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[ Abstract] Artificial intelligence has transformed various aspects of human life. Machine learning, which is a subset of artificial

intelligence that autonomously acquires information from large databases by extracting patterns. As a method combining data science and

statistical techniques, it has been increasingly applied in the medical field, especially in the field of cardiovascular diseases. This review

describes the clinical application of machine learning in different aspects of cardiovascular diseases for a better understanding of its relevance

to modern medicine.
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