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Application progress of artificial intelligence in precision diagnosis and
treatment of mitral regurgitation by echocardiography
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ABSTRACT Mitral regurgitation(MR) is one of the most common valvular diseases with an increasing incidence in
clinic. Echocardiography is the preferred imaging modality for evaluating MR due to its advantages of being non-invasive,
radiation—free, easily operable and cost—effective.In recent years, artificial intelligence (Al) has been widely applied in drug
research and development, clinical diagnosis, clinical decision—-making, clinical treatment and health management. Al-assisted

MR precision diagnosis and treatment can provide personalized diagnostic and therapeutic services for patients. This article

reviews the application progress of Al in the diagnosis, treatment and follow—up of MR.
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