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[ Abstract ] Artificial intelligence (AI) has important significance and great promise in the pathological diagnosis,
imaging diagnosis, prognosis prediction, and molecular subtyping of prostate cancer (PCa). This review focuses on the progress
of Al for the diagnosis and molecular classification of PCa, and briefly introduces the application of Al in the pathological
diagnosis of needle biopsy and Gleason grading, pathological diagnosis and grading after prostatectomy, and prognosis
prediction of PCa patients based on pathological sections. For the pathological diagnosis of needle biopsy and Gleason
grading, Al has already comparable to general pathologists; for the pathological diagnosis and grading after prostatectomy,
Al can accurately grade and classify tumors; and for the prognosis prediction of PCa patients, Al can directly extract relevant
prognostic information from pathological tissue sections for prognosis prediction. In addition, Al can also predict gene
mutations in PCa patients and suggest the probability of gene mutation by analyzing the pathological sections.
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