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Construction of Models for Predicting Pharmacokinetic Parameters Using

Machine Learning
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Table 1. The external test results for classification models

n ROC AUC Accuracy

Molecular Descriptor-Based Methods 309 (0.883 0.825
DeepSnap-DL Method 309 0.905 0.832
Ensemble Model 309 0.943 0.874
Consensus Model 221 - 0.959
n: Number of test compounds that can be evaluated.
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Table 2. The external test results for regression models

R2 RMSE
Molecular Descriptor-Based Methods 0.669 0.295
Combination Model 0.769 0.247
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