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Prediction of associations between drugs and side effects
based on dilation convolution neural networks
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Abstract: A increasing number of evidences have shown that inferring drug-related side effects can help reduce drug development
cost and time. Recent methods focused on integrating multi — source data about the drugs and side effects to predict potential
candidate side effects for the drugs. However, the various node attributes in the multiple drug—side effect heterogeneous graphs have
not been fully utilized. The paper proposes a novel drug—side effect association prediction method to encode and integrate diverse
attributes from multiple heterogeneous graphs. For two kinds of drug similarities, two drug-—side effect heterogeneous graphs are
constructed respectively to denote the similarity and association connections among the drug and side effect nodes. Each
heterogeneous graph has its own specific attributes, and the representations from multiple graphs have different contribution to the
prediction of drug-related candidate side effects, therefore representation—level attention is built to adaptively fuse them. A drug-
side effect association prediction strategy based on a dilation convolutional neural network is further established to enhance the feature
extraction capability of the convolutional layer by extending the receptive field of the convolutional kernel. The paper performs five—
fold cross validation for estimating the prediction method, and the experimental results show that the proposed prediction method
outperforms several advanced prediction methods.
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Fig. 1 Prediction model based on dilation convolution neural networks
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Fig. 2 ROC curves and PR curves of the proposed method and the compared methods for drug—side effect association prediction
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