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[Abstract] Root canal therapy is one of the most effective treatments for pulp and periapical diseases, which is capable
of controlling pulp and periapical inflammation, promoting apical lesion healing, and preserving natural teeth. Artificial
intelligence (Al) can process medical images and clinical data efficiently and accurately, presenting significant potential
for promoting the development of stomatology. This article briefly introduces the research progress of Al in root canal
therapy, focusing on the following aspects: pre-treatment root canal morphology recognition, case difficulty assessment,
decision-making for root canal retreatment, intraoperative working length determination interpretation of root canal filling
films, and postoperative prognosis prediction. This article provides a certain reference for future development.
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