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Abstract: Objective This study aimed to achieve molecular descriptor screening, ERa regression prediction, and
ADMET classification prediction of antagonistic breast cancer drug candidates by using artificial intelligence algorithms to
assist in drug design. Methods To address the screening problem of breast cancer drug candidates, starting from the
biological activity of the compounds to inhibit the target of breast cancer and their ADMET properties, a two-stage
screening was performed based on the obtained data of 1 974 compounds with sparse Bayesian learning and random forest
algorithms, respectively, to obtain the top 20 molecular descriptors with the most significant effect on biological activity
without strong correlation; subsequently, based on the screened data and its PIC, value, a QSAR model was established,
and the biological activity of the new compound was predicted based on the nuclear extreme learning machine algorithm
optimized by the gray wolf, and 11 common machine learning algorithms were compared horizontally. The ADMET

classification model was constructed. Results The results show that the GWO-KELM model has higher goodness of fit and
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lower mean square error. The prediction accuracies of the four models were maintained above 90%. Conclusion The

proposed models can effectively analyze and predict the properties of compounds, which can provide a reference for the

development of anti-breast cancer drug candidates.
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Table 1 Results of SBL variable selection

HiE BEERNE EEMAHE  #He A% e L R T
nHBAcc -0.799 0.799 1 - mindsN -0.022 0.022 21 -
MLFER-A 0.473 0.473 2 + minHBint10 0. 020 0. 020 22 +
nHCsats 0. 326 0. 326 3 + MDEO-12 -0. 020 0. 020 23 -
BCUTp-1h 0.253 0.253 4 + nT10Ring -0.018 0.018 24 -
C3SP2 0.222 0.222 5 + nF10Ring -0.018 0.018 25 -
ATSc4 0.218 0.218 6 + minHBa -0.017 0.017 26 -
MDEC-34 -0. 159 0. 159 7 - maxdsN -0.017 0.017 27 -
SsF 0. 137 0. 137 8 + SaaCH 0.016 0.016 28 +
maxHBd 0. 134 0.134 9 + nsF 0.016 0.016 29 +
SwHBa 0. 131 0. 131 10 + nF 0.016 0.016 30 +
SHCsats 0. 126 0. 126 11 + minHBint7 0.015 0.015 31 +
maxsssCH 0. 097 0. 097 12 + maxdS 0.014 0.014 32 +
minHBint5 0. 059 0. 059 13 + mindS 0.014 0.014 33 +
minHssNH -0. 054 0. 054 14 - SdS 0.014 0.014 34 +
VCH-5 0. 049 0. 049 15 + FMF 0.013 0.013 35 +
mindO -0. 048 0. 048 16 - maxHsOH 0.011 0.011 36 +
minsssN 0. 044 0. 044 17 + C1SP2 -0. 007 0. 007 37 -
mindsCH -0. 039 0. 039 18 - maxHssNH -0. 007 0. 007 38 -
C1SP3 0. 030 0. 030 19 + C3SP3 -0. 007 0. 007 39 -
maxHBint8 0. 025 0. 025 20 + minwHBa 0. 006 0. 006 40 +
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Fig. 1 One-stage screening variable Spearman’s coefficient
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Table 2 Results of random forest screening

B 4 AE TEH | FF 4 AE i
1 minsssN 0.26 11 MDEO-12 0.03
2 maxHsOH 0.09 12 minHBa 0.03
3 BCUTp-1h 0.08 13 ATSc4 0.02
4 MLFER-A 0.07 14 maxHBd 0.02
5 nHBAcc 0.04 15  maxHBint8 0.02
6 SwHBa 0.04 16 SaaCH 0.02
7 minHBint5 0.04 17 FMF 0.02
8 C3SP2 0.03 18 minwHBa 0.02
9 mindO 0.03 19 nHCsats 0.01
10 minHBint1 0.03 20 MDEC-34 0.01
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Fig.2 Two-stage screening variable Spearman’ s coefficient

3 T GWO-KELM H7k1) QSAR %1 il
kil

PR B i 32 S 14 43 5 4 3R A R AR 2 R R/, %
f&%] KELM ( Kernel based Extreme Learning Machine ) 5
HHA R ket ZARE T B esRE N R E
HI 32 N T4 B BE 25 A, (HIZ A R G A T KELM
P2 IO 265 14 2 BOUR A T, A ) 2 T Uk R B € 5%
SR go I, A SCH I BE 8 AT Z S E M GWO
(Grey Wolf Optimizer) 535X KELM #E47 2tk | DA 1T 4
FE HARMSAL, D3 R B T M RE
3.1 KELM J;if

BAEE D={(x,,y,),i=1,2,---,n} , T AEHE x, e
R i ER y, e R A h(x,) =[h,(x,)  hy(x,), "+,
h,, (x,) TRIVERTZHE x, M n Q’é’iﬂ‘?/\*l‘ﬁﬂ WS 3] m 4E R
R ZS 0], B B=[B,,8,, B, 1" EHIRE S i 4
SEBREZMAE M &, H=[h(x),h(x), - h
(x,) 1" ACERIE S 25 R R, 20 A8 ¢ PR e/ s
RPN 2%, 1250 ELM i i 3Rk K (4) »

f(x) =h(x)ﬂ=h(x)HT(HHT+%)_ Y (4)

Hrpy B m &, TS ELM % 1 2k
AFERE N FRAETE , PR A T8 A2 55 10 A A% R BOR AU
FERE AR B (5) —3(6) o
H'H(i,j) = K(xl,x}) (5)
h(x)H" = [K(x,x,) ,K(x,x,) -, K(x,x,)]" (6)
Hrp R B2 K= [K(x,,x,) ] ,jl,l—JE}ﬂ‘? PR H
K(x”x,) =exp(=¢ || %=, || ) ,ZH£>0,
135 KELM AR =X (7))

)= [KGe,) KGxe) oo K(xx,) ]T(%K) Y (7)

25 LA KELM B8R0 b i 2 B S s A e, TR oy
[l U FU A vz A1 B LR D0 G S LR AR (R A
KELM #E# Hyb ke [ B By N RIS 58, i) LR TS # e i E
B 2 B 1 a5, a3 A5 A 8 0 AR A, Wi SRR B A
P, (B{EAS B, KELM BB B 2[R S 80k £
AN TR BRI 5 2 Ml o
3.2 RIRGEIEZGER) KELM B

AT EPEGIE B E A X KELM BRI 3R 174 1k,
ARSCHEAT FUSL B, 06 $F 1F A 5% 4 AL 55 45 ( Sine Cosine
Algorithm, SCA) | ki F #f 5 4k 5 3% ( Particle Swarm
Optimization, PSO) JKARFEEHAT L5 b, &l 3 7]
PLE H SCA Sl sfd EAR Mg FEIAR A 1T PSO 5%
5 AR A B R S P A BB A R A e A,
GWO BiELi A R E L, Wik, A GWO X KELM
BB SEAAL, ARmRR EE 4 s,



%6 M T, % .3 F GWO-KELM 5 GBDT 4947 5L 8 & 25 4 % & FLl 97

Objective space

Parameter space

——GWO
—PSO
—SCA

10°

—_
=]

Best score obtained so far

-10-10 10 20 30 40 50
Iteration

B3 RUEESHZTEFERTEITLE
Fig.3 Comparison of parameter space and number

of iterations of optimization algorithm

B AL KELM 9% 25001 /

rﬂﬁ(with cand g)

aé\andc

| s iR |
Y

| ey Eh=mn |

if ¢ <fe KA B
A< A< g

A No

YOHTRE FAR AL S HL
AR

/ %)Jil“ﬂcﬁﬁi%&g%ﬂ /

i AN A

A

Yes ¢

BH¥Hra,A and C
TG AR 935 7
E%ﬁaiﬁﬁ
t+=

T

Y

g /\ KELM A
I

%
4 GWO-KELM HEitHizE
Fig. 4 Flow chart of GWO-KELM algorithm

Decision Tree Regressor
score:0.488 970 076 128 713 9

3.3 SEERER SR b

N TR SR ) GWO-KELM 33k 4 {1t
PR AR SCR 3T R ML KELM 8355 11 A5 WL
D BETE AT A 005 e T0 I S8R 6T B 3 3 RS R 43 Hi
FOULA B A A (8 O 5 AR L B R S SR £k
PRI SRR ALE U k-UT 4B S50 BREEAR T
PEASTVE M BR AR DUt Hir i o1 09 | Fy 8 AH DG M 1 e 5
EAZE IR

ALK L b A AT 1 AN B A A — o
FE R 2w, AR RS KB 6 RIAHI AR S
TN EE R BSE LR W) A, A /MR 22
i HAA R 3 70. 85% , A R AT,

Ypc, (GWO-KELM)
(mse=0.597 98 R=0.708 53)

+E%{E
10 o TES

0 100 200 300 400 500 600
FEA G5
5 GWO-KELM ELETM ¥, 4R

Fig. 5 Prediction of YPICSI) results by GWO-KELM algorithm
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Table 3 Summary of metrics for each type of algorithm

BEAR Hrigz PFHUERE MAAAR B
Our Method 0.597 9 0.574 5 0.708 5
DTR 1.0353 0.716 4 0.489 0
LR 0.827 4 0.703 6 0.591 6
SVR 0.838 0 0. 686 8 0.586 4
ENNR 0.791 3 0.643 2 0.609 4
AdaboostR 0.853 4 0.765 7 0.578 8
GBRT 0.598 1 0.584 5 0.704 8
BaggingR 0.598 3 0.568 6 0.704 7
ETR 1.013 8 0.704 4 0.499 6
BRR 0.827 0 0.703 6 0.591 8
ARD 0.824 8 0.703 6 0.592 9
TER 0.878 5 0.720 3 0.566 4

gk (FR4)
16 33.910 7 7.469 7 41 20479.670 0 4.688 7
17 77.262 5 7.112 0 42 20274.0400 4.6931
18 23.154 7 7.635 4 43 18 208.6200 4.7397
19 51.7644 7.2860 44 3810.4790 5.4190
20 10.8672 7.9639 45 20479.6700 4.688 7
21 59.901 6 7.222 6 46 25.258 5 7.597 6
22 42.564 2 7.371 0 47 15.521 8 7.809 1
23 131.8672 6.8799 48 17.926 3 7.746 5
24 119.8219 6.9215 49 29.875 1 7.524 7
25 876.2836 6.0574 50  3.9973 8.398 2

FIREE R GWO-KELM A= 4y 18 M i 1 7 I A
YA R vk S A sk, RE O ot Ak s P v i
TIOM AT R A i R ASE ; 5 A, i o B S A M 11 A
TR 4 S LB, B UE T A R A e, AR B
BAY B Rt R AR T B N T B AT AR, TR
A ARz ARE T, RESR AT A o iff i) T 285 51 5 )
HH GWO Bkt KELM B8 (1) 285 78 2 80RUE T5 ]
W TR AR et 1 S50, M5 KELM AR 78 () 3500 2%
SR
3.4 T GWO-KELM K%l i Fiilss 4

DL ESEER S5 S IE ] T GWO-KELM & 3 I A9 £
FRCER, XTHA A AT I, Voo H 006U e

’1C,

A, SO, BARTT UL (3) , T 45 R i3k 4,

Ypie 9
Y1050 =10 " (3)
R4V, 0V, ERAER
Table 4 Predicted results of YICSO and YPICso values
A YICSO/ Yo 50/ A m) YICSO/ Yo 50/
G (nmol/L)  (nmol/L) FA (nmol/L) (nmol/L)
1 171.8699 6.7648 26  876.3213 6.057 3
2 18.866 8  7.7243 27 178. 839 7 6.747 5
3 14.9350 7.8258 28 73.859 4 7.131 6
4 12.3195 7.9094 29  217.2813 6.663 0
5 7.901 9 8.1023 30 338.3157 6.470 7
6 54.756 1 7.2616 31 16402.2600 4.7851
7 306.2636 6.5139 32 12722.3800 4.8954
8 47.0595 7.3274 33 16011.1100 4.7956
9 18.8507 7.7247 34 28 189.960 0 4.5499
10 109.7206 6.9597 35 17592.4700 4.7547
11 163.6041 6.7862 36 5138.3270 5.2892
12 59.0396  7.2289 37 7027.3660 5.1532
13 484.9415 6.3143 38 2589.4910 5.5868
14 225.9712 6.6459 39 12616.7000 4.899 1
15 25.4159  7.5949 40 16069.6300 4.7940
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Table 5 Caco-2 metric scale

AR HER AUC {4 F1
ENN 0.820 8 0.858 0 0.8312
LDA 0.885 5 0.897 6 0.872 0
LR 0.828 5 0.863 4 0.837 2
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DTC 0.835 4 0.867 2 0.840 8
GBDT 0.938 3 0.940 5 0.924 1
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Fig. 7 Confusion matrix of Caco-2 predicted by various algorithms
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Fig. 8 Confusion matrix of CYP3A4 predicted by various algorithms
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Fig. 9 Confusion matrix of hERG predicted by various algorithms
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Fig. 10 Confusion matrix of HOB predicted by various algorithms
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Table 8 HOB metric scale
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Fig. 11 Confusion matrix of MN predicted by various algorithms
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Table 10 Results of GBDT algorithm for predicting
ADMET properties
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