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وݿ޺޾: ༟ܹ٭۬ Մ៰Ղا আॻݬ Մ៰Ղا رݿިل ڢ؇ل
ܳޚ؇ܳصِ رݪً؇ ؇ዛَውۜأۏٷ ُؕ ܳٺݯ َ ᄎჼفఈఃৎ৊ا وᎂنّ֟ اࠍ੊ٷ۰ِ، ޗݠقِ ݆݁ لگً؇ ޗݠ ً۬ ُ Մ៰Ղا ጥ጑ݿ ،؇ًగఒ༟ ڣ٭۬ لޚܹصُ لگً؇ ޗݠ ጥ጑ݿ ݆݁
আॻ༟ ቕِረ؇اܳأ ڣݯܭَ وᎂنّ֟ اৎ৊؇ءِ، ۏިفِ ሒᇭ واࠍ੆٭ٺ؇نُ ا৙৑رضِ، ሒᇭ و݆݁ اܳފ݄؇واتِ ሒᇭ ݆݁ ᄩᄟ ُ ྘ܳފٺ؞ڰݠ َ ቕِረ؇اܳأ وᎂنّ֟ اܳأِ޺޾ِ،
৖৑و د਍ಱ؇راً لُިرُِّٔިا ቕረ َ ا৙৑ཹྟ٭؇ء وᎂنّ֟ ا৙৑ཹྟ٭؇ءِ، ُ ور۰ٔ َ اܳأగఒ؇ء وᎂنّ֟ اܳـܝިا܋صِ، ِ ݿ؇߉ߵ আॻ༟ اܳٴڎرِ َ ᄭᄥܳ٭ اܳگ݄ݠِ ܋ڰݯܭِ اܳأ؇ࢻِࣖ

واڣݠٍ. ොຳޓٍّ أ༠ڍ أ༠ڍهَ ݆ᆇᅫ َ اܳأِ޺޾ ُٔިا ورّ֟ ،؇ًᆇᆅدر

اᄴᄟرداء أًި اෂීاوي:
ሒᇃ؇ܳٴ৙৑ا ا௱௯௫ڎث:

داود ሒᇀأ ොේ٭ں اৎ৊ݱڎر:
3641 اෂීڢܾ: أو ۰༲اܳݱڰ

ොේ٭ں ا௱௯௫ڎث: ુળ༡ ఈః༠ݬ۰
(21715) وأᆇᅵڎ ،(223) ۬༥؇݁ દઑوا ،(2682) واଫଐܳ݁ڍي ،ᄩᄟ واይዧڰޓ (3641) داود أًި ۬༥රඝأ :༇຃اܳٺۛݠ



General Introduction

Cardiovascular diseases (CVDs) remain one of the leading causes of morbidity and mortality worldwide.
The early detection and effective management of cardiac pathologies are critical in improving patient
outcomes and reducing healthcare costs. Traditional methods for assessing cardiovascular health often
rely on invasive procedures or subjective interpretations of diagnostic data. Recent advances in signal
processing and artificial intelligence (AI) offer promising alternatives for non-invasive cardiovascular
monitoring.

Phonocardiography (PCG) is a valuable tool in the non-invasive assessment of heart sounds, providing
insights into cardiac function. Despite its potential, the analysis of PCG signals has faced challenges
related to noise interference, signal complexity, and the need for accurate interpretation. This thesis
aims to explore sophisticated methods for signal processing techniques to enhance the analysis of PCG
signals and intracardiac pressure estimation, thereby improving the diagnostic accuracy for various cardiac
conditions.

The integration of AI methodologies, particularly machine learning algorithms, offers the potential
to revolutionize the landscape of cardiac diagnostics. By leveraging large datasets and sophisticated
algorithms, we can automate the detection of pathological features in PCG signals, leading to timely and
accurate diagnoses.

Furthermore, non-invasive methods for estimating intracardiac pressure can provide critical information
for diagnosing conditions such as heart failure and valvular disorders, which are often difficult to assess
with traditional techniques.



Thesis Objectives

The following are the main goals of this thesis:

To investigate advanced signal processing techniques for the extraction and analysis of features from
phonocardiogram signals, with a focus on improving the signal-to-noise ratio and enhancing the clarity
of cardiac sounds.

To develop machine learning algorithms tailored for the classification and identification of cardiac pathologies
based on extracted features from PCG signals.

To explore non-invasive methods for estimating intracardiac pressure, assessing their effectiveness and
reliability compared to traditional invasive measurements.

To evaluate the integration of AI methodologies with traditional cardiac monitoring practices, analyzing
their impact on diagnostic accuracy and clinical outcomes.

To propose a comprehensive framework for the early detection and management of cardiac diseases
that incorporates advanced signal processing and AI technologies, ultimately facilitating timely clinical
interventions.



Abstract

This thesis investigates advanced signal processing techniques for the early detection and
management of cardiac pathologies, focusing on the analysis of phonocardiogram (PCG)
signals and intracardiac pressure estimation. It emphasizes the significance of accurate
cardiovascular health assessment as a critical factor in improving patient outcomes. The
research employs artificial intelligence (AI) methodologies, leveraging machine learning
algorithms to enhance the accuracy of pathological identification in PCG signals. Addi-
tionally, it explores non-invasive methods for estimating cardiac pressures, highlighting
their crucial role in diagnosing conditions such as heart failure, valvular disorders, and pul-
monary hypertension. The findings demonstrate that integrating AI with traditional car-
diac monitoring can significantly improve diagnostic precision, facilitating timely clinical
interventions and paving the way for more effective cardiovascular disease management.

Keywords: Phonocardiogram, cardiac pathologies, signal processing, artificial intel-
ligence, intracardiac pressure, non-invasive methods, heart disease.



Résumé

Cette thèse étudie des techniques avancées de traitement du signal pour la détection
précoce et la gestion des pathologies cardiaques, en se concentrant sur l’analyse des si-
gnaux phonocardiographiques (PCG) et l’estimation de la pression intracardiaque. Elle
souligne l’importance d’une évaluation précise de la santé cardiovasculaire en tant que
facteur critique pour améliorer les résultats pour les patients. La recherche utilise des
méthodologies d’intelligence artificielle (IA), exploitant des algorithmes d’apprentissage
automatique pour améliorer la précision de l’identification pathologique dans les signaux
PCG. De plus, elle explore des méthodes non invasives pour estimer les pressions car-
diaques, mettant en évidence leur rôle crucial dans le diagnostic de conditions telles que
l’insuffisance cardiaque, les troubles valvulaires et l’hypertension pulmonaire. Les résultats
montrent que l’intégration de l’IA avec la surveillance cardiaque traditionnelle peut amé-
liorer significativement la précision diagnostique, facilitant ainsi des interventions cliniques
opportunes et ouvrant la voie à une gestion plus efficace des maladies cardiovasculaires.

Mots-clés : Phonocardiogramme, pathologies cardiaques, traitement du signal, intel-
ligence artificielle, pression intracardiaque, méthodes non invasives, maladies cardiaques.



ڲڪٌۘ
ොູܹ٭ܭ আॻ༟ ଩ଃ܋ଫଐܳا ؕ݁ اܳگܹٴ٭۰، اਵਦ৙৑اض وᎂدارة ୍ଲٴৎ৊ا ይዧـܝލژ اৎ৊ٺگڎ۰݁ ا৕৑ނ؇رات ۰੊݁أ؇ࠍ ّگٷ٭؇ت ሒᇭ ᄭᄟ؇ීݿෂا ۱ڍه ౫ౖళت
܋أ؇݁ܭ ࢻࣖڢ۰ ل۰ ި݁ᄴᄟا وا৙৑و؜٭۰ اܳگܹص ۰ොේ ّگ٭ࡗࡲ أᆇᆅ٭۰ আॻ༟ اܳٴۜت ᄕცلޝ و اܳگܹص. دا༠ܭ اܳݯ؞ޔ وّگڎߌߵ (PCG) إނ؇رات
ሒᇿ৚৑ا اܳٺأ޺޾ ۊިارز݁٭؇ت ݆݁ ً ݁ފٺڰ٭ڎا (AI)، ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ዛዊ݁۠٭؇ت اܳٴۜت ૭૏ٺ༱ڎم .๮ཚݠৎ৊ا ༇຀؇ਐ಻ ඔ൹ފොູ ሒᇭ ྾ང؇༡
اܳگܹص، ݪ؞ިط ܳٺگڎߌߵ රජاۋ٭۰ ଫଃ༚ ޗݠڢً؇ ૭૏ٺܝލژ ،ዻዧذ ሌᇿإ ً؇৕৑ݪ؇ڣ۰ PCG. إނ؇رات ሒᇭ اਵਦ৙৑اض ොູڎࢴࣖ دڢ۰ ܳٺأݞߌ߳
اෂීفިي. اᄴᄟم ݪ؞ޔ وارّڰ؇ع اܳݱ݄؇݁؇ت، واݪޚݠاً؇ت اܳگܹص، ڣލܭ ݁ټܭ ৖৑؇༡ت ૰૜ۛ٭ݧ ሒᇭ ྾ང؇੆اࠍ دور۱؇ আॻ༟ ݁ލڎداً
؇ᆙᆘ اܳྥލۛ٭ݱ٭۰، اᄴᄟڢ۰ ݆݁ ଫଃ܋ٴ ႟ၽ૰૖ ොຬފ݆ أن ஓ୷ܝ݆ اܳٺگܹ٭ڎل۰ اܳگܹٴ٭۰ اৎ৊ݠاڢٴ۰ ؕ݁ ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ༇ံد أن ༇຀؇اܳٷٺ ّޙ۳ݠ

ل۰. ި݁ᄴᄟا وا৙৑و؜٭۰ اܳگܹص ਵਦ৙৑اض ڣأ؇ܳ٭۰ ଫ଒أ܋ ৕৑دارة لݑ اܳޚݠ لڰٺں و اৎ৊ٷ؇ݿص اܳިڢب ሒᇭ ل۰ ا๤ཏܳߌߵ اܳٺڎఈః༠ت ዝ๎ะܭ

،ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ا৕৑ނ؇رات، ۰੊݁أ؇ࠍ اܳگܹٴ٭۰، اਵਦ৙৑اض ، PCG اܳگܹٴ٭۰ اৎ৊٭ਃ಻Ⴄၽܝ٭۰ ا৕৑ނ؇رات اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
اܳگܹص. أਵਦاض රජاۋ٭۰، ଫଃ༚ ޗݠق اܳگܹص، دا༠ܭ اܳݯ؞ޔ



CHAPTER 1

Study of the Phonocardiogram signal and cardiac pathologies
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1.1. INTRODUCTION

1
1.1 Introduction
The assessment of cardiovascular health is of paramount importance in modern medicine, as cardiovascular
diseases remain a leading cause of morbidity and mortality worldwide. Among the various diagnostic
modalities available, the phonocardiogram (PCG) signal has emerged as a promising non-invasive tool
for the evaluation of cardiac structure and function.
The PCG signal represents the acoustic vibrations generated during the cardiac cycle and provides valu-
able information about the mechanical events occurring within the heart. Over the past decades, extensive
research has been conducted to explore the diagnostic potential of PCG signals in the context of various
cardiac pathologies [21] [3] [12] The analysis of PCG waveforms has been particularly useful in the detec-
tion and monitoring of valve diseases, as specific alterations in the timing, intensity, and characteristics
of the four primary heart sounds (S1, S2, S3, and S4) can serve as markers of underlying structural or
functional abnormalities [4] .
Common valve pathologies, such as mitral valve prolapse, aortic stenosis, and mitral regurgitation, have
been shown to exhibit distinct PCG signal patterns [38] [17] In addition to valve diseases, PCG anal-
ysis has also demonstrated potential in the assessment of myocardial abnormalities and hemodynamic
changes [39] [62].The identification of subtle variations in the PCG signal can provide insights into the
functional status of the heart, potentially aiding in the early detection and management of cardiovascular
disorders. Numerous computational techniques, including artificial neural networks [83] [7] [59] support
vector machines [50] [79] and decision trees [80] [63] have been explored for the automated analysis and
classification of PCG signals. These approaches have shown promising results in the detection and dif-
ferentiation of various cardiac pathologies based on PCG signal features. Despite the growing body of
evidence supporting the clinical utility of PCG analysis, the widespread adoption of this technique in
routine medical practice has been limited. This can be attributed to the inherent subjectivity of tradi-
tional auscultation methods, as well as the need for more standardized and automated approaches to
PCG signal processing and interpretation [42] [6] [72]. PCG signal study seeks to diagnosis in the field
of cardiology. The findings of this research may contribute to the development of advanced, non-invasive
techniques for the early detection, risk stratification, and management of cardiac diseases, ultimately
leading to improved patient outcomes and more efficient healthcare delivery.

1.2 Heart anatomy and functioning
The human heart is situated within the thoracic cavity, specifically in the middle mediastinal compart-
ment, superior to the diaphragm. The size of the normal adult heart varies based on individual differences
in height and weight, typically weighing 300-350 grams in males and 250-300 grams in females [1]. The
right ventricular wall measures 0.3-0.5 cm in thickness, while the left ventricular wall is thicker, measuring
1.3-1.5 cm [74] [82].
The heart is divided into four distinct chambers - the left and right atria, and the left and right ventricles
(Figure 1.1). It is composed of three layers: the epicardium, myocardium, and endocardium. The heart
is encased within a double-walled fibroserous sac known as the pericardium, which is further divided into
the fibrous pericardium and the serous pericardium. The fibrous pericardium envelops the heart and
attaches to the great vessels. The serous pericardium is a closed sac consisting of a visceral layer (the
epicardium) and a parietal layer. This space between the two serous layers contains pericardial fluid,
which lubricates the heart’s surface and prevents friction during cardiac motion [32] [74].
The electrical activity of the heart can be detected through electrocardiography (ECG), which measures
the electrical potentials generated by the depolarization and repolarization of the myocardium [51]. The
mechanical activity of the heart can be detected through phonocardiography (PCG), which measures the

4



1

1.3. CARDIAC AUSCULTATION

vibrations and sounds generated by the opening and closing of the heart valves, as well as the turbulent
blood flow during the cardiac cycle [40].
The human heart contains four main valves that regulate the unidirectional flow of blood through the
cardiovascular system: the aortic valve, mitral valve, tricuspid valve, and pulmonary valve. These valves
are composed of thin, flexible leaflets that open and close in response to changes in pressure within the
heart chambers.
During diastole, when the ventricles are relaxing and filling with blood, the mitral and tricuspid valves
are open, allowing blood to flow from the atria into the ventricles. The aortic and pulmonary valves
are closed during this phase, preventing backflow of blood. As the ventricles contract during systole,
the mitral and tricuspid valves close, while the aortic and pulmonary valves open, allowing blood to be
pumped out of the ventricles and into the aorta and pulmonary arteries, respectively.
The pressure changes within the heart chambers are the driving force behind the opening and closing
of the valves. During ventricular diastole, the pressure in the atria is higher than the pressure in the
ventricles, causing the mitral and tricuspid valves to open. As the ventricles contract during systole,
the pressure in the ventricles rises, exceeding the pressure in the atria and the aorta/pulmonary artery,
causing the mitral and tricuspid valves to close and the aortic and pulmonary valves to open. The degree

Figure 1.1: Heart Anatomy

of pressure concentration within the heart chambers and great vessels follows a gradient, from the lowest
pressure in the right atrium (0-8 mmHg) to the highest pressure in the left ventricle (up to 120 mmHg)
[40] . This pressure gradient is essential for the proper functioning of the heart valves and the efficient
circulation of blood throughout the body.

1.3 Cardiac auscultation

Cardiac auscultation is one of the most valuable techniques for diagnosing disease. Auscultation of
the heart primarily involves listening to the sounds that occur within the body using a stethoscope
(Figure 1.2). These heart sounds are primarily caused by the turbulence of blood flow during the closing
of the cardiac valves [23]. A systematic approach to cardiac auscultation is required for each patient.
The examination should first focus on identifying the physiological heart sounds heard at the various
auscultation sites. After characterizing the normal first and second heart sounds, the clinician should
then assess for the presence of any additional abnormal heart sounds before evaluating the respiratory
sounds.

5



1.4. PCG SIGNAL

1

Figure 1.2: Cardiac auscultation

1.4 PCG Signal

The phonocardiogram (PCG) is an acoustic recording of the heart sounds produced by the mechanical
activity of the heart (Figure 1.3). The PCG signal represents the vibrations and turbulent blood flow that
occur within the cardiovascular system, which can be detected and recorded using a sensitive microphone
or sensor placed on the chest wall [68]
Frequency Range: 20-600 Hz [68] [45] .

Figure 1.3: PCG Signal
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1.5. HEART SOUNDS

1.5 Heart Sounds
Heart sounds are the noises generated by the mechanical activity of the heart, specifically the opening
and closing of the cardiac valves, as well as the flow of blood through the heart chambers and great
vessels. These sounds are caused by the vibrations of the heart, blood, and surrounding tissues, and can
be heard through auscultation using a stethoscope [24].

1.5.1 First Heart Sound (S1)

Definition: The first heart sound (S1) is the sound produced by the closure of the atrioventricular (AV)
valves, namely the mitral and tricuspid valves, at the beginning of ventricular systole.
Production: S1 is generated by the sudden deceleration and closure of the AV valves as the ventricles
contract and the intraventricular pressure rises, causing the valve leaflets to snap shut [24] [46].
Time Interval: Occurs at the beginning of ventricular systole
Frequency Range: 25-45 Hz [37] [24]
Duration: 100-200 ms [24] [19]

1.5.2 Second Heart Sound (S2)

Definition: The second heart sound (S2) is the sound produced by the closure of the semilunar valves,
namely the aortic and pulmonary valves, at the end of ventricular systole.
Production: S2 is generated by the sudden deceleration and closure of the semilunar valves as the
ventricles relax, and the pressure in the aorta and pulmonary artery exceeds the ventricular pressure,
causing the valve leaflets to snap shut [24] [46].
Time Interval: Occurs at the end of ventricular systole
Frequency Range: 50-70 Hz [37] [24]
Duration: 80-120 ms [24] [19]

1.5.3 Third Heart Sound (S3)

Definition: The third heart sound (S3) is an abnormal low-pitched, early diastolic sound that is caused
by the rapid and forceful filling of the ventricles during early diastole.
Production: S3 is produced by the sudden deceleration of blood flow into the rapidly filling ventricles,
causing the ventricular walls to vibrate [46] [9].
Time Interval: Early diastolic
Frequency Range: 20-30 Hz [37] [24]
Duration: 60-100 ms [24] [9]

1.5.4 Fourth Heart Sound (S4)

Definition: The fourth heart sound (S4) is an abnormal late diastolic sound that is caused by the atrial
contraction and the sudden increase in ventricular pressure during the final phase of diastole.
Production: S4 is generated by the vibrations of the ventricular walls as they are suddenly stretched
by the additional volume of blood pumped in by the atrial contraction [46] [9].
Time Interval: Late diastolic
Frequency Range: 20-30 Hz [37] [24]
Duration: 60-100 ms [24] [9]
Cardiac valve pathologies refer to any abnormalities or dysfunctions affecting the heart’s four main valves:
the mitral valve (located between the left atrium and left ventricle), the tricuspid valve (located between
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the right atrium and right ventricle), the aortic valve (located between the left ventricle and the aorta),
and the pulmonary valve (located between the right ventricle and the pulmonary artery). These valves
play a crucial role in ensuring the proper and efficient flow of blood through the cardiovascular system.
The mitral and tricuspid valves regulate the flow of blood from the atria to the ventricles, while the aortic
and pulmonary valves control the outflow of blood from the ventricles to the systemic and pulmonary
circulations, respectively. Disruptions to their normal structure and function can lead to various clinical
conditions that can significantly impact a patient’s health and quality of life.

1.6 Cardiac Pathologies

1.6.1 Aortic Stenosis

Aortic stenosis is a valvular heart disease characterized by the narrowing or obstruction of the aortic
valve opening (Figure1.4), which impedes the normal flow of blood from the left ventricle to the aorta
[56] [11]. This condition is typically caused by the gradual thickening, calcification, and reduced mobility
of the aortic valve leaflets, leading to a reduction in the effective valve orifice area [14] [8].
The most common causes of aortic stenosis include age-related degenerative changes, congenital bicuspid
aortic valve, and rheumatic heart disease [34] [77]. Less common etiologies include radiation therapy,
inflammatory conditions, and certain metabolic disorders [34] [75]. As the valve narrows, the left ventricle
must generate higher pressures to overcome the obstruction, leading to left ventricular hypertrophy and
increased myocardial workload [36] [26].
Aortic stenosis can progress over time, and severe cases can result in left ventricular dysfunction, pul-
monary hypertension, and ultimately heart failure [44] [49]. Patients with aortic stenosis may experience
symptoms such as exertional dyspnea, angina, syncope, and heart failure, with the severity of symptoms
often correlating with the degree of valve obstruction [53] [71].
Comprehensive evaluation and management of aortic stenosis typically involve echocardiography, cardiac
imaging, and careful monitoring of disease progression[56] [65]. Definitive treatment options include
surgical aortic valve replacement or transcatheter aortic valve implantation, depending on the patient’s
clinical characteristics and risk profile [69] [8].

Auscultation and Phonocardiography in Aortic Stenosis

1. Murmur Characteristics

• In aortic stenosis, a systolic ejection murmur is typically heard, best heard at the right upper
sternal border and radiating to the carotid arteries [60] [22].

• The murmur is crescendo-decrescendo in nature, starting shortly after the first heart sound
(S1) and ending before the second heart sound (S2) (Figure 1.5) [8] [36].

• The murmur intensity and duration are related to the severity of the aortic stenosis, with a
louder and longer murmur indicating more severe obstruction [53] [25].

2. Phonocardiographic Findings

• On the phonocardiogram (PCG) , the systolic ejection murmur of aortic stenosis typically
has a ”diamond-shaped” configuration, with a rapid upstroke and a gradual downslope [54]
[25].
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Figure 1.4. Aortic Stenosis

Figure 1.5. PCG Aortic Stenosis

• The timing of the murmur onset and duration can provide information about the severity of
the stenosis, with a longer murmur duration indicating more severe disease [30] [47].

• Additional findings on the PCG may include a soft or delayed S2 sound, which can occur
due to the increased afterload on the left ventricle [44] [26].
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3. Murmur Location

• The systolic murmur of aortic stenosis is typically heard best at the right upper sternal
border, where the aortic valve is located [56] [65].

• The murmur may also radiate to the carotid arteries, reflecting the high-velocity flow through
the narrowed aortic valve [71] [69].

• Careful auscultation and palpation of the carotid arteries can provide additional information
about the severity of the aortic stenosis [8] [34].

1.6.2 Mitral Stenosis

Mitral stenosis is a valvular heart disease characterized by the narrowing or obstruction of the mitral
valve orifice (Figure 1.6), which is the opening between the left atrium and the left ventricle [60]. This
condition impedes the flow of blood from the left atrium to the left ventricle, leading to an increase in
left atrial pressure and a decrease in left ventricular filling [29] [58].

Figure 1.6. Mitral Stenosis

The most common cause of mitral stenosis is rheumatic heart disease, which results from an autoimmune
response triggered by a previous streptococcal infection, such as rheumatic fever [15] [52]. Other, less
common causes include congenital abnormalities, commissural fusion, and mitral annular calcification
[13].
The narrowing of the mitral valve orifice leads to a gradual increase in left atrial pressure, which can
eventually lead to pulmonary congestion, shortness of breath, and other symptoms [48]. The severity of
mitral stenosis is typically classified based on the mitral valve area, with mild stenosis defined as a valve
area greater than 1.5 cm², moderate stenosis as a valve area between 1.0 and 1.5 cm², and severe stenosis
as a valve area less than 1.0 cm² [53].
Patients with mitral stenosis may present with a variety of symptoms, including shortness of breath,
fatigue, chest pain, palpitations, and peripheral edema [26] [44] . The physical examination often reveals
a characteristic diastolic murmur, best heard at the apex of the heart [61] [65].
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Diagnosis of mitral stenosis is typically made through echocardiography, which can provide detailed
information about the anatomy and function of the mitral valve [67] [28]. Other diagnostic tests, such
as cardiac catheterization, may be used to further evaluate the severity of the stenosis and to guide
treatment decisions [55] [69].
Treatment for mitral stenosis may include medications to manage symptoms and prevent complications,
as well as interventional procedures, such as percutaneous balloon valvuloplasty or surgical mitral valve
replacement, for more severe cases [14] [43].

Auscultation and Phonocardiography in Mitral Stenosis

1. Mitral stenosis typically presents with distinct changes in the PCG waveform [2] [73]. The key
features that can be observed in the PCG signal include:

• Delayed and prolonged first heart sound (S1) (Figure 1.7):
In mitral stenosis, the closure of the mitral valve is delayed, resulting in a delayed and
prolonged S1 [81] [27].

• Opening snap (OS):
The opening of the narrowed mitral valve creates an audible snap, which can be detected in
the PCG signal as a high-frequency vibration immediately after S1 [76].

• Diastolic murmur:
A characteristic diastolic murmur, best heard at the apex of the heart, can be observed in
the PCG signal. This murmur is caused by the turbulent flow of blood through the narrowed
mitral valve orifice [5] [41] .

Figure 1.7. PCG Mitral Stenosis

2. Murmur Location

The location of the murmur can also provide valuable information about the underlying valvular
pathology. In the case of mitral stenosis, the murmur is typically:

• Best heard at the apex of the heart (over the mitral valve area) [35].

• Radiates to the left axilla and may be heard in the left supraclavicular area [8] [1].

• Varies in intensity with respiration, often becoming louder during inspiration [13] [58].
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1.7 Mitral Regurgitation
Mitral Regurgitation is a valvular heart disease characterized by the insufficient closure of the mitral
valve , resulting in the backward flow of blood from the left ventricle into the left atrium (Figure 1.8)
during ventricular systole [57]. The key aspects of the medical definition of mitral regurgitation are:

Figure 1.8: Mitral Regurgitation

1. Valvular Heart Disease :

• Mitral regurgitation is a condition affecting the mitral valve, one of the four main heart
valves [60].

• It is classified as a valvular heart disease, as it involves the structural and functional abnor-
malities of the mitral valve [57].

2. Insufficient Closure of the Mitral Valve:

• In a normal functioning mitral valve, the two leaflets (anterior and posterior) close tightly
during ventricular systole, preventing the backflow of blood [57].

• In mitral regurgitation, the mitral valve leaflets do not coapt (come together) properly,
leading to an incomplete closure of the valve [57].

3. Backward Flow of Blood:

• Due to the insufficient closure of the mitral valve, blood flows backward from the left ventricle
into the left atrium during ventricular systole [57].

• This backward flow is known as mitral regurgitation or mitral insufficiency [57].

4. Ventricular Systole:

• The backward flow of blood occurs specifically during the ventricular systolic phase, when
the left ventricle contracts and pumps blood out to the body [57].
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Mitral regurgitation can have various underlying causes, such as mitral valve prolapse [33], rheumatic
heart disease [16], ineffective endocarditis [66], or ischemic heart disease [31]. The severity of mi-
tral regurgitation can range from mild to severe, and it can lead to volume overload in the left
atrium and left ventricle, potentially causing heart enlargement, arrhythmias, heart failure, and
other complications if left untreated [57].

Auscultation and Phonocardiography in Mitral Regurgitation

1. Murmur Characteristics in Mitral Regurgitation:

Holosystolic Murmur:

• The characteristic murmur associated with mitral regurgitation is a holosystolic murmur [78]
[64].

• This means the murmur is present throughout the entire systolic phase of the cardiac cycle,
beginning with the first heart sound (S1) and ending with the second heart sound (S2)
(Figure 1.9) [78] [64].

Figure 1.9: PCG Mitral Regurgitation

Blowing or Swishing Quality:

• The murmur typically has a ”blowing” or ”swishing” quality, which is caused by the turbulent
flow of blood from the left ventricle into the left atrium during systole [78] [64].

Correlation with Severity:

• The intensity of the murmur correlates with the severity of the mitral regurgitation [78] [64].

• Louder and more intense murmurs are generally indicative of more severe mitral regurgitation
[78] [64].

2. Phonocardiographic Findings in Mitral Regurgitation:

Holosystolic Murmur:

13



1.8. MITRAL VALVE PROLAPSE

1
• The phonocardiogram in mitral regurgitation typically shows a holosystolic murmur that

begins with the first heart sound (S1) and persists throughout systole [70].

Correlation with Severity:

• The intensity and duration of the holosystolic murmur on the phonocardiogram correlate
with the severity of the mitral regurgitation [70].

• More severe regurgitation is associated with a louder and longer-lasting murmur on the
phonocardiogram [70].

Early Diastolic Murmur:

• In cases of severe mitral regurgitation, the phonocardiogram may also show an early diastolic
murmur [70].

• This early diastolic murmur is caused by the rapid flow of blood from the left atrium to the
left ventricle during early diastole [70].

3. Murmur Location in Mitral Regurgitation:

Cardiac Apex:

• The holosystolic murmur of mitral regurgitation is best heard at the cardiac apex, which is
the point of maximal impulse (PMI) located at the fifth intercostal space, just medial to the
midclavicular line [78] [64].

Radiation to the Axilla:

• The murmur may also radiate to the left axilla, as the blood flow is directed towards the left
lateral chest wall [78] [64].

1.8 Mitral Valve Prolapse
Mitral Valve Prolapse (MVP) is a common valvular heart disorder characterized by the abnormal systolic
displacement of part or all of the mitral valve leaflets into the left atrium during ventricular systole [10][33]
(Figure 1.10).
The key features of mitral valve prolapse are:

1. Displacement of the mitral valve leaflets:

• During ventricular systole, part or all of one or both mitral valve leaflets protrude or bulge
back (prolapse) into the left atrium [10] [33].

• This abnormal systolic displacement of the mitral valve leaflets is the hallmark of this con-
dition [10] [33].

2. Mitral regurgitation:

• Prolapse of the mitral valve leaflets can lead to incomplete closure of the mitral valve during
systole, resulting in mitral regurgitation (backward flow of blood from the left ventricle into
the left atrium) [10] [33].
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• The severity of mitral regurgitation can range from mild to severe, depending on the degree
of valve prolapse and leaflet displacement [10] [33].

3. Genetic and structural abnormalities:

• Mitral valve prolapse is often associated with inherent structural and connective tissue ab-
normalities of the mitral valve apparatus, including thickened and redundant valve leaflets
[10] [33].

• In many cases, mitral valve prolapse has a genetic component, with certain inherited con-
nective tissue disorders predisposing individuals to this condition [10] [33].

Mitral valve prolapse is a common valvular heart disease, affecting approximately 2-3 % of the
general population, and is more prevalent in women than men [10] [33] . It is an important
condition to recognize and manage, as it can lead to significant complications, such as progressive
mitral regurgitation, heart failure, and sudden cardiac death in some cases [10] [33].

Figure 1.10: Mitral Valve Prolapse

Auscultation and Phonocardiography in Mitral Valve Prolapse MVP

Phonocardiography (PCG) can be used to detect and evaluate the presence of mitral valve prolapse
(MVP) by analyzing the characteristics of the heart sounds and murmurs recorded on the chest wall.

1. Phonocardiographic Findings in Mitral Valve Prolapse:

Mid-to-Late Systolic Click:

• The primary PCG finding in mitral valve prolapse is the presence of a mid-to-late systolic
click [18].

• This click is caused by the sudden tensing of the prolapsing mitral valve leaflets [18] [78].
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• The click typically occurs in mid-to-late systole, after the first heart sound (S1) (Figure 1.11)

[18] [78].

Figure 1.11: PCG Mitral Valve Prolapse

Mid-to-Late Systolic Murmur:

• In addition to the click, a mid-to-late systolic murmur may also be present on the PCG [18]
[78].

• This murmur is caused by the turbulent flow of blood through the partially prolapsed mitral
valve [18] [78].

• The murmur typically begins after the click and continues until the second heart sound (S2)
[18] [78].

2. Murmur Location in Mitral Valve Prolapse:

Cardiac Apex:

• The mid-to-late systolic murmur associated with mitral valve prolapse is best heard at the
cardiac apex, which is the point of maximal impulse (PMI) located at the fifth intercostal
space, just medial to the midclavicular line [78] [20].

By analyzing the presence of the mid-to-late systolic click and murmur, as well as their location on
the PCG, clinicians can identify the presence of mitral valve prolapse. This information, combined
with other clinical and echocardiographic findings, can help diagnose and manage this common
valvular heart disorder.

1.9 Conclusion
In this chapter, a comprehensive overview of the importance of phonocardiogram (PCG) signals in the
detection and analysis of various cardiac pathologies has been provided. The discussion began by in-
troducing the heart and its essential functions, highlighting the significance of accurate diagnosis and
monitoring of cardiac conditions.
Through the discussion of heart anatomy and functioning, a foundational understanding of the cardiovas-
cular system and the origin of heart sounds was established. The section on cardiac auscultation further
emphasized the role of PCG in augmenting the traditional stethoscope-based examination, allowing for
more detailed analysis of heart sounds.
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1.9. CONCLUSION

The in-depth exploration of the PCG signal, its characteristics, and the identification of the four key
heart sounds provided valuable insights into the diagnostic potential of this non-invasive technique. By
examining specific cardiac pathologies, such as aortic stenosis, mitral stenosis, mitral regurgitation, and
mitral valve prolapse, changes in the PCG signal were demonstrated to serve as indicators of underlying
cardiovascular conditions.
The knowledge gained from this chapter equips healthcare professionals with a deeper understanding
of the PCG signal and its applications in the early detection, monitoring, and management of cardiac
pathologies. By leveraging this technology, clinicians can make more informed decisions, leading to
improved patient outcomes and enhanced quality of care.
As the field of cardiovascular diagnostics continues to evolve, the integration of PCG analysis into routine
clinical practice holds great promise in advancing the understanding and management of various heart-
related disorders. This chapter serves as a foundation for further research and development in this
important area of healthcare.
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ventricles. The S2 sound, on the other hand, is associated with the closure of the semilunar valves, which
The S1 sound corresponds to the closure of the atrioventricular (AV) valves, which separate the atria and 
heart sounds: the first heart sound (S1) and the second heart sound (S2) ( Fig 2.11).
sounds and offer important insights for assessing cardiac health. The PCG signal reveals two prominent 
movement of the heart valves as they open and close. These noise elements contribute to the distinct heart 
the movement of blood within the chambers of the heart, whereas mechanical noise is generated by the 
of two primary forms of noise: hemodynamic noise and mechanical noise.Hemodynamic noise arises from 
A phonocardiogram (PCG) records the sounds produced during the Heart cycle phase.This signal consists 

2.2 Phonocardiogram Signal

[11], and analyses of stability in micro milling processes [27], among various other fields.
focusing on carbonate platform bathymetry [39], the multifractal characteristics of avian vocalizations 
of infant cries in both typical and atypical conditions [36]. Moreover, MFDFA has been applied to studies 
for DC-ring microgrids based on renewable energy sources [5], airflow measurements [46], and the study 
DNA analysis [4], geoelectrical studies [45], characterization of aquatic sounds [14], protective strategies 
[19], speech signal processing [48], heart rhythm variability [16], financial time series evaluations [54], 
financial market studies [42], brain activity research [22], seismic activity assessments [3], gait analysis 
in temporal evaluations. This technique has garnered notable attention across various fields, including 
MFDFA addresses the limitations of traditional fluctuation analysis methods and provides reliable findings 
detrended fluctuation analysis (MFDFA), which offers a fresh perspective on diagnosing cardiac conditions. 
This research employs a novel approach for analyzing phonocardiographic signals through multifractal 
individuals, identifying eleven features that may serve as potential diagnostic markers.
heart sounds in patients with heart failure with preserved ejection fraction (HFpEF) compared to healthy 
graphic signals. Recent studies by Guo et all [38] have also examined the multifractal characteristics of 
emphasizing the significance of sophisticated methods in enhancing our understanding of phonocardio- 
patterns and the Hölder exponent among individuals with mitral valve prolapse and healthy controls, 
Gavrovska et all [23] conducted a comparative analysis using multifractal techniques to evaluate spectral 
composition to segment heart sounds and seriousness of mitral valve issues. In another study, researchers 
employing the Hurst exponent for effective classification and categorization.They also applied fractal de- 
of their heart sounds. Likewise,Thomas et all [50] investigated the complex patterns of heart sounds, 
also those who had undergone valvular surgery,revealing distinct variations in the fractal dimensions 
analysis of individuals with aortic conditions, mitral valve pathologies(prolapse and regurgitation) , and 
pathological and healthy Cardiac acoustic signals . For example, Azmy et all [8], performed a contrastive 
Fractal dimension analysis of heart sounds has emerged as a promising avenue for distinguishing between 
entropy analysis.
improved accuracy and precision compared to conventional approaches such as frequency, energy, and 
research, especially in the analysis of phonocardiogram (PCG) signals. These innovative techniques offer 
Cardiovascular disorders using signal-processing methods. Notable progress has been made in cardiac 
To address this challenge, researchers have focused on the early detection and accurate diagnosis of 
fatalities.[51][53] [9].
orders caused approximately 17.9 million casualties in 2016, accounting for about 31% of all global 
by heart-related issues. Furthermore, The Global Health Agency highlighted that Cardiovascular dis- 
population.The U.S. Cardiovascular Society reports that more than one in three adults are affected 
Cardiovascular diseases pose a major health challenge worldwide, affecting a substantial portion of the 

2.1 Introduction
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2
regulate blood flow from the ventricles to the arteries.

2.2.1 Aortic narrowing

Aortic narrowing is evaluated by identifying murmurs occurring between the first heart sound (S1) and
the second heart sound (S2) in the phonocardiographic (PCG) signal (see Figure 2.1).

30

y = x2 + 1 (2.1)

Let x, y real variables , where the relationship between them is defined by the equation [Eq.(2.1)] :

2.3.2 Mathematical Foundation

into the behavior of iterative processes in the complex plane [28].
matician Gaston Julia. It is intricately related to the dynamics of complex functions and provides insight 
The Julia set is a fundamental concept in the field of fractal geometry, named after the French mathe- 

2.3.1 The Julia Set:

follow specific patterns or systems [17].
work. This insight has clarified why the behaviors of various organisms, despite seeming erratic, actually 
showing that what appears chaotic or unpredictable often has an identifiable system or underlying frame- 
geometry. The introduction of fractal geometry illuminated the irregular patterns observed in nature, 
resulted in the formation of a new area of study known as fractal geometry, also referred to as natural 
and forms, significantly broadened the field of mathematical investigation.These advancements eventually 
to Euclidean principles, such as Riemannian and Poincaré geometries, which dealt with curved structures 
primary focus of mathematical study. However, the later introduction of geometries that do not conform 
regular shapes like circles, triangles, squares, and rectangles.These structured geometric forms were the 
Historically, mathematics domain was largely shaped by Euclidean geometry, which concentrated on 

2.3 Fractal geometry

patterns.
structures across various scientific fields. It thoroughly analyzes the multifractal properties of irregular 
rooted in fractal geometry, provides a flexible framework for understanding a wide range of patterns and 
Previous studies [32] [26] have clearly shown that multifractal detrended fluctuation analysis (MFDFA), 

Figure 2.1: Aortic Stenosis
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(x, y) ∈ R2

When x = 0, the corresponding y-value is:

y = 02 + 1 = 1

If x is then given the most recent y-value, it follows that:

y = 12 + 1 = 2

↓
x = 1

y = 22 + 1 = 5

↓
x = 2

y = 52 + 1 = 26

↓
x = 5

y = 262 + 1 = 677

↓
x = 26

y = n

↓
x = n

y = n2 + 1

This iterative process of substituting the last y-value back into x generates a peculiar, yet regular graphical
representation.
By replacing the real variables x and y with complex numbers Zn and Zn+1, the equation becomes
Zn+1 = Z2

n + 1, where Zn, Zn+1 ∈ C, and C represents the complex number system. The equation
becomes [Eq. (2.2)]:

Zn+1 = Z2
n + 1 (2.2)

where Z = r + ri, and i =
√
(−1)

If the constant 1 is replaced with an arbitrary complex number C, the equation takes the form:

Zn+1 = Z2
n + C

By selecting a specific complex value for C, such as C = 0.3 + 0.5i, and providing initial values for Zn,
the subsequent values of Zn+1 can be calculated according to the equation:

Zn+1 = Z2
n + 0.3 + 0.5i

31

visualization of the resulting values, the characteristic shape of the Julia set emerges, revealing the pro-
puter program is required. After the execution of this computational procedure and the subsequent 
To represent the infinite set of points generated by this iterative process, the implementation of a com- 
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2
(A)

c = 0.3 + 0.5i

(B)

c = 0.285 + 0.01i

(C)

c = -1.476

Figure 2.2: Various Values of c in the Julia set.

found mathematical insights that underpin this fundamental concept in the field of fractal geometry.The
forms generated by the Julia set with different values of ’C’ Illustrated in the Figure 2.2 .

2.3.3 Fractals and the Aesthetics of the Julia Set

The Julia set exhibits fractal properties, characterized by self-similarity and intricate detail at every level
of magnification. These properties make it a subject of significant interest in the study of fractals and
digital art, due to its visually complex and infinitely detailed structures.

2.3.4 Relationship with the Mandelbrot Set

The Julia set is closely related to the Mandelbrot set.The Mandelbrot set is utilized to determine the
nature of the corresponding Julia set. If the parameter c lies within the Mandelbrot set, the associated
Julia set is connected. Conversely, if c lies outside the Mandelbrot set, the associated Julia set is dis-
connected . In particular, the mathematician Benoit Mandelbrot concentrated on a particular portion
of the Julia set,leading to the identification of the Mandelbrot set (Figure2.3), which can be expressed
mathematically as [Eq.2.3]:

{
Z0 = 0

Zn+1 = Zn + C
(2.3)

32

An equilateral triangle is then added to the center, connecting the two remaining segments (as illustrated
(step A) is divided into three equal parts, and the middle section is removed, leaving two smaller segments. 
The construction of the Von Koch Curve follows a systematic iterative process [34].Initially, a line segment 

  geometry, dimensions can be irregular and fractional, as exemplified by the Von Koch curve[1] [7].
The dimensions in classical geometry are generally integers such as d=1, d=2, or d=3; however, in fractal

2.3.5 Fractals Dimension

shape into smaller replicas, each resembling a scaled-down version of the original (Figure 2.4).
Mandelbrot set can be characterized as a group of geometric figures formed by breaking down a larger 
Benoit Mandelbrot laid the groundwork for fractal studies [40, 17].In the context of fractal geometry, the 
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Figure 2.3: Mandelbrot set

in step B of the diagram). This same procedure is then applied to each of the newly created segments,
and the process is repeated iteratively (as shown in steps C through E of the diagram).
The recursive methodology used to generate the Von Koch Curve can be further explored using a mathe-
matical theorem that relates the number of identical shapes obtained after a given number of construction
stages to the fractal dimension of the resulting pattern. Specifically, it has been observed that after three
stages of the Von Koch Curve construction, four identical shapes are produced. This observation can be
expressed as the equation 4 = 3d, where d represents the fractal dimension of the Von Koch Curve2.5.
Solving this equation for the fractal dimension d yields [Eq.2.4]:

d =
ln(4)

ln(3)
≈ 1.26 (2.4)

This calculated fractal dimension aligns with the empirically observed fractal dimension of the Von Koch
Curve, which is approximately 1.26. This non-integer dimension is a hallmark of fractal geometry and
highlights the inherent complexity and self-similarity exhibited by this geometric structure, which cannot
be fully captured by traditional integer-based dimensional descriptions.
The same method can be used to determine the dimensions of other fractal shapes. For example, for
Sierpinski’s Triangle [35], it has been observed that after two stages of construction, three identical
sections are obtained. This observation can be expressed as the equation 3 = 2d, where d represents the
fractal dimension of Sierpinski’s Triangle Figure 2.6 [44]. Solving this equation [Eq.2.5] yields [15]:

d =
ln(3)

ln(2)
≈ 1.58 (2.5)

Similarly, for Sierpinski’s Carpet [37], it has been observed that after three stages of construction, eight
identical sections are obtained ( Figure 2.7 ). This observation can be expressed as the equation 8 = 3d,
where d represents the fractal dimension of Sierpinski’s Carpet. Solving this equation yields [15](Figure
2.6:

d =
ln(8)

ln(3)
≈ 1.89 (2.6)
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2

Figure 2.4. On the left side of the image, there is a fractal resembling a tree, featuring self-similar branches that
reflect the overall structure in its components. On the right side, the image illustrates a fractal process akin to
heart rate regulation, showcasing fluctuations that exhibit statistical self-similarity across various time scales.
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Figure 2.5. Von Koch Curve construction

Figure 2.6. Construction of Sierpinski Triangle

Figure 2.7. Construction of Sierpinski Carpet
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2
The non-integer fractal dimensions observed in geometric structures such as the Von Koch Curve and Sier-
pinski’s Triangle/Carpet highlight the inherent complexity and self-similarity exhibited by these objects.
These fractal dimensions cannot be fully captured by traditional integer-based dimensional descriptions,
as they reflect the highly irregular and intricate nature of these shapes.
The concept of non-integer fractal dimensions is closely related to the notion of Hausdorff dimension,
which provides a more general mathematical framework for characterizing the dimensional properties of
fractals and other highly irregular sets[21]. The Hausdorff dimension, denoted as dH , is defined by the
formula [Eq.2.7]:

dH =
lnn

lnh
(2.7)

where: * n represents the number of equal partitions or sections obtained after a given construction stage
* h denotes the number of minimum divisions or scaling factor used to obtain the n sections
This formula captures the relationship between the scale-invariant, self-similar nature of fractals and
their dimensional properties, allowing for a more nuanced and precise quantification of their complexity
compared to traditional integer-based dimensions.
The Hausdorff dimension has become a fundamental tool in fractal geometry, dynamical systems theory,
and other areas of mathematics and physics that deal with the analysis of complex, self-similar structures.
It has proven invaluable for quantifying the dimensional properties of a wide range of natural and artificial
phenomena, from coastlines and river networks to the structure of the universe and financial markets.

2.4 Support vector machine SVM
Support Vector Machine (SVM) is a supervised machine learning algorithm used primarily for classifica-
tion task, although it can also be adapted for regression.

2.4.1 SVMs Hyperplane

SVMs work by finding the optimal hyperplane that separates different classes of data in the input space.
The key idea behind SVMs is to identify the hyperplane that maximizes the margin, or distance, between
the decision boundary and the closest data points from each class (Figure 2.8). SVMs are particularly
effective at handling high-dimensional data and can learn complex, non-linear decision boundaries through
the use of kernel functions. This makes them a powerful tool for a wide range of classification problems,
from image recognition to text categorization [18].

2.4.2 kernel functions for SVM

The kernel of SVM algorithms consists of a set of mathematical functions. Input data is transformed into
the desired form by the kernel according to its purpose. There are various kernel functions used by various
SVM methods. Different types of these functions may exist. For instance, radial basis function (RBF),
sigmoid, polynomial, linear, and nonlinear. Describe the vector, text, picture, graph, and sequence data
kernel functions. The most common class of kernel functions are RBFs [33]. Due to its local and infinite
response across the entire x-axis, the Gaussian radial basis function (RBF) kernel [Eq.2.8] [43]:

K(Xi, Xj) = exp(−γ∥Xi −Xj∥2) (2.8)

for γ > 0 ; it is occasionally expressed as: γ = 1/2σ2
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argument. The role of these parameters is crucial in the performance of the SVM model:
Here,Xi, Xj represent the two inputs of the function K,where γ is the kernel parameter,and σ is the kernel 
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2.4. SUPPORT VECTOR MACHINE SVM

Figure 2.8. hyperplane diagram [31].

Figure 2.9. SVM classifiers for separating data in both linear and nonlinear contexts[12].
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Gamma (γ): A small value of γ means the Gaussian has a large variance, resulting in a smooth decision
boundary. This is good for datasets with minimal noise. A large value of γ means the Gaussian has a
small variance, resulting in a complex decision boundary. This is good for datasets with a lot of noise,
as it allows the SVM to fit the training data more closely. Choosing the right value of γ is important to
avoid over-fitting or under-fitting the training data.
Sigma (σ): σ is the standard deviation of the Gaussian function in the RBF kernel. A larger σ leads to
a wider Gaussian function, resulting in a smoother decision boundary. A smaller σ leads to a narrower
Gaussian function, resulting in a more complex decision boundary. Tuning σ is important to balance the
bias-variance tradeoff in the SVM model.

2.5 Classification

Classification is a core task in machine learning and data mining that involves categorizing data into
predefined classes or labels based on their features. This process is vital across various domains, including
finance, healthcare, marketing, and natural language processing. Understanding the different types of
classification is essential for selecting the appropriate approach for a given problem.

2.5.1 Binary Classification

In the simplest case, SVMs are used for binary classification tasks, where the goal is to assign each input
data point to one of two classes. The SVM algorithm works by finding the optimal hyperplane that
separates the two classes with the largest possible margin.
Mathematically, the binary SVM optimization problem can be formulated as follows [Eq.2.9]:

Minimize: (1/2)∥w∥2

Subject to: yi(w⊤xi + b) ≥ 1, for all i = 1, . . . , n
(2.9)
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to a wide range of classification problems in various domains. Their ability to handle high-dimensional
Overall, SVMs are a powerful and versatile machine learning technique that have been successfully applied 
of the dataset, and the desired trade-offs between computational efficiency and classification accuracy. 
The choice of the multi-class strategy depends on the specific problem at hand, the size and complexity 
decomposing it into multiple binary subproblems.
3. Multiclass SVM: Formulate the multi-class problem as a single optimization problem, rather than 
the final prediction.
2. One-versus-One (OvO): Train one SVM for each pair of classes, and use a voting scheme to determine 
and the negative class is the combination of all other classes.
1. One-versus-Rest (OvR): Train one SVM for each class, where the positive class is the current class 
There are several strategies for extending SVMs to multi-class classification, including:
multi-class problems, where the goal is to assign each input data point to one of more than two classes. 
While SVMs were originally designed for binary classification tasks, they can also be extended to handle 

2.5.2 Multi-class Classification

then be used to classify new, unseen data points.
The solution to this optimization problem yields the optimal hyperplane parameters w and b, which can 
are the corresponding class labels (+1 or -1).
Where w is the normal vector to the hyperplane, b is the bias term, xi are the input data points, and yi 
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data and learn complex decision boundaries make them a go-to choice for many practitioners and re-
searchers.

2.6 Method
The current research examines the identification of aortic valve narrowing condition through a collection
of 200 healthy and 200 irregular Cardiac acoustic signals(physionet). The classification of these Cardiac acoustic
signals was carried out by analyzing their multifractal and self-similar dynamics,utilizing software created
by Espen A. F. Ihlen, which can be accessed at www.ntnu.edu/inm/geri/software [29].
Additionally, support vector machine (SVM) classification, executed in MATLAB R2022b, was used for
further analysis and classification. The comprehensive methodology and sequence of steps followed in
this research are depicted in (Figure 2.10),which visually represents the entire analytical process. The
following sections of the manuscript will provide a detailed explanation of each step in the methodology,
highlighting the importance of each element within the framework of this study.
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between diseased and healthy PCG signal scenarios.
by reducing potential inaccuracies in the estimation of model parameters and averting misunderstandings 
is of utmost importance in ensuring the accuracy of multifractal detrended fluctuation analysis (MFDFA)
noise and artifacts while maintaining the essential features of the PCG waveforms. This denoising process 
acquired signal into separate frequency bands, allowing for the detection and elimination of unwanted 
enhancing phonocardiogram (PCG) recordings.The Discrete Wavelet Transform (DWT) breaks down the 
The application of the discrete wavelet transform (DWT) is a critical signal processing technique for 

2.6.1 Denoising

Figure 2.10. Diagram illustrating the techniques for analyzing and classifying Phonocardiogram signals.

www.ntnu.edu/inm/geri/software
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The meticulous application of DWT-based denoising is a crucial pre-processing step that enables the
reliable extraction of the underlying multifractal and self-similar dynamics from the PCG signals, which
form the basis for the subsequent classification analysis presented in this study.

2.6.2 Utilization of MATLAB for the analysis PCG signals through MFDFA1
and MFDFA2

a. A crucial initial requirement for optimal performance of MFDFA1 and MFDFA2 is
that the signal must resemble a noise-like time series

The dynamics of signals often fall into one of two main categories: a random walk process or a
noise-like temporal behavior.

The differentiation between random walk and noise-like time series can present significant visual
challenges. To mitigate this issue, Eke et al. (2002) proposed the computation of the Hurst
exponent utilizing detrended fluctuation analysis (DFA). Their results indicated that when the
Hurst exponent H lies within the interval of 0.2 to 0.8, the time series can be classified as noisy.
Conversely, if the Hurst exponent H falls ranging from 1.2 to 1.8, the temporal data necessitates
preprocessing prior to the application of MFDFA1 and MFDFA2. Table 2.1 summarizes the
various classifications of the Hurst exponent derived from monofractal DFA, in addition to the
requisite conversion steps that should be undertaken pertaining to biomedical temporal data before
employing MFDFA1 and MFDFA2.

To mitigate significant flaws in the multifractal frequency field and address the challenge of ap-
proaching zero in the logarithmic calculations of log�(Fq) and log�(RMS), it is essential to ascertain
that local fluctuations, measured by the root mean square (RMS), across MFDFA1 and MFDFA2
are not negligible. This precaution is vital for preserving the reliability of the computations and
minimizing the risk of inaccuracies in the multifractal analysis.

The scale of the temporal data demonstrates consistency, signifying a direct correlation among
log�(scale) and log�(Fq). This relationship indicates that as the scale of the temporal data either
grows or diminishes, the associated values of Fq exhibit a stable pattern. The straight association
across these logarithmic scales is a fundamental Attribute in the assessment of the temporal data,
facilitating the recognition of of intrinsic patterns and actions across diverse scales.

Hurst exponent Conversion
<0.2 Signal = cumsum(X - mean(X))
0.2-0.8 No conversion
0.8-1.2 No conversion
1.2-1.8 Signal = diff(X)
>1.8 Signal = diff(diff(X))
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  segments into which the PCG signal is divided.
- The scale parameter, typically denoted as ’s’, represents the length of the non-overlapping
signal is divided during the analysis. series [41].
cardiogram) signals, the ”scale” parameter refers to the size of the segments into which the 
In the context of Multifractal Detrended Fluctuation Analysis (MFDFA) of PCG (Phono- 

  b.1 Scale

The parameters of input values scale, q, and mb.

Table 2.1: Biomedical Time Series Data Conversion (Noble 2006)
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non-stationarities in the signal.the multifractal spectrum D(h) and H(q) the generalized
used to detrend the PCG signal segments, removing any quadratic trends or more complex 
For the case of m=2 (quadratic detrending) MAFDFA2, the second-order polynomial was 
suitable for capturing the enduring correlations and fractal attributes of the PCG signal. 
then computed based on the detrended signal segments. The linear detrending is generally 
signal. The multifractal spectrum D(h) and the generalized Hurst exponents H(q) were 
detrend the PCG signal segments, removing any linear trends or non-stationarities in the 
For the case of m=1 (linear detrending) MFDFA1, the first-order polynomial was used to 
to the detrending polynomial order.
and m=2, the analysis was able to investigate the sensitivity of the multifractal properties 
the multifractal analysis of the PCG signal. By employing different values of m, such as m=1 
trended Fluctuation Analysis (MFDFA) algorithm is a crucial parameter that can influence 
The selection of the detrending polynomial order m or trend order in the Multifractal De- 

b.3 Trend order m

PCG signal .
a robust and meaningful multifractal description of the underlying dynamics inherent in the 
variations. This comprehensive approach to the selection of q-orders is crucial for obtaining 
the regions of the PCG signal exhibiting large fluctuations as well as those exhibiting smaller 
enables the detection and characterization of the distinct scaling properties associated with 
the multifractal nature of the data [30]. Incorporating both positive and negative q-orders 
essential to employ a range of positive and negative q-orders in the analysis to fully capture 
weighting of periods with both large and small variations within the PCG signal. It is 
The concept of the q-order is fundamental in multifractal analysis, as it allows for the 

b.2 q order

  hensive understanding of the underlying physiological processes.
  multifractal properties of the signal at different levels of detail, providing a more compre-
  By analyzing the PCG signal across a range of scales, the MFDFA method can reveal the
  such as the sampling rate, the dominant frequencies, and the expected fractal structure.

- The choice of the scale parameter range can also be informed by the signal’s characteristics,
  the segments still contain enough data points for reliable statistical analysis.
  ations in the PCG signal, while the maximum scale should be small enough to ensure that

- The minimum scale ’s’ should be large enough to capture the smallest meaningful fluctu-
  properties across different scales.
  s = [4, 8, 16, 32, 64, 128, 256]. This allows for the exploration of the signal’s multifractal

- A common approach is to use a logarithmically spaced range of scale values, such as
  that still allows for reliable statistical estimates [47].
  a variety of segment sizes, ranging from the smallest meaningful segment to the largest size
  and the objectives of the research. Typically, the scale parameter is selected to encompass

- The scale parameter should be determined in alignment with the features of the PCG signal
  can significantly influence the multifractal properties of the PCG signal.

- The choice of the scale parameter ‘s‘ is an important step in the MFDFA analysis, as it
  Hurst exponents’.

which is then used to determine D(h) ’the multifractal spectrum ’ and H(q) ’the generalized
- The MFDFA algorithm calculates the fluctuation function ’F(s,q)’ for each segment size ’s’, 
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Hurst exponents were computed based on the detrended signal segments. The quadratic
detrending can help remove more complex trends, providing a deeper understanding of the
multifractal properties of the PCG signal[41].

In the examination of the phonocardiogram (PCG) signal, the Multifractal Detrended Fluctuation
Analysis (MFDFA) technique was employed, specifically utilizing the MFDFA1 and MFDFA2
functions available in MATLAB. This well-recognized algorithm enabled a thorough multifractal
assessment of the PCG signal. MFDFA is a commonly used approach for measuring the self-similar
and irregular properties of the phonocardiogram signal (x) using multifractal characterization. The
Multifractal Detrended Fluctuation Analysis (MFDFA) involves multiple distinct phases [47]:

1. Initial Phase:

– Computation of the integral representation of the PCG signal, frequently termed the
signal’s ”trajectory” or ”profile” [Eq.2.10] :

yk =

k∑
i=1

[xi − x] (2.10)

Where x denotes the mean of x computed across the series. It is essential to emphasize that
the incorporation of x into the equation lacks effect on the ultimate worth of F [n].

2. Subsequent Phase:

– The derived integral representation y(k) is partitioned into a series of non-overlapping
intervals, each of uniform length s, with the total number of intervals represented as
Ns. The count of contiguous intervals is established by partitioning the length of the
integral representation N ( Signal length) by the segment length s and approximating
the resulting value to the nearest integer through the use of the ”int” function [49]
.To guarantee that all data is utilized, this windowing procedure is executed from
the opposite end of the integral representation [10] The choice of appropriate segment
lengths is essential for the accurate determination of the fluctuation function. The
shortest segment The length must be ample enough large to to prevent overfitting,
whereas the longest fragment length must be kept small enough to ensure a sufficient
number of intervals for the computation of the fluctuation function [Eq.2.11]:

F [n] =

√√√√ 1

N

N∑
k=1

(y[k]− ȳ[k]n)2 (2.11)

where ȳ[k]n represents the local trend of the integral representation y(k) within each segment
of length n.

3. Tertiary Phase:

The local trend determination for every segment of length 2Ns “The fluctuation F 2(s, v)”:

– for the procedure in the forward direction [Eq.2.12]:

F 2(s, v)f =
1

s

s∑
i=1

[y{(v − 1)s+ i} − yv(i)]
2 (2.12)

And v = 1......Ns
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– for the procedure in the backward direction [Eq.2.13]:

F 2(s, v)b =
1

s

s∑
i=1

[y{(N − (v −Ns)s+ i})− yv(i)]
2 (2.13)

Where v is permitted to assume values within the range of Ns + 1 to 2Ns

To perform a comprehensive analysis, the standard detrended fluctuation analysis (DFA) is
carried out by assessing the range of segment indices {T = Ns + 1, Ns + 2, ..., 2Ns} [20][25].
This specified range guarantees that all segments within the PCG signal are included in the
computation of local trends.
By deriving the local trends through these methodologies, we can quantify the fluctuations
present in each segment, thereby enhancing our understanding of the underlying dynamics
and patterns inherent in the PCG signal.

4. Fourth Phase:

– To derive the fluctuation function, an average is computed across all segments (from v
= 1 to 2Ns) to derive the qth order fluctuation function [Eq.2.14]:

Fq(s) =

[
1

2Ns

2Ns∑
v=1

{
F 2(s, v)

q
2

}] 1
q

(2.14)

In this context, q denotes the fluctuation criterion, which can assume any actual worth,
thereby allowing for a focused analysis on a range of global fluctuation magnitudes.

5. Fifth Phase:

– To examine the scaling characteristics of the fluctuation functions, the power-law scaling
function is utilized to investigate the log-log relationship between Fq(s) and s for each
q value. This relationship is represented by the following approximation [Eq.2.15]:

Fq(s) ∼ sh(q) (2.15)

6. Sixth Phase:

– This phase focuses on estimating the multifractal frequency field through the analysis
of scaling exponents obtained from the q-order moments of the PCG signal.
The multifractal spectrum offers important insights into the allocation of these scaling
exponents, highlighting the signal’s multifractal characteristics and its behavior across
various time scales.

This thorough methodological framework enabled the extraction of 16 parameters from the PCG
signal, which were later classified using Support Vector Machine (SVM) techniques.
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outcomes.
the development of the SVM model, ensured accurate categorization, as demonstrated by the assessment 
into distinct categories based on their attributes. The careful selection of relevant features, paired with 
Employing the SVM technique for this classification challenge allowed for the successful sorting of signals 

  effectiveness of the model’s categorization.
  samples. Standard metrics, including accuracy and precision, were used to quantify the
  evaluation involved comparing the predicted classifications with the actual labels of the test

• The performance of the developed SVM model was assessed using the test dataset. The

Model validation:5.

  decision boundary that distinguishes the Categories.
  algorithm identified the fundamental patterns and connections within the data to create the

• The SVM model was developed utilizing the chosen features from the training dataset. The

SVM model optimization:4.

  ability to distinguish between different classes.
  subset of features. This step aimed to reduce dimensionality and enhance the SVM model’s

• A technique such as Sequential Feature Selection was used to identify the most significant

Feature selection:3.

  evaluation.
  was used to develop the SVM model, while the testing set was reserved for performance

• The dataset was arbitrarily partitioned into training and testing sets. The training set

Data division for training and testing:2.

  different characteristics derived from the signals.
• A collection of 400 signals, each with 16 attributes, was compiled. These attributes represent

Data preprocessing:1.

      

            

              

 

      

            

              

 

The classification process involves the following procedures:
can be proficiently accomplished using the SVM model with a Gaussian RBF kernel.
The distinction between healthy and pathological PCG signals, especially in instances of aortic narrowing, 

2.6.3 Classification
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2.7 Results

2.7.1 Signal enhancement

The process of enhancing the PCG signal through Discrete Wavelet Transform (DWT) using the db7
minimax wavelet over 8 levels demonstrates how DWT can significantly improve the credibility and
accuracy of subsequent assessments, especially in the detection and profiling of heart-related disorders
in PCG signals. This effectiveness is illustrated in the comparative analysis found in Figures 2.11 and
2.12, which is essential for increasing the consistency and precision of future analytical methods. In
Figure 2.11, a healthy PCG signal is depicted, revealing key components associated with the closure of
the cardiac valves, commonly known as the first and second heart sounds, which are typical indicators of
a well-functioning cardiovascular system.

Figure 2.11. Filtering of normal phonocardiogram signal
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as well as in the detection and characterization of cardiovascular conditions within PCG signals.
emphasizes the effectiveness of DWT in improving both the reliability and accuracy of subsequent analyses, 
occurring between S1 and S2 signifies a pathological issue with the aortic valve. This evident deviation 
Conversely, (Figure 2.12) presents a PCG signal that points to aortic stenosis. Here, a systolic murmur 

Figure 2.12: Filtering of aortic stenosis phonocardiogram signal
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Study of PCG signal with MFDFA2.7.2

Prior to applying Multifractal Detrended Fluctuation Analysis (MFDFA), we computed the Hurst expo-
nent of the heart sound using Detrended Fluctuation Analysis (DFA), as shown in (Figure 2.13, Figure
2.14 ,Figure 2.15, Figure 2.16,Figure 2.17, Figure 2.18 ) The results indicated a Hurst exponent (H)
ranging from 0.8 to 1.2 ( see Table 2.2) . This fractal analysis of the phonocardiogram signal enabled
the extraction of several key parameters listed in (Table 2.3) that are crucial for the detection of aortic
stenosis:

Number Cases Hurst exponent
200 Normal PCG Signal 0.8 - 1.2
200 Aortic Stenosis 0.7

Table 2.2: Calculation of DFA Hurst Exponent

Parameters Normal PCG Aortic stenosis
Ht (max) 6.4161 0.90551
Ht (mode) 1.8271 0.6944
Ht (min) 1.6062 0.13043
tq(max) 1.3706 −0.99724
tq(mode) −1.3249 −1.1124
tq(min) −4.6359 −2.9683
RMS 0.0834 0.0193

Hq(max) 1.4544 0.78732
Hq(mode) 1.2998 0.44965
Hq(min) 1.1853 0.0013801
Dq(max) 0.99573 0.97768
Dq(mode) 0.85518 0.72654
Dq(min) 0.6218 0.72552
hq(max) 1.60565 0.8967
hq(mode) 1.3169 0.53894
hq(min) 1.1129 −0.13586

Table 2.3: Attributes of normal versus abnormal PCG signal
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  irregularity, respectively.
  between heart sounds, the most common scaling property, and the most frequently occurring
  inant amplitude, the most frequently observed fractal property, the most common interval

– Ht (mode), Hq (mode), tq (mode), Dq (mode), hq (mode): Denotes the predom-

• Mode Values:

  exponent characterizing localized fluctuations, respectively.
  generalized dimension indicating scaling properties, and the peak value of the singularity
  correlations, the longest duration observed between heart sounds, the peak value of the
  plitude recorded, the peak value of the generalized Hurst exponent characterizing sustained

– Ht (max), Hq (max), tq (max), Dq (max), hq (max): Represents the highest am-

• Peak Values:

defined as follows:
signal, which are then classified using Support Vector Machine (SVM) techniques. The parameters are 
The approach employed involves the extraction of 16 unique parameters from the phonocardiogram (PCG)
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• Minimum Values:

– Ht (min), Hq (min), tq (min), Dq (min), hq (min): Indicates the minimum amplitude
detected, the least fractal characteristic, the shortest interval recorded, the least scaling
characteristic observed, and the lowest value of the singularity exponent, respectively.

• RMS: The root mean square value of the acoustic cardiac signal serves as an indicator of the total
energy or amplitude in the signal.

The 16 parameters extracted from the phonocardiogram (PCG) signal encapsulate diverse characteristics,
including amplitude distribution, duration distribution, energy levels, fractal properties, scaling charac-
teristics, and local irregularities. These metrics provide crucial insights into the dynamics and properties
of cardiac signals.
Estimating multifractal characteristics—specifically the Hurst exponent, scaling exponent, and root mean
square (RMS) values—plays a crucial role in differentiating normal cardiac function from aortic steno-
sis. Notably, the parameters associated with aortic stenosis tend to be lower than those seen in healthy
individuals, indicating a diminished multifractal nature in these cases. This change is linked to the
mechanical alterations in the myocardium that occur with aortic stenosis compared to normal heart func-
tion. The multifractal spectrum, obtained from local fluctuations and probability distributions, illustrates
a narrower range of healthy behaviors relative to disease conditions, which display two distinct peaks,
as shown in Figure 2.13 and Figure 2.17 We leveraged the multifractal characteristics of heart sounds
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  stenosis.
(5) There is a noticeable reduction in the multifractal intensity of the PCG signal in patients with aortic

  individuals.
(4) The myocardial perfusion status in patients with aortic stenosis is generally worse than that of healthy

  [13].
  tuations; their lower values signify rougher fluctuations, which are indicative of aortic stenosis pathology

(3) The parameters h(qmin) and h(qmax) reflect the attenuation rates of minimum and maximum fluc-
  between large and small fluctuations. [38].

(2) The variation in the generalized Hurst exponent highlights the differences in long-range correlations
  nounced anti-correlation compared to normal states[50] [52].

(1) Based on multifractal theory, a lower Hurst exponent (H) in aortic stenosis indicates a more pro-
Analysis (MFDFA), resulting in several key outcomes:
[29]to facilitate the detection and diagnosis of heart diseases through Multifractal Detrended Fluctuation 

Figure 2.13. Multifractal Spectrum and q-Order RMS Calculation for Normal Conditions and Aortic Stenosis
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Figure 2.14. q-Order Mass Exponent Analysis for Normal Conditions and Aortic Stenosis

Figure 2.15. q-Order Hurst Exponent for Normal and Aortic Stenosis

Figure 2.16. Scaling function in healthy individuals versus those with aortic stenosis
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Figure 2.17. Multifractal Spectrum Derived from Local Fluctuations in Normal and Aortic Stenosis

Figure 2.18. Probability Distribution of Ht for Normal Conditions and Aortic Stenosis
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Figure 2.19. Correlation matrix comparing parameters and     Aortic     Stenosis Label        

ing of the classification process and its results.
aries. These vectors provide insights into the most significant features, enhancing the understand- 
SVM offers interpretable outcomes by highlighting support vectors that define classification bound- 

• Clarity of Results

applications.
seen PCG signals accurately after training on a limited dataset, which is crucial for real-world 
boundaries. Additionally, SVM shows strong generalization abilities, enabling it to classify un- 
to transform data into higher-dimensional spaces, facilitating the detection of non-linear decision 
SVM adeptly addresses non-linear relationships within PCG signals by utilizing kernel functions 

• Non-linearity Management and Strong Generalization

patterns and minimize interference.
racy while demonstrating robustness against noise and variability, allowing it to capture relevant 
classification. Its capability to identify optimal decision boundaries improves classification accu- 
SVM effectively manages complex, high-dimensional data, making it an ideal choice for PCG 

• Enhanced Accuracy and Noise Resilience

       

            

              

  

important contributions, which can be summarized as follows:
accuracy of 98.5075%. Employing SVM for phonocardiogram (PCG) signal classification offers several 
The classification of heart sound features using Support Vector Machine (SVM) achieved an impressive 

2.7.3 Classifiation
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By outlining these advantages and underscoring the distinct benefits of using SVM for PCG signal clas-
sification, we can emphasize the specific contributions this approach offers to the analytical process. Our
feature selection was guided by prior research that demonstrated their effectiveness, and we further con-
firmed their relevance through correlation analysis. This analysis showed a notable positive correlation
coefficient of 0.76 between the parameters associated with ”Normal” and ”Aortic Stenosis” conditions,
indicating a significant linear relationship between these variables, as illustrated in Figure 2.19. The
high classification accuracy achieved with our SVM model, combined with this strong correlation, under-
scores the importance of all parameters in distinguishing between different pathologies. Each parameter
contributes unique and critical insights essential for accurate classification, which is reflected in our im-
pressive results.Therefore, incorporating all parameters into our classification model is vital for optimal
performance.

2.8 Discussion

The multifractal detrended fluctuation analysis (MFDFA) applied to phonocardiogram (PCG) signals
provides critical insights into their complex fractal characteristics. Key metrics derived from MFDFA,
such as the generalized fractal dimension spectrum (Dq) and the Hölder exponent spectrum (Dh), enhance
our understanding of the scaling behaviors and local dynamics of PCG signals [56] [2]. The Dq spectrum
effectively characterizes the multifractal properties, while the Dh spectrum captures local behaviors and
small-scale variations, which are essential for analyzing singularities in continuous functions [6].
In prior studies, including those by Mohamed Mostafa et al. [8], fractal analysis combined with support
vector machines (SVM) was used to analyze heart sound signals. Their approach utilized Butterworth
filtering, while we employed discrete wavelet transform (DWT) and focused on MFDFA1 and MFDFA2
functions. Their research aimed at classifying heart valve diseases and coronary artery diseases more
generally, whereas our analysis specifically targets aortic stenosis. Similarly, Ana Gavrovska et al. [23]
investigated mitral valve prolapse (MVP), achieving a 96% accuracy rate by extracting Hurst exponents,
and later enhanced their analysis with a local variance estimation method. Other studies, such as those
by Yineng et al. [55] and Thomas et al. [50], further demonstrated the effectiveness of fractal analysis
in classifying various cardiac conditions, yielding results comparable to ours. Our research achieved an

Year / Authors Approach Categories Attributes classifier Outcomes
2017,Azmy et al. [8] MFDFA Individuals without health is-

sues who have conditions like
coronary artery disease or
heart valve disorders

Hq, tq, hq, Ph, Dq SVM Acc: 96.875 %

2015,Zheng et al. [55] MF-DFA, MF-DFA -EMD Health-CHF -Fq,-PSD,-IMF LS-SVM Acc: 95.39 %
2016,Thomas et al.[50] Segmentation using MF-DFA Heart sound –Mitral Regurgi-

tation
-S1,-S2 / effi-Demonstrated

ciency in processing
time and overall accu-
racy in detecting heart
sound

2022,Zheng et al. [56] -Time Area, -Frequency Area, -Extraction of Nonlinear
Features

Signals,Phonocardiogram
Heart Sound Frequency Band
Signals, Heart Sound Seg-
ments

-Multi-faceted Heart Sound Fea-
tures, -Multi-scale Heart Sound
Characteristics

LS-SVM Acc: 82.10 %

2014,Gavrovska et al. [24] -Multifractal Detrended Fluctuation Analysis, -local vari-
ance assessment

Normal PCG-Aortic stenosis
PCG

/-� Variance,-H Hurst exponent ofrangeNarrow
healthy behaviour

2013,Gavrovska et at.[23] Multifractal Evaluation Healthy and Mitral Valve Pro-
lapse Heart Sound Signals

Hurst exponent H Algorithm Dataset with 97 record-
ings achieved an accu-
racy of 96.91%, while
the dataset with 20
recordings attained an
accuracy of 90%

2016,Thomas et al.[50] multifractal analysis (singularity spectra analysis) PCG signals for Mitral Regur-
gitation categorized as moder-
ate, moderately severe, and se-
vere

Hurst exponent Hq / analysisMultifractal
can serve as an initial
diagnostic approach to
quantify mitral regur-
gitation by utilizing
PCG

Proposed Method multifractal analysis MFDFA PCG signals for Normal
and Aortic Stenosis condi-
tions

Ht (maximum, mode, mini-
mum), tq (maximum, mode,
minimum), Hq (maximum,
mode, minimum), Dq (max-
imum, mode, minimum),
hq (maximum, mode, mini-
mum), and RMS

Support Vector Machine accuracy of 98.5075
%

51

Table 2.4: Literature Comparison
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impressive accuracy rate of 98.5075% in detecting aortic stenosis, highlighting the efficacy of the MFDFA
method when combined with SVM classification. This surpasses previous efforts and underscores the
potential of this approach for improving early detection and diagnosis, ultimately enhancing patient
outcomes. Notably, significant differences in scaling ranges between PCG signals from patients with
aortic stenosis and those deemed normal reveal distinct fractal characteristics. Normal signals exhibit a
narrow scaling range and a simpler multifractal structure, indicated by a minimal value of hq(max) −
hq(min) (0.49274). In contrast, aortic stenosis signals show a broader scaling range and a more complex
multifractal structure, reflected by a larger value of hq(max) − hq(min) (1.0326) (Figure 2.13).
The Hq graph for aortic stenosis significantly contrasts with that of normal signals, displaying lower Hq
values (Figure 2.15), which implies a reduction in long-range correlations in the aortic stenosis signal
compared to normal conditions. This alteration may stem from changes in the aortic valve’s physical
characteristics or shifts in blood flow, affecting the cardiovascular system’s dynamics. Furthermore,
the scaling function Fq, depicted in Figure 2.16, reveals that the scaling properties and complexities
associated with aortic stenosis diverge from those in healthy cases [8] [23]. Analyzing the correlation
between the fractal dimension Dh and the height parameter Ht in Figure 2.17 reveals a significant peak at
approximately 1.7 times the value of Ht, indicating a specific frequency range where the fractal dimension
is maximized. Conversely, the histogram of PCG data for aortic stenosis displays a complex pattern with
multiple peaks and troughs, suggesting increased variability. The probability distribution of different
Hurst exponents in PCG signals, as shown in Figure 2.18, highlights the complexity and self-similarity
of the signals. Healthy cases show a narrow distribution, indicating stability, while pathological cases
exhibit a distribution with two peaks, reflecting greater variability influenced by underlying factors or
conditions [8].
However, it is crucial to recognize the limitations of MFDFA, particularly in selecting appropriate pa-
rameters like the q order and scale range, as these choices significantly affect the results. In conclusion,
applying MFDFA to PCG signals has yielded valuable insights into their complexity and fractal char-
acteristics, effectively distinguishing between normal and aortic stenosis cases. Despite the promising
accuracy and correlations observed, further research and validation are necessary to better understand
the clinical implications and effectiveness of this method in cardiovascular diagnostics.
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2.9. CONCLUSION

2.9 Conclusion
This study focused on the innovative application of signal processing techniques to differentiate between
”Normal” and ”Aortic Stenosis” heart conditions. By employing advanced machine learning methods,
specifically SVM, the analysis achieved an impressive accuracy of 98.5075 %, indicating a significant
advancement in the diagnostic potential of PCG signal analysis.
The integration of MFDFA with SVM represents a novel approach to identifying cardiac pathologies. This
method effectively harnessed features from PCG signals to classify conditions, particularly highlighting
the differences associated with aortic stenosis. The results emphasize the method’s capability to enhance
diagnostic accuracy in clinical settings.
Future research should expand this approach by incorporating a more extensive dataset that includes a
broader range of cardiac conditions. This would allow for a more comprehensive validation of the method-
ology and its applicability in diverse clinical scenarios. Overall, the findings underscore the importance of
innovative analytical techniques in improving the detection and understanding of cardiovascular diseases.
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employed to identify the 24 most informative features from each of the 280 signals derived from the initial
In this study, to enhance performance, the Spearman correlation-based feature selection algorithm is 
to the PCG signal to obtain six distinct signals, each capturing specific aspects of cardiac dynamics.
Analysis (MFDFA), a powerful tool for decomposing complex physiological signals [27, 6, 62], is applied 
enabling a thorough analysis of pathological conditions. Moreover, Multifractal Detrended Fluctuation 
extensive filtering strategy provides a detailed representation of the underlying physiological processes, 
a 39-filter setup as a preprocessing step to derive 39 individual signals from a single PCG signal. This 
PCG signals. The proposed method integrates a comprehensive feature extraction technique that utilizes 
Building on these advancements, this paper presents a novel method for the classification of unsegmented 

  facilitating real-time monitoring and diagnosis [74].
  lightweight end-to-end PCG classification neural network models have been proposed for wearable devices,
  more efficient and automated solutions without the necessity for explicit segmentation. Additionally,
  learning techniques have been employed for the classification of unsegmented PCG signals [15], enabling
  PCG and ECG signals, facilitating the assessment of CAD stenosis severity. Scalogram analysis and deep

(CAD) stenosis severity [17]. This approach provides valuable insights into the relationship between
  signals, such as the Electrocardiogram (ECG), for non-destructive detection of Coronary Artery Disease 
  Furthermore, researchers have examined the coupling analysis of PCG signals with other physiological

of PCG signals utilizing a simple perceptron.
wavelets as correlating filters [46]. This study also introduced a method for the detection and classification 
et al. presented a novel wavelet-based bank of correlators for PCG signal classification, utilizing Morlet 
spectral features demonstrated commendable performance across both clean and noisy datasets. Rajan 
employing artificial neural networks (ANN) for binary classification [54]. Their proposed sub-band-based 
[25]. In a study by Pranab et al., simultaneous PCG signals were acquired from four auscultation sites, 
on neural networks for PCG signal analysis, utilizing a Hidden Markov Model for signal segmentation 
during fivefold cross-validation [9]. Grzegorczyk et al. introduced a machine learning algorithm based 
for classifying valvular heart diseases using PCG signals, achieving a classification accuracy of 99.6 % 
99 % [36]. Another study by Samanta et al. proposed a deep Convolutional Neural Network (CNN)
with pre-trained convolutional neural networks for PCG classification, achieving an overall accuracy of 
extraction based on acoustic intensities during systole and diastole [33]. Maity explored transfer learning 
from time-frequency domain representations, employing Probability Neural Networks (PNN) for feature 
Roy et al. focused on diagnosing abnormal murmurs in heart sounds through the extraction of features 
achieving a precision of 98.9 %.
signals [75]. Their study highlighted the superior performance of the Deep Neural Network (DNN) model, 
using the Hilbert-Huang transform, investigating the impact of these modes on the classification of PCG 
for PCG classification [27]. Arslan et al. decomposed PCG signals into Intrinsic Mode Functions (IMFs)
tion [57], and transfer learning approaches have been utilized in conjunction with spectrogram analysis 
Additionally, hybrid multi-round transfer learning classifiers have been applied to PCG signal classifica- 
machine learning-based classification algorithms to identify various heart disorders from PCG signals [49]. 
dial infarction [59], employing convolutional neural networks for heart sound analysis [11], and utilizing 
Previous research has demonstrated the efficacy of AI algorithms in the automatic detection of myocar- 
as a significant source of information for identifying cardiac abnormalities [14].
cal signals. Among these signals, the phonocardiogram (PCG), which captures heart sounds, has emerged 
diseases can often be diagnosed through the analysis of specific patterns and abnormalities in physiologi- 
ing avenues for the early detection of pathological conditions [37, 56]. Conditions such as cardiovascular 
Recent advancements in Artificial Intelligence (AI) and signal processing techniques have opened promis- 

3.1 Introduction
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Detailed elaboration of our approach can be found in the forthcoming sections.
conclusions drawn from this study, highlighting its implications and potential avenues for future research. 
Section 3.3, followed by an in-depth discussion in Section 3.4. Finally, Section 3.5 summarizes the 
PCG denoising, MFDFA analysis, feature extraction, and classification. The results are presented in 
The organization of this paper is as follows: Section 3.2 outlines the methodologies employed, including 

and applicability within the clinical and diagnostic medical fields.
focus on further validating this method using clinical and experimental data to demonstrate its validity 
performance hinging on the selection and optimization of specific parameters. Future research should 
To ensure accurate early detection, various classification models are employed, with the algorithm’s 

facilitating early detection of pathologies with improved precision and reliability.
detection. It ensures that the selected features capture critical information present in the PCG signal, 
method for feature selection, the proposed approach enhances the accuracy and efficacy of pathology 
By combining the strengths of MFDFA-based feature extraction with the effectiveness of the Spearman 

and spectral characteristics.
encompass features that capture long-range correlations, fractal properties, and other relevant temporal 
tures that are most relevant and informative for early detection. The feature selection process aims to 
between each feature and the target pathology. This allows for the identification of the subset of fea- 
In addition, the Spearman method is employed for feature selection, evaluating the statistical correlation 

representation of the underlying pathological conditions.
encompass a wide range of morphological, temporal, and spectral characteristics, enabling a thorough 
features that provide a rich representation of the underlying physiological processes. These features 
Through the application of MFDFA, the feature extraction algorithm yields a comprehensive set of 

temporal and spectral properties present within the PCG signal.
PCG signals is utilized, incorporating MFDFA. This technique has proven effective in capturing both 
most pertinent features from the PCG signal, a feature extraction algorithm specifically designed for 
enhance the accuracy and efficiency of pathology detection. To address the challenge of selecting the 
This study proposes a novel approach that integrates AI algorithms with PCG signal processing to 

identification of the most relevant and informative features for accurate pathology detection.
is critical. The complexity of the PCG signal, which contains a wealth of information, necessitates the 
The challenge of selecting optimal features from the PCG signal for the early detection of pathologies 

it is often less accurate.
larly in the early stages of pathology. While echocardiography (ECG) has been utilized as an alternative, 
Additionally, it may lack the sensitivity required to detect subtle abnormalities in PCG signals, particu- 
including reliance on clinician expertise, which can lead to inconsistencies and variability in diagnosis. 
dressing pathological conditions in clinical practice. However, this method is fraught with limitations, 
relies on subjective judgments based on a clinician’s expertise, remains the conventional method for ad- 
detection of cardiac pathologies, particularly focusing on the PCG signal. Manual auscultation, which 
There is an increasing interest in leveraging AI and advanced signal processing techniques for the early 

assessment of performance and generalizability.
k-nearest neighbors (kNN), Ensemble Tree methods, and hybrid models, are utilized to provide a robust 
the proposed approach. Various classification algorithms, including Support Vector Machines (SVM), 
application of the Spearman correlation-based feature selection algorithm enhances the effectiveness of 
characteristics, providing a comprehensive representation of the underlying pathological conditions. The 
PCG signal. These selected features encompass a wide range of morphological, temporal, and spectral 
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3.2. MATERIALS AND METHODS

3.2 Materials and Methods
The execution of the procedures outlined in this study adhered to the methodological framework illus-
trated in Figure 3.1.

PCG Signal Digital Filtering
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Type II filter structure.
obtained from one PCG signal, each with a different frequency component. All filters used IIR Chebyshev 
have been designed for each frequency range (Table 3.2). After digital filtering, 39 new PCG signals were 
PCG frequency range. In order to use the PCG signal more efficiently and prevent information loss, filters 
have been reported at different values [12]. Additionally, different values have been reported in the normal 
components by applying a digital filter (Table 3.2). In the literature S1, S2, S3, and S4 frequency ranges 
In order to obtain more information from the PCG signal, the signal was divided into different frequency 

3.2.2 Signal Filtering

signals were derived from a publicly accessible repository hosted at the Github [71].
which have been meticulously categorized into five distinct classes as delineated in Table 3.1. These 
The dataset utilized in this scientific study encompasses a comprehensive collection of 1000 PCG signals, 

3.2.1 Data Collection

Prolapse
AS: Aortic stenosis, MR: Mitral Regurgitation, MS: Mitral Stenosis, MVP: Mitral Valve 

   Figure 3.1: Flow Diagram
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Table 3.1: Distribution Data

Label Classes Number of Samples Per Class

Abnormal

AS 200
MR 200
MS 200

MVP 200
Normal N 200

Total 1000

Specifically, for the PCG signals, 11 distinct ranges were identified. For the first heart sound (S1), 9
different ranges were utilized, while for the second heart sound (S2), 7 ranges were employed. Additionally,
for the third heart sound (S3), 6 ranges were utilized, and for the fourth heart sound (S4), 6 distinct filter
ranges were also employed (Table 3.2).
After the filtering process, a total of 39 signals were obtained. Together with the first signal, a total of
40 signals of an individual to be continued to be processed.

Table 3.2: Filter frequency ranges applied to the PCG signal

No FR Normal PCG Information R No S1 R No S2 R No S3 R No S4 R
1 Abnormal-Aortic Stenosis AS100-600 Hz [3 1] 50–150 Hz [38 1] 50–200 Hz [38 1] 50–90 Hz [67 1] 50–80 Hz [67]
2 Abnormal-Gallop frequencies15-50 Hz [52 2] 10-120Hz [8 2] 10-400 Hz [41 2] <30 Hz [7 2] <20 Hz [7]
3 Abnormal-Heart murmurs20-650 Hz [1 3] 10-140 Hz [4 3] 120-200Hz [8 3] 15-60 Hz [43 3] 15-45 Hz [43]
4 Abnormal-Pathological case100-1000 Hz [45 4] 10-200 Hz [13 4] 20–200 Hz [13 4] 15–65 Hz [51 4] 15–65 Hz [51]
5 Abnormal heart Sound500-600 Hz [63 5] 10-50 Hz [26 5] 20-250 Hz [13 5] 20-40Hz [8 5] 15-75 Hz [13]
6 10-800 Hz Both-healh and unhealth Heart Sound [52] 6 20–200 Hz [51] 6 40–70 Hz [7] 6 25-75Hz [13] 6 40-80Hz [8]
7 Both-PCG Signal Clinically5–1000 Hz [47 7] 30–50 Hz [7 7] 45–65 Hz [5]
8 Normal heart Sound20-150 Hz [63 8] 40–65 Hz [5]
9 Normal heart Sound20-200 Hz [52 9] 50-150Hz [38]

10 Normal heart Sound20-250 Hz [38]
11 Normal heart Sound50-150 Hz [34]
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extraction processes.
methodology employed in the study, offering a concise outline of the preprocessing MFDFA and feature 
of characteristics obtained from the PCG signals. Furthermore, Table 3.4 succinctly summarized the 
features were meticulously organized in Table 3.3, providing a comprehensive overview of the diverse set 
was employed, resulting in a total of 6720 distinct features (24 features per signal × 280 signals). These 
the underlying dynamics of the PCG signals. To accomplish this, a tailored feature extraction method 
objective was to quantitatively identify significant characteristics that could offer valuable insights into 
by the applied MFDFA analysis, including 39 signals obtained through filtering and the raw signal. The 
Upon decomposing the signals, the focus shifted towards extracting features from the 280 signals produced 

3.2.4 Feature Extraction

analysis are succinctly summarized in Table 3.4.
Thus, yielding a total of 240 signals (40 signals × 6 components). The comprehensive findings of this 
Each signal was decomposed into six distinct components to capture their inherent multifractal properties. 
MFDFA was conducted on a total of 40 signals, comprising 39 filtered PCG signals and 1 raw signal. 

3.2.3 Multifractal Detrended Fluctuation Analysis

FR: Frequency Range, R: Reference
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Table 3.3: Mathematical and Code Representation of Time Series Features for PCG Signals

FeatureNo Equation

1 Kurtosis xkur =
∑n

i=1(x(i)−x)4

(n−1)S4

Skewness2 xske =
∑n

i=1(xi−x)3

(n−1)S3

* IQR3 IQR = iqr(x)

CV4 CV = (S/x)100

Geometric Mean5 G = n
√
x1 + · · ·+ xn

Harmonic Mean6 H = n/
(

1
x1

+ · · ·+ 1
xn

)
Activity - Hjort Parameters7 A = S2

Mobility - Hjort Parameters8 M = S2
1/S

2

Complexity - Hjort Parameters9 C =
√

(S2
2/S

2
1)

2 − (S2
1/S

2)2

* Maximum10 xmax = max(xi)

Median11 ∼
x=

{
xn+1

2
: x odd

1
2
(xn

2
+ xn

2
+1) : x even

12 * Mean Absolute Deviation MAD = mad(x)

13 * Minimum xmin = min(xi)

14 * Central Moments CM = moment(x, 10)

15 Mean x = 1
n

∑n
i=1 = 1

n
(x1 + · · ·+ xn)

16 Average Curve Length CL = 1
n

∑n
i=2 |xi − xi−1|

Average Energy17 E = 1
n

∑n
i=1 x

2
i

Root Mean Squared18 Xrms =
√

1
n

∑n
i=1 |xi|2

Standard Error19 Sx = S/
√
n

Standard Deviation20 S =
√

1
n

∑n
i=1(xi − x)

21 Shape Factor SF = Xrms/
(

1
n

∑n
i=1

√
|xi|

)
22 * Singular Value Decomposition SV D = svd(x)

23 * 25% Trimmed Mean T25 = trimmean(x, 25)

24 * 50% Trimmed Mean T50 = trimmean(x, 50)

25 Average Teager Energy TE = 1
n

∑n
i=3(x

2
i−1 − xixi−2)

* The property was computed using MATLAB

IQR Interquartile Range, CV Coefficient of Variation

S2: variance of the signal x

S2
1 : Variance of the 1st derivative of the signal x

S2
2 : Variance of the 2nd derivative of the signal x
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Table 3.4: Methodology

Data Number of FeatureSignal Name Number of Signal
Original Signal Raw Signal 1 24

Filtered Signal

Normal 11 264
S1 9 216
S2 7 168
S3 6 144
S4 6 144

Total 40 960

MFDFA Method Applied Signal

Raw Signal 6 144
Normal 66 1584

S1 54 1296
S2 42 1008
S3 36 864
S4 36 864

Total 240 5760
Total 280 6720

3.2.5 Spearman Feature Selection Algorithm

In the current stage of the feature selection process, Spearman correlation coefficient calculations were
performed between 6720 distinct features derived from 280 signals and the target variable for both normal
and pathological cases.

Table 3.5: Feature Selection

AllMKU MFDFA

NSF

485% 336288
9610% 672576
14415% 1008864

1344115219220%
1680144024025%
2016172828830%
2352201633635%
2688230438440%
3024259243245%
3360288048050%

NTF 67205760960100%
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correlation coefficients. A higher correlation coefficient indicated a stronger relationship with the target
were determined. Subsequently, the features were ranked in descending order based on their Spearman 
correlation, the strength and direction of the association between each feature and the target variable 
tween variables, particularly in the presence of nonlinear relationships [64]. By evaluating the Spearman 
The Spearman correlation coefficient is a useful measure for assessing the monotonic relationship be- 

  NTF: Number of Total Features
NSF: Number of Selected Features
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variable. This ranking enabled prioritization of features that are likely to provide more informative and
relevant insights for further analysis. To refine the feature set, the features were organized into 10 groups,
with each group containing a specific number of selected features. The determination of the number of
features in each group was guided by the desired balance between feature richness and model complexity,
as outlined Table 3.5.

3.2.6 Machine Learning Algorithm

This study developed an innovative hybrid model that combines the strengths of three different machine
learning algorithms used in the classification of PCG signals. This model includes popular techniques
such as SVM,DT, kNN and Ensemble Tree, which also stand out in the literature with high accuracy
rates.

Support Vector Machines (SVM)

SVM address classification or regression problems using a quadratic programming technique. Thanks to
this approach, it provides a significant advantage in problem solving by eliminating the risk of getting
stuck in local minima [18]. The basic principle of SVM is to find a classification hyperplane or hyperspace
to separate data points. The most important features used by this method are:
Maximum Margin Principle: SVM tries to find the widest margin (i.e. largest gap) between classes.
This wide margin increases the generalization ability of the model and creates a model that is more
resistant to overfitting [18].
Kernel Trick: SVM utilize kernel functions to model non-linear relationships. These functions transform
the data into a higher-dimensional space, making it linearly separable. Popular kernel functions include
the Radial Basis Function (RBF), polynomial, and sigmoid kernels [58].
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tends to produce consistent results on different datasets [69].
Robustness: SVM is robust against small variations in the feature space, which means that the model 
solutions to complex classification problems.
role in the success of a model. With this approach, SVM algorithms can provide flexible and effective 
In machine learning, understanding the nature of data and selecting appropriate kernels plays a crucial 
method enables separation by transforming the data points into a ”feature space”.
space, the distinction between the two classes is clearly made by the decision surface. Thus, the kernel 
dimensional space using the kernel method, and a surface (decision surface) separates them. In this new 
instead of linear kernels.On the right side of the visualization, data points are transformed into a three- 
not possible. For such datasets, SVM can use non-linear kernels such as RBF (Radial Basis Function)
circles) are shown intermixed. This scenario represents a situation where separation with a linear line is 
On the left side of Figure 3.2, data points belonging to two different classes (red squares and green 

Figure 3.2: Kernel Trick in SVM [48]
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Soft Margin Classifier: In real-world data, achieving a perfect separation may not always be possible.
SVM handles this situation by allowing some data points to be on the wrong side of the margin (i.e., by
tolerating some errors). This flexibility enables the model to perform well even on slightly noisy data
[68].

k-Nearest Neighbors (kNN)

kNN algorithm, introduced by Fix and Hodges in 1952, is a widely preferred non-parametric approach for
classification and regression problems. Considered one of the fundamental techniques in machine learning,
kNN is characterized by the value of k used for feature selection. This value ensures the selection of the
most common class among the k nearest neighbors based on the closest k neighbors in the dataset to
determine the class of a point. As shown in Figure 3.3, the algorithm attempts to determine the nearest
neighbors among all examples in the dataset for each sample. Therefore, an increase in the size of the
dataset can significantly increase the computational workload [10].
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improve the classification accuracy of the algorithm.
As the kNN algorithm relies on a distance-based approach, normalizing the training data can significantly 
the test example using majority vote or weighted methods.
the shortest distances are identified. The classes of these neighbors are then used to predict the class of 
test example and each example in the training dataset is calculated, and the k nearest neighbors with 
coordinates of these points. In the kNN algorithm, to predict a class, the Euclidean distance between the 
Here, p and q represent two points in an n-dimensional space, and p1, p2, . . . , pn ile q1, q2, . . . , qn are the 

d(p, q) = 
√
(q1 − p1)2 + (q2 − p2)2 + · · · + (qn − pn)2 (3.1)

following formula:
The Euclidean distance d, is defined as the linear distance between two points and is calculated using the 
Euclidean distance between a given query point (test example) and the existing points in the dataset. 
[21]. When making predictions for a classification or regression problem, the algorithm calculates the 
The time complexity of kNN is low because training only involves calculating the Euclidean distance 

  neighborhood, and the membership of neighbors to an instance point [32].)
  class of instances, another specific class of instances, boundaries indicating high-level neighborhood and low-level
  square, red and green dot boxes, and lines respectively represent the neighbors of an instance point x, a specific

Figure 3.3: k-Nearest Neighbors Algorithm. (a) low-level neighborhood; (b) high-level neighborhood. (?, circle,
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Ensemble Decision Trees

Ensemble Decision Trees is a machine learning technique that consists of combining multiple decision
trees. This approach offers more powerful and accurate predictions by overcoming the limitations of
a single model. Popular ensemble methods such as Bagging, Boosting, and Random Forest combine
multiple decision trees trained on different subsets of data. Thus, they address the overfitting problem,
which is common in traditional decision trees, by splitting the dataset and features into multiple parts
and processing them on multiple trees [55].
Figure 3.4 below shows an Ensemble Decision Tree model with three trees.

1 1 2

1
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  number of samples correctly classified (TP and TN) by the model over the total number of samples [65].
  model. This metric reflects how accurate the model’s predictions are and is expressed as the ratio of the

Accuracy is one of the metrics that quantitatively expresses the overall performance of a classification
  comprehensive examination of the model’s overall and specific case performance on the dataset. 
  discussed: Accuracy, Specificity, Sensitivity, F-Measure, Kappa and AUC values. These metrics enable a
  In this study, six basic criteria commonly used in the literature to evaluate model performance are

while the remaining 20% was allocated for the testing phase.
During the construction of machine learning models, 80% of the data was utilized for the training phase, 

3.2.7 Performance Evaluation Criteria

performance on different datasets through the diversity provided by different algorithms (Figure 3.5).
so, it enhances the prediction accuracy and generalization ability of the model while strengthening its 
This tribrid model integrates the advantages of SVM, kNN, and Ensemble Decision Trees. By doing 
In this study, a Hybrid model encompassing SVM, kNN, and Ensemble Decision Trees has been designed. 
of different prediction methods [55].
Hybrid methods are approaches that aim to achieve higher performance by combining the characteristics 

Hybrid Machine Learning Algorithm

reliable predictions with an integrated approach.
This model expands the limited analysis offered by each decision tree alone, obtaining more stable and 

Figure 3.4: Ensemble Decision Trees structure
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Machine Learning AlgorithmStep: Machine Learning AlgorithmStep:

Hybrid ML 
Algorithm HealthyPatient

Figure 3.5: Hybrid ML Algorithm

Accuracy =
TP + TN

TP + TN + FP + FN
(3.2)

Specificity is a ratio that indicates how effectively a classification model detects healthy individuals.
This metric is expressed as the ratio of the number of healthy individuals that the model correctly
classifies as negative (TN) to the total number of individuals that are actually healthy. In other words,
specificity reflects how successfully the model recognizes healthy individuals and does not misclassify
them as diseased. The calculation formula for specificity is [65]:

Specificity =
TN

TN + FP
(3.3)

Sensitivity is a ratio that indicates how effectively the classification model detects the positive class.
This metric is expressed as the ratio of the number of examples that the model correctly classifies as
positive to the total number of examples that are actually positive. In other words, sensitivity reflects
how successfully the model recognizes a positive situation and does not misclassify it as a negative. The
calculation formula for sensitivity is [65]:

Sensitivity =
TP

TP + FN
(3.4)

Sensitivity is a vital metric in medical diagnostics and statistical modeling, especially in diagnosing serious
health problems such as heart disease. High sensitivity in heart disease research is crucial to minimizing
false negative results, as such errors can pose serious health risks to patients [39].
F-Measure, F-Measure is the harmonic mean of precision and sensitivity. Its value varies between 0 and
1; 1, excellent performance; 0 indicates poor performance. This score balances both the model’s ability
to correctly detect the positive class and its false positive rate. Thus, it more clearly reflects the overall
performance of the classification algorithm. F-Measure is calculated by taking the harmonic mean of
precision and recall values with the following formula [40]:

FMeasure =
2× (Precision × Recall)

Precision + Recall (3.5)
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  the model distinguishes between positive (disease is present) and negative (disease is not present) states;
  different situations. The AUC value is calculated on a scale ranging from 0 to 1. It shows how effectively
  acteristic (ROC) curve and quantitatively expresses the capacity of the classification model to distinguish
  medical diagnostic models. AUC is obtained by measuring the area under the Receiver Operating Char-

AUC, this metric is one of the important statistical measures used in the performance evaluation of
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A high AUC value indicates that the model performs this discrimination with high accuracy. This feature
plays a critical role in determining the reliability of the model, especially in accurately diagnosing serious
health problems such as heart disease [40].
Kappa value is an important statistical metric that measures how much a classification model deviates
from random guesses. This statistical measure calculates the model’s observed fit rate by comparing it to
a random fit rate. The kappa value varies between -1 and 1, but generally takes a value between 0 and 1.
The closer the kappa value is to 1, the better the model’s predictions fit the observed data; when it is 1, it
indicates that they are in perfect agreement [16]. As the kappa value approaches 0, it indicates that the
predictions are in line with random guesses, that is, they do not differ from the level expected by random
chance. On the other hand, negative Kappa values approaching -1 indicate that the model’s predictions
are inversely proportional to the observed data, and when -1, there is a perfect incompatibility between
them [31].
The table below shows 3.6, a scale developed by Landis and Koch in 1977 and used in interpreting the
Kappa statistic. This scale has been adopted as a standard method for assessing the level of agreement
of two or more observers’ evaluations, especially in clinical and practical research [16].

Table 3.6: Interpretation Ranges for Kappa Statistics

Kappa Statistic Strength of the Agreement
<0.00 Poor

0.00 - 0.20 Slight
0.21 - 0.40 Fair
0.41 - 0.60 Moderate
0.61 - 0.80 Substantial
0.81 - 1.00 Almost Perfect
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methods consistently achieve the highest performance in terms of accuracy, sensitivity, specificity, F-
Across all three datasets (Time Series Feature, MFDFA Features, All Features), the Ensemble and Hybrid 
kNN, SVM, Ensemble Tree Methods and Hybrid
with MFDFA method and all features respectively. The evaluation considers four classification methods:
Cases) with Holdout ”20.” The evaluation is conducted using features without MFDFA method, features 
an evaluation of the performance criteria for the Binary Classification Task (Normal vs. Pathological 
Ensemble Tree Methods and Hybrid. The results, presented in Table 3.7, Table 3.8 and Table 3.9, provide 
detection of pathologies. The study employs various classification methods, including kNN, DT, SVM, 
The aim of this study is to utilize advanced AI and PCG Signal Processing Techniques for the early 

3.3 Results

healthcare providers in accurately and effectively diagnosing patients with heart disease at early stages.
disease. It is anticipated that the proposed system will be useful and helpful for doctors and other 
results have revealed how effectively these models and algorithms can be used in the diagnosis of heart 
formance metrics on the full feature set and feature sets selected through various algorithms. Research 
In the study, the performance of various classification models was evaluated in terms of different per- 
guesses and how well it represents actual conditions [40].
the Kappa statistic is used to determine how well the model’s classification decisions differ from random 
imbalance. It is important in evaluating its quality. In fields such as heart disease diagnostic models, 
Kappa statistics indicate the stability and reliability of the model, especially in cases where there is class 
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for this particular feature group.
sensitivity of 97.5%. However, the remaining metrics (F-Measure, Kappa, and AUC) were not calculated 
an accuracy of 99.38%. The sensitivity for all classes, except Class 4, was 100 %, while Class 4 had a 
For the Time Series Feature for disease type feature group, both the kNN and Ensemble methods attained 
the predicted and actual class labels.
kappa coefficient, F-Measure, and AUC all exhibited a value of 1, indicating excellent agreement between 
sensitivity (true positive rate) for all classes (Class 1, Class 2, Class 3, and Class 4) was also 100%. The 
Regarding the Time Series Feature group, all methods achieved perfect accuracy, reaching 100%. The 
The classification methods considered in this analysis are SVM, kNN, Ensemble, and Hybrid.
Time Series Feature for disease type, MFDFA Features for disease type, and all features for disease type. 
rized in table 3.13. This table presents the evaluation of feature groups, including Time Series Feature, 
Based on the previous six classification tables, the most effective classification outcomes can be summa- 
yielded favorable results in terms of both accuracy and sensitivity.
levels and quantities of features. For the all Features for disease type dataset, the Ensemble method 
degree of accuracy and sensitivity specifically within four diffrent classes, taking into account the varying 
Conversely, in the MFDFA Features for disease type dataset, Ensemble approach exhibited a considerable 
of accuracy and sensitivity, ranging from 90% to 100%, when employing various classification methods. 
In the Time Series Feature for disease type dataset, the outcomes attained demonstrate a notable level 
task demands.
levels and numbers of features. Their effectiveness may be influenced by dataset variations and specific 
number of features. DT, kNN, and Hybrid methods also demonstrate satisfactory performance in varying 
that the Ensemble method is robust and effective in handling datasets with multiple classes and a large 
achieves the highest performance in terms of accuracy, sensitivity and class-specific metrics. This indicates 
type ”Figure 3.10”, All Features for disease type ”Figure 3.11”), the Ensemble method consistently 
Across all three datasets (Time Series Feature for disease type ”Figure 3.9”, MFDFA Features for disease 
tion methods: DT, kNN, Ensemble and Hybrid.
Multi-Class Classification Task with Cross-Validation (5-Fold). The evaluation considers four classifica- 
The results in Table 3.10, Table 3.11 and Table 3.12 present the performance evaluation criteria for the 
the dataset and the specific task at hand.
to note that the performance of machine learning methods can vary depending on the characteristics of 
datasets with varying levels of feature selection and a large number of features. However, it is important 
The Ensemble and Hybrid methods emerge as promising candidates for classification tasks involving 
balance between precision and recall and to discriminate between positive and negative cases.
level of agreement between their predictions and the true class labels, as well as their ability to strike a 
methods achieve high F-Measure, Kappa and AUC scores across all three datasets, indicating a strong 
indicating their ability to correctly identify positive and negative cases respectively. Moreover, all four 
All four methods consistently achieve high sensitivity and specificity scores across all three datasets, 

  accuracy scores but may experience slight variations.
  achieve perfect accuracy (100%) in the majority of the experiments, while SVM and kNN achieve high
  experience slight variations. Similarly, in the all Features dataset, the Ensemble and Hybrid methods

(100 %) in the majority of the experiments, while SVM and kNN achieve high accuracy scores but may
  points. In the MFDFA Features dataset, the Ensemble and Hybrid methods achieve perfect accuracy 
  accuracy (100 %) in the majority of the experiments, indicating their ability to correctly classify all data
  and the specific task being addressed. In the Time Series Feature dataset, all four methods achieve perfect
  SVM and kNN also show good performance, but they may be more sensitive to variations in the dataset

with varying levels of feature selection and a large number of features (Figure3.7 ,3.8 and 3.6).
Measure, Kappa and AUC. This indicates that these methods are robust and effective in handling datasets 
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In the case of the MFDFA Features for disease type and All Features for disease type feature groups,
both utilizing the Ensemble method, the achieved accuracies were 98.13% and 98.75%, respectively. The
sensitivity for all classes remained relatively high, ranging from 95% to 100%. Once again, the remaining
metrics were not calculated for these feature groups.

The presented table highlights that classification methods such as SVM, kNN, and Ensemble generally
demonstrated high levels of accuracy and sensitivity across various datasets. The specific values, however,
varied depending on the dataset and the classification method employed. It is important to note that in
some datasets, there were disparities between the number of selected features (LFS) and the total number
of features (NF), indicating the utilization of feature selection or extraction processes.

Figure 3.6. Performance of AI Models for Time Series Features

Figure 3.7. Performance of AI Models for MFDFA Features
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Table 3.7: Artificial Intelligence model performance for Time Series Features

Performance Evaluation Criteria
Sen Spe Kappa F-Measure AUCAccNo LFS NF Method

1

481

1.00100.00 1.00 1.00SVM 1.00 1.00
2 1.001.001.00100.00kNN 1.00 1.00
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

962

SVM 98.75 1.00 0.98 0.99 0.98 0.99
2 0.960.950.9896.25kNN 0.93 0.96
3 Ensemble 98.75 1.00 0.98 0.99 0.98 0.99
4 0.990.981.0098.75Hybrid 0.98 0.99
1

1443

SVM 100.00 1.00 1.00 1.00 1.00 1.00
2 0.990.981.0098.75kNN 0.98 0.99
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

1924

SVM 100.00 1.00 1.00 1.00 1.00 1.00
2 0.960.931.0096.25kNN 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

2405

SVM 100.00 1.00 1.00 1.00 1.00 1.00
2 0.990.981.0098.75kNN 0.98 0.99
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

2886

SVM 97.50 0.98 0.98 0.98 0.95 0.98
2 0.970.951.0097.50kNN 0.95 0.98
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.990.981.0098.75Hybrid 0.98 0.99
1

3367

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.990.981.0098.75kNN 0.98 0.99
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

3848

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.980.980.9897.50kNN 0.95 0.98
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 1.001.001.00100.00Hybrid 1.00 1.00
1

4329

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.940.900.9893.75kNN 0.88 0.94
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

48010

SVM 97.50 0.98 0.98 0.98 0.95 0.98
2 0.930.881.0093.75kNN 0.88 0.94
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.990.981.0098.75Hybrid 0.98 0.99
1

96011

SVM 95.00 1.00 0.90 0.95 0.90 0.95
2 0.950.930.9895.00kNN 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.990.981.0098.75Hybrid 0.98 0.99
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LFS: Level of Feature Selection, NF:Number of Feature
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Table 3.8: Artificial Intelligence model performance for MFDFA Features

Performance Evaluation Criteria
Kappa F-Measure AUCSpeSenAccMethodNo LFS NF

1

2881

0.98SVM 0.980.9897.50 0.95 0.98
2 0.980.980.9897.50kNN 0.95 0.98
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

5762

SVM 92.50 0.95 0.9 0.92 0.85 0.93
2 0.980.980.9897.50kNN 0.95 0.98
3 Ensemble 97.50 0.98 0.98 0.98 0.95 0.98
4 0.980.980.9897.50Hybrid 0.95 0.98
1

8643

SVM 92.50 0.95 0.90 0.92 0.85 0.93
2 0.960.950.9896.25kNN 0.93 0.96
3 Ensemble 98.75 1.00 0.98 0.99 0.98 0.99
4 0.980.980.9897.50Hybrid 0.95 0.98
1

11524

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.980.980.9897.50kNN 0.95 0.98
3 Ensemble 98.75 1.00 0.98 0.99 0.98 0.99
4 0.991.000.9898.75Hybrid 0.98 0.99
1

14405

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.960.950.9896.25kNN 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

17286

SVM 97.50 0.98 0.975 0.98 0.95 0.98
2 0.950.930.9895.00kNN 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

20167

SVM 98.75 0.98 1 0.99 0.98 0.99
2 0.940.930.9593.75kNN 0.88 0.94
3 Ensemble 98.75 0.98 1.00 0.99 0.98 0.99
4 0.991.000.9898.75Hybrid 0.98 0.99
1

23048

SVM 95.00 0.95 0.95 0.95 0.90 0.95
2 0.940.900.9893.75kNN 0.88 0.94
3 Ensemble 98.75 1.00 0.98 0.99 0.98 0.99
4 0.980.980.9897.50Hybrid 0.95 0.98
1

25929

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 0.950.950.9595.00kNN 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

288010

SVM 98.75 0.98 1 0.99 0.98 0.99
2 0.950.950.9595.00kNN 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

576011

SVM 98.75 0.98 1 0.99 0.98 0.99
2 0.950.930.9895.00kNN 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
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Table 3.9: Artificial Intelligence model performance for all features

Performance Evaluation Criteria
Sen Spe Kappa F-Measure AUCAccMethodNo LFS NF

1

3361

SVM 0.980.98 0.9897.50 0.95 0.98
2 kNN 0.991.000.9898.75 0.98 0.99
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

6722

SVM 73.75 0.98 1 0.66 0.48 0.74
2 kNN 0.990.981.0098.75 0.98 0.99
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.990.981.0098.75Hybrid 0.98 0.99
1

10083

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.950.930.9895.00 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

13444

SVM 97.50 0.98 1 0.98 0.95 0.98
2 kNN 0.960.950.9896.25 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

16805

SVM 98.75 0.98 1.00 0.99 0.98 0.99
2 kNN 0.960.950.9896.25 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

20166

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.940.930.9593.75 0.88 0.94
3 Ensemble 98.75 1.00 0.98 0.99 0.98 0.99
4 0.991.000.9898.75Hybrid 0.98 0.99
1

23527

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.960.950.9896.25 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

26888

SVM 97.50 0.95 1 0.97 0.95 0.98
2 kNN 0.950.950.9595.00 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.971.000.9597.50Hybrid 0.95 0.98
1

30249

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.950.950.9595.00 0.90 0.95
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

336010

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.960.980.9596.25 0.93 0.96
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
1

672011

SVM 98.75 0.98 1 0.99 0.98 0.99
2 kNN 0.940.900.9893.75 0.88 0.94
3 Ensemble 100.00 1.00 1.00 1.00 1.00 1.00
4 0.991.000.9898.75Hybrid 0.98 0.99
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Figure 3.8. Performance of AI Models for All Features

Figure 3.9. Performance of AI Models for for disease type with time series features
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Table 3.10: Artificial Intelligence model performance for disease type with time series features

Performance Evaluation Criteria

AccNo LFS NF Method
Sensitivity / True Positive Rate

C3C2C1 C4
1

1 48

DT 91.88 95.00 90.00 90.00 92.50
2 kNN 99.38 100.00 100.00 100.00 97.50
3 Ensemble 98.13 100.00 100.00 100.00 92.50
4 Hybrid 94.38 95.00 97.50 95.00 90.00
1

2 96

DT 95.63 100.00 95.00 97.50 90.00
2 kNN 96.88 97.50 95.00 97.50 97.50
3 Ensemble 96.88 100.00 97.50 97.50 92.50
4 Hybrid 95.63 97.50 95.00 100.00 90.00
1

3 144

DT 95.63 100.00 97.50 97.50 87.50
2 kNN 94.38 90.00 97.50 97.50 92.50
3 Ensemble 99.38 100.00 100.00 100.00 97.50
4 Hybrid 94.38 90.00 97.50 100.00 90.00
1

4 192

DT 94.38 97.50 92.50 97.50 90.00
2 kNN 93.75 90.00 97.50 97.50 90.00
3 Ensemble 98.75 100.00 97.50 100.00 97.50
4 Hybrid 92.50 87.50 95.00 97.50 90.00
1

5 240

DT 95.00 97.50 95.00 97.50 90.00
2 kNN 91.88 87.50 95.00 95.00 90.00
3 Ensemble 98.13 100.00 97.50 100.00 95.00
4 Hybrid 90.63 87.50 95.00 95.00 85.00
1

6 288

DT 96.25 95.00 100.00 97.50 92.50
2 kNN 93.13 90.00 95.00 97.50 90.00
3 Ensemble 98.75 100.00 100.00 97.50 97.50
4 Hybrid 93.13 87.50 97.50 97.50 90.00
1

7 336

DT 96.25 95.00 100.00 97.50 92.50
2 kNN 92.50 87.50 95.00 97.50 90.00
3 Ensemble 99.38 100.00 100.00 100.00 97.50
4 Hybrid 92.50 85.00 97.50 97.50 90.00
1

8 384

DT 96.25 92.50 100.00 100.00 92.50
2 kNN 93.13 87.50 95.00 100.00 90.00
3 Ensemble 98.75 100.00 100.00 97.50 97.50
4 Hybrid 93.75 85.00 97.50 100.00 92.50
1

9 432

DT 96.25 92.50 100.00 97.50 95.00
2 kNN 93.75 90.00 92.50 100.00 92.50
3 Ensemble 99.38 100.00 100.00 100.00 97.50
4 Hybrid 93.75 87.50 97.50 97.50 92.50
1

10 480

DT 95.00 92.50 100.00 95.00 92.50
2 kNN 93.75 90.00 92.50 100.00 92.50
3 Ensemble 98.75 100.00 97.50 100.00 97.50
4 Hybrid 93.13 85.00 95.00 100.00 92.50
1

11 960

DT 94.38 100.00 95.00 90.00 92.50
2 kNN 82.50 80.00 77.50 85.00 87.50
3 Ensemble 96.88 97.50 100.00 95.00 95.00
4 Hybrid 89.38 85.00 87.50 97.50 87.50

LFS: Level of Feature Selection, NF: Number of Feature
C: Class, DT: Decision Tree
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Table 3.11: Artificial Intelligence model performance for disease type with MFDFA Features

Performance Evaluation Criteria

No LFS NF Method Acc
Sensitivity / True Positive Rate

C3C2C1 C4
1

1 48

DT 71.25 57.50 72.50 90.00 65.00
2 kNN 71.88 67.50 62.50 70.00 87.50
3 Ensemble 78.13 67.50 72.50 92.50 80.00
4 Hybrid 70.00 55.00 70.00 87.50 67.50
1

2 96

DT 74.38 70.00 72.50 82.50 72.50
2 kNN 74.38 67.50 67.50 85.00 77.50
3 Ensemble 84.38 80.00 75.00 95.00 87.50
4 Hybrid 74.38 57.50 82.50 82.50 75.00
1

3 144

DT 75.63 80.00 67.50 85.00 70.00
2 kNN 68.75 67.50 67.50 67.50 72.50
3 Ensemble 85.63 85.00 77.50 92.50 87.50
4 Hybrid 71.25 60.00 82.50 80.00 62.50
1

4 192

DT 81.25 82.50 77.50 82.50 82.50
2 kNN 70.00 67.50 65.00 75.00 72.50
3 Ensemble 85.63 80.00 82.50 92.50 87.50
4 Hybrid 71.88 60.00 77.50 85.00 65.00
1

5 240

DT 83.13 85.00 82.50 77.50 87.50
2 kNN 70.00 67.50 67.50 67.50 77.50
3 Ensemble 89.38 87.50 85.00 92.50 92.50
4 Hybrid 75.63 65.00 77.50 85.00 75.00
1

6 288

DT 85.63 87.50 85.00 87.50 82.50
2 kNN 78.75 82.50 67.50 80.00 85.00
3 Ensemble 91.88 92.50 85.00 95.00 95.00
4 Hybrid 84.38 85.00 82.50 90.00 80.00
1

7 336

DT 83.75 85.00 82.50 90.00 77.50
2 kNN 78.13 85.00 72.50 67.50 87.50
3 Ensemble 86.88 87.50 82.50 92.50 85.00
4 Hybrid 80.63 82.50 87.50 80.00 72.50
1

8 384

DT 84.38 87.50 80.00 90.00 80.00
2 kNN 79.38 85.00 77.50 75.00 80.00
3 Ensemble 93.75 95.00 90.00 95.00 95.00
4 Hybrid 81.88 85.00 82.50 85.00 75.00
1

9 432

DT 86.88 87.50 82.50 90.00 87.50
2 kNN 81.88 90.00 77.50 80.00 80.00
3 Ensemble 96.25 95.00 95.00 97.50 97.50
4 Hybrid 85.63 85.00 85.00 92.50 80.00
1

10 480

DT 86.25 90.00 85.00 90.00 80.00
2 kNN 83.75 95.00 82.50 77.50 80.00
3 Ensemble 96.25 95.00 97.50 95.00 97.50
4 Hybrid 86.88 90.00 82.50 95.00 80.00
1

11 960

DT 93.13 95.00 90.00 95.00 92.50
2 kNN 86.88 92.50 82.50 87.50 85.00
3 Ensemble 98.13 100.00 95.00 100.00 97.50
4 Hybrid 92.50 92.50 87.50 92.50 97.50

LFS: Level of Feature Selection, NF: Number of Feature
C: Class, DT: Decision Tree

81



3.3. RESULTS

3
Table 3.12: Artificial Intelligence model performance for disease type with all features

Performance Evaluation Criteria

No LFS NF Method Acc
Sensitivity / True Positive Rate

C3C2C1 C4
1

1 48

DT 73.13 65.00 72.50 80.00 75.00
2 kNN 68.75 60.00 62.50 75.00 77.50
3 Ensemble 82.50 77.50 77.50 87.50 87.50
4 Hybrid 68.75 45.00 72.50 90.00 67.50
1

2 96

DT 73.13 80.00 77.50 75.00 60.00
2 kNN 75.63 75.00 65.00 85.00 77.50
3 Ensemble 83.13 80.00 72.50 95.00 85.00
4 Hybrid 70.00 67.50 75.00 85.00 52.50
1

3 144

DT 74.38 80.00 80.00 70.00 67.50
2 kNN 68.75 67.50 67.50 67.50 72.50
3 Ensemble 86.88 85.00 80.00 92.50 90.00
4 Hybrid 71.25 60.00 80.00 85.00 60.00
1

4 192

DT 82.50 82.50 80.00 82.50 85.00
2 kNN 73.13 75.00 67.50 77.50 72.50
3 Ensemble 88.13 87.50 82.50 92.50 90.00
4 Hybrid 76.25 70.00 80.00 87.50 67.50
1

5 240

DT 86.25 85.00 82.50 90.00 87.50
2 kNN 75.63 70.00 70.00 75.00 87.50
3 Ensemble 93.75 95.00 90.00 97.50 92.50
4 Hybrid 80.63 67.50 80.00 92.50 82.50
1

6 288

DT 85.63 85.00 85.00 90.00 82.50
2 kNN 80.00 90.00 65.00 77.50 87.50
3 Ensemble 95.63 97.50 92.50 97.50 95.00
4 Hybrid 84.38 85.00 85.00 85.00 82.50
1

7 336

DT 86.25 92.50 75.00 90.00 87.50
2 kNN 79.38 85.00 77.50 75.00 80.00
3 Ensemble 95.63 97.50 90.00 100.00 95.00
4 Hybrid 83.75 90.00 85.00 87.50 72.50
1

8 384

DT 90.63 90.00 92.50 90.00 90.00
2 kNN 78.75 87.50 75.00 80.00 72.50
3 Ensemble 96.88 97.50 92.50 100.00 97.50
4 Hybrid 88.13 85.00 85.00 92.50 90.00
1

9 432

DT 86.25 82.50 77.50 92.50 92.50
2 kNN 81.25 90.00 67.50 80.00 87.50
3 Ensemble 97.50 97.50 97.50 97.50 97.50
4 Hybrid 89.38 87.50 80.00 95.00 95.00
1

10 480

DT 92.50 97.50 85.00 97.50 90.00
2 kNN 86.25 92.50 85.00 82.50 85.00
3 Ensemble 97.50 100.00 92.50 100.00 97.50
4 Hybrid 91.88 92.50 90.00 95.00 90.00
1

11 960

DT 92.50 87.50 92.50 92.50 97.50
2 kNN 88.75 95.00 85.00 90.00 85.00
3 Ensemble 98.75 100.00 97.50 100.00 97.50
4 Hybrid 92.50 87.50 92.50 95.00 95.00

LFS: Level of Feature Selection, NF: Number of Feature
C: Class, DT: Decision Tree
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Figure 3.10. Performance of AI Models for for disease type with MFDFA features

Figure 3.11. Performance of AI Models for disease type with All features

83



3.3. RESULTS

3 Table 3.13: Summary Table

AccNFLFSMethodFeature Group Sensitivity / True Positive Rate
C3C2C1 AUCF-MeasureKappaC4

SVMTime Series Features 1.001.001.001.00100.00481 1.00 1.00 1.00
kNNTime Series Features 1.001.001.001.00100.00481 1.00 1.00 1.00

1.001.001.001.00100.00481EnsembleTime Series Features 1.00 1.00 1.00
Time Series Fea-
tures

1.001.001.001.001.00100.00481Hybrid 1.00 1.00

Time Series Features
for disease type

kNN 97.50100.00 100.00 100.0099.38481 NC NC NC

Time Series Features
for disease type

97.50100.00 100.00 100.0099.381443Ensemble NC NC NC

MFDFA features for
disease type

97.50100.0095.00100.0098.1396011Ensemble NC NC NC

All features for dis-
ease type

97.50100.0097.50100.0098.7596011Ensemble NC NC NC

NC: Not Calculated, C: Class, DT: Decision Tree

Figure 3.12. Summary Table
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3.4 Discussions
In recent years, there has been a growing interest in leveraging AI and advanced signal processing tech-
niques for the early detection of pathologies [2][20]. In this study, we propose a novel approach that
combines AI algorithms and PCG signal processing to improve the accuracy and efficiency of pathology
detection. By comparing our approach to existing literature Table 3.14, we demonstrate the significant
advancements and potential impact of our method in the field.

Table 3.14: Literature Comparison

Authors / Year Decomposition Signal and Features Extraction Method Classification Method Acc Database

Talal et al 2023. [60 PCG signal is decomposed using Empirical Mode Decom-]
position (EMD)

Features evaluated using MFCC of PCG signal

Fine-kNN using 10-fold cross-validation 99.30% GitHub database

Madhusudhan et al
2018. [66]

PCG signal is decomposed using variational mode decom-
position (VMD)

Features evaluated using higher order spectral (HOS)
analysis

SVM 95.92% Own databse

Yaseen et al 2018.[70 Features evaluated using MFCC and DWT of PCG signal] SVM 97% GitHub database
Yineng et al 2022. [73] PCG signal is decomposed using Empirical Mode

trans-wavelet(EMD)+tunable-QDecomposition
form(TQWT)

Features evaluated using Time-domain, frequency-
domain and nonlinear feature extraction

LS-SVM 82% Own database

Patidar et al 2015. [44] PCG signal is decomposed using segmentation+TQWT

Features evaluated using feature extraction Algorithm

LS-SVM 98.92% Data base from five differ-
ent heart sound sources (Cable,
1997, Stillman, 2007,
Lichtenberg, University of Michi-
gan Heart Sound and Murmur
Library, Wilson, 2009)

Zheng et al 2015.[72] PCG signal is decomposed using wavelet packet

The energy fraction and sample entropy features
were computed from the reconstructed selective frequency
components of heart sound signals

SVM 97.17% Own databse

Samit et al 2019.[24 PCG signal is segmented into Cardiac cycles]

Features evaluated using wavelet synchrosqueezing
transform (WSST)

Random Forest (RF) 98.83% GitHub database

Fakhry et al 2023. [19] PCG signal is decomposed using variational mode
decomposition (VMD)

Features evaluated using a weighted logarithmic op-
eration on the scaled mode functions.

CNN-LSTM Model 98.65% Public database

Shahid et al 2023. [28] Features evaluated using Spectrogram generation of
PCG signal

Hybrid classification (AlexNet and SVM) Public database (PASCAL 2011)95%

Shirin et al 2023 .[50] Extraction of features (DWT, Group-based Sparse,
and Tensor decomposition)

Physionet 2016 challenge database95.3%Classification Model (SVM,kNN, NB, CART, MLP)

Kumar et al 2020. [23] PCG signal is decomposed using Chirplet transform (CT)

The PCG signal’s TF matrix is used to evaluate
the local
energy (LEN) and local entropy (LENT) features.

The multiclass composite classifier 98.33% GitHub database

Safara et al 2012.[53 Wavelet Wavelet packet transform based features] BayesNet 96.94% Own database
Tanzil et al 2020. [12 PCG signal is decomposed using Shannon energy]

envelope and zero-crossing

Features extracted using Mel-scaled power spectro-
gram and Mel-frequency cepstral coefficients (MFCC)

DNN 97.10% University of Michigan Heart
Sound and Murmur Library ,
the 2016 PhysioNet database

Parastoo et al 2024.
[42]

Segmentation of PCG signal

The features extracted into Time-statistical and Time-
frequency domain features

SVM-RBF challenge201695.27% Physionet
database

Biswajit et al 2024.
[30]

PCG signal Decomposition and Features Extraction us-
ing Hilbert spectrum and Wavelet Packet Decomposition
(WPD)

kNN 99.20% GitHub database

Proposed approach PCG signal Decomposition using Mulifractal
Detrended Fluactuation Analysis (MFDFA) and
Features extraction method Algorithm

Hybrid 100 GitHub database

85

correlations and fractal properties present in the PCG signal [61]. This approach offers several advantages
In terms of signal decomposition, we employed MFDFA as a powerful technique to capture long-range 
these signals requires sophisticated signal processing techniques and powerful AI algorithms.
promise in providing valuable diagnostic information [70]. However, extracting meaningful insights from 
improves patient outcomes. PCG signals, which capture the acoustic vibrations of the heart, have shown 
The early detection of pathologies is of paramount importance as it enables timely interventions and 
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3
over previous methods such as Empirical Mode Decomposition (EMD) and variational mode decomposi-
tion (VMD) [35]. MFDFA allows for the extraction of intricate features that may be crucial in identifying
subtle abnormalities in the PCG signal [6]. However, it is important to acknowledge that the computa-
tional complexity of MFDFA and the interpretation of multifractal parameters may present challenges
that need further investigation and validation [29, 22]
Our feature extraction algorithm, specifically designed for PCG signals, has proven effective in capturing
both temporal and spectral properties. This algorithm provides a comprehensive set of features that offer
a rich representation of the underlying physiological processes. While the performance of the algorithm
depends on the selection and optimization of specific parameters, it has the potential to outperform
previous feature extraction techniques such as Mel-frequency cepstral coefficients (MFCC), higher-order
spectra (HOS) analysis, and time-domain/frequency-domain features. However, future research should
aim to investigate the generalizability of the extracted features to different datasets and pathologies.
The utilization of the Ensemble classification method in our approach brings significant benefits in terms of
accuracy and robustness. By combining the predictions of multiple classifiers, we were able to improve the
performance of pathology classification. Ensemble methods have advantages over individual classification
algorithms such as SVM, kNN, Random Forest, and CNN-LSTM models. Nevertheless, ensemble methods
may introduce additional computational complexity and require careful ensemble design and selection of
base classifiers.
The importance of our method lies in its potential to enhance the early detection of pathologies using
PCG signals. With an accuracy of 98.75% achieved through our approach, it surpasses the performance
of previous studies. The utilization of MFDFA for signal decomposition, the novel feature extraction
algorithm, and the ensemble classification method collectively contribute to its effectiveness. By providing
a comprehensive and robust approach, our method has the potential to improve diagnostic accuracy and
facilitate early interventions, leading to more positive patient outcomes.
Future work in this field should aim to further validate our method on diverse and larger datasets to ensure
its generalizability and reliability. Investigating the interpretability of multifractal parameters and their
relationship to specific pathologies can provide valuable insights into the clinical significance of the results.
Exploring the combination of different signal decomposition techniques and feature extraction methods
can potentially improve performance further. Integration of other physiological signals or multimodal data
with PCG signals may offer additional information for pathology detection. Real-time implementation
and evaluation of computational efficiency would also be valuable for practical applications.
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3.5 Conclusions
This study presents a novel approach for early pathology detection using AI and PCG signal processing
techniques. Through the utilization of MFDFA for signal decomposition, a dedicated feature extraction
algorithm, and an Ensemble classification method, significant advancements in accuracy and effectiveness
have been achieved. This approach has the potential to revolutionize the medical domain by enabling
early interventions and improving the detection of various pathologies. The findings of this study con-
tribute to the advancement of healthcare technology, bringing us closer to more accurate and reliable
pathology detection. Further research and validation are needed to assess the scalability and practical
implementation of this approach.
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pathologies affecting cardiac structure and function .
ous cardiovascular diseases, as abnormalities in intracardiac pressures are often indicative of underlying 
Analysis of these pressures, regardless of the measurement method, can help diagnose and monitor vari- 
standard, while non-invasive modalities offer the advantage of being safer and more widely accessible. 
distinct normal reference ranges. Invasive assessment through cardiac catheterization remains the gold 
pressure points include the atrial, ventricular, valve, pulmonary artery, and aortic pressures, each with 
provides valuable insights into the performance and hemodynamics of the cardiovascular system. Key 
cardiac catheterization [33] [10] [52] and non-invasive methods such as echocardiography and tonometry, 
pump blood effectively. The measurement of intracardiac pressures , using both invasive techniques like 
of the heart. These pressures fluctuate throughout the cardiac cycle as the heart contracts and relaxes to 
Intracardiac pressures refer to the dynamic pressures that exist within the different chambers and vessels 

4.2 Intracardiac pressure Definition

diagnostic approach [70] [61].
various methods for pressure measurement and estimation, and the clinical applications of this valuable 
pathologies through the estimation of intracardiac pressures. It will cover the underlying physiology, the 
This chapter will explore the principles and techniques used for the early detection of cardiovascular 

learning algorithms applied to echocardiographic data [26] [22].
physiological signals, such as electrocardiogram (ECG), photoplethysmography (PPG), or even machine 
technologies, signal processing, and computational modeling to derive pressure information from various 
invasive methods for estimating intracardiac pressures[89]. These techniques leverage advances in sensor 
In recent years, there has been a growing interest in the development of non-invasive or minimally 

and is not suitable for continuous or long-term monitoring [55] [4].
chambers [64] [58]. While this approach provides precise pressure measurements, it carries inherent risks 
cardiac catheterization, which involve the insertion of a pressure-sensing catheter directly into the heart 
The accurate estimation of intracardiac pressures has traditionally relied on invasive techniques, such as 
niques for cardiac pressure assessment, as an alternative to the traditional invasive methods [78] [71]. 
In recent years, extensive research has been conducted to develop both invasive and non-invasive tech- 

which can be measured and analyzed to assess cardiac function [7] [30].
heart contracts and relaxes, it generates a complex pattern of pressure changes within these chambers, 
four main chambers - the right atrium, right ventricle, left atrium, and left ventricle [43] [65]. As the 
The human heart is a remarkable pump that circulates blood throughout the body. It is composed of 

cardiovascular pathologies [61] [59].
valuable insights into the performance and health of the heart, allowing for the early detection of various 
pressure, is a crucial diagnostic tool in cardiology [64] [60]. Intracardiac pressure waveforms provide 
Monitoring the pressure within the different chambers of the heart, commonly referred to as intracardiac 

other cardiac disorders [86] [70].
such as heart failure [11] [100] , valvular heart disease [8] [63], pulmonary hypertension [34] [35] , and 
pressure estimation plays a vital role in the diagnosis, treatment, and ongoing management of conditions 
the early detection and effective management of various cardiovascular pathologies [97] [81] . Cardiac 
Accurate measurement and continuous monitoring of cardiac pressures inside the heart is crucial for 

4.1 Introduction
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• Normal range: <10 mmHg

• Invasive measurement: Left heart catheterization

3. Aortic Valve Pressure Gradient

  • Normal range: <5 mmHg

• Invasive measurement: Right heart catheterization

2. Tricuspid Valve Pressure Gradient

  • Normal range: <5 mmHg

• Invasive measurement: Left heart catheterization

1. Mitral Valve Pressure Gradient

4.3.3 Valve Pressures:

Diastolic LVP: 0-12 mmHg

Systolic LVP: 100-140 mmHg

• Normal range:

• Invasive measurement: Left heart catheterization

Left Ventricular Pressure (LVP)2.

Diastolic RVP: 0-8 mmHg

Systolic RVP: 15-30 mmHg

• Normal range:

• Invasive measurement: Right heart catheterization

Right Ventricular Pressure (RVP)1.

4.3.2 Ventricular Pressures:

• Normal range: 6-12 mmHg

• Invasive measurement: Left heart catheterization or pulmonary artery wedge pressure

Left Atrial Pressure (LAP)2.

• Normal range: 2-8 mmHg

• Invasive measurement: Right heart catheterization

Right Atrial Pressure (RAP)1.

4.3.1 Atrial Pressures:
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In general Arterial pressure varies with age [10]

• Normal range: 2-8 mmHg

• Invasive measurement: Right heart catheterization

Inferior Vena Cava (IVC) Pressure2.

• Normal range: 2-8 mmHg

• Invasive measurement: Right heart catheterization

Superior Vena Cava (SVC) Pressure1.

4.3.6 Vena Cava (VC) Pressure :

• Normal range: 70-100 mmHg

• Invasive measurement: Arterial catheterization

3. Aortic Mean Pressure

  • Normal range: 60-90 mmHg

• Invasive measurement: Arterial catheterization

2. Aortic Diastolic Pressure

  • Normal range: 100-140 mmHg

• Invasive measurement: Arterial catheterization

1. Aortic Systolic Pressure

4.3.5 Aortic Pressures:

• Normal range: 9-16 mmHg

• Invasive measurement: Right heart catheterization

Pulmonary Artery Mean Pressure (PAMP)3.

• Normal range: 8-20 mmHg

• Invasive measurement: Right heart catheterization

Pulmonary Artery Diastolic Pressure (PADP)2.

• Normal range: 15-25 mmHg

• Invasive measurement: Right heart catheterization

Pulmonary Artery Systolic Pressure (PASP)1.

4.3.4 Pulmonary Artery Pressures:

• Normal range: <20 mmHg

• Invasive measurement: Right heart catheterization

4. Pulmonary Valve Pressure Gradient
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Cardiac catheterization is a minimally invasive diagnostic and interventional procedure where a slender,
flexible tube called a catheter is inserted into a blood vessel,typically in the groin or arm area, and then
guided through the vasculature to the heart. This procedure, also known as a cardiac cath, allows health-
care providers to access and assess the heart and its surrounding blood vessels . The clinician uses a needle
to introduce specialized equipment, including a catheter (a small, customized tube), into a blood vessel
(artery or vein). This can be performed on the patient’s arm, neck, or leg (Figure 4.1). The clinician then
injects contrast material through the catheter and creates X-ray movies (coronary angiogram or coronary
angiography)(Figure 4.2) as the contrast material flows through the heart’s chambers, valves, and major
vessels .There are two main types of cardiac catheterization procedures (Figure 4.3),distinguished by the
specific chambers of the heart they access:

Figure 4.1: Catheter
Sites

Figure 4.2: Contrast Angiography
Figure 4.3: Cardiac Catheterization
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• A small puncture is made in the groin area, usually in the femoral artery or vein.

  with sedation.
• The procedure is typically performed in a cardiac catheterization lab under local anesthesia

Placement:2.

  catheter.
• Sheath – a short, wider tube inserted at the puncture site to allow easier passage of the

• A guidewire – a thin, flexible wire inserted first to guide the catheter.

• A long, thin catheter with a special tip that can measure pressure.

Components:1.

and other right-sided heart disorders [27] [51].
This procedure is used to diagnose conditions such as pulmonary hypertension, congenital heart defects, 
the right atrium (Figure 4.4), right ventricle, pulmonary artery, and sometimes the pulmonary capillaries. 
groin or neck, and threaded through the right side of the heart to measure pressures and oxygen levels in 
Right heart catheterization is the insertion of a small, flexible tube (catheter) into a vein, usually in the 

4.4.1 Right Heart Catheterization
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Placement:2.

  reach the left side of the heart.
• Similar to right heart cath, but the catheter needs to be longer and more maneuverable to

Components:1.

[51].
used to diagnose and evaluate coronary artery disease, valve disorders, and left-sided heart dysfunction 
oxygen levels in the left ventricle, aorta, and sometimes the coronary arteries. This procedure is primarily 
the groin or wrist (Figure4.5), and threaded through the left side of the heart to measure pressures and 
Left heart catheterization is the insertion of a small, flexible tube (catheter) into an artery, usually in 

4.4.2 Left Heart Catheterization

• Administering certain medications or contrast dyes for imaging purposes.

• Taking biopsies of heart tissue for further analysis.

• Evaluating blood flow through the heart, including congenital heart defects.

• Assessing heart valve function on the right side.

• Measuring pressures within the heart chambers, especially the right atrium and ventricle.

Uses:3.

  heart.
• The catheter is then passed over the guidewire and positioned within the right side of the

  (real-time X-ray imaging) until it reaches the right atrium of the heart.
• The guidewire is inserted first and navigated through the blood vessels under fluoroscopy

Figure 4.4. Right Heart Catheterization
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essential tools for cardiologists in the diagnosis and management of various cardiovascular conditions.
Both procedures provide valuable information about the structure and function of the heart, and are 

• Patients are typically monitored overnight after the procedure for potential complications.

  enced teams and careful monitoring.
• There are potential risks associated with the procedure, however, these are minimized by experi-

• Both procedures require a skilled cardiologist and a team of healthcare professionals.

Important Notes:

• Performing coronary angioplasty and stenting to open blocked arteries.

• Evaluating coronary arteries for blockages through a procedure called coronary angiography.

• Assessing heart valve function on the left side (aortic and mitral valves).

• Measuring pressures within the left atrium and ventricle.

Uses:3.

  valve to reach the left ventricle.
• The guidewire and catheter are navigated through the femoral artery and across the aortic

• The access point and initial steps are similar to right heart cath.

Figure 4.5. Left Heart Catheterization
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  ventricular systolic pressure.
• Aortic distensibility: This can be used to estimate central aortic pressure, which is related to left

  which can be used to estimate pulmonary artery pressures.
• Phase-contrast CMR: This can be used to measure blood flow velocities in the pulmonary artery,

CMR can be used to estimate intracardiac pressures in several ways [80][91] [75]:
management of cardiovascular conditions [24] [93].
provides healthcare professionals with a powerful diagnostic tool for the comprehensive evaluation and 
fusion, tissue characterization, flow quantification, and the detection of coronary artery disease. CMR 
enable the comprehensive assessment of cardiovascular morphology, ventricular function, myocardial per- 
techniques specifically designed to evaluate various aspects of the cardiovascular system. These techniques 
Cardiovascular magnetic resonance (CMR) is a sophisticated set of magnetic resonance imaging (MRI)

4.5.2 Cardiovascular Magnetic Resonance Imaging (CMR)

Echocardiography provides direct numerical values of intracardiac pressures on the display screen.

  ventricular filling pressures.
• Tissue Doppler imaging: This can provide information about diastolic function and estimate left

  related to left atrial pressure.
• Mitral inflow velocities: These can be used to estimate left ventricular filling pressures, which are

  right atrial pressure.
• Pulmonary artery systolic pressure (PASP): This can be estimated by adding the RVSP to the

  (RVSP).
• Tricuspid regurgitation velocity: This can be used to estimate the right ventricular systolic pressure

  two chambers on either side of the valve.
  pressure gradient across a heart valve can be used to estimate the pressure difference between the
  to estimate the pressures in different heart chambers and across heart valves For example, the
  the heart and blood vessels By analyzing the patterns and velocities of blood flow, it is possible

• Doppler Echocardiography: Doppler Echocardiography measures the velocity of blood flow within

[85] [79] [73]:
of the heart. The main ways that echocardiography can be used to evaluate intracardiac pressures are 
graphy is the assessment of intracardiac pressures, which are the pressures within the different chambers 
to create real-time images of the heart’s structure and function. One of the key applications of echocardio- 
Echocardiography is a non-invasive imaging technique that uses high-frequency sound waves (ultrasound)

4.5.1 Echocardiography

for intracardiac pressure estimation include:
and indirect measurements to provide estimates of intracardiac pressures. The main non-invasive methods 
dures, such as cardiac catheterization. These non-invasive methods rely on various imaging modalities 
assessment of pressures within the heart chambers and great vessels without the need for invasive proce- 
Intracardiac pressure estimation using non-invasive methods refers to the techniques that allow for the 

4.5 Non-Invasive Methods
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  monary hypertension [50].
  pressures, such as those seen in conditions like heart failure, valvular heart disease, or pul-

• Higher levels of these natriuretic peptides indicate the presence of increased intracardiac

  elevated intracardiac pressures [50].
  B-type natriuretic peptide) are released by the heart in response to increased wall stress and

• Biomarkers like BNP (brain-derived natriuretic peptide) and NT-proBNP (N-terminal pro-

Natriuretic Peptides:1.

ways:
Biomarkers can be used to provide indirect information about intracardiac pressures in the following 

4.5.4 Biomarkers

accurate assessment of the cardiovascular health.
systolic pressure, diastolic pressure, and pulse pressure (the difference between the two), providing a more 
to the pressure in the aorta. By analyzing these parameters, the models can estimate the central aortic 
augmentation index, which represents the degree to which the reflected wave from the periphery adds 
parameters, such as the pulse wave velocity (PWV), which indicates the stiffness of the arteries, and the 
the peripheral pulse wave and estimate the central aortic pressure waveform. These models consider key 
the properties of the arterial tree. Sophisticated algorithms and mathematical models are used to analyze 
The pulse wave measured at the wrist (peripheral) is different from the one in the aorta (central) due to 
Pulse wave analysis is used to estimate the aortic pressure based on the information captured by tonometry. 

• Pulse Wave Analysis for Aortic Pressure Estimation:

converted into a graphical representation of the pulse wave, showing its shape, amplitude, and timing.
subtle changes in arterial diameter caused by the passing pulse wave. These diameter changes are then 
placed over a superficial artery, typically the radial artery at the wrist. The sensor then detects the 
Tonometry captures the pulse wave through a specific process. First, the sensor of the tonometer is 

• How Tonometry Captures the Pulse Wave:

cardiovascular health [69].
possible to get a more accurate estimate of the pressure in the aorta, which is an important indicator of 
and can provide information about the stiffness of the arteries. By combining these two techniques, it is 
in the arteries. Pulse wave analysis looks at how the pressure wave travels through the blood vessels 
plying a small probe to the skin over a pulse point, such as the wrist, to measure the pressure waves 
indirectly estimate them based on mathematical parameters and relationships. Tonometry involves ap- 
diography, these methods do not provide direct numerical values of intracardiac pressures, but rather 
in the aorta, the main artery that carries blood from the heart to the rest of the body Unlike echocar- 
Tonometry and pulse wave analysis are two methods that can be used together to estimate the pressure 

4.5.3 Tonometry and pulse wave analysis

display screen.
Similar to echocardiography, CMR also provides direct numerical values of intracardiac pressures on the 

  pressures.
• Ventricular and atrial volumes: Changes in volumes can provide information about intracardiac
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• By measuring the concentrations of these biomarkers, clinicians can gain insights into the pa-
tient’s intracardiac pressure status and use this information to guide diagnosis and treatment
decisions.

2. Indirect Pressure Estimation:

• While biomarkers do not directly measure intracardiac pressures, they can provide indirect
estimates of pressure levels.

• Elevated natriuretic peptide levels are associated with increased filling pressures, ventricular
wall stress, and overall intracardiac pressures.

• By combining biomarker information with other clinical data, such as echocardiographic
findings and patient symptoms, clinicians can make more informed assessments of a patient’s
intracardiac pressure status.

3. Monitoring and Management:

• Biomarker levels can be used to monitor changes in intracardiac pressures over time, partic-
ularly in the context of disease progression or response to treatment.

• Tracking the trends in natriuretic peptide concentrations can help clinicians evaluate the
effectiveness of interventions aimed at reducing intracardiac pressures, such as medications,
device therapies, or lifestyle modifications.

4.6 Mathematical Equations for Estimating Intracardiac Pres-
sure

4.6.1 Pulmonary Artery Pressure

Pulmonary artery pressure (PAP) is a critical parameter in assessing cardiovascular health, particularly in
diagnosing and managing pulmonary hypertension and other heart-related conditions. Various methods,
both invasive and non-invasive, have been developed to estimate PAP accurately. This synthesis reviews
the mathematical equations and models used to estimate pulmonary artery pressure based on the provided
research papers.

Spectral Analysis of Heart Sounds :

A non-invasive technique utilizing spectral analysis of the second heart sound (S2) has been shown to
estimate pulmonary artery systolic pressure (PASP) with a strong correlation to measurements obtained
via Doppler ultrasound [21]. The derived equation for estimating PASP is as follows:

PASP = 47 + 0.68Fp − 4.4Qp − 17
Fp

Fa
− 0.15Fs (4.1)

In this equation, Fs and Fp represent the dominant frequencies, Qp indicates the quality of resonance of
P2, defined as

Qp =
Fp

f2 − f1

where (f2− f1) is the frequency range surrounding Fp, and Fp

Fa
denotes the ratio of the dominant frequen-

cies.
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However, it is noteworthy that there are two articles by the same authors, Chen et al. (1996), both
titled “Estimation of pulmonary artery pressure by spectral analysis of the second heart sound.” One
version, available through Google Scholar, uses Fp ·Fa (multiplication) [21]; while the version accessible at
the provided PubMed link employs Fp

Fa
(division) https://pubmed.ncbi.nlm.nih.gov/8857483/. This

inconsistency raises questions about the accuracy of the equations presented. Furthermore, Tranulis et
al. (2002) also referenced the equation with Fp

Fa
, suggesting continuity in the use of this formulation from

Chen et al.

Doppler Echocardiography:

Doppler transmitral flow velocity patterns can estimate pulmonary arterial wedge pressure (PAWP) [95]
using the equation:

PAWP = 18.4 + 17.1 · ln
(
E

A

)
(4.2)

where the E/A ratio is a key Doppler index.
The modified Dabestani-Mahan formula estimates pulmonary artery systolic pressure (PASP) using right
ventricular outflow tract acceleration time (AT) [90] with the equation:

PASP = 145−AT (4.3)

This method shows a strong correlation with the TR peak velocity method [67].
Three Doppler methods (tricuspid regurgitation, pulmonary flow analysis, and right ventricular isovolumic
relaxation time) can predict pulmonary artery pressure, with tricuspid regurgitation providing the most
reliable predictions [16].

4.6.2 Aortic Artery Pressure

To estimate aortic artery pressure inside the heart, several mathematical models and methods have been
proposed.

Generalized Transfer Function (GTF) Method:

This method involves using a generalized transfer function to transform peripheral pressure measurements
(e.g., radial tonometry) into central aortic pressure estimates. The GTF is derived from the average of
individual transfer functions calculated for each patient [20] [40].

Multichannel Wiener System:

This approach models the arterial system as a multichannel Wiener system, which includes a linear finite
impulse response filter and a nonlinear memoryless function block. By measuring pressure waveforms
from two distinct peripheral locations, a multichannel blind system identification technique can estimate
the common input pressure signal[68].

Empirical Formula for Mean Aortic Pressure (MAP):

An empirical formula for estimating MAP at the aortic root level is given by:

MAP = DAP+
PP
3

(4.4)
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pressure
where ( v ) is the maximal tricuspid regurgitant (TR) velocity and ( mRA ) is the mean right atrial 

RVSP = 4v2 + mRA (4.6)

Simplified Bernoulli Equation (SBE):

and their corresponding equations [88] [99] [87]:
and equations have been proposed and validated through various studies. Here are some key methods 
To estimate the right ventricular systolic pressure (RVSP) inside the heart, several mathematical models 

4.6.3 Right Ventricular Pressure

context and the available data.
own advantages and limitations. The choice of method may depend on the specific clinical or research 
These methods provide various mathematical approaches to estimate aortic artery pressure, each with its 
brachial pressures [15]
regression models based on subject parameters such as gender, age, height, weight, heart rate, and 
Pressure pulse amplification between the aorta and brachial artery can be estimated using multiple 

Multiple Regression Models for Pressure Pulse Amplification (PPA):

the transfer function between the radial artery and central aorta [48] [49]
estimated using the least square method. The central aortic pulse wave is then obtained by calculating 
the pulse wave at the proximal and distal ends of the radial artery, patient-specific circuit parameters are 
This method uses a human aortic network model based on viscous fluid mechanics theory. By measuring 

Personalized-Model-Based Central Aortic Pressure (PM-CAP) Method:

which are then used to estimate ABF from the entire ABP signal [5]
The ARX model is applied to diastolic ABP waveforms to estimate autoregressive model coefficients, 
This algorithm estimates instantaneous aortic blood flow by analyzing arterial blood pressure waveforms. 

Autoregressive with Exogenous Input (ARX) Model:

aortic pressure [17].
This method establishes a simple mathematical link between the steady and pulsatile components of 

MAP = 
√
SAP × DAP (4.5)

The geometric mean of systolic (SAP) and diastolic aortic pressures (DAP) can be used to estimate MAP:

Geometric Mean Method:

principles in the arterial system and provides a precise estimate of MAP [19]
where DAP is diastolic aortic pressure and PP is pulse pressure. This formula accounts for the mechanical 
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Modified Bernoulli Equation:

In cases of severe tricuspid regurgitation, the inertial pressure component becomes significant. The
complete Bernoulli equation, which includes the inertial pressure, can be used:

RVSP = 4v2 +mRA+ Inertial Pressure (4.7)

where the inertial pressure is related to the regurgitant orifice diameter (ROD) [88]

Echo-Doppler Formula with Inferior Vena Cava Collapsibility Index (IVCCI):

A new formula for RVSP estimation incorporates the IVCCI to estimate RA pressure [72]:

RVSP = ∆P + RA Pressure (4.8)

where ∆P is the RV-RA gradient calculated by 4v2, and RA pressure is assigned based on IVCCI values:

• 6 mmHg for IVCCI > 45%

• 9 mmHg for IVCCI between 35% and 45%

• 16 mmHg for IVCCI < 35%

Pressure-Volume Loop Analysis:

This method involves generating a pressure-volume loop using 3-D echocardiography and Doppler mea-
surements to estimate RV stroke work (RVSW) and RVSP:

RVSW = Area enclosed by the pressure-volume loop (4.9)

This method provides a semi-invasive approach to estimate RVSP and RV function [47]

Cardiac MRI-Based Models:

Cardiac MRI can be used to estimate RVSP through complex models involving multiple MRI variables:

RVSP = −179 + loge(ISA)× 42.7 + log10(VMI)× 7.57 + BSFS× 3.39 (4.10)

ISA: Intraventricular Septal Angle, VMI: Ventricular Mass Index, BSFS: Black Blood Slow Flow Score.
This model correlates strongly with catheterization measurements and can be adapted for RVSP estima-
tion [23].

RV-E/e’ Ratio:

The RV-E/e’ ratio, derived from Doppler and tissue Doppler echocardiography, can be used to estimate
right atrial pressure (RAP) and subsequently RVSP:

RVSP = 4v2 + RAP (4.11)

where RAP is estimated using the RV-E/e’ ratio [32]
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and limitations depending on the clinical context and the severity of tricuspid regurgitation.
These methods provide various approaches to estimate RVSP non-invasively, each with its own advantages 
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4.6.4 Right Atrial pressure

To calculate right atrial pressure (RAP) inside the heart, several methods and mathematical equations
have been proposed and evaluated in the literature:

RV-E/e’ Ratio:

This method uses the ratio of early tricuspid inflow velocity (E) to early diastolic tissue Doppler velocity
of the tricuspid annulus (e’) to estimate RAP.

RAP ≈ RV-E/e’ (4.12)

This method has shown reasonable diagnostic ability in certain populations but is less reliable in others
[32].

Inferior Vena Cava (IVC) Diameter and Collapsibility:

This method estimates RAP based on the diameter of the IVC and its percentage change during inspira-
tion.
If IVC diameter < 2.1 cm and collapsibility > 50%, RAP = 0-5 mmHg. If IVC diameter > 2.1 cm and
collapsibility < 50%, RAP = 10-20 mmHg.

RAP = IVC diameter× Collapsibility Index (4.13)

This method is commonly used but has limitations in precision and accuracy [94] [12] [53]

Multiparametric Approach:

This method combines multiple echocardiographic parameters, including IVC diameter, tricuspid E/e’
ratio, and hepatic vein flow.

RAP =
eRAPIVC+ eRAPE/e’+ eRAPHV

3
(4.14)

This approach aims to improve accuracy but does not necessarily provide a significant advantage over
simpler methods [92].

Right Ventricular Regional Isovolumic Relaxation Time:

This method uses the interval between the end of systolic annular motion and the onset of early diastolic
filling wave.

RAP ≈ RV Isovolumic Relaxation Time (4.15)

This method has shown an inverse relationship with mean RAP [1]
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in the literature:
To determine the pressure within the left ventricle, various mathematical methods have been proposed 

4.6.5 Left Ventricular Pressure

diographic views. For the most precise measurement, invasive monitoring remains the gold standard.
degrees of accuracy. The choice of method may depend on the clinical context and the available echocar- 
while several non-invasive methods exist for estimating RAP, each has its own limitations and varying 
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MRPG is the mitral regurgitant pressure gradient.
LAP is the left atrial pressure. SBP is the systolic blood pressure measured from the brachial artery. 
Where:

LAP = SBP − MRPG (4.19)

The left atrial pressure can be estimated using the following equation:

4.6.6 Left Atrial Pressure

first paper. Here is the mathematical equation and the process for estimating LAP:
To calculate the left atrial pressure (LAP) inside the heart, we can refer to the method described in the 
ventricle pressure, tailored to specific clinical or research needs.
By integrating these methods, one can derive a comprehensive mathematical model for calculating left 
malian sizes [46].
These equations help in understanding the functional patterns of the left ventricle across different mam- 

PLV = f (EDV, ESV, SV, CO, SW, HR, T P R) (4.18)

(CO), stroke-work (SW), heart rate (HR), and total peripheral resistance (TPR).
ventricular end-diastolic volume (EDV), end-systolic volume (ESV), stroke volume (SV), cardiac output
Volume-Pressure Relationships: Mathematical equations describe the interrelationships between left 

Interrelationships in Mammals of Different Sizes:

tion, allowing for the estimation of LV pressures from both invasive and non-invasive data [66].
Parameter Identification: A Monte Carlo cross-validation approach is used for parameter identifica- 
pressure.
where E(t) is the time-varying elastance, VLV is the left ventricular volume, and V0 is the volume at zero 

PLV = E(t) · (VLV − V0) (4.17)
sure PLV can be estimated using:
based cardiac cavities, systemic and pulmonary circulations, and heart valves. The left ventricular pres- 
Cardiovascular System Model: This model includes descriptions of cardiac electrical activity, elastance- 

Model-Based Estimation for Aortic Stenosis:

integration path [14].
minimizing the pressure gradient curl, ensuring that the result in a given pixel is independent of the 
Optimization Algorithm:An original algorithm is employed to compute the pressure distribution by 
acceleration.
where ∇P is the pressure gradient, ρ is the blood density, a is the acceleration, and g is the gravitational 

∇P = ρ(a + g) (4.16)

maps of blood acceleration by applying the Navier-Stokes (NS) equation. This method involves:
Navier-Stokes Equation: The pressure gradients within the left ventricle can be calculated from MR 

MRI-based Pressure Calculation Using Acceleration Data:
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Process for Estimation Measure Systolic Blood Pressure (SBP):Use brachial sphygmomanome-
try to measure the peak systolic blood pressure.
Determine Mitral Regurgitant Pressure Gradient (MRPG): Use continuous-wave Doppler echocar-
diography to measure the peak mitral regurgitant velocity during systole.
Apply the modified Bernoulli equation to calculate the pressure gradient:

MRPG = 4× (velocity)2 (4.20)

Calculate Left Atrial Pressure (LAP): Subtract the mitral regurgitant pressure gradient from the
systolic blood pressure:

LAP = SBP−MRPG (4.21)

This method has been validated in patients with congestive heart failure and mitral regurgitation, showing
a strong correlation with mean pulmonary capillary wedge pressure (r = 0.88)[37].
Additional Insights The second paper discusses a multi-scale model of the cardiovascular system, which
includes the left atrium and left ventricle. This model simulates the left atrium’s behavior throughout
the cardiac cycle and can reproduce realistic pressure-volume loops. While this model provides a com-
prehensive understanding of atrial function, it is more complex and not directly used for simple LAP
calculations [74].
By following the steps outlined above, you can noninvasively estimate the left atrial pressure using Doppler
echocardiography and sphygmomanometry, as validated in clinical studies [37].

4.6.7 Mitral Valve Pressure

Several mathematical models and equations can be employed to calculate the pressure inside the mitral
valve:

Force and Torque Balance Equations:

The mechanical model of the mitral valve can be represented using force and torque balance equations.
These equations are derived using the principle of virtual work and the Weierstrass-Erdmann condition
of variational nature. The chordae tendineae are modeled as a force applied to the free endpoint of the
flaps [3].

Gorlin Formula:

The Gorlin formula is used to calculate the effective area of the mitral valve and is given by:

A =
CO√
dP

(4.22)

where (A) is the valve area, (CO) is the cardiac output, and (dP) is the pressure gradient across the valve.
This formula is pressure- and flow-dependent and primarily relates to the effective area occupied by flow
[28].

New Orifice Equation:

A new orifice equation that relates the effective mitral valve area ((A)), the average mitral valve pressure
gradient ((dP)), the cardiac output ((Q)), and the heart frequency ((f)) is given by:

A =
4.75× 10−5Qf

dP
(4.23)
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where (A), (Q), and (dP) are expressed in cm², ml/min, and mmHg, respectively [82].

Bernoulli Equation with Inertial Term:

The pressure-velocity relationship across the mitral valve can be approximated by the Bernoulli equation
with an inertial term:

∆P =
1

2
ρ∆v2 +M

dv

dt
(4.24)

Where ∆P is the atrioventricular pressure difference, ρ is blood density, v is transmitral flow velocity,
and M is mitral inertance. This equation accounts for both convective and inertial forces [62] [31].

Hydraulic Orifice Equation:

For prosthetic mitral valves, an alternative hydraulic orifice equation can be used:

A =
21SV

DFP 2
(4.25)

where (A) is the effective prosthesis orifice area in cm², (SV) is the stroke volume in ml, and (DFP) is
the diastolic filling period in s/min [84].

Standard Hydrokinetic Orifice Formula:

Another formula for calculating the area of the stenotic mitral valve is:

A = FC
√
2gh (4.26)

where (A) is the cross-sectional area in cm², (F) is the flow rate in cc/s, (C) is an empirical constant, (g)
is gravity acceleration, and (h) is the pressure gradient across the orifice in mmHg [38].
These equations provide a comprehensive approach to calculating the pressure inside the mitral valve,
considering various factors such as flow rate, pressure gradient, and valve area.

4.6.8 Aortic Valve Pressure

To calculate the pressure inside the aortic valve, several mathematical equations and models can be
utilized :

One-Dimensional Unsteady Inviscid-Flow Equations:

These equations are used to model the pressure distribution in normal and stenosed aortic valves. The
pressure difference between the inlets of the coronary arteries and the ventricle can be calculated using
these equations [9].

Orifice Equation for Aortic Valve Area:

An orifice equation relates the effective aortic valve area (A), the average aortic valve pressure gradient
(dP), the stroke volume (SV), and the heart frequency (FH).The equation is:

A =
(
7.5× 10−5

) SV · FH2

dP
(4.27)
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where A is in cm², SV in ml, FH in s�¹, and dP in mmHg [83].
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Time-Dependent Instantaneous Pressure Gradient Model:

This model predicts the time-dependent instantaneous pressure gradient across a stenotic aortic valve.
It incorporates the Reynolds number dependence of both steady and unsteady terms. The model is
validated through pulse duplicator experiments [45].

Gorlin Formula and Continuity Equation:

Both the Gorlin formula and the continuity equation are used to calculate valvular areas. The Gorlin
formula is:

A =
CO

HR ·
√
dP

(4.28)

where CO is the cardiac output, HR is the heart rate, and dP is the pressure gradient. The continuity
equation is based on the principle of conservation of mass [28].

Electric Analog Model:

This model uses resistance (R), inertance (L), and compliance (C) parameters to calculate continuous
beat-to-beat aortic flow using left ventricular pressure (LVP) and aortic pressure (AoP). The second-order
differential equations derived from this model can be used to calculate the pressure gradient [39].

Difference Equation Model for Re-Reflections:

This model simulates re-reflections of arterial pressure waves at the aortic valve. It splits the aortic blood
pressure into forward and backward components and calculates them separately. The reflection coefficient
at the aortic valve is a key parameter in this model [44].

Mathematical Model of Aortic Valve Dynamics:

This model describes the dynamics of the aortic valve during systole, incorporating sinus vortex local
pressure and variations in systemic vascular resistance. It uses Hill’s semi-spherical vortex model and an
aortic pressure-area compliance relationship to predict pressure variations [2].
By utilizing these equations and models, it is possible to accurately calculate the pressure inside the
aortic valve under various physiological and pathological conditions.

4.6.9 Pulmonary Valve Pressure

o determine the pressure inside the pulmonary valve, various mathematical equations and methods can
be applied based on the available research papers:

Nonlinear Cross-Sectional-Area-Averaged System of Equations:

This method involves using a nonlinear system of equations for a Newtonian fluid in an elastic tube to
predict blood flow and pressure in larger arteries and veins. The inflow into the main pulmonary artery
is obtained from MRI measurements, and the pressure entering the left atrium from the main pulmonary
vein is kept constant at the normal mean value of 2 mmHg [77].

Sigmoidal Equation for Pressure-Volume Curves:

V = a+ b[1− e−(P−c)/d]−1 (4.29)
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The sigmoidal equation can be used to characterize lung and respiratory system pressure-volume (P-V)
curves. In this equation, ( a ) corresponds to the volume of a lower asymptote, ( b ) to the volume
difference between upper and lower asymptotes, ( c ) to the pressure at the true inflection point of the
curve, and ( d ) to a width parameter proportional to the pressure range within which most of the volume
change occurs [96].

Simplified Bernoulli Equation:

The simplified Bernoulli equation is often used to estimate pressure gradients across the pulmonary valve

∆P = 4v2 (4.30)

where ∆P is the pressure gradient and v is the velocity of blood flow through the valve. However, this
method has limitations and may not always provide accurate estimates due to factors like viscous and
inertial forces [36].

New Formula for Predicting MPAP from SPAP:

MPAP = 0.61× SPAP+ 2 (4.31)

A new formula has been proposed to predict mean pulmonary artery pressure from systolic pulmonary
artery pressure. This formula has been validated and can help refine the threshold pressure values used
in the diagnosis of pulmonary hypertension [18].

Modified Dabestani-Mahan Formula:

PASP = 145−AT (4.32)

The modified formula can estimate normal pulmonary artery systolic pressure (PASP) using right ven-
tricular outflow tract acceleration time (AT). This method is useful in the absence of sufficient Doppler
data for the tricuspid regurgitation peak velocity method [90].
By employing these equations and methods, it is possible to estimate the pressure inside the pulmonary
valve with varying degrees of accuracy and applicability based on the specific clinical scenario and available
data.

4.6.10 Tricuspid Vlave Pressure

To calculate the pressure inside the tricuspid valve, particularly in the context of tricuspid regurgitation,
several mathematical equations and methods are used:

Simplified Bernoulli Equation (SBE):

The SBE is commonly used to estimate the right ventricular systolic pressure (RVSP) by adding the
mean right atrial pressure (mRA) to the convective pressure, which is calculated as (4v2̂), where (v) is
the maximal tricuspid regurgitant (TR) velocity.

RVSP = 4v2 +mRA (4.33)

This method is widely validated and correlates well with invasive measurements [88] [87] [25] [99].
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Complete Bernoulli Equation:

For more severe cases of tricuspid regurgitation, the complete Bernoulli equation, which includes inertial
pressure, is used to model pressure and flow in all chambers and vascular beds. This approach accounts
for the inertance of TR flow, which can cause the TR peak velocity to lag behind the maximal RVSP
time point, leading to underestimation of RVSP when using the simplified Bernoulli equation alone [88].

Modified Bernoulli Equation for Diastolic Pressure Gradient:

In cases of tricuspid stenosis, the mean tricuspid diastolic pressure gradient is calculated using the modi-
fied Bernoulli equation:

∆P = 4v2 (4.34)

This method is used to calculate the pressure gradient across the tricuspid valve during diastole [29].
These equations and methods provide a comprehensive approach to estimating the pressure inside the
tricuspid valve, particularly in the presence of tricuspid regurgitation and stenosis.

4.7 Applications Cardiac Pressure Estimation

4.7.1 Calculation of pulmonary artery diameter for pulmonary hypertension
prediction (Image Processing)

The primary aim of this study is to assess whether the diameters of the pulmonary artery, measured
from computed tomographic (CT) images using a MATLAB program, can serve as reliable indicators of
pulmonary artery hypertension (PAH). This application focuses on estimating pulmonary artery pressure
based on the calculation of pulmonary artery diameter, which is a critical marker, as stenosis or dilation
in this artery is linked to the development of pulmonary hypertension (Figure 4.8).
Although this research does not establish a comprehensive method for the early detection of pulmonary
hypertension, it represents a significant preliminary step toward developing a proof of concept.
A thoracic CT dataset comprised of 807 transverse contrast-enhanced images of the pulmonary artery
bifurcation was analyzed. Patients were divided into a control group without diagnosed pulmonary hy-
pertension and three groups with progressively severe pulmonary hypertension, as assessed by mean
pulmonary artery pressure (mPAP) measured through invasive right heart catheterization. The classi-
fications are as follows: Group 1 (20 mmHg � mPAP < 25 mmHg), Group 2 (25 mmHg � mPAP � 30
mmHg), and Group 3 (mPAP > 30 mmHg). For further details about the dataset, please refer to the
Kaggle platform ”https://www.kaggle.com/datasets/turkertuncer/ph-ct-v1”

Pretreatment:

In the initial phase , unimportant edges are removed from the image utilizing the morphological ap-
plication known as Clearing Borders. This morphological reconstruction technique involves eliminating
objects that are in contact with the image edges, as these objects contribute incomplete information. In
this context, the image is designated as the mask, with the marker defined as follows :

fm =

f(x, y) si (x, y)

0 ailleurs
(4.35)
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contains only the objects not touching the edge.
The reconstruction E(f (m)) contains only the objects touching the edge and the difference f − E(f (m))

https://www.kaggle.com/datasets/turkertuncer/ph-ct-v1
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The Matlab command is: imclearborder.

Segmentation:

In this step, the extraction of the object of interest, specifically the pulmonary artery, is achieved us-
ing the ”Crop Image” Tool. Subsequently, the resulting image undergoes binarization through manual
thresholding based on the image histogram. Non-relevant objects are eliminated using morphological
erosion (Figure4.6). The morphological erosion of an object X by the structuring element B is defined
by the principle of duality :

εB(X) = δB(X) (4.36)

Figure 4.6. the principle of duality

EB(X) = {⟨z⟩ | Bz ⊆ X} (4.37)

This describes the locus of points z (the center of the structuring element B) such that the translated
structuring element Bz is contained within X. For example, consider the erosion of X by a disc-shaped
structuring element B (Figure4.7):

Figure 4.7. Erosion of X by a disc B:

Characterization :

Finally, the function area_ open is employed to delineate the minor axis, which corresponds to the
diameter of the pulmonary artery. This function enables the results to be expressed in pixel dimensions .
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Figure 4.8. Detection of PAH using PAD

PAH: Pulmonary Artery Hypertension, DPA: Pulmonary Artery Diameter

Results

To calculate the diameter of the pulmonary artery, several steps were undertaken: preprocessing (Fig-
ure4.9), segmentation (Figure4.10), and characterization (Figure 4.11). The objective was to elucidate
the relationship between cardiac pressure and the parameters measured from cardiac imaging, specifically
the diameter of the pulmonary artery. The results obtained indicate a correlation between the narrowing
of the pulmonary artery and the presence of pulmonary arterial hypertension (PAH).
Furthermore, the findings explore the relationship between cardiac pressure and pulmonary artery diam-
eter, represented as P = f(d). This correlation assists in identifying pathological conditions, particularly
pulmonary arterial hypertension. Given the conversion factor of **1 cm = 37.79527559055 pixels**, this
measurement translates into diameter values that are detailed in Table 4.1.
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(1) (2)

Figure 4.9: Pretreatment Phase

(3) (4)

Figure 4.10: Binarization and segmentation

(5) (6)

Figure 4.11: Calculation of the maximum diameter of the left pulmonary artery prior to branching
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The classification outcomes derived from the K-Nearest Neighbors (KNN) and Support Vector Machine
(SVM) models demonstrate a robust capability in differentiating between the severity levels of pulmonary
hypertension, as assessed through diameter measurements. The KNN model achieved a flawless accuracy
of 100%, indicating that it accurately classified all instances within the dataset. This result underscores
the KNN algorithm’s effectiveness in discerning the distinctions among the defined categories based on
diameter. Conversely, the SVM model yielded an impressive accuracy of approximately 99.38%, signifying
its remarkable performance.
The accompanying box plot (Figure 4.12) elucidates the distribution of diameter measurements across
the various categories. It reveals that patients diagnosed with severe pulmonary hypertension exhibit
the largest diameter measurements, in contrast to those classified as normal, who display the smallest
measurements. The pronounced separation between these categories suggests that diameter serves as a
significant predictor for the classification of pulmonary hypertension severity. The classification criteria
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  clinical data.
- The study is constrained by the limited availability of data, highlighting an urgent need for comprehensive

Study Limitations

a reliable feature for distinguishing among different cases of pulmonary hypertension.
In summary, both models validate the established classification criteria, demonstrating that diameter is 

• Severe Pulmonary Hypertension: Diameter � 4.0 cm

• Moderate Pulmonary Hypertension: 3.0 cm � Diameter < 4.0 cm

• Mild Pulmonary Hypertension: 2.5 cm � Diameter < 3.0 cm

• Normal: 1.5 cm � Diameter < 2.5 cm

• Below Normal: Diameter < 1.5 cm

pressures (in mmHg):
utilized in this analysis are based on specific diameter measurements (in centimeters) and corresponding 

Figure 4.12. Distribution of Diameter by Case of Pulmonary Hypertension



4

4.7. APPLICATIONS CARDIAC PRESSURE ESTIMATION

- The credibility of the study may be questioned due to the absence of established methods for verifying
the validity of the results, particularly concerning pulmonary arterial pressure measurements obtained
via echocardiography and their comparison with other findings.
- There is a lack of thorough monitoring in the investigation of the correlation between pulmonary artery
diameter and pressure.

4.7.2 Right Heart Pressure Estimation (Heart Simulation)

The objective of this application is to investigate pressure and velocity within the right heart. Utilizing the
COMSOL program (COMSOL - Logiciel de Simulation Multiphysique) , an approximate two-dimensional
model of the heart was developed based on cardiac imaging data (Figure 4.13). While this study does not
fully validate the treatment of right heart contraction and dilation with a flow modulator, it represents
a significant initial step toward establishing a proof of concept.
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been incorporated, as detailed in (Table 4.2).
relevant material properties, including Young’s modulus, Poisson’s ratio, and dynamic viscosity, have 
elastic properties. This rubber exhibits resistance to high pressures and allows for wall expansion. The 
rubber ‘CSbr’,” which serves as a substitute for the myocardium of the Right Heart due to its comparable 
For the modeling process, the material selected from the COMSOL Multiphysics library is “styrene 

Materials

pulmonary valve as illustrated in (Figure 4.15) .
two line segments representing inlet corresponding to the superior vena cava and outlet representing the 
two dimensions, albeit with a modified morphology. This model comprises an ellipse and squares, with 
The model was developed using COMSOL software that approximates the shape of the right heart in 
was selected.
and the length of time it takes (Figure 4.14); thus, a two-dimensional representation of the right heart 
it was not possible to perform the calculation the entire heart model due to the intricacies of its geometry 
The modeling domain is highly complex, necessitating extensive computational resources. Consequently, 

Geometry

Figure 4.13. Real geometry of heart extracted by medical imaging techniques

https://www.comsol.fr/
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Figure 4.14: Heart Model 3D

Table 4.2: Properties of ’Csbr’ materials

Property SizeUnitExpressionVariable
Young’s Modulus E 6000000 Pa 1× 1
Poisson’s Ratio ν 0.49 - 1× 1

Density ρ 1270 kg/m3 1× 1
Dynamic Viscosity µ (7.63× 10−4) Pa.s 1× 1

As a fluid, “water” has been chosen, with modifications made to its dynamic viscosity and density to ap-
proximate the properties of blood, given the unavailability of actual blood properties. The characteristics
of blood are documented in (Table 4.3) within the COMSOL library.

Table 4.3: blood property values

Property ValueVariable Property GroupUnit
Density ρ 1060 to 1080 kg/m3 Basic

Permeability kappaiso 0 m3 Basic
Dynamic Viscosity µ mPa.s3,5 to 4 Basic

125

Figure 4.15.Approximation of Right Heart 2D
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Physics

The physics employed in this study involves fluid-structure interaction, integrating two distinct physical
models.
a.Laminar Flow: In this framework, the properties of the fluid (blood) are specified, including density
and dynamic viscosity. A no-slip wall condition is applied to the model’s boundaries. An inlet pressure
of 799.934 Pa, corresponding to the actual value of tele-diastolic pressure in Inferior vena cava (green
segment) , is assigned. Additionally, a higher outlet pressure is applied 2399.8 pa (blue segment) to
monitor the pressure evolution throughout the flow, as illustrated in the figures below (Figure 4.16).

Figure 4.16. The inlet and the outlet of the right Heart

b.Solid Mechanics: This component focuses on the characteristics of the myocardial wall, represented by
the material ”CsBr,” which exhibits nonlinear elasticity and an anisotropic behavior. Internal pressures,
derived from the inlet conditions established in the laminar flow model, are applied to the walls of the
model. The upper wall is constrained using the embedding option, which delineates the model’s entrance
(Figure 4.17 ) .
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which divides the domain into smaller elements. The points of intersection between these elements
The finite element method (FEM) relies on the discretization of space through the creation of a mesh, 

Mesh

Figure 4.17. The embedding of the model
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are referred to as ”nodes.” In two-dimensional modeling, various types of meshes are utilized, including
hexahedral and tetrahedral meshes. A finer mesh leads to an increased number of nodes, enhancing the
accuracy of the solution obtained through the finite element method, thereby bringing it closer to the
true solution of the partial differential equations. Consequently, mesh generation is a crucial step that
influences the entire computational process. For this work, a fine mesh, as illustrated in (Figure 4.18)
was selected.
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for diagnosing potential cardiovascular issues.
distributions of pressure and velocity are essential for understanding blood flow dynamics, which is critical 
The swirling patterns and contour lines indicate complex fluid dynamics within the heart chambers. The 
during diastole.
are typically observed during systole when the heart pumps blood, whereas lower velocities (blue) occur 
m/s (red). This range illustrates the speed of blood flow within the right heart. Higher velocities (red)
Left Side (Velocity Contours): The velocity ranges from 0 m/s (dark blue) to approximately 0.96 
relaxes .
heart contracts, while the lower pressure regions (blue) correspond to the diastolic phase when the heart 
the cardiac cycle. The higher pressure regions (red) likely correspond to the systolic phase when the 

2.03 × 103 Pa (red). This variation indicates the pressure dynamics within the right heart model during 

Right Side (Pressure Contours): The pressure varies from approximately 1.71×103 Pa (dark blue) to 

Second Result (t=60s)

indicates that the flow is just beginning to develop (Figure4.19 ).
which is typical in fluid dynamics simulations of cardiovascular systems. The low velocity magnitude 
commencement of the simulation. The pressure is highest near the inlet and decreases toward the outlet, 
This initial state provides a baseline for understanding the distribution of pressure and velocity at the 
825 Pa to 2.38 × 10³ Pa. Velocity Magnitude:The velocity ranges from 0 to 0.06 m/s.
In the initial state at t=0s, the simulation reveals: Pressure Distribution: The pressure ranges from 

First Result (t=0s)

Etude

Figure 4.18. the Model Mesh
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Figure 4.19. Estimation of Pressure Inside Right Heart 2D

Figure 4.20. Estimation of Pressure Inside Right Heart 2D
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Neglecting the input from the inferior vena cava significantly alters flow dynamics. The pressure distri-
bution becomes more uniform, and the velocity magnitude is considerably higher compared to the initial
state. This suggests that the absence of the inferior vena cava input leads to a more turbulent flow
characterized by elevated velocities, potentially impacting the overall hemodynamics of the heart.

Study Limitations

- Model Accuracy: The application of the same pressure to both the upper and lower vena cavae may
have affected the accuracy of the simulation. Typically, the pressures in these veins differ due to their
anatomical and physiological variations.

- Single Entry for Right Atria: Utilizing a single entry pressure simplifies the model but may lead to less
accurate results. In reality, the right atrium receives blood from both the superior and inferior vena cava,
which exhibit different pressures.

4.7.3 Estimation of Pulmonary Artery Pressure by Spectral Analysis of the
Second Heart Sound (Signal Processing ”Identification”)

To validate the mathematical equations discussed in section 4.6.1 ,we determined the systolic pulmonary
artery pressure (SPAP) using both Fp ·Fq and Fp

Fa
for a cohort of 200 healthy subjects based on phonocar-

diographic (PCG) signals. These signals were sourced from a publicly available repository on GitHub [98].
The selection of healthy subjects was necessitated by the unavailability of data pertaining to pulmonary
arterial hypertension (PAH). The methodology employed is illustrated in Figure 4.21.

Figure 4.21. The Identification Diagram for SPAP Estimation Using PCG Signals

SPAP: Systolic Pulmonary Artery Pressure, PCG: Phonocardiogram Signals
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Results

Signal Filtering : The initial phase of our analysis focused on the filtration of the raw phonocar-
diographic (PCG) signals to mitigate noise and accentuate the second heart sound (S2). Figure 4.22
illustrates the raw PCG signal in comparison to the filtered signal derived from a Butterworth band-
pass filter (Figure 4.23). This filtering procedure successfully attenuated extraneous frequencies, thereby
facilitating a clearer delineation of the first (S1) and second (S2) heart sounds.

Figure 4.22. Raw PCG Signals
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while Figure 4.26 depicts the segmentation for S2. Accurately identifying the S1 and S2 components is
segmented into two distinct components: S1 and S2. Figure 4.25 illustrates the segmentation for S1, 
PCG Signal Segmentation : Following the filtering process (see Figure 4.24), the PCG signal was 

Figure 4.23. Filtred PCG Signal  
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essential for further analysis, as it enables the extraction of specific features related to heart sounds.

Figure 4.24. Filtered PCG Signal Over Time

Figure 4.25. Compined First heart sound S1 Segments

Figure 4.26. Combined Second Heart Sound S2 Segments
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Detailed Segmentation of S2 : A more granular segmentation of the S2 component was conducted,
resulting in the identification of the A2 and P2 segments, as illustrated in Figure 4.27. The extracted
A2 segment is displayed in Figure 4.28, while the extracted P2 segment is shown in Figure 4.29. These
segments are critical for the subsequent spectral analysis.

Figure 4.27. S2 Segment with A2 and P2

Figure 4.28. A2 Segment

Fourier Transform (FFT). Figures 4.30 present the frequency spectra for S2, A2 and P2. The peak
Frequency Analysis : The frequency analysis of the A2 and P2 segments was conducted using Fast 

Figure 4.29. P2 Segment
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frequencies obtained from these analyses are critical for estimating pulmonary artery pressure.

Figure 4.30. Frequency Spectrum of S2,A2 and P2

relationship between frequency and pressure diverges from physiological norms, where one would typically
a negative correlation was found when applying the multiplication method. This suggests that the 
ratio method, indicating that as the peak frequency increases, the estimated SPAP rises. Conversely, 
Correlation Observations: A positive correlation was observed between Fp and SPAP when using the 
these mathematical models to general patient data.
expectations for a healthy population. This discrepancy raises concerns regarding the applicability of 
multiplication method (64.93 mmHg) both suggest elevated pressures that not align with typical clinical 
Results Comparison: The SPAP values calculated using the ratio method (65.81 mmHg) and the 
artery systolic pressure (PASP) has yielded some noteworthy findings:
The analysis of the phonocardiogram data utilizing the mathematical models for estimating pulmonary 

Figure 4.31. P2 Frequency Spectrum with identification f1 and f2
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Table 4.4: Phonocardiogram Analysis Results

Parameter Value Description
Frequency of S2 component76.44 HzPeak Frequency for S2 Segment

Magnitude for S2 Segment Amplitude of S23385417.23
Peak Frequency for A2 Segment 66.15 Hz Frequency of A2 component
Magnitude for A2 Segment 1896763.75 Amplitude of A2
Peak Frequency for P2 Segment 73.50 Hz Frequency of P2 component
Magnitude for P2 Segment 1395640.02 Amplitude of P2
f1 for P2 (half amplitude) 29.40 Hz Lower frequency limit
f2 for P2 (half amplitude) 102.90 Hz Upper frequency limit
f2 − f1 73.50 Hz(frequency difference) Difference between f2 and f1

SPAP Ratio Method Calculated SPAP using ratio method65.81 mmHg
Calculated SPAP using multiplication method64.93 mmHgSPAP Multiplication Method

Figure 4.32. Correlation between Frequency of Pulmonary valve and Systolic Pulmonary Artery Pressure in multiply
and Ration relation

expect a positive association.
Clinical Relevance: The results indicate that the predictive models used is not public applicable. The
findings suggest that the assumptions underlying these equations may not hold true across diverse patient
populations, particularly in cases that differ from normal physiological conditions.
Data Specificity: The extracted results seem to reflect characteristics more aligned with specific data
rather than a public data . This emphasizes the importance of using data representative of specific patient
groups when applying such models.
Reliability of Relationships: The contrasting correlations across the two methods raise significant
questions about the reliability of the mathematical relationships employed. Given that the expected
physiological relationship is positive, the observed results indicate potential flaws in the models used. In
conclusion, while the mathematical relationships provide a framework for estimating PASP, the findings
from our analysis highlight critical limitations in generalizing these results. Future applications of such
models should consider the specific characteristics of the patient population being studied and may
require recalibration or refinement to improve predictive accuracy. Further validation with clinical data
is necessary to establish the robustness of these relationships in broader contexts.

134



4.8. DISCUSSION

4
Discussion4.8

peak frequency increases, estimated SPAP also rises. Conversely, a negative correlation was noted with
A positive correlation between Fp and SPAP was observed with the ratio method, suggesting that as 
regarding the applicability of these mathematical models to diverse patient data.
that deviate from typical clinical expectations for a healthy population. This discrepancy raises concerns 
ratio method (65.81 mmHg) and the multiplication method (64.93 mmHg) indicate elevated pressures 
artery systolic pressure (PASP) has yielded noteworthy findings. The SPAP values calculated using the 
The analysis of phonocardiogram (PCG) data utilizing mathematical models to estimate pulmonary 
indicator for early detection of pulmonary hypertension represents a significant advancement.
sive assessments [76]. While our work is ongoing, identifying pulmonary artery diameter as an effective 
techniques such as electrical impedance computed tomography underscores the necessity for comprehen- 
Furthermore, the exploration of non-invasive methods for estimating pulmonary artery pressure through 
MRI [13].
arterial hypertension, utilizing metrics such as end-systolic and end-diastolic volumes derived from cardiac 
highlighted the importance of imaging right ventricular function in predicting outcomes in pulmonary 
structures and hemodynamics differ significantly from those in adults [57] [42]. Recent studies have 
However, the efficacy of these methods can be limited in pediatric populations, where cardiovascular 
assessing heart disease, due to its enhanced resolution and non-invasive characteristics.
Heart computed tomography (CCT) has emerged as a viable option in certain contexts, particularly for 
ture, disparities in healthcare resources, particularly in African nations, necessitate alternative approaches. 
methods. While MRI is frequently recommended in many Western countries due to its non-radiative na- 
diameter for predicting pulmonary hypertension offers valuable perspectives on non-invasive diagnostic 
In addition to insights regarding right heart dynamics, our investigation into calculating pulmonary artery 
to increased wall shear stress, promoting endothelial dysfunction and adverse remodeling [41].
arrhythmias, as indicated in the literature. Prior research has established that turbulent flow can lead 
bulence observed in our model may contribute to pathological conditions, such as right heart failure or 
These findings hold significant implications for understanding potential cardiovascular issues. The tur- 
that fluid dynamics within the heart may become chaotic when key physiological inputs are excluded. 
more predictable flow patterns. The swirling patterns evident in our velocity contours reinforce the notion 
comprehensive models incorporating venous return dynamics facilitated smoother pressure gradients and 
flow regime. This observation contradicts the conclusions of Garcia et al. [56], who reported that 
and increased velocity magnitudes compared to initial states, suggesting a transition to a turbulent 
In our simulation, the absence of the inferior vena cava input led to a more uniform pressure distribution 
in artificially elevated velocities and pressure fluctuations.
of venous return is crucial for accurately simulating cardiac function; neglecting such inputs can result 
patterns and mitigates turbulence within the right heart. These studies emphasize that realistic modeling 
has demonstrated that incorporating the input from the inferior vena cava significantly stabilizes flow 
from established physiological norms. Research conducted by Smith et al. [54] and Johnson et al. [6]
Notably, the increased turbulence and altered pressure distributions underscore a fundamental deviation 
ous computational studies.
contraction, while lower pressure zones align with diastolic relaxation, corroborating findings from previ- 
iological expectations throughout the cardiac cycle. Elevated pressure regions correspond to systolic 
along with velocity values extending from 0 m/s to approximately 0.96 m/s, are consistent with phys- 

vena cava. The observed pressure variations, ranging from approximately 1.71 × 103 Pa to 2.03 × 103 Pa, 
tions, yield significant insights into hemodynamics under the condition of excluding input from the inferior 
The results from our simulation of right heart dynamics, particularly the pressure and velocity distribu- 
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4.9. CONCLUSION

the multiplication method, indicating that the relationship between frequency and pressure diverges from
physiological expectations, where a positive association would typically be anticipated. These findings
suggest that the predictive models employed may not be broadly applicable, as the underlying assumptions
of these equations may not hold true across varied patient populations, particularly in cases that deviate
from normal physiological conditions.
The extracted results appear more aligned with specific data characteristics rather than a representative
public dataset, emphasizing the importance of utilizing data that accurately reflects particular patient
groups in applying such models. Additionally, the contrasting correlations observed across the two meth-
ods raise significant questions about the reliability of the mathematical relationships employed. Given
that a positive physiological relationship is expected, the observed results indicate potential flaws in the
models utilized.
In conclusion, our findings confirm that the non-invasive techniques employed in this study, including
image processing and simulations utilizing COMSOL, are both effective and valuable for estimating in-
tracardiac pressure. The results obtained from these simulations, combined with predictions related
to pulmonary hypertension derived from signal processing, are critical for accurate modeling and mea-
surement in the field of cardiovascular health. As we aim to further validate these simulations against
experimental data, the incorporation of comprehensive physiological inputs and non-invasive diagnostic
methods will be essential for advancing our understanding and management of cardiovascular conditions.

4.9 Conclusion
This research highlights the viability of employing non-invasive techniques for estimating intracardiac
pressures and detecting cardiac pathologies. The findings indicate significant progress in this area; how-
ever, further validation through experimental data and enhancements in modeling methodologies remain
crucial. Advancing these approaches is essential for improving the early detection and management of
cardiovascular conditions, thereby enhancing patient outcomes in clinical practice. While the studies
presented are limited in scope, they represent a valuable initial step toward realizing this conceptual
framework.
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General Conclusion

This thesis has systematically explored the intersection of advanced signal processing techniques and
artificial intelligence (AI) methodologies in the early detection and management of cardiac pathologies.
As cardiovascular diseases (CVDs) continue to be a leading global health challenge, the need for innovative,
non-invasive diagnostic methods is more pressing than ever.

The research has demonstrated that enhancing the analysis of phonocardiogram (PCG) signals through
advanced signal processing not only improves the signal-to-noise ratio but also clarifies cardiac sounds,
facilitating more accurate interpretations. By developing tailored machine learning algorithms, this work
significantly contributes to the automation of pathological feature detection in PCG signals, paving the
way for timely and precise diagnoses.

Furthermore, the exploration of non-invasive methods for estimating intracardiac pressure has revealed
their potential to provide critical insights into conditions such as heart failure and valvular disorders,
which are often challenging to evaluate with traditional techniques. The findings underscore the effectiveness
and reliability of these non-invasive approaches, making a compelling case for their integration into routine
cardiovascular assessments.

The integration of AI with conventional cardiac monitoring practices has been shown to enhance diagnostic
accuracy and positively influence clinical outcomes. By proposing a comprehensive framework that
incorporates these advanced techniques, this thesis lays the groundwork for a transformative approach
to cardiac disease management, emphasizing the importance of timely clinical interventions.

In conclusion, the advancements presented in this thesis not only contribute to the academic understanding
of cardiac diagnostics but also hold significant implications for clinical practice. The integration of
advanced signal processing and AI technologies presents a promising pathway toward improving patient
outcomes in cardiovascular care, ultimately fostering a future where early detection and effective management
of cardiac pathologies are the standard. Future research should focus on the continued refinement of these
technologies and their application in diverse clinical settings to maximize their impact on global health.
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