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Machine learning for chronic liver disease prediction :a literature review
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Abstract : Chronic liver disease (CLD) has imposed significant disease burdens in China and globally. Against the backdrop of
healthcare big data,machine learning, with its automated data learning model , is capable of handling complex data that traditional
models struggle to deal with, predicts the onset risk of CLD more accurately ,and provides theoretical support for the stratification
management of high-risk populations,thus being widely employed in medical research. The review systematically searched and
summarized the machine learning models related to CLD ,sorted out the differences in prediction performance between these
models and traditional models , with the intention of exploring the application value of machine learning in CLD risk assessment. At
the same time,the review pointed out the limitations of the current research,such as a narrow focus on specific diseases,
incomplete reporting of key details ,and a lack of rigorous external validation ,and proposed that future research should expand the
research scope, follow strict scientific norms,in order to promote the extensive application of machine learning models in early
warning and stratification management for CLD.
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