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Abstract001

Large Language Models (LLMs) have shown002
remarkable progress in medical question an-003
swering (QA), yet their effectiveness re-004
mains predominantly limited to English due005
to imbalanced multilingual training data and006
scarce medical resources for low-resource lan-007
guages. To address this critical language008
gap in medical QA, we propose Multilingual009
Knowledge Graph-based Retrieval Ranking010
(MKG-Rank), a knowledge graph-enhanced011
framework for multilingual medical QA with012
English-centric LLMs. It extracts key medical013
entities from input and translates them at the014
word level to query the external UMLS knowl-015
edge graphs. A multi-angle ranking mecha-016
nism filters the retrieved triplets, which are017
converted into fact statements and inserted018
into the English-trained LLM, delivering low-019
cost and accurate medical QA in multiple020
languages. Extensive experiments on four021
benchmarks—Chinese, Japanese, Korean, and022
Swahili—show that MKG-Rank consistently023
surpasses zero-shot baselines by up to 35.03%,024
and offers the possibility of supporting privacy-025
sensitive medical QA via locally deployable026
alternatives to commercial LLMs. Case studies027
further demonstrate MKG-Rank surfaces re-028
trieved facts with each answer, providing trans-029
parent evidence and paving the way for explain-030
able multilingual medical QA. 1031

1 Introduction032

Large Language Models (LLMs) (Hurst et al.,033

2024; Anthropic, 2024b; Dubey et al., 2024) have034

achieved remarkable performance in a wide range035

of Natural Language Processing (NLP) tasks, in-036

cluding question answering (Jiang et al., 2021;037

Dong et al., 2022) and information retrieval (Wang038

et al., 2023; Fan et al., 2024). Beyond general039

1Code: https://anonymous.4open.science/r/
MKG-Rank-6B72. A demo video is in the .zip file with the
paper submission.

NLP applications, LLMs have also been success- 040

fully applied to specific professional domains such 041

as medicine and law, demonstrating promising re- 042

sults (Yang et al., 2024c,d; Ke et al., 2024; Zakka 043

et al., 2024; Bernsohn et al., 2024). 044

While these advances have been demonstrated 045

predominantly in English-language settings, re- 046

search on their effectiveness in other languages 047

remains relatively underexplored, especially in 048

medical question-answering (Singh et al., 2024a). 049

Specifically, the remaining challenges are: (1) 050

mainstream LLMs are predominantly trained with 051

English-centric data, resulting in a highly unbal- 052

anced distribution between languages (Chataigner 053

et al., 2024), which limits their effectiveness in 054

multilingual contexts; and (2) high-quality exter- 055

nal medical data for low-resource languages are 056

extremely scarce (Quercia et al., 2024). As a re- 057

sult, existing LLMs exhibit significant performance 058

gaps in multilingual medical applications, limiting 059

their use in non-English-speaking medical settings. 060

Existing Works and Limitations. Existing meth- 061

ods have emerged but still face significant limita- 062

tions. Full-text Translation-based methods either 063

translate inputs into English for inference (Asai 064

et al., 2018; Montero et al., 2022) or convert rich 065

English corpora into target languages to generate 066

training data (Jundi and Lapesa, 2022; Zhang et al., 067

2023), both of which incur substantial translation 068

costs and risk semantic distortion or outright inac- 069

curacies in medical content. Alternatively, data- 070

intensive adaptation techniques (Yang et al., 2023; 071

Lai et al., 2023; Li et al., 2023a; Üstün et al., 2024) 072

rely on massive multilingual corpora, which are 073

scarce in specialized medical domains. While re- 074

cent multilingual RAG systems (Chirkova et al., 075

2024; Yang et al., 2024b; Park and Lee, 2025) avoid 076

the need for retraining, they still depend on external 077

multilingual databases, which are scarce or unavail- 078

able in low-resource medical contexts. 079

Our Approach. We propose Multilingual 080
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複視において正しいのはどれか？
 A:  複視は⽚⽅の眼を覆っている場合には決して起こらない 

 B:  外側の像は常に虚像である 
 C:  患者が上を向いているときに第4神経⿇痺が起こる 

D:  第6神経⿇痺があると、発散性のスクインツが起こる 
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Q: Which of the following is correct 
regarding diplopia?

A: Diplopia never occurs when one eye is 
covered. 
B: The outer image is always a virtual image. 
C: The fourth cranial nerve palsy occurs 
when the patient looks upward. 
D: A sixth cranial nerve palsy causesa 
divergent squint.

今夜2回嘔吐し、胸部に非常に強い締め付け感がありますが、鼻や喉は通っ
ています。禁煙を助けるためにパッチを使い始めたばかりで、私は喘息持ち
ですが、現在は酸素が体内に留まっていないような感覚があります。脈拍は
あり、また不安症状も経験しています。このパッチが私の喘息や呼吸に影響
しているのでしょうか？

あなたの症状について心配されるのは理解できます。胸部の強い締め付け感
や嘔吐は、喘息の症状や他の健康問題の兆候である可能性があります。特
に、喘息を持っている場合、ストレスや不安が発作を引き起こすことがあり
ます。また、禁煙のためのパッチが体に与える影響も考慮する必要がありま
す。 ニコチンパッチは、禁煙を助けるために使用されることが多いです
が、喘息の症状を悪化させる可能性があるため、注意が必要です。..........
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鉄⽋乏性貧⾎に関して正しいのはどれか？

A. ⾎清フェリチン値は増加する
B. ⾆炎がみられることがある
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Figure 1: The overall architecture of our proposed MKG-Rank. The English translation of the question and options
in the figure is provided in the Appendix H.

Knowledge Graph-based Retrieval Ranking081

(MKG-Rank). The system first extracts the salient082

medical terms from each query and translates only083

those terms into English, cutting translation cost084

and avoiding the semantic drift common in full-text085

translation. It then retrieves relevant entries from086

an English-centric medical knowledge graph, en-087

abling an English-trained LLM to deliver accurate088

multilingual medical QA with minimal overhead.089

In summary, our contributions are: (1) We pro-090

pose MKG-Rank, an efficient framework that en-091

ables English-centric LLMs to handle multilin-092

gual medical QA via word-level translation of key093

terms to query easily accessible external medical094

knowledge, reducing semantic drift and computa-095

tional cost; (2) we conduct extensive experiments096

on four multilingual medical QA datasets, show-097

ing that MKG-Rank consistently outperforms zero-098

shot base LLMs, with accuracy improvements of099

up to 35.03%, and also provides reliable local al-100

ternatives to commercial LLMs, enhancing privacy101

in medical scenarios; and (3) our case study shows102

that MKG-Rank makes its retrieved knowledge103

explicit, providing clear supporting evidence and104

paving the way for trustworthy, explainable multi-105

lingual medical QA.106

2 Methodology107

In this section, we introduce our MKG-Rank, as108

illustrated in Figure 1. It consists of four main109

steps. First, we extract medical entities from the110

question and options and translate them into En-111

glish at the word level. Then, these translated terms112

are then directly used to query an external medical113

knowledge graphs (UMLS (Bodenreider, 2004))114

via exact text matching to retrieve relevant knowl-115

edge graphs (KGs). Next, we propose a multi-angle116

ranking strategy to to filter and select the most per-117

tinent KG triples. Finally, the selected triplets are118

converted into declarative statements and, together 119

with the original question and options, fed into the 120

LLM for inference. We followed KG-Rank (Yang 121

et al., 2024c) and applied similar empirical config- 122

urations in our method. The detailed prompt can 123

be found in Appendix G 124

2.1 Medical Entity Extraction and 125

Word-Level Translation 126

Given a medical question Tq and options To, we 127

first use an LLM to extract relevant medical en- 128

tities. The extracted entities are then translated 129

into English using an LLM, forming the set of En- 130

glish medical entities used for retrieval, denoted 131

as E = {ei}i=1,...,n. In this case, we only perform 132

word-level translation on the extracted key entity 133

texts rather than translating the entire question or 134

options. This approach effectively reduces transla- 135

tion overhead and avoids semantic drift, a common 136

issue in full-text translation. 137

2.2 External Medical KGs Retrieval 138

To retrieve external medical knowledge relevant to 139

the question, we use the translated English medical 140

entities E to query the Unified Medical Language 141

System (UMLS) (Bodenreider, 2004). Specifically, 142

each medical entity ei is used as a query string to 143

perform exact word matching against the UMLS 144

knowledge repository. Each query returns relevant 145

knowledge in the form of triplets (h, r, t), where h 146

and t are medical concepts and r is the semantic 147

relation between them. For example, as illustrated 148

in Figure 1, we can obtain a triplet like ("Iron defi- 149

ciency anemia", "leads to", "low serum iron") from 150

UMLS. We organize the retrieved triplets and repre- 151

sent them as KGs to stress the knowledge structure, 152

defined as Gi. The medical knowledge retrieved for 153

each entity is aggregated to form the final external 154

knowledge set: G =
⋃n

i=1Gi. 155
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JMMLU CMMLU SW MMLU KO MMLU

Model Base MKG-Rank Base MKG-Rank Base MKG-Rank Base MKG-Rank

Qwen-2.5 72B (Yang et al., 2024a) 74.00 80.22 (+6.22%) 84.54 81.60 (-2.94%) 44.28 50.90 (+6.62%) 67.72 71.86 (+3.14%)
Llama-3.1 70B* (Grattafiori et al., 2024) 43.33 70.00 (+26.67%) 50.00 72.69 (+22.69%) 36.55 62.34 (+25.79%) 32.97 68.00 (+35.03%)
Claude-3.5 haiku (Anthropic, 2024a) 67.11 76.44 (+9.33%) 50.90 63.21 (+12.31%) 40.28 51.03 (+10.75%) 56.55 68.55 (+12.00%)
GPT-4o-mini (OpenAI, 2024b) 77.33 80.88 (+3.55%) 62.08 70.32 (+8.24%) 66.90 72.14 (+5.24%) 71.59 76.69 (+5.10%)
GPT-4o (OpenAI, 2024a) 83.78 84.44 (+0.66%) 66.59 81.83 (+15.24%) 75.86 83.31 (+7.45%) 78.21 86.34 (+8.13%)

Table 1: Accuracy comparison between our proposed MKG-Rank and the base models on four multilingual datasets:
JMMLU (Japanese), CMMLU (Chinese), SW MMLU (Swahili), and KO MMLU (Korean). * indicates the base
model on which MKG-Rank achieves the highest performance gain. The best performance is shown in bold.

2.3 Multi-Angle Ranking156

We propose a Multi-Angle Ranking mechanism157

with two-stage filtering to identify and prioritize158

relevant medical knowledge and mitigate noise,159

as the retrieved G is often multilingual and may160

contain irrelevant content. Given the extracted161

medical knowledge set G (a collection of retrieved162

knowledge triplets), we first compute the similar-163

ity between each triplet and the question Tq using164

UMLS-BERT (Michalopoulos et al., 2021) embed-165

dings. Based on these similarity scores, we rank166

the triplets and select a set of top candidates. In167

the second stage, we apply the MedCPT cross en-168

coder2, trained on 255 million query-article pairs169

from PubMed search logs, to further refine the se-170

lection. For each candidate triplet, we use Med-171

CPT to generate embeddings for the question Tq,172

each option in To, and the triplet itself. Then we173

compute their relevance to select the top-ranked174

relevant triplets as the final knowledge set G′
.175

2.4 Declarative Conversion176

For the filtered medical knowledge set G′
, we use177

the LLM to convert each triplet into a declarative178

statement, forming the set of natural-language state-179

ments S ′
. Finally, the question Tq and options180

To, along with the medical knowledge in declar-181

ative form S ′
, are fed into the LLM for reason-182

ing to generate the final answer, represented as:183

y = LLM(Tq, To,S
′
), where y represents the an-184

swer generated by the LLM, which uses the re-185

fined medical knowledge as retrieved evidence to186

enhance its reasoning in multilingual medical QA.187

3 Experiments188

3.1 Datasets189

To evaluate the effectiveness of MKG-Rank in mul-190

tilingual medical QA, we conducted experiments191

on four multiple-choice datasets covering differ-192

ent languages, focusing on medical-related sub-193

2https://huggingface.co/ncbi/
MedCPT-Cross-Encoder

sets: JMMLU 3 (Japanese), CMMLU (Li et al., 194

2023b) (Chinese), KO MMLU (Korean), and SW 195

MMLU (Singh et al., 2024b) (Swahili). Further 196

details can be found in Appendix A. 197

3.2 Results and Analysis 198

In Table 1, we compare MKG-Rank (LLM back- 199

bone) with the baseline LLMs (zero-shot setting). 200

The results show that our method consistently out- 201

performs all base LLMs. Specifically, with Llama 202

3.1 70B, we achieved over a 20% improvement 203

across all datasets. For large-scale closed-source 204

LLMs, our method achieved the highest gain on 205

Claude 3.5 Haiku, with an average improvement 206

of 11.1% across the four datasets. Additionally, 207

we achieved an average improvement of 5.5% 208

and 7.8% on GPT-4o-mini and GPT-4o, respec- 209

tively. Notably, open-source LLMs with MKG- 210

Rank outperform GPT in certain cases, suggesting 211

our method could serve as reliable local alterna- 212

tives to GPT, especially in medical scenarios where 213

privacy is a concern. Interestingly, Qwen 2.5 72B 214

shows a performance drop on CMMLU, which pri- 215

marily because its strong Chinese training corpus 216

makes English medical knowledge integration in- 217

terfere with its reasoning. As an extension, we 218

conducted additional experiments on small-scale 219

LLMs below 32B, as shown in Appendix D. 220

3.3 Ablation Study and Analysis 221

Effectiveness of the Declarative Conversion. To 222

evaluate the effectiveness of the declarative conver- 223

sion in Section 2.4, we compare the performance of 224

Qwen-2.5 70B and GPT-4o-mini with and without 225

this mechanism, as shown in Figure 3. The experi- 226

mental results show that the declarative conversion 227

mechanism significantly improves the performance 228

of the base models, with particularly notable im- 229

provements observed on GPT-4o-mini. Directly 230

retrieved knowledge graphs contain multilingual 231

information, which can negatively affect the LLM’s 232

3https://huggingface.co/datasets/nlp-waseda/
JMMLU
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Figure 2: Comparison of the Acc evaluated on Qwen-
2.5 72B and GPT-4o-mini across four language datasets
with (w/) and without (w/o) declarative conversion.

encoding process, leading to accuracy degradation,233

especially on the SW MMLU dataset. The pro-234

posed declarative conversion mechanism addresses235

this issue by converting the retrieved raw data, al-236

lowing the model to focus on high-relevance En-237

glish medical concepts.238

Performance Evaluation under CoT. We evalu-239

ated the effectiveness of MKG-Rank under the CoT240

(Chain-of-Thought) setting, as shown in Figure241

2. The experimental results show that our method242

achieves strong performance even under CoT, con-243

sistently outperforming the baseline across all four244

datasets, especially on the SW MMLU and KO245

MMLU datasets. Additional ablation studies are246

provided in Appendix E.247

3.4 Case Study248

We conduct case studies on both Japanese and Chi-249

nese scenarios, as shown in Figure 4. For scenario250

1, we first extract relevant medical entities from251

the given question & options and translate them252

into English (e.g., diplopia, fourth nerve palsy)253

for querying external medical knowledge graphs254

UMLS. The retrieved medical KGs are multilingual255

and may contain redundant or irrelevant informa-256

tion. Our Multi-Angle Ranking strategy effectively257

filters out unrelated content. The filtered medi-258

cal triples are then converted into natural-language259

statements. Finally, the LLM makes the final de-260

Accuracy (%)

JM
MLU

CMMLU

SW

MMLU

KO

MMLU

Accuracy (%)

Llama-3.1 70B

Figure 3: Evaluation on Llama-3.1 70B across four
language datasets under CoT.

4 orders of magnitude
speed improvement

Scenario 1

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

Q & A

diplopia fourth nerve palsy
squints sixth nerve palsy

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('médico', 'isa', 'modificador relacionado con una ocupación Y/O especialidad
clínica') 
3. ('第４脳神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）’) 
4. ('複視', 'translation of', 'Vision double’) 
5. ('外転神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）') 
6. ('第６脳神経麻痺', 'member of', '非感染性髄膜炎（ＳＭＱ）') 
7. ('Dviguba rega', 'classified as', 'Diplopija')

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of non-infectious encephalitis (SMQ). 
4. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
5. Sixth cranial nerve palsy is a member of Guillain-Barré syndrome (SMQ). 
6. Abducens nerve palsy is a member of non-infectious meningitis (SMQ).

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.
Answer: D

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

diplopia fourth nerve palsy

squints ......

Extracted and English-translated entities

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('第４脳神経麻痺', 'member of', '眼球運動障害
（ＳＭＱ）’) 
3. ('複視', 'translation of', 'Vision double’) 
......

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular
 movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
......

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: D

Extracted and English-translated entities

English Version
Q: Which of the following is correct regarding diplopia?

A: Diplopia never occurs when one eye is covered. 
B: The outer image is always a virtual image. 
C: The fourth cranial nerve palsy occurs when the 
patient looks upward. 
D: A sixth cranial nerve palsy causesa divergent squint.

Pulmonary Embolism Aspirin

Heparin ......

Extracted and English-translated entities

1. ('肺塞栓症', 'member of', '静脈の塞栓および血栓
（ＳＭＱ）') 
2. ('肺動脈塞栓症', 'member of', '静脈の塞栓および
血栓（ＳＭＱ）') 
...... 

Retrieved Medical KGs (triplets )

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: A

Scenario 2

Q: マラソンを成功させる鍵となる属
性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Q & A

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during exercise:EngRat:Pt:
^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:InvLen:Pt:Eye.left:Qn')  
3. ('Power', 'component of', 'Heater power:EngRat:Pt:Transcutaneous
 monitor:Qn') 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネルギー供給が求められるため
、スタミナが鍵となります。また、ストライドの長さも影響を与え
る要素ですが、スタミナが最も重要な属性とされています。 
マラソンを成功させるためには、持久力や体力が重要です。特に
「スタミナ」は長時間の運動を持続するために必要な能力であり、
マラソンのような長距離走においては特に重要です。ストレングス
やパワーも役立ちますが、マラソンでは持続的なエネルギー供給が
求められるため

Explanation:
when retrieving invalid medical KGs, 
we perform self-knowledge mining to 
acquire relevant know-ledge chunks, 
enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Self-Knowledge Mining

English Version
Q: What are the key attributes for successfully 
completing a marathon?

A: Strength 
B: Power 
C: Stride length 
D: Stamina

Scenario 1
Q & A

Scenario 2
Q & A

今夜2回嘔吐し、胸部に非常に強い締め付け感があります
が、鼻や喉は通っています。禁煙を助けるためにパッチを使
い始めたばかりで、私は喘息持ちですが、現在は酸素が体内
に留まっていないような感覚があります。脈拍はあり、また
不安症状も経験しています。このパッチが私の喘息や呼吸に
影響しているのでしょうか？

あなたの症状について心配されるのは理解できます。胸部の
強い締め付け感や嘔吐は、喘息の症状や他の健康問題の兆候
である可能性があります。特に、喘息を持っている場合、ス
トレスや不安が発作を引き起こすことがあります。また、禁
煙のためのパッチが体に与える影響も考慮する必要がありま
す。 ニコチンパッチは、..........

Kownledge Graph based RAG

Step 1: Entity Extraction

LLM

胸部の締め付け感

不安症状

嘔吐

喘息

Step 2: Knowledge Graph Retrieval

asthma

anxiety symptoms

vomiting

chest tightness

UMLS

Step 3: Ranking

Triple 1

Triple 2

Triple n

...

Top 1: 0.84

Top 2: 0.76

Top k: 0.64

Q
uestionRe-rank

Step 4: Declarative Conversion

胸部絞扼感は喘息の症状である

嘔吐は消化管の非特異的症状である

喘息は好酸球性肺炎の一部である

Question

......

Sim
ilarity

今夜2回嘔吐し、胸部に非常に強い締め付け感があります
が、鼻や喉は通っています。禁煙を助けるためにパッチを使
い始めたばかりで、私は喘息持ちですが、現在は酸素が体内
に留まっていないような感覚があります。脈拍はあり、また
不安症状も経験しています。このパッチが私の喘息や呼吸に
影響しているのでしょうか？

I 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. I
have a pulse, and I’m also experiencing anxiety symptoms.
Could this patch be affecting my asthma or breathing?

あなたの症状について心配されるのは理解できます。胸部の
強い締め付け感や嘔吐は、喘息の症状や他の健康問題の兆候
である可能性があります。特に、喘息を持っている場合、ス
トレスや不安が発作を引き起こすことがあります。また、禁
煙のためのパッチが体に与える影響も考慮する必要がありま
す。

ニコチンパッチは、禁煙を助けるために使用されることが多
いですが、喘息の症状を悪化させる可能性があるため、注意
が必要です。特に、胸部の締め付け感や呼吸困難を感じてい
る場合は、パッチの使用を中止し、医師に相談することをお
勧めします。

また、嘔吐や不安症状も、身体のストレス反応の一部である
可能性があります。これらの症状が続く場合や悪化する場合
は、早急に医療機関を受診することが重要です。あなたの健
康が最優先ですので、専門家の意見を仰ぐことを強くお勧め
します。

It is understandable that you are concerned about your
symptoms. Severe chest tightness 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

胸部絞扼感は喘息の症状である

胸部絞扼感はアナフィラキシー反応の一部である

喘息は好酸球性肺炎の一部である

嘔吐は消化管の非特異的症状である

Retrieved Medical Knowledge

Chest tightness is a symptom of asthma

Chest tightness can be part of an anaphylactic reaction

Asthma is a component of eosinophilic pneumonia

Vomiting is a nonspecific symptom of the gastrointestinal tract

Q: マラソンを成功させる鍵となる属
性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during
 exercise:EngRat:Pt:^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:
InvLen:Pt:Eye.left:Qn')  
...... 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネ
ルギー供給が求められるため、スタミ
ナが鍵となります。また、ストライド
の長さも影響を与える要素ですが、ス
タミナが最も重要な属性とされています。
マラソンを成功させるためには、持久力
や体力が重要です。特に「スタミナ」は
長時間の運動を持続するために必要な能
力であり......

Self-Knowledge Mining

Explanation:
when retrieving invalid medical KGs, we perform
self-knowledge mining to acquire relevant know-
ledge chunks, enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Invalid low-score medical KG retrieval

Scenario 2
Q & A

Q: 在肺血栓栓塞症的基本治疗中，
尚不能满足要求的是？

A: 阿司匹林
B: 华法林
C: 普通肝素
D: 利伐沙班

Declarative Form of Medical Knowledge

1. Pulmonary embolism is a member of venous 
thromboembolism (SMQ).
2. Pulmonary artery embolism is a member of venous
 thromboembolism (SMQ).
......

Pulmonary Embolism Aspirin

Heparin Rituximab

Extracted and English-translated entities

1. ('肺塞栓症', 'member of', '静脈の塞栓および血栓(ＳＭＱ)') 
2. ('肺動脈塞栓症', 'member of', '静脈の塞栓および血栓(ＳＭＱ)')  
3. ('Unfractionated heparin', 'possibly equivalent to', 'Heparin') 
4. ('ヘパリン', 'isa', '抗凝固剤') 
 ('انصمام رئوي مزمن' ,'classifies' ,'انصمام في الرئة') .5
 ('SMQ) حالات الخثار والانصمام الوریدیة' ,'member of' ,'انصمام في الرئة') .6

Retrieved Medical KGs (triplets )

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: A

Scenario 2
Q & A

Q: 在肺血栓栓塞症的基本治疗中，
尚不能满足要求的是？

A: 阿司匹林
B: 华法林
C: 普通肝素
D: 利伐沙班

Declarative Form of Medical Knowledge

1. Pulmonary embolism is a member of venous thromboembolism (SMQ).
2. Unfractionated heparin is possibly equivalent to heparin.
......

English Version
Q: Among the basic treatments for pulmonary 
thromboembolism, what is not yet satisfactory?

A: Aspirin
B: Warfarin
C: Unfractionated heparin
D: Rivaroxaban

Common Liver Enzyme

Figure 4: Case Study. More details, along with the En-
glish version of the questions and options are provided
in the Appendix I.

cision by reasoning over the original question, op- 261

tions, and the obtained medical knowledge state- 262

ments. Similarly, in the Chinese QA scenario (Sce- 263

nario 2), we first extract medical entities from the 264

Chinese input and translate them into English for 265

querying. The retrieved knowledge is also repre- 266

sented as English statements and fed to the LLM 267

for reasoning. 268

These case studies demonstrate how MKG-Rank 269

improves transparency and trustworthiness by ex- 270

plicitly presenting supporting evidence during the 271

reasoning process. 272

4 Conclusion 273

In this work, we propose MKG-Rank, a knowledge 274

graph-augmented framework that enables English- 275

centric LLMs to effectively handle multilingual 276

medical QA. By leveraging comprehensive external 277

medical knowledge graphs and introducing a word- 278

level translation mechanism, MKG-Rank effec- 279

tively bridges the medical knowledge gap between 280

English and other languages. Furthermore, we de- 281

sign a Multi-angle ranking mechanism to filter rel- 282

evant results, ensuring more accurate answers. Ex- 283

tensive experiments across four languages demon- 284

strate that MKG-Rank consistently outperforms 285

zero-shot LLM baselines in multilingual medical 286

QA scenarios. 287
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Limitations288

In this study, we developed an enhanced frame-289

work based on KG-Rank (Yang et al., 2024c) to290

improve the performance of LLMs in medical ques-291

tion answering. However, this framework also has292

certain limitations in practical applications, which293

we will discuss in the next phase. For incremental294

databases, it is necessary to set a time for retrieval295

from the cloud to achieve a balance between effi-296

ciency and effectiveness. In the future, we plan to297

explore a reinforcement learning approach (Chen298

et al., 2025) to strike a balance between exploitation299

and exploration, optimizing the reasoning process300

while leveraging the model’s inherent knowledge.301
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A Dataset Details 495

JMMLU 4. It consists of a subset of Japanese-translated questions from MMLU (Hendrycks et al., 2020) 496

and questions based on the Japanese cultural context. We selected three medically related subsets, which 497

contain 450 entries. 498

CMMLU (Li et al., 2023b). It is a multi-task benchmark designed for Chinese language understanding, 499

consisting of multiple-choice questions with four options. 500

KO MMLU, SW MMLU. Global MMLU (Singh et al., 2024b) is a multilingual version derived from 501

MMLU, which includes carefully translated and machine-translated versions in various languages. We 502

select Korean and Swahili (a language widely spoken in East Africa) from this dataset, referred to as KO 503

MMLU and SW MMLU, respectively. 504

From the aforementioned datasets, we select the medically related subsets, which include Clinical 505

Knowledge, Professional Medicine, and College Medicine. More information is shown in Table 2. 506

Dataset Language Size Length

JMMLU Japanese 450 171
CMMLU Chinese 886 70
SW MMLU Korean 725 511
KO MMLU Swahili 725 215

Table 2: Statistics of evaluation datasets, including the size of each dataset and the average text length of each
question and its corresponding options.

B Evaluation Metric 507

We use accuracy (Acc) as the evaluation metric, which measures the percentage of correct answers 508

provided by the model. Furthermore, any response expressing uncertainty or listing multiple candidate 509

answers is considered incorrect. 510

C Resource Consumption 511

JMMLU 450 CMMLU SW MMLU KO MMLU

Model A100(hours) API($) A100(hours) API($) A100(hours) API($) A100(hours) API($)

Qwen-2.5 72B 12 0.08 18 0.22 16 0.17 16 0.17
Llama-3.1 70B 12 0.08 18 0.22 16 0.17 16 0.17
Claude-3.5 haiku - 1.84 - 3.6 - 2.97 - 2.97
GPT-4o-mini - 0.26 - 0.54 - 0.44 - 0.44
GPT-4o - 1.75 - 3.44 - 2.82 - 2.82

Table 3: Resources consumed in the relevant experiments.

D Additional Evaluation Experiments on Small-scale LLMs 512

To further demonstrate the effectiveness of MKG-Rank, we evaluate its performance against small-scale 513

baseline LLMs on the JMMLU dataset, as shown in Table 4. Experimental results show that MKG-Rank 514

consistently outperforms all small-scale baseline LLMs. 515

E Additional Ablation Study on Declarative Conversion 516

We conducted an additional ablation study on Declarative Conversion across three LLMs, as shown in 517

Figure 5. Notably, on the Llama-3.1 70B model, Declarative Conversion demonstrates a negative impact, 518

4https://huggingface.co/datasets/nlp-waseda/JMMLU
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Method Borea-Phi-3.5 Llama-3.2 3B Qwen-2.5 7B Meta-Llama-3.1 8B Qwen-2.5 14B Phi4 14B Qwen-2.5 32B

Base 42.00 36.10 58.40 48.22 70.88 67.56 75.11
MKG-Rank 43.43 (+1.43%) 39.78 (+3.68%) 61.33 (+2.93%) 52.22 (+4.00%) 73.11 (+2.23%) 79.56 (+12.00%) 76.00 (+0.89%)

Table 4: Accuracy comparison between MKG-Rank and small-scale base models on the JMMLU dataset.

leading to a decline in performance. After analyzing the results, we believe that the longer transcription519

context, compared to directly using triples, imposes a greater reasoning burden than the multilingual520

effect. Specifically, the length of the context appears to affect the LLaMA model’s performance more521

significantly.522

F Additional Experiment on Few-shot Prompting523

We conducted an additional experiments on the Llama-3.1 70B using few-shot prompting on JMMLU524

dataset, as shown in Figure 6. The results demonstrate that the improvement brought by MKG-Rank under525

the few-shot prompting setting is limited. This may be because the in-context samples already provide526

sufficient knowledge, reducing the effectiveness of retrieving external medical knowledge.527
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Figure 5: Additional ablation experiments on Llama 70B, Claude-3.5 haiku, and GPT-4o across four language
datasets with (w) and without (w/o) multi-angle ranking.
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Figure 6: Additional experiment on Llama-3.1 70B using fewshot prompting on JMMLU dataset.

G Prompts528

In this section, we will present the prompts used in each stage of reasoning within the MKG-Rank.529

G.1 Medical NER Prompt530

Figure 7 and Figure 8 illustrate the prompt designed for extracting medical entities from both questions531

and options, with different extraction counts set for questions and options respectively.532

G.2 Declarative Conversion533

Figure 9 illustrates the prompt designed for declarative conversion.534

G.3 MKG-Rank Enhanced Reasoning Prompt535

Figure 10 illustrates the prompt designed for reasoning based on the final integrated knowledge.536

G.4 MKG-Rank Enhanced Reasoning Prompt with CoT537

Figure 11 illustrates the CoT prompt designed for reasoning based on the final integrated knowledge.538
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G.5 MKG-Rank Enhanced Reasoning Prompt with Few-shot 539

Figure 12 illustrates the Few-shot prompt designed for reasoning based on the final integrated knowledge. 540

4 orders of magnitude
speed improvement

Scenario 1

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

Q & A

diplopia fourth nerve palsy
squints sixth nerve palsy

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('médico', 'isa', 'modificador relacionado con una ocupación Y/O especialidad
clínica') 
3. ('第４脳神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）’) 
4. ('複視', 'translation of', 'Vision double’) 
5. ('外転神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）') 
6. ('第６脳神経麻痺', 'member of', '非感染性髄膜炎（ＳＭＱ）') 
7. ('Dviguba rega', 'classified as', 'Diplopija')

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of non-infectious encephalitis (SMQ). 
4. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
5. Sixth cranial nerve palsy is a member of Guillain-Barré syndrome (SMQ). 
6. Abducens nerve palsy is a member of non-infectious meningitis (SMQ).

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.
Answer: D

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

diplopia fourth nerve palsy

squints sixth nerve palsy

Extracted and English-translated entities

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('第４脳神経麻痺', 'member of', '眼球運動障害
（ＳＭＱ）’) 
3. ('複視', 'translation of', 'Vision double’) 
......

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular
 movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
......

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: D

Extracted and English-translated entities

English Version
Q: Which of the following is correct regarding diplopia?

A: Diplopia never occurs when one eye is covered. 
B: The outer image is always a virtual image. 
C: The fourth cranial nerve palsy occurs when the 
patient looks upward. 
D: A sixth cranial nerve palsy causesa divergent squint. Q: マラソンを成功させる鍵となる属

性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during
 exercise:EngRat:Pt:^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:
InvLen:Pt:Eye.left:Qn')  
...... 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネ
ルギー供給が求められるため、スタミ
ナが鍵となります。また、ストライド
の長さも影響を与える要素ですが、ス
タミナが最も重要な属性とされています。
マラソンを成功させるためには、持久力
や体力が重要です。特に「スタミナ」は
長時間の運動を持続するために必要な能
力であり......

Self-Knowledge Mining

Explanation:
when retrieving invalid medical KGs, we perform
self-knowledge mining to acquire relevant know-
ledge chunks, enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Invalid low-score medical KG retrieval

Scenario 2

Q: マラソンを成功させる鍵となる属
性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Q & A

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during exercise:EngRat:Pt:
^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:InvLen:Pt:Eye.left:Qn')  
3. ('Power', 'component of', 'Heater power:EngRat:Pt:Transcutaneous
 monitor:Qn') 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネルギー供給が求められるため
、スタミナが鍵となります。また、ストライドの長さも影響を与え
る要素ですが、スタミナが最も重要な属性とされています。 
マラソンを成功させるためには、持久力や体力が重要です。特に
「スタミナ」は長時間の運動を持続するために必要な能力であり、
マラソンのような長距離走においては特に重要です。ストレングス
やパワーも役立ちますが、マラソンでは持続的なエネルギー供給が
求められるため

Explanation:
when retrieving invalid medical KGs, 
we perform self-knowledge mining to 
acquire relevant know-ledge chunks, 
enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Self-Knowledge Mining

English Version
Q: What are the key attributes for successfully 
completing a marathon?

A: Strength 
B: Power 
C: Stride length 
D: Stamina

Scenario 1
Q & A

Scenario 2
Q & A

 text:{question}

 

Please extract no more than three medical terminologies that you think are important and related to medical entities from 
the provided text, and it is not required to be general entity words. Only the corresponding results are returned in json 
format, and no additional explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

Figure 7: Prompt for extracting medical entities from question.

 text:{question}

 

Please extract no more than three medical terminologies that you think are important and related to medical entities from 
the provided text, and it is not required to be general entity words. Only the corresponding results are returned in json 
format, and no additional explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 text:{options}

 
Please extract 1 medical term each from the options provided. It should not be a general entity word. Only the 
corresponding results are returned, and no other explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 You are an intelligent assistant in the medical field.

 
Convert all background knowledge into English declarative sentences. Anything you don't think is medically relevant can 
be deleted.

 - Background Knowledge: {triple}

--------------------------------
Converted Background Knowledge:

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

You can try to answer the questions in English. 

If you think the question is logical, think it step by step, but you only need to return the option letter corresponding to the 
final result. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

- Answer: 
 [your option]

You are a professional medical knowledge assistant. According to the following questions and their options, generate a 
useful information can help answer the question. 
Only return the information. 

Question: {question} 
Options: {options} 

Detailed Background:

Figure 8: Prompt for extracting medical entities from options.

 text:{question}

 

Please extract no more than three medical terminologies that you think are important and related to medical entities from 
the provided text, and it is not required to be general entity words. Only the corresponding results are returned in json 
format, and no additional explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 text:{options}

 
Please extract 1 medical term each from the options provided. It should not be a general entity word. Only the 
corresponding results are returned, and no other explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 You are an intelligent assistant in the medical field.

 
Convert all background knowledge into English declarative sentences. Anything you don't think is medically relevant can 
be deleted.

 - Background Knowledge: {triples}

--------------------------------
Converted Background Knowledge:

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

You can try to answer the questions in English. 

If you think the question is logical, think it step by step, but you only need to return the option letter corresponding to the 
final result. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

- Answer: 
 [your option]

You are a professional medical knowledge assistant. According to the following questions and their options, generate a 
useful information can help answer the question. 
Only return the information. 

Question: {question} 
Options: {options} 

Detailed Background:

Figure 9: Prompt for declarative conversion.

H English Translation of the Question and Options in Figure 1 541

We provide the English translation of the question and options in Figure 1 for clearer description, as 542

shown in Figure 13. 543

I A Detailed Case Study with English Annotations 544

We provide detailed information on the cases in Figure 4, along with the English version of the questions 545

and options, as shown in Figure 14. 546
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 text:{question}

 

Please extract no more than three medical terminologies that you think are important and related to medical entities from 
the provided text, and it is not required to be general entity words. Only the corresponding results are returned in json 
format, and no additional explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 text:{options}

 
Please extract 1 medical term each from the options provided. It should not be a general entity word. . Only the 
corresponding results are returned, and no other explanation is needed.

 -- Examples of results:                                       
                 {"medical entities" : ["term1", "term2", ...]}    

result: 

 You are an intelligent assistant in the medical field.

 
Convert all background knowledge into English declarative sentences. Anything you don't think is medically relevant can 
be deleted.

 - Background Knowledge: {triple}

--------------------------------
Converted Background Knowledge:

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

You can try to answer the questions in English. 

If you think the question is logical, think it step by step, but you only need to return the option letter corresponding to the 
final result. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

- Answer: 
 [your option]

Figure 10: Prompt for MKG-Rank enhanced reasoning.

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

Let's think step by step.

 Format:
 # Thinking steps:
 Step 1: Analyze each option in detail.
 Step 2: Consider the likelihood of each option being correct.
 Step 3: Apply relevant medical knowledge.
 Step 4: Choose the best answer based on reasoning.

 # Answer: [A/B/C/D]

- Answer: 
 [your option]

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

- Answer: 
 [your option]

Here are some examples of correct answers:

Example 1:
Question: Which of the following is the most common cause of chronic kidney disease?
Options:
A) Diabetes mellitus
B) Hypertension
C) Glomerulonephritis
D) Polycystic kidney disease
Correct Answer: A

Example 2:
Question: The most common symptom of myocardial infarction is:
Options:
A) Shortness of breath 
B) Chest pain
C) Nausea
D) Diaphoresis
Correct Answer: B

Figure 11: CoT Prompt for MKG-Rank enhanced reasoning.
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One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

Let's think step by step.

 Format:
 # Thinking steps:
 Step 1: Analyze each option in detail.
 Step 2: Consider the likelihood of each option being correct.
 Step 3: Apply relevant medical knowledge.
 Step 4: Choose the best answer based on reasoning.

 # Answer: [A/B/C/D]

- Answer: 
 [your option]

One of the following four options is correct. Please choose the option corresponding to the correct answer according to 
the background knowledge provided and your own knowledge. 

- Question: {question} 

- Options: {options}  

- Background Knowledge: {background_knowledge}  

- Answer: 
 [your option]

Here are some examples of correct answers:

Example 1:
Question: Which of the following is the most common cause of chronic kidney disease?
Options:
A) Diabetes mellitus
B) Hypertension
C) Glomerulonephritis
D) Polycystic kidney disease
Correct Answer: A

Example 2:
Question: The most common symptom of myocardial infarction is:
Options:
A) Shortness of breath 
B) Chest pain
C) Nausea
D) Diaphoresis
Correct Answer: B

Figure 12: Few-shot Prompt for MKG-Rank enhanced reasoning.

複視において正しいのはどれか？
 A:  複視は⽚⽅の眼を覆っている場合には決して起こらない 

 B:  外側の像は常に虚像である 
 C:  患者が上を向いているときに第4神経⿇痺が起こる 

D:  第6神経⿇痺があると、発散性のスクインツが起こる 

第4神経⿇痺

LLM

複視

第6神経⿇痺

スクインツ

Diplopia

Fourth Nerve 
Palsy

Sixth Nerve 
Palsy

Squints

Translation

Step1: Entity Extraction And Translation

Local Web UMLS

Step2: Knowledge Graph Retrieval

non-inevtious meningitis

Fourth cranial nerve dysfunction

Fourth cranial nerve palsy

ocular movement disorders

Sixth cranial nerve palsy

non-infectious encephalitis

Guillain-Barré syndrome 

Abducens nerve palsy

Q
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Similarity

0.84 0.71 0.570.66 0.41
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 A:  複視は⽚⽅の眼を覆っている場合には決して起こらない 

 B:  外側の像は常に虚像である 
 C:  患者が上を向いているときに第4神経⿇痺が起こる 

D:  第6神経⿇痺があると、発散性のスクインツが起こる 
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複視において正しいのはどれか？
 A:  複視は⽚⽅の眼を覆っている場合には決して起こらない 

 B:  外側の像は常に虚像である 
 C:  患者が上を向いているときに第4神経⿇痺が起こる 

D:  第6神経⿇痺があると、発散性のスクインツが起こる 
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Q: Which of the following is correct 
regarding diplopia?

A: Diplopia never occurs when one eye is 
covered. 
B: The outer image is always a virtual image. 
C: The fourth cranial nerve palsy occurs 
when the patient looks upward. 
D: A sixth cranial nerve palsy causesa 
divergent squint.

今夜2回嘔吐し、胸部に非常に強い締め付け感がありますが、鼻や喉は通っ
ています。禁煙を助けるためにパッチを使い始めたばかりで、私は喘息持ち
ですが、現在は酸素が体内に留まっていないような感覚があります。脈拍は
あり、また不安症状も経験しています。このパッチが私の喘息や呼吸に影響
しているのでしょうか？

あなたの症状について心配されるのは理解できます。胸部の強い締め付け感
や嘔吐は、喘息の症状や他の健康問題の兆候である可能性があります。特
に、喘息を持っている場合、ストレスや不安が発作を引き起こすことがあり
ます。また、禁煙のためのパッチが体に与える影響も考慮する必要がありま
す。 ニコチンパッチは、禁煙を助けるために使用されることが多いです
が、喘息の症状を悪化させる可能性があるため、注意が必要です。..........
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Step 4: Declarative Conversion

胸部絞扼感は喘息の症状である

嘔吐は消化管の非特異的症状である

喘息は好酸球性肺炎の一部である

...

Question

今夜2回嘔吐し、胸部に非常に強い締め付け感があります
が、鼻や喉は通っています。禁煙を助けるためにパッチを使
い始めたばかりで、私は喘息持ちですが、現在は酸素が体内
に留まっていないような感覚があります。脈拍はあり、また
不安症状も経験しています。このパッチが私の喘息や呼吸に
影響しているのでしょうか？

あなたの症状について心配されるのは理解できます。胸部の
強い締め付け感や嘔吐は、喘息の症状や他の健康問題の兆候
である可能性があります。特に、喘息を持っている場合、ス
トレスや不安が発作を引き起こすことがあります。また、禁
煙のためのパッチが体に与える影響も考慮する必要がありま
す。 ニコチンパッチは、..........
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Step 4: Declarative Conversion

胸部絞扼感は喘息の症状である

嘔吐は消化管の非特異的症状である

喘息は好酸球性肺炎の一部である

Question
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鉄⽋乏性貧⾎に関して正しいのはどれか？

A. ⾎清フェリチン値は増加する
B. ⾆炎がみられることがある
C. ⾎清鉄は正常である
D. 網⾚⾎球数は常に増加する

⾆炎
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Translation

Medical Entity Extraction

1. (Iron deficiency anemia, associated with, low
serum ferritin level)

n. (Glossitis, associated with, iron deficiency)

Retrieved Knowledge Triplets

A D

2. (Iron deficiency anemia, leads to, low serum iron)

3. (鉄欠乏性貧血, は, 舌炎を引き起こすことがある)

Q: Which of the following is true 
regarding iron deficiency anemia?

A. Serum ferritin is increased
B. Glossitis may be present
C. Serum iron is normal
D. Reticulocyte count is always increased

Figure 13: The English version of the question and options in Figure 1.
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4 orders of magnitude
speed improvement

Scenario 1

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

Q & A

diplopia fourth nerve palsy
squints sixth nerve palsy

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('médico', 'isa', 'modificador relacionado con una ocupación Y/O especialidad
clínica') 
3. ('第４脳神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）’) 
4. ('複視', 'translation of', 'Vision double’) 
5. ('外転神経麻痺', 'member of', '眼球運動障害（ＳＭＱ）') 
6. ('第６脳神経麻痺', 'member of', '非感染性髄膜炎（ＳＭＱ）') 
7. ('Dviguba rega', 'classified as', 'Diplopija')

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of non-infectious encephalitis (SMQ). 
4. Fourth cranial nerve palsy is a member of non-infectious encephalitis (SMQ). 
5. Sixth cranial nerve palsy is a member of Guillain-Barré syndrome (SMQ). 
6. Abducens nerve palsy is a member of non-infectious meningitis (SMQ).

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.
Answer: D

Q: 複視において正しいのはどれか？

A:  複視は片方の眼を覆っている場
合には決して起こらない  
B:  外側の像は常に虚像である  
C:  患者が上を向いているときに第4神
経麻痺が起こる  
D:  第6神経麻痺があると、発散性の
スクインツが起こる

diplopia fourth nerve palsy

squints ......

Extracted and English-translated entities

1. ('MEDICAL', 'isa', 'UNKNOWN/MISC') 
2. ('第４脳神経麻痺', 'member of', '眼球運動障害
（ＳＭＱ）’) 
3. ('複視', 'translation of', 'Vision double’) 
......

Retrieved Medical KGs (triplets )

1. Fourth cranial nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
2. Sixth cranial nerve palsy is a member of ocular
 movement disorders (SMQ). 
3. Trochlear nerve palsy is a member of 
non-infectious encephalitis (SMQ). 
......

Declarative Form of Medical Knowledge

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: D

Extracted and English-translated entities

English Version
Q: Which of the following is correct regarding diplopia?

A: Diplopia never occurs when one eye is covered. 
B: The outer image is always a virtual image. 
C: The fourth cranial nerve palsy occurs when the 
patient looks upward. 
D: A sixth cranial nerve palsy causesa divergent squint.

Pulmonary Embolism Aspirin

Heparin ......

Extracted and English-translated entities

1. ('肺塞栓症', 'member of', '静脈の塞栓および血栓
（ＳＭＱ）') 
2. ('肺動脈塞栓症', 'member of', '静脈の塞栓および
血栓（ＳＭＱ）') 
...... 

Retrieved Medical KGs (triplets )

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: A

Scenario 2

Q: マラソンを成功させる鍵となる属
性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Q & A

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during exercise:EngRat:Pt:
^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:InvLen:Pt:Eye.left:Qn')  
3. ('Power', 'component of', 'Heater power:EngRat:Pt:Transcutaneous
 monitor:Qn') 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネルギー供給が求められるため
、スタミナが鍵となります。また、ストライドの長さも影響を与え
る要素ですが、スタミナが最も重要な属性とされています。 
マラソンを成功させるためには、持久力や体力が重要です。特に
「スタミナ」は長時間の運動を持続するために必要な能力であり、
マラソンのような長距離走においては特に重要です。ストレングス
やパワーも役立ちますが、マラソンでは持続的なエネルギー供給が
求められるため

Explanation:
when retrieving invalid medical KGs, 
we perform self-knowledge mining to 
acquire relevant know-ledge chunks, 
enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Self-Knowledge Mining

English Version
Q: What are the key attributes for successfully 
completing a marathon?

A: Strength 
B: Power 
C: Stride length 
D: Stamina

Scenario 1
Q & A

Scenario 2
Q & A

今夜2回嘔吐し、胸部に非常に強い締め付け感があります
が、鼻や喉は通っています。禁煙を助けるためにパッチを使
い始めたばかりで、私は喘息持ちですが、現在は酸素が体内
に留まっていないような感覚があります。脈拍はあり、また
不安症状も経験しています。このパッチが私の喘息や呼吸に
影響しているのでしょうか？

あなたの症状について心配されるのは理解できます。胸部の
強い締め付け感や嘔吐は、喘息の症状や他の健康問題の兆候
である可能性があります。特に、喘息を持っている場合、ス
トレスや不安が発作を引き起こすことがあります。また、禁
煙のためのパッチが体に与える影響も考慮する必要がありま
す。 ニコチンパッチは、..........

Kownledge Graph based RAG

Step 1: Entity Extraction

LLM

胸部の締め付け感

不安症状
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Step 2: Knowledge Graph Retrieval
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anxiety symptoms

vomiting

chest tightness
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Step 3: Ranking

Triple 1

Triple 2

Triple n

...

Top 1: 0.84

Top 2: 0.76

Top k: 0.64

Q
uestionRe-rank

Step 4: Declarative Conversion

胸部絞扼感は喘息の症状である

嘔吐は消化管の非特異的症状である

喘息は好酸球性肺炎の一部である

Question

......

Sim
ilarity

今夜2回嘔吐し、胸部に非常に強い締め付け感があります
が、鼻や喉は通っています。禁煙を助けるためにパッチを使
い始めたばかりで、私は喘息持ちですが、現在は酸素が体内
に留まっていないような感覚があります。脈拍はあり、また
不安症状も経験しています。このパッチが私の喘息や呼吸に
影響しているのでしょうか？

I 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. I
have a pulse, and I’m also experiencing anxiety symptoms.
Could this patch be affecting my asthma or breathing?

あなたの症状について心配されるのは理解できます。胸部の
強い締め付け感や嘔吐は、喘息の症状や他の健康問題の兆候
である可能性があります。特に、喘息を持っている場合、ス
トレスや不安が発作を引き起こすことがあります。また、禁
煙のためのパッチが体に与える影響も考慮する必要がありま
す。

ニコチンパッチは、禁煙を助けるために使用されることが多
いですが、喘息の症状を悪化させる可能性があるため、注意
が必要です。特に、胸部の締め付け感や呼吸困難を感じてい
る場合は、パッチの使用を中止し、医師に相談することをお
勧めします。

また、嘔吐や不安症状も、身体のストレス反応の一部である
可能性があります。これらの症状が続く場合や悪化する場合
は、早急に医療機関を受診することが重要です。あなたの健
康が最優先ですので、専門家の意見を仰ぐことを強くお勧め
します。

It is understandable that you are concerned about your
symptoms. Severe chest tightness 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

胸部絞扼感は喘息の症状である

胸部絞扼感はアナフィラキシー反応の一部である

喘息は好酸球性肺炎の一部である

嘔吐は消化管の非特異的症状である

Retrieved Medical Knowledge

Chest tightness is a symptom of asthma

Chest tightness can be part of an anaphylactic reaction

Asthma is a component of eosinophilic pneumonia

Vomiting is a nonspecific symptom of the gastrointestinal tract

Q: マラソンを成功させる鍵となる属
性は何か？

A:  ストレングス 
B:  パワー 
C:  ストライドの長さ 
D:  スタミナ

Strengths Power

Length of stride Stamina

Extracted and English-translated entities

1. ('Power', 'component of', 'Power level^peak during
 exercise:EngRat:Pt:^Patient:Qn')  
2. ('Power', 'component of', 'Cylindrical power:
InvLen:Pt:Eye.left:Qn')  
...... 

Retrieved Medical KGs (triplets )

ちますが、マラソンでは持続的なエネ
ルギー供給が求められるため、スタミ
ナが鍵となります。また、ストライド
の長さも影響を与える要素ですが、ス
タミナが最も重要な属性とされています。
マラソンを成功させるためには、持久力
や体力が重要です。特に「スタミナ」は
長時間の運動を持続するために必要な能
力であり......

Self-Knowledge Mining

Explanation:
when retrieving invalid medical KGs, we perform
self-knowledge mining to acquire relevant know-
ledge chunks, enhancing the LLM’s reasoning 
in medical QA.
Answer: D

Invalid low-score medical KG retrieval

Scenario 2
Q & A

Q: 在肺血栓栓塞症的基本治疗中，
尚不能满足要求的是？

A: 阿司匹林
B: 华法林
C: 普通肝素
D: 利伐沙班

Declarative Form of Medical Knowledge

1. Pulmonary embolism is a member of venous 
thromboembolism (SMQ).
2. Pulmonary artery embolism is a member of venous
 thromboembolism (SMQ).
......

Pulmonary Embolism Aspirin

Heparin Rivaroxaban

Extracted and English-translated entities

1. ('肺塞栓症', 'member of', '静脈の塞栓および血栓(ＳＭＱ)') 
2. ('肺動脈塞栓症', 'member of', '静脈の塞栓および血栓(ＳＭＱ)')  
3. ('Unfractionated heparin', 'possibly equivalent to', 'Heparin') 
4. ('ヘパリン', 'isa', '抗凝固剤') 
 ('انصمام رئوي مزمن' ,'classifies' ,'انصمام في الرئة') .5
 ('SMQ) حالات الخثار والانصمام الوریدیة' ,'member of' ,'انصمام في الرئة') .6

Retrieved Medical KGs (triplets )

Explanation:
The original QA and refined medical
knowledge are jointly fed into the LLM,
enhancing its medical reasoning.

Answer: A

Scenario 2
Q & A

Q: 在肺血栓栓塞症的基本治疗中，
尚不能满足要求的是？

A: 阿司匹林
B: 华法林
C: 普通肝素
D: 利伐沙班

Declarative Form of Medical Knowledge

1. Pulmonary embolism is a member of venous thromboembolism (SMQ).
2. Pulmonary artery embolism is a member of venous thromboembolism
 (SMQ).
3. Unfractionated heparin is possibly equivalent to heparin.
4. Heparin is an anticoagulant.
5. Pulmonary embolism (P.E.) is classified as chronic pulmonary embolism.
6. Pulmonary embolism is a member of venous thromboembolism (SMQ).

English Version
Q: Among the basic treatments for pulmonary 
thromboembolism, what is not yet satisfactory?

A: Aspirin
B: Warfarin
C: Unfractionated heparin
D: Rivaroxaban

Warfarin

Figure 14: A detailed case study with comprehensive information, including the English version of the questions
and options.
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