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Abstract
Trustworthy biomedical question answering
(QA) systems must not only provide accurate
answers but also justify them with current,
verifiable evidence. Retrieval-augmented ap-
proaches partially address this gap but lack
mechanisms to iteratively refine poor queries,
whereas self-reflection methods kick in only
after full retrieval is completed. In this context,
we introduce PubMed Reasoner, a biomedical
QA agent composed of three stages: self-critic
query refinement evaluates MeSH terms for
coverage, alignment, and redundancy to en-
hance PubMed queries based on partial (meta-
data) retrieval; reflective retrieval processes
articles in batches until sufficient evidence is
gathered; and evidence-grounded response
generation produces answers with explicit ci-
tations. PubMed Reasoner with a GPT-4o
backbone achieves 78.32% accuracy on Pub-
MedQA, slightly surpassing human experts,
and showing consistent gains on MMLU Clini-
cal Knowledge. Moreover, LLM-as-judge eval-
uations prefer our responses across: reason-
ing soundness, evidence grounding, clinical
relevance, and trustworthiness. By orchestrat-
ing retrieval-first reasoning over authoritative
sources, our approach provides practical assis-
tance to clinicians and biomedical researchers
while controlling compute and token costs. 1 2

1 Introduction
Trustworthiness is essential in biomedical domains.
Biomedical question answering (QA) systems must
be factually grounded, current, and interpretable.
Yet, large language models (LLMs) that rely primar-
ily on parametric memory can hallucinate (Kalai
et al., 2025), drift out of date, or omit key evidence

1The full implementation is publicly available at
https://github.com/swiftzhang125/ACL_2026_
PubMed_Reasoner, including code, prompt templates,
LLM-as-judge evaluation, and baseline systems.

2A longer version with detailed algorithm, configuration
and prompts is available on arXiv https://arxiv.org/pdf/
2603.27335.
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Figure 1: RAG, Self-reflection vs. PubMed Reasoner.
(a) RAG baselines: uses few-shot exemplars or custom
databases but lack retrieval feedback. (b) Self-reflection
agents: inspired our proposal; generates responses first
and only reflects after completion. (c) PubMed Rea-
soner: a search-first approach that performs self-critic
query refinement, reflective article retrieval in batches w/
early stopping once evidence is sufficient, and evidence-
grounded response generation with explicit citations.

(Guan et al., 2023; Xu et al., 2024). While prior
works have explored retrieval-augmented methods,
to our knowledge, this is the first work to explicitly
support citation-backed responses on biomedical
QA datasets, ensuring that each response is trans-
parently grounded in published evidence.

Existing retrieval-augmented generation (RAG)
approaches remain limited in biomedical settings
(see Fig. 1a): (i) Few-shot prompting retrieves a
few in-distribution exemplars (few-shot samples)
and prompt the LLM to imitate them (Nori et al.,
2023b,a). While this can improve accuracy on sim-
ilar cases, it does not yield structured explanations
(Singhal et al., 2025). The link between examples
is built via clustering and similarity search, which
requires sizable, well-labeled exemplar data. As a
result, exemplar RAG is brittle and biased: it op-
timizes for local pattern matching rather than con-
cept coverage or causal explanations. (ii) Private
knowledge databases consist of bespoke stores
such as entity graphs (Abu-Rasheed et al., 2024) or
schema-aligned tables (Arslan et al., 2024) which
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can support step-wise explanations, but require
strong priors and heavy maintenance, with lim-
ited reusability across domains. In biomedicine,
where PubMed and MeSH (Medical Subject Head-
ings) terms continue to grow, keeping such stores
complete and current is prohibitively expensive.

A parallel line of work equips LLMs with web
search capabilities (“deep research”), producing re-
sponses with citations. Yet, these systems typically
lack the ability to constrain retrieval to authoritative
biomedical sources such as PubMed, often yielding
citations from less reliable or incomplete domains.
Recent “self-reflection” agents (Figure 1b) provide
another direction, using consistency checks (Wang
et al., 2022) or reward-based signals (Leike et al.,
2018; Shinn et al., 2023) to refine final answers.
However, reflection occurs only after retrieval and
response generation are complete, making the pro-
cess computationally costly and unable to correct
poor upstream retrieval or query formulation.
Our approach. We present PubMed Reasoner, a
multi-stage agent that mirrors the workflow of a
biomedical researcher. Unlike prior methods that
reflect only after producing responses, PubMed
Reasoner introduces feedback much earlier. Dur-
ing query planning, a self-critic evaluates candi-
date MeSH terms and their Boolean composition
directly against live PubMed metadata, eliminat-
ing the need for static private databases. This
structured feedback prevents low-quality queries
from propagating downstream and balances recall
with precision. The refined query is then issued
to PubMed, where a reflective retriever processes
articles in small batches and halts once sufficient
evidence is gathered, controlling token usage. Fi-
nally, PubMed Reasoner synthesizes an evidence-
grounded response with explicit inline citations,
ensuring transparency and interpretability.

Instead of treating the LLM as a one-shot gen-
erator, PubMed Reasoner introduces a dynamic
reasoning-based paradigm, orchestrating three
interconnected stages over external evidence. This
work makes the following contributions:

• We shift biomedical QA beyond one-shot gen-
eration by introducing an iterative workflow
that plans, retrieves, and reasons over external
evidence.

• We integrate self-critic query refinement
with batch-wise reflective retrieval over the
PubMed database, enabling robust evidence
grounding without maintaining private knowl-
edge stores.

• We demonstrate consistent improvements in
accuracy, explanation quality, and computa-
tional efficiency on PubMedQA and MMLU
Clinical Knowledge, outperforming strong
LLM, RAG and self-reflection baselines.

2 Preliminaries

PubMed and MeSH Terms. PubMed is the pri-
mary biomedical literature database, indexing over
35 million references. Each article is annotated
with Medical Subject Headings (MeSH), a con-
trolled vocabulary that organizes biomedical con-
cepts into a hierarchical taxonomy. Queries of-
ten combine MeSH terms with Boolean operators
(AND, OR, NOT), enabling structured retrieval.
Biomedical Question Answering. The input is a
natural language question Q (e.g., “Do leukotrienes
play a key role in asthma?”), and the output is
a response R that is both factually accurate and
explicitly supported by authoritative literature.
Problem Setup. Given a user question Q, an op-
tional task specification T (e.g., “answer yes/no
with a justification”), and optional context C, the
objective is to retrieve a set of relevant biomedical
articles A and synthesize a final response R that is
evidence-grounded and interpretable.
Search Result Assessment Metrics. To enable
iterative query refinement, we adapt evaluation
dimensions from search benchmarks (Gao et al.,
2013; Jiang et al., 2024) to the biomedical QA set-
ting, defining three structured feedback signals:
• Coverage: Does the MeSH term retrieve articles

that represent the core biomedical concept?
• Alignment: Are the retrieved articles relevant to

the original question?
• Redundancy: Does the MeSH term overlap with

others, reducing retrieval efficiency?
These signals guide improvements to the evolv-
ing query, ensuring that downstream reasoning is
grounded in a high-quality evidence pool.

3 Proposed Method

We introduce PubMed Reasoner, a multi-stage
agent framework inspired by the workflow of a
biomedical researcher. Unlike direct LLM-based
answering or one-shot retrieval-augmented gener-
ation, PubMed Reasoner explicitly separates rea-
soning into three phases: (1) Search with Self-
Critic Query Refinement, (2) Reflective Article
Retrieval with Early Stopping, and (3) Evidence-
Grounded Response Generation. This design
ensures that the system does not rely solely on
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Figure 2: PubMed Reasoner stages. (1) Search with Self-Critic Query Refinement. From a user question, MeSH
terms and a structured query are proposed. Self-critic evaluates each term for coverage, alignment, and redundancy,
iteratively refining the query. (2) Reflective Article Retrieval with Early Stopping. PubMed Reasoner queries
PubMed, filters results by title/abstract, and extracts supporting evidence in batches, checking whether accumulated
evidence sufficiently covers the question; if so, retrieval is terminated early to save tokens and avoid unnecessary
processing. (3) Evidence-Grounded Response Generation. Retained evidence is synthesized into final answer
with explicit inline citations, ensuring factual grounding and traceability.

parametric memory, but grounds its explanation in
authoritative biomedical literature.

3.1 Search with Self-Critic Query Refinement
Query Generation. The first stage constructs a
structured query that serves as the initial search
plan for PubMed retrieval. Given a user question Q
grounded in biomedical knowledge, together with
optional contextual information C, a large language
model (LLM) is employed to generate a broad set
of candidate Medical Subject Headings (MeSH)
terms. Each candidate term is accompanied by a
brief rationale explaining its relevance to the query.
Formally, this process is defined as:

M0 ← LLMmesh_gen(Q,C), (1)

whereM0 = {(MeSHi, ri)}Ni=1, MeSHi denotes
a candidate MeSH term, and ri provides the corre-
sponding semantic justification for its inclusion.

From the initial candidate poolM0, the LLM
selects a subset of MeSH terms based on multiple
criteria, including the model’s confidence for each
term, the plausibility of its accompanying rationale,
and the degree of semantic alignment between the
term and the input question:

M′
0 = LLMmesh_select(M0, Q,C), (2)

where M′
0 ⊆ M0 denotes the set of candidate

terms with their rationales. The selected subset
M′

0 is then combined using Boolean operators to
form the initial structured query:

q0 ← LLMquery_gen(M′
0, Q,C). (3)

Core concepts are typically linked with AND to
enforce precision, while broader synonyms or alter-
natives are connected with OR to maximize recall.
Temporal filters (e.g., publication date restrictions)
are then applied to constrain retrieval during eval-
uation. This formulation mirrors the workflow of
human researchers, who begin with broad but struc-
tured queries and iteratively refine them based on
preliminary search results.
Iterative Self-Critic Query Refinement. Once
the initial query is generated, the self-critic mech-
anism guides iterative refinement. At each itera-
tion t, PubMed Reasoner submits the current query
qt−1 to the PubMed search engine, which returns a
ranked list of retrieved records (e.g., title, abstract,
and PubMed ID):

At ← PubMedSearch(qt−1). (4)

From the ranked results At, we extract metadata
fields that serve as inputs to the self-critic. We
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denote these self-critic signals as:

St =
{
(titlei, abstracti)

}|At|
i=1

. (5)

Rather than analyzing full texts which would in-
cur substantial computational and token costs, the
self-critic operates solely on St. This design en-
ables efficient evaluation of candidate MeSH terms
while preserving sufficient semantic information
for relevance assessment. Given the current candi-
date MeSH poolM′

t−1, each term is then evaluated
along three structured dimensions (Sec. 2), which
collectively provide actionable feedback for itera-
tive query refinement: Coverage measures whether
the concept represented by a candidate MeSHi term
appears in the self-critic signals St; Alignment eval-
uates whether the articles associated with each can-
didate MeSHi term are pertinent to the user ques-
tion; Redundancy identifies whether a candidate
term overlaps with, or is superfluous given other
terms in the current set, as well as the logical com-
position (AND/OR) implied by the query intent.

The evaluation ofM′
t−1 along these dimensions

is done through the following operators:

Cvgt ← LLMcoverage

(
M′

t−1,St
)
, (6)

Alignt ← LLMalignment

(
M′

t−1,St, Q
)
, (7)

Redunt ← LLMredundancy

(
M′

t−1,St, qt−1

)
.
(8)

Each of Cvgt, Alignt, and Redunt is a list of pairs

{(yt,i, rt,i)}
|M′

t−1|
i=1 , where yt,i ∈ {Yes,No} is a

binary outcome indicating the result of the corre-
sponding operator for candidate term MeSHi, and
rt,i provides a textual rationale that informs sub-
sequent refinement. In particular, for Redunt, rt,i
both explains the redundancy verdict and includes
the recommended boolean linkage under the previ-
ous search query qt−1.

Given the previous MeSH terms, current self-
critic signals St, and per–term feedback, we refine
the candidate MeSH set:

Mt ← LLMupdate

(
M′

t−1, Q, C,

St, Cvgt, Alignt, Redunt
)
,

(9)

whereMt is the revised set (with rationales). The
update favors terms that increase coverage without
harming alignment, and prunes (or merges) terms
flagged as redundant.

From the refined MeSH termsMt, PubMed Rea-
soner drafts a new query, then enforces syntactic

validity with a rule-based normalizer:

q̃t ← LLMrefine

(
Mt, St, H, Q, C

)
, (10)

qt ← QueryNormalize
(
q̃t
)
, (11)

where H stores the query history {q0, ..., qt−1}.
The refinement aims to balance recall and preci-
sion using the proxies above: encourage additions
that improve coverage (recall) if alignment remains
high, and remove or demote terms that are mis-
aligned or redundant (precision). The self-critic
loop then repeats with qt until a stopping rule is
met (e.g., no gain in coverage/alignment or a bud-
get limit). The final optimized query q∗ is returned
for downstream retrieval.

3.2 Reflective Article Retrieval with
Early Stopping

PubMed Reasoner operates on the final retrieved
recordsA⋆ = {a1, . . . , aM} returned by the search
step (Eq. 4) together with their corresponding meta-
data S∗(Eq. 5). Since PubMed search prioritizes
records by relevance, highly pertinent evidence is
expected to appear early in the ranked list. Ac-
cordingly, PubMed Reasoner enforces an early-
stopping rule: once sufficient supporting evidence
has been accumulated, retrieval halts to avoid fur-
ther token consumption.
Coarse Filtering. Each retrieved record is first
screened using metadata S∗ to assess coarse rele-
vance to the query. Only plausibly relevant records
are retained for subsequent processing:

{(
vi, r

filter
i

)}|A⋆|
i=1
← LLMfilter

(
S⋆, Q

)
, (12)

where vi∈{Yes,No} indicates keep/drop and rfilter
i

provides a short rationale. Since A⋆ is ranked by
PubMed, the retained set A+ = { ai ∈ A⋆ : vi =
Yes } preserves the original order and enables early
prioritization of high-quality evidence. To control
retrieval cost, coarse filtering is applied only to the
top Mmax ranked articles, the maximum budget of
articles allowed for downstream processing.
Reflective Evidence Extraction. For each ai ∈
A+, we extract candidate evidence and evaluate
alignment (i.e., does the candidate evidence di-
rectly address Q?):

{
(Ei, aligni, r

align
i )

}|A+|
i=1

= LLMextract

(
A+, Q

)
,

(13)
where Ei is the extracted passage, aligni ∈
{Yes,No} indicates whether the passage directly
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addresses Q, and raligni provides a rationale. The
evolving evidence pool is then

E = {Ei : aligni = Yes }. (14)

Batching and Early Stopping. To reduce token
costs, we process the ranked results in batches. We
partition A+ into batches {B1, . . . ,BK} of size
m (e.g., m=5). After processing batch b, we up-
date the evidence pool: E(b) = E(b−1) ∪ {Ei :
ai ∈ Bb, aligni = Yes}, E(0) = ∅. A reflective
module then judges whether the current evidence
E(b) provides sufficient coverage of the query (i.e.,
whether the major aspects of Q are addressed).

is_sufficient← LLMCoverageCheck(E(b), Q)
(15)

Retrieval stops early when is_sufficient = Yes,
the marginal utility of additional articles becomes
negligible, or the token budget is reached.

3.3 Evidence-Grounded Response Generation
Given the final curated evidence pool E , PubMed
Reasoner composes a final response by integrating
the most relevant findings into a coherent, citation-
supported explanation.
Summary–of–Evidence (SoE). To convert the vet-
ted evidence E into a compact and citable repre-
sentation, PubMed Reasoner groups passages by
article and distills key observations that directly ad-
dress question Q. This produces a structured sum-
mary SoE ← LLMsummary(E , Q), ensuring that
every factual claim remains linked to its supporting
source. Each retained citation is preserved explic-
itly, promoting transparency and reproducibility.
Response Generation. Finally, the system gen-
erates the user-facing answer by conditioning on
the question Q, task requirements T , optional con-
text C, and the SoE. Formally, the final response is
produced as R← LLMresponse(Q,T,C,SoE), en-
suring that the explanation is grounded, verifiable,
and aligned with the task specification.

This staged design turns the LLM into a rea-
soning orchestrator: every statement in the final
answer is linked to specific citations, improving
interpretability and clinical trustworthiness.

4 Experiments

We evaluate PubMed Reasoner on two biomedical
QA datasets: PubMedQA (Jin et al., 2019) and
MMLU Clinical Knowledge (MMLU-CK) (Wang
et al., 2024). For each dataset, we report both
prediction accuracy and explanation quality, and

conduct ablation studies to quantify the contribu-
tion of each component of PubMed Reasoner to
overall performance. PubMedQA additionally pro-
vides supporting context for each question; in our
setting, we restrict retrieval to articles published
within the official dataset’s specified year range to
ensure consistency.

4.1 Evaluation Metrics
We assess model performance along several di-
mensions: prediction accuracy, explanation quality,
cost analysis and evidence sufficiency depth.
• Accuracy: Proportion of questions for which the

model produces the correct answer label.
• Explanation Quality: We evaluate explanation

quality using a shared rubric with both LLM-
based and human assessment. We perform pair-
wise comparisons and assign five-point Likert
scores on four axes:

– Reasoning Soundness evaluates logical co-
herence. The response should be consistent
and follow a clear reasoning chain.

– Evidence Grounding assesses whether
claims are explicitly supported by biomedi-
cal literature, reducing hallucinations.

– Clinical Relevance measures how directly
the response addresses the biomedical ques-
tion, penalizing generic content.

– Trustworthiness evaluates alignment with
established biomedical knowledge and
avoidance of misleading statements.

• Cost Analysis: To quantify the computational
efficiency of each method, we measure four com-
plementary cost indicators: (1) input token usage,
(2) output token usage, (3) number of LLM API
calls, and (4) number of PubMed search calls
issued during retrieval.

• Query Term Quality: To evaluate the effective-
ness of search query formulation, we measure
precision and recall of the MeSH terms gener-
ated after self-critic refinement, both crucial for
downstream retrieval and reasoning performance.

4.2 Baselines
We compare PubMed Reasoner with the following
representative baselines:
• LLM Baseline: Strong LLMs (Gemini-2.5 Pro

and GPT-4o) that answer questions without ex-
plicit retrieval or search planning.

• Human Performance: Reported human accu-
racy on PubMedQA, which serves as an approxi-
mate upper bound for model performance.
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Table 1: Accuracy on PubMedQA and MMLU-CK test
sets for PubMed Reasoner variants, strong LLMs, RAG
method, self-reflection agents, and human performance.
Best result per column is bold-faced; second best is
underlined.

Method PubMedQA MMLU-CK

Without
retrieval

Gemini-2.5 Pro 75.64% 60.52%
GPT4o (leaderboard) 75.20% 60.64%
Human performance 78.00% –

RAG
method

with Gemini 72.30% 58.94%
with GPT 73.28% 58.26%

Self-
reflection

with Gemini 77.08% 60.67%
with GPT 77.12% 60.79%

PubMed
Reasoner

with Gemini 77.26% 61.36%
with GPT 78.32% 63.21%

• RAG Method: An LLM-based retrieval-
augmented generation baseline that generates a
single search query, retrieves relevant articles di-
rectly from the PubMed search engine, and incor-
porates them into response generation.

• Self-reflection Agent: A reasoning-based base-
line that combines PubMed retrieval with self-
reflection to iteratively refine the final answer. It
generates candidate responses and improves them
through an explicit reflection step.

For fair comparison, both the RAG and self-
reflection baselines share the same query genera-
tion, article retrieval, summarization, and question-
answering prompts as PubMed Reasoner, with the
self-reflection agent using one additional prompt
for the reflection stage.

4.3 PubMedQA
Accuracy. Table 1 shows that PubMed Reasoner
achieves near-human or superior accuracy on Pub-
MedQA. In particular, PubMed Reasoner (GPT)
attains 78.32% accuracy, slightly exceeding the
reported human expert performance. Compared
to other baselines, PubMed Reasoner consistently
outperforms both direct LLM inference and RAG-
based methods, improving upon the GPT baseline
by 3.12% and yielding clear gains over RAG. No-
tably, standard RAG underperforms direct LLM
inference, likely due to noisy retrieval caused by
unrefined, one-shot query generation that intro-
duces weakly aligned or irrelevant evidence into
the model context. Relative to the self-reflection
agent, PubMed Reasoner achieves modest but con-
sistent accuracy improvements. Importantly, these
gains are obtained with substantially lower compu-
tational cost (shown in Table 3). Together, these
results demonstrate that PubMed Reasoner offers a

more favorable accuracy–efficiency trade-off than
existing baselines, delivering practical accuracy
improvements while significantly reducing compu-
tational overhead.
Explanation Quality. On PubMedQA, PubMed
Reasoner with the Gemini backbone consistently
outperforms Gemini-2.5 Pro across all four LLM-
judge dimensions, as reported in Table 2. The pair-
wise win rate rises by 14.9% in Reasoning Sound-
ness, by 14.6% in Evidence Grounding, by 14.2%
in Clinical Relevance, and by 17.2% in Trustwor-
thiness, while tie rates remain low. The average
Likert score also increases respectively by 0.168,
0.180, 0.146, and 0.163, yielding explanations that
are more coherent, better grounded in evidence,
more clinically focused, and more trustworthy.
Cost Analysis. As shown in Table 3, PubMed
Reasoner achieves substantial reductions in com-
putational overhead compared to the self-reflection
baseline. Across key cost metrics, PubMed Rea-
soner reduces input token usage by 55.34%, lowers
the number of LLM API calls by 41.82%, and de-
creases PubMed search calls by 41.36%. These ef-
ficiency gains stem from structured query planning
and early stopping, which avoid unnecessary re-
trieval and redundant reasoning steps. Although the
overall cost of PubMed Reasoner remains higher
than that of the one-shot LLM baseline, it produces
citation-grounded and verifiable responses, offer-
ing substantially stronger reliability than direct gen-
eration. Compared to the RAG baseline, which of-
ten yields shallow or weakly aligned search results,
PubMed Reasoner performs more targeted retrieval
and accumulates higher-quality evidence.
Query Term Quality. As shown in Table 4,
PubMed Reasoner maintains high precision while
substantially improving recall due to self-critic
refinement during query planning. With a GPT
backbone, recall improves by 20.99% over the
GPT baseline and by 7.6% over the self-reflection
agent. With a Gemini backbone, recall improves
by 17.18% over the baseline and also surpasses
the self-reflection agent. These results demon-
strate that self-critic refinement broadens concep-
tual coverage without sacrificing alignment, pro-
ducing higher-quality search queries.

4.4 MMLU Clinical Knowledge

Accuracy. On MMLU-CK dataset (Table 1), self-
reflection offers only a marginal lift over the raw
LLM baseline. In contrast, PubMed Reasoner de-
livers consistent gains over the respective back-
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Table 2: Explanation quality evaluation on PubMedQA (left) and MMLU-CK (right) test sets: Gemini w/o retrieval
vs. PubMed Reasoner. Win/tie/loss rates from pairwise comparisons judged by GPT-4; average Likert scores (1–5).

Metric
PubMedQA MMLU-CK

Loss / Tie / Win (%) Avg. Likert (1–5) Loss / Tie / Win (%) Avg. Likert (1–5)

Gemini Tie Ours Gemini Ours Gemini Tie Ours Gemini Ours

Reasoning Soundness 39.7 5.7 54.6 3.416 3.584 44.0 10.8 45.2 3.307 3.699
Evidence Grounding 40.8 3.8 55.4 3.421 3.601 25.2 11.7 64.1 3.209 3.595
Clinical Relevance 39.2 7.4 53.4 3.438 3.584 34.4 20.0 45.6 3.525 3.732
Trustworthiness 38.7 5.4 55.9 3.424 3.587 35.3 15.9 48.8 3.386 3.712

Table 3: Cost comparison on PubMedQA and MMLU-CK using a shared GPT-4 backbone for PubMed Reasoner
and baselines. For PubMedQA, input and output token counts are reported as ratios relative to the direct LLM
baseline. For each metric, the lower value between the self-reflection agent and PubMed Reasoner is bolded.

PubMedQA MMLU-CK

Input Output LLM Search Input Output LLM Search
Method Tokens Tokens Calls Calls Tokens Tokens Calls Calls

GPT-4o 542.70 144.90 1 0 90.24 98.64 1 0
RAG method ×1.64 ×2.40 2 1 ×4.00 ×3.06 2 1
Self-reflection ×225.27 ×13.60 13.08 3.52 ×1914.53 ×24.35 14.61 4.77
PubMed Reasoner ×97.25 ×12.67 7.61 2.49 ×1098.26 ×24.86 10.72 3.59

Table 4: Search quality on PubMedQA. Precision/recall
computed by comparing set of predicted MeSH terms
from the final query against gold MeSH annotations.

Method Precision Recall

Gemini-2.5 Pro 0.9422 0.6848
+Self-reflection 0.9745 0.7900
+PubMed Reasoner 0.9826 0.8025

GPT-4o 0.9874 0.7052
+Self-reflection 0.9562 0.7928
+PubMed Reasoner 0.9868 0.8532

bones: 1.11% over Gemini-2.5 Pro and 2.69% over
GPT-4o. This underscores that our self-critic im-
proves accuracy beyond what self-reflection can
achieve. Moreover, as shown in Table 3, these ac-
curacy gains are achieved with substantially lower
computational overhead.
Explanation Quality. On MMLU-CK, PubMed
Reasoner consistently surpasses Gemini-2.5 Pro
across all LLM-judge dimensions (Table 2). Pair-
wise win rates rise by 1.2% in reasoning soundness,
38.9% in evidence grounding, 11.2% in clinical
relevance, and 13.5% in trustworthiness, with low
tie rates. Average Likert scores also increase by
6–12% across dimensions, indicating clearer logic,
stronger evidence support, sharper clinical focus,
and greater trustworthiness. In sum, PubMed Rea-
soner produces better clinical explanations.
Cost Analysis. As shown in Table 3, the MMLU-
CK results exhibit a pattern similar to PubMedQA:
PubMed Reasoner consistently incurs substantially

lower computational cost than the self-reflection
baseline. In particular, PubMed Reasoner requires
fewer input tokens, fewer LLM API calls, and
fewer PubMed search calls, reflecting a more ef-
ficient retrieval and reasoning workflow on this
broader clinical knowledge benchmark as well.
Query Term Quality. MMLU does not provide
MeSH term annotations, hence cannot be assessed.

4.5 Ablation Study
Ablation Setup. We ablate four components:(1)
LLM-human preference agreement, (2) self-
critic refinement, (3) reflective evidence extrac-
tion and (4) batching and early stopping using
the PubMed Reasoner (Gemini) variant
LLM-human preference agreement. To assess
consistency between LLM- judge and human eval-
uation, we additionally report agreement between
LLM judgments and human judgments. We eval-
uate explanation quality using LLM-based rubric
scoring together with human preference validation.
We conduct a human preference study on a random
sample of 39 instances. For each sampled question,
the compared system outputs are anonymized and
presented in randomized order to three human ex-
perts, who indicate which response they prefer. We
then report majority human preference and com-
pare it against the LLM judge’s pairwise prefer-
ence to assess whether the automatic evaluation is
directionally consistent with expert judgment. Af-
ter binarizing pairwise preferences into Win versus
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Table 5: Ablation on PubMedQA with PubMed Rea-
soner (Gemini): impact of self-critic module. Evidence-
Grounded Response Rate (EGR): fraction of questions
whose final response cites ≥ 1 extracted findings that
pass coverage and alignment checks in reflective stage.

Method / Config. Accuracy EGR

PubMed Reasoner 77.26% 82.64%
w/o self-critic 75.60% 64.46%

Non-win (i.e., merging loss and tie), the agreement
between the LLM judge and the human evaluators
yields a Cohen’s κ of 0.448, indicating moderate
alignment.
Self-Critic Refinement. Table 5 reports accu-
racy and the Evidence-Grounded Response Rate
(EGR)—the fraction of questions whose final re-
sponse cites at least one extracted finding that
passes coverage and alignment checks. Remov-
ing the self-critic markedly lowers EGR (drop of
28.20%) and also reduces accuracy 2.2%. This con-
firms that the self-critic is not only improving final
correctness, but also producing robust, well-formed
queries that retrieve on-point evidence.
Reflective Evidence Extraction. We disable the
alignment filter and instead summarize all retrieved
articles before producing a final answer. As shown
in Table 7, accuracy remains unchanged, but the
quality of explanations shifts: reflective integration
improves reasoning soundness and clinical rele-
vance, while introducing more diverse evidence
slightly lowers grounding precision.
Batching and Early Stopping. We further study
the effect of the early-stopping mechanism on the
PubMedQA Gemini variant. In the full setting, the
model reads up to 20 retrieved papers in batches of
five and stops once the accumulated evidence is suf-
ficient to answer the question. To evaluate whether
this mechanism is necessary, we replace it with two
reduced-context alternatives, motivated by context-
length constraints that prevent supplying all 20 full
papers at once: (1) Abstract Only, which uses
only the abstract/metadata of each paper, and (2)
Paper Summary, which concatenates per-paper
summaries before answer generation. As shown in
Table 6, both variants perform substantially worse
than PubMed Reasoner, indicating that high-level
condensations fail to preserve essential reasoning
cues. These results highlight the importance of
presenting evidence at an appropriate granularity,
which our selective early-stopping framework bet-
ter maintains while remaining context-efficient.

Table 7: Ablation on PubMedQA with PubMed Rea-
soner (Gemini): impact of reflective retrieval (RR).

Metric w/o RR Ours

Accuracy (%) 77.24 77.26
Reasoning Soundness 3.422 3.554
Evidence Grounding 3.554 3.427
Clinical Relevance 3.443 3.573
Trustworthiness 3.432 3.432

Method Accuracy (%)

Abstract Only 67.20
Paper Summary 64.12
PubMed Reasoner 77.26

Table 6: Ablation study comparing reduced-context
variants to our selective early-stopping framework on
PubMedQA.

5 Related Work

LLMs & Retrieval-Augmented Methods. De-
spite the remarkable progress achieved by LLMs
in natural language understanding, reasoning, and
generation, when applied to high-stakes biomed-
ical tasks, they often hallucinate facts or rely
on outdated parametric memory, raising concerns
about reliability and safety (Guan et al., 2023; Xu
et al., 2024). To address these issues, RAG has
emerged as a promising paradigm. Existing RAG
approaches either incorporate structured resources
such as knowledge graphs (Abu-Rasheed et al.,
2024) or augment prompts with retrieved content
from domain-specific corpora (Arslan et al., 2024).
While these strategies improve factual grounding,
they face persistent challenges: retrieval systems of-
ten struggle with the coverage–relevance trade-off,
returning either too little evidence or overwhelm-
ing the model with irrelevant content (Liu et al.,
2024). Moreover, once an initial query is issued,
most RAG pipelines lack mechanisms for itera-
tive refinement, making them brittle in complex
biomedical scenarios (Dai et al., 2024).
Search Query Optimization. A complementary
direction focuses on enhancing the query quality.
Early work in information retrieval explored query
expansion and relevance feedback (Sparck Jones,
1974; Crane and Bernier, 1951), but such meth-
ods often relied on manual heuristics (Arasu et al.,
2001) and lacked semantic explanation capabilities
(Boytsov, 2011). More recently, query optimiza-
tion has also been framed as a reinforcement learn-
ing problem, where the model learns to improve
retrieval performance through policy gradients or
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preference-based objectives such as PPO (Schul-
man et al., 2017), DPO (Rafailov et al., 2023), or
GRPO (Shao et al., 2024). While effective, these
methods typically require a separate reward model
or explicit training signals, making them computa-
tionally expensive and less flexible in specialized
domains like biomedicine. In contrast, our work in-
troduces a training-free self-critic mechanism that
performs query refinement without external super-
vision or gradient updates. Unlike prior RL-based
or heuristic based method, the self-critic provides
fine-grained feedback on MeSH query terms, iter-
atively improves retrieval quality, mitigates error
propagation and enhances factual grounding.
Self-Reflection and Reasoning Agents. Another
line of research seeks to improve LLM reliabil-
ity through self-reflection and agent-based reason-
ing. Self-reflection methods allow models to re-
examine their own outputs and refine answers,
while reward modeling (Leike et al., 2018; Choud-
hury, 2025) and verbal reinforcement learning
(Shinn et al., 2023) aim to align reasoning with
human-like preferences. Self-consistency sampling
further increases robustness by aggregating mul-
tiple reasoning trajectories (Wang et al., 2022).
However, these methods generally intervene at the
answer-generation stage, which makes them com-
putationally expensive and unable to prevent low-
quality retrieval from propagating downstream. As
a result, they provide limited control over the evi-
dence collection process itself.

6 Conclusion

Altogether, these results demonstrate that combin-
ing structured self-critique with evidence-based in-
tegration moves biomedical QA closer to expert-
level explanation, while remaining efficient and re-
producible. More broadly, our findings suggest de-
sign principles for multi-stage LLM agents in high-
stakes domains: shifting reflection earlier in the
pipeline can prevent compounding errors; explicit
grounding in external evidence improves trans-
parency and reliability; and adaptive mechanisms
such as early stopping enable practical deploy-
ment without sacrificing rigor. Notably, self-critic
is especially effective in multi-step reasoning set-
tings, where revising only problematic steps rather
than regenerating the entire chain ensures both effi-
ciency and logical consistency. These mechanisms
can be generalized beyond biomedicine, provid-
ing a blueprint for building trustworthy, domain-
specialized LLM systems in areas such as law, fi-

nance, and scientific discovery.

7 Ethical Considerations
Our work studies biomedical question answering
in a high-stakes domain, where incorrect or unsup-
ported outputs may lead to misleading conclusions
if used without expert oversight. Although our
framework improves evidence-grounded reasoning,
it should be viewed as a research tool rather than a
substitute for clinical expertise. In addition, LLM-
as-a-Judge evaluations may not fully align with
human judgments, and retrieval may miss relevant
evidence, especially for specialized or long-tail top-
ics. To better understand these risks, we incorpo-
rate human annotation to examine discrepancies
between automated and human evaluation.

8 Impact Statement
Our work seeks to improve biomedical question an-
swering through retrieval-enhanced and evidence-
grounded reasoning, with potential benefits for scal-
able evaluation and knowledge-intensive research
support. By encouraging models to rely on ex-
ternal evidence rather than only internal paramet-
ric knowledge, the framework may improve trans-
parency and answer reliability.

However, the approach also carries limitations
and risks. The self-critic mechanism is heuristic
and may inherit biases from the underlying LLM,
especially in underrepresented biomedical subdo-
mains. The retrieval process may also miss lower-
ranked but relevant articles, potentially limiting
evidence coverage for long-tail questions. More-
over, because the pipeline is largely linear, errors
made in earlier stages may propagate downstream
without effective correction.

For these reasons, the method should be used
with caution and should not replace expert human
judgment in high-stakes biomedical applications.
We view it as a supportive research tool rather than
a fully autonomous decision-making system.
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