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Table 1  Number of occurrences of the 27 variables in 10 experiments
J¥= A WHL JF= G5y AL =2 A A
1 MDEC-23 10 10 minHBint10 10 19 MLogP 7
2 minHsOH 10 11 SHBint10 10 20 VCH-5 5
3 nHBAcc 10 12 minHBint4 10 21 MDEC-33 5
4 maxHsOH 10 13 minHBint6 10 22 SsOH 4
5 minHBa 10 14 ATSc2 9 23 ATSc4 3
6 C1SP2 10 15 BCUTe-11 8 24 MLFER_BH 2
7 WTPT-5 10 16 VPC-6 8 25 SPC-6 2
8 LipoaffinityIndex 10 17 XLogP 8 26 ndssC 1
9 SHsOH 10 18 MLFER_A 7 27 ETA_Shape_Y 1
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x2 IC, ERIR pIC,, BN RMIMNLER

Table 2 Prediction result of ICy, values and corresponding plCs, values

e IC5y/ (nmol/L) pICs, e IC5y/ (nmol/L) pICs,
1 26. 858 68 7.570 915 26 371.272 90 6.430 307
2 68.983 95 7.161 252 27 95.477 43 7.020 099
3 55.911 54 7.252 499 28 476. 006 30 6.322 387
4 36.283 74 7.440 288 29 397.218 80 6.400 970
5 14.734 88 7.831 654 30 1 817. 580 00 5.740 507
6 68.249 47 7.165 901 31 9 911. 869 00 5.003 844
7 43.991 17 7.356 635 32 8 743.830 00 5.058 298
8 39.354 82 7.405 002 33 10 230. 940 00 4.990 085
9 33.241 72 7.478 317 34 10 205. 750 00 4.991 155
10 33,900 47 7.469 794 35 16 024. 880 00 4.795 205
11 32.427 80 7.489 082 36 210. 626 60 6. 676 487
12 46.355 03 7.333 903 37 186.963 10 6.728 244
13 28.091 03 7.551 432 38 274.515 80 6.561 433
14 33.323 70 7.477 247 39 234, 068 20 6. 630 658
15 27.722 76 7.557 163 40 263. 636 80 6.578 994
16 21.511 10 7.667 337 41 248. 628 80 6. 604 449
17 48.613 36 7.313 244 42 248. 628 80 6. 604 449
18 217.380 40 6. 662 780 43 226. 389 90 6.645 143
19 70. 141 01 7.154 028 44 336. 138 50 6. 473 482
20 14.294 85 7.844 820 45 248. 628 80 6. 604 449
21 74.874 38 7.125 667 46 46.834 08 7.329 438
2 208. 536 60 6. 680 818 47 57.342 58 7.241 523
23 381. 135 30 6.418 921 48 71.946 71 7.142 989
24 204. 318 80 6. 689 692 49 153. 608 20 6.813 586
25 348. 628 30 6.457 637 50 53.156 35 7.274 445
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Table 3 ADMET property prediction results of 50 compounds

A2 Caco-2 CYP3A4 hERG HOB MN Aa= Caco-2 CYP3A4 hERG HOB MN
1 0 1 1 0 1 26 1 1 1 0 0
2 0 1 1 0 0 27 0 1 1 0 0
3 0 1 1 0 0 28 0 1 1 0 1
4 0 1 1 0 0 29 0 1 1 0 1
5 0 0 1 0 0 30 0 1 1 1 1
6 0 1 1 0 0 31 1 1 1 1 1
7 0 1 1 0 0 32 1 1 1 1 1
8 0 1 1 0 0 33 1 1 1 1 1
9 0 1 1 0 0 34 1 1 1 1 1
10 0 1 1 0 1 35 0 1 1 1 1
11 0 1 1 0 1 36 0 1 1 0 0
12 0 1 1 0 1 37 0 1 1 0 0
13 0 1 1 0 1 38 0 1 1 0 0
14 0 1 1 0 1 39 0 1 0 1 1
15 0 1 1 0 1 40 0 1 1 1 1
16 0 1 1 0 1 41 0 1 1 1 1
17 0 1 1 0 0 42 0 1 1 1 1
18 0 1 0 0 0 43 0 1 0 1 1
19 1 1 1 0 0 44 0 1 1 1 1

20 0 0 1 0 0 45 0 1 1 1 1
21 0 1 1 0 0 46 0 1 1 0 1
22 0 1 1 0 0 47 0 1 1 0 1
23 1 0 1 0 0 48 0 1 1 0 1
24 1 0 1 0 0 49 0 1 1 0 1
25 1 1 1 0 1 50 0 1 1 0 0
5 & FIADMET 44 5 B [T , A% SCk 4 A FH 5 WL B

D7 A Wi R AR AT M R,

XIS R L 25 T A R R BRI SRITTBENLAR MR S AR XT 1 974 FL& W) AT ik E
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Prediction of properties of anti-breast cancer drugs based
on PSO-BP neural network and PSO-SVM

XU Meixian'

ZHENG Yan'

LI Yanju'

WU Weihao'

1 College of Automobile and Traffic Engineering,Nanjing Forestry University, Nanjing 210037

Abstract The process of screening and developing new drugs through experiments is very slow and requires a lot

of manpower and material resources,and the use of computer-aided prediction of the molecular properties of drugs

can greatly save time and cost of drug development.Therefore ,in order to enable anti-breast cancer candidate drugs

to have good biological activity and ADMET properties for inhibiting ERat, the random forest classifier was first used
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for the collected 1 974 compounds to screen the top 20 molecular descriptors with the most significant effects on bio-
logical activity.Then a QSAR model was established using this and pIC50 value as characteristic data.The biological
activity values of 50 new compounds were predicted via the PSO optimized BP neural network , with the model fit of
0. 833 7 and the root mean square error of 0. 731 5, which were more consistent with the actual values than the pre-
dicted results of the BP neural network.Subsequently,in order to improve the success rate of drug development,the
ADMET classification prediction model was constructed using PSO to optimize the SVM based on the existing AD-
MET property data. The algorithm cross-validation CV accuracy rate reached 94.076 7%, and the prediction
accuracy rates of the five index models were all above 79%.The results show that the proposed model has better pre-
diction performance than the benchmark model, and the adopted prediction strategy is effective, which can provide
reference for the discovery and development of anti-breast cancer drugs.

Key words anti breast cancer drugs;biological activity; ADMET properties ; particle swarm optimization ( PSO) ;

BP neural network ;support vector machines (SVM)



