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Abstract: Artificial intelligence (Al) and machine learning (ML) not only has made a qualitative leap in drug discovery and
development, but also has helped the process of drug development enter modernization. Algorithms of ML and deep learning (DL)
have been applied to various phases of drug discovery, such as screening of lead compounds, peptide synthesis and discovery of
small molecular drugs, determination of the optimal dosage, design of drug-like compounds and prediction of adverse drug reaction
(ADR), prediction of protein-protein interaction, improvement of the efficiency of virtual screening, quantitative structure-activity
relationship (QSAR) modeling and drug repositioning, prediction of physicochemical properties and affinity of drug targets,
prediction of drug binding and in vivo safety analysis, design of multiple target ligand drug molecules, as well as design of clinical
trials. The research progress in the combination of Al algorithm and traditional chemistry to improve the efficiency of drug discovery
and application of Al during the process of drug discovery was briefly reviewed, in order to provide some references for using Al for
drug discovery in China.
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