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Fig. 1 Flow chart of drug activity prediction
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Fig. 2 Summary of drug activity prediction databases and methods
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15 B 45 AL SR A5 B B, AR I B 0 i
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tree) L Y, RFZEXF 2SRRI A ERL, @il
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Fig.3 Support vector and interval
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Jrml, bRAiRE, AR SRR - T ] AR
W OULA SVM ¥ R B VLA oF B SR ) i L
(semi-supervised support vector machine, S4VM) 5,
MY 22 P2 Wi B S FEIm ML (cost security semi-
supervised support vector machine, CS4VM) 12/ 4§

Br T ERJURMHILAS 2% 2 Sk, BT MR o0k 1Y
Wl (collaborative filtering, CF) 5,
it AR (latent factor model, LFM) B4 DL Az 3t
T B HERE 7k o SR A 25 AR RIS P 0 - H
15 TEAFRCR . CF A2 — P # R
Bk, TERT AU, REASEE T P I AT AL
I T P B G Al [ 5 R 24 0 T A T 4
B TP GE T AR U B A R R,

“Y-HIART Z IR OCIR G R LU A R I R S
iy PR Y
3.2 B FEIEEERYIE SN AR A
FEERIATIL R T, ALgss S Rk E G B
KA AR RN TCAR T A T B i A S G 7
2 FEA . FEZ5 WG P B A oY s, <2y
FJFE" BEIE (FRA Lipinski B ) 50 2% Bl H
VI 1 Ak 22 25 W) R 00 i o Ak 2 DR 2 2 T ik
(chemogenomic approaches) ' ¥t 254 1k & W i 4k
2528 (B bR AR R R A = M TG, (HB T
SRR AP 2B IR, PLas = S TR TE L
R ZS BRI B (FR2),

Table 2 Traditional machine learning models applied to the prediction of drug activity
R2 RENSEFSIEEN R TAME SR
DK AR A 2R 3 B
KELEAS (K- 36 KNN {0 28 14 300 ) 366 B B R e G £ 4 K 90 2 T 800 1 74 280 F
nearest neighbor, 755 E 57 73 FE UM P, 3DFEAZZONKE L EE . 7575 NSSBER 1 g 40 1 77

R

10.3866/PKU.WHXB20110608

KNN) Y P P A3 2 SRR S UGBS
REERT H:T-C4.5 DT B ARIE 5 B G 55 B B B A T B2 % 2 0 1 78 28 T 46 10.3866/PKU. WHXB20110608
(decision tree, il 715 JE0 81l 70 2 S 190 2B B 749 s T G544 2 SR B8 3 #ENSSB A 1 11 ol 71
DT) DAY LA 532
BT REMZIWEERR A T 2SR AR A, et m AW 2 EC, M CDAA  http://cdmd.cnki.com.cn/Article/CD-
A e B Pl 7Y R E T MD-10026-1019153478.htm
TEEA RN FE T SVMEBL A 0 T 38 o SRR R I B R ST TR S B T 25 ) #E AR Bu-  https:/www.ixueshu.com/document/

DAL P AT 228, MELAAL PR ChE #1175 A0 JE #0157 6£1952dd84223159318947a18719386.
=R Tt html

F 2 B SR ) s L 2 LR AE A R v R AR A X A TR R 2 CNKI:CDMD:2.1017.712313
(S4VMD 294y F i 1 3, SHRZ AP Arad B 3% P T

TR AHEAT IER KI5

BE T AR 2 A 2 MR SR RE AR HE o 2 e AR B T R R A A o
WHE A EAL (CSAVMD b7 i EAPEE T T
290y TG M T AS A

(support vector

machine, SVM)

CNKI:CDMD:2.1017.712313

NTLHZ ML ANFIS-ANNAR PUNAIE A, RENRES BH T4 6 p38R MAPK 10.1111/cbdd.13511
(artificial neural TR B (0 254 o 7 4 ik 9 M
network, ANN) T
EE e DCRFEAY VR G INBLUG I 23R G BR A BT« Zi- kR CNKI:CDMD:2.1017.710751
(collaborative B 6 AR G 10 i e O ok B R 4, K 245 - SR AT B AR
filtering, CF) I FH 9% ZR kA7 FLl
el SO PRPERATE SUBETY (deep  JH K 40 M 20 B M2 AN HE R 0 LR T “ 254- 80457 HE 10.1109/ICASSP.2019.8683123
(latent factor  latent factor model) NI R AR T, 2 REARAH BAE
model, LFM) FH 2R AT T
HEF ML DT-Hybrid 55 AHE XEARE. S5 SEUL N T 24- bR AR AR 10.1186/1752-0509-9-S3-S4
WARiA W 48 TR RS FA RN 2542 & T

3.2.1 DT XRFLEZ5W) w0 b i) g FH
DT EWIEL Y, fEmRmEd, FoRILETHE

AEXS SN EAT r 2 A o 1 PA 2 B IR ) R
FHRF S04 3 258 SUSGIEAL 1 25 W 3 51 7 & 7
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WASRY FrAg #E Y) RF B EC,, B0 E4E Al i 45
LAY MSEY)/NT0.09, H RHKT 0.96; 7EKD#L
PEE F MSEXINT 012, RPYIRT 0.94, Sci[E]mt
WK E T ZRE A NRHRA, 5 REHH T
SVM FIIANN, RF #2588 S A BAEH C R E
TR fe AR RF £ X2 o Fn 57
(EANEURR, T REHLTE RS | ARG TR AGIZ 1k e
J1, HoAE 3R R B A, ANN [R5 2 4 0
ST b B LA ) R B 22, SVM
MIAFWEZE . LisE ™ R C4.5 DT HILHT
A3 AT 46 95 55 NSSB AR 11 B4 1] 7] 5 FE 411 1
FUTEAT TN, 76 P9 78 9 o 5 1) 56 R A2 il R 1 o
AR AR, NSSB 8 G RNA & Hil 4R 2R
A, 0 NSSB ZA AT LLBH - 7N R S BE Y
RNA & i, PR —FiG T 8RR A 207
Bio MR BHE 5 1 248 145 Z ek
LAY (5524 NSSB 715 696 4~ NSSB il
W), SEEEREN, C4.5 DT B IELEIRIH 7]
BE AR b U B S I BUNDORS B (87.2%) , FEH
FIVECHE T BUS S IR TS (81.4%), 7E &
AR S b, RIS B2 (84.7%) W& IR T KNN
(85.0%) .
3.2.2  SVMAEZ Y T v i g

SVM RE 5 Ab P 2 4 04 LA R 2 pE Fn AR £ 1
BRI T 25 HAEA G2, HEA U IS
PEAE TN 7 T 2 R A RRCR . 7E 259 16 Pk T 4
B, 3 AR A SRR Bl HR AR N

Lii 55 VMR T SVM ZE T 4 9% 5 NS5B 25 [ i
PSR 0 2SR, Sy T [l 4
R LR AR AN /R B JE il it RFE
(recursive feature elimination) Xf4r TJIAEF 4
TR TR L . BORIASEIR R AT« a. BEXT4K
P By AR FHERAF T A s b S SRR
B3 F AR TR TR TIE S . MHBRHE
TEB G 0 m AN HGRET 5 d. S5 Ja XF R R (il R 2 ok
7 SVM 4324k, R 5 7238 RE 34 R AL 11
KR

Sy ki AR TR (14) 33 00 ) i A AT A R (1) 1B
WEAS T m=5, 16 NS5B il 70 A E 90 500 Kl 45
1=, {1 FH RFE H#AE T 5 75 SVM A S T RS B2
M 69.8% $ETF %1 82.0%. 5 KNN I C4.5 DT A7 AH
L, SVMFE Sl 7508 4 b BRI o5 e 1) TO0DORG B
91.7%, TEARIDHIEE S S F AR A TR B2
78.2%. H L AT UL AR TR (1 47 3K 5 B 4 A AR K

KFRo

R LB o A ikt 3 22 Wy M 4y F (PLKI
PBD. SMAD3, IL-1B) #ATHABIY, o5l TF
SVM. S4VM Fl CS4VM #4) 7 25 ) 7 1 19 00 A5 A5
3 F 1 7E PubChem B! SMAD3 %04 £ | it 0 kS
BE L 4y 61.47%. 75.16% il 71.35%, Hoth
SAVM HUAS T #5451 T A 5% . BLOR A SR H
SVM 4 E 25 ) Il i1 ECo 5 T N AT RS, HAE I 25
££ Y R=0.931 7, MSE=0.127 0, {EiliX4E I AY
R=0.5759, MSE=0.8356, It T ANNAR (HA
X T RF R BOBCRMES 2%
3.2.3  HEAARIRUAE 2 T v Y

WA F R T 2 SN
MY, & A B AR 55 R o BT A s IR F 44
FEFL TR 500, MR AR G0 ] LIRS F P 3K e i
1) 1 S 5 RN W12 P A A SR 7 7 AR )
T EAL R fh i o X — AR ST N 5 0 F0F
FlaRAAWRIN, B MeGPn R L)
FEEFRIY R BT e P R P O &
DL PRI S e R

AT B A5 120 A S 3R 0 6] 245 W R s S0 1)
FEAT RS, A RRUNR . a. EENT RAL G H bR
MEAERP mx n — 456 R, mRELYE, n
B, FFER T, IR 25 i AR j
FFAEMEAER, WIR, =1, RYWUEAY I F AT R
05 b. ST RAE YA U Y moxm 16T £ 56 B
M, M, JEARYEALEY i LAY j L 25 A )
PRI o M EEFRAEFAR B AU A noxn X6
AN, HFEN, 25T Bint A2 2ERT )
FHRIETF AR R d. UM VA 5ICR 25 i 198 AE
SR R ) AR AR j VS AR S e -l e, K,
S22 )RR R (8 P TR AT 2 ) 4R

fu] S B AT 12 B T IR B 2 T P R] e R
WITZHARE A gises, (IR A Sy
WTERHE UM ZS Y AR TERHE Vo i 7E St f
HIIARALEE AR M, N R 254 50 bk B A FH B
R, MERIGENZ AR HEHCE]X 3 A B Hh (14 24 ) AT
PR EVEEAERRAE, SRS UMV AR, 5ok,
VEZ WS N 259 . FEAR S 1E AR SR 2 i B (1)
FEEE . e TR AR AN A 4 TR

R SYM MM A 5 TR B A il . 36T
IR B o3 M A o (R Gl DB B AR L, 7E Yam R4
%95 % (Nuclear Receptor, GPCR. Ion channel,
Enzyme) I % J5 ¥ 09 AUPR {H 43 5l 2l 0.764
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Fig. 4 Deep collaborative filtering flowchart
B4 REHERIEERRER

0.732, 0.682F10.637; TEMGAUEEE I, AUC(EIL
#)10.978, Bt/ B AUPR Fl AUCH 5% T
MFDR (SDAE+SVM) HICOSINE, #0if ' %%}
L REAR IR AR R it T Mg i [, SR TR G A
7R O B E B 47 2l F . 91 K DrugBank .
ChEMBL ., PubChem. Uniprot 4 R EHE 22 A% %5 4
GRA—AHREIEE, s AR
I MAE L BT HI P Rl DR 2 0.1~0.15.,
AEXS 40 B[] a8 SR P 1 e (L 20 7 125

B AR AL (latent factor model, LFM) 2 X&) 5+
JE %437 (singular value decomposition, SVD) HY
e, (RN LEM 51T 45825 s BRI S 0k 42 T%?
MR FINRS BE . Mongia 25 14 i H—Fh ¥R B (s
BEAY, R A AR A SR H 0k Tﬁi/\’ﬁﬁfﬁ?ﬂ&jﬂ
v ﬁﬁ’: % A~ %6 % . 7F Enzymes. Ion channels,
GPCR Fl Nuclear receptors 4 LSRR AE [, %R

PMF fll GRMF
FET ML A A R I I 4 12 1 AR ]
MR, AR P AT DR B 895K B SOZk
B, JE T ARAS SR ME R B 45 2 . Salvatore
85 10 R R I X n) P28 B AR AR SR T 24
%{ﬁ PR 500 1 FH Web #2 7 DT-Hybrid, FH P o] DL
it RGP ARRFN 23R, SR A R E A&
Iﬁ?‘%& , %5385 DT-Hybrid 3% [A]—4> F5i] E’W
PEAIRYIER, It —AMEIE g R T T
2%, URGEWNIRESSRA T DrugBank;E&?EE?,
JF HE W T 38T
33 fRGHlEFE SN A TAYEETN/NG
TGN S FIEA R TR G T 5L i 7 ik
ROeRW R FERTIA ., DT, RF. SVM FIAEFE /M
S AL 22 IR A B R, HFR%
LT A UNZRBARAE A B AT Y1 25 0 P e Sk g A A

) AUPR 43 %) ik 8 7 0.728. 0.828. 0.616 £l 23 K el A AR F T 20 R S S 06 B e
0.125, AUC 18 43 5 & 0.899. 0.941. 0.884 Fl /b, {EUCKSIE FAEGEHLES 7 T R IR AT LASEINA

0.669, ¥ 5y F H A B 43 ff J7 i 4n SVT . BMC .,
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Fip L B8 A 2 R 5 A A XA R A 254
FOPR UKL o H R TR RIS HIVE A FR . ANIH]
AR A R AR 4 T A 2 S5 36 R A1
MG SRR A BE—BETE .

TG RIHLAR 2 I BEBAE 25 )15 P 128 R A
4, (HURBEE SR SR, PLaS I R PERE
THiR TR, doxfERL )t 20 R AR . ]
FGepLas v > B E IOk A S Bt Jm b
AR AR, T E B TR, X T
(i A AR i T BT PCA SF R4 Ab 3, A Rtk —
A BRI o X SEEORBMIT T AR 2 5L
U RSB TTEAt B X R PR A B T R 5k
EHIREST

4 REFINRATHWEETN

TREE S ) LR 2 i —Fp, B M Aidlasae
> U TSy . TR EE 2% 2] 2] Tk
FEGERLAS 2 2 R AR A HAT = A s AR 1174 )
RS 2 R R, AL T 25 1 6 P T S
M5 A Im) i, TR BE A% 38 3 2 S B R FEAS R 5 A
H 3 R 0 TR E T JC T Fahiit; Wl
T T S 25 D % e 1) R T A O TR R Y
FRAE, B PR TR B U BE ) FN 2SR

HAETGR B S FEfErE . 4325, Hbekaill, 158
PO G 25006 T R0 Ay TH S TR
MG . H LB B B 2 I BRI . 2 2 BAAL
(multilayer perceptron, MLP) */ DNN ' #7F1
LM 2&  (convolutional neural networks, CNN) 7
AE. 1 ¥ 1 25 W 2%  (recurrent neural networks,
RNN) ' K c e 24 M 2% (long short-term
memory, LSTM) ' E BG4 (deep belief
networks, DBN) " GAN 7 4§,

41 ERREFIEBET

AR, TREES ) RERZIARGT , (HRE
3R AR 2 MUY | el kB 2R (] A T
Bro ARSI NEE F BTN T 2453 M s ) R
FE2p S AR R T RN A, AR RS
BB SR FIARTE R R . R IRTR 27 ) R
7 KR A 41, £ % 47 ANN, DNN, AE,
CNN, RNN, DBN Il GAN % = B2 () R g 24 2
=RV

ANN £ B F 1943 4F il #f 22 A B e
McCulloch F1%0 2% % Pitts # HH 7', ANN 7 Hp 45 i
ARG & BP (back propagation) fZaR4% ‘= BP

2 4% EE AL M A2 (input layer) | B 2
(hidden layer) Ffiiti)Z (output layer) 3 P#F41 .
Hrpr, o A JZ RN E RIS B AR, B3
JEZ X i AR AE TR, i BT E R
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Fig. 5 Neural network topology
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i, REEATSCNRE)Z TN, RO EGE KT
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Sigmoid pRECHT ReLU pREL . HoHr B ER R8T T B
HAEL A ML, SONE .

DNNHE&YE1Z, )7 X mCNN, RNN, GAN%:
#BJE T DNN, {HA# $#2 5] DNN A A 2453 T ANN
FIMLP SE47 40 R 3 2 BRORZ 1 2 B i 4 W)
% AR W AR AR TR B2 VT Rk L b
HZ.

CNN 2 & BRI R AT s 2 2%,
[ AT A S AR 2R Re 71, AETHEHLA
b R R IR . A RFRPER CNN LAY
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AR T BAC CONN 265 T 5L 4 110 i A A ke
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WA B T X 2 TR, T X IR A I



2022; 49 (8

74,

% REFIEHMEERNTRPE N A 1509+
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/No BB YEBE IO iy A B RHAE A T4
5, AE IR B PR PN G AR IE R R RSO R T 2R A
FORMIF B M ImFe . HIFIILE 6, TEn i
ARRE 1] B RN R 5%5, BRI RN A 33,
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Fig. 6 Diagram of convolution operation
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FELRAERE B pR R /N

RNN SR I F 28 R 2% . A% R0 1 ] T b R
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Fig. 7 Diagram of principle of RNN
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RIPRZELEAR LY, AR SRR T ISR FIR 2 2
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Fig. 8 DBN network model
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GAN /& Goodfellow 55 7 $5 i AY BE AL AR Hie iy
B ME 2R 53 A A R B Y I 25 BBE R . GAN Y
S Py 2R 1 e 2 A 7B =2 o900 1 B | L e
B R AT REAS, WA RS R, Hlas
e X3 HL LA AR . AL 2R E RS
A AR A BUEE B B i AW T, BRI R Ok
DX A FL A AVBR A

i F GAN B AL i 8 7 A= K o ] A1 25 i) 25 i
FEAS, AHR AR RN 2t 7 vh G 0 A 3 2% [
Ao AL, A e A BT R 25 AR A FLE R B
YIZRET ]t Tk 8 i B, GAN 23 H A =
Y A A T BT M 4% (conditional generative
adversarial networks, CGAN) '®' AJ DX} GAN #& 7Y
EAT T RE A TS . 50— A ok Y A A
Wasserstein GAN (WGAN) ™' i@k 5| A EM &,
FF48/IN EM BE B A plas RSl gs AT O0Ak, (i
A IR ABE 23 3 A7 0 LSRR A % 73 A . Wang
A5 S EM M GAN AHZS G 3 1 1 e A O T )
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#¢  (evolutionary generative adversarial networks,
E-GAN), fi e T GAN A BRI 2 AN i B 6 =
byt ] T

42 REMEZEMEEZGYE TN AR

TREE Pl 28 I 28 Ak — RO 5 2 TSl JO Al
FRAE . TELGE TN U, TR M4 BEAL PR R
BRI FRAE, BB )E G ALk, B
AT LA S BURR 2= R R RAE , SE I 345 5
(5 PP AR 2R . AT 43 A X S TR B
25 A 293 PR I 008 A ) 1o R 6 T oA
KZE, EEP K DNN, CNN. RNN, DBN., GAN
GIRBE BRI N (5R3).

4.2.1 DNNZEZ5Y I PETRIN %) 1z H

DNN 2R )Z e EZ ML ML, FRZNHE
5 MU R A4f . Bharath 55 % {§ B DeepChem J- Ui
&M@ T £ 4 % DNN. L AE %5 DNN,
Progressive DNN, Bypass DNN fil RF, Jt 5 2%
B IR T ER VD AN W) 2012 4R 7E Kaggle - & |
2% I B 25 40 15 MR SR LY B 1Y 4 4 0HE 4R Kaggles
Factors, Kinase, UV #EA7 2R MR . 7 4 1%k
AR F S g R, 24155 DNNSEATE I 25
8 EAY R AT B2 I T RF LUK 55 4 4 Fh DNN A5
(AL B TEAE AN AAE L REAZ IS LL 55 4 4 P Y B
T TR B o AR At 3 Ff DNINASE A fi F5 0 54
BT RF, 7F Kaggle 53l 4E I, Z{1:5 DNN7E
YIZRAEFIIAAE FREILF 0.793 F10.468 HUAHEE, 1M
RF GEIA ) 0.941 F10.428.,  Hy e w] HIAE 2549 5000 5
[ DNN BRUAA AT DL RF AR ML 22 I B E
Wz AL fe 7 RN B S Y TS B, [R]BS DNN i 22
£:55 DNN 1 FiilRG B2 Az Ak e 77 S T HAh S Y
DNN AR,

[] Bharath %5 (1) TAEZE L, Cai 55 ) $2 i1 T
DeephERG HEZL K44 hERG 18 38 BHLHHF 77 BF-Aik 119 751
AR RS N 'E DeephERG F{) £ 1T 55 DNN 8.4k /R
A W I 25 2R, R SRR 1 AUCE N
0.967, 1 F #1145 DNN /) 0.957, RF % 0.950,
SVM [170.908, Fh3 DLUH-Jr 14 0.922 LA Kz [ 46 B
2 ™ %%  (graph convolutional neural network,
GCNN) #0.959, 7EHL4T:55 DNN /51, Kato
G X AT S e A WY (fully-
connected deep neural network, FC-DNN) #7174
#S, #H T B A QSAR/DNN BRI, A T [H]

Kaggle QSAR ¥ 78 i 4 2 B RUAH T 1) R* . =%
%2 % 7F DrugBank ##i54E >k F FC-DNN #£47245%)
SBRAR EAE T . a2 B, FC-DNN [
AUC FIAERR 24354 0.96 F10.88, % BAZH 5 RF
FISVM X1 1) AUC J R 43-531 4 0.90 . 0.84 Fll
0.92. 0.85, FC-DNN A7 A I3 A - (14 A >3
AUCH#E T X BRAL WA Gep L g2 2 1Al
4.2.2  CNNAEZGYIE Pl v i) i

CNN A5 70 5 FH T Ab B RE T RS R 1) B9 1) 8
FEMGR BN I8, 7625 TE B AIE T 4, 24
Y15y F 45 K9 0T DL 4k w4k 1 KSR Ok o
CNN 38 52 %t 43 BRI 09 7 2R EU 43 AE
K2 Chemception ™' Fil AugChemception '™ #
TGS A B 00 50 F S5 A0 UG A 5 Ak P o 7
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25 ML . Chemception 583 i XAk -G i) 2D 43
TG T222], R XL AW B Ak kA T i
W, WA A 9 iR . AR AL FH AL A ) 3
WEHUHE 5 MoleculeNet H Y 3 > FEAEEPE £ Tox21 |
HIV. FreeSolv #FATH6IE, R4 T 4526l 4 i
RDKit ¥ SMILES #% =X 19 25 ¥4 B8 2 i i 80 x 80
BRI M0 FRIGIE A, S AESE T4
fEAHEL , Chemception £ B 7E HIV Yl 2 AR i 4 4
| AUC 4351} 0.796. 0.798, RMSE 351k 1.17,
1.22 keal/mol, fEF LASTFHFAEAE R il A 1) 2 J2 1K
THIER ORI P £ 550

FEL YRR TN b, S ©Y 7F LeNet-5
DR 26 () SR A TR, K25/ N R AR AR 1
(R AR R TIE WS WA A RS . LG fs PSS AR A
& A KEGG BBRITE %4 J2 (19 8548 % - AUCHE
0.952 7, R4 0.881 4, L DBN 4351 3.69%
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A Review of Deep Learning Application on Drug Activity Prediction”

LIU Li-Mei", CHEN Xiao-Jin", SUN Shi-Wei”, WANG Yu”, WANG Hui”,
MEI Shu-Li"", WANG Yao-Jun""

(VCollege of Information and Electrical Engineering, China Agriculture University, Beijing 100083, China;
Dnstitute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)

Abstract It takes a long time for a drug to go from research and development to clinical application, and the
investment cost during the period can reach one billion yuan. The combination of medicine and artificial and the
development of big data of biochemistry contribute to sharply increasing drug activity data, and traditional
experimental methods for drug activity prediction and discovery are hard to meet the needs of drug research and
development. Algorithms are used to assist drug development and solve various problems during the process to
significantly accelerate drug development. Traditional machine learning methods, especially random forests,
support vector machines, and artificial neural networks, can improve drug activity prediction accuracy. Due to the
multi-layer neural networks of deep learning, the model can process high-dimensional input variables and there is
no need to limit the amount of input data characteristics manually. Deep learning can build a more complex
function, and its application in drug research and development can further improve the efficiency of each step of
drug research. Widely used deep learning models in drug activity are mainly DNN (deep neural networks), RNN
(recurrent neural networks), and AE (auto encoder). GAN (generative adversarial networks) is often used in
combination with other models for data enhancement due to its ability to generate data. Researches and
applications of deep learning in drug molecule activity prediction in recent years showed that the accuracy and
efficiency of deep learning models were higher than traditional experimental methods and traditional machine
learning methods. Therefore, deep learning is expected to become the most critical auxiliary calculation model in

drug research and development in the next decade.
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