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Abstract

Answering patient questions from electronic health records requires identifying relevant evidence in lengthy clinical
notes and generating faithful, patient-friendly answers. We present a systematic study of LLM prompting strategies
for both tasks, evaluating 21 evidence identification methods and 13 answer generation methods across 5 language
models. For evidence identification, we find that LLM prompting outperforms traditional retrieval (BM25, SBERT,
BioLinkBERT) by 19 F1 points, and that prompt framing alone controls precision/recall trade-offs: inclusive framing
achieves 90% recall on dev while balanced framing reaches 67% precision. For answer generation, we apply a
Constitutional Al pipeline that critiques and revises answers against five clinical faithfulness principles, improving
BLEU and ROUGE over the constrained baseline. Our analysis reveals that chain-of-thought effectiveness is strongly
model-dependent, and that simple well-designed prompts outperform complex multi-step pipelines. We evaluate our
approaches on the ArchEHR-QA 2026 shared task at CL4Health, achieving 58.0 F1 for evidence identification and
31.8 overall for answer generation.

Keywords: clinical NLP, question answering, electronic health records, evidence identification, constitu-

tional Al, large language models
1. Introduction

Patients discharged from hospitals frequently have
unresolved questions about their diagnoses, treat-
ments, and care plans (Singhal et al., 2023). Elec-
tronic health records (EHRs) contain detailed clin-
ical information that could address these ques-
tions, but the complexity and volume of clini-
cal notes make them inaccessible to most pa-
tients (Thirunavukarasu et al., 2023). Automati-
cally answering patient questions from EHR data
requires both identifying relevant evidence within
lengthy clinical notes and generating accurate, faith-
ful answers grounded in that evidence.

The ArchEHR-QA 2026 shared task (Soni and
Demner-Fushman, 2026b) addresses this chal-
lenge through three subtasks: question interpreta-
tion (Subtask 1), evidence sentence identification
(Subtask 2), and patient-friendly answer generation
(Subtask 3). We participate in Subtasks 2 and 3 as
team GigitAl.

Our approach centers on a comprehensive, sys-
tematic comparison of methods rather than a single-
system submission. For Subtask 2, we evaluate
21 methods across 5 models, spanning traditional
retrieval baselines and LLM prompting strategies.
For Subtask 3, we evaluate 13 methods including
a Constitutional Al pipeline. Our key contributions
are:

1. A systematic comparison demonstrating that
LLM prompting outperforms retrieval baselines
by 19 F1 points for clinical evidence identifica-
tion.

2. Analysis of prompt framing effects, showing
that wording controls precision/recall trade-offs
(inclusive: R=90.1, balanced: P=67.2).

3. A principle-guided critique-and-revise pipeline
(adapted from Constitutional Al) with five clini-
cal principles for answer generation, improving
BLEU by +1.18 and ROUGE-Lsum by +1.67
over the constrained baseline.

4. Analysis of model-prompt interaction effects
revealing that chain-of-thought is highly model-
dependent (helps GPT-5 but catastrophically
hurts Claude Haiku).

2. Related Work

2.1. Clinical QA from EHRs

Clinical question answering from EHRs has gained
attention with datasets such as emrQA (Pampari
et al., 2018) and EHRNoteQA (Kweon et al., 2024).
The ArchEHR-QA dataset (Soni and Demner-
Fushman, 2026a) established benchmarks for
multi-turn QA from discharge summaries, with
the 2025 shared task (Soni et al., 2025) reveal-
ing that LLM-based approaches generally outper-
formed retrieval-only methods for evidence identifi-
cation. Recent work has demonstrated that large
language models encode substantial clinical knowl-
edge (Singhal et al., 2023), though grounding an-
swers in specific patient records remains challeng-
ing.
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2.2. Evidence Extraction and Retrieval

Traditional retrieval approaches for clinical evidence
include sparse methods like BM25 (Robertson and
Zaragoza, 2009) and dense retrieval with Sentence-
BERT (Reimers and Gurevych, 2019). Domain-
specific models such as BioLinkBERT (Yasunaga
et al., 2022) and MedCPT (Jin et al., 2023) have
shown improvements for biomedical text. Clinical-
Longformer (Li et al., 2022) handles the long
sequences typical of clinical notes, while cross-
encoder reranking (Nogueira and Cho, 2019) with
models like BGE (Xiao et al., 2024) provides more
precise relevance scoring at higher computational
cost.

2.3. LLM Prompting Strategies

Chain-of-thought prompting (Wei et al., 2022) has
been shown to improve reasoning in LLMs, and self-
consistency (Wang et al., 2023) further improves
robustness by sampling multiple reasoning paths.
DSPy (Khattab et al., 2024) and its MIPROv2
optimizer (Opsahl-Ong et al., 2024) enable auto-
matic prompt optimization. Medical prompt engi-
neering has been explored through approaches
like Med-PaLM (Singhal et al., 2023) and Med-
prompt (Nori et al., 2023), which combine few-
shot ensembling with chain-of-thought for clinical
benchmarks. Bogireddy et al. (2025) achieved 2nd
place at ArchEHR-QA 2025 using DSPy-optimized
prompts with self-consistency voting.

2.4. Constitutional Al

Constitutional Al (Bai et al., 2022) was introduced
as a training-time method for aligning Al systems
to be helpful, harmless, and honest, using self-
critique against explicit principles followed by re-
inforcement learning from Al feedback (RLAIF).
While the original framework operates during model
training, its core mechanism (evaluating outputs
against a set of written principles and revising to
resolve violations) can be applied at inference time
as a prompting strategy. We adapt this principle-
guided critique-and-revise paradigm for clinical an-
swer generation, defining domain-specific princi-
ples focused on factual faithfulness, terminology
accuracy, and temporal consistency with the source
clinical notes. Our approach is also related to self-
refinement prompting (Madaan et al., 2023), which
iteratively improves outputs using self-generated
feedback; we differentiate our pipeline by ground-
ing the critique in domain-specific clinical principles
rather than general quality criteria. Our use of the
term “Constitutional Al” refers to this inference-time
adaptation rather than the full RLAIF training pro-
cedure.

3. Task Description and Data

3.1.

Given a patient question, its clinical interpretation,
and the full discharge summary segmented into
numbered sentences, the task is to identify which
sentences constitute essential or supplementary
evidence for answering the question. Evaluation
uses strict and lenient micro-averaged F1 scores,
where lenient scoring gives partial credit for sup-
plementary evidence.

Subtask 2: Evidence Identification

3.2. Subtask 3: Answer Generation

Given the same inputs, generate a patient-friendly
answer in at most 75 words. Evaluation com-
bines six metrics: BLEU (Papineni et al., 2002),
ROUGE-Lsum (Lin, 2004), SARI (Xu et al., 2016),
BERTScore (Zhang* et al., 2020), AlignScore (Zha
et al., 2023), and MEDCON (Yim et al., 2023), with
the overall score being the average.

3.3. Dataset

The ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026a) consists of discharge summaries
from MIMIC-IV (Johnson et al., 2024) with patient
questions and clinician-authored answers. The
data was accessed under a PhysioNet (Goldberger
etal., 2000) credentialed data use agreement. Only
de-identified discharge summaries as provided by
the shared task organizers were used; MIMIC-1V
data is already de-identified per HIPAA Safe Harbor
standards. Three splits are available: a dev set (20
cases) with gold evidence labels, a test set released
from the 2025 shared task (Soni et al., 2025) (100
cases with gold labels, used for additional develop-
ment), and a new blind test-2026 set (47 cases) for
official evaluation. Table 1 summarizes the dataset
statistics.

Dev Test Test-2026
Number of cases 20 100 47
Avg. sentences/note 214 26.0 34.0

Avg. evidence sentences 7.3 - -

Table 1: Dataset statistics for ArchEHR-QA 2026.
Test is from the 2025 edition (gold labels available);
Test-2026 is the new blind evaluation set.

4. System Description

4.1.

We evaluate 21 methods organized into four cat-
egories (Figure 1): non-LLM retrieval baselines,
LLM prompting variants, novel methods, and hy-
brid/ensemble approaches.

Subtask 2: Evidence Identification
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21 Evidence Identification Methods

'

! |

[ Retrieval (8)

] [ LLM Prompting (4) ] [

Novel (5) ] [ Hybrid (4) ]

BM25, TF-IDF, SBERT,
BioLinkBERT, MedCPT,
Clin-Longformer, CE, BGE

Zero-shot, Inclusive,
Balanced, Stepwise (CoT)

SCEV, CEA, Decompose,
Claim-Verify, Multi-persp.

BioLink+LLM, SBERT+LLM,
Ensemble, Iterative

Figure 1: Overview of 21 evidence identification methods organized into four categories.

4.1.1. Non-LLM Retrieval Baselines

We implement eight retrieval baselines using the
patient question and clinician interpretation as
queries:

Sparse retrieval: BM25 (Robertson and Zaragoza,
2009) and TF-IDF (Manning et al., 2008) with co-
sine similarity.

Dense retrieval: Sentence-BERT (all-MiniLM-L6-
v2) (Reimers and Gurevych, 2019), BioLinkBERT-
large (Yasunaga et al., 2022), MedCPT (Jin et al.,
2023), and Clinical-Longformer (Li et al., 2022).
Reranking: Cross-encoder reranking
(MiniLM  (Wang et al., 2020) bi-encoder +
cross-encoder) and BGE-large retrieval with
BGE-reranker (Xiao et al., 2024).

All retrieval methods return the top-k sentences
(k=7 for retrieval, k=5 for reranking). Notably,
SBERT, BioLinkBERT, and MedCPT produce iden-
tical scores (Table 2); with only ~21 sentences
per note on average, these dense retrievers return
largely overlapping top-7 sets despite different em-
bedding spaces.

4.1.2. LLM Prompting

We design four prompt variants that differ in their
framing of the selection task:

Zero-shot: A minimal prompt asking the model
to identify relevant sentences and output a JSON
array.

Inclusive: Instructs the model to identify ALL rele-
vant sentences, emphasizing “it's better to include
a marginally relevant sentence than to miss impor-
tant evidence.” This framing optimizes for recall.
Balanced: Uses a three-tier categorization (es-
sential, supporting, background) to guide selection
granularity, balancing precision and recall.
Stepwise (CoT): Decomposes the task into four
explicit steps (identify key concepts, locate relevant
sentences, find supporting context, and compile the
final list), eliciting chain-of-thought reasoning (Wei
et al., 2022).

4.1.3. Novel Methods

SCEV (Self-Consistency Evidence Verification):
Inspired by self-consistency (Wang et al., 2023),
we generate 5 evidence selections using the bal-
anced prompt at varying temperatures (0.3 to 0.9),

then apply majority voting with a 40% threshold.
Sentences selected by at least 2 of 5 samples are
retained.

CEA (Counterfactual Evidence Attribution): We
first obtain a broad candidate set using inclusive
prompting. For each candidate sentence, we test
its importance by removing it from the note and ask-
ing whether the question can still be fully answered.
Sentences whose removal renders the question
unanswerable are classified as essential.
Question Decomposition: We decompose the
patient question into sub-questions and indepen-
dently identify evidence for each, then take the
union.

Claim Verification: We extract claims from the
question, then verify each claim against individual
sentences to find supporting evidence.
Multi-Perspective: We prompt from three perspec-
tives (clinical accuracy, completeness, patient rele-
vance) and combine selections via union.

4.1.4. Hybrid and Ensemble Approaches

BioLinkBERT + LLM: Pre-filter to top-15 with Bi-
oLinkBERT, then use LLM to refine.

SBERT + LLM: Pre-filter to top-15 with SBERT,
then use LLM to refine from this candidate set.
Ensemble Voting: Run three prompts (zero-shot,
inclusive, balanced) and retain sentences selected
by at least one method.

Iterative Refinement: Generate initial selection,
self-critique for missed evidence and false positives,
then produce a revised selection.

4.2. Subtask 3: Answer Generation

We evaluate 13 methods spanning direct prompting,
multi-stage pipelines, a Constitutional Al approach,
and DSPy-optimized modules.

4.2.1. Direct Prompting Methods

Constrained: The required baseline that instructs
the model to answer using only information from the
clinical notes, with a 75-word limit and five explicit
constraints (no external knowledge, professional
terminology, acknowledge limitations).
Zero-shot: Minimal prompt with just the question
and notes.
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Balanced: Adds the clinician’s interpretation and
structured instructions for balanced coverage.

4.2.2. Multi-Stage Methods

CoT-Verified: Two-stage pipeline: (1) chain-of-
thought generation with explicit identify, locate, syn-
thesize, verify steps, followed by (2) self-verification
against the notes.

Evidence-First: Leverages Subtask 2 output by
first extracting evidence sentences, then generating
the answer from only the identified evidence.
Iterative Refinement: Three-stage generate, cri-
tique, revise pipeline using separate prompts for
each stage.

Multi-Perspective: Elicits responses from three
simulated experts (conservative, comprehensive,
patient-centered), then synthesizes a final answer.
Claim-Verified: Extracts individual claims with ev-
idence citations, then synthesizes verified claims
into a coherent answer.

Decompose-Synthesize: Decomposes the ques-
tion into 2 to 4 sub-questions, answers each in-
dependently from the notes, then synthesizes a
unified response.

4.2.3. Constitutional Al Pipeline

Our approach adapts the principle-guided critique-
and-revise mechanism from Constitutional Al (Bai
et al., 2022) as an inference-time prompting strat-
egy for clinical faithfulness. The pipeline has three
stages (Figure 2):

Stage 1 (Generate): Produce an initial answer
using the constrained prompt.

Stage 2 (Critique): Evaluate the draft against five
clinical principles:

1. All claims must be directly traceable to the
clinical notes

2. Do not speculate or make inferences beyond
documentation

3. Acknowledge when information is incomplete
4. Use exact medical terminology from the notes

5. Maintain temporal accuracy (do not confuse
past/present)

The model evaluates each principle as PASS or
FAIL with explanations.
Stage 3 (Revise): Generate a revised answer that
addresses all principle violations while maintaining
the 75-word constraint.

Clinical Notes
+ Patient Question

Stage 1: Generate
Draft Answer

Stage 2: Critique
LLM Fvefl
vs. Principles

LLM

Clinical Principles:
1. Traceable to notes
2. No speculation

3. Acknowledge gaps
4. Exact terminology
5. Temporal accuracy

Stage 3: Revise
(address violations)

LLM

Final Answer
(<75 words)

Figure 2: Constitutional Al pipeline for clinical an-
swer generation. Each stage uses a separate LLM
call. The five principles enforce clinical faithfulness
during the critique stage.

4.2.4. DSPy Optimization

Following the success of DSPy at ArchEHR-QA
2025 (Bogireddy et al., 2025), we implement three
DSPy modules optimized with MIPROv2 (Opsahl-
Ong et al., 2024):

DirectQA: Single-stage ChainOfThought answer
generation.

TwoStageQA: First extracts evidence sentence
IDs, then generates from the extracted evidence.
SelfConsistencyQA: Generates 5 candidate an-
swers and selects the most consistent one.

All modules are optimized on the 20-example
dev set using MIPROv2 with the “light” auto-
configuration. The optimization metric combines
ROUGE-Lsum similarity between the generated
and gold answers with a penalty for exceeding the
75-word limit.

5. Experimental Setup

5.1. Models

We evaluate across models from two providers:
OpenAl (API): GPT-5, GPT-40, and GPT-5.2 (an
updated GPT-5 variant with improved instruction
following) (OpenAl, 2025).

Anthropic (AWS Bedrock): Claude Opus 4.5 and
Claude Haiku 4.5 (Anthropic, 2025).

Not all models are evaluated on all methods due
to API cost constraints; Tables 3 and 4 report the
most informative subset. Opus was evaluated only
on zero-shot for Subtask 2.

5.2. Hyperparameters

For Subtask 2, LLM methods use temperature 0.0
for deterministic output. Retrieval methods use
top-k=T7 (retrieval) or k=5 (reranking). SCEV uses
5 samples at temperatures 0.3 to 0.9 with a 40%
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voting threshold. For Subtask 3, generation uses
temperature 0.3 with max_tokens = 500, and all
outputs are truncated to 75 words.

5.3. Submission

For Subtask 2, we submit the inclusive prompt with
GPT-5, prioritizing recall. We selected lenient F1
over strict F1 as the evaluation criterion because it
assigns partial credit for supplementary evidence,
better reflecting the downstream utility of evidence
retrieval: for answer generation (Subtask 3), includ-
ing supplementary context sentences is preferable
to missing them entirely. Although other prompts
achieve higher lenient F1 (e.g., stepwise: 69.0), the
inclusive prompt’s near-complete recall (90.1% vs.
64.5% for balanced) minimizes the risk of missing
evidence that benefits Subtask 3. For Subtask 3,
we submit the constitutional method with Claude
Opus 4.5 based on the best dev overall score.

6. Results and Analysis

6.1. Subtask 2: Evidence Identification

6.1.1. Dev Set Results

Table 2 shows the dev set results comparing
non-LLM baselines and LLM methods. LLM
prompting methods substantially outperform re-
trieval baselines. The best retrieval method
(SBERT/BioLinkBERT, 46.7 strict F1) is surpassed
by the best LLM prompting (stepwise GPT-5, 65.9
strict F1), a gap of 19.2 points. Even the simplest
zero-shot prompt (64.2) outperforms all retrieval
baselines.

6.1.2. Cross-Model Comparison

Table 3 shows how prompt strategies interact with
different models. The stepwise (CoT) prompt shows
the most dramatic model-dependency: it achieves
65.9 F1 with GPT-5 but only 16.7 with Claude Haiku
4.5, a catastrophic 49-point drop. This is because
Haiku, a smaller model, struggles with the multi-
step reasoning format, often failing to produce valid
JSON output after the reasoning chain.

6.1.3. Test Results

Our test submission uses inclusive prompting with
GPT-5, achieving 58.0 lenient micro F1 (rank 12).
As discussed in Section 5.3, we prioritized recall
(90.1% on dev) over F1 to maximize evidence cover-
age for downstream answer generation, accepting
the trade-off of lower precision (45.4%).

Method Model S-F1  S-P S-R
Non-LLM Retrieval Baselines

BM25 - 39.1 36.4 421
TF-IDF - 414 38.6 446
SBERT - 46.7 43.6 504
BioLinkBERT - 46.7 43.6 504
MedCPT - 46.7 43.6 504
Clin-Longformer  — 40.6 379 4338
MiniLM+CE - 38.0 420 347
BGE+Rerank - 434 48.0 39.7
LLM Prompting Methods (GPT-5)

Zero-shot GPT-5 642 639 645
Inclusive GPT-5 604 454 90.1
Balanced GPT-5 658 672 645
Stepwise (CoT) GPT-5 65.9 59.2 744
Novel Methods (GPT-5)

SCEV GPT-5 644 600 69.4
CEA GPT-5 46,5 46.0 471
Decomposition GPT-5 423 396 455
Claim Verify GPT-5 509 579 455
Multi-persp. GPT-5 606 54.2 68.6
Hybrid / Ensemble (GPT-5)

BioLink+LLM GPT-5 555 548 56.2
SBERT+LLM GPT-5 538 69.7 438
Ensemble GPT-5 581 415 96.7
Iterative GPT-5 584 481 74.4

Table 2: Subtask 2 dev results (strict micro scores).
S-F1 = strict micro F1, S-P = precision, S-R = recall.
Best per column in bold.

Prompt GPT-5 5.2 40 Opus Haiku
Zero-shot 642 532 498 555 52.6
Inclusive 60.4 58.5 59.5 - 60.8
Balanced 65.8 59.9 56.4 - 57.9
Stepwise 65.9 594 53.2 - 16.7
SCEV 644 60.2 589 - 59.3

Table 3: Subtask 2 cross-model comparison (strict
micro F1). Opus = Claude Opus 4.5, Haiku =
Claude Haiku 4.5. GPT-5 consistently leads.

6.2. Subtask 3: Answer Generation

6.2.1. Dev Set Results

Table 4 shows the dev set results for Subtask 3.
The Constitutional Al method with Claude Opus 4.5
achieves the highest overall score (31.4), though
the margin over the constrained baseline (30.7) is
modest given the small dev set size (20 cases),
and the differences may not be statistically sig-
nificant. The improvement is primarily driven by
BLEU (+1.18) and ROUGE-Lsum (+1.67). Notably,
BERTScore is remarkably stable across methods
(34.6 to 40.3), while BLEU varies from 1.77 to 6.29,
suggesting that BERTScore is less discriminative
for this task and that overall score differences are
driven primarily by lexical overlap metrics. Note that
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AlignScore and MEDCON were not computed dur-
ing dev evaluation (both zero for all methods), so
the dev overall score averages only BLEU, ROUGE-
Lsum, SARI, and BERTScore.

6.2.2. Test Results

Our test submission uses the constitutional method
with Claude Opus 4.5, achieving an overall score
of 31.8 (rank 10).

6.3. Analysis

6.3.1. LLMs vs. Retrieval for Evidence

Identification

The most striking finding from Subtask 2 is the large
gap between retrieval baselines and LLM prompt-
ing. The best retrieval method achieves 46.7 strict
F1, while the best LLM prompt (stepwise GPT-5)
reaches 65.9, a gap of 19.2 points. This suggests
that LLMs can effectively perform the sentence-
level relevance assessment required for clinical evi-
dence identification, leveraging their understanding
of clinical context in ways that embedding similarity
alone cannot capture.

6.3.2. Prompt Framing and Precision/Recall

Our four prompt variants reveal a clear preci-
sion/recall spectrum controlled entirely by framing:

* Inclusive (R=90.1, P=45.4): Maximizes recall
by instructing “be INCLUSIVE.”

» Stepwise/CoT (R=74.4, P=59.2): Structured
reasoning improves precision while maintain-
ing high recall.

» Zero-shot (R=64.5, P=63.9): Balanced de-
fault behavior.

» Balanced (R=64.5, P=67.2): Three-tier cate-
gorization yields the highest precision.

This finding has practical implications: practition-
ers can tune the precision/recall trade-off purely
through prompt design, without any model retrain-
ing. In clinical settings, inclusive framing is pre-
ferred when missed evidence carries high risk (e.g.,
safety-critical questions about medications or pro-
cedures), while balanced framing suits scenarios
where false positives are costly (e.g., automated
summarization where irrelevant content degrades
output quality).

6.3.3. Chain-of-Thought is Model-Dependent

The stepwise (CoT) prompt exhibits dramatic model-
dependency. With GPT-5, it achieves the highest
F1 (65.9) of any single prompt. With Claude Haiku

4.5, it produces only 16.7 F1, a catastrophic failure.
Analysis of Haiku’s outputs reveals that the smaller
model often fails to complete the reasoning chain,
producing malformed JSON or getting stuck in ver-
bose reasoning without reaching the final answer
format. Intermediate models (GPT-5.2, GPT-40)
show modest benefits from CoT, suggesting that
the effectiveness of structured reasoning scales
with model capability. Practitioners should be cau-
tious with CoT prompting for smaller models; in our
experiments, Claude Haiku catastrophically fails
at structured reasoning, while GPT-40 handles it
adequately but with degraded performance relative
to simpler prompts.

To illustrate, consider Case 4 (a patient asking
about cardiac catheterization for heart failure; 7
essential and 2 supplementary gold evidence sen-
tences). The inclusive prompt with GPT-5 retrieves
12 sentences, capturing 8 of 9 gold sentences
(missing only sentence 10). In contrast, the step-
wise prompt returns only sentence 5: the multi-step
reasoning caused the model to over-filter, retaining
just one of nine relevant sentences. While stepwise
achieves the best overall F1 across the dev set, its
performance is highly variable per case; Case 4
represents a worst-case failure mode where chain-
of-thought over-filtered. See Appendix B for the full
comparison.

These results suggest practical conditions for
CoT reliability: structured reasoning prompts
should be reserved for high-capability models (here,
GPT-5 class or above) that can maintain coherent
multi-step reasoning while adhering to output for-
mat constraints. For smaller or less capable mod-
els, the added complexity of CoT increases the risk
of format violations (e.g., malformed JSON) and
reasoning failures that degrade performance below
simpler prompts. Practitioners should validate CoT
effectiveness on their target model before deploy-
ment rather than assuming transferability across
model scales.

6.3.4. Principle-Guided Critique Improves
Answer Quality

The Constitutional Al pipeline achieves the best
overall score on both dev (31.4) and test (31.8)
for Subtask 3, though the dev margin (31.4 vs.
30.7) is small and may not be significant given only
20 evaluation cases. Comparing constitutional to
constrained (same model, Claude Opus 4.5), the
critique-and-revise cycle improves BLEU by +1.18
(5.11 — 6.29) and ROUGE-Lsum by +1.67 (19.8
— 21.5), while SARI remains stable (58.5).
Analysis of principle violations across the 20 dev
cases reveals that Principle 1 (traceability to notes)
is the most frequently violated, failing in 9 of 20
drafts (45%), followed by Principle 2 (no specula-
tion) which often co-occurs with Principle 1 viola-
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Method Model Ovr. BLEU R-Lsum SARI BERTSc.
Constitutional Opus 4.5 314 6.29 215 58.5 39.2
Constrained Opus 4.5 30.7 5.11 19.8 58.5 39.3
DSPy-SC GPT-40 306 5.283 21.4 56.9 38.8
DSPy-Direct GPT-40 30.5 4.62 20.9 56.2 40.3
DSPy-SC GPT-5.2 304 4.42 21.5 56.3 39.4
Constrained” Opus4.5 304 455 19.8 58.3 38.9
DSPy-Direct GPT-5.2 299 4.07 20.7 571 37.9
DSPy-SC Opus4.5 29.0 2.39 19.0 55.6 39.1
Iterative Opus 4.5 279 253 18.2 55.3 35.5
DSPy-2Stage GPT-40 26.7 1.77 18.7 51.9 34.6

Table 4: Answer generation dev results sorted by overall score. R-Lsum = ROUGE-Lsum, BERTSc.
= BERTScore. Overall averages BLEU, R-Lsum, SARI, and BERTScore (AlignScore and MEDCON
were zero for all methods during dev evaluation). TEarlier run with different random seed. DSPy-SC =

SelfConsistency.

tions. Principles 3 to 5 are rarely triggered. Com-
mon error patterns include adding unsupported
severity qualifiers (“severe,” “significant”), speculat-
ing about causal mechanisms not documented in
the notes, and making inferences beyond what is
explicitly stated. Table 5 illustrates how the critique
stage identifies these violations and the revision
replaces speculation with documented facts.

However, in cases where the draft already
passes all principles (11 of 20 dev cases), the
critique-and-revise cycle adds computational cost
without meaningful improvement. Additionally, the
75-word constraint means revisions sometimes
drop relevant information to accommodate correc-
tions, trading completeness for faithfulness. We
discuss these cost trade-offs further in the Limita-
tions section.

6.3.5. DSPy Optimization Performance

DSPy-optimized modules with MIPROv2 produce
competitive results (30.5 to 30.6 overall) but do not
meaningfully improve over the constrained baseline
(30.7 with Claude Opus 4.5). Given the small dev
set (20 examples), the differences among DSPy,
constrained, and constitutional methods are within
the noise margin and likely not statistically signif-
icant. This suggests that automatic prompt opti-
mization with MIPROv2 on a 20-example dev set
provides insufficient signal to outperform a well-
designed manual prompt for this task. The Self-
ConsistencyQA module slightly outperforms Direc-
tQA (30.6 vs. 30.5 with GPT-40), consistent with
the self-consistency literature (Wang et al., 2023).
The TwoStageQA module underperforms (26.7),
suggesting that the two-stage pipeline introduces
additional complexity without corresponding gains
at this scale.
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7. Discussion

7.1.

Our systematic comparison provides practical guid-
ance for clinical QA system design. For evidence
identification, simple LLM prompting with clear
framing outperforms complex retrieval pipelines,
hybrid systems, and novel multi-step approaches.
The inclusive prompt’s high recall makes it suitable
when downstream tasks (e.g., answer generation)
benefit from comprehensive evidence, while bal-
anced prompting is preferable for precision-critical
applications.

For answer generation, the Constitutional Al
approach demonstrates that domain-specific self-
critique can improve answer quality at modest com-
putational cost (3 LLM calls vs. 1). The five clinical
principles provide an interpretable framework that
could be extended with additional domain exper-
tise.

To guide practitioners in selecting a prompt strat-
egy: inclusive framing (high recall) is recommended
when downstream tasks depend on comprehensive
evidence coverage, for example, when generating
patient-facing answers where missing a relevant
clinical detail could lead to an incomplete or mis-
leading response. Balanced framing (high preci-
sion) is preferable in precision-critical settings such
as clinical decision support, where false positives
could waste clinician attention or introduce noise
into automated workflows. The zero-shot prompt
provides a reasonable default when no strong prior
exists about the precision/recall requirements of
the application.

Practical Implications

7.2. Dev/Test Gap

The constitutional method scores 31.4 on dev and
31.8 on test, though these are not directly compara-
ble: the dev overall averages 4 metrics (AlignScore
and MEDCON were not computed), while the test



Case 2: Why was father given
Lasix?

Case 4: Why cardiac catheteriza-
tion?

Case 7:
stopped?

Why was Coumadin

Draft (red = unsupported claims)

“...acute diastolic heart failure with
significant volume overload...and
severe lower extremity edema. [...]
His oxygen was likely reduced as di-
uresis improved his respiratory sta-
tus.”

“...revealed elevated filling pres-
sures...and reduced cardiac out-
put (Fick cardiac index of 1.72),
confirming severe low-output heart
failure. The milrinone trial during
catheterization was successful...”

Critique (principle violations identified)

P1 FAIL: “severe” not in notes;
causal relationship “likely reduced
as diuresis improved” not stated

Revision (teal = corrected/added

“...acute diastolic heart failure with
volume overload...and lower ex-
tremity edema. The Lasix was
administered intravenously, includ-
ing via continuous drip, then transi-
tioned to oral torsemide to remove
excess fluid.”

P1 FAIL: notes say “low-output”
without the qualifier “severe”; P2
FAIL: “confirming” implies diagnos-
tic certainty not stated

from notes)

“...showed elevated filling pres-
sures (mean PCW of 30) and re-
duced cardiac output (Fick C.I. of
1.72), consistent with low output
heart failure. The milrinone trial
was successful, improving your
Fick C.I. 10 2.79.”

“...Coumadin was discontinued fol-
lowing your subarachnoid hemor-
rhage and IVC filter placement. [...]
The discontinuation is directly re-
lated to your brain hemorrhage,
as anticoagulation poses bleeding
risks in this context.”

P1 FAIL: reason for discontinuation
not explicitly stated; P2 FAIL: “an-
ticoagulation poses bleeding risks”
is external medical reasoning

“...Coumadin was discontinued fol-
lowing your IVC filter placement.
[...] The clinical notes do not ex-
plicitly state the reason for discon-
tinuation beyond documenting it oc-
curred after filter placement.”

Table 5: Constitutional Al examples across three cases. Red text in drafts marks unsupported claims
flagged by the critique. Teal text in revisions highlights corrections: added documented details, softened
language, or explicit acknowledgment of information gaps.

overall averages all 6 metrics. For Subtask 2, the
dev/test gapis larger: the inclusive prompt achieves
64.3 lenient micro F1 on dev (60.4 strict) but 58.0 le-
nient on test. This may reflect the test set’s greater
diversity (47 vs. 20 cases) or distributional shift in
question types and clinical note complexity.

8. Conclusion

We presented GigitAl's systems for ArchEHR-QA
2026 Subtasks 2 and 3, featuring a systematic com-
parison of 21 evidence identification methods and
13 answer generation methods across 5 language
models. Our key findings are that LLM prompting
outperforms traditional retrieval by a wide margin
(19 F1 points) for clinical evidence identification,
prompt framing provides fine-grained control over
precision/recall trade-offs, chain-of-thought effec-
tiveness is strongly model-dependent, and Con-
stitutional Al with clinical principles can improve
answer generation quality by catching unsupported
claims in LLM drafts. Our best submissions achieve
58.0 F1 (rank 12) for evidence identification and
31.8 overall (rank 10) for answer generation.

9. Limitations

Our study has several limitations. First, the small
dev set (20 cases) limits our ability to draw statis-
tically robust conclusions; even the same method

with different random seeds varies by 0.3 points
(Table 4), illustrating the measurement noise at
this scale. Second, we rely entirely on prompt-
ing and do not explore fine-tuning, which could
improve performance, particularly for smaller mod-
els where CoTl prompting fails. Third, our multi-
stage pipelines (Constitutional Al, CoT-Verified, It-
erative Refinement) require 2 to 3 LLM calls per
answer, multiplying both latency and cost relative
to single-call methods. For the Constitutional Al
pipeline specifically, the critique-and-revise cycle
adds no value in 55% of cases (11/20 dev cases
pass all principles on the first draft), making the ad-
ditional cost wasteful for already-faithful outputs. A
confidence-based gating mechanism could skip the
critique stage when the draft is likely faithful, reduc-
ing average cost. Fourth, we rely entirely on propri-
etary LLM APIs (OpenAl, Anthropic), which limits
reproducibility and raises concerns about cost, data
privacy, and access continuity. Evaluating open-
weight models (e.g., Llama (Grattafiori et al., 2024),
Mistral (Jiang et al., 2023)) would strengthen the
generalizability of our findings. Fifth, the 75-word
constraint for Subtask 3 makes it difficult to pro-
duce comprehensive answers for complex clinical
questions. Finally, our clinical principles are manu-
ally designed; automatic principle discovery could
further improve the approach.
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A. Prompt Templates

This appendix lists the key prompt templates
used in our systems. Placeholders are shown in
{braces}.

A.1. Evidence Identification (Subtask 2)
Inclusive Prompt:

You are a clinical expert identifying relevant
evidence from medical records.

Patient Question: {patient_question}
Clinician’s  Interpretation: {clini-
cian_question}

Clinical ~ Note  Sentences: {num-
bered_sentences}

Your task: Identify ALL sentences that contain
information relevant to answering the question.
IMPORTANT: Be INCLUSIVE. It’'s better to in-
clude a marginally relevant sentence than to
miss important evidence.

Output a JSON array of ALL relevant sentence
numbers.

Balanced Prompt:
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Identify sentences that contain information
needed to answer the question.

Selection criteria: 1. ESSENTIAL: Sentences
that directly answer part of the question (MUST
include) 2. SUPPORTING: Sentences that pro-
vide important context or values (SHOULD in-
clude) 3. BACKGROUND: Sentences that help
understand the clinical situation (MAY include)

Stepwise (CoT) Prompt:

Let’s identify evidence step by step: Step 1:
What are the key clinical concepts in the ques-
tion? Step 2: Which sentences contain infor-
mation about these concepts? Step 3: Which
sentences provide supporting context or val-
ues? Step 4: Compile the final list of relevant
sentences.

Think through each step, then output ONLY a
JSON array of sentence numbers.

A.2. Answer Generation (Subtask 3)

Constrained Prompt:

You are a clinical expert answering a patient’s
question about their hospitalization.

Patient Question: {patient_question}
Clinician’s  Interpretation: {clini-
cian_question}

Clinical Notes: {note_excerpt}

Instructions: 1. Answer ONLY using informa-
tion from the clinical notes above 2. Use pro-
fessional medical terminology (not overly sim-
plified) 3. If information is incomplete, acknowl-
edge limitations 4. Maximum 75 words, ap-
proximately 5 sentences 5. Do NOT speculate
or add external medical knowledge

Constitutional Al, Critique Prompt:

Clinical Principles: 1. All claims must be di-
rectly traceable to the clinical notes 2. Do not
speculate or make inferences beyond docu-
mentation 3. Acknowledge when information is
incomplete 4. Use exact medical terminology
from the notes 5. Maintain temporal accuracy
(don’t confuse past/present)

Review this answer against the clinical princi-
ples above.

Clinical Notes: {note_excerpt}
Draft Answer: {draft}

For each principle, evaluate compliance
(PASS/FAIL) and explain:

Constitutional Al, Revision Prompt:

Revise this answer to comply with all clinical
principles.

Original Answer: {draft}

Principle Evaluation: {critique}

Clinical Notes (for reference):
{note_excerpt}

Revised answer (must comply with ALL princi-
ples, under 75 words):
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B. Evidence Identification Example

Table 6 shows a detailed comparison of evidence
identification methods on Case 4, where the pa-
tient asks “Why was cardiac catheterization recom-
mended?”. Gold evidence includes 7 essential and
2 supplementary sentences across the discharge
summary. We compare four methods: BM25
(sparse retrieval), SBERT (dense retrieval), inclu-
sive prompt (GPT-5), and stepwise/Col prompt
(GPT-5).

The inclusive prompt captures 8 of 9 gold sen-
tences (missing only sentence 10), while step-
wise/CoT retrieves only 1 sentence, demonstrating
the over-filtering failure mode discussed in Sec-
tion 6.3. BM25 captures 4 of 9 gold sentences and
SBERT captures 5 of 9, but they select different
subsets: BM25 favors lexically similar sentences
(e.g., “milrinone”), while SBERT favors semantically
similar ones (e.g., “heart failure”).
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ID Gold Sentence (truncated) BM25 SBERT Inclusive Stepwise

2 Cardiology service: abdominal pain, nausea, vom- v v
iting felt to be secondary to congestive hepatopa-
thy

4 He was aggressively diuresed with a net 10 liters v
negative since admission

5 Ess. He underwent RHC for milrinone trial, which x x v v
proved to be successful

6 His mean PCW went from 30 to 22, and his Fick v
C.l. went from 1.72 to 2.79

7 Supp. Brief Hospital Course: 48M with idiopathic dilated x v v x
cardiomyopathy (EF 25%...)

8 Acute-on-chronic systolic heart failure Vv v

9 Supp. Underlying exacerbation of chronic heart failure, x x v x

known idiopathic cardiomyopathy. ..

10 Ess. Last echo showed LVEF = 25% x x x x

11 Ess. Admitted in the setting of low output heart failure, v x v x
leading to increased intra-abdominal pressures. ..

13 Ess. Cardiac output and wedge pressure significantly v v v x
improved after milrinone infusion

14 In the ICU maintained on milrinone at 0.5 mcg/hr, v
transferred to floor

16 Heart failure specialists had honest discussions v v
about long-term prognosis

18 Ess. You were admitted to the hospital with worsening v v v x
heart failure

19 Ess. You had a cardiac catheterization that showed you v v v x
would benefit from milrinone

20 Ess. You were started on a milrinone drip, with improve- x v v x
ment in your heart’s pump function

Gold sentences found / total gold (9) 4/9 5/9 8/9 1/9

False positives 3 2 4 0

Table 6: Evidence identification comparison on Case 4 (“Why was cardiac catheterization recommended?”).
Shaded rows are gold evidence (Ess. = essential, Supp. = supplementary). v = correctly identified gold
sentence; x = missed gold sentence; v = selected but not gold (false positive). Only sentences selected
by at least one method are shown.
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