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[ Abstract] Accurate classification of cancer is directly related to the choice of treatment options and progno-
sis. Pathological diagnosis is the gold standard for cancer diagnosis. The digitalization of pathological images and
breakthroughs in deep learning have made computer-aided diagnosis and prediction about prognosis possible. In this
paper, we first briefly describe four deep learning methods commonly used in this field, and then review the latest re-
search progress in cancer classification based on deep learning and histopathological images. Finally, the general
problems in this field are summarized, and the possible development direction in the future is suggested.
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