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Automation of image analysis
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75 95 |
Left atrial volume, mL 9 (16) || 16(29) | 33(66) |

Feasibility and Diagnostic Accuracy

Left ventricular diastolic | 16 (17)| 29 (31) | 56 (68)
velume, mL
Left ventricular systolic | ¢ (26) || 16 (47) | 39 (108)
volume, mL |

Left ventricular mass, g | 23 (15)) 42 (28) | 91 (95}

Left ventricular ejection | 6 (10) || 11(17) | 20 (40)
fraction
Global longitudinal strain]| 1.4 (8) || 2.7 (14) | 5.8 (31}

Global iongitudinal strain| 1.6 (2) || 2.8 (17) | 5.4 (39)

(Johns Hopkins PKD
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Video-based Al for beat-to-beat assessment
of cardiac function

https://doi.org/10.1038/541586-020-2145-8  David Ouyang'", Bryan He’, Amirata Ghorbani®, Neal Yuan®, Joseph Ebinger®,
- Curtis P. Langlotz'®, Paul A. Heidenreich', Robert A. Harrington’, David H. Liang'?,
Received: 11 November 2019 Euan A. Ashley's” & James Y. Zou57>
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Age

_ Original _

Actual: 57.6 years
Predicted: 59.1 years
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Radiomics feature analysis
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ORIGINAL ARTICLE

Age and Sex Estimation Using Artificial
Intelligence From Standard 12-Lead ECGs
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