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Application of deep learning technology in diagnosis of renal cell carcinoma
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Abstract

Traditional radiology and pathological examinations are pivotal in diagnosing renal cancer, yet

they have their limitations. Through the efficient extraction of image features, deep learning
technology facilitates the initial differentiation and malignancy assessment of renal cancer on CT and
MRI images. In pathological examinations, deep learning accurately predicts the classification of renal
cancer on histopathological slides and offers prognostic insights. While deep learning technology shows
significant promise in the diagnosis and treatment of renal cancer, its full potential can be realized
through high-quality, multicenter studies with large sample sizes to effectively benefit clinical practice.
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