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Abstract: Objective To tackle the problems of inaccurate prediction of molecular activity values and low generalizability
in current drug R&D, a multi-channel semantic deep neural network based on the combination of knowledge prior and
attention mechanism is proposed. By using the simplified molecular input line entry system (SMILES) expressions of
molecules, this network can predict the pIC50 bioactive values of estrogen receptor o isoform (ERa). Methods This
network adopted a two-stage feature extraction strategy. At the semantic layer, a semantic analysis network that combined
knowledge prior and transfer learning was designed. It located the key information of molecular SMILES, descriptors, and
graph representations. By fine-tuning the parameters in the Era dataset, comprehensive molecular SMILES representation
information was obtained. At the channel layer, based on the efficient channel attention (ECA) mechanism, a 1D-ECA
algorithm was designed and embedded into the CNN sub-module. This formed a multi-channel deep neural 1D-ECA-CNN
module, which re-extracted the features of molecular representation and reduced the information loss during the molecular

representation learning process. Finally, by combining the semantic layer and the channel layer, a Knowledge-BERT-
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IDECA-CNN (KBAC) deep neural network was formed to achieve the regression prediction of the pIC50 biological activity

value.

Results Experimental results demonstrated the superior performance of the proposed framework across four

evaluation metrics. The proposed network achieved a mean absolute error (MAE) of 0. 091, a mean squared error (MSE)
of 0. 014, a root mean squared error (RMSE) of 0. 117, and a coefficient of determination (R”) of 0. 993. These results

represent a significant improvement over four representative baseline models, indicating higher prediction accuracy of the

proposed network. Conclusion The two-stage feature extraction process enables the acquisition of more comprehensive

molecular features, facilitating the screening of candidate drugs for treating diseases.
Keywords: SMILES; Knowledge-BERT; multi-channel attention mechanism; KBAC; pIC50 prediction
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H— BTN N 1 — 4Rl 5% h 1,
T A — > 4 HE 42 2 T e e I 25 SR, B Rl
1D-ECA-CNN #itl , H A an T .

M,=M,.,(ReLU(CONV1(X))) (10)

M,=LN(CONV2(ReLU(AVG(M,)))) (11)
Hp X FR&TER2E 215 5/ 5 F SMILES ik
MIFRHIESS B s CONVI R & B R/ R 20, 8B ECH
128 f—4E 4 BUZ ; ReLU 7R 4 1 it I A4 3476 1R 4K
My, %7n 1D -ECA e ; AVG R -2 7th £k oA 5%
CONV1 CONV2 FRBHRZK/NA 1, @ EECH 128 1
— B FUE LN FoREME)Z

ID-ECA-CNN 8 FH £ 38 18 1 2 HLI AR EL 3
FRIEGE, I o 5 FUZ AR 15 A R 3 18 h s
SRA, DT AR HCHE 4 1 BE AT S0 o FRRIE S B 1%
RSB T o0 T RRAE 0 P R SR, kA T K-
BERT $#fE$E S BURMIEAS BN T8 /0 ) 8, £ 5 1
$& KBAC 53U () FUNAS 2
2.3.3 kA%

Sy i 1 YROI A E AR, X F 1D-ECA—-CNN [=] 5 75
A SR 44 77 1% 22 (MSE ) 4 2% pREL, %48 2% pR A
TE LA S5 AR 2 (B DR 22 3R (P 22 (E> 1) 191
LT, MSE 23X A 25 7 3 K A48, FEIR 28/ (H
HRME<) WG OLT , 457 /N A5, DA i fiff 45455 72
S H R ] T AR AR BB O, X LT T B R A AL R
B, RRE AT .

Li=-F (=3 (12)
m ;-
Hrh om FoR 3 F Gy, R 4115019 pIC50 H
AR, y, FoR Y HTS T pICS0 FiI{E

K FREEARA LS HELE KBAC , SR % pREC X L 2

IR PRSI P G A AL, ik =R
Ly=Lg +L, (13)
Hodr L, RRXT L 2E > By B2k iRk, Ly, 7R 1D-
ECA—-CNN [5] 5 T30 B Bt 4 2k pR K
2.4 kS
ASCHTHE KBAC HEZR ISR BRI ER 1 iR,
*®1 KBAC Hikiftie
Table 1 Flow of KBAC algorithm

Hik1 KBAC %% %

N 4T SMILES A5 X X; 249 4 pICS0 1A Y,

#r i 24 4 plCS0 FRAE

(1) Data augmentation( X) // %k 4% 38 7%

(2) T=Fine-tuning K-BERT(X) // K JA #i8 Sok- it 4T iF 45 5

5, %) Bl K-BERT #2345-F 84 4 By 4 ik

(3)C, =Relu(ConvlD(T))

(4) W=Sigmoid( ConvlD(GAVG(C,)))

(5)A=C1 =W // iBi8 4 ho X ak A

(6)C,=ConvlD (ReLU (AVG(A)))// 3—6 ¥ 2 H A 1D-

ECA-CNN A% 2 I % 52 I 5T R AR 69 4 42 B 323

(7)Y _prediction=Linear (C,) //FM|
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3 DiEIE S8R b

AT IE I R T Rl S KT L S 5 e 2 ) 2% 2
BORFESLI oK 3 AT AN R J7 T B 1A DA & KBAC
HEZR B A 2501 . I 2B AU 4Ty Python K {F 1 Pytorch
TREE: ) WA HER AT SE B, BT A A SE B AR 7E Google
Colaboratory ¥ L Afi ] GPU $UAT5E %,
3.1 BRI S E R

AR S R B2 0k F BT R AFTE K211 drugbank
Y T RAE R NP E] 1 974 N EA W) SMILES
FIB A FIRAF LA B ) ERe 19 1C50 {H 55 # pIC50
{ELo TCS0 (291 i v B2 ) |9 (LB /)N , 30 B A= 400 1) 9% A
KT ERo Y36 PR 50 B A7 2%, 17 pIC50 Hi 1C50

LA 6 B0 31, FIC50 AH B, pICS0 BY(RLER K, 156 HH 4=
PRI TR, ] ERo A0 35 1 el oA 28, AR SOKs
plC50 1 4y PR AR 047 T

AR ERac B8 % A 9 0 3 PE A HE A 7 70, A
£ 1974 MEA YR SMILES ik, W HEHTF%
M, S E AR TSR AE LM B 0T 217
23] IR TR A SMILES 26k A58 . %
Tl — &Y+, 5T AR SRR SMILES i
[ ffi ] Python 24119 RDKit 473153, BlEAIL 3
4 A SMILES 2383, 4 oy ik 5 A 1)
SMILES ik, K545+ 8 «+ 1+ 1 BEHLL 53 Bl
SRR B UESE RN AR o s WL 2,

®2 EEH SMILES RiEXEIER
Table 2 Augmented SMILES expression data

SMILES plC50 3 3% SMILES_1 ¥ 3% SMILES _2 ¥ 3% SMILES _3 ¥ 3% SMILES _4
Oclcec20[ C--- 8. 602 CICCC(C1)[ - Oclcc2e(cel) -+ cle(OCCN2C:-- cle(cec2S[ C@ ---
CC\C(=C(/cl:-- 7. 409 clece(/C(=C--+ C(/C(clcecce::- 0C(=0)/C=C/--- cle(/C(=C(\C:---
Oclcce(cel--- 8. 367 cl(cee(C2C3( -+ cle(ece(cl)Cl--- Oclcee(cel)C-- cl1(C2C3(Cc4---
CNICCN(CC--- 9 CIN(CCN(C1:-- CICN(c2cee( [ --- cl2cc(0)cce2:-- CICN(CCNIC:--
CN(CCCelcc:-- 6. 62 CINCCN(c2n--- cl(0)cee(ecl)--- C(Ceclcee(ce:-+ nlc(ne(nclN---

3.2 IS EUL]

SR OISR 1 KR S s B S 768, 1
BIPRANEOEE 12, e KA IC R HIHK BE B8 201,
TEIG S0 R HEAE S5, B batch size 38 32,27 2] K ik
N 3e=5, epoch fx RIKELL N 100, B T e J5 — 1
B B 1 — 4 45 AR 22 100 38 T R R A AU RN 1 R
Hh,1D—-ECA - CNN #5E He v JH Al 2 1) 38 38 £ 4 30 i
128 &R R /Nl 20, R, fEl Zhad fE v, id
BT early stop strategy , Bl [F A% 15 481 & DL K ek 2>
— L AR, K patience 13 h 20, MG UEETE L
YA 16 DL #B A 72 A 485 R 3 25 45 1k X A~
epoch AYIEAR, #2450 ILAh, i85 A MASK 3 B Al
Pos_weigh BRI R LA
3.3 i ERR

TG BRL 848 E 24 4 4~ R \MAE MSE
RMSE, R® S Wl 7 #5270 il A 5 0 S {H 22 (1] 9 2 14 A
TN A TR LSRR AT IAE A ) AR Y 47 IR
P B KA R 1, R I 46 X i s O HL iz 1
1, TIN5 35 2 {H =2 8] A 2 1 A O P i | 455 780 1) 41
ARG Tl U T A 30 A RO L R LT

Z (9/5 _y[>2
i=1

RZ:I_ m
Dy -y’
i=1

(14)

A Ak http ://journal.

MAE ( Mean Absolute Error, HAHH M, F/~) &
TIN5 SR W 5 2 25 A X S 197 48, HAE
AT HLBHEE T 0, 10 B 9 25 22 1) 1 O 22 At /) | 485
Y () 15 0 P BE w8 4F . RMSE ( Root Mean Square
Error, HABFH Mg, 2275 ) 278 BN 5 LS AH 22 8] Y
2=, JEFE MSE (Mean Square Error, HAHH M,
FR) By B OR 515 B B Bl W] MAE —#F,
RMSE Fl MSE f){ELH OB 2T T 0, 6 R P 2 22 18] ) fi
ZEIRA N AR T M R G

1 m .
MMAE:;Z; ‘ Yi Y ‘ (15)
i=1
1 m .
My, :; (y; _yi)2 (16)
i=1
1 & .
Ryyse =Jm2 (i =) ? (17)
i=1

3.4 FGERILE
3.4.1 WGP

B KBAC 1A 8500 AT K ERc BB SE 1)
YIZRAE ESE MR AETEA T — RANTH AL S, Rk, 3
F 1D -ECA — CNN #5838 31 4 F 5 4~ 28 /& B8 . KBL
(Knowledge—BERT —Linear ) #1 KBC ( Knowledge —BERT —
CNN) , BARIEBLANER 3 R,
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%3 KBAC RETHEHER
Table 3 Structure information of KBAC and its variants

A CNN 1D-ECA K-BERT
KBL X X v
KBC v X v

KBAC v v v

A4 SEARSCBIAETE A T KBL ,KBC KBAC 3
BRI S IR 25 R L4, e $E MAE  RMSE \MSE fE J ¥
Wirtatn, #hBAE TR RME, R4 TUER
B 1ID-ECA THEE A1 CNN T8 KBL iR 76451
BAREL R P br I, PEREYY 22 F KBC Hl KBAC £}
AL B 1ID-ECA TR A KBC AR 7485 E 4 LA
KA 4845 PEREOL T KBL,{BEBAS K KBAC 5%
B ID-ECA FHIER B > AR R R i

ZIE] AR DG , AT T LS Gyl 2R A P4l 2 A B
PEAPREAE LR P9 AP I B B DG 2 . AR kb 1D~
ECA A, WIS B8 1o 368 T8 A A o 8] 4 (i 13 AE Y BE 0 T
U R AR T AT 55 A A RFAE . CNN R nl LU i
AR 3 412y A B 1O R 0 R SCfR R B A gl /b
CNN s, m] BB JC 1A et A B 1 SOfs ok AT
pICS0 A=W E A T | DTS2 MR A A PR RE

12 4 ATA ASCITHE KBAC #ERITE 3 AN EESE L
L3 AP RS XTI T AR B, B P O AR
TUAE K-BERT [y BE2f —UCRAIE SR R LA L, FRFF 1D
-ECA THEHHR A ] CNN T8, 77> 7 R AELE R
AURAIE PR, A SCRER TS A T 258 18 1 1 A
CNN W25 PR, , IR I BERS B4 L PR Uy 5~ SMILES 3%
IR AYAFIE , 46 B AU (Y pICS0 A= TG M FUAS B2

*F4 HEAZIXTLEE
Table 4 Comparison of ablation experiments
F— BEES IhiEdE Mm% E
MM,\E MRMSE MMSE MM,\E MRMSE MMSE MMAE MRMSE MMSE
KBL 0.247 0.334 0.112 0. 481 0.651 0.423 0. 550 0.743 0.552
KBC 0.104 0. 141 0. 020 0. 448 0.616 0.380 0.527 0.736 0. 542
KBAC 0. 091 0.117 0.014 0. 447 0. 605 0. 366 0. 498 0. 686 0.471

Bl 4 2 A SCBL R TR Bl 0 K, KBL, KBC Fl
KBAC 156 F25%9)/> 1 SMILES 6ik30AY pIC50 BL5L
(ERINGREER O ALI

& 4 AP KBAC BEAUfE e fk | BH A F HAh AR
1Ny 1| e SR Five- S 1 -  RE e o |~ R
{8 2 6] 1 22 S e/ I8 5 AL, KBL B2 AT i PR R e 2 4k
FIA BN SCE Bk 3R FHRAE, S 8OL B S 5 T

W2 [) ) 2 5 e A, L 900 IHS B2 e S At 7 A2 AR A6 7Y
PR ; %A 1D-ECA BB KBC FHE7 fl = 178 4% 38 18 AL
TREST , X A A I AR A TG 7 R A T 54T 55 M S i 4%
fiE, HAR KBC A AU i TR BEAH b KBL 538045 iy 45
i, (HATS SR WS 3Eh T KBAC %l FEWR#E KBAC HEZRTE
ERa Fdli 4 B AR AR MPERE DL 3, E— 25 0E 52 fr 2
KBAC T4 5 41 22 90 45 () 45 P

— TRE — TUE _ TRIE
10 T‘ CSE . TOHEHE [ HE
A \
| 'R T y "
2% 6l R ‘ A bl A
Zz° | Sol f \m y ww fJu
4t ‘ = )
4 L
2L 2
0 500 1000 1500 0 100 200 o, 0 100 200 L.,
; S 3 < . —— T 3 ; TR
SMILES —— PRI SMILES = s SMILES =
10t = J‘;:»{E 101 } HLIH 101 B FLAH
8* L W
I =] k J i} '
5%6' g | WWWRW | Z6l m M MM
4t = i \ m |
2f |
2
0 500 1000 1500 .
SMILES . T ? S!{/IOI(I)AES % i‘ﬁ‘lﬂl{{ﬁ 0 s&aol?xs 2%%@@
10 l ‘ ul TOHYAH jo07 L . o A
8 I L LA . ‘ ﬁ l
c2o0 I - 2t Wl
=25 R 2 Wl ST
44 . 4
51 L
0 500 1000 1500 2 0 100 200 0 100 200
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Fig. 4 Comparison of true versus predicted pIC50 ralues under ablation experiment
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3.4.2 AT T

Ry i — 2L U P PR A A A APk R Y AT A
B 4 A BRI EFT 4, B XGBoost™™ | SVM |
FraGAT JAttentive FpL3 . H.i XGBoost .SVM k3t

THEGRFF 097 15 ; FraGAT | Attentive FP 3 5 T GNN
71, I MAE MSE _RMSE  R*4 NTFEHr 45 45 i2F
AT Hr, S 45 R 3% 5, Horp AR S 7 o8 &
RIEN

®5 MHEXREILEIER

Table 5 Comparison of metrics of related models

N LS ;X 4

7 My, My Myyss R My, My Mse R
XGBoost!*"! 0.231 0. 095 0. 308 0. 952 1. 038 1. 561 1. 249 0.219

SVM 0.520 0.511 0.715 0.750 0. 555 0. 565 0.752 0. 688
FraGAT!™ 0. 491 0. 408 0. 638 0.773 0. 502 0. 445 0. 667 0.747
Attentive FP'* 0. 190 0. 069 0.262 0.952 0.512 0. 537 0.732 0. 700

KBAC 0. 091 0. 014 0.117 0.993 0. 498 0.471 0. 686 0.779

FH2e 5 ATAL T KBAC J5 i 7e 4k 1A T HoAt e
BHE, HELZT, XGBoost®" f e B 2= , M Attentive
FPP Rz, BTN S, KBAC 76U 54 At 48 1
MAE {EAE A o e rh 3 e, LR R I 254
L A3 I E =4 (Attentive FPIP)) MR T 0. 190 F10. 014,
AN KBAC £ I 24 AL i 42 T 4R15 /Y MSE 4331l A
0.014 F10. 471, LA =K T 0. 055 F10. 066, 1Ml KBAC
TEVNERMRE LR E R 43504 0.993 F10. 779,
FEos — 440 T 0.041 F10.079, Ut B A S A 48 5 32 16
pIC50 A=W TEPEAE 0 T R B AR A B PR RE L 34,
FRAA KBAC FRIEE % 8 T 25 S Hk 4T 8 il SMILES
JivE ) K-BERT T, 5 8T 456 LM = il
TlFY CNN 9 4% 45 447, fiff 75 45 0 B 0% o 4y b B it 0 7
SMILES ik, IRl Z B FR1E , $EHU> T A7 4
JRIRIRGEBARAE

3.4.3 Mg B RENREEGE R LB P

el ) N B B iU 2 TR CE S R T B
GRRR/NGE  X S S BN R B W TR
PEREFIRICR, , PR 5 2 R 17K B 1) 01 3% LUGR U A 5
A, REBH LR T ERa B T, 18
PRITAS TR 25 I 264 1) 38 308 B RS D B B RSE R/
X6 P A T A A T A (L Y A5 SR RN M R s e, AR
SSCH [ A AR S /N R 2R ) 245 388 0 50 A A8 i 4
SRR DL % ] 7 X 2% 3 18 BI0HR 28 4 B R /N XA
RUTIIN SR 52 0], 4 BT 4 R 9 B D 2 00 3 R i
e R e, AR B4R R0 25 114 3 3 Ba ik 16,
32.64 128, & AR/l 10,20 ,30,40 #47M
RSO L SEH . DL MAE MSE #il RMSE N 48 b1
J 7 AN ) R 110 3 28 5ORD 26 BRI 100 T %) T 000 S 13
R, BIREBLNER 6 Fs

F6 MEMESHITLELIER

Table 6 Comparison of metrics of neural network parameters

B A 16 1838 H 32 1838 64 i 38 4 128
B AR
MAE M\’ISE MRMSE MWAE M\ISF MRMSE MM,—\E MMSF MRMSE MM—\E MMSTC MR\’ISF
10 0.100 0.016 0.125 0.111  0.024 0.154 0.150 0.042  0.200 0.089  0.015  0.121
20 0.093 0.017 0.129 0.129 0.029  0.171 0.150  0.040  0.199  0.091 0.014  0.117
30 0.142 0.036 0.189  0.130 0.030 0.180 0.162 0.042  0.205 0.094 0.015 0.124
40 0.127 0. 030 0.173 0. 136 0.035 0. 187 0.132 0. 030 0.174 0.114 0.023 0.153

% 6 JE Tt KBAC BiAIZE MAE \MSE F1 RMSE #§
B T BRI/ IN S ) 45 3 T8 0070 5 X A5 76 T 26 SR 1
o, R 6 AT LA . 7R EE SR AR R IS LT,
bifi 2 30 1 B R 0, RMSE \MAE H1 MSE {8 ) 5 38 56 1%
InJE v/ AR S R KN 128 B KBAC #5570 3k 3|

e AR RE , U B I S BGE 24 19 6 Bl TR EOR N, BEE
Bt n] AR (9 2% 2T R ), DAk T 25 R 5 o [ ) £6%
BB BT, BEE & R K /NE 4T RMSE
MAE il MSE {34 | S EUE K3 75 B /N A
20 B, KBAC B3k B AR ML BE , d B o 358 BUE 25 19
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AL (R B R ) RTINS B . R AR I 46 BLAT 6
(958 2 PE R TR RE T, AR SCS2 56 R FH 11 100 246 3 3 450
128, BRI R/ A 20,
3.4.4 G WS PE

5 R T 8B K /IN I 45 38 18 550728 45 Xof 5 7Y
WSIGH S (Epoch) 952, fH L S W LA HY . Bl 25 i 18
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Fig. 5 Experimental results on the convergence
behavior of network speed

PG, 2545 i A 1 00 T B 285 2R 3R B . 21 08 T 40
128, BB/ 20 I, T KBAC R 45 AT LAk
i PN ZRBCR ARG E | A7 By WS SO
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R R DR LR TR R T A 3 24 ) B4 B 2o ) e, AR Sk
i SR RE =L IN I B o SIS o | B B
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(4 pICS0 AEWIGVEAE T, ¢h TR BE %5 i 1 5 Tl
WAF R SMILES 77 K-BERT HIHSEHAESE, X
Pt 1 T 2200 1 VE AL B TR R 2% SEEL T
HEPAREI) 42 JRy— J) B 649 19 R i i M LA B 22 3 R A
A, A B iz AP o | ik A L 5 B i 2 AL
A5, BB S 1 TN 25 ) 00 T AR WD VR AR, ERCHAA
FA RN )7 ik, T4 KBAC HEZE7E MAE  RMSE |
MSE #l R* ¥ HRAREWIEM bR, Ui TR A
Btk

DRI 2] 1 PR IFE 17 P o 0 AR % P 1 A ]
P 75 5 TR B2 2 > 1 A 3 A T 0 3 A AR 22 1)
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