CPLACEZ

PLATFORM OF LABORATORIES FOR ADVANCES IN CARDIAC EXPERIENCE

COME L'INTELLIGENZA ARTIFICIALE STA CAMBIANDO,E CAMBIERA GLI ALGORITMI DEI DISPOSITIVI CARDIACI IMPIANTABILI

Analisi automatica degli ECG ed EGM:
dalle applicazioni attuali alla clinica predittiva.
Al nella lettura ECG e negli ICM

Andrea Saglietto, MD PhD

A.O.U. Citta della Salute e della Scienza, Turin, Italy
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Lusher et al, Eur Heart J 2024

Al in Cardiology

Personalized
medicine

AI-ENABLED DEVICES IN MEDICAL FIELDS

Radiology

Cardiovascular - 10.9%

Hematology I 2.9%

Neurology ' 2.7%
Clinical Chemistry I 1.2%
General & Plastic Surgery l 2.3%

Microbiology I 1.0%

0%

Source: SQ Magazine
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Al applied to 12-lead ECG and ICM

12-lead ECG
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“Classic” human-based ECG analysis

Human-based integration
of the above features

HCM
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Limitation of the “Classic” approach

Limited number of features contemporarily integrated

Only “known” (already described) features can be used for
analysis

Limited capture of complex non-linear interaction between the
features
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Al-powered electrocardiography
ECG Al

Input layer Hidden layers Output layer

10C 00#99-0000  Speed:25 mm/ree  Limb:10 1 mV  Chent:10 mmfaV

Wide availability Automatic feature extraction
Non invasive (deep neural networks - DNN) >
+ features

O Al-enabled
ECG
A

Streamlining human capability Beyond human capability
- First pass interpretation - Seeing what a clinician cannot

- Triage work flow - ‘Value-added’ ECG read
- Scalability - Moving beyond normal/abnormal
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Al-ECG model training and testing
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AlI-ECG: low LVEF detection

LVEF < 35%

Mayo Clinic,
Rochester,
USA

— Initially classified as normal EF
— Initially classified as low EF
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AI-ECG: diagnostic framework

Low LVEF

Galloway et al, JAMA Cardiol 2019

' Attia et al, Lancet 2019

Grogan et al, Mayo Clin Proc 2021
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>ohen- t al, Bost et al, JAMA Cardiol 2021
Shrivastava et al, Am J Cardiol 2021 Hagq et al, EHJ Digit Health 2023
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Al-ECG: prognostic framework

AI-ECG risk estimator platform (AIRE)

Sau et al, Lancet Digital Health 2024 (in press)

12 lead ECG Convolutional neural network
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1.2 million ECGs

Random split (by patient)
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All-cause death

CV death

Al-ECG: prognostic framework

AI-ECG risk estimator platform (AIRE)

Sau et al, Lancet Digital Health 2024
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Al-ECG: prognostic framework

Death

Sau et al, Lancet Digit Healht 2024

'Atherosclerotic CV disease CV death

Sau et al, Lancet Digit Health 2024

Sau et al, Lancet Digit Health 2024

Cardiac Electrophysiology
. & Al Research Group

% 7 Ventricular arrhythmias Heart failure

Sau et al, Lancet Digit Health 2024

Sau et al, JAMA Cardiol 2025

Sau et al, Lancet Digit Health 2024

Pastika et al, abstract AHA 2024

Imperial College

Sau et aI, Heart Rhythm 2025 _ Sau et aI, JAMA Cardiol 2025

Sau et al, JAMA Cardiol 2025
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Al-ECG: occlusive myocardial infarction detection

@ E s C European Heart Journal - Digital Health (2024) 5, 123133 ORIGINAL ARTICLE

European Society ttps://doi.org/10.1093/ehjdh/ztad074
of Cardiology

International evaluation of an artificial
intelligence-powered electrocardiogram
model detecting acute coronary occlusion
myocardial infarction

Robert Herman ® %%, Harvey Pendell Meyers*, Stephen W. Smith®,

Dario T. Bertolone'?, Attilio Leone™?, Konstantinos Bermpeis'?,

Michele M. Viscusi''Z, Marta Belmonte'?, Anthony Demolder?, Vladimir Boza®”7,
Boris Vavrik®, Viera Kresnakova®®, Andrej Iringa, Michal Martonal¢®, Jakub Bahyl3,
Timea Kisova”, Dan Schelfaut ® 2, Marc Vanderheyden ® 2, Leor Perl ®1°,

Emre K. Aslanger'", Robert Hatala'?, Wojtek Wojakowski'?, Jozef Bartunek?,
and Emanuele Barbato ® '
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AUC Sens Spec
— OMI Al model 0.938 80.6% 93.7%
e STEMl criteria  0.651 32.5% 97.7%
+ ECG experts 0843 73.0% 957%
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ACUTE High confidence

Herman et al.,

EHJ Dig Health 2024
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Al-ECG derived biomarkers

AI-ECG estimated age

Delta age

AI-ECG predicted age
lower than
chronological age

1. AI-ECG predicted age
higher than
chronological age

Increasing positive dage
associated with:

* All-cause and CVD mortality
» Markers of accelerated aging
» CAC score >0

Negative dage
associated with:
» Low CAC scores

dage influenced by:

« Exercise levels
« Better social
connection status

Al-ECG-derived age may provide insights into patients’ current and
potential future disease status and risk factors

Lopez-Jimenez F etal, JACC EP 2024
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AI-ECG estimated
body mass index (BMI)

Delta BMI

Higher deltaBMI are associated
with cardiometabolic disease

Cardiometabolic Disease
— Low — Middle — High

Type 2 Diabetes Mellitus
— Low = Middle — High

—_

p <0.0001 p <0.0001

Survival probability

0 5 1 0 5 10
Years Years

Number at risk Number at risk

Low 7860 2341 Low 5115 10395 1728

Middle4 6039 1745 Middle{4546 10672 1640

High 44827 1316 High 2137 9342 1454
0 5

1 0 5 10
Years Years

Pastrika et al, NPJ Digit Med 2024
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Ongoing issues

1 Explainability

Validation and reproducibility in
independent datasets

o Gz

3 Integration into routine clinical workflow

VINVINS3AITS
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Achille’s heel of Al systems:
‘real-world implementation”

Triple cardiovascular disease detection with an artificial
intelligence-enabled stethoscope (TRICORDER) in the UK:
a cluster-randomised controlled implementation trial

Mihir A Kelshiker*, Patrik Bachtiger*, Camille F Petri, Saloni Nakhare, Josephine Mansell, Karanjot Chhatwal, Abdullah Alrumayh, Jahed Zaman,

Moulesh Shah, Holly Young, Helena Roy, Melanie T Almonte, Céire Costelloe, Yasmin Razak, Azeem Majeed, James P Howard, Carys Barton,
Daniel B Kramer, Carla M Plymen, Nicholas S Peters

TRICORDER TRIAL

Al-Enabled Stethoscope for Cardiovascular Detection

Underdiagnosis of cardiovascular disease

. @

Heart Failure Atrial Fibrillation Valvular Disease

Al-Enabled Stethoscope

* ECG + Heart Sounds

+ Al Algorithms

Cluster RCT

205 Practices

1 55 Million Patients

Randomized Controlled Trial

Kelshiker et al, Lancet 2026
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Achille’s heel of Al systems:
“real-world implementation”

Population-Level Results

When Used

Q Heart Failure Detection 4" IRR 2.33

0 Atrial Fibrillation Detection 4" IRR 3.45

Q Valvular Disease Detection 4" IRR 1.92

Key Finding

| LOW UPTAKE & INTEGRATION ISSUES

Al effective, but real-world adoption

remains limited.

Q NO Increase in Diagnoses

Key Implementation
Finding

Main barrier =
low real-world uptake

Only 12 725 examinations
across 972 clinicians
Workflow integration issues
limited use.

Kelshiker et al, Lancet 2026
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Al applied to 12-lead ECG and ICM

12-lead ECG
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Al in ICM: why we desperately needed it

ICMs have limitations in their accuracy, leading to a trade-off between
sensitivity and specificity.

Real-world registries of ICMs show that up to 80% of all detections are
not true arrhythmias.
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Al in the context of ICM ECGs

Diagnosis

Al-ICM model




1. DETECTION

The Loop Recorder detects
potential arrhythmic events

Potential
arrhythmic
events

2. CLOUD Al ANALYSIS

Events are transmitted securely
to the cloud for post-processing

Jp
|

CLOUD Al

)

Classification

Al algorithms classify
events (e.g., AF, pause,
brady, tachy)

Prioritization

Events are prioritized
by clinical relevance
and urgency

False-positive
reduction

Al reduces false positives
and irrelevant alerts

3. CLINICIAN REVIEW

High-value, Al-enhanced insights
for faster, smarter decisions

Event Sunamary
Summary

T P,

High Priority

Pause
Medium Priority

Tachycardia
Low Priority

Physician review
and clinical decision
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Al in ICM: a tangible impact

Eccellenza Efficienza
Diagnostica Operativa

~85% | |all /3200re

Riduzione dei Risparmiate
Falsi Positivi = all'’Anno

} Tempo recuperato ogni
— 100 pazienti grazie alla
Base riduzione delle trasmissioni

non d'azione.

Riduzione del 94%
per le pause

(27 Riduzione del 78% _420/
NV per lafibrillazione (o]

atriale
Carico di Lavoro

@ 100% B A

Sensibilita Clinica Manuale Al

Mantenimento della massima Riduzione significativa del tempo
affidabilita nella rilevazione di necessario per la revisione

tutti i veri eventi clinici. manuale degli episodi aritmici.
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Al IN LOOP RECORDER ANALYSIS
| ‘

Manual review takes hours. Al handles the data.
Too much data, too little time. You focus on what matters most: your patients.

—

MORE TIME
FOR PATIENTS

Al ANALYSIS

ANALYZING...
EeaT— 100%

OF REVIEW

SUMMARY

FOR YOU

e Saves time
e Reduces cognitive load
e More time for patients

o Better care

e Time-consuming
» High cognitive load
 Risk of missing events







integration into routine clinical workflow

Al-based prediction of different diagnosis/
outcomes
integrated into hospital EMR

Probability of Low EF ECGs in AF not plotled Aortic Stenosis i

Probability of Male

[ e e ———
1890 2000 2010 2020

@ (Purple) Selected ECG (Light/Gray) Al Values are Indeterminate + (Diamond) Atrial Fibrillation ® (Red) Above Threshold ® (Blue) Below Threshold

Complete ECG  Median Beats Results () Compare ECGs

Atrial flutter with variable A-V block
Nonspecific ST and T wave abnormality ECG  Main Real P of AF
Date  Rhythm QT/QTc Age (%)

2019-  Atrial 326/453 92.21 I 65.63
Sep-19 flutter

05:38:5

6

Sinus 356/477 92.21
tachycar
dia
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. From diagnostic...

- Rhythm classification
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. From diagnostic to multiparametric platforms

- Rhythm classification

QA
NB

CLOUD Al
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