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Abstract

Despite the demonstrated promise of Large Language Models in medical question answering, existing work largely
addresses closed-form, exam-style tasks and overlooks complex open-ended questions requiring reasoning over
noisy, long clinical documents. In this work, we present our system, OptiMed, submitted to the ArchEHR-QA 2026
shared task on grounded clinical question answering over EHR notes. We combine GEPA, an evolutionary prompt
optimization framework, with multi-agent majority voting across five diverse LLMs and a structured clinical abstraction
strategy for question interpretation. OptiMed ranked 1st overall among teams completing all four subtasks with an
average score of 52.0, achieving top AlignScore in both Question Interpretation and Answer Generation, reflecting
strong factual grounding. GEPA optimization proved effective for structured tasks with sufficient development data,
but failed to generalize on complex generative tasks under very limited number of supervisions. Multi-agent majority
voting consistently lifted performance in evidence-oriented subtasks. Prompt analysis attributes GEPA’s gains to role
prompting and procedural decomposition and failures to over-specification under limited supervision.
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1. Introduction

Base Prompt Candidate Prompt

Large Language Models (LLMs) have demon-
strated remarkable capabilities in Medical Ques-
tion Answering (QA), achieving expert-level perfor-
mance across academic medical knowledge bench-
marks and real-world clinical judgment tasks (Nori
etal., 2023; Liévin et al., 2024; Singhal et al., 2025).
Despite their success, such evaluations remain
confined to exam-style, closed-form QA, failing to
capture the complexity of open-ended patient ques-
tions that require reasoning over noisy, lengthy clin-
ical documents (Bardhan et al., 2024) and ground-
ing in the patient’s unique medical history.

Yet few works have addressed the effective-
ness of LLMs on Clinical QA over patient-specific
records (Ahsan et al., 2024; AIMannaa et al., 2025),
with most efforts focusing on condition identifica-
tion or implicit diagnosis over EHRs (Pan et al.,
2025; Albassam et al., 2025). Such tasks are well-
structured and limited in scope. Other work fo-
cuses on EHR QA dataset development, which is
instrumental in enabling downstream applications
(Bardhan et al., 2022; Kweon et al., 2024).

With the growing burden of patient portal mes-
saging on clinician time (Martinez et al., 2024; Man-
dal et al., 2024), LLM-powered QA workflows of-
fer great promise for assisting clinicians through
automatically generating EHR-grounded answers.
Yet most efforts focus on patient question genera-
tion (Liu et al., 2024), with limited work on answer
generation and existing studies of deployments re-
lying on shallow, category-triggered EHR context
with narrow evaluation of clinical adoption (Garcia
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Figure 1: Overall Approach Diagram.

et al., 2024; Bootsma-Robroeks et al., 2025). The
ArchEHR-QA shared task aims to bridge this gap
through the development of benchmarks and sys-
tems for holistic patient QA, spanning from question
interpretation to evidence-grounded answer gener-
ation over free-form EHR notes (Soni et al., 2025;
Soni and Demner-Fushman, 2026).

While fine-tuning LLMs on EHR records offers
a promising avenue, its usability is hindered by
high computational costs, task diversity and the
scarcity of quality clinical annotations. Prompting
frameworks have emerged as a superior alterna-
tive, surpassing fine-tuned LLMs in both general
Medical QA (Maharjan et al., 2024) and Clinical QA
tasks (Ray et al., 2026). Yet the effectiveness of
prompting is contingent on prompt quality. Prior
work has explored prompt engineering including
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few-shot and Chain of Thought (CoT) for Clinical
NLP tasks (Sivarajkumar et al., 2024), yet despite
impressive zero-shot performance, such prompts
remain task-specific, hand-crafted and unreliable
across diverse question types (Zhu et al., 2024).
Such ad-hoc approaches lack scalability and gen-
eralizability for evidence retrieval (Karayanni et al.,
2024), while recent work has shown that jointly op-
timizing instructions and few-shot demonstrations
outperforms standard prompting on Clinical EHR
QA (Bogireddy et al., 2025).

In this work, we use GEPA (Agrawal et al., 2025),
an evolutionary prompt optimization framework,
combining it with multi-agent majority-voting en-
abling faithful and well-grounded question interpre-
tation and answer synthesis without manual prompt
engineering. We demonstrate our approach in Fig-
ure 1.

2. Related Work

Patient Question Interpretation has been stud-
ied as consumer health question summarization
(Ben Abacha and Demner-Fushman, 2019; Basu
et al., 2025), with work exploring transfer (Yadav
et al., 2021b) and reinforcement learning (Yadav
et al., 2021a). Element-aware generation, where
key medical entities are extracted before synthesis,
reduces hallucinations and achieves the highest
entailment without few-shot prompting (Basu et al.,
2025), while larger LLMs in zero-shot settings sur-
pass fine-tuned models and show lower error rate
than experts (Van Veen et al., 2023). Our approach
adopts an entity-aware, template-driven abstraction
strategy directly motivated by these findings.
Clinical EHR QA: Despite being explored across
structured and unstructured data, Clinical EHR
QA still remains underexplored and challenging
(Bardhan et al., 2024). While emrQA (Pampari
et al., 2018) established QA grounded on clini-
cal EHRs, EHRNoteQA (Kweon et al., 2024) ex-
tended this to real longitudinal notes. AlMannaa
et al. (2025) show performance benefits of hybrid
RAG pipelines for retrieving relevant EHR sections
in open-form QA, while highlighting challenges with
long context and longitudinal reasoning. Mclnerney
et al. (2023) and Ahsan et al. (2024) explored zero-
shot prompting for EHR feature extraction and evi-
dence retrieval respectively, flagging hallucinations.
With real-world deployments remaining shallow
and lacking grounded evidence retrieval (Bootsma-
Robroeks et al., 2025), ArchEHR-QA (Soni and
Demner-Fushman, 2026) directly addresses ev-
idence identification and alignment over clinical
notes.

Prompt Optimization demonstrates consistent
gains over manual designs on QA tasks (Yang et al.,
2023; Guo et al., 2023). Karayanni et al. (2024)

show that expert-guided refinement outperforms
both manual and automated optimization for clini-
cal note classification, while Bogireddy et al. (2025)
show that jointly optimizing instructions and demon-
strations via MIPROv2 substantially outperforms
zero-shot and few-shot baselines on grounded clin-
ical note QA. Unlike MIPROv2’s Bayesian search
over fixed proposals, GEPA samples task trajec-
tories and reflects on them to diagnose prompt
failures and evolve candidates, significantly outper-
forming MIPROv2 (Agrawal et al., 2025). Here we
employ GEPA alongside a multi-agent framework.
Multi-agent Voting: Multi-agent frameworks in-
cluding debating reduce hallucination and improve
performance (Du et al., 2024; Mao et al., 2025),
with majority voting identified as the primary driver
of these gains (Choi et al., 2025). In medical set-
tings, collaborative multi-agent frameworks show
strong zero-shot performance (Kim et al., 2024;
Tang et al., 2024), with Hwang et al. (2025) achiev-
ing top performance on grounded EHR QA via se-
quential agent collaboration with dynamic expert
recruitment, and majority voting outperforming de-
bating in clinical QA abstract screening (Akinseloyin
et al., 2026). Building on these findings, we employ
majority voting across five diverse LLMs to leverage
complementary model strengths.

3. Task Description

The ArchEHR-QA shared task addresses patient
health question answering grounded in EHRs,
spanning four subtasks:

T1 - Question Interpretation: Given patient ques-
tion ¢, generate a concise clinician-interpreted
query ¢’ capturing the clinical rationale without in-
troducing new facts.

T2 - Evidence Identification: Given ¢, clinician-
interpreted query ¢’ and the numbered sentences
from the clinical note excerpt, {s1,..., s, }, identify
the minimal sufficient set of sentences Y+ = {i |
§; = essential} to answer ¢, remaining faithful
to the excerpt even when it only partially addresses
the question.

T3 — Answer Generation. Given ¢, ¢ and
{s1,...,8n}, generate a concise grounded answer
directly addressing ¢, without speculation or use of
external knowledge.

T4 - Evidence Alignment. Given ¢q, ¢,
{s1,...,s,} and answer a = {as,,...,as,, }, pro-
duce a many-to-many alignment mapping each
answer sentence as; to the note sentences that
directly support it, yielding predicted pairs [a,, 5;].

3.1.

Data: The ArchEHR-QA 2026 dataset (Soni and
Demner-Fushman, 2026) pairs patient-authored

Dataset and Evaluation
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questions ¢ with clinical note excerpts from MIMIC
(Johnson et al., 2016). Gold ¢’ and a are provided
where applicable (see Table 1). For Task 2 the
sentence-level labels are: essential / supple-
mentary/ non-relevant.

Subtask Dev | Test | Provided Inputs
T1: PatientQn. | 120 47 q

T2: Evidence 20 47 | q,q, {si}iz1

T3: Answer 20 47 | q,q, {si}i1

T4: Alignment 20 147 | q, ¢, {si}i=1, a

Table 1: Dataset splits and inputs per subtask.

Evaluation: Each subtask is evaluated with au-
tomatic metrics as shown in Table 2. For Task 2,
strict (only essential) and lenient (not penalizing
supplementary) F1 variants are reported.

| Metric [T1[T2[T3[T4]
P/R/F1 . .
BLEU (Papineni et al., 2002) .
ROUGE (Lin, 2004) . .
SARI (Xu et al., 2016) .
BERTScore (Zhang et al., 2019) .
AlignScore (Zha et al., 2023) .
MEDCON (Yim et al., 2023) .

Table 2: Evaluation metrics per subtask.

4. Methodology

Our approach implements a systematic multi-stage
pipeline using DSPy (Khattab et al., 2023), applied
independently per subtask. We first iterate over
multiple DSPy signatures, selecting the best strat-
egy per task (§4.1). Following model selection
across various LLMs under standardized clinical
constraints (§4.2), we apply GEPA prompt optimiza-
tion (§4.3) with task-specific textual feedback sig-
nals. For structured prediction (Tasks 2 and 4),
we further employ multi-agent voting to improve
reliability (§4.4).

4.1.

We define multiple DSPy signatures per subtask,
iterating over single and multi-step modules across
different task-solving approaches. We experiment
with two prompting strategies, vanilla zero-shot and
chain-of-thought (CoT), holding the base signature
fixed during GEPA optimization.

DSPy Signature Iteration

4.2. Model and Strategy Selection

We evaluate several state-of-the-art LLMs opti-
mized for reasoning and zero-shot capabilities,
comparing performance across standard inference
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and native reasoning modes. This ensures a stan-
dardized comparison of each model’s inherent abil-
ity to adhere to clinical constraints, helping us iden-
tify the best candidate for evidence-grounding and
answer generation over EHRs.

4.3. GEPA Prompt Optimization

After establishing base performance, we apply
GEPA (Agrawal et al., 2025) within DSPy to au-
tomatically optimize module instructions. GEPA op-
erates as a teacher—student loop where a teacher
model samples trajectories from the student model
to analyze failures and propose improved instruc-
tions. Formally, GEPA searches for the optimal
prompt P*:

> R(folw: P), y¥)

Z,Y* ) € Drain
(1)

where P € P is a candidate prompt, fy(:; P) is the
student LLM conditioned on P, (z,y*) is a training
pair and R is the task-specific feedback reward.

Optimization targets two components sequen-
tially:

(1) instruction tuning, where the teacher diag-
noses student errors and rewrites instructions
evolved from the Pareto frontier and

(2) few-shot bootstrapping, where high-quality
demonstrations are automatically selected to ac-
company the optimized prompt.

We evaluate both stages during develop-

ment. However, bootstrapped demonstrations
did not overperform instruction-optimized zero-
shot prompting, possibly due to the small number
of examples available in dev set for demonstra-
tions. Therefore all of our reported results reflect
the instruction-optimized zero-shot prompting ap-
proach.
Feedback Signal: During initial evaluation (§4.1,
4.2) we use per-task metric averages (§3.1). During
GEPA optimization, we additionally provide textual
feedback alongside the numerical score to guide
the teacher model when proposing new prompt can-
didates. For generative tasks (Tasks 1 and 3), an
LLM judge (§A.2) generates a natural language ex-
planation of how the student’s output diverges from
the gold reference. For structured prediction tasks
(Tasks 2 and 4), we construct explicit feedback that
identifies false positives (incorrectly predicted sen-
tences) and false negatives (missed sentences) in
the predicted evidence or alignment lists.

1
P* = argmax ——
gPeP |Dtrain| (

4.4. Multi-Agent Voting

For structured Tasks 2 and 4, we aggregate pre-
dictions from five LLMs via voting. After testing



Team Avg T1 T2 T3 T4
— | O. R BS AS MED | SF1| O B R SARI BS AS MED | F1

OptiMed(ours) | 52.0 | 29.9 | 28.8 43.1 27.7 19.9 | 63.2 |345|5.7 252 56.5 43.1 37.4 39.1 | 79.1
Neural 51.6|28.9|31.3 43.6 152 25.6 |63.7 |352|94 256 57.7 435 343 409 |80.3
WisPerMed | 50.8 | 26.9 | 21.8 38.0 21.7 26.3 | 58.8 (36.3 |9.9 27.8 58.6 46.8 31.7 43.1 | 815
HealthNLP_R. | 50.7 | 31.2 | 35.3 46.8 24.0 18.7 | 60.2 |34.6|7.0 254 59.2 43.8 33.6 387 |79.8
Yale-DM-Lab | 50.1 | 27.1 | 28.2 40.6 19.7 198 | 619 |31.0|9.1 231 56,5 372 221 37.6 |67.2
BITUA-AAUBS | 48.7 | 19.0 | 17.9 294 8.7 20.2 |58.8 |35.6|8.6 26.4 60.0 450 30.2 43.2 |80.4
sebis 459256229 369 214 213|516 |31.5|3.8 220 56.6 39.3 339 334 |74.8

Table 3: Results on the ArchEHR-QA 2026 test set for teams completing all four subtasks, ranked by
average overall score. O. = Overall, B = BLEU, R = ROUGELsum, BS = BERTScore, AS = AlignScore,
MED = MEDCON (UMLS), S.F1 = Strict Micro F1, F1 = Micro F1.

different voting thresholds, we find strict majority
(> 3/5) to perform best:

5
-
k=1

improving reliability and recall while suppressing
single-model errors. The shared agent instruction
was optimized via GEPA. We further investigate
the effect of upstream evidence quality on Tasks 3
and 4 by using the multi-agent ensemble evidence
from Task 2 as input in a two-step approach.

()

5. Experimental Setup

All models are accessed via OpenRouter with no
fine-tuning.

GEPA Teacher: gemini-3.0-flash, selected
for its performance, context size, and efficiency as
the optimizer.

Single-model Inference: glm-4.7, with strong
instruction-following and cost efficiency.
Multi-agent Voting: Ensemble of the five fol-
lowing zero-shot LLMs: deepseek-v3.2, glm-
4.7,gemini-3.0-flash, gpt—5.2,and kimi—
k2.5, maximizing diversity across training data, ar-
chitecture, and provider, identified as the key driver
of majority voting gains (Akinseloyin et al., 2026).
GEPA Prompt Optimization Setup: For GEPA op-
timization, the development data is partitioned into
train, validation and held-out test subsets: 80/20/20
for Task 1 (120 examples) and 7/3/10 for Tasks
2, 3, and 4 (20 examples). GEPA iterates over
the training subset, using textual feedback to pro-
pose new prompt candidates, committing each only
if it improves performance on the validation sub-
set. The held-out test subset is used for selecting
the best-performing overall system configuration
across models and approaches prior to final evalu-
ation on the shared task test set.

Inference Parameters: All single-model runs use
greedy decoding (temperature = 0), while ensem-
ble runs use temperature = 0.3 to promote output

diversity. A maximum of 32,000 output tokens is
used throughout. Where supported, native rea-
soning was disabled, as enabling it yielded worse
performance on the dev set.

6. Results

Table 3 shows performance across teams complet-
ing all four subtasks. OptiMed ranked 1st overall
among 7 full-task teams with a score of 52.0, and
among all 23 teams ranked 3rd in T1 (29.9), 2nd
in T2 (63.2), 6th in T3 (34.5), and 4th in T4 (80.3).
Notably, we achieve the top AlignScore across all
teams in both Tasks 1 and 3, reflecting superior
factual grounding relative to the ground truth, avoid-
ing hallucination which is particularly meaningful
in medical settings. These results demonstrate
that GEPA optimization and multi-agent majority
voting complement each other across tasks, form-
ing a strong candidate for clinical settings, though
GEPA’s gains are contingent on sufficient dev set
size for reliable prompt optimization. We discuss
task-specific findings below.

Model Task1 Task2 Task3
glm-4.7 35.7 50.1 37.3
gemini-3.0-flash | 26.5 37.5 40.5
kimi-k2.5 - 50.1 37.1
gpt-5.2 21.6 491 38.4
sonnet-4.5 23.9 37.3 -

Table 4: Model performance on dev set.

Model Selection: Table 4 shows individual model
performance on the dev set (see Table 1). glm-
4.7 achieves the highest scores on Tasks 1 and 2,
making it a strong choice for a single base model on
these tasks. On Task 1, it specifically surpasses all
other models by a very large margin. However, on
Task 3 gemini-3.0-flash has the best perfor-
mance, motivating its selection as the base model
for answer generation using GEPA, with g1m-4.7
retained as a strong candidate for its consistently
high performance across tasks.
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System O. R BS AS MED
Base prompt + CoT | 27.8 | 26.0 40.5 22.6 22.0
GEPA 29.3 | 285 428 236 223
GEPA + CoT 29.9 | 28.8 43.1 27.7 19.9

Table 5: Zero-shot performance for Task 1 with
glm-4.7 model on test set.

Question Interpretation: Motivated by the supe-
riority of element-aware generation (Basu et al.,
2025), our base prompt identifies the patient’s con-
cern, extracts relevant medical entities (symptoms,
events and therapies) and maps them to a stan-
dard query template based on the question type
(treatment, cause, plan questions, care questions)
with emphasis on clinical formalization. Clinical
formalization refers to the structured reframing of
informal patient language into a concise, clinician-
facing query (see Appendix A.1). Table 6 shows
results for three systems using glm—-4.7, where
GEPA yields a 1.5-point gain over the base prompt,
with CoT providing further improvements.

System SF1| SP SR|LFI|LP LR
GEPA w. q, ¢ 594 | 57.8 61.0 | 67.1 | 74.6 61.0
GEPAw. ¢ 61.9 | 52.0 76.6 | 71.0 | 662 76.6
GEPAw. ¢

+ Multi-agent (3) 63.2 | 56.7 713 | 722 | 73.1 713

Table 6: Zero-shot performance on Task 2 with
glm-4.7 on test set on micro F1. S. = Strict, L. =
Lenient.

Evidence Identification: With g1m-4.7 remain-
ing the best on the dev set, we compare two GEPA
variants: providing ¢ only versus both ¢ and ¢’. The
latter yields higher Precision but lower Recall and
overall lower F1, showing that ¢”’s conciseness
focuses evidence selection more narrowly. Multi-
agent majority voting (3/5) across five diverse LLMs
achieves the best overall performance.

System 0. B R SARI BS AS MED
GEPA (Gemini)

Multi-Agent from T2 (thr=2) 30.0 | 42 234 546 415 238 325
GEPA (Gemini)

Multi-Agent from T2 (thr—3) 31152 239 550 421 263 339
Base prompt (GLM) 345 |57 252 56.5 431 374 39.1

Only GLM from T2

Table 7: Zero-shot performance on Task 3 test set.
T2 denotes using the Task 2 evidence output as
input in a two-step approach.

Answer Generation: We adopt a two-stage ap-
proach, using Task 2 evidence as input for Task
3. For generation, the simpler base prompt using
glm-4.7 significantly outperforms the GEPA vari-
ant using gemini-3.0-flash for both the major-
ity (3 out of 5 LLMs) and lenient (2 out of 5 LLMs)
multi-agent voting variants. Additionally, the ma-
jority (strict) variant of voting surpasses the lenient
across all the metrics. We attribute GEPA’s failure
to the task complexity and diversity in combination

with the small dev set, which provides insufficient
signal to reliably distinguish prompt quality from
instance-level variance.

System Micro F1 | Micro P Micro R

Base prompt + CoT 62.6 64.3 61.0
Multi-Agent from T2 (thr=3)

Base prompt + Multi-agent (3) 80.3 80.7 79.8

GEPA + Multi-agent (3) 79.3 80.5 78.1

Table 8: Zero-shot performance on Task 4 with
glm-4.7 model on test set. T2 denotes using the
Task 2 evidence output as input in a two-step ap-
proach, while Multi-agent refers to a single-step
multi-agent approach without Task 2 input.

Evidence Alignment: Based on our Task 2 find-
ings, we omit ¢’. A two-step approach using Task 2
evidence identification followed by gim-4.7 CoT
alignment yielded poor performance, likely due
to error propagation and single-model high uncer-
tainty. Switching to single-step multi-agent majority
voting that does not use Task 2 as input improved
results, with the base variant outperforming GEPA,
consistent with our Task 3 finding that GEPA fails
to generalize on small dev sets and complex tasks
such as many-to-many evidence alignment.

6.1.

Base and GEPA-optimized prompts per task are
provided in Appendix A.1. For Tasks 1 and 2, where
GEPA outperformed the base prompt, gains appear
driven by role prompting that places the model in
a clinical context (i.e. You are a reliable expert
clinician) and fine-grained procedural instructions
that decompose the task into verifiable steps. For
Tasks 3 and 4, the GEPA prompts are markedly
more complex, introducing formal auditing frame-
works and domain-specific sub-rules. We hypothe-
size that the combination of inherently more com-
plex tasks with very limited training examples pro-
duces high variance in the optimization signal, caus-
ing the teacher model to over-specify instructions
rather than learning robust task-level patterns, re-
sulting in prompts that do not generalize well.

GEPA-Optimized Prompts Insights

7. Conclusion

We present OptiMed, combining GEPA prompt
optimization and multi-agent majority voting for
grounded clinical EHR question answering, rank-
ing 1st overall among teams completing all four
subtasks and achieving the top AlignScore in gen-
erative tasks. GEPA proved effective where train-
ing signal was sufficient, while multi-agent voting
yielded notable gains on complex structured predic-
tion tasks. For complex tasks with small dev sets,
GEPA underperformed base prompts, highlighting
the importance of sufficient supervision signal.
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8. Limitations

While GEPA optimization shows benefits, it is sen-
sitive to development set size, conditioning its suc-
cess on the quality and quantity of clinical anno-
tations, especially for complex generative tasks.
The real performance gains under greater data
availability therefore remain to be examined. Re-
garding cost, multi-agent voting across five LLMs
amplifies inference costs compared to single-LLM
counterparts, which may hinder deployment in real
clinical settings. Our system is evaluated on a sin-
gle benchmark dataset, and thus generalization to
other EHR systems with different structures and
more diverse patient populations remains untested.
Additionally, the effectiveness of such a system for
patients from diverse racial and ethnic backgrounds
remains unknown, as their conditions and clinical
reasoning patterns may be underrepresented in
LLM training data, potentially compromising both
accuracy and fairness. Finally, while our system
achieves strong automatic metric performance, the
clinical validity of generated answers and evidence
alignments has not been verified through human
expert evaluation which is essential before any real-
world deployment.
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Prompting large language models for zero-shot

Analyze a patient’s story to figure out the patient’s
clinical prediction with structured longitudinal y : s :

main concern/question and formulate the single

electronic health record data. arXiv preprint question a clinician would use to look up in the EHR
arXiv:2402.01713. record.
Task:
12. Language Resource References 1. Locate the specific Confiict, Gap of information,

or Confusion:

« Is it about a Treatment Choice?
) ) * Is it about a Cause?
Jayetri Bardhan, Anthony Colas, Kirk Roberts, and

. i ?
Daisy Zhe Wang. 2022. DrugeHRQA: A ques- Is it about the Future/Plan

tion answering dataset on structured and unstruc- * Is it about Quality of Care?
tured electronic health records for medicine re- 2. |dentify the main Event/Condition, Symptom,
lated queries. In Proceedings of the Thirteenth and Therapy:

Language Resources and Evaluation Confer-
ence, pages 1083-1097, Marseille, France. Eu-
ropean Language Resources Association.

» Are any of these directly related to the
patient’s question?

« If yes, only then include them in the output

Alistair EW Johnson, Tom J Pollard, Lu Shen, question.
Li-wei H Lehman, Mengling Feng, Mohammad 3. Map to a Standard Clinical Query Template:
Ghassemi, Benjamin Moody, Peter Szolovits,

Leo Anthony Celi, and Roger G Mark. 2016. * Treatment = "Why was [Therapy] recom-

mended/given?”

Mimic-iii, a freely accessible critical care
database. Scientific data, 3(1):1-9. * Cause — “Is [Symptom] related to
[Event/Condition]?”

Sunjun Kweon, Jiyoun Kim, Heeyoung Kwak, + Plan — “What is the expected course of
Dongchul Cha, Hangyul Yoon, Kwang Kim, Jee- recovery?” or “What should the patient
won Yang, Seunghyun Won, and Edward Choi. do?”

2024. Ehrnoteqa: An Ilm benchmark for real- + Care — “Why was [Diagnosis/Treatment]
world clinical practice using discharge sum- delayed?” or “Why was [Decision]
maries. Advances in Neural Information Pro- made?”

cessing Systems, 37:124575-124611.
GEPA-Optimized Prompt — Task 1

Act as a clinical intake specialist. Your task is to
extract the core medical concern from a patient’s
narrative and rephrase it into a single, professional

Anusri Pampari, Preethi Raghavan, Jennifer Liang,
and Jian Peng. 2018. emrQA: A large corpus
for question answering on electronic medical

records. In Proceedings of the 2018 Conference Clinician Question.

on Empirical Methods in Natural Language Pro-

cessing, pages 2357-2368, Brussels, Belgium. Follow these steps:

Association for Computational Linguistics. 1. Identify the Medical Catalyst: Locate primary

symptoms (e.g., “humbness,” “chest pain”),

Sarvesh Soni and Dina Demner-Fushman. 2026. specific events (e.g., “rat bite,” “surgery”), or

A dataset for addressing patient’s information medications mentioned.

needs related to clinical course of hospitalization. 2. Filter the “Noise”: Remove all emotional con-

Scientific Data. text, pleasantries, expressions of gratitude,

and conversational fillers.

3. Synthesise the Query: Formulate the ques-
tion focused on the clinical objective—seeking

A. Appendlx a diagnosis (What caused X?), causality (Was
X caused by Y?), or triage (Should | take ac-
A.1. Base versus GEPA-Optimized tion?).
Prompts 4. Maintain Terminology: Use the patient’s spe-
cific language for symptoms and medications
For each Task we show the hand-crafted Base but organise it with professional structure.

prompt alongside the GEPA-optimized prompt.
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5. Standardise the Phrasing:

» Use simple starters: “What caused...”,
“Was the...”, “Should I...”, “Is it ex-
pected...”, “Why was...".

» Convert vague worries like “What hap-
pened?” into “What did the findings
show?” or “What caused these symp-
toms?”.

Convert “Is that normal?” to “Is it expected
for [symptom] to occur?”.

Ensure the final output is a single, concise
sentence a clinician can address immedi-
ately.

Task 2 — Evidence Identification

Base Prompt — Task 2

Given a patient’s medical question and a numbered
set of sentences from a clinical note excerpt, identify
the sentences that are essential to answering the
question.

A sentence is essential if removing it would leave
the answer to the patient’s question incomplete —
it directly provides clinical evidence (findings, pro-
cedures, results, reasoning, or recommendations)
that addresses what the patient asked.

The goal is precision: include every sentence with-
out which the answer would be incomplete, but ex-
clude sentences that merely provide context or are
unrelated.

You are a reliable expert clinician. Given a patient’s
medical narrative and a numbered set of sentences
from a clinical note excerpt, identify all sentence IDs
that are essential to answering the question.

Definition of “Essential”: A sentence is essential
if its removal results in an incomplete answer. |t
must provide direct clinical evidence, including:

1. Findings & Results: Specific test results, di-
agnoses, or negative findings that rule out or
confirm a condition.

Clinical Reasoning: The rationale behind a di-
agnosis or treatment path, including evidence
of clinical deterioration that justified a proce-
dure.

Recommendations & Action Plans: Specific
follow-up instructions, including doctor names
or specialties for further care.

Safety Information (Red Flags): Warning
signs the patient is told to monitor and report
immediately.

Exclusion Criteria: Exclude sentences providing
only general context, hospital pleasantries, technical

GEPA-Optimized Prompt — Task 2

procedural details without outcome relevance, or
redundant information.

Strategy by Question Type:

* Recovery / “What do | do?”: Include prognosis,
follow-up plan, and red flags.

* “Is it connected?”: Include positive evidence
and significant negatives used to rule out con-
nections.

* “Why this procedure?”: Focus on failure of prior
treatments, worsening lab trends, and obstruc-
tions found.

Output: Provide only a list of the essential sentence
IDs.

Task 3 — Answer Generation

Base Prompt — Task 3

You are a medical expert tasked with answering a
patient’s question using only information explicitly
stated in the provided clinical note excerpt.

Task: Using only the essential sentences identified
by the provided indices, write a response that directly
and faithfully addresses the patient’s question.

Rules:

» Use only facts explicitly stated in the clinical
note. Do not speculate or infer beyond what is
documented.

« If the note does not fully answer the question,
answer what can be supported and acknowl-
edge the gap. Do not fabricate information.

» Write in clear, simple language a patient or
family member can understand.

* Do not include citations, sentence numbers, or
references.

» Write a 3rd-person, concise, plain prose re-
sponse directly addressing the patient’'s ques-
tion.

» Keep the answer under 75 words (=5 sen-
tences).

GEPA-Optimized Prompt — Task 3

You are a medical expert assistant. Extract and
translate key clinical information from a patient’s
medical record into a concise, medically precise
explanation for the patient or their family.

Task Instructions:

1. Strict Evidence Filtering: Use only the sen-
tences corresponding to the provided evi-
dence_ids.

2. Focus on Clinical Reasoning: Explain why
medical actions were taken by connecting phys-
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ical exam findings and diagnostic results to
treatments.

3. Symptom Documentation: Incorporate all
symptoms and physical exam findings men-
tioned in the filtered evidence.

4. Synthesise Findings: Do not include specific
lab values or exact dosages; use interpreta-
tions instead (e.g., “elevated muscle enzymes”
rather than “CK peaking at 1405”).

5. Closing the Loop: Directly address the pa-
tient’s concern with an evidence-based answer.

Strict Rules:

+ Factuality: Do not use outside medical knowl-
edge.

» Tone & Perspective: Write in the 3rd person.
Use simple, clear sentences while retaining
professional terminology.

« Format: Max 75 words; no citations or sen-
tence numbers; single seamless paragraph.

» Goal of Care: Explicitly mention any transi-
tion to comfort measures or major shift in the
direction of care if evidenced.

Task 4 — Evidence Alignment

Base Prompt — Task 4

Ground each sentence of a clinical answer to the
specific sentence(s) in the clinical note excerpt that
directly support it.

Alignment Rules:

» Operate at the answer-sentence level: each
answer sentence maps to zero, one, or more
note sentences.

+ Only link a note sentence when it provides di-
rect, specific support — not merely topical over-
lap.

» Alignments are many-to-many: one note sen-
tence may support multiple answer sentences
and vice versa.

» Answer sentences derived entirely from clini-
cal knowledge outside the excerpt map to an
empty list.

« Cite only note sentences that genuinely ground
the claim in the answer sentence.

You are a clinical data analyst performing a high-
fidelity audit of patient-facing explanations. Map
simplified Answer Sentences to original Note Sen-
tences using the standard of Minimal Sufficient
Proof.

Core Principles:

1. Minimal Sufficient Proof: Select the small-

GEPA-Optimized Prompt — Task 4
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est set of note sentences that together provide
100% factual support. Apply the Redundancy
Test: if removing a note sentence leaves the
claim fully proven, remove it.

2. Strict Claim Decomposition: Break each an-
swer sentence into atomic claims. Every claim
must have an explicit corresponding fact in the
note; if any claim is missing or only implied, the
alignment for that sentence is [].

3. Cross-Sectional Mapping: If an answer sen-
tence uses both technical and layman terms,
select both the technical evidence and the sum-
mary evidence — but do not include underlying
data when a single discharge instruction sen-
tence already covers the claim.

Domain-Specific Rules:

« Cardiac rule-outs: Require both diagnostic
data (troponins/EKGs) and the physician’s con-
clusion.

» Musculoskeletal pain: Require physical exam
findings and the clinical conclusion.

 Follow-up instructions: Must identify doc-
tor/specialty, timeframe/test, and purpose; in-
complete matches alignto [1].

* Headers: Include only if the header is the sole
source of the specific diagnosis in the answer
sentence.

Output Format: Precede alignments with a Rea-
soning section listing atomic claims and justifying
the minimal evidence set, followed by a JSON-style
dictionary: {"1": (i, Jj1, "2": [1, "3":
[k]}.

A.2. LLM Judge Prompts for GEPA
Optimization

For generative tasks (Tasks 1 and 3), GEPA uses
an LLM judge to generate concise textual feedback
by comparing the student’s output against the gold
reference, guiding the teacher model in proposing
improved prompt candidates.



Judge Prompt — Task 1: Q. Interpretation

You are an expert Medical QA evaluator. You
are evaluating a system’s ability to transform
a free-text, patient-authored narrative into a
clear and concise clinician-interpreted ques-
tion. The goal is to maximize the similarity
between the predicted clinical question and
the gold question.

Feedback guidelines:

» Should be general and not focused on this
sample.

» Should be concise and focused only on why
the prediction differs from the gold.

+ Should guide the system on how to improve
its performance on this task in general.

» Do not include samples from the provided
narrative.

» Keep it under 20 words.

Judge Prompt — Task 3: Answer Generation

You are an expert Medical QA evaluator. You
are evaluating a system’s ability to answer a
patient-authored question using only informa-
tion explicitly stated in the provided clinical
note excerpt. The goal is to maximize the sim-
ilarity between the predicted answer and the
gold answer.

Feedback guidelines:

» Should be general and not focused on this
sample.

» Should be concise and focused only on why
the prediction differs from the gold.

+ Should guide the system on how to improve
its performance on this task in general.

» Do not include samples from the provided
narrative.

» Keep it under 20 words.
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