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Prediction model of the probability of a lead compound becoming a drug

based on Stacked AutoEncoder and Fully Connected Neural Network

PAN Lei, NI Bing-wei, ZHAO Hong-ping
( School of Science, China Pharmaceutical University, Nanjing 211198, China)

[ Abstract] Objective: To build a more stable, reliable and practical model for the probability prediction of
a lead compound becoming a drug based on the deep learning method. Methods: The positive and negative sample
data sets were collected from lintegrity, Chembl and Drugbank databases firstly. After cleaning the large data set of
positive and negative samples and solving the problem of data imbalance, the compounds’ SMILES were further
encoded. Then, Stacked AutoEncoder ( SAE) and Fully Connected Neural Network ( FCNN) were used to
construct and train the deep neural network model to extract the features of the compounds and predict the probability
of a lead compound becoming a drug. Results; The model finally converged stably, the ACC value and AUC value
reached 0.995 3 and 0.992 9 respectively on the validation set, which improved the prediction accuracy by about
3% compared with the previously reported model based on machine learning. Conclusion: The prediction model
based on large data set and deep neural network technology has certain practicability, and can improve the accuracy
of the probability prediction of a lead compound becoming a drug.
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Hyperparameter Setting
Initializer Truncated Normal
Number of hidden layers nodes 512, 300
Dropout 0.2
Regulaization L2
Activation sigmoid
Batch size 600
Optimizer Adam
Learning rate 0.000 1
Loss function mse
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