
IDENTIFICATION OF HEART SOUNDS FOR
THE ANALYSIS OF CARDIAC PATHOLOGY

USING MACHINE LEARNING

David Susič



Doctoral Dissertation
Jožef Stefan International Postgraduate School
Ljubljana, Slovenia

Supervisor: Asst. Prof. Anton Gradišek, Jožef Stefan Institute, Ljubljana, Slovenia
Co-Supervisor: Prof. Matjaž Gams, Jožef Stefan Institute, Ljubljana, Slovenia

Evaluation Board:
Prof. Mitja Luštrek, Chair, Jožef Stefan Institute, Ljubljana, Slovenia
Prof. Juan Carlos Augusto, Member, Middlesex University, London, United Kingdom
Asst. Prof. Aleksandra Rashkovska Koceva, Member, Jožef Stefan Institute, Ljubljana,
Slovenia



David Susič

IDENTIFICATION OF HEART SOUNDS FOR THE ANAL-
YSIS OF CARDIAC PATHOLOGY USING MACHINE LEARN-
ING

Doctoral Dissertation

IDENTIFIKACIJA SRČNIH ZVOKOV ZA ANALIZO BOLEZNI
SRCA S POMOČJO STROJNEGA UČENJA

Doktorska disertacija

Supervisor: Asst. Prof. Anton Gradišek

Co-Supervisor: Prof. Matjaž Gams

Ljubljana, Slovenia, September 2024





"If you don’t believe, you shouldn’t be here."





vii

Acknowledgments

I am grateful to my supervisor, Asst. Prof. Anton Gradišek, for his consistent sup-
port throughout my studies. His encouragement and guidance have enhanced both the
quality and enjoyment of my academic journey. I also extend my sincere thanks to my
co-supervisor, Prof. Matjaž Gams, for his insightful feedback and for always inspiring me
to achieve excellence.

My appreciation goes to Asst. Prof. Gregor Poglajen, M.D., and the team at University
Medical Centre Ljubljana for their dedicated efforts in collecting the data essential to this
study.

I thank the members of the evaluation board, Prof. Mitja Luštrek, Prof. Juan Carlos
Augusto, and Asst. Prof. Aleksandra Rashkovska Koceva, for their time, constructive
feedback, and thoughtful suggestions, which have significantly improved the quality and
clarity of this thesis.

Lastly, I am grateful to those closest to me for their unwavering support and for the
invaluable time we share together.

This thesis was supported by the Slovenian Research Agency (ARIS) through the Young
Researcher Grant PR-10495.





ix

Abstract

Cardiovascular diseases (CVDs) are a leading cause of mortality globally, significantly
affecting patient quality of life and imposing considerable demands on healthcare systems.
Chronic heart failure (CHF), a common outcome of CVDs, represents a growing health
burden with an increasing incidence. Accurate and early identification of CVDs is critical
for enabling timely diagnosis and effective treatment.

Artificial intelligence (AI) algorithms have shown promise in detecting CVDs, partic-
ularly through the application of deep-learning methods using phonocardiogram (PCG)
data. However, these models require large datasets, which are often difficult to obtain.
Data augmentation has emerged as a viable solution to this challenge. This thesis inves-
tigates advanced methods for improving the detection and classification of heart condi-
tions, focusing on CHF, and the development of a heart-sound-specific data-augmentation
method to enhance PCG data analysis.

The first investigation analyses heart sounds from CHF patients in their decompen-
sated and recompensated phases. The decompensated phase occurs when a CHF patient
requires hospitalization due to worsening symptoms, whereas the recompensated phase in-
dicates a patient’s subsequent stabilization. Using a PCG dataset from 37 CHF patients
and a combination of machine learning approaches, we achieved up to 72% classification
accuracy between the two phases, surpassing the cardiologists’ average accuracy of 50%.
Key predictive features were derived from diastole and included both time and frequency
domains.

The second investigation introduces PCGmix, a novel data-augmentation technique
specifically designed for PCG data. PCGmix generates new instances from original record-
ings through meticulous interpolation, preserving key diagnostic features essential for CVD
detection. In this way, it also differs from existing data-augmentation methods, which
are general and not specialised for heart sounds. Empirical assessments using a publicly
available database of 851 normal and abnormal heart-sound recordings demonstrated that
PCGmix outperforms state-of-the-art augmentation techniques when data availability is
limited. Specifically, at 10, 30, 56, 112, and 168 PCG recordings, our method achieves the
same performance as the no-augmentation approach when train on the amount of data
that is 1.35–1.46, 1.34–1.69, 1.46–1.69, 1.08–2.25, and 1.01–1.65 times bigger, respectively.

This thesis contributes to the knowledge at the intersection of AI and medicine, of-
fering novel insights and methodologies to advance cardiovascular health monitoring and
diagnosis. It demonstrates the performance achievable in detecting CHF decompensation
using PCGs alone, and introduces and thoroughly validates PCGmix, a novel heart-sound-
specific data-augmentation method.
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Povzetek

Bolezni srca in ºilja ali kardiovaskularne bolezni (KVB) so vodilni vzrok smrti v svetu.
Mo£no vplivajo na kakovost ºivljenja bolnikov in predstavljajo precej²no obremenitev za
zdravstvene sisteme. Pove£evanje pojavnosti kroni£nega sr£nega popu²£anja (KSP), ki je
pogosta posledica KVB, predstavlja nara²£ajo£o obremenitev za zdravje ljudi. Natan£na in
zgodnja identi�kacija KVB je klju£na za omogo£anje pravo£asne diagnoze in u£inkovitega
zdravljenja.

Algoritmi umetne inteligence (UI) so pokazali obetavne rezultate pri odkrivanju KVB.
Na veljavi so pridobile predvsem metode globokega u£enja z uporabo zvo£nih posnetkov
srca ali fonokardiogramov (FKD). Modeli globokega u£enja potrebujejo veliko podatkov,
ki so pogosto teºko dostopni. Eden izmed pristopov, ki se je izkazal za u£inkovito re²itev
tega izziva, je bogatenje podatkov. Ta disertacija preiskuje napredne metode za izbolj²anje
odkrivanja in klasi�kacije bolezni srca, pri £emer se osredoto£a na KSP in razvoj metode
bogatenja podatkov, specializirane za zvo£ne posnetke srca.

Prva preiskava analizira zvo£ne posnetke srca bolnikov s KSP v njihovih dekompenzira-
nih in rekompenziranih fazah. Dekompenzirana faza se pojavi, ko bolnik s KSO potrebuje
hospitalizacijo zaradi poslab²anja simptomov, medtem ko faza rekompenzacije predstavlja
bolnikovo slede£o stabilizacijo. Z uporabo FKD podatkov 37 bolnikov s KSP in kombina-
cije metod strojnega u£enja smo dosegli do 72 % to£nost klasi�kacije med obema fazama,
kar presega povpre£no to£nost kardiologov, ki je zna²ala 50 %. Klju£ne napovedne zna£ilke
so bile pridobljene iz diastole in vklju£ujejo tako £asovno kot frekven£no domeno.

Druga preiskava predstavi PCGmix, novo tehniko bogatenja podatkov, posebej zasno-
vano na FKD podatkih. PCGmix generira nove primere iz izvirnih posnetkov preko skrbne
interpolacije, ki ohranja klju£ne diagnosti£ne zna£ilke za odkrivanje KVB. S tem se tudi
razlikuje od obstoje£ih metod bogatenja podatkov, ki so splo²ne in niso specializirane za
domeno sr£nih posnetkov. Empiri£ne ocene z uporabo javno dostopne baze podatkov z
851 posnetki normalnih in abnormalnih sr£nih zvokov so pokazale, da PCGmix presega
trenutne tehnike bogatenja podatkov v primerih, ko imamo omejeno koli£ino podatkov.
Nata£jene, pri 10, 30, 56, 112 in 168 FKD posnetkih na²a metoda doseºe enako uspe-
²nost kot pristop brez bogatenja, ko se u£i na koli£ini podatkov, ki je 1.35�1.46, 1.34�1.69,
1.46�1.69, 1.08�2.25 oziroma 1.01�1.65-krat ve£ja.

Ta disertacija prispeva k znanju na prese£i²£u UI in medicine ter ponuja nove vpo-
glede in metodologije za izbolj²anje spremljanja in diagnoze kardiovaskularnega zdravja.
Prikazuje u£inkovitost, ki jo je mogo£e dose£i pri detekciji dekompenzacije sr£nega popu-
²£anja izklju£no na podlagi FKD in predstavi ter temeljito validira PCGmix, novo metodo
bogatenja podatkov, speci�£no za zvo£ne posnetke srca.
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Chapter 1

Introduction

Heart pathologies pose signi�cant medical challenges. This dissertation explores these chal-
lenges through the perspective of computer science, with a focus on the identi�cation of
heart sounds as a critical tool for detecting cardiac abnormalities. Leveraging the capa-
bilities of machine learning (ML), we tackle the complexities of training neural networks
(NN) with limited datasets to enhance the accuracy and reliability of automated cardiac
pathology diagnosis. This research contributes to the knowledge at the intersection of
medicine and arti�cial intelligence (AI), o�ering novel insights and methodologies aimed
at advancing cardiovascular health monitoring and diagnosis.

1.1 Description of the Problem

Cardiovascular diseases (CVDs) are the leading cause of death globally. They include a
variety of heart and blood vessel disorders that result in cardiovascular dysfunctions, such
as narrowing of blood vessels in the heart and throughout the body, heart and blood vessel
complications during childbirth, malfunctioning heart valves, and irregular heart rhythms
[1]. CVDs are responsible for approximately 20 million deaths annually, accounting for
32% of all global deaths [2], [3]. By 2030, annual CVD deaths are projected to rise to 23.3
million [4]. Early-stage cost-e�ective treatments highlight the importance of advanced
identi�cation of individuals at high risk of CVD to prevent premature deaths and manage
the global health impact.

CVDs can also contribute to the development of chronic heart failure (CHF). CHF is
a complex chronic condition, characterized by the inability of the heart muscle to provide
su�cient perfusion to meet the metabolic demands of the body. Globally, CHF has reached
epidemic proportions, a�ecting roughly 2% of the world's overall population, with the
incidence increasing at 2% annually. The prevalence of CHF reaches around 10% in the
overall population aged over 65 years and additionally carries a signi�cant burden in terms
of healthcare costs and sta� workload [5]. Available literature suggests that identifying
the CHF decompensation episodes in their pre-symptomatic phase may enable clinicians
to make appropriate and timely changes to patient's medical therapy thus preventing
CHF decompensation to occur or to occur in much milder forms that do not require
hospitalization. This may signi�cantly improve patients' outcomes [5]. There is thus a
signi�cant unmet need for automated, e�ective, cost-e�cient, and robust protocols for
detection of heart abnormalities.

Microelectromechanical systems technology, which involves the integration of mechan-
ical elements, sensors, and electronics at a microscale, has the potential to revolutionize
various medical applications. However, due to its invasive nature, limited availability, and
high costs, it has not yet made a signi�cant impact on the management of heart fail-
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ure. Importantly, studies using clinical parameters (body weight, blood pressure, heart
rate, etc.) displayed only limited success in accurately predicting CHF decompensation
episodes. While electrocardiogram (ECG) data has shown promise in distinguishing be-
tween healthy individuals and CHF patients, the signal changes induced by CHF are not
always unique to the condition, limiting its diagnostic speci�city [6]. In contrast, heart
sounds (phonocardiograms or PCGs) provide distinct advantages by directly capturing
physiological changes related to valve function and blood �ow abnormalities. PCGs can be
collected noninvasively using cost-e�ective electronic stethoscopes, o�ering valuable diag-
nostic information e�ciently and with minimal procedural demands, thus enhancing their
applicability in detecting CVDs. With the use of computers and automated methods for
detecting heart abnormalities, patients could monitor the condition of their hearts them-
selves without having to visit the hospital regularly to have their hearts checked by the
medical sta�, reducing medical costs and sta� workload.

The most comprehensive heart-sound database available to date is the PhysioNet/CinC
Challenge 2016 database that consists of 2488 recordings of normal and 665 recordings of
abnormal heart sounds [7] with a total time of 20:2 h. The database is curated from nine
di�erent sources that vary in recording equipment, signal quality, recording environments,
recording body position, patient types, and methods used to determine the diagnosis.
While the PhysioNet database is a valuable resource for the development and evaluation
of algorithms, practical applications require standardized, speci�c and high-quality data.
In the clinical setting, customized models for speci�c CVDs are essential for accurate
diagnosis and treatment. Relying solely on publicly available datasets can overlook nuances
that occur in individual patient populations or speci�c cardiac conditions. In addition,
access to proprietary data allows for customization and re�nement of algorithms to meet
the unique characteristics of local patient demographics and healthcare practices. The
process of gathering proprietary heart-sound data is challenging due to several factors.
Firstly, the procedure requires strict adherence to ethical guidelines and patient consent,
which can be time-consuming. Secondly, ensuring data accuracy and reliability requires
meticulous attention to detail during the recording and annotation stages. In addition, the
need for specialized equipment and trained personnel adds to the �nancial burden of data
acquisition. Finally, the complexity of cardiac pathologies requires large sample sizes in
di�erent demographic and clinical settings, so larger amounts of data need to be collected
to create robust and powerful detection models. Given these challenges, it is essential to
develop methods that maximize model performance while taking into account limited data
availability.

1.2 Purpose

The purpose of this thesis is to develop a technique for the early detection of decompen-
sation episodes in CHF using heart sounds. With such a technique, CHF patients could
monitor their heart at home with a�ordable electronic stethoscopes, and the recordings
would then be sent to the cloud or to a home PC and analysed for possible early signs
of a decompensation episode. This would improve the quality of life of CHF patients and
reduce medical costs and the burden on medical sta�.

With this purpose in mind, we aim to propose, implement and robustly validate two
tools. One to classify between decompensated (a state in which the patient requires medical
attention) and recompensated (a state in which the patient is healthy and discharged from
the hospital) CHF phases, and the second one to maximize model performance with limited
data availability using data augmentation. Accurate classi�cation of the two CHF phases
would help to detect early signs of decompensation, which in turn would allow physicians
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to modify the patient's medical therapy appropriately and in a timely manner. This would
prevent decompensation or ensure that it occurs in much milder forms that do not require
hospitalization. Maximizing model performance with limited heart-sound data availability
is essential for creating robust and reliable models, particularly when dealing with a smaller
number of patients. Such tools are invaluable not only because data collection is time-
consuming and expensive but also because it can be impractical or impossible due to the
rarity of certain diseases or challenges in data collection.

1.3 Hypothesis and Goals

In this thesis, we investigate the following two hypotheses:
Hypothesis 1: Deep neural networks employing data-augmentation techniques on smaller
heart-sound datasets perform comparably to those trained on larger datasets.
Hypothesis 2: Machine-learning methods perform comparably to cardiology experts in
detecting decompensation episodes in patients with chronic heart failure based solely on
heart-sound analysis.

In additon to investigating the hypotheses, the goals of the dissertation are as follows.
For the �rst part of our study, which deals with the classi�cation of CHF phases, our goals
are:
Goal 1: Obtain heart-sound data from CHF patients in the decompensated and recompen-
sated states. We will achieve this with the help of cardiologists at the University Medical
Centre Ljubljana, who will perform the data acquisition and labeling.
Goal 2: Robustly preprocess this data using the established heart-sound pre-processing
techniques.
Goal 3: Extract the most informative features about CHF and other CVDs according to
the literature.
Goal 4: Train ML models using these features, validate their performance, and compare
them to a baseline of cardiology experts.

For the second part of our study, which deals with maximizing model performance with
limited data availability, our goals are:
Goal 5: Obtain and robustly preprocess the PhysioNet/CinC Challenge 2016 heart-sound
database using the latest heart-sound pre-processing techniques. This database is the
largest publicly available collection of heart sounds and is widely used for developing heart-
sound analysis algorithms.
Goal 6: Develop and implement a novel heart-sound-speci�c data-augmentation method
to create new heart sounds.
Goal 7: Train deep-learning models on a variety of smaller fractions of the data (from 1%
to 100% of the original database size) with the standard data-augmentation methods, with
the developed heart-sound-speci�c data-augmentation method, and without augmentation.
Goal 8: Robustly validate the performance of all augmentation methods against the
baseline without data augmentation on the selected fractions of the data.
Goal 9: Validate the performance of the developed heart-sound data-augmentation method
on the heart-sound data obtained from the CHF patients.

1.4 Scienti�c Relevance and Contributions

The prevalence of CHF has severe implications for patient well-being and mortality, impos-
ing substantial economic and resource burdens on the healthcare system. Early detection of
decompensation episodes in CHF has the potential to enable timely adjustment of patient
therapy, thereby preventing or mitigating the severity of decompensation events. Such
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interventions can signi�cantly improve patients' quality of life. Our research will set limits
of how well the decompensation episodes can be detected solely based on heart sounds. In
addition, analysing the decision-making processes of ML models will provide new insights
into the features of heart-sound data, improving our understanding of pathology of CHF
decompensation and diagnostic methods. This research has profound implications for op-
timising clinical management strategies and improving patient outcomes in the treatment
of CHF.

In the context of telemedicine, the integration of a�ordable electronic stethoscopes
enables patients to record their heart sounds independently. These recordings are then
automatically analysed in the cloud, eliminating the need for frequent hospital visits for
heart examinations. This not only reduces the workload of medical sta�, but also improves
patient convenience and access to healthcare services. By using ML algorithms for real-
time analysis of heart sounds in telemedicine, healthcare providers can remotely monitor
patients' cardiac status and intervene immediately if necessary. This research drives in-
novation in telemedicine and provides scalable solutions to improve access to cardiac care
and the management of patients with CHF.

Heart-sound datasets for analysing CVDs often su�er from small size, primarly due
to the lack of subjects with speci�c CVDs. Data augmentation is recognised as one of
the most important strategies to address such problems. Augmentation techniques are
used to improve model performance even with limited data by diversifying the data set
through the generation of additional samples. While various augmentation methods are
known, novel techniques tailored to the speci�c domain of heart sounds represent valuable
contributions. The advancement of such augmentation methods is therefore of signi�cant
scienti�c relevance as it improves the e�ectiveness of ML models in the diagnosis and
treatment of CVDs.

The main scienti�c contributions of this work can be summarised as follows:
Contribution 1: A novel method for augmenting heart-sound data, particularly useful
when trained on small datasets.
Contribution 2: Applying and thoroughly validating the data-augmentation method
on a variety of subsets of the PhysioNet/CinC Challenge 2016 heart-sound database for
heart-sound classi�cation using NNs.
Contribution 3: Demonstrating the performance that can be achieved in detecting de-
compensation in CHF patients using heart sounds alone.

Additional contributions include:
Contribution 4: Extending the existing labelled dataset of heart sounds from CHF
patients in recompensated and decompensated phases.
Contribution 5: A novel metric specialized for assessment of an augmentation method's
performance in the context of experiments with datasets of di�erent sizes.

1.5 Thesis Overview

This thesis is organised as follows.
Chapter 2 begins with an exploration of the medical background of CVDs and CHF.

Following this, it provides an overview of computer-aided diagnosis systems for heart dis-
eases and describes the characteristics of heart-sound signals. The chapter then reviews
the publicly available heart-sound datasets. Next, the chapter details the application of
ML in heart-sound classi�cation, covering pre-processing, feature engineering, and classi-
�cation techniques. This is followed by a discussion of related studies on CHF detection.
Finally, the chapter introduces the concept of data augmentation as a regularization strat-
egy for deep learning and reviews a selection of studies that utilize data augmentation for
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heart-sound classi�cation.
Chapter 3 outlines the materials and methods employed in our study. It begins

with an overview of the datasets, followed by a description of the data pre-processing
techniques utilized. Subsequently, the chapter details the methods for detecting decom-
pensation episodes of CHF, including feature engineering, and the experimental setup. The
chapter then describes the heart-sound data-augmentation methods, starting with the for-
mulation of our proposed method and followed by an overview of the baseline methods and
deep-learning models used. This is followed by a description of the experimental setup.
Finally, the chapter de�nes the performance metrics used for the evaluation of the ML
models.

Chapter 4 presents the experimental results of the study. It begins with the detec-
tion of decompensation episodes of CHF, including classi�cation by experts as a baseline,
evaluation of the model's performance, and model �ne-tuning, followed by a parameter
sensitivity analysis. The chapter then presents results on heart-sound data augmentation
in both time-series and spectrogram domains. This includes analyses of parameter sensitiv-
ity, the impact of constrained mapping on instance reliability, feature space visualizations,
out-of-manifold intrusion, saliency map visualizations, and the use of saliency information
in augmentation. The chapter concludes with an analysis of computational complexity and
the results of data augmentation for CHF decompensation detection.

Chapter 5 concludes the thesis by discussing the �ndings, contributions, and relevance
of the research. It provides an analysis of the hypothesis, outlines the limitations of the
study, and discusses directions for future work.
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Chapter 2

Background and Related Work

2.1 Cardiovascular Diseases and Heart Failure

The most common and serious CVDs include coronary artery disease (CAD), stroke, aortic
diseases, valvulal heart disease, and heart failure. Despite the broad spectrum of CVDs, in
this work we focus speci�cally on heart-related diseases, especially heart failure. Anatomy
of the heart and its cross-section view is given in Figure 2.1.

Figure 2.1: Anatomy of the heart. Adapted from [8].

CAD occurs when the coronary arteries that supply the heart with the oxygen-rich
blood become narrowed due to the buildup of fats, cholesterols and other substances. This
buildup can also burst, which leads to a blood cloth. CAD leads to symptoms such as
chest pain (angina), heart attack, irregular heart rhythms and heart failure [9]. Valvular
heart disease a�ects the heart valves that control the blood �ow in the heart chambers. A
pathological condition in which a valve does not open properly due to narrowing is called
stenosis, whereas a condition in which a valve leaks because it does not close properly is
called regurgitation. Aortic stenosis (AS) is the narrowing of the aortic valve due to
the accumulation of calcium, which can also lead to calci�cation of the valve lea�ets [10].
Similarly, aortic regurgitation (AR) is characterized by the back�ow of blood from the
aorta into the left ventricle due to improper closure of the valve [11]. AR can be caused
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by aortic diseases (AD) , such as aortic dissection (a tear in the inner layer of the aortic
wall), aortic rupture, or aortic occlusion [12]. Mitral stenosis (MS) is narrowing of the
mitral valve, mainly due to the thickening of the lea�ets, which leads to the increased
blood pressure in the left atrium [13]. Mitral regurgitation (MR) is characterized by
the back�ow of blood from the left ventricle into the left atrium. Over time, MR causes
decline in left ventricular ejection fraction [14]. One of the common causes for MR ismi-
tral valve prolapse (MVP) , a condition where valve lea�ets prolapse back into the left
atrium during ventricular contraction [15]. Pulmonary stenosis (PS) is characterized
by the narrowing in the pulmonary valve. If the narrowing is great, the lower right heart
chamber must pump blood with much higher pressure, which causes the right ventricle to
become thick [16].Tricuspid stenosis (TS) is the narrowing of the tricuspid valve, ob-
structing the blood �ow from the right atrium to the right ventricle. It most often co-exists
with mitral valve pathology and is almost always due to rheumatic fever [16].Tricuspid
regurgitation (TR) occurs when the tricuspid valve does not close properly, allowing
blood to �ow backward from the right ventricle into the right atrium. This dysfunction
is often due to the growth of abnormal tissue underneath the valve's lea�ets, causing it
to degenerate and become incompetent [16].Septal defects (SD) are defects that are
present from birth where there are �ruptures� or �discontinuities� in the walls (septum)
that separate the heart chambers. Atrial septal defects are located in the wall between
the atria, whereas ventricular septal defects are located in the wall between the ventricles.
These openings allow blood to �ow freely between the ventricles and mix oxygen-rich blood
with oxygen-poor blood [16]. Hypertrophic obstructive cardiomyopathy (HOC) is
an inherited disease in which the heart muscle becomes abnormally thick (hypertrophic).
This thickening makes it di�cult for the heart to pump blood e�ectively. In patent duc-
tus arteriosus (PDA) , the ductus arteriosus blood vessel, which normally closes shortly
after birth, remains open. This opening creates a pathway for oxygen-rich blood from
the aorta to �ow back into the pulmonary artery and return to the lungs [16]. Along-
side the described conditions, additional factors like hypertension (high blood pressure),
abnormal heart rhythms, and congenital heart defects can contribute to the development
of heart failure . Heart failure is a complex condition, characterized by the inability of
the heart muscle to provide su�cient perfusion to meet the metabolic demands of the
body; alternatively the failing heart stabilizes the circulation by operating at the higher
�lling pressures, which generate the majority of the symptoms and signs, characteristic
of heart failure [5]. Based on left ventricular ejection fraction (LVEF), heart failure has
three types, speci�cally, heart failure with reduced ejection fraction (HFrEF) with LVEF
� 40%, mildly reduced ejection fraction (HFmrEF) with LVEF between 41 and 49%, and
preserved ejection fraction with LVEF � 50% [17], [18].

An analysis of various proposed research and clinical criteria for the diagnosis of heart
failure shows that approximately 64 million people worldwide are living with some form
of heart failure [19]. In developed countries, the prevalence of heart failure in the general
population is around 2%, although some estimates, which also take undetected cases into
account, assume a �gure of up to 4.2%. The prevelance in people aged 65 years and above
is above 10% [5], [20]. Although the incidence is stable, the prevalence is increasing due to
the ageing of the population and improvements in treatment. This will lead to a further
increase in hospitalisation rates and consequently in healthcare costs in the coming years
[5]. The cost of treating this condition is very high, reaching up to 2% of total health
care costs in developed countries [21]. In contrast to acute heart failure, which occurs very
suddenly and requires immediate medical intervention, CHF is a long-term condition that
gradually worsens over time (years). Although CHF cannot be cured, its symptoms can be
controlled for many years if detected in early stages. Importantly, the prognosis of CHF
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patients is concerning, with a 50% mortality at 5 years, which is largely related to heart
failure decompensation episodes that require in-hospital management [5], [17].

The prevalence and incidence of heart failure is in�uenced by a number of risk factors,
including age, sedentary habit, smoking, obesity, excesive alcohol intake, cardiotoxic drugs,
chest radiation, diabetes, dyslipidaemia, microbes, and in�uenza. In addition to a healthy
lifestyle, early detection of heart failure symptoms and assessment of severity play a crucial
role in halting the progression of the disease, thereby improving the quality of life of those
a�ected and reducing medical costs [5], [22]. The most successful and promising methods
for diagnosing CVDs today come from the �eld of computer science. Computers are able
to analyse and learn from enormous amounts of data in a relatively short time, and the
so-called computer-aided diagnosis systems have developed rapidly in recent times.

2.2 Computer-Aided Diagnosis Systems for Heart Diseases

The �rst automated detections of CHF and CVDs in general relied primarily on data
modalities such as photoplethysmogram (PPG) data, heart-rate-variability (HRV) data
derived from ECG, and clinical parameters [23]. PPG employs light sensors to estimate
the blood �ow by measuring the changes between the transmitted and re�ected light, which
gives insight into various heart conditions [24], [25]. HRV data provides information about
variation between consecutive heartbeats and is commonly used for CHF-detection tasks
[26], [27]. Clinical data includes information about weight, pulse rate, age, systolic blood
pressure, respiratory rate and parameters selected from blood tests [28]. However, despite
their use, these modalities have shown limited success in accurately detecting CVDs.

Nowadays, diagnosis of CVDs relies on several non-invasive techniques, many of which
are imaging-based. Myocardial perfusion imaging (MPI) provides information on the dis-
tribution of blood �ow in the heart muscle (myocardium) by recording the distribution
of an intravenously injected radiotracer during exercise (e.g., exercise) and at rest [29].
Echocardiogram, an ultra sound scan, creates a moving image of the heart and provides
information about its size, shape, structure, and function [30]. Cardiac magnetic resonance
imaging (CMRI) uses radio waves and magnets to create both still and moving images of
the heart and the major bloos vessels [31]. In computed tomography (CT), the heart is
scanned with X-rays to create detailed images of the heart and its vessels. Advanced im-
age processing techniques can be used to create 3D and 4D (i.e. spatial-temporal) heart
model reconstructions from CMRI and CT images, allowing for better understanding and
visualization than 2D images [32], [33]. The biggest disadvantage of imaging techniques
is that they require trained personnel and often expensive equipment that only a fraction
of the world's healthcare facilities can a�ord. Another modern diagnostic tools for CVDs
screening involves recording the carotid pulse using piezoelectric sensor. Carotid pulse
provides information about indication of variations in blood pressure signals in the arteries
and the volume of each heartbeat [34]. However, this approach also requires the expertise
of trained medical personnel.

One of the most popular methods for recording the heart cycle signal today is electro-
cardiography. Electrocardiography is the recording of the electrical currents caused by the
contraction of the muscle �bers of various parts of the heart. The electrical activity of the
heart is recorded in the electrocardiogram through electrodes placed on the surface of the
body. The ECG trace consists of a series of waves of di�erent morphology, time, and rate,
with peaks and valleys designated by the letters P, Q, R, S, and T (see Figure 2.2). The
P-peak and QRS complex represent depolarisation of the atria and ventricles, respectively,
whereas the T-peak represents repolarisation of the ventricles.

While widely used, ECG has limitations in detecting structural abnormalities in heart
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valves and conditions associated with heart murmurs [35]. Additionally, the ECG signal
alterations associated with CHF lack speci�city, as these changes are not exclusive to the
condition [6].

Figure 2.2: Schematic representation of an ECG signal.

Recent research �ndings emphasise the central role of heart sounds in the diagnosis of
CVDs. Their ability to detect nuanced variations in heart function makes them a promising
tool for improving the accuracy and reliability of CVD-detection methods. The a�ordabil-
ity of cardiac auscultation, combined with the compact and portable nature of electronic
stethoscopes, underscores their value for the adoption of computer-aided auscultation in
primary care and telemedicine. In addition, the number of publicly available datasets
containing recordings of heart sounds has increased dramatically over the past decade,
facilitating the development of robust methods for analysing heart sounds and detecting
CVDs.

2.3 Heart-Sound Signals

Heart sounds are produced by the mechanical activity of the heart muscle and by the sudden
starting or stopping of blood �ow within its chambers. The opening and closure of heart
valves regulate blood �ow between the heart chambers and throughout the circulatory
system. These physiological processes induce audible vibrations that provide valuable
insights into the health of the heart. The time-series audio recording capturing these
sounds is called a phonocardiogram (PCG) [36].

2.3.1 Acquisition

Heart sounds are mainly listened to and recorded with a stethoscope, a device equipped
with a diaphragm made of �exible material that produces sound through vibration. This
sound is conveyed through hollow tubing, acting as a �lter, and transmitted to earpieces
for auditory perception. The traditional stethoscope comprises three primary components:
a chest piece, predominantly crafted from stainless steel, a tubing section, and earpieces, as
depicted in Figure 2.3a [37]. Electronic stethoscopes, which o�er various advantages over
conventional models such as enhanced accuracy, ease of use, sound quality, sensitivity, and
real-time waveform display [38], have become increasingly prevalent. Additionally, elec-
tronic stethoscopes convert sound signals into electrical signals, facilitating the possibility
of saving the data onto electronic devices such as smartphones or computers. Medical
personnel listen to and record the heart sounds by placing the stethoscope diaphragm on
the body in the region of the heart. This process is known as heartauscultation . The
standard positions for heart auscultation are shown in Figure 2.3b. They are the aortic
area (in the middle of the 2-nd intercostal space), the pulmonic area (2-nd space along the
left sternal border), the Erb's point (3-rd intercostal space along the left sternal border),
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the tricuspid area (4-th intercostal space along the left sternal edge) and the mitral area
(5-th intercostal space on the midclavicular line) [39].

(a) Stethoscope schematic (b) Standard heart auscultation positions.

Figure 2.3: (a) Schematic illustration of a stethoscope, detailing its main components, and
(b) a diagram of the chest, highlighting the standard heart auscultation positions. Adapted
from [8].

2.3.2 Characteristics

Example of a PCG signal is shown in Figure 2.4. The heart cycle, also known as the
heartbeat, is composed of two intervals called the systole and the diastole. In a normal
heartbeat, the duration of systole is about0:35 sand the duration of diastole is about0:4 s.
The sounds produced within a heart include the �rst sound (S1), the second sound (S2), the
third sound (S3), the forth sound (S4), gallop, murmurs, opening snaps, rubs, and clicks.
The �rst and the second heart sounds compose a normal heart signal and are also called
the fundamental heart sounds [36]. The other heart sounds are caused by abnormalities of
the heart and are associated with CVDs, with the exception of the S3 sound, which may
also be present in normal hearts of young children and athletes [40].

Figure 2.4: Schematic representation of a PCG signal, indicating the fundamental heart
sounds S1 and S2, as well as the S3 and S4 heart sounds.

The �rst sound occurs in the beginning of the systole and is caused by the closure of
the mitral and tricuspid valves. It is manifested by the vibrations caused by the tension
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on the valves, deceleration of the blood and contraction of the ventricular muscles. It is
the loudest and the longest heart sound, with a duration of0:12� 0:15 s. The second
sound occurs in the beginning of the diastole and is caused by the closure of the aortic
and pulmonic valves. The sound is manifested by the vibrations in the arteries due to
deceleration of blood and by the vibrations of ventricles and atria. Its duration is0:08�
0:12 s. The third sound occurs just after the second sound due to the twitching of the
ventricular wall during the rapid ventricular �lling. Because the walls are relaxed, the
frequency of the sound is low. Theforth sound is a low frequency sound that occurs at
the end of the diastole, just before the S1 of the new heart cycle. It occurs when the atria
contract during the late diastolic �lling phase. Gallop sounds are low frequency sounds
that occur during the diastole period. They are caused due to rapid deceleration of the
blood �ow into the ventricle and due to decreased ventricular distensibility1. Murmurs
are noises that can be present both in systole and diastole and reach frequencies of up
to 1000 Hz. They are caused by the loose structures within the heart, the backward
regurgitation through a valve that is leaking, high blood �ow through valves, and �ow
through a narrowed valve. Opening snaps occur right after the second sound and are
a result of a sudden pathological arrest of the opening of the mitral and tricuspid valves.
Rubs can be heard both in the systole and diastole and are cause due to the friction
between layers and abrasion of pericardial surfaces.Clicks are heart in the early part of
systole and occur due to the opening of a rigid and calci�ed aortic or pulmonary valve
[40], [42]. Information about the heart-sound frequency ranges, qualitative characteristics,
durations, locations, and causes are listed in Table 2.1.

AS produces a harsh systolic crescendo-decrescendo murmur that is best heard at the
right upper sternal border radiating into the carotid arteries. AR produces a decrescendo-
bubbling diastolic murmur that is best heard at the lower left sternal border. MS produces
a diastolic murmur that is best heard at the apex, while MR produces a systolic murmur at
the apex that radiates into the left axilla. MVP is characterized by an early systolic click
at the apex, often followed by a late systolic murmur. PS is manifested by a crescendo-
decrescendo systolic ejection murmur that is loudest at the upper left sternal border. TS
produces a diastolic murmur that is best heard at the lower left sternal border, while TR
is associated with a systolic murmur best heart at the same location. SD produce distinct
sounds: atrial SD show a loud, broad S1 with a �xed split S2 at the upper left sternal
border, while ventricular SD produce a holosystolic murmur at the apex, the intensity of
which varies depending on the size of the defect. In HOC, a systolic ejection murmur
is heard between the apex and the left sternal border, which is enhanced by Valsalva or
abrupt standing maneuvers. The PDA is characterized by a continuous "machine-like"
murmur that is loudest at the upper left sternal border [43].

PCGs for abnormal heart sounds of the most common heart abnormalities are given
in Figure 2.5. We can deduce that heart sounds are very complex and informative data
modality that is sensitive to a variety of heart abnormalities. Based on the locations,
durations, and frequency of the heart sounds and murmurs, PCGs can serve as a primary
diagnostic method for heart valve diseases. There are, however, some drawbacks of PCGs
as graphical representations of the heart sounds. Distinguishing between the individual
frequencies of the di�erent heart sounds and providing detailed information about the
energy variations in these sounds is a challenge for PCGs. In addition, artifacts and noise
in PCGs can obscure weak or subtle heart sounds, making them di�cult to detect visually.
Furthermore, problems arise in identifying speci�c boundaries of heart sounds within PCGs
[44]. Overall, the complexity of PCGs presents an opportunity for robust computer-aided
diagnostic systems. By utilizing advanced signal-processing and ML techniques, these

1A metric of the sti�ness of blood vessels [41]
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systems can improve interpretation, leading to more reliable cardiac diagnoses in clinical
practice.

Table 2.1: Pathophysiology of heart sounds [40], [42].

Heart
sound

Frequency
range

Qualitative
characteristics

Duration/
location

Causes

S1 10� 200 Hz
Dull and
prolonged

0:12� 0:15 s
Closure of the
tricuspid and
mitral valves

S2 20� 250 Hz
Sharp and

short
0:08� 0:12 s

Closure of the
pulmonic and
aortic valves

S3 25� 70 Hz Soft
� 0:04 s,

early diastole
Rapid ventricular

�lling

S4 15� 70 Hz
Weak and
rumbling

Slightly
before S1

Atria
contraction

Gallop
(ventricular)

15� 50 Hz
Galloping
rhythm

� 0:15 s,
early diastole

Rapid deceleration
of blood �ow

into the ventricle

Gallop
(atrial)

15� 50 Hz
Galloping
rhythm

0:08� 0:2 s,
just before S1

Decreased ventricular
distensibility

Gallop
(summing)

15� 50 Hz
Quadruple

rhythm
During diastole

S3 and S4 are
superimposed

Murmurs
(innocent)

120� 250 Hz
Whooshing,

roaring
Early systole

Turbulent
blood �ow

Murmurs
(systolic)

Up to 600 Hz
Rasping,
blowing

Systole
Systolic and
ventricular

ejection

Murmurs
(diastolic)

Up to 600 Hz
Pu�ng,
rumbling

Diastole
Ventricular

relaxation and
�lling

Opening
snaps

100� 800 Hz
Snapping

sound
Diastole

Inspissating
of valve
lea�ets

Rubs 100� 800 Hz
Scratching

sound
Systole,
diastole

Friction
between layers

Clicks 100� 800 Hz
Short and

loud
Early systole

Opening of a
rigid aortic or

pulmonary valve
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Figure 2.5: Schematic representations of PCGs for some of the most common heart abnor-
malities. Adapted from [45].

2.4 Available Heart-Sound Datasets

Large-scale and high-quality datasets are essential for the development of heart-sound
analysis algorithms. There are several publicly available heart-sound datasets that have
been released in the past decade that have been extensively used for the validation of
such algorithms. Among them, the PhysioNet/Computing in Cardiology Challenge 2016
(PhysioNet/CinC Challenge 2016) database [7], [46] stands out as one of the best known
resources in the �eld. The available heart-sound databases are listed in Table 2.2. For a
database to be included in the table, it has to be accessible online, it has to include relevant
information about the study subjects (e.g., gender, age), and the acquisition process has to
be described in detail (recording device, auscultation locations). In this thesis, we employ
the PhysioNet database alongside a CHF dataset collected for this study. Comprehensive
descriptions of both datasets are provided in Section 3.1. For information on the other
datasets listed, refer to the respective references.

In addition to the above, there also other heart-sound datasets. Texas Heart Institute
database (2010) [55] includes openly available 44 heart sounds and murmurs, but the infor-
mation about the subjects and the acquisition process is lacking. Biosciences Database of
Heart Sound Signals (2017) includes 25 recordings of normal and abnormal heart sounds
with the total length of approximately 1 min. No information about the subjects and
the recording conditions is available [56]. The Cardiac Auscultatory Recording Database
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Table 2.2: Available heart-sound datasets.

Dataset #Subjects #Samples Duration Types
PhysioNet/CinC

Challenge 2016 [7]
764 3240 20:2 h

Normal,
abnormal

Michigan [47] Unknown 23 0:4 h
Normal,

abnormal

PASCAL [48] Unknown
176
656

0:4 h
1:2 h

Normal,
abnormal

Heart Sounds
Shenzhen [49]

170 845 7:0 h
Normal,

abnormal

DigiScope [50] 29 29 � 4 min
Normal
children

CirCor
DigiScope [43]

942 3163 20:1 h
Normal,

abnormal
children

HSCT-11 [51] 206 412 5:2 h Unknown

Fetal Heart
Sound [52]

26 26 -
Fetal and
pregnant

EPHNOGRAM
[53], [54]

24 69 30:6 h
At rest,

activities

(CARD) (2001) [57] consists of normal and pathological recordings from 800 di�erent pa-
tients with each recording being20 sin length. Heart sounds were captures simultaneously
with ECG data. Information about the patient types and demographics is unknown. The
Yaseen (2018) dataset was collected by [58] and consists a total of 10002 s recordings,
200 from each of the subject types: healthy, AS, MR, MS, and MVP. Details on subject
demographics and recording conditions are unknown.

In addition to the publicly available datasets, numerous researchers have also collected
their own datasets with the purpose of developing developing heart-sound analysis algo-
rithms. Comprehensive overview of various private heart-sound datasets and their appli-
cations can be found in [42], [59].

2.5 Machine Learning for Heart-Sound Classi�cation

In this thesis, we focus on the identi�cation of heart sounds for the analysis of cardiac
pathology using ML classi�cation techniques. A typical heart-sound analysis pipeline,
based on traditional sound analysis methods, consists of several key steps. The initial step
is pre-processing, which includes signal denoising and segmentation. This is followed by
feature engineering, where a small number of representative features are extracted from
the signals. The �nal step is classi�cation, where these features are fed into an appropriate
classi�cation model. Our focus is on ML classi�cation techniques, encompassing both
classical ML methods and NNs. Convolutional neural networks (CNNs), a type of NN,
utilize convolutional and pooling layers to directly extract features from the signal, thereby
integrating feature engineering and classi�cation into a single process. When pre-processing
is bypassed and raw signals are input directly into CNNs, this approach is termed end-to-
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end learning, as the model learns all steps from initial input to output. Alternatively, the
signal can be transformed using Fast Fourier transform (FFT) to produce a spectrogram,
a time-frequency representation of the signal, which is then input into the CNN. The
heart-sound analysis pipelines using both classical ML methods and NNs are illustrated in
Figure 2.6. In the following, all of the heart-sound analysis steps are described in detail.

Figure 2.6: A diagram illustrating standard ML heart-sound analysis pipelines from input
data to output [42].

2.5.1 Pre-processing

After data acquisition and labelling, pre-processing steps, denoising and segmentation, are
essential to ensure the quality and relevance of the data for subsequent analysis. The goal
of denoising is to eliminate the noise without altering the original signals, whereas the goal
of segmentation is to segment the data into meaningful and manageable segments. The
PCG signals are typically segmented into heartbeats and the goal of the segmentation is
to also determine the location of the four heart states in each heartbeat. In PCG analysis,
a heart state is de�ned as per De�nition 2.1.

De�nition 2.1 (Heart state). A heart state is one of the four non-overlapping phases
within each heartbeat: S1, systole, S2, and diastole.

It should be emphasised that in the context of heartbeat segmentation, S1 and S2 are
treated as separate states, although they occur at the beginning of systole and diastole re-
spectively. This means that the states do not overlap; the systole state begins immediately
after the end of the S1 state, and the diastole state begins immediately after the end of
the S2 state. This precise segmentation ensures a clear delineation of the individual heart
states within the heartbeat. The example of a raw, denoised and segmented PCG is given
in Figure 2.7.

2.5.1.1 Denoising

Apart from being very faint, heart-sound recordings typically contain a high amount of
noise coming from various sources, e.g., ambient noise, breathing noise, lung noise, noise
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Figure 2.7: PCG denoising and segmentation: (top) raw signal, (middle) denoised signal
and (bottom) segmented signal. The dashed vertical lines indicate the beginnings of the
heartbeat states, starting with S1.

due to contact between the recording device and the human body, and humans' speech.
Additionally, since heart sounds are converted into electrical signals, they are susceptible
to electromagnetic interference and power frequency noise. The goal of denoising is to
eliminate the noise without altering the original PCG signals and is a crucial pre-processing
step for accurate automated identi�cation of heart-sound signals. The most commonly
used denoising techniques for PCG signal analysis are linear �lters, e.g., low-pass, band-
pass and high-pass �lters, wavelets, e.g., continuous wavelet transform and discrete wavelet
transform, and Kalman �lters [42], [60]�[64].

The process oflinear �ltering in signal processing can be understood as a methodi-
cal manipulation of signal components within the frequency domain [65]. In this domain,
signal components are represented by their respective magnitudes. Controlled scaling, an
integral aspect of linear �ltering, involves the selective adjustment of these magnitudes
according to the speci�c characteristics of the applied �lters. Low-pass �lters preserve
low-frequency signal components while attenuating higher frequencies. Conversely, high-
pass �lters preserve high-frequency signal components while attenuating lower frequencies.
Band-pass �lters preserve a speci�ed frequency range, known as the passband, while at-
tenuating frequencies outside this range. Although both high- and low-pass �lters are
used [66], [67], band-pass �lters are more often used to denoise heart sounds [68]�[70].
Butterworth band-pass �lters with di�erent orders and passbands have been successfully
employed [71]�[78]. A 4-th-order Butterworth �lter with a passband of 25� 400 Hz was
employed in [79]. A 5-th-order Butterworth �lter was employed with a passband of 50�
500 Hz in [80] and 25� 250 Hz in [81]. A 6-th-order Butterworth �lter was employed with
a passband of50� 950 Hzin [82], [83] and30� 900 Hzin [84]. Other linear �lters, such as a
Savitzky�Golay �lter in [85], [86], a Chebyshev low-pass �lter in [87], [88], and Notch �lter
in [89] have also been successfully employed for PCG denoising.
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Another very commonly used method for denoising heart-sound signals is based on the
wavelet transform (WT) , a powerful signal analysis tool with the ability to represent a
signal simultaneously in time and in frequency. Wavelet transform decomposes a function
(a signal) into a set of wavelets, a wavelike oscillation localized in time. The idea behind
the wavelet transform is to calculate how much of a wavelet is contained in a signal for
a given wavelet scale and position � also called wavelet coe�cients. Di�erent wavelets
are shifted over the entire signal, checking the similarities for each time step. In the
continuous wavelet transform (CWT), an in�nite number of wavelets are shifted across
the signal, covering a continuous range of scales and positions to provide a comprehensive
analysis. In the discrete wavelet transform (DWT), on the other hand, only a �nite set
of wavelets is selected. After decomposing a signal, thresholding is performed, where only
coe�cients above the selected threshold are selected and others are ignored. The selection
of a threshold is a delicate work, since a poor thresholding leads to a poor denoising
performance. The �nal step is to reconstruct the signal using the selected coe�cients [90].
The WT approches for PCG denoising employed a variety of mother wavelets2 [91]�[99].
For example, Morlet is used in [100], Coif-4 in [101], Coif-5 in [102], and Daubechies-10 in
[103].

Kalman �lters are mathematical tools used to remove noise from signals by combining
predictions of the signal behaviour with actual measurements. They predict what the
signal should look like based on its past behaviour, take into account how the signal is
expected to change over time, and then compare that prediction to new measurements of
the signal. If the measurement di�ers from the prediction (e.g. due to noise), the �lter
adjusts its estimate to be closer to the measurement. Through a mathematical optimization
process, the �lter determines the best estimate of the true signal, taking into account both
the prediction and the measurement [104]. Kalman �lters have been employed for PCG
denoising by several researchers [105]�[107].

In addition, researchers have proposed numerous other algorithms for PCG signal de-
noising. Those include empirical mode decomposition [108], adaptive noise canceller [109],
tunable-Q wavelet transform [87], variational mode decomposition [110], non-negative ma-
trix factorization [111], blind source separation [112], wavelet packet transform [113], short�
time Fourier transform [114], [115], adaptive �ltering [116], spike removal [73], [79], deep
learning (DL) models for denoising [117], [118], and singular value decomposition [119].

Empirical mode decomposition, unlike other methods such as wavelets that require
a prede�ned basis function, is a fully data-driven method that does not require an a
priori de�ned basis system. In this method, a signal is decomposed into a series of simple
oscillatory functions by an iterative procedure, which allows a perfect reconstruction of a
denoised signal [108]. Salman et al. [120], [121] compared the denoising methods wavelet
transform, empirical mode decomposition, and total variation on heart sounds obtained
from the Michigan Heart Sound and Murmur database. Based on extensive simulations, the
empirical mode decomposition method consistently showed the best performance in terms
of signal-to-noise ratio, root-mean-square error, and percent root-mean-square di�erence
metrics.

2.5.1.2 Segmentation

In traditional ML pipelines for signal analysis, segmentation is a crucial step where the
signal is divided into equally-sized segments to facilitate subsequent analysis. This seg-
mentation is often achieved using a sliding window technique, with or without overlap. In
the heart-sound analysis, however, the purpose of segmentation is to segment the signal

2a speci�c basic waveform that serves as the building block for generating other wavelets [90]
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into individual heartbeats and to identify the locations of the fours states within each
heartbeat. Segmentation then allows detection of the presence of abnormal sounds and
allows subsequent feature extraction to extract the features of the abnormal sounds. The
segmentation can be performed on both the raw signal and the denoised signal.

Accurate segmentation is a major challenge in heart-sound analysis, especially when the
signals are contaminated by real-world artifacts. While existing algorithms focus primarily
on locating fundamental heart sounds, there is a need to locate abnormal sounds and low
amplitude irregularities. In addition, current segmentation methods often rely on absolute
measures such as time or frequency distributions, which vary widely between subjects
and result in insu�cient segmentation accuracy. The segmentation methods proposed by
the researchers can be broadly categorized into envelope-based methods, ECG reference-
based methods, probabilistic models, feature-based methods, time-frequency and wavelet
analysis-based methods and learning-based methods [42], [60]�[64], [122].

Envelope-based segmentation methods aim to identify the boundaries of individual
heartbeats by analysing the envelope of the signal. The aim is to identify peaks and valleys
in the envelope that correspond to the di�erent states. These methods often use techniques
such as peak detection algorithms or amplitude thresholds to locate the prominent features
in the envelope. By capturing the temporal variations in signal amplitude, envelope-based
methods provide a robust approach to heart-sound segmentation. The primary approaches
for extracting the signal envelope include normalized Shannon energy [83], [123]�[126],
homomorphic �ltering, and Hilbert transform [127]�[129]. There are some limitations to
the envelope-based PCG segmentation. Many approaches assume that the systole is shorter
than the diastole, which is not always the case for small children and subjects with CVDs
[130]. Next, the peaks of the artefacts that overlap with the fundamental heart sounds often
cause incorrect segmentation [131]. In addition, medium amplitude peaks (e.g., murmurs)
are often attenuated in envelope analysis, while large and low peaks can merge into a single
envelope, resulting in very low amplitude peaks not being detected [132].

ECG reference-based methods use an additional ECG signal as a reference to
identify the heart states [131], [133]�[136]. The main drawback of such methods is that
both PCG and ECG signals are required, which adds complexity to both sensing and
synchronization. Moreover, the methods are a�ected by the slight mismatch between the
electrical and mechanical activities of the heart, which also depends on the condition of
the patient [137]. In addition, methods that rely on the identi�cation of R and T peaks are
computationally expensive. Furthermore, accuracy can be compromised by low amplitude
signals and sudden changes in QRS morphologies, making R and T peak identi�cation
inherently di�cult [42].

In the last decade, theprobabilistic models have been the main approch to PCG
segmentation. They include dynamic clustering [138], Hilbert�Huang transform [139],
hidden Markov models (HHM), and hidden semi-Markov models (HSHM). HHMs [140],
[141] and HSHMs [142]�[146] predict the most likely sequence of heart-sound states by
considering the expected duration of each of the states. Currently, they represent the most
successful approaches to PCG segmentation and are often employed in combination with
NN segmentation approaches [50], [147]. The most widely used segmentation approach
today is the Springer's modi�cation [39] of Schmidt's method [148]. The algorithm uses a
HSMM model and Viterbi decoding and provides a state-of-the-art method for segmenting
heart sounds. The main disadvantage of HHM and HSHM models is that require many
parameters and are therefore computationally intensive and slow.

The feature-based methods involve extracting speci�c features from the signal, such
as energy fraction, sample entropy, total variation �ltering, Shannon entropy, instantaneous
phase boundary, boundary location identi�cation, likelihood computation, and others, to
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identify peaks present in the cardiac cycles [132], [149]�[157]. In more recent approaches,
researchers have segmented the cardiac signals directly into cardiac cycles and bypassed
the steps of identifying the individual positions of the S1 and S2 peaks [82], [83], but
this requires prior knowledge of the cardiac cycles. Once features are extracted, they are
compared against prede�ned thresholds or patterns, often derived from expert knowledge
or prior studies, to determine the location of heart states. The e�ectiveness of feature-
based segmentation depends on selecting the right features that accurately capture the
nuances of heart sounds, which can be challenging due to the variability in heart sounds
across di�erent patients and conditions. Additionally, such methods may require extensive
computational resources, particularly when dealing with large datasets or complex feature
sets.

Methods based ontime-frequency analysis decompose the signal into time-frequency
representations that allow simultaneous capture of temporal and spectral features [56],
[123], [158]�[164]. Techniques such as the short-time Fourier transform [165], [166] or
the wavelet transform [167], [168] show how the frequency content of the signal changes
over time, which facilitates the detection of transient events and frequency variations.
Wavelet analysis uses scaled and translated wavelet functions to decompose the signal into
di�erent frequency bands, resulting in a multi-resolution representation that captures high-
frequency components at �ne scales and low-frequency components at coarse scales. These
methods e�ectively capture localized temporal features and frequency content suitable for
segmentation of complex heart-sound signals. However, careful selection of parameters
and wavelet features is required, and interpretation may require additional complexity
compared to other segmentation approaches.

As opposed to the probabilistic models, which incorporate prior knowledge about the
PCG signal structure, learning-based methods utilize ML algorithms to learn the map-
ping between the signal and the segmentation boundaries, either directly from the signal
or from the extracted features [169]. The learning-based approaches can be unsupervised,
meaning that they do not require the labels of the data, and supervised, which means that
the segmentation boundary labels are required. In [170], the authors employed an unsuper-
vised learning approach based on spectral clustering to locate the S1 and S2 sounds. Due
to the recent advances of DL in image segmentation tasks [171], supervised methods [172]
for heart-sound segmentation nowadays mostly rely on DL approaches [147], [173]�[176]

2.5.2 Feature Engineering

In ML and pattern recognition, a feature refers to a measurable property extracted from
data. Features are numerical representations that capture relevant information about the
data, enabling algorithms to learn patterns, make predictions, or perform tasks. They serve
as input variables for ML methods and are typically derived through feature-engineering
techniques, which involve extracting, selecting features, and normalizing features. Ad-
ditionally, the target variable, representing the outcome of interest, is often considered
alongside features during model training and evaluation. The goal of feature engineering is
to identify a small number of representative features to replace the high-dimensional raw
signals. This reduces data dimensionality, removes redundant or irrelevant information,
and transforms the data into a more suitable form for subsequent classi�cation [177].

2.5.2.1 Feature Extraction

Feature extraction in sound analysis can be done with the raw or denoised signal, seg-
mented or not, but is most e�ective when done with the denoised and segmented signal.
There are many established and standardized features for audio analysis and can be split
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into several categories: time-domain features, statistical features, frequency-domain fea-
tures, wavelet features, and deep features. While some literature treats time-domain and
statistical features as a single group, most related work treats them as separate categories;
therefore, we do so as well.

Time-domain features describe characteristics of the signal in the time domain and
provide insight into the temporal dynamics. They include measures such as length, mean,
median, minimum, maximum, root-mean-square, zero-crossing rate, energy, power, en-
tropy, periodicity, and autocorrelation.

Statistical features aim to encapsulate the overall distribution and statistical charac-
teristics of the signal, o�ering insights into its shape and variability. They include measures
such as standard deviation, skewness, and kurtosis.

In order to extract the frequency-domain features , the signal has to �rst be trans-
formed into the frequency domain. For this purpose, Fourier analysis is widely used. It
states that every periodic signal can be represented as the sum of sine waves of di�erent
frequencies. A FFT provides representation of the distribution of the frequency content of
sounds, i.e., of sound spectrum. Example of signal decomposition is shown in Figure 2.8.

Figure 2.8: Fourier transform: decomposing a signal into its individual time-domain com-
ponents and transforming it into the frequency domain.

The black signal depicted on the left represents the time-domain view, while the
coloured signals on the right represent its individual time-domain components. When rep-
resented in the frequency domain, the signal showcases the distribution of its constituent
frequency components. Each coloured dot along the frequency axis corresponds to a spe-
ci�c frequency component in the spectrum. Low-frequency components are positioned at
the beginning of the axis, while high-frequency components are located toward the end.
While the FFT produces complex values that contain both the amplitude and phase infor-
mation of the signal's frequency components (known as FFT coe�cients), we are usually
only interested in the magnitude (absolute value) of these coe�cients. These magnitudes
represent the strength of each frequency component in the signal. The spectrum is as a
plot of the magnitudes of the FFT coe�cients against their corresponding frequencies.

Frequency-domain features include power spectral density, spectral centroid, spectral
bandwidth, spectral constrast, spectral �atness, spectral entropy, spectral roll-o�, Mel-
frequency cepstrum coe�cients (MFCCs), and chroma vector.

In a wavelet decomposition , the signal is decomposed into various frequency compo-
nents, providing decomposition coe�cients at di�erent levels. At each level, �lters deter-
mined by the selected wavelet function are applied to separate the signal into low-pass and
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high-pass components. The coe�cients of these components can be extracted and used as
features. The details to wavelet decomposition can be found in Section 3.3.1.1.4.

Deep features refer to the representations of data that are learned by DL models
during the training process. These features are abstract, high-level representations that
capture complex patterns and structures in the data. They are automatically learned from
the input data by multiple layers of the network, with each layer transforming the data
into increasingly complex and informative representations. As a rule, deep features are
extracted from the last hidden layer of the NN.

The listed features can also be extracted from the �rst and the second derivative of a
signal, which greatly increases the amount of possible extracted features.

2.5.2.2 Feature Selection

Feature selection methods aim to reduce the input features down to those deemed most
useful for predicting the target variable in a model. This serves several purposes. It
addresses the "curse of dimensionality" by reducing over�tting and computational com-
plexity. By focusing on relevant features, it improves the performance of the model while
minimizing the risk of learning noise in the data. In addition, feature selection simpli�es
the model, making it more interpretable, and improves computational e�ciency by working
with a smaller feature set. Feature selection techniques can be split into two categories:
unsupervised and supervised [178].

If the target variable is not required during the process of selecting the most infor-
mative features, the technique isunsupervised . Correlation methods utilize statistical
measures to evaluate the interrelationships among features, enabling the selection of the
most relevant features through �ltering. Unsupervised methods are typically applied after
the supervised methods to remove the features that exhibit high correlation. Features
with high correlation are considered redundant as they convey similar information, and
retaining only one of such similar features su�ces to preserve the relevant information.

As opposed to the unsupervised methods, thesupervised feature-extraction meth-
ods require the target variable during the selection process. Supervised methods can be
split into three categories: �lter, wrapper, and intrinsic methods. The diagram showing
hierarchy of the feature selection methods is shown in Figure 2.9.

Figure 2.9: Hierarchy of feature selection techniques [179].

Filter methods select the features independently of the model and rely on the data
characteristics to evaluate the importance of the features. They are generally more com-
putationally e�cient than wrapper methods. However, since they lack a speci�c learning
algorithm to guide feature selection, the selected features may not be optimal for the
target model. A �lter method usually involves two steps. Firstly, the importance of the
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features is evaluated using a prede�ned scoring metric that compares them with the target,
seeking correlation. This evaluation can be univariate, where each feature is evaluated in-
dividually, or multivariate, where several features are evaluated simultaneously. Secondly,
features with low scores are discarded during �ltering [178]. A �lter metric depends on
the data types of the input features and the output target. Data type can be numeric
or categorical. Numeric types include integer (e.g., 1, 52, 100) and �oat (e.g., 0.1, 3.2,
8.33), whereas categorical types include nominal (e.g., red, green, blue), ordinal (e.g., 1-st,
2-nd, 3-rd), and boolean (e.g., true, false). When the output target is numerical, the task
involves regression, whereas for a categorical target, it involves classi�cation.

The popular scoring metrics include Pearson's correlation coe�cient, Spearman's rank
coe�cient, Kendall's rank coe�cient, ANOVA correlation coe�cient, � 2 test, and mutual
information. All correlation coe�cients vary between -1 (perfect negative relationship)
and 1 (perfect positive relationship), with 0 meaning no correlation. Pearson's correlation
coe�cient measures the linear relationship between two sets that can be either discrete or
continuous in nature [180]. The Spearman's rank correlation coe�cient is a non-parametric
measure of correlation that evaluates the extent to which an arbitrary monotonic function
can describe the relationship between two variables, irrespective of assumptions about their
frequency distribution [181]. Kendall's rank correlation coe�cient measures ordinal asso-
ciation between variables, ideal for non-parametric data. It evaluates data point ordering
similarity, robust to outliers and distribution assumptions. Because it is calculated from
concordant and discordant observation pairs, it avoids the need for normal distribution
assumptions [182]. ANOVA correlation coe�cient compares means among two or more
groups. When examining correlation coe�cients, ANOVA becomes valuable for assessing
the interrelationships among multiple variables concurrently [183]. The� 2 test evaluates
the independence between categorical variables. It is designed to analyse the discrepancy
between observed counts in categorical data and the counts expected under the assumption
that the categories are independent [184]. Mutual information quanti�es how much know-
ing one variable reduces uncertainty about another, detecting both linear and nonlinear
relationships. It is applicable across various types and distributions of data [185].

Wrapper methods systematically evaluate various models by iteratively modifying
features to identify the combination that optimizes model performance. These methods
employ a greedy search approach, considering all possible feature combinations against a
speci�ed evaluation criterion, which depends on the problem type. For instance, in re-
gression, p-values may serve as an evaluation criterion, while accuracy could be used for
classi�cation. The search algorithm stops when the predetermined number of features is
selected, or when the predetermined evaluation criterion threshold is met. Ultimately,
wrapper methods select the feature combination that yields the best performance for the
designated ML algorithm. However, their e�ectiveness is directly tied to the selection pro-
cess, and wrapper methods are often computationally intensive compared to �lter methods,
with a risk of over-�tting. The wrapper selection approaches include forward selection,
backward elimination and stepwise selection [178].

In forward selection, the process is initiated with a null model, and each individual
feature is sequentially added to the model. Their performance is evaluated based on pre-
de�ned evaluation criterion. The feature providing the most signi�cant improvement is
initially selected. Subsequently, the feature set is expanded by exploring combinations of
the previously selected features with the remaining ones until the stopping criteria are met
[178].

In backward selection, all features are initially included in the model and then itera-
tively removed based on the evaluation criterion to identify those that do not signi�cantly
contribute to the model. This iterative process continues until the �nal set of signi�cant
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features is obtained [178].
Stepwise selection combines aspects of both forward selection and backward elimina-

tion. Similar to forward selection, this method involves adding new features iteratively.
However, unlike forward selection, it also evaluates the signi�cance of previously added fea-
tures. If any of these features are found to be insigni�cant, they are removed via backward
elimination [178].

Intrinsic or embedded methods combine the advantages of both wrapper and �lter
methods. They incorporate feature interactions while ensuring computational e�ciency.
These methods iterate through the model-training process, extracting features that con-
tribute the most to each iteration's training. Some of the approaches include L1 regular-
ization, L2 regularization, and decision tree-based methods.

L1 regularization involves imposing a penalty on the model's parameters to constrain its
�exibility and prevent over�tting. In linear model regularization, this penalty is imposed on
the coe�cients associated with each predictor. Among various regularization methods, L1
regularization can e�ectively reduce some coe�cients to zero, thereby eliminating certain
features from the model [186].

L2 regularization is a technique used to prevent over�tting in ML models by adding a
penalty term to the model's loss function. This penalty term is proportional to the square of
the magnitude of the coe�cients associated with each predictor, thus encouraging smaller
coe�cient values. As a result, L2 regularization tends to shrink the coe�cients towards
zero, but unlike L1 regularization, does not usually bring them exactly to zero. This helps
to reduce the impact of irrelevant or redundant features in the model while retaining all
features in the �nal model [187].

Decision tree-based methods involve using decision trees to automatically select relevant
features during the training process. These methods work by recursively partitioning the
feature space based on the predictive power of each feature. Features that contribute more
to reducing impurity or increasing information gain at each split are favoured and retained
in the �nal model, while less important features are pruned away. Such methods include
decision tree, random forest, XGBoost and LighGBM [179]. The models are thoroughly
described in Section 2.5.3.1.

In addition to feature selection methods,dimensionality reduction techniques of-
fer alternative approaches for reducing the data's dimensionality. The outcome of these
techniques aligns with that of feature selection as they both reduce the number of input
features. However, the main di�erence is that the output features of dimensionality reduc-
tion techniques are not interpretable as they are computed as combinations of the original
features and are thus mainly used as high-dimensional data visualization techniques. Two
widely employed dimensionality reduction techniques are the Principal Component Anal-
ysis (PCA) and the t-Distributed Stochastic Neighbor Embedding (t-SNE). Comparison
of PCA and t-SNE employed on the same high-dimensional publicly available dataset con-
sisting of 10 classes is given in Figure 2.10.

PCA is a deterministic linear transformation method that transforms the data into a
new coordinate system. In this new system, the principal components, representing the
transformed variables, are linear combinations of the original variables. These components
are uncorrelated, and the highest variance is aligned with the �rst coordinate, followed by
subsequent coordinates capturing decreasing variances [189].

On the other hand, t-SNE is a randomized non-linear method. It works by modeling
the relationships between data points in the high-dimensional space and then representing
these relationships in the lower-dimensional space. In essence, t-SNE aims to preserve the
local structure of the data, ensuring that similar data points are placed close together in the
lower-dimensional space while dissimilar points are placed farther apart [190]. Compared
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