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Abstract; Precision medicine or personalized medicine is a major research interest in clinic nowadays, which
promises to provide more effective and precise treatment for patients. It can be useful but remains unilluminated in
cancer research. By providing more efficient framework of drug selection based on the heterogeneity of individual
patient, an application of bioinformatics approach can improve the drug responding rate and survival rate of cancer
patients. In this review, literature mining has been performed among the publications of computational approach
applications for anti-cancer drugs therapeutic outcome prediction. A summary of updated progress has been made
from the aspects of data source and computational methods, including network analysis, machine learning, and
deep learning. The underlying issue and perspective of the study were also illustrated.
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Fig.1 Research flow of calculation method
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