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Summary The advances in artificial intelligence in medical imaging will have great potential to promote inter-
ventional therapy for heart valve disease. Imaging technologies such as echocardiography, magnetic resonance, CT
and angiocardiography all have been playing an important role in the screening of patients before therapy, the guid-
ance and monitoring of key intraoperative procedures, and the evaluation of the therapeutic outcomes and the prog-
nosis. Different imaging techniques have unique advantages in the perioperative period of intervention. In clinical
practice, there are many limitations to imaging by manual manipulation and interpretation. The ability of artificial
intelligence to intelligently interpret medical images through big data analysis, has shown great potential for the
interventional treatment of heart valve disease. We present the recent progress and applications of artificial intelli-

gence in medical imaging in the field of interventional treatment of heart valve diseases.
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