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Abstract

Integrating knowledge from scientific literature is essential in
biomedical research. However, the rapid growth of scientific
literature makes staying up to date increasingly challenging.
Retrieval-Augmented Generation (RAG) offers a promising
framework, but its effectiveness in specialized biomedical do-
mains remains unclear. In this work, we propose a two-stage
retrieval pipeline for RAG, with a focus on Bordetella pertus-
sis as a case study. Our method first applies hard filtering with
synonym expansion to eliminate irrelevant passages, and then
performs hybrid search, followed by reranking. We evaluate
our approach using a dataset of 58 pertussis-related queries
with automatic relevance judgments from multiple large lan-
guage models(LLMs). Experimental results show that our
pipeline improves MAP@10 by 13.4-20.4 points compared
with existing methods and achieves the highest MRR@10.
Furthermore, consistent improvements across different LLMs
highlight the effectiveness of our approach.

Introduction

Integrating knowledge from scientific literature is essential
for discovering new research directions, refining method-
ologies, and supporting evidence-based decision making.
In medicine, it plays a particularly important role in drug
discovery, clinical therapies, and pathological research(Luo
et al. 2022). For example, in pertussis research, the develop-
ment of therapeutic strategies requires identifying proteins
that interact with those produced by Bordetella pertussis.
However, due to the high experimental cost, it is neces-
sary to narrow down candidates with reference to the sci-
entific literature. Nevertheless, this task is further compli-
cated by the fact that relevant scientific literature are dis-
persed across multiple fields, and the volume of research
continues to grow rapidly, staying up to date has become
challenging. Given these challenges, computational meth-
ods that can efficiently leverage scientific literature are cru-
cial. Recent advances in Retrieval-Augmented Generation
(RAG)(Lewis et al. 2020; Ram et al. 2023) offer a promis-
ing direction. RAG enables language models to retrieve and
integrate up-to-date, domain-specific knowledge from exter-
nal sources at inference. The overall performance of RAG
depends largely on the search results retrieved from external
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knowledge sources. Consequently, many recent studies have
focused on innovations in retrieval methods. However it re-
mains unclear whether these approaches are effective in spe-
cialized, terminology-heavy medical texts. In this work, we
contribute a domain-specific retrieval system tailored for sci-
entific literature, with B. pertussis as a case study. Our goal
is to demonstrate how improved retrieval enhances knowl-
edge integration in terminology-heavy biomedical contexts.

Methods

We propose a two-stage retrieval pipeline, which consists of
hard filtering and hybrid retrieval with a reranker.

Hard filtering. The initial stage of the retrieval pipeline
removes irrelevant passages using keywords extracted from
the query and their synonyms. Specifically, keywords are ex-
tracted from the query using LLMs, and the terms are limited
through rule-based criteria. Synonyms for these terms are
then generated by LLMs. By incorporating synonyms into
hard filtering, this process helps mitigate the risk of missing
relevant passages due to variations in keyword expression.

Hybrid search with a reranker. We construct the hybrid
search by combining vector search and keyword search. Fol-
lowing HyDE(Gao et al. 2023), we generate three hypothet-
ical documents for vector search and extract keywords from
them for keyword search. The results of the two searches
are then integrated using Reciprocal Rank Fusion (RRF),
where k is fixed to 60. To evaluate relevance scores accu-
rately, we apply a reranker using GPT-4.1, which selects the
top-INV passages as the final retrieval results.

Datastore. The retrieval sources in our pipeline con-
sist of 76,496 abstracts collected from PubMed with re-
gard to the medical bacteriology area, especially focus-
ing on Bordetella including causative agency of whooping
cough. In this work, we use two datastores: one for key-
word search, which stores documents as plain text, and the
other for vector search where documents are chunked and
converted into embeddings. Specifically, each passage con-
sists of five sentences, with an overlap of two sentences. We
then generate embeddings for each passage using the Open-
Scholar_Retriever(Asai et al. 2024).

Evaluation. Following PubMedQA(Jin et al. 2019), we
constructed a test dataset from PubMed under the same
datastore conditions, consisting of 58 queries with Gold-
standard labels—Yes, No, and Maybe—annotated by do-



main experts. To evaluate passage relevance, we introduce
an automatic evaluation approach using GPT-40, Gemini 2.5
Pro, and Claude Sonnet 4. The evaluation prompts are based
on UMBRELA(Upadhyay et al. 2024) and are designed to
output a 0-3 relevance score. Finally, the scores are binarized
and mapped to labels of relevant and non-relevant. Further-
more, we report MAP@ 10 as the retrieval performance met-
ric. However, due to LLM-based evaluation is too costly for
the entire corpus, we redefine MAP @k by fixing the denom-
inator to k. Formally, redefined MAP @k can be represented
as:
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MAP@10 scores, but it remains suitable for relative perfor-
mance comparison between different models.
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Results and Discussion

Comparison of retrieval performance. The compari-
son results with existing methods such as HyDE, RAG-
Fusion(Raudaschl 2023), and a hybrid search are shown in
Table 1 (top). In terms of MAP@10, our proposed method
achieved an improvement of 13.4 to 20.4 points. These re-
sults confirm that our proposed two-stage retrieval pipeline
can lead to notable performance improvements. Regarding
MRR @10, our approach achieved the highest score com-
pared with existing methods. However, hard filtering is lim-
ited, as it risks discarding relevant passages in cases where
only a small number of such passages exist for a query. As
shown in Table 1 (bottom), MAP@ 10 changed little while
MRR @10 decreased, but excluding queries with zero rele-
vant passages revealed greater gains in MAP@10 and im-
proved MRR@ 10 over the no-filtering setting. These find-
ings indicate that hard filtering functions effectively for the
majority of queries, and appropriate tuning of the filtering
conditions could lead to further performance improvements.

Performance on downstream tasks. The comparison re-
sults with each LLM are shown in Table 2. The results
clearly demonstrate that our approach consistently achieves
the highest scores across all LLMs. These results suggest
that the improvements achieved by our method extend be-
yond the retrieval stage, having beneficial effects on down-

| MAP@10 MRR@10
Performance across all queries

HyDE 18.7 67.1
RAG-Fusion 21.5 77.7
Hybrid Search 25.7 89.0
Ours w/o hard filtering 38.9 96.3
Ours 39.1 92.2
Excluding zero-result queries

Ours w/o hard filtering 40.1 98.8
Ours 42.0 99.1

Table 1: Comparison of Retrieval Performance
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| Acc.  Macro-F1  Weighted-F1
GPT4.1
HyDE 48.3 43.4 523
RAG-Fusion 55.1 48.1 58.6
Hybrid Search | 55.2 49.9 58.1
Ours 60.3 54.9 63.9
Claude Sonnet 4
HyDE 48.3 40.2 50.3
RAG-Fusion 56.9 36.4 57.4
Hybrid Search | 56.9 34.8 57.2
Ours 62.1 48.0 62.0
Gemini 2.5 Pro
HyDE 48.3 41.9 51.1
RAG-Fusion 56.9 48.1 58.9
Hybrid Search | 55.2 48.4 58.6
Ours 61.0 57.0 65.0

Table 2: Performance on Downstream Tasks for each LLM
(Acc. denotes Accuracy).

stream tasks as well. Since the observed performance differ-
ences across models were relatively small, it is indicated that
our proposed approach does not rely on a specific LLM and
can be applied effectively across a wide range of models.

Conclusion

In this work, we proposed a retrieval system designed for
retrieval-augmented generation to support knowledge inte-
gration from scientific literature. Our approach introduced a
two-stage retrieval pipeline consisting of hard filtering and
hybrid search with a reranker.

The experimental results showed that our method signif-
icantly improved retrieval performance compared to exist-
ing methods, achieving the highest scores in both MAP@ 10
and MRR@10. While hard filtering may exclude relevant
passages, it was shown to be effective in the majority of
cases. Furthermore, our approach consistently outperformed
all baseline methods across multiple LLMs in downstream
tasks. This suggests that the improvements in retrieval stage
contribute positively to downstream tasks. In addition, the
relatively small performance differences between LLMs in-
dicate that our method is not dependent on any specific lan-
guage model and can be effectively applied across a wide
range of language models.

Finally, we utilized PubMedQA by using paper titles as
user queries in our evaluation. Nevertheless, it is still un-
clear whether this setting accurately reflects expert questions
in real-world scenarios. Furthermore, several limitations ex-
ist in this work. First, while hard filtering enhances over-
all effectiveness, it may also inadvertently exclude relevant
passages, and its impact requires more detailed investiga-
tion. Second, although our approach has the potential to be
applied beyond the pertussis domain to other medical fields,
the dataset used in this work is limited in scale, and therefore
the generalization performance needs to be carefully consid-
ered.
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