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Abstract

Currently, anti-breast cancer drug candidate compounds are facing many heavy challenges in drug
discovery such as time and cost. Therefore, in this paper, we propose an approach that integrates
Lasso regression and BP neural network models for screening and optimizing ERa-targeting com-
pounds. First, important molecular descriptors related to biological activity (pIC50) were screened
using Lasso regression and predicted by neural network for ADMET classification. The experi-
mental results showed that this method can effectively improve the prediction accuracy of drug ac-
tivity and safety. The top 20 important features screened from Lasso regression had a significant
effect on drug activity, and the accuracy of the constructed random forest regression model reached
89% on the test set. And the screened features also performed well in the ADMET classification task
in BP neural network, with an accuracy of 91% in the CYP3A4 task. This method provides a referable
idea for the screening and optimization of ERa antagonists.
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Figure 1. Workflow of QSAR and deep learning in drug discovery
& 1. QSAR FIIREZ I AWML

4. SSUESTHR
4.1. SFHRFIHIESE MBS

AW FEAL BB RIS T 2021 “ERT S AE B30 38, SR T PR RIL 25 UL i . 29
4L 7 Molecular Descriptor. ERa_activity. ADMET =4~ EXCEL % f%. H Molecular Descriptor:
ZEAR ARG 1974 MEEWH) 729 Aoy THOATE, B—ATRE—MMeEW, 850N — AR 5>
THIATF. SMILES 5 TR MEE WAL 28 E R, JL AR &Y S AL A T
ERa _activity : ZEIREICTE T HBMEEMEDEE, A7 —MeEY, SI8E T ZEY
) pIC50 {8, FonHXF ERa WIAEYEYE. ADMET: ZEE4£E4E 75 ADMET MK HA = E B
(B orAn s AR HEERIRE ). AR BN Caco-2 BiEME. CYP3A4 . hERG L JIEFEE
G 0 B 1 ML ERRIENMFEREFEERFME, Ko 0 REAFE, | RRFE.
Molecular Descriptor [ &%, XH RER T 6 N &L pIC50 MI%E, #1551, [FK ADMET
1) = J 1 o0 A WL 2.

Table 1. Statistical description of selected numerical data from Molecular Descriptor
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count 1974 1974 1974 1974 1974 1974 1974
mean 6.59 1.11 3.29 116.56 60.63 15.45 16.19
std 1.42 1.43 12.83 31.57 19.45 5.16 5.64
min 2.46 -23.11 0.00 54.07 30.66 0.00 0.00
25% 5.38 0.38 0.41 88.30 44.43 12.00 12.00
50% 6.58 1.17 1.56 114.84 59.90 16.00 18.00
75% 7.57 1.95 4.02 141.42 74.42 18.00 18.00
max 10.37 5.18 533.84 517.43 359.66 30.00 34.00
Table 2. Distribution of ADMET dataset properties
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Figure 2. Boxplot of molecular descriptor data before and after standardization
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Figure 3. Lasso regression coefficient path plot
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Figure 4. Coefficients of molecular descriptor features
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Figure 5. Comparison of predicted vs. actual pIC50 values
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Figure 6. Training progress of BP neural network over 1000 iterations

6. 1000 )X BP M4RIEMNR I

DOI: 10.12677/sa.2025.144083 7 gt 5N A


https://doi.org/10.12677/sa.2025.144083

i

iy
Bl

N3 AR AL A 4R

Table 3. Performance evaluation of BP neural network prediction model

7% 3. BP M METUNR B T4

155 TS HEl R 1 Z F11H
Caco-2 0.8887 0.8761 0.89 0.91
CYP3A4 0.914 0.9037 0.8 0.84
hERG 0.8567 0.8545 0.84 0.84
HOB 0.8432 0.7384 0.86 0.90
MN 0.8786 0.7673 0.91 0.69
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Figure 7. Optimal range of ADMET properties for selected compounds
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