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Reyana. A., Karunya Institute of Technology and Sciences, India

The majority of heart disease-related deaths are caused by sudden cardiac death. It is most common
in adults between the ages of 35 and 45. Every day, one thousand people are estimated to be involved
in emergencies. The number of ongoing challenges and causes of death in the United States remains
unchanged. As a result, improved preventive strategies for sudden cardiac arrest and death are required.
The majority of deaths occur in emergency rooms or outside of hospitals. The causes are typically
unexpected, and mortalities in just 60 minutes of the appearance of illness. This chapter goes into detail
about the symptoms, causes, and risk factors for sudden cardiac arrest. Raising public awareness about
the importance of prevention strategies is an hourly need.
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Makarand Shahade, Shri Vile Parle Kelavani Mandal, Dhule, India
Mangesh M. Ghonge, Sandip Institute of Technology and Research Center, Nashik, India

People around the world are at risk from chronic diseases like cancer, heart disease, and diabetes.
When it comes to sudden cardiac arrest, many people have recently become increasingly concerned.
The main cause of death in the world is heart disease. Because it needs both experience and advanced
knowledge, predicting heart disease is a difficult assignment. Sensor values are being collected for heart
disease detection and prediction using internet of things (IoT), which has recently been implemented in
healthcare systems. In order to achieve a continuous remote cardiac monitoring system, oI and wireless
technology have advanced significantly over the past several years. The use of various sensors, such
as electrocardiograms (ECGs), thermometers, and blood pressure monitors to collect important body
signals and diagnose illnesses has resulted in the creation of a wireless body area network. The diagnosis
of cardiac disease findings is low in accuracy. The goal is to highlight IoT-driven technologies that have
been used in the literature for diagnosing and forecasting heart disease.
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Bhagvan Kommadi, Value Momentum, India

Alisusedforalerting people who are suffering from heart problems. The patient’s language, sound, accent,
voice, and other patterns are analyzed in an audio call for heart problems. The CPR and defibrillation
treatment is used. Delay in sudden cardiac arrest can create problems in the brain, and fatal implications
might be there. Biosensors are recommended for heart patients, and they can be worn on the wrist to detect
hypertrophic cardiomyopathy. This condition or disease occurs because of cardiac muscle thickening.
This is the reason for heart failure, stroke, and fatality in heart patients. The other observation is outflow
tract obstruction in the heart patients who had sudden cardiac deaths. This happens in patients who have
high blood pressure and can be identified using blood pressure and echocardiography instruments.

Chapter 4
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Ventricular tachycardia (VT) and ventricular fibrillation (VF) are known ventricular cardiac arrhythmias
(VCA) that promote fast defibrillation treatment for the survival of patients and are defined as shock-oriented
signals, perhaps the most common source of sudden cardiac arrest (SCA). The majority of existing VCA
classifiers confront a difficult challenge of accuracy rate, which has generated the issue of continuous
detection and classification approaches. In light of this, the authors present a feature learning strategy
that uses the improved variational mode decomposition technique to detect VCA on ECG signals. The
following SCA consists of a deep convolutional neural network (deep CNN) as a feature extractor and
bat-rider optimization algorithm (BROA) as an optimized classifier. The MIT-BIH arrhythmia database
is used to examine the approaches, and the analysis depends on performance indicators such as accuracy,
specificity, sensitivity, recall, and F1-score.

Chapter 5

Computer-Assistive Techniques for Monitoring and Tracking Patient Healthcare and Engagement... 84
Ankita Tripathi, Marwadi University, India
Meenu Shukla, Krishna Engineering College, India
Fatima Ziya, Delhi Technological University, India

Assistive devices and technology reduce a person’s dependency on others while also improving the overall
quality. Wheelchairs, visual aids, hearing aids, and specialist computer software and hardware systems
help the elderly and disabled improve their hearing, vision, mobility, and communication. Assistive
technology, for example, provides enormous opportunity to improve the effectiveness of both health
and social care delivery. ‘Low-tech’ products like memory aides and digital calendars, as well as ‘high-
tech’ items like health tracking gadgets and wearables, are examples of assistive technologies. Assistive
devices can be used to improve quality of life, improve lifestyle, and boost independence, depending on
the type of device. Patient and caregiver acceptance of technology is influenced by a variety of factors,
including perceived skills and competencies in utilizing the device, expectancies, trust, and reliability.
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Moutushi Seth Sharma, Maulana Abul Kalam Azad University of Technology, West Bengal,
India
Sriparna Saha, Maulana Abul Kalam Azad University of Technology, West Bengal, India

Various types of heart diseases and conditions leading to increasing chance of heart attack have been
a serious concern all over the world. Several factors like blood pressure, cholesterol, diabetes, obesity
can affect the heart, and thus, those should be monitored regularly to prevent the chance of heart attack
in people of different age groups. This chapter at first has analyzed different existing benchmarks of
heart attack analysis. Being motivated by the shortcomings of the state-of-the-art literature and to
address the challenges, it has introduced support vector machine, the most popular supervised machine
learning algorithm to classify the chance of heart attack using a dataset downloaded from Kaggle. The
experimental result has been evaluated using different performance metrics, including accuracy, error
rate, precision, recall, F1 score. Finally, the performance has been compared with the existing related
works also to validate its effectiveness and efficiency in real-time heart attack prediction.

Chapter 7
Assessment of Cardiac Dynamics and Risk Factor Analysis Using Deep Neural Nets ..................... 138
Jayanthi G., Sri Ramachandra Institute of Higher Education and Research, India
Purushothaman R., Siddartha Institute of Science and Technology, India
Sivant Moduguru, Sri Ramachandra Institute of Higher Education and Research, India
Harshini Senthil Kumaran, Sri Ramachandra Institute of Higher Education and Research,
India
Siva Kumar Reddy C. H. V., Sri Ramachandra Institute of Higher Education and Research,
India
Aparna Shankar, Sri Ramachandra Institute of Higher Education and Research, India
Anbu Ezhilmathi Nambi, Sri Ramachandra Institute of Higher Education and Research,
India
Anantha Narayanan Sampath Varadharajan, Sri Ramachandra Institute of Higher Education
and Research, India

Cardiovascular disease (CVD) is a medical condition that leads to risk of heart disease such as stroke or
cardiac arrest. Cardiac attack is a medical condition found in different age groups irrespective of gender.
In a clinical study, there are many ways of interpreting the risk factors. The most common risk factors
indicating sudden cardiac arrest are glucose, body mass index (BMI), and habitation such as smoking.
The difficulties faced by the clinicians are the primary focus of this study. The complexity in clinical
stages in examination of medical condition needs to be resolved considering the symptoms and other risk
factors leading to sudden cardiac arrests and deaths. Thus, validation of clinical examination at times is
a laborious and time-consuming process, while tracking patient history is voluminous over a period of
time. This chapter presents the analysis of risk factors causing cardiovascular diseases. The statistical
significance and clinical validation of the computer-assisted tool is presented in this study.
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Abolfazl Mehbodniya, Kuwait College of Science and Technology, Kuwait
Julian L. Webber, Osaka University, Japan
Ravi Kumar, Jaypee University of Engineering and Technology, India
Manikandan Ramachandran, SASTRA University (Deemed), India

Recent surveys suggest that the majority of the world’s population is unconcerned with their health.
Aside from a hectic lifestyle, research reveals that stress is also a component in the development of many
diseases. Sudden cardiac arrest and death (SCD) is a major public health concern that jeopardizes patient
safety. As a result, detecting such illnesses only by ECG is difficult. The Bayesian Dirichlet equivalence
score, AIC (akaike information criterion), and MDL (maximum description length) scores make up the
variable-order Bayesian network (VOBN). On the basis of HRV (heart rate variability) acquired from
ECG and using a hybrid classifier to identify SCD patients from normal patients, this study predicts
sudden cardiac arrest before it occurs within 30 minutes. The validity of the suggested study is checked
using the physionet database of cardiac patients and normal people, as well as the Cleveland dataset.
The proposed method achieves 97.1% accuracy, 96.2% precision, 89.8% recall, 84.82% F1-score, 54.66%
AUC, and 45.92% ROC, according to the results.

Chapter 9
Utilization of Artificial Intelligence-Based Wearable Sensors in Deep Residual Network for
Detecting HEart DISEASE. .......eevuieeeiieiiieeeieeeie et e eiee et e setteesiteesateesteesabeessaeessaeesseesnseesnseesnseesnseeennns 191
Sulaima Lebbe Abdul Haleem, South Eastern University of Sri Lanka, Sri Lanka
Rethik Rham P., Saveetha Medical College, India
Manikandan N., Saveetha School of Engineering, India
Manikandan Ramachandran, SASTRA University (Deemed), India

Recently, there has been growing attention to the advances in the areas of electronic and biomedical
engineering and the great applications that these technologies can offer mainly for health diagnosis and
monitoring. In the past decade, deep learning (DL) has revolutionized traditional machine learning (ML)
and brought about improved performance in many fields, including image recognition, object detection,
speech recognition, and natural language processing. This chapter discusses detection of heart disease
using deep learning techniques. Here the input data has been collected based on wearable device-collected
data with IoT module. This data has been preprocessed using adaptive histogram normalization, and the
authors segment the image based on threshold method using Ostu thresholding technique. The segmented
image feature has been extracted using generative adversarial network and classification of extracted
features using deep residual network. The experimental analysis is obtained by the proposed GAN_DRN
in terms of accuracy as 96%, precision of 85%, recall of 80%, F-1 score of 71%, and AUC of 75%.
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Heart disease is estimated to be the major cause of death among the middle-aged population worldwide.
Researchers assess huge volumes of medical data using a variety of statistical, machine learning, and
deep learning methods, supporting healthcare practitioners in predicting heart illness. This work aims
to predict the likelihood of people developing heart disease using a wearable wristband that can record
photoplethysmography (PPG) signals. Cardiovascular features extracted from the PPG signal are used to
train the prediction algorithm. It enables the patient to self-monitor their health and take precautionary
measures and treatment at the onset of symptoms of the disease. Random forest, convolutional neural
network, long short-term memory networks are trained using publicly available databases comprising
both affected and standard parameters and thereby used for comparison with the acquired sensor data
for predictive analysis.
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Preface

Machine learning approaches have great potential in increasing the accuracy of cardiovascular risk predic-
tion and avoiding unnecessary treatment. The application of machine learning techniques may improve
heart failure outcomes and management, including cost savings by improving existing diagnostic and
treatment support systems. Additionally, artificial intelligence (AI) technologies can assist physicians in
making better clinical decisions, enabling early detection of subclinical organ dysfunction, and improv-
ing the quality and efficiency of healthcare delivery. Further study on these innovative technologies is
required in order to appropriately utilize the technology in healthcare.

Leveraging Al Technologies for Preventing and Detecting Sudden Cardiac Arrest and Death provides
insight into the causes and symptoms of sudden cardiac death and sudden cardiac arrest while evaluating
whether artificial intelligence technologies can improve the accuracy of cardiovascular risk prediction.
Furthermore, it consolidates the current open issues and future technology-driven solutions for sudden
cardiac death and sudden cardiac arrest prevention and detection. Covering a number of crucial top-
ics such as wearable sensors and smart technologies, this reference work is ideal for diagnosticians,
IT specialists, data scientists, healthcare workers, researchers, academicians, scholars, practitioners,
instructors, and students.

This book serves as an instant ready reference to researchers and professionals working in the area
of Al technologies for preventing and detecting sudden cardiac arrest and death.

ORGANIZATION OF THE BOOK
The book is organized into 10 chapters. A brief description of each of the chapters follows:
Chapter 1

The majority of heart disease-related deaths are caused by sudden cardiac death. It is most common
in adults between the ages of 35 and 45. Every day, one thousand people are estimated to be involved
in emergencies. The number of ongoing challenges and causes of death in the United States remains
unchanged. As a result, improved preventive strategies for sudden cardiac arrest and death are required.
The majority of deaths occur in emergency rooms or outside of hospitals. The causes are typically unex-
pected, and mortalities in just 60 minutes of the appearance of illness. This chapter goes into detail about
the symptoms, causes, and risk factors for sudden cardiac arrest. As a result, raising public awareness
about the importance of prevention strategies is an hourly need.
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Chapter 2

People around the world are at risk from chronic diseases like cancer, heart disease, and diabetes. When
it comes to sudden cardiac arrest, many people have recently become increasingly concerned. The main
cause of death in the world is heart disease. Because it needs both experience and advanced knowledge,
predicting heart disease is a difficult assignment, Sensor values are being collected for heart disease
detection and prediction using the Internet of Things (IoT), which has recently been implemented in
healthcare systems. In order to achieve a continuous remote cardiac monitoring system, IoT and wireless
technology have advanced significantly over the past several years. The use of various sensors, such
as electrocardiograms (ECGs), thermometers, and blood pressure monitors, to collect important body
signals and diagnose illnesses has resulted in the creation of a wireless body area network. The diagnosis
of cardiac disease findings is low inaccuracy. Our goal is to highlight IoT-driven technologies that have
been used in the literature for diagnosing and forecasting heart disease.

Chapter 3

Al is used for alerting people who are suffering from heart problems. The patient’s language, sound,
ascent, voice, and other patterns are used to analyze an audio call for analyzing the heart patient’s prob-
lems. CPR and defibrillation treatment are used. Delay in sudden cardiac arrest can create problems in
the brain, and fatal implications might be there. Biosensors are recommended for heart patients, and they
can wear on the wrist to detect hypertrophic cardiomyopathy. The biosensor helps in identifying Hyper-
trophic cardiomyopathy in heart patients. This condition or disease occurs because of cardiac muscle
thickening. This is the reason for heart failure, stroke, and fatality in heart patients. The other observation
is outflow tract obstruction in the heart patients who had sudden cardiac deaths. This happens in patients
who have blood pressure and can be identified using blood pressure and echocardiography instruments.

Chapter 4

Ventricular tachycardia (VT) and ventricular fibrillation (VF) known as Ventricular Cardiac Arrhythmias
(VCA) promote fast defibrillation treatment for the survival of patients and are defined as shock-oriented
signals, perhaps the most common source of Sudden Cardiac Arrests (SCA). Information on the linkage
between air pollution with the risk of out-of-hospital cardiac arrest (OHCA). The majority of existing
VCA classifiers confront a difficult challenge of accuracy rate, which has generated the issue of con-
tinuous detection and classification approaches. In light of this, we present a feature learning strategy
that uses the improved variational mode decomposition technique to detect VCA on ECG signals. The
following SCA consists of a deep convolutional neural network (deep CNN) as a feature extractor and
a Bat-Rider optimization algorithm (BROA) as an optimized classifier. The MIT-BIH Arrhythmia Da-
tabase is used to examine the approaches, and the analysis depends on performance indicators such as
accuracy, specificity, sensitivity, recall, and F1 score.

Chapter 5

Assistive devices and technology reduce a person’s dependency on others while also improving the overall
quality. Wheelchairs, visual aids, hearing aids, and specialist computer software and hardware systems

Xiv
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help the elderly and disabled improve their hearing, vision, mobility, and communication. Assistive
technology, for example, provides enormous opportunities to improve the effectiveness of both health
and social care delivery. ‘Low-tech’ products like memory aides and digital calendars, as well as ‘high-
tech’ items like health tracking gadgets and wearables, are examples of assistive technologies. Assistive
devices can be used to improve quality of life, improve lifestyle, and boost independence, depending on
the type of device. Patient and caregiver acceptance of technology is influenced by a variety of factors,
including perceived skills and competencies in utilizing the device, expectancies, trust, and reliability.

Chapter 6

Various types of heart diseases and conditions leading to an increased chance of heart attack have been
a serious concern all over the world in recent times. Several factors like blood pressure, cholesterol,
diabetes, and obesity can affect the heart and thus, those should be monitored regularly to prevent the
chance of heart attack in people of different age groups. This chapter first has analyzed different exist-
ing benchmarks of heart attack analysis. Being motivated by the shortcomings of the state-of-the-art
literature and to address the challenges, it has introduced Support Vector Machine, the most popular
supervised machine learning algorithm to classify the chance of heart attack using a dataset downloaded
from Kaggle. The experimental result has been evaluated using different performance metrics, including
accuracy, error rate, precision, recall, and F1 score. Finally, the performance has been compared with the
existing related works also to validate its effectiveness and efficiency in real-time heart attack prediction.

Chapter 7

Cardio Vascular Disease (CVD) is a medical condition that leads to the risk of heart diseases such as
stroke or cardiac arrest. Cardiac Attack is a medical condition found in different age groups irrespective
of gender, the severity of risk is more common. In a clinical study, there are many ways of interpreting
the risk factors. The most common risk factors indicating sudden cardiac arrest are glucose, body mass
index (BMI), and habitation such as smoking. The difficulties faced by the clinicians are the primary
focus of this study. The complexity of clinical stages in the examination of medical conditions needs
to be resolved considering the symptoms and other risk factors leading to sudden cardiac arrests and
deaths. Thus, validation of clinical examination at times is a laborious and time-consuming process,
while tracking patient history is voluminous over a period of time. This chapter presents the analysis of
risk factors causing cardiovascular diseases. The statistical significance and clinical validation of the
computer-assisted tool are presented in this study.

Chapter 8

Recent surveys suggest that the majority of the world’s population is unconcerned with their health.
Aside from a hectic lifestyle, research reveals that stress is also a component in the development of many
diseases. Sudden cardiac arrest and death (SCD) is a major public health concern that jeopardizes patient
safety. As a result, detecting such illnesses only by ECG is difficult. The Bayesian Dirichlet equivalence
score, AIC (Akaike information criterion) and MDL (maximum description length) scores make up the
Variable-order Bayesian network (VOBN). On the basis of HRV (Heart rate variability) acquired from
ECG and using a Hybrid classifier to identify SCD patients from normal patients, this study predicts
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sudden cardiac arrest before it occurs within 30 minutes. The validity of the suggested study is checked
using the physionet database of cardiac patients and normal people, as well as the Cleveland dataset.
The proposed method achieves 97.1% accuracy, 96.2% precision, 89.8% recall, 84.82% F1-score, 54.66%
AUC, and 45.92% ROC, according to the results.

Chapter 9

Recently, there has been growing attention to the advances in the areas of electronic and biomedical
engineering and the great applications that these technologies can offer mainly for health diagnosis
and monitoring. In the past decade, deep learning (DL) has revolutionized traditional machine learning
(ML) and brought about improved performance in many fields, including image recognition, object
detection, speech recognition, and natural language processing. This chapter discusses the detection of
heart disease using deep learning techniques. here the input data has been collected based on wearable
device collected data with the IoT module. This data has been pre-processed using adaptive histogram
normalization and segmented the image based on the threshold method using Ostu thresholding tech-
nique. The segmented image feature has been extracted using a generative adversarial network and the
classification of extracted features using a Deep Residual Network. The experimental analysis obtained
by the proposed GAN_DRN in terms of accuracy was 96%, precision of 85%, recall of 80%, F-1 score
of 71%, and AUC of 75%.

Chapter 10

Heart disease is estimated to be the major cause of death among the middle-aged population, worldwide.
Researchers assess huge volumes of medical data using a variety of statistical, machine learning, and
deep learning methods, supporting healthcare practitioners in predicting heart illness. This work aims
to predict the likelihood of people developing heart disease using a wearable wristband that can record
Photoplethysmography (PPG) signals. Cardiovascular features extracted from the PPG signal are used
to train the prediction algorithm. It enables the patient to self-monitor their health and take precaution-
ary measures and treatment at the onset of symptoms of the disease. Random Forest, Convolutional
Neural Network, and Long Short-Term Memory networks are trained using publicly available databases
comprising both affected and standard parameters and thereby used for comparison with the acquired
sensor data for predictive analysis.
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Introduction

The number of persons afflicted by severe medical conditions is on the rise as a result of global popu-
lation growth and lifestyle shifts. This has resulted in an increase in the number of people attending
hospitals, putting a burden on the Medicare healthcare system in the process. A growing need for remote
health care systems that can assist with these challenges has resulted as a result of these developments.
The breakthroughs in the disciplines of electrical and biomedical engineering, as well as the myriad
applications that these technologies can give, have recently received considerable attention, notably
in the areas of health diagnosis and monitoring. Smartphones and wearable sensors are now available
at reasonable prices to a large number of people all around the world. When used in conjunction with
artificial intelligence technologies, these devices can be utilized to monitor and diagnose individuals
suffering from heart illnesses, reducing the number of hospital visits and improving people’s quality of
life. Cardiovascular disease, also referred to as CAD or coronary artery disease, is defined as a group
of problems caused by plaque build-up in the walls of arteries, which causes the arteries to narrow over
time, making blood flow more difficult and increasing the risk of heart attack and stroke. The American
Heart Association defines CAD as a group of problems that include heart attack and stroke, as well as
heart failure and other complications.

Itis possible to prevent sudden cardiac death (SCD), which is a significant cause of death and morbid-
ity. It is expected to have a global yearly prevalence of 5.2 million individuals, according to projections.
SCD is defined as a type of heart failure that occurs within 24 hours of the onset of symptoms, or within
24 hours of the last time, the sufferer was seen in a healthy state. Those suffering from heart failure find
that their hearts stop pumping or that their hearts stop beating adequately, resulting in the cessation of
oxygen delivery to the entire body, resulting in a deficit of blood flow. Despite the fact that ischemic
brain damage begins within seconds following cardiac arrest, there is only a short window of opportunity
for treatment to prevent SCD from occurring. Despite the fact that ischemic heart illness accounts for
the vast majority of SCD patients, primary arrhythmic disorders are common in people under the age of
30. Regardless of the underlying cause of the circulatory collapse, an early electrocardiographic (ECG)
diagnosis of abnormal electrical thythm versus normal electrical rhythm is crucial for successful treat-
ment. The shockable ECG signals such as VF and VT can be restored to normal sinus beat by restoring
the right heart pumping rate. However, in non-shockable beats such as asystole or pulseless electrical
impulses, where electromechanical divergence inhibits cardiac shrinkage despite an ordered electrical
heart rate, shock therapy will not restore sinus rhythm or cardiovascular flow, and thus will not be effec-
tive. Computer-Aided Arrhythmia Classification (CAAC) techniques have been frequently integrated into
the CAAC scheme, which improves overall accuracy by smart identification of shockable ECG rhythms,
while also providing certain prognosis management that is premised on the appropriate ECG analysis
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throughout the cardiac arrest. Most SCDs occur outside of the hospital, where ECG identification and
treatment are not available, resulting in poor survival rates and brain outcomes abnormalities, as well as
other complications. Devices that distribute electrical pulses to the heart in the event of cardiac arrest
are routinely used to re-establish a stable heartbeat in the event of cardiac arrest. Accurate ECG rhythm
diagnosis is becoming increasingly important, prompting the development of novel CAAC systems and
associated Al-based approaches.

Techniques based on machine learning have a lot of potential for improving the accuracy of cardio-
vascular risk prediction and avoiding the use of needless treatment. The application of machine learning
techniques to heart failure outcomes and management may result in cost savings by improving existing
diagnostic and treatment support systems, as well as improved heart failure outcomes and management.
Besides that, artificial intelligence technologies can assist physicians in making better clinical judgments,
enabling the early detection of subclinical organ disease, and enhancing the quality and efficiency of
healthcare delivery services. Further research into these cutting-edge technologies is required in order
to make optimal use of the technology in the healthcare setting.

The study, Leveraging Artificial Intelligence Technologies for Preventing and Detecting Sudden
Cardiac Arrest and Death, provides insight into the causes and symptoms of sudden cardiac death and
sudden cardiac arrest while also evaluating whether artificial intelligence technologies can improve the
accuracy of cardiovascular risk prediction. Furthermore, it consolidates the present unresolved chal-
lenges as well as future technology-driven solutions for sudden cardiac death and sudden cardiac arrest
prevention and detection in addition to sudden cardiac death and sudden cardiac arrest. With chapters
on critical topics such as wearable sensors and smart technologies, this reference work is ideal for diag-
nosticians, IT specialists, data scientists, healthcare workers, researchers, and academicians, as well as
professionals in the fields of academia, and research.

Pradeep Nijalingappa
Bapuji Institute of Engineering and Technology, India

Mangesh M. Ghonge
Sandip Institute of Technology and Research Centre, India
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Chapter 1
SCA and SCD:

Causes, Symptoms, Prevention,
and Detection

Reyana. A.
Karunya Institute of Technology and Sciences, India

ABSTRACT

The majority of heart disease-related deaths are caused by sudden cardiac death. It is most common
in adults between the ages of 35 and 45. Every day, one thousand people are estimated to be involved
in emergencies. The number of ongoing challenges and causes of death in the United States remains
unchanged. As a result, improved preventive strategies for sudden cardiac arrest and death are required.
The majority of deaths occur in emergency rooms or outside of hospitals. The causes are typically un-
expected, and mortalities in just 60 minutes of the appearance of illness. This chapter goes into detail
about the symptoms, causes, and risk factors for sudden cardiac arrest. Raising public awareness about
the importance of prevention strategies is an hourly need.

1 HEART DISEASE AND SUDDEN CARDIAC ARREST (SCA): AN OVERVIEW

Heart diseases affect heart valves, walls, chambers, and muscles. These are termed congenital heart
diseases, cardiomyopathy, and heart valve disease. Heart disease exists from birth and complexity grows
as one age (Empana et al., 2022). It has to be monitored regularly. Structured heart diseases are abnor-
malities or issues that happen to the heart leading to health problems. This disease can affect anyone no
matter his or her gender, race, etc. Most commonly family history, pregnancy, alcohol consumption, and
viral infections can cause these diseases. Adults of age greater than 75, 10% face these conditions (Nor-
rish et al., 2022). Valvular regurgitation is the most common among them. The congenital heart condi-
tions make the pumping of the blood difficult. Blood with nutrients and oxygen enables your body cells
to survive. Without this, the body organs and tissues may be damaged leading to many health problems
and symptoms (Kim et al., 2022). The major causes that develop abnormality and heart disease include
drug addiction, aging, where heart valves get deposited with calcium, autoimmune diseases, high blood
pressure, high dose radiation exposures, plaque in arteries, etc. These do not have any signs or symptoms
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and suddenly patients may get chest pain, tightness, dizziness, fainting, fatigue, irregular heartbeats,
kidney dysfunction, and swelling in the abdomen. The healthcare professionals diagnose the disease
during the pregnancy check. The fetal echocardiogram is used to detect structural heart diseases. This
technique employs acoustic signals to analyze the baby’s heart’s functions and features. In a stethoscope,
on listening there exists a heart murmur in children and adults. The various tests cardiologists perform
include cardiac catheterization, coronary angiogram, echocardiogram, electrocardiogram, exercise stress
test, Holter monitor, and imaging tests. On cardiac catheterization, the cardiologists insert a small tube
through the artery. This tests pressures within your heart chambers. The heart and blood vessels are seen
in close-up images. Cardiologists perform angiography by injecting dye that caterer into the blood ves-
sels. The heart-pumping action can be checked by using an echocardiogram. It is necessary that during
pregnancy you reduce the risk of the child having congenital heart diseases. For which it is necessary
to maintain a healthy diet, exercise, reduce stress, etc. with heart diseases many people have led stronger
lives. If you eat well and exercise regularly, you are helping to prevent coronary heart disease, which is
caused by plaque deposits in the arteries and can end up causing chest pain as well as cardiac arrest. A
different issue is structural cardiovascular disease. It’s a name used to explain deficiencies or abnor-
malities in the heart’s structure, such as its valves. The excellent thing is that structural cardiovascular
disease treatments are getting better. While treatment usually is the best choice in some cases, non-in-
vasive catheter-based treatments have decided to take care extra pleasant for patients, with fewer problems
and faster improvements. It is always necessary to keep the heart healthy and reduce complications. A
healthy lifestyle and regular monitoring can help to lead a fruitful life. Always early diagnosis may lead
to successful treatment. People with heart diseases are treated with open-heart surgery (Tu et al., 2022).
Open-heart surgery may have medium to high risk. Minimal invasive procedures, short procedure time,
no scarring, less blood loss, decreased pain, etc. increase the faster recovery and reduce complications.
Minimal invasive procedures allow evaluating the valve functions and blood flow. The mitral clip is
designed to treat the whole heart. It is a metal clip covered with polyester fabric. The clip will prevent
the blood from flowing in the wrong direction. Today low and middle-income countries face a burden
of structural heart diseases. The condition is rheumatic heart disease, Chagos disease, etc. Treatments
are readily available in high-income countries. Interventional technology for the diagnosis of structural
heart disease is continually growing and has become standard practice in a rising number of centers
around the world. The medical community has come to accept the term “structural cardiovascular dis-
ease” as a disease category over the last decade. The chronic conditions and equipment described in the
previous section, demonstrate that coronary heart intervention incorporates a wide range of treatment
options. Considering that the majority of these processes rely on catheter and wire exploitation skills
honed by cardiac and peripheral vascular interventionists, it logically follows that interventional cardi-
ologists can also treat structural disease. Nevertheless, there are significant structural disease-specific
issues that make the transition more complicated. The first consideration is the role of adjunct therapy
image analysis and preprocedural evaluation in structural heart disease treatment. Percutaneous treatment
of these procedures is undoubtedly reliant on hemodynamic and endoscopic evaluation, which interven-
tional cardiologists are well-versed in. However, cardiac intervention optimization relies mainly on
soft-tissue imaging, entailing mastery of additional modalities such as echocardiography. Furthermore,
different imaging modalities, such as intracardiac echocardiography for PFO and ASD closure and
transesophageal echocardiography for percutaneous valve implantation, are better suited to different
disease processes. The volume of patients and procedures is a second issue (Sridharan et al., 2022).
While large catheterization laboratories perform thousands of coronary interventions per year, struc-
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tural heart volume is much lower, with even recognized high-volume experts trying to perform only
200-300 instances per year. Furthermore, many reputed and reliable centers do not perform cardiac
interventions, and while some centres may be considered “centres of excellence” for one type of struc-
tural cardiovascular disease, they may have no expertise with another. This has significant ramifications
for technology training and dissemination, as the goal of training is to ensure a minimum common
standard of cognitive understanding and technical skills. As a result, even before their training is com-
pleted, many interventional trainees will not have received the necessary training to perform these
procedures (Schupp et al., 2022). Furthermore, once out of training, maintaining the necessary volume
to remain current and proficient is an entirely different issue. A third challenge is the broad range of
structural heart disease and the subtle variability within each disease process. Percutaneous treatment
of ASD and PFO, for example, entails closing communication between two chambers using similar
devices and implantation techniques. However, not all machines are appropriate for every lesion, and
understanding the nuances and applying the best technology for each lesion requires a certain level of
expertise. In addition, percutaneous treatment of valvular heart disease necessitates a distinct knowledge
base and skill set (Norrish et al., 2022). Recognizing the inherent difficulties of being a true expert in
everything paves the way for subspecialized centres and individuals to emerge, even within the field of
structural heart intervention (Lee et al., 2022). A birth defect that connects the right and left atriums are
known as the foramen ovale. The septae, which are physiologically important during the embryonic
period, close quickly after birth and fuse together in the majority of people within two years. In the vast
majority of children, the ductus closes spontaneously shortly after birth; however, persistent patency
occurs in approximately 1 in 2000 births (Harmon et al., 2022). Most PDAs in children and adults can
be closed transcatheter. An occluder can be placed from either the pulmonary artery or the aorta with
excellent results. In patients with non-valvular atrial fibrillation, embolic stroke is associated with left
atrial thrombi (Chugh et al., 2022). The goal of either surgical or percutaneous intervention is to improve
systolic lowering wall tension and contradictory movement by downsizing and correcting the geometry
of the left ventricle. Hundreds of thousands of prosthetic valves are implanted each year. The fact that
it is technically difficult is one of its primary limitations. The mitral apparatus, which includes the mitral
valve leaflets, annulus, chordae, papillary muscles, and ventricle, is a complex structure. A slew of
percutaneous devices designed to treat mitral regurgitation is currently in the works. All of the valve
leaflets, the annulus, and the ventricle itself are potential targets. Percutaneous therapy for mitral regur-
gitation faces significant challenges due to the variety of underlying causes of mitral regurgitation, as
well as the fact that individual devices can only target one mechanism. Over the last decade, the thera-
peutic options for symptomatic HOCM patients have expanded due to the introduction of percutaneous
transluminal septal myocardial ablation. This interventional procedure causes an alcohol-induced septal
infarction, which is anatomically and hemodynamically similar to surgical myectomy. Although no
randomized trials comparing percutaneous and surgical septal ablation have been conducted, it appears
that both treatment options produce comparable hemodynamic and clinical outcomes (Remme et al.,
2022). A growing number of additional structural heart disease processes are being approached percu-
taneously in adult patients.

Sudden Cardiac Arrest and Death is an unexpected loss of heart functioning. The largest cause of
death where around 3,25,000 adults every year. Most heart diseases based deaths are due to sudden
cardiac death. It is widely seen among adults of the age group between 35 to 45 years. Commonly seen
among males rather than females. Rarely seen in children, only 1 to 2 in children are affected every
year. American Heart Association’s Heart and Stroke statistics reported in the year 2020 showed that
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heart diseases and strokes have reduced. Sudden cardiac arrest remains a major public health challenge.
The incidents of emergency cases are estimated to be one thousand people every day(Rohila & Sharma,
2020). Only ten percent of the cardiac arrest survival cases and hospital discharges are seen. The number
of ongoing challenges and causes of death nationwide remains as such. Best estimates are provided on
clinical trials (Harhash et al. 2021).

Globally sudden cardiac arrest and death are considered public health problems. Around 15-20% of
deaths occur due to sudden cardiac arrest (Wong et al., 2019). Most death occurs within one hour of the
identification of the symptoms and 24 hours of the unwitnessed symptoms. The majority of patients are
found to be with heart block (Srinivasan & Schilling, 2018). There have been many improved preventive
strategies and practices in hospitals to prevent cardiovascular mortality rates. Risks relevant to this are
highlighted (Yadav & Jadhav, 2021). The major challenge clinicians face is the known cardiac disease
risks depicted in Figure 1 (Srinivasan & Schilling, 2018). However, low-risk patients are low and the
highest risk is high (Khairy et al., 2022). Therefore, improved preventive strategies concerning sudden
cardiac arrest and death have to be addressed. Despite various IC agents medical therapy still preventive
measures for SCD (Sudden Cardiac Death) remains a challenge (Marijon et al., 2022).

Figure 1. SCD —Traditional risk factors
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From the US community report from hospitals, it has been reported that sudden cardia arrest is
seen among young people in the age group between 5-34 (Blom et al., 2019). These are due to obesity,
hypertension, smoking, and diabetes. Most commonly around 58% of risk factors are observed. The
major clinical implication is due to obesity (Jang et al., 2020). In sudden cardiac arrest, the patient col-
lapses with a low pulse rate. The emergency medical services although provided 90% of cases go to the
mortality stage. Thus in the case of societal perspective, it is identified as a major public health issue.
Prevention of this remains a challenge (Jayaraman et al., 2018).

2 SUDDEN CARDIAC ARREST - SYMPTOMS AND CAUSES

A heart attack is not a sudden cardiac arrest. It happens when the coronary arteries become blocked,
preventing oxygen-rich blood from flowing. The malfunctioning of the heart becomes dangerous (An-
dersen et al. 2019). The ventricles may flutter without delivering the required blood to the body. Once
the blood flow stops, the consciousness of the person will be lost. The following are immediate and
severe signs of sudden cardiac arrest:

Sudden demise

There is no pulse

There is no way to breathe
Consciousness loss

Other indications and symptoms may appear before sudden cardiac arrest. These could include the
following:

° Uncomfortable chest
e  Breathing problems
° Weakness Heart

Sudden cardiac arrest, on the other hand, frequently occurs without warning. Pain or discomfort
in the chest Palpitations in the heart Heartbeats that are fast or irregular Wheezing that isn’t related to
anything (Sawyer et al., 2020). There requires immediate emergency treatment. Sudden cardiac death
occurs within an hour of the set of symptoms. Coronary artery disease is the common cause. The other
is due to alcoholism, obesity, and fibrosis (Zorzi et al., 2020).

Ischemic Heart Disease
° Myocardial infarction
° Anomalous coronary origin
° coronary spasm
Inherited Channelopathies
° Long QT syndrome (LQTS)
° Short QT syndrome (SQTS)
° Brugada syndrome
° Early repolarization syndrome
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° Catecholaminergic polymorphic ventricular tachycardia (CPVT)
Cardiomyopathies

° Alcoholic

° Hypertrophic

° Idiopathic

° Obesity-related

° Fibrotic

° Arrhythmogenic right ventricular cardiomyopathy (ARVC)

° Myocarditis
Heart Failure

° Nonpreserved ejection fraction (EF) systolic heart failure (EF less than 35%)
Valve Disease

° Aortic stenosis
Congenital Diseases

° Tetralogy of Fallot

Cardiac deaths are sudden. The changes are frequently seen in children, adolescents, and adults.
Coronary anomalies are found on autopsies (Zhao et al., 2019). This affects around three lakh to four
lakh individuals every year. The most prevalent is that 19% of children and 30% of adults are affected
due to this (Sandroni et al., 2018). The highest prevalence is due to myocardial infractions. Sudden death
is seen in men of all age groups between 45 to 54 years. Men are affected higher than women (Osman et
al., 2019). There lie racial differences among the adolescents affected by sudden cardiac death. Most of
the deaths occur either in emergency rooms or outside the hospital. The causes are usually unexpected
and deaths occur within an hour of the onset of symptoms. World health organization reported many
cases of acute myocardial infections and the influence of cardiac causes. Death is seen in 12% within
two hours on the onset of the symptoms and 80% on the duration of less than a day. These are stable,
neutral, and unexpected. The disease causes can be natural or violent. The differences may be difficult
to find and analyze the death causes. The condition is life-threatening and may lead to sudden death.
Some of the causes of sudden cardiac death are presented in Table 1.
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Table 1. Causes of sudden cardiac death

Immediate cause

Underlying causes

Mechanisms

Acute ischemia

Infiltrative diseases

Cardiac hypertrophy

Cardiac dilatation (congestive failure)

Cardiac tamponade

Global myocardial hypoxia

Acute heart failure

Generalized hypoxia
Vasovagal stimulation
Preexcitation syndrome
Long QT syndrome
Heart block

Mechanical disruption of cardiac blood flow

Coronary atherosclerosis,
nonatherosclerotic coronary diseases,
aortic stenosis

Inflammatory (myocarditis),

scars (healed infarcts, cardiomyopathy)
Hypertrophic cardiomyopathy,

systemic hypertension, idiopathic concentric left
ventricular hypertrophy, aortic stenosis
Dilated cardiomyopathy, chronic ischemia,
systemic hypertension, aortic insufficiency,
mitral insufficiency

Rupture myocardial infarct, aortic rupture
Pulmonary embolism, mitral stenosis,

left atrial myxoma

Severe ischemic heart disease,

aortic stenosis

Massive myocardial infarct, rupture papillary muscle,

acute endocarditis with chordal or leaflet rupture,
MVP with chordal rupture

Pulmonary stenosis, pulmonary hypertension
Neuromuscular diseases

Accessory pathways

Congenital and acquired states

AV nodal scarring, inflammation, tumor

Ventricular fibrillation, bradycardia,
electromechanical dissociation
(usually end stage or postresuscitation)
Ventricular fibrillation,
bradyarrhythmias (uncommon®)
Ventricular fibrillation,
bradyarrhythmias (uncommon)

Ventricular fibrillation,
bradyarrhythmias (uncommon)

Electromechanical dissociation
Electromechanical dissociation,

ventricular fibrillation

Baroreflex stimulation with bradyarrhythmias,
ventricular tachyarrhythmias
Electromechanical dissociation,

ventricular fibrillation

Bradyarrhythmias

Baroreflex stimulation with bradycardia
Atrial fibrillation — ventricular fibrillation
Ventricular fibrillation (torsades de pointes)
Bradycardia — ventricular fibrillation

Infants and Children

Based on the age of the patient the death causes vary. The infants of sudden unexpected death are seen
under one year of age. The causes of death are found under clinical examinations. Every year less than
twenty patients die suddenly. The primary cause of death was ectopic aortic origin. Mostly it is not due
to heart disease. Fifty percent of cardiac causes are due to congenital heart diseases. These are repre-
sented in Table 2.
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Table 2. Causes below 20 years of age

Causes of death, ages 14-20

Cause of death

No finding (30%)
Myocarditis (13%)
Hypertrophic cardiomyopathy (12%)
Anomalous coronary artery (8%)
Complex congenital heart disease (7%)
Atherosclerosis (5%)
Dilated cardiomyopathy (5%)
Floppy mitral valve (5%)
Idiopathic left ventricular hypertrophy (5%)
Aortic disscction (3)%
Kawasaki (3%)
Tunnel coronary artery (3%)
Hypertensive left ventricular hypertrophy (2%)

Adolescents and adults

In adolescents and young adults, myocarditis, cardiomyopathies, and coronary artery anomalies are
the most common causes of sudden cardiac death in individuals. Few autopsy studies have identified
that patients die due to luminal narrowing of coronary arteries. Many cases report severe narrowing on
autopsy. Mostly for men above 45 years of age. Ten percent of them suffer due to one vessel disease,
three percent due to two vessels, and only one percent from one per vessel. There lies a large number
of out-of-hospital deaths. Some are due to hypertension, while in the absence of hypertension there is a
sudden increase in the weight narrowing the epicardial arteries. Cardiopulmonary resuscitation (CPR)
and defibrillation pass the oxygen to the lungs and brain enabling them to be normal until the heart
function restores. Defibrillation is an electric shock to the chest that helps to save a life. On heart beat
raised people may feel dizzy. Most of the cases people experience without prior symptoms. Abnormal
heart rhythms called arrhythmias are life-threatening and lead to death if left untreated. Many risk fac-
tors lead to sudden cardiac arrest. The primary of them are

i) History of the previous occurrence of heart attacks, especially the first six months after the heart
attack is crucial. Seventy-five percent of cases turn up due to this reason.

iil) Coronary artery disease due to habits like smoking, family history, high cholesterol, etc. Eighty
percent of the cases are linked to these types.
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iii) The other risk factors include:
° Ejection Fraction
° Family history
° Blood vessel abnormalities
° History of congenital heart defects
° Syncope
° Heart failure
° Dilated Cardiomyopathy
° Hypertrophic Cardiomyopathy
° Potassium and magnesium changes in blood vessels
° Obesity
° Diabetes
° Recreational drug abuse
o Stress, shock, and disbelief

People at some point face stressful life events which include natural disasters, life-threatening ill-
nesses, the death of loved ones, etc. Such events cause adversities and lead to several risk factors related
to cardiovascular disease. it is being reported that people with psychiatric disorders have the highest
risk. The type of stressors, symptoms, and durations are categorized. The major disorders are physical
and psychological. The severe and widely studied stress disorders are negative cognition and moods.
The other stress reaction includes acute cardiovascular high-risk time.

3 SCA: THE CHAIN OF SURVIVAL

Mostly, cardiac arrest occurs outside the hospital. In the case of the United States, those admitted due
to cardiac arrest have a survival rate of 8.1%, and those discharged out of the hospital after treatment
is only 3.2%. Thus the primary priority is to increase the survival rate (Srinivasan & Schilling, 2018).
This includes:

Introduction to emergency response system
Analysis of chest compressions at the early stage
Rapid defibrillation

Providing advanced life support monitoring
Post care

The immediate response can be obtained from the prompt action of the bystanders. Public response
to cardiac arrest patients can improve survival outcomes. Delay in each second to the hospital reduces
their chances of survival. It has been reported that 30, 381 cardiac arrest cases were saved in Sweden
with the establishment of immediate emergency medical services (Srinivasan & Schilling, 2018). Also,
on discharge from the hospital, it requires a goal-directed post-care. This increases the patient survival
rate to 35% (Blom et al., 2019). Early coronary interventions and uninterrupted defibrillation have shown
excellent outcomes. However, the awareness of these is important to be raised through public education
and community engagement. The patients have to be assessed out of the hospital in considering their
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collateral history. The various causes of sudden cardiac death are shown in Figure 2. The common cause
is ischaemic heart disease. the symptoms include breathlessness, palpitations, chest pain, etc. The risk
factors are hypertension, smoking, diabetes, etc. (Blom et al., 2019). The patient has to be taken care
of. The use of recreational drugs, psychiatric drugs, etc. is to be enquired about with specific questions
(Srinivasan & Schilling, 2018). Additionally, patients’ practices in concern to exercise, family history,
handling of stress, etc. have to be carefully checked.

Figure 2. SCD- Causes

@ Coronary heart disease

(0 Cardiomyopathies (DCM, HCM, ARVC)

@ |nherited arrhythmia syndromes (LQT, BrS, CPVT, ERS)
@ Valvular heart disease

® Others

ARVC = arrhythmogenic right ventricular cardiomyopathy; BrS = Brugada syndrome;

CPVT = catecholaminergic polymorphic ventricular tachycardia; DCM = dilated
cardiomyopathy; ERS = early repolarisation syndrome; HCM = hypertrophic cardiomyopathy;
LQTS = long QT syndrome.

4 CARDIAC ARREST: IN HOSPITAL

The high mortality rate is associated with in-hospital cardiac arrest. The United States report in the year
2019 it is addressed that 290000 adults witnessed cardiac arrest in hospital. Cardiac arrest can affect
any patient who is hospitalized (Andersen et al., 2019). These usually are not warranted and have been
viewed as poor outcomes. This can be reduced with awareness of clinical management. The patients
admitted to hospitals have to be checked for various cardiovascular condition states, and neglect to be
avoided. This includes causes and prevention of cardiac arrest, treatment during and after cardiac arrest,
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and prognostication. Considering the patients admitted to the intensive care units eighty percent of them
suffer from hypoxic-ischaemic brain injury. Life-sustaining treatments show poor outcomes. This brain
injury happens after resuscitation from cardiac arrest. This can be avoided only by minimizing the risk
of false predictions. Most of the neurological medications are 100% not specific. The heart serves blood
to all parts of the body supplying nutrients and oxygen. The sinoatrial releases external stimuli. These
external stimuli can sometimes cause rapid death. In the use of defibrillation, the survival benefits are
limited. Detecting and screening with molecular biomass enable early detection. The various type of
biomarkers is genetic, protein, and other molecular biomarkers as shown in Figure 3. Genetic biomarkers
identify meaningful genomic variants. These screen high penetrance genome variants. The structure of
the sodium channel cause delayed or persistent entry of sodium ions across the cell membrane, leading
to arrhythmogenic syndromes and SCD. Potassium channels play a significant role in the repolariza-
tion of the cardiac action potential. Calcium channels involved releasing the calcium ions to activate
the systolic contraction of cardiac muscles. Calcium ion abnormal leak can cause irregular contraction
and SCD. High cystine and low glutathione levels increase the mortality risk. Also, the reduction in
blood circulation leads to heart failure. Early detection has immense challenges. Biomarkers have been
introduced beside them SCD has complex pathophysiology. Thereafter repeated follow-ups are neces-
sary (Osman et al., 2019).

Figure 3. Sudden cardiac death biomarkers
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5 DETECTION AND PREVENTION OF CARDIAC ARREST

Traditionally patients with no obvious cause were considered cardia. This is often practiced during clinical
diagnosis or post-mortem. The major causes are myocardial infarction, heart failure, etc. as depicted in
Figure 2. Most of the patients suffer from respiratory insufficiency. Within one or two days of admission,
the patients suffer from respiratory insufficiency (Andersen et al., 2019). Neurological causes are seen
only in rare cases. From the data taken from 2000 to 2017 from the guidelines resuscitation registry,
the survival graph rate is depicted in Figure 4. The identification of various causes of cardiac arrest will
improve the outcomes. Thus the post-cardiac treatment can be planned accordingly. These mechanisms
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in turn achieve the prevention strategies. For instance, the prolonged prescription of QT in turn leads
to arrhythmias. Also, the preventive cause may lead to sepsis (Andersen et al., 2019). There are around
27% of patients suffering from sepsis due to cardiac arrest. Thus prevention is needed for both in-hospital
and out-of-hospital patients. It is the first link that connects the survival chain. Early intervention of the
disease is the key element for the prevention. Thus each hospital has to depreciate the patient risk and
create interventional responses (Andersen et al., 2019).

Figure 4. In-hospital cardiac arrest survival rate up to 2017
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Sudden cardiac arrest can be handled as an emergency and has a 90% chance of survival. It is a con-
dition in which the heart suddenly stops beating. When that happens, blood stops flowing to the brain
and other vital organs. If it is not treated, SCA usually causes death within minutes. But quick treatment
with a defibrillator may be lifesaving. Each minute that passes, the rate drops by 10%. They say most
people who survive a cardiac arrest only speak of waking up in hospital afterward, not remembering
anything else. However, the warning signs of cardiac death could cause pain. As a result, anyone who
sees someone suffering from sudden cardiac arrest should call 911 and start CPR right once. This could
potentially save someone’s life. The use of an automated external defibrillator (AED) improves the
chances of a patient’s survival. It can be used to treat and prevent heart issues in the future. You can
lower your risk by keeping regular follow-up appointments with your doctor, making specific lifestyle
changes, taking medications as directed, and having interventional treatments. It is vital to identify and
assess electrocardiogram, ejection fraction, and other factors to prevent repeat incidents. The ejection
fraction is a measurement of how much blood is pushed out of the heart per beat. It varies from 55 to 65
percent for a healthy heart. You can reduce your risk of sudden cardiac arrest by making specific lifestyle
adjustments to lower your blood pressure and cholesterol levels, as well as managing your diabetes and
weight. These are some of them:

e  Quit smoking
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Losing weight
Exercise regularly
Follow low-fat diet
Control diabetes

Treatment During and After Cardiac Arrest

During cardia arrest treatment the various treatment procedures include early defibrillation, ventila-
tion, and chest compression. This improves the survival rate (Weissler-Snir et al., 2019). On shockable
rhythm, the rapid defibrillation improves the patients. The efficacy of the medication is sparse. During
cardiac arrest, airway management is the key component of advanced life support (Tseng et al., 2018).
In clinical conditions, ventilation and oxygenation are provided. Post-cardiac causes generally focus on
the precipitation cause. The out-of-hospital arrest is usually unpredictable (Andersen et al., 2019). The
temperature has to be maintained for at least 24 hours. However, patient characteristics are associated with
clinical outcomes (Song et al., 2019). As the age increases the survival rate decreases. The demographic
features such as age, sex, race, etc are all associated with the survival outcomes. The other risk factors
include pneumonia, hypertension, hepatic dysfunction, etc. on shockable rhythm patients have a two
to three times higher survival rate when compared to others. Preventing rhythm increases the survival
period by 30 days (Naksuk et al., 2018).

Current Features and Implications

Cardiovascular disease is the leading cause of death and premature death. Indians and Chinese have
the highest burden of this disease. this is due to the high prevalence of hypertension. For the past many
decades, substantial advances are made in concern data collection, death registration, analysis, etc.
Cardiovascular studies based on epidemiology have increased the publication and other sources (Tseng
et al., 2018). It has been identified that atherosclerotic cardiovascular disease has increased the burden.
In China, in the year 2016 2.4 million deaths were reported. It is necessary to implement strategies for
various rehabilitation needs. Another reason is the Ischaemic heart disease which has caused 1.7 million
deaths among the Chinese population. Apart from this, there have been reports of hemorrhagic stroke
(Tsengetal., 2018). That has declined in recent decades. Although there is a variation in the standardized
incidence on the mortality reported there requires a potential strategy. Disease control and prevention
have launched a cardiovascular health index guiding the prevention strategies (Krokhaleva & Vaseghi
2019). Many countries have improved their health strategy by transforming sin their economical, social,
natural, and environmental lifestyles. However, the most important risk factors contributing are ignored
(Tseng et al., 2018). all the medical care and other factors are deeply rooted in their socioeconomic
and lifestyle changes. Smoking is a higher risk in both males and females. Apart from this prevalence
of hypertension, hyper cholesterol and diabetes mellitus needs to be diagnosed, treated, and controlled
(Tseng et al., 2018).

Infants are unlikely to perceive congenital heart disease as a pediatric health priority. However,
infant mortality from communicable diseases remains a significant health problem among infants and
newborns experiencing rapid and significant human development. Fertility rates rise as the number of
women of reproductive age increases. Antenatal prevention efforts can yield relatively modest benefits,
but most postnatal interventions for CHD, whether screening or treatment, require the availability of
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advanced, specialized surgical care. Only 20% of cases have a known cause; multifactorial inheritance
has been proposed for cases with unknown etiology. Improved family planning and genetic counseling
can aid in the prevention of CHD, particularly if multiple family members are affected and a specific,
inheritable genetic disorder is identified. Despite the limited and inconclusive evidence, several general
recommendations can be made for women during their reproductive years.

e  Completion of rubella vaccination before pregnancy
e  Optimal management of metabolic disorders
e  Avoidance of medication associated with CHD before and during pregnancy.

Prenatal diagnosis and postnatal screening protocols have aided in the early detection of congenital
heart disease. However, timely CHD diagnosis is unusual, and late presentation is the norm. Critical
CHD can appear as hypoxemia, hypotension, or both, and is frequently misdiagnosed as neonatal sepsis
or pneumonia. CHD is regarded as a significant cause of neonatal and early infant morbidity and mortal-
ity by many pediatricians and primary care providers, and intensive targeted education and awareness
are required. When deciding whether to implement a screening programme, consider the relatively low
overall prevalence of CHD and the low positive predictive value of screening tests. Screening can be
done during pregnancy with a fetal echocardiogram or in newborns with a physical exam and pulse
oximetry. The different types of screening are prenatal and neonatal screening.

Prenatal screening is commonly used after 14—16 weeks of gestation to screen for CHD and is best
suited for relatively severe forms of CHD. The test takes time, and accuracy is heavily influenced by
operator expertise and equipment quality. The presence of nuchal translucency on first-trimester antenatal
ultrasound may be an alternative screening test, but its sensitivity is low and its utility is likely limited.
Treatment options are also limited in the event of a positive screening test. Pregnancy termination may
be an option in countries where it is legal and screening begins before 20-24 weeks of gestation. Screen-
ing after 20-24 weeks implies the ability to refer patients to a center with a comprehensive pediatric
heart programme.

Neonatal screening is the early detection of critical CHD that has the potential to significantly reduce
mortality. Early postnatal pulse oximetry detects CHD with greater sensitivity and specificity than clinical
examination. Although physical examination has low sensitivity and specificity, one study found several
findings that could help identify patients with CHD. Finally, while routine screening echocardiograms for
all newborns are impractical, echocardiography can be useful in cases where pulse oximetry or clinical
examination indicates a higher than usual risk of CHD. Screening modalities in this age group have not
been thoroughly evaluated. The best time to screen for CHD is probably during routine immunization.
In this age group, a combination of clinical examination and pulse oximetry can be considered. Chil-
dren who are underweight or have limited physical capacity must be reevaluated, and the ability to refer
suspected cases for confirmatory echocardiography is required.

6 SCA — SURVIVORSHIP

Nowadays people surviving sudden cardiac arrest are getting increased. This includes both children
and adults. However, they are associated with physical, emotional, and societal issues. These effects
are the after-effects of discharge (Srinivasan & Schilling, 2018). For optimized patient-centered care
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is essential to coordinate and assess in-hospital patient state and reassess hospital state. It is necessary
to anticipate the patient’s psychological needs, and provide family care, and support (Peterson et al.,
2020). Each patient is unique and they are heterogeneous groups that have to be addressed. The informal
communities of survivorship assist and the risk factors related to surveillance and rehabilitation need
to be addressed (Srinivasan & Schilling, 2018). Thus, patient support systems must be integrated from
short-term to long-term plans. From the literature, it has been identified that cardiac survivors need to
focus on individual care (Schmied & Borjesson, 2014). Thus, survivorship focuses on the health and
well-being of an individual as depicted in Figure 5.

Figure 5. Cardiac survivorship cycle
(Srinivasan & Schilling, 2018)
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The survivorship needs of cardiac arrest survivors require care as shown in Figure 5. On different
institutions, they have unique care protocols. In some hospitals, only patients with witnessed arrest and
a shockable rhythm are treated with the protocol (Lippi et al., 2018). Once the protocol is decided mul-
tiple specialists care for these patients in varied service lines contributing to the post-arrest care. Prior
work has demonstrated that most patients do not receive rehabilitation after hospital discharge. Thus,
significant opportunities exist to consider the physical, emotional, and cognitive aspects of survivorship to
improve outcomes (Zorzi et al., 2020). Thus, the post-care system has helped stakeholders grow beyond
functioning as independent silos within the house of medicine. It has encouraged the development of
multidisciplinary teams that drive optimal care for patients after cardiac arrest. Quality of life is a broad
term describing a person’s overall well-being, determined by satisfaction or dissatisfaction with various
aspects of life (Zorzi et al., 2020). It is difficult to define beyond an individual level; therefore, it is dif-
ficult to measure. The majority of SCA cases are caused by ventricular tachyarrhythmia. Arrhythmic
death was reduced thanks to the use of internal cardioverter-defibrillators (Grisner et al., 2021). With
severe heart failure, however, the prevalence of pulseless electrical activity is rising. In patients who
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are at high risk for SCD, medicines that target the sympathetic nervous system are frequently used to
prevent it. Death due to arrhythmia was countered by death due to heart failure (Aune et al., 2018). It
is worth noting that younger individuals are classified as shockable or non-shockable (Schluep et al.,
2018). The rate of survival from non-shockable rhythms is relatively low, with an increasing proportion
of pulseless electrical activity and asystole (Chen et al., 2018). This underlines the significance of public
education to respond quickly when warning signs appear. SCA’s survival and functional outcome are
also reliant on treatment procedures.

7 CONCLUSION

Around 70% of the population had coronary thrombosis. Whereas acute infarction affects more than
half of deaths. Until recently, sudden cardiac arrest and death had been observed and tracked. The most
common cause of fibrous cap rupture, however, was thrombotic coronary artery disease. According to
biochemical analyses, the major causes are smoking, high cholesterol, and glucose intolerance. The left
coronary artery is the most commonly affected. As a result, it is critical to raise awareness about the
prevention of these causes. “Prevention is better than cure,” as the saying goes. A healthy and prosperous
society must be established. The term “quality of life” refers to a person’s overall health and well-being.
This has to be monitored regularly, especially structured heart diseases are abnormalities or issues that
happen to the heart leading to health problems.
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ABSTRACT

People around the world are at risk from chronic diseases like cancer, heart disease, and diabetes.
When it comes to sudden cardiac arrest, many people have recently become increasingly concerned.
The main cause of death in the world is heart disease. Because it needs both experience and advanced
knowledge, predicting heart disease is a difficult assignment. Sensor values are being collected for heart
disease detection and prediction using internet of things (IoT), which has recently been implemented in
healthcare systems. In order to achieve a continuous remote cardiac monitoring system, loT and wireless
technology have advanced significantly over the past several years. The use of various sensors, such as
electrocardiograms (ECGs), thermometers, and blood pressure monitors to collect important body sig-
nals and diagnose illnesses has resulted in the creation of a wireless body area network. The diagnosis
of cardiac disease findings is low in accuracy. The goal is to highlight loT-driven technologies that have
been used in the literature for diagnosing and forecasting heart disease.

INTRODUCTION

Humans have become accustomed to the Internet of Things (IoT), which is employed in a wide range of
industries, including education, finance, and social networking. New technologies are being adopted by
the healthcare business in order to provide smarter and better healthcare facilities (Y. E. Gelogo et al.,
2015). Remote and real-time patient monitoring is now possible thanks to the Internet of Things (IoT).
This enables doctors to monitor patients’ health in real-time and provides them with the information
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they need to provide appropriate treatment or advice. In order to save lives and promote a healthy way of
life for the general population, early detection of heart disease is critical given the enormous number of
people who suffer from it. The ability to follow a patient’s health status on a regular basis has improved
dramatically because of the development of various IoT capabilities and instruments (H. Mora et al.,
2017). Patients are also able to communicate with their doctor more readily, resulting in a higher level
of satisfaction and a reduced hospital stay and healthcare costs. Utilizing IoT in healthcare is primar-
ily focused on creating a completely automated environment for patient monitoring and real-time care.
Portable ECG systems that can be used by patients at home to measure their ECG profiles and diagnose
their illness in real-time are becoming increasingly popular. As a result, a thorough examination of
currently available technologies for monitoring heart-related disorders is conducted in this work. The
raw data has been analyzed and found to include a lot of noise and irrelevant information. Inaccurate
and irrelevant facts are not useful in determining the cause of the problem. The classification accuracy,
sensitivity, and precision are reduced as a result of the high level of noise and volatility in data. A unique
pre-processing method is utilized in this research to remove noise and unrelated data from ECG signals.
The correlation approach is used to identify the most important qualities in order to increase data
efficiency. ECG waveforms are used to classify ECG signals using machine learning algorithms such
as KNN, naive Bayes, and Decision Tree. Using the classifier with the best performance metrics can
help diagnose ECG waveform fluctuation and identify abnormalities and diseases. The rest of the paper
follows this pattern. Heart disease and IoT are discussed in Section 2, while Section 3 focuses on related
research. Surveyed Techniques are explained in Section 4. The conclusion is presented in section 5.

BACKGROUND

A person’s quality of life is severely affected if they have cardiac difficulties. The broad deployment of
cutting-edge technology can enhance healthcare systems. The invention of a smart wearable IoT health
monitoring device is revolutionizing our lives (ITU-T, 2012). Medical services have made great develop-
ment in recent years. Technology advancements will allow for a larger choice of services to be provided
to patients. As a result of this progress, the quality of life of a substantial segment of the people will
increase. Wearable IoT devices allow patients to monitor and regulate their health parameters more ef-
fectively. Patients may be alerted about their status at any moment, which is a benefit of these gadgets.
To save a patient’s life or treat a patient’s condition in an emergency, medical professionals can utilize
this information. One of the most promising uses of new technology is in the field of connected health.
Connected healthcare systems and smart embedded IoT devices may help both businesses and individu-
als. As a result of this research, it is hoped that linked health systems may be developed that can better
inform patients on the state of their health and offer them early medical warnings. It is the goal of the
Internet of Things (IoT) to link anything and everyone, everywhere, at any time, via any method, net-
work, or service (O. Vermesan and P. Friess, 2013; R. Clarke, 2013). This objective necessitates further
work in a variety of areas, including communication and software. Many research and development
organizations are involved in the process. In other terms, the Internet of Everything (IoE) is a network
of computers and gadgets of all shapes and sizes that communicate and share information in networks
of connections, as defined by Cisco (D. Evans, n.d.).

Cisco predicts that by 2020, there will be 50 billion Internet-connected gadgets. As a metaphor, the
Internet of Things (IoT) is a web of webs. There is a separate IEEE standard being created for the IoT’s
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architecture: IEEE P2413 (IEEE Standards Association). People and physical items are networked via
ICT and smart networking, pervasive data collecting as well as predictive analytics and optimization in
the Internet of Things (IoT) to develop, run and govern the physical world (IEEE Standards Association
(IEEE-SA). For the applicable systems, the Internet of Things (IoT) standard provides a reference model,
architectural building blocks, and procedures. Internet growth is aided by the global deployment of IPv6
(IETF, Internet Protocol Version 6 (IPv6) 1998), which supports the universal addressing of any “smart
thing” that communicates. It will provide users access to billions of connected devices, opening up new
possibilities for the Internet of Things. There will be increased demands placed on network functions,
management, and composition with the growth of the network itself. IPv6 is required to connect diverse
IoT devices and heterogeneous applications in a single network. Low Power Wireless Personal Area
Networks (LPWPAN) use 6LoWPAN (B. Djamaa and R.Witty, 2013) as an improved version of IPv6.
IoT devices with limited resources implement IPv6.

There is a pressing need to secure the ever-increasing number of interconnected devices in the In-
ternet of Things (IoT). IoT devices must, for example, only provide information to those who have been
granted access by the appropriate authorities (J. Penney, 2016). There are several research challenges in
IoT hardware development because of the proliferation of small, battery-powered devices. IoT sensors
must also be connected to the Internet via communication protocols in order to function. When sensors
are put in remote places, the battery life of the sensors must be taken into consideration.

In order to accommodate IoT devices’ need for low power consumption, numerous protocols have
been established and will be developed in the near future. For example, an effective protocol for IP-based
ubiquitous sensor networks for service announcement and discovery has been proposed (B. Djamaa
and R.Witty, 2013). Ensuring optimal acquisition speeds, low energy consumption, and little produced
overhead while responding quickly to topology changes is the goal of the protocol’s fully distributed
method for mobile networks, the protocol is able to achieve ideal acquisition times while consuming
minimal energy and generating unnecessary overhead.

The Constrained Application Protocol (CoAP), which makes it possible for low-power devices to be
seamlessly integrated into the Internet, has been standardized by the Internet Engineering Task Force
(Internet Engineering Task Force (IETF)). On most devices that accept UDP, you can run CoAP (P.
Sethi and S. R. Sarangi, 2017; P. P. Pereira et al., 2014; H. Khattak et al., 2014; M. Kovatsch, 2013;
IETF, 2012). This protocol is a prominent issue in the field of network architecture. Different protocols
(Bluetooth, Zigbee, etc.) and networks are used by IoT devices (LANs; WANSs). As a result, a platform
for the Internet of Things consists of three components: The Internet of Things (IoT) relies on cloud
computing as an enabling platform to connect a huge number of devices and sensors. Cloud computing
platforms can be used by IoT-based healthcare applications to facilitate sensor communication, rather
than building separate mechanisms for all sensors to communicate.

RELATED WORK

It is possible to identify a user’s cardiac problems through several research programs, however many of
them lack essential components. Companies have capitalized on the influx of eHealth research being
conducted by individuals and have developed platforms that link patients with doctors all around the world.

Arm-band ECG (V. P. Rachim; W. Y. Chung, 2016) recommendations are built with a variety of
features in mind. A Bluetooth low energy (BLE) data transfer and an Android mobile application are
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included. Timely heart rate detection was included in the software for Android applications that were
tested in a variety of circumstances, from lying in bed to exercising in place or running while standing
up. According to the findings, this type of monitoring is effective in each of these scenarios.

Ufoaroh et al. (2015) primary goal is to develop a wireless sensor network system that can continu-
ously scan and identify cardiovascular illness in patients in far-flung locations. In order to monitor the
patient’s ECG, a wearable wi-fi sensor system (WWSS) was developed. Using the suggested data pro-
cessing method integrated with the patient’s cell phone, the fastest notice will be given to physicians,
families, and hospital wards. In order to solve this issue, a Bluetooth (BT)-based wireless network might
be built to record, monitor (M. Bhoyar et al., 2016), and analyze ECG data (ECG). Following the estab-
lished positions of Einthoven’s triangle, three surface electrodes are implanted on the chest. The signals
measured are amplified and filtered before being sent to the Arduino UNO board. ECG data is sent from
Arduino UNO to a mobile device via Bluetooth, where it may be analyzed by a medical professional at a
workstation (Peter Leijdekkers, Valérie Gay, 2018) introduces a wearable cardiac monitor for real-time
monitoring of a user’s heart rate.

Researchers from the University of Technology, Sydney’s Peter Leijdekkers et al. (2018) have de-
veloped an individual trial application that shortens delays in reporting heart attacks to the emergency
services. A cellular device and a tiny ECG sensor, which may be worn and efficiently conveyed by the
user, are used in the individual test to understand these problems. The person admits that what they
went undergone was a heart attack by looking for a set of questions. In addition, the program examines
two ECG records on the cell phone for signs of a heart attack. Without the intervention of a therapeu-
tic specialist, an application can quickly assess a client’s situation and provide required advice. Using
computerized call routing also guides customers and viewers to the appropriate resources. A 2-terminal,
1-lead cardiac monitor records and analyses the ECG in real-time on the mobile device. In this case,
ventricular tachycardia may be detected using the method used. If the program determines that the user
is in danger, it prompts the user to notify the appropriate administrator as soon as possible to prevent
further damage. In the event that a user experiences a heart attack, the system automatically determines
the user’s present position and alerts the appropriate medical personnel.

A.A.Gurjar et al. (2018) devised a system for monitoring heartbeats and logging the site of heart at-
tacks. An Internet-connected microcontroller reads pulses from the sensor and transmits them. The user
has the ability to control the maximum and minimum heart rate. At a later stage, the monitoring will
verify whether or not the heartbeats are going beyond or below the set limits. The patient’s transmitting
circuit and the authorized personnel’s transmitting circuit are employed. The LCD panel displays the
current pulse rate as a result of a heartbeat sensor. There are no limitations on where this technology
may be used. Using the gadget doesn’t require you to stay at home and stay there.

Nikunj Patel et al. (2018) developed a system for detecting a heart attack by monitoring the pulse,
which is dependent on the item’s web. A heartbeat sensor, an Arduino board, and a Wi-Fi module are
used in our method. After setting up the framework, the beat sensor will begin detecting pulse readings
and will display the heartbeat of someone on the LCD. In the same way, information may be transmit-
ted via the web by utilizing a Wi-Fi module. The framework gives a reference point that may be used
to determine whether or not an individual is healthy by comparing their pulse to the set point. It will
begin monitoring the patient’s pulse when these limitations are set and will send an alert message as
soon as the patient’s pulse rises or falls as far as possible. As part of this effort, we’re putting together
an Android app that will monitor a patient’s heartbeat, screen it, and then provide a crisis warning about
the likelihood of a heart attack.
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Researchers from KVCET in Chennai, Tamil Nadu, India, K.S.Abbirame et al. (2018), proposed a
developing framework that might lower the death rate from heart attacks by locating them earlier in
the process. We use pulse sensors, GSM, and GPS in our framework to accurately measure the pulse
and provide the corresponding data. The customer’s pulse will be continuously monitored by the pulse
sensor. We have made the advantage a reward in the framework. As soon as it falls below or rises over a
certain threshold, a microcontroller will activate GSM and GPS so that information may be exchanged
with the nearest health department and with the client’s family members. When a client’s pulse becomes
too high, the structure will send a message to the nearest wellness center and the recently deceased rela-
tive’s phone number.

Using a micro-scale controller and a heartbeat sensor, A. Dutta et al. (2017) of the Institute of En-
gineering and Management, Salt Lake, Kolkata, have developed an innovative Gadget. It identifies the
beat rate and shows the illness that is suggested by the pulse example. Before using the machine, the user
must first select his age and sexual orientation. The patient’s condition is relayed to the patient through
the microscale controller’s presentation and alert section. Understanding the necessity for any crisis
medication or a consultation with a professional is an added benefit. In addition, arrangements will be
made to show customers their most extreme employees so that they may push their limits in order to live
a healthy lifestyle. The gadget is in use for 24 hours, and all captured data is still available for review.
Rather than relying on doctors, the customer may discover the true state of his heart’s workings on his
own. The development of bio-electro cooperative ventures has been aided by the development of this
device. This is a wired device that may be further enhanced by the addition of a remote element. It is
possible to supply or attach a direct specialized video connection to it. It is possible that a connection
to Wi-Fi for smart devices can be established there. This gadget can not only regulate (to some extent)
serious cardiac problems that affect every family, but it can also provide motivation for increasing one’s
working capacity by exhibiting the individual the intensity of one’s pulse. There are many people who
die before they reach the clinics since they can’t be given the main regulating medicine that can handle
their situation for an extended period of time because of this device.

Researchers from Abu Dhabi University, UAE (Samr Ali, 2017), have proposed a system that uses
heart attacks to detect automobile collisions and the negative implications they may have on drivers. It
was revealed that the administration’s IoT-enabled system and two versions were on display. They dem-
onstrated a mobile heart attack detection service that was voice-activated, as well as a motion-controlled
display. Both utilize sensors from smart, which has gained notoriety amongst customers and increased
accessibility. The basic type of real-time mobile heart detection system only considers how the client
can use administration in cars, whereas the second type helps the client outside of vehicles. On top of
that, they talked about and demonstrated how the system works, as well as the underlying technology it
employs. Using FDA-approved ECG sensors embedded in wearable electronics, they also hoped to test
if an attack on the heart might be detected by the software.

Protective evaluation procedures for the driver and the vehicle were upgraded by Pughazendi N et al.
(2017). Sensors should be used, according to the study. A heartbeat sensor is used to monitor the driver’s
heartbeat every 60 seconds and prevent accidents by controlling it over the internet. The crisis notice is
sent on to the proper authorities since the Internet is connected to a wide range of devices. Driving rules
and guidelines are taken into consideration while using traffic light sensors. If the red light is on, the
vehicle will come to a halt before it reaches the prescribed fixed line if the light is on. In the case that
the vehicle’s fuel supply is insufficient to reach its destination, a guide will tell the driver that a nearby
gas station is the best option, and the driver will be urged to do so.
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In the accompanying paper, Arulananth T.S et al. (2017) stated that the ECG waveform or the user’s
pulse may be used to identify heart rate. It is constrained by the heart’s regular withdrawals to keep a
supply route of blood from developing and withdrawing at a regular pace. When the course is near the
skin, the beat may be felt. An Arduino microcontroller and the tip of a finger are used to depict a way of
computing the pulse. A light source and an indicator are used to calculate the blood volume variation in
tissue using Photo-Plethysmography, a non-invasive approach. The blood volume in the finger course
changes as the heart pumps blood across the body, causing the blood volume in the finger to change as
well. An optical sensor encircling the fingertip can pick up on the blood’s pulsation. Sequential port
communication is used to transmit the increasing flag to Arduino. As a result of planning and program-
ming, pulse monitoring and counting may be done effectively.

Heart attack prediction systems, according to D. Selvathi et al. (2017), do not exist and patients are
only followed after they have had a heart attack. Heart attacks can be detected by counting the number
of beats per minute (bpm) that a patient’s heart is making. When a heart rate exceeds the normal range
(60-90), it’s taken as a sign of an impending heart attack. The heart rate signals are picked up by a
heartbeat sensor, which is used. Accumulated findings are verified by the microcontroller. A mobile
communicative module is activated by the microcontroller when the beats are more or less prominent
than specified dimensions, and an alert indication is sent to important contacts recorded in an MCU.
Both sexes are taken into consideration when testing the framework.

By analyzing ECGs and other medical records, Ponugamatla Kalyan et al. (2017) were able to ac-
curately predict the prognosis of heart disease. A heart-monitoring system using Arduino and Raspberry
Pi 3 is shown in this study. The Arduino board is connected to an AD8232 heart rate sensor module, and
the Arduino board interacts serially with the Raspberry Pi board. In order to conduct a USB to UART
function between the raspberry pi and GPS, the NEO6MV?2 GPS module is connected to a PL2303 USB
to TTL converter We utilized python to run the entire system and save all the sensor data in the cloud
using HTML and Wi-Fi, and the software sketch we used here. All sensor data may be accessed through
the internet or a mobile phone, and the subject’s heart health can be monitored at any time and from
any location. Patients can benefit greatly from this design system that creates changes in their health, if
necessary. It is imperative that we notify the relevant doctor or the referring physician immediately of
any changes in the medication, location, etc.

Sensors that may be worn and gadgets like mobile phones can assist keep a record of the user, ac-
cording to Lei Song et al. (2015) of the Institute of Interdisciplinary Information Sciences. It keeps track
of the body’s current conditions and delivers or stores the results to loved ones or specialists who aren’t
close by. So, it may help people pay attention to the little things, such as a warning sign of an unsafe
sickness, or it can assist them to give an alarm when a crisis occurs. It was found that using body sensor
systems and mobile phones, researchers were able to elicit the most inventive and advantageous condi-
tions from even the toughest and most challenging situations. Each subarea’s growth lines are also aided
by a rundown as well as an assessment of the related detecting systems and computations.

Continuous remote monitoring of the heartbeat is offered by Ufoaroh SU and co-workers (2015) in a
system that includes improved caution and SMS alerts. The goal of this project is to provide a low-effort
buthighly effective and scalable heartbeat monitoring and ready framework that utilizes GSM technology.
If the maximum heart rate limit is exceeded, an alarm and SMS will be sent to the restorative master’s
mobile phone, and the system will continue to monitor and warn them. The system is designed to detect
and analyze the heart rate using sensors and display the findings on an LCD.
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In order to track patients with heart failure, Abdel-Basset et al. (2019) used an IoT and computer-
supported diagnostic system. Initially, the data from the body sensors concerning heart failure symptoms
was acquired by the users’ mobiles using Bluetooth technology and sent to the cloud database via a smart
gateway. Patients were separated into a number of groups based on the symptoms they presented with.
An integrated IoI' and NMCDM approach was used to identify, monitor, and control cardiac failures at
a low cost and in a short period of time with little time and resources required for analysis. Experienced
outcomes verified the high-level system’s ability to function at its best.

For processing and storing large amounts of wearable sensor data, Kumar and Gandhi (2018) advo-
cated a scalable three-tier architecture. It was Tier 1’s job to gather the data from the wearable sensors
and put it together. The wearable IoT sensor data is successfully stored in a cloud computing environ-
ment using Apache HBase. In Tier 3, Apache Mahout was used to building the heart disease prediction
framework using logistic regression. Finally, a receiver operating characteristic (ROC) analysis was
used to identify the most important clinical characteristics of heart disease. Cloud and IoT-based mobile
healthcare applications were recommended by Kumar et al. (2018) for monitoring and diagnosing severe
diseases. Among the system’s components are medical IoT devices, medical records from the University
of California Irvine (UCI), a data collection module, a cloud database, a protected storage mechanism,
a knowledge base, and a health prediction and diagnosis structure. Health conditions may be estimated
using a fuzzy temporal neural classifier in this system. It was shown that this strategy beats other ap-
proaches in terms of actual results.

Automated diagnostic systems for the cardiac disease have been proposed by Ali et al (2019). Feature
vectors were first normalized, and then the data were split up into training and testing collections. A
statistical framework was then used to pick and rank the training data. The framework used the same
subset of attributes that it selected for training in order to test the data. A neural network (NN) used
training data with a smaller number of variables for training purposes. The test data was used to evaluate
the trained neural network’s performance.

Gupta et al. (2017) proposed an IoT-based cloud infrastructure. Instead of using smartphone sensors
or wearable sensors to capture the values of fundamental health-related measures, the revealed technique
made use of the equipment’s built-in sensors. Public and private clouds are all components of the new
architecture based on the internet of things (IoT). Data was quickly and securely sent via XML Web
services in this design. The general response time between the CDC and the local database server stayed
practically constant as the number of users grew. This was evident.

Using a blockchain-based healthcare architecture, Rathee et al. (2019) proposed a secure healthcare
system. It was used to ensure the security and accessibility of documents, healthcare information, and
the shipping process between providers and customers. Using the framework’s experience analysis,
hostile IoT objects committed illegal behaviors or communicated with one another. Weights can be
identified using a population diversity and tuning tool provided by Vijayashree and Sultana (2018). A
fitness function for particle swarm optimizations (PSO) using support vector machines was also built
by the offered system (SVMs).

Sex, maximum heart rate, fasting blood sugar level, resting ECG, multiple primary vessels, and
exercise-induced angina were all discovered using the PSO-SVM feature selection method. PSO-SVM
was compared to other contemporary techniques in terms of performance. Methods recommended by
the author were shown to be more effective than other options. Three key elements were identified by
Mutlag et al. (2019) load balancing, interoperability, and compute offloading, which were used to ad-
dress potential and current resource management issues in healthcare IoT systems. The RFRS feature
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selection method and a classification system with an ensemble classifier are both proposed by Liu et al.
(2017). A heuristic rough set reduction strategy that we designed reduces the number of features using
the Relief FS technique. This algorithm is then used to reduce the number of features in the final model.
Ensemble classifiers based on the C4.5 classifier are proposed in the second system. The UCI database’s
Statlog (Heart) dataset was used in the tests.

Using a heart illness dataset, Haq et al. (2018) developed a machine-learning-based diagnostic tech-
nique for heart disease prediction. In all, they used seven popular machine learning algorithms, three
feature selection approaches, the cross-validation method, and seven classifier performance assessment
parameters such as classification accuracy, specificity, sensitivity, Matthews’ correlation coefficient,
and execution time. People with cardiac disease can be easily identified and distinguished from healthy
individuals using the described technique. Hybrid machine learning can be used to predict cardiovascular
disease, according to Mohan et al. (2019). There is a model called HRFLM, which is a hybrid random
forest with a liner model.

There are several layers in the traditional Neural Network that are used to learn lower and higher-
level characteristics. A new approach, called layer-wise preparation, was devised in 2006 by Hinton and
Salakhutdinov (2006) for training the deep-design neuron layers. When a deep network is trained layer
by layer, this calculation is viewed as a single layer avariciously prepared. Many deep network systems
are now being prepared using this method since it has been shown to be more effective in the long run.
Using convolution and subsampling, the convolutional neural system is one of the most often used deep
systems for extracting the modest to substantial levels of highlights from features that are hidden behind
several veiled layers. Incredible productivity has been predicted for this system in a variety of areas
including, but not limited to: computer vision, organic computation, distinguishing mark enhancement,
and more. These systems are made up of three layers: convolution layers, subsampling or pooling levels,
and complete association levels. The fusion of a memory cell allows LSTM to modify long-term circum-
stances by saving the state after a period of time. In LSTM, three gates are used to determine which data
should be highlighted or ignored before the next subsequence is started. LSTM has proven useful in a
variety of contexts, including machine interpretation, speech recognition, and image subtitling, among
others. There have been various attempts to use LSTM for clinical prediction based on electronic health
information in the restorative field. Using a lightweight authentication scheme, Zouka and Hosni (2019)
were able to protect sensitive patient data while still maintaining a reliable connection. Using an M2M
patient monitoring screen and a remote health app, the recommended structure allows doctors to keep
track of patients’ biosignals in real-time. The findings confirmed that the recommended structure yielded
high-level results by reducing the access time overhead. In terms of both verification and transfer times,
the structure takes longer to generate a key.

SURVEYED TECHNIQUES
A. Detection of Heartbeats
Fingertip pulses are picked up by a heartbeat sensor and used to calculate the heart rate. It’s the heart’s
job to pump blood into the fingertip’s artery as it beats. A change in blood volume is caused as a result

of this activity, and the heartbeat sensor records this change. An infrared light source and a photon de-
tector are located on the finger’s two sides, with the photon detector being used to monitor changes in
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blood flow. In this procedure, a PPG waveform is detected. In time with the heartbeat, we see this PPG
waveform. As a precaution, the patient’s heartbeat is recorded and monitored. The optimal heart rate
range is between 60 and 110 beats per minute. A heart attack is more likely if your heart rate is higher
or lower than this. The microcontroller communicates with these values.

B. Interfacing Sensors

For example, the microcontroller processes a beat from a sensor module and calculates a pulse before
sending this information to the liquid crystal display. It acts as an interface between the sensor and the
data it collects.

C. Connecting to the Internet using Wi-Fi

This module sends an alarm message to the doctor/nurse and the patient’s/distant user’s family in the
event of an irregular heartbeat reading.

INTEGRATION OF IOT WITH MACHINE LEARNING

The traditional healthcare system must be improved and upgraded due to the increasing number of
patients in their middle and senior years who suffer from chronic and heart-related ailments. In most
cases, heart illness is the only reason people go to the hospital. Patients must travel to the hospital to
have their cardiac conditions checked and their physiology of the heart studied in the typical ECG set-
ting. The patient’s movements are restricted throughout this time. The cost of medical care rises as a
result of frequent visits to the hospital. Building an automated system to detect aberrant heart signals has
received a lot of interest and effort because early intervention is critical to patient survival. IoT wearables
were designed to measure ECG signals (Z. Yang et al. 2016). The patient’s ECG readings are collected
by a non-invasive wearable sensor and sent to the IoT cloud using Bluetooth or ZigBee technology via
a smartphone. The professional can access the cloud-based data and use data analytics to look for the
ailment. Having access to a remote server can be used to perform the data analytics method of cleaning,
storing, analyzing, and sending warning warnings to the concerned professional in real-time. Machine
learning techniques are being used to make it easier to detect cardiac problems at an early stage. The
aberrant functions of the heart were studied using the health dataset. SVM, Adaboost, ANN, and Naive
Bayes classification algorithms were used to assess the amplitude and interval periods of the cardiac
waves to classify the data (S. Celin and K. Vasanth, 2018). A physician’s ability to make fast and ac-
curate diagnoses and treatments will improve if classifiers can be identified. Heart rhythm problems are
associated with several types of arrhythmic illnesses. The extraction of statistical and dynamic informa-
tion from ECG data is essential for appropriate diagnosis (R. L. D. V Kalaivani, 2019). Because of the
arrhythmia disorder that the patient has, heart rate variability is used to create alarms. In (M. Hammad et
al., 2018), a novel classifier was presented to discriminate between a normal and pathological heartbeat
rhythm to simplify the time-consuming procedure of manually examining the ECG data. ECG features
can be extracted once the noise has been removed using this classifier. When compared to other machine
learning classification techniques, our classifier performed better. Arrhythmia disease can be diagnosed
more easily because the time computation is lowered. A patient’s chance of survival is greatly increased
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whenirregular pulse rates are discovered early. The automatic identification of cardiac arrest was therefore
proposed in order o enhance survival rates. The random forest classifier (RF) is used in the ECG-based
pulse detection system (Elola et al., 2018). The ECG data were processed to reduce background noise
and extract the most important information. When comparing random forest classifiers to existing clas-
sifiers, the features were compared to the random forest classifier. The improved performance of the RF
classifier aids practitioners in making quick treatment decisions. Data cleansing, data transformation,
data integration, and data reduction are all common applications for pre-processing (W. S. Bhaya, 2017).
The data is cleaned by identifying missing values, removing noise, and identifying outliers. Cleaning the
data significantly improves the classifier’s performance. There are a variety of pre-processing methods
that can be used to enhance the dataset’s performance metrics. The preprocessing aids the classifier’s
performance, as can be deduced from (C. Zhu, 2016). An outlier-based alert system was utilized by (M.
Hauskrecht et al., 2013) to discover patient anomaly data and reduce measurement mistakes. The system
worked well when it was tested in a real-time environment. Classifying ECG data is proposed in the
following section using unique pre-processing techniques.

CONCLUSION

IoT and wireless technologies have improved greatly over the past few years in order to develop a con-
tinuous remote cardiac monitoring system. To collect vital body signals and identify ailments, a wireless
body area network has been created by utilizing a variety of sensors, such as an electrocardiogram (ECG)
and temperature devices. There has been a lot of research on the diagnosis of heart illness, however, the
results have been low inaccuracy. When a patient is placed in a distant area where there are no medical
services, monitoring and prediction systems can assist save many lives by providing immediate care.
It is difficult to determine how long a person will live with heart disease. All of the IoT-based cardiac
disease detection and prediction strategies that have been proposed in the literature have been covered
in this chapter.
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ABSTRACT

Al is used for alerting people who are suffering from heart problems. The patient’s language, sound,
accent, voice, and other patterns are analyzed in an audio call for heart problems. The CPR and defi-
brillation treatment is used. Delay in sudden cardiac arrest can create problems in the brain, and fatal
implications might be there. Biosensors are recommended for heart patients, and they can be worn on
the wrist to detect hypertrophic cardiomyopathy. This condition or disease occurs because of cardiac
muscle thickening. This is the reason for heart failure, stroke, and fatality in heart patients. The other
observation is outflow tract obstruction in the heart patients who had sudden cardiac deaths. This hap-
pens in patients who have high blood pressure and can be identified using blood pressure and echocar-
diography instruments.

By augmenting human performance, Al has the potential to markedly improve productivity, efficiency,
workflow, accuracy, and speed, both for [physicians] and for patients ... What I'm most excited about
is using the future to bring back the past: to restore the care in healthcare.” — Eric Topol, MD, director
and founder of Scripps Research Translational Institute

DOI: 10.4018/978-1-7998-8443-9.ch003

Copyright © 2022, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use


https://orcid.org/0000-0002-1098-1792

EBSCChost -

Leveraging Al Technologies for Preventing and Detecting Sudden Cardiac Arrest and Death

INTRODUCTION

Al is used for alerting people who are suffering from heart problems. The patient’s language, sound,
ascent, voice, and other patterns are used to analyze an audio call for analyzing the heart patient’s prob-
lems. CPR and defibrillation treatment are used. Delay in sudden cardiac arrest can create problems in
the brain, and fatal implications might be there. Biosensors are recommended for heart patients, and they
can wear on the wrist to detect hypertrophic cardiomyopathy. The biosensor helps in identifying Hyper-
trophic cardiomyopathy in heart patients. This condition or disease occurs because of cardiac muscle
thickening. This is the reason for heart failure, stroke, and fatality in heart patients. The other observation
is outflow tract obstruction in the heart patients who had sudden cardiac deaths. This happens in patients
who have blood pressure and can be identified using blood pressure and echocardiography instruments.

As we all know, the heart is our body organ. The heart helps in pushing blood to our body after the
oxygenation of the blood. Sudden cardiac arrest happens due to the heart not working.

It is due to electrical disturbance, which creates abnormal heartbeats. The heart stops pumping blood
due to this abnormality. Human goes unconscious and it might result in death if ignored for more than
5 minutes.

Note: Sudden cardiac arrest happens to a patient with no alarm or a signal. It happens because of an
electrical problem in the heart, which creates an abnormal heartbeat. The blood pushing stops and the
heart can push the blood to the other organs, such as the lungs and brain.

The symptoms before sudden cardiac arrest happen to a human being:

Sudden collapse

Loss of consciousness
Loss of breathing

No heartbeat
Difficulty in breathing
Feeling dizzy

Chest pain

Nausea

vomiting

Let us now look at the difference between sudden cardiac arrest, heart attack, and stroke.
Table 1 shows the difference between sudden cardiac arrest, heart attack, and stroke.
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Table 1. Difference between SCA and heart attack

Health Condition SCA Heart Attack Stroke
Attention Unresponsive Responsive Normal
Breathing abnormal breathing breathing poor blood flow or hemorrhage
Heart Beat heart stopped heart beating Normal
Immediate external application | Needs CPR/AED does not need CPR /AED Normal
Cause trlgg?red by a prgblem with the | occurs when blood supply Normal
heart’s electrical impulses stops,
Walking Normal Normal inability to walk
Mental state (David D. Luxton Normal Normal mental confused
2015)
physical condition Normal Normal sudden weakness on one side of
the body
Speech Normal Normal disrupted speech

CPR is a procedure for treating sudden cardiac arrest. Let us see how it works.
How It Works - CPR

The patient needs to keep the back to the surface and sleep

you need to place your hand on the top of the heart of the patient
Fingers need to be locked

The chest needs to be pressed again and again

The airway can be opened and breaths can be provided

Chest needs to fall

If not, repeat chest pressing and provide breathes

N hE BN

Let us now look at different causes of sudden cardiac arrest. The electrical disturbance is a major
reason. Heart rhythm becomes irregular and causes ventricular fibrillation or ventricular tachycardia.
Electrical abnormalities like Wolff Parkinson White Syndrome and Log QT Syndrome can cause sudden
cardiac arrest for children and young patients.

The other reason for cardiac arrestis heart rhythm speed decrease referred to as bradycardia. Abnormal
heartbeats might cause life-threatening arrhythmias. Heart tissue scarring can also cause life-threatening
arrhythmias. Six months before a heart attack is a time when a sudden cardiac arrest can happen to
atherosclerotic heart patients. Heart muscle problems can cause heart valve disease, blood pressure,
and other problems. This is referred to as cardiomyopathy. Sudden cardiac arrest can happen due to
cardiomyopathy. Heart medications for arrhythmias treatment can cause ventricular arrhythmias. This
is called the proarrhythmic effect. This can be due to blood level changes in magnesium and potassium.

Recreational medicines can be one of the reasons for sudden cardiac arrest in healthy persons. The
other reason can be blood vessel irregularity, especially in the aorta/coronary arteries. Intense physical
exercise can trigger heart arrest because of the adrenaline released.
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Sudden cardiac arrest can cause mild, severe, and life-threatening conditions. It can cause the fol-
lowing conditions:

e  Heart complications
e  Neurological complications

Patients with the following heart problems can have cardiac arrest:

Coronary Artery Disease
Irregular Heart Valves

Heart Arrhythmia

Electrical Impulse Problems
Previous Episode of Heart Attack

The risk factors which impact sudden cardiac arrest are:

Age

Family History

Stress

Electrolyte disturbance

The electrolytes which can cause problems due to disturbance levels are:

e  potassium
e  calcium
e  magnesium

Now let us look at the immediate treatments available for Sudden cardiac arrest:

e  Cardiopulmonary resuscitation (CPR)
e  Defibrillation

Long-term treatments for this condition are:

Antiarrhythmic drugs

Beta-Blockers

Calcium channel blockers
Angiotensin-converting enzyme (ACE) inhibitors
Coronary Angioplasty

bypass surgery

Corrective Heart Surgery

To avoid heart problems, you can follow the below recommendations:
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avoid smoking and not take alcohol
manage your stress levels

have a good and healthy diet

avoid sedentary lifestyle

perform regular exercise

ensure you control your weight

have a good sleep

you can have regular health check-ups

After recovering from this condition, patients might have mild chest pain and mood swings.

SUDDEN CARDIAC ARREST DETECTION

Sudden Cardiac Death happens because of Sudden Cardiac Arrest (SCA). The heart stops functioning,
and the heartbeat goes to zero in the heart patients when SCA occurs. The other organs stop working
because of the restricted blood flow when SCD happens. Attention from medical experts needs to hap-
pen in minutes to help the patients when SCA happens. In nine minutes, a patient needs to be treated for
brain damage. Resuscitation of the patient can cause comatose and brain damage condition.

The symptoms related to SCA are vomiting, shortness of breath, chest pain, and others. Coronary
artery disease can be a root cause of SCA and SCD. 80% of the heart patients who had coronary artery
conditions resulted in fatalities. The others end up with Cardiomyopathy and genetic channelopathy. The
other reasons are obesity, alcohol habits, and fibrosis. The other condition called arrhythmias is the cause
of cardiac arrest. This condition happens because of heart rhythms which are not common. Ventricular
fibrillation is another reason for SCD. SCD results in the brain, lungs, and organs not functioning. It
starts as a malfunction in the heart, creating an uncommon heartbeat.

Now let us look at the method to detect and prevent sudden cardiac arrest.

PHOTOPLETHYSMOGRAPHY

Photoplethysmography is a popular technique that can identify blood circulation changes in anon-invasive
way. Oximeters and smartwatches can identify heart rates. PPG technique blended with classification
technique helps in detecting hypertrophic cardiomyopathy in heart patients. Health care organizations
create chatbots and conversational Al (Adam Bohr and Kaveh Memarzadeh 2020) assistants for spread-
ing awareness to patients who have heart problems. NLP & NLU techniques are used to understand the
patient’s condition to provide guidance and tips.

Note: Photoplethysmography (PPG) is a technique that is non-invasive optical to identify the blood
content changes in the skin.

350k SCA cases happen every year outside the hospital and the fatality rate is greater than 88%.
CPR helps in improving the recovery from SCA. Two weeks before SCA, the patient gets chest pain or
breath shortness. Patients might have dizziness, fainting condition, fatigue, and a higher heart rate. The
other conditions observed are uncommon heartbeats, heart palpitations, light-headedness, wheezing, and
discomfort in the chest. There is a higher chance of men getting SCA compared to women. The other
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observation is that SCA patients had diabetes, high blood pressure, heart failure, chronic kidney disease,
higher cholesterol levels, and inflammations.

Nearly 25% of heart patients have died after SCA. Around 18% of 70-year-old heart patients survived
for 7 years after SCA. In the age group of 18 to 69 years, the fatality rate was 55%. The risk of SCA is
lesser among young adults. In young athletes, the risk is higher during fitness programs or sleep.

HEART RATE VARIABILITY

Heart Rate Variability is another technique used in classifying heart defects in patients. Heartbeats are
analyzed for ectopic beats removal. They transformed using discrete wavelets and mean wavelets. Dis-
tinct features are identified for SCA prediction by processing Heart Rate Variability in time. It helps in
identifying heart problems like the variation in time between two continuous heartbeat segments. Cardiac
health is an important factor for body health as it shows the autonomic nervous system condition. This
analysis helps in restoring the body’s condition to homeostasis and applying directed activity. We can
use the signals for identifying features such as name, time, frequency, and nonlinear domains. SVM and
Neural Network techniques are used to analyze the feature vectors for SCA prediction.
Some features used for Neural Network analysis of HRV signals are:

Mean of NN interval

Max of NN interval

Min of NN interval

Median NN interval

Standard deviation of all NN interval

Standard deviation of average NN intervals in all 1-minute segment
Number of NN intervals which differ in greater than 50 ms
Average Number of NN intervals which differ in greater than 50 ms
9. RMS of advanced NN intervals

10. Mean of Standard deviation of all NN intervals for Iminute segments
11. Mean heart rate

12. standard deviation rate of heart rate

13.  HRYV triangular index

14. triangular interpolation of NN interval histogram

15. number of ectopic beats

e A A o e

The other factors which can be included in the analysis are:
1. Malignant arrhythmia

2.  cardiopulmonary resuscitation

3. rehospitalization because of HF

The patient’s background is gathered for profile analysis. The key attributes are:

1.  Demographic variables
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AR

clinical variables

biological variables
electrophysiological variables
sociales variables
psychological variables

The databases which are typically used for Machine learning analysis are:

1.  MECKI (Metabolic exercise test data combined with cardiac and kidney indexes)

1.

A

v oo~

11.

GISSI-HF (Gruppo Italiano per lo Studio della Streptochinasi nell’ Infarto Miocardico-Heart
failure Trial)

EMPHASIS-HF (the Eplerenone in Mild Patients Hospitalization and Survival Study in Heart
Failure trial)

I-PRESERVE

SHFM (the Seattle Heart Failure Model)

HF-ACTION (A Controlled Trial Investigating Outcomes of Exercise TraiNing trial)
CHARM (the Candesartan in Heart Failure: Assessment of Reduction in Mortality and
morbidity)

MAGGIC

CVM-HF (CardioVascular Medicine Heart Failure index)

10.3C-HF

11.MUSIC (MUerte Subita en Insuficiencia Cardiaca study)

BARDICHE (Body mass index (B), Age (A), Resting systolic blood pressure (R), Dyspnea
(D), N-terminal pro-brain natriuretic peptide (NT-proBNP) (I), Cockroft-Gault equation to
estimate glomerular filtration rate (C), resting Heart rate (H), and Exercise performance using
6-min walk test (E))

For analysis, patients with the following diseases are not included:

AU S

—_—
—_— O

—_— =
o

Hypertrophic cardiomyopathy.
Rheumatic heart disease.

Congenital heart disease.
d)Pulmonary heart disease.
Pericardial diseases and myocarditis.
Acute myocardial infarction
ST-segment elevated myocardial infarction (STEMI)
NSTEML.

Aortic dissection

leukemia

lymphoma

aplastic anemia.

Autoimmune disease.

Malignant tumor.
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15. Hormone replacement.

Al and ML techniques are used for SCA and SCD prediction. The analysis needs to include larger da-
tasets for better prediction.
Let us look at the AI/ML techniques.

Al/ML
Background Feeding of Al

Typically, Al works on the fed large body of data, so it is learning from the collected digital information.
The computer or machine learning is exposed to thousands of ECGs that are both normal and weak heart
pumps, through sheer recognition it could learn the subtle heart pattern associated with a weak heart
pump. Developing new Al tools requires Subject Matter Experts, IT professionals, Health care profes-
sionals, Clinicians who understand the disease, Engineers hands-on with Python and the language of
machine learning, large carefully curated data sets, and various ECGs with labels to feed the computer
the specific ECG is associated with particular cardiac dysfunction. Infrastructure needs to be developed
which requires Cloud or In House IT professionals with DevOps and Security operations expertise. Quality
Managers with test engineers will be needed to focus on the Al system quality and data quality. Ideally,
data management professionals are required for data cleansing and staging. To manage the program,
you need program and project managers to execute these Al system implementations in the hospitals.

Al/ML Models

Al and Machine Learning are used for the prediction and prevention of heart problems. You can create
analytical models for human heart rates using AI/ML techniques. Heart rate data from patients is used
for model learning and a trained model is used for prediction of the heart problems.

Al modeling and development process of creating the human heart rate models consists of:

Selection of Modeling Techniques for heart rate analysis
Algorithm Selection for heart rate variability analysis
Test Data Design for heart rate models

Human Heart Rate Model Development

Human heart rate Model Assessment

Human heart rate Model Training

Human heart rate Model Validation

Figure 1 below shows the process of AI-ML model development.
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Figure 1. AI-ML model development
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In the diagram above, the usage of historical and new scenario data is shown. How new scenario data
helps in enriching the model in real-time after a cold start. The scenarios where this model can help and
the use case are also shown in the diagram above.

Training data sets are created for the Heart rate variability Al model. HRV Al model consists of data
that can train the model. Training rules and techniques are implemented to relate input heart rate data
with output heart conditions. HRV Al model can be trained by using ML techniques, and 80% of the
data is used for training. Testing data sets are created for the HRV Al model. HRV Al models are tested
using 20% of the data available. Testing helps in evaluating the precision and accuracy of the Heart rate
variability Al model. Heart rate variability historical data sets are gathered for better accuracy and pre-
cision. Historical heart rate variability data of the patients can be recorded and publicly available data.
These datasets help in creating an accurate HRV Al model for prediction and prevention. These heart
rate datasets help in identifying the trends and patterns in human patient rates. Using the trends, you can
isolate the abnormal or outliers in the heart rates of the patients. Historical trends help in coming up with
solutions for improving the diagnosis of the heart condition and the decision-making.

The ensemble method helps in mixing different approaches based on real-life health situations of the
patients. Different ML algorithms are used as Al techniques in the model. The algorithms are listed below:

Classification
Regression

Decision Tree

Support Vector Machine
kNN

k-Means
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Random Forest

Naive Bayes
Dimensionality Reduction
Gradient Boosting

HRV Al models are measured for precision and accuracy using multiple unseen HRV data sets. You
can refine the HRV model and measure the precision of the new and unseen HRV datasets. HRV Models
are deployed in the testing environment. Test data from the patients is used for validation of the model.
In the production environment, these HRV models are tested with new and unseen data sets based on
new scenarios.

For unseen scenarios related to heart problems, you can use supervised learning-based algorithms.
Training data is used for creating an HRV Al model. You can create a prediction model for live, unseen,
offline, and new patient and heart rate data. The heart rate data sets have attributes that are referred to
as features. Features are the basis for the HRV prediction model. Test data is used in offline quality
assurance and control environments. The production environment helps in assessing the model for new
scenarios (Arash Shaban-Nejad et al. 2020).

The feedback which comes from the live HRV model deployment helps in improving the HRV model.
The feedback helps in retraining the HRV prediction model. The accuracy and precision improve with
the retraining of the heart rate variability model. HRV Al Models are measured for prediction precision
using live and unseen data. Precision metrics are based on the known heart condition scenarios and un-
seen scenario feedback related to heart conditions. The split between validation and training heart rate
variability data is around 80-20%. You can measure the HRV Al models in the production and testing
environments. You can tune the heart rate variability model parameters by changing the split between
the training and validation of heart rate variability data. Splitting types are listed below:

° Random
° Stratified
° Fraction

The tuning parameters are as follows:

Cold users

Test users
Ignored users
Ignored items
Validation metrics

You can verify the training model and the prediction using the following metrics:

e  False Positives
e  False Negatives
e  Accuracy

e  Precision

e  Recall
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The area under the curve

Receiver Operating Characteristic Curve

Precision = True Positives /(True Positives + False positives)

Recall = True Positive /(True Positives + False Negatives)

AUC = P (Random Positive sample rank > Random Negative Sample)

HRV AI models can help in prediction, forecasting, and pattern identification. Machine learning
techniques are applied to identify patterns in heart rates. Using the historical heart rate data of the pa-
tients, trends and patterns are identified. Heart rate variability pattern identification is based on previous
knowledge and represents the knowledge as patterns and trends. These are based on the features and
characteristics of the data. The time series of the recorded heart rate data helps in identifying future
trends. The HRV Al model helps in creating pattern classification and clustering. Pattern identification
helps in identifying fraud and fake information in the patient’s data.

CHATBOT

Chatbots are used for information and knowledge sharing for heart patients. Instead of humans answer-
ing the questions, the chatbot can be trained to answer queries from a knowledge base related to sudden
cardiac arrest. A chatbot can handle audio and text input, which is recognized for NLP and NLU analy-
sis. NLP and NLU techniques help in analyzing the words and answering the queries related to heart
problems from the knowledgeable.

Chatbot helps in gathering the information required for heart problem diagnosis. The information
gathered is used for heart problem identification.

NLP and NLU techniques are becoming popular with chatbots. Chatbots can handle heart problem-
related queries and answer them. Chatbots might use speech analysis and NLP methods for answering
the questions. It is also important to identify the sentiments of the patients. During the conversation,
positive and negative statements help in analyzing the sentiments using NLP techniques. NLP methods
help in analyzing the why, who, what, when, where, and how of the conversation topics and queries of
the patients. The patient might be in a context where the person is depressed, stressed out, in an emer-
gency, sad, and agitated moods.

Different NLP methods are listed below:

automatic text summarization
sentiment analysis

topic extraction

named entity recognition
aspect mining
parts-of-speech tagging
relationship extraction
stemming

An automatic text summarizer helps in summarizing paragraphs of text into small sets or chunks.
Extraction and abstract are the two methods of understanding a patient’s problem. Extraction helps in
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the retrieval of the chunks from the paragraphs. Abstraction generates the summary from the retrieved
chunks. Summarization techniques are listed below:

e  LexRank
e  TextRank
e  Latent Semantic Analysis

LexRank is a summarizing technique based on the unsupervised graph. TextRank is also based on
the unsupervised graph. LexRank has the feature to check similarity using the IDF-Modified Cosine
method. LexRank finds summary in a patient’s queries and summary does not have a similarity. Latent
Semantic Analysis is based on data projection on low dimensional space. Word combination patterns in
the corpus are spatially decomposed into singular vectors. Pattern importance relates to the singular value.

Sentiment analysis of the patient’s queries helps in identifying three different moods or tones which
are categorized as positive, negative, and neutral. This can be performed using supervised and unsu-
pervised learning methods. Supervised learning model-based sentiment analysis is done by using naive
Bayes. This method is based on a training corpus. The corpus has sentiment groups or categories. Heart
Problems ML model can be created using the training data sets based on patient queries. The other
methods are Random Forest and Gradient Boosting. Unsupervised learning methods used for sentiment
analysis are lexicon-based techniques. The lexicon-based technique requires a corpus that has polarity
and sentiment. Sentiment analysis helps in identifying the sentiment based on the polarities.

Topic extraction helps in finding the natural topics in the patient’s queries in the conversation. It
is based on an unsupervised learning method. In this method, training data and model training are not
necessary. Topic modeling algorithms are listed below:

° Probabilistic Latent Semantic Analysis (PLSA)
° Latent Dirichlet Allocation (LDA)
e  Correlated Topic Model (CTM)

Probabilistic Latent Semantic Analysis is a method for modeling using probabilistic heuristics. Topics
are handled as latent or hidden variables in this method. This method can be done in two ways, which
are the Latent Variable Model and Matrix Factorization. The latent Dirichlet Allocation method helps
in identifying topics in a document. This method is based on the generative probabilistic method. This
method is based on a Bag of words, exchangeable documents, and independent topics. The correlated
Topic Model is based on the correlation of the latent topics for identifying topic relationships.

Named entity recognition (NER) helps in identifying the entities in the patient’s queries. Concepts
and references are identified in the patient’s conversations. The entities which can be identified are:

e  People

° Locations

e  Organizations
° Dates
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Aspect mining helps in finding multiple aspects of the patient’s queries. You can blend this method
with sentiment analysis to find information in the conversations. Part of speech tagging is one of the
types of aspect mining.

Parts of speech are found in the patient’s queries by parsing the text for nouns, pronouns, verbs,
adverbs, prepositions, etc., The challenge in this method is related to a word can be in different parts of
speech based on the context. Parts of speech tagging can be done using the following:

e  Rule-Based POS Tagger
e  Stochastic POS Tagger

Rule-Based POS Tagger is related to tagging parts of speech based on rules. Stochastic POS Tagger
uses statistical methods like frequency-based and probability-based.

Relationship extraction is also based on rules, and it is the retrieval of semantic relationships from
the paragraphs of text. These relationships are associated with more than two entities. Information
extraction is about the retrieval of structured information using NLP. Information extraction is used in
different areas mentioned below.

e  Knowledge Graphs
e  Question-Answering System
e  Text Summarization

There are five different methods of doing Relation Extraction:

Rule-based

Weakly Supervised
Supervised

Distantly Supervised
Unsupervised
Rule-based

Rule-based relationship extraction is based on rules. Weakly supervised relationship extraction is
also based on a set of rules, and new rules are added using iterative methods. Supervised relationship
extraction is related to binary classifier training for identifying the relationship between two words. The
classifier will have the following features:

Context Words

Parts of Speech Tags
Dependency Path
NER tags

Tokens

Proximity distance
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Distantly Supervised relationship extraction is related to adding seed data to the classifier. Unsuper-
vised relationship extraction helps in finding relations in the text based on rules, constraints, heuristics,
and no training data.

Stemming is related to finding the root word from the word using suffix removal. Word inflectional
forms are simplified to a common stem word. Inflection is related to words expressed in different forms
mentioned below:

Tense

Case

Voice
Aspect
Person
Number
Gender
Mood
Animacy
Definiteness

The problem with this method where a single root can map to multiple stems. This problem results
in overstepping and stemming which are referred to as false negatives. NLP and NLU methods rely on
cardiology ontologies and cardiology knowledge bases related to the medical domains. These methods
are based on Symbolic Al. Symbolic Al helps in creating a declarative model based on the cardiology
knowledge of doctors and specialists. The declarative model has facts and rules. These models help in
building an expert system for a domain based on deep medical knowledge bases. They help in text min-
ing, machine translation, and automated question answering.

Chatbots are popular in conversing with patients and identifying heart problems accurately using the
above techniques. Emergencies can be identified by sending help to the patient, which can save lives.
The expertise in diagnosing cardiac arrest helps in saving a patient’s life and assists in healthy living.
The conversations can be in text or voice.

Voice analysis is used for text creation from the audio of the patient. Text created helps in identifying
themes to calls, pattern identification, and query answering. NLP engine helps in finding threads and
conversations. Sentiments are analyzed for tone, mood, emotions, utterances, and conversation topics.
Historical conversations help in profile and behavior model creation. A sentiment is associated with the
feeling of the user who is asking the query. That feeling can be analyzed using sound and voice.

Now let us look at how voice technology and speech processing can help in detecting and getting
treatment for heart problems.

VOICE TECH - EMERGENCY SYSTEM

To start with, let us look at how voice processing works in a voice technology system.

Voice technology is becoming popular in the medical and health care vertical. Voice assistants are
nowadays digital assistants for elder persons. Voice technology helps elder persons by alerting them
about the Todos, meetings, and their schedule. Patients can use voice assistants through voice statements
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to share their medical record data and lab report data. Lab reports might be related to weight, blood
pressure, and blood sugar. Patients can have nursing care through voice assistants for taking tablets and
have a good diet schedule.

In the U.S.A, 112 million people use a voice assistant. Voice technology helps the patients with the
following scenarios:

to allow patients to call a nurse from the hospital (Robert-Shimonski, 2021) bed
help doctors cut down on administrative tasks

monitor their interaction with a patient

improve efficiencies in the clinic

facilitate clinical trials (Kerrie L. Holley and Siupo Becker M. D 2021)

help chronically ill patients to manage their condition

help the elderly with reminders and schedule

in integrating the voice assistant into the EMR

person’s health condition

to detect flare-ups in patients with chronic obstructive pulmonary disease.
providing real-time information about the patient

drafting notes from the doctor’s conversations with the patient

sharing reminders to take their medications and for doctor appointments.

call the caregiver for emergency assistance

to recollect their lives and improve their mood and share stories with family and friends;
to encourage an active lifestyle.

for coaching and help them with behavior-modification activities

Voice processing of the patient happens in the following stages:

Speech coding
Synthesis

Voice Recognition
Speaker Recognition

Speech types can be categorized as:

Isolated words
connected words
continuous speech
spontaneous speech

Figure 2 shows the process of voice-to-text transformation.
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Figure 2. Voice to text transformation
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In figure 2, voice-to-text transformation is shown at component levels like audio, grammar, text, and
acoustic models. The environmental conditions, speaker’s style, gender, age, and accent are also shown
as key factors to be considered in voice to text transformation.

Patients can be modeled as dependent and independent types. The Independent model focuses on the
speech patterns of a large group. Dependent models are for a specific person. Patient speech diarisation is
about dividing the audio stream into equal segments based on the speaker’s identity. The patient’s Speech
transcription is based on the speaker’s identity. Speaker can use vocabulary, which can be categorized as:

Small

Medium

Large

Very Large

Out of Vocabulary

Voice systems are based on different factors such as

environment variability
channel variability
speaker style

sex

age

speed of speech

50

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Leveraging Al Technologies for Preventing and Detecting Sudden Cardiac Arrest and Death

Voice processing and perception of the patient are about understanding the speech, translation of
the language, and retrieval of features. Voice recognition and speaker recognition happen in the stages
mentioned below:

Analysis

Feature Extraction
Modeling

Testing

Voice-based systems (Tom Lawry 2020) for detecting emergencies have dictionaries related to
language and dialect. Dictionary words are used for identifying the speech words pronounced rightly.
Dictionary will have parts of speech like the following:

Nouns
Pronouns
Adjectives
Verbs
Prepositions
Adverbs

Dictionaries will be updated frequently for cardiology-related changes and introductions. Medical
Domain-specific terms and ontologies are also used for voice analysis.

The other method for a patient’s speech recognition is template-based. Template-based helps in
detecting the following:

e  isolated words
e  continuous speech
e  Neural network-based recognition

Now let us look at the problems in identifying the patient and analyzing his or her speech. Pronuncia-
tion and grammar might impact the speech analysis. The precision of the speech analysis will depend
on spontaneous voice vs reading-like speech. The audio recording and environmental factors impact
speech processing. Speech analyses can be corrected manually for storage. The patient’s speech can be
validated for pronunciation and grammar. Speech analysis can create analytics (Robert-Shimonski, 2021)
based on the following parameters:

topics

the emotional character of the audio
locations of speech vs non-speech
periods of silence.

Voice recognition of the patient process consists of recurring and voice-to-text transformation.
Recording of the voice can be stored in a data source. The recording and transformation can happen in
separate steps. Streaming of voice and analyzing the stream is another voice processing use case. The
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voice recorded can have voiced and unvoiced sounds. The recorded voice can be categorized as silence,
unvoiced, and voiced sounds. Isolated utterances are detected using the stop consonants and endpoints.

In general patient’s voice can have sentences, words, and phrases with or without grammar. The
other important factors are language and dialect. The patient’s condition might be another factor. Voice
patterns can be related to the following:

tone
rhythm
volume
pitch
cadence

A patient who has a cardiac arrest needs to get help from an emergency within 5 minutes. Every next
minute patient’s chances of living come down by 10%.

Voice technology-based emergency systems typically get calls from heart patients. 1000 patients
get affected in a day in the U.S.A ad the survival rate is only 10%. It is observed to happen in healthy
humans suddenly. Many use emergency help like 911 for getting treatments like CPR and AED. Critical
conditions like OHCA can be identified quickly. Voice technology-based chatbots diagnose the patient’s
heart condition. Chatbots use Al and ML for analyzing the information to diagnose the problem using
symptom knowledge. The patient’s tone and his capability to breathe are checked during the problem
diagnosis. The best AI/ML model helped in detecting the problem 40% better than humans. The chatbot
could identify the symptoms 25% faster than the human representative.

The models can be improved by adding the questions, and conclusions, and improving the cardiol-
ogy and medical knowledge base. The chatbots and digital assistants can help in scenarios that involve
ambulances, emergency rooms, and general health care centers. In the COVID-19 pandemic period,
chatbots are becoming popular because of the capability of updatable medical knowledge bases.

DEEP LEARNING

Deep learning is deep structured learning. It belongs to the category of machine learning Al based
techniques. The deep learning model has multi-processing layers. The layers process the data which is
the input and pass it through different layers which identify the specific patterns and representations.
These layers classify the data based on the type of input. Deep learning has been applied in various
fields such as drug discovery, development, bioinformatics, plant genomics, toxicology, and genome
analysis. Computer vision and machine learning are also used for remote health monitoring and health
care data analysis.

Deep learning-based Al techniques are popular these days to detect heart problems. CNN-based
methods are being used for audio, video, and image processing in the medical domain. Medical images
like X-rays and lab reports are analyzed for diagnosis using CNN (convolutional neural network).

The convolutional neural network method has two stages which are convolution and pooling. The
basic characteristics of the lab reports are reduced during the stages. Convolution is about dividing the
heart problem-related lab reports into smaller pieces. The convolutional neural network typically has
more than one convolution and activation layer. The convolution layer is a filter that works on the dot
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product of the content’s input values and assigned weights. For example, the output sum can be for fil-
tering the X-ray report pixels. The activation layer helps in reducing the heart problem-related content
to a small matrix. The backpropagation algorithm is used for network training in the activation layer.
ReLu function is executed in the activation layer. The pooling stage reduces the filter size and sampling
down the lab report data. The network is trained using the different features of the lab report content,
which is unstructured. A multi-layer perceptron is a fully connected layer in CNN. The input vector
for this layer is single-dimensional. The output result is also a single-dimensional vector. The result is
based on a group of feature label probabilities. Labels stand for the class and classification decision is
based on the higher probability.

Neural network methods like ANN, CNN, LSTM, and RNN are popular. Al open source and com-
mercial software packages are listed below:

Google Tensor Flow
IBM Watson

Scipy

Azure ML

Keras

Google Al

NTLK

Pytorch

AWS Sage Maker

Now let us look at ANN (Artificial Neural network). ANN is based on a human neural network. An
artificial neural network consists of more than one node. Nodes are connected using links. Nodes can
interact with one another. Input data is sent into the nodes and they can perform operations on the data.
The output node is referred to as activation, and the node value is represented by the weighted sum of the
node values. Artificial neural networks are categorized as FeedForward and Feedback types. FeedForward
Artificial neural network is based on a unidirectional flow of information through the network. There are
no feedback loops in the FeedForward ANN. IT has fixed input and results. FeedBack Artificial Neural
network has feedback loops, and it handles content-addressable memories.

A recurrent Neural Network (RNN) is based on a standard neural network with the input of series
type. RNN helps in keeping the history and making decisions based on the history. A Recurrent Neural
network can have a hidden state vector related to the context. RNN reads the inputs in a sequential way
and transitions are applied in a non-sequential way. A recurrent neural network can work on hierarchi-
cal tree graphs which consist of parent and child nodes. A deep recurrent neural network can find the
relationship between the input and depth of RNN will be related to hidden layers, hidden to hidden
transitions, and hidden to result in transitions. A bidirectional Recurrent neural network helps in cor-
recting the past based on the future. This is used in speech and handwriting scenarios. Encoder decoder/
Sequence to Sequence Recurrent Neural networks are helpful in language translation. Two Recurrent
neural networks are used as encoder and decoder. The encoder updates the hidden state and creates the
context result. The decoder reads the result to translate the context to the result set. Long short-term
memory networks (LSTM) are based on vanilla Recurrent neural networks and have gates and cell states
to reset the context. Gates are used for addressing the issues with long-term dependencies. The above
techniques are used for EEG and ECG analysis. Deep learning methods are applied for the analysis of
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patients’ information to detect and predict cardiac arrest problems. ECG is used for analysis to predict
(Tanzila Saba, Amjad Rehman, et al. 2022) cardiac arrest before 24 hours of occurrence. ECGs classi-
fied as cardiac arrest-based is used in the classification and training process. Wearable devices are used
for identifying and analyzing heart problems.

Now let us look at the wearables, which can help in preventing and detecting sudden cardiac arrest.

WEARABLES

A defibrillator wearable helps the patients to detect and prevent sudden cardiac arrest. Defibrillator
based wearables can be as below:

Transvenous Implantable cardiac defibrillator (ICD)
subcutaneous ICD (S-ICD)

wearable cardioverter defibrillator (WCD)

left ventricular assist device (LVAD)

An implantable defibrillator helps patients using the ventricular tachycardia (VT)/ventricular fibril-
lation (VF) technique. This also helps patients who have haemo-dynamically significant ventricular
tachycardia. The implantable cardiac defibrillator is for patients who had a heart attack and they can
wear it after 40 days from the day of heart stroke and 90 days after bypass surgery.

The implantable cardiac defibrillator technique helps in preventing the following heart conditions:

ischemic and non-ischemic cardiomyopathies
congenital heart disease conditions

inherited channelopathies

cardiac resynchronization therapy (CRT-P)

Research studies have shown usage of an Implantable cardiac defibrillator helps reduce the risk
of death. Some patients get an automatic emergency cardioversion defibrillator (AED) instead of an
Implantable cardiac defibrillator. An implantable cardiac defibrillator is used by the following patients

after revascularization
myocardial infarction problem
cardiomyopathy

active infection

unknown prognosis

During the treatment and diagnosis using the wearable, Left Ventricular Ejection Fraction (LVEF)
helps in tracking the health of the patient. Normal LVEF condition refers to 65% of the left ventricle blood
being pushed with every heartbeat. Typically, ejection fraction changes based on the heart problems and
the treatment. It is observed the ICD helps in a 10% positive change in Left ventricular ejection fraction
for cardiomyopathic patients.

There are limitations to the ICDs which are listed below:
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ICDs can have a component failure
They can lead to a dysfunctional state
They can create inappropriate shocks
vascular oclusién can happen in patients
infection might be caused

skin erosion can happen

A wearable cardioverter defibrillator (WCD) can help in identifying ventricular tachyarrhythmias and
preventing sudden cardiac arrests. The other treatment can be mechanical circulatory support.
Patients can also receive the following treatments:

e  cardiac resynchronization therapy (CRT-P)
e  cardiac magnetic resonance imaging (cMRI)

The presence of late gadolinium enhancement (LGE) helps in detecting sudden cardiac arrest. There
are other wearables like smartwatches and wearable heart rate monitors which help in finding heart
problems. Athletes can use these to identify arrhythmias early before it becomes life-threatening. A
software platform that integrates with the wearables can help in remote cardiac monitoring of athletes
by doctors. Sudden cardiac arrest is the cause for around 350 k people in the athlete’s group. Wearables
help in avoiding the non-screening of heart problems. 80% of the heart issues are due to non-screening.
NIH research data shows 62 cardiac problems in the athlete’s data, which consisted of 2640 patients’
heart data. 50% of the cardiac deaths (24 out of 62 were deaths) were unexpected and first-time for the
patient. Young athletes can be a target for sudden cardiac arrests due to high-stress conditions in the
U.S.A. Figure 3 below shows the IoT Cloud interaction with wearables and sensors.

Figure 3. IoT cloud - wearable & sensors
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In the above figure, the IoT cloud is presented which gathers data through an API gateway. Devices
and sensors send data related to heart rate, light, humidity, sound, vital signs, temperature, water condi-
tions, speed, and movements to the API gateway which is stored on the IoT cloud. IoT apps consume
the data to present dashboard-like features to the patients and doctors.

Wearables help in identifying the abnormal heartbeat in the patient. False positives might come off
the data due to less precision. Wearables alert the patients to check with the doctor for a check-up. They
can help in detecting arrhythmia and it can be enhanced to gather more information about the patient.
Remote Cardiac monitoring devices certified by FDA can help the patients and doctors in high-stress
scenarios. These devices share the heartbeat to the cloud and physicians can access the information us-
ing mobile and desktop applications.

Now let us look at the smart devices and how they can help out in the heart monitoring of the patients.

I0T - SMART DEVICES
loT — Introduction

Internet of things (IoT) is a very popular term for a sensor/device-based network communicating for a
goal. Internet of things in health care is used for hospital asset tracking. Hospital assets can be patient’s
carts, oxygen pump equipment, defibrillators, sleeping beds, operating equipment, and other medical
equipment. IoT devices are used for monitoring medicines, vaccines, and patients for ideal environmental
conditions. They are also used for monitoring patients’ vital signs, sleep, and remote care. They can be
used for receiving alerts related to medical refills and sending emergency signals to the hospital and
emergency transport. [o] can help inimproving patient care and doctors’ decision-making. Transportation
time, disease identification, and health drug delivery can come down due to the usage of IoT sensors.
Real-life examples where IoT is used in hospitals are:

Remote monitoring and care for patients

Monitoring of Glucose and Blood pressure
Monitoring of Heart Rate

Patient’s Hygiene monitoring

Monitoring the psychological condition of the patient
Monitoring of memory-related brain condition
Inhaler — sensor-based

Sensors that are ingestible into a human body

Eye contact lenses — sensor-based

Sensors and devices for robot-based surgery

Sensor Data Integration

Data fusion is an evolving area that is related to sensor data integration and the creation of knowledge
bases. Data Fusion helps in providing contextual information, user involvement, etc., from the knowledge

bases and databases. Deep learning, Data fusion, and Data mining of the healthcare data help in identify-
ing potential issues. These technologies can determine the cause-effect relationships with the environ-
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ment. Data collated from sensors, mobile devices, fitness devices, (Harry Glorikian and Dr. Bob Arnot
2021) and smart city infrastructure helps in identifying critical issues which require immediate action.

Heart rate patterns can be detected by using smart devices and sensors. smartphones, wearables,
and implantable devices can help in tracking the patient’s heart condition. The sensors can be used for
measuring:

e ECG
EEG
e  Temperature

The sensors data can be used for detecting and predicting heart problems based on the trained Al/
ML model (Bernard Nordlinger, Cédric Villani, et al. 2021). The analysis of the sensors data comes up
with the following results:

. heart rate
° RR intervals
e  ST-segment

Note: RR interval is the duration between two sequential R peaks in an ECG signal. ST segment is
the flat portion of the ECG signal. The flat portion lies between the end of the S wave and the begin-
ning of the T wave.

A heart monitoring system integrated with sensors uses the AI/ML (Arjun Panesar 2019) model to
identify the abnormalities. Smart devices can also measure breathing patterns which help in detecting
the gasp which happens in a sudden cardiac arrest. Smartphones or desktop speakers can be used to
alert emergency care centers. Detection of gasps of breath during sleep is another scenario where smart
devices can help. Research study shows that 0.5 million people in the U.S.A die due to sudden cardiac
arrest and it happens in sleep. This observation is threatening for heart patients, as during sleep there is
nobody to help. Smart devices help in this scenario to prevent life-threatening situations.

Figure 4 below shows the heart monitoring system details.
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Figure 4. Heart monitoring system

BEEEBEEEEEEEEEEE
ORONEHE@HGHEEE
OEOOEHEEGEGEGEE
OO

BOOE/
@.@f

In figure 4, the heart monitoring system is shown which has home monitoring, pathology, quantifica-
tion, medication adherence modules, or equipment. Patient monitoring, personal health tracking, analytics
presentation, medical imaging, and genomics-related data gathering are some use cases for this system.

“This kind of breathing happens when a patient experiences really low oxygen levels It’s sort of a
guttural gasping noise, and its uniqueness makes it a good audio biomarker to use to identify if someone
is experiencing a cardiac arrest.” , ” - Dr. Jacob Sunshine, a researcher

The heart monitoring system can use breath sound recordings for training. Emergency calls can be
used for analyzing in real-time if the patient has a heart problem. The noise factors due to the following
are added to the training data.

° sounds of cats

e  cars honking
e  dogs barking
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e  air conditioning
° home interior sounds

This system uses smart speakers at home to constantly monitor the patient’s conditions like breathing,
heart rates, and pulse rates. The prediction will be done in real-time for sending emergency help to the
patients who are in life-threatening situations.

Sudden cardiac arrests are the cause of death in North America. Out of hospital deaths (OHCA) are
higher and 300k patients die every year. It is observed that the death is due to the following reasons:

e  disordered breathing
e  agonal breathing
e  gasping breaths

Note: Agonal breathing happens due to brainstem reflex in the setting of severe hypoxia

The integration of smart devices like smartphones, speakers, and audible biomarkers into the heart
monitoring systems helps in the prevention and detection of sudden cardiac arrest conditions in heart
patients. Emergency health care centers need to have heart monitoring systems integrated with call
centers and help can be provided by dispatching CPR treatment devices to the patients.
The challenges in creating this real-time monitoring system are:

patient sensors integration from home location to the cloud

agonal breathing scenarios are sudden

reproduction of agonal breathing is tough

snoring and obstructive apnea events can create confusion

accuracy of capturing sounds due to environmental factors.

patient’s privacy is another issue

patients prefer contactless devices as sensors

historical data of agonal breathing sounds do not have the right amount of data

TECHNICAL ISSUES

Al, Wearables, Chatbot, and IOT has great advantages in implementation. On the other hand, there are
many issues and challenges with these technologies. The errors caused due to these technologies can
cause side effects/ injuries, and give wrong predictions to the patients. The implicit confidence in tech-
nology vs explicit human error is perceived differently by the patient and the doctor. Al systems rely
on big data for accurate results. Cold start scenarios in the hospitals can give wrong predictions if not
properly populated with big data. Big datarequired can be dependent on the geography and demographics
of the patient in context. The other challenge is that data required can be from different systems and it
is most of the time collated as a separate part of the whole data. This can cause errors and the risk also
increases for the patient.

Privacy of the patient is a big challenge as most patients are not interested in sharing their medical
data. Improving upon the existing solution by having a feedback loop might not work if the patients are
worried about privacy issues. This might lead to data bias as most of the scenarios are not captured well
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in the testing and training data. The other area where medical professionals are worried about automation
might cause a decrease in the skills of human medical professionals. This might lead to scenarios where
errors might not be caught by the doctors and skilled professionals in the hospital. Reaching a high level
of perfection is a big problem as humans will never look out for improved options in medical research.

Many initiatives are happening in different countries to digitize data and create electronic health re-
cords in a citizen medical database. As discussed above, many hurdles are faced by health professionals
in digitalization of the health records. The exchange of health records for research is impacted by privacy
and legal issues posed by the patients. The lack of data in Al systems might cause predictions that can
be understood by doctors. The human body is mysterious, though it is similar it does not function the
same as others, with Al systems the computer analyses pre-fed data with a certain algorithm, therefore,
Al needs to update with the latest trend to meet requirements. The Al-powered solutions don’t think
out of the box if there are any deviations from the fed data the Al fails to recognize the complication or
ends up giving varied results.

WHAT’S NEXT

AI/ML, IoT, Sensors, Wearables, and Smart devices technologies are evolving and helping patients to
detect the heart condition very early before it becomes life-threatening. The goal is to build a sudden
cardiac arrest monitoring system that is contactless.
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KEY TERMS AND DEFINITIONS

1D: One-dimensional.

2D: Two -dimensional.

ACE: Angiotensin-converting enzyme.

AED: Automatic emergency cardioversion defibrillator.
ANN: Artificial neural network.

AUROC: Area under the receiver operating characteristics curve.
CI: Confidence interval.

CNN: Convolutional neural network.

CPR: Cardiopulmonary resuscitation.

CRT-P: Cardiac re-synchronization therapy.

CTM: Correlated topic model.

DLA: Deep-learning-based artificial intelligence algorithm.
ECG: Electrocardiography.

EEG: Electroencephalogram.

Grad-CAM: Gradient-weighted class activation map.
ICD: Transvenous Implantable cardiac defibrillator.
IRB: Institutional review board.

LDA: Latent Dirichlet allocation.

LSTM: Long short-term memory networks.

LVAD: Left ventricular assist device.

NLP: Natural language processing.

NLU: Natural language understanding.

OHCA: Out of hospital cardiac arrest.

PLSA: Probabilistic latent semantic analysis.

RNN: Recurrent neural network.

RRS: Rapid response system.

S-ICD: Subcutaneous ICD.

SCA: Sudden cardiac arrest.

SCD: Sudden cardiac death.

STEMI: ST-segment elevated myocardial infarction.
SVM: Support vector machine.

TTS: Track and trigger system.

WCD: Wearable cardioverter defibrillator.
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ABSTRACT

Ventricular tachycardia (VT) and ventricular fibrillation (VF ) are known ventricular cardiac arrhythmias
(VCA) that promote fast defibrillation treatment for the survival of patients and are defined as shock-
oriented signals, perhaps the most common source of sudden cardiac arrest (SCA). The majority of
existing VCA classifiers confront a difficult challenge of accuracy rate, which has generated the issue of
continuous detection and classification approaches. In light of this, the authors present a feature learn-
ing strategy that uses the improved variational mode decomposition technique to detect VCA on ECG
signals. The following SCA consists of a deep convolutional neural network (deep CNN) as a feature
extractor and bat-rider optimization algorithm (BROA) as an optimized classifier. The MIT-BIH arrhyth-
mia database is used to examine the approaches, and the analysis depends on performance indicators
such as accuracy, specificity, sensitivity, recall, and F1-score.
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INTRODUCTION

Sudden cardiac death (SCD) is an important mortality factor that can be avoided. It is predicted to have
a global annual prevalence of 5.2 million individuals (Rajendra Acharya et al., 2020). SCD is described
as a heart failure that happens around 24 hours of the onset of symptoms perhaps within 24 hours after
the last time the sufferer had been seen well (Sielski et al., 2021). The heart stops pumping or ceases to
beat properly in heart failure, resulting in termination of the oxygen supply on the entire body leading to
a shortage in flowage of blood. Ischemic brain damage occurs within seconds of cardiac arrest (Gentile
et al., 2021) (Raziani et al., 2021), providing only a narrow time frame for treatment to prevent SCD.
Ischemic heart disease causes the majority of SCD patients, however primary arrhythmic disorders are
frequent in persons under the age of 30 (Nguyen et al., 2018). Early electrocardiographic (ECG) detection
of abnormal electrical vs. normal electrical rhythm during circulatory collapse is critical, irrespective
of the aetiology (Crea et al., 2021). By recovering the appropriate heart pumping rate, the shockable
ECG signals such as VF and VT can return to standard sinus beat. Shock therapy, on the other hand,
will not restore sinus rhythm or cardiovascular flow in non-shockable beats such as asystole or pulse-
less electrical impulses (Tripathy et al., 2018), wherein electromechanical divergence prevents cardiac
shrinkage despite an organized electrical heart rate. Artificial intelligence (Al) techniques have indeed
been frequently integrated into the Computer-Aided Arrhythmia Classification (CAAC) scheme that
improves overall accurateness by smart identification of shockable ECG rhythms, providing certain
prognosis management that is premised on the appropriate ECG analysis throughout the cardiac arrest.
The bulk of SCDs happens outside of the hospital, where ECG detection and treatment are unavailable,
resulting in poor survival and cerebral outcomes disorders (Hagiwara et al., 2018). AED devices are
commonly employed in the event of cardiac arrest to distribute electrical pulses to the heart to restore
a stable heartbeat (Kranc et al., 2021). The establishment of innovative CAAC systems and associated
Al-based methodologies is motivated by expanding development of accurate ECG rhythm diagnosis.

Figure 1. The architecture of ventricular arrhythmia detection
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Figure 1 (Sabut et al., 2021) shows the usual approach for detecting ventricular arrhythmias, which
includes ECG data gathering, dissection, feature extraction, and categorization. A high-pass filtration is
done to reduce baseline drift, while a notch filter was used to eliminate powerline disturbance. The VF,
VT, and normal occurrences were picked from ECG signals using a 5-second interval and then de-noised
using the wavelet and decomposition methods. To create a big hybrid dataset with more dimensions,
there is a requirement of time-domain ad frequency domain-oriented characteristics, which can be used
to improve the composite methods.

Deep Learning (DL) is a phrase that relates to research by extraction, forecasting, and intelligent
decision making, or, to put it another way, recognizing layers using a set of information, referred to as
training data (Joshi et al., 2022). DNNs are more scalable than traditional learning methods because
improved accuracy is typically attained by raising the capacity of the network. Several Deep Learning
(DL) models, such as the dimensional Convolution Neural Network (Dinakarrao et al., 2019), AlexNet
version architecture, and Deep Belief Network (DBN), have indeed been presented in the latest days to
enhance the precision of various learning tasks. The improvement in the neural network can be done
by reducing the time consumption while constructing the layers so that the delay can be reduced in the
overall network (Gharehbaghi et al., 2019). Even though the concept of a deep-time developing neural
network is well-suited for biosignals, particularly some with periodic properties, its applicability to At-
tribute selection is still to be investigated.

DL approaches have limits, despite their success in boosting classification performance when com-
pared to older machine learning methods. Deep networks are computationally costly for processing
construction with a large memory footprint. As a result, DNN-based arrhythmia classification software
is predominantly used on CPUs and/or GPUs and it is not a realistic solution (Piccirillo et al., 2022). As
aresult, present DNN hardware implementations are too large to be used on power-constrained wearable
components. The suggested deep learning approaches are effective for a restricted number of arrhythmia
categories, as per the research articles. Owing to the difficulty of building the classifier and the materials
needed, creating a complicated model for categorizing all ECG arrhythmia has not been demonstrated
to be useful. The majority of the publications examined concentrated on ECG amplitude and phase;
nevertheless, various essential factors such as the patients’ physical status (e.g., time of life, gender,
medical problems, behavior, and so on.) remain unaccounted for in the field (Sayantan et al., 2018).

Convolution neural classification has been demonstrated to be successful for arrhythmia classification,
as per the best classification techniques provided. Dynamic classification algorithms are smart enough
to process two types of components such as long and short term efficiently in all scenarios (Yildirim et
al., 2018). The basic architecture of CNN can be able to perform well for classifying the different types
of arrhythmia powerfully and hence it can be considered a significant architecture for this work.

The rest of this chapter is ordered as follows - Section 2 mentions a few existing research works, Sec-
tion 3 shows the proposed approach and methodologies, Section 4 exhibits the experimental outcomes
and discussion, and, finally, Section 5 ends up with a conclusion and future work.

RELATED WORKS

Several research has demonstrated the potential of neural networks to classify cardiac arrhythmias. Nev-
ertheless, these studies are mostly focused on and evaluated single-lead ECGs, whereas multiple-lead
ECGs record heart activity in several ways.
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Deep convolutional neural network (CNN)-based techniques for authentic arrhythmia detection were
used (Wu et al., 2020). Firstly, they created a deep convolutional network model with higher levels.
This model achieved standard state-of-the-art performance on the PhysioNet/CinC AF Classification
Competition 2017 dataset with the assistance of preprocessing. Systems with poor computer resource
needs are preferable. A binarized model utilizes substantially less computational speed and storage space
than a full-precision model, according to research. Using a Cascaded Convolutional Neural Network
(CCNN) and subjective description manner, (Yang et al., 2021) offers a 12-lead ECG arrhythmia clas-
sifier model. First and foremost, the one-dimensional (1-D) CNN is intended to automatically remove
the features from the individual lead indicator.Following that, features are concatenated as a contribu-
tion to two-dimensional (2-D) densely linked ResNet modules for categorizing the arrhythmia, taking
into account temporal relationships and spatial scales among different leads. In (Allam et al., 2020) the
author suggested a method for improving ECG beat arrangement by fixing the little quantity of training
data using Stockwell transform (ST) and two-dimensional residual network (2D-ResNet). ST delivers
time-dependent and amplitude-dependent dynamic resolution when converting an ECG signal to a time-
frequency region. As suggested by the National Association of Biomedical Technology, the resulting
ST pictures are used as information for the suggested 2D-ResNet to categorize various modes of ECG
signals among patients. The Optimum Recurrence Plot based Classifier (OptRPC) is a nonlinear process
approach for categorizing the ECG rhythms by integrating them in the higher - dimensional way by
developing an optimized recurrence plot, as described in (Labib et al., 2022). These recurrence graphs
are then classified using a Convolutional Neural Network design. An innovative and computerized
technique for Local Feature Subset Selection is utilized by (Ebrahimzadeh et al., 2019) by picking the
rigorous methodologies for features extracted in a nonlinear manner, where the time-frequency and clas-
sic properties are developed in earlier publications. As a result of the activity of best feature assortment
by fixing proper interval between every signal propagation, that can able to choose features that diverge
from each other in each minute before the incident. Utilizing a 2-second subdivision of 2D recurrence
plotted images of Ecg data, the author constructs a new deep learning algorithm for successfully diagnos-
ing arrhythmia (Mathunjwa et al., 2021). The ventricular fibrillation (VF) classes can be differentiated
throughout the first stage. The atrial fibrillation (AF), normal, early AF, and early VF categories were
separated in the second phase. The author (Huang et al., 2019) suggested a two-dimensional (2D) deep
convolutional neural network technique for ECG feature classification. Moreover, Fourier transform
was opted to exchange the ECG wavelet packet impulses into frequency domain spectrum analyzer for
detecting dissimilar heartbeat such as, Premature ventricular contraction pulse left bundle branch block
pulse, right bundle branch block pulse, and atrial premature contractions pulse. Following that, the ECG
arrhythmia categories were recognized and categorized using the spectrograms of the five arrhythmias.
Because of its exceptional quantitative feature extraction capacity, the gray-level co-occurrence matrix is
used for feature vector characterization as indicated in (Sun et al., 2019). Furthermore, the resulting 3D
multi-scale GLCM is dynamically categorized using the convolutional neural network (CNN) technique.
Investigations showed that the suggested method is quite effective at detecting morphological arrhythmias.
Such findings indicate that the GLCM descriptions can accurately recover the geometry characteristics
vector from lead ECGs with strong clinical outcomes for a wide range of different arrhythmias. The
author (He et al., 2019) suggested a new deep neural network architecture for automatically classifying
arrhythmias (DNNs). The 2 DNN classifiers are skilled to retrieve the characteristics from the original
ECG signals using the residual layer, dropout layer, and aggressive layers. These retrieved features are
combined into a feature vector, which will then be trained to perform the final classification. Represent a
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new Multi-Lead-Branch Fusion Network (MLBF-Net) topology for arrhythmia categorization that inte-
grates multi-loss optimization to simultaneously acquire multi-lead ECG heterogeneity and consistency
(Zhang et al., 2021). The constructed architecture is made up of 3 parts: 1) manifold push branches to
process the uniqueness of multi-lead ECG; 2) bridge the extracted features by fashioning the authenticity
of multi-lead ECG by appending the output local features of all branches; 3) construction of multi-loss
layer for all local branches and the cascaded system. Using the VF filter leakage characteristics, spectral
characteristics, are detected as shown in (Alwan et al., 2018), which produced a detection performance
of 73.5% using a machine learning classifier when identifying VT and VF. The high-dimensional set of
features maintains more essential information within ECG data, resulting in a 73.5% accuracy rate. Such
approaches, on the other hand, are largely considered as time domain-oriented characteristics produced
by any of these methods and classified using common classifiers such as artificial neural networks and
SVM classifiers. These techniques showed promise in forecasting VT and VF; nevertheless, because VA
is a critical heart arrhythmia, its forecast rate needs to be improved at a quicker speed.

The aforementioned studies demonstrate that a deep neural network can understand complicated
representative attributes in an unsupervised manner dynamically, reducing the manual features selection
and allowing to generate of end-to-end learning methods that take ECG signals as input and forecast ar-
rhythmia class as outcome while retrieving the “deep features” (Salem et al., 2018). DNNs, on the other
hand, demand a large quantity of data in the testing phase as compared to conventional classification
algorithms. Because the datasets that are publically available in this sector are small, this issue generates
a gap between computational complexity and feature level.

SYSTEM MODEL

Initially, the MIT-BIH Arrhythmia Database is executed for finding the classes. The pre-processing
of the signal takes place to reduce the noise and frame blocking followed by data normalization. Next
Feature extraction is carried out using Deep Convolution Neural Network by adopting an Adaptive learn-
ing method, biased Dropout process, and pretraining process. After extracting the features, the required
features are selected using the ensemble method. Finally, the Bat Rider Optimization algorithm helps
for proper classification of the presence of cardiac arrest or not.
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Figure 2. Block diagram for classifying the presence of cardiac arrest
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DATASET DESCRIPTION

The ECGs in the MIT-BIH Arrhythmia Database come from a collection of over 6000 lengthy Holter
recordings taken between 1975 and 1979 by the Beth Israel Hospital Arrhythmia Lab. Hospital patients
provided around 60% of the data. This database includes 23 records (numbered 100 to 124 inclusive,
with some statistics losing) random selection from this series, as well as 25 records (numbered 200 to
234 accessible, including some statistics losing) chosen randomly from the same set to portray a diverse
range, but signidcant manifestations which cannot be given as a comparatively tiny indiscriminate il-
lustration of Holter recordings. Several of the 37 tracks are somewhat more than 27 minutes. Segments
have only been discarded if none of the two ECG signals have been of good enough quality to be ana-
lyzed by human experts. Nonlinear ventricular, junctional, and supraventricular arrhythmias, as well
as transmission anomalies, were included in the second batch of records. A few of these recordings are
selected since the signal, QRS morphological fluctuation is visible. Hence, these records have attracted
a lot of attention from database users. The participants were 25 men and 22 women, between the age of
32 and 89-lifetime duration.
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CLASSES IN DATABASE

ECG signals from 5 categories are included in this dataset: ‘N’-0, ‘S’- 1, ‘V’-2, ‘F’- 3, and ‘Q’- 4. These
categories’ ECG signals have the qualities listed below. With a maximum of 1,09,446 samples comprising
the 5 aforesaid classes, the Eeg data given in the database are rendered at a sample occurrence of 157 Hz.

Normal, Left or Right packet root, Atrial escape, and Nodal escape are all in the ‘N’ category.

Atrial Premature, Aberrant Atrial Premature, Nodal Premature, and Supra-ventricular Premature are
all classified as ‘S’ signals. ‘“V’ Category is showing Premature ventricular contraction and Ventricular
escape

Integration of ventricular and normal is labeled as ‘F’, while paced, synthesis of paced, and standard
Unclassifiable are labeled as ‘Q.’

Noise Pre-Processing

Interferences from inputs such as power-line disturbance, muscular contractions, and baseline drift gen-
erally pollute them, blurring the properties of the ECG signals for categorization. Original ECG signals
in the databases are hence noise reduced denoised with the help of a five-order Butterworth lowpass
(45 Hz) filter to eliminate interference and remove background fluctuation, with the goal of limiting the
belongings of pollution on the representation unit.

Frame Blocking

In this investigation, a frame blockage strategy developed from cardiac electrodes is used to unify the
duration of several ECG recordings. Frame blockage, hence split signals into short, overlapping frames,
allowing for a smoother transition between neighboring frames while maintaining data integrity. Due
to the closeness among signals and ECG time sequence, the frame blockage approach is capable to
standardise the recording duration of ECG signal. Each frame is differentiated with its unique length,
for instance L, is the length of the 1-th frame which is given by

L=L +1 (1)

The raw ECG signal may have a total length of G, with the total number of frames can be given by
L, with the length L, Hence, the equation can be expressed as

L=(G-L)/ (L -1) 2

We adjusted L, and L to 500 (sampling points) and 15, correspondingly, to keep as much of the ac-
cessible ECG signals at every record as feasible, but we used the L variable to match the duration and
count of frames.

ECG Denoising

An ECG signal is a less-amplitude signal with a frequency band between 0.3—40 Hertz and a signal
amplitude must be lesser than 200 mV. The factors namely, noise, myoelectric interference, baseline
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float, and spectral interference, can contaminate such faint signals, hence recorded ECG observations
frequently. The cutoff was determined using the Stein impartial likelihood approach and the Daubechies
wavelet basis operator. A depiction of an ECG signal before and after denoising is done. Note that the
ECG signal’s amplitude was normalized to the interval [0,1].

Data Normalization

Data normalization’s major goal is to increase performance by reducing the impact of features with mas-
sive data quantities on the classider. For data normalization, the suggested method uses a centering and
resizing method for the dataset which further increases arithmetic consistency. The centering adjustment
is done to bring the average value of features down to zero. After centering a set of data e such that e=
{e.e,.e,,....e } awe get a new set of converted observations given as

Cen = {x,— u(x)} 3)

where, cen = cen_,cen ,,...,cen andnisthe sumofobservations, and the resulting mean ,u(cenx) equals 0

After centering, a scaling transition is used to give cen_a one-standard-deviation standard deviation.
The scale conversion is based on the division of every data in cen by the standard deviation of all data
in set x and is given by,

sc, =—% 4

such that o(scx equals 1.
Feature Extraction using Deep Convolution Neural Network

By retraining, CNNs may produce significant characteristics in terms of weight and threshold auto-
matically. In this paper, a new CNN with dual conv_layer, single pool_layer, single smooth_layer, and
full_connent_layerare presented for the categorization of heartbeats.

Figure 3. Deep CNN architecture based extraction
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Figure 3 (Li et al., 2018) depicts the structural design and configuration of the projected CNN. Ev-
ery convolutional layer in this network can be thought of as a fuzzy filter that improves the elements of
the unique signal while falling noise. Every feature map has a convolution size of 2 X 11 and a stride
of one. The greatest sub-sampling layer (i.e., the submixing layer) subsamples the signals using the
restricted correlate concept, retaining crucial data while limiting the cost of data dimensions. The stride
is two and the pooling size is two. The information in the pool_layer is altered to extracted features by
the flatten_layer. In the single smooth_layer, the biassed dropout approach is used. Here, the activation
function is found by rectifier linear unit (ReLLU), the loss function was given by cross-entropy, and the
adaptive learning rate method was the ADADELTA method.

Adaptive Learning Rate Method

By potentially setting the learning rate, the ADADELTA adaptive learning rate system was applied to the
suggested CNN. The basis of the strategy is to accumulate the sum of squared incline above a window
of historical slopes of a certain defined size, and this method uses a different information gain for each
parameterization. The quadratic gradient’s moving average E is derived:

E‘gz‘:p.E|g|2.t+(l—p).gt2 ®)

Where g, the gradient of the present time ¢ and p is a decompose constant. Every iteration’s value is
calculated as follows:

Ax,=——2 6)
RMS[g],

where o is the training error that determines the size of a gradient step.

BIASED DROPOUT PROCESS

A biased dropout strategy was chosen for the proposed Deep CNN to minimize the rising training time.
The activation level of the hidden state unit is utilized to obtain the benefits towards network perfor-
mance with biased dropout. Generally, a hidden unit group’s dropout rate is contrariwise correlated to
its contributions to improving the network’s performance. The maximum number of hidden units in a
given hidden layer are separated into two groups based on their involvement in the beneficial value The
dropout rate could be calculated below: where p1 denotes a low drop - out rate, whereas p2 denotes a
high dropout rate.

p2=cpl (c>1) (7)

The standard dropouts rate, p is calculated as follows:
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3 (pl nl+ p2.n2)

®)

n

wherein n1 and n2 are the hidden layer unit numbers in every group, respectively. The Bernoulli distri-
bution could be used to express the drop-out rates of a definite Ith layer.

0 = bernoulli(p) )]

and upgrading of the Ith layer’s deep CNN result can be able to be expressed as

yoo=rory (10)

(1) — 14D % y.(z) + o) an
wherein y(l) is the Ith layer neuron output, z(”l) s the activation function input, w™ s the weight
factor.

Figure 4. Biased dropout non-linearity function
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This calculated the Pearson correlation coefficient whenever random samples were given to those
layers to determine the extent of co-adaptation between the pre-nonlinearity installations. Due to the
obvious CNN’s weight pooling and local connectivity design, we discovered that neurons on the very
same channel are associated with others in the convolutional layers, as seen in Figure 4 (Lee et al.,
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2020). We calculated the Pearson correlation coefficient whenever random samples were given to those
layers to determine the extent of co-adaptation between the pre-nonlinearity installations. Due to the
obvious CNN’s weight pooling and local connectivity design, we discovered that neurons on the very
same channel are associated with others in the convolutional layers, as seen in figure-4. If the weights
Wc and Wd, j from the convolutional layer’s channels such as ¢ and d are independent, hence either
two neurons on each channel, Xc and Xd, can be activated. As a result, the dropout across channels in
CNNs can be functionally identical.

Pre-Training Process

These two networks seem to be fine-tuned using the Clarifai net and the VGG Net-D model. During
the first convolutional layer, the Clarifai net uses a kernel of length 7 X 7 to filter the signals to acquire
relevant data, which includes more contextual information, making it simpler to distinguish the signals
but more difficult to switch partial occlusion. The VGG Net-D network uses a narrower 4 X 34 conv_
kernal to filter signals by getting hold of a restricted sequence, which contains a higher level of signal
information to discuss the noise, but it lacks multilateral superiority. We investigate feature fusion to
collect global and local information concurrently to discriminate more prominent signals in the network,
resulting in improved performance, because all the layers in the network have a great capacity to unite
the features and generalize well. With a maximum scale of 6 and a scaling factor of 0.8651, we create
a pyramidal structure. owing to a connection input window of size 153x 153, to identify the signals in
the range of 32 X 28. We turn full_conv_layer into conv_layer and restructure layer settings due to the
increased computational costs of the original sliding window method; then we use the full_conv network
to handle input signals of random sizes. Every sliding window of width 5 X 5 at the fc6-Conv layer in
the convolutional network equates to a detection window of size 153x 224, on the original signal; the
full_conv network may remove characteristics of all cluster centers but with only one forward iteration.
As aresult, the last pooling layer can be computed with numerous starting positions, each of which cor-
responds to a max-pooling map. Over the last pooling layer, we utilize max-pooling with a stride of 4;
as a result, every input feature map incorporates 8 output feature maps.

To minimize partly cover with a stride out of 4 at the max_pool layer, we designate each starting point
adjustment; there are only (4 X 4) =16 offsets present, specified as Off= (0,0), (1,0), (0,1), (1,1)}. For
each offset Off(o= (ox,0y)l0) , is considered as an input feature map, and hence single output feature
map was produced, where Off is the position of beginning place at the top right on the input matrix for
pooling. Beginning from the top left, offset max_pooling with kernel diameter of 2 X 2 and stride of
4 can produce output local features of dimensions 5x 5, 2 X3, 3X 3, and 4 X 4 by beginning at the top
left layer, correspondingly. And the four output feature maps above match the 25 detection windows of
size 2 X 2 on the input feature map. However, in a standard pooling process, can be done on a single
softmax layer of size 2 X 2 on the input matrix, which equates to just 5 detection windows of size 2 X 2.
An original input map of size 7 X 7 can yield a feature map of the average size of 5, which corresponds
to 25 exposure windows of size 3 X 3 on the input feature map, by applying max-pooling with a kernel
size of 3 X 3 and stride of 1. As a result, our strategy is comparable to halving the stride length in order
to conduct denser detection.
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Feature Selection

Feature selection is a method of selecting a fraction of unique features while assessing the significance
of the class label. The raw dataset can have a huge amount of characteristics and instances. To detect
and delete irrelevant characteristics, feature selection is required. The goal of feature selection is to
improve the accuracy rate. These approaches are divided into three groups. Filter approaches pick fea-
tures using selective parameters that are mostly unaffected by classification. The second set of feature
selection techniques is wrapped techniques. The significance of features is accurately observed by a
model’s predictive performance. The third category of feature selections is integrated techniques. The
data-mining technique includes feature selection by default. These methods construct a decoder using
all of the characteristics, then assess the classifier to determine the relevance of the variables. On the
UCI cardiac arrhythmia dataset, we employed a variety of feature selection algorithms to minimize the
dimensionality and find the three top dataset models.

Ensemble-Based Feature Selection Method

This section outlines how to classify arrhythmias using an ensemble method based on feature selection.
The necessary phases are included in the Ensemble-based on Feature selection method: (1) Using the
feature extraction technique, separate the original data into multiple subgroups. The result would have
been more than multiple disjoint groups of features, (2) assessment of the accuracy rate of the subsets,
(3) ensemble formation with voting, (4) a concatenated classifier assessment step employing quadruple
data mining algorithms.

The following equation shows how to evaluate weight:

wj:(e(cj)—e(cjfl)).(n—j) (12)

where e(c)) is the training error of the ¢, classification’s training error acquired during the process of
learning, and n represents the number of classifiers? The class labels for an occurrence are determined
once the ensemble classifiers have indeed been constructed:

f ()= argd e, (x) 13)

Complex Geometrical Features Denotation

To estimate characteristics from the observed Pulses, whether normal or arrhythmic, using the developed
model, a valid time centre for each QRS complex must first be acquired. Using the emergence coordinates
of the associated QRS complex, the absolute min and max indices of the extracted DWT dyadic scale,
are computed. The optimal time centre of every identified QRS complex is found, as per exhaustive
analyses completed which reaches the mean of the zero-crossing sites of the extracted DWT. To create a
virtual close-up of each detected QRS complex, a rectangle with the following characteristics is created

73

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Sudden Cardiac Arrest Detection

QRS complex is fiducially located at the rectangle’s left-side mid-span.

complex’s actual range from the fiduciallytip is half the rectangle’s elevation.

time-centre of the QRS complex is located in the centre of the rectangle.

range between the QRS time centre and its location is represented by the right-hand ordinate of
the rectangle.

Following that, each QRS region and its matching DWT are treated as virtual pictures, with each being
partitioned into 16 polar sectors. The curvature length of every extracted section is then calculated and
is used as feature space components. In a window with length WL samples, the quantity curve-length
of a theoretical time-series data, x(f) can be approximated as:

k+w,_

M, (k \/1+ (1+1)-x(1))F,] (14)

S

where F_ is the time series” sampling frequency and x is the length of the instance series x(7). The curve
length can be used to determine the signal’s duration, with x(t)events being either well-built or weak.
The M (k) metric, in general, shows the level of sample flatness in the analysis window. Sharply elevated
phases in the excerpted portion can be detected using this technique.

Proposed Bat Rider Optimization Algorithm (BROA)

The proposed BROA technique combines the multi-objective bat algorithm (MOBA) with the Rider
Optimization Algorithm (ROA) by utilizing the bypassing rider’s update rule with the assistance of
ROA’s updated formula. The suggested BaROA algorithm combines the advantages and disadvantages
of MOBA and ROA, significantly, it achieves better convergence speed with a comprehensive optimal
range and a larger predisposition toward the local optimal avoidance mechanism. On either side, good
convergence rates ensure that the solutions are diverse, and BaROAs needed to cope with numerous
objectives are beneficial. Generally, ROA is built on hypothetical principles and theories, which employs
a novel computing platform known as fictitious rendering, which is a distinct calculating stage from
artificial computing and nature-oriented systems. ROA is dependent on the riders’ efficiency traits,
which are divided into four categories: bypass, overtake, aggressor, and follower. Every rider has their
personality, and they all want to get to their destination. The best rider is determined by a factor known
as success rate, which should be as high as possible for the top or lead rider. Additionally, it is worth not-
ing that under the fictional paradigm, ROA is the sole optimization. The most important aspect of ROA
is that it renders the global optimum, which is nothing more than the classifier’s connection weights.
Furthermore, the locations of all the other four groups of riders are updated depending on the position
of the lead rider, and the parameters required for upgrading the locations include the steering angle,
accelerator, gear, etc. The location of the rider is updated based on the leader’s location, and the opti-
mization maintains them away from the local minimum avoidance of the tiny local region. The attacker
is responsible for the attacker’s capacity to perform local optimal evasion. On either side, ROA has a
faster rate of convergence, which would be dependent on big global boundaries and the synchroniza-
tion mechanism with effort. As a result, the locations are first updated in a randomized way in order to
explore the environment. The overtake obtains the optimum search space, which is determined by the
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success rate and directional pointer, whereas the follower utilizes the locations with various dimensions
to the lead rider. It’s interesting to observe that the attacker’s searching pace is boosted as a result of the
multilayer search. Furthermore, ROA provides efficient findability. The capacity to switch the multi-
objective function, on the other hand, is a huge question wherein the MOBA significantly contributes.
As a result, combining the MOBA with the ROA allows for effective multi-objective handling. The
echolocation of bats in identifying prey is the basis for MOBA. The algorithm phases of the suggested
BaROA are as follows:

Step 1. Initialize the bat constrains
Step 2. Adjust the global best location x, as well as the ith bat’s pulse duration, speed, and location as

follows:
fi :f;nin +(f;nax _fmin)ﬂ’ ﬁi[o’l] (15)
vt =V () +x) (16)
= x (17)

t

v: and x: represent speed and location at time t, v;“ and x:+1 represent positions and velocities at
time t + 1, and B is a randomized value between 0 and 1 and 1.

Step 3. The following equation generates a new solution for the bat if the random number is bigger than r..

A

x =x, +I1A (18)

new old

where 1 is a random number, € { [— 1, 1], and A’ stand for the average quantity of all bats at instant t.

Step 4. The new solution is approved if the random number is less than A, and F(x)<F(x*). Then, update
A, and r, correspondingly.

AT =ad (19)
r=r[1-¢"] (20)
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where Ai’+1 = and Ai’ denote the loudness at times t and t + 1, respectively; rl.o and ri’ are the early
pulse speed and pulse rate at instance t, correspondingly, a is a constant parameter in the range [0, 1], y
is a stable constraint, and y>0

Step 5. Arrange the bats by fitness level and consider the current best solution x *
Step 6. Repeat Step 2 till the maximum number of generations has been achieved, and then produce the
globally optimal.

Depending on the exact optimal solution, the penalty constraint’s value should be as maximum. The
impact of the objective function is negligible when the inequality constraints are satisfied. A reasonable
number for the weights and biases is known to offer a compromise on the algorithm’s global and local
exploration abilities. It was deduced that the device should begin with high weights and biases for global
exploration, and hence it should decrease in subsequent rounds to allow for finer local explorations. The
parameter provided by a concave function, on the other hand, will dramatically speed the convergence
rate, causing the algorithm to drop into a local optimal. Regarding the best algorithm, there is some
operator in the iterations that outperforms the others. As a result, by picking the proper operators at dif-
ferent periods, the algorithm’s global search capabilities can be boosted even more.

Classification of Detected Signals using Deep CNN_BROA

Convolution map: The convolution operation is a fundamental element in CNN, and its goal is to iden-
tify and extract data. However, in CPU-based models, it’s being used to refine the derived feature using
R-peak analysis. It is made up of a collection of learnable square filters that aid in the identification of
acceptable feature sets. Every filtering is employed to the ECG signal’s raw data.

Max-pooling map: Convolution layers are separated by sub-sampling layers in the proposed CNN
architecture, and operate as a unique extracting features strategy. Although a layer of max-pooling can
be utilized instead of feature selection, we applied optimization approaches separately in this study
to boost the probability of feature originality by employing the ROA as an optimization strategy. The
trained model receives the output of the max_pool_layer, which contains the highest activation rate to
construct the structural model.

The operation of the ReLu layer is to improve the speed while training happens, hence neglecting the
issue of gradient function. This layer is protected with improved specifications for better classification of
heart disease by observing the ECG signal. The Categorization model named Heartbeats Categorization
Model (HCM) is cinched with the suggested Convolutional Neural Network (CNN) for better accuracy.

In multiclass classification, the cross-entropy loss function is commonly utilized. The formula is as
follows:

L :—[y,.log y;+(1—y1.)log(l—y;)] (21)

where y. is the anticipated likelihood and y; is the label During training, in each instance samples from
a batch are supplied to the network, and the average score of the batch’s loss is called the batch’s loss.
Owing to its simplicity, it is unable to distinguish between losses from distinct samples in a batch during
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training and so enhances the accuracy rate further. A batch sample’s loss is arranged in descending order,
with the highest values being averaged as the final loss. Throughout the training, it emphasizes am-
biguous data with large loss values and enhances classification accuracy toward those.

EXPERIMENTAL ANALYSIS

For the arrithyima forecast, the outcomes and discussion of the suggested deep CNN_BROA network
are used and we assess the success with various performance metrics. Finally, there is an experiment to
equate the efficiency of the proposed model with other applications of deep learning. Using measure-
ment metrics such as accuracy, sensitivity, specificity, and F1-score to assess the effectiveness of the
proposed system. accuracy is the proportion of overall subjects accurately identified.

Accuracy = 2TP+ 21N (22)

YXTP+>TN+>FP+X>FN

The number of patients with cardiac arrest is sensitive.

e > TP
Sensztlvzly = m (23)

Specificity is the percentage of individuals who have no negative illness. The recall is the same as
specificity.

Specificity = % (24)

A harmonic means of accuracy and recall is F1-Score. These are

2x Recall x Precision
F1-Score = (25)
Recall x Precision

where TP and FP represent the correct and incorrect classification of cardiac arrest subjects. Similarly,
TN and FN denote the percentage of subjects not possessing cardiac arrest who are correctly and incor-
rectly listed, respectively. Table 1 shows the proposed deep CNN_BROA network model performance
with different performance metrics and its data on training and testing. The metrics used for evaluation
are accuracy, Specificity, Sensitivity, and F1-Score.
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Table 1. Performance of deep CNN_BROA network for 100 epoch size
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Data
Performance Metrics
Testing (%) Training (%)
Accuracy 94 89
Specificity 98 91
Sensitivity 94 82
F1-Score 90 84

Figure 5. Comparison of training and testing model for 100 epochs
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Figure 5 shows the proposed deep CNN_BROA network training and testing model for 100 epochs.
The X-axis represents performance metrics and Y-axis represents values obtained. The blue color indicates
the testing data and the maroon indicates the training data. The proposed deep CNN_BROA network
model achieves 94% and 89% of testing and training accuracy, 98% and 91% of testing and training
specificity, 94% and 82% of testing and training sensitivity, 90% and 84% of testing and training F1-score
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Table 2. Performance of deep CNN_BROA network for epoch size=200 and 300

Epochs=200 Epochs=300
Performance Metrics
Testing (%) Training (%) Testing (%) Training (%)
Accuracy 94 80 97 84
Specificity 93 84 93 82
Sensitivity 96 87 95 81
F1-Score 93 84 92 85

Figure 6. Comparison of training and testing model for 200 epochs
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Figure 6 shows the proposed deep CNN_BROA network training and testing model for 200 epochs. The
X-axis represents performance metrics and Y-axis represents values obtained. The blue color indicates the
testing data and the maroon indicates the training data. The proposed deep CNN_BROA network model
achieves 94% and 80% of testing and training accuracy, 93% and 84% of testing and training specific-
ity, 96% and 87% of testing and training sensitivity, and 93% and 84% of testing and training F1-score.
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Figure 7. Comparison of training and testing model for 300 epochs
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Figure 7 shows the proposed deep CNN_BROA network training and testing model for 300 epochs. The
X-axis represents performance metrics and Y-axis represents values obtained. The blue color indicates the
testing data and the maroon indicates the training data. The proposed deep CNN_BROA network model
achieves 97% and 84% of testing and training accuracy, 93% and 82% of testing and training specific-
ity, 95% and 81% of testing and training sensitivity, and 92% and 85% of testing and training F1-score.

CONCLUSION

The suggested deep convolutional neural network with Bat-Rider optimized Classification Phase (deep
CNN BROA) is used in this paper to provide an autonomous technique for arrhythmia classification.
The ECG data are first input into the feature extraction module, which extracts the features that correlate
to the pulses. The chosen characteristics are sent into the arrhythmia classification algorithm, which
categorizes the patient as having an arrhythmia or being normal. Deep CNN is a classifier that provides
accurate categorization and is completely automated. The suggested BROA’s advantage in training the
classifier is classification accuracy. The experiment is carried out with the help of the MIT-BIH Ar-
rhythmia Database, and the study is premised on the assessment metrics. The maximum values of the
suggested arrhythmia classification algorithm were obtained as 97%, 96%, 94%, and 95%, for accuracy,
sensitivity, specificity, and F1-score respectively. The future work concentrates on the need for research
in the areas of security and privacy issues related to technologies used for cardiac arrest prediction
developments. Furthermore, technology should be utilized to assist and motivate frontline healthcare
practitioners and officials in the fight against cardiac arrest.
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ABSTRACT

Assistive devices and technology reduce a person’s dependency on others while also improving the overall
quality. Wheelchairs, visual aids, hearing aids, and specialist computer software and hardware systems
help the elderly and disabled improve their hearing, vision, mobility, and communication. Assistive
technology, for example, provides enormous opportunity to improve the effectiveness of both health and
social care delivery. ‘Low-tech’ products like memory aides and digital calendars, as well as ‘high-
tech’ items like health tracking gadgets and wearables, are examples of assistive technologies. Assistive
devices can be used to improve quality of life, improve lifestyle, and boost independence, depending on
the type of device. Patient and caregiver acceptance of technology is influenced by a variety of factors,
including perceived skills and competencies in utilizing the device, expectancies, trust, and reliability.

1. INTRODUCTION

Many scientific domains are strongly connected, and each health specialty is relying on the work of
others. Academics, researchers, and practitioners, on the other hand, are frequently constrained to their
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chambers of knowledge, language, and expertise. The prevailing availability of knowledge strangely
magnifies this problem; massive quantities of big data and the cloud era have helped short-term study
in a variety of fields. When it comes to assisting persons with limited mobility, poor cognitive capac-
ity, or chronic illnesses that cause dependency, the connection between a smart environment, assistive
robots, and the user is very significant, (Ktistakis, Goodman, et al., 2022). To ensure that robotic care
and rehabilitation systems work properly, a system must be developed that ensures interactions between
the patient, caregiver, assistive robots, and the IoT environment.

Assistive technology, according to the World Health Organization, is an umbrella word that encom-
passes all systems and services connected to the delivery of assistive products and services. Assistive
technology facilitates elderly people’s desire to age in place and enhances their quality of life, allowing
them and their caregivers to improve their quality of life (Ktistakis, Goodman, et al., 2022), (Pugliese,
Sala, et. al., 2022). Assistive technology needs to be usable and inexpensive to meet the goal of being
produced in a highly accessible, compassionate, and ethical manner. This type of interaction is especially
important for patients with special needs since it can help them enhance their quality of life dramatically
(Pugliese, Sala, et. al., 2022), (Dratsiou, Varella, et. al., 2022). However, depending on the user’s needs,
multiple means of regulating the environment are required.

Given the aging population in developed countries, mobility assistance will become increasingly
important. The employment of real-world trials — with actual users and real environments — to test the
validity and suitability of assistive technology is a significant step forward in their implementation (Pug-
liese, Sala, et. al., 2022), (Dratsiou, Varella, et. al., 2022). In this discipline, the application of Agent
Technology is enabling new forms of engagement and generating new solutions. The ultimate goal of the
interaction between robots, Agent Systems, and users is to increase autonomy while also improving the
quality and complexity of services provided. Agent Systems’ adaptability and learning skills meet the
needs of a community of users with a changing set of wants and profiles. Over time nonetheless, some
critical issues like safety and security have been raised. The portion of the world’s population aged 60 and
up is the fastest expanding due to low birth rates and rising life expectancy (Anaya, Zhan, et. al. 2021).

More than one billion people, according to the WHO, require assistive technology. With a growing
worldwide population and an increase in non-communicable diseases, this figure is expected to exceed
two billion by 2050, with many older people requiring two or more items. There are expected to be 2
billion people in need of assistive devices by 2050, with only one in every 20 people having access to
them. Like its predecessor, the WHO Priority Assistive Items List (APL), the new WHO Priority As-
sistive Products List (APL) will be a crucial instrument in making these products accessible to an aging
population and people with disabilities all over the world.

This chapter uses smart wheelchairs as a case study to present an Internet of things framework for
assistive mobility devices that incorporates latency and security, as well as a multi-sensor fusion pipe-
line for improved autonomous navigation. Future assistive technology solutions should be evaluated
for satisfaction, medical contribution, and cost-effectiveness, among other factors (Anaya, Zhan, et. al.
2021), (Hachaj, Ogiela, et. al. 2015). Assistive technologies should be included in this concept of smart
aging, which is a comprehensive and multidisciplinary approach to senior adults that are tailored to each
individual. For elderly individuals, the ultimate purpose of assistive technology should be to improve
their quality of life. (Hachaj, Ogiela, et. al. 2015).

85

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



Computer-Assistive Techniques for Monitoring and Tracking Patient Healthcare and Engagement

Figure 1. Concomitance of assistive technology
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1.1 Assistive Technology Monitoring and Tracking Patient Healthcare

The number of gadgets that are connected to the internet has increased dramatically. Assistive Tech-
nology is a broad term in the field of healthcare monitoring that encompasses assistive, adaptive, and
rehabilitative equipment for persons with impairments, as well as the procedures for selecting, locat-
ing, and using them (Sander, Oxlund,et. al., 2015). Given recent developments in medical science and
Artificial Intelligence, robots have the potential to support and aid humans in a variety of scenarios,
including homes, businesses, schools, and more (Al). One example of science in action is healthcare,
which is not a new notion.

This chapter provides an overview of nonsurgical robots used to support healthcare workers, such as
nurses, caregivers, and therapists. This section has described the following techniques:
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1.1.1. Hospital Robots

The company has rapidly shown an increased interest in developing robots to assist nurses in hospitals and
clinics. The robotic nursing assistants are programmed to follow the orders of a nurse (Ranney, Griffeth,
et. al. 2020). A robotic nursing assistant will work alongside nurses, assisting them with non-essential
tasks like retrieving supplies, allowing nurses to focus on more crucial tasks like patient care. Due to
a lack of personal protective equipment, the COVID-19 outbreak also revealed how vulnerable nurses
are. In the event of a pandemic, robots, on the other hand, are resistant to viruses and other germs and
can assist. In recent years, a variety of commercially available robots have been deployed in hospitals
to help with transportation tasks.

Figure 2. The Moxi Robot gathering supplies[12]

1.1.2. Care Robots

Care Robot, as a robot, can only be identified by the purpose for which it is used, namely, to provide or
support people in the process of patient care. As a result, this ambiguous term might encompass a wide
range of robots with varying hardware specs and capabilities. The vast majority of Care Robot applica-
tions and surveys are geared toward surveillance and trying to assist seniors both psychically (reminding,
assisting mentally, empowering, etc.) and biologically (trying to hand around artifacts, trying to deliver
products, or helping in eateries), as well as able to diagnose and support in the education of children
with mental disorders like autism. (Ranney, Griffeth, et. al., 2020)

Softbank Robotics (formerly Aldebaran Robotics) developed Pepper and Nao, social robots that could
be utilized in healthcare (Ranney, Griffeth, et. al., 2020). Pepper is a four-foot semi-humanoid robot with
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sonar, laser, and bumper sensors mounted on a wheeled base (rather than legs). Pepper has served as a
teaching assistant for children, a companion for the elderly, and a coach for older people with psychiatric
diseases while they participate in fun rehabilitation activities (Bevolkerung, Fakten, et. al. 2008).

Figure 3. Pepper Robot[13]

1.1.3. Walking Assisting Technology

Walking helpers are developed to assist people with poor walking ability in their daily activities and
provide additional support. Different types of walking aids can be adapted depending on the amount of
disability (Bevolkerung, Fakten, et. al. 2008). People with complete paralysis from a spinal cord injury
or traumatic brain injury, for example, may benefit from an intelligent wheelchair, whereas people with
a feeble lower limb from a stroke or an accident can benefit from a wearable exoskeleton that can aid

rehabilitation and recovery.
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Figure 4. Walker frame-based walking Assistant[16]

1.1.4. Care-O-Bolt

Care-O-Bot is a Fraunhofer service robot that can be used in a variety of circumstances and tasks,
including as a mobile information center, an item collecting and delivery tool, and a security or sur-
veillance tool (Jacobs, Graf, et. al. 2012). Because of its open-source software interfaces, it can also be
used as a research platform. As depicted in Figure 5, it consists of an omnidirectional platform, a torso
with a sensor ring above it, and ahead with a touch screen. It also gives the option of having zero to
two gripping arms. The most essential characteristic of Care-O-Bot 4 is its hardware adaptability and
agility, which are achieved through the use of spherical joints (Jacobs, Graf, et. al. 2012), (Dagiogloi,
Konstantopoulos, et. al. 2014).
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Figure 5. Care-O-Bot[18]
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2. COMPUTING ASSISTIVE TECHNIQUES FOR
MONITORING CARDIAC PATIENTS

Heart failure is a prominent disease in the old and middle ages, and it is one of the top causes of death all
over the world. Coronary Artery Disease (CAD), in particular, is a common cardiovascular disease with
a high mortality rate. Physicians advocate clinical diagnosis procedures such as angiography since it is
the best diagnosis for CAD. Today, hospitals and practitioners have significant challenges in accurately
predicting and diagnosing this disease. Computing technological improvements have aided healthcare
facilities in collecting and storing the data for clinical decision-making. In many modern countries,
hospitals gather and retain patient data in a computerized and comprehensible format. Coronary heart
disease (CHD) is a proven serious public health problem that affects people all over the world.

(Khan, Y., Qamar, U et. al. 2019) found that some research has focused on achieving the highest
accuracies by proposing extremely reliable and efficient techniques, such as GA with SVM for over
98% accuracy, PCA and SVM for over 99% accuracy, PCA for over 98% accuracy, and a collaborative
bagged decision trees for around 99% accuracy. Furthermore, when it is a question of life, accuracy is
the most important aspect and since machines are used to do that prediction, the margin of error should
be as little as possible.

Cardiovascular diseases (CVDs) are the most common cause of death around the world. CVDs took
the lives of 17.9 million people worldwide in 2019, accounting for 32% of all deaths. Heart attacks and
strokes were responsible for 85 percent of these deaths. CVDs were responsible for 38 percent of the
17 million premature deaths (before the age of 70) caused by noncommunicable diseases in 2019. The
majority of cardiovascular illnesses can be avoided by addressing behavioral risk factors such as con-
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sumption of tobacco, poor diet and obesity, lack of physical activity, and heavy alcohol consumption.
It’s critical to recognize the cardiovascular illness as soon as possible so that treatment may begin with
counseling and medications.

An ECG is the most commonly used test for heart arrhythmia. The ECG uses electrodes on the skin’s
surface to measure the electrical pulses of the heart. A conventional resting ECG, on the other hand,
can only provide a snapshot of the patient’s cardiovascular activity in real-time, making it impossible to
diagnose many arrhythmias. Because an intermittent arrhythmia can go undetected, doctors must rely on
self-monitoring and symptoms stated by patients to make a final diagnosis. In some cases, ambulatory
ECG data may be collected for extended periods in an attempt to obtain data during the occurrence of
an intermittent arrhythmia.

(Joseph J. Oresko, et.al 2010) proposed smartphone-based platform technologies for wearable
CVD diagnosis that can capture and show real-time ECGs, extract features, and identify beats. Two
smartphone-based solutions for continuous ECG signal monitoring and recording effectively diagnose
CVD in real-time and provide customized cardiac health summary reports. It not only records the ECG
signal to be stored for offline analysis, just like with Holter monitors but also provides the user a more
advanced interface with real-time CVD tracking. The machine-learning platform diagnoses right bundle
branch block (RBBB), PVC, paced beat (PACE), and PFUS beats, whereas the plug-in-based platform
currently diagnoses PVC beats, which is an exceptionally common arrhythmia. Users can use these
platforms to conduct assistive diagnosis tasks including establishing a baseline or irregular beats. They
can also use the system to track their daily number of abnormal beats and see if they can reduce the
number of uncomfortable and potentially harmful arrhythmic beats by changing their lifestyle, such as
boosting their exercise, regulating their food, limiting caffeine intake, and so on.

According to epidemiology, these anomalies can be found in 2—15 percent of the nondiabetic overall
population and are strongly and persistently linked to high blood pressure. Although there is evidence of
a link between retinal microvascular abnormalities and stroke, there is no clear evidence of a separate or
direct link between atherosclerosis, heart disease, or cardiovascular mortality. To indicate the existence
and intensity of retinal arteriolar constriction and other microvascular features, new computer-based
imaging approaches are currently being developed. Retinal microvascular anomalies may be helpful
as risk indicators for cerebrovascular disorders if they can be properly quantified. (Wong, Klein et. al.
2001). Patients with heart failure may be able to do successful self-care with the help of mobile health.
The creation and beta testing of a mobile application intervention to enhance self-care and increase
symptom awareness in community-dwelling patients with heart failure were described in this article. The
outcomes of two validated measures, the Self-care of Heart Failure Index and the Heart Failure Somatic
Awareness Scale, were compared using t-tests before and after the intervention (Foster M. et. al. 2018)

3. LIFE CYCLE MODEL

A proposed unified framework supporting digital health is One Digital Health. The One Digital frame-
work study is premised on 2 key factors i.e., One Health and Digital health, 3 outlooks i.e., Individual
wellness, population & community, along with the ecosystem, sub-dimensions (citizens’ involvement,
education, ecosystem, veterinary, and human health care industry) (Bevolkerung, Fakten, et. al. 2008).

One Health and Digital Health aspires to electronically alter future healthcare systems through the
implementation of a holistic healthcare sciences approach that addresses broad digitalization perspec-
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tives on human health, veterinary care, and environmental conservation. This method is used to assess
how subsequent generations of health informaticians will cope with the increased variability of health-
care systems in technologically changed health environments (Jacobs, Graf, et. al. 2012), (Dagiogloi,
Konstantopoulos, et. al. 2014). Individuals and their medical information have been asked to perform
key roles in the improvement of person and population perspective information in the emerging hybrid
environment.

The framework’s key difficulties include supporting and enhancing contact between one health &
digital health. To facilitate suggested strategies and the implementation of real-time, info contributions
in pharmacology & environment, one health & digital health group are working together. Digital health
education and awareness, on the other hand, are important in holistic, global health and data science
research. i.e, the ability to comprehend and participate in health promotion and prevention activities,
self-management, and participation in the prevention, management, and relief of possible problems are
required. As a result, individuals in a healthy One Digital Health system should take proactive measures
to prevent and react to medical calamities, such as the COVID-19 pandemic.

3.1 Understanding 2 Key Factors: “One Health” and “Digital Health”

Many researchers have contributed to the advancement of fundamental ideas of health info systems.
Increasing adoption of technology and efficiency, improving technological security, quality, and per-
formance, and boosting care efficiency are only a few examples of such contributions. Researchers in
the domains of one health and digital health (Dagiogloi, Konstantopoulos, et. al. 2014) are working in
zones more extensively by examining research subjects that are continually improving due to advances
in health informatics (Dagiogloi, Konstantopoulos, et. al. 2014).

The importance of customer medical informatics in the twenty-first century has been highlighted
strongly by eHealth. Over the last two decades, eHealth concepts have been defined and propagated.
Despite this, the tremendous process of digitizing health care (which we are experiencing today) has
refocused attention on economics. The term “digital health” was coined to reflect this approach (Dagio-
gloi, Konstantopoulos, et. al. 2014), (Wang, Su, and Li, et. al. 2021).

In other words, there appear to be no significant differences between e-Health and digital health, as
there are no archetype shifts. Digital health, on the other hand, might be considered a developed version
of eHealth, because it exclusively accounts for the implementation of health info and assistive decision
tools via digitized technology in a context that includes living and environment components. As a result,
digital health entails:

(1) Handling data & information in an omnipresent manner to proficiently manage healthcare

(2) Reforming the medical field and pharmaceutics more personalized & accurate (Wang, Su, and Li,
et. al. 2021).

(3) Looking out for goals associated with health advancement, patients healthcare, and effective self-
management; and

(4) Taking into account the financial statement of the services volunteered. (Wang, Su, and Li, et. al.
2021).

Medical practitioners & research scientists in the domains of technology, healthcare, health financials,
and information management are needed to apply digital health treatments. For these reasons, we refer to
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“digital health” rather than “eHealth’” (Wang, Su, and L4, et. al. 2021). The collaborative, multi-sectoral,
and multiple disciplinary approaches of One Health practitioners are based on healthcare, well-being,
individuals, demographic, and bio-systems. By recognizing the links between humans, animals, plants,
and their ecosystems. At the neighborhood, provincial, national, and global levels, One Health practi-
tioners seek to achieve the best health and well-being outcomes.

These current disciplines attempt to increase public knowledge on risks related to health, its man-
agement policies & decisions. One Health informatics has been presented as a way to integrate various
study subjects throughout global health and life sciences study in this vein (Vest, Gamm., et. al. 2010).
One Health informatics’ main themes are using big data analytics to support and improve public health
and medical research, as well as addressing issues like biodiversity control, disaster management, and
disease monitoring.

3.2. Ternary Perspectives: “Individual Well Being-Population-Ecosystem

The Lifecycle model’s second layer examines how the concept of “individual” is recognized inside the
concept of “population” (i.e., without discriminating between humans and wildlife), the way a population
affects and communicates with an ecosystem, as well as the way ecosystem response backs.

3.2.1. Individual Health and Wellbeing

The growing recognition of similar dangers faced by humans and wildlife opens up possibilities for gen-
erating new information and knowledge by harnessing enormous volumes of previously untapped data
sources on zoonoses (Vest, Gamm., et. al. 2010). The lifecycle mission includes advancing faster and
more reliable approaches for detecting disease trends, outbreaks, infections, and emergent causes. The
critical relevance of gathering digital health data to improve our understanding underscores the need for
platforms and technologies that facilitate and acknowledge the transition from big to smart data. Smart
data entails novel techniques that are required to address critical questions in the health sector. To ad-
dress these problems, new ecosystem-driven paradigms and transformational technologies are required.

3.2.2. Population and Society

Providing a generalization of concepts connected to customized healthcare coverage and well-being is
not the same as discussing demographics and their societal organization. Although we’re talking about
individual-level, predictive, tailored, preventative, and collaborative health care, moving on to population-
level, holistic viewpoints necessitates taking into account individual variances (Vest, Gamm., et. al. 2010),
(Haux, R.,et. al. 2010). Personalized health, as opposed to a one-size-fits-all strategy, must account for an
individual’s heterogeneity in terms of genes, settings, digital health knowledge, choices, and behaviors.

This necessitates the systematic integration of knowledge into unique decision-making processes.
Decisions about the prevention and control of all threats and risks to public health are part of these
procedures.
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3.2.3. Ecosystem

The term environment refers to the consideration of all living and nonliving entities in an ecosystem.
This takes into account topics such as biodiversity conservation and the close ties that exist between
the health, care, and well-being of all components in a given ecosystem. Controlling and governing
sustainable development is best accomplished by evaluating ecosystem services, which are competent
in measuring and evaluating all of the products or services produced within ecosystems.

Digital technologies such as (1) environmental monitoring and management knowledge manage-
ment; (2) automated and scalable approaches for collecting, digitizing, and assembling geo-coded large
amounts of data; and (3) information-fusion algorithms that use massive datasets and clinical data have
recently been added to such networks.

As aresult, the environment appears to be “digitized” in ecosystems that include animals and people,
as well as software and machines, as independent and communicating entities to improve decision mak-
ing. The deployment of a digital ecosystem aims to improve communication efficiency while reducing
people’s reliance on centralized or dispersed control dynamics. Common substrates of data and knowl-
edge that are now reachable, accessible, and ready to be examined in fresh and innovative ways are the
source of such digital biodiversity (Vest, Gamm., et. al. 2010), (Haux, R..et. al. 2010).

However, this places us in a situation, which is necessary for developing appropriate digital solutions
(i.e., techniques for preserving digital biodiversity) based on people’s intelligence and logic. Such solu-
tions are preferable to those obtained through the use of standard artificial intelligence.

3.3 The Five Facets: Education- Citizen’s Engagement-
Health Care Industry- Human and Industry

3.3.1. Education

The model should not be confined to the research and development area of health-related university
education. Curriculums at all levels and disciplines must teach basic and cross-disciplinary knowledge
and understanding of health and its digitization. The model is much more than a framework of data
management which is a general scenario (Vest, Gamm., et. al. 2010), (Haux, R.,et. al. 2010). It provides
citizens with educational opportunities so that they would secure and manage their private information
when they publish it on social media.

The upcoming generation of academics and researchers will be participating in reframing impor-
tant turning points for incorporating new knowledge into the designed model, as well as continuously
upgrading the underpinning philosophy and technological, and regulated consequences. Because of its
complicated nature, fully appreciating the life cycle model perspective is difficult. As a result, scientists,
practitioners, and people must collaborate to develop sound health and well-being implications. The
issues of the model are:

(1) developing a comprehensive and interspersed understanding of human and animal health and well-
ness in shared ecology, and (Agarwal, Gao & DesRoches, et. al. 2010)

(2) determining how digitized technologies support and enhance human & animal health and wellness.
(Agarwal, Gao & DesRoches, et. al. 2010)
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3.3.2. Citizen’s Engagement

Citizens who trust health care delivery must have the ability to use digital health data to control an indi-
vidual’s health and personal info. Patient participation, direct advantages for application end-users, and
management organizations all influence the usage of implemented opportunities (Mantas, Ammenwerth
& Demiris et. al., 2010). Smart towns and communities (i.ecities and communities that make heavy
use of cellphones that can geolocate people and follow their movements) can be intrusive data sources.

Invasive methodologies employed during pandemic outbreaks, on the other hand, assist health practi-
tioners and decision-makers in determining how to build suitable policies based on factual and relatively
close data in situations of force majeure. As a result, policymakers may choose to proactively indulge
the public by permitting the usage & assessment of information on a personal level, mass level for both
(human & animal) contact & access to specific facilities (Mantas, Ammenwerth & Demiris et. al., 2010).
This will entail allowing individuals to participate in the development of complicated policies over time
(for example, policies relating to ethics, legislation, big data judgments, and the molding of social norms).

3.3.3. Health Care Industry

By measuring public health implications, monitoring human & animal health, and undertaking risk and
assistive management workflows, the designed model hopes to answer difficult concerns about disease
follow-ups (Mantas, Ammenwerth & Demiris et. al., 2010). Health-care delivery providers have recently
shifted their focus to offering facilities to groups of patients. The digital reforms of animal health care
systems are accelerated by rapid diagnosis and treatment of health care clients, effective service supply,
and continual improvement in care quality (Cincotti, Mattia, Aloise, et. al. 2008).

Patients (including human and animal patients) can now be assessed using dynamic methodologies
that incorporate data formed by patient’s participation, thanks to digitalization and the growing use of
smartphones & omnipresent health apps (Cincotti, Mattia, Aloise, et. al. 2008). Preventive advice and
predictive alarm systems are two examples of individualized health care services enhanced by these
technologies.

3.3.4. Human and Industry

Pharma service providers and policyholders, equipment and pharma product manufacturers, pharma
transporters, and maintenance providers, regulating firms and standardization organizations, health care
customers, sick people, and caretakers make up the human and animal health care system (Zilz, Pang,
et. al. 2021). Digitalization and interconnection, which form the base of new paradigms, are driving the
whole healthcare industry.

Managing, gathering, preserving, archiving, and analyzing a variety of real data readily accessible
either by the organization or any linked system is among the primary problems of the new healthcare
architecture (Zilz, Pang, et. al. 2021). The current industrial revolution’s (i.eIndustry 4.0) main aim is
to upgrade automatic systems and connect stability by enhancing system interoperability and enabling
decentralized, real-time generated data collecting and storage.
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3.3.5. Environment

In everyday conditions or disturbing circumstances, such as toxic chemical incidents or catastrophes,
environmental monitoring is a vital component of neighborhood management (Zilz, Pang, et. al. 2021).
The digital landscape has enabled the implementation of hypothetical and experimentally breakthroughs
in automation and Al

The “human-nature-pollution” link and its function in an upgraded urban framework must be addressed
while addressing the environmental aspect of the model. People in high-density metropolitan regions
are increasingly adopting technological platforms to report unexpected incidents, resulting in increased
citizen participation (Smith, Hernandez & Ebuenyi, et. al. 2020). Furthermore, these individuals are
increasingly employing green technology, which helps to mitigate the detrimental effects of specific acts
on human health and the environment.

This ecological change, according to the model, entails more than the use of cellphone and IoT for
behavioral, well-being, and health management. This transformation is a result of the Industry revolu-
tion 4.0, which intends to make it easier for community members to connect with complex yet simple
digitized frameworks (Smith, Hernandez & Ebuenyi, et. al. 2020). The revolution, on the other hand, has
several challenges, most of which are connected to costs for development, monitoring, implementation
& maintenance costs, and user expectations.

Figure 6. Lifecycle model of Computer Assistive technology for patient’s healthcare and management

One heath
and Digital
Heath

Environment
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4. APPLICATIONS OF ASSISTIVE TECHNOLOGIES

With the advancement in innovation, science, and the medical care industry numerous effective ap-
plications were sent off in reality and with time they were exceptionally acknowledged by patients and
specialists. These strategies and gadgets were overhauled with input and innovative upgrades. Different
uses of computer assistive applications are as per the following:

4.1. Medical Informatics

Clinical Informatics is concerned with the acquisition, storage, and use of data for health and biomedical
specialists and patients to benefit from what others have accomplished and learned (Smith, Hernandez
& Ebuenyi, et. al. 2020). It compiles data that can be used to determine patterns or examples of disease
processes, as well as diagnostic tests and treatments. It promotes health by involving caring professionals
in the decision-making process for patient consideration outcomes.

Clinical Informatics improves and streamlines communication between healthcare disciplines (Jutai,
Tuazon, et. al. 2021). As a consequence of Medical Informatics, health record-keeping on PCs allows for
clear and quicker access to patient narratives. Clinical and well-being informatics is an interdisciplinary
field that includes:

Informatics

Decision support systems
Telemedicine

Customer wellbeing informatics
Worldwide medical services frameworks
Worldwide wellbeing informatics
Translational exploration informatics
Home consideration

Complex clinical choices
Evidence-based medicine

Disease management
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Figure 7. Various conjunctions of medical informatics

4.2. Clinical Decision Support Systems

A clinical decision support system (CDSS) is a software program that analyses data to assist medical
professionals in making sound decisions and improving patient care (Jutai, Tuazon, et. al. 2021). It’'s a
type of decision support system that’s often used in corporate management. A CDSS focuses on lever-
aging knowledge management to provide clinical advice based on a variety of patient-related data ele-
ments (Stasolla, Matamala, et. al. 2021). Clinical decision support systems provide integrated processes,
provide aid during care, and make recommendations for treatment plans. In the clinical setting, below
are some examples of technology:

e  Computerized Charting

e  Computerized Medication
e  Administration System

e  Electronic Patient Monitor
e  Mobile Medical Records
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Figure 8. Demonstrating dimensions of CDSS [37]
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4.3. Prosthetics and Pharmacy

Amputees now have more mobility than it has ever been because of computer assistive prosthetic devices.
Prescription accuracy and patient safety are ensured by computers at the pharmacy (Rosner, Perlman, et.
al. 2018). A prosthesis is a device that replaces a missing bodily part, such as one lost at birth, in an ac-
cident, or by amputation. Many amputees have lost a limb due to cancer, diabetes, or a serious infection.

A prosthesis could also be an option for reconstructive surgery, such as the removal of the breast
after breast cancer.
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Figure 9. Reconstructive surgery using prosthetics
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4.4. Administrative Applications

The global computerized management systems have been found to computerize a wide variety of health-
care technology organizational processes. The unifying aspects of these app development environments
include modular design and division-oriented structures (Rosner, Perlman, et. al. 2018). In today’s world,
there is a lot of automation of administrative applications. As an example:

Scheduling appointments in a doctor’s office
Computerized billing used by an insurance
clerk or accounting department

4.5. Computer-Assisted Surgery

Robotic surgery is another name for computer-assisted surgery. As technology advances, this use is becom-
ing increasingly popular (Rosner, Perlman, et. al. 2018). It is showing to be advantageous in several ways:

e  The robotic hand is steadier and more precise than a human hand

e  Reducing the amount of time a patient must stay under general anesthesia
e  Smaller incisions required

e  Decreasing the amount of time a patient stays in the hospital
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Figure 10. Computer assistive robotic surgery

4.6. Computer-Assisted Devices

The major goal of assistive devices and technologies is to preserve and enhance patients’ functionality
and free them from dependency to improve their living conditions & comfort (Rosner, Perlman, et. al.
2018). The following are a few examples of assistive devices:

e  Enhance and help people to hear who are suffering from hearing-related issues and disabilities.

e  People suffering from memory issues, attention seekers for care, or any other challenge related
to brain skills are assisted with computing electrical assistive devices known as Cognitive aids.

e  Voice recognition apps, screen displays, and screen magnification applications are examples of
information technology tools that assist persons with mobility and sensory limitations in using
computers and mobile devices (Rosner, Perlman, et. al. 2018).

e  Precise physical changes in the architectural designs such as ramps, grab rails, and doorways to
enable easy accessibility to buildings, workplaces, and public spaces.

e  Launching various devices with functionalities to assist in daily chores such as cooking, groom-
ing, and tech aids to extend their reach are a few examples (Rosner, Perlman, et. al. 2018).
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Figure 11. Computer assistive hearing device

Amplifier

5. DEVICES

The computer assistive devices used for monitoring and tracking patient healthcare and engagement can
be classified broadly in the following categories:

5.1. Mobility

Computer-assisted mobility devices are being utilized to help people walk or move to preserve and
improve a patient’s functionality and independence, as well as their general well-being. Patients with
chronic conditions or amputees now have greater mobility than ever before (Lontis, Lund, et. al. 2010).
The following are a few examples of computer-assisted mobility devices that have been effectively used
in healthcare:

Wheelchairs

Walking frames
Mobility assisting sticks
Tri wheel cycles
Prosthetics

Clubfoot brace
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5.2. Vision Aids

Graphical interfaces for the sightless or screen optical viewfinders for low-vision computer users, mul-
timedia magnifiers, other reduced vision reading and writing aids, and so on, are examples of devices
that assist persons with vision impairment or other vision-related disorders (Lontis, Lund, et. al. 2010).
A few examples of computer-assisted vision devices are as follows:

Communication cards
GPS applications for walking poles
e  Eyeglasses & magnifying software

5.3. Hearing

People who are deaf or disabled by hearing capability use computer-assisted hearing devices, also
known as assistive listening devices (ALDs), to help them communicate (Lontis, Lund, et. al. 2010).
This technology allows the user to hear better in ordinary scenarios by overcoming the negative effects
of background noise and distance. ALDs can be used in conjunction with a cochlear implant to improve
a person’s ability to hear specific sounds.

e  Hearing aids
e  Hearing loops

5.4. Communication

The doctor can use assistive communication systems or technologies to keep track of the patient his-
tory, diagnostic report, & health status. In addition, the doctor can engage with patients, recommend
medical examinations, and write prescriptions (Cincotti, Aloise, et. al. 2007). Doctors can easily deliver
treatment and care to patients located anywhere in the world using an effective communication device.
Here are a few examples:

e  Eye movements based on Communication boards
e  Picture based instructors

6. IMPLICATION OF COMPUTER ASSISTIVE
TECHNOLOGY DURING COVID PANDEMIC

Individuals’ engagement in regular chores such as mobility, attending school, visiting the workplace,
and access to health management systems has been disrupted by COVID-19 disease (Cincotti, Aloise,
et. al. 2007). While these events have happened around the world, the COVID-19 epidemic has added
vulnerability and marginalization to lives with functional impairments, such as persons with disabilities,
chronic illnesses, or disabilities due to aging.

Eveninnon-pandemic times, evidence reveals that patients with disabilities have worse socioeconomic
positions, low employment ratios, poorer general health, & greater poverty rates (Cincotti, Aloise, et.
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al. 2007). Most of these variables sum to the designation of these persons as miserable people in the
context of a pandemic, which may lead to further exclusion from the community in the name of sickness.

Understanding the underlying issue is necessary for promoting access to medical framework, health
care, and involvement for people with disabilities, chronic disease, or disability due to aging who rely
on assistive technologies. During COVID-19, there was a major disruption in services for obtaining
computer assistive technology, with numerous main causes (Pradhan, Bhattacharyy, et. al. 2021). The
problem most frequently noted was a lack of availability of facility providers and one on one support.

Provider’s issues of availability were linked to a variety of circumstances, including provider illness,
the shutdown of transportation and delivery due to lockdown guidelines, and the redeployment to other
areas of medical requirements. In certain zones, the service cuts resulted in “overwhelmed providers,
exacerbated by staff reductions during the quarantine period”(Pradhan, Bhattacharyy, et. al. 2021). As
a result, providers said they had difficulty providing suitable services “while keeping adequate social
distance.” Because in turn to provide service, before that we need to know the patient, perform the evalu-
ation, take measures, test, and adapt without having direct interaction with them.”

As aresult of the pandemic, Assistive Technology users have identified the lack of one-to-one support
as a significant barrier. Individuals’ capacity to avail and access the technology, including developing
a crucial skillset for independent usage, was hampered by their inability to receive dedicated support
(Pradhan, Bhattacharyy, et. al. 2021). “Even with the AT, some deaf and blind people still rely on a com-
munication partner to help them use the devices to communicate,” according to the report. Furthermore,
“for people who require the assistance of a support worker to aid with the use of AT, there may be a
problem in obtaining appropriate support and training support employees to assist the user (Pradhan,
Bhattacharyy, et. al. 2021).”

To overcome the situation, the usage and availability of special and personalized devices are designed
and manufactured, or checked for normally available; whose basic purpose is to enhance or improve a
patient’s functioning and independence, should be promoted for their well-being.

7. CHALLENGES

Humans can use assistive technology to live healthy, independent, useful, and gracious lives, and also
to contribute to education, healthcare as well as personal welfare. The demand for formal fitness and
guidance services, long-term care, and painting careers is reduced by assistive technology. Humans are
often facing the issues related to less income and being imprisoned in poverty in the absence of assis-
tive edge technology, worsening the impact of illness and causing disability on a person, their family,
and even society.

Some of the Open Challenges associated with Assistive Techniques are:

1. Regional Obstacles:
a.  There aren’t any national policies or programs in place.
b.  Inability to accurately assess user needs and provide services to various groups.
c.  Aging, disability, non-communicable diseases, and non-fatal injuries are all proxy measures
of regional market size.
d. Emergency scenario in the event of a calamity such as an earthquake, tsunami, or another
natural disaster.

104

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Computer-Assistive Techniques for Monitoring and Tracking Patient Healthcare and Engagement

2. Educational Obstacles:
a. Inadequate rehabilitation services, including a lack of qualified personnel and inadequate
assistive product quality
b.  People’s lack of knowledge and awareness.
c.  Expertise, which comprises skilled knowledge, is lacking.
3. Socio-Economic Barrier:
a. A big challenge in AT is a lack of finance.
b.  Scarcity of resources.
4.  Standardization issue:

A significant number of suppliers produce a diverse range of items in the healthcare industry. In the
design process, the majority of these items claim to follow conventional norms and protocols. However,
there is a lack of validity. As a result, the formation of a dedicated organization that can standardize
the IoT sensors, which will be based on communication protocols, data accumulation, data storage, and
gateway interfaces.

8. CONCLUSION

Those people who can receive upper-extremity prostheses (UEPs), in which rejection rates are high,
owing to pain with the devices, their limited capacity to satisfy individual demands, also lack training in
their use, and their limited permanence is the major issue behind it. Some of the following conclusions
can be drawn as a result of these factors:

e  When suitable products and technologies are available, they are properly prescribed and fitted,
the user receives proper training in their use and appropriate follow-up, and societal and environ-
mental barriers are restricted. Assistive products and technologies hold promise for partially or
completely mitigating the effects of impairments and enhancing work contribution.

e  It’s critical to comprehend the complexity of aspects that must be optimized to improve function
when connecting people with appropriate assistive items and technologies. Selecting, creating, or
customizing the proper equipment for an individual, as well as providing training in its use and
adequate record, are all difficult but crucial steps in maximizing tasks among users of assistive
devices and technology.

e  Access to coverage for assistive items and technologies, as well as related services, may be influ-
enced by socioeconomic class and educational levels. A multitude of characteristics, including
educational level, are linked to health literacy. People’s understanding of their needs, device and
treatment alternatives and resources to pursue the devices they require may all help them get as-
sistive devices. Furthermore, for the youth of transitional age, a loss of access and coverage is a
substantial hindrance to their independence, transfer to employment, occupational preparedness,
or further education.

e  Access to suitable assistive products and technologies, as well as qualified providers and teams
with the knowledge, skill, and expertise required to properly evaluate, fit, train, and observe peo-
ple using those products and technologies, is often limited and varies from each other.
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e  Professionals making disability decisions cannot infer that just because a person uses an assistive
product or technology, the item is constantly helpful for a person, which reduces the impact of
impairment, or it allows the person to work easily. Environmental, societal, and individual issues
must all be considered.

e  More research is needed to know how the specifications for and use of assistive technologies,
products, and associated services affect disabled people’s involvement in society and work partici-
pation. Such study could help to improve not only awareness in these fields, but also the establish-
ment of reasonable resource usage, such as cost-benefit evaluations and exposure for devices and
related services can be identified.

9. FUTURE SCOPE

More study and assessment can be done to better understand the primary motivations and barriers to
using assistive technologies as an adjunct to existing care models for the best management of health
care needs, particularly in the elderly and those with chronic medical problems. Assistive technologies
can benefit not only patients and caregivers but also healthcare services. Local services are constantly
in demand, which is exacerbated in times of crisis, such as the present COVID-19 outbreak. In this situ-
ation, the service provided by the assistive device may be useful in ensuring the long-term viability of
health and social care by encouraging shared care. Assistive technology’s definition and scope may need
to be updated as traditional assistive technology collides with other fields such as medical technology
and neuroscience.

Humans may be able to achieve feats that they would otherwise be physically or cognitively incapable
of achieving without the use of technology thanks to body-integrated solutions. The distinction between
assistance and extension or enrichment, on the one hand, may become more definite in the future, or these
terms may instead meet into seamlessly incorporated solutions that offer enhanced sensory sensitivity
for people with or without impairments — dubbed “‘assistive augmentation” recently.

End-users will test, approve, and accept certain emerging items, and some technologies will become
mainstream rather than a specialist. The user behaviors and tastes may also change. This will likely
lead to the replacement of certain traditional products with emerging assistive products; conversely,
socioeconomic factors, user preferences, demands, and demography may lead to a continuation of the
current scenario.

Although assistive technology is designed to improve people with disabilities’ engagement in society,
some assistive technologies may have the contrary impact. Emerging technologies like companion robots,
smart homes, and wearable help people live independently, but there’s a risk that they’1l encourage people
to believe that a person’s caregivers can be replaced by machinery, leading to even more social isolation
for end-users. Some cultures may be more concerned about this than others. There will be a need to
ensure that human care is still regarded as essential. Age, cultural relationships, and the perceived ease
of adopting new technology, as well as the availability of emerging solutions for end-users in developing
nations, all raise similar worries about the societal divide. These issues underscore the need for educat-
ing and making a diverse selection of items available to meet a variety of requirements and preferences.
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ABSTRACT

Various types of heart diseases and conditions leading to increasing chance of heart attack have been
a serious concern all over the world. Several factors like blood pressure, cholesterol, diabetes, obesity
can affect the heart, and thus, those should be monitored regularly to prevent the chance of heart at-
tack in people of different age groups. This chapter at first has analyzed different existing benchmarks
of heart attack analysis. Being motivated by the shortcomings of the state-of-the-art literature and to
address the challenges, it has introduced support vector machine, the most popular supervised machine
learning algorithm to classify the chance of heart attack using a dataset downloaded from Kaggle. The
experimental result has been evaluated using different performance metrics, including accuracy, error
rate, precision, recall, F1 score. Finally, the performance has been compared with the existing related
works also to validate its effectiveness and efficiency in real-time heart attack prediction.

INTRODUCTION

According to World Health Organization, 12 million deaths happen to cardiovascular disorders every
year. In most countries, due to heart diseases, the maximum of deaths happen. When a coronary artery
becomes unexpectedly clogged, blood cannot circulate to all parts of the heart muscle. As a result, a
fragment of heart muscle can’t obtain adequate oxygen; in that situation, a heart attack occurs. Life
relies on the element that operates the heart since the heart is a vital part of our body. Coronary illness
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is an infection that influences the heart’s activity (Marimuthu et al. 2018). It has numerous names like
cardiovascular sickness and blood vessel hypertension (Alotaibi 2019). The obstacle is normally caused
when a plaque cracks. If the bloodstream isn’t re-established hastily, also by a medication that breaks
up the obstacle or a catheter located inside the channel that essentially opens the obstruction, the piece
of the heart muscle will die.

As per the Indian Heart Affiliation, half of all cardiovascular failures in Indians happen under 50
years of age, and 25% of all cardiovascular failures in Indians happen under 40 years of age. In India,
additional 17 Lakhs individuals pass away consistently because of heart illnesses. In Asian nations
also, 22% of the transient (in all-out coronary illness passing) are because by Cardio Vascular Disease
(CVD) (Lakshmanarao et al., 2019). Clinical experts working on coronary disease have their limits;
they can forecast the probability of respiratory failure with up to 67% precision (Sharma, H. and Rizvi,
M.A., 2021). In the current pandemic situation also, specialists need a backing network for a more exact
prognosis of coronary illness so that proper rehabilitative aid (Ghosh, Saha, and Konar 2020) (Saha and
Ghosh 2019) can be prescribed in proper time by consultation with a doctor. Respiratory failure can have
various indications, some of which are extra normal than others. Normal respiratory failure indications
are chest torment (angina), shortness of inhalation or trouble breathing, vomiting or stomach uneasiness,
heart palpitations, nervousness, sweating, trembling, faint, etc.

The cause of Cardiovascular failure or heart failure is several for several people. The obstacle in
blood veins happens due to different causes, such as harm to platelets, the body system, harm to heart
muscles, and a lot more. The cause behind Cardiovascular failure is exercise less life, alcohol & smoking,
age factor, diabetes facts, stressed lifestyle. Cardiovascular failure or heart failure is generally analyzed
by a medical care supplier, which analyses a cardiovascular failure utilizing the set of experiences and
symptoms, lab testing, heart-explicit symptomatic tests, imaging tests, etc. But the process is much more
costly and takes a lot of time (Oxenham and Sharpe 2003). Thus, nowadays, doctors are adopting many
scientific technologies which are very useful to predict diseases. However, sometimes doctors cannot
decide whether the patient has undergone heart failure or not. So, in this scenario, machine learning
systems can help the doctor make the right decision.

Thus, this chapter has attempted to save the existence of cardiac arrest patients and portraits a method
for diagnosing the patients based on their clinical records. So, there is a huge scope of exploration in the
prognosis of coronary illness in a person. In this chapter, we have designed a machine learning framework
to predict the chance of heart attack. We have obtained data set from Kaggle with 303 instances and 13
attributes. Python has been used to build up the classifier. Compared to the other classifiers, Support
Vector Machine (SVM) after hyperparameter tuning has shown the best performance for the given da-
taset, with 84% accuracy in testing and 87% accuracy in training. The proposed approach is well suited
in its concerned domain since it has outperformed the existing benchmarks of state-of-the-art literature.

The rest of the chapter is organized as follows. The next section discusses and analyzes some existing
frameworks of heart attack prediction using machine learning. Section 3 explains the working mecha-
nism of SVM used as the classifier in our proposed framework. Section 4 describes the experimental
result and compares it with some related works to evaluate its effectiveness in the real-world scenario.
Finally, section 5 concludes the work and discusses the possible future extensions for better efficiency.
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LITERATURE SURVEY

Various researchers have targeted heart attack prediction as to their exploration point (Sharma and Parmar
2020) (Wagqar et al. 2021). Sometimes sudden shocks also affect the heart condition, so mental health
monitoring, early detection of stress (Sagayam et al. 2021), anxiety, and depression are also required
(Chanda et al. 2022). Santhi ef al. (Santhi et al. 2021) planned a framework appropriate for continuous
coronary illness prognosis, and it can be utilized by clients who have heart disease. The diagnosis arrange-
ment of the framework can forecast coronary illness by utilizing the Machine Learning (ML) method,
and the forecast results depend on the occasion of the coronary illness dataset. To raise the caution by
looking at the changes, they have assumed that the client’s pulse increases more than the normal pace of
the heart. To demonstrate the adequacy of the framework, tests have been done for both observing and
analysis frameworks. Swathy et al. (Swathy and Saruladha 2021) provide us comparisons and reports of
numerous classification, Machine Learning, Data Mining, and Deep Learning representations utilized
for the prognosis of heart illnesses. The review is prepared as 3-fold: classification and data mining
methods used to diagnose heart diseases, ML system for heart diseases, and Deep Learning Replicas
for heart disease prognosis. The presentation metrics utilized for broadcasting the precision, the dataset
utilized for prognosis and classification, also the tools utilized for each class of these methods are also
run and stated in this study.

Marimuthu et al. (Marimuthu et al. 2018) explain the current method and provide a general outline of
the present work. The techniques they talk about are Artificial Neural Network (ANN), Decision tree, Fuzzy
Logic, k-Nearest Neighbor (kNN), Naive Bayes, and SVM. By utilizing various forms of data mining and
ML methods to analyze the event of coronary illness have summed. There are a few treatment strategies
for patients if they are determined to have the exact type of coronary illness. There is a requirement for
combinational and additional perplexing models to raise the precision of the prognosis at the starting
stage of coronary illness. The method will be very knowledgeable with the additional features being
taken into the data set. Numerous probable improvements could be analyzed to improve this prognosis
method’s scalability and precision. Singh et al. (Singh and Samagh 2020) present an orderly survey of
various kinds of ML strategies to prognosis heart sicknesses. The investigation of different exploration
works done regarding the use of ML in the prognosis of heart sicknesses based on datasets is introduced
there. Present exploration work will help the clinical professional’s prognosis the heart intimidation well
on schedule to go to the measure to control the accident. An insightful review has been directed for the
current procedures and thought about discovering the effective and precise method. These faction and
inventive models might work on the presentation of heart sicknesses prognosis, with the assistance of
which early identification of heart illnesses in patients can be made. These methodologies might help
the clinical specialists prohibit the incidents by giving prophylactic treatment.

Sharma et al. (Sharma, H. and Rizvi, M. A., 2021) have summed up state-of-the-art methods and
obtainable strategies for the prognosis of this disorder. Deep learning, an emerging space of Al, showed
a few promising outcomes in another area of the clinical determine to have high exactness. A few deep
learning strategies have been discussed executed for coronary illness prognosis alongside pioneer ML.
An analytic examination has been accomplished to discover the best available algorithm for the clini-
cal dataset. Table 1 compares existing benchmarks of heart attack prediction using ML. Deep learning
has also proved its efficiency in recent works aiming toward heart attack prediction (Ashraf, Rizvi, and
Sharma 2019) and heart health monitoring (Ali et al. 2020).
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Table 1. Comparison among related literature
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Ref. Contribution LLEE IO Performance Limitation way 01.‘
Used overcoming
the
limitation
The execution of this model uses the dataset acquired
) R . . . ‘We used the
from UCI’s ML repository, Rapid Miner, to purify the
SVM and
dataset and Anaconda v2.7 packages to develop the P

o . Four Classification got better
classifier. The forecast outcomes are made accessible . .
to the purchaser with the assistance of a web interface algorithms accuracy IS not up | accuracy

- . . . L Naive Naive Bayes to the mark. That’s | because SVM
exceptional with a simple to-utilize realistic Ul . . .
. e o . - Bayes, has given the why their future is smarter
(Manikandan Rapid Miner was utilized to build up the best fitting . .
. . . KNN, best precision of | plane is used than other
2018) algorithm for the given dataset, and four algorithms L . s
. . Decision 81.25% among recently introduced | classifiers.
are used Naive Bayes, KNN, Decision Trees, and . s L
Trees, all algorithms. classification Moreover,
Random Forest. Also, Random Forest was analyzed . K
o . . s Random method to improve | SVM is well
by building their processes in Rapid Miner. Among
. . . Forest. accuracy. known for
all the algorithms applied to the dataset. A similar .

i . . reducing
classifier can be gotten to with a web interface for the erfor
client’s accommodation. :

Five All 13
They worked on the coronary illness dataset obtained algorithms, attributes of
from the UCI archive; it has ten features and a center ie., The random They used only the dataset
with 304 cases. First, data is partitioned into 60% Decision forest method ten attributes. have been
(Kumar et al. for training and 40% for the test; then, at that point, Tree, SVM, has ereater Consideration of used in the
2020) the dataset is uncovered to 5 ML classifiers like Random recfi;sion of more attributes proposed
Decision Tree, SVM, Random Forest, KNN, Logistic Forest, g 571% could improve the model,
Regression. Next, they determined the exactness of the | KNN, SR accuracy. which is vital
classifiers utilizing a confusion matrix. Logistic for greater
Regression accuracy.
. . . - Five
Their goal is to progress the HF prognosis precision .
utilizing UCI CVD dataset. Several ML methods methods, .. According to A da}a set
2. ie., The Decision work, they use a obtained
were utilized to know the data and forecast the HF -, s .
ST . . o Decision Tree classifier small dataset size from Kaggle
probabilities in a medical database. This study utilized Tree. Naive | computed and partial no of and the best
o five unique models to forecast coronary illness § P P , .
(Alotaibi 2019) . . Bayes, 93.19% accuracy | patient’s records; attributes
utilizing the gathered dataset. Therefore, this study .
. Random highest accuracy | thus, the dataset have been
deliberated, proposed, and executed an ML model . .
L . . Forest, among all was improved used in the
by merging five different methods. In this study, e .
S . ; SVM, and classifiers using proper present
they used a rapid miner device that calculated high L .
.. Logistic techniques. chapter.
precision. .
Regression.
Implementation of
Their experiment aims to calculate whether or not a a more complex The SVM
patient will grow coronary illness. This experiment Four data grouping of the classification
was done on managed ML arrangement procedures . They found the system is needed to | method has
utilizing Decision tree, Naive Bayes, Random Forest g highest 90.789% | get more precision | been used
and KNN in the UCI s’torehouse Di’fferent analyses ’ methods, accuracy of for the early because SVM
(Patel et al. utilizing a unique classifier method were led through ;(?I’N Naive using the KNN prognosis of CVD. | is smarter
2021) the WEKA tool. The information was pre-handled ’ algorithm after Different data than other
afterward. Finally, they were utilized in the model. Ba}{e§, implementing mining techniques, | classifiers
KNN, Naive Baye;s and random forest show the best decision among four like time-series ’ and it is well
outcomes in this experimental model. I tracked down g)if;,sfandom classifiers clustering and known for
the precision succeeding in carrying out four methods association rules, reducing the
to be mainly elevated in KNN, and the value of k is 7. SVM, and genetic | error
method.
Continued on following page
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Table 1. Continued

Proposed
model’s
Ref. Contribution Techniques Performance Limitation way 0?
Used overcoming
the
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They proposed the coronary disease prognosis
framework with various classifier methods to
forecast coronary illness. The procedures are
decision tree classifier and Naive Bayes method;
they have examined that the decision tree predicts We have
better exactness as contrasted with the Naive Bayes They hide their provided
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for training data and 30% for testing.

they obtain more
reliable accuracy
of heart disease.

reducing the
error
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Table 1. Continued

Proposed
model’s
Ref. Contribution [Elpe Performance Limitation way 01:
Used overcoming
the
limitation
Features like
They have introduced robotized and powerful financial status,
coronary failure forecast strategies utilizing data Decision The neural tension, pollution,
mining procedures. Initially, they have given an expert | Tree, Neural | network model and earlier
. . . . . In our
obtainment for the extraction of the important model Network, gives 89% therapeutic history
L. L. . . work, SVM
(Srinivas, from the CVD data distribution centers for the well- Bayesian accuracy for the | were considered .
. . . . provides
Raghavendra organized prognosis of coronary artery Grounded model, SVM | disease class. On | coal mining areas
. . . . . accuracy for
Rao, and on the intended important weightage, the common for analysis | the other hand, patients. Other .
. . ; . - L. the entire
Govardhan patterns taking value bigger than defined in advanced | of accuracy | the decision data mining
. . . data set, not
2010) threshold were selected for the valued prognosis of having a tree gives 89% methods could half of the
the coronary artery. Three mining aims are distinctly disease or accuracy for the | also be used, like .
L . . . . . . patient.
grounded on data examination. All these replicas without without disease clustering, Time
could reply to complex questions in a prognosis heart disease class. Series, Association
attack. Rules to explore
patients.
Their goal is to progress a hybrid system that utilizes They 1ncflude
: . . Four straightforwardly
numerous machine learning methods similar to o
rincipal component analysis, Bag of Words replicas methods, extricating features
princip ponent anaiysts, bag o1 WOrds rephicas, | pandom from an ECG In the future
and several classification methods. Utilizing this . .
e . . f Forest, signal. Apart from | scope of this
system, it is feasible to categorize an ECG sign as Support .
e L. SVM, . the 16 feasible chapter, ECG
. 1 of the 16 classes utilizing ML. Class 1 indicates . Vector Machine
(Prajwal et al. . o Logistic classes that were datasets can
normal ECG signs, classes 2 to 15 indicate numerous . gave the best .
2017) . . . Regression, . taken in regard be worked
kinds of arrhythmia, and class 16 does not classify. accuracy, which | . " .
; o and KNN in this paper, the with for
The proposed technique utilizes the UCI ML Source . was 91.2%. h
. classifier for ECG sign can heart attack
dataset of heart arrhythmia to learn the model on 279 classifvin be characterized cediction
features. The utilization of ML helps in additional sstymng . P ’
.. . . . cardiac into several sets
precision and high potential to predict extreme heart . . .
. o arrhythmia. of cardiovascular
arrhythmia probability. .
arrhythmias.
Classification
They utilized 3 data mining method similar, Random Accuracy is not
Forest, Decision Tree, and Naive Bayes, are addressed up to the mark.
and utilized this method to progress a prognosis However, if The SVM
model which analyzes and forecast the chance of they use SVM classification
CVD. The primary goal of this important study work classifiers because | method has
is to recognize the greatest classification method SVM is smarter, it | been used
. L .. Random Random Forest
appropriate for giving the most extreme precision . works faster than because SVM
L. PR Forest, gives the best .
(Rairikar et al. | when classification for normal also abnormal L. random forest. is smarter
. . . s Decision accuracy of 81% s .
2018) somebody is carried out. In this way, the anticipation That’s why their than other
. .. . . . Tree, and compared to ™
of survival deficiency at a prior stage is conceivable. . e future plane uses a | classifiers
Naive Bayes | other classifiers. . . L
The exploratory arrangement has been made to assess genetic algorithm and it is well
the performance of methods with the assistance of in Decision Tree known for
the CVD benchmark dataset obtained from the UCI and Bayesian reducing the
ML store. The Random Forest method performs best Classification; error
and has 81% precision when similar to various CVD then, they can
prognosis methods. improve the
accuracy.
Continued on following page
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Table 1. Continued

utilized to forecast the development of the ensemble
learning classification and forecast models. The testing
results showed that the created ensemble learning
classification and forecast models accomplished

model exactness of 89.12% for HIC, 77.78% for
LBMC,80.14% for CCF, and 96.72% for SUH,
surpassing the exactness of already revealed research.

use the boosting
algorithm.

Proposed
model’s
Ref. Contribution L I Performance Limitation way 01:
Used overcoming
the
limitation
They used a high-level ensemble ML technology, and
also an adaptive boosting algorithm was created for
precise coronary illness findings and result prognosis.
The created ensemble learning classification and
a prognosis system were applied to 4 distinct data
sets for coronary illness findings, including patients They have errors
analyzed with coronary illness from the Hungarian between the model
Institute of Cardiology (HIC), Long Beach Medical They used training and testing
Focus (LBMC), Cleveland Clinic Foundation (CCF), high-level 06.72% accuracy | PrOcesses is an
and Switzerland University Hospital (SUH). These 4 ensemble e racy expected meeting
L . . they have using
. . data sets have clinical instances of patients diagnosed ML . known as an over- | We had no
(Miao, Miao, . . Switzerland . . ..
and Miao 2016) with coronary illness: 303occurrences from the CCF, technology Universit fitting issue in the | overfitting
294 cases from the HIC, 200occurrences from the and an Hospital Zata field of ML during | problems.
LBMC, and 123 cases from the SUH. In every data adaptive P model progress.
.. . . set. .
set, each clinical case consists of 76 natural features. Boosting To overcome this
However, among the raw attributes, just 29 were algorithm problem, they can

PROPOSED METHODOLOGY

Many types of research have confirmed that among the various kinds of machine learning classifiers,
SVM provides more precision contrast to others. SVM is a Smart classifier it is well known for reducing
the error. In the healthcare field, prognostic disease exploration is one of the useful and helpful applica-
tions of the Machine Learning prognostic method. Machine learning (ML) is thrust into classifying and
prognosis data. In such conformity, numerous machine learning methods are utilized, according to the
need of the dataset.
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Figure 1. Overall block diagram of the proposed system

[ Import dataset ]

Dataset split into
training and testing
phase

Apply different
machine learning
classifier

RF

NB
SVM

Compare and select best

classifier

Measure accuracy of
predicting the chance of
heart attack

Support Vector Machine (SVM)

SVM is mainly famous as a Supervised Learning technique, which is utilized for classification and re-
gression problems (Ghosh and Saha 2020). The objective of the SVM method is to build the best line or
decision boundary between data points belonging to different classes, which is known as a hyperplane.
It can cut off the n-layered gap into classes to place the new data element in the right class without any
difficulty for some time. SVM picks the ultimate vectors/ point that assists in making the hyperplane.
These ultimate cases are termed as support vectors, along consequent method named SVM. Using this
hyperplane, Figure 2 classified data points from two different classes.
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Figure 2. A pictorial illustration of SVM Hyperplane

| R
iaximum

support vector

X1

-
L

There are two types of SVM, i.e., Linear SVM and non-linear SVM.

Linear SVM: This SVM is utilized when data are linearly separable. That means using a single straight
line when the dataset can be categorized into two different classes. This kind of data is called linearly
separable data, and in this case, the classifier is used as a Linear SVM classifier shown in Figure 3. The
data points belonging to two classes have been represented with yellow and orange shapes, respectively.

Figure 3. Linearly separable
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Non-linear SVM: This SVM is utilized when data are non-linearly separable. That means using a
single straight line when the dataset cannot be categorized into two different classes. This kind of data
is called non-linearly separable data, and in this case, the classifier is used as Non-Linear SVM classi-
fiers shown in Figure 4.

Figure 4. Linearly not separable
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Working of SVM

The steps to follow in the classification process using SVM are mentioned below.

Scenario-1: In Figure 5, three hyperplanes (a, b, and c¢) have two input features, X, and y. Now the
best hyperplane has to be picked for classifying circles and stars with the help of a thumb rule. In the
above scenario, hyper-plane b should be chosen as the best because it accurately segregates both the
classes circle and star compared to another hyper-plane.
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Figure 5. Scenario-1

Y
-4

Scenario-2: In Figure 6, three hyper-planes (a, b, and c¢) have two input features, x, and y. Every
hyperplane over there accurately separates the classes circle and star. But hyperplane c gets selected
because the margin between the closest data point is in maximum contrast to the other hyperplanes. Miss
classification can happen if a low-margin hyperplane gets selected.

Figure 6. Scenario-2
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Scenario-3: Figure 7 shows a scenario where data are non-linearly separable, so a single straight
line can’t separate classes. SVM can solve this problem by adding a new dimension z using a kernel
and calculating as z=x> +y. Thus, z co-ordinate represents the square of the distance between the point
and the origin. Now, after data plotting, it becomes linearly separable. Let the datapoint separating line
in higher dimension get represented by z=k, where k denotes a constant. As z=x>+y? x> + y?> = k is,
representing a circle equation.

Figure 7. Scenario-3

v

The kernel used as a function transforms a small dimensional input gap into a higher-dimensional gap,
translating non-separable problems into separable problems. It is used for most non-separable problems.
So, we can get a plot of the data points like Figure 8.
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Figure 8. Classification of separable data

v

Different Types of Parameters

There are some parameters to build the model of SVM (Duan, Keerthi, and Poo 2001). Some important
parameters are “kernel,” “c,” and “gamma.” These hyperparameters can be changed to improve accuracy.
Selecting the correct kernel is crucial because the system can have very poor results if the transforma-
tion is not correct. As a rule of thumb, the linearity of data should always be checked, and linear SVM
(linear kernel) should always be used. Linear SVM is a parametric model, but an RBF kernel SVM
isn’t, so the latter’s difficulty raises with the size of the training set. Moreover, it is extra expensive to
train an RBF kernel SVM. Still, you too have to keep the kernel matrix around, and the projection into
this “infinite” higher dimensional space where the data becomes linearly separable is extra expensive
throughout the prognosis.

Working of Kernel

The Kernel method takes data as input and transforms it into the required form of processing data. Vari-
ous kernels like linear kernel, radial basis function kernel (RBF), polynomial kernel, sigmoid kernel, and
others are there. RBF and polynomial kernel is required for non-linear hyper-plane. The kernel method
returns the scalar product in exceedingly suitable feature space between two points. Thus, by defining

a notion of resemblance, with a little computing cost even in the case of very high-dimensional spaces.
The standard kernel function can be represented by

K(x_) =1 when H)?” =<1
K(x) =0, otherwise (1

Linear kernel: When we change the kernel to linear (kernel="linear’), we get output with linearly
separable data. The linear kernel can be represented as
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K(x,y) = sum(x « y) 2

Gaussian kernel: It helps to separate the data points properly when not any previous knowledge about
the data is there and can be denoted as

207

K(x,y)= e[x_y ] 3)

Gaussian kernel RBF: When we change the kernel to rbf (kernel="rbf’), it gets normally selected
when non-linear data is concerned. It is a slightly improved version of the Gaussian kernel and can be
represented as

K(x.y)=e "] @

Polynomial kernel: When we change the kernel type to poly (kernel="poly’’), we get different outputs
from the linear kernel. It is a further generalized depiction of the linear kernel. Due to less accuracy and
efficiency, sometimes it gets less preferred than the other kernel functions. It is used in image processing
and can be represented as

K(x,y) =tan h (yxT + r)d where y>0 5)

Sigmoid kernel: When we change the kernel type to linear (kernel="sig’), that acts as a substitute for
neural networks and can be represented as

Kx,y) =tanh (yxT + ¢) (6)

This kernel function works very similarly to a two-layer perceptron model, which is an activation
function of the neurons.

Working of C

Controlling error C is the regularization or penalty parameter in the SVM model and controls the decision
boundary. The SVM optimization expresses how much miss classification for every training instance
can be avoided. When c is low, a large margin for decision boundary is obtained. When c is high, a small
margin for decision boundary is obtained. This is shown in Figure 9.
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Figure 9. A pictorial illustration of the working mechanism of regularization as an SVM hyperparameter
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It is observed in Figure 8§ the lesser value of C results in a higher margin. Eventually, many curves
are not there, and the line is not rigidly following the data points even if two red data points were classi-
fied as blue. When the C is high, the boundary is full of curves, and all the training data was classified
correctly. Although if all the training data points get properly classified, it doesn’t imply that an increase
in the C value always results in a precision increase due to the overfitting.

Working of Gamma

Gamma is a Kernel coefficient for polynomial, radial basis function, and sigmoid kernel. It specifies the
extent to which a single training example has an impact. For example, this indicates that locations near
the plausible hyperplane will be considered by high Gamma, while ones farther away will be considered
by low Gamma.
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Figure 10. A pictorial illustration of the working mechanism of Gamma as an SVM hyperparameter
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As shown in Figure 10, the Gamma is reduced, determining the suitable hyperplane will evaluate
points at longer distances, resulting in the utilization of more and more points (the black lines specify
the points considered in searching for the best hyperplane). The gamma value ranges between 0 and 1.
The value of Gamma must be explicitly entered into the code. The most favored gamma value is 0.1.

Working of Degree

The degree parameter gets applied only when the selected kernel is polynomial and decides the degree
of the polynomial.

Working of Probability

In the case of the Boolean parameter, called probability, if true, the model will return the vector of prob-
abilities belonging to every class of the target variable for each prediction. Thus, in a nutshell, it provides
the level of confidence for every forecast.

Working of Shrinking

The shrinking parameter indicates if employing a shrinkage heuristic in our SVM optimization is a target
utilized in Sequential Minimal Optimization. It’s default setting is true. Unless you have a solid reason,
don’t alter it to false because downsizing will considerably increase your performance while sacrificing
very little accuracy in most circumstances.

Mathematics Behind Hyper Plane

In Figure 2, we saw data are separable by a straight line, and the straight-line equation is
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y=mx+b (7

Let, m= -1 where m is a slope, and b is a distance of origin to the line find a best separable plane
equation is

y=wlx+b 8)

after applying dot product w’x (where w denotes a weight vector and X is a matrix input) we get two
equations

wix, +b=+1 9)
for positive margin line and
wix, +b=-1 (10)

for negative margin line
Equations 3 and 4 substitutes find the distance between two margin equations is

Wi, —x,) =2 (1n)
for optimization, the equation is

wh 2
—(x,—x,)= —— (12)
|!W|r(x‘ )=

To make a correct prediction; we need to maximize the equation

2 |+l it wT-x+b5>0
Tl such that yi = (13)

-1 ifwl-x+b<0

The point upstairs or above the hyperplane, which is defined as class +1, and the point under the
hyperplane, which is defined as class -1

EXPERIMENTAL RESULT

This section explains the dataset preparation and performance of our proposed heart attack prediction
system using Support Vector Machine compared to four more classifiers applied to the same dataset.
The section concludes by comparing state-of-the-art literature and the statistical significance of our
proposed SVM by two-tailed t-test.
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Dataset Explanation

The dataset considered in the proposed heart attack prediction framework has been downloaded from
Kaggle (Kaggle Dataset). It has thirteen features, namely patient’s age, sex, exercise-induced angina,
significant vessels amount, type of chest pain, resting blood pressure, cholesterol in mg/dl collected by
BMI sensor, blood sugar in fasting, resting electrocardiographic results, angina due to exercise pattern,
the numeric intensity of depression, sloping of the highest workout, and the extreme heart rate attained.
Based on these features, the patient has been classified as having a more or less chance of heart attack.
Furthermore, the training and testing ratio has been considered as 3:1, and a total 303 number of patients
records have been analyzed using this.

Classification using Support Vector Machine

For two reasons, we choose SVM over alternative methods for categorization. To begin with, it has a
good generalization and accuracy capability with a short training sample (Lesser, Miicke, and Gansterer
2011). It’s the most reliable classification method for real-world settings, and it’s been used to solve
different types of problems, including facial recognition, handwriting character identification, and intru-
sion detection. It is created as a binary classification algorithm, but it has been improvised for multiclass
problems. As it is not feasible to present confusion matrices for all the combinations of hyperparameters
thus, only the matrices generated from the best combinations of hyperparameters like C and Gamma
for the four kernels have been shown in Figure 11. Below is a description of different classification

performance metrics used in the chapter and their mathematical interpretations.

Accuracy: It describes how frequently the model forecasts the accurate output.

Accuracy=TP+TN/ (TP+FP+TN+FN) (15)
Misclassification rate: it describes how frequently the system gives incorrect predictions.

Error Rate=FP+FN/(TP+FP+TN+FN) (16)

Precision: It describes the amounts of exact outputs provided by the model.

Precision=TP/(TP+FP) (17

Recall: Itisdescribed as the availability of entire positive classes, in what way our model forecasts correctly.

Recall=TP/(TP+FN) (18)

F-measure: This F-score supports us to calculate the recall also precision together. The F-score remains
high if the recall is equivalent to the precision.

F-measure=2*recall*precision/recall + precision (19)
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ROC Curve: ROC plot s utilized to display the classifier’s performance. The graph is a trade-off between
the True Positive Rate(TPR) on the Y-axis also the False Positive Rate(FPR) on the x-axis.

Performance Assessment

The classification performance of the proposed system has been assessed using accuracy, precision,
recall, F1 score, and error metrics. The learning curves for all the four kernels of SVM with the best
combination (Gamma=1 and C=1) have been presented in Figure 12. Figure 13 shows ROC curves, and
AUC values obtained from the ROC curves are shown in Table 2. The parametric sensitivity analysis
has been presented in Table 2, where two performance metrics have been calculated using

True Positive Rate(TPR ) = True Positive (20)

Total positive

False Positive Rate(FPR) = False Positive (21

Total negative

And Area Under the Curve (AUC) depicts the entire two-dimensional Area underneath the region of
the convergence (ROC) curve. Finally, table 3 shows the metric values obtained during testing for two
considered classes for a chance of heart attack ‘more’ and ‘less,” where it is observed that the linear
kernel is the most effective one for the proposed framework, and the best observation from each kernel
has been marked with bold.
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Figure 11. Confusion matrix generated from the best combinations of hyperparameters for four kernels
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Figure 12. Learning Curves for the four kernels of SVM with the best combination (Gamma=1 & C=1)

LEARNING CURVE FOR SVM Classifier with Linear Kernel LEARNING CURVE FOR SYM with Radial Basis Function Kernel
e === Taining score T o
ngs ""1.\ —— Cross-validation score
“
‘\
090 e L L o8
o -
3 oss “eeeeee- | B
= “:_ ] === Training score
s B —— Cross-validation score
3 a0 5
& 407
075
070 0.6
160 180 200 20 240 %0 150 180 200 20 240 260
Taining Set Size TFaining Set Size
LEARNING CURVE FOR SVM Classifier with Polynomial Kernel LEARNING CURVE FOR SVM Classifier with Sigmoid Kerne|
095 e === Taining score e === Taining score
. = Cross-validation score \‘-\ = Cross-validation score
090 b &a s
0 LY
0.85 e ~
g b w o
. k=1 ™
5 080 S 508 S
= b .
go 15 . E‘ -
5 M e, - z ""-._“
gome —————— g7 g
065 ML
060 06 o O
055 g
160 180 200 220 240 260 180 180 00 20 = Ce
Faining Set Size Faining Set Size

Table 2. Parametric sensitivity analysis of SVM as a classifier

EBSCChost - printed on 2/10/

Kernel value Gamma value C value FPR TPR AUC
Linear - 1 0.12 0.71 0.831
Sigmoid - 1 0 0 0.656
0.1 0 0 0.513
1 0 0 0.513
1 10 0 0 0.513
100 0 0 0.513
1000 0 0 0.513
Radial Basis Function
0.1 0 0 0.431
1 0 0 0.431
0.1 10 0 0.029 0.431
100 0 0.029 0.430
1000 0 0.029 0.569
0.1 0.292 0.588 0.701
0.1
1 0.292 0.588 0.701
0.1 0.15 0.706 0.793
Polynomial 0.001
1 0.195 0.676 0.786
0.1 0.073 0.617 0.698
0.0001
1 0.073 0.617 0.785
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Table 3. SVM based classification outcome in testing
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Kernel Chance of heart attack Precision Recall F1 Score
More 0.83 0.71 0.74
Linear
Less 0.78 0.88 0.83
More 0.55 1 0.71
Radial Basis Function
Less 0.00 0.00 0.00
More 0.67 0.71 0.69
Polynomial
Less 0.62 0.59 0.61
More 0.55 1 0.71
Sigmoid
Less 0.00 0.00 0.00
Average

Figure 13. Receiver Operating Characteristic Curves for the four kernels of SVM
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Comparison Among Different Classifiers

For the comparative study, other classifiers, namely k Nearest Neighbor (kNN), Decision Tree (DT),
Random Forest (RF), and Naive Bayes (NB), have been compared with our proposed SVM in terms of
accuracy, precision, recall, F1 score, and error. Table 4 depicts the mean and standard deviation values
mentioned within the bracket for each performance metric by running five different algorithms 25 times.
The means of each metric from the best and second-best algorithms have also been presented using the
paired t-test. The statistical significance level of the difference of the means of the best two procedures
has been presented in Table 4’s last column, where ‘+’ represents the t-value of 49 degrees of freedom
is statistically significant at a 0.05 level of significance by two-tailed test, and the ‘-’ represents that the
difference of means is not statistically significant. The sample size for all of the t-tests is set as 25. The
best one has been marked in bold.

Table 4. Comparison of different heart attack prediction algorithms for 25 Runs

Performance metric SVM kNN DT RF NB Statistical significance
Accurac 0.83 0.70 0.75 0.80 0.74 +
y (0.161) (0.531) (0.657) (0.645) 0.314)
Precision 0.89 0.87 0.88 0.87 0.75 n
(0.134) (0.634) (0.453) (0.564) (0.324)
0.91 0.45 0.67 0.78 0.93
Recall
(0.168) (0.324) (0.498) (0.654) 0.134)
F1 score 0.83 0.74 0.67 0.78 0.74 n
(0.015) (0.125) (0.054) (0.435) (0.175)
Average error rate 0.04 0.40 0.25 0.65 0.19 +
g (0.016) (0.232) (0.143) (0.435) (0.023)

Comparison with Existing Literature
Our SVM classification result has been compared by considering accuracy as the metric with the exist-

ing related works in Figure 14. The proposed approach’s evaluation of effectiveness and applicability
clearly shows that the proposed framework works better than the related ones.
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Figure 14. Comparison with state-of-the-art literature
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CONCLUSION

We have applied machine learning techniques for heart attack prediction in this chapter, which can be
beneficial to prevent a heart attack if the chance gets detected at an early stage. We have collected a da-
taset from Kaggle with 303 instances and 13 attributes, and one target variable named output. When the
output is 0, it indicates fewer chances of heart attack, and when the output is 1, it indicates more chances
of a heart attack. Support Vector Machine has been used to classify the chance of heart attack based on
different demographic features of the concerned subjects. It has provided better performance than other
classifiers like K-Nearest Neighbor, Decision Tree, Random Forest, and Naive Bayes. Hyperparameter
running has also been done to achieve the best result by combining the best set of parameters for SVM.
The time consumption will be attempted to be reduced and to improve the classifier performance, we
will apply other classifiers in the future. In the future scope of this chapter, we will work with an ECG
dataset for heart attack prediction.
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Cardiovascular disease (CVD) is a medical condition that leads to risk of heart disease such as stroke
or cardiac arrest. Cardiac attack is a medical condition found in different age groups irrespective of

gender. In a clinical study, there are many ways of interpreting the risk factors. The most common risk

factors indicating sudden cardiac arrest are glucose, body mass index (BMI), and habitation such as
smoking. The difficulties faced by the clinicians are the primary focus of this study. The complexity in
clinical stages in examination of medical condition needs to be resolved considering the symptoms and

other risk factors leading to sudden cardiac arrests and deaths. Thus, validation of clinical examination

at times is a laborious and time-consuming process, while tracking patient history is voluminous over a

period of time. This chapter presents the analysis of risk factors causing cardiovascular diseases. The

statistical significance and clinical validation of the computer-assisted tool is presented in this study.
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INTRODUCTION

The analysis of risk factors leading to stroke started with a collection of multiple datasets from the Kaggle
repository. This dataset consists of twelve variables including the class label, and the presence and ab-
sence of stroke. The primary task of the pipeline begins with data wrangling which transforms the raw
inputs into a form more suitable for model development, fitting, and evaluation. This stage is followed by
exploratory analysis which gives insights into characteristics of features for the extraction of interesting
patterns. The pre-processed data was fed into the following baseline models Logistics regression (LR),
support vector machine(SVM), Random Forest (RF), Naive Bayes Classification (NB), Gaussian Naive
Bayes (GNB), Bernoulli NB, Decision tree classifier (DTC), k nearest neighbor classifier to benchmark
the training and test split on the dataset. The proportion of data spitted for train and test split is 80% and
20% respectively. The accuracy score on the classification of presence and absence of stroke is reported
using receiver operating characteristics (ROC). The area under the curve will help to report the metrics
on classification known as the confusion matrix. When unseen data is fed into the model, the machine
learning system will report the following viz, true positives, for those instances where the presence of
stroke in the dataset is classified as stroke. Similarly, true negatives are those instances where the absence
of stroke in the dataset is classified as no stroke. Likewise, the misclassified instances are reported as
false positives and false negatives. The area under the curve shows the performance of the machine on
the classification task undertaken. The region under the curve specifies the accuracy, the higher the area
covered by the curve higher the accuracy reported by the model. The weakly learned models can be
enhanced by boosting the performance individually through an ensemble approach. This includes mix-
ing weak learners, training datasets, and models combined at different levels, known as meta-learners.

Risk factor analysis for Cardiovascular Disease (CVD) is clinically a challenging problem. To address
the difficulties of clinical validations of such risk factor analysis, the role of Artificial Intelligence and
Machine Learning was recently established. Electrocardiogram (ECGQG) is the principal source for the
examination of cardiac electrical activity (Alfaras Miquel et al, 2019). This modality assists cardiologists
for the diagnostic examination of cardiac abnormalities. The profound availability of ECG records has
highly motivated us in analyzing cardiac dynamism by classifying the heartbeat using Electrocardiogram
(ECG) signals. Recent research findings have reported the significance of unsupervised deep nets in
capturing the cardiac dynamics on electrical activity by classifying heartbeats (Moddy et al, 2001). The
unsupervised deep convolutional neural nets the variant of one dimensional CNN that has three layers
viz flatten, dense, and dropout have shown promising results in the classification of heartbeat (Alfaras
Miquel et al, 2019; Armando Fandango, 2018).

The role of Artificial intelligence and Machine learning (AIML) was recently established in the
clinical validation of such complex analysis. Artificial Intelligence-based software development tools
are highly demanded clinical validations (Aziz et al, 2021). In this perspective, TensorFlow, Python, R,
and Data analytics shall play a vital role in developing Al-based tools. The objective of this chapter is
to elaborate on the automation of clinical workflow using the primer of AIML concepts in risk factor
analysis (Armando Fandango, 2018). Further, this chapter presents the machine learning workflow for
the classification of a heartbeat from an ECG signal. Hence this work primarily aims at a classification of
heartbeat and augments the machine learning workflow in reporting the anomalies causing the variation
in heart rate. The initial phase of this research started with a collection of ECG signals with 15 classes
of cardiac dysfunctions from a public source https://archive.physionet.org/physiobank/annotations.shtml
under GNU public license. This tool would assist the physicians in Clinical validations and diagnostic
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examination of cardiac mechanisms. Further, this framework when deployed would possibly replace the
manual intervention of ambulatory ECG reports thereby speeding up the clinical workflow. The following
section presents the background study on CVD and Electrocardiograms signals. Methodology describ-
ing the machine learning workflow is discussed in the next section followed by results and discussion.
Finally, the chapter summarizes the work with directions for future work.

Background

Machine learning (ML) frameworks are predominantly employed to devise decision support, clinical
workflow automation, and health care analytics for speedy and accurate diagnosis (Celin et al. 2018).
This section explains the potential of machine learning in risk factor analysis under the broad spectrum of
parametric and non-parametric methods. Supervised learning is a concept of artificial intelligence in the
machine learning (ML) paradigm. This concept begins with processing by labeling the dataset which is
essential to teach the machine how to learn the features from the datasets and classify them when test data
is given to the machine (Aziz et al. 2021; Celin et al. 2018). This concept primarily aims at automating
the machine learning workflow for classification in case of multiclass problems and prediction in case
of binary class. This paradigm can be broadly classified as (1) Parametric ML and Non-parametric ML.
Parametric models include linear regression, logistic regression, Support Vector Classifier, Bernoulli
Naive Bayes (BNB), and Gaussian NB (GNB). The non-parametric models include Random Forest
(RF), Classification and Regression Trees (CART), and Decision Trees (DT). A decision tree (DT) is
a tree-based machine learning algorithm used for binary classification (Jason Brownlee, 2020a, 2020b,
and 2020c). The feature with more information gain is selected for the split decision. The splitting of the
dataset is made based on a selected feature whose information gain is high. Random Forest is an ensemble
of decision trees classification algorithms. In addition, the performance of models in these paradigms
can be well improved by mixing models as done by voting classifiers. In turn, hard voting performs
majority voting on the maximum number of instances belonging to a class, while soft voting performs
weighted averaging or simple averaging. The specific approach of ensemble design includes a sampling
of training data with and without replacement (Jason Brownlee, 2020a). This sampling can improve the
model’s performance with n sample cross-validation or stratified cross-validation in which the training
sample must have a proportion of all the classes. These models augment the performance to improve
its classification efficiency. In addition, specific studies have reported the use of boosting techniques
like Adaboost, an adaptive gradient boosting algorithm, and XGBoost, extreme gradient boosting based
machine learning algorithms for augmenting the performance of ML workflow (Elgendi, 2016a, 2016b,
Padmavathi et al, 2015, Kandal et al., 2018, Maciejewski and Dzida, 2018, Clifford and Gari, 2016).
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Table 1. Supervised ML models

Supervised Learning Parameters Problem Type Paradigm
Knn k: The number of neighbors Classification Parametric
Random Forest Estimators, gini index, max_ Classification Non-parametric
depth
Support Vector Classifier i:lif; r})za;stiiiflunction, Classification Parametric
Logistics Regression Regularization Prediction Parametric
Bernoulli Naive Bayes (NB) Conditional probability Classification Parametric
Gaussian NB Features assumed to be gaussian | Classification Parametric
Decision Tree gini index, max_depth Classification Non-parametric
Table 2. Unsupervised models
Models Methodology Problem Type Paradigm
K Means Centroids Clustering Parametric
Feature Selection Explained variance Segmentation Parametric
Principal Component Analysis Singular Value components Dimension reduction Parametric
The probability that a new data
Linear discriminant analysis belong to every class Variance and Dimension reduction Parametric

Mean

Sammon Mapping

Multi-dimensional scaling

Dimension reduction

Non-Parametric

Table 3. Ensemble technique

Models Methodology Problem Type Paradigm
Max Voting Classification Pa.rametr'lc and Non-
parametric
Voting Ensemble
Averaging and weighted averaging Prediction arametr.l ¢ and Non
parametric
Residual error Classification Non-Parametric
Boosting
Gradient descent error Prediction Non-Parametric
Samples with replacement, Non-Parametric
Bagging Classification
without replacement Non-Parametric
Stacking Meta learner Classification Non-Parametric

Homogeneous and
Heterogeneous

Voting and Meta-learning

Classification and Prediction

Non-Parametric
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METHODOLOGY

The various algorithms in the literature have described the potential of machine learning tasks in fea-
ture selection, training and model fitting, evaluation, and hyper-parameter tuning. The performance of
classification algorithms is evaluated using metrics such as precision, recall, sensitivity, specificity, and
accuracy (Jason Brownlee, 2020b, and 2020c). The parametric and nonparametric machine learning
paradigm is explained in tables 1, 2, and 3.

Figure 1. Block diagram of Machine Learning (ML) Workflow

ata Engineering Data Preparation Model: Build and Fit Deployment

Munging Column Transformation tatistical Modeling
: Dependentand .
Extract Encoding Independentvariables Predict
Transform Normalization Parameter Estimation Classify
Load Feature Selection Tune Hyper-parameter Segment

KBExploratory Data
Data Store 8 Analysis (EDA)

7]

Sucured =01l
o @

Optimization

/Unstructured/Semi-
structured

Grid search Cross
Validation

The series of tasks involved in the machine learning pipeline as shown in figure 1 are as follows:

1. Data Engineering

2. Data Preparation

3. Exploratory Data Analysis
4. Model Build and Fit

5.  Optimization

6.  Deployment
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Table 4. Data dictionary

Variable Type Description
1d int unique identifier
age float64 age of the patient
gender object “Male”, “Female”
hypertension int64 0 if the patient doesn’t have hypertension, 1 if the patient has hypertension
heart_disease int64 0 if the patient doesn’t have any heart diseases, | if the patient has a heart disease
ever_married object “No” or “Yes”
work_type object “children”, “Govt_jov”, “Never_worked”, “Private” or “Self-employed”
residence_type object “Rural” or “Urban”
Average_glucose_level float64 average glucose level in blood
Bmi float64 body mass index
Smoking_status object “formerly smoked”, “never smoked”, “smokes” or “Unknown”*
stroke int64 1 if the patient had a stroke or O if not

Figure 2. Risk factor analysis in Patient Cohort
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B Female
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o
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8 1500
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DATASTORE

The Datastore is the repository of samples collected from patient cohorts. This repository contains the
information about samples collected from clinical sources. In this study, biological variables are con-
sidered for the analysis of risk factors. Eventually, social factors also contribute to the risk in addition to
the biological features in the assessment of risk factors leading to stroke. The input features considered
for the risk factor analysis are Patient id: which is a unique identifier of the biological features such as
age, gender, hypertension, average glucose level, body mass index (BMI), the history of heart disease,
the presence, and absence of stroke which is a binary class which is the target variable or label assigned
to the instance of the patient cohort. The distribution of stroke and gender is reported in figure 2. The
social factors are marital status, occupation type, kind of living environment as residence type, the habits
such as smoking. The data dictionary identified and used for EDA is shown in Table 4.

DATA ENGINEERING

Dataengineering is the systematic process of transforming the features variables that are necessary for the
representation of variables in training the machine so that the machine can make an accurate prediction
on the unseen data. The following analysis is made to identify the characteristics of each feature variable
based on the distribution of the dataset. The results are illustrated as graphical plots that visually represent
the trends, grouping, and correlation using appropriate statistical measures. The kinds of analysis that
can be interpreted visually are social factors as follows with respect to the age and gender of cohorts.
The Social factors are 1. Smoking status 2. Work type 3. Residence Type

Figure 3. Patient cohort considering the social factor: (a) Smoking status Risk factor (b) Work-type

stroke
1800 stroke 5
- N 2500 | o
1600 .

1400
2000

1000 1500

count
count

1000
500

=_ — 0 : 3 . =
Ofom-,;_.m smoked never smoked smokes Unknown Private Self-employed Govt_job children Never_worked

smoking_status work_type

(@) (b)

The count on the distribution of stroke among the individuals is analyzed using histogram plots. The
categories of individuals are formerly smoked, never smoked, and smoked. The histogram plots based
on smoking status are shown in figure 3.a. The next analysis is to count the distribution of stroke among
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the individuals based on work types like private, self-employed, government sector, never worked as shown
in figure 3.b. In this cohort study of 5110 patients, the number of cases with no smoking history is found
to be high compared to unknown status and formerly smoking status. The risk of stroke is less in this
patient cohort as seen in figure 4.a the distribution with respect to gender, similarly, it is found less with
respect to residence type as seen in figure 4.b. The presence of stroke is denoted as 1 and absence as 0.

Figure 4. Stroke Distribution: (a) Gender (b) Residence Type
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Figure 5. Stroke Distribution: (a) Hypertension (b) Heart disease
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The following section presents the exploratory data analysis of the patient cohort considering the
biological variables such as age, gender, average glucose level, hypertension, etc. Exploratory Data
Analysis is essential to identify patterns, and anomalies and get insights to form a hypothesis for a
better understanding of the data. Feature selection is done based on statistical hypothesis using the
sklearn (scikit) library. Data pre-processing is done to check for any missing values, noisy data, or
other inconsistencies before the execution of the algorithms. It is found that the BMI attribute contains
201 null values. So, to balance the NA values the missing values in the column, have been filled with
their mean values. Bar plot of gender, hypertension, and any history of heart disease effect on stroke:
It can be seen from figure 5 that although both male and females are not hugely affected by stroke, the
male population have a higher chance of risk than females. Further age, average glucose level, BMI,
and their relation with a stroke can be analyzed using density distribution plots, the area of overlap in
each density plot describes the relationship between the biological variable considered in the analysis
for risk of stroke in patient cohorts. The cohorts affected by stroke are illustrated by the total area of
the overlapping regions as seen in figures 6 and 7. The distribution of stroke with respect to body mass
index (BMI) and average glucose level is found to be similar as is evident from the area covered by the
overlapping regions in density plots.

Figure 6. Stroke Distribution in patient cohort with respect to age
0040 stroke
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0030

0025

Density

0020
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Figure 7. Stroke Distribution: (a) BMI (b) Average Glucose Level
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Figure 8. Correlation plot
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The heat map shown in Figure 8 is plotted between the independent features and target variable using
the seaborn library in python. This plot gives a clear visualization of how closely two features are related
or affected by each other. It is evident from the correlation plot that the features such as BMI, hyperten-
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sion, and heart disease are considered to be important biological factors. The following graphical plots
explain the distribution of heart disease in the patient cohort with respect to hypertension.

Figure 9. Distribution of hypertension in patient cohort
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Hypertension is found to be increased in the age group between 40 and 80. The distribution of hyper-
tension based on the aging of individuals is shown in figures 5 and 9. The patients in the age group of
80 have a high risk of heart disease compared to others. It is found that heart disease risk is experienced
among the group of an individual between 40 and 80. It is inferred from figures 9 to 11 that hyperten-
sion and heart disease have the risk of stroke. The count of a patient with the presence of risk for cardiac
arrest is analyzed as seen in figure 11. The presence of stroke is found to increase concerning age in
patient cohort. It is essential to analyze the distribution of stroke with respect to age as biological factors
in humans tend to react concerning age. Hence, the severity of stroke will vary under various biological
factors like age, hypertension, and history of heart disease as is evident from figure 10. The trend in
heart disease and stroke is found to be similar with respect to age in Figures 10 and 11. Hypertension
in the cohort is seen in figure 9. The trend in the risk of stroke and heart disease is found to begin at the
age of 40 in patient cohort while the hypertension feature of the study shows the risk may arise at the
age even below 40. The significance of EDA is well noted in the figures 9 to 11 in understanding the
risk factors and severity of the biological factors in patient cohort.

Figure 12. Machine learning workflow
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Machine learning workflow in cardiovascular risk factors involves a pipeline. The flow of work in the
pipeline is illustrated in figure 11. The data source is a comma-separated value from the public reposi-
tory hosted by healthcare centers, government organizations, hospitals, etc. The input dataset is analyzed
to infer the statistical significance of each feature present in the dataset. The exploratory data analysis
described in the previous section demonstrates the significance of statistical measures and the relation-
ship between the features. This step leads to data pre-processing steps where categorical variables such
as residence type, work type, marital status, and smoking status are transformed using encoding methods
to represent the data suitable for machine learning. Data preparation for the machine learning process
involves two steps (1) Separation of independent and target variables based on stroke distribution in
patient cohort. (2) Separation of the dataset into train and test as a measure of 80% and 20% respectively
(Armando Fandango, 2018). The parametric (linear) and non-parametric (non-linear) models are fitted
for the analysis of biological and social factors leading to stroke. These models are (1) Logistic regression
(2) Gaussian Naive Bayes (NB) (3) Bernouli Naive Bayes (BNB) (4) k Nearest Neighbors (5) Support
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vector Classifier (SVC) (6) Decision Tree Classifier (DT) and (7) Random Forest (Alfaras Miquel et
al, 2019; Jason Brownlee, 2020a). The primary analysis is made without tuning the parameters and ap-
pended to a list for metric comparisons. The receiver operating characteristics (ROC) metrics shows the
plot between true positive hit rate and false-positive hit rates. It is seen from the ROC plot in figure 13
that naive learner k-nn has the least accuracy followed by SVC. However, the performance of BNB and
GNB is higher compared to k-nn. To enhance the performance of base classifiers, an ensemble approach
is adopted in which voting Classifier using hard voting of base learners are used and the performance
is further improved by tuning the hyper-parameters using optimization by Grid search cross-validation.

Feature Selection

Features considered for the analysis of heart disease risk can be considered for reducing the dimension
using supervised linear transformation technique, Linear Discriminant Analysis (LDA), and feature
selection are applied using the best_params_ property of gridsearchCV which gives the result on the
best-suited parameters for the model. Scikit-learn provides SelectKbest() class for extracting the best
features from the dataset. The SelectKBest method selects the features according to the k highest score.
By changing the ‘score_func’ parameter we can apply the method for both classification and regression
data. The f-scores of all the features are shown after applying the feature selection. Here the f-score
reveals the discriminative power of each feature independently from others. Selecting the best features
is an important process as it helps to eliminate the less important part of the data and reduce training
time. The threshold score is set to be greater than 50 for selection.

The mean and variance of classes and the probability that new data belongs to each of the classes
in the datasets are ensured with LDA. In practice, linear algebra operations are used to calculate the
required quantities efficiently via matrix decomposition. With all the above steps, the new feature set of
X and y is trained for each tuned base learner and the results are stored for each model. In comparison
to the model before tuning, feature selection, and LDA, it is noticeable that although the gridsearchCV
doesn’t improve the results to a great extent, selecting the important features increases the performance
of the models tremendously. We can see a clear improvement in the score for the Naive Bayes model
(both Gaussian and Bernoulli) with a significant rise from 37% to above 93% on performing LDA and
gridsearchCV. Further, some of the other models such as SVM, and XGBoost RandomForest classifiers
also show a slight increase in their performance. The accuracy of machine learning models developed
using the sklearn machine learning module is reported in table 5.

ARTIFICIAL NEURAL NET (ANN)

The computational framework of ANN is defined by input- hidden-output neuron computation. The Input
layer: Accepts input of different formats, Hidden layer: The input goes through some transformation
using the hidden layer with some weighted sum of inputs including the bias, Qutput layer: The input
goes through a series of transformations using the hidden layer, which finally results in output that is
conveyed using this layer. With the fitted ANN model, we classify the results such that if the predicted
y (stroke presence or absence) is greater than 0.5 then it is appended as 1, if less than 0.5 then it is O.
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Table 5. Sklearn module for Machine learning: Accuracy Report on Patient cohort

Model Concept Accuracy Sklearn Machine Learning Module
Bernoulli Naive Bayes (BNB) statistical learning 0.78 ;trr(())ll)f];itllil;tg;gf‘e:;iirc;:ssified based on the conditional
Gaussian NB statistical 0.81 Feature likelihoods are assumed to be gaussian
Support Vector Classifier parametric 0.65 Regularization metrics with radial basic kernel
Random Forest non-parametric 0.81 estimators based on hyperparameter
knn classifier instance-based learning | 0.68 k neighbors
Decision Tree (DT) classifier non-parametric 0.82 information gain and gini index

stroke, the target is predicted based on the sigmoid function

Logistic Regression binary classification 0.84 for a binary class problem

Figure 13. Receiver operating characteristics (ROC) of ML models
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The intensive computation of ANN at different layers makes ANN a slightly better model than the
voting ensemble on-base learners. Of note, hyper-parameter tuning and feature selection for the voting
ensemble produced a score equivalent to the ANN model. The more important features that decide the
risk of heart stroke using feature selection are found to be age factors, marital status, heart disease his-
tory, hypertension, and the average glucose levels. Generally, tests are categorized based on the area
under the ROC curves. The closer the curve is to the True Positive rate (upper left corner), the better is
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the model. From figure 13, it can be analyzed that except for the SVC and Bernoulli Naive Bayes model
curves, all the others give a significantly good result among the base learners.

Assessment of Cardiac Dynamics Using Electro Cardiogram — A Case Study

Cardiovascular disease can be examined primarily from the clinical study using the report electrocar-
diogram (ECG) (Weimann et al, 2021). This can ensure the premature finding of heart disease and the
proper selection of the patient’s customized treatment. However, the detection of arrhythmia is a chal-
lenging task to perform manually (Elgendi, 2016a, 2016b, Padmavathi et al, 2015, Kandal et al., 2018

Maciejewski and Dzida, 2018, Clifford and Gari, 2016). In event of risk factor analysis, automated
detection of the type of heartbeat is a necessary technique. The test results have been reported to success-
fully categorize arrhythmia with an overall accuracy of ~96%. The continuous arrhythmia beats become
fatal. However, a single arrhythmia heartbeat may not have a serious impact on life (Alfaras Miquel et
al, 2019; Armando Fandango, 2018; Celin et al, 2018).

The model is formulated using three pairs of Convolution1D-MaxPool 1D layers followed by a Flatten
layer that reduces the values to 1D and three dense layers, two of which have ReLLU activation function
while the last layer has 5 nodes, corresponding to the 5 output class labels, with a Softmax activation
function. The model was able to achieve ~96% accuracy on the test dataset (Aziz e al, 2021). Therefore
a deep learning 1-D CNN is essential for the automatic ECG heartbeat categorization to categorize five
different types of cardiac arrhythmia. The proposed ECG heartbeat classification systems performance
was validated from Physionet’s MIT-BIH Arrhythmia Dataset. Furthermore, the suggested ECG arrhyth-
mia classifier can be applied in several biomedical applications such as a medical robot that monitors
the ECG signal and assists the medical experts to detect cardiac arrhythmia more accurately. As part of
our future work, our framework will be extended by implementing 2-D CNN with ECG greyscale image
input which will be transformed from the MIT-BIH Arrhythmia Dataset ECG recording. The common
types of heartbeats classified from ECG signals are

(1) Non-ectopic beats (normal)

(2) Supraventricular Ectopic Beats
(3) Ventricular ectopic beats

(4) Ectopic beats - Atrial Fibrillation
(5) Fusion beats

(6) Unknown beats

Non-ectopic beats are normal heartbeats. Ventricular ectopic heartbeats are of type TachycardaExtra.
This kind of abnormal heartbeat begins in one of the heart’s lower chambers known as Tachycardia. It
is commonly seen that premature ventricular contractions (PVCs) occur in most people at times. The
causes of such heartbeats include alcohol, certain medications, illegal drugs, caffeine, tobacco, or anxiety
(Kandal et al., 2018, Maciejewski and Dzida, 2018, Clifford and Gari, 2016).
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Figure 14. Supraventricular ectopic beat
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Figure 16. Ventricular ectopic beat
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Figure 18. Unknown beat
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The symptoms of PVCs are skipped-beat sensations in the chest. However, PVCs occurring for a long
time continuously more than 30 seconds is considered a potentially serious cardiac condition known as
ventricular tachycardia. The normal beat is seen in figure 15. This can be compared with supraventricular
type as seen in figure 14. A kind of abnormal heartbeat, Supraventricular is of type Tachycardia. It is a
faster than the normal heart rate that begins above the heart’s two lower chambers. It normally develops
as electrical impulses of the heart, if disrupted, it is considered a rapid heartbeat. A patient may or may
not have symptoms at times. The most common symptom is cardiac palpitations. Certain manoeuvres,
medications, an electrical shock to the heart (cardioversion), and catheter-based procedures (ablation) can
help to slow the heart. The ventricular ectopic beats are shown in figure 16. Another kind of symptom
experienced by a patient has skipped heartbeat which is ectopic or atrial fibrillation. The different kinds
of arrhythmia identified from the classes of heartbeat are shown in figures 14 to 18. A deep convolutional
neural net is designed to train these classes of heartbeats to classify the unseen heartbeat. The following
section describes the formulation of a convolutional neural network (CNN).

Convolutional Neural Network

Convolution Operation

Let g;c be the convolution operation such that

g (u,v)=2">h(i.))e (p-q) (1)

e i,j
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Where £ (i,j) is an instance of the input tensor image H_, which is an instance-based product with
elk ( D, q) index of the k& convolutional kernel k, of the [ layer. The output feature map of the k" con-

volutional operation can be represented as
Gf‘ = [g,k (1,1),.....,glk (u,v),....,glk (U,V)] .

The convolution operation is shown in Eq.1.
Pooling Operation

Let the feature map be Zf for I layer such that the pooled feature is given as follows,
zZi = f,(GY) @)

The pooled feature map is represented as Zf , that represents the pooled feature map of the I layer
for the k" input feature map Gf, where fp defines the type of pooling operation. The use of pooling
formulation in CNN is acknowledged by various researchers. The pooling operation is shown in Eq.2.

Decision Function
The intrinsic feature maps are learned by the decision function, also known as the activation mechanism.

The learning process is accelerated based on the selection of appropriate activation functions. The convo-
luted feature is activated by mapping the feature convolution using the activation function defined in Eq.3.

D} = f,(G}) 3)

The output of a convolution is given by Gf that is passed to the decision function f which is a non—
linear and returns ]IDf , the transformed [** layer output. The most common activation function used to
overcome vanishing gradient is ReLU shown in Eq.4. The sigmoid activation is shown in Eq.5

0if x<0
RelU =4 ° 4)
xif x>0
Sigmoid = — 5)
I+e™
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Normalization

The feature maps are corrected from internal covariance using Eq.6.

k —
Njc — GI Hg (6)

o, +¢&

where for a batch process the normalized feature map is N f , input G;‘ the feature map, the mean uB

and the variance (7; . The use of ¢ is to nullify division by zero.

Dropout

Dropout s required to improve the generalization by randomly skipping connections based on probability.
This mechanism helps in augmenting the network topology by randomly dropping the connections to
result in thin layered network architecture.

Fully Connected Layer

The input from feature extraction stages and output of all preceding layers are analyzed globally. Thus,
a non-linear combination of the feature set is selected and used for the classification process.
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Figure 19. Deep convolution neural nets model architecture
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The basic CNN architecture describing the convolutional operation, pooling, and activation functions
is shown in figure 19. The CNN unit is defined with three convolutional and Max pool layers in sequential
order. This is followed by flattening to reduce the dimension of the features available in pooling layers.
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Finally, the unit is terminated by the fully connected network with dense layers of 64, 32, and 5 at the end
of the layer. The sample class used for training the CNN is shown in table 6. The distribution of classes
of ECG signals is shown in figure 20. These classes are used to train the CNN shown in figure 19. The
input dimension is 87554 to produce 5 classes of output. It is clear to understand from figures 20 and 21
that there is a class imbalance problem in the dataset. Hence, to increase the sampling of signals during
training signals are augmented to cover the ECG amplitude to overcome class imbalance cases during
testing on unseen ECG signals. The workflow shown in figure 19 has a sequential flow with three sets
of the convolutional layer with an input resolution of 182x648 and max-pooling with 90x64 followed
by convolutional layer 85x64 and max-pooling with 42x64, the third set of the convolutional layer with
second sequential input.

Figure 20. ECG Signals: Total instance in each class of heart beat
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Table 6. ECG Signal Class Sample

Input: Observations 87554

Output: 5 classes

Dimension: 87554, 188

Train 250000

Test 21892

Heartbeat Type Class Instances
Non-ectopic beats (normal beat) 0 72471
Supraventricular ectopic beats 1 2223
Ventricular ectopic beats 2 5788
Fusion beats 3 641
Unknown beats 4 6431

In a cohort study on ECG signals, it is necessary to consider the case of class imbalance, a case where
the number of instances in each of the candidate classes may not be sufficient or zero. These cases need
to be handled sensitively to avoid misinterpretation of unseen ECG signals and also to avoid overfit and
underfit of the model with respect to training and validation loss which is illustrated in figure 22 and
the corresponding accuracy score as illustrated in figure 23.

Figure 21. ECG Signals: Class percentage of the type of heart beat

Legend:
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s: 2.5% Supraventricular

v: 6.6% Ventricular ectopic

q: 7.3% Unknown

160

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Assessment of Cardiac Dynamics and Risk Factor Analysis Using Deep Neural Nets

Figure 22. Loss versus Epochs
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It is evident from figure 22 that the training loss descends with an increase in the number of epochs
which is the loss due to the training sample. The deep neural net is tested to execute at various epochs.
The loss at every epoch is examined and trained the CNN when the loss is minimal. The different classes
of ECG signals are named as n: normal: non-ectopic beats, f: fusion beats, s: supraventricular beats, v:
ventricular ectopic beats, and q: unknown beats. The validation accuracy is below training accuracy, the
model is slightly over-fitted as it is not that significant. Training loss shows improvement in learning. The
model can be tested by turning the models for better accuracy on the validation set. It is seen from the
figure 21 normal non-ectopic beats are at the higher count of the training sample say 82.8% compared
to 0.7% of fusion beats which is found to be very low in count compared to normal ectopic beats. The
supraventricular ectopic beats are 2.5% compared to the higher count of 82.8% normal ectopic beats. The
fusion beats are found to be 0.7% which is very less compared to other classes such as supraventricular
beats, ventricular ectopic beats, and unknown beats. The datasets contain 7.3% of unknown beats as
seen in figure 20. Thus, a class imbalance problem arises with this dataset. Of note, this class imbalance
needs to be resolved before formulating the model. The training and validation loss at every epoch is
shown in figure 22. It is found that validation loss is less compared to the training loss. A very low loss
is estimated at each epoch. This is achieved in practice when augmented with additional signals whose
amplitude is the same as the observed ECG signals.

The augmented ECG signals are resampled to improve the model settings. The sampling rates of
these signals are tested for loss. It is seen in figure 22 the validation is much less compared to training
loss. Thus, data augmentation is necessary so as to reduce the randomness of the model with respect to
bias and variance. This confirms the significance of augmenting ECG signals to report the classifica-
tion results of the type of heartbeat when an unseen ECG signal is fed to the model. The initial training
accuracy was found to be 95.5%. To improve this accuracy score, the model is trained at a reasonable
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number of epochs. There is a gradual increase in accuracy score at initial epochs and it remains at 98.7%
after epoch 2 and remains the same at all succeeding epochs. The scenario is different from invalidation
accuracy. There arises a case where test and train accuracy meets the same.

The initial epochs show a classification accuracy score of 98.5% and are found to be in the same range
even when epochs are increased as seen with the training set in figure 23. The test accuracy is found to
vary between 98.5% and 99.4%. Eventually, it is necessary to consider the feature variable when chal-
lenges are experienced in streamlining the machine learning pipeline especially when data from different
sources are combined. The challenges experienced by the developers in combing the ECG datasets from
“Massachusetts Institute of Technology-Beth Israel Hospital” and data source developed by ‘“Physikalisch-
Technische Bundesanstalt (PTB)”, the National Metrology Institute of Germany, https://www.physionet.
org/ are lack of candidate class instances for each class of arrhythmia. PTB dataset is pre-processed to
consider the different classes of arrhythmia that are segregated into two classes normal and abnormal.

Figure 23. Accuracy versus Epochs
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FUTURE RESEARCH DIRECTIONS

The study describing biological and social factors influencing cardiac arrests needs further investigation
on how features like age, gender, and hypertension are influencing stroke in a patient cohort. The vast
availability of observations in the patient cohort has highly motivated the authors to build a machine
learning model to infer the relationship between social and biological features (Moddy et al, 2001, El-
gendi, 2016a, 2016b, Padmavathi et al, 2015, Kandal et al., 2018). Further, it is necessary to highlight
the significance of parametric and non-parametric formulation of machine learning algorithms to infer
the statistical significance of the machine learning model in clinical validations. The importance of EDA
is analyzed in every data science task described in this cohort study (Clifford and Gari, 2016, Kandal
et al., 2018, Maciejewski and Dzida, 2018, Padmavathi et al, 2015). However, the correlation between
social factors viz., work type, residence type, and biological features viz., age, gender, hypertension, and
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average glucose level need to be investigated to select the right formulation of the model (Maciejewski
and Dzida, 2018).

The social factor of smoking status influencing stroke as seen in this cohort study has statistical
inference. However, the relationship between social and biological factors influencing stroke, heart dis-
eases, and cardiovascular disorder is still in nutshell. This can be resolved by cohorting, a clinical study
over time in a group. Recent years have shown progress in the study of coronary x-ray angiograms, and
the study of cardiovascular structures using x-ray angiograms (Maciejewski and Dzida, 2018). These
datasets are enriched with ground truth about the structure of blood vessels in left and right proximal
coronary arteries. The lesion on right and left coronary arteries are marked by a cardiologist for the
classification of blood vessels. A syntax score is arrived at based on the medical condition examined by
the physician. The diagnostic procedures for interventional catheters are thus decided based on clinical
studies of biological and social factors influencing stroke (Clifford and Gari, 2016, Maciejewski and
Dzida, 2018). Thus, it is necessary to leverage the machine learning technologies on X-ray angiograms
in a larger cohort so as to control the death due to sudden cardiac arrest.

CONCLUSION

The biological and social factors influencing cardiac arrest are the prime focus of this chapter. In the
context of computer-aided diagnosis using AIML, this chapter presented a machine learning workflow
in risk factors analysis of cardiovascular disease (CVD). The importance of exploratory data analysis to
a data scientist is illustrated with a case study on risk factors analysis of stroke. This chapter explains the
systematic implementation of a working ML pipeline for analyzing the clinical workflow of risk factors
that leads to stroke. Machine learning models in the broad category of parametric and non-parametric
machine learning models are explained with illustrations. The maturity of deep convolutional neural nets
in learning various classes of heartbeat is presented in detail. The ability of the deep learning concept
of Al in CVD is discussed with a case study on the assessment of cardiac dynamics and detection of
arrhythmia by classifying heartbeats.

The key importance of cardiovascular risk factor analysis lies in the exploratory data analysis of
various social and biological factors in larger cohorts. Hence, this chapter aimed to the assessment of
risk factors and their relationships in clinical trials. The foremost of this analysis is data cleaning and
transformations that are necessary for clinical data to be amended in leveraging the Al technologies us-
ing the machine learning concept. The perpetual benefits of this approach are to understand the primary
thoughts on how an individual’s addiction to social factors influences sudden cardiac deaths. Also, the
history of heart disease due to these addictions is assessed statistically. In event of this analysis, with due
consideration to the social factor smoking status of an individual is found to be categorical viz, formerly
smoked, never smoked, and smokes. However, a few unknown statuses are also noted in the dataset.
These unknown facts are not null values, instead considered as not known. The number of individuals
in a gender group of a cohort is considered for the impact on cardiovascular risk due to smoking status
using histogram, bar, and pie plots.

The correlation metrics are estimated to identify the features that are more influenced by the risk of
cardiovascular risks. Thus, EDA is more significant on its part in analyzing the risks due to smoking
an individual. Further, the next feature considered for this analysis is work type. In this cohort study,
individuals’ works are of types children (non-working), government sectors, private sectors, and entre-
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preneurs. The residence types of these individuals are urban and rural. Hence, these social factors are
the key features that help in evaluating the relationship between the gender groups and individuals as
a whole. The distribution of stroke, heart disease, and hypertension among the cohorts is made known
using quartile plots. These plots are more specific to the proportions say 25%, 50%, and 75% which are
the 25", 50" and 75th percentile of the feature age in the cohort. The individuals in a cohort having
hypertension are encoded as 1, and not having are encoded as 0. Similarly, individuals with a history
of heart disease are encoded as 1, without a history of so are encoded as 0. Likewise, gender attribute
in this cohort study is binary categorical and transformed as zero for males and zero for females. These
binary variables are encoded as zeros and ones for transforming the datasets during pre-processing of the
machine learning pipeline. Leveraging machine learning workflow for the diagnosis of sudden cardiac
arrests and deaths lies in the quantification of relationships between the social factors like work type,
residence type with biological factors like age, gender, average glucose level, body mass index (BMI),
hypertension, history of heart disease, etc. The presence and absence of stroke in a dataset identify the
individuals with a history of heart disease.
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ABSTRACT

Recent surveys suggest that the majority of the world’s population is unconcerned with their health. Aside
Jfrom a hectic lifestyle, research reveals that stress is also a component in the development of many dis-
eases. Sudden cardiac arrest and death (SCD) is a major public health concern that jeopardizes patient
safety. As a result, detecting such illnesses only by ECG is difficult. The Bayesian Dirichlet equivalence
score, AIC (akaike information criterion), and MDL (maximum description length) scores make up the
variable-order Bayesian network (VOBN). On the basis of HRV (heart rate variability) acquired from
ECG and using a hybrid classifier to identify SCD patients from normal patients, this study predicts
sudden cardiac arrest before it occurs within 30 minutes. The validity of the suggested study is checked
using the physionet database of cardiac patients and normal people, as well as the Cleveland dataset.
The proposed method achieves 97.1% accuracy, 96.2% precision, 89.8% recall, 84.82% F1-score, 54.66%
AUC, and 45.92% ROC, according to the results.
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INTRODUCTION

Heart failure (HF) has become a major public health issue in both Asia and the West, with an increasing
prevalence. In Asia, the prevalence of heart failure ranges from 1.2 percent to 6.7 percent, depending
on the population. HF with a low ejection fraction is a frequent disease with a bad prognosis. It’s still
difficult to accurately identify people with ischemic heart disease as well as idiopathic dilated cardio-
myopathy who are at risk of SCD (sudden cardiac death). Current suggestions for ICD (implantable
cardioverter-defibrillators) in these circumstances are nearly completely based on LVEF (left ventricular
ejection fraction). This constraint is insufficient. Using myocardial deformation on echocardiography
and MRI, noninvasive imaging has recently given insight into the process behind SCD (Kammoun et
al., 2021). However, the function of these biomarkers in predicting arrhythmic mortality has not been
studied in isolation.

The goal of this study is to see if biomarkers CT-proET-1, MR-proANP, and MR-proADM are linked
to an elevated risk of arrhythmic death as well as all-cause mortality in HFrEF patients with ischemic
and non-ischaemic dilated cardiomyopathy. Despite advancements in the survival rate of AMI (acute
myocardial infarction), AMI-related OHCA (out-of-hospital cardiac arrest) remains a fatal condition.
TIMI(Thrombolysis in myocardial infarction) evaluation is utilized to categorize coronary reperfusion
following PCI (percutaneous coronary intervention), although it’s uncertain if TIMI evaluation after
emergent PCI is linked to short-term mortality in patients with AMI who had OHCA (Otaki et al., 2021).

SCD should be identified as the major endpoint whenever possible, even though determining the
cause of death is not always straightforward. The so-called “grey zone fibrosis”” mass, which is defined
as the standard deviation from maximum signal intensity LGE, has recently been found to be more
significantly related to SCD and VAs than LVEF (Zegard et al., 2021).

Figure 1. Generalized steps in machine learning
(Patel et al., 2020)

Raw Data
e History and e Supervised e Diagnosis
physical exam learning e Prognostication
e Laboratory e Unsupervised e Qutcome

learning

Predictions

¢ Individualized
care and
treatment plan

* I[maging
e Biomarkers

e Gheomic and
biobank

¢ Combined
techniques

¢ Testing
¢ Validation

167

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Designing Machine Learning-Based Variable-Order Bayesian Network

Figure 1 depicts steps involved in developing a predictive model utilizing machine learning which
consists of raw data s input, machine learning process as processing unit, and model as output There
are other machine learning algorithms available; however, logistic regression is the most basic type of
machine learning method that we are familiar with. However, its inability to analyze data like a machine
learning technique may limit its use in big data and difficult data analysis. There are 3 ML techniques
such as supervised, unsupervised, and reinforcement learning.

The most common causes of arrhythmic SCD are ischemic heart disease and non-ischemic dilated
cardiomyopathy. Antiarrhythmic medications’ role is restricted to symptom alleviation, while ICD therapy
is the only method that helps avoid SCD in high-risk individuals. Current guidelines propose choosing
ICD candidates based on aetiology, heart failure symptoms, and a profoundly decreased LVEF, although
these criteria are neither sensitive nor specific. The review looks at mechanisms of SCD in patients with
ischemia or non-ischemic HF, as well as risk assessment and preventative measures in clinical practice
(Corrado et al., 2020).

Several multivariate prognostic methods for chronic HF patients are proposed in the recent decade.
These models, on the other hand, are ineffective at identifying ICD candidates with a high risk of SCD
in HF patients with poor LVEF. The majority of the prognosis scores shown above were derived from
trial databases and individuals included diverse kinds of heart failure. There is no specific research
on the prognosis of people with poor LVEF. Moreover, despite the fact that all of the scores are “not
parsimonious,” some critical factors are left out of prognostic methods, such as medications, which are
included in the -PRESERVE, MAGGIC, and CC-HF.

Examine whether patients in our study waited too long to call 911. During the early pandemic period,
the author found a sharp countrywide drop in hospital-treated acute coronary disease, possibly represent-
ing that fewer people are seeking care for cardiac symptoms (Solomon et al., 2020).

Bystanders may be hesitant to participate in community response to OHCA due to fears of spread-
ing the disease. Additionally, EMS organizations have adopted additional screening of all 911 calls for
suspected COVID-19 symptoms or known infection, as well as new systems for providing PPE to first
responders to ensure their safety (Edelson et al., 2020).

The rest of this chapter is ordered as follows - Section II mentions a few existing research works,
Section Il shows the proposed approach and methodologies, Section IV exhibits experimental outcomes
and discussion, and, finally, Section V ends up with a conclusion and future work.

RELATED WORKS

During an arrhythmic event patient’s life was failed to save which contains appropriate ICD therapy without
using ventricular tachycardia acceleration which results in arrhythmic death in patients who already had
installed ICDs. Resuscitated cardiac arrest was defined as ventricular fibrillation or ventricular tachycardia
>240 bpm leading to syncope before ICD therapy, as well as numerous slower ventricular tachycardia
events leading to syncope as well as ICD discharge without ICD therapy-related acceleration as well as
other ICD, discharges due to ventricular tachycardia (Burger AL et al., 2020), (Pezawas T et al., (2020).

Ventricular tachyarrhythmias are common in patients with heart failure and a low left ventricular
ejection percentage (HFrEF). A total of 160 HF patients with ischemic or non-ischaemic DCM (dilated
cardiomyopathy) as well as 30 healthy controls were included in this potential observational study.
ArD(Arrhythmic death) or resuscitated CA was the primary outcome (resCA).CT-ET1, MR-proANP,
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and MR-proADM levels were all higher in HFrEF patients. In patients with ICM, plasma levels of MR-
proANP can be used to predict arrhythmic mortality (Burger AL et al., 2021).

In individuals who have suffered from OHCA, enhancing survival to hospital release is critical since
long-term prognosis can be relatively favorable if proper treatment is given early on. Regardless of original
ECG results or patient age, CAG with or without PCI improves neurological results in individuals who
have experienced OHCA (Kim KH et al., 2020).

In individuals with coronary artery disease without acute systolic dysfunction as well as HF with
intact ejection fraction, SCD is the major cause of cardiovascular mortality. While the risk of SCD is
lower in patients with an LVEF of more than 35%, the absolute number of SCDs is higher in those with
a substantially diminished LVEF. Despite these findings and a vast amount of data available, there are
no clear recommendations for lowering the risk of SCD in people with a mid-range or maintained LVEF.
Continuous advances in risk assessment based on electrophysiological as well as imaging methods in-
dicate a more precise determination of patients who would acquire an advantage from implantation of
ICD, which remains an unmet requirement in this population of patients (Pannone et al., 2021).

To predict cardiac arrest, traditional statistical methods have been tried. They’ve frequently looked
at group-level differences with a small number of factors. On the other hand, the ML method, which is
part of a developing trend in predictive medical analysis, has yielded outstanding outcomes by providing
individualized predictive assessments on more complicated data. “Valsartan in Acute Myocardial Infarc-
tion” (VALIANT) experiment, which included 14,703 patients with symptomatic CHF or a minimized
ejection fraction of 40% within ten days of severe MI, gives some insight into the time of death from
myocardial rupture later after MI (Al Azwari, S. 2021).ML is being used to improve the accuracy of
myocardial rupture prediction following a heart attack.

The goal of our research (Jayaweera et al., 2020) is to use Reinforcement Learning (RL) to anticipate
the prospect of cardiac arrests as well as the presence of stress in real-time utilizing a wearable device
prototype. This used RF, KNN, and LR classification methods to train three models that correctly pre-
dicted abrupt cardiac arrests with accuracies of 99.93%, 99.10%, and 94.47%, respectively.

Also used the same techniques to train three more models to predict stress, with accuracies of 99.87
percent, 96.83 percent, and 65.00 percent, respectively. As a result of the findings of this study, an in-
tegrated structure adept at predicting various health-related diseases using sensor data acquired from
wearable sensors is possible. People’s lives are in jeopardy (Maashi MS et al., 2020).

Between 2008 and 2012, data from the American College of Surgeons’ National Surgical Quality
Improvement Program was used in a retrospective cohort analysis. Incidence and risk factors for intra-
operative, postoperative CPR, as well as 30-day mortality, were studied using Firth’s penalized logistic
regression. To anticipate observed outcomes, a basic prediction model was built and internally tested.
In surgical patients, the number of cardiac arrests that need CPR has reduced over time. Intraoperative
CPR, postoperative CPR, and perioperative mortality risk variables have all been exhausted. To determine
patients at high risk, a simplified strategy based on a five-factor model was presented. Cardiac arrest
needs CPR which is associated with a considerably greater fatality rate postoperatively than intraopera-
tively (Kaiser HA et al., 2020).

In patients at high risk for ventricular arrhythmias, most clinical trials are demonstrated that ICD
therapy offers a significant mortality advantage. This has been demonstrated in both primary and sec-
ondary prevention trials, such as the AVID (Antiarrhythmic Versus Implantable Defibrillators) study,
which looked at patients who had survived a near-fatal ventricular arrhythmia.LV ejection fraction of
S 35 percent was found to be the only patient feature. In patients with dyssynchronous LV contraction
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associated with dilated cardiomyopathy, cardiac resynchronization therapy has been shown to enhance
mortality (Chai Y et al., 2021).

Variations in blood pressure, sugar, pulse rate, and other factors can result in cardiovascular illnesses
such asrestricted or blocked blood arteries. HF, aneurysms, peripheral artery disease, heart attacks, strokes,
and even SCA can all be caused by it. Many types of heart disease can be detected or diagnosed using
various medical tests when the family medical history and other factors are taken into account. However,
predicting heart disease without any medical tests is extremely challenging. Goal of this initiative is to
diagnose various cardiac illnesses and take all necessary actions to prevent them at a reasonable charge
as early as feasible. For the prediction of cardiac disorders, we use the ‘Data mining’ methods, in which
attributes are input into SVM, RF, KNN, and ANN classification techniques. Preliminary readings and
studies acquired with this technology are used to determine the likelihood of discovering cardiac illnesses
at an early stage when they can be entirely treated with the proper diagnosis.

The ECG risk score was successful in finding patients with a high SCD risk in the general popula-
tion. Combining ECG risk factors could help with SCD risk categorization (Holkeri A et al., 2020).
Weng et al., (2022) applied PCA to a dataset of commonly known cardiac-disease risk features on a
minority population of Punjabi Indians across three generations. Thedataset included features such as
weight, waist circumference, body mass index, blood pressure, and pulse rate. In Fitriyani et al., (2022)
the author used feature selection with a Chi-squared feature evaluator in conjunction with the random
forest ML algorithm to build a model for cardiac-disease prediction on the stat log cardiac-disease dataset

The goal of this study was to see how the COVID-19 pandemic could affect OHCA response and
outcomes in two US towns with low infection rates. From March to May 2020, the community’s response
to OHCA changed, with fewer bystander CPRs, longer EMS response times, and worse OHCA survival
rates. These findings underscore the pandemic’s indirect deleterious influence on OHCA, even in com-
munities with low COVID-19 prevalence, and lead to potential mitigation strategies (Uy-EvanadoA et
al., 2021).

To find existing CA as well as SCD registries, as well as their global coverage and data collection,
and validation techniques. Many CA registries exist around the world, but their population coverage is
uneven. Surveillance from many sources and the number of SCD registries is decreasing, and design-
ing and maintaining them is becoming increasingly difficult. Maximizing case identification and case
verification have been noted as challenges (Paratz ED et al., 2020).

From the above methods, it is found that SCD has high mortality and its early prediction is a challenge
for the medical community. Patients with congestive heart failure are more vulnerable to SCD. Ability
to accurately predict SCD is key to saving patients’ lives and reducing the mortality rate which is not
possible by basic classification methods. So, it is significant to design and solve a specific problem by
developing an intelligent system without being categorically programmed for it. The learning of the pro-
gram is done by deriving knowledge from a large amount of data which is useful in making predictions.

SYSTEM MODEL

In this section, a proposed methodology is introduced for feature extraction and classification of sudden
cardiac arrest and death prediction at each stage. Initially, the datasets such as physionet and Cleveland
datasets are adopted for the cardiac attack. These are given to pre-processing step, where Appropriate
Learning Size, handling of the missing values, Data Discretization, target Class Transformation process

170

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Designing Machine Learning-Based Variable-Order Bayesian Network

can be performed at this stage. In the second step, the feature extraction is done using the Weighted Ma-
jority Voting method. Finally, the extracted features are classified using Variable-order Bayesian network
(VOBN). The diagrammatic representation illustration of the suggested methodology is shown in figure-2.
A detailed description of every technique used in each phase is briefly explained in the below sections.

Figure 2. Block diagram for proposed sudden cardiac arrest and death prediction method
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Dataset Description

This research uses the two datasets such as the Cleveland dataset and the physioNet heart disease dataset
from UCI ML (machine learning) repository. Cleveland dataset consists of 303 samples with 14 attri-
butes. To encourage the study and stimulate development in this vital area of electrophysiology, Physi-
oNet has launched an SCD Database. The MIT-BIH Malignant Ventricular Arrhythmia Database began
with 23 complete Holter recordings, from which half-hour extracts have been provided to researchers
since 1989. There are now 18 individuals with underlying sinus rhythm in the database, one who was
constantly paced, and four who have atrial fibrillation. All of the patients experienced a persistent ven-
tricular tachyarrhythmia, with the majority of them experiencing cardiac arrest. The Cleveland dataset
is explained in Table 1.
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Table 1. Dataset description

Attribute Description Domain of Values
Sex Sex 0_Female, 1_Male
Age Age in years 29-79
Cp Chest pain type 1_Typical angina, 2_Atypical
Chol Serum cholesterol 126 to 564 mg dL
Trestbps Resting blood sugar 94 to 200 mm Hg
Fbs Fasting blood sugar >120 mg dL. 0_ False, 1_True
Thalach High heart rate attained 71 to 202
Restecg Resting ECG result 0_Normal, 1_ST-T wave abnormality2_LV hypertrophy
Exang Exercise tempted angina 0_No, 1_Yes
Slope Slope of peak exercise ST segment 1_Upsloping, 2_Flat, 3_Downsloping
Oldpeak ST depression tempted by exercise based on rest 0t06.2
Ca Number of major vessels colored by fluoroscopy 0-3
Target HD 0-4
Thal Defect type 3_Normal, 6_Fixed defect, 7_Reversible

ECG signals acquired from MIT-BIH physionet database. It contains a variety of ECG data sets for
various disorders.NSR database and the SCD database were chosen for investigation. Twenty patient
signals were chosen from each of the above datasets, for a total of 40 signals. Every patient has more than
1hr ECG recording in the database, of which 30 minutes of ECG data shortly before a cardiac arrest is
used in this study. Because a 5-minute ECG signal is adequate for extracting HRV features, an overlap-
ping window of 10 minutes was used in this study. As a result, five to ten-minute signals are obtained for
each patient. Thus, a total of 200 signals are obtained, with 100 normal and 100 cardiac arrest signals.
The first group was utilized for analysis or training, while the second was utilized for testing. For the
training phase, 150 signals are considered, and for the testing stage, 50 signals are considered.

SDDB was used to identify 20 patients with VF. Their VF onset positions were then determined us-
ing their associated ECGs.ECG samples of one-hour length were extracted right before the VF onsets.
Similarly, ECGs of another 20 individuals were chosen at random from the NSRDB. Random placements
were used to extract one-hour ECG segments. From both databases, a total of 40 ECG segments were
recovered. Finally, RRIs were evaluated to create the RRI array of 1hr length. The RRI was calculated
using the dataset’s annotated R peaks. RRI array was then subjected to a 5S-minute overlapping sampling
window.HRYV indices were determined for every of these 5-minute RRI arrays. A total of 72,000 records
were produced as a result. Using the parent dataset’s annotations, each record was then labeled accord-
ing to whether or not a person received an SCA within one hour. For both classes, the resultant dataset
contained 36,000 records. Finally, the SCA prediction model was trained using the generated dataset.

Pre-Processing of Data

As input for local learning, every local learner will gain a global data slice of N/K rows. First stage in
Adaptive 2-Stage Data Slicing is to execute global data slicing on a large dataset with N records as well
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as K local learners to distribute data equitably across obtainable local learners for load balancing as well
as subsequent learning. E local learner will get Nd data slices for dispersed learning, with every data
slice having a size of ALS. Nd evaluated by Eqn (1):

N

Nd= ————
K*ALS

)

Handling Missing Values- Here are five methods for dealing with lost data:

Deleting Rows

Replacing with mean/median/mode

Allot a unique category

Forecast missing values

Using techniques that support missing values. Because there are a few missing values in this article,
it was decided to delete rows.

Nk L=

Transformation of the Target Class- target class consists of values (0, 1, 2, 3, 4).Where 0 indicates
health (no cardiac disease) and (1, 2, 3, 4) indicates the existence of different degrees of illness. The lack
or presence of cardiac disease is of interest, hence the class must be kept small (0, 1). The first, second,
third, and fourth levels were all converted to one.

Data Discretization-Five of the 14 characteristics in our dataset is continuous. Because the variables
in variable-order Bayesian network (VOBN) models are discrete, we must categorize this continuous
data. To discretize data, we rely on expert knowledge. Age, trestsbp, chol, thalach, and old peak are
continuous qualities.

Feature Extraction using the Weighted Majority Voting Method

The further computations are then performed on pre-processed data by the feature extractor training
module. It is needed to combine independently trained classifiers of every group into appropriate com-
bination techniques. The ensemble mechanism of Weighted Majority Voting (WMV) sorts an unlabeled
instance into a class based on the most common votes or highest number of votes. Plurality Vote (PV)
approach is the name given to the WMV ensemble technique. The WMV mechanism is frequently used
to compare the performance of different models. Mathematically it is given by equation (2),

ClaSS(X) = arg maxc,-ednm(y) (Zg (yk ('x)’ci )j (2)

k

Where the feature of the K" extractor is denoted as y,(x) and g(y,c) represents about index function which
can demonstrate as follows in (3)

1 y=c
g0 = 3)
0 y#c
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If the probabilistic method is used, crisp extraction y,(x) is got from the following equations (4)

class(x ) = arg max

c;edom(y

)PMk(y:ci | x) 4)

Where PM,(y=c |x) denotes the probability of class ¢ for an instance x, and is used to show the extractor
M,. For each base classifier, each voting procedure provides a distinct weight. The classifier’s accuracy in
predicting this learner’s severity level determines this weight.Correspondence function argmax(w7Tma(x)
+ bm) provides higher decision value to class.Each of the n base classifiers predicts a severity category
for each bug report. To set margin as well as to enhance margin, given as follows.

Qi = (W.Xj+b)yj 5)
1
Where, Q = —
Jw
w
Xj =X +p =
Jw
W = 1(default) ©)

To enhance margin for linearly separable cases as in equation (7),
mx (W.Xj+b)yj>Q 7

The above explained is general for margin setup. After the features are extracted, there must be a
proper perspective to properties as well as a CSV file produced according to the values of properties.

Algorithm

Input-

Learning cost = I1
I1= {j=1,2,...m}

M-=iterations

Initialize A(u) and B(u)

Output-

X<- predicted result

Start

Training and testing data<-D(x)
Fixing the attributes (a,b)

If

Calculate the entorpy (z)

7<-(x,y)

Calculate the probability and fix the classes (S)
S=S1,s2,s3....sn
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Check S<Z

End if

Compute the slacking method and finalize (F)
Fi<m

if

Fi=data_slack

Neglect the process

Else

Repeat the slacking

Pick the minimum parameter (J)
J=x

End the process

Construction of Variable-Order Bayesian Network (VOBN)
Forward Operation

Next, enter {X, T} learning samples, where X is the learning samples’ input vector and T is the cor-
responding output vector:

X=(x,x,,.. .,xk,...,xn), 1£kEn (8)

T=(T,T,,.. .,Tm,...,Tq), 1£mLq 9
N is several input layer nodes; q is several output layer nodes. Forward data propagates through the
input layer and hidden layer to the output layer. The created weight value is the learning outcome of the

classification of performance patterns. They primarily contain the following measures.

Step 1: Nodes value in the hidden layer is

i, =Y wx,1<j<p (10)
k=1
h = fl, + 61, (11)

Where the threshold of node j is o1,. The sigmoid function given by Rumelhart is the activation
function f used: .

f(iy) 1 _ (12)
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Step 2: (Calculating output value of output layer nodes). Input values for output layer nodes m are

)4
by = D Wyl 1<m < j (13)

J=1

Node m output value is

0, = fli,, + 62, (14)
Where 02 _output layer node threshold m and f is is activation function specified by the sorting process
Back Operation

Evaluate output value error and predicted output layer value error. From the output layer, a backpropaga-
tion error via hidden in the input layer. Values of connection weight are adjusted. The steps are as follows.

Step 1: Error between O, learning value of output layer m node and the output value of 7 learning
samples is

em=10m—Tm, (15)
Step 2: (learning error testing). €01s high learning error, which is set by the user in [0,1] interval.

When max(&,)<4,, enter the next learning sample. Network weights are adjusted and original

learning samples are reentered. When all learning samples fulfill the above criteria, the learning process
is terminated.

Step 3: (evaluate learning error in output layer nodes). Nodes output layer m, learning error is

d2m = Om(l - Om) (Om - Tn

n

) (16)

Step 4: Hidden layer j learning error is

q
d, =h,(1=h)>w,d, (17)

m=1

Step 5 (revise the value of the connection weights matrix w,). Set weight value as modified current weight
value at time t+1; then set new weight value.
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W (141) = wy,, () 4y 1+ [ Wy, (1) =y, (1-1)] (18)

where the learning rate is n and the momentum factor is a. In scope [0,1], both o and n exists. Using
alpha will speed up learning speed and help to solve the common BP algorithm’s local minimum problem.

Step 6: (revise the value of the connection weight matrix w,). Consider,

iy (t+1)=w, (1) +nd, x, +a| wy, (£)=wy, (1-1)] (19)
Step 7: (revise the threshold 62, Output node layer threshold is

0,,(t+1)=0,, (t)+nd,,h +a [wzjm (t)=w,,, (t- 1)] (20)

Step 8: (revise the threshold 61, The hidden layer threshold layer is

0, (t+1)=0,(t)+nd,, +a [91_,. (1)-6, (r—1)] 1)

Let ai, i = 1...N represent the characteristics or weights of clusters which are defined below. Then
the property i exists for datum o whena€ ai
The error at classification is as indicated in equation (22):

[a—pi (22)

Then, for the network, global error E of classification is defined as in equation (23)

E= Y (a-pif(a)da 23)

n-

Where, f(a) represents the density of the probability distribution for the data given as input

LetI =11, ... ..., IN be the optimal partition when E is minimum. Then ai denote the values by
which E is minimized. The procedure used to determine the sets Ii and its related weights Ii are given in
simple terms. Consider x(1), . . ., X(P) as a series of random values obtained from the dataset, which is
distributed with f (x) being the density and initial weight values f1(0), . . ., BN (0) are taken at random.
An input pattern x(n) where n ranges from 1 to P, compute every difference x(n)—pi (n —1)I and the
neuron j having minimum difference la(n) — Bj (n — 1)l is said to be the winner neuron. To change the
weight of this neuron, the below-defined way is used or in a few cases, changes are made in the weights
of the adjacent neuron. This process is iterative using another pattern x(n + 1) and new weights fi (n)
till the terminating criteria are satisfied. Actually, by approximating, this algorithm is considered as a
gradient approach used in the function E which is indicated in equation (24):
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Bi(n+1) = Bi(n)+£2(n)[0c(n)—[3i(n)]—% Qm).E (24)

The data gathered was utilized to build VOBNs for determining post-stroke outcomes. For each
instance of patient data, extracted a total of 76 random variables.VOBN is a focused acyclic graph in
which the nodes indicate random variables and the links reflect node dependencies.

p(v)=TTP(V= (")) (25)

VeV

where 7(Vi) is a set of parent nodes of Vi Learning algorithm now evaluates how well signified distri-
bution describes given data set by measuring and comparing the quality of VOBNs.The log-likelihood
is a typical metric for assessing the quality of a VOBN, as seen below.

LL(B i)Dj = Zv!log(P(Vi (zB(7))) (26)

A
Where, B— D is VOBN over D and zB(Vi is parent nodes of Vi
Various ways of measuring quality have been investigated. Based on the Bayesian Dirichlet equiva-
lence score, AIC, and the MDL, the algorithm found the optimal VOBN. MDL score is used to calculate
the quality of a VOBN. MDL score is defined as

_ 8 logN
MDL ——LL(B—>DJ+ 4 (27)

where |Bl is a number of parameters in B and N is a number of occurrences in D. Better the network,
the lower the MDL score.For the type of VOBN structure, constructed TAN (tree-augmented network)
represents the limit number of parents to 2 nodes.

Prediction Method

The data preparation method filtered records with missing outcome variables as well as the exclusion
method, yielding a total of 76 features. This used two alternative feature selection algorithms.

The process of limiting the number of random variables under consideration by generating a set of
principal variables is known as feature selection or dimension reduction. Feature selection reduces the
problem of overfitting, which is due to irrelevant or redundant variables that can heavily skew the clas-
sifier’s performance. These approaches are applied to the data set before the training learning method or
are used to incorporate feature selection in the learning process. Feature selection methods are divided
into filters, wrappers, or embedded techniques in many studies. Regardless of the data modeling method
used, filter techniques select features based on a performance metric. By rating variables or finding a
subset of variables, the filter strategy chooses random variables based on data gain score, ReliefF, or a
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correlation-based technique. Wrapper approaches, unlike filter methods, assess the utility of a subset
of characteristics by training a model on it. Performance of VOBNs was tested using a minimum vari-
able set designated by data gain and VOBN techniques, which are commonly used in filter and wrapper
approaches. First, put the VOBN classifier to the test with features picked by data gain based on each
feature’s entropy.Other feature selection technique, which considers VOBN classifier characteristics,
minimizes the variable set by calculating VOBN classifier’s performance in cross-validation, in which
a search method selects a subset of attributes to optimize AUC in prediction. Goal of AUC optimization
is to balance the number of survivors and mortal individuals. System built a VOBN prediction model
utilizing reduced variables from feature selection to find optimal VOBN structures and parameters. This
used a variety of methods to assess the performance of prediction algorithms (1) a basic TA-VOBN, (2)
TA-VOBN with data gain-filtered features, and a tree-augmented VOBN with VOBN wrapper-filtered
features. AUC, specificity, and sensitivity of 10-fold cross-validations were used to assess the perfor-
mance of all VOBNSs and predictive models.

Performance Analysis

The experimental result is using the parameters such as accuracy, precision, recall, F1-score, AUC, and
ROC. These parameters are compared with three states of art techniques such as CART (Classification
and Regression Tree), SVM(Support Vector Machine), and Reinforcement Learning (RL) with the pro-
posed variable-order Bayesian network (VOBN).

CART (Classification and Regression Tree)- In the decision tree, the nodes are split into subnodes
based on a threshold value of an attribute. The CART algorithm does that by searching for the best
homogeneity for the subnodes, with the help of the Gini Index criterion. The root node is taken as the
training set and is split into two by considering the best attribute and threshold value. Further, the sub-
sets are also split using the same logic. This continues till the last pure sub-set is found in the tree or
the maximum number of leaves possible in that growing tree. This is also known as Tree Pruning. The
limitation is, a small change in the dataset can make the tree structure unstable which can cause variance

Support Vector Machine- (SVM) is a supervised machine learning algorithm that can be used for
both classification and regression challenges. However, it is mostly used in classification problems.
In the SVM algorithm, we plot each data item as a point in n-dimensional space (where n is a number
of features you have) with the value of each feature being the value of a particular coordinate. Then,
we perform classification by finding the hyper-plane that differentiates the two classes very well. The
limitation is, that the SVM algorithm is not suitable for large data sets. SVM does not perform very
well when the data set has more noise i.e. target classes are overlapping. In cases where the number of
features for each data point exceeds the number of training data samples, the SVM will underperform.

Reinforcement Learning is a feedback-based Machine learning technique in which an agent learns
to behave in an environment by performing the actions and seeing the results of actions. For each good
action, the agent gets positive feedback, and for each bad action, the agent gets negative feedback or a
penalty. The limitation is, that this algorithm is not preferable for solving simple problems. This algorithm
needs a lot of data and a lot of computation

Accuracy presents the ability of the overall prediction produced by the model. True positive (TP)
and true negative (TN) provide the capability of predicting the absence and presence of disease. False-
positive (FP) and false-negative (FN) present false predictions made by the used model. The formula
for accuracy is given as in equation (28):
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Accuracy = TP+IN (28)
TP+TN + FP+FN

Table 2 shows a comparison of accuracy between existing CART, SVM, RL methods, and the pro-
posed VOBN method.

Table 2. Comparison for accuracy

Number of datasets CART SVM RL VOBN(proposed)
100 93.7 94.1 95.7 96.2
200 93.8 94.5 95.9 96.5
300 94.1 94.9 96.2 97.3
400 94.5 95.0 96.5 97.5
500 94.8 95.2 96.9 98

Figure 3. Comparison of accuracy
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Figure 3represents a comparison of accuracy between existing CART, SVM, and RL methods and
the proposed VOBN method where the X-axis indicates a number of datasets and the y-axis represent
percentage accuracy. The orange-red color indicates CART, violate color indicates SVM, the light green
color indicates RL, and the teal color indicates the proposed VOBN technique. When compared, existing
CART (Classification and Regression Tree), SVM(Support Vector Machine), Reinforcement Learning
(RL) methods achieve 94.18%, 94.74%and 96.24%while the proposed variable-order Bayesian network
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(VOBN) method achieves 97.1%which is 3.08% better than CART,3.64% better than SVM, and 1.14%
better than RL.

e  Precision measure the success of the disease classification model, respectively. Precision refers to
a classifier’s ability to correctly predict a positive result when the disease is present. It is computed
as indicated in equation (29):

Precision (P) = % (29)
+

Table 3 represents a comparison of precision between existing CART, SVM, and RL methods, and
the proposed VOBN method.

Table 3. Comparison for precision

Number of datasets CART SVM RL VOBN(proposed)
100 922 93.1 94.3 95.7
200 92.6 934 94.5 95.8
300 93.1 94.1 94.8 96.2
400 93.4 94.4 95.2 96.5
500 93.8 94.6 95.4 96.8

Figure 4. Comparison of precision

O O W OV wu
w H» U1 OO N

g
=2
o
2]
O
w
o
a

0 W W
O O =B N

NUMBER OF DATASETS

¥ CART ¥*SVM =RL - VOBN

181

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Designing Machine Learning-Based Variable-Order Bayesian Network

Figure 4represents a comparison of precision between CART, SVM, and RL methods and the pro-
posed VOBN method where the X-axis indicates a number of datasets and the y-axis represent precision
in percentage. The orange-red color indicates CART, violate color indicates SVM, the light green color
indicates RL, and the teal color indicates the proposed VOBN technique. When compared, existing
CART (Classification and Regression Tree), SVM(Support Vector Machine), Reinforcement Learning
(RL) methods achieve 94.18%, 94.74%and 96.24%while the proposed variable-order Bayesian network
(VOBN) method achieves 96.2%which is 3.22% better than CART,3.72% better than SVM and 2.44%
better than RL.

The recall is the likelihood of a classifier predicting a negative result when no sickness is present. It is
computed as indicated in equation (30):

Recall (R) = % (30)
_|_

Table-4 represents a comparison of recall between existing CART, SVM, RL methods, and the pro-
posed VOBN method.

Table 4. Comparison for recall

Number of datasets CART SVM RL VOBN(proposed)
100 84.4 86.1 87.9 89.2
200 84.8 86.4 88.1 89.4
300 85.4 86.9 88.6 89.8
400 85.7 87.1 89.2 90.1
500 85.9 87.5 89.5 90.5
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Figure 5. Comparison of recall
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Figure 5shows a comparison of recall between existing CART, SVM, and RL methods and the pro-
posed VOBN method where the X-axis shows a number of datasets and the y-axis represents recall in
percentage. The orange-red color indicates CART, violate color indicates SVM, the light green color
indicates RL, and the teal color indicates the proposed VOBN technique. When compared, existing CART
(Classification and Regression Tree), SVM (Support Vector Machine), Reinforcement Learning (RL)
methods achieve 85.24%, 86.8 %and 88.66%while the proposed variable-order Bayesian network (VOBN)
method achieves 89.8%which is 4.44% better than CART,3% better than SVM and 1.72% better than RL.

F1- Score is used to determine the accuracy of the forecast. It’s viewed as precision and recall’s weighted
average (or harmonic mean). A score of 1 is regarded as the best, while a score of 0 is considered
the worst. TNs aren’t taken into account. As seen in equation (31), the F1-Score can be calculated:

%k E S
Fl—Scorezzpr;RR 3D
+

Table-5 represents a comparison of F1-Score between existing CART, SVM, and RL methods, and
the proposed VOBN method.
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Table 5. Comparison for F1-Score

Number of datasets CART SVM RL VOBN(proposed)
100 79 81.1 82.5 84.2
200 79.1 81.3 82.9 84.5
300 79.5 81.5 83.1 84.9
400 80.4 82.5 834 85.1
500 80.6 82.7 83.6 85.4

Figure 6. Comparison of F1-Score

S
g
o 80
O
)
-
[* S

NUMBER OF DATASETS

* CART ¥*SVM =RL - VOBN

Figure 6 shows a comparison of the F1-Score between CART, SVM, and RL methods, and the pro-
posed VOBN method where the the X-axis indicates a number of datasets and y-axis represents the F1-
Score in percentage. Orange-red color indicates CART, violate color indicates SVM, light green color
indicates RL, and teal color indicates the proposed VOBN technique. When compared, existing CART
(Classification and Regression Tree), SVM(Support Vector Machine), Reinforcement Learning (RL)
methods achieve 79.72%, 81.82%and 83.1%while the proposed variable-order Bayesian network (VOBN)
method achieves 84.82%which is 5.1% better than CART,3% better than SVM and 1.72% better than RL.

ROC curve shows the trade-off between TPR and FPR, where TPR and FPR are described as given
in equations (32) and (33):

P

PR=——— (32)
TP+ FN
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FP

TFR=———
FP+TN

(33)

The model is better if the ROC curve is closer to the upper left corner of the graph. AUC stands for
the area beneath the curve. The model is better when the area is closer to 1. In medical data, place a
higher value on recall than accuracy. The higher the recall rate, the less likely it is that a patient with a
lung disease risk will be expected to have no lung disease risk.

Table-6.shows a comparison of AUC between existing CART, SVM, and RL methods, and the pro-

posed VOBN method.

Table 6. Comparison for AUC

Number of datasets CART SVM RL VOBN(proposed)
100 50.1 49.9 524 53.9
200 50.4 51.1 52.7 54.1
300 50.6 514 52.9 54.6
400 51.1 51.9 53.1 55.1
500 51.3 52.1 53.6 55.6

Figure 7. Comparison of AUC
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Figure 7 shows a comparison of AUC between existing CART (Classification and Regression Tree),
SVM(Support Vector Machine), Reinforcement Learning (RL) methods, and the proposed variable-order
Bayesian network (VOBN) method where the X-axis indicates a number of datasets and y-axis represents
the AUC in percentage. The orange-red color indicates CART, violate color indicates SVM, the light
green color indicates RL, and the teal color indicates the proposed VOBN technique. The orange-red
color indicates CART, violate color indicates SVM, the light green color indicates RL, and the teal color
indicates the proposed variable-order Bayesian network (VOBN) technique. When compared, existing
CART (Classification and Regression Tree), SVM(Support Vector Machine), Reinforcement Learning
(RL)methods achieve 50.7%, 51.28 %and 52.94%while the proposed VOBN method achieves 54.66%which
is 4.16% better than CART,3.42% better than SVM and 2.32% better than RL.

Table 7 shows a comparison of ROC between existing CART, SVM, and RL methods and the pro-
posed VOBN method.

Table 7. Comparison for ROC

Number of datasets CART SVM RL VOBN(proposed)
100 39.7 42.1 44.1 454
200 40.1 42.4 44.4 457
300 40.5 42.7 44.6 45.9
400 41.1 42.8 449 46.1
500 41.6 432 45.1 46.5

Figure 8. Comparison of ROC
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Figure 8 shows a comparison of ROC between existing CART (Classification and Regression Tree),
SVM(Support Vector Machine), Reinforcement Learning (RL) methods, and the proposed variable-order
Bayesian network (VOBN) method where the X-axis indicates a number of datasets and y-axis repre-
sents ROC in percentage. The orange-red color indicates CART, violate color indicates SVM, the light
green color indicates RL, and the teal color indicates the proposed VOBN technique. When compared,
existing CART (Classification and Regression Tree), SVM(Support Vector Machine), Reinforcement
Learning (RL) methods achieve 40.6%, 42.64%and 44.62%while the proposed VOBN method achieves
45.92%which is 5.32% better than CART,3.32% better than SVM and 1.3% better than RL.

Table 8 shows the overall comparative analysis between existing CART, SVM, and RL methods, and
the proposed VOBN method.

Table 8. Overall comparison between the existing and proposed method

Parameters CART SVM RL VOBN(proposed)
Accuracy(%) 94.18 94.74 96.24 97.1
Precision (%) 93.02 93.92 94.84 96.2

Recall (%) 85.24 86.8 88.66 89.8
F1-Score (%) 79.72 81.82 83.1 84.82

AUC (%) 50.7 51.28 52.94 54.66

ROC (%) 40.6 42.64 44.62 45.92

Figure 9. Overall comparison of proposed and existing techniques
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Figure 9 shows an overall comparison between the existing Classification and Regression Tree (CART),
Support Vector Machine (SVM), Reinforcement Learning (RL) methods, and the proposed VOBN
method where X-axis indicates parameters and the y-axis represents values obtained by all methods in
percentage. When compared to existing techniques such as CART (Classification and Regression Tree),
SVM(Support Vector Machine), and Reinforcement Learning (RL) proposed method VOBN achieves
better results. Average obtained by proposed VOBN technique is accuracy 97.1%, precision 96.2%, recall
89.8%, F1_score 84.82%, AUC 54.66% and ROC 45.92%.

CONCLUSION

SCD is one of the main causes of death. Every day thousands of patients die because they are not treated
on time. Higher anticipation of an SCD episode is vital so medical specialists can apply the timely
treatment, increasing the possibility of surviving the event. In this work, a new methodology based on
machine learning algorithms namely variable-order Bayesian network is presented for SCD prediction
using attributes. In addition to presenting an experimental evaluation for validating the methodologies
of prediction of SCD avoiding misclassification due to features that do not belong to the SCD event.
The Variable-order Bayesian network produced a graphical representation of the dependencies. The
experimental result is done using the parameters such as accuracy, precision, recall, F1-score, AUC,
and ROC. It is found that the proposed VOBNattains 97.1% of accuracy, 96.2% of precision, 89.8%
of recall,84.82% of F1-score, 54.66% of AUC, and 45.92% of ROC. The future work concentrates on
extending the framework by including an online apache spark streaming process for data-preprocessing
the dataset.
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ABSTRACT

Recently, there has been growing attention to the advances in the areas of electronic and biomedical
engineering and the great applications that these technologies can offer mainly for health diagnosis
and monitoring. In the past decade, deep learning (DL) has revolutionized traditional machine learn-
ing (ML) and brought about improved performance in many fields, including image recognition, object
detection, speech recognition, and natural language processing. This chapter discusses detection of
heart disease using deep learning techniques. Here the input data has been collected based on wear-
able device-collected data with loT module. This data has been preprocessed using adaptive histogram
normalization, and the authors segment the image based on threshold method using Ostu thresholding
technique. The segmented image feature has been extracted using generative adversarial network and
classification of extracted features using deep residual network. The experimental analysis is obtained
by the proposed GAN_DRN in terms of accuracy as 96%, precision of 85%, recall of 80%, F-1 score of
71%, and AUC of 75%.
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INTRODUCTION

With the growing global population and recent changes in human lifestyles, people with complex medi-
cal illnesses are on the rise. This has increased the number of individuals visiting hospitals, putting a
strain on the Medicare healthcare system. As a result, there is a growing demand for remote health care
systems that can help with these issues. Recently, there has been an increased focus on advancements
in the fields of electrical and biomedical engineering, as well as the numerous applications that these
technologies can provide, particularly in the areas of health diagnosis and monitoring. Many individuals
worldwide now have access to smartphones and wearable sensors at low prices. When combined with
artificial intelligence approaches, these gadgets can be used to monitor and diagnose patients with heart
ailments, minimizing hospital visits and enhancing people’s lives (Jiang et al., 2021).According to AHA
(American Heart Association), heart disease, also known as CAD (coronary artery disease), is a term
utilized to describe a variety of problems caused by plaque buildup in the walls of arteries, which causes
the arteries to gradually narrow, making blood flow difficult and enhancing the risk of heart attack and
stroke (Awotunde et al., 2021). Deep convolution neural network (CNN)-based techniques for authentic
arrhythmia detection were used (Wu et al., 2020). Firstly, they created a deep convolution network model
with higher levels. This model achieved stranded state-of-the-art performance on the PhysioNet/CinC
AF Classification Competition 2017 dataset with the assistance of pre-processing. Systems with poor
computer resource needs are preferable. A binarized model utilizes substantially less computational speed
and storage space than a full-precision model, according to research. Using a Cascaded Convolution
Neural Network (CCNN) and subjective description manner, (Yang et al., 2021) offers a 12-lead ECG
arrhythmia classifier model. First and foremost, the one-dimensional (1-D) CNN is intended to automati-
cally remove the features from the individual lead indicator. Following that, features are concatenated as
a contribution to two-dimensional (2-D) densely linked ResNet modules for categorizing the arrhythmia,
taking into account temporal relationships and spatial scales among different leads. CAD was a major
cause of death globally in 2010, accounting for one out of nine deaths in the United States. People with
HD (heart disease) may experience chest discomfort and exhaustion. However, many people have no
symptoms until they have a heart attack (Ali et al., 2021).This was the primary motivation for evolving
a smart method that can continuously monitor a person’s heart as well as alert them to any heart-related
issues. Al is a branch of computer science that tries to replicate human cognition in activities like object
or pattern identification, planning, and problem-solving. The term “big data” refers to massive, hetero-
geneous data volumes that necessitate the use of computer tools such as Al to analyze and interpret.
This comprises omics data, tabular data from electronic health records, and imaging data in health care.
Individual measurable qualities or data points known as features exist inside big data. The quality, ac-
curacy, and diversity of data elements are all important factors in AI model success.ML, a subfield of
Al allows computer techniques to learn as well as enhance over time by exposing them to large volumes
of data. While there are numerous algorithmic approaches or models in machine learning, they always
strive to accomplish one of two goals. First is supervised learning, which involves using a labeled data
set to forecast a specific outcome. This entails selecting and weighting specific features iteratively in
order to identify underlying patterns in data that best fit the outcome. Linear regression, SVM, and RF are
examples of supervised learning techniques. Clustering and principal component analysis are examples
of models that aim to capture correlations inherent in the structure of features themselves. DL is a type
of ML that makes predictions directly from input data using multilayered ANN.CNNSs are the most often
utilized deep learning networks for image processing. Some of the most significant achievements of
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DL in health care are in the field of computer vision, which deals with tasks like object categorization,
detection, and segmentation from digital images or videos. Before being fed into the CNNs, raw picture
data is usually converted into features. Another new use of DL is for analyzing tabular data from EHRs
in order to make per-patient predictions. This comprises both organized and unstructured data that re-
quires standardization and sequencing, such as test findings, diagnostic codes, and demographics. The
process of obtaining millions of computational quantitative features from medical images is referred to
as radionics. By expressing textural patterns or geometric attributes within a given imaging region of
interest, these features represent complicated spatial interactions between voxels. These data sets can
then be subjected to machine learning algorithms in order to uncover imaging biomarkers with clini-
cal significance.Al algorithms can be utilized in cardiovascular imaging to both uncover new imaging
biomarkers as well as combine data from a variety of sources to give patient-specific risk prediction.

Furthermore, using clever ML (machine learning) techniques, the proposed system can quickly di-
agnose the presence of an HD condition. There are numerous advantages to using wearable technology
for medical purposes, particularly for patients with CAD. The ability to remotely monitor CAD patients
is a major benefit of these devices. Patients will be able to live a more autonomous and simple life due
to this benefit. Furthermore, these devices may detect cardiac instability in real-time, allowing for an
immediate response, which is critical because only a few minutes can save a person’s life with heart
illness (Ali et al., 2020).

Furthermore, because many patients live in rural areas and have limited access to health care, the cre-
ation of such systems can aid in ongoing remote monitoring for these people, resulting in fewer hospital
visits. Add to that the system’s sophisticated diagnostic capability, which can help in the early detection
and analysis of cardiac disease. Furthermore, due to recent improvements in consumer electronics and
mobile devices, which have cut production costs and allowed regular users to afford inexpensive sen-
sors and mobile phones, remote health diagnosis, and monitoring systems are affordable to many people
(Faizal et al., 2021).

As stated in the related work section below, numerous systems are developed to predict as well as diag-
nose CVD using data mining approaches and hybrid models. Risk factors are extracted from unstructured
textual data using a data mining technique. Furthermore, a hybrid model is a combination of two or more
strategies that operate better together than they do separately. There are two key phrases in these hybrid
models. The feature’s subset or weight is used as input for classifiers to forecast cardiac disease in the
second phase. A gathered dataset on HD, on the other hand, comprises both useful and redundant, and
irrelevant characteristics. Handling these features is not only time-consuming, but it also has an impact
on classification accuracy. ML has advanced enormously as its approaches have become more popular
and widely available. Face identification, system security, disease diagnosis, medication research, and
a slew of other groundbreaking applications influenced the lives of countless people. Building ML apps
are based on a different principle than most traditional programming methods. ML models, in essence,
learn from patterns in provided training samples without the use of explicit instructions and then utilize
inference to make valuable predictions. Some ML techniques, such as ANN and SVM, are well-known
as successful prediction techniques, however, they are not without flaws. The fundamental issue is that
they remain as black boxes once the method is completed. Prediction models are typically created utiliz-
ing historical data to generate forecasts about future events that may occur. Understanding the reasons
behind method prediction response could save businesses’ stakeholders a lot of time and effort as they
investigate various circumstances, such as selecting the appropriate medical treatment or assessing the
risk of investment plans. Fewmodelled ML techniques play an important part in the healthcare system
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and designed methods may advise a patient to undergo surgery. To avoid life-threatening scenarios,
that judgment must be highly precise. Before proceeding with the procedure, it is necessary to have a
clear grasp of the reasons for the model’s final advice. Patients’ data sets must be used to develop ML
models capable of performing heart patient diagnoses. Most academics collect data for analysis on a few
trusted platforms, such as UCI and Kaggle. The Cleveland HD data set, which originally consisted of 76
characteristics and has 303 cases, was used in this study and can be found at the UCI_ML Repository.
The information was obtained from the Cleveland Clinic Foundation in Cleveland, Ohio, and provided
by Robert Detrano, M.D., Ph.D. of Veterans Administration Medical Center in Long Beach, California.

Furthermore, current techniques for diagnosing heart disease rely on broad feature weighting ap-
proaches. These techniques assign the same weight to each characteristic. They do, however, use un-
reliable combination processes, which could influence the feature importance for differentiation. Due
to a lack of theoretical foundation, they raise MSE (mean square error) as well as reduce the accuracy
of the prediction method. As a result, before using classification models, it is required to remove un-
necessary features as well as assign a certain weight to characteristics. DL has transformed traditional
machine learning over the last decade, resulting in better performance in various disciplines, including
image identification, object detection, audio recognition, and NLP.HAR’s performance and resilience
have been increased thanks to DL, which has accelerated its adoption as well as application to a wide
range of wearable sensor-based applications. There are two major reasons why DL is useful in so many
situations. DNNs can significantly learn representative features from raw inputs with limited domain
expertise. DL has witnessed a significant increase in HAR-based applications due to its expressive power.
There were four heart disease data sets to choose from on the UCI website: Hungarian and Cleveland
data sets were the most promising. The Cleveland data set, in particular, was nearly complete with 303
occurrences, whereas the Hungarian data set contained 294 examples, although some features, such as
slope, ca, and that, were missing. Other 2 data sets, Switzerland and Long Beach, on other hand, had
123 and 200 cases, respectively, and even more missing features like chol, exacting, and thalach. After
reviewing various HD data sets, it’s time to take a closer look at two big data sets with the most records:
Cleveland and Hungarian data sets. Distribution of cardiac disease categories in the Hungarian data set
was proportionate, whereas several disease categories, such as Dis-Catl were overrepresented in the
Cleveland land data set. Almost all of the studies done on heart data sets combined all of the illness
categories. As a result, the note was unimportant, and the Cleveland data set won the vote for which
data set to utilize. This resulted in an almost balanced group of illnesses against no-disease cases: 160
cases of people without HD versus 137 cases of people at risk of heart disease. Only 13 of the initial 76
features were employed in most research publications that looked into the Cleveland data set. The data
set’s final column is num, which is a categorical variable with values of O for no disease and 1, 2, 3, and
4 for various levels of HD.HD variation levels 1 to 4 are not stated in the UCI public data sets descrip-
tion, as previously mentioned. Because it seemed reasonable to group all disease levels 1, 2, 3, and 4 into
one category in this study, the num variable only had two options: Dis or NoDis. (Albahriet al., 2021).

This chapter discusses the detection of heart disease using deep learning techniques. Here the wearable
sensor-based input data has been pre-processed using adaptive histogram normalization and segment
the image based on the threshold method using the Otsu thresholding technique. The segmented image
feature has been extracted using a generative adversarial network and the classification of extracted
features using a Deep Residual Network.
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Theresearch organization is as follows: section 2 compares existing review works. Section 3 introduces
the proposed heart disease detection architecture. Section 4discuss the performance analysis. Section 5
concludes the chapter with future scope.

RELATED WORKS

According to Al-Makhadmeh et al., 2019 Al technique has built wearable gadgets like fitness bands and
intelligence platforms to track pulse rates, motion activities and heart rate in this age of AL AI’s impact
on wearable gadgets highlights fact that smart knowledge is utilized to develop devices that find intelli-
gence in body language as well as movements. Gadgets’ speed, as well as accuracy, are geared to provide
precise measurements of heart rates, physical reaction, and energy levels to diagnose CVD. According
to (Nandy et al., 2021), the speed and accuracy of wearable gadgets have helped sustain significance in
healthcare delivery systems. Large volumes of physiological data can now be recorded thanks to moni-
toring technology. The processing capacity of mobile phones has been demonstrated, allowing MLAs
to be supported. MLA is used to analyze psychological data in CVD monitoring (Ribeiro et al., 2021).
Deep convolution neural network (CNN)-based techniques for authentic arrhythmia detection were used
(Wu et al., 2020). Firstly, they created a deep convolution network model with higher levels. This model
achieved stranded state-of-the-art performance on the PhysioNet/CinC AF Classification Competition
2017 dataset with the assistance of pre-processing. Systems with poor computer resource needs are
preferable. A binarized model utilizes substantially less computational speed and storage space than a
full-precision model, according to research. Using a Cascaded Convolution Neural Network (CCNN) and
subjective description manner, offers a 12-lead ECG arrhythmia classifier model. First and foremost, the
one-dimensional (1-D) CNN is intended to automatically remove the features from the individual lead
indicator. Following that, features are concatenated as a contribution to two-dimensional (2-D) densely
linked ResNet modules for categorizing the arrhythmia, taking into account temporal relationships and
spatial scales among different leads. The Heart To Go gadget collects data and classifies ECG read-
ings. Heart To Go is a mobile phone that is used to do data collecting, as well as the extraction as well
as classification of ECG signals (Manimurugan et al., 2022). By amplifying monitored input data, the
CVD monitoring method is improved. Another major issue for an HDD system is the extraction of useful
features from medical textual data as well as the merging of sensor data. Feature extraction techniques
extract useful data from large amounts of healthcare data. Data fusion is a method of combining data
from several sources to provide useful and relevant information. Recently, various approaches have been
developed to extract features from healthcare textual data (Ramasamy et al., 2022) and fuse sensor data
with other data (Muthu et al., 2020). A real-time method based on ML classifiers was described (Ga-
nesan et al., 2019). This system uses two separate feature extraction algorithms to extract an important
characteristic from the healthcare dataset. To mine EMRs for HDD, a unique and robust framework was
provided. This system employs a word embedding model to identify features and an LSTM to forecast
heart failure. Another technique (Lin et al., 2019) used echocardiography findings to predict the death
rate of cardiac patients in hospitals. This method extracts characteristics using text mining techniques
before using a DL model to forecast death rates. To extract data from EMRs, a unique text mining ap-
proach is described (Wang et al., 2022). This system’s creators use a rules-based engine to automate
data extraction as well as decision-making. Furthermore, using unstructured EMRs of patients, an HD
risk score is developed (Igbal et al., 2018). The inventors of this system utilize text mining algorithms
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to identify heart-critical parameters from unstructured EMRs as well as create a risk score for HD in
diabetic patients. For music recommendations, wearable sensors monitor users’ emotions (Wu et al.,
2020). The authors used feature-level fusion in this system, which pulls data from every sensor separately
and then combines them for emotion recognition. Scientists used both environmental as well as wear-
able body sensors for emotion detection in another method(Li et al., 2020).To explore the impact of the
environment on human health, they used all 3 degrees of fusion. To predict illness risk, an RCNN-based
method was presented (Ihnaini et al., 2021).To increase the accuracy of the RCNN, this method gathers
features from patients’ structured as well as unstructured data and combines them by utilizing DBS.

PROPOSED DESIGN IN HEART DISEASE DETECTION
USING DEEP LEARNING TECHNIQUES

This section discusses proposed heart disease detection utilizing DL methods based on wearable sensor
data. Here the input data has been collected based on wearable device collected data with the IoT mod-
ule. This data has been preprocessed using adaptive histogram normalization and segmented the image
based on the threshold method using Ostu thresholding technique. The segmented image feature has
been extracted using a generative adversarial network and the classification of extracted features using
a Deep Residual Network. The overall proposed architecture is shown in figure-1.

Figure 1. Overall proposed architecture

— %@ —| Input Data f——» \
I %° ~

Wearable sensor based loTmodule in collacting Processing data (Noise
sensor based monitored data

heart monitoring device removal, image resize)

l
@ a

6 = <4—— Extracted Features |<—

Classification usin
DRN 2 Extraction of feature

using GAN

4
S
\)
J

P
=

| Classified Output >

Parametric Analysis

196

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Utilization of Artificial Intelligence-Based Wearable Sensors

Smartwatches have begun to be released by big electronics companies as well as new start-ups in re-
cent years. In September 2013, the Samsung Galaxy Gear was one of the first devices to be released. The
Apple Watch was released in April 2015, about a year later. The majority of suggested health-monitoring
frameworks use a 3-layer architecture: WBAN with wearable sensors as data acquisition unit, communi-
cation, networking, and a service layer. Through Wireless Bluetooth communication, a microcontroller
sends acquired medical data to an Android App. The Android app saves the user’s heart rate on a cloud
server and the user can view data via the Android app. Using the DL. module in the android/desktop app,
the user confirms whether he has coronary HD or not. A wearable computer is created using the built-in
feature. Modern embedded systems are built primarily on an integrated microcontroller pulse sensor and
other modules, pulse sensor based on PPG technique, and other peripheral devices with a certain pur-
pose. PPG sensors use the light-based technique to control the heart’s pumping action-controlled blood
flow rate. We’ve included a Bluetooth model for connecting with the Android app and providing BPM
beats per minute, as well as an LCD panel for reading BPM on wearable devices. Proposed architecture
is put into action by creating a “Pulse Sensor Library” that handles ADC analog to digital converter in-
terfaces and TIMER with microcontrollers. The LED produces light that falls directly on the vein. Only
while the heart is pumping (systolic) will vein have higher blood flow inside them, and when the heart
is not pumping (diastolic), therefore if monitor blood flow, can also monitor the heartbeats. Analogue
and digital converter (ADC) starts reading an analog signal at the T point, which represents received
the light of blood flow. Threshold Value “T” is specified as a start point for each beat (25 percent or 50
percent) of the signal. This action was accomplished via an INTERRUPT mechanism, which halted the
microprocessor every 2 ms for reading from the sensor. To calculate our heartbeats in minutes, take an
average of 10 or more beats.

ADAPTIVE HISTOGRAM NORMALIZATION BASED PRE-PROCESSING

The picture improvement has been achieved to acquire the same grey levels with uniform, smooth, and
translated by histogram for pixel mapping of grey level, by contrast, adaptive histogram equalization
based on probability theory. According to the physics definition of a histogram, every bar in an equal-
ized histogram has the same elevation. Equation eq (1),

p(s)ds = p (rdr )

Assume that s=T(r) is a gradually maximizing interval function, and that its inverse, r=T- (s), is also
a monotonic operation by eq. (1)

PO gz =n ) e @
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RELATIONSHIP FOR MAPPING IN CONVOLUTIONAL
HISTOGRAM EQUALIZATION ALGORITHM

As for discrete states, correlation among i and fi by eq. (3)
f=(m=07(r)=(m-D YT ®
k=0

Where m is image grey intensity, gk is image pixel with gray level k™. Q is totalimage pixels. If an image
has n various gray intensities and the occurrence probability of i gray intensity is pi, so the entropy of
gray intensity is given as eq. (4)

e(i) =-plog p, 4)

Complete image entropy is given by Eq. (5)

n—1 n—1
E= e(i) = —Zpilogpi 5)
i=0 i=0
: : L : . 1
It is proved that E will attain its greatest if and only if p, = p,, =...= p, | = —. The entropy of the
n

entire image is maximized and the histogram in the image has been evenly dispersed. After equalization,
which is extended by dynamic range, it is more appropriate (3). To increase quantization of equalization
interval.

OSTU THRESHOLDING BASED SEGMENTATION

The technique of separating the iris from collected data is critical since it defines which section of the
brain is the most valuable to process further. If the segmentation isn’t done correctly, the system’s sub-
sequent stages will generate incorrect data, affecting the system’s overall performance. The suggested
work uses OTSU’s approaches, which often attain higher accuracy while detecting by Eqn (6).

X.
o’ = (6)

Where, X, is image pixel value, u is the mean and N is several pixels in one image.

OSTU’s approach is utilized in different image processing applications that perform histogram-
based picture thresholding or convert grayscale images to binary. Image is divided into 2 intra-classes
to determine the best threshold. To investigate the threshold values that minimize the intraclass variation
defined by the weighted sum of variances of two courses in eq. (7):
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o) (t)=w,(1)o, (t)+o(t)o) (1) (7)

Where, w0 and w1 re weights probabilities of 2 class which is separate by threshold t, o, o and o) are

the variance of two classes.
OSTU defines minimization of intra-class variance as eq. (8), (9), which is equivalent to maximiza-
tion of inter-class variance

o, (t)=0—-0o.(t) ®)

=, (1), (£) 1 (1)~ 11 (1) ] ©)

t histogram eq. (10) is used to determine the class probabilities w1 t):

o (1) =Y P(i) (10)

0

Class probabilities u1 (t) is represented as Eq. (11):
t

()= 2P () (0 an
0

Where x(i) is the histogram bin center value.

GENERATIVE ADVERSARIAL NETWORK-BASED FEATURE EXTRACTION

A selector, discriminator, and feature extractor are three components of a GAN. Multiple generators are
included in the feature extractor. A controller, as well as an adaptive method, are included in the selec-
tion. The feature extractor in this framework extracts feature vectors of various dimensions. To score
the feature results, the extracted feature vectors are sent to the corresponding discriminator. By fooling
the discriminator, the feature extractor learns not just to extract dimensional characteristics through
conventional supervised training, but also to extract features with improved generalizability. The selector
is used to alter the network’s coordination. The selection can also be used to choose which dimensions
features are taken into account adaptively. The general architecture of GAN is shown in figure-2.
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Figure 2. The general architecture of GAN
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The feature extractor, as well as discriminator settings in this approach, are partially related to the
deployment of a GAN. The original GAN model’s main goal is to generate images by fitting the cor-
responding generator as well as discriminator functions. There are no restrictions on generator and dis-
criminator’s specific structures. The feature extractor, as well as the discriminator in this research, are
both based on NN models due to the great successes of DNN in image processing. Simultaneously, the
features extracted in 2D are integrated to improve segmentation accuracy following adaptive selection,
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to better retain image information. The following sections provide a full explanation of the framework’s
composition and algorithms for each component.

Feature Extractor: There are multiple feature generators in the feature extractor. The extractor’s goal
is to build a new segmented image by extracting deep image features at several layers. The coordination
of two networks is used to demonstrate the adaptable architecture presented in this research. As a result,
two generators are presumed to be present in the feature extractor. As illustrated in Figure 3, the network
architectures of these two generators are identical.

Figure 3. Network structures of two generators

Pooling Indexes

Original image Segmentation

The two generators in the encoder first execute Conv operations on the input picture with a 3 X 3 X
32 convolutional layer and a 5 X 5 X 32 convolutional layer, respectively. Second, batch normalization
operations are conducted in each convolutional layer after picture convolution to avoid training failure
caused by value shifts in image distribution after convolution or during iteration. Finally, the network
performance is optimized linearly using the ReL.U activation function. A 2 X 2 X 2 maximum pooling
procedure is conducted after the above 3 steps have been repeated 2 or 3 times. Because convolution
kernels of 2 generators are of different sizes, the original image’s detailed information is recovered in
several dimensions. Number of convolution kernels is doubled every time, while the size is cut in half.
The retrieved features enter the decoder after five encoding cycles. A 2 X 2 upsampling operation is
performed first in the decoder. Images obtained by copying as well as cropping before the maximum
pooling layer are then stitched together, as is the image created by deconvolution in the corresponding

layer. Finally, in the matching layer, the identical convolution, as well as batch normalization processes,
are conducted. Stitching, deconvolution, convolution, and batch normalization processes are performed
2 or 3 times. Results are then passed on to the next layer. Every time, the number of Conv kernels is
cut in half, and the size is increased by a factor of two. Changes to parameters for the next iteration are
guided by loss. The input to the sigmoid layer is the output of the penultimate layer. The features are
then put through a binary classification process.

The network discriminator is utilized to determine if a particular segmentation result is an actual
result or a model forecast. If the discriminator has a high level of discrimination but can’t tell the dif-
ference between projected and actual results, the prediction method has a good expression or prediction
capacity. Because GAN'’s feature extractor has 2 generators, a discriminator is utilized to assess the
quality of these 2 generators as well. Discriminator in GAN uses the same discrimination method for
each generated result as the discriminator in a GAN is represented in Figure 4.
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Figure 4. Discriminator of GAN
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Adaptive rules are used by the selector during the dynamic training process to choose appropriate
features as well as alter the network training process and training parameters. Adaptive control rules are
built on top of the discriminator’s scores. Figure 5 depicts the structure of the selector.
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Figure 5. Selector structure
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GANSs’ training mechanism can be thought of as two players in a min-max game playing against each
other. Each player aspires to outperform the others and emerge victoriously. We define the optimization
problem defining the G and D interplay based on this analogy, as indicated in eq. (12):

mintigmax y'L (Gg ,D, )

12)
=E, o [108D, (5.0) ]+ E, )iy | 108 (1= D, (G (32),2)) |+ ALy (G)
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Here A is a trade-off constant and A > 0. This final term is used to ensure that the synthetic image
generated by the generator does not stray too far from the genuine image. It’s a simple L1 loss function,
indicated by the symbol eq. (13):

Lpgy (GG): _zilogDy (Ge (yi’Zi)’yi)-i_lxi -G, (yi’Zi )1 (13)

During training, the generator attempts to create realistic-looking synthesized images to deceive the
discriminator and allow the discriminator to categorize the created images as real. The generator ac-
complishes this by minimizing our objective function, equation 1. In practice, this may be accomplished
using the approximation approach by minimizing logDy(GH(yi,zi )yi) which is a simpler form than the
original 1-logDy(,(y,zi,y,). ;he overall generator loss is given by Eq. (14):

L (Ge): _ZiIOgDy (GG (yiJZi)’yi)—’_/lxi -G, (yi’Zi )1 19

Discriminator D, on the other hand, maximizes the objective function in order to accurately classify
and differentiate synthesized images from real ones. Equation (15) determines the discriminator loss:

L,(D,)=XlogD, (x,,)+log(1-D, (G, (1,2).7,)) (15)

Here, X = "x or X = xs. |I4s, denotes the total number of interest feature mappings in the current
layerAs. Let i and j be the indexes of interest feature maps, and k be the index of a current feature map

element. The Gram matrix G; ¥ (X ) , which belongs to waw , 1s used to characterize the information
of the corresponding feature. Each element G;'* i (X ) in the A" layer of block ys defines an inner

product of the ith and jth interest feature maps. Equationally, from eq (16),

Gy =207 0" (16)
k /

During training, the style loss of x and x' is defined as eq. (17):

(0]

ls‘[ G — V2 %
Ay( 9) },ne“%@*W;nHy" (17)
Gl (%)~ G (<)

llell,. is the Frobenius norm of the matrix, and @, is the weight of the ys th block Gram matrix. Note

that by definition x'= G, ( v, Z) as represented in eq. (18).
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1
w,H,

L (Gy) = 2 8 (x)= 9 (x'), (18)

«
Vo€ e ke®

Total variational loss: For spatial smoothness of the generated images, it is incorporated using the fol-
lowing equation, as indicated in eq (19).

— ' v 2 ' v 2
ltv(GQ)_ Z(x wohd — X n 2 TX T X 2) (19)

w,h

x', , specifies the pixel value of a point in the created image x', where w, hiW, H. When all three loss
functions are added together, we get Style Loss Ly (G, as eq (20),
L (Gy) = @il + O 1, + 0,1, (20)

cont” cont sty” sty

So, we replace L DEV in equation 1 with this type of transfer loss L, and the new goal function for
generator G is

L;(G,)= —ZlogDy (G (3,:2))+ Lszo (Gy )+ Ly (Gy )

The objective function of the discriminator has not altered. Back-propagation optimization of the
aforesaid goal function is used to acquire style transfer from input style x .

CLASSIFICATION OF EXTRACTED FEATURES
USING DEEP RESIDUAL NETWORK:

The revised deep residual network model is depicted in Figure 6 as an overview. Two enhanced residual
blocks A and B, a convolutional layer with normalization and a RELU operation, a zero-padding layer
with normalization and a RELU operation, a Conv layer with normalization as well as a RELU operation,
a GAP layer with a Flatten and a Dropout operation, and a softMax layer are included.
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Figure 6. Improved deep residual network model
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This structure improves the expression capabilities of each band’s features without adding to the
model’s complexity. Finally, nonlinearity is enhanced by utilizing RELU, a portion of negative weight
values is cleared to zero, reducing computational complexity and avoiding gradient saturation and disap-
pearance concerns. Hard downsampling, which selects element characteristics with the highest degree
of activation as well as immediately contributes to classification, is comparable to residual structure B.
The combination of BN, as well as RELU in this structure, can greatly increase signal propagation in
the network. Max-pooling can choose elements with high activation using all of the data from feature
mapping, reducing information loss and making subsequent beat categorization easier. This technique,
which requires no additional parameters, creates favorable conditions for further signal feature propa-
gation as well as improves the network’s learning ability. Finally, RELU can suppress some negative
weights, simplifying the network’s learning process. Network can hold spatial information well and
increase classification performance with a simple structure if these blocks are used.
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Figure 7. Residual block A residual block B.
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The input layer, convolution layer, activation function, and output layer make up the basic unit of
CNN, which can be represented as Eq. (21):

y =fiWx + b) 21

Where x is input; y is output; f is teReLLU function; W is Conv matrix; b is bias.

BATCH NORMALIZATION (BN)

Input distribution of every layer varies with the parameters of the previous layer during deep network
training. Internal covariant shift is the term for this phenomenon, which is commonly thought to be a
significant factor determining network training speed. Batch normalization, which significantly over-
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comes the issue by introducing normalizing as well as shift phases in every nonlinear transformation,
was developed to limit internal covariate shift induced by progressive data. Training data must first be
separated into basic data units, such as mini-batch as well as then batch normalization must be performed.
The methods and formulas for batch normalization for a mini-batch of size m are as follows by eq. (22):

s L gnm
H= —Zl,:lxidz = — i:l(xi — 'u)z (22)
m m

Where xi is current mini-entries, batch’s and 62 and p are mini-standard batch’s deviation and mean, re-
spectively. € is a numerically stable constant added to mini-batch variance, y and  are trained parameters.

Residual Network: Because the depth of the DL network has an efficient impact on final classifica-
tion as well as recognition outcomes, it is common to practice to make the NN architecture as deep as
feasible. In fact, once reaching a certain depth, enhancing depth will reduce the DL network’s perfor-
mance. One explanation is that the more complex the network architecture, the more visible issue of
vanishing/exploding gradients becomes, making network training more challenging. On the other hand,
the residual network is a better DL. method for CNN that avoids these issues by utilizing “shortcut con-
nections” that bypass numerous network levels. The residual block is depicted in Figure 8 (a), and the
relationship between its input and output is given as eq (23)

1, =ReLU(F (1, ,w;)+1,,) (23)

Where [ ;i represents the current residual block’s input vectors and /; represents the current residual

block’s output vectors. A ReLU function activates each residual structure. The w, is the weight param-
eter of the ResNet block’s jth layer, which must be learned.1D convolutional, BN, and ReLLU layers are

included in the F(l j-12 Wj) function.
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Figure 8. ResNet architectures. (a) 1D Conv residual block. (b) Proposed 1D convolutional residual
block with linear projection.
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We employ linear projection Ws to match the dimensions of both / ;-1 and F because their dimensions

may differ. eq. (24) is used to define the residual structure illustrated in Fig. 8 (b):

1, =ReLU(F(!

1

w, )+ W, (24)

To complement the residual block features, we use feature maps from a 1D convolutional as well as
BP layer as residual data in the shortcut connections branch.

Figure 9. Proposed ResNet model architecture
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The Architecture

To efficiently learn the features of the input heart image, we propose a unique deep ResNet.The input
layer of this model’s network structure has 2 channels due to data from two leads. A 1D convolution,
BP, ReLLU, and a max-pooling layer follow the input layer. There are four residual blocks in the buried
layer, each with a similar structure, as shown in Fig.9.Figure 8 depicts the design of the residual block 1.
(b). First Conv layer in every residual block has a 1x1 convolution kernel, the second has a 3x1 convolu-
tion kernel, and the third has a 1x1 convolution kernel. The use of a 1*1 convolution kernel reduces the
number of parameters and the amount of time it takes to compute. Softmax layer, which classifies heart
disease images, is the final layer.

PERFORMANCE ANALYSIS

This project uses Keras as a DL framework, with Tensorflow as the backend. Workstation contains 8GB
GPU (NVIDIA GeForce GTX -1070), Intel i7 -4790 processor (3.60GHz) and 8GB RAM.

DATASET DESCRIPTION
UCI Machine Learning Repository: Heart Disease Data Set:

Data Set Info: Even though this database has 76 features, all published studies only employ a subset of
14 of them. If the patient has a cardiac disease, the “target” field indicates that. Cleveland database, in
particular, is the only one that ML researchers have used thus far. It is an integer with a value ranging
from O to 4. Experiments with the Cleveland database have primarily focused on differentiating between
presence and absence. The patients’ names, as well as social security numbers, were removed from the
database recently and replaced with fictitious values. One file, holding the Cleveland database, has been
“processed.”

Table 1. Dataset specifications

Number of attributes 75
Missing value Yes
Number of Instances 303
Attribute characteristics Categorical, integer, real
Associated Tasks Classification
Data set characteristics Multivariate
Date donated 1988-07-01
Number of web hits 1242233
Area Life
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Table 2. Dataset attributes

Attribute Name Attribute Description Score
cp Chest pain type 13.55
old peak Exercise-induced ST depression 10.90
ca Number of vessels colored by fluoroscopy 11.70
thalach Maximum heart rate 12.52
age Age in years 8.60
thal Thallium scan 10.28
trestbps Blood pressure at rest 7.46
exang Exercise-induced angina 5.89
chol Serum cholesterol 7.78
gender depression 3.35
slope Slope of the peak in exercise-induced ST 4.95
tbs ECG results at rest 0.98
restecg Gender 2.04

Framingham Heart Study dataset results from an ongoing cohort study in Framingham, Massachu-
setts. It has 15 columns and roughly 4200 rows of data and is freely accessible on the Kaggle website.
Each column represents a potential risk factor, whereas every row represents a person’s behavioral,
demographic, and medical data. The Faisalabad Institute dataset contains 299 heart failure patients’
records from the Faisalabad Institute of Cardiology and Hospital in Faisalabad, Pakistan, and is based
on 13 attributes and one class. The dataset is available for public use on the Kaggle website. Finally,
South African Hearth dataset contains 462 patient records and 13 variables that can be used to predict
mortality from HD. The dataset is available on the KEEL website to the general public.

Table 3. Dataset description

Dataset Number of Records Number of Attributes Prediction/Diagnosis

Faisalabad Institute 299 13+ Class Prediction/Diagnosis

Cleveland 303 13+ Class Prediction/Diagnosis
Framingham 3658 15+ Class Prediction
South I?jfartiZ:; Hearth 462 9+ Class Prediction
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Table 4. Comparative analysis of accuracy

Number of Epochs MLA LSTM GAN_DRN
100 60 69 72
200 65 75 80
300 69 79 85
400 72 85 90
500 75 86 96
Figure 10. Comparative analysis of accuracy
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Table 5. Comparative analysis of precision
Number of Epochs MLA LSTM GAN_DRN
100 55 61 72
200 59 65 75
300 61 69 79
400 65 72 81
500 67 75 85
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Figure 11. Comparative analysis of precision

Precision (%)
w
o
o

0 10 20 30 40 50 60 70 80 90
Number of Epochs

HGAN_DRN HLSTM HEMLA

Table 6. Comparative analysis of recall

Number of Epochs MLA LSTM GAN_DRN
100 61 65 71
200 65 69 73
300 69 72 75
400 71 75 79
500 73 79 80
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Figure 12. Comparative analysis of recall
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Table 7. Comparative analysis of FI1_Score

Number of Epochs MLA LSTM GAN_DRN
100 50 55 61
200 53 59 63
300 55 61 65
400 59 63 69
500 60 65 71
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Figure 13. Comparative analysis of F-1 Score
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Table 8. Comparative analysis of AUC

Number of Epochs MLA LSTM GAN_DRN
100 55 59 62
200 59 62 65
300 62 65 69
400 65 68 73
500 69 71 75
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Figure 14. Comparative analysis of AUC
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The above table 4-8 and figure 10-14 shows a comparative analysis of accuracy, precision, recall, F-1
score, and AUC between the proposed and existing technique. Here the accuracy obtained by proposed
GAN_DRN is 96%; existing LSTM attained 86% and MLA is 75%, where precision obtained by pro-
posed GAN_DRN is 85%, existing LSTM obtained 75% and MLA is 67%; recall obtained by proposed
GAN_DRN is 80%, LSTM is 79% and MLA is 73%; F-1 score attained by proposed GAN_DRN is
71%, LSTM is 65%, MLA is 60%; AUC attained by proposed GAN_DRN is 75%, LSTM is 71%, MLA
is 69% by existing technique. From the above analysis, the proposed technique obtained optimal results
in cardiac disease detection.

Wearable devices are currently being employed for a variety of health monitoring applications. The
sensor is one of the most crucial components of data collecting. With advancements in semiconductor
technology in recent years, sensors have brought a wide range of parameters closer to realization. The
ability to use a gadget in the actual world, performance, efficiency, and power consumption is the most
essential criteria in this study. We also took into account the cost of each item. This project provides the
user with two main features: First, an Android software that uses Bluetooth to interface with a wearable
gadget that measures heart rate. When the user’s BPM becomes unstable, the app sends SMS notifications
to a medical expert’s phone, a patient’s family member’s phone, or their relatives, providing the user’s
present location and patient state. Second, an Android/desktop application that determines whether or
not a user has heart illness with a single click, using an ML module to evaluate user data and diagnose
HD. Other capabilities include evaluating daily steps and verifying the location of nearby hospitals,
heart centers, health centers, and users. To do so, using Java programming language, Python program-
ming language, and C programming language. Embedded C programming language is utilized to design
embedded devices with Eclipse IDE, which makes the development process easier. With Android Studio
3, which includes a large number of libraries, Java programming is utilized to create Android apps. The
desktop app was created using the Python programming language and the Anaconda Jupyter notebook.
ML and DL models are also included. They’ve all visited a number of important libraries. The benefits
of the system given to the user determine the project.
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CONCLUSION

This chapter proposes a novel technique for the detection of cardiac disease using feature extraction
and classification based on deep learning techniques. Here the input data has been collected based on
wearable device collected data with the IoT module. This data has been pre-processed using adaptive
histogram normalization and segmented the image based on the threshold method using Ostu threshold-
ing technique. The segmented image feature has been extracted using a generative adversarial network
and the classification of extracted features using a Deep Residual Network. The experimental analysis
was obtained by the proposed GAN_DRN in terms of accuracy was 96%, precision of 85%, recall of
80%, F-1 score of 71%, and AUC of 75%.
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ABSTRACT

Heart disease is estimated to be the major cause of death among the middle-aged population worldwide.
Researchers assess huge volumes of medical data using a variety of statistical, machine learning, and
deep learning methods, supporting healthcare practitioners in predicting heart illness. This work aims
to predict the likelihood of people developing heart disease using a wearable wristband that can record
photoplethysmography (PPG) signals. Cardiovascular features extracted from the PPG signal are used to
train the prediction algorithm. It enables the patient to self-monitor their health and take precautionary
measures and treatment at the onset of symptoms of the disease. Random forest, convolutional neural
network, long short-term memory networks are trained using publicly available databases comprising
both affected and standard parameters and thereby used for comparison with the acquired sensor data
for predictive analysis.
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1 INTRODUCTION

Cardiovascular Disease (CVD) is a term that refers to a range of conditions that have an impact on the
heart (Afilalo et al., 2009). They include lack of fitness, high cholesterol, hypertension, etc. An improper
diet, harmful alcohol consumption, and excessive sugar levels are all factors that contribute to heart dis-
ease (Amin et al., 2013). Identifying and treating the people who are at risk of CVD is highly essential
in order to reduce early deaths. Hence to prevent early death, an early and accurate medical diagnosis of
heart disease must be made (https://appa.who.int/iris/handle/10665/43685). Lack of adequate medical
datasets, lack of flexibility in selecting features, and lack of implementation of proper predictive algo-
rithms are all obstacles that delay effective heart disease prediction (Sharma et al., 2020).

Males are more likely than females to geta CVD. Itis twice as likely for males to develop heart disease
during their lifetime as for females. The increased risk continued even when traditional heart disease
risk factors such as lipid disorders, hypertension, insulin disorders, body mass index (BMI), and fitness
activity were taken into account (Ebrahim et al., 1999). The factors that contribute to these differences
in cardiac illness and mortality rates are numerous. Differential access and poor quality of health care,
environmental or neighborhood impacts, persisting racial prejudice, health actions including nutrition,
smoking, socioeconomic position, and genetic variation have all been proposed as factors contributing
to congestive heart failure (Anderson et al., 1991).

ML and DL are examples of artificial intelligence approaches that can help with early screening and
diagnosis of CVD at an early stage, in addition to prognosis evaluation and outcome prediction. With
the proliferation of electronic health records (EHR), enormous amounts of quantitative, qualitative, and
transactional data have been collected. With the use of clinically relevant information revealed in huge
amounts of data, Al approaches can also assist clinicians in making the best clinical resolution, enabling
prior diagnosis of subclinical organ dysfunction and therefore improving the quality and efficiency of
cardiac healthcare (Faizal et al., 2021). A system based on such risk factors would not only assist medical
experts and doctors but also alert patients to the possibility of CVD before they visit a medical center or
undergo expensive medical examinations (Ebrahim et al., 1999). As aresult, employing suitable classifier
algorithms, this research proposes a technique for predicting heart disease using major risk variables.
LSTM, CNN, and RF methods are among the major classification algorithms applied in this technique
for analyzing whether patients have CVD or not.

In healthcare, machine learning and deep learning have shown effective assistance in assisting with
decision-making and predicting from large datasets (Mohan et al., 2019). The machine learning disease
prediction system uses information provided by users to identify diseases. Information entered into the
web system predicts a patient’s disease or the user’s symptoms and gives results based on the informa-
tion given. With its combination of ML and artificial intelligence, DL can be thought of as a means of
simulating how humans acquire different types of knowledge. With the computer-aided diagnosis, this
field relies on its own ability to learn and improve (Swathy & Saruladha, 2022).

ML is a data analytics approach that automates the building of analytical models. In this branch of
artificial intelligence, systems learn from data, recognize the design, and make a conclusion without
human interference (Sardar et al., 2019). Supervised machine learning is the type of machine learning
where the model is trained based on previous data to make future predictions (Kotsiantis et al., 2007).
A deep learning approach can be used to predict a disease based on collected data (Ali et al., 2020).
Finding hidden information in a dataset, followed by the ability to apply that knowledge to others, is
what it is all about (Kotu & Deshpande, 2014). Many ways exist within the deep learning methodolo-
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gies for transforming a large dataset into meaningful information (Vaswani et al., 2017). This method
can be used for knowledge discovery, application, and prediction based on knowledge. The forecast is
primarily reliant on the data that has been trained. The dataset can be trained using the back-propagation
method by using an Artificial Neural Network (ANN). It is made with a multilayer perceptron, which is
a fundamental processing unit that can handle non-linear problems while a single perceptron can only
tackle linear ones (Suvkens et al., 1995).

It is crucial to complete the diagnosis as soon as possible. Usually, this is done with the assistance
of a doctor. Patients will typically receive disappointing results with high medical costs (Ponikowski et
al., 2014). As a result, an automated medical diagnosis and prediction system would be tremendously
beneficial. To compare prediction models, public datasets on heart diseases are accessible (Abukhousa &
Campbell, 2012). The development of machine learning and deep learning allows academicians to create
the best prediction models possible by utilizing enormous databases (Bharti et al., 2021). A system-based
risk factor would benefit medical professionals as well as patients because it would alert them about
potential CVD symptoms even before they visit the hospital or undergo costly medical testing (Larroza
et al., 2017). Table 1 showcases the summary of research work pertaining to CVD prediction with the
focus on signals and signals source used, features extracted and various classifiers used.

2 SUMMARIES OF PREVIOUS RESEARCH

Globally, CVD has been the leading cause of death in the last decade. In India, the incidence of CVD
is expected to increase from 2.27 million in 1995 to 4.8 million in 2022 Over the past several decades,
CVD occurrence rates in India have increased from 1.6% to 7.4% among rural populations and from
1.5% to 13.7% among metropolitan populations (Mozaffarian et al., 2016).
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Table 1. Summary of related research work

S. No Author & Year Rl lslf:::lrcsé sl Features Extracted Classifier Used
Fingertip PPG and
Electrocardiogram (ECG) signals
L Apurb et al., 2020 PPG. ECG are proce§sed based on the. phase Aggr;gatlon network-based deep
and amplitude for monitoring learning
continuous systolic and diastolic
blood pressure.
Peak-to-Peak Time, Crest Time,
2. Alaa et al., 2019 PPG and Maximum Slope were found | o o)
to be vital features for accurate
classification
. . K neighbor classifier, Support
3. Zaibunnisa et al., ECG Framingham Risk Score. Vector Machine classifier (SVM),
2021 .. .
Decision Tree classifier
Galla et al., . Statistical data' The fuzzy-based model was used ANN, Decision Tree, SVM, and
4. Different geographical . . . .
2020 . to retrieve real-time patient data. Naive Bayes
areas (Hospital)
Peak and thali distribution were K Neighbors classifiers, Random
5. Bharti et.al., 2021 Public Health Dataset found to be featured for accurate Forest,
classification SVM, Decision Tree
Abdel et al Using the spectral density plots, Radial Basis Function (RBF)
6. 2020 " PCG phonocardiogram signals can be network and Back-Propagation
generated. Network (BPN) techniques
Long ECG recordings (QRS
7 Fu et al., ECG complexes), Al algorithms such as CNN and
' 2020 Short ECG recordings (P and T Recurrent Neural Network (RNN).
wave)
3 Shah et al., ECG A classification analysis of ECG Continuous Wavelet Transform
: 2020 using QRS complexes. (CWT) and SVM.
Devansh et al The UCI repository of the heart K neighbor classifier, Naive
9. " Cleveland database patient was conducted through the | Bayes, Decision tree, and RF
2020 .
WEKA tool. algorithm
Krittanawong To investigate novel genotypes and | Algorithms include ANN, SVM,
10. et al., ECG phenotypes in known diseases, AI | Decision Tree, Random Forest,
2017 approaches are used. Naive Bayes, and KNN.
Josep et al., ) . Heart rate, respiratory rate, SPO,, Kaplan Meier event-free survival
1 2012 Echo-cardiography blood pressure. analysis.
Artificial Neural Network
approaches that classify a PPG
Mohammed et al signal into two distinct classes i.e.,
12. 2011 ” PPG Maximum Slope, Heart rate, SPOZ. Network-based on Multi-Layer
Perceptron (MLP) with back-
propagation strategy and Gaussian
Mixture Model (GMM).

3 METHODOLOGY

In the proposed model, a wearable wristband is designed to acquire PPG signals from individuals, and
the signal is saved in the cloud through a Wi-Fi module. The signal can be imported from the cloud, after
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which preprocessing steps are performed using a smoothing filter. Few feature extraction algorithms
are utilized to extract the features relevant to the CVD, and the extracted features are also given to the
classifier. The block diagram of the proposed work is depicted in figure 1. The developed wearable
wristband with an automated screening system that can predict CVD using PPG signals is shown in
figure 2. Appropriate signal processing algorithms have been implemented to extract relevant features
that support the prediction of cardiovascular disease. The following classifiers are used for classification
and their performance has been analyzed.

° Random Forest
. Convolution Neural Network
e  Long-Short Term Memory Network

The non-invasive approach makes use of a simple light source and a photodetector with which the
model monitors the volumetric fluctuations of blood circulation to acquire the PPG signal. As a result,
small overall solution size is achieved without compromising optical or electrical performance. The
external hardware components are integrated into the wearable wristband. File Input File Output (FIFO)
allows the sensor to connect to a microcontroller on a shared bus that does not continuously read data
from registers. The acquired signals are given to the cloud using a Wi-Fi module. The microcontroller
unit has been designed for wearable electronics to achieve the lowest power consumption possible with
several proprietary techniques. The Espressif System Smart Connectivity Platform (ESCP) is often
designed for minimal space requirements. It has an embedded Wi-Fi capability that can be added to any
microcontroller-based system with simple connectivity through the Universal Asynchronous Receiver-
Transmitter interface. It operates at a 2.4 GHz frequency, corresponding to 0.125 meters of wavelength.
It employs a 32-bit RISC (Reduced Instruction Set Computer) Central Processing Unit. The Arduino AT
mega is an advanced virtual RISC microcontroller. The Arduino ATmega-328 is an 8-bit microcontroller
and it operates in the range of 3.3V to 5.5V. It can execute many instructions in a single clock cycle and
provide almost 20 MIPS (million instructions per second) at 20MHz. It has a high performance and low
power design. It covers 32kb of programmable Flash, 1kb of EEPROM, and 2kb of SRAM (Static Ran-
dom Access Memory). It can perform all the general-purpose tasks on a single machine, like a computer.
The devices in the series are precision temperature devices for integrated circuits. Its output voltage is
directly proportional to the temperature in degrees Celsius. Therefore, the sensor is calibrated directly
to Celsius. No external calibration or trimming is required to achieve normal accuracy. It features low
output impedance, a linear output, and precise and unique calibration that facilitates interface with the
reader or control circuitry. It requires a power of 60uA and operates at temperatures between -55° C and
150° C. Organic Light-Emitting Diode (OLED) is a relatively new technology that uses light-emitting
diodes where light is produced by organic molecules and could replace today’s LCDs and LEDs. The
display format is about 128x64 dots. OLED displays emit visible light because they work without a
backlight. It can be embedded in textiles and clothing and offers a higher contrast ratio and wider view-
ing angle than LCDs. It also has much faster response times than LCDs. The Thing Speak server is an
open data platform for the Internet of Things that can collect store, analyze, visualize, and manipulate
data from sensors.

222

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

Figure 1. Block diagram of CVD predictor
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3.1 Pre-Processing

Signal preprocessing focuses on analyzing, altering, and synthesizing signals such as sounds, images,
and scientific measurements. This technique can be used to upgrade the transmission, storage viability,
and subjective quality and to also detect the components of interest in a measured signal. Preprocessing
is a stage that includes artifact removal, denoising, and resampling the signal to comply with detector
input specifications. The preprocessing module can be divided into three components:

i.  Extraction involves the process of extracting important data from multiple homogeneous or het-
erogeneous data sources.

ii.  Conversion refers to the cleaning and manipulation of data to convert it to the proper format.

iii. Aload is the insertion of the transformed data into the memory of the processing unit that processes
the training data.

Applying an appropriate filter to the signal is necessary in order to remove the artifacts and spuri-
ous noise added to the signal. Smoothing the data removes random variation, and they show a typical
trend and cyclic components. Smoothening is achieved using the moving average filter in this method.
Machine Learning and Deep Learning algorithms work well when the data is introduced in a format that
emphasizes the relevant aspects needed to solve the problem. Feature extraction practices, including, data
transformation, data reduction, data wrangling, feature selection, and feature scaling, help reconstruct
raw data into a format suitable for a particular type of algorithm. This can significantly decrease the
processing power and time required for training and guessing new machine learning and Al algorithms.
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3.1.1 Moving Average Filter

As its name suggests, it is a low-pass FIR (Finite Impulse Response) filter that is frequently used to
smooth out data or signal arrays. It takes n number of samples at a time and works by summing those
samples to produce a single output point. Cycles of long-term trends can be identified through moving
averages, which can resolve short-term fluctuations. Based on the application, there may be a difference
between short-term and long-term moving averages, which will be reflected in the moving average vari-
able. A moving average is a statistical technique that filters out higher frequency elements of non-time
series data without relating them to time in any particular way. But it usually does imply a certain order.
In this case, the structure of the Low Pass Filter is very transparent to filter out undesirable noise from
the intended data. The smoothness of the output increases with magnitude (the parameter L), while as
the data becomes increasingly blunt, sharp transitions become less apparent. Moving average filters
possess the following characteristics: an excellent time-domain response but, an insufficient frequency
response. There are three main functions of the moving average filter:

i.  Using L input points, an average is calculated for those points by the filter, which produces an
output value.

ii.  Asaresult of complex computations, the filter introduces a significant delay.

iii. Low-pass filtering (with excellent response in the time domain but a weak response in the frequency
domain). For an L-point discrete-time moving average filter, the difference equation is given in
Equation 1, where x is the input vector, and y is the average output vector.

y[n]=%2x[n—k] M

As shown by the frequency response, the roll-off is extremely slow, and the attenuation in the stop-
band is not adequate. Considering the attenuation, the stopband is very weak. The moving average filter
is unable to split one frequency band from another. When good performance is measured in the time
domain, it is weakly measured in the frequency domain. Despite their excellent smoothing capabilities
(effects appear in the time domain), moving averages are very destitute low-pass filters (effects are seen
in the frequency domain). Noise reduction can be achieved by adding a few adders and delay elements.
With low-pass filtering, the capacity to suppress the stopband sidelobes and to achieve an excellent
frequency domain response is less important than basic filtering ability, which is where moving average
filters are most useful. The main assumption of regression models utilizing moving averages is that the
independent error terms are undetectable and the parameters are estimated by the weight.

3.2 Feature Extraction
The technique involves computing preselected characteristics of a PPG signal, which are then fed to a
final processing scheme such as a classifier, to aid in CVD prediction using PPG-based systems. In the

following step, vital feature points are extracted from the PPG signal by using differential thresholds.
Three steps are involved in this method: interpolation, differentiation, and determination of extreme points.
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Our goal is to create new features from existing ones in the dataset, which will reduce the number of
features in the dataset. It also helps to reduce the amount of redundant data in the data set. Characteristic
features extracted from the individuals are listed in table 2.

Table 2. Characteristics and details of cardiovascular disease

S. No Characteristic Details
1. Age Age of patient in years
2. Gender 0 =Male; 1=Female
3. Smoking condition 0 = Non-Smoker; 1 = Smoker
4. Height Height of the patient in Centimeter (cm)
5. Weight Weight of the patient in Kilogram (kg)
6. Hypertension Diastolic and systolic blood pressure at rest (in mm/Hg)
| Bl Ghcse ot | Fainsnd bl s o 120 il L o, 100 mal 56 ) s o
8. Cholesterol Serum cholesterol (0 = Normal range, 1 = High cholesterol level)
9 Cardiac arrest There are fogr types of cardiac arrest: angina pectoris, atypical angina, non-anginal pain, and
asymptomatic.
10. Temperature Temperature is acquired through the sensor (varies according to the patient)
11. Heart Rate Maximum heart rate achieved
12. SPO, Maximum oxygen saturation is achieved through the PPG signal.
13. Target Predicted Outcomes = Normal, Disease_ Risk

3.3 Database

Data that is needed for forecasting is obtained from open sources. Collecting data is an important step
because the quality and quantity of the data directly determine the success of the proposed model. A
common approach is to get data from open sources such as Kaggle (https://www.kaggle.com/datasets).
Kaggle is a data science community with tools and resources, including externally sourced artificial
intelligence. This is a technique for assessing and sharing the performance of ML and DL algorithms.
It can be used for regression problems and supervised learning algorithms. This step takes one record
and divides it into two subsets.

In this proposed model, the data is separated into the training data being 80% and the test data be-
ing 20%. First, there is the training data, which is used to fit the model and is referred to as the training
dataset. We don’t use the second subset to train the model, but instead provide the input element from
the dataset to the model, which makes a prediction and compares it to the expected value. Using the
model file, the second dataset is referred to as the test dataset. Here using the model file, certain types
of patterns can be recognized. Training data is sent to the classification algorithm. After training, the
classification algorithm will produce the expected outcomes. When it comes to predicting or classifying
a problem, the distribution of the data is crucial. We can observe that heart illness is identified 54.46
times in the dataset, while no heart disease occurred 45.54 times. As a result, we must balance the da-
taset to avoid overfitting.

225

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost

PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

Figure 2. Designed wearable wristband

3.4 Random Forest

An RF is a classifier that consists of multiple decision trees for different subsets of a given data set that
uses the mean to better predict the accuracy of that data set. The building blocks of RF algorithms are
decision trees. RF is a popular machine learning algorithm related to direct learning techniques. The more
trees there are in the forest, the greater the accuracy and the avoidance of overfitting problems. It can
also maintain accuracy even when most of the data is missing. This algorithm can be used to determine
disease propensity and disease risk. As a result, doctors can judge a patient’s reaction to a particular
drug. An RF algorithm consists of a series of decision trees, where each tree in the ensemble consists of
data samples taken from training samples with replacements called initial samples, as shown in figure 3.

A method for predicting heart disease has been proposed by using this classifier that results in 84%
accuracy. Cardiovascular disease is predicted using ensemble learning approaches. The proposed meth-
odology entailed combining the different deep learning algorithms with the RF, a machine learning
technique that is used to evaluate the CVD. Artery blockage denotes the existence of cardiac risk. Many
researchers are working in this field to develop software that can assist doctors in making decisions
regarding the prediction and diagnosis of heart disease (Romiti et al., 2020). In this proposed model,
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data mining techniques can be used to predict cardiovascular disease in advance, allowing patients to
receive appropriate treatment. Here, the different algorithms are used for comparative analysis, but the
prediction accuracy of the RF algorithm is the lowest. Based on the algorithm, sensitivity is 85.67%,
specificity is 52.38%, and accuracy is 84.76%.

The classification in RF uses an aggregate method to achieve the results. After training, averaging the
predictions from all the separate regression trees can be used to make predictions for unseen samples.
Seventy-eight regression trees were formed approximately. By default, for every 500 datasets, 10 re-
gression trees are formed. Then the sub-categories or subtrees are formed. It can be of two types in this
proposed model. Our decision tree uses continuous variables. A continuous variable decision tree has
a continuous target variable and is known as a continuous variable decision tree. There is a linear rela-
tionship between the predictor variables and the target variables, so the basic learner is just as accurate
as the ensemble learner. This classifier is used to diagnose patients by assessing their previous medical
history. In comparison to the decision tree algorithm, it is more accurate in predicting the outcomes
of thousands of input variables that can be processed without deleting them. This works in four steps.

i.  Choose a random sample from a particular dataset.

ii.  Create a decision tree for each sample data set and get the prediction output from each decision
tree.

iii.  Vote for each expected result.

iv.  As the final prediction, select the output result with the most votes.

Figure 3. Data flow in random forest
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3.5 Convolutional Neural Network

The Artificial Neural Network (ANN) is made up of interrelated nodes that function similarly to real
neurons in that they receive, process, and output data. Nodes in any artificial neural network can be
classified in three ways: input nodes, hidden nodes, and output nodes. As with sensory neurons in the
central nervous system, input nodes function similarly, bringing a data set to processing. The details
from the data set are processed by hidden nodes, and the last elucidation of the data is represented by
output nodes. Convolutional neural networks are a type of artificial neural network that “learns”. This
can happen through a variety of mechanisms, such as backpropagation (Krittanawong et al., 2017). The
most commonly used model type in Python programming is the successive type. It is the easiest method
to create a CNN model. This allows us to build the model layer by layer. The term “convolution” in
CNN refers to the mathematical function of convolution. A linear operation multiplies two functions
to produce a third function that shows how one function changes the shape of the other. Convolutional
neural networks (CNNs) indicate that networks use a mathematical operation called convolution. A con-
volutional neural network (CNN) consists of an input layer, a convolution layer, a pooling layer, and an
output layer. CNN’s biggest advantage over previous models is that it automatically discovers important
features without human control (Nasrabadi & Haddadnia, 2016).

The Convolutional Neural Network method uses structured data to determine early heart disease
risk. Our model’s accuracy is 95.35%, with a sensitivity of 99.18% and a specificity of 31.36%. In the
future, the work will be to expand our algorithm to include unstructured data as well. Medical specialists
have approved all of the quality and laboratory tests that have been considered so far. Both organized
and unstructured data can be utilized with the CNN algorithm. Images can also be used in conjunction
with CNN algorithms to forecast certain diseases. The reason for this is that it employed a very good
optimization strategy to improve the CNN algorithm’s accuracy. CNN is a kind of deep neural network
(DNN) with a spectral layer that specifically learns lower and higher-level features. CNN is a useful
model for predicting statistics, modeling, and other tasks. Simply put, it outperforms CNNs thanks to
three additional concepts: local filters, max-pooling, and weight sharing. Figure 4 shows the architecture
of CNN, which is used to predict cardiac disease. To extract important features, the CNN is composed of
a few pairs of convolutions and pooling layers. The convolutional layer always comes after the pooling
layer. Pooling is commonly used in the frequency domain. For the problem of variability, max-pooling
produces good results. The highest filter activation from different points within a particular window is
collected by a layer called a max-pooling layer. At this stage, the convolution features are created at a
lower resolution. The max-pooling layer allows the architecture to tolerate tiny changes in the placement
of the pieces of the object, resulting in faster convergence. On the other hand, fully connected layers ag-
gregate the inputs from all points into a 1-D feature vector. The overall inputs are then classified using
the SoftMax activation function layer. The CNN architecture consists of two main parts:

i. A convolution tool that splits and identifies various features of a dataset for scanning in a process
called feature extraction,

ii.  Anintegrated layer that uses the convolution process output to predict the class of a dataset using
the features extracted previously.

Input Layer: The foremost layer is called the input layer. The input layer of the neural network
contains artificial input neurons, which then send the output data to the system for further processing.
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This layer transfers data directly to the next layer. The next layer is the first hidden layer, where the data
is accumulated by the first hidden layer.

Convolutional Layer: The convolutional layer is the basic structure of a CNN where most of the
computations are performed. Convolution is the first layer that extracts features from the input training
data, also known as a convolution matrix or convolution mask. It consists of a digital filter that analyses
the input data using convolution. The result of the convolution operation is passed to the second layer
as the convolution layer proceeds to perform the convolution on the input data. Convolution converts
every pixel in the received field to a single value.

Pooling Layer: In addition to their parametric reduction, pooling is the layer added after convolution.
Pooling layers are neither necessary nor sufficient for proper deformation stability in CNN algorithms.
Pooling layers help control overfitting by gradually reducing the size of the view, reducing the number
of parameters, and reducing the amount of memory.

Dense Layer: A densely connected layer consists of multiple layers connected by weight matrices
and multiplexed input data by each layer’s weight matrix. Also known as the “line layer” this layer
connects each input neuron to each output neuron. The output of the convolutional layer represents the
high-level features of the data.

The architecture of the CNN model is represented in figure 4.

Figure 4. Data flow in Convolutional Neural Network
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3.6 LSTM

In the discipline of DL, LSTMs are artificial recurrent neural networks (RNNs) that can learn sequence
dependencies in sequence prediction problems and are designed to overcome the problem of backflow
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of errors. LSTMs are designed to work differently from CNNs because LSTMs are typically used to
process and predict a given sequence of data (Jasmin et al., 2016). It is widely used for sequence predic-
tion problems and has proven to be very effective. An LSTM network was used to accurately classify
auricular fibrillation (A-Fib) in a variety of electrocardiography, echocardiography, or plethysmography
data. It achieved 99 percent accuracy. Using LSTM models, structural heart distortion threats were also
automatically identified from digital phonocardiogram (PCG) signals for use in congenital heart dis-
ease screening applications. Additionally, it has been demonstrated that a bi-directional neural network
architecture built by utilizing the Bi-LSTM-Attention method increases the accuracy of cardiovascular
disease applications (accuracy of 98.49 percent) above the literature review. Deep learning applications
have also been reported for medical imaging, where futuristic results have been achieved, and neural
networks have worked well for many challenging situations in biomedicine.

Prior strong prediction models struggled to deal with data spanning multiple periods with different
intervals, and handling large volumes of patient hospital records was ineffective in improving forecast
accuracy. The goal of this research is to use enhanced LSTM models to predict cardiovascular disease.
To predict cardiovascular disease, in an attempt to improve the standard LSTM, a new model and archi-
tecture were suggested as shown in figure 5. To overcome the prediction time limit vector obtained by
smoothing an irregular period imposed by an irregular time interval, which is then fed into the forget-
ting gate of the LSTM, we can keep important information from the past and forget about unnecessary
information. Information is stored in cells, and memory manipulation is performed by three gates:

Forget Gate: The conditional determination of which information should be discarded from a block.
Input Gate: The memory state is updated conditionally based on which input value was provided.
Output Gate: Input and block memory are taken into consideration when deciding what to output.

It is used for processing, forecasting, and classification based on time series data. It provides a wide
range of learning rates, input, and output bias parameters. The main advantage is that the complexity of
each weight update is reduced to 0(1) by LSTM, similar to backpropagation in time (BPTT). LSTMs
have recently gained popularity because they can solve the problem of dissipating gradients (Krittana-
wong et al., 2020).

The architectural structure of the LSTM network is represented in Figure 5.
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Figure 5. Dataflow in Long Short-Term Memory Network
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4 RESULTS AND DISCUSSION

The PPG optical mechanism enables clinicians to expand the scope of the screening devices and their
applicability. New advancements in medicine have made it possible to incorporate PPG into wearable
devices for real-time monitoring and prediction of cardiovascular disease. The quality of PPG measure-
ments is also an advantage, as the device measures several variables to quantify cardiac activity and
normal blood volume. The PPG typically uses a series of pulse and peak detections to measure oxygen
saturation and heart rate. Cardiovascular disease with a focus on arterial disease is one of the few tar-
gets for photoplethysmography. The research was conducted on super-intending ML and deep learning
classification methods by combining RF, CNN, and LSTM. This research aims to forecast whether the
subject will develop cardiovascular disease or not.

4.1 The Evaluation Process Used

There are five components in the evaluation process: the confusion matrix, precision rate, precision,
recall, sensitivity, and F1 score. The confusion matrix is a table. With both true and predicted values,
these can be canalized into the true positive and the true negative. The evaluation process is composed
of four models: the first one is a True Positive (TP), where the values are recognized as true. The second
model is False Positive (FP), which is identified as being true despite being false. In the third case, the
value is true, but a False Negative (FN). The fourth model is defined as the True Negative (TN). Then
the value is negative and is recognized as such.

231

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

Figure 6. ROC curve and Confusion matrix of RF, CNN, LSTM
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4.2 ROC Curve

Receiving Operating Characteristics (ROC) curves are used in machine learning to assess models, in
particular when data is skewed, by visualizing their performance. The ROC curve is a graph that repre-
sents how well a classification algorithm performs at all classification thresholds. A ROC curve plots
the following two variables:

i.  Rate of true positives
ii.  Rate of false positives

The True Positive Rate (TPR), is known as the probability of the observations that are predicted to
be positive and are positive, given in eqn.2.

P

R=—— )
TP+ FN
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In contrast, the False-Positive Rate (FPR) is the probability of the perception that its prognosis is
positive but ends up being negative. The False Positive Rate (FPR) is described as in eqn.3.

FP

R=——r 3)
FP+TN

Consider heart data, which has 13 features: age, gender, smoking status, blood glucose level, height,
weight, blood pressure, and cholesterol. The goal is to determine whether a particular individual has
cardiovascular disease based on the above features. An example of this kind of problem is a binary clas-
sification problem. Alternatively, it could be dividing the population into two categories. For example,
suppose there are 100 samples (each sample corresponds to one patient’s information) out of which 90
samples are positive (they have heart disease). Therefore, the classification is correct because all 100
samples (100 patients) have heart disease. The accuracy of 90% was achieved without ever building the
model. The dataset appears to be skewed, which means there are a greater number of positive samples
(patients with cardiovascular disease) than negative samples (patients who do not have cardiovascular
disease). Therefore, it is not advisable to decide on the best model by focusing solely on accuracy. This
does notrepresent the data completely. Sometimes may get high accuracy, but the model will probably not
perform so well on real-world samples. Therefore, ROC becomes more important as an evaluation metric.

Visual interpretation of data is easier with a simple graphical approach by using this ROC curve. It
computes accuracy as a composite measure of the whole range of the test without taking prevalence into
account, simplifying sampling. The threshold can be determined using any cut-off value. It is possible
to calculate useful summary measures (e.g., the area under the curve). It is possible to compare two or
more curves (e.g., comparing a new test with a previous one). Instead of predicting classes directly, it
can be more flexible to predict the probability of an observation belonging to each class. A key reason
for the flexibility is that probabilities can be interpreted differently based on different thresholds, which
allows the operator of the model to balance concerns regarding the representation of false positive and
false negative constructed by the model. Logistic regression is an analytical technique that is recognized
by the approximate regression model when the response variable is binary. To estimate how well the
logistic regression model, inserted into the database, can look at two metrics as given in eqn.4 and Eqn. 5.

Precision is followed by specificity, which is a ratio. True Negative cases group as negative: there-
fore, it measures how adequately the classifier recognizes negative cases, also called a True Negative.

TP+ FN
Accuracy = 4)
TP+ FP+TN+ FN

Specificity: The chances that a model will predict a negative result for observation if the result is
negative. To check the performance of the model, accuracy is applied. This variable is defined as the
sum of True Positives and True Negatives divided by the sum of True Positives, True Negatives, False
Positives, and False Negatives as given by Eqn 5.

Specificity = % x100 (5)
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Sensitivity: The probability that the model will predict a positive result for observation if the result
is positive as given in Eqn. 6.

e TP
Sensitivity = ———— X100 (6)
TP+ FN

There is sensitivity to what proportions are in reality. A positive case was predicted to be positive
(or TP). The term “sensitivity” refers to recall as well. Further, a healthy person was predicted to have a
harmful diet. A comparison of the results obtained by various researchers in terms of their CVD predic-
tive performance is shown in table 3.

Table 3. Performance metrics of CVD prediction by various approaches

Author Techniques Accuracy

Naive Bayes 90.59%

Wajid Shah et al. Decision Tree 82.31%
K-Nearest Neighbor 45.67%

. Support Vector Machine 84.0%

Baban Uttamrao Rindhe et al., Random Forest 30.0%
. Radial Basis Function 98.0%
Tbrahim Abdel Motaleb et al., Back Propagation Network 90.8%
Naive Bayes 88.15%

CNN 90.78%

Devansh Shah et al, Decision Tree 80.26%
RF 86.84%

Naive Bayes 83.0%

Classification Tree 77.0%

Kumar Dwivedi Logistic Regression 85.0%
Artificial Neural Network 84.0%

SVM 82.0%
LSTM 98.82%
The proposed model CNN 95.78%
Random Forest 84.76%

4.3 Correlation Heat Map

A correlation plot is a plot of the covariance matrix or another metric that determines the strength of
a linear federation. This matrix represents the magnitude and direction of the continuous relationship
between the two parameters, with permit values ranging from -1 to 1. The covariance matrix functions
provide information about the correlations between coefficients. This can be used to examine whether
particular random variables have a relationship with one another. This is a great way to visualize cor-
relation matrices as heat maps to pick out the correlations between features. The relationship between
gender, age, smoking status, cholesterol, hypotension, hypertension, body mass index, pulse rate, and
blood dextrose levels are expressed as a graph as shown in figure 7.
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Figure 7. Correlation heat map
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The linear relationship of a continuous variable is defined using dataset correlation. A correlation
matrix is a square with equal variables in its rows and columns. The line at 1.00, running from top left to
bottom right, is the main diagonal, showing that each variable is always perfectly correlated with itself.
This matrix is symmetrical, mirroring the matrix below the main diagonal in the same proportions shown
above in the heat map. There are three main types of input data for building heat maps: wide format,
correlation matrix, and long format. The following steps show how to generate a correlation heat-map:

First import all the modules.

Second, import a file that stores the data.
The third plot of the heat map.

Fourth plot with matplotlib.

The heat map contains values representing different shades of the same color for each displayed value.
In general, darker shades of a chart represent higher values than lighter shades. Before determining the
correlation, we need to calculate the covariance of the two variables under consideration. The correlation
coefficient is resolved by using the formula.

_ Cov(X,Y)

O 4Oy

Correlation = p

(7

Correlation between two random variables or two-dimensional data does not necessarily imply causation.
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Figure 8. Performance metrics of proposed work
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5 CONCLUSION

We can construct intelligent technology that can anticipate disease using susceptibility, reducing money
and time for health checkups and tests. It is possible for patients to independently monitor their health
and take precautions and remedies in the early stages of the disease. Various ML and DL approaches can
be used by apps to accurately acquire and respond to user behaviors based on previous confessions. The
development of a tool for predicting CVD successfully and splendidly requires an increasing number of
deaths. However, the application’s success depends on the precision of the classification program. The
purpose of combining multiple algorithms is to improve performance. Unable to identify CVD at that
very early stage will have a very slim probability of being cured. Hence, the proposed technique can
produce the best possible predictions with high accuracy. The ultimate goal of our research is to enable
proper and straightforward communication between medical professionals and patients without the need
to visit a medication center and to make a healthcare app to prevent CVD to avoid future discomfort.
Users can transmit the examined outcomes as images and upload them into real-time systems using DL.
It can also use this method to predict lung diseases in the future.

REFERENCES

Abdel-Motaleb, 1., & Akula, R. (2012, May). Artificial intelligence algorithm for heart disease diag-
nosis using phonocardiogram signals. In 2012 IEEE International Conference on Electro/Information
Technology. IEEE.

236

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

AbuKhousa, E., & Campbell, P. (2012, March). Predictive data mining to support clinical decisions:
An overview of heart disease prediction systems. In 2012 International Conference on Innovations in
Information Technology (IIT) (pp. 267-272). IEEE.

Afilalo, J., Karunananthan, S., Eisenberg, M. J., Alexander, K. P., & Bergman, H. (2009). Role of frailty
in patients with cardiovascular disease. The American Journal of Cardiology, 103(11), 1616-1621.
doi:10.1016/j.amjcard.2009.01.375 PMID: 19463525

Alaa, A. M., Bolton, T., Di Angelantonio, E., Rudd, J. H., & Van der Schaar, M. (2019). Cardiovascular
disease risk prediction using automated machine learning: A prospective study of 423,604 UK Biobank
participants. PLoS One, 14(5), €0213653.

Ali, F., El-Sappagh, S., Islam, S. R., Kwak, D., Ali, A., Imran, M., & Kwak, K. S. (2020). A smart
healthcare monitoring system for heart disease prediction based on ensemble deep learning and feature
fusion. Information Fusion, 63, 208-222. doi:10.1016/].inffus.2020.06.008

Amin, S. U., Agarwal, K., & Beg, R. (2013, April). Genetic neural network based data mining in pre-
diction of heart disease using risk factors. In 2013 IEEE conference on information & communication
technologies. IEEE.

Anderson, K. M., Odell, P. M., Wilson, P. W., & Kannel, W. B. (1991). Cardiovascular disease risk pro-
files. American Heart Journal, 121(1), 293-298. doi:10.1016/0002-8703(91)90861-B PMID:1985385

Bharti, R., Khamparia, A., Shabaz, M., Dhiman, G., Pande, S., & Singh, P. (2021). Prediction of heart
disease using a combination of machine learning and deep learning. Computational Intelligence and
Neuroscience.

Bindhika, Meghana, Reddy, & Rajalakshmi. (2020). Heart disease prediction using machine learning
techniques. International Research Journal of Engineering and Technology.

Ebrahim, S., Papacosta, O., Whincup, P., Wannamethee, G., Walker, M., Nicolaides, A. N., & Lowe, G. D.
(1999). Carotid plaque, intima media thickness, cardiovascular risk factors, and prevalent cardiovascular
disease in men and women: The British Regional Heart Study. Stroke, 30(4), 841-850. doi:10.1161/01.
STR.30.4.841 PMID:10187889

Faizal, A. S. M., Thevarajah, T. M., Khor, S. M., & Chang, S. W. (2021). A review of risk prediction
models in cardiovascular disease: Conventional approach vs. artificial intelligent approach. Computer
Methods and Programs in Biomedicine, 207,106190.doi:10.1016/j.cmpb.2021.106190 PMID:34077865

Fu, Z.,Hong, S., Zhang, R., & Du, S. (2021). Artificial-Intelligence-Enhanced Mobile System for Car-
diovascular Health Management. Sensors (Basel), 21(3), 773.

Kotsiantis, S. B., Zaharakis, 1., & Pintelas, P. (2007). Supervised machine learning: A review of classifi-
cation techniques. Emerging Artificial Intelligence Applications in Computer Engineering, 160(1), 3-24.

Kotu, V., & Deshpande, B. (2014). Predictive analytics and data mining: concepts and practice with
rapidminer. Morgan Kaufmann.

Krittanawong, Virk, & Tang. (2020). Machine Learning prediction in cardiovascular diseases: A meta-
analysis. Scientific Reports, 232-248.

237

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

Krittanawong, C., Zhang, H., Wang, Z., Aydar, M., & Kitai, T. (2017). Artificial intelligence in precision
cardiovascular medicine. Journal of the American College of Cardiology, 69(21), 2657-2664.

Larroza, A., Materka, A., Loépez-Lereu, M. P., Monmeneu, J. V., Bodi, V., & Moratal, D. (2017). Dif-
ferentiation between acute and chronic myocardial infarction using texture analysis of late gadolinium
enhancement and cine cardiac magnetic resonance imaging. European Journal of Radiology, 92, 78-83.

Masip, Gaya, Paez, Betbese, Villa, Manresa, & Ruiz. (2012). Pulse oximetry in the diagnosis of acute
heart failure. The Original Article, 280-295.

Mendis, S., Puska, P., Norrving, B. E., & World Health Organization. (2011). Global atlas on cardio-
vascular disease prevention and control. World Health Organization.

Mohammed, A. A., Basa, R., Kuchuru, A. K., Nandigama, S. P., & Gangolla, M. (2020). Random For-
est Machine Learning technique to predict Heart disease. European Journal of Molecular & Clinical
Medicine, 7(4), 2020.

Mohan, S., Thirumalai, C., & Srivastava, G. (2019). Effective heart disease prediction using hybrid
machine learning techniques. IEEE Access: Practical Innovations, Open Solutions, 7, 81542—-81554.
doi:10.1109/ACCESS.2019.2923707

Mozaffarian, D., Benjamin, E. J., Go, A. S., Arnett, D. K., Blaha, M. J., Cushman, M., & Turner, M. B.
(2016). Heart disease and stroke statistics—2016 update: a report from the American Heart Association.
Circulation, 133(4), e38-e360.

Nasrabadi, A., & Haddadnia, J. (2016). Predicting heart attacks in patients using artificial intelligence
methods. Modern Ap Sc., 10(3).

Patel, Upadhyay, & Patel. (2016). Heart disease prediction using machine learning and data mining
technique. International Journal of Computer Science and Communications, 3721-3730.

Ponikowski, P., Anker, S. D., AlHabib, K. F., Cowie, M. R., Force, T. L., Hu, S., Jaarsma, T., Krum,
H., Rastogi, V., Rohde, L. E., Samal, U. C., Shimokawa, H., Budi Siswanto, B., Sliwa, K., & Filippa-
tos, G. (2014). Heart failure: Preventing disease and death worldwide. ESC Heart Failure, 1(1), 4-25.
doi:10.1002/ehf2.12005 PMID:28834669

Rajdhani, Agarwal, Sai, & Ravi, & Ghuli. (2020, May). Heart Disease Prediction using Machine Learn-
ing. International Journal of Engineering Research & Technology (Ahmedabad).

Romiti, S., Vinciguerra, M., Saade, W., Anso Cortajarena, 1., & Greco, E. (2020). Artificial intelligence
(AD) and cardiovascular diseases: An unexpected alliance. Cardiology Research and Practice.

Sardar, P., Abbott, J. D., Kundu, A., Aronow, H. D., Granada, J. F., & Giri, J. (2019). Impact of artificial
intelligence on interventional cardiology: From decision-making aid to advanced interventional procedure
assistance. JACC: Cardiovascular Interventions, 12(14), 1293-1303. doi:10.1016/j.jcin.2019.04.048
PMID:31320024

Shah, Patel, & Bharti. (2020). Heart Disease Prediction using Machine Learning Techniques. Elsevier.

238

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence

Shah, W., Aleem, M., Igbal, M. A., Islam, M. A., Ahmed, U., Srivastava, G., & Lin, J. C. W. (2021). A
Machine-Learning-Based System for Prediction of Cardiovascular and Chronic Respiratory Diseases.
Journal of Healthcare Engineering.

Sharma, P., Choudhary, K., Gupta, K., Chawla, R., Gupta, D., & Sharma, A. (2020). Artificial plant
optimization algorithm to detect heart rate & presence of heart disease using machine learning. Artificial
Intelligence in Medicine, 102, 101752. doi:10.1016/j.artmed.2019.101752 PMID:31980091

Suykens, J. A., Vandewalle, J. P., & de Moor, B. L. (1995). Artificial neural networks for modelling and
control of non-linear systems. Springer Science & Business Media.

Swathy, M., & Saruladha, K. (2022). A comparative study of classification and prediction of Cardio-
Vascular Diseases (CVD) using Machine Learning and Deep Learning techniques. ICT Express, 8(1),
109-116. doi:10.1016/j.icte.2021.08.021

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... Polosukhin, I. (2017).
Attention is all you need. Advances in Neural Information Processing Systems, 30.

World Health Organization. (2007). Prevention of cardiovascular disease: guidelines for assessment
and management of total cardiovascular risk. World Health Organization.

Zaibunnisa, Momin, Gawandar, & Nikam. (2021). Heart Disease Prediction using Artificial Intelligence.
International Journal of Engineering Research & Technology (Ahmedabad), 61-64.

239

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

240

Compilation of References

Abbirame, Sarveshwaran, Charumathi, Gunapriya, & Ilakkiya. (2018). Wireless Heart Attack Detection and Tracking
via GPS & GSM. International Journal of Latest Technology in Engineering, Management & Applied Science, 7(3).

Abdel-Basset, Gamal, Manogaran, Son, & Long. (2019). A novel group decision-making model based on neutrosophic
sets for heart disease diagnosis. Multimedia Tools Appl., 2. Doi:10.1007/s11042-019-07742-7

Abdel-Motaleb, 1., & Akula, R. (2012, May). Artificial intelligence algorithm for heart disease diagnosis using phono-
cardiogram signals. In 2012 IEEE International Conference on Electro/Information Technology. IEEE.

Abdi, S., Kitsara, 1., Hawley, M.S., & de Witte, L.P. (2021). Emerging technologies and their potential for generating
new assistive technologies. Assistive Technology, 33(supl), 17-26.

AbuKhousa, E., & Campbell, P. (2012, March). Predictive data mining to support clinical decisions: An overview of
heart disease prediction systems. In 2012 International Conference on Innovations in Information Technology (IIT) (pp.
267-272). IEEE.

Afilalo, J., Karunananthan, S., Eisenberg, M. J., Alexander, K. P., & Bergman, H. (2009). Role of frailty in patients with
cardiovascular disease. The American Journal of Cardiology, 103(11), 1616—1621. doi:10.1016/j.amjcard.2009.01.375
PMID: 19463525

Agarwal, R., Gao, G., DesRoches, C., & Jha, A. K. (2010). Research commentary—The digital transformation of health-
care: Current status and the road ahead. Information Systems Research, 21(4), 796-809.

Al Azwari, S. (2021, March). Predicting Myocardial Rupture after Acute Myocardial Infarction in Hospitalized Patients
using Machine Learning.In 2021 National Computing Colleges Conference (NCCC) (pp. 1-6). IEEE.

Alaa, A. M., Bolton, T., Di Angelantonio, E., Rudd, J. H., & Van der Schaar, M. (2019). Cardiovascular disease risk
prediction using automated machine learning: A prospective study of 423,604 UK Biobank participants. PLoS One,
14(5), e0213653.

Albahri, A. S., Zaidan, A. A., Albahri, O. S., Zaidan, B. B., Alamoodi, A. H., Shareef, A. H., Alwan, J. K., Hamid, R. A.,
Aljbory, M. T., Jasim, A. N., Bager, M. J., & Mohammed, K. I. (2021). Development of IoT-based mhealth framework
for various cases of heart disease patients. Health and Technology, 11(5), 1013—-1033. doi:10.100712553-021-00579-x

Ali, Rahman, Khan, Zhou, Javeed, & Khan. (2019). An automated diagnostic system for heart disease prediction based
on _2 statistical model and optimally configured deep neural network. IEEE Access, 7, 34938-34945. Doi:10.1109/
ACCESS.2019.2904800

Ali, S., & Ghazal, M. (2017). Real-time Heart Attack Mobile Detection Service (RHAMDS): An IoT use case for Soft-
ware Defined Networks. 2017 IEEE 30th Canadian Conference on Electrical and Computer Engineering (CCECE),
1-6. doi: 10.1109/CCECE.2017.7946780

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Ali, F., El-Sappagh, S., Islam, S. M. R., Kwak, D., Ali, A, Imran, M., & Kwak, K. S. (2020). A Smart Healthcare
Monitoring System for Heart Disease Prediction Based on Ensemble Deep Learning and Feature Fusion. Information
Fusion, 63, 208-222. doi:10.1016/].inffus.2020.06.008

Ali, F., El-Sappagh, S., Islam, S. R., Ali, A., Attique, M., Imran, M., & Kwak, K. S. (2021). An intelligent healthcare
monitoring framework using wearable sensors and social networking data. Future Generation Computer Systems, 114,
23-43. doi:10.1016/j.future.2020.07.047

Al-Makhadmeh, Z., & Tolba, A. (2019). Utilizing IoT wearable medical device for heart disease prediction using higher
order Boltzmann model: A classification approach. Measurement, 147,106815. doi:10.1016/j.measurement.2019.07.043

Alotaibi, F. S. (2019). Implementation of Machine Learning Model to Predict Heart Failure Disease. International Journal
of Advanced Computer Science and Applications, 10(6), 261-268. doi:10.14569/1JACSA.2019.0100637

Amin, S. U., Agarwal, K., & Beg, R. (2013, April). Genetic neural network based data mining in prediction of heart
disease using risk factors. In 2013 IEEE conference on information & communication technologies. IEEE.

Anaya, D. V., Zhan, K., Tao, L., Lee, C., Yuce, M. R., & Alan, T. (2021). Contactless tracking of humans using non-
contact triboelectric sensing technology: Enabling new assistive applications for the elderly and the visually impaired.
Nano Energy, 90, 106486.

Andersen, L. W., Holmberg, M. J., Berg, K. M., Donnino, M. W., & Granfeldt, A. (2019). In-hospital cardiac arrest: A
review. Journal of the American Medical Association, 321(12),1200-1210. doi: 10.1001/jama.2019.1696 PMID:30912843

Anderson, K. M., Odell, P. M., Wilson, P. W., & Kannel, W. B. (1991). Cardiovascular disease risk profiles. American
Heart Journal, 121(1), 293-298. doi:10.1016/0002-8703(91)90861-B PMID: 1985385

Arts, K., van der Wal, R., & Adams, W. M. (2015). Digital technology and the conservation of nature. Ambio, 44(4),
661-673.

Arulananth, T. S., & Shilpa, B. (2017). Fingertip based heart beat monitoring system using embedded systems. 2017
International conference of Electronics, Communication and Aerospace Technology (ICECA), 227-230. doi: 10.1109/
ICECA.2017.8212802

Ashraf, Rizvi, & Sharma. (2019). Improved Heart Disease Prediction Using Deep Neural Network. Asian Journal of
Computer Science and Technology, 8(2), 49-54. www.trp.org.in

Aune, D., Schlesinger, S., Norat, T., & Riboli, E. (2018). Tobacco smoking and the risk of sudden cardiac death:
A systematic review and meta-analysis of prospective studies. European Journal of Epidemiology, 33(6), 509-521.
doi:10.100710654-017-0351-y PMID:29417317

Awotunde, J. B., Folorunso, S. O., Bhoi, A. K., Adebayo, P. O., & Ijaz, M. F. (2021). Disease diagnosis system for IoT-
based wearable body sensors with a machine learning algorithm. In Hybrid Artificial Intelligence and IoT in Healthcare
(pp. 201-222). Springer. doi:10.1007/978-981-16-2972-3_10

Aziz, S., Ahmed, S., & Alouini, M.S. (2021). ECG-based machine-learning algorithms for heartbeat classification.
Academic Press.

Benis, A., Tamburis, O., Chronaki, C., & Moen, A. (2021). One Digital Health: A unified framework for future health
ecosystems. Journal of Medical Internet Research, 23(2), €221809.

Bharti, R., Khamparia, A., Shabaz, M., Dhiman, G., Pande, S., & Singh, P. (2021). Prediction of heart disease using a
combination of machine learning and deep learning. Computational Intelligence and Neuroscience.

241

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use


http://www.trp.org.in

EBSCChost -

Compilation of References

Bhaya, W. S. (2017). Review of Data Preprocessing Techniques in Data Mining. Journal of Engineering and Applied
Sciences (Asian Research Publishing Network), 12, 4102—4107.

Bindhika, Meghana, Reddy, & Rajalakshmi. (2020). Heart disease prediction using machine learning techniques. Inter-
national Research Journal of Engineering and Technology.

Blom, M. T., Oving, L., Berdowski, J., Van Valkengoed, I. G., Bardai, A., & Tan, H. L. (2019). Women have lower chances
than men to be resuscitated and survive out-of-hospital cardiac arrest. European Heart Journal, 40(47), 3824-3834.
doi:10.1093/eurheartj/ehz297 PMID:31112998

Bohr & Memarzadeh. (2020). Artificial Intelligence in Healthcare. Academic Press.

Brownlee, J. (2020a). Imbalanced Classification with Python_ Better Metrics, Balance Skewed Classes, Cost-Sensitive
Learning. Machine Learning Mastery.

Brownlee, J. (2020b). Deep Learning for Time Series Forecasting Predict the Future with MLPs, CNNs, and LSTMs in
Python. Machine Learning Mastery.

Brownlee, J. (2020c). Data Preparation for Machine Learning - Data Cleaning, Feature Selection, and Data. Machine
Learning Mastery.

Burger, A. L., Stojkovic, S., Diedrich, A., Demyanets, S., Wojta, J., & Pezawas, T. (2020). Elevated plasma levels of
asymmetric dimethylarginine and the risk for arrhythmic death in ischemic and non-ischemic, dilated cardiomyopathy -
A prospective, controlled long-term study. Clinical Biochemistry, 2020, 37-42. doi:10.1016/j.clinbiochem.2020.05.016
PMID:32504703

Burger, A. L., Stojkovic, S., Diedrich, A., Wojta, J., Demyanets, S., & Pezawas, T. (2021). Cardiac biomarkers for risk
stratification of arrhythmic death in patients with heart failure and reduced ejection fraction. British Journal of Biomedi-
cal Science, 78(4), 1-6. doi:10.1080/09674845.2021.1883257 PMID:33502288

Burne, B., Knafelc, V., Melonis, M., & Heyn, P. C. (2011). The use and application of assistive technology to promote
literacy in early childhood: A systematic review. Disability and Rehabilitation. Assistive Technology, 6(3), 207-213.

Cavanaugh, T. (2002). The need for assistive technology in educational technology. AACE Review, 10(1), 27-31.

Celin, S., & Vasanth, K. (2018, October 18). ECG Signal Classification Using Various Machine Learning Techniques.
Journal of Medical Systems, 42(12), 241. doi:10.100710916-018-1083-6

Chai, Y., Shou, S., & Gui, Y. (2021). Prevention of sudden cardiac death. In Sudden Death (pp. 157-172). Springer.

Chanda, Ghosh, Dey, Bose, & Roy. (2022). Smart Self-Immolation Prediction Techniques: An Analytical Study for
Predicting Suicidal Tendencies Using Machine Learning Algorithms. EAI/Springer Innovations in Communication and
Computing, 69-91. . doi:10.1007/978-3-030-71485-7_4

Chen, N., Callaway, C. W., Guyette, F. X., Rittenberger, J. C., Doshi, A. A., Dezfulian, C., & Elmer, J. (2018). Arrest etiol-
ogy among patients resuscitated from cardiac arrest. Resuscitation, 130, 33-40. doi:10.1016/j.resuscitation.2018.06.024
PMID:29940296

Chugh, S. S., Reinier, K., Uy-Evanado, A., Chugh, H. S., Elashoff, D., Young, C., Salvucci, A., & Jui, J. (2022). Predic-
tion of sudden cardiac death manifesting with documented ventricular fibrillation or pulseless ventricular tachycardia.
Clinical Electrophysiology, 8(4), 411-423. doi:10.1016/j.jacep.2022.02.004 PMID:35450595

242

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost

Compilation of References

Cincotti, F., Aloise, F., Bufalari, S., Schalk, G., Oriolo, G., Cherubini, A., Davide, F., Babiloni, F., Marciani, M. G.,
& Mattia, D. (2007, August). Non-invasive brain-computer interface system to operate assistive devices. In 2007 29th
Annual International Conference of the IEEE Engineering in Medicine and Biology Society (pp. 2532-2535). IEEE.

Cincotti, F., Mattia, D., Aloise, F., Bufalari, S., Schalk, G., Oriolo, G., Cherubini, A., Marciani, M. G., & Babiloni, F.
(2008). Non-invasive brain—computer interface system: Towards its application as assistive technology. Brain Research
Bulletin, 75(6), 796-803.

Clarke, R. (2013). Smart Cities and the Internet of Everything: The Foundation for Delivering Next-Generation Citizen
Services. Cisco.

Clifford, G. D. (2006). ECG Statistics, Noise, Artifacts, and Missing Data. https://physionet.org/content/mitdb/1.0.0/

Corrado, D., Zorzi, A., Vanoli, E., & Gronda, E. (2020). Current challenges in sudden cardiac death prevention. Heart
Failure Reviews, 25(1), 99-106. doi:10.100710741-019-09830-0 PMID:31346843

Dagioglou, M., Konstantopoulos, S., Dogruéz, A. S., & Kirstein, F. (2014, November). Human-robot interaction strategies
for unobtrusively acquiring health-related data. In 2014 4th International Conference on Wireless Mobile Communication
and Healthcare-Transforming Healthcare Through Innovations in Mobile and Wireless Technologies (MOBIHEALTH)
(pp. 385-388). IEEE.

Di Napoli, C., & Rossi, S. 2019, October. A layered architecture for socially assistive robotics as a service. In 2019 IEEE
international conference on systems, man and cybernetics (SMC) (pp. 352-357). IEEE.

Djamaa, B., & Witty, R. (2013). An efficient service discovery protocol for 6LoWPANS. In Proceedings of Science and
Information Conference. SAIL.

Dratsiou, 1., Varella, A., Romanopoulou, E., Villacaias, O., Cooper, S., Isaris, P., Serras, M., Unzueta, L., Silva, T.,
Zurkuhlen, A., & MacLachlan, M. (2022). Assistive Technologies for Supporting the Wellbeing of Older Adults. Tech-
nologies, 10(1), 8.

Duan, K., Keerthi, S., & Poo, A. (2001). Evaluation of Simple Performance Measures for Tuning SVM Hyper Parameters.
Technical Report. Neurocomputing, 51, 41-59. doi:10.1016/S0925-2312(02)00601-X

Dutta, Banerjee, Bose, Auddy, Rana, & Bhattacharyya. (2017). Heart tracer — The route to your heart. 2017 8th An-
nual Industrial Automation and Electromechanical Engineering Conference (IEMECON), 28-32. doi: 10.1109/IEM-
ECON.2017.8079555

Ebrahim, S., Papacosta, O., Whincup, P., Wannamethee, G., Walker, M., Nicolaides, A. N., & Lowe, G. D. (1999). Carotid
plaque, intima media thickness, cardiovascular risk factors, and prevalent cardiovascular disease in men and women: The
British Regional Heart Study. Stroke, 30(4), 841-850. doi:10.1161/01.STR.30.4.841 PMID:10187889

Edelson, D. P, Sasson, C., Chan, P. S., Atkins, D. L., Aziz, K., Becker, L. B., ... Topjian, A. A. (2020). Interim guidance
for basic and advanced life support in adults, children, and neonates with suspected or confirmed COVID-19: From
the emergency cardiovascular care committee and get with the guidelines-resuscitation adult and pediatric task forces
of the American Heart Association. Circulation, 141(25), €933—€943. doi:10.1161/CIRCULATIONAHA.120.047463
PMID:32270695

El Zouka & Hosni. (2019). Secure IoT communications for smart healthcare monitoring system. Internet Things.
Doi:10.1016/j.10t.2019.01.003

Elgendi, M. (2016). TERMA Framework for Biomedical Signal Analysis: An Economic-Inspired Approach. Biosensors
(Basel), 6(4), 55. doi:10.3390/bios6040055 PMID:27827852

243

- printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.coniterns-of-use


https://physionet.org/content/mitdb/1.0.0/

EBSCChost -

Compilation of References

Elgendi, M., Meo, M., & Abbott, D. (2016). A Proof-of-Concept Study: Simple and Effective Detection of P and T
Waves in Arrhythmic ECG Signals. Bioengineering (Basel, Switzerland), 3(4), 26. doi:10.3390/bioengineering3040026
PMID:28952588

Elola, A., Aramendi, E., Irusta, U., Del Ser, J., Alonso, E., & Daya, M. (2019, February). ECG-based pulse detection
during cardiac arrest using random forest classifier. Medical & Biological Engineering & Computing, 57(2), 453—-462.
doi:10.100711517-018-1892-2

Empana, J. P, Lerner, 1., Valentin, E., Folke, F., Bottiger, B., Gislason, G., Jonsson, M., Ringh, M., Beganton, F.,
Bougouin, W., Marijon, E., Blom, M., Tan, H., & Jouven, X.ESCAPE-NET Investigators. (2022). Incidence of sudden
cardiac death in the European Union. Journal of the American College of Cardiology, 79(18), 1818-1827. doi:10.1016/j.
jacc.2022.02.041 PMID:35512862

Evans. (n.d.). The Internet of Things How the Next Evolution of the Internet Is Changing Everything. Cisco IBSG.

Faizal, A. S. M., Thevarajah, T. M., Khor, S. M., & Chang, S. W. (2021). A review of risk prediction models in cardiovas-
cular disease: Conventional approach vs. artificial intelligent system. Computer Methods and Programs in Biomedicine,
207, 106190. doi:10.1016/j.cmpb.2021.106190 PMID:34077865

Fandango, A. (2018). Mastering TensorFlow 1. x_ Advanced machine learning and deep learning concepts using Ten-
sorFlow 1. x and Keras. Packet Publishing.

Fitriyani, N.L., Syafrudin, M., Alfian, G., & Rhee, J. (2022). HDPM: An Effective Cardiac arrest Prediction Model for
a Clinical Decision Support System. IEEE Access, 8, 133034—133050.

Foster, M. (2018). A mobile application for patients with heart failure: Theory-and evidence-based design and testing.
CIN: Computers, Informatics. Nursing, 36(11), 540-549.

fiir Bevolkerungsforschung. (2008). Bevolkerung. Daten, Fakten, Trends zum demographischen Wandel in Deutschland.
Author.

Fu,Z.,Hong, S., Zhang, R., & Du, S. (2021). Artificial-Intelligence-Enhanced Mobile System for Cardiovascular Health
Management. Sensors (Basel), 21(3), 773.

Ganesan, M., & Sivakumar, N. (2019, March). IoT based heart disease prediction and diagnosis model for healthcare
using machine learning models. In 2019 IEEE International Conference on System, Computation, Automation and
Networking (ICSCAN) (pp. 1-5). IEEE.

Gelogo, Y. E., Hwang, H. J., & Kim, H.-K. (2015). Internet of Things (IoT') Framework for u-healthcare System. Inter-
national Journal of Smart Home, 9(11), 323-330. doi:10.14257/ijsh.2015.9.11.31

Ghosh & Saha. (2020). Interactive Game-Based Motor Rehabilitation Using Hybrid Sensor Architecture. .doi:10.4018/978-
1-5225-9643-1.ch015

Ghosh, A., Saha, S., & Konar, A. (2020). Fuzzy Posture Matching for Pain Recovery Using Yoga. Advances in Intelligent
Systems and Computing, 999(January), 957-967. doi:10.1007/978-981-13-9042-5_82

Glorikian & Arnot. (2021). The Future You: How Artificial Intelligence Can Help You Get Healthier, Stress Less, and
Live Longer. Brick Tower Press.

Graimann, B., Allison, B., Mandel, C., Liith, T., Valbuena, D., & Griser, A. (2008). Non-invasive brain-computer inter-
faces for semi-autonomous assistive devices. In Robust intelligent systems (pp. 113—138). Springer.

244

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



Compilation of References

Grisner, J. T., Herlitz, J., Tjelmeland, I. B., Wnent, J., Masterson, S., Lilja, G., Bein, B., Bottiger, B. W., Rosell-Ortiz,
F., Nolan, J. P, Bossaert, L., & Perkins, G. D. (2021). European Resuscitation Council Guidelines 2021: Epidemiology
of cardiac arrest in Europe. Resuscitation, 161, 61-79. doi:10.1016/j.resuscitation.2021.02.007 PMID:33773833

Gupta, Maharaj, & Malekian. (2017). A novel and secure IoT based cloud-centric architecture to perform predictive
analysis of users activities in sustainable health centers. Multimedia Tools Appl., 76(18), 18489-18512. Doi:10.1007/
$11042-016-4050-6

Gurjar & Sarnaik. (2018). Heart Attack Detection By Heartbeat Sensing using Internet Of Things: IoT. International
Journal of Modern Trends in Engineering & Research, 5(4),212-216. https://doi.org/ doi:10.21884/IIMTER.2018.5124.
XUTYA

Hachaj, T., Ogiela, M. R., & Koptyra, K. (2015). Application of assistive computer vision methods to Oyama karate
techniques recognition. Symmetry, 7(4), 1670-1698.

Hammad, M., Maher, A., Wang, K., Jiang, F., & Amrani, M. (2018). Detection of abnormal heart conditions based on
characteristics of ECG signals. Measurement, 125, 634—-644.

Hagq, Li, Memon, Nazir, & Sun. (2018). A hybrid intelligent system framework for the prediction of heart disease using
machine learning algorithms. Mobile Inf. Syst.

Harhash, A. A., May, T. L., Hsu, C. H., Agarwal, S., Seder, D. B., Mooney, M. R., Patel, N., McPherson, J., McMullan,
P, Riker, R., Soreide, E., Hirsch, K. G., Stammet, P., Dupont, A., Rubertsson, S., Friberg, H., Nielsen, N., Rab, T., &
Kern, K. B. (2021). Risk stratification among survivors of cardiac arrest considered for coronary angiography. Journal
of the American College of Cardiology, 77(4), 360-371. doi:10.1016/j.jacc.2020.11.043 PMID:33509392

Harmon, K. G. (2022). Incidence and Causes of Sudden Cardiac Death in Athletes. Clinics in Sports Medicine, 41(3),
369-388. doi:10.1016/j.csm.2022.02.002 PMID:35710267

Hauskrecht, M., Batal, I., Valko, M., Visweswaran, S., Cooper, G. F., & Clermont, G. (2013). Outlier detection for patient
monitoring and alerting. Journal of Biomedical Informatics, 46(1), 47-55.

Haux, R. (2010). Medical informatics: Past, present, future. International Journal of Medical Informatics, 79(9),599—-610.
Hinton & Salakhutdinov. (2006). Reducing the dimensionality of data with neural networks. Science, 313(5786), 504-507.

Holkeri, A., Eranti, A., Haukilahti, M. A. E., Kerola, T., Kenttd, T. V., Tikkanen, J. T., ... Aro, A. L. (2020). Predicting
sudden cardiac death in a general population using an electrocardiographic risk score. Heart (British Cardiac Society),
106(6), 427-433.

Holley & Becker. (2021). Al-First Healthcare: Al Applications in the Business and Clinical Management of Health.
O’Reilly.

IEEE Standards Association (IEEE-SA). (2015). Internet of Things (IoT) Ecosystem Study. IEEE.

IEEE Standards Association. (n.d.). P2413 - Standard for an Architectural Framework for the Internet of Things (10T).
https://standards.ieee.org/develop/project/2413.html

IETF. (1998). Internet Protocol Version 6 (IPv6) Specification, Network Working Group. The Internet Society.

Thnaini, B., Khan, M. A., Khan, T. A., Abbas, S., Daoud, M. S., Ahmad, M., & Khan, M. A. (2021). A smart healthcare
recommendation system for multidisciplinary diabetes patients with data fusion based on deep ensemble learning. Com-
putational Intelligence and Neuroscience.

245

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use


https://standards.ieee.org/develop/project/2413.html

EBSCChost -

Compilation of References

Internet Engineering Task Force (IETF). (2012). The Constrained Application Protocol (CoAP). https://tools.ietf.org/
html/rfc7252

Internet Engineering Task Force (IETF). (n.d.). The Constrained Application Protocol (CoAP). https://tools.ietf.org/
html/rfc7252

Igbal, T., & Ali, H. (2018). Generative adversarial network for medical images (MI-GAN). Journal of Medical Systems,
42(11), 1-11.

ITU-T Global Standards Initiatives Recommendation ITUT Y.2060. (2012). https://www.itu.int/en/ITU-T/gsi/iot/Pages/
default.aspx

Jacobs, T., & Graf, B. (2012, May). Practical evaluation of service robots for support and routine tasks in an elderly care
facility. In 2012 IEEE Workshop on Advanced Robotics and its Social Impacts (ARSO) (pp. 46-49). IEEE.

Jang, D. H,, Kim, J., Jo, Y. H., Lee, J. H., Hwang, J. E., Park, S. M., Lee, D. K., Park, 1., Kim, D., & Chang, H. (2020).
Developing neural network models for early detection of cardiac arrest in emergency department. The American Journal
of Emergency Medicine, 38(1), 43-49. doi:10.1016/j.ajem.2019.04.006 PMID:30982559

Jayaraman, R., Reinier, K., Nair, S., Aro, A. L., Uy-Evanado, A., Rusinaru, C., Stecker, E. C., Gunson, K., Jui, J., &
Chugh, S. S. (2018). Risk factors of sudden cardiac death in the young: Multiple-year community-wide assessment.
Circulation, 137(15), 1561-1570. doi:10.1161/CIRCULATIONAHA.117.031262 PMID:29269388

Jayaweera, K. N., Kallora, K. M. C., Subasinghe, N. A. C. K., Rupasinghe, L., & Liyanapathirana, C. (2020, December).
An Integrated Framework for Predicting Health Based on Sensor Data Using Machine Learning. In 2020 2nd Interna-
tional Conference on Advancements in Computing (ICAC) (Vol. 1, pp. 43-48).IEEE.

Jiang, B., Dong, N., Shou, J., Cao, L., Hu, K., Liu, W., & Qi, X. (2021). Effectiveness of artificial intelligent cardiac
remote monitoring system for evaluating asymptomatic myocardial ischemia in patients with coronary heart disease.
American Journal of Translational Research, 13(10), 11653. PMID:34786091

Jiang, S. Y., Lin, C. Y., Huang, K. T., & Song, K. T. (2017). Shared control design of a walking-assistant robot. IEEE
Transactions on Control Systems Technology, 25(6), 2143-2150.

Jutai, J. W., & Tuazon, J. R. (2021). The role of assistive technology in addressing social isolation, loneliness and health
inequities among older adults during the COVID-19 pandemic. Disability and Rehabilitation. Assistive Technology, 1-12.

Kaiser, H. A., Saied, N. N., Kokoefer, A. S., Saffour, L., Zoller, J. K., & Helwani, M. A. (2020). Incidence and predic-
tion of intraoperative and postoperative cardiac arrest requiring cardiopulmonary resuscitation and 30-day mortality in
non-cardiac surgical patients. PLoS One, 15(1), €0225939.

Kalaivani. (2019). Machine learning and IoT-based cardiac arrhythmia diagnosis using statistical and dynamic features
of ECG. The Journal of Supercomputing.

Kammoun, I., Bennour, E., Laroussi, L., Miled, M., Sghaier, A., Rahma, K., Amine, B., Marrakchi, S., & Kachboura, S.
(2021). Risk stratification for sudden cardiac death in patients with heart failure. Herz, 46(6), 1-8. doi:10.100700059-
021-05032-3 PMID:33909114

Kani, S., & Miura, J. (2015, December). Mobile monitoring of physical states of indoor environments for personal sup-
port. In 2015 IEEE/SICE International Symposium on System Integration (SII) (pp. 393-398). IEEE.

246

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use


https://tools.ietf.org/html/rfc7252
https://tools.ietf.org/html/rfc7252
https://tools.ietf.org/html/rfc7252
https://tools.ietf.org/html/rfc7252
https://www.itu.int/en/ITU-T/gsi/iot/Pages/default.aspx
https://www.itu.int/en/ITU-T/gsi/iot/Pages/default.aspx

EBSCChost -

Compilation of References

Khairy, P., Silka, M. J., Moore, J. P., DiNardo, J. A., Vehmeijer, J. T., Sheppard, M. N., van de Bruaene, A., Chaix, M.-
A., Brida, M., Moore, B. M., Shah, M. J., Mondésert, B., Balaji, S., Gatzoulis, M. A., & Ladouceur, M. (2022). Sudden
cardiac death in congenital heart disease. European Heart Journal, 43(22), 2103-2115. doi:10.1093/eurheartj/ehac104
PMID:35302168

Khan, Y., Qamar, U., Yousaf, N., & Khan, A. (2019, February). Machine learning techniques for heart disease datasets:
A survey. In Proceedings of the 2019 11th International Conference on Machine Learning and Computing (pp. 27-35).
Academic Press.

Khattak, H., Ruta, M., & di Bari, P. (2014). CoAP-based Healthcare Sensor Networks: a survey. Proceedings of the 11th
International Bhurban Conference on Applied Sciences and Technology.

Kim, K. H., Park, J. H,, Ro, Y. S., Shin, S. D., Song, K. J., Hong, K. J., Jeong, J., Lee, K. W., & Hong, W. P. (2020).
Association between post-resuscitation coronary angiography with and without intervention and neurological outcomes
after out-of-hospital cardiac arrest. Prehospital Emergency Care, 24(4), 485-493. doi:10.1080/10903127.2019.16689
89 PMID:31526205

Kim, Y. G., Han, K., Jeong, J. H., Roh, S. Y., Choi, Y. Y., Min, K., Shim, J., Choi, J.-I., & Kim, Y. H. (2022). Metabolic
Syndrome, Gamma-Glutamyl Transferase, and Risk of Sudden Cardiac Death. Journal of Clinical Medicine, 11(7),1781.
doi:10.3390/jcm11071781 PMID:35407389

Kotsiantis, S. B., Zaharakis, 1., & Pintelas, P. (2007). Supervised machine learning: A review of classification techniques.
Emerging Artificial Intelligence Applications in Computer Engineering, 160(1), 3-24.

Kotu, V., & Deshpande, B. (2014). Predictive analytics and data mining: concepts and practice with rapidminer. Morgan
Kaufmann.

Kovatsch, M. (2013). CoAP for the web of things: From tiny resource-constrained devices to the web browser. Proceed-
ings of the 4th International Workshop on the Web of Things (WoT 2013), UbiComp ’13 Adjunct.

Krittanawong, Virk, & Tang. (2020). Machine Learning prediction in cardiovascular diseases: A meta-analysis. Scientific
Reports, 232-248.

Krittanawong, C., Zhang, H., Wang, Z., Aydar, M., & Kitai, T. (2017). Artificial intelligence in precision cardiovascular
medicine. Journal of the American College of Cardiology, 69(21), 2657-2664.

Krokhaleva, Y., & Vaseghi, M. (2019). Update on prevention and treatment of sudden cardiac arrest. Trends in Cardio-
vascular Medicine, 29(7), 394-400. doi:10.1016/j.tcm.2018.11.002 PMID:30449537

Ktistakis, I. P., Goodman, G., & Britzolaki, A. (2022). Applications of Al in Healthcare and Assistive Technologies. In
Advances in Assistive Technologies (pp. 11-31). Springer. doi:10.1007/978-3-030-87132-1_2

Kumar & Devi Gandhi. (2018). A novel three-tier Internet of Things architecture with machine learning algorithm for
early detection of heart diseases. Comput. Elect. Eng., 65, 222-235. doi:10.1016/j.compeleceng.2017.09.001

Kumar, Komal, Sindhu, Prashanthi, & Sulthana. (2020). Analysis and Prediction of Cardio Vascular Disease Using
Machine Learning Classifiers. Academic Press.

Kumar, Lokesh, Varatharajan, Babu, & Parthasarathy. (2018). Cloud and IoT based disease prediction and diagnosis system
for healthcare using Fuzzy neural classifier. Future Gener. Comput. Syst., 86,527-534. Doi:10.1016/j.future.2018.04.036

Kyrarini, M., Lygerakis, F., Raja Venkatanarayanan, A., Sevastopoulos, C., Nambiappan, H. R., Chaitanya, K. K., Babu,
A. R., Mathew, J., & Makedon, F. (2021). A survey of robots in healthcare. Technologies, 9(1), 8.

247

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Lakshmanarao, A., Swathi, Y., & Sri Sai Sundareswar, P. (2021). Machine Learning Techniques for Heart Disease
Prediction. International Journal of Scientific & Technology Research, 8(11), 93-96. doi:10.31838/jcdr.2021.12.01.05

Larroza, A., Materka, A., Lopez-Lereu, M. P., Monmeneu, J. V., Bodi, V., & Moratal, D. (2017). Differentiation between
acute and chronic myocardial infarction using texture analysis of late gadolinium enhancement and cine cardiac magnetic
resonance imaging. European Journal of Radiology, 92, 78-83.

Lawry, T. (2020). Al in Health: A Leader’s Guide to Winning in the New Age of Intelligent Health Systems. CRC Press.

Layton, N., Mont, D., Puli, L., Calvo, 1., Shae, K., Tebbutt, E., Hill, K. D., Callaway, L., Hiscock, D., Manlapaz, A., &
Groenewegen, 1. (2021). Access to assistive technology during the COVID-19 global pandemic: Voices of users and
families. International Journal of Environmental Research and Public Health, 18(21), 11273.

Lee, K. Y., Seah, C., Li, C., Chen, Y. F,, Chen, C. Y., Wu, C. L, Liao, P.-C., Shyu, Y.-C., Olafson, H. R., McKee, K.
K., Wang, E. T., Yeh, C.-H., & Wang, C. H. (2022). Mice lacking MBNL1 and MBNL2 exhibit sudden cardiac death
and molecular signatures recapitulating myotonic dystrophy. Human Molecular Genetics, ddac108. doi:10.1093/hmg/
ddac108 PMID:35567413

Leijdekkers, P., & Gay, V. (2008). A Self-Test to Detect a Heart Attack Using a Mobile Phone and Wearable Sensors.
2008 21st IEEE International Symposium on Computer-Based Medical Systems, 93-98. doi: 10.1109/CBMS.2008.59

Lesser, B., Miicke, M., & Gansterer, W. N. (2011). Effects of Reduced Precision on Floating-Point SVM Classification
Accuracy. Procedia Computer Science, 4, 508-517. doi:10.1016/j.procs.2011.04.053

Lin, Y. J., Chuang, C. W,, Yen, C. Y., Huang, S. H., Huang, P. W., Chen, J. Y., & Lee, S. Y. (2019, March). Artificial
intelligence of things wearable system for cardiac disease detection. In 2019 IEEFE International Conference on Artificial
Intelligence Circuits and Systems (AICAS) (pp. 67-70). IEEE.

Lippi, G., Favaloro, E. J., & Sanchis-Gomar, F. (2018, November). Sudden cardiac and noncardiac death in sports:
Epidemiology, causes, pathogenesis, and prevention. Seminars in Thrombosis and Hemostasis, 44(08), 780-786.
doi:10.1055-0038-1661334 PMID:29864776

Liu, X., Wang, X., Su, Q., Zhang, M., Zhu, Y., Wang, Q., & Wang, Q. (2017). A hybrid classi_cation system for heart
disease diagnosis based on the RFRS method. Computational and Mathematical Methods in Medicine,2017(Jun), 8272091.

Li, Z., Zhou, D., Wan, L., Li, J., & Mou, W. (2020). Heartbeat classification using deep residual convolutional neural
network from 2-lead electrocardiogram. Journal of Electrocardiology, 58, 105-112.

Lontis, E. R., Lund, M. E., Christensen, H. V., Bentsen, B., Gaihede, M., Caltenco, H. A., & Struijk, L. N. A. (2010,
September). Clinical evaluation of wireless inductive tongue computer interface for control of computers and assistive
devices.In 2010 Annual International Conference of the IEEE Engineering in Medicine and Biology (pp.3365-3368). IEEE.

Luxton. (2015). Artificial Intelligence in Behavioral and Mental Health Care. Academic Press.

Maashi, M. S. (2020). Analysis Heart Disease Using Machine Learning. Multi-Knowledge Electronic Comprehensive
Journal for Education and Science Publications, 2, 29.

Maciejewski, M., & Dzida, G. (2017). ECG parameter extraction and classification in noisy signals. Signal Processing:
Algorithms, Architectures, Arrangements, and Applications. SPA.

Manikandan, S. (2018). Heart Attack Prediction System. 2017 International Conference on Energy, Communication,
Data Analytics and Soft Computing, ICECDS 2017, 817-20. 10.1109/ICECDS.2017.8389552

248

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Manimurugan, S., Almutairi, S., Aborokbah, M. M., Narmatha, C., Ganesan, S., Chilamkurti, N., Alzaheb, R. A., &
Almoamari, H. (2022). Two-Stage Classification Model for the Prediction of Heart Disease Using IoMT and Artificial
Intelligence. Sensors (Basel), 22(2), 476. doi:10.339022020476 PMID:35062437

Mantas, J., Ammenwerth, E., Demiris, G., Hasman, A., Haux, R., Hersh, W., Hovenga, E., Lun, K. C., Marin, H., Martin-
Sanchez, F., & Wright, G. (2010). Recommendations of the International Medical Informatics Association (IMIA) on
education in biomedical and health informatics. Methods of Information in Medicine, 49(02), 105-120.

Marijon, E., Garcia, R., Narayanan, K., Karam, N., & Jouven, X. (2022). Fighting against sudden cardiac death: Need
for a paradigm shift—Adding near-term prevention and pre-emptive action to long-term prevention. European Heart
Journal, 43(15), 1457-1464. doi:10.1093/eurheartj/ehab903 PMID:35139183

Marimuthu, M., Abinaya, M., S, K., Madhankumar, K., & Pavithra, V. (2018). A Review on Heart Disease Prediction
Using Machine Learning and Data Analytics Approach. International Journal of Computers and Applications, 181(18),
20-25. doi:10.5120/ijca2018917863

Masip, Gaya, Paez, Betbese, Villa, Manresa, & Ruiz. (2012). Pulse oximetry in the diagnosis of acute heart failure. The
Original Article, 280-295.

Mayur, R. B. (2014, May). Heart Attack Detection System Using Android Phone. InternationalJournalFor Engineering
Applications and Technology, 3(5), 79-82.

Mendis, S., Puska, P., Norrving, B. E., & World Health Organization. (2011). Global atlas on cardiovascular disease
prevention and control. World Health Organization.

Miao, H. K., Miao, H.J., & Miao, J. G. (2016). Diagnosing Coronary Heart Disease Using Ensemble Machine Learning.
International Journal of Advanced Computer Science and Applications, 7(10),30-39. doi: 10.14569/1JACSA.2016.071004

Miquel, A., Soriano, M. C., & Silvia, O. (2019). A Fast Machine Learning Model for ECG-Based Heartbeat Classifica-
tion and Arrhythmia Detection. Frontiers in Physics, (7), 1-11.

Mohammed, A. A., Basa, R., Kuchuru, A. K., Nandigama, S. P., & Gangolla, M. (2020). Random Forest Machine Learn-
ing technique to predict Heart disease. European Journal of Molecular & Clinical Medicine, 7(4), 2020.

Mohan, Thirumalai, & Srivastava. (2019). Effective heart disease prediction using hybrid machine learning techniques.
IEEE Access, 7, 81542-81554. Doi:10.1109/ACCESS.2019.2923707

Moody, G. B., & Mark, R. G. (2001). The impact of the MIT-BIH Arrhythmia Database. IEEE Engineering in Medicine
and Biology Magazine, 20(3), 45-50.

Mora, Gil, Terol, Azorin, & Szymanski. (2017). An IoT-based computational framework for healthcare monitoring in
mobile environments. Sensors, 17(10).

Mozaffarian, D., Benjamin, E. J., Go, A. S., Arnett, D. K., Blaha, M. J., Cushman, M., & Turner, M. B. (2016). Heart
disease and stroke statistics—2016 update: a report from the American Heart Association. Circulation, 133(4), e38-¢360.

Murray, E., Hekler, E. B., Andersson, G., Collins, L. M., Doherty, A., Hollis, C., Rivera, D. E., West, R., & Wyatt,
J. C. (2016). Evaluating digital health interventions: Key questions and approaches. American Journal of Preventive
Medicine, 51(5), 843-851.

Muthu, B., Sivaparthipan, C. B., Manogaran, G., Sundarasekar, R., Kadry, S., Shanthini, A., & Dasel, A. (2020). IOT
based wearable sensor for diseases prediction and symptom analysis in healthcare sector. Peer-to-Peer Networking and
Applications, 13(6), 2123-2134. doi:10.100712083-019-00823-2

249

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Mutlag, Abd Ghani, Arunkumar, Mohammed, & Mohd. (2019). Enabling technologies for fog computing in healthcare
IoT systems. Future Gener. Comput. Syst., 90, 62-78. Doi:10.1016/j.future.2018.07.049

Naksuk, N., Tan, N., Padmanabhan, D., Kancharla, K., Makkar, N., Yogeswaran, V., Gaba, P., Kaginele, P., Riley, D. C.,
Sugrue, A.M.,Rosenbaum, A. N., El-Harasis, M. A., Asirvatham, S.J., Kapa, S., & McLeod, C.J. (2018). Right ventricular
dysfunction and long-term risk of sudden cardiac death in patients with and without severe left ventricular dysfunction.
Circulation: Arrhythmia and Electrophysiology, 11(6), €006091. doi:10.1161/CIRCEP.117.006091 PMID:29769224

Nandy, S., Adhikari, M., Balasubramanian, V., Menon, V. G., Li, X., & Zakarya, M. (2021). An intelligent heart disease
prediction system based on swarm-artificial neural network. Neural Computing & Applications, 1-15. doi:10.100700521-
021-06124-1

Nasrabadi, A., & Haddadnia, J. (2016). Predicting heart attacks in patients using artificial intelligence methods. Modern
Ap Sc., 10(3).

Nikhar & Karandikar. (2016). Prediction of Heart Disease Using Machine Learning. International Journal of Advanced
Engineering, Management and Science, 2(6). Advance online publication. doi:10.1088/1742-6596/1916/1/012022

Nordlinger & Villani. (2020). Healthcare and Artificial Intelligence. Springer.

Norrish, G., Qu, C., Field, E., Cervi, E., Khraiche, D., Klaassen, S., Ojala, T. H., Sinagra, G., Yamazawa, H., Marrone,
C., Popoiu, A., Centeno, F., Schouvey, S., Olivotto, I., Day, S. M., Colan, S., Rossano, J., Wittekind, S. G., Saberi, S.,
... Kaski, J. P. (2022). External validation of the HCM Risk-Kids model for predicting sudden cardiac death in child-
hood hypertrophic cardiomyopathy. European Journal of Preventive Cardiology, 29(4), 678-686. doi:10.1093/eurjpc/
zwab181 PMID:34718528

Norrish, G., Topriceanu, C., Qu, C., Field, E., Walsh, H., Zi6étkowska, L., Olivotto, L., Passantino, S., Favilli, S., Anasta-
sakis, A., Vlagkouli, V., Weintraub, R., King, ., Biagini, E., Ragni, L., Prendiville, T., Duignan, S., McLeod, K., Ilina,
M,, ... Kaski, J. P. (2022). The role of the electrocardiographic phenotype in risk stratification for sudden cardiac death
in childhood hypertrophic cardiomyopathy. European Journal of Preventive Cardiology, 29(4), 645-653. doi:10.1093/
eurjpc/zwab046 PMID:33772274

Oresko, J. J., Jin, Z., Cheng, J., Huang, S., Sun, Y., Duschl, H., & Cheng, A. C. (2010). A wearable smartphone-based
platform for real-time cardiovascular disease detection via electrocardiogram processing. IEEE Transactions on Informa-
tion Technology in Biomedicine, 14(3), 734-740.

Ortiz-Barrios, M. A., Garcia-Constantino, M., Nugent, C., & Alfaro-Sarmiento, I. (2022). A Novel Integration of IF-
DEMATEL and TOPSIS for the Classifier Selection Problem in Assistive Technology Adoption for People with Dementia.
International Journal of Environmental Research and Public Health, 19(3), 1133.

Osman, J., Tan, S. C., Lee, P. Y., Low, T. Y., & Jamal, R. (2019). Sudden Cardiac Death (SCD)-risk stratification and
prediction with molecular biomarkers. Journal of Biomedical Science, 26(1), 1-12. do0i:10.118612929-019-0535-8
PMID:31118017

Otaki, Y., Watanabe, T., Goto, J., Wanezaki, M., Kato, S., Tamura, H., ... Watanabe, M. (2021). Association between
thrombolysis in myocardial infarction grade and clinical outcome after emergent percutaneous coronary intervention in
patients with acute myocardial infarction who have suffered out-of-hospital cardiac arrest: The Yamagata AMI registry.
Heart and Vessels, 1-10. PMID:34228158

Oxenham, H., & Sharpe, N. (2003). Cardiovascular Aging and Heart Failure. European Journal of Heart Failure, 5(4),
427-434. doi:10.1016/S1388-9842(03)00011-4 PMID:12921803

250

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Padmavathi & Ramanujam. (2015). Naive Bayes Classifier for ECG Abnormalities Using Multivariate Maximal Time
Series Motif. Procedia Computer Science, (47), 222-228,

Panesar. (2019). Machine Learning and Al for Healthcare: Big Data for Improved Health Outcomes. Apress.

Pannone, L., Falasconi, G., Cianfanelli, L., Baldetti, L., Moroni, F., Spoladore, R., & Vergara, P. (2021). Sudden Cardiac
Death in Patients with Heart Disease and Preserved Systolic Function: Current Options for Risk Stratification. Journal
of Clinical Medicine, 10(9), 1823. doi:10.3390/jcm10091823 PMID:33922111

Paratz, E. D., Rowsell, L., Zentner, D., Parsons, S., Morgan, N., Thompson, T., ... La Gerche, A. (2020). Cardiac arrest
and sudden cardiac death registries: A systematic review of global coverage. Open Heart, 7(1), e001195.

Patel, Khaked, Patel, & Patel. (2021). Heart Disease Prediction Using Machine Learning. Lecture Notes in Networks
and Systems, 203(6), 653—-65. doi:10.1007/978-981-16-0733-2_46

Patel, Patel, & Patel. (2018). Heart Attack Detection and Heart Rate Monitoring Using IoT. International Journal of
Innovations & Advancement in Computer Science, 7(4).

Patel, Upadhyay, & Patel. (2016). Heart disease prediction using machine learning and data mining technique. Interna-
tional Journal of Computer Science and Communications, 3721-3730.

Patel, B., & Sengupta, P. (2020). Machine learning for predicting cardiac events: What does the future hold? Expert
Review of Cardiovascular Therapy, 18(2), 77-84. doi:10.1080/14779072.2020.1732208 PMID:32066289

Penney, J. (2016). Choosing an 10T Security Provider. https://info.deviceauthority.com/blog-da/choosing-an-iot-secu-
rityprovider

Perakovi¢, D., PeriSa, M., & Cviti¢, I. (2018, December). Analysis of the possible application of assistive technology in
the concept of industry 4.0. In Proceedings the Thirty-Sixth Symposium on Novel Technologies in Postal and Telecom-
munication Traffic—PosTel (pp. 175-184). Academic Press.

Pereira, P. P., Eliasson, J., & Delsing, J. (2014). An authentication and access control framework for CoAP-based Internet
of things. Proceedings of the 40th Annual Conference of the IEEE Industrial Electronics Society.

Peterson, D. F., Siebert, D. M., Kucera, K. L., Thomas, L. C., Maleszewski, J. J., Lopez-Anderson, M., ... Drezner, J. A.
(2020). Etiology of sudden cardiac arrest and death in US competitive athletes: A 2-year prospective surveillance study.
Clinical Journal of Sport Medicine, 30(4), 305-314. PMID:32639440

Pezawas, T., Burger, A. L., Binder, T., & Diedrich, A. (2020). Importance of diastolic function for the prediction of
arrhythmic death: A prospective, observer-blinded, long-term study. Circulation: Arrhythmia and Electrophysiology,
13(2), e007757. doi:10.1161/CIRCEP.119.007757 PMID:31944144

Ponikowski, P., Anker, S. D., AlHabib, K. F., Cowie, M. R., Force, T. L., Hu, S., Jaarsma, T., Krum, H., Rastogi, V., Ro-
hde, L. E., Samal, U. C., Shimokawa, H., Budi Siswanto, B., Sliwa, K., & Filippatos, G. (2014). Heart failure: Preventing
disease and death worldwide. ESC Heart Failure, 1(1), 4-25. doi:10.1002/ehf2.12005 PMID:28834669

Ponugumatla Kalyan, Mr. (2017). Gouri Shankar Sharma, IOT Based Heart Function Monitoring and Heart Disease
Prediction System. Procedia Computer Science, 112,2328-2334.

Pradhan, B., Bhattacharyya, S., & Pal, K. (2021). IoT-based applications in healthcare devices. Journal of Healthcare

Engineering.

251

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use


https://info.deviceauthority.com/blog-da/choosing-an-iot-securityprovider
https://info.deviceauthority.com/blog-da/choosing-an-iot-securityprovider

EBSCChost -

Compilation of References

Prajwal, S., Shah, S., Shroff, M., & Godbole, A. (2017). A Machine Learning Approach for the Classification of Cardiac
Arrhythmia. Proceedings of the IEEE 2017 International Conference on Computing Methodologies and Communication
(ICCMC), 603-7.

Pughazendi, N., Sathishkumar, R., Balaji, S., Sathyavenkateshwaren, S., Chander, S. S., & Surendar, V. (2017). Heart
attack and alcohol detection sensor monitoring in smart transportation system using Internet of Things. 2017 Interna-
tional Conference on Energy, Communication, Data Analytics and Soft Computing (ICECDS), 881-888. doi: 10.1109/
ICECDS.2017.8389564

Pugliese, R., Sala, R., Regondi, S., Beltrami, B., & Lunetta, C. (2022). Emerging technologies for management of patients
with amyotrophic lateral sclerosis: From telehealth to assistive robotics and neural interfaces. Journal of Neurology,
269(6), 1-12. doi:10.100700415-022-10971-w PMID:35059816

Puli, L., Layton, N., Mont, D., Shae, K., Calvo, L., Hill, K. D., Callaway, L., Tebbutt, E., Manlapaz, A., Groenewegen, 1.,
& Hiscock, D. (2021). Assistive technology provider experiences during the COVID-19 pandemic. International Journal
of Environmental Research and Public Health, 18(19), 10477.

Rachim & Chung. (2016). Wearable Noncontact Armband for Mobile ECG Monitoring System. IEEE Transactions on
Biomedical Circuits and Systems, 1-7.

Radié—gestié, M., Milanovi¢-Dobrota, B., Radovanovié, V., & Karié, J. (2012). Application of assistive technology in
rehabilitation of persons with cognitive disabilities. HealthMED, 6(11), 3826-3833.

Rairikar, A., Kulkarni, V., Sabale, V., Kale, H., & Lamgunde, A. (2018). Heart Disease Prediction Using Data Mining
Techniques. Proceedings of 2017 International Conference on Intelligent Computing and Control, 12C2 2017, 1-8.
10.1109/12C2.2017.8321771

Rajdhani, Agarwal, Sai, & Ravi, & Ghuli. (2020, May). Heart Disease Prediction using Machine Learning. International
Journal of Engineering Research & Technology (Ahmedabad).

Rajesh, K. N. V. P. S., & Dhuli, R. (2018). Classification of imbalanced ECG beats using re-sampling techniques and
AdaBoost ensemble classifier. Biomedical Signal Processing and Control, 41, 41. doi:10.1016/j.bspc.2017.12.004

Rajkumar, A., & Sophia Reena, G. (2010). Diagnosis Of Heart Disease Using Datamining Algorithm. Global Journal
of Computer Science and Technology, 10(10), 38-43.

Ramasamy, L. K., Khan, F., Shah, M., Prasad, B. V. V. S, Iwendi, C., & Biamba, C. (2022). Secure Smart Wearable
Computing through Artificial Intelligence-Enabled Internet of Things and Cyber-Physical Systems for Health Monitor-
ing. Sensors (Basel), 22(3), 1076. doi:10.339022031076 PMID:35161820

Ranney, M. L., Griffeth, V., & Jha, A. K. (2020). Critical supply shortages—The need for ventilators and personal pro-
tective equipment during the Covid-19 pandemic. The New England Journal of Medicine, 382, e41.

Rathee, Sharma, Saini, Kumar, & Igbal. (2019). A hybrid framework for multimedia data processing in IoT-healthcare
using blockchain technology. Multimedia Tools Appl., 2. Doi:10.1007/s11042-019-07835-3

Reiser, U., Jacobs, T., Arbeiter, G., Parlitz, C., & Dautenhahn, K. (2013). Care-O-bot3—Vision of a robot butler. In Your
virtual butler (pp. 97-116). Springer.

Remme, C. A. (2022). Sudden cardiac death in diabetes and obesity: Mechanisms and therapeutic strategies. The Cana-
dian Journal of Cardiology, 38(4), 418-426. doi:10.1016/j.cjca.2022.01.001 PMID:35017043

252

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Ribeiro, J. M., Astudillo, P., de Backer, O., Budde, R., Nuis, R.J., Goudzwaard, J., ... de Jaegere, P. P. (2021). Artificial
intelligence and transcatheter interventions for structural heart disease: A glance at the (near) future. Trends in Cardio-
vascular Medicine. PMID:33581255

Rohila, A., & Sharma, A. (2020). Detection of sudden cardiac death by a comparative study of heart rate variability in
normal and abnormal heart conditions. Biocybernetics and Biomedical Engineering, 40(3), 1140-1154. doi:10.1016/j.
bbe.2020.06.003

Romiti, S., Vinciguerra, M., Saade, W., Anso Cortajarena, 1., & Greco, E. (2020). Artificial intelligence (Al) and car-
diovascular diseases: An unexpected alliance. Cardiology Research and Practice.

Rosner, Y., & Perlman, A. (2018). The effect of the usage of computer-based assistive devices on the functioning and
quality of life of individuals who are blind or have low vision. Journal of Visual Impairment & Blindness, 112(1), 87-99.

Saba & Rehman. (2022). Prognostic Models in Healthcare: Al and Statistical Approaches (Studies in Big Data, 109).
Springer.

Sagayam, K. M., Andrushia, A. D., Ghosh, A., Deperlioglu, O., & Elngar, A. A. (2021). Recognition of Hand Gesture
Image Using Deep Convolutional Neural Network. International Journal of Image and Graphics,21(1),1-15.doi:10.1142/
S0219467821400088

Saha, S., & Ghosh, A. (2019). Rehabilitation Using Neighbor-Cluster Based Matching Inducing Artificial Bee Colony
Optimization. 2019 IEEE 16th India Council International Conference, INDICON 2019 - Symposium Proceedings, 5-8.
10.1109/INDICON47234.2019.9028975

Sander, M., Oxlund, B., Jespersen, A., Krasnik, A., Mortensen, E. L., Westendorp, R. G. J., & Rasmussen, L. J. (2015).
The challenges of the human population ageing. Age and Ageing, 44(2), 185-187.

Sandroni, C., D’Arrigo, S., & Nolan, J. P. (2018). Prognostication after cardiac arrest. Critical Care (London, England),
22(1), 1-9. doi:10.118613054-018-2060-7 PMID:29871657

Santhi, P. (2021). A Survey on Heart Attack Prediction Using Machine Learning. Turkish Journal of Computer and
Mathematics Education, 12(2), 2303-2308. doi:10.17762/turcomat.v12i2.1955

Sardar, P., Abbott, J. D., Kundu, A., Aronow, H. D., Granada, J. F., & Giri, J. (2019). Impact of artificial intelligence on
interventional cardiology: From decision-making aid to advanced interventional procedure assistance. JACC: Cardio-
vascular Interventions, 12(14), 1293-1303. doi:10.1016/j.jcin.2019.04.048 PMID:31320024

Sawyer, K. N., Camp-Rogers, T. R., Kotini-Shah, P., Del Rios, M., Gossip, M. R., Moitra, V. K., Haywood, K. L.,
Dougherty, C. M., Lubitz, S. A., Rabinstein, A. A., Rittenberger, J. C., Callaway, C. W., Abella, B. S., Geocadin, R. G.,
& Kurz, M. C.American Heart Association Emergency Cardiovascular Care Committee. (2020). Sudden cardiac arrest
survivorship: A scientific statement from the American Heart Association. Circulation, 141(12),e654—-e685.doi:10.1161/
CIR.0000000000000747 PMID:32078390

Schluep, M., Gravesteijn, B. Y., Stolker, R. J., Endeman, H., & Hoeks, S. E. (2018). One-year survival after in-hospital
cardiac arrest: A systematic review and meta-analysis. Resuscitation, 132,90-100. doi:10.1016/j.resuscitation.2018.09.001
PMID:30213495

Schmied, C., & Borjesson, M. (2014). Sudden cardiac death in athletes. Journal of Internal Medicine, 275(2), 93—103.
doi:10.1111/joim.12184 PMID:24350833

Schupp, T., Akin, I., & Behnes, M. (2022). Sudden Cardiac Death: Clinical Updates and Perspectives. Journal of Clinical
Medicine, 11(11), 3120. doi:10.3390/jcm11113120 PMID:35683506

253

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Selvathi, D., Sankar, V. V., & Venkatasubramani, H. (2017). Embedded based automatic heart attack detector and intima-
tor. 2017 International Conference on Innovations in Information, Embedded and Communication Systems (ICIIECS),
1-6. doi: 10.1109/ICIIECS.2017.8275839

Sethi, P., & Sarangi, S. R. (2017). Internet of things: Architectures, protocols, and applications. Journal of Electrical
and Computer Engineering, 1-25.

Shaban-Nejad, A., Michalowski, M., & Buckeridge, D. L. (Eds.). (2020). Explainable Al in Healthcare and Medicine.
Springer.

Shah, Patel, & Bharti. (2020). Heart Disease Prediction using Machine Learning Techniques. Elsevier.

Shah, W., Aleem, M., Igbal, M. A., Islam, M. A., Ahmed, U., Srivastava, G., & Lin, J. C. W. (2021). A Machine-Learning-
Based System for Prediction of Cardiovascular and Chronic Respiratory Diseases. Journal of Healthcare Engineering.

Sharma, P., Choudhary, K., Gupta, K., Chawla, R., Gupta, D., & Sharma, A. (2020). Artificial plant optimization algo-
rithm to detect heart rate & presence of heart disease using machine learning. Artificial Intelligence in Medicine, 102,
101752. doi:10.1016/j.artmed.2019.101752 PMID:31980091

Sharma, S., & Parmar, M. (2020). Heart Diseases Prediction Using Deep Learning Neural Network Model. International
Journal of Innovative Technology and Exploring Engineering, 9(3), 2244-2248. doi:10.35940/ijitee.C9009.019320

Shimonski. (2021). In Healthcare: How Artificial Intelligence Is Changing IT Operations and Infrastructure Services.
Wiley.

Singh, D., & Samagh, J. S. (2020). A Comprehensive Review of Heart Disease Prediction Using Machine Learning.
Journal of Critical Reviews, 7(12), 281-285. d0i:10.31838/jcr.07.12.54

Smith, E.M., Hernandez, M.L.T., Ebuenyi, 1., Syurina, E.V., Barbareschi, G., Best, K.L., Danemayer, J., Oldfrey, B.,
Ibrahim, N., Holloway, C., & MacLachlan, M. (2020). Assistive technology use and provision during COVID-19: results
from a rapid global survey. International Journal of Health Policy and Management.

Solomon, M. D., McNulty, E. J., Rana, J. S., Leong, T. K., Lee, C., Sung, S. H., Ambrosy, A. P., Sidney, S., & Go, A.
S. (2020). The Covid-19 Pandemic and the Incidence of Acute Myocardial Infarction. The New England Journal of
Medicine, 383(7), 691-693. doi:10.1056/NEJMc2015630 PMID:32427432

Song, H., Fang, F., Arnberg, F. K., Mataix-Cols, D., de la Cruz, L. F., Almqgvist, C., ... Valdimarsdéttir, U. A. (2019).
Stress related disorders and risk of cardiovascular disease: population based, sibling controlled cohort study. BMJ, 365.

Song, L., Wang, Y., Yang, J.-J., & Li, J. (2014). Health sensing by wearable sensors and mobile phones: A survey. 2014
IEEE 16th International Conference on e-Health Networking, Applications and Services (Healthcom), 453-459. doi:
10.1109/HealthCom.2014.7001885

Sridharan, A., Maron, M. S., Carrick, R. T., Madias, C. A., Huang, D., Cooper, C., Drummond, J., Maron, B. J., & Rowin,
E. J. (2022). Impact of comorbidities on atrial fibrillation and sudden cardiac death in hypertrophic cardiomyopathy.
Journal of Cardiovascular Electrophysiology, 33(1), 20-29. doi:10.1111/jce.15304 PMID:34845799

Srinivas, K., Raghavendra Rao, G., & Govardhan, A. (2010). Analysis of Coronary Heart Disease and Prediction of
Heart Attack in Coal Mining Regions Using Data Mining Techniques. ICCSE 2010 - 5th International Conference on
Computer Science and Education, Final Program and Book of Abstracts, 1344—49. 10.1109/ICCSE.2010.5593711

Srinivasan, N. T., & Schilling, R. J. (2018). Sudden cardiac death and arrhythmias. Arrhythmia & Electrophysiology
Review, 7(2), 111. doi:10.15420/aer.2018:15:2 PMID:29967683

254

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

Compilation of References

Stasolla, F., Matamala-Gomez, M., Bernini, S., Caffo, A. O., & Bottiroli, S. (2021). Virtual reality as a technological-
aided solution to support communication in persons with neurodegenerative diseases and acquired brain injury during
COVID-19 pandemic. Frontiers in Public Health, 1074.

Suykens, J. A., Vandewalle, J. P., & de Moor, B. L. (1995). Artificial neural networks for modelling and control of non-
linear systems. Springer Science & Business Media.

Swathy & Saruladha. (2021). A Comparative Study of Classification and Prediction of Cardio-Vascular Diseases (CVD)
Using Machine Learning and Deep Learning Techniques. ICT Express. . doi:10.1016/j.icte.2021.08.021

Tseng, Z. H., Olgin, J. E., Vittinghoff, E., Ursell, P. C., Kim, A. S., Sporer, K., Yeh, C., Colburn, B., Clark, N. M.,
Khan, R., Hart, A. P., & Moffatt, E. (2018). Prospective countywide surveillance and autopsy characterization of sud-
den cardiac death: POST SCD study. Circulation, 137(25),2689-2700. doi:10.1161/CIRCULATIONAHA.117.033427
PMID:29915095

Tu, S. J., Gallagher, C., Elliott, A. D., Linz, D., Pitman, B. M., Hendriks, J. M., Lau, D. H., Sanders, P., & Wong, C. X.
(2022). Alcohol consumption and risk of ventricular arrhythmias and sudden cardiac death: An observational study of
408,712 individuals. Heart Rhythm, 19(2), 177-184. doi:10.1016/j.hrthm.2021.09.040 PMID:35101186

Ufoaroh, S. U., Oranugo, C. O., & Uchechukwu, M. E. (2015). Heartbeat monitoring and alert system using GSM tech-
nology. International Journal of Engineering Research and General Science, 3(4).

Ufoaroh, S.U., Oranugo, C.O., & Uchechukwu, M.E. (2015). Heartbeat Monitoring and Alert System Using Gsm Tech-
nology. International Journal of Engineering Research and General Science, 3(4).

Uy-Evanado, A., Chugh, H. S., Sargsyan, A., Nakamura, K., Mariani, R., Hadduck, K., ... Reinier, K. (2021). Out-of-
hospital cardiac arrest response and outcomes during the COVID-19 pandemic. Clinical Electrophysiology, 7(1), 6-11.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... Polosukhin, 1. (2017). Attention is all
you need. Advances in Neural Information Processing Systems, 30.

Vermesan, O., & Friess, P. (2013). Internet of things: Converging Technologies for Smart Environments and Integrated
Ecosystems. River Publishers Series in Communications.

Vest, J. R., & Gamm, L. D. (2010). Health information exchange: Persistent challenges and new strategies. Journal of
the American Medical Informatics Association, 17(3), 288-294.

Vijayashree & Sultana. (2018). A machine learning framework for feature selection in heart disease classi_cation using
improved particle swarm optimization with support vector machine classifier. Program. Comput. Soft, 44(6), 388-397.

Wang, P, Lin, Z., Yan, X., Chen, Z., Ding, M., Song, Y., & Meng, L. (2022). A wearable ECG monitor for deep learning-
based real-time cardiovascular disease detection. arXiv preprint arXiv:2201.10083.

Wang, Q., Su, M., Zhang, M., & Li, R. (2021). Integrating digital technologies and public health to fight Covid-19
pandemic: Key technologies, applications, challenges and outlook of digital healthcare. International Journal of Envi-
ronmental Research and Public Health, 18(11), 6053.

Wagqar, M., Dawood, H., Dawood, H., Majeed, N., Banjar, A., & Alharbey, R. (2021). An Efficient SMOTE-Based
Deep Learning Model for Heart Attack Prediction. Scientific Programming, 2021, 1-12. Advance online publication.
doi:10.1155/2021/6621622

Weimann, K., & Conrad, T. O. F. (2021). Transfer learning for ECG classification. Scientific Reports, 11(1), 5251.
doi:10.103841598-021-84374-8 PMID:33664343

255

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



Compilation of References

Weissler-Snir, A., Allan, K., Cunningham, K., Connelly, K. A., Lee, D. S., Spears, D. A., Rakowski, H., & Dorian, P.
(2019). Hypertrophic cardiomyopathy-related sudden cardiac death in young people in Ontario. Circulation, 140(21),
1706-1716. doi:10.1161/CIRCULATIONAHA.119.040271 PMID:31630535

Weng, S. F., Reps, J., & Kai, J. (2022). Can machine-learning improve cardiovascular risk prediction using routine clini-
cal data? IEEE Transactions on Nanobioscience, 16, 708=717.

Wong, C. X., Brown, A., Lau, D. H., Chugh, S. S., Albert, C. M., Kalman, J. M., & Sanders, P. (2019). Epidemiology
of sudden cardiac death: Global and regional perspectives. Heart Lung and Circulation, 28(1), 6-14. doi:10.1016/].
hlc.2018.08.026 PMID:30482683

Wong, T. Y., Klein, R., Klein, B. E., Tielsch,J. M., Hubbard, L., & Nieto, F.J. (2001). Retinal microvascular abnormalities
and their relationship with hypertension, cardiovascular disease, and mortality. Survey of Ophthalmology, 46(1), 59-80.

World Health Organization. (2007). Prevention of cardiovascular disease: guidelines for assessment and management
of total cardiovascular risk. World Health Organization.

Wu, X., & Tian, X. (2020). An Adaptive Generative Adversarial Network for Cardiac Segmentation from X-ray Chest
Radiographs. Applied Sciences (Basel, Switzerland), 10(15), 5032.

Yadav, S. S., & Jadhav, S. M. (2021). Detection of common risk factors for diagnosis of cardiac arrhythmia using machine
learning algorithm. Expert Systems with Applications, 163, 113807. doi:10.1016/j.eswa.2020.113807

Yang, Z., Zhou, Q., Lei, L., & Zheng, K. (2016). An IoT-cloud Based Wearable ECG Monitoring System for Smart
Healthcare. Journal of Medical Systems.

Zaibunnisa, Momin, Gawandar, & Nikam. (2021). Heart Disease Prediction using Artificial Intelligence. International
Journal of Engineering Research & Technology (Ahmedabad), 61-64.

Zegard, A., Okafor, O., de Bono, J., Kalla, M., Lencioni, M., Marshall, H., Hudsmith, L., Qiu, T., Steeds, R., Stegemann,
B., & Leyva, F. (2021). Myocardial Fibrosis as a Predictor of Sudden Death in Patients With Coronary Artery Disease.
Journal of the American College of Cardiology, 77(1), 29-41. doi:10.1016/j.jacc.2020.10.046 PMID:33413938

Zhao, D., Liu, J., Wang, M., Zhang, X., & Zhou, M. (2019). Epidemiology of cardiovascular disease in China: Current
features and implications. Nature Reviews. Cardiology, 16(4),203-212.doi:10.103841569-018-0119-4 PMID:30467329

Zhu, C. (2016). Influence of Data Preprocessing. Journal of Computing Science and Engineering: JCSE, 10(2), 51-57.

Zilz, W., & Pang, Y. (2021). Application of assistive technology in inclusive classrooms. Disability and Rehabilitation.
Assistive Technology, 16(7), 684—686.

Zorzi, A., Vessella, T., De Lazzari, M., Cipriani, A., Menegon, V., Sarto, G., Spagnol, R., Merlo, L., Pegoraro, C.,
Marra, M. P., Corrado, D., & Sarto, P. (2020). Screening young athletes for diseases at risk of sudden cardiac death:
Role of stress testing for ventricular arrhythmias. European Journal of Preventive Cardiology, 27(3), 311-320.
doi:10.1177/2047487319890973 PMID:31791144

256

EBSCChost - printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

257

About the Contributors

Pradeep Nijalingappa has 20 years of teaching experience in CS and E dept., Bapuji Institute of
Engineering and Technology, Davangere, Karnataka, India. Affiliated to Visvesvaraya Technological
University, Belagavi, Karnataka, India. His experience includes 9 years research experience. He has
worked at various levels namely Lecturer, Sr. Lecturer, Assistant Professor. Presently working as Dean
Academics and Professor, Department of Computer Science and Engineering, BIET, Davangere. He
has edited 5 technical books published by renowned publishers like IGI Publishers, USA, Elsevier and
Wiley-Scrivener. Also, 3 books are in production and 4 books are in process. He has authored 8 book
chapters which are published by major publishers like Taylor and Francis, CRC Press, Apple Academic
Press, Springer, Elsevier and IGI. He is having 16 refereed International Journals articles. He is Guest
Editor in a Special Issue of Journal of Imaging, MDPI. Moreover, he is having 8 copyrights granted by
Government of India. He has guided more than 20 students at PG level and 30 batches at UG level. He
has One Indian Patent Published and 2 International patents granted.

Sandeep Kautish is seasoned Academician with over 13 Years Quality Experience in Academics
since 2004. He holds PhD, MTech, MCA, MSc, PGDIM and specialized in Computer Science domain
(Data mining specialization with social network analytics topics). Dr Sandeep is internationally recog-
nized PhD Supervisor/Thesis Examiner in Computer Science. One PhD has already been awarded under
my supervision from Bharathiar University Coimbatore and three in process. He is member of Editorial
boards of reputed journals i.e. Image Mining (Inderscience Publications), IGI Global Journal of Deci-
sion Support Systems, Australasian Journal of Information Systems (ESCI and SCOPUS Indexed) and
more than 20 journals of national and international repute. He has been nominated as Technical Program
Committee member of 04 International Conferences at Bangkok, Paris, Singapore and others. Active
member of CSI, IEEE, CSTA, SCIEI, IACSIT, IABE, IAENG and WASET and many more. Teaching/
Academic Research Interests includes Data Mining & Social Network Analytics, Business Intelligence,
Knowledge, and Information Engineering.

Mangesh M. Ghonge is currently working as an Associate Professor at Sandip Institute of Technol-
ogy and Research Center, Nashik, Maharashtra, India. He received his Ph.D. in Computer Science &
Engineering from Sant Gadge Baba Amravati University, Amravati, India. He authored/co-authored
more than 75 published articles in prestigious journals, books, and conferences. Besides, Dr. Mangesh
Ghonge authored/edited 15 international books published by recognized publishers such as Elsevier,
Springer, IGI Global, CRC Press Taylor & Francis, Wiley-Scrivener, Nova etc. He has been invited as
a resource person for many workshops/FDP. He has organized and chaired many national/international

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

About the Contributors

conferences and conducted various workshops. He is editor-in-chief of International Journal of Research
in Advent Technology (IJRAT), E-ISSN 2321-9637. He is also guest editor for SCIE/Scopus indexed
journal special issues. His 04-patent published and 08 copyright granted. Dr. Mangesh Ghonge has 13
years of teaching experience and guided more than 40+ UG projects and 10 PG scholars. His research
interest includes security in wireless networks, artificial intelligence, and blockchain technology. He is
a senior member of IEEE and member of CSI, IACSIT, TAENG, IETE, and CSTA.

Renjith V. Ravi is presently employed as Associate Professor and Head of the Department of Elec-
tronics and Communication Engineering and Coordinator of Post Graduate Programmes conducting at
MEA Engineering College, Kerala, India. He had graduated B.Tech. degree in Electronics and Com-
munication Engineering in 2007, M.E. degree in Embedded System Technology in 2011 and Ph.D. in
Electronics and Communication Engineering in 2019. He had published several research articles in SCIE
and Scopus indexed journals, Edited books and IEEE international conferences. He has been published
one edited book and currently editing four edited books from renowned international publishers. He got
granted one patent, one industrial design and two copyrights. He had been awarded several outstanding
achievement and outstanding service awards, and several best paper awards from IEEE international
Conferences. He is a Fellow of IETE and member of ACM, ISTE, CRSI, IACSIT, IAENG, SDIWC and
senior member of SCIEI and SAISE. He has been served as the Program Committee member, Session
Chair as well as reviewer of several National and International conferences conducted in India and abroad.

k sk ok

Sulaima Lebbe Abdul Haleem is working in Department of Information & Communication Tech-
nology, Faculty of Technology, South Eastern University of Sri Lanka, Sri Lanka.

Gayathiridevi B. is pursuing final BE- Biomedical Instrumentation Engineering at Avinashilingam
Institute for Home Science and Higher Education for Women.

Satheeshkumar B. was born on 16-02-1991 at Vadalur. He has completed his Diploma Computer
Technology in Vivekananda Polytechnic College, Seplanatham (2006-2009). Then he completed B.E
(CSE) in Arunai Engineering College, Thiruvanamalai (2009-2012). Then he completed his M.E (CSE)
from PGP College of Engineering and Technology, Namakkal (2013-2015). His area of research is Digital
Image Processing. He is pursuing Ph.D in the area of Video Retrieval.

Jayanthi G. is working as Assistant Professor at Faculty of Engineering and Technology, SRIHER,
Tamil Nadu - 600 116. She has 15 years of teaching experience and 5 years of research experience in the
field of Data Science, Artificial Intelligence and Machine Learning. She has published research papers
in SCI indexed journal and international journals.

Ahona Ghosh is a B.Tech., M.Tech. in Computer Science and Engineering and presently is an
AICTE Doctoral Fellow in the Department of Computer Science and Engineering, Maulana Abul Kalam
Azad University of Technology, West Bengal (In house). Before joining her Ph.D., she was an Assistant
Professor in the Department of Computational Science at Brainware University, Barasat, Kolkata. She
has published more than 30 papers in international conference proceedings, peer-reviewed international

258

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

About the Contributors

journals, and books with IEEE, Springer, Elsevier, IGI Global, CRC Press, etc. She is also a reviewer
of different international journals. Her research interests include Machine Learning and the Internet of
Things.

Vijayaraj J. holds Ph.D. degree in Computer Science and Engineering from Pondicherry University,
Pondicherry. His area of competence and interest includes Artificial Intelligence, IoT, Image Processing,
Soft Computing and Machine Learning. He is Assistant Professor in Department of Artificial Intelligence
and Data science at Easwari Engineering College, Chennai from last 1 years. At Easwari Engineering
College, she has been teaching courses like Python Programming, Algorithm, Artificial Intelligence,
Machine learning, Optimization, etc.

Bhagvan Kommadi is the Founder of Architect Corner - Al startup and has around 20 years of
experience in the industry, ranging from large-scale enterprise development to help incubate software
product start-ups. He has done Masters in Industrial Systems Engineering at Georgia Institute of Tech-
nology (1997) and Bachelors in Aerospace Engineering from the Indian Institute of Technology, Madras
(1993). He is a member of the IFX Forum, Oracle JCP, and a participant in the Java Community Pro-
cess. Bhagvan Kommadi founded Quantica Computacao, the first quantum computing startup in India.
Markets and Markets have positioned Quantica Computacao in the ‘Emerging Companies’ section of
Quantum Computing quadrants. The company’s focus is on developing quantum cryptographic tools,
which will provide quantum-proof data security, which will help the banking institution to protect their
transactions. He is now the Director of Product Engineering at Value Momentum. Value Momentum
has a social network for doctors (White Coats) and provides telehealth support through practice plus.
He contributes to open source, blogs, latest technologies stack like go, python, Django, node.js & java,
MySQL, Postgres, Mongo, and Cassandra. He has reviewed the Manning Book - Machine Learning
with TensorFlow. He has written Packt Publishing - Hands-On Data Structures and Algorithms with
Go and Paytech book on The Payment Technology Handbook for Investors, Entrepreneurs, and FinTech
Visionaries. He has written a book titled “Quantum Computing Solutions”. He has presented in IEEE,
Avios, Astricon, Devcon, and PyCon before on topics such as Adaptive Learning, Al Coder.

Ravi Kumar is currently working as an Associate Professor, Department of Electronics and Com-
munication Engineering, Jaypee University of Engineering and Technology, Guna.

Sivant M. is a graduate student pursuing BTech CSE (Artificial Intelligence and Machine Learning)
at Sri Ramachandra Faculty of Engineering and Technology, SRIHER.

Abolfazl Mehbodniya (SM’16) has been an Assistant Professor with the Department of Commu-
nications Engineering, Tohoku University, since 2013. He has over 10 years of experience in electrical
engineering, wireless communications, and project management. Currently working as an associate
professor in Department of Electronics and Communication Engineering, Kuwait College of Science
and Technology (KCST).

Manikandan N. obtained his Bachelors of Engineering degree in Computer Science Engineering
from Anna University2005. Then he obtained his Master’s of Engineering degree in in Computer Science

Engineering from Anna University 2011.He completed his PhD in Sathyabama Institute of Science and

259

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

About the Contributors

Technology 2020, he is an assistant professor of Computer Science and engineering, St joseph’s college
of engineering. His specializations include cloud computing, operating systems, networking.

Rethik Rham P. is a second year MBBS student of Saveetha Medical College, Chennai. His areas
of interests include Medical Image Processing, performing related studies in cancer identification and
tumor markers, Diagnosing various Viral Diseases and their impact in society.

Veeralakshmi Ponnuramu was born on 10th December 1980 in Sattur, Virudhunagar District,
Tamilnadu. She did her schooling in S.H.N Ethel Harvey Girls’ Higher Secondary School, Sattur. She
received her B.E degree in Computer Science and Engineering from Manonmanium Sundaranar Uni-
versity, Tirunelveli in the year 2002. She completed M.E degree in Computer Science and Engineer-
ing from Anna University, Chennai, in the year 2006. She completed Ph.D in Computer Science and
Engineering at B.S. Abdur Rahman Crescent Institute of Science and Technology, Chennai in the year
2018. Currently she is working as Professor at Saveetha School of Engineering, Chennai. She has the
teaching experience of 15 years. Her area of interest includes cloud computing, network security and
image processing. She has published many papers in international journals and conferences.

Purushothaman R. received Doctor of Philosophy in Computer Science and Engineering from
the Anna University, Tamil Nadu, India and has over 14 years’ experience. He is working as Associate
Professor in Department of CSE, Siddartha Institute of Science and Technology, Andhra Pradesh, India.
His teaching and research interests includes AI/ML, Data Mining, Cyber Security. He has published over
23 papers in various SCI, WoS & Scopus Indexed Journals and Conferences.

Manikandan Ramachandran obtained his Ph.D. in VLSI Physical design from SASTRA Deemed
University, India. He received his Bachelor of Engineering in Computer Science from Bharathidasan
University and Master of Technology in VLSI Design from SASTRA Deemed University. He possesses
three decades of academic and 15 years of research experience in the field of Computer Science and
Engineering. He has more than 175 research contributions to his credit, which are published in referred
and indexed journals, book chapters and conferences. He is presently working as Assistant Professor at
SASTRA Deemed University for the last 15 years. He has delivered many lectures and has attended and
presented in International Conferences in India and Abroad. He has edited more than 100 research articles
to his credit, which includes his editorial experience across refereed and indexed journals, conferences
and book chapters at national and international levels. His contemporary research interests include Big
Data, Data Analytics, VLSI Design, IoT and Health Care Applications.

Dhanalakshmi S. is pursuing final BE- Biomedical Instrumentation Engineering at Avinashilingam
Institute for Home Science and Higher Education for Women.

Harshini S. is a third-year UG student pursuing B.Tech CSE (Al & ML) in Sri Ramachandra Engi-
neering and Technology.

Sriparna Saha received her B.Tech. degree from RCC Institute of Information Technology, Kolkata,
India and her M.E. and Ph.D. degrees from Electronics and Tele-Communication Engineering depart-

ment of Jadavpur University, Kolkata, India. She is currently an Assistant Professor in the Department

260

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



EBSCChost -

About the Contributors

of Computer Science and Engineering of Maulana Abul Kalam Azad University of Technology, West
Bengal, India. Prior to that, she was associated as a faculty with Jadavpur University and two other in-
stitutions. She has more than 8 years of experience in teaching and research. Her research area includes
artificial intelligence, image processing, machine learning and recently she is giving more focus on deep
learning. She has over 70 publications in international journals and conference proceedings including
IEEE, Elsevier, Springer, etc. She is the author of a book on Gesture Recognition published by Studies
in Computational Intelligence, Springer, currently available in many online book retailers. She is also
the reviewer for many international journals. Her major research proposal is accepted for Start Up Grant
under UGC Basic Scientific Research Grant. Not only that, but she also got university seed money for
setting up her laboratory.

Moutushi Sharma is a student of MTech, CSE, Maulana Abul Kalam Azad University of Technol-
ogy, West Bengal.

Julian L. Webber is currently working as an Assistant Professor, Graduate School of Engineering
Science, Osaka University.

Fatima Ziya is currently pursuing Ph.D. from DTU, Delhi. Research area is natural language pro-
cessing and machine learning.

261

printed on 2/10/2023 5:35 PMvia . Al use subject to https://ww.ebsco.conlterns-of-use



- printed on 2/10/2023 5:35 PMvia .

262

Index

1D 61, 152, 207-209
2D 61, 65, 200

A

ACE 38, 61

AED 12,52, 54, 61, 63

Al 35-36, 39, 42-45, 48, 52-53, 57, 59-60, 63, 75, 86,
96, 108, 113, 163, 192-193, 195, 219, 223, 238

ANN29,53,61,113,150-151, 170, 192-193, 220, 228

assistive devices 84-85, 101-102, 105, 107-110

assistive technology 84-86, 96, 103-104, 106-110

AUROC 61

C

cardiovascular 1-4,9-10, 13, 17, 19-21, 24,28, 41, 63,
81,90-91,109-112, 136, 138-139, 149, 152, 163,
169-170, 189-190, 193, 216-219, 222, 225-227,
230-231, 233, 237-239

cardiovascular disease 2-3, 9, 13, 19-20, 28, 81, 90,
109-110, 138-139, 152, 163, 216-219, 222, 225-
227, 230-231, 233, 237-239

Cardiovascular failure prediction 111

ci6l1,174

clinicians 1, 4, 42, 138, 219, 231

CNN 52-53,61-62, 64-65, 69-72,76-80, 82, 139, 152,
155-156, 158-159, 161, 192, 195, 206-207, 219,
228-229, 231-232

Controlling error 111, 124

convolutional neural network 52, 61-62, 65,76, 80-83,
136, 155, 217-218, 228-229

CPR 8, 12, 35-39, 52, 59, 61, 169

CRT-P 54-55, 61

CTM 46, 61

D

death 1, 3-13, 15-21, 25, 35-36, 39, 54, 59, 61, 63, 81,

90,163,166-171,188-190,192,195,218-220,238
deep learning 52-53, 56, 62, 64-65,77, 113, 135-138,
152, 163-164, 191-192, 194, 196, 216, 218-220,
223, 226, 230-231, 237, 239
deep neural network 30, 62, 65-66, 82, 135, 228
deep residual network 81, 191, 194, 196, 204-205, 216
Digital Heath 84
DLA 61

E

ECG21-27,29-34,42,53-54,57,61-69,76,80-83,91,
134, 139-140, 152, 159-162, 164-166, 169-170,
172,192, 195, 217

EEG 53, 57, 61, 68

Electro Cardiogram 152

electrocardiogram 2, 12, 30, 109, 139, 152, 217

F

feature learning 62, 82

G

Grad-CAM 61

H

healthcare 2, 21-23, 27, 29, 31-35, 56, 60-61, 80, 84,
86-87, 90-93, 95-97, 100, 102, 104-110, 117,
135, 149, 192-193, 195, 216-219, 236-237, 239

heart attack 1, 5, 8, 24-26, 29-33, 36-38, 54, 111-113,
127-129, 133-137, 169, 192

heart attacks 8, 21, 24-26, 90, 170, 238

heart disease 1-3,5,7, 10, 13-14,17,21-22,26-28, 30-
34,41,54,63,76,90-91, 108, 113, 135-136, 138,
144-146, 148-152, 163-164, 167-168, 170-171,
189, 191-192, 194-196, 209, 216-219, 225-226,
228, 230, 233, 236-239

Al'l use subject to https://ww. ebsco.conitermns-of-use



EBSCChost -

printed on 2/10/2023 5:35 PMvia .

Index

Heath Monitoring 84
hyperparameter tuning 111-112
hyperplane 111, 118-121, 125-127

I

ICD 54, 61, 167-169

IoT 21-23, 27, 29-33, 35, 55-56, 59-60, 85, 96, 105,
191, 196, 216-217

IRB 61

K

kernel 72, 122-126, 129, 156, 209
Kernel coefficient 125

L

LDA 46, 61, 150

Long short-term memory 53, 61, 218, 231
LSTM 28, 53, 61, 81, 83, 195, 215, 219, 229-232
LVAD 54, 61

M

machine learning 19, 22, 28-29, 31-32, 34, 41-42,
45,52, 60, 64, 66, 108, 111-113, 117, 134-136,
138-140, 142, 149-151, 162-165, 167-168, 171,
179, 188-194, 209, 216, 218-220, 223, 226, 232,
237-239

machine learning techniques 29, 31-32, 45, 108, 134-
135, 164, 191, 237-238

ML 35, 42-43, 46, 52-53, 57, 60, 113, 117, 140-142,
151,163, 168-171, 191-195, 209, 215, 219, 225,
231,236

N

NLP 39, 45, 47-48, 61, 194
NLU 39, 45, 48, 61

O

OHCA 52, 59, 61, 81, 167-170

optimization 2, 23, 34, 62, 66, 74, 76, 124, 126-127,
136, 142, 150, 179, 202, 204, 228, 239

Ostu thresholding technique 191, 196, 216

P

photoplethysmography 39, 218, 231
pipeline 85, 139, 142, 149, 162-164

PLSA 46, 61

pollution 62, 68, 81-82

prediction 16, 18, 21, 26-28, 30-33, 40, 42-45, 59,
80-81, 90, 111-113, 126-128, 133-137, 140,
144, 169-172, 178-179, 188-190, 193-194, 201,
216-220, 222, 224-227,229-231, 234, 237-239

R

Random Forest 28, 30-31, 44, 46, 133-134, 139-140,
150, 170, 218, 222, 226-227, 238

RNN 53, 61

RRS 61

S

SCA1,9,12,14-16,35,37,39-40,42,61-62,170,172

SCD1,4,11,16,18-19,35,39,42,61,63,166-172, 188

sensors 21, 23, 25-27,29-30, 32-33, 35, 55-57, 59-60,
88,105,169,191-193,196-197,215-217,222,237

S-ICD 54, 61

STEMI 41, 61

stroke 1, 3, 13, 35-36, 54, 88, 91, 138-139, 144-147,
149-151, 162-164, 192, 237-238

structured 1, 16, 47, 52, 196, 228

suddencardiacarrest 1, 3-5,8,12, 14,16-19,21, 35-39,
45, 54-55,57,59-62, 82, 138, 163, 166, 170-171

Sudden Cardiac Arrest (SCA) 1, 39, 62

Support Vector Machine 34, 43, 61, 111-112, 118,
127-128, 134, 139, 179-180, 182-184, 186-188

SVM 29, 40, 61, 66, 90, 112-113, 117-120, 122-129,
131-135, 139, 150, 170, 179-188, 192-193

T

TTS 61

U

unstructured 53, 193, 195-196, 228

\u4

WCD 54-55, 61

wearable band 218

wearable devices 21, 54, 197, 215, 231
wearables 29, 35, 54-57, 59-60, 84

Well being 84

workflow 35, 139-140, 142, 149, 159, 163-164

263

Al'l use subject to https://ww. ebsco.conitermns-of-use



	Cover
	Title Page
	Copyright Page
	Book Series
	Table of Contents
	Detailed Table of Contents
	Preface
	Acknowledgment
	Introduction
	Chapter 1: SCA and SCD
	Chapter 2: A Review on IoT-Driven Technologies for Heart Disease Diagnosis and Prediction
	Chapter 3: Leveraging AI Technologies for Preventing and Detecting Sudden Cardiac Arrest and Death
	Chapter 4: Sudden Cardiac Arrest Detection by Feature Learning and Classification Using Deep Learning Architecture
	Chapter 5: Computer-Assistive Techniques for Monitoring and Tracking Patient Healthcare and Engagement
	Chapter 6: A Machine Learning Approach Towards Heart Attack Prediction
	Chapter 7: Assessment of Cardiac Dynamics and Risk Factor Analysis Using Deep Neural Nets
	Chapter 8: Designing Machine Learning-Based Variable-Order Bayesian Network in Predicting Sudden Cardiac Arrest and Death
	Chapter 9: Utilization of Artificial Intelligence-Based Wearable Sensors in Deep Residual Network for Detecting Heart Disease
	Chapter 10: PPG-Based Cardiovascular Disease Predictor Using Artificial Intelligence
	Compilation of References
	About the Contributors
	Index

