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Abstract

This doctoral thesis explores the integration of artificial intelligence (AI) into the field of
clinical arrhythmology and electrophysiology, emphasizing its transformative potential in
arrhythmia management. The research is structured around three studies that collectively
demonstrate AI’s capabilities in prediction, localization, and diagnostic analysis within this
broad subspecialty field of cardiology. The first study introduces AFA-Recur, a machine-
learning web calculator developed from the ESC EORP AFA-LT registry. This tool predicts
atrial fibrillation recurrence post-ablation by analyzing clinical variables, highglighting the
potential of AI in personalized patient risk stratification. The second study presents a machine-
learning model that integrates electrocardiograms (ECGs) and clinical data to automatically
and interpretably predict the site of origin in outflow tract ventricular arrhythmias. This
approach enhances the precision of arrhythmia localization, facilitating targeted therapeutic
interventions. The third study evaluates the efficacy of convolutional neural networks (CNNs)
in ECG analysis, comparing standard twelve-lead and single-lead setups. The findings
suggest that CNN-enabled analysis can maintain diagnostic accuracy even with reduced
lead configurations, indicating potential for scalable and accessible arrhythmia detection.
Collectively, these studies underscore AI’s emerging role in clinical arrhyhtmology and
electrophysiology. The integration of AI into clinical practice holds promise for advancing
patient care in this field.
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Chapter 1

Introduction

Artificial Intelligence (AI) has emerged as a transformative force across various fields of
medicine, including cardiovascular medicine. AI refers to the development of computer
systems capable of performing tasks that typically require human intelligence, such as learning,
reasoning, problem-solving, perception, and language understanding. Within medicine, AI
often relies on machine learning (ML) algorithms and deep learning (DL) frameworks, which
can process vast and complex datasets to extract patterns, generate insights, and assist in
decision-making [51, 69].

The application of AI in medicine is driven by the increasing availability of large-scale
healthcare data, advances in computational power, and the need for more precise and efficient
healthcare delivery. Specifically, in cardiovascular medicine, AI has been instrumental
in improving diagnostics, prognostics, and treatment personalization. For example, AI
models can integrate data from imaging modalities, electrocardiograms (ECGs), laboratory
results, and wearable devices, enabling enhanced disease phenotyping, risk stratification, and
therapeutic guidance (Figure 1.1) [47].

1.1 Machine Learning and Deep Learning

Artificial Intelligence encompasses a range of methodologies, with machine learning (ML) and
deep learning (DL) being two of its most prominent branches [49, 13]. While both approaches
aim to enable computers to learn from data, they differ significantly in their underlying
mechanisms and requirements.

Machine learning relies on algorithms that use engineered features derived from the input
data [72]. In other words, domain experts must predefine and extract relevant features for
the ML model to analyze. This approach is computationally efficient and works well with
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Figure 1.1: Potential uses of AI in cardiovascular medicine. Image from [69]

smaller datasets, but its accuracy heavily depends on the quality of the predefined features
and the expertise involved in their selection.

Deep learning, a subset of ML, utilizes neural networks with multiple layers (hence the
term ”deep”) to automatically extract features directly from raw data [65]. Unlike traditional
ML, DL does not require manual feature engineering, as the model learns hierarchical
representations of the data during training (Figure 1.2). This self-learning capability allows
DL models to achieve higher accuracy, particularly in complex tasks such as image recognition
and natural language processing. However, this enhanced performance comes with the need
for significantly larger datasets to train the model effectively and greater computational
resources [49].

In cardiovascular medicine, both ML and DL are widely applied. ML is commonly
used in tasks where structured data, such as clinical parameters, are involved, while DL
is often employed in analyzing unstructured data, such as imaging and ECG waveforms.
Understanding these differences is crucial for selecting the most appropriate AI methodology
for specific applications.
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Figure 1.2: Difference between machine learning and deep learning. While ML requires human-based feature extraction before
the AI task, DL is able to perform both feature extraction and the subsequent AI task from the raw input. Image from
www.levity.ai/blog/difference-machine-learning-deep-learning

1.2 AI applications in Cardiovascular Medicine

AI applications in cardiovascular medicine can be categorized into several domains:

• Imaging Analysis: Deep learning models have demonstrated remarkable accuracy
in interpreting imaging studies, such as echocardiography, computed tomography
(CT), and cardiac magnetic resonance imaging (MRI). These tools not only automate
image segmentation and feature extraction but also identify pathologies, such as left
ventricular dysfunction and coronary artery disease, with precision comparable to expert
clinicians [121, 5].

• Electrocardiogram Interpretation: The use of AI in ECG analysis has been transfor-
mative. AI algorithms can detect subtle abnormalities, predict conditions like atrial
fibrillation (AF) from sinus rhythm ECGs, and even estimate patient characteristics
such as biological age and sex based on ECG patterns. These advancements have the
potential to improve early detection of cardiac diseases [112, 8, 75].

• Predictive Analytics: AI excels in predicting clinical outcomes, such as the likelihood
of adverse cardiovascular events, by analyzing complex interactions among clinical
variables. Tools like the Global Registry of Acute Coronary Events (GRACE) 3.0 score
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leverage machine learning to provide highly accurate risk predictions, accounting for
nonlinear relationships and patient-specific factors [120, 26].

• Wearable Devices and Remote Monitoring: The integration of AI with wearable
technology enables continuous monitoring of cardiac health. For instance, AI algorithms
analyze data from smartwatches and fitness trackers to detect arrhythmias, monitor
heart rate variability, and provide actionable insights for both patients and clinicians [66].

1.3 Arrhythmology and Electrophysiology

Within the broader field of cardiovascular medicine, arrhythmology—the study and manage-
ment of heart rhythm disorders—represents a critical area of focus. Arrhythmias, such as
atrial fibrillation (AF), ventricular tachycardia (VT), and bradyarrhythmias, pose significant
challenges due to their prevalence and potential to cause severe complications, including
stroke and sudden cardiac death. Interventional electrophysiology has become a cornerstone
of arrhythmia management, employing minimally invasive techniques to diagnose and treat
these disorders [74].

AI’s integration into arrhythmology has revolutionized the approach to rhythm disorders.
For example, AI-enhanced ECGs enable the detection of subtle patterns indicative of arrhyth-
mias, even when traditional diagnostic methods fall short. Machine learning algorithms have
been developed to classify arrhythmias with near-expert accuracy, facilitating earlier and
more accurate diagnoses [50]. Furthermore, predictive models assist clinicians in identifying
patients at risk of arrhythmia recurrence or complications, enabling more proactive care [101].

In interventional electrophysiology, AI is enhancing procedural planning and execution.
Advanced imaging and mapping technologies, combined with AI-driven analytics, allow for
precise localization of arrhythmogenic foci, optimizing ablation strategies and improving
outcomes. These innovations reduce procedural time, enhance safety, and increase the
likelihood of long-term success [57].

The integration of AI into cardiovascular medicine, and specifically into arrhythmology
and interventional electrophysiology, marks a paradigm shift in how heart rhythm disorders
are diagnosed and managed. By augmenting human expertise with computational intelligence,
AI has the potential to improve patient outcomes, streamline workflows, and personalize
treatment strategies.
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1.4 Organization of the PhD Thesis

The subsequent chapters of this thesis will systematically present the contributions made
during the course of my PhD, offering a detailed exploration of the specific advancements and
applications developed in the interdisciplinary field of AI-driven arrhythmology and interven-
tional electrophysiology (Figure 1.3). These chapters aim to provide an in-depth analysis of
the methodologies employed, the innovations introduced, and the challenges addressed in
applying artificial intelligence to clinical cardiology, with a particular focus on the detection,
prediction, and management of cardiac arrhythmias. By organizing and consolidating the
findings from a series of three different contributions, this thesis will demonstrate the progres-
sion from theoretical models and algorithmic development to practical implementations and
clinical validations. Emphasis will be placed on how these contributions have enhanced our
understanding of cardiac electrophysiology, improved diagnostic and therapeutic workflows.
Furthermore, the real-world implications of these innovations, including their potential to
transform interventional strategies and optimize healthcare delivery in arrhythmology, will
be critically discussed to underscore their broader significance.

Figure 1.3: Roadmap of the following chapters, which will explore three different contributions in the field of AI and arrhythmology
made during the PhD
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Chapter 2

AFA Recur

2.1 Background

Atrial fibrillation (AF) is the most prevalent arrhythmia encountered in clinical practice, with
its current estimated prevalence in the adult population ranging from 2 to 4%. The burden
of mortality and morbidity associated with AF is expected to increase in the coming years,
as recent epidemiological projections predict that the prevalence will double by 2050 [116].

A rhythm-control strategy is recommended to improve symptoms and quality of life, and,
as shown in the EAST-AFNET 4 trial [60], it may also help reduce adverse cardiovascular
outcomes, particularly when the arrhythmia has been present for less than 12 months. In this
context, catheter ablation is a well-established option, offering superior efficacy in maintaining
sinus rhythm compared to antiarrhythmic drugs [76] and is increasingly considered a first-line
treatment [102].

However, recurrent AF following catheter ablation is still relatively common, often
necessitating multiple procedures [44, 43]. Achieving freedom from recurrent AF enhances the
benefits of catheter ablation in terms of symptom relief and possibly reduces the risk of serious
adverse events, given the well-documented association between sinus rhythm maintenance
and survival [54]. This highlights the importance of better patient selection. Various scoring
systems have been proposed to predict recurrent AF after catheter ablation [31], but the
discriminatory power of these models remains largely inadequate, with most studies lacking
proper calibration.

The field of machine learning (ML) is expanding, and numerous examples show that ML-
derived scores can outperform traditional risk scores in predicting cardiovascular outcomes [107,
25]. This study aims to develop an ML algorithm using pre-procedural, easily accessible clinical
variables from the prospective, multicenter, multinational European Society of Cardiology
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(ESC)-EHRA Atrial Fibrillation Ablation Long-Term Registry (AFA-LT) to predict the
risk of AF recurrence within one year following catheter ablation, as part of a structured
management approach aligned with the recently published AF guidelines [116].

2.2 Methods

2.2.1 Atrial Fibrillation Ablation Long-Term Registry

The ESC-EHRA AFA-LT is a prospective, multicenter, observational registry of consecutive
patients undergoing AF ablation across 104 centers in 27 countries within European Society
of Cardiology (ESC). Centers involved in the study enrolled consecutive patients scheduled for
AF ablation from April 2012 to April 2015, with follow-up for one year. AF was categorized
as either paroxysmal or persistent, based on the 2010 ESC Guidelines [17]. Written informed
consent was obtained from all patients prior to enrollment. Additional details regarding the
registry can be found in the original publication [4].

2.2.2 Outcome Assessment

The primary outcome was the 1-year atrial tachyarrhythmia recurrence, defined as an
electrocardiographically documented episode of AF or atrial flutter/tachycardia lasting at
least 30 seconds after a 3-month blanking period following the ablation. According to the
original AFA-LT registry publication, 1-year follow-up (median 12.4 months, interquartile
range 11.9–13.4 months) was completed through in-person visits (52.8%), telephone contact
(44.2%), or contact with the patient’s general practitioner (3.0%). During the registry period,
strategies for detecting arrhythmia recurrence included periodic clinical visits with EKG
(78.4%) and 24-hour Holter monitoring (64.5%), based on the physician’s discretion. In 3.4%
of cases, trans-telephonic monitoring and implanted monitoring systems were used. Overall,
86% of patients had at least one EKG, and 82% underwent at least one physical evaluation
during the 12-month follow-up.

2.2.3 Study Inclusion Criteria

Patients were included in the study if they met the following criteria: (i) underwent ablation,
(ii) had a clearly defined AF type (paroxysmal or persistent), and (iii) had available 1-year
follow-up data on arrhythmic recurrences.
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2.2.4 Candidate Predictors and Data Preprocessing

The following pre-procedural and easily accessible variables, derived from clinical history,
personal data, and echocardiographic assessments, were considered as potential predictors
for the ML model training: age, gender, body mass index (BMI), estimated glomerular
filtration rate (CKD-EPI formula), smoking status (active, former, never), hypertension,
diabetes, dyslipidemia, history of heart failure, coronary artery disease, structural heart
disease (valvular heart disease, dilated cardiomyopathy, hypertrophic cardiomyopathy),
prior stroke/transient ischemic attack, presence of a cardiac rhythm device (pacemaker,
implantable cardioverter defibrillator, or cardiac resynchronization therapy), hyperthyroidism,
peripheral artery disease, chronic obstructive pulmonary disease, obstructive sleep apnea,
CHA2DS2-VASc score, AF type (paroxysmal or persistent), history of atrial flutter, prior
failed antiarrhythmic therapy, pre-procedural sinus rhythm, abnormal EKG findings (e.g.,
atrioventricular block, bundle branch block, Q waves, ST-T abnormalities, corrected QT
>460 ms), procedure type (first ablation or re-do), left ventricular ejection fraction (LVEF),
left atrial anteroposterior diameter (LA), and left ventricular end-diastolic volume (LVEDV).
Categorical variables are presented as numbers and percentages, while continuous variables
are represented as means and standard deviations. Missing data were imputed using the
k-nearest neighbor (kNN) technique with k = 5.

2.2.5 Model Derivation and Validation

The original dataset was randomly split into a training set (80%) and a testing set (20%).
A preliminary backward stepwise logistic regression model was first applied to the training
cohort and tested on the testing cohort with poor outcome (Figure 2.1).

Subsequently, four supervised ML classifiers were trained on the training cohort: decision
tree (DT), random forest (RF), AdaBoost (ADA), and k-nearest neighbor (kNN). Model
hyperparameters were optimized using 10-fold cross-validation, and the final model was
selected based on the set of tuning parameters that maximized the mean area under the
curve (AUC). The model’s discriminatory performance (AUC) was assessed in the testing
cohort. The model with the best AUC was chosen for further analysis, while the others were
discarded. The importance of each variable was determined for the chosen ML classifier
using a filter-based method. AUC was then assessed as the number of predictors was reduced
according to the variable importance ranking. To ensure adequate discrimination and limit
model complexity, the model offering the best trade-off between AUC and predictor number
was selected. The final model’s discriminatory ability in the testing cohort was compared to
the widely used APPLE score [62]. Calibration was assessed through a reliability diagram and
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Figure 2.1: ROC curve for standard stepwise backward logistic regression model applied on the testing cohort, yielding an
AUC of 0.578 (95% CI 0.527-0.629). The resulting variables of the model after stepwise backward selection were: age, eGFR
(CKD-EPI), heart failure, device, dyslipidemia, hyperthyroidism, LA diameter and abnormal EKG.

the Hosmer–Lemeshow test. Platt scaling was applied to re-calibrate the model’s predictions.
The distribution of re-calibrated probabilities and quintile analysis were also examined, with
the first two quintiles considered ”low risk,” the third and fourth ”intermediate risk,” and
the final quintile ”high risk” in terms of recurrence probability. A web-based risk calculator
was then developed using the final calibrated ML model.

All analyses were performed independently at our center using R software version 4.0.0 (R
Foundation for Statistical Computing, Vienna, Austria). The caret package (https://cran.r-
project.org/web/packages/caret/caret.pdf) was used for model training and hyperparameter
optimization, and the shiny package (https://shiny.rstudio.com/) was used to build the web
calculator. A p-value < 0.05 was considered statistically significant.

2.3 Results

A total of 3,128 patients from the ESC-EHRA AFA-LT registry met the inclusion criteria
and were analyzed. Table 2.1 presents the main clinical characteristics. The mean age was
58± 10 years, with 68.7% being male. The mean CHA2DS2-VASc score was 1.58± 1.32, and
20.6% had a history of heart failure. Persistent atrial fibrillation was observed in 31.9% of
patients. The majority of ablation procedures (83%) were performed using radiofrequency as
the energy source.

During the 1-year follow-up, 797 patients (25.8%) experienced at least one arrhythmic
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recurrence, including 23.9% of those with paroxysmal atrial fibrillation (AF). Baseline clinical
variables, stratified by the presence of recurrence during follow-up, are presented in Table 2.1.
Patients who experienced arrhythmic recurrence were more likely to have persistent AF, a
history of heart failure, impaired renal function, and exhibited higher CHA2DS2-VASc scores
and body mass index (BMI) compared to those without recurrence. Additionally, patients
with recurrence showed a larger left atrial (LA) anteroposterior diameter and a lower left
ventricular ejection fraction (LVEF) than those without recurrence.

Table 2.1: Baseline clinical features of the original population, stratified by recurrence status

Variables Total (n = 3128) No recurrence (n = 2331) Recurrence (n = 797) P-value
Age (years) 58.09 (10.28) 57.99 (10.27) 58.38 (10.30) 0.361
Male gender (%) 2148 (68.7) 1604 (68.8) 544 (68.3) 0.804
BMI (kg/m2) 28.40 (4.46) 28.29 (4.45) 28.74 (4.45) 0.017
eGFR (mL/min/1.73m2) 80.80 (18.47) 81.62 (18.30) 78.47 (18.77) < 0.001
Heart failure (%) 431 (20.6) 298 (19.5) 133 (23.6) 0.046
CAD (%) 367 (17.9) 264 (17.6) 103 (18.4) 0.730
Structural heart disease (%) 535 (25.5) 379 (24.8) 156 (27.5) 0.230
Stroke/TIA (%) 96 (3.1) 68 (2.9) 28 (3.5) 0.476
Device carrier (%) 138 (4.4) 87 (3.7) 51 (6.4) 0.002
Smoker status (%) 0.066

Former (≥ 1 month) 588 (19.7) 417 (18.8) 171 (22.4)
No 2082 (69.9) 1573 (71.0) 509 (66.7)
Yes 309 (10.4) 226 (10.2) 83 (10.9)

Diabetes (%) 301 (9.7) 220 (9.5) 81 (10.2) 0.599
Hypertension (%) 1680 (53.9) 1221 (52.7) 459 (57.6) 0.019
Dyslipidaemia (%) 988 (32.2) 739 (32.4) 249 (31.8) 0.809
Hyperthyroidism (%) 72 (2.3) 45 (2.0) 27 (3.5) 0.026
PAD (%) 55 (1.8) 42 (1.8) 13 (1.6) 0.751
COPD (%) 69 (2.3) 49 (2.2) 20 (2.5) 0.616
Obstructive sleep apnoea (%) 105 (3.6) 80 (3.7) 25 (3.4) 0.762
CHA2DS2-VASc score 1.58 (1.32) 1.55 (1.32) 1.66 (1.33) 0.043
AF type (%) 0.005

Paroxysmal AF 2130 (68.1) 1620 (69.5) 510 (64.0)
Persistent AF 998 (31.9) 711 (30.5) 287 (36.0)

AFL (%) 724 (24.1) 529 (23.6) 195 (25.7) 0.264
Previous failed AAD (%) 2782 (89.7) 2064 (89.3) 718 (90.8) 0.273
Baseline LVEF (%) 59.81 (8.54) 60.01 (8.49) 59.20 (8.65) 0.045
Baseline LVEDV (mL) 112.47 (30.62) 112.84 (30.17) 111.57 (31.74) 0.543
Baseline LA diameter (mm) 42.63 (6.67) 42.22 (6.64) 43.81 (6.61) < 0.001
Baseline sinus rhythm (%) 1968 (62.9) 1514 (65.0) 454 (57.0) < 0.001
Abnormal ECG (%) 1885 (60.3) 1362 (58.4) 523 (65.6) < 0.001
Re-do procedure (%) 674 (21.5) 490 (21.0) 184 (23.1) 0.240

Four different supervised machine learning (ML) classifiers—decision tree (DT), random
forest (RF), adaptive boosting (ADA), and k-nearest neighbors (kNN)—were trained and
optimized using the training cohort. Table 2.2 reports full details of the 10-fold cross-validation
for the optimally tuned models, showing that the best performer was the RF model, achieving
an area under the curve (AUC) of 0.722 (interquartile range: 0.691–0.739).

Receiver operating characteristic (ROC) curves and corresponding AUC values for the
testing cohort across different models are shown in Figure 2.2, with the RF model demon-
strating the best discriminative performance [AUC = 0.718, 95% confidence interval (CI):
0.674–0.761], making it the model of interest.
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Table 2.2: AUC summary statistics obtained by 10-fold cross-validation on the training cohort of the optimally tuned models.

Model Min. 1st Quartile Median Mean 3rd Quartile Max.
Decision Tree 0.5396 0.5832 0.6073 0.5977 0.6155 0.6425
Random Forest 0.6412 0.6908 0.7218 0.7102 0.7386 0.7544
Adaboost 0.6301 0.6884 0.7162 0.7053 0.7320 0.7584
kNN 0.5162 0.5569 0.5882 0.5860 0.6271 0.6422

Figure 2.2: Receiver operator curve curves and corresponding AUC of the four evaluated machine-learning classifiers. AUC, area
under the receiver operator curve.

Figure 2.3A, presents the variable ranking in the RF model. To ensure effective discrim-
ination while minimizing model complexity, the change in AUC in the testing cohort was
assessed by progressively reducing the number of predictors, starting with the lowest-ranked
variables. Simplified RF models were fitted using K features, with K ranging from 1 to
27, and the resulting AUC values were plotted against the number of included variables
(Figure 2.3B). As model discrimination plateaued after 19 variables, a 19-variable RF model
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was selected as the final ML classifier (Figure 2.3C; Table 2.3).

Figure 2.3: Random forest model selection. (A) Variable ranking for the 27 original predictors; (B) the number of included
variables strengthens the model AUC reaching a plateau at 19; (C) ROC curve and corresponding AUC of the final 19-variable
random forest model. AAD, antiarrhythmic drug; AFL, atrial flutter; AUC, area under the receiver operator curve; AFL, atrial
flutter; BMI, body mass index; CAD, coronary artery disease; COPD, chronic obstructive pulmonary disease; LA, left atrium;
LVEDV, left ventricular end-diastolic volume; LVEF: left ventricular ejection fraction; PAD, peripheral artery disease; RF:
random forest; ROC: receiver operator curve.

The area under the curve (AUC) of the final model in the testing cohort was 0.721 (95%
CI: 0.680–0.764), demonstrating superior performance compared to the APPLE score for
outcome prediction in the same cohort (AUC = 0.557, 95% CI: 0.506–0.607; Figure 2.4).

Due to uncalibrated predictions of the model, as indicated by the Hosmer–Lemeshow
test (P = 0.005), over-forecasting was observed in the lower left quadrant of the reliability
plot (Figure 2.5, panel A). To address this, calibration was successfully performed using
Platt scaling (Figure 2.5, panel B), resulting in an improved Hosmer–Lemeshow test outcome
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Table 2.3: Included variables in the final model.

Included Variables
LVEDV
Estimated glomerular filtration rate (CKD-EPI formula)
BMI
Age
LA anteroposterior diameter
LVEF
CHA2DS2-VASc score
Dyslipidaemia
AFL
Type of procedure (first procedure or re-do)
Atrial fibrillation type (paroxysmal or persistent)
Structural heart disease
Hypertension
Baseline sinus rhythm
Gender
Abnormal ECG
Heart failure
CAD
Smoker

(P = 0.063). The frequency distribution of predicted probabilities after re-calibration is
shown in Figure 2.6A.

Figure 2.4: ROC curve for APPLE score applied on the testing cohort, yielding an AUC of 0.557 (95% CI 0.506-0.607).
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Figure 2.5: Random forest model calibration on the testing cohort. (A) Calibration plot before Platt scaling, showing uncalibrated
predictions. (B) Calibration plot after Platt scaling, yielding improved calibration.

Figure 2.6: Predicted probability distribution and quantile analysis on the testing cohort. (A) Frequency distribution of the
predicted probabilities of AF recurrence (after re-calibration with Platt scaling). (B) Quintile analysis of the predicted probability
distribution; the first two quintiles are considered ‘low risk’ (green), the third and the fourth ‘intermediate-risk’ (yellow), while
the last quintile represent ‘high risk’ (red) for AF recurrence after catheter ablation.

A quintile-based analysis (Figure 2.6B) identified three distinct risk categories for recur-
rence. The first two quintiles were classified as the ‘low-risk’ group (predicted probability
range: 0.04–0.19), the third and fourth quintiles as the ‘intermediate-risk’ group (predicted
probability range: 0.19–0.38), and the highest quintile as the ‘high-risk’ group (predicted
probability range: 0.38–0.76).

The final re-calibrated RF model was ultimately implemented in a web calculator, freely
available at http://afarec.hpc4ai.unito.it/, allowing the user to input predictor values to
obtain the probability output of 1-year AF recurrence for a specific patient, as well as its
associated risk class (Figure 2.7).

2.4 Discussion

Catheter ablation has emerged as a well-established and safe approach for rhythm control
in patients with symptomatic AF [116]. Although the recent Catheter Ablation vs. An-
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Figure 2.7: Freely available web calculator http://afarec.hpc4ai.unito.it/, which allows the user to input predictor values to
obtain a probability output of 1-year AF recurrence, as well as the associated risk class, for a specific patient.

tiarrhythmic Drug Therapy for Atrial Fibrillation (CABANA) trial did not achieve formal
statistical significance in its composite primary outcome, it demonstrated that catheter
ablation reduces mortality and cardiovascular hospitalization, as observed in its secondary
endpoint [76]. Moreover, clinical trials involving patients with concurrent heart failure, along
with real-world observational evidence, suggest that catheter ablation may offer superior
cardiovascular outcomes compared to medical therapy [71, 94].

However, the efficacy of AF catheter ablation remains a challenge, with recurrence rates
after a single procedure ranging from 20% to 45% [44, 43]. One contributing factor is
the insufficient durability of ablation lesions, which may be improved through technological
advancements. Another key issue is the presence of a complex myocardial substrate, influenced
by various clinical risk factors and comorbidities. To optimize treatment outcomes and avoid
ineffective interventions, appropriate patient selection is crucial. Established risk factors for
arrhythmia recurrence include persistent AF, left atrial enlargement, and underlying structural
heart disease [9, 24]. Several prognostic models incorporating different predictive variables
have been proposed to address this concern. However, a recent meta-analysis assessing 13
prognostic models found that their predictive accuracy was suboptimal, with none consistently
demonstrating strong performance in forecasting rhythm outcomes [31]. Additionally, none
of these models underwent internal validation, leading to an overly optimistic estimation of
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their predictive capabilities in untested populations. Furthermore, only two out of the 13
models included calibration assessment, a crucial step in refining predictive models that was
missing in most cases.

In this study, we developed and evaluated the first machine learning (ML)-based prob-
ability score (AFA-Recur) to estimate the risk of recurrent arrhythmic events in patients
undergoing AF catheter ablation. This model is derived from the largest available prospective,
multicenter, multinational, observational registry of the European Society of Cardiology
(ESC-EHRA AFA-LT). ML is an advancing field with increasing applications in cardiovascular
medicine [111], leveraging data-driven algorithms to uncover hidden but clinically relevant
associations without predefined assumptions about variable interactions. Unlike traditional
statistical methods such as logistic regression, ML models consider multiple, complex, and
non-linear interactions between patient characteristics and comorbidities. Recent studies
have demonstrated that ML-based cardiovascular predictive models outperform conventional
risk scores [107, 117] and have been evaluated across various clinical scenarios [22]. Our
findings further support this perspective, as the AFA-Recur model demonstrated superior
performance in predicting 1-year arrhythmia recurrence after catheter ablation compared to
the widely used APPLE score [62].

A key strength of our score is its derivation from a diverse patient cohort across 104
centers in 27 countries within the ESC. Unlike previous risk scores developed in highly selected
patient populations, the ESC-EHRA AFA-LT registry allows for the inclusion of broader
patient heterogeneity, capturing differences in patient selection and procedural characteristics
across centers and countries. This enhances its applicability to real-world clinical practice.
Additionally, the prospective nature of the registry ensures that patient selection was not
influenced by the availability of predictors or outcome data.

2.4.1 Limitations

Some limitations of this study should be acknowledged. First, because only a subset of
patients received loop recorders post-procedure, brief asymptomatic arrhythmia recurrences
may have been missed in the outcome assessment. However, prior research suggests that only
a small proportion of patients clinically classified as arrhythmia-free after catheter ablation
would meet the criteria for ablation failure (defined as recurrent arrhythmia lasting >30
seconds) when monitored with long-term electrocardiographic recordings [122]. Moreover,
given that symptom relief is the primary goal of AF ablation, short, asymptomatic arrhythmic
episodes may not necessarily indicate procedural failure.

Additionally, the ESC-EHRA AFA-LT registry classified AF as either paroxysmal or
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persistent based on the 2010 ESC Guidelines [17]. Subsequent updates to the guidelines
have altered these definitions, leading to a significant shift in classification from persistent to
paroxysmal AF. Nonetheless, a recent study suggests that the original definition may be a
better predictor of rhythm outcomes following AF ablation [119].

Finally, since only a minority of patients (16%) in this study underwent cryoballoon
ablation, the AFA-Recur score may primarily apply to patients treated with radiofrequency
ablation. While cryoballoon and radiofrequency ablation have comparable success rates [63],
predictors of arrhythmia recurrence may differ between these techniques. The predominance
of radiofrequency ablation in our study population limited our ability to perform subgroup
analyses to explore potential differences in recurrence predictors between energy sources and
ablation technologies.

2.4.2 Conclusion

Based on data from the largest available prospective, multicenter, multinational observational
registry of AF patients undergoing catheter ablation (ESC-EHRA AFA-LT registry), we
developed and validated an ML-based probability score (AFA-Recur) to estimate the 1-year
risk of arrhythmia recurrence post-ablation.

The freely accessible online calculator (http://afarec.hpc4ai.unito.it/) enables clinicians
to input easily obtainable pre-procedural clinical variables to estimate patient-specific risks
of AF recurrence after ablation. The strong predictive performance of this model supports
its potential role in guiding personalized therapeutic decision-making.
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Chapter 3

ML-based site of origin prediction of
outflow tract arrhythmias

3.1 Background

Ventricular tachycardia (VT) is a critical cardiac arrhythmia that can result in sudden cardiac
death (SCD). Among VT subtypes, idiopathic ventricular arrhythmias (IVAs) present a
particular diagnostic challenge, as their underlying mechanisms remain largely unclear. A
prevalent category within IVAs is outflow tract ventricular arrhythmias (OTVAs), which
originate from the ventricular outflow tracts—the anatomical regions linking the ventricles to
major arteries. The structural and functional complexity of these areas complicates both
diagnosis and treatment planning for OTVAs.

Currently, treatment options for OTVAs include antiarrhythmic medications and ra-
diofrequency ablation (RFA) [67]. However, RFA’s effectiveness has been limited, with
high recurrence rates frequently reported. To enhance the success rate of RFA, accurate
pre-procedural planning is crucial. This involves determining the optimal ablation site, also
referred to as the ectopic foci or site of origin (SOO) of the OTVA, prior to the procedure.

The electrocardiogram (ECG) serves as a fundamental tool for identifying the SOO in
OTVAs, as its morphological variations are distinguishable in affected individuals [67]. Initial
estimations of the SOO, differentiating between right ventricular outflow tract (RVOT) and
left ventricular outflow tract (LVOT) origins, are commonly made through visual ECG
analysis.

Numerous methods have been developed to analyze ECG characteristics for distinguishing
LVOT from RVOT origins, as reviewed comprehensively in [1, 55, 70]. Some algorithms assess
the proximity of the origin to specific ECG lead patterns, associating left bundle branch block
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(LBBB) patterns with origins near lead V1 and right bundle branch block (RBBB) patterns
with origins further from the anterior chest. However, complexity arises as LVOT origins can
exhibit either LBBB or RBBB patterns, depending on the specific SOO. A crucial component
in these algorithms is the precordial transition, defined as the first precordial lead displaying
a dominant R wave. This measure establishes criteria for determining the transition zone or
analyzing the R/S wave ratio (i.e., the amplitude of the R wave divided by the amplitude of
the S wave in the QRS complex) in specific leads. Despite reported accuracies often exceeding
85%, many of these methods are derived from single-center datasets, rely on visually assessed
ECG features, and incorporate highly specific thresholds, thereby limiting their general
applicability. Alternative methods analyze the precordial transition in both sinus rhythm
and premature ventricular contractions (PVCs), which are frequently observed in OTVA
cases [12, 34].

Nonetheless, dependence on clinician expertise for visually interpreting these ECG features
introduces potential inconsistencies in the analysis. Additionally, variability in precordial
lead placement and heart orientation complicates the standardization of diagnostic criteria.
Sole reliance on visual ECG analysis may lead to misdiagnosis and suboptimal treatment
strategies, ultimately prolonging procedural time and elevating recurrence risks.

Recent advancements have aimed to enhance SOO prediction accuracy beyond visual
inspection. These approaches integrate ECG morphological analysis with patient data to
improve classification performance. For example, Penela et al. [81] introduced a hybrid
algorithm incorporating clinical parameters such as sex, hypertension, and age alongside
ECG analysis based on the precordial R/S transition and lead V3 amplitude. However, this
method depends on manually set thresholds for age and V3 amplitude and partially relies on
clinician expertise in determining the R/S transition.

While these approaches improve upon visual analysis alone, they remain constrained by
accuracy and interpretability issues. Doste et al. [29] proposed a machine learning (ML)-
based classification model utilizing both real and simulated signals to predict OTVA origins.
However, this approach lacks patient-specific data integration, potentially restricting its
applicability in real-world clinical settings.

To overcome these challenges, our study proposes a comprehensive ML framework that
integrates signal analysis from both simulated and real ECG data, incorporates patient-
specific information, and systematically identifies the most relevant predictive features. This
integrated strategy enhances classification accuracy while also improving interpretability,
providing clinicians with insights into key factors influencing treatment decisions. Further-
more, our approach extends beyond classification by employing unsupervised algorithms to
identify specific ectopic foci locations, enabling cluster analysis based on ECG characteristics
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and patient demographics. This holistic methodology aims to advance the precision and
effectiveness of OTVA treatment planning significantly.

3.2 Methods

The study employed a comprehensive methodology to examine the identification of OTVA’s
SOO, integrating multiple databases and advanced analytical techniques. The primary
objective was to distinguish between LVOT and RVOT origins using a supervised ML approach.
Additionally, an unsupervised ML approach was employed to explore the identification of
the specific SOO. Four distinct databases were utilized: two containing QRS complexes, one
with simulated QRS complexes, and another incorporating both QRS complexes and clinical
patient data.

During the supervised training phase, models were developed separately using QRS
complexes and patient data. Various combinations of QRS data and patient information from
different databases were explored to assess their impact on model performance. Moreover,
an innovative strategy was introduced, wherein models were trained independently, and the
inference from one was used as input for the other to enhance predictive performance.

Furthermore, an algorithm was designed to automate the identification of the R/S
transition from PVC and sinus rhythm beats, thereby improving model precision. Additionally,
all predefined thresholds from the original approach proposed by Penela et al. [81] were
eliminated.

Feature relevance analysis was performed using SHAP (SHapley Additive exPlana-
tions) [68] and Gini’s coefficient metric [20] on the QRS-based models. Insights from
this analysis guided the incorporation of additional features into the patient data models,
enhancing predictive accuracy.

Finally, an unsupervised hierarchical clustering model was applied to explore structural
patterns within the data. Unlike other models that primarily focus on distinguishing between
right (RVOT) and left (LVOT) ventricular origins, this model was specifically designed to
identify the precise SOO within the ventricular structure. This novel approach enhances the
understanding of OTVA and refines targeted treatment strategies.

The following sections detail the databases used, the supervised training models, feature
and model analysis, the unsupervised training methodology for specific SOO identification,
and the various experiments conducted. The overall pipeline is illustrated in Figure 3.1.
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Figure 3.1: Study pipeline. On the left, an adapted image of the outflow tracts from Sánchez-Quintana et al. [108] is displayed,
where the specific sites of origin (SOO) are marked. The red points indicate RVOT origins, the green points correspond to LVOT
origins, and the yellow points represent aortic cusp (AoC) origins, which form a subgroup within the LVOT origins. On the
right, a legend is provided for the origins, along with two example signals representing RVOT (blue) and LVOT (orange) origins.
Additionally, a schematic representation of the models obtained from various experiments is shown. **Model A** utilizes 12-lead
QRS complexes. **Model B** incorporates patient data along with basic ECG features, as listed in the figure. **Model C**
is developed using the best QRS segments identified through feature relevance analysis from Model A, the optimal feature
configuration from Model B, and the prediction output from Model A. Finally, unsupervised clustering was conducted to explore
the natural distribution of the specific SOO using the most relevant set of features.

3.2.1 Databases

For our study, we utilized four multi-centric ECG databases, each contributing a distinct yet
complementary role:

• DS-2496: Consisting of 2469 simulated 12-lead ECG signals (RVOT: 1040, LVOT:
1456), this dataset was generated using the pipeline proposed by Doste et al. [30] to
simulate OTVA patients.

• DS-31: Containing 31 cases (RVOT: 17, LVOT: 14) of 12-lead ECG recordings from
Hospital Clínic, Barcelona.

• DS-334: An open-source database comprising 334 12-lead ECG signals (RVOT: 234,
LVOT: 100) as published by Zheng et al. [123].

• DS-114: Comprising 114 cases (RVOT: 79, LVOT: 35) obtained from Hospital Teknon,
Barcelona. This dataset, partially employed in Penela et al. [81], includes 12-lead ECG
signals, multiple beats per patient, premature ventricular contractions (PVCs), and
relevant clinical data.
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Ethical considerations were rigorously followed, with written informed consent obtained
from all patients. To address the variations across databases, we designed two distinct models.
The first model integrated all four datasets to develop a classifier based on QRS complex
morphology, while the second model exclusively utilized clinical data from DS-114 for training.
Furthermore, a third hybrid model combining both approaches was explored.

The dataset was partitioned into training (80%) and testing (20%) subsets using a stratified
split to preserve the RVOT and LVOT proportions [1]. Each database was individually divided
before merging subsets according to the training model. A 5-fold cross-validation approach
was employed, along with a grid search for hyperparameter tuning, ensuring a rigorous and
reliable training process.

3.2.2 Supervised Models

The model based on QRS complexes was trained according to the methodology described in
Doste et al. [29]. Each lead’s QRS complexes were resampled into ten evenly spaced points,
concatenating them into a vector where each entry represented a 10% segment of the complex.
Unlike previous studies that focused on select leads, this approach incorporated all 12 leads
to ensure a comprehensive assessment of QRS morphology.

For clinical data modeling, we adopted a weighted hybrid algorithm inspired by Penela
et al. [81]. Age and V3 amplitude were originally binarized at thresholds of 50 years and
1 mV, respectively. To improve generalizability and reduce overfitting, age was normalized
by dividing by 100, ensuring a consistent range across features. Additionally, the raw V3
amplitude was included instead of its binarized counterpart. To automate precordial transition
detection, we developed an algorithm that calculates the R/S ratio for each lead, identifying
where the R wave starts to dominate.

Considering that precordial transition depends on the horizontal cardiac axis and patient-
specific clinical factors [70], we standardized the R/S transition based on sinus rhythm. This
involved computing the transition for both beats and combining them into a unified feature
by subtracting one from the other.

ECG signal delineation was performed using the convolutional neural network proposed by
Jimenez-Perez et al.[56]. Subsequently, cardiac cycles were segmented to extract premature
ventricular contraction (PVC) beats alongside their preceding beats. For each case, the QRS
complexes were analyzed, and the R/S ratios were computed across the precordial leads.

A range of machine learning algorithms were tested, including Support Vector Machines
(SVM) with the NuSVC implementation from scikit-learn [80], multilayer perceptron (MLP),
Extra Trees (ET), Random Forest (RF), and XGBoost[21]. Hyperparameter tuning was
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conducted through grid search, optimizing parameters for each model (Table 3.1 reports the
tuned parameters for each model).

Model Parameter Range Step

SVM

Nu value [0.4, 0.6] 0.1
Kernel {rbf, linear, poly} -
Degree* [1,5] 1
Gamma {scale, auto} -
Coef0* [0,1] 0.5

MLP

Solver {lbfgs, adam} -
Alpha {1e-4, 1e-5, 1e-6} -
Hidden layers size {10, 50, 100} -
Activation function {identity, logistic, tanh, relu} -

RF
Estimators [100, 500] 100
Minimum samples to split [0.1, 1] 0.1
Minimum samples per leaf [0.1, 1] 0.1

ET
Estimators [100, 500] 100
Minimum samples to split [0.1, 1] 0.1
Minimum samples per leaf [0.1, 1] 0.1

XGBoost

Maximum depth [1, 10] 1
Minimum child weight [1, 6] 0.5
Gamma [0, 0.5] 0.1
Subsample [0.6, 1] 0.01
Column sample by tree [0.6, 1] 0.1
Regulation alpha {1e-5, 1e-2, 0.1, 1, 100} -

Table 3.1: Hyperparameters tuned per model. *Only for ’poly’ kernel.

The models were evaluated using two primary metrics: accuracy and macro-average
sensitivity. The latter was particularly relevant due to the class imbalance, ensuring that
both LVOT and RVOT classifications were given equal weight. The macro-average sensitivity
was computed as:

MA =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
(3.1)

where TP and TN represent true positives and true negatives, while FP and FN denote
false positives and false negatives, respectively.

All reported results were obtained using DS-114 as the test set to ensure comparability,
given that it is the only dataset containing both QRS complexes and clinical data. To refine
classification performance, SHAP analysis [68] and Gini’s coefficient [20] were used to identify
the most relevant features, which were subsequently integrated into the clinical model.
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3.2.3 Unsupervised Models

Hierarchical clustering was employed to analyze the natural grouping of SOO labels provided
by clinicians. This method was chosen due to its ability to flexibly organize samples based
on similarity, making it well-suited for the complex nature of ventricular SOOs.

To simplify the classification task, the original 56 clinical SOO labels were consolidated
into seven primary categories, following the methodology of Penela et al. [81]: right coronary
cusp (RCC), left coronary cusp (LCC), RCC/LCC commissure, LVOT sub-valvular region,
LV summit, RVOT septum, and RVOT free wall.

Hierarchical clustering was performed using Ward’s variance minimization method [73],
which optimally merges clusters by minimizing intra-cluster variance. A key advantage of
this approach is its ability to determine the natural number of clusters without requiring
predefined constraints, making it ideal for this study.

3.2.4 Experiments

A structured set of experiments was conducted to assess the effectiveness of the proposed mod-
els. Experiments A, B, and C were designed to evaluate supervised learning approaches, while
Experiment D explored unsupervised clustering of SOOs. A summary of these experiments is
provided in Table 3.2.

Experiment A: Training on QRS Morphology

This experiment focused exclusively on training models using QRS complex features. Two
scenarios were considered:

• Scenario A.1: Training and testing on DS-114 alone.

• Scenario A.2: Training on all datasets, with DS-114 used for final evaluation.

Experiment B: Training on Clinical Variables and ECG Features

In this experiment, clinically annotated precordial transitions were compared with automati-
cally computed transitions. Transition vectors were generated for each patient, with elements
set to zero except for the transition point, which was marked as one. Differences between
manual and automatic transitions were quantified using vector shifting techniques.

Models were trained using various combinations of clinical data and computed transitions,
leading to multiple scenarios:

• Scenario B.1: Using only clinical variables as per Penela et al. [81].
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Experiment Scenario Input

A 1 QRS complexes from DS-114
2 QRS complexes from all databases

B 1 BinAge, sex, HTA, BinV3 and PTR
2 BinAge, sex, HTA, BinV3 and PTC
3 NormAge, sex, HTA, AmpV3 and PTR
4 NormAge, sex, HTA, AmpV3 and vPTC
5 NormAge, sex, HTA, AmpV3 and vPTCPs
6 NormAge, sex, HTA, AmpV3 and vPTCVal
7 NormAge, sex, HTA, AmpV3 and vPTCPsVal

C 1 Binary prediction of best model in Experiment A
Best features from best model in Experiment B

2 Probability per class of best model in Experiment A
Best features from best model in Experiment B

3 Best features from best model in Experiment A
Best features from best model in Experiment B

4 Binary prediction of best model in Experiment A
Best features from best model in Experiment B

5 Probability per class of best model in Experiment A
Best features from best model in Experiment B

Table 3.2: Summary of experiments and their input features. BinAge: Binarized age with threshold >50; NormAge: Normalized
age; HTA: Hypertension; BinV3: Binarized amplitude in V3 with threshold >1 mV; NormV3: Amplitude in V3; PTR: Precordial
transition reported by clinicians; PTC: Precordial transition calculated; vPTC: Precordial transition calculated in vector form;
vPTCVal: R/S values of the precordial transition calculated in vector form; vPTCPs: Precordial transition calculated considering
sinus rhythm and PVC beats in vector form; vPTCPsVal: R/S values of the precordial transition calculated considering sinus
rhythm and PVC beats in vector form.

• Scenario B.2: Replacing manually annotated precordial transitions with computed
ones.

• Scenario B.3: Removing binarization thresholds.

• Scenario B.4: Using computed PVC transition without thresholds.

• Scenario B.5-B.7: Incorporating sinus rhythm features and refined transition metrics.

Experiment C: Combining QRS Morphology and Clinical Data

This experiment aimed to integrate QRS complex features from Experiment A with clinical
data from Experiment B. Five scenarios were tested, incorporating different combinations of
features, probability outputs, and selected amplitudes.
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Experiment D: Unsupervised Clustering of SOOs

To explore natural distributions within SOOs, hierarchical clustering was applied to the best
feature set. A grid search was used to determine the optimal cluster threshold based on
silhouette scores. Results were visualized using heatmaps, grouping SOOs into three primary
anatomical regions: aortic cusp (AoC), RVOT, and LVOT.

3.3 Results

3.3.1 Experiment A: Training on QRS Morphology

The results from Experiment A (Figure 3.2) indicate that Scenario A.1 achieved the highest
accuracy across the RF, MLP, and ET models. However, the macro-average sensitivity was
relatively lower. Upon analyzing the performance of individual classes, Scenario A.1 showed
68% accuracy and 41% macro-average sensitivity, with perfect classification for RVOT but
0% for LVOT. In contrast, Scenario A.2, where the XGB model was used, produced similar
accuracy results (66%) and a higher macro-average sensitivity. This suggests that using
multiple databases for training reduces the likelihood of overfitting, as evidenced by Figure
3.3, which presents the confusion matrix for the XGB model, showing improved performance
for LVOT cases.

The XGB model was determined to be the most effective in Experiment A. When
evaluating the Gini’s coefficient for the model, it was found that the most influential leads
were V3, V4, and V2, contributing to approximately 51% of the total cumulative score. These
were followed by aVR (9.7%) and V1 (8%). A closer inspection of the signal revealed that the
most critical segments of the QRS complex were in V3, between 60%-70% of the cardiac cycle,
corresponding to the transition from the R to the S wave, followed by V4 in the same section
of the QRS complex. V2 was most significant in the 10%-20% range, which corresponds to
the start of the Q wave. Figure 3.4 shows the distribution of relevance across sections for the
most influential leads.

These key segments, identified using Gini’s coefficient, align closely with those found in
the SHAP analysis, as illustrated in Figure 3.5. The beeswarm plot visually displays the most
significant features, with the X-axis representing their impact. The amplitude of the SHAP
values reflects each feature’s relevance, with the sign indicating its direction—negative values
correspond to LVOT, and positive values to RVOT. Warm colors signify higher voltages,
while cool colors indicate lower voltages.

Leads V2, V3, and V4 remain the most influential, followed by V1 and aVR. The beeswarm
plot emphasizes the relationship between low voltage values (blue in Figure 3.5) in the R/S
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Figure 3.2: Model score comparison. RF, Random Forest; SVM, Support Vector Machine; MLP, Multilayer Perceptron; ET,
Extra Trees; XGB, XGBoost. (A) Models accuracy: * indicates the highest scores, 68% for RF, MLP, and ET in Experiment A,
Scenario 1 (A.1). (B) Models macro-average sensitivity comparison: * shows the highest score, 54% for XGB in Experiment A,
Scenario 2 (A.2). Using all databases (Scenario 2) achieves better results than using only DS-114 (Scenario 1).

transition section of the QRS complexes in V1, V2, V3, and V4 (50%-80% of the QRS
complex) and the initial part of the QRS complex in V2, associated with RVOT origin. In
contrast, elevated voltages (orange in Figure 3.4) in these sections are connected to LVOT
origin. These trends are also apparent in Figure 3.4, where differences between LVOT and
RVOT origin signals are shown. Specifically, in the R/S transition of V1, V2, V3, and V4,
LVOT exhibits higher average normalized voltage, as does the initial segment of V2, just
before the discernible slope of the R wave.

3.3.2 Experiment B: Training on Clinical Variables and ECG Fea-
tures

When compared to clinician annotations, the automatic ones matched the same precordial
lead only 23.5% of the time. The average shift between leads was 1.37, with an interquartile
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Figure 3.3: Confusion matrix of the model from Experiment A.2 with XGBoost.

range of 1.5 and a median of 1, indicating a typical shift of around one lead (e.g., from V2 to
V3 or from V3 to V4), with some instances showing larger deviations. The impact of these
shifts is reflected in the model training results.

In contrast to the findings shown in Figure 3.2, the results of the models trained with
clinical variables (Figure 3.6) revealed that the top-performing scenario remained the same for
both accuracy and macro-average sensitivity metrics. Scenario B.4, which included automatic
precordial transition in vector form, sex, hypertension, V3 lead amplitude, and normalized
age, achieved an impressive 89% accuracy and 86% macro-average sensitivity (see Figure
3.6). Using Scenario B.1 as a baseline, which only uses the clinical features from Penela
et al. [81], performance decreased with the inclusion of the computed transition (Scenario
B.2). Furthermore, normalizing age and including V3 lead amplitude (Scenario B.3) did
not improve performance. Adding R/S ratio values per lead (Scenarios B.6 and B.7) also
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Figure 3.4: Signal comparison between the average QRS complex of RVOT (blue) and LVOT (orange) cases in the precordial
leads. The distribution of relevance per section; in blue, scaled in the background, amplitudes normalized per lead. Red dashed
lines mark 10% segments of the original signal.

failed to enhance the model’s performance. Notably, only Scenarios B.4 (89% accuracy and
86% macro-average sensitivity) and B.5 (87% accuracy and 82% macro-average sensitivity)
outperformed B.1 (86% accuracy and 81% macro-average sensitivity). The key distinction
between these scenarios is the inclusion of the sinus rhythm transition in B.5. While features
from B.1 generally outperform other configurations across all models, models that use the
precordial transition for both sinus rhythm and PVC, as well as PVC alone, outperform
Scenario B.1.

3.3.3 Experiment C: Training on a Combination of QRS Morphol-
ogy and Clinical Data

The results of the third set of experiments are presented in Figure 3.7. Notably, the best
results mirrored the optimal outcomes from Experiment B, achieving 89% accuracy and 86%
macro-average sensitivity. A detailed analysis of the feature relevance in the best model
from Experiment C (C.1, which combines the prediction from the best model in Experiment
A.2 and the features from the best model in Experiment B.4, including normalized age,
sex, hypertension, V3 amplitude, and calculated precordial transition in vector form) using
the Gini’s coefficient revealed that age and V3 amplitude were the most crucial features.
These were closely followed by the prediction from Experiment A.2, with sex ranked further
behind. Interestingly, the SHAP analysis (Figure 3.8) suggests that age and sex were the
most significant features, followed by the prediction from the QRS model and V3 amplitude.

The similarity in results between Experiment C and Experiment B suggests possible
redundancy in the features used by the model. Specifically, there seems to be overlap between
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Figure 3.5: Beeswarm plot from SHAP values. The SHAP values (horizontal axis) show how each feature (left column) contributes
to the negative (LVOT) or positive (RVOT) outcomes. The color represents the original value of a feature, in this case, mean
voltage per QRS complex section (each feature corresponds to 10% sections of the QRS complex per lead). Each dot corresponds
to one patient.

the prediction from the best model in Experiment A.2 and the precordial transition vector.
To investigate this, we tested a model excluding both features and compared it to two other
models that included each feature separately.

We found that adding both features separately resulted in an increase in performance
by approximately 4.5 percentage points. This suggests that both the model prediction from
Experiment A.2 and the precordial transition vector contribute similarly to the model’s
performance.

Moreover, when comparing the model without both features to the model from Experiment
C, we observed a 4.5 percentage point decrease in classification performance. This further
supports the conclusion that both features have a comparable impact on the model.

These findings highlight the importance of accounting for feature redundancy in model
development and suggest potential areas for optimization in future iterations.

3.3.4 Experiment D: Unsupervised Clustering of the Site of Origin

The silhouette score identified 25 clusters as the optimal number, revealing the underlying
data distribution of DS-114. Figure 3.9 shows the clustering results with refined labels,
color-coded based on major region classification (AoC, LVOT, and RVOT). Clusters with
similar numbers are closely grouped in the dendrogram, indicating that origins in cluster 20
are nearer to those in cluster 25 than those in cluster 1. The labels were simplified into three
categories: top (1-8), mid (9-17), and bottom (18-25). The top category showed few LVOT
cases, with most RVOT cases originating from the free wall. The mid category displayed an
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Figure 3.6: Models score comparison. RF, Random Forest; SVM, Support Vector Machine; MLP, Multilayer Perceptron; ET,
Extra Trees; XGB, XGBoost. (A) Models accuracy. * indicates the highest scores at 89% in XGB for Experiment B, Scenario 4
(B.4). (B) Models macro-average sensitivity comparison. * shows the highest score at 86% for XGB in Experiment B, Scenario 4
(B.4).

even distribution of RVOT origins from the septum and free wall, with a higher prevalence of
aortic cusp cases in clusters with more RVOT septum origins. The bottom section of the
heatmap revealed more RVOT septum cases and a decrease in RCC cases, indicating that
RCC origins tend to cluster more than other AoC origins, and AoC sites closely align with
septal origins. The density distribution of RVOT free wall and septum origins showed greater
clustering, with peak densities in certain clusters (1 and 8 for the free wall and 9 and 21 for
the septum).

3.4 Discussion

Radiofrequency ablation procedures have become a widely used technique for treating outflow
tract ventricular arrhythmias (OTVAs). However, their effectiveness still presents room for
improvement, as recurrence rates remain high. A crucial factor in enhancing this procedure
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Figure 3.7: Models score comparison. RF, Random Forest; SVM, Support Vector Machine; MLP, Multilayer Perceptron; ET,
Extra Trees; XGB, XGBoost. (A) Models accuracy. * indicates the highest scores at 89% in XGB for Experiment C, Scenario 1
(C.1). (B) Models macro-average sensitivity comparison. * shows the highest score at 86% for XGB in Experiment C, Scenario 1
(C.1).

lies in careful planning, particularly the identification of the site of origin (SOO) before the
intervention. Several methods exist for SOO determination, including morphological ECG
analysis, clinical data assessment, and signal analysis via machine learning (ML).

In clinical practice, optimizing SOO identification significantly enhances efficiency. By
reducing the time required for clinicians to locate the SOO, the proposed approach has the
potential to streamline patient care and lower procedural risks. Additionally, by integrating
multi-center data and considering patient-specific variables such as age and sex, this method-
ology aims to reduce biases present in current diagnostic criteria, ultimately enabling more
personalized treatment strategies. This comprehensive approach not only provides clinicians
with actionable insights but also represents a step toward standardizing OTVA diagnosis and
treatment across diverse patient populations.

The present study introduces a decision system designed to differentiate between right
ventricular outflow tract (RVOT) and left ventricular outflow tract (LVOT) origins, expanding
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Figure 3.8: SHAP values for the best model in Experiment C (C.1 with XGBoost). The SHAP values (horizontal axis) show
how each feature (left column) contributes to the negative (LVOT) or positive (RVOT) outputs. Color is employed to represent
the original value of a feature. Each dot corresponds to one patient. Age: age of the patient, red indicates an older patient. Sex:
sex of the patient, red indicates male patients. PredictionQRS: Binary prediction from the best model of Experiment A.2, red
indicates LVOT prediction. V3_Amp: Amplitude in lead V3, red indicates a higher peak voltage in V3.

upon previous research by Penela et al. [81] and Doste et al. [29]. Their earlier studies
leveraged clinical data with visual ECG analysis and simulated multi-center ECG signals,
respectively. Our work proposes three approaches utilizing distinct input features.

The first approach (Experiment A), inspired by Doste et al. [29], relies solely on QRS com-
plexes. This method not only facilitates SOO classification but also provides insights into the
significance of different QRS complex segments, aiding in understanding the model’s decision-
making process. Results from Experiment A achieved a peak accuracy of approximately
68%. However, a more detailed analysis, including macro-average sensitivity, highlighted a
major limitation: the model predominantly classified all samples as RVOT origin. While
this resulted in high accuracy due to the greater prevalence of RVOT cases, it introduced
a bias stemming from class imbalance. The best-performing model, XGBoost trained with
all databases, attained 61% accuracy and 41% macro-average sensitivity. This discrepancy
underscores the importance of macro-average sensitivity as a metric, as models with higher
accuracy (e.g., RF, ET, SVM, and MLP) exhibited lower macro-average sensitivity than the
top-performing model.

Although our results fall short of the 84%–86% accuracy reported by Doste et al.[29],
differences in preprocessing, particularly signal alignment, may account for the variation.
Additionally, inconsistencies in data acquisition across databases present standardization
challenges. Applying uniformization techniques may help improve accuracy.

SHAP analysis indicated that leads V1–V4 are crucial in the R/S transition segment.
Higher voltages in these regions correlated with LVOT origins, likely due to early R/S
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Figure 3.9: Clustering results using 25 clusters. Colors represent major region classification (AoC, LVOT, and RVOT). The
dendrogram shows the similarity between clusters with similar numbers.

transitions, where elevated voltages signify a less negative S-wave peak. This aligns with
Anderson et al. [1], who identified early precordial transitions as indicative of LVOT origin.

The second approach (Experiment B) integrated clinical variables with select ECG features,
as proposed by Penela et al.[81]. To enhance generalization and mitigate overfitting, this
approach removed clinician-dependent thresholds and labels. Furthermore, it introduced an
algorithm to determine precordial transition based on R/S amplitudes, assigning a unique
transition value to each lead. The highest accuracy (89%) and macro-average sensitivity
(86%) were observed when binarizing these values and converting them into a zero vector, with
a one at the calculated transition point. Comparison with clinician-determined transitions
showed agreement in only 23.5% of cases, though discrepancies were often confined to a single
lead, suggesting variability in signal selection contributed to the mismatch.
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Despite achieving slightly lower accuracy than Penela et al. [81] (89% vs. 94%), our
approach eliminates reliance on manual thresholds and subjective decisions, enhancing its
robustness across different clinical settings.

The third approach (Experiment C) introduced a novel strategy combining the inference
of Experiment A’s best model with the most influential features from Experiment B. This
iterative process aimed to refine the integration of QRS complex data and clinical variables,
enhancing system robustness.

However, Experiment C did not outperform Experiment B, indicating that adding raw
QRS complexes did not significantly improve classification. This highlights the complexity of
XGBoost, where hyperparameter tuning may inadvertently increase tree complexity, reducing
the impact of additional features. SHAP analysis (Figure 3.8) revealed that predictions
from Experiment A’s best model ranked among the top three most influential features in
Experiment C, reinforcing its contribution.

Interestingly, precordial transition and V3 amplitude may be sufficient to differentiate
LVOT from RVOT origins. Feature analysis identified age, sex, and binary predictions from
Experiment A.2 as the most critical features, with V3 amplitude also playing a key role.
The precordial transition vector had reduced importance in this approach, possibly due to
redundancy with Experiment A.2’s best model. Further testing by removing these features
confirmed a similar impact on performance.

Comparison with Penela et al.’s [81] weighted hybrid score showed consistent trends: older
male patients with high V3 amplitude were more likely to have LVOT origins. However, SHAP
analysis indicated minimal influence from precordial transition, while the Gini coefficient
highlighted age and V3 amplitude as the most relevant features. Discrepancies in feature
rankings between SHAP and Gini analyses may stem from differences in sample selection—Gini
uses training samples, whereas SHAP considers the entire dataset.

An unsupervised approach was employed for specific SOO analysis due to challenges in
supervised classification, such as class imbalance and limited cases (e.g., only two summit
LVOT cases). This method identified natural clustering patterns, aiding in decomposing the
problem into specific SOO classifications. Results suggest that aortic cusp (AoC) origins
cluster with septal origins, while right coronary cusp (RCC) origins cluster more consistently
than left coronary cusp (LCC) origins, which exhibited greater dispersion.

Free wall and septal origins displayed clearer distinctions, facilitating classification. Al-
though LVOT origins (excluding AoC) lacked clear clustering due to sample limitations,
this preliminary analysis suggests a tiered classification approach—first identifying AoC and
RVOT, then refining classifications accordingly.

While promising, the developed system has limitations. Preprocessing of QRS complexes
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eliminates high-frequency features, restricting pattern identification. Additionally, the dataset
exhibits an LVOT underrepresentation, which, despite signal simulations, remains a challenge.
Addressing these limitations requires tools capable of processing higher-frequency signals and
strategies to counteract data imbalance.

3.5 Conclusions

The proposed method effectively classifies LVOT and RVOT origins by combining signal
analysis and clinical data while removing subjective thresholds and manual assessments. This
enhances consistency in diagnosis while maintaining interpretability. Future work should focus
on expanding feature sets and increasing case numbers to improve generalization. Preliminary
findings in SOO classification suggest discernible patterns, paving the way for a refined system
capable of identifying specific SOOs with greater precision.
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Chapter 4

AI-enabled ECG: single vs 12-lead ap-
proach

4.1 Introduction

The 12-lead electrocardiogram (ECG) is an essential tool for diagnosing cardiac abnormalities.
Traditionally, its interpretation is performed by trained medical professionals. However,
recent advancements in artificial intelligence (AI), particularly deep neural networks [65], have
facilitated the accurate analysis of ECGs [112, 52]. In the context of rhythm disorder diagnosis,
these AI-driven approaches have demonstrated superior diagnostic accuracy compared to
expert cardiologists [53]. Additionally, AI has shown the capability to identify specific patterns
and waveform abnormalities in ECGs that may not be visible to the human eye. For instance,
it can detect a high likelihood of cardiac contractile dysfunction or past and potential future
episodes of atrial fibrillation from an ECG that appears normal and in sinus rhythm [8, 7].
Consequently, AI-driven analysis of the 12-lead ECG holds promise for the rapid and precise
identification of ECG abnormalities and the early diagnosis of various cardiac diseases.

The increasing adoption of wearable devices capable of recording single-lead ECGs
[58, 61, 32, 115] has created new opportunities for diagnosing cardiac conditions, such as atrial
fibrillation. Notably, a precordial smartwatch has been reported to detect signs of myocardial
ischemia through a 12-lead ECG and record an episode of ventricular fibrillation [83]. AI-
based algorithms have also demonstrated the ability to detect cardiac abnormalities from
single-lead ECG recordings. For example, Attia et al. [6] showed that an AI-driven analysis of
a smartwatch’s single-lead ECG, worn by approximately 2,500 patients, successfully identified
a left ventricular ejection fraction (LVEF) of less than 40% in 16 individuals. However,
to the best of our knowledge, no comprehensive studies have systematically evaluated the
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performance of AI-based algorithms using single-lead ECGs across various cardiac diagnoses.
Moreover, the computational capabilities of battery-powered wearable devices are of-

ten constrained, making large deep neural networks impractical for such platforms. This
necessitates the development of tailored algorithms for ECG analysis. This study aims to
address these challenges through a twofold contribution. First, we introduce a specialized
method for detecting cardiac abnormalities using a lightweight convolutional neural network
(CNN), in contrast to the complex architectures typically employed for this task. Second, we
train our CNN to recognize more than 20 distinct cardiac conditions from the single-lead D1
(and in combination with D2), which are conventionally diagnosed using standard 12-lead
ECGs with significantly more complex models. Our findings indicate that for several ECG
abnormalities—such as AV block, complete left or right bundle branch block, and lateral
myocardial infarction (LMI)—our single-lead lightweight CNN achieves performance levels
comparable to those of more sophisticated architectures utilizing full 12-lead ECGs. These
results highlight the potential for integrating AI-driven algorithms into wearable devices,
enabling large-scale population screening for cardiac diseases, as discussed in the concluding
section of this article.

4.2 Methods

4.2.1 The PTB-XL ECG Dataset

The PTB-XL ECG dataset [118, 48] is a publicly available resource comprising 21,837 clinical
12-lead ECG recordings, each 10 seconds long, collected from 18,885 patients (52% male, 48%
female, median age: 62 years, interquartile range: 22 years, range: 0–95 years). These ECGs
were recorded using the Wilson lead system at a sampling frequency of 500 Hz.

Prediction was formulated as a multi-label classification task [118], based on 20 diagnostic
classes illustrated in Figure 4.1. The five macro classes were included only for completeness
and were not considered in this study.

The dataset was partitioned into 10 folds. Following Wagner et al. [118], the ninth fold,
containing ECGs validated by at least one cardiologist and considered to have the highest
label quality, was designated as the validation set, while the tenth fold was used as the test
set. The remaining eight folds comprised the training set.
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Figure 4.1: Distribution of PTB-XL ECG diagnoses, grouped into 20 diagnostic classes and 5 superclasses.

4.2.2 Data Preprocessing

As per existing literature, ECG signals were downsampled to 100 Hz (yielding 1,000 samples
per lead per ECG). ECGs were filtered based on the following criteria:

• Conflicting labels (classified both as normal (NORM) and as another diagnostic class).

• Unclassified ECGs (not assigned to any diagnostic class).

• Diagnostic statements with a likelihood of 0%.

This filtering resulted in a final dataset of 21,008 ECGs, with 17,598 used for training,
1,708 for validation, and 1,702 for testing. Each lead was independently normalized using the
mean and standard deviation computed from the training set.

Each ECG was structured as a matrix with L rows (representing the number of leads,
from 1 to 12) and W columns (length of the ECG, up to 1,000 samples at 100 Hz). The
actual number of samples input to the CNN depended on the network’s receptive field.

4.2.3 Convolutional Network Architecture

While Strodthoff et al. [113] identified a deep ResNet with 101 layers as the best-performing
model, we opted for a simpler CNN with eight convolutional layers to assess performance
across varying numbers of input leads (Figure 4.2).

The architecture consists of:

• A preliminary 1×1 convolutional layer for linear transformation over L input leads.
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• Six convolution-normalization-pooling blocks, with MaxPooling (1×2) applied along
the temporal axis W . The number of feature maps per block was: 16, 16, 32, 32, 64,
and 64, with filter sizes of 1×5, 1×5, 1×5, 1×3, 1×3, and 1×3, respectively.

• A final convolutional layer (128 filters, size 1×1) to project features onto a higher-
dimensional space.

• An output layer consisting of 20 sigmoid-activated neurons, corresponding to the 20
diagnostic classes.

Figure 4.2: Detailed CNN architecture.

The CNN’s parameter count depends on the number of input leads (L), ranging from
36,000 parameters for L = 1 to 96,000 for L = 12.

4.2.4 Data Augmentation

To enhance generalization, training samples were augmented with the following transforma-
tions:

• Gaussian noise: Added from a zero-mean Gaussian distribution with a standard
deviation uniformly drawn from [0.01, 0.1].
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• Time scaling: ECGs were randomly stretched or compressed by a factor from [0.8,
1.2].

• Amplitude scaling: Signals were multiplied by a random factor from [0.7, 1.3].

• Temporal cropping: Random 344-sample windows were extracted per ECG, corre-
sponding to the CNN receptive field.

Temporal cropping was applied to both training and test sets, whereas the other augmen-
tations were applied only to training data.

4.2.5 Input Setups

The CNN was designed to accept input matrices of size L×W , where L could be 1 to 12
leads. The network produced a 20-value output vector y ∈ (0, 1), corresponding to diagnostic
classes. We evaluated four input configurations:

• 12-lead ECG: 12× 344 matrix (12 leads, 344 samples each, equivalent to 3.4s at 100
Hz).

• 8 independent leads: 8× 344 matrix (excluding leads derived as linear combinations
of others).

• Single-lead ECG (D1): 1× 344 matrix.

• Two-lead ECG (D1 + another lead): 2 × 344 matrix, pairing D1 with another
lead.

4.2.6 Training Procedure and Performance Assessment

The CNN was trained to minimize the sum of binary cross-entropies over 20 outputs, using
the Adam optimizer [59]. The learning rate linearly decayed from 10−2 to 10−4 over 200
epochs with a batch size of 32.

Following Wagner et al. [118], results were reported using macro-averaged, threshold-free
metrics, particularly the area under the curve (AUC). Sensitivity and specificity were also
evaluated using the best threshold from receiver-operating characteristic (ROC) analysis.

To validate model consistency, we additionally tested a fine-tuned version the trained
network on the publicly available Georgia and China datasets[48].
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4.3 Results

Figure 4.3 provides a summary of the AUC with a 95% confidence interval (CI) (over 50 runs)
for the PTB-XL ECG test set, categorized by diagnostic class and inter-class average, for
each investigated diagnostic scenario. As a state-of-the-art reference, the table also includes
results obtained using the architecture (deep ResNet with 101 layers) proposed by Strodthoff
et al. [113].
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Figure 4.3: Summary of average AUC with 95% CI (over 50 runs) for the considered scenarios. The last column represents the
results of the best architecture proposed by Strodthoff et al.[113]. The AUCs are reported as percentages. The bold numbers
correspond to the best performer for each class. The underlined numbers correspond to the competitive results.
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Table 4.1 and Table 4.2 reports sensitivity and specificity were also evaluated using the
best threshold from receiver-operating characteristic (ROC) analysis.

Table 4.1: Average sensitivity computed on the test set of the PTB-XL dataset (over 50 runs).

Classes D1 D1+D2 D1+V1 D1+V2 D1+V3 D1+V4 D1+V5 D1+V6 8 leads 12 leads 12 w/o aug
NORM 90.37 93.79 90.31 90.28 91.77 92.81 92.22 91.98 93.55 93.74 93.25
STTC 78.34 83.75 78.42 82.25 83.80 83.10 85.35 85.43 84.40 86.32 85.52
AMI 80.96 81.03 86.36 90.88 88.34 83.92 84.71 84.98 92.91 93.06 91.82
IMI 70.97 88.61 76.85 73.87 73.79 74.79 76.74 76.21 88.71 90.95 91.15
LAFB/LPFB 70.44 94.94 78.63 73.59 75.94 79.01 81.18 82.21 95.26 95.30 93.99
IRBBB 62.91 70.76 92.21 86.19 68.14 69.07 69.50 75.32 91.61 91.83 90.16
LVH 82.46 84.02 84.55 84.53 83.45 83.92 87.58 88.73 89.78 88.73 91.19
CLBBB 95.89 96.04 96.52 96.59 97.04 96.74 97.04 96.19 96.11 95.70 96.00
NST_ 87.22 88.47 88.04 88.75 86.12 84.75 83.41 84.67 87.69 88.35 87.29
ISCA 86.80 86.08 87.15 90.61 91.84 91.15 85.87 83.68 92.00 91.01 88.75
CRBBB 95.59 96.59 98.15 97.30 95.63 96.11 96.56 96.22 98.00 98.00 97.70
IVCD 60.12 64.51 58.15 64.42 59.01 59.43 58.06 57.91 61.82 59.85 69.70
ISC_ 81.17 87.95 84.92 85.24 86.04 89.08 90.99 91.06 90.04 90.30 90.14
_AVB 91.37 93.12 90.76 92.37 91.98 92.02 93.00 93.22 93.17 92.34 90.83
ISCI 78.96 88.59 74.52 76.15 81.11 79.56 71.19 73.78 88.37 89.33 83.70
WPW 69.43 65.71 69.43 61.43 65.71 68.00 65.14 64.00 73.71 76.00 73.43
LAO/LAE 81.26 89.63 85.19 82.81 83.56 83.63 80.81 80.37 78.74 81.33 75.33
ILBBB 75.00 75.00 74.50 75.25 70.75 75.75 76.00 75.50 75.00 73.75 69.50
RAO/RAE 69.25 85.50 77.75 73.00 63.75 73.50 73.75 75.25 80.75 74.00 78.50
LMI 66.67 66.67 66.67 66.67 66.67 66.67 66.67 66.67 66.67 66.67 66.00
Average 78.76 84.04 81.95 81.61 80.22 81.15 80.79 81.17 85.91 85.83 85.20

Table 4.2: Average specificity computed on the test set of the PTB-XL dataset (over 50 runs).

Classes D1 D1+D2 D1+V1 D1+V2 D1+V3 D1+V4 D1+V5 D1+V6 8 leads 12 leads 12 w/o aug
NORM 76.37 82.18 79.97 80.30 80.30 80.48 81.05 80.90 87.17 87.69 87.22
STTC 70.58 71.06 71.60 72.74 72.87 77.22 76.56 73.51 80.55 79.11 78.51
AMI 73.36 77.36 80.31 86.63 88.08 81.92 73.00 75.09 87.93 88.18 88.11
IMI 63.59 85.12 63.23 65.02 67.40 68.41 71.38 75.61 84.27 86.90 86.37
LAFB/LPFB 75.09 92.33 74.72 75.00 73.14 78.15 82.98 85.82 92.40 91.55 91.34
IRBBB 74.94 73.66 89.90 81.35 72.15 71.10 70.79 70.74 90.79 90.30 88.74
LVH 82.83 81.39 85.30 83.03 85.42 87.13 84.64 86.56 85.50 86.50 86.38
CLBBB 97.24 98.60 98.58 98.32 97.06 97.17 97.40 98.79 98.95 98.58 98.21
NST_ 70.17 73.02 68.59 69.48 70.34 71.69 77.37 75.09 76.84 76.24 75.90
ISCA 77.75 79.54 78.38 75.75 77.27 77.84 79.49 79.45 80.15 81.55 79.52
CRBBB 96.20 97.31 98.55 97.52 97.12 96.65 96.53 97.04 98.28 98.20 98.03
IVCD 68.76 74.01 79.48 73.90 75.03 72.55 73.22 75.78 81.25 83.48 74.82
ISC_ 87.24 85.45 85.86 83.77 83.49 85.79 88.39 89.08 89.23 88.77 88.52
_AVB 81.19 85.31 82.84 81.54 81.92 82.12 82.50 82.05 83.09 82.52 83.58
ISCI 56.93 79.74 62.43 66.53 64.70 68.14 79.64 74.53 82.46 85.05 83.70
WPW 93.32 91.06 91.26 91.21 92.60 90.68 90.96 88.52 88.91 89.55 86.87
LAO/LAE 70.46 71.81 70.54 66.70 65.70 69.38 72.73 70.93 71.19 71.33 73.16
ILBBB 94.51 94.70 93.68 93.50 91.37 93.42 93.41 91.18 89.27 90.19 85.20
RAO/RAE 81.96 90.22 79.09 79.16 85.75 86.29 86.03 82.37 86.07 89.48 85.39
LMI 97.54 99.23 97.41 98.40 98.53 98.74 98.78 99.18 96.23 98.08 91.88
Average 79.50 84.15 81.59 80.99 81.01 81.74 82.84 82.61 86.53 87.16 85.57

60



CHAPTER 4. AI-ENABLED ECG: SINGLE VS 12-LEAD APPROACH

4.3.1 Standard (12-lead) Setup

The standard 12-lead setup achieved an average AUC of 93.2% across 20 diagnostic classes.
When the data augmentation strategy was excluded during CNN training, performance
declined by 1.1%.

4.3.2 Independent (Eight-lead) Setup

The eight-lead setup (leads D1, D2, V1, V2, V3, V4, V5, and V6) did not result in a significant
performance loss compared to the 12-lead setup. The average percentage difference across the
20 diagnostic classes was -0.3%. Since the four omitted leads (D3, aVR, aVL, aVF) are linear
combinations of D1 and D2, this result suggests that they provide redundant information,
while also contributing to computational overhead (96,000 vs. 56,000 parameters in the 12-
and 8-lead setups, respectively).

4.3.3 Single-lead (D1) Setup

Using only the D1 lead resulted in an average accuracy reduction of -8.7% compared to the
12-lead setup. Certain diagnostic classes showed a notable performance drop, exceeding 20%
for inferior myocardial infarction (IMI), inferior myocardial ischemia (ISCI), and incomplete
right bundle branch block (IRBBB). Conversely, several other classes, including non-specific
ischemic changes (ISC_), ischemic changes in anterior leads (ISCA), non-specific ST changes
(NST_), AV block (_AVB), complete left bundle branch block (CLBBB), complete right
bundle branch block (CRBBB), incomplete left bundle branch block (ILBBB), left atrial
overload/enlargement (LAO/LAE), and LMI, exhibited a performance decline of less than
5%, with the accuracy reduction being below 1% for CLBBB, CRBBB, and LMI.

The upper panel of Figure 4.4 illustrates the performance comparison between single-lead
and standard 12-lead setups.
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Figure 4.4: AUC percentage variation between single-lead (D1) and 12-lead setups (top), and between D1+D2 and 12-lead
setups (bottom). Percentage differences are relative to the 12-lead setup.

4.3.4 Two-lead Setup

Among all leads, D2 yielded the greatest improvement in average AUC when combined with
the single D1-lead setup. The two-lead setup achieved an average AUC of 90.6% across 20
diagnostic classes, corresponding to an average percentage difference of -2.8% compared to
the standard 12-lead setup (90.6% vs. 93.2%).

Adding a second lead was particularly beneficial for diagnostic classes where the single-lead
setup performed poorly. In the IMI and SCI classes, the accuracy loss compared to the
standard 12-lead ECG was reduced from over 20% (single-lead) to below 2% (two-lead setup).
The lower panel of Figure 4.4 presents a performance comparison of two-lead versus standard
12-lead setups.

Interestingly, for right atrial overload/enlargement (RAO/RAE) and left atrial over-
load/enlargement (LAO/LAE), the two-lead setup outperformed the 12-lead configuration
by +4.9% and +5.5%, respectively. However, for anterior myocardial infarction (excluding
anterolateral cases), the two-lead setup resulted in a 10% lower accuracy than the 12-lead
setup. The addition of V2, which captures information from a different spatial axis, reduced
this diagnostic loss to below 2%.
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4.3.5 Validation on an External Dataset

To enhance the robustness of our findings, we fine-tuned the trained network on two external,
publicly available datasets—the Georgia and China datasets [48]. The observed drops in
average AUC on these test datasets align with our findings on the PTB-XL dataset, as
reported in Table 4.3 and in Table 4.4.

Table 4.3: Average AUCs on Georgia test set (over 10 runs). Legend: 1st degree AV Block (IAVB), Atrial Fibrillation (AF),
Atrial Flutter (AFL), Complete Right Bundle Branch Block (CRBBB), Incomplete Right Bundle Branch Block (IRBBB),
Left Anterior Fascicular Block (LAnFB), Left Axis Deviation (LAD), Left Bundle Branch Block (LBBB), Low QRS Voltages
(LQRSV), NonSpecific IntraVentricular Conduction disorder (NSIVCB), Premature Atrial Contraction (PAC), proLonged QT
interval (LQT), Qwave Abnormalities (QAb), Right Axis Deviation (RAD), Sinus Arrhythmia (SA), Sinus Bradycardia (SB),
SiNus Rhythm (SNR), Sinus Tachycardia (STach), T wave abnormalities (Tab), T wave Inversion (TInv), Ventricular Premature
Beats (VPB).

Classes D1 D1 + D2 12 Leads

IAVB 93.81 95.30 94.84
AF 86.24 89.42 89.35
AFL 81.47 83.09 85.21
CRBBB 95.67 96.34 97.61
IRBBB 81.36 87.15 95.22
LAnFB 74.64 96.82 96.33
LAD 71.17 96.61 96.31
LBBB 98.97 98.83 98.78
LQRSV 79.77 87.97 93.73
NSIVCB 75.58 80.22 87.62
PAC 63.2 64.83 66.46
LQT 77.96 80.02 85.25
QAb 71.60 79.49 86.47
RAD 91.02 92.53 96.17
SA 68.56 71.40 68.48
SB 96.37 96.81 96.96
SNR 87.12 89.66 91.66
STach 97.68 97.66 97.54
TAb 80.92 84.97 88.37
TInv 65.35 68.07 67.85
VPB 76.41 78.33 80.20

Average 81.66 86.45 88.59
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Table 4.4: Average AUCs on China test set (over 10 runs). Legend: 1st degree AV Block (IAVB), Atrial Fibrillation (AF), Atrial
Flutter (AFL), Complete Right Bundle Branch Block (CRBBB), Incomplete Right Bundle Branch Block (IRBBB), Left Bundle
Branch Block (LBBB), Premature Atrial Contraction (PAC), Sinus Arrhythmia (SA), Sinus Bradycardia (SB), SiNus Rhythm
(SNR), Sinus Tachycardia (STach), T wave Abnormal (TAb).

Classes D1 D1 + D2 12 Leads

IAVB 71.79 86.19 91.09
AF 85.74 94.99 95.82
AFL 70.07 60.87 74.94
CRBBB 91.98 95.93 98.32
IRBBB 71.15 80.24 90.40
LBBB 47.63 64.11 61.34
PAC 62.89 62.98 66.66
SA 90.11 79.08 76.86
SB 59.97 74.65 78.57
SNR 79.66 74.03 86.12
STach 91.75 94.21 95.60
TAb 33.99 43.00 60.46

Average 71.39 75.86 81.35

4.4 Discussion

This study analyzed over 20,000 ECGs across 20 different abnormalities, confirming the
accuracy of a lightweight deep learning algorithm based on CNN, even with a highly simplified
architecture. Additionally, it significantly enhances our understanding of AI-based ECG
diagnostics. Figure 4.5 presents a graphical summary of the key findings.
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Figure 4.5: Graphical summary of the study.

A key finding of this research is that analyzing the D1 lead using the same CNN approach
yielded an accuracy only slightly lower than that of the full 12-lead setup. For several ECG
abnormalities, such as AV block, complete left or right bundle branch block, and LMI, the
diagnostic performance of the single-lead approach closely matched that of the standard
12-lead configuration.

The inclusion of a second lead (D2) further minimized the performance gap with the
12-lead ECG setup. On average, the highest AUC for a two-lead setup was achieved with
the D1+D2 combination. The addition of this second spatial axis in the analysis of cardiac
electrical activity reduced the diagnostic gap by 64% (from a relative percentage difference
of −7.8% to −2.8%). Notably, this setup significantly improved the accuracy of detecting
inferior wall myocardial ischemia and infarction, conditions that are difficult to diagnose
with only the D1 lead. Furthermore, in certain cases, such as the detection of right and
left atrial enlargement, the two-lead setup outperformed the 12-lead configuration, likely
because it prioritized the most informative lead (D2) while avoiding less relevant ones that
could introduce noise. Conversely, for the detection of anterior wall myocardial ischemia and
infarction, the D1+V2 setup proved superior to D1+D2, as the spatial orientation of V2
better captures abnormalities in these conditions.

From an architectural perspective, the relatively lightweight neural network used in this
study (36,000–96,000 trainable parameters) achieved results comparable to those of signifi-
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cantly more complex architectures [e.g., Attia et al.[8] with 300,000 parameters; Strodthoff et
al.[113] with 3.5 million parameters]. Notably, our CNN model in the 12-lead setup outper-
formed the more complex ResNet architecture by Strodthoff et al. for the same multi-label
classification task (AUC: 0.932 vs. 0.931; see Figure 4.3). This high level of performance is
attributed to the tailored neural network design and extensive data augmentation, marking a
substantial advancement over previous studies.

4.5 Conclusions

The AI-enabled ECG analysis based on the single D1 lead demonstrated strong predictive
performance for cardiac abnormalities, with only a minor reduction in AUC compared to
the 12-lead ECG. Incorporating D2 further mitigated this performance gap. These findings
suggest that AI-driven single or two-lead ECG analysis could be sufficient for detecting
cardiac abnormalities traditionally diagnosed using a 12-lead ECG.

Given the simplicity of this approach, it paves the way for broader applications, particularly
in wearable devices. Many smartwatches already record a D1-like lead (via a left wrist
placement and right index finger contact), and a D2-like lead can be obtained by moving the
watch to the left lower abdomen while maintaining right finger contact. Although precordial
leads could also be captured, their recording process is more cumbersome.

Recent work by Attia et al.[6] successfully adapted a deep neural network originally
trained on 12-lead ECGs for single-lead wearable ECGs. However, our study is based
entirely on standard 12-lead ECG leads rather than wearable-derived single-lead recordings.
Translating these findings to wearable devices presents unique challenges, such as increased
impedance in dry electrodes, amplified sampling noise, and attenuated signal amplitude when
worn on peripheral body locations. Robust noise filtering techniques and computational
efficiency considerations will be crucial for successful implementation in wearable technology.
Further research is warranted to address these challenges from both medical and engineering
perspectives.
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Conclusions

Summary of the Research Journey

This thesis has explored the evolving landscape of Artificial Intelligence (AI) in clinical
and interventional electrophysiology, presenting a series of three papers that chronicle a
progressive journey from traditional machine learning approaches to advanced deep learning
techniques. The first two papers investigated the application of machine learning algorithms
in risk stratification and clinical decision support, demonstrating the feasibility and utility of
structured data-driven models. The final paper embraced the capabilities of deep learning,
focusing on end-to-end neural networks for complex pattern recognition within electrocardio-
graphic signals. This progression underscores the increasing sophistication of AI tools and
their transformative potential in electrophysiology.

The Promise of AI in Electrophysiology

AI holds the promise of revolutionizing the field of arrhythmology by enabling more precise
diagnostics, personalized therapy, and streamlined clinical workflows. In particular, the ability
of AI algorithms to identify subtle patterns within large datasets—such as electrocardiograms
(ECGs), imaging data, and clinical parameters—can greatly enhance diagnostic accuracy, risk
prediction, and procedural planning. Furthermore, AI can serve as a valuable decision-support
tool in interventional settings, augmenting the electrophysiologist’s capabilities in real-time
and improving patient outcomes.

The research presented in this thesis highlights several domains where AI can make signif-
icant contributions: from automated ECG analysis and arrhythmia detection to procedural
planning for catheter ablation and device implantation. The deployment of AI-driven tools
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in these contexts can promote consistency, reduce operator variability, and optimize the use
of healthcare resources.

Current Limitations and Challenges

Despite the promising results, the adoption of AI in electrophysiology is not without challenges.
Several barriers must be addressed to ensure the safe, effective, and equitable implementation
of these technologies:

• Regulatory and Ethical Concerns: The development of AI-based clinical tools
must align with stringent regulatory frameworks to ensure patient safety and data
integrity. Regulatory agencies are still adapting to the rapid pace of innovation, often
resulting in a lag between technological readiness and clinical deployment.

• Explainability and Trust: Clinicians need to understand the rationale behind AI-
driven recommendations. The “black-box” nature of many AI models, particularly
deep learning architectures, can hinder trust and adoption. Enhancing explainability
through interpretable AI methods is critical to bridge this gap.

• External Validation: Many AI models are developed using data from single centers
or homogeneous populations. Generalizability requires rigorous external validation in
diverse, multinational cohorts to ensure robustness across different healthcare systems
and patient demographics.

• Data Quality and Availability: A significant proportion of ECG data is still paper-
based and not digitally archived, limiting the availability of large, high-quality datasets
required for AI training and validation. Digitization efforts, alongside standardized
data formats, are essential to unlock the full potential of AI.

Future Perspectives

The field of AI in clinical electrophysiology is poised for substantial growth. In the coming
years, we anticipate a transition from proof-of-concept models to clinically validated tools
integrated within electronic health records and procedural platforms. The combination of
multimodal data sources—such as ECGs, imaging, genomics, and real-time electrophysiological
signals—will enable the development of comprehensive, patient-specific models that support
truly personalized arrhythmia management.
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Interdisciplinary collaboration will be fundamental in driving these advancements. Clini-
cians, data scientists, engineers, and regulatory bodies must work in concert to design, evaluate,
and implement AI systems that are safe, effective, and ethically sound. The incorporation of
federated learning and privacy-preserving techniques may further promote data sharing and
model development across institutions without compromising patient confidentiality.

In conclusion, the research presented in this thesis represents a step forward in the
integration of AI into clinical and interventional arrhythmology. While challenges remain,
the trajectory of innovation is clear. With continued effort, AI has the potential to become
an indispensable ally in the fight against cardiac arrhythmias, transforming the landscape of
electrophysiology for the benefit of patients and clinicians alike.
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