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Research progress of machine learning in risk prediction related to colorectal cancer”
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Abstract; Colorectal cancer (CRC) is the third most common malignant tumor and the second leading
cause of cancer-related death in the world,approximately 20% of newly diagnosed CRC patients present with
metastasis at the time of diagnosis,and another 25% will develop metastasis subsequently. Therefore, early
screening and precise risk prediction are crucial for reducing CRC mortality. Surgery,radiotherapy and chemo-
therapy remain the main treatment methods for CRC, but the treatment effects are often closely related to the
site of onset,tumor stage,etc. Currently,colonoscopy,digital rectal examination,fecal occult blood, tumor bio-
markers and imaging examination are commonly used for early screening, metastasis detection and treatment
monitoring of CRC, however, a single method often has low sensitivity and accuracy. Machine learning, a
branch of artificial intelligence, is a technology that enables computers to automatically learn from multi-
source data through algorithms and models and make predictions or decisions. Machine learning-based risk
prediction models are increasingly applied in various aspects of disease screening, diagnosis, treatment and
prognosis. This article reviews the application of machine learning in CRC-related risk prediction.
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