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[Abstract] With the increasing maturity of artificial intelligence (AI),the number of clinical cases ap-
plying Al in cerebrovascular interventional diagnosis and treatment has been progressively increasing. After
reviewing relevant literature published since 2011, this article provides a preliminary summary of Al applica-
tions in cerebrovascular interventional diagnosis and treatment to date. Current Al applications in this field
predominantly focus on preoperative planning,with some postoperative applications and limited intraoperative
applications, while demonstrating diversified algorithmic approaches. For future algorithm development, main-
stream scholars predominantly focus on constructing intraoperative automated decision-making models and de-
veloping training algorithms for junior interventional physicians. ATl undoubtedly holds broad application pros-

pects in cerebrovascular interventional procedures.
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