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[Abstract] In recent years, Al has made significant progress in medicine and has shown great potential. The
artificial intelligence method simulates human cognitive function by computer. It is good at processing and
analyzing a large amount of data, and solves the time—consuming and labor—intensive problem of traditional
manual inspection of pathological biopsy specimens to identify the morphological characteristics of malignant

cells, so as to help pathologists in clinical diagnosis and decision—making. So far, Al is free from visual fatigue,

making the diagnostic results more objective and accurate. We conducted a systematic review of the application

of Al in pathological diagnosis.
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