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Abstract: Noninvasive cardiovascular imaging modalities play a pivotal role in the diagnostic and therapeutic

decision-making of cardiovascular diseases. The changing paradigm of healthcare to precision medicine places new
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demands on clinicians. However, problems with the timing, efficiency, and misdiagnosis of image interpretation

remain remarkable obstacles to the application of these approaches. Research on artificial intelligence (AI) has made

tremendous advance over the last decade. In particular, using deep learning based on convolutional neural networks

for medical image interpretation, Al-powered analysis of images and signals has reached, even surpassed expert-

level performance. In this review, the latest applications of Al in the clinical workflow, such as image segmentation,

automated measurement, diagnosis support, treatment guidance, and outcome prediction for the individual imaging

modalities were discussed. The proposed Al algorithms and model construction and the potential added value of

these applications in clinical decision support were also introduced. Finally, we discussed the current limitations of

Al research in cardiovascular imaging, barriers to translation into clinical practice, and how they can be overcome.

Key words: artificial intelligence; deep learning; noninvasive cardiovascular imaging; interpretation; clinical

decision support
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PE FFR NS4, MET o =R g i, —
4G R SE A S T AR R S PR BRI (AUC : 0.93
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AUC & 0 T 1% G 1t £ 165 DR 3R V7 20 el ok 55 A0
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A 5 G 0% A1 o P A A RE 3 SR8 2 A A4 A PR I )
TR 2 STASE R TN BH 2 1 e o7 O A 1 B i T
FRUE RBEE B L2 (AUC : 0.80 vs. 0.78)°Y, [F]—
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