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Abstract

The ArchEHR-QA shared task focuses on grounded question answering using patient EHR data.

For the

given clinical interpretation of the patient question, note excerpt (E) and answer text (A), subtask 4 (evidence

alignment) aims to cite supporting sentences from E for each sentence in A.
prompt-engineering methodology that features clinical-reasoning principles in related alignment.
this methodology for GPT-5.2 in zero-shot learning mode.

In this paper, we propose a
We adopt
According to our experiments on ArchEHR-QA,

incorporating clinical reasoning principles into the prompt improves Fl,ycran by +2.0%. Our final submission
resulted in 77.4% by Floueran, Which positions us at 10" out of 16 teams. Our code is publicly available:
https://github.com/nicolay-r/ArchEHR-QA-2026-Task-4-MedEvi-NS
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1. Introduction

Recent advances in large language models (LLMs)
have significantly improved question answering
systems across many domains (Shailendra et al.,
2024). However, applying such systems to clin-
ical use cases remains challenging as halluci-
nated or unsupported responses may pose patient
safety risks (Kim et al., 2025). In clinical practice,
evidence-based medicine emphasises that med-
ical conclusions should be supported by explicit
clinical evidence (Lohr et al., 1998). Therefore, en-
suring accurate alignment of evidence is essential
for maintaining the faithfulness in clinical question
answering.

The ArchEHR-QA shared task focuses on
grounded question answering using patient EHR
data (Soni and Demner-Fushman, 2026a,b). The
objective is to answer patient questions and provide
evidence supported by clinical notes. In this work,
we participate in subtask 4, which requires aligning
each answer sentence with the specific supporting
sentence(s) in the clinical note excerpt.

Existing approaches to evidence alignment are
often formulated as evidence retrieval or semantic
matching tasks (Zhao et al., 2024; Karthik et al.,
2025; Gupta et al., 2024). However, such ap-
proaches may be insufficient for clinical narratives.
Clinical records frequently describe multiple med-
ical events and treatment stages within the same
document (Hazlehurst et al., 2005). As a result,
surface-level semantic matching may retrieve sen-
tences that share keywords or embeddings with
the answer but refer to different clinical episodes

1. Clinical episode identification
locate the medical event referenced in the
answer. (e.g., surgery, examination, or hos-
pitalisation).

2. Stage of care determination
determine the stage of the treatment pro-
cess the answer describes.

background — finding — decision —
procedure — outcome.

3. Evidence retrieval
search the clinical note for sentences de-
scribing the same episode and stage.

4. Evidence verification
ensure that each clinical fact in the answer
is supported by at least one cited sentence.

Figure 1: Four-step clinical reasoning principles
declaration, utilised as a part of our zero-shot learn-
ing methodology.

or stages of care.

Recent studies have explored the use of large
language models (LLMs) and prompting techniques
to support clinical tasks. For example, prompt en-
gineering guidelines have been proposed to help
clinicians design effective prompts by defining clin-
ical objectives, following medical reasoning prin-
ciples, and evaluating prompt quality (Liu et al.,
2025). Other work investigates instruction tun-
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ing and prompt optimisation strategies to improve
LLM performance in medical applications (Le et al.,
2025; Dhamija and Sharma, 2025).

Motivated by these developments, we propose
a prompt-based evidence-alignment method that
leverages large language models and incorporates
principles of clinical reasoning, using GPT 5.2 by
OpenAl. Instead of relying on surface-level simi-
larity, our approach guides the model to identify
the clinical episode and stage of care referenced in
each answer sentence. The clinical reasoning prin-
ciples are shown in Figure 1. Experimental results
on ArchEHR-QA show that incorporating structured
clinical reasoning improves the evidence alignment
performance.

2. Methodology

Task Definition:' Given a case (Q., E, A),
where Q. is clinician-interpreted question, £ =

{e1,e2,...,em} is a clinical note excerpt that
consist of sentences ¢;,7 € 1,m, and A =
{a1,a2,...,a,} is an answer that yields of sen-

tences a;,7 € 1,n. For each a; € A, the task is to
identify supporting sentences (E;), where E, C E.

Our methodology represents prompt-based en-
gineering, with the structure of the clinical prompt
depicted in Figure 2, with the details on the prompt
components covered in Figure 3. It features clin-
ical reasoning principles which are in greater
detail covered in Section 2.1.

You are grounding answer sentences to a clinical note.

Task Declaration
Clinical reasoning principles
Output Format

Input Description

Output (each answer sentence followed by its sup-
porting sentence number(s) in brackets):

Figure 2: Clinical Prompt which features clinical
reasoning principles (see Section 2.1)

For the given input example (Q., F, A), we com-
pose prompt to query the model to align the whole
answer (A) in zero-shot? learning mode.

'Our methodology omits patient question.

20ur approach could be viewed as “one-shot” since
Output Format includes a single-sentence example (Fig-
ure 3); however the intention for including the example
is to propose the expected output format for the task

Goal:
For each answer sentence, identify the clinical
note sentence(s) that support it.
Input:
Clinician-interpreted  question
Interpreted Question)
Clinical note excerpt with numbered sentences
(Clinical Note Excerpt)
Answer text to be grounded (Reference An-
swer)
Expected output:
For each answer sentence, a set of supporting
evidence sentence numbers from the clinical
note excerpt.

(Clinician-

Clinical documentation follows a progression:
background — finding — decision — pro-
cedure — outcome.

For each answer sentence:

List of Rules

If any clinical fact is unsupported, search again
and add the necessary sentence. Do not output
this verification step.

Output format:

Output each answer sentence followed by its support-
ing sentence number(s) in brackets.

Example: "The patient had elevated bilirubin [3].
ERCP was performed [5]."

Clinician-Interpreted Question:

Qe

Clinical Note Excerpt (numbered sentences):

E

Reference Answer (ground each sentence to note
sentences above):

A

Figure 3: Components of the clinical prompt and
with content for “list of rules”, described in Sec-
tion 2.1; for the Output Format, we include a fixed
“example” for leveraging in-context learning; bold is
used for highlighting the key words that are used
in the prompt.

Structuring the output. To structure the raw
output, we applied the following steps: (i) identifying
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list of sentences/chunks (ii) mapping the most likely
relevant sentence for the chunk.

We use “\n” char to demarcate content into sen-
tences. We apply regular expression to retrieve con-
tentin “[1” by covering: separated entries, dash-
separated entries (ranges). We use the Leven-
shtein distance (Levenshtein et al., 1966) to deter-
mine the best match between the output chunk and
the sentence.

2.1. Clinical Reasoning Principles
Prompt Design

Clinical records typically document the progression
of a patient’s treatment, including clinical findings,
treatment decisions, procedures performed, and
outcomes. In evidence-based medicine, clinicians
interpret treatment conclusions by associating clini-
cal observations with specific medical events and
stages of care (Zakowski et al., 2004).

Inspired by this process, we incorporate prin-
ciples of clinical reasoning into prompt design to
guide evidence alignment. Specifically, the model
needs to reason according to the following steps:

Step 1: Clinical episode identification. The
model first identifies the clinical episode referenced
by the answer sentence, such as a specific surgery,
examination, or hospitalisation. Since clinical terms
could refer to multiple episodes, it is easy to mis-
align the answer with sentences describing other
events if events are not distinguished. Therefore,
we explicitly require the model in the prompt to
only look for evidence within the scope of the cor-
responding clinical episode.

Step 2: Stage-of-care identification. After
identifying the episode, the model needs to de-
termine which stage of the treatment process the
answer sentence describes. We categorise com-
mon treatment stages in clinical records into four
types: clinical findings, treatment decisions or rec-
ommendations, procedures performed, and out-
comes. The model needs to determine the stage
to which the answer sentence belongs based on its
semantics, then search for sentences in the clinical
records that describe the same event and stage as
evidence.

Step 3: Evidence selection rules. To ensure
reliable grounding, we designed several rules to
strengthen the principle and avoid misalignment.

» Sentences that clearly show that clinical events
have happened should be given first priority.
For example, statements that say surgery has
been done or a diagnostic result has been
seen.

+ Avoid selecting sentences that only share key-
words with the answer but talk about clinical
events or background information that isn'’t rel-
evant.

1. Identify which clinical episode it refers to (e.g.,
first ERCP, repeat ERCP, specific hospital day).
Only search within that episode.

2. Determine what stage of care the answer sen-
tence represents:

- a clinical finding

- a decision/recommendation
- a performed procedure

- a result/outcome

3. Select the sentence(s) in the clinical note that
directly document that specific stage of care.

4. Prefer explicit documentation of completed
events (e.g., "was performed", "showed", "was
found") rather than related background or earlier
mentions.

5. Do NOT cite sentences:

- from a different episode
- that only share keywords
- that describe a different stage of care

6. Cite the minimal number of sentences needed.
Only cite a sentence if removing it would make
the answer unsupported.

7. Before finalising the citation set for an answer
sentence, verify that every distinct clinical fact
expressed in the sentence is explicitly supported
by at least one cited clinical note sentence.

Figure 4: List of Rules that a part of clinical reason-
ing principles

+ Select the minimum set of sentences required
to support the answer statement.

Figure 4 lists evidence selection rules.

Step 4: Evidence Verification. Finally, we
added a validation step that requires the model
to verify that each clinical fact expressed in the an-
swer sentence is supported by at least one citation
from a clinical record, and to check the answer
before giving the final answer.

3. Dataset

We use the officially provided ArchEHR-QA dataset
(D) version 1.5 (Soni and Demner-Fushman,
2026a). Table 2 presents a verbose analysis of
cases for excerpt and answer lengths, separately
for development (Dgey) and test (Diegt) splits. Ac-
cording to the related comparison, with nearly sim-
ilar length of sentences in excerpts and answers,
answers are ~ 5.32 times shorter (in sentences)
than excerpts.
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Method ‘ Floverull ‘ Pmicro Rmicro Flmicro ‘ Pmacro Rmacro Flmaero
Ddev

LLaMA-3-70B-instruct (1) 67.95 68.28 72.26 70.21 75.51 76.29 65.68

GPT-5.2 (}) 74.77 70.69 89.13 78.85 73.01 90.50 70.68

GPT-5.2 (1) 76.24 7748 84.78 80.97 79.39  86.87 71.51
Drest

GPT-5.2 (1) (ours) 77.41 75.70 77.38 76.53 79.28  80.81 78.29

team boris123 (baseline) - 76.50 58.20 66.10 - - -

Table 1: Results on ArchEHR-QA separately for Dgey, and Dieg; Splits; T - excluding reasoning principles
from the prompt, 1 - including reasoning principles (Section 2.1).

Parameters Dyey Direst
Cases (Total) 20 147
Excerpt (chars / sentence avg) 95.98 93.13
Excerpt (sentences avg) 214 285
Excerpt (sentences min) 9 5
Excerpt (sentences max) 54 73
Answer (chars / sentence avg) 102.9 115.2
Answer (sentences avg) 4.8 4.6
Answer (sentences min) 3 2
Answer (sentences max) 6 8
Answer (cites avg) 6.9 -
Answer (cites / sentence avg) 1.5 -

Table 2: Parameter comparison for ArchEHR-QA.

4. Experimental Setup

We test our approach on the proprietary GPT-
5.2 model 525.12.11° from OpenAl while including
LLaMA-3-70B as a comparison. Our primary focus
is on GPT-5.2, and we do not perform an in-depth
analysis of LLaMA-3-70B. We set the temperature
to 0.1 for both models. The prompts that follows
the methodology outlined in Section 2 are publicly
available in repository 4.

To assess the impact of clinical reasoning princi-
ples, we experiment with prompt variations: exclud-
ing reasoning principles from the prompt (), and
including reasoning principles (1).

Evaluation metrics: The ArchEHR-QA 2026 or-
ganizers chose F'l,,icro @and F'l,,40r0 @S evaluation
metrics. We found no publicly available evaluation
script. For the results on Dgye,, we use manually
implemented calculation of F'1,,;c0 and F1,,4cr0-
To obtain the related results, we first calculate the
related F'1 values at the sentence level and then
aggregate them to the case level. The results for
Diest split are obtained from the official evaluation
script.

Shttps://openai.com/index/introducing-gpt-5-2/
*https://github.com/nicolay-r/ArchEHR-QA-2026-
Task-4-MedEvi-NS/blob/master/src/utils_prompt.py

F1 vs excerpt length (sentences) (per case)

lLo{ ® @ GPT5.2 (clnical-reasoning)
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Figure 5: Detailed overview F'1,,c.q results for
GPT-5.2 () on Dy, based on the length of the
excerpt notes in sentences

5. Result Analysis and Discussion

Table 1 presents results on ArchEHR-QA. We in-
clude results of the open-sourced model LLaMA-
3-70B-instruct® for baseline purposes. We found
that LLaMA-3-70B underperformed compared to
GPT-5.2. Furthermore, we found no improvements
in adopting clinical reasoning principles for LLaMA-
3-70B (Uzun Bektas et al., 2025).

Towards results on Dy, adopting clinical rea-
soning principles (1) for GPT-5.2 results in +2.0%
improvement by F'1,,¢rq11 ON Dgey, leveraged by
increased precision. Therefore, for our final sub-
mission on Digt we adopted GPT-5.2 1.

Towards results on Dyt split, we refer to the re-
sults of team “boris123” as the baseline. Using
GPT-5.2 { improves the baseline +15.8% (F'1,icro)-
Notably, with almost similar P,,;..., results, our sys-
tem finds more citations.

According to findings from analysis of ArchEHR-
QA content dataset in Section 5, clinical excerpts
represent a significant portion once imputed in Input
Description (Figure 3). To find whether the length
of excerpts affects the performance, we provide
case-level evaluation for our results on Dye, split in
Figure 5. According to the related results, we found
that the increment of excerpt from 10 sentences to
50 causes ~ 10% degradation of F'1,,e-q perfor-
mance for GPT-5.2.

Shttps://huggingface.co/meta-llama/Meta-Llama-3-
70B-Instruct
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6. Conclusion

This paper proposes a clinical-reasoning princi-
ple, utilised in a form of prompt-based engineering
methodology for ArchEHR-QA 2026 Subtask 4. For
the given clinical interpretation of the patient ques-
tion (Q.), note excerpt (E), and answer text (A), this
subtask aims to cite supporting sentences from E to
sentences from A. We propose a prompt-based en-
gineering methodology that exploits clinical reason-
ing principles to leverage LLM capabilities for zero-
shot learning on both a proprietary model (GPT-
5.2) and an open-sourced model (LLaMA-3-70B).
According to our experiment on the officially pro-
vided ArchEHR-QA dataset, we found that applying
clinical-reasoning principles improves F'1,,erq1 fOr
GPT-5.2 by +2.0%. We see those findings as a
promising step for future works on the formation of
advanced systems that utilise the Chain-of-Thought
(CoT) paradigm.
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