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Abstract

At present, compounds with anti-junction ERa activity are drug candidates for the treatment of breast
cancer, but due to the complex quantitative structure of the compound and the unstable pharmaco-
kinetic properties (ADMET), the drug development cost is high. In this paper, 20 molecular descrip-
tors with high influence on ERa activity are obtained through correlation analysis, and based on data
mining technology and machine learning algorithm, a quantitative prediction model of quantitative
structure-ERa activity and quantitative structure-ADMET properties of related compounds is estab-
lished, which is helpful for drug development.
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Figure 1. Schematic diagram of the neural network structure based on MIV
BP
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Figure 2. Schematic diagram of the distribution of the coefficients of correlation

for calculating the molecular descriptor Spearman
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Figure 3. Schematic diagram of the effect of molecular descriptors on biological
activity values for MIV calculations
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Table 1. Significantly affects the table of correlation coefficients for molecular descriptors
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Figure 5. The prediction results of the four models of pIC50 are compared with the true values
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Figure 6. The four models of pIC50 predict the percentage of residual
of the result
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Figure 7. The GRNN model calculates the accuracy of the prediction

results of the test set Caco-2
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Figure 8. The random forest model calculates the accuracy of the pre-

diction results of the test set Caco-2
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Table 2. Comparison of the accuracy of prediction results
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Continued
hERG 95.94% 90.54%
HOB 93.24% 79.72%
MN 97.30% 87.84%
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