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Application and prospect of artificial intelligence in diagnosis and treatment of renal cancer CHEN Si-teng,
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[ Abstract] Artificial intelligence has gradually penetrated into the studies of genomics, transcriptomics, radiomics
and pathomics of renal cancer, and has made important achievements and preliminary applications in the field of diag-
nosis and treatment of renal cancer. However, current studies mainly focus on the diagnosis of renal cancer and simple
clinical prognosis prediction, and lack the prediction of the efficacy of targeted therapy for renal cancer and multi-center
clinical validation. In the future, large-scale, multi-center studies are still needed to further verify the application value
of artificial intelligence in the field of diagnosis and treatment for renal cancer. This paper reviews the application and
prospect of artificial intelligence in diagnosis and treatment of renal cancer.
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