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Abstract

In recent years, breast cancer has become a malignancy with a very high prevalence and mortality
rate in women worldwide, and the research and production of anti-breast cancer drugs has become
urgent. In this context, this paper focuses on the prediction model of ADMET (Absorption Absorp-
tion, Distribution Distribution, Metabolism Metabolism, Excretion Excretion and Toxicity) proper-
ties of anti-breast cancer drug candidates capable of antagonizing ER« activity, for 1974 compounds
obtained from clinical trials. The ADMET data were preprocessed and correlated. Two quantitative
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prediction models for the ADMET properties of the compounds were developed and investigated
using both BP neural network and XGBoost regression methods. The results of the experimental
study indicated that the XGBoost classification prediction model had the lowest error and the best
results for this task compared to the BP neural network approach.
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Figure 1. Double hidden layer neural network structure diagram
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Figure 2. Data set division and role
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Figure 3. Accuracy and target loss curve variation of five ADMET characteristics
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Table 1. Training set prediction rate and validation set prediction rate

= 1. UNGRE TN R AIE SR TN 2R

Attribute Train Validation Accuracy Average Validation Accuracy
Caco-2 0.928 0.891
CYP3A4 0.879 0.822
hERG 0.921 0.882
HOB 0.883 0.833
MN 0.934 0.896
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Table 2. XGBoost model accuracy rate
%% 2. XGBoost ## R F AR

ADMET J& % IEff2E
Caco-2 89.87%
CYP3A4 94.68%
hERG 91.64%
HOB 85.82%
MN 97.21%
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Figure 4. Loss curve of XGBoost model of Caco-2
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Figure 7. Loss curve of XGBoost model of HOB
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Table 3. Comparison of BP and XGBoost predicted values (only part shown)
% 3. BP 1 XGBoost FUAMEXT L (IR R EBSY)

BP XGBoost
SMILES
Caco-2 CYP3A4 HERG HOB MN Caco-2 CYP3A4 HERG HOB MN
1 0 1 1 0 1 0 1 1 0 1
2 0 0 0 1 1 0 1 0 0 1
3 0 1 0 1 1 0 1 1 0 1
4 1 1 1 1 1 0 1 1 0 1
5 0 1 1 1 0 0 1 1 0 1
6 1 1 1 1 0 0 1 1 0 1
7 0 1 0 1 0 0 1 1 0 0
8 0 1 1 1 0 0 1 1 0 1
9 0 1 1 0 0 0 1 1 0 1
10 1 1 1 1 1 0 1 1 0 1
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