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Application and Progress of Artificial Intelligence in Development of Anti-tumor Drugs

GUAN Qingxia, LUO Yuting, LIU Yumeng, LI Ying, YANG Han, LI Minan, LI Xiuyan*(Heilongjiang University
of Traditional Chinese Medicine, Harbin 150040, China)

ABSTRACT: With the rapid development of artificial intelligence and the gradual deepening of people’s understanding of the
mechanisms of tumor diseases, artificial intelligence has played an important role in the research and development of anti-tumor
drugs. This article briefly introduces the main models of artificial intelligence and its advantages in drug research and
development, and summarizes the application and progress of artificial intelligence in anti-tumor drug research and development
in recent years from four aspects: structure based, ligand based, tumor cell phenotype, and electronic health records. It also
summarizes the opportunities and challenges of artificial intelligence in anti-tumor drug research and development, hoping to

provide ideas and references for scientific and technical personnel engaged in related fields.
KEYWORDS: artificial intelligence; machine learning; new drug development; anti-tumor
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