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Abstract: Traditional drug development requires a long process. Accurate prediction of drug-target binding affinity
(DTA) by computer can greatly accelerate the drug development process. The key to predicting DTA is how to accurately
mine the potential features of drugs and targets. To solve this problem, this paper proposes a DTA prediction model
based on a multi-layer structure fused with bidirectional target features (MBDTA). DTA is predicted by this model
through exploiting the representation of deep features of the drug-target pairs. MBDTA is split into three steps: Firstly,
the initial features are obtained by encoding the drug molecules and targets through label encoding; Secondly, the initial
features are fed into the graph neural network module and the recurrent neural network module to learn the potential
features in them, respectively; Finally, the two sets of potential features are integrated and then the DTA is predicted
exploiting a fully connected layer. Experimental results on the KIBA dataset show that MBDTA improves performance

by an average of 32.42%, 3.84%, and 23.64% on the three metrics, MSE, CI, and rnf, compared to the current
state-of-the-art DTA prediction model.
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r? F T34 QSAR KL [y 4Rl TP . 24 FLAY
2> 050, A NAIHEZHIA, 12 R, B R F
PERERRET . HEARN:

r =r2><(1—ﬁ/r2—r02), (16)
o e R 2 23 5920 B AE S TS 2 18] To
BE AP 7 MO R

4.3 FEEALRY

NEGIE MBDTA 7E DTA TRINAE 45 1 BE,
W5 DUR/SFE B AT EL B #T

(1). KronRLS [15]: KronRLS % 1E N {k /s —3fe

A3

HR R 2 - B b Xt ) 25 45 26 A0 T EREAT TN

oS Nl
TO=20- F0)F +41 I, (17)

Hrpx(=12,..,m) & —HZY- R0 e, |2
LR, Y RN B AT N B SR AR A A . A
FFiE L EN SRR A>0, || f|f R5RGEH
Rk 1) fEHL

(2).SimBoost [16]: SimBoost il g X =FhAl
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(RRFAE 2 B IR 2590 . SERRFNZ5 - 50 AR5 1)
PEIT, IR T 6 FESE TR 0] 254 5 8 b
Z A IS A AN AR R T TR0«

(3). DeepDTA [22]: DeepDTA fii F 2545 1 Fl4E
B (AR 25 gt 73 Y259 A 3 2 1) CNIN AR Y
HHAT DTA Flll. #54~ CNN A8 4355 N 254
73T SMILES “F7F e FIREAR 2 L R PP 1) 2
SJH A PRBIERRE, RS TR
A 3 3] A % 2 2 TUIN 24 ) - B AR N R &5 Ok
A

(4).GraphDTA [24]: GraphDTA J& T DeepDTA [¥]
. Bed@EdsEE 2 M GNN 58 AR
DeepDTA H 2 U WIRAE ) CNN A, H4 45
5k 254 43 1 B AR A PR 8 ) 5 ot G o R 9 R
TEBEATIZIE, f)E 5 CNN REHY 2% 5] 3 (40 bR
B gBURFIE EAT 85 S IO 25 ) -4E bR it 1R 25 6
SR IHRHL

(5).DeepGLSTM [35]: 4| Xt §Ebr & 28 7 41
DeepGLSTM KA T 7E K SCA 7 51 A M R
1 BILSTM # AL Xt 259 o 7 |,
DeepGLSTM 1 F§ GCN J7i%: 78 4285 v
R FIEEME R R B, 8 P ARRE
BEAT HEREJ5 TN DTA.

(6). DeepGS [36]: DeepGS H =/ MBI, 435
4 CNN 5k, BiGRU FER AT GAT . CNN
BT BIGRU A7) 71l %) $& HUAE bR A1 2454 (1)
—YEFIEFHRFAE, GAT REH 254014 )=
FAN R RE AT % 2]

4.4 LR E

ST Ubuntu RGHEATIIZR, FIA 4 7k GTX
1080 Ti 10 GB & RIEFATINIE . F T IR BE 2% S HESE
Pytorch 1.6.0 + CUDA 10.1, Xf BiLSTM P41 MLP
b2 P 2% 34T F . 3 T B R B 2% 3 Pytorch
geometric 2.0.4 [37]%) GNN BERL 47 ¥y i A1l 25, F1H
RDkit 2022.3.4 - G4 BB R S 250 o TP b &5
KB

MBDTA XA MLGEN #it 5 BiLSTM HiHk 5>
A PEEL 24 dh 5 AR I AFIE . MLGEN AR b = AN
B GEN ZE#r 5N 3. 2. 1, GEN EH R EH
K4l ) AT 1R A R softmax_Agg X B & 2 it
17521 —> GEN ZJ5 #F H RelLu ¥ ik % 2
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b 2 REFE. MLP ERIBREE K/ 512, FIANE
FEEER 2 )5 35 B F ReLU 0 o5 4 F11 Dropout J7 1%,
Dropout Rate & 0.2. fEillZkid#E, MBDTA XE&
ff) Batch_Size K/NKy 128, F+FIH Adam It {1k 28 %}
B S Hd AT 2], 2221 %N 0.0005. MBDTA #i
BZHWER 1.

% 1 MBDTA #7823

e wE

GEN 2% [3,2,1]
GEN &R softmax_Agg
i Adam
Sk 0.0005
Epoch 100

Dropout Rate 0.2

MLP a5z K/ 512
Batch_Size 128

b SRR ReLU

4.5 XFEHLSER S A

NT RS MBDTA £ DTA FIAE S5 _E i m dict:,
A MBDTA 54 hi ekt DTA TSR (HLs
S IR SR 2 SRR AT . R 2 PR
AN TAERLIESS ) KIBA Hdls 8 EA R AY ) fe f: MSE
Cl 11’454y, Hrh KronRLS. SimBoost. DeepDTA
H1 DeepGS Y [ 45 I HX H SCHR[36] . GraphDTA f5
RN e 45 -, B GraphDTA (GIN).

B 55 R AR KRR BT T A BRIV RRAE RN 254 5 #E AR
AR R R o R S A PEAS LI, FREIIKS B2 B 2
NFE. BRI, FEFURE N ) LR RE 3 2 % S 25 -5
PR RRIEAS B0 75 FOMPURE 52 2] ik MBDTA 15
BRI MSE « CI FIT> #5431 0.164. 0.866 1 0.755,
BT H AR DAY o A BT AR TR 2 S B,
MBDTA 7£ MSE 34 PRI T 20.29%, 7E C1 Al T
B0 Ea e T 2.30%AM1 12.14%. £ MSE 1543 k.,
MBDTA #H bt T 24 | M 68 5 4F (1) ¥R B 57 ) 5 A
DeepGLSTM (0.185) F#MIk | 11.35%; £ ClI f34) L,
EE 24 i B i AR RS DeepDTAC0.863) 4 i1 1 0.03%:
FE 1 135y b, HCYRTEE BE S IF I BER DeepGLSTM
(0.705) 2T 7.09%. JR[AET: (1) DeepDTA.
GraphDTA F1 DeepGS XA 249 i 1715 i I BB AR 4 RE
TEHAT RS . EAMFER G i, B DL AL
HAMUE ST S TR EERT Y, B
28 28 ToIEA SORBUX R 7 30 IR B B R (2)
R DeepGLSTM [RIFERT 1T £ 22 M TSR AE HEAT 2R
B AR A B R A R I K Y
RIEE. MBDTA A A 3% 2] K ES 4801 GEN
P 2 @ R A R T S 2 AR, RS
BIiLSTM X 2 518 7 854 AT RE SR L, £ 6508 T
W RIREAR K A2 S5 40 4 5 M R R A 205 S
DTA BTl e % .

e

% 3 Davis H(# 4 ARG MSE, CI, r?

Model MSE Cl r:

£ 2 KIBA MRS AR MSE, C1, T, KronRLS 0.379 0.871 0.407
Model MSE Cl r2 SimBoost 0.282 0.872 0.644
KronRLS 0.411 0.782 0.342 DeepDTA 0.261 0.878 0.630
SimBoost 0.222 0.836 0.629 GraphDTA 0.257 0.875 0.679
DeepDTA 0.194 0.863 0.673 DeepGLSTM 0.294 0.867 0.624
GraphDTA 0.251 0.808 0.631 DeepGS 0.252 0.882 0.686
DeepGLSTM 0.185 0.855 0.705 MBDTA 0.242 0.879 0.697
DeepGS 0.193 0.860 0.684 Syt TE MBDTA KA [ 2k, A 78
MBDTA 0.164 0.866 0.755

M 2 [ LUR H, REE 2 SIS 45 MSE 15
5y A CI AR I 1) 4545 BUWLBS 32 ST R A3 B4R
TIT 37.63%. 5.12%F1 42.04%. X i3 BV 2 5] i
7E DTA TRIMTSS kR B2 THLas 5 ST A1
PR IR RRETET: Hlas I BA7E DTA Tl

PERAEL /NP Davis HR AR FiEAT 1 [RIFE B0 LGSR .
X 3 BN T ANEEELE Davis B g R, Hi
KronRLS. SimBoost. DeepDTA #il DeepGS 7 )45
AR E SCHR[36]

M 3 AT LA H, 1 Davis ¥4 £, MBDTA
[f] MSE . CI FIr. 734343 514 0.242. 0.879 1 0.697.
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RIS IR L T AL 22 AT &, MSE 1590F
BIBAR T 20.97%, CI Mty 13535 BIHEFF T 0.54%F1
26.20%. Xt — AR TR I TEE A T DTA
FMAES: . MBDTA 7E MSE 373 AR T 24 i M A S if
(IR 5 2% ] R DeepGS (0.252) BT 3.97%, 7ET
34y Lkt DeepGS (0.686) #2fm 1 1.60%. H-TlZk%k
>, MBDTA [ Cl 347t DeepGS (0.882) /b
0.003. iX—sS IR IKTE T : DeepGS A F (14 /5 =07
Gt AT S KB AEYERLE 34T T ISR, IX{E 13
DeepGS 1EE & B/ IL T, SLIe 45 R — Bk 48
PRt AE S FRAF AR P BE . (E X T T v 1 2R R 75
DPERETT 5, MBDTA AH Eb T H AR 2 ST 244

1.2 - o ‘ MSE
6% ClI

1.0 5% LECE T
0.8 -

=9

= 06,
0.4
0.2 —
0.0 ‘ ‘ —

T T T T T
KronRLS SimBoost DeepDTA GraphDTADeepGLSTM DeepGS
Model
(a) UP in KIBA dataset

7 9.02%%1 0.40%. SLEnLEREKH: AT EA LK
BT, MBDTA FTRINE BE AT BE 252 31— 2 HI PR .
Wit 2 I B0 B (38 K, MBDTA [ MLGEN ZH{4hi%%7
RAE R A 2 AUHRFE 1A 5

Rit—BAERH T MBDTA R 7E DTA Filili{E 45
HIsE4 71, ASCRE A A8 THE A X TR UP .

UP = (A, — A) | Ay x100%, (18)

Horpt A, FT A, 42 167 MBDTA FIH: At 137
M4 b{L. MBDTA 76751 S LAY T S BRI
ST 5 FiR.

0.7 4 | |MSE
Cl
0.6 m
0.5 4
044
[-®
o]
0.3 4
0.2 4
0.1 4
0.0

T T T T T T
KronRLS SimBoost DeepDTA GraphDTADeepGLSTM DeepGS
Model

(b) UP in Davis dataset

& 5 X

M 5 Frfgfg B B A H MBDTA 7E R AN EdE 4
AT HARAS AL R TR . 7E Davis $ilE&E L,
MBDTA [ MSE 1% 70 A % T H B B B F AR 7
3.97%-36.15% ; fE I, #& 4% £, MBDTA &7+ 7
1.06%-71.25% . JLETE CI 133 L1t DeepGS YRS,
B AEHE B K KIBA $di4 |, MBDTA 53¢
FERIAAEL, CI 1540483 1 0.35%-10.74%. 1M {E 7 4hH
AMNFEFERR E, MBDTA 7£ MSE $5#n I b H e R
67 11.35%-60.09%, 7E I’ #ab5 [ LI AAEAIRT; T
7.09%-120.08%. 4045 KK B MBDTA B2 BEAT 242
2555 T REERR 2 R T 5 IR Z IR MBS, LB
DTA HHERA Tt -
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4.6 HRLSEH

MBDTA % 5B 7E T8 b [ 35 2 B 2031w
FROE 7R 0 P28 50 7 B (1 4 JR Fh b S A R R Ak 2415
B IFUANFE DT R SR bR 7 50 ) B R SCE R, A
BT 2 ) 25 SRR PV TERFE . O T BGUERL R
WS HI A R, AR SCSEHL T MBDTA 9 PO AR 44
MBDTA_Al . MBDTA A2 . MBDTA A3 A
MBDTA_LSTM J:¥4 7 Davis $l 4 b (1)l 21 fe it
FEANTECIE o A T AREIE 0 2% 52 R ot A 70 0 45 B ) T
Yo, A0 MLGEN Bid b (s iE — FUliE — /A
— AW, 145 MBDTA_A2 il MBDTA_A3 [IZ 4
BURFESR I 2 . AR 1) 22 S AE T 2 B Ak DA &
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FEARFFIESEIC L8 B EL (AL, A2 Fll A3 73R (0.697) . MBDTA_ALl. MBDTA_A2 fil MBDTA_A3
BB AR SRR, VAR E MR 4 ERAEELT MBDTA 43 5I4&E T 0.004.0.005 F1 0.005.
PoRe ELNFSEIe, Prafiis kM SR 1 AFEK  REHRIREA LN (1) MRS
SEIGWE, LR RINE 6 Fias. MBDTAAL I B THLMETH AEE. RE

MBDTA_AL JLIAAT 2IX AR 71 B 4540 3 B K,

%@ IR H ) 4 4
4 MBDTA BURJLPURALIR LRBLR0) BRERSERNT, BAHHT 04T @)

e TR | EAAERANS | MBDTA o U4 200 S = A 5
MBDTA Al AL BILSTM PIEFIERE GEN, JoiA A G B4 R o 25 5%
MBDTA_A2 AL, A2 BIiLSTM TR, SEUS M LT MBDTA_A2 1 MBDTA_A3
MBDTA_A3 AL, A3 BILSTM S HIBART 0.60%F1 0.61%. SLIsE RN : LiaHE
MBDTA _LSTM ALl. A2. A3 | LSTM

2 Z AR BRHE RS A e R DTA FilAT 25 R vERf
MWE 7@) (). ()T ATLAE W, RERBER B, 15300 R0 259-5Ehr 5t 45 G5 A . DAL
MBDTA_ALEH T /54 GEN ZX—P4BJE 15 SRS LSTM B B ) $8 bk & 55 1R 1 %) 1 A7 5 1 2 B 10
BT R4, EEAINGEFES, MBDTA IS0 {E®  MBDTA_LSTM HFRIZE = MEr_ERI15504 5 - 0.245.
M RFALT MBDTA_AL, #5015 T MBDTA_AL.  0.878 il 0.656. #HLLT MBDTA 7&K T 0.002, 7£
MBDTA_AL HJf 455 0.258. @i INZ B 4Tslds 1734 B2 BB T 0.001 AT 0.041. SB6b4h S5 W #EER
fE, MBDTA_A2. MBDTA_A3 Al MBDTA KI5 707 REBR T FIIEARIRI7 B — RIS TERRIE . 256 DA
BF#K T 5.71%-. 3.78%F! 6.63%. {EFGHr L, MBDTA_A2 L =MEFRIIHT, BEE 2N LA IE R 5
A1 MBDTA_A3 HHELT- MBDTA_AL 7pll#d & 1 3.20%  BRFEHIMUANHAERT MBDTA GENS 5 45 R B 25440
Al 2.09%, 1 MBDTA HUfS | AR i mfa 7y ARid (O EARRAE , HERR TN 254t (1 45 A SR 1 1E

= MBDTA + MBDTA Al + MBDTA A2 -+ MBDTA A3 + MBDTA_LSTM
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