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Abstract

Large language models (LLMs) perform well in medical QA, but their effectiveness in Japanese contexts is lim-
ited due to privacy constraints that prevent the use of commercial models like GPT-4 in clinical settings. As
a result, recent efforts focus on instruction-tuning open-source LLMs, though the potential of combining them
with retrieval-augmented generation (RAG) remains underexplored.To bridge this gap, we are the first to explore
a knowledge graph-based (KG) RAG framework for Japanese medical QA small-scale open-source LLMs. Exper-
imental results show that KG-based RAG has only a limited impact on Japanese medical QA using small-scale
open-source LLMs. Further case studies reveal that the effectiveness of the RAG is sensitive to the quality and rel-
evance of the external retrieved content. These findings offer valuable insights into the challenges and potential
of applying RAG in Japanese medical QA, while also serving as a reference for other low-resource languages.
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1. Introduction

Large language models (LLMs) have achieved remarkable performance in medical question answering
(QA), even demonstrating the ability to pass medical licensing exams (e.g., the United States Medical
Licensing Examination, USMLE) [1], which highlights their potential to understand complex medical
knowledge. In particular, recent research [2, 3, 4] has explored the use of retrieval-augmented gener-
ation (RAG) [5] to incorporate external medical knowledge into LLMs, effectively mitigating “halluci-
nation” issues [6, 7, 8, 9] and further enhancing their applicability in medical QA tasks.

While these advances are promising, most existing efforts [10, 11] focus on English-only scenar-
ios, with limited exploration of multilingual medical QA, particularly in Japanese. Since mainstream
LLMs [12, 13] are predominantly trained on English-centric medical data, the significant imbalance in
resource distribution [14] limits their effectiveness in Japanese medical QA scenarios. While GPT-4
has demonstrated strong performance on the Japanese NMLE [15], strict privacy regulations prevent
its use in clinical settings. As a result, research has shifted toward open-source LLMs, but progress is
hindered by the scarcity of high-quality Japanese medical data—highlighting the broader challenges
faced by low-resource languages.

To address this limitation, in this paper, we are the first to explore the use of Knowledge Graph-based
RAG for Japanese medical question answering, specifically targeting small-scale LLMs. Given the lim-
ited accessibility of external Japanese medical resources, we use the easily accessible external medical
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Figure 1: The pipeline of our knowledge graph-based RAG mechanism. Given a Japanese medical
question, relevant medical knowledge is retrieved from the external knowledge base and combined
with the original Japanese question as input to the LLM for answer generation. The English translation
and full content are provided in Appendix A.

knowledge base UMLS [16] to support knowledge retrieval, following the design of MKG-Rank [17].
By applying word-level translation, LLMs can integrate non-Japanese-centric medical knowledge, miti-
gating the limitations caused by the relative scarcity of Japanese medical data and its access restrictions.
Empirical results show that the KG-based RAG has limited effect on Japanese medical QA with small
open-source LLMs, largely depending on the quality and relevance of the retrieved KGs from external
knowledge bases.

2. Method

2.1. Base Models

Our work focuses on evaluating the performance of small-scale LLMs in Japanese medical QA. Specif-
ically, we select: (1) models with fewer than 5B parameters, including Borea-Phi-3.5-Mini-Instruct-
Common [18] and LLaMA-3-ELYZA-JP-8B [19]; (2) models with 5B-10B parameters, including LLM-
JP-3-7.2B-Instruct3 [20], Mistral-7B-Instruct-v0.3 [21], Qwen2.5-7B-Instruct [22], and LLaMA-3.1-8B-
Instruct [23]; and (3) 10B-32B models, including Qwen2.5-14B-Instruct [24], Phi-4-14B [25], and
Gemma-3-12B-it [26]. In addition, we evaluate the commercial LLM GPT-40-mini [27] as a proprietary
baseline.

2.2. Knowledge Graph-based RAG

Our pipeline, as illustrated in Fig. 1, consists of four main steps: (1) Given a medical question @, we
first use an LLM to extract relevant medical entities &; (2) The extracted entities & are translated into
English via word-level translation and used to query external medical knowledge base UMLS to obtain
relevant KGs €. (3) A ranking mechanism is applied to select the most relevant triples €’ based on
their semantic relevance to the question @; (4) The selected triples are then converted into declarative
sentences by an LLM, along with the original question, are provided as input to the LLM for answer
generation.

Prompts. We provide the prompts used in our knowledge graph-based RAG mechanism, including
Medical Entity Extraction, Declarative Conversion and Answer Generation.

3. Experiment

3.1. Datasets

We selected three long-form medical question answering datasets: ExpertQA-Bio, ExpertQA-Med, and
LiveQA. ExpertQA is a high-quality QA dataset verified by domain experts, from which we used 96 bio-



Medical Entity Extraction

text: {question}

Please extract at most 4 terms related to medical that you think are the most important from the provided text.
Returns the result in the following json form. All the results are merged into one json.

-- Examples of results:

{’medical terminologies” : ["term1”, "term2”, ...]}

result:

Table 1
Prompt Used for Medical Entity Extraction.

logical questions (ExpertQA-Bio) and 504 medical questions (ExpertQA-Med) [28]. LiveQA consists of
consumer health questions submitted to the National Library of Medicine, comprising 627 training QA
pairs and 104 test pairs [29]. All datasets were originally in English and were translated into Japanese
using a multi-stage agentic machine translation framework [30]. We provide detailed statistics of the
evaluation datasets, including the number of samples and the average word count of questions and
answers, as shown in Table 2.

Dataset Size  Question Length  Answer Length
ExpertQA-Bio 96 56.7 410.7
ExpertQA-Med 504 56.0 378.1
LiveQA 627 118.9 438.3

Table 2
Statistics of the evaluation datasets.

3.2. Metrics

We adopt ROUGE-L [31] and BERTScore [32] to evaluate the quality of answers generated by LLMs
for Japanese medical QA tasks. These metrics provide a comprehensive assessment of both lexical and
semantic accuracy.

3.3. Results and Analysis

Table 3 presents the performance comparison between KG-based RAG and the baseline LLMs on the
medical QA task. In general, the results suggest that the impact of our RAG mechanism is relatively
limited, with performance fluctuations observed across different base models. Specifically, for Borea-
Phi-3.5, LLaMA-3-ELYZA-JP-8B, Qwen2.5-14B, Gemma-3-12B-it, and GPT-40-mini, the RAG leads to
marginal changes, with performance fluctuating within 1% compared to the respective base models. In
contrast, Qwen2.5-7B and Phi-4-14B exhibit overall improvements when enhanced with RAG, particu-
larly Phi-4-14B, which achieves improvements of up to +4.78% in ROUGE-L and +4.01% in BERTScore.
On the other hand, the RAG leads to negative impacts on Mistral-7B and LLaMA-3.1-8B, resulting in
performance degradation.

3.4. Case Study

To further investigate the reasons behind the relatively limited impact of RAG, we analyze the inter-
mediate reasoning process, as shown in Table 4. Specifically, in Case 1 (top), the retrieved medical
knowledge includes the information that is relevant and helpful for answering the question (e.g. “"/

W7 7D X AEBMICEERFIREZBE N IE 220 E N H 5”). However, we observe that



ExpertQA-Bio ExpertQA-Med LiveQA
Model ROUGE-L BERTScore ROUGE-L BERTScore ROUGE-L BERTScore
Borea-Phi-3.5 [18] 4.33 61.20 492 51.54 4.05 59.98

Borea-Phi-3.5 + RAG

4.77 (+0.44%)  61.32 (+0.12%)

4.82(-0.10%) 61.39 (-0.15%)

3.97 (-0.08%) 59.71 (-0.28%)

LLaMA-3-ELYZA-JP-8B [19]
LLaMA-3-ELYZA-JP-8B + RAG

22.29 76.51
22.53 (+0.24%) 76.22 (-0.29%)

23.12 76.81
23.13 (+0.01%) 76.75 (-0.06%)

16.23 71.51
16.37 (+0.14%) 71.56 (+0.05%)

Mistral-7B [21] 20.85 75.25 20.21 74.67 15.70 70.99
Mistral-7B + RAG 17.39 (-3.46%) 72.13 (-3.12%) 17.59 (-2.62%) 72.35 (-2.32%) 13.76 (-1.94%) 69.15 (-1.84%)
Qwen2.5-7B [22] 19.09 75.15 19.52 75.39 14.60 70.88

Qwen2.5-7B + RAG

20.15 (+1.06%) 75.18 (+0.03%)

20.56 (+1.04%) 74.95 (-0.44%)

15.97 (+1.37%) 71.68 (+0.80%)

LLaMA-3.1-8B [23] 18.84 74.09 18.49 74.42 14.78 70.50
LLaMA-3.1-8B + RAG 18.01 (-0.83%) 72.04 (-2.05%) 18.01 (-0.48%) 72.40 (-2.02%) 14.43 (-0.35%) 69.30 (-1.20%)
Qwen2.5-14B [24] 17.00 71.92 17.01 71.44 13.85 68.63
Qwen2.5-14B + RAG 17.19 (+0.19%) 71.25 (-0.67%) 17.47 (+0.46%) 71.74 (+0.30%) 13.89 (+0.04%) 68.62 (-0.01%)
Phi-4-14B [25] 9.72 65.89 9.15 65.12 8.78 64.97

Phi-4-14B + RAG
Gemma-3-12B-it [26]
Gemma-3-12B-it + RAG
GPT-40-mini [27]
GPT-40-mini + RAG

12.18 (+2.46%) 67.38 (+1.49%) 13.93 (+4.78%) 69.13 (+4.01%) 11.18 (+2.40%) 66.75 (+1.78%)

21.25 74.89 14.61 69.71
21.99 (+0.74%) 75.71 (+0.82%) 15.34 (+0.73%) 70.42 (+0.71%)

19.79 74.65
20.44 (+0.65%) 75.13 (+0.48%)

24.92 77.67 26.78 78.67 17.94 73.25
24.41 (-0.51%) 77.45 (-0.22%) 26.20 (-0.58%) 78.53 (-0.14%) 17.85 (-0.09%) 73.28 (+0.03%)

Table 3
Evaluation of ROUGE-L and BERTScore for base models and their KG-based RAG-enhanced variants
on three medical QA datasets: ExpertQA-Bio, ExpertQA-Med, and LiveQA.

Question: VIV 7 7)Y (7—77VV) % R LTWad AL E#iFd NE B IZMATT A 7 (Which vegetables should people
taking warfarin (Coumadin) avoid?)

Retrieved Medical Knowledge: 1. V)V 7 7 V) VI3 EFIZHE R FIREZE T IE 2 EPDH S, (Warfarin physiologically
reduces the concentration of coagulation factors.) 2. 7V 7 7 ) Vg7 <V VRO P EH,TH %, (Warfarin is a coumarin-based
anticoagulant.) ...

Ground Truth: 7—7 7 U VERAHL TV B AR, EX IV K 2SS AUHXOEME#DT 2 0 HIRT 2 BENHY £, 74
a5, THPEOMBERENEIRE (MEESZY T2 2HR) 2012 T8N H 555 T, ...(People taking warfarin
should avoid or limit the intake of vegetables that are high in vitamin K, as it may interfere with the medication’s blood clotting inhibition
effect (the effect of making the blood thinner).)

Generated Answer: 7V 7 7 ) VERAL TN ADEET D RNEHHEIZ, RICEAIVKEEZLSELENDTY, EAIVKIE
MEEEICES LTEY, YV 77V VORREZREDIELWHEMENH Y 97, ...(People taking warfarin should avoid vegetables

that are particularly high in vitamin K. Vitamin K is involved in blood clotting and may reduce the effectiveness of warfarin.)

Question: PIARE (JilH . MEEY $/213 HEEE OHDEHFIHREINET, UAINLA BERKRTHD Z ENLWEBRIC
DT, TIEE D TU & 55 7 (Antibiotics are typically administered to patients with bacterial or fungal infections. But what about
diseases that are often caused by viruses?)

Retrieved Medical Knowledge: 1. /N BEREHIE, D/ N1 BEPEBEIZ DI NV E T, (Bacterial infections are classified under other
bacterial diseases.) 2. /N &G IE, FFIRE I/ EINE T, (Bacterial infections are classified as liver abscesses.) ...

Ground Truth: FUEMEIZ, E. 1V 7 VT U, Be RIEBRED T A NV ABRAEIZN U TS DY) EH A, .ZHUE T
AINVAPHIRE TR R <, MEMEE i U CMIfaRE %2 £ 7220\ 7280 T, ...(Antibiotics are ineffective against viral infections such
as the common cold, influenza, and various types of cough. .. This is because viruses do not have a cell wall, unlike bacterial cells. ...)
Generated Answer: JU/EWIE I T ICHIBE RIS U THIERH Y T2, YAV AREEITFUTESREHY FEA, V1)
AR OEE. HlZIEA > 7NV PR A Ik, FTAEMEIXMTT ., ...(Antibiotics are mainly effective against bacterial

infections but are ineffective against viral infections. For illnesses caused by viruses, influenza or the common cold, antibiotics do not work.)

Table 4
Case Study. Two cases are presented, with full content and English translations provided in Appendix B.

most LLMs already possess this knowledge internally, which explains why RAG offers only marginal
improvements in such cases. On the other hand, for Case 2 (bottom), the retrieved medical knowledge
does not help answer the question (e.g. “/ N1 BEHIX, FFIRE 238X 1V & 97). This is primarily
because the specialized biomedical concepts in UMLS may not align well with broader, more general
medical questions. Consequently, the retrieved information provides limited assistance and may even
introduce noise that negatively impacts the LLM’ s reasoning.



4. Conclusion

This work presents the first exploration of a knowledge graph-based RAG framework for Japanese
medical QA using small-scale open-source LLMs. Empirical findings show that its overall impact is
limited, primarily constrained by the quality and relevance of the retrieved content. These insights
highlight the challenges and potential of applying RAG to Japanese and other low-resource language
medical QA tasks.
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T vomited twice tonight and have a very strong tightness in
my chest, although my nose and throat are clear. I just
started using a patch to help me quit smoking. I have asthma,
but right now it feels like oxygen isn't staying in my body. T
have a pulse, and I'm also experiencing anxiety symptoms.
Could this patch be affecting my asthma or breathing?

Q
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It is understandable that you are concerned about your
symptoms. Severe chest tighthess and vomiting could be
signs of asthma or other health issues. Especially for
individuals with asthma, stress and anxiety can sometimes
trigger symptoms. It is also important to consider the
potential effects of the nicotine patch on your body.

Nicotine patches are commonly used to support smoking
cessation, but they may worsen asthma symptoms in some
cases, so caution is necessary. If you are experiencing
chest tightness or difficulty breathing, it is advisable to
stop using the patch and consult a doctor.

Additionally, vomiting and anxiety symptoms may be part
of your body's stress response. If these symptoms
persist or worsen, it is crucial to seek medical attention
promptly. Your health is the top priority, and we strongly
recommend consulting a medical professional.

Retrieved Medical Knowledge
HIRRBRR S IRE DIER T 5
FIEBRIBRRIE T 7 1 7% > —RIEO—ETH 2
BN (EHHE OIS RIEIR CH 5
TS 1 SFBRER IR D —HE T 5 2

Retrieved Medical Knowledge
Chest tightness is a symptom of asthma
Chest tightness can be part of an anaphylactic reaction
Vomiting is a nonspecific symptom of the gastrointestinal tract

Asthma is a component of eosinophilic pneumonia

Figure 2: English translation and the full content of the question and answer in the Fig. 1

A. English Translation of the Content in Fig. 1

For clearer presentation, we provide the English translation and the full content of the question and

answer in the Fig. 1, as illustrated in Fig. 2.

Declarative Conversion

HRINFEFL ORI FTY,

TARTOEFEMHE TNTNHAFEDO R IEIM T S, EAEBRNEES & DRI TEHIFRT

TET,
- Background Knowledge: {triple}

Converted Background Knowledge:

Table 5
Prompt Used for Declarative Conversion.

B. Case Study Details

For clarity and ease of understanding, we provide the full content and English translations of the cases

from Table 4 here, as shown in Fig. 3 and Fig. 4.




Answer Generation with Medical Knowledge

HRISEZ T OB T T, HEZ L <O, BTk

HRAERE &2 7- B ORGRIE

DWTUFOEMIZEAZTLSZIW, TED7IT 512D token NTRRIZAEZEL £9,

HAGECHMIZEZ %,

- [fl7&: {question}
- B =H0EE: {background_knowledge}

B A

Table 6

Prompt Used for Answer Generation with Medical Knowledge.

Case 1

Question:

g7 7Yy (7v—77Y>) #RAL TV 3
NG BET 2 N BRI ATC 5 22

Which vegetables should people taking
warfarin (Coumadin) avoid?

factors

tablets.

Retrieved Medical Knowledge:
Lov7 7 ) @ EBRICREHNTFIREERT S 20021 D 5.

Warfarin physiologically reduces the concentration of
coagulation factors.

2.7 7 7 U G AR BEE N TE AR T S ¢ 2R 0 D 5.

Warfarin has the effect of lowering the activity of coagulation

physiologically.

JTNT Y ) Y ROFBIEETH B,
Warfarin is a coumarin—based anticoagulant.
4o 707 7 Y > (L WARFARIN SODIUM 3 mgX I ISEHIDE RN TH 2 .
Wag{arin is the active ingredient in WARFARIN SODIUM 3 mg oral

Ground Truth:

7—77 U ERHALTHB NG, EXIVKELLE
CHREOEN 2B 2 0HIRT20ERD Y £ . 4
%6 D MBEEMHIZNIR (R E 5 74 71
TR 24 At d 206 T3 . B 2
BECEBIR T NEHRCE. v, EORAE, 35—
RZY—> (F— il ERE) . 78> v v (RA
AFv¥—R) . AF7vF (hHLE) . E— PO, H»
ROEE, Toya)—LEDEYBFENSENET. &
B REYRIYTYR— (N7 F—) KEDN—T
YEXIVEKEZL GO, v—7 7 U VIRHTEiE
BB IR&ETT.

People taking warfarin should avoid or limit the
intake of vegetables rich in vitamin K, as they
may interfere with the blood—thinning effect of
the medication. Vegetables that should be avoided
or consumed in moderation include kale, spinach,
collard greens (leafy greens similar to kale),
Swiss chard, mustard greens, beet greens, turnip
greens, and broccoli. Additionally, herbs such as
parsley and coriander (cilantro), which are also
high in vitamin K, should be consumed in
moderation while taking warfarin

Generated Answer:

TNT7 7 U ERAL TL R ANET 2R EERE. KR
ERIVEKEZLSBCLDTYT. BRI KIS MmimsEE B
H5LTBY. vv7 7Y ORBRERDS ¢ 2RSS
DET. BRI, LTFO & ) 2 BN E T 60 £ 1.
- 7Bmyal)— -

- 7= - IEOINAKE

AR

- F XY

INADHFEERIVKODFHERAFEmV LD, 77 7Y
YO EYIT AR H 212 B EEEZ 0. &
Bli& Mgk el EEF 3 2 ENEETY,

People taking warfarin should avoid vegetables that
are particularly high in vitamin K, as vitamin K is
involved in blood clotting and may reduce the
effectiveness of warfarin. Specifically, the
following vegetables should be considered:

- Kale —-Spinach —Broccoli —-Cabbage —Parsley

These vegetables contain high levels of vitamin K and
may interfere with the effect of warfarin. It is
important to either avoid them or consult with a
doctor to ensure an appropriate amount is consumed

Figure 3: Full content and English translation of the case 1 in Table 4.




Case 2

Question:

PUAESRL BN MR - ERREO S 3
BECREINET. VAVARRETH 3
ERZVFRBICOWTIE. TEEITL £
7

Antibiotics are typically administered to
patients with bacterial or fungal
infections. But what about diseases that
are often caused by viruses?

Retrieved Medical Knowledge:
E;%%@%ﬁ‘:bu73yﬁ%%QJaT$%éﬂél&ﬁ@U
Bacterial infections may be prevented by nitrofuran
antibiotics.

2.8 WSS MDA FHRBC S & T,

Bacterial infections are classified under other bacterial
diseases.

AN R HREC s & T,
Bacterial infections are classified as liver abscesses.
4o N A BREGE . AD N A G pMEES N £ T,

Bacterial infections are classified as other bacterial
infections.

%§4ﬁ@%u\:hu73ym%%u;ofﬁﬁén5;tﬁ%0

Bacterial infections may be treated with nitrofuran
antibiotics.

Ground Truth:

FEW L TR ERL EH A

such as antiretroviral therapy for HIV,

against viral infections.

Antibiotics are not effective against viral
infections such as the common cold, influenza,
various types of coughs. For patients with viral treatments are used to relieve symptoms, and
infections, doctors may recommend treatments that antiviral medications may be used when necessary.
include over—the—counter medications for symptom
management, and antibiotics should only be used
when necessary. In some cases, specific antiviral
medications may be prescribed for certain viruses,

oseltamivir phosphate (Tamiflu) for influenza, or
treatments for COVID-19 or monkeypox (mpox). It is
important to note that antibiotics are prescribed
specifically for bacterial infections and are not
effective for viral infections. This is because
viruses do not have a cell wall, unlike bacterial
cells. Therefore, antibiotics are ineffective

Generated Answer:

PAEME G EE. A > 7V B aBa 0y || IAEME R ECHERPSL THRSD D £ 548, 74
AW ABYIEC L CTERIRB D0 Ao 74NV || WA H L TRRBD D £ A. 71 L ARERD
JUED BF L T EAIGAERERD 2 O —RAE || K& FlAEAS > 7y PR S, FUEYEI
HEMESCIHRERIRT 2 b0 BUEME A || BHTT. 7 AV RBERCHL T JLv A v AL
TR25EEVLELGECOAEHAT 2 e nmicifiRs INBZIELDY T LIctho T VA IWABEFTD
N&d. JEC L > T HIVIEK T 2507 A v A 2 ENZORBHL Tk, FIAEMEEZRE T3 Ll
B A v 7T v, COVID-19, v (mpox) . &7zl || WUITEH D €A VAV ABGCK L Tl IR % 4%
A7y T aA R I ey YR (83 || T 2700 OXPERES . BEIEL THY A v AN
T HELREDTAIVALDAINROD BHREDIE || woNE T,

RBUTTEN 22 &R H Y &5 . FUAVE IS MBEBEGE
WHMLL T SN2 8DTH Y. 7 A L ARIEC 1 Antibiotics are primarily effective against bacterial
RN AV ECEBR T EHNEETT, k. ¥ infections but are not effective against viral

SOV ADHP T 2 < o ANEEANND & Ll U C AN BRE & 5 infections. For diseases caused by viruses, such as
fer e TT. LMo Ty PUEWEIE 7 A4 L &Y influenza and the common cold, antibiotics are

ineffective. Antiviral medications may be used for
viral infections. Therefore, it is not appropriate to
administer antibiotics for diseases that are often
and caused by viruses. For viral infections, symptomatic

Figure 4: Full content and English translation of the case 2 in Table 4.
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