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Prediction of drug-cell response by heterogeneous graph convolution network
GUO Shuaiqi, YAN Xiaoying

(College of Computer Science, Xi’an Shiyou University, Xi’an 710065, China)

[ Abstract] Predicting drug sensitivity response accurately is critical for current personalized treatment. But, how to integrate
diverse information about cancer cell lines, drugs and their observed responses efficiently, still remains a great challenge. In this
paper, we proposed a heterogeneous graph convolution network method with deep neural network (DNN) for drug—cell response
prediction, based on the chemical structure features, gene expression profiles of cell lines, and drug responses across cells
(HGCNDCP). First, we calculate the cell line similarity and drug similarity separately, and construct the heterogeneous network ;
Then use the heterogeneous graph convolution model to learn the characteristics of the drug and cell line, and use the DNN model to
predict the drug—cell line response; Finally, based on GDSC datasets, testing and comparison with TMF, HNMDRP, NRL2DRP
and HRWR algorithms. The results show that the algorithm in this paper has high predictive performance.
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Fig. 1 Drug—cell line heterogeneous network model
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Fig. 2 The flowchart of HGCNDCP pipeline
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Fig. 3 Influence of the number of latent factors on the

heterogeneous GCN feature extractor
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