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• Apprentissage sur des milliers 
de paramètres

•Besoin de beaucoup d’exemples
(Cardiologs base de données de 
200 millions d’ECG et 40 000 ans 
de signal ECG Holter)



Glasgow 12-lead ECG 
Analysis Program
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X  8640 Holter 24h

X 181 440 Holter 3 semaines
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Importance de la quantité de données et 
amélioration de l’algorithme

SE* PPV**

State-of-the-art 96.3 58.7

Cardiologs AI 97.1 93.4

*Sensitivity: Proportion of positive cases truly identified **Positive Predictive Value: Proportion of true positive cases in cases detected.



Inter-intra-patient 
variability

Noise and artefacts

Complexité liée au Holter ECG





Atrial Fibrillation
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Sensibilité de l’algorithme Deep Learning et des 
cardiologues comparativement à un consensus d’experts
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• 9993 Holters de 2 semaines sans FA dans 
les 1eres 24h

•  4% de FA
• Prédiction FA dans les 2 semaines
• AUC 0,79



Carte de « Saillance »: ce qui atire l’œil du DNN et pèse 
dans son  choix 



Near-Term Prediction 
of Life-Threatening Ventricular Arrhythmias 

using Artificial Intelligence-Enabled 
Single Lead Ambulatory ECG
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Methods
Heart Rate Plot

First 24 hours (w/o VT) used 
as input to a deep learning 

model

We then labeled each recording according to whether there 
is any VT documented in the following 13 days

and used it as output for the algorithm



- Independent Diagnostic Testing 
facilities (IDTFs) from USA, UK, 
France, Czech Republic, South 
Africa, & India

- 137,551 recordings were used 
for analysis

- 992 experienced sustained VA  
(985 VT & 7 VF)

- 25% experienced a sustained 
episode with a rate ≥180 bpm

Study Population



Datasets

Development
Set 

78,249 recordings

Internal 
Validation

Set 
37,256 

recordings

External Validation Set
22,046 recordings

2019-01-01 2022-07-01 2023-01-01

2 IDTF
(2 countries)

12 IDTF
(5 countries)

The main dataset was split into 
three sets
q Development set

§ Used to train the AI-model
q Internal validation set

§ Assess performance
q External validation set

§ Measure generalizability 

172 VT

50 VT

770 VT



AI-based
Model
We developed 

3 distinct algorithms, 
each taking as input 
different modalities 

from the first 24-hour 
recording



AI-based
Model

The 1st algorithm was 
a random forest 

classifier, which took 
as input the patients 

age, sex, and classical 
measurements 

computed from the 
ECG recording



AI-based
Model

The 2nd algorithm was 
a deep neural network, 
which took as input a 

HR density plot to 
extract information 

related to the 
instantaneous HR 

(autonomic nervous 
system)



AI-based
Model

The 3rd algorithm was 
also a deep neural 

network using raw ECG 
waveform, to extract 

information related to 
the QRS and T-wave 

morphology
(arrhythmogenic 

substrate & trigger)



AI-based
Model

Overall, we 
averaged the 3 

prediction models 
to produce a final 

risk score



Results – Area Under the ROC 
Curve

AI model, internal validation 
AUC 0.939 

AI model, external validation 
AUC 0.911

Reference, internal validation 
AUC 0.830



Clinical Perspective
Prevention:
Ideal but 
difficult

Resuscitation:
Not ideal but

highly efficient

Preemptive 
action

Our findings may 
have numerous 

applications across 
different clinical 

settings…

“Smart” Cardiac 
In-Hospital Monitoring

SCA SCD



Back to the future to identify syncope of cardiac cause

April 7, 2024

Laurent FIORINA, MD, Institut Cardiovasculaire Paris Sud, France

Laurent Fiorina, Tanner Carbonati, Baptiste Maille, Kumar Narayanan, Pauline Porquet, 
Christine Henry, Jagmeet P. Singh, Eloi Marijon, Jean-Claude Deharo

Artificial intelligence-enabled single-lead ambulatory 
ECG can unmask conduction tissue disease



Study objective
Evaluate the ability of an artificial intelligence (AI)-enabled single-lead ambulatory 
electrocardiogram (ECG) to identify patients who previously experienced asystole due to sinus pause 
or complete heart block.

“
Hypothesis: A 24-hour single lead ECG contains electrical markers that are the footprint of conduction tissue disorders



Methods

Each recording is annotated according to whether 
there is an asystolic pause documented during the 
first 13 days and used it as output for the algorithm

The last 24 hours (without an asystolic pause) is 
used as input to the algorithm



Methods

340,380 
14-day ambulatory ECG recordings
Mean age: 60.5 ± 17.8 ; Gender: 60% female

ECG collected from 6 IDTFs (USA) 

Development (N=234,320)
16,389 daytime sinus pause ≥3sec
2,726 sinus pause ≥6sec
3,620 complete AV block 
22,221 composite 

Internal validation (N=45,889)
1,964 daytime sinus pause ≥3sec
369 sinus pause ≥6 sec
248 complete AV block 
2,850 composite 

External validation (N=60,171)
1,542 daytime sinus pause ≥3sec 
346 sinus pause ≥6sec
174 complete AV block 
2,250 composite

1,411,304 ambulatory ECG recordings
Jan 2019 – Sept 2023

1,070,924 recordings with no 
asystolic pause and duration 

<14 days

Model training Performance assessment Generalizability



Results

Sensitivity 
(95% CI)

Specificity 
(95% CI)

Daytime pause ≥3 s 77.1 (74.5-79.6) 85.5 (85.3-85.8)
Sinus pause ≥6 s 74.4 (68.2-79.9) 84.5 (84.3-84.8)
Complete AV block 81.1 (73.4-88.5) 72.8 (72.5-73.1)
Composite 80.4 (78.1-82.7) 80.0 (79.7-80.3)

Ref: Fujimura et al. NEJM 1989; EPS shows 15% sens. and 76% spe. 



Forces :
• Gain de temps, jamais fatigué
• Perfectibilité
• Outils diagnostics plus précis 

(beyond human eyes)
• Pallier le manque de ressources
• Réduction de la variabilité intra & 

inter observateur

Faiblesses :
• Pas de full automatique pour 
l’instant

• Attention : quantité data > qualité 
annotations ! « Garbage in 
garbage out »

• Jamais du 100 % : l’I.A. se trompe!
• Menace pour notre job ?






