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Development of Methods, Data and Software for Drug Target Interaction Prediction

NIU Buying'?, SUN Jingjing'?, SHI Jiangshan'?, ZHENG Mingyue'?", LI Xutong'?"(1.Shanghai Institute of
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ABSTRACT: Identifying drug-target interaction is an important step in the discovery of new drugs. Because of the high cost of
the experiment in vitro, the computer based predictive method of drug-target interaction will greatly reduce the scope of the
chemical space and accelerate the process of drug discovery. This paper introduces the data and software that are closely related
to the drug-target prediction and main methods of its in-silico prediction. Then, the problems of drug target interaction prediction

are summarized and discussed.
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