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Abstract

Large Language Models (LLMs) are chal-
lenged by generating hallucinations and fac-
tually incorrect responses, particularly in com-
plex and specialized medical question answer-
ing (QA). Integrating knowledge graphs (KGs)
through retrieval-augmented generation (RAG)
methods has emerged as a promising direction.
However, existing graph-based RAG meth-
ods heuristically retrieve and refine question-
relevant subgraphs, potentially introducing re-
dundant and noisy factual information that is
difficult for LLMs to process, ultimately lim-
iting reasoning capability. To incorporate a
concise yet informative evidence subgraph, we
propose an iterative medical QA framework.
It optimizes graph-based RAG methods by se-
lectively retrieving focused knowledge from
KGs to construct a precise evidence subgraph
and progressively pruning it utilizing structured
feature representations. The targeted KG inte-
gration maintains coherent and reliable infer-
ence. Experiments on three medical QA bench-
mark datasets demonstrate that the framework
achieves state-of-the-art performance against
representative baseline competitors, highlight-
ing the importance of efficient KG integration.

1 Introduction

Large language models (LLMs) have demonstrated
impressive performance in natural language pro-
cessing (NLP) and have attracted significant re-
search attention (Wan et al., 2025). However, in
professional tasks from knowledge-intensive do-
mains, such as medical question answering (QA),
LLMs inadvertently suffer from hallucinations and
generate unreliable responses that appear plausi-
ble but are factually incorrect, thus undermining
trustworthiness (Sui et al., 2025b). Although de-
veloping domain-specific LLMs on specialized cor-
pora can integrate parameterized prior knowledge,
it is computationally expensive, difficult to update,
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Figure 1: The comparison analysis of three categories
of methods: (i) RAG Method, (ii) Graph-Based RAG
Method, and (iii) Our Framework, which gradually
retrieves and refines a concise and informative evidence
subgraph sufficient for accurate answer prediction.

limited in transferability, prone to catastrophic for-
getting, and lacks interpretability (He et al., 2025).

Retrieval-augmented generation (RAG) methods
have been introduced to improve LLM reasoning
by incorporating external trustworthy knowledge
resources (Wan et al., 2025). To further enhance
performance, structured knowledge from knowl-
edge graphs (KGs) has been integrated through
graph-based RAG methods (Rezaei et al., 2025).
Different from conventional RAG methods that
leverage sparse text content, graph-based RAG
methods represent factual information from KGs in
an interconnected structure, supporting explicit and
traceable multi-step inference (Sui et al., 2025b).
Nevertheless, as illustrated in Figure 1, both RAG
methods and graph-based RAG methods struggle to
handle complex medical QA, producing inaccurate
responses and exhibiting limited effectiveness.

Existing graph-based RAG methods face notable
challenges in medical QA, which can be catego-
rized into three primary problems: (i) Graph-based
RAG methods generally extract factual information
from KGs utilizing heuristic retrieval strategies. Al-
though they conditionally rank retrieved knowledge
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and selectively explore relevant n-hop neighbors
(Wang and Yu, 2025), medical questions frequently
contain extensive interconnected details that can
overwhelm graph-based RAG methods in the be-
ginning (Sohn et al., 2025). (ii) Graph-based RAG
methods may retrieve redundant, overlapping, or
substitutable factual information from KGs, lead-
ing to knowledge overload (He et al., 2025). It
necessitates repeated refinement to construct a
question-relevant subgraph, inadvertently introduc-
ing irrelevant or conflicting information and com-
plicating effective KG integration for multi-step
inference. (iii) Graph-based RAG methods lack a
coherent structural overview of the retrieved sub-
graph. Subgraph descriptions generated from raw
text content can be disorganized and semantically
fragmented, which are difficult for LLMs to inter-
pret (Wan et al., 2025). Although multiple graph-
based RAG methods employ graph neural networks
(GNNs) to encode structured feature representa-
tions (Sui et al., 2025a; Sohn et al., 2025), aligning
the embeddings with the requirements of LLMs for
effective implementation remains complicated.
We aim to discover a concise yet informative
evidence subgraph for effective KG integration and
improve LLLM performance in complex medical
QA. Inspired by the hierarchical organization of
knowledge in encyclopedias, which incrementally
incorporates factual information from primary to
secondary knowledge resources, we propose an
iterative medical QA framework. It begins by lever-
aging the top-ranked retrieved factual information
and explores question-relevant neighbors hop by
hop in KGs to construct a focused evidence sub-
graph. Subsequently, the framework progressively
prunes the evidence subgraph utilizing its struc-
tured feature representations, avoiding the require-
ment to model entire KGs. The evidence subgraph
is iteratively refined and encoded through a multi-
level list, organizing structured information while
preserving both the breadth information obtained
from neighbor retrieval and the depth information
captured through graph traversal during evidence
subgraph construction, which facilitates LLM in-
terpretation. The advantages can be summarized:

* We propose an innovative medical QA frame-
work that iteratively retrieves and prunes to
construct a compact evidence subgraph for
KG integration.

* The framework selectively explores question-
relevant neighbors in KGs and leverages struc-

tured feature representations to progressively
prune the evidence subgraph, mitigating re-
dundancy and sensitivity in KG integration.

* The framework incorporates the structured in-
formation from the evidence subgraph while
preserving both the breadth and depth in-
formation during KG integration to enhance
LLM performance in medical QA.

* To the best of our knowledge, this research
represents the initial effort to concentrate on
potential knowledge redundancy in graph-
based RAG methods for medical QA. Exper-
imental results on three medical QA bench-
mark datasets demonstrate its effectiveness.

2 Related Work

Medical QA aims to answer medical questions
by leveraging domain-specific knowledge (Rezaei
et al., 2025). We summarize existing approaches
into four categories: (i) General Domain LLMs,
(i1) Medical Domain LLMs, (iii) RAG Methods,
and (iv) Graph-Based RAG Methods.

General Domain LLMs. Constructed on exten-
sive corpora across diverse topics and supported
by advanced architectures, general domain LL.Ms
demonstrate impressive performance in multiple
NLP tasks, including medical QA. Representative
LLMs include the Generative Pre-trained Trans-
former (GPT) family models (Achiam et al., 2023),
the Large Language Model Meta Al (LLaMA)
family models (Grattafiori et al., 2024), and Mis-
tral (Jiang et al., 2023). However, general do-
main LLMs may struggle in domain-specific and
knowledge-intensive scenarios. They can produce
hallucinations and factually incorrect outputs (Sui
et al., 2025b). The unreliability significantly re-
duces the effectiveness of general domain LLMs in
complex and specialized multi-step inference.

Medical Domain LLMs. Medical domain
LLMs are comprehensively trained on specialized
corpora to capture domain-specific terminology
and knowledge. Representative medical domain
LLMs include Meditron from LLaMA (Chen et al.,
2023), BioMistral from Mistral (Labrak et al.,
2024), and Meerkat-7B from Mistral (Kim et al.,
2024). Medical domain LLMs demonstrate remark-
able improvements in domain-specific NLP tasks
(Rezaei et al., 2025). However, for complex medi-
cal QA, the internal static and parameterized prior
knowledge of medical domain LLMs may struggle
to support accurate multi-step inference.
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Figure 2: Overview of the framework for medical QA, illustrating the inference workflow for answer prediction
through factual information retrieval, evidence subgraph construction, and evidence subgraph pruning.

RAG Methods. Enhance LLMs by integrat-
ing a dense retriever that supplies relevant and up-
to-date knowledge during reasoning, RAG meth-
ods supporting LLMs mitigate limitations of inter-
nal static prior knowledge. Representative RAG
methods for medical QA include MedRAG (Xiong
etal., 2024), RGAR (Liang et al., 2025), and RAG?
(Sohn et al., 2025). Prompting strategies such as
chain of thought (CoT) can further improve per-
formance (Rezaei et al., 2025). However, when
dealing with complicated medical questions, RAG
methods may retrieve redundant and sparse context,
which can hinder accurate multi-step inference.

Graph-Based RAG Methods. By grounding
multi-step inference of LLMs in structured knowl-
edge, graph-based RAG methods progressively en-
hance performance by reducing hallucinations and
supporting verifiable reasoning. Representative
graph-based RAG methods include GraphRAG
(Edge et al., 2024), ByoKG-RAG (Mavromatis
et al., 2025), and AMG-RAG (Rezaei et al., 2025).
However, existing graph-based RAG methods gen-
erally begin by extracting a broad set of factual
information from the question. They heuristically
retrieve and refine a relevant subgraph (Wang and
Yu, 2025), which struggles to produce a concise
evidence subgraph. They may introduce unnec-
essary and noisy factual information, ultimately
undermining multi-step inference for medical QA.

3 Methodology

The framework, as presented in Figure 2 and sum-
marized in Algorithm 1 from Appendix A.1, con-
sists of four modules: (i) Factual Information

Retrieval (Section 3.2), (ii) Evidence Subgraph
Construction (Section 3.3), (iii) Evidence Sub-
graph Pruning (Section 3.4), and (iv) Answer Pre-
diction (Section 3.5). Given a medical question,
the framework progressively retrieves and ranks
factual information from the KG to construct an
evidence subgraph. The evidence subgraph is grad-
ually refined through graph-based pruning. The
framework iteratively continues the procedures un-
til the evidence subgraph is estimated as sufficient,
and it is incorporated into the answer prediction.

3.1 Formalization

Given an input medical question @ and a KG com-
posed of multiple triplets, the KG can be formally
defined as G = {(h,r,t)|h,t € £, € R}, where
& and R denote the sets of entities and relations,
respectively (Wang and Yu, 2025). Each triplet
T = (h,r,t) represents a relation r connecting a
head entity & to a tail entity ¢. Both entities and
relations are expressed in natural language (Lin
et al., 2025). The objective is to design a frame-
work F(+) that predicts an answer .A conditioned
on the question Q and the KG G, as illustrated:

A=F(Q,G7), 1)

where ~y represents the learnable parameters of the
framework F(-). The learning process aims to
maximize the likelihood of generating the correct
answer A (Gao et al., 2025), as formulated:

The RAG paradigm of the framework F(-) con-
sists of two independent components (Gao et al.,
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2025). The retriever explores an evidence sub-
graph Gg,p, from the KG G that is most semanti-
cally relevant to the question Q, modeled by the
probability P(Ggup|Q, G). Subsequently, the pre-
dictor generates the answer .A with the probability
P(A|Q, Gsup). Therefore, the answer prediction
probability can be defined:

P(AIQ,G;v) = > P(Gan|Q,9)
GsubCG 3)

P(-A‘ Q, gsub)-

3.2 Factual Information Retrieval

To preliminarily extract entities and relations rel-
evant to the question Q from the KG G, we im-
plement factual information retrieval as the initial
stage of the framework. To mitigate internal bias
and reduce noise propagation, instead of leveraging
the backbone LLM of the framework, we employ a
domain-specific dense retriever, BMRetriever! (Xu
et al., 2024). It is optimized to capture sufficient
factual information from the KG G for the reliable
construction of the evidence subgraph Gg,1,. Differ-
ent from existing graph-based RAG methods that
retrieve the evidence subgraph Gg,1, based on topic
entities (Wang and Yu, 2025; Mavromatis et al.,
2025), we simultaneously retrieve both entities and
relations, enabling a semantically rich construction
of the evidence subgraph G}, for analysis.

The question Q is segmented into a sequence of
n terms, denoted as Q = {1, -+ ,z,}. In paral-
lel, the dense retriever encodes factual information
from the KG @G, including entities e¢; € £ and re-
lations r; € R. Each segmented term z;,, € Q is
embedded utilizing the dense retriever to ensure
semantic alignment. The top-k entities and rela-
tions are retrieved by computing semantic simi-
larity scores Sim(-) between the embeddings of
segmented terms and factual information from the
KG G (Sohn et al., 2025), as illustrated:

Sim(z,, e;) = E(z,) E(e;),
Sim(xq,7;) = E(z) "E(r)),
E™ = top—k(Sim{(x,, ;) }),
R™ = top—k(Sim{(zq,7)}),

“

where E(-) refers to the embedding method of
the dense retriever. £'' and R™! represent the
retrieved entity and relation sets, respectively.

1https://huggingface.co/BMRetriever/
BMRetriever-7B

3.3 Evidence Subgraph Construction

We construct the initial evidence subgraph Gg,1, us-
ing the top-ranked entity ey, € € ret and relation
Ttop € R*¢t. To incorporate factual information,
we gradually expand from the top-ranked entity
etop Dy exploring its neighbors in the KG G. We
first retrieve all 1-hop neighbors of the top-ranked
entity ep. Each neighbor ey, is subsequently
scored according to its relevance to the question Q.
The top-m neighbors are selected to prevent the in-
clusion of redundant factual information during the
evidence subgraph construction. Relevance is pre-
dicted utilizing a concise two-layer MLP that per-
forms binary classification (Wang and Yu, 2025),
determining whether each neighbor ey, is relevant
or not. It takes the concatenated embedding of the
question Q and each neighbor ejj, expressed as
hi, = [E(Q)||E(e1n)], as input and outputs the
relevance probability y15, as defined:

y1n, = Softmax(W,o(Wghi,+bg)+by), (5)

where W, and W g represent learnable weight ma-
trices. b, and b denote bias terms. o (-) refers to
the ReLLU activation function. The relevance prob-
ability ¢y assigned to the relevant class signifies
the normalized relevance score for each neighbor
e1p, with implementation details in Appendix A.2.

We apply the same procedure to the 2-hop neigh-
bors of the top-ranked entity eg,p. To maintain a
focused scope, the search space of the 2-hop neigh-
bors is restricted to the previously selected 1-hop
neighbors from the KG G. In parallel, we incor-
porate the head-tail entity pairs associated with
the top-ranked relation 7, and entity eqp. Utiliz-
ing the retrieved entities, we perform a topological
readout that implements a depth-first search to con-
struct the connected evidence subgraph G, (Wan
et al., 2025). It preserves both the breadth infor-
mation obtained from neighbor retrieval and the
depth information captured through graph traversal
during evidence subgraph construction, with the
algorithm provided in Appendix A.3.

3.4 Evidence Subgraph Pruning

The evidence subgraph G}, is encoded utilizing
a GNN to prune and retain the set of question-
relevant triplets, denoted as 7gy. For each triplet
7; = (hi,7i,t;), we construct a structured feature
representation f; by concatenating the embeddings
of its constituent elements, as formulated:
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f; = [hy||r;||t;] € RIcwN, (©6)

where h;, r;, and t; represent the GNN-derived
feature representations of the head entity h;, re-
lation 7;, and tail entity ¢; within the triplet 7;.
They are obtained using the ReaRev-based GNN
method (Gao et al., 2025; Mavromatis and Karypis,
2022). For each feature representation f;, we
compute the selection probability of the triplet
7; employing a linear layer followed by the Sig-
moid activation function, expressed as P(7;) =
Sigmoid(W;f; +b;), where W; denotes the learn-
able weight matrix and b; refers to the bias term.
We gradually prune the evidence subgraph Ggyp,
while preserving its connectivity by factorizing the
refinement process into independent binary deci-
sions, enabling each triplet 7; € T, to be decom-
posed and evaluated individually. The probability
of selecting the evidence subgraph Gy, is shown:

PGw) = ] P [I a-Px). ™

Tiegsub Tj ¢gsub

Detailed implementations of the refinement pro-
cess and the GNN method are provided in Ap-
pendix A.4 and Appendix A.5, respectively.

3.5 Answer Prediction

The backbone LLM of the framework is prompted
to predict an answer utilizing both the structured
knowledge within the evidence subgraph G}, and
its internal parameterized prior knowledge. To pre-
serve the structured information in the evidence
subgraph Gg,1,, we perform a topological readout
Readout(-) that implements a depth-first search
and augment the backbone LLM with the result-
ing feature representations for answer prediction.
Starting from the top-ranked entity e, as the root
node, it gradually assigns hierarchical indices to
each node. Therefore, the evidence subgraph G
is transformed into a multi-level list that summa-
rizes factual information. The leading index of
each node encodes the depth information, while
the trailing index of each node encodes the breadth
information. The multi-level list is an extensively
used and effective way to organize structured infor-
mation in text format (Wan et al., 2025; Wang et al.,
2024), making the evidence subgraph Gg,p, infor-
mative and convenient for the backbone LLM to
interpret. The answer A is predicted as presented:

A =LLM(Q,Readout(Gsup);v). (8)

We evaluate whether the evidence subgraph Gy,
contains sufficient factual information to answer
the question Q by designing a sufficiency classi-
fier based on the probability P(A|Q, Gsup; ). If
the probability reaches maximum, we prompt the
backbone LLM to provide the final answer A to
the question Q. Otherwise, the framework itera-
tively reconstructs the evidence subgraph, which
incorporates the next top-ranked entity and relation
from the retrieved entity set £ and relation set
R™*. The framework continues pruning the evi-
dence subgraph and predicting the answer, repeat-
ing the process until sufficient factual information
is accumulated and provides the final answer A.

4 Experiments

We evaluate the framework through extensive ex-
periments, including the experimental setup, ex-
perimental results, and comprehensive analysis.
We aim to address four research questions (RQs).
RQ1: How does the framework perform against
baseline methods? RQ2: How does the framework
perform with different backbone LLMs? RQ3:
How do individual modules contribute to effective-
ness? RQ4: How does the retrieved knowledge
influence the generated responses in medical QA?

4.1 Experimental Setup

We introduce four components of the experimental
setup to evaluate the framework.

Benchmark Datasets. We evaluate the frame-
work on three medical QA benchmark datasets:
(1) MedQA contains medical questions created by
examination experts from extensive professional
question banks (Jin et al., 2021). (ii) MedMCQA
includes medical questions from professional med-
ical certification exams and evaluates specialized
medical knowledge (Pal et al., 2022). (iii) MMLU-
Med involves medical questions across six subject
areas (Hendrycks et al., 2021). All benchmark
datasets consist of multiple-choice questions. Ad-
ditional details are provided in Appendix B.

Baseline Methods. We compare the frame-
work against twelve representative baseline meth-
ods, including three general domain LL.Ms, three
medical domain LLMs, three RAG methods, and
three graph-based RAG methods. (i) General
Domain LLMs involve Qwen-3-8B (Yang et al.,
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Model CoT F-T MedQA MedMCQA MMLU-Med Average
Qwen-3-8B v - 0.659 0.574 0.737 0.657
LLaMA-3.2-8B v - 0.612 0.530 0.648 0.597
Mistral-7B v - 0.590 0.518 0.665 0.591
Meditron-7B v v 0.607 0.522 0.655 0.595
BioMistral-7B v v 0.615 0.545 0.673 0.611
Meerkat-7B v v 0.644 0.557 0.701 0.634
MedRAG v - 0.685 0.604 0.772 0.687
RGAR v - 0.662 0.619 0.764 0.682
RAG? v - 0.699 0.641 0.780 0.707
GraphRAG - - 0.707 0.633 0.758 0.699
ByoKG-RAG - - 0.671 0.610 0.774 0.685
AMG-RAG v - 0.694 0.652 0.777 0.708
Our Framework « - 0.733 0.670 0.805 0.736

Table 1: Comparison of the framework with representative baseline methods on three medical QA benchmark
datasets. The best results are highlighted in bold, and the second-best results are underlined. The abbreviation CoT
refers to the chain of thought prompting, and F-T stands for the question-relevant fine-tuning procedure.

2025), LLaMA-3.2-8B (Grattafiori et al., 2024),
and Mistral-7B (Jiang et al., 2023). (ii) Medi-
cal Domain LLMs contain Meditron-7B (Chen
et al., 2023), BioMistral-7B (Labrak et al., 2024),
and Meerkat-7B (Kim et al., 2024). (iii) RAG
Methods consist of MedRAG (Xiong et al., 2024),
RGAR (Liang et al., 2025), and RAG? (Sohn et al.,
2025). (iv) Graph-Based RAG Methods com-
prise GraphRAG (Edge et al., 2024), ByoKG-RAG
(Mavromatis et al., 2025), and AMG-RAG (Rezaei
et al., 2025). Detailed information on the baseline
methods is provided in Appendix C.

Evaluation Metric. Following prior studies
(Sohn et al., 2025; Rezaei et al., 2025; Liang et al.,
2025), we utilize accuracy as the primary evalua-
tion metric, defined as the proportion of correctly
answered questions. The generated outputs are ex-
tracted by applying regular expression matching to
the entire generated response.

Experimental Configuration. We implement
Qwen-3-8B as the backbone LLM for developing
the framework. Following prior research (Wang
and Yu, 2025; Mavromatis et al., 2025), we set
k = 5 and m = 5. We configure the LLM tem-
perature to 0.3. All experiments are conducted on
a server equipped with two NVIDIA RTX A6000
GPUs, each featuring 48 GB of VRAM, an In-
tel Core 19-13900K CPU, and 128 GB of RAM.
Consistent with previous research in the medical
domain (Rezaei et al., 2025), we employ two ex-
isting medical knowledge graphs (MKGs), includ-
ing Wiki-MKG and PubMed-MKG. The complete

MKGs are stored in a Neo4j database, which pro-
vides an efficient graph query engine for analysis.
Additional explanations regarding the experimen-
tal configuration are provided in Appendix D. The
prompt strategies utilized in the experiments are
shown in Appendix E.

4.2 Main Results

Table 1 summarizes the performance comparison of
the framework and representative baseline methods
on three medical QA benchmark datasets.

4.2.1 Experimental Results of the Framework
and Baseline Methods

The experimental results addressing RQ1 demon-
strate that the framework significantly improves
the performance of its backbone LLM, Qwen-3-8B
(Yang et al., 2025), by approximately 7% to 9%. It
consistently outperforms publicly available LLMs,
RAG methods, and graph-based RAG methods, ex-
ceeding the second-best experimental results by
roughly 2% to 3%. It is worth noting that Qwen-
3-8B achieves the highest accuracy among general
LLMs and medical LLMs, despite having fewer
than 14 billion internal parameters. It highlights
the impressive capability of Qwen-3-8B under prac-
tical constraints (Frisoni et al., 2024), making it
well-suited for developing personal healthcare as-
sistants on standard devices (Qiu et al., 2024). The
selection of the backbone LLM can influence the
performance of baseline methods, including RAG
methods and graph-based RAG methods. In this
research, Qwen-3-8B is employed as the backbone
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Figure 3: Comparison of the framework with five back-
bone LLMs on three medical QA benchmark datasets.

LLM for baseline methods under identical experi-
mental configurations with the framework to ensure
fairness. The superior experimental results of the
framework validate its design and demonstrate its
ability to enhance LL.Ms for medical QA.

The experimental results indicate that while most
baseline methods and the framework utilize CoT
prompting, non-CoT and graph-based RAG meth-
ods achieve the second-best performance on the
MedQA and MedMCQA benchmark datasets. This
finding suggests that the advantages of CoT prompt-
ing for complex medical QA may be limited com-
pared to the advantages of incorporating domain-
specific structured information from KGs. It is also
noteworthy that over half of the baseline methods
and the framework do not depend on computation-
ally expensive or resource-intensive fine-tuning.
Despite the development, they exhibit improved
performance across the three medical QA bench-
mark datasets, reflecting strong robustness and scal-
ability. This observation is further supported by
the fact that all second-best experimental results
are obtained without any fine-tuning on the bench-
mark datasets. Although fine-tuning effectively
integrates domain-specific knowledge into LLMs,
RAG methods remain a flexible and cost-efficient
approach to enhancing medical QA.

4.2.2 Framework Performance with Different
Backbone LLMs

To address RQ?2, the framework is evaluated using
five different LLMs: LLaMA-3.2-3B, LLaMA-3.2-
8B, Mistral-7B, Qwen-3-4B, and Qwen-3-8B. The
experimental results are presented in Figure 3.
The experimental results indicate that the scale
of the backbone LLLM and its released version con-
tribute to performance improvements within the
framework. Extended backbone LLM configura-
tions with enriched internal parameters exhibit su-
perior prior knowledge and enhanced capability for
medical QA (Liang et al., 2025). Despite the ad-
vantages, the framework consistently outperforms

Ablation Setting MedQA
w/o Medical Retriever 0.728
w/o Relevance Score 0.717
w/o Structured Feature 0.719
w/o Topological Readout 0.722
Our Framework 0.733
Ablation Setting MedMCQA
w/o Medical Retriever 0.665
w/o Relevance Score 0.662
w/o Structured Feature 0.659
w/o Topological Readout 0.667
Our Framework 0.670
Ablation Setting MMLU-Med
w/o Medical Retriever 0.799
w/o Relevance Score 0.789
w/o Structured Feature 0.791
w/o Topological Readout 0.796
Our Framework 0.805

Table 2: Experimental results of the ablation study on
three medical QA benchmark dataset. The best results
are highlighted in bold, and the second-best results are
underlined. The abbreviation w/o denotes without.

baseline methods utilizing the same backbone LLM
configurations, demonstrating the effectiveness of
its iterative retrieval and pruning strategy for con-
structing concise evidence subgraphs. Moreover,
the framework significantly improves the perfor-
mance of multiple backbone LLLMs across three
medical QA benchmark datasets, highlighting its
adaptability and transferability. We provide addi-
tional experiments in Appendix F.

4.3 Ablation Study

To address RQ3, we perform ablation studies on
three medical QA benchmark datasets. The experi-
mental results are illustrated in Table 2. From the
experimental results of the ablation study, it can be
observed that removing any key module from the
framework results in a noticeable decline in its per-
formance. However, the performance degradation
does not exceed 2%, demonstrating the robustness
and stability of the framework design.

The performance decline is noticeable on com-
plex medical QA benchmark datasets with ex-
tended average question lengths, such as MedQA
and MMLU-Med. In the aforementioned cases,
the domain-specific dense retriever for factual in-
formation retrieval contributes less effectively to
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A 36-year-old man presented with fever )
and a sore throat for 5 days, which did not
respond to antibiotic therapy. He has
enlarged superficial cervical lymph nodes,
pharyngeal congestion, Grade II tonsillar
enlargement, and a few ecchymoses on
the lower limbs. Laboratory tests show
that the white blood cell count is 16.6 x
109/L, blasts 0.6, hemoglobin 80 g/L, and
platelet count 34 x 109/L.

What physical signs should be barticularly
| noted on examination?

rA 15-year-old woman is admitted to the
hospital because of sudden chills, high
fever, and vomiting. Her blood pressure is
75/45 mmHg. Meningeal irritation signs
are positive, her WBC is 25x109/L, and
neutrophils are 0.90. Gram-negative

Baseline Methods

Our Framework

{ Retrieval: £ [ Retrieval: o
1 low platelet count ! 1 peripheral blood blasts 1
| Inference: f | Inference: 1
| thrombocytopenia | 1 leukemic cells prolife- |
| Conclusion: 1| ration and infiltration |
1 skin i | Conclusi i
t HEL i
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| sternal tenderness

LM & X
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Skin
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Baseline Methods
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acute infection;

low blood pressure
Inference:

septic shock
Conclusi

I Retrieval:
L
found gram-negative
diplococei
Inference:
fulminant meningitis
Gl

i are found on the
fluid smear. Gram-negative diplococci are

found on the cerebrospinal fluid smear. O

After the diagnosis is confirmed, penicillin

norepinephrine

| _atropine

um < X

LLMvV

is given for anti-infection. In addi\ion,J ( e )

L what drug should also be administered?

( )
A 31-year-old woman is admitted to the
hospital. She has had upper abdominal
pain for 2 years, and the pain occurs in
relation to her emotions and diet.

On physical examination, the upper
abdomen is mildly tender to palpation.
Gastroscopy shows that the gastric antral

folds are flattened, and submucosal blood
vessels are visible.

What is the diagnosis of this case?
N J

-
A 6-year-old man with ital mental

( Atropine J

Baseline Methods

Our Framework

{ Retrieval: 4
gastric antral folds are |
flattened; pain occurs
in relation to emotion
Conclusi

(" Retrieval:
3 . v
upper abdominal pain;
submucosal blood ve-
ssels are visible
pmris

gastric mucosal laxity |
{_and prolapse !

chronic atrophic gas-
tritis

v o X LIM < /
Gastric Mucosal Chronic Atrophic
Prolapse Gastritis

Baseline Methods

Our Framework

retardation is thin, weak, short of breath,
and sweats. He has developed cyanosis in
recent years. On physical examination, he
shows poor nutritional development. At
the right sternal border of the 3rd and 4th
intercostal spaces, a coarse pansystolic
murmur is heard, a thrill is palpable, the

Retrieval: £
right ventricular enlar-
gement;

pansystolic murmur
PR

I Retrieval: 14
right ventricular enlar-
gement; mongolism;
palpable thrill

. i

ventricular septal de-

f
i
i
i
i
i
i
i
\_fect presentation l

Eisenmenger ~syndro-
me

second heart sound of the pulmonary
artery is d, and X-ray shows

M o X

LM  ~/

right ventricular enlargement.
‘What is the diagnosis of this case?

A 40-year-old woman has had a headache

High Ventricular
Septal Defect

Eisenmenger
Syndrome

Baseline Methods

Our Framework

{ Retrieval: o

[ Retrieval:

\
i L e v,
for 3 months, which worsens and is | | headache; vomit; | | papilledemasblur
accompanied by intermittent vomiting, [ | subcutaneousnodule { | Inference: i
seizures, and blurred vision for 1 month. | Inference: i || increased intracranial |
T 1 space occupying lesion I 1 pressure 1
On physical examination, there are two | Conclusi I | Conclusi 1
mobile, oval nodules on the right upper ! brain tumor I L cysticercosis i
limb, and fundus examination shows
papilledema. um o X LIM &
What is the diagnbsis of this case? ( Brain J ( )
Cysticercosis
Tumor
N J

Figure 4: Comparison of the framework with the second-
best-performing baseline methods on five cases.

the topological readout during answer prediction,
particularly when the evidence subgraph becomes
extensive. It is evident from the experimental set-
tings w/o medical retriever and w/o topological
readout, where the domain-specific dense retriever,
BMRetriever, is replaced with a general domain
dense retriever, LLM-Embedder? (Zhang et al.,
2024), and the topological readout is substituted
with a plain-text description of the refined evidence
subgraph, respectively.

In the experimental settings w/o relevance score
and w/o structured feature, the framework heuris-
tically retrieves every 2-hop neighbor of the top-
ranked entity during evidence subgraph construc-
tion and exclusively ranks the semantic relevance
of each retrieved triplet to the question utilizing em-
beddings from the domain-specific dense retriever
for evidence subgraph pruning, respectively. Under

Zhttps://huggingface.co/BAAI/1lm-embedder

the aforementioned conditions, the performance
of the framework drops significantly. The inclu-
sion of relevance scores for selecting neighbors
and structured feature representations for pruning
retrieved triplets jointly enables the development
of a concise yet informative evidence subgraph that
remains closely aligned with the medical question.
It underscores the importance of minimizing redun-
dant and noisy factual information in graph-based
RAG methods, not only during the refinement pro-
cess but also at the stages of graph retrieval.

4.4 Case Study

To address RQ4, we conduct a complex case study
that compares the summarized question-relevant
factual information produced by the second-best
performing baseline methods with the summarized
evidence subgraphs generated by the framework.
The analysis focuses on five cases from benchmark
datasets where the baseline methods fail to pre-
dict accurate answers due to potential redundant
and noisy factual information, as presented in Fig-
ure 4, whereas the framework successfully provides
correct responses to medical questions, thereby il-
lustrating that the quality of the retrieved factual
information can influence medical QA.

5 Conclusion

In this paper, we introduce an iterative medical QA
framework that enhances LLMs by progressively
integrating precise factual information retrieval, fo-
cused evidence subgraph construction, and targeted
evidence subgraph pruning from domain-specific
KGs to reduce knowledge redundancy while main-
taining coherent and reliable inference. The frame-
work achieves state-of-the-art performance on three
medical QA benchmarks and outperforms repre-
sentative baseline competitors, demonstrating its
effectiveness in domain-specific tasks.

Limitations

We acknowledge four limitations: (i) The devel-
opment process is restricted to open-source LLMs
with relatively limited internal parameters, which
are resource-intensive and less scalable. It can-
not be directly applied to closed-source LLMs
based on APIs that generally offer stronger per-
formance. Future research could design a flexible
pipeline that supports a broader range of LLMs.
(i1) The framework is augmented with KGs, indi-
cating that its overall performance depends on the
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quality and completeness of knowledge resources.
Incomplete, inconsistent, or outdated factual infor-
mation may hinder reliability. (iii) The framework
captures factual information from 2-hop neighbors.
While adequate for this research, various domain-
specific KGs may require reasoning over deep re-
lational paths. Future research could explore ad-
vanced and adaptive path-search strategies that in-
corporate multi-hop neighbors to leverage complex
graph structures. (iv) The framework is developed
and evaluated on three benchmark datasets consist-
ing of multiple-choice questions for medical QA,
which limit its reliability and generalizability to
open-ended medical questions with broader con-
textual coverage. Extending the framework from
multiple-choice questions to open-ended questions
for medical QA could be a significant direction
for future research. (v) The framework relies on
a bag-of-words representation to retrieve question-
relevant components from KGs during factual in-
formation retrieval and may not fully exploit the
relations that are explicit or implicitly expressed in
questions. Introducing efficient relation prediction
mechanisms during factual information retrieval
to enhance the informativeness of the framework
could be an important direction for future research.
(vi) The framework is designed for the medical do-
main, which limits its comprehensiveness and effec-
tiveness in general or other targeted domains. De-
veloping effective KG refinement and integration
strategies to adapt the framework to complex sce-
narios in general or other targeted domains could
be a persistent direction for future research.

Ethical Considerations

The development of the framework for medical
QA necessitates careful ethical consideration due
to the potential risks of inaccuracy and bias. This
research strictly adheres to the ACL Code of Ethics.
All benchmark datasets utilized are publicly avail-
able and sufficiently anonymized, which contain
no personally identifiable information. Both bench-
mark datasets and baseline methods are employed
in full compliance with the corresponding intended
purposes and licenses for the term of usage, ei-
ther under open-access terms or through authorized
protocols. Both benchmark datasets and baseline
methods are strictly used for research purposes
only, with the consent of the creators or copyright
holders, without any further changes or modifica-
tions. The objective of the framework is to improve

the performance of LLMs in medical QA, and we
unequivocally condemn any potential misuse.

While LLMs present noticeable benefits in exten-
sive NLP applications within the medical domain,
they also introduce potential risks. Even with re-
trieved factual information, responses generated
from LLMs may contain errors or retain existing
biases. Given the significant impact of medical
information on healthcare decisions, we strongly
advocate for a conservative implementation strat-
egy. All outputs provided by the framework should
be rigorously reviewed by qualified medical pro-
fessionals before any practical application in real-
world settings. The stringent validation is essential
to maintaining the integrity of medical commu-
nication and preventing the spread of inaccurate
or harmful information. Although the framework
improves medical QA, we acknowledge that bias
mitigation remains a considerable challenge. This
research focuses on establishing the technical valid-
ity through standardized evaluations, while ethical
and deployment considerations remain important
directions for future research.
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Algorithm 1: Medical Question Answering
Input: Question Q; Knowledge Graph G;
Entity Set £; Relation Set R.
Output: Final Answer A.
Initialization:
gsub — @; gsub — @; 7zsub — @
(i) Factual Information Retrieval:
E™ « top—k(Sim(Q, ¢));
R < top—k(Sim(Q, R));
for: < 1tok do
(ii) Evidence Subgraph Construction:
Esub — Esup U € € gret;
Rsub  Reup Ui € Rret;

(a) Neighbor Retrieval:

& < Score(1-Hop(e;, G), Q);

Eon < Score(1-Hop(&1,G), Q);

(b) Entity Pair Retrieval:

&r < Head(r;,G) U Tail(r;, G);

(c) Subgraph Retrieval:

Gsub < Readout(&E1, U &y UE,);
(iii) Evidence Subgraph Pruning:
Tsub Decompose(gsub);
for each 7 € T, do

if Select(GNN(7)) = no then

if not affect connectivity then
‘ Gsub < Prune(Tv gsub);
end

end
end
(iv) Answer Prediction:

A =LLM(Q, Readout(Gyp));
if Classifier(Gg,;,) = Sufficient then

A A,

break
end

end
return /l

62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
3537-3553.

A Implementation Details

We provide implementation details for the methods
used in the framework, including the algorithms,
loss designs, and factorizations.

A.1 Algorithm for the Framework

The implementation of the framework is summa-
rized in Algorithm 1.
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Algorithm 2: Topological Readout
Input: Knowledge Graph G = (V, &);
Top-ranked Entity eqqp,.

Output: Graph Summary Z.
Initialization:
Stack S < (; Index Dictionary D < ().
Push(eiop, S);
Dletop| + €;
while S # () do
t < Pop(S);
if Neighbors(t) # () then
7+ 1;
for each e;;, € Neighbors(t) do
if e15, is not visited then
D[elh] <
D[t] & String(Z) &' /;
Push(eyp, S);
T+ 71T+1,;
end

end
end

end

for each ¢; in Keys(D) do
‘ 2 D[ez] @ h;

end

return Z = {z; }icc

A.2  Loss Design for Relevance Prediction

We train the binary classifier of relevance predic-
tion for each neighbor e, using cross-entropy loss
with one-hot encoding, as formulated:

n 2
Lip = —% S i log(di ),
i=1 j=1
where n represents the number of neighbors. ¥; ;
signifies the ground-truth label of the i-th neighbor
for class j, and ¥; ; denotes the predicted probabil-
ity of the i-th neighbor for class j.

A.3 Algorithm for Topological Readout

The implementation of the topological readout is
provided in Algorithm 2 (Wan et al., 2025).

A.4 Factorization for Subgraph Refinement

The factorization utilized for evidence subgraph
refinement approximates the complex probability
by evaluating each triplet 7; € 751, assuming that
the selection of each triplet 7; is independent (Gao
et al., 2025). For an evidence subgraph Gg,}, con-
taining A triplets, each triplet 7; can be labeled

as either selected or not, resulting in oN possible
evidence subgraphs. The sum of probabilities over
all possible evidence subgraphs can be defined as:

Z P(gsub)

gsub

=> I P ][] a-P)

gsub Tiegsub Tj ¢gsub

N
S S L0 I e

Ti TN =1

N
=T Y. P@E™a-P@m) 1

1=11(r;)e{0,1}

I
—=

(P(ri) + (1 = P(7)))

Il
=
” —

where considering all subgraphs corresponds to
evaluating both possibilities for each triplet 7; in-
dependently. In the equation, I(-) represents an
indicator function equal to 1 if the triplet 7; is in-
cluded in the evidence subgraph and O otherwise.

To incorporate structured dependencies between
triplets that may be overlooked by the indepen-
dence assumption in the selection of each triplet,
we implement the ReaRev-based GNN method
(Gao et al., 2025; Mavromatis and Karypis, 2022).
The inherent capability of the GNN method to sys-
tematically encode graph-based structured informa-
tion enables it to capture correlations among triplets
within the evidence subgraph, thereby mitigating
the limitations of the independence assumption.

A.5 Loss Design for GNN Method

We adapt the ReaRev-based GNN method to en-
code graph-based structured information. Specifi-
cally, a domain-specific dense retriever (Xu et al.,
2024) is first used to convert queries into instruc-
tions. Subsequently, the ReaRev-based GNN
method initializes and updates node feature rep-
resentations through message passing, incorporat-
ing interactions between the instructions and nodes.
Based on the updated node feature representations
and the predicted terminal node feature distribu-
tions, the ReaRev-based GNN method refines the
instructions accordingly. The loss for triplet selec-
tion is presented as:
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Ly == [y logP(7)+

TEG
(1 —y-)log(1—P(7))],

where y, = 1if 7 € Ggp,, otherwise y, = 0.

To mitigate the sparsity of positive examples in
KG triplet classification, we integrate an additional
ranking loss (Gao et al., 2025; Lin et al., 2024):

Ny N
1
ﬁrank = _W ZZIOgU(P(Tl) - P(Tj>)7

i=1 j=1
(©))
where NV and N_ represent the numbers of posi-
tive and negative examples, respectively. 7; and 7;
denote a positive and negative triplet, respectively.
o refers to the Sigmoid activation function. The
ranking loss generates larger gradients on sparse
examples, complementing the cross-entropy objec-
tive and improving classification performance.
The overall loss is a weighted combination of
the aforementioned two losses, as presented:

Lonn =nLr + (1 — 1) Lrank,

where n = 0.7 is empirically set in this research
to balance the cross-entropy loss and the rank loss
(Gao et al., 2025; Lin et al., 2024).

B Benchmark Datasets

We evaluate the framework using three bench-
mark datasets within the medical domain, including
MedQA, MedMCQA, and MMLU-Med.

* MedQA is a multiple-choice medical QA
dataset collected from professional medical
board examinations. It requires retrieving rel-
evant evidence and applying multi-step infer-
ence to answer medical questions accurately.
Each question within MedQA includes sev-
eral answer options that require a solid un-
derstanding of medical concepts and logical
inference, generally grounded in medical text-
book knowledge. MedQA spans a maximum
of 872 tokens per question, with an average
length of 197 tokens per question and a mini-
mum of 50 tokens per question. Following the
standardized experimental setting (Jin et al.,
2021), we utilize 1,272 samples for model de-
velopment, 10,178 samples for model training,
and 1,273 samples for model testing.

* MedMCQA is a multiple-choice medical QA
dataset that covers both foundational and med-
ical knowledge across extensive medical spe-
cialties. The medical questions span approxi-
mately 2,400 healthcare topics and 21 medical
subjects, providing comprehensive coverage
of the medical domain. Answering medical
questions within MedMCQA requires retriev-
ing medical knowledge relevant to each spe-
cific scenario. Due to its exam-oriented de-
sign, MedMCQA contains filtered and con-
cise question statements. It includes questions
with a maximum length of 207 tokens, an av-
erage length of 41 tokens, and a minimum
of 11 tokens. Following the standardized ex-
perimental setting (Pal et al., 2022), we uti-
lize 4,183 samples for model development,
182,822 samples for model training, and 6,150
samples for model testing.

* MMLU-Med known as the Massive Mul-
titask Language Understanding (MMLU)
benchmark dataset, which evaluates the mul-
titask learning capabilities of LLMs across
57 diverse subjects (Hendrycks et al., 2021).
We select a subset of six tasks that are related
to the medical domain (Xiong et al., 2024),
including anatomy, clinical knowledge, pro-
fessional medicine, human genetics, college
medicine, and college biology. The subset is
collectively referred to as MMLU-Med (Sing-
hal et al., 2023). MMLU-Med contains ques-
tions with a maximum length of 961 tokens,
an average length of 87 tokens, and a mini-
mum of 17 tokens. Consistent with previous
work (Xiong et al., 2024), we evaluate on the
test sets of six tasks, involving 1,089 samples
in total.

The questions in the three benchmark datasets
are recorded in English. The sample questions from
the three benchmark datasets within the medical
domain are illustrated in Figure 5.

C Baseline Methods

We compare the framework with twelve represen-
tative baseline methods, including general domain
LLMs, medical domain LLMs, RAG methods, and
graph-based RAG methods. Specifically, the evalu-
ation focuses on baseline methods with fewer than
14 billion internal parameters, reflecting practical
constraints for developing a personal healthcare

8370



(i) MedQA Benchmark Dataset

(ii) MedMCQA Benchmark Dataset

(iii) MMLU-Med Benchmark Dataset

(Qucslion:
A 5-year-old boy has symptoms of low-grade fever, dry cough,
erythema nodosum, herpetic conjunctivitis, multiple transient
arthritis, and cervical lymphadenopathy.
‘What is the possible diagnosis?

Options:

A. Rheumatic Fever

B. Infectious Mononucleosis

C. Rheumatoid Arthritis

D. Primary Pulmonary Tuberculosis
E. Kawasaki Disease

Answer:

~N

-

\

Question: )
An 18-year-old male patient presented to the clinic with pain
and swelling in the lower jaw. Intraoral examination localized
gingival bleeding in the right posterior region. On palpation,
pulsations can be appreciated. Lesions are also iated on

-~

Question: )

A 19-year-old woman noticed a mass in her left breast 2 weeks
ago while doing monthly breast self-examination. Her mother
died of metastatic breast cancer at the age of 40 years.
E ination shows large dense breasts. A 2-cm, firm, mobile

the frontal bone on a radiograph.
‘Which condition is present in this patient?

Options:

A. Vascular Malformation
B. Cherubism

C. Eosinophilic Granuloma
D. Brown Tumor

Answer:

Knowledge Resources:

Chapter Eight: Kawasaki Disease

Kawasaki disease was first reported in 1967 by Tomisaku
Kawasaki in Japan, also known as mucocutaneous lymph
node syndrome. Approximately 15%-20% of untreated
children develop coronary artery lesions. Since 1970, cases
have been reported in countries worldwide, with the highest
incidence among Asian populations. The disease occurs
sporadically or in small epidemics and can appear in all

seasons. It predominantly affects infants and young children.

Knowledge Resources:

Vascular malformation (VM) in bone occurs more frequently
than the central hemangioma (CH) of bone. Some 35% of
VMs occur in bone, whereas CHs of bone are rare. The CH of
bone is a benign tumor that rarely occurs in the jaws; it
occurs more frequently in the skull and vertebrae. It may be
congenital or traumatic in origin and may be difficult to
differentiate from VM. The usual complaint of a patient with
a VM is of a slow-growing asymmetry of the jaw or localized

\

mass is palpated in the upper outer quadrant of the left breast.
There are no changes in the skin or nipple, and there is no
palpable axillary adenopathy.

‘What is the possible diagnosis?

Options:

A. Fibroadenoma

B. Fibrocystic Changes of the Breast
C. Infiltrating Ductal Carcinoma

D. Intraductal Papilloma

Answer:
A

Knowledge Resources:

Fibroadenoma is a benign (non-cancerous) breast tumor
1 of both gl ithelial) and stromal
(connective) tissue. It is the most common solid breast mass
in young women, particularly those aged 15-35 years. It is
typically well-circumscribed, firm, rubbery, and mobile,
often described as a “breast mouse” because of its mobility

Figure 5: The sample questions from the three benchmark datasets within the medical domain.

assistant on standard devices (Qiu et al., 2024),
and aligning with typical definitions of resource-
constrained environments (Frisoni et al., 2024).

For general domain LLMs, we evaluate Qwen-3-
8B (Yang et al., 2025), LLaMA-3.2-8B (Grattafiori
et al., 2024), and Mistral-7B (Jiang et al., 2023).
To fully leverage the reasoning capabilities of gen-
eral domain LLMs, we incorporate CoT prompting
(Wei et al., 2022) and integrate domain-specific
knowledge retrieved by the domain-specific dense
retriever from the provided knowledge resources
(Xu et al., 2024), ensuring a fair comparison.

* Qwen-3-8B> (Achiam et al., 2023) is a
Transformer-based general domain LLM
trained on a large-scale high-quality corpus.
It integrates supervised fine-tuning and mul-
tistage reinforcement learning in the post-
training phase, complementing its extensive
pre-training to enhance performance.

« LLaMA-3.2-8B* (Grattafiori et al., 2024) is a
decoder-only Transformer-based general do-
main LLM with extensive internal parame-
ters and an extended context window, which
supports enhanced reasoning performance. It
is trained through an iterative post-training
process that combines supervised fine-tuning
with direct preference optimization.

» Mistral-7B> (Jiang et al, 2023) is a
Transformer-based general domain LLM that

3https://huggingface.co/Qwen/Qwen3—SB

*https://huggingface.co/meta-1lama/
Meta-Llama-3-8B-Instruct

5https://huggingface.co/mistralai/
Mistral-7B-Instruct-ve.3

leverages grouped-query attention for fast in-
ference and sliding-window attention to han-
dle long sequences efficiently with a reduced
computational cost.

For medical domain LLMs, we evaluate
Meditron-7B (Chen et al., 2023), BioMistral-7B
(Labrak et al., 2024), and Meerkat-7B (Kim et al.,
2024). To ensure a fair comparison, we apply
CoT prompting (Wei et al., 2022) and incorpo-
rate domain-specific knowledge retrieved by the
domain-specific dense retriever from the provided
knowledge resources (Xu et al., 2024).

 Meditron-7B° (Chen et al., 2023) is a domain-
specific adaptation of LLaMA, achieved
through continued pre-training on a compre-
hensive corpus in the medical domain.

* BioMistral-7B’ (Labrak et al., 2024) is a
domain-specific adaptation of Mistral. It is
pre-trained on extensive text content from a
corpus in the medical domain and systemati-
cally refined through supervised fine-tuning.

e Meerkat-7B3 (Kim et al., 2024) is developed
by extracting CoT reasoning paths from multi-
ple medical textbooks and combining reason-
ing paths with diverse instruction-following
datasets in the medical domain. Following
prior research (Sohn et al., 2025), Meerkat-7B
is initialized with Mistral-7B weights.

https://huggingface.co/epfl-11m/meditron-7b

"https://huggingface.co/BioMistral/
BioMistral-7B

8https://huggingface.co/dmis—lab/
meerkat-7b-v1.0
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For RAG methods, we evaluate MedRAG
(Xiong et al., 2024), RGAR (Liang et al., 2025),
and RAG? (Sohn et al., 2025). We apply the
provided knowledge resources from benchmark
datasets and adhere strictly to the experimental con-
figurations reported in the original references.

* MedRAG’ (Xiong et al., 2024) is a uni-
fied framework for optimizing RAG with
process supervision, applicable to medical
QA. It includes domain-specific corpora from
four knowledge resources, four retrieval algo-
rithms, and six LLMs. We report experimental
results from the best-performing configuration
across different options.

* RGAR'? (Liang et al., 2025) is a recur-
rence generation-augmented retrieval frame-
work that integrates both domain-specific fac-
tual information and conceptual knowledge
for medical QA. We report experimental re-
sults from the best-performing configuration
across different options.

« RAG?!! (Sohn et al., 2025) is a framework
designed to improve the reliability of RAG in
the medical domain. It integrates optimized
techniques for query formulation, retrieval,
and filtering in medical QA. We report ex-
perimental results from the best-performing
configuration across all experimental settings.

For graph-based RAG methods, we evaluate
GraphRAG (Edge et al., 2024), ByoKG-RAG
(Mavromatis et al., 2025), and AMG-RAG (Rezaei
et al., 2025). We use the knowledge resources pro-
vided by benchmark datasets as context and the
same medical KGs to support Graph-based RAG
methods, following the experimental configura-
tions reported in the original references.

» GraphRAG'? (Edge et al., 2024) is a graph-
based RAG method designed to enhance
LLM with structured knowledge from KGs.
GraphRAG leverages the topology and rela-
tionships in KGs to provide precise and con-
textually relevant information.

* ByoKG-RAG!? (Mavromatis et al., 2025) is
a framework that improves QA with custom

9https://github.com/Teddy—XiongGZ/MedRAG
Ohttps://github.com/dbsxfz/RGAR
Hhttps://github.com/dmis-1ab/RAG2
Zhttps://github.com/microsoft/graphrag
Bhttps://github.com/awslabs/graphrag-toolkit

KGs utilizing multi-strategy graph linking and
retrieval. LLMs generate key graph artifacts,
which are linked to KGs and used to retrieve
graph context. The graph context enables
LLMs to iteratively refine graph linking and
retrieval before generating the final answer.

* AMG-RAG'* (Rezaei et al., 2025) is a graph-
based RAG framework that automates KG
construction and updating, incorporates rea-

soning, and retrieves up-to-date external evi-
dence from KGs for medical QA.

D Experimental Configuration

We employ Chroma as the vector database, which
is persistently stored on disk to enable efficient
reusability. The input length to the backbone LLM
is set to 512 tokens per turn, with a 100-token over-
lap between consecutive turns to maintain contex-
tual consistency (Rezaei et al., 2025). The frame-
work adopts distinct training strategies for opti-
mization on the training samples of benchmark
datasets (Gao et al., 2025), where negative samples
are generated through random negative sampling.
During evidence subgraph construction and prun-
ing, the relevance classifier and the GNN are fully
trained with a learning rate of 2e-5 and 5e-5 for 30
epochs, respectively. The domain-specific dense
retriever is configured with a hidden dimension
of 4096. The GNN adopts a hidden dimension of
128. The framework employs the AdamW opti-
mizer with a weight decay of 0.001, a batch size of
16, and a cosine learning rate scheduler.

E Prompt Strategies

We provided the prompt strategies implemented in
the experiments.

The prompt strategy employed to instruct the
backbone LLM of the framework to predict an-
swers using the evidence subgraph and its internal
parameterized prior knowledge is presented in Ta-
ble 3, where the summary outlines represent the
topological readout of the evidence subgraph.

The prompt strategy utilized to instruct the base-
line LLMs to predict answers through CoT prompt-
ing and the provided knowledge resources is pre-
sented in Table 4, where context refers to the
domain-specific knowledge retrieved by the dense
retriever from the knowledge resources.

Yhttps://github.com/MrRezaeilUofT/AMG-RAG
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Question Answering Prompt Model Total Time Avg. Time
Prompt: You are an experienced medical ex- RAG? 0.38h 1.08s
pert, and your task is to answer a multiple- GraphRAG 0.18h 0.51s
choice medical question. Based on the given AMG-RAG 0.57h 1.61s
factual information and your own knowledge, Our Framework 0.30h 0.85s

please think step-by-step and predict the single
best option from the given options as the final
answer to the question. Please be informed
that your responses will be used for research
purposes only.

Question: <Question>

Factual Information: <Summary Outlines>

Table 3: The prompt strategy to predict answers.

Baseline LLMs with CoT Prompt

Prompt: You are an experienced medical ex-
pert, and your task is to answer a multiple-
choice medical question. Based on the given
knowledge resources and your own knowl-
edge, please think step-by-step and predict the
single best option from the given options as
the final answer to the question. Please be in-
formed that your responses will be used for
research purposes only.

Question: <Question>

Knowledge Resources: <Context>

Table 4: The prompt strategy of baseline LLMs.

F Additional Experiments

We present additional experiments to compare the
performance of the framework for execution time
and knowledge coverage.

F.1 Execution Time Comparison

We evaluate the execution time of the framework
and the second-best performing baseline methods,
including RAG? (Sohn et al., 2025), GraphRAG
(Edge et al., 2024), and AMG-RAG (Rezaei et al.,
2025), on three medical QA benchmark datasets.
The experimental results are illustrated in Table 5,
Table 6, and Table 7.

From the experimental results, the framework
achieves an effective balance between execution
time and performance. Specifically, as the aver-
age token length per question increases, both the
framework and the second-best performing base-
line methods require extended execution time for
each question. Although GraphRAG demonstrates
slightly faster execution time, the performance

Table 5: Comparison of the framework with the second-
best performing baseline methods on the MedQA bench-
mark dataset for execution time. The abbreviation avg
denotes average.

Model Total Time Avg. Time
RAG? 0.60h 0.35s
GraphRAG 0.46h 0.27s
AMG-RAG 0.72h 0.42s
Our Framework 0.51h 0.30s

Table 6: Comparison of the framework with the second-
best performing baseline methods on the MedMCQA
benchmark dataset for execution time. The abbreviation
avg denotes average.

Model Total Time Avg. Time
RAG? 0.16h 0.54s
GraphRAG 0.10h 0.32s
AMG-RAG 0.24h 0.79s
Our Framework 0.15h 0.48s

Table 7: Comparison of the framework with the second-
best performing baseline methods on the MMLU-Med
benchmark dataset for execution time. The abbreviation
avg denotes average.

comparison summarized in Table 1 indicates a clear
performance advantage for the framework. For
real-time medical QA applications, the framework
offers an optimal trade-off between accuracy and
efficiency. In contrast, other baseline methods lag
behind both the framework and GraphRAG, which
makes baseline methods less suitable for medical
QA applications (Liang et al., 2025), where relia-
bility and computational efficiency are critical.
Specifically, the experimental results indicate
that the input length provided by RAG methods
to the backbone LLM substantially influences ex-
ecution time, followed by the internal operations
of RAG methods, such as encoding, retrieval, and
refinement. AMG-RAG identifies domain-specific
terminology and progressively retrieves contextual
information to construct a KG for traversal (Rezaei
et al., 2025). However, since the retrieved informa-
tion is not refined and only the reasoning paths are
pruned, its input length remains extensive, which
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Figure 6: Comparison of the framework across different
depths of knowledge coverage in the evidence subgraph
on three medical QA benchmark datasets.

results in the longest execution time from the exper-
imental results. Although the framework, RAG?,
and GraphRAG incorporate refinement strategies
after domain-specific knowledge retrieval (Sohn
etal., 2025; Edge et al., 2024), GraphRAG achieves
the shortest execution time through three stages
of refinement that significantly improve efficiency
compared to conventional RAG methods. Nonethe-
less, the framework demonstrates superior effec-
tiveness within the medical domain, achieving en-
hanced performance while maintaining flexibility
for medical QA.

Since embeddings generated by different embed-
ding methods are pre-stored, the retrieval process
generally occurs within a limited part of execution
time. Consequently, multiple retrieval operations
have a negligible impact, and employing different
retrieval strategies may result in comparable exe-
cution times. Meanwhile, as presented in Table 1,
GraphRAG does not utilize CoT prompting, sug-
gesting that CoT prompting can produce unstable
input lengths, which may in turn increase the exe-
cution time of RAG methods in medical QA.

F.2 Performance Comparison

We evaluate the performance of the framework
across different depths of knowledge coverage in
the evidence subgraph, which ranges from 1-hop to
4-hop neighbors, on three medical QA benchmark
datasets to emphasize its capability for step-wise
inference. The experimental results are illustrated
in Figure 6.

From the experimental results, it can be observed
that increasing the depth of knowledge coverage in
the evidence subgraph from 1-hop to 4-hop neigh-
bors enhances the completeness and exploration
of reasoning paths, leading to improved accuracy,
particularly in the 1-hop and 2-hop experimental
settings for medical QA. While complex medical

questions may indeed require extended depth of
knowledge coverage for multi-step inference, ex-
cessive expansion of the evidence subgraph for
all questions in the benchmark datasets increases
the complexity of the retrieved factual information,
resulting in redundant and noisy structured knowl-
edge in the medical domain. The effect is evident
in the performance differences obtained across the
3-hop and 4-hop experimental settings. Although
the framework introduces evidence subgraph prun-
ing to refine the retrieved evidence subgraph by
comparing structured feature representations, the 2-
hop configuration, which is adopted as the default
experimental setting of the framework, achieves
an optimal balance between knowledge coverage
and performance for medical QA. Future research
may focus on dynamic hop selection during factual
information retrieval to enhance adaptability.
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