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Abstract  Artificial intelligence (AI) methods have made great success in predicting chemical properties and bioactivity of drug
molecules in the Bioinformatics field. Neural network gains wide applications in the process of drug discovery. However, the shal-
low neural network (SNN) gives lower accuracy while deep neural networks (DNN) are easy to be overfitting. Model ensembling
is expected to further improve the predictive performance of weak learners in traditional machine learning methods. Therefore, it
is the first time to apply model ensembling strategy to predict the properties of drug molecules. By encoding molecular structures,
the combination strategies,averaging,and stacking methods are adopted to increase predicting accuracy of pKa of drug molecules.
Compared with DNN, the stacking strategy presents the best predictive accuracy and the Pearson coefficient reaches to 0. 86. En-
sembling weak learners of the neural networks can reproduce the accuracy of DNN while keeping the satisfied generalization abili-
ty. The results show that ensembling method can increase the predictive accuracy and reliability.
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Table 1 Pearson coefficients and the loss for different evaluated

methods
Train Test

Methods
P Loss P Loss
SNN 0.82 21.95 0.79 10. 43
Averaging 0.92 7.93 0. 84 6. 80
Stacking 0.94 4.12 0. 85 6. 60
DNN 0.97 1.04 0. 85 6.42
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Table 2 Root mean square error and classification distribution for

validated methods

Training test

Population of molecules within  Population of molecules within

Methods error range4
RMSE <<0.5 0.5~1.0 >1.0 RMSE <0.5 0.5~1.0 >1.0

SNN 3.03 13.3 11.4 75.2 3.06 12.5 10. 6 76.9
Averaging 1.81 27.8 23.5 48.7 2.39 20.3 19.3 60. 4
Stacking 1.51 36.0 27.4 36.6 2.32 24.2 20.3 55.5

DNN 1.23 68.0 16.8 15.2 2.42 27.2 17.7 55.1
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