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[Abstract] Since the outbreak of the coronavirus disease 2019 (COVID-19), machine learning has been widely used in
forecasting the epidemic trend of COVID-19, screening and tracking high-risk people, early diagnosis and monitoring of patients,
etc., which has greatly improved the efficiency of information processing during the epidemic period and provided efficient decision
support for clinicians. However, due to the different data types and scales and training methods used to develop models, machine
learning that perform diagnosis or prognosis tasks also have different limitations. This review introduces the application of machine
learning in the diagnosis and prognosis of COVID-19 from the aspects of machine learning combined with imaging data, laboratory
results, and the model trained by integrating these two aspects, trying to provide more practical ways for machine learning in training
and application.
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