
Artificial Intelligence in EP:
current status and future

Tetsuo Sasano

Department of Cardiovascular Medicine

Tokyo Medical and Dental University



Electrical 
Healthcare 
Records

Modalities

Wearables

• Natural language
• Patient characteristics
• Laboratory data
• Vital signs
• Medications
• …

• ECG
• Echocardiogram
• CT, MRI, Nuclear imaging
• Pulse wave
• Clinical EP data
• …

• Smart watch
• Implantable Loop Recorder
• Pacemaker, ICD, CRT
• …

AI model development

• Data collection
• Programming
• Parameter setting
• Train, Validate, Test

Proof
of

Concept

Clinical
Trial

Official
Approval

Data/Outcome
Feedback

Contribution of AI to 
the Clinical medicine

• Screening

• Checkup

• Diagnosis

• Treatment

• Prognosis 

prediction

• New findings

• …

Basic science
• Genomics
• Biomarkers
• Proteomics
• …

Application of AI on EP

Unsupervised
Learning

Reinforcement
Learning

Supervised Learning

Input AI model Study Clinical application

Modified from Nakamura T, et al. J Cardiol 2022



Possibility of the application of AI in EP field

- Diagnosis

- Precision medicine / risk stratification

- Remote monitoring



AI for the prediction/detection of AF

1. AI-ECG

2. Precision medicine / risk stratification

3. Remote monitoring

4. Trial for clinical application



12-lead ECG contains huge invisible information

Risk of arrhythmia

Risk of ischemia

Risk of cardiac dysfunction

AI-ECG



Prediction of newly onset AF by AI-ECG

accuracy 
(%)

sensitivity
(%)

Specificity
(%)

Main 79.4 79.0 79.5

Secondary 83.3 82.3 83.4 Attia Zi, et al., Lancet. 2019



Prediction of left ventricular dysfunction by AI-ECG

Attia ZI, Nat Med 2019; 25: 70

Adedinsewo D, Circ AE 2020; 13: e008437



Prediction of AF by AI-ECG

Lead
Accuracy 

(%)
sensitivity

(%)
Specificity

(%)
PPV
(%)

12-lead
64.3
± 3.3

68.3
± 4.1

60.3
± 4.6

63.5
± 3.3



Problems should be solved for application of AI-ECG

Accuracy

RobustnessExplainability

1. Accuracy
Overfitting
Quality of data
Number of data

2. Robustness
Stability of data
(institute, examiner, equipment) 

3. Explainability

Blackbox



Multicenter study

Institutes

- Tokyo Medical and Dental University

- Tsuchiura Kyodo Hospital

- Disaster Medical Center

- Yokohama City Minato 
Red Cross Hospital

- Yokosuka Kyosai Hospital

- Jichi Medical University

- Saitama Medical Center, 
Jichi Medical University

Research period
2020/03 - 2022/01 Enrollment

- 2022/04 Data collection

Number of subjects
2700 (1350 PAF, and 1350 control)

Inclusion criteria
PAF group: Patients with multiple episodes of paroxysmal AF
Control group: Patients routinely visiting the hospital due to cardiovascular disease

Exclusion criteria:
less than 40 years old, history of catheter ablation, device implantation

administration of antiarrhythmic drugs, hemodialysis, malignancy



Improvement of accuracy to predict AF by AI-ECG

Accuracy 0.817

Precision 0.805

Recall 0.837

F1 score 0.820
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Odd’s ratio 20.3



AI-ECG installed in conventional ECG machine

Prototype for research
Collaboration with Fukuda-denshi.

AI-ECG achieved the convenient usage for regular health check.

“Possibility of having AF by AI-ECG”



Diagnosis of Brugada syndrome with AI

A Deep Learning–Enabled Electrocardiogram Model for 
the Identification of a Rare Inherited Arrhythmia : Brugada Syndrome

Liu CM, et al. Can J Cardiol 2022

Use of Wearable Technology and Deep Learning to Improve 
the Diagnosis of Brugada Syndrome

Liao S, et al. JACC EP 2022



Prediction of the Presence of Ventricular Fibrillation 

from a Brugada ECG Using Artificial Intelligence

Nakamura T, et al. Circ J 2022



Data collection and deep learning

2,053 ECGs

VF(+) 16 patients, 549 ECGs
VF(-) 141 patients, 1,504 ECGs
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Prediction of ventricular tachyarrhythmia 
in patients with Brugada type ECG
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Explainable AI module (Grad-CAM) for the prediction of cardiac events 
in patients with Brugada syndrome

Saliency map illustrated that DL focused on diastolic phase periodically. 



Movement of heart position by breathing

V1 V2

RV outflow tract

V1 V2

Exhale Inhale



AI for the prediction/detection of AF

1. AI-ECG

2. Precision medicine / risk stratification

3. Remote monitoring

4. Trial for clinical application



Multicenter study

Institutes

- Tokyo Medical and Dental University

- Tsuchiura Kyodo Hospital

- Disaster Medical Center

- Yokohama City Minato 
Red Cross Hospital

- Yokosuka Kyosai Hospital

- Jichi Medical University

- Saitama Medical Center, 
Jichi Medical University

Research period
2020/03 - 2022/01 Enrollment

- 2022/04 Data collection

Number of subjects
2700 (1350 PAF, and 1350 control)

Inclusion criteria
PAF group: Patients with multiple episodes of paroxysmal AF
Control group: Patients routinely visiting the hospital due to cardiovascular disease

Exclusion criteria:
less than 40 years old, history of catheter ablation, device implantation

administration of antiarrhythmic drugs, hemodialysis, malignancy



(Roselli C, Tanaka T, et al. Nat. Genet. 2018;50:1225-1233、知財第5791171号
C12N 15/09 20060101AFI12015091BHJP, C12Q1 1/68 20060101ALI20150917BHJP）
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(Circ. J. 2018;82:965-973) (Sci Rep. 2021)
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Risk stratification of AF using Genetic Risk Score (GRS)
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GRS was calculated using 106 SNPs.



Combined analysis of GRS and AI-ECG

GRS group score (1-4) + AI-ECG score (0-1)
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Search for important feature value by light GBM
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AI for the prediction/detection of AF

1. AI-ECG

2. Precision medicine / risk stratification

3. Remote monitoring

4. Trial for clinical application



Modalities for remote monitoring

- ECG, Electrocardiography

- PPG, Photoplethysmography

- BCG, Ballistocardiography

- SCG, Seismocardiography

- MCG, Magnetocardiography

Ha T, et al. Adv Sci 2019

Etemadi M, et al. J Applied Phyiol 2018



AI-based diagnosis/detection of AF

Bluetooth

4G/3G

ECG



AI-based detection of AF by PPG and acceleration data

Bluetooth

4G/3G

Automatic diagnosis

PPG

acceleration



AI for the prediction/detection of AF

1. AI-ECG

2. Precision medicine / risk stratification

3. Remote monitoring

4. Trial for clinical application



Stroke Prevention by early detection of AF in Shimizu 

(SPAFS)



Shimizu ward, Shizuoka City

Population in Shimizu: 234,625
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Stroke prevention by Prediction of AF in Shimizu 

(SPAFS)

Subject for annual 
medical check

Shizuoka City Shimizu 
Hospital

AI-ECG

Regular medical 
check

Preemptive therapy

Pulse wave sensorTelemetry ECG

Remote monitoring

Shizuoka City Shimizu 
medical association

AI-based 
detection

of AF

TMDU

AI-based
Prediction

of AF



Result of SPAFS

age
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118 178

Male Female

296 subjects were enrolled in the project.



Newly detected AF patients.
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Detection of undiagnosed AF

8

296

7 for anticoagulation.
3 for catheter ablation.



Report of SPAFS

Low / middle / high risk 

Risk prediction by AI-ECG 

AF / no AF

Detection of AF by remote monitoring



The accuracy of risk stratification by AI-ECG

Detection rate by 
remote monitoring
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Possibility of the application of AI in EP field

- Diagnosis

- Precision medicine / risk stratification

- Remote monitoring
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Thank you for paying attention!


