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Fig. SI. 1 Workflow for (A) dataset preparation, (B) molecular feature generation, (C) and (D) feature
filtering
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Fig. SI. 2 Two-stage stratified 10-fold cross-validation workflow for hyperparameter selec-
tion and model evaluation
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Fig. SI. 3 Model performances of decision trees based classifiers for 10 groups of hyperpa-
rameters
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Fig. SI. 4 Model performances of kNN based classifiers for 10 groups of hyperparameters
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Fig. SI. 5 Model performances of logistical regression based classifiers for 10 groups of
hyperparameters
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Fig. SI. 6 Model performances of XGBoost based classifiers for 10 groups of hyperparame-
ters
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Fig. SI. 7 Summary of model performance across all classification model–sampling strategy
combinations
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Fig. SI. 8 Summary of model performance across all classi�cation model–sampling strategy
combinations, organized by sampling strategies
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Fig. SI. 9 Summary of model performance across all classi�cation model–sampling strategy
combinations, organized by classi�cation algorithms
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Fig. SI. 10 Receiver operating characteristic (ROC) curves of all classi�cation
model–sampling strategy combinations
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