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[Abstract] Caries is one of the most common oral diseases worldwide, with serious health and socioeconomic implica-
tions. With the rapid development of machine learning technology, its application in the medical field has attracted in-
creasing attention, and researchers have begun to explore its application in caries prediction. This study reviews the appli-
cation status of machine learning in caries prediction models, including data sources, feature selection, model construc-
tion, performance evaluation, and future development directions. By analyzing the existing literature, we found that ma-
chine learning methods can play an important role in caries risk assessment, personalized intervention programs, and pub-
lic health policy making. This review aims to help readers understand the potential and challenges of machine learning in
caries prediction and promote further research and application in this field.
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