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Prediction of component—target interactions in Wendan Decoction based

on the artificial intelligence SGRN-Trans framework
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2.Shanghai Jiao Tong University School of Medicine )
[ Abstract] Objective : To construct a deep learning model (SGRN-Trans) based on knowledge graph and attention mechanism for pre-
dicting the interaction between pharmacodynamic components and targets in classic traditional Chinese medicine (TCM) prescriptions
with Wendan Decoction as an example, and to assess its predictive performance. Methods : The SGRN—Trans predictive model was pro-
posed for the first time. Multiple biological data sources were used to construct the knowledge graph of Wendan Decoction (WDKG) ,
and graph neural networks were used to learn the low—dimensional embedding representation of each entity in the knowledge graph.
The respective structural features of TCM components and targets were introduced, and the Transformer model based on attention
mechanism was used to predict the interaction between pharmacodynamic components and targets. Molecular docking and literature re-
view were used for validation. Results : WDKG contained 10 types of entities, with 14292 entities in total, which could be used for the
research on deep learning models. The SGRN-Trans predictive model showed the best performance compared with other knowledge

graph embedding models such as TransE, TransR, ComplEx, DistMult, and ConvKB. Molecular docking and visualized presentation

were performed for the top 20 groups of pharmacodynamic compo-
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E LR EAEETA(HE:YC2021ZD02); | ik stituent of Pinellia ternata in Wendan Decoction) and low—density

nents and targets, among which 8 combinations suggested the poten-
tial interaction between pharmacodynamic components and targets.

With the interaction between soya—cerebroside (an effective con-

il k2R A2 Z(STAR) A3 B (%%.20230101),  lipoprotein receptor as an example, the literature review showed that
5 AR : hitps:/Mlink.cnki.net/urlid/50.1046.R.20240819.0902.006 it might be one of the mechanisms for Wendan Decoction in the
(2024-08-19) treatment of atherosclerosis. Conclusion: The SGRN—Trans model
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based on knowledge graph and attention mechanism proposed in this study can be widely used to predict the interaction between com-

ponents and targets in the complex network system of classic TCM prescriptions , which provides a new tool for clarifying the pharmaco-

dynamic material basis of classic TCM prescriptions and related mechanisms of action.

[Key words ] Wendan Decoction ; drug—target interaction ; knowledge graph ; graph neural network ; attention mechanism
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BRI, — R Uk, DT J7 3 o] LA 43 R 25 -
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Relation—Tail” (k-3¢ R - &) JE 39 = 0 41419 WDKG .
G, N TCMSP BRI AR 7 75 bk o 25 (Herb) T AL 35 19 24
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Y43 F (compound ) FI#5 259 73 1 S Ik (Y #0 A BB 1A, 26
IT9E BR JC 7% 7E PubChem (htps://pubchem.nebi.nlm.nih.gov/ ) %X
P JIE v 2 8 3 19 25 9 43 F F TG 75 7E DrugBank (hitps://go.
drugbank.com/) £ 43I Fg v A5 1) 15 2 B8 35 A S 80 5 0y FE 1A
(Gene) o R TR G FNEE 5 Z 0] YA EAE FHOC R AR
—2& =584 (Compound:Gene) , [7] it JE AN BIF 53 B9 DT1 I
Ao B ARAT 09 R SE R AE DRKG $8 B 15 3 S 35 [R5 A
RN ITA =Jedl . S8 5e1t WDKG oA [A] 28 5L AR 9 5
B ORI LS e K WDKG g SEA S R i Neodj (https://
neodj.com/) EIBHE FEHEAT A7 FI AT 404K

1.2 AT X 7% B &R 2 M 4 (relational graph convolution
network , RGCN) # Ze 47 B 34 N\ 52 3]
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55 L2 0% 2R A SEAR I AR R SRR R — A4
T 2% 3L B s: RE X R C x (RY)" — R =041 (k. r.t)
F100 0 Ak SR h AT i e, = a9, B SR ¢ AR A Th]
e, =V T ABA MR, IFA A S ZE RGCN 15
B O R B 10 SHOE B ARG R T —Fh A AR 4T 43
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Fingerprints)™, ¥ & /Y REAIE 24 B PyBioMed"*' i1 53 15 21| 1)
CTD il iR

1.4 35 F Transformer 49 25 49— ¥e. & 48 2 AF A T 0]

TEFE 1 3R 3 B2 XF Drug M1 Target (9 i A 45 1E FN4E5 ¥ R AIE
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Attention JZ , Normalization JZ Fll Feed Forward J2 41 %, 1M &F 2
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1.5 BEARR4E B AR

AHFFE IR Y DTTHNAELE SGRN=Trans £ %l KGE
15178 SGRN #1532 &% Transformer 41, AT 1K 2 T WDKG %%
et , 3 A0 B e HE JR A% TR 70 B e e « 1 5 LU W) R AR
CHRANERAE FNGE A BRAE ) J7 28 WA 80 100 424 B 1) S i) 5 VR
H SGRN 5 A [ 6 Y 14 22 41 23 KGE 553 TransE, TransR,
ComplEx, DistMult A1 ConvKB #E 17 b 5 5 32 35 % Transformer
5 O£ Y 5 T RS E TR B BRI 4 M 2 (convolu-
tional neural network, CNN) , @ 7E #f 7 & 4t tf & 8L 58 HH i)
NFM #L# (neural factorization machines) , @28 BLAL #5272 > &
% Bt ML 2% MK (random forest, RF) 47 o4 . & Jm , PEAG
SGRN-Trans IR (A B , K HE 5 A A& 28 700 114 e e R 1) G
W I 5735 HEAT LA, AL 4 : DeepDTA'™ | RF I NFM
KGRN.KGE_NFM"™\,
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Heq , JF i B E TR F 2 B £ HE % (mean reciprocal rank,
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PERE , FIFANE JH T HIH 3G R o O R AT N AT
%5 o AE DTIHEAL 55 b B AL B — A A0 AR5 A T
PEAL AR , 51 A T AUROC (area under the receiver operating
characteristic curve, AUROC) #1 AUPR (area under precision—
recall curve, AUPR )X 2 AN 7E 20 254 45 vh L )32 B ITAN 4
b, AR ST Fl=score, HAEWE DAl 73 A AU LA -
Bds 5 (TEANTFE P IEREATN LAY L 1:4) B g
aiEfE.

1.6 HMAELHKE

H U fef Adam (Adaptive Moment Estimation) 5 ¥ AE 4
I 25 i A 5 AL IS 18 0 A6 5505 72 43 51 Il 25 SGRN 45 Trans-
former I THSEXS LN S BT ROTIRAR B IR 1,
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%1 SGRN# Transformerijl &3 2B SEIEE

E R — Rk LRV NN
WH
(learning rate ) (epoch) (Batch size)
SGRN 0.001 300 10 000
Transformer 0.000 1 50 256

KGE Y4 A [a] 5 5 K B2 9828 O 200, 3 A 73 73 #r
(Principal Component Analysis, PCA) 4 J5 14 32 55531~ £
% B M 120, Transformer [ feed—forward J= % 4 B 9% 1% B N
5120 S TRk UG A PRV R T T BAEHLE] (Early
Stopping) , B 2434 I (951 98 3E B2 7 4> epoch WA 15 3 K&
ARRE, D055 S 2o A . A BIESE b BT A I AR A A
Ubuntu 16.04.7 LTS E#£47 . CPUE 72 Intel (R) Xeon(R)
CPU E5-2640 v3@2.60GHz, B3 32 % #if CPU. GPU fy#!
54 GeForce GTX 1070, BAT 8G AT . ASHFSE Hh T A B A7
ffi F GPU Yl 25 . i FH %) Python RiZAS 247 Python 3.8.3, Pytorch
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Je e By AR 06 21, I sh 25 PR 4 A EE , (AR AR O 47 by F
i 245 49 R 5 22 TRD P A B A L 5 A A 2% 1 2 B
i o ARBFITHEH T —Fp T HIRE S S 55 B R L
il B 245 ) — 8 SOAH T AR P AE 42 - SGRN—Trans, H 3 #8435
ZH I DET RGON B 22 W 28 EA T R R RS i A 2 > LIS
BB TAR A MG HE 2 A TR ; QA FH PCA K5 254 A 201
AR TRAE R e, 51 A 25 M0 S 45 B S RRE(E
1 @FIH Transformer #5547 245 1) — #0525 AH B AE FH 000
A TAE R B R B E LK 1,

:. AR

10 1LE M)
:. FEDH 70
1O ¥R

'O Zijuzis

1@ LY

'O 41k

10 ik

'@ f#il: (Z54ATC
10 itk

Decoder
¥

¥
Decoder
¥

)
Decoder )
)
)

[ ———

Decoder

F--F
(o, o] gt

| I'Clayers )
L 1
( Sigmoid )
3
o> %

B 1 SGRN-TranstEZRR=E



— 1006 —

BERERKFZR 2024 £55 49 5 8 #8 (Journal of Chongging Medical University 2024.Vol.49 No.8 )

2.2 WDKG &9 # 2 Fo ST ALAL

AW 50K N DRKG #2015 31 19 ¢ R 8 R HEA T I 40 3%
PHFNE B 44 , I 2 WDKG 2545 169 1654 = J0dl , 1.5 26
KRR I LT 1040 F) 3 14 202 4320k 2 R
T WDKG RIS SR i Bt BRI 5 28 3 R T X e 4k
PEHEAT ORI E W IT A C R T 4 R R IT R Y 3k
SRR TR R L K 4 56 RAARPT S  E Sr b, B2
JE7R T TE Neodj A7 (9 1R L5 Hh #8628 700 1) 75 6 LA
KeE AT Z ] ] 31

£2 WDKG H & KRR 9 76 U R B SkiE

SR (Entity Type) TCMSP DRKG
Herb 6 -
Compound/Drug 699 -
Gene/Target 685 -
Anatomy - 190
Biological Process - 6957
Disease - 1935
Molecular Function - 1411
Cellular Component - 608
Pathway - 1387
Symptom - 414

2.3 AR AR AT

1£ SGRN-Trans H1, ¥ SGRN J 15 f)#x A4F1E LA K 259
S B S5 R REIE R B R 25 AR A . 4 HUH
R K S i AERNE (DA Transformer—e 26 11F ) 7 K “ 25 4 i #
S SEFERE (L) Transformer—s ZE4F ) "YE M Transformer 9%
A DA HCES S P A R F B0 A e . 4 B T ik
3F0IE OL 4T 38 R E R ) AUROC T AUPR B, 4 fifi H]
SGRN-Trans B, /£ P TEAHE IR 119 40 (E #B 2 doe i 1,
FROE SN & DA E— 25 S AR 0 9 45

F 5 RN T AR R B 3 i AR AR A B 4
I PEE L AR 45 S . 76 MRR |, SGRN BUIS T % 45 (9 73 {8
(0.0554) , i, T H Al 45 8 5 £F Hits@1, Hits@3 LA & Hits@10
I SGRN ¥yt i 43 Hom FILAAEIR . 43 Hr W], SGRN 7¢
ABAELE b A B dete, HonT LA 3552 = Je U T A X
TN

(13 J&/R T SGRN #5880 a3 28 B0k B B AT AR 45 3L, XoF
T DTI HUM AT 45, Transformer Fil NFM FH T 432 (% P4 i 58 0
75, W5 7E AUROC Al AUPR X PHILFE b L AH S, {H7E W] LU
TR ASE Y A 1Y 23 25 P RE 1Y Fl-score |, SGRN=-Trans {f T
SGRN+NFM. ¥ SGRN-Trans 5 HAWHF 5T A b5t $2 H B & B

®3 WDKGHELXRLBKLHISH

B AU SR Relation Name &5 : £ K H ] Ratio(% )
TCMSP Herb: Compound Contain: : Herb : Compound 0.45
Compound : Gene Interaction: : Compound : Gene 341
DRKG Anatomy : Gene Regulation: : Anatomy : Gene 16.71
Disease : Anatomy Localization: : Disease : Anatomy 1.13
Disease: Gene Association: : Disease : Gene 1.70
Interaction: : Disease : Gene 0.01
Regulation: : Disease: Gene 0.49
Disease : Symptom Presents: : Disease : Symptom 1.91
Gene: Biological Process Participate: : Gene: Biological Process 34.92
Gene: Cellular Component Participate: : Gene : Cellular Component 2.72
Gene: Disease ExpressionAssociation: : Gene: Disease 4.62
MutationAssociation: : Gene : Disease 0.54
Pathological Associatiton : : Gene: Disease 3.35
Gene: Gene Association: : Gene : Gene 1.50
Binding: : Gene: Gene 1.48
Colocalization: : Gene: Gene 0.05
Covariation: : Gene : Gene 0.06
Interaction: : Gene : Gene 3.93
Other: : Gene : Gene 3.25
PBCP: : Gene: Gene 0.56
Reaction: : Gene: Gene 1.03
Regulation: : Gene: Gene 4.77
Same: : Gene: Gene 0.07
Signaling: : Gene: Gene 0.15
Gene: Molecular Function Participation: : Gene : Molecular Function 4.62
Gene: Pathway Participation: : Gene: Pathway 6.60
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i)~z (Z5PIATC)

Anatomy

Presents_Disease_Symptom '

(2]
g :
2 g 2y
E2 Neo4jHWDKGEEMT RLEMURTRZEMNXR
F4  FEHHEF X DTIHN 1 BE B =0
Transformer §ij A AUROC AUPR
SGRN-Trans 0.977 4 09105
Transformer—e 0.976 6 0.909 9
Transformer—s 0.976 3 0.908 6
%5 SGRNSHEMEXMIREGHRNER M IERELLE
. o Hits@N
eS| [ Rr R MRR
N=1 N=3 N=10 N=50 N=100
Translational Distance TransE 0.040 6 0.004 9 0.026 0 0.097 3 0.368 5 0.5392
TransR 0.046 8 0.0116 0.035 3 0.1017 0.3450 0.514 1
Semantic Matching ComplEx 0.030 0 0.006 1 0.019 5 0.062 4 0.239 1 0.370 4
DistMult 0.026 2 0.006 4 0.017 3 0.050 6 0.200 3 0.338 3
Neural Network ConvKB 0.009 5 0.001 2 0.006 1 0.014 4 0.064 9 0.124 2
Proposed SGRN 0.055 4 0.017 5 0.045 6 0.1134 0.364 6 0.5319

T 8k HE AT X L (& 4) , AR ARLE ] DL L, SGRN-
Trans (AUROC=0.9785, AUPR=0.913 5, Fl-score=0.856 1) {i:
F IR AR LA R INARIE U 04, 2E AR T AT 55 rhoRe X FE A
St FE A —E I
2.4 SRR 5

T 5% SGRN-Trans (1 SEBR TSR , F AT FH IR A4r
1 SGRN=Trans 15 8 %} ifr 47 245 ) #0500 BEAT T0I 4T 43, OF
SIS ZRAE P B 2 &, % 1 IR R BRAR 28 4R GE 1 8 41 24

Y-8 S X HEA T 53 F X% AE— 25 B0 0E . A PubChem £U4
JE AR BN 259 43 F 1) 3D 4544, 3 A PDB %5041 P2 (https://www.
resh.org/) FF B HURE 5 2K 11 89 3D Z5 44, i AutoDock #EF 743
FXHE. xRS AR R WK 6, WM S WL 5. 8
0T XHEI V1254 HE H-8.445 keal/mol , it 6 41454
RESTE-T keal/mol KL, A 3 41455 BEAE-10 keal/mol L)
T 2Rk 2 25 ) 4y NS SRR 1 22 TR AT R A R VA I A
HAER
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0.960 E
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0.92 —— SGRN-Trans(AUROC=0.977 4)
% —— —— SGRN+CNN(AUROC=0.961 1)
0.90 4 = SGRN+NFM(AUROC=0.974 6)
- ' 0.0 —— SGRN+RF(AUROC=0.967 9)
+
% 0.88 ] 0.0 02 0.4 0.6 0.8 1.0
0.86 - fEpRE
10
0.84
0.82 J‘ 08
0.86 £ 06
o 084 &
g 0.4
1 o8 , y
= /
0.80 0.2 | — SGRN-Trans(AUPR=0.910 5)
= SGRN+CNN(AUPR=0.855 0)
0.78 M = SGRN+NFM(AUPR=0.914 6)
. - - —— SGRN+RF(AUPR=0.896 4)
SGRN-Trans ~ SGRN+CNN SGRN+NFM SGRN+RF 0.0
A I 0.0 0.2 04 L, 06 0.8 1.0
Pl (CFEES
E3 1 SGRN#EHARM S EEES SGRN-Trans LEE
0.980| by T~ Lo
0975| L T
= —y— 0.8
0970
% 0.965 i X
= 0.6
0.960 %
0.955 l =
0.950 =04
N — SGRN-Trans(AUROC=0.977 4)
0.2 — DeepDTA(AUROC=0.971 2)
0.92 T — RF(AUROC=0.980 1)
= NFM(AUROC=0.963 1)
— KGRN(AUROC=0.966 8)
0.0 — KC =0,
= 090, N —— 1 KGE_NFM(AUROC=0.968 9)
= . 1 0.0 0.2 0.4 0.6 08 1.0
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®6 RMEILARIEANSHEN FIIERKXER

B4 B R4 B PDB-ID #5418 (keal/mol) PR 0 (xyz) RS R (xyz)
Soya-cerebroside LDLR 2FCW -10.50 13.7,15.2,29.3 40,60,80
Kanzonol E HNF1A 11c8'%! -11.45 45.9,8.3,22.6 118,60,110
alpha—Inosine FKBPI1A 1BL4" -7.63 10.0,15.7,2.6 70,60,70
Kanzonol E AHCY 1L14 -8.18 58,-4.8,104.4 120,70,100
Docosanoic acid LDLR 2FCW -5.60 13.7,15.2,29.3 40,60,80
Kanzonol E CHRNA2 AF-(Q15822-F1" -7.38 -15.4,-14.9,11.1 100,70, 100
Kanzonol E CPT2 AF-P23786-F1 -11.06 -3.5,-1.7,0.9 100,70, 100
(8)-(=)-Citronellic acid ERBB2 3ppo-* -5.76 17.6,15.2,27.4 100,100,100

F

Soya-cerebroside 454 LDLR Kanzonol E ££4HNFI1A

Kanzonol E 454 AHCY

Q< 24
<

Kanzonol E 454 CHRNA2

Kanzonol E 454 CPT2 (S)-(-)-Citronellic acid %54 ERBB2

E5 BI20AHY-MadRAE 8BNS FIEAMMALER
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TE A P R UE I RAESE v , i AR A 5 4 2
T B IR 09 ) Jo it 22—, A 2 gl koo A s A
AR BN R . IR AE AR 2 R Ty
N, TEIR ST B K o A B AL 1 0 A8 8RR AT
R, AR R IR AR e A AR i =
g ( triglyceride, TG) . & JH [E 2 (total cholesterol, TC)
FIAI 2 5 Big 25 1 RH & B (low—density lipoprotein cho-
lesterol , LDL~C) 7KV~ , 43 LA ] ox—LDL 7 (1 1 I
2 L AR AR, e B Ik ok R A L S 8 i
PRAEIR B =4 SR, HAR HIALAR i A

1% %5 £ g 25 11 22 /K (low density lipoprotein re-
ceptor, LDLR) 1Y 3= 224 FI 2 3 o 52 7K 8 B A T
figp s BE IR 3 1 (LDL)™Y, 3@ 40 i LDLR A9 A,
I/ LDL £ 35, ] LAy 1k I8 i st ok AR . PR,
LDLR 7E4EHFAR PN LDL 7K IH [ s o 2 vk 1) %2
KHEERVER . S b LDL A F A i 35 & 5
Z i, 23 F B oxLDL (oxidized LDL) 3§ £, M i 14
Tz Jok ok BE A Ak 1y IKUR ™ e Ak, 2l ks A A Ak 1Y)
I3 —ANRHAE 2 S KORE P e & IR ARG B I 20 9 IR
ML FR 2, Soya—cerebroside (K G Ak 118 ) J& 1
37 2 0 A R0 53, BE A | FAK (Focal adhe-
sion kinase ) —Src {5 538 #% A9 2500 , (H AR H A ML
W AR, FAK-Sre {5 %53 %2 ox LDL 521 F W5
20 i 1 7% B b i E 43 T oxLDL |y LDL 5
M B ELEA A, 112 LDL A K7 2352 1
FAK-Sre {5 58 B Y28,

TEAWFFE v, BB F50M A 53 X 4 45 2R WoR
soya—cerebroside Fll LDLR Z [0 fF 7EAH BAE T, &5 &
R R G B STHR AT, HE D AT BE A A LR LA
soya—cerebroside 5 LDLR #H &.AF H , 1 1 984 LDLR
(94 I RE L 5 LDL A9 7K ~F- , 1517 40 ] FAK-Sre
T I B 0 ox LDL 55 10 40 ML A% | 3k B 22 i
Bl ik ok FERE AL I 80 . soya—cerebroside H A7 1E K
TBYT SRR RERE AL 25 1 AR 25 W T )

Hh 2 28 B A4 7 v P a3 B VR HTRE s B LR
WFFE , W 7 Ho A 2 S mt A b 25 2550 B RL 24
W OCHE 2, AR YO N T BB 2=
BORBLH T 22 47 i, 32t 1 TR
& 1% Fil Transformer [¥ DTT 7 1 HE Z2 SGRN-Trans.

W 5% I 22 A= 0 B3040 U5 0 el TR A 3 0 T
(WDKG) , 1 GNN 2% > HIPH &1 3% rf A A SR A AR
e AR, IRl 5125 W FIHE SO 25 R R A, O
T 1AL Y Transformer 158 AU £ 4T DTT 5 .
SEa 25 SR W], 5 A S S Y DT S5 AR AL X L
SGRN-Trans H AT — & B HERE DL Fv . %42 52 56 0 SC
BRI 5T R U] R I b o E A S 4 soya—
cerebroside Fll LDLR 7 7 18 7€ 04 A B AE AT, %5 R A
DRI 0 K ok R A Ak BBk PR AR AR T Y SRR
A GE A IR IE 7 09 25 308 53 S AR FRAIL T 43t 1 3
RIS SR , AR TSR PE AP BT DT R 4R 1 %)
SGRN-Trans #4171 , DA PE A 12 855 8Y (1432 fb 1 o
HE— 2Dl B R R B S A0 A ) 2 S e
ATk
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