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Abstract

Cancer therapies are increasingly associated with cardiovascular complica-
tions, including atrial fibrillation (AF), which may remain clinically silent
while increasing morbidity and mortality. Early detection of conduction
abnormalities and repolarization changes is clinically important. Although
the 12-lead electrocardiogram (ECG) is the gold standard, wearable de-
vices recording single-lead ECGs offer opportunities for continuous remote
monitoring. However, interval measurements from wearable ECGs are not
fully validated. We developed and evaluated a transparent, clinically inter-
pretable deep learning (DL) framework for automated estimation of PR and
corrected QT (QTc) intervals from single-lead ECGs in oncology patients.
Daily recordings over 12 weeks from 40 lung cancer patients were analysed
using a U-Net-based DL architecture and compared with the NeuroKit2
algorithm. The method showed good accuracy for PR (mean absolute er-
ror (MAE) 14.3 ms vs 24.5 ms) and QTc (MAE 13.6 ms vs 19.1 ms), and
smartwatch ECGs agreed closely with paired 12-lead recordings. These
findings support automated cardiac interval quantification from wearable
ECGs and their potential in scalable remote cardiac monitoring in oncology
patients at increased arrhythmic risk.

Keywords: single-lead ECG, deep learning, U-Net, PR interval, QTc inter-

val, wearable ECG, cardio-oncology, atrial fibrillation.



Abstract in lingua italiana

Le terapie oncologiche sono sempre pil associate a complicanze cardiovas-
colari, tra cui la fibrillazione atriale (FA), che pu0 rimanere clinicamente
silente pur aumentando morbidita e mortalita. L'identificazione precoce di
anomalie della conduzione e alterazioni della ripolarizzazione ¢ quindi im-
portante. Sebbene I’ECG a 12 derivazioni sia il gold standard, 1 dispositivi
indossabili che registrano ECG a singola derivazione offrono opportunita
per il monitoraggio remoto continuo, ma le misurazioni degli intervalli non
sono completamente validate. Questo studio ha sviluppato e valutato un
framework di deep learning (DL) trasparente e interpretabile per stimare
automaticamente gli intervalli PR e QT corretto (QTc) da ECG a singola
derivazione in pazienti oncologici. Registrazioni giornaliere per 12 setti-
mane di 40 pazienti con carcinoma polmonare sono state analizzate con
un’architettura DL basata su U-Net e confrontate con NeuroKit2. Il metodo
ha mostrato buona accuratezza per PR (errore medio assoluto (EMA) 14.3
ms vs 24.5 ms) e QTc (EMA 13.6 ms vs 19.1 ms), con buono accordo tra
smartwatch e ECG standard.

Parole chiave: ECG a singola derivazione, deep learning, U-Net, inter-
vallo PR, intervallo QTc, ECG indossabile, cardio-oncologia, fibrillazione

atriale.
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1 | Introduction

1.1. Context and Motivation

Nowadays cancer is a very prevalent illness, accounting for about a 20
million of new cases in the 2022, according to updated estimates from the
International Agency for Research on Cancer (IARC) [13]. In particular,
lung cancer is the most frequently diagnosed cancer in 2022, responsible
for almost 2.5 million of new cases, or one in eight cancers worldwide
(12.4% of all cancers globally) [13]. Oncological patients are treated with
various types of therapy, such as chemotherapy and radiotherapy. Both
chemotherapy and radiotherapy have been shown to potentially induce car-
diac arrhythmias and electrophysiological disturbances, representing a real
complication of cancer treatments [14]. In this context, arrhythmias such
as atrial fibrillation (AF) are commonly observed during cancer therapies
[15], and are associated with worse clinical outcomes [16]. AF is the most
common sustained and serious cardiac arrhythmia in humans [17]; indeed,
it affects 1-2% of the global population [18]. As in the case for arrhyth-
mias in general, AF consists of an alteration of heart’s electrical activity.
Detection of AF is a hot topic because it increases the risk of heart failure,
dementia, stroke, myocardial infarction, and other-related complications,
resulting in a high rate of morbidity and mortality [19], [20]. Moreover,
AF often produces no symptoms and may go unnoticed by a patient; for

this reason, a reliable method is needed to detect early this type of disorder.
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Continuous monitoring allows early detection and timely intervention, re-
ducing the risk of severe complications, preventing therapy interruptions,

and improving overall patient safety and prognosis.

Electrocardiogram (ECG) is considered the gold standard for the AF de-
tection. Typically, an expert cardiologist can identify abnormal heart activ-
ities in ECG, which reflects the health status of the heart and helps classify
arrhythmias. In controlled environments, such as hospitals or clinical facil-
ities, 12-lead ECG 1is often used. At the same time, the high technological
development has enabled significant progress in wearable devices (WDs),
allowing ECG acquisition with only one lead: single-lead ECG. WDs for
ECG data acquisition emerged in 1980s, and in recent years, have become
more popular. Additionally, they are able to collect single-lead ECG wave
comfortably, even when the patients are not in the hospital [21]. Surveys
among cardio-oncology specialists have shown that mobile and WDs are
considered useful for monitoring cardiac rhythm in active cancer patients,
including AF detection. This shows that continuous at-home monitoring is
both feasible and recognized in clinical practice [22]. The most important

perceived barrier to devices implementation is their high cost.

Thanks to the rapid evolution of technology, it is now possible to im-
plement a continuous home-monitoring approach using single-lead ECG
recordings. However, so far, there are still limited established results re-

garding the quality of cardiac intervals extracted from single-lead ECG,
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that are relevant for AF research.

In addition, the literature review shows that existing projects focus both on
AF detection and AF prediction. These approaches are generally based on
end-to-end deep learning (DL) models, often considered as “black box”
systems. For this reason, there is still a lack of methods that are more closely
related to clinical practice, namely approaches that are more explainable,
transparent, and aligned with how clinicians interpret ECG data. In clinical
settings, this interpretation is typically based on specific time intervals (PR

or corrected QT, QTc), which are commonly adopted as biomarkers for AF.

Moreover, within the field of DL, only a limited number of studies address
scenarios with very scarce data. Few approaches combine the use of feature
extraction from ECG signals with a DL model, instead of directly applying

a DL model to raw data.

These research gaps represent the main motivations that led to the definition

and development of this work.

1.2. Objectives

The general aim of this project is to address the research gaps outlined in
the previous section, which have not been fully resolved from a scientific
perspective yet. To achieve this goal, several aspects related to the analysis

and processing of ECG signals have been explored.

The main idea is the development of an innovative DL algorithm for heart-
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beat segmentation, which allows the extraction of characteristic cardiac
events from an ECG signal. These events can then be used to calculate
cardiac intervals and other relevant biomarkers for the study of AF in a

transparent and explainable manner.

Building on this approach, the specific objectives of this project are as

follows:

* Develop an innovative deep learning algorithm for heartbeat segmen-

tation, allowing the extraction of characteristic cardiac events.

e Compute cardiac time intervals (PR and QTc) from the segmented

events.

* Combine ECG feature extraction with a DL. model to improve robust-

ness when handling low-quality or highly variable signals.

* Ensure reliable ECG signal assessment from WDs, improving accu-

racy, speed, and robustness compared to traditional methods.

» Evaluate the potential of continuous wearable ECG monitoring for

the detection of cardiotoxicity in lung cancer patients.
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In this chapter, we introduce the heart, focusing on its anatomy and blood
circulation in relation to AF. We also discuss the gold-standard technique
used to detect cardiac activity: the ECG, and the use of cardiac time interval
(CTI) measurements, which are useful for distinguishing between patient

groups with or without AF.

2.1. Anatomy of the Heart

The heart is the most crucial organ of the circulatory system. It pumps
blood to all parts of the body, providing oxygen and nutrients for their
proper function [1]. Especially, the heart works as a double pump [23],
ensuring blood circulation through the pulmonary and systemic pathways.
Indeed, the heart works as the central organ, inside an intricate network
of tubes called blood vessels, which carry blood to and from all parts of
the body [1]. Pulmonary circulation is the pathway through which blood
travels from the heart to the lungs, where gas exchange takes place: oxygen
enters the blood while carbon dioxide is removed. On the other hand, the
systemic circulation is the pathway that carries blood from the heart to the
rest of the body, delivers oxygen to cells, and removes carbon dioxide, as

shown in Figure 2.1.
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Lung capillaries

Pulmonary
artery

Pulmonary
vein

Vena cava

Capillaries surrounding the body cells, tissues, and organs

Figure 2.1: A diagram of the pulmonary and systemic circulation [1].

This double circuit ensures continuous oxygenation and an adequate distri-
bution of substances to support cellular functions. Examining the heart’s
anatomy helps to understand its structure. As shown in Figure 2.2, the
heart has four chambers: the upper chambers are called the left and right
atria, while the lower chambers are called the left and right ventricles. A
muscular wall, called the septum, separates the left and right atria, and the
left and right ventricles. This is because the heart is divided in the right
part and left part. The right part is involved in the pulmonary pathway,
while the left part is involved in the systemic pathway.

The blood flows through the heart via four valves (Figure 2.2) [2], which
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ensure unidirectional flow between the heart chambers and the vessels: the
tricuspid valve regulates blood flow between the right atrium and the right
ventricle; the polmonary valve lets blood flow from the right ventricle into
the pulmonary arteries; the mitral valve regulates blood flow between the
left atrium and the left ventricle; the aortic valve opens the way for oxygen-
rich blood to pass from the left ventricle into the aorta, the body’s largest

artery.

Superior

vena cava Pulmonary artery

- g®@—— Pulmonary vein

Left atrium

Right atrium Bicuspid valve
Tricuspid valve

Right ventricle Left ventricle

Inferior 1

vena cava Cardiac muscle

Figure 2.2: A diagram of the human heart and its main blood vessels [1].

2.2. Conduction System

Besides the heart’s anatomy, the conduction system is crucial for the cor-
rect flow of blood. It consists of electrical impulses from the heart muscle
(the myocardium) that trigger the heart’s contraction [2]. It is important

to note that both the anatomy and conduction system are relevant for AF,
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because the left atrium undergoes structural and functional modifications
at multiple levels; cellular, molecular, and tissue-level. Therefore, AF isn’t
merely an abnormal rhythm but can also be both a cause and a consequence
of anatomical and structural alterations [24]. The intrinsic mechanism of
cardiac rhythmicity allows continuous trasmission of electrical impulses
that coordinate the contraction of the heart muscle. This property is es-
sential to ensure an effective and continuous heartbeat, fundamental for
body’s circulatory function. The impulse-conducting system includes the

following components:

sinoatrial (SA) node
e atrioventricular (AV) node

¢ atrioventricular bundle of His

right and left branches of the atrioventricular bundle

subendocardial fibres of Purkinje

Normally, the heart’s pacemaker is located in the SA node. From there,
the electrical impulse spreads across the atria and reaches the AV node,
which slows conduction, causing the physiological delay between atrial

and ventricular activation, which appears on the ECG as the PR interval.

From the AV node, the impulse travels through the bundle of His, which

enters the upper part of the interventricular septum and then splits into the
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right and left branches. These branches further divide and form the Purkinje
network, which spreads throughout both ventricles, ensuring coordinated

contraction of the heart muscle (Figure 2.3).

Fibro-fatty atrioventricular
groove (separation of atrial
and ventricular myocardium)

Sinus node
(pacemaker)

Atrioventricular
node (delay)

Atrioventricular
bundle and branches
(insulated)

Purkinja fibres
(activation)

Figure 2.3: Basic structure of the cardiac conduction system and its relation

to the chambers and ECG cycle [2].

As mentioned a few lines above, AF significantly impacts the blood circula-
tion. Structural alterations in the left atrium caused by AF interrupt normal
electrical conduction and reduce the efficiency of blood flow throughout
the body. Mechanical and quantitative studies [25] show that AF can cause

tissue hypoperfusion, potentially leading to ischemia, organ dysfunction,
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and increased vascular risk. To detect AF, which involves both electrical
and mechanical disturbances, the ECG remains the standard diagnostic

tool.

2.3. Electrocardiogram and AF Detection

The ECG is the gold standard tool used for assessing heart activity. The tra-
ditional ECG consists of 12-leads, obtained using 10 electrodes, providing
an accurate and robust evaluation. It is usually performed in a controlled
environment such as a hospital or clinic. The 12-lead ECG allows a 3D
overview of the heart’s electrical activity and enables the diagnosis car-
diac conditions as infarction [26], [27]. However, with the technology
development, it is now possible to record ECG signals using WDs, such
as smartwatches, which permit continuous monitoring of cardiac activity
at home or during physical exercise. In this case, the recording involves a
single-lead with which the spatial information is reduced and the signal is
more prone to artifacts noise or insufficient skin preparation [28]. In this
study, we analyze electrocardiographic signals acquired from single-lead

ECG.

From the ECG signal, it is possible identify five fiducial points that are
useful for the analysis. These fiducial points correspond to specific wave
peaks: P, Q, R, S and T. Figure 2.5.

The ECG waveform reflects a series of coordinated electrical events within

the heart’s conduction system, representing the combined electrical signals.

10



2| Background

These signals originate from the propagation of action potentials across
cardiac cells, leading to changes in their membrane potential [29].

P wave represents atrial depolarization and the onset of atrial contraction.
The cardiac cycle begins with the firing of the SA node, which is not
visible on a typical ECG. Its depolarization spreads rapidly through both
atria, generating the P wave. In contrast, when AF is present, the organized
electrical activity originating from the SA node is replaced by chaotic and
disorganized atrial impulses. As a consequence, the P wave is absent and
is replaced by fibrillatory waves (F-waves - see Figure 2.4), which are

continuous, irregular, low-amplitude atrial waveforms on the baseline [30],

[31].
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Figure 2.4: Comparison of ECG features between (A) a normal subject

and (B) a patient with AF, showing AF characteristics in (B) [3].
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QRS complex represents ventricular depolarization and the onset of ven-
tricular contraction. Following the P wave, the ventricles depolarize, pro-
ducing the QRS complex. The first negative deflection is the Q wave, the
large positive deflection is the R wave, and the subsequent negative deflec-
tion is the S wave. When the QRS complex ends, the ventricles are fully
depolarized and contracting, while the atria have finished contracting and
are repolarizing.

T wave represents ventricular repolarization. As the ventricles repolarize
after contraction, the ECG signal returns to baseline, forming the T wave.
It is the last detectable potential in the cardiac cycle, followed by the P

wave of the next cycle.

2.3.1. CTIs extraction for AF

From the ECG and its fiducial points, it is possible to extract multiple
cardiac intervals. However, our focus will be on two specific intervals: PR
and QT (or QTc), as they are particularly relevant in the study of AF.

The PR interval represents the time between the onset of atrial depolar-
ization (start of the P wave) and the onset of ventricular depolarization
(beginning of the QRS complex). Indeed, this interval can also be referred
to as the PQ interval [32]. Epidemiological studies have shown that a
prolonged PR interval is significantly associated with an increased risk of

AF. Analyses indicate that a prolonged PR is linked to a higher likelihood

12
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of developing AF, confirming its predictive role in identifying individuals
at risk [33]. In a healthy population, the PR interval is typically less than
200-212 ms, according to Olbertz et al., [34].

The QT interval, particularly the QTe (QT-corrected for RR interval),
reflects the total duration of ventricular depolarization and repolarization.
Studies have shown that a prolonged QT interval is associated with an
increased risk of incident AF. Notably, each 10 ms increase in QTc corre-
sponds to a proportional rise in risk, indicating that even relatively small
changes in this interval can have clinical significance [35]. In a healthy

population, the QTc, corrected using the Fridericia formula

oT
VRR

T, = 2.1

is generally below 450 ms [34].

13
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QRS

Complex
R

PR Interval

QT Interval

ﬁ

Figure 2.5: P, QRS, T waves, PR interval, and QT interval on ECG signals
[4].

CTlIs, derived from ECG fiducial points, provide valuable measures for
studying cardiac electrical activity and for identifying potential predictors

of AF, particularly by focusing on PR and QTc intervals.

14
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3 | Literature Review

3.1. Research Aim

Once the problem is fully understood, the next step of this thesis is to
investigate how researchers in recent years have addressed the same issue;
namely, to identify which biomarkers can be obtained from ECG signals,
particularly single-lead ECG recordings, that are related to AF, and to un-
derstand the methods and algorithms used to obtain them. Among the
various biomarkers, the QT interval and the P wave represent two of the
most widely used and clinically relevant features to be analyzed.

The aim is to highlight methodologies that have been implemented and
compare the performance of previous studies. The research question that
defines the scope of this literature review section has therefore been care-
fully formulated as follows: “Which methodologies have been developed

to monitor the condition of a patient in real time using a single-lead ECG?”

3.2. Review of Atrial Fibrillation’s Detection

In recent years, many new approaches have been developed for the detec-
tion of AF, with the aim of improving patient outcomes. Thanks to the
rapid development of digital technologies, in particular artificial intelli-
gence, machine learning and deep learning, these methods have become
increasingly effective for medical signal analysis. Consequently, numerous

studies have contributed to the expansion of both scientific and clinical
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knowledge in this field. In this part of literature review, the focus is on
understanding how previous studies have achieved AF detection and on
comparing and analyzing the strategies used to build reliable models for

classifying AF.

The main aspects that differentiate these approaches, and therefore allow
meaningful comparison, include: the dataset used for the investigation, the
computational approach adopted (ML, DL or statistical methods) and the

features extracted from the ECG data for AF detection.

Based on the overall literature analysis, this section summarizes the most
relevant studies, highlighting the aspects that are most pertinent to this
work. It should be noted that the majority of the identified studies focus on
AF detection rather than prediction. Several authors have investigated AF
using single-lead ECG signals, primarily through ML and DL approaches.
However, statistical analysis methods have also been explored, albeit to a
lesser extent. Among these methodologies, DL based approaches appear to
be dominant. CNNs represent the most commonly employed architecture
within the DL domain. CNNs can be applied to data with grid-like structure
(2D 1images) or even sequences (1D time domain signals). Their sparse
connectivity and parameter sharing properties allow them to automatically
learn discriminative features from these kinds of data. In addition, some
approaches transform ECG signals into 2D time-frequency representations,

which can be processed as images by the CNNs. Within this framework,
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two studies are particularly noteworthy: Lai et al., 2019 [3] and Alam R et
al., 2023 [5].

3.2.1. Laietal., 2019

Lai et al. [3] proposed a model based on two parallel CNNs designed to dis-
tinguish between AF and non-AF signals. The outputs of the two networks
are subsequently combined to improve overall performance. Specifically,
the model uses two input channels: the RR interval series for the first

channel and the F-wave frequency spectrum for the second.

Conv Pooling Conv Pooling
Size:1*3 Size:1%2 Size:1*3 Size:1%2
RR interval Stride:1*1 Stride:1*2 Stride:1*1 Stride:1*2 BN
: 32
series —.I 32 96 9% 9% =
— = »
IIIIIIIlllIllI = i — " =L A connected
* Q
1+30 1%28 1*14 1*12 %6 1*6 % AF
<3
* =4 Type-N
1*500 1%244 1*122 i) 1%27  1%27 g L
\ | Fully-
i — F ¢ connected
,‘\«‘\ PL‘\‘MMUM“W%_ 2 % 9%
F-wave 32
frequency Conv Pooling Conv Pooling BN
spectrum Size:1*13 Size:1*¥2 Size:1*13 Size:1*2
Stride:1*2 Stride:1*2 Stride:1*2 Stride:1*2

Figure 3.1: Illustration of the proposed lightweight CNN by using rep-
resentative cardiac rhythm features, such as the RR intervals and F-wave

frequency spectrum, as input rather than raw ECG signals [3].

In contrast to approaches based on deeper architectures, this method em-

ploys a lightweight CNN that takes RR interval series and F-wave frequency
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spectra as inputs instead of raw ECG signals, without relying on explicit
electrophysiological assumptions. Although the network is relatively shal-

low, it achieves a final accuracy of 97.5%.

3.2.2. Alam R et al., 2023

Alam R et al., 2023 [5] proposed an alternative CNN-based application.
Unlike traditional classification tasks, their objective is the estimation of
QT intervals and heart rate using a single-lead ECG derived from a 12-lead
ECG dataset, given that QT prolongation can often lead to fatal arrhythmias.
The proposed model, named QTNet, is based on a residual neural network

architecture, as illustrated below.

RS V. P T L T L [ Fama
iy v s ot b - - f st e N+
{ ol : ’ e o | -

: A . i ’
I |
] . Res~ Res= Res~ Res~
i Cony BN ReLU —-I: block block Lok il I—’ GAP Dense ReLU Dense

Figure 3.2: QTNet architecture, input: Lead-I ECG (from 12-lead ECG)

sampled at 250 Hz, output: QT interval and heart rate [5].

For QT interval regression, the model was evaluated on four external
datasets, including publicly available databases. The results demonstrated
a strong correlation between the predicted values and the corresponding

12-lead reference labels across all datasets.
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The MAE for QT interval estimation ranged between 9 ms and 15.8 ms,
while Pearson correlation coeflicients varied between 0.899 and 0.914. In
comparison, QT interval estimation using a standard automated ECG anal-
ysis tool (NeuroKit2 [36]) yielded MAEs between 22.29 ms and 90.79 ms,

with Pearson correlation coefficients ranging from 0.345 to 0.620.

3.2.3. A.Lucaetal., 2016

Beyond DL-based approaches, it is also relevant to consider statistical
methods for AF detection. A. Luca et al., 2016 [6] proposed a statistical
approach to classify Normal Sinus Rhythm (NSR) and AF from single-lead
ECG signals by examining differences in specific ECG features between

subjects.

The study extracted several features based on P-waves and RR intervals.
Among these, the most discriminative features for identifying AF sus-
ceptibility were P-wave duration, the mean and standard deviation of the
beat-to-beat Euclidean distance between consecutive P-waves, and the sam-
ple entropy of RR intervals. Notably, the results show that their combined
use enables an efficient separation of the two populations and can therefore

serve as an effective tool for identifying patients at risk of developing AF.
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Figure 3.3: ECG characteristics features extracted from the lead II. The
mean (square) of each group is shown. The vertical lines delimit the mean

+ the standard deviation [6].

The statistical comparison was performed by using the Mann-Whitney U
test for unpaired data. Patients with a history of AF exhibited significantly
longer P-wave duration and higher mean and standard deviation of the beat-
to-beat Euclidean distance compared to the control group. On the other
hand, HRV analysis showed that patients with a history of AF had lower
sample entropy than patients without previous AF history, meaning that

RR intervals exhibited lower complexity in subjects with AF.

3.2.4. Discussion on Research

Although a substantial body of literature addresses AF detection and pre-
diction, relatively few approaches focus on developing models that are
transparent and explainable, and therefore closer to clinical practice. The

studies highlighted in this review provide several relevant insights.
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Lai et al. [3] suggest the use of extracted ECG features as inputs to a CNN.
However, this approach requires transforming the signal domain (e.g., from
1D to 2D), which introduces additional preprocessing complexity. From a
technical perspective, this study supports the use of CNN architectures with
feature-based inputs, although the approach remains largely “black-box” in
nature.

Alam R et al., 2023 [5] is relevant from both technical and clinical perspec-
tives. The study addresses QT interval regression, a clinically meaningful
parameter in AF research, and demonstrates the feasibility of adapting
CNN architectures to operate directly on one domain. A limitation is that
the single-lead signal is extracted from a 12-lead ECG, implying higher
signal quality compared to a truly single-lead acquisition. Furthermore,
Alam R et al.’s regression framework underscores the widespread use of
NeuroKit2 as a baseline benchmark for ECG interval estimation, because
NeuroKit2 relies on classical signal delineation to determine fiducial points,
while deep learning models such as QTNet use an end-to-end regression
approach.

Finally, A. Lucaetal., 2016 [6] despite not employing DL methods, provide
clinically relevant insights by emphasizing the importance of P-wave du-
ration in identifying AF history. This finding supports the consideration of
clinically interpretable time intervals, such as the PR interval, as potential

biomarkers to be extracted from ECG signals in the present study.
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Overall, the reviewed studies highlight existing gaps that this work aims to
address: the need to operate effectively with scarse data, to develop more
transparent and clinically interpretable approaches, particularly through
the analysis of clinically relevant CTIs, and to enable a home-monitoring

framework based on single-lead ECG signals.

For a detailed structural analysis of the reviewed literature, see Appendix 8.1.
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This chapter first describes the dataset and then explains the method used

in this study to obtain the final algorithm.

4.1. Dataset

The dataset was collected in collaboration with the Cardiac Department of
the Unidade Local de Satde Gaia e Espinho (ULSGE). It includes 40 lung
cancer patients, with 30% females and 70% males, aged between 42 and

80 years.

Variable Value

Female 30%
Male 70%

Age range 42-80 years

Table 4.1: Demographic characteristics of the study population.

All patients underwent oncological treatments such as chemotherapy or
radiotherapy. Each patient was provided with a Samsung Galaxy Watch5
for a period of three months, with the aim of recording single-lead ECG
signals daily, sometimes more than once per day. These recordings are
used to analyze the cardiac activity over time and to evaluate whether
pharmacological oncological treatments could induce changes in it, with

particular attention to the development of AF. Only two patients (the 3rd
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and the 40th) developed AF during the study, which makes the dataset
strongly unbalanced.

The dataset contains 6273 ECG single-lead recordings, sampled at 500 Hz,
each lasting approximately 30 seconds.

The study was conducted in accordance with the approved ethical protocol

(code 83-2024-1). Patients were included if:
* were aged 40 years or older.
* had no history of AF or atrial flutter.
* had signed informed consent.

» were candidates for chemotherapy that included at least one of the fol-
lowing agents: Crizotinib, Ceritinib, Osimertinib, Cisplatin, Carbo-
platin, Cyclophosphamide, Paclitaxel, Nivolumab, Pembrolizumab,

Ipilimumab, Gemcitabine or Pemetrexed.

The 40 patients included in the study presented various histological types
and stages of lung cancer. Some patients presented synchronous lung
tumors (two or more tumors in the same or contralateral lung). This het-
erogeneity highlights the diverse clinical profile of the study population,
providing a realistic context for evaluating cardiac activity in patients un-

dergoing oncological treatments.

Moreover, clinical information was collected for each patient, including

quality of life data, echocardiographic parameters, hemoglobin levels, and
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other clinical measurements. Importantly, 12-lead ECG recordings were
also acquired in the hospital using Mortara 350 or Mortara 250c machines.
These recordings were performed on the first day and on the last day (after
90 days) of the study and are used in this study as a reference standard to
validate the cardiac parameters extracted from the Samsung smartwatch

signals.

4.1.1. Data Quality

All single-lead ECG signals are stored in a .pkl file, a Python-specific
proprietary format [37], with the following columns: week (week of acqui-
sition - 4: first month, 8: second month, 12: third month), patient name
(patient ID), file (path of the file containing the ECG signal), and ECG
Signal (single-lead ECG amplitude values). After organizing the data into
a single file, signal quality assessment was performed. Initially, the first 5
seconds of each signal were discarded in order to remove acquisition arti-
facts occurring at the beginning of the recording. Then, the quality of the
remaining signal is evaluated. Among the available signal quality indices,
the pSQI index is selected. The pSQI is defined as the ratio between the
power spectrum P(f) of the ECG signal integrated in the 5-15 Hz band
and that integrated in the 5—40 Hz band:

[ P(pyar

4.1)
O PCryar

pSQI =
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According to the pSQI value, each ECG signal can be classified as follows:

optimal if pSQI € [0.5,0.8]

ECG | suspicious if pSQI € [0.4,0.5] 4.2)

unqualified if pSQI <0.4 or pSQOI > 0.8

In this case, to ensure the highest signal quality, the recording is divided
into consecutive windows of 15 seconds. The pSQI is evaluated for each
window, and the window with the best signal quality is selected among
the available candidates to improve the reliability of subsequent processing

steps.

pSQI Class (best window) Count

Optimal 1387
Suspicious 1635
Unqualified 3251

Table 4.2: Distribution of pSQI classes in the best window
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Figure 4.1: Plot of three single-lead ECG signals after quality assessment:

a) optimal, b) suspicious, ¢) unqualified.

Finally, the ECG signal considered for the study and further preprocessed

in the next section has a duration of 15 seconds.

4.2. Preprocessing

Before applying any algorithm to the dataset, a preprocessing step is re-

quired. The smartwatches used to collect the ECG single-lead signals have
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private documentation, and details on how they process the signals (for
example, any internal filtering) are not publicly available. For this reason,
we applied the following preprocessing steps to make sure that the input
is consistent and reliable for the next stages. Below, we provide a detailed
description of each preprocessing step. First, the dataset organized with
the following columns week, patient name, file, ECG signal is standardized

using:
e /-Score Standardization:

x. n — .
aln] — gn) = T
X,

This operation ensures mean(X;[n]) = 0 and std(%;[n]) = 1 for each signal.
The signals %;[n] were then processed with filtering operations:

1. Notch Filter at 50 Hz: an IIR notch filter with quality factor Q = 30
was applied to remove power-line interference at 50 Hz. Then, zero-

phase filtering was performed using a forward-backward method:
yiln] = filtfilt({by}, {ar}, £i[n]).

2. Bandpass Butterworth (0.5-100 Hz): the informative content of an
ECG signal is mainly between 0.5 Hz and 100 Hz. Therefore, to
study the signal in the relevant range, a Butterworth bandpass filter

was applied. This filter keeps only the frequencies within the selected

28



4| Materials and Methods

band, removing all components below 0.5 Hz and above 100 Hz.
The signals were filtered using a 6th-order Butterworth filter with

fiow = 0.5 Hz and fhign = 100 Hz.

3. Median Removal: finally, for each signal the sample median is sub-

tracted to remove any DC offset:

2l = yiln] — median{y[£]}

After filtering, the preprocessed signals were used as input for the Neu-
roKit2 benchmark and for the developed method, which are explained in

detail in the following sections.

4.3. Benchmark Neurokit2

This section focuses on NeuroKit2 [36, 38], a user-friendly Python package
that provides easy access to advanced biosignal processing routines.

In this work, NeuroKit2 is used as a reference benchmark to detect tem-
poral events in single-lead ECG signals, from which beat-by-beat cardiac
intervals are extracted. After applying the ecg_process function, which
allows the detection of R-peaks for each heartbeat, the ecg_delineate

function is used to extract P, Q, S, and T events from the ECG signal.
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Raw ECG signal

l

ecg_process
(R peaks extraction)

l

ecg_delineate
(P, Q, S, T events
extraction)

!

Assign events to
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Calculate beat-by-beat
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(PQ, QRS, QT, QTc)

Intervals validation
(keep physiologically
coherent values)

Figure 4.2: Workflow of the NeuroKit2 ECG processing pipeline: R-peak
detection, delineation of P/Q/S/T events, beat assignment, cardiac intervals

calculation, and selection of physiologically valid intervals.

The extracted events are considered as temporal points, in particular:

P_Onsets (onset of the P wave), Q_Peaks (center of the Q wave), S_Peaks
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(center of the S wave) and T_Offsets (end of the T wave).
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Figure 4.3: Example of NeuroKit2 processing applied to a single-lead
ECG signal.

To correctly assign events to each heartbeat, the events closest to the corre-
sponding R-peaks are selected. Cardiac intervals are then calculated as the
time differences between events and are considered physiologically valid

only if they fall within coherent ranges.

4.4. U-Net-based Beat-by-Beat Model

In this research, the focus is on developing a robust algorithm for the extrac-
tion of CTIs from ECG single-lead signals, analyzing the obtained results,

and performing a comparative analysis with the benchmark Neurokit2.
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Figure 4.4: Overview of the segmentation pipeline.

The algorithm employs a U-Net model (detailed in Section 4.4.2) to perform
beat-by-beat signal segmentation, followed by a post-processing strategy
applied to the output probability maps. The model outputs four class
probability maps (four channels), and the ECG label sets are defined as

follows:

32



4| Materials and Methods

{0 : baseline, 1 : P-wave, 2 : QRS, 3 : T-wave}

The previous figure illustrates the adopted workflow (see Fig. 4.4).

4.4.1. Features Extraction

The ECG data underwent a preprocessing step, described in Section 4.2,
followed by feature extraction before being used as input to the U-Net
architecture. This procedure reduces noise and enhances relevant signal

characteristics.

The ECG signals are transformed into a set of four time-domain features
(or "envelopes"), as follows, where x(¢) denotes the input ECG signal and

€ > 0 is a small constant introduced to avoid numerical instability:

1. Hilbert Envelope: captures amplitude variations by computing the

analytic signal using the Hilbert Transform.

En(1) = |x(2) + j H{x(1)}] (4.3)

2. Shannon Energy Envelope: highlights high-energy segments by

applying a logarithmic energy-based transformation.

Es(t) = )—xz(z) log (xz(t) + e)) 4.4)

3. Homomorphic Envelope: extracts the signal envelope by comput-

ing the logarithm of the absolute signal values, applying a median
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filter (window size: 21 samples), and exponentiating the result.

Epo (1) = exp (medfilt (log (|x(2)| + €), 21)) 4.5)

4. Smoothed Envelope: applies a smoothing operation using a 21-
sample Hamming window w(#) to reduce high-frequency fluctua-

tions.

Esm (1) = (lx(0)] = w(2)) = w(t) (4.6)

All four feature sequences are then downsampled to 50 Hz to reduce the
computational complexity of the model. They are stacked to form a 4 x L’

matrix and split into patches of 64 samples with an 8-sample stride.

Finally, the ECG feature patches are used as input to the U-Net architecture

for signal segmentation.

4.4.2. U-Net Architecture

The segmentation approach employs a U-Net model originally developed
by Ronneberger et al. [39] and subsequently customized by the Multiscope
Investigation Group at INESC TEC (Porto, Portugal) to perform signal
segmentation, with a particular focus on heartbeat segmentation. The
model was conceptualized and trained by [40], described in Cardiology
Conference 2025, and its architecture was based on [7].

For training, the model takes specific input features and is guided by specific
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label sets to achieve accurate segmentation. It was trained on the LUDB
dataset [41], using ECG patches and labels {baseline, P-wave, QRS, T-
wave}. One reason this dataset was chosen is that it contains signals
coming from different leads, so it provides sufficient variability to help
the model generalize well, even for non-standard lead morphologies. The
LUDB contains recordings from 200 subjects, each contributing a single
10-second, 12-lead ECG (leads I, II, III, aVR, aVL, aVF, V1-V6) sampled
at 500 Hz.

The architecture adapted from [7] is structured as follows:

s {sH{spele] vi

X [4H{3]
a EoHitd  w
l

s ELERE A
—> conv + ReLu
--» skip connection 64 ? -%E e
=P conv + softmax

N/16

upsampling + conv + ReLu

Figure 4.5: U-Net architecture implemented for beat-by-beat segmenta-
tion. The numbers inside the boxes represent the number of feature maps;

values on the right indicate the temporal length (in samples) for each layer

[7].

Input: A 4 X 64 patch of feature envelopes.

Encoder: Four downsampling blocks, each composed of two 1D convo-
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lutional layers (kernel size 3), followed by batch normalization, ReLLU
activation, and a 2x max-pooling layer. The number of feature maps dou-
bles at each downsampling step (16 — 32 — 64 — 128).

Bottleneck: Two 1D convolutional layers with 256 feature maps, batch
normalization, and ReLLU activation.

Decoder: Four upsampling blocks, each including a transposed convolu-
tion (stride 2), concatenation with the corresponding encoder feature map
(skip connection), followed by two 1D convolutional layers (kernel size 3),
batch normalization, and ReLU activation. The number of feature maps is
halved at each upsampling step (256 — 128 — 64 — 32 — 16).

Output: A final 1D convolutional layer (kernel size 1) generating four
channels, followed by a softmax function to obtain class probabilities for

each sample in the 64-sample patch.

This design is particularly effective for capturing multi-scale temporal

features while maintaining precise localization through skip connections.

4.4.3. Postprocessing U-Net

Once the U-Net neural network has completed its processing, the outputs
are probability values. Therefore, additional steps are needed to convert

these probabilities into cardiac intervals of interest.
Step 1: Probability Map and Labeling

* The U-Net output is a probability map, where each ECG sample has
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four probability values:
p(t) = [po(1), pi(2), p2(2), p3(1)]
* To assign a class to each sample, an argmax operation is applied:

V(1) = t
y(1) argce{rg%ﬁ}pc()

» This operation generates a sequence of integer labels describing the
ECG signal, where each sample is assigned the class with the highest

probability.
Step 2: Event Extraction
» Each signal is represented as a list of tuples containing the event type

and its corresponding time instant:

(P,1), (baseline, ), (QRS,?), (T,7)
* Since multiple consecutive samples may belong to the same event,

each event can be identified by its start and end times, enabling the

extraction of cardiac intervals of interest.
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From U-Net probabilities to cardiac events
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Figure 4.6: Workflow from U-Net output probabilities to discrete cardiac
events. Each sample is mapped to an event (Baseline, P, QRS, T) with its

corresponding time z.

Step 3: R-Peaks Integration

» After events segmentation, R-peaks are extracted from the signal and

added to the event list.

* R-peaks extraction is perfomed on the preprocessed ECG signal using
BioSPPy (biosppy.signals.ecg), a module that provides methods to
process single-lead ECG signals. In particular, the implemented

function is:

biosppy.signals.ecg.ASI_segmenter

an ECG R-peak segmentation algorithm [8].

* BioSPPy was selected instead of NeuroKit2 because, according to
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[8], it provides more reliable R-peak detection without missing a

significant number of R-peaks.
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Figure 4.7: R-peaks detection using BioSPPy [8].

Step 4: Heartbeat Window Detection and Event Assignment

The goal of this step is to identify discrete heartbeat windows based on the

detected R-peaks. The procedure is as follows:

1. Compute median RR interval:
AR, =R, - Ri_y, i=2,....M

medianRR = median{AR,-}fZ 5
* If only one R-peak is found, medianRR is set to 0.8 s by default.

2. Define asymmetric heartbeat windows:
Wi start = Ri — 0.4 - medianRR, W, ¢pg = R; + 0.6 - medianRR

e The asymmetry is chosen because the P wave is closer to the

R-peak than the T wave, and a symmetric window would not
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correctly capture the entire heartbeat.

3. Assign events to each heartbeat window:

W; = (VVi,start’ "Vi,end), VVi,start <Timeeyent < "Vi,end

Step 5: Filtering Valid Beats

Only valid beats are retained according to the following criteria:
* Only one R-peak is present within each heartbeat window.
e At least two QRS events must be detected.

* The R-peak must lie between the QRS events segmented by the U-Net.
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Time [s]

Figure 4.8: Example of filtered beats. The yellow background highlights
valid beats and their corresponding events. The Q event represents the

QRS label predicted by the U-Net.

Step 6: Cardiac Interval Calculation

For each valid beat, the following intervals are computed:
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* PR interval (or PQ interval): the temporal difference between the
beginning of the P wave, min(P), and the beginning of the Q wave,
min(Q):

PR = min(Q) — min(P)

* QT interval: the temporal difference between the beginning of the Q

wave, min(Q), and the end of T wave, max(7):

OT = max(T) — min(Q)

* QTc interval: QT corrected for the current RR interval using Frid-
ericia formula (see Equation 2.1). The current RR is computed as
the time difference between the current R-peak and the R-peak of the

previous heartbeat.
Step 7: Mean of Intervals

* For each signal, the final cardiac interval values are computed as the
mean across all detected heartbeats. Initially, the median was used;
however, after comparing the results obtained with the mean, it was
observed that outlier values did not have a substantial influence on

the estimates. For this reason, the mean was ultimately adopted.
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4.5. Statistical Analysis of CTIs Estimation

In this study, to evaluate the accuracy of the CTIs estimated from the
single-lead ECG signal, we computed the MAE and the Pearson correlation
coefficient (r). These metrics were calculated for the CTIs obtained from
the single-lead ECG using the U-Net neural network and for those obtained
with NeuroKit (our benchmark), both compared with the reference CTIs

derived from the 12-lead ECG data.

This comparison allows us to assess whether our method provides improved

accuracy relative to NeuroKit.

4.5.1. Evaluation Methodology

To evaluate the performance of the CTIs, the MAE and the Pearson cor-
relation coefficient (r) were computed on a validation set consisting of a
subset of the available database, including only four signals.

MAE:

n

1
MAE = - Z P 4.7)
i=1

Legend:
* x; = interval estimated from the single-lead ECG signal
* y,; = reference interval from the 12-lead ECG signal (ground-truth)

* n = total number of signals
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The MAE measures the average absolute difference between the estimated

and reference intervals, providing a direct measure of estimation accuracy.

Pearson Correlation Coefficient (7):

im1 (i = X) (yri = Jr)

r = (4.8)
\/2?21()61' - f)Z\/Z?zl(yr,i - )_’r)2

Legend:
* x; = CTI estimated from the single-lead ECG signal
* y,; = reference CTI from the 12-lead ECG signal (ground-truth)
* X = mean of the estimated CTIs

* y, = mean of the reference CTIs

n = total number of signals

The Pearson correlation coeflicient quantifies the strength and direction of
the linear relationship between estimated and reference intervals. Values

close to +1 indicate a strong positive linear correlation.

The limited number of validation signals is due to the availability of ap-
propriate reference data. The evaluation was conducted using two different

approaches:

1. Using the reference CTI values automatically computed by the Mor-

tara device at the hospital and stored in the hospital 12-lead ECG
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database.

2. Using the reference CTI values obtained from the output of our model

when the corresponding 12-lead ECG signals were used as input.

In the first approach, a 12-lead ECG was recorded for each patient at two
time points: on the first day of the study and after 90 days.

In the second approach, however, only four patients had a 12-lead ECG
recorded immediately after the single-lead acquisition performed with the
smartwatch. These 12-lead signals were acquired using the Mortara device
and are temporally very close to the corresponding single-lead recordings.
For this reason, they are particularly suitable for validation purposes. How-
ever, this also limits the analysis, since only four such paired recordings

(single-lead and corresponding 12-lead ECG) are available.

Because the second approach involves only four paired signals, the first
approach was aligned for evaluation using exactly the same four single-
lead signals. Specifically, for each of these signals, the reference CTI
values were selected from the hospital 12-lead ECG database at the time
points closest to the single-lead acquisition. Depending on availability,
these correspond either to recordings from the first day of the study or from
the 90-day follow-up, with a maximum delay of a few days between the

single-lead and the selected 12-lead ECG.

Overall, to ensure a fair comparison, the MAE and Pearson correlation
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were computed considering only these four corresponding pairs of signals.

The use of both approaches is necessary because, in the second approach,
there is a potential risk of comparing results that may share model-specific
errors, since both estimates are derived from the same model. However,
this approach provides more reliable comparisons in terms of physiological
consistency, as the single-lead and 12-lead signals were acquired almost

simultaneously, with only a minimal temporal difference.

In contrast, the first approach relies on clinically provided reference values,
but may involve comparisons between recordings taken on different days
and under different conditions, which can introduce variability unrelated

to the estimation method itself.

First approach:
Metric NeuroKit Our Model
MAE [ms] Pearsonr MAE [ms] Pearsonr
PR 15.5 -0.9759 25 0.0211
QT 26.5 0.2861 16.3 0.7848
QTc 25.5 -0.9581 20.5 -0.2687

Table 4.3: Results of the comparison between CTIs obtained from single-
lead signals processed with NeuroKit and our Model, with reference values
automatically computed by the Mortara device and stored in the hospital

12-lead ECG database (in 4 patients).
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Figure 4.9: Scatterplots comparing PR and QTc intervals estimated from

the single-lead ECG (NeuroKit and the proposed model) with reference

values automatically computed by the Mortara device.

Only three PR

points are shown for the U-Net, as one signal had no detected P wave.

Second approach:

Metric NeuroKit Our Model
MAE [ms] Pearsonr MAE [ms] Pearsonr
PR 24.5 -0.3721 14.3 -0.9922
QT 19.2 0.7924 4.0 0.9756
QTc 19.1 -0.3003 13.6 0.8556

Table 4.4: Results of the comparison between CTIs obtained from single-

lead signals processed with NeuroKit and our Model against 12-lead signals

used as input to the model (in 4 patients).
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Figure 4.10: Scatterplots comparing PR and QTc intervals from the single-
lead ECG (NeuroKit and the proposed model) with the 12-lead values
obtained from our model. Only three PR points are shown for the U-Net,

as one signal had no detected P wave.

As can be seen from the results, the second approach demonstrates greater
stability. Using our model to estimate CTIs from single-lead signals pro-
duces values that are more representative and better correlated with the
standard reference measurements obtained from the 12-lead ECG. For ex-
ample, the MAE of our model is 14.3 ms for PR and 13.6 ms for QTc,
compared to 24.5 ms for PR and 19.1 ms for QTc obtained using NeuroKit.
Even a reduction of 10 ms is considered significant in this context. This
improved performance is also confirmed by the Pearson correlation, which

shows stronger agreement between single-lead and 12-lead measurements.
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In contrast, the first approach shows less stability. For PR, NeuroKit seems
to perform better, whereas for QTc, our model achieves a lower MAE, but
NeuroKit shows a higher Pearson correlation. This indicates that relying
solely on clinical reference values can lead to inconsistent comparisons

depending on the interval considered.

Finally, in line with the reference CTI values automatically computed by
the Mortara device at the hospital (first approach), the MAE and Pearson
correlation were also evaluated across all patients, comparing NeuroKit
and our model against the reference CTIs provided. For each patient,
single-lead measurements were paired with the closest available 12-lead
recording in time, rather than recordings acquired on the same day. This
approach allows evaluating trends over a larger number of signals, but it
may introduce variability unrelated to the estimation method itself due to

temporal differences.

Metric NeuroKit Our Model

MAE [ms] Pearsonr MAE [ms] Pearson r

PR 24.4 0.539 30.78 0.205
QTc 31 0.344 19.97 0.467

Table 4.5: Comparison of CTIs obtained from single-lead signals pro-
cessed with NeuroKit and our model, using reference values automatically

computed by the Mortara device across all 40 patients.
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The results indicate that performance depends on the interval considered.
For PR, NeuroKit shows lower MAE and higher correlation, while for
QTc, our single-lead method achieves lower MAE and higher correlation.
Even when considering the values across a larger number of patients, the
conclusions regarding the first approach remain unchanged. These findings
highlight that no method consistently outperforms the other when using
reference CTI values automatically computed by the Mortara device at the

hospital.
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Figure 4.11: Scatterplots comparing PR and QTc intervals from the single-
lead ECG (NeuroKit and the proposed model) with reference values auto-

matically computed by the Mortara device, for all patients.
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5 | Validation and Outcome
Analysis

Based on Section 4.5.1, which shows that the proposed model outperforms
Neurokit, we focus on the CTIs from the paired single- and 12-lead record-
ings, with the 12-lead ECGs acquired immediately after the corresponding

single-lead signals, and perform a detailed analysis to draw conclusions.

This validation ensures that the single-lead CTIs from our model are re-
liable and comparable with the 12-lead reference. Building on this, a
comprehensive analysis is then carried out to assess whether statistically
significant differences emerge between the measurements. Both statistical
and longitudinal approaches are applied to explore potential changes over
time, such as increasing interval variability or the presence of shared trends

across the analyzed subjects.

It is worth noting that predominantly negative findings are partly expected
due to the imbalance of the dataset: only two out of forty patients expe-
rienced episodes of AF. Consequently, substantial variability or consistent

trends across subjects are not anticipated.

5.1. Validation

In this section, the CTIs of interest (PR, QT, and QTc) were computed

from both the single-lead and the 12-lead recordings acquired immediately
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afterwards, as in the second approach described in Section 4.5.1. This close

temporal proximity ensures that the two signals are highly comparable.

To ensure accurate estimation of the PR and QTc intervals from the 12-lead
ECQG, specific leads were selected. For the PR interval, lead V1 was used,
as the P wave, when present, is generally more clearly identifiable in this
lead. The signal was processed using the same pipeline adopted for the

single-lead recordings, namely by applying our trained model.

For the QTc interval, lead V5 was chosen to measure the QT interval. The
correction was then performed using Fridericia’s formula (Equation 2.1).
In this case, the mean RR interval was computed across all leads of the

corresponding 12-lead recording.

Patient PR (ms) QT (ms) | QTc (ms)
SL 12L | SL 12L | SL 12L

P1 113 125 | 342 356 | 372 387
P2 NaN 111 | 321 322|364 394
P3 142 114 | 379 380 | 387 392
P4 123 120 | 384 384 | 411 414

Table 5.1: Validation of CTIs between single-lead (SL) and 12-lead (12L)
ECG signals acquired immediately afterwards, in four patients. PR, QT,

and QTc intervals are reported in milliseconds (ms).
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As shown in Table 5.1, the estimated CTTs from the single-lead recordings
are consistent with those obtained from the 12-lead reference ECG. When
the PR interval is reported as NaN, this indicates that the network was
unable to detect any P-wave events in the signal.

The main limitation of this validation step is the small sample size. Al-
though the agreement between the two recording modalities is satisfactory,
the analysis was conducted on only four signals, which limits the strength

of the conclusions that can be drawn.

5.2. Statistical and Longitudinal Analysis

Following the validation, a series of statistical and longitudinal analyses
were performed on all the single-lead CTIs obtained from our model to

investigate potential differences or temporal trends across patients.

5.2.1. CTI Temporal Trends

First, the temporal evolution of the PR and QTc intervals over the 90-day

study period is presented for all patients.
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Figure 5.1: Trend of the PR interval throughout the study for all patiengsé

grouped into sets of 10 per plot.
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Figure 5.2: Trend of the QTc interval throughout the study for all patients,

grouped into sets of 10 per plot.
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The plots do not show any clear trends over the study period, with no
consistent increases or decreases. PR intervals are uniformly distributed
between 0.08-0.18 s, while QTc intervals range from 0.30-0.45 s. Because
no obvious trends are visible qualitatively, we proceeded with quantitative

analyses capable of detecting more subtle differences.

The first approach focused on evaluating beat-by-beat variability within
each signal to determine whether significant fluctuations occur between
consecutive beats. Specifically, for each signal, a linear regression was
performed on the sequence of PR or QTc values across beats. The slope
of the regression line indicates the trend (increase or decrease), and a t-test
(significance level @ = 0.05) was applied to assess whether the slope was
statistically significant. If the slope was significant and positive, the trend
was classified as a significant increase; if significant and negative, as a
significant decrease; otherwise, it was labeled as no significant change.
Signals containing fewer than three beats were considered as insufficient

data.
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Beat-by-beat statistical significance analysis for PR and QTc intervals

Category Percentage  Category Percentage
Significant increase 2.8% Significant increase 0.2%
Significant decrease 2.7% Significant decrease 0.4%

No significant change 79.7% No significant change 96.4%

Insufficient data 14.8% Insufficient data 3.0%

Table 5.2: PR beat-by-beat signifi- Table 5.3: QTc beat-by-beat signif-

cance. icance.

This beat-by-beat evaluation captures local variations in the intervals while
providing a comprehensive overview of variability across the dataset. The
percentages reported in Tables 5.2 and 5.3 summarize the proportion of
signals showing significant increases, decreases, or no change in PR and

QTc intervals between consecutive beats.

For the PR and QTc interval, the percentages of significant increases and
decreases are roughly similar. This confirms that, overall, both PR and

QTc intervals remain largely stable across beats.

After focusing on individual signals, and in particular on beat-by-beat
variations, the analysis now shifts to a broader perspective by evaluating

each signal as a whole.

The final analysis in this section assesses statistically significant changes
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between the beginning and the end of the study for each patient and each
parameter using a t-test. Blue highlights indicate cases where a signifi-
cant decrease was detected, red indicates a significant increase, and gray

indicates no significant difference.
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Figure 5.3: Heatmap showing significant changes in PR, QT, and QTc

intervals for each patient during the study.

As expected, significant changes were not widespread across patients, con-
firming that, at the signal level, PR, QT, and QTc intervals remain generally

stable over time.

5.2.2. CTIs and Quality of Life

The second major analysis focused on patients’ quality of life. The hospital
12-lead ECG database, which contains CTI values automatically computed
by the Mortara device from 12-lead ECG recordings, also includes several

patient-reported quality-of-life variables.

The variables considered in this analysis were: Palpitations, Irregular heart-
beat, Dizziness and fainting, Fatigue, and Shortness of breath. Each vari-
able is measured on a categorical scale from 0 to 6, indicating how fre-

quently the symptom occurred on a weekly or daily basis: 0 = never; 1 =
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less than once per week; 2 = 1-2 times per week; 3 = 3 or more times per
week, but not every day; 4 = at least once per day; 5 = several times per
day; 6 = always. For this analysis, the goal was to correlate CTI changes
over time with patients’ reported quality of life. Only cases in which pa-
tients experienced a worsening in quality of life between the beginning and
the end of the study were considered. Specifically, entries were selected
when the symptom frequency reached a value of > 2, indicating at least

occasional weekly occurrence.

After identifying the relevant cases, pie charts were generated to illus-
trate the proportions of statistically significant increases, decreases, or non
significant changes in CTIs between the start and the end of the study.
Statistical significance was assessed using a t-test, which allowed the iden-
tification not only of significant differences but also of cases where no

meaningful change occurred.
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Figure 5.4: Each chart represents a quality-of-life variable according to

significant PR interval changes.
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Figure 5.5: Each chart represents a quality-of-life variable according to

significant QTc interval changes.
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Each chart displays the percentage of patients within each subgroup who
exhibited statistically significant differences in CTIs over the course of the
study, grouped according to the categorical variable. “N” indicates the
total number of patients reporting a worsening in quality of life for that
specific variable. Overall, statistically significant changes in CTIs were
not predominant among patients reporting a deterioration in quality of life.
However, variables such as Fatigue, Shortness of breath, Palpitations, and
Irregular heartbeats appear particularly relevant and may warrant careful
monitoring in oncology patients. Missing values indicate cases in which
the network was unable to detect P-wave events and, consequently, the PR

interval could not be calculated.

5.2.3. CTIs and Oncological Treatment

The final analysis examined the oncological treatments administered to the
patients, with the aim of identifying potential trends or differences in CTIs

across treatment groups during the study period.
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Drug Therapy Type N patients
Carboplatin + Pemetrexed Cytotoxic chemo 2
Carboplatin + Vinorelbine Cytotoxic chemo 8
Carboplatin + Etoposide ~ Cytotoxic chemo 2
Cisplatin + Vinorelbine Cytotoxic chemo 2

Carboplatin + Pemetrexed
+ Pembrolizumab Chemo-immunotherapy 5

Carboplatin + Paclitaxel

+ Pembrolizumab Chemo-immunotherapy 1
Osimertinib Targeted therapy 3
Lorlatinib Targeted therapy 1

Carboplatin + Vinorelbine

+ Radiotherapy (RT) Chemo-radiotherapy 1

Table 5.4: Summary of oncological therapies administered for lung cancer

treatment.

The Table 5.4 reports the drugs administered and the type of therapy re-
ceived by the patients. Not all patients are included in the counts, as
treatment information was unavailable for a subset and was therefore clas-

sified as “NA”.

After defining the treatment groups, a cross-sectional analysis was per-

formed first to assess whether statistically significant differences in PR and
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QTc intervals existed among the therapies. The t-test did not reveal any
significant differences across the groups. However, according to the litera-
ture, among all therapies included in this study, only Osimertinib has been

reported to potentially induce QTc prolongation [42].

Significant (p < 0.03) Significant (p < 0.05)

QTc

Not significant Not significant

Figure 5.6: Pie charts of PR (left) and QTc (right) showing no significant

longitudinal differences across therapy groups.

Continuing the analysis among treatment groups, the next step investigated
parameter variability within each therapy group. The goal was to determine
whether greater variability was observed in specific patients and to examine,
within each therapy group, how statistically significant differences in PR
and QTc intervals were distributed between the beginning and the end of

the study.

To address the first aspect, boxplots were generated to represent the average
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variance of CTIs among patients in the same treatment group.
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Figure 5.7: Boxplots showing CT1I variability within each treatment group

for both, PR and QTc.

No marked differences in variability were observed between treatment

groups, although small variations may still be considered.

Finally, attention was focused within each treatment, and pie charts were
generated to show, for each therapy, the proportion of patients exhibiting
significant changes over the course of the study. Treatments for which no
significant longitudinal differences were detected were excluded from this

representation.
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Figure 5.8: Distribution of significant longitudinal changes in PR and QTc

within each treatment group.

As observed, Osimertinib did not show any impact on QTc in this context;

no cases of significant QTc prolongation were recorded during the study
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for patients receiving this therapy. Other drugs showed some changes,
highlighting both the percentages and the fractions of patients in each
segment of the pie charts. The greatest variability was observed in the

Carboplatin + Vinorelbine group.
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6 | Discussion

This work demonstrates the feasibility of developing a neural network, fol-
lowed by a post-processing phase, to segment an ECG signal acquired from
a smartwatch. Unlike standard 12-lead ECGs, these signals are single-lead
and generally lower in quality. To address this, a deep learning algorithm
based on a CNN was designed and adapted to operate on one-dimensional
signals, rather than the two-dimensional images for which CNNs were
originally developed. By segmenting single-lead ECG signals, it became
possible to reconstruct individual heartbeats and extract two key CTIs as
final outputs: the PR interval and the corrected QT (QTc) interval. These
parameters are clinically relevant, as they help assess potential variability
and differences among patients, particularly in the context of AF. AF is a
common cardiac arrhythmia, and early identification is crucial for timely
intervention and prevention of severe complications.

In this study, AF was of particular interest because the patients were af-
fected by lung cancer and underwent treatments such as chemotherapy,
radiotherapy, or immunotherapy, which can lead to cardiovascular side

effects including AF.

Although the dataset included only two patients who developed AF episodes
during the study, the network demonstrated reliable performance in esti-
mating PR and QTc intervals during the validation phase. This supports

the potential clinical applicability of the proposed approach. Focusing on
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CTIs offers a transparent and explainable framework, unlike many “black-
box” models in the literature that detect or predict AF without providing

clinically interpretable outputs.

Another important achievement of this work is the possibility of operating
with low-quality signals acquired in real-world conditions. Single-lead
smartwatch recordings allow continuous and long-term home monitoring
without requiring frequent hospital visits. Integrating this approach into
WDs could support 24-hour monitoring and facilitate early detection of

cardiac abnormalities.

The literature confirms that few studies are closely aligned with clinical
practice. Most focus on AF detection or prediction, while fewer directly
estimate clinically meaningful intervals. QTc analysis is well established
and widely investigated for AF risk, whereas the PR interval is less often
used as a primary biomarker. However, the PR interval provides additional
temporal information beyond P-wave duration, capturing atrioventricular

conduction up to the onset of the QRS complex.

All analyses in this study were performed using the U-Net architecture, a
CNN-based model widely applied in biomedical signal and image segmen-

tation, including single-lead ECG analysis.
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6.1. Limitations and Future Directions

While the study achieved promising results as a starting point for further

investigation, several limitations must be acknowledged.

First, the limited number of patients who developed AF episodes represents
amajor constraint. As a consequence, no statistically significant correlation
between chemotherapy treatment and AF occurrence could be established.
Moreover, the validation phase was performed on only four signals, which
further limits the generalizability of the findings. Overall, these limitations
highlight the need for larger patient cohorts and more extensive validation

datasets in future studies.

Another important limitation is the lack of sufficient 12-lead ECG record-
ings to perform a statistically significant comparison between baseline and
follow-up measurements. In this study, only CTIs derived from a 12-lead
ECG at baseline and after 90 days were available. Therefore, it was not
possible to perform statistical analyses such as a paired t-test to confirm
whether the differences observed in the single-lead signals were consis-
tent with standard 12-lead measurements. A cross-validation study design,
comparing single-lead and 12-lead ECG data over time, would strengthen

the reliability of the findings.

Additionally, the temporal resolution of 20 ms used in the U-Net model

limited the precision in estimating very short-duration intervals. Training
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the model with higher temporal resolution, although computationally more
demanding, could improve its accuracy in detecting subtle variations in

cardiac time intervals.

To address these limitations and further improve the proposed approach,

several future developments can be considered:

* Expanding the dataset to include a larger number of patients and ECG

recordings, particularly patients who develop AF episodes.

* Increasing the number of signals used in the validation phase to

enhance statistical robustness.

Refining and optimizing the U-Net architecture to improve temporal

resolution and segmentation accuracy.

* Designing cross-validation studies comparing single-lead and 12-lead

ECG measurements to strengthen clinical reliability.

These improvements could support more robust clinical analyses and en-
hance the interpretability and applicability of CTI-based biomarkers in
real-world settings. Overall, this work demonstrates that CTI estimation
from single-lead smartwatch ECGs is feasible and lays the foundation for

future clinical studies with larger cohorts.
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7 | Conclusions

This work demonstrates the feasibility of using DL to analyze low-quality,
single-lead ECG signals acquired with WDs. By developing a U-Net based
CNN adapted for one-dimensional signals, it was possible to segment
individual heartbeats and accurately estimate key CTIs (PR and QTc),
which are clinically relevant for monitoring AF. The study shows that even
with limited and noisy data, meaningful physiological measurements can
be extracted, bringing the analysis closer to clinical practice. Moreover,
this approach supports continuous remote monitoring, allowing patients to

be followed over time without frequent hospital visits.

In conclusion, the developed pipeline enables the analysis of low-quality
ECG signals while providing clinically interpretable cardiac intervals. It
opens the door to continuous, long-term monitoring and could serve as a

foundation for detecting significant events and patient-specific variability.

Future work should focus on expanding the validation dataset, integrating
remote monitoring solutions, and exploring predictive models for early
detection of AF, particularly in oncology patients undergoing potentially
cardiotoxic treatments. These improvements would enhance both the reli-

ability and the clinical applicability of the proposed approach.
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8 | Appendix

8.1. Literature review search strategy

This section describes the strategy and search queries used for the state-
of-the-art review, developed according to the PRISMA guidelines [43].
For this analysis, the databases explored are PubMed, IEEE Xplore, and

Scopus, selected for their relevance in the scientific research domain.

8.1.1. Keywords

Based on the research topic, the keywords selected for the analysis are:
“AF Prediction” OR “Atrial Fibrillation Prediction”

“Single Lead ECG” OR “Single-Lead ECG”

“Lung Cancer” OR “Pulmonary Neoplasms”

“Chemotherapy”

“CTI” OR “Cardiac Time Interval”

“STI” OR “Systolic Time Interval”

“QT-Interval”

These keywords were used to create search queries, which are illustrated

in the following paragraph.

8.1.2. Queries

Based on the keywords reported in the previous section, the queries used

to develop this chapter were created through an iterative process.
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After several attempts, it was possible to define queries that retrieve the
most relevant papers while minimizing irrelevant results.

The initial queries returned a very large number of results, many of which
were unrelated to the topic of interest.

To address this, the keywords were carefully combined using Boolean op-
erators to narrow the search to the specific problem addressed.

The final queries are:

Query 1: (“CTI” OR “CARDIAC TIME INTERVAL” OR “STI” OR “SYS-
TOLIC TIME INTERVAL”) AND ("SINGLE LEAD ECG" OR "SINGLE-
LEAD ECG")

Query 2: "QT INTERVAL" AND ("SINGLE LEAD ECG" OR "SINGLE-
LEAD ECG")

These queries allow the literature review to be structured in two main

phases:

* Phase 1: A general analysis of methods applicable to single-lead
ECG signals for AF classification. This represents a classification-
based approach rather than a prediction one, focusing on the analysis
of cardiac intervals and exploring what can be implemented for study-
ing atrial fibrillation.

* Phase 2: A clinically oriented approach, aimed at understanding
which aspects physicians typically analyze in a single-lead ECG to

determine a higher probability of AF, and how the relevant features
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can be automatically extracted for such analysis.

8.1.3. Selection Process

Once the queries were defined, their application to the previously men-

tioned scientific databases produced a series of results:

Database | Query 1 results | Query 2 results
Pubmed 0 17
IEEE Xplore 31 9
Scopues 64 65

Table 8.1: Results of query 1 and 2 across selected database

The papers obtained were then filtered and selected according to the fol-

lowing procedure:

* Time frame: the analysis considered studies published within the
last decade. Therefore, all articles published between 2014 and 2025
were selected for further review.

* Screening process: the papers were analyzed in multiple stages.
First, the title was examined, and any paper not relevant to the research
topic was discarded. Next, the abstract was reviewed, and only those

papers consistent with the research objectives were selected for full-
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text analysis.

8.2. Review of Atrial Fibrillation’s Detection

In recent years, many new approaches have been developed for the detec-
tion of AF, with the aim of improving patient health. Thanks to the rapid
development of digital technologies, in particular artificial intelligence,
machine learning and deep learning, these methods have become increas-
ingly effective for medical signal analysis. Consequently, numerous studies
have contributed to the expansion of both scientific and clinical knowledge
in this field. In this part of literature review, the focus is on understanding
how previous studies have achieved AF detection and on comparing and
analyzing the strategies used to build reliable models for classifying AF
and a wide range of arrhythmias. It is important to note that the selected

articles deal with the detection, rather than prediction, of AF.

The most relevant aspects that differentiate these methods, and allow for
meaningful comparison, are: the dataset used for the investigation, the
computational approach adopted (ML, DL or statistical methods) and the
features extracted from the ECG data for AF detection. Nevertheless, most
of the reviewed studies share a common goal: to classify ECG signals into
four categories. The algorithms developed in these studies are typically
designed to distinguish among Normal Sinus Rhythm (NSR), AF, Noisy

signals, and Other rhythms (such as bradycardia or tachycardia).
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At the end of this section, Table 8.2 summaries the different methods
discussed, based on the aspects mentioned above, which will be further

explored in the following paragraphs.

8.2.1. Implemented Methods

All the reviewed studies follow a similar three-step process:

1) Signal processing: this step usually involves applying a Butter-
worth filter to remove noise at both low and high frequencies, followed
by downsampling to reduce the computational cost of the algorithm.
2) Signal transformation: the processed signal is either used for fea-
ture extraction or transformed into an image, converting the data from
the 1D to the 2D domain.

3) Classification: finally, the selected classifier is applied to perform

the classification task.

Some authors have investigated AF from single-lead ECG signals using ML
or DL approaches. Among these, DL has become the dominant approach,
although some studies have also employed ML methods. Regarding ML-
based approaches, among the studies that implemented ML algorithms
[44], [45], [9], two of them [44],[45] employed a Random Forest classi-
fier. The Random Forest algorithm constructs multiple decision trees on
different subsets of data. The key condition is that these subsets must have

minimal correlation with each other. According to the bagging theory,
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several uncorrelated models can provide more accurate predictions than
any individual model. This is because the models “protect” each other
from their individual errors, as long as they do not consistently fail under
the same conditions. The main advantages of the RF algorithm include its
ability to efficiently process large datasets, its robustness to feature scal-
ing, its effectiveness in reducing overfitting, and its usefulness for feature
selection. Yavorskyi et al., 2021 [45] and Mahajan et al., 2017 [44] are
very similar studies. Both used the PhysioNet/Computing in Cardiology
2017 dataset (accessibility: public), which contains approximately 8.5K
single-lead ECG recordings, and applied RF algorithm. In the signal pro-
cessing stage, both [44] and [45] detected R-peaks using the Pan—Tompkins
algorithm [46], obtained RR intervals, and extracted several features from
them. In [44], linear, non-linear, frequency, and time-domain methods
were applied to extract features from different domains, in order to charac-
terize the signals by their morphology and temporal duration. Furthermore,
to improve the generalizability of the classification model, redundant fea-
tures were removed using a Genetic Algorithm-based feature dimension

reduction technique, reducing the feature set from 62 to 37.

In contrast, [45] selected 22 features, including the average value of the RR
interval duration (NN), the standard deviation of all RR intervals (SDNN),
and several others. After training the models, the overall F1-scores obtained

with the proposed classification models were 0.74 in [44] and 0.959 in [45]
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for AF detection on the test dataset.

Among ensemble methods, the study by Bogatinovski et al. 2017 [9] is
also noteworthy, where the algorithms AdaBoost and Gradient Boosting

were implemented.

Class N SVEB VEB F Q
N 43832 25 396 3 0
True SVEB 1721 15 100 1 O
Label VEB 708 76 2432 4 O
F 281 1 106 0 O
Q 3 0 0 4 O

Figure 8.1: Confusion matrix for the best performing model Adaboost,

number of trees 500, learning rate 0.1 [9]

In this case, the aim is not to classify AF directly, but to classify five different
types of heartbeats: N (non-ectopic), SVEB (supraventricular ectopic beat),
VEB (ventricular ectopic beat), F (fusion beat), and Q (unknown beat).
Starting from a single-lead dataset, the authors do not extract local statistics
from the ECG to use as input features for the network. Instead, they
focus on global characteristics in order to achieve a better description
and classification of heartbeats. The HCTSA (Highly Comparative Time
Series Analysis) library is used to extract global features from the time
series. These features originate from interdisciplinary studies in fields
such as statistics, economics, physics, and biomedical signal processing,

and they quantify patterns over the entire time interval. After extracting
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the heartbeats and applying the HCTSA library, the most relevant features
are selected using a Random Forest. Based on the impurity score of
each feature, only those exceeding a relevance threshold are retained. The
selected features are then used as input for AdaBoost, which produces the
final classification. While Random Forest is widely used in ML, CNNs
represent the most commonly employed algorithm in the DL field. CNNs
are deep learning architectures typically applied to inputs with a grid-like
structure, such as images. Due to their sparse connectivity and parameter
sharing characteristics, they allow to automatically discover complex and
high-level representation from the images by using a well-trained network
to detect AF from a single-lead ECG. In our case, the first step, after
preprocessing, is to transform the 1D single-lead ECG signal into a 2D
image. The studies [10], [3], [5], [11] have used CNN in order to classify
AF:

- Fang et al., 2023 [10] and Lai et al., 2019 [3] share the idea of training
two CNNs in parallel, which distinguish between AF and other signals,
and also the idea of combining the two final results to achieve better
overall performance. The differences between the two implementations are
shown in the following figures, particularly regarding the input channels.
Study [10] uses as input channels Poincare plot for the first channel and
Spectrogram for the second channel. In contrast, study [3] uses as input
channels RR interval series for the first channel and F-wave frequency

spectrum for the second channel.
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Figure 8.2: The architecture of the proposed dual-channel deep neural

network. Input channel one is Poincare plot, and for channel two is Spec-

trograms [10]

For [3] is already shown in Figure 3.1

After preprocessing, [ 10] extracts time-frequency Spectrograms and Poincare
plot both of which are used as input for the dual-channel neural network.
The spectrogram reflects characteristics in the time domain, while the
Poincare plot shows the variation of RR intervals based on the degree of
point aggregation. The dataset, obtained from the 2017 PhysioNet/CinC
Challenge, is divided in an 8:1:1 ratio to create training, testing and val-
idation sets. The final accuracy on the test set is 0.87, and the overall
Fl-score is 0.83. In this project, the proposed dual-channel deep neural
network could experience overfitting after approximately 27 epochs, so an
early stopping technique is applied to address this issue. In contrast with
existing methods that use deeper architectures, [3] presents an approach
employing a CNN with representative rhythm features of AF rather than raw

ECG signals, without any electrophysiological assumptions. Specifically,
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this work extracts RR interval series and the F-wave frequency spectrum
as input to dual lightweight channels. Although the network is not very
deep, it achieves a final accuracy of 97.5%.

- Alam R et al., 2023 [5] propose an alternative application of CNN. The
objective is not classification, but the estimation of QT intervals and heart
rates using a single-lead ECG, from 12-lead ECG dataset. The proposed
method is a residual neural network, QTNet, with the architecture is already
shown in Figure 3.2. Hence, the contributions of this work are twofold.
First, the development of a new DNN model for regression of QT inter-
vals from raw Lead-I ECG, and second, the evaluation of the proposed
model on external datasets, including publicly available resources. QTNet
demonstrates robust regression performance across all four test sets. This
work presents a novel regression approach and shows a high correlation
between the predicted values and the corresponding 12-lead labels across
four independent datasets. Across all four datasets, the mean absolute
error (MAE) in the estimated QT interval ranges between 9 ms and 15.8
ms. Pearson correlation coefficients vary between 0.899 and 0.914. In
contrast, QT interval estimation on these datasets using a standard method
for automated ECG analysis (NeuroKit2 [36]) yields MAEs between 22.29
ms and 90.79 ms, and Pearson correlation coefficients between 0.345 and
0.620. Estimation of QT intervals is useful for AF detection, as will be
discussed in the next paragraph.

- The last study using a DL algorithm is Liu et al., 2019 [11]. The approach
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involves constructing an ensemble deep learning architecture for AF detec-
tion, where 1D signals and 2D images are used as inputs to the component
learners. The signals are converted into time-frequency spectrums and

Poincare plots.
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11 Tmeagge transformation
11 Ensemble leaming
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Figure 8.3: Diagram of the proposed model with three modules, data
preprocessing, image trasformation and ensemble learning; where VGGNet

is a typology of CNN [11]

Each learner produces its individual confusion matrix and F1 score. To
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generate an accurate final output, a weighted matrix is constructed, and
a probability value is obtained: P = Zf’zl(Qi - P;), where i denotes the
index of the component learner, ; refers to the 4 x 4 weighted matrix of
the i-th component learner, Pi represents 4x 1 probability matrix of the i-th
component learner, respectively.

The production P = {p aF, PNoisy> PNormal, POther} T€presents the calculated
classification probabilities for the ECG signal. The final output is the max-
imum of these four values, which determines the classification result. The
overall Fl-score is 0.82, and the accuracy is 0.9, on test set.

The last method developed using a DL approach is by Soliniski et al., 2017
[47]. The first step is the extraction of RR intervals from the QRS com-
plex using a hybrid approach with two complementary methods applied
hierarchically. The first method consists of a nonlinear transformation
and a first-order Gaussian differentiator. If it successfully extracts the
RR intervals, the workflow continues; otherwise, the second method, the
Pan-Tompkins algorithm, is applied. After the hybrid detection step, the
method developed the noise detection step in order to remove signals with
high noise or lacking physiological from the main classification path. Noise
detection is based on four extracted features: a signal is classified as “too
noisy” and is not evaluated in the subsequent steps of the algorithm if at
least one feature indicates a high level of noise. The next step involves
basic rhythm classification to identify rhythms other than sinus and AF in

the most evident cases. This is done by analyzing RR intervals using the
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heart rate and pNNS50 (percent of decelerations between two consecutive
RR intervals grater than 50 ms), and by searching for characteristic patterns
indicating ectopic beats, bigeminy, or trigeminy. A signal is classified as
an “other” rhythm when the heart rate and pNN50 exceed threshold values
or when the appropriate number of ectopic patterns is detected. After this
initial filtering, 78 features are extracted from the signal, which are then
used to train a multilayer perceptron (MLP) with two hidden layers.

* The hybrid QRS detection improves the reliability of R-peak identifica-
tion, leading to better RR features and improved discrimination between
AF and non-AF.

* Discarding strongly noisy signals and classifying obvious patterns re-
duces the load on the ML classifier and improves overall accuracy.

* The final result achieves an overall F1-score of 0.77.

All the approaches described are interesting for AF detection, but better
results can be achieved by combining ML and DL methods, as demon-
strated by Li et al., 2025 [12]. In this study, five algorithms were developed
to estimate QT intervals. The five state-of-the-art QT interval estimation
algorithms include one open-source signal processing-based method and
four commercial machine learning-based algorithms. The results of these
algorithms are combined in two ways: by taking the median or by using a

linear regression model, in order to achieve higher accuracy.
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QT-interval algorithm Model fusion Model validation Model test
QT accuracy QT accuracy|
hlz:';dmn:ok;:l Long QT

classification classification

Figure 8.4: The flowchart of the algorithm [12].

In this study, the signals are not single-lead; nevertheless, it is an important
and innovative work. The study demonstrates that the fusion of five in-
dependently developed, state-of-the-art QT estimation methods, based on
very different approaches, significantly improves automated QT analysis

and long QT detection using a 2-lead mobile ECG.

In addition, the investigation of AF was not limited to ML and DL ap-
proaches, but it also included statistical analysis. Indeed, studies [48] and
[6] attempt to classify NSR and AF from single-lead ECG by examining
the fundamental statistical differences of certain features between subjects.
The difference between [48] and [6] lies in the method of feature extraction,
as follows:

- Study [48] combines Wavelet Transform, which allows analysis of a
signal in both time and frequency domains, with Higher-Order Statistics,
mathematical techniques that capture non-linearities and relationships be-

tween multiple frequencies. The combination of these methods, referred
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to as WHOS (Wavelet Transform + Higher-Order Statistics), produces the
Wavelet Bispectrum (WBS), an advanced representation of the ECG that
reveals Quadratic Phase Couplings (QPC), interactions between pairs of
frequencies that generate new components, and temporal evolution, show-
ing how these interactions change over successive heartbeats. Using this
approach, 50 features were extracted, including local, global, and temporal
dynamic features.

- Study [6] extracts several features based on P-waves and RR intervals.
Among these, the most discriminative for identifying susceptibility to AF
were the P-wave duration, the standard deviation of the beat-to-beat Eu-
clidean distance (expressed as mean and standard deviation) between con-

secutive P-waves, and the sample entropy of the RR intervals.

The statistical comparison between the two groups, in both [48] and [6], was
performed by using the Mann-Whitney U test for unpaired data. Results
were considered to be statistically significant at p<0.01. In [6], the patients
with a history of AF presented significantly longer P-wave duration and
higher mean and standard variation of the beat-to-beat Euclidean distance
when compared to the control group. On the other hand, HRV analysis
showed that patients with a history of AF had lower sample entropy than
patients without previous AF history, meaning that RR intervals exhibited
lower complexity in subjects with AF. To assess the robustness and gener-

alizability of the classifier, a 10-fold cross-validation was applied, resulting
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in a global accuracy of 86%. Instead in [48], the statistical comparison
between NSR and AF time series features revealed significant differences,
indicating non-linear and chaotic characteristics in the evolution of AF

WHOS dynamics.

8.2.2. Clinically Useful Biomarkers for AF

Once an overview of the methods used for AF detection has been provided,
it is now interesting to focus on a more clinically oriented aspect. This
means highlighting the biomarkers that are mainly used in clinical practice
by physicians to investigate AF. First, the RR interval is derived, from
which heart rate can be easily obtained. To compute RR intervals, it is first
necessary to identify the individual R peaks. Once the R peaks and their
sequential arrangement have been detected, it becomes possible to analyze
features related to the cardiac cycle. In the previous study, several features
were shown to be correlated with AF, such as the QT interval, P and F
waves. Let examine them in detail. As reported in [3], RR intervals and F-
waves are characteristics directly correlated with AF. AF is manifested on
the ECG signals as the absence of P-waves and the presence of fibrillatory
waves (F-waves — see Figure 2.4). Another important feature is an irregular
ventricular rate, which represents the variability of RR intervals [30], [49],

[50].
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From Figure 2.4 is possible to notice a clear variability in R-R intervals

between heartbeats, with some intervals being much longer than others.

In AF signals, the P-wave is often absent, while numerous low-amplitude

F-waves appear where the P-wave would normally be. AF can also be

observed through the characteristics of the P-wave, as reported in [6]. The

duration of the P-wave reflects abnormal conduction in the atria, and P-wave

indices such as maximum duration, dispersion, area, or axis can be used

to identify patients at increased risk of developing AF. The representative

features include P-wave duration, the mean and standard deviation of the

beat-to-beat Euclidean distance, and the sample entropy of the RR intervals.

Sensitivity Specificity Accuracy
F1 55% 95% 76%
F2 41% 95% 70%
F3 63% 75% 70%
F1+F2 61% 92% 78%
F1+F3 63% 92% 78%
F1+F2+F3 81% 92% 86%

F1: P-wave duration.

F2: Standard deviation of beat-to-beat Euclidean Distance.

F3: Sample Entropy.

Figure 8.5: Classification results [6].

The last opportunity to study AF detection is related to the QT segment.

After detecting the Q and T points, the QT interval can be analyzed. The

QT interval, corrected for RR interval (QTc), for example using Fridericia’s
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formula, is important because QT prolongation, as noted in [5], often leads
to fatal arrhythmias and sudden cardiac death. Antiarrhythmic drugs can
increase the risk of QT prolongation, making post-treatment monitoring

and dosage control essential.

8.2.3. Automatic Feature Extraction from Data

In this section, we analyze how to automatically extract clinically relevant
features. The first fundamental step is the detection of R peaks, which
can be performed using well-established methods such as NeuroKit [36]
or the Pan—Tompkins algorithm [46] to directly obtain the RR interval.
Once the R peaks have been detected, a search window preceding the R-
wave can be applied to identify the P-wave [6]. The width and position
of this window can be fixed for all beats but may vary depending on the
subject. The onsets and offsets of the P-waves can be determined using
first- and second-derivative approximations of the ECG signal. It is also
useful to compute the beat-to-beat Euclidean distance between P-waves
as a measure of P-wave morphological variability over time. The P-wave
duration is calculated as the difference between its offset and onset, while
the beat-to-beat Euclidean distance is computed according to the formula

described in [6].
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Figure 8.6: Beat-to-beat Euclidean distance of extracted P-waves for a

healthy subject (a) and a patient with AF history (b) [6].

Alternatively, instead of analyzing the P-wave, it is possible to investigate
the F-wave [3], [51]. These are rapid and irregular oscillations that occur
within a specific frequency range, typically between 2 and 9 Hz. For this
reason, they can be identified through spectral analysis methods, such as

the Fourier Transform or the Wavelet Transform.
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Figure 8.7: Feature extraction of cardiac rhythms both of normal subject

(left) and patient with AF (right): F-wave frequency spectrum [3].

This spectrum highlights the presence of high-frequency oscillations in
the ECG signal, which are indicative of AF. The last automatic detection
method concerns the calculation of the QT interval, which can be obtained
as described in [5]. A residual CNN adapted for one-dimensional ECG
signals is presented. The network is designed to simultaneously estimate
the QT interval and heart rate from 10-second ECG segments. This is
possible because the final layers of the model are a multilayer perceptron

that performs regression on these two parameters.

Table 8.2: Comparison of studies on AF

Author Dataset Method Label Results

R. Mahajan et 8528 ML: random Three-class Overall F1-scores:

al., 2017 [44] single-lead forest classification: 0.78 on the test dataset
ECQG, Normal, AF,
PhysioNet/ and Other
CinC 2017
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A.Yavorskyiet | 8528 ML: random Four-class Overall F1-scores:
al., 2021 [45] single-lead forest classification: 0.956 on the test
ECG, Normal, AF, dataset
PhysioNet/ Noisy and
CinC 2017 Other
Bogatinovski et | MIT-BIH ML: RF for Five-class Features from
al., 2017 [9] arrhythmia relevant feature | classification, different domains help
database. N=47 | selection, not AF separate classes in
subjects. adaboost/ heartbeat
Available on gradient classification
Physionet boosting as
classifier
Fang B et al., 8528 DL: dual Four-class The final accuracy on
2023 [10] single-lead channel neural classification: the test set is 0.87, and
ECG, network Normal, AF, the overall F1-score is
PhysioNet/ Noisy and 0.83
CinC 2017 Other
D. Lai et al., AFDB DL: dual Binary Final accuracy of
2019 [3] database. channel classification: 97.5%
Accessibility: lightweight AF vs. Not AF
public, in CNN (Normal
PhysioNet Rhythm)
Alam R et al., 4,22 million of | DL: CNN + Regression MAE in the estimated
2023 [5] ECG signals, residual blocks | problem, not QT interval ranges
from 903k for QT and HR | label between 9 ms and 15.8
patients. regression ms. Pearson
Accessibility: correlation
private coeflicients vary

between 0.899 and
0.914
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Y. Liu et al., 8528 DL: ensemble Three-class The overall F1-score is
2019 [11] single-lead deep learning classification: 0.82, and the accuracy
ECG, with three Normal, AF, is 0.9 on the test set
PhysioNet/ channels and Other
CinC Challenge
2017
M. Soliniski et 8528 ML approach + | Three-class Overall F1-score of
al., 2017 [47] single-lead hybrid QRS classification: 0.77
ECG, detection Normal, AF,
PhysioNet/ and Other
CinC Challenge
2017
Qiao Lietal., Many databases | ML + DL Estimation of The fusion of five
2025 [12] used; some algorithms QT and QTc state-of-the-art QT
public, some intervals estimation methods
private (2-lead improves automated
mobile ECG) QT analysis
C. A. Zisou et 5834 Statistical Not Mann—Whitney U
al., 2022 [48] single-lead analysis with classification tests revealed
ECG. Wavelet significant differences
Accessibility: Transform + between NSR and AF
public, Higher-Order
available on Statistics
Physionet
A.Lucaetal., N =76 patients. | Statistical Not Group differences
2016 [6] Accessibility analysis classification were assessed using

not mentioned

the Mann—Whitney U
test, and 10-fold
cross-validation
achieved an overall

accuracy of 86%
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8.3. Discussion on Research

Analyzing the obtained results, it appears that the most commonly used
methods for studying AF belong to the DL family, in particular CNN ar-
chitectures. However, ML methods and statistical analysis approaches are
also used and remain relevant.

The DL method that shows the highest accuracy is presented in [3]. This
study demonstrates that representative ECG features can effectively capture
AF rhythm characteristics and can be successfully used as inputs to CNN
architectures, achieving high classification performance while keeping the
network relatively simple. Despite these promising results, some limita-
tions are still present. One important limitation is the use of a small dataset
(25 signals). Moreover, the reliance on specific feature representations,
such as the F-wave frequency spectrum, may limit the applicability of the
approach in datasets where AF episodes are not clearly present. Addi-
tionally, the limited dataset may increase the risk of overfitting, potentially
reducing the generalization capability of the model in real-world scenarios.
Alam R et al., 2023 [5] is relevant from both technical and clinical perspec-
tives. The study addresses QT interval regression, a clinically meaningful
parameter in AF research, demonstrating the feasibility of adapting CNN
architectures to estimate ECG intervals directly from single-lead signals.
However, the approach remains largely “black-box” in nature, limiting

interpretability from a clinical standpoint. Another limitation is that the
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single-lead signal is extracted from a 12-lead ECG dataset, implying higher
signal quality compared to typical single-lead acquisitions. Additionally,
the study highlights the widespread use of NeuroKit2 as a benchmark for
ECG interval estimation.

Finally, A. Luca et al., 2016 [6] provide clinically relevant insights through
a statistical analysis of ECG features. The study emphasizes the impor-
tance of P-wave characteristics and RR interval variability in identifying
AF susceptibility. In particular, the results highlight the relevance of P-
wave duration and entropy-based RR features as discriminative biomarkers.
However, statistical approaches may be limited in capturing complex non-
linear patterns in ECG signals compared to modern DL-based methods.
Overall, the reviewed studies highlight existing gaps that this work aims to
address: the need to operate effectively with scarce data, to develop more
transparent and clinically interpretable approaches, particularly through
the analysis of clinically relevant CTIs, and to enable a home-monitoring

framework based on single-lead ECG signals.
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