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[ Abstract ]

the demand of researchers for medical big data processing keeps increasing. Because machine learning technology has unique

With the advancement and development of concepts such as real-world research and precision treatment,

advantages in processing massive, high—dimensional data and conducting predictive research, it has been deeply applied in the
medical field in recent years. In addition to the application in disease diagnosis, image recognition and risk prediction, more and
more studies have proved that machine learning can be applied to the decision support related research of clinical drug treatment.
This article reviews the research progress of machine learning in clinical drug therapy.
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