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Query pipeline optimization for cancer patient
question answering systems
Maolin He, Rena Gao, Mike Conway, and Brian E. Chapman

Abstract— Retrieval-augmented generation (RAG) miti-
gates hallucination in Large Language Models (LLMs) by
using query pipelines to retrieve relevant external infor-
mation and grounding responses in retrieved knowledge.
However, query pipeline optimization for cancer patient
question-answering (CPQA) systems requires separately
optimizing multiple components with domain-specific con-
siderations. We propose a novel three-aspect optimization
approach for the RAG query pipeline in CPQA systems,
utilizing public biomedical databases like PubMed and
PubMed Central. Our optimization includes: (1) document
retrieval, utilizing a comparative analysis of NCBI resources
and introducing Hybrid Semantic Real-time Document Re-
trieval (HSRDR); (2) passage retrieval, identifying optimal
pairings of dense retrievers and rerankers; and (3) semantic
representation, introducing Semantic Enhanced Overlap
Segmentation (SEOS) for improved contextual understand-
ing. On a custom-developed dataset tailored for cancer-
related inquiries, our optimized RAG approach improved
the answer accuracy of Claude-3-haiku by 5.24% over
chain-of-thought prompting and about 3% over a naive RAG
setup. This study highlights the importance of domain-
specific query optimization in realizing the full potential of
RAG and provides a robust framework for building more
accurate and reliable CPQA systems, advancing the devel-
opment of RAG-based biomedical systems.

Index Terms— Biomedical computing, Oncology, Large
language models

I. INTRODUCTION

Question-answering (QA) tasks are crucial in the biomedical
domain, where timely and accurate responses can impact
human lives. With more than a million new citations added
to PubMed annually [1], healthcare professionals and patients
face an overwhelming influx of information, highlighting the
need to quickly process, analyze and summarize the vast
biomedical literature. Large Language Models (LLMs) have
revolutionized QA tasks in diverse domains [2]. Unlike tradi-
tional search engines that rely on keyword matching, LLMs
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leverage transformer architectures to capture semantic relation-
ships and nuances, enabling them to find semantically relevant
information and process it into precise, coherent answers.
Thus, LLM-based QA systems reduce users’ need to syn-
thesize the data manually. However, LLMs face a significant
challenge: hallucination—producing fluent but unfaithful or
nonsensical responses [3]. Further, LLMs rely on pre-trained
data, which may lack domain-specific or real-time knowledge
[2]. These issues are particularly acute in healthcare [4], where
inaccuracy can have severe consequences [5], requiring the QA
system to demonstrate accuracy, reliability, and currency.

Retrieval-Augmented Generation (RAG) [6] is a solution
to these challenges by guiding LLMs in generating accurate
responses by retrieving relevant external information, rather
than relying solely on the model’s neural weights. This ap-
proach can enhance performance in knowledge-intensive tasks
[7] and open-domain QA. Especially in medical QA systems
where questions are knowledge-intensive, LLMs excel as gen-
erators rather than knowledge databases [8]. Retrieval quality
is crucial for RAG performance [9] due to the “distraction
phenomenon,” where irrelevant retrieval results in the prompt
degrade response quality [10]. Prior work on retrieval quality
has explored multi-step retrieval methods, such as recursive
[11], iterative [12], and multi-hop retrieval [13]. These meth-
ods repeatedly use the query pipeline to retrieve potentially
query-related evidence, but irrelevant retrieval results in any
step can cause cascading errors [14], highlighting the need for
query pipeline optimization. However, systematic optimization
of the query pipeline in a RAG-based Cancer Patient Question
Answering (CPQA) system remains underexplored.

Query pipeline data for CPQA requires reliability and
accessibility. Thus, we used two knowledge resources provided
by the National Center for Biotechnology Information (NCBI)
through E-Utilities (APIs for search and download) [15]:
PubMed, which provides literature abstracts [16], and PubMed
Central (PMC), which offers full-text articles for a subset
of the biomedical literature [17]. While most studies rely
on PubMed [18], [19], we explored the utility of different
NCBI resources for document retrieval. Additionally, we op-
timized three key query pipeline components. Specifically,
we investigated three document retrieval methods, explored
combinations of four dense retrievers (embedding models) and
two reranker models for two-stage passage retrieval, and devel-
oped a novel text segmentation technique for precise semantic
representation. By keeping the generation module fixed, the
accuracy of the generated answers on our comprehensive
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cancer QA dataset can be used to identify optimal knowledge
sources and assess the performance changes due to different
query pipeline components. Our contributions include:

• We make the first comparative analysis of different NCBI
sources for CPQA, showing that PMC reviews have a
higher retrieval value than non-review PMC papers, while
PubMed abstracts dominate retrieval data sources.

• For NCBI resources, we propose Hybrid Semantic Real-
time Document Retrieval (HSRDR), the first work to
combine real-time Boolean search (via E-Utilities with
LLM-rewritten queries) and MedCPT [20] search.

• For passage retrieval, we investigate optimal pairings of
dense retrievers and rerankers, revealing rerankers varied
impacts on dense retrievers and the superior performance
of domain-specific over general models.

• We propose Semantic Enhanced Overlap Segmentation
(SEOS), a novel text segmentation method integrating
sentence semantics and embedding model impacts while
utilizing chunk overlap for richer context.

II. BACKGROUND

A. Data Source and Methods of Document Retrieval
Document retrieval identifies candidate documents for an-

swer generation [21]. Utilizing PubMed and PMC for CPQA
presents challenges: many articles lack valid abstracts [2],
and older publications are often irrelevant to contemporary
cancer queries. NCBI online searches’ performance relies on
effectively using Medical Subject Heading (MeSH) terms and
Boolean operators. E-Utilities can employ its built-in translator
to incorporate relevant MeSH terms, lexical variants, and
common synonyms for medical term expansion to enhance
query coverage [15], making it suitable for online search
patient queries. However, the E-Utilities tool remains limited
by the need to convert original queries to Boolean operators
and its term-based orientation, which constrains its capacity for
semantic processing. While semantic search improves query
understanding, it can miss recent publications and require more
overhead and extensive preprocessing. These issues highlight
the need for innovative document retrieval approaches.

B. Two-Stage Passage Retrieval
The two main retrieval methods are (i) sparse retrieval

(such as BM25 [22]), which struggles with lexicon mismatches
and capturing semantic relationships, and (ii) dense retrieval,
which improves semantic matching by encoding text into
dense vector representations and calculating vector similarity.
Due to vocabulary and semantic shifts, effective dense retrieval
in the medical domain requires adapting embedding models
(dense retrievers) via domain-specific continuous pre-training
or fine-tuning [20], which is expensive and time-consuming.
Therefore, it is practical to use off-the-shelf, domain-specific
dense retrievers. Retrieval quality improves when rerankers,
trained on bi-encoders or cross-encoders [23], perform de-
tailed similarity assessments and then reorder the top-k results
from dense retrievers [24]. This two-stage retrieval approach
requires compatibility between the embedding models and the
reranking models. Exploring the optimal pairing of these two
components is therefore crucial.

C. Precise Semantic Representation
Precise semantic representation is essential for information

retrieval, requiring two key elements: precise text representa-
tion such as the word embeddings used in dense retrievers,
and optimized text chunking that determines the granularity
of document segmentation. Naive chunking methods, splitting
documents into passages with fixed chunk size (the maximum
tokens per chunk) [25], risk truncating sentences mid-way
and losing ordering information between chunks. To mitigate
these issues, the Sentence Splitter in LlamaIndex, for example,
parses text with a preference for complete sentences and
introduces chunk overlap, where adjacent chunks share a
specified number of tokens [26]. An advanced variant, the
Sentence Window Splitter, expands each sentence-group chunk
to include a fixed-size window of surrounding sentences. How-
ever, these methods’ reliance on predefined fixed parameters
(chunk size and window size) can lead to inflexible chunk
boundaries. The text tiling algorithm [27] uses lexical simi-
larity between sentence groups to identify more natural topic
boundaries, but its reliance on simple lexical matching limits
its effectiveness in domains with rich semantically equivalent
but lexically different terms. The critical limitations across
existing chunking methods are their ignorance of semantic
information and the the fact that different embedding models
have distinct chunk configurations [25].

III. METHODS

A. Data collection
Prior studies primarily evaluated QA systems using datasets

covering broad medical topics [28]–[30]. This approach may
fail to capture the nuances of cancer-specific inquiries. For
this project we constructed a cancer-specific datset by apply-
ing a MeSH-based filter to existing biomedical QA datasets
to identify cancer-specific questions. Specifically, this study
used all terms and synonyms under the ’neoplasm’ MeSH
subtree to identify cancer-related questions, ensuring com-
prehensive coverage. We applied our MeSH-based filter to
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Fig. 1. Description of filtered cancer QA datasets used in this study.

six widely used medical QA datasets to create cancer-related
evaluation datasets (Figure 1). For performance assessment,
using multiple-choice questions simplifies evaluation, elim-
inates biases from text similarity computations or human
annotation, and aligns with large-scale medical QA systems
evaluations [28]–[30]. Therefore, we constructed the Cancer-
related Multiple-choice Medical QA Dataset (CMMQA) from
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five multiple-choice medical QA datasets: PubMedQA [31]
and BioASQ [2] are biomedical QA datasets with answers
from biomedical research. MMLU-Med [29] is a QA subset
of six biomedical tasks in Massive Multitask Language Un-
derstanding (MMLU) [32]. MedQA [33] collected questions
from the US Medical Licensing Examination (USMLE). For
MedMCQA, which contains questions from Indian medical en-
trance exams [34], only the Dev set with the ground truth was
utilized. Another dataset, the “Health” dataset [35], comprising
general consumer search queries, lacks definitive answers and
is therefore unsuitable for accuracy assessment. However, its
varied question lengths make it suitable for investigating the
impact of question length on document retrieval methods.

B. Data Source and Methods of Document Retrieval

We created an LLM Rewrite Module to convert the com-
plex, natural language questions into Boolean expressions for
querying PubMed and PMC. Considering original consumer
questions contain orthographic and grammatical errors and
vary in length [36], [37], the LLM Rewrite Module operates in
two steps: 1) query processing: the LLM employs traditional
text normalization processes (like lowercase conversion and
tokenization) [38] after error correction, then analyzes the
processed questions to identify key concepts, relationships, and
the overall intents. 2) Boolean expression generation: based
on the above step, the module constructs a series of Boolean
expressions from highly specific to more general formulations,
allowing for flexible search via E-Utilities. For robustness,
we implement a fallback strategy that iteratively applies the
generated Boolean expressions, starting from the most specific
and progressively moving to more relaxed versions (e.g.,
replacing AND with OR or removing highly specific terms
while retaining core concepts) until a sufficient number of
relevant documents are retrieved. This approach balances the
precision of specific queries and broader searches, ensuring
comprehensive results even for complex or unusual queries.

To address the semantic limitations of term-based search,
we proposed Hybrid Semantic Real-time Document Retrieval
(HSRDR), combining our enhanced term-based real-time
search with semantic similarity-based search using the off-the-
shelf MedCPT transformer model, which has been designed
for zero-shot semantic retrieval of PubMed content [20].
MedCPT is trained for query-article retrieval and achieves a
balance between performance and efficiency, making it ideal
for semantic document retrieval. Additionally, NCBI provides
pre-computed MedCPT embeddings for most PubMed ab-
stracts, eliminating the need to download, embed, or store the
corpus. These embeddings enable efficient FAISS (Facebook
AI Similarity Search) index construction. Furthermore, Med-
CPT can return the unique PubMed identifier (PMID), which
is used to download the corresponding articles.

The HSRDR is a dual-path retrieval framework (Figure
2), integrating semantic search (via MedCPT) and enhanced
term-based search (via E-Utilities with LLM-rewritten queries)
across three data sources: PubMed Abstracts (D1), PMC
Reviews (D2), and other PMC documents (D3). After getting
PMIDs of related documents through both search approaches,

we use E-Utilities for downloading and temporal filtering to
address temporal irrelevance problem, then parse E-Utilities
results to identify PMC reviews or exclude documents without
abstracts. Besides, evidence is categorized based on how it
retrieved: 1) by semantic search (E1), 2) by enhanced term-
based search (E2), or 3) by both methods (E3).
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Fig. 2. The HSRDR employs dual retrieval strategies, then downloads
and filters candidate documents. After document Retrieval, next steps
and comparative analyses are conducted

C. Two-Stage Passage Retrieval
While MedCPT excels in document retrieval tasks, we

need embedding models (dense retrievers) that excel in gen-
erating sentence-level representations to handle shorter, more
specific text spans for matching query-passage pairs in the
initial passage retrieval. Sentence-transformer-based models,
employing pooling mechanisms to aggregate word vectors into
sentence vectors for direct computation of semantic similarity
between sentences, are better suited for this task because
they are designed to work with smaller textual units [44].
Therefore, it is crucial to explore sentence transformer models
as the dense retriever (embedding model) for passage retrieval.
Additionally, the embedding model selection requires careful
consideration of domain specificity, computational efficiency
(model size) and retrieval accuracy. Therefore, we investigated
various top-performing sentence-transformer-based embedding
models (Table I) from the Massive Text Embedding Bench-
mark (MTEB) Leaderboard, a comprehensive benchmark that
evaluates models using eight embedding tasks encompassing
58 datasets [45]. In the subsequent reranking step, we consider
cross-encode models due to their ability to learn non-linear
interaction patterns between two sequences (the query and the
passage) via cross-entropy loss and capture complex semantic
matches via jointly encoding the query and the passage with
full attention mechanism (token-level cross-sequence align-
ment) [46]. Specifically, we evaluated two models:1) bge-
reranker-v2-m3 [47] with superior performance on general
reranking tasks and 2) MedCPT-reranker [20], specialized
training on PubMed query-article pairs.
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Embeddings Selection Reasons Domain
pubmedbert-base-embeddings-
matryoshka (109M)

* Using sentence-transformers to fine tune BiomedBERT [39] that pretrained from scratch with
PubMed and PMC literature
* Achieved State-of-the-Art (SOTA) performance on many biomedical NLP tasks.
* Applied Matryoshka Representation Learning [40] for dynamic embeddings sizes to save space.

Biomedical

UAE-Large-V1 (335M) [41] * Used to be the best free model in MTEB to offer SOTA performance.
* Prominent embedding models have been multi-task instruct tuned, perform comparably to
commercial models like OpenAI Embedding.

General
bge-large-en-v1.5 (335M) [42]
SFR-Embedding-Mistral (7B) [43]

TABLE I
COMPARISON OF SELECTED EMBEDDING MODELS

Using real query-answer pairs in CMMQA for evaluation
has limited coverage of edge cases and rare cancer diseases,
but choosing the best embedding-reranker pair in CPQA needs
comprehensive coverage for robustness. Thus, we rely on
synthetic data generation to create 1000 query-evidence pairs
for the sampled cancier corpus. While efficient, this approach
is limited in fully representing real-world query. Consequently,
we restricted its use to the experiment group in this section.

D. Precise Semantic Representation

To address the limitations of existing text splitters that
ignore semantic information and embedding model re-
quirements, we propose the Semantic Enhanced Overlap
Segmentation (SEOS) algorithm, and the pseudo-code is:

The key features and innovations of this method are: 1)
Overlap Integration: SEOS also incorporates chunk overlap
to keep chunk order information, enabling LLMs to access
the context of a retrieved chunk when necessary. 2) Semantic
Enhancement: SEOS improves upon the Text Tiling algo-
rithm’s boundary detection by replacing the original Bag-
of-Words approach with a domain-specific transformer-based
embedding model to better identify semantic relationships, ef-
fectively handling discourse relations (e.g., causal, anaphora),
domain specificity, and polysemy (like matching ”myocardial
infarction” with ”heart attack”). 3) Sentence Integrity: SEOS
ensures that each chunk contains complete sentences (lines 14
and 15 in pseudo-code), which is important because sentence-
transformers achieve better results with complete sentences
[25]. 4) Adaptive Chunk Sizing: The algorithm adjusts chunk
sizes based on the preferred chunk size of different em-
bedding models (e.g., 512-token chunks for OpenAI models

[25] and 128-word chunks with 32-word overlaps for BERT-
based architectures [48]), thus overcoming limitations of fixed
parameter settings in existing methods.

E. Analysis Method

In this study, we evaluate retrieval using various metrics
based on the evaluation dataset type: 1) Query-Answer Paired
Datasets: The accuracy of answers generated serves as a
proxy for retrieval quality. This approach is implemented by
maintaining a fixed configuration of the reader (generation)
module across all experiments, ensuring that variations in
answer quality can be attributed to differences in retrieval
performance; 2) Query-Evidence Paired Datasets (synthetic
data only used in choosing embedding-reranker combinations):
The Hit Rate (Hits) measures retrieval success by quantifying
the presence of relevant evidence within the top-k retrieved
passages, regardless of their specific ranking. Meanwhile,
Mean Reciprocal Rank (MRR), a rank-based metric, is calcu-
lated by averaging the reciprocal of the rank positions of the
first relevant chunk of queries, rewarding systems that position
relevant passages higher in the retrieval results.

Enriching chunk information through metadata annotation
can enhance retrieval [26]. This includes annotating chunks
with basic metadata (such as title or author), professional
metadata (such as descriptions or keywords) or social metadata
(such as rating and citation) to provide additional context
[49], enabling filtered retrieval or weighted focus on crucial
information [26]. Most current research leverages pre-existing
data, which often falls short when experiments demand spe-
cific categorization based on comparative methodologies or
data sources, necessitating the manual creation of metadata
for classification and analysis. In this study, we will manually
create metadata for Data Source Categorization and Evidence
Categorization Based On the Document Retrieval Method.
Reciprocal Rank Fusion (RRF [50]), Information Entropy [51]
and Proportions of each category in top 5 evidence will
be used for comparative analysis of the importance of each
category: 1) RRF compares or aggregates results from different
retrieval methods, and a higher RRF Score indicates better
performance in retrieving relevant documents. 2) Information
Entropy measures the diversity of retrieved documents, with
lower values indicating a higher concentration of relevance. 3)
Proportions of each category in the top 5 evidence reveals the
importance of each category.
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IV. EXPERIMENTAL RESULTS AND DISCUSSION

We compared the proposed method (RAG with query
pipeline optimization) against two baselines while keeping
the generation module (Claude-3-haiku) fixed. Baseline 1:
Chain-of-Thought (CoT) [52] encourages the LLM to perform
step-by-step reasoning to improve the quality of the generated
answers. Baseline 1 uses the standalone LLM under the COT
setting. Baseline 2: Baseline 2 uses the whole text of the Top 5
relevant documents retrieved by the MedCPT to directly guide
LLM in generating an answer with COT prompting.

To optimize experimental time and resources, we employed
the concept of hard negatives [53], constructing a test dataset
comprised of questions that both Baseline 1 and Baseline
2 methods incorrectly answered, to observe the impact of
different methods and corpora on the query pipeline.

A. Data Source and Methods of Document Retrieval
1) Hybrid Semantic Real-time Document Retrieval (HSRDR):

Hybrid Semantic Real-time Document Retrieval (HSRDR)
combines real-time search (via E-Utilities with rewritten
queries) with semantic search (via MedCPT). The following
HSRDR result analyses are shown in Table II:

Metrics E1 E2 E3
HealthSearchQA RRF Score 20.848 6.202 1.358

Information Entropy 0.716 0.539 0.469
Proportion in Top 5 0.736 0.218 0.045

Negative Cancer QA RRF Score 19.473 11.319 1.490
Information Entropy 1.488 1.162 0.440
Proportion in Top 5 0.62 0.336 0.044

TABLE II
COMPARATIVE ANALYSIS BASED ON EVIDENCE CATEGORIZATION:
RETRIEVED BY MEDCPT (E1), RETRIEVED BY E-UTILITIES WITH

REWRITTEN QUERIES (E2), OVERLAP EVIDENCE (E3).

MedCPT Dominance and Query Length Sensitivity:
Semantic search based on MedCPT (dense retriever) con-
sistently outperforms E-Utilities-based search, with a more
pronounced advantage in HealthSearchQA (RRF Score: 20.85
vs. 6.20, Proportion in top 5: 73.6% vs. 21.8%) than in
Negative Cancer QA (RRF Score: 19.47 vs. 11.32, Proportion
in top 5: 62% vs 33.6%). This disparity is attributed to the
impact of average query length (HealthSearchQA: 6.9 tokens,
Negative Cancer QA: 38 tokens) on MedCPT: 1) Information
Density Variability: Longer queries, constrained by the same
vector dimensionality, risk losing critical details, diluting the
information density. 2) Normalization Impact: The cosine sim-
ilarity includes a normalization step, and longer queries might
lead to vectors with higher denominators. This highlights the
importance of text-length robustness for retrievers [54] and
considering text length with similarity score at the same time.

Complementary Value of E2: The non-negligible RRF
scores and proportions of E2 show the important comple-
mentary value of E-Utilities-based online search in document
retrieval. This is partly because: 1) While MedCPT relies on
static embedding files, E-Utilities-based search can access real-
time data, thereby covering newer publications. 2) E-Utilities-
based search provides fine-tuned control through Boolean
operators, suitable in contexts requiring exact matches.

The Overlap Analysis : The low entropy values of E3
for overlapping documents suggest that when both methods
agree on a document’s relevance, it is highly pertinent to the
query. However, the small overall overlap, reflected by low
RRF scores and proportion (4.5% and 4.4%), indicates that the
two methods focus on different subsets of relevant documents.

In conclusion, the E-Utilities-based and the MedCPT-based
method serve as complementary document retrievers. Based
on experimental results we have seen, using HSRDR to search
PubMed abstracts and PMC reviews is the best method, bal-
ancing information breadth, depth, and real-time data access.

2) Comparative Analysis of Online NCBI Sources: Figure 3
reveals the comparative retrieval value of each NCBI source.

Fig. 3. Distribution comparison between Initial Document Pool and
Top-5 Retrieved Evidence when HSRDR’s Retrieval Source involving
PubMed Abstract, PMC Reviews and PMC Others

PubMed Abstracts Dominance and Decline in Evidence:
PubMed abstracts comprise a substantial portion of the top-5
evidence, likely due to their wider coverage than PMC (23.9M
citations with valid abstract vs. 8M free full-text articles), sug-
gesting that PubMed abstracts are the most dominant retrieval
source for CPQA. However, their representation decreases in
final evidence selection while PMC sources show increased
representation, potentially because abstracts lack details and
PMC literature full-text availability provides richer informa-
tion, suggesting the value of complementary data sources.

PMC reviews versus PMC non-reviews: PMC reviews
relative representation to PMC others increases, indicating that
review articles may have higher retrieval value for question
answering than standard scientific articles. Table III shows

Data source Negative Cancer QA Dataset
Accuracy Precision Recall F1-score

D1 44.00 41.12 40.12 39.14
D1+D2 46.00 43.78 38.13 38.77

D1+D2+D3 46.00 40.12 33.86 35.33

TABLE III
DATA SOURCES’ IMPACT ON RETRIEVAL PERFORMANCE. D1: PUBMED

ABSTRACTS; D2: PMC REVIEWS; D3: OTHER PMC ARTICLES.

that question answering based only on PubMed abstracts and
PMC reviews outperforms question answering where all PMC
artciles are included. The results may be because that PMC
reviews, which integrate findings across multiple studies in
their full text to offer comprehensive analyses and cross-study
insights, better match broad queries than PMC others, which
are more context-specific and can be represented by abstracts.
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B. Two-Stage Passage Retrieval

We implemented retrieval evaluation based on LlamaIndex
[26], a framework for building RAG systems. Specially, we
used E-Utilities to query ”cancer” to retrieve PubMed abstracts
and PMC full-text articles as the text corpus for building
an evaluation dataset, then used LLMs to generate pairs
(query, context) from each chunk of the prepared text corpus,
ensuring this evaluation was suitable for all data sources. In the
experiment, we evaluated retrieval performance using Hits@5
and MRR@5, which aligns with the practical constraints of
RAG systems, where the limited context window of the LLM
generator requires a focus on retrieving the most relevant
chunks [13]. Results are shown in Figure 4.

Fig. 4. Performance of Embedding Models with rerankers

Domain-Specific Feature is Crucial: Pubmedbert-
matryoshka , despite its smaller size and absence from the
MTEB leaderboard, achieved the second-best performance
when paired with the MedCPT-reranker. This suggests that the
size of the embedding model is not the only determinant of
effectiveness and that domain-specific fine-tuning or training
can significantly improve performance by leveraging domain-
specific understanding [2]. The importance of domain-specific
features is also demonstrated by the MedCPT-reranker
outperforming the general domain reranker in enhancing
retrieval relevance across all embedding models.

Reranker Impact on Embedding Models: PubMedBERT-
Matryoshka performed poorly without a reranker but benefited
substantially from the MedCPT Reranker. This synergy likely
stems from the MedCPT Reranker being trained on negative
samples from the MedCPT retriever (derived from Pubmed-
bert), aligning the reranker more effectively with PubMed-
BERT’s embedding space and enabling it to capture comple-
mentary information. Meanwhile, the BGE Reranker enhances
the performance of BGE Embedding in terms of hits, also
suggesting the importance of compatibility and complementar-
ity between the embedding model and the reranker. However,
the observed performance decline when BGE Reranker is

paired with incompatible embeddings highlights the risks of
mismatched reranker-embedding combinations. If a reranker
cannot align with the embedding space or provide complemen-
tary semantic insights, it can fail to capture semantic nuances
or introduce noise, leading to performance degradation. In
conclusion, while rerankers can enhance retrieval, selecting
compatible reranker-embedding combinations is crucial.

C. Precise Semantic Representation

Text Splitter Retriever
Pubmedbert-matryoshka BM25 MedCPT

512Overlap0 46 20 22
512Overlap32 52 18 24

512Overlap128 42 16 22
SEOS method 54 36 38

TABLE IV
ACCURACY (%) ACROSS DIFFERENT TEXT SPLITTER AND RETRIEVER

COMBINATIONS ON NEGATIVE CANCER QA DATASET

This study focused on three single retrievers (the BM25 re-
triever, the MedCPT retriever, and the Pubmedbert-matryoshka
in the previous section) paired with the MedCPT reranker.

Table IV demonstrates the SEOS method’s superiority in
text segmentation, outperforming fixed-parameters strategies.
The SEOS method excels by preserving natural and meaning-
ful text boundaries based on semantic similarity and its varia-
tions, which enhances the retrievers’ ability to locate relevant
information. Its advantages also include sentence overlap and
automatic chunk-size adjustment tailored to the embedding
model. Both Pubmedbert-matryoshka and MedCPT benefited
from automatic chunk-size adjustment. The corresponding
chunk-size adjustment rule obtained from research indicates
that 128-word chunks with 32-word overlaps optimize BERT-
based models for QA tasks [48]. This finding can also be
shown by the 512Overlap32’s top performance among fixed-
length strategies. Despite a 512 chunk size, the actual retrieval
text space is roughly 128, with metadata integrated consuming
the remainder of the chunk, typically around 384 tokens.

Notably, MedCPT, which does not utilize a sentence-
transformer structure and is trained on PubMed query-article
pairs, is better suited for query-document similarity and docu-
ment retrieval. For finer-grained passage retrieval, the optimal
combination of dense retriever and reranker is recommended
to achieve the nuanced understanding required.

D. Comparison

To assess the effectiveness of our query pipeline opti-
mization to enhance the zero-shot capability of LLMs in
answering cancer questions, we conducted experiments with
Claude-3-Haiku using our method (RAG with query pipeline
optimization) and two baselines, as shown in Table V.

Both Baseline 2 and our method incorporate external rel-
evant knowledge via retrieval components, which improves
answer accuracy across most QA datasets over Baseline 1,
a retrieval-free approach that relies solely on the LLM’s
parametric knowledge. Our method outperforms Baseline 2 by



AUTHOR et al.: TITLE 7

Method CMMQA Avg
MMLU MedQA MedMCQA PubMedQA BioASQ

Baseline 1 78.26 68.60 65.59 45.00 80.49 67.15
Baseline 2 82.61 67.44 65.59 56.67 81.71 69.48

Our method 82.61 69.77 68.82 65.00 81.71 72.39

TABLE V
COMPARISON OF PERFORMANCE ON CMMQA DATASETS FOR THREE METHODS: BASELINE 1 (LLM + COT), BASELINE 2 (NAIVE RAG), AND THE

PROPOSED METHOD (RAG WITH QUERY PIPELINE OPTIMIZATION - HSRDR FOR DOCUMENT RETRIEVAL, SEOS METHOD AS THE TEXT SPLITTER,
PUBMEDBERT-MATRYOSHKA RETRIEVER AND MEDCPT RERANK FOR TWO-STAGE PASSAGE RETRIEVAL)

about 3% in answer accuracy. This performance gap demon-
strates the effectiveness of our query pipeline optimization,
which includes two key enhancements: First, by integrating
the MedCPT retriever and E-Utilities, HSRDR expands the re-
trieval scope and improves document retrieval efficiency. This
method addresses the limitations of Baseline 2, which solely
relies on static PubMed abstract data stored in MedCPT article
JSON files and lacks real-time, term-based search. Second,
SEOS and two-stage passage retrieval ensure that Claude-3-
haiku receives only the most relevant, semantically segmented
passages from source documents. This enhancement reduces
the “distraction phenomenon” observed in Baseline 2, where
all search results were passed to the model, diluting its focus.

Our method shows a 5% improvement over Baseline 1.
However, this advantage may seem inconsistent when eval-
uating the negative QA dataset. Two factors contribute to
this discrepancy: First, Dataset Construction Bias: Ques-
tions uniquely answered incorrectly by Baseline 1 or Base-
line 2 were excluded, limiting its ability to reflect broader
performance differences. Second, Inherent Limitations of
RAG-Based Approaches: RAG does not consistently enhance
responses. Sometimes, questions that Baseline 1 answered
correctly are answered incorrectly under RAG, as observed
prominently in the MedMCQA dataset. Prior studies [55],
[56] have reported that RAG can negatively impact the orig-
inal outcome, particularly when LLM’s inherent parametric
knowledge suffices for the query [55]. This occurs because
LLMs tend to rely on retrieval results, impairing creativity
and versatility, even accuracy [56].

V. CONCLUSION

This study conducted query pipeline optimization for CPQA
by developing a novel document retrieval method (HSRDR),
exploring optimal pairings of dense retrievers and rerankers
for passage retrieval, and integrating the proposed chunk
technique (SEOS). SEOS can be used in more domains beyond
healthcare, while HSRDR is tailored for broad biomedical
applications using PubMed and PMC. Document retrieval
evaluations show the varying effectiveness of distinct data
sources for CPQA and the complementary value of semantic
search and term-based online retrieval. Document retrieval
evaluations show the varying retrieval effectiveness of dis-
tinct data sources for CPQA and the complementary value
of semantic search and term-based online retrieval. Passage
retrieval experiments emphasize the importance of domain-
special models and the reranker-embedding alignment. Lim-
itations include: 1) We utilize Boolean operator conversion
to enhance term-based online search, whether other query

refinement methods (like Query2Doc [57] and RAG-Fusion
[58]) can further improve performance needs to be explored. 2)
We use multiple-choice-style evaluation, which may overlook
nuanced details and is susceptible to guessing bias, where
random guesses will boost accuracy. 3) We find that RAG
does not always improve performance, thus adaptive retrieval
mechanisms should be implemented to select retrieval strate-
gies based on the need for external information for each query.
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