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A B S T R A C T

The rapid development of large language models (LLMs) has accelerated research into applying artificial intel
ligence (AI) to domains such as medical question answering and clinical decision support. However, LLMs face 
substantial limitations in medical contexts due to challenges in understanding specialized terminology, complex 
contextual information, hallucination issues (i.e., generating incorrect responses), and the black-box nature of 
their reasoning processes. To address these issues, methods like retrieval-augmented generation (RAG) and its 
graph-based variant, GraphRAG, have been proposed to incorporate external knowledge into LLMs. Nonetheless, 
these approaches often rely heavily on external resources and increase system complexity. In this study, we 
introduce MedSumGraph, a medical question-answering system that enhances GraphRAG by integrating struc
tured medical knowledge summaries and optimized prompt designs. Our method enables LLMs to better interpret 
domain-specific knowledge without requiring additional training, and it enhances the reliability and interpret
ability of responses by directly embedding factual evidence and graph-based reasoning into the generation 
process. MedSumGraph achieves competitive performance on two out of eight multiple-choice medical QA 
benchmarks, including MedQA (USMLE), outperforming closed-source LLMs and domain-specific foundation 
models. Moreover, it generalizes effectively to open-domain QA tasks, yielding significant gains in reasoning over 
common knowledge and evaluating the truthfulness of answers. These findings demonstrate the potential of 
structured summarization and graph-based reasoning in enhancing the trustworthiness and versatility of LLM- 
driven medical AI systems.

1. Introduction

Large language models (LLMs) have rapidly advanced natural lan
guage processing capabilities across various domains, including 
healthcare. With models like GPT-4 [1] demonstrating remarkable 
proficiency in generating human-like text, there has been growing in
terest in applying these models to medical artificial intelligence (AI) 
tasks such as medical question answering (QA) and clinical decision 
support [2–4]. These applications aim to improve access to accurate 
medical knowledge, streamline clinical workflows, and support 
informed decision-making.

Despite these potential benefits, general-purpose LLMs face signifi
cant limitations in the medical domain. Hallucination—generating 
incorrect or fabricated content—remains a major risk when such models 
are used for clinical guidance [5]. Furthermore, the black-box nature of 
LLMs hinders transparency, making it challenging to verify or 

comprehend their reasoning [6]. Most importantly, medicine requires 
an understanding of specialized terminology, evolving guidelines, and 
complex interrelationships among symptoms, diagnoses, and treat
ments—factors that generalist LLMs often fail to address adequately.

To mitigate these issues, several domain-specific models such as 
BioBERT [7], PubMedBERT [8], and Med-PaLM2 [9] have been intro
duced. These models demonstrate an improved understanding of 
biomedical language by being trained or fine-tuned on large-scale 
medical corpora. However, they are still limited by fixed knowledge 
(snapshot training data), lack of transparency in reasoning, and, in some 
cases, restricted accessibility due to proprietary constraints.

A promising direction to address the limitations of static and opaque 
models is the integration of external knowledge into the generation 
process [10,11]. Retrieval-augmented generation (RAG) [12] and its 
graph-based extension, GraphRAG [13], represent attempts to ground 
LLM outputs in relevant knowledge by retrieving textual or structured 
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data from external sources. While these approaches offer improvements 
in factual accuracy and reasoning depth, they also introduce challenges 
in managing the volume and complexity of retrieved content.

In this study, we propose MedSumGraph, an enhanced medical 
question-answering system designed to overcome the limitations of 
existing approaches. MedSumGraph integrates structured medical 
knowledge summarization and optimized prompt design within the 
GraphRAG framework. While GraphRAG effectively incorporates 
structural relations, it struggles with managing information overload 
from large-scale medical data and does not directly address prompt 
optimization, thereby increasing system complexity. Similarly, prompt- 
based approaches such as MedPrompt improve reasoning performance 
but remain limited in the depth of external knowledge integration. To 
address these challenges, MedSumGraph introduces a medical knowl
edge summarization module that condenses lengthy, multi-source clin
ical contexts into essential facts (e.g., definitions, causes, symptoms, 
treatments), thereby reducing information overload. In parallel, opti
mized prompt design enables the seamless integration of the knowledge 
graph’s rich structural relations with the summarized key information 
into LLM inputs. This approach allows large language models to better 
interpret domain-specific medical knowledge, mitigates hallucination, 
and enhances both the reliability and interpretability of generated re
sponses. Ultimately, MedSumGraph contributes to reducing the risk of 
incorrect clinical decision-making and improving patient safety.

To validate our approach, we evaluated MedSumGraph on the 
MedQA benchmark (USMLE) [4], comparing it with multiple domain- 
specific and retrieval-augmented baselines. As shown in Fig. 1, Med
SumGraph achieves competitive performance on the MedQA bench
mark, outperforming domain-specific LLMs and existing retrieval- 
augmented methods. This result highlights the effectiveness of 
combining knowledge summarization with graph-based reasoning in 
improving answer accuracy and reliability in the medical domain.

The main contributions of this paper are as follows: 

MedSumGraph Architecture: We propose MedSumGraph, a novel 
medical QA system that synergistically combines retrieval- 
augmented LLM generation with knowledge graph reasoning and 
summarization. To our knowledge, this is the first framework to 
integrate GraphRAG with a summarization module specifically 
designed for medical knowledge, aiming to leverage both structured 
and unstructured information for enhanced answer generation.

Knowledge Summarization Module: We design a method for 
medical knowledge summarization that condenses relevant infor
mation from multiple sources (e.g., PubMed articles, clinical notes) 
into brief, coherent summaries. These summaries capture essential 
facts and provide high-quality context to the LLM, reducing infor
mation overload and focusing the model on important details.
Optimized Prompt Design: We develop an optimized prompt 
schema that effectively incorporates the knowledge graph triples and 
summary snippets into the LLM’s input. Our prompt design addresses 
the complexity of terminology and ensures that the model interprets 
the provided facts correctly. It also improves transparency by 
structuring the prompt in a way that mirrors a logical reasoning path, 
making the model’s subsequent answer more traceable.
Empirical Performance and Analysis: We conduct extensive ex
periments on medical question-answering benchmarks, including 
synthetic clinical scenarios and real-world medical exam questions. 
MedSumGraph is shown to outperform baseline approaches 
(including standard RAG and previous GraphRAG implementations) 
in answer accuracy and factuality. We also provide a thorough 
analysis of examples, illustrating how the integration of summari
zation and graph knowledge helps prevent LLM hallucinations and 
produces more trustworthy, explainable answers. The main objec
tives, secondary objectives, and methods of this paper are as follows.
Primary Goal: To enhance the accuracy and interpretability of 
medical question answering (QA) without requiring additional 
training or fine-tuning.
Secondary Goal: To demonstrate the generalizability of MedSum
Graph beyond the medical domain to open-domain QA, while also 
validating the reliability of LLM-generated responses.
Method: We integrate medical knowledge summarization, graph- 
based retrieval-augmented generation (GraphRAG), and optimized 
prompt design—incorporating dynamic few-shot prompting, chain- 
of-thought (CoT) reasoning, and ensemble strategies—within a 
hybrid global-local retrieval pipeline.

In the following sections, we provide a detailed description of the 
design and implementation of MedSumGraph. Section 3 introduces the 
overall methodology, including the process of constructing a medical 
knowledge graph and generating responses using global-local retrieval 
and optimized prompting. Sections 4, 5, and 6 present the experiment 
setup and the results of quantitative and qualitative evaluations, 

Fig. 1. Performance comparison on the MedQA (USMLE) benchmark.
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comparing MedSumGraph with existing methods. Section 7 discusses 
the practical challenges, limitations, and implications of applying LLMs 
in the medical domain. Finally, Section 8 concludes the paper and out
lines directions for future research.

2. Related works

2.1. LLM for medicine

As artificial intelligence technology rapidly advances, LLMs are 
being actively researched in medical fields such as medical question- 
answering systems and clinical decision support systems [4,5]. How
ever, large language models trained on general commonsense data find 
it difficult to understand knowledge in specialized fields such as law, 
medicine, and mathematics, and achieving adequate performance is not 
easy. Models such as BioBERT [7] and PubMedBERT [8] are represen
tative language models used in the medical field, trained with medical 
data, and have achieved significant success in various biomedical tasks. 
However, fine-tuning large language models requires high-quality, well- 
curated data, consumes massive computing resources for model 
training, and still faces issues such as catastrophic forgetting, where the 
model forgets information from the original data after learning with new 
data.

To address these challenges, recent studies have introduced domain- 
specific large medical language models. Med-PaLM [14] and Med-PaLM 
2 [9] are large-scale LLMs specialized for medical applications, designed 
to provide reliable medical reasoning and safe clinical responses. Simi
larly, MedLM [15], developed with large-scale clinical datasets, 
demonstrated strong performance in tasks such as medical question 
answering and summarization, showing that domain adaptation of LLMs 
is critical for trustworthy clinical usage. More recently, Med-Gemini 
[16] extended the capabilities of LLMs into the multimodal medical 
domain, integrating not only text but also medical imaging modalities 
such as chest X-rays and pathology slides. This direction highlights the 
potential of LLMs to become comprehensive clinical assistants that 
combine heterogeneous sources of medical knowledge.

In parallel, methods such as RAG (Retrieval Augmented Generation) 
[12] and GraphRAG [13] are being actively explored to enhance the 
ability of LLMs to understand and respond to complex and specialized 
knowledge without the need for costly additional fine-tuning. These 
hybrid approaches aim to leverage both parametric knowledge from 
LLMs and structured domain-specific knowledge sources, such as 
knowledge graphs, to improve reliability and explainability in medical 
AI systems.

2.2. Technologies advance to LLM

To overcome the limitations of LLMs in specialized domains such as 
medicine, recent research has focused on integrating LLMs with com
plementary technologies, including retrieval-augmented generation 
(RAG) and graph-based augmentation methods.

2.2.1. Retrieval-Augmented Generation (RAG)
Retrieval-Augmented Generation (RAG) [12] has emerged as a 

promising approach for enhancing medical question answering systems. 
By retrieving relevant external knowledge and conditioning language 
model generation on this information, RAG enables more accurate and 
contextually grounded responses, particularly in knowledge-intensive 
domains such as medicine. Lewis et al. [12] introduced the original 
RAG framework, which combines dense retrieval from a large text 
corpus with sequence-to-sequence generation, demonstrating substan
tial performance improvements on open-domain QA tasks. In the med
ical domain, RAG has been adapted to retrieve biomedical literature, 
clinical guidelines, and electronic health record (EHR) information to 
improve answer accuracy and relevance. Zhang et al. [17] applied RAG 
to the MedQA-USMLE dataset, integrating biomedical knowledge 

sources to enhance the reasoning ability of language models. Their 
approach uses a dense retriever to select relevant passages from PubMed 
articles and clinical guidelines, which are then fed into a generative 
model for answer synthesis. This method outperforms standard LLM- 
based QA systems by providing evidence-grounded and interpretable 
responses, though challenges remain in handling long-context queries 
and ensuring retrieval precision. These studies illustrate the potential of 
RAG-based approaches for medical QA, highlighting their ability to 
combine retrieval of structured and unstructured biomedical knowledge 
with generative reasoning for improved performance and explainability. 
However, RAG struggles with multi-hop reasoning across documents 
and maintaining performance in domains with dense, structured ter
minology like medicine [18].

2.2.2. Knowledge graphs (KGs)
Knowledge graphs (KGs) [19] have been increasingly utilized in 

medical question answering (Medical QA) to model structured re
lationships among diseases, drugs, genes, and other biomedical entities. 
By providing explicit semantic context, KGs enhance the reasoning ca
pabilities of QA systems, enabling more accurate and interpretable re
sponses in complex clinical scenarios. Recent studies have demonstrated 
the effectiveness of integrating KGs with large language models (LLMs) 
to improve performance on medical QA benchmarks. Yasunaga et al. 
[20] proposed QA-GNN, a model that combines question-context rep
resentations with knowledge graph reasoning to jointly infer answers. 
The model identifies relevant knowledge from the KG based on the 
question and candidate answers and propagates information through a 
graph neural network. QA-GNN achieved state-of-the-art performance 
on benchmarks including MedQA-USMLE, demonstrating that KG- 
guided reasoning improves accuracy over baseline language models 
and language model + KG methods. Despite its effectiveness, QA-GNN 
faces limitations related to KG completeness and scalability for large 
biomedical graphs. Sohn et al. [21] proposed Rationale-Guided RAG 
(RAG2), which incorporates rationale-guided filtering, LLM-generated 
rationale queries, and a balanced retrieval strategy from multiple 
biomedical corpora. RAG2 selectively augments informative document 
snippets while filtering out distractors, leverages LLM-generated ratio
nales as queries to improve retrieval utility, and ensures a balanced 
coverage of biomedical knowledge sources. These studies highlight the 
critical role of knowledge graph integration in medical QA, demon
strating that KG-based approaches can significantly enhance both 
reasoning and explainability when combined with large language 
models.

2.2.3. GraphRAG
GraphRAG [13] enhances RAG by incorporating knowledge graph 

structure into the retrieval pipeline. It extracts entities and relations 
from retrieved texts to form graph contexts that the model can traverse 
for multi-hop reasoning, thereby improving interpretability and answer 
accuracy in domain-specific QA. Nonetheless, it incurs significant 
overhead in preprocessing steps like entity extraction, graph construc
tion, and summarization, and may underperform when queries lack 
explicit entity mentions. MedGraphRAG [22] tailors GraphRAG for 
medical applications by constructing hierarchical triple graphs that link 
user documents, credible medical sources, and controlled vocabularies. 
It introduces a U-Retrieval mechanism combining top-down precise 
retrieval with bottom-up response refinement. Evaluated on multiple 
medical QA and fact-checking benchmarks, MedGraphRAG consistently 
outperforms baselines while providing explicit source citations to 
enhance safety and reliability in medical response generation. However, 
GraphRAG also requires various additional tasks such as knowledge 
graph extraction, graph community generation, and summarization, 
which necessitate high computing resources and time. Additionally, it 
does not function well for queries that do not directly mention related 
entities, which is a limitation of the technology.
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2.2.4. HybridRAG
HybridRAG [23] integrates vector similarity-based retrieval with 

graph-based structural reasoning to take advantage of both dense se
mantic retrieval and explicit relational context. This hybrid design has 
shown improved performance in knowledge-intensive tasks and 
enhanced domain adaptability by merging complementary retrieval 
modalities. However, it adds system complexity and may be sensitive to 
context ordering, potentially affecting stability and accuracy in 
generation.

Overall, recent advances in integrating complementary technologies 
with large language models (LLMs), including Retrieval-Augmented 
Generation (RAG), knowledge graphs (KGs), GraphRAG, and Hybrid
RAG, have markedly enhanced both the performance and interpret
ability of medical question answering systems. These approaches 
collectively demonstrate that while retrieval- and graph-based aug
mentations substantially improve LLM capabilities in medical QA, sig
nificant challenges remain regarding computational efficiency, 
knowledge coverage, and the ability to handle complex or implicitly 
stated queries.

2.3. Prompt strategies

Methods for improving the performance of language models include 
providing external contextual information for data in specific domains 
that LLMs cannot easily understand, as described in Section 2.2. How
ever, efficiently designing the model’s prompts also demonstrates visible 
performance improvements. The following introduces papers related to 
the latest prompting techniques, focusing on the prompt strategies 
included in MedPrompt [24]. The studies introduced demonstrate per
formance improvements achieved solely through optimal prompts, 
without requiring additional training, fine-tuning, or external 
knowledge.

Dong et al. [25] proposed a in-context learning (ICL) technique that 
improves a model’s ability to solve new tasks by providing it with 
several examples. In the medical question-answering task, an example of 
ICL is when a question is given, other question examples similar to the 
question can be retrieved and provided as prompts. The number of ex
amples used can significantly impact model performance, and ICL is 
already being actively utilized in other fields. Wei et al. [26] proposed 
CoT prompting, which breaks down complex problems into intermedi
ate reasoning steps before generating an answer. This approach has been 
shown to improve LLM reasoning capabilities, and it is particularly 
effective in multi-step clinical and biomedical QA tasks. Le et al. [27] 
investigated instruction tuning combined with CoT prompts to enhance 
biomedical question-answering performance. Their experiments showed 
that instruction tuning significantly improves accuracy, while CoT 
prompts improve zero-shot reasoning ability. However, fine-tuning CoT 
prompts does not universally enhance performance and may sometimes 
degrade results for larger models. Nachane et al. [28] introduced 
AutoMedPrompt, a framework that leverages system prompt optimiza
tion to elicit medically relevant reasoning from LLMs. This method im
proves QA performance without additional model training or fine- 
tuning. Jenish et al. [29] presented OpenMedLM, a prompting plat
form that enables state-of-the-art performance for open-source LLMs on 
multiple medical QA benchmarks. By carefully designing prompts, 
OpenMedLM achieves superior reasoning and accuracy in specialized 
medical tasks. Ensemble [30] is a technique that combines the responses 
of multiple models to achieve more powerful and accurate results by 
combining individual results through functions such as averaging, 
consensus, or majority voting. During the process of generating re
sponses, the ‘temperature’ parameter can be used to control the diversity 
of the model’s generated answers to some extent. Additionally, by 
rearranging or shuffling the few-shot prompt components, it helps 
address the language model’s sequence sensitivity issue, enabling more 
robust response generation. These studies illustrate the critical role of 
prompt engineering in improving both the reasoning and accuracy of 

LLMs in domain-specific QA tasks.
We introduce MedSumGraph, which can improve the limitations 

mentioned earlier. The core of our method is an enhanced GraphRAG 
technique that combines Medical Question Summarization, graph-based 
context, and optimal prompts to enable LLMs to easily understand 
knowledge in specialized fields such as medicine without additional 
training, such as fine-tuning. Medical Question Summarization provides 
a concise summary of the entire query, enabling a global understanding, 
while graph-based context facilitates a more specific and deeper un
derstanding through knowledge graphs that explicitly represent struc
tural and relational information. Furthermore, by applying the most 
effective prompt design method, we have optimized performance not 
only in the medical domain but also in open domains.

3. Methodology

We propose MedSumGraph, a two-phase framework comprising (1) 
medical knowledge-graph construction (§3.1) and (2) question 
answering (§3.2). Fig. 2 presents the end-to-end architecture from the 
input query to the final answer. In Phase 1 (left of Fig. 2), the system 
extracts medical entity candidates (CUI, name, type, definition) from an 
external source, UMLS, integrates multi-source evidence using Wikipe
dia, summarizes salient clinical facts, and induces relations to form tri
ples that populate the MedSumGraph. In Phase 2 (right of Fig. 2), given a 
user query, MedSumGraph performs hybrid retrieval—local (entity- 
driven) and global (summary-driven)—followed by embedding-based 
re-ranking to select a compact evidence subgraph. The selected triples 
and summaries are then assembled into optimized prompts (dynamic 
few-shot, chain-of-thought, and ensemble techniques) for the LLM, 
which generates an answer with cited evidence and a concise reasoning 
trace.

3.1. Phase 1: knowledge graph construction

Fig. 3 illustrates the overall process of constructing a medical 
knowledge graph. This process consists of four substeps: (1) medical 
entity candidate extraction, (2) multi-source knowledge integration, (3) 
knowledge summarization, and (4) relationship extraction.

3.1.1. Medical entity candidates extraction
To define candidate medical entities to be used as nodes in the 

knowledge graph, we utilized the Unified Medical Language System 
(UMLS) Metathesaurus [31]. UMLS is a standardized medical termi
nology system developed by the U.S. National Library of Medicine that 
integrates diverse medical vocabularies and classification systems. In 
this study, we extracted medical entities E = { e1, e2,…, en} and each 
entity e has Concept Unique Identifier (CUI), Name, and Semantic Type: 
e = {cui, name, type}.

3.1.2. Multisource knowledge integration
In the knowledge integration step, we extracted and integrated 

definition information from the UMLS [31] and summarized pages with 
object name information from Wikipedia [32] based on the candidate 
medical objects defined earlier. To collect the definition information 
from the UMLS, we retrieved the definition information based on the 
CUI information of the medical term. We used the Wikipedia data, 
employing the WikipediaRetriever [33] library provided by Langchain, 
to extract the summary paragraphs for relevant terms. Information from 
both sources was then integrated into a single context as: Ce =

DefinitionUMLS + DefinitionWiki. Thus, all entities are constructed as e =

{cui, name, type, context}.

3.1.3. Knowledge summarization
In the knowledge summarization step, we extracted the summarized 

context information by instructing the L G
sum which is L G with sum
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marization prompt to extract only the key information from the long- 
sentence context information collected for each medical term. This 
step is necessary because the collected context is considerably large; 
therefore, it is necessary to select only the important information 
required to build a knowledge graph. Other studies have utilized 
retrieved documents for graph construction without refining them. 
However, the larger the document size, the more unnecessary entity and 
relationship information may be extracted, and providing unnecessarily 
large graph information as prompt input to the LLM in the response 
generation stage may degrade the performance of the LLM and waste 
resources for graph construction [34,35]. Therefore, in this study, we 
summarized the collected context documents to include only core in
formation using LLM to efficiently build medical knowledge graphs. We 

defined the core information for medical terms as definitions, causes, 
risk factors, symptoms, diagnosis, treatment, complications, medication, 
and design prompts for the LLM L G

sum to extract the above information 
as: Csum = L

G
sum(Ce).

3.1.4. Relationship extraction
The relationship extraction step instructs the L G

rel to extract medical 
term objects and inter-object relationship information from the sum
marized medical term context information Csum. As the summarized 
context information generated in the previous step has already excluded 
the core information associated with each medical term, the relation
ships extracted in this step include additional information such as the 

Fig. 2. System Overview of MedSumGraph.

Fig. 3. The medical knowledge graph construction phase of MedSumGraph.
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definition, cause, and symptoms of the medical term: Re1
i

e1
j
=

{
e1

i , rij, e1
j

⃒
⃒
⃒ rij = L

G
rel
(
Ci

sum
)
}

. For example, the knowledge graph related 

to Alzheimer’s is as follows: {Alzheimer’s disease, cause, dementia}, 
{Alzheimer’s disease, complications, aspiration pneumonia}, {Alz
heimer’s disease, symptoms, memory loss}. This graph visually repre
sents the various aspects of Alzheimer’s disease, illustrating the 
relationships between its definition, causes, symptoms, and treatment.

Unlike GraphRAG [13], we do not perform an explicit graph com
munity construction step. While community-based graph summariza
tion is effective in general domains, it incurs a high computational cost. 
We found that medical domain data is typically well-structured and 
concise, making explicit community construction less necessary. 
Instead, we leverage global search using question summarization in the 
response generation phase (Section 3.2), thereby achieving similar 
benefits while simplifying the pipeline and reducing system complexity.

3.2. Phase 2: response generation

As illustrated in Fig. 4, the response generation phase in MedSum
Graph comprises two core components: (1) hybrid knowledge retrieval, 
and (2) response generation using an optimized, medical-specific 
prompt. This hybrid process allows the system to effectively leverage 
both textual summaries and structured graph data when generating 
answers to medical queries.

3.2.1. Hybrid search via global search and local search with Re-ranking
To support precise and context-rich responses, we extend the stan

dard GraphRAG response generation approach with a hybrid search 
mechanism: 

❿ Global Search is an approach for understanding questions from a 
high-level perspective, where a given question is summarized by 
LLM, and a response is generated based on the implied knowledge 
representation. The advantage of this approach is that the LLM 
provides a broader and more comprehensive understanding of the 
query.

❿ Local Search is a method to break down a complex query and un
derstand it. Given a query, it extracts medical entity names and 
generates responses by obtaining graphs related to the entity names 
in the query, based on the extracted entity names.

A global search provides a comprehensive understanding of a query 
from a broader perspective, whereas a local search offers a detailed 
understanding of complex queries. By combining these two methods, 
MedSumGraph enhances both the breadth and depth of understanding, 
enabling the model to interpret complex clinical questions from multiple 
perspectives and produce more accurate and comprehensive answers. 
Moreover, we applied re-ranking technology to select only triples similar 
to the given query. The reasons for needing re-ranking technology are: 
(1) preventing LLM performance degradation due to irrelevant triples, 
(2) saving context size to effectively convey more qualitative informa
tion, and (3) reducing irrelevant facts or potential errors to generate 
consistent answers. We utilized the SentenceTransformer (sentence- 
transformers/all-MiniLM-L6-v2) model to embed both the query and the 
extracted triples, then measured cosine similarity to select only the top 
20 triples most relevant to the query.

3.2.2. Optimized prompts for the medical domain
To further enhance performance, we incorporate medical-specific 

prompting strategies inspired by MedPrompt [24], which demon
strates that carefully designed prompts can significantly boost LLM 
performance on domain-specific tasks without fine-tuning. Our prompt 
design integrates three key techniques: 

❿ Dynamic Few-Shot Prompting: For each query, we retrieve the five 
most semantically similar examples from a labeled medical QA 
dataset using cosine similarity over embeddings. These examples are 
dynamically inserted into the prompt as few-shot demonstrations, 
tailoring the context to each new question. This approach differs 
from the original MedPrompt, which uses k-NN clustering.

❿ Chain-of-Thought Reasoning: To improve interpretability and ac
curacy on multi-step medical questions, we apply a structured 
reasoning format in the prompt. This encourages the model to 
generate step-by-step logical explanations before producing an 
answer.

❿ Ensembling: To mitigate variability in LLM outputs, we use an 
ensemble strategy in which the model generates multiple candidate 
responses, and the final answer is chosen based on majority voting 
across outputs.

These prompt engineering techniques collectively enable high- 
quality medical question answering while avoiding the computational 
overhead of fine-tuning. Our prompting method performs effectively in 

Fig. 4. The response generation phase of MedSumGraph.
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specialized domains, reducing the time and expensive computing re
sources required for fine-tuning.

4. Experiments

4.1. Dataset

4.1.1. Knowledge graph construction datasets
To build our own knowledge graph specialized in medical data, we 

collected data from the Unified Medical Language System (UMLS) [31], 
a unified medical terminology system, and Wikipedia [32], which con
tains an enormous amount of knowledge data contributed by global 
users. UMLS information was obtained from the Concept Unique Iden
tifier (CUI), Semantic Network, and Specialist Lexicon, which together 
accounted for approximately 3.42 million medical terms. Among these, 
we extracted and used only the Unique Identifier, Name, Semantic Type, 
and Definition information. The Wikipedia data collection was also 
based on 3.42 million medical terms extracted from UMLS.

We used Langchain’s WikipediaRetriever API [33] to extract sum
marized information from Wikipedia pages. Because Wikipedia data 
encompasses information from various domains, including medical 
data, it can enhance the performance of medical and open-domain QA 
tasks. The performance improvement is demonstrated in the open- 
domain experimental results. However, the WikipediaRetriever in 
LangChain operates by querying the Wikipedia API in real time to 
retrieve documents. In other words, the retriever directly accesses and 
returns the most up-to-date Wikipedia content available through the 
API, rather than relying on pre-downloaded or fixed-date snapshots 
(dumps). While this characteristic ensures that the system can imme
diately reflect the most recent information, it also implies that the results 
for the same query may vary over time, which introduces limitations in 
reproducibility.

4.1.2. Test data
The test data used in our experiments consisted of eight multiple- 

choice medical QA datasets, one LLM reliability validation dataset, 
and one open-domain dataset, as presented in Table 1. The medical QA 
dataset comprises MedQA [4], PubMedQA [36], and six MMLUs [37]. 
The LLM reliability validation dataset includes TrustfulQA [38]. Addi
tionally, the open-domain dataset encompasses OpenbookQA [39], 
published by AllenAI. The evaluation metric was accuracy, and all 
datasets were collected using the Huggingface Dataset library.

4.2. Experiment setting

4.2.1. Medical QA setup
We compared our proposed method with two open-source baselines: 

standardRAG [12] and GraphRAG [13] developed by Microsoft. The 
objective of this experiment is to evaluate the performance of LLMs in 
answering complex medical queries using different types of external 
knowledge integration and prompt designs. Effective prompt construc
tion and knowledge conditioning are crucial for enhancing LLM 
comprehension in the medical domain.

To this end, we have tested various combinations of contextual in
puts: (1) structured medical knowledge graphs, and (2) medical question 
summarizations with patient-specific information. These contexts are 
delivered through different prompt templates and reasoning strategies. 
Table 2 outlines the specific types of LLM contexts (knowledge graph, 
summarization) and MedPrompt techniques (few-shot, chain-of- 
thought, ensembling) [24] applied to each experimental condition.

Fig. 5 presents the prompt templates used in our experiments. Fig. 5
(a) shows the baseline prompt template, which simply appends the 
question and multiple-choice options. In contrast, Fig. 5(b) shows our 
enhanced template used in MedSumGraph. It integrates dynamic few- 
shot examples, contextual summaries, and chain-of-thought prompt
ing, followed by a final answer generation step. The shaded components 
highlight the additional reasoning and adaptation capabilities not pre
sent in the baseline.

We have utilized Llama3.1-70B [40] with 4-bit quantization using 
Ollama library [41], an open-source LLM, for response generation across 
all settings on two Nvidia Titan GPUs. This quantization model is 
lightweight and can also operate on a single GPU with 20-25GB of 
VRAM, providing greater flexibility in hardware requirements. For 
MedSumGraph, we use the model for both response generation and 
knowledge graph construction, while the SentenceTransformer library 
(sentence-transformers/all-MiniLM-L6-v2) [42] is used to encode all 
questions and select the top 5 examples for few-shot prompting. We have 
set the ensemble size to 5 across all CoT generations to increase answer 
robustness. All hyperparameters can be found in Appendix A.

4.2.2. LLM reliability validation and open-domain QA setup
An LLM reliability validation experiment was conducted to demon

strate the reliability of the answers generated by the proposed model. An 
open-domain QA experiment was conducted to prove the effectiveness 
of our model in both the medical and open domains. The experiments 
were conducted using the Llama3.1-70B model and compared with the 
Llama3.1-70B baseline and MedSumGraph. Notably, the TrustfulQA 
[38] dataset is not suitable for few-shot prompts; therefore, we did not 
apply prompts in our experiments. As in the medical QA experiment, we 
utilized Llama3.1-70B for knowledge graph construction and the Sen
tenceTransformer library for the embedding model. For knowledge 
graph construction, we utilized only Wikipedia data to build the 
knowledge graph, as UMLS is specialized in the medical domain among 
existing knowledge graph sources.

4.3. Results

4.3.1. Medical QA benchmark results
In this study, we focused on medical QA experiments and compared 

Table 1 
Test data.

Category Name Count Description

Medical QA MedQA 1273 US Medical licensing 
exam

PubMedQA 500 Closed-domain question 
answering

MMLU College- 
Medicine

173 College medicine

MMLU College- 
Biology

144 College biology

MMLU Professional- 
medicine

272 Professional medicine

MMLU Anatomy 135 Anatomy
MMLU Genetics 100 Medical genetics
MMLU Clinical 
Knowledge

265 Clinical knowledge

Open-domain QA OpenbookQA 500 Open-domain question 
answering

LLM reliability 
validation

TrustfulQA 790 Measuring the reliability 
of LLMs

Table 2 
Context and prompting methods used in each model.

Category LLM Context type MedPrompt

RAG KG Few-shot CoT Ensembling

Baseline - - - - -
RAG ✓ - - - -
GraphRAG - ✓ - - -
MedSumGraph ✓ ✓ ✓ ✓ ✓
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them for the medical domain without any training. We compared our 
proposed model with standard RAG and GraphRAG methods on eight 
representative medical QA benchmark datasets and validated their 
performance on open-source language models, such as Llama3 (8B, 
70B).

The results are presented in Table 3, demonstrating that MedSum
Graph applied to the Llama3.1-70B model had the highest performance, 
with an average performance improvement of 25 percentage points(pps) 
compared to the baseline model. The highest-performing Llama3.1-70B 
model achieved performance gains of 17 pps, 14 pps, and 11pps 
compared to the Baseline, RAG, and GraphRAG models, respectively. 
This result suggests that the untuned model requires additional external 
knowledge to effectively understand problems in specialized domains 
such as the medical domain, further demonstrating that performance 
varies depending on how external knowledge is integrated into the LLM.

We also found that the performance of the model with a small 
number of RAGs was comparable to that of the baseline model (as 
indicated by the red text in Table 3). This suggests that representing 
information as a graph that captures rich structural relational informa
tion is more effective when the context is drawn from text that is not 
relevant to the query. We additionally present the statistical analysis 
results for the baseline model, RAG, GraphRAG, and MedSumGraph on 
the MedQA dataset in Table 7 of Section Appendix B, where each model 
is evaluated on five different random seeds.

4.3.2. Comparison results with the SOTA model
We presented comparative experiments with medical SOTA models, 

including GPT-4 [1] and MedPaLM2 [6], and the results are shown in 

Table 4. Four models (MedGraphRAG-GPT4, MedGraphRAG-Llama3.1- 
70B, MedPrompt-GPT4, and MedPaLM2) published in three papers 
(MedGraphRAG [22], MedPrompt [24], and Med-PaLM2 [6]) were 
selected for comparison. The results indicated that our proposed model 
achieved competitive performance on the MedQA and PubMedQA 
datasets and that MedPrompt-GPT4 had the highest performance on the 
other datasets. Furthermore, when averaging the performance of all 
eight datasets, our proposed model ranked third, behind MedPrompt- 
GPT4 and MedGraph-GPT4.

However, as noted in the Med-PaLM2 [6], the comparison with GPT- 
4 is not straightforward, given that GPT-4 is a proprietary system and the 
extent of overlap between the evaluation data and its training data re
mains unknown. Nevertheless, our proposed model offers a novel and 
efficient method for incorporating external knowledge into LLMs 
without requiring expensive language model fine-tuning. In experiments 
using the same language model (Llama3.1-70B) except GPT4, which is a 
commercial language model, our proposed model demonstrated supe
rior performance, even outperforming MedPaLM2, which is fine-tuned 
for medical tasks.

4.3.3. LLM reliability and open-domain experiment results
This experiment was conducted to demonstrate that the proposed 

model is effective in both the medical and open domains, as well as LLM 
reliability tasks. The results are presented in Table 5. The results indi
cated that the accuracy increased by approximately 7.8 pps in the open- 
domain QA task and by 9.62 pps in the LLM reliability task compared to 
the baseline.

This performance improvement is likely attributed to the impact of 

Fig. 5. Prompt templates for medical QA: (a) Baseline template, (b) MedSumGraph prompt.

Table 3 
Medical QA benchmark results by method. The best accuracy is highlighted in bold.

Method (Model) MedQA Pub MedQA MMLU Col-Med MMLU Col-Bio MMLU ProMed MMLU Ana MMLU Gen MMLU Clinic Average

Baselines
(Llama3-8B) 53.97 59.20 63.01 73.61 75.74 67.41 65.00 66.42 65.55
(Llama3-70B) 70.78 61.40 73.41 90.97 87.13 78.52 85.00 79.62 78.35

RAG
(Llama3-8B) 56.09 64.20 67.63 70.14 76.84 70.37 72.00 70.19 68.43
(Llama3-70B) 72.43 65.20 77.46 93.06 86.76 78.52 91.00 81.13 80.70

GraphRAG
(Llama3-8B) 64.81 66.40 68.79 81.94 78.31 74.81 74.00 73.58 72.83
(Llama3-70B) 77.06 66.80 80.92 94.44 89.34 82.96 88.00 82.64 82.77

MedSumGraph
(Llama3-8B) 84.76 76.20 88.44 93.75 91.18 85.93 90.00 90.19 87.56
(Llama3-70B) 93.57 84.20 90.17 95.83 93.75 90.37 91.00 94.72 91.70
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the contextual information obtained from Wikipedia and the well- 
designed MedPrompt, which was used to build the knowledge graph 
in this study. Wikipedia is a suitable external knowledge source, as it 
contains data from various domains and can be easily extended to other 
domains. According to the MedPrompt [24], we believe that Med
Prompt’s prompt design method is not only effective in the medical field 
but can also be applied to other domains, which significantly influences 
the performance of open-domain QA and the reliability of LLMs.

5. Case study

In this section, we demonstrated the MedSumGraph model for 
specialized medical queries using a medical QA case, as shown in Fig. 6. 
We present the case of a 62-year-old stroke patient who developed a 
purulent cough and cold one week after being admitted to the hospital. 
The clinical task is to identify the causative microorganisms responsible 
for the patient’s symptoms. The correct answer to this question is 
D. Staphylococcus aureus. Identifying the correct answer involves 
guessing the disease based on the patient’s symptoms and determining 
the causative organism for the given disease. In the case of the patient 
shown in Fig. 6, the following reasoning process is required: ‘symptoms 
of purulent cough and cold→ pneumonia’, ‘pneumonia developed 1 
week after hospitalization→ hospital-acquired pneumonia (HAP)’, 
‘causative microorganism of HAP → Staphylococcus aureus’.

We described how the proposed model addresses this problem. First, 
we used medical question summarization to summarize the patient’s 
information, symptoms, test results, and diagnosis. The summary states 
that the probable diagnosis is HAP and the causative organism is 
Streptococcus pneumoniae. Consequently, we observed that the inference 
regarding the diagnosis (HAP) is correct; however, the inference 
regarding the causative organism (Streptococcus pneumoniae) is incor
rect. The graph shows that Staphylococcus aureus is the cause of HAP and 
Streptococcus pneumoniae is the cause of community-acquired pneu
monia (CAP). Therefore, by synthesizing all the contextual information, 
the correct diagnosis is inferred from the query summary.

However, the incorrect cause of the symptoms is predicted, and the 
additional graph information, which indicates that Staphylococcus aureus 
causes HAP, can be used to correct this error and finally derive the 
correct answer. Thus, in a field that requires complex terminology and 
reasoning skills, such as medical QA, the proposed hybrid method of 
medical query summarization and graph-based retrieval is effective in 
providing a multifaceted approach to professional medical queries from 
both global and local perspectives while incorporating relevant external 
knowledge into LLMs. Specifically, fact-based structural relationship 
information in the knowledge graph can support the reasoning basis of 
the LLM. This suggests that the knowledge graph can mitigate the black- 

box and hallucination issues associated with LLM, thereby facilitating 
the development of more reliable and explainable medical AI.

6. Ablation study

In this section, we analyze the contribution of the main components 
of MedSumGraph as shown in Fig. 7. Experiments are conducted on 
MedQA with Llama-3.1-70B. The left panel of Fig. 7 compares Baseline, 
RAG, and GraphRAG in terms of Accuracy (%). The right panel reports 
incremental gains on the Baseline as we progressively add the main 
methods used in MedSumGraph. Bars show absolute accuracy; stacked 
segments indicate percentage-point (%p) improvements, and the red 
line tracks the cumulative score. Starting from a 70.78 % baseline, 
summarization yields a 6.83 % increase, GraphRAG adds 8.72 %, and 
MedPrompt contributes 7.24 %, reaching an overall 93.57 %. These 
results indicate that external, query-relevant knowledge is crucial for 
medical QA, and graph-based retrieval that encodes relational structure 
yields substantial gains, while prompt optimization further consolidates 
these improvements.

7. Discussions

The use of large language models (LLMs) in healthcare is expanding 
rapidly, with applications in clinical decision support [2] and medical 
question answering [3]. However, significant challenges remain before 
these models can be safely and reliably applied in real-world clinical 
environments [4]. Studies have found that while general-purpose LLMs 
can handle some medical queries, they often fail when tasked with un
derstanding specialized terminology or performing complex reasoning. 
These findings highlight the need for domain-specific strategies that 
enhance the transparency and factual reliability of LLM-generated 
responses.

One key challenge is the reliance on external knowledge sources. 
Retrieval-Augmented Generation (RAG) [12] has emerged as a prom
ising solution by combining LLMs with non-parametric retrieval sys
tems. However, its effectiveness depends heavily on the quality and 
relevance of the retrieved information. In parallel, prompt-based ap
proaches, such as MedPrompt [24], have demonstrated that LLMs can be 
adapted to specialized domains without requiring fine-tuning. None
theless, these strategies alone may not be sufficient to ensure reliable or 
interpretable outputs in high-stakes fields such as medicine.

Our proposed method addresses these limitations by integrating 
knowledge graph construction, summarization, and optimized prompt
ing. However, this study has several limitations. First, clinical knowl
edge evolves rapidly, making it challenging to maintain and update the 
medical knowledge graph, which may affect the generalizability of the 
proposed approach. Second, the effectiveness of cross-domain summa
rization may vary depending on the specific medical context, potentially 
leading to inconsistent performance across different tasks. Third, the 
framework is sensitive to the order of input context, which may influ
ence the quality of the generated responses. Fourth, the system requires 
substantial computational resources, including the Llama3.1-70b model 
and knowledge graph construction, which may limit real-time applica
bility and cost-effectiveness in clinical settings. Fifth, proposed model 
not only demonstrates strong performance on medical QA benchmarks 
such as MedQA, but also shows improved results in open-domain QA 

Table 4 
Results compared to SOTA model. The best accuracy is highlighted in bold.

Model MedQA Pub MedQA MMLU Col-Med MMLU Col-Bio MMLU Pro-Med MMLU Ana MMLU Gen MMLU Clinic

Med-GraphRAG (GPT4) 90.20 82.00 89.00 97.90 95.20 89.60 98.00 95.80
Med-GraphRAG (Llama3-70B) 88.40 83.80 91.40 96.50 93.20 89.80 91.00 94.10
MedPrompt (GPT4) 91.30 83.30 91.50 98.10 95.80 93.20 98.50 96.40
MedPaLM2 86.50 81.80 83.20 95.80 95.20 84.40 92.00 88.70
MedSumGraph (Llama3-70B) 93.57 84.20 90.17 95.83 93.75 90.37 92.00 94.72

Table 5 
LLM reliability and open-domain experiment results. The best accuracy is 
highlighted in bold.

Category Dataset Model Accuracy

Open-domain QA OpenbookQA Baselines 85.2 %
MedSumGraph 93.0 %

LLM Reliability TrustfulQA Baselines 71.0 %
MedSumGraph 80.6 %
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Fig. 6. Example of generating answers in MedSumGraph.
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tasks. However, these improvements may primarily stem from the 
integration of Wikipedia-derived knowledge in a graph-structured form, 
suggesting the need for additional ablation studies and more detailed 
analyses. Nevertheless, we argue that our approach—retrieving knowl
edge from Wikipedia most relevant to the given queries in open-domain 
QA, summarizing the inherently noisy content, and then structuring it 
into a knowledge graph for integration into the LLM’s context—likely 
contributed substantially to the observed performance gains. Future 
work should explore dynamic knowledge updating mechanisms, eval
uate robustness across diverse medical domains, mitigate input order 
sensitivity, and develop strategies to improve computational efficiency.

Our approach achieves competitive performance on both medical 
and open-domain QA benchmarks; however, its effectiveness may be 
limited when noise is introduced into the knowledge graph or when 
query-relevant triples are not adequately included. To address these 
limitations, we first developed a domain-specific medical knowledge 
graph and conducted a framework evaluation on medical QA tasks. 
Subsequently, we explored the broader applicability of multi-source 
knowledge integration in open-domain settings by incorporating 
general-purpose resources such as Wikipedia.

8. Conclusion

In this study, we proposed MedSumGraph, a novel hybrid framework 
that enhances GraphRAG for medical question answering by combining 
structured knowledge graphs, multi-source medical knowledge sum
marization, and optimized prompting strategies. Our approach enables 
general-purpose LLMs to understand domain-specific terminology and 
respond to complex medical queries without fine-tuning.

We demonstrated that MedSumGraph outperforms existing methods 
on multiple medical QA benchmarks, as well as in open-domain and 
factuality-focused evaluations. These results validate the effectiveness of 
integrating structured and unstructured knowledge for generating 

accurate and interpretable LLM outputs.
While our work offers a promising pathway for applying LLMs in 

healthcare, further research is necessary to improve reliability, trans
parency, and domain generalizability. We emphasize the importance of 
developing explainable AI tools that support clinical reasoning and 
provide users—both clinicians and patients—with fact-based, trust
worthy answers. Through this study, we hope to contribute to the 
advancement of medical AI systems that enhance the quality and 
accessibility of clinical knowledge.
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Appendix A. Hyameters

In this section, we discuss the hyperparameters utilized in the medical benchmark. Hyperparameters are broadly categorized into model and 
prompt, with details provided in Table 6 below.

Table 6 
Hyperparameters.

Category Hyperparameter Value Description

Model temperature 0.5 Controls randomness; set to deterministic for QA
top-k 50 Nucleus sampling threshold
top-p 0.95 Candidate pool size for top-k sampling
repetition_penalty 1.1 Penalty factor to reduce token repetition
max_tokens 512 Maximum tokens generated

Prompt Dynamic few-shot top- 
k

5 Dynamic Few-Shot Prompting selects the most relevant example for each test query, enabling the model to leverage contextually 
similar cases and achieve performance gains.

Ensembling 5 Ensembling is a technique that combines the outputs of multiple model runs to derive more robust or accurate results
Reranker top-k 20 A variable that selects only the top-k triples most relevant to the query by re-ranking them among countless triples.

Appendix B. Statistical validation

In this section, we analyze the results of baseline, RAG, GraphRAG, and MedSumGraph (Ours) models on the MedQA dataset, each evaluated over 
five different random seeds. Beyond simple accuracy, we computed the mean and standard deviation for each model to assess the central tendency and 
variability of performance. We further calculated the 95 % confidence interval (CI) to quantify the uncertainty around the mean estimates and 
conducted paired t-tests to determine whether the observed differences between baseline and other models were statistically significant. Finally, we 
computed the effect size (Cohen’s d) to quantify the magnitude of performance improvements.

The statistical analysis results are summarized in Table 7, demonstrating that the MedSumGraph (Ours) model outperforms the baseline. 
Examining the mean, standard deviation, and 95 % confidence intervals, MedSumGraph (Ours) exhibits high accuracy with low variability across 
seeds. Furthermore, the paired t-test shows a p-value smaller than 0.001, indicating a highly significant improvement, and the Cohen’s d value 
confirms a substantial effect size compared to the baseline, supporting consistent performance gains across repeated experiments. These results 
indicate that the improvements provided by MedSumGraph (Ours) are not due to chance but reflect robust and reliable performance across multiple 
random seed settings.

Table 7 
Statistical validation results in the Medical QA benchmark.

Method Accuracy (mean ± std) 95 % CI p-value Cohen’s d

Baselines 70.024 ± 0.71 [69.147, 70.901] – –
RAG 72.263 ± 0.14 [72.088, 72.437] p < 0.01 3.467
GraphRAG 76.996 ± 0.06 [76.917, 77.075] p < 0.001 9.926
MedSumGraph 92.996 ± 0.65 [92.184, 93.809] p < 0.001 25.052

Appendix C. Example of framework performing a medical QA task

Table 8 shows examples of which entities and triples the proposed framework generates during the response generation step using local search and 
global search, respectively. A key point here is that when using only local search (a common research approach), the important entity (“Pulmonary 
embolism”) needed to match the correct answer was not discovered. However, it can be seen that this entity was included among those extracted by 
global search. In other words, we propose a method that appropriately fuses both local search and global search techniques, and its effectiveness can be 
confirmed through the examples in Table 8.

Table 8 
Example of our framework performing a Medical Question Answering Task.

Question A 65-year-old woman comes to the physician for a routine bone mineral density screening. She does not have any children. Menopause was at age 55. Her mother died 
of breast cancer at the age of 48 years. She has hypertension for which she takes ramipril. Dual-energy x-ray absorptiometry at the femoral neck shows a T-score of 
− 2.7 SD. The physician considers treatment with raloxifene. This medication would put her at increased risk of developing which of the following conditions?

Options A: Pulmonary embolism (Answer) 
B: Cellulitis 
C: Breast cancer 
D: Hypercholesterolemia

Method Local Search Global Search

Entities [“65-year-old woman”, “No children”, “Menopause at age 55”, “Family history of 
breast cancer”, “Breast cancer”, “Hypertension”, “Bone mineral density screening”, 
“Dual-energy X-ray absorptiometry”, “Femoral neck”, “T-score − 2.7”, “Ramipril”, 
“Raloxifene”]

[Hypertension, Breast cancer, Dual-energy X-ray absorptiometry (DEXA), T- 
score, Raloxifene (SERM), Ramipril (ACE inhibitor), Pulmonary embolism 
(PE)]

(continued on next page)
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Table 8 (continued )

Question A 65-year-old woman comes to the physician for a routine bone mineral density screening. She does not have any children. Menopause was at age 55. Her mother died 
of breast cancer at the age of 48 years. She has hypertension for which she takes ramipril. Dual-energy x-ray absorptiometry at the femoral neck shows a T-score of 
− 2.7 SD. The physician considers treatment with raloxifene. This medication would put her at increased risk of developing which of the following conditions?

Options A: Pulmonary embolism (Answer) 
B: Cellulitis 
C: Breast cancer 
D: Hypercholesterolemia

Method Local Search Global Search

Triples (“Hypertension”, “treated_with”, “Ramipril”), 
(“Bone mineral density screening”, “includes”, “Dual-energy X-ray 
absorptiometry”), 
(“Dual-energy X-ray absorptiometry”, “site”, “Femoral neck”), 
(“T-score − 2.7 SD”, “indicates”, “Osteoporosis”), 
(“Raloxifene”, “benefit”, “Osteoporosis treatment & breast cancer risk reduction”)

(“Osteoporosis”, “defined_as”, “Low bone mineral density”) 
(“Hypertension”, “treated_with”, “Ramipril”), 
(“Breast cancer”, “risk_factor”, “Family history”) 
(“Osteoporosis”, “diagnosed_by”, “DEXA”), 
(“DEXA”, “result”, “T-score”) 
(“Osteoporosis”, “treated_with”, “Raloxifene”), 
(“Raloxifene”, “class”, “SERM”) 
(“Raloxifene”, “reduces_risk”, “Fragility fractures”) 
(“Osteoporosis”, “complication”, “Fragility fractures”) 
(“Raloxifene”, “complication”, “Venous thromboembolism”) 
(“Raloxifene”, “risk_increase”, “Pulmonary embolism”)

Visualization

Question A 4-year-old child is rushed to the emergency department after developing sudden abdominal pain followed by nausea, vomiting, and dark, almost black-colored stool. 
Prior to the onset of symptoms, he was seen playing with his mother’s purse containing a bottle of vitamin supplements, which she takes for chronic microcytic 
anemia. Which of the following medications is the treatment for this patient’s intoxication?

Options A: Dimercaprol 
B: Deferoxamine (Answer) 
C: Protamine 
D: Succimer

Method Local Search Global Search

Entities

[“4-year-old child”, “Sudden abdominal pain”, “Nausea”, “Vomiting”, “Dark, 
almost black-colored stool”, “Emergency department”, “Vitamin supplements”, 
“Chronic microcytic anemia”, “Iron”, “Intoxication / Iron poisoning”, 
“Deferoxamine”]

[“Sudden abdominal pain”, “Nausea”, “Vomiting”, “Dark, almost black-colored 
stool / Melena”, “Vitamin supplements”, “Iron”, “Acute iron intoxication”, 
“Deferoxamine”, “Gastrointestinal bleeding”, “Metabolic acidosis”, “Organ 
damage”, “Shock”]

Triples

(“Child”, “exposed_to”, “Vitamin supplements”) 
(“Vitamin supplements”, “contains”, “Iron”) 
(“Child”, “condition”, “Iron intoxication”) 
(“Iron intoxication”, “treated_with”, “Deferoxamine”)

(“Child”, “exposed_to”, “Vitamin supplements”) 
(“Vitamin supplements”, “contains”, “Iron”) 
(“Iron overdose”, “causes”, “Acute iron intoxication”) 
(“Acute iron intoxication”, “diagnosed_by”, “Clinical history and symptoms”) 
(“Acute iron intoxication”, “treated_with”, “Deferoxamine”) 
(“Acute iron intoxication”, “may_cause”, “Gastrointestinal bleeding”) 
(“

Visualization
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Appendix D. Qualitative error analysis

In this section, we present the results of qualitative error analysis that can occur in medical QA, as shown in Table 9. To perform qualitative error 
analysis, we analyzed Missing information, Factual Error, and Logical/Reasoning Error using one representative example. Missing information refers 
to cases where no triples were retrieved from the knowledge graph. Factual Error occurs when triples containing incorrect information are retrieved. 
Logical/Reasoning Error occurs when appropriate triples are retrieved but the LLM fails to understand them correctly. The results observed through 
qualitative error analysis indicate that our proposed method contains sufficient triples for medical QA and refines triples similar to the query. This 
enabled us to achieve competitive performance across various medical benchmarks.

Table 9 
Qualitative error analysis.

Question A 62-year-old patient has been hospitalized for a week due to a stroke. One week into the hospitalization, he develops a fever and purulent cough. His vitals include: 
heart rate 88/min, respiratory rate 20/min, temperature 38.4 ◦C (101.1 ◦F), and blood pressure 110/85 mmHg. On physical examination, he has basal crackles on the 
right side of the chest. Chest radiography shows a new consolidation on the same side. Complete blood count is as follows: 
Hemoglobin 16 mg/dL 
Hematocrit 50 % 
Leukocyte count 8900/mm3 
Neutrophils 72 % 
Bands 4 % 
Eosinophils 2 % 
Basophils 0 % 
Lymphocytes 17 % 
Monocytes 5 % 
Platelet count 280,000/mm3 
What is the most likely causal microorganism?

Options A:Streptococcus pneumoniae 
B:Mycobacterium tuberculosis 
C:Haemophilus influenzae 
D:Staphylococcus aureus

Gold Answer D:Staphylococcus aureus

Context 
(Triple)

– {Streptococcus pneumoniae, cause, 
Pneumonia}

{Staphylococcus aureus, cause, Hospital- 
acquired pneumonia}

{Staphylococcus aureus, cause, Hospital- 
acquired pneumonia}

Error Type Missing Information Factual Error Logical/Reasoning Error Correct (Our)

Predict A:Streptococcus pneumoniae A:Streptococcus pneumoniae A:Streptococcus pneumoniae D:Staphylococcus aureus 

Analysis Difficulty distinguishing HAP 
from CAP due to insufficient 
information such as antibiotic use 
history, immune status, and 
mechanical ventilation status

An LLM generates an answer based on 
a triple of incorrect information and it 
may select Streptococcus pneumoniae 
instead of Staphylococcus aureus or 
Pseudomonas, which are common 
pathogens in hospital-acquired 
pneumonia (HAP).

Despite providing the LLM with a triple 
containing relevant information as 
context, it failed to capture the patient’s 
hospitalization duration expressed in 
the query and instead selected “the 
most common CAP pathogen” → 
ignoring that it was hospital-acquired 
pneumonia (HAP).

The proposed model receives context 
containing relevant external knowledge 
related to the query from our 
knowledge graph, and the LLM 
accurately determines the correct 
answer by thoroughly understanding 
and evaluating the given context.

Qualitative 
evaluation

Accuracy ↓ 
Factual consistency ↓

Accuracy ↓ 
Factual consistency ↓

Accuracy ↓ 
Logic/Reasoning Quality ↓

Accuracy ↑ 
Factual consistency ↑ 
Logic/reasoning quality ↑
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