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ABSTRACT

Cardiovascular diseases (CVDs) are major reason of mortality in the world population, and the
numeral of cases is up surging every year. The mortality rate due to coronary artery disease
(CAD) and congestive heart failure (CHF) is higher than any other type of CVDs. The vast
majority of cardiovascular disease fatalities occur in middle and low-income nations, including
Ethiopia. According to the latest WHO data published in 2020, coronary heart disease deaths in
Ethiopia reached 47,712 or 7.81% of total deaths. The age adjusted death rate is 112.44 per
100,000 of population and it ranks Ethiopia @112 in the world. Arrhythmias are a marker of the
heart's abnormal activity and are linked to an increased risk of sudden cardiac death (SCD), one
of the most crucial tests in cutting-edge cardiology. Many of the symptoms of CVDs can be
relieved or avoided if they are detected and treated early. Consequently, the improvement of
investigative procedures might improve the health of many individuals. As a result, the goal of
this research is to automate the identification of CVDs. In this proposal, automated algorithms
have been developed for the categorization of heart disease to identify cardiac arrhythmias using
Heart Rate Variability (HRV) standard database and self recorded data.

For investigation and detection of CHF and CAD, twelve non-linear attributes like correlation
dimension (CD), detrended fluctuation analysis (DFA) variants DFA-al and DFA-02, Bubble
Entropy (BBEn), sample entropy (SampEn), dispersion entropy (DISEn), Lempel-Ziv
complexity (LZ), sinai entropy (SIEn), improved multiscale permutation entropy (IMPE), hurst
exponent (HE), permutation entropy (PE), approximate entropy (ApEn) and standard deviation
(SD1/SD2) were retrieved from HRV signal. A feature reduction technique known as
generalized discriminat analysis (GDA) has been used to reduce the dimension of these
attributes. The reduced attributes have been normalized between 1 and -1 and then fed to online
sequential extreme learning machine (OSELM) for classification and detection of CHF and
CAD. For analysis of these cardiac diseases, the HRV signal was obtained from self recoded and
standard database of MIT BIH of participants with normal sinus rhythm (NSR). The St.
Petersburg Institute of Cardiological Technics data source provided the CHF and CAD databases

used in this study. The numerical results have shown that GDA with Gaussian kernel function



and OSELM with sine activation function achieved accuracy (AC) of 99.34% and sensitivity
(SE) of 99.32% for NSR-CAD group, and AC and SE of 100% were achieved for NSR-CHF
group. In addition, it has been observed that the algorithm's classification performance was
improved with fewer blocks of data, and its generalization performance was excellent for
detecting CHF and CAD.

Additionally, the 1-norm extreme learning machine (1-NELM ) binary classifier suggested in
the preceding part of the study was expanded for various data groups in this section, and the
findings were elaborated utilizing ranking methods such as Fisher Wilcoxon, Entropy,
Bhattacharya and receiver operating characteristic (ROC) and reduction strategies such as GDA.
For this study, the proposed method was validated using self recorded and standard database of
MIT-BIH and SPICT. The considered dataset were grouped as CAD-CHF, YOUNG-CAD,
YOUNG-CHF, ELDERLY-CAD and ELDERLY-CHF subjects. To diagnose disorders of the
heart, such as CHF and CAD, linear discriminant analysis (LDA) and GDA are used as feature
reduction techniques in conjunction with the 1-NELM binary classifier. The activation functions
used with the classifier are Sigmoid, Hardlim, and RBF whereas LDA and GDA are used with
the kernel functions such as Gaussian and RBF. Various nonlinear features were generated from
HRV data and utilized in training and validation of proposed algorithm. The analyses were
carried out numerically through the combination of database sets YNG-ELY, YNG-CAD and
ELY-CAD subjects. The numerical results have shown that ROC with GDA and 1-NELM
approach achieved an accuracy of 99.76+0.14, 99.87+£0.12 and 1000 for YNG-CAD, YNG-
ELY and ELY-CAD groups respectively. The Fisher with GDA and 1-NELM; and Bhattacharya
with GDA and 1-NELM approach achieved an accuracy of 100+0 for all considered datasets.
The proposed method also achieved very good generalization performance with the smallest 1-
Norm Root Mean Square Error (1-NRMSE) and less execution validation time as compared to
support vector machine (SVM) and probabilistic neural network (PNN).

Finally, this work presented an approach to detect health of cHE subject which is based on
multiresolution wavelet packet (MRWP) decomposition method, attributes ranking approach,
kernel principle component analysis (KPCA) and 1-norm linear programming extreme learning
machine (1-NLPELM). For this investigation, the heart rate variability (HRV) signal has been

decomposed up to 5-level using MRWP decomposition method. The sixty three log root mean



square (LRMS) attributes were extracted from the decomposed HRV signal. The top ten
attributes are selected by ranking approaches. The ten ranked attributes were then mapped to one
new feature by KPCA and fed to 1-NLPELM- The simulation results demonstrated that
Bhatacharya+KPCA with 1-NLPELM approach achieved an accuracy of 98.44+1.4%,
99.13+1.85% for NSR-CHF and ELY-CHF respectively. Out of all ranking methods,
Bhatacharya combined with  KPCA+1-NLPELM provided the highest degree of accuracy for
all datasets. In addition, the proposed method has also achieved very good generalization
performance and less execution time as compared to 1-NLPELM, KPCA+PNN, KPCA+SVM,
PNN and SVM.
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CHAPTER-1

1. INTRODUCTION
1.1 Motivation

According to the report of world health organization (WHO) fact sheet[1], cardiovascular
diseases (CVDs) like congestive heart failure (CHF) and coronary artery disease (CAD) are the
foremost cause of global mortality as compared to other causes. An expected 17.9 million people
die every year from CVDs, indicating approximately 32% of all global deaths [2]. Coronary
heart disease, ischemic heart disease and stroke are the leading accountable reasons for greater
than 80% of CVD deaths. In 2015, patients suffered with CHF and CAD was found to be 500
million. This figure is expected to be doubled by 2025. Over 75% of CVD deaths befall in
middle and low income countries among which Ethiopia is also one [3]. According to the latest
WHO data published in 2020, coronary heart disease deaths in Ethiopia reached 47,712 or 7.81%
of total deaths. The age adjusted Death Rate is 112.44 per 100,000 of population and it ranks
Ethiopia @112 in the world. As per the WHO statistical details of heart disease and stroke deaths
released in April 2018, it has been able to track the occurrence of CAD and CHF worldwide
(Table: 1.1). This figure is predicted to be much greater than the assessments based on statistical
data which have taken into account only death certificate reports and do not consider patients
who die from CAD and CHF complications in rural area [4].

Coronary angiography,Computed tomography (CT), Electrocardiogram (ECG) stress test,
Stress echocardiography and Myocardial Perfusion Imaging are common methods for diagnosis
of CADs. Coronary angiography With CT is under heavy development and is expected to play a
significant role in CAD diagnosis. Although being invasive it has a relatively high precision, by
analysis it was found that the sensitivity (SE) of 96.12 percent and the specificity (SP) of
86.98 percent [5]. The stress test of the ECG is relatively simple assessment for CAD and CHF.
It is a simple and inexpensive method as well as the results of the test specifically relates to heart
functionality. This form, therefore, faced another drawback that it has a low precision as
compared to 68 percent of SE and 77 percent of SP [6]. The Echoes stress test is an extension of
an ECG test phase by evaluating changes in stressed ventricles activity, including exercise [7].
The benefit has increased precision but its disadvantages are due to increased variation in the
technicians as well as the system needs highly skilled personnel.



Table: 1.1 The statistical details of Cardiac heart diseases like CAD, CHF and Heart stroke deaths
released by WHO in 2020.

Country Deaths Percentage (%) Rate/1 lakh World Rank/192
SOUTH AMERICA
Guyana 924 16.41 151.35 50
Venezuela 21,165 17.66 107.26 102
Basil 133992 13.76 81.18 134
NORTH AMERICA
Honduras 6,168 16.01 152.44 48
Nicaragua 3,073 13.93 95.28 119
United states 445,864 21.42 80.48 135
AUSTRALIYA
Australia 24,905 21.91 60.34 162
AFRICA
Sudan 39,326 10.67 212 24
Ethiopia 47,712 7.81 112.44 112
Morocco 33760 24.40 168 36
Nigeria 71732 4.20 121.6 80
Algeria 14708 10.63 75.17 145
ASIA
Turkmenstan 11,665 30.86 405.13 1
Malaysia 22,701 22.18 138.75 57
Korea(north) 27,569 16.35 113.17 91
China 1,040692 11.71 79.72 137
MIDDLE EAST
Irag 26,676 14.12 214.13 22
Saudi Arabia 20,877 23.98 180.58 32
Arba Emirates 1,161 19.74 94.48 120
EUROPE

Ukraine 338,108 49.36 399.79 2
Romania 56,727 26.16 155.04 45
Poland 79,036 26.93 122.34 78
Switzerland 9,804 19.91 52.18 175

Despite recent medical and treatment advancements, CVVDs remains the foremost common
risk factor for mortality accounting for nearly one third of deaths worldwide. Robust and
efficient diagnosis is essential for improving CVD detection and saving the life from mortality.
Signal processing of heart rate variability (HRV) signal (R-R interval consecutive of PQRS
morphological of ECG signal) plays a key role in decision making during diagnosis. Present
techniques of HRV analysis rely mainly on qualitative visual interpretation of ECG signal and
basic quantitative measurements of cardiovascular function [8]. To maximize the predictive

value of cardiac diseases, more developed HRV signal processing methods are required to allow



better quantification of phenotypes in the ECG morphology and remove the noise for accurate
detection.

The big data analysis and the availability of high cloud computing in recent years have
guided rapid innovation of artificial intelligence (Al) technology in cardiac disease prediction
and detection [9]. Machine learning ( ML) strategies based on features extracted from HRV,
treatment rely on optimization techniques / modeling techniques which learn from the past
experiment was conducted to find by recognizing hidden and multiple concerns of HRV signal.
Many authors already demonstrated the ECG based cardiovascular diseases diagnosis like
detection and prediction of CAD and CHF with ML. The ML detection and prediction efficiency
based on features of HRV signal has the greatest potential to reduce the burden of heart disease
by enabling faster and more efficient diagnostic decision taking [10].

A new fast learning neural classifier for Single-hidden-layer feed forward networks
(SLFNs) modeled Extreme Learning Machine (ELM) [11], [12] has recently been investigated
to optimize the effectiveness of SLFN. Unlike neural network machine learning (like Back-
propagation (BP) models), which may experience difficulties in automatically tuning process
parameter (learning speeds, having to learn epochs, etc.) and/or local minima, ELM is entirely
systematically deployed without recursive tuning and in principle, so users do not need to
interfere. In fact, ELM’s learning speed is incredibly high as compared to other conventional
approaches. In the ELM technique, the learning specifications of hidden neurons include input
synaptic weights which can be individually allocated randomly as well as the network solved
analytically can be mathematically calculated via simple and standardized reverse process. In the
training phase the ELM has the ability of learning fast without time-consuming process of
learning with a corrected nonlinear activation function [13]. In addition, the ELM methodology
can provide a good result in generalization.

Online version of the classification problem is needed due to the rapidly growing need of
streaming data [14],[15] . For this, Online Sequential Extreme Learning Machine (OSELM) is
modified version of ELM will employ to binary classifies the cardiac heart diseases (either
healthy or CAD, CHF) and GDA for features dimension reduction which will improve the

classification performance like accuracy,sensitivity, specificity and decrease the detection time .



1.2

Cardiovascular Diseases

Cardiovascular diseases (CVD) include a group of conditions related to the heart, which consists

of:

i)

vi)

Congestive Heart Failure (CHF): The body receives the blood pumped from the heart. If the
heart cannot supply the blood vessels with blood to circulate in the body, it can lead to heart
failure if the heart muscles are weakened due to a heart attack or cardiomyopathy (heart

muscle disease).

Coronary Artery Disease (CAD): Whenever the main arteries supplying the heart become
weak and diseased, it results in coronary artery disease. Coronary vein infection is caused by
cholesterol-containing deposits (plagues) in the coronary arteries and their subsequent
exacerbation. In the heart, the coronary veins provide blood, oxygen, and other support
materials. Plaque buildup in these veins can restrict blood flow to the center of the body.
Angina (chest discomfort), exhaustion, and other symptoms of coronary artery disease might

result from a reduced blood supply. Heart failure might be caused by full obstruction.

Rheumatic Heart Disease (RHD): This form of heart disease occurs in infancy as a bacterial
infection caused by streptococcal bacteria that affects the heart valves and joints during
rheumatic fever. Bacterial diseases damage the heart's inner tissues, including the valves (

endocarditis ) and the external tissues surrounding the heart (pericarditis).
Arrhythmia: Cardiac arrhythmia is related to abnormal heart rate or rhythm [16].

Coronary Heart Disease (CHD): The blood arteries are called coronary blood vessels. By
developing plaques and plugs, atherosclerosis causes the narrowing and hardening of the
heart's arteries, which leads to a loss of oxygenated blood (ischemia) to the heart, leading to

complications such as angina and dyspnea (shortness of breath).

Congestive Heart Disease: Congenital heart illness is caused by any malformation or
irregular formation of the heart's structure at birth. Pregnant women who take medications,
alcohol or a bad diet that causes vital nutrient deficiency may cause a baby to have such a
disease. This cardiac condition contains irregular valves, heart holes, or abnormal heart

chambers that often lead to death unless quickly repaired by surgery.



1.3

Research Gaps

e As the studied in the frequency domain by various method using the Fourier transform like

14

non-parametric method, Autoregressive modelling (choosing the order) and parametric
method. These estimators are limited by poor spectrum resolution in VLF, LF and HF
frequency range, due to resampling and model misspecification (choosing order). These
methods are only suitable for stationary and quasi stationary signals.

e A more appropriate approach for nonstationary processes is the time-frequency distribution,

The most studied is the STFT and Wigner distribution and SPWYV provide information about
Time and frequency spectrum simultaneously but these methods also have poor resolution of
spectrum and not reduced the noise content of nonstationary signal (As nonstationary signal
content wideband noise due to instantaneous frequency change of signal).

Comparing with STFT, wavelets can be utilized to analyse multi-scale signals through
scaling and translation, and extract time-frequency characteristics of the signals effectively.
Therefore, wavelets are more suitable than STFT for analysing non- stationary signals.
Wavelets being non-adaptive, however, have its own disadvantage that their analysis results
depend on the choice of the wavelet base function. This may lead to a subjective and a prior
assumption on the characteristics of the signal. As a result, only the signal characteristics
that correlate well with the coefficient of the mother wavelet function have a chance to
produce high value coefficients. Any other characteristics will be masked or completely

ignored.

e Non linearity of cardiac rhythm losses due to scaling and re-sampling.

e Selection of efficient classifier and reduction of dimensionality of the features extracted

from HRV signals.
Objective

1.4.1 General Objective: Automated coronary artery disease and congestive heart failure

detection using nonlinear features and Extreme Learning Machine.

1.4.2 Specific objectives:

O To reduce the artifact and noise from ECG signal.
O To detect the R-Peaks from Morphological waveform of ECG signal and extract HRV
signal from ECG signal.

O To extract the nonlinear features from HRV signal.



O To develop an automated model for online detection and classification of CAD and CHF
patients.

O To Compare the performance of proposed model with ML like support vector machine
(SVM), PNN and Extreme learning machine (ELM).

1.5 Framework of Proposed Model

The R-R interval (HRV) data used in this thesis work has been obtained from the ECG signals
provided by the normal sinus rhythm (NSR), coronary artery disease (CAD), congestive heart
failure (CHF), healthy young, healthy elderly and self recorded data of healthy young subjects.
The data of NSR has been obtained from Massachusetts Institute of Technology, Beth Israel
Hospital (MIT BIH) database. The databases of normal sinus rhythm (NSR) consisted of
eighteen long-term ECG recordings of subjects; they include five men, aged 26 to 45, and
thirteen women, aged 20 to 50 years, each sampled at 128 Hz. The CAD data has been obtained
from St. Petersburg Institute of Cardiological Technics consists of 75 annotated recordings
extracted from 32 Holter records. Each record was 30 minutes long and contains standard ECG
leads. Only thirteen subjects (9 men and 4 women, aged 18-80; mean age: 58) suffered from
CAD, each sampled at 257 Hz [17]. For analysis and detection of arrhythmic subjects, the
database was obtained from MIT-BIH arrhythmia [18] and for analysis of cardiovascular signals
of healthy young and elderly subjects, the database was obtained from the Fantasia Database
[19]. The Beth Israel Deaconess Medical Center (BIDMC) congestive heart failure (CHF)
database of long-term ECG recordings from fifteen subjects (4 women, aged 54 to 63 and 11
men, and aged 22 to 71) with severe CHF, each sampled at 250 samples per second.

The self-recorded data base consists of 13 healthy men subjects, aged between 23 and 32
years. The ECG was continuously recorded for 2 minutes of each subject in the relaxed supine
and normal sinus rhythm position in a room free from any kind of disturbance with controlled
temperature (22-35°C). The recording of ECG using electrode placement method was done at
the sampling rate of 1000 Hz with Avidhrt Sense portable device. The flow chart of research

structure for the investigation of cardiovascular signals is shown in Figure 1.1.

1.6 Validation of proposed method and Collection of database:



> First of all, for real detection, self-recoded Electrocardiogram (ECG) signal have collected
using an Avidhrt Sense portable device with concern of cardiac expert doctors from
different hospitals like Adam, Addis Ababa hospitals.

ECG signals
(Taken from Standard data base and
self-recoded)

1

ECG Signal (P,Q, R,S)

1 |

Remove D.C. Drift

1 1

Detected R peak (Using Pan and
Tompkins Method)

1 |

Ectopic Interval ~ Detection
(Locate outliers)

1 |

Ectopic Interval correction
(HRV)

Nonlinear Features Extracted from

HRV Signal Resample at 4Hz

1 |

Features extracted from
Multiresolution Wavelet
Packet (MRWP)
decomposition

|

Classification of Cardiac diseases using Dimension Reduction and
Machine learning (ELM, OS-ELM and 1-NELM, 1-NLPELM)

Figure 1.1: Framework of analysis of HRV signal
»  Finally, the proposed model has been validated on publicly available datasets (Standard

database). This data can be found from website:



>
1.7

https://physionet.org/physiobank/database/sddb/;https://physionet.org/physiobank/database/
nsrdb https://physionet.org/physiobank/database/fantasia/.

MATLAB codes have be used for simulation and emulation of data analysis.

Evaluation.

In this phase the individual responses has to be evaluated to test the proposed model.

>

1.9

The analyzed results of the proposed model have been compared with conventional ELM
model for technology acceptance.
The results with publicly available datasets set and collected dataset have compared using the
proposed model for addressing the classification problem of CAD and CHF.
It will have attitude of ease of use of the model by the Ethiopian medical industries and
medical practitioners.
The ease of use refers to the degree to which medical practitioners will believe that the use of
online detection and classification will classify the coronary artery diseases and preventive
actions can be taken to save the Human Life.
Significance
Propose model can be used online for treatment, monitoring, diagnosis of cardiac diseases
and distinguish the CHF and CAD affected patients.
The proposed algorithm can be used for self heart rate monitoring.
The Physician can suggest the cardiac health and medicine to subjects on the basis of
records of analyze online data. In this way, these allow for remote patient monitoring, which
is of special necessity to the elderly, who are more prone to CAD and CHF diseases and
cannot always visit a healthcare facility.
The proposed model can provide early warning to patients at risk of SCD
This model can be useful for those subjects suffered with CAD and CHF who are outside

hospitals (rural areas where there are no expert doctors are available).

Project Report Organization

Chapter 1: describes a brief background of statistical details of Cardiac heart diseases like CAD, CHF

and Heart stroke deaths released by WHO and contribution, objective, significance of the study and

framework of analysis of Cardiac heart diseases followed by research gaps.


https://physionet.org/physiobank/database/fantasia/

Chapter 2 presents critical literature review on research work reported on different detection and

classification techniques of Cardiac heart diseases,

Chapter 3: presents details of extraction of R-Peaks and HRV signal from ECG signal, removal of noise
and framework of proposed model with hardware. It also includes fundamental of extreme learning
machine, OS-ELM and 1-NLPELmodels and nine different chaos attributes like Correlation Dimension
(CD), Detrended Fluctuation Analysis (DFA), Approximate Entropy (ApEn), the results of the
Poincare plot as SD1/SD2 ratio, Hurst Exponent(HE), Permutation Entropy (PE), Improved Multiscale
Permutation Entropy (IMPE) and cumulative bi-correlation (CBC). This chapter also focuses on
detection and classification of CAD and CHF cardiac diseases. This chapter focuses on detection and
classification of CAD using eleven different nonlinear and chaos features were extracted from pre-
processed and fragmented HRV database. In addition, this chapter also describes for binary classification
of CHF disease based on features extracted decomposition from HRV signal using Multiresolution
Wavelet Packet (MRWP) method. The HRV signal has been decomposed up to 5-level using MRWP

decomposition method using Haar mother wavelet.

Chapter 4 presents the conclusion for the research work followed by reference. It also focuses on
contributions of the project and future scope.



Chapter 2
LITERATURE REVIEW

2.1 Physiology of Human Heart

The human heart is a muscular organ and works as electromechanical pulsatile pump. From the
anatomic perspective, as shown in Figure 2.1, there are two separated pumps: one at the right
that inflates blood through the lungs organ, and one at the left that inflates blood through the
exterior organs. The left pump composed of a left atrium and a left ventricle and the right pump
composed of a right atrium and right ventricle. The ventricle is bigger heavy-walled chambers
that do most of the work. The atria collect blood from the lungs and venous system and then
contract and expel the blood into the ventricle. The ventricle then pumps the blood all through
the body or into the lungs [16]. There are four valves namely Tricuspid, Mitral, Aortic and
Pulmonary valve contained by heart to force the direction of blood. Tricuspid valve links the
right ventricle and right atrium. Mitral valve links the left atrium to the left ventricle and has an
elliptical orifice. Aortic valve opens between the aorta left and the ventricle [20]. The cardiac
myocytes have an inimitable capability of automatic electrical impulse generation, which
consequence is automatic rhythmicity. An electrical impulse is responsible of the mechanical
stimulation of the muscle that provides periodicity of electromechanical pumping of heart. Each
cycle is originated by spontaneous generation of an action potential (AP) in the Sino-atrial (SA)
node, as it has the fastest electrical impulse generation capability and therefore initiates the heart.
The AP is of long duration about 300 ms, which is longer in comparison with the AP of the rest
of the cells in the body. The SA node is located by the right atrium nearby the superior vena
cava. The electrical impulse, or AP, trekking through both atria and reaching the Atrio-
ventricular (AV) bundle, where is delay by around 0.1s. The AV node transmits the impulse with
this delay and spreads over and done with the ventricular myocardium through the AV bundle of
His and Purkinje fibres. The delay time permits the atrium to pump blood into the ventricles.
Subsequently, the ventricles are filled with blood and ready to be stimulated. This coordination
spreads the electrical impulse from the AV node to the entire ventricular muscle very fast,
allowing a synchronized stimulation and subsequently an effective pumping of the blood. This
cycle is recurrent up to the decease of the heart. Now we will try to relate the electrical and
mechanical behavior of the heart described above. The activation of the cardiac muscle
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composed of two phases, contraction and relaxation, or in electrical terms as depolarization and
repolarization. As the heart function produces an electrical field, the voltage generated can be
recorded by the electrocardiograph from the surface of the body. This process described in

section 2.2.

Left common
carotid artery

Left subclavian
artery

Aorta

Brachiocephalic artery

Superior vena cava
_ ' Left pulmonary
Right pulmonary arteries arteries

Left pulmonary
veins

Left atrium

Right pulmonary veins

Right atrium Semilunar valves

Atrioventricular

mitral) valve
Atrioventricular ( )

(tricuspid) valve Left ventricle

Chordae tendineae
Right ventricle

Septum

Inferior vena cava

Figure 2.1: Construction of the heart, and course of blood flow through the heart chambers and heart

valves. Diagrams based on image http://en.wikipedia ... -en.svg [12].

2.2 Basic Components of the Electrocardiogram

Electrocardiogram (ECG) has normally used to gather a lot of estimations that contain specific
evidence in the cardiac signals. The ordinary diagnostic technique is off-line investigation from
the recorded data, and utilizing a cardiogram to recognize arrhythmic categories of the subjects.
The ECG is a diagnosis device that revealed the electrical signal activity of heart repolarization

and depolarization recorded by skin electrode [21]. The electrical signal activity is due to
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depolarization and repolarization of Na+ and K+ ions in the blood [22]. It is a noninvasive
system that implies the electrical signal activity is measured on the surface of human body,
which is used in detection of the cardiac diseases [22]. The ECG complex morphology and heart
rate variability reflects the cardiac health of human heart [23]. Any disorder of heart rate or
rhythm, or change in the morphological pattern, is an indication of cardiac arrhythmia, which can
be detected by analysis of the recorded ECG signals [24]. The duration and strength of the P-
QRS-T wave of ECG signals contains useful information about the idea of disease related to the
heart. The ECG signal provides the following information of a human heart [25] : (i) heart
location and its relative chamber size (ii) origin of impulse signals and its propagation (iii)
morphological pattern, heart rhythm and conduction disturbances (iv) Level and position of
myocardial ischemia (v) changes in electrolyte concentrations (vi) Drug-effects on the
cardiovascular system.

The basic components of the ECG signal are illustrated in Figure 2.2. The first impulse,
named as P wave, relates to the depolarization of the left and right atrium: the electrical signal
spreads from the Sino-atrial (SA) node trench the atrium [26] [27]. The PR (or PQ) interim is the
time period between the onsets of ventricular and atrium depolarization. A short duration
isoelectric line is extant within the PR interim. This is known as PR segment and reaches out
from the finish of the P wave until the start of the QRS complex. Ventricular depolarization
converts into the QRS complex [28]. It ought to be noticed that atrial repolarization happens
amid ventricular depolarization and is covered up in the QRS complex. The ventricular
depolarization an isoelectric line is perceptible in the ECG record. This is called ST segment and
stretches out from the finish of the QRS complex to the start of the T wave. It relates to an
electrically neutral time for the heart, between ventricular depolarization and repolarization.
Depression or elevation of the ST segment might be indicative of myocardial damage [29]. The
T wave always follows the QRS complex because it represents ventricular repolarization. The
electrical depolarization is preceded by the corresponding mechanical contraction. The ordinary
T wave ought to be a similar way of the QRS complex and is marginally lopsided. The time
between the end of ventricular repolarization and onset of ventricular depolarization is named as
QT interval [30]. Along these lines, it is estimated from the earliest starting point of the Q wave
to the finish of the T wave. The length of this interval changes as per age, sex, and for the most

part of heart rate variability.
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Figure 2.2: Basic components of the ECG complex of healthy human heart [14].

The U wave, with small amplitude follows the T wave, signifies late ventricular
repolarization. This wave is not always appearing in the ECG recorded data and its
nonappearance is not a sign of cardiac disease. U waves are more easily noticeable with slower
heart rates [31] [32]. TP interval is not the reference level for measuring the ST segments. The
correct reference level is PR segment. This reference level is known as baseline level or

isoelectric level.

2.3 Frequency Components of Heart Rate Variability

Morphological format impression of ECG signal is basic yet not sufficient to recognize the
presence of CAD because subtle variations are challenging to identify by ECG alone in CAD
patients, hence, it is a must to portray these ECG signals into heart rate variability (HRV) signals
[33],[34]. The analysis of (HRV) has become a standard tool for studying a wide variety of
clinical and research topics. These areas have ranged from autonomic nervous system (ANS)
regulation risk stratification for sudden cardiac death, diabetic neuropathy, pharmaceutical
evaluations, to psychological disorders [35], [36], [37], [38]. The variation of consecutive R-R
interval on the QRS templates of ECG records is known as HRV. The HRV is influenced by
multiple neural and hormonal inputs that generate specific observable rhythms in the series [39].

The dynamic characteristics of HRV are measure of the balance between sympathetic and
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parasympathetic mediators (both are branches of ANS) of heart rate. Sympathetic mediator is
initiated from influence of epinephrine and norepinephrine chemical messengers
(neurotransmitters). These chemical is released from sympathetic nerve fiber and acts on sino-
artial (SA) node and atrio-ventricular (AV) node [40]. Which increase the rate of cardiac
contraction and accelerate electrical system at the AV node, leading to increase heart rate.
Sympathetic mediators appear to exert their effect over longer time periods and are replicated in
the low frequency (LF) band (0.04 to 0.15 Hz) of HRV [41]. In this band, power spectral
distribution is known by LFp [42]. Parasympathetic mediator is initiated from effect of
acetylcholine chemical neurotransmitter. This chemical is released from parasympathetic nerve
fiber and acts on SA node and AV node, which slows the rate of cardiac contraction of AV node,
leading to decrease in heart rate. Parasympathetic mediators employ their effect more quickly on
the heart and are reflected in high frequency (HF) band (0.15 to 0.4 Hz), the spectral power
distribution in HF band is represented by HFp of HRV [43]. Thus, the power spectral analysis is
performed on the HRV data to show vagal tone and the sympatho-vagal balance as LFp/HFp
ratio at any point of instant [44],[45],[46].

Sporadic constituents of HRV tend to amass within several frequency bands. The
respiratory frequency is most noticeable in healthy subjects at sinus arrhythmia, in which the
sinus rate decreases with expiration and increases with inspiration. The respiratory spectrum
band is considered from around 0.15 Hz to 0.4 Hz in humans however it may be extended
beneath 0.15 Hz and up to 1 Hz or more for neonates or infants and for healthy persons during
work out [47]. This spectrum band is well-known as high frequency (HF; 2.5 to 6 secs cycle
length in humans), which are synchronized to the respiratory sinus rhythm [48] and are
predominantly modulated by dint of heart parasympathetic innervation [49]. The HRV
oscillations also take place at low frequencies (LF) and is considered from about 0.04 to 0.15
Hz, including a 0.1Hz frequency component that is some of the time alluded to as the 10-s
rhythm or the Mayer wave [50]. This frequency assortment has been named as the mid-
frequency (MF) band by some authors [51]. The LF spectrum components of HRV have been
suggested to reveal mainly sympathetic activity. But it is believed by most of the researchers that
the LF (> 6 sec cycle length in humans) band are sensitive to change in cardiac presumably

parasympathetic and sympathetic nerve activity [52].

14



Other HRV oscillations occur at frequencies underneath 0.05 Hz. These frequencies have
been designated differently, but generally used frequency bands incorporate as very low
frequencies (VLFs; about 0.004-0.04 Hz or > 25 sec cycle length), ultra low frequencies (ULFs
below 0.004 Hz or > 5 hrs cycle length) [53]. In the VLF band, HRV oscillations have been
studied much less than higher and lower frequency rhythms. It may reflect thermoregulatory
cycles [54] or fluctuations related to plasma renin activity [55], [56], including changes of
activity, breathing, posture, autonomic outflow, temperature regulation, state of arousal [57] [58]
and humoral systems [59]. These attributes will not be considered because their mechanisms and
origins stay mystery. Even though, VLF or faster rhythms of HRV may have
psychophysiological correlates and clinical applications [60].

Like many physiological signals (respiratory, heart rate, blood pressure), HRV signals also
show non-stationary and non-linear phenomenon. Its variation may provide information about
current disease, or caveats about future cardiovascular diseases [61]. Hence, HRV variation
estimation has become a standard non-invasive implement for assessing the cardiac diseases and
activities related to ANS. The features extracted from HRV signals have extensive applications
in biomedical for distinguishing the cardiovascular diseases. Thus HRV is a noninvasive
valuable tool to investigate the sympathetic and parasympathetic function of the ANS [62].
Power spectral investigation of HRV signals in frequency domain shows specific frequency
variation in the cardiac record which reflects central neural control (CNC) of sinus node activity
(SNA) [41]. Spectral approaches produce a disintegration of total disparity of a HRV data time
series into its spectral components. The HRV signals can be articulated in the form of a power
spectral density function which illustrates spectral power as a variation of frequency [63]. Power
spectral for a given spectrum band can be measured by deriving the region under the spectral
density variation contained by the specified frequency band [64]. Kay and Marple [65]
presented a broad outline of a considerable lot of the strategies accessible for spectral analysis of
HRV signals. The two most common techniques like fast Fourier transform (FFT) technique
[52] and autoregressive (AR) modeling [66] are using for spectral analysis of ECG components.
The fundamental distinction between the FFT and AR approaches is the way by which the data
are viewed. In FFT, (i) the analysis expect that the time arrangement contains just deterministic

parts. (ii) The spectrum computed is derived from all the data regardless of how well they fit in a
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model based on peaks in the spectral distribution. (iii) The spectrum concentrates on the more
significant peaks including with noise. In AR, (i) the analysis expect that the time arrangement
as a composite of stochastic and deterministic segments. (ii) The time-domain data are used to
identify a best-fit model from which a number of peaks and the final spectrum are derived. (iii)
The technique concentrates on the more significant peaks, attempting to exclude noise. Thus, in
its most exceedingly terrible fundamental application the FFT approach could be viewed as an
expressive strategy and the AR approach would be more predictable with a statistical or
stochastic approach for ECG components analysis. In Practical application, this refinement is
obscured by the basic use of smoothing calculations or windowing to stabilize variance estimates
from FFT analyses. In spite of the fact that there are a number of disadvantages and advantages
to each of these strategies, there are also numerous similarities that in practice usually lead to
basically equivalent results [67].

2.4 Arrhythmia

Arrhythmias are defined as any cardiac rhythm other than the normal sinus rhythm (NSR). Sinus
rhythm originates in the sinus node and subsequently is conducted at appropriate rates through
the atria, AV junction, and the intraventricular specific conduction system. At rest the sinus node
discharge cadence tends to be regular, although it presents generally slight variations. However,
under normal conditions and particularly in children, it may present slight to moderate changes
dependent on the phases of respiration, with the heart rate increasing with inspiration. In adults at
rest the rate of the normal sinus rhythm ranges from 60 to 100 beats per minute (bpm). Thus,
sinus rhythms over 100 bpm (sinus tachycardia) and those under 60 bpm (sinus bradycardia) may
be considered arrhythmias. The ECG complexes of arrhythmias are shown in Figure 2.3.
However, it should be taken into account that sinus rhythm varies throughout a 24-h period and
sinus tachycardia and sinus bradycardia usually are a physiologic response to certain sympathetic
(exercise, stress) or vagal (rest, sleep) stimuli. Under such circumstances, the presence of these
heart rates should be considered normal. The term arrhythmia does not mean heart beat anomaly,
as normal arrhythmias can happen frequently with absolute stability (paroxysmal tachycardia,
flutter and so forth.), sometimes the heart showing heart beat in the normal range. On the other
hand, some unpredictable rhythms ought not to be thought about arrhythmias (direct

inconsistency in the sinus release, especially when related to breath). In addition, a finding of
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arrhythmia in itself does not mean manifest pathology. Indeed, in healthy subjects, the irregular
presence of specific arrhythmias both dynamic (active) (premature complexes) and passive

(escape complexes, certain level of AV block, sinus arrhythmia, and so forth.) as often as

observed.
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Figure 2.3: Several examples of sinus rhythms
There are different ways to characterize heart arrhythmias [16]
e Location of origin: arrhythmias are alienated into ventricular arrhythmias and supraventricular
(containing those having their origin in the atria, AV junction and SA node).
e Underlying mechanism of conduction: arrhythmias may be divided by: 1) irregular formation
of electrical impulses, which consist of increased heart automaticity (superfluous parasystolic or
systolic mechanism) and triggered electrical impulse activity, and 2) disturbances of conduction
and/or decreased automaticity.
e According to clinical point of view: arrhythmias may be incessant, or paroxysmal, or
perpetual. In reference to tachyarrhythmia (an instance of a dynamic arrhythmia), paroxysmal
tachyarrhythmia befall unexpectedly and generally disappear naturally (for instance AV junction

reentrant paroxysmal tachycardia). Incessant tachyarrhythmia is categorized by petite and
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repetitive runs of ventricular tachycardia or supraventricular. Permanent tachy arrhythmias are

continuously present (an example: chronic atrial fibrillation) [68].

2.5 Time- Frequency Analysis of Heart Rate Variability

In ideal case, the time-frequency plotting provides only information about the frequency
occurring at a given instant of time [69] and with excellent resolution and without cross
interface, if exist any [70]. The energy concentration related with resolution in the time-
frequency analysis is one of its most important and severely studied aspects in time-frequency
analysis of HRV signals [71]. Various popular methods like short time Fourier transform (STFT)
[72], wavelet transform and Stockwell transform (ST) exist for linear time-frequency analysis of
HRYV signals [73]. In STFT, temporal resolution improvement is obtained at the expense of
frequency resolution due to fixed duration window [74]. The multiresolution technique
overcomes the problem of STFT. By using multiresolution strategy, it provides fixed number of
cycles per dilation and resolution remains stationary along with the dilation. The standard ST is
becoming a popular method for time-frequency analysis of non-stationary signals due to its
simplicity and preservance of the phase information of signals [75]. The Gaussian window
function of ST depends on frequency; hence the ST produces excellent frequency resolution at
lower frequencies and sharper time localization at higher frequencies [76], [77]. The
characteristic of window function changes with frequency and not with time, thus the ST method
is inappropriate for resolving signals, whose spectral components are fast changing with time
[78]. This reality has persuaded the utilization of frequency domain strategies, for example,

Fourier transform (FT), for investigation cardiovascular signal [79].

A number of wavelet-based techniques have been proposed for the detection, classification and
analysis of arrhythmic ECG signals. Govindan et al. [80] have developed an algorithm for
classifying four groups as Atrial Fibrillation (AF), NSR, chronic AF and paroxysmal AF. In this
analysis, they used a Daubechies (D6) wavelet to extract the features and preprocess the ECG
data of the considered groups of arrhythmias before to classification using an artificial neural
network. They have found that the classification of average success rate around 77% + 9% for
paroxysmal AF and achieved 94% + 8% for NSR. However, in this study small numbers of
training and validation data were used. Khadra et al. [81] were used a raised cosine wavelet

transform method for investigation of three arrhythmias like Ventricular fibrillation (VF),
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Ventricular Tachycardia (VT) and AF. They proposed an algorithm built on the scale-dependent
energy using wavelet decomposition to classify the arrhythmias. In this study also involved low
numbers of data: 12 VT, 13 VF, 13 AF and 8 NSR.

Zhang et al. [82] have suggested a novel arrhythmia detection strategy; in view of a Morlet
wavelet transform for use in implantable defibrillators. Their framework, assist to recognize
connections between simultaneous epicardial coronary artery diseases related to the cell action
potentials and bipolar electrogram. Their system, also detects the bifurcation point in the ECG
complex, where NSR degenerates into a ventricular fibrillation (VF). Al-Fahoum and Howitt
[83] have proposed a radial basis neural network for the automatic classification and detection of
both VF and VT arrhythmias which employ the Daubechies D4 wavelet transform for
preprocessing of the ECG complex. They used a database of 159 arrhythmia files from three
distinct sources for classification and reported that the correct classification of arrhythmia is
more than 97.5%. Morlet et al. [84] presented a Morlet wavelet-based method for the
discernment of patients suffered to the onset of VT. They found that the identification of strings
of neighborhood maxima of the Morlet wavelet vector at or after 98 ms after the QRS onset point
was a reasonable basis for VT risk stratification in post-infarction patients. They achieved
specificity 85% and sensitivity 90% for considered patients group. Englund et al. [85] studied
about patients with hypertrophic cardiomyopathy at increased risk of malignant ventricular
arrhythmias or sudden death. For identification of these patients, they used predictive value of
wavelet decomposition of the signal averaged ECG complex. They resolved that wavelet
decomposition was of limited value in analysis of hypertrophic cardiomyopathy patients [86].

To develop an analytic strategy for arrhythmia detection and classification, signal
investigation based on wavelet transform (WT) has been proposed to extract the basic
components of ECG signals [87]. The wavelet coefficients indicate measures of similarity of the
local shape of ECG complex under various translation and dilation parameters. This
investigation is vigorous to non-stationary signal analysis, yet it isn't well-found for
classification. With advantages of multiresolution and localization capability of the wavelets and
pattern detection capability of the artificial neural network (ANN). A method was developed by
Lin and Wang [88], in which ANN combined with wavelet transform that is known as wavelet
network (WN) has become important for classification and pattern recognition non-stationary

signal. After validation of this method on non-stationary signal, then the Lin et al. [89]
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proposed a method for ECG ectopic heart beat detection and classification of arrhythmias using
adaptive wavelet network (AWN). The ECG ectopic heart beat detection algorithm divided into a
series of stages, feature extraction from QRS complexes, and afterward according to
characteristics of the cardiac arrhythmias. They detected the bundle branch ectopic beat,
supraventricular ectopic beat, ventricular ectopic heart beat and classifying bundle branch,
Supraventricular Tachycardia (SVT) and VT arrhythmias. Martinez et al. [90] proposed a
method based on the WT to assess a robust single-lead ECG delineation scheme. In an initial
step, QRS complexes were recognized. After this, each QRS complex is delineated by detecting
and classifying the peaks of the individual waves with complex onset. At last step, the detection
of T wave and P peaks, onsets and ends was accomplished. They assessed the algorithm on MIT-
BIH Arrhythmia database.

Recently, several detection and classification approaches have been proposed, namely the
consecutive hypothesis detection technique [91], the multiway successive hypothesis detection
[92], the threshold crossing interval [93], approaches based on supervised neural-network
systems [94], and Time-Frequency (T-F) method like wavelet transform [95], hve been used for
analysis of arrhythmias. New methodologies were used complexity and chaos measure [96] and

multifractal investigation joined with a fuzzy Kohonen neural system [97].

Zhan et al. [98] proposed a time-frequency coherence using continuous wavelet transform
(CWT) together with its confidence intervals to be evaluated the correlation between two non-
stationary processes. A systematic comparison between approaches using CWT and short-time
Fourier transform (STFT) is carried out. Synthetic data are generated to test the performance of
these methods. Benesty et al. [99] proposed a method known as Minimum variance
distortionless response (MVDR). This method is very popular in array processing and power
spectral estimation and finding in coherence value. It is better than Welch method, because it is
designed by special filter. Lackner et al. [100] studied the synchronization of heart rate, blood
pressure and respiration in the sympathetic and parasympathetic branches of the autonomic
nervous system during a cancellation test of attention and during mental arithmetic tasks.
Fonseca et al. [101] described a simple and causal coherence from respiration to HRV was
higher during inspiration than expiration. The estimates of gain also differed significantly in the
HF band between those obtained from the whole recording of the aspiratory and expiratory
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periods. These results indicate that a single linear model fitted to the whole recording and
neglects potentially significant differences between inspiration and expiration, and authors
describes how such differences can be estimated, without the need to control breathing. Valenza
et al. [102] studied to investigate the synchronization between breathing patterns and heart rate
during emotional visual elicitation, that is, using sets of images gathered from the international
affective picture system having five levels of arousal and five levels of valence, including a
neutral reference level. Gallet and Julien [103] proposed an approximate value of the coherence
threshold when using the Welch’s periodogram method with overlapping segments. For the most
common case (50%), it allows to estimate the theoretical threshold correctly except when less
than seven segments are used. Yoshino and Matsuoka [104] used Causal coherence analysis
based on a closed-loop bivariate autoregressive model and applied to HRV and systolic blood
pressure (SBP) variability analysis during mental arithmetic tasks to clarify how mental task load
affects the linear closed loop interaction between cardiac and vascular systems. Mormann et al.
[105] used the mean phase coherence as a statistical measure for phase synchronization, they
observed characteristic spatial and temporal shifts in synchronization that appear to be strongly
related to pathological activity. Keissar et al. [106] presented a framework for applying wavelet
transform coherence (WTC) for quantitative analysis of coherence in cardiovascular variability
research. Computer simulations were performed to estimate the accuracy achieved by WTC
method and also a method for determining the coherence threshold for specific frequency band
was developed and evaluated.

The TVSC has been used in many field of science, including neuroscience, detection of
uterine electrical activity synchronization in labor [107], sleep apnea, time-varying estimation of
correlation between cardiovascular signals and baroreflex sensitivity [108]. Further, application
of time varying coherence has been mentioned detailed in discussion section. Typically,
Parametric and nonparametric estimators has been introduced to estimate the TVSC of the
signals. The most of parametric methods are frameworked on the base of Yule-Walker
autoregressive modeling [109]. But these methods are subjected to error due to model
misspecification. For highly non-stationary signals these methods has performed less accurately
compared to nonparametric methods [110]. The estimation of nonparametric methods not
required assumption on the order of model. Including of these methods, in analysis of
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cardiovascular signals, the short time Fourier transform (STFT), Smoothed Pseudo-Wigner-Ville
distribution (SPWVD), Multitaper Spectrogram (MTSP) and standard Stockwell transform (SST)
has been recently proposed to detect the transient phenomenon of cardiovascular signals [111].
The use of Wavelet transform coherence in cardiovascular variability research was first
introduced by Keissar et al. [112] and further Ostlund et al. [113] explored the coherence

between heart rate and respiration signals.

2.6 Features Extraction of HRV signal

Feature extraction from HRV is a key phase of any general structure for classification and
detection of cardiac disease or, all the for the most part for any neural network, machine learning
design and system that entails automatic decision making capability. This frequency-domain
features [114] include average low frequency power, high frequency power, spectral flatness,
chaos, spectral flux and nonlinear features [115]. Hoyer et al. [116] presented that quantitative
measures of complexity by correlation dimension (CD) and predictability by largest Lyupnov
exponent (LLE) chaos method that provide significant information about ANS processes.
Detrended fluctuation analysis (DFA) method is an alteration of root-mean-square investigation
of random walks has been used to analysis of non-stationary signals [117]. There is well-
organized nonlinear behavior of HRV and RESP, which can be interpreted with regard to terms
such as nonlinear stochastic, regular deterministic and chaotic. According to authors Porta et al.
[118], changes in complexity of short-term heart period variability can be reliably related to
modifications of the state of the autonomic nervous system, mainly to an increase of sympathetic
modulation, thus suggesting the use of unpredictability indexes to estimate cardiac sympathetic
modulation. In healthy subjects at rest, the short-term heart period variability is mainly linear and
the unbalancing of the autonomic nervous system towards a sympathetic (or parasympathetic)
prevalence does not increase nonlinear components. Therefore, the use of nonlinear models
might not be supported by data and might not increase our ability to derive information from
short-term heart period variability. Faes et al. [119] proposed a method to perform time-varying
(TV) nonlinear prediction of biomedical signals in the presence of non-stationarity. The method
is based on identification of TV autoregressive models through expansion of the TV coefficients
onto a set of basis functions and on k-nearest neighbor local linear approximation to perform

nonlinear prediction. The approach provides reasonable nonlinear prediction even for TV
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deterministic chaotic signals, which has been a daunting task to date. Binachi et al. [120]
proposed a method for processing of ECG and respiratory signals, which aim to detecting
parameters like LF and HF components of respiratory signals and HRV signals for correlate with
normal and diabetic subjects. Sunkaria [121] has explained the non-linear methods of HRV
analysis such as correlation dimension, largest Lyupnov exponent, power law slope, fractal
analysis, detrended fluctuation analysis, complexity measure etc. for HRV analysis. Entropy and
correlation methods constitute most popular and powerful tools to estimate the dynamical
physiognomies of the HRV signals. Higher entropy normally exhibits higher uncertainty,
however lower entropy indicates more certainty and regularity of the cardiac system [122]. There
are a number of entropy approaches commonly applied to HRV analysis, such as approximate
entropy (ApEn), non-linear fuzzy entropy (FZE) [123], non-linear Kraskov nearest neighbour
entropy (K-NNE) [124], permutation entropy (PE) [125], wavelet entropy, multiscale
permutation entropy (MPE), improved multiscale permutation entropy (IMPE) [126]. The
multiscale Wavelet Packet (MSWP) transform has been proposed by Coifman et al. [127] to
decompose the HRV signal for detection of cardiac diseases. They extend the link between
wavelets and multi-resolution approximations. The approximate entropy (ApEn) is a new family
of statistics, measuring the chaos and regularity of HRV time-series data. The use of approximate
entropy (ApEn) for HRV analysis has been described in [128]. Poincare plot analysis is a rising
quantitative-visual method, whereby the shape of the plot is sorted into useful classes, which
show the level of the cardiovascular illness subjects [129]. The multiscale permutation entropy
(MPE) technique cannot provide a consistent investigation for short HRV time series [130]. To
overcome this problem, an improved MPE (IMPE) was proposed [126]. In which, many
successive coarse-grained versions [131] are set made by averaging the time series data points
within non-overlapping windows of expanding length, which is called scale factor. The new
method as bi-correlation is not a widely discussed for measurement of chaos of HRV signal, but
the cumulative bi-correlation (CBC) has been applied in the way of the statistic of the alleged as
Hinich test of non-linearity or linearity, under the constraint that the second delay is twice the
first delay (Hinich 1996). The CBC is the accumulative function of the bi-correlation for the
specified range of delays [132].

A statistical Student's t-test is method also employed to resolves whether or not two sets of

feature are dissimilar. The Student's t-test produces the so called p-value. The p-value is directly
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proportional to the similarity of the two features [133]. A box plot was also employed for
representing groups of numerical data along with their quartiles values. It may also have straight
lines outspreading vertically from the boxes (whiskers) indicative of erraticism separate the
upper and lower quartiles with box plot [134]. Outliers are plotted as separate points or plus
symbols. Box plots are non-parametric, they show variety in tests of a measurable data without
making any presumptions of the underlying statistical dissemination.

Many set of procedures were developed for classification of cardiac diseases using HRV
time series data in the last decades. Most likely and most applicable research paper before the
start of this thesis are [135], while others were published over the most recent years [136].
However, because of the lack of standardization in database the development and assessment
criteria, investigation of results across most of these works couldn't be performed reasonably. In
order to mitigate this issue, some methodological aspects in the advancement and assessment of
HRV classifiers were followed in recent works [137]. The most relevant key-points are:

e Usage of standard databases, as the ones accessible in Physionet ATM
e Standard data division into training and testing sets, as described in [138].

Concerning to the features used for the classifier, the HRV time series data were used in
nearly all published research works. Other typical decisions were based on ECG sampled data
(commonly from the QRS or T wave of ECG) [138] or transformed by Hermite method
transform [139] or WT decomposition [138], features extracted from the demarcation of the QRS
complex and T wave duration, lead to suitable for classification. As a result of the large changes
in the HRV time series patterns of a number of cardiac disease classes, there is commonly a
significant similarity between some of cardiac disease classes like CHF and CAD, Elderly and
CAD subjects in the non-linear feature space. In these classes is the larger similarity with each
other, it is challenge to differentiate between the two [140]. In this condition, a feature dimension
transformation technique will be very useful. Various techniques have been developed to reduce
the features data size for classification problem like kernel principal component analysis
(KPCA), independent component analysis (ICA), linear discriminant analysis (LDA) and
generalized discriminant analysis (GDA) [141]. Due to, an advantage of GDA and KPCA, both
dimensionality reduction of the input feature space and selection of the useful discriminating
features are based on nonlinear kernel function [142].

2.7 Machine Learning Classification and Prediction of Cardiac Disease
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The machine learning and artificial intelligence methods found a powerful tool for the
binary and multi-class classification and prediction of cardiac disease. A number of classifiers
were used in the published paper like simple LDA based on the Gaussian assumption of the data
[138] to others more expanded, as artificial neural networks (ANN’s) [143], One drawback of
several patient-adaptable approaches is that they cannot operate without assistance [137]. This is
not the case of those developed as an evolution of a previous automatic classifier [138]. It is
fascinating to take note of that a few classifiers require from 2 to 5 minutes of manual
explanations, which is equivalent to several hundred of annotation labeled on R-R interval [144]
while [144] needs the annotation of a few heartbeats, contingent upon the number of arrhythmias
present. One limitation of several patient-adaptable methodologies is that they can not work
without assistance [144].

Recently, a new learning process for single hidden layer feedforward neural networks
(SLFNSs) design called extreme learning machine (ELM) strategy has been extensively used in
many field of bio-medical signal analysis [12]. The primary advantage of ELM is that the hidden
layer of SLFNs require not be tuned and it also has fast rate of convergence [145]. Due to
random nature of the hidden layer of ELM, output matrix may reduce its learning accuracy
[146]. The support vector machine (SVM) kernels is replaced by ELM kernels in the SVM
formulation, as it was discussed in [147] that better generalization can be obtained. This was
perceived further that the suggested technique accomplishes similar or better generalization
performance in contrast to SVM and is less sensitive to the input vector parameter. For the study
of ELM as a combined learning algorithm used in application of classification and feature
mapping and its relationship with proximal SVM (PSVM) and least squares SVM (LS-SVM),
the reader can follow the article to [148].

In recent years, the application and study of 1-norm regularization or penalty has been
discussed in [149], as 1-norm have a tendency to sort certain of the fitted coefficients of the ELM
model by making them zero and hence provides sparse ELM models that are simply
interpretable. On the premise of literature survey of 1-norm SVM problem, a method defined as
a linear programming optimization problem by Mangasarian [150]. The main advantage of the 1-
norm linear programming extreme learning machine (1-NLPELM) method is that it is a sparse
model representation whose solution is achieved by solving an arrangement of linear equations at

a finite number of times [151].
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CHAPTER: 3
Methodology

3. R-Peaks and Heart Rate Variability Extraction from ECG Signal

3.1 Heart Rate Variability Signal

The electrocardiogram (ECG) is a tool which provides information related to cardiac diseases in
the form of PQRS morphological signal. Morphological reflection of ECG is essential but not
adequate to distinguish between CAD and healthy young and elderly subjects because in order to
detect small variations in R-peaks are challenging by ECG alone; henceforth, it is necessary to
characterize the signal of ECG into heart rate variability (HRV) data [152], [61]. The estimation
of HRV is done through computing time interval between two consecutive peaks of R points
(Rp+1 — R,) Where (n =1,2, ... ... ) on the PQRS morphology of ECG.

For addressing the 1% and 2" part of specific objectives following stage performed.

3.2 Noise Cancellation and R-Peak Detection
Stage 1°: Noise Cancellation and R-Peak detection using Pan Tompkins algorithm is shown in

Figure.3.1

(Band Pass Filtter)

Raw ECG data Low Pass i
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R Peak Location Calculate Windows
- Maximum Peak [ Movin - Sqguarin
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(Rn+1 -Rn)
(HRV)

Figure.3.1. Block diagram for noise cancellation and R-peak detection
e Asa first and 2" step, a band-pass filter is applied to increase the signal-to-noise ratio. A

filter bandwidth of 5-15 Hz is suggested to maximize the QRS contribute and reduce
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muscle noise (above 100 Hz), baseline wander (0.5 to 0.6 Hz) , power line interference
(50 to 60 Hz) and the P wave/T wave frequency content (1-4 Hz) .

e Asa 3" step, a derivative filter is applied to provide information about the slope of the
QRS are shown in Figure 3.2.

o 4" step: The filtered signal is squared to enhance the dominant peaks (QRS).
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Figure 3.2: Represents (a) Raw ECG signal (b) after and Band Pass filter (c) after derivative filer

(d) squaring of derivative signal (e) Average of 30 samples signal.

o 5" step: A moving average filter is applied to provide information about the duration of
the QRS complex. The number of samples to average is chosen in order to average on

windows of 150 ms are shown in Figure 3.3.
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After extraction of HRV signal is shown in Figure 3.4, it will apply to features extraction step

and Machine learning stage 2"

QRS on Filtered Signal
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Figure 3.3: R-peaks detection (a) QRS on Filtered signal (b) QRS on windows moving (c) R-
peaks

Heart Rate Intervals
I

P
O 12 -
73
L
— W |
c
o 0.8 I
-
[
= 06 | | 1 | | 1 | |
0 50 100 150 200 250 300 350 400
ﬁ Beat Time (sec)
=} 1Bl WITH Ecotopic beat .
m I
< 12 1Bl=414 N
% # % of Ecotic beat =1.4493
> — V —
2 WAV
% osf il
=
E i
< 060 | | 1 | | 1 | -
w *
I 0 50 100 150 200 250 300 350 400
] Time (in second)
12 IBI after Ecotopic replacement
: I I
1.1 —
. |
0.9 —
0.8 -
| 1 | | 1 |
0 50 100 150 200 250 300 350 400

Figure 3.4 HRV extraction (a) R-R interval (b) Ectopic beat detection on R-R interval (c) Inter
beat Interval (IBI) after Ecotopic replacement using spline method.
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3.3 Detection and Classification

Stage 2": For detection and classification of CAD and CHF, nine different nonlinear features
have been extracted from pre-processed HRV signal. The nonlinear features such as correlation
dimension (CD), detrended fluctuation analysis (DFA), approximate entropy (ApEn), the
results of the Poincare plot as SD1/SD2 ratio, Hurst exponent(HE), permutation entropy (PE),
improved multiscale permutation entropy (IMPE) and cumulative bi — correlation (CBC) [3, 7,

12] have been extracted from HRV signal. Figure 3.5 shows a proposed adaptive ML model for
CAD and CHF detection.
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Figure 3.5: Framework of the proposed ML for CAD and CHF detection.
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3.4 Hardware Framework for Detection and classification of CHF and CAD

Stage 3": The Hardware framework of the proposed model is shown in Figure 3.6. This
framework consists of one android mobile phone, computer and Avidhrt Sense Device (ECG
Recorder). The function of Avidhrt Sense Device is to generate ECG signal. The transfer of
mobile phone data take place by wireless network (by internet) in both directions. The 1% stage
algorithm will be applied to subject side mobile which will remove the noise, display the ECG
signal and also show the heart beats of the subject.

Avidhrt Sense Device
ECG recorder

Physician
COMPUTER

Response ( Health of subject, Heart
Rate, ACC, PPV, Sensitivity)

Figure 3.6: Hardware Framework for Detection and classification of CHF and CAD

e The 2" stage algorithm will be applied to Physician side that is computer which analyzes the
cardiac diseases (CAD, CHF). By this process, the Physician can suggest the cardiac health
of the subject on the basis of records of analyzed data. In this way, these allow for remote
patient monitoring, which is of special necessity to the elderly, who are more prone to CAD
and CHF diseases and cannot always visit a healthcare facility.

31



4. Detection of CAD and CHF Using Ranked Nonlinear Features and OS-ELM

4.1 Introduction of Proposed Model

For detection and classification of CAD and CHF, nine different nonlinear attributes were
extracted from pre-processed and segmented HRV database. The chaos and nonlinear features
namely Correlation Dimension (CD), Detrended Fluctuation Analysis (DFA),
Approximate Entropy (ApEn), the results of the Poincare plot as SD1/SD2 ratio, Hurst
Exponent(HE), Permutation Entropy (PE), Improved Multiscale Permutation Entropy (IMPE)
and cumulative bi-correlation (CBC) have been extracted from segmented HRV database.
Figure 3.5 shows a proposed adaptive ML model for CAD and CHF detection. All the features
are not sensitive to escalation for interpretation and comprehension of healthy and CAD
database. Therefore, features were ranked using Fisher score ranking method. The most
important top five ranked attributes were applied to attributes space transformation technique as
Generalized Discriminant Analysis (GDA). The GDA transfer top ten features to a new feature.
The values of new feature were first regularized in the range of -1 to 1, after this, fed to online
sequential extreme learning machine (OSELM) having Sigmoid, Hardlim, RBF and Sine
activation function binary classifier. The simulated results show that GDA with Gaussian or RBF
kernel function and (OSELM) classifier with Sine activation function achieved better Accuracy
(AC), sensitivity (SE), specificity (SP) and positive prediction value (PPV) as compared to other

considered kernel function.

4.2 Fundamentals of ELM

The authors [12] has stated that the fundamentals of ELM can be described in three phases for
given training features (X) and class label (T) set defined as Xk Tk} k=12..m and
Xg = {Xg1 Xg2, - -, Xgn )t € R, Here M, K and t represent number of samples, number of input
features to the n input layer and transpose of the input features matrix. Notation Ty € {—1,1}
represents output corresponding to sample X for binary classification. ELM consist of m
number of hidden layers nodes with activation function G (.) between input and output layer. The

construction of ELM is shown in Figure 4.1.

Following phases involved in learning of ELM
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1. First take random value of input weights (W) = {W,,1, W,.2, ....., W,,,,} © and biases
B ={B{, By, ... B,,} of hidden nodes (N). This value does not change during learning and
validation of ELM.
2. Compute the hidden layer (N) Output by using activation function function G(.) as

G(WX +B).
®(w1X1 + Bl!) m(wmxl + Bm)
N = : :
E:'o“’l""rlxn + Bl:) Q(men + Bm) nxm

3. Compute the output weight g = NTT, where N represents Moore-Penrose generalized
inverseof Nand B = {818 2, «- v -... B} Weight between hidden layers and output
node. Minimize the learning error as well as norm of the output weights by ||[Ng — T|?
and [IB811%.

m Hidden Layer
n Input nodes Neurons

Fig.4.1. Represents construction of Extreme Learning Machine. It consists of input nodes, hidden
layer neurons and output node.

4.3 Analytical Concept of OS-ELM
The concept of batch learning of ELM originates the analytical derivation of OSELM [148] . The

training data can be viewed sequentially, i.e. one or the other by one or block by block of
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constant or varying duration, and this process can be eliminated for training once training has
been completed. It is processed in two stages:

First Stage: Firstly set L = 0, where L denotes Lth block of data. At first, training data (M)
should not be less than m. For this training data, output of hidden layer (N,) is defined
as Ny = [F(W;,b;,X;)], wherei= 1tomand j = 1toM,, and F is an activation function and

weight between hidden layer and output (B,)is defined as B, = PoNJT,, where

P, = (NJN,)~!and T, denotes the class level (M) [15].

Second stage Sequential: In this stage, the output of partial hidden layer neurons (N, ;) is
evaluated using Moore-Penrose Inverse (NT) same as ELM where (L + 1) block of new
observation (N)..; denotes number of training data in (L + 1)™ block. The output weight

(L+1) s calculated as follows:

L+1 L L
B = B+ P NT,, (Tiey — NiosBY)
Where Py = P, — PINT (T4 NpogPUNgG ) 7Ny P

matrix 3

4.4 Analytical Concept of 1- Norm Extreme Learning Machine
1 — Norm ELM (1 — NELM) with combination of absolute loss function was proposed by
[153] for addressing sparse model representation. But this algorithm agonized with optimization
problem caused by not differentiability of the loss function. For overcoming this problem, 1-
NELM expressed as a linear program problematic, in which the initial problematic converted
into a new problematic using differentiable constraint. This approach leads to fast execution
and simple estimation with better generalization performance for classification problem.
For a given L number of hidden nodes, the ELM decides the unknown output weight matrix
0= {02,0;y .........0;}* vector and these weights should have smallest norm training error
concept [145], this is known as minimum norm least squares problematic of £2 and denoted as:
min“H.Q - T||2and min“ﬂl |2 4.2)
MNLS problem of equation (3.1) converted into 1-norm by using equation (3.2)
minﬂERL“.Qlll + ']/||H.Q — 1”||1 (4.2)
Where y > 0 is constant and denotes regularization parameter. 1-NELM problematic (3.2) can
be articulated into a linear program problematic using the method of [66],[154] assume that
A B ERY and p,q € R™
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Supposethat 2 =A—pB and H2? — T = p—q 4.3)
Such that A, =0andp,q =0 hold. Then, using (3.2) in (3.3) can be expressed into
1 — Norm linear programming using primitive ~ form of formula as
miny g q Ef(A+B)+ymingypoEn, (@ +q)

Condition shouldbe H(A—B)—p+q =T, suchthat A,8,p,q =0, (4.4)
Where E; and E,, denotes the matrix as L x M size. Hence, equation (4.4) shows that the prolem
of single degree (linear) has unique solution, conceivable and further the equation (4.4) is
constrained and differentiable.

4.5 Box Plot

The boxplot is a graphic approach representing five numerical statistics of a sample group in its

conventional form in order to visualize its scattering and skewness [155].
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Figure 4.2. A brief labeling with interquartile range, outliers median and structure of a box plot

All descriptions are concentrated on the median and refer to the smaller measurement, a first half
part of the sample median (1st quartile,Q1), the median (2nd quartile, Q2), the 2nd half of the
sample median (3rd quartile, Q3), and the largest assessment. The range between the 1st and 3rd
quartiles is defined as the interquartile range (IQR) and offers an indicator of data distribution
(IQR = Q3-Q1). The IQR refers visually to the display's only box and it occupies about 50 per
cent of findings closest to the mean. The highest and the lowest findings are those which are
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beyond the lines (or whiskers) that link the IQR to a smallest or largest non-outlier value (e.g.,
within1.5 IQR). In addition, the conventional boxplot may also have a probability distribution of
approximately 95 percent around the median. The labeling and structure of a box plot is shown
in Figure 4.2.

4.6 Features Dimension reduction by Generalized Discriminant Analysis

Dimension Reduction relates to the procedure of translating a collection of large-scale data into
smaller-dimensional data ensuring it’s eloquently conveys similar information. Usually these
methods are used to solve ML problems in order to achieve better attributes for a classification,
detection and prediction of CDs. The boxplot of nine features of NSR-CAD and NSR-CHF are
shown in Fig. 4.3 (a, b) which reveals that the some considered attributes conveys similar
information in the form of median 1Q value. In these cases, differentiating between the two
classes (group) is a challenge. An attributes dimension transformation technique would be very
useful in these cases [140]. Various methodologies have been applied to minimize the
classification size of data attributes [141]. In this chapter, Generalized Discriminant Analysis
(GDA) has been employed for dimension reduction of attributes. An advantage of this method is
that space reduction of the input attributes dimension and discriminating of features is based on
nonlinear kernel function [142].

The formulation of GDA has been explained as: assume that given training sample set X has a

attributes vectors out of p classes’ level. Let us assume that Xj; signifies the i™ HRV attributes

vector in the i class B, is the class size of the i class and v is a non-linear mapping function

to facilitate the features data of X which is plotted into upper dimensional attributes space.
v: X € RF - y(Xy) € RF, F > f. The interpretations of y(X,) are assumed to be concentrated
in space F. Before defining the projection of the input training sample set X into a new set Y by
worth of the GDA, two matrices of the within class scatter matrix o and the between class

scatter matrix p in space F are formulated as
1

w ==30 ¥ w(Xy)vt(Xy) (4.5)

[#4

P= izilﬁi (Efil "b(Xij)(Efil Sb(Xir))t) (4.6)
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The GDA's main purpose is to find the projections matrix d so that it can maximize inter-class
attrition and reduce intra-class attrition in space F, which is similar to executing the complex

Fisher criteria maximizing issue.

@

d = arg maxa(w:f)z‘) (4.7)

The projection vectord is the eigenvector of the matrix w™!p related with the
eigenvalue A = w’py/wtwy. All solutions of the a lie in the range of (X) . As a result, there
exist extension coefficients g, such that

9= Yo _, e p(X) (4.8)
Assume that the kernel function is represented as K(Xy, X;) = Ky = v(X,)w(X;) and acting the

Eigen matrix disintegration on the kernel vector as ED = (Kyj)k1-12.....,, hence, a normalized
extension coefficients for each projection vector p=p/\/p'K, is calculated. Now, for

an attribute matrix X from the test HRV data set, the projection on the k™ Eigenvector dy, can

be computed as

YE = 0 y(X) = 3, 0%y (X)) w(X) = B, 0¥ K(X ;. X) (4.9)

Where a}‘ indicates the j™ extension factor of the i™ Eigenvector. For the measurement of the
reductions of the function element, B-1 Eigenvectors vectors connected to the first highest non-
zero B-1 Eigenvalues values are assigned to form the mapping function (TM)® = [8* ,02,. ...,
dP~1]. Therefore, every one HRV feature vector is projected into a new coordinates using the
B — 1 projection vectors [142]. It implies also that optimal solution of Eigenvectors for the data
is transformed is usually equal to B-1. In this chapter, assuming that the class level is 2 i.e.

binary class thus GDA transform the dimension of nine attribute to a new attribute.

4.7 Nonlinear Features

4.7.1 Correlation Dimension

The correlation dimension (CD) is a measurement of the fractal dimension of the space
taken up by a set of possible points. For M sample points X(1),X(2),...,X(M), with an
embedding space (m) € R™ , the CD is defined as
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log (€(r))

CD = lim,_, log )

(4.10)

A correlation function C(r) is represented as

1 . .. . L. . .
C(r) = o X (Number of pairs of (i,j) withS(i,j) <r). Where S(i,j) = |X;—X;| in
millisecond and 1=i<j=M [156]. In this worksm = 10, filtering level

(r) = {0.0050 ... 0.1} are taken for the HRV sample analysis. The step to calculate of r value

using data extracted from random walker.

4.7.2 Detrended Fluctuation Analysis
Detrended fluctuation analysis (DFA) is an alteration of root — mean — square (RMS) and
based on a random walk which is implemented to assess the chaos of HRV signal. The RMS

fluctuation of combined and detrended of N-N time series is called DFA. It is defined as

P = [E5H V00 — Y00 (4.11)

Where Y, (k) is the k™ value of integrated N — N time series data of total length k [117]. The «
represents the slope of the line relating log F(n) to log (n). Often two
particular linear regions on the log — log plot are utilized to represent the short term a,, for

this n; = 4, calculated F(n, ) and the long term scaling a,, for this n, = 300 calculated F(n,) .

4.7.3 Sample Entropy

The application of Sample Entropy (SampEn) for HRV analysis has been discussed to detect
cardiac disease in [128], [157]. For an HRV time series X(1),X(2),...,X(M), assume X, (i)
denotes the m points X;,X;,4, ---—--- »Xi+m—1 Which is known as a template and can be reflected
a matrix of length m. An example where all the components of the matrix X,,,(j) are within a
distance rof X, (i) is known as a template match. Let D; indicates the number of template
matches with X, (i) and C; indicates the number of template matches with X, .,;(i). The

i

number P; = E— is an estimate of the conditional probability that the point X;,, is within r of

i
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X;+m—1 given that X,,,(j) matches X, (i). The SampEn is defined for m points.

SampEn(m,r,M) =— Iog(Mz_r:n C/ Min D))
= = (4.12)

Where m is an integer number and r is a positive real number. In this work, standard value

m=2, r= 0.2xstd.deviation (NN) were used for HRV analysis.

4.7.4 Poincare Plot as SD1/SD2 Ratio

The Poincare plot investigation is a non-linear and graphical method to assess the chaos of NN
interval (HRV). This plot scatters the graph of present NN intervals and previous NN interval.
Two neighboring NN intervals signify a single point in the scattered plot. The 1NN interval
(NN;) denotes the X-abscissa, the 2" interval as NN, denotes Y-ordinate. Standard deviation
one (SD;) for short NN interval and standard deviation two (SD,) for long NN intervals were
calculated for chaos analysis of HRV signal. For calculation of these intervals we have taken 150
samples for short and 350 samples for long out of 500 NN intervals. The value of SD1/SD2 may
likewise be listed to describe the relationship between short and long terms [129].

4.7.5 Hurst Exponent
Hurst exponent (HE) is a method of measuring the smoothness of the data from a fractal time

series. It is based on the asymptotic execution of the rescaled observation range.

HE — log (R(n)/S(n))

et (4.13)

Here n is the analysis time period (liken = M,M/2,M/4...... where 2,4,8) which is referred
to as blocks size, R(n) is the range of the 1% n values and S(n) is their standard deviation (S.D).
R(n)/S(n) is the respective rescaled range value, and T is the population sample length. M is

observations of a time series [61].

4.7.6 Permutation Entropy
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Permutation entropy (PE) is a suitable test for exposing the non-linearity of HRV time series.
Due to its easy concept, the PE has also been studied most extensively of physiological signals,
based on fewer features, computationally and fairly immune to interference and artifacts. For the
data series {X(i),i= 1,2,3........ M}, the PE can be represented as the entropy for both the
sequences and ordering of the K symbols (O) [122].

H=-%{mIn(m) (4.14)
Where m 1, ... ... Tk, Signify the probability distribution of every symbol series [158] and
Y¥_,m =1. In this work, standard value O = 4 and time delay of 1 are chosen for HRV

analysis.

4.7.7 Improved Multiscale Permutation Entropy

The multiscale permutationentropy (MPE) method cannot provide a consistent
investigation for short HRV time series. An improved MPE (IMPE) has been presented to
overcome this problem [159] to define a real-valued time series {X (i),i = 1,2,3........M} of
length M for IPEM formulation with such an embedding space {(im) € R™}. Many subsequent
coarse-grained versions [160] are set by averaging the sets of data series within equally spaced
extending period S frames, which is termed the scale-factor. Therefore, in this process chosen
separate time series as 21 (i =12 . S). For a given scale factor S and
embedding dimension m, there is a different calculation of the probability entropy of each
of n?|(i=12.u... S), this then measures the average values of probability entropy. It is

defined as

IMPE (X,S,m) = X5, PE(py) (4.15)

For HRV analysis, standard value m = 4, scale (§) = 4 and time delay of 1 have been used.

4.7.8 Cumulative Bi — Correlation
The bi — correlation is the joint moment of three NN(i); NN(i + 7)and NN(i + 27)
samples and defined as E[X(i); X(i + 1); X(i + 75)], where E denotes expected value of

three samples, Tand 7, delays between samples. We have taken 1, = 27 so that the
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measurement of joint moment can be function of = [132] The bi-correlation is not commonly
known for the calculation of HRV signal disorder, but the cumulative bi-correlation (CBC) was
introduced for the non-linearity test, with the constraint that the second delay (7, ) is double the
first delay (7) [161] . For the definite set of delays the CBC is a composite function of bi-
correlation and for each interval, the CBC is the summation of the bi-correlation's cumulative

values up to the interval delay z. The delay of 1 is chosen for NN analysis.

4.8 Parameters Used for OS-ELM
The detection and classification of CAD and CHF has been performed by OS-ELM using
Sigmoid activation function and Multiquadric functional additive node. The multiquadric

function was considered for RBF hidden nodes. The sigmoid function and Multiquadric function

are definedas @(A,B,X) = 1/1 +exp —(A*X + B) and 0(A,B,X) = \;’(HX — Al|5 + B2
. The optimal values of user-specified parameters like regularization parameter y for 1-NLPELM
were selected using 10-fold cross-validation method. Analyzing classifier output for datasets,

following performance parameters calculated:

Accuracy (AC) = (TP + TN)/ (TP + TN + FN + FP) (4.16)
Sensitivity (SE) or true positive rate (TPR) = TP/ (TP + FN) (4.17)
Specificity (SP) or true negative rate (TNR) = TN/ (FP + TN) (4.18)
False positive rate (FPR) = (1 — SP) using confusion matrix. (4.19)

Where TP = truepositive, FN = false negative, TN = true negative and

FP = false positive.

4.9 Results

To understand the reduction capability of GDA using RBF kernel function, the box-plots of the chaos
attribute for NSR-CAD and NSR-CHF data sets are shown in Fig. 4.3 (a,b) and after reduction of chaos
features by GDA is shown Fig. 4.4 (a, b). The box-plot patterns of nine chaos features associated with
data sets are positioned close to each other (median value indicated by red line in box) before reduction of
attributes. After attribute space reduction by GDA method, a new attribute is generated which is well
separated within the attribute dimension. So, the new feature provides not only improvements in the

detection capability but also make a suitable tool for good discrimination of NSR-CAD and NSR-CHF
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data set. For this reason, GDA reduction scheme is an appropriate tool for better discrimination of
NSR-CAD and NSR-CHF dataset.
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Figure 4.3 (a): Box plot of nine chaos attributes for NSR-CAD data set before reduction by

GDA.

Figure 4.3 (b): Box plot of nine chaos attributes for NSR-CHF data set before reduction by GDA

05
04
03
02
041

12

08
06
04
02

co DFA-al DFA-a2 ApEn
- 14 Ty sl - T
| 12— P15 ! Q
= 'Y HQag 1| H
T il 05 Q |
08 | |
x E | o - B 05 | i
— 08| + 1 _ 0
MNER CHF MNER CHF MER CHF MER
$D1/SD2 HE PE
T T - T
Ll E = ‘
3
’ 08 E\ E ! E |
08 1 ! 28 - 29 iR
* |
- 0.7 + | 25 28 +
NSR CHF NSR CHF NSR CHF ' MSR

42

CBC




ACCURACY

101

99

(a) (b)
0.1 % 0.1
+
L T ot S
° : + ] +
+
-0.1 — -0.1 —
- L - +
0.2 N 0.2
NSR CAD NSR CHF

Figure 4.4. Box plot, after attributes reduction by GDA with RBF kernel function for (a) NSR-CAD
datasets (b) NSR-CHF datasets

The variation of classification parameters likePPV, SEN and SP with respect to block size (5, 10, 15-----
100) for OSELM and GDA as feature reduction scheme with different kernel and activation functions are
shown in Fig.4.5 For evaluation of each parameter, mean of 10 cross validation with 100 times randomly
subjects are selected from datasets for each block. To understand the effect of varying block size on a
parameter, following data set combination of CAD — CHF, NSR(YNG) — CAD, NSR (YNG) — CHF, and
NSR (ELDERLY) — CHF were used. The parameters: AC, PPV, SEN and SE of different data sets are
plotted for OSELM classifier with Hardlim activation function and GDA with Gaussian and RBF kernel
as feature reduction scheme. It is observed that even after increasing the block size, there is no significant
change in value of classification parameters. The simulation graph reveal that less than 40 blocks are
appropriate for detection and classification of CHF and CAD subjects. So, the block size is chosen in such
a way that optimum value of testing and validation parameters is achieved. The parameters for different
activations function and kernel are tabulated in Table 4.1.
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Fig. 4.5 Variation of classification parameters Vs. Block size when using OSELM with Hardlim
activation and GDA with Gaussian Kernel for parameters (i) Accuracy (ii) PPV (iii) Sensitivity (iv)
Specificity

In order to determine the classification parameters and validate the performance of proposed method in
terms of AC, PPV, SE and SP, simulation analysis has been conducted on the data set of various subjects.
50 samples for training and 62 samples for validation have been taken for CAD — CHF, 84 and 47 have
been taken for NSR — CAD, 80 and 60 for NSR — CHF,80 and 52 NSR — CAD and 80 and 60
NSR — CHF data sets have been used for training and validation purpose respectively. These standards
databases have been obtained from Physionet Website.

The performance parameters achieved by OSELM and OSELM+GDA are listed in Table 4.1. The
numerical simulation results shows that OSELM with Hardlim Activation function achieved an AC,
PPV, SE and SP of 81.83, 79.12, 76.6 and 87.08 respectively for NSR — CAD datasets while OSELM
with Sine Activation function attained 90.94, 91.17,86.72 and 94.42 respectively. When GDA with
kernel function combine with OS-ELM, the classification performance has significantly increased. For
instance, GDA with RBF Kernel +OS-ELM with Sine activation function achieved classification
performances 98.34, 99, 97.38 and 99.32 respectively for NSR-CAD group. GDA with Gaussian Kernel
+ OS-ELM with Sine activation function produced 100% classification performances for NSR-CHF
dataset. This result reveals that proposed method achieved better results as compared to OSELM +various

type of activation function.
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Table 4.1: Represents results achieved by OSELM and OSELM combine withGDA. The best classification parameters
are signposted by boldface in the table.

Data sets Training Validation
(Training and validation size) AC PPV \ SEN \ SE | AC PPV \ SE \ SP
0S — ELM with Hardlim Activation Function
NSR — CAD (84 x 1,47 x 1) 100 100 100 100 81.83 79.12 76.6 87.08
NSR — CHF (80 % 1,60 X 1) 100 100 100 100 77.07 76.17 69.84 82.65
0S — ELM with Sine Activation Function
NSR — CAD (84 X 1,47 X 1) 100 100 100 100 90.94 91.17 86.72 94.42
NSR — CHF (80 % 1,60 X 1) 100 100 100 100 81.53 81.22 7535  87.06
0S — ELM with Sigmoid Activation Function
NSR — CAD (84 X 1,47 X 1) 100 100 100 100 85.11 83.23 8232 89.26
NSR — CHF (80 % 1,60 X 1) 100 100 100 100 79.2 80.2 7198 86.78
GDA with Gaussian Kernel + 0S — ELM with Sigmoid Activation Function
NSR — CAD (84 X 1,47 X 1) 100 100 100 100 98.26 98.08 97.88 98.81
NSR — CHF (80 X 1,60 X 1) 100 100 100 100 100 100 100 100
GDA with Gaussian Kernel + 0S — ELM with Sine Activation Function
NSR — CAD (84 X 1,47 X 1) 100 100 100 100 98.23 98.7 97.22  99.17
NSR — CHF (80 X 1,60 X 1) 100 100 100 100 100 100 100 100
GDA with RBF Kernel + 0S — ELM with Sine Activation Function
NSR — CAD (84 X 1,47 X 1) 100 100 100 100 99,34 99 97.38 99.32
NSR — CHF (80 % 1,60 X 1) 100 100 100 100 97.87 97.41 97.99 97.96

4.10 Discussion

Table 4.2 revealed that the cardiac heart diseases like CAD and CHF have also been proven to become
one of the leading causes of death, which is the major reason why precise heart failure (HF) risk
prediction is vitally important for preventing and treating it [162]. A quick and efficient CAD and CHF
diagnosis is essential for evading a life-threatening event [163]. In addition to timeliness, AC, PPV, SE
and SP play an incredibly important role in the medical sphere, because it is linked to a person's life.
There has been done a terrific and substantial number of works on the diagnosis and detection of cardiac
diseases using ML techniques. In contrast, there is yet to be a gap regarding comptability of methodology
or classification algorithm suitable with datasets. However, it is demonstrated that the methodology of
selection and reductions of features increased the performance and accuracy of classification models. In
addition, it is also evident that classifier ensembles have demonstrated to have enhanced classification
AC [164]. There are some factors that could not be ignored in health - related issues, such as time taken to
execute the procedure and technical challenge that depends on the number of functions, precision and
sweeping generalization. Several researchers have focused on methodology to avoid the integration of
unnecessary traits, as per assessment. Using state-of-the-art methods such as genetic algorithm (GA) in
[165], [166] and [167], LS-SVM in [168], information gain in [169], F — score in [164] for Attributes
selection has helped to counteract the question of so many other attributes and thus decrease the
processing time and the size of the computing. When an insight assessment of the articles was conducted,

it was realized that certain researches have lessened the dimensionality utilizing advanced detection
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methods. For instance, Principal components analysis (PCA) in [168], [170], [171] chaos features in

[172], and minimal Max significance Redundancy in

[173] are incredibly effective in reducing

dimensions. Many research focused on obtaining the maximum accuracies through implementing

methods that are exceptionally efficient and consistent, for example, GA with SVM to accomplish more
than 98 % AC in [165] PCA and SVM to achieve ...

Table 4.2: Summary of existing methods applied for CAD and CHF disease detection and classification.

Reference Detection of subjects Proposed Scheme Database Accuracy (in %)
[165] CHF GA with SVM CHF2DB and NSR 98.79
[168] CAD. PCA and SVM HRV 99.2
[170] CAD. GA and Neural network Z-Alizadeh 93.85
Sani Database
[174] CHF and CAD. DT A dataset of 2346 94
Patients’ records
[175] Paroxysmal Atrial SVM AF Database 87.7
Fibrillation (AF)
[176] CHF risk factor. Rules-based classifier. Cleveland 86.7
[177] CAD Rules and fuzzy experts Advanced Medical 84.2
approach. Research Institute
[163] CHF Ensemble of bagged DT PhysioNet database 98.8
[178] sudden cardiac t-test for feature ranking and MIT-BIH and NSR 94.7
deaths (SCD)
[179] CHF and CAD Multilayer Perceptron NN. NSR and Long-term ST. 97.83
[173] CHF DTC wavelets transform. MIT — BIH NSR, 99.86
, and BIDMC
CHF
[180] Chronic heart Least-Square SVM A dataset of 152 heart 95.39
failure diagnosis. sound
[181] HF patients’ Random Forest. Intelligent Monitoring 82.1
mortality. inICU
[182] Heart failure risk Nural Network - 66.55
[183] CAD Random UClI 90.50
Forest, C5.0, and fuzzy
modeling.
[184] Heart disease Fuzzy rules — based Personal Health 69.22
(CAD,CHF,MI) Record
This paper with PhysioNet database 100 for
CHF and CAD Kernel and with CHF and
98.34 CAD
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more than 99 % AC in [168], PCA to gain more than overall AC in [171], and a set of bagged
decision trees (DT) to obtain approximately 99%. AC in [163], some of those methods and their
prediction accuracy are shown in Table 4.2 What's troubling is that most of the methods were
applied to small database and there's still a desperate need to test them on a broad dataset. The
most research haven't addressed whether attributes reduction affects the knowledge of systems or

not.

411  Summary

In this part, a new approach has been discussed for classification of coronary heart diseases such as CAD
and CHEF. For this, nine nonlinear features have been extracted from HRV signal. In order to enhance the
detection capability of proposed model, the dimension of nine features were reduced using GDA
technique. The results of the comparative study have indicated that the GDA with OSELM binary
classifier outperforms as compared to other existing techniques. The GDA with Gaussian Kernel + OS-
ELM with Sine activation function achieved classification performances of 100% for NSR-CHF datasets.
The GDA with RBF Kernel + OS-ELM with Sine Activation Function attained an AC of 99.34%, PPV of
99% and SP of 99.32 % for NSR-CAD. Hence, this proposed scheme can be employed for online

coronary diseases monitoring and diagnosis of CAD and CHF subjects.
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5. Detection of CAD Using Ranked Nonlinear Features and 1-NELM

5.1 Overview

This part focuses on detection and classification of CAD using eleven different nonlinear and chaos
features were extracted from pre-processed and fragmented HRV database. The chaos and nonlinear
features namely correlation dimension (CD), Poincare plot such as SD1/SD2 ratio, multivariate largest
Lyapunov exponent (MLLE), Hurst exponent (HE), Lempel-Ziv (LZ), sample entropy (SampEn ),
dispersion entropy (DispEn), Improved permutation entropy (IPE), adaptive multiscale PE (AMPE),
multifractal detrended fluctuation analysis (MFDFA) and cumulative bi-correlation (CBC) were employed
to input of ML algoritham. Fig. 3.5 shows a proposed adaptive ML model for CAD detection. All the
features are not sensitive for escalation in interpretation and comprehension of healthy and CAD
database. Therefore, the features were ranked using Fisher score, Bhattacharya space, Wilcoxon, receiver
operating characteristics (ROC) and entropy ranking methods. The most important top seven ranked
features were applied to features space transformation technique such as generalized discriminant analysis
(GDA). The GDA transfer top seven features to a new feature. The value of a new feature was first
regularized in range of —1 to 1, after this, it is applied to 1-norm extreme learning machine (1-NELM )
classisfier. The simulated outcomes have shown that GDA and 1-NELM classifier with considered
ranking methods achieved better accuracy, generalization performance and less computational validation
time as compared to SVM and PNN. It has also been observed that the CD, MFDFA MLLE,, AMPE,

DispEn, LZ and SD1/SD2 features have lowest p-value (< 0.001)compared to all remaining features.

5.2 Database and Pre-Processing

5.2.1 Database of Heart Rate variability

The HRV standard database of normal young (YNG) and elderly (ELY) subjects were acquired from
Fantasia database. This databse contains number of 20 YNG (22 - 35 years) and 20 ELY (63 - 86 years)
subjects [24]. The Coronary artery Disease database were obtained from St. PIC Cardiological Technics
[25]. It has 72 annotated ECG records extracted from 30 Holter ECG templets. Length of each ECG
record is one-hour long. Only thirteen subjects (9 Male and 4 Female, aged 19-78) were suffered from
Coronary artery Disease [25].

5.2.2  Pre-Processing of Heart Rate variability

The HRV time series obtained from the standard database usually contains ectopic beats (irregular
impulse formation in the heart muscle) and non-stationary, which precludes effective feature extraction
and HRV data analysis. To avoid this problem, the pre-processing of the HRV signal is required. In the

pre-processing, first of all non-stationary and ectopic beat using a nonlinear filter and wavelet-based
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technique has been detached [26] [27]. A cubic spline interpolation method was employed to supplant
ectopic beats intervals. After pre-processing, original HRV is known as a normal-normal interval (NN
interval).

Initially, 40,000 samples of NN interval of each database of subjects have been selected. To increase the
lenth of training and testing datasets dimension, 40, 000 samples of NN interval were alienated into
fragments of 8,000 NN intervals. Finally, the nonlinear and chaos features were extracted from

fragmented NN intervals.

5.3 FEATURES

5.3.1 Correlation Dimension

The correlation dimension (CD) is a degree of dimensional space occupied by a number of random
points and its measurement is based upon the principle of chaos concept. For M data points

X(1),X(2),...,X(M), having an embedding space (m) € R™ ,the CD is represented as

log (€(r))

CD = lim,_g oz (1)

(5.1)

The correlation C(r) is denoted as C(r) = TR ( Number of pairs of (i,j) with S(i,j) < r). Where
S(,j) = |X; — X;| in millisecond and 1 <i <j <M [156]. In this work, m = 10, filtering value
(r) = {0.0050... 0.1} are chosen for the HRV database analysis using random walker steps.

5.3.2 Multifractal Detrended Fluctuation Analysis

The multifractal detrended fluctuation analysis (MFDFA) is known to be an effective approach for
calculating whether chaos characteristics exist in HRV data [185], [186]. For a specified length (M) of
NN time series data of variable X(P) were calculated over 1 < P < M for analysis of CAD. For
mathematical expression, fisrt calculated the profile time series using function as Z(i) = Y.L(X(P) — ¢)
for 1 <1< M, where € is mean of NN time series data. After this, divided the NN data into a chunk
dimension d , then Z(i) was splited into N blocks holding a data segment of d sapmle of NN time

serise. The MFDFA for multifractal parameter (1) was calculated for each d by the following equation

MFDFA(Ld) = | X (ZX o3 (k) (5.2)

Where N = integer(M/d) and the standard deviation (pq(k)) was calculated in each chunk k for
1 < k = N. Accoprding to authures of [186] mutifractal parametes (I < 0) are suitable for smaller
amplitude time seriese data., In this work, [ = —4 , d =40 and 5000 beats (HRV sample) were

employed for analysis of data sets .
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5.3.3 Sample Entropy

The Sample Entropy (SampEn) is an entropy family used to estimate the chaos or irregularity of NN time-
series database of subjects. The SampEn is fundamentally the same as the Approximate Entropy (ApEn),
however, in ApEn, the comparison between the template vector and whatever is left of the vectors
likewise incorporates correlation with itself. This ensures probabilities are not ever zero. Thus, it is
constantly conceivable to take a logarithm of probabilities. Since template correlations with itself bring
down ApEn values [34], the signals are translated to be more general than they are really. The use of
SampEn for HRV analysis has been described in [128]. For an HRV time-seriesX (1), X(2),...,X(M),
assume X, (i) denotes the m points X;,Xj;q,------ Xi+m—1 Which is known as a template and can be
reflected a vector of length m. An example where all the components of the vector X;,(j) are within a

distance r of X, (i) is known as a template match. Let D; indicates the number of template matches with

Xm (i) and C; denote the number of template matches with Xy,+1(i). The number P; = % is estimate of

the conditional probability that the point Xj.,, is within r of X;+,,—1 given that X, (j) matches X, (1).
The SampEnis defined for m points is defined by following equation

SampEn(m,7,M) = —log (X¥7™C; /Y™ D;) (5.3)
Where m = positive integer and r € R*. In this work, standard value

m = 2,r = 0.2 X std.deviation of (NN) were chosen for HRV analysis.

5.3.4 Lempel — Ziv Complexity

The Lempel — Ziv (LZ) complexity measures the complexity of finite length (L) of the HRV signal. The
sample of NN signal represented as {X(1),X(2) .. .c.ooooee.. X({)}Where i =123...........L . In the
complexity measure, one needs to transform thesample of HRV signal into a finite symbol series. In this
transformation, HRV signal samples are converted into a binary sequence B = S(1),5(2), .. e v .., S(i)

using threshold (Th). It is defined as
~ (0, X(i) <Th
5@ = [1, X(@) = Th

The Th value was computed using median value of HRV signal, owing to its robustness to outliers [187],

(5.4)

[188]. In order to obtain complexity, first, the sequence B is scanned from left to right and the complexity
counter (C(n)) is added by one unit every time. During this process a new subsequence of successive

characters is found. For a metric free of the subsequence length, C(n) must be then normalized. It has

n

been shown by [189] that the upper bound of C (n) should be C(n) < ( Where 6, is small

1-8p)logy(n)’

quantity and 6, - 0 whenn — . Base (i) of the logarithm represents symbol set. Then,
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n n

lim;, e C(n) = P(n) =7 . For a binary sequence (0 and 1), p = 2, therefore P(n) = and
) log,(n)
C(n) can be normalized by P(n)
NC (n) =& (5.5)

P(n)
Where NC (n) is normalized LZ complexity, it indicates the arising rate of new assortments in the

sequence of NN time series.

5.3.5 Dispersion Entropy:
Dispersion entropy (DispEn) also measures the complexity of HRV time series [190],[191]. For the
formulation of DispEn, First, HRV signal is passed through a normal cumulative distribution function
(NCDF). It makes available filtered HRV time series X, which variesbetween 0 to 1. This technique is
envisioned to better treat outliers. Next, Xr is mapped into D classes (1 to D), by using a function, which
is defined as Z% (j) = round(D x X;(j) + 0.5), this function linearly maps the range [0, 1] to [1, D].

Now, let Yx(i) be the set of successive samples in ZP from i to i+ K —1that
is¥e()) ={ZP2(1),ZP( + 1), e e e, ZP (1 + K — 1), where
i=1,23,...ceoe.... N = K+ 1, Each oneelement of vector of Y (i) signifies a dispersion sample.
The probability of occurrence of every single dispersion sampleYx (i) in ZP(j) can be obtained as the
number of times the sample Yx (i) appears on Z?(j), divided by the total number of samples in Z2(j),
that is, N — k + 1 .probability distribution for all possible dispersion samples is P[Yx(i)]. Finally, the
DispEn is defined as

DispEn(K, D) = — X2, P[¥i(0)] log( Pt (1)) (5.6)
Parameters of DispEn selected as K =2, and D = 6. NCDF was generated with M indicates mean and SD

denote standard deviation of the HRV time series, respectively.

5.3.6 Poincare Plot

The Poincare plot investigation is a non-linear and graphical method to assess the chaos of NN interval
(HRV). This plot scatters the graph of present NN intervals and previous NN interval. Two neighboring
NN intervals signify a single point in the scattered plot. The 1NN interval (NN;) denotes the X-abscissa,
the 2" interval as NN, denotes Y-ordinate. Standard deviation one (SD,) for short NN interval and
standard deviation two (SD,) for long NN intervals were calculated for chaos analysis of HRV signal.
For calculation of these intervals 3000 samples for short and 5000 samples for long NN interval have

been taken. The value of SD1/5D2 ratio was calculated to describe the complexity of HRV signal [129].

5.3.7 Hurst Exponent
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Hurst exponent (HE) is a calculation of the smoothness of data from a fractal NN time series dependent
on the exponential behavior of the re-scaled technique. In order to estimate the Exponent of Hurst one
needs to calculate the re-scaled range over the observed time period. To do so, a total-length NN time
series is split into a number of shorter NN series, and the re-scaled period for each of the shorter time
series is measured. It is defined as

_ log (R()/S(n)
HE = =5 = = o (5.7)

Where n is the length of period of the observations spam (like n = M,M/2,M /4 .....where 2, 4, 8 are
known as number of chunks), R(n) is the range of the first n n time period and S(n) stands its standard
deviation. R(n)/S(n) ratio indicates rescaled range and T is the length of duration of a NN time seriese.

M is observations spam of a NN series [192].

5.3.8 Improved Permutation Entropy
Improved permutation entropy (IPE) is an efficient appraoch to investigate the change the information of
HRYV time series. Because of its basic principle like depend on less parameters, computationally efficient
towards noise and fairly resilient to artifacts. For the given a NN series {X (i),i = 1,2,3 ........ M} , the
IPE can be defined by using Shannon entropy for a K symbol categorizations and order (0) [122].

IPE = —Y%_ m;In(my) (5.8)
Where w15 ... ... mk, denotes the probability distribution of each symbol [158] and Y.X_,mx =1. In this

work, 0 = 4 has been taken for NN time series analysis.

5.3.9 Adaptive Multiscale Permutation Entropy

The multiscal permutation entropy (MPE) method cannot provide a consistent investigation for short

HRV time series. To overwhelmed this problem, an adaptive multiscal permutation entropy (AMPE)

has been suggested by [126]. For expression of AMPE, fisrt consider a NN time series database
{X (i),i = 1,2,3......M} of dimension M, with an embedding space (m) € R™. Then, the multiple

coarse grained NN series developed by [131] combining the data points of scale factor (S) across non-
overlapping frames calculated using zg = %Zﬁ(k_l)s)( (i) "1 = K < int(M/S). After this, For S and

m, probability entropy (PE) of every one of 7{|(i=12........ S) is independently evaluated . The
average permutation entropy for the coarse grained NN series that is known as AMPE is calculate by

following equation.

AMPE (X,S,m) = ~3i_, PE(y) (5.9)

TS

In this work, m = 4, S = 4 and delay of 1 are selected for NN time series.
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5.3.10 Cumulative bi-correlation

The bi-correlation is the joint moment of three NN(i); NN(i + t) and NN(i + 21) samples and
defined as E[X(i); X(i + 1); X(i + 70)], where E denotes expected value of three samples, 7 and o
delays between samples. The value of T, = 2 7 has taken so that the measurement of joint moment can
be function of = [132]. The bi-correlation is not commonly used for the calculation of NN variations, but
the cumulative bi-correlation (CBC) have been introduced for the non-linearity test of NN interval with
the condition that the 1% delay (7) is half of the 2™ delay (1o ) [161]. For definite set of delays the CBC is
a composite function of bi — correlation and for each interval, the CBC is the summation of the

bi — correlation’s cumulative values up to the interval delay .

5.3.11 Multivariate largest Lyapunov exponent (MLLE)

The LLE can be used to explain the nonlinear properties of NN time seriese data which is based on chaos
concept. It shows the mean rate of divergence of between two losest trajectories of neighboring point of
databse. But, the accuracy and precision of this method of measuring was not adequate enough for
diagnostic application [193]. To improve these parameters, a new modified approach known as
multivariate largest Lyapunov exponent (MLLE) has been suggested by [194]. in this approach,
multivariate stage space, prearranged that each point X; has a nearest neighbor point Xj, there should be a
smallest separation between such two points of data to insure that the these points operate on different
tracks. Once the calculation of the L points done, calculated the distance to its closest neighbor by
Dy(L) = min ||X; — X;||, The MLLE approach defined as

MLLE = < (L x23m@,L))} (5.10)

Whwere H is the lenth of D;(L).

5.4 Features Dimension Reduction

The higher the number of attributes, the more difficult it is for the learning datasets to be visualized again
and focused on. Sometimes, attributes of datasets often become highly correlated, for instance, featurs of
ELY-CAD datasets and thus redundant, and also ML becomes over fitted. This is where strategies for the
reduction of features dimension play an appropriate role [140]. Various algorithms have been proposed to
reduce the dimension of features for improvement of the classification capability of ML [141], [195],
[196]. In this paper, the generalized discriminant analysis (GDA) and Kernel principal component
analysis (KPCA) have been applied the for reduction of top seven ranked features into one new feature

dimension. The benefits of both algorithms that input features space reductions is dimensional and feature
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selective are based on dynamical kernel function [142]. The dimesion reduction of GDA is based on
linear discriminant analysis (LDA). In GDA, for given input features is decoded to a high dimensional
feature by a kernel function , in which each groups will be separated from each other linearly.
Subsequently LDA algoritham is employed to map the attributes from maximum to minimum domain
space on the basis of eigenvector matrix, where it looks for those vectors which best distinguish between
dataset rather than those vectors which better characterize the database [197]. In this paper, top ten ranked
features were employed for reduction of dimensionality of features space by GDA and KPCA to new
features as shown in Fig. 5.1.

The KPCA is a modification of principle component analysis (PCA) dimension reduction technique in
which kernel strategies are utilized. In KPCA, initially linear operations are done in a procreating Hilbert
kernel space in which kernel is used [198], [196], but its removes redundant and distinguise features
capability is less compared to GDA for ELY-CAD dataset. To comprehend the discernment capability of
KPCA and GDA with kernel, the box (whisker) —plots of the top ten ranked features for ELY-CAD
datasets are used, shown in Fig. 5.1 and after reduction of these features by KPCA shown as in Fig.(5.2.a)
; and by GDA as in Fig. .(5.2.b) The box-plot label (median value) of ten top ranked features associated
with data sets are positioned close to each other (median value indicated by the red line in box) before
reduction of features. After feature space reduction by GDA and KPCA method, the new feature is well
separated in the box plot. So the new feature provides not only improvements in the detection proficiency
but also make a seemly apprroach for good discrimination of ELY-CAD dataset. However, as perceived
by box plot after dimension reduction by GDA and KPCA, the GDA makes a more distinct median value
for new features compared to KPCA. Therefore, GDA reduction technique is better and an

appropriate approach for features dimension reduction for CAD detection.
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Figure 5.1: Box plot of top ten ranked features for ELY-CAD dataset before reduction by GDA and
KPCA
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Figure 5.2 Box plot of after dimension reduction of top ten ranked chaos and nonlinear features to a new
feature for ELY-CAD dataset using (a) KPCA with RBF kernel function (b) GDA with RBF kernel
function.

5.5 Parameters Used for Simulation

The performance of 1-NELM scheme has been tested on Sigmoid activation function and Multiquadric
functional additive node. The multiquadric function was considered for RBF hidden nodes. The sigmoid
function and Multiquadric function are defined as ©(A,B X) = 1/1+exp —(A*X + B)and

B(A,B,X) = /(IlX — All} + B2,

In the SVM, the dimension of the original features was mapped to a higher-dimensional vector space by
using an RBF kernel. RBF kernels function depends on two parameters: regularization parameter or
error/trade-off (C) parameter and the width of the RBF. These parameters regulate the split-up error in the
formation of the separation surface [150]. For SVM implementation MATLAB toolbox of LIBSVM has
been used [199]. In the PNN, a Gaussian activation function was used for the pattern layer and each
pattern layer has 15 neurons. A linear activation function and a linear basis function were adopted for the
summing nodes [200]. The optimal values of user-specified parameters like regularization parameter y
for 1-NELM, C and width of the RBF for SVM, and scale for PNN were selected using 10-fold cross-
validation method.

To investigate the performance of ML classifier for group of database, following performance parameters
such as Accuracy (AC) = (TP + TN)/ (TP + TN + FN + FP), Sensitivity (SE) or true positive rate
(TPR) = TP/ (TP + FN) and specificity (SP) or true negative rate (TNR) = TN/ (FP + TN) and
false positive rate (FPR) = (1 — SP) through confusion matrix have been measured. Where TP = true

positive, FN = false negative, TN = true negative and FP = false positive. The area under the curve (AUC)

for the ROC curve was determined by the formula AUC = folROC(r) dr;%(SE + SP). Where
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T = (1- SP) and ROC (7) is sensitivity. A 1-norm root mean square error (1 — NRMSE) was also

calculated to measure the generalization performance.

5.6 Simulation Results
5.6.1 Comparative Generalization Performance

The 1-NRMSE was employed to measure the generalization performance and insensitive to user-
specified parameters of the classifier for YNG-CAD. It was calculated using mathematical

formula as RMSE = \]Li ke, (d; - dj)z , Where d; and d, are the observed and predicted values,
e
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Figure 5.3 Insensitivity performance of (a) PNN (b) SVM (c) 1-NELM with Multiquadric function and
(d) GDA+1-NELM Multiquadric function to the regularization parameters on YNG-CAD datasets.
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and Le indicates length of test samples. Fig. 5.3 demonstrates the performance of considered
classifier PNN, SVM with RBF kernel, 1-NELM with Multiquadric activation function and
proposed GDA+1-NELM with Multiquadric activation function. In which PNN (see Fig. 5.3.a)
and SVM (Fig. 5.3.b) are sensitive to the user specified parameters. However, it can be observed
by Fig. 5.3.d that proposed classifier GDA+1-NELM can achieved best generalization
performance with the smallest 1-norm RMSE and it is not very sensitive to the user specified
parameters fascinatingly even for small values of hidden nodes (L)compare to 1-NELM (Fig.5.3
c). If numeral of values of L becomes high, it leads to increase in execution time. It reveals that
better generalization outcomes can be attained using number of modest/ low values of hidden
nodes such as L = 150 using GDA with 1-NELM classifier.

5.6.2  Area Under ROC Curve for detection of CAD

An area under ROC curve (AUC) is a output metric a specific threshold setting for classification problem.
ROC is a probability graph, and AUC is a level or separability metric and effective approach to précis the
general diagnostic accurateness of the test. AUC also calculates the probability that a random true
positive rate would ahead of a random false negative rate. It says how much ML one can differentiate
among classes. Higher the AUC, the easier for ML is to differentiate between subjects with CAD and
healthy subjects. Fig. 5.4 shows the AUC values with respect to top ten features ranked by Fisher score
approach achieved by considered ML algorithms as GDA +1-NELM, 1-NELM and GDA+PNN, SVM,
GDA+SVM and PNN. The position (rank) of the topmost ten features based on highest Fisher score is
presented in Table.5.1. The AUC values were obtained by highest ranked features fed to the considered
ML one after another (like 2,3, 4...... 10 features) untill the maximum AUC was reached. Keep in mind
that GDA limited each feed to one new feature and originally wanted a total of two features to do so. In
this analysis, the multiquadric activation function employed as additive hidden for 1-NELM classifier and
SVM were simulated using a RBF kernel function. Fig.4.4 (a) illustrations that the best AUC value (0.98)
was achieved by GDA+1-NELM classifier after feeding 7 to 10 features and AUC curve becomes flat.
The GDA+SVM acquired the highest AUC value (0.81) which is better to GDA+PNN,
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Fig. 5.4 Represents AUC values acquired by ML for (a) YNG-CAD (b) ELY-CAD (c) YNG-ELY

datasets. The ranks of top ten features were calculated using Fisher approach.

1-NELM and remaining ML for this dataset and range of attributes. This curve also indicates that AUC
value is reduced in case ranked attributes are fed < 7 and all ML algorithams achieved AUC less than
0.6. As, AUC < 0.6 corresponds to the likelihood inequality that curves in ROC space on a diagonal axis.
It means that ML algorithm wrongly classifies some diseased CAD subjects as negative and some healthy
YNG subjecs as positive which is extremely unlikely to occur in clinical practice. Fig.5.4 (b) represents
the AUC values attained by all MLs algorithm for ELY-CAD dataset. In which GDA+1-NELM ML
classifier achieved highest AUC (0.88) at or above 9 features compared to other ML for this dataset.

Fig.5.4 (c) shows that GDA+1-NELM classifier acquired constant AUC (= 0.9) value ranges 7 to 10
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features for YNG-ELY dataset. However for this dataset, GDA + SVM classifier achieved constant
AUC (~ 0.887) value at or above 9 features. The AUC values of Fig.5.4 reveals that the GDA+1-
NELM classifier performs better to other considered ML for all dataset beacause AUC (= 0.9) value of
the this classifier is higher than that of the remaining ML algorithms. From the plot analysis, it is also
observed that the increment of AUC occurs when GDA is combined with ML relative to when GDA is
not combined with ML. It happened because of application of GDA in conjuction of RBF kernel in the
form of attributes dimension transformation tool and it transformed to a new attributes by selecting the
excellent selective attributes of the top ten rated attributes by Fisher approach. Hence, on the basis of
simulation results, It is founded that GDA+1-NELM with multiquadric activation function classifier can
be used for classification and detection of CAD and healthy subjects.

Table 5.1 Shows the rank number with Fisher score. Suppose: Y (Fisher score), here Y designates the
index of feature and in (..) Fisher score value. Example for ranking order of features for YNG — CAD: 4
(SampEn) means at 1st rank, 5 (LZ) at 2nd rank, 6 (DispEn) at 3rd rank.....

The ROC analysis can be used to compare the classifier when results from multiple classifiers have been

Features cD MFDFA MLLE SampEn LZ DispEn SD1/SD2  HE IPE CBC
Index 1 2 3 4 5 6 7 8 9 10
Rank 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

YNG-CAD 4 (29936)  5(267886) 6(261784) 1(051122) 10(0.2569)  3(0.06843) 9(0.05751)  7(0.018805) 2(0.01611)  8(0.00179)

ELD-CAD  5(1.15658)  4(1.0658)  6(0.67515) 1(0.36481)  10(0.0737) 8(0.01665) 9(0.01267)  7(0.00958)  2(0.00457)  3(0.00170)

YNG-ELY  1(0.3561) 3(0.21123) 9(0.14217) 6(0.08039) 4 (0.06761) 8 (0.04362) 2 (0.01077) 5 (0.00842) 10 (0.00432) 7 (0.00300)

acquired for the same dataset, which is shown in Fig.5.5. The comparatively of the ROC graph specify the
relative AC of the proposed GDA+1-NELM and other considered classifier combined with GDA. The
simulation of ROC was created on the assumption of classifier scores resultant to the positive condition
and the scores consistent with the negative condition can each be characterized by a Binomial posterior
distribution. The ROC graph lying upstairs and to the leftward of another graph achieved from classifier
reflects better observed AC and appropriate for detection of CAD. Top ten rank features were used for
ROC analysis and feature rank by using Fisher score. Fig. 5.5(a) illustrates that the GDA+ 1-NELM is
apparently more accurate than other considered methods in detecting-CAD group. This Figure also
indicates that the proposed approach has a lower FP fraction at any given TP fraction, another hand higher
TP fraction at any specific FTP fraction. It is perceived visually from Fig. 5.5(a) that the proposed
method, GDA+ SVM and GDA+ PNN has the same TPR after 0.6 FPR in the detection of YNG-CAD
group. In the case of ELD-CAD dataset, as in Fig. 5.5.(b), the ROC curve acquired by GDA+ 1-NELM
show Dbetter diagnostic capabilities compared to GDA+ SVM and GDA+PNN. Fig. 5.5(c) also

demonstrates the proposed method captured higher ROC compared to other considered classifier.
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Fig. 5.5 Comparative ROC curves for datasets (a) YNG-CAD (b) ELD-CAD (c) YNG-ELD. For this top
ten rank features were used.

Fig. 5.5 illustrate that GDA+ 1-NELM attained greater AC than others consider classifier. It reveals the
GDA+ 1-NELM is appropriate classifier for detection of CAD.

The Wilcoxon signed-rank test was conducted to compare the performance values of 1-NELM, SVM and
PNN for data set YNG-CAD, ELD-CAD and YNG-CAD. For this study, the first top ten features are
transferred to a new feature using GDA. The results are reported in Table 5.2. For all the comparisons of
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classifier used in this study, statistical significance level (a) was set to 0.05. The p-values were assessed

to focus on the significance of differences in the classifier.

The numerical results reveal that the 1-NELM outperformed SVM (p<0.006) significantly and PNN (p<
0.0001) very significant for YNG-CAD dataset, while SVM and PNN did not have significant (P> 0.05)
different performance. The 1-NELM and SVM outperformed PNN (p< 0.0001) very significantly for
ELD-CAD, whereas 1-NELM and SVM does not show significantly (p> 0.05) different performance.
However, for YNG-ELD dataset, the 1-NELM outperformed SVM and PNN (p< 0.0001) very
significantly.

Table 5.2.Wilcoxon Signed Rank test comparison for the performance of 1-NELM, SVM and PNN using
the selected 500 samples of the new feature. These samples were taken after the reduction of the top ten
features using GDA. R* corresponding to the sum of the ranks for the method on the left and R~ for the
right.Vs. indicates versus, * indicates significant and ** indicates very significant.

Accuracy Sensitivity Specificity

Datasets Method R* R™ p-value | R* R™ p-value |R* R~ p-value
1-NELM Vs. SVM 451 39 0.0045* 479 11 0.0012* 412 78  0.0089*
YNG-CAD | 1-"NELM Vs. PNN 490 0 0.0001** 490 0  0.0001** 490 0  0.0001**

SVM Vs. PNN 349 141 0.115 363 127 0.105 327 163 0.213

1-NELM Vs. SVM 333 157 0.218 381 109 0.101 292 198 0.287
ELD-CAD 1-NELM Vs. PNN 490 0 0.0001** 490 0 0.0001** 490 o0  0.0001**
SVM Vs. PNN 490 0 0.0001** 490 0 0.0001** 490 o0  0.0001**
1-NELM Vs. SVM 490 0 0.0001** 490 0 0.0001** 490 o0  0.0001**
YNG-ELD | 1-NELM Vs. PNN 490 0  0.0001** 490 0  0.0001** 490 0  0.0001**
SVM Vs. PNN 490 0 0.0001** 490 0 0.0001** 490 0  0.0001**

5.6.3  Statistical Analysis of Features

Statistical analyses of all features were analyzed by using unpaired t-test for all considered datasets. This
Statistical approach yields p-value that is suitable for estimating the importance of the attributes for
identification CAD subjects. A small p-value illustrates high chance to distinguish individual classes of
sets of data. In a quantitative test setting, a p-value (< 0.05) indicates quantifiable significance and
(< 0.001) quantifiable very significance. The p-values of the top ten features:
CD,MFDFA,MLLE,SampEn,LZ, AMPE DispEn,SD1/SD2,HE,,IPE and CBC for each data are listed
in Table 5.3. The p-value attained by CD,LZ, DispEn and SD1/5D2 features are (< 0.001) for each
dataset. Hence these features can be used for analysis for all considered dataset. The feature
SampEn, MLLE and IMPE are significant (p < 0.05) only for YNG — ELD dataset. The SampEn and
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CBC features are significant (p < 0.001) for both YNG- CAD and ELD — CAD datasets. Some features
like MFDFA, HE and PE did not distinguish between CAD and normal subjects significantly(p > 0.05).

Table 5.3. Indicates P-values acquired by top ten features for f CAD and healthy subjects datasets. if
P > 0.05: not significant, p =0.05: quantifiable significant (*) and p < 0.001: quantifiable very
significant (**).

Features cD MFDFA MLLE SampEn LZ DispEn 5D1/5D2 HE PE IPE CBC
YNG-ELY o 7 96E- 5.48E- . o o . ] .
o\alngy | 222805 osea5  9F A 41203~ L32E03  68E03™ 06675 00147% 512602 00161
Features cD MFDFA MLLE SampEn LZ DispEn SD1/5D2 HE PE IPE CBC
Z)'_\'\?a‘lﬁgD 188E-06%* 02523 00378 SA0F LBBE05™  120E04%  314E-047 00265 01854  00017%  9.34E-02*
Features cD MFDFA MLLE SampEn LZ DispEn SD1/5D2 HE PE IMPE CBC
ELY-CAD 1.03E-
ovae | B9SE0S™ 0631 0.49 % 124E03  222E05%  116E03* 00807 04547 01906 L72E-02%

5.6.4  Performance of 1-NELM and GDA With Ranking Approach.

In this part, we analyzed classification accuracy achieved by various ranking approach with 1 — NELM and
with GDA and 1 — NELM and tabulated in Table 5.4 The performance of classification accuracy (AC) was
calculated using a 10 — fold cross-validation scheme with 50 trials to check the robustness and improve
the efficiency of these ML algorithms. The datasets were randomly alienated by 90 out of 160 from
YNG — ELY, 84 out of 132 from YNG — CAD and 80 out of 132 from ELY — CAD datasets for testing and
remaining data fo validation. The error rate was then calculated on the 10th fold in terms of standard
deviation (+S.d). The learning process, thus, has carried out for a sum of 500 folds on various testing and
validation for datasets which culminated in the 500-fold implementation of the learning method on
datasets. With each datsets, the average validity accuracy was measured, and also the average of 500 error
rate estimated to generate a accuracy in terms of (AC% + S. d).

Table 5.4 lists training and validation data dimension which were used for analysis, simulation and
accuracy achieved by ranking approaches with 1 — NELM and GDA and 1 — NELM ML classifier using
such as Sigmoidal,# Multiquadric activation functions and RBF kernel incunjuction with GDA.
Simulation data of Table 5.4 reveals that 1 —NELM classifier with GDA and ranking technique
accomplished better than 1 — NELM with ranking approach. The Fisher with GDA and 1 — NELM and
Bhattacharya with GDA and 1-NELM produced an accuracy of 100% for each group of data sets and
both activation function. While Bhattacharya with 1 — NELM yielded an accuracy of 94.09+3.33 using
Multiquadric activation function. The Fisher with GDA and 1 —NELM and Entropy with GDA and
1 — NELM produced an accuracy of 99.25+0.45 and 99.75+0.15for YNG-ELY dataset using sigmoidal
activation function. The ROC with GDA and 1 — NELM attained an accuracy of 99.87+0.12 and
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99.76+0.14 for YNG-CAD dataset using both activation function; and an accuracy of 100% for remaining

dataset. However, ROC with 1 — NELM achieved an accuracy of 94.81+3.38 using multiquadric activation

Table 5.4: presents Accuracy (AC) attained by the ranking approach with 1-NELM and with GDA and 1-
NELM for group of database. The ML classification of datasets was carried out using Sigmoid and
Multiquadric activation nodes. The AC (%) + S.D is shown in the table for the values L = 150.The better
result is marked by bold dark in the Table.

Database Size
(Train, Validation)

Features of nonlinear Method

Fisher + 1 — NELM Fisher + GDA + 1 — NELM

Sigmoid | Multiquadric Sigmoid | Multiquadric
YNG-ELY (90x10,70x10) 72.78+4.66 79.44+3.47 100+0 100+0
YNG-CAD (84x%10, 48x10) 93.14+5.61 91.02+8.69 100+0 100+0
ELY-CAD (80%10, 52x10) 89.74+3.33 84.62+4.19 10040 100+0
YNG+ELY-CAD(114x10,50x10) | 86.12+5.28 89.12+6.28 98.64+1.1 99.12+0.45
Dauabase Size Wilcoxon + 1— NELM | Wilcoxon + GDA + 1 — NELM
(Train, Validation) Sigmoid | Multiquadric Sigmoid | Multiquadric
YNG-ELY (90x10,70%10) 75.16+4.22  76.12+12.05 99.25+0.45 100+0
YNG-CAD (84x10, 48x10) 90.31+11.31  87.23+10.2 10040 100+0
ELY-CAD (80%10, 52x10) 90.17+3.11 83.76+3.74 100+0 100+0
YNG+ELY-CAD(114%10, 5x10) | 88.45+7.18 79.23+4.11 96.04+2.1 98.10+1.23
Dgtabase_ Siz_e Bhattacharya +1 - NELM | Bhattacharya+GDA+ 1-NELM
(Train, Validation) Sigmoid | Multiquadric | Sigmoid | Multiquadric
YNG-ELY (90x10,70%10) 74.91+7.6 75.22+3.16 100+0 1000
YNG-CAD (84x10, 48x10) 95.51+3.2 94.09+3.33 100+0 1000
ELY-CAD (80%10, 52x10) 91.24+2.5 85.47+7.39 100+0 1000
YNG+ELY-CAD(114%10, 5x10) | 87.15+4.28 85.11+3.12 99.03+0.42  98.32+1.03
(Tg?;a??;ﬁ dsa:tzlzn) Entropy + 1— NELM Entropy+ GDA+1-NELM
’ Sigmoid | Multiquadric Sigmoid | Multiquadric
YNG-ELY (90x10,70%10) 75.91+3.98 83.2716.75 99.75+0.15 100+0
YNG-CAD (84x10, 48x10) 94.09+4.48 94.8+2.84 10040 1000
ELY-CAD (80%10, 52x10) 87.82+3.33 87.61+4.19 100+0 1000
YNG+ELY-CAD(114x10, 5x10) | 84.12+5.18 82.41+8.13 97.45+1.8 99.11+0.84

Database Size
(Train, Validation)

ROC+ 1— NELM ROC+GDA+1—-NELM

Sigmoid | Multiquadric Sigmoid | Multiquadric
YNG-ELY (90%10,70%10) 75.16+3.15 78.29+6.36 100+0 100+0
YNG-CAD (84x10, 48x10) 93.14+7.35 94.81+3.38 99.87+0.12 99.76+0.14
ELY-CAD (80%10, 52x10) 88.89+6.06 83.76+5.28 1000 100+0
YNG+ELY-CAD(114x10, 5x10) | 85.64+7.13 87.89+10.04 96.79+1.6 98.13+1.04

functions. Globally, results depicts that enhancement in the accuracy occurred when GDA combined with

considered ML in comparisons to when ML is not combined withGDA. The simulation data also shows
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that ranking methods with GDA and 1-NELM model produced an accuracy of 100% for all datasets taken
into account using Multiquadric function.

Table 5.5 presents the results of execution performance in terms of validation time (in second) for
datasets. Comparing with another classifier, the proposed GDA and 1 — NELM with Sigmoid activation
function takes the least time. When using Multiquadric activation with it, the validation time of GDA+ 1-
NELM is a little longer than that of GDA and 1 — NELM with Sigmoid but shorter than that of 1 — NELM
with both activation function. Though, out of all ML schemes, PNN takes highest execution time. The
results of Table 5.5 reveals that proposed method does not require too much computational time to
diagnose CAD disease and is easy to design.

Table 4.5: Validation times (in seconds) compared for all six methodologies for classification of data sets
namely YNG-ELD, YNG-CAD and ELD-CAD. The validation time calculated after ranking by Fisher
score.

Methods YNG-ELD YNG-CAD ELD-CAD
GDA+ 1-NELM (Sigmoid) 4.56 3.962 3.962
GDA+1-NELM (Multiquadric) 6.24 541 541
GDA+SVM (Sigmoid) 240.41 208.43 208.43
GDA+SVM (Multiquadric ) 242.35 210.07 210.07
GDA+PNN 338.62 320.17 320.17
1-NELM (Sigmoid) 45.62 39.55 39.55
1-NELM (Multiquadric) 62.43 54.13 54.13
SVM (Sigmoid) 2404.84 2084.99 2084.99
SVM (Multiquadric) 2423.61 2101.27 2101.27
PNN 3386.13 3201.77 3201.77

5.7 Discussion
In this report, the use of 1-NELM combined with GDA and ranking methods to accurately detect the

CAD disease has been evaluated for the first time. The methodology is modified from a set of learning
algorithms which have been successful in detecting important cardiac disease in ELY and YNG subjects.
The simulated results have shown that proposed learning with both Sigmoid and Multiquadric activation
function, achieved higher accuracy and has taken less time than the other considered learning algorithm
to detect CAD subjecs. The PNN classifiers are very slower than SVM and 1-NELM. It may be due to a
number of pattern layers which has been used to process the attributes (features).

Table 5.6 expresses a summary of research carried out by various authors for detection of CAD by
extracting the features from HRV using several techniques, different features dimension reduction
approach and several ML binary classifier such as SVM, k — nearest neighbors (KNN) algorithm,
artificial neuron network (ANN). The authors of [201], [196], [142] and [202] have applied linear (single
degree) and non-linear (multi degree) domain techniques for attributes extraction from HRV time seriese

and t-test, principal component analysis (PCA), GDA for features diminishment and SVM and least
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squares support vector machine (LS — SVM) for detection of heart disease, an accuracy of 90%, 99.72%,
95.77%, and 100% were achieved respectively.

Table 4.6: A brief details of comparison of the performance of the investigation made as compared to the
earlier investigations.

Reference Techniques Attributes ML Accuracy %
[203] DWT, HSS and WPT Several statistical ANN 90
features
[201] Nonlinear methods, Linear, 5 nonlinear features and SVM 90
and reduced features by t-test 6 Linear
[142] Linear, non linear methods and 7 time domain, 1 SVM 95.77
features reduced by  frequency and 7 non-
GDA and LDA linear
[204] EST and featuresreducedby 18 Features SVM 79.17
PCA
[141] Features reduced by PCA 6 Nonlinear features MLP 89.5
[196] TQWT and features reduced by 2 Entropy features LS — SVM with
PCA Morlet wavelet 99.72
kernel
[202] FAWT and ranking method like  FzEn and K-NN Entropy LS — SVM with
Entropy, ROC and Bhattacharya estimator RBF &Morlet 100
wavelet kernel
[205] Linear and non-linear, features  Various time domain , Without PCA :
reduced by PCA Frequency domain and PNN, KNN and 68.33,76.67 and
non-linear domain SVM 90.00
With PCA:
68.33,85.00 and
91.67
This work Chaos investigation methods, 11 features by chaos
ranking method and features  method. 1-NELM 100 (only for

reduced by GDA

Multiquadric
function)

Limitations of proposed method:

() Prior to the deployment of the proposed method for clinical purpose, it needs to be trained by a
substantial data set of HRV.

(b) The proposed algorithm also requires selection of the activation function parameter asy, and kernel

parameters using cross-validation and trial criteria which upsurges the computational time.

5.8 Summary

A novel automated expert system approach for the diagnosis of CAD subject has been demonstrated in
this research proposal. The proposed ML was based on assortment of ranking approaches, GDA and
1 — NELM in which five different ranking approaches and one features space reduction technique has been
used to enhance the classification performance. The excellent classification accuracy, very good
generalization performance and least execution time have been achieved through proposed scheme. The
ROC with GDA and 1 — NELM approach achieved an accuracy of 99.76+0.14, 99.87+0.12 and 1000 for
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YNG — CAD,YNG — ELY and ELY — CAD groups respectively. The Fisher with GDA and 1-NELM; and
Bhattacharya with GDA and 1 — NELM approach achieved an accuracy of 100+0 for all considered
datasets. The GDA+ 1-NELM (Sigmoid) method achieved lowest validation time 4.56, 3.962, 3.962
seconds among all other considered ML for YNG-ELD, YNG-CAD, ELD-CAD datasets. This
automated technique will be useful for treatment, intensive care, analysis of hart diseases and distinguish

between CAD and healthy subject.
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6. Detection of CHF Using Multiresolution Wavelet Packet Features and 1-NLPELM

6.1 Overview

This section describes for binary classification of CHF disease based on features extracted decomposition
from HRV signal using Multiresolution Wavelet Packet (MRWP) method. The HRV signal has been
decomposed up to 5-level using Multiresolution Wavelet Packet (MRWP) decomposition method using
Haar mother wavelet. The advantage of this mother wavelet is that the analysis of HRV signals with
sudden transitions can be sharply detected as compared to other mother wavelet, such as investigation of
cardiac diseases. The sixty three log root mean square (LRMS) attributes were extracted from
decomposed HRV signal. All the features are not sensitive to escalation for interpretation and
comprehension of healthy and CHF subjects. Therefore, the features were ranked using Fisher score,
Bhattacharya space,Wilcoxon, Receiver Operating Characteristics (ROC) and entropy ranking
methods. The most important top ten ranked features were applied to attributes space transformation
method such as Kernel Principle component analysis (KPCA). The KPCA transfer top ten attributes
to a new attribute using Radial Basis Function (RBF). The values of new attributes were first regularized
in range of -1 to 1, after this, normalized attributes were fed to 1-norm linear programming extreme
learning machine (1-NLPELM) classifier. The Sigmoid/ Multiquadric activation function has been
employed in 1-NLPELM to introduce nonlinearity into the output of a hidden node. The block diagram

of proposed is shown in Figure 6.1.

6.2 HRV Database and Pre-Processing

In this study , two repositories have been used; namely, the repositories MIT / BIH SCD both PhysioNet
Bank ATM Normal Sinus Rhythm (NSR) databases [186], [34]. Three patients' HRV signals had been
removed from the SCD repository as their heart rates were slowed. But no signal was removed from the
NSR sample, as it was without any anomalies. A complete description of the two databases is shown in
Table 6.1.

Pre-processing: The HRV time series obtained from the standard database usually contains ectopic beats
(irregular impulse formation in the heart muscle) and non-stationary, which precludes effective feature
extraction and HRV data analysis. To avoid this problem, the pre-processing of the HRV signal is
required [128], [157]. After pre-processing, the HRV is known as a normal-normal interval (NN interval).

The NN intervals were re-sampled at 4Hz.
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Table 6.1: Details of HRV databases used in this paper.

Details St. Petersburg Institute of MIT/BIH Normal Sinus Fantasia Healthy database
Cardiological Technics CHF Rhythm (NSR) Healthy
database database
Number of subjects 18 18 Healthy 20 Young & 20 Elderly
Subject’s 15 subjects had CHF, All in sinus rhythm All in sinus rhythm and
description 3 was paced laydown

No. of Male and 4 Female, age 54 to 63 and 5 Male, age 26 to 45, and 13 Young: (12 Male & 8
Female 11 Male, age 22 to 71 Female, age 20 to 50 Female, age 21 — 34) &

Elderly: (10 male & 10
Female ,age 68 - 85

Recording type

long-term Holter recording

long-term Holter recording

long-term Holter recording

e —
Standard HEV Database of Healthy YING & ELY,
and CHF Subjects
r . -
Pre-Processing of HRE'V Data
u
- %

Pre-processed HREV data decomposed upto-5 level using
Multiresolution Wavelet Packet decomposition

Log Boot Mean Square Feature (LEASF) extracted from
Detail and approcmaton components of the signal at each level

Rank the features nsing ranking methods

Transfer the dimension of top ten ranked features into

a new feature nsing KPCA

Classification of Subjects using

1-NLPELM

A

Fig. 6.1: Represents a block diagram of proposed model for CHF detection

6.3 Features Extraction by Multiresolution Wavelet Packet Decomposition
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Multiresolution Wavelet Packet (MRWP) decomposition is derived from decomposition of
Wavelets method. It involves numerous frameworks, so different bases can vary in varying
output of distinction and will fill the deficiency of time-frequency decomposition in discrete
wavelet transform [206], [207]. The decomposition of the wavelet divides the original sample
into two feature space, V and W that are mutually perpendicular. Orthogonal to each other, V is
the space that contains details on the received data at low frequencies, and W contains details on
the higher frequencies. A wavelet packet (WP) represents a set of linearly grouped wavelet
functions produced as defined in equation (1) and (2) by the following recursive associations
[208].

WZk(t) = V2 ¥,S(n) Wk(2t —n) (6.1)

W2k(t) = 2 ¥, g(n) WE(Q2t —n) (6.2)

Here assume that there are the first two components of wavelet packets WO(t) = @(t) and

W2i(t) = @(t) are defined as scaling operator and wavelet operator. The signal s(n) and
g(n) are interrelated as g(n) = (—1)" s(1 — n) is a pair of Quadrature Mirror Filters (QMF)
coefficients associated with the scaling operator and the wavelet operator. MRWP
repetitively disintegrated the discrete x(t) signal into low  frequency (LF) well-known as
Approximation (X, (t)) and high frequency (HF) defined as Details (X, 4.,(t))

constituents. The input signal x(t) which is described in equation (3) and (4) may be

disintegrated recursively
Xiv126(t) = Xy s(m — 2n)x; . () (6.3)

Xis1oke1(8) = X g(m — 2n)x; (1) (6.4)
Here X;.;,, symbolizes the MRWP coefficients at the j* level, k™ sub frequency group.
Hence, the input signal x(t) can be defined as equation (5).

X(@®) = $25 x4 (0) (65)
The 3@ | level decompositions of HRV signal X (t) using the MRWP is shown in Fig. 5.2. In

this figure, a bold line denotes LF parts and a spotted line represents HF components. The

log root mean square feature (LRMSF) of decomposed HRV signal was evaluated. This
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logarithmic tool is selected as an attribute to detect CHF subject due to its denunciation to

nonlinear comportment of HRV signal [209]. The LRMSF attribute is expressed in equation (6).

XZ+ X2 +————+X} (6.6)

LRMSF = Iog\/ N

Where X, X, ...... e.t.c represents samples of decomposed signal and N is the total number of

samples in a decomposed HRV. Total number of attributes at each level is calculated by 2'7¢!,
As, HRV is nonlinear signal, for appropriate analysis of HRV signal, nonlinear features are
required. LRMS is also nonlinear methods which show nonlinear behaviour as HRV signal. So,
in this article log root mean square (LRMS) features have been extracted to MRWP
decomposition of HRV image signal.

Level 0 Original Signal X 0,0
-y
/ -._'.‘..$

Level 1 X1.0 X1

.o ~

-~ -~
Level 2 X2.0 X21 X222 X2.3
<
: 5 \ 7 7
f u | b | A
Level 3 XS,U X3.1 X372 X33 x3,4 )(:3,5 X3.6 X377
0 0.125 0.25 0.375 0.5 0.625 0.75 0.875 1.0

Figure.6.2: Demonstrates 3 levels decomposition of HRV signal using MRWP method, horizontal axis
denotes frequency variation as a fraction of the sample frequency. The X1, 0; X1,1; X2,0...... represents
LF and HF components of HRV.

6.4 Features Ranking Methods

The LRMSF features extracted from decomposed HRV signal have substantial info about the
cardiac disease. Based on the info found in the attributes, it can be graded as being extremely

important, weakly important, obsolete and redundant [210]. Obsolete and redundant attributes
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decreases the classifier performance and increase processing time of the ML system. In this case
the ranking scheme is very useful in selecting appropriate attributes. For this, in this paper
Fisher score, Bhattacharya space, Wilcoxon, receiver operating characteristics (ROC) and
entropy ranking methods were employed to choose top ten rank attributes [211]. The Fisher
score is attained by applying equation (7). The Fisher score of i"attribute in j™ level matrix

is define as

. T Ny (i j—wi)?
(@ X7 Ny(aij)? (6.7)

Where p; denotes average value of itattribute, ;. ; denotes average value of j thattribute in it
matrix, N; symbolizes number of samples of j* level matrix of i*" attributes and o denotes
standard deviation.

The Entropy method for ranking of attributes is defined by equation (8)

(i) G2
2

En(x’) = 2

+ (g — pp)? X (6.8)

En(Xx’) indicates Entropy score of j* attributes. ;1; and j, mean of 15‘and 2% group of j
attributes. V; and V, of variance of 1t and 2 group of " attributes.
The Bhattacharya space method for ranking of attributes is defined by equation (9)
_ 2
B;I(Xj) _ 4x(py—lz) 42 lOg (d1+d2)

(d1+d2) dixdz
2

(6.9)

Where d1=./V;,  d2=./V, and Bh(X’) denotes Bhattacharya score of j" attributes. z,
and p, mean of 15t and 2™? group of j*" attributes. V; and V, of variance of 15t and 2" group
of j" attribute.

The Wilcoxon method for ranking of attributes is defined by equation (10)

Wx(X’) = Absolut (Nzxsumma:ks(gmup’:)) — 1) (6.10)

Ranks = tiedrank(X) ,N; = number of first group attributs,

N2 = number of second group attributs.

6.5 Kernel Principle Component Analysis
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Principal component analysis (PCA) is a very powerful strategy for the lowering of dimensional
space of attributes. PCA is trying to find a reduced-dimensionality linear attributes space than the
original attributes space, where new attributes have the greatest variance. Traditional PCA only
leads to a reduction of linear dimensions. After all, if the attributes have much more complex
shapes and their values are closest to each other that are not well defined in a geometric
attributes space, for example the pattern of nonlinear attributes are similar NSR and CHF. In case
the conventional PCA is not going to be of great help. Interestingly, KPCA allows us to make
generalizations conventional PCA to a decrease in non - linearity dimensionality. In this
condition, a transforming the feature space can improve classification [140].
Different strategies have been proposed to reduce the dimension of attributes to classification
and detection of cardiovascular diseases [141], [195], [196]. In this paper, KPCA has been
applied for reduction of attributes. Its advantages are nonlinearity of eigenvectors and greater
number of eigenvectors [212]. The KPCA is nonlinear extension of principal component analysis
(PCA). In KPCA, for specified learning data sample is plotted by using a RBF kernel function.
It maps high-dimensional attribute space, where disparate classes label of attributes are made-up
to be nonlinearly discernible [198]. When there is L class label for given attributes,
the dimension of attributes can be lowered by KPCA technique to L — 1. In this paper, binary
classification has been used to classify subjects. Hence the top ten attributes reduced by KPCA to

one new attribute.

6.6 Result and Discussion
6.6.1 Performance Evaluation of KPCA for NSR-CHF dataset

The KPCA is an attributes size reduction method which maps the dimensions of attributes using
nonlinear kernel function same as generalized discriminant analysis (GDA) [ 46] but KPCA with
RBF kernel has more capability to separate completely linearly the two classes (NSR-CHF
group) compared to GDA. The box plot of top ten attributes were chosen by using Fisher score
method is shown in Fig. 6.3. To comprehend the separate completely KPCA and GDA using
RBF kernel function after reduction of size of attributes, the box-plots of the top ten ranked
LRMSF for NSR-CHF data sets are shown in Fig.6.3 and after reduction of top ten LRMSF by
KPCA are illustrated in Fig. 6.4(a); and by GDA are shown in Fig. 6.4 (b). The box-plot patterns

(median value indicated by red line in box) of ten LRMSF associated with NSR — CHF sets are
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positioned very near in their vicinity before reduction of attributes. After attributes size
reduction by GDA and KPCA method, the new attributes is well separated within the attributes
size. So the new attributes provides not only improvements in the classification capability, it also
make suitable tool for a well discrimination of NSR — CHF set. As perceived by box plot of Fig.
6.4(a) and Fig. 6.4(b) that KPCA produces more separate linearly pattern in NSR-CHF group
compared to GDA after attributes size reduction. Hence, KPCA reduction scheme can be used
for dimension reduction of top ten LRMSF extracted from NSR-CHF dataset.

LRMSF63 LRMSFo62 LRMSF61 LRMSFS9 LRMSFS7

0 1 Y 1 T4
' 02 0 02 1 -
02 |
m CoM b M S V] 1
'.1| ] p— '11 | 1 1 l.1 | I - "'I T ‘:. .
= L = L - = T = L
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" w ® o SN "% (i s CFF
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Fig. 6.3: Box plot of top ten ranked LRMSF attributes of NSR-CHF dataset before dimension
mapping by GDA and KPCA.
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Fig. 6.4. Box plot, after dimension mapping of top ten ranked LRMSF to a new attribute for
NSR — CHF dataset using (a) GDA with radial basis function. (b) KPCA with Radial Basis
Function.

6.6.2 Classifier Performance Using AUC and Ranked Features

In this section, the AUC value achieved by machine learning (ML) such as KPCA + 1 — NELM ,
KPCA + SVM ,KPCA + PNN,1 — NELM, SVMand PNN has been demonstrated at number of
ranked attributes. To comprehend the performance of machine learning, a graph between AUC and
top ten ranked attributes has been simulated which are presented in Fig. 6.5 for NSR — CHF (Fig.
6.5(a)), for NSR — ELY (Fig. 6.5(b)) and for ELY — CHF (Fig.6.5(c)). The rank of attributes was
assigned using Bhattacharya method. Ranked top ten attributes were fetched to the ML one after
another (like 2, 3, 4, 5----10 attributes). For dimension reduction of attributes by KPCA, initially
minimum two attributes are required and KPCA always reduced dimension of attributes to one
new attributes in each fetch. In this simulation, the Multiquadric and Gaussian function were
employed in 1 — NLPELM and SVM ML. Fig.6.5 (a) demonstrates that the highest AUC (0.83)
value has been achieved by KPCA + 1 — LPELM for NSR — CHF dataset when more than seven
attributes are fetched to it. After this ML, the KPCA + SVM achieved very good AUC compared to
KPCA + PNN, 1 - NLPELM, SVM and PNN for each datasets. Fig.6.5 (b) depicts that
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KPCA + 1 — NLPELM also accomplished highest AUC (0.72) among all considered ML after
eight attributes for NSR — ELY
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Fig. 6.5: Demonstrates the AUC value achieved by MLs at number of ranked attributes for (a) NSR-CHF
(b) NSR-ELY (c) ELY-CHF datasets.

dataset. Fig.6.5 (c) shows that the proposed (KPCA +1-NLPELM) ML attained continuous AUC around
0.76 for ELY — NSR after 7 to 10 attributes while KPCA + SVM acquired constant AUC around 0.72
after nine attributes. Fig. 6.5 shows that KPCA + 1 — NLPELM is an appropriate ML for detection and

classification of CHF datasets. This figure also reveals that all considered ML achieved poor AUC if
number of attributes fed to ML is less than eight.

6.6.3  Generalization Performance of Proposed Method
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This result section presents the validation of generalization performance of proposed
KPCA +1— NLPELM method and 1 — NLPELM classifier on N and vy in the gravel of the activation
function (See Equation no.12) for classification and detection of NSR — CHF dataset. For the analysis
of generalization performance, the vy varies between {27, 2%} and N varies
from {50, 60 ... 100,300, 400,800 and 1000}.

Fig.6.6 depicts the value of accuracy for variation in every pair of yand N for 1 — NLPELM with
Sigmoid additive node and Multiquadric radial basis function node. Fig.6.6.(a) demonstrates that
as vy increases from 277 to 22% with variation of N from 50 to 1000, the accuracy (AC) changes from
87% to 94% for 1 — NLPELM with Sigmoid additive function node for NSR — CHF dataset whereas
the AC falls below 90 % if 22°<y < 2%%and 450 < N < 1000. It can be observed from Fig.6.6. (b) that
as y increases from 271 to 225 with variation of N from 50 to 1000, the validation AC changes from
93 to 95% for 1-NLPELM with Multiquadric radial basis function node for NSR — CHF dataset but
AC rapidly falls if 225<y < 2% and 600 < N < 1000. It can be inferred from Fig.6.6 that the validation
AC is much more sensitive for every pair of y and N. So it can be seen that the generalization

performance of this method is satisfactorily good with the use of 1 — NLPELM with Multiquadric

radial basis function node.
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Fig. 6.6. Generalization performance of 1-NELM on the y and N for (a) 1-NELM with Sigmoid additive
node for NSR-CHF dataset; (b) 1-NELM with Multiquadric radial basis function node for NSR-CHF
dataset.

Fig. 6.7 illustrates the value of accuracy for wvariation in every pair of yand N for
KPCA + 1 — NLPELM with Sigmoid additive node and Multiquadric radial basis function. Fig. 6.7.
(a) depicts that as ¥ lies between 272<y < 22° and N lies between 50 < N < 400, the validation AC
increases from 99% to 99.54% for NSR-CHF dataset
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Fig. 6.7. Generalization performance of proposed model using (a) KPCA with RBF +1-NLPELM with
Sigmoid additive node for NSR-CHF dataset (b) KPCA with RBF +1-NLPELM with Multiquadric
Radial Basis Function node for NSR-CHF dataset.

when Sigmoid additive function node is used with KPCA + 1 — NLPELM. It can also be observed that
if the value of y varies from 22°<y < 249 the validation AC falls below 99%. It can be observed from
Fig.6.7. (b) that with the variation in value y and N (272<y < 22% 50 < N < 400 ), the validation AC
remains constant at 99.96% when Multiquadratic RBF node is used with KPCA+ 1-NLPELM. It can be
concluded from Fig.8 that for every pair of y and N (272 < y22°,50 < N < 400) , the proposed model
achieved much better generalization performance as compared to 1 — NLPELM . Hence proposed model
can be used for the detection of cardiac diseases with higher degree of accuracy using minimum number

of hidden nodes and independent to user specified parameters.

6.6.4 Statistical Comparison of Attributes

A Z-score test of one-tailed type has been employed to compare and analyze statistically the
attributes retrieved by LRMSF from decomposed HRYV datasets. The value of P obtained in this
test signifies about the attributes whether the attributes are statistically significant for the
detection of CHF. For the attributes to be significant statistically, the P-value of the test should
be preferably low [58 45]. A low P-value of the test signifies that the probability of reparability
of datasets will be considerably high. For the diagnosis of any disease statistically, a p-value
= 0.05 at 95% confidence limit is said to have considerable significance*, if p-value = 0.001
then it said to be very significant ** and if p-value > 0.05 then it said to be statistically

insignificant.

77



Table 6. 2: Repersents P-values have been achieved by LRMSF features for each datasets.

Features LRMSF1 LRMSF 2 LRMSF 3 LRMSF4 LRMSF 5 LRMSF 6 LRMSF 7 LRMSF 10 LRMSF 11 LRMSF 13
NSR —CHF 1.23 1.10 411 1.71 421 6.41 5.15 111E — 03 #% | 293F — 5 %= 1.08E — 5 =#+
(p-Value)
LRMSF 19 LRMSF 27 LRMSF 39 LRMSF 42 LRMSF 51 LRMSF 58 LRMSF 60 LRMSF 61 LRMSF 62 LRMSF 63
7.19E — 6 ## 1.16E — 6 #=* 199E — 7 #% | 4.0F — 7 #* 1.60E — 7 #=* 1.0 E — 8 ## 3.12E —13*%* | 251E —12## | 24E — 14## | 1.7 E — 12 ##
Features LRMSF1 LRMSF 2 LRMSF 3 LRMSF4 LRMSF 5 LRMSF 6 LRMSF 7 LRMSF 8 LRMSF 9 LRMSF 10
NSR —ELY 4.19 2.10 0.0027 #+ 1.7 0.16 0.0003 ==+ 0.023 216 0.791 0.112
(p-Value) LRMSF 27 LRMSF 34 LRMSF 51 LRMSF 47 LRMSF 55 LRMSF 57 LRMSF 59 LRMSF 60 LRMSF 62 LRMSF 63
0.213 0.0004 += 0.00046 == 0.143 0.0041 #= 1.2 E — & =« 1.1E — 5 #= 0.00021 ==+ 14E -6 1.7E — 7 #=
Features LRMSF1 LRMSF 2 LRMSF 3 LRMSF4 LRMSF 8 LRMSF 6 LRMSF 7 LRMSF 13 LRMSF 9 LRMSF 10
ELY — CHF 3.16 2.15 0.01021 =* 1.10 0.1494 0.0067 #* 0.0308 #+ 1.20 0.629 0.0178 =
(p-Value) LRMSF 11 LRMSF 27 LRMSF 34 LRMSF 37 LRMSF55 LRMSF57 LRMSF 60 LRMSF 61 LRMSF 62 MSWPF63
0.216 0.00368 ** 0.0079 #* 0.0628 0.0085 #=* 0.0007 #* 0.0004 #+ 0.000023 *+ 0.00007 ==+ 0.000018 *=

The results listed in Table 6.2 shows that the 4™ and 5" level LRMSF attributes extracted from NSR-CHF
datasets have p-values < 0.001 , 3 level have p-values < 0.01 whereas 1% and 2™ level attributes
have p-values > 0.05. Therefore (4th, 5), 3 and (1%, 2" levels attributes are very most significant,
considerably significant and insignificant respectively. It can be inferred that the p-value achieved by 4™
and 5" level LRMSF attributes retrieved from NSR-ELY and ELY-CHF datasets have values < 0.001
however the levels 1, 2™ and 3" have p-values > 0.05. Therefore 4™ and 5" level of LRMSF attributes
are found to be statistically significant for the analysis of CHF disease. A. Kampouraki et al. [140]
investigated that statistical significance (p<0.05) may not be suitable method for detection of any cardiac
disease, because the p<0.05 value was carried out by using simple threshold scheme. Hence, efficient
classifier and reduction method is required for detection of CHF.

6.6.5 Performance of Proposed Method With Ranking Methods

The classification validation AC has been evaluated in order to demonstrate the performance of ranking
methods+1-NLPELM and ranking methods+ KPCA+ 1-NLPELM. The Sigmoid additive node and
Multiquadric radial basis function node has been used with each of the classifiers. The average AC
performance was evaluated using a 100 trials and 10-fold cross validation method. In each trial, the data
used for training in NSR-ELY, NSR-CHF and ELY-CHF are 100 out of 160 , 90 out of 140 and 80 out
of 140 respectively whereas the remaining data were used for validation purposes which are listed in

Table 6.3. The AC error rate was measured in the form of standard deviation (xS.d).
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Table 6.3: Demonstrates the comparative performance of 1-NLPELM with ranking methods and
KPCA+1-NLPELM with ranking methods in terms of AC (%) £S.D for considered datasets. Bolded text
in table shows the best results.

Database Fisher + 1 — NLPELM Fisher + KPCA+ 1— NLPELM
Train size,Test size — - - - — - - -

( ) Sigmoid Multiquadric Sigmoid Multiquadric
NSR— CHF (90 % 10,50 X 10) 72.54 + 5.04 7677 + 4.7 97.32 +1.25 98.21+1.32
NSR— ELY (100 X 10,60 X 10) 7436 + 4.40 88.71 + 5.31 96.07 + 4.01 98.84 + 1.07
ELY — CHF (80 x 10,60 X 10) 71.64 + 2.89 79.87 + 7.51 9512 + 4.12 97.16 +3.94

Database Wilcoxon + 1 — NLPELM Wilcoxon + KPCA+ 1 — NLPELM
Train size,Test size — - - - — - - -

( ) Sigmoid Multiquadric Sigmoid Multiquadric
NSR— CHF (90X 10,50 X 10) 78.58 £ 8.06 82.41+7.21 96.06+3.17 97.91+1.43
NSR— ELY (100 X 10,60 X 10) 73.64+7.62 85.83+2.3 94.79 +2.77 95.32+1.79
ELY — CHF (80 X 10,60 x 10) 88.8 £ 8.48 89.36 £9.02 95.70 £3.31 98.49 +1.54

Database Bhattacharya+ 1— NLPELM Bhattacharya+ KPCA+1— NLPELM
(Train size, Test size) Sigmoid Multiquadric Sigmoid Multiquadric
NSR— CHF (90X 10,50 X 10) 7241+£79 86.54 £ 4.87 95.93+1.12 98.44+1.4
NSR— ELY (100 X 10,60 X 10) 82.07 £3.49 89.03 £7.49 96.27+4.37 97.4+1.45
ELY — CHF (80 X 10,60 x 10) 71.58 £ 6.87 79.2 +4.19 97.06 + 5.39 99.13 +£1.85
Database Entropy+ 1 — NLPELM Entropy + KPCA+1— NLPELM

(Train size, Test size) Sigmoid Multiquadric Sigmoid Multiquadric
NSR— CHF (90X 10,50 X 10) 79.35 £ 16.12 89.66 +4.47 96.32 £1.29 98.55 £ 1.52
NSR— ELY (100 X 10,60 X 10) 80.78 £ 3.55 86.55 +4.35 94.54+5.58 96.34+1.17
ELY — CHF (80 X 10,60 X 10) 78.11 £9.12 84.35 +4.94 95.06 + 2.89 97.11 £ 1.51

Database ROC+ 1 - NLPELM ROC+ KPCA+1 - NLPELM
Train size, Test si

(Train size,Test size) Sigmoid Multiquadric Sigmoid Multiquadric
NSR— CHF (90X 10,50 X 10) 78.35 +£5.19 86.53 +4.42 97.19 + 0.61 98.24 +0.96
NSR— ELY (100 X 10,60 X 10) 82.53 +5.34 89.81 +5.03 95.55 + 7.96 96.86 +1.92
ELY — CHF (80 x 10,60 x 10) 79.42 +5.18 82.81 £8.52 97.96 + 2.37 98.82 +1.50

Table 6.3 shows the results achieved by various ranking methods in association of 1 —NLPELM and
KPCA + 1 — NLPELM. It can be seen from the Table 6.3 that the Fisher+proposed method in association
with Sigmoid and Multiquadric activation function yields an AC of 97.32 + 1.25% and 98.16 + 1.32
for NSR — CHF dataset respectively whereas an AC of 72.5445.04 and 76.77+4.7 has been achieved
with Fisher + 1 — NLPELM. With the same proposed method an AC of  95.93+£1.12% and 98.44+1.4%
has been achieved when the Bhattacharya ranking method is used whereas
ROC + KPCA+ 1— NLPELM achieved an accuracy of 97.19+0.61 and 98.24+0.96 %. The proposed
method combined with Fisher, Wilcoxon, Bhattacharya, Entropy and ROC achieved an accuracy of
96.76+3.94, 95.32+1.79, 98.12+1.85, 97.11+1.51 and 98.82+1.50 respectively. From listed results in
Table 3, it can be concluded that when ranking methods combined with proposed method Bhattacharya

method is one which provides the highest accuracy among all analyzed ranking methods for considered
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datasets. Finally, it can be concluded that the KPCA when combined with 1-NLPELM ,the detection
accuracy of CHF can be increased to a greater extent.

Table 6.4 presents the results of execution performance in terms of validation time (in second) for
datasets. In comparison to other classifiers, the proposed KPCA + 1 — NLPELM with Sigmoid additive
activation function consumes the least time. The validation time of KPCA + 1 — NLPELM is a little
longer than that of KPCA + LPELM with Sigmoid but shorter than that of 1 — NLPELM with both
activation function. Out of all learning schemes, PNN consumes highest execution time for detection of
CHF. The results of Table 6.4 reveals that proposed method does not require too much computational

time to diagnose CHF disease and is easy to design too.

Table 6.4: Validation times (in seconds) compared for all six methodologies for classification of data sets
namely NSR-ELY, NSR- CHF and ELY-CHF. The validation time calculated after ranking by
Bhattacharya.

Methods NSR-ELY NSR — CHF ELY — CHF
KPCA + 1 — NLPELM (Sigmoid) 5.26 4223 4.223
EPCA + 1 — NLPELM (Multiquadric ) 7.11 541 541
KPCA + SVM (Sigmoid) 34252 208.43 208.43
KPCA + SVM (Multiquadric ) 389.23 210.07 210.07
KPCA + PNN 192.14 120.17 120.17
1 — NLPELM (Sigmoid) 52.62 39.55 39.55
1 — NLPELM (Multiquadric) 72.64 54.13 54.13
SVM (Sigmoid) 34252 2084.99 2084.99
SVM (Multiquadric) 3892.3 2101.27 2101.27
PNN 5386.13 3201.77 3201.77

6.7 Summary

In this chapter, a novel algorithm has been presented for detection of CHF. In this algorithm various
ranking methods were combined with KPCA and 1 — NLPELM classifier. The analysis results show
that the detection based on top ten ranked five-level LRMSF attributes extracted from decomposed HRV
signal achieved excellent accuracy as compared to existing decomposed techniques. The investigation of
CHF revealed that attributes at 4™ and 5" level of HRV decomposition by MRWP have lowest
p — value (< 0.001). Since p < 0.001 attributes have greatest discernment capability so 4™ and 5" level
of MRWP attributes are considered much suitable than 1%, 2nd and 3™ level MRWP attributes. In
addition, the proposed method has achieved very good generalization performance and less execution
time as compared to 1 — NLPELM, KPCA + PNN, KPCA + SVM, PNN and SVM. It indicates that HRV
signal decomposed by MRWP spectral method are most suitable for the clinical system design and setting

for detection of cardiac heart disease and HRV analysis.
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CHAPTER: 4

Conclusion and Future Work

4.1 Conclusions

This proposal work has presented the development of new computational methods for investigation of
cardiac diseases like CAD and CHF. The major conclusions from this work are summarized under.

e For the detection of cardiac diseases, three approaches have been discussed. In first approach (3"
chapter, section 4), the detection of CAD and CHF patients based on nine nonlinear features which have
been extracted from HRV signal. In order to enhance the detection capability of proposed model, the
dimension of nine features were reduced using GDA technique. The results of the comparative study have
indicated that the GDA with OSELM binary classifier outperforms as compared to other existing
techniques. The GDA with Gaussian Kernel + OS-ELM with Sine activation function achieved
classification performances of 100% for NSR-CHF datasets. The GDA with RBF Kernel + OS-ELM with
Sine Activation Function attained an AC of 99.34%, PPV of 99% and SP of 99.32 % for NSR-CAD. In
second approach (3" chapter, section 5), an expert system approach for the diagnosis of CAD subject has

been demonstrated. The proposed ML was based on assortment of ranking approaches, GDA and 1-NELM

in which five different ranking approaches and one features space reduction technique has been used to
enhance the classification performance. The excellent classification accuracy, very good generalization
performance and least execution time have been achieved through proposed scheme. The ROC with GDA
and 1- NELM approach achieved an accuracy of 99.76+0.14, 99.87+0.12 and 100+0 for YNG-CAD,
YNG-ELY and ELY-CAD groups respectively. The Fisher with GDA and 1-NELM; and Bhattacharya
with GDA and 1-NELM approach achieved an accuracy of 100£0 for all considered datasets. The
GDA+ 1-NELM (Sigmoid) method achieved lowest validation time 4.56, 3.962, 3.962 seconds among all
other considered ML for YNG-ELD, = YNG-CAD, ELD-CAD datasets. In third approach (3"
chapter, section 6), a novel algorithm has been presented for detection of CHF. This algorithm various
ranking methods were combined with KPCA  and 1-NLPELM classifier. The analysis results have
shown that the detection based on top ten ranked five-level LRMSF attributes extracted from
decomposed HRYV signal achieved excellent accuracy as compared to existing decomposed techniques.
The investigation of CHF revealed that attributes at 4™ and 5" level of HRV decomposition by MRWP
have lowest p — value (< 0.001). Since p < 0.001 attributes have greatest discernment capability so 4"
and 5" level of MRWP attributes are considered much suitable than 1% ,2" and 3™ level MRWP
attributes. In addition, the proposed method has achieved very good generalization performance and
less execution time as compared to 1-NLPELM, KPCA+PNN, KPCA+SVM, PNN and SVM.
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o Excellent classification accuracy achieved by proposed method makes us assured that the suggested
scheme can be used for most suitable methods for the clinical setting, treatment, monitoring, diagnosis of
cardiac diseases and distinguish the CAD, CHF affected patients, healthy YNG and ELY subjects.

4.2 Future Work

For training and validation of machine learning required large data size. Due to limited number of
standard database available on PhysioBank and self recorded Databases, the 2000 samples of R-R interval
are divided into segments of 500 R-R intervals to increase training and validating data size. Finally
segments of R-R intervals are used for the feature extraction by entropy and nonlinear, MRWP methods.
Less than 500 NN intervals samples, the CD, DFA and Poincare plot as SD1/SD2 ratio are less suitable
for HRV analysis. Hence, for short HRV time series, some features are less suitable for HRV analysis and
also segmentation of database may be affected on detection performance. Therefore, increases of number
of samples have been recommended for future work. All above proposed methods can be employed for
detection and classification of cardiac diseases like acute infection, arrhythmia disease detection and

myocardial infarction.
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