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MKGHR: A traditional Chinese medicine recommendation enhanced
by meta-path knowledge
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Abstract: To address the limitations of existing prescription recommendation models in leveraging knowledge graphs, such as
shallow information extraction and insufficient semantic association mining, this study utilizes the advantages of meta— paths in
extracting structured information from knowledge graphs to construct a traditional Chinese medicine (TCM) recommendation model.
First, the ETCM and TCMSP databases were integrated to build a TCM knowledge graph containing attributes such as medicinal
properties and chemical components. Subsequently, meta—paths were employed to extract and integrate subgraph structural features
from the knowledge graph. Graph convolutional neural networks were used to extract relational information from symptom-TCM
bipartite graphs, and the two types of features were fused to develop the meta—path knowledge —enhanced TCM recommendation
model MKGHR. Comparative experiments on public datasets showed that, compared to the suboptimal baseline model, MKGHR
improved Precision@ 5, Recall@5, and F1 — Score@ 5by 7. 80%, 10. 15%, and 9. 17%, respectively. Case studies and enrichment
analyses further validated the rationality of the model’s recommendations. By integrating meta—-path—guided knowledge, MKGHR
demonstrates advantages in recommendation accuracy and model generalization capability, while also providing a new paradigm for
the integration of TCM knowledge graphs.

Key words: prescription recommendation, knowledge graph, meta—path, graph convolutional neural network

0 3| = WA R B 2 ) A5 N TR e B R A W B
WFTEN G — ZR LA 27 > TR~ 2T 5 ok

RS TR0 I, R R B s A R S, AR AR R AR TS A R, R AT Y S T AR

1M PSR O S AR I IR R 2250 5 LI, Yao 555 32 U BLZ SRR IR OCHK ML A S v A

EETIH: WA HAREEES (20231360124 ; WIRT A 12 2548 LS A RS ( A2024011) ,

EE . Hak58(2002—) 5 BEAFR A, EEEWIG Iy Il AT HERE

BEEE: TKM(1975—) 8 1+ #0%, ET0F5 P EZE B Hlaese S, Email ; dingcs1975@ hnucm. edu. cn,

s HER: 2025-10-31 VT ETRE L A A L5 A




188 oo ®m M5 M OH

16 %

MESEATHESRS o SR 2 AR R T Tl S B i afe L 4l B2
AL DT B SO G &R, ARk IR
ARSI Aot 2 ) 24 A 7 v 2 AR R DI ) 5
i B . Zhao 453 1 I B 46 SRAREIR —IE
T AR A P A FEAE U 25 b D5, Lin S50 42 4
TS SOR TR 22 R 28 K RLE 12 2% 1Y
RGBS d UK Y 18 S B ANAL 7 89 91
FHIE . SR MTAUEE 28 — SR L B SC 2R 1 J7 A7 A
T SORHRANIIA | 1R SCfF B A A5 )

SRR P 1 S5 A8 A B TR R T 1k RE A A0 i
25 SRR IE] 1R ST, Jin AU TR )
P £ 75 SCHR R Ak 75 R At £ H R R RT3 L AT
> 5 Jin SELO S o R BL 2 SRR 0 22 Sk O
FIA A BERR S 0 S5 B IR 95 7R 5 Zhang
AR B PR R 5 A T RO L 2 )
Y GRER LRGN, (BRI S R 5 P
TEVRZ ARG R RETR ASZ I 25 PER | H 28
P iy | oy 5 AT A 22 4R T R BT 2 R 5 AL

2N

H.ovo

TCIEAEATE g S A0 P o 22 0 44 TP A A OO WL TR,
R STE T BRI 1 18] A5 SO S5 A5 B, 2RI
SRR R AR b33 2 WAk 1 7 N %
KRBRAERFEICHAE T HBEGE, mEESE K
TR ik A SRR A3 A SR ST R 2R 2] ST iR
22000 32, N AR AR R R SCRRIE S
TR Z R BT X, Jin S50 ek A2 5] S
RS  E e Bl R oG ARk 5 4D
JEik P 55 R E R R, (HE AN TR, 78
A 30k 51z A T ik Ae b B AR IR B AR
JRi PR, ELEN TR 3 (4 e 2 0 o S 8UE Bk . oy
i DR Z S5 R R N I S e B 2N T SRy )
FBL, AR SCR) FH o6 8% 28 41 0 A 1 S, B o R 3
MKGHR, FEZGTERANT .

(1) %4 ETCM , TCMSP 48 2 i) v 25 i Th 8
P2 B0y IR S SR A R v 2 R R 5
TAHOC R 2y Fk | 2y ik —

(2) TR AR, BT REERA TR,
PR3 v v 2 KEE T vk B 45 R TR R AE R AR
UL, AR fofF ] Pl 5 L o £ D) 24 4R BORE IR L P 2 o
259K A B O R A R, KA AR ZE T 1Y OC &R

2N

H.ovo

(3) AT T8 AL r 24 R R PR 335 Al D 494 i A6
B SRS R R WA VR RE L T2 07k, TR Rl
SEEIIE TAEHA A R, SO AT R IE T 4R

BV S AT R
1 FHiE
1.1 ZE#HE
111 FRERE

AW 5T B A ETCM 5 TCMSP 4 722 | 7 1% 4b
Wi A L TR e N S B 8 e =< WA o A oy
TR, P T & ZRALR S5 R AT
ZHAIR IR S ELAR S R B 0GR A0 43T B e L
%%10

F1 HHMAEEERER
Table 1 Detailed information of TCM knowledge graph
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Table 2 Bipartite graph statistics
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Table 3 Comparative experiment results

R pP@5 P@10 P@20 R@5 R@ 10 R@20 Fl@s Fl@10 F1@20
NGCF 0.1329 0.1153 0.09496 0.0940 0.1634 0.2694 0.1101 0.1352 0.140 1
DNACONV 0.1853  0.1501 0.1110 0.1193  0.1922  0.2865 0.1452 0.1686  0.160 0
LightGCN  0.1109  0.073 1 0.0513 0.0823 0.1075 0.1498  0.094 5 0.0870  0.076 5
SMGCN 0.1933 0.1568 0.1153 0.126 5 0.203 1 0.3027 0.1529 0.1770 0.1670
KDHR 0.2138 0.1660 0.1251 0.1510 0.2284 0.3414 0.1770 0.1922 0.1832
SMRGAT  0.246 1 0.187 3 0.1343 0.182 1 0.2777  0.3970  0.209 3 0.2237  0.2007
MKGHR  0.2653 0.2059 0.1494 0.2006  0.306 1 0.442 1 0.228 5 0.2462  0.223 4
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Table 4 Detailed information on datasets across various fields
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Table 5 MKG module comparison results %
Al IMDB DBLP ACM
RGCN 58.84 93.26 92.28
HGT 58.07 94. 41 88. 64
HAN 58.24 93.13 91.49
MKG 63.94 94.92 92.20
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Fig. 3 Performance of MKG on various datasets under different model depths and meta—path lengths
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Table 6 Ablation experiment results

LAY P@5s P@10 P@20 R@5 R@ 10 R@?20 Fl@s Fl1@10 F1@20
MKGHR1 0.2514  0.196 1 0.1426  0.1926  0.2948 0.4231 0.218 1 0.2355 0.213 3
MKGHR2 0.2399  0.1847 0.1354 0.1757 0.2697 0.3954 0.2029 0.2193 0.201 7
MKGHR3 0.2092 0.1617 0.1188 0.1507 0.2292 0.3455 0.1752 0.1896 0.1768
MKGHR 0.2653 0.2059 0.1494 0.2006  0.306 1 0.442 1 0.228 5 0.2462 0.223 4
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Table 7 Case information
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