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Prediction of Adverse Drug Reactions Based on Knowledge Graph
Embedding and Deep Learning
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Abstract: Identifying potential adverse reactions of drugs can help doctors make clinical medication decisions. In
view of the high-dimensional sparse features of previous studies and low prediction accuracy in constructing an
independent prediction model for each adverse reaction, a prediction model of adverse reactions based on
knowledge graph embedding and deep learning is developed, which can uniformly predict the adverse reactions
covered by the experiment. On the one hand, knowledge graph and its embedding technology can fuse the
correlation information between drugs and alleviate the deficiency of high-dimensional sparse feature matrix. On
the other hand, the efficient training ability of deep learning can improve the prediction accuracy. In the study, drug
characteristic data is used to construct a knowledge graph of adverse drug reactions; by analyzing the embedding
effect of different embedding strategies, the best embedding strategy is selected to obtain the sample vector. Then a
convolutional neural networks model is constructed to predict adverse reactions. The results show that the
convolutional neural networks model has the best prediction effect under the DistMult embedding model and the
400-dimensional embedding strategy. The mean values of accuracy, F, score, recall and Area Under Curve were
0.887, 0.890, 0.913 and 0.957, respectively, which are better than those reported in the literature. The prediction

model has good prediction accuracy and stability, which can provide an effective reference for safe medication.
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Table 1 Relevant typical studies

ik Ay ZHCE/Fh FRHESI) Hn s SRR
Joshi et al®” 2022 7219 ADR, Indication, Target, Pathway, Gene DrugBank, SIDER DNN
Zhang et al®? 2021 3632 Target, Indication, ADR DrugBank, SIDER LR
Wang et al®”! 2021 1806 Tumor, Biomarker, ADR MEDLINE NB
Dey et al™ 2018 1430 Chemical structure, Side effect SIDER, PubChem CNN
Bean et al"*” 2017 524 Target, Indication, ADR DrugBank, SIDER LR
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Fig.1 Research framework of ADR prediction
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Fig.2 Local entities and relationships in the knowledge graph
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Table 2 Entities, relationships and quantities included in the ADR knowledge graph
h R/ r t R =Ie A = CHEEA
drug hasTarget Target 4703 <drug, hasTarget, Target> 18152
drug hasTransporter Transporter 266 <drug, hasTransporter, Transporter> 3081
drug 7916 hasEnzyme Enzyme 435 <drug, hasEnzyme, Enzyme> 5157
drug hasIndication Indication 2640 <drug, hasIndication, Indication> 12498
drug hasADR ADR 5454 <drug, hasADR, ADR> 119233
Bt _ _ _ — — 158 121
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Fig.3 CNN model structure diagram for ADR prediction
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Table 3 Parameters of CNN model
LTIPAN 15 % R Bk it
20%20 R 4x4 128 1 17x17x128
17x17x128 KL EL 2x2 — 1 16x16x128
16x16x128 HBIZE2 4x4 128 1 13x13x128
13x13x128 KAk E2 4x4 — 3 4x4x128
4x4x128 AIEREZ — — — 1024
1024 A2 — — — 256
256 SRS — — — 64
64 EEHEZ4 — — — 32
32 RS — — — 2
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3.1 REGTNIERR

AR R VEFE FE U574 [ 2R (Recall)  #ERfZR
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Score, F,) F1#H 2k [ #7(Areas Under the Curve,
AUC) 1E AR PPN 4R R o

32 FREREHRAREREERT
N AE L T-PythoniE 5 , 1 H AmpliGraph T
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AR IEREA 119 2334, FikEA A 12 498
MRS o« T IEAREAEE AR Z LN E L, LA
FOREAR IS BN FE R, $2 BRO: 1 LA, 4 fRE AR B
BRI 911 249 YIZRFEATNT 2494 MHARE A, IF
BEALM IEREA H L 249 AN A IIRAE AR 5 Uk 4
LA IEFREAR 1 2494 YIIREE U HE117 984NN IEREASRN
11 249N SUREAS o i 1R 1| SR BE R A AR ST 47 1a) FL, SR
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Table 4 Data used for KG embedding and ADR classifier training and testing

=Tt vt KRBT R A Iy RN Iy AR Bt

<drug, hasTarget, Target> 18152 0 0 18152
<drug, hasTransporter, Transporter> 3081 0 0 3081
<drug, hasEnzyme, Enzyme> 5157 0 0 5157
<drug, hasIndication, Indication> 11249 11249*10" 1249 12498

<drug, hasADR, ADR> 117984 117984 1249 119233

1) TR 73 FE N GRAE TAEAHEAT R RAER A, B AR AR 1045

ASCAEFR B R i N A2 SR AR
TS IRTFHRN A B o T3 AT By ea vty RO AR
drug. ADRFIndication & A [ &, 3 3o Sk SEAA ) &
I R SER ) &, #i% H ADR 3 2K 88 IE AR AR 1 3R

TRV, BRSPS o 73 AR FH X X, 3R IEREA AN
FEAS, Forp X 6 B “drug — ADR 72045 X, %) B “ drug-
Indication” 4 &, X, F1X, & [R1#4) B 7 R 248 (1) S50 44
iR

£ 5 ADRAFHEH T FEA KRR [F) & (DistMult, dim=20)
Table 5 Representation vector of partial samples of ADR classifier(DistMult, dim=20)

drug ADR 1 2 3 e 18 19 20 label
0 DB00513 C0023890 —0.206 4 0.4520 —0.3854 0.196 0 0.3563 0.263 1 0
1 DB01320 C0011206 —0.206 5 0.4520 —0.386 6 0.1958 0.3571 0.2639 0
2 DB01241 C0030305 —0.2072 0.4521 —0.3865 0.1952 0.3580 0.2633 0
3 DBO01141 C0239295 —0.209 1 0.4528 —0.3874 0.196 2 0.358 8 0.2658 0
4 DB01059 C0033581 —0.2063 0.4500 —0.386 1 0.1958 0.3571 0.2629 0
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AN TR FEE PRI B 38 K5 Recal {7 A BH 5. 386 K, AH
FE o SR, 24 BN ZE FE K T-400 0 , & JE B A 1
AUC.ACC.F fEbrE#E T € B 5 A 00, &4

R HRNZERE, BeWS(E— @ FEE 32T ADR 7y A
BT TRV R o [FIRF, Sy a6 3 24525 Hh AL i 400 45 i
BOARE - 15 £ BEIRTR B, AN SCEFRA004E i fE RN 4
J5 , H45 & CNNAL R HE T ADR TN

34 SEREBISLE ST

HFPythoni& 5 , fili F scikit-learn F17R & 27 STHE
2R Tensorflow2.0F7 & ADR 7 SRAE A, 6Fh JE AR L4
15 F BRI S50 [ 5 RN ZE 94004, 38 i i A
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Fig4 The performance of each baseline ADR classification model on the test set with different embedding dimensions

RURMSFEA RN A1 &, FR5 H A\ S ADR 73 2845
RUHEAT VN GRAI T , 5 3 FEA A A AR b %) Tt
SRR 6T o L35 7 At K I, AEDistMultiik A5
T, CNNZ BB AENHASE F I AUCHE 50.942, 1
TR B,

F 6 HRALERE A4000T 5 ADR T Lh A

Table 6 Comparison of ADR prediction models when the
embedding dimension is 400

WA p2RE88 AUC ACC P F, Recall
LR 0.889  0.804 0784 0811  0.841

RF 0.866 0.672  0.607 0.749  0.980

KNN  0.897 0864 0830 0871 0917

DistMult ~ GBDT  0.889  0.805 0.765 0.819  0.882
DT 0.656  0.655 0.601 0727 0922

NB 0.658  0.657 0.602 0729  0.925

CNN 0942 0.847 0794 0860  0.938

LR 0.903 0.813 0785 0822  0.864

RF 0.885 0716  0.644 0773  0.967

KNN 0845 0814 0773 0827  0.889

HolE GBDT 0906 0.823 0793 0.832  0.873
DT 0.687 0.684 0.623 0747 0934

NB 0.681 0679 0.620 0743  0.929

CNN 0927 0843 0802 0853 0910

3.5 IRBIRREMITME

HFFC R S UK EL 2 556, VPl CNINBR Y [ A2
PE BARDIR: (1) BoE BN T, M I ZREEA I
££5(2) XM “DistMultib B +4004E” 414 SRS 34T 1%
NEAE; (3) W TR AR /R 1) 2 FH T CNIN A 2R B Y
Y5 A0 T o 45 B R 7HT R, A SCONNARL AL
AUCF 18 50.957, b Zhang & (B 58 (CF 1)
AUC=0.863)5 H0.094, 327+ 710.89%; F ¥1H N
0.890, Recall?4J{ N0.913, & FEARME I BN« BN,
ROC £ 5) R A AR Fa e , RIAA LT K
ICNNAL B A e .

#7 SRS SLICONNRHE IR 4E b e

Table 7 The performance of the CNN model on the test set for
five repeated experiments

Sy BENLAT LaCH

AUC  ACC P F, Recall
1 18 0.957 0.884 0860 0.888  0.917
G2 24 0.955 0876 0.843 0881  0.923
L3 36 0952 0.887 0875 0.889  0.903
G4 40 0.960  0.897  0.888  0.898  0.909
TS 48 0.959  0.890 0.872 0892 0914
¥ME — 0957 0.887 0.868 0.890 0913
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—— experiment 1 (AUC=0.957)
—— experiment 2 (AUC=0.945)
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Fig.5 ROC curve of five repeated experiments of CNN model
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RS I S T SO, 6 CNINASERY (14 2k
HEATRS 56 o DA “ B 51457 8L “kidney injury” o< 8 iA] ,
£ H E &0 PubMed 55 SCRRE 48 e Hh BEAT LA R AH K
FJADRWF T, 3849 5> K 4 SIDER EU4f8 2 Wi o 14
“drug-ADR” & B HAE NI, A3 CNNAE AL i
AT T o 25 S 2R (W3R 8) » FL A A 0L 2 BH
PR IRE 2R S 354E 290.972, R B AR S CNNAR Y g

A R SEAR AT Z AMIREAS o

3.7 SSt#ttARStE ot

T H ars = TR I8 ADR FUN AR M BE b
EHUR £, A SO AT 35 1 254 . ADRFP 253 &,
DA S PN AR () AUCAE 55 77 18, 500 5% i R jf 7 ik
170 LR (L3R 9) o 3 3 56 B 23 #T » A SCTT R I C NN
R AUC T T AH IS 8 Bl fit (1) &6 5L, To0u 4 g
U o [EIS, AL S0 Bl AR 0157 916 25 )15 454
FHADR, 78 i 250015 B2 T 4 K 2 HU R0t 5E
WAk, DA I 75K 22 75 22 X0 51> ADR B R 2
TR AL, 8400 T ADRTRMIE S5 1) TAE &5 AL 2
5 AR SCIE A 2 25 R PR A R P RN
RN 254 . ADREE S AA i i F AP AIE 7] s fie 24 HH
— /N — [FJCNNEL AR % “ drug-ADR " 2H & 34T il
T, IS Z 4L A 17 1E “hasADR” 56 R LR, X%
KIFD TR E E  Zhang ZE PR FUAE T 28 4BA)
J7 AT ADRTGI , 5817 e B 48 75 () 259010 3 632
i, I HL TR I B AUCHE A X B s Joshi & 1T
FULESCHR[26] 1) LAl B340 T 25438 2% (Pathways)
MFE [ (Gene) FFAE, (2 H ADR T AL 8 1y~ %)
AUCHUH0.912, TS AFEAE ST 1 23 18] o A4S SC il i
B EACE M 25 YRR, AT T & B i A
ADRTMAETY

R 8 A CNNBEALG SRR A drug-ADRZH & [ TN 45 R
Table 8 Prediction results of drug-ADR pairs in literature through CNN model

2 ADR TR A SCHRIEAE

BRI HE<DB00338>" B 1:14:(C0599918)” 0.999 CHR[34]
fl1 14 2 3H<DBO01606> BB B(C2609414) 0.880 SCHR[35]
75 ¥ JE<DB09330> Ak EHII(C2609414) 0.982 CHR[36]
PR HHT<DB09035> 599 (C0022658) 0.999 CHR[37]
WA <DB01362> B DiEei15(C1565489) 0.999 CHR[38]

1) <> AZ5Y)1E DrugBank £ 45 i (1D
2) () P NADRST B [fIMedDRAAR G .

R9 S MAB IO T
Table 9 Comparison with advanced ADR prediction models

W SRR F RE 2] ADRECE/M  WEHUEIE  REIINGRER R FIJAUC
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