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Abstract

We describe the UniBuc-SB submission to the
ArchEHR-QA shared task, which involved gen-
erating grounded answers to patient questions
based on electronic health records. Our system
exceeded the performance of the provided base-
line, achieving a higher performance in gener-
ating contextually relevant responses. Notably,
we developed our approach under constrained
computational resources, utilizing only a sin-
gle NVIDIA RTX 4090 GPU. We refrained
from incorporating any external datasets, rely-
ing solely on the limited training data supplied
by the organizers. To address the challenges
posed by the low-resource setting, we leveraged
off-the-shelf pre-trained language models and
fine-tuned them minimally, aiming to maximize
performance while minimizing overfitting.

1 Introduction

The ArchEHR-QA shared task (Soni and Demner-
Fushman, 2025b) focuses on advancing automated
question answering systems that can generate
grounded responses using electronic health records
(EHRs). With the increasing use of patient portals,
clinicians are increasingly challenged by the vol-
ume of patient inquiries. Automating the response
process aims to reduce this workload by providing
quick and accurate answers to patients. The task
provides realistic patient queries along with clinical
notes, requiring the systems to generate answers
based on the EHR excerpts provided. This setting
not only tests the ability to handle limited data,
but also emphasizes the need for accurate medical
language understanding and effective information
retrieval.

Developing effective question answering (QA)
systems for the medical domain presents distinct
challenges, particularly when working with limited
data and computational resources. The develop-
ment dataset (Soni and Demner-Fushman, 2025a;
Johnson et al., 2023a,b) provided was relatively
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small, consisting of only 20 distinct medical cases,
while the test dataset consisted of 100 medical
cases. This data limitation increased the risk of
overfitting and restricted the potential for extensive
training. Additionally, the complexity of medi-
cal language requires systems to accurately inter-
pret nuanced terminology and context. To address
these challenges, we adopted a resource-efficient
approach, using a single NVIDIA RTX 4090 GPU
and adhering strictly to the provided dataset, with-
out incorporating any external data. Our system
leveraged pre-trained language models to compen-
sate for the data limitations, applying minimal fine-
tuning to adapt them to the medical QA task. This
strategy aimed to balance computational efficiency
with performance, allowing our system to effec-
tively generate grounded answers despite the small
dataset size. Our results demonstrate that even un-
der these constraints, our approach exceeded the
baseline, highlighting the effectiveness of strategic
model selection and fine-tuning in low-resource
settings.

The remainder of this paper is organized as fol-
lows. Section 2 discusses related work, focusing
on prior approaches to medical question answering
and low-resource NLP systems. Section 3 details
our system architecture, including data preprocess-
ing, model selection, and training procedures. Sec-
tion 4 presents the results of our system compared
to the baseline, accompanied by a thorough analy-
sis of its performance. Finally, Section 5 concludes
the paper by summarizing our findings, highlight-
ing limitations, and suggesting directions for future
work.

2 Related Work

Recent advancements in EHR question answering
(QA) systems have focused on improving infor-
mation retrieval accuracy while mitigating hallu-
cinations and enhancing interpretability. Bardhan
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et al. (2023) provide a comprehensive review of
EHR QA research, identifying the emrQA dataset
as the primary resource and emphasizing the need
for standardized evaluation metrics to facilitate con-
sistent benchmarking.

In response to the need for robust evaluation
frameworks, EHRNoteQA (Kweon et al., 2024)
was introduced as a benchmark designed to as-
sess Large Language Models (LLMs) on patient-
specific questions derived from MIMIC-IV (John-
son et al., 2023a) discharge summaries. The
dataset includes both open-ended and multiple-
choice questions and has been used to systemat-
ically evaluate 27 LLMs, highlighting the variabil-
ity in model performance across different question
types.

Addressing the challenge of querying structured
EHR data, quEHRYy (Soni et al., 2023) employs
natural language interfaces to translate clinician
queries into structured database queries, facilitat-
ing more intuitive data access and emphasizing
interpretability.

In the context of ensemble learning, Romero
et al. (2025) demonstrate that leveraging multi-
ple BERT-based encoders significantly improves
medication-related named entity recognition (NER)
across dosage, route, and strength attributes. This
approach aligns with our system design, which
employs multi-model architectures to capture com-
plementary error patterns.

Finally, Sohn et al. (2024) introduce RAG2, a
retrieval-augmented generation framework that pri-
oritizes rationale-driven query formulation and ev-
idence sampling to reduce hallucinations. Their
findings underscore the value of multi-pass an-
swer generation and rationale-centric retrieval, both
of which inform our system’s evidence-grounding
strategy.

3 System Description

Our system is structured as a modular pipeline
composed of three main components: preprocess-
ing, relevance classification and answer genera-
tion, as shown in Figure 1. The pipeline is de-
signed to process input data consisting of elec-
tronic health records (EHRs) and clinician ques-
tion, transforming them into structured data for
downstream processing. The preprocessing com-
ponent structures the input data, which is then fed
into the relevance classification module to identify
relevant sentences. The identified sentences are
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subsequently processed in the answer generation
module, which consists of three sequential steps:
generation, grounding, and post-processing. The
final output is a contextually grounded response
tailored to the question.

3.1 Preprocessing

The preprocessing stage structures raw data into a
format suitable for downstream tasks. Each med-
ical case is divided into sentences labeled as es-
sential, supplementary, or irrelevant based on their
relevance to the clinician’s query. The query is
incorporated as contextual input for relevance clas-
sification. Each record includes a case ID, sentence
ID, sentence text, query, and relevance label, ensur-
ing consistency in data handling.

To prevent data leakage, the dataset is split at
the case level, maintaining label distribution across
training and testing sets. Relevance labels are then
binarized, with essential and supplementary sen-
tences labeled as 1 and irrelevant sentences as 0,
simplifying the classification task.

3.2 Relevance Classification

The relevance classification component is responsi-
ble for identifying sentences within the input data
that are relevant or not to the clinician’s query. This
step is critical in filtering out irrelevant content and
ensuring that subsequent processing stages focus
solely on clinically pertinent information.

To accomplish this, we employ an ensem-
ble classifier composed of four pre-trained lan-
guage models. Each model is fine-tuned for bi-
nary relevance classification, distinguishing be-
tween relevant and irrelevant content. The se-
lected models include BERT! (Devlin et al., 2019),
Bio_ClinicalBERT? (Alsentzer et al., 2019), Blue-
BERT? (Peng et al., 2019), and MedEmbed* (Bal-
achandran, 2024). This combination allows us to
leverage both general-domain language understand-
ing through BERT and domain-specific medical
knowledge through the clinical and biomedical
models, ensuring that the classifier can effectively
handle both general and specialized content within
the EHR data.

1https://huggingface.co/google—bert/bert—bas
e-uncased

https://huggingface.co/emilyalsentzer/Bio_Cl
inicalBERT

3https://huggingface.co/bionlp/bluebert_pubme
d_mimic_uncased_L-12_H-768_A-12

4https://huggingface.co/abhinand/MedEmbed—lar
ge-vo.1
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Figure 1: Our proposed system architecture, structured as a modular pipeline involving preprocessing, relevance
classification, and answer generation. The entire system is designed to operate within a 24GB VRAM limit.

To address the class imbalance present in the
dataset, we adopt the focal loss (Lin et al., 2020) as
the objective function during training. Originally
developed for dense object detection in computer
vision, focal loss adjusts the contribution of each
sample to the overall loss based on its classification
difficulty. Specifically, it down-weights the contri-
bution of well-classified samples and focuses more
on harder-to-classify examples, mitigating the im-
pact of the overrepresented non-relevant class in
our dataset.

The training setup employs a learning rate of 5 x
1075, with a linear warm-up schedule comprising
10% of the total training steps. The training process
is conducted over seven epochs, with a batch size
of 16 samples per step. Model checkpoints are
saved at each epoch, with the best model based on
validation F1 score selected as the final model.

Upon completing individual model training, the
predictions from each model are aggregated to form
the ensemble output. For each input sentence, the
relevance label is determined by majority voting,
wherein the label receiving the highest number
of votes across all models is selected as the final
prediction. This ensemble strategy leverages the
strengths of each model, reducing the impact of
individual model biases and enhancing overall clas-
sification robustness.

The output of the relevance classification step
serves as the input to the subsequent answer gener-
ation module. Only sentences that are classified as
relevant to the clinician’s query are retained.
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3.3 Answer Generation

The generation stage begins by compiling the rele-
vant sentences identified during the classification
phase. Each sentence is formatted with its unique
identifier and presented in a structured evidence
list. This evidence list is then combined with the
clinician’s question to form a comprehensive input
prompt for the generation model.

For response generation, we employ the Mis-
tral Small 3.1 language model (Mistral Al, 2025),
which is designed to handle large-scale language
tasks with a compact yet powerful architecture. The
model is loaded using the Ollama interface with
the default parameters, which provides a seamless
integration for inference and allows efficient model
deployment without extensive modification of the
original architecture. This integration facilitates
the use of the model within the existing pipeline
without exceeding the 24GB VRAM limit imposed
by the RTX 4090 GPU, ensuring that the entire
system remains computationally feasible.

The input prompt instructs the model to generate
a concise response that addresses the clinician’s
query while adhering to a specified word limit. If
the generated response exceeds the maximum word
limit of 70 words, the generation step is repeated
with a modified prompt that instructs the model to
produce a more succinct version of the response.
This iterative refinement process ensures that the
output remains within acceptable length constraints
without compromising informativeness.

Following response generation, the grounding
step is employed to verify and reinforce the gen-
erated response by explicitly referencing relevant



evidence from the input sentences. This step miti-
gates the risk of unsupported claims and enhances
the factual accuracy of the output, aligning it with
the context provided by the EHR data.

The final post-processing step involves correct-
ing formatting inconsistencies, such as erroneous
citations or incomplete sentences. Additionally, the
post-processing script ensures that the output struc-
ture is consistent across cases, aligning with the
required submission format. This step is crucial for
maintaining the overall quality and coherence of
the generated responses.

4 Evaluation

The evaluation is conducted on a test set of 100
medical cases, focusing on factuality and relevance.
Factuality is assessed using Precision, Recall, and
F1 scores by comparing generated evidence cita-
tions with the ground truth.

Factuality evaluation includes Strict and Lenient
modes. Strict considers only ’essential’ sentence
citations, while Lenient also includes ’supplemen-
tary’ sentences, allowing for more flexibility.

Relevance is evaluated using BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004), SARI (Xu et al.,
2016), BERTScore (Zhang et al., 2020), Align-
Score (Zha et al., 2023), and MEDCON (Yim et al.,
2023), assessing both linguistic quality and clinical
grounding.

The overall score is the average of the Strict
Citation F1 score (Factuality) and a composite Rel-
evance score, calculated by normalizing and aver-
aging the individual metric scores.

4.1 Evaluation Results

Table 1 presents the evaluation results of our sys-
tem across various metrics, focusing on both fac-
tuality and relevance. While the system achieves
consistent scores in citation-based evaluation, with
strict F1 scores of 44.7 (micro) and 46.4 (macro),
it underperforms in text generation metrics, partic-
ularly in BLEU (0.6) and BERTScore (23.9). This
suggests that while the model effectively identifies
relevant evidence, further refinement is required
to enhance the fluency and linguistic alignment of
generated responses.

4.2 Ablation Study

Table 2 reports the lenient F1 scores across the
four test cases for each individual model, all pair-
wise and three-way combinations, and the complete
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Metric Score Micro Macro
Overall Score 36.4 - -
Factuality 44.7 - -
Relevance 28.1 - -
Strict Precision - 58.7 63.6
Strict Recall - 36.1 42.7
Strict F1 - 44.7 46.4
Lenient Precision - 61.7 68.5
Lenient Recall - 35.9 41.4
Lenient F1 - 45.4 47.8
BLEU 0.6 - -
ROUGE-L 19.9 - -
SARI 49.0 - -
BERTScore 23.9 - -
AlignScore 43.0 - -
MEDCON (UMLS) 324 - -

Table 1: Official evaluation results on the test dataset
across overall performance, citation-based, and text gen-
eration metrics.

four model ensemble. Among the single models,
Bio_ClinicalBERT performs best, which is con-
sistent with its clinical-domain pretraining. How-
ever, the standard BERT model—despite lacking
biomedical specialization—proves surprisingly ef-
fective, particularly in combination with other mod-
els. In fact, BERT appears to play a stabilizing role
in most ensemble variants. Its inclusion consis-
tently improves performance, often more than one
might expect given its standalone score. This sug-
gests that general-domain representations may pro-
vide complementary context cues that specialized
models overlook especially when clinical language
overlaps with common phrasing. Performance im-
proves steadily as models are added, with all three-
model combinations outperforming any two-model
setup. Interestingly, the top three-model combina-
tion excludes BERT, but only slightly edges out
the BERT-inclusive variants>. Ultimately, the full
ensemble outperforms all others, confirming that
diversity in model training is meaningful to rele-
vance prediction.

4.3 Resource Usage

The entire pipeline—including preprocessing, rele-
vance classification, and answer generation—runs
comfortably within the 24GB VRAM limit of a sin-
gle NVIDIA RTX 4090 GPU. During inference, the
relevance classification stage takes approximately
1 second per case on average. The answer genera-
tion stage, which uses the Mistral Small 3.1 model



Variant F1

BERT 0.524
Bio_Clinical BERT 0.544
BlueBERT 0.515
MedEmbed 0.507
BERT + Bio_Clinical BERT 0.579
BERT + BlueBERT 0.563
BERT + MedEmbed 0.522
Bio_ClinicalBERT + BlueBERT 0.532
Bio_ClinicalBERT + MedEmbed 0.552
BlueBERT + MedEmbed 0.546
BERT + Bio_Clinical BERT + BlueBERT 0.563
BERT + Bio_ClinicalBERT + MedEmbed 0.602
BERT + BlueBERT + MedEmbed 0.602
Bio_ClinicalBERT + BlueBERT + MedEmbed  0.603
Full ensemble (all 4) 0.619

Table 2: Ablation study: F1 scores for each single
model, model combination, and the full ensemble.

via the Ollama interface, averages 15 seconds per
case. Post-processing, which involves formatting
corrections and citation verification, adds an ad-
ditional 0.001 seconds per case on average and is
performed entirely on CPU.

Altogether, the full inference pipeline processes
each case in about 16 seconds end-to-end. These
performance characteristics confirm the system’s
suitability for real-time or near-real-time deploy-
ment in clinical or low-latency environments. Ad-
ditionally, the total cost for running inference over
the full test set is negligible when using standard
compute infrastructure, making the approach both
scalable and accessible.

4.4 Error Analysis

The model exhibits false positives in sentences with
clinical terms or medication instructions that are
not directly relevant to the query, such as "You
were started on a milrinone drip, with improve-
ment in your heart’s pump function". This suggests
over-reliance on clinical terminology rather than
contextual alignment. Conversely, false negatives
often involve broader prognostic statements or men-
tal health assessments, where relevance is implied
across multiple sentences. This indicates a need for
improved contextual understanding to handle less
explicit but clinically relevant content.

5 Conclusions

This paper presents a modular pipeline for rele-
vance classification and grounded answer genera-
tion in the ArchEHR-QA shared task, operating
under constrained computational resources. The
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use of pre-trained models with minimal fine-tuning
proved effective in leveraging both general-domain
and medical-specific knowledge, resulting in con-
sistent citation-based evaluation scores. However,
lower scores in BLEU and BERTScore indicate
that further refinement is necessary to improve the
fluency and linguistic alignment of generated re-
sponses. Future work will explore methods for en-
hancing response generation, including advanced
grounding techniques and multi-sentence contex-
tual modeling.

Limitations

The reliance on a single RTX 4090 GPU con-
strained the computational capacity available for
training and fine-tuning, limiting the scope of
model experimentation and hyperparameter opti-
mization. Additionally, the development dataset
consisted of only 20 cases, restricting the diversity
of clinical scenarios encountered during training
and potentially impacting the system’s ability to
generalize effectively.
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Appendix A: Prompt Templates

Generation Prompt
You are a professional clinical assistant.

Using only the provided evidence, write a concise, clinical answer to the clinician’s question. Do not include any
citations. The answer must be no more than 75 words.

For example: Clinician Question: Why did they perform the emergency salvage repair on him?

Evidence: - 11| He was transferred to the hospital on 2025-1-20 for emergent repair of his ruptured thoracoabdominal
aortic aneurysm. - 12| He was immediately taken to the operating room where he underwent an emergent salvage
repair of ruptured thoracoabdominal aortic aneurysm with a 34-mm Dacron tube graft using deep hypothermic
circulatory arrest. - I8 Thoracoabdominal wound healing well with exception of very small open area mid wound
that is @ 1cm around and 1/2cm deep, no surrounding erythema.

Answer: His aortic aneurysm was caused by the rupture of a thoracoabdominal aortic aneurysm, which required
emergent surgical intervention |11. He underwent a complex salvage repair using a 34-mm Dacron tube graft and
deep hypothermic circulatory arrest to address the rupture 12|. The extended recovery time and hospital stay were
necessary due to the severity of the rupture and the complexity of the surgery, though his wound is now healing well
with only a small open area noted I8|.

Another example: Clinician Question: Why was ERCP recommended over a medication-based treatment for CBD
sludge?

Evidence: - |1/ During the ERCP a pancreatic stent was required to facilitate access to the biliary system (removed at
the end of the procedure), and a common bile duct stent was placed to allow drainage of the biliary obstruction caused
by stones and sludge. - 15| On hospital day 4 (post-procedure day 3) the patient returned to ERCP for re-evaluation
of her biliary stent as her LFTs and bilirubin continued an upward trend. - 16l On ERCP the previous biliary stent
was noted to be acutely obstructed by biliary sludge and stones. - |71 As the patient’s INR was normalized to 1.2, a
sphincterotomy was safely performed, with removal of several biliary stones in addition to the common bile duct
stent.

Answer: Medications can sometimes help in managing bile duct sludge, but in this case, ERCP was necessary due
to the severity of the obstruction and its complications. The initial ERCP revealed significant biliary obstruction
caused by sludge and stones, requiring the placement of a stent to restore bile drainage 111. However, even after this
intervention, the liver function tests and bilirubin levels continued to rise, indicating that the obstruction was not
fully resolved I51. A follow-up ERCP confirmed that the stent itself had become acutely obstructed by sludge and
stones, necessitating further intervention 16l. During this procedure, a sphincterotomy was performed, and several
stones were physically removed, which medications alone could not have achieved |7I. These findings confirm that
ERCP was essential in addressing his condition and preventing further complications.

Now, using the provided evidence, write a concise, clinical answer to the clinician’s question. Do not include any
citations (this will be done in a future step). The answer must be no more than 75 words.

Question: {clinician_question}

Evidence: {evidence_text}

Retry Prompt for Length Enforcement

The last answer was too long ({word_count} words). Please try again, but make sure the answer is no more than
{MAX_WORDS} words.

Last answer: {last_answer}

Grounding Prompt
You are a clinical documentation assistant.

You will be given: - A clinical question - A professional clinical answer to the question - A list of evidence sentences
with sentence IDs in the format Isentence_idI

Your task is to add appropriate citations to the clinical answer. For each statement in the answer, cite the sentence(s)
from the evidence that support it using the format Isentence_idl. If multiple sentences support a statement, separate
them with commas, e.g., 13,4,7l. Do not use ranges like 11-3I. Cite only at the end of the sentence (after the period),
and always add a newline after the citation. Do not add a newline after the final sentence. Do not change the wording
of the answer. Simply append the appropriate citation(s).

Clinician Question: {clinician_question}
Clinical Answer: {answer}

Evidence: {evidence_text}

68



