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Abstract
Electronic Health Records (EHRs) contain rich clinical information and provide an important data source for
medical question answering. However, generating reliable answers grounded in patient-specific clinical evidence
remains challenging. In this work, we participate in the ArchEHR-QA 2026 shared task and focus on Subtask 2
(Evidence Identification) and Subtask 3 (Answer Generation). For evidence identification, we explore both traditional
learning-to-rank methods and large language models (LLMs), and propose a two-stage LLM framework that improves
prediction stability through few-shot prompting and self-reflection reasoning. For answer generation, we design an
intent-aware few-shot prompting framework to generate concise answers grounded in clinical evidence. Experimental
results show that our approach achieves strong performance despite limited training data. On the official leaderboard,
our system ranks 5th in Subtask 2 and 2nd in Subtask 3. These results demonstrate that combining evidence-driven
reasoning with the generative capabilities of LLMs is an effective approach for EHR-based clinical question answering.

Keywords: Electronic Health Records (EHR), Clinical Question Answering, Evidence Identification, Answer
Generation

1. Introduction

Electronic Health Records (EHRs) digitally store
and manage patient health information, including
medical history, laboratory results, medications,
and clinical procedures, providing essential data
for clinical decision-making and research. With the
widespread adoption of EHR systems and patient
portals, clinicians receive increasing numbers of
patient inquiries, many of which arise from patients
reviewing and questioning their health information
(Cronin et al., 2015; Irizarry et al., 2015). These
inquiries not only increase clinicians’ workload but
also consume substantial clinical resources.

Although prior work has explored automated
health question answering (QA), such as clinical
and biomedical QA systems (Ben Abacha and
Demner-Fushman, 2019; Pampari et al., 2018), rel-
atively limited attention has been paid to leverag-
ing patient-specific clinical records and grounding
answers in explicit clinical evidence. Generating
personalized, evidence-supported responses from
EHR data therefore represents a promising direc-
tion for improving clinical efficiency and providing
patients with reliable health information.

The ArchEHR-QA 2026 shared task evaluates
EHR-based question answering systems through
four subtasks emphasizing evidence grounding and
clinical interpretability. Subtask 1 (Question In-
terpretation) converts patient free-text questions
into concise clinical queries understandable to clin-
icians. Subtask 2 (Evidence Identification) extracts
key evidence sentences from clinical notes required
to answer the question. Subtask 3 (Answer Gen-

eration) produces concise answers grounded in
the selected evidence. Subtask 4 (Evidence Align-
ment) evaluates the alignment between answers
and their supporting evidence.

In this work, we focus on Subtasks 2 and 3,
which form a natural reasoning pipeline in EHR
question answering: evidence identification deter-
mines the information basis for answer generation,
while answer generation produces patient-oriented
explanations grounded in the selected evidence
(Ben Abacha and Demner-Fushman, 2019).

For Subtask 2, we explore both traditional
learning-to-rank methods (Cao et al., 2007; Burges,
2010) and large language models (LLMs) for evi-
dence identification. We propose a two-stage LLM-
based evidence identification framework, which
performs initial predictions using few-shot prompt-
ing and improves prediction stability through self-
reflection reasoning and ensemble voting.

For Subtask 3, we adopt a few-shot intent-aware
prompting framework based on LLMs to generate
concise and evidence-grounded answers. By lever-
aging the reasoning capability of LLMs, the system
can produce answers consistent with clinical evi-
dence even under limited training data.

Our approach achieves competitive performance.
On the official ArchEHR-QA 2026 leaderboard, our
system ranks 5th in Subtask 2 (Evidence Identi-
fication) and 2nd in Subtask 3 (Answer Genera-
tion). These results demonstrate that combining
evidence-driven reasoning strategies with the gen-
erative capabilities of large language models pro-
vides an effective solution for EHR-based clinical
question answering.
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2. Related Work

2.1. Evidence Identification
Evidence identification aims to extract a minimal set
of sentences from clinical notes that support answer
generation. Early approaches relied on rule-based
systems or keyword matching, such as evidence
extraction using regular expressions or ontology-
based medical terms (Demner-Fushman and Lin,
2007). With the development of deep learning, su-
pervised sentence-level models were introduced,
treating evidence identification as a binary clas-
sification task to determine whether a candidate
sentence supports the answer (Chakraborty et al.,
2020). These models often extract entities and rela-
tions as features by performing information extrac-
tion tasks including clinical named entity recognition
(NER) and relation extraction (RE). Recently, large
language models (LLMs) have been applied to evi-
dence identification, enabling zero-shot or few-shot
evidence prediction through strong semantic un-
derstanding (Singhal et al., 2023). However, most
existing studies focus on biomedical literature or
general medical QA, while evidence retrieval from
patient-specific EHR data remains underexplored,
particularly under small datasets where balancing
precision and recall is challenging.
2.2. Answer Generation
The goal of answer generation is to produce con-
cise and accurate responses grounded in evidence.
Early medical QA systems mainly relied on in-
formation retrieval or template-based generation,
where retrieved evidence snippets were directly as-
sembled into answers, often lacking fluency and
flexibility (Ben Abacha and Zweigenbaum, 2015;
Ben Abacha and Demner-Fushman, 2019). With
the development of deep learning, neural genera-
tion models have been increasingly applied, learn-
ing relationships among questions, evidence, and
answers to produce more natural responses (Pam-
pari et al., 2018; Jin et al., 2019; Lee et al., 2020).
More recently, large language models (LLMs) have
demonstrated strong capabilities, generating coher-
ent responses under zero-shot or few-shot settings
(Singhal et al., 2023; Nori et al., 2023). However,
most existing studies focus on medical exam ques-
tions or biomedical literature, while answer gen-
eration for patient-specific EHR data remains un-
derexplored, particularly under small-scale training
settings where maintaining both answer reliability
and evidence traceability is challenging.

3. Data and Evaluation Metrics

3.1. Data
The ArchEHR-QA 2026 dataset (Soni and Demner-
Fushman, 2026b,a) is organized at the case level.

The development set contains 20 cases (Cases
1–20). Each case consists of the following compo-
nents:

• Patient Narrative: a free-text description of
the patient’s symptoms or health concerns
from the patient perspective.

• Clinician Question: a concise clinical ques-
tion formulated by a clinician based on the
patient narrative.

• Patient–Question Phrases: key phrases in
the narrative annotated as relevant to the pa-
tient’s question.

• Clinical Note Excerpts: sentence-level ex-
cerpts from clinical notes, where each sen-
tence is labeled as essential, supplementary,
or not relevant. The notes are derived from the
MIMIC database.

• Clinician Answer: a reference answer writ-
ten by a clinician. Each answer sentence is
supported by zero or more sentences from the
clinical note excerpts.

• Case Metadata: metadata including the case
ID, clinical specialty, and EHR source.

In addition to the development set, the dataset
includes Cases 21–120, which lack annotated evi-
dence labels for the clinical note excerpts. To ad-
dress the lack of annotated training data, we em-
ploy a large language model (LLM) to automatically
annotate evidence sentences from the clinical note
excerpts based on the clinician answers. The re-
sulting LLM-annotated data are used as training
data for Task 2 (Evidence Identification), while the
original development set (Cases 1–20) is used as
the validation set. Furthermore, the official test set
for Task 2 and Task 3 includes 47 additional cases
(Cases 121–167), which follow a structure similar to
the development set but do not include annotated
evidence labels or clinician answers, and are used
solely for evaluation.

Although the original annotations include three
relevance labels, we cast the task as a binary clas-
sification problem since Task 2 evaluation and Task
3 clinician answers primarily rely on essential evi-
dence. Specifically, only essential sentences are
treated as gold evidence, while the other two cate-
gories are merged into not-essential. In the devel-
opment set, the label distribution consists of 121
essential and 307 not-essential sentences, reflect-
ing a class imbalance.

3.2. Evaluation Metrics
Task 3: Answer Generation. We evaluate an-
swer generation using a diverse set of automatic
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metrics that capture different aspects of answer
quality. BLEU and ROUGE measure n-gram over-
lap between generated and reference answers.
BERTScore evaluates semantic similarity between
generated and reference texts. SARI (Xu et al.,
2016) measures text editing quality by comparing
added, deleted, and retained n-grams with respect
to the reference. AlignScore (Rogers et al., 2023)
assesses semantic and factual alignment using a
trained scoring model that evaluates the consis-
tency between generated and reference answers.
MEDCON (Yim et al., 2023) evaluates medical con-
sistency by checking whether clinically relevant in-
formation is preserved without contradiction. To-
gether, these metrics provide a comprehensive
evaluation of lexical similarity, semantic alignment,
content faithfulness, and clinical correctness.

4. Methods

In this section, we describe in detail the approaches
we explored for Task 2 and Task 3.

4.1. Task 2: Evidence Identification

4.1.1. Task Formulation

Given a clinician question q, a patient narrative p,
and a set of candidate sentences extracted from
clinical notes S = {s1, s2, . . . , sn}, the goal of ev-
idence identification is to identify sentences that
provide key evidence for answering the question.

Although the original annotations contain three la-
bels (essential, supplementary, and not-essential),
only essential sentences are treated as gold evi-
dence during evaluation. We therefore formulate
the task as a sentence-level relevance prediction
problem: yi ∈ {0, 1}, where yi = 1 indicates that
sentence si is an essential evidence sentence.

Since each case contains multiple candidate sen-
tences, we further model the task as a sentence
ranking problem by learning a scoring function

scorei = f(q, p, si), si ∈ S (1)
such that evidence sentences receive higher scores
than non-evidence sentences.

4.1.2. Ranking-based Evidence Identification

Evidence Ranking Model To model the rele-
vance between the question and candidate sen-
tences, we adopt a cross-encoder architecture.
Unlike bi-encoders that encode the query and
sentence independently, the cross-encoder jointly
encodes the question–sentence pair, enabling
fine-grained token-level interactions (Reimers and
Gurevych, 2019; Nogueira and Cho, 2019). Since
each case contains only a small number of candi-
date sentences, the additional computational cost
remains manageable.

We initially experimented with incorporating the
clinical specialty and the patient narrative p into
the query representation. However, empirical re-
sults show little improvement compared with using
only the clinician question q. This is likely because
the clinician question already summarizes the key
information from the patient narrative, while the nar-
rative often contains additional background details
that are less relevant for evidence selection. There-
fore, we use only the question q as the query input
in the final model. For each question–sentence
pair (q, si), the input sequence is constructed as
xi = [CLS] q [SEP] si [SEP]. The sequence is fed
into an encoder fθ, and the hidden representation
of the [CLS] token is used as the sentence-pair
representation:

hi = fθ(xi)[CLS] (2)

A linear layer is then applied to compute the rele-
vance score:

scorei = Whi + b (3)

Learning Objectives We explore three learning
strategies: pointwise classification, pairwise
ranking, and listwise ranking, and further investi-
gate hybrid objectives that combine classification
and ranking signals.

Pointwise Classification We first model the task
as a sentence-level binary classification problem.
The probability of a sentence being evidence is
computed as

pi = σ(scorei). (4)
The training objective is the binary cross-entropy
(BCE) loss:

Lpoint = −
∑
i

[yi log pi + (1− yi) log(1− pi)] . (5)

Since evidence sentences are much fewer than
non-evidence sentences, we apply weighted BCE
loss to alleviate class imbalance (Lin et al., 2017).

Pairwise Ranking To learn the relative ordering
of sentences, we adopt pairwise learning-to-rank.
For each case, we construct positive–negative sen-
tence pairs (s+, s−). To reduce training difficulty,
we perform hard negative mining, selecting the top-
k hardest negative sentences (i.e., those with the
highest predicted scores). The margin ranking loss
is defined as:

Lpair = max(0,m− scorepos + scoreneg). (6)

This objective encourages

scorepos > scoreneg +m. (7)

thereby improving the model’s ability to distinguish
evidence sentences from hard negatives.
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Listwise Ranking We also explore listwise rank-
ing, which learns sentence ranking at the case level.
Given model scores scorei, we compute a proba-
bility distribution:

Pi =
exp(scorei)∑
j exp(scorej)

. (8)

The target distribution assigns probability mass
only to gold evidence sentences:

Gi =
yi∑
j yj

. (9)

The listwise loss is defined as

Llist = −
∑
i

Gi logPi. (10)

Hybrid Objectives To combine the benefits of
classification and ranking signals, we further ex-
plore hybrid objectives:
Pointwise + Pairwise:

L = αLpoint + (1− α)Lpair. (11)

Pointwise + Listwise:

L = αLpoint + (1− α)Llist. (12)

where α is a weighting coefficient.

Inference During inference, the model computes
a score scorei or probability pi for each candidate
sentence and applies several strategies to deter-
mine the number of evidence sentences.

Fixed Threshold We first select evidence sen-
tences using a fixed probability threshold:

Ê = {si | pi ≥ τ}. (13)
where the threshold τ is tuned on the development
set to maximize Strict Micro-F1. If no sentence ex-
ceeds the threshold, the sentence with the highest
score is selected.

Score-Gap Selection To adaptively determine
the number of evidence sentences, we adopt a
score-gap strategy. Candidate sentences are first
sorted by their scores: score(1) ≥ score(2) ≥ · · · ≥
score(n). We then compute the score difference
between adjacent sentences:

gapi = score(i) − score(i+1). (14)

The largest gap typically indicates the boundary
between evidence and non-evidence sentences:

k = argmax
i

gapi. (15)

The top-k sentences are selected as predicted evi-
dence: Ê = {s(1), . . . , s(k)}.

Adaptive Soft Dynamic-k We further propose an
Adaptive Soft Dynamic-k method that determines
the number of evidence sentences based on pre-
diction uncertainty. Sentence scores are first nor-
malized with softmax:

pi =
exp(scorei)∑
j exp(scorej)

. (16)

We then compute the normalized entropy of the
distribution:

Hnorm = −
∑

i pi log pi
log(n)

. (17)

A dynamic threshold is defined as
τ = τ0 + λHnorm, (18)

where τ0 and λ are tuned on the development set.
Sentences are sorted by probability and accumu-
lated until

k∑
i=1

pi ≥ τ. (19)

This yields a dynamic number of evidence sen-
tences k. When the prediction distribution is con-
centrated (low entropy), only a few high-confidence
sentences are selected; when it is more dispersed
(high entropy), more sentences are retained. This
helps preserve important evidence and provides
more reliable support for answer generation.

4.1.3. LLM-based Evidence Identification

To explore the capabilities of large language mod-
els (LLMs) for evidence identification, we design a
two-stage LLM framework that combines retrieval-
based few-shot prompting and self-reflection rea-
soning to improve prediction accuracy and stability.

Retrieval-based Few-shot Prompting To guide
the model toward consistent annotation patterns,
we adopt retrieval-based few-shot prompting. In-
stead of randomly selecting examples, we retrieve
several annotated cases from the development set
based on semantic similarity to the current query.

Each example contains the patient narrative, clin-
ician question, clinical note, and labels. These
examples provide explicit supervision signals that
help the model determine whether a sentence con-
stitutes key evidence.

Stage 1: Initial Evidence Prediction In the first
stage, we use Gemini-2.5-Pro to perform initial ev-
idence identification. The model receives the re-
trieved few-shot examples, patient narrative, clini-
cian question, and clinical note, and predicts struc-
tured labels for each sentence:

Y (1) = {y(1)1 , y
(1)
2 , ..., y(1)n }. (20)

Each sentence is labeled as essential or not-
essential.



555

Stage 2: Self-Reflection Refinement Single-
pass LLM predictions may miss important evidence
or over-predict irrelevant sentences. To mitigate
this issue, we introduce a self-reflection stage. The
model receives the initial prediction Y (1) and re-
evaluates its decisions by checking whether key
medical evidence was missed or incorrectly labeled.
After reflection, the model produces refined predic-
tions:

Y (2) = {y(2)1 , y
(2)
2 , ..., y(2)n }. (21)

The final output is defined as Y = Y (2).

Ensemble Voting To further improve robustness,
we perform ensemble voting over multiple LLM pre-
dictions. For each sentence, we count how many
times it is labeled as essential. A sentence is pre-
dicted as essential if its vote count exceeds a pre-
defined threshold T :

yi =

{
1 vi ≥ T

0 otherwise
(22)

where vi denotes the number of essential votes.
Adjusting T allows the system to flexibly balance
precision and recall in evidence identification.

4.2. Task 3: Answer Generation
Given a clinician question q, a patient narrative n,
and the evidence E = {e1, e2, . . . , ek} identified in
Section 4.1, the goal of answer generation is to
produce an answer a grounded in the evidence.

Clinical questions often reflect different informa-
tion needs, such as treatment planning, prognosis
assessment, or interpretation of abnormal labora-
tory results. To better support clinical reasoning
and improve answer quality, we incorporate ques-
tion intent information and retrieve intent-aligned
demonstrations to guide generation. This intent-
aware strategy provides reasoning patterns that
match the question type, improving consistency
between generated answers and clinical evidence.
Our framework consists of three stages: (1) intent
identification, (2) intent-aware example retrieval,
and (3) evidence-grounded answer generation.

4.2.1. Intent Identification

We formulate intent prediction as a classification
task. For each case x = (n, q), we define a taxon-
omy of 12 clinical question intents (e.g., treatment
plan, medication safety, prognosis, and laboratory
abnormality explanation). Given a question, the
model predicts a primary intent I and optionally
a secondary intent S. The predicted intents are
generated by the DeepSeek-V3 model, yielding a
structured representation x = (n, q, I, S).

4.2.2. Intent-Aware Example Retrieval

To support in-context learning, we construct an ex-
ample pool P with intent annotations. For a test
sample xi with primary intent Ii and secondary in-
tent Si, we first retrieve candidate examples that
share the same primary intent:

Ci = {xj ∈ P | Ij = Ii}. (23)

If the number of retrieved candidates is fewer than
K, we further include examples that match the sec-
ondary intent Si. The example pool is constructed
from Cases 1–120, where each case is annotated
with intent labels. The pool covers all predefined
intent categories, ensuring that each intent type
has sufficient example support.

We then rank candidates using semantic similar-
ity. Each sample is represented as t = I ⊕ q ⊕ n,
where ⊕ denotes text concatenation. Let vq and vj

denote the embeddings of the query and candidate
example. Similarity is computed as

sim(q, xj) =
vq · vj

∥vq∥∥vj∥
. (24)

The top-K most similar examples are selected:

Di = TopKxj∈Ci
sim(xi, xj). (25)

4.2.3. Evidence-Grounded Answer
Generation

Finally, we generate answers using Gemini-2.5-Pro
conditioned on the question, evidence sentences,
intent information, and retrieved demonstrations.
The generation function can be written as

a = g(n, q, E,D). (26)

Each demonstration in D contains the patient nar-
rative, clinician question, evidence sentences, and
a reference answer, illustrating clinically grounded
reasoning. Incorporating evidence and intent infor-
mation encourages the model to generate answers
consistent with the supporting evidence.

5. Results

In this section, we present the implementation de-
tails of our approaches and report experimental
results on the development set as well as the offi-
cial evaluation results.

5.1. Implementation Details
All experiments are implemented in PyTorch with
the Transformers library and run on two NVIDIA
RTX 3090 GPUs. For ranking-based evidence
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Method
Strict Lenient

Macro Micro Macro Micro
P R F1 P R F1 P R F1 P R F1

Pointwise 0.5113 0.3692 0.3886 0.5000 0.3471 0.4098 0.5472 0.3364 0.3826 0.5476 0.3129 0.3983
Pairwise Ranking 0.4463 0.8566 0.5594 0.3820 0.8430 0.5258 0.5201 0.8225 0.6104 0.4532 0.8231 0.5845
Listwise Ranking 0.4750 0.7205 0.5462 0.4750 0.6281 0.5409 0.5437 0.6920 0.5820 0.5437 0.5918 0.5668
Pointwise + Pairwise 0.5214 0.6758 0.5617 0.5214 0.6033 0.5594 0.6000 0.6634 0.6017 0.6000 0.5714 0.5854
Pointwise + Listwise 0.5500 0.6278 0.5554 0.5500 0.5455 0.5477 0.6250 0.5881 0.5781 0.6250 0.5102 0.5618

Table 1: Results on Task 2: Evidence Identification on the development set under Strict and Lenient
evaluation settings. We report Macro and Micro Precision (P), Recall (R), and F1.

Method P R F1
Fixed Threshold 0.5214 0.6033 0.5594
Score-Gap Selection 0.4875 0.6446 0.5552
Adaptive Soft Dynamic-k 0.5469 0.5800 0.5623

Table 2: Effect of inference strategies on Task 2 un-
der the Strict setting (development set). We report
Precision (P), Recall (R), and Micro-F1.

identification, we adopt a cross-encoder architec-
ture based on BiomedNLP-PubMedBERT-base-
uncased-abstract-fulltext. We also exper-
iment with several alternative backbones, including
DeBERTa-v3-large, DeBERTa-v3-base, Bio-
ClinicalBERT, and BioBERT-base-cased-
v1.2. However, these models yield similar per-
formance on the development set, so we report the
results using PubMedBERT.

The model is trained for 10 epochs using the
AdamW optimizer with a learning rate of 2× 10−5

and weight decay of 0.01. The maximum input
length is set to 384, and gradient clipping with a
norm of 1.0 is applied. For the hybrid loss, the
weight α is set to 0.1 and margin is set to 0.2. To
ensure reproducibility, all experiments use a fixed
random seed of 42. For LLM-based methods, we
access the models through the official API.

5.2. Task 2: Evidence Identification

5.2.1. Effect of Ranking Objectives on
Evidence Identification

Table 4.2.3 reports the performance of different ev-
idence identification methods on the development
set under both Strict and Lenient evaluation set-
tings, including Macro and Micro Precision, Recall,
and F1. All experiments use a fixed threshold (0.4)
during inference for evidence selection. The re-
sults show that pointwise classification performs
the worst overall. Although it achieves relatively
high Micro Precision (0.5000) under the Strict set-
ting, its Recall is much lower (0.3471), resulting
in a Strict Micro-F1 of only 0.4098. This suggests
that modeling evidence identification as indepen-
dent sentence-level classification is insufficient to
recover all key evidence sentences, since the task

inherently requires comparing multiple candidate
sentences within the same case.

In contrast, ranking-based methods substantially
improve recall. Pairwise ranking achieves the
highest Strict Micro Recall (0.8430), while listwise
ranking also outperforms pointwise classification.
This indicates that modeling the relative relevance
among candidate sentences within each case bet-
ter matches the nature of the task.

Combining classification and ranking objectives
further improves the precision–recall balance. For
example, Pointwise + Pairwise increases Precision
while maintaining high Recall, and Pointwise + List-
wise achieves the best Strict Micro-F1 (0.5477).
Similar trends are observed under the Lenient set-
ting, where Pointwise + Pairwise obtains the high-
est Lenient Micro-F1 (0.5854).

Overall, these results suggest that modeling evi-
dence identification as a ranking problem is more
suitable, and integrating classification and ranking
signals further improves performance, particularly
under limited training data.

5.2.2. Inference Strategy Analysis

Table 4.2.3 compares three evidence selection
strategies under the Strict evaluation setting: Fixed
Threshold, Score-Gap Selection, and Adaptive Soft
Dynamic-k. All strategies are applied on top of the
Pointwise + Pairwise model during inference. Al-
though the overall F1 scores are similar, the meth-
ods exhibit different precision–recall trade-offs.

The Fixed Threshold method achieves relatively
higher recall but lower precision, indicating that a
fixed threshold tends to retain more candidate sen-
tences, increasing recall while introducing more
false positives. Score-Gap Selection achieves the
highest recall (0.6446) but the lowest precision
(0.4875). This is consistent with the intuition behind
the method: automatically determining the number
of evidence sentences based on score gaps tends
to retain more potentially relevant sentences, which
improves recall but also increases false positives.

In contrast, Adaptive Soft Dynamic-k achieves
the best Strict Micro-F1 and the highest precision
while maintaining stable recall. This suggests
that dynamically adjusting the number of evidence
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Method
Strict Lenient

Macro Micro Macro Micro
P R F1 P R F1 P R F1 P R F1

Few-shot 0.8026 0.8269 0.7917 0.7692 0.8264 0.7968 0.8231 0.7060 0.7351 0.8000 0.7075 0.7509
Few-shot +
Self-reflection 0.8523 0.8427 0.8252 0.7923 0.8512 0.8207 0.8773 0.7229 0.7679 0.8385 0.7415 0.7870

Few-shot +
Self-reflection + Voting 0.8492 0.8416 0.8229 0.7969 0.8430 0.8193 0.8702 0.7169 0.7610 0.8359 0.7279 0.7782

Table 3: Ablation study of the LLM-based evidence identification framework on Task 2 evaluated on the
development set. We report Macro and Micro Precision (P), Recall (R), and F1.

Method P R F1
Qwen3-Max 0.6944 0.8264 0.7547
Deepseek-V3 0.6809 0.7934 0.7328
Deepseek-R1 0.7500 0.7934 0.7711
GPT-4.1 0.7966 0.7769 0.7866
GPT-5.1 0.8103 0.7769 0.7932
Gemini-2.5-Pro 0.7923 0.8512 0.8207

Table 4: Effect of different LLMs on Task 2 on the
development set under the Strict evaluation setting.
We report Precision (P), Recall (R), and Micro F1.

sentences based on prediction uncertainty better
adapts to varying evidence distributions across
cases, resulting in a more balanced performance.

Overall, these results indicate that the evidence
selection strategy during inference has a substan-
tial impact on performance, and uncertainty-based
dynamic selection provides a better balance be-
tween precision and recall.

5.2.3. LLM-based Evidence Identification

Table 4.2.3 presents results of the LLM-based ev-
idence identification, including Few-shot prompt-
ing (with K = 5 retrieved in-context examples),
Few-shot + Self-reflection, and Few-shot + Self-
reflection + Voting. Few-shot prompting alone
achieves strong performance. Under the Strict set-
ting, it obtains a Micro-F1 of 0.7968, substantially
outperforming traditional ranking models. This sug-
gests that structured in-context examples effectively
guide LLMs to identify key evidence sentences.

Adding self-reflection further improves perfor-
mance. Under the Strict setting, Micro-F1 in-
creases from 0.7968 to 0.8207, with gains in both
precision and recall. Similar improvements are ob-
served under the Lenient setting. This indicates
that the reflection stage allows the model to re-
visit its initial predictions and correct missing or
redundant evidence. In contrast, adding voting
after self-reflection does not yield further improve-
ments. Although the results remain competitive,
they are slightly lower than those obtained with self-
reflection alone under both settings. A possible
explanation is that predictions across runs tend to
be highly similar, and majority voting may suppress

some infrequent but important evidence sentences,
slightly reducing recall.

Overall, these results indicate that the main per-
formance gains of LLM-based evidence identifica-
tion come from self-reflection reasoning, rather than
simple multi-run voting.

5.2.4. Comparison of LLM Backbones

Table 4.2.3 compares the performance of differ-
ent LLM backbones on the evidence identification
task. Gemini 2.5 Pro achieves the best results
(Strict Micro-F1 = 0.8207) and the highest recall
(0.8512), indicating stronger coverage in identifying
clinically relevant evidence sentences. Given the
imbalanced label distribution in the development
set (121 essential vs. 307 not-essential), recall be-
comes particularly important for capturing sparse
gold evidence. The higher recall of Gemini sug-
gests that it is more effective at retrieving relevant
evidence under this setting. The GPT models (GPT-
4.1 and GPT-5.1) also perform well, with higher
precision but slightly lower recall than Gemini, sug-
gesting a more conservative evidence selection
strategy that prioritizes precision over coverage.
Among open-source models, DeepSeek-R1 per-
forms best (Micro-F1 = 0.7711), while Qwen3-Max
and DeepSeek-V3 perform slightly worse. This indi-
cates that reasoning and instruction-following capa-
bilities are particularly important for sentence-level
evidence identification. Overall, stronger language
understanding and reasoning abilities help models
better distinguish key evidence from background
information, especially under imbalanced label dis-
tributions.

5.3. Test Set Results
Since Few-shot + Self-reflection achieved the best
performance on the development set, we adopt it as
the final method for Subtask 2. Table 4.2.3 reports
the official test results, where our system obtains
an overall score of 61.4, ranking among the top
systems in the shared task. Compared with higher-
ranked systems such as Neural and OptiMed, our
method maintains relatively high Strict Micro Recall
(70.0) but slightly lower precision. This indicates
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Method Overall Strict Micro Lenient Micro Strict Macro Lenient Macro
P R F1 P R F1 P R F1 P R F1

Neural 63.7 60.2 67.6 63.7 77.8 67.6 72.4 64.3 69.7 64.8 81.9 69.7 73.1
OptiMed 63.2 56.7 71.3 63.2 73.1 71.3 72.2 61.5 73.0 64.1 78.1 73.0 72.9
UIC-AIHealth4All 62.9 59.3 67.0 62.9 74.3 67.0 70.4 61.8 69.2 63.0 77.8 69.2 70.5
Yale-DM-Lab 61.9 52.3 75.7 61.9 68.0 75.7 71.6 56.7 75.5 61.1 73.8 75.5 70.4
TAMU-NLP-Lab (Ours) 61.4 54.6 70.0 61.4 74.4 70.0 72.2 61.4 70.3 60.6 78.9 70.3 70.7

Table 5: Official leaderboard Results on Task 2 on the test set. We report Strict and Lenient Micro and
Macro Precision (P), Recall (R), and F1 scores.

Method Overall BLEU ROUGE-Lsum SARI BERTScore AlignScore MEDCON
LLM + Evidence + Few-shot 34.80 8.97 27.35 58.87 44.80 25.92 42.89
LLM + Evidence + Few-shot Intent 36.20 9.70 27.40 59.60 46.20 34.50 39.90

Table 6: Results on Task 3: Answer Generation on the test set. We report Overall score, BLEU, ROUGE-
Lsum, SARI, BERTScore, AlignScore, and MEDCON.

Method Overall BLEU ROUGE-Lsum SARI BERTScore AlignScore MEDCON
LLM + Evidence + Intent (Low-Recall) 35.74 8.54 27.81 59.48 46.77 31.85 39.98
LLM + Evidence + Intent (High-Recall) 36.20 9.70 27.40 59.60 46.20 34.50 39.90

Table 7: Results on Task 3: Answer Generation on the test set. We report Overall score, BLEU, ROUGE-
Lsum, SARI, BERTScore, AlignScore, and MEDCON.

Team Overall BLEU ROUGELsum SARI BERTScore AlignScore MEDCON
WisPerMed 36.3 9.9 27.8 58.6 46.8 31.7 43.1
TAMU-NLP-Lab (Ours) 36.2 9.7 27.4 59.6 46.2 34.5 39.9
BIT.UA-AAUBS 35.6 8.6 26.4 60.0 45.0 30.2 43.2
Neural 35.2 9.4 25.6 57.7 43.5 34.3 40.9
HealthNLP_Retrievers 34.6 7.0 25.4 59.2 43.8 33.6 38.7

Table 8: Official leaderboard results on ArchEHR-QA 2026 task 3 (Test Set).

that the system effectively covers key evidence sen-
tences, although it may occasionally include some
non-evidence sentences. Under the Lenient set-
ting, our system achieves a Micro-F1 of 72.2 and a
Lenient Macro-F1 of 70.7, suggesting stable perfor-
mance across cases. Overall, the results show that
our approach generalizes well to the shared task
test set. Further improvements may come from
enhancing precision in evidence selection.

5.4. Task 3: Answer Generation
5.4.1. Impact of Intent-Aware Few-Shot

Retrieval

Table 4.2.3 compares two evidence-grounded an-
swer generation settings: LLM + Evidence + Few-
shot (with K = 3 retrieved in-context examples) and
LLM + Evidence + Few-shot Intent. Both methods
use evidence sentences and few-shot demonstra-
tions, while the latter additionally retrieves demon-
strations based on question intent. Introducing in-
tent information improves the Overall score from
34.80 to 36.20, indicating that the selection of few-
shot demonstrations plays an important role in clin-
ical answer generation. Compared with generic
examples, intent-matched demonstrations provide

more effective guidance for generating high-quality
responses. Across metrics, BLEU (8.97 → 9.70)
and ROUGE-Lsum (27.35 → 27.40) show slight
improvements, while BERTScore (44.80 → 46.20)
and AlignScore (25.92 → 34.50) increase more
substantially, suggesting better semantic alignment
between generated and reference answers. In addi-
tion, SARI improves from 58.87 to 59.60, indicating
better evidence integration and text restructuring.
However, MEDCON slightly decreases (42.89 →
39.90), suggesting that improved semantic rele-
vance may come at the cost of stricter medical termi-
nology consistency. Overall, intent-aware retrieval
of few-shot demonstrations significantly improves
semantic alignment and overall answer quality in
clinical answer generation.

5.4.2. Impact of Evidence Recall on Answer
Generation

Table 4.2.3 compares the Task 3 answer genera-
tion results under two evidence input settings: Low-
Recall Setting and High-Recall Setting. These two
settings are constructed by controlling the preci-
sion–recall trade-off in the evidence identification
stage. Specifically, the Low-Recall setting applies
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a stricter evidence selection criterion to retain only
high-confidence sentences, leading to higher pre-
cision but lower recall. In contrast, the High-Recall
setting adopts a more permissive selection strat-
egy, including more candidate sentences, which
increases recall but reduces precision.

Both methods use the same LLM + Evidence +
Intent framework and differ only in the coverage
of the input evidence. Overall, the High-Recall
Setting achieves a higher Overall score (36.20 vs.
35.74), indicating that broader evidence coverage
generally improves the quality of generated clin-
ical answers. Across individual metrics, this set-
ting performs better on BLEU, SARI, and Align-
Score, with the largest improvement observed in
AlignScore (31.85 → 34.50). This suggests that,
for LLMs, incorporating more evidence can signif-
icantly enhance the semantic alignment between
generated answers and reference answers. In con-
trast, the Low-Recall Setting performs slightly bet-
ter on ROUGE-Lsum, BERTScore, and MEDCON,
suggesting that a more selective evidence set may
sometimes produce answers that are more focused
and contain more compact medical concepts.

5.4.3. Leaderboard Results

Table 4.2.3 presents the official leaderboard re-
sults on the ArchEHR-QA 2026 Subtask 3 test
set. Our system (TAMU-NLP-Lab) ranks second
with an Overall score of 36.2, only slightly below
WisPerMed (36.3), demonstrating strong compet-
itiveness. Notably, our system achieves the high-
est AlignScore (34.5) among all teams, indicating
that the generated answers are most semantically
aligned with the reference answers. This suggests
that combining intent-aware generation with evi-
dence grounding helps the model better capture the
core information needs of clinical questions. Our
system also maintains competitive performance
on BLEU (9.7) and ROUGE-Lsum (27.4), showing
strong surface-level similarity with the reference
answers. However, our system does not achieve
the best results on SARI and MEDCON. For ex-
ample, BIT.UA-AAUBS obtains the highest SARI
(60.0), and both BIT.UA-AAUBS and WisPerMed
slightly outperform our system on MEDCON. This
suggests that while our approach focuses on ad-
dressing question intent, there is still room for im-
provement in text editing quality and strict medical
concept consistency.

6. Conclusion

This paper presents an evidence-grounded frame-
work for clinical question answering and conducts
a comprehensive evaluation on the ArchEHR-QA
dataset. The task is decomposed into two stages:

evidence identification (Task 2) and answer gener-
ation (Task 3). For Task 2, we explore both ranking-
based models and LLM-based evidence annota-
tion. For Task 3, we introduce an intent-aware
answer generation framework that retrieves few-
shot demonstrations based on question intent to
guide evidence-consistent responses. Experimen-
tal results show that incorporating LLM-based self-
reflection significantly improves evidence identifica-
tion, especially under limited training data, outper-
forming traditional ranking models. For answer gen-
eration, we find that evidence coverage and intent-
aware few-shot retrieval are critical: higher evi-
dence recall improves answer quality, while intent-
based example retrieval enhances semantic align-
ment between generated and reference answers.
In the ArchEHR-QA 2026 Shared Task, our sys-
tem ranks 5th in Subtask 2 and 2nd in Subtask 3,
achieving competitive performance across multiple
metrics. Future work will explore tighter integration
between evidence identification and answer gen-
eration to further improve end-to-end clinical QA
performance.
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A. Prompt for Evidence Identification

A.1. Evidence Identification Prompt (Stage 1)

We use large language model to identify sentences that are essential for answering the clinician question.
The model performs binary classification for each sentence: essential or not-essential. The prompt
template is shown below.

Task:
For each sentence, decide whether it is ESSENTIAL to answer the clinician
question.

Definitions:
- essential: directly necessary to answer the question.
- not-essential: not directly required.

Precision rule:
Only label as "essential" if removing the sentence would make answering
incomplete or incorrect.

Rules:
- Think step-by-step internally but DO NOT output reasoning.
- Output JSON only.
- Include ALL sentence ids.
- Allowed labels: "essential" or "not-essential"

===== FEW-SHOT EXAMPLES =====

Patient Narrative:
{PATIENT_NARRATIVE_EXAMPLE}

Clinician Question:
{CLINICIAN_QUESTION_EXAMPLE}

Sentences:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}
...

Correct Output:
{

"1": "essential",
"2": "not-essential",
"3": "essential"

}

===== END OF FEW-SHOT =====

Now classify:

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Sentences:
1: {SENTENCE_1}
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2: {SENTENCE_2}
3: {SENTENCE_3}
...

Output JSON only.

A.2. Self-Reflection Prompt (Stage 2)
After the initial prediction, we perform a second-pass self-reflection step where the model reviews its
previous decisions and corrects potential mistakes.
You previously classified the sentences as:

{INITIAL_PREDICTION_JSON}

Now carefully review your previous classification.

Check:
1. Is any truly essential sentence missing?
2. Is any labeled "essential" actually background?
3. Are essential sentences strictly necessary?

Revise if needed.

Rules:
- Think step-by-step internally but DO NOT output reasoning.
- Output JSON only.
- Include ALL sentence ids.
- Allowed labels: "essential" or "not-essential"

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Sentences:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}
...

Output JSON only.

B. Prompt for Answer Generation

B.1. Prompt for Clinical Question Intent Classification
We use large language model to classify the clinical intent of each question. The exact prompt used for
intent classification is shown below.
You must classify the primary intent of this clinical QA case.

Choose one primary intent from:

1. procedure_justification
2. icu_or_monitoring_necessity
3. treatment_plan
4. medication_safety
5. pathophysiology_explanation
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6. malignancy_concern
7. lab_abnormal_concern
8. recovery_duration
9. prognosis_severity
10. activity_clearance
11. persistent_unexplained_symptoms
12. neurologic_mental_status_change

Also optionally choose a secondary intent (or null).

Also assign a risk level:
low / moderate / high

Definitions:
- activity_clearance = travel, flying, oxygen removal, return to work
- malignancy_concern = fear of cancer
- pathophysiology_explanation = asking why X caused Y
- lab_abnormal_concern = abnormal lab value severity
- recovery_duration = asking how long recovery takes
- prognosis_severity = asking how serious / survival outlook
- medication_safety = tapering, toxicity, side effects
- persistent_unexplained_symptoms = chronic unexplained symptoms
- neurologic_mental_status_change = confusion, dementia, seizures
- treatment_plan = what should be done next
- procedure_justification = why surgery/procedure done
- icu_or_monitoring_necessity = why ICU or monitoring required

Patient Narrative:
{PATIENT_NARRATIVE}

Clinician Question:
{CLINICIAN_QUESTION}

Output JSON format:

{
"primary": "...",
"secondary": "...",
"risk_level": "..."

}

B.2. Answer Generation Prompt
You are a senior clinical specialist.

Your task is to generate a precise, evidence-grounded answer to the
Clinician Question using ONLY the provided Clinical Note.

PRIMARY OPTIMIZATION GOALS:

A) Maximize lexical overlap with the Clinical Note:
Reuse the exact medical terms and phrasing from the note whenever possible.
Prefer copying short clauses rather than paraphrasing.

B) Maximize clinically meaningful concept coverage:
Explicitly mention all key clinical concepts present in the note, including:
diagnoses, symptoms, procedures, imaging or laboratory tests, medications,
complications, anatomy, and clinically relevant numbers or timelines.
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STRICT RULES:

- Use ONLY information documented in the Clinical Note.
- Do NOT add external knowledge.
- Do NOT speculate beyond the note.
- Prioritize essential sentences.
- Do NOT include sentence numbers, brackets, or citations.
- Use explicit clinical nouns rather than vague pronouns.
- Write in concise professional clinical register.
- Limit to 75 words maximum.
- Use 2–4 sentences.
- Avoid filler phrases.

COMPRESSION STRATEGY:

Combine related clinical facts into high-information sentences.
Retain specific terminology such as procedure names, medication names,
and diagnoses.
Preserve original phrasing where possible to increase textual alignment.

===== FEW-SHOT EXAMPLES =====

Patient Question:
{PATIENT_QUESTION_EXAMPLE}

Clinician Question:
{CLINICIAN_QUESTION_EXAMPLE}

Example Clinical Note:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}

Example Relevant Sentences: [1, 3]

Answer:
{REFERENCE_ANSWER}

===== END OF FEW-SHOT =====

Now generate the answer.

Patient Question:
{PATIENT_QUESTION}

Clinician Question:
{CLINICIAN_QUESTION}

Clinical Note:
1: {SENTENCE_1}
2: {SENTENCE_2}
3: {SENTENCE_3}

Essential Sentences:
[ID_LIST]

Final Answer (<=75 words):
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