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Figure S1. Recursive feature elimination analysis
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Figure S2. Genetic algorithm optimization
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Figure S3. Plot of the first 40 Principal Components (PCs) based on 41 selected descriptors. Training set (red) and testing set (blue)
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Figure S4. Importance ranking of top ten molecular descriptors for each QSPR model
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Figure S5. Relative variable importance analysis of the SVM-RF-GBM model
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Figure S6. Correlation analysis between experimental logPapp values and selected molecular descriptors in the modeling dataset.
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Figure S7. Correlation analysis between experimental logPapp values and selected molecular descriptors in the modeling dataset.



