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ABSTRACT

This dissertation addresses the issue of cardiology and examines the disease of genetically
prolonged QT interval (LQTS). This disease is caused by a disorder of ion membrane channels. It
occurs with a prevalence of approximately 1:2@800, and its penetrance is variable, often
dependent on genetic and acquired factors. Given that LQTS leads to an increased risk of syncope,
polymorphic ventricular tachycardia, and sudden cardiac death, research in this area is very important.
The aim of this work is to advance the development of new algorithms and parameterization methods
based on the analysis of changes in the morphology of the ECG signal. These can significantly
contribute to the preventive screening of LQTS, subsequent personalized treatment, and targeted
therapy based on specific genetic types. Special attention is given to distinguishing the main LQTS
genotypes, especially the LQT3 genotype.

This dissertation combines findings from theoretical and practical studies focused on the issue of
LQTS. It emphasizes the importance of measuring the ECG signal and monitoring changes in the
morphology of the ST segment anedwlve. The practical part of the work is dedicated to designing
new geometric parameterization methods that allow quantification of the shape of individual ECG
waves.The suitability of the proposed parameterization is verified on several resting-te@tVECG
signals of dataset from Mayo CliniSubsequently, the parameterization approach is applied to a wide
genotyped database provided by the Telemetric and Holter ECG Warehouse (THEW). In this context,
an automatic method for extracting short awake resting segments of the ECG signal fdasn all
Holter-type recordings is proposed and described. By applying machine learning techniques, the
obtained dataset is used for designing and testing classifiers suitable for distinguishing the main LQTS
genotypes.

The most significant parameters for distinguishing the main LQTS genotypes were identified, and
a series of classifiers based on the support vector machine (SVM) method was proposed. The
classification success of the proposed models was verified on a test data set. From binary classification
tasks, the main output, considering the objectives of the work, was a classifier for distinguishing the
LQT3 group, which achieved an overall accuracy 4%8with the LQT3 genotype identified with a
precisionof 81% and arecall of 90%. In multiclass classification tasks, the most successful approach
among several presented was the cascade classifier, which achieved an overall accuracy of 71%, with
the following accuracy and sensitivity for each of the main genotypes: LQT1 (65% sensitivity, 58%
accuracy), LQT2 (79% sensitivity, 82% accuracy), and LQT3 (71% sensitivity, 77% accuracy), with
potential for improving these results.

The research emphasizes the good explainability of the proposed parameters. The success of
classification on singlehannel signals with a low sampling frequency of 200 Hz offers the possibility
of using the proposed principles in singleannel applications such as smartwatches. However, their
use is also possible in standard systems, where the identification of the LQTS genotype could
significantly contribute to the prevention and diagnosis of LQTS. The proposed method could
significantly reduce the time and financial costs associated with genetic testing.

KEYWORDS

Long QT Syndrome, LQTS discrimination, Electrocardiogram parameterization, Electrocardiogram
classification, Cardiovascular diseases, Support vector machine classification
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1 Introduction

The followingthesisfocuses on the inherited form of Long QT Syndrome (LQTS). The prevalence
of this genetic channelopathy is estimated to be approximately 12Z80W)1]. The penetrance is
highly variable and can be influenced by multiple inherited and acquired factors. This cardiology topic
was chosen due to the potentially fatal consequences of this disease. Individuals affected by this
condition have an increased propensity for syncope, polymorphous ventricular tachycardia, especially
torsade de pointe@dP), and sudden cardiac death. This is often the cause of unexplained death in
young people.

Numerous genes with a variety of mutations have mntified. These result in different types of
LQTS, each based on specific mechanisms of QT prolongation. These are triggered by diverse
activities. Some of these can pose a higher risk of sudden death. The prevention strategies, treatment
options, or the need for an implantable defibrillator may vary accordingly. Genetic testing remains the
only method used to distinguish between individual types of LQTS. However, it idnsgiming,
costly, andnot always readily available for common uss of now, it is primarily used for research
purposes.

The primary focus of this thesis is the exploration of LQTS within a cardiology context, with an
emphasis on the morphological changes caused in the ECG signal waves. The subsequent ECG
analysis aims to differentiate between individual genotypes of LQTS. A routine cardiology
examination, being much moaecessiblecould serve as a preventive screening method. Furthermore,
treatments based on the knowledge of the specific genetic type of LQTS could potentially be more
effective. This approach would allow for more personalized and effective treatment, and it could
primarily enhance preventive and diagnostic patient care.

This dissertation is structured into several key sections, each addressing different aspects of the study
on LQTS genotypes. The initial chapters lay the theoretical groundwork and current understanding of
the topic, which form the basis for the di ssert

1 Chapter 2 provides an overview of cardiac structure and functimeusing on cardiac
activation and ion channel function. It al
particular attention to the analysis and delineation of ECG waves, especially the QT interval
and the reasons for its prolongation. Additionally, it offers a brief report on Long QT
Syndrome, including its causes, clinical manifestations, treatment options, and a brief
overview of LQTS genotypes. The chapter presents variations in ECG signals caused by
different LQTS genotypes, including results from modeling and observational studies,
describing frequent changes in ECG signals and identifying typical surface ECG patterns for
each LQTS genotype.

1 Chapter3 outl i nes t he di ssertation’s objective
foundations discussed in the previous chapters.

1 Chapter 4 describes the design of parameters used in the study, presents the results of the
preliminary analysis, and details the methods of signal preparation and measurement

I Chapter 5 focuses on designing binary classifiers for separating the main LQTS genotypic
groups. It also addresses the LQTS topic comprehensively, exploring various approaches to

10



designing multiclass classifiers capable of distinguishing the main LQTS genotypes (LQTL1,
LQT2, LQT3). It discusses the results achieved and the limitations of the work.

1 Chapter6pr ovi des a brief summary of the dissertat

11



2 State of the art

2.1 Cardiac structure and function

The heart is a hollow, corshaped organ thaumps blood throughout the body. It consists of four
muscular chambers: the left and right atria, and the left and right ventricles. Additionally, it has four
valves: the aortic, mitral, pulmonic, and tricuspid valj#s.

2.1.1 Heart and blood circulation

Deoxygenated blood is delivered to the heart via the inferior and superior vena cava, which enter
the right atrium. The blood then flows through the tricuspid valve into the right ventricle. Contraction
of the right ventricle pumps the blood into the pulmonary artery and to the lungs. @igtyétood
returns to the left atrium via the pulmonary veins and then passes through the mitral valve into the left
ventricle. Contraction of the left ventricle propels the oxygenated blood into the aorta, from where it is
distributed to the tissues of the entire body. The aortic and pulmonic valves, located at the beginning
of the aorta and pulmonary artery, prevent blood from flowing back into the ven(kidese 1).

[2,3]

Left common
carotid artery

Left subclavian
artery

Aorta

Brachiocephalic artery

Superior vena cava
Left pulmonary

Right pulmonary arteries arteries

Left pulmonary

Right pulmonary veins veins

Left atrium

Right atrium Semilunar valves

Atrioventricular

mitral) valve
Atrioventricular ( )

(tricuspid) valve Left ventricle

Chordae tendineae \\) ¥ Septum
Right ventricle

Inferior vena cava

Figurel: Heart anatomyA4].

From a histological perspective, the heart wall is composed of three layers: the endocardium,
myocardium, and epicardium. Myocardial cells, known as cardiomyocytes, are capable of generating
and transmitting electrical activity. They are interconnected by cytoplasmic bridges or syncytia. In
functional syncytia, the individual cells are perfectly interconnected, so if one cell is activated, the
action potential is propagated to all the others. The heart essentially consists of two syncytia: atrial and
ventricular. These are electrically separated from each other, with the His bundle being the only
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physiological connection between them. This separation allows atrial contraction to occur shortly
before ventricular contraction, a delay that is crucial for the heart to function efficiently as a
pump|[2,3]

All myocytes are seléxcitable with their own intrinsic contractile rhythm. Depending on their
function and abilities, myocardial cells can be divided into three types: pacemaker, conducting, and
contractile cells. Pacemaker cells are primarily found in the sinoatrial (SA) node and produce
spontaneous electrical discharges. Conducting cells are located in the atrioventricular (AV) node, the
bundle of His, bundle branches, and Purkinje fibers. Contractile cells form the main cell type in the
atria and ventricles. Their contraction is very similar to that of skeletal muscle cells, except it lasts
much longer. In contrast, the other two cell types contract only weakly because they contain only a
small number of contractile fibers (myofibrils). They manifest their activity either by automatic
rhythmic electrical discharge in the form of action potentials or by the conduction of action potentials
in the heart. These cells create an excitatory and conductive system that controls the rhythmic
heartbeat. Their membranes contain different ion channels, which give them specific
electrophysiological properti¢3]

2.1.2 Cardiac activation

The activation of the cells in the SA and AV nodeég(re2) proceeds as follow<& * ions enter
the cell through slow channels, thereby decreasing the polarization of their resting membrane potential
(RMP, -65 mV). This is called the prepotential. Pacemaker cells gradually and spontaneously
depolarize until they reach a threshold potentiah&fmV. Then, fast voltaggated calcium channels
open, leading to a rapid depolarization phd3aring the following repolarization phase, potassium
channels permit K+ ions to exit the cells. This causes the membrane potential to become more
negative, returning the process to its initial stitesummary, the depolarization of the SA and AV
nodes is caused by the influx of calcium ions into the cell, while repolarization is driven by the
outflow of potassium ions. The contribution of sodium ions in this process is negljgible.

(mV) o (mV) or
90"~ 90"~
membrane Ca™ -\K+ membrane Na* Ca* &
conductance / \\ conductance
M o
Na* |
0 0
0 200 (ms) 0 200 (ms)

Figure2: The comparison of action potentials and cardiac ionic currents for the cells of the SA node
(left) and the cells of ventricular myocytes (rigfg).

The primary pacemaker is the SA node, whose resting frequency of excitatiohG8 6@ats per
minute. Other heart cells can behave similarly to SA node cells. Under pathological conditions, they
can become a source of depolarization and thus trigger muscle contraction. The frequency of other
parts of the conduction system is slower than that of the SA node. For example, the rhythm of the
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AV node (secondary pacemaker) is around 50 beats per minute, while the ventricular rhythm
corresponds to a frequency of about 30 beats per m[B.&é.

The action potential further spreads from the cells of pacemaker to the working myocardial cells
(Figure 2). There is a rapid opening of sodium channels with transfer of sodium into the cell. The
result is a positive membrane potential. This is called Phase 0. Depolarization is followed by a phase
of rapid repolarizatioifPhase }, during which the electrochemical gradient causes potassium outflow
and the rapid closure of sodium channélse next phasePhase 2, known as thelateau phasas
conditioned by the opening of voltage calcium channels and the slow inflow?bfinBathe cell.
Subsequently, the calcium channels gradually become inactive, and potassium channels gradually
open. As a result, the membrane potential falls towards the resting state. During the next phase
(Phase3), the potassium channels are fully opatowing K* to escape from the cell, leading to
repolarization In thePhase 4calcium, sodiumand potassium are gradually restoredhiir resting
levels by their respective ATPasdependent pumps. Gradually, a negative stable resting membrane
potential of about90mV is reached agairthe cell remains in a resting state until it is newly
activated. Compared to the SA and AV nodes, the working myocardial cells have fast-gatetje
sodium channels, which cause a sharp rise in the guitemtial during depolarizatiofB,5]

During the absolute refractory periodigure 3), an action potential cannot be generated, even by
an abovehreshold stimulus. This mechanism protects the myocardium from the phenomenon known
as reentry, where excitation circles back through the heart tissue. Following this, a brief phase known
as the relative refractory perioBigure3) occurs, during which a new action potential can be initiated,

but only by an abowvthreshold stimuluf3,5]

Na* channels —

close ﬁ‘-‘—:é'a‘:"-—--.._ Slow Ca?* channels open
E I.'f( / Slow Ca®* channels close
5 ,"{I' The plateau
i Repolarization

| |
I Rapid depolarization i abaniichelsss

my ] I'I:/

Voltage-gated Refractory period .
ion channels —90 4 '
SREY / Absolute !
! T
Influx of Na* =] 9 100 200 300
Time (ms)

Figure3: The heart muscle action potentid].

2.1.3 The cardiac conduction system

Physiologically, during diastole, the spontaneous depolarization of the SA node cells occurs. Once
thethreshold potential of these cells is reached, they trigger an action potential. The wave of excitation
then spreads from the SA node to the AV node. The different conduction velocities in various parts of
the atria arg@robably due to the arrangement and main direction of the muscle[fiberse impulse
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then enters the bundle of His, which divides into the left and right bundle branches. The left bundle
branch splits into the anterior and posterior fascicles, while the right bundle branch runs undivided
along the right edge of the interventricular sep{@jn The conducting pathwayFigure 4) ends by
dividing into the Purkinje fibers, which rapidly distribute the wave of depolarization throughout both
ventricles[3]. The duration of normal depolarization in a healthy person should be less than 0.12
seconds[3,5]

Action potential
SA node

Superior vena cava

Atrial muscle
AV node

Sinoatrial node
Commaon bundle

Internodal pathways O —

Atrioventricular node Purkinje fibers

Bundle of His ' Ventricular muscle

Right bundle branch
ECG p T
U
L1 1QBRS by baig
0.2 0.4 0.6
Time (s)

Purkinje system

Left posterior fascicle

Figure4: The ardiac conduction systeffl].

2.1.4 The ECG signal analysis

During the depolarization wave, dipoles form from the cardiomyocytes. An electric field, which
can be characterized by a vector, is generated around each of them. The summation of many
elementary fields creates an electric field of the heart, which can also be characterized by a vector at
any time[10]. The electrical activity of the heart is recorded as an electrocardiogram (ECG)e(

5), using a device called an electrocardiograph.

By convention, the main waves on the ECG signal are usually labeled P, Q, R, S, and T. These
letters were chosen in the early days of ECG development. The Q, R, and S waves together form the
QRS complex. Each wave of the ECG represents the depolarization or repolarization of a specific
region of the heart3]. There are several ways to collect the ECG signal, with the most commonly
used being a Rad ECG. The leads are named |, Il, lll (bipolar), aVR, aVL, aVF (augmented), and
V1-V6 (chest). The output signal of each lead is different and corresponds to the location of the
electrode. Generally, the wave will be positive in a lead if the depolarization of the corresponding area
flows towards that lead. Conversely, if the lead views the area from the opposite direction, the wave
will be negative. This perspective allows for the determination of which regions of the heart are
affected by abnormalities.

As mentioned above, each normal heartbeat begins with the depolarization of the SA node. This
depolarization does not produce any detectable wave on the standarfBECG
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Figure5: Electrocardiogram (ECG) and its delineatjad].

The first noticeable wave B-wave, which appears when the impulse spreads from the SA node to
the atria. It is a manifestation of their electrical depolarization. This wave is relatively small due to the
small muscle mass of the atria. The electricity flows towards most leads, and thereforgae iB
usually positive except in the aVR lead. The duration is normally up to 100 ms, with a maximum
amplitude of 0 to 0.3 m\{3,12]

Then the i mpulse reaches from the atria to th
any obvious wave on the ECG. It delays the conductiasg contributing tahe PQ (or PR) interval,
which is the time between the beginning of theva¥e and the subsequent Q omwBve. This
mechanism prevents the rapid impulses from spreading from the atria to the ventricles. The PR
interval starts at the beginning of atrial depolarization and ends at the beginning of ventricular
depolarization. It corresponds to atnantricular conduction. The duration ranges from 120 to
200ms and can vary with age and heart rate. The PQ interval is normally isoel@ctég.

Next, the impulse is conducted from the AV node to the bundle of His, which divides into the left
and right branches. Current normally flows between the bundle branches in the interventricular
septum, from left taight, and this is responsible for the first deflection of the QRS conjpleXhe
positive or negative deflection depends on the position of the lead relative to the.sEpéufirst
downward deflection of th@RS complex is labeledasQ-wave, the first upward deflection is called
R-wave. The Rwave can be followed by downward deflection, which is marked the S-wave. The
impulse proceeds gradually throughout both ventricles, and their depolarization forms the basis of the
QRS complex. Its duratiorangedrom 50 to 120mns. The QRS complexes are declared to be 'positive’
or 'negative’ depending on whether thev&ve or the Svave islarger It canvary fromleadto lead.

The left ventricle contains considerably more myocardium than the right, and thus the voltage
generated by its depolarization tends to dominate the shape of the QRS d&infdle® leads looking
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from the right can see a relatively small amount of voltage moving towards them during the
depolarization of the right ventricle and a large amount moving away durimtgpodarization of the

left ventricle. For these electrodes, th&v&®ve of the QRS complex will be dominant, making the QRS
complex negative. Conversely, for the leads looking at the heart from the leftwtheeRs large and

the Swave is small. Thus, the QRS complex changes gradually from predominantly negative to
predominantly positive across the chest lefg]s.

The ST segment is measured as the interval from the end of the QRS complex to the beginning of
the T wave. It is a period during which electrical current should not pass through the myocardium. A
normal decrease or increase compared to the isoelectric line is up to q12inV.

The QT interval represents the total time needed for the activation of the ventricles and their
recovery to the normal resting state. It is measured from the beginning of the QRS complex to the end
of the Twave. The average values range from 0.34 to 0.42 seconds. The duration can be affected by
factors such as heart rate, age, or gerdi2}.

TheT-wave corresponds to the period from the repolarization of the ventricular myocardium to its
resting electrical statg3].

A small positive deflection, sometimes recorded after thweaVe, is labeled as tHg-wave. Its
origin is uncertain, but it may represent the repolarization of the interventricular septum or the slow
repolarization of the ventricles. Its shape depends on factors such as vegetative muscle tone, mineral
metabolism, and other variables.

2.1.5 QT interval

As mentioned before, the QT interval starts at the beginning of the QRS complex and ends with
termination of the T wave, and it represents the total duration of the electrical activity in the ventricles.
The QT interval is important, because its abnormalities can be associated with risk of dangerous
ventricular arrhythmias. Because the Qdrationmay vary slightly from lead to lead, the lead with
the longest QTnterval (V2 or Vs) is usually taken for the measurement. Time length of QT correlates
with the heart rate. Thus, to decide whether the interval is prolonged or shortened, it is necessary to
calculate its corrected valug]

Correcting the QT interval

It is difficult to remember the normal QT interval length range appropriate for each heart rate
value. Therefore, we correct the length of the QT interval by calculating it as if it corresponds to a
heart rate of 60 beats per minute. There are several ways to do this. The most frequently used formulas
are as follows[3]:

Non-linear formulae

Bazett’'s for mul a
UonM: D

Fridericia formula
0 "Yo "o‘lﬁ'g 2)

17



Linear formulae

Framingham formula

Hodges formula

(@]

0

YOO WY Mot p Y'Y

YO Q) Y p& v

whereQTcBis the corrected QT interval using Bazes

QTcFra using Framingham formuleand QTcH using Hodges formula. QT is the measured QT

0Y o

3

(4)

f o @Tiohrilusing Fridericia formula

interval andRRis the measured RR interval (the time between consecutwavs). All intervals are

in seconds. Although Fridericia andafingham formulae seem to be better predictors of mortality,
for mul

the Bazet s

The prolongation of QTc

a |

S mo st

comnm3nly

used

due

t o

For men, the corrected QQTc) interval (Table 1) should be between 3%fsec and 45hsec,

andfor women 350nsec to 460@nsec.If the values are higher, it is referred to as QT prolongation. A

it

long QT interval is most often associated with electrolyte abnormalities (e.g., hypocalcemia,

hypokalemia, hypomagnesemia), drug effects, acute myocarditis, or congenital long QT syBfirome
It can also be detected ipases of acute myocardial infarction, cerebral injury, hypertrophic
cardiomyopathy, and hypothermig],

diagnostic pointer.

but

in t hese

condi

ti

Tablel: Bazett corrected QTc values for diagnosis QT prolongation; values arg18ns

Suggested Bazett-corrected QTc values for diagnosis QT prolongation
Rating 1-15yrs Adult male Adult female
normal <440 <430 <450
borderline 440-460 430-450 450-470
prolonged >460 >450 >470
Long QT syndrome

ons

QT

Long QT syndrome (LQTS) is a hereditary disease that increases susceptibility to ventricular
arrhythmias and sudden cardiac death. Abnormalities in potassium or sodium channels lead to
prolonged ventricular repolarization, resulting in an extended QT interval. This prolonged
repolarization duration allows the development of ventricular arrhythmias, which are based on early

afterdepolarizations where depolarization channels reopen before repolarization is cdijplete

Several variants of these abnormalities have been identified. The most common are LQT1 and LQT?2,
caused by potassium channel changes, and LQT3, which is associated with sodium channel

abnormalities.
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2.2 Long QT syndrome

LQTS is ahereditary syndrome that increases the propensity for syncope, susceptibility to
ventricular arrhythmias, and sudden cardiac death. Due to abnormalities in potassium or sodium
channels, ventricular repolarization is prolonged, leading to an extended QT interval. The longer
duration of repolarization allows for the development of ventricular arrhythmias, which are primarily
based on the mechanism of early afterdepolarization. This means that depolarization channels reopen
and a new depolarization occurs before repolarization is complete.

The first family with LQTS was described in 1957 by Jervell and Latigsen[14]. In 1979, the
International Long QT Syndrome Registry was established, and since then, it has been a valuable
source of information for many studigtb]. LQTS typically exhibits autosomal dominant Mendelian
inheritancg16]. Recent studies estimate the prevalence to be in the range of-2200[1] , with an
average penetrance of approximately Z3%4, indicating the ratio of clinically affected individuals to
the total number of mutation carriefBhe penetrance is highly variable and can be influenced by
multiple inherited and acquired factors, including autonomic innervation, hormonal influences,
environmental factors, and behavioral componfrés

Several variants of these abnormalities have been iden(ifigble 2). The most commotare
LQT1 and LQT2modifications caused by changes in potassium ion channel protéiastions in
the subunits of genes result in the reduction of qlipy and rapid @) components of potassium
current, affectingPhase 2and 3 of the cardiac action potential and delaying repolarizatidre
heterozygous form of the mutation does not reproduce thell4pid 2 phenotypes. The third most
commonvariant,LQTS3, is associated with the sodium channel protiirthis case, a gain of function
in rapid sodium influxIna) leads to persistent late, slow sodium inflt&]. The channel fails to close
properly after initial depolarizatiorand continued leakage of sodium into the channel results in
prolongation of the action potenti§l 8].
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Table2: List of genes associated with LQTS and affected ion channels or related proteins. Adopted
from [19].

Genetic Types of the LQTS

Ion-channel

Genotype | Chromosome | Affected Gene Channel Protein Current

4 U-subunits each with 6 membrane|

LQT1 11 KCNQ1 spanning segments

Lids

LQT2 7 KCNH2 4U-supunits each with 6 membrane| s
spanning segments

1 U-subunit with 24 membrane
LT3 3 SCN5A ubunit i tLatae
spanning segments

Ankyrin-B ) .

LQT4 4 (ANK2) Sodium pump and Na/Ca exchangef  INa
- it of KCNQ1 with 1

LQTS 21 KoNEL  |P-Subunitof KONQLwith 1 membrar

spanning segment

LQT6 21 KCNE2 b-Subgnit of KCNH2 with 1 membrar "
spanning segment

LQT7 17 KCNJ2 2 membrane spanning segments I

1 U;-subunit with 24 membrane
LQTS 6 CACNA1C e ! da
spanning segments

LQT9 3 CAV3 (caveolin)|Altered gating kinetics of N4.5 INa*

- it of N5A with 1
LQT10 1 SCN4B bSubgnlto SCN5A with 1 membra ' Lagae
spanning segment

LQT11 7 AKAP9 A-kinaze anchor protein 11 Ks

LQT12 20 SNTAL sodium current (SCN5A) regulator t1 Na

* channel-related proteins, these are not proteins forming channels.

During diagnosis, it is important to consider that abnormal QT prolongation may be acquired
secondarily Differentiating between congenital LQTS and acquired factors is crucial not only for the
individual but also for their familyAmong the already mentioned reasons causing QT interval
prolongation, LQTS is often misdiagnosed as epil¢p8} This is due to the similar course of seizure
activity, which is caused by cerebral anoxia during ventricular arrhythmias in the case of LQTS.
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LQTS can be diagnosed in a patient after a syncopal event if a prolonged QT interval is revealed.
Additionally, all firstdegree family members of an LQTS patient are usually tested. Another reason to
investigate the presence of LQTS in a family is the occurrence of unexplained sudden death in a young
person. Occasionally, affected individuals are identified when an ECG is taken for another purpose.

A scoring systenj21] was created to diagnose less clear cases of LQTS. It is based on personal
and family history, symptomatology, and ECG findings. For patients with a borderline QT interval,
additional methods such as Holter monitoring, exercise testing, or an epinephrine provocation test may
be applied. Holter monitoring can reveal abnormal QT interf2l$ or other arrhythmic events at
different times of the day. It is an efficient way to capture extreme events during rest and sleep, which
are typical for LQT3 patients. Another helpful method is exercise testing, which evaluates QT
prolongation during exercise and the recovery pei23fl The epinephrine provocation test has been
reported as significant in unmasking lpenetrance LQT1 carrief4,25] Recently, genetic testing
has become a clinical tool. Initially used mainly for research purposes to reveal gepiwypotype
relationships, it is now increasingly used in clinical settiig3.

2.2.1 Clinical manifestation

The penetrance of the genotype to the phenotgpd thus the risk of cardiac eventan be
influenced by many factorsThese include age, gender, QTc duration, genotype, location and
biophysical function of the channehutation [18,26,27] other modifiel genes, and therapy or
environmental factorfl6,18,28-30]. The following section describes some of these factors in detail.
The information has been primarily obtained from research based on the International LQTS
Registry[16,18].

Age and gender

The syndrome of lon@T can manifest at any time throughout ligevere QT prolongations and
significantly higher cumulative event rates in later life are typical in patients who were symptomatic as
infants[31]. Unfortunately the study[32] shows that LQTS is responsible for nearly 10% of sudden
infant death syndrome (SIDS) cases.

It has been proven that the risk of cardiac events is both éintegendedependent. Males are at
higher risk during childhood, while females are at greater risk after puberty. Earlier §1&q88534]
identified this age limiasmostly between 14 to I@ears. Rcent studiefl8,28,30,35,36have shown
that the reversal in gender risk of cardiac events occurs at a latéFigges 6). One study[29]
indicates that there is no significant gender difference in risk between 12 and 20 yearslioisage
assumed that this reversal in gender risk is related to hormonal f&gtdregens can shorten the QT
interval [37], consequently reducing the risk in men after childhdodcontrast, estrogen has been
shown to block potassium (K) channf88], which may be associated with an increased rate of events
in females during pogtuberty, postpartum, and pesenopauseThis is supported by studp9],
which shows the significant increase in tiigk 9-month postpartum period, particularly in LQT2
carriers.
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A Probability of a first Cardiac Event from Age 1 through 75 Years by Gender
0.7 1 ynadjusted P< 0.001

0.6 1 Female

0.5 1

0.4 1

0.3 1

0.2 7

0.1

Probability of Cardiac Event

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76
Age

PATIENTS AT RISK
Female 2319 1506 (0.26) 919 (0.45) 587 (0.53) 305 (0.58) 87 (0.64)
Male 1450 786 (0.29) 530 (0.36) 383 (0.40) 222 (0.44) 73 (0.47)

Probability of ACA or SCD from Age 1 through 75 Years by Gender
0.70 1

Unadjusted P= 0.008
0.60 1
0.50
0.40 -
0.30 1
0.20

0.10+

Probability of ACA/LQTS Death w

L 1 R T s —————————
1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76
Age
PATIENTS AT RISK
Female 2319 1942 (0.03) 1298 (0.10) 817 (0.16) 390 (0.18) 112 (0.21)
Male 1450 1046 (0.05) 657 (0.08) 453 (0.09) 256 (0.12) 85 (0.13)

Figure 6: Estimation of the cumulative probability ¢A) a first cardiac event (syncope, aborted
cardiac arrest [ACA], or sudden cardiac death [SCD]) anda(f)st life-threatening cardiac event
(ACA or SCD) from age 1 through 75 years by gender. Adopted[tt8in

QTc duration

The risk of a cardiac event increases with the level of QT interval prolond@pnA QTc
interval longer than 500 mss associated with a greater arrhythmic risk of sudden cardiac arrest (ACA)
or sudden cardiac death (SCD) in LQTS pati¢4@-44], as a consequence of electrical instability.
Patients who are carriers of the related gene mutation but have a normal QT interval are at lower risk
than patients with QT prolongation. Nevertheless, their rate of cardiac events is-&till higher
than that of their unaffected family membgtg,45-52].

Time — dependent syncope

Studies have demonstrated that a history of syncope, assessed asleptmdent factor, is the
most powerful predictor of subsequent lifgeatening cardiac events in LQTS patigt;28,30,35]
Patients with recurrent syncopal episodes are at significantly higher risk of cardiac arrest or ether life

22



threatening cardiac events than patients withduistry of syncop¢28]. The danger is much greater

if syncopal events occur in recent years, and it further increases with the number of syncope episodes
during this period[28]. Time-dependent syncope is considered a very important risk factor,
independent of other risk factdib].

LQTS genotype triggers

The trigger activity of patients is highly genotygependent. The LQT1 genotype is associated
with physical activities[53-55], typically swimming [54]. Patients with the LQT2 genotype
experience arrhythmia events triggered by emotional and auditory stimuli, especially upon waking
[53-55]. For example, a sudden loud noise, such as a ringing alarm clock, can trigger these events. In
contrast, episodes of cardiac events in patients with the LQT3 genotype usually occur without
emotional arousal, often during sleep or at j83t55]. The influence of genotype on the morphology
of the STT wave segment has also been described in stiilgs7]

Treatment

Due to the low prevalence of LQTS, therapy is primarily based ontlyngobservational studies.
Individuals at low risk are assessed individually. All patients at intermediate or high risk are treated
with beta-blockers, which are considered the filéte therapy for patients with LQTE5]. The
mechanism of bethlockers is the attenuation of adrenengiediated triggers. This can be very
effective in LQT1 and LQT2 patienf85], but the success of beldockers in treating LQT3 patients
is less evidenf42,47], and can evefacilitate TdPin LQT3 patientg58]. The recent study showed
that the cardiac events occurred in 10%, 23% and 32% of LQT1, LQT2 and LQT3 patients after this
medical therapy42].

Theimplantable cardioverter defibrillator (ICD) is also effectively used as a therapeutic device
in highrisk LQTS patients[45,59] It is mostly combined with bethlocker medication. The
indications for ICD implantation, as recommended by the European ICD refl€/§0] are:
()cardi ac arrest on therapy, ( 2)-blockade dviheee cardéac r e s t
sympathectomy is unavailable or declined by the patient, (4) compound heterozygous/homozygous
pati ent s wi tlockadey and (6)pemarg prevehtion in exceptional cases of extreme QT
prolongation with other highisk features.

Surgicalleft cervicothoracic sympathetic denervation is a procedure used to reduce adrenergic
stimulation of the heart. It was described as a treatment for LOQTS beforblbekars became
available[61]. This surgery is performed on patients with recurrent syncope despitblbeitar
therapy and on patients who experience arrhythmia storms with afLt8L.D

There areother therapeutic considerations that have been tried. One of them is the pacemaker,
which has been used in selected LQTS patients with sinus bradyf@2dlig&ocal radiofrequency
ablation in LQTS patients has also been repd@8ll New therapeutic approaches, such as sodium
channel blockers, potassiuchannel activators, and other gespecific therapies, are also being
developed63].

Patients with LQTS should avoid all @fFolonging drugs, alarm clocks, competitive sports, and
all types of adrenergic stimuli
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2.3 The manifestation of LQTS genotype in ECG

In the case of identifying LQTS genotypes, there is a physiological reason to focus on the parts of
ECG signals that correspond to-S&gments and-Waves. Some repolarization changes are expected
because different ion currents are affected by various types of mutations.

2.3.1 Modeling

The modelling study64] can help better understand the effect of ion channel changes on the
morphology of the ECG signaMain genotypes of LQTS syndrome are simulated by reducing the
membrane conductancel@f (LQT1), of Ik (LQT2), or by altering the steaestate inactivation of the
fast sodium currentnato generate a late (persistent) current during the plateau phase of cardiac action
potential (LQT3)[64—66]. Several degrees of ionic current modification are presented to simulate
different severitiegFigure?).

LQTI LQT2 LQT3

Simulations

----- 0.05% Peak Iy,
------ 0.1% Peak Iy,
e (0.2% Peak 1

Na

100 ms

Figure7: Effects of ion channel mutatioms the signals omidmyocardialand epicardial cells arttie
ECG of LQTS carriers Iks reduction for LQT1 (left), & reduction for LQT2and under hypokalemic
conditions [K] (middle) and late component af for LQT3 (right). Adopted from[64]

The observation showf54] that the longer duration of the QT intervals is caused by all types of
LQTS, and the rate of QT prolongation increases with increasing severity.

LQT1 is caused by reducelds. This current change prolongs the QT interval and reduces
transmural dispersion of repolarization (TDR). TDR is defined as the interval between the earliest and
latest AP repolarization times and can be approximated by the interval between the peak and the end
of the T-wave. There is no visible broadening of thevdve.

Reducing & simulates LQT2. Under these conditions, the QT interval is prolonged;wavd is
broadbased, and its amplitude is augmented. The TDR is increased. When hypokalemia is
superimposed on LQT2, thewaves become notched.
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The LQT3 is caused by the presence of a late componert. &d a result, the QT interval is
prolonged again, because there is a widened T wave with delayed onset. The T wave amplitude and
TDR are increased.

2.3.2 In vitro modelling study

In order to better understand the ECG changes caused by different types of LQTS mutations, an in
vitro canine study was conductfg¥,68]. The cellular electrograms from epicardial, endocardial, and
midmyocardial cells were recorded along with a transmural ECG.

The following conclusions were observdedgure8). In the LQT1 model, whelxs was blocked,
there was QT prolongation with little or no change in T wave morphology and a slight increase in
transmural dispersion of action potential duration. Adrenergic stimulation produced ebbseatd T
wave and an increase in transmural dispersion of repolarization. This corresponds to physical activity
as a trigger of ventricular arrhythmias in LQT1 patients. In the LQT2 miadalas blocked, resulting
in increased transmural dispersion and bifid T waves.Ndiechannel inactivation blocker was used
to model LQTS3, resulting in a long ST segment, -latset T wave, and markedly prolonged QT
interval.

LQTI1 LQT2 LQT3
0. 5 & d-sotalol 05 05
8 mV mV
[S2
200 msec 200 msec 200 msec

Figure 8: Experimental data frorf67,68] from LQT1 (left), LQT2 (middle) and LQT3 (right) model
Adopted from[64].

2.3.3 Experimental observations

In the following section, ten typical ST wave patterns are described. These patterns were
observed and reported in the research work published by Zhang[%f].allhis study is highly
practical and corresponds to the real evaluation of surface ECGs by cardiologists.

LQT1

Infantile ST-T-wave (Figure9 a) appears in the ECG of children up to 2 years of age (and can be
seen in patients younger than 5 years). It is associated with other infantile features, such as a fast heart
rate and right ventricular predominance. The ST segment is short-defirnkkd. The Twave upslope
immediately follows the ST segment, and they visually merge into one diagonal linevaver
upslope. Bifid FTwaves are very common. The downslope of theale is steep. Generally, the T
wave appears brodmhsed, peaked, and asymmetrical. The QTc interval ranges from borderline to
obviously prolonged (47020 ms) .

Broad-based T-wave pattern(Figure 9 b) is visible in most leads, particularly in the precordial
leads. It is characterized by a single, smooth, and Hraadd Twave with a hardly distinguishable
onset. The QT interval ranges from normal to obvi
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Normal-appearing T-wave pattern(Figure9. c) is characterized by normakWwave morphology,
with the QT interval ranging from nor mal t o ob\

Late-onset normal-appearing T-wave (Figure 9d) has a prolonged ST segment and normal T
wave morphology. The QTc is 49040 ms.

Lead a b C d
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Figure9: Four typical LQT1 patterns: Infantile (a), Brohdsed (b), Normahppearing wave (c) and
Late-onsetnormatappearing Twave (d) Adopted fron[57].

LQT2

Bifid T waves are typical for the LQT2 genotype, as described in previous {&&K&l]. They
are visible in most of the 12 leads. Thev@ive amplitude is low, and the QTc interval is either normal
or mar kedly prolonged (47030 ms)

Obvious bifid T-wave patten (Figure 10. a) is characterized by a bifid-Wwave, with the second
component occurring early on the downslope of the first component

Subtle bifid T-waves are of two types(1) with the secondomponent at the top of thewave
(Figure10b) and (2) with the second component on the downslope of-ti@& Figure 10 c). Due
to the subtle nature of bifid-Waves, they can be easily overlooked.

Low-amplitude and widely split bifid T-wave pattern(Figure10d) features a bifid Fwave that
is widely split and has a low amplitude. The second component ofweavd& can merge with the-U
wave, which may lead to confusion with the hypokalemigalve configuration.
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Figure 10: Four LQT2 patterns: Obvious bifid Fwave (a), Subtle bifid Fwave wth second
component on top of-Wave in limb and left precordial leads), Subtle bifid Twave with second
component ordownslopeof T wave (c) andLow-amplitude bifid Fwave with second component
merged with Uwave(d). Adopted from57].

LQT3

Late-onset peaked/biphasic T-wave (Figure 11a) is a pattern characterized by a long ST
segment followedby a narrow peaked or biphasigvave[56] with a steep downslope and late onset.
The onset and offset of theWwave are usually distinct. The QT intervahisrkedly prolonged (QTc
5 3 0 #¥)0

Asymmetrical peaked T-wave (Figure 11b) is characterized by peaked and asymmetrical T
waves with a steep downslope. The QTc is 470x£30

The overlap between patterns of LQT1 and LQT2 was 3%, and 33% between LQT1 and LQTS3.
The most frequently occurring patterns were the Nomapgakearing Twave for LQT1 patients, Bifid
T-waves in the LQT2 group, and the Lateset peaked/biphasicwave for the LQT3 type. The most
common patterngs7] for all types of LQTS patients are mostly consistent with the findings of the
aforementioned modeling stuf4] and in vitro canine studi¢68,70]

Changes in repolarization variables were also measured. It should be noted that the QTc was
significantly longer in LQT3 compared to LQT1 and LQT2, which were almost the same. The
corrected ST was significantly shortest in LQT2 and significantly longest in LQT3. Tavd
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duration was significantly longest in LQT2. Thewhve amplitude was lower in LQT2 than in LQT1

and LQT3. The quantified repolarization variables are also in agreement with the modeling studies
[64,67,68] with the exception of the -Wave amplitude. Other differences may occur due to
combinations of LQTS mutations or mutations in still unknown genes.
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Figure 11: Typical LQT3 patternst.ate-onset peatd/biphasic Twave (a), Asymmetrical peaked T
wave (b) Adopted from{57].

2.3.4 Differentiation of LQTS groups

The referenced summary stufi2] provides a detailed description of current research on LQTS.
These studies encompass a diverse range of subjects, including healthy individuals, family members of
LQTS patients who tested negative for the genotype, and patients with mutations 41@flas
LQT2, LQT3, hERG or KCNH2, KvLQT1, and other specific chromosomes.

Based on these studies, it was identified that the development of algorithms for analyzing changes
in ECG wave morphology holds significant potential, particularly in distinguishing between different
patient groups. This research is already partly underway, with a primary focus on differentiating LQTS
carriers from healthy individua[33-77]. Special attention is given to those with minimal QT interval
prolongation, who may not be identified using current methodologies. Another promising area is the
differentiation of LQTS type$73,78,79]exploring the relationship between ECG morphology and
risk stratification.
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My work builds upon the studies that outline the demarcation of LQTS genotype patients from
nonaffected individuals and those with borderline QT intervals. This research aims to derive new
features and propose methods based on signal processing and machine learning to enhance the
discrimination of LQTS genotypes via ECG signal analyses. These methods could eventually extend
or replace genetic testing and facilitate genotypic ther@®82]. Additionally, the literature
discusses distinguishing between acquired and inherited QT prolonf@&jon

The parameters used in LQTS studies include time intervals (which describe QT duration, heart
depolarization, and early and late repolarizationyyave morphology markers, and measurements
derived from vector cardiography.

As one of greatest contribution in terms of differentiatiorL@T1 and LQT2genotyps is the
study of Martino Vaglio (2008]j78]. This research is briefly described from this point of view in the
following text.

The aim of this study is the EClased differentiation of healthy individuals, LQT1, and LQT2
carriers. The dataset comprisesléad digital Holter ECG signals recorded over 24 hours. It includes
signals from 49 LQTL1 patients from 26 families, 25 LQT2 patients from 19 families, and 38 healthy
individuals. Measurements are based on clustered cardiac beats throughout the -atine Halter
recording. Predictive genotype models were developed on a limited heart rate (HR) range and
validated on the full HR range.

In this study, many ECG features were calculated. Scalar classic repolarization ECG parameters
were measured, such as the QT interval, Q to Tpeak interval (QTpeak), T peak to Tend interval
(TpTe), and the magnitude of the T wave (Tmag). Vectorcardiographic measurements were based on
principal components analysis (PC{88,84Jof the repolarization segment defined between the J point
(where the QRS complex joins the ST segment) and the point located 220 ms before the next R peak.
This analysis provides complexity of repolarizatioAdpdp planarity, and other T wave morphology
parameters such as the right and left slopes of the T wave. Additionally, a repolarization modeling
technique[85,86), applied to the vectorcardiographic leads, was investigated. This technique models
the repolarization integral (RI) of the T wave and quantifies overall T wave morphology.

The results show that QT intervals of LQT2 carriers are significantly longer than those of LQT1
carriers. LQT2 signals usually exhibit low T wave amplitude and longer Q to Tpeak interval with
TpTe. The right and left slopes of the T wave are significantly lower in LQT2 than in LQT1 patients.
The Q to Tpeak interval was the best parameter for discriminating between LQT1, LQT2, and healthy
individuals. The right slope of the T wave was excellent for LQT2 differentiation.

Similar parameters were also measured in an earlier study published by Matti ViiT&akut
the dataset used and the range of parameters were not as extensive.

The most recent study 3] on differentiating all three main LQTS genotypes (LQT1, LQT2, and
LQT3) utilizes artificial intelligence and deep neural networks. A convolutional neural network
(CNN) model was trained on a database ofel?2i ECGs from 965 LQTS patients. The testing dataset
included 149 LQT1, 109 LQT2, and 32 LQT3 individu
the main genetic LQTS types showed an accuracy of 87.25% for LQT1, 84.4% for LQT2, and 50.0%
for LQT3 carriers. However, these results were presented in an unbalanced dataset.
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3 Aim and goals of the thesis

This study focuses on the inherited long QT syndrome, a cardiac disease that falls under the group
of genetic channelopathies. It is characterized by the prolongation of the ventricular repolarization,
which increases the likelihood of litbreatening arrhythmias. Individuals with this disease are prone
to syncope, polymorphous ventricular tachycardia (particularly torsade de pointes), and sudden cardiac
death. This often leads to unexplained deaths among young people.

The main genotypes of LQTS are LQTL, LQT2, and LQT3. Each is associated with specific
mechanisms and trigger activities. LQT1 is linked to physical activifes54] particularly
swimming[54]. Patients with LQT2 are sensitive to emotional and auditory stimuli, especially upon
awakening53-55]. Cardiac events in patients with LQT3 typically occur without emotional arousal,
during sleep or at reg§b63-55]. Current interventions, which range from pharmacological -beta
blockers to invasive defibrillator implantation, provide suboptimal protection, especially for the LQT3
genotype. Data suggests that while Hatakers are protective in LQT1 and LQT2, they may
facilitate TdP in LQT3 patien{87].

Based on the comprehensive research and the broader context presented in this work, the LQT3
genotype has been identified as particularly higk. Individuals carrying this genotype are in danger
due to difficultto-avoid triggering mechanisms and limited treatment possibilities. Currently, the
identification of genotypes is only possible through genetic testing, which is expensive, time
consuming, and not always available

The primary motivation of this work is to identify carriers of the LQT3 genotype using non
invasive method based on the ECG signal processing and machine learning techniques. This study
builds upon foundational research that distinguishes LQTS patients fromaffeoted individuals and
those with borderline QT interva]g2]. Based on theoretic#t4] and practica]57] studies, a working
hypothesis was established, and the goals of this dissertation were defined as follows:

1 Hypothesis: Newly designed features and modified learning methods can improve the
distinguishability of main LQTS genotype groups, enabling their automatic classification
from ECG signals.

The following goals have been set for this dissertation:

1 Design of Parameters: Specific parameters should be developed and designed from the
ECG signal. These parameters should effectively identify the main LQTS genotypes, with
a particular emphasis on the LQT3 genotype.

9 Signal Preparation and Measurements: A database of genotyped signals should be
prepared and delineated for the purpose of testing the proposed parameters.

1 One Genotype Differentiation: A method for the automatic differentiation of the LQT3
genotype should be developed. Additionally, the applicability of the proposed parameters
for differentiating other LQTS genotypes should be verified.

1 LQTS Genotype Multiclass Classifier Design: A classifier that can distinguish between
the main LQTS genotypes, specifically LQT1, LQT2, and LQT3, should be designed. This
classifier should then be trained and tested
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Given the growing potential and availability of ECG signal measurement using smartwatch
applications, this work aims to propose parameters and methods with good explainability and
applicability on signals with low sampling frequency and sibgdeal.
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4 Proposal of methodology

4.1 Design of parameters

From the analysis of LQTS, it is obvious that the measurement of ECG, particularly the ST
segment and T wave, is meaningfibr the STsegment, primary focus should be on monitoring its
duration, shape, and whether it is isoelectric. As for T waves, their width should be observed, keeping
in mind that some patterns may have a broad base. Particular attention should be paid to the duration
of the interval between the peak and the end of the T wave. The shapes of the ascending and
descending parts are also important, as is their comparison. Monitoring the amplitude and the presence
of bifid T waves is also recommended.

For this purpose, | proposed and calculated parameters that should primarily distinguish the group
of LQT3 patients from the other two groups, LQT1 and LQT2 patients. These features characterize the
selected ECG parts using (1) the parameters conventionally employed in ECG signal analysis.
Following this, | introduce two novel methods that present a new geometrical dimension of ECG
signal parameterization. The first of them is (2) the calculation of the area under the ECG curve, which
effectively combines the influence of the signal duration and amplitude. The second approach involves
(3) the transformation of the ECG wave into the unit circle. This method suppresses the influence of
the signal time and amplitude. The primary aim of these approaches is to quantify the shape of
individual ECG waves. The parameterization methods are described in detail in the published article
[88]. As a result, certain sectionstbk followingtext may be identical or highly similar.

4.1.1 Parameters of time and amplitude

This group of features describes ECG in terms of time and signal amRigdee 12). Some of
these features may be referred to under different terms in the related literature on ECG
parameterizatian

time domain time domain
A Tpeak
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time - time
tDurationUp, tDurationDown tDuration

Figure12 Visualization of foundational features from the time category. The paratDetetionUp
(blue) andDurationDown(red) are on the left, areiDuration(green) andDuration (gray) are on the
right.

tDuration
The time duration between theginning (b, and the end (kg of T wave.

tDurationUp
The time duration between the beginning,(Bnd the peak (la) of T wave.
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tDurationDown
The time duration between the peake() and the end (hg of T wave.

stRiseperc
It is calculated as (Amplitude §l)-Amplitude(QRSng)/(Amplitude (Tpeay-Amplitude( QRSng).

stDuration
The time duration of SSegment, calculated as a time difference between the(#RE the end 4.

st-rrRatio
The parameter is calculated as a ratio betweergtidurationand the duration of RR interval. The
value is always negative.

4.1.2 Parameters of the area under the curve

The parameterization approach, which involves calculating the area unmet af the ECG
signal, provides an overview of the combination of amplitude and duration. Fe@ige® 13) are
computed using the rectangle method of integration applied to the appropriate signal segment. The
value of these features is influenced by both the amplitude size and the duration of tkedanaly
section. This value increases when there is a combination of long duration and high amplitude

time domain time domain
A m: Tpeak
(0]
g E
= =1
: : .
Ton on
QRS g Tend
time time tAreaUpc| tAreaDownc

Figure 13 Visualization of foundational features from the category of area under the curve. The
parametestAreac(blue) is on the left, anthreaUpc(green) andAreaDowndgray) are on the right.

tAreaUpc
The area under (ithe case of positive Wave) or above (in the case of negativevdve) the ECG
signal is timely bordered by the beginning.{Tand peak (Jeay Of Twave. The ECG amplitude
values are shifted so that the amplitude @fi3 equal 0. The values of ECG, which are lower than
amplitude of T, are considered as zero values. The integral is calculated using the rectangle method
started at the peak point. The parameter assumes the values greater than zero for the pasitise T
and values lower than zero for the negatiweaves.

tAreaDownc
The area is calculated analogically @asAreaUpg just as border values are usegeak and the
end(Teng Of T wave. The parameter also assumes the values greater than zero for the positres T
and values lower thazero for the negative-Waves.

tAreac
It is counted as a sum of tharametersAreaUpcandtAreaDowng¢ whichare mentioned below.
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tAreacUpDownRatio
It is counted as the ratlwetweertAreacUpandtAreacDown

StAreac
The area under (in the case of rising ST segment) or above (in case decreasing ST segment) the ECG
signal timely bordered by the offset of QRS (@RSand the beginning of-Wave (Ton). The ECG
amplitude values are shifted so that the amplitude of QRSequal 0. The values of ECG, which are
lower than QR&q4 amplitude, are considered as zero values (it could be changed in the flihgre).
integral is calculated using the rectangle method started at the peak point. The parameter assumes the
values greater than zero for the rising ST segments and values lower than zerddorahsin@T.

stArea(only preliminary study)
The area under (in the case of rising ST segment) or above (in case decreasing ST segment) the ECG
signal timely bordered by the offset of QRS (Q@RSand thebeginning of Twave (Ton). The ECG
amplitude values are shifted, so that the amplitude of:QRSequal 0. The values of ECG, which are
lower than QR&qamplitude are NOT considered as zero values. The integral is calculated using the
rectangle method started at the peak point.

4.1.3 Parameters of transformation to the unit circle

The geometric method of transforming a wave into a unit circle represents an ECG signal wave
with adjusted time and amplitude scales of the analyzed wave in the following nigiuee 14).
The beginning of the wave corresponds to the peih0] on the unit circle coordinates, the end
corresponds to the point [1,0], and fhesak corresponds to the point [0,1], regardless of polarity. This
transformation is performed independently for the ascending and descending parts of the wave. By
transforming into the unit circle, the time and amplitude scales are uniformly distorted, and the shape
(convexity or concavity) of the relevant part of the wave can be compared independently, regardless of
its duration. The area under the curve, which is within the unit circle, rises with a decreasing level of
convexity or in the presence of bifid waves.

Transformation to the unit circle is a normalization technique that maps the ECG signal,
represented by the functidft), to coordinate$X, Y] on the unit circle by scaling time and amplitude.
Mathematically, this transformation for a wave beginning@t peaking atdeak, and ending attip
can be described as:

For the ascending part of the wave

Time scaling O p — ov o0 (5)

Amplitude scaling N — ov o0 (6)
For the descending part of the wave

Time scaling N — o 0 (7)

Amplitude scaling N — o 0 (8)
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oneAreaUp
The Twave is transformed to the unit circle, where the point of ECG signal [Tpaag(T
Amplitude(Ton)] corresponds to the point [0,0] of the udiitcle, [Time(Tpeay, AMplitude(Tyeay ] to the
point [0,1], [Time(Tn),Amplitude(Ton)] to [-1,0]. Then the area of the transformedvdve is
calculated analogoustp tAreaUpc.The value of the parameter is always positive.

oneAreaDdown
The Twave is transformed to the unit circle, where the point of ECG signal [Tpaag(T
Amplitude(Tend] corresponds to the point [0,0] of the unit circle, [Timgg), Amplitude(Tpea ] tO
the point [0,1], [Time(T.g),Amplitude(Tend] to [1,0]. Then the area of the transformedvdve is
calculated analogoustp tAreaDownc.Thevalue of the parameter is always positive.

ratioUpDownperc
The value is counted as tragio oneAreaUponeAreaDown

oneSTTAreaUponly main study
The T-wave is transformed into the uriircle, where the point of the ECG signal [Time(Tpeak),
Amplitude(QRSend)] corresponds to the point [0,0] of the wunit circle, [Time(Tpeak),
Amplitude(Tpeak) ] to the point [0,1], [Time(QRSend), Amplit(@BSend)] to {1,0].
Then, the area of the transformeew@ve is calculated analogously to tAreaUpc. The parameter's
value is always positive.

ratioSTTUpDownperc(only main study
The value is counted as thagio oneSTTAreaUpneAreaDown
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Tpeak [0,1] peak
(o]
o
2
El . transformation Ton _ Tend
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QRSgng Tend
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oneArealp
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©
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=
g transformation QRSgng ﬂ Tend
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Figurel14: Visualization offoundational features from the category of transformation to the unit circle.
The first column shows the ST segment of the ECG signal in the time domain. The bolded part of
the signal is transformed into the unit circle (the second column). The creation of parameter
oneAreaup(red) is described in the first lineneSTTAreaUfyellow) andoneAreaDowr{blue) in the
second line
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4.1.4 Parameters using the combination of the methods

tAreacPerSeac
The parameter is counted asAreadtDuration. Theinfluence of the RR interval variation should be
eliminated by the ratio.

tAreacUpPerSec
The parameter is counted agAreacUpgtDurationUp The influence of the RR interval variation
should be eliminated by the ratio.

tAreacDownPerSec
The parameter is counted atAreacDowrftDuratioDown Theinfluence of the RR interval variation
should be eliminated by the ratio.

stAreaPerSec
Is calculatedasstAredstDuration
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4.2 Preliminary study - LQTS differentiation

In order to develop an algorithm fdifferentiating LQTS genotypes, it is necessary to have access
to the ECG signals of patients diagnosed with this diséakitionally, the data set must be enriched
with the outcomes of genetic testirtdowever, due to the nature of the disease and the complexities
involved in genetic testing, obtaining relevant data is a challenging Tasknitially assess the
applicability of the proposed parameters for LQTS differentiation, these parameters were tested on a
smaller dataset, with the approval of the Mayo Clidrect access to the data was not granted.
Therefore, the algorithm for computing the proposed parameters was designed in such a way that it
could be implemented by a researcher at the Mayo Clihis. ensured that the data was not disclosed
to unauthorized individuals, thereby maintaining the privacy and confidentiality of the data.

4.2.1 Data

For this preliminary study, access was provided to 32 ECG signals from patients at the Mayo
Clinic. The Long QT Syndrome and Genetic Heart Disorders Clinic at the Mayo Clinic is addressing
this topic. All patients were also genetically tested by the Sudden Death Genomic Laboratory. The
dataset included twelMead ECG signals, which were greocessed and evaluated. All waves were
labeled and measured. The dataset comprised 10 signals from LQT1 carriers, 12 signals from LQT2
carriers, and 10 signals from LQT3 carriers. Each signal consisted of 4 to 22 evaluated ECG cycles.
Access to the data was facilitated with the approval of the Mayo Clinic, through one of its researchers

4.2.2 Parameterization and statistical analysis

In the preliminary study, all parameters were calculated exasESTTAreaUpand
ratioSTTUpDowrperg, which were additionally added for the purpose of the main studye
parametersnentioned above were calculated for all leads of each signal separatgtyvdiue of the
featurecomputed for one ECG cycle was used in statistical analysis as one separatRegdudless
of which signal it comes from. It isy classified as LQT1, 2 or 3.

The data did not meet the requirements for the application of the parantesticAs a result, the
nonparametric Wilcoxon rarkum test was utilized. This test determined which parameters could
significantly distinguish between pairs of LQTS groups (LQTIT2, LQTI-LQT3, and LQT2
LQT3). The test was conducted at a 1% significance level. The features of each pair of groups were
sorted based on thevalue, from the most to the least effective in distinguishing a pair of groups.
Subsequently, the Spearman test, conducted at a 5% significance level, was used to exclude closely
correlated parameters. The best two uncorrelated parameters were identified independently for each
channel of a pair of evaluated groups. These two parameters were used to optimize the setting of a
two-dimensional linear function, which served as a classifier. The categorization results of all pairs of
the best uncorrelated parameters for all available cycles were displayed. The values of selectivity and
specificity were calculated to demonstrate the efficiency of LQTS differentiation that can be achieved
with an appropriate classifier setup

4.2.3 Results

The optimal classification setups are illustrated in the subsequent figures. In the differentiation
between the LQT1 and LQT2 groups, a selectivity of 85% and a specificity of 92% were achieved in
channel 9(Figure 15). For the LQT1 and LQT3 groups, the selectivity was 89% and the specificity
was 99% in channel Figure 16). Lastly, for the LQT2 and LQT3 groups, the selectivity was 89%
and the specificity wa88% in channel 7Rigurel7).
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Figure 15: The optimal linear classification for groups LQT1 and LQT2 (divided by the black line).
The values counted from the ECG cycles corresponding to the signals of LQT1 patients are marked by
the triangle, cycles of LQT2 by circles. The values of the cycles from one signal are cle@dieri

the same colour (as it is shown in the legend).
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Figure 16: The optimal linear classification for groups LQT1 and LQT3 (divided by the black line).
The values counted from the ECG cycles corresponding to the signals of LQT1 patients are marked by
the triangle, cycles of LQT3 by circles. The values of the cycles from one signal are clz@dieri
the same colour (as it is shown in the legend).
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Figure 17: The optimal linear classification for groups LQT2 and LQT3 (divided by the black line).
The values counted from the ECG cycles corresponding to the signals of LQT2 patients are marked by
the triangle, cycles of LQT3 by circles. The values of the cycles from one signal are clmthdtgri

the same colour (as it is shown in the legend).

4.2.4 Discussion

The results of the preliminary study demonstrated that the proposed parameters are highly
applicable for the mutual differentiation of individual LQTS genotypes. Even the LQT3 genotype,
which is notably challenging to distinguish from the LQT1 group, is most discernible lreduel
This suggests potential usability for simpler smartwatch applications. The results of this preliminary
study may benfluenced by the limited number of signals for LQTS groups, and the unequal number
of individual ECG cycles in each signal. However, the overall results indicate significant potential for
the proposed parameters in further extended research.
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4.3 Signal preparation and measurements

For further investigation, consent was obtained to access a robust dataset fi@enmetric and
Holter ECG Warehouse (THEW), specifically the genotyped Long QT syndrome subkit-B3-
0480013[89]. This comprehensive repository furnishes extensive ECG recordings alongside genetic
profiles of individuals diagnosed with LQTS. These longitudinal ECG datasets have been
meticulously curated to provide a highsolution temporal window into the cardiac rhythms of
patients with genetically confirmed LQTS, offering an unparalleled opportunity foepth analysis
of the electrophysiological signatures characteristic of distinct LQTS genotypes.

The data compilation comprises a diverse cohort of subjects with a confirmed diagnosis of LQTS,
ensuring a broad representation of the genotypic spectrum within the condition. Each subject's dataset
encompasses a substantial sequence of ECG tracings, securely anonymized in compliance with patient
confidentiality protocols. These tracings have been recorded with rigorous adherence to quality
standards, thus providing a dependable foundation for subsequent computational §88JyJes
qualify for inclusion in this study, participants' ECG records were required to demonstrate precise
genotypic categorization as either LQT1, LQT2, or LQT3 based on genetic testing results embedded
within thedatabase.

Given the size of the database and the length of the records, an automated method was proposed
for extracting valid signals that are suitable for testing the parameters for LQTS differentiation. This
method is intended for use in the subsequent LQTS study. The methodology for signal extraction is
detailed in the published artic[88]. Consequently, some sections of this text may be identical or
highly similar to the content in the subsequent.part

4.3.1 Data processing and selection

The dataset was based on one of the largest available LQTS dat@®sehich includes 246
records form mainly two leads validated as the LQT1 genotype, 145 as the LQT2 genotype, and 35 as
the LQT3 genotype. The time duration of signals is in the range of approximat2fyHours for each
patient. The fidelity of these signals is preserved at a sampling frequency ldz 2@ich is deemed
sufficient to capture the nuances of QT interval variances while facilitating computational efficiency.

The raw ECG data underwent a preprocessing stage where artifacts were filtered out, and signals
were normalized to facilitate uniform analysior this research, the focus was directed toward
discrete segments of the ECG recordings that correspond to periods of wakefulness between 10 a.m.
and 8 p.m., presuming regular diurnal variations in cardiac function. This strategic selectiamcriteri
aims to minimize the confounding influences of circadian rhythm variations on the QT interval,
thereby enhancing the precision of the genotype discrimination process. This study's rigorous data
selection and preprocessing protocols establish aduglity, genetically validated dataset primed for
applying machine learning techniques to discriminate between LQTS genotypes with enhanced
accuracy and clinical relevance.

Only segments of the signals recorded between 10 a.m. and 8 p.m. had been sedanted) s
pati ent ' during thigpetdiod mhe 5% of this signal with the lowest HRV parameter LF/HF
[90], which reflected the sympathovagal balance, was considered to be at rest. The LF/HF had been
sequentially calculated by the PhysioNet Cardiovascular Signal To@dg82] (for MATLAB) in
sections of 200 beats in length with an offset of 100 beats. The 60 ECG beats in the middle of the two
longest resting sections, as previously described, had been subsequently preprocessed and delineated
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by the Physionef{91] and ECGdeli[93] toolboxesfor MATLAB (Figure 18). The Physionet
delineation was primarily applied. If it failed, the ECGdeli delineation was used as an alternative.
Subsequently, the signals were partially displayed, and the best signal for each patient was manually
selected. In addition, noisy signals or signals where the delineation was unsuccessful were. excluded

Example of original signal from the database (THEW ECG Viewer)
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Figure 18 The figure illustrates examples of ECG signals. The top panel shows a segment of the
original ECG signal from the database, while the bottom panel displays the preprocessed and
delineated ECG signals corresponding to specific genotypes. Signals were delineated using the
Physionet toolbox91]. Key points of each ECG cycle are highlighted as follows: the onset of the
QRS complex (QRs) is marked with a black plus sign, the peak of the QRS complex(&R&th

a black circle, and the end of the QRS complex (QR®ith a black asterisk. Similarly, the onset of

the T-wave (Ton) is indicated by a red plus sign, the peak of the T wayg) Dy a red circle, and the

end of the Twave (Teng by a red asterisk.

Each ECG trace in the dataset spans 60 cardiac beats, striking a balance between providing
adequate data for analysis and maintaining manageability for algorithmic processifigaltataset
is stratified into three groupsprresponding to the LQT1, LQTZ2, and LQT3 genotypes. The number
of ECG signals representative of each genotype is denoted as 205 for LQT1, 86 for LQT2, and 31 for
LQTS3, respectively. This stratification allows for targeted analysis and comparative evaluation among
the different LQTS genotypes.
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4.3.2 Dataset stratification

The dataset for this study was meticulously constructed following the aforementioned criteria,
culminating in a robust assembly of ECG signals.

To establish a baseline for testing and validation, a subset comprishtigirahef the ECG signals
from each genotype group was sequestered to form a control cohort. This control group was selected
through a randomized process to ensure unbiased representation across the genotype spectrum. The
randomized selection process not only strengthens the robustness of the control group but also mirrors
the stochastic nature of the clinical presentation and enhances the generalizability of the study's
findings.

These control set68 LQTL, 28 LQT2, 10 LQT3)representative of each LQTS genotype, were
preparedexclusively for the testing phase of the machine learning model. Delineating a distinct testing
cohort is crucial for evaluating the model's discriminative performance. When confronted with
previously wunseen dat a, it ensures that the re
The rest of the signals was used as a training dath3étLQT1, 58 LQT2, 21 LQT)3prepared for
training ofproposedlassifiers.

In conclusion, the preparation and delineation of the dataset form the cornerstone of this research,
providing a solid foundation upon which the comparative analysis and machine learning models can
be developed and evaluated. The dataset's thoughtful compilation and rigorous preparation underscore
the meticulous approach undertaken to ensure the integrity and reliability of the subsequent analysis.
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4.4 Parameter of Sample entropy

Based on a deeper analysis of the morphology of ECG signals for different genotypes, greater
variability was observed within the ECG records of patients with the LQT3 genotype while exploring
the THEW database. Within a single signal, there were observable variabilities, particularly in the
often highly variable durations of RR intervals within a short section of the signal. To numerically
express these findings, the parameter Samapteopy SampEh was additionally proposed as a
parameter for distinguishing LQTS.

The suitability of applying this parameter in the field of cardiology was verified on a database of
complex fractionated atrial electrograms (CFAES) in our sfi@dy, which presents a method of
Ssubstrate mapping to support the electrophysiolog
of atrial fibrillation (AF). This study shows that sample entropy, along with the principle of optimizing
input parameters, is a powerful method capable of discernindractionated and fractionated atrial
electrograms and evaluating AF substrate changes.

4.4.1 Methods

The dataset used for testing this type of parameterization comes from the THEW database of
genotyped Congenital Long QT syndromé&iBL-03-0480-013. The final dataset, prepared according
to the procedure outlined in the previous chapter, includes a total of 322 signals of different genotypes
(205 for LQT1, 86 for LQT2, and 31 for LQT3). These are resting vigil ECG signals from Lead I,
each consisting of 60 cardiac beats and sampled at a frequency of 200 Hz. These signals were
normalized to their maximum value.

The sample entropy isiathematically described if®5]. The following explanation is adopted
from [94]. Given a time serieg(n) of length N, sequences ofm-ength vectors are formed and
compared. Two of these vectogsx; commencing ah = | and of lengthm are considered alike if the
distance between thefal(i, j)) is below a threshold. Then, the matching ratios and B can be
computed as:

6 i ——B Q 60 | 9)
6 1 —B & i (10)
6 i ——B 0 00 i (11)
6 1 —B 06 i (12)

Specifically, the dissimilarity measure usedgample entropynetrics can then be defined as:
0 o Ow Q T A@Qda p 0Qa ps (13)

Finally, SampEnis computed as the negative natural logarithm of the conditional probabilities
defined in Equationf) and(11):

YOanOER T 10 i 176 i (14)
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The values oSampEnwvere calculatef©6] for the entire dataset. Thengthvalue ofmwas set to
16, which approximately corresponds to the minimum physiological duration of the ST segment at a
sampling rate of 200 Hz. Thhreshold value of was set as 0.2 multiplied by theedianvalue of the
standard deviatia@of normalizedsignakin the datasefthis median value is 0.15)

Since the data does not follow a normal distribution, as indicated by the SW4krtest at the
5% significance level, the Krusk&Vallis test was applied to assess the suitability ofShenpEn
parameter to distinguish among the three groups: LQT1, LQT2, and LQT3. The suitability for
differentiating pairs of groups was assessed using the Wilcoxon rank sum test. All tests for group
differentiation were conducted at the 5% significance level.

4.4.2 Results

The SampEmparameter values were calculated over the entire length of the dataset signals, with
them= 16 and = 0.03. The values @ampErare depicted in the following figu(&igure19).

SampEn
04
° C Lot
035 _lLat2
° LQT3
0.3}
(o]
o]
0.25 o
= :
[ o
“é 02
3 -+ .
015
0.1}
0.05 — J_

Figure 19: Statistical comparison and visualization of param&ampEnfor the LQT1, LQT2 and
LQT3 groups.

To demonstrate the discriminatory ability of tBampEnfeature for LQTS genotypes, a ron
parametric Wilcoxon rank sum test was performed to assess the potential significant difference of this
parameter between the two assessed groups. Additionally, the Kwakal test was applied to
assess differences among the three assessed groups. The spatiiiespof the respective tests are
shown in the following tableT@ble3).
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Table 3: Overview of the discriminatory ability expressed by theajues of the relevant statistical
tests, depending on the discrimination task.

The discriminating ability of the parameter SampEn depending on the differentiation ta
differentiated groups p-value statistical test
LOT3vs. LQT1,2 0.10 Wilcoxon rank sum test
LOQT1vs. LQT2,3 0.91 Wilcoxon rank sum test
LQT2vs. LQT1,3 0.33 Wilcoxon rank sumtest
LQT1vs. LQT2 0.51 Wilcoxon rank sum test
LQT1vs. LQT3 0.14 Wilcoxon rank sum test
LQT2vs. LQT3 0.07 Wilcoxon rank sumtest
LQT1vs. LQT2vs. LQT3 0.20 Kruskal-Wallis test

4.4.3 Discussion

The parameter representing Sample Entropy, while effective when applied to CFAEs, did not
adequately demonstrate its suitability for distinguishing between individual groups of LQTS
genotypes. This limitation may be attributed to the different classification tasks and the nature of the
data, which involved significantly lower sampling frequencies. Given the low discriminatory ability of
this parameter for the main LQTS genotypes and its high computational complexity, it will not be
considered further in this study.
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5 Results and discussion

5.1 LQTS genotype differentiation

The study described in this section builds on the preliminary study and its very promising results,
which have been the motivation for using a wider dataset of genotyped ECG signals. This work
explains the use of newly designed paramef4ry related to the measurement of the-BTvave
segment, which was partly presented in the published ai@i8]leAs a result, the following text may
be the same or very similar. This study also highlights the applicability of novel geometric
parameterization approaches, including the calculation of the area under the curve and the
transformation to the unit circle. The proposed machine learning approach to LQTS differentiation
seems to be very important and promising for the immediate identificationrik ahdividuals,
including their trigger activities, and the provision of personalized therapeutic chatbesiinimal
costs.The following section describes the possibility of designing several binary classifiers to identify
the main LQTS genotypes. The following classification tasks are described: LQT3 vs LQT1,2; LQT1
vs LQT2,3; LQT2 vs LQTL,3; LQT1 vs LQT2; LQT1 vs LQT3 and LQT2 vs LQTS3.

5.1.1 Methods

Data

The dataset for this study is derived from the THEtabasge specifically the genotyped
CongenitalLong QT syndrome HOL-03-0480013 E-HOL-03-0480013 [89]. The final dataset
was obtained following the procedure described in the previous chapter. This dataset contains a total
of 322 signals across individual genotypes: 205 for LQT1, 86 for LQT2, and 31 for LQT3. These are
resting vigil ECG signals of Leddwith a length of 60 cardiac beats, sampled at a frequency of
200Hz.

Parameterization and statistical analysis

All parts of the extracted ECG signals #4e3) and theparameters describdd.1) are calculated
separatelydr each ECG beat of each sign@hly the featurestArea is eliminated as redundarithe
absolute values of atlomputed parametease usedor future processing

To suppress potential inaccuracies in the delineation, 20% of ECG cycles with the highest root
mean square error are omitted as outliers. The values of these features are assumed to be consistent
within a single signal. Subsequently, each signal is represented by thefrtbarremaining values
for each parameter

The dataset exhibits a n@aussian distribution, characteristic of medical data where biological
variability and measurement idiosyncrasies often preclude fitting to a normal distribution.
Consequently, the statistical approach adopted herein is nonparametric, circumventing the need for the
normality assumption and thus providing a more robust analysis given the data's distributional
properties.

Discrimination Analysis:

To effectuate the differentiation betweémo groups thatshould be separated by the binary
classifier the Wilcoxon rank sum test, also known as the Mafititney U test, has been employed.
This nonparametric test assesses the null hypothesis that two independent samples stem from the same
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distribution. The significance threshold was set at 5%, aligning with conventional statistical practice to
balance the risks of Type | and Type Il errors.

Correlation Analysis:

To ascertain the independence of variables, the Spearman rank correlation coefficient was
utilized—a nonparametric measure of correlation that assesses the strength and direction of the
monotonic relationship between two continuous or ordinal variaBlesibsolute threshold of 0.6 for
the Spearman coefficient was instituted to delineate correlated from uncorrelated features-dfhis cut
ensures the selection of features that provide unique information, minimizing redundancy in the
predictive model.

THEW LQTS : Vigil sections The l.:’hysmNet LF/HF  Resting sections Middle 60 ECG
Holter —> (10 a.m. and 8 p.m )—> Cardiovascular —>  (thelowest =~ —» beats of longest
database : o p.m. Signal Toolbox 25% of LF/HF) sections

¢ Physionet
toolbox <«
Comparison Preprocessing <— ECG signals
(Lead I, 60 beats, 200 Hz)

-« ECGdeli -«

toolbox
Time and amplitude Features of transformation Features of area :  SVM classifier
features to the unit circle under the ECG curve

. . Fine
l l l : : Gaussian
3 best features : .

Figure 20: Signal extraction, preprocessing, and feature extraction pipeline: extraction part
includes the selection of the ECG signals from the period between 10 am and 8 pm when it is assumed
that the patient is in a state of vigilandée resting part of the size of 60 ECG beats is selected,
whereby it is estimated from the LF/HF heart rate variability pararf@grThe part of such a signal

is visualized in the first circle picture. Two freely available algorithms are used, the Physionet toolbox
[91] and ECGdeli[93], and the crucial points of each ECG are specified in the delineation part.
Finally, the triad of the best mutually uncorrelated parameters utilize the novel approaches of the
calculation of the area under the curve or the transformation to the unit circle, in addition to traditional
methods. They are chosen as input for liveary Support Vector MachinéSYM) classification

model Partly adopted frornf8].
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Feature selection

A triad of mutually uncorrelated parametetisat exhibited the most pronounced discrimination
capability betweerseparated cohortsyere identified upon establishing correlation thresholds. These
parameters were selected for their statistical significance and potential to contribute to a model that
accurately classifies the genotypes based on-B&twed attributes. The strategic selection of these
variables is pivotal, as it directly influences the classifier's ability to discern the subtle nuances across
the genotype spectrum, thereby bolstering the predictive accuracy of the ensuing #eaching
model.The entire classifier development process is depicted in the diagramFadtine20.

Classification model and performance measurement

The training dataset was used to develop a binary Sugpotor Machine (SVM) classifiefThe
parameters were optimized using a Gaussian kernel funf@idn SVM models are particularly
advantageous for machine learning classification tasks due tdréresparency, explainabilityapid
training times, exceptional accuracy, and high performance with relatively low computational effort.
Additionally, SVMs are effective with smaller training data volumes, making themswiedid for this
study's dataset.

The three most effective mutually uncorrelated parameters, demonstrating the highest
discrimination ability for the selected group, were chosen as input variables for the classifier. Due to
the varying number of signals across different genotype gridgtse4), the training input data were
weighted(Table5)t o enhance the cl assifier’ s(TableSawaai ng
applied to balance the datas@iable6) for presenting and comparing results.

All signals have been automatically split into the random nonstratified partitions of the training set
and a test. The classifier is trained and crn@dglated sing only the training data sefdble4). The
5-fold crossvalidation is chosen. The accuracy of the proposed classifier is then verified in the
indepemlent outof-sample test dataséigble4).

Table 4: Overview of the number of signals associated with each LQTS genotype, categorized into
training and test sets depending on the distinguished groups of genotypes.

Number of signals in datasets for LQTS genotype differentiation
training dataset testing dataset
differentiated groups LQT1 LQT2 LQT3 LQT1 LQT2 LQT3
LQT3vs. LQT1,2 137 58 21 68 28 10
LQT1vs. LQT2,3 137 58 21 68 28 10
LQT2vs. LQTL,3 137 58 21 68 28 10
LQT1vs. LQT2 137 58 0 68 28 0
LQT1vs. LQT3 137 0 21 68 0 10
LQT2vs. LQT3 0 58 21 0 28 10
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Table5: Summary of weights for data balancing in the training and testing datasets across genotype
groups, depending on the distinguished genotype groups.

Weights overview in datasets for LQTS genotype differentiation
training dataset testing dataset
differentiated groups LQT1 LQT2 LQT3 LQT1 LQT2 LQT3
LQT3vs. LQT1,2 1.0 1.0 9.3 1.0 1.0 9.6
LQT1vs. LQT2,3 1.0 17 1.7 1.0 1.8 18
LQT2vs. LQT1,3 1.0 2.7 1.0 1.0 2.8 1.0
LQT1vs. LQT2 1.0 24 0.0 1.0 24 0.0
LQT1vs. LQT3 1.0 0.0 6.5 1.0 0.0 6.8
LQT2vs. LQT3 0.0 1.0 2.8 0.0 1.0 2.8

Table 6: Overview of the balanced number of signals associated with each lg@mn8type,
categorized into training and test sets depending on the distinguished groups of genotypes.

Balanced number of signals in datasets for LQTS genotype differentiation
training dataset testing dataset
differentiated groups LQT1 LQT2 LQT3 LQT1 LQT2 LQT3

LQT3vs. LQT1,2 137 58 195 68 28 96
LQT1vs. LQT2,3 137 99 36 68 50 18
LQT2vs. LQT1,3 137 157 21 68 78 10
LQT1vs. LQT2 137 139 0 68 67 0
LQT1vs. LQT3 137 0 137 68 0 68
LQT2vs. LQT3 0 58 59 0 28 28
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5.1.2 Distinction of the LQT3 genotype from the LQT1 and LQT2
genotype (results)

This study primarilly aims to distinguish LQT3 patients from other LQTS individuals, as they are
at higher risk due to their inability to easily avoid trigger activities such as sleep ankhegsfore, m
the following section, the task of differentiating the LQT3 genotype from the LQT1 and LQT2
genotypes is presentg@8]. Based on statistical analysebree features that effectively distinguish
LQT3 have been identifiedDurationUp, oneAreaUp andstAreac

The featuréDurationUp, a traditional temporal measure, quantifies the duration between the onset
andpeakof the T-wave, providing a straightforward temporal perspective of the ECG waveform.

Distinctly, oneAreaUpoffers fresh insight by calculating the area under the ascending part of the
T-wave after its transformation to the unit circle. This metric explicitly captures the convexity and
concavity of the Twave's ascending segment, offering an innovative measure less affected by heart
rhythm variations than traditional methods.

The third featurestAreag quantifies the area under the ST segment, adding another layer of
diagnostic information by analyzing this specific part of the ECG curve.

The distributions of these features across the different genotypes are visually depkitpdan
21, illustrating the distinct patterns associated with LQT3 versus LQT1 and LQT2.
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Figure 21: Statistical comparison and visualization of three best features extracted from the ECG for
the LQT3 and LQT1,2 groupadopted from[88].

Statistical analysis of these features using the Wilcoxon rank sum test revealed highly significant
p-values (less than 0.001 ftidurationUp andoneAreaUp and 0.002 fostAreag, underscoring their
discriminative powerAdditionally, the mutual independence of these features was confirmed via
Spearman correlation coefficients, which were significantly below the critical threshold of 0.6,
indicating minimal redundancy among the selected featlieddd7).
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Table7 provides an overview of the Spearman correlation coefficients between the best parameters for
the LQT3 distinction with a Wilcoxon rank sum testgdue lower than 0.00%dopted from[88].
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tDuration 1.00 0.91 0.47 0.47 0.42 0.10
tDurationUp 0.91 1.00 0.70 0.56 0.39 0.17
tAreacUpDownRatio 0.47 0.70 1.00 0.58 0.30 0.25
oneAreaUp 047 0.56 0.58 1.00 0.70 0.18
ratioUpDown-perc 0.42 0.39 0.30 0.70 1.00 0.02
stAreac 0.10 0.17 0.25 0.18 0.02 1.00

Subsequently, a binaVM classifierwas employedo differentiate between the LQT3 genotype
and its counterparts, using a refined feature set derived from electrocardiografhdatiaree best
selected features were used as input, tuned using a Gaussian kernel function with hyperparameters
automatically optimized by the MATLAB Classification Learner App. Kernel Scale (KS) was set to
1.3 and Box Constraint (C) to A 5-fold crossvalidation procedure was used to calculate the
validation accuracy

The accuracy of the proposed LQT3 vs. LQTL1,2 classifier in the balanced training and testing
dataset is presented by the following confusion meg(Figure22?).

Training Data Testing Data
(SVM model - Fine Gaussian) (SVM model - Fine Gaussian)
ke 167 43 79.5% 2 86 29 74.8%
9 428% 11.0% 20.5% S 448% 15.1% 25.2%
] -]
o Do
S - 28 152 84.4% B = 10 67 87.0%
b g 7.2% 39.0% 15.6% 2 c 5.2% 34.9% 13.0%
o a
85.6% 77.9% 81.8% 89.6% 69.8% 79.7%
14.4% 22.1% 18.2% 10.4% 30.2% 20.3%
LQT3 LQT1,2 LQT3 LQT1,2
Actual Actual

Figure 22 Confusion matrix for the SVM classifier model used for LQT3 genotype discrimination,
tuned with a Gaussian kernel functigKS = 1.3, C = 1) The matrix on the left represents
performance on the weighted (LQ¥®.3, LQT1,2—1) training dataset, while the matrix on the right
shows results for the weighted (LQ¥3®.6, LQT1,2— 1) outof-sample testing datasétartly adopted
from [88].

Subsequently, the hyperparameters of the SVM model were further optimized using the Grid
Search method, which was applied in the vicinity of the hyperparameters automatically optimized by
the Classifier Learner Application, as mentioned in the previous step. The hyperparameters were
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optimized to the values of C = 1 and KS = 0.9. The evaluation for this model configugatimwn in
the followingFigure24.

Training Data Testing Data
(SVM model - Fine Gaussian) (SVM model - Fine Gaussian)
i 167 37 81.9% i 86 20 81.1%
g 42.8% 9.5% 18.1% g 44.8% 10.4% 18.9%

- -]
8~ L~
Q= 28 158 84.9% o= 10 76 88.4%
Bo 7.2% 40.5% 15.1% T Qo 5.2% 39.6% 11.6%
- = Jra |
o o
85.6% 81.0% 83.3% 89.6% 79.2% 84.4%
14.4% 19.0% 16.7% 10.4% 20.8% 15.6%
LQT3 LQT1,2 LQT3 LQT1,2
Actual Actual

Figure 23. Confusion matrix fothe SVM classifier model used for LQT3 genotype discrimination,
tuned with a Gaussian kernel functiomith hyperparameters Box Constraints (C = 1) and Kernel
Scale (KS = 0.9) optimized using the Grid Search methidee matrix on the left represents
performance on the weighted (LQ¥3®.3, LQT1,2- 1) training dataset, while the matrix on the right

shows results for the weighted (LQ¥3.6, LQT1,2- 1) outof-sample testing datasétartly adopted
from [88].
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5.1.3 Distinction of the LQT1 genotype from the LQT2 and LQT3
genotype (results)
Building upon the promising results from the previous differentiation task, the ability and potential

utility of the proposed parameters to identify LQT1 patients from other LQTS individeaéstested
in the following section.

Three parameters thatre most effective in differentiating LQT1 patients from others were
identified: stDuration ratioSTTUpDowrperc, andoneAreaup

The featurestDurationbelongs to the timéaturesused in ECG analyses. It specifically describes
the time duration corresponding to the ST segment.

The next parameteatioSTTUpDowrrepresents the ratio of areas normalized to the unit circle.
Specifically, it corresponds to the area of the ECG curve from the end of the QRS interval to the peak
of the T'wave, divided by the aremrresponding to the descending part of theave.

Finally, oneAreaUprepresents the area under the ascending segment of -Waver after
transforming it to the unit circle.

The visual representation of the distribution of these features, depending of the different
genotypes, is presentedrigure 24.
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Figure 24: Statistical comparison and visualization of three best features extracted from the ECG for
the LQT1 and LQT2,3 groups.

Statistical analysis of these features, conducted using the Wilcoxon rank sum test, silgbiyed
significant pvaluesless than 0.001 foall of them.Furthermore, the mutual independence of these
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features using Spearman correlation coefficients was verified. These coefficients were below the
critical threshold of 0.6, indicating minimal redundancy among the selected fedtaids=3).

Table8 provides an overview of the Spearman correlation coefficients between the best parameters for
the LQT1 distinction with a Wilcoxon rank sum testagdue lower than 0.001.
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oneAreaUp 1.00 0.48 0.53 0.42 0.44
stDuration 0.48 1.00 0.81 0.62 0.59
st-rrRatio 0.53 0.81 1.00 0.49 047
oneSTTAreaUp 0.42 0.62 0.49 1.00 0.97
ratioSTTUpDown-perc 0.44 0.59 0.47 0.97 1.00

Next, the SVM classifier was trainedalidated, and tested for LQTdistinction using the best
three featuressfDuration ratioSTTUpDowrpercg oneAreaUp as input, tuned with a Gaussian kernel
function. The performance is presented in the following confusioncaatRigure25).

Training Data Testing Data
(SVM model -Fine Gaussian SVM) (SVM model -Fine Gaussian SVM)
h 126 56 69.2% = 52 29 64.2%
9 465% 20.7% 30.8% 9 38.0% 21.2% 35.8%

© =}
g &
O 11 78 87.6% 0« 16 40 71.4%
5 E 5 =
E (@] 4.1% 28.8% 12.4% E (@] 11.7% 29.2% 28.6%
- = =
o o
92.0% 58.2% 75.3% 76.5% 58.0% 67.2%
8.0% 41.8% 24.7% 23.5% 42.0% 32.8%
LQTA LQT2,3 LQT1 LQT2,3
Actual Actual

Figure 25 Confusion matrix for the final SVM classifier model used for LQ@enotype
discrimination, tuned with a Gaussian kernel function. The matrix on the left represents performance
on the weighted (LQT-1, LQT2,3—1.7) training dataset, while the matrix on the right shows results

for the weighted (LQT -1, LQT2,3 - 1.8) outof-sample testing dataset.
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5.1.4 Distinction of the LQT2 genotype from the LQT1 and LQT3

genotype (results)

The subsequent differentiation taskanalogous to therevious ones and focuses distinction of

the LQT2 genotype group.

The research reveals the following triad of features as the most effimefreaUp stDuration
andtAreacUpDownRatioTwo of these features are similar to those in the previous task, and the last
one,tAreacUpDownRatipcorresponds to the ratio of the area calculated under the ECG signal for the
ascending and descending parts of theavawve. The graphical representatiothese feature
distributions, based on various genotypes, is illustrated in follofiggre 26.
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Figure 26: Statistical comparison and visualization of three best features extracted from the ECG for

the LQT2 and LQT1,3 groups.

Analyzing these features using the Wilcoxon rank sum test yielded highly signifivahigs (all
less than 0.001). Spearman correlation test was usedet®& dependence of parameters. All the
correlation coefficiets corresponding to the mutual relationship of the triade chosen parameters
confirmed their independence, with coefficients below the critical threshold of &0).
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Table9 provides an overview of the Spearman correlation coefficients between the best parameters for
the LQT2 distinction with a Wilcoxon rank sum testgdue lower than 0.001.
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tDuration 1.00 091 047 0.47 0.42 0.44 0.68 | 0.27 0.27
tDurationUp 0.91 1.00 0.70 0.56 0.39 0.61 0.76 = 0.37 0.36
tAreacUpDownRatio 047 0.70 1.00 0.58 0.30 0.54 0.54 0.27 0.25
oneAreaUp 047 0.56 0.58 1.00 0.70 048 0.53 0.42 0.44
ratioUpDown-perc 042 0.39 0.30 0.70 1.00 = 0.28 0.33 0.36 0.48
stDuration 0.44 0.61 0.54 0.48 0.28 1.00 0.81 062 0.59
st-rrRatio 0.68 0.76  0.54 0.53 0.33 0.81 1.00  0.49 047
oneSTTAreaUp 0.27 0.37 0.27 0.42 0.36 062 049 1.00 0.97

ratioSTTUpDown-perc 0.27 036 025 044 048 059 047 097 1.00

The SVM classifier was designed to distinguish patients with LQT2 genotype. The triad of best
uncorrelated featurerieAreaUp stDuration andtAreacUpDownRatip was used as input, tuned
with a fine Gaussian kernel function. The classifier performance for training and testing datasets is
summarized in the following confusion matri¢€ggure27).

Training Data Testing Data
(SVM model -Fine Gaussian SVM) (SVM model -Fine Gaussian SVM)
A 130 17 88.4% A 56 17 76.7%
9 413% 5.4% 11.6% S 359% 10.9% 23.3%
© ©
Lo L
S - 27 141 83.9% S - 22 61 73.5%
8 (@] 8.6% 44 8% 16.1% 8 g 14.1% 39.1% 26.5%
= = n
o o
82.8% 89.2% 86.0% 71.8% 78.2% 75.0%
17.2% 10.8% 14.0% 28.2% 21.8% 25.0%
LQT2 LQT1,3 LQT2 LQT1,3
Actual Actual

Figure 27: Confusion matrix for the final SVM classifier model used for LQT2 genotype
discrimination, tuned with a Gaussian kernel function. The matrix on the left represents performance
on the weighted (LQT2 2.7, LQT1,3- 1) training dataset, while the matrix on the right shows results
for the weighted (LQT2 2.8, LQT1,3- 1) outof-sample testing dataset.
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5.1.5 Distinction of the LQT1 genotype from the LQT2 genotype (results)

The goal of the analysis presented in the following section was to examine the degree of mutual
distinguishability of each pair ohain LQTS genotypegroups.The mutual discrimination capabilities
that can be achieved using classifiers based on geometric methods of ECG signal parameterization
were aimed to be analyzed.

This section focuses on differentiating the LQT1 group from the LQT2 patiStasistial
analyses presentazhrlierreveal three featurg®@neAreaUp stDuration andtDurationUp) with the
best potential fodistinguishing betweebhQT1 and LQT2 genotype gups.Their distributions across
the different genotypes are visually depicte&igure28.
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Figure 28: Statistical comparison and visualization of three best features extracted from the ECG for
the LQTL and LQT2 groups.

Statistical analysis of theg@rametersising the Wilcoxon rank sum testhowshighly significant
p-values less than 0.001 fatl of these featuresThe mutual independence of these features was
tested. Thespearman correlation coefficient®re used for this purposend the coefficients for each

pair of best parameters were significantly below the critical threshold .qfT@gle 10).
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Table 10 provides an overview of the Spearman correlation coefficients between the best parameters
for distinguishing between LQT1 and LQT2 genotypes, with a Wilcoxon rank sum-teliglower
than 0.001.
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tDuration 1.00 091 045 046 041 043 067 027 027
tDurationUp 091 100 067 054 036 060 075 036 035
tAreacUpDownRatio 045 067 1.00 057 029 052 053 026 023
oneAreaUp 046 054 057 100 069 047 053 042 043
ratioUpDown-perc 041 036 029 069 100 028 032 037 049
stDuration 043 060 052 047 028 100 082 061 0.8
st-rrRatio 067 075 053 053 032 082 100 047 045
oneSTTAreaUp 027 036 026 042 037 061 047 100 097

ratioSTTUpDown-perc. 0.27 035 023 043 049 058 045 097 100

In the next step, a binary SVRlassifier was employed to differentiate between the 1.@mnd
LQT2 genotype, usinghe best distinguishinfgatures derived from electrocardiogram data. The SVM
was optimized using a Gaussian kernel functibhe accuracy of the proposed LQVs. LQT2
classifier in the balanced training and testing dataset is presented by the following confusion matrices
(Figure29).

Training Data Testing Data
(SVM model - Fine Gaussian) (SVM model - Fine Gaussian)
= 119 24 83.2% = 48 19 71.6%
9 431% 8.7% 16.8% S 356% 14.1% 28.4%

2 2
o 18 115 86.5% o N 20 48 70.6%
T 9 6.5% 41.7% 13.5% 9 148% 35.6% 29.4%
a a
86.9% 82.7% 84.8% 70.6% 71.6% 71.1%
13.1% 17.3% 15.2% 29.4% 28.4% 28.9%
LQT1 LQT2 LQT1 LQT2
Actual Actual

Figure 29 Confusion matrix for the finabinary SVM classifier model used fodiscrimination
betweenLQT1 and LQT2genotype, tuned with a Gaussian kernel function. The matrix on the left
represents performance on the weighted (LQT, LQT2 - 2.4) training dataset, while the matrix on
the right shows results for the weighted (LI91, LQT2—2.4) outof-sample testing dataset.
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5.1.6 Distinction of the LQT1 genotype from the LQT3 (results)

As a part ofanother task, differergting betweenpatients with genotypeQT1 andpatients with
LQT3 was presented.

Three parametersith the bestlistinguishingability between these two groups of individuals were
identified: tDurationUp, tAreacUpDownRatip and oneAreaUp The visual representation of the
distribution of these features, depending of the different genotypes, is presdfitpd &30.
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Figure 30: Statistical comparison and visualization of three best features extracted from the ECG for
theLQT1 and LQT3 groups

Statistical analysisevealedthat these featureseport significant pvaluesfor the Wilcoxon rank
sum test less than 0.001 fotDurationUp and lss than 0.01 for tAreacUpDownRatip and
oneAreaUp. Furthermore, the mutual independence of these featuasstestedusing Spearman
correlation coefficientsThese coefficients were verified to be below the critical threshold of 0.6,
indicating minimal redundancy among the selected fealiadde11).
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Table11 provides an overview of the Spearman correlation coefficients between the best parameters
to distinguish between LQT1 and LQT3 genotypes, with a Wilcoxon rank sumtakiglower than
0.01.
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tDuration 1.00 0.86 0.28 041 0.04
tDurationUp 0.86 1.00 0.58 0.48 0.05
tAreacUpDownRatio  0.28 0.58 1.00 0.42 0.15
oneAreaUp 0.41 0.48 0.42 1.00 0.05
StAreac 0.04 0.05 0.15 0.05 1.00

Next, the SVM classifier was trained, validated, and testedlifsiinction betweenLQT1 and
LQT3 genotypes. fie best threselectedfeatures tDurationUp, tAreacUpDownRatiponeAreaUp
were usedas input, tuned with a Gaussian kernel function. The performahdthkis classifieris
presented in the following confusion mats(Figure31).

Training Data Testing Data
(SVM model -Fine Gaussian SVM) (SVM model -Fine Gaussian SVM)
= 123 39 75.9% = 56 20 73.7%
g 44.9% 14.2% 24.1% g 41.8% 14.9% 26.3%

o o
3 3
oP 14 98 87.5% o P 12 46 79.3%
T 9 5.1% 35.8% 12.5% o9 9.0% 34.3% 20.7%
a a
89.8% 71.5% 80.7% 82.4% 69.7% 76.1%
10.2% 28.5% 19.3% 17.6% 30.3% 23.9%
LQT1 LQT3 LQT1 LQT3
Actual Actual

Figure 31 Confusion matrix for the final binary SVM classifier model used for discrimination
between LQT1 and LQT3 genotype, tuned with a Gaussian kernel function. The matrix on the left
represents performance on the weighted (LQT] LQT3- 6.5) training dataset, while the matrix on

the right shows results for the weighted (LQT1, LQT3-6.8) outof-sample testing dataset.
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5.1.7 Distinction of the LQT2 genotype from the LQT3 genotype (results)

The last task of binary classificatiois analogous to the previous one and focuses on
discrimination betweetheLQT2 and LQT3genotype group
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Figure 32 Statistical comparison and visualization of three best features extracted from the ECG for
the LQT2 and.QT3 groups

The following triad of features was considered by statistical analyzes to be the best for this type of
discrimination tasktDurationUp, ratioUpDownperc, andstAreac The graphical representation of
these feature distributions, based on various genotypes, is illustré&iiediia32.

These featurewere alalyzedising the Wilcoxon rank sum testhichrevealedhighly significant
p-valueslessthan 0.001for all three parameter§Spearman correlation test was useadatrol the
dependence of parameters. All corelation coeffisi€orresponding to the mutual relationship of the
triade chosen parameters confirmed their independence, with coefficients below the critical threshold
of 0.6 (Table12).
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Table12 provides an overview of the Spearman correlation coefficients between the best parameters
for distinguishing between LQT2 and LQT3 genotypes, with a Wilcoxon rank sumteiiglower
than 0.001.
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tDuration 100 093 0.60 055 034 063 080 032 032 025
tDurationUp 093 100 078 060 039 072 083 038 033 028
tAreacUpDownRatio  0.60 0.78 100 062 039 064 063 036 019 0.18
oneAreaUp 055 060 062 100 080 069 067 035 060 0.60
ratioUpDown-perc 034 039 039 080 100 045 040 021 054 065
stDuration 063 072 064 069 045 100 090 054 057 0.52
st-rrRatio 080 083 063 067 040 090 100 050 051 0.44
stAreac 032 038 036 035 021 054 050 100 028 024
oneSTTAreaUp 032 033 019 060 054 057 051 028 100 097

ratioSTTUpDown-perc 0.25 028 0.18 0.60 065 052 044 024 097 1.00

The SVM classifier was designed to distinguish patients thigh.QT2 genotypefrom patients
with LQT3. The triad of best uncorrelated featurd3ugationUp, ratioUpDownperc stAread was
used as input, tuned with a fine Gaussian kernel function. pEinformance of thelassifier for
training and testing datasets is summariaed presenteih the followingconfusionmatrices Figure
33).

Training Data Testing Data
(SVM model -Fine Gaussian SVM) (SVM model -Fine Gaussian SVM)
= 46 0 100% = 23 6 79.3%
9 393% 0.0% 0.0% 9 41.1% 10.7% 20.7%

2 2
o P 12 59 83.1% o P 5 22 81.5%
9 103% 50.4% 16.9% ° 9 8.9% 39.3% 18.5%
a a
79.3% 100% 89.7% 82.1% 78.6% 80.4%
20.7% 0.0% 10.3% 17.9% 21.4% 19.6%
LQT2 LQT3 LQT2 LQT3
Actual Actual

Figure 33 Confusion matrix for the final binary SVM classifier model used for discrimination
between LQTZand LQT3 genotype, tuned with a Gaussian kernel function. The matrix on the left
represents performance on the weighted (LQT2 LQT3- 2.8) training dataset, while the matrix on
the right shows results for the weighted (LQT2, LQT3-2.8) outof-sample testing dataset
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5.1.8 Summary of binary classification results

Together, these findings validate the effectiveness of the proposed features in genotype
differentiation and highlight the potential of geometric transformations of ECG wawshancing
diagnostic accuracies in the clinical genetics of Long QT Syndrome.

The findings confirm that, generally, the most crucial parameters for distinguishing LQTS
genotypes are the durations of the ST segment and the ascending part-ofatre Furthermore, the
shape of the ascending part of thevdve is particularly important, supplemented by a comparison of
its ascending and descending parts. The parameters with the highest discriminatory ability for each
task are listed in the subsequent tablzb({e13).

Table 13 provides an overview of three uncorrelated parameters with the best distinction ability
depending on the discrimination task.

Best parameters for LQTS genotype differentiation
differentiated groups best parameters

LQT3vs. LQTL,2 tDurationUp oneAreaUp stAreac

LQT1vs. LQT2,3 stDuration ratioSTTUpDown-perc oneAreaUp

LQT2vs. LQTL,3 oneAreaUp stDuration tAreacUpDownRatio
LQT1vs. LQT2 oneAreaUp stDuration tDurationUp
LQT1vs. LQT3 tDurationUp tAreacUpDownRatio oneAreaUp
LQT2vs. LQT3 tDurationUp ratioUpDown-perc stAreac

The primary focus of this work is the differentiation of individuals with the LQT3 genotype. A
promising accuracy of 80% was achieved on the test dataset, with a precision of 75% for the LQT3
genotype and a very high recall value of 90%. These results were obtained using a classifier with
automatically optimized hyperparameters (KS = 1.3 and C = 1).

Following these initial results, further improvements were achieved through hyperparameter
optimization (KS = 0.9 and C = 1) using the Grid Search method. This approach led to an accuracy of
84%, with a precision of 81% and a recall of 90%. In the specific case of differentiating individuals
with the LQT3 genotype, this optimization yielded a notable improvement in performance, which is
particularly significant. Accurately identifying individuals with LQT3 is critically important, as it can
potentially be lifesaving due to the highisk nature of their trigger activities.

For the other classification tasks mentioned earlier, the Grid Search optimization provided
improvements in overall classification accuracy of a few percent. Although even such a small gains
are considered valuable given the limited data available, these results are not presented Tio detail.
ensure better comparability across classifiers, only those with automatically optimized parameters
provided by MATLAB are retained.

Classifiers that distinguish one genotype group from the other two are designed to optimally
identify a given genotype in the general population, considering the percentage representation of
i ndividual genotypes. I't’s 1 mportant to note
groups like LQT1 or LQT2, misclassification of individuals in the small LQT3 group may occur. This
group could be incorrectly classified as LQT1 (in the case of LQT1 vs. LQT2,3 classification) or as
LQT2 (in the case of LQT2 vs. LQT1,3 classification).
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Regarding the classifiers that mutyallistinguish only a pair of LQTS genotypes, the best
separable couple of genotypes was LQT2 and LQTS3, wilcaracyof 80% on the test set. The
separability of the other groups was not as high. The accuracy for distinguishing LQT1 vs. LQT2 was
71% on the test dataset, and for distinguishing L@3. LQT3, it was 76%. An overall overview of
the classification measurement, depending on the discrimination task, is presented in the following
table (Table 14). The results shown were obtained using classifiers with hyperparameters (KS = 1.3
and C = 1) automatically set by MATLAB.

Table 14 provides an overview of classificatidkS = 1.3 and C =)Lmeasurement performance,
expressed in percentages, depending on the discrimination task.

Accuracy of individual binary discrimination tasks
N ) [$P)
— N — o ™ ™
= = = = = =
O o o o o o
- - - - - -
% n n n %) %)
> > > > > >
™M — N — — N
= = = = = =
o o o4 o4 o o4
— — — — — -
= [accuracy 81.8 75.3 86.0 84.8 80.7 89.7
& |LQT1 - precisior] - 69.2 - 83.2 75.9 -
S |LQT1L - recall - 92.0 - 86.9 89.8 -
2|LQT2 - precisior] - - 88.4 86.5 - 100.0
Z% LQT2 - recall - - 82.8 82.7 - 79.3
& |LQT3 - precisior] 79.5 - - - 87.5 83.1
LQT3 - recall 85.6 - - - 71.5 100.0
= |accuracy 79.7 67.2 75.0 71.1 76.1 80.4
@ |LQT1 - precision] - 64.2 - 71.6 73.7 -
S |LQT1 - recall - 76.5 - 706 | 824 -
=2 LQT2 - precision - - 76.7 70.6 - 79.3
% |LQT2 - recall - - 71.8 71.6 - 82.1
e LQT3 - precisior] 74.8 - - - 79.3 81.5
LQT3 - recall 89.6 - - - 69.7 78.6
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5.2 LQTS genotype multiclass classifier design

The design of LQTS genotyped multiclass classifiers was based on several distinct approaches.
The first method utilizes a combination of classifiergposed in the previous chapter, and it relies on
classification dependent on the judgment of multiple independent evaluatorseddred approach
employs direct multiclass classification, where the three most suitable parameters for differentiating
individual genotypes from each other are selected based on statistical analyses. The third approach
involves the design of a cascade of two classifiers, where the first classifier separates one LQTS group
with the highest possible accuracy, and the second classifier differentiates the remaining two groups
from each other.All classifiers used and proposed in this section were configured with
hyperparameters automatically set by the MATLAB Classifier Learner Application.

The dataset and its distributi¢hable15), as well as the method of obtaining the parameters used
in the statistical analyses, remain the same as in the previous chapter. Therefore, their description will
be omitted in the following section.

Table 15 provides an overview of the numbers and weights in training and testing datasets depending
on LQTS genotype.

Dataset settings
dataset training dataset testing dataset
genotype LQT1 LQT2 LQT3 LQT1 LQT2 LQT3
number of signals 137 58 21 68 28 10
weights 1 24 6.5 1 24 6.8
balanced number of signals 137 139 137 68 67 68

5.2.1 Combination of proposed classifiers

Methods

This classification method employs previously designed classifiers. In the first classification level,
the inputparameters are classified by three independent models: (1) distinguishirigfta@T the
LQT2 and LQT3 genotypes (LQT vs. LQT23), (2) distinguishing LQT2 from the LQT1 and LQT3
genotypes (LQT2 vs. LQT1,3), and (3) distinguishing [3Jiom the LQTL and LQT2 genotypes
(LQT3 vs. LQTL,2). The table of possible outputs is detailedFigure 34. If the output of these
classifiers definitively determines the genotype, then it is established. However, if the result is
uncertain, it is resolved in the second classification level using an appropriate previously proposed
model for distinguishing a pair of genotypes. Depending on the required task, the second classification
level includes classifiers for distinguishing LQT1 from LQT2 (LQT1 vs. LQT2), distinguishing LQT1
from LQT3 (LQT1 vs. LQT3), or distinguishing LQT2 from LQT3 (LQT2 vs. LQT3). The exact
classification diagram is shown kfgure34.
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Input data

The First Classification Level @

LQT1 LQT2 LQT3
Possible Results v Final Results
YES NO NO >
LQT1
YES YES NO
NO YES NO >
LQT2
YES NO YES —
NO YES YES S
LQT3
NO NO YES >
YES YES YES »
NONE
NO NO NO ’

The Seccond Ciassification Level

Figure 34: The figure illustrates the classification process using combinations of previously proposed
classifiers, which are marked with a circle, across two classification levels (represented by two blue
sections). The figure also depicts the flow of input data and the decision mechanism for all potential
classification outcomes.

Results
The overall accuracy of the classification complex, designed as such, achieved on the balanced test
and training datasets is presented in the following confusion matriEgguire35.
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Training Data Testing Data

(SVM model -Fine Gaussian) (SVM model -Fine Gaussian)
= 113 9 7 87.6% = 44 12 14 | 62.9%
S| 523% 42% 32% | 12.4% 9 216% 59% @ 69% | 37.1%
210 41 0 80.4% A b 43 14 | 63.2%
S| 46% 19.0% 0.0% | 19.6% S 54% 211% 6.9% | 36.8%

9 8 12 41.4%
4.2% 3.7% 5.6% | 58.6%

12 12 41 63.1%
5.9% 59% | 20.1% | 36.9%

Predicted
LQT3
Predicted
LQT3

o 5 0 2 0.0% o 1 0 0 0.0%
2 23% 00% @ 0.9% | 100% 2 05% 00% @ 00% | 100%
82.5% | 70.7% | 57.1% | 76.9% 64.7% | 64.2% | 59.4% | 62.7%
17.5% | 29.3% | 42.9% | 23.1% 35.3% | 35.8% | 40.6% | 37.3%
LQT1 LQT2 LQT3 LQT1 LQT2 LQT3
Actual Actual

Figure 35. Confusion matrices for the final LQTS classification complising previously proposed
classifiers The matrix on the left represents performance on the weighted training dataset-(l1QT1
LQT2 - 2.4, LQT3-6.5), while the matrix on the right shows results for the weightedfesample
testing dataset (LQT21, LQT2-2.4, LQT3-6.8).

5.2.2 Direct multiclass classification

This classification approach is based on the design of a single classifier that can distinguish the
main LQTS genotypes from each other. This is achieved by using the three paranwittetise
highest distinctiompotential for thisclassificatiortask.

Methods
Discrimination Analysis:

The KruskalWallis test, which provides a nonparametric alternative to awme ANOVA, has
been employed to distinguish between LQT1, LQT2 and LQT3 genotypes. It assesses the null
hypothesis that the data in each categorical group come from the same distribution. The test is
performed at the convention 5% significance level.

Correlation Analysis:

The relationship between two parameters is measured by the Spearman rank correlation
coefficient- a nonparametric measure of correlation that assesses the strength and direction of the
monotonic relationship between two continuous or ordinal variables. Its absolute value of 0.6 is
considered as a threshold for distinguishing the independence of the variables. It is crucial to minimize
redundancy in the predictive classification model.
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Results

Based on the statistical analysis, three critical featureurationUp, oneAreaUp and
oneSTTAreaUp were identified as essential for the mutual differentiation of the LQT1, LQT2, and
LQT3 genotypes.

The featureoneAreaUp calculates the area under the ascending part of thevé after
transformation to the unit circle. This metric describes the convexity and concavity of the ascending
part of the Twave's segment.

The parameteoneSTTAreaUpses the same principles of the transformation to the unit circle, but
it describes the segment of the ECG curve between the end of the QRS complex and the peak of the T
wave.

These two parameters are supplemented by a traditional temporal miEagateonUp, which
gquantifies the time duration between the beginning and peak ofwa/é.

The critical features and their distributions across the different genotypes are preséigedein
36.
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Figure 36: Statistical comparison and visualization of three best features extracted from the ECG for
the LQT1, LQT2 and LQT3 groups.

Statistical analysis of these features using the Krudkallis test revealed highly significant p
values less than 0.001 for all three of these parameters. The mutual independence of the chosen triad
of critical features was confirmed by the Spearman correlation coefficient, whose values for individual
pairs of selected parameters did not exceed the predetermined threshold limit of 0.6. Concrete values
are presented in thieable16.

68



Table 16 provides an overview of the Spearman correlatioefficients between the best parameters
to distinguish between LQT1, LQT2 and LQT3 genotypes, with the besups KruskaWallis test.
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tDuration 1.00 091 047 047 042 0.44 068 027 027
tDurationUp 091 100 070 056 039 061 0.76 037 0.36
tAreacUpDownRatio 0.47 070 100 058 030 054 054 027 025
oneAreaUp 047 056 0.58 100 070 048 053 042 044
ratioUpDown_perc 042 039 030 070 100 028 033 036 048
stDuration 044 061 054 048 0.28 1.00 081 062 0.59
st_rrRatio 068 076 054 053 033 081 1.00 049 047
oneSTTAreaUp 027 037 027 042 036 062 049 1.00 0.97

ratioSTTUpDown_perc 027 036 025 044 048 059 047 0.97 1.00

For this purpose, a SVM classifier was employed. The triad of best parameters was optimized
using a Gaussian Kernel functiamd determined as a vector of inputs for the proposetehibhe
accuracy of the proposed LQTS classifier in the balanced training and testing dataset is presented by
the following confusion matricg&igure37).

Training Data Testing Data
(SVM model -Fine Gaussian SVM) (SVM model -Fine Gaussian SVM)
= 1M 2 13 88.1% = 42 10 27 53.2%
S 26.9% 0.5% 3.1% 11.9% 9 206% 4.9% 13.2% 46.8%
s 11 130 0 92.2% g 16 53 7 69.7%
°9 27% 31.5% 0.0% 7.8% °Y 78% 26.0% 3.4% 30.3%
k] 0
=} ©
- £ o
o 2 15 7 124 84.9% a 2 10 5 34 69.4%
S 36% 1.7% 30.0% 15.1% Q@ 49% 2.5% 16.7% 30.6%
81.0% 93.5% 90.5% 88.4% 61.8% 77.9% 50.0% 63.2%
19.0% 6.5% 9.5% 11.6% 38.2% 22.1% 50.0% 36.8%
LQT1 LQT2 LQT3 LQT1 LQT2 LQT3
Actual Actual

Figure 37: Confusion matrices for the final LQTS classification complex using previously proposed
classifiers. The matrix on the left represgmsformance on the weighted training dataset (LQT1
LQT2-2.4, LQT3-6.5), while the matrix on the right shows results for the weighte@fesample
testing dataset (LQT21, LQT2—-2.4, LQT3-6.8).
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5.2.3 Cascade of two classifiers

The last classification approach employs a cascaded solution for the LQTS discrimination task. It
utilizesbetter separation abilityf one LQTS group from the others in the initial stage, followed by the
mutual differentiation of the remaining two groups in the subsequent $igga. result, certain
sections of this text may be identical or highly similar.

Methods

To identify the most discriminative ECG features for distinguishing between LQTS genotypes, a
rigorous statistical approach integrated with machine learning techniques was emplbged.
classification task was addressed using a-dtege binary classifier cascade. In the first stage, a
classifier was trained to differentiate between the LQT2 genotype and the combined group of LQT1
and LQT3 genotypes. In the second stage, a separate classifier was applied to distinguish between the
LQT1 and LQT3 genotypes within the previously undifferentiated group. This cascade approach
ensured a stepwise refinement of the classification process, maximizing the discriminative power of
the selected ECG features.

Classifier br LQT2 Genotype Separation

Given the norGaussian distribution of the features, the Wilcoxon +sunk test was employed to
filter and rank the most relevant features. This honparametric test assessestygotindisis at a 5%
significance level that two independent samples originate from the same distribution. The differences
between the LQT2 genotype and the other two were compared. To enhance the robustness of the
feature selection, the input data was balanced to approximate a 1:1:1 ratio for the LQT1, LQTZ2, and
LQT3 genotypes. Specifically, the balanced dataset included the complete LQT1 set once, the LQT2
set twice, and the LQT3 set seven times. The rank of the most relevant features was tested by the
Wilcoxon ranksum test on the balanced dataset.

For the original unbalanced training dataset, the Spearman rank correlation coefficient with a
threshold of 0.6 was applied to remove features that were highly correlated and thus offered limited
additional informational value. This nonparametric measure evaluates the strength and direction of a
monotonic relationship between two continuous or ordinal variables, ensuring that the selected
features are mutually uncorrelated.

Ultimately, three uncorrelated features with the highest discriminatory power for distinguishing
the LQT2 group from the combined LQT1 and LQT3 groups were identified. These features were
used as input variables for the classification model

The binary SVM classifier was trained using the selected features, with parameters optimized via a
Gaussian kernel function. To account for the varying number of patients across different LQTS
genotypesweights were assigned to the training data vectors, with values 5dotd_-QT1, 2.4 for
LQT2, and 6.5 for LQT3. The classifier was trained and evafidated using a-fold crossvalidation
technique on the training dataset, which consisted of 137 LQT1, 58 LQT2, and 21 LQT3 pHtisnts.
approach allowed for the identification of the most effective model for classifying the LQT2 genotype

Classifier b Distinguish Between LQT1 and LQT3 Genotypes:

The most suitable input parameters for distinguishing between LQT1 and LQT3 genotypes were
identified by conducting statistical analyses, focusing exclusively on data from these two groups. As
with the LQT2 classifier, the parameters were initially ranked based on their discriminatory potential
between LQT1 and LQT3 using the Wilcoxon rasum test, applying a significance level of 5%.

70



Potential mutual correlations among the parameters were evaluated by calculating the Spearman
correlation coefficient for each pair. An absolute threshold of 0.6 was applied to minimize mutual
correlation and ensure that the selected features were largely independent. Ultimately, three
uncorrelated parameters with the highest discriminatory power were identified as input variables for
the classification model

To train the binary SVM classifier for this task, only the data from LQT1 and LQT3 patients in the
training dataset was utilized. The model’'s para
function. Given the imbalance in the number of patients between these genotypes, weighting was
applied to the training data vectors, setting the weights to 1 for LQT1 patients and 6.5 for LQT3
patients. The classifier was trained and cradglated using a-fold crossvalidation technique on the
training dataset, which consisted of 137 LQT1 and 21 LQT3 patients. This approach allowed for the
identification of the begperforming model for distinguishing between these genotypes.

The selection of SVM models was driven by their transparency, explainability, rapid training time,
and exceptional accuracy. SVMs are also known for their high performance with relatively low
computational effort and are particularly effective with smaller training datasets, making them well
suited to this analysis.

The design of the classifier described here corresponds to the classifier used to distinguish between
the LQT1 and LQT3 genotypes, as mentioned in the previous chapter.

Classifier Performance Measurements

The proposed classifier's accuracy was verified using an independesftsaumple test dataset
(68 LQT1, 28 LQT2, 10 LQT3), comprising otigrd of all analyzed signals. Theivision into
training and testing datasets was random andstatified. To address the imbalance in the testing
dataset, the classifier outputs were weighted as follows: 1 for LQT1, 2.4 for LQT2, and 6.8 for LQT3.

Results

The accuracy of the proposed classifier was verified using an independesitsample test
dataset (68 LQT1, 28 LQT2, 10 LQT3), which comprised-inirel of all analyzed signals. The
division into training and testing datasets was done randomly and weastratified. To address the
imbalance in the testing dataset, the outputs of the classifier were weighted as follows: 1 for LQT1, 2.4
for LQT2, and 6.8 for LQT3.

Classifier for LQT2 Genotype Separation
The following parameters were identified as the most discriminative for the LQT2 genotype:

. tDurationUp A temporal measure quantifying the duration between the onset and the
peak of the Twave.

. oneAreaUp This feature calculates the area under the ascending portion ofaxtireeT
after its transformation to a unit circle. It reflects the convexity and concavity of the T
wave's ascending segment, providing a robu

rhythm variations.

. ratioSTTUpDowrperc Derived from the transformation of the ST segment and T
wave into a unit circle, this parameter quantifies the relationship between their
ascending and descending phases.
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The distributions of these critical features across the different genotypes are illustriaigarrén
38.
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Figure 38 Visualization and statistical comparison of the top four featwretDurationUp,
oneAreaUp ratioSTTUpDowrperc, and tAreacUpDownRatie-across the different genotypes
(LQTL, LQT2, and LQT3).

Statistical analysis using the Wilcoxon rasikm test revealed highly significantvplues (less
than 0.001) for all three parameters. Additionally, the Spearman correlation coefficient confirmed the
mutual independence of these features, with correlation values not exceeding the predetermined
threshold of 0.6 ablel17).

Table 17 overviews the Spearman correlation coefficients between the parameters with the best p
values Wilcoxon rank sum test for the Classifier for LQT2 genotype separation.
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tDuration 1.00 0.91 045 0.46 041 043 0.67 0.27
tDurationUp 0.91 1.00 0.67  0.54 0.36 0.60 0.75 = 0.35
tAreacUpDownRatio 0.45 0.67 1.00 0.57 0.29 0.52 0.53 0.23
oneAreaUp 0.46 0.54 0.57 1.00 0.69 047 0.53 043
ratioUpDown-perc 041 0.36 0.29 0.69 1.00 0.28 0.32 0.49
stDuration 0.43 0.60 0.52 0.47 0.28 1.00 0.82 0.58
st-rrRatio 0.67 0.75  0.53 0.53 0.32 0.82 1.00 045

ratioSTTUpDown-perc  0.27 0.35 0.23 0.43 0.49 0.58 0.45 1.00
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Classifier toDistinguish Between LQT1 and LQT3 Genotypes

The statistical analyses identified the following parameters as the most effective for distinguishing
between LQT1 and LQT3 genotypes:

. tDurationUp As described above.

. tAreacUpDownRatioThis parameter represents the ratio between the areas under the
ascending and descending portions of thealve in the ECG time domain.

. oneAreaUpAs described above.

The Wilcoxon ranksum test indicated highly significantvalues (less than 0.001) for all three
parameters. The Spearman correlation coefficient corroborated the mutual independence of these
features, with correlation values remaining below the threshold oTal8g18).

The distributions of these critical features across the differerttyess are illustrated iRigure
38.

Table 18 overviews the Spearman correlation coefficients between the parameters with the best p
values Wilcoxon rank sum test for the Classifier to distinguish between LQT1 and LQT3 genotypes.
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tDuration 1.00 0.86 0.28 0.41 0.04
tDurationUp 0.86 1.00 0.58 0.48 0.05
tAreacUpDownRatio  0.28 0.58 1.00 0.42 0.15
oneAreaUp 0.41 0.48 0.42 1.00 0.05
stAreac 0.04 0.05 0.15 0.05 1.00

Classifier Performance

Utilizing these selected parameters, the cascade of the two SVM classifiers, optimized with a
Gaussian kernel function, demonstrated strong performafigaré 39). The classifiers achieved an
overall accuracy of 71% on the eoftsample testing data, representing a more thanfaldo
improvement over random selection:

* LQT1 Group: Achieved a recall of 65% and a precision of 58%.
« LQT2 Group: Demonstrated high sensitivity, with eegision of 82% and a recall of %0

* LQT3 Group: Exhibited strong classification performance, with a precision of 77% and a
recall of 71%.
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Training Data
(SVM model - Fine Gaussian)

= 110 22 39 64.3%
S 266% 5.3% 9.4% 35.7%
s 14 103 0 88.0%
B9 34% | 249% | 0.0% 12.0%
o
=}
o
o 2 13 14 98 78.4%
9l 31% 3.4% 23.7% 21.6%
80.3% 74.1% 71.5% 75.3%
19.7% 25.9% 28.5% 24.7%
LQT1 LQT2 LQT3
Actual

Predicted

Testing Data

(SVM model - Fine Gaussian)

i 44 12 20 57.9%
9 217% 5.9% 9.9% 42.1%
o 12 53 0 81.5%
S 59% 26.1% 0.0% 18.5%
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Figure 39: Confusion matrices for the Cascade LQTS classification using previously proposed
classifiers. The matrix on the left represents performance on the weighted training dataset (LQT1
LQT2-2.4, LQT3-6.5), whilethe matrix on the right shows results for the weightedobsiample
testing dataset (LQT21, LQT2-2.4, LQT3-6.8).

5.2.4 Summary of multiclass classification results

The current study extend¢he previous chaptetby demonstrating that automatic ECG
parameterization is also effective for differentiating between the three most common LQTS genotypes
(LQT1, LQT2, and LQT3)This study showshat geometric ECG parameterization methods, notably
transforming into the unit circle, are highly interpretable and practical for LQTS genotype distinction.
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segments, independent of their time duration variability, enhances its (tilisyparameters with the
highest discriminatory ability for direct classification and cascade discrimination solution are listed in
the subsequent tabl&dble19).

Table 19 provides an overview of the parameters with the best distinction ability depending on the

discrimination task of multiclass differentiation.

Best parameters for LQTS multiclass genotype differentiation

differentiation task

best parameters

Direct classification tDurationUp oneAreaUp oneSTTAreaUp
Cascade - the first stage tDurationUp oneAreaUp ratioSTTUpDown-perc
Cascade - the second stage tDurationUp oneAreaUp tAreacUpDownRatio

The overview reveals that several factors are essential for differentiating the main genotypes.
These include the duration of the ascending part of fhavie, the shape of thewave,particularly
the level of its convexity, and the comparison between the shapes of the ascending and descending
parts of the Twave, or even the ST-wave segment.

In this section, three different approaches for nulliss classification were presentéethe
accuracies of these approaches are listed in the subsdiqi@a®0. The first approach employs a
two-level classification based on the models described in the previous chapter. The proposed classifier
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achieved an overall accuracy of 63% on the test data. While this accuracy is respectable, it is
important to note that compared to other approaches, it comes with a higher computational complexity
due to the use of multiple classifiers.

Table 20 provides an overview of classification measurement performance, expressed in percentages,
depending on the multiclass discrimination task

Accuracy of individual multiclass discrimination tasks
Combination of Direct multiclass Cascade of two
proposed classifierf  classification classfifiers
accuracy 76.9 884 75.3
% LQTL1 - precision 87.6 88.1 64.3
_c-‘§ LQTL1 - recall 82.5 81.0 80.3
© |LQT2 - precision 80.4 92.2 88.0
.% LQT2 - recall 70.7 93.5 74.1
= |LQT3- precision 41.4 84.9 78.4
LQT3 - recall 57.1 90.5 715
accuracy 62.7 63.2 714
% LQTL1 - precision 62.9 53.2 57.9
< |LQT1-recall 64.7 61.8 64.7
E” LQT2 - precision 63.2 69.7 8L5
% |LQT2-recall 64.2 77.9 79.1
2 LQTS3 - precision 63.1 69.4 77.4
LQT3 - recall 59.4 50.0 70.6

The second presented approach, direct multiclass classification, uses only a single classifier for
distinction between three main LQTS genotypes. It makes this method computationally the simplest.
The classification is based on three parameters that have the highest discriminating power, as revealed
by statistical analysidJsing these parameters, this classifier achieves very promising results on the
test set, with an overall accuracy of 88%. The precision and recall values for all main LQTS genotypes
exceed 80%, with some even reaching 90%, which is an excellent result. Unfortunately, these results
were not replicated on the test data, where the overall accuracy dropped to 63%. Consequently, the
quality of the classification was not confirmed in this instance. The discrepancy between the training
and test results could be due to various factormay be affected by a lower number of signals in the
LQT3 genotype or by a random distribution of data between the training and testing sets. Future
studies with a more comprehensive dataset, especially with a higher representation of LQT3
individuals, could potentially validate and enhance these findings.

The current results suggest that the most effective method for multiclass differentiatiofinal the
cascadamethod. Thisclassification approachwhich provides balanced results on test and training
data, represents a compromise betwekstinction quality and computational complexity. The
proposed classification is based on a cascade of two SVM classification models, optimized with a
Gaussian kernel function. The first classifier distinguishes the LQT2 group from the others, while the
second classifier differentiates between the LQT1 and LQT3 genotypes. This cascade approach
achieved an accuracy of 71% on the-olisample testing dataset, marking a significant improvement
over random selection.
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The only comparable study that provided a more complex LQTS genotypic differentiation was
conducted by73], which utilized a convolutional neural network (CNN) model trained on a database
of 12lead ECGs from 965 LQTS patieni&heir testing dataset included 149 LQT1, 109 LQT2, and
32 LQT3 individuals. To ensure comparability of the results, the publigt&jdtesting confusion
matrix (Figure4Q) was adjusted. The number of patients in each group was balanced to align with the
methodology. Although a reduced ability to differentiate LQT1 patients compared to the CNN model
was demonstrated by the study, a better balance between precision and recall for the LQT3 genotype
was achieved.

Balanced Testing Confusion Matrix
(based on the result_s adopted from [73])

h 130 21 47 65.7%
G| 288% 4.6% 10.4% 34.3%
i 10 129 28 77.2%
oY 22% @ 285% 62% | 22.8%
o
©
2 o
o 2 9 3 75 86.2%
S 20% 0.7% 16.6% 13.8%
87.2% 84.3% 50.0% 73.9%
12.8% 15.7% 50.0% 26.1%

LQT1 LQT2 LQT3
Actual

Figure 40: Confusion matrix balanced in accordance witi methodology for the testing dataset
from the study[73]. It represents results for the weighted testing dataset with the following weights:
LQT1-1, LQT2-1.4, LQT3—4.7. Minor inaccuracies may arise from rounding.

A common challenge identified in both studies is the differentiation between LQT1 and LQT3
genotypes, which is consistent with the practical findigg$, reporting up to a 33% overlap in ECG
patterns between these two genotypes. This issue presents an opportunity for further research.
Although the proposed cascade model was not as complex as those employed in the referenced
study[73], which reported an accuracy of 74%, the presented cascade approach achieved comparable
results, with an accuracy of 71%.

My methodology prioritizes explainability and is particularly suited for skeylennel applications
with low sampling frequencies. Given these constraints, the outcomes are considered highly favorable
and there is significant potential for further research. It is anticipated that incorporating data from
additional ECG leads will enhance diagnostic accuracy.

Limitations

This study acknowledges several limitations. The limited number of LQT3 signals may have
affected the robustness pfesentedesults. The study deliberately focused exclusively on Lead |
signals, but incorporating additional leads might improve classification accuracy. While practical for
smart watch applications, this study's 200 Hz sampling frequency might miss ECG signal details.
Thesefindings are based on a specific database. Validation with diverse datasets from different
populations is necessary to ensure broader applicability.
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» Sample Size: The limited number of LQT3 signals may have affected the robustness of results
for this genotype. Future studies should aim to include more extensive and more balanced datasets.

e Lead | Focus: This study analyzed signetlusively from Lead I. Incorporating additional
leads might provide a more comprehensive understanding and improve classification accuracy.

» Sampling Frequency: While practical for smart watch applications, this study's 200 Hz
sampling frequency might miss finer ECG signal details. Higher sampling frequencies should be
considered.

» Generalizability: These findings are based on a specific database. Validation with diverse
datasets from different populations is necessary to ensure begaadieability.

» Algorithm Complexity: The computational demands of the SVM with a Gaussian kernel
function may limit its use in redime applications, such as wearable devices. Exploring more efficient
algorithms could enhance practicality.

Despite the innovative approach of automatically extracting short rest vigilance records applied in
this study, automated data processing inherently introduces certain limitations. Minor inaccuracies
may arise, which could be mitigated by manual methods, though these would be maensoraing
and expensive. Therefore, balancing efficiency and accuracy is crucial

While providing good repeatability and scientifically recognized outputs,-sperce toolboxes
for ECG signal delineation may fail with atypical ECG waves. These morphological variations could
be significant for distinguishing LQTS genotypes.

Additionally, the limited availability of genotyped ECG signals is a common constraint in LQTS
research. Although the THEW database is among the largest in this field, the number of signals,
particularly for the LQT3 genotype, remains low. This limitation was mitigated by weighting the input
data when designing the classifier. However, the small sample size can still influence the variability of
results depending on the training and testing data split.

Database expansion is anticipated with ongoing research in LQTS. Despite its limitations, this
work represents a significant milestone for future studies due to its unique approach
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6 Conclusion

The prolongation of the QT interval is a serious diagnosis due to its potential to lead to dangerous
ventricular arrhythmias and sudden cardiac death. Early detection of the inherited form of this disease
is crucial for patients. Treatment and activity restrictions are important to prevent fatal consequences,
including avoiding drugs that further prolong the QT interval. Diagnosing this condition also
significantly impacts the patient’s family mei
prolonged QT interval was not previously detected. Enhancing diagnostics can save the lives of young
people affected by this disease.

The aim of this work was to contribute to the field of LQTS diagnostics and advance the
possibilities of automatic methods for differentiating the main LQTS genotypes. It was proven that
diagnostics based on the parameterization of the ECG signal, focusing on ST and T wave morphology,
could be useful for this kind of differentiation. This can be an important step in making suitable
therapeutic decisions and improving genotpppsed treatment.

The ability to automatically identify the LQTS type could be very helpful in diagnostics and larger
studies. It would enable the determination of the specific LQTS genotype and the exact gene where the
mutation is located. This information could shorten the time and reduce the financial cost of genetic
testing. To confirm the genotype, it would be possible to check only specific genes to determine the
exact location of the mutation, instead of searching all known genes with all possible defect locations.

6.1 Final summary of goals

| believe that | have fulfilled all predetermined objectiy@sof this thesiswhich were established
based on a detailed review of the topitis part of the conclusion provides a brief overview of the
individual goals previously set for the dissertation and offers a brief evaluation of each of them.

Design of Parameters: New geometric parameterization metho@sl) were proposed and
introduced, utilizing transformation to the unit circle and calculation of areas under the curve. These
methods proved effective in identifying the main LQTS genotypes in both the preliminary study on
several genotyped signals and one of the larger databases provided by THEW. Especially, the
transformation to the unit circle, considering the concavity and convexity of the analyzed signal part,
could have potential future use, for example, in detecting arrhythmias or other ECG changes.

Signal Preparation and Measurements: An automatic method for processir{d.3 a large
database of 2hiour ECG signals was also proposed, providing a way to extract shorter valid signals
and their automatic delineatiohhe extraction method, incorporating two publicly available toolboxes
for measuring ECG signals, ensures high reproducibility of the published work and the possibility of
using this approach for other similar applications.

One Genotype Differentiation: This work also involves the application of statistical methods to
determine the best parameters for differentiating the main LQTS genotypes. Automatic classifiers
(5.2) were proposed for various differentiation tasks, with their accuracy thoroughly presented. The
main classification challenge targeted by this work was identifying patients with the LQT3 genotype,
who are at the greatest risk due to trigger activities such as sleep and rest, and the lower efficacy of
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betablocker treatment. The proposed SVM classifier for identifying individuals with the LQT3
genotype achieved8o accuracy, with a very high recall of 90% and precisiosi1é6 [88].

LQTS Genotype Multiclass Classifier Design: Another classification task highlighted in this
work is the design of a multiclass classif{gr2) capable of distinguishing the main LQTS genotypes,
specifically LQT1, LQT2, and LQT3. The proposed classification uses a cascade solution of two SVM
classifiers: the first classifier separates the LQT2 group, and the second classifier distinguishes
between LQT1 and LQT3 genotypes. This approach achieved 71% accuracy, with precision and recall
for each genotype group as follows: LQT1 (65% recall, 58% precision), LQT2 (79% recall, 82%
precision), and LQT3 (71% recall, 77% precision). The results suggest that expanding and better
balancing the dataset could further improve differentiation quality. These results are highly
competitive, and achieving them with singleannel information from Lead | at a low sampling
frequency of 200 Hz opens new possibilities for sisadlannel applications like smartwatches.

6.2 Future directions

The use of multlead ECG signals is expected to achieve even better classification results.
Research publications indicate that typical ECG patterns can be observed for each type of LQTS.
Automatic detection could provide valuable assistancearaliologists, enhancing sensitivity and
specificity by incorporating information from family history.

Further development in this area should focus on this specific application by incorporating more
channel information with a higher sampling frequency. The use of more computationally demanding
parameters and the evaluation of their applicability for LQTS differentiation may also be considered.
Conversely, newly designed parameters can be tested for use in other diagnostic applications. A
general interest in the field of LQTS diagnostics should be to expand the available, genotypically
balanced databases necessary for further research. The methods proposed in this work, usable for
widely available smartwatch applications, could help identify individuals suitable for such studies.

Given that genetic testing is currently the only method for determining the LQTS genotype, the
topic of automatic LQTS genotype differentiation based on ECG analysis presents a highly relevant
challenge. The development of early and rapid LQTS diagnostics usifiguasive, readily available
preventive ECG examinations is a significant contribution and has the potential to save lives.
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