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Abstract

Electrocardiograms (ECGs) are non-invasive tools for assessing the electrical activity of the heart,
they are widely used to detect cardiac abnormalities. Deep learning algorithms enable automatic
detection of complex patterns in ECG data, offering significant potential for improved cardiac
diagnosis. However, their adoption is hindered by a low level of trust among medical profession-
als and a substantial need for data to train the models. Artificial intelligence, particularly deep
learning, allows for exploration of hierarchical representations of complex data, leading to a better
understanding of internal interactions. Nevertheless, interpretability of the models are crucial to
gain specialists’ trust and facilitate widespread implementation. This thesis aims to develop a novel
interpretability algorithm for neural networks applied to ECG analysis, working in close collaboration
with cardiology specialists. Our study focuses on a specific cardiac pathology, Torsades-de-Pointes
(TdP). TdP is a life threatening arrhythmia associated with various factors, including medications
and congenital mutations. Accurate prediction of this risk can enhance patient care and potentially
save lives. We started by designing a neural network algorithm for predicting the risk of TdP using
ECG data. Second, we developed a new interpretability algorithm named Evocclusion, that enables
a better understanding of the neural network’s decision process. This algorithm aims to provide
human readable insights into the model’s predictions, leading to increased trust among clinicians and
specialists. Third, we present two main frameworks developed to improve ECG analysis and the
interpretability method. A crucial aspect of ECG analysis is signal quality. Therefore, we propose
a new method using a denoising autoencoder to significantly remove noise from the ECG data
and partially recover the waveform from alterations. This technique improves the reliability of the
input data for subsequent analysis and ensures that the neural networks have access to high quality
information. We also developed neural networks to segment the ECG and extract beats, P and T
waves, and QRS complexes. These segmentation results enable a deeper understanding of the ECG
components and facilitate further analysis. Additionally, we provide a method to assess a quality
score vector of the ECG, enabling us to focus on parts of the signal that have a good quality score.
This approach ensures that the most reliable information is used for analysis and clinicians which
reduces the risk of false positives and negatives. This research seeks to enhance trust in artificial
intelligence, leading to better automation of complex tasks in medicine and beyond, ultimately
improving patient outcomes.

Keywords: Electrocardiogram · XAI · interpretability · TdP · denoising · segmentation · neural net-
work · deep learning
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Résumé

L’électrocardiogramme (ECG) est un outil non invasif permettant d’évaluer l’activité électrique
du cœur. Ils sont largement utilisés dans la détection d’anomalies cardiaques. Les algorithmes
d’apprentissage profond permettent la détection automatique de schémas complexes dans les données
ECG, ce qui offre un potentiel important pour l’amélioration du diagnostic médical. Toutefois,
leur adoption est freinée par un faible niveau de confiance des cliniciens et un besoin massif de
données pour entrainer les modèles. L’intelligence artificielle, en particulier l’apprentissage profond
(deep learning), permet d’explorer des représentations hiérarchiques de données complexes, ce qui
permet de mieux comprendre les interactions internes. Néanmoins, l’interprétabilité des modèles est
cruciale pour gagner la confiance des spécialistes et permettre une utilisation générale. Ces travaux
de thèse, réalisés en étroite collaboration avec des spécialistes en cardiologie, visent à développer
un nouvel algorithme d’interprétabilité pour les réseaux de neurones appliqués aux données ECG.
Notre étude se concentre sur une pathologie cardiaque spécifique, la Torsades de pointes (TdP).
La TdP est ube arythmie mortelle associée à divers facteurs, notamment médicamenteux et/ou des
mutations congénitales. Une prédiction précise de ce risque peut améliorer les soins aux patients
et potentiellement sauver des vies. Nous avons commencé par concevoir un réseau de neuronnes
pour prédire le risque de TdP à l’aide de données ECG. Ensuite, nous avons développé un nouvel
algorithme d’interprétabilité baptisé Evocclusion, qui permet de mieux comprendre le processus de
décision du réseau de neurones. Cet algorithme vise à fournir des informations lisibles par l’homme
sur les prédictions du modèle, afin d’accroître la confiance des cliniciens et des spécialistes. Enfin,
nous présentons deux autres méthodes développées pour améliorer l’analyse de l’ECG et la méthode
d’interprétabilité. La qualité du signal est un aspect crucial dans l’analyse d’ECGs. Ainsi, nous
proposons une nouvelle méthode utilisant un autoencodeur de débruitage pour réduire de manière
significative le bruit présent dans les données ECG et reconstruire partiellement le signal. Cette
technique améliore la fiabilité des données d’entrée pour des analyses approfondies et garantit que les
réseaux de neurones ont accès à des informations de haute qualité. Nous avons également développé
des réseaux supplémentaires pour segmenter l’ECG et extraire les battements, les ondes P et T et
complexes QRS. Cette segmentation permet une compréhension plus approfondie des composants de
l’ECG et ouvre la voie à de nouvelles analyses sur des composantes spécifiques du signal. En outre,
nous fournissons une méthode pour évaluer un vecteur score de qualité ECG, ce qui nous permet de
nous concentrer sur les parties du signal qui ont un bon score de qualité. Cette approche garantit que
les informations les plus fiables sont utilisées pour l’analyse et les cliniciens, ce qui réduit le risque
de faux positifs et négatifs. Cette recherche vise à renforcer la confiance dans l’utilisation de réseau
de neurones, ce qui permettra d’améliorer l’automatisation des tâches complexes en médecine et
ailleurs, et, en fin, d’améliorer le traitement des patients.

Mots clés: Electrocardiogramme · XAI · interpretabilité · TdP · débruitage · segmentation · réseau de
neurones · deep learning
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1.1 Context

1.1.1 The Electrocardiogram and heart diseases
Cardiovascular diseases are one of the leading causes of death worldwide [7], they refer to a group
of disorders that affect the cardiovascular system and metabolic function. These diseases can cause a
variety of health problems, including heart attack, stroke, and diabetes. Early detection and diagnosis
of cardiometabolic diseases are crucial for effective treatment and prevention of complications. One
important tool used for detecting these diseases is the eletrocardiogram (ECG). The ECG is a non-
invasive diagnostic tool that quantifies the eletrical activity of the heart (Figure 1). It records the
electrical impulses generated by the heart cells as they beats. This overall summed signal can provide
valuable information about the heart’s rhythm and function state.
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Figure 1: ECG Heartbeat Representation From The Clinical ECG Interpretation Book (Kusumoto,
2020).

ECGs are recorded using electrodes, which are placed on different parts of the chest as shown in
Figure 2. Each electrode records an electrical signal called lead, most ECGs are recorded on 12 leads
using 10 electrodes. The leads are described as follows:

• Lead I: records the electrical signal difference between the left arm and right arm

• Lead II: records the electrical signal difference between the left leg and right arm

• Lead III: records the electrical signal difference between the left leg and left arm

• Lead aVR: captures a higher electrical signal voltage coming from the right arm

• Lead aVL: captures a higher electrical signal voltage coming from the left arm

• Lead aVF: captures a higher electrical signal voltage coming from the left leg

• Leads V1-V6: record electrical signals from the 6 electrodes placed on the chest

These leads provide a spatial and temporal representation of the heart’s electrical activity. When
considering spatial representation, each lead presents how the electrical impulses travel through the
heart chambers (frontal, horizontal and sagittal planes) as shown in Figure 4 where each lead has a
typical waveform. As for temporal representation, each lead shows how long it takes for each part of
the heart to depolarize/contract and repolarize/relax during each heartbeat.
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Figure 2: Electrodes position on the chest for recording an ECG: 6 electrodes are placed on the chest,
each one records eletrical impulses which form the ECG periodic signal. The leads records the same
eletrical activity at different timesteps, the physical position of the eletrodes also provides a spatial view
of the heart eletrical activity.

ECGs are widely used by clinicians to detect cardiac abnormalities by focusing on specific regions
or segments of the ECG. The most used ones as displayed in Figure 1 are the P wave, the QRS
complex and the T wave. The right and left atria or upper chambers generate the first wave: P wave,
followed by a flat line when the electrical impulse goes to the bottom chambers. The right and left
bottom chambers or ventricles generate the next wave called the QRS complex when they contract
strongly to pump the blood towards the periphery of the organ. The final wave or T wave represents
the electrical recovery or return to a resting state of the ventricles [8].

Abnormalities can be spotted on the ECG and help diagnosing severe conditions such as arrhyth-
mia. Arrhythmia is an abnormal heart rhythm that can occur due to a variety of reasons, such as heart
disease, medication side effects, or hormonal imbalances. Arrhythmias can be detected on ECG by
measuring the time between heartbeats and identifying irregularities in the rhythm. Early detection of
arrhythmias is important because they can increase the risk of other cardiometabolic diseases, such as
heart failure or stroke [8].

Some of the most common cardiometabolic diseases that can be detected from ECG are heart at-
tacks or myocardial infarction, atrial fibrillation (AF), pulmonary embolism, chronic lung disease, hy-
pertrophic cardiomyopathy, sick sinus syndrome, prolonged QT interval or Torsades de Pointes (TdP)
[9][8][10][11][12]. Heart attacks, or myocardial infarctions (MI)[13][14][15], occur when blood flow
to a portion of the heart muscle is obstructed, leading to ischemia and eventual tissue death. MIs are
classified into two primary types: ST-segment elevation myocardial infarctions (STEMIs) and non-
ST-segment elevation myocardial infarctions (NSTEMIs). STEMIs are characterized by the elevation
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(a) (b)

Figure 3: ECG waves and their relation to heart nodes: Illustration of the different ECG waves (P, Q, R,
S, and T) and their corresponding relationship to the electrical activity in the heart’s sinoatrial (SA) and
atrioventricular (AV) nodes. The P wave represents atrial depolarization initiated by the SA node, while
the QRS complex corresponds to ventricular depolarization and the activation of the AV node. Lastly, the
T wave signifies ventricular repolarization. Understanding these ECG waveforms and their association
with heart nodes is crucial for diagnosing and managing various cardiac conditions.

of the ST segment on an ECG, which is indicative of complete blockage of a coronary artery. In con-
trast, NSTEMIs do not exhibit ST-segment elevation and are typically associated with partial blockage
of a coronary artery. Both types of MIs can result in significant damage to the heart muscle and have
potentially life-threatening consequences. The pathophysiology of MIs involves a complex interplay
of factors, including atherosclerosis, plaque rupture, thrombosis, and vasoconstriction. Atherosclero-
sis is the progressive narrowing of coronary arteries due to the buildup of fatty deposits called plaques.
Plaque rupture can expose the underlying thrombogenic material, leading to the formation of a blood
clot that obstructs blood flow to the heart muscle. Additionally, vasoconstriction and vasospasm can
further compromise blood flow, exacerbating ischemia and ultimately leading to myocardial necrosis.

MIs can be diagnosed through ECGs[16][17]. In fact, they can provide valuable information re-
garding the extent of ischemia, the affected coronary artery, and the severity of the infarction. The
characteristic ECG changes associated with MIs include ST-segment elevation or depression, T-wave
inversion, and the development of pathological Q-waves. In STEMIs, the ST-segment elevation ob-
served on the ECG typically reflects transmural ischemia, which involves the entire thickness of the
heart muscle. This suggests that a major coronary artery is completely blocked, necessitating rapid
reperfusion therapy to restore blood flow and minimize myocardial damage. In contrast, NSTEMIs
typically exhibit ST-segment depression or T-wave inversion, indicating subendocardial ischemia or
injury, which affects only a portion of the heart muscle wall. The localization of an MI can also be
determined based on the specific ECG leads that demonstrate abnormalities [17]. For example, ante-
rior MIs are often associated with ST-segment elevation in leads V1 to V4, while inferior MIs show
ST-segment elevation in leads II, III, and aVF. Identifying the affected coronary artery is crucial for
selecting the appropriate reperfusion strategy, such as percutaneous coronary intervention (PCI) or
coronary artery bypass graft (CABG) surgery.

In addition to MIs diagnosis, ECGs play a significant role in the management of myocardial
infarctions. Indeed, they can be used to monitor the response to treatment, detect complications,
and guide decision-making regarding further intervention. For instance, the resolution of ST-segment
elevation following reperfusion therapy may indicate successful restoration of blood flow, while the
persistence of ST-segment elevation may warrant additional intervention. Another critical cardiac
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Figure 4: Mapping the Electrical Activity of the Heart: A 12-Lead ECG Visualization: The ECG is
obtained by placing electrodes on the chest and limbs of the patient. The ECG consists of 12 leads, each of
which provides a different view of the heart’s electrical activity. The leads are named using a combination
of letters and numbers.

condition that can be detected and monitored through ECG is atrial fibrillation (AF), an arrhythmia
characterized by irregular and rapid heart rates due to chaotic electrical activity in the atria. Although
AF is not a direct consequence of myocardial infarctions, there is a significant overlap in the risk
factors for both conditions, including hypertension, diabetes, obesity, and advanced age. Furthermore,
the presence of AF can complicate the management of patients with a history of MI, increasing the
risk of stroke, heart failure, and other adverse outcomes.

Atrial fibrillation can be diagnosed using a 12-lead ECG [18][19], which typically reveals an
irregular rhythm, absent P waves, and variable ventricular response. The ECG findings in AF are
distinct from those observed in MIs; however, it is crucial to recognize that patients with myocardial
infarctions may also develop atrial fibrillation as a secondary complication, particularly in the setting
of acute myocardial ischemia, heart failure, or significant electrolyte imbalances. The management of
AF in the context of myocardial infarctions involves addressing both the arrhythmia itself and the un-
derlying ischemic heart disease. The primary goals of AF treatment [18] include rate control, rhythm
control, and anticoagulation to prevent thromboembolic complications such as stroke. Rate control
strategies, which aim to slow the ventricular response, may include the use of beta-blockers, calcium
channel blockers, or digoxin. Rhythm control methods, on the other hand, seek to restore and main-
tain normal sinus rhythm and can involve the use of antiarrhythmic drugs, electrical cardioversion, or
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catheter ablation procedures.
Another cardiac condition that warrants attention is sick sinus syndrome (SSS) [20]. SSS, also

known as sinus node dysfunction, is a group of disorders characterized by abnormal functioning of
the sinoatrial (SA) node, the natural pacemaker of the heart [21]. The SA node is responsible for gen-
erating regular electrical impulses that initiate the cardiac cycle and maintain a normal heart rate. In
patients with SSS, the SA node fails to perform its function effectively, leading to various arrhythmia
and symptoms, such as dizziness, palpitations, syncope, or fatigue. SSS encompasses a wide range of
arrhythmia, including sinus bradycardia, sinus pauses or arrest, sinoatrial exit block, and tachy-brady
syndrome. Sinus bradycardia is defined as a slow heart rate, typically less than 60 beats per minute
(bpm), resulting from a decreased SA node firing rate. Sinus pauses or arrest occur when the SA node
fails to generate an impulse, leading to a temporary cessation of atrial activity. Sinoatrial exit block
refers to the impaired conduction of impulses from the SA node to the surrounding atrial tissue, while
tachy-brady syndrome is characterized by alternating episodes of abnormally fast and slow heart rates,
such as atrial fibrillation with slow ventricular response followed by sinus bradycardia or pauses. The
pathophysiology of SSS is multi-factorial and can involve intrinsic and extrinsic factors. Intrinsic
factors include age related degeneration of the SA node and surrounding atrial tissue, fibrosis, or
infiltration by inflammatory or neoplastic processes. Extrinsic factors encompass the effects of med-
ications, such as beta-blockers, calcium channel blockers, or anti-arrhythmic drugs, and autonomic
nervous system influences, particularly increased vagal tone. Additionally, SSS can be associated
with underlying cardiac conditions, such as ischemic heart disease, myocarditis, or congenital heart
defects.

ECGs play a vital role in the diagnosis of sick sinus syndrome [22], providing valuable informa-
tion regarding the underlying arrhythmia and guiding subsequent management strategies. Character-
istic ECG findings in SSS include:

• Sinus bradycardia: A regular rhythm with a rate less than 60 bpm and normal P wave morphol-
ogy, followed by a QRS complex.

• Sinus pause or arrest: An absence of P waves and QRS complexes for a duration that is not
an exact multiple of the normal P-P interval, eventually followed by the resumption of atrial
activity.

• Sinoatrial exit block: A regular rhythm with normal P wave morphology, followed by a QRS
complex, but with a sudden interruption in the P-P interval, which is an exact multiple of the
normal P-P interval.

• Tachy-brady syndrome: A combination of tachyarrhythmias, such as atrial fibrillation or atrial
flutter, interspersed with episodes of bradycardia, sinus pauses, or arrest.

The management of SSS primarily focuses on addressing the underlying cause [22], treating as-
sociated symptoms, and preventing complications. In cases where medication-induced bradycardia is
suspected, dose reduction or discontinuation of the offending drug may alleviate symptoms. However,
the definitive treatment for symptomatic SSS is the implantation of a permanent pacemaker, which
helps maintain an appropriate heart rate and prevents syncope or in patients with tachy-brady syn-
drome. Performance of the pacemaker is monitored through ECGs and help detecting any potential
complications or device malfunctions. Regular ECG assessments are necessary to ensure adequate
pacing, sensing, and capturing of the atrial and ventricular leads. ECG findings [23] that suggest pace-
maker malfunction or failure to pace include the absence of pacing spikes, loss of atrial or ventricular
capture, or inappropriate sensing of intrinsic cardiac activity.

Other cardiac electrophysiological disorders can affect different aspects of the heart’s electrical
activity [24]. Indeed, it is important to consider other conditions with distinct underlying mechanisms
and clinical implications. One such condition is the prolonged QT interval, which, similar to SSS,
affects the heart’s electrical activity but in a different manner. Instead of the heart’s ability to generate
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and regulate its rhythm being primarily affected, as seen in SSS, the prolonged QT interval is char-
acterized by an extended duration of ventricular depolarization and repolarization, represented by a
longer QT interval on an ECG (Figure 5) [11].

Figure 5: Illustration of prolonged QT interval:
The QT interval is measured from the beginning of
the QRS complex to the end of the T wave, repre-
senting ventricular depolarization and repolariza-
tion, respectively. In this example, the QT interval
is prolonged, indicated by the increased distance
between the QRS complex and T wave.

This condition increases the risk of life-
threatening arrhythmia, such as TdP [25], and
sudden cardiac death. The causes of prolonged
QT interval can be congenital or acquired, with
acquired causes often being more common and
including factors such as certain medications,
heart rate, autonomic tone, electrolyte imbal-
ances, and underlying medical conditions. The
QT interval represents the time from the onset
of ventricular depolarization (the Q wave) to the
end of ventricular repolarization (the T wave)
and is an essential measure of the electrical ac-
tivity within the heart. The normal QT inter-
val duration varies depending on age, sex, and
heart rate [25]. It can be measured using differ-
ent methods, including calipers and tangent. The
first one is performed by using a pair of calipers
to measure the distance between the start of the
QRS complex and the end of the T wave. The
start of the QRS complex is typically defined as
the point where the QRS complex begins to devi-
ate from the baseline, and the end of the T wave
is defined as the point where the T wave returns
to the baseline. The caliper method is a simple
and straightforward technique but can be prone

to measurement errors due to variations in the placement of the calipers. The tangent method involves
drawing a tangent line from the steepest slope of the R wave to the end of the T wave and measuring
the distance from the intersection of the tangent line with the baseline to the end of the T wave. This
method takes into account the slope of the T wave and can provide a more accurate measurement of
the QT interval, especially in cases where the T wave is not well-defined or has multiple peaks. Once
the QT interval is measured, it is typically corrected by the heart rate using the Bazett or Fredericia’s
formula [26], which divides the QT interval by the square root of the R-R interval (the time between
successive R waves) or by the cubic root of the R-R interval for Fredericia formulae. However, the
Bazzet correction method has limitations, especially at high and low heart rates, Fridericia’s formula,
may be more appropriate in some cases [26][27]. The corrected QT is denoted as QTc. A prolonged
QTc is generally defined as >440 ms in men and >460 ms in women. There are two primary categories
of prolonged QT interval: congenital and acquired.

• Congenital Prolonged QT Syndrome (LQTS) is an inherited disorder caused by mutations in
genes responsible for encoding cardiac ion channels. These mutations disrupt the normal bal-
ance of ions entering and exiting the cardiomyocytes, leading to delayed ventricular repolar-
ization. LQTS can be further classified into various subtypes, depending on the specific gene
affected.

• Acquired Prolonged QT Syndrome is more common than congenital and is often due to ex-
ternal factors. Common causes include medications (e.g., antiarrhythmics, antipsychotics,
and certain antibiotics), electrolyte imbalances (especially hypokalemia, hypomagnesemia, and
hypocalcemia), myocardial ischemia, and other medical conditions (e.g., liver disease, hypothy-
roidism).
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Prolonged QT interval increases the risk of developing potentially fatal arrhythmia, such as TdP
[25][10][11], which may degenerate into ventricular fibrillation and sudden cardiac death. Patients
with congenital LQTS are at a higher risk for these events, but even those with acquired causes are at
an increased risk. Symptoms of prolonged QT interval may include syncope, seizures, palpitations, or
sudden cardiac death. The diagnosis of a prolonged QT interval is primarily based on ECG analysis.
However, thorough clinical evaluation, including a detailed family and medical history, should be
performed to identify potential causes and risk factors. Management strategies of LQTS involve: (i)
discontinuing QT-prolonging medications, correcting electrolyte imbalances, and treating underlying
medical conditions. (ii) Risk stratification: patients should be assessed for their risk of developing
life-threatening arrhythmia. High-risk patients include those with a history of syncope, a family
history of SCD, or a markedly prolonged QTc. (iii) Patients should be educated on avoiding triggers
such as strenuous exercise, emotional stress, and exposure to QT-prolonging medications. LQTS have
several clinical implications and potential complications. One of the most severe and life-threatening
arrhythmias associated with LQTS is TdP, a unique polymorphic ventricular tachycardia characterized
by its distinctive appearance on an ECG: rapid heart rate, usually around 200-250 beats per minute,
distinct pattern showing QRS complexes that appear to twist around the isoelectric line, hence the
name "torsades de pointes," (in french) which translates to "twisting of the points." as shown in
Figure 6. This twisting is due to the varying amplitudes and morphology of the QRS complexes.
If left untreated, TdP can lead to ventricular fibrillation and sudden cardiac death. Prolonged QT
interval is a critical risk factor for the development of TdP and is a marker of delayed ventricular
repolarization.

The underlying mechanism of TdP is primarily related to abnormal ventricular repolarization.
The QT interval represents the time taken for the ventricular myocardium to recover from excitation
and prepare for the subsequent cycle. This period is dependent on the balance between inward and
outward ionic currents, which determines the duration of the action potential. Key players in this
process are the rapid (I_Kr) and slow (I_Ks) components of the delayed rectifier potassium currents,
the L-type calcium current (I_CaL), and the transient outward potassium current (I_to).

Prolongation of the QT interval occurs when there is an imbalance between these currents, result-
ing in a prolonged action potential duration. This can be due to reduced outward potassium currents,
increased inward calcium currents, or a combination of both. The repolarization abnormalities lead
to the development of early after depolarizations (EADs), which are oscillations in the membrane
potential occurring before complete repolarization. EADs can trigger TdP if they reach a threshold
to initiate an action potential in neighboring cells, causing the twisted QRS pattern seen on the ECG
[10][11].

There are numerous factors that can predispose an individual to develop TdP [11][24], includ-
ing congenital and acquired causes. One of the congenital causes of Congenital long QT syndrome
(LQTS) caused by genetic mutations in genes encoding ion channel sub-units or associated pro-
teins. There are at least 17 sub-types of LQTS, with the most common being LQT1, LQT2, and
LQT3, which involve mutations in the KCNQ1, KCNH2, and SCN5A genes, respectively. These
mutations lead to abnormal ion channel function, resulting in a prolonged action potential dura-
tion and increased susceptibility to TdP. Acquired causes of TdP are more common and can result
from a variety of factors, such as electrolyte imbalances, medications, and structural heart disease.
Hypokalemia, hypomagnesemia, and hypocalcemia can all prolong the QT interval and predispose
an individual to TdP. A wide range of medications, including anti-arrhythmic agents, antibiotics,
anti-psychotics, and anti-depressants, can also cause acquired LQTS and TdP. Drug-induced TdP
is typically a result of these medications blocking the I_Kr current, prolonging the action poten-
tial duration. Certain pathological conditions and structural heart diseases can also lead to a pro-
longed QT interval and TdP. Myocardial ischemia, heart failure, and cardiomyopathies can result in
repolarization abnormalities and increased susceptibility to arrhythmia. Additionally, patients with
a history of ventricular arrhythmia, syncope, or sudden cardiac death in the family are at an in-
creased risk for developing TdP. The diagnosis of TdP is primarily based on the characteristic ECG
findings [11]. ECG is essential in identifying risk factors and precipitating causes of TdP. As men-
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tioned earlier, a prolonged QT interval is a major risk factor for TdP, and its identification can help
guide further investigation into potential underlying causes. Congenital long QT syndrome (LQTS)
and acquired causes, such as electrolyte imbalances or medications, can lead to a prolonged QT
interval. A detailed analysis of the ECG, along with a thorough patient history and physical ex-
amination, can help distinguish between these different etiologies. In patients with suspected con-
genital LQTS, the ECG may demonstrate specific patterns associated with the various sub-types.
For example, patients with LQT1 may exhibit broad-based T waves, while those with LQT2 may
have low-amplitude, bifid T waves. Additionally, the ECG may reveal other findings suggestive of
structural heart disease, such as myocardial ischemia or cardiomyopathies, which can predispose
to TdP. Continuous ECG monitoring is crucial in managing patients with TdP, as it allows for the
prompt detection of arrhythmia and assessment of the effectiveness of treatment strategies. In the
acute setting, ECG monitoring can help guide the administration of intravenous magnesium sul-
fate or the use of temporary cardiac pacing or electrical cardioversion to terminate the arrhythmia.

Figure 6: Illustration of prolonged QT interval
leading to Torsade de Pointes (TdP) arrhythmia:
TdP signal is characterized by a unique twisting
pattern of the QRS complex. This can be caused
among others by a prolonged QT interval. TdP
can lead to syncope, ventricular fibrillation, and
sudden cardiac.

Furthermore, ECG monitoring can help assess
the QT interval and the potential pro-arrhythmic
effects of medications, allowing for the opti-
mization of pharmacotherapy and minimizing
the risk of recurrent TdP. In patients with a his-
tory of TdP or those at high risk, long-term
ECG monitoring using Holter monitors or im-
plantable loop recorders may be employed to de-
tect episodes of TdP or other arrhythmia that
may require further intervention. This infor-
mation can also aid in determining the need
for more aggressive interventions, such as im-
plantable cardioverter-defibrillators (ICDs), par-
ticularly in patients with congenital LQTS or
those with a history of recurrent TdP.

1.1.2 ECG computer analyses
ECGs are crucial for detecting cardio-metabolic
pathologies and the methods have evolved sig-
nificantly over the past few decades. In the early
days of ECG interpretation, experts manually ex-
amined the ECG waveform to detect abnormali-
ties, such as changes in the ST segment, T wave,
or QRS complex as previously stated. The inter-
pretation relied on the knowledge and experience
of the expert, making it subjective and prone
to inter-observer variability. This approach was
time-consuming and limited in its ability to de-
tect subtle changes in the ECG waveform. In the
1980s and 1990s, there was a growing interest
in automating the interpretation of ECGs using
computer algorithms. Rule-based systems were
developed to achieve this goal. These systems
used a set of predefined rules to detect abnor-
malities in the ECG waveform. The rules were
based on the knowledge and experience of ex-
perts in the field, who identified the most impor-
tant features of the ECG waveform and defined rules for their interpretation (for example PR, QT, ST



24 CHAPTER 1. INTRODUCTION AND GENERALITIES

intervals, amplitude of P, T waves...). The rule-based systems were designed to be faster and more
consistent than manual interpretation, as they could process large volumes of ECG data quickly and
consistently. However, these systems had limitations. They were designed to operate within a fixed
set of rules and were not able to adapt to new data or update their rules automatically. Therefore, the
rule-based systems required significant domain expertise to develop and maintain the rule sets. Also
they couldn’t detect more complex abnormalities that could not be captured by a set of predefined
rules. For example, subtle changes in the ECG waveform such as a very light prolongation of the P
wave combined with a proportional decrease of its amplitude that may be coupled with QT prolonga-
tion indicating early signs of arrhythmia may not be detected by a rule-based system. This meant that
these systems were less sensitive than manual interpretation, and there was a risk of missing important
information that could affect patient outcomes. Most of these systems required a preliminary diag-
nosis. Despite these limitations, rule-based systems played an important role in the development of
ECG analysis. They provided a foundation for the development of more advanced machine learning
algorithms and enabled the automation of basic ECG analysis tasks.

In the late 1990s and early 2000s, Artificial Intelligence (AI) approaches, specifically machine
learning algorithms were first introduced to ECG analysis [28]. These algorithms used statistical
methods to learn patterns in the ECG waveform and detect abnormalities. The algorithms were de-
signed to identify relevant features in the ECG waveform that could be used to differentiate between
normal and abnormal signals. These features included the amplitude, duration, and shape of various
components of the ECG waveform, such as the QRS complex, T wave, and P wave. The advantage
of machine learning algorithms over rule-based systems was their ability to adapt to new data with-
out the need for manual intervention. Machine learning algorithms could analyze large datasets and
learn patterns in the data that were not initially apparent to human experts. This approach was more
flexible than rule-based systems, which relied on predefined rules that could not be easily modified
or adapted to new data. However, machine learning algorithms were still limited by the quality and
quantity of the training data. To train these algorithms, large datasets of labeled ECG signals were
needed. The quality of the training data was critical to the accuracy of the algorithm, and errors or
biases in the training data could affect the performance of the algorithm on new data. Additionally,
machine learning algorithms often required significant feature engineering to extract meaningful in-
formation from the ECG waveform. This process involved selecting relevant features from the ECG
waveform, preprocessing the data, and transforming the data into a format that could be analyzed by
the algorithm. Despite these limitations, machine learning algorithms were a significant improvement
over previous approaches to ECG analysis. They enabled automated analysis of large datasets and
provided new insights into the patterns and features of ECG signals. In recent years, machine learning
algorithms paved the way for the development of more advanced techniques, such as deep learning
(more specifically neural networks), which eliminated the need for manual feature engineering and
improved the accuracy and efficiency of ECG analysis.

These algorithms, neural networks, have emerged as the state-of-the-art approach to ECG analysis
due to their ability to automatically learn complex patterns in the ECG waveform. They use a layered
network of artificial neurons that can detect patterns and relationships between different aspects of the
ECG waveform, which enables more accurate and efficient detection of abnormalities, the features are
learned directly from the raw data. Neural networks algorithms have been shown to be effective in
detecting subtle changes in the ECG waveform that were previously undetectable with manual or rule-
based approaches. For example, deep learning algorithms have been used to detect early signs of heart
disease and predict the risk of TdP arrhythmia from among others, prolonged QT intervals.They can
also be used to identify atrial fibrillation, which can be difficult to detect with traditional approaches.

1.1.3 Concepts in Deep Learning
Neural networks are the foundation of deep learning, a sub-field of artificial intelligence that has
revolutionized various domains such as computer vision, natural language processing, and reinforce-
ment learning. In the past few years, there has been rapid and significant improvements in the field,
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enabling machines to learn intricate patterns and representations from large-scale data. The core con-
cept of neural networks is inspired by the human brain, with interconnected nodes called neurons that
process and transmit information.

A neural network consists of multiple layers of interconnected neurons, with each layer transform-
ing the input data to produce more abstract or complex representations [29]. The three main types of
layers are:

– Input Layer: This layer receives raw data from external sources and is responsible for prepro-
cessing and normalizing the data.

– Hidden Layers: These layers are between the input and output layers and consist of multiple
neurons that process the input data. The hidden layers perform non-linear transformations on
the input data, enabling the neural network to learn complex patterns and features.

– Output Layer: The final layer in the neural network produces the output, which could be a
classification, a regression, or a probability distribution.

The architecture of a neural network can vary in terms of the number of layers, the number of neurons
in each layer, and the connectivity pattern between layers. Three common types of neural networks
are:

– Feedforward Neural Networks: In these networks, information flows in one direction, from
the input layer through the hidden layers to the output layer. There are no loops or cycles in the
connections, and each layer is connected only to the next layer.

– Recurrent Neural Networks (RNNs): These networks have connections that form loops, al-
lowing them to maintain a hidden state that can capture information from previous time steps.
RNNs are particularly useful for processing sequential data.

– Transformer Neural Networks: In 2017, Google Brain introduced a new type of neural net-
work architecture calledTransformer networks. Transformers have revolutionized the field of
natural language processing (NLP) for instance. These networks are designed to process se-
quential data such as text, speech, and time series data. They have been shown to outperform
traditional recurrent neural networks (RNNs) in many NLP tasks. One of the key innovations
in transformer networks is the use of an attention mechanism. This mechanism allows the net-
work to weigh the importance of different parts of the input sequence when making predictions.
For example, when translating a sentence from one language to another, the attention mecha-
nism allows the network to focus on specific words in the source sentence that are relevant to
predicting a word in the target sentence.

Artificial neurons or perceptrons, or nodes, are the fundamental building blocks of neural net-
works, inspired by the biological neurons found in the human brain. They receive input signals, pro-
cess the information, and output a transformed signal, which is then passed to other neurons within
the network. The basic structure of an artificial neuron consists of the following components:

– Inputs: The inputs, denoted as x1, x2, ..., xn, are the values that the neuron receives from other
neurons, or from external sources in the case of input neurons. Each input is associated with a
weight, w1, w2, ..., wn, which determines the strength of the connection between the input and
the neuron.

– Activation Function: The activation function, f , is a nonlinear function that transforms the sum
of the weighted inputs. It introduces non-linearity into the neural network, allowing it to learn
complex patterns and model non-linear relationships between inputs and outputs.

– Output: The output of the neuron, y, is the result of applying the activation function to the sum
of the weighted inputs.
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The output of the neuron is represented as:

y = f(
∑

(wi ∗ xi) + b)

where:

• xi: the input vector components

• wi: the corresponding weight vector components

• b: the bias term

• f(); the activation function

Activation functions are an essential component of neural networks, they serve to transform input
values and modulate neuron outputs. Their ability to capture non-linear relationships between inputs
and outputs renders them indispensable in deep learning applications. These mathematical operations,
utilized in conjunction with the weighted sum of inputs (neuron operation), serve as the basis for
neuron activation and ultimately determine the network’s ability to learn complex patterns and make
accurate predictions. Activation functions are broadly categorized into two groups: linear and non-
linear. Linear activation functions, such as the identity function, maintain the proportionality of the
input and output. However, they have limited use due to their inability to learn complex patterns or
model non-linear relationships. Conversely, non-linear activation functions are capable of modeling
complex, non-linear relationships between inputs and outputs. This flexibility makes them well-suited
for various applications in deep learning and neural networks. Some common activation functions are:

– Sigmoid Activation Function also known as the logistic function, is mathematically expressed
as:

f(x) =
1

1 + e−x

This S-shaped curve maps input values to the range (0, 1), making it suitable for binary clas-
sification tasks. However, the sigmoid function is prone to the vanishing gradient problem,
wherein gradients become increasingly small during backpropagation, impeding the learning
process. This issue is exacerbated as the neural network grows deeper.

– Hyperbolic Tangent (tanh) function is similar to the sigmoid function but transforms input
values into a range between -1 and 1. This results in a function with a steeper slope, allowing
for faster learning. However, like the sigmoid function, tanh is also prone to the vanishing
gradient problem, limiting its effectiveness in deep neural networks. It is defined as:

f(x) =
e2x − 1

e2x + 1
=

sinh(x)

cosh(x)

– Rectified Linear Unit (ReLU) is a popular activation function that addresses the vanishing
gradient problem. It is defined as

f(x) = max(0, x)

, meaning that if the input is positive, the function returns the input value, while if it is negative,
the function returns zero. ReLU is computationally efficient and encourages sparse activation
in neural networks, which can lead to more effective learning. However, ReLU is not without
drawbacks. It is susceptible to the dying ReLU problem, where neurons may become inactive
during training and never contribute to learning again.
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– Leaky ReLU and Parametric ReLU (PReLU) were introduced to mitigate the dying ReLU
problem. Leaky ReLU modifies the ReLU function by introducing a small, non-zero slope for
negative input values, ensuring that neurons maintain some level of activity. PReLU takes this
a step further by making the slope for negative input values a learnable parameter, allowing the
network to adapt during training. Both equations are defined as:

f(x) = max(α ∗ x, x)

where α is a learnable parameter in case of PReLU.

(a) Sigmoid activation function (b) ReLU activation function

(c) Leaky ReLU activation function (d) Tanh activation function

Figure 7: A 2x2 grid of subfigures

Selecting the appropriate activation function depends on the specific problem and the architecture of
the neural network. One must consider the properties and limitations of various activation functions
while experimenting with different combinations to achieve optimal performance.

Loss Functions also known as cost functions or objective functions, are crucial components for
training and optimizing neural network models. They quantify the discrepancy between the predicted
label and the actual or true label, thus providing a measure of the performance of the model. Mathe-
matically, a loss function is represented as:

L(y, ŷ) = L(y, f(x))

Where L is the loss function, y is the true output, ŷ is the predicted output, and f(x) is the model that
maps input x to output ŷ. The primary goal of a learning algorithm is to minimize the loss function, as
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this results in improved model performance. The optimization process adjusts the model parameters
using techniques such as gradient descent, an optimizer algorithm, which iteratively minimizes the
loss function by updating the parameters in the direction of the negative gradient. Loss functions can
be broadly categorized into two classes: regression loss functions and classification loss functions.
Regression loss functions are employed for continuous target variables, while classification loss func-
tions are used for discrete target variables, such as binary or multi-class problems. Most common
losses are:

Regression losses

– Mean Squared Error (MSE): is the most commonly used regression loss function. It calculates
the average of the squared differences between the predicted and true values:

MSE(y, ŷ) =
1

n

n∑

i=1

(yi − ŷi)2

Where n is the number of samples, yi is the true value, and ŷi is the predicted value.

The MSE is sensitive to outliers due to the squaring operation, which magnifies the effect
of large errors. It is also differentiable, making it suitable for gradient-based optimization
algorithms.

– Mean Absolute Error (MAE): computes the average of the absolute differences between the
predicted and true values:

MAE(y, ŷ) =
1

n

n∑

i=1

|yi − ŷi|

Unlike the MSE, the MAE is less sensitive to outliers, as it does not involve squaring the
differences. However, the MAE is not differentiable at zero, which can pose challenges for
some optimization algorithms.

– Huber Loss: is a hybrid of the MSE and the MAE. It is less sensitive to outliers than the MSE
and is differentiable:

Huber(y, ŷ, δ) =

{
(1
2
)(yi − ŷi)2, if |yi − ŷi| ≤ δ

δ|yi − ŷi| − 1
2
δ2, otherwise

(1.1)

Where δ is a user-defined parameter controlling the transition between the squared-error (first
part) and the absolute-error (second part) region.

Classification losses

– Binary CrossEntropy Loss (Log Loss): also known as Log Loss, is used for binary classification
problems. It measures the dissimilarity between the true probability distribution (y) and the
predicted probability distribution (ŷ):

BinaryCrossEntropy(y, ŷ) = −[y log(ŷ) + (1− y)log(1− ŷ)]

The Binary CrossEntropy Loss penalizes incorrect predictions with high confidence, thus en-
couraging the model to produce well-calibrated probabilities.
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– Categorical CrossEntropy Loss: is an extension of the Binary CrossEntropy Loss for multiclass
classification problems. It measures the dissimilarity between the true probability distribution
(y) and the predicted probability distribution (ŷ) for each class:

CategoricalCrossEntropy(y, ŷ) = −
n∑

i

(yi ∗ log(ŷi))

Where i iterates over all classes with n the number of classes, yi is the true probability of class
i, and ŷi is the predicted probability of class i.

Like the Binary CrossEntropy Loss, the Categorical CrossEntropy Loss penalizes incorrect
predictions with high confidence and encourages well-calibrated probabilities.

In some cases, predefined loss functions may not be suitable for a particular problem or dataset.
In such scenarios, custom loss functions can be designed to meet specific objectives. When designing
a custom loss function, it is essential to consider the following aspects:

• Differentiability: The loss function should ideally be differentiable for compatibility with gradient-
based optimization algorithms.

• Robustness: The loss function should be robust to noise and outliers, especially in datasets with
a high degree of variability or imperfections.

• Interpretability: The loss function should have a clear interpretation, making it easier to under-
stand the model’s performance and diagnose potential issues.

Optimization algorithms and backpropagation Backpropagation is a fundamental optimization
algorithm used in training artificial neural networks. It is a supervised learning algorithm that mini-
mizes the error between predicted and actual outputs by adjusting the weights and biases of the neural
network. The core concept of backpropagation is the application of the chain rule from calculus to
compute gradients of the loss function with respect to each weight. The backpropagation algorithm
can be broken down into the following steps:

• Forward pass

• Compute the loss

• Backward pass (compute gradients)

• Update the weights

The forward pass involves computing the output of the neural network given the input data. The
output is then used to compute the loss, The backpropagation algorithm is then applied to compute the
gradients of the loss with respect to the weights, and these gradients are used to update the weights in
a manner that minimizes the loss. Mathematically, the backpropagation algorithm can be represented
as follows. Let L be the loss function, and let W be the set of all weights in the network. The gradient
of the loss function with respect to a weight w in the set W can be computed using the chain rule:

∂L

∂w
=

∂L

∂y
∗ ∂y

∂w

where y is the output of the neuron directly connected to the weight w. The gradients are then used
to update the weights:

w = w − η ∗ ∂L
∂w

where η is the learning rate, a hyperparameter that controls the step size of the weight updates.
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Efficient gradient computing during backpropagation is made possible using auto-differentiation.
It is a set of techniques to compute derivatives of functions symbolically and automatically. It is es-
sential in modern deep learning frameworks as it simplifies the implementation of backpropagation,
making it possible to compute gradients for complex models without manual differentiation. There
are two primary forms of auto-differentiation: forward mode and reverse mode. In the context of deep
learning, reverse mode auto-differentiation is more commonly used as it is more efficient for com-
puting gradients of scalar-valued functions with respect to many inputs, such as the loss function in
neural networks. Reverse mode auto-differentiation computes gradients in a backward pass through
the computational graph of the function. It starts from the output (the loss) and proceeds to the input,
computing the gradients of the loss with respect to each intermediate variable and weight in the graph
using the chain rule.

As backpropagation is used to efficiently compute the gradients of the loss function with respect to
the weights and biases, optimization algorithms are the methods used to update the weights and biases
of the neural network based on the gradients computed by the backpropagation algorithm. Optimiza-
tion algorithms define how the model parameters should be updated to minimize the loss function
over time. These functions use the gradients provided by backpropagation to make informed updates
to the weights and biases, ideally leading to better model performance. Some common optimization
functions include Gradient Descent, Stochastic Gradient Descent (SGD), and adaptive gradient meth-
ods like AdaGrad, RMSprop, and Adam. These optimization algorithms differ in how they update the
model parameters based on the computed gradients, and each has its advantages and disadvantages in
terms of convergence speed, stability, and computational complexity.

– Gradient Descent (GD): is a first-order optimization algorithm that aims to find the minimum
of a function by iteratively moving in the direction of the steepest decrease in the function’s
value. In the context of deep learning, the function to be minimized is the loss function. The
update rule for Gradient Descent is:

w = w − η ∗ ∇L(w)

where w is the weight, η is the learning rate, and ∇L(w) is the gradient of the loss function
with respect to the weight w.

– Stochastic Gradient Descent (SGD): is a variant of Gradient Descent that computes the gradient
using a randomly selected subset of the dataset (also called a minibatch) at each iteration instead
of the entire dataset. This random sampling introduces noise into the optimization process,
which can help the algorithm escape local minima and converge faster. The update rule for
Stochastic Gradient Descent is:

w = w − η ∗ ∇L(w,X)

where X is a randomly selected subset of the dataset.

– Momentum: is a technique used to improve the convergence of optimization algorithms like
SGD by incorporating a velocity term, which is a moving average of the gradients, into the
update rule. This results in smoother and faster convergence as the velocity term helps the algo-
rithm to overcome local minima and saddle points. The update rule for SGD with momentum
is:

v = β ∗ v + η ∗ ∇L(w,X)

w = w − v

where v is the velocity, and β is the momentum coefficient (typically between 0.5 and 0.9).
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Adaptive Gradient Methods Adaptive gradient methods are a family of optimization algo-
rithms that adapt the learning rate for each weight individually, based on the history of gradients.
This can help to speed up convergence and improve the stability of the optimization process. Some
popular adaptive gradient methods include AdaGrad, RMSprop, and Adam.

– Adagrad[30]: is an adaptive learning rate method that adjusts the learning rate for each parame-
ter based on the historical gradients. The primary motivation behind Adagrad is to improve the
convergence rate by adapting the learning rate for each parameter independently. The update
rule for Adagrad is as follows:

wt+1 = wt − η ∗ (Gt + ϵ)−1/2 ∗ gt

Here, wt is the weight at time step t, η is the global learning rate, Gt is the sum of the squared
gradients up to time step t,ϵ is a small constant to prevent division by zero (usually set to 1e-8),
and gt is the gradient at time step t. Adagrad accumulates the squared gradients in a diagonal
matrix G, which is used to scale the learning rate element-wise. The primary advantage of
Adagrad is that it can handle sparse data efficiently, as it will adapt the learning rates for the
infrequently updated parameters more aggressively.

However, Adagrad has a significant drawback: the accumulation of squared gradients in the
denominator can cause the learning rate to become too small, which slows down the learning
process or stops it altogether.

– RMSprop (Root Mean Square Propagation)[31]: was proposed as a modification to Adagrad to
address the diminishing learning rate issue. RMSprop introduces an exponential decay factor
(γ) to maintain a moving average of the squared gradients instead of accumulating them. The
update rule for RMSprop is:

E[g2]t = γ ∗ E[g2](t− 1) + (1− γ) ∗ g2t
wt+1 = wt − η ∗ (E[g2]t + ϵ)−1/2 ∗ gt

Here, E[g2]t is the moving average of the squared gradients at time step t, and γ is the decay
factor (typically set to 0.9).

By using the moving average of squared gradients, RMSprop prevents the learning rate from
becoming too small, thus avoiding the issue faced by Adagrad.

– Adam (Adaptive Moment Estimation)[32]: combines the ideas from both Adagrad and RM-
Sprop, along with a momentum term. The algorithm computes the first moment (mean) and
the second moment (uncentered variance) of the gradients, and it employs bias correction to
account for the initialization of the moments. The update rule for Adam is:

mt = β1 ∗mt−1 + (1− β1) ∗ gt

vt = β2 ∗ vt−1 + (1− β2) ∗ g2t
m̂t = mt/(1− βt

1)

v̂t = vt/(1− βt
2)

wt+1 = wt −
η√

v̂t + ϵ
∗ m̂t

Here, mt and vt are the first and second moment estimates, respectively, β1 and β2 are the decay
rates for the first and second moments (typically set to 0.9 and 0.999, respectively), and m̂t and
v̂t are the bias corrected first and second moment estimates. Adam has several advantages over
other adaptive gradient optimization algorithms. First, it combines the benefits of both adaptive
learning rate methods (Adagrad and RMSprop) and momentum-based optimization. Second,
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the algorithm is computationally efficient and requires minimal memory. Finally, Adam’s de-
fault hyperparameters often work well in practice, making it suitable for a wide range of tasks.
However, Adam is not without its limitations. For instance, it has been observed that Adam can
sometimes lead to poor generalization performance compared to other optimization algorithms
like stochastic gradient descent (SGD) with momentum. To address this issue, modifications
like AMSGrad[33] and AdaBound[34] have been proposed, which incorporate second order
information and dynamic bounds on the learning rates, respectively.

Neural network architectures

Convolutional networks A convolutional neural network (CNN) is a type of neural network that
uses convolutional layers to extract features from input data, such as images or 1D signals (time
series, speech signals, sequences) [35][36]. Convolutional layers consist of a set of filters or kernels
that slide over the input data and produce feature maps, which are matrices that represent the presence
of a certain feature in a certain location. Convolutional layers can be followed by other types of layers,
a typical CNN consists of the following layers:

– Input layer

– Convolution layer(s) which extracts features through different data representations

– Activation function(s)

– Pooling layer(s) which reduce the size and complexity of the feature maps

– Fully connected layer(s) which perform classification or regression tasks on the extracted fea-
tures

– Output layer which produces the final decision output of the network

One of the main advantages of CNNs is that they can learn features automatically from data, without
requiring manual feature engineering. This makes them suitable for complex and high-dimensional
data, such as images or natural language. Another advantage of CNNs is that they are translation-
equivariant, meaning that if the input data is shifted by some amount, the feature maps will also
be shifted by the same amount. This property allows CNNs to handle variations in the position or
orientation of objects in images.

The mathematical operation behind convolutional layers is called convolution, which is a way of
combining two functions to produce a third function. In the context of CNNs, one function is the
input data (such as an image), and the other function is the filter or kernel (such as a 3x3 matrix).
The convolution operation involves sliding the filter over the input data and multiplying each element
of the filter with the corresponding element of the input data, and then summing up the results. The
output of this operation is a single value, which is stored in a feature map. The convolution operation
can be repeated with different filters to produce different feature maps. The convolution operation
can be expressed mathematically as follows:

f(x, y) ∗ g(x, y) =
∞∑

m=−∞

∞∑

n=−∞

f(m,n)g(x−m, y − n)

Where f(x, y) is the input data, g(x, y) is the filter or kernel, and ∗ denotes convolution. The output
of this operation is a function h(x, y), which is the feature map [36].

The convolution operation can also be generalized to multiple dimensions, such as 3D for color
images or 4D for video data. In this case, the input data and the filter have more than two dimen-
sions, and the convolution operation involves multiplying and summing over all dimensions except
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for one. For example, for a 3D input data with dimensions (H,W,D) and a 3D filter with dimen-
sions (FH , FW , FD), where H is height, W is width, and D is depth (or channels), the convolution
operation can be expressed as follows:

f(i, j, k) ∗ g(i, j, k) =
FH−1∑

m=0

FW−1∑

n=0

FD−1∑

o=0

f(i+m, j + n, k + o)g(m,n, o)

Where f(i, j, k) is the input data, g(i, j, k) is the filter or kernel, and ∗ denotes convolution. The output
of this operation is a function h(i, j), which is a 2D feature map. The convolution operation can be
repeated with different filters to produce different feature maps. Figure 8 illustrates a convolution
operation.

0 1 1 1 0 0 0
0 0 1 1 1 0 0
0 0 0 1 1 1 0
0 0 0 1 1 0 0
0 0 1 1 0 0 0
0 1 1 0 0 0 0
1 1 0 0 0 0 0

Input matrix data

∗
1 0 1
0 1 0
1 0 1

Conv kernel

=

1 4 3 4 1
1 2 4 3 3
1 2 3 4 1
1 3 3 1 1
3 3 1 1 0

Feature map

×1 ×0 ×1

×0 ×1 ×0

×1 ×0 ×1

Figure 8: Convolution operation: a mathematical operation that combines two functions, an input signal
(or N dimensions matrix) and a kernel, to produce a modified output signal (feature map). It involves
element-wise multiplication and summation of overlapping regions between the input and kernel. In image
processing and deep learning, convolution is used to extract features by sliding the kernel across the input.

Pooling layers are used to reduce the spatial dimensions of the feature maps, which in turn helps
to reduce the number of parameters and computational complexity of the network. The two most
common types of pooling are max pooling and averagepooling. Max-pooling returns the maximum
value from a defined sub-region of the input feature map, while average pooling computes the average
value in the same region. Mathematically, max-pooling can be represented as:

outputij = maxm,n∈P (input(i+m)(j+n))

Where P is the pooling region, and input and output are the input and output feature maps, respec-
tively.

Fully connected layers are used to combine the features learned in the convolutional and pooling
layers to make predictions or classifications. In a fully connected layer, every neuron is connected to
every neuron in the previous and subsequent layers. If we represent the weights of the fully connected
layer as a matrix W and the input feature map as a vector x, the output of the fully connected layer
can be calculated as:

output = Wx+ b

Where b is the bias vector.

Convolutional neural networks are composed of multiple convolutional layers, each with its own
set of filters or kernels. The output feature maps of one layer serve as the input data for the next
layer. By stacking multiple convolutional layers, CNNs can learn hierarchical features from data,
where lower-level features (such as edges or colors) are combined to form higher-level features (such
as shapes or objects). The final layer of a CNN is usually a fully-connected layer, which performs
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classification or regression tasks on the extracted features. CNNs have been used in various applica-
tions, including computer vision, natural language processing, and speech recognition. Some notable
applications include:

• Image classification: CNNs have shown exceptional performance in classifying images into
different categories, such as recognizing objects, animals, or scenes. ImageNet, a large-scale
image dataset, has been used extensively for training and evaluating image classification mod-
els, with the AlexNet architecture as a pioneering example.

• Object detection: CNNs have been used to detect and locate objects within images. Architec-
tures such as Faster R-CNN, YOLO (You Only Look Once), and SSD (Single Shot MultiBox
Detector) have been successful in detecting multiple objects and their positions in images.

• Image segmentation: CNNs can be used to segment images, which involves classifying each
pixel in an image according to its associated object or class. U-Net, an architecture for biomed-
ical image segmentation, and Mask R-CNN, an extension of Faster R-CNN, are examples of
successful image segmentation models.

• Natural language processing (NLP): Although recurrent neural networks (RNNs) and trans-
formers have been more popular for NLP tasks, CNNs have also shown success in tasks such
as sentiment analysis, text classification, and named entity recognition.

• Reinforcement learning: CNNs have been combined with reinforcement learning algorithms,
such as Deep Q-Network (DQN), to train agents that can learn to play games or perform other
tasks directly from raw visual inputs.

• Style transfer: CNNs have been employed in neural style transfer, a technique that transfers the
artistic style of one image onto the content of another image. This is achieved by leveraging the
feature representations learned by CNNs during training.

• Medical image analysis: CNNs have been applied to various medical image/bio-signals analysis
tasks, such as detecting diseases in medical scans (e.g., X-rays, CT scans, MRI images, ECGs,
EEGs), segmenting organs or tissues, and predicting treatment outcomes.

These applications demonstrate the versatility and effectiveness of convolutional neural networks in
various domains, making them an essential tool in modern artificial intelligence and machine learning.

Figure 9: A convolution neural network architecture for MRI classification. Convolution layers extract
features from the input image and accross layers. Feature maps are progressively pooled then vectorized
and fed to a fully conencted based classifier to output a final decision. - Extracted from [1]
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Recurrent networks Recurrent neural networks (RNNs) are another type of artificial neural net-
works that can process sequential data or time series data [37][38]. Unlike feedforward neural net-
works, which assume that inputs and outputs are independent of each other, RNNs can use their
internal state (memory) to capture the temporal dependencies among the elements of a sequence.
This makes them suitable for tasks such as natural language processing, speech recognition, machine
translation, and image captioning. The main distinction between RNNs and traditional feedforward
neural networks is the presence of feedback connections. In RNNs, the output of a neuron can be fed
back to itself or other neurons in the network, effectively forming directed cycles. This architecture
enables RNNs to maintain a "memory" of previous inputs, which can be used to influence future com-
putations.

The basic structure of an RNN consists of a recurrent layer that receives an input vector xt at each
time step t and produces an output vector yt and a hidden state vector ht. The hidden state vector ht

is computed as a function of the previous hidden state ht−1 and the current input xt, using a shared
weight matrix Whh connecting the previous hidden state ht−1 to the current hidden state ht and a bias
vector bh. Wxh is the weight matrix connecting the input xt to the actual hidden state ht:

ht = f(Whh ∗ ht−1 +Wxh ∗ xt + bh)

The output vector yt is computed as a function of the hidden state ht, using another weight matrix
Why and a bias vector by. More specifically Why is the weight matrix connecting the current hidden
state ht to the output yt, and by is the output bias term:

yt = g(Why ∗ ht + by)

where f and g are activation functions, such as sigmoid, tanh, or ReLU. The recurrent layer can
be unrolled into a chain like structure that shows how the network operates over a sequence of inputs
x1, x2, ..., xT and produces a sequence of outputs y1, y2, ..., yT .

While the basic RNN architecture described above can capture information from previous time
steps, it struggles to maintain long term dependencies in the data due to issues such as vanishing
or exploding gradients during training. To address these limitations, several variants of RNNs have
been proposed, including Long Short-Term Memory (LSTM) networks and Gated Recurrent Units
(GRUs).

LSTM networks introduce memory cells and gating mechanisms to better capture long-term de-
pendencies. An LSTM cell maintains a cell state ct and updates it through input, forget, and output
gates:

• Input gate: that decides how much of the new input xt should be added to the memory cell

it = sigmoid(Whi ∗ ht−1 +Wxi ∗ xt + bi)

• Forget gate: that decides how much of the previous memory cell ct−1 should be retained

ft = sigmoid(Whf ∗ ht−1 +Wxf ∗ xt + bf )

• Output gate: that decides how much of the current memory cell ct should be used to compute
the output yt and the hidden state ht

ot = sigmoid(Who ∗ ht−1 +Wxo ∗ xt + bo)

The cell state is then updated as:

ct = ft ∗ ct−1 + it ∗ tanh(Whc ∗ ht−1 +Wxc ∗ xt + bc)
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Finally, the hidden state and output are respectively computed as:

ht = ot ∗ tanh(ct)

yt = g(Why ∗ ht + by)

In precedent equations Whi, Wxi, Whf , Wxf , Who, Wxo, Whc, Wxc are weight matrices and bi, bf , bo,
bc are bias vectors.

GRUs, on the other hand, simplify the LSTM architecture by merging the cell state and hidden
state and using only two gates, update and reset:

• Update gate: zt = sigmoid(Wxz ∗ xt +Whz ∗ ht−1 + bz)

• Reset gate: rt = sigmoid(Wxr ∗ xt +Whr ∗ ht−1 + br)

The hidden state is then updated as: ht = (1−zt)∗ht−1+zt ∗ tanh(Wxh ∗xt+Whh ∗ (rt ∗ht−1)+ bh)

Training RNNs involves optimizing the network’s weights to minimize a loss function, which
quantifies the difference between the network’s predictions and the true target values. The most com-
mon optimization algorithm used for training neural networks is gradient descent, which requires
calculating the gradient of the loss function with respect to the network’s weights. For RNNs, this
involves a process called backpropagation through time (BPTT). BPTT unfolds the RNN over time,
converting it into a deep feedforward network with shared weights across time steps. The gradients
are then computed using the chain rule and accumulated over time steps before updating the weights.
However, BPTT can be computationally expensive due to the need to store and process informa-
tion over many time steps. To address this issue, truncated backpropagation through time (TBPTT)
has been proposed, which limits the number of time steps considered during backpropagation. This
reduces the computational complexity at the cost of potentially less accurate gradient estimates.

Transformers networks In 2017, Vaswani et al[2], Google Brain, introduced a new type of neural
network architecture in their paper "Attention is All You Need": Transformers. The key innovation of
the transformer architecture is the self-attention mechanism, which replaces traditional recurrent neu-
ral networks (RNNs) or convolutional neural networks (CNNs) in modeling sequences. Transformers
have since become a predominant architecture in natural language processing (NLP) and have shown
remarkable performance on various tasks, such as machine translation, text summarizing, and sen-
timent analysis. The basic architecture of a transformer consists of an encoder and a decoder. The
encoder takes an input sequence of vectors (such as word embeddings) and transforms it into a high
dimensional representation called an encoding. The decoder takes the encoding and generates an out-
put sequence of vectors (such as words or pixels), using a mechanism called masked self-attention
to prevent it from seeing the future tokens. Both the encoder and the decoder are composed of mul-
tiple layers of sub-modules, each consisting of three main components: self-attention, feed-forward
network, and layer normalization.



1.1. CONTEXT 37

Figure 10: The Transformer - model archi-
tecture: Diagram of the Transformer neural net-
work architecture, illustrating the encoder and de-
coder layers with self-attention mechanisms and
the encoder-decoder attention connections. Ex-
tracted from Vaswani et al, "Attention is All You
Need"[2]

Self-attention mechanism Self-attention is the core component of transformers. It is a tech-
nique that allows a neural network to learn how to focus on the most relevant parts of the input se-
quence for each output token. Self-attention computes a weighted sum of all the input vectors, where
the weights are determined by a function that measures how similar each pair of input vectors are. The
function is usually implemented by computing the dot product of two vectors, followed by a scaling
factor and a softmax operation. The result is a matrix of attention scores that indicate how much each
input vector contributes to each output vector. Mathematically, the self-attention mechanism can be
described as follows:

1. Given a sequence of input vectors x1, x2, ..., xn, the model first computes a set of queries (Q),
keys (K), and values (V ) by linearly projecting the input vectors using learned weight matrices
WQ, WK , and WV :

Q = X ∗WQ

K = X ∗WK

V = X ∗WV
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2. The attention scores are calculated as the dot product between queries and keys, scaled by the
square root of the key dimension (dk):

S = softmax(
Q ∗KT

√
dk

)

3. The output of the self-attention mechanism is the weighted sum of values, using the attention
scores as weights:

Z = S ∗ V

Self-attention can be further divided into three types: encoder self-attention, decoder self-attention,
and encoder-decoder attention. Encoder self-attention is applied within each layer of the encoder,
allowing each encoding vector to attend to all the other encoding vectors in the same layer. Decoder
self-attention is applied within each layer of the decoder, allowing each decoding vector to attend to
all the previous decoding vectors in the same layer. This is achieved by masking out the future tokens
with zeros in the attention matrix. Encoder-decoder attention is applied between each layer of the
decoder and the final layer of the encoder, allowing each decoding vector to attend to all the encoding
vectors. This helps the decoder to generate outputs that are aligned with the inputs.

Multi-head attention mechanism In a multi-head attention mechanism, the model processes
the input sequence multiple times with different sets of learned parameters. This allows the model to
capture different aspects of the input sequence, thereby leading to more expressive representations.
The multi-head attention can be formulated as:

MultiHead(Q,K, V ) = Concat(head1, ..., headh) ∗WO

where each head is a self-attention mechanism:

headi = Attention(QWQ
i , KWK

i , V W V
i )

and WQ
i , WK

i , W V
i , and WO are learnable weight matrices.

Position-wise Feed-Forward networks In addition to the multi-head attention mechanism,
transformers employ position-wise feed-forward networks (FFNs) to process input elements inde-
pendently. The FFNs consist of two linear layers with a ReLU activation function in between, it is
applied after attention layers in each sub-module of the transformer, acting as a pointwise transfor-
mation that enhances the representation power of the network:

FFN(x) = max(0, xW1 + b1) ∗W2 + b2

where W1, W2, b1, and b2 are learnable weight and bias parameters. The FFN is applied independently
to each position in the input sequence, allowing the model to learn non-linear interactions between
the input elements.

Positional encoding As transformers lack the inherent ability to consider the position of input
elements, positional encoding is introduced to inject positional information into the input vectors
before they are fed into the self-attention mechanism. The most common positional encoding scheme
employs sine and cosine functions with different frequencies:

PE(pos, 2i) = sin(
pos

10000
2i
d

) PE(pos, 2i+ 1) = cos(
pos

10000
2i
d

)

where pos represents the position of the input element in the sequence, i is the dimension index, and
d is the embedding size.
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Residual Connections Residual connections are another important aspect of the transformer
architecture. They help mitigate the vanishing gradient problem and facilitate the training of deep
networks. In transformers, residual connections are used between the sub-layers in both the encoder
and decoder. The output of each sub-layer is added to its input before being passed to the next sub-
layer:

y = x+ F (x)

Where x is the input, F (x) is the output of the sub layer (e.g., self-attention or position-wise feed-
forward), and y is the combined output.

Principal architecture The transformer architecture is composed of a stack of identical layers,
with each layer having two main sub layers: a multi-head self-attention mechanism and a position-
wise feed-forward network. Additionally, residual connections and layer normalization are applied
around each sub layer. The overall architecture can be represented as: Layer

Layeri(x) = LayerNorm(x+MultiHead(x, x, x))

Layeri+1(x) = LayerNorm(Layeri(x) + FFN(Layeri(x))

The original transformer architecture is divided in two independent parts: the encoder and the de-
coder. The encoder processes the input sequence, while the decoder generates the output sequence.
However, it’s critical to note that not all tasks require both an encoder and a decoder. For example,
text classification tasks, such as sentiment analysis, typically use the encoder part of the Transformer.
The input text is processed through the encoder, and the final hidden state is used to predict the class.
Both components encoder and decoder are composed of a stack of identical layers as described above.

1. The encoder processes the input sequence by applying a series of self-attention and feed-
forward layers. Each encoder layer consists of a multi-head self-attention mechanism followed
by a position-wise feed-forward network, with residual connections and layer normalization
applied around each sub-layer.

2. The decoder generates the output sequence by attending to both the input sequence and its
own previously generated elements. The decoder has a similar architecture to the encoder but
includes an additional multi-head attention mechanism that attends to the output of the encoder.
The decoder layers can be represented as:

DecorderLayeri(x, z) = LayerNorm(x+MultiHead(x, x, x))

DecorderLayeri+1(x, z) = LayerNorm(DecorderLayeri(x, z)+

MultiHead(DecorderLayeri(x, z), z, z))
(1.2)

DecorderLayeri+2(x, z) = LayerNorm(DecorderLayeri+1(x, z)+

FFN(DecorderLayeri+1(x, z)))
(1.3)

One of the main advantages of transformers over RNNs is that they can handle long-range de-
pendencies more effectively, since they do not suffer from vanishing or exploding gradients. Another
advantage is that they can leverage parallel computation more efficiently, since they do not have se-
quential dependencies between tokens. However, transformers also have some drawbacks, such as
requiring more memory and computation resources than RNNs, and being more prone to generating
repetitive or nonsensical outputs due to their autoregressive nature. Transformers have become one
of the most popular and powerful neural network architectures for natural language processing and
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computer vision in recent years. They have achieved state-of-the-art results on various benchmarks
and tasks, such as machine translation (Vaswani et al., 2017), natural language understanding (Devlin
et al., 2019), text generation (Radford et al., 2019), image classification (Dosovitskiy et al., 2020),
image generation (Parmar et al., 2018), and image captioning (Zhou et al., 2020). Transformers have
also inspired many variants and extensions, such as universal transformers (Dehghani et al., 2019),
convolutional transformers (Bello et al., 2019), graph transformers (Battaglia et al., 2018), and vision
transformers (Dosovitskiy et al., 2020), which have further pushed the boundaries of performance
and applicability in various domains. Various improvements and modifications have been proposed
to enhance its performance and efficiency. Some notable examples include:

1. BERT (Bidirectional Encoder Representations from Transformers) – Developed by Devlin et
al., BERT is a pre-trained encoder transformer model that uses a masked language modeling
task to learn bidirectional representations, enabling it to achieve state-of-the-art performance
on a wide range of NLP tasks.

2. GPT (at it’s current version GPT4) (Generative Pre-trained Transformer) – Introduced by Ope-
nAI, GPT is a decoder transformer model that employs a unidirectional architecture and lever-
ages unsupervised pre-training for various NLP tasks.

1.1.4 Deep Learning applied to electrocardiograms
Deep learning is a powerful technique for analyzing large and complex datasets, such as electrocar-
diograms (ECGs). ECGs are widely used for screening and diagnosing cardiovascular diseases, which
are the leading cause of death worldwide. However, ECG interpretation is challenging and requires
expert knowledge and experience. In the recent few years, deep learning approaches such as neural
network have been shown to be very effective in automating detection and diagnosis of cardiovascular
diseases through ECGs.
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Figure 11: Publication trends on ECGs with Deep Learning: using keywords ((machine OR deep AND
learning) OR (artificial AND intelligence) OR (neural AND network)) AND ((cardiovascular AND disease)
OR (ECG)).
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With the increasing prevalence of CVDs, automated analysis of ECGs using deep learning tech-
niques has become an active area of research to improve diagnostic accuracy, reduce time for diagno-
sis, and aid clinicians in making informed decisions.

Deep learning (DL) have been very effective in performing cardiovascular risk prediction and
stratification through ECGs, infect deep learning models can leverage the rich information contained
in ECG signals and combine it with other clinical or demographic data to estimate the risk of adverse
cardiac events, such as stroke, heart failure, or sudden cardiac death. Besides detection and diagnosis,
DL have been used to preprocess ECG signals to counter noise interference, segment waveforms to
focus on specific areas like P, T waves and QRS complex, to estimate the signal quality of the ECG in
order to filter out poor quality signals, or to compute key concepts of the ECG such as the QT, QTcF,
RR or PR distances.

ECG noise removal Most ECG recordings are prone to noise interference including baseline wan-
der, recording noise, and artifacts, can hinder the accurate interpretation of ECGs. These disturbances
may result in misdiagnosis or delayed diagnosis, leading to poor patient outcomes. In recent years,
neural networks have emerged as a promising solution for denoising ECGs, with the potential to
improve disease detection and diagnosis. Typical noise sources are:

• Baseline Wander: Baseline wander is a low frequency (typically below 0.5 Hz) drift in the ECG
baseline, often caused by patient movement or respiration. This noise can obscure important
features in the ECG, such as the ST segment, and may lead to misinterpretation.

• Recording Noise: Recording noise arises from various sources, including electrical interference
from nearby equipment, powerline noise, poor electrode contact, and cable motion. This type
of noise can interfere with the ECG signal and complicate its interpretation.

• Artifacts: Artifacts are unwanted signals generated by non-cardiac sources, such as muscle
contractions, electromagnetic interference, or poor electrode placement. These artifacts can
mimic or obscure genuine ECG features, resulting in misdiagnosis or delayed diagnosis.

Neural networks, particularly deep learning models, have shown great promise in denoising ECGs. By
learning from large datasets of noisy and clean ECGs, these models can identify and remove various
types of noise interference while preserving relevant features. Common neural network architectures
involved in ECGs denoising are denoising autoencoders (DAE), CNNs or RNNs. Autoencoders are
a type of neural network that can learn to encode and decode ECG signals. By training autoencoders
on clean ECG data, they can learn to remove noise from ECGs by reconstructing the clean signal
from the noisy input. CNNs can be used for denoising ECGs by learning to recognize and remove
noise patterns from ECG signals. By applying convolutional filters, CNNs can isolate and suppress
noise components while preserving genuine ECG features. RNNs can model temporal dependen-
cies in ECG signals and are well suited for denoising tasks. By learning the inherent structure of
clean ECGs, RNNs can predict and correct noise corrupted segments in ECG signals. Although these
approaches can successfully remove noise from the signals, one critical drawback is the implicit re-
moval of important features. Infact, by cleaning the ECG, some important features are likely to be
removed thus tempering the signal information. Preserving the relevant features while removing the
uncessary noise remains a challenge required to enhance disease detection and diagnosis in several
ways: (i) denoised ECGs provide clearer and more accurate representations of cardiac activity, al-
lowing for more reliable detection of cardiac abnormalities; (ii) neural network based denoising can
improve the performance of automated ECG analysis algorithms, leading to better disease detection
and classification; (iii) by removing noise interference, denoised ECGs can reduce the occurrence of
false positives and false negatives in disease detection and diagnosis, leading to more accurate and
timely clinical decision-making; (iiii) clean ECGs can improve the quality of remotely collected ECG
data (embedded devices, smart watches, portable medical devices...), enabling more reliable remote
monitoring and management of patients with cardiovascular diseases.
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ECG segmentation ECG analysis involves the identification and delineation of the various com-
ponents of an ECG waveform, including the P wave, QRS complex, and T wave. Accurate ECG
segmentation is essential for the diagnosis of various cardiac disorders and the evaluation of cardiac
function. However, manual segmentation is time consuming, labor intensive, and prone to interob-
server variability. Consequently, automated ECG segmentation methods can be developed to improve
the efficiency and accuracy of this process. Among these, neural networks have emerged as promis-
ing tools for ECG segmentation due to their ability to learn complex patterns from large datasets.
Deep learning techniques, such as CNNs and RNNs, have demonstrated remarkable success in ECG
segmentation tasks. CNNs, in particular, are well-suited for ECG segmentation due to their ability
to capture local and global features from raw ECG signals. By convoluting the input signal through
multiple layers, CNNs can extract hierarchical features, enabling them to recognize and distinguish
between different ECG components. The use of neural networks in ECG segmentation has several im-
plications for clinical practice. First and foremost, automated segmentation can reduce the workload
of clinicians, allowing them to focus on more complex diagnostic tasks and patient care. Moreover,
by minimizing human errors and interobserver variability, neural network based methods can improve
the accuracy and consistency of ECG segmentation, leading to more reliable diagnoses. Furthermore,
the integration of neural networks into ECG analysis workflows can streamline the decision making
process for clinicians. For example, neural network-based ECG segmentation can be coupled with
other deep learning models for disease detection or risk stratification, providing comprehensive diag-
nostic information in a timely manner. This can enable clinicians to make better informed decisions
regarding patient management and treatment. The advancements in ECG segmentation using neural
networks also have implications for the development of wearable and remote monitoring devices.
Accurate and automated ECG segmentation is essential for the real-time analysis of cardiac signals in
ambulatory settings. By incorporating neural networks into these devices, it is possible to improve the
quality of remote cardiac monitoring and facilitate timely interventions for patients at risk. Despite
the promising results of neural networks in ECG segmentation, several challenges remain. One key
issue is the robustness of these models to noise, artifacts, and variability in ECG signals.

ECG data genereration through Generative Adversarial Networks Generative Adversarial Net-
works (GANs) is a type of neural network algorithm proposed by Ian Goodfellow et al. in 2014 [39].
GANs consist of two neural networks, the generator and the discriminator, which are trained together
in a competitive setting. The generator’s goal is to generate data samples that are similar to the real
data distribution, while the discriminator’s objective is to distinguish between real and generated sam-
ples. The generator learns to produce increasingly realistic samples as the training progresses, while
the discriminator becomes more skilled at discerning the real samples from the generated ones. The
application of GANs to ECG data has garnered considerable interest in recent years due to the po-
tential benefits of generating realistic ECG signals for various purposes, such as data augmentation,
missing data imputation, and ECG signal analysis. The application of GANs to ECG data has garnered
considerable interest in recent years due to the potential benefits of generating realistic ECG signals
for various purposes, such as data augmentation, missing data imputation, and ECG signal analysis.
One of the primary applications of GANs in the ECG domain is data augmentation. This technique
aims to enhance the available dataset by generating additional, realistic ECG signals. Data augmen-
tation is particularly crucial for training deep learning models, which often require large amounts
of data to achieve optimal performance. Furthermore the application of GANs for generating ECGs
related to rare diseases is a valuable area of research with significant potential impact on diagnosis,
treatment, and understanding of these conditions. Rare diseases, by their nature, have a limited num-
ber of patients and, consequently, limited available ECG data for study. This scarcity of data hinders
the development and evaluation of diagnostic algorithms and clinical decision-making tools. GANs
can help address this challenge by generating realistic ECG signals that mimic the characteristics of
ECGs from patients with rare diseases.

Another field of interest is missing data imputation. In real world scenarios, ECG signals can be
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corrupted due to various factors, such as noise, artifacts, or lost data segments. This can negatively
impact the performance of algorithms that rely on clean, continuous ECG signals for analysis. GANs
can be employed to predict the missing segments of ECG signals and produce more complete, con-
tinuous data. By training the generator network to learn the underlying structure and patterns of ECG
signals, it can generate realistic imputations for the missing segments, allowing for more accurate
analysis and interpretation of the data. GANs can also be utilized to autocomplete ECG signals. In
some cases, ECG recordings may be prematurely terminated or not long enough to obtain a com-
prehensive view of the cardiac activity. GANs can be trained to generate realistic extensions of the
available ECG data, providing additional context and information for analysis.

Several GAN architectures have been proposed [40] to address the challenges associated with
ECG data generation and manipulation. Some of the most notable ones include:

• Conditional GANs (cGANs) [40]: cGANs incorporate additional information, such as class la-
bels or other conditioning variables, to guide the generation process. By providing the generator
with specific information, such as the desired cardiac rhythm, cGANs can generate ECG sig-
nals tailored to the specified condition. This is particularly useful for generating ECG samples
representing rare or underrepresented classes, which can then be used for data augmentation.

• Wasserstein GANs (WGANs) [41]: WGANs address the issue of mode collapse, which occurs
when the generator produces a limited variety of samples. This is especially problematic when
generating ECG signals, as the resulting data may not adequately represent the diversity of the
real dataset. WGANs utilize the Wasserstein distance metric to provide a more stable training
process and encourage the generator to produce a broader range of samples.

• Recurrent GANs (R-GANs) [42]: R-GANs employ RNNs such as LSTMs or GRUs in the
generator and/or discriminator architecture. R-GANs are particularly suitable for generating
ECG signals, as they are capable of capturing and modeling the temporal dependencies inherent
in timeseries data. By leveraging the memory capabilities of RNNs, R-GANs can generate more
realistic and coherent ECG signals over extended periods.

• Temporal Convolutional GANs (TC-GANs) [43]: TC-GANs incorporate temporal convolu-
tional layers in both the generator and discriminator networks, allowing for the efficient mod-
eling of timeseries data. These layers can capture local and global temporal patterns in ECG
signals, resulting in more accurate and realistic ECG generation. TC-GANs have been shown
to perform well in generating ECG signals with specific morphological and temporal character-
istics.

The evaluation of the quality and realism of GAN generated ECG signals is a crucial aspect
of assessing the performance of the models. Several quantitative and qualitative metrics have been
proposed for this purpose, including:

1. Fidelity and diversity: fidelity refers to the similarity between the generated samples and the
real data distribution. High fidelity indicates that the generated samples closely resemble real
ECG signals. Diversity, on the other hand, measures the variety of the generated samples. High
diversity ensures that the generated ECG signals represent a wide range of morphologies and
patterns.

These metrics can be assessed using various techniques, such as the Fréchet Inception Distance
(FID), which compares the feature distributions of real and generated samples, or the Inception
Score (IS), which evaluates the quality and diversity of generated samples.

2. Clinical interpretability: Clinical interpretability measures the extent to which the generated
ECG signals can be interpreted and analyzed by clinicians or automated algorithms. This can be
evaluated by assessing the presence of relevant ECG features, such as P waves, QRS complexes,
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and T waves, as well as the accuracy of automated classification algorithms applied to the
generated data.

3. Temporal coherence: Temporal coherence refers to the consistency of the generated ECG sig-
nals over time. A high degree of temporal coherence ensures that the generated samples main-
tain a realistic temporal structure and do not exhibit abrupt or unrealistic changes. Temporal
coherence can be assessed using techniques such as autocorrelation or cross correlation analy-
sis.

1.2 Our Problematic: the black box challenge
Recent advancements in AI, particularly in the field of deep learning with CNN, now allow us to ex-
plore and discover hierarchical representations of complex data and reveal hidden patterns/features.
They also enable us to better understand the data and their internal interactions - this is where the
interpretability of deep learning models become crucial. Understanding and being able to interpret
the outputs of neural networks remains a critical issue, especially in the field of medicine.

Interpretability, in the context of DL, refers to the ability to understand and explain the reasoning
behind the predictions made by an algorithm [44][45]. This is essential in the clinical setting, as
clinicians need to trust the decision making process of AI based tools to integrate them into their daily
practice. Moreover, regulatory authorities demand transparent and explainable AI to ensure the safety
and effectiveness of these tools for patient care. To address the interpretability challenge, various
techniques have been developed to make neural network models more understandable to clinicians.
These methods can be broadly categorized into two groups: post-hoc interpretation techniques and
inherently interpretable models.

A. Post-hoc Interpretation Techniques

a) Feature Importance and Visualization: these techniques can be used to assign importance
scores to individual input features. These scores help identify which parts of the ECG
signal contributed most to the final prediction. This information can then be visualized in
the form of activation maps, which highlight the significant regions in the ECG waveform.

b) Attention Mechanisms: can be integrated into neural network architectures to focus on
specific parts of the ECG signal during processing. These mechanisms provide insights
into which segments of the ECG waveform the model considers most relevant for its pre-
diction, offering a level of transparency that can be useful for clinicians.

B. Inherently Interpretable Models

a) Modular Neural Networks: by designing modular neural networks, researchers can cre-
ate models that explicitly represent domain knowledge. In the context of ECG analysis,
this can mean incorporating known ECG features (also known as concepts such as QRS
complex, P wave, T wave) into the network architecture. These models can facilitate in-
terpretability by allowing clinicians to assess the contribution of each known feature to
the final prediction.

b) Decision Trees and Rule Extraction: decision trees and rule extraction techniques can
be used to convert the knowledge learned by neural networks into human readable rules.
These rules can provide a comprehensible representation of the decision making process,
which clinicians can then use to evaluate and understand the model’s predictions.

Interpretable neural networks have several implications for clinical practice, as they can assist in
various aspects of patient care:
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1. Enhanced Trust and Confidence: by providing insights into the decision making process, inter-
pretable models can help clinicians trust and feel more confident in the AI-based tools they use.
This can lead to a better acceptance of AI and ML technologies in clinical settings, ultimately
improving patient care.

2. Improved Decision making: interpretable models can complement the expertise of clinicians,
offering additional insights into the ECG data and helping them make more informed decisions.
This can be especially beneficial in complex cases, where multiple factors need to be consid-
ered. The interpretability results will encompass not only relevant features but their interactions
and how they relate to biological concepts.

3. Accelerated Model Validation and Regulatory Approval: transparent and explainable AI mod-
els are more likely to gain regulatory approval, as they allow for a thorough evaluation of their
safety and effectiveness. Interpretable models can also facilitate the validation process by mak-
ing it easier for researchers and clinicians to identify potential biases or errors in the model’s
predictions.

4. Personalized Medicine: interpretability can enable a more personalized approach to patient care
by providing insights into the specific factors that contribute to a patient’s ECG classification.
This can help clinicians tailor treatment plans according to individual patient needs, ultimately
leading to better patient outcomes. Furthermore it can helps focusing on geographical specifici-
ties. It, geographical specificities, refer to the differences in ECG patterns and characteristics
observed among populations from different countries or regions. These variations can be at-
tributed to several factors, such as genetic backgrounds, environmental influences, and lifestyle
differences, which can collectively impact cardiac electrophysiology. For example, certain eth-
nic populations may exhibit unique ECG features, such as a higher prevalence of early repolar-
ization patterns or Brugada phenocopies. Understanding and accounting for these geographical
specificities in ECG interpretation is crucial for the accurate diagnosis and management of car-
diovascular diseases across diverse populations. This consideration is particularly important
when developing and deploying automated ECG analysis algorithms, which must be trained
and validated on diverse datasets to ensure their performance generalizes well across different
geographical and ethnic contexts.

Although neural networks can achieve high levels of accuracy, often surpassing that of experts,
the level of confidence remains relatively low for specialists. This low level of confidence can be
justified by the fact that despite the performance of neural networks, no tool is provided to justify
the results of these algorithms and to correlate these results with the initial data. My hypothesis is
that with valid tools to interpret and explain the results of neural networks, it would be possible
(i) to better assess the accuracy and robustness of the models, (ii) to better understand the
data and provide humanly intelligible interpretations, and (iii) to potentially discover hidden
information in the data that would advance the pathophysiology of the disease. Thus, a high
level of confidence in AI algorithms could lead to better automation of complex tasks, particularly in
the field of medicine. Today, various techniques are available for interpreting neural networks. These
algorithms are capable of determining regions or sets of features in the data that are responsible for
the output of the AI algorithm, but they are not accurate enough. Despite the performance of these
methods, we still lack precision and granularity in interpretation. In addition to identifying relevant
features in the data, it is equally important to make them understandable to humans and discover the
relationships between them. Most cutting edge methods focus on discovering significant features that
influence classification. On the other hand, explainability, which is a relatively young field, focuses
on the internal mechanics of neural networks. The goal is to understand the internal process by
which the network makes a prediction. Meanwhile, interpretability algorithms seek cause and effect
relationships on the input data. Efficient resource wise interpretability and explainability algorithms
for neural networks are key to trust and translational applications.
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1.3 Objectives
In this thesis, our primary focus is on the development of novel and improved interpretability al-
gorithms for neural networks, specifically within the realm of ECG analysis. The research aims to
enhance the understanding of deep learning models employed in the detection and diagnosis of cardiac
pathologies. To accomplish this objective, we will base our work on ECG biosignals, utilizing data
from the DeepECG4U project, which is funded by the ANR (Agence Nationale de la Recherche).
Initially, we concentrate our efforts on the development of deep learning algorithms to identify a
particular cardiac pathology through the analysis of ECG signals: the risk of developing Torsades-de-
Pointes (TdP) events. TdP which is a life threatening form of ventricular arrhythmia associated with
the use of specific medications, congenital mutations, and electrolyte imbalances; can potentially lead
to sudden cardiac death, emphasizing the importance of accurate risk prediction. In the next phase
of the research, we propose a new method for interpretability as an evolution of state-of-the-art algo-
rithms. This method will be applied to the TdP risk prediction model, providing valuable insights into
the decision making process of the neural network. We will collaborate closely with cardiology ex-
perts throughout the development and validation stages of our research, ensuring that our approaches
and results are both clinically relevant and scientifically robust. The specific objectives of this thesis
include:

1. Design and validate a neural network algorithm for predicting the risk of TdP arrhythmia using
ECG data. This will involve the exploration of various architectures, optimization techniques,
and feature extraction methods to achieve the highest possible accuracy in risk prediction.

2. Develop and implement an original interpretability algorithm that can provide meaningful in-
sights into the neural network’s decision process. This will facilitate the understanding of the
model’s predictions, increasing trust and acceptance by healthcare professionals. We are also
going to correlate the results with clinical insights to evaluate the method.

3. Propose and develop additional tools for improved ECG signal analysis: denoising ECG signals
to remove noise interference while preserving important features and segmenting the signal
waveform to focus on specific regions of interest. Based on the denoising and segmentation
methods we propose a new method for evaluating the quality of ECGs. These methods will be
used in the interpretability framework.

Our principal goal is to contribute significantly to the growing field of research on interpretability
in deep learning models, particularly within the context of ECG analysis and cardiac pathology pre-
diction. After discussing our results, their impact, and future prospects, we present a translational
application project that we initiated during the thesis. This software project enables the application
of the various methods we have developed through a web platform dedicated to clinicians and re-
searchers.
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Introduction
Congenital and drug-induced long-QT syndromes (cLQTS and diLQTS) are significant risk factors
for torsade de pointes (TdP), a life threatening ventricular arrhythmia. Current strategies for iden-
tifying high risk drugs and individuals rely on the measurement of the QT interval corrected by the
heart rate (QTc) on the electrocardiogram (ECG). However, this method has limited predictive value
and is prone to errors. In recent years, the emergence of artificial intelligence (AI) and deep learning
techniques has opened new possibilities for improving the prediction of TdP and diagnosis of cLQTS.
In this chapter we explore the potential of convolutional neural network (CNN) models as a promis-
ing tool to enhance TdP risk prediction using ECG data and we provide an insight on salient features
leading to the model predictions.

We designed a CNN to predict score from 0 to 1 of the risk of TdP occurrence. However, datasets
with real cases of TdP are rare, therefore we used a surrogate approach. QTc prolongation has been
shown to be associated with TdP and is currently used in clinical practice as a surrogate for evaluating
the risk of TdP. Here, we propose a new approach to improve TdP risk prediction. We hypothesized
that it would be possible to use cutting edge artificial intelligence models to learn the footprint of
drugs, more specifically Sotalol, at the high risk of TdP in healthy volunteers [46]. Sotalol, induces
biological effects on the heart (can be seen on ECGs) similar to those observed from LQTS subjects.
Those effects, can then be used to mimic the genetic anomaly and thus train the network. We used
either the eight leads concomitantly (LI, LII, V1-6; which we named the multilead approach) or each
of the eight leads independently (unilead approach) to train a CNN model to predict Sot+ (having
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received sotalol, as a surrogate for IKr blockade) and Sot- classes (normal ECG before sotalol intake).
Furthermore, we have proposed a methodological approach that not only specifically illustrates the
drug’s imprint on the ECG (fully corresponding to known pathophysiological mechanisms) but also
the importance of interpretability in the acceptability of AI models by cardiologists.

2.1 Methodology

2.1.1 Datasets
Our study primarly uses the Generepol cohort from which patients have been administered the So-
talol drug which induces ECG-observable biological effects similar to the ones observed on LQTS
patients. Notable effects include prolongation of the QT segment coupled with a reduction of T wave
amplitude. In this cohort[47], 990 healty subjects have been given 80mg of sotalol following a spe-
cific protocol. Throughout the protocol, patients have been monitored with triplicate ECG recordings
of 10s each (3 ECG recordings). ECGs were recorded prior to drug administration (ECG baselines
or Sot-, absence of Sotalol) and after the injection up to 6 hours (sotT0, sotT1, sotT2, sotT3, sotT4,
sotT5, sotT6). ECGs were recorded at sampling rates 250 and 500 Hz, we upsampled those recorded
at 250 Hz to 500 Hz using cubic interpolation. ECGs contained eight independent leads (LI, LII,
V1–V6), allowing for the reconstruction of 12 leads (addition of LIII, aVF, aVL, aVR). ECGs were
provided in .scp or .xml files depending on recording devices (General Electric MAC5500, Marquette
MAC15/MACVU, M3700 System, PageWriter Touch/Trim/XL/TC, Mortara ELI200 and Cardionics
Cardioplug devices). They were parsed using Biosig software, and Python scripts. We used the HDF5
file format to store the parsed signals along with their class label (protocol time). In total we obtained
15119 ECGs of 8 leads of 10s each. Each ECG was 5000 points long as illustrated as illustrated in
Figure 12.

Figure 12: 10s 8-Leads ECG from the Generepol Cohort

Dataset partitionning We split the dataset into partitions for experimentation. The dataset was split
in partitions across subjects and not signals to avoid overfitting:

– Experimentation partition: contains ECGs used for training the model and exploring hyper-
parameters.

– Training: used for training the model, the loss function is computed on this partition and
weights are updated

– Validation: used to evaluate the model while training, after each epoch the model is tested
on this partition without affecting or updating the weights. This gives us insight on the
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performance of the model while training and allows updating the learning rate if there is
no improvement (loss or accuracy) on the validation over a given number of epochs. The
validation set can also be used to stop the training process if the model starts to overfit.
This technique is called early stopping. In this process, if the model’s performance starts
to decrease (or the error starts to increase) on the validation set, we stop the training even
if the performance on the training set is still improving. This is a clear sign of overfitting.

– Evaluation: used to select best model hyper-parameters combination. It provides an unbi-
ased evaluation of a model fit during the training phase while tuning the parameters. This
allows us to select the best model and have an idea about how it’s likely to perform on
unseen data.

– Holdout: used to test the final model with final hyper-parameters, no decisions are taken based
on this partition.

Table 1 details the number of samples per partition. For this study we only used baseline ECGs as the
Sot- class and sotT1-T3 as Sot+ class. SotT4 and T5 were not used as the footprint of the drug might
have been less significant compared to T3. No data-preprocessing nor filters were applied to signals
except standardization.

Experimentation (85%)
Holdout (15%)

Training (75%) Validation (10%) Evaluation (15%)

ECGs 6579 834 1282 1497

ECGs Sot+ 3203 (49%) 418 (50%) 629 (49%) 763 (48%)

ECGs Sot- 3376 (51%) 416 (50%) 653 (51%) 834 (52%)

Patients 632 84 126 148

Table 1: Datasets partitions and number of samples/subjects per partitions.

We also used another dataset to test models performances, the Pharmacia’s cohort was an open-
label, nonrandomized study involving healthy controls (n = 39, 28 males) receiving a fixed oral sotalol
sequence administered on 3 successive days: 24-h baseline without sotalol (Day 0); 160 mg in all par-
ticipants at 8:00 am Day 1; and 320 mg in 21 males at 8:00 am Day 2. The study was conducted at
Pharmacia’s Clinical Research Unit (start–end: 2002; Kalamazoo, MI, USA).

Finally, we used a third dataset of dug-induced TdP ECGs to effectively evaluate models. The
diTdP cohort. included 48 patients prospectively enrolled and followed at Vanderbilt. University
Medical Center (start–end: 2002–19, Nashville, TN, USA). who had experienced at least one diTdP
episode; acute cardiac ischaemia. at the time of the event and genetically confirmed underlying
cLQTS. were exclusion criteria. All cohorts were approved by institutional review boards, and written
informed consent was obtained from participants when appropriate. Recordings from these patients
were reviewed by two expert cardiologists and tracings with ventricular or junctional tachycardia dur-
ing the. 10-s acquisition were excluded from the analyses. In all cohorts, QTc was heart rate corrected
with Fridericia’s formula and details concerning the respective inter and intraobserver variability for
QTc measurements in the cohorts are detailed elsewhere.

2.1.2 Classification model architecture
We trained two categories of models, one using all of the 8-leads: multilead model, and another using
only lead at the time: unilead model. We obtained 8 unilead models, one for each lead and one single
multilead model.
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Multilead model The multilead model, (M1:ecg_multilead), is a linearly stacked convolutional
network made of 11 blocks of convolution layers. Each block containing two successive 1D-Convolution
layer with a kernel window of 3 with the same number of filters followed by and a 1D-MaxPooling
layer with a pool size of 2. The number of convolutional filters for each block are: 8, 8, 8, 16, 32,
64, 128, 256, 512, 1024, and 2048, respectively. Zero padding was used for each 1D-Convolution to
keep the same output dimensions. After the convolutional blocks, the extracted features are fed to a
dense classifier, a linear layer of 512 hidden nodes followed by ReLU non linear activation, a dropout
layer of 70% and a final linear layer of 2 hidden nodes (one for each class) followed by a softmax
activation. The architecture is presented in Figure 13.

Figure 13: The Multilead Model Architecture

To explore the potential effect of clinical data on the prediction of TdP risk, we also tranined
another model (M2:ecg_multilead + clin) with the same architecture as the previous one but using
ECG data and clinical data (age, sex, serum potassium).

Unilead model: DenseNet architecture We explored the capacity of any single ECG channel (lead)
to provide information on the footprint of the sotalol intake. We designed eight CNN models based
on the same architecture that were trained on each single channel (LI-LII, V1-6), and tested them
on the same channel they were trained as well as on other leads. ECGs were not denoised nor pre-
processed they were only standardized. The unilead model (M5:ecg_unilead) has a DenseNet-like
model architecture for each lead.

DenseNet can be traced back to the innovations in the field of residual networks (ResNets [48]).
ResNets were introduced to mitigate the vanishing gradient problem in deep neural networks by
implementing skip connections, which allowed the gradient to flow directly through the network,
bypassing several layers. This approach allowed for the training of very deep networks, leading to
improved performance on various computer vision tasks. The key innovation in DenseNet is the
concept of dense connectivity. Unlike traditional CNNs, which have layers connected sequentially,
DenseNet connects each layer to every other layer in a feed-forward fashion within a dense block.
This dense connectivity facilitates the reuse of features and encourages the learning of more diverse
features, thereby improving the model’s efficiency and performance.

Dense block and layer At the begining of the architecture, a first convolutional layer extracts
higher features representations, the layer is then followed by a batch-normalization and a LeakyReLU
activation [49]. The next step consists of eight successive densely connected blocks named dense
block. Each DenseBlock is composed of several convolutional sub-blocks called dense layers. Each
dense layer produces k feature maps, and these feature maps are concatenated with the feature maps
of all preceding layers in the same dense block. This process results in an exponential growth of
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the number of feature maps as the network becomes deeper. To control the growth of feature maps
and maintain the model’s computational efficiency, a hyperparameter called the growth rate (k) is
introduced. The growth rate determines the number of additional feature maps learned by each layer.
A dense layer is sequentially composed of a bottleneck layer, batch-normalization layer, LeakyRelU
activation, convolutional layer and dropout layer. The dropout rate is a hyper-parameter and is deter-
mined before training.

Blottleneck layer To further enhance the model’s efficiency, DenseNet introduces bottleneck
layers within the dense blocks. These layers consist of a batch-normalization, followed by a LeakyReLU
activation, a 1x1 convolution and a dropout layer. The 1x1 convolution is responsible for reducing
the number of input channels to a multiple of the growth rate. This approach not only reduces the
computational complexity of the subsequent convolutions but also encourages more efficient feature
learning.

Transition layers and compression To manage the increasing number of feature maps and to
reduce the computational complexity, DenseNet uses transition layers between dense blocks. These
layers are composed of a bottleneck followed by LeakyReLU activation and an average pooling 1D
layer which takes the average of points, reducing the dimensionality of the previous output. The
primary function of the transition layers is to reduce the spatial dimensions and the number of feature
maps produced by the preceding dense block.

A compression factor is introduced, which multiplies the number of feature maps produced by
a dense block before they are passed to the transition layer. The compression factor is typically set
to a value between 0 and 1, which reduces the number of feature maps and, in turn, the model’s
complexity.

Classifier The third step of the network is a fully connected classifier: final output of the dense
convolutional blocks is flattened through a global average pooling 1D, and then fed to successive
linear layers and LeakyReLU activation. All the dropout layers had a common rate of 0.2. The final
output activation is a Softmax, which provides a posterior probability for each Sot class (Sot-, Sot+).

The model architecture is illustrated in Figure 14.

Figure 14: The Unilead Model Architecture
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DenseNet’s dense connectivity pattern ensures that gradients can flow directly from the loss func-
tion to each layer, which mitigates the vanishing gradient problem. As a result, the network can be
trained effectively, even when it is very deep. Features learned in early layers are directly passed to
later layers through concatenation. This process facilitates the reuse of features, reducing the number
of parameters required to learn new features in subsequent layers. Additionally, dense connectivity
encourages feature collaboration between layers, allowing the network to learn a diverse set of fea-
tures that are highly informative for the task at hand. This collaboration also results in improved
generalization capabilities and lower risk of overfitting. The dense connectivity pattern also acts as an
implicit regularizer, discouraging overfitting even in the absence of explicit regularization techniques
such as dropout or weight decay. This inherent regularization property is particularly beneficial for
small datasets, where overfitting is a common challenge.

2.1.3 Training and hyper-optimization
Both model categories were implemented and trained on Tensorflow 2.x.

Multilead model The multilead model was trained prior to the unilead models using 10-fold cross-
validation approach. It allows the model to be optimized while minimizing the risk of overfitting. In
this approach, the dataset is randomly partitioned into ten equally-sized subsets, or folds based on
patient’s ID thus preventing one of any patient’s ECGs from being in multiple fold at the same time.
Patient’s ECGs isolation prevents overfitting on patients specificities. The training process then in-
volves iterating through each fold as a validation set while using the remaining nine folds for training
the model. This procedure is repeated ten times, and the model’s performance is assessed by averag-
ing the evaluation metrics across all iterations. By exposing the model to multiple training-validation
splits, 10-fold cross-validation ensures a more robust assessment of its generalizability, reduces the
likelihood of overfitting, and ultimately improves its predictive power on unseen data.

The loss function employed is a binary cross-entropy minimized by the Adam optimizer algo-
rithm. The initial learning rate of the optimizer was set to 0.01. To improve the model learning pro-
cess, an adaptive learning rate optimization technique was used: Reduce Learning Rate on Plateau.
This strategy consists of monitoring the model’s performance (loss) on the validation fold and lower-
ing the learning rate when progress plateaus, ensuring that the model converges to an optimal solution.
By incorporating this approach, we avoided oscillations or getting stuck in sharp, non optimal min-
ima, which may lead to suboptimal results. Additionally, this method helped to stabilize the training
process, facilitating smoother convergence and a more accurate model. The adaptive learning rate
algorithm have a patience parameter which represents the number of consecutive epochs without any
significant improvement in the validation loss before triggering the reduction of the learning rate.
By incorporating patience, the training process becomes more resilient to temporary fluctuations in
model performance, preventing premature or unnecessary adjustments to the learning rate. The pa-
tience parameter was set to 30 consecutive epochs. Whenever a plateau is reached the learning rate is
reduced by a factor of 0.2.

Another technique to reduce overfitting was used during the training: Early Stopping. It is a
regularization technique employed in the training to prevent overfittingb by monitoring the model’s
performance on the validation fold during training, early stopping halts the learning process when the
validation loss ceases to decrease beyond a predefined threshold. The patience parameter, an integral
component of early stopping, determines the number of consecutive epochs the model is allowed to
continue training without significant improvement in validation loss before the process is terminated.
By adjusting the patience parameter, we can effectively balance the tradeoff between overfitting and
underfitting, ensuring that the model learns meaningful patterns from the data while maintaining its
generalizability to unseen data points. In this experiment we set the the patience parameter to 50.
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After cross-validation, the model was trained on the whole general training set and then tested
on the holdout partition. Each training was performed during 200 epochs and batch size of 32. The
models were trained on 4 GPUs Nvidia Tesla T4 of 16Gb each, 328 Gb of memory (RAM) and 56
CPU cores. Each training took approximately about 2 hours.

Unilead model Unlike the multilead model, the unilead model was not training using cross-validation
technique, instead we performed a hyperparameter optimization process. Hyperparameter optimiza-
tion is a process where the primary objective is to fine tune the configuration settings of a model to
achieve optimal performance. These adjustable parameters, hyperparameters, govern various aspects
of the learning algorithm, such as learning rate, network architecture, and regularization strength. By
systematically exploring and refining the hyperparameter space, optimization techniques facilitate the
discovery of high-performing models, leading to improved generalization and predictive capabilities.
Table 2 describes the model architecture and training process hyperparameters. We also used the
same adaptive learning rate algorithm as well as the early stopping technique. Adaptive learning rate
had a reduction factor of 0.5 and a patience of 5 epochs, early stopping had a patience of 30 epochs.
The maximum number of epochs was set to 400. From Table 2, for each combination of hyperparam-
eter and for each lead we trained a model. The process resulted in numerous models, for each lead
we chose the best model by comparing their performance on the evaluation subset, at the end of this
process we obtained 8 models, one for each ECG lead. The hyperoptimization process on all leads
took roughly 2 weeks of computing using 9 GPUs Nvidia Tesla T4, 656 Gb of memory (RAM) and
112 CPU cores.

At the end of the hyperoptimization process, we identified a common best hyperparameters com-
bination for every ECG lead. 8 dense blocks each with 6 dense layers. The growth rate is set to 12
and the global convolution kernel size is set to 3. The initial convolution filters number is set to 24.
The bottleneck is used, and compression rate is set to 1.0 which means no compression is used. Each
model has around 3 millions trained variables.

Name Description Values

Model Architecture Hyperparameters

Dense blocks Number of dense blocks in the architecture 6, 7, 8

Dense layers Number of dense layers in each dense block, this num-
ber is constant across all dense blocks

6, 7, 8

Dropout rate The rate of all dropout layers 0, 0.2, 0.5

Activation function Activation function used in all of the architecture except
the for the last layer of the network which is a softmax
function

ReLU,
LeakyReLU

Compression rate The compression factor used in the transition layers 1.0, 0.3

Bottleneck Determines whether to used bottleneck or not in the ar-
chitecture

True, False

Training Process Hyperparameters

Learning rate Initial learning rate for the Adam optimizer 0.01, 0.001

Batch size Batch size per GPU 32, 64, 128,
256

Table 2: Unilead model explored hyperparameters
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2.2 Results and Validation
The models (M1,M2,M5)’s output is a score indicating a likelihood of sotalol intake in the [0–1]
range. A score of 0 predicted the absence of sotalol intake whereas 1 corresponded to the highest
probability for sotalol exposure. The hyperoptimization process of the unilead model aproach M5
yielded 9 models with the same architecture but with different weights, the first 8 variants corre-
sponded each to the 8 leads whereas the 9th model was trained on the median of all 8 leads. We tested
all 9 models on all leads to evaluate their perfomances on the evaluation partition in Table 3. From
that table, the model trained on lead LII presented better performances on its own lead. Generelly,
all models detected the footprint of TdP risk on leads eventhough they have not been trained on it.
However on the holdout dataset the accuracy dropped between 72% and 89%.
The multilead model M1 obtained an accuracy of 90.8% on the same holdout dataset whereas the
multilead + clinical data models M2 obtained an accuracy of 90% on the same partition. Integrating
clinical data in the model did not improve performances.

For comparison with current practice, we also tested the performance of QTc. We designed two
linear regression additional models: (M3:QTcF) trained on QTcF alone, (M4:QTcF + clin) trained
on QTcF and with the same additional clinical as of M2. These models were designed to to discrimi-
nate on the presence/absence of sotalol intake.

I II V1 V2 V3 V4 V5 V6 Med

M_I
ACC 92% 94% 56% 88% 89% 89% 87% 85% 92%

LOSS 0.341 0.246 1.125 0.906 0.752 0.864 0.984 1.039 0.599

M_II
ACC 88% 96% 76% 79% 82% 86% 86% 86% 88%

LOSS 0.368 0.214 0.948 0.874 0.673 0.569 0.553 0.44 0.449

M_V1
ACC 85% 92% 92% 89% 90% 90% 89% 89% 90%

LOSS 0.549 0.392 0.360 0.483 0.462 0.451 0.487 0.509 0.429

M_V2
ACC 87% 88% 62% 92% 90% 90% 90% 90% 91%

LOSS 0.681 0.641 2.893 0.454 0.574 0.542 0.479 0.570 0.514

M_V3
ACC 80% 89% 83% 91% 92% 91% 90% 89% 91%

LOSS 0.538 0.360 0.436 0.272 0.295 0.291 0.309 0.352 0.276

M_V4
ACC 77% 86% 67% 91% 88% 90% 88% 87% 87%

LOSS 0.662 0.401 0.828 0.272 0.347 0.304 0.328 0.377 0.388

M_V5
ACC 70% 86% 68% 91% 85% 88% 89% 86% 85%

LOSS 1.248 0.541 0.979 0.304 0.524 0.453 0.436 0.519 0.551

M_V6
ACC 82% 88% 71% 87% 86% 89% 91% 90% 88%

LOSS 0.928 0.703 1.206 0.579 0.733 0.606 0.547 0.538 0.665

M_Med
ACC 73% 85% 64% 88% 87% 88% 88% 88% 89%

LOSS 0.703 0.437 0.786 0.332 0.444 0.356 0.341 0.368 0.364

Table 3: Accuracy and loss of the unilead models on all leads on the holdout partition. Each model
results on its respective lead is colored in red.
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Analysis Performance indicators were computed using both 10s single ECG signal analysis and by
averaging risk scores from multiple recordings aquired within minutes of a same timepoint (multiple
10s recordings, i.e. the voting analysis) for a given patient and condition (Figure 15). The output
provided by the models is a score ranging from 0 to 1 indicating a likelihood of being Sot+ (having
ingested sotalol). To classify a patient into Sot+ or Sot- classes using the voting process, ECGs from
the same patient were processed by the models and the patient was considered Sot+ (vs. Sot-) based
on the mean classification score of the different 10s ECG, on which a threshold of 0.5 was applied
(Sot+ if score > 0.5).
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Figure 15: Performances of Classification Models CNN and linear regression (QT) in discriminating
baseline ECGs before sotalol from those after sotalol intake (SotT1, SotT2, SotT3) in Generepol. (A)
Boxplots, illustrating the distribution of circulating sotalol concentration (ng/mL) in Generepol cohort
two and three hours after 80mg oral sotalol intake. Data are displayed separated and coloured by gender.
(B) Scatterplot illustrating the evolution of the M1:ecg_multilead classification score for the Sot+ class
(y-axis) across time from inclusion (x-axis) in the Generepol cohort. All points (averaged ECGs) of a
study participant are linked together as trajectories and are coloured by gender. Summarized loess (local
regression) distribution of the data ± standard error is overlaid on top and grouped by gender. The
red horizontal line corresponds to the Sot+/Sot- classification threshold (= 0.5). (C) Area under the
receiver operating characteristic curve for the convolutional neural network multilead models (M1, M2),
non-convolutional neural network standard QT-based linear regression models (M3, M4) as well as all
convolutional neural network unilead M5 models in classifying each individual 10s ECG recording (top)
or using a voting strategy (in triplicates of 10s ECG per study participant and time point, bottom). Multiple
10s ECGs recorded at each time point were assigned a Sot+ classification score. When the risk score was
> 0.5, the electrocardiogram was classified as Sot+. With the voting approach, a mean Sot+ classification
score was computed. The same threshold was applied to predict the Sot-/Sot+ class. Blue, orange, and
brown colours, respectively, depict the training, test, and holdout subsets of the Generepol’s cohort (see
Figure 1). Each model tested on the same lead as trained is annotated by a red star. For the multilead
models, all leads are used to train and test.
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Performance indicators [ROC-AUC, accuracy, precision, recall (all ranging within [0–1]), and
F1 score (ranging within [0–0.5])] were evaluated for each model in 10s ECG recording individ-
ually or on the mean of multiple 10s ECG of the same participant at a given time point (voting
strategy), in the training, cross-validation, and holdout sets. The mean cross-validation ROC-AUC
of M1:ecg_multilead for discriminating the ECG of patients before vs. after sotalol intake was 0.948
when computed on single 10s ECG and 0.98 with the voting approach. Similarly, for M2:ecg_multilead
+ clin, the mean test accuracy was 0.948 (ECG) and 0.98 with voting. No difference was observed
between M1 and M2. This indicated that the information contained in age, sex, and serum potassium
was likely embedded in the ECG footprint captured by the CNN model. Based on the accuracy re-
sults, the multilead model presented slightly better perfomances than the unilead ones. Therefore, the
M1:ecg_multilead model was deemed sufficient to be used thereafter. Its precision (voting), recall,
and F1 score were very high (0.955, 0.927, and 0.470, respectively).

The linear regression model based on QTc alone (M3:QTcF) displayed a lower ROC-AUC of
0.695 (10s ECG) and 0.720 (voting) vs. M1:ecg_multilead (ROC-AUC: 0.948 and 0.98, respectively;
p < 1.5e-141). After integration of clinical data to QTc (M4:QTcF + clin), model performance in-
creased significantly (p < 3.3e-16) to 0.717 (ECG) and 0.750 (voting) vs. M3:QTcF. Overall, QTc
models were less effective than CNN models, even after integration of relevant clinical covariates.
All four models (M1–5) displayed significantly higher ROC-AUC with the voting vs. individual 10s
ECG strategy (p < 1.2e-20 for M1:ecg_multilead).

Unilead models performances were comparable to the multilead models. The best scores were
obtained with the model trained and tested on lead LII [M5:ecg_unilead_LII; ROC-AUC = 0.958
(10s ECG) and 0.992 (voting) in the holdout set]. When this model trained on one lead was tested on
the rest of the leads, it performed well, with mean holdout AUC-ROC of 0.883 (10s ECG) and 0.96
(voting). However, while the mean recall was high 0.913 (10-s ECG) and 0.963 (voting), the precision
was lower 0.597 (10s ECG) and 0.605 (voting). Similar results were obtained with other unilead
models, except for the one trained on V1, which did not generalize well on the other leads. Finally,
we validated M1:ecg_multilead and M5:ecg_unilead_LII models (trained in the training subset of
Generepol) in the Pharmacia’s cohort, an independent dataset of healthy controls before and after
sotalol intake. Both M1 and M5 models performed very well to discriminate sotalol intake using
ECGs (ROC-AUC 0.94 0.98 depending on the models, 10s ECG vs. voting).

Evaluation on diTdP dataset We evaluated the usefulness of the M1 multilead CNN model to
predict the risk of diTdP events in the third dataset (Figure 16). We quantified the association between
Sot+ classification and the TdP footprint on ECG from patients having had at least one diTdP event.
The TdP footprint was coded as a four class variable combining the time window since the diTdP
event (<24h, 24-48h, >48h) along with the existence or absence of PVC for the >48h timeframe.
We therefore fitted a mixed linear model to describe the TdP footprint phenotype as a function of
QTc, intake of drugs with known risk for TdP, the Sot+ classification score and patient (ID). As
expected, TdP footprint was associated with QTc (p<1.87e-10), as well as intake of drugs at risk of
TdP (p<3.17e-7). Additionally, the TdP footprint was also associated with Sot+ classification score
(24h from the event compared with >48h without PVC (p<0.0018; Figure 4; adjusting for QTc, TdP
risky drug intake as fixed effects and patient ID as random effects). In other words, ECG closest
to the TdP event had greater Sot+ score. Interestingly, this association persisted after adjustment
for QTc and the intake of drugs with known risk of TdP. These observations indicate that the CNN
model learned to recognize additional features in the signal of sotalol exposed ECG, which allowed
discriminating diTdP risk, beyond QTc duration and intake of QT prolonging drugs.
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Figure 16: M1:ecg_multilead Sot+/Sot- model’s classification score in relation to drug-induced torsade
de pointes imprint intensity in ECG. Boxplots indicating the distribution of convolutional neural network
M1 model’s classification score in patients’ ECG as a function of torsade de pointes imprint intensity
groups. Shape indicates the intake of drugs with known risk for torsade de pointes (triangles) vs. none
(circles).

2.3 Discovering important features of the data through
state-of-the-art interpretability method: Occlusion

Methodology Machine learning research has focused on building accurate models for large data
collections, often at the expense of interpretability. However, it is critical to understand why and how
a decision is made, especially for healthcare providers when it comes to validation and trust. We
explored the different CNN models trained to recognize sotalol intake and attempted to uncover the
drug’s footprint - meaning which features from the ECGs were the most useful for the classification
as Sot+ and Sot- in regards to the models.

There are different approaches when considering interpretability of neural networks. Among the
different algorithms for interpretability, we used the Sliding Window Occlusion method (SWO), which
allows us to explore the contribution of each part of the signal independently to the final prediction.
Sliding Window Occlusion aims to visualize the decision making process of the neural network by
selectively occluding portions of the input and observing the resulting changes in the network’s output.
By employing a sliding window, the technique systematically covers different regions of the input
ECG to identify which areas are most critical for the model’s prediction. The process of Sliding
Window Occlusion involves four primary steps:

1. Selection of window size and stride: The occluding window’s size is chosen based on the scale
of features that we intends to analyze. A smaller window will reveal finer details, while a larger
window may provide insights into more global features. The stride determines the step size by
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which the window moves across the input, with smaller strides leading to a more fine grained
analysis.

2. Occlusion of input regions: As the sliding window moves across the input, the covered region
is replaced with a constant value, typically the mean, median value of the dataset or zeros,
effectively "hiding" that portion of the input from the neural network.

3. Inference on occluded inputs: The occluded input is passed through the neural network, and the
output is recorded. The difference in the output scores, compared to the original input, indicates
the importance of the occluded region in the network’s decision making process.

4. Generation of an importance map: The differences in output scores are aggregated into an im-
portance map, highlighting the regions of the input that significantly contributed to the model’s
prediction. This map serves as a visualization of the network’s decision making process, offer-
ing insights into which features the model focuses on.

SWO is agnostic, itcan be applied to any neural network architecture, as it relies solely on input
manipulation and does not require any modifications to the model itself. It can help identify whether
the neural network is relying on spurious correlations or adversarial perturbations in making its pre-
dictions, as these would not be visible in the importance map.

In this study, we applied the SWO algorithm on multilead and unilead models (M5:ecg_unilead_LII).
We used a fixed stride of 1 and tested different sliding window values from 50 to 500. The most ef-
fective sliding window was 50 points (corresponding to 100ms in the 500 Hz recordings) that was
iteratively moved across the signal to identify which parts of the ECG signal were the most useful
for the classification of ECG as Sot+. Feature importance profile (FIP) was generated for each seg-
ment and provided us with a relevant score for identifying which ECG segments were more or less
important for predicting Sot+. The occluded portion of the signal was replaced by zeros.

Results and analysis We first tested the interpretability on the multilead model. However, although
this model was demonstrated to be highly accurate, it was difficult to interpret. Indeed, the signal from
different ECG leads were mixed together during the convolution process in increasingly complex
abstractions throughout the neural network. The same occlusion window was applied on each lead
at the same moment. A positive contribution for the classification in lead LII, for instance, should
be considered as a combination of all the positive contributions in all leads for any beat (Figure
17). Therefore, it was difficult to accurately determine which lead and beat was relevant because the
occlusion method considered all time and space variables as a single entity in this model.
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Figure 17: Occlusion Interpretability of the Multilead TdP Model: feature importance profile is com-
puted on all leads. A positive amplitude is interpreted as a contribution towards the prediction of class
Sot+ wheras as a negative amplitude is interpreted as non contibuting in the prediction of class Sot+.
Multilead model is difficultly interpretable as all leads informations are combined during the convolution
step making it difficult to distinguish the contribution of each lead, each beat.

To achieve a more human comprehensible interpretation, we used the unilead model. The unilead
model allowed us to better identify patterns in ECG. We used segmented ECG signals by beats in or-
der to summarize the importance of each point (i.e. feature) of the signal in the model’s classification
decision. In lead II, we found that the standardized FIP changed with increased sotalol blood con-
centration (maximum at 3 h in Generepol) (18). Initially, at inclusion (before sotalol intake), the FIP
was highly negative over the QRS and positive, although with low amplitude, on the P-wave offset
and T-wave onset and offset. These features are used by the model to recognize normal ECG com-
plexes without a sotalol footprint: the QRS complex indicating a regularly occurring attribute used to
calibrate the data input. One hour after sotalol intake, the FIP distribution started to change. The FIP
intensity of the QRS decreased and the importance of the signal after the T-wave and before P-wave
onset increased. This region corresponds to the RR time, which is, the cardiac heart rate. Indeed,
sotalol has beta-blocking properties known to slow the sinus rate, which were captured by the model.
Two hours after sotalol, the FIP increased in the first part of the T-wave (corresponding to the J-Tpeak
interval), which reached maximum intensity 3 h after sotalol. At that time, IKr blockade was active
and strongly apparent on ECG. We performed the same experiment in unilead models trained on V2
and V3 and FIP behaved similarly.
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Figure 18: Occlusion Interpretability of the Unilead TdP Model: This figure displays an averaged
signal of the standardized ECG for each segmented beat for leads LII, V2, and V3. All signals from
the same time points were analysed together. Similarly, the standardized feature importance profile is
summarized and laid behind the electrocardiogram profile. Colours for both the electrocardiogram and
FIP indicate intensity of the feature importance profile.

Unilead models appear to be much more interpretable as each model processes a single lead
making it easier to analyse each beat and determine the contribution of each region of the signal.

2.4 Conclusion
QT prolongation in electrocardiograms (ECGs) has been associated with Torsades de Pointes (TdP),
a life-threatening ventricular arrhythmia. However, it is not a very reliable measure. This study
proposes an innovative approach using deep convolutional neural networks (CNN) to improve TdP
risk prediction by learning the drug footprints of high-risk medications, such as sotalol, in healthy
volunteers.

The CNN models were trained using raw digital ECG data, enabling automated and comprehen-
sive TdP risk stratification that complements the QTc measurement. Sotalol, known for prolonging
ventricular repolarization through IKr-inhibition, was used as a model drug to induce QTc prolonga-
tion and predispose for TdP. The study found that the CNN models accurately detected ECG alter-
ations induced by sotalol. Additionally, these models enhanced the prediction of drug-induced TdP
(diTdP) events even after considering QTc and intake of drugs with known TdP risk. Interestingly,
single-lead CNN models performed comparably to an 8-lead model, indicating that the sotalol foot-
print could be detected by all leads similarly, except for lead V1. The models were robust despite
technical variability in the ECG data, which were recorded using different acquisition devices and
sampling rates.

To identify a cause-to-effect relations in the ECGs towards models’s predictions, we used a inter-
pretability method to detect meaningfull patterns in ECGs. The occlusion based interpretability algo-
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rithm identified sotalol footprints in ECGs, which changed over time as blood sotalol concentration
increased. This finding was consistent with existing knowledge on how sotalol affects cardiomyocyte
action potential, primarily through blockade of IKr and beta-adrenergic receptors. The J-Tpeak inter-
val emerged as the main feature for discrimination between sotalol exposed (Sot+) and non exposed
(Sot-) signals, supporting emerging literature on the importance of this segment for predicting drug
induced TdP proarrhythmic risk beyond QTc.

This study is the first to successfully deploy CNN models to learn drug footprints for predicting
heart pathology risk based on ECG. The approach has potential applications in pharmaceutical in-
dustry drug monitoring and clinical compliance ascertainment, potentially offering a more practical,
less costly, and faster alternative to standard blood analysis. The CNN models also learned clini-
cally relevant knowledge, and their deep embeddings could be used to automatically stratify ECGs
and patients into novel classes that are yet to be characterized. Despite these promising findings, the
exploration space of model architectures is vast, and identifying the best embeddings can be chal-
lenging. More research and training data are needed to advance the translational clinical applications
of CNN models in TdP risk prediction and patient care. Furthermore, one major challenge in the
adoption of neural networks for clinical decision making is the "black box" nature of these models.
Physicians and healthcare professionals must trust the AI’s predictions to integrate them into their
practice. By making neural networks more interpretable, we can provide clinicians with insight into
the rationale behind the model’s decisions, enhancing their confidence in the diagnosis or prognosis.
Understanding the reasoning behind AI findings allows physicians to compare them to their knowl-
edge and patient records, resulting in more informed choices and better patient outcomes.

2.5 Original paper
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Aims Congenital long-QT syndromes (cLQTS) or drug-induced long-QT syndromes (diLQTS) can cause torsade de
pointes (TdP), a life-threatening ventricular arrhythmia. The current strategy for the identification of drugs at the
high risk of TdP relies on measuring the QT interval corrected for heart rate (QTc) on the electrocardiogram
(ECG). However, QTc has a low positive predictive value.

...................................................................................................................................................................................................
Methods
and results

We used convolutional neural network (CNN) models to quantify ECG alterations induced by sotalol, an IKr block-
er associated with TdP, aiming to provide new tools (CNN models) to enhance the prediction of drug-induced
TdP (diTdP) and diagnosis of cLQTS. Tested CNN models used single or multiple 10-s recordings/patient using 8
leads or single leads in various cohorts: 1029 healthy subjects before and after sotalol intake (n = 14 135 ECGs);
487 cLQTS patients (n = 1083 ECGs: 560 type 1, 456 type 2, 67 type 3); and 48 patients with diTdP (n = 1105
ECGs, with 147 obtained within 48 h of a diTdP episode). CNN models outperformed models using QTc to iden-
tify exposure to sotalol [area under the receiver operating characteristic curve (ROC-AUC) = 0.98 vs. 0.72,
P <_ 0.001]. CNN models had higher ROC-AUC using multiple vs. single 10-s ECG (P <_ 0.001). Performances were
comparable for 8-lead vs. single-lead models. CNN models predicting sotalol exposure also accurately detected
the presence and type of cLQTS vs. healthy controls, particularly for cLQT2 (AUC-ROC = 0.9) and were greatest
shortly after a diTdP event and declining over time (P <_ 0.001), after controlling for QTc and intake of culprit drugs.
ECG segment analysis identified the J-Tpeak interval as the best discriminator of sotalol intake.

...................................................................................................................................................................................................
Conclusion CNN models applied to ECGs outperform QTc measurements to identify exposure to drugs altering the QT inter-

val, congenital LQTS, and are greatest shortly after a diTdP episode.
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Introduction

Torsades de pointes (TdP) is a distinctive form of life-threatening poly-
morphic ventricular arrhythmia associated with prolonged QT interval,
corrected for heart rate (QTc), on the electrocardiogram (ECG).1–3

TdP and QTc prolongation are favoured by congenital or drug-
induced alterations in potassium and cardiac sodium channels.4–6

There are three main forms of congenital long QT syndromes
(cLQTS): type 1 and type 2 are caused by loss-of-function mutations in
the potassium channels KCNQ1 (cLQT1, IKs current) and KCNH2
(cLQT2, IKr current), respectively, and type 3 is caused by mutations in
SCN5A increasing the non-inactivating ‘late’ sodium current INaL

(cLQT3).6–8 Drug-induced LQTS (diLQTS) is the other main cause of
TdP, with almost all culprit drugs blocking IKr and the most torsado-
genic among them also activating INaL.

5 Over 100 cardiac or non-
cardiac drugs are currently approved despite favouring TdP risk be-
cause these drugs are thought to have a favourable risk–benefit ratio in
some patients.9,10

QTc, which reflects ventricular repolarization duration, is the time
between the beginning of the QRS complex and the end of the T-
wave.11 QTc is prolonged in cLQTS and diLQTS and is a hallmark of
TdP. Specific T-waveform patterns have been described for each sub-
type of cLQTS and for diLQTS.12–15 Current individual and popula-
tion risk stratification strategies for TdP are almost exclusively based
on the quantification of QTc.4 Regulatory agencies require new drugs
to undergo thorough QT studies, where the magnitude of drug-
induced QTc prolongation is evaluated as a surrogate for TdP risk.16

However, limiting ECG evaluation to the QTc is poorly predictive of
TdP.17 An unbiased and complex examination of the ECG data be-
yond simple QTc prolongation could provide relevant insight into
identifying drugs and patients at risk of TdP.

Artificial intelligence is being increasingly applied to complex med-
ical problems.18 Techniques such as deep learning, including convolu-
tional neural networks (CNN), are bringing a radical change in the
field of pattern recognition, improving earlier models in learning tasks
such as image classification, ECG analysis, and natural language

Graphical Abstract

Convolutional neural network models applied to ECGs outperform QTc measurements to identify exposure to drugs blocking IKr, congenital long QT syn-
drome, and are greatest shortly after a drug-induced Torsade-de-Pointes episode.

....................................................................................................................................................................................................

2 E. Prifti et al.
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processing.19–21 Herein, we tested if such models were able to learn
the ECG footprint of sotalol, an IKr blocker drug inducing TdP, to de-
velop a new tool using ECG to recognize beyond QTc, exposure to
IKr blocker drugs, and improve the prediction of drug-induced TdP
(diTdP) events and classification of cLQTS types, particularly cLQT2
(Graphical Abstract).

Methods

Study cohort datasets and QTc

measurement
We studied ECGs form four cohorts (Figure 1). The ‘Generepol cohort’
(NCT00773201)15,22 was conducted at Pitié-Salpétrière Clinical
Investigation Center (start–end: 2008–12, Paris, France): ECGs from 990
healthy subjects were recorded before and 1, 2, 3, and 4 h after an 80-mg
oral sotalol dose (sotT1, sotT2, sotT3, and sotT4). The ‘Pharmacia’s co-
hort’ was an open-label, nonrandomized study involving healthy controls
(n = 39, 28 males) receiving a fixed oral sotalol sequence administered on
3 successive days: 24-h baseline without sotalol (Day 0); 160 mg in all par-
ticipants at 8:00 am Day 1; and 320 mg in 21 males at 8:00 am Day 2. The
study was conducted at Pharmacia’s Clinical Research Unit (start–end:
2002; Kalamazoo, MI, USA).23,24 The ‘cLQTS cohort’ included 487
patients confirmed by genetic testing to have one of the three main
cLQTS followed at the Arrhythmia Unit of Bichat Hospital (start–end:

1992–2018, Paris, France; 64% asymptomatic).25 The ‘diTdP cohort’
included 48 patients prospectively enrolled and followed at Vanderbilt
University Medical Center (start–end: 2002–19, Nashville, TN, USA)
who had experienced at least one diTdP episode; acute cardiac ischaemia
at the time of the event and genetically confirmed underlying cLQTS
were exclusion criteria. All cohorts were approved by institutional re-
view boards, and written informed consent was obtained from partici-
pants when appropriate.

Recordings from these patients were reviewed by two expert cardiol-
ogists and tracings with ventricular or junctional tachycardia during the
10-s acquisition were excluded from the analyses. In all cohorts, QTc was
heart rate corrected with Fridericia’s formula and details concerning the
respective inter and intra-observer variability for QTc measurements in
the cohorts are detailed elsewhere.11,15,22–25

Data preparation
Raw 10-s ECG data (sampling frequency: 250 and 500 Hz) were acquired
with a variety of devices at the different centres. The 250-Hz signals were
up-sampled to 500 Hz using a cubic interpolation. The ECG contained
eight independent leads (LI, LII, V1–V6), allowing for the reconstruction
of 12 leads (addition of LIII, aVF, aVL, aVR). ECGs were provided in .scp
or .xml files depending on recording devices (General Electric MAC5500,
Marquette MAC15/MACVU, M3700 System, PageWriter Touch/Trim/
XL/TC, Mortara ELI200 and Cardionics Cardioplug devices). They were
parsed using Biosig software, and Python xmltodict library, as appropri-
ate.26 The data were stored in Python dictionaries and converted onto

Figure 1 Experimental design and main characteristics of the study cohorts. Description of the main characteristics of the four study cohorts. The
Generepol cohort was composed of healthy volunteers given a single 80-mg dose of oral sotalol. This dataset was used to train and test the models.
The Pharmacia’s cohort was composed of 39 healthy volunteers before (Day 0) and after a single 160-mg dose of oral sotalol (Day 1), followed in
some men by a single 320 mg dose of oral sotalol (Day 2). This cohort was only used to test the models. The congenital long-QT syndrome (cLQTS)
cohort was composed of congenital long-QT syndrome patients of Types 1, 2, and 3. The drug-induced torsade de pointes (diTdP) cohort included
patients who experienced events of drug-induced torsade de pointes with no underlying identified congenital long-QT syndrome.

Deep learning analysis of ECG to detect IKr blockade 3
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3D tensors (8 leads, 5000 time points for each lead, recordings) used to
train and test the models. Standardization was performed at the whole
ECG level, with each lead signal standardized by the mean of all other
lead signals for models including all eight leads (‘multilead’) and at the lead
level for ‘unilead’ models. No other transformations, including filtering,
were used.

Sotalol-intake classification with the

multilead and unilead models
We used either the eight leads concomitantly (LI, LII, V1–6; termed ‘mul-
tilead’) or each of the eight leads independently (‘unilead’) to train a CNN
model to predict Sotþ (having received sotalol, as a surrogate for IKr

blockade) and Sot� classes (normal ECG before sotalol intake). The
Generepol cohort (healthy volunteers before and after sotalol intake)
was split into two sets: general training (80% for multilead models, 90%
for unilead models) and holdout (20% for multilead models, 10% for uni-
lead models). Ten times 10-fold cross-validation was performed in the
general training set for parameter optimization. Each split was performed
according to the subjects’ IDs and, therefore, each training partition had
distinct subjects from the testing split. Descriptions of how the multilead
and unilead models were constructed are provided in the Supplementary
material online, Figures S1 and S2. After cross-validation, each model was
trained on the training set of the Generepol cohort. Then, models were
tested on the holdout Generepol set (completely independent of the
training set) and the three other study cohorts.

Voting vs. single electrocardiogram analysis
Performance indicators were computed using both 10-s single ECG signal
analysis (ECG level in figures) and by averaging risk scores from multiple
recordings acquired within minutes of a same timepoint (multiple 10-s
recordings; patients’ level in figures; i.e. the voting analysis) for a given pa-
tient and condition. The output provided by the models was a score rang-
ing from 0 to 1 indicating a likelihood of being Sotþ (having ingested
sotalol). To classify a patient into Sotþ or Sot� classes, ECGs from the
same patient were processed by the models and the patient was affected
as being Sotþ (vs. Sot�) based on the mean classification score of the dif-
ferent 10-s ECG, on which a threshold of 0.5 was applied (Sotþ if score
>_0.5). The performance metrics of all tested models can be found in
Figures 2–4, Supplementary material online, Figures S3 and S4, and
Supplementary material online, Table S1.

Embedding analyses
CNN models generate outputs, such as Sotþ or Sot�, by analysing raw
input through a series of intermediate ‘layers’ termed embeddings.27 A
distinctive feature of CNN models is their ability to discover novel repre-
sentations of complex data, and one way to access such knowledge is by
extracting the embeddings (transformation of the input data by the neural
network). In this study, ECGs were transformed in the CNN embeddings
by deriving vectors of 512 values. To represent these complex datasets in
two dimensions for human interpretation, a nonlinear dimension reduc-
tion technique was applied based on the t-SNE algorithm28 (perplexity =
100, iteration = 1000) using the Rtsne package. ECG data (vectors of 512
values) were thus visualized and annotated as points on these maps. All
dimensions of the embeddings were used to identify partitions with the
k-means method with default parameters implemented in base R. Details
concerning embedding analyses are in Supplementary material online,
Figure S5.

Electrocardiogram segment occlusion

analysis (interpretability)
We sought to identify which parts of the ECG signals were most useful in
our classification models to classify an ECG as Sotþ. To accomplish this
goal, we iteratively dropped (‘occluded’) a predefined portion of the data
(in this case, a segment of the ECG signal) and re-performed the predic-
tion. Here, we used a window of 50 points (corresponding to 100 ms in
500 Hz recordings) that was iteratively moved across the signal to identify
which parts of the ECG signal were the most useful for the classification
of ECG as Sotþ. Feature importance profile (FIP) was generated for each
segment and provided us with a relevant score for identifying which ECG
segments were more or less important for predicting Sotþ. Details con-
cerning occlusion methods are in Supplementary material online, Figure
S6. We implemented the occlusion method in Python with Tensorflow-2.

Statistical analyses
Data are presented as count and frequencies, or median and interquartile
range (IQR) for categorical and continuous variables, respectively. We
used mixed-effects linear models to best describe the data and their rela-
tions while controlling for random effects such as patient ID (multiple
recordings per patient). Models were compared using ANOVA and the
best models were selected based on the Akaike information criterion.
Accuracy, recall, precision, F1 score, and area under the receiver operat-
ing characteristic curve (ROC-AUC) were used to evaluate the different
models generated. The Chi2-test was used for comparing proportions.
Statistics and graphics were performed using R-packages (lme445,
lmerTest, ggplot2, pROC). A P <_ 0.05 was deemed statistically significant;
all tests were two-tailed.

Results

Study population characteristics
The main characteristics of the four study cohorts are summarized in
Figure 1.

The Generepol cohort contained 10 292 10-s ECG recordings
from 990 healthy subjects (62% women, median [range] age 24 [18–
60] years) in sinus rhythm before and 1, 2, 3, and 4 h after the admin-
istration of 80 mg sotalol (respectively, denoted as baseline and
sotT1–sotT4). The median number of 10-s ECG/participant in this
cohort was 15 [range: 12–18].

The Pharmacia’s cohort contained 3843 10-s ECG recordings
from 39 healthy subjects (46% women, median [range] age 25 [18–
45] years) in sinus rhythm before and up to 12 h after the intake of
160 mg sotalol on Day 1 and 320 mg sotalol on Day 2. The median
number of 10-s ECG/participant in this cohort was 114 [range: 42–
117].

The cLQTS cohort included 487 participants (median [range] age
28 [0–84] years; confirmed by genetic testing) with 1083 10-s ECG
recordings (median number of ECG/patient 3, IQR 6, longest follow-
up 23 years). The three cLQTS types were represented, with 266
cLQT1 (62% women), 188 cLQT2 (54% women), and 33 cLQT3
(45% women) patients. A total of 213 participants (44%) had at least
one recording performed while on beta-blocker, with 116, 88, and 9
(44%, 47%, and 27%) participants for cLQT1, cLQT2, and cLQT3, re-
spectively. ECGs were in sinus rhythm, except for 8 (0.7%) with
supra-ventricular arrhythmia and 2 (0.2%) with either atrial and/or
ventricular pacing.

4 E. Prifti et al.



Figure 2 Classification performance of convolutional neural network and linear regression (QT) models in discriminating baseline electrocardio-
gram before sotalol from those after sotalol intake (SotT1, SotT2, SotT3) in Generepol. (A) Boxplots, illustrating the distribution of circulating sotalol
concentration (ng/mL) in Generepol cohort two and three hours after 80mg oral sotalol intake. Data are displayed separated and coloured by gen-
der. (B) Scatterplot illustrating the evolution of the M1: ecg_multilead classification score for the Sotþ class (y-axis) across time from inclusion (x-
axis) in the Generepol cohort. All points (averaged electrocardiograms) of a study participant are linked together as trajectories and are coloured by
gender. Summarized loess (local regression) distribution of the data ± standard error is overlaid on top and grouped by gender. The red horizontal
line corresponds to the Sotþ/Sot� classification threshold (= 0.5). (C) Area under the receiver operating characteristic curve for the convolutional
neural network multilead models (M1, M2), non- convolutional neural network standard QT-based linear regression models (M3, M4) as well as all
convolutional neural network unilead M5 models in classifying each individual 10-s electrocardiogram recording (top) or using a voting strategy (in
triplicates of 10-s electrocardiogram per study participant and time point, bottom). Multiple 10-s electrocardiograms recorded at each time point
were assigned a Sotþ classification score. When the risk score was >_0.5, the electrocardiogram was classified as Sotþ. With the voting approach, a
mean Sotþ classification score was computed. The same threshold was applied to predict the Sot�/Sotþ class. Blue, orange, and brown colours, re-
spectively, depict the training, test, and holdout subsets of the Generepol’s cohort (see Figure 1). Each model tested on the same lead as trained is
annotated by a red star. For the multilead models, all leads are used to train and test.

Deep learning analysis of ECG to detect IKr blockade 5
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.The diTdP cohort included 48 participants (60% women; median
[range] age at the time of the first ECG 60 [18–85] years) with 1105
10-s ECG recordings (median number of ECG/patient 31). The me-
dian follow-up was 4 years [range: 0–17]. Sixty-six percent of the 10-s
ECG (n = 733/1105) were recorded while patients were on IKr block-
er drugs with known risk for TdP,9 with amiodarone (29/48), sotalol
(12/48), dofetilide (9/48), fluconazole (7/48), and hydroxychloro-
quine (4/48) being the most prevalent.4,15,29 Some patients took mul-
tiple drugs with TdP known risk (one drug: 69%, two drugs: 24%,
three drugs: 5%). Recordings from these patients were classified into
four categories using the combination of delay between ECG intake

and the diTdP event, associated with the presence/absence of prema-
ture ventricular contractions (PVC): <24 h, 24–48 h, >48 h þ PVC
and >48 h - PVC. Of these 1105 ECG recordings, 930 were obtained
in sinus rhythm (84%), 171 (15%) in supraventricular arrhythmia, and
4 in junctional rhythm. A total of 162 (15%) and 183 (17%) 10-s ECG
had at least one ventricular and/or atrial paced complex. At least one
PVC was seen in 143 (13%) ECGs.

QTc evaluation
Serial QTc surveillance is the method cardiologists use to evaluate
TdP risk in clinical practice.16 When QTc is >480 ms or is increased

Figure 3 Convolutional neural network model performance in classifying study participants as Sotþ/Sot- in Generepol holdout dataset and con-
genital long-QT syndrome cohort. (A) Left: Percentage of all electrocardiogram for study participants, which are classified as Sotþ in the holdout
Generepol dataset [healthy volunteers before (Control) and 1–3 h after sotalol intake (Sotalol)] as well as the cLQT1, cLQT2, and cLQT3 groups.
Right: Similar to the left panel, with the exception that groups of electrocardiogram were classified as Sotþ using the patient voting strategy instead of
individual 10-s electrocardiogram. (B) Receiver operating characteristic curves indicating the separation between patients on sotalol (Sotalol) and
each of the control, cLQT1, cLQT2, and cLQT3 groups. (C) Receiver operating characteristic curves indicating the separation between cLQT2 and
cLQT1, cLQT3, sotalol exposed, and control groups.

6 E. Prifti et al.
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by >_60 ms after drug intake compared to baseline, patients are con-
sidered at potential TdP risk.16 In Generepol, the mean QTc at base-
line was 14 ms higher in women vs. men (391± 15 vs. 377 ± 16 ms;
P < 2e-16) as is well-recognized.8,30 Maximal QTc prolongation after
sotalol was more pronounced in women vs. men (34 ± 14 vs.
23± 12 ms; P < 2e-16). Similar results were obtained in the
Pharmacia’s study when comparing QTc before and after sotalol in-
take (Figures 1 and 5).

In cLQTS, no difference in QTc was detected among the three
types of cLQTS on the first ECG available for each patient (449 ± 36,
453 ± 40, and 452± 35 ms for cLQT1, cLQT2, and cLQT3, respect-
ively, n = 483; Figure 5). The mean QTc in the cLQTS cohort was
65 ms greater than the pre-sotalol values from Generepol (451± 38
vs. 386 ± 18 ms, P < 2e-16).

In the diTdP cohort, QTc values were higher within 24-h of diTdP
events (501± 70 ms) vs. within 24–48 h (478± 45 ms; P < 0.02), or vs.
>48 h with and without PVC (455± 50 ms, P < 2.14e-8 and
459 ± 45 ms, P < 8.5e-12, respectively; Figure 5). The mean QTc in
the diTdP cohort was 86 ms longer than the pre-sotalol values from
Generepol (469± 63 vs. 386 ± 18 ms, P < 2e-16).

Convolutional neural network models
and sotalol intake on electrocardiogram
To learn the sotalol footprint as a proxy of drug-induced IKr blockade
on ECG, we trained different CNN models (M) on a subset of
Generepol. The first model used all leads (LI–II, V1–V6) from raw
ECG data (M1: ecg_multilead). A second model used clinical informa-
tion (age, sex, and serum potassium) in addition to the ECG data

(M2: ecg_multileadþclin). In this study, we first focused on 10-s ECG
recordings at baseline before sotalol, and 1, 2, and 3 h after sotalol
intake.

The models provided an output score indicating a likelihood of
sotalol intake in the [0–1] range. A score of 0 predicted the absence
of sotalol intake whereas 1 corresponded to the highest probability
for sotalol exposure. The mean predicted score at baseline was low
(0.06) but increased rapidly for ECG recorded at one (SotT1, 0.80)
and two (SotT2, 0.88) and peaked at 3 h after sotalol (SotT3, 0.95)
(Figure 2); there were no sex differences. Notably, this increase in
model score predictions tracked the increase in sotalol blood con-
centration (Figure 2). The output score was then converted into a
binary variable based on a threshold (Sot- if model-derived score
<0.5, Sotþ if >_0.5). Performance indicators [ROC-AUC, accuracy,
precision, recall (all ranging within [0–1]), and F1 score (ranging with-
in [0–0.5])] were evaluated for each model in 10-s ECG recording in-
dividually or on the mean of multiple 10-s ECG of the same
participant at a given time point (‘voting strategy’), in the training,
cross-validation, and holdout sets (Figures 2 and 3 and Supplementary
material online, Figures S3 and S4). The mean cross-validation
ROC-AUC of M1: ecg_multilead for discriminating the ECG of
patients before vs. after sotalol intake was 0.948 when computed on
single 10-s ECG and 0.98 with the voting approach. Similarly, for M2:
ecg_multilead þ clin, the mean test accuracy was 0.948 (ECG) and
0.98 with voting (Figure 2 and Supplementary material online, Figure
S3). No difference was observed between M1 and M2. This indicated
that the information contained in age, sex, and serum potassium was
likely embedded in the ECG footprint captured by the CNN model.

Figure 4 Convolutional neural network model performance in classifying study participants as Sotþ/Sot- in Pharmacia’s cohort. Scatterplot illus-
trating the evolution of the M1: ecg_multilead (A) and M5: ecg_unilead_II (B) classification score for the Sotþ class (y-axis) across time from inclusion
(x-axis) in Pharmacia’s cohort. All points, single electrocardiograms of a study participant, are linked together as trajectories and are coloured by gen-
der. Summarized loess (local regression) distribution of the data ± standard error is overlaid on top and grouped by gender. The horizontal dotted
line corresponds to the Sotþ/Sot� classification threshold. (C) Receiver operating characteristic curves indicating the separation between subjects on
sotalol (Sotalol; 2–4 h post 160 mg intake on Day 1 and post 320 mg intake on Day 2) versus before (Day 0 and before intake of Day 1) in
Pharmacia’s study.

Deep learning analysis of ECG to detect IKr blockade 7



..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..Therefore, the M1: ecg_multilead model was deemed sufficient to be
used thereafter. Its precision (voting), recall, and F1 score were very
high (0.955, 0.927, and 0.470, respectively).

For comparison with current practice, we also tested the perform-
ance of QTc (M3: QTcF) alone, and with the same additional clinical
information as above (M4: QTcF þ clin) to discriminate on the pres-
ence/absence of sotalol intake. The linear regression model based on
QTc alone (M3: QTcF) displayed a lower ROC-AUC of 0.695 (10 s
ECG) and 0.720 (voting) vs. M1: ecg_multilead (ROC-AUC: 0.948
and 0.98, respectively; P < 1.5e-141). After integration of clinical data
to QTc (M4: QTcFþ clin), model performance increased significantly
(P < 3.3e-16) to 0.717 (ECG) and 0.750 (voting) vs. M3: QTcF (Figure
2 and Supplementary material online, Figure S3). Overall, QTc models
were less effective than CNN models, even after integration of rele-
vant clinical covariates. All four models (M1–4) displayed significantly
higher ROC-AUC with the voting vs. individual 10-s ECG strategy
(P < 1.2e-20 for M1: ecg_multilead, Supplementary material online,
Table S1). This demonstrates the importance of having longer

recordings of at least 30 s (mainly triplicates of 10-s ECG in our
study). Results were similar in the holdout set (Figures 2 and 3 and
Supplementary material online, Figure S3). All performance indicators
for all these models are in Supplementary material online, Figures S3
and S4 and Supplementary material online, Table S1.

Thereafter, we tested the hypothesis that the ECG footprint for
sotalol exposure could also be detected by the analysis of single
leads. For this, we trained eight different models—one for each lead
(LI, LII, V1–V6; see ‘Methods’). Their performances were comparable
to the multilead models (Figure 2 and Supplementary material online,
Figure S4). The best scores were obtained with the model trained and
tested on lead LII [M5: ecg_unilead_LII; ROC-AUC = 0.958 (10 s
ECG) and 0.992 (voting) in the holdout set]. When this model
trained on one lead was tested on the rest of the leads, it performed
well, with mean holdout AUC-ROC of 0.883 (10-s ECG) and 0.96
(voting). However, while the mean recall was high 0.913 (10-s ECG)
and 0.963 (voting), the precision was lower 0.597 (10-s ECG) and
0.605 (voting). Similar results were obtained with other unilead

Figure 5 QTc distribution across study cohorts. The distribution of QTc values following the sotalol-induced QTc prolongation in the Generepol
(A) and Pharmacia’s cohort (D). The X-axis represents the time (min) following sotalol administration and lines link electrocardiogram recordings
from the same participant over the duration of the protocol. Summarized loess (local regression) distribution of the data ± standard error is overlaid
on top and grouped by gender (males in blue and females in red). (B) Boxplots of the estimated QTc values in the congenital long-QT syndrome co-
hort by subtypes. (C) Boxplots of QTc values across the drug-induced torsade de pointes cohort grouped by time to torsade de pointes event and
presence or not of premature ventricular contractions. Electrocardiograms are grouped and coloured by gender and the black horizontal lines indi-
cate the 480-ms at-risk QTc threshold (A–D).

8 E. Prifti et al.
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models, except for the one trained on V1, which did not generalize
well on the other leads (Supplementary material online, Figure S4 and
Supplementary material online, Table S1).

Finally, we validated M1: ecg_multilead and M5: ecg_unilead_LII
models (trained in the training subset of Generepol) in the
Pharmacia’s cohort, an independent dataset of healthy controls be-
fore and after sotalol intake. Both M1 and M5 models performed
very well to discriminate sotalol intake using ECGs (ROC-AUC
0.94–0.98 depending on the models, 10-s ECG vs. voting; Figure 4).

Convolutional neural network models
and congenital long-QT syndromes types
Since diLQTS and cLQTS are both characterized by prolonged QTc,
we hypothesized that the models (M1: ecg_multilead) trained to rec-
ognize the sotalol EGG footprint would also be able to discriminate
ECG from cLQTS subjects compared to Generepol baseline data,
particularly for cLQT2, which shares the same pathophysiological
mechanism of IKr blockade with sotalol-induced LQTS. We used M1:
ecg_multilead trained on a subset of Generepol (80%) and applied it
to evaluate its potential in discriminating ECG from the heathy volun-
teers before and after sotalol intake (20% holdout from Generepol,
never used for training) and cLQTS patients. The model prediction
results confirmed our hypothesis (Figure 3). First, we showed that the
vast majority of ECGs before and after sotalol intake (95%, 97%, vot-
ing, respectively) from the holdout Generepol cohort were correctly
classified as Sotþ and Sot�, respectively (Figure 3). Second, most
ECGs from cLQTS (66%) were classified as Sotþ. cLQT2 displayed
the strongest proportion (80%, 74%) of Sotþ, followed by cLQT3
(64%, 67%) and cLQT1 (55%, 51%) at the individual 10-s ECG level
and after voting, respectively. Figure 3 displays AUC-ROC results
comparing ECGs from healthy participants on sotalol vs. their base-
line ECG before sotalol (controls), cLQT1, cLQT2, and cLQT3. M1:
ecg_multilead was highly efficient (AUC-ROC = 0.9) in discriminating
cLQT2 from healthy controls contrasting with low AUC-ROC (0.58)
of ECG analysis from cLQT2 vs. healthy subjects having received
sotalol. These results indicate that M1: ecg_multilead could not dis-
criminate well between these latter two groups, supporting the hy-
pothesis of shared ECG footprints alterations between cLQT2 and
sotalol intake (IKr blockade). Notably, M1: ecg_multilead moderately
separated cLQT2 from cLQT1 and cLQT3 (Figure 3C). The mean
M1: ecg_multilead ECG-derived score in cLQT2 was 0.53, significant-
ly higher than cLQT1 (0.34, P < 7.4e-7) and cLQT3 (0.43, P < 0.14),
after adjustment for beta-blockers (accounting for significant inter-
action between beta-blockers intake and cLQT2, effect size = 0.19,
P < 7.3e-6; but not for other cLQTS types). Of note, age and sex
were not significantly associated with M1: ecg_multilead score in
cLQTS.

Convolutional neural network models
and drug-induced torsade de pointes
events
We evaluated M1: ecg_multilead model to predict the risk of diTdP
events in the diTdP cohort. We quantified the association between
M1: ecg_multilead score and the TdP footprint on ECG from patients
who had had a diTdP event. The TdP footprint was coded as a four-
class variable combining the delay from the diTdP event (<24, 24–48,

and >48 h) and the existence or absence of PVCs in the >48-h sub-
group. Using a mixed linear model, we showed that TdP footprint
was associated with the M1: ecg_multilead score (highest within 24 h
from diTdP vs. >48 h from diTdP without PVC (mean: 0.68 vs. 0.56,
P < 0.0018; Figure 6) after adjusting for a significant association with
QTc (P < 1.87e-10) and intake of drugs with a known risk for TdP
(P < 3.17e-7).

Convolutional neural network and novel
representation of electrocardiogram
data
The complex representation of an ECG, learned by the layers of the
M1: ecg_multilead CNN model, is contextual to the presence or ab-
sence of the sotalol footprint. We extracted these representations
(embeddings) of all the ECGs of the studied cohorts by accessing the
output of the last convolutional layers (see Supplementary material
online, Methods). When annotating all ECGs from Generepol as a
function of the M1: ecg_multilead predicted risk score (Figure 7A), we
noticed a gradient pattern corresponding closely to the time be-
tween ECG acquisition and sotalol intake (Figure 7B). This demon-
strated the relevance of what the model ‘learned’ from the ECG data
in recognizing sotalol exposure. In cLQTS, most of cLQT2 ECG
were located in the high-level score zone of the t-SNE map (top part
of the map), indicating ECG features resembling those of sotalol-
induced IKr blockade as seen previously. This contrasts with those
from cLQT1 and cLQT3, which were uniformly distributed in the t-
SNE map (Figure 7C). In the diTdP cohort, most ECGs were located
near the average to high-risk zones of the t-SNE map, being particu-
larly high when recorded within 24 h of the diTdP (Figure 7D), at a
time when residual IKr blockade was most likely to be present. Taken
together, these results indicate that the classification accuracy in rec-
ognizing the sotalol footprint also extends to CNN M1 model-
identified embeddings, which condense clinically relevant informa-
tion. Such novel representations of the data open perspectives for
novel TdP risk stratification of ECG and patients (Supplementary
material online, Figure S5).

Interpretability analyses of convolutional
neural network
Figure 8 displays the results of the ‘occlusion analysis’ designed to
identify ECG sub-segments (i.e. features) most important for the
models. In lead II, we found that the standardized FIP changed with
increased sotalol blood concentration (maximum at 3 h in
Generepol). Initially, at inclusion (before sotalol intake), the FIP
was highly negative over the QRS and positive, although with low
amplitude, on the P-wave offset and T-wave onset and offset.
These features are used by the model to recognize normal ECG
complexes without a sotalol footprint—the QRS complex indicat-
ing a regularly occurring attribute used to calibrate the data input.
One hour after sotalol intake, the FIP distribution started to
change. The FIP intensity of the QRS decreased and the import-
ance of the signal after the T-wave and before P-wave onset
increased. This region corresponds to the RR time, that is, cardiac
heart rate. Indeed, sotalol has beta-blocking properties known to
slow the sinus rate, which were captured by the model. Two
hours after sotalol, the FIP increased in the first part of the T-wave

Deep learning analysis of ECG to detect IKr blockade 9
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(corresponding to the J-Tpeak interval), which reached maximum
intensity 3 h after sotalol. At that time, IKr blockade was active and
strongly apparent on ECG. We performed the same experiment
in unilead models trained on V2 and V3 and FIP behaved similarly
(Figure 8 and Supplementary material online, Figure S6).

Discussion

QTc prolongation, although imperfect, has been shown to be associ-
ated with TdP and is currently used in clinical practice as a surrogate
for evaluating the risk of TdP.31 Here, we propose a new approach to
improve TdP risk prediction. We hypothesized that it would be pos-
sible to use cutting edge artificial intelligence models to learn the
footprint of drugs at the high risk of TdP in healthy volunteers. We
then used these models to quantify a novel risk score in other partici-
pants exposed to these drugs or in patients with cLQTS. The main
finding of our study is that training deep CNN models using raw digit-
al ECG data allows for an automated and comprehensive TdP risk
stratification that complements QTc measurement. The CNN was
trained to recognize ECG alterations induced by sotalol as a model
of IKr blockade, the major mechanism by which drugs cause QTc pro-
longation, and predispose to TdP.15 The CNN models accurately
detected ECG associated with the intake of drugs at risk of TdP and
discriminated the presence and type of cLQTS, being particularly ac-
curate for cLQT2. Moreover, these models improved the prediction
of diTdP event, even after controlling for QTc and intake of drugs at

known risk of TdP. Analyses of the CNN models highlighted specific
interpretable ECG features, particularly the J-Tpeak interval to recog-
nize the sotalol-induced ECG footprint. Models based on a single lead
performed in general as well as those using eight leads, except for V1.

Because TdP is a relatively rare event, we first used a population of
healthy volunteers exposed to sotalol so we could generate enough
labelled data for the CNN model to be robust. The rationale for
using a cohort exposed to sotalol is that this drug is known to pro-
long ventricular repolarization through IKr inhibition, that rarely but
dose dependently can lead to TdP.32,33 The CNN models developed
here were able to accurately classify if a patient was or not exposed
to sotalol, regardless of the time after drug intake. Furthermore, mul-
tiple acquisitions taken together with a voting approach improved
the classification. This demonstrated the presence of rich information
contained within the ECGs, exceeding the sole measurement of QTc
including with relevant clinical information. Classification from ECG
features learned in the CNN models could become a useful approach
in compliance ascertainment and drug adjustment, eventually more
practical, less costly, and faster than standard blood analysis.

Similar molecular and physiological mechanisms to sotalol action
are known to be involved in cLQT2 patients with KCNH2 mutations,
which also lead to decreased IKr current.15 Here, we demonstrated
that the similarities of the sotalol ECG footprint with cLQT2 allowed
to accurately classify 80% of the ECG from cLQT2 patients. This result
has potential clinical applications such as screening incoming patients
for cLQTS and discrimination of types, with very low cost, before
using more expensive genetic tests or scarce expert ECG repolariza-
tion evaluation. Although QTc is prolonged in all cLQTS, the ECG
waveforms carry specificities including T-wave morphology abnormal-
ities that are specific to each type of cLQTS.34 However, the models
developed herein were not trained to distinguish the different cLQTS
groups, particularly cLQT1 and 3, for which more data are needed.

When applied to an independent study cohort of patients who
experienced diTdP events, our CNN model-derived scores were
higher within 24 h of the diTdP events vs. ECGs from same individuals
>24 h (and even more 48 h) after or before the event. These results
indicate that such models could be helpful to diagnose patients who
experienced an out-of-hospital TdP event or even risk stratify
patients with continuous surveillance for emerging diTdP events.

To the best of our knowledge, this is the first study that successful-
ly deploys the original approach of learning drug footprints to predict
drug-induced heart pathology risk based on ECG. A prior study was
able to correlate drug concentrations on ECG using CNN.35 The
authors analysed 10-s ECG recordings of 42 patients receiving dofeti-
lide, another IKr blocker antiarrhythmic drug, or placebo. In their
experiments, they used the data from two distinct prospective
randomized controlled trials available in the PhysioNet repository36

and found that their CNN model was superior to QTc alone in pre-
dicting plasma dofetilide concentration. However, the database used
in their study was relatively small (dozens of patients) and they did
not use cross-validation in training, with the well-known risk of over-
fitting. Furthermore, they could not assess the capacity of their artifi-
cial intelligence model to detect an arrhythmic risk, or cLQTS, and
interpretability of their findings was not performed (Figure 8) as done
in the present study.

Other studies have focused on CNN modelling of other cardiac
diseases using multilead ECG input. For the detection of anterior

Figure 6 M1: ecg_multilead Sotþ/Sot� model’s classification
score in relation to drug-induced torsade de pointes imprint inten-
sity in electrocardiogram. Boxplots indicating the distribution of
convolutional neural network M1 model’s classification score in
patients’ electrocardiogram as a function of torsade de pointes im-
print intensity groups. Shape indicates the intake of drugs with
known risk for torsade de pointes (triangles) vs. none (circles).

10 E. Prifti et al.



Figure 7 Risk prediction model’s deep embeddings reveal clinically relevant data structure. All panels illustrate two dimensions after a t-SNE trans-
formation of the 512 dimensions of the multilead M1 model embeddings (see ‘Methods’). (A) t-SNE map where each point represents an electrocar-
diogram from the Generepol cohort. Greyscale indicates the M1: ecg_multilead classification score ranging in [0:1]. (B) Same t-SNE map as (A) where
electrocardiograms are coloured by the experimental setup, from inclusion before and 1, 2, 3, or 4 h after sotalol intake. (C) Same t-SNE map with
electrocardiogram from the congenital long-QT syndrome cohort. Electrocardiograms are annotated by congenital long-QT syndrome (cLQTS)
type. (D) Same t-SNE map as (A) with electrocardiogram from the drug-induced torsade de pointes (diTdP) cohort of patients having experienced at
least one drug-induced torsade de pointes event. Electrocardiograms are coloured by the four groups of torsade de pointes intensity footprint (time-
frame from the drug-induced torsade de pointes event and presence/absence of PVCs on the electrocardiogram).
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..myocardial infarction,37 Liu et al. used a 4-lead approach that led to
accuracies >90% with a five-fold cross-validation. Tison et al.38 cre-
ated a CNN-hidden Markov model that took 12-lead input in order
to detect pulmonary arterial hypertension, hypertrophic cardiomy-
opathy, cardiac amyloid, and mitral valve prolapse. The ROC-AUC
was in the 77–94% range for the four conditions. Similar technology
was also used by Attia et al.,39 who applied a CNN model on a large
database (>97 000 patients) to detect left ventricular dysfunction.
They used a large holdout set (>52 000 patients) and achieved an
overall accuracy of 86%. Moreover, a subset of the patients, which
were erroneously classified as having ventricular dysfunction, later
developed a low ejection fraction, suggesting that the model was able
to detect features of this condition before it became clinically diag-
nosed. Unfortunately, the healthy volunteers from Generepol mis-
classified by our model as taking sotalol before any intake were not
followed, precluding any evaluation of their subsequent risk for TdP
and sudden death.

We introduced CNN models trained with data obtained from one
lead only. They were as accurate as the multilead model not only
when classifying holdout data from the same leads but also from leads
on which they were not trained. This is an unexpected result and

indicates that the sotalol footprint is detected by all leads and in simi-
lar ways, with the exception of lead V1. Moreover, ECG data were
recorded with different acquisition devices and some ECGs,
recorded in 250 Hz, were upsized using interpolation techniques.
Still, the results were robust, regardless of the recording device. This
paves the way to clinical applications where the patients or physicians
could record a single electrode ECG, which could then be sent to a
centralized server and analysed by the CNN models, with the goal of
stratifying the risk for the patient to develop a TdP.

We also explored the CNN models to understand how the deci-
sion process was made and what was the model looking for in the
ECG to provide a prediction. The occlusion-based interpretability al-
gorithm uncovered the sotalol ECG footprint, which changed with
time as blood sotalol concentration increased. The analysis of the
footprint was consistent with existing knowledge on how sotalol
influences cardiomyocyte action potential, mainly through blockade
of IKr and beta-adrenergic receptor blockade. This approach opens
novel avenues of research and applications in the context of drug
monitoring for the pharmaceutical industry but also plays an import-
ant role in the acceptability of artificial intelligence in clinics. Providing
an explanation for the prediction process is increasingly requested

Figure 8 Interpretability of the sotalol footprint on the electrocardiogram signal. This figure displays an averaged signal of the standardized electro-
cardiogram for each segmented beat for leads LII, V2, and V3. All signals from the same time points were analysed together. Similarly, the standardized
feature importance profile is summarized and laid behind the electrocardiogram profile. Colours for both the electrocardiogram and FIP indicate in-
tensity of the feature importance profile.

12 E. Prifti et al.
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.
when not mandatory,40,41 especially for ‘black boxes’ such as deep
neural networks, which train millions of parameters. J-Tpeak features
emerged as the main attribute allowing for discrimination of sotalol
intake. This is concordant with the emerging literature on the import-
ance of this specific segment when predicting for diTdP beyond
QTc.42

Lastly, we demonstrated that besides risk prediction, the CNN
models learn clinically relevant knowledge. A post hoc analysis of the
network’s deep embeddings grouped ECGs from the studied cohorts
according to their clinical relevance (Figure 7). These embeddings can
be used to automatically stratify ECG, and ultimately patients, in
novel classes that are yet to be characterized. However, identifying
the best embeddings can be challenging since the number of model
architectures to explore can be very large. More research and train-
ing data are needed in the context of translational clinical applications
of CNN models for the diagnosis of the different types of cLQTS and
prediction of diTdP.

Supplementary material

Supplementary material is available at European Heart Journal online.
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Chapter 3
Interpretability of Neural Networks: ECG
Applications
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3.1 Introduction
Electrocardiogram (ECG) analysis is a crucial diagnostic tool for identifying cardiac abnormalities
and monitoring the heart’s electrical activity. Deep learning techniques have increasingly been em-
ployed for ECG analysis, exhibiting high accuracy and performance. However, understanding the
decision making process of these complex models remains challenging. In our previous work we
proposed and developped a deep learning approach to predict the risk of TdP occurence. The neural
network was valdiated with clinicians. However, for them to adopt the method in their practice, they
must trust the predictions made by the model.

To better understand the input data as well as the model, we performed neural network inter-
pretability. Neural network interpretability refers to the extent to which the internal workings, de-
cision making process, and output of a neural network model can be understood, explained, and
justified. In essence, interpretability aims to make the "black box" nature of complex neural networks
more transparent and accessible to humans, facilitating trust and confidence in the model’s predictions
and enabling more informed decision making. When this process is transparent and comprehensible,
clinicians, in general, can feel more confident about using deep learning models to support their di-
agnoses and treatment plans. Moreover, as patients become increasingly involved in their healthcare,
interpretability can facilitate better communication between physicians and patients, enabling more
informed decision making. Beyond trust and confidence, one must consider ethical considerations. In
fact, the ethical implications of using deep learning models in medical applications cannot be over-
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looked. Ensuring that the model’s decision making process is transparent and free from biases is
essential for upholding ethical standards.

Interpretability allows researchers and practitioners to examine the underlying factors that con-
tribute to predictions, ensuring that the model is not discriminating against specific populations or
perpetuating existing biases. It also allows them to assess how well a model generalizes across diverse
data sets, ensuring its robustness and reliability in real world clinical settings. Moreover, interpretabil-
ity can expose potential weaknesses, biases, or errors in the model, enabling researchers to fine tune
it and enhance its performance. This, in turn, can lead to more accurate and reliable ECG analysis
and ultimately improved patient outcomes. Indeed, models must be capable of handling a wide range
of variations in data, including noise, different morphologies, and various patient populations.

In our previous paper [46], we explored the predictions of our model by interpreting its outputs
with respect to the input ECGs. We used one of the state-of-the-art methods, occlusion, based on the
concept of signal perturbation. While the occlusion interpretability provided valuable insights into the
model’s decision making process as well relevant features from input ECGs, it also presented inherent
limitations that can restrict its applicability and usefulness. Factors such as sensitivity to occlusion
size and shape, lack of causality, lack of consideration for feature inter-dependencies and focus on
local interpretability, need to be considered when employing this method.

In this chapter we propose a novel original approach for neural interpretability as an evolution of
the occlusion approach with aims of overcoming its limits. The approach is multivariate and explores
simultaneously different regions of the input data (let it be ECG signals or images). The problem is
NP complex and needs heuristics to be solved. We implemented a genetic algorithm to approximate
the problem. Moreover, we developed the method as an extensible framework package for further
improvements. We tested this method, named evocclusion on the Generepol dataset described in
the previous chapter and compared it with standard occlusion and other state-of-the-art methods,
including saliency maps [50].

3.2 State of the art

3.2.1 Limits of occlusion interpretability method
Occlusion based interpretability technique has emerged as one promising approach to shed light on
the inner workings of neural networks, particularly in the context of image or sequences classifica-
tion tasks. However, despite its potential to provide valuable insights, occlusion is not without its
limitations. By discussing these limitations, we aim to provide a comprehensive understanding of
the challenges associated with occlusion based interpretability and highlight areas our new method
strives to improve.

Sensitivity to Occlusion Size and Shape Occlusion relies on systematically occluding (i.e. mul-
tiplying by zero) parts of the input data with the objective to evaluate the importance of these parts
of the data in the final output. This allows to understand the neural network’s response to these per-
turbations. However, these methods are sensitive to the choice of occlusion size and shape, which
can impact significantly the results. A poorly chosen occlusion size may result in either too much or
too little information being occluded, misleading the interpretation of the model’s behavior. Further,
occlusion shapes may not adequately capture the relevant features, thus limiting the interpretability
of the results.

Lack of Causality Occlusion methods provide a measure of the neural network’s sensitivity to input
perturbations but do not necessarily establish causal relationships between input features and model
predictions. While the occlusion of a specific input region may lead to changes in the model’s output,
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it does not guarantee that this region is causally responsible for the prediction. This limitation makes
it challenging to draw definitive conclusions about the model’s decision making process.

Local Interpretability vs. Global Understanding The state of the art occlusion focuses on local
interpretability, aiming to understand how specific input regions influence the model’s predictions.
However, this focus on local interpretability may not provide a complete understanding of the neural
network’s global behavior. In some cases, understanding the interactions between different features
or the higher level abstractions learned by the model is crucial for gaining a comprehensive under-
standing of the model’s decision making process. As a result, occlusion methods may not always
provide sufficient insight into the model’s overall functioning.

Univariate Problem and Limited Occlusion Strategies The occlusion interpretability methods
typically occlude one region at a time, resulting in a univariate analysis of the input features. This
approach might not capture the complex interactions between different regions or features, limiting
the insights that can be gained from the occlusion process. In many cases, understanding how multi-
ple features or regions interact to influence the model’s predictions is essential for a comprehensive
interpretation of the model’s behavior.

Moreover, most occlusion techniques rely on replacing the occluded region with a constant value,
such as zero or the mean pixel value. This replacement strategy might not always yield the most
informative results, as it does not consider alternative scenarii where the occluded region could be re-
placed with meaningful information. For example, replacing the occluded part with information from
the opposite target class or other contextually relevant information might provide a more nuanced
understanding of the model’s decision making process. Another significant limitation of occlusion is
the way the signal is occluded, in fact replacing part of the data with zeroes or mean value can lead
to out-of-distribution scenario where the model has not been trained on such data and therefore might
give random, inaccurate and uninterpretable results.

By exploring more sophisticated occlusion strategies that account for multivariate interactions and
utilize meaningful replacements, it may be possible to derive more insightful interpretations of neural
network behavior. However, it is important to note that these advanced occlusion techniques could
further increase computational complexity and exacerbate existing challenges associated with other
occlusion based interpretability methods.

3.2.2 Interpretability methods
Explainable Artificial Intelligence (XAI) has emerged as a rapidly evolving research area dedicated
to developing techniques that can provide insights into the decision making processes of these mod-
els, making them more transparent, interpretable, and trustworthy. The primary goal of XAI is to
provide human understandable explanations for the predictions and decisions made by AI and ML
models. These explanations can help users understand the rationale behind the model’s predictions,
validate its behavior, identify potential biases or limitations, and ultimately build trust in the system.
XAI can be considered as multifaceted concept encompassing various dimensions that contribute to
a comprehensive understanding of neural network behavior. These dimensions as described in Figure
19, include the dichotomy between passive and active approaches to interpretability, the diverse types
of explanations that can be generated to describe model behavior, and the spectrum of local to global
interpretability. By examining these dimensions, we can develop a deeper appreciation of the factors
influencing model decisions, identify potential biases, and establish more transparent and trustworthy
deep learning systems.

Types of explanations

The need for interpretable and explainable AI has become increasingly important, ensuring that mod-
els are transparent, accountable, and trustworthy. It requires a diverse set of explanation techniques
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Dimension 1 — Passive vs. Active Approaches

Passive

Active

Post hoc explain trained neural networks
Actively change the network architecture or training process for bet-
ter interpretability

Dimension 2 — Type of Explanations (in the order of increasing explanatory power)

To explain a prediction/class by

Examples

Attribution

Hidden semantic

Rules

Provide example(s) which may be considered similar or as prototype(s)
Assign credit (or blame) to the input features (e.g. feature impor-
tance, saliency masks)
Make sense of certain hidden neurons/layers

Extract logic rules (e.g. decision trees, rule sets and other rule formats)

Dimension 3 — Local vs. Global Interpretability (in terms of the input space)

Local

Semi-local

Global

Explain network’s predictions on individual samples (e.g. a saliency mask
for an input image)
In between, for example, explain a group of similar inputs together

Explain the network as a whole (e.g. a set of rules/a decision tree)

Figure 19: The 3 dimensions of interpretability taxonomy from Yu Zhang et al., A Survey on
Neural Network Interpretability [3]

that cater to the varying needs of stakeholders, such as domain experts, practitioners, and end users.
One crucial aspect of interpretability is the ability to provide meaningful explanations of a model’s
predictions, which can help build trust, facilitate communication with domain experts, and ensure that
the model is reliable and robust. To address this need, multitude explanation techniques have been
proposed that enable different perspectives on understanding the model’s behavior.

Example based explanations Example based explanations leverage representative samples from
the dataset to provide insights into the model’s behavior, allowing users to understand the relation-
ships between input features and model predictions. One approach to example-based-explanations is
identifying prototypes and criticisms [51]. Prototypes are instances from the dataset that are repre-
sentative of the model’s learned concepts or classes, while criticisms are instances that contradict or
challenge the model’s understanding. Examining these examples can reveal insights into the model’s
decision-making process and uncover potential biases or shortcomings. In the context of ECG analy-
sis, prototypes and criticisms can help identify characteristic patterns of cardiac arrhythmia and reveal
atypical cases that may require further investigation. ECG prototypes can present specific variations
on the signals overtime and between different classes. Prototypes and criticisms provide insights
into the behavior of neural networks by presenting representative samples from the dataset, a sub-
partition of the dataset, class or population. In the context of electrocardiogram analysis, prototypes
can reveal the common ECG waveform patterns associated with specific conditions, such as LongQT,
Torsades de Pointes arrhythmia, atrial fibrillation, ventricular tachycardia, or myocardial infarction.
These prototypical examples can be used as a reference for clinicians, assisting them in understand-
ing the model’s decisions and validating its diagnostic capabilities. Criticisms, on the other hand, are
instances that deviate from the expected patterns, providing insights into the model’s limitations and
areas where improvements can be made. Identifying criticisms in ECG analysis helps detect cases
where the model may struggle to differentiate between similar arrhythmia or misclassify noisy or arti-
fact laden signals. These insights can guide further model refinement and development, ensuring that
the model is robust and reliable in various clinical scenarii. In 2019, Ming et al proposed ProSeNet
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[52], an interpretable and steerable deep sequence model with natural explanations derived from case
based reasoning. The prediction is obtained by comparing the inputs to a few prototypes, which are
exemplar cases in the problem domain. For better interpretability, several criteria for constructing
the prototypes are defined, including simplicity, diversity, and sparsity. ProSeNet also provides a
user friendly approach to model steering: domain experts without any knowledge on the underlying
model or parameters can easily incorporate their intuition and experience by manually refining the
prototypes. Y. Wu and C. Lian, in 2022 [53], introduced another approach based on transformers
architecture and prototypes for ECG classification. The use of a transformer architecture enhanced
the model parallelism via an attention mechanism, overcoming the limitations of recurrent neural net-
works that are unable to parallelize while also possessing strong feature extraction capabilities. Their
network utilizes a multi channel feature map cutting approach for ECG classification. After pro-
cessing the raw univariate ECG using dilated causal convolutions, they divided the feature map into
several non overlapping patches, encoding the patch set as a sequence of tokens. This allows them
to obtain correlations between patches in parallel, utilizing prototype learning to enhance the model’s
performance. Indeed, prototypes are shown to be very useful to evaluate how close a sample is from
a general population of samples, they can also be used to evaluate interpretability methods by com-
puting a distance between identified relevant parts of the input data and the differences highlighted
in prototypes. [54] also proposed a similar approach without transformers to classify ECG heartbeats
using model agnostic explanations, they also provided a review of existing interpretability methods,
specifically in the field of ECGs. Another noteworthy research work is [55], which presents a novel
approach to explain the classification of two dimensional time-series data using deep learning mod-
els. The authors proposed to learn stereotypical representations or "prototypes" from the latent space
induced by the models, and use them to understand the model’s algorithmic behavior. The proto-
types are optimized for diversity and robustness, and can capture meaningful features of the data that
distinguish different classes. The authors applied their method to three domains: electrocardiogram
(ECG) wave-forms to detect clinical bradycardia in preterm infants, respiration wave-forms to detect
apnea of prematurity, and audio wave-forms to classify spoken digits. They show that the prototypes
can provide explainable insights into the classification tasks, such as identifying bradycardia in ECG,
apnea in respiration, and articulation in speech. The authors also visualized how the prototypes were
used by the models to make predictions, and how they varied across sub-classes. The paper demon-
strates that the learned prototypical framework can produce interpretable and faithful explanations for
deep classification of time-series data.

Another example-based explanation method is the generation of counterfactual explanations [56],
as proposed by Wachter et al. (2017) [57]. Counterfactuals are hypothetical instances that are min-
imally different from a given input but result in a different prediction. Counterfactual explanations
offer a unique perspective on neural network prediction process by revealing how minimal changes
in input features can lead to different predictions. By understanding the model’s decision boundaries
and pinpointing the specific features that contribute to different outcomes, counterfactual explanations
can facilitate a deeper understanding of the model’s reasoning process and support more informed de-
cision making in various applications, including ECG analysis. In the context of ECG analysis, coun-
terfactual explanations can be particularly valuable for distinguishing between subtle differences in
ECG wave-forms that correspond to different cardiac conditions. For instance, considering a scenario
where the model classifies an ECG waveform as ventricular tachycardia. By generating a counterfac-
tual explanation, one can identify the minimal changes required in the ECG signal to yield a different
diagnosis, such as supraventricular tachycardia in this case. By examining these differences, clinicians
can gain insights into the model’s rationale for the original diagnosis and develop a better understand-
ing of the distinguishing features between the two conditions. Moreover, counterfactual explanations
can be instrumental in identifying potential limitations and biases within the model. By analyzing
the model’s decision boundaries, one can uncover areas where the model may be overly sensitive to
specific features or prone to misclassification. For example, if the counterfactual explanations reveal
that the model frequently misclassifies noisy ECG signals or struggles to differentiate between sim-
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ilar arrhythmia, these insights can guide further model refinement and improvement. Furthermore,
counterfactual explanations can play a crucial role in enhancing the communication between deep
learning models and domain experts. By offering a clear understanding of the specific features that
lead to different outcomes, counterfactual explanations can facilitate more effective collaboration be-
tween AI researchers and cardiologists. This improved understanding and communication can result
in the development of more accurate and clinically relevant models for ECG analysis. There are sev-
eral ways when it comes to generating counterfactuals. In their paper [58], Peiyu Li et al. proposed a
novel method for generating counterfactual explanations for time series models using motifs. Motifs
are recurring patterns in time series data that capture important features or events. The authors pro-
pose Motif-Guided Counterfactual Explanation (MG-CF), a model that leverages motifs to guide the
generation of minimal and intuitive counterfactuals that can flip the model’s decision. The main idea
is to identify the most influential motifs in the original time series and replace them with alternative
motifs from the opposite class. The authors formulate this as an optimization problem and propose an
efficient algorithm to solve it. They also introduce several metrics to evaluate the quality of the coun-
terfactuals, such as sparsity, label flip rate, L1 distance, and number of independent segments. They
conduct experiments on six real world time series datasets (including ECGs) from the UCR (UCR
Time Series Archive) repository and compare their method with three state-of-the-art baselines. The
results show that MG-CF outperforme the baselines in terms of balancing all the desirable properties
of counterfactual explanations. Their work also provides some illustrative examples of how MG-CF
can help users understand and trust time series models better.

Attribution based explanations Attribution based explanations aim to quantify the contribution of
each input feature to the model’s prediction, allowing stakeholders to understand the factors driving
model outcomes and ensure the model relies on meaningful features for its predictions. In the context
of ECG analysis, these methods can help identify the most critical segments of the ECG waveform
(e.g., P wave, QRS complex, T wave) that contribute to the model’s diagnosis. One of the most well-
known attribution-based explanation methods is Integrated Gradients, proposed by Sundararajan et
al. int 2017 [59]. This technique assigns importance scores to individual features by approximating
the integral of the gradients of the model’s output concerning the input along a straight path from a
baseline instance to the input instance as shown in Figure 20. The Integrated Gradients method has
been used in the ECG domain to identify the most influential segments of ECG signals responsible
for the model’s predictions. For instance, Hannun et al. in 2019 [60] employed Integrated Gradi-
ents in their deep learning based ECG arrhythmia classification model, enabling them to identify key
ECG features that contributed to the model’s diagnoses. Another popular attribution based method
is Local Interpretable Model-agnostic Explanations (LIME), introduced by Ribeiro et al. in 2016
[61]. LIME computes locally faithful explanations by approximating the model’s behavior with a
linear model around a specific input instance. LIME has been applied to various types of models
and data, including ECG analysis, to help clinicians understand the model’s decision-making process
for individual patients by highlighting the most influential ECG features for each case. In a study
by Yao et al. [62], LIME was used to explain the predictions of a deep learning model for detecting
myocardial infarction from ECG signals. The authors demonstrated that LIME could highlight the
relevant segments of the ECG waveform, making the model’s predictions more interpretable for clin-
icians. They presented an interpretable multi-class ECG classification method and heartbeat anomaly
detection based on deep learning. Their research aimed to address the interpretability challenges
in ECG analysis using deep learning models, particularly in providing meaningful explanations for
model predictions. The authors developed a deep learning model for 12-leads ECG classification and
employed the LIME technique to generate interpretable explanations for the model’s predictions. By
doing so, they identified the critical segments of the ECG waveform that contributed to the model’s
classification decision, such as P wave, QRS complex and T wave. The results demonstrated that
LIME could provide meaningful explanations, allowing clinicians to better understand and trust the
model’s predictions. Layer-wise Relevance Propagation (LRP), proposed by Bach et al. in 2015 [63],
is another attribution based method that back-propagates the model’s output through the layers of
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the neural network to compute feature importance scores. LRP has also been used in ECG analysis,
such as in the work of Strodthoff and Strodthoff [64], who applied LRP to a convolutional neural
network for detecting ventricular fibrillation in ECG signals. The authors found that LRP could pro-
vide meaningful explanations, highlighting the relevant morphological features of the ECG waveform
responsible for the model’s predictions.

Figure 20: Integrated Gradients attributions map example: a path of transformations of the input image
is computed with an increasing magnitude given a number of steps from 0 to 1. After applying computing
the gradients of each transformed image and calculating the integrated gradients function, attributions
map is obtained and highlights relevant part on the input image.

Semantic explanations Semantic explanations aim to provide human understandable insights into
the model’s prediction process by connecting the model’s internal representations with meaningful
concepts or structures. This approach facilitates a more intuitive understanding of the model’s rea-
soning process, as it translates complex mathematical representations into interpretable and contex-
tually relevant information. One notable technique for generating semantic explanations is the use of
concept activation vectors (CAVs), as proposed by Kim et al. [65]. Concept activation vectors are de-
rived by first identifying high-level semantic concepts that are relevant to the domain or the problem
at hand. These concepts can be either predefined by domain experts or discovered through unsuper-
vised learning techniques, such as clustering or dimensionality reduction. Once these concepts are
defined, the next step involves training linear classifiers that can distinguish between the presence or
absence of these concepts in the model’s internal representations (i.e., activation of neurons or lay-
ers). The trained linear classifiers’ weights essentially serve as CAVs, representing the direction in the
high dimensional activation space that is most indicative of the presence of a particular concept. By
projecting the model’s internal representations onto these concept activation vectors, users can assess
the extent to which specific concepts are activated or utilized by the model for its predictions. This
projection can be done by computing the dot product between the internal representations and the
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CAVs or by measuring the cosine similarity between them. Semantic explanations through concept
activation vectors offer several benefits. Firstly, they enable users to understand the model’s behavior
in terms of familiar and interpretable concepts, making the reasoning process more accessible and
relatable. Secondly, they can help identify potential biases or shortcomings in the model’s decision
process by revealing over-reliance on specific concepts or ignoring relevant ones. Lastly, CAVs can be
used as a diagnostic tool to compare different models or model architectures to assess how well they
align with the desired high level concepts. However, it is important to note that semantic explanations
using concept activation vectors heavily rely on the chosen high level concepts, and their effectiveness
is contingent upon the relevance and interpretability of these concepts. Additionally, CAVs may not
always provide a complete picture of the model’s decision process, as they primarily focus on linear
relationships between the internal representations and the defined concepts. Nonlinear relationships
or interactions between features may not be adequately captured by CAVs, necessitating complemen-
tary explanation techniques to provide a more comprehensive understanding of the model’s behavior.
In the context of ECGs several human understandable concepts can be derived such as typical ampli-
tude and length of P, T waves and QRS complex, specific distances such as RR, ST or PR segments,
however these concepts can limit the interpretability to concepts given to the method and ignore the
internal concepts the model could learn and could be different from human known concepts.

Another semantic explanation method is the extraction of disentangled representations, which
aims to separate the underlying factors of variation in the input data. Hinton et al. [66] proposed a
deep learning architecture called the "Transforming Autoencoder" that learns disentangled represen-
tations by explicitly modeling the transformations between input instances. By learning disentangled
representations, the model can provide more interpretable insights into the relationships between input
features and the model’s internal structures. In ECG applications, disentangled representations can
help isolate different aspects of the ECG signal, such as heart rate variability, morphological features,
or other clinically relevant factors, enabling a better understanding of the model’s decision process.

Rule based explanations Rule-based explanations seek to provide an interpretable description of
the model’s behavior using a set of human comprehensible rules. These explanations can help under-
stand the model’s predictions in a more transparent and digestible format. One approach to rule based
explanations is the extraction of decision trees or rule sets from the model, as proposed by Bastani
et al. [67]. This technique involves approximating the model’s behavior using a decision tree or a
set of rules, which can then be used to generate explanations for the model’s predictions. In ECG
analysis, rule based explanations can help translate the model’s complex predictions process into a
set of simple rules that mimic the clinical guidelines or heuristics used by cardiologists, making the
model’s predictions more interpretable and actionable.

Gradients based explanations Gradient based methods, in contrast to attributions based methods,
focus on measuring the sensitivity of the model’s output to small perturbations in the input features.
By computing the gradients of the output with respect to the input features, these techniques can re-
veal the regions in the input space where the model’s predictions are most influenced by the input,
providing insights into the factors that the model considers important. Gradient based methods have
the advantage of being relatively simple and computationally efficient, as they rely on the model’s
gradients, which can be computed using standard backpropagation techniques. This makes gradient
based methods well suited for large scale models and high dimensional input spaces, where other
interpretability techniques may struggle. Furthermore, gradient based methods can provide a more
global view of the model’s behavior, capturing the overall sensitivity of the output to the input fea-
tures across the entire input space. This can be particularly valuable in understanding the model’s
robustness and generalization properties, as well as in identifying potential vulnerabilities, such as
adversarial examples or other pathological inputs. One significant method that uses gradients and
attributions together is the Integrated Gradients approach we introduced earlier. However, gradient
based methods have some limitations. They may be sensitive to noise and can sometimes highlight
high frequency patterns or other artifacts that are not meaningful or relevant to human observers.
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Additionally, gradient based methods may not always provide accurate or interpretable importance
scores, as the gradients can be influenced by the model’s architecture and the choice of the loss func-
tion.

Passive vs Active Approaches

Interpretability can be approached in two distinct ways: passive and active.

Passive approaches to neural network interpretability focus on analyzing and understanding the
model after it has been trained. Visualization techniques form a cornerstone of passive interpretability,
as they enable researchers to visually inspect the activation patterns and feature representations within
the model. By presenting this information in a visually comprehensible format, researchers can better
discern the underlying structures and relationships that govern the model’s behavior. There are several
visualization techniques that have been proposed for different purposes. One such technique is t-SNE
(t-distributed Stochastic Neighbor Embedding) [68], which is used for reducing high-dimensional
data to a lower-dimensional space while preserving the original data’s structure. This approach, fa-
cilitates the identification of clusters and patterns in the data, thereby illuminating the relationships
between input features and the model’s internal representations. Other visualization methods include
activation maximization, class activation maps and Deep Dream

Activation maximization Activation maximization is a visualization technique used to under-
stand the features and patterns learned by a neural network [69]. By generating synthetic inputs that
maximize the activation of specific neurons or layers, researchers can gain insights into the model’s
internal representations and the features that it has learned to recognize. The activation maximization
technique involves optimizing an input image to maximize the activation of a target neuron in a spe-
cific layer of the neural network. The optimization process typically involves gradient ascent, which
iteratively updates the input image by following the gradient of the neuron’s activation with respect
to the input. By doing so, the algorithm adjusts the input image to activate the target neuron as much
as possible. By visualizing the synthetic inputs generated through activation maximization, we can
analyze the features and patterns that the CNN has learned to recognize at different layers, thereby
gaining a deeper understanding of the model’s decision process.

Class activation maps (CAMs) CAMs [70] are another visualization technique used to under-
stand the behavior of neural networks, particularly in the context of image classification tasks. CAMs
provide a way to visualize the regions in the input image that contribute the most to a particular class
prediction, thereby offering insights into the model’s decision process. To generate a class activation
map, the model’s output for a specific class is computed as a weighted sum of the feature maps from
the last convolutional layer, where the weights are determined by the gradient of the class output with
respect to the feature maps. This results in a spatial map that highlights the regions in the input image
that are most relevant for the class prediction. The class activation map can be visualized by overlay-
ing it on the input image, enabling to see which regions of the image are responsible for the model’s
classification decision. This can be particularly useful for identifying biases or misclassifications in
the model’s predictions and can also serve as a valuable debugging tool.

While both activation maximization and class activation maps are visualization techniques for
understanding the behavior of neural networks, they serve different purposes and offer different in-
sights. Activation maximization focuses on generating synthetic inputs that maximize the activation
of specific neurons, providing insights into the features that the model has learned to recognize at
different layers. This technique can help understand the model’s internal representations and the hi-
erarchical structure of learned features. In contrast, class activation maps focus on visualizing the
regions in the input image that contribute the most to a specific class prediction. This technique offers
insights into the model’s behavior for individual instances, enabling to identify potential biases or
misclassifications in the model’s predictions.
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Deep Dream Deep Dream [71] is a visualization technique developed by Google researchers
that has gained significant attention for its ability to generate striking, artistic images that offer in-
sights into the behavior of neural networks, particularly CNNs. This technique has been widely rec-
ognized for its unique approach to understanding the features and patterns that neural networks learn
during training. The Deep Dream algorithm is built upon the activation maximization technique. It
involves optimizing an input image to maximize the activation of specific neurons or layers in a neural
network. However, unlike activation maximization, which typically starts with a random input image,
Deep Dream begins with an existing image and enhances the patterns and features that the model
recognizes within the image. The algorithm operates by iteratively updating the input image based
on the gradients of the neuron’s activation with respect to the input. The process of gradient ascent
is applied to modify the input image, emphasizing the features that the target neuron responds to. By
enhancing these features and patterns, the algorithm generates a "dream-like" image that visualizes
the model’s internal representations. Deep Dream can be applied to different layers of a neural net-
work, unveiling the hierarchical structure of learned features. For instance, applying the algorithm to
lower layers of a CNN might reveal simple patterns and textures, whereas applying it to higher layers
can result in more complex, abstract features and object like structures. While activation maximiza-
tion focuses on generating synthetic inputs that maximize the activation of specific neurons, class
activation maps visualize the regions in the input image that contribute the most to a specific class
prediction. Deep Dream, on the other hand, emphasizes the features and patterns within an existing
image that the model recognizes, generating dream like, artistic visualizations of the model’s internal
representations.

Integrated Gradients (IG) Integrated Gradients (IG) [59] which combines attributions as well
as gradients techniques, aims to provide a principled way of assigning importance scores to input
features in deep neural networks. It is designed to satisfy several desirable axioms, including com-
pleteness, sensitivity, and implementation invariance. These axioms ensure that the importance scores
produced by IG accurately reflect the contributions of each input feature to the model’s prediction.
The core idea behind IG is to compute the importance of each input feature by integrating the gradi-
ents of the model’s output with respect to the input features along a straight line path from a baseline
input to the actual input. The baseline input is an essential aspect of IG, as it represents a reference
point against which the actual input’s feature contributions are measured. In practice, the choice of the
baseline input depends on the problem domain and can be determined using domain specific knowl-
edge or by averaging over a set of baseline inputs. The algorithm for computing Integrated Gradients
involves the following steps which are also detailed in Algorithm 1:

1. Choose a baseline input: Select an appropriate baseline input, which serves as the reference
point for measuring feature contributions. This can be a constant input or an average over a set
of inputs (e.g: ECGs).

2. Define the straight line path: Construct a straight line path in the input space between the
baseline input and the actual input. This path can be parameterized using a scalar variable,
where 0 corresponds to the baseline input and 1 corresponds to the actual input.

3. Compute the gradients along the path: Calculate the gradients of the model’s output with respect
to the input features at each point along the straight line path. This can be done using standard
gradient computation techniques, such as backpropagation.

4. Integrate the gradients: Integrate the computed gradients along the straight-line path to ob-
tain the Integrated Gradients for each input feature. This integration can be performed using
numerical integration methods, such as the trapezoidal rule or Simpson’s rule.
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Algorithm 1 Integrated Gradients algorithm
1: procedure INTEGRATEDGRADIENTS(x, F , B, n)
2: xbaseline← B() ▷ Choose baseline input
3: IG← 0 ▷ Initialize Integrated Gradients vector
4: for i← 1 to n do
5: α← i

n
▷ Compute interpolation coefficient

6: xα ← αx+ (1− α)xbaseline ▷ Interpolate input
7: gα ← ∇xF (xα) ▷ Compute gradients
8: IG← IG + gα ▷ Accumulate gradients
9: end for

10: IG← (x−xbaseline)
n

⊙ IG ▷ Scale and element-wise multiply
11: return IG ▷ Return Integrated Gradients
12: end procedure

Where:

• x: The actual input for which we want to compute the Integrated Gradients.

• F : The neural network model function, which takes an input x and returns the output prediction.
The function F represents the input output mapping of the neural network.

• B: A function that returns the baseline input. The baseline input is an essential aspect of
Integrated Gradients, as it serves as the reference point for measuring the contributions of each
input feature.

• n: The number of steps used for numerical integration along the straight line path (interpo-
lation) between the baseline input and the actual input. A higher value of n leads to a more
accurate approximation of the integral, but at the cost of increased computation time. In prac-
tice, an appropriate value of n can be chosen based on the desired tradeoff between accuracy
and computational efficiency.

The output of the Integrated Gradients algorithm is an importance score for each input feature,
indicating its contribution to the model’s prediction relative to the baseline input. These scores can be
used to gain insights into the factors driving the model’s predictions. Integrated Gradients has several
properties that make it an attractive choice for neural network attribution. Firstly, it is applicable to
a wide range of deep learning models, including feedforward, recurrent, and convolutional neural
networks. Secondly, it satisfies several desirable axioms, such as completeness, which ensures that
the sum of the Integrated Gradients for all input features equals the difference in the model’s output
between the actual input and the baseline input. Moreover, IG is robust to changes in the model’s im-
plementation, as it is invariant to any reparameterizations of the model that preserve its input output
mapping. This property makes IG a reliable and consistent method for understanding feature im-
portance across different model architectures and training procedures.Integrated Gradients has been
successfully applied in various domains, including computer vision, natural language processing, and
healthcare.

DeepLIFT DeepLIFT (Deep Learning Important FeaTures) [72] is a powerful attribution method
designed to provide insights into the process of the network. By computing the contribution of each
input feature to the model’s output, DeepLIFT enables to identify the most influential features and
assess their impact on the model’s predictions. The central idea behind DeepLIFT is to compare the
activation of each neuron in the network to a reference activation, which is typically chosen as the
average activation over a set of baseline inputs. This comparison yields a set of contribution scores
that quantify the importance of each input feature for a specific prediction. By backpropagating these
contribution scores through the network, DeepLIFT assigns an importance score to each input feature,



88 CHAPTER 3. INTERPRETABILITY OF NEURAL NETWORKS: ECG APPLICATIONS

effectively attributing the model’s decision to the relevant features. DeepLIFT possesses several key
properties and advantages that make it a popular choice for neural network interpretability tasks. One
of the main strengths of DeepLIFT is its ability to provide a detailed and fine grained decomposition
of the contributions made by individual input features. This level of granularity can be particularly
useful for identifying subtle feature interactions and understanding how the model’s internal rep-
resentations change in response to variations in the input. Another advantage of DeepLIFT is its
consistency property, which states that the sum of the contribution scores for all input features must
equal the difference between the model’s output and the reference output. This property ensures that
DeepLIFT’s importance scores accurately reflect the model’s behavior and can be directly compared
across different input instances. Furthermore, DeepLIFT is computationally efficient, as it can be
easily integrated into existing deep learning frameworks and does not require extensive modifications
to the model architecture or training process. This efficiency makes DeepLIFT a practical choice for
researchers seeking to understand the inner workings of large scale and complex neural networks.

Despite its strengths, DeepLIFT is not without limitations and challenges. One potential limitation
is its reliance on a reference activation, which may not always be easy to define or obtain for certain
domains or applications. In cases where a suitable reference activation is not available, DeepLIFT’s
results may be sensitive to the choice of baseline inputs, potentially affecting the interpretability
of the importance scores. Another challenge associated with DeepLIFT is its applicability to more
recent and advanced neural network architectures, such as transformers and graph neural networks.
Adapting DeepLIFT to these architectures may require modifications to the original method, which
could introduce additional complexity and affect its computational efficiency.

Several extensions and adaptations of DeepLIFT have been proposed to address its limitations
and broaden its applicability. For instance, Layer-wise Relevance Propagation (LRP) [73] [74] is a
related attribution method that shares similarities with DeepLIFT but operates under a different set of
constraints. LRP is based on the principle of conserving relevance throughout the network. In LRP,
the relevance of each neuron in the output layer is propagated back to the input layer through a series
of layer-wise relevance redistribution rules. These rules ensure that the total relevance is conserved at
each layer, meaning that the sum of the relevance scores for all input features will equal the model’s
output.

DeepLIFT and LRP share a common goal of attributing the model’s output to individual input
features. However, there are some fundamental differences between the two methods that can affect
their performance and interpretability in different contexts. One key difference is the way in which
the methods handle the reference activation or baseline input. In DeepLIFT, the importance scores
are computed by comparing the activation of each neuron to a reference activation, which is typically
chosen as the average activation over a set of baseline inputs. In LRP, on the other hand, the relevance
scores are derived through a series of layer-wise redistribution rules that conserve the total relevance
at each layer. This difference can lead to varying importance scores and interpretations depending
on the choice of reference activation or redistribution rules. Another difference between DeepLIFT
and LRP is their consistency property. DeepLIFT satisfies the consistency property, which states
that the sum of the contribution scores for all input features must equal the difference between the
model’s output and the reference output. LRP, in contrast, conserves the total relevance at each layer,
ensuring that the sum of the relevance scores for all input features will equal the model’s output.
These different properties can result in different importance score distributions and interpretations of
the model’s behavior.

DeepLIFT has been applied to a wide range of domains, including genomics, natural language
processing, and computer vision. In genomics, DeepLIFT has been used to identify important DNA
sequence elements that contribute to gene regulation, while in natural language processing, it has
been employed to reveal the importance of individual words or phrases for sentiment analysis and
text classification tasks. In computer vision, DeepLIFT has been utilized to understand the contri-
butions of different image regions to object recognition and segmentation. In the context of ECGs,
DeepLIFT has been utilized to enhance the interpretability of deep learning models used for detecting
and classifying cardiac arrhythmias, heart rate variability, and other cardiovascular conditions. By
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attributing importance scores to individual input features, such as specific time points or segments
within the ECG signal.

Saliency Maps Saliency Maps [75] are a popular gradient based technique for visualizing the
importance of input features in a neural network’s decision making process. The fundamental idea be-
hind saliency maps is to compute the gradients of the model’s output with respect to the input features,
which indicates how the output changes concerning small perturbations in the input. To generate a
saliency map, the absolute values of the gradients are computed, and then the maximum value across
all color channels is taken for each pixel in the input image. The resulting map highlights the areas
where the input has the most significant influence on the model’s output, effectively revealing the
most salient features for a specific prediction. Despite their simplicity and computational efficiency,
saliency maps have some limitations. They can be sensitive to noise and may not provide accurate
importance scores for all input features. Additionally, saliency maps may sometimes highlight high
frequency patterns that are not meaningful or relevant to human observers.

Grad-CAM Grad-CAM (Gradient-weighted Class Activation Mapping) [76] is another gradi-
ent based technique designed to provide more accurate and interpretable visualizations of feature
importance. Grad-CAM addresses some of the limitations of saliency maps by considering not only
the gradients but also the activation patterns in the convolutional layers of the neural network. The
Grad-CAM method involves computing the gradients of the model’s output with respect to the feature
maps of a target convolutional layer. These gradients are then globally average pooled to obtain the
weights that represent the importance of each feature map for the specific output. Next, the feature
maps are multiplied by their corresponding weights and summed, resulting in a coarse localization
map. This map is then upsampled to the input resolution using bilinear interpolation, providing a
visual representation of the areas in the input image that contribute the most to the model’s predic-
tion. Grad-CAM has several advantages over saliency maps. It is more robust to noise, as it considers
both the gradients and the activations, which leads to smoother and more interpretable visualizations.
Grad-CAM is also class discriminative, meaning it highlights the regions in the input image that are
most relevant to a specific class, making it suitable for multi class classification problems. However,
Grad-CAM is constrained to the spatial resolution of the target convolutional layer, which may not
capture fine grained details in the input image. Furthermore, Grad-CAM relies on the choice of a
suitable target layer, which may require domain knowledge or experimentation.

Active approaches In contrast to passive approaches, active interpretability methods incorporate
interpretability constraints or objectives during the model training process.

Attention mechanisms Attention mechanisms are an example of active interpretability, as they
provide an interpretable way of understanding the relative importance of different elements in the
model’s decision process [77][78]. They were first introduced to address the limitations of fixed size
representations in sequence-to-sequence models, particularly in the context of machine translation.
These mechanisms enable models to dynamically weigh the importance of different input elements
when generating outputs, essentially allowing them to "focus" on the most relevant parts of the input
for a particular task. By doing so, attention mechanisms not only improve the performance of neural
networks but also offer a means to interpret the decision process. The interpretability of attention
mechanisms comes from their ability to highlight the relationships between input and output ele-
ments. In the context of sequence-to-sequence models, for example, attention weights can reveal the
alignment between words in the source and target sentences. By examining the attention weights, one
can gain insights into how the model is processing the input data and which elements it deems most
relevant for generating its predictions. One common approach to interpreting attention mechanisms
is to visualize the attention weights as heatmaps or matrices. In the case of machine translation, this
can involve creating a matrix where rows correspond to the words in the source sentence, columns
represent the words in the target sentence, and the cell values represent the attention weights assigned
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by the model. By examining this matrix, one can observe which source words the model is attend-
ing to when generating each target word, revealing the underlying relationships between the input
and output sequences. Visualizations of attention weights can also be employed in other domains,
such as computer vision and natural language processing. For instance, in image captioning tasks,
attention weights can be overlaid on input images to highlight the regions the model is focusing on
when generating specific words in the caption. Similarly, in sentiment analysis or question-answering
tasks, attention weights can be used to identify the words or phrases in the input text that the model
considers most relevant for determining its output. Similarly, in the context of ECGs, attention mech-
anisms can be used to highlight specific areas of the signal that the model use to perform a prediction.
Beyond visualizing attention weights, we can also analyze attention mechanisms to gain insights into
the model’s behavior. This can involve examining the distribution of attention weights, investigating
the properties of learned attention functions, or probing the model’s behavior under different input
conditions. For example, by analyzing the distribution of attention weights, one can detect potential
issues such as the model overly focusing on a single input element or uniformly distributing its at-
tention across all elements. In such cases, the attention mechanism may not be providing meaningful
interpretability, and further investigation or adjustments may be required. Another approach to an-
alyzing attention mechanisms is to study the learned attention functions themselves. By examining
these functions, researchers can gain insights into how the model combines different input elements
and the nature of the relationships it learns. This can help uncover potential biases or inconsisten-
cies in the model’s prediction process. While attention mechanisms provide a valuable means of
interpreting neural network behavior, it is important to recognize their limitations and challenges.
Attention weights may not always provide a faithful representation of the model’s reasoning process,
and they can sometimes be sensitive to small changes in input or model parameters. Furthermore,
attention mechanisms are not universally applicable across all neural network architectures, and their
effectiveness in providing interpretability may vary depending on the specific model and task.

Distillation techniques Distillation techniques [79] can also contribute to active interpretabil-
ity. Model distillation involves training a simpler, more interpretable model (called the "student")
to mimic the behavior of a complex, less interpretable model (the "teacher"). By transferring knowl-
edge from the teacher to the student, distillation techniques can yield more interpretable models while
retaining high performance. Examples of models used for distillation include decision trees, linear
models, and shallow neural networks. Decision trees, for instance, provide a transparent represen-
tation of the model’s decision process through a hierarchical structure of binary decisions based on
input features. Linear models, on the other hand, offer a simple and interpretable way of understand-
ing feature importance through their learned weights, while shallow neural networks can provide a
balance between model complexity and interpretability. Distillation techniques can also be combined
with other active approaches, such as attention mechanisms or regularization techniques, to further
enhance the interpretability of the student model.

Local, semi-local, and global interpretability

Interpretability can be considered from different perspectives, including local, semi-local, and global.
Each perspective offers unique insights into the model’s behavior and prediction process, enabling
researchers to evaluate model performance and identify potential issues that may arise.

Local interpretability Local interpretability focuses on understanding individual model predic-
tions. By examining specific instances, local interpretability aims to provide insights into how the
model arrives at its decisions for a particular input. This perspective is valuable for debugging and
identifying biases or inconsistencies in the model’s decision-making process for individual instances.
Local explanations can help uncover the contributions of various input features to the model’s predic-
tion, highlighting the importance of individual features for that specific instance.
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Semi-local interpretability Semi-local interpretability aims to provide insights into the model’s
behavior within a specific region of the input space, often defined by a subset of similar instances.
This perspective can help understand how the model generalizes across different groups or categories,
enabling them to detect potential biases or inconsistencies in the model’s performance. Techniques
for achieving semi-local interpretability include clustering-based methods that group similar instances
together, enabling researchers to analyze the model’s behavior within each cluster. Aggregating local
explanations within the region of interest can also provide valuable insights into the model’s predic-
tion process for a particular group of instances. By examining these semi-local explanations, we can
gain a better understanding of the model’s generalization capabilities and identify potential issues that
may arise when applying the model to new instances within the defined region.

Global interpretability Global interpretability seeks to understand the overall behavior of the neu-
ral network across the entire input space. This perspective is crucial for comprehending the model’s
general decision process, identifying overarching trends, and ensuring that the model aligns with hu-
man expectations. Methods for achieving global interpretability include feature importance rankings,
which provide an overall measure of the significance of each input feature in the model’s behavior. By
examining these rankings, researchers can identify the most influential features and assess their im-
pact on model predictions. Surrogate models, such as decision trees or linear regression models, can
also be employed to approximate the behavior of the neural network. These surrogate models offer a
more interpretable representation of the model’s behavior, enabling us to gain insights into the global
behavior of the complex neural network. Rule extraction techniques, such as decision tree induction
or association rule mining, can be used to generate a set of human-readable rules that approximate the
model’s overall behavior. Prototypes differences can also be used as database of concepts or rules as
they provide insights of the dataset sub groups.
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Local Semi-local Global

Passive

Rule
CEM[80], CDRPs[81],
CVE2[82],
DACE[83]

Anchors[84],
Interpretable par-
tial substitution[85]

KT[86], MofN [87],
NeuralRule[88],
NeuroLinear[89], GRG[90],
GyanFO[91], •FZ[92][93],
Trepan[94], •[95], DecText[96],
Global model on CEM[97]

Hidden semantics
(*No explicit methods but
many in the below cell
could be applied here.)

—

Visualization [98] [75] [99]

[100][101] [102] [103],
Network dissection[104],
Net2Vec[105],
Linguistic correlation
analysis[106]

Attribution1

LIME[61], MAPLE[107],
Partial derivatives[75],
DeconvNet[108],
Guided backprop[109],
Guided Grad-
CAM[110], Shap-
ley values[111][112][113][114],
Sensitivity
analysis[108][115][116],
Feature selector[117],
Bias attribution[118],
Occlusion

DeepLIFT[119],
LRP[73],
Integrated gradi-
ents [59],
Feature selector[117],
MAME[120]

Feature selector[117],
TCAV[65],
ACE[121], SpRAy3[122],
MAME[120]

DeepConsensus[123]

By example
Influence functions[124],
Representer point selec-
tion [125], Counterfactuals

— —

Active

Rule — Regional tree
regularization[126] Tree regularization[127]

Hidden semantics — — “One filter, one concept”[128]

Attribution ExpO[129], DAPr[130] — Dual-net (feature
importance)[131]

By example — —
Network with a prototype
layer[132],
ProtoPNet[133]

FO First-order rule
FZ Fuzzy rule
1 Some attribution methods (e.g., DeconvNet, Guided Backprop) arguably have certain non-locality because of the

rectification operation.
2 Short for counterfactual visual explanations
3 SpRAy is flexible to provide semi-local or global explanations by clustering local (individual) attributions.

Table 4: An overview of the interpretability papers [3].

3.3 Proposed solution and methodology

3.3.1 Proposed solution
To address the issues of the occlusion method we tested in our previous work, we proposed and de-
veloped a novel original method of neural network interpretability named evocclusion. We chose to
improve the occlusion method as it is easier to understand and interpret compared to other methods.
Our method aims to address the limitations of occlusion as it is known to be often limited in its ability
to identify minimal perturbations that lead to changes in model predictions or to comprehensively
reveal the most influential input features contributing to the decision process. The method primarily
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focuses on classification tasks. It identifies the different parts of the input data that are relevant for the
model’s decision process as well as possible relationships between them. Our approach begins with
the application of perturbations/transformations to the input data and the evaluation of the trained
model’s response to these perturbations using integrated gradients and prediction deltas, similar to
the occlusion techniques. However, instead of relying solely on occlusion, we use the concept of
counterfactuals, which are the minimal perturbations that cause a model’s prediction to change to
the opposite class. To efficiently explore the infinite number of possible perturbation combinations,
we developed and implemented a genetic algorithm. The genotype, represented in binary, encodes
each gene, which represent a specific transformation (perturbation) and its parameters. The genetic
algorithm iteratively applies population creation, individual selection, genetic crossover and mutation
operations to optimize the population of individuals. The fitness function is formulated to balance the
contributions of proximity to the model’s inter-class decision boundary and the minimal perturbation
required to flip the prediction. By identifying counterfactuals that flip the model’s prediction with
minimal perturbations, our method can effectively highlight the input features most responsible for
the model’s decision process. To reveal the relevant features from the identified counterfactuals, we
compute attribution masks for each individual at the final generation of the genetic algorithm. These
attribution masks are generated using a technique similar to the integrated gradients, which measures
the contribution of each input feature to the model’s output. By examining the attribution masks, we
can identify the regions of the input data that have the greatest impact on the model’s decision. In
essence, the attribution masks derived from the counterfactuals highlight the most influential input
features, providing a deeper understanding of the model’s behavior. This information is particularly
valuable for practitioners who wish to verify the model’s predictions, uncover potential biases, or im-
prove the model’s performance by incorporating the insights gained from the interpretability method.

3.3.2 Methodology
The Evocclusion method is designed to work on different type of input data and classification models.
In this study we focus on ECG and our previous TdP risk prediction model.

3.3.2.1 Prototypes as domain-specific knowledge transformations

To ensure the perturbations applied to the input data are meaningful and representative of the un-
derlying data distribution, our method uses domain-specific prototypes and transformations. This
approach aims to leverage the intrinsic structure of the data and incorporate domain knowledge into
the perturbation process, resulting in more informative and interpretable counterfactuals.

For a given ECG dataset, we compute the prototypes for each patient and class. These prototypes
serve as reference points that embody the characteristic patterns of the respective classes, such as
the morphology of the P wave, QRS complex, and T wave, as well as temporal features like the RR
interval and QT distance.
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Figure 21: ECGs prototyping process We compute for each ECG a mean or median prototype of 1500
points and 3 consecutive R peaks. For each patients then class we compute a mean or median prototype.

Figure 21 illustrates the process of computing prototypes. For each ECG we identify R peaks and
extract from the signal all 3 consecutive R peaks. The extracted patches are interpolated to a fixed
length of 1500 points (750 points between 2 R peaks after interpolation), this process is necessary
for computing an average prototype and can be considered as a temporal normalization. However,
this process removes the heart rate frequency which is stored for the reverse downsizing operation.
For a given ECG of 9 R peaks we can typically extract 7 prototypes of 3 consecutive R peaks of
1500 points length each. We then compute the mean or median of them and obtain a prototype for a
given ECG. The same process is done on all prototypes of all patients individually, then on all classes
individually. The process results in ECG prototypes for each ECG, patient and class. Because ECGs
are frequently subject to noise that can arise during the recording process, we developed a score to
evaluate the quality of the signal, which is coded as a vector with the same length as the ECG ranging
in [0 to 1]. A value close to 1 indicates that the corresponding part of the signal has a good quality
whereas a value close to 0 indicates the corresponding part of the ECG has a bad quality due to
noise or distortion (baseline drift). Prototypes computing process uses a quality threshold of 0.5 per
beat, every beat with an average quality score below 0.5 is discarded and replaced with an average
representative beat. Thus we ensure that the resulting prototype for a given ECG does contain minimal
noise. To further reduce the noise in the signal and ensure that the R peaks are accurately detected and
that the extracted patch are correctly aligned and centered, we developed a denoising auto-encoder
neural network (in Chapter 4) and other models to automatically segment the signal (in Chapter 5).
The signals are first denoised, then R peaks are detected. Dedicated segmentation models detect P, T
waves and QRS peaks position, which are further used to center patches. However denoised signals
are not used in the mean/median operation of computing the prototype as we intend to keep original
signal. In Figure 22a and 22b, we present computed prototypes on the Generepol dataset for each
class: basal, inclusion sotT0-T6. We can observe changes in the waveform across time with a visible
prolongation of the T wave at 6 hours after sotalol intake. We also notice changes in the P wave and
S peak.

To generate perturbations, we transform the input ECG by adding various deltas calculated from
the prototypes. These deltas can be derived from the differences between the prototypes or their
statistical properties, such as the mean and covariance of the feature distributions within specified
regions of the signal. By constructing the perturbations based on the prototypes, our method ensures
that the generated perturbations are relevant to the problem domain and respect the underlying data
distribution. For example, a given ECG at sotT0 can be translated to sotT6 by adding to it the delta
sotT6− sotT0.
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This approach allows the method to explore different classes and combinations in a more informed
manner. For instance, the perturbations may involve altering the amplitude or duration of the P wave,
T wave or QRS complex, or modifying the distance between specific ECG components, such as the
QT interval. This is done using the segmentation models, which pinpoint the coordinates of specific
areas on the signal. By focusing the search on perturbations that have a meaningful impact on the ECG
signal, our method can identify more effectively the critical input features that influence the model’s
decision process. Furthermore, using domain-specific prototypes and transformations enables the
incorporation of expert knowledge and clinical guidelines into the perturbation process. This can lead
to the discovery of more clinically relevant counterfactuals and enhance the interpretability of the
results, as the identified perturbations will be in line with established patterns and relationships in the
data.
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Figure 22: Generepol ECG prototypes per class: For each ECG we compute a prototype using 3 con-
secutive R peaks and average them within the ECG then per patient and finally per class.
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3.3.2.2 Introduction to genetic algorithms

Genetic algorithms are a class of optimization techniques inspired by the process of natural selection
in biological systems. They have gained significant attention in recent years due to their ability to
tackle complex optimization problems that are difficult to address using traditional methods, such as
gradient based or exhaustive search techniques. Genetic algorithms have been successfully applied to
a wide range of problems, including function optimization, machine learning, scheduling, and game
playing, among others.

The fundamental idea behind genetic algorithms is to mimic the process of natural evolution,
which operates on the principle of survival of the fittest. In genetic algorithms, a population of candi-
date solutions to an optimization problem, referred to as individuals, evolves over multiple generations
to converge towards an optimal or near-optimal solution. The evolutionary process involves the appli-
cation of genetic operators, such as selection, crossover, and mutation, which are designed to facilitate
the exploration and exploitation of the search space.

A critical aspect of genetic algorithms is the representation of individuals, which determines how
candidate solutions are encoded in the algorithm. Common representations include binary strings,
real valued vectors, or more complex data structures (object oriented representation), depending on
the problem domain. The choice of representation can significantly impact the performance of the
genetic algorithm and the ease with which domain-specific knowledge can be incorporated.

The genetic algorithm begins with the initialization of an initial population, typically generated
randomly or using a combination of random and heuristic techniques. The size of the population and
the method of initialization can influence the diversity of the initial search space and the rate at which
the algorithm converges towards an optimal solution.

Concepts

Fitness evaluation The quality of each individual in the population is assessed using a fitness
function, which measures the individual’s performance with respect to the optimization problem. The
fitness function should be designed to reflect the problem’s objectives and constraints, and it plays a
crucial role in guiding the search process. In many cases, the design of an appropriate and efficient
fitness function can be a challenging aspect of applying genetic algorithms to complex problems.

Indivual selection Selection is the process by which individuals are chosen to participate in the
reproduction process based on their fitness. The goal of selection is to bias the search process towards
higher quality solutions while maintaining sufficient diversity in the population. Various selection
schemes have been proposed, such as roulette wheel selection, tournament selection or rank based
selection, each with its advantages and disadvantages. The choice of selection scheme can affect the
algorithm’s convergence properties and its ability to maintain diversity in the population.

Crossover Crossover, also known as recombination, is the process by which pairs of individuals
exchange genetic material to produce offspring. The crossover operator is intended to combine the
best features of the parent individuals, potentially leading to the creation of better solutions in the
offspring. Numerous crossover operators have been proposed for different representations, such as
one-point, two-point, or uniform crossover for binary strings, and blend or arithmetic crossover for
real valued vectors. The choice of crossover operator can significantly impact the algorithm’s ability
to explore the search space and converge towards an optimal solution.

Mutation Mutation is the process by which small, random changes are introduced into an in-
dividual’s genetic material. The purpose of mutation is to maintain diversity in the population and
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prevent premature convergence to suboptimal solutions. Like crossover, the choice of mutation op-
erator depends on the representation used, and different mutation schemes have been proposed for
binary strings, real valued vectors, and other representations. The mutation rate, which determines
the probability of a mutation occurring, is an important parameter that can affect the balance between
exploration and exploitation in the search process.

Convergence A genetic algorithm iterates through successive generations of selection, crossover,
and mutation until a termination criterion is met. Common termination criteria include reaching a
maximum number of generations, achieving a specified level of fitness, or detecting a lack of progress
in the search process. The choice of termination criterion can affect the computational cost of the al-
gorithm and the quality of the final solution obtained. Convergence properties of genetic algorithms
are an important aspect of their analysis and design. The algorithm should ideally converge towards
an optimal or near-optimal solution, but the rate of convergence and the ability to escape local optima
depend on the choice of genetic operators, the representation, and the parameter settings. Theoretical
analysis and empirical studies of genetic algorithms have provided insights into their convergence
properties and guided the development of improved algorithmic variants and parameter tuning strate-
gies.

To improve the performance of genetic algorithms and adapt them to specific problem domains,
various advanced techniques and hybrid approaches have been proposed. Some of these techniques
include incorporating domain-specific knowledge into the representation, fitness function, or genetic
operators; using adaptive or self-tuning parameter settings; or incorporating local search techniques,
such as hill climbing or simulated annealing, to enhance the algorithm’s exploitation capabilities.
Hybrid approaches, often referred to as memetic algorithms or genetic local search, combine the
global search capabilities of genetic algorithms with the local search capabilities of other optimization
techniques. These hybrid algorithms have been shown to provide improved performance on a wide
range of problems, particularly those with complex search spaces or multiple local optima.

3.3.2.3 Evocclusion genetic algorithm

In our proposed interpretability method illustrated in Figure 23, the genetic algorithm plays a central
role in searching for the most informative perturbations that can flip the neural network’s predictions.
The algorithm’s genotype, which is essentially the blueprint for generating perturbations, is encoded
as a binary string. Each gene within the binary string corresponds to a specific transformation, along
with its associated parameters. These transformations are essentially the perturbations that will be
applied to the input data.

Transformations and genotype representation An individual in the context of our genetic algo-
rithm represents a specific combination of perturbations, as determined by its genotype. The genotype
of an individual dictates which transformations are applied to the input data, and how these transfor-
mations are parameterized. For example, a gene may represent a transformation that modifies the
amplitude of a specific ECG waveform component, and the associated parameters in the genotype
would define the degree of amplitude change. The population, which is the collection of individuals,
consists of multiple unique genotypes, each encoding different combinations of perturbations. This
diversity in the population allows the genetic algorithm to explore a broad range of potential perturba-
tions, increasing the likelihood of finding those that minimally flip the neural network’s predictions.
We considered meaningful transformations based on prototypes, as well as standard occlusion trans-
formation. To transform an ECG from an initial class to another we add to the signal the delta between
the two prototypes representing the respective classes, in the context of our study using the Generepol
dataset, we also used patient’s prototypes as well ass class prototypes. For a given patient, their ECGs
transformations can be based on their prototypes instead of the global ones. With the help of our
segmentation method we were able to restrict the transformation on specific areas of the ECG. These
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Figure 23: The Evocclusion interpretability algorithm.

parameters are encoded in the genotype and represent genes of the individual. For the fitness function
to capture subtle changes in the model’s output and gradients we interpolate the transformation path
between the initial ECG and the prototype based resulting transformation in a parameterized number
of steps. The more the steps better the fitness can capture gradients variations. Transformations can
also span across all the signal. The transformation of an ECG requires temporarily removing the heart
rhythm by normalizing all RR distance to 750 points so we can add the delta prototype then add back
the heart rhythm. We also used zero-based occlusion on some part of the signal. In Figure 24 we
computed the prototype of a given ECG from class basal (without Sotalol), to transform it to a sotT6,
we added to it the delta prototype between basal and sotT6. The resulting ECG prototype shows
distinctive features that can be observed on sotT6 signals. A visible prolongation of the T wave and
slight prolongation of the P wave can be noticed.

To focus the transformation we repeated the same experiment however with a constraint on the
T wave, the coordinates of the T onset and T offset is given by segmentation neural networks. An
illustration of the result is given in Figure 25. In Figure 26 we present a complete ECG which trans-
formed representation flips the model prediction to the opposite class. Each transformation is applied
individually on the ECG resulting in many ECGs transformed for a given individual, separating trans-
formed ECGs allows the method to capture contributions of each transformation. Table 5 describes
the various types of transformations we currently considered.
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Figure 24: Class prototype transformation on ECG prototype: we computed the prototype of a given
ECG then added to it the delta prototype between class basal and class sotT6. We can notice a significant
change in the T and P waves morphology after transformation typical of a sotT6 ECG.
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Figure 25: Class prototype transformation on ECG prototype on T Wave: the same transformation in
Figure 24 is constrained on the T Wave area.
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Figure 26: ECG transformed using prototype: in blue the original ECG, in red one of the individual’s
transformations at which point the model decision changes towards the opposite class and gradients vari-
ation change direction.

Figure 27: Genome, ECG transformations representation: the possible transformations are stored in a
JSON file fed to the algorithm which transforms it into binary representation
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Transformation Operation Description Parameters

base_prototype
Applies a prototype based trans-
formation on all the signal

• steps: number of steps to
interpolate the
transformation path

• prototype_combination:
The prototype delta to
add to the ECG

uniform_p_wave_prototype

Applies a prototype based trans-
formation on all P waves of the
signal using segmentation coor-
dinates

uniform_t_wave_prototype

Applies a prototype based trans-
formation on all T waves of the
signal using segmentation coor-
dinates

uniform_qrs_complex_prototype

Applies a prototype based trans-
formation on all QRS complexes
of the signal using segmentation
coordinates

occlusion
Applies a single occlusion win-
dow on the signal, by replacing
corresponding points with zeros

• window_size: length of
the occlusion window

• position: start position
of the window

uniform_{p_wave,t_wave,qrs_c
omplex}_occlusion

Applies a single occlusion win-
dow on the P wave or T wave
or QRS complex of all beats, by
replacing corresponding points
with zeros

• window_size: length of
the occlusion window

• position: start position
of the window

single_beat_{p_wave,t_wave,qrs
_complex}_occlusion

Applies a single occlusion win-
dow on the P wave or T wave
or QRS complex of a specific
beat, by replacing corresponding
points with zeros

• window_size: length of
the occlusion window

• position: start position
of the window

• beat: beat id

single_beat_no_wave_occlusion

Applies a single occlusion win-
dow on part of a specific beat out-
side of P, T waves and QRS com-
plex, by replacing corresponding
points with zeros

• window_size: length of
the occlusion window

• position: start position
of the window

• beat: beat id

Table 5: Evocclusion ECG signal possible transformations: we use prototype based transforma-
tions and classic occlusion based transformation on all the signal or at targeted areas such as the
P or T wave, QRS complex or the rest of the beat signal. Beat related transformation operation’s
parameters window_size and position are expressed in percentages and are relative to the length of
the target beat.

Genes representation The binary representation employed in our genetic algorithm-based inter-
pretability method serves as an efficient and compact way to encode the genotype of each individual
in the population. In this representation, each gene corresponds to a specific transformation (pertur-
bation) and its parameters, encoded as a binary string. This allows for a straightforward encoding
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and decoding of the genotype, facilitating the implementation of genetic operations such as selection,
crossover, and mutation. Furthermore, the binary representation offers a high degree of flexibility, as
it can easily accommodate a wide range of transformations and parameter settings. By employing a
binary representation in our method, we enable the genetic algorithm to effectively explore the search
space of possible perturbations and identify those that provide the most meaningful insights into the
model’s decision process. All individual has a common fixed genotype length. A transformation and
its parameters are the chromosomes of the genotype.

The transformations are represented using the following rules for all individuals:

• Each transformation type has a number of minimum and maximum instances set for all individ-
ual, each instance has its own parameters. Each individual has a given number of instances for
a specific type of transformation, this allows to tweak the algorithm and test different scenarios.

• For each transformation we compute the number of bits required to represent its maximum
number of possible instances

• Each transformation’s parameter has a minimum and maximum value, a fixed possible value
can also be set

• After computing the number of bits to represent the maximum number of instances, we com-
pute the number of bits required to represent the all parameters and multiply it by the maximum
number of instances. This allows all individuals to have a fixed genotype length. Each trans-
formation starts with an activation bit which determines if it will be evaluated when computing
the fitness.

• All individual have all possible transformation type but not all of them are activated depending
on their genotype.

• Transformations are represented sequentially in the binary string, the order is important for
parsing the binary string.

• At individual creation, a validity check function checks if the genotype is coherent, if a given
transformation parameter is not valid it is regenerated until validity is reached. A validity
dictionnary is provided for each possible transformation.

Figure 27 we present and explain the genotype representation in object format before generating a
binary sample.

1 {
2 "instances": { "min": 1, "max": 3 },
3 "function": {"base_prototype_transformer",
4 "function_arguments": {
5 "steps": { "min": 1, "max": 3 },
6 "prototypes_combination": { "min": 0, "max": 132 }
7 }
8 }

Listing 3.1: Gene definition example

In this transformation genetic representation 3.1, the number of instances is represented using 2 bits,
the function arguments for a given instance using 11 bits (steps: 3 bits, prototypes_combination: 8
bits). The total number of bits being 11bits ∗ 2instances = 22bits. The resulting transformation is
given in Figure 28 where we generated a sample individual with genotype:

11101011001010110010110110001111000

.
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Figure 28: Example of a genetic transformation.

Computing genes presence Genetic operations such as selection, crossover or mutation often rely
on probability and randomness. However to improve convergence speed of the algorithm and focus
on valuable solutions while conserving diversity, we compute the presence rate of each gene across
n previous generations. The n previous generations are denoted as explorable history. The presence
rate of each gene is computed by evaluating how often a given gene at given position is present in
each individual genome for each previous generation. In this stage, the method iterates through the
exploration of the stored evolution data of the populations. Each population is sorted according to
individual fitness, and the top individuals (75th percentile by default) are selected as representative
samples for the respective generation. For every gene in the top individuals, the method counts the
number of occurrences (presence) and accumulates the fitness scores associated with the individuals
carrying the gene. The total count of gene presence provides insight into the gene’s effectiveness
across generations, while the accumulation of fitness scores enables an assessment of the gene’s
historical contribution to overall fitness. In a second stage, an average fitness is computed by dividing
the total accumulated fitness by the gene’s presence count, essentially providing a measure of how
much, on average, the gene contributes to an individual’s fitness. A presence rate is also computed
for each gene. It is a normalized measure of the gene’s prevalence in the top rated individuals across
generations. The presence rate is further adjusted using the maximum gene presence rate to ensure the
value lies within the interval [0, 1], which allows for easier interpretation and usage. Upon calculating
these two metrics, they are combined using a geometric mean to form a unified measure of the gene’s
success, where a high score indicates a gene that has both high average fitness and a high presence rate.
This success rate is then used to update the gene’s mutation rate. The update follows a dampening
mechanism that ensures the mutation rate decreases if the gene has a high success rate and increases
if the gene has a low success rate. This dynamic adjustment of mutation rates ensures that successful
genes are preserved while less successful ones are subjected to a higher rate of mutation to explore
new possibilities. This mutation probability and presence rate are used in crossover and mutation
operations to provide a valuable trade-off between best solutions and exploration. The mutation rate
is clamped, if the mutation rate is too high, the algorithm might constantly make changes and struggle
to converge to an optimal solution. Conversely, if the mutation rate is too low, the algorithm might
get stuck in local optima and not explore enough of the solution space.

Selection process Throughout the optimization process, the genetic algorithm iteratively updates
the population by applying various genetic operations, such as selection, crossover, and mutation.
These operations aim to improve the overall fitness of the population by retaining the best performing
individuals, combining their genetic material to create offspring, and introducing random changes
to explore new areas in the search space. As a result, the genetic algorithm evolves the population
over time to identify the minimal perturbations that provide the most insight into the neural network’s
prediction process.

Crossover Crossover, also known as recombination, is the process of combining genetic mate-
rial from two parent individuals to create one or more offspring. For example, considering two parent
individuals with binary genotypes A = 110010 and B = 001101. A single point crossover operation
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could be applied at the third position, resulting in the offspring genotypes A’ = 110101 and B’ =
001010. This operation promotes the exchange of genetic information between individuals, poten-
tially generating offspring with higher fitness values. We used a crossover rate (Pc), a probability that
a pair of individuals will undergo crossover during the reproduction process. A higher crossover rate
encourages more exploration of the search space, while a lower rate favors exploitation of the current
solutions. The Pc is a hyper-parameter of the algorithm. While this method can promote genetic
diversity and exploration of the search space, it might be too naive for certain complex optimization
problems. This method might lead to a break of a good combination of genes and could cause a drop
in the quality of offspring. In our method, we used an adaptive crossover function aiming to address
these challenges. The idea behind the adaptive crossover is to choose the genes for the offspring
based not only on the parent’s overall fitness, but also on the individual success rates of the genes.
For each gene, a random number is generated as a crossover point. If this number is below a specified
threshold, the gene for the offspring is chosen from the parent with the higher overall fitness. If the
crossover point is above the threshold, the gene is chosen based on its success rate. This method
has the potential to generate offspring that are not only similar to the fittest parents but also include
successful genes from less fit parents. This introduces a balance between exploration and exploitation
in the search space. Our adaptive crossover function therefore allows the algorithm to adapt more ef-
ficiently to the fitness landscape. Compared to single point crossover, our approach is more likely to
maintain beneficial genetic structures and promote a guided exploration, potentially leading to faster
convergence to a good solution. This approach is particularly beneficial in our complex search space,
where the optimal solution is constructed by a delicate combination of various genes (transforma-
tions), and the disruption of these combinations can significantly decrease the fitness of the offspring.
The threshold is denoted adaptive_crossover_rate

Mutation We also used mutation to introduce small random changes to an individual’s geno-
type. This operation helps to maintain diversity within the population and prevents premature conver-
gence. For example, consider an individual with a binary genotype C = 110010. A mutation operation
could be applied to flip the second bit, resulting in the mutated genotype C’ = 100010. Mutation rate
(Pm) is the probability that a gene within an individual’s genotype will undergo mutation. A higher
mutation rate increases the level of exploration, while a lower rate reduces the likelihood of disrupting
well performing solutions. Because this approach treats all genes equally in terms of their probability
for mutation. This means that even genes that are performing well and contributing positively to an
individual’s fitness have the same chance of being mutated as genes that are performing poorly. It can
slow the overall progression of the algorithm. Therefore we used an adaptive mutation rate for each
gene instead of a universal mutation rate. This implies that genes that perform well and contribute
positively to the fitness of an individual are less likely to undergo mutation, preserving optimal gene
sequences and improving the convergence speed of the algorithm. In the conventional mutation ex-
ample described above, each bit has the same probability, denoted as Pm, of being flipped. However,
in our adaptive mutation function, the probability of mutation for each gene is inversely proportional
to its success rate. Hence, for an individual with x genes, the mutation operation could alter the sec-
ond gene with a probability of mutation unique to that gene’s success rate. This adaptive mutation
operation manages to strike a delicate balance between preserving high-performing genetic structures
and promoting diversity in the population. While a higher mutation rate for less successful genes
increases the level of exploration and helps in escaping local optima, a lower rate for successful genes
minimizes disruption of well performing solutions, effectively enhancing exploitation.

Crossover and mutations are only applied withing a single transformation’s parameters, we do
not allow mutations spanning across different transformations to avoid inconsistency thus breaking
the validity check which might result in the individual’s genotype invalidity. During mutation and
crossover some chromosome or genes for a given individual may be deactivated or activated resulting
in different new transformations. For example the algorithm may progressively focus on specific part
of the signal, this is also due to the selection process.
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Selection algorithm The selection process is a critical step that guides the optimization of in-
dividuals in the population, ultimately leading to the discovery of minimal perturbations that flip the
model’s predictions. During the selection process, individuals are chosen from the current population
based on their fitness scores, which represent the quality of the solution in terms of their proximity to
the model’s inter-class decision boundary and the minimal perturbation required to flip the prediction.
Higher fitness scores indicate that an individual’s perturbations are more meaningful and informative,
making them more likely to be selected for reproduction. The selection process can be implemented
using various techniques, such as tournament selection, roulette wheel selection, or rank-based se-
lection, each with their own advantages and tradeoffs. Tournament selection, involves selecting a
subset of individuals from the population and choosing the one with the highest fitness score, while
roulette wheel selection assigns probabilities proportional to an individual’s fitness score and selects
individuals based on a random draw. In rank-based selection, individuals are sorted according to their
fitness scores, and selection probabilities are assigned based on their ranks. The chosen individuals
then undergo genetic operations, previously discussed, to produce offspring for the next generation.
We choose the tournament selection algorithm for our method, as it offers a good balance between
exploration and exploitation, which can be beneficial in finding minimal perturbations.

For a population of n individuals we performs n tournaments, the tournament size ts is a fixed
hyper-parameter. During each iteration of tournament selection, a fixed number of individuals (the
tournament size) are randomly selected from the population to compete against each other. The in-
dividual with the highest fitness score among the competitors is declared the winner and proceeds
to the reproduction stage, where crossover and mutation operations are applied. The choice of tour-
nament size has a direct impact on the selection pressure in the genetic algorithm. With a larger
tournament size, the probability of selecting the best individuals in the population increases, leading
to a higher selection pressure. This promotes exploitation of the best solutions, but may also reduce
population diversity and increase the risk of premature convergence. Conversely, smaller tournament
sizes result in lower selection pressure, as weaker individuals have a higher chance of being selected
for reproduction. This helps maintain diversity in the population and encourages exploration of the
solution space, but may slow down the convergence of the algorithm. The random selection process
used in tournament selection ensures that each individual has a chance to participate in one or more
tournaments, and the best individual from each tournament is selected for reproduction. The resulting
winners of these tournaments could potentially be different, even if the same individuals participate
in multiple tournaments, as their chances of winning will depend on the specific competitors in each
tournament. Although this method can result in slow convergence rate, it’s essential to strike a balance
between convergence speed and diversity in the population. If the algorithm converges too quickly, it
can get stuck in local optima and miss out on better solutions that might be discovered through further
exploration of the solution space. Conversely, if the convergence is too slow, the algorithm might take
an excessive amount of time to find a satisfactory solution.

This process enables the method to effectively explore the space of possible perturbations while
simultaneously exploiting the most promising solutions. By using tournament selection, the genetic
algorithm can efficiently search for individuals with minimal perturbations that flip the model’s pre-
dictions, while also maintaining a diverse population to avoid premature convergence and explore
different perturbation combinations.

Fitness function We evaluate the fitness of each individual based on their proximity to the
model’s inter-class decision boundary and how minimal the perturbation is that it causes a flip to the
opposite class. For that, for a given individual with its set of transformed ECG input, we compute a
distance between the target decision boundary and the prediction after applying the transformations
to the input data. We also evaluate how far the transformed ECG is from the original one. This
distance is minimized to force the algorithm to find smallest useful transformations We define the
fitness function as:
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Equation 3.1 Evocclusion fitness function

Fitness(I) = (α ∗ (1− Proximity(I))) + (β ∗ (1− L2Distance(I))) (3.1)

where:

• I is the individual to be evaluated.

• Proximity is a function that measures the closeness (distance_score of the individual’s per-
turbed input to the model’s inter-class decision boundary. A lower value indicates that the
perturbed input is closer to the decision boundary and thus the individual is more effective
in finding minimal perturbations that flip the prediction. The decision boundary is a hyper-
parameter, as the middle 0.5 might also indicates that the model is not able to classify the input
in either class. The term is detailed in Algorithm 2, ˆecgs denotes the transformed ECGs.

Algorithm 2 Evocclusion: Algorithm of the Proximity function used in the fitness
1: function PROXIMITY(model, ecg, ˆecgs, decision_boundary)
2: proximity_values← []
3: for ˆecgsi in ˆecgs do
4: prediction←MODEL( ˆecgsi)
5: proximity ←DISTANCE_SCORE(decision_boundary − prediction)
6: proximity_values←APPEND(proximity_values, proximity)
7: end for
8: return MEAN(proximity_values)
9: end function

The distance_score is computed as follow:

distance_score =

{
decision_boundary−prediction

decision_boundary if prediction < decision_boundary
prediction−decision_boundary

1−decision_boundary otherwise

• L2Distance, this term calculates the L2 distance between the averaged perturbations and the
original input. It aims to penalize individuals with perturbations that deviate too much from the
original input. It encourages the algorithm to find perturbations that are closer to the original
input, making the perturbed examples more interpretable and meaningful.

• α and β are weights to balance the contributions of perturbations importance, proximity and
minimal perturbation to the overall fitness score. They are hyper-parameters.

As the fitness function is to be maximized, we subtract the proximity and minimal perturbation terms
from 1. Therefore, individuals with higher proximity values, more important perturbations and less
amount of perturbations will have higher fitness scores.

At the last generation, to get the interpretability from the individual’s perturbations, we compute
attribution maps similarly to the integrated gradients method. In fact, we capture the gradients vari-
ations of the neurons as we feed the final generation best individuals transformations to the network
and apply the integrated gradients process. Because the overall computations is expensive, we imple-
mented the whole method in Cython and C which is then compiled in binary modules. The method
favors running on GPUs and optimizes the memory using model sharing technique and parallel pro-
gramming.
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3.4 Results
We ran several experimental scenarii in order to find adequate parameters. In this section we present
two of our most informative scenarii and we focus on occlusion transformations. Both share the
same parameters and genome. The first scenario involves running the algorithm on each ECG at
different protocol times (i.e. classes). This process results in an adapted interpretability for each ECG
rather than an interpretability related to the class. On the contrary, state-of-the-art methods such as
saliency maps or occlusion provides class based interpretability as they apply same transformations
(occlusion) to all ECGs uniformly. Table 6 presents the genome where as Table 7 describes the
algorithm parameters configuration.

Transformer Min
Instances

Max
Instances

Initial
Instances Parameters

Window
Size %

Relative
Position % Beat

single_beat_p
_wave_occlu

sion
1 200 200 [5 - 25] [0 - 98] % [0 - 20]

single_beat_t
_wave_occlu

sion
1 200 200 [5 - 25] [0 - 98] % [0 - 20]

single_beat_q
rs_complex_

occlusion
1 200 200 [5 - 25] [0 - 98] % [0 - 20]

single_beat_n
o_wave_occl

usion
1 200 200 [5 - 25] [0 - 98] % [0 - 20]

Table 6: Experiment genome: we only use occlusion based transformation on individual beat. The
transformations also target specific parts of the beat.

The position of P, T waves and QRS complex are computed using our segmentation models. We
optimized the code using C and Cython source code. The average computing time for 300 generations
is 5 minutes compared to previously 3 hours with the initial implementation. The use of adaptive
mutation rate per gene increased the convergence time of the method, while avoiding being stuck in
local optima. In fact, the mutation rate has the ability to lower and increase over time, taking into
consideration population performance in previous generations. Individuals of the first population are
spawned with the maximum number of genes allowed in order to let the algorithm decide which
genes are most useful to the task. On one ECG per training, the method gives high performance with
a fitness generally around 95% with parameters α and β of the fitness being respectively 0.7 and
0.3. Table 8 presents fitness performances of the first scenario on single ECG at each protocol time.
Evocclusion was able to find meaningful transformation to flip the prediction of the neural network
close to the opposite class while minimizing the required transformations on the ECG signal (due to
the L2 term in the fitness).
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Name Value Description

Generations 300 Number of generations to iterate

Population size 150 Number of individuals in each population

History size 30
Number of previous generations to consider when
computing gene success rate

Gene mutation rate
moving average
factor

0.7

Used when computing mutation rate of genes based
on their success rate, if the value is high the newly
computed mutation rate will have more impact, if
it’s low, previously computed mutation rate will
have more impact

Gene mutation rate
clamp

[0.01 - 0.8] Upper and lower limits of genes mutation rate

Crossover method swapping

The crossover method, we swap genes thus creating
new offspring, the probability of swapping is
weighted, if success_rate(gene1) >
success_rate(gene2): swap_prob = [0.3, 0.7]

Prediction level
target

Sot+ : 0.6, Sot- :
0.4

The prediction score we want to reach

Selection method Tournament Selection method for generating offspring

Tournament size 8 Size of tournaments

Elitism proportion 10%
Enables elitism, proportion of best individuals to
keep without genetic modifications

Table 7: Experiment configuration: genetic algorithm parameters setup.

Protocol Time Min Fitness Max Fitness Processing Time

Basal 0.6 0.90 5min

Inclusion 0.7 0.91 5min

SotT0 0.75 0.93 5min

SotT1 0.8 0.93 5min

SotT2 0.82 0.94 6min

SotT3 0.86 0.98 7min

SotT4 0.81 0.97 6min

SotT5 0.7 0.95 6min

SotT6 0.85 0.97 6min

Table 8: Experiment 1 - Fitness results: fitness of best and worse individuals at the last generation
for each ECG training. Protocol time basal is prior (up to 1h before) to injection of Sotalol, inclusion
is right before injection, SotT0 is recorded just after injection and SotT1 to T6 are 1 to 6 hours after
injection of the drug.

Despite the good performances reached, the final interpretability results wouldn’t be comparable
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to other state-of-the-art methods as Evocclusion computes specific optimal transformations for each
ECG where as other methods uses the same transformations for all ECGs. To make the results ef-
fectively comparable, we relaunched the same experiment as above but for each protocol time we
used 100 ECGs instead of 1, the resulting best transformations (i.e. one for each class) are used on
all ECGs. The proximity calculation (in the fitness) for each transformation is done in respect of the
corresponding ECG. This approach allows capturing common transformations for each class instead
of a single ECG thus allowing us to compare the results with state-of-the-art methods. We used the
same genome and configuration. Table 9 presents the fitness of the last generation with 100 ECGs.
A significant drop in performances can be noted specially for Sot- protocol times. These results can
be justified by the differences in the waveform for each ECG and the fact that the model might not
be looking at the same parts for each ECG. In Figure 29 we plot the last generation best individual
occlusion windows genes on the signal.

Protocol
Time

Min Fitness Max Fitness Mean Fitness Std Fitness Processing
Time

Basal 0.25 0.43 0.29 0.06 1h

Inclusion 0.25 0.44 0.29 0.05 1h

SotT0 0.28 0.68 0.46 0.09 1h

SotT1 0.34 0.77 0.54 0.1 1h 30min

SotT2 0.29 0.74 0.43 0.1 1h 20min

SotT3 0.34 0.91 0.6 0.13 1h 40min

SotT4 0.26 0.61 0.37 0.09 1h 20min

SotT5 0.28 0.65 0.43 0.09 1h 25min

SotT6 0.31 0.79 0.53 0.11 1h 20min

Table 9: Experiment 2 - Fitness results: fitness of best and worse individuals at the last generation
for each ECG training. We observe a general performance drop specifically in Sot- protocol times
where the method struggles finding common powerful transformations for the 100 ECGs.
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Figure 29: Experiment 2 - Occlusions genes representation - SotT3 protocol time: a unique set of
transformations is obtained for each protocol time. We can notice the genes are different across beats
which might indicate the model’s prediction is not based on all beats or same parts on each beat.
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Figure 30: Experiment 2 - Fitness evolution: evolution of the fitness over the 300 generations for each
protocol time.

In Figure 30 we plot the evolution of the fitness over generations, we can notice for each pro-
tocol time the fitness does not improve much over generations. In fact the method faces difficulties
finding common power transformations for the 100 ECGs where as in single ECG mode the method
rapidly finds powerful and meaningful transformations. Protocol time SotT3 presents the best fit per-
formance. We also analysed the evolution of the proportions of activated genes for each gene type
over generations for each protocol time, results are presented in Figure 31. The number of activated
genes drops to approximately 100 for each gene type, their proportions are similar as shown in Figure
32.
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Figure 31: Experiment 2 - Activated genes evolution: evolution of activated genes per category over the
300 generations for each protocol time.
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Figure 32: Experiment 2 - Activated genes proportions: the number of activated genes at last generation
for all protocol times are close for all categories.

Feature importance and interpretability results To access the impact of the transformations iden-
tified by the method on the model’s decision process we analysed the gradients of the neurons after
feeding to the model the transformed ECGs. We did so by using the integrated gradients method for
each category of genes at each protocol time which generated attribution maps. Results are presented
in Figures 33, 34, 35, 36. The features importance vector is not standardized nor scaled to accurately
compare the importance across protocol times thus justifying the absence of visible signal on some
protocol times as the relative amplitude is low compared to others. When we compare these results
to prototypes differences of each protocol time we can notice similarities particularly at the end the
P Wave at SotT3. In fact, it has be shown on prototypes that the P Wave length changes significantly
3 hours after Sotalol injection which is also confirmed by Evocclusion. The start and end of the T
wave also significantly impact the model’s decision process as observed on the prototypes. The end
of the QRS complex, specifically the S peak also changes across time with Sotalol as seen on proto-
types, these variations are also spotted by Evocclusion. Parts of the ECG on the inter-beats signals are
also important to the model’s prediction. In our previous published work (Chapter 2) on predicting
TdP and after applying standard occlusion interpertability we identified similar regions but with less
precision, Evocclusion allows us to better emphasize important regions for the model’s predictions.
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Figure 33: Experiment 2 - Features importance P Wave: features importance computed using integrated
gradients method.
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Figure 34: Experiment 2 - Features importance T Wave: features importance computed using integrated
gradients method.
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Figure 35: Experiment 2 - Features importance QRS Complex: features importance computed using
integrated gradients method.
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Figure 36: Experiment 2 - Features importance No Wave: features importance computed using inte-
grated gradients method.

These plots, primarily present the relative importance of some of the signal regions to the model,
another form of interpretability is assessing the impact of identified transformations on the model’s
prediction rather on the gradients. To do so, we computed the delta between the original prediction
without perturbations and the ones after transforming the ECG. Results are displayed in Figure 37.
Parts of the ECG signal, which are overlapped with negative interpretability signal are considered as
not contributing to the target class, similarly to the occlusion interpretability in our previous work
(TdP risk prediction). In this plot we also kept the relative amplitude between protocol times, no
scaling nor standardization are applied to the interpretability vector. We can clearly observe a negative
to positive variation of the score across time. The target class we are interpreting is Sot- for basal,
inclusion, SotT0 and Sot+ for the rest. In time basal and inclusion where the Sotalol has not been
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administered yet, we can observe regions that are not contributing to the prediction, the same regions
are known to contribute to the predictions of Sot+. This observation is confirmed in SotT1-6 scores,
where the end of the P wave, and parts of the T wave and QRS complex are positive. This form
of interpretability correlates with the previous features importance results we presented earlier as
well as with the differences in prototypes across time. When we compare these results with standard
occlusion technique, Evocclusion brings more details and precise annotation of the input data to better
understand the model’s decision process by exploring a multivariate universe of transformations of
the data in order to find significant ones and from them derive relevant markers.
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Figure 37: Experiment 2 - Interpretability using prediction scores variations: we use identified trans-
formations at last generation in the best individual and compute the model’s prediction delta with original
prediction score.

Comparison with state-of-the-art methods We selected two state-of-the-art methods to compare
with, saliency maps and standard occlusion, although there are various interpretability methods.
These methods have been widely applied in medical diagnosis. Saliency maps, which visualize the
gradients of model predictions with respect to inputs, are an intuitive way to highlight the significant
features that contribute to the model’s predictions. They provide a general understanding of model
behavior and have been particularly successful in interpreting image based models. Standard occlu-
sion, on the other hand, offers a more direct approach to interpretability. It systematically occludes
parts of the input and measures the effect on the model’s output, providing an empirical measure of
feature importance. Both these methods have the benefit of simplicity and robustness, making them
useful benchmarks for comparison with our approach, Evocclusion.

In our analysis, we computed saliency maps and performed standard occlusion on patient’s ECGs.
The comparison was conducted on two key aspects: time relative interpretability, as seen in Figure
38, and standardized interpretability, as shown in Figure 39. These results are extraction obtained on
one patient’s ECGs. Our proposed method, Evocclusion, displayed an intriguing discrepancy from
the standard occlusion approach. Particularly, it emphasized areas physiologically associated with
prolonged QT as negatively impacting the model’s decision, whereas standard occlusion perceived
these same zones as contributors to the prediction of Sot-. This divergence emphasizes the challenges
inherent in understanding the interpretability results derived from standard occlusion. In contrast
to Evocclusion and occlusion, saliency maps provide an indirect form of interpretability. They rely
largely on the variations of gradients, which makes their interpretation less straightforward. While
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saliency maps underscore the regions that are significantly crucial for the model’s decision making
process, they fail to provide a friendly understandable interpretive annotation whether a given ECG
segment plays an important role in predicting the target class. Evocclusion rises above these limita-
tions by providing a more comprehensible interpretability. Unlike standard occlusion, which operates
on the principle of sequentially occluding a specific part of the signal, hence failing to account for the
interdependence between different signal regions; Evocclusion explores a broad range of combination
possibilities thus taking into consideration potential combined regions that collectively influence the
model’s prediction.
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Figure 38: Evocclusion comaprison with SOTA methods - time relative: we kept the interpretability
values relative to protocol times to emphasize differences over time.
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3.5 Conclusion and Perspectives
Enhancing interpretability methods in machine learning and deep learning is crucial particularly in
the clinical context. In fact, despite the progress and great performances of recent AI methods in
the medical field, the trust level towards those methods from clinicians and practitioners is still low.
This mainly comes from the lack of understanding of the model’s prediction. Trust is a cornerstone
for the acceptance and widespread application of AI models in the healthcare sector. By providing
clear, comprehensible insights into their decision making process and by providing human friendly
annotations of the input data, clinicians as well as researchers are more likely to have confidence
in the outcomes and predictions generated by these models. This has far reaching implications for
patient care, from more accurate diagnoses to personalized treatment plans. Moreover, enhancing
interpretability can also lead to the discovery of new patterns or correlations in medical data that
might not have been apparent with traditional analysis techniques.

The field of interpretability has rapidly improved over the past few years leading to a new domain,
Explainable AI. Explainable AI, often referred to as XAI, aims to make complex machine learning
algorithms more understandable, interpretable, and, in essence, explainable to a human audience.
The goal of XAI is to create a system where both the output and the decision making process of AI
models are clearly understandable by humans. This is particularly relevant in fields like healthcare
where understanding the ’why’ behind a model’s decision is equally, if not more, important as the
decision itself. In this study, we aim at improving the field of interpretability of machine learning
models, specifically within the context of bio-signals,electrocardiograms. Our main contribution is
the creation of a new innovative method of interpretability, Evocclusion, which has its foundation
on state-of-the-art approaches and which we tailored to provide more understandable interpretability
annotation of model’s prediction.

Evocclusion has been designed as a significant improvement of traditionnal univariate occlusion
method. Indeed, occlusion method usually relies on hiding sequentially one part of the data at a time
and observing how the model’s prediction varies. This method might not fully capture interdepen-
dencies among different regions of the data. As a result, it can overlook the combined influence of
multiple regions on the model’s prediction. Furthermore, most gradients-based methods, like saliency
maps or integrated gradients highlight important regions influencing the model’s decision by examin-
ing changes in gradients. Yet, this technique offers an indirect form of interpretability, leaving some
questions about how particular parts of the data contribute to the prediction of the target class.

Our proposed method provides a multivariate alternative which bridges these gaps. It is based
on adversarial attacks using data transformations. Because of the broad possible combinations of
transformations, the method uses a genetic algorithm approach thus exploring this wide range and
taking into account the features inter-dependencies. Evocclusion operates by applying different type
of perturbations on the data and assessing how they affect the model’s output. We have built tools
to accurately identify relevant transformations on specific part of the data. We developed and used
our denoising and segmentation tools to precisely delineate critical segments of the signal on ECG
data. These methods allow Evocclusion to target these areas and focus on important parts of the signal
while still exploring the rest of the ECG to capture meaningful and possible undiscovered patterns.
One key aspect of the approach is the nature of the transformations applied to the data. Domain-
specific transformations are important to better understand the model’s output as they provide a better
understanding of the output interpretability. In our study, we developed a data prototype based ap-
proach which provides accurate representation of a particular group/class of ECGs and per patients.
These prototypes are used to transform the ECG in a clinically valid way. Although we presented
occlusion transformations results in this chapter, we explored the prototypes based transformations
which provided interesting and informative outputs which are still under analysis in close collabora-
tion with cardiologists. However, the occlusion based transformations still provided accurate results
which are understandable by clinicians, highlight features inter-dependencies and are clinically rele-
vant.

Reflecting on these findings, we do recognize the need for continued evolution and refinement of
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our method. Although it showed significant advancement, Evocclusion has its own limitations; one of
which is the risk of out-of-distribution impact which might be caused by occlusion-based transforma-
tions. In fact, replacing occluded parts by zeros or mean value can lead to out of distribution scenario,
therefore we focus our efforts in prototypes transformations which are provided more clinically un-
derstandable and interpretable results. This approach is currently under validation and improvement.
Computing specific interpretability annotations for each ECG can be resources intensive. Therefore
we optimized the algorithm and used low level programming language to reduce the consumption
footprint while maintaining a short computing time. Finding optimal parameters for the algorithm
also remains an important challenge.

Despite these challenges, the potential of Evocclusion is considerable, it can provide adaptive
patient’s data interpretability. Our vision for Evocclusion goes beyond ECGs, in fact, Evocclusion
is part of bigger framework namely NeuralXplain. NeuralXplain is a framework we initiated in this
study to provide interpretability and also explicability not only in the clinical field but in a more
general way including images and other data types.
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4.1 Introduction
ECGs are obtained using electrodes, which are placed on different parts of the chest. Several visible
segments can be found on an ECG. The right and left atria or upper chambers make the first wave
called a "P wave", followed by a flat line when the electrical impulse goes to the bottom chambers.
The right and left bottom chambers or ventricles generate the next wave called the "QRS complex"
when they contract strongly to pump the blood in the periphery of the organism. The final wave or
"T wave" represent the electrical recovery or return to a resting state of the ventricles. The diagnoses
of several electrical cardiac conditions such as arrhythmia can be performed by experts by analysing
ECG signals. For this, it is important to accurately identify individual components in the ECG. In
current clinical practice, health practitioners, especially cardiologists, look for subtle abnormalities in
wave morphology and the periodicity of repeating features measured "by hand" to provide diagnosis.
New methods have been developed to automate several ECG processing tasks, including pathology
detection, annotation, measurements and more recently, interpretability. These approaches are mostly
based on neural networks. ECG signal is input in the NN, which perform operations to obtain different
novel abstract representations of the signal where novel features are extracted. However, automated
ECG analysis techniques as well as manual ones can be very challenging when it comes to noisy
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ECG. For instance, noisy ECGs are extremely difficult to segment manually and automatically for
waves (P, QRS, T) analysis. Indeed, ECGs are frequently recorded with noise, coming from differ-
ence in recording equipment, placement of electrodes, respiration, interference arising from sudden
movements, muscle noise, ambient electrical interference, patient heterogeneity, etc. Approaches for
denosing ECGs include digital filters or more recently deep learning based methods. Despite being
generally effective for signal denoising, digital and wavelet filters are not particularly designed for
ECG waveforms. They tend to fail especially on highly noised ECGs or deteriorated signals where
part of the signal are missing or corrupted. Custom crafted neural networks were shown to be efficient
on ECG denoising. However, they tend to remove or temper important features of the signal like the
amplitude of the S peak or T wave which are important for detecting some pathologies or drug intake
as [46] showed in their paper. In this study, we propose a novel and robust deep neural network for
ECG denoising: DeepFADE (Deep Frequency Amplitude Denoising Encoder). We designed a
DenseNet-like [134] denoising autoencoder [135] (DAE), which cancels noise and reconstructs mal-
formed waveforms of the signal while minimising the alteration of the relative amplitude of waves to
the isoelectric line (baseline). We evaluated the approach on different level of noise (-6dB, 0dB, 6dB,
12dB, 18dB, 24dB) combined with baseline wander. Our method successfully denoised the signal
with an output signal-to-noise ratio (SNR) of 16dB, which surpassing SOTA methods.

4.2 Related Works
ECG analysis that both focuses on the heartbeat morphology as well as its rhythm is a very powerful
tool in diagnosing certain cardiac conditions. The most important regions in the heartbeat are the P
wave, the QRS complex, which comprises the Q, R and S peaks and the T wave. Most ECG record-
ings are subject to different source of noise, which can interfere with the detection of classification of
cardiac diseases. In 2021, Prifti et al. [46] proposed a novel DL approach based on a DenseNet [134]
architecture to evaluate the occurrence risk of a particular type of arrhythmia, Torsade-de-Pointes
(TdP) [136] [137] [46]. The method topped a 98% accuracy in predicting the footprint of a drug
known to increase the risk of TdP. To train their model they used a relatively clean ECG database,
however when tested on noisy ECGs the model’s performance dropped due to the interference of
the noise. When it comes to denoising ECG signals, there are several methods currently in use [138]
[139]. One of the most popular methods is the use of digital filters, such as the Butterworth filter [140]
and the median filter [141]. These filters are commonly used to remove high-frequency noise and
baseline wander, respectively. Another popular method is the use of wavelet transform-based meth-
ods [142], such as the wavelet thresholding method and the empirical mode decomposition (EMD)
method. These methods use the properties of wavelets to separate the noise from the signal. Recently,
there has been an increasing interest in the use of deep learning-based methods for denoising ECG
signals. One popular method is the use of deep neural networks (DNNs), such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs). These methods have been shown to be ef-
fective in removing various types of noise and preserving the important features of the ECG signals.
Another popular method is the use of generative models, such as the generative adversarial network
(GAN) [143] and the variational autoencoder (VAE). An autoencoder (AE) is a type of neural network
that is used for dimensionality reduction and feature learning. It is composed of two main parts: an
encoder network, which maps the input data to a lower-dimensional representation, and a decoder
network, which maps the lower-dimensional representation back to the original input space. The goal
of training an autoencoder is to learn a set of weights for the encoder and decoder networks such
that the input data can be accurately reconstructed from the lower-dimensional representation. The
structure of an autoencoder is illustrated in Figure 40. The VAE is a type of generative model based
on a AE, that is used to learn a compact representation of the underlying probability distribution of a
dataset, its structure is illustrated in Figure 41. The key difference between a VAE and a traditional
autoencoder is that the VAE is trained to learn a probabilistic latent representation, rather than a deter-
ministic one. This allows the VAE to generate new samples from the learned distribution by sampling
from the latent space and passing the samples through the decoder network. These models have been
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shown to be effective in removing noise while preserving the structure of the ECG signals. In their
paper, [144] introduced a method to denoise ECGs based on a denoising autoencoder neural network.
They trained their model on the Physionet MIT-BH NSTDB dataset which features ECGs with and
without noise, and with real life noise artefact such as baseline wander, muscle artifact, and electrode
motion. They successfully achieved a Signal to Noise Ratio signal reconstruction of approximately
15.9dB on the Physionet dataset. Despite the progress that has been made in denoising ECG signals,
there are still several challenges that need to be addressed. One of the main challenges is the preser-
vation of important features of the ECG signals, such as the QRS complex and the T-wave. Another
challenge is the generalization of the denoising methods to different types of noise and different pop-
ulations. To overcome these challenges we hypothesized and developed a new approach based on a
neural network.

Figure 40: AutoEncoder architecture: is a type of artificial neural network used to learn efficient,
lower-dimensional representations of input data. It comprises an encoder that compresses the input into a
latent space, and a decoder that reconstructs the input from this space. The goal is to minimize the differ-
ence between the original and reconstructed input. Autoencoders are useful for dimensionality reduction,
denoising, and more. Image extracted from [4]

4.3 Methodology
The method is based on an autoencoder (AE) architecture. AEs which are commonly used in denois-
ing tasks are called Denoising AutoEncoders (DAE). DAEs learn feature vectors that characterize
the input and are invariant to noise. Unlike vanilla AEs approaches, with DAEs, noise is added to
the input data and the network learn to undo this corruption rather than just reconstructing the same
input. The standard architecture of DAEs is illustrated in Figure 42. In this study, we implemented
a DAE which takes as input an ECG denoted x, consisting of a vector of 5000 timepoints. We then
corrupt the input with noise to x̃ and feed it to the DAE to compress it through convolution and aver-
age pooling layers to an abstract representation of 25 points. Embedding h is reconstructed back to
5000 timepoints while cancelling the noise and the output is denoted x̂. To achieve a dimensionality
upscale from 25 points to 5000 points, the decoder performs a reverse convolution operation known
as deconvolution to approximate initial values previously processed in the symetric corresponding
encoder layer without the initial noise. The DAE network is based on the DenseNet architecture
[134].



122
CHAPTER 4. DENOISING AND RESTAURATION OF ELECTROCARDIOGRAMS WITH

AUTOENCODERS

Figure 41: Variational AutoEncoder architecture: is a type of autoencoder used in machine learning
for generating new data. Unlike standard autoencoders, which map input data to a fixed point in a latent
space, VAEs map input data to a distribution. This distribution allows VAEs to generate new data that
resemble the training data, making them useful for generative modeling tasks. The "variational" part
comes from their use of variational inference techniques in the encoding process. Image extracted from
[4]

Figure 42: Denoising AutoEncoder architecture: is a type of autoencoder used in machine learning,
particularly for the task of denoising data. It works by intentionally introducing noise to its input data
and then training itself to reconstruct the original, undistorted data. This process helps the DAE to learn
the underlying structure of the data and improve its ability to ignore noise. In essence, a DAE’s goal is
to learn an identity function under the presence of noise, making them powerful tools for denoising and
feature extraction tasks. Image extracted from [4]

4.3.1 The DAE DenseNet Architecture
Conventional DAEs generally use linear stacked convolutional layers with down-sampling for the
encoder, then symmetric linear stacked convolutional layers with up-scaling or deconvolution for the
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decoder part. Although this approach has been proven to have great performances and being relatively
simple and less complex, it usually comes with a trade-off in the network size. In fact, with linear
stacked convolutional layers, the number of parameters of the network increases significantly. On the
other hand, DenseNet architecture overcomes this problem by connecting all previous layers densely
together. Similarly to what ResNet [48] architecture does with skip connections, in a DenseNet
architecture, each layer receives inputs from all the preceding ones and passes its own output to all
subsequent layers. The consequence is that the final output layer has direct information from every
signal layer since the input. This approach allows us to shrink the network by reducing the number of
layers and reusing all layers throughout the network. However, one should note that despite having a
smaller network, its complexity significantly increases with dense connected layers.

Figure 43: DeepFADE neural network architecture

In this study, we designed a DenseNet Denoising Autoencoder (43) which compresses the ECG
and reconstructs it while cancelling the noise. We primarily used the ELU activation function instead
of conventional ReLU to avoid the "dying neurons" effect. The latter occurs when the ReLU neuron
encounters negative values and the function gradient becomes zero, so, gradient descent algorithm
will no longer update its weights and therefore, the neuron will always output zero. Whereas ELU
has a small positive gradient (not flat slope at 0 like ReLU), therefore for negative values the func-
tion will return −αx instead of zero, where x is the negative input. The negative scale factor is a
hyper-parameter and is determined before training. The structure of the encoder part begins with
a convolutional layer followed by a batch-normalization and ELU activation [49]. During this first
step, higher features representations are extracted. The next step consists of eight successive densely
connected convolutional blocks (DenseBlocks). A DenseBlock is made of several convolutional sub-
blocks called DenseLayers. Each DenseLayer begins with a bottleneck block of four layers (a batch-
normalization, followed by a ELU activation, a 1x1 convolution and a dropout layer). This bottleneck
reduces the filter space dimensionality, decreasing the number of feature maps whilst retaining their
salient features. The bottleneck technique helps reduce the number of parameters and increases com-
putational efficiency. After the bottleneck comes another batch-normalization layer, a ELU activation,
a classic convolution and another dropout layer. The dropout rate is a hyper-parameter and is deter-
mined before training. DenseLayers are densely connected, meaning that each DenseLayer takes as
input all previous DenseLayers outputs. Between each DenseBlock lies a transition block with a bot-
tleneck, followed by a ELU activation and an average pooling 1D layer which takes the average of
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points, reducing the dimensionality of the previous output. The transition block aims to down-sample
the data flow through the network and interconnect the DenseBlocks. The signal is progressively
down-sampled from 5000 points to 25 points.

The decoder has a symmetric structure to the encoder where down-sampling functions are replaced
with deconvolution layers and the signal is reconstructed to its original dimension as of 5000 points
without the noise. The output layer is a convolution layer without batch-normalization nor activation
function. The total number of trainable parameters of the model was 10,441,440. We used the Adam
algorithm for the network optimizer [145].

4.3.2 Training Process
To train the model we used clean ECGs of 10s sampled at 500Hz with 5000 timepoints and applied
to them several perturbations, We applied combinations of 6 noise levels (-6dB, 0dB, 6dB, 12dB,
18dB, 24dB), with and without baseline drift, real life artefacts (muscle artefact, powerline noise and
electrode movement) extracted from the Physionet MIT-BH NSTDB dataset. We also set to 0 random
window position on random signals, with a max window width of 500 timepoints.

Despite having ECGs with not much high frequencies noise, many of them have low frequencies
noise thus baseline wander. To ensure the model is trained on clean signals, we applied on the ECGs
a median filter (window size=200) to estimate its baseline, which was later substracted to the initial
signal. This process is called signal detrending. We hypothesized that both detrending and lead
differences would impact DAE’s performance. To test these hypotheses, we designed four different
versions of the model: DeepFADE Lead II: trained only on lead II without detrending (dpf_d2_dtr-);
DeepFADE Lead II Detrended: trained only on lead II with detrending (dpf_d2_dtr+); DeepFADE
All Leads: trained on all leads without detrending (dpf_all_dtr-); DeepFADE All Leads Detrended:
trained on all leads with detrending (dpf_all_dtr+). Figure 44 illustrates an example of detrended
ECG with its computed baseline.

0 1000 2000 3000 4000 5000
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2
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4
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variable
Detrended ECG Initial ECG Median Filter Baseline

Figure 44: Detrending ECG Signal: The gray line depicts the original ECG. The turquoise line is the
baseline as identified with the median filter. The orange line depicts the detrended signal.
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4.3.3 Loss Functions & Metrics
To reduce waveform and amplitude alteration during the reconstruction of the signal in the decoder
part, we trained the model to, alongside signal denoising, compute the baseline of the output signal.
Therefore, each model have two outputs, one for the reconstructured signal and one for the predicted
baseline, both outputs are then optimized. Learning to predict the baseline forces the models to learn
the bottom shape of the signal which is important to avoid relative amplitude alteration, for example
amplitude of the T wave relatively to the R peak. The error of the reconstruction of the signal is
computed using the Soft-DTW loss function [146]. The Soft-DTW loss function is a variant of the
Dynamic Time Warping (DTW) algorithm [147], which is a method for measuring the similarity
between two sequences. The standard DTW algorithm is a measure of the dissimilarity between two
sequences, by computing the minimum cumulative distance between them. Soft-DTW is a smooth
approximation of the DTW distance, which is designed to be differentiable, and thus can be used in
gradient-based optimization methods. This allows it to be used in training machine learning models.
State-of-the-art DNN methods commonly use the Mean Squared Error (MSE). However, in time
series data, the MSE loss may not be the best choice because it doesn’t take into account the temporal
structure of the data. The Soft-DTW loss function, on the other hand, is specifically designed for
time series data and can capture the temporal dependencies between data points. One of the main
advantages of using the Soft-DTW loss for DAE is that it allows the model to learn a more robust and
accurate representation of the original time series data. The Soft-DTW loss is able to penalize large
temporal shifts, which can be caused by noise, and thus the model will learn to ignore these shifts.
Additionally, the Soft-DTW loss can also handle missing data, which allows the models to reconstruct
missing beats of the signal. To optimize the baseline output of the models we used the MSE loss. The
final loss is defined as:

Loss = (λ ∗ SoftDTW (s, ŝ)) +MSE(b, b̂) (4.1)

Where s and ŝ are respectively the initial signal without noise addition and the predicted denoised
signal,b and b̂ are respectively the computed baseline (with the median filter) of the initial signal
without noise addition and the predicted baseline and λ the hyper-parameter coefficient of the fist
loss. To evaluate the quality of the reconstructed signal and to compare with state-of-the-art methods,
we used the Signal to Noise Ratio (SNR). It is the ratio of the level of the desired signal to the level
of background noise, usually measured in decibels (dB). A higher SNR indicates a better quality
signal with less noise, while a lower SNR indicates a poorer quality signal with more noise. The SNR
equation is defined as:

SNR = 10 ∗ log10

[ ∑N
i=1 x̂

2
i∑N

i=1 (x̂i − xi)2

]
(4.2)

We also used a new metric of ours the Noise Reduction Robustness NRR. It measures the difference
between a reference ECG signal, obtained by denoising a non-perturbed signal using the models, and
the denoising of all ECG perturbations combinations of the same initial signal. This metric shows
how close are the model’s prediction to the reference signal, a low difference across different noise
levels and perturbations indicates the model succeeds in denoising different type of signal alterations.
The NRR is defined as follow:

NRR = |(M(signal)−M(P (signal, n, a, b))| (4.3)

Where: M is the DeepFADE model, P is the perturbation function, n is the Gaussian noise level id
dB to be applied, a is the real life artefact to be applied if provided and b conditions whether or not to
apply random baseline drift to the signal.

4.4 Experimental Framework And Results
Models were trained three Physionet public ECG databases (ECGDMMLD, ECGRDVQ and MIT-
BH NSTDB) and one private database. All databases have relatively clean ECGs except one MIT-BH
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Experimentation

Training Validation Evaluation

Samples (70%) 7562520 (10%) 598312 (10%) 599096

Holdout

Samples (10%) 596744

Samples per Dataset

Dataset Raw Altered

Generepol 120952 5805696

Physionet ECGDMMLD 31000 1488000

Physionet ECGRDVQ 38016 1824768

Physionet NSTDB 720 47520

Table 10: Datasets partitions and number of samples per dataset with and without noise addition.

NSTDB. We performed a hyper-optimization to find optimal hyper-parameters, no cross-validation
was conducted as the hyper-optimization process covered it. The main neural network architecture
was implemented with Pytorch 1.13.1+cu117 with Python 3.10.6. Computation were performed on
a HPC cluster consisting of : 6 GPU Nvidia A100 with 80 GB of memory each, a total of 224 CPU
cores of 2.20 GHz and a total of 1TB of RAM. We implemented a parallel and distributed model
training process across the cluster in Cython.

4.4.1 Datasets
We used Physionet databases [6] ECGDMMLD [148], ECGRDVQ [149] and MIT-BH NSTDB [150]
and a private ECG dataset (Generepol [151]) for training, validating, evaluating and testing all 4
models. We used respectively 10s 3875x8 leads and 4752x8 leads ECGs of The ECGDMMLD and
ECGRDVQ. The MIT-BH NSTDB database is an extraction of the MIT-H database. It contains 2x2
leads ECGs of 12 half-hour ECG recordings and 3 half-hour recordings of noise typical in ambulatory
ECG recordings. The three noise records were assembled from the recordings by selecting intervals
that contained predominantly baseline wander (in record ’bw’), muscle (EMG) artifact (in record
’ma’), and electrode motion artifact (in record ’em’). Electrode motion artifact is generally considered
the most troublesome, since it can mimic the appearance of ectopic beats and cannot be removed
easily by simple filters, as can noise of other types. We re-sampled this dataset from 360Hz to 500Hz
and divided them in small ECGs of 10s (5000 timepoints). We also added these real life artefacts to
the three other datasets. The Generepol dataset contains 15119x8 leads ECGs of 10s at 500Hz. In
total we have 190688 raw signals with all leads combined. We applied the following perturbations
and obtained 9356672 ECG signals on all leads:

• Gaussian noise level: -6dB, 0dB, 6dB, 12dB, 18dB, 24dB

• Artificial baseline wander

• Real life artifacts: baseline wander, muscle artifact, electrode motion artifact

• Random occlusion by replacing parts of the signal with zeroes

Datasets were split by patients into smaller partitions for the training and validation processes, Table
12 details datasets partitions and number of samples per dataset.
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Params Description Value

Dense Layers Number of convolution blocks for each layer 8

Dense Blocks Vector of avg-pooling and deconvolution steps corresponding
to dense blocks.

[2,2,2,5]

Dropout Rate Fixed dropout rate 0.2

Activation Activation function used inside the network ELU(0.1)

Kernel Fixed kernel size for all convolutions 3

Compression Compression ratio used in transition blocks 1.0)

Learning Rate Adam optimizer initial learning rate 0.001

Table 11: Models Final Hyper-Parameters

4.4.2 Training & Hyper-Optimization
We performed a hyper-optimization process to find optimal combination of parameters, all 4 models
have the same parameters. Table 11 relates final hyper-parameters used. All computations with
hyper-parameters took around 30 days to complete. We used the grid search algorithm to test different
combinations. The validation partition dataset was used while training to assess progression of models
performance. We set the maximum number of epochs to 400. We used adaptive learning rate for the
optimizer with a reduction factor of 0.5 and a patience of 10 epochs while monitoring validation
loss. The evaluation partition dataset was used to evaluate best models candidates to elect the best
one. Each model was trained on 2 GPUs with a batch size of 128 split equally on each GPU. Adam
optimizer was used for all models.

4.5 Results and Discussion
We computed three SNR measure inspired from [144], SNRin between the raw signal and the per-
turbed one, SNRout between the predicted signal and the raw signal and SNRimp the difference
between them. SNRimp = SNRout − SNRin. The models topped a SNRimp of 16dB which is
higher than most of state-of-the-art methods. The models achieved a signal reconstructuion Soft-
DTW loss of 0.1 and 0.001 for the MSE loss on the baseline prediction. Figure 47.B shows the
denoising output of a signal at different noise levels with dae model trained on lead dII without data
prepossessing, where as Figure 46.A shows the model trained with signal detrending prepossessing.
The same ECG is used in both figures. We also tested the multi-leads model trained without data
prepossessing on noise level 12dB in Figure 45. We compared three state-of-the-art (SOTA) methods
with our models except for one trained on all leads without data prepossessing as it performed poorly
compared to the 3 other models. In Figure 48.A we compare the SNRimp distribution across parti-
tions for all methods. Our three models display higher SNR values on all partitions and for all noise
levels, the model trained on lead dII without signal detrending prepossessing presents better signal
reconstruction quality. This is confirmed in Figure 48.B where we compare the NRRmean distribu-
tion with the same configuration. The NRR average remains relatively constant and small. This can
be interpreted as the model (DeepFADE dII Undetrended) predicting denoised signal across different
level of noise with very small variations, thus confirming the robustness of the model. The use of a
DenseNet architecture trained with the Soft-DTW loss and by also learning the baseline of the signal
significantly improved the approach of denoising ECG signals using deep learning neural networks.
Low performances of the model trained on all leads can be justified by the high heterogeneity of the
different leads waveform. Indeed each of them have a specific waveform. A perspective to improve
the multi-leads model could be to use a deeper network which will be able to capture the leads wave-
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form heterogeneity. Another perspective of improvement could be to combine the model architecture
with Recurrent Neural Network (RNN). In fact, beyond the spatial representation, RNN allow the
learning of the temporal aspect. These architectures, through a cyclic structure allow the output of
certain nodes to affect the subsequent input of the same nodes, thus offering a dynamic temporal be-
havior. This architecture could capture the spatial representation of the signal as well as its temporal
one.
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Figure 45: DeepFADE All Leads - Prediction on Noise Level 12dB
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Figure 46: Denoising multiple levels of noise with DeepFADE Lead II Detrended
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Figure 48: SNR_imp and mean NRR Distribution by Noise Level and Partition.
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4.6 Conclusion
In this study, we introduce an improved application of deep learning to the field of electrocardiogram
signal processing: the Deep Frequency Amplitude Denoising Encoder (DeepFADE). This denoising
autoencoder demonstrates considerable promise for the enhancement of ECG analysis by effectively
eliminating noise and artifacts that can interefere with accurate cardiac diagnosis and monitoring and
ECG waveform analysis.

ECG signals, which are complex and sensitive, are susceptible to various sources of noise and
interference. This situation presents considerable challenges to both manual interpretation and au-
tomated ECG processing techniques. There have recent advancements in denoising methods. Tra-
ditional methods such as digital and wavelet filters, though reasonably effective, aren’t particularly
tailored for ECG waveforms, leading to sub-optimal results, especially with highly deteriorated sig-
nals. Even though neural networks have shown improvements, they can remove or attenuate crucial
features of the ECG signal.

To overcome these challenges we designed our denoising autoencoder, DeepFADE, to accurately
remove noise from the signal while preserving relevant features in the signal such as aspects of the
QRS complex and P and T waves which are critical for cardiac disease diagnosis and monitoring.
Our method outperformed the current state-of-the-art denoising methods in overall performance. The
model was trained on artificially noised ECGs as well as real life noisy ECGs, to remove the noise and
reconstruct parts of the signal that might have been deteriorated. However, our work also underlines
an intrinsic challenge posed by this approach: assessing the relevance of the noise being removed. Al-
though these variations are often classified as noise, they may carry significant information pertinent
to the detection or classification of pathologies. This highlights the delicate balance between noise
reduction and preserving potentially crucial signal features.

Despite this limitation, DeepFADE successfully removes and reconstruct the signal which im-
proves further ECG analysis such as automatic segmentation, pathology detection and interpretability
thereby enhancing the accuracy of diagnostic procedures and subsequent treatment decisions. To
compare our methods with SOTAs we used the signal-to-noise ratio (SNR) which indicates the
level of noise in a signal. We computed 3 values of SNR, SNRin which indicates the level of
noise between the raw signal and the noisy one, SNRout which indicates the level of noise be-
tween the reconstructed signal and the raw initial signal and SNRimp the difference between them.
SNRimp = SNRout − SNRin. In our dataset, most clean ECGs had an initial estimated SNR of
23dB. After denoising the signal, we obtained an SNRout of 22dB which indicates the denoised sig-
nal is almost as clean as the original signal without noise addition. When we look at SNRimp, we
reached a noise level 16dB which is higher than SOTAs methods (around 15dB).

4.7 The Negative Impact of Denoising on Automated
Classification of Electrocardiograms

To further assess how cleaning ECGs can affect classification models, we evaluated most State-of-
the-art denoising methods and DeepFADE as well. Results show that the cleaning process effectively
alters some of the ECG features thus resulting in a drop of performances of classification models.
Results were published in the Deep Generative Models for Health Workshop NeurIPS 2023.
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Abstract

We present an evaluation of recent state-of-the-art electrocardiogram denoising
methods and assess their impact on the performance of convolutional deep learning-
based classifiers, with a focus on the risk prediction of Torsade-de-Pointes arrhyth-
mia. Our findings indicate that the traditional approach of evaluating denoising
methods independently of the application is insufficient. This is particularly the
case for applications where the signals are used for phenotype prediction. We
observed that when classifiers are fed denoised data instead of raw data, their per-
formance significantly deteriorates, with a decline of up to 40 percentage points in
accuracy and up to 27 percentage points in AUROC when a misclassification detec-
tion method is further applied, underscoring a notable reduction in model reliability.
These findings highlight the importance of considering the downstream impact of
denoising on automated classification tasks and shed light on the complexities of
trustworthiness in the context of healthcare applications.

1 Introduction

An electrocardiogram (ECG) is a century-old test used to assess cardiac health. It involves plac-
ing two or more electrodes at specific locations on the chest, arms, and legs and recording the

∗Equal contribution
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heart’s electrical signals through a central unit [1]. The ECG waveform (as in Figure 1) bears
important information and subtle variations can be indicative of a large spectrum of diseases.

Figure 1: Example of a (heartbeat) recorded
by an ECG along with waves annotation and
denoised outputs.

However, recording such signals can be often suscep-
tible to noise from various sources, including elec-
trode loose contact, patient movement, and muscle
contractions [2, 3]. This can alter the waveform result-
ing in challenging analyses and subsequent diagnoses.
Broadly speaking, when we refer to denoising of a
signal, we are alluding to the process of recovering
the raw signal from the noisy one. Denoising ECG
signals have been extensively studied in the literature
and numerous methods have been proposed. These
methods stemmed from different fields, including
signal processing [4] as well as more recently deep
learning [2, 5, 6, 7]. The evaluation of the proposed
methods typically treats denoising as an independent task, while comparing the dissimilarity between
the ’clean’ signal and its noisy counterpart.

In this paper, we argue that assessing the denoising performance independently of the final downstream
tasks is insufficient and can have important unforeseen consequences. Indeed, signals that may appear
visually similar to the human eye can be fundamentally distinct when viewed from a neural network’s
perspective [8]. Specifically, in this work, we connect denoising with the prediction of the risk of a
life-threatening type of arrhythmia known as Torsades-de-pointes (TdP) for which Prifti et al. [9]
previously developed a high-performing deep convolutional neural network model. This model was
trained on ECGs recorded from healthy individuals before and after the intake of Sotalol, a drug
known to increase the risk of TdP.

Starting from the intuition that an effective denoiser should retain as much valuable information as
possible while reducing noise in the data, we analyzed five recent state-of-the-art (SOTA) denoisers on
a real-life ECG dataset Generepol [10]. We show that while providing good results in the denoising
task, the application of these methods impact negatively the performance of the TdP risk classification
model. Indeed, the results reveal a significant decrease in the classifier’s accuracy when the
denoised ECG is classified as compared to the original ECG. Additionally, an examination of the
distributions of correctly and incorrectly classified samples reveals a decrease in the model’s
confidence when classifying denoised data, particularly concerning correctly classified samples.
We performed the evaluation on a variety of denoisers, which include a diffusion model [6], a deep
recurrent neural network (DRNN) [2], an autoencoder [7], and a convolutional neural network
(CNN) [5]. Additionally, we considered a signal processing technique i.e., wavelet transform [4].

2 Problem formalization

The ECG denoising problem can be seen as a specific instance of the total-variation (TV) denoising
problem [11] in the context of one-dimensional signals. In particular, we are given a noisy signal
x̃ ∈ Rd, with d > 1, defined as x̃ =∆ x + δδδ where δδδ ∈ Rd is some unknown perturbation, and
x ∈ Rd is the original signal. The goal is to recover the underlying denoised signal x̂ ∈ Rd that
best approximates the original signal x. However, finding an accurate approximation of x from x̃ is
generally ill-posed [12]. Therefore, the TV denoising problem is typically formulated as [13, 12]:
minx̂∈Rd , F (x̂, x̃)+λR(x̂), where F : Rd×Rd → R represents the data fidelity term, R : Rd → R
is the regularization term that narrows down the space of candidate solutions, and λ > 0 is the
regularization parameter controlling the trade-off between permissible noise and the regularity
imposed by R (e.g., the smoothness of the underlying distribution).

A denoiser is expected to solve the minimization by learning X̂ ∼ qψ(X̂|X̃) where ψ are the
parameters to learn. In the following paper, we will investigate how SOTA denoisers behave when
denoised signals are given as input for a predefined classification task. Therefore, throughout the
paper, we refer to the target classifier as pθ(Ŷ |X) where Ŷ is the random variable representing
the classifier’s inference and θ are the learned parameters. Its induced hard decision is defined as
fθ : X → Y s.t. fθ(x) =

∆ argmaxy∈Y pθ(y|x), where X ⊂ Rd is the feature space corresponding
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Table 1: The ‘Noised signal’ column presents the results for the signal following perturbation and
prior to any denoising. The results are expressed in terms of mean±std across all heartbeats.

Noised signal

SSD 7.62±9.45
MAD 0.23±0.12
PRDN 84.41±52.82
SNR 7.98±6.45
CosS 0.93±0.06

DeScoD [6]

2.35±4.39
0.13±0.07

46.89±26.14
12.31±4.06
0.96±0.04

DRNN [2]

4.00±4.25
0.23±0.08

66.69±20.05
8.56±3.14
0.93±0.04

DeepFilter [5]

1.45±2.95
0.12±0.05

37.09±18.25
14.10±3.41
0.98±0.02

to the set of original ECGs that have not been subjected to any perturbations and Y = {1, . . . , C}
represent the concept of the label space related to some task of interest, such as the detection of
the risk for developing some form of arrhythmia. Formally, given x ∈ X we will be interested in
studying whether fθ(x) = fθ(x̂) ≡ fθ(gψ(x̃)) where gψ(x̃) is the sampling of qψ(x̂|x̃).

3 Evaluation framework and results

3.1 Evaluation metrics for the standalone denoising task

We consider the distortion metrics used in the most recent literature [5, 6] to assess the capabilities of
the SOTA methods for signal denoising. These metrics come from the ECG compression field [14, 15]
to measure the reconstruction error between the original signal and the one obtained after compression
and then decompression (encoding, decoding).

We employ the sum of square distances (the lower the better)

SSD(x, x̂) =∆
d∑

i=1

(x(i)− x̂(i))
2
; (1)

the absolute maximum distance (the lower the better)

MAD(x, x̂) =∆ max
i∈{0,...,d}

|x(i)− x̂(i) |; (2)

a normalized version of the percentage root-mean-square difference (the lower the better)

PRDN(x, x̂) =∆
√

SSD(x, x̂)
∑d
i=1 (x(i)− µ)2

· 100, (3)

where µ is the mean of the clean signal, i.e., µ = 1
d

∑d
i=1 x(i). Notice that the signal-to-noise

ratio can be easily calculated from the percentage root-mean-square difference (PRD) without
normalization [15] – that corresponds to eq. (3) with µ = 0 – as follows

SNR(x, x̂) =∆ 10 · log10

(∑d
i=1 (x(i))

2

SSD(x, x̂)

)
= 40− 20 · log10(PRD ∗ 0.01). (4)

Finally, we check the similarity between the two signals with cosine similarity (closer to 1 the better)

CosS(x, x̂) =∆
x · x̂

||x|| · ||x̂|| =
∑d
i=1 |x(i) · x̂(i) |∑d

i=1 |x(i)| ·
∑d
i=1 |x̂(i)|

. (5)

3.2 Considered dataset, TdP risk prediction, and review of the related methods

Generepol dataset [10] and Torsades-de-Pointes (TdP) risk prediction [9]. We use the
Generepol [10] dataset consisting of 10-seconds 8-lead ECGs sampled at 500Hz. For the experi-
ments, we focus on lead II, commonly used to record the rhythm strip [16]. Since all the SOTA are
tuned to work on heartbeats, i.e., on one single pulsation of the heart at a time, we segmented the
original signals into chunks of 1s (500-points), centered around the R peaks. Finally, the training
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x

Denoiser x̂ Classifier

Classifier fθ(x)

fθ(x̂)

=

Dn

(a) ‘Original setting’: Evaluation of the denoiser
and classifier pre-trained on original ECGs.

x

Denoiser x̂ Classifier

Classifier fθ(x)

fϕ(x̂)

=

Dn

Denoiser

(b) ‘Denoised setting’: Evaluation of the denoiser
and classifier trained on denoised ECGs.

Figure 2: In Figure 2a, the classifier fθ is trained on the original training set Dn = {(xi, yi)}ni=1 for
TdP risk prediction. On the other hand, in fig. 2b, the classifier fϕ, where ϕ are the learned parameters,
is trained with the original training dataset but denoised using the method under consideration. In
both cases, x and the obtained denoised version x̂ represent a sample from the testing set.

set consisted of 30009 Sot+ and 32448 Sot- ECGs heartbeats, the validation set has 3659 Sot+ and
4188 Sot- ECG heartbeats, and the testing set comprised 7221 Sot+ and 7543 Sot- ECG heartbeats.
Specifically, we use Sot- and Sot+ to refer to ECGs recorded in healthy individuals respectively
before and after the intake of 80mg Sotalol, a drug known to strongly increase the risk of developing
Torsade-de-Pointes events. We consider the CNN model originally developed by Prifti et al. [9] for
TdP risk prediction and we retrained it to work on single heartbeats. This DenseNet model with
six blocks (each having eight dense convolutional layers) was trained for 100 epochs using Adam
optimizer, learning rate of 0.001, dropout rate of 0.2.

DeepFilter [5]. The model consists of six Multi-Kernel Linear And Non-Linear (MKLANL) filter
modules. Each module contains two groups of four convolutional layers, where each layer is followed
by a linear activation function or by a rectified linear unit (ReLU) depending on the group’s type. The
training loss is a combination of the sum of the squared distance and the maximum absolute distance
between the clean ECG and the denoised one (cf. section 3.1). The idea is therefore to learn ”smart”
filters in order to discriminate between the desired ECG signal and the undesired noise.

DeScoD-ECG [6] is a novel approach that utilizes a conditional-score diffusion model. The generative
model begins with Gaussian white noise and proceeds to iteratively reconstruct the signal through
a fixed Markov Chain. Each step of the reconstruction involves Gaussian translation, which is
conditioned on the previous step’s reconstructions and the noisy ECG observations.

DRNN [2]. A DRNN was proposed here as a denoiser. Initially, the signal undergoes processing
through a recurrent layer comprising Long Short-Term Memory (LSTM) [17] units. Then, the signal
is further processed through a specified number of dense layers with ReLU activation. The final layer
is linear and responsible for aggregating the outputs from the preceding layer by summation.

3.3 Results

Figure 3: The vertical dashed line is at
50% accuracy.

Due to space constraints, the results on FCN+DAE [7] and
Wavelet transform [4] are presented in Appendices A.1
and A.2.1. We refer to Appendix A.2.2 for the results
conducted on an additional publicly available dataset
(PTB-XL [18]). We relegate to Appendix A.1, a deeper
exploration of TdP risk classification.

Evaluation of the denoising task standalone. We con-
ducted simulations of real-life noise (different levels of)
baseline wander [4] inspired by original data obtained
from the Physionet MIT-BIH NSTDB dataset [19, 20].
We used this data to assess the robustness of the evaluated
methods when denoising the Generepol dataset. While the comprehensive discussion is relegated
in Appendix A.2.1, we provide in Table 1 the summary of the results.
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Effect of the denoising on TdP risk prediction. Given the TdP model trained on data without prior
denoising, our objective was to assess the model’s performance when the testing data is denoised using
one of the SOTA denoisers. To achieve this, we begin with the original testing set from Generepol,
which had not been subjected to any additional noise. Subsequently, we applied these denoisers to
clean the signals before feeding them to the TdP risk classifier (see Figure 2a). It is important to
note that an effective denoiser should be capable of removing noise while preserving essential
signal information and relevant features. We provide in Figure 3 the accuracies of the model
w.r.t. the different denoisers. The label ’Original’ refers to the performance on the testing data,
without any denoising applied to it. Interestingly, we observe a decrease in performance across
all cases. This suggests that, despite the favorable results shown by the denoisers in Table 1, they
are, in fact, removing valuable information from the signal, essential for the classification task.

Figure 4: We split samples according to their true labels
in blue and red. We examine the predicted class proba-
bility for each sample.

We further explored the effect of denois-
ing on the classification task by apply-
ing prior denoising to all partitions within
Generepol. Consequently, we trained
a new model for each denoiser (see Fig-
ure 2b). The updated accuracies are in Fig-
ure 3. Although the new models did not
replicate the original performance, we ob-
served a slight improvement compared to
the previous setting. We finally analyzed
the distribution of correctly and wrongly
classified samples in Figure 4. Notably,
neural networks are recognized for being
overly confident in their predictions [21]
(we call confidence the probability associ-
ated with the model’s predicted class for a
given sample). However, regardless of the
denoisers used, the models tend to be less
confident with the denoised data. This can
pose risks, as model confidence is com-
monly used for subsequent tasks related
to model reliability, such as misclassifica-
tion detection [21, 22]. One technique used
in computer vision for this task involves estimating the probability of classification error starting from
the softmax outputted by the classifier [21]. Given an input sample, if this score exceeds a predefined
threshold, the prediction is considered wrong, otherwise correct. The results, in Appendix A.1, show
that alterations in the posterior distribution of the classifier have a detrimental effect on the method’s
ability to distinguish correctly and incorrectly classified samples with 40 percentage-point increase in
False positive rate at 95% True positive rate (FPR, shortly) and 27-point reduction in AUROC.

4 Conclusions

We examined ECG denoising methods and their effect on the automated classification of arrhythmia
risk prediction. Our findings reveal that assessing denoising methods without considering downstream
classification tasks yields overly optimistic results. We observed a reduction in classifier accuracy
(up to 40 percentage points) when provided with denoised data compared to the original data. Further
experiments have shown how alterations in the posterior distributions of the classifier on denoised data
can have a detrimental impact on the misclassification detection task. These results stress the serious
implications of denoising signals for the reliability of automated tasks, most notably within essential
sectors such as healthcare, where even minor inaccuracies can have life-threatening outcomes.
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Table 2: The ‘Noised signal’ column presents the results for the signal prior to any denoising and
following perturbation. The results are expressed in terms of mean±std across all heartbeats.

Noised signal

SSD 7.62±9.45
MAD 0.23±0.12

PRDN 84.41±52.82
SNR 7.98±6.45

CosS 0.93±0.06

FCN+DAE [7]

27.78±16.89
0.54±0.08

184.48±65.63
-0.08±3.55
0.86±0.07

DeepFilter [5]

1.45±2.95
0.12±0.05

37.09±18.25
14.10±3.41
0.98±0.02

Wavelet [4]

7.23±9.39
0.21±0.12

81.81±52.51
8.26±6.22
0.93±0.07

A Appendix

A.1 Supplementary results of section 3.2

FCN+DAE [7]. The authors introduce a novel denoising algorithm utilizing a 13-layer Fully
Convolutional Network (FCN) based Denoiser Autoencoder (DAE), where the decoder’s objective is
to reconstruct a signal based on the low-dimensional features generated by the encoder.

Wavelet transforms [4]. Wavelet transforms is a well-known technique used in signal processing for
analyzing signals by cutting them up into different frequency components [23]. Because of the nature
of the ECG signals, we look at the Daubechies wavelets family as they are similar in shape to the
QRS complex, and their energy spectrum is concentrated around low frequencies [24]. The wavelet
transforms approach leverages the signal’s energy at different scales to effectively separate the noise
from the ECG signals [6]. Nonetheless, it is worth noting, as highlighted in the literature [6, 5], that
this method tends to be effective primarily in cases where the ECG signal is not severely corrupted,
often struggling when confronted with high-amplitude noise.

Torsades-de-Pointes (TdP) risk prediction [9]. Torsades-de-pointes (TdP) is a life-threatening
arrhythmia, which can be congenital or drug-induced, and it is associated with long QT intervals.
Given the potential for sudden death associated with this condition [25], its study has garnered
significant interest within the scientific community. Notably, in the study conducted using the
Generepol dataset, the subjects were recorded ECGs both before and 1, 2, 3, and 4 hours after
receiving an oral dose of 80mg of Sotalol, an anti-arrhythmic drug known to be associated with
TdP [26].

A.2 Supplementary results of section 3.3

Publicly available code at https://git.ummisco.fr/open/2023-denoising_
impact.

A.2.1 Evaluation of the standalone denoising task

x

Denoiser x̂

d(x, x̂) < γx̃

Noise

Figure 5: We denote with d any of the metric pre-
sented in section 3.1 and with γ ∈ R the corre-
sponding threshold parameter.

We analyze how the methods described in sec-
tion 3.2 perform when it comes to denoising on
the Generepol dataset. In Figure 5 we show
the evaluation pipeline. All the denoisers requir-
ing a training phase have been trained as in [5].
In particular, the noise we consider throughout
this paper is basal wander (or basal drift) with
variable intensities, i.e., the effect where the base
axis (x-axis) of a signal appears to ‘wander’ or
move up and down rather than be straight [4].

To maintain consistency with other SOTA meth-
ods, we used the noise obtained from the Phys-
ionet MIT-BIH Noise Stress Test Database (MIT-
BIH NSTDB) [19][20]. The dataset contains
three types of noise including baseline wander,

noise signals are recorded alongside clean ECGs. We superimposed the Generepol signals to
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calibrate the amount of noise signals using the nst tool provided by Physionet. The amount of noise
added is estimated in decibels dB. We added noise signals at 18dB and 24dB.

Figure 6: We remind that for SSD eq. (1),
MAD eq. (2), and PRDN eq. (3) the lower the better;
for SNR eq. (4) the higher the better; CosS eq. (5)
closer to 1 the better.

As we can see from Figure 6, even when
evaluated solely for the denoising task on
Generepol, the denoisers exhibit results
consistent with those reported in their original
papers. The poor performance of FCN+DAE
may be attributed to a possible shift in signal
reconstruction. It is worth noting that the model
generates heartbeats with 512 points, even
when provided with input heartbeats of only
500 points. To mitigate this discrepancy, we
performed additional signal down-sampling.
Finally, Wavelet transform yielded results
closely resembling the original signal with
noise Table 2. While this demonstrates its
effectiveness when the signal has minimal noise,
it offers limited denoising capabilities when
confronted with higher levels of noise. Due to
the unstable performances of the FCN+DAE
and Wavelet, we have excluded these methods
from the subsequent analysis with the TdP
classifier.

A.2.2 Effect of the denoising on TdP risk prediction

We extend our analysis to a publicly available dataset PTB-XL [18] containing 10-second 12-
lead ECGs sampled at 500Hz labeled as normal, myocardial infarction, ST/T change, conduction
disturbance and hypertrophy. A binary classification task was created by putting all samples labeled
as not normal in a single category. The final dataset consists of 96533 normal, class 0, and 82747
abnormal, class 1. Therefore we trained the same DenseNet architecture as for the TdP risk prediction
in Generepol. We show in fig. 7a the results in terms of accuracy, and in fig. 7b the distribution of
the predicted class for correctly and incorrectly classified samples.

(a) Accuracy
(b) Distributions of correctly and wrongly classi-
fied samples.

Figure 7: PTB-XL results. We remind that with ‘Original’ we indicate the setting in Figure 2a; with
‘Denoised’ we indicate the setting in Figure 2b.
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A.2.3 Implication on misclassification detection

Table 3: Training TdP on original data.
Generepol AUROC↑ FPR↓95%

Original 84.68 53.21
DRNN 68.92 80.48

DeepFilter 64.81 82.03
DeScoD 58.04 92.55

PTB-XL AUROC↑ FPR↓95%
Original 73.77 74.17

DRNN 69.76 80.29
DeepFilter 70.26 78.66

DeScoD 55.84 82.43

Table 4: Training TdP on denoised data.
Generepol AUROC↑ FPR↓95%

Original 84.68 53.21
DRNN 79.91 62.23

DeepFilter 72.09 74.69
DeScoD 71.66 74.52

PTB-XL AUROC↑ FPR↓95%
Original 73.77 74.17

DRNN 71.67 75.32
DeepFilter 70.51 75.46

DeScoD 67.53 82.41

Misclassification detection is a hot topic in Machine Learning (ML) safety, focusing on identifying
instances with potentially incorrect model predictions [21, 27, 28]. DOCTOR [21] is a simple method
that aims to identify whether the prediction of a classifier should (or should not) be trusted so that,
consequently, it would be possible to accept it or reject it. We conducted simulations using DOCTOR
on the TdP risk classifiers in order to study the effect of denoising when the misclassification task is
involved. In particular, we chose such a method to be applied to any pre-trained model, and it did not
require prior information about the underlying dataset. The detector was defined as

Dα(x, γ) =

{
1, if Gini(x) ≥ γ′ · (1− Gini(x))
0, otherwise.

(6)

where Gini(x) def
=
∑
y∈Y

pθ(y|x)(1− pθ(y|x)) is the probability of incorrectly classifying the feature x

if it was randomly labeled according to the model distribution. Therefore, the higher Gini(x), the
higher the probability of fθ(x) is of being wrong. The performances of the detector are evaluated in
terms of False positive rate at 95% of True positive rate (FPR↓95%), the lower the better, and AUROC
(AUROC↑), the higher the better. We refer to [21] for a complete discussion.

In Table 4 and ?? we provide the summary of the results. Interestingly, even when the TdP models are
trained on denoised data DOCTOR is not able anymore to distinguish the correctly classified samples
from the incorrect ones due to the alteration in the posterior distribution of the models.
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5.1 Introduction
ECGs are essential for the detection, diagnosis, and monitoring of various cardiac diseases, including
arrhythmias, myocardial infarction, and heart failure. A critical step in the analysis of ECG signals
is the accurate identification of characteristic waveform components such as the P wave, QRS com-
plex, and T wave. This process, known as ECG segmentation, enables medical professionals to make
well informed decisions regarding patient care and management. Identification of ECG features in-
cludes detection of QRS complexes where the R peak is the most commonly detected, P and T waves,
followed by an analysis of their shapes, amplitudes and relative positions to QRS complexes. The
process of detecting positions of P, T waves and QRS complexes is called segmentation of the ECG
signal. While ECG segmentation has been a topic of extensive research for decades, several chal-
lenges persist. Traditional ECG analysis methods, such as rule-based algorithms, template matching,
and wavelet transform, have shown limitations in handling noisy signals, morphological variations,
and irregular heart rhythms. Such variations come from patients heterogeneity, difference in record-
ing equipment, placement of electrodes, respiration, interference arising from sudden movements,
muscle noise, ambient electrical interference, etc. Noisy ECGs are extremely difficult to segment
automatically. Moreover, some ECG leads may not contain all common features, for example, P
wave or Q peak may be missing. This task can be even more challenging in ECGs recorded from
patients with pathologies or under drug treatments. Additionally, these methods often require manual
finetuning and expert knowledge, which can lead to increased analysis time and potential errors. In
current clinical practice, health practitioners, especially cardiologists, look for subtle abnormalities in
wave morphology and the periodicity of repeating features measured "by hand" to provide diagnosis.
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Besides requiring a significant amount of time and effort, not all practitioners are able to measure
these features correctly. For instance it has been shown that only 50% of general practitioners and
80% of rhythomologists can measure the QT distance correctly [152]. Such measurements can be
very hard to perform by hand in large datasets. The increasing prevalence of cardiovascular diseases,
coupled with the rapid development of wearable and remote monitoring technologies, has resulted in
a growing need for accurate, robust, and automated ECG segmentation techniques. These techniques
must be capable of efficiently handling diverse and large scale ECG data in real world scenarios.
Therefore, research efforts have shifted toward leveraging advanced machine learning and artificial
intelligence methodologies, with neural networks emerging as a promising approach.

Automatic approaches for segmentation include wavelet transformation [153][154], classical ma-
chine learning algorithms [155] or digital signal processing techniques [156]. Classical machine
learning techniques require the identification of specific features from the ECG as inputs and can
predict position of target areas on the signal. These approaches rely on feature engineering, which
is an essential step to transform the raw ECG data into a suitable internal representation from which
the model is able to extract important regions. However, in most cases feature engineering with hu-
man intervention is very challenging, sometimes lacking precision and extremely time consuming.
To overcome ML limitations such as feature engineering, deep learning (DL) approaches are able
to automatically extract hidden important features through various steps of data transformations and
representations. They often outperform many state-of-the-art (SOTA) techniques based on manual
feature engineering and ML.

In this study, we propose an original deep learning framework for ECG segmentation. We de-
signed UNet [157] like neural networks coupled with our denoising autoencoder, DeepFADE, which
cancels noise and reconstructs malformed waveform of the signal to extract the following segments:

• P wave with coordinates of onset and offset

• QRS complexes with coordinates of Q, R and S peaks

• T wave with coordinates of onset and offset

Finally, the ECG data along with the segmentation information is used to compute a quality score,
which is applied to filter out low quality signal, leaving the user with high quality segmented ECG
data. We evaluated the performance of the models on two public datasets: the PhysioNet QT database
(QTDB) [158][6] and Lobachevsky University Electrocardiography Database (LUDB) [159][160][6].
F1-Scores for P waves, QRS complexes and T waves detection display very high performances,
respectively 98.89%, 99.99% and 99.87%, which surpasses SOTA methods. To assess the perfor-
mance of our quality score evaluation algorithm, we run the framework pipeline on the PhysioNet/-
Computing in Cardiology Challenge 2011 [6] and compared quality scores.

5.2 Related Works
ECG analysis that both focuses on the heartbeat morphology as well its rhythm is a very powerful
tool in diagnosing certain cardiac conditions. The most important regions in the heartbeat are the
P wave, which is usually between 120-200ms is typically small in time and amplitude, and positive
relatively to the isoelectric line. The P wave is then followed by the QRS complex, which comprises
the Q, R and S peaks. The most important component in the QRS complex is the R peak, which
is always present on all leads. However, some peaks, like the Q peak, may be harder to detect or
invisible in some leads. The QRS complex usually has a duration between 80-112ms [161]. R peak is
the common way to delineate the heartbeat by centering the peak in a window of -400ms to +600ms
equivalent 1-second containing 500 time-points. [161]. The QRS complex is followed by the T
wave and typically last between 350ms to 430ms [161]. Longer duration for any of the regions
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may lead to heart rhythm disruption or result in cardiac disorders. Extracting those regions from
the heartbeat is important to develop automated diagnosis tools, localized analyses or interpretability
algorithm. In 2021, Prifti et al. [46] proposed a novel DL approach based on a DenseNet [134]
architecture to evaluate the occurrence risk of a particular type of arrhythmia, Torsade-de-Pointes
(TdP) [136][137][46]. The method topped a 98% accuracy in predicting the footprint of a drug known
to increase the risk of TdP. They went further in interpreting the model’s output using an approach
based on input perturbation (i.e. occlusion) to compute a feature importance score. To summarize
the feature importance score in relation to a prototype heartbeat of the studied condition [162][46],
the authors used a segmentation approach on the ECGs and overlapped the feature importance score.
The method consisted on identifying the R peaks position and extracting a 1-second window for each
heartbeat. The visualization of the areas of interests was very useful to field medical experts as it
provided insights on how the model was performing classification.

Among the various SOTA methods for ECG segmentation, some rely on ML methods, which
require manual feature extraction along with digital signal processing techniques [154][163]. In their
survey, Roopa et al. [155] highlighted recent approaches for ECG segmentation, the main being
ML techniques, Hidden Markov models (HMM), neural network methods and genetic algorithms. In
their paper, Andreao et al. [153], introduced an approach based on HMM combined with wavelet
transformation. Their framework required a feature extraction step through wavelet transformation to
represent the original ECG signal in a scale-time space. Based on the extracted features they trained
several HMM models to match ECG waveform patterns. Their average precision for P wave, QRS
and T wave were 90.54%, 99.95% and 99% respectively.

Other methods based on Support Vector Machine (SVM) [164], Random Forest [165], Naive
Bayes [166] or even rule-based methods have shown significant results in segmenting ECGs. Martinez
et al [154] introduced a wavelet based method for segmenting ECG and achieved high performances
of overall sensitivity of 99.66% and positive predictivity (PPV) of 99.56%.

More recently, automated methods based on NN have shown significant results in segmenting
ECG. In 2021, Peimankar et al. [163] proposed a neural network based on long short-term memory
(LSTM) [167]. They used a preprocessing step for noise reduction and achieved F1 score of 93.01%,
99.45% and 96.12% respectively for P wave, QRS complex and T wave. Another study using NN,
Moskalenko et al. [168] proposed a method based on convolutional network (CNN) [169] with a
UNet architecture [157] trained n the PhysioNet LUDB dataset [6][159][160]. They achieved 97.8%
of F1-score for P wave, 99.5% for QRS complex and 99.9% for T wave.

One significant drawback of most segmentation methods is their tolerance to noise. Indeed, noisy
ECGs with baseline drift are extremely difficult to segment automatically. Besides cancelling noise
in ECGs, evaluating the quality of segmentation is crucial for analyses that strongly depend on it.
Most popular methods rely on wavelet transformation. In 2018, Zhao et al. [5] proposed a method
for evaluating the overall quality of the ECG based on heuristic fusion and fuzzy comprehensive
evaluation of the Signal Quality Indexes (SQI). They used simple heuristic fusion to extract SQIs and
determine the following SQIs: R peak detection match qSQI, QRS wave power spectrum distribution
pSQI, kurtosis kSQI, and baseline relative power basSQI. Then, combined with Cauchy distribution,
rectangular distribution and trapezoidal distribution, the membership function of SQIs was quantified,
and the fuzzy vector was established. The bounded operator was selected for fuzzy synthesis, and the
weighted membership function was used to perform the assessment and classification. Their method
produced three different modalities to assess the ECG quality : "Excellent", "Barely acceptable" and
"Unacceptable". Despite good performances, the quality estimation is global meaning an attribute is
given to the whole ECG and not to each heartbeat.

5.3 Methodology
This section covers our proposed methodology for segmenting ECG and computing quality scores.
We implemented an autoencoder (AE)-like architecture [170] to segment specific components of the
signal P wave, QRS complex and T wave. The architecture is based on the Fully Convolutional
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Network (FCN), UNet [157] architecture. To overcome noise interference, we trained and used a de-
noising autoencoder, our method DeepFADE, to significantly reduce it compared to the original ECG
signal, but also to correct baseline drift and other anomalies from the signal. ECGs were standardized
to avoid the problem of vanishing gradient and speed up training with faster convergence.

ECGstandardized =
ECG−mean(ECG)

std(ECG)
(5.1)

Traditional segmentation NN require large datasets with heavy network architectures involving
contracting convolution layers where downsampling is progressively applied. In their paper [171],
Ciresan et al. introduced a NN consisting of successive convolutional, max-pooling and fully con-
nected layers, which they trained to segment bio-medical images on 3 millions samples. Although
they achieved good performances, the network required a very large number of samples, which are not
always available for most studies. To counter this issue, in 2015 Ronnerberger et al. [157] published
a new approach for segmentation using FCN. The network was based on an AE-like architecture and
was designed to operate with smaller datasets. The structure of the network is similar to AEs with a
first part that compresses the input (the contracting part), and the second part of the network, which
is symmetric to the first part and up-samples specific features (the expansion part). Unlike AEs, the
up-sampling process is performed by deconvolution [172] layers and skip connections are made be-
tween the contraction and expansion part. In fact, in the later, each layer takes as input previous layer
as well as the corresponding symmetric layer in the contracting part. This connection between each
symmetric layer of the two parts allows the expansion process to increase the resolution of the output
and to :

• recover lost features and propagate context information to higher resolution layers

• capture precise localization of target areas during expansion

• assemble more precise output based on the information from the contracting part

By doing so, this method requires much less data for training. Beyond images, this method has already
been used for ECG segmentation. Moskalenko et al. [168] used this architecture for segmenting
ECGs. Despite having good performance, this method can lead to degraded performances when the
noise on the signal increases significantly.

We capitalized on this work, which was the starting point of our approach. First we preprocessed
the ECG for noise cancelling and baseline drift correction. Then we trained three NN dedicated to
each component : P, T waves and QRS complex. Each NN is a lightweight UNet model trained for
specific area segmentation which outputs precise localisation of components even with significant
noise in the initial ECG. Each network as illustrated in Figure 49, is composed of :

• Contraction part

– 5 successive convolution blocks witch each made of : [1D convolution, batch-normalization,
Leaky ReLU activation, dropout] x 2, max-pooling

– all convolutions have a kernel size of 5, padding of kernel//2 and strides of 1, filters start
at 32 and grow after each blocks by a growth_rate hyper-parameter

– the max-pooling steps are : 2, 2, 2, 5, 5. At the end of contraction the signal is encoded
from 5000 points to 25 points

– dropout

– 2 successive convolution blocks

• Expansion part

– symmetric blocks and layers as of contraction part
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– max-pooling is replaced with deconvolution

– each layer takes as input a concatenation of previous input and symmetric contraction
layer

– output is made of two consecutive convolution block with 8 filters and 2 filters, the final
activation is the Softmax function which gives a confidence score for each point of the
mask whether it belongs to the target area or not. The final output for each model has the
shape of (x, 5000, 2), where x is the number of samples.
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Figure 49: Architecture of the segmentation models: the left red side corresponds to the contraction
part where convolution layers and successive down-sampling operations are applied to an initial vector
size of 5000 time-points which is contracted to 25 time-points. The contracted space is then expanded
through the expansion part in the right side in green color through deconvolution layers which are outputs
are concatenated to symmetric contraction layer.

5.3.0.1 Training Process

Data used for training are ECGs where labels are binary masks in which 1 correspond to coordinates
of P wave onset, P wave offset, Q, R, S, T wave onset and T wave offset and 0 otherwise. Each NN
model outputs a mask of 5000 values interpreted as a confidence score of belonging to the target area.
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5.3.0.2 Loss & Metric Functions

We used the Dice Coefficient (F1-Score) as accuracy metric. Dice Coefficient is a statistic method to
evaluate similarity or overlapping between two samples. It’s equation is given by :

Dicecoefficient =
2 ∗∑N

i (Ymask ∩ Ŷmask)∑N
i Ymask +

∑N
i Ŷmask + ϵ

(5.2)

Along with Dice Coefficient we used the Dice Loss, which is commonly used in the field of
medical data segmentation and is given by :

Diceloss = 1−Dicecoefficient(Ymask, Ŷmask) (5.3)

5.3.0.3 Computing Quality Score Of The Heartbeat

Within our framework, we implemented an algorithm to detect outliers/misplacement in predicted
mask. Its main goal is to discard false positive P and T wave onsets and offsets, Q and S peaks. We
assume R peaks are correctly identified as shown in our results below. The algorithm is described as
follows :

• Segment each beat by centering the R peak on a 500 point window (1s) with -400ms and
+600ms from the R

• Compute average QRS and standard deviation values

• Compute average distances and positions for P and T wave (onsets and offsets) relatively to R
peak on all beats

• For each beat we discard Q peak after R peak and S peak before R peak, we compare the
remaining with previously computed average distance and discard the ones that doesn’t fit

• For each beat we apply the same pattern for P and T wave coordinates to discard wrong coor-
dinates

To compute a quality score of the ECG, an extension of the outlier discarding process was made. In
fact, we calculated an average representation for T wave, P wave and QRS complex on each single
ECG and on the whole dataset along with standard deviation. For each beat of the ECG we then
interpolated the distance between QRS complexes, T waves, P waves. To avoid errors that might be
induced by arrhythmia thus tampering with the distance between segments, we computed average
distances based on all ECGs and also took into account relative distance between P, T waves and QRS
complex. The algorithm output is a scoring vector of the same length as the ECG which values range
from 0 to 1. This score relies heavily on the segmentation outputs as it uses segment coordinates to
compute distances. The global framework pipeline is illustrated in Figure 50.

5.4 Experimental Framework And Results

5.4.1 Datasets
We used Physionet databases QTDB [158][6] and LUDB [160] for training, validating, evaluating
and testing all three models. The QTDB dataset contains 105 ECGs of fifteen minutes long recorded
on two leads. They are all annotated with onset, offset of P, T waves and markers of QRS complex.
Fifteen-minute recordings were divided into 10-second chunks. Both leads were used independently
for a total number of 18900 samples. The LUDB dataset contains 200 10-second ECG recordings
on 12 leads for a total of 2400 samples with single leads. Both datasets were structured into smaller
partitions for the training and validation processes. Table 12 details datasets partitions. To evaluate the
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Figure 50: ECG segmentation framework.

performance of the quality scoring algorithm, we tested it on the PhysioNet/Computing in Cardiology
Challenge 2011 [6] dataset. It contains 10-second ECGs sampled at 500Hz, each ECG was reviewed
by a group of 3 to 18 annotators working independently, they average grades were combined in 3
groups: acceptable, indeterminate and unacceptable. Approximately 70% of the collected records
were assigned to group 1, 30% to group 3, and fewer than 1% to group 2. Due to extremely low
number of samples, group 2 was discarded and only acceptable and unacceptable qualifications were
considered.

P, T Wave, QRS Complex Segmentation

Holdout
Experimentation

Training Validation Evaluation

Samples
21300

(10%) 2130 (75%) 15975 (5%) 1065 (10%) 2130

Table 12: Datasets Partitions

5.4.2 Training & Hyper-Optimization
We performed a hyper-optimization process to find optimal combination of parameters specific to each
of the three final models, which share the same architecture. Table 13 relates all hyper-parameters
that were explored. We used the grid search algorithm to test different combinations. The validation
partition dataset was used while training to assess progression of models performances. We set the
maximum number of epochs to 400, although early stopping callback was used to monitor validation
loss and stop training after 20 consecutive epochs without improvements. Adaptive learning rate was
used for the optimizer with a reduction factor of 0.5 and a patience of 10 epochs while monitoring
validation loss. The evaluation partition dataset was used to evaluate best model candidates and select
the best ones. Adam optimizer was used for each model with a fixed batch size of 128 split across 2
GPUs.
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Parameters Description Value

Initial filters Number of initial filters for first convolution layer 16,32,64

Growth Rate Rate by which convolutions filters are increased 2,12,24

Pool Steps Vector of max-pooling steps. Each value correspond to a
pool-size step

[2,2,2,5,5],
[2,2,2,5],
[2,2,5,5]

Dropout Rate Fixed dropout rate 0, 0.2, 0.5

Kernel Fixed kernel size for all convolutions 3, 5, 7

Activation Fixed activation function ReLU,
LeakyReLU
(alpha = 0.1)

Learning rate Adam optimizer initial learning rate 0.01, 0.001,
0.0001

Table 13: Hyper-parameter optimization

Postprocessing: The model architecture outputs a mask of shape (x, 5000, 2), where the first
dimension is the number of samples, the second dimension corresponds to the time-points and the
last dimension is a softmax value between 0 and 1. The first value corresponds to the score of the
corresponding time-point not overlapping the target area whereas the second value corresponds to the
score of the corresponding time-point overlapping the target area. Time-points of the mask, whose
non-overlapping score with target area is > 0.5 are set to 0, so time-points which are not set to 0
corresponds to segmented area.

Evaluating ECG Quality Score: After training all three models, we computed a quality score
per beat based on segmented data, specifically : Q,R,S peaks and P,T waves. Despite prepossessing
ECGs with DeepFADE, some parts of the ECG were not successfully recovered or reconstructed.
Therefore, we used quality score to discard malformed ECG beat with a threshold of 0.5.

Computational Resources And Code: All NN were implemented in both Tensorflow 2.x and
Apache MXNet 1.9 with python 3.8.10. Computations were performed on an HPC cluster consisting
of : 4 GPU Nvidia Tesla P100 with 12 GB of memory, 3 GPU Nvidia Tesla T4 with 16 GB of memory,
104 CPU cores of 2.20 GHz and a total of 504 GB of RAM. A parallel and distributed model training
process across the cluster in was implemented in Cython. The code is available in a dedicated gitlab
project.

5.4.3 Results and Discussion
The three best specific models scored the following F1 Score (Dicecoefficient): P Wave (98.89%),
QRS Complex (99.99%) and T Wave (99.87%). These performances are computed prior to discard-
ing malformed beats. Denoising and restructuring of ECG before segmenting improved even more
performances as the models are less affected by noise interference, which may lead to misrepresenta-
tion of the ECG by the models. In fact the DAE, DeepFADE was able to denoise ECGs corrupted with
noise of signal-to-noise-ratio (SNR) 25, denoised ECG SNR was 24.567. DeepFADE also success-
fully removed baseline drift and reconstructed parts of the signal that were malformed. To assess the
contribution of preprocessing ECGs before segmenting, we added additional noise to ECGs and tested
trained models. Table 14 details comparison between raw ECG and preprocessed ECGs where as Fig-
ure 51 illustrates a denoised and segmented ECG. After segmentation, quality scores are computed
and compromised beats are discarded to ensure that further analyses only use accurately segmented
and exploitable beats. Figure 52 presents a segmented ECG with quality scores.
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Figure 51: Corrected and segmented ECG with P, T waves and QRS complex. The signal is pre-
possessed through DeepFADE for noise cancelling and baseline drift removal. The clean ECG is then
segmented and outliers are discarded to ensure precise results.
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Figure 52: Segmentation with quality score per beat: beat 1, 2 and 3 are colored in red as their quality
score is low.
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No DAE DAE

P QRS T P QRS T

Normal
ECG

F1 (%) 98.08 99.99 99.58 98.89 99.99 99.87

Diceloss 0.020 0.0001 0.004 0.011 0.0001 0.001

Noisy
ECG

F1 (%) 94.28 97.49 96.43 98.75 99.87 99.65

Diceloss 0.054 0.026 0.035 0.012 0.001 0.003

Table 14: Comparing segmentation models with DeepFADE and without

In Table 15, we compare our method to SOTA approaches with well known metrics: sensitivity
or recall denoted Se, positive predictive value or precision denoted PPV and F1-Score. They are
formulated as:

Se =
TP

TP + FN
(5.4)

PPV =
TP

TP + FP
(5.5)

F1 = Dicecoefficient =
2 ∗∑N

i (Ymask ∩ Ŷmask)∑N
i Ymask +

∑N
i Ŷmask + ϵ

=
2 ∗ SE ∗ PPV

SE + PPV
(5.6)

Sensitivity (%) Precision (%) F1 Score (%)

Method P QRS T P QRS T P QRS T

Mosalenko et
al.[168]

98.03 100 99.22 97.71 99.93 99.41 97.87 99.97 99.56

Peimankar et
al.[163]

96.53 99.70 98.75 89.74 99.19 95.44 93.01 99.45 96.12

Abrishami et
al.[173]

90 95 92 92 94 90 91 94 91

Our method 99.67 100 99.85 98.12 99.98 99.89 98.89 99.99 99.87

Table 15: Comparing ECG Segmentation Methods

The best SOTA segmentation method which consists of a single model to segment P, T waves and
QRS complex achieved respectively 97.8%, 99.5% and 99.9%. Their model was trained and tested
of the PhysioNet LUDB dataset, which contains relatively clean ECG signals. Although their model
performed very well, when corrupting the ECG with noise and added additional baseline drift, the F1
score dropped to: P Wave (89.1%), QRS Complex (92%) and T Wave (91%). Our approach achieves
better performances on normal ECG and remain stable even on noisy ECGs.

Quality scores are evaluated on the Physionet dataset [6] and compared to method [5] on Figure
53. In Table 16 we notice better performances from our method however is prone to errors with
low precision score and high false positive. However one must note that our approach overestimates
quality as it is performed on clean ECGs preprocessed with DeepFADE. Further improvements would
involve better support for abnormal rhythms as the method tends to be less precise on arrhythmia
ECGs. NN could also be used along with the output of segmentation models to improve generalization
on different ECG categories.
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Figure 53: Comparing our quality scores with the Zhao [5] method on the Physionet/Computing in
Cardiology Challenge 2011 dataset [6]

Method Sensitivity (%) Precision (%) F1 Score (%)

Our Quality Score
Method

97.0 85.7 91

Zhao 49.6 91.4 64.3

Table 16: Comparing quality methods

5.5 Conclusion
In this chapter, we introduced a novel framework designed to enhance the analysis of electrocardio-
grams (ECGs) by providing accurate segmentation and quality score calculation. The framework
aims to facilitate localized analyses on ECG signals, particularly where the examination of specific
regions is crucial to interpret. To achieve this, our method incorporates several key components. The
first component is our segmentation model, which outperforms state-of-the-art (SOTA) approaches in
identifying crucial components of ECG signals. This advanced segmentation allows for more precise
examinations of ECG signals and lays the groundwork for additional localized analyses. Next, we pre-
processed the signals before segmentation with our denoising deep autoencoder (DAE), DeepFADE.
DeepFADE is designed to effectively cancel noise and partially reconstruct corrupted waveform. By
doing so, it ensures that the segmentation process remains consistently accurate even in the presence
of noise or other distortions. To further enhance the utility of our framework, we have also developed
an algorithm that computes a score vector for the entire ECG based on the segmentation results. This
metric evaluates the quality of individual beats within the ECG and is specifically designed to avoid
interference and errors in related analyses. By providing a reliable measure of ECG quality, this algo-
rithm allows us to develop further methods focused on specific beats quality thus avoiding low quality
beats that could induce non-negligeable bias. Our comprehensive framework combines advanced seg-
mentation techniques, noise reduction through DeepFADE, and a quality score algorithm to deliver
an enhanced ECG analysis. By providing accurate segmentation and quality assessment, this method
sets the stage for further localized analyses on ECG signals and has the potential to improve patient
care and outcomes.





Conclusion

ECGs, or electrocardiograms, are a valuable tool in medical diagnosis. This non-invasive test records
the electrical activity of the heart over a period of time, helping to identify potential heart diseases.
With the significant progress in the field of deep learning, automatic identification and classification
of ECG pathologies have been considerably improved.

To understand how diagnoses are made from ECGs, it is important to first understand its basic
structure. An ECG tracing primarily consists of P waves, QRS complexes, T waves, and occasionally,
U waves, each representing a specific electrical event in the cardiac cycle. The P wave corresponds to
the atrial depolarization, or the electrical activation of the atria that results in atrial contraction. Fol-
lowing the P wave, the QRS complex represents the ventricular depolarization, initiating ventricular
contraction. The T wave subsequently corresponds to the ventricular repolarization, or the restoration
of electrical charge, in preparation for the next cycle. The U wave, though not always seen, typically
follows the T wave and may represent further ventricular repolarization.

The most commonly found pathologies in ECGs include arrhythmias, myocardial infarction, and
hypertrophy (cardiomyopathies). Arrhythmias refer to abnormal heart rhythms and can be further cat-
egorized into numerous types such as atrial fibrillation, ventricular tachycardia, and sinus bradycardia,
among others. Arrhythmias are characterized by irregularities in the heart’s rate or rhythm, which can
be reflected in ECGs through inconsistent intervals or abnormal waveforms. Myocardial infarction
(MI), commonly known as a heart attack, involves a partial or complete blockage of the coronary
arteries, depriving the heart muscle of oxygen and nutrients. ECGs can indicate MI by showing ST-
segment elevation, Q-wave formation, or T-wave inversion. Cardiomyopathies, including left or right
ventricular hypertrophy, exhibit changes in the amplitude and duration of the QRS complex. This is
due to the increased muscle mass that comes with enlargement of the heart’s chambers, which in turn,
alters the path of the electrical signal.

ECGs are also invaluable in diagnosing electrolyte imbalances. For instance, hyperkalemia, or
high potassium levels, can cause tall, peaked T waves, while hypokalemia, or low potassium levels,
can result in flattened T waves and prominent U waves. The impact of ECGs on patient care and out-
comes cannot be overstated. ECGs are quick, non-invasive, and relatively inexpensive, making them
one of the first diagnostic tests done for patients with suspected heart disease. They can help guide
further testing, inform treatment decisions, and monitor the effects of medications or interventions.
Furthermore, ECGs provide a critical tool for real-time monitoring in critical care, perioperative, or
emergency settings. Here, immediate detection of arrhythmias or myocardial ischemia can guide
life-saving interventions. In community settings, the use of portable ECG devices is on the rise, par-
ticularly for monitoring arrhythmias. These devices allow for longer periods of recording, increasing
the chances of catching sporadic events.

Despite the widespread usage and clear benefits of ECGs, they are not without their limitations.
They are largely dependent on the skill and interpretation of the operator. Incorrect lead placement
or misinterpretation of findings can lead to diagnostic errors. Deep learning, a subset of machine
learning, excels in pattern recognition tasks, making it a promising tool in the automatic classification
and detection of ECG pathologies, automatic segmentation, denoising and annotation.

Deep learning has demonstrated significant potential in various aspects of healthcare, including
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the interpretation of electrocardiograms. By utilizing complex neural networks designed to model
the way neurons interact in the brain, deep learning algorithms can process ECG data, learn from
patterns, and accurately classify different cardiac conditions. The key advantage of deep learning in
ECG interpretation lies in its ability to handle large volumes of data and detect subtle patterns that
might be missed by the human eye. As such, these models can improve the accuracy, consistency, and
speed of ECG interpretation, particularly when dealing with complex and rare arrhythmias.

Deep learning models commonly used in ECG interpretation include Convolutional Neural Net-
works (CNNs) and Recurrent Neural Networks (RNNs). CNNs are particularly useful for image and
signal processing. They employ filters that move across the input data, in this case, ECG waveforms,
to extract salient features. These features are then used to make predictions, such as classifying the
ECG into normal or indicative of a specific cardiac pathology. On the other hand, RNNs, and their ad-
vanced type, Long Short-Term Memory (LSTM) networks, are effective at processing sequential data,
making them ideal for time-series data like ECGs. RNNs have a ’memory’ that captures information
about what has been calculated so far, making them capable of recognizing patterns over time. LSTM
networks, in particular, can learn and remember over long sequences, making them highly effective
for ECG data where the context and sequence are important. Despite the promising performance of
deep learning in ECG interpretation, there are challenges to be addressed. One key concern is the
black-box nature of these models, which makes it difficult for clinicians to understand why a certain
prediction was made. This lack of interpretability can hinder the adoption of deep learning tools in
clinical practice. Efforts to enhance the interpretability of deep learning models include techniques
like saliency maps and occlusion. These techniques visualize which parts of the ECG were most
influential in the model’s decision, thereby providing insight into the model’s workings.

In our study, we aim at proposing and developing a new method for providing understandable
interpretation of the model’s decision process by finding relevant markers in the input signal. We
focused on specific cardiac condition, Torsades de Pointes (TdP). TdP is a unique type of polymorphic
ventricular tachycardia, characterized by a shifting sinusoidal wave form on the ECG. It has the
potential to turn into more serious conditions such as ventricular fibrillation and sudden cardiac death.
The name Torsades de Pointes, French for ’twisting of the peaks’, is derived from the distinctive ECG
appearance of this condition. The QRS complexes appear to twist around the isoelectric line, with
a changing polarity and amplitude. TdP is frequently linked to an abnormal prolongation of the QT
interval. This interval, measured from the beginning of the QRS complex to the end of the T wave
on an ECG, represents the time taken for ventricular depolarization and repolarization. When this
duration is extended, it signifies that the heart muscle is taking longer than normal to recharge between
beats, creating an electrophysiological environment that can lead to the development of TdP. Because
real life TdP cases data are rare, we used a surrogate approach. A particular drug, Sotalol known
to prolong ventricular repolarization through IKr inhibition, which can lead to Torsade de Pointes
(TdP), was used as a surrogate for IKr blockade, the major mechanism by which drugs cause QTc
prolongation and predispose to TdP. The ECGs were recorded as triplicate constituting the Generepol
cohort. The clinical protocol recordings consisted of several recordings before administration of the
drug (basal, inclusion, SotT0) and other recordings after injection up to 6 hours (SotT1 to 6). In
this dataset, each ECG contained 8 leads (I, II, V1-V6). The experiment was performed on healthy
volunteers. From these data, we developed a neural network approach to predict the indirect risk score
of developing TdP based on the presence of Sotalol biologic markers on the ECG. More specifically,
tTe models were designed to predict Sot+ (having received Sotalol, as a surrogate for IKr blockade)
and Sot- classes (normal ECG before Sotalol intake). Two categories of models were developed, one
using all 8 leads and another one trained on single lead. Results showed that both categories reached
high performances (> 92% of accuracy). To validate the models we tested them on additional cohorts,
cLQT ECGs and real life drug induced TdP events (diTdP). The cLQT cohort contained ECGs from
patients having congenital Long QT syndrome (1, 2 and 3). Congenital Long QT Syndrome (cLQT)
comprises genetic cardiac disorders that can cause life threatening arrhythmias due to a prolonged
QT interval on the ECG. cLQT1, the most common form, results from a mutation in the KCNQ1
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gene affecting the Kv7.1 potassium channel. It often manifests symptoms during exercise or stress.
cLQT2 arises from a mutation in the KCNH2 gene impacting the Kv11.1 potassium channel. cLQT3
is due to a mutation in the SCN5A gene that alters the Nav1.5 sodium channel, typically leading
to arrhythmias during rest or sleep. Prolonged QT can be caused by cLQT thus possibly leading
to TdP event. Individuals with cLQT2 are more prone to developing TdP. This risk stems from
the underlying genetic mutation in the KCNH2 gene which encodes the Kv11.1 potassium channel.
This mutation results in impaired repolarization, thus prolonging the QT interval on the ECG. The
models were capable of discriminating ECGs from cLQT2 patients. This is particularly noteworthy as
cLQT2 shares the same pathophysiological mechanism of IKr blockade with sotalol-induced LQTS.
This result has potential clinical applications such as screening incoming patients for cLQTS and
discrimination of types. The models were also tested on real TdP cases (drug induced) and showed
good performances although it was lower than the ones obtained on the Generepol cohort.

To better understand the model’s predictions and to find relevant markers in the ECGs responsible
for the prediction, we applied interpretability tools to the models. Interpretability of AI models holds
a pivotal role in understanding, explaining, and validating the workings and decisions of these models.
It serves as the bridge between raw computational processes and human cognizance. This quality of a
model is a measure of how well humans can understand the cause-effect relationships in the model’s
operation and outputs. It also includes the ability to predict the model’s behavior based on changes
in its input. In our context, this black box problem can have significant implications. Without in-
terpretability, clinicians and researchers may hesitate to rely on these models, despite their accuracy,
because they can’t fully understand or explain the reasoning behind a given diagnosis. Trust in a
diagnostic tool is crucial, particularly in healthcare, where decisions can significantly impact patient
outcomes. Interpretability, in the context of ECGs means providing clinicians with an understandable
correlation between the model’s input (ECG signals) and output (diagnosis or prediction). In the case
of TdP risk prediction, if the model determines that a patient’s ECG indicates high risk, an inter-
pretability tool could highlight the specific ECG segments or features that led to this conclusion. We
started by testing state-of-the-art intepretability methods like occlusion. It is a type of perturbation-
based method, where parts of the input ECG are systematically blocked or ’occluded’ (replacing parts
of the signal with zeroes or mean value) to see how the model’s output changes by computing the delta
between the initial prediction and the occluded ECG prediction. The basic idea is to determine which
parts of the input data are most important for the model’s decision by checking how much the output
changes when each part is removed. When tested using the 8 leads model, the results were not un-
derstandable as the model combined all 8 leads together making it difficult to understand which parts
of which lead contributed to the prediction. However, the single lead model trained on a specific lead
of the ECG provided more understandable interpretability annotations. It highlighted segments of the
ECG that are known to contribute to long QT diagnosis. The annotations also showed the progression
over time of the importance of these segments. This novel work on TdP provides a new way of pre-
dicting TdP events combined with annotations to the clinicians. This approach increases trust in our
methods. Despite these results, the interpretability annotation lacked precision and in some cases it
was difficult to understand and interpret. Also, the technique used, occlusion, showed critical limita-
tions. In fact, occlusion is limited to local explanations. It provides an understanding of the model’s
behavior on a specific instance (ECG), rather than a general understanding of the model by taking
into considerations the particularities of multiple ECGs thus interpreting a general class or group of
data. It helps understand which parts of a particular ECG were important for a model’s decision, but
it doesn’t necessarily tell us about the model’s decision making process in general. Furthermore, it
doesn’t account for context. Occlusion doesn’t consider the context around the occluded region. In
many models, the decision is based on the relationships between different parts of the input, not just
on individual regions. By occluding part of the input, we disrupt this context, which might cause the
model to behave differently than it would under normal circumstances. Other approaches, gradient-
based methods like saliency maps or integrated gradients, while valuable, offer an indirect form of
interpretability and often leave questions about how specific data parts contribute to the target class
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prediction.

To tackle these challenges, we proposed and developed a new approach as an evolution of the oc-
clusion technique, Evocclusion. Our novel method relies on multivariate transformations of the input
data in order to take into account the relationships between different parts of the input. The nature
of input transformation/perturbation is crucial as it can cause out-of-distribution situation where the
model has not been trained on the resulting transformed input and therefore could predict randomly.
We designed a prototype-based approach where we compute a representative ECG for each patient
and each class. These prototypes have shed the light on the particularities of each group of ECG
particularly in our TdP analysis on the Generepol cohort. Prototypes showed the prolongation and
amplitude reduction of the T wave over time when Sotalol is administered and we also noticed change
in the P wave and QRS complex specifically at the S peak. These variations have been validated by
cardiologists and are known markers of prolonged QT. In Evocclusion, we use these prototypes to
transform an ECG thus translating it into a different class, from basal to SotT6 and observe how this
transformation impacts the model’s prediction. We also used standard occlusion technique for trans-
forming the ECG by replacing parts of the signal with zeroes or prototype’s corresponding values.
To explore the broad possibilities of transformations combinations, Evocclusion relies on a Genetic
Algorithm. Genetic Algorithms (GAs) are search algorithms rooted in the principles of natural selec-
tion and genetics. They are designed to solve optimization problems, using a population of potential
solutions, or ’individuals’. Each individual has encoded genes. The fitter individuals, measured by
an objective function, have a higher probability of being selected for reproduction. The GA pro-
cess begins with a randomly generated population. Each iteration or ’generation’ involves selection,
crossover, and mutation. During selection, individuals are chosen based on their fitness to contribute
to the next generation. In the crossover phase, pairs of individuals combine their chromosomes to
produce ’offspring’, inheriting genes from each parent. Mutation involves random alterations in the
offspring genes, adding diversity and avoiding local optimum solutions. GAs are highly useful in
solving complex optimization and search problems, especially where the solution space is vast and
poorly understood. In the case of Evocclusion, individual’s genes encode transformations to be made
on the input data. Each individual have multiple transformations, the GA evolves at finding powerful
and meaningful transformations that flips the model’s initial prediction closer to the opposite class
while minimizing the required amount of transformations. This allows the method to search for com-
bined transformations thus taking into consideration the inter-dependencies of features. The method
is optimized to reduce its resources consumption footprint. This multivariate approach overcome
the challenges of common state-of-the-art methods and provides a more understandable intepretra-
bility annotation particularly when using prototype based transformations. The interpretability is
produced in two forms. Firstly, a feature importance is computed based on gradients variations to as-
sess the impact of best transformations on the model and secondly, the delta between initial prediction
and transformed ECG prediction provides more accurate annotations of the input data. Results have
shown significant performances and the ability to interpret not only single ECGs but a whole global
class of ECGs, thus giving clinicians more insight on their data and the model’s decision process and
potentially leading to the discovery of new patterns. Actual work involves validating and improving
prototype based transformations to find counterfactual that can explain a cause to effect relation on the
input data. Validation process is not only performed on TdP dataset but on other studies as well and
beyong ECGs including images. The potential and implication of this novel method are considerable
as it can provide adapted patient’s data interpretability and contribute to adaptive treatment. It can
provide a better understanding of the patient’s data over time and improve diagnosis. Evocclusion is
also tailored to focus on some part on the input, in our case, ECGs. It focuses more on known areas
of interest such as P, T waves and QRS complex. To achieve this, we developed tools to remove noise
from the signal and accurately segment the signal.

Denoising and segmentation are two critical stages in the process of ECG signal processing and
analysis. Their significance lies in the fact that they facilitate the extraction of useful information from
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ECG signals, aiding in the detection of various heart conditions. ECG signals, which represent the
electrical activity of the heart, often contain noise due to various internal and external sources. This
noise can mask the underlying heart signal and make it challenging to interpret the data accurately.
The primary sources of noise include power line interference, muscle contractions, respiration, and
patient movement. Denoising aims at removing or reducing this noise while preserving the true heart
signal. Several methods have been developed for ECG signal denoising. Among the most common
are filtering techniques, such as low-pass, high-pass, and band-pass filters. These filters remove fre-
quency components outside of a specified range, based on the fact that the ECG signal mainly lies
within a particular frequency band, while most of the noise is outside this band. However, filtering
techniques can sometimes distort the ECG signal, especially when the noise overlaps with the signal
in the frequency domain. To overcome this, more advanced methods, such as wavelet transform and
empirical mode decomposition (EMD), have been developed. Wavelet transform is a popular method
due to its ability to represent data at different scales, providing a more flexible and robust denois-
ing process. EMD, on the other hand, decomposes a signal into intrinsic mode functions (IMFs),
and noise can be reduced by selectively reconstructing the signal with these IMFs. However these
methods, most of the time are not adapted to the ECG waveform particularly when the signal is dete-
riorated. To improve noise reduction while minimizing the impact of feature removal from the signal,
we developed a neural network model, DeepFADE. DeepFADE, which stands for Deep Frequency
Amplitude Denoising Encoder aims at removing the noise from signal while reconstructing deteri-
orated parts and preserving at best the features present on the signal. A denoising autoencoder is a
specific type of artificial neural network utilized for learning efficient codings of input data, while be-
ing robust to noise introduced into the input layer. This neural network falls under the broad category
of autoencoders, which are used for unsupervised learning of efficient encodings. The architecture of
a denoising autoencoder is quite similar to a standard autoencoder. Both consist of an encoder and
a decoder. The encoder’s task is to transform the input data into a compressed representation, and
the decoder’s job is to reconstruct the original data from this representation. However, the critical
distinction is that a denoising autoencoder is trained to reconstruct the original input from a cor-
rupted version. To create the corrupted version of input, noise is deliberately introduced to the input
data. We used real life noise obtained from Physionet databases (electrode movement, muscle arti-
fact, baseline wander) as well as artificial noise (Gaussian noise at different SNR levels, -6dB, 0dB,
6dB, 12dB, 18dB and 24dB, destruction of parts of the signal, baseline wander) to corrupt the ECG.
DeepFADE was able to accurately reconstruct the signal while preserving at best features. However,
this method still presents important challenges; one of which is assessing the relevance of removed
noise. Although we consider it as noise, it could also be relevant features in the signal.

We primarily used DeepFADE to denoise signals in order to develop another accurate method
based on neural networks to segment ECG waveform. Segmentation of ECG signals involves the
division of these continuous time series into discrete segments that correspond to the different stages
of a heartbeat. The standard heartbeat in an ECG signal is composed of a P wave, a QRS complex,
and a T wave. Accurate segmentation of these components from an ECG signal is necessary for ef-
fective diagnostic and monitoring processes. Different methods and algorithms have been proposed
for the segmentation of ECG signals. Traditional methods often involve thresholding and windowing
techniques, or wavelet transforms to extract features. More recent advancements have seen the appli-
cation of machine learning techniques to this problem. Deep learning methods have shown significant
performances at segmenting ECGs. These models can automatically learn to extract useful features
from raw ECG signals, without the need for manual feature engineering. The learnt features are then
used to classify each point in the ECG signal into one of the wave categories (P wave, QRS complex,
T wave, or baseline). Despite these advancements, challenges remain in the segmentation of ECG sig-
nals. Noise and artifacts, such as baseline wander and electromyographic noise, can distort the ECG
signal and make segmentation difficult. Additionally, there is considerable variability in ECG signals
between different individuals and even between different heartbeats from the same individual. This
variability can make it challenging to develop a segmentation algorithm that performs well across
all ECG signals. To handle these challenges we developed 3 neural network models to respectively
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extract, P, T waves and QRS complex. Our method uses DeepFADE to remove noise from the signal
and therefore is also trained on noisy signals. This process improves the performances of the method
even with highly noised signals. Results have shown our approach surpass state-of-the-art methods.

Throughout our study we developed several novel methods around cardiac pathology diagnosis
with a use case of TdP. We developed these methods in close collaboration with cardiologists. Our
main contribution remains the new interpretability method, Evocclusion, which lays the path to the
exploration of a vast universe of data. These methods have significantly contributed to new collab-
orations with partners in different countries, particularly the University of Vandarbilt in the United
States. Moreover, we pioneered in 2020 a partnership with developing countries like Senegal specifi-
cally between UMMISCO and the cardiology department of the hospital Aristide le Dantec, our main
goal being to translate our new methods to these countries and to adapt them to their local challenges.
This adaption will also result in more robust methods adapted to different environments. They can be
embedded in portable or wearable devices that provide enhanced live patient monitoring. To make our
methods more accessible to a broader range of clinicians, practitioners and researchers, we initiated
translationnal projects. In fact, I, with the collaboration of researchers actively participated in men-
toring and supervising of engineering students to develop software applications/platforms that make
our methods usable with an intuitive human-to-machine interface. These software platforms improve
the impact of our novel approaches.
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