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ABSTRACT 

Myocardial infarction (MI) remains one of the leading causes of cardiac-related mortality 

globally, posing a significant burden on public health systems, including in Ethiopia. Early and 

accurate diagnosis is crucial for the effective management and treatment of MI and its various 

subtypes. Electrocardiogram (ECG) serves as a primary, non-invasive diagnostic tool due to its 

capacity to reveal critical cardiac anomalies, particularly through analysis of the QRS complex. 

However, reliable interpretation of ECG signals is challenged by artifacts such as baseline 

wander, motion interference, and muscle contraction noise. This research presents a 

comprehensive diagnostic framework that integrates advanced spectral analysis and machine 

learning techniques for multi-classification of myocardial infarction. The study explores four 

major spectral techniques, Stationary Wavelet Transform (SWT), Discrete Wavelet Transform 

(DWT), Wavelet Packet Transform (WPT), and Stockwell Transform (ST), to decompose ECG 

signals into relevant time-frequency domains. From these decomposed spectral bands, nonlinear 

entropy-based features such as Sample Entropy and Bubble Entropy are extracted to capture the 

inherent complexity and irregularities within the MI signal dynamics. These features are then 

employed to train multiple machine learning classifiers including Random Forest (RF), Bayesian 

Optimized Support Vector Machine (BOSVM), Adaptive K-Nearest Neighbours (AKNN), SVM 

(Support Vector Machine), AdaBoost, Decision Tree (DT), and Extreme Learning Machine (ELM). 

The simulation results indicated that the combined spectral and nonlinear approach, with 

performance metrics ranging from 90 – 99.96% for most of the classes, significantly outperformed 

the individual spectral and nonlinear methods that ranged from 71 - 89.9% for some of the classes. 

Among the combined approaches, the DWT-based BOSVM model achieved an accuracy of 

99.94%, specificity of 99.96%, sensitivity of 99.85%, precision of 99.86%, and F1-score of 

99.85%. This robust model shows great promise for real-time implementation in clinical 

diagnostic systems. 

Keywords: Myocardial Infarction, Electrocardiogram, Spectral Analysis, Sample Entropy, Bubble 

Entropy, Machine Learning, Classification, DWT, BOSVM
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CHAPTER ONE 

1. INTRODUCTION 

1.1 Background of the Study 

Cardiovascular diseases (CVDs), including heart and blood vessel disorders, remain the leading 

cause of death globally, accounting for approximately 17.9 million deaths annually as of 2022 

(World Health Organization, 2023). Conditions such as heart failure, coronary artery disease 

(CAD), myocardial infarction (MI), and cardiomyopathies fall under this umbrella. Among 

these, MI, commonly known as a heart attack, stands out as a critical condition characterized by 

the interruption of blood supply to a part of the heart, leading to irreversible damage of the 

cardiac muscle (Ibanez et al., 2018). Early and accurate diagnosis of MI is paramount for timely 

intervention, which can significantly improve patient outcomes and reduce mortality rates 

(Amsterdam et al., 2014). 

Alarmingly, over 75% of these fatalities occur in low- and middle-income countries, with 

Ethiopia being no exception. In Ethiopia, CVD prevalence is rising, particularly among 

individuals aged 40 and above, with an estimated 170 daily deaths attributed to these conditions 

(Solomon Ali, 2022). Males show a higher tendency compared to females as indicated on figure 

1.1. This growing burden highlights the urgent need for efficient diagnostic tools to improve 

early detection and management. 

 

 

Figure 1.1 CVD prevalence rate by age group and gender, Ethiopia (Solomon Ali, 2022) 
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The electrocardiogram (ECG) has long been a key tool in the initial diagnosis and risk 

assessment of patients with suspected acute coronary syndromes, including MI (Ibanez et al., 

2018). The non-invasive nature, affordability, and widespread availability of ECG make it an 

indispensable tool in clinical practice. Traditional ECG interpretation relies on the visual 

identification of specific morphological changes in the waveforms, such as ST-segment 

elevation, depression, T-wave inversion, and the presence of pathological Q-waves (Wagner et 

al., 2009). However, the subtle and dynamic nature of ischemic changes can sometimes make 

accurate diagnosis challenging, particularly in the early stages of MI or in cases with atypical 

presentations (Kontos et al., 2010). 

In recent years, advancements in signal processing techniques have opened new avenues for 

extracting more comprehensive information from the ECG signal beyond the conventional 

morphological analysis. Spectral analysis, which breaks down the ECG signal into its different 

frequency parts, is showing promise for spotting small changes linked to heart issues like 

ischemia and infarction (Clifford, Liu, et al., 2017). By looking at how power is spread across 

various frequency ranges, this method can pick up on changes in the heart’s electrical activity 

that might not be obvious when just looking at the signal over time (Sörnmo & Laguna, 2005). 

At the same time, machine learning (ML) has made huge progress, providing strong tools for 

recognizing patterns, classifying data, and making predictions in fields like healthcare 

(Obermeyer et al., 2019). Machine learning algorithms have the capability to learn complex 

relationships from large datasets and can be trained to automatically detect and classify different 

cardiac conditions based on features extracted from the ECG signal (Acharya, Sudarshan, et al., 

2017). The integration of machine learning with advanced signal processing techniques like 

spectral analysis holds significant potential for enhancing the accuracy and efficiency of MI 

detection and classification (Y. Li et al., 2020). 

The synergy between spectral methods and machine learning offers a promising pathway to 

overcome the limitations of traditional ECG interpretation. Spectral analysis can provide a richer 

set of features that capture the dynamics nature of the cardiac electrical activity, while machine 

learning algorithms can effectively learn from these features to build robust and accurate 

diagnostic models for myocardial infarction and its various classifications. This hybrid approach 
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has the potential to improve the early diagnosis and management of this critical cardiac 

condition. 

1.2 Motivation of the Study 

There are several issues with traditional ECG that motivates the need to explore better methods 

for diagnosing myocardial infarction (MI). First, the visual interpretation of ECGs is subjective 

and relies heavily on the expertise of the clinician, which can lead to differences in how people 

read them and slow down diagnosis, especially in places with limited resources (Moras et al., 

2024). Second, early-stage MI or non-ST-segment elevation myocardial infarction (NSTEMI) 

can show small or unclear ECG changes, making it hard to diagnose quickly (Sami & Willerson, 

2010). Third, patients at high risk need constant heart monitoring, which needs tools that are 

reliable and can automatically analyse ECG signals in real time (Yan et al., 2018). 

Advancements in digital signal processing and machine learning offer better solutions to address 

these problems. Spectral analysis gives a clear way to look at the frequency parts of the ECG 

signal, showing small changes related to heart ischemia that might be missed by visual 

inspection (Clifford, Liu, et al., 2017). By decomposing the ECG into different frequency bands, 

spectral methods can capture dynamic changes in cardiac electrical activity associated with MI 

(Voss et al., 2009). 

Also, machine learning algorithms have demonstrated remarkable capabilities in analysing 

complex patterns in high-dimensional data, making them well-suited for automated ECG 

interpretation (Hannun et al., 2019). By training on large datasets of ECG recordings from 

patients with and without MI, machine learning models can learn to identify detailed features 

and relationships that points to the disease, potentially improving diagnostic accuracy and 

reducing the reliance on subjective visual interpretation (Hannun et al., 2019). 

Combining spectral analysis and machine learning holds the potential to create a powerful 

diagnostic framework for MI. Spectral features can provide a more comprehensive 

representation of the underlying cardiac pathophysiology, while machine learning algorithms 

can leverage these features to develop highly accurate and robust classification models. This 

approach could lead to earlier and more accurate detection of MI, enabling timely interventions 

and ultimately improving patient outcomes. Moreover, an automated system based on this 

framework could facilitate continuous monitoring and early warning of acute cardiac events, 
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particularly beneficial in critical care settings and for remote patient monitoring (Steg et al., 

2012). Therefore, the motivation for this study stems from the need to enhance the accuracy, 

efficiency, and accessibility of MI diagnosis through the combination of spectral analysis and 

machine learning techniques. 

1.3 Statement of the Problem 

Even with big improvements in diagnosing and treating myocardial infarction (MI), some 

problems remain. Traditional ECG reading, though commonly used, can vary depending on the 

observer and may miss small signs of ischemia, especially in early MI or NSTEMI cases (Moras 

et al., 2024; Sami & Willerson, 2010). This can lead to delays in diagnosis and treatment, 

potentially impacting patient outcomes. Furthermore, the need for continuous and automated 

monitoring in critical care and remote settings raises a need for the development of a better 

diagnostic tools (Yan et al., 2018). 

While machine learning techniques have shown promise in automated ECG analysis, their 

performance heavily relies on the quality and representativeness of the input features (Y. Li et 

al., 2020). Regular time-based features extracted from ECGs might not fully capture the 

complex and changing electrical activity in the heart during myocardial infarction. This means 

we need to look into more advanced signal processing techniques that can extract better and 

more distinct features from the ECG signal. 

Spectral analysis offers a potential solution by decomposing the ECG signal into its frequency 

components, allowing for the identification of small changes in the cardiac electrical activity 

(Clifford, Sameni, et al., 2017). However, the effective application of spectral methods for MI 

detection and classification requires careful selection of relevant frequency bands and 

appropriate analysis techniques. 

Moreover, the accurate multi-classification of different types or stages of myocardial infarction 

is an additional challenge. Distinguishing between different MI subtypes or identifying the 

extent and location of the infarction based solely on ECG remains a complex task. Machine 

learning models need to be trained on comprehensive datasets with well-defined diagnostic 

categories to achieve reliable multi-classification performance. 
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Therefore, the central problem addressed by this thesis is the need for a more robust and accurate 

diagnostic framework for the multi-classification of myocardial infarction that overcomes the 

limitations of traditional ECG interpretation and leverages the strengths of advanced signal 

processing and machine learning techniques. Specifically, this research aims to investigate the 

potential of integrating spectral and nonlinear analysis of ECG signals with machine learning 

algorithms to improve the accuracy and efficiency of MI diagnosis and classification. 

1.4 Objectives of Thesis 

1.4.1 General Objective 

Explore and propose an efficient diagnostic framework that integrates spectral and nonlinear 

analysis with machine learning techniques for an accurate multi-classification of myocardial 

infarction. 

1.4.2 Specific Objectives 

1. To explore an efficient spectral method to analyse the dynamic characteristics of the 

ECG of normal and MI diseases. 

2. To extract the non-linear feature from spectral band of MI ECG signals. 

3. To analyse the performance of ML based classifier using models such as random forest, 

BOSVM, AKNN, SVM, AdaBoost, decision tree and ELM. 

4. To compare the performances of spectral, nonlinear and hybrid (spectral and nonlinear) 

methods. 

1.5 Significance of the Study 

This research holds significant potential to contribute to the field of cardiovascular disease 

diagnosis and management. Firstly, it can lead to more accurate and timely detection of MI, 

potentially reducing diagnostic delays and improving patient outcomes (Amsterdam et al., 

2014). Depending on the ability of spectral methods to capture small changes in ECG signals 

and the pattern recognition capabilities of machine learning, the proposed framework can 

enhance the sensitivity and specificity of MI diagnosis, especially in challenging cases like 

early-stage MI or NSTEMI (Sami & Willerson, 2010). 

Secondly, the ability to accurately multi-classify different types or stages of myocardial 

infarction can provide clinicians with more detailed information for guiding treatment strategies 
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and predicting prognosis (Thygesen et al., 2007). This could lead to more personalized and 

effective management of patients with MI. 

Thirdly, an automated diagnostic tool based on this framework can have significant benefits for 

healthcare delivery. It can facilitate continuous and real-time monitoring of high-risk patients in 

critical care settings, emergency departments, and even in remote patient monitoring scenarios 

(Yan et al., 2018). This can enable early detection of acute cardiac events and aid timely 

interventions, potentially saving lives. 

Furthermore, this research can contribute to the advancement of knowledge in the application 

of signal processing and machine learning techniques in cardiology. The exploration of spectral 

features and the evaluation of different machine learning algorithms for MI classification can 

provide valuable insights for future research in this area (Acharya, Sudarshan, et al., 2017; Y. 

Li et al., 2020). The comparative analysis of the proposed method with other techniques will 

also help to identify the strengths and weaknesses of different approaches, contributing to the 

development of more effective diagnostic tools. 

Finally, the findings of this study could help with the diagnosis of other cardiac conditions that 

shows small changes in the ECG signal. The methodologies developed in this research could 

potentially be adapted and applied to the classification of other cardiac arrhythmias and ischemic 

conditions, making ECG an even more helpful tool for diagnosis. 

1.6 Scope of the Study 

The scope of this thesis focuses on the exploration, evaluation and proposition of a diagnostic 

framework for myocardial infarction using spectral and nonlinear analysis with machine 

learning techniques applied to ECG signals. The research will primarily involve the analysis of 

existing ECG datasets containing recordings from individuals with and without myocardial 

infarction. 

The spectral analysis component of this research will involve the application of various spectral 

methods, such as stockwell transform, stationary wavelet transform, and other time-frequency 

analysis techniques, to extract relevant features from the ECG signals. The focus will be on 

identifying spectral characteristics that can effectively differentiate between normal ECGs and 

those indicative of myocardial infarction. Furthermore, the research will explore the extraction 
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of non-linear features from the spectral bands to capture more complex patterns associated with 

MI. 

The machine learning component will involve the application of different classification 

algorithms to the extracted spectral features. This will include training of different machine 

learning models for the multi-classification of MI diseases. The performance of these models 

will be evaluated using appropriate metrics such as accuracy, sensitivity, specificity, and F1-

score. 

To assess the effectiveness of a proposed approach, the study will also involve a comparative 

analysis of its performance against the other methods. This comparison will provide insights 

into the strengths and weaknesses of the proposed methods relative to existing methods. 

The research will be limited to the analysis of ECG signals and will not involve other diagnostic 

tools or clinical data beyond what is available in the chosen datasets. The focus will be on the 

better method selection and performance evaluation. The research will primarily utilize publicly 

available ECG datasets to ensure ethical considerations and data privacy. 

1.7 Contribution of the study 

Addressing the current gap in binary classification (Normal vs MI), this research includes 

subtypes of MI for multiclassification using a range of ML algorithms. In addition, integrates 

spectral methods with nonlinear methods to achieve better feature extraction from an ECG 

signal. The near-perfect performance achieved using the hybrid methods lays a foundation for 

practical integration into real-time ECG systems to support early MI detection and timely 

intervention. 

1.8 Limitation of the Study 

While this research aims to provide a comprehensive analysis into the use of spectral methods 

and machine learning for myocardial infarction multi-classification, it is important to 

acknowledge certain limitations. Firstly, the performance of the proposed framework will be 

heavily dependent on the quality and characteristics of the ECG datasets used for training and 

evaluation. The generalizability of the findings might be limited by the specific populations 

represented in these datasets and the potential presence of noise or artifacts in the recordings. 
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Secondly, the selection of appropriate spectral analysis techniques and the optimization of 

machine learning algorithms often require some trial-and-error testing for experimentation. 

While the study involves certain methodologies and parameter tuning, the chosen methods and 

parameters might not be universally optimal for all possible ECG datasets or clinical scenarios. 

Thirdly, the interpretability of complex machine learning models can be a challenge. While high 

accuracy is a primary goal, understanding the specific features and patterns that the model learns 

to associate with different classes of myocardial infarction can be valuable for clinical 

acceptance and further refinement of the diagnostic framework.  

Furthermore, the scope of this research is limited to the analysis of ECG signals. Other relevant 

clinical information, such as patient history, symptoms, and results from other diagnostic tests 

(e.g., blood tests, imaging), which are typically considered in the clinical diagnosis of MI, will 

not be directly incorporated into the proposed framework. 

Finally, the evaluation of the proposed framework will primarily be based on offline analysis of 

existing datasets. While the study aims to develop an efficient framework, real-time 

implementation and validation in a clinical setting would require further research and 

development. 

1.9 Thesis Organization 

This thesis is organized into several chapters to provide a comprehensive overview of the 

research conducted. Following this introductory chapter, which has provided the background, 

motivation, problem statement, objectives, significance, scope, and limitations of the study, the 

subsequent chapters will cover the theoretical and methodological aspects of the research. 

Chapter 2, titled "Literature Review," will provide a detailed survey of existing research related 

to myocardial infarction diagnosis, spectral analysis of ECG signals, and the application of 

machine learning techniques in cardiology. This chapter will critically analyse previous studies, 

identify gaps in the current knowledge, and highlight the contribution of this thesis. 

Chapter 3, "Materials and Methods," will elaborate on the spectral methods employed for ECG 

signal analysis, the feature extraction process, the workflow diagram of the research 

methodology, and machine learning algorithms used for comparison. It will also outline the 
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experimental setup, including the datasets used, the preprocessing steps, and the evaluation 

metrics. 

Chapter 4, "Results and Discussions," will present the findings of the study. This chapter will 

showcase the performance of the proposed diagnostic framework in terms of accuracy, 

sensitivity, specificity, and other relevant metrics. It will also provide a comparative analysis of 

the proposed model with the other the techniques.  

5, "Conclusions and Recommendations," will summarize the key findings of the thesis and their 

implications for myocardial infarction diagnosis. It will also discuss the limitations of the study 

and suggest potential directions for future research in this area.  
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CHAPTER TWO 

2. LITERATURE REVIEW 

This chapter aims to provide an extensive review of the existing literature related to the multi-

classification of MI using spectral and nonlinear methods with machine learning techniques. 

Topics in anatomical and electrophysiological basis of cardiac function, principles of ECG, and 

fundamental frequency components of the ECG signal, and MI along with its classification will 

be explored. The chapter will also provide spectral analysis methods and overview of machine 

learning, including various methods used in machine learning mechanism. Review of related 

works will also be presented, followed by a research gap analysis and a summary of related 

research papers. 

2.1 Cardiac Anatomy and Electrophysiology 

2.1.1 Anatomy of the Heart 

The human heart is a complex, four-chambered muscular organ responsible for pumping blood 

throughout the circulatory system, delivering oxygen and nutrients to the body's tissues and 

removing metabolic waste products (Marieb & Hoehn, 2014). It is situated within the 

mediastinum, the central compartment of the thoracic cavity, and is roughly cone-shaped, about 

the size of a clenched fist (Marieb & Hoehn, 2014). The heart is enclosed within a double-

layered sac called the pericardium, which protects it and reduces friction during its rhythmic 

contractions (Marieb & Hoehn, 2014). 

The heart comprises four chambers: two atria (right and left) and two ventricles (right and left) 

(Tortora & Derrickson, 2018). The atria are the receiving chambers for blood returning to the 

heart. The right atrium receives deoxygenated blood from the systemic circulation via the 

superior and inferior vena cava, while the left atrium receives oxygenated blood from the lungs 

via the pulmonary veins (Tortora & Derrickson, 2018). The ventricles are the pumping 

chambers. The right ventricle pumps deoxygenated blood to the lungs through the pulmonary 

artery, and the left ventricle, the largest and most muscular chamber, pumps oxygenated blood 

to the rest of the body through the aorta (Tortora & Derrickson, 2018). 
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Valves within the heart ensure unidirectional blood flow. The atrioventricular (AV) valves, the 

tricuspid valve on the right and the mitral (bicuspid) valve on the left, regulate blood flow from 

the atria to the ventricles (Marieb & Hoehn, 2014). The semilunar valves, the pulmonary valve 

guarding the exit of the right ventricle and the aortic valve guarding the exit of the left ventricle, 

prevent backflow into the ventricles (Marieb & Hoehn, 2014). 

The heart wall itself is composed of three layers: the epicardium (outer layer), the myocardium 

(middle, muscular layer responsible for contraction), and the endocardium (inner lining of the 

heart chambers) (Tortora & Derrickson, 2018). The myocardium is richly supplied with blood 

vessels, the coronary arteries, which deliver oxygen and nutrients essential for its function. 

Blockage of these arteries leads to ischemia and, if prolonged, to myocardial infarction (Libby, 

2012). 

 

Figure 2.1 Electrical conduction system of the heart (In yellow color) (Kuate & Fotsin, 2022) 

The cardiac conduction system is a specialized network that ensures the heart beats in a 

coordinated and rhythmic manner (Antzelevitch & Burashnikov, 2011). As illustrated on figure 

2.1, it begins with the sinoatrial (SA) node, located in the right atrium near the entrance of the 

superior vena cava. As the natural pacemaker of the heart, the SA node initiates each heartbeat 

and sets the pace for the heart rate by generating electrical impulses that stimulate both atria to 

contract (Joyner & van Capelle, 1986). These impulses then reach the AV node, situated on the 

lower right atrium near the AV valve. The AV node acts as a critical delay point, momentarily 

holding the signal to allow the atria to fully empty their blood into the ventricles (James, 2002). 
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From there, the electrical signal travels down the atrioventricular bundle (bundle of His), which 

splits into right and left bundle branches that conduct the signal toward the apex of the heart 

(James, 2003). Finally, the signal is rapidly disseminated throughout the ventricles via the 

Purkinje fibers, ensuring a forceful and coordinated ventricular contraction necessary for 

efficient blood circulation (Klabunde, 2012). 

2.1.2 Electrocardiogram (ECG) 

ECG is a non-invasive diagnostic tool that records the electrical activity of the heart over time 

using electrodes placed on the skin (Wagner et al., 2009). Each heartbeat originates from an 

electrical impulse generated in the SA node, located in the right atrium (Scratcherd, 1997). This 

impulse then spreads throughout the atria, causing them to contract and pump blood into the 

ventricles. The electrical signal then travels to the AV node, where it is briefly delayed before 

passing down the bundle of His and into the ventricles via the left and right bundle branches 

(Scratcherd, 1997). This ventricular activation leads to ventricular contraction, pumping blood 

to the lungs and the rest of the body. Finally, the ventricles repolarize, preparing for the next 

heartbeat. 

 

Figure 2.2 Parts of the ECG (Wagner et al., 2009)  

As shown in figure 2.2, the ECG graphically represents these electrical events as a series of 

waves and complexes. The P wave represents atrial depolarization (contraction) (Wagner et al., 

2009). The QRS complex represents ventricular depolarization (contraction), and the T wave 
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represents ventricular repolarization (relaxation). The PR interval reflects the time it takes for 

the electrical impulse to travel from the SA node through the atria and AV node to the ventricles 

(Wagner et al., 2009). The ST segment represents the period between ventricular depolarization 

and repolarization. The QT interval represents the total duration of ventricular depolarization 

and repolarization (Wagner et al., 2009). Changes in the morphology, amplitude, and timing of 

these ECG components can indicate various cardiac abnormalities, including myocardial 

ischemia and infarction (Thygesen et al., 2007). 

 

Figure 2.3 The normal electrocardiogram (Lowenstein, 2018)  

As shown in figure 2.3, a standard 12-lead ECG provides a comprehensive view of the heart's 

electrical activity from different angles (Lowenstein, 2018). These leads include six limb leads 

(I, II, III, aVR, aVL, aVF) and six precordial (chest) leads (V1-V6). Each lead records the 

electrical potential difference between two electrodes (bipolar leads) or between one electrode 

and a reference point created by averaging the potentials of other electrodes (unipolar leads). 

The specific morphology and timing of the waves and intervals in an ECG can provide valuable 

information about the heart's rhythm, conduction, and overall health (Lowenstein, 2018). 
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2.1.3 Frequency Band of the ECG Signal 

The frequency band of a typical ECG signal ranges from approximately 0.05 Hz to 100 Hz 

(Sörnmo & Laguna, 2005). However, the clinically relevant information for diagnosing various 

cardiac conditions often lies within specific frequency bands (Clifford, Liu, et al., 2017). 

 Low Frequency (0.05 - 4 Hz): contains the fundamental waveforms of the ECG, 

including the P wave, QRS complex, and T wave (Sörnmo & Laguna, 2005). Changes 

in the amplitude, duration, and morphology of these waves within this band are crucial 

for diagnosing conditions like myocardial infarction, arrhythmias, and hypertrophy. 

 Mid Frequency (4 - 40 Hz): contains information related to finer details of the cardiac 

electrical activity and can be relevant for detecting subtle changes associated with 

ischemia or certain types of arrhythmias (Clifford, Liu, et al., 2017). 

 High Frequency (40 - 100 Hz): While traditionally filtered out in standard ECG 

recordings, the high-frequency components of the QRS complex (HF-QRS) have been 

investigated for their potential in detecting subtle myocardial abnormalities, including 

ischemia and infarction, that may precede changes in the lower frequency bands 

(Clifford et al., 2010). 

Understanding the frequency distribution of the ECG signal and how it changes in different 

cardiac conditions is fundamental to the application of spectral analysis techniques for 

diagnostic purposes. 

2.2 Myocardial Infarction Cardiac Disease  

MI is a critical condition characterized by the death of heart muscle tissue due to a prolonged 

lack of blood supply, typically caused by a blockage in one or more of the coronary arteries 

(Thygesen et al., 2007). This blockage often results from the formation of a thrombus (blood 

clot) on top of an atherosclerotic plaque, interrupting the flow of oxygen and nutrients to the 

myocardium (Libby, 2012). The severity and location of the MI depend on which coronary 

artery is affected and the duration of the blockage (Amsterdam et al., 2014). Prompt diagnosis 
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and treatment are essential to minimize the damage to the heart muscle and improve patient 

outcomes (O’Gara et al., 2013). 

2.2.1 MI classification based on ECG 

Myocardial infarction is broadly classified based on the findings of the 12-lead ECG into two 

main types: ST-segment elevation myocardial infarction (STEMI) and non-ST-segment 

elevation myocardial infarction (NSTEMI) (Ibanez et al., 2018).  

 STEMI is characterized by a significant elevation of the ST segment on the ECG, 

indicating a complete blockage of a coronary artery and a more extensive area of 

myocardial damage. It typically requires immediate reperfusion therapy, such as 

percutaneous coronary intervention (PCI) or fibrinolysis, to restore blood flow (Ibanez 

et al., 2018).  

 NSTEMI does not show ST-segment elevation but may present with ST-segment 

depression, T-wave inversion, or no significant ECG changes. It usually indicates a 

partial or intermittent blockage of a coronary artery or a more limited area of myocardial 

damage. The management of NSTEMI involves risk stratification and may include 

medical therapy and/or PCI (Amsterdam et al., 2014). 

2.2.2 MI classification based on Anatomical location 

Myocardial infarction can also be classified based on the anatomical location of the affected 

heart muscle, which is often inferred from the specific leads showing ST-segment elevation or 

other ischemic changes on the ECG (Wagner et al., 2009).  

 Anterior Myocardial Infarction (AMI): This type of MI affects the anterior (front) wall 

of the left ventricle usually due to a blockage in the left anterior descending (LAD) artery 

(Wagner et al., 2009). 

 Antero-lateral Myocardial Infarction (ALMI): This type of MI affects the anterior (front) 

and lateral (side) walls of the left ventricle usually caused by an occlusion in the left 

anterior descending (LAD) artery or left circumflex (LCX) artery. ECG changes are 

typically seen in leads V1-V6, I, and aVL (Wagner et al., 2009). 
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 Antero-septal Myocardial Infarction (ASMI): This affects the anterior (front) wall and 

the septum (the middle wall separating the left and right ventricles) commonly due to a 

proximal LAD artery occlusion, which supplies blood to the septum. ECG changes are 

usually observed in leads V1-V4 (Wagner et al., 2009). 

 Inferior Myocardial Infarction (IMI): This affects the inferior (bottom) wall of the left 

ventricle usually caused by occlusion of the right coronary artery (RCA) or sometimes 

the left circumflex artery (LCX). ECG changes are typically seen in leads II, III, and 

aVF (Wagner et al., 2009). 

If these infarctions show ST-segment elevation on an ECG, they are classified as STEMI; If 

there is no ST-segment elevation but elevated cardiac biomarkers (e.g., troponin levels), they 

are classified as NSTEMI (Wagner et al., 2009). 

2.3 Spectral Methods 

Spectral methods are a class of techniques used to analyze signals by examining their frequency 

content (Proakis & Monolakis, 1996). These methods decompose a signal into its different 

frequencies, allowing for the identification of dominant frequencies, the analysis of power 

distribution across the frequency spectrum, and the detection of changes in frequency content 

over time (Proakis & Monolakis, 1996).  

2.3.1 Types of Spectral Methods 

There are various types of spectral methods used in signal processing, each with its own 

strengths and applications (Clifford, Sameni, et al., 2017; Sörnmo & Laguna, 2005):  

2.3.1.1 Fourier-Based Methods 

 Short-Time Fourier Transform (STFT): analyzes the frequency content of a signal over 

short segments of time, providing a time-frequency representation. However, it has a 

fixed resolution in both time and frequency, determined by the window size (Proakis & 

Monolakis, 1996).  
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 Periodogram: is a basic estimate of the power spectral density of a signal, calculated by 

taking the squared magnitude of the Fourier transform of the signal (Proakis & 

Monolakis, 1996).  

 Welch's Method: is an improvement over the periodogram, Welch's method reduces 

noise by averaging multiple periodograms computed from overlapping segments of the 

signal (Proakis & Monolakis, 1996). 

2.3.1.2 Wavelet-Based Methods 

 Discrete Wavelet Transform (DWT): decomposes a signal into different frequency 

bands at multiple resolutions using a set of scaling and wavelet functions (S. Mallat, 

2008). 

 Continuous Wavelet Transform (CWT): is siimilar to DWT but operates on continuous 

signals and provides a redundant representation, offering finer resolution in both time 

and frequency (S. Mallat, 2008). 

 Stationary Wavelet Transform (SWT): is a translation-invariant version of the DWT, 

useful for applications where precise timing of features is important (Clifford, Sameni, 

et al., 2017).  

 Wavelet Packet Transform (WPT): is an extension of DWT that decomposes both 

approximation and detail coefficients, providing a more comprehensive analysis of the 

signal's frequency content (Clifford, Sameni, et al., 2017). 

2.3.1.3 Time-Frequency Distribution Methods 

 Stockwell Transform (ST): combines aspects of STFT and WT, offering frequency-

dependent resolution (Stockwell, 1996). 

 Wigner-Ville Distribution (WVD): is a quadratic time-frequency distribution that 

provides high resolution but can suffer from cross-term interference when analyzing 

multi-component signals (Cordero & Trapasso, 2020).  
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2.4 Machine Learning Methods 

Machine learning (ML) is a field of artificial intelligence that focuses on enabling computers to 

learn from data without being explicitly programmed (Bishop, 2014). ML algorithms build 

mathematical models based on sample data, known as "training data," to make predictions or 

decisions without being explicitly programmed to perform the task (Bishop, 2014).  

Machine learning methods can be broadly categorized into several types (Bishop, 2014; 

Goodfellow et al., 2016):  

 Supervised Learning: is a type of learning that involves training a model on labeled data, 

where the desired output (label) is known for each input (Bishop, 2014). The goal is for 

the model to learn a mapping from inputs to outputs so that it can predict the output for 

new, unseen inputs. Common supervised learning tasks include: Classification: 

Predicting a categorical output (e.g., normal vs. MI, different types of MI). Regression: 

Predicting a continuous output (e.g., predicting the extent of myocardial damage). 

Examples of supervised learning algorithms include Support Vector Machines (SVMs), 

Decision Trees, Random Forests, Logistic Regression, and Neural Networks. 

 Unsupervised Learning: is a type of learning which involves training a model on 

unlabeled data, where the desired output is not known for each input (Goodfellow et al., 

2016). The goal is for the model to discover hidden patterns or structures in the data. 

Common unsupervised learning tasks include: Clustering: Grouping similar data points 

together (e.g., identifying different clusters of ECG patterns). Dimensionality 

Reduction: Reducing the number of variables in the data while preserving its essential 

information (e.g., using Principal Component Analysis (PCA) to reduce the 

dimensionality of spectral features). Examples of unsupervised learning algorithms 

include K-Means Clustering, Hierarchical Clustering, and Principal Component 

Analysis (PCA). 

 Reinforcement Learning: is a type of learning that involves training an agent to make 

decisions in an environment based on a reward and penalty strategy (Bishop, 2014). The 

agent learns through trial and error by interacting with the environment and receiving 

feedback in the form of rewards or penalties.  
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2.5 Review of Related Work 

The application of machine learning to ECG analysis for cardiac disease diagnosis has been an 

active area of research for decades. Early efforts focused on extracting handcrafted time-domain 

features from ECG signals, such as QRS duration, ST-segment amplitude, and T-wave 

morphology, which were then used to train traditional ML classifiers like Support Vector 

Machines (SVMs), Decision Trees (DTs), and Artificial Neural Networks (ANNs) to detect and 

classify cardiac conditions, including MI. For instance, (Y. Li et al., 2020) conducted a 

comprehensive review of ML-based ECG analysis, highlighting how time-domain features were 

combined with classifiers like SVM and ANNs to achieve reliable detection of MI and other 

cardiac abnormalities. Their work emphasized the importance of feature engineering in early 

ML models, noting that carefully selected features could capture critical physiological changes 

associated with MI, such as ST-segment elevation or Q-wave abnormalities. However, they also 

pointed out limitations in generalizability due to dataset variability and the need for manual 

feature extraction, which motivated subsequent research into automated feature learning. 

Early studies frequently employed spectral analysis to derive features from ECG signals, 

leveraging their ability to capture frequency-domain characteristics. (Übeyli, 2008) proposed a 

method using DWT to decompose ECG signals into multiple frequency sub-bands, extracting 

features such as wavelet coefficients to represent the signal’s time-frequency properties. These 

features were fed into a mixture of experts (MOE) model based on ANNs, which combined 

multiple neural networks to classify normal and MI beats. The study achieved promising results, 

with a reported accuracy exceeding 90% on a small dataset, demonstrating the potential of 

wavelet-based features to capture subtle MI-related changes in ECG morphology. However, the 

study’s reliance on a single spectral method and a limited dataset highlighted the need for more 

robust feature extraction and validation across diverse populations. 

The advent of deep learning (DL) shifted the focus toward automated feature learning from ECG 

signals. (Acharya, Oh, et al., 2017) developed a deep convolutional neural network (CNN) for 

the automated diagnosis of CAD using ECG signals. Their model processed raw ECG data 

transformed into time-frequency representations via wavelet transforms, allowing the CNN to 

learn hierarchical features without manual intervention. The study reported an accuracy of over 
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95% in distinguishing CAD from normal ECGs, highlighting the power of CNNs to identify 

complex patterns in spectral representations. Although focused on CAD, the methodology is 

relevant to MI classification, as both conditions involve similar ECG changes, such as ST-

segment deviations. The study’s success underscored the potential of DL for cardiac diagnosis 

but did not explore MI subtype classification. 

(Hannun et al., 2019) further advanced DL applications by developing a CNN model to classify 

12 different cardiac arrhythmias, including MI, from single-lead ECGs. Their model, trained on 

a large dataset of over 90,000 ECGs, achieved performance comparable to human cardiologists, 

with an F1 score above 0.8 for MI detection. The study utilized raw ECG signals as input, 

allowing the CNN to automatically learn relevant features, bypassing the need for handcrafted 

features. This work demonstrated the scalability of DL for large-scale ECG analysis but focused 

primarily on arrhythmia detection rather than MI subtype differentiation, leaving room for 

exploration into MI classifications. 

(Ribeiro et al., 2020) expanded the scope of DL-based ECG analysis by developing a deep 

neural network for diagnosing 12 cardiac conditions, including MI, from 12-lead ECGs. Their 

model incorporated a residual network architecture to process multi-lead ECG data, achieving 

an area under the receiver operating characteristic curve (AUC) of 0.93 for MI detection. The 

study’s strength lay in its comprehensive approach, handling multiple cardiac conditions 

simultaneously, and its use of a large, diverse dataset from Brazilian hospitals. However, the 

model did not specifically address MI subtypes, and its reliance on raw ECG inputs limited its 

ability to leverage advanced spectral or nonlinear features. 

The integration of signal processing techniques, particularly wavelet analysis, with ML has been 

a significant focus in recent years. (Clifford, Sameni, et al., 2017) provided a detailed review of 

wavelet-based methods for ECG analysis, emphasizing how DWT and SWT can decompose 

ECG signals into time-frequency components to capture both transient and sustained cardiac 

events. Their work highlighted the robustness of wavelet transforms in handling noisy ECG 

signals, a critical factor in clinical settings. They also discussed the synergy between wavelet 

features and ML classifiers like SVM, which inspired subsequent studies combining spectral 

features with traditional ML for MI detection. 
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(Yan et al., 2018) developed a real-time ECG monitoring system for MI detection, using DWT 

to extract time-frequency features and an SVM for classification. Their system processed ECG 

signals in real-time, extracting features like wavelet energy and entropy to detect MI-related 

changes, achieving an accuracy of 92% on a clinical dataset. The study’s focus on real-time 

implementation is highly relevant to clinical applications, but its binary classification approach 

(MI vs. normal) and reliance on a single spectral method (DWT) appears as a gap to be 

addressed. 

More recently, (Ullah et al., 2024) proposed a fusion of wavelet transform and DL for MI 

detection. Their approach combined DWT-derived features with a CNN, allowing the model to 

leverage both handcrafted and learned features. The study reported an accuracy improvement 

of 3–5% over standalone DL or wavelet-based methods, with an overall accuracy of 96% on a 

public ECG dataset. The fusion approach enhanced robustness to noise and improved feature 

representation, but the study focused on binary MI detection rather than subtype classification. 

The Stockwell Transform (ST) has also been explored for MI detection due to its superior time-

frequency resolution. (Swain et al., 2020) proposed a modified ST approach, which enhanced 

the transform’s ability to localize transient ECG changes associated with MI. They combined 

ST-derived features with a threshold-based classifier, achieving an accuracy of 94% in detecting 

MI beats. The study emphasizes on ST’s ability to capture short-duration events while its 

threshold-based approach is less sophisticated than other classification framework. 

Recent research has increasingly emphasized multi-classification of cardiac diseases. 

(Jahmunah et al., 2021) developed a GaborCNN model for classifying normal ECGs and three 

cardiac conditions: CAD, MI, and congestive heart failure (CHF). Their model used Gabor 

filters to enhance ECG signal preprocessing, followed by a CNN to learn discriminative 

features, achieving an accuracy of 92% with reduced computational complexity. The study’s 

multi-class approach is relevant, but its focus on broader cardiac conditions rather than MI 

subtypes and its lack of spectral or nonlinear feature integration highlight gaps to be addressed. 

The same authors, (Jahmunah et al., 2021), also explored attention mechanisms in their 

GaborCNN model to improve interpretability. By incorporating attention layers, the model 
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highlighted ECG regions critical to classification, achieving an F1 score of 0.90 for MI 

detection. This focus on interpretability is valuable for clinical adoption. 

Furthermore, the application of machine learning for early detection and risk prediction in 

myocardial infarction is an important area of ongoing research. (Nso et al., 2022) developed 

predictive models combining ECG patterns with clinical data (e.g., patient history, biomarkers) 

to identify individuals at high risk of future MI events. Their random forest model achieved an 

AUC of 0.88, demonstrating the potential for preventive interventions. While this work is 

promising for risk stratification, it did not focus on MI subtype classification or 

spectral/nonlinear features. 

These related works collectively demonstrate the significant potential of combining spectral 

methods with machine learning for enhancing the accuracy and automation of myocardial 

infarction detection and classification. The trend towards deep learning models capable of 

automatically learning features from time-frequency representations is evident in recent 

research. However, there is still room for further exploration, particularly in the detailed multi-

classification of MI subtypes and the investigation of novel spectral features and machine 

learning architectures. 

2.5.1 Research Gap Analysis 

While significant progress has been made in MI detection using spectral and nonlinear methods 

with ML, several research gaps remain. Most studies focus on binary classification (MI vs. HC) 

or limited multi-classification, with minimal emphasis on distinguishing specific MI subtypes 

such as AMI, ALMI, ASMI, and IMI. The simultaneous use of multiple spectral methods (DWT, 

SWT, WPT, ST) to extract complementary time-frequency features is rarely explored, despite 

their potential to enhance classification accuracy. Additionally, the integration of nonlinear 

features like sample and bubble entropy with spectral features is underutilized, limiting the 

ability to capture the full complexity of ECG signals. Comparative analyses of diverse ML 

classifiers (e.g., RF, BOSVM, SVM, AKNN, DT, ELM, AdaBoost) for multi-class MI 

classification are scarce, leaving uncertainty about optimal model selection.  
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Addressing these gaps is important for advancing the precision and clinical applicability of 

automated MI diagnosis that ultimately support timely interventions and better patient 

outcomes.  

Table 2.1 Summary of related Research Papers 

Authors (Year) Title Methodology Research Gap 

(Ribeiro et al., 

2020) 

Automatic Diagnosis of 

the 12-Lead ECG Using a 

Deep Neural Network for 

Multi-Class Arrhythmia 

Detection 

 

 

 

 

 

 

 

Utilized a Deep 

Convolutional Neural 

Network (CNN) 

architecture designed 

for 12-class arrhythmia 

classification, 

including myocardial 

infarction (MI), by 

processing raw 12-lead 

ECG signals to identify 

distinct cardiac 

abnormalities. 

 

The study lacks 

sufficient 

interpretability of the 

deep CNN's decision-

making process; 

additionally, validation 

across diverse 

populations with 

varying ECG 

characteristics and 

noise levels remains 

limited. 

(Acharya, Oh, et 

al., 2017) 

A Deep Convolutional 

Neural Network Model 

with Attention Mechanism 

for Automated Diagnosis 

of Coronary Artery 

Diseases 

Employed a Deep 

CNN integrated with 

an attention 

mechanism to classify 

ECG signals into 

normal, coronary artery 

disease (CAD), MI, 

and congestive heart 

failure (CHF), where 

the attention layer 

highlights critical ECG 

segments for improved 

diagnostic accuracy. 

The generalizability of 

the attention 

mechanism across 

different ECG lead 

configurations and 

recording conditions is 

underexplored, and the 

model's performance on 

smaller or imbalanced 

datasets needs further 

investigation. 

(Tan et al., 2023) Interpretable Deep 

Learning for Myocardial 

Infarction Detection Using 

Attention-Based 

Convolutional Neural 

Networks 

Implemented an 

attention-based CNN 

to detect MI from ECG 

signals, focusing on 

interpretability by 

visualizing the ECG 

regions that contribute 

most to the model’s 

predictions, aiding 

clinicians in 

understanding the 

decision process. 

The model has limited 

testing on noisy or low-

quality ECG data, such 

as those from wearable 

devices, and its 

robustness in real-

world clinical settings 

with diverse patient 

profiles remains to be 

validated. 

 

 

 

 

(Ullah et al., 

2024) 

Fusion of Wavelet 

Transform and Deep 

Combined wavelet 

transform for feature 

The fusion approach 

increases 
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Learning Techniques for 

Enhanced Myocardial 

Infarction Detection from 

ECG Signals 

extraction with a deep 

learning model to 

enhance MI detection, 

leveraging wavelet 

features to capture 

frequency-domain 

information and deep 

learning to improve 

classification 

accuracy. 

computational 

complexity, which 

may hinder real-time 

deployment in clinical 

settings. 

(Jahmunah et al., 

2021) 

Automated Detection of 

Coronary Artery Disease, 

Myocardial Infarction, 

and Congestive Heart 

Failure Using GaborCNN 

with ECG Signals 

Utilized a GaborCNN, 

a convolutional neural 

network incorporating 

Gabor filters, for 

multi-class 

classification of ECG 

signals into normal, 

CAD, MI, and CHF, 

aiming to reduce 

computational 

complexity while 

maintaining high 

accuracy. 

The study has limited 

evaluation on small or 

imbalanced datasets, 

and broader validation 

across different patient 

demographics and 

ECG recording 

conditions is needed to 

ensure 

generalizability. 

(Karthikeyan et 

al., 2023) 

Enhanced Myocardial 

Infarction Detection 

Using Optimized Deep 

Learning with Feature 

Selection Techniques 

Employed an 

optimized deep 

learning model with 

feature selection to 

improve MI detection, 

focusing on selecting 

the most relevant 

ECG features to 

enhance model 

performance and 

reduce overfitting. 

The feature selection 

process may overlook 

subtle ECG patterns 

critical for diagnosis. 

(Khan et al., 

2021) 

Early Myocardial 

Infarction Detection Using 

Wavelet Scattering 

Transform and Support 

Vector Machine 

Classification 

Used wavelet 

scattering transform to 

extract robust features 

from ECG signals, 

followed by Support 

Vector Machine 

(SVM) classification 

for early MI detection, 

focusing on identifying 

subtle early-stage 

patterns. 

The approach is limited 

in scalability to multi-

class classification 

problems or more 

complex ECG patterns, 

and its performance on 

larger, more diverse 

datasets needs further 

investigation. 
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CHAPTER THREE 

3. MATERIALS AND METHODS 

This chapter outlines the methodology employed in this research to find a robust and efficient 

diagnostic framework for the multi-classification of myocardial infarction using spectral and 

nonlinear analysis with machine learning techniques. The framework encompasses several key 

stages, including the acquisition and preprocessing of ECG data, the application of an efficient 

spectral method for analyzing ECG dynamics, the extraction of both linear and non-linear 

features from the spectral bands, application of machine learning models for multi-

classification, and a comprehensive comparison of the proposed model's performance with the 

other methods. 

3.1 Materials 

This research heavily relies on advanced computational tools and biomedical data to train and 

evaluate using machine learning models alongside spectral analysis methods aimed at detecting 

and classifying various forms of MI. The primary materials used throughout the research are as 

follows: 

3.1.1 Simulation Software 

The simulations and analyses in this research were carried out using MATLAB R2024a. This 

platform was selected due to its powerful computational capabilities and extensive support for 

both signal processing and machine learning workflows. MATLAB's integrated toolboxes were 

essential for implementing the various stages of the research pipeline. These included preparing 

ECG signals, extracting spectral and non-linear characteristics, and creating the classification 

models. 

3.1.2 ECG Dataset 

To ensure the reliability and broad applicability of the findings, this study utilized publicly 

accessible and clinically verified ECG datasets. The primary dataset employed was the PTB 
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Diagnostic ECG Database (PTBDB), hosted on PhysioNet. This resource contains high-

resolution 12-lead ECG recordings from both healthy individuals and patients diagnosed with 

various forms of myocardial infarction, making it highly suitable for multi-class classification 

tasks. The database contains 549 records from 290 subjects (aged 17 to 87, mean 57.2; 209 men, 

mean age 55.5, and 81 women, mean age 61.6). From these records, 76 healthy control, 52 

Anterior MI, 37 Antero-lateral MI, 74 Antero-septal MI and 82 Interior MI subjects are used. 

Before performing spectral and entropy-based feature extraction, all ECG signals underwent a 

standardized preprocessing process. This involved DC offset removal, baseline wander 

elimination using a high-pass filter, and power-line interference suppression using a band-stop 

filter. The signals were then segmented and normalized using min-max scaling to ensure 

consistency across all samples. This preprocessing ensured uniformity in the input data format, 

minimized the impact of noise and variations between individuals, and prepared the signals for 

accurate spectral decomposition and machine learning-based classification. 

3.2 Methods 

The methods employed began with the identification of the problem by recognizing the clinical 

and technical significance of detecting and classifying myocardial infarction using ECG signals 

to effectively conduct this research. After the problem is established, review of existing 

literature was done to understand previous efforts and identify methodological gaps in 

combining spectral and nonlinear analysis with machine learning techniques. Based on this 

understanding, the system was then designed to include a structured pipeline consisting of ECG 

signal preprocessing, spectral transformation using spectral analyses techniques, and the 

extraction of non-linear entropy-based features. The preprocessed and transformed signals were 

served as inputs for the machine learning classifiers such as Support Vector Machine, Random 

Forest, AdaBoost, and others to ensure robust classification. Following these implementation 

steps, the proposed system was tested and compared with existing methods using standard 

evaluation metrics such as accuracy, sensitivity, specificity, and F1-score. The final stage 

involved analyzing the performance results to determine the effectiveness and reliability of the 

framework. This chapter discusses the essential methodological steps undertaken to develop and 

validate the diagnostic system. 
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3.3 Description of the System 

The research’s system incorporates optimized spectral methods, feature extraction, and machine 

learning classifiers to analyze publicly available ECG datasets. 

 

Figure 3.1 Basic block diagram of methodology pipeline 

As in Figure 3.1, the methodology for the system involves a structured four-stage pipeline 

designed to use machine learning for effective data classification. It begins with Data 

Acquisition, where raw data is systematically gathered from relevant sources to ensure a 

comprehensive dataset. This is followed by Pre-processing, an important step that involves 

cleaning the data, handling missing values, and normalizing or transforming it to make it 

suitable for analysis, thereby improving the quality and reliability of the next steps. Then, 

Feature Extraction is done, in which the system identifies and extracts the most relevant features 

from the pre-processed data, reducing dimensionality and focusing on attributes that are most 

essential for the desired outcomes. Finally, the pipeline concludes with Classification using ML, 

where machine learning algorithms are applied to the extracted features to classify the data into 

specified categories, enabling the system to make accurate predictions and decisions based on 

the patterns identified in the data.  

The flowchart in figure 3.2 illustrates the complete methodology employed for automated multi-

classification of myocardial infarction using ECG signals. The process begins with acquiring 

the raw ECG signal, which is then segmented and preprocessed to remove various types of noise. 

Specifically, the DC component is eliminated by subtracting the mean, baseline wander is 

removed using a high-pass filter, and 50 Hz power line interference is suppressed via a band-

stop filter. Following preprocessing, spectral analysis techniques such as SWT, DWT, WPT, 

and ST, nonlinear methods that involve six entropy types and hybrid method combining the four 

spectral methods with Bubble entropy (BE) and Sample entropy (SE) are applied to the cleaned 

signals. In each methods the features are then normalized using min-max normalization. Finally, 
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the normalized features are fed into various machine learning algorithms, including Random 

Forest (RF), Boosted SVM (BOSVM), Adaptive KNN (AKNN), Decision Tree (DT), Support 

Vector Machine (SVM), AdaBoost, and Extreme Learning Machine (ELM), to classify the ECG 

signals into one of five categories: Healthy Control (HC), Anterior MI (AMI), Anterolateral MI 

(ALMI), Anterosuperior MI (ASMI), and Inferior MI (IMI). 

 

Figure 3.2 Methodology for multi-classification of MI 

3.4 Spectral Analysis Techniques 

3.4.1 Discrete Wavelet Transform (DWT) 

DWT is a widely used technique for analyzing non-stationary signals, such as ECGs, by 

decomposing them into different frequency components at various scales (Addison, 2017). This 

is achieved through a process of filtering and downsampling, known as multi-resolution 

analysis. The signal is passed through a pair of filters: a low-pass filter to capture the 

approximation coefficients and a high-pass filter for the detail coefficients (S. G. Mallat, 1989). 
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After filtering, the outputs are downsampled by a factor of two, and this process is recursively 

applied to the approximation coefficients to achieve a hierarchical decomposition. 

For a discrete signal x[n], the approximation coefficients 𝑎𝑗+1[𝑘] and detail coefficients 

𝑑𝑗+1[𝑘] at level j+1 are given by: 

𝑎𝑗+1[𝑘] =  ∑ 𝑎𝑗[𝑛]𝑛  ⋅ 𝑙[2𝑘 − 𝑛]                                           (3.1) 

  𝑑𝑗+1[𝑘] =  ∑ 𝑎𝑗[𝑛]𝑛  ⋅ ℎ[2𝑘 − 𝑛]                                           (3.2)      

Here, 𝑎0[n] = x[n] is the original signal, l[n] and h[n] are the low-pass and high-pass filters, 

respectively and the downsampling by a factor of 2 is inherent in the indices 2k-n. 

 

Figure 3.3 Four-level DWT decomposition tree 

The flow diagram on figure 3.3 illustrates the hierarchical process of DWT, where the input 

signal is successively passed through a low-pass filter l[n] and a high-pass filter h[n], followed 

by downsampling. At each level, only the approximation coefficients (low-frequency 

components) are further decomposed, while the detail coefficients (high-frequency components) 

are retained. This selective decomposition enables multi-resolution analysis of signals, making 

DWT particularly useful for applications such as ECG signal analysis and feature extraction. 
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3.4.2 Stationary Wavelet Transform (SWT) 

SWT, also referred to as the translation-invariant wavelet transform, addresses the limitation of 

shift variance found in the DWT (Serroukh et al., 2000). Unlike the DWT, which downsamples 

coefficients at each decomposition level, the SWT maintains the original signal length by 

upsampling the filter coefficients instead. This approach ensures that the transform is shift-

invariant, making it particularly suitable for applications such as noise reduction and feature 

extraction in biomedical signals like ECGs (Clifford, Liu, et al., 2017). 

For a discrete signal x[n], the approximation coefficients 𝑐𝐴𝑗[𝑛] and detail coefficients 𝑐𝐷𝑗[𝑛] at 

level j are computed as: 

𝑐𝐴𝑗[𝑛] =  ∑ 𝑥[𝑘]𝑘  ⋅  ℎ𝑗[𝑛 − 𝑘]                                                  (3.3) 

𝑐𝐷𝑗[𝑛] =  ∑ 𝑥[𝑘]𝑘  ⋅  𝑔𝑗[𝑛 − 𝑘]                                                  (3.4) 

Here, ℎ𝑗[n] and 𝑔𝑗[n] are the upsampled versions of the low-pass and high-pass filters at level 

j, respectively. 

 

Figure 3.4 Four-level SWT decomposition tree 

The flow diagram on figure 3.4 illustrates the SWT decomposition process, which preserves the 

original signal length at each level by avoiding downsampling. Instead, upsampling of the filter 

coefficients is applied prior to each convolution step. The signal is convolved with a low-pass 
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filter h[n] to extract approximation coefficients and with a high-pass filter g[n] to extract detail 

coefficients. At each subsequent level, the filters are upsampled by a factor of 2𝑗−1, where j 

denotes the decomposition level. This redundant and shift-invariant transformation is 

particularly advantageous for analyzing non-stationary biomedical signals like ECG, where 

phase information and alignment are critical. 

3.4.3 Wavelet Packet Transform (WPT) 

WPT extends the capabilities of the DWT by decomposing both approximation and detail 

coefficients at each level, resulting in a more detailed analysis of the signal's frequency 

components (Akansu & Haddad, 2001). This leads to a complete binary tree structure of 

decomposition, where each node represents a specific frequency band with a particular time 

resolution. The WPT offers a finer analysis of the high-frequency content of the signal compared 

to the DWT and allows for more flexibility in choosing the most relevant frequency bands for a 

particular application, such as detailed feature extraction for multi-class classification problems 

(Clifford, Sameni, et al., 2017). 

The wavelet packet coefficients 𝑐𝑗,𝑛,𝑘 of a signal x (t) are computed as: 

𝑐𝑗,𝑛,𝑘 =  ∫ 𝑥(𝑡)  ⋅  𝑊𝑗,𝑛(𝑡 − 𝑘)𝑑𝑡                                                      (3.5) 

Where 𝑊𝑗,𝑛(𝑡) denotes the wavelet packet function at scale j and position n. These functions are 

generated recursively using the relations: 

𝑊𝑗+1,2𝑛(𝑡) =  √2 ∑ ℎ[𝑘]𝑘  ⋅  𝑊𝑗,𝑛(2𝑡 − 𝑘)                                      (3.6) 

𝑊𝑗+1,2𝑛+1(𝑡) =  √2 ∑ 𝑔[𝑘]𝑘  ⋅  𝑊𝑗,𝑛(2𝑡 − 𝑘)                                   (3.7) 

Here, h[k] and g[k] are the coefficients of the low-pass and high-pass filters associated with the 

wavelet transform, and 𝑊0,0(𝑡) = 𝜙(𝑡) is the scaling function.  

Figure 3.5 presents the hierarchical structure of a three-level WPT decomposition starting from 

the root node R, which represents the original signal. Unlike the traditional DWT that only 
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decomposes approximation coefficients at each level, WPT recursively decomposes both 

approximation and detail coefficients using pairs of quadrature mirror filters, typically a low-

pass filter h[n] and a high-pass filter g[n]. This process results in a full binary tree structure 

where every node, whether from the approximation or detail sub bands, generates two child 

nodes, representing further time-frequency sub bands. The decomposition enhances frequency 

resolution across the entire spectrum, enabling more detailed analysis of signal dynamics, 

especially useful in applications such as ECG signal classification and biomedical feature 

extraction. 

 

Figure 3.5 Three-level WPT decomposition tree 

3.4.4 Stockwell Transform (ST) 

ST also known as the S-Transform, is a time-frequency analysis method that combines features 

of the STFT and the Wavelet Transform (WT) (Stockwell, 1996). It provides a time-frequency 

representation of a signal with frequency-dependent resolution, offering better time resolution 

at higher frequencies and better frequency resolution at lower frequencies. This makes the ST 

particularly useful for analyzing signals like ECGs, where frequency characteristics vary over 

time (McSharry et al., 2003). 
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For a continuous-time signal x (t), the ST is defined as: 

𝑆(𝜏, 𝑓) =  ∫ 𝑥(𝑡) ⋅ 𝑤(𝑡 − 𝜏, 𝑓) ⋅  𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡
∞

−∞
                                       (3.8) 

Where 𝜏 is the time localization parameter, f is the frequency, and 𝑤(𝑡 − 𝜏, 𝑓) is the Gaussian 

window function given by: 

      𝑤(𝑡 − 𝜏, 𝑓) =  
|𝑓|

√2𝜋
 ⋅  𝑒− 

(𝑡−𝜏)2𝑓2

2                                                (3.9) 

For a discrete signal x[n] of length N, the discrete ST is computed as: 

𝑆[𝑚, 𝑘] =  ∑ 𝑥[𝑛]𝑁−1
𝑛=0  ⋅ 𝑤[𝑛 − 𝑚, 𝑘] ⋅  𝑒−

𝑗2𝜋𝑘𝑛

𝑁                          (3.10) 

Where m and k are the discrete time and frequency indices, respectively, and w [n - m, k] is the 

discretized Gaussian window. 

 

Figure 3.6 Stockwell Transform flow diagram 

Figure 3.6 illustrates the flow diagram of the Stockwell Transform (S-Transform), a time-

frequency spectral analysis technique.  

Input Signal x (t): is the original time-domain signal that needs to be analyzed. It could be any 

non-stationary signal, such as an ECG or EEG signal, where frequency content changes over 

time. 

Gaussian Window (Frequency Dependent): this function is applied to localize the signal in time. 

The width of this Gaussian window is frequency-dependent, meaning that lower frequencies use 

wider windows (capturing long-duration events) and higher frequencies use narrower windows 

(capturing short-duration events). This adaptive behavior ensures good time-frequency 

resolution. 
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Multiply Windowed Signal with Signal: in this step, the Gaussian window (from step 2) is 

multiplied point-wise with the input signal x (t) to isolate a localized portion of the signal. 

This operation yields a windowed version of the signal, which focuses on a specific time-

frequency component. 

Fourier Transform: finally, a Fourier Transform is applied to the windowed signal to extract its 

frequency content. This transform is repeated for different frequencies using appropriately 

scaled Gaussian windows, resulting in a full time-frequency representation of the signal. 

3.5 Feature Extraction 

In this research, feature extraction encompasses two complementary approaches: spectral 

(linear) and entropy-based (nonlinear) feature extraction. These methods enable the 

comprehensive characterization of ECG signals by capturing both their frequency-domain 

patterns and inherent nonlinear dynamics. The integration of these feature types enhances the 

robustness and accuracy of myocardial infarction multi-classification by addressing both linear 

and chaotic signal properties. 

3.5.1 Spectral (Linear) Feature Extraction 

Spectral feature extraction focuses on decomposing ECG signals into their frequency 

components using advanced signal processing techniques. Methods such as the SWT, DWT, 

WPT, and ST are employed to achieve multi-resolution analysis (Addison, 2017). These 

transforms decompose the ECG signal into sub-bands, each representing specific frequency 

ranges and temporal variations. The resulting wavelet coefficients capture the linear 

characteristics of the signal, such as amplitude and phase variations, which are critical for 

identifying frequency-domain patterns associated with cardiac abnormalities. 

3.5.2 Nonlinear Feature Extraction 

Nonlinear feature extraction employs entropy-based measures to quantify the complexity, 

irregularity, and unpredictability of ECG signals. These measures are applied to the coefficients 

obtained from the spectral decomposition methods. Unlike linear features, entropy-based 
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features are grounded in nonlinear dynamics and chaos theory, making them well-suited for 

capturing subtle variations in physiological signals that may not be evident in the frequency 

domain (Pincus, 1991).  

3.5.2.1 Sample Entropy 

Sample Entropy measures the irregularity of a time series by calculating the likelihood that 

similar sequences of length m remain similar when extended to length m+1 (Richman & 

Moorman, 2000). For a time series {𝑥𝑖}𝑖=1
𝑁 , SampEn is defined as: 

𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁) =  − ln (
𝐴

𝐵
)                                                (3.11) 

Where B is the number of template vector pairs of length m with a distance less than the 

tolerance r, and A is the number of pairs of length m+1 with a distance less than r. The distance 

is typically the Chebyshev distance, and r is often set to 0.1–0.25 times the standard deviation 

of the series. Sample entropy is particularly effective for short and noisy physiological signals, 

as it is less sensitive to data length compared to Approximate Entropy (Richman & Moorman, 

2000). 

3.5.2.2 Bubble Entropy 

Bubble Entropy is a recent entropy measure inspired by the bubble sort algorithm, designed to 

assess signal complexity with reduced computational cost (Manis et al., 2019). For a time series, 

BubEn counts the number of swaps needed to sort sequences of length m within a sliding 

window. The entropy is computed as: 

𝐵𝑢𝑏𝐸𝑛(𝑚) =  
1

𝑚−1
 ∑ ln(

𝑆𝑘

𝑆𝑘−1
)𝑚

𝑘=2                                            (3.12) 

Where 𝑆𝑘is the number of swaps required to sort sequences of length k. BubEn is robust to 

noise and requires fewer parameters than SampEn, making it suitable for ECG signal analysis 

(Manis et al., 2019). 
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3.5.2.3 Dispersion Entropy 

Dispersion Entropy quantifies the irregularity of a time series based on the distribution of 

dispersion patterns (Rostaghi & Azami, 2016). The time series is first mapped to a set of classes 

using a mapping function (e.g., linear or sigmoid), and the frequency of dispersion patterns of 

length m is calculated. DispEn is defined as: 

𝐷𝑖𝑠𝑝𝐸𝑛(𝑚, 𝑐) =  − ∑ 𝑝(𝜋) ln 𝑝(𝜋)𝑐𝑚

𝜋=1                                 (3.13) 

Where c is the number of classes, and 𝑝(𝜋) is the probability of each dispersion pattern 𝜋. 

DispEn is computationally efficient and robust to noise, making it ideal for analyzing ECG 

signals with varying amplitudes (Rostaghi & Azami, 2016). 

3.5.2.4 Renyi Entropy 

Renyi Entropy generalizes Shannon entropy by introducing a parameter 𝛼 that controls the 

sensitivity to different probability distributions (Renyi, 1961). For a time series with probability 

distribution 𝑝(𝑖), Renyi Entropy is given by: 

𝐻𝛼 =  
1

1−𝛼
ln(∑ 𝑝(𝑖)𝛼𝑁

𝑖=1 )                                                     (3.14) 

Where 𝛼 ≠ 1 and 𝛼 > 0. When 𝛼 → 1, Renyi Entropy converges to Shannon entropy. For ECG 

signals, Renyi Entropy with 𝛼 = 2 (quadratic entropy) is often used to capture the complexity 

of signal distributions across sub-bands (Baraniuk et al., 2001). 

3.5.2.5 Lempel-Ziv Complexity 

Lempel-Ziv Complexity (LZC) measures the complexity of a time series by counting the 

number of distinct subsequences in a binary-converted sequence (Lempel & Ziv, 1976). The 

time series is first binarized (e.g., using the median as a threshold), and LZC is computed as the 

number of unique patterns encountered during parsing. Normalized LZC is given by: 

    𝐿𝑍𝐶 =  
𝑐(𝑁)

𝑁

log2 𝑁

                                                                    (3.15) 
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Where 𝑐(𝑁) is the number of distinct subsequences and N is the sequence length. LZC is widely 

used in ECG analysis to detect arrhythmias and other irregularities (Zhang et al., 1999). 

3.5.2.6 Kolmogorov-Sinai Entropy 

Kolmogorov-Sinai Entropy (KSE) quantifies the rate of information production in a dynamical 

system (Sinai, 2010). For a time series, KSE is estimated using the correlation sum or partition-

based approaches. A practical approximation is: 

𝐾𝑆𝐸 ≈  lim
𝜖→0

lim
𝑚→∞

(𝐻(𝑚, 𝜖) − 𝐻(𝑚 − 1, 𝜖))                                  (3.16) 

Where 𝐻(𝑚, 𝜖) is the entropy of m-dimensional embeddings with a partition size 𝜖. KSE is 

computationally intensive but provides a robust measure of chaotic behavior in ECG signals, 

particularly for detecting subtle pathological changes (Pincus, 1991). 

The combination of these entropy measures, applied to the coefficients from spectral 

decomposition, captures the nonlinear dynamics of ECG signals. By integrating spectral and 

entropy-based features, the proposed system achieves a comprehensive representation of cardiac 

signals, enhancing the accuracy and reliability of myocardial infarction classification (Clifford, 

Liu, et al., 2017). 

3.6 Machine Learning Algorithms 

Multiple supervised machine learning algorithms are integrated in this research to perform 

multi-classification of MI using ECG signals. These models were selected for their proven 

effectiveness in biomedical signal classification, robustness against noise, and ability to handle 

non-linear feature spaces. Each algorithm contributes distinct strengths in terms of complexity 

handling, interpretability, and generalization.  

3.6.1 Support Vector Machine (SVM) 

SVM is a powerful classification model that aims to find the optimal hyperplane separating 

different classes by maximizing the margin between them (Henock et al., 2024). It is well-suited 
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for high-dimensional and non-linear datasets. The objective function to be minimized is 

(Sheykhmousa et al., 2020): 

𝑚𝑖𝑛𝜔,𝜁
1

2
‖𝜔‖2 + 𝐶 ∑ 𝜁𝑖

𝑛
𝑖=1                                                (3.17) 

subject to: 

𝑦𝑖[(𝜔 ∙ 𝑥𝑖) + 𝑏] ≥ 1 − 𝜁𝑖                                                  (3.18) 

Here, 𝜔 is the weight vector, b is the bias term, C is a regulation parameter, 𝜁𝑖  represents slack 

variables allowing classification errors, and 𝑦𝑖 𝜖 {+1, −1} are class labels. The decision function 

using a radial basis function (RBF) kernel is used to project the data into a higher-dimensional 

space: 

𝑓(𝑥) =  𝑤𝑇Φ(𝑥) + 𝑏                                                        (3.19) 

𝐾(𝑥, 𝑥′) = exp(
‖𝑥− 𝑥′‖

2

2𝜎2 )                                                     (3.20) 

3.6.2 Bayesian Optimization Support Vector Machine (BO-SVM) 

Bayesian Optimization is employed to fine-tune the hyperparameters of the SVM model, 

especially C and γ (kernel scale), to enhance performance while minimizing the number of 

evaluations (Injadat et al., 2018). It uses a Gaussian Process (GP) as a surrogate model for the 

objective function (Ramadevi & Das, 2024): 

𝑓(𝜃) ~ 𝐺𝑃 (𝜇(𝜃), 𝐾(𝜃, 𝜃∗))                                              (3.21) 

Where K is the kernel function, and 𝜇 is the mean function. 

The kernel function is: 

𝐾(𝜃, 𝜃∗) = exp (−
1

2
 ‖𝜃 −  𝜃∗‖2)                                      (3.22) 
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The selection of the next best hyperparameter vector is driven by maximizing an acquisition 

function Acq (): 

𝜃∗ = arg 𝑚𝑎𝑥𝜃 𝐴𝑐𝑞(𝜃)                                                   (3.23) 

This iterative optimization results in a hybrid model BOSVM that consistently outperforms 

standard SVM in classification tasks (Xu et al., 2022).  

3.6.3 Adaptive K-Nearest Neighbor (AKNN) 

AKNN extends the traditional KNN algorithm, where the value of K is selected by the user 

manually, by dynamically selecting the most suitable value of K for a given dataset through an 

experimental evaluation (Muhammad et al., 2023). Classification is based on the majority class 

of the closest neighbors, with distance typically calculated using Euclidean distance (Henock et 

al., 2024): 

𝐷 (𝑥, 𝑦) =  √∑ (𝑥𝑗 −  𝑦𝑗)2𝑑
𝑗=1                                           (3.24) 

Where d is the number of dimensions in the feature space. 

This adaptability allows AKNN to maintain optimal accuracy across varying datasets. 

3.6.4 Random Forest (RF) 

RF is an ensemble classifier that aggregates predictions from multiple decision trees (Breiman 

& Cutler, 2012). Each tree is trained on a bootstrapped sample of the dataset, and the final 

prediction is made through majority voting (Sheykhmousa et al., 2020): 

𝑌 (𝑥) = arg 𝑚𝑎𝑥𝑐 ∑ 𝐼 (ℎ𝑡(𝑥) = 𝑐)𝑇
𝑡=1                              (3.25) 

Here, T is the number of trees, ℎ𝑡(𝑥) is the prediction of the 𝑡𝑡ℎ tree, and where I (⋅) is an 

indicator function. 
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Figure 3.7 Random Forest Algorithm (Liu et al., 2012) 

Figure 3.7 illustrates the workflow of the Random Forest algorithm. It begins with a dataset that 

is fed into multiple decision trees (labeled Decision Tree-1, Decision Tree-2, ..., Decision Tree-

N), each constructed independently using a random subset of the data and features to ensure 

diversity among the trees. Each decision tree generates its own prediction (Result-1, Result-2, 

..., Result-N), and these individual results are then combined through a majority voting process 

for classification tasks or averaging for regression tasks (Liu et al., 2012). This aggregation step 

produces a final result, leveraging the collective decision-making power of the ensemble to 

improve prediction accuracy and robustness compared to a single decision tree. 

3.6.5 AdaBoost 

AdaBoost is an ensemble learning algorithm that combines weak classifiers, typically decision 

stumps, into a strong classifier (Mahesh et al., 2022). It works by iteratively reweighting training 

samples, emphasizing misclassified instances to improve subsequent rounds (Rehman Javed et 

al., 2022). Each classifier contributes to the final decision based on its accuracy. The final 

classifier is a weighted sum of the individual classifiers (Lu et al., 2021): 

𝐻(𝑥) = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑚ℎ𝑚(𝑥)𝑀
𝑚=1 )                                            (3.26) 

Where: 

 ℎ𝑚 is the 𝑚𝑡ℎ weak learner, 
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 𝛼𝑚 =  
1

2
ln (

1− 𝜖𝑚

𝜀𝑚
) , 

 𝜀𝑚 is the classification error at round m. 

The weight for each training instance is updated based on whether it was correctly classified. 

3.6.6 Decision Tree (DT) 

DT is a rule-based classifier that partitions data using decision rules inferred from the data’s 

attributes. Splits are selected based on Information Gain (IG), which is derived from Entropy 

(Mienye & Jere, 2024): 

𝐻(𝑆) =  − ∑ 𝑝𝑖  log2 𝑝𝑖
𝐶
𝑖                                                     (3.27) 

And Information Gain for splitting on feature A is: 

𝐼𝐺 (𝑆, 𝐴) = 𝐻(𝑆) −  ∑
|𝑆𝑣|

𝑆
 𝐻(𝑆𝑣)𝜐𝜖𝑉𝑎𝑙𝑢𝑒𝑠(𝐴)                                   (3.28) 

 

Figure 3.8 Hierarchical structure of a Decision Tree (Charbuty & Abdulazeez, 2021) 

The hierarchical structure of a decision tree in figure 3.8 starts with a Root Node that represents 

the entire dataset and serves as the initial decision point. From the root, the tree branches into 

Decision Nodes, which split the data based on specific feature conditions, leading to further 

subdivisions or Sub-Tree structures that contain additional decision and leaf nodes. The process 

continues until it reaches Leaf Nodes, which represent the final outcomes or class labels, 
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indicating the end of the decision-making path (Charbuty & Abdulazeez, 2021). This structure 

enables the tree to classify data by recursively partitioning it into homogeneous subsets, making 

it an effective tool for predictive modeling. 

3.6.7 Extreme Learning Machine (ELM) 

ELM is a single-layer feedforward neural network known for its fast-learning speed (Singh et 

al., 2018). Input weights and biases are randomly initialized and not updated during training. 

The output weights are computed using Moore–Penrose pseudoinverse: 

𝐻𝑊 = 𝑌                                                                    (3.29) 

𝑊 = 𝐻†𝑌                                                                   (3.30) 

Where H is the hidden layer output matrix, W is the output weight matrix, Y is the target label 

matrix and 𝐻† is the Moore-Penrose pseudoinverse. 

 

Figure 3.9 Structure of ELM (Ding et al., 2015) 
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The figure 3.9 illustrates the structure of an Extreme Learning Machine (ELM), a single-hidden-

layer feedforward neural network designed for efficient learning. It consists of three main layers: 

the Input Layer, which receives the input features 𝑥𝑖 (where i ranges from 1 to j), the Single-

Hidden Layer, which contains n nodes with randomly assigned weights 𝑎𝑗𝑖 and biases 𝑏ℎ (where 

h ranges from 1 to n), and the Output Layer, which produces the predicted outputs 𝑦𝑖 (where i 

ranges from 1 to m). The hidden layer nodes are connected to the input layer via weights 𝑎𝑗𝑖, 

and to the output layer via weights 𝑣𝑛𝑚, with the output computed directly based on the random 

initialization of the hidden layer parameters, eliminating the need for iterative tuning (Ding et 

al., 2015). This structure enables ELM to achieve rapid training while maintaining good 

generalization performance. 

3.7 Performance Evaluation Metrics 

In machine learning classification tasks, evaluating the performance of a model is crucial to 

understanding its effectiveness. Several metrics are commonly used to assess the quality of 

predictions, particularly in binary classification scenarios, where outcomes are categorized into 

positive and negative classes. These metrics are derived from the confusion matrix, which 

includes four key components: True Positives (TP), representing correctly predicted positive 

cases; True Negatives (TN), representing correctly predicted negative cases; False Positives 

(FP), indicating negative cases incorrectly predicted as positive; and False Negatives (FN), 

indicating positive cases incorrectly predicted as negative (POWERS, 2011).  Among the widely 

used performance metrics are: 

Accuracy - by calculating the proportion of correct predictions (both positive and negative) out 

of the total predictions made, measures the overall correctness of the model. It is a 

straightforward metric but can be misleading in imbalanced datasets where one class dominates 

the other (Sokolova & Lapalme, 2009). The formula for accuracy is given as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                (3.31) 

Sensitivity - also known as recall or the true positive rate, measures the model’s ability to 

correctly identify positive cases. It is particularly important in scenarios where missing a 
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positive case is costly, such as in medical diagnostics (Fawcett, 2006). Sensitivity is calculated 

as: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑅𝑒𝑐𝑎𝑙𝑙) =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                         (3.32) 

Specificity - or the true negative rate, measures the model’s ability to correctly identify negative 

cases. It is crucial in applications where false positives are undesirable, such as spam detection 

(POWERS, 2011). The formula for specificity is: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                        (3.33) 

Precision - measures the proportion of positive predictions that are actually correct for a given 

class. It is a valuable metric when the cost of false positives is high, as it focuses on the reliability 

of positive predictions (Sokolova & Lapalme, 2009). Precision is computed as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                       (3.34) 

F1-score - is the harmonic mean of precision and recall, providing a single metric that balances 

the trade-off between the two. It is particularly useful when dealing with imbalanced datasets, 

as it ensures both false positives and false negatives are considered (Fawcett, 2006). The F1-

score is calculated as: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2  ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙
                             (3.35) 
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CHAPTER FOUR 

4. RESULTS AND DISCUSSIONS 

This chapter presents the results and discussions of simulation analyses conducted in MATLAB 

2024a to evaluate spectral, nonlinear, and hybrid feature extraction methods for MI multi-

classification. Spectral features from SWT, DWT, WPT, and ST, along with nonlinear features 

from six entropy measures (Sample, Bubble, Renyi, Dispersion, Lempel-Ziv, Kolmogorov-

Sinai), and a hybrid approach combining spectral methods with Sample and Bubble entropies, 

were used as inputs to seven machine learning algorithms (Random Forest, Bayesian 

Optimization SVM, SVM, AdaBoost, Decision Tree, Adaptive KNN, ELM). These methods 

classified ECG signals into healthy and four MI types (Anterior, Antero-Lateral, Antero-Septal, 

Inferior). Performance was assessed using accuracy, recall (sensitivity), specificity, precision, 

and F1-score. Feature ranking enhanced classification performance, and results are visualized 

via figures, tables and boxplots. This chapter compares the approaches, highlights DWT’s 

efficiency as the proposed method, and discusses implications for MI diagnosis. 

4.1 Simulation Parameters 

This section outlines the parameters used in the simulation analysis conducted in MATLAB 

2024a for feature extraction and classification of MI using spectral, nonlinear, and hybrid 

methods. The parameters encompass the dataset, preprocessing, feature extraction techniques 

(SWT, DWT, WPT, ST, and entropy measures), feature ranking methods, and machine learning 

algorithms.  

Table 4.1 Parameters used for simulation 

Category Parameter Value Remark 

Preprocessing Sampling frequency 

(fs) 

1000 Hz  PTB database. 

Window length (n) 2000 samples  (Acharya, Sudarshan, 

et al., 2017). 

High-pass filter, Band-

stop filter 

0.5 Hz, 49–51 Hz (Clifford, Liu, et al., 

2017). 

Spectral Method Wavelet type (DWT, 

SWT, WPT) 

Daubechies (db4) (S. Mallat, 2008). 
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Decomposition level 

(DWT, SWT), (WPT) 

4, 3 (Addison, 

2017),(Coifman & 

Wickerhauser, 1992). 

Number of bands (ST) 4 (0–5, 5–15, 15–40, 

40–100 Hz) 

(Swain et al., 2020). 

Nonlinear Method Sample Entropy 

parameters 

m=2, 

r=0.2*{std(signal)} 

(Richman & 

Moorman, 2000). 

Bubble Entropy 

parameters 

m=2, tau=1, log x=e (Manis et al., 2019). 

Renyi Entropy 

parameter 

alpha=2  (Abadio et al., 2015). 

Dispersion Entropy 

parameters 

m=2, c=6, tau=1 (Rostaghi & Azami, 

2016). 

Lempel-Ziv Entropy, 

Kolmogorov-Sinai 

Entropy 

Binary conversion 

(median threshold) 

 (Lempel & Ziv, 

1976), (Sinai, 2010). 

Hybrid Method Spectral methods 

Entropy types 

[DWT, SWT, WPT, 

ST] 

[Sample, Bubble] 

(Manis et al., 2019), 

Experimental 

observation. 

Feature Ranking Methods ReliefF, Fuzzy  (Robnik-Šikonja & 

Kononenko, 2003). 

Machine Learning Train/Test Split 80% train, 20% test 

(HoldOut) 

(Jahmunah et al., 

2021). 

AdaBoost Parameters 100 weak learners, 

Decision Stump 

 (Natras et al., 2022) 

Adaptive KNN 

Parameters 

k=1 to 10, 

Standardized data 

 (Pan et al., 2020) 

BOSVM Parameters RBF kernel, Optimized 

BoxConstraint, 

KernelScale 

 (Elshewey et al., 

2023) 

SVM Parameters Linear, RBF, 

Polynomial kernels 

 (Vivian-Griffiths et 

al., 2017). 

Decision Tree 

Parameters 

Fitctree, Maximum 

depth: 5–10, tuned to 

prevent overfitting, 

Minimum samples per 

leaf: 5–20, typically set 

at 10. 

(Ma & Zhai, 2023) 

Random Forest 

Parameters 

100 trees, Bagging 

method 

 (Adugna et al., 2022) 

ELM Parameters Hidden neurons: 50, 

100, 150, 200, 250, 

300; Activation: 

sigmoid, tanh, relu, 

wavelet, sine; 5-fold 

CV 

 (Barreto & Barros, 

2016). 

 (Duan et al., 2018) 
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4.1.1 Preprocessing and Signal Visualization 

To assess the effectiveness of the preprocessing steps applied to the ECG signals from the PTB 

Diagnostic ECG Database, this subsection presents visualizations of raw and preprocessed 

signals for five classes: Healthy, AMI, ALMI, ASMI and IMI. These visualizations, generated 

using MATLAB 2024a, illustrate the impact of high-pass and band-stop filtering on signal 

quality and highlight class-specific characteristics that inform the subsequent feature extraction 

and classification processes. 

 

Figure 4.1 Raw ECG signals for (a) Healthy, (b) IMI, (c) AMI, (d) ALMI, and (e) ASMI  

Figure 4.1 displays the raw ECG signals for each class, labeled (a) Healthy, (b) IMI, (c) AMI, 

(d) ALMI, and (e) ASMI, over 2000 samples at a 1000 Hz sampling frequency. The raw signals 

exhibit baseline wander and powerline noise, particularly noticeable as low-frequency drifts and 

periodic artifacts around 50 Hz. For instance, the Healthy signal (a) shows regular P-QRS-T 
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patterns with minimal drift, while AMI (c) and ALMI (d) display more pronounced 

irregularities, such as elevated ST segments and widened QRS complexes, indicative of 

infarction-related changes. 

 

Figure 4.2 Preprocessed ECG signals after high-pass (left: a-e) and band-stop (right: f-j) 

filtering for (a, f) Healthy, (b, g) IMI, (c, h) AMI, (d, i) ALMI, and (e, j) ASMI. 

After applying a high-pass filter at 0.5 Hz (left panels of Figure 4.2), baseline wander is 

effectively removed, as seen in the flattened baseline of all classes (a-e). The Healthy signal (a) 

retains its distinct P-QRS-T morphology, while IMI (b), AMI (c), ALMI (d), and ASMI (e) 
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show preserved pathological features, such as ST elevation in AMI (c) and ALMI (d), which are 

critical for MI detection. However, residual 50 Hz noise remains visible, affecting signal clarity. 

Subsequent application of a band-stop filter (49–51 Hz rejection, right panels of Figure 4.2) 

further refines the signals by eliminating powerline noise. The resulting signals (f-j) exhibit 

smoother waveforms, with the Healthy class (f) showing consistent amplitude and periodicity, 

while MI classes (g-j) retain diagnostic features like ST changes and T-wave inversions. For 

example, the AMI signal (h) shows a more defined ST elevation post-filtering, enhancing its 

distinguishability from the Healthy case. 

The visualizations reveal class-specific differences that underscore the need for robust feature 

extraction. The Healthy signal (a, f) maintains a stable amplitude and regular intervals, 

contrasting with the IMI signal (b, g), which exhibits lower amplitude variability and subtle T-

wave changes. The AMI signal (c, h) and ALMI signal (d, i) show significant ST elevation and 

widened QRS complexes, reflecting anterior and lateral wall damage, respectively. The ASMI 

signal (e, j) displays similar ST changes but with a more pronounced T-wave inversion, 

indicating septal involvement. These preprocessed signals, free of baseline wander and noise, 

provide a cleaner input for the spectral (DWT, SWT, WPT, ST) and nonlinear (entropy-based) 

feature extraction methods. 

The preprocessing steps enhance signal quality by removing artifacts that could confound 

feature extraction and classification. The high-pass filter addresses baseline wander, a common 

issue in ECG recordings, while the band-stop filter mitigates powerline interference, ensuring 

the spectral and entropy features (e.g., mean coefficients from WPT’s 15 nodes or entropy 

measures from 2000-sample windows) accurately reflect physiological patterns. These 

visualizations validate the preprocessing pipeline’s efficacy, setting the stage for the 

performance evaluation in Section 4.3, where the impact of these cleaned signals on 

classification accuracy, sensitivity, and specificity will be assessed. 

4.2 Results 

This section presents the performance evaluation of the methodologies used for classifying MI 

using spectral, nonlinear and hybrid methods on the PTB Diagnostic ECG Database. 

Segmentation on the ECG datasets resulted in 1540 healthy control, 1040 Anterior MI, 740 

Antero-lateral MI, 1480 Antero-septal MI and 1640 Interior MI subjects. To have a similar 
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number of subjects, 700 samples are used for each of the classes totaling 3500 samples for all 

the classes combined. The results are derived from the preprocessing and feature extraction 

pipeline outlined in Section 4.1.1, with a focus on the efficiency of ML algorithms in 

distinguishing Healthy control (HC), AMI, ALMI, ASMI, and IMI classes. The analysis begins 

with the spectral method’s feature extraction and classification outcomes, followed by feature 

ranking and statistical comparisons. 

4.2.1 Spectral Method 

The spectral method involves direct mean calculation of coefficients derived from SWT, DWT, 

WPT and ST. Specifically, SWT and DWT each generate 8 features (4 approximation and 4 

detail coefficients at decomposition level 4), WPT yields 15 features from level 3 decomposition 

of both approximation and detail nodes, and ST produces 4 features based on the mean 

amplitudes of four frequency bands (0–5, 5–15, 15–40, 40–100 Hz). This results in a total of 35 

features, which serve as input to the seven ML algorithms: RF, BOSVM, AKNN, SVM, 

AdaBoost, DT, and ELM. 

 

Figure 4.3 Objective Function Model for Bayesian-Optimized SVM in Spectral method 
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Figure 4.3 visualizes the objective function model used in Bayesian optimization to tune two 

key hyperparameters of the SVM: KernelScale and BoxConstraint, both on logarithmic scales 

(10−3 to 103). The vertical axis represents the estimated objective function value, which ranges 

from 0.55 to 0.8, and serves as a proxy for the model's performance. The red surface depicts the 

model mean, a GP regression model, that shows a clear minimum around 0.55, indicating the 

hyperparameter combination (specific values of KernelScale and BoxConstraint) that yields the 

best predicted performance. Blue dots represent observed points, combinations of KernelScale 

and BoxConstraint, that have already been evaluated during the optimization process, with their 

corresponding objective function values. The black asterisk marks the model minimum feasible 

point, the current best estimate of the optimal hyperparameter combination based on the GP 

model. Black dots indicate the next feasible point, which the optimization algorithm (using an 

acquisition function like "expected-improvement-plus") has selected for the next evaluation, 

aiming to either exploit regions near the current minimum or explore new areas to improve the 

model. 

A. Performance Metrics 

Table 4.2 Performance Metrics for Spectral Method 

Performance Metrics  

(in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

rbf) 

AdaBoost DT ELM 

(Act. 

Fuc: 

wavelet) 

Accuracy 83 79.2 73.4 71.3 71.4 83.2 72.4 

Specificity  89 87 83.4 82 82.1 89.5 80.5 

Sensitivity (Recall) 57.7 48 33.6 28.1 28.6 58 12.1 

Precision 58.3 48.4 34.2 58.1 25.8 57.8 11.8 

F1-Score 57.8 47.9 33.2 22.3 22.5 57.7 11.6 

 

Table 4.2 summarizes the average performance metrics across the five classes, expressed in 

percentages. RF and DT achieve the highest accuracy (83% and 83.2%, respectively), with RF 

also showing strong specificity (89%) and sensitivity (57.7%). BOSVM follows with 79.2% 

accuracy and 87% specificity, while AKNN, SVM, and AdaBoost range from 71.3% to 73.4% 
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accuracy, with lower sensitivity (28.1%–33.6%). ELM (among the activation functions sigmoid, 

tanh, relu, wavelet and sine used, wavelet had a relatively better performance result), despite a 

72.4% accuracy, exhibits the lowest sensitivity (12.1%) and F1 score (11.6%), indicating poor 

recall for MI detection. These results suggest RF and DT are more balanced, while ELM 

struggles with minority class. 

B. Feature Ranking 

To enhance classification efficiency, the ReliefF algorithm was applied to rank the 35 features, 

outperforming Fuzzy ranking based on initial results. The top 10 ranked features were selected, 

emphasizing those with the highest discriminative power across classes. 

Table 4.3 presents the updated performance metrics post-ranking, showing improvements for 

RF, BOSVM and DT. RF’s accuracy increased to 88.97% (a 5.97% rise), with specificity at 

93.1%, sensitivity at 72.4% (a 14.7% increase), precision at 73.1%, and F1-score at 72.3% (a 

14.5% increase). BOSVM improved to 88.51% accuracy (a 9.31% rise), with specificity at 

92.82%, sensitivity at 71.28% (a 23.28% increase), precision at 71.69%, and F1-score at 71.36% 

(a 23.46% increase). While DT’s accuracy increased to 89% (a 5.8% increase), specificity 

93.5% (a 4% rise), sensitivity 74% (a 16% rise), precision 73.03%, f1-score 71.9%. The three 

models demonstrate significant gains, with BOSVM showing a more pronounced sensitivity 

improvement, reflecting the effectiveness of feature ranking in refining the spectral method as 

the ranked features capture class-specific patterns better. 

Table 4.3 Performance Metrics for Spectral method (after ranking) 

Performance Metrics 

(in %) 

Machine Learning Algorithms  

RF BOSVM DT 

Accuracy 88.97 88.51 89 

Specificity  93.1 92.82 93.5 

Sensitivity (Recall) 72.4 71.28 74 

Precision 73.1 71.69 73.03 

F1-Score 72.3 71.36 71.9 
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C. Statistical Analysis for top 10 ranked features 

The statistical significance of the top 10 ranked features in the spectral method is assessed using 

p-values from a comparison of levels 2–5 versus level 1 (HC), presented in Table 4.4 below. 

These p-values indicate the probability of observing the feature differences by chance, with 

values less than 0.05 considered statistically significant. 

Features based on the Stockwell Transform (ST) with mean (m) across bands f1 to f4 (m-f1-st 

to m-f4-st) show highly significant P-values, particularly at lower levels (e.g., m-f1-st at 4.88E-

19 and m-f4-st at 1.36E-19 at Level 4), indicating strong differentiation, though significance 

decreases at higher levels (e.g., m-f2-st at 0.0158 at Level 3). Features from Wavelet Packet 

(WP) analysis with mean values at specific nodes (m-n0-wp, m-n12-wp, m-n14-wp, m-n6-wp) 

generally exhibit higher P-values (e.g., 0.9919 for m-n0-wp at Level 4), suggesting less 

statistical significance. Similarly, Stationary Wavelet (SW) features with mean approximate 

coefficients at Levels 1 and 2 (mL1-a-sw, mL2-a-sw) display P-values mostly above 0.05 (e.g., 

0.5916 for mL1-a-sw at Level 2), indicating limited significance across the levels. This suggests 

that ST-based features are more effective discriminators compared to WP and SW features in 

this spectral analysis context. 

Table 4.4 P-Values for the top ten ranked features in Spectral Method (Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

m-f2-st 1.47589E-18 0.015769552 8.7014E-11 1.38681E-06 

m-f4-st 5.2594E-13 1.09747E-09 1.35672E-19 3.30297E-15 

m-f3-st 6.076E-07 0.057368456 4.31686E-09 2.49137E-07 

m-f1-st 4.88499E-19 0.092515386 1.0369E-14 2.29568E-06 

m-n0-wp 0.290703897 0.317058681 0.991982852 0.80354766 

mL1-a-sw 0.591644825 0.358158558 0.055944331 0.399419114 

mL2-a-sw 0.697493842 0.295834948 0.493055314 0.33232043 

m-n12-wp 0.689538818 0.760656858 0.254449522 0.1957911 

m-n14-wp 0.69148785 0.177474886 0.306872398 0.393565446 

m-n6-wp 0.732573657 0.705973506 0.352173574 0.753918618 
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D. Boxplot Analysis 

 

Figure 4.4 Boxplot of top ten ranked features in spectral method 

 

The boxplot in figure 4.4 shows distinct patterns in the distribution of features extracted using 

ST, SWT, and WPT for HC and MI subtypes (AMI, ALMI, ASMI, IMI). For m-f3-st (ST Band 

3), HC shows a median of approximately 50 with a narrow interquartile range (IQR), indicating 

low variability, while AMI and ALMI exhibit medians of 0 to 10 with wider IQRs and outliers, 

reflecting ST’s sensitivity to frequency changes in MI. The m-L2-a-sw (SWT Level 2 
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Approximation) feature shows HC with a median near 0 and minimal spread, whereas ASMI 

and IMI display negative medians around -2 × 10¹⁴ with outliers, highlighting SWT’s ability to 

detect approximation-based differences. For WPT features, m-n0-wp shows HC near 0, with 

AMI and ALMI at positive medians (up to 0.5 × 10¹⁴) and ASMI/IMI negative, while m-n12-

wp and m-n14-wp follow a similar trend with HC at 0, AMI/ALMI slightly positive, and 

ASMI/IMI negative, indicating consistent node-specific discrimination. Lastly, m-n6-wp 

reveals overlapping HC and AMI medians near 0, with ALMI and ASMI showing slight positive 

shifts and IMI negative, suggesting subtle class-specific variations. 

4.2.2 Entropy-based (Nonlinear) Method 

The nonlinear method leverages complexity measures to capture the dynamic characteristics of 

preprocessed ECG signals, focusing on six entropy types: Sample Entropy, Bubble Entropy, 

Renyi Entropy, Dispersion Entropy, Lempel-Ziv Entropy, and Kolmogorov-Sinai Entropy. 

These entropy measures are computed over 2000-sample windows, resulting in 6 features that 

serve as inputs to the seven ML algorithms: RF, BOSVM, AKNN, SVM, AdaBoost, DT, and 

ELM. This subsection evaluates the classification performance, statistical significance of 

features, and their distributions across HC, AMI, ALMI, ASMI, and IMI classes. 

Figure 4.5 illustrates the objective function model employed in Bayesian optimization to fine-

tune the hyperparameters KernelScale and BoxConstraint (both on logarithmic scales (10−3 to 

103) for a SVM applied to a nonlinear method. The vertical axis displays the estimated objective 

function value, ranging from 0.55 to 0.8, serving as an indicator of model performance. The red 

surface represents the model mean, derived from a GP regression, featuring a distinct minimum 

around 0.55, suggesting the optimal hyperparameter combination for enhanced performance. 

Blue dots denote observed points, previously evaluated KernelScale and BoxConstraint 

combinations, while the black asterisk indicates the model minimum feasible point, the current 

best-estimated optimal setting. Black dots mark the next feasible point, selected by the 

"expected-improvement-plus" acquisition function to balance exploitation of the current 

minimum and exploration of new regions. This visualization guides the optimization process to 

improve the SVM's classification of nonlinear features. 
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Figure 4.5 Objective Function Model for Bayesian-Optimized SVM in Nonlinear method 

A. Performance Metrics 

Table 4.5 presents the average performance metrics across the five classes, expressed in 

percentages. RF achieves the highest accuracy at 83.9%, closely followed by AKNN (83.3%) 

and BOSVM (82.9%), all with strong specificity (89.9%, 89.5%, and 89.3%, respectively). 

Sensitivity is highest for RF (60%), AKNN (58.3%), and BOSVM (57.3%), indicating better 

detection of MI classes compared to other methods. SVM (73.3% accuracy) and AdaBoost 

(71%) show lower sensitivity (33% and 27.6%), while DT (79.1% accuracy) balances sensitivity 

(47.9%) and specificity (86.9%). ELM (among the activation functions sigmoid, tanh, relu, 

wavelet and sine used, wavelet had a relatively better performance result) performs poorly, with 

68.6% accuracy and a notably low sensitivity (7.07%), F1-score (7.08%), and precision (7.1%), 

suggesting limited effectiveness in identifying MI cases using entropy features.  
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Table 4.5 Performance Metrics for Nonlinear method 

Performance Metrics 

(in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

rbf) 

AdaBoost DT ELM 

(Act. 

Fuc: 

wavelet) 

Accuracy 83.9 82.9 83.3 73.3 71 79.1 68.6 

Specificity  89.9 89.3 89.5 83 81.9 86.9 77.6 

Sensitivity (Recall) 60 57.3 58.3 33 27.6 47.9 7.07 

Precision 59.8 57.5 58.8 36 33 48 7.1 

F1-Score 59.75 57.3 58.3 31.6 22.9 47.8 7.08 

 

B. Statistical Significance and Feature Analysis 

The statistical significance of the 6 features in the nonlinear method is assessed using p-values 

from a comparison of levels 2–5 versus level 1 (HC), presented in Table 4.6 below. These p-

values indicate the probability of observing the feature differences by chance, with values less 

than 0.05 considered statistically significant. 

Table 4.6 P-Values for features in Nonlinear Method (Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

SampEn 1.86023E-19 0.000232922 0.054152667 0.256161834 

BubEn 3.58909E-06 9.35762E-10 8.45296E-29 0.000918043 

RenyiEn 1.55339E-05 5.83208E-06 0.107119263 0.160584522 

DispEn 1.41275E-13 3.60687E-05 1.1123E-06 0.000522786 

Lem-ZivEn 8.69681E-07 0.001992596 0.630664435 0.876805934 

Kolmo-SinEn 1.00446E-05 3.75184E-05 0.208695752 0.103794168 

 

Table 4.6 presents P-values for various nonlinear entropy features - Sample Entropy (SampEn), 

Bubble Entropy (BubEn), Renyi Entropy (RenyiEn), Dispersion Entropy (DispEn), Lempel-Ziv 

Entropy (Lem-ZivEn), and Kolmogorov-Sinai Entropy (Kolmo-SinEn) - comparing Levels 2 to 

5 against Level 1 to assess statistical significance. SampEn shows highly significant P-values at 
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Level 2 (1.86E-19) but loses significance at higher levels (0.256 at Level 5). BubEn exhibits 

strong significance across all levels, with the lowest P-value at Level 4 (8.45E-29), indicating 

robust differentiation. RenyiEn and Kolmo-SinEn start with significant P-values at lower levels 

(1.55E-05 and 1.00E-05 at Level 2, respectively) but become less significant at higher levels 

(0.107 and 0.104 at Level 4). DispEn remains significant across all levels, with a notable low at 

Level 2 (1.41E-13), while Lem-ZivEn shows high significance at Level 2 (8.70E-07) but 

diminishes at higher levels (0.877 at Level 5). This suggests that BubEn and DispEn are 

consistently effective discriminators, while others vary in significance across levels. 

C. Boxplot Analysis 

 

Figure 4.6 Boxplot of entropy features 

The boxplot (Figure 4.6) illustrates the distribution of the entropy features across classes. 

Sample Entropy (SampEn) shows HC and ALMI with medians of 0.13–0.14, while AMI’s 

median of 0.185 with a wider IQR suggests increased signal complexity. Bubble Entropy 

(BubEn) displays medians of 0.58–0.59 across classes, with ASMI at 0.592 and a slightly 
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broader IQR, indicating subtle differences. Renyi Entropy (RenyiEn) highlights AMI with the 

highest median (3.073), HC at 3.006, and ALMI with the narrowest spread (2.874), reflecting 

its sensitivity to dominant patterns. Dispersion Entropy (DispEn) peaks at AMI (1.145), with 

ALMI lowest (0.960) and ASMI showing outliers, indicating variability. Lempel-Ziv Entropy 

(Lem-ZivEn) has close medians (0.078–0.092), with AMI highest at 0.092 and narrow IQRs, 

suggesting limited discrimination. Kolmogorov-Sinai Entropy (Kolmo-SinEn) shows AMI 

highest (0.191), ALMI lowest (0.157), and ASMI with outliers, pointing to chaotic dynamics in 

MI signals. 

4.2.3 Hybrid (Spectral and Nonlinear) Method 

The hybrid method integrates spectral and nonlinear features to enhance the classification of MI 

using the PTB Diagnostic ECG Database. Spectral features from SWT, DWT, WPT, and ST are 

combined with nonlinear features, specifically Sample Entropy and Bubble Entropy, to capture 

both frequency-based and complexity-based characteristics of ECG signals. This section 

evaluates the performance of seven ML algorithms: RF, BOSVM, AKNN, SVM, AdaBoost, 

DT, and ELM, using these hybrid features across HC, AMI, ALMI, ASMI, and IMI classes. 

4.2.3.1 SWT with Sample and Bubble Entropies 

The hybrid approach in SWT involves decomposing the preprocessed ECG signals into 4 levels, 

yielding 8 spectral features (4 approximation and 4 detail coefficients). These are combined with 

two nonlinear features-Sample Entropy and Bubble Entropy-computed over 2000-sample 

windows, resulting in a total of 16 features. These features are used as inputs to the seven ML 

algorithms. 

A. SWT Decomposition 

Figure 4.7 illustrates the SWT decomposition for the Healthy class (HC), with the 4 

approximation (a–d) and 4 detail (e–h) coefficients over 2000 samples at a 1000 Hz sampling 

frequency. The approximation coefficients (a–d) capture the low-frequency trends, with d 

showing a smooth baseline reflecting the signal’s overall morphology (e.g., P-QRS-T patterns). 

The detail coefficients (e–h) highlight high-frequency components, such as QRS complex 

variations in e and noise residuals in h, demonstrating SWT’s ability to preserve time-domain 

information at each level. 
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Figure 4.7 SWT decomposition for Healthy class (a-d) – approximate, (e-h) – detail 

coefficients 

B. Performance Metrics 

Table 4.7 presents the performance metrics for the initial 16 features before ranking, showing 

strong results across most algorithms. BOSVM achieves the highest accuracy (99.4%) and 

specificity (99.6%), with an impressive sensitivity (98.57%) and F1-score (98.57%), indicating 

excellent MI detection and balance. RF follows with 95.5% accuracy, 97.1% specificity, and 

88.71% sensitivity, while AKNN and DT also perform well (91.2% and 91.3% accuracy, 

respectively). SVM (81% accuracy) and AdaBoost (83% accuracy) show moderate 

performance, with lower sensitivity (52.6% and 57.7%). ELM (among the activation functions 

sigmoid, tanh, relu, wavelet and sine used, relu had a relatively better performance result) 

performs poorly, with 67% accuracy and a notably low sensitivity (1.25%), suggesting limited 

effectiveness with the initial feature set. 
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Table 4.7 Performance Metrics using SWT with sample and bubble entropies 

Performance Metrics 

(in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

polynomial) 

AdaBoost DT ELM 

(Act. 

Fuc: 

relu) 

Accuracy 95.5 99.4 91.2 81 83 91.3 67 

Specificity  97.1 99.6 94.5 88.1 89.4 94.6 76.7 

Sensitivity (Recall) 88.71 98.57 78 52.6 57.7 78.3 1.25 

Precision 88.69 98.58 78.2 54.1 55 78.5 1.3 

F1-Score 88.67 98.57 78 52.7 53 78.4 1.23 

 

C. Feature Ranking 

Given the superior performance of RF and BOSVM, ReliefF was applied to rank the 16 features, 

selecting the top 10 based on discriminative power. 

Table 4.8 Performance Metrics using SWT with sample and bubble entropies (after ranking) 

Performance Metrics (in %) Machine Learning Algorithms  

RF BOSVM DT 

Accuracy 96.8 99.51 92 

Specificity  98.2 99.63 95.04 

Sensitivity (Recall) 93 98.72 79.32 

Precision 92.5 98.6 79.47 

F1-Score 92.1 98.59 79.31 

 

Table 4.8 presents the post-ranking performance metrics, demonstrating significant 

improvements. BOSVM reaches 99.51% accuracy and 98.72% sensitivity, with specificity at 

99.63% and an F1-score of 98.59%, reflecting a slight enhancement in sensitivity (0.15%) and 

a balanced model. RF improves to 96.8% accuracy, 93% sensitivity, 98.2% specificity, 92.5% 

precision, and 92.1% F1-score, showing a notable sensitivity increase of 4.29% and an F1-score 

boost of 3.43%. DT’s accuracy and specificity increased to 92% and 95.04% respectively, with 



62 
 

slight increase in sensitivity precision and f1-score of 79.32%, 79.47% and 79.31% respectively. 

These improvements validate the effectiveness of feature ranking in refining the hybrid SWT 

model, particularly for RF, which benefits from a more focused feature set. 

D. Statistical Analysis of Top 10 Features 

The statistical significance of the top 10 ranked features is assessed using p-values from a 

comparison of levels 2–5 versus level 1 (HC), presented in Table 4.9 below. These p-values 

indicate the probability of observing the feature differences by chance, with values less than 

0.05 considered statistically significant. 

Table 4.9 P-Values for the top ten ranked features in SWT with sample and bubble entropies 

(Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

Det-4-SE 0.01624 0.9756 0.4006 2.225e-18 

Det-2-SE 2.862e-06 3.089e-27 9.08e-24 0.9472 

Det-1-SE 1.197e-06 3.686e-14 1.862e-22 0.007441 

Det-3-SE 0.7895 6.684e-10 2.887e-05 2.081e-05 

Det-4-BE 0.02907 0.2279 0.8226 1.081e-16 

Det-3-BE 0.4804 3.854e-10 4.132e-05 4.964e-06 

Apx-1-BE 8.863e-23 8.643e-34 6.815e-23 0.1406 

Apx-4-BE 6.171e-21 1.761e-24 6.146e-17 0.1111 

Apx-3-BE 5.254e-21 8.015e-28 8.376e-20 0.3617 

Apx-2-BE 6.737e-22 8.586e-29 1.288e-21 0.2672 

 

The p-values in table 4.9 reveals significant variability in statistical significance across the top 

10 features and decomposition levels. Detail coefficient features with SE (Det-1-SE to Det-4-

SE) show varying significance: Det-2-SE is highly significant at Levels 3 and 4 (3.089e-27 and 

9.08e-24), but less so at Level 5 (0.9472), while Det-4-SE peaks at Level 5 (2.225e-18). Det-1-

SE and Det-3-SE also show strong significance at lower levels (e.g., 1.197e-06 at Level 2 for 

Det-1-SE). For Bubble Entropy, detail coefficient features (Det-3-BE, Det-4-BE) are significant 

at higher levels (e.g., 1.081e-16 for Det-4-BE at Level 5), while Det-3-BE peaks at Level 3 

(3.854e-10). Approximate coefficient features with BE (Apx-1-BE to Apx-4-BE) exhibit high 

significance at lower levels, particularly Apx-1-BE at Level 3 (8.643e-34), but significance 
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decreases at Level 5 (e.g., 0.1406 for Apx-1-BE). Overall, SE and BE features are more 

discriminative at lower levels, with varying effectiveness across levels. 

4.2.3.2 DWT with Sample and Bubble Entropies 

The hybrid approach in DWT involves decomposing the preprocessed ECG signals into 4 levels, 

yielding 8 spectral features (4 approximation coefficients and 4 detail coefficients). These are 

combined with 2 nonlinear features, Sample Entropy (SE) and Bubble Entropy (BE), computed 

over 1000-sample, resulting in a total of 16 features. These features are used as inputs to the 

seven ML algorithms. 

A. DWT Decomposition 

 

Figure 4.8 DWT decomposition for Healthy class (a-d) – approximate, (e-h) – detail 

coefficients 

Figure 4.8 illustrates the DWT decomposition for the HC, showing the 4 approximation (a-d) 

and 4 detail (e-h) coefficients over 1000 samples. The approximation coefficients (a-d) capture 

the low-frequency trends, with d exhibiting a smooth baseline reflecting the signal’s P-QRS-T 
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morphology. The detail coefficients (e-h) highlight high-frequency components, such as QRS 

complex peaks in e (yellow) and finer noise residuals in h (blue), demonstrating DWT’s ability 

to separate signal components across levels. 

 

Figure 4.9 Objective Function Model for Bayesian-Optimized SVM in DWT 

Figure 4.9 illustrates the objective function model employed in Bayesian optimization to fine-

tune the hyperparameters KernelScale and BoxConstraint (both on logarithmic scales from 10−3 

to 103) for SVM applied to features derived from DWT. The vertical axis displays the estimated 

objective function value, ranging from 0.1 to 0.8, serving as an indicator of model performance. 

The red surface represents the model mean, derived from a GP regression, featuring a distinct 

minimum around 0.1 to 0.2, suggesting the optimal hyperparameter combination for enhanced 

performance with DWT features. Blue dots denote observed points, previously evaluated 

KernelScale and BoxConstraint combinations, while the black asterisk indicates the model 

minimum feasible point, the current best-estimated optimal setting. Black dots mark the next 

feasible point, selected by the "expected-improvement-plus" acquisition function to balance 
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exploitation of the current minimum and exploration of new regions. This visualization guides 

the optimization process to improve the SVM's classification of DWT-based features. 

B. Performance Metrics 

Table 4.10 presents the performance metrics for the initial 16 features before ranking, showing 

exceptional results across most algorithms. BOSVM achieves the highest accuracy (99.94%) 

and specificity (99.96%), with an outstanding sensitivity (99.857%) and F1-score (99.857%), 

indicating near-perfect MI detection and balance. RF follows with 99.4% accuracy, 99.6% 

specificity, and 98.571% sensitivity, while DT (98.7% accuracy, 96.857% sensitivity) and 

AKNN (97% accuracy, 92.57% sensitivity) also perform strongly. SVM (96.7% accuracy, 

91.86% sensitivity) and AdaBoost (88.63% accuracy, 71.57% sensitivity) show solid 

performance, though with lower precision for AdaBoost (62.89%). ELM (among the activation 

functions sigmoid, tanh, relu, wavelet and sine used, relu had a relatively better performance 

result) performs poorly, with 66.66% accuracy and a minimal sensitivity (0.143%). 

Table 4.10 Performance Metrics using DWT with sample and bubble entropies 

Performance Metrics 

(in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

polynomial) 

AdaBoost DT ELM 

(Act. 

Fuc: 

relu) 

Accuracy 99.4 99.94 97 96.7 88.63 98.7 66.66 

Specificity  99.6 99.96 98.1 97.96 92.89 99.2 76.66 

Sensitivity (Recall) 98.571 99.857 92.57 91.86 71.57 96.857 0.143 

Precision 98.59 99.858 92.56 92.16 62.89 96.88 0.145 

F1-Score 98.572 99.857 92.54 91.82 65.2 98.858 0.14 

 

C. Feature Ranking 

Given the superior performance of RF and BOSVM, ReliefF was applied to rank the 16 features, 

selecting the top 10 based on discriminative power. Table 4.11 presents the post-ranking 

performance metrics, demonstrating further improvements. RF reaches 99.6% accuracy, 99% 

sensitivity, 99.75% specificity, 99.047% precision, and 99.006% F1-score, showing a sensitivity 
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increase of 0.429% and an F1-score boost of 0.434%. BOSVM improves to 99.77% accuracy, 

99.42857% sensitivity, 99.85% specificity, 99.42855% precision, and 99.42805% F1-score, 

with a sensitivity gain of 0.42857% and an F1-score increase of 0.42805%. DT also increased 

in accuracy reaching 99.13%. Continued with 99.4% specificity, 97.706% sensitivity, 97.71% 

precision and 99.37% f1-score. These enhancements highlight the effectiveness of feature 

ranking in refining the hybrid DWT model, particularly for achieving near-perfect classification. 

Table 4.11 Performance Metrics using DWT with sample and bubble entropies (after ranking) 

Performance Metrics (in %) Machine Learning Algorithms 

RF BOSVM DT 

Accuracy 99.6 99.95 99.13 

Specificity  99.75 99.961 99.4 

Sensitivity (Recall) 99 99.858 97.706 

Precision 99.047 99.9 97.71 

F1-Score 99.006 99.857 99.37 

 

D. Statistical Analysis for top 10 features 

The statistical significance of top 10 ranked features is assessed using p-values from a 

comparison of levels 2–5 versus level 1 (HC). These p-values indicate the probability of 

observing the feature differences by chance, with values less than 0.05 considered statistically 

significant. 

In table 4.12, Detail coefficient features with BE (Det-1-BE to Det-3-BE) show varying 

significance, with Det-1-BE most significant at Level 4 (8.679e-07) and Det-3-BE at Level 5 

(8.656e-09), while Det-2-BE peaks at Level 3 (1.04e-06). For SE, Det-1-SE and Det-2-SE are 

highly significant at Level 4 (6.532e-12) and Level 3 (1.827e-10), respectively, but less so at 

Level 5 (0.01681 and 0.01751). Approximate coefficient features with BE (Apx-1-BE to Apx-

4-BE) exhibit strong significance at lower levels, with Apx-1-BE reaching 1.324e-39 at Level 

3, though significance drops at Level 5 (e.g., 0.0987 for Apx-1-BE). Apx-1-SE also shows high 

significance, particularly at Level 3 (1.224e-30), but weakens at Level 5 (0.01824). Overall, 

approximate coefficients with BE and SE are more discriminative at lower levels, while detail 

coefficients vary across levels. 
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Table 4.12 P-Values for the top ten ranked features in DWT with sample and bubble entropies 

(Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

Det-2-BE 0.519 1.04e-06 0.002786 9.669e-05 

Det-1-BE 0.7092 1.137e-05 8.679e-07 0.4731 

Det-2-SE 0.3074 1.827e-10 3.743e-08 0.01751 

Det-3-BE 0.0137 0.000026 0.1648 8.656e-09 

Det-1-SE 0.03587 5.737e-08 6.532e-12 0.01681 

Apx-4-BE 3.136e-15 1.505e-18 3.666e-14 0.02104 

Apx-3-BE 1.336e-19 1.056e-21 6.944e-17 0.02052 

Apx-1-BE 4.424e-24 1.324e-39 4.687e-23 0.0987 

Apx-2-BE 1.968e-21 7.777e-27 7.466e-18 0.01253 

Apx-1-SE 5.767e-15 1.224e-30 5.765e-19 0.01824 

 

4.2.3.3 WPT with Sample and Bubble Entropies 

The hybrid approach in WPT involves decomposing the preprocessed ECG signals into 3 levels, 

yielding 15 spectral features (nodes 0–14 at the terminal level). These are combined with 2 

nonlinear features, SE and BE, computed over 1000-sample windows, resulting in a total of 30 

features. These features are used as inputs to the seven ML algorithms: RF, BOSVM, AKNN, 

SVM, AdaBoost, DT, and ELM, across HC, AMI, ALMI, ASMI, and IMI classes. 

A. WPT Decomposition 

Figure 4.10 illustrates the WPT decomposition for the Healthy class (HC), showing the 15 

terminal nodes (0–14) at level 3 over 2000 samples. Each node captures a specific frequency 

band, with lower-numbered nodes (e.g., Node 0, light blue) representing low-frequency 

components similar to approximation coefficients, and higher-numbered nodes (e.g., Node 14, 

blue) capturing high-frequency details. Node 0 reflects the signal’s P-QRS-T morphology, while 

Node 14 highlights fine-scale noise and QRS complex variations, showcasing WPT’s ability to 

provide a detailed frequency resolution across the spectrum. 
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Figure 4.10 WPT decomposition for Healthy class 
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B. Performance Metrics 

Table 4.13 presents the performance metrics for the initial 30 features before ranking, 

demonstrating exceptional results across most algorithms. RF achieves the highest accuracy 

(99.88%) and specificity (99.93%), with a sensitivity of 99.714285% and F1-score of 

99.714282%, indicating near-perfect MI detection. BOSVM follows closely with 99.71% 

accuracy, 99.82% specificity, and 99.285% sensitivity, while AKNN (99.77% accuracy, 

99.428% sensitivity) and DT (99.03% accuracy, 97.571% sensitivity) also perform strongly. 

SVM shows 98.4% accuracy and 96% sensitivity, while AdaBoost has a lower accuracy of 

90.28% and sensitivity of 75.71%, with a precision of 66.49%. ELM (among the activation 

functions sigmoid, tanh, relu, wavelet and sine used, relu had a relatively better performance 

result) performs poorly, with 66.658% accuracy and a minimal sensitivity of 0.0476%. 

Table 4.13 Performance Metrics using WPT with sample and bubble entropies 

Performance 

Metrics (in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

polynomial) 

AdaBoost DT ELM 

(Act. 

Fuc: 

relu) 

Accuracy 99.88 99.71 99.77 98.4 90.28 99.03 66.658 

Specificity  99.93 99.82 99.85 99 93.92 99.39 76.656 

Sensitivity 

(Recall) 

99.714285 99.285 99.428 96 75.71 97.571 0.0476 

Precision 99.716 99.31 99.43 96.259 66.49 97.58 0.0458 

F1-Score 99.714282 99.288 99.429 96.006 69.23 97.575 0.0469 

 

C. Feature Ranking 

Table 4.14 presents the updated post-ranking performance metrics, showing improvements for 

RF, BOSVM and DT. RF’s accuracy increases to 99.9%, with sensitivity rising to 99.84% (a 

0.125715% increase), specificity to 99.935%, precision to 99.857%, and F1-score to 99.842% 

(a 0.127718% increase). BOSVM improves to 99.77% accuracy, 99.42857% sensitivity (a 

0.14357% increase), 99.85% specificity, 99.42855% precision, and 99.42805% F1-score. DT 
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improves to 99.03% accuracy, 99.39% sensitivity, 98.61% sensitivity, 98.61% precision and 

98.5% f1-score. The RF and BOSVM models achieve near-perfect performance, with RF 

showing notable gains post-ranking. 

Table 4.14 Performance Metrics using WPT with sample and bubble entropies (after ranking) 

Performance Metrics (in %) Machine Learning Algorithms 

RF BOSVM DT 

Accuracy 99.9 99.77 99.03 

Specificity  99.935 99.85 99.39 

Sensitivity (Recall) 99.84 99.42857 98.42 

Precision 99.857 99.42855 98.61 

F1-Score 99.842 99.42805 98.5 

 

D. Statistical Analysis for the top 10 ranked features 

The statistical significance of the top 10 ranked features is assessed using p-values from a 

comparison of levels 2–5 versus level 1 (HC), presented in Table 4.15 below. These p-values 

indicate the probability of observing the feature differences by chance, with values less than 

0.05 considered statistically significant. 

In table 4.15, several features demonstrating strong discriminative power for distinguishing MI 

classes (levels 2–5) from HC (level 1). Features with Bubble Entropy (Nd-2-BE to Nd-14-BE) 

show varied significance across levels: Nd-14-BE is highly significant at Level 3 (4.81202E-

16) and Level 4 (2.73252E-08), but not at Level 5 (0.99287948); Nd-10-BE peaks at Level 4 

(3.01957E-11); and Nd-9-BE remains significant across all levels, with the lowest P-value at 

Level 5 (0.00001806). Nd-11-BE shows strong significance at Level 3 (1.42142E-10), while 

Nd-6-BE and Nd-13-BE are less significant at higher levels (e.g., 0.599846975 and 

0.020056277 at Level 5). The only SE feature, Nd-10-SE, exhibits high significance at Levels 

3 and 4 (1.05789E-14 and 8.27417E-14) but less at Level 5 (0.000459744). Overall, BE features 

generally show stronger discrimination at lower levels, with Nd-14-BE and Nd-10-BE being 

particularly effective, while significance often decreases at Level 5. 
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Table 4.15 P-Values for the top ten ranked features in WPT with sample and bubble entropies 

(Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

Nd-9-BE 0.001805927 0.000788827 0.005955431 0.00001806 

Nd-4-BE 0.885412046 6.10037E-08 0.000435596 0.00004597 

Nd-10-SE 8.59185E-05 1.05789E-14 8.27417E-14 0.000459744 

Nd-13-BE 0.000281284 0.603252682 0.092848896 0.020056277 

Nd-8-BE 0.035740281 4.80838E-05 0.076309763 3.33275E-06 

Nd-11-BE 0.195243232 1.42142E-10 0.022898804 0.001024763 

Nd-6-BE 0.951609523 1.69744E-07 0.229 0.599846975 

Nd-10-BE 0.009005 1.96397E-11 3.01957E-11 0.010733894 

Nd-14-BE 6.73972E-05 4.81202E-16 2.73252E-08 0.99287948 

Nd-2-BE 0.873107068 8.37941E-07 8.76939E-15 0.354298834 

 

4.2.3.4 ST with Sample and Bubble Entropies 

The hybrid approach in ST involves analyzing the preprocessed ECG signals across four 

frequency bands ([0–5 Hz], [5–15 Hz], [15–40 Hz], [40–100 Hz]), yielding 4 spectral features. 

These are combined with 2 nonlinear features, SE and BE, computed over 1000-sample 

windows, resulting in a total of 8 features. These features are used as inputs to the seven ML 

algorithms: RF, BOSVM, AKNN, SVM, AdaBoost, DT, and ELM, across HC, AMI, ALMI, 

ASMI, and IMI classes. 

A. ST Frequency Band Analysis 

Figure 4.11 illustrates the Stockwell Transform applied to the Healthy class (HC), showing the 

four frequency bands ([0–5 Hz], [5–15 Hz], [15–40 Hz], [40–100 Hz]) over 1000 samples. The 

[0–5 Hz] band (purple) captures low-frequency components, reflecting the P-QRS-T 

morphology with a smooth baseline. The [5–15 Hz] band (red) highlights mid-frequency 

features, emphasizing the QRS complex and some T-wave components. The [15–40 Hz] band 

(yellow) isolates higher-frequency QRS details, while the [40–100 Hz] band (green) captures 

fine-scale noise and subtle high-frequency variations, demonstrating ST’s ability to provide 

time-frequency resolution across distinct bands. 
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Figure 4.11 ST Bandwise signal for Healthy class 

B. Performance Metrics 

Table 4.16 presents the performance metrics for the 8 features, showing moderate results across 

the algorithms. RF achieves the highest accuracy (78.3%) and specificity (86.43%), with a 

sensitivity of 45.7% and F1-score of 46.1%, indicating reasonable MI detection but limited 

sensitivity. SVM follows with 76.9% accuracy, 85.57% specificity, and 42.28% sensitivity, 

while BOSVM (75.3% accuracy, 38.7% sensitivity) and DT (73.71% accuracy, 34.28% 

sensitivity) show comparable performance. AKNN (73.9% accuracy, 34.86% sensitivity) and 

AdaBoost (71.88% accuracy, 29.71% sensitivity) have lower sensitivity, with AdaBoost 

showing the lowest precision (27.98%) and F1-score (24.92%). ELM (among the activation 

functions sigmoid, tanh, relu, wavelet and sine used, relu had a relatively better performance 

result) performs the worst, with 70.65% accuracy and a minimal sensitivity of 10.92%. 
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Table 4.16 Performance Metrics using ST with sample and bubble entropies 

Performance Metrics 

(in %) 

Machine Learning Algorithms  

RF BOSVM AKNN SVM 

(Kernel: 

polynomial) 

AdaBoost DT ELM 

(Act. 

Fuc: 

relu) 

Accuracy 78.3 75.3 73.9 76.9 71.88 73.71 70.65 

Specificity  86.43 84.7 83.7 85.57 82.42 83.57 78.9 

Sensitivity (Recall) 45.7 38.7 34.86 42.28 29.71 34.28 10.92 

Precision 47.2 39.8 34.78 42.52 27.98 34 10.84 

F1-Score 46.1 38.8 33.89 41.21 24.92 34.03 10.71 

 

C. Statistical Analysis 

Table 4.17 presents the p-values for the 8 features across four frequency bands (f1–f4), 

comparing levels 2–5 versus level 1 (HC), to assess their statistical significance in distinguishing 

MI classes from HC. 

Table 4.17 P-Values for ST with sample and bubble entropies (Levels 2–5 vs. Level 1) 

Feature Name Level 2 Level 3 Level 4 Level 5 

f1-SE 0.058302041 0.68944142 3.84209E-05 0.064201063 

f2-SE 0.783111041 2.34778E-07 0.002339674 0.000201314 

f3-SE 0.011709852 0.003413118 0.000860317 0.056455837 

f4-SE 0.131549551 0.383058918 0.775351997 0.001626602 

f1-BE 8.42144E-08 2.37056E-09 1.87288E-05 0.003344811 

f2-BE 0.175486162 0.051578479 0.328248649 0.906591528 

f3-BE 1.10239E-08 1.98022E-29 8.35494E-34 9.18598E-14 

f4-BE 0.00558081 0.879933805 0.098332777 0.000317624 

 

In table 4.17, from the SE features, f2-SE shows high significance at Level 3 (2.34778E-07) and 

Level 5 (0.000201314), while f3-SE is significant across Levels 2 to 4 (e.g., 0.000860317 at 

Level 4), but less so at Level 5 (0.056455837). f1-SE and f4-SE are generally less significant, 
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with f1-SE peaking at Level 4 (3.84209E-05) and f4-SE at Level 5 (0.001626602). For BE 

features, f3-BE exhibits exceptional significance across all levels, with the lowest P-value at 

Level 4 (8.35494E-34), followed by f1-BE, which is highly significant at Level 3 (2.37056E-

09). f4-BE shows moderate significance at Level 5 (0.000317624), while f2-BE has the least 

significance, peaking at Level 3 (0.051578479). Overall, BE features, especially f3-BE, 

demonstrate stronger discriminatory power compared to SE features across the levels. 

4.3 Comparison of spectral, nonlinear and hybrid (spectral and nonlinear) 

methods 

A comparative analysis was conducted to evaluate the efficacy of three methodological 

approaches, spectral, nonlinear, and hybrid (spectral and nonlinear), in the multiclass 

classification of MI. The spectral method, based on frequency-domain analysis alone, exhibited 

moderate performance, with the best results achieved using the RF and DT classifiers, yielding 

accuracies of 83% and 83.2%, respectively. However, sensitivity and F1-scores across all 

classifiers remained comparatively low, particularly with SVM and ELM, indicating limited 

discriminative power when relying solely on spectral features. The nonlinear method, which 

utilized entropy-based complexity measures without spectral decomposition, showed a slight 

improvement over the spectral method. Notably, classifiers such as RF, BOSVM, and AKNN 

achieved accuracies above 82%, and the sensitivity and F1-score metrics were consistently 

higher than those in the spectral-only approach, suggesting that entropy features carry more 

discriminative potential in isolation. However, the performance was still suboptimal, especially 

in terms of sensitivity when using kernel-based SVM and neural-based ELM. In contrast, the 

hybrid method, which combined both spectral decomposition and nonlinear entropy features, 

significantly outperformed the individual methods across all performance metrics. For instance, 

DWT-based hybrid features classified with BOSVM achieved nearly perfect scores, accuracy 

(99.94%), specificity (99.96%), sensitivity (99.86%), and F1-score (99.86%), highlighting the 

synergistic effect of integrating both spectral and nonlinear characteristics of ECG signals. Even 

other hybrid configurations using WPT and SWT demonstrated markedly superior results 

compared to the standalone methods. These findings clearly establish the hybrid method, 

particularly DWT with BOSVM, as the most effective and reliable approach for robust MI 

classification. 
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Table 4.18 Comparison of spectral, nonlinear and hybrid (spectral + nonlinear) methods 

Method Classifier Accuracy 

(%) 

Specificity 

(%) 

Sensitivity 

(%) 

Precision 

(%) 

F1-Score 

(%) 

Spectral 

 

RF 83.0 89.0 57.7 58.3 57.8 

BOSVM 79.2 87.0 48.0 48.4 47.9 

Nonlinear 

 

RF 83.9 89.9 60.0 59.8 59.8 

BOSVM 82.9 89.3 57.3 57.5 57.3 

Hybrid 

(SWT) 

BOSVM 99.4 99.6 98.57 98.58 98.57 

Hybrid 

(DWT) 

BOSVM 99.94 99.96 99.86 99.86 99.86 

Hybrid 

(WPT) 

RF 99.88 99.93 99.71 99.72 99.71 
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5. CONCLUSIONS AND RECOMMENDATIONS 

5.1 Conclusion 

This research developed an effective framework for the multi-classification of MI using a hybrid 

approach that integrates spectral methods with nonlinear entropy features and machine learning 

classifiers. The spectral analysis was performed using four advanced time-frequency 

decomposition techniques, SWT, DWT, WPT, and ST, which enabled the separation of ECG 

signals into informative frequency bands. Nonlinear features, specifically Sample Entropy and 

Bubble Entropy, were extracted from these bands to capture the complexity of the ECG 

dynamics. These features were fed into a diverse set of machine learning models, and their 

classification performance was evaluated using standard metrics. 

The findings highlight that the hybrid method, combining spectral decomposition and entropy-

based nonlinear features, demonstrated superior performance compared to using spectral or 

nonlinear features independently. Among the spectral methods, DWT provided the most 

discriminative decomposition for feature extraction. When used in conjunction with Bubble and 

Sample Entropy features and classified using BOSVM, the DWT-based hybrid model achieved 

the highest average accuracy (99.94%), specificity (99.96%), sensitivity (99.857%), precision 

(99.858%), and F1-score (99.857%) across five MI classes. Other hybrid methods such as WPT 

and SWT also delivered strong results, while the standalone ST-based method yielded the lowest 

performance due to its weaker decomposition accuracy. Spectral-only and nonlinear-only 

approaches showed moderate success but were outperformed in all metrics by the hybrid 

configurations. 

Generally, the proposed hybrid DWT-BOSVM model is the most effective among all tested 

configurations and is recommended for future deployment in clinical and telehealth diagnostic 

platforms. The results affirm the importance of leveraging both time-frequency decomposition 

and nonlinear dynamics to enhance the classification of complex cardiac conditions like 

myocardial infarction. 
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5.2 Recommendations 

Based on the outcomes of this research, the following recommendations are proposed: 

1. Clinical Integration: The DWT-BOSVM hybrid model should be considered for 

integration into clinical decision-support systems for real-time MI diagnosis and 

classification. 

2. Model Generalization: Future work should expand the dataset to include more diverse 

ECG recordings, covering additional MI subtypes and cardiac conditions to further 

validate and generalize the proposed model. 

3. Hardware Implementation: Investigating the deployment of the hybrid model on 

embedded systems (e.g., wearable ECG devices) could facilitate real-time cardiac 

monitoring in both hospital and remote settings. 

4. Deep Learning Comparison: Although this study focused on machine learning, a 

comparative analysis with deep learning methods (e.g., CNNs or LSTMs) may reveal 

further performance improvements or computational trade-offs. 

This study contributes a meaningful advancement in the domain of automated MI diagnosis and 

provides a foundation for future advancements in cardiac healthcare technologies. 
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