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Abstract: Big data and artificial intelligence (AI) techniques not only enable the accurate and comprehensive analysis of massive
biomedical data, but also assist the development of predictive models in the field of drug design. With the development of
computational and statistical methods, big data and Al techniques have been used for computer-aided drug design (CADD). CADD
can be used to overcome troubles in the field of drug design, so as to effectively and efficiently design and develop new drugs. The
steps of data pre-processing and development of models during drug design and development, Al-based modeling methods during
drug design and development, recent applications of big data and Al-driven technologies in CADD were introduced, so as to provide
some references for drug design and development in China.
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