment

9.1. Prompting Strategy
LLM selection. We evaluated three state-of-the-
art closed-source LLMs via API on the develop-
ment set: GPT-5.1 (OpenAI, 2025), GPT-5.2 (Ope-
nAI, 2025), and Claude Opus 4.6 (Anthropic, 2026).
Based on development set performance, Claude
Opus 4.6 achieved the best results and was se-
lected for final evaluation on the test set.

Zero-shot prompting. We adopt a zero-shot
prompting strategy without any task-specific demon-
strations. For each answer sentence ai ∈ A,
we construct a prompt that includes the patient
question q, the full clinical note excerpt S =
{s1, s2, . . . , sn}, and the complete answer A =

{a1, a2, . . . , am} as context, and instruct the LLM
to identify the supporting evidence sentences from
S for the given ai. Formally, the LLM is queried as
f(ai | q,S,A)→ S ′ ⊆ S, where S ′ is the predicted
set of supporting sentences to create a mapping
f : A × S → {0, 1} that aligns each answer sen-
tence to its supporting sentence(s) in the clinical
note excerpt.

10. Experimental Setup

Metrics. We follow the official evaluation scripts
(Organizers, 2026). For Subtask 1, we re-
port ROUGE-L, BERTScore, AlignScore, and
MEDCON; the primary score is (ROUGE-L +
BERTScore)/2 (Lin, 2004; Zhang et al., 2020; La-
ban et al., 2022). MEDCON computes clinical
concept overlap using UMLS concept extraction
(QuickUMLS) (Bodenreider, 2004; Soldaini and
Goharian, 2016). For Subtask 2, we report strict
and lenient micro/macro precision, recall, and F1.
Under strict evaluation, only essential sentences
count as gold positives; under lenient evaluation,
supplementary sentences additionally do not in-
cur false-positive penalties. For Subtask 3, the
official overall score aggregates BLEU, ROUGE-
1/2/L/Lsum, SARI, BERTScore, AlignScore, and
MEDCON. During development we used a primary
score of (ROUGE-L + BERTScore)/2 and BLEU
as a secondary metric. For Subtask 4, we report
micro-averaged Precision, Recall, and F1 over all
predicted alignment links as the primary evaluation
metrics. In addition, we report macro-averaged Pre-
cision, Recall, and F1 as supplementary analysis.

Implementation notes. We use two random
seeds for generation-based runs (Subtask 1) and
perform deterministic post-processing to meet for-
mat constraints. Subtask 2 uses greedy decoding
(temperature 0.0) for deterministic output. Open-
weight LLMs are served via vLLM on NVIDIA H100
GPUs; Claude models are accessed via the An-
thropic API. Training and adapter configurations
are documented in Appendix A.

11. Results

11.1. Subtask 1 Results

We report validation results on 100 released cases
(IDs 21–120) using the official scorer. Table 1
summarizes our main Subtask 1 approaches. On
the development set, RAG few-shot prompting
achieves the highest primary score (31.05) and
overall score (25.61), followed by the clinical re-
trieval variant (25.41) and Claude few-shot (25.27).
DPO achieves the highest AlignScore (18.37) and
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Approach Primary R-L BERT Align MEDCON Overall
RAG few-shot 31.05 23.63 38.46 14.91 25.45 25.61
RAG few-shot (clinical) 30.78 23.34 38.22 15.18 24.92 25.41
Claude few-shot 30.84 22.84 38.84 14.90 24.51 25.27
Qwen SFT 27.61 18.79 36.44 17.76 24.11 24.27
Qwen DPO (full) 24.53 16.44 32.61 18.37 26.58 23.50

Table 1: Validation scores for Subtask 1 on cases 21–120 (100 cases). Primary = (ROUGE-L +
BERTScore)/2 on 0–100 scale. Overall = official mean of AlignScore, ROUGE-L, MEDCON, and
BERTScore. MEDCON uses UMLS concept extraction (QuickUMLS) with UMLS knowledge sources.

Approach R-L BERT Align MC OA
Claude fs 21.76 38.01 21.71 26.28 26.94
RAG fs 18.46 33.49 14.39 18.99 21.33
Qwen DPO 10.68 20.55 16.77 20.83 17.21

Table 2: Codabench Subtask 1 test scores (cases
121–167). MC = MEDCON, OA = overall score.

# Team OA
1 HealthNLP_Retrievers 31.2
2 KPSCMI 30.8
3 OptiMed 29.9
4 Neural 28.9
5 Yale-DM-Lab 27.1
6 Ours 26.9

Table 3: Subtask 1 Codabench leaderboard (6/13
teams). OA = official overall score.

MEDCON (26.58) but the lowest primary and over-
all scores.

Test set (cases 121–167). The official test labels
are withheld; scores are returned via Codabench.
Our three Subtask 1 submissions are Claude few-
shot, RAG few-shot, and Qwen DPO (full-train).
Table 2 lists the official test scores; Table 3 provides
leaderboard context.

On the test set, the ranking reverses substan-
tially: Claude few-shot achieves the best overall
score among our submissions (26.94), outperform-
ing RAG few-shot (21.33) by 5.6 points. Claude
few-shot leads on all individual metrics, with par-
ticularly large margins on BERTScore (38.01 vs.
33.49) and MEDCON (26.28 vs. 18.99). Qwen
DPO trails further (17.21). Our best submission
(Claude few-shot) places 6th on the official leader-
board, 4.3 points behind the top-ranked system
(HealthNLP_Retrievers, 31.2).

11.2. Subtask 2 Results
We submitted three configurations to the official
Codabench leaderboard: (1) Claude Opus 4.6
with 5-shot prompting, (2) the union ensemble of
GPT-OSS-120B and Qwen3-30B-A3B with 5-shot

prompting, and (3) the same ensemble in a zero-
shot setting (no in-context examples). Table 4 re-
ports the official test scores.

Claude Opus 4.6 achieves the highest strict
micro-F1 among our submissions (58.8), placing
10th on the leaderboard out of 14 teams. The open-
LLM ensemble with few-shot prompting reaches
56.7 (12th), trailing Opus by only 2.1 F1 points
while achieving higher recall (53.6 vs. 52.3). Re-
moving few-shot examples (zero-shot ensemble)
drops performance substantially to 51.4, confirming
the value of in-context demonstrations for calibrat-
ing evidence selection.

All three runs exhibit notably high lenient preci-
sion (up to 84.2% for Opus), indicating that sen-
tences classified as false positives under strict
evaluation are predominantly supplementary rather
than not-relevant—the LLMs select clinically perti-
nent sentences even when they do not meet the
strict essential threshold.

11.3. Subtask 3 Results

We evaluated 10 configurations on the 20-case de-
velopment set, covering four paradigms (zero-shot,
few-shot, RAG few-shot, SFT/DPO), and submit-
ted three systems to the official test phase. Table 5
summarizes development results for representative
approaches; Table 6 reports official test scores.

Development set results. RAG few-shot with
Claude Opus 4.5 achieves the highest primary
score (60.5), BLEU (12.7), and MEDCON (54.6) on
the 20-case development set (Table 5) and out-
performs the next-best configuration (RAG few-
shot Qwen) by 2.4 primary points. Dynamically re-
trieved exemplars consistently outperform fixed few-
shot demonstrations across both LLM backbones
(Claude: 60.5 vs. 57.8; Qwen: 58.1 vs. 55.1).

Effect of fine-tuning. Extended SFT training im-
proves over the standard configuration by 2.2 pri-
mary points (57.2 vs. 55.0). Both SFT variants trail
RAG few-shot Qwen (58.1). DPO does not improve
over SFT (53.3 vs. 55.0).
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Strict Micro Lenient Micro
Run OA P R F1 Macro F1 P R F1 Macro F1
Opus 4.6 (5-shot) 58.8 67.1 52.3 58.8 58.1 84.2 52.3 64.5 63.6
Ensemble (5-shot) 56.7 60.2 53.6 56.7 55.1 74.7 53.6 62.4 60.4
Ensemble (0-shot) 51.4 61.8 44.0 51.4 50.3 76.7 44.0 55.9 54.6
Leaderboard context (top-3 teams):
1st (Neural) 63.7 60.2 67.6 63.7 64.8 77.8 67.6 72.4 73.1
2nd (OptiMed) 63.2 56.7 71.3 63.2 64.1 73.1 71.3 72.2 72.9
3rd (UIC-AIHealth4All) 62.9 59.3 67.0 62.9 63.0 74.3 67.0 70.4 70.5

Table 4: Subtask 2 evidence identification results on the official Codabench test set (14 participating
teams). OA = Overall (Strict Micro F1), the official ranking metric. Ensemble = union of GPT-OSS-120B
and Qwen3-30B-A3B. Macro F1 = strict macro F1 for our runs; shown for comparison. Best values among
our submissions in bold.

Approach Primary BLEU MC
RAG fs Claude 60.5 12.7 54.6
RAG fs Qwen 58.1 9.1 46.7
Few-shot Claude 57.8 9.6 46.9
SFT-long Qwen 57.2 8.3 39.0
Few-shot Qwen 55.1 6.3 42.4
SFT Qwen 55.0 4.5 34.5
Zero-shot Claude 54.1 6.3 43.1
DPO Qwen 53.3 4.2 35.7
Zero-shot Qwen 53.0 4.0 35.6
RAG fs OSS 52.3 5.8 46.0
Few-shot OSS 52.3 5.7 43.2
Zero-shot OSS 51.4 4.9 41.3

Table 5: Subtask 3 development results (20 cases;
selected configurations). Primary = (ROUGE-L +
BERTScore)/2 × 100. MC = MEDCON.

Backbone comparison. Under identical prompt-
ing, a consistent ranking emerges across back-
bones. With RAG few-shot, Claude Opus 4.5 out-
performs Qwen3-30B-A3B by 2.4 primary points
and 7.9 MEDCON points; under zero-shot, the
MEDCON gap widens further (43.1 vs. 35.6). GPT-
OSS-120B consistently trails both Claude and
Qwen and records systematically lower primary
scores.

Test set results and leaderboard placement.
RAG few-shot Claude achieves an overall score of
36.33 on the official test set (Table 6) and ranks first
out of 13 participating teams (Table 7). The mar-
gin over the second-ranked team (TAMU-NLP-Lab,
36.2) is narrow (∆=0.1). RAG few-shot Claude
leads on all individual metrics except SARI, where
SFT-long scores highest (59.31 vs. 58.60).

RAG gain over zero-shot. On the test set, RAG
few-shot Claude outperforms zero-shot Claude by
3.5 overall points (36.33 vs. 32.83). The largest
margins appear on BLEU (9.94 vs. 5.28) and

BERTScore (46.79 vs. 41.76). The MEDCON gap
is smaller (43.14 vs. 41.47).

11.4. Subtask 4 Results
We first present a comparative analysis of the LLMs
described in Section 9.1 on the development set
under both the w/ and w/o patient question settings,
followed by the evaluation of the best-performing
LLM on the test set.

Comparison across LLMs. As shown in the
lower half of Table 8, Claude Opus 4.6 achieves the
best overall performance across all metrics, attain-
ing a micro F1 of 0.975 and a macro F1 of 0.973
under the w/ patient question setting, substantially
outperforming both GPT variants. GPT-5.2 con-
sistently ranks second, with micro F1 scores of
0.868 and 0.878 in the two settings, while GPT-
5.1 records the lowest scores across all metrics.
Notably, all three LLMs achieve consistently high
recall, suggesting that LLMs are generally capable
of retrieving relevant evidence sentences; however,
precision varies more markedly across LLMs, with
Opus 4.6 demonstrating a considerably stronger
ability to suppress spurious alignments.

Effect of patient question. As shown in the up-
per half of Table 8, incorporating the patient ques-
tion q into the input context consistently improves
performance across all LLMs and metrics. The
most substantial gains are observed for Claude
Opus 4.6, where micro Precision increases from
0.783 to 0.958 and micro F1 improves from 0.875 to
0.975, indicating that the patient question provides
critical contextual signal for disambiguating relevant
evidence sentences. GPT-5.1 and GPT-5.2 also
benefit from the inclusion of q, with moderate gains
in precision and F1 while recall remains relatively
stable. These results highlight the importance of
the patient question as contextual grounding, partic-
ularly for more capable LLMs that can better exploit
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Run OA Align BERT BLEU MC R-L SARI
RAG fs Claude 36.33 31.71 46.79 9.94 43.14 27.81 58.60
SFT-long (Qwen, local) 34.16 29.86 43.56 8.36 37.53 26.30 59.31
Zero-shot Claude 32.83 28.08 41.76 5.28 41.47 23.12 57.28

Table 6: Subtask 3 official test results. OA = overall score (composite of all metrics). MC = MEDCON.
Best values in bold.

# Team OA
1 Ours 36.3
2 TAMU-NLP-Lab 36.2
3 BIT.UA-AAUBS 35.6
4 Neural 35.2
5 HealthNLP_Retrievers 34.6
Median (13 teams) 32.3

Table 7: Subtask 3 Codabench leaderboard (top-5
of 13 teams). OA = official overall score.

Run Pmi Rmi F1mi Pma Rma F1ma

W/O Patient Question
GPT-5.1 0.735 0.884 0.803 0.752 0.887 0.797
GPT-5.2 0.799 0.949 0.868 0.847 0.947 0.882
Opus-4.6 0.783 0.993 0.875 0.812 0.993 0.876

W/ Patient Question
GPT-5.1 0.774 0.891 0.835 0.811 0.894 0.835
GPT-5.2 0.827 0.935 0.878 0.878 0.937 0.896
Opus-4.6 0.958 0.993 0.975 0.962 0.990 0.973

Table 8: Subtask 4 answer–evidence alignment
results with and without the patient question q as
input context. Subscripts mi and ma denote micro-
and macro-averaged metrics, respectively. Bold
indicates the best score and underline indicates the
second-best score in each column.

the additional information.

Test Set Results. We submitted the predictions
of Claude Opus 4.6 with patient question included
for the final evaluation on the test set. The system
achieves a micro F1 of 81.27 and a macro F1 of
82.09, with a micro Precision of 86.93, micro Re-
call of 76.31, macro Precision of 87.54, and macro
Recall of 79.41. Compared to the development set
results, there is a noticeable drop in both precision
and recall, which is expected due to the distribution
shift between the development and test sets. Nev-
ertheless, the system maintains relatively strong
precision, suggesting that the predicted alignment
links are generally reliable.

12. Discussion

Subtask 1 performance trends and test-time
shift. On cases 21–120, RAG few-shot prompting
is consistently strongest, with the clinical retrieval
variant close behind. The Claude few-shot baseline
is competitive and outperforms open baselines on
several metrics. SFT improves over prompt-only
baselines but trails RAG on the official overall score.
DPO increases AlignScore and MEDCON but does
not translate into higher overall performance. On
the test set (cases 121–167), the ranking reverses
substantially: Claude few-shot leads by 5.6 overall
points (26.94 vs. 21.33), whereas RAG few-shot
led on development by only 0.34 points. This high-
lights a significant distribution shift between the
released labeled cases and the hidden test set.
RAG few-shot retrieves exemplars from the training
pool using semantic similarity; when test inputs di-
verge from this pool, the retrieved demonstrations
may be poorly matched, amplifying template-like
phrasing and reducing lexical as well as semantic
overlap with the references. In contrast, the Claude
backbone’s stronger language modeling general-
izes more robustly without reliance on exemplar
quality. The large drop in RAG few-shot MEDCON
(25.45 on dev vs. 18.99 on test) suggests that re-
trieved exemplars may also bias clinical terminology
toward training-set conventions that do not transfer.
The DPO configuration degrades further on the test
set (17.21), confirming that ROUGE-L-based pref-
erence optimization does not align with the official
multi-metric objective, particularly under distribu-
tion shift.

Subtask 2: Open-LLM ensemble vs. proprietary
baseline. Claude Opus 4.6 achieves the high-
est strict micro-F1 among our submissions (58.8),
driven by substantially higher precision (67.1 vs.
60.2). However, the union ensemble of two open-
weight LLMs achieves higher recall (53.6 vs. 52.3)
and remains competitive on F1 (56.7 vs. 58.8). This
demonstrates that complementary open LLMs—
one exhibiting higher precision (GPT-OSS-120B)
and one exhibiting higher recall (Qwen3-30B-A3B)
in our experiments—can approach proprietary-LLM
performance while preserving full data sovereignty,
which is particularly relevant in clinical settings
where note text may be subject to data use agree-
ments. A gap of approximately 5 F1 points to the
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top-ranked system (Neural, 63.7) suggests room
for improvement, potentially through threshold tun-
ing, additional ensemble members, or fine-tuning
on evidence labels.

Impact of few-shot exemplars on evidence se-
lection. Comparing the ensemble in few-shot and
zero-shot settings reveals a consistent benefit of
in-context demonstrations: 5-shot prompting im-
proves strict micro-F1 by 5.3 points (56.7 vs. 51.4)
and recall by 9.6 points (53.6 vs. 44.0). The hybrid
similarity-based selection (Eq. 1) retrieves cases
from similar clinical specialties, providing the LLM
with domain-appropriate evidence patterns. This
confirms that example selection substantially cali-
brates the LLM’s evidence threshold, reducing both
under-selection (zero-shot conservatism) and over-
selection.

Strict vs. lenient evaluation gap. All Subtask 2
runs exhibit a large gap between strict and lenient
precision (e.g., 67.1 vs. 84.2 for Opus), indicating
that the majority of strict false positives are supple-
mentary sentences rather than not-relevant ones.
From a clinical utility perspective, this is encour-
aging: the LLMs over-predict somewhat but pre-
dominantly select sentences that are still clinically
pertinent.

Subtask 3: RAG gain over instruction-only
prompting. Our RAG few-shot Claude submis-
sion ranks first out of 13 teams on the official leader-
board (36.3), narrowly ahead of TAMU-NLP-Lab
(36.2) and BIT.UA-AAUBS (35.6). On the test
set, RAG few-shot Claude outperforms zero-shot
Claude by 3.5 overall points, with the largest gaps
on BLEU and BERTScore. The MEDCON gap
is notably smaller, which indicates that zero-shot
Claude already captures relevant clinical concepts
but produces surface-level phrasing that deviates
from reference conventions. Dynamically retrieved
exemplars therefore primarily guide answer style
and structure rather than clinical content.

Local fine-tuning as a privacy-preserving alter-
native. The locally fine-tuned SFT-long submis-
sion achieves 94% of the top score without API ac-
cess and thus represents a viable option for locally
hosted clinical QA under data-privacy constraints.
DPO did not improve over SFT on the development
set, likely because ROUGE-L provides too coarse
a preference signal to capture the nuanced qual-
ity that the multi-metric evaluation rewards. This
finding aligns with the Subtask 1 observation that
ROUGE-L-based preference optimization does not
transfer reliably to composite evaluation objectives.

LLM quality vs. LLM size. Under identical
prompting, Claude Opus 4.5 consistently outper-
forms both open-weight LLMs. More notably, the
Qwen3-30B-A3B MoE architecture outperforms
GPT-OSS-120B despite fewer active parameters.
GPT-OSS records systematically lower primary
scores, which points to weaker semantic alignment
with clinical reference answers. Raw parameter
count alone is therefore a poor predictor of clinical
text generation quality, and architecture choice as
well as training data composition likely play a more
decisive role.

Implications for downstream grounding. Sub-
task 1 errors propagate: an overly generic clini-
cian query may reduce evidence recall (Subtask 2),
while an overly specific query may bias selection
toward irrelevant details. We therefore recommend
that Subtask 2 systems (i) optionally incorporate
both patient and clinician questions as queries and
(ii) include conservative fallbacks for ambiguous
interpretation.

13. Conclusion

We described a modular system for four ArchEHR-
QA subtasks, centered on RAG prompting and
constraint-aware generation. For Subtask 1, RAG
few-shot prompting yields the strongest develop-
ment performance, but Claude few-shot proves sub-
stantially more robust on the hidden test set (26.94
vs. 21.33 overall), indicating that retrieval-based
exemplar selection is sensitive to distribution shift
while a stronger LLM backbone generalizes more
reliably. For Subtask 2, Claude Opus 4.6 achieves
the best overall F1 (58.8), while a union ensem-
ble of two open-weight LLMs attains competitive
performance (56.7) with higher recall, offering a
viable open-source alternative under data-privacy
constraints. For Subtask 3, we systematically com-
pared 13 configurations across prompting, RAG,
SFT, and DPO paradigms. RAG few-shot with
Claude Opus 4.5 achieves the highest official test
score (36.33), ranking first out of 13 teams on the
Codabench leaderboard. RAG provides the largest
individual gain; local SFT with QLoRA achieves
94% of the top score while preserving full data
sovereignty. For Subtask 4, we employ Claude
Opus 4.6 (API) in a prompt-only, zero-shot config-
uration to identify and extract the EHR sentences
that support the given response sentence. This ap-
proach achieves an official micro-F1 score of 81.3,
ranking 2nd out of 16 participating teams.
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14. Limitations

Automatic metrics. Our evaluation relies on au-
tomatic metrics (ROUGE, BERTScore, AlignScore,
MEDCON for Subtask 1; precision/recall/F1 for
Subtask 2) and lacks clinician review; correlations
with real clinical utility may be imperfect.

Data scale and shift. The released labeled split
used for Subtask 1 development is limited, which
can amplify variance. For Subtask 2, the develop-
ment set of 20 cases also serves as the few-shot
example pool, which may limit example diversity.
For Subtask 3, the same 20-case dev set yields
wide metric confidence intervals. Distribution shift
between released data and the hidden test set may
substantially affect retrieval-based and preference-
optimized systems.

Closed-LLM dependence. While we report a
strong closed-LLM baseline for both Subtask 1
(Claude Opus 4.5) and Subtask 2 (Claude
Opus 4.6), reproducibility and cost considerations
may limit their use in practice. The open-LLM
ensemble addresses this partially but still relies
on large-scale infrastructure for serving 120B-
parameter LLMs.

15. Ethics Statement

This work uses de-identified clinical data distributed
via PhysioNet under an approved data use agree-
ment. All experiments were conducted on data
that had undergone the MIMIC de-identification
pipeline; no attempt was made to re-identify pa-
tients, and no individual patient data is reported in
this paper.

Our system is designed as a research prototype
for a shared task and is not intended for direct clini-
cal deployment. Automatically generated answers
to patient questions carry a risk of factual errors,
hallucinated clinical content, or misleading omis-
sions that could cause patient harm if acted upon
without clinician review. We therefore emphasize
that any downstream application of these methods
must include clinician-in-the-loop verification before
information is communicated to patients.

The use of proprietary LLM APIs (Claude, GPT)
for processing clinical text raises data governance
concerns, as patient data may traverse third-party
infrastructure. We address this partially by evalu-
ating open-weight alternatives that can be hosted
locally, preserving data sovereignty. We encourage
future work to prioritize locally deployable models
for clinical NLP applications where data use agree-
ments restrict external data transfer.

The computational cost of serving large lan-
guage models (up to 120B parameters on H100

GPUs) has environmental implications. We report
all model sizes and hardware configurations to sup-
port reproducibility and enable informed compar-
isons of the accuracy–efficiency trade-off.
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A. Training Setup

We train LoRA adapters with TRL’s SFTTrainer
and DPOTrainer (Hugging Face, 2024). Un-
less otherwise noted, runs use bf16, gradient
checkpointing, AdamW, and sequence length
512. Full-train runs (for test submissions) use
all available labeled pairs without a dev split and
omit evaluation during training. Training is ex-
ecuted sequentially and logged per run under
runs/<approach>/launcher.log.

• SFT: learning rate 2 × 10−5, 1 epoch, batch
size 1, gradient accumulation 4.

• LoRA (Qwen): r = 64, α = 128, dropout
0.05; target modules q_proj, k_proj,
v_proj, o_proj, gate_proj,
up_proj, down_proj.

• LoRA (GPT-OSS): r = 16, α = 64, dropout
0.05.

• DPO: β = 0.1, 2 candidates per prompt; full-
train uses all rows.

• Distillation (Subtask 1 exploratory): Claude
pseudo labels merged with ArchEHR + MeQ-
Sum.

• Retrieval: top-k=6, 4 exemplars; embeddings
from SentenceTransformers; clinical variant
uses BioBERT.

• Hardware: NVIDIA H100 80GB GPUs.

B. Run Inventory (Subtask 1)

Table 9 lists all Subtask 1 configurations evaluated
during development and submitted to the official
test phase. Prompting-based runs (zero-shot and
few-shot) serve as baselines; retrieval-augmented
variants build on these by replacing fixed exem-
plars with dynamically retrieved nearest neighbors.
Supervised fine-tuning and DPO runs use LoRA
adapters trained on the released labeled pairs, with
the full-train DPO variant submitted to the test set.
All runs share the same post-processing pipeline
to enforce the 15-word output constraint.

C. Run Inventory (Subtask 2)

Table 10 documents the three configurations sub-
mitted for Subtask 2. All runs use the same hybrid
similarity-based example selection strategy and
identical prompt template, isolating the effect of
model choice and the presence or absence of in-
context demonstrations. The ensemble runs com-
bine GPT-OSS-120B and Qwen3-30B-A3B via a
union merge; the Claude Opus 4.6 run serves as a
single-model proprietary reference under otherwise
identical conditions.

D. Run Inventory (Subtask 3)

Table 11 provides the full run inventory for Sub-
task 3, covering all 10 configurations evaluated on
the development set and the three submitted to the
official test phase (marked in bold). The inventory
spans four paradigms: zero-shot prompting, fixed
few-shot prompting, retrieval-augmented few-shot
prompting, and parameter-efficient fine-tuning via
QLoRA, with an additional DPO variant. GPT-OSS-
120B variants follow the same prompting templates
as the corresponding Qwen runs and are omitted
from the table for brevity. All runs apply identical 75-
word post-processing and use gold clinician ques-
tions as input.

E. Leaderboards

Table 12 places this submission in the context of the
official Codabench leaderboard, where our system
ranked second out of 16 participating teams with a
micro-F1 of 81.3.
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Approach Data LLM Training/Inference Notes

prompt_zeroshot Released labeled
inputs (21–120)

Qwen3-30B-A3B temp 0.2, top-p 0.9, 2 seeds base prompt

prompt_fewshot Released labeled
inputs (21–120)

Qwen3-30B-A3B temp 0.2, top-p 0.9, 2 seeds 4 exemplars from
training pairs

prompt_zeroshot_claude Released labeled
inputs (21–120)

Claude Opus 4.5 temp 0.2, 2 seeds closed LLM baseline

prompt_fewshot_claude Released labeled
inputs (21–120)

Claude Opus 4.5 temp 0.2, 2 seeds 4 exemplars

rag_fewshot Released labeled
inputs (21–120)

Qwen3-30B-A3B temp 0.2, top-p 0.9 FAISS all-mpnet; top-k 6

rag_fewshot_clinical Released labeled
inputs (21–120)

Qwen3-30B-A3B temp 0.2, top-p 0.9 BioBERT embed + rerank

sft_qwen_instruct Train pairs + aug Qwen3-30B-A3B LoRA r64, lr 2e-5, ep1 dev split (case-id)
sft_gptoss Train pairs + aug gpt-oss-120b LoRA r16, lr 2e-5, ep1 chat template
sft_qwen_distill Distill pairs Qwen3-30B-A3B LoRA r64, lr 2e-5, ep1 pseudo labels
dpo_qwen_fulltrain All pairs Qwen3-30B-A3B beta 0.1, 2 candidates full-train for test

Table 9: Run inventory for Subtask 1. Bold approaches were submitted to the official test phase. All runs
use max 64 new tokens and post-processing to enforce ≤ 15 words.

Approach Data LLM Inference Notes

opus_5shot Dev (20 cases) as
few-shot pool; test
split for submis-
sion

Claude Opus 4.6 temp 0.0, greedy decoding,
Anthropic API

5 exemplars via hybrid similarity
(α=0.7); gold clinician questions

ensemble_5shot Dev (20 cases) as
few-shot pool; test
split for submis-
sion

GPT-OSS-120B +
Qwen3-30B-A3B
(union)

temp 0.0, greedy decoding,
vLLM

5 exemplars via hybrid similarity; None-
elimination for GPT-OSS; union merge

ensemble_0shot Test split for sub-
mission

GPT-OSS-120B +
Qwen3-30B-A3B
(union)

temp 0.0, greedy decoding,
vLLM

No in-context examples; None-
elimination for GPT-OSS; union merge

Table 10: Run inventory for Subtask 2. Hybrid similarity combines all-MiniLM-L6-v2 embeddings (weight
0.7) and ROUGE-L (weight 0.3). All runs use gold clinician questions and regex-based output parsing.

Approach Data LLM Inference Notes

prompt_zeroshot Train (gold an-
swers)

Qwen3-30B-A3B temp 0.3, top-p 0.9, 2 seeds,
rerank

Zero-shot; 75-word
post-processing

prompt_fewshot Train (gold an-
swers)

Qwen3-30B-A3B temp 0.3, top-p 0.9, 2 seeds,
rerank

4 fixed exemplars (seed 13)

rag_fewshot Train (gold an-
swers)

Qwen3-30B-A3B temp 0.3, top-p 0.9, 2 seeds,
rerank

FAISS mpnet top-6→4

prompt_zeroshot_claude Train (gold an-
swers)

Claude Opus 4.5 temp 0.3, 1 seed, API Submitted to test

prompt_fewshot_claude Train (gold an-
swers)

Claude Opus 4.5 temp 0.3, 1 seed, API 4 fixed exemplars

rag_fewshot_claude Train (gold an-
swers)

Claude Opus 4.5 temp 0.3, 2 seeds, API Submitted to test; FAISS mpnet

sft_qwen_instruct Train (gold an-
swers)

Qwen3-30B-A3B QLoRA 4-bit; LoRA r=8, 5 ep Best ckpt step 35

sft_qwen_instruct_long Train (gold an-
swers)

Qwen3-30B-A3B QLoRA 4-bit; LoRA r=16, 10 ep Submitted to test; best ckpt step
70

dpo_qwen Train (gold an-
swers)

Qwen3-30B-A3B DPO β=0.1; LoRA r=8, 3 ep ROUGE-L preference pairs

dpo_qwen_full Train (gold an-
swers)

Qwen3-30B-A3B DPO β=0.1; LoRA r=16, 5 ep Merged adapter at inference

Table 11: Run inventory for Subtask 3. GPT-OSS-120B variants (zero-shot, few-shot, RAG) follow the
same template as the corresponding Qwen runs. All runs use gold clinician questions and 75-word
post-processing.
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# Team Pmi Rmi F1mi

1 BIT.UA-AAUBS 88.0 75.9 81.5
2 Ours 86.9 76.3 81.3
3 Yale-DM-Lab 83.3 77.7 80.4
4 OptiMed 80.7 79.8 80.3
5 UIC-AIHealth4All 83.6 76.3 79.8

Table 12: Subtask 4 Codabench leaderboard (top-5
of 16 teams). Subscripts mi denote micro-averaged
metrics.
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Abstract
Clinical question answering over electronic health records (EHRs) can help clinicians and patients access relevant
medical information more efficiently. However, many recent approaches rely on large cloud-based models, which are
difficult to deploy in clinical environments due to privacy constraints and computational requirements. In this work, we
investigate how far grounded EHR question answering can be pushed when restricted to a single notebook. We
participate in all four subtasks of the ArchEHR-QA 2026 shared task and evaluate several approaches designed to
run on commodity hardware. All experiments are conducted locally without external APIs or cloud infrastructure. Our
results show that such systems can achieve competitive performance on the shared task leaderboards. In particular,
our submissions perform above average in two subtasks, and we observe that smaller models can approach the
performance of much larger systems when properly configured. These findings suggest that privacy-preserving EHR
QA systems running fully locally are feasible with current models and commodity hardware.
The source code is available at https://github.com/ibrahimey/ArchEHR-QA-2026.

Keywords: Electronic Health Records, Clinical Question Answering, Local Language Models

1. Introduction

Electronic Health Records (EHRs) contain exten-
sive clinical information about patients, including
physician notes, laboratory results, medication his-
tories, and diagnostic reports. Efficient access to
this information is critical for both clinicians and pa-
tients. Question Answering (QA) over EHRs aims
to provide natural language interfaces that retrieve
clinically relevant information directly from medi-
cal records, thereby supporting clinical decision
making and reducing physician workload (Bardhan
et al., 2024; Pampari et al., 2018).

In clinical practice, both physicians and patients
frequently ask about patient histories, treatments,
medications, and diagnostic results (Pampari et al.,
2018). Automating responses to such questions
can improve efficiency and reduce cognitive load on
healthcare professionals. Importantly, QA systems
that ground their answers in explicit evidence from
medical records can further improve transparency
and trust in automated systems, especially in high-
stakes domains such as healthcare.

Despite recent advances in large language mod-
els (LLMs), applying them to EHR QA presents
major practical challenges. Clinical records contain
highly sensitive personal health information and are
subject to strict privacy regulations such as HIPAA
and GDPR. Thus, medical institutions are often un-
able to send EHR data to external cloud services
for processing (Jonnagaddala and Wong, 2025).
Meanwhile, modern LLM-based QA systems typi-
cally rely on large models that require specialized
hardware accelerators or cloud-based inference.

In practice, this creates a gap between research
and deployable clinical systems. Many healthcare
environments lack the infrastructure that is needed
to host large models (Oke et al., 2025). Instead,
physicians often have to rely on standard worksta-
tion or notebook hardware. For real-world adop-
tion, EHR QA systems must therefore be able to
run entirely on local devices while still delivering
acceptable performance.

While extensive research has focused on improv-
ing language models for biomedical and clinical
tasks (Singhal et al., 2023, 2025), relatively little
work has investigated how such methods perform
under strict local deployment constraints (Bardhan
et al., 2024; Blašković et al., 2025). Most state-
of-the-art systems rely on large computational re-
sources or cloud-hosted APIs. Consequently, there
is a research gap in understanding which architec-
tures and strategies remain effective even when all
components must be run on a single local device.

In this work, we investigate how far grounded
EHR question answering can be pushed using only
locally executable models. We participate in all
subtasks of the ArchEHR-QA (Soni and Demner-
Fushman, 2026b) shared task and evaluate several
strategies designed to operate on commodity hard-
ware. Our experiments explore three classes of
approaches: (1) fine-tuned BERT-style classifiers,
(2) embedding-based methods, and (3) small or
quantized language models for answer generation.
All experiments, including training, inference, and
evaluation, are performed locally on commodity
hardware without relying on external APIs or cloud
infrastructure.
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Our key contributions are:

• EHR QA on Commodity Hardware: We
demonstrate that a complete clinical QA
pipeline can run entirely on standard commod-
ity hardware.

• Strong Embedding Baselines: We show that
out-of-the-box dense embedding models sur-
prisingly beat fine-tuned cross-encoders for
evidence extraction and alignment.

• Synthetic Data for Encoder Tuning: We
highlight the brittleness of BERT-style classi-
fiers in low-resource clinical settings and pro-
pose a local LLM-based synthetic data pipeline
to help stabilize their training.

• Effectiveness of Quantized LMs: We estab-
lish that quantized and small language models
are highly capable of handling the generative
question interpretation and answer formulation
tasks locally.

2. Related Work

2.1. EHR Question Answering
EHR question-answering systems have largely
been developed and evaluated under the assump-
tion of abundant computational resources, leaving
the question of local, privacy-preserving deploy-
ment underexplored. Early EHR QA systems were
largely framed as reading comprehension and ex-
traction tasks, where systems were asked to iden-
tify answer spans in the clinical notes (Bardhan
et al., 2024). This formulation was especially promi-
nent in work built on emrQA (Pampari et al., 2018),
which established span extraction as a common
evaluation setup for clinical question answering
and used a DrQA-style (Chen et al., 2017) recur-
rent document reader as a baseline. Subsequent
work moved from the earlier recurrent neural net-
work based document readers towards transformer-
based extractive QA models. In particular, Soni
and Roberts (2020) evaluated BERT (Devlin et al.,
2018), BioBERT(Lee et al., 2019), and Clinical-
BERT (Huang et al., 2019) on emrQA in a machine
reading comprehension task. They found that in-
termediate fine-tuning on SQuAD (Rajpurkar et al.,
2016) improved answer-span prediction and that
ClinicalBERT achieved the strongest emrQA result
under sequential fine-tuning. Further, Lanz and
Pecina (2024) proposed a two-step retrieve-then-
read pipeline where the long clinical records were
first segmented into paragraphs, and a retrieval
model selected the most relevant segment. A QA
model then extracted the answer from the retrieved
context. However, Kweon et al. (2024) argued that
the realistic clinical QA was more complex than

the earlier extractive benchmarks suggested. They
noted that prior datasets largely framed EHR QA
as span extraction from a single note, whereas real
patient-specific questions might require synthesiz-
ing information across multiple clinical notes. To
address this, EHRNoteQA (Kweon et al., 2024) in-
troduced patient-specific questions spanning ten
topics, including questions that require information
from multiple discharge summaries. With the rise
of large language models, generative approaches
also became more prominent, and they evaluated
27 LLMs in both open-ended and multiple-choice
settings. The ArchEHR-QA shared task (Soni and
Demner-Fushman, 2026a) pushed this further by
requiring answers to be explicitly grounded in clini-
cal evidence, with each answer sentence accom-
panied by sentence-level citations to the relevant
sentences of the clinical note.

Despite this progress, the current LLM-based
approaches still remain difficult to deploy in real
clinical settings due to the computational costs and
privacy concerns.

2.2. Local and Privacy Preserving
Clinical NLP

Some of the recent work demonstrates that the
privacy-preserving local deployment for clinical
NLP is feasible in practice. Griot et al. (2025) imple-
mented a GDPR-compliant LLM assistant directly
within a live hospital EHR system showing that ef-
fective clinical NLP not only depends on model
quality but also on security, governance, and work-
flow integration. Blašković et al. (2025) similarly
analyzed the trade-offs between local and hosted
LLMs, arguing that on-premise models can improve
privacy, latency, and compliance but at the cost of
greater computational and operational burden. Al-
though recent work has begun to address privacy-
preserving deployment in clinical NLP, there is still
limited work on how grounded EHR QA methods
compare when all training and inference must re-
main on commodity hardware.

3. Methods

3.1. Task Formulation
The shared task focuses on evidence-grounded
question answering over electronic health records
(EHRs). Given a question q and a clinical document
D consisting of sentences {s1, . . . , sn}, the system
must identify textual evidence supporting the an-
swer and generate a concise response grounded in
that evidence. The task is split into four subtasks:
question interpretation (Subtask 1), evidence iden-
tification (Subtask 2), answer generation (Subtask
3), and evidence alignment (Subtask 4).
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Question Interpretation Patient-authored ques-
tions are often verbose and unstructured, inter-
twining complex personal narratives with medical
queries. This subtask requires models to transform
the raw patient narrative q into a concise, clinician-
interpreted question qclin, restricted to 15 words.
The objective is to distill the core clinical informa-
tion needed into a targeted query that a clinician
would write.

Evidence Identification Clinical notes provide
dense, multi-faceted context spanning various
events and diagnoses. Given the question (q or
qclin) and the segmented clinical document D =
{s1, . . . , sn}, systems must extract a minimal and
sufficient evidence subset E ⊆ D necessary to
formulate an answer.

Answer Generation This subtask challenges
models to synthesize a coherent, patient-friendly
answer A consisting of generated sentences
{a1, . . . , am}, restricted to a maximum length of 75
words. The generated response A must directly ad-
dress the query q while remaining strictly grounded
in the clinical document D.

Evidence Alignment The final subtask enforces
explicit traceability by aligning the generated text
A back to the source D. Formulated as a many-
to-many mapping problem, models must link each
answer sentence ai ∈ A to a specific set of sup-
porting evidence sentences (citations) Cai ⊆ D.

3.2. Architecture Design
Question Interpretation We use three models
for this subtask: Qwen3-4B (Qwen Team, 2025),
Qwen2.5-14B (Qwen Team, 2024), and gpt-oss-
120b (OpenAI, 2025).

We evaluate different few-shot prompting setups
using the first three or five cases from the develop-
ment set. In particular, we test two 3-shot prompts
for Qwen3-4B, three 3-shot prompts for Qwen2.5-
14B, and for gpt-oss-120b we consider three 3-shot
prompts and four 5-shot prompts.

Inspecting the outputs of Qwen2.5-14B shows
that some answers far exceed the 15 word limit.
Hence, we conduct experiments with a two-step
approach where the initial answer is provided by a
3-shot prompt using Qwen2.5-14B, and is revised
by Qwen3-4B to obtain the final answer.

Finally, following Leviathan et al. (2025), we
also experiment with query repetition using gpt-
oss-120b with the best-performing prompt on the
development set.

Evidence Identification To identify sentences in
the clinical note relevant to answering a question,

we explore both retrieval-based approaches and
supervised classification methods.

To address the limited size of the development
set for fine-tuning encoder models, we generate
a supplementary synthetic dataset. Using a lo-
cal deployment of Llama3.1-70B (Grattafiori et al.,
2024), we synthesize 10 novel cases for each orig-
inal development case, resulting in 200 new syn-
thetic cases comprising 1,818 sentences annotated
with three-class relevance labels. This generation
process utilizes a two-stage pipeline consisting of
an initial synthesis followed by targeted LLM-based
repairs, strictly guided by manually defined quality
thresholds (e.g., bounding sentence length to 10-
500 characters and restricting the ratios of essential
and supplementary relevance labels). Details are
reported in Appendix B.

Utilizing this synthetic dataset, we train a cross-
encoder evidence classifier by fine-tuning a BERT-
style encoder. To capture nuanced relevance, the
architecture features a shared representation layer
that feeds into two distinct task heads at once: a
3-way fine-grained classification head and a 2-way
binary classification head, following the multi-head
training approach of HYDRA (Karl and Scherp,
2025). To prevent the synthetic cases from domi-
nating the training signal, we balance the dataset
by upsampling the real cases and downsampling
the synthetic data to achieve a strict 1:1 ratio. The
optimal configuration is robustly validated using
case-level K-fold cross-validation.

Regarding retrieval-based approaches, we use
two models with different architectures and pa-
rameter counts, namely Qwen3-Embedding-8B
(Zhang et al., 2025), and MedCPT-Cross-Encoder
(Jin et al., 2023), to obtain similarity scores be-
tween qclin and each si ∈ D. Then, we de-
termine decision thresholds t based on strict mi-
cro F1 scores on the development set for dif-
ferent t values, defining the set of sentences
E = { si ∈ D | score(qclin, si) > t } as relevant. See
Figure 1 for the relationship between different
threshold values and F1 score.

MedCPT-Cross-Encoder provides pair-wise
scores for a query (qclin) and each si ∈ D, and
these scores are used directly. For Qwen3-
Embedding-8B embedding model, the scores are
computed as the cosine similarity between the
embeddings of qclin and each si ∈ D.

Answer Generation We experiment with two
setups for this subtask: a 0-shot prompt that in-
cludes the patient-authored question q, the clinician-
interpreted question qclin, and the clinical note ex-
cerpt D with gpt-oss-120b; and a two-step 0-shot
approach using q and D with Qwen3-4B.
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Figure 1: Overall scores for different threshold values for both methods on the development set for Subtask
2. Dashed red line shows the naive baseline of classifying everything as relevant.

Evidence Alignment To identify the supporting
evidence for each answer sentence, we explore
both out-of-the-box approaches using embedding
and generative models, as well as supervised clas-
sification methods.

For fine-tuning our alignment cross-encoder, we
use a BERT-style architecture to model the pairwise
relationships among the queries (q and qclin), gen-
erated answer A, and source evidence D. Specifi-
cally, this classification is performed between each
ai ∈ A and sj ∈ D. In contrast to the multi-head
setup used in Subtask 2, we employ a standard
binary classification head to output a relevance
decision, indicating whether the specific evidence
sentence supports the answer sentence, since the
task does not allow for a finer-grained distinction.
In addition, we experiment with expanding the train-
ing corpus by reusing the synthetic data generated
for evidence identification (Subtask 2) as pseudo-
alignments, maintaining the same 1:1 ratio between
real and synthetic data to preserve training balance.

For the out-of-the-box models, we consider four
approaches. First, we adopt a threshold approach
similar to Subtask 2 using Qwen3-Embedding-8B,
computing similarities between each si ∈ D and
aj ∈ A. Second, we apply two-step prompting for
list-wise alignment using Qwen3-4B, where q, qclin,
D, and A are provided in the prompt. The first
step uses a 1-shot prompt to generate a natural
language response, and the second step reformats
the output into JSON. Third, we perform pair-wise
alignment using a 0-shot prompt as a binary clas-
sifier with Qwen3.5-35B-A3B (Qwen Team, 2026).
For each ai ∈ A and sj ∈ D, the model determines
whether sj supports ai. Fourth, we use list-wise
alignment with a 1-shot prompt and Qwen3.5-35B-
A3B, similar to the second approach but without
the reformatting step.

For the 1-shot prompts, the first case from the

Figure 2: Overall scores for different threshold val-
ues on the development set for Subtask 4. Dashed
red line shows the naive baseline of classifying ev-
erything as relevant.

development set is used as the example. See Fig-
ure 2 for the relationship between threshold values
and F1 for the Qwen3-Embedding-8B approach.

4. Experimental Apparatus

4.1. Dataset
We conduct all experiments using the ArchEHR-QA
2026 dataset (Soni and Demner-Fushman, 2026a),
designed to benchmark question answering over
electronic health records (EHRs). The dataset mod-
els an interaction scenario in which patients ask
questions about their health records and clinicians
provide answers with explicit evidence grounding.

Each instance in the dataset, referred to as a
case, combines a patient question with a clinical
note excerpt from the MIMIC database (Johnson
et al., 2016). Alongside the raw text, the dataset
provides multiple layers of expert annotations sup-
porting different stages of the QA pipeline.
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Every case includes a free-form patient question,
a shorter clinician-interpreted question (reference
for Subtask 1), a clinical note excerpt segmented
into numbered sentences to enable sentence-level
grounding (reference for Subtask 2), a clinician-
written answer addressing the question (reference
for Subtask 3), evidence links connecting answer
sentences to supporting sentences from the clinical
note excerpt (reference for Subtask 4), and the
clinical specialty associated with the case.

The dataset is divided into a development set
with 20 cases and two test sets, test and test-2026,
comprising 100 and 47 cases, respectively. The
labels for the test sets are withheld, and a maximum
of three submissions can be evaluated. The test-
2026 set is used for Subtasks 1, 2, and 3, while
Subtask 4 is evaluated on both test sets. Dataset
statistics are summarized in Table 1.

4.2. Models
To address the diverse requirements of the four
ArchEHR-QA subtasks while adhering to our local
hardware constraints, we evaluate a broad spec-
trum of parameter-efficient model architectures. An
overview of all utilized models and their respective
parameter counts is provided in Table 2.

Autoregressive Generative Models For tasks
requiring text generation, we experiment with
several large and small instruction-tuned au-
toregressive language models (i.e., Qwen3-4B-
Instruct (Qwen Team, 2025), Qwen2.5-14B-
Instruct (Qwen Team, 2024), Qwen3.5-35B (Qwen
Team, 2026), and gpt-oss-120b (OpenAI, 2025)).
To enable local execution of larger models, we run
quantized versions converted to the MLX frame-
work (Hannun et al., 2023) with 4-bit precision.

Decoder-only Embedding Models For similarity-
based retrieval and alignment tasks, we utilize the
Qwen3-Embedding-8B (Zhang et al., 2025) model.
This model produces dense vector representations,
enabling efficient semantic similarity computation
using cosine similarity. Additionally, we employ the
MedCPT cross-encoder (Jin et al., 2023), a domain-
specific model trained on biomedical literature, to
compute direct pairwise relevance scores between
queries and clinical text.

Encoder-only Classification Models For binary
and multi-class sentence classification, we rely on
parameter-efficient, BERT-style encoder architec-
tures. These models are well-suited for local fine-
tuning and rapid cross-encoder inference and are
known to be strong short-text classifiers (Karl and
Scherp, 2023). We evaluate domain-specific mod-
els and strong general-domain encoders.

4.3. Hyperparameter Optimization

For all generative inference-only experiments, we
use the default decoding parameters, with a temper-
ature of 0.7 and a top-p value of 0.9. No additional
tuning is performed for these settings.

For the fine-tuning of our classifier in Subtask
2: Evidence Identification and Subtask 4: Evi-
dence Alignment, we conduct a grid search to
identify optimal hyperparameters. The hyperpa-
rameter search space includes learning rates in
{1 × 10−5, 2 × 10−5, 3 × 10−5, 5 × 10−5}, train-
ing epochs in {1, 2}, and dropout probabilities in
{0.10, 0.20}. The optimal parameters are deter-
mined by evaluating performance across 5-fold
cross-validation runs on the development set. The
selected hyperparameters are reported in Table 3.

4.4. Metrics

To evaluate system performance across the four
subtasks, we employ a combination of established
classification and text-generation metrics.

For the generative tasks (Subtasks 1 and 3), we
report several evaluation metrics to capture various
aspects of text quality. We use‚ BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004) SARI (Xu et al.,
2016), AlignScore (Zha et al., 2023), and MEDCON
(Yim et al., 2023). Beyond lexical overlap, we em-
ploy BERTScore (Zhang et al., 2020) to compute
the semantic similarity between the generated and
reference sentences using contextual embeddings.

For the extraction and alignment tasks (Subtasks
2 and 4), performance is measured using standard
micro Precision, micro Recall, and micro F1 scores.

We strictly followed the shared task’s official
evaluation scripts for all subtasks. For Subtask
4, note that the script computes metrics in a spe-
cific manner that may appear counterintuitive (e.g.,
not reaching 100% recall in the all-relevant config-
urations), as defined by the task organizers.

4.5. Hardware

A core motivation of our work is to demonstrate the
feasibility of executing EHR question-answering
pipelines entirely on commodity hardware. All ex-
periments are therefore conducted locally on Apple
Silicon devices rather than GPU clusters.

Most‚ of our experiments are performed on an Ap-
ple MacBook M4 Pro with 48GB of unified memory.
This system is sufficient for training the classifier
models and running most inference experiments.

To further evaluate the feasibility of running larger
models locally, we conduct experiments on high-
end consumer hardware. Specifically, we use an
Apple Mac Studio M3 Max with 96GB of memory
to run experiments with the gpt-oss-120B model.
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Statistic Development Test Test-2026
Cases 20 100 47
Note sentences 428 2599 1596
Average note sentences per case 21.40 25.99 33.96
Average note sentence length 15.00 14.64 14.64
Average note length per case 320.90 380.42 497.26
Average patient question length 16.20 14.64 14.72
Average clinician question length 10.75 10.63 10.43
Average answer sentences per case 4.75 4.70 4.40
Average answer sentence length 15.49 15.40 16.51

Table 1: Descriptive statistics of the ArchEHR-QA dataset across the development and two test splits. All
text length measurements are reported as word counts.

Model #Parameter
Autoregessive Generative Models
mlx-community/gpt-oss-120b-MXFP4-Q4 117B total / 5.1B active
RepublicOfKorokke/Qwen3.5-35B-A3B-mlx-lm-mxfp4 35B total / 3B active
Qwen/Qwen2.5-14B-Instruct 14.7B
Qwen/Qwen3-4B-Instruct-2507 4B
Retrieval Models
Qwen/Qwen3-Embedding-8B 8B
ncbi/MedCPT-Cross-Encoder 109M
Classification Models
microsoft/deberta-base 138M
emilyalsentzer/Bio_ClinicalBERT 108M

Table 2: Evaluated models categorized by architecture type and sorted by decreasing parameter count.
All models are obtained from Hugging Face (B: billions, M: millions).

5. Results

Question Interpretation We select the three
best-performing setups on the development set,
based on BERTScore, for evaluation on the test
set. Namely, gpt-oss-120b with a 5-shot prompt,
the repeated-query approach with the same prompt,
and the two-step approach using smaller models.
Table 4 shows the development and test set results
for these models. Overall score corresponds to the
average of the four scores. See Appendix A for the
prompt template corresponding to the single-query
setup, which achieved the best overall score.

Evidence Identification For this subtask, we
compare our methods to the naive baseline of con-
sidering E = D, that is considering every sen-
tence as relevant evidence on the development
set. Surprisingly, most methods struggle to out-
perform this baseline substantially. See Table 5
for strict micro precision, recall, and F1 scores for
every method on the development set. Based on
these results, we selected Qwen3-Embedding-8B,
and Bio_ClinicalBERT-synth-HYDRA approaches
to be evaluated on the test set, where they had over-
all scores of 51.61 and 44.43 respectively, which
can also be seen on the same table.

Answer Generation Table 6 shows development
results for both approaches and test results for the
approach with the best performance (gpt-oss-120b).
The prompt template is included in Appendix A.

Evidence Alignment Similar to Evidence Iden-
tification, we again compare our methods to the
naive baseline of considering Cai = D, ∀ai ∈ A;
that is considering every excerpt sentence as sup-
porting evidence for every answer sentence, on
the development set. See Table 7 for strict micro
precision, recall, and F1 scores for every method
on the development set. Based on these results,
we selected Qwen3-Embedding-8B, Qwen3.5-35B
list-wise, and Bio_ClinicalBERT approaches to be
evaluated on the test set, where they had over-
all scores of 59.45, 74.84, and 8.33 respectively,
which can also be seen on the same table. See
Appendix A for the prompt template for the setup
with the best overall score (Qwen3.5-35B list-wise).

6. Discussion

Results from Subtasks 1 and 3 indicate that al-
though larger models generally achieve stronger
performance, the performance gap compared to
smaller models remains moderate. Comparable re-
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Task Model LR Epochs Dropout
Subtask 2 Bio_ClinicalBERT 2× 10−5 1 0.1
Subtask 2 DeBERTa-base 2× 10−5 1 0.1
Subtask 4 Bio_ClinicalBERT 3× 10−5 1 0.1
Subtask 4 DeBERTa-base 2× 10−5 1 0.1

Table 3: Optimized hyperparameters for the BERT-style classifiers in Subtask 2 and Subtask 4. Values
are selected via a grid search evaluated with 5-fold cross-validation on the development set.

Metric SQ DQ TS
Dev Set
ROUGE-Lsum 23.51 24.24 28.74
BERTScore 41.15 43.79 41.94
Test Set
ROUGE-Lsum 22.92 23.09 21.19
BERTScore 36.93 37.29 33.10
AlignScore 21.42 20.22 22.91
MEDCON (UMLS) 21.26 21.82 21.18
Overall Score 25.63 25.61 24.59

Table 4: Test and development set results for Sub-
task 1. Only ROUGE and BERTScore are used
on the development set. SQ: Single Query, DQ:
Double Query, TS: Two Step.

sults can therefore be obtained with much smaller
architectures, suggesting that model scale alone is
not the main driver of performance for these tasks.

For Subtask 1, we evaluated prompt repetition
as proposed by Leviathan et al. (2025). In contrast
to their findings, in our case the prompt repetition
did not considerably outperform the single-query
approach. Nevertheless, it produced slightly higher
results on three out of the four evaluation metrics
on the test set, indicating a modest but consistent
improvement across most metrics.

The results for Subtask 2 reveal a strong re-
call bias across many approaches. Notably, the
baseline that classifies every candidate as relevant
achieves perfect recall and surprisingly competi-
tive F1 performance. This observation suggests
that the dataset implicitly rewards high recall and
that reliably identifying truly irrelevant contexts re-
mains challenging. More advanced methods, such
as embedding similarity or cross-encoder ranking,
generally increase precision but often at the cost
of reduced recall. Interestingly, models trained
with HYDRA and synthetic data exhibit somewhat
more balanced precision–recall trade-offs in cer-
tain cases. This may indicate that these models
benefit from additional training signals and that syn-
thetic examples can help establish clearer decision
boundaries when real training data is limited.

A comparison between DeBERTa and
Bio_ClinicalBERT further highlights the im-
portance of domain-specific modeling. The

biomedical model consistently performs better
in Subtask 2 than the general-purpose model,
suggesting that the task contains considerable
domain-specific terminology and contextual cues
that are better captured by specialized pretraining.

Unlike the other subtasks, Subtask 4 exhibits a
substantial discrepancy between the development
and test set performance. We hypothesize that
this may be caused by a distribution shift between
the two splits. This could also explain the severe
degradation observed for the fine-tuned model on
the test set compared to out-of-the-box models.
Since the fine-tuned models were trained on the full
development set using hyperparameters derived
from k-fold validation, they may have overfitted to
the development distribution, which does not fully
reflect the characteristics of the test set.

Similar to Subtask 2, the biomedical model again
outperforms the general-domain model in Sub-
task 4. However, unlike Subtask 2, synthetic
data improves performance for the general-domain
model (DeBERTa) but not for the biomedical model
(Bio_ClinicalBERT). Considering the more bal-
anced precision–recall behavior observed in Sub-
task 4, this suggests that synthetic data may be
particularly beneficial when model predictions are
highly skewed, as is the case in Subtask 2.

6.1. Future Work and Impact

Our findings establish a solid baseline for local
EHR QA. However, our setups still rely on high-end
commodity hardware. Future work should explore
the feasibility of even smaller, highly optimized lan-
guage models capable of executing on highly con-
strained edge devices, such as mobile phones or
clinical tablets, to further lower the barrier to entry.

Furthermore, this shared task operates under
low-resource data, which likely contributes to
the generalization challenges observed with our
fine-tuned cross-encoders. To mitigate this data
scarcity, future research should explore integrat-
ing large-scale proxy datasets from related clinical
domains alongside more advanced synthetic data
generation methods to better stabilize model fine-
tuning and improve robustness to distribution shifts.
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Dev Set Test Set
Setup Strict P Strict R Strict F1 Strict P Strict R Strict F1
Baseline
Everything is relevant 28.27 100.00 44.08 – – –
Similarity Threshold
Qwen3-Embedding-8B 48.55 55.37 51.74 37.92 80.74 51.61
MedCPT-Cross-Encoder 34.04 79.34 47.64 – – –
5-Fold Training
Bio_ClinicalBERT-real-only-binary-head 31.39 93.39 46.99 – – –
Bio_ClinicalBERT-real-HYDRA 32.46 92.56 48.07 – – –
Bio_ClinicalBERT-synth-HYDRA 36.01 85.12 50.61 32.40 70.68 44.43
DeBERTa-real-only-binary-head 28.72 94.21 44.02 – – –
DeBERTa-real-HYDRA 28.27 100.00 44.08 – – –
DeBERTa-synth-HYDRA 28.97 93.39 44.23 – – –

Table 5: Subtask 2 results. P and R stand for Precision and Recall, respectively. “Synth” indicates training
with synthetic data, while “HYDRA” denotes multiple heads. Development set results for fine-tuned models
are computed from out-of-fold predictions. Bold values mark the highest overall F1 score, and underlined
values show the best F1 within each method category on the development set.

Metric Dev Set Test Set
Qwen gpt gpt

Overall Score 27.76 32.38 31.51
BLEU 1.19 4.34 3.82
ROUGE-Lsum 15.73 21.34 22.04
SARI 49.75 58.28 56.55
BERTScore 30.95 39.66 39.30
AlignScore 41.16 38.29 33.92
MEDCON (UMLS) – – 33.44

Table 6: Evaluation results for Subtask 3 on the de-
velopment and test sets. For the development set
MEDCON score was not calculated and therefore
was also not included in the overall score, which is
the mean of all other scores.

7. Conclusion

As shown on the competition leaderboards, our
approaches implemented using only commodity
hardware, achieve competitive results across mul-
tiple subtasks. For Subtask 11 and Subtask 42 ,
our submissions perform above the average score.
Although our results for Subtask 33 are lower, they
remain comparable to those of other systems. For
Subtask 24, our approach performs less favorably,
indicating substantial room for improvement.

Our experiments further demonstrate that, with
appropriate configurations and training strategies,
smaller models can achieve performance compara-
ble to that of significantly larger models. This high-

1www.codabench.org/competitions/12865/
2www.codabench.org/competitions/13528/
3www.codabench.org/competitions/13527/
4www.codabench.org/competitions/13526/

lights the potential of resource-efficient approaches
for tasks in the clinical domain.

Overall, our findings suggest that privacy-
preserving, fully local electronic health record
(EHR) question-answering systems are technically
feasible using current models and accessible hard-
ware. While such systems may still lag behind large-
scale cloud-based solutions in certain aspects, the
performance gap appears small enough for many
real-world applications in which data privacy and
on-device processing are critical requirements.

8. Limitations

While our approach demonstrates the feasibility of
local EHR QA, several limitations remain. Although
our setup avoids external cloud infrastructure, it
still relies on high-end commodity hardware (e.g.,
an Apple MacBook with an M4 Pro chip and 48
GB memory), which may not be readily available in
all under-resourced clinical environments. Further-
more, our evaluation is constrained to the ArchEHR-
QA dataset, limiting the immediate generalizability
of our findings across diverse clinical specialties or
multilingual patient populations.

9. Ethical Considerations

Our work is primarily motivated by the ethical im-
perative to protect patient privacy. By executing all
models entirely on a local notebook, we eliminate
the need to transmit sensitive Protected Health In-
formation to external, third-party cloud APIs. How-
ever, the use of generative AI in healthcare carries
inherent risks for patient safety. The models we
evaluate are prone to hallucinations and false con-
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Dev Set Test Set
Model Micro-P Micro-R Micro-F1 Micro-P Micro-R Micro-F1
Baseline
Everything is relevant 8.16 75.11 14.73 – – –
Similarity Threshold
Qwen3-Embedding-8B 22.82 21.27 22.01 52.41 68.69 59.45
Prompting
Qwen3-4B 20.00 11.76 14.81 – – –
Qwen3.5-35B pair-wise 35.35 15.84 21.88 – – –
Qwen3.5-35B list-wise 31.58 21.72 25.74 79.65 70.57 74.84
5-Fold Training
Bio_ClinicalBERT 19.14 24.43 21.47 6.26 12.46 8.33
Bio_ClinicalBERT + Synth 16.27 25.33 19.82 – – –
DeBERTa-base 9.24 50.67 15.63 – – –
DeBERTa-base + Synth 12.67 45.25 19.80 – – –

Table 7: Subtask 4 results. Micro-Precision (P), Micro-Recall (R), and Micro-F1 are reported. “Synth”
denotes training augmented with synthetic data. Development set results for fine-tuned models are derived
from merged out-of-fold predictions. Bold values denote the highest overall F1 score, and underlined
values indicate the best F1 score within each method category on the development set.

clusions. In a clinical context, such errors could
negatively impact patient care if accepted without
careful review.
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A. Prompt Templates

Listing 1: Best-performing prompt template for Sub-
task 1: Question Interpretation
You rewrite long , messy questions

into ONE short core question ,
phrased in third person from

a clinician ’s perspective .

Task :
- Identify the single core

question being asked .
- Rewrite it as one clear

question in THIRD PERSON .

Hard Rules ( must follow ):
- Output exactly ONE sentence
- Maximum 15 words
- Use third - person only (e.g.,

the patient , he , she , they )
- Do NOT explain , summarize , or

add context
- Do NOT add new information
- Output ONLY the rewritten

question

Question Style :
- Use simple forms like ‘‘What ’’,

‘‘Why ’’, ‘‘Did ’’, ‘‘Is ’’, ‘‘
How ’’

Examples :

<5 Examples >

Listing 2: Best-performing prompt template for Sub-
task 3: Answer Generation
You are a clinical documentation

assistant .

Your task is to generate a
professional , natural - language

answer to the patient ’s
question using ONLY the
information explicitly stated
in the provided clinical note
excerpt .

Instructions :
- Use only facts supported by the

clinical note excerpt .
- Do NOT add outside medical

knowledge .
- Do NOT speculate or infer

beyond what is documented .
- If the note does not fully

answer the question , provide a
faithful response limited to

the documented information .
- Write in a professional

clinical tone .
- Limit your response to a

maximum of 75 words (
approximately 5 sentences ).

- Do not include citations or
sentence numbers .

- Do not mention the instructions
in your response .

Listing 3: Best-performing prompt template for Sub-
task 4: Evidence Alignment
You are a clinical evidence

alignment system .

Your task is to align each answer
sentence to supporting

clinical note sentences .

Important rules :

1. Alignment is at the answer
sentence level .

2. Only include note sentences
that DIRECTLY support the
answer sentence .

3. Do NOT over - cite .
4. Do NOT under - cite .
5. Do NOT infer beyond the note

text .
6. Use only the provided numbered

note sentences .
7. If no supporting evidence

exists , return an empty list
[].

8. Evidence IDs must be strings .
9. Output must be STRICT JSON .
10. Do not include explanations

or reasoning .
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Output format :

[
{

" case \ _id ": "< case \_id >" ,
" prediction ": [

{
" answer \ _id ": "<ID >" ,
" evidence \ _id ": [" < note \

_id >" , ...]
}

]
}

]

Example :

<1 Example >

B. Synthetic Data Generation Details

To augment the limited development set for fine-
tuning our encoder models, we generate synthetic
clinical cases using a local deployment of Llama-
70B via Ollama. For each of the 20 original devel-
opment cases, we generate 10 novel synthetic vari-
ations, yielding a total of 200 new cases. This pro-
cess produces 1,818 synthetic sentences, each as-
signed a 3-class relevance label (“essential”, “sup-
plementary”, or “not-relevant”).

The generation is executed in a two-stage
pipeline: an initial LLM generation phase followed
by a targeted LLM-based repair phase to correct
formatting and distribution errors. Both steps are
strictly guided by the following manually defined
quality thresholds to ensure the synthetic data
closely mirrors the distribution of the real dataset:

• Sentence Count constraints: Between 10
and 20 sentences per case.

• Sentence Length constraints: Between 10
and 500 characters per sentence.

• Relevance Label Ratios:

– Essential ratio: 0.10 ≤ ress ≤ 0.40

– Supplementary ratio: rsup ≤ 0.15

– Not-Relevant ratio: rnr ≥ 0.45

The following prompt template is used during the
initial generation phase to construct the synthetic
cases based on the provided seed examples from
the development set.

Listing 4: Prompt template for generating synthetic
clinical QA cases.
You are a medical data

augmentation assistant . Your

task is to create a synthetic
clinical note excerpt with
relevance labels for training
a medical evidence
identification model .

TASK : Study the real examples
below , then generate a NEW
synthetic case with DIFFERENT
medical content ( different
condition , treatment , or
scenario ). Pay close attention

to the label distributions in
the examples - most sentences
are "not - relevant ".

{ examples_block }

INSTRUCTIONS :
1. Create a NEW patient question

about a DIFFERENT medical
topic from any of the examples

above .
2. Create a corresponding

clinician question ( concise ,
max 15 words ).

3. Write a LONG clinical note
excerpt with 15 -30 sentences .
Real clinical notes are long
and contain many sections (
History of Present Illness ,
Hospital Course , Medications ,
Labs , Vitals , Plan , etc .).
Include realistic clinical
detail .

4. Label each sentence as "
essential ", " supplementary ",
or "not - relevant ":

- essential : Directly answers
the patient ’s question
(~20 -35% of sentences )

- supplementary : Provides
helpful context but not
critical (~5 -10% of
sentences , this label is
RARE )

- not - relevant : Does NOT help
answer the question (~55 -70%

of sentences - this should
be the MAJORITY )

IMPORTANT DISTRIBUTION GUIDANCE :
- Most sentences in a clinical

note are NOT relevant to the
patient ’s specific question .
The note covers many topics (
vitals , labs , medications ,
procedures , consults ,
discharge planning ) and only a

fraction directly address the
question .

- " supplementary " is the RAREST
label - only a few sentences
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at most .
- "not - relevant " should be the

MOST COMMON label - typically
60%+ of sentences .

- Look at the examples above :
notice how the majority of
sentences are labeled "not -
relevant ".

OUTPUT FORMAT ( use exactly this
JSON format ):

{
" patient_question ": "..." ,
" clinician_question ": "..." ,
" sentences ": [

{ "id ": "1" , " text ": "..." },
{ "id ": "2" , " text ": "..." }

],
" relevance_labels ": [

{ " sentence_id ": "1" , "
relevance ": " essential " },

{ " sentence_id ": "2" , "
relevance ": "not - relevant "

}
]

}

Generate a synthetic case now .
Output ONLY valid JSON , no
explanation .
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Abstract
The ArchEHR-QA shared task focuses on grounded question answering using patient EHR data. For the
given clinical interpretation of the patient question, note excerpt (E) and answer text (A), subtask 4 (evidence
alignment) aims to cite supporting sentences from E for each sentence in A. In this paper, we propose a
prompt-engineering methodology that features clinical-reasoning principles in related alignment. We adopt
this methodology for GPT-5.2 in zero-shot learning mode. According to our experiments on ArchEHR-QA,
incorporating clinical reasoning principles into the prompt improves F1overall by +2.0%. Our final submission
resulted in 77.4% by F1overall, which positions us at 10th out of 16 teams. Our code is publicly available:
https://github.com/nicolay-r/ArchEHR-QA-2026-Task-4-MedEvi-NS

Keywords:Large Language Models, Evidence Alignment, Prompt-based Engineering, Clinical Reasoning

1. Introduction

Recent advances in large language models (LLMs)
have significantly improved question answering
systems across many domains (Shailendra et al.,
2024). However, applying such systems to clin-
ical use cases remains challenging as halluci-
nated or unsupported responses may pose patient
safety risks (Kim et al., 2025). In clinical practice,
evidence-based medicine emphasises that med-
ical conclusions should be supported by explicit
clinical evidence (Lohr et al., 1998). Therefore, en-
suring accurate alignment of evidence is essential
for maintaining the faithfulness in clinical question
answering.
The ArchEHR-QA shared task focuses on

grounded question answering using patient EHR
data (Soni and Demner-Fushman, 2026a,b). The
objective is to answer patient questions and provide
evidence supported by clinical notes. In this work,
we participate in subtask 4, which requires aligning
each answer sentence with the specific supporting
sentence(s) in the clinical note excerpt.
Existing approaches to evidence alignment are

often formulated as evidence retrieval or semantic
matching tasks (Zhao et al., 2024; Karthik et al.,
2025; Gupta et al., 2024). However, such ap-
proaches may be insufficient for clinical narratives.
Clinical records frequently describe multiple med-
ical events and treatment stages within the same
document (Hazlehurst et al., 2005). As a result,
surface-level semantic matching may retrieve sen-
tences that share keywords or embeddings with
the answer but refer to different clinical episodes

1. Clinical episode identification
locate the medical event referenced in the
answer. (e.g., surgery, examination, or hos-
pitalisation).

2. Stage of care determination
determine the stage of the treatment pro-
cess the answer describes.

background → finding → decision →
procedure → outcome.

3. Evidence retrieval
search the clinical note for sentences de-
scribing the same episode and stage.

4. Evidence verification
ensure that each clinical fact in the answer
is supported by at least one cited sentence.

Figure 1: Four-step clinical reasoning principles
declaration, utilised as a part of our zero-shot learn-
ing methodology.

or stages of care.
Recent studies have explored the use of large

languagemodels (LLMs) and prompting techniques
to support clinical tasks. For example, prompt en-
gineering guidelines have been proposed to help
clinicians design effective prompts by defining clin-
ical objectives, following medical reasoning prin-
ciples, and evaluating prompt quality (Liu et al.,
2025). Other work investigates instruction tun-
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ing and prompt optimisation strategies to improve
LLM performance in medical applications (Le et al.,
2025; Dhamija and Sharma, 2025).
Motivated by these developments, we propose

a prompt-based evidence-alignment method that
leverages large language models and incorporates
principles of clinical reasoning, using GPT 5.2 by
OpenAI. Instead of relying on surface-level simi-
larity, our approach guides the model to identify
the clinical episode and stage of care referenced in
each answer sentence. The clinical reasoning prin-
ciples are shown in Figure 1. Experimental results
on ArchEHR-QA show that incorporating structured
clinical reasoning improves the evidence alignment
performance.

2. Methodology

Task Definition:1 Given a case (Qc, E, A),
where Qc is clinician-interpreted question, E =
{e1, e2, . . . , em} is a clinical note excerpt that
consist of sentences ei, i ∈ 1,m, and A =
{a1, a2, . . . , an} is an answer that yields of sen-
tences ai, i ∈ 1, n. For each ai ∈ A, the task is to
identify supporting sentences (Es), where Es ⊆ E.
Our methodology represents prompt-based en-

gineering, with the structure of the clinical prompt
depicted in Figure 2, with the details on the prompt
components covered in Figure 3. It features clin-
ical reasoning principles which are in greater
detail covered in Section 2.1.

Clinical Prompt

You are grounding answer sentences to a clinical note.

Task Declaration

Clinical reasoning principles

Output Format

Input Description

Output (each answer sentence followed by its sup-
porting sentence number(s) in brackets):

Figure 2: Clinical Prompt which features clinical
reasoning principles (see Section 2.1)

For the given input example (Qc, E, A), we com-
pose prompt to query the model to align the whole
answer (A) in zero-shot2 learning mode.

1Our methodology omits patient question.
2Our approach could be viewed as “one-shot” since

Output Format includes a single-sentence example (Fig-
ure 3); however the intention for including the example
is to propose the expected output format for the task

Task Declaration

Goal:
For each answer sentence, identify the clinical
note sentence(s) that support it.

Input:
Clinician-interpreted question (Clinician-
Interpreted Question)
Clinical note excerpt with numbered sentences
(Clinical Note Excerpt)
Answer text to be grounded (Reference An-
swer)

Expected output:
For each answer sentence, a set of supporting
evidence sentence numbers from the clinical
note excerpt.

Clinical reasoning principles

Clinical documentation follows a progression:
background → finding → decision → pro-
cedure → outcome.

For each answer sentence:

List of Rules

If any clinical fact is unsupported, search again
and add the necessary sentence. Do not output
this verification step.

Output Format

Output format:
Output each answer sentence followed by its support-
ing sentence number(s) in brackets.
Example: "The patient had elevated bilirubin [3].
ERCP was performed [5]."

Input Description
- - -
Clinician-Interpreted Question:
Qc

Clinical Note Excerpt (numbered sentences):
E
Reference Answer (ground each sentence to note
sentences above):
A
- - -

Figure 3: Components of the clinical prompt and
with content for “list of rules”, described in Sec-
tion 2.1; for the Output Format, we include a fixed
“example” for leveraging in-context learning; bold is
used for highlighting the key words that are used
in the prompt.

Structuring the output. To structure the raw
output, we applied the following steps: (i) identifying
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list of sentences/chunks (ii) mapping the most likely
relevant sentence for the chunk.

We use “\n” char to demarcate content into sen-
tences. We apply regular expression to retrieve con-
tent in “[]” by covering: separated entries, dash-
separated entries (ranges). We use the Leven-
shtein distance (Levenshtein et al., 1966) to deter-
mine the best match between the output chunk and
the sentence.

2.1. Clinical Reasoning Principles
Prompt Design

Clinical records typically document the progression
of a patient’s treatment, including clinical findings,
treatment decisions, procedures performed, and
outcomes. In evidence-based medicine, clinicians
interpret treatment conclusions by associating clini-
cal observations with specific medical events and
stages of care (Zakowski et al., 2004).
Inspired by this process, we incorporate prin-

ciples of clinical reasoning into prompt design to
guide evidence alignment. Specifically, the model
needs to reason according to the following steps:
Step 1: Clinical episode identification. The

model first identifies the clinical episode referenced
by the answer sentence, such as a specific surgery,
examination, or hospitalisation. Since clinical terms
could refer to multiple episodes, it is easy to mis-
align the answer with sentences describing other
events if events are not distinguished. Therefore,
we explicitly require the model in the prompt to
only look for evidence within the scope of the cor-
responding clinical episode.
Step 2: Stage-of-care identification. After

identifying the episode, the model needs to de-
termine which stage of the treatment process the
answer sentence describes. We categorise com-
mon treatment stages in clinical records into four
types: clinical findings, treatment decisions or rec-
ommendations, procedures performed, and out-
comes. The model needs to determine the stage
to which the answer sentence belongs based on its
semantics, then search for sentences in the clinical
records that describe the same event and stage as
evidence.
Step 3: Evidence selection rules. To ensure

reliable grounding, we designed several rules to
strengthen the principle and avoid misalignment.

• Sentences that clearly show that clinical events
have happened should be given first priority.
For example, statements that say surgery has
been done or a diagnostic result has been
seen.

• Avoid selecting sentences that only share key-
words with the answer but talk about clinical
events or background information that isn’t rel-
evant.

List of Rules

1. Identify which clinical episode it refers to (e.g.,
first ERCP, repeat ERCP, specific hospital day).
Only search within that episode.

2. Determine what stage of care the answer sen-
tence represents:
- a clinical finding
- a decision/recommendation
- a performed procedure
- a result/outcome

3. Select the sentence(s) in the clinical note that
directly document that specific stage of care.

4. Prefer explicit documentation of completed
events (e.g., "was performed", "showed", "was
found") rather than related background or earlier
mentions.

5. Do NOT cite sentences:
- from a different episode
- that only share keywords
- that describe a different stage of care

6. Cite the minimal number of sentences needed.
Only cite a sentence if removing it would make
the answer unsupported.

7. Before finalising the citation set for an answer
sentence, verify that every distinct clinical fact
expressed in the sentence is explicitly supported
by at least one cited clinical note sentence.

Figure 4: List of Rules that a part of clinical reason-
ing principles

• Select the minimum set of sentences required
to support the answer statement.

Figure 4 lists evidence selection rules.
Step 4: Evidence Verification. Finally, we

added a validation step that requires the model
to verify that each clinical fact expressed in the an-
swer sentence is supported by at least one citation
from a clinical record, and to check the answer
before giving the final answer.

3. Dataset

We use the officially provided ArchEHR-QA dataset
(D) version 1.5 (Soni and Demner-Fushman,
2026a). Table 2 presents a verbose analysis of
cases for excerpt and answer lengths, separately
for development (Ddev) and test (Dtest) splits. Ac-
cording to the related comparison, with nearly sim-
ilar length of sentences in excerpts and answers,
answers are ≈ 5.32 times shorter (in sentences)
than excerpts.
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Method F1overall Pmicro Rmicro F1micro Pmacro Rmacro F1macro

Ddev
LLaMA-3-70B-instruct (‡) 67.95 68.28 72.26 70.21 75.51 76.29 65.68
GPT-5.2 (†) 74.77 70.69 89.13 78.85 73.01 90.50 70.68
GPT-5.2 (‡) 76.24 77.48 84.78 80.97 79.39 86.87 71.51

Dtest
GPT-5.2 (‡) (ours) 77.41 75.70 77.38 76.53 79.28 80.81 78.29
team boris123 (baseline) – 76.50 58.20 66.10 – – –

Table 1: Results on ArchEHR-QA separately for Ddev and Dtest splits; † - excluding reasoning principles
from the prompt, ‡ - including reasoning principles (Section 2.1).

Parameters Ddev Dtest
Cases (Total) 20 147
Excerpt (chars / sentence avg) 95.98 93.13
Excerpt (sentences avg) 21.4 28.5
Excerpt (sentences min) 9 5
Excerpt (sentences max) 54 73
Answer (chars / sentence avg) 102.9 115.2
Answer (sentences avg) 4.8 4.6
Answer (sentences min) 3 2
Answer (sentences max) 6 8
Answer (cites avg) 6.9 –
Answer (cites / sentence avg) 1.5 –

Table 2: Parameter comparison for ArchEHR-QA.

4. Experimental Setup

We test our approach on the proprietary GPT-
5.2 model 2025-12-113 from OpenAI while including
LLaMA-3-70B as a comparison. Our primary focus
is on GPT-5.2, and we do not perform an in-depth
analysis of LLaMA-3-70B. We set the temperature
to 0.1 for both models. The prompts that follows
the methodology outlined in Section 2 are publicly
available in repository 4.

To assess the impact of clinical reasoning princi-
ples, we experiment with prompt variations: exclud-
ing reasoning principles from the prompt (†), and
including reasoning principles (‡).

Evaluation metrics: The ArchEHR-QA 2026 or-
ganizers chose F1micro and F1macro as evaluation
metrics. We found no publicly available evaluation
script. For the results on Ddev, we use manually
implemented calculation of F1micro and F1macro.
To obtain the related results, we first calculate the
related F1 values at the sentence level and then
aggregate them to the case level. The results for
Dtest split are obtained from the official evaluation
script.

3https://openai.com/index/introducing-gpt-5-2/
4https://github.com/nicolay-r/ArchEHR-QA-2026-

Task-4-MedEvi-NS/blob/master/src/utils_prompt.py

Figure 5: Detailed overview F1overall results for
GPT-5.2 (‡) on Ddev based on the length of the
excerpt notes in sentences

5. Result Analysis and Discussion

Table 1 presents results on ArchEHR-QA. We in-
clude results of the open-sourced model LLaMA-
3-70B-instruct5 for baseline purposes. We found
that LLaMA-3-70B underperformed compared to
GPT-5.2. Furthermore, we found no improvements
in adopting clinical reasoning principles for LLaMA-
3-70B (Uzun Bektaş et al., 2025).
Towards results on Ddev, adopting clinical rea-

soning principles (‡) for GPT-5.2 results in +2.0%
improvement by F1overall on Ddev, leveraged by
increased precision. Therefore, for our final sub-
mission on Dtest we adopted GPT-5.2 ‡.
Towards results on Dtest split, we refer to the re-

sults of team “boris123” as the baseline. Using
GPT-5.2 ‡ improves the baseline +15.8% (F1micro).
Notably, with almost similar Pmicro results, our sys-
tem finds more citations.

According to findings from analysis of ArchEHR-
QA content dataset in Section 5, clinical excerpts
represent a significant portion once imputed in Input
Description (Figure 3). To find whether the length
of excerpts affects the performance, we provide
case-level evaluation for our results on Ddev split in
Figure 5. According to the related results, we found
that the increment of excerpt from 10 sentences to
50 causes ≈ 10% degradation of F1overall perfor-
mance for GPT-5.2.

5https://huggingface.co/meta-llama/Meta-Llama-3-
70B-Instruct
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6. Conclusion

This paper proposes a clinical-reasoning princi-
ple, utilised in a form of prompt-based engineering
methodology for ArchEHR-QA 2026 Subtask 4. For
the given clinical interpretation of the patient ques-
tion (Qc), note excerpt (E), and answer text (A), this
subtask aims to cite supporting sentences fromE to
sentences fromA. We propose a prompt-based en-
gineering methodology that exploits clinical reason-
ing principles to leverage LLM capabilities for zero-
shot learning on both a proprietary model (GPT-
5.2) and an open-sourced model (LLaMA-3-70B).
According to our experiment on the officially pro-
vided ArchEHR-QA dataset, we found that applying
clinical-reasoning principles improves F1overall for
GPT-5.2 by +2.0%. We see those findings as a
promising step for future works on the formation of
advanced systems that utilise the Chain-of-Thought
(CoT) paradigm.
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Abstract
We describe the UIC-AIHealth4All system for ArchEHR-QA 2026, a shared task on grounded question answering
from electronic health records. We participated in Subtasks 2 (evidence identification), 3 (answer generation), and
4 (answer-evidence alignment). For Subtasks 2 and 3, we propose an answer-first pipeline in which the model
generates candidate answers citing specific note sentences before classifying the full evidence set, exploiting the
asymmetry between judging relevance in the abstract versus relative to a generated answer. For Subtask 4, we apply
self-consistency voting over five independent model calls, retaining links by vote threshold. Our pipeline ranked
third on evidence identification (Strict Micro F1 62.90), ninth on answer generation (Overall 31.90), and fifth on
answer-evidence alignment (F1 79.81). A post-hoc linguistic analysis of 45 stylistic features reveals that model
outputs remain 3.2 Flesch-Kincaid grade levels harder to read than clinician-authored references despite matching
their word and sentence counts, suggesting readability warrants explicit optimization in clinical NLP systems. Code
and prompts are available at https://github.com/mo-arvan/archehr-qa-2026-uic-aihealth4all.

Keywords: clinical NLP, question answering, electronic health records, evidence identification, grounded
generation

1. Introduction

Grounding an answer means anchoring every claim
to a specific passage in the source document. In
safety-critical domains such as clinical question an-
swering, grounding is a reliability requirement: an
answer that cannot be verified against the source
text cannot be trusted for medical decisions. This
requirement creates a joint constraint on evidence
selection and answer generation. The minimal evi-
dence set depends on what the answer will say, and
a faithful answer cannot exceed what the evidence
supports.

Grounded QA from electronic health records
(EHRs), where both operations must be solved
jointly, has received less attention than individu-
ally scoped clinical QA tasks (Soni and Demner-
Fushman, 2025). Prior work has addressed fac-
toid retrieval from structured data (Lee et al.,
2022), reading comprehension over published liter-
ature (Jin et al., 2019), and information extraction
from clinical text (Uzuner et al., 2011), each formu-
lated as an independent subtask. Whether generat-
ing a candidate answer before classifying evidence
improves the accuracy of evidence identification
has not been established.

ArchEHR-QA 2026 (Soni and Demner-Fushman,
2026b,a) directly addresses grounded EHR ques-
tion answering across four subtasks: ques-
tion interpretation (Subtask 1), evidence iden-
tification (Subtask 2), answer generation (Sub-
task 3), and answer-evidence alignment (Sub-
task 4). The dataset is derived from clinical
notes in the MIMIC-III (Johnson et al., 2016) and

MIMIC-IV (Johnson et al., 2023) databases, with
patient-authored questions, clinician-interpreted
reformulations, sentence-level relevance annota-
tions, and clinician-authored reference answers
with sentence-level evidence alignments. The
shared task provides a setting in which all three
components of the grounded QA pipeline (evi-
dence, answer, and alignment) can be evaluated
against expert clinical judgments.

We participated in three of the four subtasks
(Subtasks 2, 3, and 4) as the UIC-AIHealth4All
team. Our central contribution is an answer-first
pipeline for evidence identification and answer gen-
eration (Subtasks 2 and 3), extending our prior
system (Arvan et al., 2025), in which the model
first generates one or more candidate answers
citing specific note sentences, then classifies the
full evidence set in light of those candidates, and
finally produces a submission answer from the
classified evidence. For Subtask 4, we applied
self-consistency voting over multiple independent
model calls, aggregating link predictions by vote
count and selecting a threshold that balanced pre-
cision and recall on the development set.

We additionally characterized stylistic differences
between model outputs and clinician-authored refer-
ence answers. We computed 45 linguistic features
across six categories (lexical, syntactic, readabil-
ity, stylistic, clinical, and sentiment) and compared
them with paired Wilcoxon signed-rank tests. This
linguistic analysis guided prompt refinement and
revealed a residual register gap between model
outputs and clinician answers that persists after
length and sentence count are matched.
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Our main results are as follows: (1) the answer-
first pipeline ranked third on evidence identifica-
tion (Strict Micro F1 62.90); (2) our answer gener-
ation submission ranked ninth overall (test score
31.90), with iterative constraint enforcement achiev-
ing 100% output compliance on both development
and test sets within five correction attempts; (3) self-
consistency voting ranked fifth on answer-evidence
alignment (F1 79.81); and (4) despite matching
clinician word count and sentence count, model
outputs remained 3.2 Flesch-Kincaid grade levels
harder to read than the clinician reference. These
results suggest that answer-first ordering offers a
practical advantage for evidence identification and
that readability warrants explicit optimization in clin-
ical NLP systems serving lay users.

2. Method

2.1. Study Design and Setting
We participated in Subtasks 2, 3, and 4 of ArchEHR-
QA 2026 (Soni and Demner-Fushman, 2026b), a
shared task on grounded question answering from
clinical notes. Subtask 2 (evidence identification)
asks a system to select the minimal set of note sen-
tences that support answering the patient question.
Subtask 3 (answer generation) asks a system to
generate a natural-language answer of at most 75
words, grounded in those sentences. Subtask 4
(answer-evidence alignment) asks a system to map
each sentence of a pre-written reference answer to
the specific note sentences that support it.

2.2. Data
All experiments used the ArchEHR-QA 2026 de-
velopment and test sets, derived from the MIMIC-
III (Johnson et al., 2016) and MIMIC-IV (Johnson
et al., 2023) clinical databases. Each case contains
a patient-authored question, a clinician-interpreted
reformulation (at most 15 words), a clinical note ex-
cerpt with sentence-level relevance annotations,
and a clinician-authored reference answer with
sentence-level evidence alignments. The devel-
opment set contains 20 cases. The test set for
Subtasks 2 and 3 contains 47 cases; the test set
for Subtask 4 contains 147 cases.

2.3. Systems
We designed two systems building on our prior
work (Arvan et al., 2025): an answer-first pipeline
for Subtasks 2 and 3, and a self-consistency vot-
ing pipeline for Subtask 4. Code and prompts are
available at https://github.com/mo-arvan/
archehr-qa-2026-uic-aihealth4all.

All experiments used GPT-5.1 and GPT-5.2
through the Azure OpenAI API with structured out-

puts (responses.parse) and Pydantic schema
validation. Both models support a reasoning effort
parameter; we swept over medium and high set-
tings during development and used medium for
all test submissions. The Subtask 2 ensemble
spanned both model versions and multiple k set-
tings; Subtask 4 used GPT-5.2. No local GPU
compute was required.

Answer-first pipeline (Subtasks 2 and 3). We
designed a modular pipeline that jointly produced
evidence predictions for Subtask 2 and an answer
for Subtask 3 in three sequential stages.

Stage 1: candidate answer generation. We
prompted the model to generate k independent can-
didate answers, each citing specific note sentences
by ID. The full note, the patient question, and the
clinician-interpreted question were provided as in-
put. The generation prompt specified past tense
for events during the hospitalization and present
tense for current state and prognosis, required third-
person subject constructions (“The patient”), and
targeted a word count of 70 to 75 words.

Stage 2: answer-grounded evidence classifi-
cation. We presented the k candidates alongside
the clinical note and instructed the model to classify
each note sentence as Essential, Supplementary,
or Not Relevant, using a minimal-set criterion: a
sentence was Essential only if removing it would
leave the generated answers unsupported. We re-
fer to this method as the answer-first pipeline. It
exploits an asymmetry in difficulty: judging which
sentences the model relied upon after generating
an answer is easier than judging relevance in the
abstract.

Stage 3: final answer generation. We in-
structed the model to generate the submission an-
swer using only Essential (and optionally Supple-
mentary) sentences, subject to the 75-word con-
straint. Each response was validated against the
word limit, citation consistency, and output format.
Constraint violations triggered a correction call that
named the specific error and included the previ-
ous response as context, with up to five attempts
per case. We logged all constraint violations by
error type across all experiments to characterize
the dominant failure modes of the pipeline.

For our best Subtask 2 submission, we combined
seven configurations by majority vote: a note sen-
tence was predicted Essential if at least four of the
seven runs classified it as such. Ensemble mem-
bers spanned both model versions and multiple k
settings to maximize prediction diversity.

Self-consistency voting pipeline (Subtask 4).
We designed a self-consistency voting pipeline for
Subtask 4 in which N = 5 independent model calls
per case were aggregated by vote count to produce
the final set of answer-sentence to note-sentence
link predictions.
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Prompt design. The alignment prompt in-
structed the model to apply a precision-first princi-
ple: cite only the note sentence that directly states
the specific fact in the answer sentence. The
prompt documented four common alignment errors
with corrective examples: (1) over-citing, where
contextual sentences are cited instead of the direct-
claim sentence; (2) under-citing, where distinct
claims sharing a source sentence are omitted; (3)
citing synthesized conclusions, where no single
note sentence directly states the inference; and
(4) citing structural text such as section headers or
symptom checklists. A worked example from the
task documentation illustrated correct and incorrect
alignments for each error type.

Self-consistency voting. Each of the N = 5
samples produced a set of (answer sentence, note
sentence) link pairs. A link was included in the
final prediction if it appeared in at least t of the 5
samples. We selected t = 3 based on a precision-
recall trade-off analysis on the development set.

2.4. Measures and Outcomes

We evaluated system outputs using the official task
metrics and supplementary compliance measures.

For Subtask 2, gold labels classify each sentence
as essential, supplementary, or not-relevant. We
report precision, recall, and F1 against essential
sentences (strict) and against the union of essen-
tial and supplementary (lenient). We additionally
measured first-attempt constraint compliance as
the percentage of outputs satisfying all format and
length requirements on the first generation attempt,
and logged all violations by error type.

For Subtask 3, we report lexical overlap (BLEU,
ROUGE), semantic similarity (BERTScore, Align-
Score), medical concept coverage (MEDCON), and
simplification quality (SARI).

For Subtask 4, we report precision, recall, and
F1 over predicted alignment links.

2.5. Statistical and Analytic Methods

To characterize how closely model outputs matched
the stylistic register of clinician-authored reference
answers, we computed 45 linguistic features for
each of the 20 development cases and compared
them against the clinician references. Features
spanned six categories: lexical (word count, type-
token ratio, Measure of Textual Lexical Diversity
(MTLD), hapax ratio, average word length), syn-
tactic (sentence count, average sentence length,
parse depth, part-of-speech (POS) ratios), read-
ability (Flesch-Kincaid Grade, Coleman-Liau In-
dex, Flesch Reading Ease), stylistic (function-word
percentage, passive-voice ratio, pronoun usage,
frequency of the phrase the patient), sentiment

and tone (polarity, subjectivity, hedging and warn-
ing counts), and clinical communication (certainty
markers, temporal and causal connectives, medical
abbreviation count).

We applied paired Wilcoxon signed-rank tests
to identify features that systematically diverged
between model and clinician outputs. This non-
parametric test was chosen because the 20-case
sample cannot be assumed to yield normally dis-
tributed feature differences, and because each
case contributes a matched model-clinician pair.
We additionally computed Cohen’s d for each fea-
ture, a standardized effect size that expresses the
mean paired difference in units of the within-case
standard deviation, to distinguish statistically sig-
nificant differences from practically large ones. To
summarize overall stylistic proximity, we defined
a standardized linguistic distance as the mean of
|model − clinician| / SDclinician across all features,
where SDclinician is the between-case standard de-
viation of the clinician values.

We applied this analysis to two configurations:
the submitted two-step pipeline and the exploratory
three-step rewrite variant. To visualize category-
level profiles, we produced a radar chart with six
composite scores, one per feature category, nor-
malized so that the clinician profile traces a unit
circle (Figure 2). Each spoke value is the mean
of per-feature model-to-clinician ratios within that
category. Values above 1.0 indicate that the model
exceeds the clinician on that dimension; values
below 1.0 indicate that it falls short.

2.6. Sensitivity Analyses
Task decomposition ablation. The linguistic anal-
ysis revealed a stylistic gap between model out-
puts and clinician-authored answers, suggesting
that generating factually grounded, stylistically ap-
propriate, and length-constrained text within a sin-
gle prompt creates competing objectives. To test
whether separating these objectives narrows the
gap, we compared the submitted pipeline against
a three-stage rewrite variant that (1) generates an
unconstrained answer, (2) rewrites it for clinical reg-
ister, and (3) enforces the 75-word limit as a sepa-
rate call. The rewrite variant was implemented after
the submission deadline. We evaluated word count
compliance and standardized linguistic distance to
the clinician reference as outcome measures.

3. Results

3.1. Subtask 2: Evidence Identification
The answer-first ensemble achieved Strict Micro F1
62.90 on the test set. On the development set, the
best single-run configuration achieved F1 66.22.
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For the test submission, we combined seven con-
figurations by majority vote, predicting a sentence
as Essential if at least four of seven runs classified
it as such. Table 1 shows development and test
results.

The ensemble outperformed the best individual
test submission by 3.2 F1 points. Development
recall (81.82%) exceeded test recall (66.96%) by
14.9 percentage points, suggesting distribution shift
on the larger 47-case test set.

3.2. Subtask 3: Answer Generation

The answer-first pipeline achieved test Overall
31.90 (development Overall 32.21). Table 2 shows
full results for the submitted configuration.

SARI was the highest-scoring metric on both sets
(58.77 development, 57.24 test), reflecting simpli-
fication quality relative to the source note. BLEU
was the lowest (4.01 development, 6.12 test), con-
sistent with the observation that model outputs dif-
fered in surface form from the reference answers
even when semantic similarity (BERTScore 41.89,
AlignScore 25.00) and concept coverage (MED-
CON 41.30) were moderate on the development
set.

3.3. Subtask 4: Answer-Evidence
Alignment

Self-consistency voting achieved test F1 79.81 on
Subtask 4 (development F1 86.0). We drew N = 5
independent samples per case and retained links
appearing in at least t = 3 of 5 samples. Table 3
shows development and test results.

The 6.2-point development-to-test F1 drop (86.0
to 79.8) reflects the larger and more diverse test
set (147 cases, including 127 cases from the 2025
dataset). Across all five teams on the official leader-
board, precision ranged from 82 to 88 and recall
from 71 to 78, indicating that recall was the primary
differentiator in this task.

We selected N = 5 and t = 3 based on prac-
tical and empirical considerations. Five samples
balanced prediction diversity against API cost, rep-
resenting a 5× increase over a single call. Lowering
t from 4 to 3 recovered 4.2 percentage points of
recall at a cost of 2.4 points of precision, yielding a
net F1 gain of 1.34 points on the development set.

3.4. Error Analysis

Iterative correction resolved all constraint violations
across 40 experiments (1,171 total cases: 701 de-
velopment, 470 test). The sections below charac-
terize correction effectiveness and the distribution
of failure modes.

3.4.1. Correction Effectiveness

The correction loop achieved 100% compliance
on both the development and test sets (see Ap-
pendix Table 5 for per-attempt rates). First-try com-
pliance was 21.6 percentage points lower on the
test set (64.3% versus 85.9%), reflecting longer
clinical notes and unseen question types. The cor-
rection loop closed this gap fully within five attempts
in both conditions.

3.4.2. Error Taxonomy

Word count violations accounted for 75.2% of de-
velopment errors and 94.9% of test errors. Citation
errors, schema errors, and pipeline failures were
absent from the test set entirely, indicating that
development-set tuning eliminated structural and
citation errors but did not generalize to length con-
straint adherence on longer test notes. Figure 1
shows the full breakdown.

3.4.3. Content Safety

Two distinct content safety failure modes affected
a small fraction of cases. Infrastructure-level con-
tent filtering (non-deterministic): the API silently
returned no response, causing a downstream error.
Eleven unique cases were affected (4 development,
7 test); retries typically succeeded. Model refusal
(persistent): the model returned safety-decline text
that could not be parsed as a structured response.
Eight unique cases were affected (7 development,
1 test), all involving sensitive clinical content. Be-
cause these events were input-dependent, they
could not be resolved by correction prompts; multi-
candidate pipelines (k > 1) provided partial re-
silience by allowing other candidates to succeed
even when one call was refused.

3.5. Linguistic Analysis

3.5.1. Model versus Clinician Divergence

Model outputs diverged from clinician-authored
reference answers on 8 of 45 linguistic features
(Wilcoxon signed-rank, Benjamini-Hochberg ad-
justed p < 0.05). Table 6 (Appendix) lists all fea-
tures for the submitted configuration, sorted by ef-
fect size (Cohen’s d).

Three divergence patterns dominated. First,
model outputs were harder to read across all three
readability metrics. The Flesch Reading Ease
score was 21 points lower (46.7 versus 25.6, d =
1.11), the Flesch-Kincaid grade was 3.2 points
higher (10.7 versus 13.9, d = −0.93), and the
Coleman-Liau grade was 4.1 points higher (12.8
versus 16.9, d = −1.12). Second, models used
longer individual words (5.39 versus 6.12 charac-
ters, d = −1.21) and fewer function words (40.9%
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St. P St. R St. F1 Le. P Le. R Le. F1
Dev (best) 55.62 81.82 66.22 62.66 81.82 70.97
Test (4/7) 59.30 66.96 62.90 74.27 66.96 70.43

Table 1: Subtask 2 results for the best configuration (development) and the majority-vote ensemble (test).
St. = Strict, Le. = Lenient. All metrics are micro-averaged.

AS BS BLEU MC R-1 R-2 R-L SARI Ov.
Dev 25.00 41.89 4.01 41.30 39.17 11.24 22.29 58.77 32.21
Test 24.53 41.80 6.12 37.52 38.84 11.95 24.18 57.24 31.90

Table 2: Subtask 3 results (Overall = mean of all reported metrics). AS = AlignScore, BS = BERTScore,
MC = MEDCON, R = ROUGE, Ov. = Overall.

Word count

API content filter

Citation

Model refusal

Schema error

Pipeline failure

87.8%

3.6%

3.0%

2.6%

2.6%

0.3%

Constraint Violations by Type

Figure 1: Distribution of first-attempt error types on the development (n = 129 errors) and test (n = 177
errors) sets. Word count violations dominated both conditions, rising from 75.2% of development errors to
94.9% of test errors.

P R F1
Development 85.1 87.0 86.0
Test 83.6 76.3 79.8

Table 3: Subtask 4 results (P = precision, R = recall,
F1 = micro F1).

versus 34.2%, d = 1.26), producing denser prose
with higher noun and adjective rates. Third, models
produced more lexically diverse outputs than clini-
cians, with higher type-token ratios (0.756 versus
0.791, d = −0.60) and higher hapax ratios (0.599
versus 0.670, d = −0.77).

Notably, word count (73.5 versus 72.7, p = 0.085)
and sentence count (4.75 versus 4.45, p = 0.303)
did not differ significantly. The submitted configura-
tion brought word count and sentence count within
the range of clinician values, resolving the length
and sentence structure divergences seen in earlier
configurations.

3.5.2. Two-Step versus Three-Step Linguistic
Distance

The three-step rewrite pipeline reduced linguistic
distance from 0.519 to 0.381 and improved Sub-
task 3 Overall by approximately 2 points on the
development set. Table 4 shows the full compar-
ison; Figure 2 shows category-level profiles as a
radar chart normalized to the clinician reference.

Improvements were distributed across all six fea-
ture categories. The most pronounced gains were
in readability (Flesch-Kincaid grade 12.52 versus
13.87, closer to the clinician’s 10.72) and syntactic
structure (sentence count 4.65 versus 4.45; aver-
age sentence length 19.17 versus 19.88 words).
Passive voice ratio remained below the clinician
reference in both configurations, and “the patient”
frequency was below clinician levels in both (0.95
for Three-Step, 1.10 for Two-Step, versus clinician
1.55). The Three-Step pipeline achieved closer
stylistic alignment and also improved Subtask 3 au-
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Figure 2: Category-level linguistic profiles for the Two-Step and Three-Step configurations. The clinician
reference traces the unit circle. Spoke values are the mean of per-feature model-to-clinician ratios within
each category, with all features weighted equally; values above 1.0 indicate the model exceeds the clinician
on that dimension, and values below 1.0 indicate the model falls short.

tomatic metrics: Dev Overall 34.09 versus 32.21 for
the Two-Step configuration, a gain of approximately
2 points.

4. Discussion

4.1. Main Findings

LLMs equipped with answer-grounded evidence
classification, iterative constraint enforcement, and
self-consistency voting can achieve competitive
performance on grounded EHR question answer-
ing. These results demonstrate that the answer-
first paradigm improved both evidence selection

accuracy and output compliance compared to di-
rect classification baselines. Iterative correction
resolved all remaining constraint violations in our
experiments. At the same time, our linguistic anal-
ysis reveals that even configurations that perform
competitively on automatic metrics produce text
that is measurably harder to read and stylistically
less similar to clinician-authored answers than word
count and sentence count alone would suggest.

4.2. Evidence Identification (Subtask 2)

The ensemble submission ranked third on evidence
identification (Strict Micro F1 62.90), gaining ap-
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Feature Clinician 3-Step 2-Step
Linguistic distance – 0.381 0.519
Dev Overall (ST3) – 34.09 32.21
Word count 73.5 73.4 72.7
Sentence count 4.75 4.65 4.45
Avg sentence length 17.98 19.17 19.88
Flesch-Kincaid grade 10.72 12.52 13.87
Passive voice ratio 0.39 0.29 0.24
“the patient” count 1.55 0.95 1.10
Total hedging 0.50 0.45 0.40
Temporal connectives 0.35 0.60 0.80

Table 4: Linguistic distance and selected features
for the Two-Step (submitted) and Three-Step (post-
deadline) configurations. ST3 = Subtask 3.

proximately 3 F1 points over the best single-run
submission (59.69). These gains support the cen-
tral hypothesis that evidence classification is easier
after generating a candidate answer than before:
the model’s own prior generation provides an ex-
plicit context for judging which sentences were re-
lied upon, reducing the difficulty of the minimal-set
determination.

The test F1 of 62.90 places our system within a
competitive range. Our best submission achieved
higher recall than precision (P = 59.30, R = 66.96),
consistent with the observation that under-retrieval
is more costly than over-retrieval in this task.

The configuration sweep suggested that pipeline
method had a larger effect on F1 than model ver-
sion alone. However, reasoning effort and candi-
date count (k) varied across runs, preventing clean
isolation of individual factor contributions. Ensem-
ble diversity, spanning both model versions and
multiple k settings, was the primary driver of the
test-set gain over single-run baselines.

4.3. Answer Generation (Subtask 3)
The Subtask 3 submission achieved an overall
score of 31.90. Interpreting this result requires
caution because the official overall score aggre-
gates nine heterogeneous metrics (lexical over-
lap, semantic similarity, medical concept coverage,
and simplification quality) that may partially con-
flict. SARI was the highest-scoring individual metric
(57.24), reflecting simplification quality relative to
the clinical note source.

The linguistic analysis in Section 3 reveals an
important gap between metric performance and
stylistic register. Although the submitted configura-
tion eliminated statistically significant word count
and sentence count divergences from the clinician
reference, 8 of 45 linguistic features remained sig-
nificantly different after Benjamini-Hochberg cor-
rection. Model outputs were consistently harder to
read (Flesch-Kincaid grade 3.2 points higher), used
longer individual words (6.12 versus 5.39 charac-

ters), and contained fewer function words (34.2%
versus 40.9%). These properties reflect a tendency
toward technical, noun-heavy prose that may be
less accessible to lay readers despite matching the
reference on length. Whether this stylistic diver-
gence matters for clinical utility cannot be deter-
mined from automatic metrics alone and requires
human or clinical evaluation.

4.4. Answer-Evidence Alignment
(Subtask 4)

Self-consistency voting with N = 5 samples per
case and a fixed threshold of t = 3 achieved test F1
79.81 on Subtask 4. The vote-count decomposition
on the development set showed a clear monotonic
relationship between vote count and precision (ap-
proximately 80 to 90% at t = 5, approximately 55
to 70% at t = 3, approximately 15 to 20% at t = 1),
motivating the threshold choice. Lowering t from
4 to 3 recovered 4.2 percentage points of recall
(72.1% to 76.3%) while reducing precision by 2.4
points (86.0% to 83.6%), yielding a net F1 gain of
1.34 points.

The full leaderboard pattern for Subtask 4 indi-
cates that all five participating teams were precision-
heavy (P = 82 to 88, R = 71 to 78), and the spread
in recall largely determined the ranking. This pat-
tern suggests that recall is the primary differentia-
tor in the answer-evidence alignment task. The
development-to-test drop (F1 86.0 to F1 79.8) re-
flects the larger and more diverse test set: 127 of
the 147 test cases came from the 2025 challenge
dataset.

5. Conclusion

We described the UIC-AIHealth4All system for
ArchEHR-QA 2026, which participated in three sub-
tasks of grounded question answering from elec-
tronic health records. Our primary contributions are
an answer-first evidence classification pipeline for
Subtasks 2 and 3, an iterative constraint enforce-
ment loop that achieved full output compliance in
our experiments, and self-consistency voting for
Subtask 4 alignment.

The answer-first pipeline enabled an ensemble
that ranked third on evidence identification (Strict
Micro F1 62.90). The iterative correction loop
achieved 100% constraint compliance on both the
development and test sets within five attempts,
demonstrating robustness to the distribution shift
introduced by longer and more diverse test notes.
Self-consistency voting with a fixed threshold of
t = 3 ranked fifth on answer-evidence alignment
(F1 79.81), with vote count providing a reliable
proxy for link precision.
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The linguistic analysis reveals a persistent stylis-
tic gap between model outputs and clinician-
authored answers that is not captured by the official
evaluation metrics. Despite prompt engineering
that successfully matched clinician word count and
sentence count, model outputs remained substan-
tially harder to read, used longer and less functional
vocabulary, and showed fewer pronouns and pas-
sive constructions than the clinician reference. The
post-deadline three-step rewrite pipeline narrowed
this gap (linguistic distance 0.381 versus 0.519
for the submitted two-step pipeline) at a 9.5-fold la-
tency cost. This result suggests that readability and
stylistic register are separable from factual accu-
racy and that decomposed prompting can address
them, but at a computational cost that may not be
acceptable in production systems.

Future work should include human and clinical
evaluation to determine whether the residual stylis-
tic divergences affect patient understanding or clin-
ical utility. Applying the answer-first paradigm to
other grounded retrieval tasks outside the clinical
domain would test the generality of the core hypoth-
esis. Developing efficient alternatives to multi-stage
decomposition that reduce the latency cost of regis-
ter correction remains an open problem. Finally, ex-
tending the self-consistency voting approach to ev-
idence classification and answer generation—not
only alignment—may further improve recall without
sacrificing the precision gains achievable through
threshold tuning.

6. Limitations

We conducted no human or clinical evaluation. Au-
tomatic metrics may not capture dimensions of an-
swer quality most relevant to patients or clinicians,
such as appropriateness, emotional tone, or clinical
accuracy.

The multi-stage pipeline requires at least three
sequential API calls per case. The three-step
rewrite variant increases latency by a factor of 9.5,
which may preclude deployment in time-sensitive
clinical settings.

All experiments used a single dataset (ArchEHR-
QA 2026) derived from the MIMIC-III and MIMIC-IV
databases. Performance may not generalize to
other EHR systems, note types, clinical specialties,
or patient populations.

The system depends on proprietary models
(GPT-5.1 and GPT-5.2 through Azure OpenAI). Re-
sults may not transfer to open-weight models, and
API behavior may change across versions without
notice.

The linguistic analysis was conducted on 20
development cases, limiting statistical power for
features with small effect sizes. Results for the
strongest divergences (readability metrics, d > 0.9)

are robust, but findings for features near the signifi-
cance threshold should be interpreted with caution.

7. Ethical Considerations

All clinical notes were accessed through creden-
tialed PhysioNet accounts under a signed data use
agreement.1 We developed the system using Azure
OpenAI Services under a university account with
a Business Associate Agreement (BAA). We ap-
plied for and received modified abuse monitoring,
which disables human review of prompts and com-
pletions by the API provider. No protected health
information was used during prompt development
or tuning.
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A. Correction Effectiveness

Dev (n = 701) Test (n = 470)
After attempt 1 85.9% 64.3%
After attempt 2 90.9% 72.8%
After attempt 3 96.1% 86.2%
After attempt 4 98.1% 91.1%
After attempt 5 99.4% 98.1%
Final 100.0% 100.0%

Table 5: Cumulative constraint compliance by cor-
rection attempt across 35 development and 10 test
experiments.

B. Linguistic Feature Analysis
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Feature Clinician Model d padj
Function word % 40.9% 34.2% 1.26 <0.001 ***
Average word length 5.39 6.12 -1.21 <0.001 ***
Coleman-Liau grade 12.8 16.9 -1.12 <0.001 ***
Flesch Reading Ease 46.7 25.6 1.11 <0.001 ***
Flesch-Kincaid grade 10.7 13.9 -0.93 0.005 **
Hapax ratio 0.599 0.670 -0.77 0.022 *
Adjective rate 8.2% 10.7% -0.75 0.018 *
Hapax count 44.0 48.7 -0.72 0.031 *
Pronoun rate 6.3% 3.4% 0.69 0.080 ns
Type-token ratio 0.756 0.791 -0.60 0.085 ns
Temporal connectives 0.35 0.80 -0.59 0.085 ns
Noun rate 31.0% 34.6% -0.56 0.080 ns
Passive voice ratio 0.39 0.24 0.55 0.085 ns
MTLD 87.0 100.8 -0.54 0.085 ns
Third-person pronouns 3.45 1.85 0.53 0.085 ns
Causal connectives 0.90 0.35 0.52 0.100 ns
Medical abbreviations 0.95 1.65 -0.51 0.087 ns
Unique word count 55.5 57.5 -0.49 0.103 ns
First-person pronouns 0.15 0.00 0.41 n/a n/a
Avg sentence length (words) 17.98 19.88 -0.38 0.142 ns
Sentence length SD 6.52 5.14 0.37 0.255 ns
Word count 73.5 72.7 0.36 0.159 ns
Budget utilization 0.980 0.969 0.36 0.142 ns
Sentence opener diversity 0.973 1.00 -0.31 n/a n/a
“the patient” count 1.55 1.10 0.31 0.344 ns
Sentence count 4.75 4.45 0.26 0.496 ns
Adposition ratio 10.9% 10.1% 0.25 0.576 ns
Determiner ratio 8.5% 7.7% 0.23 0.618 ns
Certainty markers 0.60 0.45 0.20 0.726 ns
Adverb rate 2.4% 2.9% -0.19 0.576 ns
Subjectivity 0.380 0.426 -0.17 0.952 ns
Epistemic hedging 0.45 0.35 0.13 0.952 ns
Sentiment polarity 0.028 0.017 0.12 0.576 ns
Warning expressions 0.85 1.10 -0.12 0.969 ns
Total hedging 0.50 0.40 0.11 0.952 ns
Contrastive connectives 0.20 0.25 -0.10 1.0 ns
Verb rate 13.7% 13.5% 0.04 0.969 ns
Total connectives 1.45 1.40 0.03 0.867 ns
Average parse depth 5.30 5.32 -0.01 1.0 ns
Hedge-certainty ratio 0.458 0.458 0.00 0.969 ns
Reassurance expressions 0.60 0.60 0.00 1.0 ns
Evidential hedging 0.05 0.05 0.00 n/a n/a
Meta-referential exprs 0.00 0.00 0.00 n/a n/a
Non-ASCII characters 0.00 0.00 0.00 n/a n/a
Second-person pronouns 0.00 0.00 0.00 n/a n/a

Table 6: All 45 linguistic features for the submitted configuration versus the clinician reference, sorted
by Cohen’s d magnitude. padj: Benjamini-Hochberg adjusted p-values (Wilcoxon signed-rank test).
Significance: *** padj < 0.001, ** padj < 0.01, * padj < 0.05, ns = not significant, n/a = test not applicable.
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Abstract
We present the system developed by team tt501 for the ArchEHR-QA 2026 shared task, participating in three
subtasks: Evidence Identification (Subtask 2), Answer Generation (Subtask 3), and Evidence Alignment (Subtask 4).
All approaches rely exclusively on prompt engineering with reasoning-capable large language models from xAI
(grok-4-fast-reasoning and grok-4-1-fast-reasoning) via API, requiring no task-specific fine-tuning.
For Subtask 2, we propose a two-stage hybrid pipeline combining BM25 keyword retrieval with full-context
Chain-of-Thought prompting and a secondary LLM refinement step, achieving a best Strict Micro-F1 of 58.84. For
Subtask 3, we implement a retrieval-augmented generation (RAG) approach that chains predicted evidence from
Subtask 2 with few-shot prompting to produce grounded 75-word clinical answers, reaching an overall score of 31.36.
For Subtask 4, we develop a recall-optimised few-shot prompting strategy with reasoning annotations embedded in
exemplars, enabling the model to correctly identify many-to-many evidence–answer alignments and achieving a best
Micro-F1 of 79.11. Our results demonstrate that carefully engineered prompts with reasoning-capable LLMs can
achieve competitive performance on fine-grained clinical evidence tasks without any task-specific training.

Keywords: clinical NLP, EHR question answering, evidence identification, retrieval-augmented generation,
few-shot prompting, evidence alignment

1. Introduction

Responding to patient-generated messages
through electronic health record (EHR) portals
places a growing burden on clinical staff (Sinsky
et al., 2016). A system capable of automatically
answering such questions must do more than
produce a fluent response: it must locate the
relevant clinical evidence within the patient’s
own notes and present an answer that is directly
grounded in that evidence. This requirement
makes the problem inherently multi-step, touching
on information retrieval, faithful text generation,
and fine-grained citation.

The ArchEHR-QA 2026 shared task (Soni and
Demner-Fushman, 2026b) decomposes this chal-
lenge into four subtasks, extending the 2025 edition
that attracted 29 participating teams (Soni et al.,
2025). We submitted systems for three of the four
subtasks, forming a natural end-to-end pipeline.
Subtask 2 asks systems to select the minimal set
of note sentences that provide clinical evidence for
a given patient question. Subtask 3 uses that ev-
idence to generate a concise, grounded answer.
Subtask 4 then requires attributing each sentence
in the answer back to the supporting note sen-
tences, producing an explicit citation structure.

Our approach is deliberately lightweight: all
three subtasks are addressed through prompt
engineering alone, using the grok-4-1-fast-
reasoning model (xAI, 2025) via the xAI API,

without any fine-tuning or supplementary training
data. The central question we investigate is how
much can be achieved through careful prompt de-
sign when the underlying model already has strong
reasoning capabilities. This paper describes our
system and discusses what worked and why across
each subtask.

2. Task and Data

The ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026a) consists of 167 patient cases
derived from the MIMIC database (Johnson et al.,
2016). Each case includes a patient-authored
question, a clinician-interpreted reformulation of
that question (at most 15 words), a clinical note
excerpt with sentence-level relevance labels (es-
sential, supplementary, or not-relevant), a refer-
ence clinician-authored answer, and gold evidence–
answer alignment annotations. The dataset is di-
vided into a development set (cases 1–20) and two
test splits (cases 21–120 and 121–167).

The shared task defines four subtasks. We par-
ticipate in the three that form a coherent retrieval-
generation-attribution pipeline and do not submit
to Subtask 1 (question interpretation). The three
subtasks addressed in this work are:

Subtask 2 (Evidence Identification) Given the
note and the patient question, systems must pre-
dict the minimal set of note sentences sufficient to
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answer the question. Performance is measured by
Precision, Recall, and F1 over predicted sentence-
ID sets under two variants: Strict (essential sen-
tences only) and Lenient (essential and supple-
mentary sentences combined). The official test
split covers 47 cases (IDs 121–167).

Subtask 3 (Answer Generation) Using the iden-
tified evidence, systems must generate a response
of at most 75 words that is directly grounded in
the note. Answers are evaluated against refer-
ence clinician responses using BLEU (Papineni
et al., 2002), ROUGE-L (Lin, 2004), SARI (Xu et al.,
2016), BERTScore (Zhang et al., 2020), AlignScore
(Zha et al., 2023), and MEDCON (Ben Abacha
et al., 2023); the overall score is the arithmetic
mean of all six. The evaluation covers the same 47
cases as Subtask 2.

Subtask 4 (Evidence Alignment) Given a gen-
erated answer and the associated note, systems
must align each answer sentence to the note sen-
tence(s) from which it derives, producing a many-
to-many mapping. Performance is measured by
Micro and Macro Precision, Recall, and F1 over pre-
dicted sentence-pair links. The evaluation covers
147 cases (IDs 21–167).

3. System Description

All three subtasks use the xAI API with tem-
perature set to 0 for deterministic outputs and
JSON-structured responses parsed with regex fall-
backs for robustness.1 Two model versions were
used: grok-4-fast-reasoning for earlier runs
and grok-4-1-fast-reasoning (xAI, 2025)
for subsequent runs, both reasoning-capable large
language models from xAI. For each subtask we
submitted two runs, designed so that the second
run directly addresses a known limitation of the
first. All scripts and prompt templates are publicly
available at
urlhttps://github.com/taitran501/tt501-archehr-qa-
2026.

3.1. Subtask 2: Evidence Identification
Selecting the right evidence sentences requires bal-
ancing recall against precision: missing a relevant

1The xAI API returns JSON reliably at temperature 0;
regex fallback was triggered in fewer than 3% of re-
sponses, exclusively due to occasional leading/trailing
whitespace or markdown code-fence artefacts wrapping
an otherwise valid JSON object. The fallback strips these
wrappers and re-parses; if parsing still fails the case is
logged and excluded rather than silently producing incor-
rect output.

sentence is just as harmful as including an irrele-
vant one. We explored two strategies that differ
primarily in how much of the note is exposed to the
language model.

Run 1: Hybrid BM25 and LLM Reranker (hy-
brid-bm25-llm). The first run uses BM25 (Robert-
son and Zaragoza, 2009) as a first-stage retriever,
selecting the top-20 candidate sentences per case
using the clinician-interpreted question as the query.
These candidates are then passed to grok-4-
fast-reasoning in a single API call with a
precision-focused prompt that instructs the model
to return only the sentence IDs that directly and
sufficiently answer the question. This approach is
computationally efficient, processing 47 cases in
approximately three minutes, but it inherits BM25’s
sensitivity to vocabulary mismatch: evidence ex-
pressed in clinical terminology that does not appear
verbatim in the question can be filtered out before
the LLM ever sees it.

Run 2: Full-Context Chain-of-Thought Ensem-
ble with Refinement (ensemble-refine-v1). The
second run presents the complete note excerpt
to the LLM, removing the first-stage filter entirely.
The prompt is oriented toward recall, instructing the
model to trace the full clinical narrative (problem,
intervention, complication, and resolution) and to
include all causally relevant sentences. Two an-
notated development examples serve as few-shot
demonstrations. A secondary LLM call then re-
views the initial selection, filtering out noise and
resolving cases where patient phrasing and clini-
cal documentation use different terminology for the
same concept.

3.2. Subtask 3: Answer Generation
Subtask 3 requires generating a professional,
grounded answer of at most 75 words, without in-
troducing clinical claims that are not supported by
the note.

Run 1: Zero-Shot Full-Note Generation (ze-
ro-shot-v1). The first run feeds the entire note ex-
cerpt to grok-4-fast-reasoning without any
pre-selected evidence or few-shot examples. The
system prompt specifies the 75-word limit, the re-
quirement for a professional medical register, and
strict grounding to the note. Output is requested
as a JSON object with an answer field to prevent
formatting artefacts.

Run 2: Retrieval-Augmented Generation with
Few-Shot Examples (rag-fewshot-v1). The sec-
ond run implements a retrieval-augmented genera-
tion pipeline that chains directly from the Subtask 2
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output. The sentences predicted as evidence by
ensemble-refine-v1 are resolved to their text and
presented as a structured block, reducing the input
to only the sentences considered relevant. Three
gold-annotated development cases are included as
few-shot demonstrations, each pairing the patient
question, the evidence sentences, and the refer-
ence clinician answer. This design encourages the
model to produce responses that are lexically and
semantically close to how a clinician would write,
and the reduced context appears to help calibrate
response length.

3.3. Subtask 4: Evidence Alignment
Evidence alignment requires mapping each answer
sentence to the note sentence(s) from which it was
derived. The task is many-to-many: a single an-
swer sentence may synthesise information from
several parts of the note, and under-citing is a com-
mon failure mode when a prompt only rewards iden-
tifying the most lexically similar match.

Run 1: Basic Few-Shot Alignment
(grok-4-1-reasoning-fewshot-v1). The first run
supplies the clinician-interpreted question, the note
excerpt, and the answer sentences to the model.
A few-shot prompt with development examples
illustrates the expected JSON output format
consisting of {answer_id, evidence_id}
objects. This provides a clean baseline for how
much the model can align without explicit guidance
on how to reason about citations.

Run 2: Recall-Optimised Few-Shot with Reason-
ing Annotations (few-shot-reasoning-v2). The
second run introduces two changes over Run 1.
First, the patient-authored question is added along-
side the clinician question, because the patient’s
own wording often mirrors the lay language used
in the answer and can serve as a bridge to clin-
ical terminology in the note. Second, and more
importantly, each of the four few-shot examples is
augmented with explicit reasoning: for each cita-
tion link, the prompt explains in plain language why
that note sentence supports that answer sentence.
This teaches the model the rationale for citing, not
only the format. The system prompt also includes
an explicit instruction that answer sentences fre-
quently synthesise information from multiple note
sentences, counteracting the natural tendency to
select only the most lexically similar source.

4. Results and Analysis

Tables 1–3 summarise official test-set scores for
each submitted run. Run 1 of Subtasks 2 and 3
uses grok-4-fast-reasoning; all other runs

Run Strict Lenient
P R F1 P R F1

hybrid-bm25-llm 50.1 56.0 52.9 66.7 56.0 60.9
ensemble-refine-v1 56.0 61.9 58.8 74.9 61.9 67.8

Table 1: Subtask 2 test results (IDs 121–167, n=47).
Micro Precision (P), Recall (R), F1 (%).

Run BLEU R-L SARI BERT MED ALN Ovrl
zero-shot-v1 3.0 19.0 53.5 36.8 36.6 19.4 28.1
rag-fewshot-v1 6.2 24.0 58.3 41.4 35.9 22.4 31.4

Table 2: Subtask 3 test results (n=47). All
scores in %. BERT=BERTScore, MED=MEDCON,
ALN=AlignScore, Ovrl=overall (mean of all six).

use grok-4-1-fast-reasoning. All experi-
ments run with temperature 0 and no external re-
sources beyond the shared-task data.

4.1. Subtask 2: Evidence Identification
The Subtask 2 results highlight the value of expos-
ing the model to the full clinical note rather than
a BM25-filtered subset. With complete context
and a Chain-of-Thought prompt, the ensemble run
(Run 2) achieves a Strict Micro-F1 of 58.8 and a
Lenient F1 of 67.8 (Table 1), indicating that the
model can reliably identify sentences that carry the
core clinical evidence. Its Strict recall of 61.9 sug-
gests that many relevant sentences are recovered
even when they are only indirectly related to the
surface wording of the question, a setting in which
lexical retrieval alone is brittle. The consistent gap
between Lenient and Strict F1 across runs further
points to the presence of sentences that provide
background or clarifying information: they are not
strictly necessary for correctness, but they enrich
the clinical story presented to the patient.

We note that the two runs also differ in
model version: Run 1 uses grok-4-fast-
reasoning, whereas Run 2 uses grok-4-1-
fast-reasoning. The observed improvement
in Strict F1 from 52.9 to 58.8 therefore reflects the
combined effect of the switch to full-context prompt-
ing and the newer model version, and cannot be
attributed exclusively to prompt design. Isolating
the contribution of each factor would require rerun-
ning both prompts under the same model version,
which we leave for future work.

4.2. Subtask 3: Answer Generation
In Subtask 3, the contrast between the two runs
reflects the benefit of separating retrieval from gen-
eration and showing the model concrete clinical
examples. When the model receives only the full
note and a zero-shot prompt, it must jointly decide
which parts of the note matter and how to phrase
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Run Micro Macro
P R F1 P R F1

fewshot-v1 85.1 72.5 78.3 86.4 75.6 78.5
fewshot-v2 78.2 80.1 79.1 80.0 82.6 79.7

Table 3: Subtask 4 test results (IDs 21–167, n=147).
Precision (P), Recall (R), F1 (%). fewshot-v1: basic
few-shot, clinician question only. fewshot-v2: recall-
optimised, reasoning annotations, patient+clinician
question.

the answer. Conditioning instead on sentences al-
ready identified as evidence, together with three
few-shot demonstrations, leads to answers that
better align with the reference along lexical, seman-
tic, and factual dimensions: the RAG few-shot run
(Run 2) attains an overall score of 31.4 compared
with 28.1 for the zero-shot baseline, with consis-
tent improvements across BLEU, ROUGE-L, SARI,
BERTScore, MEDCON, and AlignScore (Table 2).
The behaviour around the 75-word constraint rein-
forces this picture: 16 zero-shot predictions require
truncation, whereas only a single RAG prediction
does so, suggesting that the demonstrations also
help the model internalise an appropriate answer
length and professional register.

As with Subtask 2, the two runs differ in model
version: Run 1 uses grok-4-fast-reasoning
and Run 2 uses grok-4-1-fast-reasoning.
Consequently, the gain in overall score from 28.1
to 31.4 reflects both the switch to a RAG pipeline
with few-shot examples and the use of an updated
model, and neither factor can be fully isolated from
the other.

4.3. Subtask 4: Evidence Alignment
For evidence alignment (Table 3), the recall-
optimised prompt with reasoning annotations en-
courages the model to treat citation as a genuinely
many-to-many mapping rather than a one-to-one
matching problem. The corresponding run (Run 2)
reaches a Micro-F1 of 79.1, with recall of 80.1 and
precision of 78.2, while the basic few-shot base-
line (Run 1) attains a Micro-F1 of 78.3 with recall
and precision of 72.5 and 85.1. This pattern is con-
sistent with the prompt’s instruction to cite all sen-
tences that contribute to a claim: some precision
is traded for recall, but the overall balance better
reflects the evaluation protocol, which penalises
both missing and spurious links. The reasoning
annotations in the exemplars make this behaviour
concrete by spelling out how each citation connects
an answer span to specific parts of the note, and
the model appears to emulate this strategy at test
time. Adding the patient-authored question to the
context further helps bridge lay phrasing in the an-
swer and clinical terminology in the note, making

it easier for the model to recognise when multiple
note sentences jointly support a single statement.

4.4. Qualitative Error Analysis
To clarify where each approach succeeds and re-
mains fragile, we examine representative failure
cases drawn from the development set.

Subtask 2: vocabulary mismatch in BM25 re-
trieval. The hybrid run (Run 1) uses BM25 with
the clinician question as query, filtering the note
excerpt to a top-20 candidate set before the LLM
sees any evidence. In Case 4 (cardiac catheteri-
sation), the clinician question asks “Why was car-
diac catheterization recommended?” One gold-
essential sentence reads: “Last echo showed LVEF
= 25%”, the key clinical finding that motivated the
procedure, but the abbreviations LVEF and echo do
not appear in the question. BM25 assigns it a low
retrieval score, and the sentence is below the top-
20 cut-off, so the LLM reranker never sees it. The
ensemble run (Run 2) presents the full note, and the
CoT prompt’s instruction to trace the complete clini-
cal narrative (“What led to this decision?”) correctly
recovers the sentence. This pattern (essential con-
text buried in clinical abbreviations not shared with
the patient-facing question) recurs across cardio-
vascular and ICU cases and accounts for a sub-
stantial fraction of Run 1’s false negatives.

Subtask 3: incomplete grounding in zero-shot
generation. The zero-shot run (Run 1) is prone to
generating answers that cover only the first relevant
thread in the evidence, ignoring subsequent instruc-
tions or alternative findings. In Case 3 (traumatic
brain injury discharge instructions), the gold answer
spans five sentences: expected symptoms (drowsi-
ness, headaches, dizziness, irritability, memory
loss), a prognosis note (symptom decrease over
weeks), a follow-up instruction (TBI specialist re-
ferral), a general recovery reminder, and a list of
warning signs requiring urgent re-contact (visual
changes, unilateral weakness, speech difficulty).
Run 1 produced a single sentence: “Symptoms
such as irritability and headaches are normal af-
ter a traumatic brain injury and should decrease
over the next several weeks” – correct but radically
incomplete. The RAG few-shot run (Run 2) miti-
gates this by conditioning on pre-selected evidence
sentences and providing three complete reference
answers as exemplars, which anchor the model’s
expected output length and content breadth.

Subtask 4: under-citation of synthesised an-
swer sentences. The basic few-shot baseline
(Run 1) confidently assigns a single note sentence
to each answer sentence, producing high precision
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(85.1) at the cost of recall (72.5). In Case 5 (mus-
culoskeletal chest pain), the first answer sentence
“The chest pain was musculoskeletal, not overdose
or cardiac related” is a conclusion synthesised from
four separate note sentences: the musculoskeletal
exam finding, the normal EKG, the negative cardiac
enzymes, and the normal transthoracic echocardio-
gram. Run 1 cites only the exam finding sentence
([9]). The recall-optimised run (Run 2) includes
reasoning annotations in its exemplars that explic-
itly model this synthesis pattern (e.g., “Answer men-
tions no cardiac causes: cite EKG sentence [10],
enzyme sentence [18], and echo sentence [19]”),
teaching the model that a conclusory answer sen-
tence can require multi-source support, and thereby
recovering the missing citations.

4.5. Inference Cost and Latency
Both grok-4-fast-reasoning and grok-4-1-
fast-reasoning share the same pricing tier on
the xAI API: $0.20 per million input tokens and
$0.50 per million output tokens (reasoning tokens
billed at the output rate). Submitting via the Batch
API reduces all token costs by 50% relative to syn-
chronous calls.

Table 4 summarises the API usage pattern for
each submitted run. Subtask 2 Run 1 processes all
47 cases via synchronous API calls with a BM25
pre-filter, completing in approximately three min-
utes. All other runs use the xAI async Batch API,
submitting all cases in a single batch job and polling
for results, benefiting from the 50% batch discount.
Batch jobs for the 47-case Subtasks 2–3 sets typ-
ically completed within approximately 10 minutes.
The 147-case Subtask 4 batches required approx-
imately 15 minutes, reflecting the larger per-case
input context. Input contexts for the full-context
runs (Subtask 2 Run 2 and both Subtask 3 runs)
are substantially larger than those of the BM25-
filtered run because the entire note excerpt rather
than a top-20 candidate subset is provided to the
model.

Despite the reasoning model overhead and the
full-context prompts, the combined cost of each
individual run remained below $0.20 USD, and the
total spend across all six test-set runs was under
$1.00. This demonstrates that prompt-engineering
approaches on small shared-task datasets are vi-
able even on a personal API budget.

5. Conclusion

This paper described a prompt-only system for
three subtasks of the ArchEHR-QA 2026 shared
task. Working entirely through prompt engineer-
ing on a single reasoning-capable language model,
without any task-specific fine-tuning, we found that

Subtask Run Cases API Mode Time Cost
2 hybrid-bm25-llm 47 Synchronous ∼3 min <$0.20
2 ensemble-refine-v1 47 Async Batch ∼10 min <$0.20
3 zero-shot-v1 47 Async Batch ∼10 min <$0.20
3 rag-fewshot-v1 47 Async Batch ∼10 min <$0.20
4 fewshot-v1 147 Async Batch ∼15 min <$0.20
4 fewshot-v2 147 Async Batch ∼15 min <$0.20

Table 4: Inference cost and latency per run on the
official test sets. Wall-clock time is approximate
and subject to xAI server load. Cost is based on
the xAI pricing at competition time: $0.20/$0.50
per million input/output tokens (standard); Batch
API runs benefit from a 50% discount. Total spend
across all six runs was under $1.00.

the design of the prompt itself has a substantial
effect on performance in each subtask.

For evidence identification, the key insight is
that restricting the model’s input to BM25-selected
candidates limits recall in ways that cannot be re-
covered by downstream reranking. Allowing the
model to read the full note and reason over the
complete clinical narrative is more effective, even
at a higher inference cost. For answer generation,
few-shot demonstrations drawn from annotated de-
velopment cases help the model adopt the register
and length expected by clinical evaluators, and cou-
pling generation with retrieved evidence produces
answers that are more faithful to the source note.
For evidence alignment, the most impactful change
was adding explicit reasoning to the few-shot exem-
plars: rather than showing the model what correct
citations look like, explaining why each citation is
correct guides the model to reason about multi-
source attribution rather than defaulting to surface
lexical similarity.

Taken together, these results support the broader
observation that reasoning-capable language mod-
els can be effective on structured clinical NLP tasks
when prompts are designed to make the reasoning
process explicit, rather than leaving the model to
infer it from output examples alone. Future work
will examine joint optimisation across the subtask
pipeline, self-consistency strategies for evidence
identification, and principled methods for selecting
few-shot demonstrations.

6. Limitations

Reproducibility. All results depend on the
grok-4-1-fast-reasoning and grok-4-
fast-reasoning APIs provided by xAI. Model
outputs may change as providers update or depre-
cate model versions, reducing exact reproducibility
over time. Temperature is set to 0 throughout to
mitigate non-determinism, but API-level changes
remain outside our control.
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Model version confound. Run 1 of Subtasks 2
and 3 uses grok-4-fast-reasoning, whereas
all other runs use grok-4-1-fast-reasoning.
The observed improvements in Subtask 2 (Strict F1:
52.9→ 58.8) and Subtask 3 (overall: 28.1→ 31.4)
therefore reflect the combined effect of prompt
and pipeline changes and a model version up-
grade; the contribution of each factor cannot be
fully isolated without rerunning all configurations
under the same model, which we leave for fu-
ture work. The mixed versioning was intentional:
grok-4-fast-reasoning was the model avail-
able when Subtasks 2 and 3 development began.
As experimentation progressed it was superseded
by grok-4-1-fast-reasoning, which xAI posi-
tioned as the recommended reasoning successor;
Subtask 4 was designed from the outset to use
grok-4-1-fast-reasoning for both runs, so
performance differences there reflect only prompt
and pipeline changes. As of March 2026, grok-4-
fast-reasoning is no longer listed on the active
xAI models page; researchers replicating this work
should use grok-4-1-fast-reasoning or its
current successor.

Error propagation in the RAG pipeline. Sub-
task 3 results are conditioned on Subtask 2 pre-
dictions. Errors in evidence identification directly
degrade the quality of generated answers. An anal-
ysis of cases where evidence sets were incomplete
or incorrect is left for future work.

No human evaluation. Our system is assessed
solely through automatic metrics. For clinical ap-
plications, human evaluation by domain experts
would be necessary to verify factual accuracy, ap-
propriate professional register, and patient safety.
This limitation is particularly consequential for Sub-
task 3, where the generated answer is presented
directly to a patient. Automatic metrics such as
BLEU, ROUGE-L, and BERTScore measure lexi-
cal and semantic overlap with a reference answer
but cannot detect clinically unsafe content, for ex-
ample an omitted contraindication, a misattributed
finding, or phrasing that could be misinterpreted in
a self-care context. Human review by a clinician
expert would be required before any such system
could be considered for deployment in a patient-
facing setting.

Dataset size. The ArchEHR-QA 2026 test set
contains 47 cases for Subtasks 2–3 and 147 cases
for Subtask 4. Score differences of <1 point should
be interpreted with caution given the limited sample
sizes.

7. Ethical Considerations

The ArchEHR-QA dataset is a de-identified deriva-
tive of the MIMIC database (Johnson et al., 2016),
distributed by the shared-task organisers for com-
petition use. All clinical data were de-identified prior
to inclusion in the released corpus; no fields that
could re-identify individuals are present.

During experimentation, this data was submitted
to the xAI API under an individual account. We note
that the xAI consumer Terms of Service permit use
of inputs for model improvement by default, and
the PhysioNet Data Use Agreement recommends
verifying zero-retention guarantees before transmit-
ting MIMIC-derived data to any third-party service.
We acknowledge this as an unresolved compliance
concern. Researchers replicating this work are
strongly advised to use an enterprise API agree-
ment with explicit zero-retention and no-training
guarantees, or a locally hosted model, and to inde-
pendently verify alignment with the PhysioNet DUA
applicable to their own credentials.

This work does not introduce new patient data,
does not perform any re-identification attempts, and
does not deploy the system in a clinical setting. The
system is intended solely for research purposes
and should not be used for clinical decision-making
without further validation.
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A. Prompts and Few-Shot Examples

This appendix provides the exact system prompts,
user prompt templates, and few-shot examples
used for each submitted run. Variable placehold-
ers are shown in {curly_braces}. All runs use
temperature=0 and JSON-structured output.

Subtask 2, Run 1: hybrid-bm25-llm

The BM25 first stage selects the top-20 candidates
using the clinician question as the query. The LLM
reranker then receives the following prompt, where
{clinician_question} is the question text and
the note is limited to the BM25-selected sentences.

System message.

You are a clinical documentation specialist.

User message.

Question: {clinician_question}
Task: Identify all sentences in the Note Ex-
cerpt below that provide evidence answering
this question.
Output Format: Respond ONLY with a JSON
object: {"evidence_ids": ["0", "2",
...]}

Subtask 2, Run 2: ensemble-refine-v1

The full note excerpt is provided to the model. The
prompt is recall-oriented and uses two annotated
development examples as few-shot demonstra-
tions.

System message.

You are a precise medical evidence classifier.
Respond ONLY with valid JSON.

User message template.

You are an expert medical documentation spe-
cialist. Your task is to identify the COMPRE-
HENSIVE set of sentences from the clinical
note that provide EVIDENCE to answer the
clinician’s question.
Instructions:

1. Read the Clinician Question and the
Clinical Note carefully.

2. Select ALL sentences that: (a) provide di-
rect answers, (b) provide necessary con-
text (timeline, initial conditions, reasons
for changes), (c) explain WHY a decision
was made or HOW an outcome occurred,
(d) detail specific values, dates, or test
results relevant to the inquiry.

3. Completeness is critical. It is better to in-
clude a borderline sentence than to miss
it.

4. Capture the full narrative arc: Problem→
Intervention→ Complication→ Resolu-
tion.
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Few-Shot Examples:
Example 1
Question: Why was ERCP recommended
over medication for CBD sludge?
Note: [1] During the ERCP a pancreatic stent
was required. . . [7] As the patient’s INR was
normalized to 1.2, a sphincterotomy was
safely performed, with removal of several
biliary stones. . .
Answer: {"relevant_ids": ["1",
"5", "6", "7"]}

Example 2
Question: Why was the patient given Lasix
and oxygen reduced?
Note: [1] Acute diastolic heart failure: Pt
developed signs and symptoms of volume
overload. . . [6] This undoubtedly contributed
to his continued hypoxemic respiratory failure.
Answer: {"relevant_ids": ["1",
"4", "5", "6"]}

Current Task:
Clinician Question: {question}
Clinical Note:
{note_text}
Analyze step-by-step:

1. Identify the core inquiry.

2. Trace the relevant storyline (chronologi-
cal, cause-and-effect).

3. Select ALL sentence IDs that form the
complete evidence chain.

Output Format: Respond ONLY with valid
JSON: {"relevant_ids": ["1", "3",
"5"]}

Subtask 3, Run 1: zero-shot-v1

The entire note excerpt is provided; no pre-selected
evidence or few-shot examples are used.

System message.

You are a clinical documentation specialist ex-
tracting factual answers from medical notes.
Critical Guidelines:

1. Extract ONLY information explicitly stated
in the note—no speculation, inference, or
hedging.

2. Use professional medical register (“The
patient. . . ”). No empathy phrases.

3. 75 words maximum (strictly enforced).

4. Use past tense for completed medical
events.

5. State facts directly without qualifiers.

User message template.
Patient Question: {patient_question}
Clinician Question: {clinician_question}
Note Excerpt: {full_note_text}
Output Format: Respond ONLY with valid
JSON: {"answer": "Your factual
extraction here (max 60 words)"}

Subtask 3, Run 2: rag-fewshot-v1

Evidence sentences predicted by ensemble-refine-
v1 are resolved to their text and passed instead
of the full note. Three development-set reference
answers serve as few-shot demonstrations.

System message.
You are a professional medical scribe. Your
task is to draft a concise clinical answer to a
clinician’s question, based ONLY on the pro-
vided evidence sentences.
Constraints:

1. Length: Maximum 75 words (≈5 sen-
tences).

2. Tone: Professional, detached, medical
register (“The patient. . . ”). Do NOT use
“You” or conversational language.

3. Grounding: Use ONLY the provided evi-
dence. Do not hallucinate or use external
knowledge.

4. Format: Plain text paragraph. No cita-
tions. No markdown.

User message template (few-shot prefix).
Three examples taken from the development set
are prepended (abbreviated here for space). The
full examples correspond to Cases 4, 1, and 9 from
the ArchEHR-QA 2026 development data.

Example Case:
Question: Why was cardiac catheterization
recommended to the patient?
Evidence:
[selected essential sentences from Case 4]
Answer: The patient was recommended a car-
diac catheterization for worsening heart failure
confirmed by left ventricle ejection fraction of
25% on his echocardiogram. . .
⟨two further examples omitted for brevity⟩
Current Case:
Question: {clinician_question}
Evidence:
{evidence_text}
Answer:

Subtask 4, Run 1: fewshot-v1

Two development-set examples are used. The pa-
tient question is omitted from context. No reasoning
annotations are included in the exemplars.
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System message.

You are an expert clinical evidence aligner.
Your task is to align each answer sentence
with the supporting sentence(s) from the clin-
ical note excerpt. For each answer sentence
(identified by Answer ID), return a JSON ob-
ject containing the Answer ID and an array of
Evidence IDs from the Note Sentences that
support it. If an answer sentence is not sup-
ported by any note sentence, return an empty
array [] for its evidence_id.
Constraints:

1. Return ONLY valid JSON as a list of ob-
jects. Do NOT wrap in Markdown.

2. Format: [{"answer_id": "1",
"evidence_id": ["2","5"]},
...]

3. Avoid over-citing.

4. Alignments are many-to-many.

User message template.

Example Case:
Clinician Question: {clinician_question}
Note Excerpt:
[1]. . . [N]. . .
Answer Sentences:
[Answer 1]. . .
Output: [ {"answer_id":"1", "evi-
dence_id":["2"]}, ...]

⟨second example follows the same pattern⟩

Current Case:
Clinician Question: {clinician_question}
Note Excerpt:
{note_text}
Answer Sentences:
{answer_text}
Output:

Subtask 4, Run 2: fewshot-v2

Four development-set examples (Cases 1, 2, 5, 6)
are used. The patient question is added to context.
Exemplars include reasoning annotations explain-
ing why each note sentence supports the corre-
sponding answer sentence.

System message.

You are an expert clinical evidence aligner spe-
cialised in grounding answer sentences to clin-
ical note excerpts.
Key Alignment Principles:

1. An answer sentence often synthesises
information from MULTIPLE note sen-
tences. When this happens, cite ALL con-
tributing note sentences.

2. A note sentence supports an answer
sentence if it provides specific clinical
facts referenced in the answer—even if
the wording differs (paraphrasing is com-
mon).

3. If an answer sentence is a general conclu-
sion NOT grounded in any specific note
sentence, assign an empty array [].

4. Do NOT over-cite: only cite note sen-
tences whose information is actually ref-
erenced in the answer sentence.

Output Rules:

1. Return ONLY valid JSON. NO Markdown
code fences.

2. Format: [ {"answer_id":"1",
"evidence_id":["2","5"]},
...]

3. Include an entry for EVERY answer sen-
tence in order.

4. Alignments are many-to-many.

User message template (abbreviated few-shot
prefix).

Example Case (ID 1):
Patient Question: . . .
Clinician Question: Why was ERCP recom-
mended. . .
Note Excerpt:
[1]. . . [N]. . .
Answer Sentences:
[Answer 1]. . .
Reasoning:
Answer 1: “ERCP was recommended to place
a CBD stent”→ Note [2] describes ERCP plac-
ing a CBD stent.
. . .
Output: [ {"answer_id":"1", "evi-
dence_id":["2"]}, ...]

⟨Examples for Cases 2, 5, and 6 follow the
same pattern.⟩

Current Case:
Patient Question: {patient_question}
Clinician Question: {clinician_question}
Note Excerpt:
{note_text}
Answer Sentences:
{answer_text}
Output:
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Abstract

Patient portals now give individuals direct access to their electronic health records (EHRs), yet access alone
does not ensure patients understand or act on the complex clinical information contained in these records. The
ArchEHR-QA 2026 shared task addresses this challenge by focusing on grounded question answering over EHRs,
and this paper presents the system developed by the HealthNLP_Retrievers team for this task. The proposed
approach uses a multi-stage cascaded pipeline powered by the Gemini 2.5 Pro large language model to interpret
patient-authored questions and retrieve relevant evidence from lengthy clinical notes. Our architecture comprises
four integrated modules: (1) a few-shot query reformulation unit which summarizes verbose patient queries; (2) a
heuristic-based evidence scorer which ranks clinical sentences to prioritize recall; (3) a grounded response generator
which synthesizes professional-caliber answers restricted strictly to identified evidence; and (4) a high-precision
many-to-many alignment framework which links generated answers to supporting clinical sentences. This cascaded
approach achieved competitive results. Across the individual tracks, the system ranked 1st in question interpretation,
5th in answer generation, 7th in evidence identification, and 9th in answer-evidence alignment. These results show
that integrating large language models within a structured multi-stage pipeline improves grounding, precision, and the
professional quality of patient-oriented health communication. To support reproducibility, our source code is publicly
available in our GitHub repository.

Keywords: Clinical Question Answering, Electronic Health Records, Large Language Models, Clinical NLP,
Evidence Grounding, Cascaded Pipeline.

1. Introduction

Large language models (LLMs) have significantly
advanced consumer health question answering.
Systems such as Med-PaLM 2 achieve expert-level
performance on medical licensing benchmarks
(Singhal et al., 2025). Despite these advances,
general-purpose LLMs often struggle to provide
grounded answers. Grounding refers to the ability
to anchor responses in a specific patient’s medi-
cal history without introducing unjustified clinical
information (Wang et al., 2025). This is a major
limitation in EHRs, demonstrating a clear vocab-
ulary gap. Patient inquiries are often verbose, in-
formal, and emotionally expressive. The clinical
notes remain dense, fragmented, and written in
a specialized technical language (Nie et al., 2014;
Abacha and Demner-Fushman, 2019b). As a result,
translating patient-authored questions into clinically
meaningful information remains a central challenge
for patient-facing health technologies.

The ArchEHR-QA shared task series addresses
the communication gap between patient language
and clinical documentation in both directions. The
task builds on a curated dataset derived from the
MIMIC-III critical care database (Johnson et al.,
2016; Soni and Demner-Fushman, 2026a). Unlike
earlier clinical question answering tasks focused
on extracting facts from large medical corpora (Jin

et al., 2019), ArchEHR-QA requires systems to op-
erate directly on patient-specific EHR excerpts. Par-
ticipating systems must interpret subjective patient
narratives, identify minimal supporting evidence
within complex clinical documentation, and gener-
ate tightly constrained grounded answers (Soni and
Demner-Fushman, 2026b).

The initial 2025 iteration attracted 29 participat-
ing teams submitting 75 systems (Soni et al., 2025).
This participation reflects strong research interest
in evidence-grounded clinical question answering.
The 2026 iteration expands the challenge to four
complementary subtasks: question interpretation,
evidence identification, answer generation, and
answer-evidence alignment. Models such as the
Gemini series demonstrate strong long-context rea-
soning capabilities within clinical text (Team et al.,
2024). Precise alignment between generated an-
swers and sentence-level evidence remains a ma-
jor challenge (Gao et al., 2023). Research increas-
ingly supports multi-stage architectures which de-
compose complex reasoning tasks into structured
intermediate steps instead of relying on single-pass
generation (Ghafoor et al., 2025). Role-based
prompting and few-shot demonstrations further
guide model outputs toward a professional clini-
cal communication style suitable for patient-facing
applications (Singhal et al., 2023; Nori et al., 2023).
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This paper presents the HealthNLP_Retrievers
system, an applied engineering contribution to
the ArchEHR-QA 2026 shared task. The sys-
tem employs a structured multi-stage architec-
ture for grounded clinical question answering over
EHRs. Our primary contributions are three inte-
grated design choices: (1) a persona-driven inter-
pretive query reformulation step that runs upstream
of retrieval; (2) a Likert-scale, recall-biased evi-
dence scoring heuristic with dynamic fallback tiers
to prevent downstream evidence starvation; and
(3) a precision-constrained many-to-many answer-
evidence alignment framework. Moving beyond
standard Retrieval-Augmented Generation (RAG)
paradigms (Lewis et al., 2020), the system deploys
Gemini 2.5 Pro (Comanici et al., 2025) within this
four-stage cascaded pipeline to bridge the seman-
tic divide between patient information needs and
the objective clinical realities documented in EHRs.

2. Related Work

2.1. Clinical Question Answering
Automated clinical QA has evolved from structured
knowledge-base lookups to open-domain systems
capable of reasoning over unstructured text. Early
work on consumer health QA focused on summa-
rizing patient questions to bridge the vocabulary
gap between nonexpert users and medical profes-
sionals (Abacha and Demner-Fushman, 2019b,a).
PubMedQA (Jin et al., 2019) introduced a bench-
mark for biomedical research QA, while more re-
cent efforts have shifted toward patient-specific QA
grounded in EHR data (Soni and Demner-Fushman,
2026a). Unlike general health QA, EHR-grounded
QA demands that answers are explicitly linked to
verifiable clinical evidence, posing unique chal-
lenges in retrieval precision and answer fidelity.

2.2. LLMs for Medical Reasoning
Large language models have rapidly advanced
medical reasoning capabilities. Med-PaLM 2 (Sing-
hal et al., 2025) established expert-level perfor-
mance on US medical licensing examination style
questions, while GPT-4 demonstrated strong diag-
nostic reasoning across diverse clinical scenarios
(Nori et al., 2023). Chain-of-thought (CoT) prompt-
ing (Wei et al., 2022) has proven effective for com-
plex clinical reasoning, enabling models to decom-
pose multistep diagnostic logic. Domain-adapted
models such as BioBERT (Lee et al., 2020) have
shown that pretraining on biomedical corpora signif-
icantly improves performance on clinical NLP tasks.
More recently, the Gemini model family (Team et al.,
2024; Comanici et al., 2025) has demonstrated
strong long-context reasoning suited to processing
full clinical notes.

2.3. Evidence Grounding and RAG

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has emerged as a key paradigm for
grounding LLM outputs in external knowledge, re-
ducing hallucinations (Gao et al., 2023). In clini-
cal settings, iterative RAG frameworks such as i-
MedRAG (Xiong et al., 2024) allow models to refine
queries across multiple retrieval rounds, improv-
ing performance on complex medical questions.
Standard RAG pipelines retrieve information at the
document or passage level, whereas clinical evi-
dence grounding requires sentence-level precision,
a gap our Likert-scale scoring approach directly
addresses.

2.4. Prior ArchEHR-QA Systems

The ArchEHR-QA 2025 shared task (Soni et al.,
2025) revealed several effective design patterns
among the 29 participating teams. LAMAR (Yoad-
sanit et al., 2025) employed clinically aligned few-
shot learning to generate grounded responses from
EHRs, while CUNI (Lanz and Pecina, 2025) in-
vestigated whether smaller, more efficient LLMs
matched the performance of frontier models on clin-
ical QA. These studies collectively demonstrated
that task decomposition and careful prompt en-
gineering often prove more impactful than model
scale alone, an insight that informed our cascaded
pipeline design.

3. Methodology

The proposed HealthNLP_Retrievers system is a
four-stage cascaded pipeline designed to bridge
the semantic gap between subjective patient nar-
ratives and objective clinical documentation. The
system is built using the Gemini 2.5 Pro model
to utilize its extended context window to process
significantly larger clinical notes. Our approach em-
phasizes interpretative grounding, interpreting the
user’s intent ahead of retrieving evidence, and gen-
erates a heavily constrained answer. The complete
architecture and workflow of this cascaded pipeline
are illustrated in Figure 1.

3.1. Few-shot Question Interpretation

Patient-authored questions are frequently charac-
terized by high verbosity and informal phrasing,
which introduce significant noise into downstream
retrieval tasks, while emotional context often pro-
vides important signals about patient concerns and
needs (Abacha and Demner-Fushman, 2019b). To
mitigate retrieval noise while preserving clinically
meaningful context, we implemented a query inter-
pretation module.
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Patient Query
(Verbose/Emotional)

Few-shot Interpretation

Clinician Query
(Max 15 words)

Evidence Scoring
(1-5 Likert & Dynamic Filter)

Filtered Evidence Pool

Grounded Generation
(Soft-Cut Truncation)

Generated Answer
(Max 75 words)

Answer Alignment
(Many-to-many)

Final Aligned Output
(Answer-to-sentence Map)

Full
EHR Note

Figure 1: Workflow of the HealthNLP_Retrievers multi-stage cascaded pipeline.

We employ a clinical administrative assistant
persona to transform raw narratives into concise,
professional queries. The module utilizes a few-
shot prompting strategy, constructing a prompt with
three examples sampled from the training set. The
prompt enforces strict rules including no preambles,
standardized usage of pronouns, and a prohibition
against diagnostic language, following structured
prompting practices used in prior LLM prompting
frameworks. To guarantee compliance with the
shared task constraints, a post-processing step
strictly truncates the generated output to a maxi-
mum of 15 words.

3.2. Heuristic-based Evidence Scoring
Standard boolean retrieval is insufficient for clin-
ical QA, where evidence is scattered across dis-
jointed note segments. We reformulated evidence
identification as a sentence-level scoring task. We
instructed the model to act as a clinical evidence
scorer and assign a relevance score (1–5) to ev-

ery sentence, utilizing few-shot examples built from
gold-standard annotations. Specifically, the model
assigns a score of 5 (critical) to sentences con-
taining direct answers, confirmed diagnoses, or
specific medication outcomes. A score of 4 (high
context) is allocated to sentences qualifying a criti-
cal finding, such as test result context. A score of 3
(relevant) captures background context, admission
dates, or clinical history. Finally, scores of 1 and 2
(irrelevant/weak) are reserved for normal findings,
administrative headers, or unrelated systems.

Dynamic Recall-biased Filtering: To address
the high cost of false negatives in healthcare (Burt
et al., 2017), we implemented a dynamic filtering
mechanism. The system first isolates strict evi-
dence (scores ≥ 4). If no strict evidence is found,
it falls back to a lenient set (scores ≥ 3) to pre-
vent downstream starvation. In the event of an API
blockage or formatting error, the system relies on a
simple fallback: selecting the first three sentences
of the note.
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3.3. Grounded Answer Generation

The generation module drafts a concise, profes-
sional answer capped at 75 words. By prompting
the model with a clinical documentation specialist
persona, we ensured the final output maintained
a strictly objective tone. Specifically, this persona
functions as a zero-shot constraint that restricts the
model to precise medical terminology, eliminates
conversational preambles, and strictly grounds the
output to prevent the inclusion of external medical
knowledge.

Retrieval-Augmented Generation (RAG): The
prompt is constructed with three distinct context
blocks: (1) the clinical interpretation of the patient
question, (2) the explicitly filtered evidence text from
stage 2, and (3) the full clinical note as a secondary
context. We explicitly instruct the model to prioritize
the filtered evidence while the full note serves as a
safety net for resolving implicit references—a de-
liberate "focus-then-expand" design that reduces
hallucinations while preventing under-specification.
This dual-context design is consistent with the of-
ficial task input specification (Soni and Demner-
Fushman, 2026b).

Soft-cut Truncation Heuristic: Given the strict
75-word constraint, we implemented a custom trun-
cation logic. Post-generation, if the text exceeds
the limit, it is hard-cut at 75 words. We prefer to
truncate the text cleanly at the end of a sentence.
The script looks for the last available period, and if
cutting there retains at least 60% of the maximum
length, we accept the shorter version. If not, we en-
force the hard limit and manually append a period
so the output doesn’t look broken.

3.4. Answer-Evidence Alignment

In the final stage, we tackle many-to-many align-
ment between the answers and the source text.
For the official Subtask 4 evaluation (Soni and
Demner-Fushman, 2026b), the system takes pre-
segmented clinician answers and the full clinical
note as inputs. While a real-world deployment
would feed the output of Subtask 3 directly into this
stage, we adhered strictly to the shared-task format
for testing. We prompted the model to link evidence
conservatively, ensuring it only cites sentences that
directly back up the answer without pulling in un-
necessary background details. To demonstrate this
exactness, we embedded a static set of few-shot
examples from the development data. The sys-
tem returns a JSON array that maps every answer
sentence to its corresponding evidence sentence
indices.

3.5. Implementation Details

All experiments were conducted in Python via the
Gemini 2.5 Pro API. For tasks requiring strict JSON
compliance (Subtasks 1, 2, and 4), the API temper-
ature was set to absolute zero to prevent variation.
We slightly increased this to 0.1 for Subtask 3 to
help the generated answers read more naturally.
Additionally, to ensure the model wouldn’t censor
valid clinical terminology, we bypassed the standard
API safety blocks by setting every HarmCategory
to BLOCK_NONE.

3.6. Evaluation Metrics

We evaluated our system using the official metrics
defined by the ArchEHR-QA organizers. For the
generative tasks (Subtasks 1 and 3), performance
was measured using a mix of lexical, semantic, and
clinical scores. Specifically, both subtasks relied
on ROUGELsum (Lin, 2004), BERTScore (Zhang
et al., 2019), AlignScore (Zha et al., 2023), and
MEDCON (Yim et al., 2023) to ensure clinical con-
cepts were preserved accurately. Subtask 3 also
included BLEU (Papineni et al., 2002) and SARI
(Xu et al., 2016) to evaluate how well the model
simplified the text. The official overall score for
both generative subtasks is calculated as the un-
weighted average of their respective constituent
metrics.

For the information extraction and classification
components (Subtasks 2 and 4), the evaluation re-
lies on standard precision, recall, and F1-scores.
Subtask 2 is evaluated comprehensively under both
strict and lenient boundary-matching criteria, re-
porting these metrics at both the micro and macro
levels; the strict micro F1-score is designated by
the organizers as the overall ranking metric for this
subtask. Similarly, Subtask 4 is assessed utilizing
micro precision, micro recall, and micro F1-scores.
In strict alignment with the official task guidelines,
the micro F1-score serves as the overall aggregate
metric for Subtask 4.

4. Result Analysis

In this section, we analyze the performance of the
HealthNLP_Retrievers pipeline on the ArchEHR-
QA 2026 dataset. Our evaluation follows the dual-
metric framework of the challenge, focusing on
factuality (alignment and evidence identification)
and relevance (textual quality) (Soni and Demner-
Fushman, 2026b). As shown in Table 1, our cas-
caded system demonstrated competitive perfor-
mance across all four tracks, validating the efficacy
of our multi-stage LLM prompting strategy.
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Subtask Rank Primary Metric Ours Top Secondary Metric Ours Top
Question Interpretation 1 Overall 31.2 31.2 BERTScore 46.8 46.8
Evidence Scoring 7 Strict Micro F1 60.2 63.7 Lenient Micro F1 68.3 72.4
Answer Generation 5 SARI 59.2 58.6 AlignScore 33.6 31.7
Alignment 9 Micro F1 76.9 81.5 Micro Precision 83.8 88.0

Table 1: Official leaderboard performance of the HealthNLP_Retrievers system compared to the top-
performing system in each subtask.

4.1. Interpretative Accuracy
Our few-shot query interpretation module achieved
the 1st place ranking on the ArchEHR-QA leader-
board for Subtask 1, earning an overall score of
31.2. The system demonstrated strong perfor-
mance across both lexical and semantic evalua-
tions, recording a ROUGELsum score of 35.3 and
a BERTScore of 46.8. This secured the top position
in a highly competitive field, representing a narrow
but decisive improvement over the runner-up team,
KPSCMI (overall score of 30.8), and the third-place
team, OptiMed (overall score of 29.9).

This outcome highlights the real-world effective-
ness of our persona-based prompting strategy. By
instructing the model to act as a clinical administra-
tive assistant and enforcing a strict 15-word limit,
we successfully stripped away the emotional, ver-
bose parts of the patient’s question to leave a tight
clinical search query. While other teams likely strug-
gled to cut the word count without dropping critical
details, our BERTScore of 46.8—which sits notice-
ably higher than KPSCMI’s 41.0 and OptiMed’s
43.1—proves we could aggressively summarize
requests without losing their actual meaning. Keep-
ing that core intent intact gave our downstream
retrieval module a solid, objective clinical target to
search for, rather than getting thrown off by informal
patient phrasing.

4.2. Evidence Identification
In the evidence extraction phase, our 1–5 Likert-
scale scoring approach achieved a strict micro F1
score of 60.2, placing us 7th overall (compared to
the top system, Neural, at 63.7). Looking closely at
the metrics, our strict micro recall (62.1) noticeably
outperformed our strict micro precision (58.4). This
result was entirely intentional. We specifically de-
signed the retrieval prompt to lean heavily toward
recall to ensure the downstream generator never
suffered from evidence starvation. We knew this
safety-first approach would cost us some strict pre-
cision compared to the top teams, as the model
occasionally flagged helpful background context as
essential evidence.

The lenient evaluation scores clearly back up this
design trade-off. Under the lenient framework, our
micro precision jumped 17.3 points to 75.7, pulling

our overall lenient micro F1 up to 68.3. This mas-
sive gap between the strict and lenient precision
tells us exactly what the model was doing: while it
pulled in too much text according to the rigid gold-
standard boundaries, those extra sentences were
still highly relevant and clinically adjacent to the
actual answer. By accepting a few more false posi-
tives, we successfully kept our false negative rate
low. This gave the final text generation stage a
much richer set of facts to work with, rather than
filling the context window with completely irrelevant
noise.

4.3. Grounded Generation

The generation module achieved 5th place on the
ArchEHR-QA leaderboard with an overall score of
34.6. The system’s performance was anchored by
a strong SARI score of 59.2 and a BERTScore
of 43.8. Notably, our SARI score—a metric
specifically designed to evaluate text rewriting and
simplification—outperformed several higher-ranked
teams, including the 1st-place team, WisPerMed
(58.6), and the 4th-place team, Neural (57.7). This
underscores the effectiveness of our clinical docu-
mentation specialist persona and soft-cut trunca-
tion heuristic in synthesizing concise, profession-
ally formatted responses that effectively translate
complex clinical context into accessible language.

Despite these strong semantic indicators, the rel-
atively low BLEU score of 7.0 highlights a universal
vocabulary gap challenge in clinical text generation,
mirroring the single-digit BLEU scores observed
even among the top-performing teams (e.g., 9.9 for
WisPerMed). While our system generated seman-
tically accurate professional responses, the spe-
cific lexical phrasing often diverged from the rigid
n-gram overlaps expected by the reference gold
standard. Crucially, the MEDCON score of 38.7
indicates a robust adherence to medical concept
constraints. This proves that our strict RAG-based
architecture successfully restricted its generation
strictly to the provided evidence pool, synthesizing
the necessary clinical information without halluci-
nating external or unsupported medical concepts.
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Subtask 1
Setting BERTScore ROUGELsum AlignScore MEDCON (UMLS)
Zero-shot 34.13 18.75 12.80 9.20
Few-shot (Ours) 45.09 32.55 23.10 17.20

Subtask 2
Anchor Strict Micro F1 Strict Micro Precision Strict Micro Recall Lenient Micro F1
Patient Narrative 60.20 50.56 74.38 63.60
Clinician Query (Ours) 62.90 61.42 64.46 65.82

Table 2: Impact of few-shot formulation (Subtask 1) and clinical query anchors (Subtask 2).

4.4. Evidence Alignment
Our alignment module finished in 9th place for Sub-
task 4 with an overall micro F1 of 76.9. We specifi-
cally designed the prompt instructions to be highly
selective, which pushed the model to only extract
the most certain evidence. This precision-heavy
approach resulted in a micro precision score of
83.8. We found this result particularly competitive,
as it slightly outperformed or matched top-tier sys-
tems like Yale-DM-Lab (83.3) and UIC-AIHealth4All
(83.6). These numbers confirm that the module is
highly effective at filtering out irrelevant noise and
isolating only the most direct supporting sentences
from the notes.

On the other hand, our micro recall of 71.1 re-
flects a specific design choice in our architecture.
Because we used such strict prompting heuristics,
the model occasionally skipped over sentences that
provided implicit support or were part of complex,
multi-hop evidence chains. However, we view this
high-precision focus as a necessary safeguard for
a rigorous verification layer. By favoring exact evi-
dence over a wider contextual window, we ensured
the system only cited facts that were explicitly stated
in the clinical note. This essentially acts as a final
check to prevent the model from making up con-
nections that aren’t explicitly stated in the clinical
record.

4.5. Ablation Study
To evaluate the impact of our primary design
choices, we conducted ablation experiments
across Subtask 1 and Subtask 2 using the official
development dataset, with the results summarized
in Table 2. For the question interpretation task
(Subtask 1), we tested our few-shot clinical assis-
tant persona against a standard zero-shot baseline.
The few-shot setup delivered major improvements
across all semantic and clinical metrics. Most no-
tably, the MEDCON score jumped from 9.20 to
17.20. This significant increase in medical entity
retention shows that using curated examples is es-
sential for bridging the gap between informal patient

language and professional clinical terms.
For evidence identification (Subtask 2), we

looked at whether using reformulated clinician
queries worked better than using the raw patient
narratives as retrieval anchors. While the longer
patient narratives naturally led to a higher recall
(74.38), they also introduced a lot of noise, which
dragged precision down to 50.56. In contrast, our
clinician-centered queries achieved a much better
balance, raising the Strict Micro F1 to 62.90 and
Precision to 61.42. This confirms that a concise,
15-word query is much more effective at filtering
out irrelevant patient details while keeping the core
clinical facts needed for accurate evidence retrieval.

4.6. Discussion

Our results highlight a clear tension between mak-
ing a query concise and keeping it clinically detailed.
In Subtask 1, while we took first place overall, our
MEDCON score of 18.7 lagged behind KPSCMI
(27.9) and Neural (25.6). This suggests that our
administrative assistant persona and 15-word limit
were almost too effective at cutting noise—they
sometimes stripped away critical medical entities in
favor of general descriptions. For example, when a
patient described a “dull to deep pain” while listing
a toxicological history of “trihexyphenidyl, thorazine,
and cocaine,” the gold-standard query filtered the
descriptive fluff but kept the specific drugs. Our sys-
tem, however, generalized this into: “What are the
potential causes of the patient’s persistent chest
pain?” While our version was readable, it lost the
specific toxicological context that a human clini-
cian would immediately flag as a high-priority lead.
This preference for accessible, general language
over technical precision also impacted Subtask 3;
while our high SARI scores confirm the model suc-
cessfully improved text simplicity for a lay audience,
this same behavior resulted in a low BLEU score
(7.0). This indicates that while our generative out-
puts remained semantically accurate, the stylistic
shift toward simplified vocabulary created a discon-
nect with the exact n-gram overlaps of the more
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technically-worded reference labels.
Beyond these vocabulary issues, we saw a clear

imbalance between precision and recall in Sub-
tasks 2 and 4. In Subtask 2, our recall-heavy ap-
proach pushed precision down to 58.4, while the
precision-focused prompting in Subtask 4 limited
our recall to 71.1, falling behind teams like OptiMed
(79.8). It appears our alignment layer became too
exclusionary, often discarding implicit support to
verify core facts. In Case 4, for instance, our model
correctly identified that the patient had “low-output,
acute-on-chronic heart failure.” While the system
verified the specific procedures and outcomes (Sen-
tences 5, 6, 13, 19, 20), it missed the foundational
admission context and diagnostic proof, such as the
25% ejection fraction and congestive hepatopathy
(Sentences 10, 11, 18). This shows that while strict
filtering is great for verifying specific treatments, it
can severely hurt recall by stripping away the un-
derlying diagnostic reasoning that clinicians rely
on.

5. Conclusion

We presented the HealthNLP_Retrievers system,
a cascaded pipeline for the ArchEHR-QA 2026
shared task. By decomposing clinical QA into query
interpretation, heuristic scoring, and precise align-
ment, our system effectively bridged the gap be-
tween patient narratives and clinical notes. This
modular design, driven by our few-shot query re-
formulation strategy, secured 1st place in Question
Interpretation (Subtask 1) with an overall score of
31.2 and established a competitive framework for
grounded evidence extraction.

Our ablation analysis demonstrated that formu-
lating concise clinical queries significantly improves
medical entity retention and retrieval precision.
However, error analysis revealed a continuing per-
formance trade-off between concise summarization
and medical entity retention, as evidenced by our
MEDCON scores. Furthermore, our high-precision
alignment strategy in Subtask 4 successfully mit-
igated hallucinations but resulted in lower recall
compared to top-tier competitors. Future work will
focus on iterative self-correction to reduce error
propagation and the distillation of this pipeline into
open-weight models for privacy-preserving clinical
deployment.

6. Limitations

This work has several limitations. First, the sys-
tem relies exclusively on the Gemini 2.5 Pro API,
introducing a dependency on a proprietary, closed-
weight model. This limits reproducibility and adapt-
ability in privacy-sensitive environments, as all clin-
ical text is transmitted to an external server. Sec-

ond, our evaluation is confined to the ArchEHR-QA
2026 benchmark; performance on other clinical
QA datasets or EHR systems remains unexplored.
Third, the strictly cascaded architecture propagates
errors across stages: an imprecise query reformu-
lation in Subtask 1 can degrade evidence retrieval
precision in Subtask 2, which in turn may degrade
the quality of the generated answer. Future work
should address these gaps through evaluation on
open-weight, locally deployable models and the
development of end-to-end strategies to mitigate
cascaded error propagation.

7. Ethics Statement

This work utilizes the ArchEHR-QA dataset (Soni
and Demner-Fushman, 2026a), which is derived
from the de-identified MIMIC-III database (Johnson
et al., 2016) and accessed through PhysioNet un-
der appropriate data use agreements. To mitigate
privacy risks, the patient questions in the dataset
are inspired by, rather than directly sourced from,
real clinical inquiries. Furthermore, in compliance
with both the MIMIC-III data use agreement and
ArchEHR-QA 2026 shared task guidelines, we en-
sured that only strictly de-identified clinical note ex-
cerpts were transmitted to the Gemini API. No raw
patient identifiers were included in any API calls,
and all data processing remained fully compliant
with PhysioNet regulations.

We emphasize that the system described herein
is designed exclusively as a research prototype
and is not intended for direct clinical deployment
without rigorous validation by qualified healthcare
professionals. For the purposes of this experimen-
tal evaluation, all model safety filters were disabled
solely to allow the system to accurately process
explicit clinical terminology without unwarranted re-
fusal.
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Abstract
We describe the Yale-DM-Lab system for the ArchEHR-QA 2026 shared task. The task studies patient-authored
questions about hospitalization records and contains four subtasks (ST): clinician-interpreted question refor-
mulation, evidence sentence identification, answer generation, and evidence–answer alignment. ST1 uses a
dual-model pipeline with Claude Sonnet 4 and GPT-4o to reformulate patient questions into clinician-interpreted
questions. ST2–ST4 rely on Azure-hosted model ensembles (o3, GPT-5.2, GPT-5.1, and DeepSeek-R1)
combined with few-shot prompting and voting strategies. Our experiments show three main findings. First,
model diversity and ensemble voting consistently improve performance compared to single-model baselines.
Second, the full clinician answer paragraph is provided as additional prompt context for evidence alignment.
Third, results on the development set show that alignment accuracy is mainly limited by reasoning. The best
scores on the development set reach 88.81 micro F1 on ST4, 65.72 macro F1 on ST2, 34.01 on ST3, and 33.05 on ST1.

Keywords: EHR question answering, Evidence alignment, LLM ensemble, Few-shot prompting

1. Introduction

Electronic health records (EHRs) contain dense
clinical narratives. They are difficult for patients
to interpret without clinical training. Prior work
has studied information extraction from EHR text
(Liu et al., 2013) and clinical question answering
with large language models (LLMs) (Singhal et al.,
2023; Nori et al., 2023). The ArchEHR-QA shared
task (Soni and Demner-Fushman, 2026b) targets
patient-facing access. It asks systems to answer
patient-authored questions about a hospitalization
episode. The task has four linked subtasks.

A system must reformulate a patient question into
a clinician-interpreted question, identify supporting
note sentences, generate a grounded answer, and
align each answer sentence to its evidence. Evi-
dence grounding is central. Retrieval-augmented
generation is a common mechanism for condition-
ing generation on external text (Lewis et al., 2020).
Citation attribution and faithfulness evaluation pro-
vide complementary ways to assess whether model
outputs are supported by sources (Gao et al., 2023;
Honovich et al., 2022).

This paper describes the Yale-DM-Lab submis-
sion. Our approach is prompt-based and utilizes
in-context learning (Brown et al., 2020). We use
self-consistency and voting to improve robustness
(Wang et al., 2023). We also evaluate reasoning-
style prompting variants when appropriate (Wei
et al., 2022). ST1 uses Claude Sonnet 4 and GPT-
4o via their respective direct APIs. ST2–ST4 use
Azure-hosted ensembles (o3, GPT-5.2, GPT-5.1,
and DeepSeek-R1). We focus on controlled abla-

tions over ensemble size, few-shot count, and vote
thresholds.

Our contributions are:

• A modular four-subtask pipeline for EHR ques-
tion answering with a shared Azure infrastruc-
ture and consistent few-shot prompting design.

• A systematic ablation study evaluating ensem-
ble size, few-shot count, and voting thresholds
for evidence identification and alignment.

• An analysis of evidence grounding in ST4
showing that providing the full clinician answer
paragraph as context improves evidence align-
ment.

2. Related Work

Information extraction from electronic health record
(EHR) text has long been studied in clinical nat-
ural language processing (NLP)Liu et al. (2025).
Early work by Demner-Fushman et al. (2009) de-
veloped clinical decision support methods based
on structured information extracted from clinical
narratives. More recent datasets extend this di-
rection toward question answering. Kweon et al.
(2024) introduced patient-specific QA benchmarks
grounded in discharge summaries which enabled
evaluation of models on real clinical documentation.
Large language models (LLMs) have recently ad-
vanced medical question answering. Roberts et al.
(2020) demonstrated that large-scale pretrained
models acquire substantial factual medical knowl-
edge through language modeling. Building on this
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progress, Lehman et al. (2023) evaluated LLMs
in clinical reasoning settings and showed strong
performance across medical QA tasks. However,
these studies also highlighted limitations when mod-
els operate on long clinical documents. EHR-based
QA requires reasoning over dense terminology and
extended context. Answers must remain grounded
in specific source sentences rather than general
knowledge. Several studies also address ground-
ing through retrieval mechanisms. Izacard and
Grave (2021) proposed retrieval-augmented gen-
eration (RAG), which conditions generation on re-
trieved passages and improves factual consistency.
In clinical domains, grounding is especially impor-
tant because hallucinated statements may intro-
duce clinical risk. One study by Ji et al. (2023) ana-
lyzed hallucination behaviors in LLMs and showed
that unsupported generations remain a persistent
problem. Complementary work by Rashkin et al.
(2021) examined attribution and truthfulness that
emphasized the importance of linking generated
claims to supporting evidence. Prompting strate-
gies have been explored to improve reasoning re-
liability without additional training. Saxena et al.
(2024) showed that few-shot prompting with la-
beled examples improves reasoning consistency
even without fine-tuning. Zhou et al. (2023) pre-
sented chain-of-thought prompting to encourage
intermediate reasoning steps. Extending this idea,
Fu et al. (2023) proposed self-consistency decod-
ing, which samples multiple reasoning paths and
selects the most stable answer. More recently, Kuli-
gin et al. (2025) demonstrated that ensembles of di-
verse models reduce correlated reasoning errors by
combining complementary inductive biases. Eval-
uation of generated clinical text has also evolved.
Kryściński et al. (2019) showed that lexical overlap
metrics alone fail to capture factual correctness in
abstractive summarization. Xu et al. (2016) intro-
duced SARI to better evaluate paraphrased outputs.
Semantic metrics such as BERTScore further im-
prove evaluation of meaning preservation Zhang
et al. (2020). These metrics are particularly relevant
for patient-facing clinical answers, which typically
paraphrase source text. BLEU therefore provides
only limited signal in clinical lay-language genera-
tion.

3. Shared Task and Dataset

The ArchEHR-QA 2026 dataset contains 167 cases
derived from de-identified EHR narratives (Soni and
Demner-Fushman, 2026a). Each case includes a
patient free-text question, a clinical note segmented
into numbered sentences, a clinician-interpreted
question, a clinician answer paragraph, and gold
evidence alignments. The dataset is split into 20
development cases and 147 test cases. Subtask

1 reformulates the patient question into a clinician-
interpreted question of at most 15 words and is
evaluated using ROUGE-Lsum, BERTScore, Align-
Score, and MEDCON, with the leaderboard score
computed as their mean. Subtask 2 identifies the
minimal set of supporting sentence IDs and is eval-
uated using strict micro F1. Subtask 3 generates
an answer of at most 75 words grounded in the
provided clinical note and is evaluated using BLEU,
ROUGE, SARI, BERTScore, AlignScore, and MED-
CON. Subtask 4 aligns each clinician answer sen-
tence with supporting note sentences and is evalu-
ated using micro F1. MEDCON is part of the official
evaluation for Subtasks 1 and 3 but could not be
reproduced locally due to restricted access to the
official evaluation environment. Therefore, develop-
ment experiments reported in this paper use locally
reproducible metrics only.

4. Methodology

4.1. Prompting Setup

We use task-specific prompt templates with fixed
instruction blocks. We vary (i) few-shot example
count, (ii) model ensemble composition, and (iii)
vote threshold and post-processing settings. Few-
shot examples are selected in a leave-one-out man-
ner from development cases and are excluded if
they match the current case. Unless stated other-
wise, prompts enforce strict JSON outputs for struc-
tured tasks (ST2, ST4) and task constraints such
as word limits and no unsupported facts for gener-
ative tasks (ST1, ST3). Across subtasks, the core
instruction text remains fixed while experimental
variations are applied to configuration parameters.
For ST2, we vary few-shot count (3, 10, 19), ensem-
ble members, and merge thresholds. For ST3, we
fix the two-stage faithful scaffold and vary few-shot
count and model configuration. For ST4, we keep
the alignment instruction fixed and vary ensemble
and self-consistency settings, vote thresholds, and
recall augmentation.

4.2. Subtask 1 – Question Reformulation

ST 1 uses Claude Sonnet 4 and GPT-4o via their
direct APIs to reformulate the patient question into
a ≤15-word clinician-interpreted question. We first
evaluate a single GPT-4o baseline. We then intro-
duce a dual-model pipeline where Claude Sonnet 4
(Anthropic API) and GPT-4o (OpenAI API) run in
parallel. We use:

• Configurations: single-model GPT-4o base-
line, base dual-model run, and a clinical-
reasoning variant with an explicit chain-of-
thought step.
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• Dual-model setup: Claude Sonnet 4 and
GPT-4o in parallel; merge by rule selector (pat-
tern match on clinical intent) with fallback to
pattern-alignment score.

• Prompt pipeline (three stages): (1) analyze
the clinical note for procedures, medications,
findings, and diagnoses to ground the refor-
mulation; (2) retrieve up to five dev-set exam-
ples via hybrid score (question-type + lexical
similarity) as few-shot; (3) score generated
candidates with gold question-style patterns
and select the highest. Gold questions refer
to the ground-truth clinician-interpreted ques-
tions from the development set. Candidate
questions are scored using pattern alignment
heuristics (e.g., question-type matching and
lexical similarity to dev gold templates), and
the highest-scoring candidate is selected.

• Hard constraints: at most 15 words, no first-
person pronouns. Figure 1 shows the overall
architecture of the Subtask 1 dual-LLM refor-
mulation pipeline.

Clinical note excerpts are used only during devel-
opment. For the official Subtask 1 test set, note ex-
cerpts are not provided. The pipeline therefore op-
erates in a patient-question-only setting, and note-
dependent components are not used. All reported
test results for Subtask 1 are obtained without clin-
ical notes. Clinical context extraction is a prompt-
based preprocessing step that identifies key clinical
elements explicitly stated in the inputs. The inputs
include the patient question and, during develop-
ment, an optional note excerpt. Extracted elements
include procedures, medications, diagnoses, find-
ings, and temporal or urgency cues. This step is
implemented using an LLM instruction prompt, not
a separate trained model. The extracted elements
guide candidate generation and constrain the re-
formulation toward the intended clinical information
need. Only explicitly stated information is used,
and no new clinical facts are introduced.

4.3. Subtask 2 – Evidence Identification
The system prompt instructs the model to return
a JSON array of sentence IDs that constitute the
minimal evidence set. We explored:

• Vote threshold: a sentence is included if it
receives ≥ k votes across n model-run pairs.
Setting k = 1 (union) maximizes recall; k =
⌈n/2⌉+ 1 (majority) maximizes precision.

• Few-shot count: we use 3, 10, or 19 leave-
one-out development examples. For each test
case, examples are selected from other de-
velopment cases (excluding the current case)

Figure 1: Dual-LLM pipeline for Subtask 1 clinician-
interpreted question reformulation. The system ex-
tracts clinical context, retrieves few-shot examples,
generates candidates using parallel LLMs, and se-
lects the final question via scoring-based constraint
enforcement. Clinical notes are optional and used
only during development; test inference uses pa-
tient questions only.

and include the patient question, clinician-
interpreted question, and gold evidence sen-
tence IDs. Only cases with non-empty gold
evidence are used.

• Ensemble models: o3 + GPT-5.2 + GPT-
5.1 (baseline trio), with optional addition of
DeepSeek-R1.

• Contrast few-shot: GOOD examples (correct
gold evidence sets) plus BAD examples, e.g.
one over-inclusive example where the gold set
is augmented with a spurious sentence ID so
the model sees what to avoid. For instance,
a GOOD set may be ["2","5"], while a BAD
set may be ["2","5","9"], where sentence "9" is
irrelevant. Preference-based methods such as
DPO (Rafailov et al., 2024; Fodeh et al., 2026)
use chosen vs. rejected pairs for training; we
apply the same idea only in-context.

The best configuration uses 10 few-shot exam-
ples with union merge (min_votes = 1) and achieves
64.17 strict micro F1 on the development set. Post-
processing drops invalid sentence IDs (not present
in the case), removes duplicates, and sorts IDs. In
the enhanced configuration, we apply additional
conservative post-processing (e.g., filtering low-
confidence candidates) to improve the score to
65.33.
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4.4. Subtask 3 – Answer Generation
The prompt gives the patient question, the clinician-
interpreted question, the identified evidence sen-
tences (from ST2), and the full note. The model pro-
duces a free-text answer, which we hard-truncate
to 75 words. We compare:

• Single model baseline: o3 only (zero temper-
ature, 5-shot).

• Ensemble: o3 + GPT-5.2 + GPT-5.1 with 10
or 15 few-shot dev examples.

• Faithful variants: two-stage pipelines that
first generate a cited evidence-grounded draft
and then rewrite the answer using only the
cited sentences. Stage 2 is constrained to
avoid unsupported content and not introduce
new facts. We evaluate both single-model
(GPT-5.2) and ensemble configurations. For
the ‘Faithful ensemble + BERT selection’ set-
ting, multiple candidate answers are generated
from the ensemble, and the final answer is se-
lected by BERTScore-based reranking against
the case note text (used as a proxy target).

• Few-shot ablations: we evaluate 5, 10, and
15 dev examples to study prompt sensitivity.

In the faithful two-stage setting, Stage 1 produces
a draft answer with inline citations (e.g., [12], [15])
that point to the provided evidence sentences.
Stage 2 rewrites the answer using only the cited
evidence, removes citation markers, and enforces
the 75-word limit. This constrains the output to pre-
serve clinical entities and avoids unsupported addi-
tions. Example (schematic): Input: question + evi-
dence ([12], [15]). Stage 1: “... [12][15]”. Stage 2:
“...”. The final output preserves the same facts and
remains supported by the cited evidence.

4.5. Subtask 4 – Evidence Alignment
ST4 is the most extensively studied subtask as
shown in Figure 2. The prompt includes the patient
question, the clinician-interpreted question, the full
note (numbered sentences), and all answer sen-
tences (numbered). We use:

• Ensemble and self-consistency: M deploy-
ments, each with S self-consistency samples
at Ts ∈ {0.3, 0.4}, plus one run at T = 0.
For o3 we use T = 1.0. A link is kept if its
vote count ≥ θ, with θ = k (manual over-
ride) or θ = ⌊MS/2⌋ + 1 (majority). Here,
MS is the total number of votes (M models
× S self-consistency samples each), we ag-
gregate votes at the (answer_id, evidence_id)
link level, keep links supported by more than
half of all votes under majority voting, and use
k as a manual precision/recall trade-off.

Figure 2: Pipeline for Subtask 4 evidence align-
ment. The system combines ensemble inference,
voting aggregation, and embedding-based recall to
improve evidence matching.

• Dev threshold sweep: On dev we
sweep θ ∈ {1, . . . ,MS}, pick the value
that maximizes micro F1, write it to
best_vote_threshold.txt, and reuse it
at test time.

• Full-answer context: The clini-
cian_answer_without_citation
paragraph from the key is added as a
“Full clinician answer (for context)” block so
the model can resolve anaphora and follow
the narrative; earlier we used only isolated
answer sentences.

• Embedding-based recall augmentation: Ad-
ditional (answer, note) pairs are introduced
when their sentence-transformer similarity ex-
ceeds a threshold τ (default 0.68). This mech-
anism acts as a post-vote recall step to recover
missed links after ensemble aggregation. In
this work, this step corresponds to the “rescue
heuristics” reported in the results.

5. Results

Table 1 reports performance across all four sub-
tasks. We show development experiments and
final test submissions. The experiments evaluate
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ensemble size, few-shot count, vote thresholds,
and grounding strategies.

Subtask 1: Question Reformulation. The best
development configuration uses note grounding
and pattern-based scoring. It achieves a score
of 33.05. Dual-model generation improves per-
formance over a single GPT-4o baseline. Chain-
of-thought prompting does not provide consistent
gains. On the test set, the same configuration
achieves 27.09. The decrease reflects the difficulty
of producing short clinician-interpreted questions
under strict lexical constraints.

Subtask 2: Evidence Identification. Evidence
identification benefits from ensemble voting. Ma-
jority voting increases precision but lowers recall.
Union merging increases recall. This improves
micro F1. The best development configuration
uses 10 few-shot examples with union merging.
It achieves 64.17 micro F1. Post-processing in-
creases the score to 65.33. On the test set, the
same configuration reaches 61.90 micro F1. These
results show that recall-oriented aggregation im-
proves evidence retrieval.

Subtask 3: Answer Generation. Answer gener-
ation remains difficult. BLEU scores are low. Clini-
cal answers often use varied wording. Ensemble
generation improves the overall score compared
to single-model generation. The best development
score is 34.01. This result uses the o3, GPT-5.2,
and GPT-5.1 ensemble. The faithfulness pipeline
achieves similar performance. On the test set, the
ensemble reaches 30.95.

Subtask 4: Evidence Alignment. Evidence
alignment produces the strongest results. Ensem-
ble voting improves stability. Embedding-based
recall augmentation (rescue heuristics) increases
recall. The best development configuration reaches
88.81 micro F1. This setup uses ensemble ag-
gregation with recall-oriented augmentation. Self-
consistency sampling provides limited improve-
ment, with performance reaching 83.39 micro F1,
which remains below recall-augmented configura-
tions. For example, Table 1 shows 83.39µF1 for
the self-consistency configuration versus 88.81µF1
with embedding-based recall augmentation. On
the test set, the ensemble with rescue heuristics
achieves 80.41 micro F1.

Observations. Several consistent patterns
emerge across the experiments. Model diversity
provides the most reliable improvement across
subtasks. Ensembles outperform single-model
configurations and produce more stable predic-
tions. Ensemble disagreement is handled through

sentence/link-level vote aggregation. Disagree-
ments occur mainly on borderline evidence, where
union-based aggregation preserves recall while
majority voting improves precision but may omit
relevant sentences. This effect is most visible in
ST2 and ST4, where ensemble voting improves
robustness and reduces prediction variance. Few-
shot prompting also improves performance when
examples are well selected. Increasing the number
of examples helps until results stabilize. This
suggests that example quality is more important
than quantity. Aggregation strategy strongly affects
evidence retrieval. Recall-oriented approaches
perform better than precision-oriented voting. In
ST2, union-based merging consistently achieves
higher micro F1 than strict majority voting. Missing
relevant evidence appears more harmful than
including extra candidate sentences, as observed
in ST2, where recall-oriented union merging
achieves higher micro F1 than precision-oriented
majority voting (64.17 vs. 53.40). This effect is not
directly measured in ST3 but likely propagates to
answer generation through upstream evidence se-
lection. Contextual grounding improves evidence
alignment. Providing the full clinician answer para-
graph reduces ambiguity and improves matching
between answer sentences and supporting note
sentences. Evidence alignment remains the most
stable task in the pipeline, while answer gener-
ation remains the most challenging. Multi-step
reasoning continues to introduce errors even for
large language models. In ST3, errors arise when
combining multiple evidence sentences leads to
unsupported or loosely grounded paraphrases.
In ST4, errors appear as missing or incorrect
alignment links when reasoning fails to consistently
map answer statements to all supporting evidence.

6. Conclusion

We presented the Yale-DM-Lab system for
ArchEHR-QA 2026, a four-subtask pipeline for
patient-facing EHR question answering. The
system combines model-diverse LLM ensembles,
self-consistency voting, and leave-one-out few-
shot prompting. Our experiments present strong
performance across subtasks, with evidence
alignment (ST4) reaching 88.81 micro F1 on the
development set. The full clinician answer para-
graph is used as additional context during evidence
alignment. The result emphasizes the critical role
of contextual grounding in evidence-based clinical
question answering. The implementation of our
system, including prompts and inference scripts
for all subtasks, is publicly available at https:
//github.com/Data-Mining-Lab-Yale/
ArchEHR2026-CL4Health-LREC.
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Development Phase

Method / Config Metrics

Subtask 1 — Question Reformulation
Score R1 R2 RLsum BERT Align

Single (GPT-4o) + 5-shot‡ 25.49 34.67 15.28 31.76 44.71 –
Dual-model ensemble‡ 26.14 36.28 16.52 33.06 45.34 –
Dual + CoT + note grounding† 23.98 32.33 12.48 29.19 42.74 –
Dual + note grounding + pattern scoring 33.05 46.35 29.28 44.57 54.58 –
Dual-LLM reasoning 32.14 36.28 16.52 33.06 45.34 23.85

Subtask 2 — Evidence Identification
µP µR µF1 mP mR mF1

10-shot, majority 72.86 42.15 53.40 55.20 41.76 45.32
19-shot, majority 70.83 42.15 52.85 53.32 41.66 44.53
3-shot, union 63.55 56.20 59.65 62.40 53.84 54.07
10-shot, union 64.71 63.64 64.17 58.85 59.55 56.77
19-shot, union 61.54 59.50 60.50 57.12 57.33 55.33
10-shot, union + post-proc 54.75 80.99 65.33 58.74 81.88 65.72
3-shot + contrast few-shot, union 57.89 63.64 60.63 52.28 59.13 52.78
4-model (+R1), 10-shot, union 54.66 72.73 62.41 54.29 72.12 60.03

Subtask 3 — Answer Generation
Score BLEU RLsum SARI BERT Align

Single (o3), 5-shot 27.42 2.36 17.05 55.75 34.51 –
Two-stage evidence → answer (GPT-5.2) 33.62 9.33 26.21 58.54 40.34 27.60
Faithful ensemble + BERT selection 33.99 8.95 26.74 58.01 41.71 27.33
o3 + GPT-5.2 + GPT-5.1 34.01 9.78 26.28 58.16 39.69 28.82
Ensemble + faithfulness, 10-shot 33.53 9.81 25.16 59.18 39.98 –
Ensemble, 10-shot 28.28 2.40 18.59 56.49 35.64 –
Ensemble, 15-shot 27.11 2.63 17.25 53.79 34.77 –

Subtask 4 — Evidence Alignment
µP µR µF1 mP mR mF1

GPT-5.2 + GPT-5.1, 10-shot 88.41 88.41 88.41 90.54 88.73 88.50
Embedding recall augmentation 88.49 89.13 88.81 90.13 90.04 89.43
Ensemble + Self-consistency (SC) 84.96 81.88 83.39 87.89 84.96 85.12
Embedding-only 65.91 42.03 51.33 74.21 44.40 52.16

Test Phase

Submission Metrics

Subtask 1 — Question Reformulation
Score R1 R2 RLsum BERT Align

Dual + note grounding + pattern scoring 27.09 30.06 10.08 28.23 40.65 19.68

Subtask 2 — Evidence Identification
µP µR µF1 mP mR mF1

10-shot, union + post-proc 52.34 75.71 61.90 56.68 75.52 61.10

Subtask 3 — Answer Generation
Score BLEU RLsum SARI BERT Align

o3 + GPT-5.2 + GPT-5.1 30.95 9.11 23.13 56.54 37.24 22.07

Subtask 4 — Evidence Alignment
µP µR µF1 mP mR mF1

Ensemble + rescue heuristics 83.30 77.70 80.41 84.83 80.72 81.81

Table 1: Results across subtasks with Development Phase experiments shown first and Test Phase
results summarized at the end. † indicates configurations using explicit reasoning or chain-of-thought(CoT)
prompting. ‡ indicates baseline configurations without additional grounding or pattern-scoring components.
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7. Future Work

Future work will focus on improving data scale, mod-
eling integration, and generation reliability. Larger
clinical QA datasets would enable more reliable
evaluation and tuning. Joint modeling across sub-
tasks may reduce error propagation. Improving
Subtask 3 is a priority, as answer generation re-
mains the weakest component. The task requires
producing short, faithful summaries grounded in
sparse evidence. We will explore stronger ground-
ing constraints and improved generation strategies.
We will further investigate lightweight models that
approximate ensemble performance at lower com-
putational cost. This includes fine-tuning on larger
EHR corpora and tighter integration between sub-
tasks, such as using ST4 alignments to guide ST3
generation.

8. Limitations

This work has several limitations. First, the dataset
is small. The development set contains only 20
cases. This limit restricts reliable hyperparame-
ter tuning. It also limits the diversity of few-shot
examples. Second, the system relies heavily on
prompt engineering. Model behavior depends on
prompt wording and example selection. Small
prompt changes can alter predictions. This sen-
sitivity reduces reproducibility across deployments.
Third, the pipeline treats subtasks mostly indepen-
dently. Errors can propagate between stages. For
example, missing evidence in Subtask 2 may af-
fect answer generation in Subtask 3. The current
system does not perform joint reasoning across
subtasks. Fourth, the approach depends on large
proprietary models. These models require exter-
nal APIs and significant computational cost. This
constraint may limit reproducibility for researchers
without access to similar infrastructure.

9. Ethics Statement

This work uses de-identified clinical data provided
by the shared task. No identifiable patient informa-
tion is used. The system is intended for research
purposes only and not for clinical deployment.
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11. Appendix

This section presents the prompt templates used
across all four subtasks as (Figure A1). Each tem-
plate specifies the instruction structure, role config-
uration, and output format used during inference.
The templates correspond to the prompting strate-
gies described in section 4 and illustrate the con-
straints applied to each task. Subsections below
describe the prompt design for Subtasks 1–4.

Prompt Templates for Subtasks

Subtask 1: Clinician-Interpreted Ques-
tion

Role: user only (Claude Sonnet 4
/ GPT-4o). Preceded by clinical un-
derstanding pre-pass (extracts de-
cisions, conditions, urgency, intent
type) and N dev few-shot examples.
Core instruction: Generate 5
clinician-interpreted question can-
didates. Do NOT add sever-
ity/inference words (low, high, ele-
vated) unless explicit in patient ques-
tion. Preserve urgency indicators
(emergency, emergent, salvage) be-
fore the procedure name. Abstract
procedural details to clinical intent.
Output format: CANDIDATE_1: [q]
. . . CANDIDATE_5: [q] (≤15
words, ends ?, no first-person.
Best selected by pattern-alignment
scoring against dev gold templates.

Subtask 2: Evidence Selection

Role: user only (ensemble: o3 +
GPT-5.2 + GPT-5.1). 10 dev few-
shot examples (leave-one-out).
Core instruction: You are a clini-
cal evidence selector. Given a pa-
tient question, a clinician-interpreted
question, and numbered note sen-
tences, output the minimal set of
sentence IDs needed to answer the
question.
Merge: union vote (min_votes=1)
across 3 models; invalid IDs dropped
post-hoc.
Output format: ["1","3","7"]
(JSON array of strings; [] if none)

Subtask 3: Answer Generation (two-
stage faithful)

Role: user only (cascade:
o3→GPT-5.2→GPT-5.1). Using 10
dev few-shot examples.
Stage 1 — cited draft: “You are a
medical expert. Rephrase the rele-
vant note sentences to answer the
question. Stay close to the original
wording. Cite each used sentence
as [2], [7]. 70–75 words. Third per-
son. Do NOT add interpretation be-
yond the note.”
Stage 2 — faithfulness rewrite:
“Rewrite the draft using ONLY the
cited sentences above. No citation
markers in output. Same medical
terms and values. 70–75 words.”

Subtask 4: Evidence Alignment

Role: system + interleaved
user/assistant few-shot (up to
20 dev cases, leave-one-out).
System: “You are a clinical evi-
dence alignment expert. Include a
note sentence only when it states
the same specific fact, number, or
event as the answer sentence (same
lab value, dose, procedure, timeline).
When in doubt, prefer inclusion (re-
call matters).”
User turn adds: clini-
cian_answer_without_citation
paragraph for full-answer context.
Merge: majority vote θ = ⌊MS/2⌋+
1; θ swept on dev gold.
[{"answer_id":"1",
"evidence_id":["3","7"]},

{"answer_id":"2",
"evidence_id":["5"]},
{"answer_id":"3",
"evidence_id":[]}]
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Abstract
We describe our system for Subtask 4 (Evidence Alignment) of the ArchEHR-QA 2026 shared task, which requires
aligning each sentence of a clinician-authored answer to the supporting sentence(s) in a clinical note excerpt derived
from MIMIC(Johnson et al., 2016). The task is challenging due to many-to-many alignment structure, answer
sentences with no note support, and the semantic gap between clinical note language and answer paraphrases.
We explore two approaches: few-shot chain-of-thought prompting with Qwen2.5-7B-Instruct and LoRA fine-tuning
of a cross-encoder with combined InfoNCE and BCE loss. Our best system achieves a micro F1 of 67.93 on the test set.

Keywords: clinical NLP, evidence alignment, cross-encoder, parameter-efficient fine-tuning

1. Introduction

Grounded question answering over electronic
health records requires not only generating accu-
rate answers but also explicitly identifying where
in the record each claim originates. The ArchEHR-
QA 2026 shared task (Soni and Demner-Fushman,
2026b) formalises this challenge in four comple-
mentary subtasks. Subtask 4, which we address,
requires aligning each sentence of a reference
clinician-authored answer to the specific supporting
sentence(s) in a clinical note excerpt, given the pa-
tient question, clinician-interpreted question, note
excerpt, and reference answer as input.

The task presents several distinct challenges.
First, alignment is many-to-many: a single note
sentence may support multiple answer sentences,
and a single answer sentence may draw on multiple
note sentences. Second, answer sentences are
paraphrases or aggregations of note content rather
than direct extractions, requiring semantic rather
than lexical matching. Third, approximately 19%
of answer sentences in the development set are
drawn from clinician domain knowledge rather than
the note and should receive empty citation sets
(Soni and Demner-Fushman, 2026a). Correctly
identifying these cases is critical for precision.

We explore two complementary approaches.
The first fine-tunes a cross-encoder using LoRA
with a combined contrastive and calibration loss,
leveraging human-annotated relevance labels from
the dataset as a source of hard negatives. The sec-
ond uses few-shot prompting of a quantized large
language model with chain-of-thought examples
that explicitly model the grounded versus inference-
based distinction. Our experiments show that the
LLM approach generalises better to unseen test
cases, achieving micro F1 of 67.93 versus 64.44
for the fine-tuned cross-encoder.

2. Related Work

Evidence alignment is closely related to sentence-
level evidence retrieval in extractive question an-
swering and fact verification, where systems must
identify minimal supporting spans for a given claim
(Thorne et al., 2018; Rajpurkar et al., 2016). More
recently, claim-level grounding has emerged as a
distinct problem: frameworks such as eTracer (Chu
et al., 2026) and AGREE (Ye et al., 2024) align
individual response claims to supporting source
sentences, treating grounding as a post-hoc verifi-
cation step rather than retrieval. The ArchEHR-QA
task differs in that alignment targets answer sen-
tences rather than atomic claims, and some answer
sentences have no note support - a distinction not
present in standard extractive QA or citation gener-
ation benchmarks.

Cross-encoders have been widely used for pas-
sage relevance ranking due to their ability to jointly
encode query–document pairs (Nogueira and Cho,
2019). Contrastive objectives such as InfoNCE
(van den Oord et al., 2018) improve ranking qual-
ity but produce scores that are invariant to query-
level shifts, making them poorly suited for threshold-
based retrieval. Sheikholeslami et al. (2025) pro-
pose the Mann–Whitney (MW) loss, which directly
maximises AUC by minimising binary cross-entropy
over pairwise score differences, producing globally
calibrated scores. Our combined InfoNCE and BCE
loss addresses the same score compression prob-
lem through a simpler regularisation term, though
MW loss represents a more principled future direc-
tion.

Parameter-efficient fine-tuning methods such as
LoRA (Hu et al., 2022) and IA3 (Liu et al., 2022)
adapt pretrained models with few additional param-
eters, making them attractive for shared tasks with
limited training data.

Large language models have demonstrated
strong performance on clinical reasoning tasks
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via few-shot prompting (Singhal et al., 2023), and
chain-of-thought prompting improves multi-step rea-
soning (Wei et al., 2022). In the 2025 iteration of
this shared task, the runner-up system (Bogireddy
et al., 2025) used DSPy-optimised prompts with
self-consistency voting for sentence-level evidence
identification, outperforming fine-tuned retrieval ap-
proaches by a substantial margin - consistent with
our finding that LLM prompting generalises better
than cross-encoder fine-tuning in low-data clinical
settings. Our prior work (Zemchyk, 2025) explored
contrastive fine-tuning of a bi-encoder for retrieval-
augmented answer generation in the same task
family; here we extend this to evidence alignment
with a cross-encoder and a combined ranking and
calibration loss.

3. System Description

3.1. Data and Task Setup
The development set contains 20 cases with 95
answer sentences, of which 77 have gold citations
and 18 are inference-based with no supporting note
sentences. Note sentences are annotated with rel-
evance labels: essential, supplementary, and not-
relevant. The test set contains 147 cases. Evalua-
tion uses micro F1 as the primary metric.

3.2. Approach 1: Zero-shot
Cross-encoder Baseline

We evaluated four candidate cross-encoders on
the development set: ms-marco-MiniLM-L-6-
v2 (general, fast), ms-marco-MiniLM-L-12-v2
(general, larger), pritamdeka/S-PubMedBert-
MS-MARCO (biomedical domain-adapted), and
ncbi/MedCPT-Cross-Encoder (biomedical).
Despite the biomedical models being domain-
matched to the clinical task, ms-marco-MiniLM-
L-12-v2 achieved the highest development
macro F1 after threshold tuning, consistent with
prior findings that MS MARCO cross-encoders
transfer strongly to out-of-domain retrieval (Thakur
et al., 2021; Rosa et al., 2022). We therefore
selected it as the base model for both the zero-shot
baseline and subsequent fine-tuning.

For inference, we applied a two-stage strategy:
if the maximum sigmoid score across all note sen-
tences falls below a no-citation threshold tnc, the
answer sentence is assigned an empty citation set;
otherwise, all note sentences scoring above a cita-
tion threshold tc are returned, with a fallback to the
top-scoring sentence. Thresholds were tuned on
the development set (tnc = 0.2, tc = 0.4), achieving
a development macro F1 of 0.723. Two implemen-
tation details were critical: applying sigmoid to raw
logits before thresholding, and correctly scoring

empty-vs-empty citation pairs as F1=1.0 rather
than 0.0.

3.3. Approach 2: Cross-Encoder
Fine-tuning with Two-Stage
Inference

We fine-tuned ms-marco-MiniLM-L-12-
v2(Nguyen et al., 2016) using LoRA (r=4, α=8)
with a two-stage inference pipeline that separates
the citation decision from evidence ranking,
allowing each to be calibrated independently.

Stage 1: Citation Decision. For each answer
sentence, we compute sigmoid scores across all
note sentences. If the maximum score falls below a
no-citation threshold tnc, the sentence is predicted
as inference-based and assigned an empty citation
set.

Stage 2: Evidence Ranking. For sentences
passing Stage 1, all note sentences scoring at or
above a citation threshold tc are cited, with a fall-
back to the single highest-scoring sentence. This
stage is where fine-tuning contributes most directly
- the LoRA-adapted model is trained to rank gold
citation sentences above hard negatives.

Training Data. We constructed 138 contrastive
groups from all 20 development cases. For each
(answer sentence, gold citation) pair, hard neg-
atives were sampled using a three-tier priority:
(1) supplementary sentences, human-annotated
as relevant but not essential - the most confus-
able negatives available; (2) sentences within a
±2 position window of the gold citation; (3) other
not-relevant sentences. Easy negatives (section
headers, sentences under 6 words) were excluded.
Inference-based answer sentences were excluded
from training entirely, as including them consistently
degraded the citation decision in Stage 1.

Loss Function. We trained with a combined loss:

L = LInfoNCE + λ · LBCE (1)

where LInfoNCE = − log exp(s+/τ)∑
i exp(si/τ)

with tempera-
ture τ = 0.2, and LBCE is binary cross-entropy
with the positive labelled 1.0 and negatives 0.0,
weighted by λ = 0.3. InfoNCE trains Stage 2 rank-
ing, while BCE anchors absolute score magnitudes
to prevent compression that would destabilise the
Stage 1 threshold.

Models were trained for 8 epochs with a learning
rate of 2×10−4, linear warmup over 10% of steps,
and AdamW optimiser with weight decay 0.01.
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Threshold Tuning. Both thresholds were tuned
jointly on the development set via grid search
over tnc ∈ {0.2, 0.3, 0.4, 0.5, 0.6, 0.7} and tc ∈
{0.3, 0.4, 0.5, 0.6, 0.7, 0.8}, optimising macro F1.
The fine-tuned model required higher thresholds
(tnc = 0.6, tc = 0.7) than the zero-shot model
(tnc = 0.2, tc = 0.4), reflecting the upward shift
in score magnitudes produced by the BCE calibra-
tion term.

An initial attempt used InfoNCE alone without
sigmoid calibration, treating thresholds as operat-
ing on raw logits; this achieved micro F1 of 59.95
with high precision (77.16) but poor recall (49.02),
confirming that uncalibrated scores make threshold
tuning unreliable.

All experiments were run on a single T4 GPU.

3.4. Approach 3: LLM Few-shot
Prompting

We used Qwen2.5-7B-Instruct(Qwen et al.,
2025) running in 4-bit quantization via bitsandbytes
on a single T4 GPU. Inference over the full test set
of 147 cases required approximately 30 minutes,
compared to under one minute for the fine-tuned
cross-encoder including threshold tuning on the de-
velopment set. The full prompt template is provided
in Appendix A.

The prompt included three few-shot examples
with chain-of-thought reasoning:

• a single-citation case

• a multi-citation case

• an inference-based case with empty citations

The third example was critical; without it the
model consistently over-cited inference sentences.
The prompt explicitly distinguished sentences that
directly state the answer from sentences that are
merely related.

Outputs were constrained to JSON format.

4. Results

Table 1 presents the performance of the evalu-
ated systems on the ArchEHR-QA Subtask 4 test
set. The Qwen-based system outperformed all
cross-encoder variants. While the LoRA fine-tuned
model substantially improved recall compared to
the early cross-encoder baseline (65.66 vs. 49.02),
this came at the cost of reduced precision. The
Qwen approach achieved the best overall balance
between precision and recall, resulting in the high-
est micro F1 score.

5. Discussion

5.1. LLM Prompting vs. Cross-Encoder
Fine-tuning

Despite being fine-tuned on the task with human-
annotated hard negatives, the LoRA cross-encoder
(micro F1 64.44) underperformed the few-shot LLM
(micro F1 67.93). We attribute this to two comple-
mentary factors: the nature of the alignment task
itself, and the limitations imposed by the small de-
velopment set.

Evidence alignment requires determining
whether an answer sentence is semantically
entailed by a note sentence - a reasoning
operation that goes beyond surface similarity.
Cross-encoders pre-trained on MS MARCO learn
to match queries to relevant passages, but clinical
entailment involves paraphrase, aggregation,
and implicit inference that differ structurally from
passage retrieval. Qwen2.5-7B, by contrast, can
reason explicitly about whether a claim is directly
stated in the note or represents clinician inference,
as demonstrated by its ability to correctly handle
inference-based sentences when provided with
chain-of-thought examples.

From a practical standpoint, the cross-encoder
approach offers a substantial efficiency advantage:
the full pipeline including development set thresh-
old tuning runs in under one minute on a T4 GPU,
compared to approximately 30 minutes for LLM
inference over the same number of cases. This
motivates further work on closing the performance
gap through better contrastive training objectives
and calibration methods.

5.2. Representation Collapse Under
Fine-tuning

A recurring failure mode across our fine-tuning ex-
periments was score compression: after training,
sigmoid scores for all note sentences clustered in
a narrow range, shifting the optimal citation thresh-
old from 0.4 (zero-shot) toward 0.3 or lower. In
severe cases, the model collapsed entirely, pre-
dicting empty citations for all answer sentences
(NoCiteAcc = 1.0, F1 ≈ 0.35).1

We hypothesise that this reflects a form of rep-
resentation collapse specific to small contrastive
datasets. With only 138 training pairs across 20
cases, the model encounters the same note sen-
tences repeatedly across different training exam-
ples. The LoRA layers adapt to reduce loss on
these specific sentence pairs, but in doing so com-
press the representation space: note sentences

1NoCiteAcc is the proportion of inference-based an-
swer sentences (those with empty gold citation sets)
correctly predicted as having no supporting note sen-
tence.
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System Precision Recall F1
Early cross-encoder (no sigmoid fix) 77.16 49.02 59.95
LoRA + combined loss 63.27 65.66 64.44
Qwen2.5-7B few-shot (best) 73.78 62.95 67.93

Table 1: Test set performance on ArchEHR-QA Subtask 4.

that were distinguishable under the pre-trained
model become more similar in the fine-tuned em-
bedding space, making threshold-based discrim-
ination harder rather than easier. This is consis-
tent with known collapse phenomena in contrastive
learning (Jing et al., 2022), where insufficient diver-
sity in training pairs leads to degenerate represen-
tations.

Adding a BCE calibration term to the InfoNCE
loss partially mitigated this by anchoring absolute
score magnitudes, improving dev macro F1 from
0.704 to 0.760. However, the large gap between
dev macro F1 (0.760) and test micro F1 (64.44)
suggests the calibration was itself overfit to the
score distribution of the 20 dev cases rather than
generalising to the 147 test cases.

5.3. Threshold Tuning as the Dominant
Factor

Our two-stage inference design separates the ci-
tation decision (Stage 1) from evidence ranking
(Stage 2), with fine-tuning primarily targeting the
latter. However, our results suggest that threshold
calibration for Stage 1 contributed more to overall
performance than the ranking improvements from
fine-tuning.

Cross-encoder with optimised thresholds (tnc =
0.2, tc = 0.4) achieved dev macro F1 of 0.723, com-
parable to or exceeding several fine-tuned variants.
The first submitted model, which lacked sigmoid
calibration and used untuned thresholds, scored
only 59.95 micro F1 - well below what the zero-shot
model with proper calibration would have achieved.
Applying sigmoid transformation to raw logits and
separately tuning tnc and tc on the development
set was the single largest source of improvement
across all experiments.

Fine-tuning improved Stage 2 ranking as in-
tended(recall increased substantially from the first
to final submission (49.02→ 65.66)) but at the cost
of precision (77.16→ 63.27). The model learned
to cite more aggressively in Stage 2 without learn-
ing when to abstain in Stage 1, suggesting that the
ranking and abstention objectives interfere when
trained jointly on a small dataset. The BCE term
partially decoupled these by calibrating absolute
scores, but the Stage 1 threshold still had to shift
substantially (tnc : 0.2 → 0.6) to compensate for
the upward score drift introduced by training.

5.4. The Inference Sentence Problem
Correctly identifying inference-based answer sen-
tences - those with empty citation sets - proved
to be a surprisingly tractable problem for the zero-
shot cross-encoder. At tnc = 0.2, the model cor-
rectly identified 15 of 18 such sentences on the dev
set (NoCiteAcc = 0.833) without any task-specific
training, simply because these sentences have low
semantic overlap with any note content. The three
failures involved sentences that, while inference-
based, happened to be topically related to note
content (e.g., discussing a procedure mentioned in
the note). Fine-tuning degraded this capability in
most experiments, likely because excluding infer-
ence sentences from training left the model without
signal about when to abstain from citing.

6. Conclusion

We presented two approaches for clinical evidence
alignment: cross-encoder fine-tuning with a com-
bined ranking and calibration loss, and LLM few-
shot prompting.

The LLM approach achieved the best perfor-
mance (micro F1 67.93), outperforming fine-tuned
cross-encoders on a task that requires semantic
reasoning over clinical text. However, the cross-
encoder approach is approximately 30× faster at in-
ference, making it more suitable for deployment set-
tings where low latency matters. Future work could
explore hybrid approaches that retain the reasoning
quality of LLMs while reducing inference cost, such
as using LLM predictions as soft labels for cross-
encoder distillation, or using cross-encoder scores
as lightweight features within the LLM prompt.

7. Limitations

Results are based on a small development set of 20
cases, which limits the reliability of threshold tuning
and ablation conclusions. Additionally, the Qwen
model was run in 4-bit quantization, which may
reduce performance compared to full precision.
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A. LLM Prompt Template

We design a structured prompt consisting of a sys-
tem instruction and a user prompt with few-shot ex-
amples to guide the model in identifying evidence
sentences.

System Prompt

You are a clinical NLP ex-
pert. Your task is to iden-
tify which sentences from a
clinical note directly sup-
port a given answer sentence.

You must respond with ONLY a
JSON object — no explanation,
no markdown, no extra text.

Follow these rules strictly:
- INCLUDE a sentence if it di-
rectly states the same infor-
mation as the answer sentence
(verbatim or paraphrased). -
INCLUDE all sentences that
each contribute a distinct
piece of information present

in the answer sentence. - DO
NOT include a sentence just
because it is adjacent to or
on the same topic as a sup-
porting sentence — it must
independently state part of
the answer. - DO NOT include
a sentence that only provides
context, background, or con-
sequence of what the answer
states. - Return [] if no
note sentence directly states
the answer content.

User Prompt with Few-Shot Examples

–- [EXAMPLE 1 (single support-
ing sentence; enforces preci-
sion, avoids over-citation)]
–-

–- [EXAMPLE 2 (multi-sentence
candidate set; enforces se-
lecting only directly sup-
porting evidence, ignoring
adjacent/context sentences)]
–-

–- [EXAMPLE 3 (no support-
ing evidence; enforces empty
output when answer is not
grounded in the note)] –-

–- END EXAMPLES –-

Now do the same for:

Answer sentence:
"<ANSWER_SENTENCE>"

Clinical note sentences:
<NOTE_BLOCK>

Which note sentence IDs di-
rectly support the answer
sentence?

Respond with ONLY this JSON:
"evidence_id": ["<id>", ...]
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Abstract

Automated question answering (QA) over electronic health records (EHRs) demands precise evidence retrieval,
faithful answer generation, and explicit grounding of answers in clinical notes. In this work, we present Neural1.5,
our method for the ArchEHR-QA 2026 shared task at CL4Health@LREC 2026, which comprises of four subtasks:
question interpretation, evidence identification, answer generation, and evidence alignment. Our approach decouples
the task into independent, modular stages and employs DSPy’s MIPROv2 optimizer to automatically discover
high-performing prompts, jointly tuning instructions and few-shot demonstrations for each stage. Within every stage,
self-consistency voting over multiple stochastic inference runs suppresses spurious errors and improves reliability,
while stage-specific verification mechanisms (e.g., self-reflection and chain-of-verification for alignment) further refine
output quality. Among all teams that participated in all four subtasks, our method ranks second overall (mean rank
4.00), placing 4th, 1st, 4th, and 7th on Subtasks 1–4, respectively. These results demonstrate that systematic,
per-stage prompt optimization combined with self-consistency mechanisms is a cost-effective alternative to model
fine-tuning for multi-faceted clinical QA.

Keywords: clinical question answering, prompt optimization, electronic health records, large language models,
evidence grounding, evidence alignment

1. Introduction

Patient medical advice requests have surged 55%
since 2019, with physicians now spending 24%
more time on inbox management (Arndt et al.,
2024). Automatically answering these questions us-
ing electronic health records (EHRs) could substan-
tially reduce clinician burden, yet requires systems
that not only generate accurate responses but also
explicitly ground every claim in verifiable clinical
evidence. The ArchEHR-QA 2026 shared task at
CL4Health@LREC 2026 (?) takes a step towards
addressing this challenge through four complemen-
tary subtasks: (1) transforming verbose patient
questions into concise clinician-interpreted queries,
(2) identifying minimal evidence sentences from
clinical notes, (3) generating grounded answers,
and (4) aligning each answer sentence to its sup-
porting evidence. Together, these subtasks capture
the complete pipeline from question understanding
to explainable, evidence-backed clinical QA.

The natural language processing capabilities of
Large Language Models (LLMs) present a promis-
ing approach. Although LLMs have demonstrated
strong performance in clinical QA (Singhal et al.,
2025), their deployment faces two critical barriers.
First, fine-tuning on clinical data is constrained by
limited supervised datasets and overfitting risks.
Second, prompt engineering for multi-stage clini-
cal workflows remains labor-intensive and domain-
specific, requiring expert iteration to identify opti-

mal instructions and demonstrations (Karayanni
et al., 2024). Existing automated prompt optimiza-
tion techniques (Wang et al., 2023) typically treat
tasks holistically, failing to leverage the modular
structure inherent in clinical QA pipelines where
evidence identification, answer generation, and ci-
tation alignment each demand distinct reasoning
patterns.

In this work, we present Neural1.5, a modular
LLM method that addresses all four ArchEHR-QA
2026 subtasks through automated, stage-specific
prompt optimization. Our key design principle is
systematic task decomposition: by defining clear
evaluation objectives for each subtask, we enable
DSPy’s MIPROv2 optimizer (Khattab et al., 2024)
to automatically discover high-performing prompts
that jointly tune instructions and few-shot demon-
strations. We further enhance reliability through
self-consistency voting (Wang et al., 2022) for ev-
idence identification and a three-stage alignment
pipeline combining initial alignment, self-reflection
to prune false positives, and chain-of-verification
with confidence-weighted majority voting.

Our proposed method achieves competitive re-
sults across all four subtasks, ranking 4th (Sub-
task 1), 1st (Subtask 2 with Strict Micro F1 of
63.7), 4th (Subtask 3), and 7th (Subtask 4), with a
mean rank of 4.00 across all subtasks—second
overall among teams participating in all four sub-
tasks. These results demonstrate that systematic,
per-stage prompt optimization combined with self-
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consistency mechanisms offers a cost-effective al-
ternative to model fine-tuning for multi-faceted clini-
cal QA.
The key contributions of our work are:
• Full-Pipeline Automated Optimization: We pro-

pose the method to apply automated prompt op-
timization independently to all four ArchEHR-QA
subtasks, with stage-specific objectives that cap-
ture distinct reasoning requirements for question
interpretation, evidence retrieval, answer genera-
tion, and citation alignment.

• Three-Stage Alignment with Self-Reflection:
We introduce an alignment pipeline that com-
bines initial sentence-level alignment, self-
reflection to identify and remove spurious cita-
tions, and chain-of-verification, with confidence-
weighted majority voting across multiple stochas-
tic runs to suppress hallucinations/errors.

• Consistent Multi-Task Performance: With a
mean rank of 4.00 across all four subtasks, we
demonstrate that modular, optimization-driven
approaches can maintain strong performance
across diverse clinical QA challenges, offering a
practical blueprint for deploying LLMs in safety-
critical healthcare applications.

2. Related Work

Clinical QA: Developing QA systems for clini-
cal data has long been an interest in biomedical
NLP. Earlier datasets like emrQA (Pampari et al.,
2018) generated large-scale QA pairs from elec-
tronic medical records. Recent research has shown
that LLMs can achieve near-expert performance
on medical QA benchmarks (Singhal et al., 2025).
The ArchEHR-QA shared task (Soni and Demner-
Fushman, 2026b; Soni et al., 2025) advances this
line of work by requiring systems to ground an-
swers explicitly in clinical notes. Our prior work (Bo-
gireddy et al., 2025) demonstrated the effective-
ness of automated prompt optimization for a single
task, achieving second place overall. Building on
these insights, the 2026 edition expands to four
complementary subtasks spanning question inter-
pretation, evidence identification, answer genera-
tion, and evidence alignment.

Prompt Optimization: There is growing interest
in automated prompt search. Methods such as
APE (Zhou et al., 2022) and OPRO (Yang et al.,
2023) treat prompt design as a black-box optimiza-
tion problem. MIPRO (Opsahl-Ong et al., 2024)
extends this to multi-stage LLM programs, jointly
optimizing instructions and demonstration exam-
ples. Our work leverages MIPROv2 (Opsahl-Ong
et al., 2024), which uses a combination of prompt
proposal and Bayesian search.

Self-Consistency: LLMs can produce variable
outputs given the same prompt. The self-
consistency decoding strategy (Wang et al., 2022)
addresses this by sampling multiple outputs and
selecting the most consistent result.

3. Task Description

The ArchEHR-QA 2026 shared task (Soni and
Demner-Fushman, 2026b) comprises four sub-
tasks. The dataset (Soni and Demner-Fushman,
2026a) consists of patient-authored questions,
clinician-interpreted counterparts, clinical note ex-
cerpts with sentence-level relevance annotations,
and reference clinician-authored answers with
answer–evidence alignments.

Subtask 1: Question Interpretation. Given
a free-text patient question, generate a concise
clinician-interpreted question (≤15 words) that cap-
tures the core clinical information need.

Subtask 2: Evidence Identification. Given the
patient question, clinician question, and a clinical
note excerpt with numbered sentences, identify the
minimal set of note sentences that provide evidence
needed to answer the question.

Subtask 3: Answer Generation. Given the
questions and clinical note excerpt, generate a
grounded natural-language answer (≤75 words)
using only information from the notes.

Subtask 4: Evidence Alignment. Given the
questions, clinical note excerpt, and a reference an-
swer with numbered sentences, align each answer
sentence to its supporting note sentence(s).

4. Methodology

Our method draws on a human-inspired decoupling
strategy, separating question understanding, evi-
dence gathering, answer formulation, and evidence
attribution into distinct stages. We operationalize
this intuition as a modular pipeline, with each sub-
task addressed by a DSPy program whose prompts
are optimized independently. The initial prompt
templates (DSPy signatures) for all subtasks are
provided in Appendix A.

4.1. Subtask 1: Question Interpretation
We define a DSPy Signature for question inter-
pretation that instructs the LLM to transform a pa-
tient narrative into a concise clinician-interpreted
question. The signature encodes domain-specific
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heuristics: preserving key medical terms ex-
actly (procedure names, medication names, con-
dition names), using patient-specific phrasing
(“him/her/the patient”), and following high-scoring
question patterns (e.g., “Why was [X] recom-
mended to him/her?”).

The module uses ChainOfThought prompt-
ing and enforces a strict 15-word limit through
post-processing. We optimize the prompt using
MIPROv2 with a composite metric combining se-
mantic entailment (via an LLM-as-judge evaluator
assessing AlignScore-like semantic equivalence),
key term preservation, and structural conformity.

Prompt-Optimization Objective: MIPROv2
searches the space of instructions and few-shot
exemplars to maximize a weighted composite of
semantic alignment (60%), key term preservation
(25%), and question structure (15%) on the
development set.

4.2. Subtask 2: Evidence Identification
For each question–note pair, we classify each note
sentence as essential or irrelevant. Given the clini-
cal note with sentences s1, s2, . . . , sn and gold la-
bels yi ∈ {essential, supplementary,not-relevant},
the model predicts binary labels ŷi ∈ {0, 1}.

The classification uses a two-step process. First,
for each sentence, we generate reasoning about
why it is or is not essential using dedicated rea-
soning signatures (EssentialReasoning and
NonEssentialReasoning). These reasoning
traces serve as few-shot demonstrations for the
main classifier. Second, a MedicalAnswerWith-
Citations signature classifies all sentences
jointly, providing a relevancy score (0–10) and rea-
soning for each.

Prompt-Optimization Objective: We invoke
MIPROv2 to optimize the classification prompt,
maximizing the sentence-level F1 between pre-
dicted and gold essential sentences:

F1(Y
+, Ŷ +), Y + = {i | yi = essential},

Ŷ + = {i | ŷi = 1}.

Self-Consistency Voting: The classifier is exe-
cuted R = 5 times on the same input with stochas-
tic sampling (temperature 0.8). The final label is
obtained by majority vote:

vi =

R∑

r=1

ŷ
(r)
i , ŷi =

{
1 if vi ≥ ⌈R/2⌉,
0 otherwise.

This suppresses spurious single-run errors and
retains sentences identified as essential by at least
three of five passes.

4.3. Subtask 3: Answer Generation
Given a question q and the set of essential sen-
tences E = {si | ŷi = 1} from Subtask 2,
Stage 3 produces a concise answer agen (≤75
words). The GroundedMedicalAnswer signa-
ture encodes key constraints: the answer must use
only facts from the clinical notes, preserve exact
clinical terminology, write in professional register,
and avoid citation markers.

To further improve answer quality, we employ
a consolidation step: the model generates R = 5
candidate answers using stochastic sampling (tem-
perature 0.9), and a separate consolidation prompt
selects claims consistently supported across can-
didates to produce a single final answer.

Prompt-Optimization Objective: MIPROv2 op-
timizes the answer generation prompt using an
LLM-as-judge metric that evaluates: faithfulness to
the clinical notes, medical completeness (concept
coverage), lexical similarity to the reference, and
coherence (structure and register).

4.4. Subtask 4: Evidence Alignment
Given a question q, clinical note sentences, and ref-
erence answer sentences a1, . . . , am, the method
must produce alignment links (aj , si) mapping each
answer sentence to its supporting note sentence(s).

We introduce a three-stage pipeline:

Stage A – Initial Alignment: The Evi-
denceAlignment signature instructs the model
to align each answer sentence to note sentences
that directly support it, outputting confidence
scores for each link. The prompt explicitly warns
against both over-citing and under-citing.

Stage B – Self-Reflection: The SelfReflec-
tion signature critically reviews the initial align-
ment to identify and remove false positive links
(indirect or inferential connections) and add any
clearly missing links. This step primarily targets
precision improvement.

Stage C – Chain-of-Verification: The Chain-
OfVerification signature performs a final veri-
fication pass, checking each link against three crite-
ria: (i) does the answer sentence directly reference
information from the note sentence? (ii) would re-
moving the note sentence cause the answer sen-
tence to lose specific evidence? (iii) is the connec-
tion direct rather than inferential?

Confidence-Weighted Majority Voting: The full
three-stage pipeline is executed R times with
stochastic sampling. For each answer–evidence
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link, we count votes across runs and compute aver-
age confidence. A link is retained only if it receives
at least ⌈R/2⌉ votes and the average confidence
exceeds a threshold τc = 0.9. This dual filtering
mechanism balances recall and precision.

5. Experimental Setup

Dataset: We evaluated our method on the
ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026a), which contains patient ques-
tions alongside clinical note excerpts derived from
the MIMIC database, with sentence-level relevance
annotations and reference answers with answer–
evidence alignments. The development set com-
prises 20 cases (IDs 1–20) used for prompt op-
timization. Test set sizes vary by subtask: Sub-
tasks 1–3 evaluate on 47 cases (IDs 121–167),
while Subtask 4 evaluates on 147 cases (IDs 21–
167), reflecting the staged data release schedule.

Evaluation Metrics: Each subtask is evaluated
independently. Subtask 1 (Question Interpreta-
tion) is evaluated using ROUGE, BERTScore, Align-
Score, and MEDCON. Subtask 2 (Evidence Iden-
tification) uses Precision, Recall, and F1 over pre-
dicted vs. gold evidence sentences, with strict
(essential-only) and lenient (including supplemen-
tary) variants. Subtask 3 (Answer Generation)
uses BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), SARI (Xu et al., 2016), BERTScore (Zhang
et al., 2020), AlignScore (Zha et al., 2023), and
MEDCON (Yim et al., 2023). Subtask 4 (Evidence
Alignment) uses Precision, Recall, and F1 over pre-
dicted alignment links.

LLM Configuration: Across all subtasks, we em-
ploy the GPT-4.1 model accessed via the Azure
OpenAI API. We chose GPT-4.1 for its strong
instruction-following capabilities and large con-
text window, which are critical for processing
lengthy clinical notes. For prompt optimization with
MIPROv2, we use temperature 0.3 to ensure deter-
ministic optimizer feedback. For self-consistency
runs, we use temperature 0.7 (Subtask 2), 0.8 (Sub-
task 4), and 0.9 (Subtask 3) to capture model un-
certainty. The maximum context window is set to
10,000 tokens for Subtasks 2–4 and 2,000 tokens
for Subtask 1. All other decoding parameters (e.g.,
top-p, frequency and presence penalties) are held
at API defaults. We estimate the computational
cost per case at approximately 5 LLM calls for Sub-
task 1, 25 calls (5 self-consistency runs × 5 rea-
soning steps) for Subtask 2, 6 calls for Subtask 3
(5 candidates + 1 consolidation), and 15–25 calls
for Subtask 4 (3 stages × R runs).

Team Overall R.L. B.S. A.S. M.C.
HealthNLLP_Ret. 31.2 35.3 46.8 24.0 18.7
KPSCMI 30.8 27.8 41.0 26.4 27.9
OptiMed 29.9 28.8 43.1 27.7 19.9
Neural1.5 (Ours) 28.9 31.3 43.6 15.2 25.6
Yale-DM-Lab 27.1 28.2 40.6 19.7 19.8

Table 1: Subtask 1: Question Interpretation results
on the test set. Bold = best, underlined = second
best.

6. Results

Tables 1–4 present per-subtask results, and Table 5
summarizes rankings across all four subtasks.

Subtask 1: Question Interpretation. Our
method achieves an overall score of 28.9, rank-
ing 4th among 13 teams (Table 1). Our MED-
CON score of 25.6 is the second highest, indicating
strong preservation of medical concepts. The rel-
atively lower AlignScore (15.2) suggests room for
improvement in semantic alignment with reference
questions, possibly due to differences in question
framing style.

Subtask 2: Evidence Identification. Our
method ranks 1st with an overall Strict Micro F1
of 63.7 (Table 2), demonstrating the effectiveness
of the prompt-optimized classification with self-
consistency voting. Notably, our method achieves
strong performance across all evaluation granu-
larities: Strict Micro (P=60.2, R=67.6, F1=63.7),
Lenient Micro (P=77.8, R=67.6, F1=72.4), and the
highest Lenient Macro F1 of 73.1. This balanced
profile avoids the extreme precision-recall trade-
offs seen in some competing methods—for exam-
ple, Yale-DM-Lab achieves the highest recall (75.7)
but at the cost of the lowest precision (52.3).

Subtask 3: Answer Generation. We rank 4th
with an overall score of 35.2 (Table 3). Our method
achieves competitive BLEU (9.4) and AlignScore
(34.3) results, with the latter being the second high-
est among all teams. Our MEDCON score of 40.9
ranks 4th, indicating reasonable preservation of
medical concepts in the generated answers. The
answer consolidation step, which aggregates five
candidate answers via majority-supported claims,
helps ensure factual consistency.

Subtask 4: Evidence Alignment. Our method
achieves a Micro F1 of 78.6, ranking 7th among 15
teams (Table 4). The three-stage pipeline (align-
ment, self-reflection, chain-of-verification) com-
bined with confidence-weighted majority voting
yields high precision (84.3), though recall (73.7)
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Strict Micro Lenient Micro Strict Macro Lenient Macro
Team Overall P R F1 P R F1 P R F1 P R F1
Neural1.5 (Ours) 63.7 60.2 67.6 63.7 77.8 67.6 72.4 64.3 69.7 64.8 81.9 69.7 73.1
OptiMed 63.2 56.7 71.3 63.2 73.1 71.3 72.2 61.5 73.0 64.1 78.1 73.0 72.9
UIC-AIHealth4All 62.9 59.3 67.0 62.9 74.3 67.0 70.4 61.8 69.2 63.0 77.8 69.2 70.5
Yale-DM-Lab 61.9 52.3 75.7 61.9 68.0 75.7 71.6 56.7 75.5 61.1 73.8 75.5 70.4
TJU222 61.4 54.6 70.0 61.4 74.4 70.0 72.2 61.4 70.3 60.6 78.9 70.3 70.7
TAMU-NLP-Lab 60.9 56.7 65.9 60.9 76.0 65.9 70.6 63.0 66.7 59.9 80.0 66.7 69.1

Table 2: Subtask 2: Evidence Identification results on the test set.

Team Overall BLEU R.L. SARI B.S. A.S. M.C.
WisPerMed 36.3 9.9 27.8 58.6 46.8 31.7 43.1
TAMU-NLP-Lab 36.2 9.7 27.4 59.6 46.2 34.5 39.9
BIT.UA-AAUBS 35.6 8.6 26.4 60.0 45.0 30.2 43.2
Neural1.5 (Ours) 35.2 9.4 25.6 57.7 43.5 34.3 40.9
HealthNLP_Ret. 34.6 7.0 25.4 59.2 43.8 33.6 38.7
OptiMed 34.5 5.7 25.2 56.5 43.1 37.4 39.1

Table 3: Subtask 3: Answer Generation results on the test set.

Team Overall M.P. M.R. M.F1
BIT.UA-AAUBS 81.5 88.0 75.9 81.5
WisPerMed 81.3 86.9 76.3 81.3
Yale-DM-Lab 80.4 83.3 77.7 80.4
OptiMed 80.3 80.7 79.8 80.3
UIC-AIHealth4All 79.8 83.6 76.3 79.8
tt501 79.1 78.2 80.1 79.1
Neural1.5 (Ours) 78.6 84.3 73.7 78.6
KPSCMI 78.1 86.2 71.5 78.1

Table 4: Subtask 4: Evidence Alignment results on
the test set. Overall = Micro F1.

Team ST1 ST2 ST3 ST4 Mean↓
OptiMed 3 2 6 4 3.75
Neural1.5 (Ours) 4 1 4 7 4.00
WisPerMed 6 12 1 2 5.25
HealthNLLP_Ret. 1 7 5 9 5.50
KPSCMI 2 8 – 8 6.00
Yale-DM-Lab 5 4 13 3 6.25
TAMU-NLP-Lab 11 6 2 – 6.33
BIT.UA-AAUBS 13 10 3 1 6.75

Table 5: Summary of rankings across all four
subtasks for teams that participated in at least
three subtasks. Mean Rank is computed over
participated subtasks (lower is better). “–” = non-
participation.

is somewhat lower. The conservative confidence
threshold (τc = 0.9) favors precision over recall,
reflecting our design choice to minimize false align-
ment links.

Cross-Subtask Consistency. Table 5 highlights
a key strength of our approach: consistent perfor-

mance across all four subtasks. With a mean rank
of 4.00 across subtasks, our method is second only
to OptiMed (3.75) among teams participating in all
four subtasks. While several teams achieve top
ranks on individual subtasks (e.g., WisPerMed on
ST3, BIT.UA-AAUBS on ST4), they exhibit more
variance across the full task suite. Our modular
prompt optimization framework delivers robust per-
formance without specializing in any single subtask
at the expense of others.

7. Conclusion

We present a modular approach for all four sub-
tasks of the ArchEHR-QA 2026 shared task, lever-
aging DSPy’s MIPROv2 optimizer to autonomously
discover high-performing prompts for each stage.
For Subtask 1, the method transforms patient nar-
ratives into concise clinician queries optimized for
semantic alignment. For Subtask 2, sentence-level
evidence classification with self-consistency vot-
ing achieves the best F1 score among all partici-
pants. For Subtask 3, answer generation with multi-
candidate consolidation produces grounded, clin-
ically faithful responses. For Subtask 4, a novel
three-stage alignment pipeline with self-reflection
and chain-of-verification enables precise answer–
evidence grounding. Across all four subtasks, our
method achieves a mean rank of 4.00 (Table 5), the
second best among teams participating in all sub-
tasks, underscoring the consistency of our modular
design.

Our results demonstrate that systematic prompt
optimization, combined with self-consistency mech-
anisms, is a cost-effective and competitive alterna-
tive to model fine-tuning across diverse clinical QA
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tasks. Future work may explore integrating external
medical knowledge, cross-subtask feedback (e.g.,
using Subtask 1 outputs to improve Subtask 2),
and extending the approach to longer clinical docu-
ments.

8. Limitations

Despite competitive performance, our method has
several limitations. The pipeline treats each sub-
task largely independently, missing potential syner-
gies (e.g., using evidence identification results to
constrain answer generation). The self-consistency
mechanism increases computational cost by a fac-
tor of R (typically 3–5 runs per input). The confi-
dence threshold for Subtask 4 was tuned on the
small development set (20 cases) and may not gen-
eralize optimally. Additionally, the method relies on
GPT-4.1, making it dependent on a proprietary API,
and has not been evaluated on notes from insti-
tutions beyond MIMIC. The conservative design
choices (high confidence thresholds, strict majority
voting) favor precision over recall, which may not
be ideal for all clinical use cases.

9. Prompts and Code Availability

To promote transparency and reproducibility, we
release all manual and optimized prompt templates,
together with our full pipeline implementation at our
GitHub repository.1 The initial prompt templates for
all subtasks are included in Appendix A.
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A. Prompt Templates

This appendix presents the core prompt templates
(DSPy signatures) used in our method. These
are the initial templates provided to MIPROv2; the
optimizer refines the instructions and selects few-
shot demonstrations automatically. Full optimized
prompts are available in our repository.

A.1. Subtask 1: Question Interpretation

Prompt Template: Question Interpretation

Transform a patient’s narrative into a concise clinical
question (≤15 words) that a clinician would need to
answer by reviewing the patient’s medical record.
Core Constraints:
1. ≤15 words, strictly enforced.
2. Patient-specific: use “him/her/the patient” —

never generic.
3. Preserve medical terms: use exact proce-

dure/medication names from the narrative.
4. Must end with a question mark.
High-Scoring Patterns:

Patient’s concern Target pattern
“Why did they do X?” “Why was [X] recom-

mended to him/her?”
“Will I recover?” “What is the expected

course of recovery for
him/her?”

“Why X instead of Y?” “Why was [X] recom-
mended over [Y]?”

“Why was I given med-
ication?”

“Why was he/she given
[medication]?”

“Is this related to. . . ?” “Are his/her [symptoms] re-
lated to [condition]?”

Input: Patient narrative.
Output: Concise clinician question (≤15 words).

Inference mode: ChainOfThought prompting with
post-processing to enforce the word limit.

A.2. Subtask 2: Evidence Identification

Prompt Template: Reasoning Demonstrations

Essential Reasoning: Given a patient narrative,
patient question, clinician question, and a clinical
note sentence, provide reasoning for why this note
sentence is essential to address the question.

Non-Essential Reasoning: Given the same inputs,
provide reasoning for why this note sentence is not
essential to address the question.

Purpose: These two prompts are used at train-
ing time to generate per-sentence reasoning traces,
which serve as few-shot demonstrations for the clas-
sifier below.
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Prompt Template: Evidence Classifier

You are a medical assistant.
1. You are provided with a patient narrative, patient

question, and clinician question.
2. You are provided with the clinical notes related to

the case.
Classify each clinical note sentence as either essen-
tial or irrelevant in addressing the patient question
and clinician question. Provide a relevancy score
(0–10) and reasoning for each.
Be very critical when assigning the essential tag.
Only assign it if the note sentence is directly relevant
to the specific question asked.
First-Order Relevance Only: A note is essential
only if it directly answers or provides evidence for
the question. Background context or treatment sum-
maries are not essential.

Input: Patient narrative, patient question, clinician
question, clinical notes.
Output per note: <id>: <sentence> ->
essential|irrelevant -> <score> ->
<reasoning>

Inference: Run R=5 times at temperature 0.8; ma-
jority vote determines the final label.

A.3. Subtask 3: Answer Generation

Prompt Template: Grounded Answer Generation

You are a medical assistant answering a patient’s
question using only information from the clinical note
excerpt.
Constraints:
1. Answer must be at most 75 words (∼5 sen-

tences).
2. Use only facts stated in the clinical note. Do not

add outside medical knowledge, generic advice,
or speculation.

3. Write in professional clinical register (not simpli-
fied lay language).

4. Do not include citation markers such as [1], [2].
5. Reuse exact clinical wording and terminology

from note sentences as much as possible.
6. The last sentence must directly answer the pa-

tient’s question.

Input: Patient narrative, patient question, clinician
question, clinical note excerpt.
Output: Concise grounded answer (≤75 words).

Inference: Generate R=5 candidates at tempera-
ture 0.9; consolidate via a separate prompt that re-
tains only claims consistently supported across can-
didates.

Prompt Template: Answer Consolidation

You are a clinical answer consolidation system.
Given a patient question and 5 candidate answers
generated from a clinical note:
1. Retain only claims consistently supported across

the candidate answers.
2. Ground strictly in clinical note content—do not

add external knowledge or speculate.
3. Use professional medical register.
4. Limit to 75 words (∼5 sentences).
5. Do not include patient names or identifying infor-

mation.
Output only the final consolidated answer.

A.4. Subtask 4: Evidence Alignment

Prompt Template: Stage A — Initial Alignment

You are a medical evidence alignment specialist.
Align each answer sentence to the specific clinical
note sentence(s) that directly support it.
Alignment Rules:
1. Align only when the answer sentence directly

paraphrases, summarizes, or references infor-
mation explicitly stated in the note sentence.

2. Do not align based on indirect associations, back-
ground context, or inferential connections.

3. Over-citing (unnecessary links) and under-citing
(missing links) are both penalized.

4. Each answer sentence must be attributed to at
least one note sentence. If no direct support ex-
ists, choose the closest note sentence and assign
a low confidence (0.10–0.30).

Input: Patient narrative, patient question, clinician
question, clinical note sentences, answer sentences.
Output per answer sentence:
answer_sentence_k: [note_ids] (confi-
dence=[scores])

Prompt Template: Stage B — Self-Reflection

You are a strict reviewer performing self-reflection
on an evidence alignment task. Critically review the
initial alignment and identify:
1. False positives (primary focus): links where the

answer does not directly use information from the
linked note sentence. Remove these.

2. False negatives (secondary focus): missing links
where an answer sentence clearly paraphrases
or references a note sentence. Add only when
direct and explicit.

Produce a corrected alignment with updated confi-
dence scores.

Additional input: Initial alignment from Stage A.
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Prompt Template: Stage C — Chain-of-
Verification

You are a verification specialist. For each alignment
link (answer sentence k→ note sentence i), verify:
1. Does answer sentence k directly paraphrase or

reference specific information from note sentence
i?

2. If note sentence i were removed, would answer
sentence k lose a specific piece of evidence it
relies on?

3. Is the connection direct (not through inference or
intermediate reasoning)?

If any check fails, remove the link. Return the final
verified alignment.

Additional input: Reflected alignment from Stage B.
Post-hoc: Run the full three-stage pipeline R times;
retain a link only if votes ≥ ⌈R/2⌉ and average con-
fidence ≥ 0.9.
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Abstract
Despite the demonstrated promise of Large Language Models in medical question answering, existing work largely
addresses closed-form, exam-style tasks and overlooks complex open-ended questions requiring reasoning over
noisy, long clinical documents. In this work, we present our system, OptiMed, submitted to the ArchEHR-QA 2026
shared task on grounded clinical question answering over EHR notes. We combine GEPA, an evolutionary prompt
optimization framework, with multi-agent majority voting across five diverse LLMs and a structured clinical abstraction
strategy for question interpretation. OptiMed ranked 1st overall among teams completing all four subtasks with an
average score of 52.0, achieving top AlignScore in both Question Interpretation and Answer Generation, reflecting
strong factual grounding. GEPA optimization proved effective for structured tasks with sufficient development data,
but failed to generalize on complex generative tasks under very limited number of supervisions. Multi-agent majority
voting consistently lifted performance in evidence-oriented subtasks. Prompt analysis attributes GEPA’s gains to role
prompting and procedural decomposition and failures to over-specification under limited supervision.

Keywords: Clinical Question Answering, Electronic Health Records, Prompt Optimization, Multi-Agent Framework

1. Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in Medical Ques-
tion Answering (QA), achieving expert-level perfor-
mance across academic medical knowledge bench-
marks and real-world clinical judgment tasks (Nori
et al., 2023; Liévin et al., 2024; Singhal et al., 2025).
Despite their success, such evaluations remain
confined to exam-style, closed-form QA, failing to
capture the complexity of open-ended patient ques-
tions that require reasoning over noisy, lengthy clin-
ical documents (Bardhan et al., 2024) and ground-
ing in the patient’s unique medical history.

Yet few works have addressed the effective-
ness of LLMs on Clinical QA over patient-specific
records (Ahsan et al., 2024; AlMannaa et al., 2025),
with most efforts focusing on condition identifica-
tion or implicit diagnosis over EHRs (Pan et al.,
2025; Albassam et al., 2025). Such tasks are well-
structured and limited in scope. Other work fo-
cuses on EHR QA dataset development, which is
instrumental in enabling downstream applications
(Bardhan et al., 2022; Kweon et al., 2024).

With the growing burden of patient portal mes-
saging on clinician time (Martinez et al., 2024; Man-
dal et al., 2024), LLM-powered QA workflows of-
fer great promise for assisting clinicians through
automatically generating EHR-grounded answers.
Yet most efforts focus on patient question genera-
tion (Liu et al., 2024), with limited work on answer
generation and existing studies of deployments re-
lying on shallow, category-triggered EHR context
with narrow evaluation of clinical adoption (Garcia

Figure 1: Overall Approach Diagram.

et al., 2024; Bootsma-Robroeks et al., 2025). The
ArchEHR-QA shared task aims to bridge this gap
through the development of benchmarks and sys-
tems for holistic patient QA, spanning from question
interpretation to evidence-grounded answer gener-
ation over free-form EHR notes (Soni et al., 2025;
Soni and Demner-Fushman, 2026).

While fine-tuning LLMs on EHR records offers
a promising avenue, its usability is hindered by
high computational costs, task diversity and the
scarcity of quality clinical annotations. Prompting
frameworks have emerged as a superior alterna-
tive, surpassing fine-tuned LLMs in both general
Medical QA (Maharjan et al., 2024) and Clinical QA
tasks (Ray et al., 2026). Yet the effectiveness of
prompting is contingent on prompt quality. Prior
work has explored prompt engineering including
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few-shot and Chain of Thought (CoT) for Clinical
NLP tasks (Sivarajkumar et al., 2024), yet despite
impressive zero-shot performance, such prompts
remain task-specific, hand-crafted and unreliable
across diverse question types (Zhu et al., 2024).
Such ad-hoc approaches lack scalability and gen-
eralizability for evidence retrieval (Karayanni et al.,
2024), while recent work has shown that jointly op-
timizing instructions and few-shot demonstrations
outperforms standard prompting on Clinical EHR
QA (Bogireddy et al., 2025).

In this work, we use GEPA (Agrawal et al., 2025),
an evolutionary prompt optimization framework,
combining it with multi-agent majority-voting en-
abling faithful and well-grounded question interpre-
tation and answer synthesis without manual prompt
engineering. We demonstrate our approach in Fig-
ure 1.

2. Related Work

Patient Question Interpretation has been stud-
ied as consumer health question summarization
(Ben Abacha and Demner-Fushman, 2019; Basu
et al., 2025), with work exploring transfer (Yadav
et al., 2021b) and reinforcement learning (Yadav
et al., 2021a). Element-aware generation, where
key medical entities are extracted before synthesis,
reduces hallucinations and achieves the highest
entailment without few-shot prompting (Basu et al.,
2025), while larger LLMs in zero-shot settings sur-
pass fine-tuned models and show lower error rate
than experts (Van Veen et al., 2023). Our approach
adopts an entity-aware, template-driven abstraction
strategy directly motivated by these findings.
Clinical EHR QA: Despite being explored across
structured and unstructured data, Clinical EHR
QA still remains underexplored and challenging
(Bardhan et al., 2024). While emrQA (Pampari
et al., 2018) established QA grounded on clini-
cal EHRs, EHRNoteQA (Kweon et al., 2024) ex-
tended this to real longitudinal notes. AlMannaa
et al. (2025) show performance benefits of hybrid
RAG pipelines for retrieving relevant EHR sections
in open-form QA, while highlighting challenges with
long context and longitudinal reasoning. McInerney
et al. (2023) and Ahsan et al. (2024) explored zero-
shot prompting for EHR feature extraction and evi-
dence retrieval respectively, flagging hallucinations.
With real-world deployments remaining shallow
and lacking grounded evidence retrieval (Bootsma-
Robroeks et al., 2025), ArchEHR-QA (Soni and
Demner-Fushman, 2026) directly addresses ev-
idence identification and alignment over clinical
notes.
Prompt Optimization demonstrates consistent
gains over manual designs on QA tasks (Yang et al.,
2023; Guo et al., 2023). Karayanni et al. (2024)

show that expert-guided refinement outperforms
both manual and automated optimization for clini-
cal note classification, while Bogireddy et al. (2025)
show that jointly optimizing instructions and demon-
strations via MIPROv2 substantially outperforms
zero-shot and few-shot baselines on grounded clin-
ical note QA. Unlike MIPROv2’s Bayesian search
over fixed proposals, GEPA samples task trajec-
tories and reflects on them to diagnose prompt
failures and evolve candidates, significantly outper-
forming MIPROv2 (Agrawal et al., 2025). Here we
employ GEPA alongside a multi-agent framework.
Multi-agent Voting: Multi-agent frameworks in-
cluding debating reduce hallucination and improve
performance (Du et al., 2024; Mao et al., 2025),
with majority voting identified as the primary driver
of these gains (Choi et al., 2025). In medical set-
tings, collaborative multi-agent frameworks show
strong zero-shot performance (Kim et al., 2024;
Tang et al., 2024), with Hwang et al. (2025) achiev-
ing top performance on grounded EHR QA via se-
quential agent collaboration with dynamic expert
recruitment, and majority voting outperforming de-
bating in clinical QA abstract screening (Akinseloyin
et al., 2026). Building on these findings, we employ
majority voting across five diverse LLMs to leverage
complementary model strengths.

3. Task Description

The ArchEHR-QA shared task addresses patient
health question answering grounded in EHRs,
spanning four subtasks:
T1 – Question Interpretation: Given patient ques-
tion q, generate a concise clinician-interpreted
query q̂′ capturing the clinical rationale without in-
troducing new facts.
T2 – Evidence Identification: Given q, clinician-
interpreted query q′ and the numbered sentences
from the clinical note excerpt, {s1, . . . , sn}, identify
the minimal sufficient set of sentences Ŷ + = {i |
ŷi = essential} to answer q, remaining faithful
to the excerpt even when it only partially addresses
the question.
T3 – Answer Generation. Given q, q̂′ and
{s1, . . . , sn}, generate a concise grounded answer
directly addressing q, without speculation or use of
external knowledge.
T4 – Evidence Alignment. Given q, q̂′,
{s1, . . . , sn} and answer a = {as1 , . . . , asm}, pro-
duce a many-to-many alignment mapping each
answer sentence asj to the note sentences that
directly support it, yielding predicted pairs [asj , si].

3.1. Dataset and Evaluation
Data: The ArchEHR-QA 2026 dataset (Soni and
Demner-Fushman, 2026) pairs patient-authored
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questions q with clinical note excerpts from MIMIC
(Johnson et al., 2016). Gold q′ and a are provided
where applicable (see Table 1). For Task 2 the
sentence-level labels are: essential / supple-
mentary / non-relevant.

Subtask Dev Test Provided Inputs
T1: Patient Qn. 120 47 q

T2: Evidence 20 47 q, q′, {si}ni=1

T3: Answer 20 47 q, q′, {si}ni=1

T4: Alignment 20 147 q, q′, {si}ni=1, a

Table 1: Dataset splits and inputs per subtask.

Evaluation: Each subtask is evaluated with au-
tomatic metrics as shown in Table 2. For Task 2,
strict (only essential) and lenient (not penalizing
supplementary) F1 variants are reported.

Metric T1 T2 T3 T4
P / R / F1 • •
BLEU (Papineni et al., 2002) •
ROUGE (Lin, 2004) • •
SARI (Xu et al., 2016) •
BERTScore (Zhang et al., 2019) • •
AlignScore (Zha et al., 2023) • •
MEDCON (Yim et al., 2023) • •

Table 2: Evaluation metrics per subtask.

4. Methodology

Our approach implements a systematic multi-stage
pipeline using DSPy (Khattab et al., 2023), applied
independently per subtask. We first iterate over
multiple DSPy signatures, selecting the best strat-
egy per task (§4.1). Following model selection
across various LLMs under standardized clinical
constraints (§4.2), we apply GEPA prompt optimiza-
tion (§4.3) with task-specific textual feedback sig-
nals. For structured prediction (Tasks 2 and 4),
we further employ multi-agent voting to improve
reliability (§4.4).

4.1. DSPy Signature Iteration
We define multiple DSPy signatures per subtask,
iterating over single and multi-step modules across
different task-solving approaches. We experiment
with two prompting strategies, vanilla zero-shot and
chain-of-thought (CoT), holding the base signature
fixed during GEPA optimization.

4.2. Model and Strategy Selection
We evaluate several state-of-the-art LLMs opti-
mized for reasoning and zero-shot capabilities,
comparing performance across standard inference

and native reasoning modes. This ensures a stan-
dardized comparison of each model’s inherent abil-
ity to adhere to clinical constraints, helping us iden-
tify the best candidate for evidence-grounding and
answer generation over EHRs.

4.3. GEPA Prompt Optimization
After establishing base performance, we apply
GEPA (Agrawal et al., 2025) within DSPy to au-
tomatically optimize module instructions. GEPA op-
erates as a teacher–student loop where a teacher
model samples trajectories from the student model
to analyze failures and propose improved instruc-
tions. Formally, GEPA searches for the optimal
prompt P ∗:

P ∗ = argmax
P∈P

1

|Dtrain|
∑

(x,y∗)∈Dtrain

R (fθ(x; P ), y∗)

(1)
where P ∈ P is a candidate prompt, fθ(·; P ) is the
student LLM conditioned on P , (x, y∗) is a training
pair and R is the task-specific feedback reward.

Optimization targets two components sequen-
tially:
(1) instruction tuning, where the teacher diag-
noses student errors and rewrites instructions
evolved from the Pareto frontier and
(2) few-shot bootstrapping, where high-quality
demonstrations are automatically selected to ac-
company the optimized prompt.

We evaluate both stages during develop-
ment. However, bootstrapped demonstrations
did not overperform instruction-optimized zero-
shot prompting, possibly due to the small number
of examples available in dev set for demonstra-
tions. Therefore all of our reported results reflect
the instruction-optimized zero-shot prompting ap-
proach.
Feedback Signal: During initial evaluation (§4.1,
4.2) we use per-task metric averages (§3.1). During
GEPA optimization, we additionally provide textual
feedback alongside the numerical score to guide
the teacher model when proposing new prompt can-
didates. For generative tasks (Tasks 1 and 3), an
LLM judge (§A.2) generates a natural language ex-
planation of how the student’s output diverges from
the gold reference. For structured prediction tasks
(Tasks 2 and 4), we construct explicit feedback that
identifies false positives (incorrectly predicted sen-
tences) and false negatives (missed sentences) in
the predicted evidence or alignment lists.

4.4. Multi-Agent Voting
For structured Tasks 2 and 4, we aggregate pre-
dictions from five LLMs via voting. After testing
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Team Avg T1 T2 T3 T4
O. R BS AS MED S.F1 O B R SARI BS AS MED F1

OptiMed(ours) 52.0 29.9 28.8 43.1 27.7 19.9 63.2 34.5 5.7 25.2 56.5 43.1 37.4 39.1 79.1
Neural 51.6 28.9 31.3 43.6 15.2 25.6 63.7 35.2 9.4 25.6 57.7 43.5 34.3 40.9 80.3

WisPerMed 50.8 26.9 21.8 38.0 21.7 26.3 58.8 36.3 9.9 27.8 58.6 46.8 31.7 43.1 81.5
HealthNLP_R. 50.7 31.2 35.3 46.8 24.0 18.7 60.2 34.6 7.0 25.4 59.2 43.8 33.6 38.7 79.8
Yale-DM-Lab 50.1 27.1 28.2 40.6 19.7 19.8 61.9 31.0 9.1 23.1 56.5 37.2 22.1 37.6 67.2

BIT.UA-AAUBS 48.7 19.0 17.9 29.4 8.7 20.2 58.8 35.6 8.6 26.4 60.0 45.0 30.2 43.2 80.4
sebis 45.9 25.6 22.9 36.9 21.4 21.3 51.6 31.5 3.8 22.0 56.6 39.3 33.9 33.4 74.8

Table 3: Results on the ArchEHR-QA 2026 test set for teams completing all four subtasks, ranked by
average overall score. O. = Overall, B = BLEU, R = ROUGELsum, BS = BERTScore, AS = AlignScore,
MED = MEDCON (UMLS), S.F1 = Strict Micro F1, F1 = Micro F1.

different voting thresholds, we find strict majority
(≥ 3/5) to perform best:

ŷi = 1

[
5∑

k=1

ŷ
(k)
i ≥ 3

]
(2)

improving reliability and recall while suppressing
single-model errors. The shared agent instruction
was optimized via GEPA. We further investigate
the effect of upstream evidence quality on Tasks 3
and 4 by using the multi-agent ensemble evidence
from Task 2 as input in a two-step approach.

5. Experimental Setup

All models are accessed via OpenRouter with no
fine-tuning.
GEPA Teacher: gemini-3.0-flash, selected
for its performance, context size, and efficiency as
the optimizer.
Single-model Inference: glm-4.7, with strong
instruction-following and cost efficiency.
Multi-agent Voting: Ensemble of the five fol-
lowing zero-shot LLMs: deepseek-v3.2, glm-
4.7, gemini-3.0-flash, gpt-5.2, and kimi-
k2.5, maximizing diversity across training data, ar-
chitecture, and provider, identified as the key driver
of majority voting gains (Akinseloyin et al., 2026).
GEPA Prompt Optimization Setup: For GEPA op-
timization, the development data is partitioned into
train, validation and held-out test subsets: 80/20/20
for Task 1 (120 examples) and 7/3/10 for Tasks
2, 3, and 4 (20 examples). GEPA iterates over
the training subset, using textual feedback to pro-
pose new prompt candidates, committing each only
if it improves performance on the validation sub-
set. The held-out test subset is used for selecting
the best-performing overall system configuration
across models and approaches prior to final evalu-
ation on the shared task test set.
Inference Parameters: All single-model runs use
greedy decoding (temperature = 0), while ensem-
ble runs use temperature = 0.3 to promote output

diversity. A maximum of 32,000 output tokens is
used throughout. Where supported, native rea-
soning was disabled, as enabling it yielded worse
performance on the dev set.

6. Results

Table 3 shows performance across teams complet-
ing all four subtasks. OptiMed ranked 1st overall
among 7 full-task teams with a score of 52.0, and
among all 23 teams ranked 3rd in T1 (29.9), 2nd
in T2 (63.2), 6th in T3 (34.5), and 4th in T4 (80.3).
Notably, we achieve the top AlignScore across all
teams in both Tasks 1 and 3, reflecting superior
factual grounding relative to the ground truth, avoid-
ing hallucination which is particularly meaningful
in medical settings. These results demonstrate
that GEPA optimization and multi-agent majority
voting complement each other across tasks, form-
ing a strong candidate for clinical settings, though
GEPA’s gains are contingent on sufficient dev set
size for reliable prompt optimization. We discuss
task-specific findings below.

Model Task 1 Task 2 Task 3
glm-4.7 35.7 50.1 37.3
gemini-3.0-flash 26.5 37.5 40.5
kimi-k2.5 – 50.1 37.1
gpt-5.2 21.6 49.1 38.4
sonnet-4.5 23.9 37.3 –

Table 4: Model performance on dev set.

Model Selection: Table 4 shows individual model
performance on the dev set (see Table 1). glm-
4.7 achieves the highest scores on Tasks 1 and 2,
making it a strong choice for a single base model on
these tasks. On Task 1, it specifically surpasses all
other models by a very large margin. However, on
Task 3 gemini-3.0-flash has the best perfor-
mance, motivating its selection as the base model
for answer generation using GEPA, with glm-4.7
retained as a strong candidate for its consistently
high performance across tasks.
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System O. R BS AS MED
Base prompt + CoT 27.8 26.0 40.5 22.6 22.0
GEPA 29.3 28.5 42.8 23.6 22.3
GEPA + CoT 29.9 28.8 43.1 27.7 19.9

Table 5: Zero-shot performance for Task 1 with
glm-4.7 model on test set.

Question Interpretation: Motivated by the supe-
riority of element-aware generation (Basu et al.,
2025), our base prompt identifies the patient’s con-
cern, extracts relevant medical entities (symptoms,
events and therapies) and maps them to a stan-
dard query template based on the question type
(treatment, cause, plan questions, care questions)
with emphasis on clinical formalization. Clinical
formalization refers to the structured reframing of
informal patient language into a concise, clinician-
facing query (see Appendix A.1). Table 6 shows
results for three systems using glm-4.7, where
GEPA yields a 1.5-point gain over the base prompt,
with CoT providing further improvements.

System S.F1 S.P S.R L.F1 L.P L.R
GEPA w. q, q′ 59.4 57.8 61.0 67.1 74.6 61.0
GEPA w. q 61.9 52.0 76.6 71.0 66.2 76.6
GEPA w. q 63.2 56.7 71.3 72.2 73.1 71.3+ Multi-agent (3)

Table 6: Zero-shot performance on Task 2 with
glm-4.7 on test set on micro F1. S. = Strict, L. =
Lenient.

Evidence Identification: With glm-4.7 remain-
ing the best on the dev set, we compare two GEPA
variants: providing q only versus both q and q′. The
latter yields higher Precision but lower Recall and
overall lower F1, showing that q′’s conciseness
focuses evidence selection more narrowly. Multi-
agent majority voting (3/5) across five diverse LLMs
achieves the best overall performance.

System O. B R SARI BS AS MED
GEPA (Gemini) 30.0 4.2 23.4 54.6 41.5 23.8 32.5Multi-Agent from T2 (thr=2)
GEPA (Gemini) 31.1 5.2 23.9 55.0 42.1 26.3 33.9Multi-Agent from T2 (thr=3)
Base prompt (GLM) 34.5 5.7 25.2 56.5 43.1 37.4 39.1

Only GLM from T2

Table 7: Zero-shot performance on Task 3 test set.
T2 denotes using the Task 2 evidence output as
input in a two-step approach.

Answer Generation: We adopt a two-stage ap-
proach, using Task 2 evidence as input for Task
3. For generation, the simpler base prompt using
glm-4.7 significantly outperforms the GEPA vari-
ant using gemini-3.0-flash for both the major-
ity (3 out of 5 LLMs) and lenient (2 out of 5 LLMs)
multi-agent voting variants. Additionally, the ma-
jority (strict) variant of voting surpasses the lenient
across all the metrics. We attribute GEPA’s failure
to the task complexity and diversity in combination

with the small dev set, which provides insufficient
signal to reliably distinguish prompt quality from
instance-level variance.

System Micro F1 Micro P Micro R
Base prompt + CoT

Multi-Agent from T2 (thr=3)
62.6 64.3 61.0

Base prompt + Multi-agent (3) 80.3 80.7 79.8
GEPA + Multi-agent (3) 79.3 80.5 78.1

Table 8: Zero-shot performance on Task 4 with
glm-4.7 model on test set. T2 denotes using the
Task 2 evidence output as input in a two-step ap-
proach, while Multi-agent refers to a single-step
multi-agent approach without Task 2 input.

Evidence Alignment: Based on our Task 2 find-
ings, we omit q′. A two-step approach using Task 2
evidence identification followed by glm-4.7 CoT
alignment yielded poor performance, likely due
to error propagation and single-model high uncer-
tainty. Switching to single-step multi-agent majority
voting that does not use Task 2 as input improved
results, with the base variant outperforming GEPA,
consistent with our Task 3 finding that GEPA fails
to generalize on small dev sets and complex tasks
such as many-to-many evidence alignment.

6.1. GEPA-Optimized Prompts Insights
Base and GEPA-optimized prompts per task are
provided in Appendix A.1. For Tasks 1 and 2, where
GEPA outperformed the base prompt, gains appear
driven by role prompting that places the model in
a clinical context (i.e. You are a reliable expert
clinician) and fine-grained procedural instructions
that decompose the task into verifiable steps. For
Tasks 3 and 4, the GEPA prompts are markedly
more complex, introducing formal auditing frame-
works and domain-specific sub-rules. We hypothe-
size that the combination of inherently more com-
plex tasks with very limited training examples pro-
duces high variance in the optimization signal, caus-
ing the teacher model to over-specify instructions
rather than learning robust task-level patterns, re-
sulting in prompts that do not generalize well.

7. Conclusion

We present OptiMed, combining GEPA prompt
optimization and multi-agent majority voting for
grounded clinical EHR question answering, rank-
ing 1st overall among teams completing all four
subtasks and achieving the top AlignScore in gen-
erative tasks. GEPA proved effective where train-
ing signal was sufficient, while multi-agent voting
yielded notable gains on complex structured predic-
tion tasks. For complex tasks with small dev sets,
GEPA underperformed base prompts, highlighting
the importance of sufficient supervision signal.
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8. Limitations

While GEPA optimization shows benefits, it is sen-
sitive to development set size, conditioning its suc-
cess on the quality and quantity of clinical anno-
tations, especially for complex generative tasks.
The real performance gains under greater data
availability therefore remain to be examined. Re-
garding cost, multi-agent voting across five LLMs
amplifies inference costs compared to single-LLM
counterparts, which may hinder deployment in real
clinical settings. Our system is evaluated on a sin-
gle benchmark dataset, and thus generalization to
other EHR systems with different structures and
more diverse patient populations remains untested.
Additionally, the effectiveness of such a system for
patients from diverse racial and ethnic backgrounds
remains unknown, as their conditions and clinical
reasoning patterns may be underrepresented in
LLM training data, potentially compromising both
accuracy and fairness. Finally, while our system
achieves strong automatic metric performance, the
clinical validity of generated answers and evidence
alignments has not been verified through human
expert evaluation which is essential before any real-
world deployment.
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A. Appendix

A.1. Base versus GEPA-Optimized
Prompts

For each Task we show the hand-crafted Base
prompt alongside the GEPA-optimized prompt.

Task 1 – Question Interpretation

Base Prompt – Task 1

Analyze a patient’s story to figure out the patient’s
main concern/question and formulate the single
question a clinician would use to look up in the EHR
record.

Task:

1. Locate the specific Conflict, Gap of information,
or Confusion:

• Is it about a Treatment Choice?
• Is it about a Cause?
• Is it about the Future/Plan?
• Is it about Quality of Care?

2. Identify the main Event/Condition, Symptom,
and Therapy:

• Are any of these directly related to the
patient’s question?

• If yes, only then include them in the output
question.

3. Map to a Standard Clinical Query Template:

• Treatment→ “Why was [Therapy] recom-
mended/given?”

• Cause → “Is [Symptom] related to
[Event/Condition]?”

• Plan→ “What is the expected course of
recovery?” or “What should the patient
do?”

• Care→ “Why was [Diagnosis/Treatment]
delayed?” or “Why was [Decision]
made?”

GEPA-Optimized Prompt – Task 1

Act as a clinical intake specialist. Your task is to
extract the core medical concern from a patient’s
narrative and rephrase it into a single, professional
Clinician Question.

Follow these steps:

1. Identify the Medical Catalyst: Locate primary
symptoms (e.g., “numbness,” “chest pain”),
specific events (e.g., “rat bite,” “surgery”), or
medications mentioned.

2. Filter the “Noise”: Remove all emotional con-
text, pleasantries, expressions of gratitude,
and conversational fillers.

3. Synthesise the Query: Formulate the ques-
tion focused on the clinical objective—seeking
a diagnosis (What caused X?), causality (Was
X caused by Y?), or triage (Should I take ac-
tion?).

4. Maintain Terminology: Use the patient’s spe-
cific language for symptoms and medications
but organise it with professional structure.
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5. Standardise the Phrasing:

• Use simple starters: “What caused. . . ”,
“Was the. . . ”, “Should I. . . ”, “Is it ex-
pected. . . ”, “Why was. . . ”.

• Convert vague worries like “What hap-
pened?” into “What did the findings
show?” or “What caused these symp-
toms?”.

• Convert “Is that normal?” to “Is it expected
for [symptom] to occur?”.

• Ensure the final output is a single, concise
sentence a clinician can address immedi-
ately.

Task 2 – Evidence Identification

Base Prompt – Task 2

Given a patient’s medical question and a numbered
set of sentences from a clinical note excerpt, identify
the sentences that are essential to answering the
question.

A sentence is essential if removing it would leave
the answer to the patient’s question incomplete —
it directly provides clinical evidence (findings, pro-
cedures, results, reasoning, or recommendations)
that addresses what the patient asked.

The goal is precision: include every sentence with-
out which the answer would be incomplete, but ex-
clude sentences that merely provide context or are
unrelated.

GEPA-Optimized Prompt – Task 2

You are a reliable expert clinician. Given a patient’s
medical narrative and a numbered set of sentences
from a clinical note excerpt, identify all sentence IDs
that are essential to answering the question.

Definition of “Essential”: A sentence is essential
if its removal results in an incomplete answer. It
must provide direct clinical evidence, including:

1. Findings & Results: Specific test results, di-
agnoses, or negative findings that rule out or
confirm a condition.

2. Clinical Reasoning: The rationale behind a di-
agnosis or treatment path, including evidence
of clinical deterioration that justified a proce-
dure.

3. Recommendations & Action Plans: Specific
follow-up instructions, including doctor names
or specialties for further care.

4. Safety Information (Red Flags): Warning
signs the patient is told to monitor and report
immediately.

Exclusion Criteria: Exclude sentences providing
only general context, hospital pleasantries, technical

procedural details without outcome relevance, or
redundant information.

Strategy by Question Type:

• Recovery / “What do I do?” : Include prognosis,
follow-up plan, and red flags.

• “Is it connected?” : Include positive evidence
and significant negatives used to rule out con-
nections.

• “Why this procedure?” : Focus on failure of prior
treatments, worsening lab trends, and obstruc-
tions found.

Output: Provide only a list of the essential sentence
IDs.

Task 3 – Answer Generation

Base Prompt – Task 3

You are a medical expert tasked with answering a
patient’s question using only information explicitly
stated in the provided clinical note excerpt.

Task: Using only the essential sentences identified
by the provided indices, write a response that directly
and faithfully addresses the patient’s question.

Rules:

• Use only facts explicitly stated in the clinical
note. Do not speculate or infer beyond what is
documented.

• If the note does not fully answer the question,
answer what can be supported and acknowl-
edge the gap. Do not fabricate information.

• Write in clear, simple language a patient or
family member can understand.

• Do not include citations, sentence numbers, or
references.

• Write a 3rd-person, concise, plain prose re-
sponse directly addressing the patient’s ques-
tion.

• Keep the answer under 75 words (≈5 sen-
tences).

GEPA-Optimized Prompt – Task 3

You are a medical expert assistant. Extract and
translate key clinical information from a patient’s
medical record into a concise, medically precise
explanation for the patient or their family.

Task Instructions:

1. Strict Evidence Filtering: Use only the sen-
tences corresponding to the provided evi-
dence_ids.

2. Focus on Clinical Reasoning: Explain why
medical actions were taken by connecting phys-
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ical exam findings and diagnostic results to
treatments.

3. Symptom Documentation: Incorporate all
symptoms and physical exam findings men-
tioned in the filtered evidence.

4. Synthesise Findings: Do not include specific
lab values or exact dosages; use interpreta-
tions instead (e.g., “elevated muscle enzymes”
rather than “CK peaking at 1405”).

5. Closing the Loop: Directly address the pa-
tient’s concern with an evidence-based answer.

Strict Rules:

• Factuality: Do not use outside medical knowl-
edge.

• Tone & Perspective: Write in the 3rd person.
Use simple, clear sentences while retaining
professional terminology.

• Format: Max 75 words; no citations or sen-
tence numbers; single seamless paragraph.

• Goal of Care: Explicitly mention any transi-
tion to comfort measures or major shift in the
direction of care if evidenced.

Task 4 – Evidence Alignment

Base Prompt – Task 4

Ground each sentence of a clinical answer to the
specific sentence(s) in the clinical note excerpt that
directly support it.

Alignment Rules:

• Operate at the answer-sentence level: each
answer sentence maps to zero, one, or more
note sentences.

• Only link a note sentence when it provides di-
rect, specific support — not merely topical over-
lap.

• Alignments are many-to-many: one note sen-
tence may support multiple answer sentences
and vice versa.

• Answer sentences derived entirely from clini-
cal knowledge outside the excerpt map to an
empty list.

• Cite only note sentences that genuinely ground
the claim in the answer sentence.

GEPA-Optimized Prompt – Task 4

You are a clinical data analyst performing a high-
fidelity audit of patient-facing explanations. Map
simplified Answer Sentences to original Note Sen-
tences using the standard of Minimal Sufficient
Proof.

Core Principles:

1. Minimal Sufficient Proof: Select the small-

est set of note sentences that together provide
100% factual support. Apply the Redundancy
Test: if removing a note sentence leaves the
claim fully proven, remove it.

2. Strict Claim Decomposition: Break each an-
swer sentence into atomic claims. Every claim
must have an explicit corresponding fact in the
note; if any claim is missing or only implied, the
alignment for that sentence is [].

3. Cross-Sectional Mapping: If an answer sen-
tence uses both technical and layman terms,
select both the technical evidence and the sum-
mary evidence — but do not include underlying
data when a single discharge instruction sen-
tence already covers the claim.

Domain-Specific Rules:

• Cardiac rule-outs: Require both diagnostic
data (troponins/EKGs) and the physician’s con-
clusion.

• Musculoskeletal pain: Require physical exam
findings and the clinical conclusion.

• Follow-up instructions: Must identify doc-
tor/specialty, timeframe/test, and purpose; in-
complete matches align to [].

• Headers: Include only if the header is the sole
source of the specific diagnosis in the answer
sentence.

Output Format: Precede alignments with a Rea-
soning section listing atomic claims and justifying
the minimal evidence set, followed by a JSON-style
dictionary: {"1": [i, j], "2": [], "3":
[k]}.

A.2. LLM Judge Prompts for GEPA
Optimization

For generative tasks (Tasks 1 and 3), GEPA uses
an LLM judge to generate concise textual feedback
by comparing the student’s output against the gold
reference, guiding the teacher model in proposing
improved prompt candidates.

549



Judge Prompt — Task 1: Q. Interpretation

You are an expert Medical QA evaluator. You
are evaluating a system’s ability to transform
a free-text, patient-authored narrative into a
clear and concise clinician-interpreted ques-
tion. The goal is to maximize the similarity
between the predicted clinical question and
the gold question.

Feedback guidelines:
• Should be general and not focused on this

sample.
• Should be concise and focused only on why

the prediction differs from the gold.
• Should guide the system on how to improve

its performance on this task in general.
• Do not include samples from the provided

narrative.
• Keep it under 20 words.

Judge Prompt — Task 3: Answer Generation

You are an expert Medical QA evaluator. You
are evaluating a system’s ability to answer a
patient-authored question using only informa-
tion explicitly stated in the provided clinical
note excerpt. The goal is to maximize the sim-
ilarity between the predicted answer and the
gold answer.

Feedback guidelines:
• Should be general and not focused on this

sample.
• Should be concise and focused only on why

the prediction differs from the gold.
• Should guide the system on how to improve

its performance on this task in general.
• Do not include samples from the provided

narrative.
• Keep it under 20 words.
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Abstract
Electronic Health Records (EHRs) contain rich clinical information and provide an important data source for
medical question answering. However, generating reliable answers grounded in patient-specific clinical evidence
remains challenging. In this work, we participate in the ArchEHR-QA 2026 shared task and focus on Subtask 2
(Evidence Identification) and Subtask 3 (Answer Generation). For evidence identification, we explore both traditional
learning-to-rank methods and large language models (LLMs), and propose a two-stage LLM framework that improves
prediction stability through few-shot prompting and self-reflection reasoning. For answer generation, we design an
intent-aware few-shot prompting framework to generate concise answers grounded in clinical evidence. Experimental
results show that our approach achieves strong performance despite limited training data. On the official leaderboard,
our system ranks 5th in Subtask 2 and 2nd in Subtask 3. These results demonstrate that combining evidence-driven
reasoning with the generative capabilities of LLMs is an effective approach for EHR-based clinical question answering.

Keywords: Electronic Health Records (EHR), Clinical Question Answering, Evidence Identification, Answer
Generation

1. Introduction

Electronic Health Records (EHRs) digitally store
and manage patient health information, including
medical history, laboratory results, medications,
and clinical procedures, providing essential data
for clinical decision-making and research. With the
widespread adoption of EHR systems and patient
portals, clinicians receive increasing numbers of
patient inquiries, many of which arise from patients
reviewing and questioning their health information
(Cronin et al., 2015; Irizarry et al., 2015). These
inquiries not only increase clinicians’ workload but
also consume substantial clinical resources.

Although prior work has explored automated
health question answering (QA), such as clinical
and biomedical QA systems (Ben Abacha and
Demner-Fushman, 2019; Pampari et al., 2018), rel-
atively limited attention has been paid to leverag-
ing patient-specific clinical records and grounding
answers in explicit clinical evidence. Generating
personalized, evidence-supported responses from
EHR data therefore represents a promising direc-
tion for improving clinical efficiency and providing
patients with reliable health information.

The ArchEHR-QA 2026 shared task evaluates
EHR-based question answering systems through
four subtasks emphasizing evidence grounding and
clinical interpretability. Subtask 1 (Question In-
terpretation) converts patient free-text questions
into concise clinical queries understandable to clin-
icians. Subtask 2 (Evidence Identification) extracts
key evidence sentences from clinical notes required
to answer the question. Subtask 3 (Answer Gen-

eration) produces concise answers grounded in
the selected evidence. Subtask 4 (Evidence Align-
ment) evaluates the alignment between answers
and their supporting evidence.

In this work, we focus on Subtasks 2 and 3,
which form a natural reasoning pipeline in EHR
question answering: evidence identification deter-
mines the information basis for answer generation,
while answer generation produces patient-oriented
explanations grounded in the selected evidence
(Ben Abacha and Demner-Fushman, 2019).

For Subtask 2, we explore both traditional
learning-to-rank methods (Cao et al., 2007; Burges,
2010) and large language models (LLMs) for evi-
dence identification. We propose a two-stage LLM-
based evidence identification framework, which
performs initial predictions using few-shot prompt-
ing and improves prediction stability through self-
reflection reasoning and ensemble voting.

For Subtask 3, we adopt a few-shot intent-aware
prompting framework based on LLMs to generate
concise and evidence-grounded answers. By lever-
aging the reasoning capability of LLMs, the system
can produce answers consistent with clinical evi-
dence even under limited training data.

Our approach achieves competitive performance.
On the official ArchEHR-QA 2026 leaderboard, our
system ranks 5th in Subtask 2 (Evidence Identi-
fication) and 2nd in Subtask 3 (Answer Genera-
tion). These results demonstrate that combining
evidence-driven reasoning strategies with the gen-
erative capabilities of large language models pro-
vides an effective solution for EHR-based clinical
question answering.
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2. Related Work

2.1. Evidence Identification
Evidence identification aims to extract a minimal set
of sentences from clinical notes that support answer
generation. Early approaches relied on rule-based
systems or keyword matching, such as evidence
extraction using regular expressions or ontology-
based medical terms (Demner-Fushman and Lin,
2007). With the development of deep learning, su-
pervised sentence-level models were introduced,
treating evidence identification as a binary clas-
sification task to determine whether a candidate
sentence supports the answer (Chakraborty et al.,
2020). These models often extract entities and rela-
tions as features by performing information extrac-
tion tasks including clinical named entity recognition
(NER) and relation extraction (RE). Recently, large
language models (LLMs) have been applied to evi-
dence identification, enabling zero-shot or few-shot
evidence prediction through strong semantic un-
derstanding (Singhal et al., 2023). However, most
existing studies focus on biomedical literature or
general medical QA, while evidence retrieval from
patient-specific EHR data remains underexplored,
particularly under small datasets where balancing
precision and recall is challenging.
2.2. Answer Generation
The goal of answer generation is to produce con-
cise and accurate responses grounded in evidence.
Early medical QA systems mainly relied on in-
formation retrieval or template-based generation,
where retrieved evidence snippets were directly as-
sembled into answers, often lacking fluency and
flexibility (Ben Abacha and Zweigenbaum, 2015;
Ben Abacha and Demner-Fushman, 2019). With
the development of deep learning, neural genera-
tion models have been increasingly applied, learn-
ing relationships among questions, evidence, and
answers to produce more natural responses (Pam-
pari et al., 2018; Jin et al., 2019; Lee et al., 2020).
More recently, large language models (LLMs) have
demonstrated strong capabilities, generating coher-
ent responses under zero-shot or few-shot settings
(Singhal et al., 2023; Nori et al., 2023). However,
most existing studies focus on medical exam ques-
tions or biomedical literature, while answer gen-
eration for patient-specific EHR data remains un-
derexplored, particularly under small-scale training
settings where maintaining both answer reliability
and evidence traceability is challenging.

3. Data and Evaluation Metrics

3.1. Data
The ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026b,a) is organized at the case level.

The development set contains 20 cases (Cases
1–20). Each case consists of the following compo-
nents:

• Patient Narrative: a free-text description of
the patient’s symptoms or health concerns
from the patient perspective.

• Clinician Question: a concise clinical ques-
tion formulated by a clinician based on the
patient narrative.

• Patient–Question Phrases: key phrases in
the narrative annotated as relevant to the pa-
tient’s question.

• Clinical Note Excerpts: sentence-level ex-
cerpts from clinical notes, where each sen-
tence is labeled as essential, supplementary,
or not relevant. The notes are derived from the
MIMIC database.

• Clinician Answer: a reference answer writ-
ten by a clinician. Each answer sentence is
supported by zero or more sentences from the
clinical note excerpts.

• Case Metadata: metadata including the case
ID, clinical specialty, and EHR source.

In addition to the development set, the dataset
includes Cases 21–120, which lack annotated evi-
dence labels for the clinical note excerpts. To ad-
dress the lack of annotated training data, we em-
ploy a large language model (LLM) to automatically
annotate evidence sentences from the clinical note
excerpts based on the clinician answers. The re-
sulting LLM-annotated data are used as training
data for Task 2 (Evidence Identification), while the
original development set (Cases 1–20) is used as
the validation set. Furthermore, the official test set
for Task 2 and Task 3 includes 47 additional cases
(Cases 121–167), which follow a structure similar to
the development set but do not include annotated
evidence labels or clinician answers, and are used
solely for evaluation.

Although the original annotations include three
relevance labels, we cast the task as a binary clas-
sification problem since Task 2 evaluation and Task
3 clinician answers primarily rely on essential evi-
dence. Specifically, only essential sentences are
treated as gold evidence, while the other two cate-
gories are merged into not-essential. In the devel-
opment set, the label distribution consists of 121
essential and 307 not-essential sentences, reflect-
ing a class imbalance.

3.2. Evaluation Metrics
Task 3: Answer Generation. We evaluate an-
swer generation using a diverse set of automatic
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metrics that capture different aspects of answer
quality. BLEU and ROUGE measure n-gram over-
lap between generated and reference answers.
BERTScore evaluates semantic similarity between
generated and reference texts. SARI (Xu et al.,
2016) measures text editing quality by comparing
added, deleted, and retained n-grams with respect
to the reference. AlignScore (Rogers et al., 2023)
assesses semantic and factual alignment using a
trained scoring model that evaluates the consis-
tency between generated and reference answers.
MEDCON (Yim et al., 2023) evaluates medical con-
sistency by checking whether clinically relevant in-
formation is preserved without contradiction. To-
gether, these metrics provide a comprehensive
evaluation of lexical similarity, semantic alignment,
content faithfulness, and clinical correctness.

4. Methods

In this section, we describe in detail the approaches
we explored for Task 2 and Task 3.

4.1. Task 2: Evidence Identification

4.1.1. Task Formulation

Given a clinician question q, a patient narrative p,
and a set of candidate sentences extracted from
clinical notes S = {s1, s2, . . . , sn}, the goal of ev-
idence identification is to identify sentences that
provide key evidence for answering the question.

Although the original annotations contain three la-
bels (essential, supplementary, and not-essential),
only essential sentences are treated as gold evi-
dence during evaluation. We therefore formulate
the task as a sentence-level relevance prediction
problem: yi ∈ {0, 1}, where yi = 1 indicates that
sentence si is an essential evidence sentence.

Since each case contains multiple candidate sen-
tences, we further model the task as a sentence
ranking problem by learning a scoring function

scorei = f(q, p, si), si ∈ S (1)
such that evidence sentences receive higher scores
than non-evidence sentences.

4.1.2. Ranking-based Evidence Identification

Evidence Ranking Model To model the rele-
vance between the question and candidate sen-
tences, we adopt a cross-encoder architecture.
Unlike bi-encoders that encode the query and
sentence independently, the cross-encoder jointly
encodes the question–sentence pair, enabling
fine-grained token-level interactions (Reimers and
Gurevych, 2019; Nogueira and Cho, 2019). Since
each case contains only a small number of candi-
date sentences, the additional computational cost
remains manageable.

We initially experimented with incorporating the
clinical specialty and the patient narrative p into
the query representation. However, empirical re-
sults show little improvement compared with using
only the clinician question q. This is likely because
the clinician question already summarizes the key
information from the patient narrative, while the nar-
rative often contains additional background details
that are less relevant for evidence selection. There-
fore, we use only the question q as the query input
in the final model. For each question–sentence
pair (q, si), the input sequence is constructed as
xi = [CLS] q [SEP] si [SEP]. The sequence is fed
into an encoder fθ, and the hidden representation
of the [CLS] token is used as the sentence-pair
representation:

hi = fθ(xi)[CLS] (2)

A linear layer is then applied to compute the rele-
vance score:

scorei = Whi + b (3)

Learning Objectives We explore three learning
strategies: pointwise classification, pairwise
ranking, and listwise ranking, and further investi-
gate hybrid objectives that combine classification
and ranking signals.

Pointwise Classification We first model the task
as a sentence-level binary classification problem.
The probability of a sentence being evidence is
computed as

pi = σ(scorei). (4)
The training objective is the binary cross-entropy
(BCE) loss:

Lpoint = −
∑

i

[yi log pi + (1− yi) log(1− pi)] . (5)

Since evidence sentences are much fewer than
non-evidence sentences, we apply weighted BCE
loss to alleviate class imbalance (Lin et al., 2017).

Pairwise Ranking To learn the relative ordering
of sentences, we adopt pairwise learning-to-rank.
For each case, we construct positive–negative sen-
tence pairs (s+, s−). To reduce training difficulty,
we perform hard negative mining, selecting the top-
k hardest negative sentences (i.e., those with the
highest predicted scores). The margin ranking loss
is defined as:

Lpair = max(0,m− scorepos + scoreneg). (6)

This objective encourages

scorepos > scoreneg +m. (7)

thereby improving the model’s ability to distinguish
evidence sentences from hard negatives.
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Listwise Ranking We also explore listwise rank-
ing, which learns sentence ranking at the case level.
Given model scores scorei, we compute a proba-
bility distribution:

Pi =
exp(scorei)∑
j exp(scorej)

. (8)

The target distribution assigns probability mass
only to gold evidence sentences:

Gi =
yi∑
j yj

. (9)

The listwise loss is defined as

Llist = −
∑

i

Gi logPi. (10)

Hybrid Objectives To combine the benefits of
classification and ranking signals, we further ex-
plore hybrid objectives:
Pointwise + Pairwise:

L = αLpoint + (1− α)Lpair. (11)

Pointwise + Listwise:

L = αLpoint + (1− α)Llist. (12)

where α is a weighting coefficient.

Inference During inference, the model computes
a score scorei or probability pi for each candidate
sentence and applies several strategies to deter-
mine the number of evidence sentences.

Fixed Threshold We first select evidence sen-
tences using a fixed probability threshold:

Ê = {si | pi ≥ τ}. (13)
where the threshold τ is tuned on the development
set to maximize Strict Micro-F1. If no sentence ex-
ceeds the threshold, the sentence with the highest
score is selected.

Score-Gap Selection To adaptively determine
the number of evidence sentences, we adopt a
score-gap strategy. Candidate sentences are first
sorted by their scores: score(1) ≥ score(2) ≥ · · · ≥
score(n). We then compute the score difference
between adjacent sentences:

gapi = score(i) − score(i+1). (14)

The largest gap typically indicates the boundary
between evidence and non-evidence sentences:

k = argmax
i

gapi. (15)

The top-k sentences are selected as predicted evi-
dence: Ê = {s(1), . . . , s(k)}.

Adaptive Soft Dynamic-k We further propose an
Adaptive Soft Dynamic-k method that determines
the number of evidence sentences based on pre-
diction uncertainty. Sentence scores are first nor-
malized with softmax:

pi =
exp(scorei)∑
j exp(scorej)

. (16)

We then compute the normalized entropy of the
distribution:

Hnorm = −
∑

i pi log pi
log(n)

. (17)

A dynamic threshold is defined as
τ = τ0 + λHnorm, (18)

where τ0 and λ are tuned on the development set.
Sentences are sorted by probability and accumu-
lated until

k∑

i=1

pi ≥ τ. (19)

This yields a dynamic number of evidence sen-
tences k. When the prediction distribution is con-
centrated (low entropy), only a few high-confidence
sentences are selected; when it is more dispersed
(high entropy), more sentences are retained. This
helps preserve important evidence and provides
more reliable support for answer generation.

4.1.3. LLM-based Evidence Identification

To explore the capabilities of large language mod-
els (LLMs) for evidence identification, we design a
two-stage LLM framework that combines retrieval-
based few-shot prompting and self-reflection rea-
soning to improve prediction accuracy and stability.

Retrieval-based Few-shot Prompting To guide
the model toward consistent annotation patterns,
we adopt retrieval-based few-shot prompting. In-
stead of randomly selecting examples, we retrieve
several annotated cases from the development set
based on semantic similarity to the current query.

Each example contains the patient narrative, clin-
ician question, clinical note, and labels. These
examples provide explicit supervision signals that
help the model determine whether a sentence con-
stitutes key evidence.

Stage 1: Initial Evidence Prediction In the first
stage, we use Gemini-2.5-Pro to perform initial ev-
idence identification. The model receives the re-
trieved few-shot examples, patient narrative, clini-
cian question, and clinical note, and predicts struc-
tured labels for each sentence:

Y (1) = {y(1)1 , y
(1)
2 , ..., y(1)n }. (20)

Each sentence is labeled as essential or not-
essential.
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Stage 2: Self-Reflection Refinement Single-
pass LLM predictions may miss important evidence
or over-predict irrelevant sentences. To mitigate
this issue, we introduce a self-reflection stage. The
model receives the initial prediction Y (1) and re-
evaluates its decisions by checking whether key
medical evidence was missed or incorrectly labeled.
After reflection, the model produces refined predic-
tions:

Y (2) = {y(2)1 , y
(2)
2 , ..., y(2)n }. (21)

The final output is defined as Y = Y (2).

Ensemble Voting To further improve robustness,
we perform ensemble voting over multiple LLM pre-
dictions. For each sentence, we count how many
times it is labeled as essential. A sentence is pre-
dicted as essential if its vote count exceeds a pre-
defined threshold T :

yi =

{
1 vi ≥ T

0 otherwise
(22)

where vi denotes the number of essential votes.
Adjusting T allows the system to flexibly balance
precision and recall in evidence identification.

4.2. Task 3: Answer Generation
Given a clinician question q, a patient narrative n,
and the evidence E = {e1, e2, . . . , ek} identified in
Section 4.1, the goal of answer generation is to
produce an answer a grounded in the evidence.

Clinical questions often reflect different informa-
tion needs, such as treatment planning, prognosis
assessment, or interpretation of abnormal labora-
tory results. To better support clinical reasoning
and improve answer quality, we incorporate ques-
tion intent information and retrieve intent-aligned
demonstrations to guide generation. This intent-
aware strategy provides reasoning patterns that
match the question type, improving consistency
between generated answers and clinical evidence.
Our framework consists of three stages: (1) intent
identification, (2) intent-aware example retrieval,
and (3) evidence-grounded answer generation.

4.2.1. Intent Identification

We formulate intent prediction as a classification
task. For each case x = (n, q), we define a taxon-
omy of 12 clinical question intents (e.g., treatment
plan, medication safety, prognosis, and laboratory
abnormality explanation). Given a question, the
model predicts a primary intent I and optionally
a secondary intent S. The predicted intents are
generated by the DeepSeek-V3 model, yielding a
structured representation x = (n, q, I, S).

4.2.2. Intent-Aware Example Retrieval

To support in-context learning, we construct an ex-
ample pool P with intent annotations. For a test
sample xi with primary intent Ii and secondary in-
tent Si, we first retrieve candidate examples that
share the same primary intent:

Ci = {xj ∈ P | Ij = Ii}. (23)

If the number of retrieved candidates is fewer than
K, we further include examples that match the sec-
ondary intent Si. The example pool is constructed
from Cases 1–120, where each case is annotated
with intent labels. The pool covers all predefined
intent categories, ensuring that each intent type
has sufficient example support.

We then rank candidates using semantic similar-
ity. Each sample is represented as t = I ⊕ q ⊕ n,
where ⊕ denotes text concatenation. Let vq and vj

denote the embeddings of the query and candidate
example. Similarity is computed as

sim(q, xj) =
vq · vj

∥vq∥∥vj∥
. (24)

The top-K most similar examples are selected:

Di = TopKxj∈Ci
sim(xi, xj). (25)

4.2.3. Evidence-Grounded Answer
Generation

Finally, we generate answers using Gemini-2.5-Pro
conditioned on the question, evidence sentences,
intent information, and retrieved demonstrations.
The generation function can be written as

a = g(n, q, E,D). (26)

Each demonstration in D contains the patient nar-
rative, clinician question, evidence sentences, and
a reference answer, illustrating clinically grounded
reasoning. Incorporating evidence and intent infor-
mation encourages the model to generate answers
consistent with the supporting evidence.

5. Results

In this section, we present the implementation de-
tails of our approaches and report experimental
results on the development set as well as the offi-
cial evaluation results.

5.1. Implementation Details
All experiments are implemented in PyTorch with
the Transformers library and run on two NVIDIA
RTX 3090 GPUs. For ranking-based evidence
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Method
Strict Lenient

Macro Micro Macro Micro
P R F1 P R F1 P R F1 P R F1

Pointwise 0.5113 0.3692 0.3886 0.5000 0.3471 0.4098 0.5472 0.3364 0.3826 0.5476 0.3129 0.3983
Pairwise Ranking 0.4463 0.8566 0.5594 0.3820 0.8430 0.5258 0.5201 0.8225 0.6104 0.4532 0.8231 0.5845
Listwise Ranking 0.4750 0.7205 0.5462 0.4750 0.6281 0.5409 0.5437 0.6920 0.5820 0.5437 0.5918 0.5668
Pointwise + Pairwise 0.5214 0.6758 0.5617 0.5214 0.6033 0.5594 0.6000 0.6634 0.6017 0.6000 0.5714 0.5854
Pointwise + Listwise 0.5500 0.6278 0.5554 0.5500 0.5455 0.5477 0.6250 0.5881 0.5781 0.6250 0.5102 0.5618

Table 1: Results on Task 2: Evidence Identification on the development set under Strict and Lenient
evaluation settings. We report Macro and Micro Precision (P), Recall (R), and F1.

Method P R F1
Fixed Threshold 0.5214 0.6033 0.5594
Score-Gap Selection 0.4875 0.6446 0.5552
Adaptive Soft Dynamic-k 0.5469 0.5800 0.5623

Table 2: Effect of inference strategies on Task 2 un-
der the Strict setting (development set). We report
Precision (P), Recall (R), and Micro-F1.

identification, we adopt a cross-encoder architec-
ture based on BiomedNLP-PubMedBERT-base-
uncased-abstract-fulltext. We also exper-
iment with several alternative backbones, including
DeBERTa-v3-large, DeBERTa-v3-base, Bio-
ClinicalBERT, and BioBERT-base-cased-
v1.2. However, these models yield similar per-
formance on the development set, so we report the
results using PubMedBERT.

The model is trained for 10 epochs using the
AdamW optimizer with a learning rate of 2× 10−5

and weight decay of 0.01. The maximum input
length is set to 384, and gradient clipping with a
norm of 1.0 is applied. For the hybrid loss, the
weight α is set to 0.1 and margin is set to 0.2. To
ensure reproducibility, all experiments use a fixed
random seed of 42. For LLM-based methods, we
access the models through the official API.

5.2. Task 2: Evidence Identification

5.2.1. Effect of Ranking Objectives on
Evidence Identification

Table 4.2.3 reports the performance of different ev-
idence identification methods on the development
set under both Strict and Lenient evaluation set-
tings, including Macro and Micro Precision, Recall,
and F1. All experiments use a fixed threshold (0.4)
during inference for evidence selection. The re-
sults show that pointwise classification performs
the worst overall. Although it achieves relatively
high Micro Precision (0.5000) under the Strict set-
ting, its Recall is much lower (0.3471), resulting
in a Strict Micro-F1 of only 0.4098. This suggests
that modeling evidence identification as indepen-
dent sentence-level classification is insufficient to
recover all key evidence sentences, since the task

inherently requires comparing multiple candidate
sentences within the same case.

In contrast, ranking-based methods substantially
improve recall. Pairwise ranking achieves the
highest Strict Micro Recall (0.8430), while listwise
ranking also outperforms pointwise classification.
This indicates that modeling the relative relevance
among candidate sentences within each case bet-
ter matches the nature of the task.

Combining classification and ranking objectives
further improves the precision–recall balance. For
example, Pointwise + Pairwise increases Precision
while maintaining high Recall, and Pointwise + List-
wise achieves the best Strict Micro-F1 (0.5477).
Similar trends are observed under the Lenient set-
ting, where Pointwise + Pairwise obtains the high-
est Lenient Micro-F1 (0.5854).

Overall, these results suggest that modeling evi-
dence identification as a ranking problem is more
suitable, and integrating classification and ranking
signals further improves performance, particularly
under limited training data.

5.2.2. Inference Strategy Analysis

Table 4.2.3 compares three evidence selection
strategies under the Strict evaluation setting: Fixed
Threshold, Score-Gap Selection, and Adaptive Soft
Dynamic-k. All strategies are applied on top of the
Pointwise + Pairwise model during inference. Al-
though the overall F1 scores are similar, the meth-
ods exhibit different precision–recall trade-offs.

The Fixed Threshold method achieves relatively
higher recall but lower precision, indicating that a
fixed threshold tends to retain more candidate sen-
tences, increasing recall while introducing more
false positives. Score-Gap Selection achieves the
highest recall (0.6446) but the lowest precision
(0.4875). This is consistent with the intuition behind
the method: automatically determining the number
of evidence sentences based on score gaps tends
to retain more potentially relevant sentences, which
improves recall but also increases false positives.

In contrast, Adaptive Soft Dynamic-k achieves
the best Strict Micro-F1 and the highest precision
while maintaining stable recall. This suggests
that dynamically adjusting the number of evidence
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Method
Strict Lenient

Macro Micro Macro Micro
P R F1 P R F1 P R F1 P R F1

Few-shot 0.8026 0.8269 0.7917 0.7692 0.8264 0.7968 0.8231 0.7060 0.7351 0.8000 0.7075 0.7509
Few-shot +
Self-reflection 0.8523 0.8427 0.8252 0.7923 0.8512 0.8207 0.8773 0.7229 0.7679 0.8385 0.7415 0.7870

Few-shot +
Self-reflection + Voting 0.8492 0.8416 0.8229 0.7969 0.8430 0.8193 0.8702 0.7169 0.7610 0.8359 0.7279 0.7782

Table 3: Ablation study of the LLM-based evidence identification framework on Task 2 evaluated on the
development set. We report Macro and Micro Precision (P), Recall (R), and F1.

Method P R F1
Qwen3-Max 0.6944 0.8264 0.7547
Deepseek-V3 0.6809 0.7934 0.7328
Deepseek-R1 0.7500 0.7934 0.7711
GPT-4.1 0.7966 0.7769 0.7866
GPT-5.1 0.8103 0.7769 0.7932
Gemini-2.5-Pro 0.7923 0.8512 0.8207

Table 4: Effect of different LLMs on Task 2 on the
development set under the Strict evaluation setting.
We report Precision (P), Recall (R), and Micro F1.

sentences based on prediction uncertainty better
adapts to varying evidence distributions across
cases, resulting in a more balanced performance.

Overall, these results indicate that the evidence
selection strategy during inference has a substan-
tial impact on performance, and uncertainty-based
dynamic selection provides a better balance be-
tween precision and recall.

5.2.3. LLM-based Evidence Identification

Table 4.2.3 presents results of the LLM-based ev-
idence identification, including Few-shot prompt-
ing (with K = 5 retrieved in-context examples),
Few-shot + Self-reflection, and Few-shot + Self-
reflection + Voting. Few-shot prompting alone
achieves strong performance. Under the Strict set-
ting, it obtains a Micro-F1 of 0.7968, substantially
outperforming traditional ranking models. This sug-
gests that structured in-context examples effectively
guide LLMs to identify key evidence sentences.

Adding self-reflection further improves perfor-
mance. Under the Strict setting, Micro-F1 in-
creases from 0.7968 to 0.8207, with gains in both
precision and recall. Similar improvements are ob-
served under the Lenient setting. This indicates
that the reflection stage allows the model to re-
visit its initial predictions and correct missing or
redundant evidence. In contrast, adding voting
after self-reflection does not yield further improve-
ments. Although the results remain competitive,
they are slightly lower than those obtained with self-
reflection alone under both settings. A possible
explanation is that predictions across runs tend to
be highly similar, and majority voting may suppress

some infrequent but important evidence sentences,
slightly reducing recall.

Overall, these results indicate that the main per-
formance gains of LLM-based evidence identifica-
tion come from self-reflection reasoning, rather than
simple multi-run voting.

5.2.4. Comparison of LLM Backbones

Table 4.2.3 compares the performance of differ-
ent LLM backbones on the evidence identification
task. Gemini 2.5 Pro achieves the best results
(Strict Micro-F1 = 0.8207) and the highest recall
(0.8512), indicating stronger coverage in identifying
clinically relevant evidence sentences. Given the
imbalanced label distribution in the development
set (121 essential vs. 307 not-essential), recall be-
comes particularly important for capturing sparse
gold evidence. The higher recall of Gemini sug-
gests that it is more effective at retrieving relevant
evidence under this setting. The GPT models (GPT-
4.1 and GPT-5.1) also perform well, with higher
precision but slightly lower recall than Gemini, sug-
gesting a more conservative evidence selection
strategy that prioritizes precision over coverage.
Among open-source models, DeepSeek-R1 per-
forms best (Micro-F1 = 0.7711), while Qwen3-Max
and DeepSeek-V3 perform slightly worse. This indi-
cates that reasoning and instruction-following capa-
bilities are particularly important for sentence-level
evidence identification. Overall, stronger language
understanding and reasoning abilities help models
better distinguish key evidence from background
information, especially under imbalanced label dis-
tributions.

5.3. Test Set Results
Since Few-shot + Self-reflection achieved the best
performance on the development set, we adopt it as
the final method for Subtask 2. Table 4.2.3 reports
the official test results, where our system obtains
an overall score of 61.4, ranking among the top
systems in the shared task. Compared with higher-
ranked systems such as Neural and OptiMed, our
method maintains relatively high Strict Micro Recall
(70.0) but slightly lower precision. This indicates
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Method Overall Strict Micro Lenient Micro Strict Macro Lenient Macro
P R F1 P R F1 P R F1 P R F1

Neural 63.7 60.2 67.6 63.7 77.8 67.6 72.4 64.3 69.7 64.8 81.9 69.7 73.1
OptiMed 63.2 56.7 71.3 63.2 73.1 71.3 72.2 61.5 73.0 64.1 78.1 73.0 72.9
UIC-AIHealth4All 62.9 59.3 67.0 62.9 74.3 67.0 70.4 61.8 69.2 63.0 77.8 69.2 70.5
Yale-DM-Lab 61.9 52.3 75.7 61.9 68.0 75.7 71.6 56.7 75.5 61.1 73.8 75.5 70.4
TAMU-NLP-Lab (Ours) 61.4 54.6 70.0 61.4 74.4 70.0 72.2 61.4 70.3 60.6 78.9 70.3 70.7

Table 5: Official leaderboard Results on Task 2 on the test set. We report Strict and Lenient Micro and
Macro Precision (P), Recall (R), and F1 scores.

Method Overall BLEU ROUGE-Lsum SARI BERTScore AlignScore MEDCON
LLM + Evidence + Few-shot 34.80 8.97 27.35 58.87 44.80 25.92 42.89
LLM + Evidence + Few-shot Intent 36.20 9.70 27.40 59.60 46.20 34.50 39.90

Table 6: Results on Task 3: Answer Generation on the test set. We report Overall score, BLEU, ROUGE-
Lsum, SARI, BERTScore, AlignScore, and MEDCON.

Method Overall BLEU ROUGE-Lsum SARI BERTScore AlignScore MEDCON
LLM + Evidence + Intent (Low-Recall) 35.74 8.54 27.81 59.48 46.77 31.85 39.98
LLM + Evidence + Intent (High-Recall) 36.20 9.70 27.40 59.60 46.20 34.50 39.90

Table 7: Results on Task 3: Answer Generation on the test set. We report Overall score, BLEU, ROUGE-
Lsum, SARI, BERTScore, AlignScore, and MEDCON.

Team Overall BLEU ROUGELsum SARI BERTScore AlignScore MEDCON
WisPerMed 36.3 9.9 27.8 58.6 46.8 31.7 43.1
TAMU-NLP-Lab (Ours) 36.2 9.7 27.4 59.6 46.2 34.5 39.9
BIT.UA-AAUBS 35.6 8.6 26.4 60.0 45.0 30.2 43.2
Neural 35.2 9.4 25.6 57.7 43.5 34.3 40.9
HealthNLP_Retrievers 34.6 7.0 25.4 59.2 43.8 33.6 38.7

Table 8: Official leaderboard results on ArchEHR-QA 2026 task 3 (Test Set).

that the system effectively covers key evidence sen-
tences, although it may occasionally include some
non-evidence sentences. Under the Lenient set-
ting, our system achieves a Micro-F1 of 72.2 and a
Lenient Macro-F1 of 70.7, suggesting stable perfor-
mance across cases. Overall, the results show that
our approach generalizes well to the shared task
test set. Further improvements may come from
enhancing precision in evidence selection.

5.4. Task 3: Answer Generation
5.4.1. Impact of Intent-Aware Few-Shot

Retrieval

Table 4.2.3 compares two evidence-grounded an-
swer generation settings: LLM + Evidence + Few-
shot (with K = 3 retrieved in-context examples) and
LLM + Evidence + Few-shot Intent. Both methods
use evidence sentences and few-shot demonstra-
tions, while the latter additionally retrieves demon-
strations based on question intent. Introducing in-
tent information improves the Overall score from
34.80 to 36.20, indicating that the selection of few-
shot demonstrations plays an important role in clin-
ical answer generation. Compared with generic
examples, intent-matched demonstrations provide

more effective guidance for generating high-quality
responses. Across metrics, BLEU (8.97 → 9.70)
and ROUGE-Lsum (27.35 → 27.40) show slight
improvements, while BERTScore (44.80 → 46.20)
and AlignScore (25.92 → 34.50) increase more
substantially, suggesting better semantic alignment
between generated and reference answers. In addi-
tion, SARI improves from 58.87 to 59.60, indicating
better evidence integration and text restructuring.
However, MEDCON slightly decreases (42.89 →
39.90), suggesting that improved semantic rele-
vance may come at the cost of stricter medical termi-
nology consistency. Overall, intent-aware retrieval
of few-shot demonstrations significantly improves
semantic alignment and overall answer quality in
clinical answer generation.

5.4.2. Impact of Evidence Recall on Answer
Generation

Table 4.2.3 compares the Task 3 answer genera-
tion results under two evidence input settings: Low-
Recall Setting and High-Recall Setting. These two
settings are constructed by controlling the preci-
sion–recall trade-off in the evidence identification
stage. Specifically, the Low-Recall setting applies
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a stricter evidence selection criterion to retain only
high-confidence sentences, leading to higher pre-
cision but lower recall. In contrast, the High-Recall
setting adopts a more permissive selection strat-
egy, including more candidate sentences, which
increases recall but reduces precision.

Both methods use the same LLM + Evidence +
Intent framework and differ only in the coverage
of the input evidence. Overall, the High-Recall
Setting achieves a higher Overall score (36.20 vs.
35.74), indicating that broader evidence coverage
generally improves the quality of generated clin-
ical answers. Across individual metrics, this set-
ting performs better on BLEU, SARI, and Align-
Score, with the largest improvement observed in
AlignScore (31.85 → 34.50). This suggests that,
for LLMs, incorporating more evidence can signif-
icantly enhance the semantic alignment between
generated answers and reference answers. In con-
trast, the Low-Recall Setting performs slightly bet-
ter on ROUGE-Lsum, BERTScore, and MEDCON,
suggesting that a more selective evidence set may
sometimes produce answers that are more focused
and contain more compact medical concepts.

5.4.3. Leaderboard Results

Table 4.2.3 presents the official leaderboard re-
sults on the ArchEHR-QA 2026 Subtask 3 test
set. Our system (TAMU-NLP-Lab) ranks second
with an Overall score of 36.2, only slightly below
WisPerMed (36.3), demonstrating strong compet-
itiveness. Notably, our system achieves the high-
est AlignScore (34.5) among all teams, indicating
that the generated answers are most semantically
aligned with the reference answers. This suggests
that combining intent-aware generation with evi-
dence grounding helps the model better capture the
core information needs of clinical questions. Our
system also maintains competitive performance
on BLEU (9.7) and ROUGE-Lsum (27.4), showing
strong surface-level similarity with the reference
answers. However, our system does not achieve
the best results on SARI and MEDCON. For ex-
ample, BIT.UA-AAUBS obtains the highest SARI
(60.0), and both BIT.UA-AAUBS and WisPerMed
slightly outperform our system on MEDCON. This
suggests that while our approach focuses on ad-
dressing question intent, there is still room for im-
provement in text editing quality and strict medical
concept consistency.

6. Conclusion

This paper presents an evidence-grounded frame-
work for clinical question answering and conducts
a comprehensive evaluation on the ArchEHR-QA
dataset. The task is decomposed into two stages:

evidence identification (Task 2) and answer gener-
ation (Task 3). For Task 2, we explore both ranking-
based models and LLM-based evidence annota-
tion. For Task 3, we introduce an intent-aware
answer generation framework that retrieves few-
shot demonstrations based on question intent to
guide evidence-consistent responses. Experimen-
tal results show that incorporating LLM-based self-
reflection significantly improves evidence identifica-
tion, especially under limited training data, outper-
forming traditional ranking models. For answer gen-
eration, we find that evidence coverage and intent-
aware few-shot retrieval are critical: higher evi-
dence recall improves answer quality, while intent-
based example retrieval enhances semantic align-
ment between generated and reference answers.
In the ArchEHR-QA 2026 Shared Task, our sys-
tem ranks 5th in Subtask 2 and 2nd in Subtask 3,
achieving competitive performance across multiple
metrics. Future work will explore tighter integration
between evidence identification and answer gen-
eration to further improve end-to-end clinical QA
performance.
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A. Prompt for Evidence Identification

A.1. Evidence Identification Prompt (Stage 1)

We use large language model to identify sentences that are essential for answering the clinician question.
The model performs binary classification for each sentence: essential or not-essential. The prompt
template is shown below.

Task:
For each sentence, decide whether it is ESSENTIAL to answer the clinician
question.

Definitions:
- essential: directly necessary to answer the question.
- not-essential: not directly required.

Precision rule:
Only label as "essential" if removing the sentence would make answering
incomplete or incorrect.

Rules:
- Think step-by-step internally but DO NOT output reasoning.
- Output JSON only.
- Include ALL sentence ids.
- Allowed labels: "essential" or "not-essential"

===== FEW-SHOT EXAMPLES =====

Patient Narrative:
{PATIENT_NARRATIVE_EXAMPLE}

Clinician Question:
{CLINICIAN_QUESTION_EXAMPLE}

Sentences:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}
...

Correct Output:
{

"1": "essential",
"2": "not-essential",
"3": "essential"

}

===== END OF FEW-SHOT =====

Now classify:

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Sentences:
1: {SENTENCE_1}
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2: {SENTENCE_2}
3: {SENTENCE_3}
...

Output JSON only.

A.2. Self-Reflection Prompt (Stage 2)
After the initial prediction, we perform a second-pass self-reflection step where the model reviews its
previous decisions and corrects potential mistakes.
You previously classified the sentences as:

{INITIAL_PREDICTION_JSON}

Now carefully review your previous classification.

Check:
1. Is any truly essential sentence missing?
2. Is any labeled "essential" actually background?
3. Are essential sentences strictly necessary?

Revise if needed.

Rules:
- Think step-by-step internally but DO NOT output reasoning.
- Output JSON only.
- Include ALL sentence ids.
- Allowed labels: "essential" or "not-essential"

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Sentences:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}
...

Output JSON only.

B. Prompt for Answer Generation

B.1. Prompt for Clinical Question Intent Classification
We use large language model to classify the clinical intent of each question. The exact prompt used for
intent classification is shown below.
You must classify the primary intent of this clinical QA case.

Choose one primary intent from:

1. procedure_justification
2. icu_or_monitoring_necessity
3. treatment_plan
4. medication_safety
5. pathophysiology_explanation
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6. malignancy_concern
7. lab_abnormal_concern
8. recovery_duration
9. prognosis_severity
10. activity_clearance
11. persistent_unexplained_symptoms
12. neurologic_mental_status_change

Also optionally choose a secondary intent (or null).

Also assign a risk level:
low / moderate / high

Definitions:
- activity_clearance = travel, flying, oxygen removal, return to work
- malignancy_concern = fear of cancer
- pathophysiology_explanation = asking why X caused Y
- lab_abnormal_concern = abnormal lab value severity
- recovery_duration = asking how long recovery takes
- prognosis_severity = asking how serious / survival outlook
- medication_safety = tapering, toxicity, side effects
- persistent_unexplained_symptoms = chronic unexplained symptoms
- neurologic_mental_status_change = confusion, dementia, seizures
- treatment_plan = what should be done next
- procedure_justification = why surgery/procedure done
- icu_or_monitoring_necessity = why ICU or monitoring required

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Output JSON format:

{
"primary": "...",
"secondary": "...",
"risk_level": "..."

}

B.2. Answer Generation Prompt
You are a senior clinical specialist.

Your task is to generate a precise, evidence-grounded answer to the
Clinician Question using ONLY the provided Clinical Note.

PRIMARY OPTIMIZATION GOALS:

A) Maximize lexical overlap with the Clinical Note:
Reuse the exact medical terms and phrasing from the note whenever possible.
Prefer copying short clauses rather than paraphrasing.

B) Maximize clinically meaningful concept coverage:
Explicitly mention all key clinical concepts present in the note, including:
diagnoses, symptoms, procedures, imaging or laboratory tests, medications,
complications, anatomy, and clinically relevant numbers or timelines.
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STRICT RULES:

- Use ONLY information documented in the Clinical Note.
- Do NOT add external knowledge.
- Do NOT speculate beyond the note.
- Prioritize essential sentences.
- Do NOT include sentence numbers, brackets, or citations.
- Use explicit clinical nouns rather than vague pronouns.
- Write in concise professional clinical register.
- Limit to 75 words maximum.
- Use 2–4 sentences.
- Avoid filler phrases.

COMPRESSION STRATEGY:

Combine related clinical facts into high-information sentences.
Retain specific terminology such as procedure names, medication names,
and diagnoses.
Preserve original phrasing where possible to increase textual alignment.

===== FEW-SHOT EXAMPLES =====

Patient Question:
{PATIENT_QUESTION_EXAMPLE}

Clinician Question:
{CLINICIAN_QUESTION_EXAMPLE}

Example Clinical Note:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}

Example Relevant Sentences: [1, 3]

Answer:
{REFERENCE_ANSWER}

===== END OF FEW-SHOT =====

Now generate the answer.

Patient Question:
{PATIENT_QUESTION}

Clinician Question:
{CLINICIAN_QUESTION}

Clinical Note:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}

Essential Sentences:
[ID_LIST]

Final Answer (<=75 words):
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Abstract
Answering patient questions from electronic health records requires identifying relevant evidence in lengthy clinical
notes and generating faithful, patient-friendly answers. We present a systematic study of LLM prompting strategies
for both tasks, evaluating 21 evidence identification methods and 13 answer generation methods across 5 language
models. For evidence identification, we find that LLM prompting outperforms traditional retrieval (BM25, SBERT,
BioLinkBERT) by 19 F1 points, and that prompt framing alone controls precision/recall trade-offs: inclusive framing
achieves 90% recall on dev while balanced framing reaches 67% precision. For answer generation, we apply a
Constitutional AI pipeline that critiques and revises answers against five clinical faithfulness principles, improving
BLEU and ROUGE over the constrained baseline. Our analysis reveals that chain-of-thought effectiveness is strongly
model-dependent, and that simple well-designed prompts outperform complex multi-step pipelines. We evaluate our
approaches on the ArchEHR-QA 2026 shared task at CL4Health, achieving 58.0 F1 for evidence identification and
31.8 overall for answer generation.

Keywords: clinical NLP, question answering, electronic health records, evidence identification, constitu-
tional AI, large language models

1. Introduction

Patients discharged from hospitals frequently have
unresolved questions about their diagnoses, treat-
ments, and care plans (Singhal et al., 2023). Elec-
tronic health records (EHRs) contain detailed clin-
ical information that could address these ques-
tions, but the complexity and volume of clini-
cal notes make them inaccessible to most pa-
tients (Thirunavukarasu et al., 2023). Automati-
cally answering patient questions from EHR data
requires both identifying relevant evidence within
lengthy clinical notes and generating accurate, faith-
ful answers grounded in that evidence.

The ArchEHR-QA 2026 shared task (Soni and
Demner-Fushman, 2026b) addresses this chal-
lenge through three subtasks: question interpreta-
tion (Subtask 1), evidence sentence identification
(Subtask 2), and patient-friendly answer generation
(Subtask 3). We participate in Subtasks 2 and 3 as
team GigitAI.

Our approach centers on a comprehensive, sys-
tematic comparison of methods rather than a single-
system submission. For Subtask 2, we evaluate
21 methods across 5 models, spanning traditional
retrieval baselines and LLM prompting strategies.
For Subtask 3, we evaluate 13 methods including
a Constitutional AI pipeline. Our key contributions
are:

1. A systematic comparison demonstrating that
LLM prompting outperforms retrieval baselines
by 19 F1 points for clinical evidence identifica-
tion.

2. Analysis of prompt framing effects, showing
that wording controls precision/recall trade-offs
(inclusive: R=90.1, balanced: P=67.2).

3. A principle-guided critique-and-revise pipeline
(adapted from Constitutional AI) with five clini-
cal principles for answer generation, improving
BLEU by +1.18 and ROUGE-Lsum by +1.67
over the constrained baseline.

4. Analysis of model-prompt interaction effects
revealing that chain-of-thought is highly model-
dependent (helps GPT-5 but catastrophically
hurts Claude Haiku).

2. Related Work

2.1. Clinical QA from EHRs

Clinical question answering from EHRs has gained
attention with datasets such as emrQA (Pampari
et al., 2018) and EHRNoteQA (Kweon et al., 2024).
The ArchEHR-QA dataset (Soni and Demner-
Fushman, 2026a) established benchmarks for
multi-turn QA from discharge summaries, with
the 2025 shared task (Soni et al., 2025) reveal-
ing that LLM-based approaches generally outper-
formed retrieval-only methods for evidence identifi-
cation. Recent work has demonstrated that large
language models encode substantial clinical knowl-
edge (Singhal et al., 2023), though grounding an-
swers in specific patient records remains challeng-
ing.
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2.2. Evidence Extraction and Retrieval

Traditional retrieval approaches for clinical evidence
include sparse methods like BM25 (Robertson and
Zaragoza, 2009) and dense retrieval with Sentence-
BERT (Reimers and Gurevych, 2019). Domain-
specific models such as BioLinkBERT (Yasunaga
et al., 2022) and MedCPT (Jin et al., 2023) have
shown improvements for biomedical text. Clinical-
Longformer (Li et al., 2022) handles the long
sequences typical of clinical notes, while cross-
encoder reranking (Nogueira and Cho, 2019) with
models like BGE (Xiao et al., 2024) provides more
precise relevance scoring at higher computational
cost.

2.3. LLM Prompting Strategies

Chain-of-thought prompting (Wei et al., 2022) has
been shown to improve reasoning in LLMs, and self-
consistency (Wang et al., 2023) further improves
robustness by sampling multiple reasoning paths.
DSPy (Khattab et al., 2024) and its MIPROv2
optimizer (Opsahl-Ong et al., 2024) enable auto-
matic prompt optimization. Medical prompt engi-
neering has been explored through approaches
like Med-PaLM (Singhal et al., 2023) and Med-
prompt (Nori et al., 2023), which combine few-
shot ensembling with chain-of-thought for clinical
benchmarks. Bogireddy et al. (2025) achieved 2nd
place at ArchEHR-QA 2025 using DSPy-optimized
prompts with self-consistency voting.

2.4. Constitutional AI

Constitutional AI (Bai et al., 2022) was introduced
as a training-time method for aligning AI systems
to be helpful, harmless, and honest, using self-
critique against explicit principles followed by re-
inforcement learning from AI feedback (RLAIF).
While the original framework operates during model
training, its core mechanism (evaluating outputs
against a set of written principles and revising to
resolve violations) can be applied at inference time
as a prompting strategy. We adapt this principle-
guided critique-and-revise paradigm for clinical an-
swer generation, defining domain-specific princi-
ples focused on factual faithfulness, terminology
accuracy, and temporal consistency with the source
clinical notes. Our approach is also related to self-
refinement prompting (Madaan et al., 2023), which
iteratively improves outputs using self-generated
feedback; we differentiate our pipeline by ground-
ing the critique in domain-specific clinical principles
rather than general quality criteria. Our use of the
term “Constitutional AI” refers to this inference-time
adaptation rather than the full RLAIF training pro-
cedure.

3. Task Description and Data

3.1. Subtask 2: Evidence Identification
Given a patient question, its clinical interpretation,
and the full discharge summary segmented into
numbered sentences, the task is to identify which
sentences constitute essential or supplementary
evidence for answering the question. Evaluation
uses strict and lenient micro-averaged F1 scores,
where lenient scoring gives partial credit for sup-
plementary evidence.

3.2. Subtask 3: Answer Generation
Given the same inputs, generate a patient-friendly
answer in at most 75 words. Evaluation com-
bines six metrics: BLEU (Papineni et al., 2002),
ROUGE-Lsum (Lin, 2004), SARI (Xu et al., 2016),
BERTScore (Zhang* et al., 2020), AlignScore (Zha
et al., 2023), and MEDCON (Yim et al., 2023), with
the overall score being the average.

3.3. Dataset
The ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026a) consists of discharge summaries
from MIMIC-IV (Johnson et al., 2024) with patient
questions and clinician-authored answers. The
data was accessed under a PhysioNet (Goldberger
et al., 2000) credentialed data use agreement. Only
de-identified discharge summaries as provided by
the shared task organizers were used; MIMIC-IV
data is already de-identified per HIPAA Safe Harbor
standards. Three splits are available: a dev set (20
cases) with gold evidence labels, a test set released
from the 2025 shared task (Soni et al., 2025) (100
cases with gold labels, used for additional develop-
ment), and a new blind test-2026 set (47 cases) for
official evaluation. Table 1 summarizes the dataset
statistics.

Dev Test Test-2026
Number of cases 20 100 47
Avg. sentences/note 21.4 26.0 34.0
Avg. evidence sentences 7.3 – –

Table 1: Dataset statistics for ArchEHR-QA 2026.
Test is from the 2025 edition (gold labels available);
Test-2026 is the new blind evaluation set.

4. System Description

4.1. Subtask 2: Evidence Identification
We evaluate 21 methods organized into four cat-
egories (Figure 1): non-LLM retrieval baselines,
LLM prompting variants, novel methods, and hy-
brid/ensemble approaches.
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21 Evidence Identification Methods

Retrieval (8) LLM Prompting (4) Novel (5) Hybrid (4)

BM25, TF-IDF, SBERT,
BioLinkBERT, MedCPT,
Clin-Longformer, CE, BGE

Zero-shot, Inclusive,
Balanced, Stepwise (CoT)

SCEV, CEA, Decompose,
Claim-Verify, Multi-persp.

BioLink+LLM, SBERT+LLM,
Ensemble, Iterative

Figure 1: Overview of 21 evidence identification methods organized into four categories.

4.1.1. Non-LLM Retrieval Baselines

We implement eight retrieval baselines using the
patient question and clinician interpretation as
queries:
Sparse retrieval: BM25 (Robertson and Zaragoza,
2009) and TF-IDF (Manning et al., 2008) with co-
sine similarity.
Dense retrieval: Sentence-BERT (all-MiniLM-L6-
v2) (Reimers and Gurevych, 2019), BioLinkBERT-
large (Yasunaga et al., 2022), MedCPT (Jin et al.,
2023), and Clinical-Longformer (Li et al., 2022).
Reranking: Cross-encoder reranking
(MiniLM (Wang et al., 2020) bi-encoder +
cross-encoder) and BGE-large retrieval with
BGE-reranker (Xiao et al., 2024).

All retrieval methods return the top-k sentences
(k=7 for retrieval, k=5 for reranking). Notably,
SBERT, BioLinkBERT, and MedCPT produce iden-
tical scores (Table 2); with only ∼21 sentences
per note on average, these dense retrievers return
largely overlapping top-7 sets despite different em-
bedding spaces.

4.1.2. LLM Prompting

We design four prompt variants that differ in their
framing of the selection task:
Zero-shot: A minimal prompt asking the model
to identify relevant sentences and output a JSON
array.
Inclusive: Instructs the model to identify ALL rele-
vant sentences, emphasizing “it’s better to include
a marginally relevant sentence than to miss impor-
tant evidence.” This framing optimizes for recall.
Balanced: Uses a three-tier categorization (es-
sential, supporting, background) to guide selection
granularity, balancing precision and recall.
Stepwise (CoT): Decomposes the task into four
explicit steps (identify key concepts, locate relevant
sentences, find supporting context, and compile the
final list), eliciting chain-of-thought reasoning (Wei
et al., 2022).

4.1.3. Novel Methods

SCEV (Self-Consistency Evidence Verification):
Inspired by self-consistency (Wang et al., 2023),
we generate 5 evidence selections using the bal-
anced prompt at varying temperatures (0.3 to 0.9),

then apply majority voting with a 40% threshold.
Sentences selected by at least 2 of 5 samples are
retained.
CEA (Counterfactual Evidence Attribution): We
first obtain a broad candidate set using inclusive
prompting. For each candidate sentence, we test
its importance by removing it from the note and ask-
ing whether the question can still be fully answered.
Sentences whose removal renders the question
unanswerable are classified as essential.
Question Decomposition: We decompose the
patient question into sub-questions and indepen-
dently identify evidence for each, then take the
union.
Claim Verification: We extract claims from the
question, then verify each claim against individual
sentences to find supporting evidence.
Multi-Perspective: We prompt from three perspec-
tives (clinical accuracy, completeness, patient rele-
vance) and combine selections via union.

4.1.4. Hybrid and Ensemble Approaches

BioLinkBERT + LLM: Pre-filter to top-15 with Bi-
oLinkBERT, then use LLM to refine.
SBERT + LLM: Pre-filter to top-15 with SBERT,
then use LLM to refine from this candidate set.
Ensemble Voting: Run three prompts (zero-shot,
inclusive, balanced) and retain sentences selected
by at least one method.
Iterative Refinement: Generate initial selection,
self-critique for missed evidence and false positives,
then produce a revised selection.

4.2. Subtask 3: Answer Generation
We evaluate 13 methods spanning direct prompting,
multi-stage pipelines, a Constitutional AI approach,
and DSPy-optimized modules.

4.2.1. Direct Prompting Methods

Constrained: The required baseline that instructs
the model to answer using only information from the
clinical notes, with a 75-word limit and five explicit
constraints (no external knowledge, professional
terminology, acknowledge limitations).
Zero-shot: Minimal prompt with just the question
and notes.
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Balanced: Adds the clinician’s interpretation and
structured instructions for balanced coverage.

4.2.2. Multi-Stage Methods

CoT-Verified: Two-stage pipeline: (1) chain-of-
thought generation with explicit identify, locate, syn-
thesize, verify steps, followed by (2) self-verification
against the notes.
Evidence-First: Leverages Subtask 2 output by
first extracting evidence sentences, then generating
the answer from only the identified evidence.
Iterative Refinement: Three-stage generate, cri-
tique, revise pipeline using separate prompts for
each stage.
Multi-Perspective: Elicits responses from three
simulated experts (conservative, comprehensive,
patient-centered), then synthesizes a final answer.
Claim-Verified: Extracts individual claims with ev-
idence citations, then synthesizes verified claims
into a coherent answer.
Decompose-Synthesize: Decomposes the ques-
tion into 2 to 4 sub-questions, answers each in-
dependently from the notes, then synthesizes a
unified response.

4.2.3. Constitutional AI Pipeline

Our approach adapts the principle-guided critique-
and-revise mechanism from Constitutional AI (Bai
et al., 2022) as an inference-time prompting strat-
egy for clinical faithfulness. The pipeline has three
stages (Figure 2):
Stage 1 (Generate): Produce an initial answer
using the constrained prompt.
Stage 2 (Critique): Evaluate the draft against five
clinical principles:

1. All claims must be directly traceable to the
clinical notes

2. Do not speculate or make inferences beyond
documentation

3. Acknowledge when information is incomplete

4. Use exact medical terminology from the notes

5. Maintain temporal accuracy (do not confuse
past/present)

The model evaluates each principle as PASS or
FAIL with explanations.
Stage 3 (Revise): Generate a revised answer that
addresses all principle violations while maintaining
the 75-word constraint.

Clinical Notes
+ Patient Question

Stage 1: Generate
Draft Answer

Stage 2: Critique
vs. Principles

Clinical Principles:
1. Traceable to notes
2. No speculation
3. Acknowledge gaps
4. Exact terminology
5. Temporal accuracy

Stage 3: Revise
(address violations)

Final Answer
(≤75 words)

LLM

LLM

LLM

Figure 2: Constitutional AI pipeline for clinical an-
swer generation. Each stage uses a separate LLM
call. The five principles enforce clinical faithfulness
during the critique stage.

4.2.4. DSPy Optimization

Following the success of DSPy at ArchEHR-QA
2025 (Bogireddy et al., 2025), we implement three
DSPy modules optimized with MIPROv2 (Opsahl-
Ong et al., 2024):
DirectQA: Single-stage ChainOfThought answer
generation.
TwoStageQA: First extracts evidence sentence
IDs, then generates from the extracted evidence.
SelfConsistencyQA: Generates 5 candidate an-
swers and selects the most consistent one.

All modules are optimized on the 20-example
dev set using MIPROv2 with the “light” auto-
configuration. The optimization metric combines
ROUGE-Lsum similarity between the generated
and gold answers with a penalty for exceeding the
75-word limit.

5. Experimental Setup

5.1. Models
We evaluate across models from two providers:
OpenAI (API): GPT-5, GPT-4o, and GPT-5.2 (an
updated GPT-5 variant with improved instruction
following) (OpenAI, 2025).
Anthropic (AWS Bedrock): Claude Opus 4.5 and
Claude Haiku 4.5 (Anthropic, 2025).

Not all models are evaluated on all methods due
to API cost constraints; Tables 3 and 4 report the
most informative subset. Opus was evaluated only
on zero-shot for Subtask 2.

5.2. Hyperparameters
For Subtask 2, LLM methods use temperature 0.0
for deterministic output. Retrieval methods use
top-k=7 (retrieval) or k=5 (reranking). SCEV uses
5 samples at temperatures 0.3 to 0.9 with a 40%

568



voting threshold. For Subtask 3, generation uses
temperature 0.3 with max_tokens = 500, and all
outputs are truncated to 75 words.

5.3. Submission

For Subtask 2, we submit the inclusive prompt with
GPT-5, prioritizing recall. We selected lenient F1
over strict F1 as the evaluation criterion because it
assigns partial credit for supplementary evidence,
better reflecting the downstream utility of evidence
retrieval: for answer generation (Subtask 3), includ-
ing supplementary context sentences is preferable
to missing them entirely. Although other prompts
achieve higher lenient F1 (e.g., stepwise: 69.0), the
inclusive prompt’s near-complete recall (90.1% vs.
64.5% for balanced) minimizes the risk of missing
evidence that benefits Subtask 3. For Subtask 3,
we submit the constitutional method with Claude
Opus 4.5 based on the best dev overall score.

6. Results and Analysis

6.1. Subtask 2: Evidence Identification

6.1.1. Dev Set Results

Table 2 shows the dev set results comparing
non-LLM baselines and LLM methods. LLM
prompting methods substantially outperform re-
trieval baselines. The best retrieval method
(SBERT/BioLinkBERT, 46.7 strict F1) is surpassed
by the best LLM prompting (stepwise GPT-5, 65.9
strict F1), a gap of 19.2 points. Even the simplest
zero-shot prompt (64.2) outperforms all retrieval
baselines.

6.1.2. Cross-Model Comparison

Table 3 shows how prompt strategies interact with
different models. The stepwise (CoT) prompt shows
the most dramatic model-dependency: it achieves
65.9 F1 with GPT-5 but only 16.7 with Claude Haiku
4.5, a catastrophic 49-point drop. This is because
Haiku, a smaller model, struggles with the multi-
step reasoning format, often failing to produce valid
JSON output after the reasoning chain.

6.1.3. Test Results

Our test submission uses inclusive prompting with
GPT-5, achieving 58.0 lenient micro F1 (rank 12).
As discussed in Section 5.3, we prioritized recall
(90.1% on dev) over F1 to maximize evidence cover-
age for downstream answer generation, accepting
the trade-off of lower precision (45.4%).

Method Model S-F1 S-P S-R
Non-LLM Retrieval Baselines
BM25 – 39.1 36.4 42.1
TF-IDF – 41.4 38.6 44.6
SBERT – 46.7 43.6 50.4
BioLinkBERT – 46.7 43.6 50.4
MedCPT – 46.7 43.6 50.4
Clin-Longformer – 40.6 37.9 43.8
MiniLM+CE – 38.0 42.0 34.7
BGE+Rerank – 43.4 48.0 39.7
LLM Prompting Methods (GPT-5)
Zero-shot GPT-5 64.2 63.9 64.5
Inclusive GPT-5 60.4 45.4 90.1
Balanced GPT-5 65.8 67.2 64.5
Stepwise (CoT) GPT-5 65.9 59.2 74.4
Novel Methods (GPT-5)
SCEV GPT-5 64.4 60.0 69.4
CEA GPT-5 46.5 46.0 47.1
Decomposition GPT-5 42.3 39.6 45.5
Claim Verify GPT-5 50.9 57.9 45.5
Multi-persp. GPT-5 60.6 54.2 68.6
Hybrid / Ensemble (GPT-5)
BioLink+LLM GPT-5 55.5 54.8 56.2
SBERT+LLM GPT-5 53.8 69.7 43.8
Ensemble GPT-5 58.1 41.5 96.7
Iterative GPT-5 58.4 48.1 74.4

Table 2: Subtask 2 dev results (strict micro scores).
S-F1 = strict micro F1, S-P = precision, S-R = recall.
Best per column in bold.

Prompt GPT-5 5.2 4o Opus Haiku
Zero-shot 64.2 53.2 49.8 55.5 52.6
Inclusive 60.4 58.5 59.5 – 60.8
Balanced 65.8 59.9 56.4 – 57.9
Stepwise 65.9 59.4 53.2 – 16.7
SCEV 64.4 60.2 58.9 – 59.3

Table 3: Subtask 2 cross-model comparison (strict
micro F1). Opus = Claude Opus 4.5, Haiku =
Claude Haiku 4.5. GPT-5 consistently leads.

6.2. Subtask 3: Answer Generation
6.2.1. Dev Set Results

Table 4 shows the dev set results for Subtask 3.
The Constitutional AI method with Claude Opus 4.5
achieves the highest overall score (31.4), though
the margin over the constrained baseline (30.7) is
modest given the small dev set size (20 cases),
and the differences may not be statistically sig-
nificant. The improvement is primarily driven by
BLEU (+1.18) and ROUGE-Lsum (+1.67). Notably,
BERTScore is remarkably stable across methods
(34.6 to 40.3), while BLEU varies from 1.77 to 6.29,
suggesting that BERTScore is less discriminative
for this task and that overall score differences are
driven primarily by lexical overlap metrics. Note that
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AlignScore and MEDCON were not computed dur-
ing dev evaluation (both zero for all methods), so
the dev overall score averages only BLEU, ROUGE-
Lsum, SARI, and BERTScore.

6.2.2. Test Results

Our test submission uses the constitutional method
with Claude Opus 4.5, achieving an overall score
of 31.8 (rank 10).

6.3. Analysis

6.3.1. LLMs vs. Retrieval for Evidence
Identification

The most striking finding from Subtask 2 is the large
gap between retrieval baselines and LLM prompt-
ing. The best retrieval method achieves 46.7 strict
F1, while the best LLM prompt (stepwise GPT-5)
reaches 65.9, a gap of 19.2 points. This suggests
that LLMs can effectively perform the sentence-
level relevance assessment required for clinical evi-
dence identification, leveraging their understanding
of clinical context in ways that embedding similarity
alone cannot capture.

6.3.2. Prompt Framing and Precision/Recall

Our four prompt variants reveal a clear preci-
sion/recall spectrum controlled entirely by framing:

• Inclusive (R=90.1, P=45.4): Maximizes recall
by instructing “be INCLUSIVE.”

• Stepwise/CoT (R=74.4, P=59.2): Structured
reasoning improves precision while maintain-
ing high recall.

• Zero-shot (R=64.5, P=63.9): Balanced de-
fault behavior.

• Balanced (R=64.5, P=67.2): Three-tier cate-
gorization yields the highest precision.

This finding has practical implications: practition-
ers can tune the precision/recall trade-off purely
through prompt design, without any model retrain-
ing. In clinical settings, inclusive framing is pre-
ferred when missed evidence carries high risk (e.g.,
safety-critical questions about medications or pro-
cedures), while balanced framing suits scenarios
where false positives are costly (e.g., automated
summarization where irrelevant content degrades
output quality).

6.3.3. Chain-of-Thought is Model-Dependent

The stepwise (CoT) prompt exhibits dramatic model-
dependency. With GPT-5, it achieves the highest
F1 (65.9) of any single prompt. With Claude Haiku

4.5, it produces only 16.7 F1, a catastrophic failure.
Analysis of Haiku’s outputs reveals that the smaller
model often fails to complete the reasoning chain,
producing malformed JSON or getting stuck in ver-
bose reasoning without reaching the final answer
format. Intermediate models (GPT-5.2, GPT-4o)
show modest benefits from CoT, suggesting that
the effectiveness of structured reasoning scales
with model capability. Practitioners should be cau-
tious with CoT prompting for smaller models; in our
experiments, Claude Haiku catastrophically fails
at structured reasoning, while GPT-4o handles it
adequately but with degraded performance relative
to simpler prompts.

To illustrate, consider Case 4 (a patient asking
about cardiac catheterization for heart failure; 7
essential and 2 supplementary gold evidence sen-
tences). The inclusive prompt with GPT-5 retrieves
12 sentences, capturing 8 of 9 gold sentences
(missing only sentence 10). In contrast, the step-
wise prompt returns only sentence 5: the multi-step
reasoning caused the model to over-filter, retaining
just one of nine relevant sentences. While stepwise
achieves the best overall F1 across the dev set, its
performance is highly variable per case; Case 4
represents a worst-case failure mode where chain-
of-thought over-filtered. See Appendix B for the full
comparison.

These results suggest practical conditions for
CoT reliability: structured reasoning prompts
should be reserved for high-capability models (here,
GPT-5 class or above) that can maintain coherent
multi-step reasoning while adhering to output for-
mat constraints. For smaller or less capable mod-
els, the added complexity of CoT increases the risk
of format violations (e.g., malformed JSON) and
reasoning failures that degrade performance below
simpler prompts. Practitioners should validate CoT
effectiveness on their target model before deploy-
ment rather than assuming transferability across
model scales.

6.3.4. Principle-Guided Critique Improves
Answer Quality

The Constitutional AI pipeline achieves the best
overall score on both dev (31.4) and test (31.8)
for Subtask 3, though the dev margin (31.4 vs.
30.7) is small and may not be significant given only
20 evaluation cases. Comparing constitutional to
constrained (same model, Claude Opus 4.5), the
critique-and-revise cycle improves BLEU by +1.18
(5.11→ 6.29) and ROUGE-Lsum by +1.67 (19.8
→ 21.5), while SARI remains stable (58.5).

Analysis of principle violations across the 20 dev
cases reveals that Principle 1 (traceability to notes)
is the most frequently violated, failing in 9 of 20
drafts (45%), followed by Principle 2 (no specula-
tion) which often co-occurs with Principle 1 viola-
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Method Model Ovr. BLEU R-Lsum SARI BERTSc.
Constitutional Opus 4.5 31.4 6.29 21.5 58.5 39.2
Constrained Opus 4.5 30.7 5.11 19.8 58.5 39.3
DSPy-SC GPT-4o 30.6 5.23 21.4 56.9 38.8
DSPy-Direct GPT-4o 30.5 4.62 20.9 56.2 40.3
DSPy-SC GPT-5.2 30.4 4.42 21.5 56.3 39.4
Constrained† Opus 4.5 30.4 4.55 19.8 58.3 38.9
DSPy-Direct GPT-5.2 29.9 4.07 20.7 57.1 37.9
DSPy-SC Opus 4.5 29.0 2.39 19.0 55.6 39.1
Iterative Opus 4.5 27.9 2.53 18.2 55.3 35.5
DSPy-2Stage GPT-4o 26.7 1.77 18.7 51.9 34.6

Table 4: Answer generation dev results sorted by overall score. R-Lsum = ROUGE-Lsum, BERTSc.
= BERTScore. Overall averages BLEU, R-Lsum, SARI, and BERTScore (AlignScore and MEDCON
were zero for all methods during dev evaluation). †Earlier run with different random seed. DSPy-SC =
SelfConsistency.

tions. Principles 3 to 5 are rarely triggered. Com-
mon error patterns include adding unsupported
severity qualifiers (“severe,” “significant”), speculat-
ing about causal mechanisms not documented in
the notes, and making inferences beyond what is
explicitly stated. Table 5 illustrates how the critique
stage identifies these violations and the revision
replaces speculation with documented facts.

However, in cases where the draft already
passes all principles (11 of 20 dev cases), the
critique-and-revise cycle adds computational cost
without meaningful improvement. Additionally, the
75-word constraint means revisions sometimes
drop relevant information to accommodate correc-
tions, trading completeness for faithfulness. We
discuss these cost trade-offs further in the Limita-
tions section.

6.3.5. DSPy Optimization Performance

DSPy-optimized modules with MIPROv2 produce
competitive results (30.5 to 30.6 overall) but do not
meaningfully improve over the constrained baseline
(30.7 with Claude Opus 4.5). Given the small dev
set (20 examples), the differences among DSPy,
constrained, and constitutional methods are within
the noise margin and likely not statistically signif-
icant. This suggests that automatic prompt opti-
mization with MIPROv2 on a 20-example dev set
provides insufficient signal to outperform a well-
designed manual prompt for this task. The Self-
ConsistencyQA module slightly outperforms Direc-
tQA (30.6 vs. 30.5 with GPT-4o), consistent with
the self-consistency literature (Wang et al., 2023).
The TwoStageQA module underperforms (26.7),
suggesting that the two-stage pipeline introduces
additional complexity without corresponding gains
at this scale.

7. Discussion

7.1. Practical Implications
Our systematic comparison provides practical guid-
ance for clinical QA system design. For evidence
identification, simple LLM prompting with clear
framing outperforms complex retrieval pipelines,
hybrid systems, and novel multi-step approaches.
The inclusive prompt’s high recall makes it suitable
when downstream tasks (e.g., answer generation)
benefit from comprehensive evidence, while bal-
anced prompting is preferable for precision-critical
applications.

For answer generation, the Constitutional AI
approach demonstrates that domain-specific self-
critique can improve answer quality at modest com-
putational cost (3 LLM calls vs. 1). The five clinical
principles provide an interpretable framework that
could be extended with additional domain exper-
tise.

To guide practitioners in selecting a prompt strat-
egy: inclusive framing (high recall) is recommended
when downstream tasks depend on comprehensive
evidence coverage, for example, when generating
patient-facing answers where missing a relevant
clinical detail could lead to an incomplete or mis-
leading response. Balanced framing (high preci-
sion) is preferable in precision-critical settings such
as clinical decision support, where false positives
could waste clinician attention or introduce noise
into automated workflows. The zero-shot prompt
provides a reasonable default when no strong prior
exists about the precision/recall requirements of
the application.

7.2. Dev/Test Gap
The constitutional method scores 31.4 on dev and
31.8 on test, though these are not directly compara-
ble: the dev overall averages 4 metrics (AlignScore
and MEDCON were not computed), while the test
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Case 2: Why was father given
Lasix?

Case 4: Why cardiac catheteriza-
tion?

Case 7: Why was Coumadin
stopped?

Draft (red = unsupported claims)
“...acute diastolic heart failure with
significant volume overload...and
severe lower extremity edema. [...]
His oxygen was likely reduced as di-
uresis improved his respiratory sta-
tus.”

“...revealed elevated filling pres-
sures...and reduced cardiac out-
put (Fick cardiac index of 1.72),
confirming severe low-output heart
failure. The milrinone trial during
catheterization was successful...”

“...Coumadin was discontinued fol-
lowing your subarachnoid hemor-
rhage and IVC filter placement. [...]
The discontinuation is directly re-
lated to your brain hemorrhage,
as anticoagulation poses bleeding
risks in this context.”

Critique (principle violations identified)
P1 FAIL: “severe” not in notes;
causal relationship “likely reduced
as diuresis improved” not stated

P1 FAIL: notes say “low-output”
without the qualifier “severe”; P2
FAIL: “confirming” implies diagnos-
tic certainty not stated

P1 FAIL: reason for discontinuation
not explicitly stated; P2 FAIL: “an-
ticoagulation poses bleeding risks”
is external medical reasoning

Revision (teal = corrected/added from notes)
“...acute diastolic heart failure with
volume overload...and lower ex-
tremity edema. The Lasix was
administered intravenously, includ-
ing via continuous drip, then transi-
tioned to oral torsemide to remove
excess fluid.”

“...showed elevated filling pres-
sures (mean PCW of 30) and re-
duced cardiac output (Fick C.I. of
1.72), consistent with low output
heart failure. The milrinone trial
was successful, improving your
Fick C.I. to 2.79.”

“...Coumadin was discontinued fol-
lowing your IVC filter placement.
[...] The clinical notes do not ex-
plicitly state the reason for discon-
tinuation beyond documenting it oc-
curred after filter placement.”

Table 5: Constitutional AI examples across three cases. Red text in drafts marks unsupported claims
flagged by the critique. Teal text in revisions highlights corrections: added documented details, softened
language, or explicit acknowledgment of information gaps.

overall averages all 6 metrics. For Subtask 2, the
dev/test gap is larger: the inclusive prompt achieves
64.3 lenient micro F1 on dev (60.4 strict) but 58.0 le-
nient on test. This may reflect the test set’s greater
diversity (47 vs. 20 cases) or distributional shift in
question types and clinical note complexity.

8. Conclusion

We presented GigitAI’s systems for ArchEHR-QA
2026 Subtasks 2 and 3, featuring a systematic com-
parison of 21 evidence identification methods and
13 answer generation methods across 5 language
models. Our key findings are that LLM prompting
outperforms traditional retrieval by a wide margin
(19 F1 points) for clinical evidence identification,
prompt framing provides fine-grained control over
precision/recall trade-offs, chain-of-thought effec-
tiveness is strongly model-dependent, and Con-
stitutional AI with clinical principles can improve
answer generation quality by catching unsupported
claims in LLM drafts. Our best submissions achieve
58.0 F1 (rank 12) for evidence identification and
31.8 overall (rank 10) for answer generation.

9. Limitations

Our study has several limitations. First, the small
dev set (20 cases) limits our ability to draw statis-
tically robust conclusions; even the same method

with different random seeds varies by 0.3 points
(Table 4), illustrating the measurement noise at
this scale. Second, we rely entirely on prompt-
ing and do not explore fine-tuning, which could
improve performance, particularly for smaller mod-
els where CoT prompting fails. Third, our multi-
stage pipelines (Constitutional AI, CoT-Verified, It-
erative Refinement) require 2 to 3 LLM calls per
answer, multiplying both latency and cost relative
to single-call methods. For the Constitutional AI
pipeline specifically, the critique-and-revise cycle
adds no value in 55% of cases (11/20 dev cases
pass all principles on the first draft), making the ad-
ditional cost wasteful for already-faithful outputs. A
confidence-based gating mechanism could skip the
critique stage when the draft is likely faithful, reduc-
ing average cost. Fourth, we rely entirely on propri-
etary LLM APIs (OpenAI, Anthropic), which limits
reproducibility and raises concerns about cost, data
privacy, and access continuity. Evaluating open-
weight models (e.g., Llama (Grattafiori et al., 2024),
Mistral (Jiang et al., 2023)) would strengthen the
generalizability of our findings. Fifth, the 75-word
constraint for Subtask 3 makes it difficult to pro-
duce comprehensive answers for complex clinical
questions. Finally, our clinical principles are manu-
ally designed; automatic principle discovery could
further improve the approach.
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A. Prompt Templates

This appendix lists the key prompt templates
used in our systems. Placeholders are shown in
{braces}.

A.1. Evidence Identification (Subtask 2)
Inclusive Prompt:

You are a clinical expert identifying relevant
evidence from medical records.
Patient Question: {patient_question}
Clinician’s Interpretation: {clini-
cian_question}

Clinical Note Sentences: {num-
bered_sentences}

Your task: Identify ALL sentences that contain
information relevant to answering the question.
IMPORTANT: Be INCLUSIVE. It’s better to in-
clude a marginally relevant sentence than to
miss important evidence.
Output a JSON array of ALL relevant sentence
numbers.

Balanced Prompt:

Identify sentences that contain information
needed to answer the question.
Selection criteria: 1. ESSENTIAL: Sentences
that directly answer part of the question (MUST
include) 2. SUPPORTING: Sentences that pro-
vide important context or values (SHOULD in-
clude) 3. BACKGROUND: Sentences that help
understand the clinical situation (MAY include)

Stepwise (CoT) Prompt:
Let’s identify evidence step by step: Step 1:
What are the key clinical concepts in the ques-
tion? Step 2: Which sentences contain infor-
mation about these concepts? Step 3: Which
sentences provide supporting context or val-
ues? Step 4: Compile the final list of relevant
sentences.
Think through each step, then output ONLY a
JSON array of sentence numbers.

A.2. Answer Generation (Subtask 3)
Constrained Prompt:

You are a clinical expert answering a patient’s
question about their hospitalization.
Patient Question: {patient_question}
Clinician’s Interpretation: {clini-
cian_question}
Clinical Notes: {note_excerpt}

Instructions: 1. Answer ONLY using informa-
tion from the clinical notes above 2. Use pro-
fessional medical terminology (not overly sim-
plified) 3. If information is incomplete, acknowl-
edge limitations 4. Maximum 75 words, ap-
proximately 5 sentences 5. Do NOT speculate
or add external medical knowledge

Constitutional AI, Critique Prompt:
Clinical Principles: 1. All claims must be di-
rectly traceable to the clinical notes 2. Do not
speculate or make inferences beyond docu-
mentation 3. Acknowledge when information is
incomplete 4. Use exact medical terminology
from the notes 5. Maintain temporal accuracy
(don’t confuse past/present)
Review this answer against the clinical princi-
ples above.
Clinical Notes: {note_excerpt}
Draft Answer: {draft}

For each principle, evaluate compliance
(PASS/FAIL) and explain:

Constitutional AI, Revision Prompt:
Revise this answer to comply with all clinical
principles.
Original Answer: {draft}
Principle Evaluation: {critique}
Clinical Notes (for reference):
{note_excerpt}

Revised answer (must comply with ALL princi-
ples, under 75 words):
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B. Evidence Identification Example

Table 6 shows a detailed comparison of evidence
identification methods on Case 4, where the pa-
tient asks “Why was cardiac catheterization recom-
mended?”. Gold evidence includes 7 essential and
2 supplementary sentences across the discharge
summary. We compare four methods: BM25
(sparse retrieval), SBERT (dense retrieval), inclu-
sive prompt (GPT-5), and stepwise/CoT prompt
(GPT-5).

The inclusive prompt captures 8 of 9 gold sen-
tences (missing only sentence 10), while step-
wise/CoT retrieves only 1 sentence, demonstrating
the over-filtering failure mode discussed in Sec-
tion 6.3. BM25 captures 4 of 9 gold sentences and
SBERT captures 5 of 9, but they select different
subsets: BM25 favors lexically similar sentences
(e.g., “milrinone”), while SBERT favors semantically
similar ones (e.g., “heart failure”).
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ID Gold Sentence (truncated) BM25 SBERT Inclusive Stepwise
2 Cardiology service: abdominal pain, nausea, vom-

iting felt to be secondary to congestive hepatopa-
thy

✓ ✓

4 He was aggressively diuresed with a net 10 liters
negative since admission

✓

5 Ess. He underwent RHC for milrinone trial, which
proved to be successful

× × ✓ ✓

6 His mean PCW went from 30 to 22, and his Fick
C.I. went from 1.72 to 2.79

✓

7 Supp. Brief Hospital Course: 48M with idiopathic dilated
cardiomyopathy (EF 25%. . . )

× ✓ ✓ ×

8 Acute-on-chronic systolic heart failure ✓ ✓
9 Supp. Underlying exacerbation of chronic heart failure,

known idiopathic cardiomyopathy. . .
× × ✓ ×

10 Ess. Last echo showed LVEF = 25% × × × ×
11 Ess. Admitted in the setting of low output heart failure,

leading to increased intra-abdominal pressures. . .
✓ × ✓ ×

13 Ess. Cardiac output and wedge pressure significantly
improved after milrinone infusion

✓ ✓ ✓ ×

14 In the ICU maintained on milrinone at 0.5 mcg/hr,
transferred to floor

✓

16 Heart failure specialists had honest discussions
about long-term prognosis

✓ ✓

18 Ess. You were admitted to the hospital with worsening
heart failure

✓ ✓ ✓ ×

19 Ess. You had a cardiac catheterization that showed you
would benefit from milrinone

✓ ✓ ✓ ×

20 Ess. You were started on a milrinone drip, with improve-
ment in your heart’s pump function

× ✓ ✓ ×

Gold sentences found / total gold (9) 4/9 5/9 8/9 1/9
False positives 3 2 4 0

Table 6: Evidence identification comparison on Case 4 (“Why was cardiac catheterization recommended?”).
Shaded rows are gold evidence (Ess. = essential, Supp. = supplementary). ✓ = correctly identified gold
sentence; × = missed gold sentence; ✓ = selected but not gold (false positive). Only sentences selected
by at least one method are shown.
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