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Abstract

Drug-drug interactions (DDIs) may lead to serious medical injuries. It is important to identify DDIs
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and investigate the underlying mechanisms of DDIs for the safety of compound drugs. However, in
practice, analytical detection of DDIs is still time-consuming and expensive due to the need for
experimental studies on a large number of drug combinations. Most drug-related knowledge is the
result of clinical evaluation and post-marketing surveillance, resulting in a limited amount of in-
formation. Correctly predicting drug-drug interactions could not only reduce these cases but also
reduce the cost of drug development. Therefore, a number of computational methods have been
developed to predict DDIs. The model based on graph convolution network is proposed to predict
DDIs and has achieved the most advanced results in drug interaction prediction. Here we review
the research status of drug interaction prediction based on graph convolutional networks in re-
cent years and investigate the latest methods and databases used by researchers in recent expe-
riments. Experimental results show that the prediction model based on graph convolution net-
work outperforms other algorithms based on deep learning. It is proven that it is necessary and
valuable to predict drug-drug interactions based on graph convolutional networks.
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AR, 2 5B IR CNTR YT B 2 505 (AR PRI R RE) (1) — o AT I S o 2 R Ah sl il DA 24
VIlE S B, TR 51 R EAEABIMENER . AR RN HZEPHEE IR N 2R dR
FRB| R 25 B4 AR N 259 - 254048 H.AE I (drug-drug interactions, DDIs). X, (¢ /2 i & DDIs Jf:
o7~ HON 2 252 T AEALHI . SR, FERE 25 ks il b & 30 DDIs BE 2RI X & o, P MR 231557
ERE R A T DDIs. fEid i, X R SLIS A E DDIs fEdk TR ONERIR A, R iE
TR FE 2 2] (TS 70 DUR IS FE 1) DDIse &Pk TR FE 2 S i AR REE 2 . ARG AT
CLE PR B2 — PR RTI& I 7%, 1T LASE 4t DDIs IR ik . fEA R SC v, A1HE EAHIL Gk
T R 2 (1 25 W0 AH ELAE T B i e gt e, I R AR MR 24 2 D Re 1) — AN B AR F LA

2. BRABESE

HAT, 29%AH BAEF I n] 5 0 208 o0 A £ 2 A ORUE b o ORI 320 10 25 W) AH B4R R AR08 B 2
DrugBank ¥4 7, #4MEA PharmGKB. KEGG Drug. OFFSIDES #1 BioSNAP-DDIs. DrugBank % ¥ %
Je—ANBUE bR DDIs 345 12, 55 294,980 /> DDIs (FH4), 5 2,286 Mit#EZsH). 454 T VE4INZY)
FRAEE, QT 258, 29980 f 4T r 299 EFR 5 5 . PharmGKB 4l 217 12,664 FR 245
H, G35 2,588 FhCLHER /N T 2590, 1,287 FhCHLHERIAEDIEAR 259, 130 Fg =259t 6,305
FhSEIG 2540 PharmGKB 3 JF & — MEMEI A . o TR E BRI CFE . B a SRS 2/
LA TR L) IR SIS . PharmGKB AL & 2L Rl B 23R B AH OCHHE, DA A S 25 AR 1)
470 MEALAE R TELE(E B . KEGGDrug %4 A &A@ Ae, SRR~ A & B i/ BHE . #E
2019 4 5 H, KEGGDrug #7524 it A 5645 2 10,979 4%, DDIs 3% % 501,689 4. OFFSIDES ¥k /&
05 T HET PharmGKB HIAS R FAF4 15 s 2 4 H SR I 250038087, 24000 R4 35 T 438,802 Fh 2 W milfE H

DOI: 10.12677/hjbm.2022.122015 117 VR


https://doi.org/10.12677/hjbm.2022.122015
http://creativecommons.org/licenses/by/4.0/

o

)5, BioSNAP-DDIs ##f 0 & M2 Wnbs B A A W 22 SOk vp R B 1,514 Fh2g¥ 2 alff)—3t 48,514
YA EAEH

3. EERMEERE TR

AR, BRAMZSHPOR K RE[L] [2], FER @B A R R K EM. B4 EHUR AL E3],
FUGIRAI4A], HLESBHIE[S], 15E IRAI[6]7 K TR KT . A& G R £ N 45 J BIR X6 BR ES 2 ) Hic 47 a2k
AT, 1 P AR R AR 2 0] R TR () a7 A PR, A R SE & T 25 M BE 454
I35 B 32 S T 2 Sk DL R ) G AR . 2 I A6 UK B 46 AR AR 2 SO B AR AR AT A 2 1]
MIRFIE S B RIS, T4k v B 6 AR R H B 5 Ab 22 (graph signal processing), 51 A JiE i & SE AT
KIS . TR TS RE AR S, AR R B PR @R A, B2 (A RHE
FRE[7] -

T gh O LB RS E S I 1 TR,

Table 1. Common symbol definitions
=1 BRANFSEX

5 FRE X
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v TR
v Rip=t
n Rt
PUIE S
e pul
I, eR™ LRl
AeR™ Al [
HeR™ PRI E
W eR™ B EFERE
D, eR™ 120 £ Fle
D, eR™ T R

—fHL, c=(v; E;w) TR H TR . A R B RATEH ¥ (adjacency matrix), & X5
SR L 6 2R« H ORISR R (incidence matrix), AT & SCEIF L 515 s 2 IR 3ERE, v, ee,
hy =1, JAKEBLF, hy =0, XS T EPRT AL, HZRERE D, e s E SONERBZTT ST LRI
ZAI[7]. B

d(v)=>W(e)h(v.e) iel

ecE
FHAAML, De h T a8 SONESLFNZIL K mi B 2 A, B
d(v)=> h(v,g) iel

veV

GCN FZEAE R 0 TR, FRATAE R A0 a7 G A SRS B, AR B EFeEAR
SYIRRFAE o K AR T s 3RS ORFAE AR S ANA S RS B G, A2 average() ¥, 193]
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4. TAARE

7E 2022 4, Wang 2 A2 H —Fh 2 4% B RN 45 (GCNMK) SR T 7 7£ (1) DDIs [8]. %45 %4%% DDIs
B NP RS, Hoh—202 “3n” MCrIE Gl Biltn, 254 A rTRe=38mziy) B s, Hob—4kY
“YRDT AHRIE GD, B, B A 5259 B A5G 245 A AR RS A5 25 DDIs B GD
I Gl 23 5 525 AE R PR3 4 7 DI NS GCN B, GCN EEME, % L EE M IS GCN
P, % LJEAE 1 GON B 5 L, 21 GCN S H T LB A5 — 214 GCN it , 28 L, 21
GCN B4 (2 50 2% DDIs $¥EMEFE, 22 IR4ER RIS, R Herb R AR N et 240 A 1)
INEFRST . )5 DDIs REAEH B N = A58 415 10 2 R TUNVE 7E 1) DDIs. 7 ReBUZ B0 ok 4R 12
RELU, #ith 22 Sigmoid, #5125 e %0 H 1) /2 cross-entropy F1 L2-regularization. L2-regularization ik
RV A AR, B3R SRR/, T A e PR R . SIS TR T S L SRR R RE, B TR R
PRI B BN 5 Ir=0.002, L2-regularizatio %7 2 = 0.0003. SZ46 5@ FA%E2E XIGAE, EM T %
BUR ST DL SGHAT 29 AN 29 TR F G R TN . BRI AR an 14 1 fos
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Figure 1. Flow chart of GCNMK model
1. GCNMK 1RE 772 [E

1E 2022 4, Feng %5 N4&H —FhH T 259- 2590 k0 ELAE I 22 0 2 T () R P T 2 R I 48 HE 248 (B M
deepMDDIs)K il DDIs & HIA[9]. BN £ KR ML DDIs /-l m ASFM4s, H m ANEBHEEER
INT M AR RIS I4IN . deepMDDIs FIFHFIALEMIALLI R, FHEREE BB R4 151t T — Rl g 2%
KA K DDIs W4 ¥ ¥ FNRFAE o S 2% 8 I i 42 25 10 B 2 ¥ A, #i%— > p 298 &R GCN (R-GCN),
¥ 2 % 7 DDIs W 45 1) 25 gt Ay N i) B, S HLAA S 2 AN BRg 2 s i — ANk B SREms 30 5t 5 — Bl
I, SR FH 24 P R AL B R B 24 SR N 2 () R AR BA 24, A RS mT Rl o — AN s R R A 3 —
WA 5 5 DL [ SRR, AR ORI . ARG, BT A TR 2 ndE sk, @it — ReLU
Wt R A, AR BRI - B4 DDIs [ 4% B — > p 21 R-GCN HEAT A4, LUk p Fr4BJE 15 2.
25 R Sk B R 2 FRLRAS LR 22 A AT G — A, DA R AR I R e M 25 o 75 7
AR PG IRAE . RRADES R — R RIKR B E R IE R, KRN RFIERE R R 2R B (R E E
P B RS 38) (R AR S BRAE PEAR 45 4, A £ J055 R 1) DDIs %% .
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I SIe 45 LM, deepMDDIs AJ LAA L [X 4 DDIs W4 H— SR bR iSRS S 2 M e 75
B—Fhek 2 A ZGEMER, Al LTI DDIs W45 i 0 245400 5 X 4% 18 25 2 18] )38 #F DDIs. 3835 H R
I Se kI B TR BE 2 ST I J7 1548 DDIs 243 KRS I LR, #E 5445 DDIs M2 % DDIs Tl ¥ Hs
A NEFRMBCR . IE T Z BRI R . BARRRE A K 2 Frs.
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Figure 2. Flow chart of deepMDDIs model
2. deepMDDIs #E &5 2 E

£ 2019 4, Karim 55 A4t 7 —FpEE T ER EOZ AR Conv-LSTM M 2% 1254 - 254040 HAEH
Fi[10]. 153K & DrugBank. KEGG Drug. PharmGKB Hl OFFSIDES f)%#s & T — /M4 2,898,937
AN - A TR RIBHE S, TR S B s AR AR LAY 4y BRI BN, BRI A 1L
FhHT SRR, {8 ] RDF2Vec. SimplelE. TransE. KGloVe. CrossE Al PBG #4T KG #k A\, N KG
WA AR AR R RR, BT KG i NFE RS B B gt il 46 ) 1. KG N
FE AP BFRR ARG R B SOF RS S BRI R R RN . Z 5K KG RN G 45 B4\ i
CNN F1 LSTM ZH#4Ji& ) Conv-LSTM M4, CNN {5 FH A R JE I 88 R i B2 25 W0 RRAE b 1) R 0 0% R A8, 1
LSTM M £& 1] LA CNN $&HIRFE 45515 B ok & o

W2 R — E R N, B AYIFEARIE A — T IR B — AN s . SR 54 K/ 100 x 300
RN BRE N —4EB TS, 122 100 MBS, OK/NA 40 8 5 K5 S RUZ I A% 1645 Dropout
JEIEAT A ) DUBE S 05 . BDW BT DA R R 38 A 4 S 28 AN T AR AT TR A 2 T 1 B A 245
fE. )5 G EBMARHEZ RGN 100 x 100 FoR, HATE RN/ 4 1) 1 4 R Z
(MPL)ZEHAT R —25RHE, PR 25 x 100 (%t . o, 25 AN4ERE rp iR — AN AR mT DL A g — A
PERLHIRFAE . MPL IR I FE AN BT (D K4 B U KB SR A s ), AT = AE—AN 1 x 100 H#K
. LSTM J20% iV (RFAE ) S 4E FE R BT DK, JF BN RD K 100 ARG HFot. 25—
AN LSTM ER M —ANrth H, H 3 H 3 l— MFIEF 51, FEpik N e 482, DL R — 251 DDIs.
SRIGMH —~ 4% MPL, fE45d 75—~ Dropout Ji5, M I FFIERIEN — DM EEEE, RIFIEAN
SoftMax =, ZJEEMFEMMER 0. thoh, AR Conv, LSTM FIFAZ E gl NE g e, DLER
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Figure 3. Flow chart of Conv-LSTM model
[ 3. Conv-LSTM &E RFZE

7E 2019 4, Zhong %5 A2 H — M8 KBTS R W28 A TN DDIs [11]. %7714 B4 B 4
BRI MAL EEAR 5 G, PRI Z R 458 0% & IRi3E4T DDIs Wil . E i, T4 RDKit
K290 SMILES T4 H 45 R A Ah o 85 B F B L2 S R 22 I 2% (GCNIN) A= Jl B R« TEIX R
11 GCNN 22 J&, AN T — AN =Tt 28 Skt SR Rl 2 Aol A B FH o 76 AN AR 2 ] 3
ST ANE B R PR ) U, Bk E I R CNN B LSTM 2245 — Mk 45 & G = tanh (QTWA),
TR 2B AE HAN KA # . B filid —> SoftMax FLTGALHRAE, S FATFIB] B bAk, 4 b
MRS TILFEE R, BIEF R hA, hB. #8544 hA Rl hB &R R, MIANTEEEENE. &E, —
A7 5119 Sigmod BR EIRf i B3 2411 73 2 B i S B HLAT A8 G IE 7, ROC 24 0.988, F1-score 4 0.956,
AUPR 4 0.986, ItAah, ZARALE AT LLIE It AN [F) 26 1) 1SR 4B 7~ W B DDIs 299078454 AR BEAEH .
XATReH B T4 kDL R 25 it . BARRR Wl 4 Fos .
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Figure 4. Model flow chart
4. BEURIZE

£ 2015 4F, Ke AR 7 — M m BAEIRIM 2 (HOGCN) K R &k B s AR 8, 2T
AR S SRR 2 (R B AE FLTM[12] o Bk, HOGCN WA AR B F 40 fE AR R, JF3 1]
RIEIR A, DARTSA AR % SR i A03R . HOGCN i F 28 BN 48 4544 G BUAFE X %% ) AN
PSR, DISCE % G NN, BRI SE EL I 4% vh BT I e B 1R 5 A I 4% (HOGCN) . HOGCN
FEAWANHERE Dy wids. e ESRmSe, TR G Ligly, JREMAEAFRE EE
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BT . ARG R HOGC 2= RHIE R /R A NS BN G Il %k. K FH LR M )2 i
BRI v F v, IR EE ST e T e WA N B J2 I A A 0 I 5% b 2 T S AR v A vy A L
VEFIRIRTRENE . JRfiD A% - ARID AR A0 592 HOGCN Ry — AN 31 vl Il 2R 28 ELAR AL . 7224540 - 254040
HAEF ERE, HOGCN EA W AUbRE TN . 75 2% BB AR FE 55 R AL B AR IER s 1155, HOGCN
TR MR . MBS B4 ERBLR G, BeAh, 8T HOSCIRR BT 7T, I0E T — 5B 38 5
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Figure 5. Flow chart of HOGCN model

[ 5. HOGCN # &R IZE

5. ZERELE

e 2 NI T BRI 45 BB AE 25 W AH HATE FH 5% 2 T A L

Table 2. Comparison of experimental results of five models

2. AMRBISIG R IMEGERITEE
Year Method Database Performance (AUPR)
2022 GCNMK DrugBank 0.9508
2022 deepMDDIs DrugBank 0.962

DrugBank. KEGG Drug.

2019 Conv-LSTM PharmGKB I OFFSIDES 0.94
2019 GCNN + Attentive pooling DrugBank 0.986
2015 HOGCN BioSNAP-DDIs 0.897 £ 0.003

6. FIRERE

TS0 S5 TR, T B 4 T 25 4 T (A ELAE FH AR T A B, TR T T A sk
AR LB, IXFERENTE KRN A AR A . (EEME D, R HAEE )RR £ GCNMK fR7A
HtiE DDIs BIFA A 4RSS 259 2/ —> DDIs. {HiX B A SR %1 DDIs 1254
k. Dk, BERURBELESS B2 iR %] DDIs. KREIWEFA JLA 71, £ GCNMK [ DDIs E+,
BEFFE—A . AR LK N TATAT S R 4%, Lhan 2G5 N4 . 299 - JRm SR BRI iR e 4
PIANEAY PP AR, 3% T R B TR H GCON REAY L RSk 1 55— AN J7 )2 [X 43 56 %2 25 1) DDIls.
RAEEAIIThEE, FFh2EAY DDIs #0T LLgE A R is — A%, I FA A A 7% 7ok 13 50 Tl i) DDIs
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fRFERM . #2558 —4> HOGCN #7325 18 CLRIH A ERAR G E I AZ B AR 2215 BRI AR
VR, EIER S SR B A B AL S AU E R, T DUREOG T EAR IR BUME B, 7T BAHRIBT SO
XEEAFIEAE B . T HOGCN AR FEAN[R] (R B B SRARATIAE ., IR AT LAFR IS T S ELAE T,
PRIt DU ASEEIZE G /N B R O T 5 (4 mT 358 B 0 g R A A )

FEIX R R v, BRATTA T 5B 1 3 A5 Ao P BT AR IR 2% R AT 2451 T A ELA P 2R R T K S 22

RS E PR L R T T 2 B AR ORI, RS TR R AR AN, fESCE AR AT
85T BB A RS R, IFOARR ML T R A R T SRl i, Ay IR L R Bt
BUA I RS AL 45 R
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