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Abstract

Medical question answering is a high-stakes
setting where factual errors can have serious
consequences. Retrieval-augmented genera-
tion (RAG) is widely viewed as a promising
solution, and prior work has reported substan-
tial gains for large medical QA models. We
revisit this assumption across a broad range
of open-weight instruction-tuned models span-
ning 7B to 72B parameters. Across five mod-
els, ten biomedical QA datasets, four retrieval
methods, and four retrieval corpora, we find
that retrieval yields only small and inconsis-
tent improvements over a no-retrieval baseline,
typically within 1–2 points. In contrast, the
choice of backbone model has a much larger
effect than the choice of retriever or corpus,
and expert and layman retrieval sources per-
form similarly in most settings. These re-
sults suggest that the main bottleneck is not
retrieval quality alone, but the model’s lim-
ited ability to use retrieved evidence effectively.
Code is available here: https://github.com/
erfan-nourbakhsh/BioMedicalRAG

1 Introduction

Accurate and reliable medical question answering
is a high-stakes problem, where errors can have
direct consequences for patient safety. Large lan-
guage models (LLMs) have recently shown strong
performance on a range of biomedical question
answering tasks (Singhal et al., 2023; Hendrycks
et al., 2021; Jin et al., 2021). However, they remain
prone to hallucination, producing fluent but fac-
tually incorrect responses (Ji et al., 2023), and to
knowledge staleness due to their reliance on fixed
training corpora. In the medical domain, these lim-
itations are especially problematic because even
small factual errors can lead to harmful down-
stream decisions.

Retrieval-augmented generation (RAG) (Lewis
et al., 2020) has become a leading approach for
addressing these limitations by grounding model
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Figure 1: Overview of our motivation and main find-
ing: across models from 7B to 72B, retrieval yields only
small gains, suggesting that the main bottleneck is evi-
dence use rather than retrieval quality.

outputs in retrieved external evidence. By incor-
porating supporting documents at inference time,
RAG offers a mechanism for improving factuality,
transparency, and access to more current knowl-
edge. As a result, RAG has been adopted widely in
biomedical NLP, where recent work has reported
substantial gains from retrieval-based methods. For
example, Xiong et al. (2024) showed that MedRAG
improves biomedical QA accuracy by as much
as 18% over chain-of-thought prompting, while
Tang et al. (2024) found that multi-agent LLM sys-
tems can further improve medical reasoning perfor-
mance. These findings have led to growing interest
in retrieval-centered biomedical QA systems, with
increasing attention to the choice of corpora, re-
trieval methods, and model backbones.

However, an important gap remains. Prior sys-
tematic studies of medical RAG (Xiong et al.,
2024) have largely focused on large proprietary or
70B-scale models (GPT-3.5, GPT-4, Mixtral-8x7B,
Llama2-70B) under zero-shot multiple-choice eval-
uation, leaving unclear whether their gains carry
over to 7B–8B models that are far more prac-
tical under real hardware constraints. Existing
evaluations have also focused primarily on expert-
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level biomedical questions, with little attention to
consumer-health queries or community-generated
retrieval sources.

In this paper, we revisit biomedical RAG under
a substantially different and more comprehensive
setting. We evaluate five open-weight instruction-
tuned models spanning 7B to 72B parameters:
Qwen2.5-7B-Instruct (Yang et al., 2025), Llama-
3.1-8B-Instruct (Grattafiori et al., 2024), Mistral-
7B-Instruct-v0.3 (Jiang et al., 2023), LLaMA-
3.1-70B-Instruct (Grattafiori et al., 2024), and
Qwen2.5-72B-Instruct (Yang et al., 2025), across
ten biomedical QA datasets spanning both lay and
expert questions and covering both open-ended and
multiple-choice formats. We compare four retrieval
methods, BM25, TF-IDF, MedCPT, and Hybrid
RRF, across four retrieval corpora, including both
expert biomedical resources and consumer-facing
health sources: PubMed abstracts, medical text-
books, Yahoo Answers, and HealthCareMagic. We
also evaluate against a no-retrieval baseline in order
to isolate the contribution of retrieval itself.

Our results challenge the prevailing picture from
prior studies. Across all five models, retrieval
yields only small and inconsistent gains: the gap
between the best retrieval configuration and the no-
retrieval baseline is usually within 1–2 points (e.g.,
BERTScore 62.88 vs. 61.72 for Llama-8B, 63.23
vs. 61.28 for Qwen-7B), and differences across re-
trieval corpora are similarly modest even for the
larger 70B models. By contrast, backbone model
choice has a much larger effect than retriever or
corpus selection, and expert versus lay retrieval
sources differ by less than 2 points in most settings.
Figure 1 illustrates the key implication: the limit-
ing factor is not retrieval quality but the generator’s
capacity to incorporate retrieved evidence.

Our contributions are: (1) A large-scale evalua-
tion of biomedical RAG covering 5 models from
7B to 72B parameters, 10 QA datasets, 4 retrieval
methods, and 4 retrieval corpora. (2) We show
that retrieval yields only small and inconsistent
improvements across all model scales (typically
within 2 points), challenging the gains reported in
prior large-model studies. (3) We show that back-
bone model choice matters more than retriever or
corpus choice, and provide evidence that the main
bottleneck is the model’s weak use of retrieved
evidence.

2 Related Work

Retrieval-Augmented Generation. RAG was in-
troduced by Lewis et al. (2020) as a method to
enhance language models on knowledge-intensive
tasks by conditioning generation on documents
retrieved from a non-parametric memory. The
approach combines a parametric sequence-to-
sequence model with a dense passage retrieval
component (Karpukhin et al., 2020) and has been
extended in numerous directions, including iter-
ative retrieval (Trivedi et al., 2023; Shao et al.,
2023), self-reflective retrieval (Asai et al., 2024),
and query rewriting (Ma et al., 2023); for a broad
survey of RAG paradigms and architectures, see
Gao et al. (2023). In the biomedical domain, RAG
has been applied to clinical decision support (Xiong
et al., 2024), scientific literature search (Jin et al.,
2023), and consumer health QA (Li et al., 2023).
However, most prior biomedical RAG studies ei-
ther lack systematic comparison across retrieval
configurations or are limited in dataset coverage.

Benchmarking Medical RAG. The most directly
related work to ours is the MIRAGE benchmark
and MedRAG toolkit by Xiong et al. (2024), which
evaluates 41 combinations of corpora, retrievers,
and backbone LLMs on five medical QA datasets
restricted to multiple-choice questions. MIRAGE
shows that RAG can improve LLM accuracy by
up to 18% and identifies PubMed combined with
BM25 or MedCPT as strong retrieval configura-
tions. However, MIRAGE exclusively uses zero-
shot prompting and evaluates primarily large mod-
els (GPT-4, GPT-3.5, Mixtral-8×7B, Llama2-70B),
leaving open the question of whether these gains
hold for smaller, more widely deployable models.
Concurrent large-model evaluations, such as Nori
et al. (2023), who find that GPT-4 surpasses the
USMLE passing threshold by over 20 points even
without retrieval augmentation, further underscore
that model scale is a critical confound in existing
medical benchmarks. Tang et al. (2024) propose
a zero-shot multi-agent framework achieving com-
petitive GPT-4 performance on MMLU Medical,
yet neither this nor MIRAGE examines retrieval
for open-ended or consumer-health queries at the
7–8B scale. Shi et al. (2023) show that irrelevant
retrieved passages can mislead LLMs, a concern
especially acute for smaller models, while Ovadia
et al. (2024) find retrieval augmentation outper-
forms knowledge fine-tuning primarily for large
models, further motivating our cross-scale evalua-
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Figure 2: Experimental pipeline overview.

tion.

Biomedical Question Answering Datasets.
Biomedical QA has long served as a testbed for
evaluating NLP systems in medicine (Krithara
et al., 2023; Jin et al., 2021; Pal et al., 2022;
Hendrycks et al., 2021). Expert-oriented
benchmarks such as BioASQ (Nentidis et al.,
2025), MedQA-USMLE (Jin et al., 2021), and
MedMCQA (Pal et al., 2022) test clinical and
examination-level knowledge, while consumer-
health datasets such as MeQSum (Ben Abacha and
Demner-Fushman, 2019a), MedRedQA (Nguyen
et al., 2023), MedicationQA (Abacha et al.,
2019), MASH-QA (Zhu et al., 2020), and
ChatDoctor-iCliniq (Li et al., 2023) reflect more
informal, everyday health information needs.
MedQuAD (Ben Abacha and Demner-Fushman,
2019b) and MMLU Medical (Hendrycks et al.,
2021) bridge the two groups by covering structured
NIH-sourced QA and standardised medical
knowledge. Despite this rich landscape, most RAG
studies focus on MCQ-format expert benchmarks
and omit the open-ended and layman query
types that constitute the bulk of real-world health
information needs, a gap we directly address.

Retrieval Methods in Biomedical NLP. Sparse
retrieval methods have been dominant in biomed-
ical information retrieval. BM25 (Robert-
son and Zaragoza, 2009), a probabilistic bag-
of-words ranking function, remains a strong
baseline and is adopted as the primary re-
triever in MedRAG (Xiong et al., 2024). TF-
IDF (SPARCK JONES, 1972), a simpler precursor
that models term specificity without BM25’s satu-

ration and length normalisation, provides a useful
lower bound for sparse retrieval.

Dense retrieval with domain-adapted encoders
has gained traction. MedCPT (Jin et al., 2023) was
trained contrastively on large-scale PubMed search
logs and demonstrates strong zero-shot biomed-
ical retrieval, outperforming general-domain en-
coders on medical tasks. Fusion methods such as
Reciprocal Rank Fusion (RRF) (Cormack et al.,
2009) combine sparse and dense ranked lists and
have been shown to outperform individual retriev-
ers without requiring additional training. While
MedRAG includes RRF as a configuration, it does
not systematically isolate the contribution of each
component retriever across diverse query types and
corpora, which we do in this study.

3 Experiments

Our experiments systematically compare sparse,
dense, and hybrid retrieval strategies across four
corpora, ten QA datasets spanning expert and
layman health queries, and five open-weight
instruction-tuned models ranging from 7B to 72B
parameters. Figure 2 provides a visual overview of
the full experimental pipeline.

Evaluation Dataset and Knowledge Base.
Evaluation Datasets. We evaluate across ten
biomedical and consumer-health question answer-
ing datasets grouped into two user types: layman
datasets reflecting everyday consumer-health lan-
guage, and expert datasets targeting biomedical
professionals or medical students. Dataset statis-
tics and split sizes are summarised in Table 7 in
Appendix A. For all datasets, examples lacking a
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question or a reference answer are discarded before
any split is finalised, and whenever random sam-
pling is needed it is performed with a fixed seed of
42.

Layman datasets. MeQSum (Ben Abacha and
Demner-Fushman, 2019a) contains 1,000 con-
sumer health questions from the U.S. National Li-
brary of Medicine. Following Zhang et al. (2022),
we reserve 500 examples for evaluation and use
the remaining 500 as the few-shot query pool.
MedRedQA (Nguyen et al., 2023) provides over
51,000 consumer question–physician answer pairs
from Reddit’s /r/AskDocs; we sample 1,000 eval-
uation examples from the official test split (5,099
examples) and combine the training (40,792) and
validation (5,100) splits into the query pool. Medi-
cationQA (Abacha et al., 2019) contains 690 real
consumer medication questions; we randomly sam-
ple 500 for evaluation and retain the remaining 189
as the query pool. MASH-QA (Zhu et al., 2020) of-
fers over 34,000 WebMD-derived healthcare Q&A
pairs; we randomly sample 1,000 examples from
the official test file (2,614 entries) and use the full
training set (19,989 examples) as the query pool.
ChatDoctor-iCliniq (Li et al., 2023) comprises
7,321 real patient–physician conversations from
iCliniq.com; we randomly sample 1,000 for evalu-
ation and retain the remaining 6,321 as the query
pool.

Expert datasets. BioASQ Task B (Nentidis
et al., 2025) provides expert biomedical ques-
tions grounded in PubMed literature; follow-
ing the official benchmark protocol, we use the
Task 13B golden test set (restricted to summary-
type questions, 80 examples) and the Task 13B
training set (1,283 examples) as the query pool.
MedQuAD (Ben Abacha and Demner-Fushman,
2019b) contains 47,457 medical Q&A pairs from
12 NIH websites, of which 16,407 are publicly
available; we randomly sample 1,000 for evalu-
ation and use the remaining 15,407 as the query
pool. MedQA-USMLE (Jin et al., 2021) provides
USMLE clinical vignette MCQs; we use the offi-
cial test split (1,273 examples) for evaluation and
the official training split (10,178 examples) as the
query pool. MedMCQA (Pal et al., 2022) contains
194k+ MCQs from AIIMS and NEET PG medical
entrance exams; as the official test split is unla-
belled, we randomly sample 1,000 from the valida-
tion set (6,150 examples) for evaluation and use the
full training set (182,822 examples) as the query

pool. MMLU Medical (Hendrycks et al., 2021):
following Tang et al. (2024), we restrict to six med-
ical sub-tasks, anatomy, clinical_knowledge, col-
lege_biology, college_medicine, medical_genetics,
and professional_medicine, totalling 1,242 exam-
ples. Roughly 100 examples per sub-task (600 in
total) are used for evaluation; the remaining 642
form the query pool.

Knowledge Bases. We build four retrieval corpora
covering both expert biomedical and layman health
domains, as summarised in Table 8 in Appendix A.
All corpora are indexed as whole records without
further chunking. For Q&A-style corpora (Yahoo
Answers and HealthCareMagic), each document
concatenates the question or title with the corre-
sponding answer body.

BioASQ / PubMed (Krithara et al., 2023) con-
sists of 16.2 million PubMed abstracts with human-
assigned MeSH annotations and serves as the pri-
mary expert-domain knowledge base.

Medical Textbooks (Xiong et al., 2024) provides
125,847 retrieval-friendly chunks (≤1,000 charac-
ters each) drawn from 18 authoritative biomedical
textbooks spanning anatomy, physiology, pharma-
cology, pathology, and clinical medicine.

Yahoo Answers (Yahoo! Research, 2009) is an
open-domain community Q&A corpus; from the
original 1.4 million records we retain 1,238,506
after quality filtering, discarding entries whose an-
swer body contains fewer than five words or whose
combined question–answer text falls below ten
words.

HealthCareMagic (Li et al., 2023) contains
112,165 real-world patient symptom queries paired
with detailed physician responses across more than
ten clinical specialties.

Retrieval Approaches. We compare four retrieval
strategies that differ in their document and query
representations.

BM25 (Robertson and Zaragoza, 2009) is a clas-
sic sparse probabilistic retrieval model that scores
documents by the weighted overlap of query terms,
applying a term-frequency saturation function and
a document-length normalisation penalty. BM25
has long served as a strong baseline for ad-hoc re-
trieval and remains competitive with many neural
approaches. We adopt BM25 parameters k1=0.9
and b=0.4, and apply a title-boost factor of 2 by re-
peating title tokens at indexing time to approximate
field-weighted BM25F scoring.
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Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 21.65 12.15 14.01 12.29 16.75 8.76 5.82 13.06

BioASQ 27.43 12.54 15.26 12.43 16.11 8.84 7.04 14.24
HealthCareMagic 19.90 12.71 14.41 11.87 16.22 8.76 6.43 12.90
Medical Textbooks 22.07 12.54 15.04 12.30 15.47 8.84 6.30 13.22
Yahoo Answers 20.05 12.48 15.04 11.47 15.87 8.72 6.03 12.81

LLaMA3.1-70B

w/o RAG 21.93 13.18 17.19 14.61 18.35 9.07 5.23 14.22

BioASQ 28.98 13.10 15.95 14.03 15.71 9.13 5.73 14.66
HealthCareMagic 23.58 13.35 16.28 15.27 17.63 9.29 5.70 14.44
Medical Textbooks 24.71 13.14 15.73 14.96 15.50 9.21 5.72 14.14
Yahoo Answers 23.68 13.30 16.18 14.78 16.22 9.26 5.88 14.19

Mistral-7B

w/o RAG 22.55 13.27 15.11 12.62 17.05 9.05 5.82 13.64

BioASQ 26.55 13.49 15.50 12.78 16.81 9.39 6.57 14.44
HealthCareMagic 24.09 13.91 15.93 12.78 17.24 9.46 6.42 14.26
Medical Textbooks 22.81 13.45 15.30 12.90 16.45 9.28 6.41 13.80
Yahoo Answers 23.96 13.68 16.05 13.15 17.21 9.56 6.66 14.32

Qwen2.5-7B

w/o RAG 20.95 12.36 15.13 12.24 15.80 8.47 5.41 12.91

BioASQ 23.93 12.46 15.59 12.41 16.29 8.54 5.69 13.56
HealthCareMagic 21.21 12.42 15.20 11.89 16.07 8.58 5.61 13.00
Medical Textbooks 21.99 12.49 15.59 12.42 15.83 8.56 5.87 13.25
Yahoo Answers 21.29 12.43 15.74 12.30 16.12 8.63 5.86 13.20

Qwen2.5-72B

w/o RAG 22.22 12.86 16.03 12.23 17.17 8.92 5.47 13.56

BioASQ 24.52 12.83 15.83 12.21 17.38 8.97 5.61 13.91
HealthCareMagic 23.60 12.90 15.68 11.76 17.67 9.02 5.43 13.72
Medical Textbooks 23.69 12.91 15.92 12.60 17.32 8.98 5.61 13.86
Yahoo Answers 23.60 12.89 16.18 12.10 17.80 9.02 5.71 13.90

Table 1: ROUGE-L by model and retrieval corpus (open-ended datasets).

TF-IDF (SPARCK JONES, 1972) represents both
documents and queries as bag-of-words vectors
weighted by term frequency–inverse document fre-
quency, and ranks candidates by cosine similarity.
Unlike BM25, TF-IDF applies no term-frequency
saturation or document-length penalty, making it a
simpler baseline for sparse lexical matching. We
build a TF-IDF index with a vocabulary capped
at 50,000 features and standard English stop-word
removal.

MedCPT (Jin et al., 2023) is a biomedical dense
retrieval model consisting of a query encoder and
an article encoder trained contrastively on large-
scale PubMed user search logs. Documents are
encoded offline by the article encoder and stored
as L2-normalised embeddings; at query time, the
query encoder produces a query embedding and re-
trieval proceeds by maximum inner-product search.
By capturing semantic similarity beyond exact term
overlap, MedCPT is particularly well-suited to the
biomedical domain.

Hybrid BM25 + MedCPT via RRF (Cormack et al.,
2009) combines the BM25 and MedCPT ranked
lists using Reciprocal Rank Fusion (RRF). Each
document d ranked at position r in a ranked list
receives a score 1

k+r ; with k=60, and the scores
are summed across both lists. The final ranking
is by descending combined RRF score. RRF is
parameter-light and has been shown to consistently

outperform individual rankers as well as more com-
plex score-fusion methods (Cormack et al., 2009).

For all retrieval conditions, we retrieve the top
k=5 documents and concatenate them as the re-
trieved context prepended to the generator prompt.

Implementation Details. All generation ex-
periments are conducted with five open-source
instruction-tuned models spanning two scales. The
7–8B models are Qwen2.5-7B-Instruct (Yang
et al., 2025), Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), and Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), each servable on a single GPU.
The 70B-scale models are LLaMA-3.1-70B-
Instruct (Grattafiori et al., 2024) and Qwen2.5-
72B-Instruct (Yang et al., 2025), which serve as
large-scale reference points to contextualise the
small-model results.

All models are run in half-precision (FP16) with
greedy decoding and a maximum of 300 newly
generated tokens per response.

Experimental Setting. Each experimental con-
dition is defined by a triple (retriever, corpus,
query dataset). The retriever dimension covers
five options: No retrieval (baseline), BM25, TF-
IDF, MedCPT, and Hybrid (BM25 + MedCPT via
RRF). The corpus dimension covers four knowl-
edge bases: BioASQ/PubMed and Medical Text-
books as expert corpora, and Yahoo Answers and
HealthCareMagic as layman corpora (for the base-
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line condition both retriever and corpus are set to
none). The query dimension covers the ten datasets
described in Section 3, split evenly between layman
(MeQSum, MedRedQA, MedicationQA, MASH-
QA, ChatDoctor-iCliniq) and expert (BioASQ
Task B, MedQuAD, MedQA-USMLE, MedM-
CQA, MMLU Medical) user types.

For the w/o RAG condition the model receives
only the question in its prompt, with no retrieved
context. For retrieval-augmented conditions, the
top-k retrieved passages are prepended to the ques-
tion in a fixed prompt template. Each condition is
run independently for every generator model, and
all per-dataset query pools described in Section 3
are also available for few-shot prompting ablations.
The complete set of conditions spans every com-
bination of retriever, corpus, and query dataset,
yielding a large-scale cross-model, cross-retriever,
cross-dataset evaluation.

4 Results

We present results separately for open-ended QA,
evaluated with ROUGE-L as the primary metric
(ROUGE-1, ROUGE-2, METEOR, BLEU, and
BERTScore in Appendix C), and for multiple-
choice QA, evaluated with accuracy.

Open-ended QA. Table 1 reports ROUGE-L
across seven open-ended datasets (five layman
and two expert), averaged over all retrieval con-
ditions per corpus. Across all models, retrieval
yields small and inconsistent improvements over
the no-retrieval baseline. The largest gains ap-
pear on the BioASQ open-ended task, where the
BioASQ/PubMed corpus consistently provides the
strongest lift: for example, LLaMA-3.1-8B im-
proves from 21.65 to 27.43 ROUGE-L. However,
for the remaining six datasets, changes from the
baseline are typically under 1 ROUGE-L point and
often negative. Averaged across all seven datasets,
the maximum retrieval benefit over no-retrieval
is 1.18 points (LLaMA-3.1-8B: 13.06 baseline vs.
14.24 with BioASQ); for all other models the gain
is smaller still. ROUGE-1, ROUGE-2, METEOR,
BLEU, and BERTScore results (Appendix C) show
the same pattern.

A consistent observation is that backbone model
choice matters far more than retrieval configuration.
Mistral-7B lags behind both LLaMA-3.1-8B and
Qwen2.5-7B regardless of the retrieval setup, and
the 70B-scale models (LLaMA-3.1-70B, Qwen2.5-
72B) are consistently stronger than all 7–8B vari-

Model Data MCQA MQA MMLU Avg

LLaMA3.1-8B

w/o RAG 80.8 83.8 83.7 82.8
BioASQ 75.9 84.6 82.3 80.9
HCM 73.7 84.2 74.0 77.3
Textbook 74.1 84.1 83.3 80.5
Yahoo 74.6 83.7 81.5 79.9

LLaMA3.1-70B

w/o RAG 81.0 89.1 89.2 86.4
BioASQ 79.8 90.8 90.2 86.9
HCM 78.9 80.5 87.5 82.3
Textbook 80.2 81.1 89.5 83.6
Yahoo 79.1 91.7 88.7 86.5

Mistral-7B

w/o RAG 72.6 77.9 76.7 75.7
BioASQ 61.3 72.4 72.2 68.6
HCM 63.3 73.2 72.0 69.5
Textbook 66.0 73.7 77.3 72.3
Yahoo 65.5 74.0 74.2 71.2

Qwen2.5-7B

w/o RAG 80.0 83.7 86.3 83.3
BioASQ 75.8 81.1 82.2 79.7
HCM 74.9 81.4 82.8 79.7
Textbook 76.6 81.1 85.7 81.1
Yahoo 77.5 81.4 85.2 81.4

Qwen2.5-72B

w/o RAG 82.5 81.9 92.5 85.6
BioASQ 80.1 81.6 91.2 84.3
HCM 77.3 85.8 90.7 84.6
Textbook 80.1 83.5 91.2 84.9
Yahoo 79.8 81.8 90.5 84.0

Table 2: Accuracy by model and retrieval corpus.
MCQA denotes MedMCQA, MQA denotes MedQA,
and HCM denotes HealthCareMagic.

ants. The gap between any two retrieval conditions
for the same model is almost always smaller than
the gap between two different backbone models
using the same conditions. Expert and layman re-
trieval corpora produce similar results in most open-
ended settings, differing by less than 1 ROUGE-L
point on average.

Multiple-choice QA. Table 2 reports accuracy
grouped by dataset subset (MCQA: MedQA +
MedMCQA; QA: open-ended expert; MMLU: six
MMLU medical subjects). For smaller models
(LLaMA-3.1-8B, Mistral-7B, Qwen2.5-7B), re-
trieval frequently hurts accuracy relative to the no-
retrieval baseline. Mistral-7B drops from 75.7 to
68.6–72.3 across all retrieval corpora. The larger
models (LLaMA-3.1-70B, Qwen2.5-72B) are more
robust, maintaining accuracy within 1–2 points of
the baseline across all conditions, but still show no
consistent gain. As with the open-ended setting,
backbone choice dominates: Qwen2.5-72B’s no-
retrieval accuracy of 85.6 exceeds the best retrieval
configuration of any 7B model by over 2 points.

Effect of Retrieval Method. Table 3 reports
accuracy averaged across the three close-ended
datasets from Table 2 (MedMCQA, MedQA-
USMLE, and MMLU Medical), broken down by
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Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 79.34 79.57 80.94 80.65
HealthCareMagic 72.62 74.59 74.88 76.97
Medical Textbooks 79.47 80.34 79.53 79.08
Yahoo Answers 79.27 79.74 77.91 77.14

Average 77.68 78.56 78.32 78.46

LLaMA3.1-70B

BioASQ 85.56 82.11 86.52 85.06
HealthCareMagic 81.92 80.99 81.52 82.14
Medical Textbooks 81.54 82.87 82.68 83.29
Yahoo Answers 85.51 81.69 81.32 85.77

Average 83.64 81.91 83.01 84.06

Mistral-7B

BioASQ 66.82 68.13 68.52 67.73
HealthCareMagic 68.36 68.81 69.12 68.64
Medical Textbooks 70.66 71.47 70.52 69.37
Yahoo Answers 68.59 69.43 69.72 70.94

Average 68.61 69.46 69.47 69.17

Qwen2.5-7B

BioASQ 78.37 78.88 79.61 79.49
HealthCareMagic 78.39 78.55 77.87 78.84
Medical Textbooks 80.28 80.15 80.28 79.39
Yahoo Answers 80.52 80.03 80.81 79.69

Average 79.39 79.40 79.64 79.35

Qwen2.5-72B

BioASQ 83.05 83.86 83.58 83.16
HealthCareMagic 82.34 82.70 82.80 83.84
Medical Textbooks 84.72 84.37 83.04 82.63
Yahoo Answers 83.22 83.44 83.69 82.90

Average 83.33 83.59 83.28 83.13

Table 3: Accuracy by retrieval method (close-ended
datasets).

retrieval method rather than corpus. Table 4 re-
ports ROUGE-L averaged across the seven open-
ended datasets from Table 1 (BioASQ, ChatDoctor-
iCliniq, MashQA, MedicationQA, MedQuAD,
MedRedQA, and MeQSum), again broken down
by retrieval method. Together, these two tables
allow direct comparison of BM25, Hybrid (RRF),
MedCPT, and TF-IDF across question types and
retrieval corpora. Differences among methods are
within 1–2 points for any model–corpus combi-
nation. The Hybrid retriever shows marginal ad-
vantages in several configurations, but no method
consistently dominates. MedCPT, despite domain-
specific training, does not systematically outper-
form lexical BM25. Full per-metric breakdowns by
retriever type (ROUGE-1, ROUGE-2, METEOR,
BLEU, BERTScore) are in Appendix C.

5 Ablation Study

We conduct two ablations to understand how re-
trieval depth and few-shot context affect perfor-
mance. Both use a stratified subset of the test
queries with BM25 retrieval from BioASQ. Ad-
ditional open-ended metric trends are visualised in
Appendix D (Figures 7 and 8).

Number of Retrieved Documents (Top-k). Fig-
ures 5 and 6 show accuracy and ROUGE-L as k
varies over {1, 3, 5, 10, 25, 50}. For open-ended
metrics, performance reaches a plateau by k=5:

Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 13.93 14.10 13.57 13.17
HealthCareMagic 12.47 12.80 12.58 12.71
Medical Textbooks 12.90 13.01 13.08 12.93
Yahoo Answers 12.59 12.73 12.58 12.23

Average 12.98 13.16 12.95 12.76

LLaMA3.1-70B

BioASQ 13.95 14.58 13.78 13.59
HealthCareMagic 14.19 14.31 14.39 14.21
Medical Textbooks 13.57 13.83 14.00 13.85
Yahoo Answers 13.68 13.97 13.97 13.41

Average 13.85 14.17 14.04 13.77

Mistral-7B

BioASQ 14.19 14.34 13.91 13.92
HealthCareMagic 14.08 14.11 14.01 14.14
Medical Textbooks 13.71 13.74 13.59 13.67
Yahoo Answers 14.14 14.16 14.13 14.20

Average 14.03 14.09 13.91 13.98

Qwen2.5-7B

BioASQ 13.26 13.49 13.23 12.97
HealthCareMagic 12.80 12.90 12.87 12.90
Medical Textbooks 12.98 13.22 13.04 13.06
Yahoo Answers 12.99 13.13 13.13 13.05

Average 13.01 13.19 13.07 13.00

Qwen2.5-72B

BioASQ 13.80 13.82 13.73 13.75
HealthCareMagic 13.57 13.56 13.65 13.70
Medical Textbooks 13.81 13.74 13.61 13.77
Yahoo Answers 13.63 13.72 13.84 13.85

Average 13.70 13.71 13.71 13.77

Table 4: ROUGE-L by retrieval method (open-ended
datasets).

Figure 3: Close-ended accuracy across shot counts (1,
3, 5, 10).

ROUGE-L changes by less than 0.2 points be-
tween k=5 and k=50 for all models, indicating
that additional retrieved documents add no useful
signal once the context budget is satisfied. For
close-ended accuracy the picture is less uniform:
LLaMA-3.1-8B peaks at k=5 (72.83%) before de-
clining, while Qwen2.5-7B and LLaMA-3.1-70B
reach their best performance at k≥25. Mistral-7B
declines steadily after k=3, reaching 51.22% at
k≥25. These results confirm that k=5 is a reason-
able default: it matches or closely approaches the
optimum for most models while keeping context
length manageable. Additional open-ended metric
trends across all k values are shown in Figure 8 in
the appendix.
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Figure 4: Open-ended ROUGE-L across shot counts (1,
3, 5, 10).

Figure 5: Close-ended accuracy across top-k (1, 3, 5,
10, 25, 50).

Few-shot Prompting. Figures 3 and 4 show accu-
racy and ROUGE-L as the number of in-context
examples varies over {1, 3, 5, 10}. Larger models
(LLaMA-3.1-70B, Qwen2.5-72B) are essentially
unaffected by shot count across all metrics, suggest-
ing they can extract the task pattern from a single
example or from zero-shot prompting equally well.
In contrast, smaller 7–8B models show sharp degra-
dation at 5 and 10 shots: LLaMA-3.1-8B accuracy
collapses from 82.89% (1-shot) to 10.06% (10-
shot), and ROUGE-L drops from 14.29 to 8.38, as
the long few-shot context overwhelms the model’s
ability to locate the target instruction. Mistral-7B
and Qwen2.5-7B follow the same pattern. No-
tably, 3-shot prompting is the sweet spot for open-
ended ROUGE-L: LLaMA-3.1-8B reaches 17.19
at 3 shots (vs. 14.29 at 1-shot), and Qwen2.5-7B
reaches 17.22, before degrading at higher shot
counts. For MCQ accuracy, even 3 shots already re-
duces performance for most small models, pointing
to the inherent tension between providing helpful
demonstrations and staying within the model’s ef-
fective context capacity. Additional open-ended
metric trends across all shot counts are shown in
Figure 7 in the appendix.

Figure 6: Open-ended ROUGE-L across top-k values.

Model w/o RAG BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B 0.410 0.580 0.540 0.440 0.530
LLaMA3.1-70B 0.410 0.660 0.610 0.540 0.660
Mistral-7B 0.460 0.510 0.490 0.390 0.530
Qwen2.5-7B 0.410 0.380 0.400 0.360 0.390
Qwen2.5-72B 0.380 0.350 0.350 0.360 0.380

Table 5: Accuracy of LLMs across retrieval methods
in the oracle retrieval setting, where all retrieved docu-
ments are relevant (clean context).

Quality of the Retrieval Analysis. Tables 5
and 6 show two important problems for retrieval-
augmented generation in the biomedical domain.
For this analysis, we use the BioASQ corpus as the
retrieval source and evaluate on PubMedQA (Jin
et al., 2019), a benchmark of expert-annotated
yes/no/maybe biomedical research questions de-
rived from PubMed abstracts. Since both the re-
trieval corpus and evaluation dataset come from
PubMed, this provides a controlled setting for
studying whether retrieved biomedical papers help
models answer research questions. To evaluate
retrieval quality, we use an LLM-as-a-judge frame-
work to determine whether the retrieved context
contains enough information to answer the ques-
tion correctly. We then select 100 questions where
all retrieval methods retrieved context judged to
be relevant. The questions are the same across all
retrieval methods, but the retrieved documents can
differ depending on the retriever.

Table 5 shows that even when all retrieved
contexts contain the correct information, retrieval
only leads to limited and inconsistent improve-
ments. For example, LLaMA3.1-70B improves
substantially with BM25 retrieval (0.410 → 0.660),
while Qwen2.5-72B shows almost no improvement
across retrieval methods. In several cases, simple
sparse retrieval methods such as BM25 and TF-IDF
perform better than MedCPT. These results sug-
gest that retrieving relevant evidence alone is not
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Model w/o RAG BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B 0.410 0.300 0.250 0.300 0.240
LLaMA3.1-70B 0.410 0.260 0.260 0.340 0.290
Mistral-7B 0.460 0.310 0.330 0.350 0.340
Qwen2.5-7B 0.410 0.310 0.260 0.290 0.250
Qwen2.5-72B 0.380 0.250 0.240 0.280 0.230

Table 6: Accuracy of LLMs across retrieval methods
in the noisy retrieval setting, where 20 unrelated docu-
ments are mixed with retrieved results (distracted con-
text).

enough to guarantee better performance. Instead,
many models still struggle to correctly use and rea-
son over the retrieved information. Table 6 further
shows that current models are highly sensitive to
irrelevant context. When we add 20 unrelated docu-
ments to the retrieved evidence, performance drops
substantially across nearly all models and retrieval
methods. For example, LLaMA3.1-70B decreases
from 0.660 to 0.260 under BM25 retrieval, while
Mistral-7B drops from 0.530 to 0.340 under TF-
IDF retrieval. In many cases, performance becomes
worse than using no retrieval at all. Overall, these
results show that current biomedical RAG systems
remain brittle. Even when relevant evidence is re-
trieved successfully, small amounts of distracting
context can strongly reduce answer accuracy.

Implications. Our results suggest a more cautious
view of biomedical RAG. Retrieval can help, but
only when the system retrieves information that
is actually relevant to the question. This is not
guaranteed, especially when the answer is absent
from the corpus or when the retrieved passages
are only loosely related. In these cases, retrieval
may add little useful information and can introduce
misleading context.

Even when relevant evidence is retrieved, the
model still has to understand and use it correctly.
Our clean retrieval analysis shows that relevant
context does not always improve performance, sug-
gesting that evidence use is a major bottleneck. The
noisy retrieval results make this concern stronger:
adding unrelated documents to useful evidence of-
ten hurts performance, sometimes making RAG
worse than no retrieval at all. Future biomedical
RAG systems, therefore, need better evidence fil-
tering, reranking, and generation methods that can
identify useful passages while ignoring distractors.

6 Conclusion

We presented a large-scale evaluation of retrieval-
augmented generation for biomedical question an-

swering using five open-weight, instruction-tuned
models ranging from 7B to 72B parameters. Across
all five models, ten datasets, four retrieval meth-
ods, and four retrieval corpora, retrieval yields only
small and inconsistent improvements over a no-
retrieval baseline, typically within 1–2 points on
any metric. In contrast, backbone model choice
has a substantially larger effect: the gap between
a 7B model and its 70B counterpart often exceeds
the gain from any retrieval configuration. Expert
and layman retrieval corpora also perform simi-
larly in most settings, and differences across re-
trieval methods (BM25, TF-IDF, MedCPT, Hybrid)
remain minor throughout.

Our ablation studies further support this overall
pattern. Increasing the number of retrieved docu-
ments beyond k=5 provides little additional benefit
for open-ended settings, and few-shot prompting
yields a modest gain at 3 shots for smaller models
but degrades sharply at higher counts, with small
models struggling under longer few-shot contexts.
Larger models are comparatively stable across shot
counts, but they also show limited benefit from
retrieval augmentation.

Taken together, these findings suggest that im-
proving retrieval quality alone may not be suffi-
cient to substantially improve biomedical QA per-
formance in these settings. One possible expla-
nation is that current models, especially smaller
ones, do not consistently make effective use of re-
trieved evidence, though our experiments do not
directly measure evidence utilization or grounding.
This points to several directions for future work,
including training or fine-tuning methods that bet-
ter support evidence integration, post-retrieval re-
ranking or filtering to reduce context noise, and
evaluation frameworks that more directly assess
faithfulness and grounding rather than relying only
on reference-based metrics. More broadly, an im-
portant open question is when retrieval is actually
necessary, and whether we can better identify cases
where the required knowledge is already contained
within the model.
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Limitations

Our study has several limitations. First, we
evaluate retrieval-augmented generation using
only reference-based downstream metrics such as
ROUGE-L, BLEU, METEOR, BERTScore, and
accuracy, rather than direct measures of faithful-
ness or evidence grounding. For example, a model
may produce a correct answer from its paramet-
ric knowledge without actually using the retrieved
documents, or it may copy surface details from
retrieval without truly improving medical correct-
ness. This limitation is not major for our study
because our main goal is a comparative evaluation
across models, retrievers, corpora, and no-retrieval
baselines within a single, consistent framework,
and these metrics are sufficient to support our cen-
tral finding that retrieval provides only small and
inconsistent gains.

Second, our experiments are limited to five open-
weight instruction-tuned models and do not in-
clude proprietary frontier systems such as GPT-4-
class medical assistants. It is possible that stronger
closed models use retrieved evidence more effec-
tively, especially in cases requiring multi-step rea-
soning over documents. This limitation is not ma-
jor for our study because our paper is specifically
motivated by practical, deployable biomedical QA
settings, where open-weight 7B–72B models are
realistic choices, and we also include both small
and large open models to test whether the observed
pattern holds across scales.

Third, our retrieval setup uses a fixed top-k
pipeline with four retrievers and four corpora, but
does not explore more complex retrieval strategies
such as adaptive retrieval, document re-ranking,
iterative retrieval, or task-specific chunking. For
instance, some questions may require retrieving
fewer but more precise passages, while others may
benefit from multi-hop retrieval or filtering noisy
evidence before generation. This limitation is not
major for our study because we intentionally focus
on strong, standard retrieval baselines widely used
in prior biomedical RAG work, which makes the
comparison clean and allows us to show that, even
with several commonly used retrieval choices, the
gains remain modest.

Finally, our evaluation mixes expert and layman
biomedical QA datasets, but the study does not
separately analyze all possible sources of variation
across question type, answer length, or knowledge
intensity. For example, retrieval may be more use-

ful for highly specialized factoid questions than for
common consumer-health questions that models
may already answer from pretraining alone. This
limitation is not major for our study because the
breadth of datasets is a strength of the paper overall:
the consistency of the pattern across ten datasets
suggests that the weak benefit of retrieval is not
tied to a single benchmark or user population.
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A Datasets

Our experiments use ten biomedical and consumer-
health query datasets and four retrieval corpora.
Table 7 summarises each evaluation dataset, its
source size, and the number of examples selected
for evaluation; Table 8 describes the knowledge
bases indexed for retrieval. Full details on dataset
splits and the few-shot query pools are provided in
Section 3.

Datasets are grouped by intended user type: lay-
man datasets reflect consumer health inquiries in
everyday language, while expert datasets target
biomedical professionals or medical students. The
Query Set column reports the eligible pool size
used for few-shot prompting; the Test Set column
reports the number of examples used as evalua-
tion queries. All corpora in Table 8 are indexed
as whole records without further chunking; for
Q&A-format corpora (Yahoo Answers and Health-
CareMagic) each document concatenates the ques-
tion or title with the answer body.

B Prompt Templates

All generation experiments use two system prompts
and two user message templates, combined via
each model’s native chat template.

Layman system prompt. Used when the query
dataset belongs to the layman user type (MeQ-
Sum, MedRedQA, MedicationQA, MASH-QA,
ChatDoctor-iCliniq):

Layman System Prompt

You are a helpful health assistant answering ques-
tions from members of the general public. Use sim-
ple, everyday language that a non-medical person
can easily understand. Avoid medical jargon. Be
clear, friendly, and concise.
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User Type Dataset Dataset Type Dataset Content Query Set Test Set

Layman

MeQSum (Ben Abacha and
Demner-Fushman, 2019a) Open-ended Q&A

1,000 consumer health questions from the U.S.
National Library of Medicine, manually

summarized by medical experts (inter-annotator
agreement: 96.9%)

500 500

MedRedQA (Nguyen et al.,
2023) Open-ended Q&A

51,000 consumer question–physician answer
pairs from Reddit /r/AskDocs (2013–2022);

answers from verified doctors only; ~1k entries
enriched with PubMed evidence

45,863 1,000

MedicationQA (Abacha et al.,
2019) Open-ended Q&A

690 real consumer medication questions
annotated with drug focus and question type

(dosage, side effects, interactions, etc.); answers
sourced from MedlinePlus, DailyMed, FDA, and

Mayo Clinic

189 500

MASH-QA (Zhu et al., 2020) Open-ended Q&A

34,808 consumer health Q&A pairs from
WebMD; extractive, multi-span answers (avg. 67

words) curated by healthcare experts from
articles averaging 696 words

19,989 1,000

ChatDoctor-iCliniq (Li et al.,
2023) Open-ended Q&A

7,321 real patient–physician conversations from
iCliniq.com spanning infectious disease,

dermatology, cardiology, neurology, and other
specialties

6,321 1,000

Expert

BioASQ Task B (Nentidis
et al., 2025) Summary Q&A

Expert-curated biomedical questions paired with
PubMed-grounded answers; covers yes/no,
factoid, list, and summary types with gold

concepts, snippets, and RDF triples

1,283 80

MedQuAD (Ben Abacha and
Demner-Fushman, 2019b) Open-ended Q&A

47,457 Q&A pairs from 12 NIH websites
covering 37 question types (treatment, diagnosis,

side effects, etc.) across diseases, drugs, and
medical tests; enriched with UMLS CUI

metadata

15,407 1,000

MedQA-USMLE (Jin et al.,
2021)

Multiple-Choice
Q&A

~11,500 clinical vignette MCQs from the
USMLE (Steps 1–3); each vignette describes
patient demographics, symptoms, and history

followed by a 4-option diagnostic or management
question

10,178 1,273

MedMCQA (Pal et al., 2022) Multiple-Choice
Q&A

194k+ MCQs from AIIMS & NEET PG medical
entrance exams spanning 21 subjects and 2,400+

topics (anatomy, pharmacology, pathology,
surgery, psychiatry, etc.); includes answer

explanations

182,822 1,000

MMLU Medical (Hendrycks
et al., 2021)

Multiple-Choice
Q&A

1,242 four-choice questions from six MMLU
medical subjects (clinical knowledge, medical
genetics, anatomy, etc.), drawn from GRE and

USMLE practice exams; evaluated in
zero/few-shot settings

642 600

Table 7: Evaluation query datasets grouped by user type. Layman: consumer health queries in everyday language;
Expert: biomedical/clinical questions. “Query Set”: few-shot pool size; “Test Set”: evaluation examples used.

Expert system prompt. Used for expert datasets
(BioASQ Task B, MedQuAD, MedQA-USMLE,
MedMCQA, MMLU Medical):

Expert System Prompt

You are a clinical decision support assistant. Answer
questions from healthcare professionals using pre-
cise medical terminology. Provide evidence-based,
clinically detailed responses with relevant diagnostic
and therapeutic considerations.

User message (without retrieval)

User Message

QUESTION: {query}

ANSWER:

User message (with retrieval)

User Message

Use the following retrieved passages to
help answer the question.

RETRIEVED CONTEXT:
{context}

QUESTION: {query}

ANSWER:
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User Type Dataset Source Content Source Rows Documents
Retained

Dataset
Link

Expert

BioASQ Task A /
PubMed (Krithara et al., 2023)

PubMed abstracts with human-assigned MeSH annotations
(avg. 12.68 terms per article; up to 29,681 distinct MeSH

terms across 16.2M articles)
16,218,838 16,218,838 Link

Medical textbooks (Xiong et al.,
2024)

Retrieval-friendly chunks (≤1,000 chars each) drawn from
18 authoritative biomedical textbooks spanning anatomy,

physiology, pharmacology, pathology, and clinical medicine
125,847 125,847 Link

Layman

Yahoo Answers (Yahoo!
Research, 2009)

Open-domain community Q&A posts with best-answer
labels and topic categories; user identities fully anonymized 1,400,000 1,238,506 Link

HealthCareMagic (Li et al.,
2023)

Real-world patient symptom queries paired with detailed
physician responses (diagnosis, treatment, and referral

advice) across 10+ clinical specialties
112,165 112,165 Link

Table 8: Retrieval corpora grouped by user type. Expert: technical biomedical sources; Layman: community health
and general Q&A. “Documents Retained”: records after quality filtering.

where {context} is a concatenation of the top-k
retrieved passages, each formatted as [Passage
N (source: {source})]: {text}. The final
prompt is produced by wrapping these system and
user messages in each model’s chat template.

C Full Results by Metric

This section provides per-dataset performance ta-
bles for all evaluated metrics beyond ROUGE-
L (reported in the main paper). Tables 9–13
report ROUGE-2, ROUGE-1, BERTScore, ME-
TEOR, and BLEU respectively, broken down by
model and retrieval corpus across the seven open-
ended datasets. Tables 14–18 further break down
ROUGE-1, ROUGE-2, BLEU, METEOR, and
BERTScore by retrieval method (BM25, Hybrid,
MedCPT, TF-IDF) across all four corpora.

ROUGE-2 (Table 9). The pattern mirrors
ROUGE-L: the BioASQ/PubMed corpus produces
the largest gains, and only on the BioASQ expert
open-ended task. For example, LLaMA-3.1-8B im-
proves from 14.03 to 18.34, and LLaMA-3.1-70B
from 14.43 to 19.25, while all other datasets see
gains under 1 point or negative effects. The average
improvement over baseline is at most 0.53 points
(LLaMA-3.1-8B: 5.82 → 6.35), and for Qwen2.5-
72B Yahoo Answers produces the best average
(6.39), marginally ahead of BioASQ (6.37), illus-
trating how small these corpus-level differences
are.

ROUGE-1 (Table 10). Again, the BioASQ cor-
pus helps on the BioASQ dataset (gains of 3–5
points for all models) while effects on lay datasets
are within ±1 point. Mistral-7B shows an above-
average improvement with BioASQ corpus on the
BioASQ open-ended task (37.56 → 40.46 with

BioASQ corpus; 40.53 with Qwen2.5-72B), con-
firming domain-matched retrieval has local benefit.
Averaged over all datasets the maximum gain is
0.65 points (LLaMA-3.1-8B baseline 22.49 → best
22.88).

BERTScore (Table 11). BERTScore is notably
more stable than any ROUGE metric: the gap
between the no-retrieval baseline and the best re-
trieval condition is under 0.7 points for all models.
For instance, LLaMA-3.1-8B moves from 52.47
(baseline) to at best 52.85 (BioASQ corpus), a gain
of just 0.38 points. This suggests that while re-
trieved context can slightly shift surface n-gram
overlap, the overall semantic content of model out-
puts barely changes, consistent with the view that
7–8B models are not effectively incorporating the
retrieved evidence.

METEOR (Table 12). METEOR shows small,
mixed effects: the BioASQ corpus provides a mod-
est boost on the BioASQ dataset (e.g., LLaMA-
3.1-8B: 29.84 → 30.92; Qwen2.5-72B: 31.11 →
34.05), but on lay datasets retrieval often slightly
lowers METEOR, particularly for the 70B models
where the baseline exceeds all retrieval conditions
on several tasks (e.g., LLaMA-3.1-70B average:
18.92 baseline vs. 17.03–17.12 across all corpora).

BLEU (Table 13). BLEU scores are generally
very low for lay datasets (< 2 across all condi-
tions), underscoring that n-gram precision is a weak
signal for open-ended health QA. The BioASQ cor-
pus produces notable gains on the expert BioASQ
dataset (LLaMA-3.1-8B: 12.92 → 19.08; LLaMA-
3.1-70B: 13.32 → 19.76), but all other datasets
improve by less than 0.3 BLEU points, and many
worsen. Average BLEU across all datasets im-
proves by 0.82 points at most.
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Retrieval method breakdown (Tables 14–18).
Across all five metrics, differences among BM25,
Hybrid (RRF), MedCPT, and TF-IDF are con-
sistently within 0.5 metric points for any model–
corpus combination. The Hybrid retriever shows a
slight edge in several configurations (particularly
ROUGE-L and ROUGE-1), while TF-IDF is com-
petitive with BM25 despite its greater simplicity.
No single retrieval method dominates across all
metrics and models, reinforcing the conclusion that
retrieval architecture choice is secondary to corpus
and model selection.

D Ablation Study: Additional Figures

This section provides additional figures for the two
ablation studies described in Section 5. Figure 7
shows BERTScore, METEOR, BLEU, ROUGE-2,
and ROUGE-1 trends under few-shot prompting
across all five models on open-ended questions.
Figure 8 shows the same metrics across top-k val-
ues.

Few-shot: additional metrics (Figure 7). All
six open-ended metrics tell a consistent story. For
the larger models (LLaMA-3.1-70B and Qwen2.5-
72B), all metrics are flat across all shot counts:
for example, METEOR stays at 17.44–17.45 for
LLaMA-3.1-70B and BERTScore stays at 52.69
for Qwen2.5-72B regardless of shot count. For
smaller models, the 3-shot sweet spot and subse-
quent collapse are visible in every metric. Specifi-
cally, ROUGE-1 peaks at 3 shots for LLaMA-3.1-
8B (26.29) and Qwen2.5-7B (26.61) before col-
lapsing to 12.19 and 13.52 at 10 shots. METEOR
follows the same pattern: LLaMA-3.1-8B peaks at
19.99 (3 shots) vs. 9.12 (10 shots), and Qwen2.5-7B
at 20.54 (3 shots) vs. 10.43 (10 shots). BERTScore
shows a more severe drop for Mistral-7B: from
54.32 at 1 shot to 40.96 at 10 shots, a 13-point
collapse. BLEU, while numerically small, also
collapses dramatically, LLaMA-3.1-8B drops from
5.15 (3 shots) to 1.15 (10 shots), and Mistral-7B
from 4.66 (3 shots) to 0.88 (10 shots), confirm-
ing that higher shot counts severely degrade output
quality at this scale.

Top-k: additional metrics (Figure 8). The
plateau behavior seen in ROUGE-L (main paper)
extends to all six additional metrics. ROUGE-1
changes by at most 0.13 points from k=5 to k=50
across all models. ROUGE-2 is similarly stable: for
example, LLaMA-3.1-70B moves from 7.44 (k=5)

to 7.45 (k=50), a negligible change. METEOR
plateaus by k=5 for most models, with variations
under 0.1 between k=5 and k=50. BERTScore is
the most stable metric of all: for LLaMA-3.1-8B,
it ranges only from 51.33 (k=1) to 51.53 (k=10),
a 0.20-point spread across all six k values. The
transition from k=1 to k=5 accounts for nearly all
the variation, and additional passages beyond k=5
provide no measurable benefit in any metric for any
model.
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Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 14.03 3.26 6.27 4.26 8.36 2.44 2.10 5.82

BioASQ 18.34 3.51 5.81 3.82 7.81 2.53 2.63 6.35
HealthCareMagic 12.97 3.69 5.64 3.72 8.10 2.51 2.23 5.55
Medical Textbooks 13.39 3.51 5.74 3.71 7.18 2.50 2.30 5.48
Yahoo Answers 12.37 3.48 5.90 3.57 7.76 2.48 2.20 5.39

LLaMA3.1-70B

w/o RAG 14.43 3.55 7.41 5.42 9.32 2.40 1.88 6.34

BioASQ 19.25 3.51 5.94 4.95 7.90 2.28 2.21 6.58
HealthCareMagic 15.52 3.66 6.49 5.89 9.29 2.27 2.15 6.47
Medical Textbooks 15.86 3.56 5.94 5.47 7.82 2.31 2.19 6.16
Yahoo Answers 15.31 3.58 6.28 5.39 8.45 2.28 2.23 6.22

Mistral-7B

w/o RAG 14.18 3.54 6.48 4.03 7.96 2.53 2.09 5.83

BioASQ 17.02 3.58 5.89 3.78 7.49 2.62 2.42 6.11
HealthCareMagic 14.47 3.94 6.34 3.86 8.23 2.64 2.46 5.99
Medical Textbooks 13.80 3.63 5.87 4.05 7.25 2.56 2.40 5.65
Yahoo Answers 14.75 3.64 6.43 4.02 8.19 2.67 2.47 6.02

Qwen2.5-7B

w/o RAG 13.42 3.30 6.70 3.98 7.20 2.44 1.83 5.55

BioASQ 15.68 3.38 6.50 3.77 7.19 2.48 2.13 5.88
HealthCareMagic 13.32 3.37 6.27 3.50 7.43 2.49 1.96 5.48
Medical Textbooks 14.02 3.44 6.40 3.87 6.95 2.45 2.14 5.61
Yahoo Answers 13.48 3.37 6.47 3.79 7.45 2.49 2.19 5.61

Qwen2.5-72B

w/o RAG 14.60 3.49 7.10 3.94 8.64 2.79 1.86 6.06

BioASQ 16.73 3.67 7.03 3.85 8.54 2.81 1.99 6.37
HealthCareMagic 16.03 3.70 6.93 3.72 9.11 2.83 1.88 6.31
Medical Textbooks 15.84 3.68 7.13 4.21 8.49 2.77 2.00 6.30
Yahoo Answers 16.27 3.54 7.06 3.79 9.25 2.83 2.02 6.39

Table 9: ROUGE-2 by model and retrieval corpus (open-ended datasets).

Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 36.34 22.91 24.67 20.15 30.51 15.46 7.36 22.49

BioASQ 40.24 23.93 25.59 18.91 27.02 15.61 8.84 22.88
HealthCareMagic 32.93 24.57 24.44 18.60 29.30 15.52 8.25 21.94
Medical Textbooks 34.70 24.06 25.33 18.93 26.58 15.54 8.06 21.89
Yahoo Answers 33.68 23.93 25.32 18.17 28.70 15.39 7.61 21.83

LLaMA3.1-70B

w/o RAG 36.80 24.87 28.54 22.23 31.57 15.73 6.76 23.79

BioASQ 41.45 24.77 24.03 20.40 24.68 15.60 7.27 22.60
HealthCareMagic 37.14 24.93 24.74 22.31 28.36 15.78 7.29 22.94
Medical Textbooks 37.13 24.84 23.85 21.65 23.59 15.70 7.27 22.00
Yahoo Answers 36.85 24.99 24.00 21.25 25.75 15.79 7.52 22.31

Mistral-7B

w/o RAG 37.56 25.83 27.02 20.79 31.15 16.38 7.70 23.78

BioASQ 40.46 26.16 26.82 20.35 28.71 16.94 8.66 24.01
HealthCareMagic 38.66 26.97 27.78 20.50 30.78 16.99 8.57 24.32
Medical Textbooks 36.24 25.98 26.62 21.03 29.13 16.73 8.46 23.46
Yahoo Answers 37.99 26.58 27.77 20.63 30.59 17.17 8.91 24.23

Qwen2.5-7B

w/o RAG 36.89 24.77 27.60 20.11 29.91 15.82 7.56 23.24

BioASQ 38.95 24.79 27.49 20.09 29.51 15.76 7.71 23.47
HealthCareMagic 36.58 24.67 27.22 19.21 30.42 15.78 7.60 23.07
Medical Textbooks 37.09 24.78 27.41 20.29 29.33 15.86 7.85 23.23
Yahoo Answers 36.88 24.88 27.95 20.00 30.47 15.87 7.84 23.41

Qwen2.5-72B

w/o RAG 38.75 25.07 28.29 19.96 31.91 16.35 7.64 24.00

BioASQ 40.53 25.08 27.95 19.95 32.08 16.35 7.65 24.23
HealthCareMagic 40.12 25.22 27.84 19.28 32.85 16.37 7.42 24.16
Medical Textbooks 39.26 25.23 28.13 20.60 31.78 16.32 7.63 24.14
Yahoo Answers 40.47 25.21 28.48 19.55 32.93 16.44 7.76 24.41

Table 10: ROUGE-1 by model and retrieval corpus (open-ended datasets).

905



Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 61.72 51.39 55.50 51.82 56.98 46.44 43.43 52.47

BioASQ 62.88 52.44 55.04 50.84 56.88 47.07 44.78 52.85
HealthCareMagic 57.43 52.56 54.25 49.98 56.72 47.17 43.52 51.66
Medical Textbooks 59.87 52.40 54.81 50.53 56.03 47.05 44.45 52.16
Yahoo Answers 58.37 52.29 55.13 49.41 56.61 47.03 43.98 51.83

LLaMA3.1-70B

w/o RAG 61.74 52.47 57.29 52.91 58.43 46.69 43.20 53.25

BioASQ 63.96 52.40 54.45 52.27 56.84 46.63 44.30 52.97
HealthCareMagic 60.41 52.58 55.53 53.46 58.35 46.55 44.36 53.03
Medical Textbooks 61.08 52.44 54.78 53.15 56.45 46.53 44.34 52.68
Yahoo Answers 60.87 52.31 55.02 52.54 57.38 46.57 44.37 52.72

Mistral-7B

w/o RAG 62.52 53.37 57.13 51.96 58.17 47.76 44.21 53.59

BioASQ 63.06 53.49 55.84 51.23 57.33 48.08 45.52 53.51
HealthCareMagic 61.77 54.04 56.87 51.41 58.29 48.10 45.20 53.67
Medical Textbooks 61.05 53.43 56.09 52.10 57.10 48.05 45.20 53.29
Yahoo Answers 61.76 53.47 56.77 51.22 58.11 48.20 45.32 53.55

Qwen2.5-7B

w/o RAG 61.28 52.02 55.81 50.94 56.07 46.07 42.91 52.16

BioASQ 63.23 52.62 56.13 51.36 57.06 46.62 44.09 53.02
HealthCareMagic 61.36 52.55 56.10 50.74 57.33 46.61 43.68 52.62
Medical Textbooks 61.83 52.54 56.24 51.79 56.89 46.55 44.17 52.86
Yahoo Answers 61.28 52.44 56.38 51.10 57.37 46.71 44.09 52.77

Qwen2.5-72B

w/o RAG 62.26 51.56 56.45 50.50 57.26 46.40 42.58 52.43

BioASQ 64.30 51.92 56.60 50.98 57.86 46.63 43.34 53.09
HealthCareMagic 63.05 52.07 56.40 50.26 58.04 46.69 42.94 52.78
Medical Textbooks 63.07 51.93 56.81 51.54 57.75 46.57 43.29 52.99
Yahoo Answers 63.56 51.88 56.73 50.53 58.20 46.72 43.33 52.99

Table 11: BERTScore by model and retrieval corpus (open-ended datasets).

Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 29.84 16.50 21.84 16.05 19.09 14.75 11.96 18.58

BioASQ 30.92 18.70 18.82 13.82 15.97 15.26 13.02 18.07
HealthCareMagic 25.69 19.11 18.89 13.64 18.37 15.32 12.18 17.60
Medical Textbooks 26.58 18.73 18.44 12.92 15.40 15.18 12.69 17.13
Yahoo Answers 25.73 18.92 19.28 13.36 17.66 15.21 12.22 17.48

LLaMA3.1-70B

w/o RAG 30.51 18.85 20.65 16.62 19.02 14.93 11.89 18.92

BioASQ 31.90 18.37 15.08 13.76 13.04 14.37 12.67 17.03
HealthCareMagic 28.27 18.32 15.92 14.63 15.86 14.25 12.59 17.12
Medical Textbooks 27.75 18.45 14.77 13.60 12.16 14.42 12.48 16.23
Yahoo Answers 28.76 18.35 14.40 13.01 14.09 14.22 12.68 16.50

Mistral-7B

w/o RAG 29.90 19.29 21.74 15.24 18.92 15.79 12.88 19.11

BioASQ 31.67 19.31 18.94 14.06 16.13 15.79 14.19 18.58
HealthCareMagic 29.29 19.45 19.85 13.98 18.09 15.91 13.94 18.64
Medical Textbooks 28.42 19.40 19.41 14.61 16.69 15.78 14.00 18.33
Yahoo Answers 30.11 19.25 19.49 13.85 17.76 15.82 14.49 18.68

Qwen2.5-7B

w/o RAG 30.05 19.22 22.34 14.73 18.89 15.69 12.69 19.09

BioASQ 31.30 19.35 20.66 14.56 18.15 15.74 13.05 18.97
HealthCareMagic 29.74 19.28 20.91 14.10 19.02 15.68 12.91 18.81
Medical Textbooks 30.02 19.40 20.46 14.58 17.75 15.77 13.28 18.75
Yahoo Answers 29.19 19.09 20.49 14.09 19.21 15.63 13.38 18.73

Qwen2.5-72B

w/o RAG 31.11 19.12 22.27 14.45 20.09 15.98 12.60 19.37

BioASQ 34.05 19.44 22.01 15.07 19.86 16.05 12.97 19.92
HealthCareMagic 33.11 19.58 22.18 14.69 20.62 16.07 12.60 19.84
Medical Textbooks 32.75 19.45 22.15 15.30 19.86 16.04 12.82 19.77
Yahoo Answers 33.44 19.24 21.90 14.36 20.73 16.10 12.97 19.82

Table 12: METEOR by model and retrieval corpus (open-ended datasets).
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Model Retrieval Dataset BioASQ ChatDoctor/iCliniq MashQA MedicationQA MedQuAD MedRedQA MeQSum Average

LLaMA3.1-8B

w/o RAG 12.92 0.72 1.42 1.13 2.54 0.47 0.40 2.80

BioASQ 19.08 0.77 1.52 1.00 1.99 0.48 0.53 3.62
HealthCareMagic 10.52 0.82 1.39 0.99 2.34 0.48 0.50 2.43
Medical Textbooks 12.99 0.78 1.49 1.02 1.83 0.48 0.49 2.73
Yahoo Answers 10.79 0.76 1.53 0.97 2.16 0.47 0.44 2.45

LLaMA3.1-70B

w/o RAG 13.32 0.84 2.03 1.42 3.08 0.47 0.31 3.07

BioASQ 19.76 0.85 1.56 1.19 1.73 0.49 0.39 3.71
HealthCareMagic 14.16 0.92 1.72 1.57 2.58 0.48 0.44 3.12
Medical Textbooks 15.92 0.87 1.47 1.53 1.67 0.48 0.41 3.19
Yahoo Answers 13.97 0.92 1.54 1.43 2.03 0.49 0.47 2.98

Mistral-7B

w/o RAG 13.09 0.76 1.62 1.06 2.28 0.47 0.35 2.80

BioASQ 17.25 0.83 1.67 1.07 2.12 0.51 0.45 3.41
HealthCareMagic 13.74 0.96 1.69 1.12 2.35 0.53 0.43 2.97
Medical Textbooks 12.71 0.81 1.58 1.15 2.01 0.50 0.45 2.74
Yahoo Answers 14.32 0.86 1.75 1.14 2.44 0.52 0.46 3.07

Qwen2.5-7B

w/o RAG 11.83 0.68 1.65 1.03 1.99 0.43 0.33 2.56

BioASQ 15.71 0.73 1.77 1.04 2.11 0.45 0.37 3.17
HealthCareMagic 11.85 0.71 1.61 0.94 2.13 0.45 0.35 2.58
Medical Textbooks 13.12 0.74 1.68 1.07 1.97 0.45 0.39 2.77
Yahoo Answers 11.51 0.73 1.66 1.06 2.15 0.47 0.38 2.57

Qwen2.5-72B

w/o RAG 13.58 0.72 1.84 1.12 2.65 0.49 0.31 2.96

BioASQ 16.43 0.76 1.83 1.10 2.59 0.51 0.34 3.37
HealthCareMagic 14.51 0.78 1.80 0.99 2.88 0.52 0.32 3.11
Medical Textbooks 14.67 0.77 1.89 1.12 2.62 0.50 0.34 3.13
Yahoo Answers 14.79 0.75 1.92 1.04 2.95 0.53 0.36 3.19

Table 13: BLEU by model and retrieval corpus (open-ended datasets).

Figure 7: Additional open-ended metrics across shot counts (few-shot ablation).

907



Figure 8: Additional open-ended metrics across top-k values.
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Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 22.20 22.63 22.32 21.75
HealthCareMagic 21.09 21.70 21.48 21.48
Medical Textbooks 21.48 21.31 21.75 21.40
Yahoo Answers 21.30 21.66 21.43 20.55

Average 21.52 21.83 21.74 21.30

LLaMA3.1-70B

BioASQ 21.58 22.40 21.82 21.68
HealthCareMagic 22.50 22.63 22.90 22.62
Medical Textbooks 21.30 21.54 21.81 21.56
Yahoo Answers 21.64 21.98 22.25 21.56

Average 21.76 22.14 22.20 21.85

Mistral-7B

BioASQ 23.60 23.88 23.59 23.31
HealthCareMagic 23.98 23.97 24.00 24.07
Medical Textbooks 23.31 23.35 23.20 23.32
Yahoo Answers 23.88 23.90 24.06 24.01

Average 23.69 23.77 23.71 23.68

Qwen2.5-7B

BioASQ 23.05 23.34 23.18 22.98
HealthCareMagic 22.84 22.97 22.91 22.79
Medical Textbooks 22.87 23.18 23.01 23.14
Yahoo Answers 23.00 23.17 23.39 23.24

Average 22.94 23.17 23.12 23.04

Qwen2.5-72B

BioASQ 24.03 24.09 23.91 24.01
HealthCareMagic 23.83 23.91 23.90 24.13
Medical Textbooks 24.03 24.05 23.90 23.97
Yahoo Answers 24.00 24.11 24.37 24.22

Average 23.97 24.04 24.02 24.08

Table 14: ROUGE-1 by retrieval method.

Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 6.03 6.25 5.74 5.51
HealthCareMagic 5.16 5.41 5.36 5.37
Medical Textbooks 5.27 5.33 5.41 5.33
Yahoo Answers 5.27 5.34 5.26 5.12

Average 5.43 5.58 5.44 5.33

LLaMA3.1-70B

BioASQ 6.00 6.50 5.87 5.73
HealthCareMagic 6.11 6.31 6.46 6.19
Medical Textbooks 5.70 5.81 6.01 5.97
Yahoo Answers 5.90 6.00 6.03 5.71

Average 5.93 6.16 6.10 5.90

Mistral-7B

BioASQ 5.85 6.03 5.62 5.64
HealthCareMagic 5.81 5.86 5.86 5.91
Medical Textbooks 5.52 5.61 5.50 5.50
Yahoo Answers 5.91 5.93 5.91 5.91

Average 5.77 5.86 5.72 5.74

Qwen2.5-7B

BioASQ 5.48 5.77 5.52 5.36
HealthCareMagic 5.25 5.36 5.35 5.36
Medical Textbooks 5.34 5.59 5.45 5.45
Yahoo Answers 5.47 5.52 5.47 5.48

Average 5.39 5.56 5.45 5.41

Qwen2.5-72B

BioASQ 6.22 6.27 6.03 6.21
HealthCareMagic 6.10 6.18 6.24 6.26
Medical Textbooks 6.24 6.21 6.05 6.22
Yahoo Answers 6.18 6.22 6.33 6.35

Average 6.19 6.22 6.16 6.26

Table 15: ROUGE-2 by retrieval method.

Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 3.32 3.59 3.10 2.81
HealthCareMagic 2.11 2.36 2.38 2.31
Medical Textbooks 2.47 2.61 2.70 2.48
Yahoo Answers 2.42 2.43 2.34 2.20

Average 2.58 2.75 2.63 2.45

LLaMA3.1-70B

BioASQ 3.26 3.67 3.15 2.94
HealthCareMagic 2.90 2.89 3.12 2.94
Medical Textbooks 2.81 2.80 2.85 3.10
Yahoo Answers 2.73 2.86 2.96 2.77

Average 2.93 3.06 3.02 2.94

Mistral-7B

BioASQ 3.19 3.38 2.93 2.68
HealthCareMagic 2.77 2.89 2.92 2.94
Medical Textbooks 2.66 2.70 2.69 2.56
Yahoo Answers 2.95 3.01 2.95 2.98

Average 2.89 3.00 2.87 2.79

Qwen2.5-7B

BioASQ 2.76 3.14 2.67 2.46
HealthCareMagic 2.39 2.45 2.54 2.50
Medical Textbooks 2.53 2.76 2.56 2.46
Yahoo Answers 2.52 2.54 2.51 2.55

Average 2.55 2.72 2.57 2.49

Qwen2.5-72B

BioASQ 3.24 3.34 3.05 3.06
HealthCareMagic 2.95 2.95 3.10 3.10
Medical Textbooks 3.12 3.01 2.93 3.01
Yahoo Answers 3.01 3.11 3.14 3.18

Average 3.08 3.10 3.06 3.09

Table 16: BLEU by retrieval method.

Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 17.19 17.54 17.55 17.27
HealthCareMagic 16.53 17.02 17.17 17.05
Medical Textbooks 16.77 16.76 17.06 16.96
Yahoo Answers 17.04 17.32 17.27 16.62

Average 16.88 17.16 17.26 16.98

LLaMA3.1-70B

BioASQ 16.11 16.55 16.32 16.17
HealthCareMagic 16.56 16.70 17.07 16.82
Medical Textbooks 15.65 15.77 16.17 15.86
Yahoo Answers 15.94 16.04 16.36 16.08

Average 16.06 16.26 16.48 16.23

Mistral-7B

BioASQ 18.03 18.38 18.13 18.00
HealthCareMagic 18.33 18.36 18.44 18.45
Medical Textbooks 18.12 18.08 18.14 18.12
Yahoo Answers 18.34 18.39 18.31 18.55

Average 18.20 18.30 18.25 18.28

Qwen2.5-7B

BioASQ 18.37 18.74 18.59 18.43
HealthCareMagic 18.48 18.44 18.70 18.61
Medical Textbooks 18.40 18.67 18.49 18.44
Yahoo Answers 18.53 18.46 18.64 18.59

Average 18.44 18.58 18.61 18.52

Qwen2.5-72B

BioASQ 19.63 19.76 19.56 19.52
HealthCareMagic 19.55 19.65 19.81 19.57
Medical Textbooks 19.65 19.61 19.44 19.61
Yahoo Answers 19.52 19.53 19.65 19.71

Average 19.59 19.64 19.61 19.60

Table 17: METEOR by retrieval method.
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Model Retrieval Dataset BM25 Hybrid MedCPT TF-IDF

LLaMA3.1-8B

BioASQ 52.48 52.72 52.54 52.08
HealthCareMagic 50.92 51.33 51.24 51.37
Medical Textbooks 51.75 51.82 52.14 51.73
Yahoo Answers 51.43 51.71 51.53 50.80

Average 51.65 51.89 51.86 51.49

LLaMA3.1-70B

BioASQ 52.36 52.88 52.52 52.07
HealthCareMagic 52.69 52.84 52.94 52.78
Medical Textbooks 52.02 52.38 52.62 52.25
Yahoo Answers 52.25 52.62 52.65 52.03

Average 52.33 52.68 52.68 52.28

Mistral-7B

BioASQ 53.25 53.39 53.24 53.04
HealthCareMagic 53.47 53.55 53.53 53.56
Medical Textbooks 53.12 53.16 53.04 53.03
Yahoo Answers 53.40 53.43 53.50 53.39

Average 53.31 53.39 53.33 53.26

Qwen2.5-7B

BioASQ 52.72 52.96 52.80 52.53
HealthCareMagic 52.37 52.45 52.51 52.37
Medical Textbooks 52.52 52.81 52.73 52.64
Yahoo Answers 52.65 52.64 52.75 52.60

Average 52.57 52.71 52.70 52.54

Qwen2.5-72B

BioASQ 52.93 53.01 52.87 52.90
HealthCareMagic 52.60 52.70 52.74 52.69
Medical Textbooks 52.89 52.87 52.84 52.85
Yahoo Answers 52.74 52.85 52.92 52.86

Average 52.79 52.86 52.84 52.83

Table 18: BERTScore by retrieval method.
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