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Research progress of artificial intelligence in precise

pathological diagnosis of bladder cancer
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In the era of computer technology developing rapidly, the combination of artificial intelligence (AI) and digital
pathological images is increasingly affecting most areas of pathology and is contributing to the transformation
of pathological diagnosis into digitalization. Bladder cancer (BCa) is one of the most common malignant
tumors in urinary system, and the pathological diagnosis is the “golden-standard” for the diagnosis of bladder
cancer. In recent years, the breakthrough research progress based on Al technology in the field of bladder cancer
pathology becomes a catalyst for realizing accurate diagnosis and treatment of bladder cancer. To a certain extent,
Al technology improves the objectivity, accuracy, and automation of diagnosis, and it is expected to become a
powerful auxiliary diagnosis tool for pathologists and to guide clinicians to develop individualized treatment plans.
Ultimately AI technology will improve the survival benefits of patients with bladder cancer.
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Figure 1 Application of AT technology in pathological diagnosis of BCa
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