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[Abstract] The in-depth research of artificial intelligence in the medical field has greatly improved
the workflow and diagnostic ability of diagnostic radiology. This article focuses on artificial intelligence
technology in the field of interventional medicine, and enumerates its potential application scenarios,
including improving image analysis capabilities to assist diagnosis and predict treatment response. It also
describes the challenges that need to be overcome for practical application. Finally, with the continuous
development of artificial intelligence in interventional medicine, artificial intelligence will further optimize

the channels of interventional medicine and bring revolutionary changes to the clinical practice of

interventional medicine.
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