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Kunstliche Intelligenz — Bedeutung fur die Herzinsuffizienz
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Herzinsuffizienzdiagose — natiurliche oder kiinstliche Intelligenz?
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Kunstliche Intelligenz in der Herzinsuffizienzdiagnostik
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6 Yan et al.: High-Throughput, Contact-Free Detection of Atrial Fibrillation From Video With Deep Learning; JAMA (2020) Dewhurst et al.: The Foot Study, Journal of Cardiac Failure (2024)
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Chiou et al.: Electrocardiogram lead selection for intelligent screening
of patients with systolic heart failure; SciRep (2021)
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Sau et al.: Artificial intelligence-enabled electrocardiogram for mortality and cardiovascular risk estimation:
a model development and validation study,; Lancet (2024)

Lowest



Amplitude

Frequency (Hz)

Healthy speaker HF patient

1.0 A
0.5 1
0.0
-0.54
-1.0 4
8192
4096
2048
1024
512
0
0 0.5 1 1.5 2 2.5 3 3.5 4
Time (s) Time (s)
Reddy et al.: The automatic detection of heart failure using speech signals; Computer Speech & Language (2021)
049 —q1
— Q2
1.0
0.9
0.8
0.7
0.6
P(log rank)<.001 1.0 P(log rank)<.001
0.5
0 100 200 300 400 500 600 o 25 50 75 100 125 150 175
KEl o 570 526 473 465 457 446 324 265 Bl 5o 570 514 469 439 424 395 357 337 326
569 569 524 455 431 416 402 302 254 s IEE s 569 494 448 413 389 362 319 299 288
Kl s 563 488 428 408 389 373 281 236 = Il 5o 563 465 417 381 355 331 289 267 253
565 565 448 394 370 352 325 244 203 Kl s 565 407 359 321 29 273 251 233 218

Maor etal.: Vocal Biomarker Is Associated With Hospitalization and Mortality Among Heart Failure Patients; JAHA (2020)
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Anwendbarkeit der kunstlichen Intelligenz
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9 Bachtinger et al.: Point-of-care screening for heart failure with reduced ejection fraction using artificial intelligence during ECG-enabled stethoscope examination in London, UK: a prospective, observational, multicentre study; Lancet Digital Health (2022)




Kunstliche Intelligenz — Risikostratifizierung
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1 2 Harm et. al: Machine learning insights into thrombo-ischemic risks and bleeding events through platelet lysophospholipids and acylcarnitine species; SciRep (2024)
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Big Data — Warum mehr wirklich mehr ist
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Von Scores zu Algorithmen: Neue Wege der Risikostratifizierung
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14 Harm et. al: Communications Medicine; in Revision (2026)




Big Data in der Herzinsuffizienz: Weg zur Prazisionsdiagnostik
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1 5 Harm et. al: Communications Medicine; in Revision (2026)
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Digitale Strategie gegen Herzinsuffizienz

1) Machine Learning 2) Risikostratifizierung 3) Klinische Relevanz
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1 6 Harm et. al: Communications Medicine; in Revision (2026)




Personalisierte Therapie durch Machine Learning
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1 7 Appenzeller & Harm et al.: Left ventricular function improvement during angiotensin receptor-neprilysin inhibitor treatment in a cohort of HFrEF/HFmrEF patients; ESC Heart Failure (2025)
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Phanotypisierung & Stratifizierung durch kuinstliche Intelligenz
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1 8 Appenzeller & Harm et al.: Left ventricular function improvement during angiotensin receptor-neprilysin inhibitor treatment in a cohort of HFrEF/HFmrEF patients; ESC Heart Failure (2025)
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Datengetriebene Therapieliberwachung und Prognoseverbesserung
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1 9 Appenzeller & Harm et al.: Left ventricular function improvement during angiotensin receptor-neprilysin inhibitor treatment in a cohort of HFrEF/HFmrEF patients; ESC Heart Failure (2025)
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