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Abstract ; In the medical area, automated question answering places high demands on the accuracy of answers. Although large language
models (LLMs} provide general-purpose question-answering capabilities, they cannot meet the stringent accuracy requirements of the
medical domain. In contrast,knowledge graph-based automated question answering relies on objective knowledge representation to en-
sure answer reliability. However, current methods suffer from issues such as inefficient knowledge graph retrieval , insufficient cover-
age ,excessive redundant information,and inadequate understanding of complex questions, which negatively impact retrieval quality. To
address these challenges, this paper integrates knowledge graphs with LLMs. Specifically ,the LLM is used to decompose user questions
into sub-questions,each of which is then subjected to subgraph retrieval in the knowledge graph. The merged subgraphs are then fed
back to the LLM to generate reliable answers. The proposed method is evaluated on medical datasets { GenMedGPT-5k, LiveQA,
HealthCareMagic-100k) and the knowledge graph FB15k-237. Experimental results demonstrate that the proposed approach achieves
superior performance.
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You are a doctor, and you need a doctor's perspective tc analyze problems.
Firstly, the prablem needs to be deccmposed into 1 to 3 sub problems.
By solving these sub problems in sequence, the final answer can be obrained.
Now we need you to provide the decomposition result of a problem first.
give an example as follow:
Question: What are the symptoms of gastric cancer and how to treat it.
Answer: {
"answer":["What are ths common symptoms of gastric cancer?”,
"How is gastric cancer typically diagnosed?",
"What are the available treatment options for gastric cancer?”]
1

tips:You just need to give the answer, no othar words are neaded.
The format of the answer only requires one _SON, please answer my question

next.
Question:{question}

K2 [ AR SRR
Fig.2 Related prompt words for problem decomposition

What are the treatment methods for gastric cancer, and what are their|
advantages and disadvantages?

{

"answer": [

"What are the surgical treatment options for gastric cancer,
and what are their pros and cons?",

"What are the non-surgical treatment options for gastric cancer,
and what are their advantages and disadvantages?",

"How are treatment methods selected based on the stage
and characteristics of gastric cancer?”

]

}

B3 [l

Fig.3 Example of problem decomposition
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Doctor,my stomach hurts a bit.Could it be cancer?

|

(gastric cancer,symptoms,?)

MATCH(

d:Disease {name:"gastric cancer"}
-[(HAS_SYMPTOM]->(s:Symptom) ¢ jd:0,symptoms:1}
RETURN s.name AS Symptom N

) )

B4 EHEERRE

Fig.4 Query statement conversion process
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The knowledge graph is known to have the following relationships:
Disease->risk_factors->Factor. Disease->symptom_of->Symptom
give an example as follow:
Question: "What are the symptoms of diabetes and the causes of illness"
Answer: {
"answer":[
7" "symptom_of", "diabetes"],
"diabetes","risk_factors","?"]
1
i
Tips:You just need to give the answer, no other words are needed
Each triplet of the answer needs to contain a symbol '?*
If the answer cannot be found
in the graph query, you can return as follow:

"answer":[]

1
he format of the answer only
requires one JSON, please answer my question next.
Question:{question}

K5 AR R R R

Fig.5 Prompt words related to query statement conversion
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FUNCTION query(subject, relation, object)
triplets < empty list
IF objectis NULL THEN
sql+ "match (a)-Ir-relation]->(b) where 2 name=="{?i)subject' return a,rb"
ELSE IF relatior is NULL THEN
sql « "match (a)-[r]>(b) where a.neme==~ (Zi)subject’ and b.name=-"(?Jobject' return 2,1,b"
ELSE IF subject is NULL THEN
sql = "match (a)-[r-relation] >(b) where b.name=-"(Zi)object' return a,r,b"
ENDIF
date « EXECUTE sql query USING datebase driver
IF length(data) > 0 THEN
FOR each item o IN data CO
PRINT "find: " +c.a.name + " + relation + " " + 0..name
APPEND (0.a.name, relation, 0.b.name) TO triplets
END FOR
ENDIF

RETURN triplets
END FUNCTION

Kl 6 ¥ Mongodb 2rifiih ) Hh4HS

Convert to Mongodb query statement pseudocode
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Fig.7 Align entities based on contextual environment
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Here is a guestion and a list of triplets, with the format of<subject,
relaticn, object>. Return all relationships unrelatzd to the problem
Question:‘guestion}

Triplets:{triplets}

K8 BIBRITARFR AR R
Fig.8 Eliminate redundant relationships
for relevant prompt words
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function MergeGraphs(Gi, Gz, LM, k, Eq)
/N BPNEGYG, KIESRALM, BEEMEK, ZORGESEQ
/¥ S RENE
Gm < GraphUnion(G,, G;) /I B&H
[ RERSE= T
foreach triple tin G do
if LM.ShouldDelete(t) then
Gp.Remove(t)
/] BB ESRE
Entities < GetAllEntities(Gm)
for each entity e in Entities do
if MinDistance(e, CoreEntities) > k then
RemoveAllTriplesContaining(Gn, e)

return G,
end function

B9 THEmEaAAE
Fig.9 Subgraph fusion pseudocode
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1) GenMedGPT-5k
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2)LiveQA-""!
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3) HealthCareMagic-100k

ZEE S SR B HealthCareMagic. com, 3-8 1 10 J7 ]38
PR 5 B A Z R,

e H B /9 A0H B S 2 FB15k-237, B 2 ML B %
Freebase'™' [ T-4& , JItA 544230 4~ =04,

4.2 IWITEMAE

AR T BertScore ! Rouge-L™ I BLEURT™' 3 4
TeAR AT ZHUEEA AL, SX B8R 4 5 TR UL RC AL E & A
NP5 A R F B TEAL AR I CA 5 2% SCAR AR 0L
. B AMESEAD T KIE B R AR R Wi 2 M e 2E ]
BRI R R S

KRIESHAI S, FEEIL KW F AR B A, X &
AHEMEERLGEEHS RE BT RABLTH
KgRank , MindMap 17 3C 75 12 76 55 12 Wt 1 24 4 4 75 07 T

R EV A B S5 BT B WK T8 S L ERNIE4 N A
DeepSeek-R17 . ERNIE4 2T A F B R LS 3 M
PR IR TAZ AR ERNIE 3. 0 78 A1 HEHAT 5 H0 8 4 7]
AL GPT-31” | ERNIE4 7E{3-4F 3. 0/3. 5 JR4s B Al 2844 19
[Faf, A BRF TR EEEAMRK IR T, K e S R
JHE3 5,8 1288 7 52 71 48 2 1. ERNIE R P8 T “ FiH&
" B ARBYNG, BB LB R R, XX RAG H 51
BT % (N SEPEMI) JE W E . 5 ) DeepSeck-R1 f{ ¥R
B B RE TR A BRI B A A T R R T LG

4.3 XLWiEE

Feie i BB S0 k-hop FRERH Y k 524 2. B
SR R R RIRE R 2.

LRz PR R A ubuntu22. 04 AR R G [R5 46
£ 20-core CPU( %15 4 Intel (R) Xeon ( R) Gold5115CPU
2.40GHz) ,251GB RAM, NVIDIA GeForce RTX2080 Ti GPU
11264MiB,NVIDIA RTX A6000 GPU 49140MiB.

HEBMAaE.

Neodj( jiiAs:5.26.2) ,Mongodb ( Bii 7 6. 0) F1 Mysql ( kX
A:5.7)

4.4 ZEWER

A SOE SRR SIA AR IR HET T X . X 1
M B KG-Rank'®- , MindMap'®! | Rok!"*! , ERNIE4!! |
DeepseekR1, Embedding Retriever!™™ 1 Bm25 Retriever!™"’.
Kg-Rank FRZ.0 2 X SE M) 4590 R 1 6 R 0 AT HE)Y , B
VRS LEHE PSRRI A2 2 X0 s MindMap A5 B 7E KRB 35 5 4
PREBENFEREL KEEHEANE BESE”, FREX
L2 R AT HEFR S AR S 58 s Rok 1] JH ORI B AT Pag-
eRank B 4] 20 ¥ R M) SE 1R O /AT B BEATHR Y , B8 0 ]
FRME R4 58 2 X ; ERNIE4 FT DeepseekR1 43 5| {4 3R iy /2
B R I Y KA B O 4 5% 48 ; Embedding Retriever BT
HABR B & (Dense Retrieval ) 3# 773 #4125 M 4% ( &N Sentence-
BERT . DPR ) 5 1 SRS e ) [R] — [r) o 25 ), ) FI A% AR
DL BE Al BT SCAH JG M ) HE1T 28 8 42 B ; BM25 Retriever J&—
METEITMERNES G R RA S, B i iE 53
I (TF) 38 S84 (IDF ) e SCRHS I3 — Aok A
AHICHE.

# 1 GenMedGPT-5k - B 45 5

Table 1 Review results on GenMedGPT-5k
BertScore Rouge

P R F1 P R F1 Bleurt
Ours 74.4 81.0 77.6 8.9 28.7 13.1 46.8
MindMap 62.9 78.6 69.9 5.9 254 9.4 42.3
Rok 68.7 79.4 73.7 6.0 29.7 9.8 41.2
KGRank 73.8 80.4 76.9 9.9 25.8 13.4 46.0
ERNIE4 67.2 76.6 71.5 8.2 27.1 9.8 40.4

DeepseekR1 65.1 78.2 71.1 5.8 23.6 9.1 36.5
Bm25 Retriever

LM 67.2 72.2 69.6 9.2 20.2 12.1 41.9
Embedding Re-

tricver + LLM 67.6 72.4 69.9 9.8 20.3 12.6 43.1

# 1 /8 T# GenMedGPT | ¥4 i it & ( Ours y4=C
RIEITEL) . TRERRY], A SR WITATE RS HEE R
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Table 2 Review results on LiveQA

BertScore Rouge
Bleurt
P R F P R F

Ours 70.1 76.7 73.1 10.8 23.5 11.0 40.6
MindMap 66.0 76.7 70.8 7.5 24.6 9.6 38.7
Rok 68.5 77.8 72.7 7.9 28.7 9.7 39.8
KGRank 68.1 75.5 71.5 10.7 23.0 10.6 39.7
ERNIE4 67.2 76.6 71.5 820 27.1 9.8 37.3
DeepseekR1 65.9 76.7 70.7 7.3 22.6 8.5 34.6
Bm23 Retriever ¢, 5 69.4 65.5 8.6 22.4 9.5 361

+LLM
Embedding Re-

triever + LLM 61.6 68.8 64.9 8.2 22.2 9.3 35.8

# 3 HealthCareMagic-100k | g 25 5
Table 3 Review results on HealthCareMagic-100k

BertScore Rouge
Bleurt
P R F1 P R F1

Ours 72.3 76.9 74.5 8.4 22.7 11.9 43.3
MindMap 63.8 74.1 68.6 5.6 17.9 8.4 40.3
Rok 67.8 75.1 71.2 10.2 23.8 8.8 41.2
KGRank 68.8 72.6 70.6 7.8 17.6 9.6 41.3
ERNIE4 67.2 76.6 71.5 8.2 27.1 9.8 37.3
DeepseekR1 68.1 76.1 71.8 7.5 19.5 9.6 36.9
Bm25 Retriever
C1LM 64.9 68.7 66.7 7.8 18.4 10.4 38.7
Embedding Re-
triever+LiM 65.6 68.8 67.1 8.6 17.7 10.5 38.6

M 10 ~ & 12 ] LUy EWHUR 25 5 s R B
K 4 JB/R'T LA DeepSeek-R1 1F R BE/E, 45 % LU B &8T5
W E A R BE. R 5 JBAR T DeepSeek-R1 1R N EE
x4 RIEFHELD
Table 4 Large language model rating

LiveQA GenMedGPT-5k
Ours 1.76 1.88
MindMap 3.14 2.80
Rok 1.93 2.29
KgRank 2.72 2.35

RS BIFNSWIRIZE Y HER: [ & AR SR UEAT O U3
Table 5 Pairing and comparing the winning rates of

disease diagnosis and drug recommendation

KgRank MindMap Rok
Win Tie Loss Win Tie Loss Win Tie Loss

Avg 63.29 6.32 30.37 60.75 3.79 35.44 69.62 1.26 29.11
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Fig. 10 Review results on GenMedGPT-5k
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Fig. 12 Review results on HealthCareMagic-100k
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#i\ : Doctor, I have been experiencing a hoarse voice for a
few weeks now and it's not getting any better despite taking
medication. What could be the problem?

RSB H ; The persistent hoarse voice despite medi-
cation could be due to various causes, such as vocal cord nod-
ules, polyps, pharyngitis, or inflammation. To diagnose the un-
derlying cause,a thorough examination of your vocal cords, pos-
sibly using a laryngoscope , may be necessary. Treatment options
can vary depending on the diagnosis but may include voice ther-
apy, lifestyle modifications, and in some cases, surgical inter-
vention. It's essential to consult with a specialist to determine

the appropriate course of action.



54 Rt S LS AR R AR A B R IR U7 A 5T 1133

RO B S S R A SORR T M I L 3 LA S A A
PRI SR F LT A FICE SR FER AR,

5 ZiRE5RE

ARIAEES T RN T — R R A R T R Al L&
RTARTEEA B R T, 8 it = ST B 8 A K iE
BRRA A WEA SRR B R A IR TR A
R TR AR RIRR AR B EE ). ARGE 24 B4 B Y
I, A SCHRE A 5 vk BB AN IR P A KT = R A A
A5 AR A A I A T ER R B i .

KB E BB GIABE LT, T8 BB IRE R Gyt LR
SN RS i HR KA BN SR AU AR SO AR
BEJT, KBS AR A RS B EREEEE, LR
FEARFRTT AR R A V) bf R B i1 %2 0 75 9 3 LA AR S O A 5
SR, X AR PR BE STV B B8 TR BT IR AE - ke
W BB EACS B S a 5, T 20w B ISR AR T 2 e
FEMEPI K. SABBET RS WM LLM #1200
o, 2R G HE VAR 7 I VLRS54 2 W] 2B ALY R ERBLE. 3X bt S
FRPEATS LLM (07 5 50 2 B0 B AT 450 v e et
A PRAE S5 (N SCRR SR A R AR S ) P, RGEWT LUE
AT A5 ofe R R e DA A R, B ) AR A A R A R IR
BN BAT. (RS AELR Sem 38 B 5% (A& IR 48 B 1]
BFG ) M 1o i JBE RA R) RE A BA  JT P A BHE A
LT BT S R AR T S AR O P s TR T BTl
R, AR BT LA AR A A IR R
BB AR  FER R S i | RS S5 g B R 2 el S B
BE R A T — U BRI 2E R G SRR PR

References;

[ 1] Achiam J,Adler S, Agarwal S, et al. Gpt4 technical report[ J]. arx-
iv preprint arxiv ;230308774 ,2023.

[ 2] Dubey A,Jauhri A, Pandey A, et al. The llama 3 herd of models
[1]. arxiv;2407.21783 ,2024.

[ 3] Deepseek A I,Guo D, Yang D, et al. DeepSeek-R1 ; incentivizing
reasoning capability in LLMs via reinforcement learning[ J]. arxiv.
org/abs/2501. 12948 ,2025.

[4] Sun Y,Wang S,Li Y,et al. ERNIE; enhanced representation through
knowledge integration[ J ]. arxiv. org/abs/1904. 09223 ,2019.

[ 5] Xie Q,Schenck E J, Yang H S, et al. Faithful Al in medicine:a sys-
tematic review with large language models and beyond[ J]. MedRx-
iv,2023.04. 18.23288752 ,doi;10. 1101,2023. 04. 18. 23288752.

[ 6] Liu P,Yuan W,Fu J,et al. Pre-train, prompt, and predict;a system-

[—

atic survey of prompting methods in natural language processing
[I]. ACM Computing Surveys,2023,55(9) :1-35.

[ 7] Lewis P, Perez E, Piktus A, et al. Retrieval-augmented generation
for knowledge-intensive NLP tasks[ C]//Advances in Neural Infor-
mation Processing Systems,2020.:9459-9474.

[ 8 ] Rau D,Wang S, Dejean H, et al. Context embeddings for efficient
answer generation in retrieval-augmented generation[ C]//Proceed-
ings of the Web Search and Data Mining 2025 ;493-502.

[9] Li X,Zhao R,Chia Y K, et al. Chain of knowledge: a framework
for grounding large language models with structured knowledge ba-
ses[ J]. arxiv. org/abs/2305. 13269 ,2023.

[10] Jiang B, Wang Y,Luo Y,et al. Reasoning on efficient knowledge
paths; knowledge graph guides large language model for domain
question answering [ C ]//Proceedings of the IEEE International
Conference on Knowledge Graph(ICKG) ,2024:142-149.

[11] Roberts A, Raffel C,Shazeer NJ A P A. How much knowledge can
you pack into the parameters of a language model? [ J]. arxiv pre-
print arxiv,2020. 08910.

[12] Robertson S,Zaragoza H I F,Retrieval T I L. The probabilistic rele-
vance framework ; BM25 and beyond [ J ]. Foundations and Trends
in Information Retrieval ,2009,3(4) ;333-389.

[13] Peng B,Galley M,He P, et al. Check your facts and try again:Im-
proving large language models with external knowledge and auto-
mated feedback[ J]. arxiv Preprint arxiv,2023. 12813,

[14] Kamphais C,Vries A P D, Boytsov L, et al. Which BM25 do you
mean? A large-scale reproducibility study of scoring variants
[ C]//European Conference on Information Retrieval ( ECIR ),
2020.28-34.

[15] Sharma A,Kumar S J D, Engineering K. Ontology-based semantic
retrieval of documents using Word2vec model[ J]. Data & Knowl-
edge Engineering, 2023, 144. 102110, doi; 10. 1016/j. datak.
2022.102110.

[16] Li Y,Li Z,Zhang K, et al. ChatDoctor;a medical chat model fine-
tuned on a large language model meta-Al (LLaMA) using medical
domain knowledge [ T]. Cureus, 2023, 15 (6): e40895, doi: 10.
7759/ cureus. 40895.

[17] Abacha A B, Agichtein E,Pinter Y, et al. Overview of the medical
question answering task at TREC 2017 LiveQA[ C]//Proceedings
of the Text REtrieval Conference( TREC) ,2017:1-12.

[ 18] Bollacker K D,Evans C,Paritosh P, et al. Freebase; a collaborative-
ly created graph database for structuring human knowledge[ C]//
Proceedings of the ACM Sigmeod International Conference on Man-
agement of Data,2008 :1247-1250.

[19] Zhang Z,Han X,Liu Z,et al. ERNIE ;enhanced language represen-
tation with informative entities [ J ]. arxiv preprint arxiv: 1905.
07129,2019.

[20] Lin C Y. ROUGE:a package for automatic evaluation of summaries
[ C]//Proceedings of Workshop on Text Summarization Branches
Out,2004 ;74-81.

[21] Sellam T,Das D,Parikh A P. BLEURT :learning robust metrics for
text generation[ J]. arxiv preprint arxiv,2004. 04696.

[22] Sun Y,Wang S, Feng S, et al. ERNIE 3. 0 large-scale knowledge
enhanced pre-training for language understanding and generation
[J]. arxiv. org/abs/2107.02137,2021.

[237] Yang R,Liu H,Marrese Taylor E,et al. KG-Rank ; enhancing large
language models for medical QA with knowledge graphs and rank-
ing techniques[ J]. arxiv preprint arxiv,2403.05881,2024.

[24] Wen Y, Wang Z, Sun J. MindMap: knowledge graph prompting
sparks graph of thoughts in large language models[ J]. arxiv pre-
print arxiv,2308. 09729 ,2023.





