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Abstract: Artificial intelligence algorithms include machine learning algorithms and deep learning algorithms, which can be applied
to discover drug targets, discover and optimize lead compounds, determine candidate drugs, and optimize druggability. Artificial
intelligence algorithms can achieve model building and high-throughput virtual computing through complex big data system learning.
When applied in drug research and development, it can shorten the research and development cycle to a certain extent, reduce input
costs, and thereby improve the success rate of research and development. In this article, the research progress of machine learning
algorithms and deep learning algorithms applied in drug development was reviewed, in order to provide reference for the further
development of the combination of artificial intelligence technology and drug development.
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