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Abstract

algorithms, which has greatly facilitated the collection and processing of biological, chemical information and

In recent years, artificial intelligence (AI) has developed rapidly, with improved computing power and

clinical data, injecting new vitality into the research and development of new drugs. In this review, we began with
a brief overview of the development and the main algorithms of Al in drug discovery. Then we elaborated through
several specific cases on the various scenarios of Al application, including target identification, protein structure
prediction, hit generation and optimization etc. Finally, we focused on a recent example to discuss the high effi-
ciency of "end-to-end" application of Al.
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Figure 2 Artificial intelligence empowerment in drug discovery
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Figure 3 General scheme of iPANDA calculation pipeline "”!
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Figure 7 Structure-activity research based on the binding mode
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Figure 9 Generated compounds with the highest inhibition activity against human DDR 1 kinase
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Figure 11 Binding mode of DAO inhibitor 18 (A) Overlay of complex
crystal with surface representation (gray) (B) Binding model of new

DAO inhibitor with the novel sub-pocket
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Figure 14 Chemical structures for the selected molecules from Chemistry42 generation
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