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based on deep learning on heterogeneous network features
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[ Abstract] The existing prediction methods of traditional Chinese medicine target interaction ignores the potential relationship
among traditional Chinese medicine, ingredient and targets, resulting in insufficient feature extraction and low model accuracy. To
address the problems, this paper constructs tripartite heterogeneous network of traditional Chinese medicine ingredient targets, and
extracts the network features by restarting random walk, Gaussian kernel and information entropy algorithms, proposes a TCMIT-
DNN model to analyze the interactions between ingredient and target of traditional Chinese medicine by deep neural network.
Experimental results show that the classification performance of GBDT, RF and SVM models is improved after using TCMIT
tripartite heterogeneous network strategy. The AUC, F1 and accuracy of TCMIT-DNN are 96.0% , 89.5% and 89.5% respectively,
which are better than TCMIT-GBDT, TCMIT-RF and TCMIT-SVM classification models.

[ Key words] traditional Chinese medicine; target prediction; heterogeneous network; deep neural network

ZHS A EAE G R . BUA HE S ST G 2
RS VNI SELT UV W v e b D i 12 N e [Py
FFEE G LA Y 2w T 2 g L 3
B Z B TR AEBCR , AR TR A2 AL . FRT,

0 51

SRS R SC IR €T I RO LE2T)0 % N
IR R FHAIL AT A 2 B D 25 PRORS IR I

R TRk, SR, 25 B Z oy (2R
Rl AR Z2 VR AE 05 I A T 9 5 28 1 R I A,
iR, o35 A HR 2 G B F LA TR A AE
BRI TE] ZE 5 A R ELELASE L, IR, B s
e AR PR 24 g3 — B SR ELAE P T O 3% i A AT
¥,

2GR AR B S, 1 TIRTT P A 2 i 5

W28 M B2 N TR 7328 AR B 2
JeAF A, HAE C AR S e P AR 2B AIE . 4 Hao
A RVE X 244 — RO SR EL AR R — UL 45 4R
I LR 0 T AR AR 2 o 0 5 T a2 4 ) Bk
Tor AR SURBLEEAE S rp 2 By — #0 AR FL A 23
JAEIY T I W MRS BEAR R AR BEAROE T 70145
FARARL PR, 3 4F K, TR FE Bl 22 M 4% (Deep Neural

ESTA . WA hELRFT R SR (2020002; KT HARMEIES (kq2202265)
YEE B WIEE (1998-) , 53 -LAFSE AR, EBAFIE 07 1) R 2 5P 2 Tt TRAR(1975-) 8 i Bl Wi S0, 2%

W7 1) s KBRS 25 B,
BiEE: TKN
KR EHA: 2022-06-10

Email : dinges1175@ hnucm.edu.cn

EY W EFRERELN ¢ % 5.7 L5 2 A




51

BEREE, A5 RS RS RRAIE R TR EE 2 > 0 rh 25 159
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Fig. 1 Prediction of traditional Chinese medicine targets based on deep learning on integrated “TCM—ingredient—target” network features
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Tab. 1 Information entropy of similarity matrix

ARRUE e SIM,,,, RWR,,. GIP,,,. SIM,,,,.. RWR,,.., GIP,,..
5 B 10.03 10.29 10.45 11.06 11.04 10.58
W ESHL o B 02 a, B> Y2

L EAE 0.34 0.33 0.33 0.34 0.34 0.32

2 i — S8 ML AR LA FH Y 38 286 454K
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Tab. 2 Weight of similarity matrix of 5 algorithms

Rk SIM,,. RWR,, .. GIP,,,, SIM,,.,., RWR,,... GIP,,,,
STR-DNN 1 0 0 1 0 0
RWR-DNN 0 1 0 0 1 0
GIP-DNN 0 0 1 0 0 1
TCMIT-DNN 0.34 0.33 0.33 0.34 0.34 0.32
ENT-DNN 1/3 1/3 1/3 1/3 1/3 1/3
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Tab. 3 Performance comparison of 5 algorithms

Bk AUC/ % F1/% ACC/ %
STR-DNN 92.0 83.9 84.1
RWR-DNN 93.9 87.2 87.3
GIP-DNN 94.1 87.3 87.3
TCMIT-DNN 96.0 89.5 89.5
ENT-DNN 95.6 88.7 88.8

2.3.2  GEERAIRXS L

A6 TCMIT—-DNN A58 U 75 v 24 1 73— U AH
HAEF AT OL8e o H 5 0 AR R e TR SO L
W FH B BEHLARAR ( Random Forest, RF) #5553 g fF
T ( Gradient Boosting Decision Tree, GBDT) L
TITOT S iy AL ( Support Vector Machine, SVM)
ALY AT LSS . RE L GBDT  SVM A% 4% A
J3 L S A R AL A i A, R O A 48 2Rk
F¥ w54 4, TCMIT - RF, TCMIT - GBDT ,
TCMIT-SVM 435124 RF,GBDT , SVM #% I 7£ {ii ]
TCMIT 3 J22 574 I 465 3 W J5 i A6 AL, G v 3 SR AR 77
SRR —3, RF 7P BEAISHON . T 5L
R 100, F R IREE N 105 GBDT 40 2881 (1 244
H TR R Ry 50, B RIRIEN 5, FRMEERECH
0.7;SVM Zr BRI S HOH ARSI RE C R 1, 1R

Fx4 ERERMELER

Tab. 4 Performance comparison of common algorithms

Bk AUC/ % F1/% ACC/ %
TCMIT-DNN 96.0 89.5 89.5
RF 91.3 82.4 83.1
GBDT 93.8 86.7 86.7
SVM 93.8 88.4 88.1
TCMIT-RF 95.3 88.0 88.8
TCMIT-GBDT 95.4 88.8 88.6
TCMIT-SVM 94.2 89.0 88.7
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BRI ) A i B 7 2 pRCRR T, DA K
RIGAELAEAU G RETT , REAR 45 Mo AE AU S FIAE K Y
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A, 8 3 B0 B VR M 25 S5 A0 SR, T R T
IR, SR A SRR R W 7E X 24 103 FAE
BAEHEAT TCMIT 3 JZ 5344 100 28 B R 2 R I 288 o A 22
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Tab. 5 Analysis of target prediction results of Huangqi

A FEF 4 BE(E BE =
P31389 HRH1 33 CHR[12]
Q9H7Z6 KATS 31 k[ 13]
Q9UQBY AURKC 31 -
P15559 NQO1 30  TCMSP BATMAN-TCM
P08183 ABCB1 30 BATMAN-TCM
Q96GD4 AURKB 30 ETCM
092499 DDX1 30 CHR[14]
P08588 ADRB1 30 TCMSP
Q05469 LIPE 29 K[ 15]
Q76L.X8 ADAMTS13 29 XHR[16]

W 285 L HE AT rh 2 4k 2% B0 R I, DL &M
DrugBank ,OMIM Z4fs 22 1 SC ik r 2R HCHE 55 ) fig
CRIZSY AT 0T, 2 SRR W] NQO1 [ ABCBI |
AURKB ADRB1 J45 3] v 24 4k 2= 55 48 2 o ik, 75
M S HRHT JE R R i 3R 3k T 7 1 LRT# 280
2 550 G 45 FNCR 43 W ny 0 B W) HRH1
AT RWEIT — [ F R s ; Huai
SOV KATS sl et 18 F 40 R 1= A, A4
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