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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



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 NeurlPS, 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



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 04-mini, this reduced average token usage by 391 x 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-1V 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 40-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 cination (Zhang and Zhang, 2025), which is un-
acceptable in patient-facing tools where incorrect
Over the past decade, healthcare systems world-  answers may influence health decisions (Bussone
wide have adopted standardized, interoperable rep- et al., 2015). Additionally, LLMs struggle to reli-
resentations of electronic health records (EHRs).  ably traverse FHIR’s deeply nested graph structure;
HL7 Fast Healthcare Interoperability Resources  benchmarks such as FHIR-AgentBench report con-
(FHIR) has emerged as the dominant framework,  sistent failures in multi-hop reasoning and reference
with national adoption across major EHR vendors  resolution (Lee et al., 2025). Finally, transmitting
and mandated API requirements in jurisdictions  sensitive patient data to external models raises pri-
such as the United States (HL7 International; Or-  vacy concerns, while hosting sufficiently powerful
ganization et al., 2023). models locally is often impractical.

However, digital access does not equal under- To address these limitations, we turn to the stan-
standing. Although patients can increasingly view dard itself. While FHIR defines the data structure,
their EHRs, FHIR’s graph-structured design makes ~ FHIRPath (HL7 International, 2020) is its native
navigation difficult (Zhang and Walji, 2014; Roman  Path-based query language. Unlike SQL—which
etal., 2017). Most systems rely on keyword search, ~ requires backend database access rarely available
often returning entire documents or dense tables 1o patient-facing applications—FHIRPath operates
rather than the specific value requested (Hanauer ~ at the APl layer and is broadly supported across
et al., 2015). Bridging this gap requires automated ~ interoperable health systems.

question-answering (QA) systems capable of re- Adopting a Text-to-FHIRPath approach offers
trieving precise, verifiable answers from a patients  three distinct advantages over RAG or SQL-based
own record (Del Fiol et al., 2014). methods:

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

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.

degradation as length increases (Liu et al., 2024; 2. Data Minimization: By executing the query

Chen et al., 2024). Retrieval-Augmented Gener- logic locally or at the API level, the system re-

ation (RAG) systems remain vulnerable to hallu- trieves only the specific data point requested
1
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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-1V 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

Select FHIRPath
Compatible
Questions

EHR-SQL
Templates

FHIRPath Compatible
Question Templates

Initialize Template
Patient Specific Value
Sampling

Generate FHIRPath
Paraphrasing (LLM) Query
Automatic Filtering Evalugte Query on
Patient EHR

Manual Filtering No
Yes
Paraphrase Set Sample + Fill Question-FHIRPath-
Answer Dataset
Paraphrase

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

Patient + Clinician
Perspective

MIMIC-IV on
FHIR

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-1II (Johnson et al., 2016), elCU (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.



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.

To ensure questions, queries, and answers are re-
alistic, patient data was used from the MIMIC-1V 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-1V 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).

Data Source

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

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

Observation

results
Condition Diagnoses, clinical status
Medication (Med.)  Drug names

Med.Request Prescriptions, dosages,
drug delivery routes
Medication administered

to patient in hospital

Med.Administration

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-



Bundle.entry.resource.where(
resourceType='0Observation'
and
specimen.resolve().type.coding.where(
(code = 'SEROLOGY/BLOOD')
or
(display = 'SEROLOGY/BLOOD')
).exists()
and
effectiveDateTime.toDateTime() >= @2180-01-01T22:48:00.000Z
and
effectiveDateTime.toDateTime() <= @2180-12-31T22:48:00.000Z.highBoundary()
)
.sort(effectiveDateTime).last()
.where(
hasMember.exists()
and
hasMember . resolve().code.coding. system=
"http://mimic.mit.edu/fhir/mimic/CodeSystem/mimic-microbiology-organism’
).exists()

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, OpenAl gpt-4o0 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-1V 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-1V, 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



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 L.ocation 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.



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: OpenAl 04-
mini, 4.1-mini, 40-mini, and 4.1-nano. The 04-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, 40-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, 40-
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
OpenAl API (1 epoch, batch size 5, learning rate
1.8 for 40-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 04-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  04-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, 04-mini
outperformed 4.1-mini and 4o0-mini following the
query-first and retrieval-first approaches. When rel-
evant EHRs successfully fit within the context win-



Model Accuracy Failure Rate Acc. Excl. Failures
Clinical Patient Clinical Patient Clinical Patient

a) Retrieval

04-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

40-mini 0.24 0.15 0.46 0.40 0.45 0.25

b) Query-first

04-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

40-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 JSONSs, 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, 40-
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 AS.

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. Atthe 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,



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.

Retrieval
Query-first
o
o 000
2
L ]
&

T T T
10000 15000 20000

Patient EHR size

T
0 5000

Figure B1: Patient record size vs token usage (log
scale) using (04-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.

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’anddosagelnstruction.route.c

Example 1

11

oding.code="IV’andauthoredOn.toDateTime()<=@2136
-12-31T719:17:11.000Z).sort(authoredOn).last().authore
dOn.toDateTime()

model_query: Bundle.entry.resource.where(resourc
eType="MedicationRequest’anddosagelnstruction.rout
e.coding.code="1V’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-40-mini_100

Question: Can you tell me what the last careunit
was until 21447

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()
Jocation.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 |
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((effectiveDate Time|e
ffectivePeriod.start).sort().first().toDate Time()) < =@218
7-05-20T18:21:11.0002Z).count()

model_query: Bundle.entry.resource.where(resourc
eType="MedicationRequest’and(medicationReference.
resolve().identifier.where(value="PotassiumChloride’).e



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
40-mini Base 0.24 0.15 0.46 0.40 0.45 0.25
04-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
40-mini Base 0.25 0.28 0.02 0.09 0.26 0.31
40-mini FT-10 0.70 0.62 0.01 0.09 0.70 0.68
40-mini FT-30 0.70 0.63 0.02 0.09 0.71 0.69
40-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
04-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
4o0-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
40-mini Base 692 18
40-mini FT-10 703 25
40-mini FT-30 704 25
4o0-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  be a question about drug intake while an in-patient.
tassiumChloride’)andauthoredOn.toDateTime()<=@21  The clinician-paraphrased question would clearly
87-05-20T19:10:10.000Z).count() specify if the drug was ‘prescribed’ or ‘administered’.
true_answer: 1

model_answer: 0

Analysis: The patient-paraphrased question con-

tains ambiguity in the phrase "l took Potassium

Chloride". The incorrectly assumes Potassium

Chloride was a prescription, but it was intended to

12



Model (Train Size)

Query Match Rate Query Match Rate with Masked Numeric Quantities

4.1-mini (Base) 0.01
4.1-mini (10) 0.31
4.1-mini (30) 0.35
4.1-mini (100) 0.34
4.1-nano (Base) 0.00
4.1-nano (10) 0.07
4.1-nano (30) 0.14
4.1-nano (100) 0.16
40-mini (Base) 0.03
40-mini (10) 0.24
40-mini (30) 0.33
40-mini (100) 0.35
04-mini (Base) 0.03

0.01
0.58
0.63
0.63
0.01
0.39
0.44
0.43
0.05
0.58
0.63
0.64
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.

a)

b)

Clinical

12 Patient

10

Probability Mass

Probability Mass

Clinical

10 Patient

T T T T T
0.1 0.2 0.3 0.4 0.5
Minimum normalized Levenshtein distance (paraphrase-paraphrase)

0.6

T T T T T T
0.5 0.6 0.7 0.8 0.9 1.0

Semantic similarity (template-paraphrase)

T
0.4

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: | need to know how many medications
were issued to me until 4 months ago.

Context: Assume current datetime is 2151-01-
15723:17:00

true_query: Bundle.entry.resource.where(resourceT
ype="MedicationRequest’andauthoredOn.toDateTime()
<=@2150-09-30T23:17:00.0002).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.
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C.5. Example 5

Model: query_gen-4o0-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



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.toDate Time()>=@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 21807
Context: Assume current datetime is 2180-08-
10722:48:00

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()<=@2180-12-31T722:18:53.000Z).county()
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 advice aligns with their situation, increases the likeli-
hood of action based on the counselling, and if they
People living with the consequences of cancer  are satisfied with the tone and length of the coun-
(treatment) often suffer from long-term effects  selling. Experts, on the other hand (in our case,
such as fatigue and mental health issues (Akechi  cancer information specialists from kanker.nl,
et al.,, 1999). While it is known that healthy  henceforth ‘experts’) focus on the quality of the
lifestyle changes like increasing physical activity = counselling with respect to its correctness, and the
positively impact health outcomes and quality of  appropriate tone and length for the population and
life, for both cancer patients and survivors (Hoedjes  disease they know well. Developers/researchers
et al., 2022), they currently experience the state  (two authors, henceforth ‘developers’) focus on a
of lifestyle counselling in healthcare as not readily = more technical evaluation and have as a vantage
available, too fragmented, and general (van Aken  point reliability, i.e., baseline performance on key
et al., 2025; Drbohlav Ollerton et al., 2025; Tuin-  metrics such as faithfulness and completeness of
man et al., 2024). This demonstrates the need  the counselling, and hallucination rates. We argue
for personalised lifestyle counselling, through re-  that these three perspectives must be included in
liable pattern extraction from user-specific health  the evaluation of Al systems that support specific
records and with validated sources, in order to pro-  medical populations. Since we cannot expect such
duce high-quality and evidence-based answers to  stakeholders to evaluate the output of Al systems
consumer-health questions. While many Al-driven by the same standards, they provide irreducible,
systems that generate counselling exist, their evalu-  complementary perspectives that only jointly indi-
ation methodologies are often fragmented and lack ~ cate whether a given system is likely to have a
realistic contexts (Lai et al., 2025; Raji et al., 2021).  positive, real-world impact.

This is why this paper contributes QUORUM We show QUORUM in action with a concrete
(QUality, Outcome Reliability, and User-relevance  use case: the Dutch Healthy Chronos applica-
from Multiple stakeholders), a new evaluation tion. This is a digital diary app that aids cancer
framework that aligns with the goals and interests of ~ patients and survivors by tracking sleep, activi-
three key types of stakeholders in the development  ties, mood, and custom user-defined goals over
of NLP systems for health. From a user-centric  time. We develop the Large Language Model (LLM)
perspective, counselling is relevant to users if the  driven pipeline COACH (Contextualised Outcome-
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Your diary data shows that your sleep score has

ne: Try to go to bed and
imes, and avoid naps durin
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exercise] before bed to calm your body and mind
©

Hopefully, these tips will help you get an even better
night's sleep!

Figure 1: Left: user interface for submitting queries.
Right: generated counselling for query ‘How can
| 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 |
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-
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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 Al 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



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 Al 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
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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 Al 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 Al 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



Perspective (N) Statement evaluated Variable

Measurement Interpretation

Avg. score indicating alignment with

1 The response aligns with my situation Alignment 5-point Likert scale user's situation (mood, energy, etc.)
Users (19) 2 I will follow the tips in the response Follow-up 5-point Likert scale m‘gy ?ff;rst '22 Ifha;rr]gs\;,)vgr?;zer weere

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

1 The contextualisation is correct Correctness 5-point Likert scale Avg. score of contextualisation quality
Experts (6) 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

1 This claim is consistent with the data
2 For this claim, the relevant user
variables were retrieved

3 This contextualisation statement can
be traced to the relevant chunks found
by the pipeline

Developers (2)

Faithfulness

Completeness

Hallucination

Binary % of claims supported by user data
Binary % of cIair_ns for which relevant columns
were retrieved from user data
. % of claims grounded in the knowledge
Binary

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) .

Ext. knowledge DB

User data

Prompt Answer

Vector DB

(kanker.nl)
Sleep

Activity

Mood You are a Dutch Al assistant...

5

[System messaﬂs + instructions]

1

U
Headers with (goal) are boolean...

4

2 [Header da(ar(?/\pe examples]

In this period your sleep scores

OpenAl's text-
embedding-3-small

M:

were low, often between 1 and 2...
[.]
To improve sleep, try a light
exercise before going to bed like

U
For fatigue consider columns like...
[Column mapping examples]

larkdown

format GPT-40

Retrieve best
chunks

[table, chunks, user query] walking...

| [

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-

18

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."

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.?

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 OpenAl. COACH then scrapes a subset
of Dutch webpages from kanker.n1 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

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

’https://github.com/yeemdn/
llm-1lifestyle-coach/
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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 Al
assistant for addressing lifestyle-related ques-
tions for cancer patients;

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

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

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

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.)

Relevance

Reliabi

Quality

Var. Var. Var. scores is larger for statements on alignment and
Alignm. 3.90+ 94 Correct 4.02+ g4 Faithfulness .79 follow-up, implying that users are more divided on

Fol. up 3.9011.15 Tone  3.731.75 Completeness .97 this aspect than on tone and length.
Tone  4.324 52 Length 4157 Hallucination .22

Length 4.164 69
Users Experts Developers

Remarks: Alignment Inspection of user-
submitted remarks provided more insight into what
Table 2: Main evaluation results. For users, we re-  users appreciate in the counselling. Ten out of
port averages over 19 users; for experts, averages  nineteen respondents submitted an additional
over in total 100 evaluations (50 response-query  remark, of which four respondents expressed that
pairs evaluated by two experts); for developers, ra-  the response captured their situation very well, and
tios over in total 66 claims about user data (faithful- ~ was easy to understand. They also appreciated the
ness/completeness) and 31 contextualisation state-  level of detail in the answers, and the formatting
ments (hallucination). that keeps claims about the data separated from
the contextualisation (Figure 1). In addition,

) two users emphasized that the advice felt more

6. Concatenation of table, RAG chunks, and user  \51yable due to the addition of specific references
query to instructions above. to their own diary data, which also helped them to

We used LangChain, an open-source framework better understand the contextualisation.

to streamline LLM and RAG components (Chase,
2022), to build COACH. Remarks: Misalignment Four respondents ex-
The LLM used in the pipeline is GPT-40 (version  pressed a misalignment in the counselling and their
2024-11-20, accessed October 2025), due to work-  situation. One user, for example, reported the coun-
flows already in place for Healthy Chronos,in  selling recommended to seek help from friends and
which they can easily deploy the system through ~ family, whereas for this user, social activities were
the Azure environment, and its strong performance  experienced as tiring, and as an increasing bur-
on similar tasks. GPT-40 is currently still a good  den for the social network, i.e., something to avoid.
option in similar, recent systems and chatbots for ~ Other users mentioned a misalignment with their
lifestyle counselling (Jorke et al., 2025; Steenstra  situation that is strictly speaking not related to the
et al., 2024); suitably large open models could in  query-response pair, such as a lack of added func-
future work take the place of GPT-40. 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.
Main results of applying QUORUM are given in Our user results suggest that the pipeline suc-
Table 2 and visually in Figure 4. As can be seen,  ceeds in generating advice that is relevant for users.
overall, users responded positively to the gener-
atgd couqselling. Resu]ts suggest that cognselling 4.2. Expert Evaluation: Information
aligned with personal circumstances, that tips were Quality
likely to be followed, and that the tone and length
were satisfying, as all variable mean scores are  Overall, experts were positive about the quality of
around 4. However, we also see that variation in  generated counselling (Table 2, Figure 4). They

4. Results

4.1. User Evaluation: Relevance
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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 (x0.47) 4.15(x0.36) 2.75(+0.73) 3.92 (+0.47)
Tone 412 (+0.59) 3.8(x0.63) 3.42(+0.76) 3.7 (+0.92) 3 (x0.71) 3.85 (+0.36)
Length 416 (+0.46) 4.04 (+0.34) 3.92(+0.28) 4.46 (+0.63) 3.25(x0.6) 3.92 (x0.47)

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 o 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 a 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
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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 k =
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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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 Al
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
Al-driven system in health scores on topics impor-
tant to different stakeholders (Figure 4). As we have
argued, a good evaluation of Al-driven systems in
health should incorporate all perspectives in the
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evaluation. We expect that Al 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 | 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



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 Al 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.

6. Ethical Statement

Our study protocol for recruitment of and data col-
lection from users, medical experts, and develop-
ers was approved by the Leiden University Ethics
Committee.

7. Acknowledgments

We thank the users of Healthy Chronos who
contributed as participants to this study. We are
grateful to the cancer information experts from
kanker.nl for their time and effort in evaluating
the responses. We also thank Healthy Chronos
for the collaboration and access to the valuable plat-
form.

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.
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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-40), 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: c14health-factorized-augmentation.

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

1. Introduction 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-

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 ability, we collect and annotate a new corpus of 157

physical activity, cardiovascular risk, and quality of potes from 56 clients seen by three health.cgaches
life (Olsen and Nesbitt, 2010; Kivela et al., 2014). 1N @ separate coaching program. Retraining the
Central to behavioral coaching is the formulation SpanQualifier-based (Huang et al., 2023) bench-

of Specific, Measurable, Attainable, Relevant, and mark models from SMARTSpan (Bojic et al., 2025)

Time-bound (SMART) goals, which support clients and evaluating them on our corpus reveal_s a_sharp
in maintaining momentum between sessions and performance drop (Table 1), and a t-distributed

adhering to agreed actions (Doran, 1981; Wallace Stochastic Ngighbor Embed.din:q (-SNE; van der
et al., 2018; White et al., 2020: Bahrami et al., Maaten and Hinton 2008) projection of note embed-

dings confirms that the two corpora occupy distinct

2022). Health coaches record these goals in free- ; g '
regions of the representation space (Figure 1).

text session notes (Gupta et al., 2021; Bojic et al.,

2025), making automatic extraction of goal spans Given the cost of full-scale annotation, a natu-
a prerequisite for scalable monitoring and evalu- 5| aiternative is to augment limited in-domain data
ation (Flocke and Stange, 2004; Bowman et al,,  ith gynthetic examples. However, surface-level
2015; Zhou et al., 2024; Loughnane et al., 2025). augmentation methods such as paraphrasing or

Training span extraction models for this task is  back-translation are insufficient because variation
hampered by the lack of suitable annotated data.  in health coaching notes is not purely lexical—such
Conversational and counseling corpora emphasize  variation arises from the interaction of health coach-
emotional support or dialogue structure rather than  specific documentation structure, patient-specific
measurable behavior change (Malhotra et al., 2022;  goal content, and persona context. We propose
Xu et al., 2025; Qi et al., 2025), and resources  a corpus-grounded generation pipeline that factor-

that do include goal-related content are often small,  izes these axes, extracts empirical priors from a

narrowly scoped, or limited to short text-based in-  small set of in-domain notes, and samples from

teractions (Gupta et al., 2020, 2021; Zhou et al., 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.

. 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.

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.

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.

Data
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(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 k = 0.94 overall
(0.92 - 0.96 across annotator pairs), and goal-level
F1=10.79(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



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.
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Figure 1: t-SNE visualization of embeddings comparing the SMARTSpan dataset (Bojic et al., 2025)
(rn = 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 Goal Type Description

# notes 173 157 Physical activity =~ Exercise or movement goals

# health coaches 3 3 Dietary behavior  Nutrition and eating goals

# goals 266 331 Med. adherence Taking prescribed medication
Goals per note (avg.) 1.5 21 Substance use Reducing substance use

Max goals per note 5 7 Self-monitoring Tracking health behaviors

Goals per note (90th pct.) 3 4

Zero-goal notes 46 (26.6%) 41(26.1%)  Table 3: Goal type categories, following the taxon-
Words per note (avg.) 161 469 omy of Hessler et al. (2019).

Characters per note (avg.) 1,052 2,678

Table 2: Dataset summary statistics for the

SMARTSpan and our datasets.
of day, frequency (value and unit), duration (value
and unit), timeframe (type and text), conditionality,

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
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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.
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Let S = {s1,...,s9} denote the nine section types
and let END denote a terminal state. The chain com-
prises an initial-state distribution m((s) = P(S;
s), a transition matrix P(s’ | s) for s, s’ € SU{END},
and an empirical sequence-length distribution Py, (¢)
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 ¢ is first
drawn from Pr,, then the chain is forward-stepped
for exactly ¢ transitions starting from a section type
sampled from 7.

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.9. lives_with_partner), economic context
(e.g. late_shifts), physical environment (e.g.



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 /¢ is
drawn from the empirical length distribution Pr. An
initial section type is sampled from my, and the
chain is forward-stepped for ¢ 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
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attribute a (frequency, duration, timeframe, condi-
tionality, confidence) sampled with null probability

|{g € G : a, is absent}|

gl - (0

Pla=2)=pg =

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 g; and
its best-matching re-extracted span g;, we compute

2| tok(g;) N tok(,) |
[tok(g:)| + [tok(g:)| °

F1(gi, 9:) @)



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 7=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.
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» 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 x 10~°, 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-  low-resource group). Both surface-level baselines
eration pipeline were presented side by side inran-  also improve over the unaugmented condition, but
dom order, and the evaluator was asked to select  neither matches factorized generation: backtrans-
the note they believed to be real. Two evaluators, lation reaches 79.24 and 80.49, while rephrasing
both familiar with health coaching documentation, reaches 78.02 and 83.39 for BERT and DeBERTa,
completed a total of 50 trials (25 each). We re-  respectively. The advantage is most pronounced
port detection accuracy as the proportion of trials  on PM F1, where our method achieves 90.01 and
in which the evaluator correctly identified the real ~ 96.08 compared to 87.16 and 91.60 without aug-
note, with chance performance at 50%. mentation, suggesting that the factorized sampling
introduces greater diversity in span boundaries.

3. Results

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-
Factorized generation is the strongest augmen- tably, rephrasing slightly degrades performance
tation in low-resource settings. With only 57 in-  relative to the unaugmented combined baseline for
domain notes and no external data, our pipeline lifts ~ both models, likely because lexical variation alone
EM F1 from 75.28 to 80.85 (+5.57) for BERT and  cannot compensate for the additional noise intro-
from 82.79 to 87.30 (+4.51) for DeBERTa (Table 5,  duced by imperfect span realignment.

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.
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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 79.244+1.89 87.16+2.24 80.49+2.34 90.52+2.64

+ Factorised generation (ours) 80.854+-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) 82.384+1.33 91.45+1.74 85.01+1.78 94.144+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)* 81.314+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).

T 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 hotes 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.
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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:



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-
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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.



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 iliness, managing weight, being independent, and maintaining physical health to enjoy the things | 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, | 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')
. location: Where the activity takes place (e.g., 'at home', 'gym', 'park"')
. time: Time of day or specific time (e.g., 'morning', 'evening', ‘'after work')

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

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

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

. conditionality: Any conditional aspects

. 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

W NV AW

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  List[str] Behavioural patterns, health literacy, psychological state, individual
_and_behaviours 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 x 10 archetypes x 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 fore treat these materials as texts for specific pur-
_ poses, namely speech and language recovery.
Texts are widely used by speech-language pathol- Selecting thematically relevant texts for patients

ogists (SLPs) in speech therapy interventions for  and having them expertly simplified is a task that
both children and adults presenting with various  exceeds the capacity of a practicing speech thera-
speech disorders or language impairments. Apha-  pist in routine clinical settings (Hoover et al., 2023).
sia is one such systemic language disorder result-  \While engaging reading programs show promise
ing from brain damage caused by traumatic injury,  (Cocks et al., 2013), manual customization to adult
stroke, or surgical intervention (e.g., tumor resec-  interests and impairment-specific linguistic levels
tion) (Luria, 2008). remains difficult to scale. We address this gap by

In speech therapy, texts serve as a tool for  presenting a sustainable computational pipeline
restoring different functional skills: for supporting  for generating texts with specified topics, genre
the formation and execution of simple motor pro-  structures, and linguistic complexity, thereby cre-

grams (e.g., during reading-while-listening tasks),  ating an expandable repository of such materials.
for restoring connected text comprehension (e.g.,

tasks focused on understanding content), for vo- . .
cabulary expansion, and for rehabilitating utter- 2. Therapeutic Texts for Aphasia:
ance planning skills (e.g., retelling) (Luria, 2008). Topic, Structure, and Complexity
However, clinical practice indicates that a pa-
tient’s motivation to read plays a crucial role in  To understand the specific features of texts used in
the effectiveness of text-based interventions in  aphasia therapy as a genre, we compiled a corpus
speech therapy (Webster et al., 2023). Motivation ~ of 127 texts. These were drawn from textbooks
is shaped by several factors: whether the subject = and methodological guides for speech-language
matter is engaging for the patient; whether linguis-  therapists working with aphasia, as well as from
tic complexity matches the patient’s current func-  texts employed by practicing therapists, selected
tional level; and whether the text leaves a posi- by them to meet the needs of individual patients.
tive emotional impression after reading (Webster Further analysis revealed that texts designed for
et al., 2023). Nevertheless, such texts are not  patient work predominantly feature child-oriented
read for entertainment, but rather as a means themes: parent—child relationships, children’s
to achieve specific rehabilitation goals set by the  games, and grandparents with grandchildren.
SLP. The SLP, in turn, uses these texts to assess = However, in texts individually selected by speech
progress and plan subsequent therapy. We there-  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
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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
(¢, a,0), 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



# 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 57 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 Al API (Figure 1).We se-
lected this model because it matched the op-
erational requirements of the generation stage:

Define semantic primitives (category, character,
object)

Sample 5 triplets and choose complexity level

X

LLM generates 5 Russian stories with built
prompt {consfraints + triplets)

l

Post-process (repair, filter, deduplicate)

X

Final dataset

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-



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,
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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 9.24+28
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 1371 +£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



LLM-as-Judge: Block-Level Compliance

1.0
B1 Structure

B2 Characters

B3 Conflict

B4 Depth

B5 Emotion

B6 Genre

0.44

B7 Language 0.49 0.49

Baéic Intern';ediate Advalnced
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-
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LLM-as-Judge: Per-Criterion Compliance

1. Beginning-middle-end
2. Central event

3. Meaningful ending
4. Max 2 characters

5. Simple motivation

6. Conflict/contrast

7. Character changes

8. Non-tragic conflict

9. Reflection/irony

10. Meaning via imagery
11. Positive tone

12. Approved emotions
13. Genre fit

14. Adult audience

15. Simple vocabulary
16. Phonotactics

17. Morphology

18. Syntax

0.0 0.2 0.4 0.6

Compliance Rate

0.8

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/lrony 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-



LLM-as-Judge: Ground Truth vs Generated Texts

1. Beginning-middle-end
2. Central event
3. Meaningful ending

4. Max 2 characters

5. Simple motivation

6. Conflict/contrast

7. Character changes

8. Non-tragic conflict

9. Reflection/irony

10. Meaning via imagery
11. Positive tone

12. Approved emotions
13. Genre fit

14. Adult audience

15. simple vocabulary
16. Phonotactics

17. Morphology
GT (n=10)

18. Syntax
Y Generated (n=198)

0.0 0.4 0.6

Compliance Rate

0.8 1.0

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/lrony 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/lrony 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-
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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/lrony, 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



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.
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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, Al, 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.

AA1.

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

Example A: Basic Regime

English translation

When he came home, the father asked
the children, “What did you do today, chil-
dren?”

“| washed the dishes,” Olya said proudly.
“And | dried the dishes,” Katya said.

The father turned to his son: “And you,
Seryozha?”

“And | 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



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 vides limited utility for linguistic simplification. Fur-
thermore, reliance on licensed knowledge bases
Scientific communication has accelerated rapidly  like UMLS restricts the accessibility of these tech-
due to the digitization of journals, pre-print servers,  niques for many organizations. Although UMLS is
and online news (Bornmann and Mutz, 2015; free for research use, access is not entirely straight-
Fraser et al., 2021). This shift has generated an  forward: it requires registration, periodic license
unprecedented volume and velocity of biomedi-  renewal, and typically some form of institutional
cal findings entering the public domain (Landhuis, affiliation. In our experience, this alone can already
2016), necessitating lay summaries to bridge the  be a barrier for independent researchers or smaller
gap between experts and the general public (Gold-  teams. A more limiting issue is the license itself.
stein and Krukowski, 2023). Within Natural Lan-  UMLS explicitly forbids the redistribution of both the
guage Processing (NLP), automatic summariza-  original resource and derived data products. This
tion has emerged as a key strategy for condens-  makes it difficult to share processed datasets or to
ing complex documents while preserving salient  release systems that depend on it in a fully repro-
information (Xie et al., 2023; Chaves et al., 2022;  ducible way. For example, even when a model can
Wang et al., 2021). However, lay summarization of  be distributed, anyone attempting to use it must first
biomedical text still faces significant hurdles, includ-  obtain and configure UMLS independently, which is
ing the need to provide sufficient methodological a non-trivial step. In practice, this makes it difficult
context to prevent model hallucinations and ensure  to share and reproduce results in line with open
the rigorous preservation of scientific facts (Xiao  research principles. This tension is one of the rea-
et al.,, 2025). sons we explore open-access alternatives, aiming
Several approaches have been developed to mit-  to retain competitive performance while lowering
igate hallucinations in biomedical lay summariza-  the barrier to entry and enabling broader dissemina-
tion. For instance, Goldsack et al. (2023) proposed  tion. We propose a new technique that employs an
representing biomedical papers through a combi-  open resource for summarization and that presents
nation of text embeddings and concept graphs ex-  competitive results with a state-of-the-art licensed
tracted from the Unified Medical Language System  technique (Goldsack et al., 2023).

(UMLS)'. Tang et al. (2023) also used graph-based Our proposed technique consists of three stages:
methods, but of citation papers, to diminish the hal- (1) automatic keyword extraction from the source
lucinations. However, the use of citation papers pro- oyt using YAKE! (Campos et al., 2020); (2) retrieval
of these keywords from DBpedia and subsequent
"https://uts.nlm.nih.gov/uts/umls/home 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 research?.

2https://github.com/evelinamorim/
openbiolaysumm
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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 journals®, 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 S20RC (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

Shttps://journals.plos.org/plosone/



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 S20RC 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 elLife 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
(43,324.7)
Validation 241 2.42M 10,043.5
(£3,285.9)

Table 1: Statistics of the eLife dataset subset. (M
denotes millions).
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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-
lease*), 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 API® , 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

*https://www.nlm.nih.gov/pubs/
techbull/nd25/nd25_umls_release_ab.html
Shttps://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).

. 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
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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.

. 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



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.

. 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 anymore’. 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/TGoldsackl/
Enhancing_Biomedical_ Lay_Summarisation_
with_External_Knowledge_Graphs

7https://wayback.archive—it.org/7867/
20241213191952/https://lhncbc.nlm.nih.
gov/ii/tools/MetaMap.html
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(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, x < 0.20), a
few presented a slight (4, 0.20 < x < 0.40) , and the
rest were moderate to almost perfect (24, > 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



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
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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 OpenBiolLay-
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:



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.)f 60.26 22,55 45.45 45.44

Table 2: ROUGE scores on the test split. TOur 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.
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Figure 2:
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

Readability measurements for Gold Summary,
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BART (baseline), OpenBiolLay-

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



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. Forinstance, “cells®, “dna” and “cell”
appearin 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
Politician® 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

57

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 OpenBiolLay-
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...

Mammals have Not of Not ligands, D of of Jagged...
DLL1 and DLL4 are activate inin cells cells , of, D D
some tissues DD D ...

Structural errors:

Onealing are between and forth cells

on on and off ...

to aon lig- Lagagged ligands bind...
Theals have Not of lig ligands, D that of Jagged...

DLLA

and DLL4 are bind
of of both of some of have D type...

on on the cells ,

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-
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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-CAl collection and release the resulting PI-CAl 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 allowing them to ground their responses in compa-
rable cases. Within this context, the process of gen-
General Practitioners (GPs) operate at the earliest  erating a medical encounter note from EHR data
stage of clinical decision-making, where they have  can be naturally viewed as a question-answering
to interpret sparse and highly heterogeneous pa-  (QA) task (Figure 1). Here, the GP acts as the user
tient information to propose a clinically grounded  who formulates a question to an LLM system that
and justified course of action (Starfield et al., 2005).  has access to the patient’s structured information,
For this purpose, they typically rely on limited struc-  and, optionally, similar historical cases, requesting
tured data from Electronic Health Records (EHRs)  an answer in the form of an encounter note that
such as demographics, risk factors and medical  outlines an appropriate follow-up recommendation
test screening results (Crosson et al., 2005). By  together with a justification consistent with clinical
the end of each patient consultation, the GP must  guidelines. However, in spite of the relevance of
document a medical encounter note that includes  the scenario in real-world clinical practice, collec-
(i) a recommendation regarding patient follow-up  tions supporting the systematic development and
and (ii) a justification of their decision grounded  evaluation of LLM with RAG emulating GP-LLM
in clinical observations and established medical  interaction to produce clinical encounter notes re-
guidelines (Europe, 2002). These encounter notes  main scarce (Shool et al., 2025; Elgedawy et al.,
serve not only as formal documentation of the con-  2024; Gomez-Cabello et al., 2024).
sultation, but also as a legal and ethical safeguard

ensuring traceability of decisions and transparency Existing clinical QA datasets primarily address
towards patients (Rose and Joshi, 2018; Sittig and  specialist or post-diagnostic settings, relying on
Singh, 2011). the availability of medical notes written by experts

Large Language Models (LLMs) equipped with  or extracting answers from complete clinical
Retrieval Augmented Generation (RAG) are in- narratives (Jin et al., 2021; Singhal et al., 2025;
creasingly integrated into clinical workflows of GPs ~ Kim et al., 2024). In both cases, these resources
to assist with documentation, information retrieval  are difficult to obtain at scale because of privacy
and decision support (Gaber et al., 2025; Lu et al.,  restrictions, the high cost of expert annotation and
2024). Such systems can access collections of pre-  the variability in clinical documentation practices
vious patient encounters and their medical notes,  (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
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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-CAl QA), together with
the corresponding generation templates and
TabMedQA code to support future research on
early-stage justified clinical-decision making'.

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-

"https://github.com/iai-group/
cldhealth-tabmedga/



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
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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.

Our framework is applied to the Prostate Imaging-
Cancer collection (PI-CAl) introduced by Saha
et al. (2024). PI-CAI? is a multi-modal benchmark
for evaluating the detection of clinically significant
prostate cancer (csPC) in a specialist diagnostic
setting. The original collection® 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

Prostate Imaging-Cancer Collection

thtps ://pi-cai.grand-challenge.org/
31'1ttps ://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 EHR?* 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-CAIl 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.

*https://github.com/DIAGNi jmegen/
picai_labels
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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, gpt 4o_mini® 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.

SGPT 40 mini Cost Efficient



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-CAl 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-making®. 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.

80ur adapted guidelines are available at
https://anonymous.4open.science/r/

lrec2026-tabmedga-40B9
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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-CAIl QA Collection

After applying TabMedQA to the PI-CAl collection,
we obtain the PI-CAI QA collection. PI-CAI QA is
composed of 606 patient records represented as
triplets (¢, 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-CAl
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 ¢ 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



randomly selected triplet from the generated PI-CAl
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
(i) 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 ModernBERT” (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-4o0-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
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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



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

Class distribution
Training / Test split
Avg. question length
Avg. justification length
Total number of tokens
Total triplets

68.24 tokens
165.1 tokens
141,229
606

1/0 (49% / 51%)
484 /122 (80% / 20%)

PCa.

Balanced label ratio.

Stratified by decision label.

Mean number of tokens per question.

Mean number of tokens per encounter note.
Including questions and encounter notes.
Number of (g, 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
Encounter Note

1 (patient likely to develop clinically significant prostate cancer)
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
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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



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,  decision making.

the RAG is able to quite reliably provide the support- Future work will extend the framework to addi-
ing cases, what might be crucial for subsequent tional diseases and multi-modal EHR data, explore
GP’s recommendation. automatic factuality and guideline-adherence met-

rics, and investigate temporally aware RAG setups

7. Conclusion and Future Work where retrieved clinical evidence evolves over time.

In this work, we introduce TabMedQA, a framework 8. Limitations

for constructing medical QA collections directly

from structured EHRs. By combining instruction-  Despite of the effectiveness of our TabMedQA
tuned LLMs with disease-specific clinical guide- framework, certain limitations still remain. First,
lines, the framework enables the automated gener-  since the questions are derived from structured
ation of clinical encounter notes that simulate how  EHRSs rather than real GP-patient interactions, the

GPs formulate and document early-stage clinical  linguistic diversity of the generated text remain lim-
decisions, including the clinically-grounded justifi-  ited. Even though an LLM is employed to enrich
cations that support them. phrasing and emulate human questions. As a con-

We demonstrate the applicability of TabMedQA  sequence, the resulting language may still reflect
in a prostate cancer case study, where the syn-  the structured nature of EHRs rather than genuine
thesized encounter notes include both guideline-  GP questions. In the same direction, the quality
based justifications and follow-up recommenda-  and coherence of the synthesized encounter notes
tions. Experiments show that LLM-based meth-  are also dependent on the specific LLM being used
ods make more clinically accurate decisions than  during the collection construction, which may in-
feature-based baselines, even though the justifica-  troduce model biases or inconsistencies. While
tions are not fully clinically correct, factual, or clear.  our framework leverages medical guidelines, its
On the other hand, manual expert evaluations show  reliability still depends on expert oversight to en-
that RAG can reliably retrieve supporting casesand  sure that the synthesized justification and follow-up
thus enables more reliable human machine-aided = recommendations are truly guidelines-consistent.
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Finally, TabMedQA is currently demonstrated on a
single structured collection (PI-CAl), 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-CAl 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 cessibility.

Recent advances in NLP, particularly the devel-
Effective medical communication is fundamentalto ~ opment of LLMs (Brown et al., 2020), open new
the relationship between healthcare professionals ~ possibilities for addressing this challenge. These
and patients. However, hospital discharge reports ~ tools are capable of transforming complex texts
frequently employ specialized technical language while maintaining their precise content and adapt-
that hinders comprehension by patients and their ~ ing the register and complexity of language ac-
families (Kandula et al., 2010). This communica-  cording to the receiver's needs (Joseph et al,
tion barrier not only generates uncertainty but can ~ 2023). The emergence of the Transformer archi-
also compromise treatment adherence and subse-  tecture (Vaswani et al., 2017) revolutionized the
quent medical follow-up. When patients leave the  field, enabling models that capture long-range de-
hospital without fully understanding their diagnosis, ~ pendencies and generate coherent, contextually
prescribed treatments, or warning signs requiring ~ appropriate text.

immediate attention, the consequences can range In this paper, we present SimpliMED, an auto-
from medication errors to delayed recognition of  mated system designed to transform cardiology
serious complications. discharge reports into versions that are accessible

This challenge is particularly relevant given that ~ and comprehensible to patients. Cardiology reports
a significant portion of the population has limited ~ Present particular challenges: dense technical ter-
reading competence (OECD, 2023). The demand minology, numerous abbreviations with context-
for accessible texts has led to initiatives such as ~ dependent meanings, complex medication regi-
Easy-to-Read guidelines (AENOR, 2018) and the ~ Mens, and temporal narratives describing clinical
Plain Language movement (Ad|er’ 2012) Among evolution. Through advanced NLP techniques, we
the first systems addressing text simplification for ~ Seek to develop a solution that preserves the in-
Spanish, Bott and Saggion (2012) proposed an tegrity of medical information while facilitating its
automatic approach targeting e-Accessibility. Re- ~ interpretation.
cently, the Spanish Organic Law 5/2024 on the Our main contributions include a modular archi-
Right of Defense mandates that communications  tecture for medical report simplification combining
be drafted in clear, universally accessible language, LLMs with specialized modules for abbreviation and
highlighting the growing legal recognition of text ac-  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 Espariola de Medica-
mentos y Productos Sanitarios—Spanish Agency
of Medicines and Medical Devices)'. 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

"https://cima.aemps.es/
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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. Vasquez-Rodriguez
etal. (2023) proposed document-level simplification
with coherence evaluation, highlighting the impor-
tance of maintaining discourse structure. Vasquez-
Rodriguez 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



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 OpenAl
GPT models (3.5/4/40), we selected LLaMA 3.1
8B Instruct as our base model. The selection was

74

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 OpenAl 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.?

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/
Imolino03/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 B
Dolor toracico.

ANTECEDENTES

HTA en tratamiento. DM tipo 2. Dislipemia. Exfumador
desde hace 5 afos.

ENFERMEDAD ACTUAL

Varén de 68 afios que acude por dolor tordcico tipico
con cortejo vegetativo.

EVOLUCION Y CURSO CLINICO

Paciente que ingresa en UCI coronaria. Se realiza coro-
nariografia urgente con implante de stent en DA proxi-
mal.

PRUEBAS COMPLEMENTARIAS

ECG: elevacién ST en V1-V4. Troponinas elevadas.
Ecocardiograma: FEVI 45%.

INTERVENCION - PROCEDIMIENTOS QUIRURGICOS
Coronariografia con implante de stent farmacoactivo en
DA proximal.

JUICIO CLINICO

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 ACTUACION

Rehabilitacién cardiaca. Control de factores de riesgo
cardiovascular.

REVISIONES

Consulta de Cardiologia en 4 semanas. Control
analitico previo.

(a) Original Report (Spanish)

REASON FOR ADMISSION B
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.

91) ([A-Z1{2,1}) (?![a—zA-20-9]) to identify
sequences of two or more uppercase characters
not adjacent to alphanumerics, with detected can-
didates validated against the SEDOM (Sociedad
Espafiola de Documentacion Médica—Spanish So-
ciety of Medical Documentation) dictionary® con-
taining 7,054 medical abbreviation entries. The sec-
ond approach uses a LLaMA 3.2 3B Instruct model
fine-tuned on a GPT-40-annotated corpus, where
the training corpus was generated from 70% of the
clinical reports with GPT-40 identifying all abbrevi-
ations present. Fine-tuning configuration included
batch size 2, 3 epochs, learning rate 1 x 10~4, max-

*https://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 “Desviacion Estdndar” (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-40
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 available®*.

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.

*https://github.com/sinai-uja/
DICCIONARIO_MEDICAMENTOS
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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 iliness 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-



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-40, 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.
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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



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.

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,

System Performance
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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-
Tension Area y Factor de Angustia permanente.
Ecocardiograma con Factor Evidente preser-
vada.”

With module: “Antecedentes de Hipertension
Arterial (HTA) y Fibrilacion Auricular (FA) per-
manente. Ecocardiograma con Fraccion de Eye-
ccion del Ventriculo 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



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:

+ Anticoagulacion: Apixaban 5mg. Tomar por
la manana y por la noche. Sirve para prevenir
coagulos.

« Antiagregante: Aspirina 100mg. Tomar por
la mafiana. Sirve para proteger las arterias.

+ Lipidos: Atorvastatina 80mg. Tomar por la
noche. Sirve para bajar el colesterol y proteger
el corazon.

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
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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-
pliIMED 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-



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 output with simple instruction prompts, we identify

7 challenges for this task, including hallucination of

According to the Contemporary theory of metaphor,  metaphors, figurative language or idioms mistaken
a metaphor is “a cross-domain mapping in the  as metaphors, and abstraction instead of extrac-
conceptual system” (Lakoff, 1993). Metaphor can  tion of the originally mentioned metaphors. With
be expressed in different Iinguistic units, such as more advanced prompting techniques’ inc|uding
words, phrases, or sentence levels. People use  chain-of-thought and iterative self-prompting, we
metaphors in dally life with or without realiSing them. were able to address these Cha”enges to some

In the healthcare domain, metaphors can play  extent and extract useful metaphors from the two
a helpful role in the communication between care-  datasets.

givers and cancer patients (Semino et al., 2017b; In summary, our contributions are:
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 pampbhlet of potentially helpful metaphors

» We present the first study investigating large
language models for metaphor extraction in
Dutch cancer patient narratives to support
patient-centred healthcare communication.?

for patients living with cancer.’ « We develop a human-in-the-loop extraction
In this paper, we take the first steps in collecting framework combining structured prompting,

a set of Dutch-language metaphors related to living automatic verification, and expert linguistic val-

with cancer. We extract these metaphors from pa- idation.

tient utterances, both spoken (transcribed) and writ-

ten. To this end, we analyse two distinct corpora of * We construct HealthQuote.NL, a curated

Dutch patient narratives: interviews and blog posts dataset of 130 validated Dutch metaphors de-

(kanker.nl). We experiment with a suite of small, rived from interviews and forum data.

local LLMs and a range of prompting techniques to

extract metaphors from texts. After analysing the ?Regarding 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.

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

Regarding metaphor identification and extraction
methods in Dutch, to the best of our knowledge,
litle 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.

Metaphor Identification in Dutch

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
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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-
gana 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



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 (L.inP)” using Persona, role
of “system” and “user”, without CoTs. Messages
we used for prompting are:
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"role": "system", "content": "You are an assis-
tant that processes and analyses documents."

"role": "user", "content": "Here is the doc-
ument: <document-contenty 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 platform® over commercial models. The
open-source models we used include both medical
and general domains.

4. Experiments

4.1.

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 (Patiént), 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.

Data

Shttps://ollama.com/library
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Word Count and Page Count per Document (Bar Chart)

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.



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, gemmag:12b,
gemmag: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
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was defined as:

Metaphoryaiidated

Precision =
Metaphoriotal

where Metaphoryaiidated @Nd Metaphorioi,; 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 llamag3.1:8b 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



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. |k wist niet wat er aan de
hand was." ("But it was like standing in the night
and seeing nothing. | 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 patiénten 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: "l 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-
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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 linP with verification tool
(1.inP.VT) control and the original English Metaphor
Menu webpage link (L.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 to0o."), l.inP generated
“Morfine brengt angstgevoelens naar boven" (Mor-
phine brings anxiety feelings to the surface), while
the LinP.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



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
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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.

“| 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.”



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 iliness.

4.8. GPT on Forum Data

To compare with the open-source LLMs, we also
used GPT models from OpenAl 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.
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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 Al 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



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

90

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-
search project to use. For the forum data, we used
the secure version of OpenAl GPT5 established by
the agreement between the University and OpenAl
on anonymised and paraphrased data.
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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 poétische versie van maken, die de
spanning en emoties nog sterker
benadrukt, zonder dat het te zwaar wordt.
Wil je dat?

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.

Hopelijk vecht ze
als een leeuw.

een groot litteken

Ineens raakt het
me volledig, heel
kort maar
glashelder.

Ik zal vechten als
een leeuw.

Volgens Dokter
Google kon het
een onschuldige
‘amalgaamtattoo’

zZijn, ... melanoom

kon zijn.
konden we snel
weer naar huis

Op naar
woensdag, het

intakegesprek over

de
immunotherapie..

13

0.95

0.72

0.85

0.99

0.65

0.25

0.30

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

A scar functions as a lasting
trace/after-effect of
iliness/treatment; thematically
closest to item 13 (cancer as an
unwelcome lodger that leaves a
mess / lasting memory/residue).

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)

Straightforward, first-person battle
metaphor — very strong direct fit
with item 7 (determined combat).

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)

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.

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 map | Conf. Explanation
(in Dutch) Score
... Ik ben de afgelopen weken druk om alles een plek | 3 0.65 Putting things in place = processing and
geweest met alles rondom mijn te geven moving along; maps reasonably to type 3 (the
reconstructie, gesprekken met mijn journey and how we walk it — making steps
psycholoog, rebalancing en andere dingen and arranging things emotionally).
om alles een plek te geven, en ook om mijn
werkuren langzaam weer op te bouwen. wat stappen gezet | 3 0.95 'Steps' is a clear journey/process metaphor —
Voor mijn gevoel heb ik behoorlijk wat strong match to type 3.
N -
Z?ggglliajrll giﬁ?g:;d??_/lb\;ﬂ%?t 2Jggg:tztaz‘:t z0 heb je ertwee, | 1 0.75 _Th_e suddenness/disorier_mtation evokes abrupt
het meest onwerkelijke van alles: zo heb je en Ineens nog Jqltlng change—lc_)osely like type 1 (scary
er twee, en ineens nog maar één. maar één ride/abrupt experience).
mijn plezier in het | 9 0.45 Equating loss of pleasure with loss of the
Toen ik gisteren naar de fysio reed en leven ineens leek breast suggests ongoing
langs het ziekenhuis kwam, kreeg ik ineens | te verdwijnen relationship/ebb-and-flow of experience; type 9
flashbacks van de rit naar het ziekenhuis tegelijk met mijn (cancer as relationship with shifting control) is
voor de amputatie, inclusief de angst en borst a loose interpretive fit.
het verdriet die ik toen voelde, en de
terugweg na de operatie, toen mijn plezier | droom dat ik op 14 0.50 Dreams and hiding suggest alienation from the
in het leven ineens leek te verdwijnen de operatietafel body and invasive experience; relates to type
tegelijk met mijn borst. Het rauwe verdriet lig 14 (initial alien-invasion/feeling not connected
kwam ineens terug. ... to changed body)
Het helpt ook niet dat ik vaak droom dat ik - - —
op de operatietafel lig, wachtend op de mijn borst heeft 13 0.75 Breastas a f:ompanlon/personlfled presence
chirurg, of dat ik me probeer te verstoppen. | M€ - vergezeld resonates Wllth type 13 (cancer/part as an
Sinds de amputatie droom ik regelmatig unwelcome/lingering lodger/stranger) —
over geopereerd worden. Het zijn geen emphasizes loss and relationship to the
fijne dromen. body-part.
Soms vind ik het gewoon zo’n raar idee. binnen een uur 13 0.80 Reduction of a breast to 'a piece of tissue' /
Mijn borst heeft me vanaf mijn puberteit haalt een chirurg discarded object implies dispossession and
vergezeld, een groot deel van mijn leven, hem weg stranger/other framing — aligns with type 13
en binnen een uur haalt een chirurg hem (unwanted lodger/alien presence and loss).
weg. ...
Hetgonwerkelijke gevoel blijft ook. Soms alsof mijn brein 14 0.80 The 'brain lagging' image captures
lijkt het alsof mijn brein achterloopt, alsof achterloopt disconnection between mind and changed
het denkt: ... Ik was er immers bij, maar body — a strong match to type 14 (feeling
soms voelt het alsof het niet echt mij is alienated/not connected to bodily change).
overkomen, of alsof ik het niet volledig kan ik zie een lege 6 0.60 An ongoing felt absence (empty place) causing
bevat.ten. Ik. S S Iege.plek, en fysiek plek discomfort resonates with type 6 (persistent
weet ik dat ik een operatie heb gehad, irritant/limitation after cancer — stone in the
maar het voelt soms alsof ik nog in een shoe metaphor for ongoing ache/discomfort).
droom of nachtmerrie zit waaruit ik moet
ontwaken. het brein 14 0.70 This physiological personification (brain-body
... De plastisch chirurg legde uit dat dit communiceert ... dialogue) highlights disconnection and 'not
normaal is: het brein communiceert met maar niet van de right' sensation — thematically fits type 14
alle lichaamsdelen en ontvangt signalen delen die weg (initial alienation / not integrated).
terug, maar niet van de delen die weg zijn, | Ziin, waardoor het
waardoor het brein concludeert dat er iets | brein concludeert
niet klopt. .... Toch kijk ik uit naar het dat er iets niet
moment dat het emotionele “balletje” wat klopt
minder hard stuitert. dat emotionele 1 0.92 Same bouncing-ball image; explicitly about
'balletje’ wat calming emotional oscillation — strong match
minder hard to type 1.
stuitert

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 (7.6x), 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 2. A synthetic patient dataset with realistic clinical

patterns for reproducible evaluation.
The proliferation of Electronic Health Records

(EHRs) has created both opportunities and chal- 3. Novel evaluation metrics focused on informa-
lenges for healthcare delivery. While comprehen- tion preservation and comparability.

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-

4. An open-source implementation with info-
graphic visualization tools.

quire reviewing hundreds of pages of prior records, 2. Related Work
laboratory results, medication lists, and clinical
notes (Pivovarov and Elhadad, 2015). 2.1. Clinical Text Summarization

This information overload has motivated signifi- o o o
cant research into clinical text summarization and ~ Clinical text summarization has evolved signifi-
EHR compression. Recent advances in Large  cantly with the advent of deep learning. Early ap-
Language Models (LLMs) have shown promis- proaches relied on extractive methods that selected
ing results in generating coherent clinical sum-  key sentences from source documents (Pivovarov
maries (Van Veen et al., 2024; Schilder et al., 2025;  and Elhadad, 2015). More recent work has ex-
Schoonbeek et al., 2025). However, questions re- plored abstractive summarization using transformer
main about the optimal approach for different clini- ~ architectures (Shickel et al., 2018).
cal use cases, particularly when the goal is to en- Van Veen et al. (Van Veen et al., 2024) demon-
able rapid comparison across multiple patients. strated that adapted LLMs can outperform medical

This work investigates methods for generating eXpertS in clinical text summarization tasks. Their
compressed representations of patient records that ~ Study applied adaptation methods to eight LLMs

retain essential clinical information while supporting ~ &cross four clinical summarization tasks, finding
efficient review. The contributions include: that in 45% of cases LLM summaries were equiva-

lent to expert summaries, and in 36% of cases they

1. A systematic comparison of four compression ~ were superior.
methods spanning template-based and LLM- A recent scoping review (Schilder et al., 2025)
based approaches with different models. 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 (OpenAl, 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.

A synthetic cohort of 75 patient records was gener-
ated using a custom generator inspired by Synthea
(Walonoski et al., 2018). Each record includes:

Dataset Generation

+ 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, Sp02, weight, ...)
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» 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 81lmg 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 MRNO00O0O1, 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-



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-40-mini (cloud)

* GPT-40 (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)

[fm2.5-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.
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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:
— conditions, current status,
— key concerns"

main
and

H}
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



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: {', '.Jjoin(template_result.p
rimary_diagnoses) }

Vitals: {template_result.vital_ summary}
Abnormal Labs: {', '.join(template_resuj
lt.critical_labs) }

{'", '.join(template_resul
t.risk_factors)}

—

—

—

o
Risk Factors:

—

Provide your analysis in this exact JSON
— structure:

{1
"clinical_ summary": "2-3 sentence
clinical overview optimized for

comparing with other patients."

—

—

H}

Focus on: disease severity, control
status,

and just return the json.

— and key concerns. Be concise

—

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
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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-Ifm2.5) 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-
[fm2.5ing) 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



Patient Cohort Dashboard

Compressed Record Visualization - 75 patients analyzed

75 57 2.9 3.7 15 9
TOTAL PATIENTS AVG AGE AVG DIAGNOSES AVG MEDICATIONS HYPERTENSIVE DIABETIC
Patient Cards (Infographic View)
James Rodriguez Nancy Perez Sarah Garcia John Moore
56 yfo Male 34 ylo Female 58 ylo Female 52 yio Male
&P HR P B BP HR B BP HR Spo: B &P HR P B
1872 | 65 100% 374 188/107 | 81 96% 346 13381 | 70 98% 23.9 473 68 95% 52.7
DIAGNOSES (1) DIAGNOSES (4) DIAGNOSES (7) DIAGNOSES (2)
CRITICAL LABS MEDICATIONS (%) CRITICAL LABS
al i 5 MEDICATIONS (6]
eGFR: 40.0[L] e Bl R © BNP- 410399 [H]  Triglycerides: 298.25 [H]
T Fluticasone Gabapentin Glipizide  Lisinopril Creatinine: 1.9 [H]
Omeprazole Metformin
NKDA CRITICAL LABS ALLERGIES
AST:38295[H]  Albumin: 2.69 [L] CRITICAL LABS
Eggs
HbAle: 7.03 H] BNP: 2479.05[H]  Free T4 3.37 [4]
ALLERGIES Potassium: 6.34 [H]
Sulfadrugs  Codeine ALLERGIES
Sulfadrugs  Codeine
Richard Johnson Susan Moore Robert Jones John Thompson
85 ylo Male 25 ylo Female 54 y/o Male 63 yio Male
BP HR 0 B 8P HR SpOZ B BP HR 3 B 6P HR 5 B
103/60 | 93 100% | 47.1 104/61 | 95 95% 29.8 123/88 | 61 97% 30.5 161/107 | 98 99% 603
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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=Iow,
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 Ifm2.5 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-40 (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):

[MRNOOOOO1l] James Rodriguez, 56y Male

Dx: Urinary tract infection

Meds: Aspirin, Sertraline, Lisinopril

Allergies: NKDA

VS: BP 119/72, HR 65, Sp0O2 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):

[MRNOOOOO1] 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
kidney function (eGFR 49.0 mL/min),

LLM-gpt-40-mini (563 chars, 3.3x compression):

[MRNOOOOO1l] 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%,
Labs: eGFR: 49.0 mL/min [L]

Risks: Current smoker (0.5 pack/day),

Elevated weight

(BMI 37.4),
which may impact treatment and recovery.

active smoking, and reduced

Weight: 111.9 kg

— indicates potential renal impairment
Family history of stroke and colon cancer,

Summary: James Rodriguez is a 56-year-old male diagnosed with a urinary tract

infection.
mental health, but significant risk factors
history of chronic diseases.

Current management includes medications for cardiovascular health and

include his smoking status and family

Listing 4: Comparison of compression outputs for Patient MRNOOOOO1 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-Ifm2.5 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-40-mini 0.967 0.995 1.000 0.917 1.000 3.0x 0.971 0.976 0.879
LLM-gpt-40 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-Ifm2.5 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-40-mini 1.000 1.000 1.000 0.943 0.800 3.4x 0.940 0.949 0.865
Hybrid-gpt-40 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
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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-40-mini in quality.

GPT-40-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-40 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 ...”
Ifm2.5-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).
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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-40 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
(7.6x) 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 Al
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 Ifm 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
Obesity (BMI 37.4)
‘éggﬁsuez 56 Male Urinary tract infection eGFR: 49.0 mL/min [L] Q(e:tclj\ijeces(rzlnsilzjiney function
(eGFR 49.0)
Hypertension
Chronic kidney disease, stage 4 . Severe hypertension
Nancy Hyperlipidemia, unspecified Gluco_s_e. 2.49'25 mg/dL. [H] Obesity (BMI 34.6)
34 Female ] - Creatinine: 4.66 mg/dL [H] -
Perez Fatty liver, not elsewhere classified 6GFR: 26.84 mL/min [L] Active smoker
Age-related osteoporosis without fracture T Reduced kidney function
(eGFR 26.84)
. . BNP: 4103.99 pg/mL [H]
#A"::re 52 | Male Esggrlfii'i'(;‘:ﬁi‘;”if;;‘g;‘;e g Potassium: 5.9 mEg/L [H] | Obesity (BMI 52.7)
’ LDL: 111.29 mg/dL [H]
Fatty liver,
Susan 5 Female not elsewhere classified Glucose: 290.45 mg/dL [H] Active smoker
Moore Alcohol dependence, Potassium: 6.97 mEq/L [H]
uncomplicated
Unspecified asthma,
Richard uncomplicated, . Obesity (BMI 47.1),
Johnson 85 Male Gastro-esophageal reflux Glucose: 275.53 mo/dL. [H] Heavy alcohol use
disease with esophagitis

Table 2: Tabular Comparison of Compressed Patient Records (Template-Based Extraction)

The Hybrid-LLM-Template method and the LLM-
gpt-40-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:
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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.
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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 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.

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

This multicenter, prospective observational study aims to
evaluate the clinical utility of the novel circulating
biomarker “microRNA-XYZ” as a predictor of nephropathy
progression in patients with diabetes.

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

¥

Diabetes left untreated for long periods can lead to a
complication called diabetic nephropathy [1], which \ Bridging
impairs kidney function. This study aimed to investigate knowledge gaps
the usefulness of a molecule called microRNA-XYZ [2]
as a new blood-based biomarker for predicting the

progression of nephropathy in people with diabetes. Annotated

key terms

[1] Diabetic nephropathy: A condition in which diabetes
causes kidney function to decline.

[2] MicroRNA-XYZ: A type of small molecule that
regulates cell function; it is the focus of this study.

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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In this trial, the efficacy and safety of the novel agent Novatinib were evaluated in comparison with a standard treatment group. As a result, a statistically
significant prolongation was observed in the primary endpoint, progression-free survival (PFS) (hazard ratio [HR] 0.65, p < 0.001), demonstrating the strong

I.:_‘pu: disease control effect of this agent. In addition, for the secondary endpoint of overall survival (OS), outcomes comparable to those of the standard treatment
ex were confirmed (HR 0.98).Taken together, these findings suggest that Novatinib is a promising new treatment option in this therapeutic area and may be
applied in future treatment strategies.
Simplification
) . In this study, the effects and safety of a new drug called Novatinib were examined by comparing it with existing standard treatments. The results showed that
Simplified the length of time during which the disease did not worsen (PFS) was clearly longer than with standard treatments. On the other hand, overall survival was
Text found to be ¢ ) that of existing treatments. These findings indicate that Novatinib may become a new treatment option in this field and could be used in

future medic:

' Editing and Refinement

Rewriting for

non-experts standard treatment [1].

The new drug Novatinib (Unapproved drugs, not yet in use) showed a strong disease control effect by significantlyextending the period I
ompared with the curren Bridging knowledge gaps

during which cancer remained stable without worsening—known as progression-free surviv:

Omitted statistical details

In terms of overall survival (OS), which indicates how long patients lived overall, outcomes comparable to the standard treatment %
also confirmed.However, several hurdles still remain before this drug can be used routinely in clinical practice. Annotated key terms
[1] Standard treatment: The best available therapy recommended at present based on scientific evidence for its effectiveness and safety.

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 AMEDfind',
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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ltem

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 Inthe 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)

FRANHIREIGAS A (NSCLC) (IZBWT, EGFR Z RG] 2 X GRS, BAFRBERICHTE 2 R 9
Bl 2 FROH =R EGFR F 0> ¥ - —YHEHR (TK) OFE#MS & 04ttt
= HINE U2 s LR ES 1| MERRGABR 2 S 5.

A multicenter phase Il 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

FENFIRRE A A DS B, REDBETERND D EEEZNRIZ, ZNETOEPYNZRLED
70O ULWEOMR & Ll 2 NS KRR E, EROfis T VwEL~.

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

FNHIRARGE YA [1] DEFHE I ADOHIZIE, FEDBET [2] CEAE»H LAV ET. IhE
TOEPNPELBO>TUELEZDE D BEREFEIAZKTRIL, FILWRDOREH TN
AN D ERRGRER 2, RO TITVE U7,

[1] FNHIKGASA - fili2SA D —FET, iKW -> <) LTS24 A 7 TT.

2] EET  KOBZERDO LS RIE7Z6E%2 T 5, MllohoyETT.

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

ffidS A D—FETdH 2 I/ SADEED S B, KEDEMET (EGFR[1]) ICERNH DA
=R, BRRBRZ T o2, (FIE) #H L WE =MD EGFR 11 v F >+ —XFHEH (TKD
2] LW O DR EH e LM EFMT 2 Z EAHKE S .

[1] EGFR : fHlIOEFHIZBID S & VN0 B (ZER) O—F. ZOEEBTFIZERNHZ L, N
AR X 2T < R 5.

[2] EGFR F O ¥ Y ¥ F—YHEH] (TK) : EGFR X WA Z VU RXZEDII 62 WA b 2k
T, BAMBLORESE% 116D 5 3.

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  a medical writer.

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.

To evaluate the effectiveness of the proposed two-
stage rewriting method, comparative experiments

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

5. Experiments the Refinement stage.

All texts generated under each experimental set-
ting are publicly available.?

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 ®https://github.com/sociocom/E2U
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Model Setting | Similarity Metrics | Summary Metrics
Base Refinement | BERTScore  BLEU | ROUGE-1 ROUGE-2 ROUGE-L
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
DeepSeek
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
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
Gemini
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
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
GPT-5.2 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-Al, 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) (OpenAl,

2025): A general-purpose language model
developed by OpenAl. 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.
FHUZFE I NZRE R T XZF-1 1, MPADORES K OERICEERKEH % R/29 2 L %0
EORBHETRINA. (FIE) X512, XZF-1 EROAE R % 303 D HH G R
ICHEDE, SR AR READEAZ[IT 27 E N IR EED TN S,

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)

FULSHDMPo7 IXZF-1) L WD EET DRSS EFART IR (BERT) I, QAN T
IEVEAZD T HBBRICED S TV ATRENED, TEEDOERTFLDWETRINTE 2. (h
W) 25Uk eEE &1l, XZF-1 BHEF ORI % 54 & ARG & B, R IR 2
TEEGEIR e UCTEAT 20D E I Y 2 DTV S.

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”)

BRI NABERT XZF-1 23, iR ADFERETICE W TEERLHER2TIen
BRIz L) RNz, (I X 512, XZF-1 BLEFIOBRE % 503 2 8RR R D 7
MZFHE (70~ 3—)b) 2HREL, MRIMIEERR L UTEAT L2002 ED TN D,

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 Atrtificial intelligence (Al)-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 Al-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 Al, 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
(Al)-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.

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.

Care Pathway

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: Miller
Address: Musterstrabe 10,
Date of birth: April 12,
Main diagnoses: Dementia,
[...]

Care level: 4,
Emergency call system:
[...]

Speech disorder: No
Type of speech disorder: -
Skills/resources/

Observations: Despite her dementia,

1010 Vienna
1935

yes,

— conversations.

faces.
to and finds it relaxing.

DR

high blood pressure,

osteocarthritis

application for increase submitted: no
with Johanniter Unfallhilfe

Elisabeth is still able to hold simple

She responds positively to friendly and patient communication.
She tends to repeat herself and has difficulty remembering new situations and
She shows confusion when discussing complex topics.

She likes being read

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

Gemini 3 Pro
Gemini 3 Fast
Gemini 3 Thinking
NanoBanana Pro
GPT-5

A2 B1 B2

XX 1 x|E
XX 1 X
X
I X X

Table 1: Model usage across test setup.

Experimental Designh 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
innerhalb von 24h.",
zeigt Handlungsbedarf THEN Planung konkreter

— Informationssammlung)
"IF Risikoeinschtzung (Matrix)
— Manahmen im Manahmenplan.",

"IF Manahmen durchgefhrt THEN Dokumentation im Berichteblatt

— begrnden) .",

(Strukturierte

(Abweichungen

"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.

PATIENT ADMISSION
(Elisabeth Ml Care Level )

v
OEUETAPATAY L
cive)

) (Care Level 4-Mandaton)

DRI LOGGING
Persona Care Mobiiy,
ke Outpu)

INDIVIDUAL AID ADJUSTMENT
(Absorbency. Type)

USEVALIOATION
T

ENVIRONMENTAL HAZARD CHECK SKIN PROTECTION
(Remore Ostaces mproveLihting)| | (BarierCreams, ygiene)

"PROVIDE ORIENTATION AIDS
(Clocks, Calendars, Signage)

‘WANDERING
<ENOENCY DISORIENTATION

es

'SECURE ENVIRONMENT |
SENSORMATS
(o Foator)

Figure 1: Generated image from NanoBanana Pro,
with English prompt.

(OFFER HIP PROTECTORS

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:

##4# 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.

—
[N
s
—

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
N '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.

—
—
(S
—

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.
were screened against:

Generated outputs

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.
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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.



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) :
[N [Insert contents of
— 'qguidelines_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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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 Al-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.

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

The Trap of Superficial Plausibility
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Figure 4: Generated graph code using Gemini 3 Fast with English prompt and structured JSON input.

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 Al-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 Al-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 Al 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
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Figure 6: Bigger display of Figure 1, generated image using NanoBanana Pro, with English prompt.
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Figure 7: Bigger display of Figure 2, generated image using Gemini 3 Pro and NanoBanana Pro with
German prompt.
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(a) Generated graph code using Gemini 3 Fast with En-  (b) Generated graph code using Gemini 3 Fast with en-
glish prompt and structured JSON input. glish promt and and unstructured full text input.

Figure 10: Bigger display of Figure 4 and Figure 5
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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 (Dudau 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
(i) 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. Al-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 Al 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

133



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.

Mean |SHAP| — top features in group: patient.*

patient.prev_thumbs_up - +0.259
patient.prev_question - +0.236
patient.prev_pos_feedback - +0.140
patient.returning_user - +0.084
patient.used_emotional_state_picker - +0.055

patient.gender-| | +0.026
0.0 0.1 0.2
Mean |SHAP| — top features in group: doctor.*

doctor.prev_thumbs_ups_rate - N +0.049
doctor.workplace - +0.037
doctor.prev_helped_per_year -l +0.027
doctor.years_on_platform -l +0.023
doctor.prev_pos_feedback_texts_rate -l +0.022
doctor.specialty -Jll +0.012
doctor.prev_neg_feedback_texts -l +0.010
doctor.prev_pos_feedback_texts -Jill +0.007
doctor.education -l +0.005
doctor.prev_thumbs_downs_rate -l +0.005

' ' '
0.00 0.02 0.04

Mean |SHAP| — top features in group: doctor_text.*

doctor_text.n_gmarks - +0.083
doctor_text.liwc.work I +0.060
doctor_text.n_digits I +0.059
doctor_text.liwc.negate - +0.041
doctor_text.descriptive_stats.n_characters -l +0.035
doctor_text.descriptive_stats.n_unique_tokens Il +0.034
doctor_text.descriptive_stats.n_tokens -Jlll +0.031
doctor_text.descriptive_stats.n_sentences -l +0.024
doctor_text.liwc.time -l +0.018
doctor_text.liwc.social - +0'01.8

0.00 0.05

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

135



Dermatology

liwc.work -

n_di

liwc.relativ -
liwc.interrog -
n_exclaims -l
" liwc.see
liwc.discrep -
liwc.cogproc
liwc.posemo -
liwc.percept -

n_digits —mm—

_ liwc.feel —m—

liwc.negate -—.
liwe.time -—

Endocrinology

. n_digits -———
liwC.work -
n_all_caps -

liwc.négate -l
n_exclaims -l
" liwc.fee| -l
liwc.social -l
liwc.shehe
total_punct -H
. liwc.see H
liwc.interrog
_n_commas -
liwc.percept i

liwc.ingest - liwc.quant
liwc.relig . liwc.verb .
Gynecology ENT
liwc.work -— liwc.work - E—
liwc.sexual - . n_digits -m——
n_digits - liwc.negate -
total “punct - liwc.hear -
politeness total_punct -
liwc.time - liwcsocial -
 liwc.feel 4 liwc.percept -l
liwc.ingest -l n_commas -l
liwc.relig _Tiwc.time -
liwc.see liwc.insight -
ttr 4 liwc.posemo -
n_commas liwc.sexual -
liwc.negate 4 liwc.affect -
liwc.shehe . liwe,risk -
liwc.bio i \ liwc.relativ .
0.00 0.02 0.00 0.02

Figure 3: Mean absolute SHAP values for the most i
for each medical question specialty. Bars show the

Neurology

liwc.work -
n_all_caps -
liwc.relativ -

. n_digits .
liwcsocial -
liwc.sexual -

Gastroenterology

 n_digits -—
 liwc'soCial -
liwc.posemo -l
n_exclaims -
total_punct
liwc.sexual -l

 liwc.risk liwc,shehe
liwc.ingest - liwc.insight
. liwcisee Jliwc.time |
liwc.shehe - liwc.affect
liwc.relig | _ liwc.anx
liwc.feel | liwc.negate
n_all_caps n_exclaims -
liwcwork -l liwc.ingest -l
liwc.bio & . n_capitalized .
Pediatrics Urology
n_digits —— liwc.sexual -
liwc.work -

liwC.work ——

liwc.social -l n_exclaims -

liwc.time -l liwc.negate -l

liwc.relativ -l n_digijts .
_ liwc.you liwc.relig -
liwc.insight -l liwc.time -
liwc.rélig - . politeness -
total punct -4 liwc.interrog -
n_all_caps liwc.compare

liwc.negate M
n_exclaims -
liwc.sexual -#
. n_commas
liwC.auxverb

0.00

) Cttr
liwc.differ
total_punct
liwc.quant
liwc.social -1

1 1
0.02 0.00 0.02

mportant doctor text features, computed separately
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).
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Abstract
Matching patients to clinical trials is a critical bottleneck hindered by complex eligibility criteria. While conversational
Al 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 Al'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 Al

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; Képcke 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 Al
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 Al
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 Al 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 Al
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 (EHRSs)
(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 Al 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 Raw Eligibility Criteria
Concepts
(Cluster)
Dihyd imidi

b4 ropyrl_ml Ine1. Known dihydropyrimidine
Dehydroge
nase (DPD) ggzziderr?gfnase (DPD)
Defici :

SHCIENCY 5 Known DPD deficiency
tested by measuring uracil
level in blood or by genetic
testing for DPD mutations.

Eastern 1. Eastern Cooperative

Cooperative :

Oncglogy Oncology Group (ECOQG)

Group (ECOG) performance status of 0 or 1.
2. Patients must have an

Performance

Status < 1 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 ClinicalTriaBERT (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
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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 (¢ € {0.3, 0.5, 0.6,
0.7, 0.8, 0.9}), and alpha (« € {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 ¢ 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-



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, = 0.7, and a = 0.9. This config-
uration achieved a balanced trade-off (precision =
0.841, recall = 0.995, F1 = 0.911), while producing
areasonable 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
Al 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- GOAL: Analyze each clinical trial eligibility criterion and generate a single,
tion Prompt 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 You are assessing patient eligibility against a clinical trial criterion.

Prompt 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

143



“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/mm?3”), 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., "l 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 Al
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 Al 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-
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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

Do you have a diagnosis of Human
Immunodeficiency Virus (HIV) infec-

treatment?

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 Al 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 x 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 ECQ); 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 x
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 Al 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 Al 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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Howaever, | also felt that there was no way that | could become
infected,....Or rather, it was around 5pm on March 28th that |
thought, "Maybe not, maybe I'm just imagining things.

[...] do our best." So, before | came out, there was a lot of worry.

Narrative Text

Timetable-based Summarization by LLM

Sudden Onset of Unprecedented
Saturday, 28 March 2020 Loss of Smell Signals Onset

¥, 28 March at 5:00 pm Uncertain How Infection Occurred
Monday, 30 March Made difficult decision to self-isolate
2020-04-02 Severe Widespread Body Pain Begins
After losing smell Stopped Reporting Activities to Self-solate
After Hospitalized Father Cares for Child at Home
After Recovering Shared Experience Publicly to Combat Stigma
2020-07-31 Planning to Protect Children from Infection
autumn, October, Husband Experiences Complete Loss of Smell
[fors
lzez A set of structured temporal summaries

AL curirairis Lt s e g i d4s S b ey P

Patient Journey Visualization by LLM

late March 2020

Patient Journey el

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
etal., 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, | also felt that there was no way that | could become
infected, and so, as someone in a reporting position, at the
time | was already working from home as much as possible,
avoiding rush hour traffic, trying to avoid crowds, and wearing
a mask, so | had no idea how | had been infected. Or rather,
it was around 5pm on March 28th (Saturday, 28 March at
5:00 pm) that | thought, "Maybe not, maybe I'm just imagining
things." [...] So, | called my boss and contacted my husband,
and since | was at work for a bit, | went home, and we decided
that | had no choice but to contact the public health center
and follow their instructions, so | went home by train, wearing
a mask and being careful.

| felt there was no way Route of infec-

| could get infected.
| worked from home
as much as possible,
avoided rush hour and
crowded places, and
wore a mask, so | had no
idea how | was infected.

tions

After | 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 | 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 | heard that he was probably

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

Young

children

and coronavirus
infection

thinking about things like that out in the field.

was also under a lot of
pressure.

Table 1: Sample entries from a single patient interview (HO1). 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-Japan’, a national branch
of DIPEXx International®. 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

”, “onset of symptoms”, “main symptoms

infection”,
in the acute phase”, “anxiety and suffering of in-

1https ://www.dipex—7j.org/
2http: //www.dipexinternational.org/

151

Interview Entries Words (ja) Words (en)
HO1 13 7,847 5,289
HO3 6 3,773 2,086
Ho4 7 3,395 2,217
HO5 10 4,638 2,712
HO7 4 1,915 1,208
HO08 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 HO6) 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



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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(a) PATIENT JOURNEY

PATIENT JOURNEY

(b) PATIENT JOURMEY

BATIENT JOURNEY

PATIENT JOURNEY

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.

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

Models and Prompts

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
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temporal information extraction, which are often
referred to as TIMEXS3 (Yao et al., 2025).

5.2. Patient Journey Visualization Setup

5.2.1. Models and Prompts

We used the Gemini-3-pro-image-preview model®*.
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/emoiji 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 W,,.. denote the number of votes
for the baseline, and W, denote the votes for
the proposed method. The winning proportion is
defined as:

WO'(LTS

WinPrOp = W,
base ours

(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-2t ROUGE-L+ BLEU? P+ Rt  Fit
JA  Gemini-2.5pro  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-25-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 0250 0.231 0.240

Table 3: Performance of timetable-based summarization in Japanese (ja) and English (en) text.

Japanese English
Criterion Aspect Wease Wours WIinProp  Wisse 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. W,s. and W,,,.. 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.
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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.
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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 iliness (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 (Asociacidon Espafiola 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
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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 (I1AA) 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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itory’ 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); Magana (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 (Sanchez-
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 Asociacién Espanola Contra el Cancer (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 cancer” (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), “Cancer de mama” (breast
cancer), and “Cancer de préstata” (prostate can-
cer). Their high incidence, together with their cul-
tural and emotional salience (World Health Orga-
nization, 2025; Sociedad Espafola de Oncologia
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
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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 (“l go step by step with
the treatment”) or lucho a diario contra el cancer
(“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
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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 espanola
(RAE) (Real Academia Espafiola, 2023) or
other authoritative sources such as ASALE
(Asociacion de Academias de la Lengua Es-
pafola, 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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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 I1AA,
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
Al 0.60
A2 0.52
A3 0.48
A4 0.53
A5 0.49

Table 1: Mean IAA scores by annotator

L, L Fi L, Ly Fi

A2 A1 0.64 || A3 A1 0.62
A1 A4 060 | A5 A1 0.55
A2 A3 054 | A2 A4 047
A3 A5 047 | A2 A5 0.46
A5 A4 046 || A3 A4 045

Table 2: IAA scores by annotator pair (L1,Ls)

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.

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; Escartin 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.

Curation of Metaphorical Vehicles

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), Escartin et al. (2018), and the Nueva
Gramadtica de la Lengua Espafiola (NGLE, 2009).
The following types were considered relevant for
metaphor annotation:

Light Verb Constructions (LVCs). LVCs? 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)

ENGINE

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., scdmo te va? ‘how is it going?’ [jour-
ney] vs. ;qué tal estds? ‘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 DIiLEA (Pe-
nadés Martinez, 2020), DiCE (Vincze et al., 2011),
and RAE resources. Frequency was assessed us-
ing the logDice metric (Rychly, 2008), robust to cor-
pus size (Gablasova et al., 2017). Following Pinto
etal. (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 ‘|
must take precautions’) adjust the degree of
the speaker’s modality, obligation or possibil-
ity (Magafia, 2020).

» Temporal verb constructions: Forms such
asira, 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 ‘1 am a strong
person’, estoy débil ‘Il am weak’). For instance,
la alimentacion 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.qg., lo Unico 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 Sanchez-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 mafiana no fuera a estar ‘|l live as if
tomorrow | 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 obstaculos y
hay que ir pasdndolos ‘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 Presultti, 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 (Sanchez-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.

Agreement t Percent tage D by Target Domain

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.
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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.
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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-Al 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

2 female
Sex

3 male
Native Language Spanish

. . 4 Spanish

Nationality 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 words?®), 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 hames, and
identifiable references removed or replaced follow-
ing GDPR-compliant pseudonymization protocols
(Parlamento Europeo y Consejo de la Unién Eu-
ropea, 2016; Burdalo, 2025; Lépez-Garcia 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 2.58

(main author)

Avg. interactions 12.20

(comments)

Breast cancer = 504.5
Prostate cancer = 784.7
Testimonies = 749.8
2010-2024

Avg. words per topic

Covered years

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 Unién Europea, 2016), estab-
lished guidelines for anonymizing Spanish medical
texts (Burdalo, 2025), and existing anonymization
tools for Spanish (Lépez-Garcia 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.
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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 Al 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 Al to simulate healthcare
conversations at scale, offering a solution for data-scarce domains.

Keywords: Synthetic Data Generation, Conversational Al, 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

171

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—Obiject (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 Al. 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 .

2. Related Work

Synthetic dataset generation is increasingly seen
as a practical way to address data scarcity in con-
versational Al, 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-
maria et al. (Santamaria 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.

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

Persona Generation

2Names were chosen based on their common usage

named Mohammed, Abdullah, Aicha, and Fatima;
Surinamese: Rudolf, Johan, Julia, and Ingrid; Turk-
ish: Ali, Mehmet, Ayse, 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 Morocc