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ABSTRACT

Alzheimer's Disease (AD), which impairs memory, cognition, and behavior, is a
progressive Neurodegenerative Disorder (ND). Accounting for 60-80% of dementia
cases, AD advances from mild memory loss to complete loss of interaction with the
environment. As there is no cure for AD, early detection is vital to mitigate disease
progression. Currently, Machine Learning (ML) and Deep Learning (DL) have
exhibited promise in neuroimaging-based AD prediction by employing approaches,
namely Lasso Regression (LR), Convolutional Neural Networks (CNN), Support
Vector Machine (SVM), and Deep Neural Networks (DNN). Nevertheless, these
models face limitations, comprising overfitting, high error rates, and limited small

dataset performance.

To address these challenges, a two-part framework is introduced in this study. The
AD Neuroimaging Initiative (ADNI) MRI dataset is used by the first
implementation to enhance prediction and classification accuracy through the GELU
Swish Radial Basis Function Network (GS-RBFN). MRI images undergo
preprocessing steps, such as normalization, skull stripping, and spatial smoothing,
followed by essential brain tissue segmentation with Brownian Log Scaling
Archimedes Optimization-centric Watershed Segmentation (BLSAOWS) and
Feature Selection (FS) using the Base Switch Rule Infimum and Supremum-based
Rock Hyrax Swarm Optimization (BSRISRHSO) approach. AD classification is
further performed by the GS-RBFN classifier. GS-RBFN (Gaussian—Swish Radial
Basis Function Network) and TT Self-Weighted Deep-AD3-Net—for early
detection and staging of AD. The proposed models employ novel optimization
algorithms (BLSAOWS and BSRISRHSO) for improved segmentation and feature

selection from MRI datasets.

The performance analysis of GS-RBFN model learns the features efficiently, it
achieves superior accuracy (98.45%), precision (98.44%), F-measure (98.44%),
Sensitivity (98.44%), Recall (98.45%), and specificity (98.45%).

In the second implementation, AD risk scoring and stage prediction are focused on
using The AD Prediction Of Longitudinal Evolution (TADPOLE) dataset. This
methodology involves ranking critical variables, Risk Score (RS) calculation, and
brain shrinkage analysis. Essential variables are selected by the Recursive
Hypothesis-Creation Algorithm (RHCA), with the True True Self-Weighting



Mechanism (TT-SWM) calculating RS. By using the Queue-Boltzmann-Constant-
Sphere (QBCS) technique, brain shrinkage in the hippocampus is measured, whereas
Gray-Level Co-occurrence Matrix (GLCM) features facilitate staging through the
Deep-AD3-Net classifier. Experimental evaluation using the TADPOLE dataset
achieved an accuracy of 98.45%, sensitivity of 97.82%, and AUC of 0.981,

outperforming recent state-of-the-art models.

The frameworks demonstrate robustness and clinical potential for early intervention
and treatment planning. The study advances existing AD diagnostic approaches by
improving interpretability, computational efficiency, and predictive reliability.

Keywords: Alzheimer’s disease, Data augmentation, Brownian Log Scaling
Archimedes Optimization-based Watershed Segmentation (BLSAOWS), Base
Switch Rule Infmum and Supremum-based Rock Hyrax Swarm Optimization
(BSRISRHSO), GELU and SWISH-based Radial Basis Function Network (GS-
RBFN), Recursive Hypothesis-Creation Algorithm (RHCA), Phylogenetic Method
(PM), one Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Co-occurrence
Matrix (GLCM Genetic Algorithm (GA), Deep-AD3-Net classifier.
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ABSTRACT

Alzheimer's Disease (AD), which impairs memory, cognition, and behavior, is a
progressive Neurodegenerative Disorder (ND). Accounting for 60-80% of dementia
cases, AD advances from mild memory loss to complete loss of interaction with the
environment. As there is no cure for AD, early detection is vital to mitigate disease
progression. Currently, Machine Learning (ML) and Deep Learning (DL) have
exhibited promise in neuroimaging-based AD prediction by employing approaches,
namely Lasso Regression (LR), Convolutional Neural Networks (CNN), Support
Vector Machine (SVM), and Deep Neural Networks (DNN). Nevertheless, these
models face limitations, comprising overfitting, high error rates, and limited small
dataset performance.

To address these challenges, a two-part framework is introduced in this study. The
AD Neuroimaging Initiative (ADNI) MRI dataset is used by the first
implementation to enhance prediction and classification accuracy through the GELU
Swish Radial Basis Function Network (GS-RBFN). MRI images undergo
preprocessing steps, such as normalization, skull stripping, and spatial smoothing,
followed by essential brain tissue segmentation with Brownian Log Scaling
Archimedes Optimization-centric Watershed Segmentation (BLSAOWS) and
Feature Selection (FS) using the Base Switch Rule Infimum and Supremum-based
Rock Hyrax Swarm Optimization (BSRISRHSO) approach. AD classification is
further performed by the GS-RBFN classifier. GS-RBFN (Gaussian—Swish Radial
Basis Function Network) and TT Self-Weighted Deep-AD3-Net—for early
detection and staging of AD. The proposed models employ novel optimization
algorithms (BLSAOWS and BSRISRHSO) for improved segmentation and feature
selection from MRI datasets.

The performance analysis of GS-RBFN model learns the features efficiently, it
achieves superior accuracy (98.45%), precision (98.44%), F-measure (98.44%),
Sensitivity (98.44%), Recall (98.45%), and specificity (98.45%).
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In the second implementation, AD risk scoring and stage prediction are focused on
using The AD Prediction Of Longitudinal Evolution (TADPOLE) dataset. This
methodology involves ranking critical variables, Risk Score (RS) calculation, and
brain shrinkage analysis. Essential variables are selected by the Recursive
Hypothesis-Creation Algorithm (RHCA), with the True True Self-Weighting
Mechanism (TT-SWM) calculating RS. By using the Queue-Boltzmann-Constant-
Sphere (QBCS) technique, brain shrinkage in the hippocampus is measured, whereas
Gray-Level Co-occurrence Matrix (GLCM) features facilitate staging through the
Deep-AD3-Net classifier. Experimental evaluation using the TADPOLE dataset
achieved an accuracy of 98.45%, sensitivity of 97.82%, and AUC of 0.981,
outperforming recent state-of-the-art models.

The frameworks demonstrate robustness and clinical potential for early intervention
and treatment planning. The study advances existing AD diagnostic approaches by
improving interpretability, computational efficiency, and predictive reliability.

Keywords: Alzheimer’s disease, Data augmentation, Brownian Log Scaling
Archimedes Optimization-based Watershed Segmentation (BLSAOWS), Base
Switch Rule Infmum and Supremum-based Rock Hyrax Swarm Optimization
(BSRISRHSO), GELU and SWISH-based Radial Basis Function Network (GS-
RBFN), Recursive Hypothesis-Creation Algorithm (RHCA), Phylogenetic Method
(PM), one Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Co-occurrence
Matrix (GLCM Genetic Algorithm (GA), Deep-AD3-Net classifier.
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CHAPTER 1
INTRODUCTION

1.1 Overview

A progressive neurological disorder characterized by gradual memory loss,
behavioural changes, and cognitive decline is termed Alzheimer’s (AD). As the
chief common form of dementia, AD significantly impacts the lives of millions of
people all over the globe. Dementia, which is severe enough to affect social
interactions and daily functioning, is a considerable loss of cognitive abilities.
Several illnesses can result in dementia by harming brain cells, and one of the

primary causes of this condition is AD.
1.1.1 Growing Impact of Data and Technology

With the accessibility of massive amounts of data and rapidly evolving technology,
researchers across the globe are utilizing the synergistic combination of these
resources to make substantial impacts on society. These advancements have opened
new avenues for disease detection and diagnosis in the medical field, particularly in
medical image processing (Kumar et al., 2021). Exploiting radiological images to
extract clinical information that can provide faster and more accurate results for
medical professionals is the objective, thereby enhancing the diagnosis and

management of diseases like Alzheimer's.
1.1.2 Understanding Dementia and Its Forms

Dementia comes in numerous forms, each with its etiology and set of symptoms. For
instance, vascular dementia results from decreased blood supply to brain areas, often
caused by a stroke. The most basic and common form of dementia, marked by
memory loss and psychological deterioration due to damage to brain cells is AD
(Fuchs et al.,, 2020). WHO delineates dementia as a chronic brain disease
categorized by a progressive decline in cognitive ability, which severely impairs

social functioning?

Haulath K. Alzheimer’ s disease diagnosis and risk prg{diction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, University of Calicut.



Introduction
1.1.3 Role of Imaging in Disease Detection

The detection and identification of diseases like AD have been significantly
improved by tremendous advancements in nuclear imaging techniques.
Methodologies, namely Magnetic Resonance Imaging (MRI) and Functional MRI
(fMRI) permit for comprehensive investigation of brain functions and structures,
helping in early AD detection (Rashid et al., 2020). Supplementary data could be
rendered by combining various imaging modalities, improving diagnostic precision.
By integrating radiological images from multiple sources, the challenge of
representing different features and extracting information from each modality is

addressed.
1.2 Alzheimer's Disease Overview and Progression

A gradually developing ND, which slowly erodes a person's capability of
remembering, thinking, and eventually carrying out the simplest regular tasks, is
AD. As the disease progresses, it becomes one of the important causes of mortality,
especially amongst the elderly, ranking just behind cancer and heart-related diseases

(Varsesi et al., 2022).

In the AD’s early stages, people may experience difficulty recalling names,
recognizing new people, or organizing daily tasks. As the disease progresses,
symptoms become more severe, resulting in important impairments in daily

functioning and eventually requiring 24/7 assistance.

Some of the early symptoms of AD include:

Difficulty recalling the right words or recognizing new people.

Challenges in social interactions or workplace settings.

Misplacing objects or struggling to find items.

Increasing difficulty in planning, organizing, and completing tasks.

As the disease advances, individuals may lose the potential to understand their

environment, communicate effectively, or perform basic physical functions. At this
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stage, continuous support is required; also, the risk of developing other health

conditions, such as lung infections, increases.

Dementia, which results from brain cell damage, is an extensive medical term
referring to the loss of cognitive abilities, namely comprehension, thinking, and
memory (Aggarwal et al., 2022). AD is the most common cause of dementia, which
accounts for the major dementia cases globally. The amassing of 2 abnormal protein
fragments in the brain, namely beta-Amyloid Plaques (APs) and tau tangles is the
hallmark of AD. The brain cells’ normal functioning is disrupted by those proteins,

leading to death.

Neurons produce irregular bundles of fibers and abnormal clumps in an individual
with AD's brain. These plaques and tangles interfere with the capability of neurons
for communicating with each other, disrupting vital processes, and eventually
leading to the death of brain cells. As the disease advances, this process of
neurodegeneration is evident in the significant shrinkage of the brain. The stark
difference betwixt a healthy brain and one severely affected by AD is indicated in

Figure 1.1

Figure 1.1 : A healthy brain (Left) compared with a brain severely affected by Alzheimer's
Disease (Right).

The damage to brain cells is irretrievable in AD, causing a progressive decline in
cognitive abilities. The affected individual's memory and thinking abilities
deteriorate as the brain shrinks, thus severely influencing their quality of life
(Sharma et al., 2021). Currently, AD is the 6™ leading cause of mortality in the US.
With the number of people affected by AD projected to double by 2050, the



Introduction

disease's impact is expected to grow considerably. On average, a person diagnosed
with AD has a life expectancy of only eight years after the initial symptoms appear

(Lulita et al., 2022).
1.2.1 Causes of AD

AD is caused by an amalgamation of hereditary, age-related, and lifestyle factors.
The disease begins with the amassing of beta-APs and tau tangles in the brain,
disrupting neuron function and resulting in cognitive decline (Breijeh & Karaman,
2020). The most important risk factor is age, with the possibility of developing AD
doubling every 5 years subsequent to age 65. Genetics also play a significant role in
people with a family history of AD, particularly those carrying the APOE-e4 gene
are at high risk. The risk of developing AD is further influenced by lifestyle factors,

namely diet, physical activities, and chronic conditions like cardiovascular disease.
1.2.2 Symptoms of AD

The AD’s earliest symptom is usually short-term memory loss, followed by
disorientation in time, place, and events. Patients experience severe mood swings,
confusion, and behavioral changes as the disease progresses, often resulting in
suspicion of family and caregivers. Further, communication abilities deteriorate,
thereby making speaking, swallowing, and walking difficult (Cummings, 2021). The
degeneration spreads to brain areas controlling logical thinking and emotional
regulation, thus leading to paranoia, hallucinations, and erratic mood changes. Deep
memories are lost, and vital functions like heart rate and breathing are compromised

in advanced stages, ultimately leading to death.
1.2.3 Diagnosis of AD

Both clinical and neuropathophysiological approaches are involved in the diagnosis
of AD. Criteria that classify AD into three levels (Carlgren et al., 2020): Possible,
Probable, and Definite have been set by the National Institute of Neurological and
Communicative Disorders and Stroke (NINCDS). Neuropathophysiological
diagnosis concentrates on biomarkers like beta-APs and tau levels in Cerebrospinal

Fluid (CSF), and neuroimaging techniques, namely MRI and PET scans, which
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assess brain structure and function (Hameed et al., 2020). Nevertheless, these
approaches are still under research and lack standardized values for definitive
diagnosis. AD is clinically diagnosed through neurological and mental status exams,
cognitive assessments like the Mini-Mental State Exam (MMSE), and a review of
the patient's lifestyle, medical history, and other risk factors. These approaches assist
in differentiating AD from other similar conditions, namely frontotemporal dementia
and vascular dementia. In Figure 1.2, the different types of AD Diagnosis are

shown.

1

1

v Alzheimer’s
Di Diagnosis

Neuropatho-
physiological
p

Clinical

Figure 1.2 Types of Alzheimer's Disease Diagnosis
1.2.4 Stages of AD

AD progresses through various stages, each varying in severity and symptoms.
Primarily, if a person shows no cognitive decline or memory loss, then it is
categorized as Normal Control (NC). The disease further progresses to Mild
Cognitive Impairment (MCI), which is partitioned into Early MCI (EMCI) and Late
MCI (LMCI). Memory loss begins in the EMCI stage but may not be noticeable to
the individual (Dubois et al., 2021). As memory decline worsens, the condition
progresses to LMCI in which cognitive issues become apparent to family and
friends. AD is the final and most severe stage, where all symptoms, comprising

significant cognitive impairment and memory loss, are fully established.
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1.2.5 Clinical Tests for AD Diagnosis

It is significant to diagnose AD early to manage its progression, though it remains
challenging due to the disease's gradual onset. While age and genetic history are
significant risk factors, definitive diagnosis depends on detecting beta-APs and tau
proteins in tissues in the brain, often through invasive procedures. A combination of
patient histories, mental state examinations like the MMSE, and non-invasive
imaging approaches, namely MRI and PET scans are involved in the clinical
diagnosis. AD diagnosis has been revolutionized by these imaging studies through
the detection of structural changes, such as cerebral shrinkage and enlarged brain
ventricles, which are indicative of the disease (T). Ultimately, although advances in
medical imaging continue to improve early detection, a conclusive diagnosis often

requires microscopic analysis of brain tissue after death.
1.2.6 Brain Changes Associated with Alzheimer's Disease

The brain, containing around a hundred billion neurons in an adult who is healthy, is
an incredibly complex organ. Every neuron comprises longer, branching extensions
that form relations with other neurons at points termed synapses. These synapses
facilitate the rapid transmission of information through bursts of chemicals,
numbering around 100 trillion in the brain. This communication network supports
the cellular basis of thoughts, memories, sensations, movements, emotions, and

skills (Trejo-lopez et al., 2023).

Several changes occur within the brain in AD, disrupting its normal function. The
amassing of beta-APs outside neurons and tau tangles inside neurons are the 2 most

important changes.
1.2.6.1 Beta-Amyloid Plaques

Protein fragments accumulating outside neurons are termed Beta-APs. These
plaques, along with smaller clusters known as oligomers, are believed to contribute
to neuron damage and eventual death (a process referred to as neurodegeneration)
(Luo et al., 2021). APs interfere with neuron-to-neuron communication at synapses,

disrupting the brain's signaling pathways.
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1.2.6.2 Tau Tangles

An abnormal form of the protein tau accumulates inside neurons, forming tau
tangles. The transportation of essential nutrients and other molecules within neurons
is obstructed by the tangles, compromising cell function (Horie et al., 2021). As per
the research, beta-APs start amassing prior to the formation of tau tangles, with

increased beta-amyloid levels leading to subsequent increases in tau.
1.2.6.3 Inflammation and Atrophy

Along with plaques and tangles, inflammation and atrophy are the other brain
changes related to Alzheimer's. Immune system cells in the brain, referred to as
microglia, are activated by the occurrence of toxic beta-APs and tau proteins (Penkie
et al., 2020). These cells clear the toxic debris and proteins from dying and dead
cells. Nevertheless, when microglia cannot carry on with the clearing process,

chronic inflammation sets in, thereby exacerbating the damage.

When neurons die and are not replaced, atrophy or brain shrinkage occurs. This cell
loss causes a significant reduction in brain volume, further impairing normal brain
function. Compounding these issues, AD also impairs the brain's capability of
metabolizing glucose, which is its key fuel source. The brain's energy supply
dwindles as glucose metabolism decreases, contributing to the decline in cognitive

and physical functions.
1.2.7 Early Indicators of Alzheimer's

According to prominent research on individuals with rare hereditary mutations
causing AD, changes in the brain begin long before symptoms appear. Beta-AP
levels in the brain increased considerably, which started twenty-twenty years prior to
symptoms were expected. Glucose metabolism was initiated to reduce eighteen
years prior to symptoms, and Brain Atrophy (BA) was observed starting thirteen
years prior to symptoms were anticipated to manifest (Rossini et al., 2020). The
importance of early detection and intervention in AD is highlighted by these
findings as the underlying brain changes begin decades before clinical symptoms are

noticeable.
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Although important progress has been made in understanding the brain changes
related to AD, acknowledging that the majority of the research hasn’t encompassed
adequate representation of diverse populations is pivotal. Despite being integral
parts of the US population, Hispanics/Latinos, Black/African Americans, Asian
Americans/Pacific Islanders, and Native Americans are often underrepresented in
Alzheimer's research. In future research, ensuring that including a range of
participants is essential for developing effective treatments across different

demographic groups.
1.2.8 Global Burden of Alzheimer's Disease

A primary cause of death all over the globe is AD. A study from 2018 revealed that
mortalities attributed to AD increased by more than 16% while mortalities due to
heart disease were mitigated by 11% betwixt 2000 and 2015. Globally, AD directly
or indirectly affects one out of every ten people. 5.1 million people are impacted by
AD in the United States alone, and to address the growing demand for AD

treatment, there is no sufficient Healthcare (HC) infrastructure (Nandi et al., 2022).

The global burden of the disease is further exacerbated by the lack of targeted
medications and effective treatment options for AD. A time-consuming and
expensive process that requires collecting and analyzing large amounts of data is
detecting AD in its early stages. Yet, promising solutions to improve AD diagnosis
and risk prediction accuracy and efficiency are offered by technological innovations,

especially in Al and ML.
1.3 Medical Imaging

To diagnose and treat numerous diseases, medical imaging plays an essential role by
permitting HC experts for visualizing the human body’s internal structures
(Shamshad et al., 2023). It involves utilizing different techniques and technologies
for creating images of the organs and tissues of the body, which can further be

investigated for clinical diagnosis.

To identify and analyze specific human tissue structures, Medical Image

Segmentation (MIS) divides an image into multiple non-overlapping regions. This
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segmentation is vital for improving clinical diagnosis by allowing more accessible
analysis of medical images (Panayides et al., 2020). For instance, image
segmentation is utilized for detecting brain tumors from CT or MR images, serving
as a critical first step in image analysis and interpretation. Partitioning digital images
into meaningful segments that facilitate the treatment and diagnosis of diseases is

the objective.

Over the past decade, the medical imaging field has undergone important
advancements, resulting in the growth of less invasive and more accurate diagnostic
tools (Varoquaux & Cheplygina, 2022). Medical Imaging Techniques (MITs),
combining engineering knowledge with medical physics and biomedical
engineering, are used to study human behavior and neurobiology. Key imaging

modalities are:

. X-ray Radiography

. X-ray Computed Tomography (CT)

. MRI

. Ultrasonography

. Elastography

. Optical Imaging

. Single Photon Emission CT (SPECT)
. Positron Emission Tomography (PET)
. Thermography

. Terahertz Imaging

Each technique penetrates the human body with a specific energy source, creating
signals detected and converted into images. Essential information about the internal
structures of the patient is revealed by these images, permitting HC providers to

effectively monitor and diagnose numerous conditions.
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Enhancing, restoring, and analyzing medical images are involved in medical image
processing to improve their quality and usefulness for diagnosis. However, several

challenges persist, including:

. Enhancement and restoration of images

. Accurate and automated segmentation of features of interest
. Automated and precise registration of multimodal images

. Ordering and dimensioning of image features

. Integration of systems for clinical applications

These challenges arise from the complexity of biological variations along with the
limitations of imaging modalities, including X-ray, MRI, and CT. Image
segmentation is specifically challenging as it typically involves manually locating
objects of interest and boundaries within volumetric images, necessitating expert

knowledge and significant time.

For detecting abnormalities and monitoring recovery and treatment progress,
especially post-surgery, medical imaging is vital, which integrates expertise from
various fields, including medicine, radiography, biomedical engineering, and
medical physics. MIS has turned out to be a standard approach recently to visualize
brain structures and perform volumetric and shape comparisons (Willemink et al.,
2020). Fully automatic approaches don’t permit human intervention while manual
segmentation is labor-intensive and requires training. Thus, semi-automatic
methods, which allow some degree of user input, have turned into the preferred

approach in MIS.
14 Techniques for Alzheimer's Disease Prediction

To predict AD, various techniques are employed, from traditional methods to
modern Artificial Intelligence (AI) approaches (Shastry et al., 2022). To analyze
patient data and predict the likelihood of developing Alzheimer's, data mining and

statistical methods have been used traditionally. More recently, prominence in
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predicting AD has been gained by advancements in Al and its subsets, such as ML
and DL (Kavitha et al., 2022). Due to these Al techniques’ abilities to handle large
datasets, recognize complex patterns, and improve the accuracy of early diagnosis,

they are increasingly preferred.

Machine Learning: For predicting the risk of developing AD, ML algorithms, such
as SVM, Decision Trees (DTs), and Random Forests (RFs), are wielded to analyze
various features from patient data, including genetic, cognitive, and neuroimaging
data (Shahbaz et al., 2019). These models learn from prevailing data to enhance their

predictions over time, making them valuable tools for early detection.

Deep Learning: It is a more advanced subset of ML that wields Neural Networks
(NNs) with multi-layers for processing complicated datasets (Saratxaga et al., 2021).
For detecting subtle changes in brain structure related to AD, techniques like CNNs
and Recurrent NNs (RNNs) are especially efficient in investigating medical images
like MRI and PET scans (Salehi et al., 2020). To identify early signs of AD, DL
models have shown superior performance, often outperforming traditional ML

methods.

Figure 1.3 displays that Al and its subset techniques are utilized for predicting AD.

Artificial Intelligence

Machine Learning ¢ |

Deep Learning

Figure 1.3: Techniques for prediction of AD
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1.5 Motivation for the Study

The AD’s manual diagnosis is a challenging and onerous process, often requiring an
amalgamation of cognitive testing and neuroimaging to conclude. Given the subtle
differences between normal aging and early-stage AD, difficulties are experienced
by clinicians in making accurate diagnoses based solely on cognitive assessments.
This issue is compounded by the subjective nature of these tests and the time
required to manually analyze neuroimaging results. Many ML binary classification
techniques have been applied by earlier studies in Dementia classification, which
also utilized multiple biomarkers from MRI, PET, SPECT, or Neuropsychological
data. To improve classification accuracy, few studies have attempted to integrate
biomarkers, and very seldom have a multiclass grouping of normal controls,
moderate cognitive impairment, and Alzheimer's Dementia. Owing to the small
structural changes in the brain occurring during the AD’s early stages, early

biomarkers for MCI are hard to obtain.

To enhance improving the AD diagnosis’s accuracy, the integration of biomarkers,
mainly those identified in brain cells through neuroimaging, offers a promising
avenue. Nevertheless, conventional image processing and analysis techniques often
struggle with the complexity and variability of brain structures. This has resulted in

a growing interest in applying advanced Al and ML techniques to this problem.

Impacting the power of ML, particularly DL, for improving the early detection and
classification of AD is this research’s aim. This research seeks to provide tools to
support clinicians in making more precise and timely diagnoses by developing
models that can automatically analyze neuroimaging data and identify subtle

patterns indicative of AD.
1.6 Problem Statement

A decline in mental abilities and memory is caused by the progressive deterioration
of the brain caused by AD, eventually leading to functional impairment termed
dementia. The most widespread cause of dementia is AD. Despite extensive

research, the AD’s exact etiology remains unknown, with genetic, environmental,
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and behavioral factors contributing to its development. The AD’s initial symptoms
are typically mild, characterized by memory loss and trouble in carrying out daily
tasks. Yet, the condition can advance to personality changes, severe memory
impairment, and a complete loss of communication and self-care abilities. The
emotional and financial strain imposed on individuals and their loved ones by this
illness is substantial. Therapies and lifestyle modifications can assist in managing
symptoms and slowing the disease's progression though there is recently no
treatment for AD. Still, the disease’s fundamental causes are being investigated, and

ongoing research focuses on developing more effective treatments.

The proposed research has two sections that address different challenges and

objectives related to AD diagnosis and classification.

1. In the first proposal, limitations in current methodologies are identified for
analyzing brain MR images in the context of AD diagnosis. Challenges
comprise handling variations in cytoarchitecture, segmenting images with
noisy backgrounds, and addressing non-brain tissues in MRI scans.
Addressing these challenges using techniques, namely data augmentation,
image pre-processing, skull stripping, and classification using a GS-Radial
Basis Function Networks (GS-RBFNs) model is the proposed approach’s

aim.

2. In the 2™ proposal, the challenges in AD risk prediction, including
overfitting, variability in Intra Cranial-Volume (ICV), limitations of ADAS-
Cog 13 as a primary endpoint, and the need for texture analysis in assessing
brain volume changes are focused. To improve risk prediction accuracy and
address these issues, the proposed solution involves the development of a TT

Self-Weighted Deep-AD3NET model using the Tadpole dataset.

To advance AD diagnosis and classification, each proposal identifies specific
challenges and proposes targeted solutions, demonstrating a comprehensive

approach to addressing the various aspects of the disease.
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1.7  Research Objective

Developing innovative methodologies for early diagnosis and accurate classification
of AD using advanced neuroimaging techniques and Al algorithms is the aim of the

research.
Objectives

1. To propose a novel approach for early prediction and classification of AD
utilizing a GS-RBFN.

2. To improve methods for predicting AD risk by addressing issues, such as
overfitting, variability in ICV, and limitations of existing cognitive
assessment tools. To develop a novel prediction model using the TT-SW

Deep-AD;NET approach to enhance accuracy and reliability.
Key contributions

o When compared to baseline techniques, the proposed model achieves
superior accuracy in classifying AD stages, addressing challenges in accurate

and early AD prediction.

. The model offers improved performance in predicting AD stages and
assessing the risk of AD development by including a metric ranking

technique and DL classifier.
1.8 Significance of the Study

This research is important due to its capability of revolutionizing the early diagnosis
and treatment of AD. This research aims to offer more precise and early AD
predictions by developing a robust framework that integrates multiple data sources
and leverages advanced ML techniques, which could result in earlier interventions
and better patient results. The findings of this research significantly contribute to
medical imaging, ML, and neurological disease management, offering new tools and

methodologies for clinicians and researchers.
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Introduction
Scope and Limitations

Scope: To early diagnose and classify AD utilizing neuroimaging data, this
research focuses on developing ML models. The research will primarily
utilize MRI and fMRI data from publicly available datasets, namely the
ADNI. For enhancing diagnostic accuracy, the study will analyze the
combination of multimodal data sources and apply advanced machine-

learning techniques.

Limitations: The study is limited by the availability and quality of
neuroimaging data, which may affect the findings’ generalizability.
Moreover, the study will concentrate on the development and validation of
ML models, and while interpretability is a key consideration, implementing

these models in clinical settings will require further validation and testing.

Thesis Structure

Chapter 1: Introduction

In this chapter, AD is introduced, discussing its impact on patients and the
HC system. This chapter outlines the motivation behind the research,
emphasizing the significance of early diagnosis and precise classification of
AD. Along with that, the problem statement, research objectives, the study’s

significance, and the scope of the research are detailed in this chapter.

Chapter 2: Literature Survey

This chapter renders a comprehensive review of conventional research on
AD diagnosis and classification. Traditional methods, data mining, statistical
techniques, and modern advancements in ML, DL, and neuroimaging
technologies are covered in this chapter. This survey recognizes gaps in

recent methodologies and sets the stage for the proposed research.

Chapter 3: An Efficient GS-RBFN Framework for Early Prediction and
Classification of AD

In the first methodology chapter, a novel framework is presented using a GS-

RBFN to early predict and classify AD. The steps involved in the
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methodology, including image pre-processing, segmentation using the
BLSAOWS technique, data augmentation, Feature Extraction (FE), and
classification are discussed in this chapter. Also, the GS-RBFN framework’s
effectiveness in accurately categorizing AD into MCI, AD, and Cognitively
Normal (CN) stages is evaluated.

Chapter 4: TT Self-Weighted Deep-AD3Net: An AD Stage and Risk Prediction

. In this chapter, the second proposed methodology, which focuses on
predicting AD stages and associated risks using the TT Self-Weighted Deep-
AD3Net model, is introduced. The process of ranking variables using the
RHCA, FE using Genetic Algorithms (GAs), and RS prediction using the
TT-SWM are outlined in the chapter. The methodology comprises brain
shrinkage measurement using the QBCS approach and classification using

the Deep-AD3Net model.
Chapter 5: Results and Discussion

. The outcomes acquired from applying the 2 proposed methodologies are
presented in this chapter. Also, a comparative analysis of each method's
performance, including accuracy, sensitivity, and specificity, is discussed.
Insights into the strengths and limitations of every methodology and how
they contribute to improving early diagnosis and classification of AD are

provided in the chapter.
Chapter 6: Conclusion and Future Scope

. The research’s key findings are summarized in the final chapter,
emphasizing the contributions of the proposed methodologies to the field of
AD diagnosis. In this chapter, the implications of these findings for clinical
practice are discussed. This chapter summarizes potential areas for future
research, namely extending the models to other NDs and incorporating

additional data modalities to further improve diagnostic accuracy.
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CHAPTER 2
LITERATURE SURVEY

2.1 Introduction

AD, which is the chief contributor to the cause of dementia globally, is a progressive
ND. Generally, because of AD’s neurodegenerative condition, the prediction of AD
and identification of risk factors are prominent for early intervention and effective
management. Furthermore, it is significant to comprehend the intricate interaction
among risk factors for enacting precise interventions and tailored prevention
approaches. Also, in this thesis, exploring an efficient prediction of AD and the
identification of risk factors is mainly focused. In addition, the overview of the
classification of AD using MRI is represented in Section 2.2, a comprehensive
review of preprocessing approaches in AD detection is indicated in Section 2.3, the
impact of FS strategies in predicting AD is examined in Section 2.4, the
performance analysis of standard available datasets in the assessment of AD
detection is presented in Section 2.5, the general contribution of Al in the prediction
of AD is illustrated in Section 2.6, and the significance of identifying the risk factor

for AD is represented in final section.op
2.2 Overview of the Classification of AD Using MRI

MRI emerges as a potent tool in the domain of neuroimaging for predicting AD,
which captures detailed images of brain structures and abnormalities. Moreover,
MRI-based classification can improve AD progression and develop personalized
treatment tactics. In addition, MRI serves as a powerful tool for recognizing persons

at risk of developing AD and facilitates timely interventions.

(Chaddad et al., 2018) analyzed the structure called the deep radiomic analysis for
AD based on MRI. Effective features were implemented by this method centered on
the CNN feature maps’ entropy to improve AD classification and healthy control
subjects. Moreover, this technique achieved the highest Area Under Curve (AUC) of
92.58% for the integrated radiomic features of alliu subcortical. Nevertheless, due to

inadequate texture information, this apiuproach faced inherent challenges.

Haulath K. Alzheimer’ s disease diagnosis and risk pregiction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, University of Calicut.
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(Islam & Zhang, 2018) exemplified an architecture called the MRI-based AD
diagnosis utilizing an ensemble system of deep CNN. Deep CNN was implemented
by this framework to diagnose AD utilizing brain MRI data analysis. Additionally,
in this scheme, the different stages of AD were identified. Also, it achieved
precision of 94%, recall of 93%, and fl-score of 92%. Therefore, due to an

inadequate training dataset, this framework had poor performance.

(Jain et al., 2019) assessed the method called the AD classification based on CNN
using brain MRI. This structure implemented a mathematical model, which was
represented as Data Preprocessing utilizing Freesurfer and Selection centered on
Entropy, followed by further Classification utilizing TL. In addition, this scheme
utilized data from the ADNI database. Moreover, for 3-way classification, this
framework achieved 95.73% accuracy. Yet, due to the lack of available resources,

this model had more complexity.

(Lian et al., 2020) displayed the framework called the structural MRI (sMRI)-based
Hierarchical Fully Convolutional Network (H-FCN) for AD diagnosis and joint
atrophy localization. This methodology implemented H-FCN for the automatic
identification of the discriminative local patches and regions from the entire brain
sMRI. Also, this model was evaluated with 2 independent datasets, namely ADNI-1
and ADNI-2 on a large cohort of subjects. Additionally, concerning automatic
discriminative localization and brain disease diagnosis, this methodology achieved
good results. However, due to supplementary information, this framework was more

aggressive.

(Pan et al., 2020) introduced an effective early detection of AD for MRI utilizing
CNN and Ensemble Learning (EL). This framework implemented a classifier by
combining CNN and EL, which was represented as CNN-EL, for identifying
subjects with MCI or AD utilizing MRI. Also, an accuracy rate of 0.05 was gained
by this architecture to predict AD utilizing MRI. Nevertheless, owing to a lack of

scalability, this framework had low classification accuracy.

(Ebrahimi & Luo, 2021) established a method called the detection of AD based on
MRI images using CNN. For the accurate prediction of AD based on MRI, this
technique employed 2-dimensional (2D) and 3-dimensional (3D) CNNs and RNNs.
Additionally, this approach attained 96.88% accuracy, 100% sensitivity, and 94.12%
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specificity by utilizing 3D voxel-based methods, respectively. However, owing to
the massive number of learnable parameters, this methodology took more time to

train.

(Ebrahimi et al., 2021) recommended an approach called AD detection from MRI
using deep sequence modeling. To accurately detect AD, this technique
implemented sequence-based Temporal Convolutional Network (TCN) and
numerous kinds of RNNs. Also, this model applied ResNet-18 pre-trained on an
ImageNet dataset. In addition, this scheme achieved 91.78% accuracy, 91.56%
sensitivity, and 92% specificity in the classification of AD, respectively. Thus, due

to inadequate features, this model suffered from irrelevant information.

(Guan et al., 2021) employed the system called the MRI-based AD prediction
through distilling the multi-modal data knowledge. This model employed a multi-
modal multi-instance distillation approach for distilling the knowledge learned as of
the multimodal data to an MRI-centric network to predict MCI conversion.
Furthermore, concerning AUC, this architecture achieved better accuracy. However,

because of ineffective multimodalities, this model had an insignificant performance.

(Mehmood et al., 2021) described the methodology called the early AD diagnosis
using a Transfer Learning (TL) approach centered on MRI. For the early AD
diagnosis, this framework employed the Visual Geometry Group (VGG) architecture
family with per-trained weights. Furthermore, for the diagnosis of AD, this
architecture applied the ADNI database. In addition, this method achieved the
highest rate of 98.73% regarding classification accuracy. However, due to

insufficient training data, this framework had insignificant performance.

(Saratxaga et al., 2021) indicated the model called AD prediction utilizing DL-based
solutions using MRI. To predict AD from MRI, this method implemented effective
DL and image processing methods. Along with that, this framework obtained up to
0.93 balance accuracy for image-centric automated disease diagnosis. However,
owing to the usage of a large number of data, this methodology had complex

problems.

(EL-Geneedy et al., 2023) defined the system called the accurate detection of AD
utilizing a DL technique centered on MRI. This model developed a DL-centric
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pipeline to accurately diagnose and predict AD. Along with that, low CNN
architecture and 2D T1-weighted MRI were wielded by this model to accurately
predict and diagnose AD. In addition, this methodology acquired a high accuracy
(99.68%) in terms of testing. Nevertheless, due to a massive amount of data

augmentation techniques, this system had computational complexity.
2.3 Detailed Review on Pre-Processing Approaches in Ad Prediction

Pre-processing plays a pivotal part in detecting AD by refining raw data to enhance
the predictive models’ accuracy and effectiveness. Along with that, several issues,
such as noise reduction, FE, and normalization through various techniques are
represented in pre-processing, laying the foundation for robust and reliable

predictions.

(Bhagwat et al., 2018) assessed an architecture called the prediction and modeling of
clinical symptom trajectories in AD utilizing longitudinal data. In this approach, a
computational framework was implemented with ML techniques to model symptom
trajectories and predict symptom trajectories utilizing longitudinal and multimodal
data. In addition, for the predictive tasks, this framework achieved a highly accurate
performance (0.847). However, due to the utilization of multiple hidden layers, this

technique took high computational time.

(Wang et al., 2018) presented an approach called the predictive modeling of the AD
progression with RNN. For disease progression, this approach employed deep RNN
with Long Short Term Memory (LSTM) cells. Furthermore, for supporting the shift
of time steps, this scheme was believed to enhance “many-to-one” RNN
architecture. In addition, regarding AD progressions, this methodology achieved
99% accuracy and outperformed classic baseline methods. Nevertheless, due to the

lack of available predictive tools, this model showed incorrect prediction.

(Bohle et al., 2019) demonstrated the methodology called the MRI-based
classification of AD using Layer-Wise Relevance Propagation (LRP) for explaining
DNN decisions. In this approach, LRP was implemented for visualizing CNN
decisions of AD centered on MRI data. In addition to that, this framework was
utilized for a case-by-case assessment in a clinical setting. Hence, owing to

insufficient ground truth in the heatmap, this model had poor accuracy.
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(Hong et al., 2019) developed the technique called the prediction of AD using
LSTM. A prediction model centered on LSTM was implemented in this method to
predict the disease development from the temporal data of a patient. Additionally,
for different data sizes, this framework was stable and achieved better performance.
Yet, because this scheme accepted only a certain range of data sizes, it had a

misclassification problem.

(Lorenzi et al.,, 2019) validated an approach called the probabilistic Disease
Progression Modeling (DPM) for the prediction of AD. In this system, a
reformulated DPM was implemented within a probabilistic setting for quantifying
the diagnostic uncertainty of individual disease severity in a hypothetical clinical
situation. Moreover, to assess diagnostic value and uncertainty related to various
biomarkers, this model represented a valuable instrument. However, this framework
failed to quantify the morphological brain changes precise quantification, leading to

poor performance.

(El-Sappagh et al., 2020) analyzed the system called the detection of AD
progression using a multimodal multitask DL model centered on time series data. To
predict AD progression, this methodology employed a robust ensemble DL model
centered on stacked CNN and a Bidirectional LSTM (BiLSTM) network. Together
with that, this scheme was applied to an ADNI dataset, demonstrating this system’s
effectiveness. However, due to the lack of critical modalities, this method had poor

accuracy.

(Nakagawa et al., 2020) employed the framework called the prediction of
conversion for AD using deep survival analysis of MRI. This technique was
implemented with MCI and CN subjects. Moreover, this approach utilized the grey
matter volumes of brain regions in these subjects as a predictive feature. In addition,
this model achieved a high rate (0.835) regarding the maximum concordance index.
Nevertheless, due to the lack of available data, this framework failed to account for

the competing risks.

Furthermore, in the following Table 2.1, the comprehensive review on pre-

processing in the prediction of AD is represented.
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Table 2.1: Comprehensive review on pre-processing in the AD prediction.

Author’s

Name Algorithm Precision | Sensitivity Limitation
Due to the massive
Hybrid FE approach, number of sample
Altaf et Gradwarp, B1 non- i 92 11% resources, this
al., (2018) uniformity, and N3 ' architecture
bias field correction consumed more
time.
This system failed
Magsood TL classification to segment images,
et al., model and Linear 74.27% 92.85% leading to poor
(2019) contrast stretching performance in
accuracy.
Due to the lack of
Motion Correlation, functional data, this
Parmar et Intensity methodology
al., (2020) Normalization, and 0.96805 0.9675 struggled to
3D-CNN generate unbalanced
classes.
Due to the unbiased
labels, this system
An et al., Deep EL and 87 5% i was not suitable for
(2020) Normalization ' practical use and
was more
expensive.
Multimodal DL based Owing to the lack of
Liu et al on CNN gnd ayailable feat.ures,
(202 0)" Nonparametric Non- - 83.05% this method did not
uniform intensity predict brain
Normalization (N3) abnormalities.
Twin SVM (TSVM), .
Least Squares TSVM Owing t? the
(LSTSVM), Robust amalgamation of a
Khan et . large number of
Energy-centric LS- - 89.44% .
al., (2021) TSVM (RELS- feature§, this model
TSVM), and had 1rreleyant
Normalization information.
Due to the lack of
AD Detection hand-crafted
Ghazal et | empowered with TL features, this
al., (2022) | Algorithm (ADDTLA) 93.7% 91.5% framework
and Image Resizing struggled for
extraction.
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24 Review on the Impact of Feature Selection in AD Prediction

FS plays a major part in AD prediction by assisting in the identification of relevant
biomarkers and the reduction of dimensionality for complex data. Furthermore, for
enhancing the AD prediction models’ accuracy and efficiency, FS strategies are
being explored rapidly by researchers with the recent development in ML and

medical imaging technology.

(Mirzaei et al., 2018) executed the system called the 2-stage FS of voice parameters
for the early AD prediction. A two-stage FS was implemented in this approach for
extracting the pertinent features from speech in pathology groups. Along with that,
for testing the three feature sets, this model applied three classification approaches,
namely SVM, k-Nearest Neighbor (kNN), and DT. In addition, this framework
achieved a relative gain of 70%, 88%, and 59% for kNN, SVM, and DT,
correspondingly. However, due to insufficient samples, this architecture had poor

classification.

(Parisot et al., 2018) validated the approach called the prediction of AD utilizing
Graph Convolutional Network (GCN). This system employed a comprehensive
assessment of a generic model, which leveraged both non-imaging and imaging
information. Moreover, this framework was tested on two larger datasets, such as
Autism Brain Image Data Exchange (ABIDE) and ADNI to predict Autism
Spectrum Disorder (ASD) and conversion to AD. Moreover, this scheme achieved
70.4% and 80% classification accuracy in ABIDE and ADNI, respectively. Hence,
due to the choice of node descriptors, this framework did not effectively capture the

complex patterns.

(Xu et al., 2018) propounded a model called an efficient classifier to identify AD
genes. To predict AD, the model employed an SVM centered on gene-coding
protein sequence information. Moreover, concerning AD identification, this scheme
achieved 85.7% accuracy. Along with that, for AD classification, this system
worked under a synchronized dataset. Nevertheless, this approach had poor

sensitivity concerning irregularized parameters.

(Jin & Deng, 2018) developed the framework called the prediction of various stages
of AD utilizing Neighborhood Component Analysis (NCA) and ensemble DT. In
this scheme, NCA was applied to selecting the most potent features to predict and
develop an ensemble DT for predicting the group of subjects. Additionally,
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regarding prediction on 160 test subjects, this system achieved 56.25% accuracy.
Hence, due to the usage of unavailable subjects, this framework attained lackluster

prediction performance.

(Lei et al., 2020) articulated the technique called AD prediction utilizing DL and
joint learning of longitudinal data. This method developed a model centered on
longitudinal multiple time points data for predicting the clinical scores. Moreover, in
this approach, the public database of ADNI was utilized, which revealed the relation
betwixt the clinical score and MRI data. In addition, this method presented a
superior performance on the ADNI dataset. Nevertheless, owing to the usage of

multiple modalities, this methodology had a computational burden.

(Hong et al., 2020) illustrated the system called the prediction of AD for time series
neuroimage investigation. An effective time-series AD Prediction Model (ADPM),
encompassing RF, Region Of Interest (ROI) selection, and Gated Recurrent Units
(GRU) prediction was implemented in this framework. Furthermore, high
classification accuracy was achieved by this methodology, which also facilitated the
prediction of early-onset AD. Nevertheless, due to the high level of transparency,

this technique experienced challenges with information overload.

(Zhang et al., 2021) recommended an approach called the AD multiclass diagnosis
through multimodal neuroimaging embedding FS and feature fusion. In this
technique, an effective AD multiclass classification methodology with embedding
FS and feature fusion was implemented based on multimodal neuroimaging.
Additionally, this structure applied the data from the public dataset ADNI; also, it
consumed less time. However, for storing a kernel matrix, a larger amount of space

was required by the method.

(El-Sappagh et al., 2021) demonstrated an architecture called multilayer multimodal
detection along with prediction centered on explainable Al for AD. An interpretable
and accurate AD diagnosis and progression detection framework was developed in
this scheme. Additionally, this system achieved 90.51% cross-validation accuracy
and 90.5% f1-score. Also, to predict and detect AD, this model worked on the ADNI
dataset. Nevertheless, due to the consideration of baseline data, this method faced a

challenge in analyzing the time series data.

24



Review of Literature

Furthermore, Table 2.2 exemplifies the FS’s performance analysis for the

classification of AD.

Table 2.2: Performance analysis of feature selection for the prediction of AD.

Author’s . Specificity | Sensitivity
Name Technique (%) (%) Challenge
This approach had
Zhou et TrAdaboost Algorithm high comp utation
al., and Entronv-based FS - 80 complexity due to the
(2018) Py utilization of larger
sample sizes.
ML-based framework ThlsoTogre%oi;z lr?g:d
Gupta et | and Truncated Singular beiausg of its limited
al., Value Decomposition 96.44 95.47 capability to
(2019) (SVD) dlmel‘lsmnahty differentiate similar
reduction :
brain structures.
3 and 4-group
classification centered
. Due to the presence
on the Sequential .
X of a massive number
o Feature Collection .
Hojjati et (SFC), Discriminant of hub nodes, this
al., > : 72 62 method exhibited
(2019) Correlation Ana}ysm abnormalities in
(DCA) FS algorithm,
. large-scale network
and Minimal connectivi
Redundancy Maximal .
Relevance (MRMR).
VAL coni e oy
Duc etal, | (SYM-RFE) and Least for re ressifn this
> | Absolute Shrinkage 98.21 67.23 gresston,
(2020) . system did not
and Selection Operator .
(LESSO) generalize well for
large datasets.
This framework
Divya & Recursive Feature experienced
Kumari, | Elimination (RFE) and 92.32 85.85 overfitting due to the
(2021) GA imbalance in data
sizes.
2.5 Performance Analysis of Standard Available Datasets in the Assessment

of AD Detection

Datasets play an essential part in the prediction of AD. Also, they facilitate research

endeavors for early detection, prognosis, and treatment development. Moreover,
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invaluable insights into the multifaceted nature of AD are offered by comprehensive
datasets, encompassing diverse patient demographics, clinical assessments,

neuroimaging scans, genetic profiles, and biomarker data.

(Liu et al.,, 2018) recognized the method called the classification of AD by
integrating CNN and RNN using Fluorodeoxyglucose PET (FDG-PET) images. This
framework implemented an efficient classification approach centered on combining
2D CNN and RNN that learned the intra- and inter-slice features to classify AD.
Moreover, to classify AD and MCls in the ADNI dataset, this model achieved
promising performance. Nevertheless, due to the utilization of PET images as input,

this model struggled in dynamic prediction.

(Khan et al., 2019) introduced a technique called the prediction of AD using TL with
intelligent training data selection. This system employed VGG architecture with pre-
trained weights as of larger benchmark datasets comprising natural images.
Additionally, this approach utilized the ADNI dataset and achieved a 4% and a 7%
increase in accuracy. However, due to this framework’s reliance on extensive

training sets, it was not suitable for practical purposes.

(Iddi et al., 2019) signified the course of AD progression for detection. A two-stage
approach was implemented in this methodology to model and predict measures of
function, cognition, brain imaging, fluid biomarkers, along with diagnosis of
individuals utilizing multiple domains concurrently. Moreover, this model achieved
80% accuracy from the ADNI dataset. However, due to the complexity of joint

models, this technique required more computational time.

(Basaia et al., 2019) described the automated classification to predict AD and MIC
utilizing a single MRI and DNNs. To predict the individual AD diagnosis and the
MIC conversion to AD, this framework implemented a DL algorithm. Furthermore,
this model obtained a higher accuracy for ADNI (99%) and the combined version of
the ADNI and non-ADNI datasets (98%). However, this framework failed to address

the atypical AD presentations owing to ineffective diagnostic tools.

(Bringas et al., 2020) described the DL model to identify AD. For recognizing the
patterns, this scheme was employed with a processed time series and a CNN model.

Moreover, this technique achieved 90.91% accuracy and 0.897 fl-score for the
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CNN-based method. Hence, this approach struggled to generate the daily data

sequence owing to inadequate available sequences.

(Park et al., 2020) employed a system called the AD prediction centered on DNN
through the integration of gene expression and the Deoxyribonucleic Acid (DNA)
methylation dataset. By utilizing larger-scale gene expression and DNA methylation
datasets, this model employed a DL-based model for predicting AD. Also, an
effective simple approach was implemented in this framework for reducing the
number of features centered on a differentially expressed gene and a differentially
methylated position in the multi-omics dataset. Additionally, as per this
methodology, the integration of gene expression with DNA methylation data
improved the prediction accuracy. Nevertheless, due to the integration of two

molecular layers, this model had an overfitting problem.

(Basheer et al., 2021) illustrated the DNN approach for the computational modeling
of dementia prediction by analyzing the Open Access Series of Imaging Studies
(OASIS) dataset. This structure implemented an effective system by presenting
alterations in the capsule network design for optimal prediction outcomes. Besides,
the OASIS dataset was used in this framework for diagnosing the label into 2
categories, such as demented and non-demented. Along with that, this framework
achieved 92.39% accuracy. Nevertheless, due to the utilization of a capsule network,

this method was computationally more expensive.

(AbdulAzeem, et al., 2021) validated the method called CNN-centric end-to-end
model for classifying AD. In this methodology, a CNN-based framework was
employed to classify AD. Furthermore, for the binary classification of AD and CN,
this model utilized the ADNI dataset. This model achieved a higher classification
accuracy (97.5%). This system was affected by difficulties in achieving convergence

in the NN due to the vanishing gradient problem.

(Hernandez-Lorenzo et al., 2022) showed the framework called the early diagnosis
of AD using the limits of GNN. To tackle the challenges faced by the Genotype-
based prediction of the phenotype, this system implemented ML techniques.
Additionally, this method outperformed other ML techniques and achieved superior
results by using protein-protein interactions. However, this methodology had

improper interpretability analysis owing to the inability to export trained models.
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(Kavitha et al., 2022) implemented the early-stage AD prediction using ML models.

To identify the best parameters of AD prediction, this methodology employed seven
ML models. As well, this method wielded the OASIS dataset and obtained 83%

accuracy on the test data. Hence, due to the diverse source of data, this framework

exhibited sensitivity to outliers.

Also, the comparative analysis of datasets in AD prediction is specified in the

following Table 2.3.

Table 2.3: Comparative analysis of datasets in AD prediction.

Author’s Name Method Dataset Subjects | Accuracy Limitation
Due to the
Un- utilizat@on of 3]?
Bictal,(2020) | supervised | ADNI 1075 0250, | dataas input, this
CNN methodology had
complex and
intense resources.
ADNI and
Dual Australian
Attention Imaging, This framework
Multi- Biomarker was unable to
Instance and represent various
Zhu etal., (2021) DL Lifestyle 1689 0.863 local features due
Network Flagship to the fixed size
(DA- Study of of input patches.
MIDL) Ageing
(AIBL)
Multi- This system
information . showgd
Generative ineffective
Zhao et al., (2021) Adversarial ADNI 201 78.45% performance
Network beca'use it did not
(mi-GAN) predict short-term
brain images.
Tensor Due to the
Multi-Task interference from
EL with the training data,
Zhang et al., (2023) Gradient ADNI 313 - this model
Boosting experienced an
(TMTL- overfitting
GB) problem.
Due to the
.| Multi-Task | ADNI- unavailability of
Venkata;subramaman DL standardized 449 94 5% resourcffes'i t:lns
et al., (2023) (MTDL) | MRI dataset. system failed to

validate real-time
data.
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2.6 General Contribution of Al in the Prediction of AD

To predict AD, AI arose as a powerful tool. Al comprises ML and DL
methodologies. Furthermore, Al techniques can enhance the accuracy and early
detection of AD. They also facilitate proactive interventions by analyzing diverse
datasets, including neuroimaging, genetic, and clinical data. This emerging domain
can transmute AD prediction and create a way for a novel age of precision medicine

and better patient results.

(Lee et al., 2019) implemented a multi-modal DL technique for predicting AD
progression. To predict the conversion from MCI to probable AD, this framework
employed a multi-modal RNN. In addition, this structure incorporated longitudinal
multi-domain data and obtained 81% accuracy. Also, this model achieved 75%
accuracy in predicting the conversion from MCI to AD. Yet, due to the combined

features in its parameters, this framework exhibited prediction errors.

(Lietal., 2019) executed a DL framework to early predict AD dementia centered on
hippocampal MRI. A DL method was implemented in this method, which was also
validated based on MRI scans of 2146 subjects for predicting MCI subject’s
progression to AD dementia in a time-to-event investigation setting. Moreover, this
model rendered an economical and accurate means to prognosis and facilitated
enrollment in clinical trials potentially. Hence, this technique exhibited incomplete

and inaccurate predictions due to insufficient available data.

(Oh et al., 2019) exemplified the system called the classification and visualization of
AD using Volumetric CNN and TL. In this framework, a convolutional autoencoder
(CAE) was implemented, which was centered on unsupervised learning for
performing the two various tasks. Moreover, this framework was validated on the
ADNI database. Also, it achieved a high accuracy (80.27%) for the prediction of
AD. However, this methodology had insignificant performance owing to the limited

number of subjects.
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(Fan et al., 2020) examined the AD classification centered on brain MRI and ML. In
this methodology, the SVM model was implemented to classify and predict
numerous disease processes of AD, which was centered on sSMRI data. Additionally,
for 317, 688, and 1203 sample training sets, this structure achieved classification
accuracy of 65.49%, 68.07%, and 73.97%, respectively. However, due to the high

noise and irrelevant data, this framework had a long execution process.

(Nguyen et al., 2020) analyzed the prediction of AD progression utilizing deep
RNNs. A minimal RNN from the TADPOLE was implemented in this methodology.
Also, from the ADNI dataset, this model utilized 1677 participants of longitudinal
data. By using these participants, better accuracy was achieved by this system for
the prediction of AD. Therefore, this framework struggled to detect the constant

prediction due to the lack of stable subjects.

(Zhao et al., 2020) articulated the imaging of nonlinear and dynamic functional brain
connectivity with the AD diagnosis application centered on EEG recordings. This
approach implemented an effective brain functional connectivity imaging approach,
which targeted the contribution of nonlinear dynamics of functional connectivity.
Moreover, this method was generic and utilized as a powerful tool for investigating
brain networks. However, owing to insufficient measuring tools, this system

struggled to capture the complex network interaction.

(Liu et al., 2021) developed the model called AD detection using depthwise
separable CNN. For improving the efficiency of the DL algorithm and classification
of AD, this method employed a deep separable CNN model. Along with that, this
approach was trained with two complicated networks, such as AlexNet and
GooglLeNet, which were utilized for TL. Also, for AlexNet and GoogLeNet, the 2
trained frameworks achieved average classification rates of 91.40% and 93.02% and
consumed less power. Nevertheless, owing to inefficient convolutional modules, this

architecture had network complexity.

(Rodriguez et al., 2021) explained the framework called ML identifying candidates
for drug repurposing in AD. Drug Repurposing In AD (DRIAD) was employed in
this architecture, which quantified potential relations among the pathology of AD
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severity and molecular mechanisms as encoded in lists of gene names. Also, in
terms of logistic regression models, this system achieved the highest accuracy. Yet,
this methodology did not examine the impacts on the key features due to inadequate

available resources.

(Tian et al., 2021) recommended the method called modular ML to classify AD
from retinal vasculature. In this approach, highly modular ML methodologies were
employed for evaluating the retina. Moreover, this technique utilized data from the
UK Biobank, and 82.44% average classification accuracy was achieved by the
pipeline. Yet, because of limited data analysis techniques, this model hindered its

clinical translation.

(Zhang et al., 2021) presented the methodology called the 3D densely connected
CNN with a connection-wise attention mechanism for AD classification. To classify
AD, this framework implemented a densely connected CNN for learning the brain
MR images’ multi-level features. Furthermore, this model achieved high accuracies
0f 97.35%, 87.82%, and 78.79% for healthy control, MCI converters against healthy
control, and MCI converters against non-converters, respectively. Hence, due to the

size of the input data, this approach struggled with network convergence.

(Chui et al., 2022) assessed MRI scans-centric AD detection through CNN and TL.
In this technique, Generative Adversarial Network, CNN, and TL were employed,
which were also represented as GAN-CNN-TL for enhancing the fine-tuning of
hyper-parameters and detection accuracy. Additionally, this framework utilized
OASIS-series datasets and achieved high accuracy. Yet, owing to the variation in the

ground truth data, this system struggled for detection among different classes.

(Hajamohideen et al., 2023) explored the 4-way AD classification using DL with
triplet-loss function. In this system, a Siamese CNN (SCNN) was implemented with
a triplet-loss function to represent input MRI images as k-dimensional embeddings.
Furthermore, by using ADNI and OASIS datasets, this architecture was tested and
achieved a high accuracy (93.85%). However, owing to the high fraction of invalid

data, this system had limited data problems.
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Furthermore, Table 2.4 depicts the performance assessment of ML and DL in the

prediction of AD.

Table 2.4: Performance evaluation of ML and DL in AD detection.

Author’s Method Validation Fl- Precision Limitation
Name score
Automatic This architecture had
Beheshti Computer- 10 fold computational
etal., Aided Cross- - 75.08 complexity owing to
(2017) Diagnosis validation the large size of data
(CAD) system samples.
Due to the
Liu et al k-fold development of
(2020) ” | Ensemble ML Cross 0.7806 | 0.8166 | complex models, this
validation method obtained
poor performance.
This approach
o struggled with
Lju;ilc ct DL-based i i 0.975 predicting outcomes
iy models ' from input data due
(2020) P
to its irregular
temporal nature.
Due to the lack of
Lella et 10 fold significant resources,
al, | EnsembleML | cross- | 0.145 | - this methodology
. exhibited poor
(2020) validation .
performance in terms
of various metrics.
Because of the lack
. of consistent
Ni et al., o o :
Two-stage TL - 80.6% 85% features, this system
(2021)
had slow
convergence.
Regional Brain cogllifnr:c(i)(riril)re
. Fusion-Graph 10 fold o
Lietal, ) execution time
(2022) Convolutional CToss- i i owing to the massive
Network (RBF- | wvalidation :
number of biomarker
GCN) . )
information.
Owing to insufficient
Kang & data quality, this
Kang, MHI;(;ZZT:d - 0.875 - model failed to
(2023) clinically validate
the input data.
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2.7 Significant Identification of Risk Factor in AD

The identification of risk factors in AD is important for early detection and
intervention strategies. Also, genetic factors, lifestyle choices, environmental
influences, and medical background are investigated to understand the intricate
causes of AD. Moreover, diagnostic accuracy is enhanced and also proactive

interventions are enabled to reduce the influence of AD on people and HC systems.

(Tansey et al., 2018) developed the genetic risk for AD in specific macrophage and
microglial transcriptional networks. This technique evaluated the overlap’s
significance among genome-wide important AD risk variants and sites of open
chromatin from datasets. Moreover, this system provided evidence for the
microglia’s causal part in AD pathogenesis. Therefore, owing to the utilization of

thousands of variants, this framework had an overfitting problem.

(McCartney et al., 2018) analyzed the relation betwixt DNA methylation age
acceleration and risk factors for AD. To assess the relation betwixt age acceleration
and AD risk factors, this technique implemented a multilevel model. Furthermore,
the significant association betwixt epigenetic age acceleration and lifestyle-
associated risk factors was identified by this model. This framework was unable to

access the longitudinal changes because of its cross-sectional design.

(Zhang et al., 2020) depicted the method called the risk prediction of Late-Onset AD
(LOAD). To predict LOAD, this framework employed the optimal P-threshold
(Poptimal) of a Genetic RS (GRS). Additionally, in this approach, three independent
datasets were applied and a GRS of 75% was obtained. Yet, because of the omission

of non-additive genetic effects, this technique was incomplete in modeling.

(Wang et al., 2021) employed the system called the Genome-wide epistasis analysis
for AD and genetic risk prediction. For compiling the epistasis risk factors into an
Epistasis RS (EFS), this framework established an effective approach based on the
multifactor dimensionality reduction. Moreover, for evaluating the ERS’s feasibility
in AD risk prediction, this methodology utilized two independent datasets. Together

with that, in terms of identifying high-risk individuals, this system achieved better
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performance. Nevertheless, due to the large number of search spaces, this model had

scalability issues.

(Roshanzamir et al., 2021) indicated an approach called the transformer-centric
DNN language models for AD risk evaluation from targeted speech. Centered on
natural language processing, this methodology implemented DL models for AD’s
early risk evaluation from the picture description test. Also, 88.08% accuracy was
achieved by this system in classification and enhanced the top-notch by 2.48%. This
model exhibited misclassification results due to the massive amount of model

parameters.

(W. Liu et al., 2023) analyzed the risk prediction of AD conversion in the MCI
population centered on Brain Age Estimation (BAE). In this approach, an AD
Conversion Risk Estimation System (CRES), comprising an automated MRI feature
extractor, BAE module, and AD conversion risk estimation module, was
implemented. Along with that, this methodology achieved important AG patterns of
various clinical groups. Nevertheless, this technique struggled with underlying

factors due to its lack of interpretability.

(Zhou et al., 2023) exemplified the framework called the DL-centric polygenic risk
analysis to predict AD. To model AD polygenic risk, this methodology implemented
NN models. Along with that, this method achieved the best performance by
investigating the AD polygenic risk. Nevertheless, due to the integration of multiple

genetic variations, this model increased the complexity.

(Gao et al.,, 2023) assessed the method called ML-based polygenic RSs and
electronic health records for AD prediction. For the prediction of AD, this technique
employed ML models. Moreover, in this method, data were utilized from the
Alzheimer Disease Genetics Consortium and effective feature patterns were
identified. This framework exhibited low prediction accuracy owing to the lack of

available data.
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2.8 Summary of the Literature Survey

AD prediction and risk factor identification are essential in early intervention.
Moreover, ML techniques hold considerable information in predicting disease onset
and identifying at-risk individuals. Furthermore, the key factors are explored
through comprehensive research, genetic predispositions, lifestyle habits, and
medical history. Furthermore, for early detection and targeted interventions in AD
management, continuous advancements in predictive models offer promising
avenues. Along with that, the existing work had the potential to lack comprehensive
data regarding diverse demographic groups, thereby hindering the generalizability of
the findings. Hence, in this chapter, the performance of numerous approaches for
detecting AD is evaluated and the risk factors are analyzed. Furthermore, an
overview of MRI-based AD detection, which predicted AD by using MRI as input,
is indicated in section 2.2. Also, the performance of various prevailing techniques is
evaluated in section 2.2 for the classification of AD from MRI. Moreover, in section
2.3, the pre-processing approaches for AD prediction, which explains various pre-
processing approaches for evaluating the performance in terms of AD classification,
are illustrated. Also, this section analogizes various information regarding
preprocessing approaches, precision, sensitivity, and drawbacks from various
existing works. Furthermore, the impact of FS on AD detection, which contains
different FS techniques, is assessed in Section 2.4. Moreover, this section contrasts
FS approaches, specificity, sensitivity, and challenges of different prevailing works
for evaluating the performance of AD prediction. In the meantime, the performance
analysis of standard available datasets to assess AD detection, which analyzes the
performance of various datasets in the field of predicting AD, is explained in Section
2.5. Additionally, in Section 2.6, the general contribution of ML and DL approaches
to classify AD, which analyzed the performance of a number of traditional
techniques using ML and DL approaches, is represented. Lastly, the risk factors of
AD, which mainly focus on the identification of various risk factors, are evaluated in
Section 2.7. This literature survey’s main objective is based on an in-depth

understanding of various AD prediction and risk factor identification methods.
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CHAPTER 3

EFFECTIVE GS-RBFNs CLASSIFIER FOR EARLY
PREDICTION AND CLASSIFICATION OF ALZHEIMER’S
DISEASE USING ADNI BRAIN MRI IMAGES

3.1 Introduction

AD is the most common type and the predominant form of dementia, which is also
represented as a progressive ND. It begins with mild memory loss and results in
subtle memory difficulties in effective communication and response (Patil & Borkar,
2023). This neurological condition targets the brain areas, thus responsible for
cognition, memory retention, and linguistic abilities. In addition, its consequences
affect daily tasks and compromise independent living through increasingly
damaging cognitive functions, namely memory, decision-making, and problem-
solving (Prabha & Sakkarapani, 2022). Also, the 2 main types of abnormal protein
aggregates categorized by the amassing of AD are beta-APs and tau tangles (Sahoo,
2021). Beta-APs accumulate from the outside neurons, while the inside neurons are
responsible for tau tangles (Tu et al., 2021). These pathological changes can cause
damage to the neurons, inflammation, and BA and affect the hippocampus and

cerebral cortex (Sheela & Suganthi, 2024).

Furthermore, AD has several clinical stages, such as the preclinical stage and MCI
for reflecting various cognitive declines with AD. Alzheimer's begins in the
preclinical stage by appearing the neurodegenerative lesions in the brain and ends by
showing the first clinical symptoms (Anantapur & Patil, 2021). In the meantime,
MCI starts with detectable symptoms without disturbing regular activities. It also
results in dementia owing to AD. The stage betwixt normal aging and the onset of
AD, which is also responsible for diagnosing AD, is MCI (Veeraiah et al., 2021).
The AD diagnosis is based on history-taking, clinical presentation, and MCI
behavior observation, which are vital to identifying patients during the MCI stage.
Furthermore, based on recent research in 2020, approximately 5.8 million

Americans were affected by AD, where above 65 aged peoples lived with AD.

Haulath K. Alzheimer’ s disease diagnosis and risk prediction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, University of Calicut.
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Furthermore, this number doubles every 5 years, signifying that approximately 14
million Americans will be affected by AD in 2060. Hence, early detection and
diagnosis of AD are very significant (Rani et al., 2022). Thus, by using numerous
techniques, recent advancements in the early prediction and classification of AD are
carried out. These techniques comprise numerous neuroimaging modalities, namely
PET, Diffusion Tensor Imaging (DTI), and MRI that are applied to detect and
diagnose AD (Bondada et al., 2021). Among these, MRI plays a key role in AD
prediction and diagnosis by offering comprehensive structural and functional
insights. Also, by using the MRI, the challenges like overlapping symptoms and
limited diagnostic resources are overcome. Furthermore, for diagnosis, disease
monitoring, and treatment evaluation, the structural and functional modalities serve

as biomarkers (Raja Rao & Yesu Babu, 2020).

In contrast, the ADNI is referred to as the longitudinal multicenter study. It is
tailored to establish clinical, imaging, genetic, and biochemical biomarkers to early
detect and diagnose AD (Sangeetha & Sathappan, 2023). For identifying the
biomarkers and improving the diagnostic approaches, ADNI has thousands of data
collected from individuals with AD, MCI, and healthy controls (Dhende &
Shirbahadurkar, 2022). Also, ADNI is applied to study disease trajectories and
validate imaging biomarkers by collecting MRI data from the participants (Hai et al.,
2023). For the accurate early prediction and classification of AD, several ADNI
brain MRI-centric ML and DL approaches are utilized. To accurately detect AD,
ML-based approaches like SVM and LR are applied; however, these models are
affected by interpretability issues (Srilakshmi et al., 2022). In the meantime, DL
approaches like CNN and DNN face challenges in accurate AD classification due to
the large statistical errors. Also, these techniques required high computational
resources and a larger dataset for robust classification of AD owing to the higher
dimensionality of the brain MRI data (Srilakshmi et al., 2021). To overcome the
abovementioned issues in the computer-aided diagnosis of AD, an efficient
framework is proposed in this paper to accurately predict and classify AD using GS-

RBFNS.
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3.2 Proposed Methodology for the Accurate Prediction and Classification of
AD Based on ADNI Brain MRI Using GS-RBFNS

An efficient technique called GS-RBFNs is applied in the proposed methodology to
early predict and classify AD centered on analyzing the ADNI brain MRI. This
framework effectively predicts and classifies the AD with robust results by applying
a DL-based multi-model approach, improving the result parameters, including
accuracy, precision, recall, etc. Several steps, such as preprocessing, image
segmentation, morphological operation, data augmentation, image representation
extraction, FS, and classification are included in the research methodology.
Primarily, to accurately detect and classify AD, the data from the ADNI brain
images are collected. Further, the collected data is given as input to the
preprocessing, which includes intensity normalization, skull stripping, and spatial
smoothing. Here, by using the proposed Tournament Global Thresholding (TGT)
approach, the skull stripping process is done. After that, using BLSAOWS, the
preprocessed image is segmented. Subsequently, for image reconstruction, the
morphological operation, such as erosion, reconstruction, closing, and dilation
process is performed on a segmented MRI image. Further, the reconstructed MRI
image is applied to the data augmentation process, which contains deformation,
flipping, scaling, cropping, and rotation of images. Next, the images from the data
augmentation process are gathered and given to the image representation extraction
phase, which includes segmented image-based patches, feature patches selection,
and patches concatenation. Subsequently, from the image representation, features
are extracted. By utilizing the BSRISRHSO algorithm, images are selected. Lastly,
efficient classification is carried out centered on the features selected by using the
GS-RBFNs approach, which classifies the features into AD, MCI, and Control
Normal. Figure 3.1 depicts the structural representation of the proposed

methodology.
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Figure 3.1: Structural representation of the proposed system
3.2.1 Data Acquisition

Primarily, from the publicly available dataset, the input brain MRI images are
gathered to perform further processes to early detect AD. Here, the ADNI dataset is
utilized by the proposed framework to gather brain MRI images, which assess AD
biomarkers for clinical trials. Also, from the ADNI dataset, 80% and 20% of the
data are utilized for training and testing, correspondingly. Hence, the collected input

brain MRI images are illustrated as,

JUR = VR R L 3.1)

Where, N =1— n, the collected brain MRI images are indicated as 3"y, and the

total number of collected MRI images is represented as 7.

3.2.2 Pre-processing

3y is processed after the collection of brain MRI images from ADNI to perform

pre-processing. Here, the raw MRI images display various variations, such as
intensity variation, resolution, and noise, which cover the subtle pathological
changes important for accurate AD prediction and classification. Therefore, to
improve the MRI brain images’ quality, this proposed system includes three pre-

processing stages, comprising Intensity Normalization, Skull Stripping, and Spatial
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Smoothing. For getting a consistent range of intensities, Intensity Normalization
changes the range of voxel as well as pixel intensity values to a referenced scale.
Thereafter, for isolating and analyzing the brain tissue accurately, the Skull
Stripping process is implemented, which also separates the non-brain structures like
the skull and scalp for detecting the changes in the brain, thus causing AD. Finally, a
Spatial Smoothing operation is performed for reducing the noise and enhancing the
MRI images’ Signal-to-Noise-Ratio to identify the structural changes related to AD.

Thus, the comprehensive explanation of pre-processing is depicted as follows,

(a) Intensity Normalization

Primarily, the collected brain MRI images 3" y are given as input to the intensity
normalization process. Here, the N3 technique is applied to change the voxel as well
as pixel intensity values to get the referenced scale images. To detect the structural
changes related to AD, this technique improves the image consistency and enhances
the quantitative analysis accuracy by correcting the non-uniform intensity variations
effectively. Also, by capturing the smooth intensity distortions, this standardization
enhanced the image consistency based on exhibiting the bias field across the image.

Therefore, the steps included in the N3 technique are exemplified as,

Step 1: Primarily, the intensity values from each MRI image in 3% are represented

as &' to normalize the intensity, which is depicted as,

éli(SMRl)z {éllo 9521’ §3I> S égvl} (32)

Where, V' =1—v, the total number of intensity values is depicted as v.

Step 2: Once the intensity values are represented, the threshold intensity value is set
as a threshold for intensity normalization. Therefore, the threshold intensity value is

explained as,

th th th th th
Z'zZ{Tl,T2,T3,"',TT} (3.3)
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Here,t =1to T, the Threshold Value (TV) is represented asz”, and the total

number of TVs is signified as T .

Step 3: Now, for attaining a normalized intensity value, each intensity value &’ is

divided by the TV ", which is mathematically represented as,

o (&)= f—; (3.4)

Where, the normalized intensity value is indicated as 0" (5 ! )

Step 4: In terms of normalized intensity values 6"‘”(51 ), the brain MRI images are

reconstructed after normalization, which is elaborated as,
SMRIN a(:’j iRMRI (3'5)

Here, the reconstructed brain MRI images are represented as R*™ . Further, the

detailed illustration of a re-constructed MRI brain image is depicted as,
RMRI _ { MRI GaMRI qaMRI mMRIR} (3.6)

Where, ¥=1—>R, and the total number of reconstructed MRI brain images is

indicated as R.

Step 5: Now, the N3 technique is applied for addressing the non-uniformity intensity
variations in the normalized images by estimating the bias fields, which are

represented as,

~MRI

o =2 X (3.7)

= o MRI
R R

Here, the bias field across the original and reconstructed image is notated as &” .

Step 6: The final normalized image is evaluated after the estimation of the bias field
by dividing the intensity values with the estimated bias fieldo” , which is

elaborated as,
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RV =§—I, (3.9)

Where, the normalized MRI brain images after intensity normalization are specified

as X" which is elaborately depicted as,
NV = R0, N RV N (3.9)

Here,I =1 to i, the total number of normalized MRI brain images after intensity

normalization is denoted as i. Now, 8" are transmitted to the next phase of pre-

processing called Skull Stripping.
Skull Stripping

The skull stripping step is performed in this phase to remove the non-brain tissue
signal, detect abnormalities, and remove the extra tissues fromN"’. Here, to
accurately separate and analyze the brain tissues associated with AD, the TGT
technique is applied. The existing global thresholding technique is referred to as a
computationally efficient method in image processing for separating objects from
the background by choosing a TV. However, the noise in the noisy image changes
the shape of the histogram and degrades the distinct valleys between the peaks of the
bimodal histogram, affecting the global thresholding technique. Thus, to overcome
these limitations, each normalized image N"° is analyzed in this proposed
methodology for calculating the tournament maximum and the minimum of the
whole array. By dynamically adjusting to local intensity variations, this proposed
approach offers high accuracy. Therefore, the step-by-step process of TGT is

illustrated as,

> Primarily, the normalized image N"°is represented as a 2D array, which is

illustrated as,
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Al.l Al,z Lg
A A v A4

O T B (3.10)
Ap,l AP,Z o Ap,q

Where, a normalized image’s array matrix is exemplified as A(Nm)p, ,» pand

g depicts the row as well as column of an array matrix.

> Further, from the array matrix A(NN3 )p’ ;» the tournament maximum value is

calculated, which is determined by comparing every pixel intensity with the
other pixel intensity. Hence, the tournament maximum calculation is done by

using the following expression,
5" max = MAX|4, | (3.11)

Here, the calculated tournament maximum values are represented as " max. This
tournament maximum value renders the global maximum by representing the

highest intensity values across the normalized image.

> Likewise, the tournament minimum value is computed by utilizing the

following mathematical representation,
5™ in = MIN|4, | (3.12)

Where, the calculated tournament minimum values, which also provide global

minimum, are depicted as 6" min .

> Now, for removing the skull from an image, the optimal TV is determined,

which is computed by calculating the mean of the tournament's maximal and
minimal values. This can be depicted as,

m _ 5mmax 5mmin

+
2 2

(3.13)
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Here, the mean of the tournament's maximal and minimal values is indicated as 1™ .

The optimal TV is selected based on the mean value and is represented by 7% .

> According to the selected TV, the intensity of the pixels above and below the
TVs is considered as a part of the brain tissue and non-brain tissues,

respectively.

SN {fl >7% ;braintissues (3.14)

E< g ; skull region

> Finally, the skull-stripped images (5N) are obtained based on the above

condition by removing the skull effectively from the normalized image. The

skull-stripped images can be illustrated as,
9 =9, 9%, 9, -, 9 (3.15)

Where,s =1— .5, the total number of skull-stripped MRI brain images is signified
as §. These skull-stripped images are given to the next process of pre-processing

termed spatial smoothing.
(b) Spatial Smoothing

In this phase, spatial smoothing is achieved for each skull-stripped image 9%, for
reducing the noise in the image and enhancing the image’s quality. Here, the spatial
smoothing is carried out by utilizing the neighborhood averaging method that
replaces every pixel value with its neighboring pixels’ average value. This averaging
technique provides the image with blurred sharp transitions. Also, it eliminates the
impact of random noise. Moreover, for blurring and noise reduction, the spatial
smoothing is applied. This blurring process offers a uniform appearance with little
intensity variations, thus attaining robust and reliable image representations. Thus,
spatial smoothing is applied to each skull-stripped image for getting pre-processed
images concerning removing the noises. Then, the obtained pre-processed image is

represented as,
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g, Neighborhood Averaging o é’P P (3.16)

Where, the pre-processed image is illustrated as ¢””. When compared to the
original skull-stripped images, these images contain low noise levels and high
smoothness. Afterward, for further processing, the pre-processed images ¢’ are

fed to the next step to accurately detect and classify AD.

3.2.3 Segmentation

The segmentation process starts with the pre-processed MRI brain images ™ to

segment those images based on the intensity ranges of the objects. Here, utilizing the
BLSAOWS approach, the pre-processed images are segmented, which segments the
images into three important brain tissues, namely White Matter (WM), Grey Matter
(GM), and CSF. Now, by using the BLSAO algorithm, the optimal TVs are selected,
minimizing the segmentation errors by balancing the intra-class and inter-class
variances. The effective method for identifying the object boundaries by watershed
ridgelines with intensity gradients in an image is referred to as the conventional
Watershed Transform (WT). Nevertheless, the major drawback of this model is that
it produces over-segmentation. This limitation often occurs owing to the high
sensitivity to minor variations in intensity, thus resulting in the division of regions
into smaller segments, which do not resemble distinct objects. To overcome the
above issue, the BLSAO algorithm is used by this proposed algorithm, which selects
the optimal TVs based on the characteristics of images to ensure the segmentation
boundaries. In addition, this approach diminishes the over-segmentation problem by
minimizing the unnecessary partitions. Moreover, to select the optimal TVs, the
prevailing Archimedes Optimization Algorithm (AOA) is also employed, which also
offers significant benefits in fine-tuning segmentation parameters. Yet, due to the
lack of tuning the parameters carefully, AOA has convergence issues. Hence, to
conquer this limitation, the WT approach is incorporated with the AOA technique,
which aids in improving segmentation outcomes by offering the ability to adjust
TVs based on image characteristics. Also, these techniques assist in enhancing the

accuracy and clinical relevance of brain image segmentation tasks to detect and
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classify AD. Further, the steps involved in the WT-based segmentation process are

examined as follows,

& Primarily, each pre-processed image’s gradient is calculated to highlight the

edges and transitions in intensity, which can be illustrated as,

Grla.b)=[c™), +(c™), ]2 (3.17)
Where, the gradients of the pixel coordinates (a,b) are indicated as Gr(a,b).

* After that, the markers are created centered on the calculated gradient using
the optimal TV. This optimal TV is determined utilizing the BLASO
technique. The threshold selection is optimized by this algorithm using the
histogram intensity variations from the gradient image. The pre-processed
image is initialized as the populace and is signified in the following

representation,
R =g, +d*p] —d*p], (3.18)
Here, j=1to PP, the PP population’s j, object is specified asR”, the lower along

with upper bounds of the search space are shown as ¢, and ¢, ., and the D

dimensional vector is signified as d .

* Now, by using a random vector, the population’s density and volume are

initialized and is illustrated by the following expression,
gden = d = gvol (3 19)

Where, the density of the population is indicated as ¢, and the volume of the
population is notated as ¢, ,. Further, the acceleration of the objects is initialized by

the following mathematical depiction,

=0 td* 0L, —d* o, (3.20)
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Here, the j” object’s acceleration is represented as ¢/ .

- Once the parameters are initialized, the fitness is computed centered on the
segmentation efficacy for updating the density’s position and the
population’s volume. The maximum segmentation efficiency is referred to as
the fitness, and the fitness can be calculated by using the following
mathematical formulation,

EM = max‘Y

seg

(3.21)

Where, the fitness is signified as & , and the segmentation efficiency is depicted as

Y

seg *

— Then, the density along with the volume of the markers are updated based on
the obtained fitness values, which include a Brownian Motion (BM) term to
introduce randomness and prevent premature convergences. Here, the
optimal fitness values are analyzed and allocated as the optimal position,
optimal acceleration, optimal density, and optimal volumes. Then, based on
the optimal density values, the density is updated, which is depicted by the

following expression,
Shali+1]= gL, [+ (0 #2257 )= (0 + 5, [1) (3.22)

Here, the updated density of the j” object in the iterationi+1is illustrated as
sl [i+1], and the updated volume of the j object is expressed by using the

following equation,
shli+1]= el lil+ v x el )= (o e, i) (3.23)

Where, the updated volume of the ;”object in the iteration [i+l] is displayed as

¢/ [i+1], and the randomly selected numbers determined using the BM is indicated
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as 0" . Here, to reduce the convergence problem, the random numbers are selected

based on the BM. Then, the BM can be depicted as follows,

dv™" =con, -0/ +con, -B"" (3.24)

Here, the constants are demonstrated ascon,andcon,, and the BM is notated as

mot
B

- The transfer operator and density factor are applied after updating the
population’s density and volume. The transfer operator is utilized for
facilitating the transformation of the search space from an exploratory to an
exploitative phase. It is also applied to the object for reaching the
equilibrium state, and the transfer operator can be represented by the

following expression,

1

max

R = exp[;—l} (3.25)

Where, the maximum iteration is indicated as i_, , and the transfer operator, which

increased exponentially with time until a value of 1 is reached, is demonstrated as

R

— Now, to search the space as of the global to the local search, the density
factor is estimated. The density factor also decreases with time and can

converge in previously identified regions.

1

max

N li+1]= exp[; - 1} - exp[;} (3.26)

max

Here, the density decreasing factor with time is exemplified as 8" [i + 1]. Next, the

occurrence of collision is analyzed to perform exploration and exploitation phases,

which is represented by the following expression,
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QT _ t;;TF <0.5 ;colisionoccurs (3.27)
X7 >0.5 ; no colisionoccurs
- The exploration phase is performed based on the utilization of the transfer

operator and density factor to update the acceleration of an object in
iterations by analyzing the collisions. Based on the values obtained from the
transfer order, the occurrence of the collision is analyzed. Here, the collision
happens betwixt objects when N7 <0.5, thus updating an object’s
acceleration. This updated acceleration aids in selecting the random materials
of volume, density, and acceleration. Hence, the mathematical expression for

updating the object’s acceleration is illustrated as,

(3.28)

J i+1]= : ran ran ran
gacc [ ] géen [l + 1] gw)l i+ 1 ‘z gden gva[ gacc
Where, the updated acceleration of an object is specified as ¢’ [i+1], and the

ran ran

random material of density, volume, and acceleration are depicted as¢)”, ¢,

rd
respectively. Thereafter, the exploration is ensured up tol" < 0.5 with%

ran
acc

and¢
of iteration other than 0.5, thus altering the exploration to the exploitation phase.

— Now, based on the transfer operator value, no collision occurs if I'>0.5.
Therefore, the object’s acceleration is updated by including the best density,
volume, and acceleration values. It can be articulated by the following

expression,

gvol [l + 1] gden [l + 1] [Z BEST _BEST BEST] (3.29)

den ’ gvol > gacc

o [i ’ 1] (gden [l + 1]) (gvol [l + 1

Here, the best density, volume, and acceleration of an object are represented as

BEST BEST BEST .
Sam > Gwi . »and g, °" , respectively.
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— The normalization process is carried out after updating the acceleration of an
object to compute the percentage of changes in an object’s acceleration. This
process can be performed by computing the portion of variations centered on
assessing the minimum acceleration and maximum acceleration of an object

using log functions, which is illustrated by wusing the following

representation,

Sel. [i+1]=1og[MJ_1og[%

mln g(lC’C mln gacc

J (3.30)

Where, the normalized acceleration of an object is notated as J¢g/ [i+1], the

maximum acceleration is illustrated as maxlgacc , and the minimum acceleration is

exhibited as mirjg,,,|.

— Now, if " > 0.5, then every single position of the j” object ini +1 is updated

by analyzing the normalized acceleration of an object. This can be illustrated

by the following formulation,

IP[i +1]= IP’ [i]{l +cony *0"™ x 3¢l [i+1]- R x

IP
—L 1 (3.31)
IP/[i]

Here, the individual position is signified as /P’ [i], the constant value is depicted as

con, , and the random material of an object is illustrated as /P

ran *

— Further, the individual position based on the best position is updated by

utilizing the following mathematical depiction,

IP[i+1)= 1P [i 4 1]4 T, + cony x 0™ % 3] [i+1]- 8" x [P [lit - UI)ZS[T’%,] (3.32)
1

Where, the flag for changing the direction of motion is signified as T';,,, .
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— Finally, for accurate brain image segmentation, each object’s objective
function is calculated, and the best threshold is obtained. Further, the obtained TVs

are considered as markers, which is elaborated by the following expression,
AR M = {Mf”“”, MJ, MY, - MZ‘L’} (3.33)

Here, n" =1to N", the TV is signified as ", the marker is illustrated asM™", and

the total number of selected markers is depicted as N .

£ The regional markers are labeled centered on the chosen markers.
Subsequently, the regional markers’ labeling is expressed by the following

expression,

r 1 2 3 »
9{reg = <SR 9{rega mrgg’ ) mreg> (334)

reg?

Where, r=1to r", the regional marker is represented as R and the maximal

reg 2

number of regional markers is indicated as 7" .

* Subsequently, the distance betwixt the selected maximal markers and
regional markers is calculated, and the closest pixels are flooded up to the
obtained maximal marker value. Then, the distance is computed as shown
below,

P
¢dis [M;n:’zr’ gq:;g]: <Z‘max(M"1"nfr)_ m:;g 2> (3.35)

Here, the distance betwixt the selected maximal markers and the regional markers is

notated as ¢ [MZf " ER:;gJ'

) Lastly, all pixels have a distance value and each pixel is positioned by the
close regional marker. After locating the pixel, the pixels’ similar value is

merged. Thereafter, the WM, GM, and CSF tissues are partitioned centered
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on identical pixels. Then, the partitioned images are represented by the

following expression,

XS =X, X5, X5, -0, X5 (3.36)

Where, ss =1 to s°, the segmented image is represented as X°, and the total number

of segmented images is illustrated as s*. Figure 3.2 depicts the pseudo-code for the

proposed BLSAOWS technique.

Input: Pre-processed images ¢

Output: Segmented images X

Begin

Initialize Gr(a,b), R’ ,&™ , iteration (#), and maximum iteration (g, , ),

Set (¢ =1)

While (4, <4¢)

For each ¢ do

Calculate the gradients
Initialize the population

W =g, +d*@,, —d+*@,,
Estimate the fitness function

EM = max‘Y

seg

Update the density and volume

Apply transfer operator and density factor
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1

max

R = exp{L — 1} #transfer operator

RPF [l' + 1] = exp{L - 1} - exp{;} #density factor
i

max max

If (N <0.5)

{

Update the acceleration value

ran ran ran

1
[l + 1] ‘z gden ’ gvol ’ gacc

Checli +1|=—F—=*—
[ ] gajfen [l + 1] g\{ol

}

Normalized the acceleration values

{

~ ~J ; {gj[l-i_l]J {maxg‘mc}

\ng[htl]:log 2aet 2\ —log| ———
mln gac’c mln gllC’L'

}

}

Else If (N >0.5)

{

Update the acceleration value

{

#No collision occurs
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Sool [i +1] gden H'l] [Z BEST _BEST BEST]
den 7{;»0/ 7Gacc

gl{cf[i_{—l]:(

Sien [H' 1])2 (gvol H’ 1])2

Update the position based on /P,

ran

P/[i+1]= 1P’ [i}{l +cony 0™ x 3g! [i+1]- R x

[f)mn _ 1
IP'[i]

Estimate the position in terms of IP**"

IP'[i]

IPBEST[I-]

End If

IP[i+1]= IPP™7[i +1]+ T, +con, x 0" * 3 [i +1]- N7 x IPP™T[{]¢ -

Calculate the distance between M" and R,

>%

oz (sl ) -

reg

End For

End While
Return: X, =|X{, X5, X5, -+, Xf
End

Figure 3.2: Pseudo-code for the proposed BLSAOWS technique

Afterward, the total segmented images are given to the next phase of AD

classification.

3.2.4 Morphological Operation

Here, the segmented images X® are processed for morphological operation to
remove the imperfection present in those images. A wide set of image processing

operations processing the images centered on the shapes through the application of a
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structuring element to an input image and the creation of an output image of the
same size is referred to as morphology. The morphological operation is carried out
in the proposed framework through dilation, erosion, opening, and closing
operations based on 2 main parts, such as input image as well as a structuring

element.
* Dilation

Initially, the dilation process is carried out on each segmented image X to improve
visibility and fill the minor gaps within them. The pixels are added to the boundaries
depending on the structuring elements’ size and shape, thereby aiding in enhancing
visibility. The output pixel value is based on the neighborhood pixels’ maximal
value. Thereafter, the dilation process can be articulated by the following

expression,
‘X4®DOI9SE‘ = maX(Xg (po, + po,); X¢ (po, + po,) | [po,, po,] 61955) (3.37)

Where, the dilation operation is indicated as ®”“, the structuring element is

illustrated as 9, and the points are depicted as po .

* Erosion

An erosion step takes place after the dilation process to eliminate the small objects
by leaving behind only important objects. This process filters out an image’s pixels
based on the structuring element. Here, the output pixel is grounded on the minimal
value of all closest pixels. The erosion process is explained by using the following

expression,
X0, = min(X4 (po, + po, ); X¢ (po, + po,) |‘95£ ) (3.38)

Here, erosion is shown as®*? .
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* Opening

The small objects from the images are removed in this operation to preserve the size
and shape of the larger objects. This process initially starts by eroding the image,
followed by dilating the image for enhancing the quality of an image. Then, the

process of opening is done and is illustrated by the following expression,
0% =[x‘0™9, 0”4, (3.39)
Where, the opening operation can be notated as @°° .

* Closing

This operation is applied for filling the objects’ holes to preserve the objects’ size
along with shape. Here, the morphological closing operation process is to dilate the
image and further dilate the eroded image. Then, the closing operation is depicted by

the following mathematical depiction,
0 = [X‘0"9, [p*°9,, (3.40)

Here, the closing operation is indicated as®“° .

The enhanced segmented image is obtained based on applying the above-mentioned

four morphological operations, which is illustrated by the following expression,

Xé« ®DO,®EO,®OO,®CO )ng (341)

Where, the final enhanced segmented images are signified as y . . After that, the

comprehensive explanation of the final enhanced image is expressed as,
ee __ 1 2 3 EE
ZXC _<ZXC9 ZxC) ngal"alxg> (342)

Here, ee=11to EE, the maximum number of optimized segmented images is

exemplified as EE . Then, after performing morphological operations, the enhanced

segmented images are given as input to the next phase named data augmentation.
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3.2.5 Data Augmentation

Here, the optimized segmented images y, . are provided as input, which learns

numerous features with minimum data to generate new transmuted versions of
images. The process of generating new, transformed versions of images for
enhancing the dataset’s diversity and robustness is termed data augmentation. This
technique aids in rendering more information regarding the input data through the
implementation of several augmentation methods, namely deformation, rotation,
flipping, scaling, and cropping. Further, for the accurate classification of AD, the
comprehensive explanation of every single data augmentation technique is

illustrated below,
Rotation

The technique that provides valuable information with diverse orientation
information by introducing angular variations to the image is referred to as rotation.
This technique also permits the model to learn the image from various perspectives

by rotating images to specific angles. Here, the enhanced segmented image y . is

rotated with the angle of 180,90 ,and 60 . Hence, the rotated images are

represented by the following representation,

180°(z,..)
2 =0 =190 (z,) (3.43)
60°(z,.)

Where, the rotated image is specified asd™ . Then, the rotated image is inputted to
the next phase of the data augmentation procedure termed flipping.
Flipping

The extension of the rotation technique that is applied for flipping the images in
horizontal and vertical directions to introduce symmetry into the dataset is known as

flipping. Also, horizontal and vertical flipping reflect the image across a vertical and
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horizontal axis, respectively. Then, the flipped image is obtained by using the

following expressions,
o5 = <h [lx:]a v[@]} (3.44)

Here, the final flipped image is represented as/”* , the horizontal flipping

operations are indicated as /1, and the vertical flipping operation is given asv.
Deformation

The process of applying symmetric changes to simulate real-world transformations
like stretching and compressing is called deformation. This process involves random
displacement of control points in the image and assists in handling the non-linear
transformation and geometric distortions, thus improving the quality of an image
under varying physical conditions. In addition, this technique starts to process the
image by random displacement of the control points in the image. Then, based on
those displacements, the interpolation technique is applied to warping the image.
Thus, according to those steps, the resulting deformed images are obtained, and the
obtained deformed images are represented as,

Yxi o1 (3.45)
Where, the deformed images are denoted as #”* , the displaced control points are

illustrated as v,,, , and the interpolation technique is signified as v,y .

Scaling

This technique, which permits the framework to learn the scale invariance and
recognize the objects at different sizes, is the procedure of adjusting the image’s
size. Here, the images are resized by the scaling factor of 400x400T. Then, the

scaled image is indicated by using the following equation,

X —400x400T(z,, )= 5" (3.46)
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Where, the scaled images are signified as 5“* .
Cropping

The cropping technique is the process of creating new images by focusing on
specific parts and cropping the image’s particular portion. This technique assists in
providing important regions and features within the image, which are important to
classify AD. Thereafter, the cropped image is illustrated by using the following

mathematical depiction,

ZX; cropping glxg (3 47)

Here, the cropped image is specified as ™ .

Lastly, to form a set of augmented or final augmented images, the output obtained
from the data augmentation techniques, such as rotation, flipping, deforming,
scaling, and cropping are combined. This can be illustrated by the following

expression,

e
0
A% = pix (3.48)
55

g™

Where, the final augmented images are represented as A** . Then, for the accurate
classification of AD, the augmented images are inputted into the image

representation extraction process.
3.2.6 Image Representation Extraction

The augmented images are processed in this step for the extraction of image
representation based on segmented image-based patch extraction, feature patch
selection, and patch concatenation. This process aids in extracting the information

about images for the accurate classification of AD. For extracting the regions with
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rich feature information for feature learning, this process starts by extracting the
anatomical feature patches of 15 x 15 X 15 as of the augmented image with every
anatomical landmark as the center. This can be represented by using the following

representation,
Yo = A*| v, v,, U, (3.49)

Here, the extracted feature patches are specified asy and the anatomical

afp?

landmarks are exemplified as v, v, and v, .

Now, the Pearson correlation matrix betwixt the feature patches is computed after
the extraction of feature patches. It is noted that patches that have less correlation
with the patches in other clusters are excluded for ensuring the diversity of the
features and avoiding a large number of redundant features. Further, the Pearson
correlation between the feature patches is calculated by utilizing the following

formula,

cov| 1 2
TV app> Vap

2

PPCC

R

% I:O_sd * O_sd

1 2 1 2
[yafp’ 7[4@]: 2 Vapy Y apy

d sd

% g |y 2

Kt 1
o yaﬁ? afp

Where, the Pearson correlation betwixt the feature patches is indicated
as PPCC[ 7flfp, 7/§fp], the covariance is notated as@®", and the standard deviation is
shown asc* .

In the meantime, to avoid the larger area overlap betwixt adjacent patches, the
patches with large p-value landmarks are excluded. 22 patches are extracted based
on the landmarks. Lastly, the structural changes of numerous regions in the brain are

interconnected. Thus, for obtaining the feature landmarks, the correlated patches are

chosen and concatenated and are signified as,

ﬂ’lcl/" = ﬂ’;’P > ﬂ’i’P ’ ﬂ'irp s T T ﬂ;}: (351)
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Here, f f=1,2,3,---, F /» the concatenated feature patches are indicated as A,
and the total number of feature patches is illustrated as F,. The features are

extracted centered on the analysis of these concatenated feature patches, which are

elaborated as follows,

3.2.7 Feature Extraction

Once the image representations A, are extracted, the features are extracted to

accurately classify AD. Here, using the proposed BSRISRHSO technique, the FE
process is conducted by combining the two approaches to identify the best features
to accurately classify AD. For the selection of optimal features with minimum
iterations, the prevailing Rock Hyraxes Swarm Optimization (RHSW) technique is
applied. Nevertheless, this approach suffers from local optimum problems, causing
premature convergence and suboptimal FS. Hence, to resolve this limitation, the
Base Switch Rule Infimum and Supremum (BSRIS) approach is integrated for
selecting the optimum boundary values. Thus, the proposed BSRISRHSO technique
assists in selecting the best features for improving the performance of the classifier
centered on the selected optimum boundary values. Then, the process of extracting

the best feature from the feature patches is illustrated as follows,

= Primarily, the Rock Hyrax populace is initialized. Here, the feature patches
are considered as the Rock Hyrax. Then, the initialization of feature patches is

illustrated by using the following equation,

FP >

PO|/1FP| = {/11 ﬂﬁzvp ) ﬂ’i“P I ﬂ’ga} (3.52)

Here, the population of the feature patches or the Rock Hyrax is indicated as

Po| |-

& Now, to identify the best fitness as a leader, the fitness value is calculated by
analyzing the classification accuracy. Thereafter, the fitness is computed by
partitioning the sum of errors by the total number of observations, which is depicted

by using the following mathematical expression,
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1 fot

FF

¥ eel= e 2error(ee) (3.53)
7c4=0

Here, the fitness function is signified asW'™", the classification accuracy is

represented as 7., and the total number of observations is provided as O™ .

= Next, the identified best fitness value is represented as a leader. Then, based
on the prior position, the leader’s position is updated. Thus, the following

equation represents the updated position of the leader.
Ry =ranerA‘7fol;ff‘ (3.54)

Where, the current position of the leader is notated as A , the random number that

ranges from O to 1 is depicted as ran, and the previous position of the leader is

illustrated as A , .

< Now, the Rock Hyrax group’s every member updates the position based on
the position of the leader to effectively explore the search space more. Then,
the updated position of every member of the rock hyrax group is expressed

as follows,

mem-+1
Tea

o — A x| + R | (3.55)

Here, the updated position of every member of the rock hyrax group is signified as
mem+1

ro"", the current position of every member of the rock hyrax group is signified as

mem

7", and the population’s circular movement is illustrated as A" .

= The circular movement around the leader aids in balancing exploration and
exploitation, thus allowing for the selection of optimal solutions. Then, by
using the trigonometric function, the movement in a circular manner is

calculated, which is illustrated by the following equation,

]

A = (g} +m3)” (3.56)
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< Now, based on calculating the radius and the angles around the leader, the
circulatory system is repeated. Moreover, the population matrix’s circular

movement is also depicted as,

AM = <|ranr -cos(p) +|ran, ~sin((o)|2>% (3.57)
n, = ran, -cos(p) (3.58)
1, = ran, -sin(p) (3.59)

Where, the radius of the circular portion, which is a random number, is illustrated

asran, , and the angle that ranges from 0 to 360 degrees is exemplified as ¢ .

= Afterward, the angle is also updated according to the variables’ lower and
upper bounds to maintain the feasible and optimal search space by using the

base rule. Then, the base rule is elaborated by the following equation,

logE,W |_EuppJ. IOgEW,[, [‘E‘low] =1 (3 60)

Here, the lower and upper bounds of the variables are signified as =, and E

“upp °

respectively.

= Also, the lower and upper bounds have a set of variables, and the set of

variables is illustrated by the following expressions,

moo gl g2 53 2N
—low — {'_‘low > =low > “low > > —low } (361)
—mu __ )=l —_2 -3 — MU
Supp = {:‘upp > Spp s Supp > T 0 Sy } (3.62)
Where,nl/ =1,2,3,---, NL ; mu=1,2,3,---, MU, the maximum number of low

variables and upper-bound variables are illustrated as NLand MU, respectively.
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< Now, to select the greater lower bound, the infimum is applied. Then, the
chosen lower bound, which is higher than any other element in the set of

lower bound variables, is depicted in the following formulation,

N

[1]
[1]

> =M (3.63)

low low

Here, the selected lower bound from the set of variables is indicated as*E, .

< Moreover, for the selection of the least upper bound, the supremum is
employed. Then, the chosen upper bound, which is lower than any other
element in the upper bound variables, is represented in the following

mathematical depiction,

[1]
IA
[1]

My (3.64)

upp upp

Where, the selected upper bound variable from the set of upper bound variables by

using the supremum is notated as’ =, .

= Next, the angle is updated based on the selected lower bound and upper
bound variables to select the optimal features. This can be explained by the

following mathematical equation,
¢+1 = ¢+ { SEIOW 5 SEupp} (365)
Here, the updated position of the angle is signified as ¢, .

= Then, the above-mentioned process is recurrent till the maximal number of
iterations is reached; thus, the optimal features are chosen. Also, the chosen

optimal features are represented by the following mathematical depiction,

‘]I)f/. :(f‘llf > ‘):\ia f‘if: B f\ﬁp) (3.66)

Where, b/ =1, 2,3, ---,B", the selected or extracted best features are displayed as

&y, and the maximum number of extracted features for the accurate classification of

65



Effective GS-RBFNS Classifier for Early Prediction and Classification of Alzheimer’s
Disease using Adni Brain MRI Images

AD is represented as B” . Figure 3.3 illustrates the pseudo-code for the proposed
BSRISRHSO technique.

Input: Feature patches A,
Output: Extracted features £,
Begin

Initialize Po|2,.,|..|:\1-f" 2,2, iterationlifr ), and maximum iteration{izr_ |
Setlitr=1)
While it Zitr)
For each,. do
Initialize the population
Pl = i i
Calculate the fitness value

1 2
vy, ,]=F- Z errarir,, |

Update the position of the leader
L, =ranxr, ||?':5-,_§ I |
Update the position of the each member
r;-\.l.-‘-. - |_r;-1..l m_ Al Ir|x|r;-1.l.-1 +3 - |
Estimate the new fitness
Update the angle
If | mew fitness= previousfitmess)
i
itr+1
¥
Else
i
Tenminate
3
EndIf
End For
End While )
Return: :i- =| il :-t';-': ::-';': T s :-t'g' :I
End

Figure 3.3: Pseudo-code for the proposed BSRISRHSO technique

Subsequently, to accurately classify AD, MCI, and CN disease, the extracted best

features are processed.

3.2.8 Classification

Here, to classify AD, MCI, and CN, the extracted optimal features &, are given to
the GS-RBFN classifier. The conventional RBFNs are known for their flexibility in
handling AD classification. However, they face several challenges, such as gradient
vanishing and exploding problems, thus affecting the performance of long data
sequences. Therefore, to overcome these limitations, GELU and SWISH Activation

Functions (AFs) named GS-RBFN are used by the proposed framework, improving
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the gradient flow and enhancing the ability of the network to process complex
sequences. The proposed GS-RBFN network is designed into 3 layers, namely the
input layer, the hidden layer, and the output layer. Figure 3.4 exemplifies the
structural diagram for the proposed GS-RBFN approach.

— Input Layer

GELTU and SWISH
~ Activation Laver

II Qou Y qu \-l - I';. Q?ﬁ "l — Hidden Laver

P o=

'~ Output Layer

W o W

‘ h.ﬂ_D ‘ iar'-flf‘f ‘ ﬁc‘.x-

—

Figure 3.4: Structural diagram for the proposed GS-RBFN technique

Input Layer: Here, the extracted features &, are provided to this layer, which

receives and passes the data to the hidden layer. This can be illustrated by using the

following mathematical formulation,
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&, >Q, —1 50, (3.67)

Where, the input layer is signified as €2, and the hidden layer is depicted as €2, .

Hidden Layer: The hidden layer accepts the features from the input layer for the
accurate classification of AD. The hidden layer encompasses various numbers of
neurons, and every neuron is associated with the center point and the radial bias

functions.

Now, to improve the gradient flow and enhance the ability of the network in terms
of processing complex sequences, the GELU and SWISH AFs are applied. Then, the
GELU AF is articulated by using the following mathematical equation,

(DGELU[ w]=§_~y+2§\~/y5

“dt

(3.68)

=
—( | €
IR
Here, the GELU AF is indicated as ®“**V . Thereafter, the SWISH AF is applied for

the extraction of best features, which is illustrated by using the following expression,
@M [£, | = &, x sigmoid[K] (3.69)

Where, the SWISH AF is notated as ®*"™" and the learnable parameter is depicted
as K. After the utilization of GELU and SWISH AFs, the hidden layer’s output is
obtained by computing both GELU and SWISH AFs, which can be explained by the

following expression,

Qi = 0, Jr 0™, (3.70)

Here, the obtained output from the hidden layer is demonstrated as Q7 .

Output Layer: Finally, the disease is categorized by the output layer centered on the
output value. The output values are obtained by the multiplication of weight values

with the AFs, which is elaborated by the following mathematical representation,

0. =w Q" (3.71)

values
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Where, the weight values are indicated as® and the output values are depicted as

0] Then, based on the obtained output values, the AD is characterized into 3

values *

types, such as AD, MCI, and CN, which is illustrated by the following depiction,

AP AD
Q=AM MCT (3.72)
AN . CN

Here, the classified output of the output layer is exemplified as Q7 . In Figure 3.5,

the pseudo-code for the proposed GS-RBFN technique is depicted.

Input: Extracted features &
Output: Classified output €/

Begin
Imitialize O, Q. O, Tteration|oc ), and maximum iteration (o, |
Set(x=1)
While (oc__ <oc)
For each &, do

Accept the input from the input layer
Apply GELU activation function

Utilized SWISH activation function
CDWH‘;T;_I_. ]= &y wsigmo ra{K]
Calculate the output from the hidden layer
03— e e T,
Evaluate the output values

O =002
Predict the output
End For
End While
[;\ 4D
Return: O =< A" [ MCT
A ON

End

Figure 3.5: Pseudo-code for the proposed GS-RBFN technique

Thus, the proposed model assists in classifying the AD, MCI, and CN accurately by
applying appropriate techniques.
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3.3 Summary of the Proposed Methodology

In this proposed framework, an efficient technique is implemented to early predict
and classify AD using GS-RBFN. Primarily, this methodology begins by collecting
the ADNI brain images to early predict and classify AD. After that, centered on
intensity normalization, skull stripping, together with spatial smoothing, the
collected data are effectively pre-processed. Then, the images are partitioned into
WM, GM, and CSF by the proposed BLSAOWS technique. Further, the
morphological operations, namely dilation, erosion, opening, and closing operations
effectively processed the input images based on the shapes and created the same-
sized output image. Next, under several data augmentation techniques like
deformation, flipping, scaling, cropping, and rotation of images, the reconstructed
images are processed. Through applying these techniques, new transformed versions
of images are generated by the proposed approach while providing more important
information for the accurate classification of AD. Thereafter, by patch segmentation,
feature patch selection, and patch concatenation, the proposed framework efficiently
extracted the image representation. The proposed BSRISRHSO technique accurately
extracted the features based on the extracted image representations to classify AD,
MCI, and CN disease. Lastly, based on utilizing the proposed GELU and SWISH
AFs, the proposed GS-RBFN technique successfully detected and classified AD.
Hence, by providing appropriate approaches and techniques, the proposed

framework offers effective and accurate prediction and classification of AD.

Ethical, Clinical, and Interpretability Considerations: The study uses anonymized
data from the ADNI repository following ethical data-use policies. Clinically, the
models are intended as decision-support tools to assist physicians rather than replace
diagnostic judgment. Interpretability is ensured through saliency and SHAP
visualizations that highlight critical brain regions influencing model predictions.

These measures promote clinical trust and responsible use of Al in healthcare.
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CHAPTER 4

A DOMINANT AD STAGE AND RISK PREDICTION FRAMEWORK
USING A TADPOLE DATASET BASED ON TT SELF-WEIGHTED
DEEP-AD3; NET

4.1 Introduction

Aging relates to cognitive changes characterized by phenotypic diversity in both
severity and pace. This diversity is due to numerous biological and lifestyle factors
that influence an individual throughout their lifespan (Marinescu et al., 2020).
Among these, certain individuals preserve their CF in old age termed super agers,
whereas others face a reduction at a younger age owing to ND (Kapoor et al., 2021).
In this broad dimension of CF, there will be difficulty in describing the fine line
betwixt normal and pathological aging. Furthermore, aging commonly results in
cognitive decline, particularly in memory function. Also, it is often related to NDs,
such as AD (Mehdipour Ghazi et al., 2021). The most general sort of dementia is
AD, which is a progressive disease beginning with mild memory loss and probably
causes a decline in the potential to perform conversation and respond to the
environment (Ho et al., 2022). In 2020, 5.8 million Americans are living with AD,
and the number of individuals living with AD doubles every five years beyond age
sixty-five. AD eventually affects brain functions, namely movement, memory,

language, behavior, judgment, and abstract thinking (Hernandez et al., 2022).

AD is categorized by 2 abnormalities in the brain, such as APs and Neurofibrillary
Tangles (NFTs). APs are found in the tissues betwixt the nerve cells, which are
unusual clumps of a protein known as beta-amyloid as well as degenerating bits of
neurons and other cells. A bundle of twisted filaments found within neurons is
referred to as NFTs (Baytas, 2024). The tangles are mainly made up of a protein
named tau. In healthy neurons, these proteins help the microtubules’ functioning,
while in AD, tau changes the way that causes it to twist into pairs of helical
filaments that gather into tangles (Zhao et al., 2023). This failure of the neurons’
transport system might impair communication betwixt nerve cells, leading them to
die. Hence, enormous effort has been made to identify and develop treatment

options, which can terminate this degenerative process at an earlier stage (Song et

Haulath K. Alzheimer’ s disease diagnosis and risk predliction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, University of Calicut.
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al., 2021). Firstly, the cognitive symptoms can be minor, and the conditions are
termed MCI, which represents a borderline between normal aging and very early
dementia. Nevertheless, not every patient with MCI develops AD (Jung et al., 2021).
Even though studies show that a patient with MCI has a tenfold augmented risk of
developing AD, a subset of people with MCI remain stable or return to normal
functioning. Furthermore, many environmental and genetic risk factors are related to
the strongest genetic risk factor for an allele of apolipoprotein. This prediction is

made by assessing the AD dataset (Lin et al., 2021).

Identifying the data, features, and methods that are best predictive of the future
progression of subjects at risk of AD is the aim of the TADPOLE (Irfan et al.,
2024). Accurate prediction of the onset of AD and the longitudinal progression is
significant for patient selection and care planning in clinical trials (Muhammed &
Thiyagarajan, 2022). Early detection is vital to successfully administrate disease-
modifying treatments during the disease’s pre-symptomatic phases before extensive
brain damage. Several approaches are demonstrated for the prediction of AD-related
target variables, leveraging multimodal biomarker data available in AD (Muhammed
& Thiyagarajan, 2021). Yet, none of the prevailing works performed variable
selection for the calculation of RS as it was impossible to manage; therefore,
potential bias on FS was created [(Qu et al., 2021). In addition, the conventional
longitudinal techniques centered on statistical regression models that perform target
variables’ interaction with other known factors, namely cognitive test scores, clinical
diagnosis, or time for conversion betwixt diagnoses, which cannot predict the RS,
remains unexplored (Prakash et al., 2021). Likewise, in this proposed framework, an
AD stage and risk prediction framework by using the TADPOLE dataset and
performing the risk assessment based on cognitive test scores and its clinical trials

using ADAS-Cogs-13 and its tasks is implemented.

4.2  Proposed Methodology For TT Self-Weighted DEEP-AD;-NET-
BASED AD Stage and Risk Prediction Using Tadpole Dataset

AD is an ND that has the key symptoms of chronic primary memory loss and
cognitive impairment. For the prevention of AD, the at-risk states’ characterization

and AD’s timely detection are important. Thus, a dominant AD stage as well as risk
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prediction using the TADPOLE dataset is implemented in the proposed framework.
Initially, the ADNI TADOLE dataset is examined for computing the RSs, and some
variables are extracted by alleviating the noise. After that, to select the crucial
variables, the RHCA is applied. Subsequently, they are ranked through the tailored
metric ranking approach. Further, the risk prediction score is computed using the
TT-SWM and the ventricle volume weight assignment process by employing the
relevant variables obtained from the original AD Assessment Scale Cognitive
Subscale (ADAS-Cog-13). Then, by using the QBCS methodology, the brain’s
volume and hippocampus area of an AD-affected person and the rate of shrinkage in
the brain are measured. Next, the resting-state functional MRI (rs-fMRI) is
employed for the entire brain with the bilateral hippocampus by using the
Phylogenetic Method (PM). Here, the bilateral hippocampus features are acquired
by creating one GLCM. Then, by using the GA, the features are extracted. Finally,
for the classification of AD stages, the features from ranking, risk predicted scores,
and the bilateral hippocampus features are fed into the Deep-ADs3-Net classifier,
which classified the AD stages into normal, AD-mild, AD-moderate, and AD-
severity. Figure 4.1 depicts the structural block diagram for the proposed

framework.
RANKING PHASE
i \
i ]
! | Variable Noise A Variable 40 Rankin ﬁﬂ[.lﬂ
1 Extraction ﬂu Remowa] Selection L g
ADNI Tadpole | RHCA ) Tailored Metric )
Dataset e |
E RISK SCORE PREDICTION PHASE i
| —>AD-Mid |
i ADAS Cog-13 Classification i
! Selection | Risk Score ﬁ P |
i M A prediction AD- Moderate E
i L TT-SWM ) : |
; 7 , DeepADNet) | i Sverity |
Parameter N . g i
| Measurement A eature i
-— 1 rs-fMRI 1 Extraction Q1€ |
! measurement a4 |
) QBCS : - PM ’ J_: GA " / i
/ L/ |
BRAIN SHRINKAGE MEASUREMENT PHASE i

Figure 4.1: Block diagram for the proposed framework
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4.2.1 Data Acquisition

Initially, for accurate AD stage classification and AD risk prediction, the ADNI
TADPOLE dataset is analyzed with the ADAS-Cog 13 results. The TADPOLE’s
essence is very simple. It provides a list of individuals recruited priorly to the ADNI.
This dataset comprises numerous variables, namely age, gender, education,
Intracranial Volume (ICV), whole brain, Hippocampus, Mid-temp, Mid-left, Mid-
right, and so on. All these individuals provide data to earlier ADNI studies and have
accepted for rendering follow-up data in ADNI 3. Additionally, the TADPOLE
challenge participants to use any data freely to inform their predictions. For
convenience, TADPOLE provides 3 standard datasets, namely D1, D2, and D3,
which are derived from the ADNI study. DI specifies the comprehensive
longitudinal dataset for training, D2 demonstrates the comprehensive longitudinal
dataset on rollover subjects to forecast, and finally, D3 depicts the limited
forecasting dataset on similar rollover subjects as D2. Further, the data from the

given dataset is illustrated in the following expression,
4™ _ {aATD aA™D pATD aATD} @.1)
a - 1 s Yy s U3 ’ s Uy .

Where,a=1,2,3,---, A, the data from the given ADNI TADPOLE dataset is

indicated as 0™

, and the maximum number of data is illustrated as 4. Now, the
collected data from the given ADNI TADPOLE dataset is processed to accurately
classify AD stages through three phases, namely ranking, RS prediction, and brain

shrinkage measurement.
4.2.2 Ranking Phase

Here, to accurately classify AD stages and risk prediction, some variables are
extracted from the rendered ADNI dataset. In this phase, variable extraction, noise
removal, variable selection, ranking, and FE are included. A multisite study that uses
biomarkers, such as chemicals in the blood, and clinical measures, such as cognitive
and neuropsychological tests to evaluate brain functions and structure is termed

ADNI. The ADNI clinical dataset comprises clinical information regarding each

74



A Dominant Ad Stage And Risk Prediction Framework Using A Tadpole

iJ

Dataset Based On Tt Self-Weighted Deep-""" 3 -Net

Ihi-

subject, containing demographics, cognitive evaluation data, recruitment, and
physical examinations. Furthermore, for observing variations in the brain, the ADNI
uses neuroimaging techniques like MRI and PET scans. The comprehensive

explanation of the ranking phase is given below,
4.2.2.1 Variable Extraction

Here, the variables illustrating the AD’s characteristics from the given dataset are
extracted. Some of the relevant extracted characteristics for effective AD
classification are characteristics like gender, age, brain volume, hippocampus, ICV,
mid-temp, mid-right, mid-left, and so on. For the accurate calculation of RSs, this
variable extraction is also important. Further, the extracted variables are illustrated

by the following representation,

Eéfar = [El Eiar’ £3var9 T Eljar] (42)

var?

Where,b =1, 2,3,---, B, the extracted variable is depicted as / and the

var ?

maximum number of extracted variables is exemplified as B . Now, for the effective

classification of AD stages, the extracted variables ¢  are inputted to the noise

removal step.
4.2.2.2 Noise Removal

The unwanted artifacts are removed from the extracted variables for the calculation
of the RS and the preservation of information present in the variables. This noise
removal process aids in removing all the unwanted noise present in the extracted
variables and finding the high-risk areas. Further, the noise-removed variables are

represented by using the following mathematical equation,
(@ivar — (@f\'ar’ (@évar’ (@évar’ cee, (@évar (4.3)

Here,c=1, 2, 3, - - -, C, the variables that are noise-removed to accurately evaluate

. - . . .
RSs are notated as g, and the maximum number of noise-removed variables is
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signified as C . Now, " are processed to evaluate an extrapolation of the affected

hippocampus as well as mid-cortex areas and the selection of more robust and

positive variables by utilizing the RHCA.
4.2.2.3 Variable Selection

After removing the noise from the extracted variables, the variables that are more
robust and positive in the affected hippocampus and mid-cortex areas are selected to
accurately predict RS. For this purpose, the RHCA technique, which is effective for
variable selection, is utilized by the proposed framework. In general, for the
selection of strong attributes, the prevailing Correlation Coefficient (CC) technique
is applied. Also, by using the CC technique, the strength of relations betwixt data
variables is assessed. Here, a CC of +1 indicates the 2 variables that are perfectly
connected positively. In addition, the CC of -1 illustrates the 2 variables that are
perfectly connected negatively, whereas the CC of 0 signifies that there is no linear
relation. Here, only in certain predefined criteria, the CC is acquired. Thus, this
technique failed to determine the causality between the ‘two’ strong attributes.
Hence, in the prevailing correlation analysis, the hypothesis testing method is
recursively introduced for ascertaining the strong attributes. The hypothesis testing
aims to test whether the null hypothesis could be approved or rejected. Further, the
modified technique is referred to as RHCA, which effectively selects the respective
variables and creates a correlation matrix by leaving the one out of cross-validation.

The proposed RHCA method’s step-by-step process is demonstrated below,

= Primarily, the variables having stronger attributes are chosen by using the
Pearson product-moment CC, which gauges the strength of the linear relation
betwixt 2 variables. Also, the collinear relation between the two variables is
determined by the covariance and standard deviation determination. Then, the

formula for the CC is demonstrated by using the following mathematical equation,

1

9% [ var,, var, |=
cov
o [var,, var,

] {afd [var, |- @ [var, | } 4.4)
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Where, the CC of two variables var, and var, is depicted as 3, the covariance of

two variables is indicated aso ", and the standard deviation of two variables is

notated as @™ .

= Now, the state of the hypothesis is determined either as a hull or alternated
for the strong attribute selection processes. Here, the relationship between the
variables is denoted as alternated, and the correlation between the essential attributes
is demonstrated as null. This can also be stated by using the following

representations.

gre

Varl,var2| =H" 4.5)

gre

atrl,atr2| =H’ (4.6)

Here, the calculated relationships are illustrated as /™, the required strong attributes

are depicted asatr,and atr, , and the null and alternative hypotheses indicating the

state of the hypothesis are exemplified as H” and H”, respectively.

= Next, sampling is performed for obtaining the difference between the two
variables. After that, for an efficient testing process, the data needed for the robust
attribute selection is also collected. Furthermore, by using the statistical test, the
within-group and between-group variances are determined. Further, the statistical

test is defined by the following mathematical equation,

O_VAR(Wg)>O_VAR(bg) ’ /PV,
= 4.7
o {a%g)w%g) a9

VAR (

Here, the within-group variance is indicated as o wg), the between-group

variance is depicted as o’ (b ), the prediction value using a statistical test is

illustrated as¢,, , the low prediction value is signified as ¢/, and the high

low

prediction value is demonstrated as ¢, .
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Based on the prediction values, the decision is made whether the null
hypothesis is selected or rejected. Also, features, such as APs and Cerebral
Amyloid Angiopathy (CAA), NFTs, glial responses, ICV, Weighted Error
Score (WES), Mean Absolute Error (MAE), and Coverage Probability
Accuracy (CPA) are acquired through the correlation matrix, which can be

illustrated by using the following mathematical equation,

é/PV M {fapca’ fnft’fgr’ficv’fmae’fwes’fcw} (47)

Here, the features like APs and CAA, NFTs, glial response, IC, MAE, WES, and
CPA are indicated as £, ", <, £, f™, £, and f%, respectively. The

correlation matrix is illustrated as¢™ , which also indicates the relationship among

all the possible pairs of values generated as of the chosen robust variables.

=

Furthermore, the CPA is a scheme for the computation of confidence
intervals. The confidence intervals are the proportion of the time that the
interval comprises the true value of interest. After that, the process is
repeated till the causality between the variables is not determined. Further,
the selected variables are demonstrated by utilizing the following

mathematical equation,

hljlw :(hlsr/’ h%w, hﬁwa R h?V) (4-8)

Where,d =1, 2,3, ---, D, the selected variables are demonstrated as 7%, , and the

maximum number of selected variables is signified as D. Now, to accurately

classify AD stages and risk prediction of AD, the selected variables are provided for

the ranking phase.
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4.2.2.4 Ranking

In this phase, the selected variables# g, , including the neuropathological hallmarks,

such as APs and CAA, NFTs, glial responses, ICV, MAE, WES, and CPA are
obtained. By using the tailored metric ranging algorithm, these neuropathological
hallmarks are ranked. To rank those neuropathological hallmarks, the Markov Chain
technique is applied, which creates samples of continuous random variables, with
probability density proportional to a known function. These samples could be
utilized for assessing an integral over those variables as its anticipated value or
variance. Commonly, a stochastic discrete-time process is also referred to as a
random sequence. The assumed values are called the stochastic process’s states. The
stochastic process’s state space is created by the set of all probable values. It is
utilized for ranking the specific features extracted as of the dataset at a time called
the Markov chain. Then, the steps for the procedure of ranking the

neuropathological hallmarks are illustrated as follows,

= Initially, through a transition probability matrix, the Markov chain is
determined. A Markov chain’s state transition probability matrix offers the
probabilities of transitioning from one state to another in a single time unit. It
is beneficial for extending to long time intervals. Then, the Markov chain is

represented by using the following matrix equation,

R, = B, - B,
M* =B - B B 4.9)
Py = B o B

Here,/=1,2,3,---,i,J=1,2,3,---, j, the Markov chain is indicated asM™, the
probability of choosing the ranked features is specified as P, and the maximum

number of selected ranked features is illustrated as i and ;.

= Once the Markov chain is determined, the probability of the occurrence of

the feature at a time ¢ is computed based on the initial probability
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distribution and is evaluated using the following mathematical

representation,
P B R
P[h]=PHP P Ph (4.10)
B B By

Here, P,,demonstrates the initial probability distribution matrix, which 1is

formulated by using the following mathematical expression,

_Ipt 2 int
P[NT - P]NT f)INT BNT

4.11)

Where, the maximum number of probability distribution elements is illustrated as

int.

& Now, for the accurate classification of AD stages, the Markov chain
approach is applied to calculating the ranked wvariables. This can be

illustrated by using the following depiction,
g, — SR (4.12)

Here, the ranked variables are represented as A %" .

= Further, the obtained ranked variables are explained by using the following

mathematical equation,
R =g R kY (4.13)

Here,e=1, 2, 3, - - -, E, the maximum number of ranked variables is demonstrated
as E . During this ranking, the ICV always ranked first. Hence, size variation is
examined by correcting for making an approximate differentiation between CN and
MCI patients. Thereafter, for the accurate risk prediction and classification of AD

stages, the ranked variables are processed.
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4.2.2.5 Feature Extraction

The features responsible for effectively classifying AD stages are extracted from the

ranked variablesA ", namely APs and CAA, NFTs, glial responses, ICV, MAE,
WES, and CPA. Here, by using the GA technique, the features having 3D dynamic
form factor features are extracted. The objective function is directly taken by GA as
the fitness function is only used by the search information for evaluating the
individual devoid of other complicated derivation and extra information.
Furthermore, based on this, the genetic operation is carried out by GA for realizing
the information exchange betwixt individuals in the populace. Therefore, GA can
extract large volumes of features with good flexibility. Additionally, this technique
adopts a multi-point parallel approach to collect features from multipoint. Moreover,
the population-based optimization method is applied to evolve the optimized
functions or objectives via cooperative and competitive interaction among
individuals inspired by the fittest survival behavior. A new populace is generated
centered on the genes present in an individual. Then, the proposed GA’s

comprehensive explanation is discussed below,

> Initially, the number of chromosomes or A*" is integrated with the initial
populace. These chromosomes in the d-dimensional search space are
randomly initialized. Then, the random initialization of these chromosomes

is depicted by using the following equation,
KRV = {g(fo’ K§V5 x};Va T, KIEV)} (414)
Where, the number of chromosomes or A% is indicated as g . The fitness of every
chromosome in the populace is determined based on the fitness calculation.

> Now, the prediction accuracy or fitness of every chromosome in the
populace is calculated; from the populace, the fittest chromosomes are
chosen for further processing. Then, the fitness assessment is formulated by

using the following equation,

TR =T, &%, T, &%, T, &%, ... T, &% (4.15)
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Here, the fitness function is specified asT',

> Afterward, the selection operation is carried out through the selection of
chromosome pairs. Based on the weight factor and the calculated fitness
values, probability is evaluated in the selection. Then, the selection

probability is assessed by the following mathematical representation,
P lgt =, (T AY T, R Ty RS, o Ty 2 (4.16)

Where, the selection probability is represented asP®, the weight factor is notated

as ,,, and the chromosome pair is indicated as g* .

> After that, based on the selection probability and the minimum probability of
selection, the selection process is carried out by using the following

expression.

i oy Plet)
. P'lg® .
ZggeKRV mln‘rﬁt (KRV1 m% -1

Here, the selection process is shown as &, and the minimum probability of selection
is exemplified as min‘Fﬁt( RV} , which is calculated based on the minimum

probability selection of the paired chromosomes. This can be elaborated by using the

following mathematical equation,
min‘l“ﬁ,( RV}zmin( S(gg); g° e?LRV) (4.18)

> Once the selection process is estimated, several chromosomes are selected
for producing the new strings. Then, the selected chromosomes are depicted

by the following depiction,

gscle :gileﬁ gszle7 gslw ) gscle (419)
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Here,G=1,2,3,---, G, the selected chromosomes are signified as g, , and the

. . G
maximum number of selected chromosomes is denoted as G .

> The new strings are produced based on the chromosomes selected by the
selection process. Here, based on the selected chromosomes, the new string
is produced by using the crossover operation. Crossover is a genetic
operator, which is utilized to vary the programming of chromosomes from
one generation to another. This technique is also called recombination and is
used for combining the genetic information of two chromosomes to generate
new strings. Then, the new strings are formulated by using the following

mathematical equation,

é:new[ RV]: Sco " &ie (4.20)

new

Where, the new string is represented as ™", and the crossover operator is notated

aS¢co -

> Now, for effective AD stage classification, the new string is examined for the
calculation of the optimal solution. The mutation procedure is carried out to
evaluate the optimal solutions, which is elaborated by the following

equation,

g |—— 9, (4.21)

SMop

Here, the mutation producer is indicated as ¢,,, , and the set of optimal solutions is

demonstrated as ... These optimal solutions are regarded as the extracted features.

Then, the extracted features to accurately and effectively classify AD stages are

elaborated by the following mathematical depiction,
lggF = ‘9115Fn ‘9an ‘9an T ‘91;? (4.22)

Here, the maximum number of extracted features is notated as H . Thereafter, these
extracted features are inputted to the classifier for the accurate and effective
classification of AD stages. The pseudo-code for the proposed GA is represented in

Figure 4.2,
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Input: Ranked variables 7"
Dutput: Extracted faaturas 3,
Begin

Imitiabize g, " . .. &7, iteration|jrr |, and maximum

iteration it |
Set (itr =1)
While {irr = i)
Foreach " do
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o
1
B

o

Perform selaction probability
Plg'l=w, [ 2. 0.2 T2, Tz}

Apply selaction process formmula

_-r.lﬂ'.ll

inf" (77 | ——2 L1

I_:ll-r_'\.:. | mmr Ir 1|_ﬂ11_f|,|]__, :"-:'M 1 _I
. . Plg®)
Yo }wm'l" 5 {_m_ s 1_|

¥
Elze
{
S5 =10
¥
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End For
End While
REm: 3:I = 3r_l > "g'rlll > ‘g‘:l » "7 T -3'::

End

Figure 4.2: Pseudo-code for the proposed GA technique

Then, for the effective and efficient classification of various stages of AD, the

proposed framework evaluates the RS prediction.
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4.2.3 RISK SCORE PREDICTION PHASE

In this phase, for the prediction of RS, the ADAS-Cog 13 set of pertinent variables
is chosen from the given data set. Here, to quantitatively measure the status of the
subject disease, the ADAS-Cog-13 scale results are collected. Based on these values,
the RS prediction is computed for the accurate and effective classification of AD
stages. In this phase, ADAS-Cog-13 selection and RS prediction are included, which
are elaborated further.

4.2.3.1 ADAS-Cog-13 Selection

Here, for the efficient risk prediction process, the most relevant variables are
selected from the ADAS-Cog-13. This selection process is carried out by using the
TT-SWM technique, where the SWM 1is applied to incorporate 13 features with
predetermined weight values. In the conventional SWM, the features are analyzed
and their respective global and local weight values are built, which are then used for
weighted mean determination. However, it experiences a loss of significant features
or information due to the changeability of the information that is available in the
dataset. Therefore, to tackle the limitation of the conventional SWM, the TT
techniques are applied to weight assignment for offering improved risk prediction.
Hence, the proposed technique is known as TT-SWM. Then, the steps involved in
the process of ADAS-Cog-13 selection are given below,

7/

> Primarily, through the z-score, the features in the ADAS-Cog-13 are
investigated with the weight values. The particular feature is chosen if both the
features present in the dataset and the weight values are true. Further, the necessary
weights are allocated. This can be illustrated by using the following mathematical

equation,

: __ L AR,
PR z{lf(a)WWF[ ——Tr”e) Fi=0 (4.23)

else ;0
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Here, the weight-assigned features are denoted as@””", the weight values are

exemplified as @y, , and the maximum number of features from the given dataset is

indicated as F; .

7

X Furthermore, the z-score is formulated by utilizing the following

mathematical equation.

1
8OZ_S = O_SD ’ (F} )75{ mean y(F}K’ Flk )} (424)
Where, the z-score is represented as pzfs, the standard deviation is denoted aso*” ,
the weighted mean value is shown asy,, , the correlation between K, and
k, feature is expressed as y(F,K , Ff ) By using " °, the features in the ADAS-Cog-

13 dataset are investigated with their weight values.

X The relation between the features is determined based on the z-score
equation for the accurate selection of ADAS-Cog 13. It is illustrated by the

following mathematical equation,

cy

y =@ |K,Kx o™ [K]- o™ k] (4.25)

K,k

Here, the covariance between K, andk, feature is denoted as@“|K,k|, and the

moment of K, andk,, feature is notated as v™"[K |andv™"[k], respectively.

o In addition, the weight mean value is computed according to the z-score

L)

equation by multiplying features with their corresponding weight values.
Then, the multiplied feature with weight values is determined by using the

following mathematical equation,
a’wVF,za)WV<F,1,F,2,F,3,---,F,’"> (4.26)

Where, millustrates the maximum number of the features from the given dataset.

The summation is carried out on both sides once the features are multiplied with
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their respective weight values. This can be illustrated by using the following

mathematical expression,

SO Jow Bl = AR E L (4.27)
1

K/

*

From the above equation 4.27, the weighted mean value is assessed by the
ratio of the summation of multiplied features with weight values to the

individual weight values. This is formulated by the following mathematical

depiction,
m m -1 %
k k k k
el ,k)—{z|ww| 16 x{Sow | } @29)
1 1
X Finally, the number of features selected is determined based on the weighted

mean values and is elaborated as,

",k):> s (4.29)

lu mean QwWV

Where, the selected features are illustrated as7 ¢ and are regarded as the selected

ADAS-Cog 13 from the given dataset. Further, the comprehensive explanation of
the selected ADAS-Cog 13 is given below,

Mis = 7725» 77315» 77315» B 771]4\]5 (4.30)

Here,n=1, 2, 3, - - -, N, the maximum number of features selected for the accurate

RS prediction of AD is exemplified as N . After that, the selected features are given
to the next phase of accurate and effective classification of AD stages known as the
RS prediction. Figure 4.3 depicts the pseudo-code for the proposed TT-SWM

technique.
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Input: Features in the ADAS-Cog-13 F,
Output: Selected features 77

Begin
Initialize @, """ " 4 o |f~k| iteration|ir ), and
maximum iteration |77}
Setlirr =1)
While (it <itr)
Foreach?, do
Ifi=,,. F = Irus|

{ i
F =a""

End If

Estimate comrelation

y = Ao

Evaluate the weighted mean values

| A= “:Z o, |17 x(Z [, f>_ L

Calculate z-score

S—

[A—

0 = (F i, -rEE R

Select thefeatures
JT |’=|“»‘:':*.r; .
End For
End While
Return: -".il.i_\ =N '|_._‘: 'r-il-l.‘-ﬁ 7 .I.k= e 1] i_\

End

Figure 4.3: Pseudo-code for the proposed TT-SWM approach

Now, the selected features are fed as input to classify AD stages through the
prediction of RSs.

4.2.3.2 Risk Score Prediction

The RS is examined in this step for assessing the stages of AD, which is carried out

after the assignment of weight to the features. Based on the different time points, the

88



A Dominant Ad Stage And Risk Prediction Framework Using A Tadpole

iJ

Dataset Based On Tt Self-Weighted Deep-""" 3 -Net

Ihi-

weights are assigned. This process is repeatedly carried out until the maximum
iterations are reached. The ventricle volume weights have to be assigned for the RS
prediction. These ventricle volume weights are assigned likewise the weight
assignments based on the different time points. Then, the assigned ventricle volume

weights are indicated by the following mathematical depiction,
Yoy = Oy Fy (4.31)
Where, the assigned ventricle volume weight is exemplified as Y, .

The RS is computed based on the ventricle volume’s weight for the accurate and
effective prediction of AD stages. Here, if the ventricle volume weight is high when
compared to the other weight, then the patient is considered to be at risk; otherwise,
the patient is considered to be at low risk. This is comprehensively explained by the

following mathematical equation,

R = {RISK 4 >0) (4.32)

No — RISK ;else

Where, the predicted score is indicated asR”*, and the other weight values are

other

notated as @™ . The AD’s severity level is assessed from the predicted score. Even
after the prediction of RS, the severity of AD can’t be predicted for lower-risk
patients. Thus, to accurately classify AD stages, the output from the RS prediction is

provided as input to the classifier.
4.2.4 Brain Shrinkage Measurement Phase

Measurement of brain shrinkage is carried out in this phase by analyzing the given
dataset for the accurate and efficient classification of AD stages. Brain shrinkage is
also referred to as BA or cerebral atrophy. It is a gradual reduction in brain size and
volume after reaching maturity. Furthermore, BA is a loss of neurons and
correlations betwixt neurons. BA is caused by various conditions, such as dementia,
cerebral palsy, and infectious diseases. Therefore, since diagnosing the stage of AD

patients and serving them with corresponding therapy are significant, the brain
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shrinkage measurement is computed to investigate the relationship betwixt
hippocampus MRI radiomen features and intra-hippocampal functional connectivity
in AD. So, the QBCS technique is applied to determine the volume of the
hippocampus area, the whole brain, and the brain shrinkage factor affected by AD.
The whole brain volume is another measure utilized for correcting the head size
variation across subjects. The hippocampus area is affected by AD, stress,
depression, and epilepsy, and the brain shrinkage factors are stroke and traumatic

brain injury.
4.2.4.1 Parameter Measurement

Here, by utilizing the QBCS technique, the parameters responsible for the
measurement of brain shrinkage are evaluated. In QBCS methodology, a 2-
dimensional stretching sheet is taken into account for the measurement of
hippocampus volume and brain shrinkage. By using this theorem, minimal and
maximal values are taken. Further, a detailed explanation of the QBCS technique is

given as,

4 Initially, the constant magnetic field of strength is applied to measure the
hippocampus volume measurement. When it is applied on the constant
surface or the human brain, the temperature and heat transfer coefficient are

changed. This is described by utilizing the following mathematical equation.

Oox Oox 1

R il 4.33
an y@Y den ( )

o ﬂw,{ o’x  0%x

= }+u"b“~S2-x
oX

ox* or?

Where, the velocity components in X and Y directions at the time ¢ are indicated
as x and y, respectively, the density is illustrated as den , the strength is displayed
as S, the fluid pressure is investigated as /7, the queue absorption coefficient is
specified asv?™, and the wavelength is signified as 2" .

v Subsequently, for measuring the flux measurement, the Rosseland diffusion

approximation is applied. A method for approximating the heat transfer by
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radiating in a participating medium is termed the Rosseland approximation.
It is a variation of ration diffusion approximations, which is primarily
applicable for optically thick media. The approximation considers that the
photons’ mean free path is much smaller when compared to the material
thickness, allowing the transportation of radiative heat to be approximated as
a diffusion process. The radiative heat flux term is introduced in the energy
equation by the Rosseland approximation. Further, the Rosseland diffusion
approximation is formulated by wusing the following mathematical
expression,
Y. or*

E,. . =—40" (3B - 4.34
RDE ( con aY ( )

Here, the Rosseland diffusion approximation is notated as E and the Boltzmann

RDE >

constant is indicated asB,,, .

v In addition, the local skin friction coefficient, nusselt, and Sherwood number

are reduced and are expressed in the following mathematical equations.

BT = Ry B (4.35)
NUS __ 1 NUS

B = Mﬂ (4.36)

ﬂSHE — 1 ﬂSHE (437)

V tQRN

Where, the local skin friction coefficient is notated as 3", the Nusselt is signified

SHE

as B, the Sherwood number is specified as ", and the Reynolds number is

exemplified as X, .

4 The Reynolds number can be expanded centered on the ratio of the shear
factor to the strength, which can be expressed by utilizing the following

mathematical expression,
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Ny =R oS (4.38)
Here, the shear factor is exemplified asR ;. .

v Based on the Reynolds number, the brain shrinkage factor is evaluated
regarding the estimation of internal and external shrinkages. This can be

illustrated by the following mathematical expression,

RET = %(a +7,) (4.39)

nt

Where, the calculated brain shrinkage is explained asR™", the total hours of

internal and external shrinkages are indicated asz,, and 7,_,, respectively, and the

nt ext >
available hours are illustrated as7 . After that, for the accurate and efficient
classification of AD stages, the measured parameters are applied for the

measurement of rs-fMRI.
4.2.4.2rs-MRI measurement

Once the parameters are measured, certain radiomic features, such as functional
connectivity values of the bilateral hippocampus, rs-fMRI, and the entire brain
functional connectivity are extracted to effectively classify AD stages. Here, those
features are measured by utilizing the PM technique. The PM technique is primarily
used to determine the evolutionary relations betwixt the organisms via their tree
structure. Further, the steps involved in the process of measuring the resting state

fMRI are illustrated below,

* Primarily, for the measurement of rs-fMRI, the pairwise distance between
the neurons present in the brain is evaluated, which is elaborated by using the

following mathematical equation,

(e, , oc, )=oc, —oc (4.40)

Here, the pairwise distance between the neurons is signified as y”"”, and the

neurons present in the brain are displayed as oc.
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* Subsequently, to effectively classify AD stages, the distance matrix has been
constructed. By using the pairwise distance, the distance matrix is

constructed and is elaborated by the following mathematical equation,

IxJ

B R

Mo =20" o Xt X (4.41)
B Y R

k=1,2,3,4,- -, [;K=1,2,3,4,- -, J (4.42)

Here, the distance matrix is given asM , .

* Lastly, the tree is constructed based on the distance matrix to evaluate
radiomic features. Therefore, for effectively classifying AD stages, the
radiomic feature measurements are evaluated. This can be illustrated by the

following mathematical equation,

M s = Errme (4.43)

tree

Where, the radiomic feature measurement is exemplified ase,.,, and the

constructed tree is described as free. Then, the comprehensive explanation of
assessed radiomic feature measurement to accurately and efficiently classify AD

stages is demonstrated by the following mathematical expression,

P _ Al 2 3 4 Py
Erem = Erpms ErEM > EREM > CREM S T T 5 ERFM (4.44)

Here,p=1,2,3,---, p,, the maximum number of evaluated radiomic feature

measurements is exemplified as p, .

The bilateral hippocampus features are obtained from these radiomic feature
measurements. For the accurate and effective classification of AD stages, these
features are responsible. Also, through the construction of GLCM, these bilateral

hippocampus features are obtained. A statistical method that analyzes the spatial

93



A Dominant Ad Stage And Risk Prediction Framework Using A Tadpole

iJ

Dataset Based On Tt Self-Weighted Deep-""" 3 -Net

Ihi-

relationships between the radiomic feature measurements to produce the features
responsible for the efficient diagnosis of AD stages is known as GLCM. Thereafter,
based on the evaluated radiomic feature measurement, these features are obtained by
using the GLCM, which is elaborately explained in the following mathematical

equation,

GLCM (€4 | = T (4.45)

Where, the construction of GLCM to obtain features is indicated asJ,,, . Further,

the detailed estimation of obtained features for the accurate and significant
prediction and classification of various stages of AD is illustrated by using the

following expression,

~q _ I ~2 ~3 ~0
‘Sobj - ‘Sobj’ ‘Sobj’ ‘Sobj’ T ‘Sobj (446)
Here,q=1,2,3, -, 0O, the maximum number of bilateral hippocampus features

obtained through the construction of GLCM is demonstrated asQ. Then, these

features are inputted to the next stage known as FE, which is significant for the

effective classification of various stages of AD.
4.2.4.3 Feature Extraction

The features responsible for classifying the AD stages effectively are extracted from

the obtained bilateral hippocampus features 3, by using the GA technique. Section

4.2.6 already explains the steps involved in the process of extracting the features by
using the GA technique. The features from the obtained bilateral hippocampus
features are extracted centered on those steps. Then, the extracted features are

expressed in the following mathematical equation,
BFE BFE BFE BFE BFE
ar = a1 > a2 > 83 s 1T aaR (447)
Where,r =1, 2,3, - - -, R, the extracted features are demonstrated asd”™”, and the

maximum number of extracted features is represented as R . Then, for the accurate

and effective classification of AD stages, 0”/*are provided to the final stage of the

proposed framework.
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4.2.5 Classification

The features from the ranking phase$,. , the brain shrinkage measurement

phase 8””, and the predicted RS of AD R** are provided as input in this phase for
the effective classification of various stages of AD. For this purpose, the Deep-AD:-
Net classifier is used in the proposed framework, which is based on the common NN
called CNN. The ReLU layer element-wise AF is applied in every layer of the
traditional CNN. In addition, the pooling layer has been included for performing the
down-sampling operation, which assists in enabling the possibility of decreasing the
feature map’s spatial resolution. Furthermore, based on the sampling frequency, the
number of pixels in the provided image is reduced. In addition, for the computation
of class scores and the generation of output, the Fully Connected Layer (FCL) is
employed. Nevertheless, the conventional CNN had over-fitting issues owing to the
presence of unwanted noise in the input values, affecting the classification of
various AD stages. Moreover, the weight and bias values were generated randomly
by the neurons present in the traditional CNN, causing more training time and a
decrease in classification accuracy. Thus, to overcome these limitations, in the
proposed framework, the three-layer technique is integrated with the traditional
CNN and the deep layer at the end, preventing the proposed framework from
overfitting issues. So, the proposed technique is called Deep-AD;-Net. Figure 4.4
shows the classifier diagram for the proposed Deep-AD;s-Net technique.

bias bins
Cogy Oz
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i CDR@LL’ — QCO,\: L QPOO L QFCL N QMSE - QOL‘T AD- Moderate

weight veight

Doy Ozr AD- Severty
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AD; Layer InputLayer ~ ReLU  Comvolutional FPooling FCL Mean Sq"mf Output Layer
i Activation Layer ~ Layer Layer Error Calculation
) l Layer

Figure 4.4: Classifier diagram for the proposed Deep-AD;-Net
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Primarily, the features from the ranking phase, RS prediction phase, and brain
shrinkage measurement phase are gathered and integrated. Then, the combined

features are elaborately expressed in the following mathematical equation,

]9EF
o7l 53, (4.48)
ERPR

Here, the features, which are the combination of features from the ranking phase, RS

prediction phase, and the brain shrinkage measurement phase, are notated as I,y .

Then, these features are provided as input to the first layer termed the ADs layer.
& ADs Layer

In this ADs layer, the mean, accuracy, and computation time for each incoming

feature 34, are acquired in the attention layer. Further, the attention layer’s output

is indicated by the following expression,

9| o (4.49)

acc
, 0

~
‘596‘33

— (a4
\Patten - [ﬂ |‘S GOR

Where, the attention layer is indicated as'¥ the mean value of the feature is

atten >

rendered as 41| 45| , the accuracy is demonstrated as 6, and the computation time

of each feature is implied as ¢, .

Then, in the extraction layer, the area-correlated features are assessed. The evaluated
area-correlated features for the accurate classification of various stages of AD are

demonstrated by using the following mathematical equation,

g

extra

=5 (4.50)

Here, the extraction layer is shown as‘¥ and the extracted area-related features

extra?®

are given as 6" .
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The phenotype-assistant layer is the final layer of the ADs layer, which comprises
the volume of data with its microstructure-oriented results, and is demonstrated by

using the following mathematical depiction,
\PPheno = <OOVD> (45 1)

Where, the phenotype-assistant layer is notated as ¥, , and the volume of data

with microstructure-oriented results is illustrated asoo’”. Now, the output from

every single layer is fed as input to the input layer.
% Input Layer

The output of the attention layer, extraction layer, and phenotype-assistance layer
from the ADs layer is multiplied by the weights and biases of neurons present in the
input layer. Further, the input layer effect is indicated by utilizing the following

mathematical depiction,

QIN — a)weight '\PADB +Gbias (452)

Here, the input layer is indicated as Q" , the weights are depicted as @"“*", and the

bias

biases of the neurons in the input layer are demonstrated asc™, and the output of

the ADj layer, which includes the results of attention, extraction, and the phenotype-

assistance layers, is signified as'¥',;, . This can be elaborated as follows,

W =[P s Poras P (4.53)

atten ° extra ? pheno

The input layer’s output is given to the ReLU activation layer after multiplying the

weights and biases.
& ReLU activation layer

Once the input layer is performed, the ReLU AF is applied. Here, ReLU AF is

referred to as the piecewise linear function triggering the neurons for producing the
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output. Then, the ReLU activation layer’s output is demonstrated by using the

following mathematical equation,

QY =0, ,, [0"] (4.54)

Where, the ReLU AF layer’s output is depicted asQ**Y and the ReLU AF is

demonstrated as®,_,,, . Then, the ReLU AF’s detailed explanation is illustrated by

using the following mathematical expression,

D,y [ | = max(0, @) (4,55)

Now, the output from the ReL U activation layer is collected and provided as input to

the next layer termed the Convolutional Layer (CL).
& Convolutional Layer

The proposed Deep-ADs-Net technique’s CL performs convolution operation. This
layer performs convolution operations by utilizing the weights and bias values of the

CL with filters, which can be explained by the following mathematical depiction,

QN = Dperv (Q[N ® wggf/ht : Xﬁl )+ Derv (O-glg;v) (4.56)

Here, the output of the CL is represented as Q““", the weight values of the CL are

exemplified as )¢, the bias values of the CL are shown ascir, , and the filters

are displayed as X ;.

& Pooling Layer

The pooling layer is performed from the output of the CL to decrease the
computational complexity by applying the down-sampling, diminishing the
computational power required for processing the data. Also, the input data’s
dimension is reduced by integrating the outputs of the neurons at one layer with a
single neuron in the next layer. Subsequently, the dimensionality-reduced data is

depicted by using the following mathematical depiction,
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Where, the pooling layer’s output is exemplified asQ"?°, and the dimensionality-
reduced data is indicated as £&”°. Then, for the accurate classification of AD stages,

these dimensionality-reduced data are given to the FCL.
& Fully Connected Layer

The dimensionality-reduced data is given as input for this layer to generate
classification results. The classification results are generated in this layer based on
the incorporation of the weights and biases of the FCL of each neuron. This can be

explained by using the following mathematical equation,

Q" =Dy, (é:KDR 'a’zgght%q)lzew (O';lcaz) (4.58)

Here, the output of the FCL is depicted asQ"", and the weight as well as bias

values of the FCL are signified as o} and o , respectively.

& Mean Square Error Calculation Layer

The results from the FCL are analyzed in this layer for the computation of error
values. Based on the predicted outcomes and the actual results of the FCL, the
calculation of error values is carried out. This can be illustrated by using the

following mathematical equation,

QMSE :%Z<EA0_QFCL>2 (4.59)

MSE —AO
Where, the mean square error and actual output are shown asQ™" and =77,

respectively.

& Output Layer

Once the mean square error is computed, the output layer of the proposed technique
gives the detected and classified AD stages, namely mild, moderate, and severe.

This can be explained by using the following mathematical depiction,
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Here, the output layer is indicated asQ°”". Thus, the various stages of AD are

effectively detected and classified by the proposed Deep-ADs-Net technique. The

pseudo-code for the proposed Deep-ADs-Net technique is exemplified in Figure 4.5,

Input: Featurss from 2, 2%, %'
Qutpuat: Classifisd output 08

Begin

Initiabize ¥ ¥ ¥, XN . @, . iterstion(ip), and

manimum iteration|ir_ |

End

Set (i =1)
While (in: = i)
For sach 3. do
Perform AT laver
o = L
Multiply ths weaights and bias of the input laver
0™ = gt T
ApplyE=L1 activation function
= |_D”J=ma}1:l3: o)
Achieve convolution operation
OF™=e OV eamt X ke, 00
Caleunlate the dimensionality raduced data
™ =5
{
Py Y 5
I
Elze
i
ot =0
I
End If

Evaluate the msan squars error

ET'"‘"=—;E{E 9 _ oy }

EndFor
EndWhile
AL — pild
Return: (¥ = AD—moderare
| AD —severity

Figure 4.5: Pseudo-code for the proposed TT-SWM approach
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Thus, the proposed framework aids in accurately classifying the AD stages by
effectively predicting the RS.

4.3 Summary of the Proposed Framework

This framework implemented a dominant AD stage and risk prediction framework
using the TADPOLE dataset based on the TT Self-Weighted Deep-ADs-Net. Three
phases, namely ranking, RS prediction, and brain shrinkage measurement are mainly
included in this framework. Here, this approach begins with a ranking phase in
which variables like gender, age, ICV, brain volume, hippocampus, mild temp, mid-
left, and mid-right are successfully extracted from the given ADNI tadpole dataset.
After that, by using the RHCA technique, the variables responsible for accurately
classifying AD stages are selected via the removal of unwanted noise. Later, by
applying the tailored metric, the chosen variables, namely the neuropathological
hallmarks, such as APs and CAA, NFTs, glial responses, ICV, MAE, WES, and
CPA are ranked. In the tailored metric ranging algorithm, the Markov chain
technique generates samples of continuous random variables with probability
density proportional to a known function for ranking the variables. By employing
the GA technique, the features are successfully extracted from the ranked variables.
By adopting the multi-point parallel approach and population-based optimization
method, this technique extracts the features. Likewise, an RS prediction phase is
performed in the proposed framework. In this phase, the ADAS-Cog-13 features are
successfully selected by the proposed TT-SWM technique by applying the TT
technique. This technique effectively assigns the weight to offer ameliorated risk
predictions. Centered on the ventricle volume weights, the RS has been successfully
predicted centered on these features. Lastly, the QBCS approach is employed for
measuring the parameters in the brain shrinkage measurement phase in which the
volume and hippocampus area of the brain and the rate of shrinkage are evaluated.
After that, the rs-fMRI for the whole brain with the bilateral hippocampus is
effectively measured by the PM technique. Later, the GLCM, which helps to obtain
the features for the classification of AD, is successfully created by the proposed
framework. By using the GA, the obtained features are extracted. Lastly, by
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considering the features from the ranking phase, RS prediction phase, and brain
shrinkage measurement phase, the classifier Deep-ADs-Net successfully classifies
the various stages of AD, namely AD-mild, AD-moderate, and AD-severity.
Therefore, in terms of accurate RS prediction and classification of AD stages, the
proposed framework outperformed the other prevailing approaches based on the
utilization of the TADPOLE dataset. In addition, the proposed framework
outperformed the other conventional techniques by proposing appropriate techniques

for RS prediction and the classification of AD stages.

Experimental Analysis

Cross-Dataset Validation: Although the experiments used the TADPOLE dataset,
future validation using other public datasets such as OASIS and AIBL is planned to
evaluate the model’s generalizability across populations.

Comparison with Transformer-Based Models: Recent transformer and Vision
Transformer (ViT) models have shown strong performance in medical imaging. The
proposed GS-RBFN and Deep-AD3Net methods complement these approaches by
offering faster convergence and higher interpretability, while maintaining

competitive accuracy.
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CHAPTER 5
RESULT AND DISCUSSIONS

5.1 INTRODUCTION

AD is a progressive brain disorder and is the most general type of dementia affecting
memory, thought, and language. AD has resulted from complex changes in the
brain, which started years prior to symptoms appearing, causing brain cell loss and
disconnections. Thus, early prediction and diagnosis of AD are significant. For the
prediction and classification of AD, various approaches are implemented. Yet,
inaccurate results of AD classification are produced by most of the approaches.
Therefore, two frameworks are implemented in this proposed work to accurately
predict and classify AD. The proposed framework introduced the early prediction
and classification architecture based on considering the ADNI brain images utilizing
the GS-RBFNs classifier in the first implementation. Furthermore, in the second
implementation, the most popular TADPOLE dataset is employed for the risk
prediction and classification of AD utilizing the TT-self-weighted Deep-ADs-Net.
Also, this chapter assesses the proposed two implementations’ performance. In this
chapter, the results of the proposed works are discussed based on comparing the
performance of the conventional works. Also, the supremacy and effectiveness of

the proposed frameworks are provided in this chapter.
5.2 Hardware Requirements

In this section, the machine configurations of the proposed 1%, and 2"

implementations are explained.

* Processor : Intel 15/core 17
* CPU Speed : 3.20 GHz

* (0N : Windows

* RAM : 4GB

Haulath K. Alzheimer’ s disease diagnosis and risk predjction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, Uni ty of Calicut.
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5.3 Software Requirement

The 1 and 2"* implementations of the proposed framework are simulated on the
working platform of PYTHON, which is a broadly wielded general-purpose, high-
level programming language. It is chiefly established for highlighting code
readability. The syntax of Python permits programmers to express concepts in fewer
lines of code. It is a programming language, which lets programmers work rapidly
and incorporate schemes more effectually. An isolated Python environment (in the
form of a directory), which is completely separate from the system-wide Python

environment, is created by the virtual environment tool.
5.4 Dataset Description

This section elaborately explains the description of the datasets that are used for the

1t and 2" implementations of the proposed model.
5.4.1 Dataset description for the 1 implementation

To effectively predict and classify AD, the first implementation of the proposed
framework utilized the ADNI dataset. ADNI represents a clinical dataset,
comprising in-depth subject details, comprising demographics, physical
examinations, and cognitive evaluations. The ADNI’s primary objective revolves
around validating AD biomarkers for clinical trials. Regarding this, 80% and 20% of
the data are reserved for training and testing purposes, correspondingly. Moreover,

Table 5.1 illustrates the image outcomes for the proposed 1% implementation.
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Table 5.1: Image results for the proposed 1* implementation framework

Intensity Skull Spatial Brain

Input image normalization stripping smoothing segmentation

5.4.2 Dataset description for the 2" implementation

The proposed framework’s second implementation applied a publicly available
dataset called the ADNI tadpole dataset. This dataset encompasses different
variables, namely age, gender, education, ICV, whole brain, Hippocampus, Mid-
temp, Mid-left, Mid-right, and so on. Moreover, TADPOLE offers three standard
datasets, including D1, D2, and D3, which are derived from the ADNI study. DI,
D2, and D3 illustrate the comprehensive longitudinal dataset for training, the
comprehensive longitudinal dataset on rollover subjects to forecast, and the limited

forecasting dataset on similar rollover subjects as D2, respectively.
5.5 Simulation Parameters

Table 5.2 and Table 5.3 depict the simulation parameters for the 1% and 2™

implementations of the proposed framework, respectively.
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Table 5.2: Simulation parameters for the 1% implementation

Parameters Values
Batch-size 32
Epochs 20
Optimizer rmsprop
Activation GELU and SWISH
Learning rate 0.01
Beta 1
Kernels 2

Table 5.3: Simulation parameters for the 2" implementation
Parameters Values
Learning rate 0.005
Activation RELU
Momentum 0.5
Decay 0.0004
Batch-size 512
Optimizer Adam
Beta 0.9
Epochs 20

5.6 Performance Metrics

For assessing the quality of the proposed methodology, performance metrics,

comprising accuracy, precision, sensitivity, f-measure, specificity, True Positive

Rate (TPR), False Negative Rate (FNR), and False Positive Rate (FPR) are

considered. Further, each performance metric’s comprehensive explanation is

illustrated as follows,

Accuracy: It is the proportion of appropriately predicted values to the total number

of values. Also, it is referred to as the degree to which the value being measured is
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close to the actual measurements of the object. Then, the accuracy metric can be

articulated further,

o" +o”
Jn

Accuracy = 5 (5.1)

o"+o?+0” +o

Precision: It gauges the ratio of accurately classified occurrences or samples among
those classed as positive. The formula for precision is calculated by using the

following mathematical expression,

Precision = (5.2)

1+

o?

Recall: It is the ratio of the proportion of true positive prediction to the total number
of actual positive instances. An evaluation metric for the calculation problem that
quantifies the ability of the model for the identification of relevant instances is

represented by the recall. The recall is computed as,

(5.3)

w o fn ]!
Recan{%}

o

Specificity: It evaluates the ratio of actual negative cases, which are appropriately
identified by the proposed framework, out of the total number of actual negative
cases. The formula to represent the specificity is illustrated by the following

equation,

n ¥/ -1
u} (5.4)

Specificity = { —
o

Sensitivity: It is also referred to as TPR. It gauges the proportion of actual positive
cases appropriately recognized by the mode. Furthermore, the avoidance of false
negatives is quantified by the sensitivity. The formula for the representation of

sensitivity values is expressed as,

Sensitivity = O't{ (5.5)

o? +o }
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F-measure: It is also called as the Fl-score or F-score. It is a metric applied to
assess the ML model’s performance. It is the combination of precision and recall
into a score. Then, the formula to find the F-score value is indicated in the following

expression,
F —measure =2 * |Pr ecision x Re call| . |Pr ecision + Re call|_l (5.6)

FNR: It is the proportion of measuring the actual positive samples inaccurately
predicted as negative to the total number of actual positive cases. In addition, using
the FNR, the capability and consistency of the model are also measured. The
following equation indicates the formula of FNR.

So*

FNR=—%= 1 _ (5.7)

z o” + o

TPR: It is the ratio of actual positive cases that are correctly identified or

categorized as positive by the framework. Also, TPR is expressed as recall,
sensitivity, or hit rate, where the positive instances are measured and detected

accurately as positive by the model. The TPR is computed as,

2

o? +o

4
O-P

TPR = (5.8)

fn

2

FPR: It is the possibility of falsely rejecting the null hypothesis, which is also called

a fall-out or false alarm ratio. The FPR is computed as the proportion betwixt the
number of negative events, which are inaccurately characterized as positive, and the

total number of actual negative events. The formula for FPR is illustrated as,

Z‘O.fb‘
vl

Here, the true negative and positive are indicated asc™ando”, correspondingly,

FPR = (5.9)

n

o +o

and the false negative and positive are illustrated as " and o , respectively.
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5.7 PERFORMANCE ANALYSIS FOR THE EFFECTIVE EARLY
PREDICTION AND CLASSIFICATION OF AD

Here, the proposed 1% implementation work’s performance analysis is implemented.
Here, the proposed early prediction and classification of the AD framework’s
performance is validated centered on the results obtained by comparing it with the
prevailing works and techniques. Based on the performance of the proposed GS-
RBFN, BLSAOWS, and BSRISRHSO techniques, this performance analysis is
performed. Additionally, the comparative investigation is made to examine the

proposed framework’s effectiveness based on validating it with conventional works.
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Figure 5.1: Performance validation of the proposed GS-RBFN technique

In Figure 5.1, the proposed GS-RBFN approach’s performance validation is
illustrated by analogizing it with various prevailing approaches like RBFN, DNN,
CNN, as well as Artificial NN (ANN). The proposed GS-RBFN attained accuracy,
precision, f-measure, sensitivity, recall, and specificity of 98.45%, 98.44%, 98.44%,
98.44%, 98.44%, and 98.45%, correspondingly. The conventional RBFN attained an
accuracy of 95.74%, a precision of 95.34%, a sensitivity of 96.09%, an f-measure of
95.71%, a recall of 96.09%, and a specificity of 95.40%. Hence, as per these results,
the proposed GS-RBFN attained better accuracy, recall, precision, f-measure,

specificity, and sensitivity than the other conventional techniques. Also, when

109



contrasted with the other top-notch approaches, the proposed system’s performance

Result and Discussions

is increased due to the integration of GELU and SWISH AFs.

Table 5.4: Training time for the proposed GS-RBFN technique

Technique Training Time (ms)
Proposed GS-RBFN 29539
RBFN 32841
DNN 37250
CNN 46216
ANN 59135

In Table 5.4, the proposed technique’s training time is estimated. This table shows
that the proposed GS-RBFN technique took 29539ms training time, which is much
less than other conventional techniques. The lesser training time of the proposed
GS-RBFN technique is due to the incorporation of GELU and SWISH AFs, thus
increasing the capability of the proposed framework with respect to handling
complex sequences. Hence, this indicates that the proposed framework had very
little training time. Also, the conventional RBFN, DNN, CNN, and ANN took
32841ms, 37250ms, 46216ms, and 59135ms training time, respectively.

0.98 -

0.96 h

TPR (%)
-

0.92 - "\

090 { B

0.88 L
Proposed GS-RBFN

RBEN DNN CNN ANN
Techniques

Figure 5.2: TPR evaluation of the proposed GS-RBFN
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The GS-RBFN technique’s performance concerning the calculated TPR value is
indicated in Figure 5.2. This figure shows that the proposed GS-RBFN technique
attained a TPR of 0.984, while the conventional RBFN, DNN, CNN, and ANN
attained 0.96, 0.90, 0.81, and 0.88 TPR, respectively. Therefore, these results
illustrate that the proposed GS-RBFN had higher TPR when compared to other
conventional techniques. This high TPR increases the proposed framework’s
performance in the precise AD diagnosis. This is owing to the incorporation of the

SWISH AF with the conventional RBFN technique.

Table 5.5: Evaluation of computation time for the proposed GS-RBFN technique

Algorithms Computation Time (ms)
Proposed GS-RBFN 14876
RBFN 17454
DNN 21456
CNN 25353
ANN 27654

Table 5.5 illustrates the evaluation of computation time for the proposed GS-RBFN
technique. As per this table, the proposed GS-RBFN technique required much less
time compared to the other traditional approaches. Additionally, this tabulation
expresses that the proposed GS-RBFN technique’s computation time is 14876ms.
The traditional RBFN, DNN, CNN, and ANN had 17454ms, 21456ms, 25353ms,
and 27654ms computation time, respectively. Hence, as per this experimental result,
the proposed framework’s performance increased in AD classification with low time
complexity due to the integration of GELU and SWISH AFs into the RBFN

technique.

111




Result and Discussions
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Figure 5.3: FNR validation for the proposed framework

Figure 5.3 indicates the FNR validation for the proposed GS-RBFN technique. The
proposed GS-RBFN method attained an FNR value of 0.0155. Likewise, the FNR
values of the conventional RBFN, DNN, CNN, and ANN are 0.0390, 0.0923,
0.1085, and 0.1162, correspondingly. Thus, it is indicated that the proposed GS-
RBFN attains much less FNR than the other prevailing approaches. Hence, the
performance of the proposed framework is increased concerning accurate prediction
and classification of AD. Also, regarding low FNR, the proposed approach

outperforms other top-notch works.
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Values

Metrics

Figure 5.4: PPV and MCC estimation

In Figure 5.4, the estimation of the Positive Predictive Value (PPV) and Matthews
CC (MCCQ) for the proposed GS-RBFN technique is carried out. The proposed GS-
RBFN technique’s PPV and MCC values are 0.98 and 0.96, correspondingly.
Additionally, the conventional RBFN, DNN, CNN, and ANN methods obtained
PPV values of 0.95, 0.91,0.89, and 0.88 and MCC values of 0.91, 0.82, 0.78, and
0.76, correspondingly. Therefore, these outcomes proved that the proposed
framework had higher PPV and MCC compared to other conventional approaches.
This high PPV and MCC indicate the higher performance of the proposed approach

concerning the effective AD classification.

Table 5.6: Efficiency validation of the proposed GS-RBFN method

Technique Efficiency (%)
Proposed BLSAOWS 98
WSA 95
oT 93
RGS 91
AC 87
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Table 5.6 indicates the proposed BLSAOWS’s efficiency by comparing it with
several prevailing techniques like Active Contour (AC), Watershed Segmentation
Algorithm (WSA), Region Growing Segmentation (RGS), and Otsu Threshold (OT).
The segmentation process of the proposed framework is enhanced due to the
integration of the WT approach. This integration also augments the efficiency of the
proposed framework by attaining 98% efficiency compared to other conventional
approaches. Also, the conventional WSA, OT, RGS, and AC achieved an efficiency
of 95%, 93%, 91%, and 87%, respectively. So, as per these results, the proposed
framework exhibited better segmentation techniques with high efficiency than the

other traditional techniques.
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Figure 5.5: Feature selection time analysis for the proposed technique

In Figure 5.5, the FS time of the proposed BSRISRHSO technique and the
conventional methods like Firebug Swarm Optimization (FSO), Rock Hyrax Swarm
Optimization (RHSO), Harris Hawks Optimization (HHO), along with Emperor
Penguin Optimizer (EPO) is demonstrated. The proposed BSRISRHSO technique
takes 24012ms to select features, which is much less than the other existing

approaches. Additionally, the proposed approach took much less time for selecting
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features due to the incorporation of BSRIS. Thus, the selection of optimum

boundary values increases the proposed framework’s performance for the accurate

classification of AD when compared to other top-notch techniques.
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Figure 5.6: Fitness calculation for the proposed method

In Figure 5.6, the fitness calculation of the proposed BSRISRHSO approach and

several conventional approaches is illustrated. Here, by effectively addressing the

convergence challenge, the proposed BSRISRHSO technique attained very high

fitness values. Moreover, the proposed technique’s fitness values increase as the

iteration count increases owing to the selection of optimum boundary values.

Furthermore, over 50 iterations, the fitness value of the proposed BSRISRHSO

technique is 98%, whereas the fitness value of the conventional RHSO, FSO, HHO,
and EPO are 94.53%, 91.06%, 89.5%, and 88%, respectively. Hence, as per these

experiential outcomes, the proposed framework’s performance increases in terms of

high fitness values in selecting optimal features for the accurate classification of

AD.
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5.8  Effectiveness Evaluation for the Dominant AD Stage and Risk

Prediction Framework Using Tadpole Dataset

Here, the effectiveness of the 2™ implementation work is assessed centered on the
results analysis of the proposed techniques and several prevailing approaches. Here,
the proposed work’s performance analysis is made by comparing it with some
conventional techniques. The proposed framework encompasses the ranking phase,
RS prediction phase, and brain shrinkage measurement phase. Additionally, the
efficacy is assessed for the proposed Deep-ADs3-Net technique based on the

classification of three stages of AD.
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Figure 5.7: Accuracy and Sensitivity analysis for the proposed Deep-AD;-Net model

Figure 5.7 indicates the accuracy and sensitivity of the proposed Deep-ADs-Net.
This figure indicates that the proposed Deep-ADs-Net framework achieves an
accuracy of 97.65% and a sensitivity of 97.66%. The existing DNN, CNN, Deep
Belief Network (DBN), and RNN achieved an accuracy of 93.80%, 89.71%,
83.12%, and 79.67% and sensitivity of 93.77%, 89.64%, 83.01%, and 80.10%,
correspondingly. Therefore, as per these results, the proposed framework had better
performance in the classification of numerous stages of AD with higher accuracy

and sensitivity. This high accuracy and sensitivity augmented the proposed
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framework’s effectiveness by reducing the number of false negatives and missed

cases of disease.
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Figure 5.8: Recall and Specificity Evaluation

The recall and specificity value of the proposed Deep-ADs3-Net and various
conventional approaches are signified in Figure 5.8. According to this figure, the
proposed Deep-ADs-Net technique had a much higher recall and specificity than the
other prevailing techniques. These high recall and specificity increase the proposed
framework’s classification performance by producing low false positives. Hence, the
recall values of the proposed Deep-AD;-Net, DNN, CNN, DBN, and RNN are
97.66%, 93.77%, 89.64%, 83.01%, and 80.10%, respectively. Therefore, the
proposed Deep-ADs-Net performs better than other conventional techniques with

high recall and specificity.
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Figure 5.9: Precision and f-measure analysis

In Figure 5.9, the performance investigation of the Deep-AD3-Net approach with the
prevailing approaches regarding f-measure and precision is depicted. The Deep-
ADs-Net technique has high precision, i.e., 4%, 8%, 17%, and 21% higher than
DNN, CNN, DBN, together with RNN, respectively. As per the outcome, RNN
achieves a very low precision value. Hence, the Deep-ADs-Net attains a higher
precision value. Furthermore, the proposed Deep-AD-Net model achieves a
precision of 97.63% and an f-measure of 97.52%. F-measure is a measure merging
precision and recall for obtaining the average rate of such measures. The Deep-ADs-

Net approach has a higher average f-measure (97%) than the conventional

approaches.
Table 5.7: Computation time and training time calculation
Methods Computation Time (ms) | Training time (ms)
Proposed Deep-ADs-Net 9012 36348
DNN 11003 39528
CNN 12017 49013
DBN 13012 55051
RNN 15013 60012
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In Table 5.7, the Deep-AD3-Net technique’s performance analysis with the existing
approaches, such as DNN, CNN, DBN, along with RNN grounded on the
computation time as well as training time is illustrated. The proposed approach
obtains a computation time of 9012 ms, which is 1991 and 4000 ms lower compared
to the DNN and DBN, respectively. From the overall outcome, RNN displays higher
computation and training time, proving that the Deep-ADs-Net approach consumes
lower computation time than other methods. The Deep-ADs-Net method has a
36348 ms training time, which is 23664 and 12665 ms lower when contrasted to the
RNN and conventional CNN techniques, respectively. Therefore, the proposed

framework attains good training time.
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Figure 5.10: FNR estimation

Figure 5.10 indicates the proposed Deep-ADs-Net’s FNR estimation. According to
this figure, the FNR value of the proposed Deep-ADs-Net is 0.0246, whereas the
DNN, CNN, DBN, and RNN had an FNR value of 0.1629, 0.2836, 0.2029, and
0.2543, respectively. Thus, this result depicted that the proposed method attained a
very low FNR when analogized to the other conventional techniques. Thus, the

proposed framework’s increased performance regarding the prediction and
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classification of AD is proven. Also, the low FNR can aid in ensuring that fewer

cases of AD are missed, and the low FNR 1is considered as highly sensitive.
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Figure 5.11: FPR evaluation of the proposed Deep-ADs-Net

In Figure 5.11, the proposed Deep-ADs-Net’s FPR value is illustrated. The figure
illustrates the FPR value of the proposed technique and the other conventional
techniques in terms of AD classification. Also, when compared to the other
conventional techniques, namely CNN, DNN, DBN, as well as RNN, the proposed
technique had a very low FPR. The proposed framework attained good performance
results in the classification of AD stages owing to the layer technique’s integration.
Also, the proposed framework attained higher accuracy and trustworthiness due to
the low FPR, which can lead to better diagnoses. In contrast, the FPR values of the
proposed Deep-ADs-Net, and the existing DNN, CNN, DBN, along with RNN are
0.0034 and 0.0423, 0.1137, 0.1383, and 0.1444, respectively. Thus, the proposed

Deep-ADs-Net performs superior to other conventional techniques.
5.9 Comparative Evaluation of the Proposed Works

This section shows a comparative analysis of the 1% and 2™ implementations of the

proposed framework with the other prevailing approaches. Here, the performance
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comparison is carried out for the proposed works and the conventional techniques

concerning objective, technique, accuracy, precision, and f-measure.

Table 5.8: Comprehensive analysis of the proposed works with several conventional

techniques
C . . Accuracy | Precision | F-measure
Reference Objective Technique (%) (%) (%)
Early prediction
and
Proposed work | classification of
1 AD using ADNI GS-RBFN 98.45 98.44 98.44
brain MRI
images
AD stage and
Proposed work | risk prediction | oo Apy Net | 97.65 97.63 97.52
2 framework using
the TADPOLE
Classification of
(Ashtari- progressive MCI .
Majlan et al., in AD utilizing Mul&\?geam 97 - 97.66
2022) structural MRI
images
(Buvaneswari s I?g;;;f;:gg in Residual
& Gayathri, & o AD Network-101 96.3 - -
2021) classification (ResNet-101)
Weighted
. . Probability-
. Early diagnosis
(Fathietal, | ¢ AD utilizing | 5254 98.57 : :
2024) MRI ima Ensemble
£es Method
(WPBEM).
Multiclass Linear
diagnosis of AD | Discriminant
(Lin et al., stages utilizing Analysis 66.7 i 64.9
2021) the scoring (LDA)-based ’ ’
approach for scoring
multimodal data strategy
Multivariate
. . Long
(Irfan et al., AD time series Short-Term 22 85.50 82 66
2024) analysis
Memory
(M-LSTM)
(Sethuraman et Pre.dlctlng.AD Deep Neuro—
al., 2023) using resting- Functional 96.61 - -
i state fMRI Networks
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Table 5.8 exhibits the comparative investigation of the proposed works and
numerous conventional techniques. Regarding the objective, technique, accuracy,
precision, and f-measure, the proposed works’ 1% and 2" implementations are
compared with some conventional techniques. The Mona (Ashtari-Majlan et al.,
2022) attains 97% accuracy and 97.66% f-measure, which utilizes the multistream
CNN technique to classify progressive MCI in AD. Moreover, this table illustrates
the performance of (Buvaneswari & Gayathri, 2021), which utilized Residual
Network-101 for the classification of AD. But, it attained very low accuracy (96.3).
Also, to early predict and diagnose AD, (Fathi et al., 2024) and (Sethuraman et al.,
2023) utilized WPBEM and Deep Neuro-Functional Networks techniques,
respectively. When compared to the proposed approach, both works attained a very
low accuracy, such as 98.57% and 96.61%, respectively. Furthermore, for the
multiclass diagnosis of AD stages, 66.7% and 64.9% of accuracy and f-measure are
attained by (Lin et al., 2021). This outcome is very low than the proposed and other
prevailing works. Additionally, for AD time series analysis, the MLSTM technique
attained 82% accuracy, 85.50% precision, and 82.66% f-measure. Hence, as per the
above outcome, the proposed framework had high accuracy, precision, and f-
measure for the early prediction, classification, and RS prediction of AD. Likewise,
to accurately predict and classify AD, the proposed frameworks outperform the

other prevailing methodologies.
5.10 Findings

The performance of the 1% and 2™ implementations of the proposed framework is
assessed in this chapter by contrasting it with the traditional methods for validating
the performance in AD prediction and classification. As per the performance of the
1** implementation of the proposed framework, the proposed work performs superior
to the other prevailing techniques. Here, the performance evaluation is made by
evaluating the proposed GS-RBFN, BLSAOWS, and BSRISRHSO techniques
regarding classification, segmentation, and FS. According to this evaluation, the
proposed GS-RBFN outperforms the other prevailing techniques by achieving

accuracy, precision, training time, and computation time of 98.45%, 98.44%,
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29539ms, and 14876ms, respectively. In addition, the proposed BLSAOWS
technique attains 98% efficiency, proving that the proposed work is more efficient in
segmenting brain images than the other existing techniques. Lastly, the proposed
BSRISRHSO technique’s performance is assessed for choosing the features to
classify AD. For this assessment, the BSRISRHSO technique is analogized with
some conventional techniques regarding time consumed for selecting features and
fitness calculation. Here, the proposed BSRISRHSO technique attained 24012ms FS

time and 98% fitness, which are superior to other top-notch works.

Now, the efficiency of the 2" implementation of the proposed model is estimated
regarding the classification of numerous stages of AD. Here, centered on analyzing
the proposed Deep-ADs-Net technique’s performance, the proposed framework’s
performance is validated. This technique proved that the proposed model
outperformed other prevailing methodologies concerning the accurate classification
of AD stages, namely AD-mild, AD-moderate, and AD-severity. Also, this Deep-
ADs3-Net had an accuracy, computation time, and training time of 97.65%, 9012ms,
and 36348ms, respectively. As per these results, the proposed work had superior
results in the accurate classification of AD stages compared to other conventional
approaches. Also, the 1% and 2™ implementations of the proposed framework
perform better than other prevailing approaches, which is also proven by the

comparative evaluation.
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CHAPTER 6
CONCLUSION AND FUTURE SCOPE

AD results in brain shrinkage and brain cells eventually die. AD is the major
common reason for dementia, which is a progressive decline in thinking, memory,
social skills, and behavior, thus affecting the person's capability of functioning.
Thus, it is significant to early predict and diagnose AD. To effectively predict and
classify AD, various prevailing works were developed. Nevertheless, due to
overfitting issues, vulnerability issues, spoofing effects, and generalization ability in
small datasets, conventional works produced inaccurate classification results. Thus,
in this thesis, two frameworks were implemented to effectively predict and classify

AD.

An efficient GS-RBFN model was employed in the first implementation to predict
and classify AD in the early stage. Here, by using the proposed BLSAWSA
approach, the pre-processed images were partitioned into WM, GM, and CSF with
98% efficiency. Then, to effectively learn the images’ patterns, the segmented
images were continued with the morphological operation as well as the
augmentation process. The image representation extraction was performed after a
data augmentation process based on patch segmentation, feature patch selection, and
concatenation. Then, to accurately classify AD, the proposed BSRISRHSO
technique was implemented for selecting the optimal features, which selected
optimal features within 24012ms time and attained 98% fitness. Lastly, the
classification operation was obtained using the proposed GS-RBFN technique,
which accurately classified features into MCI, CN, and AD. In addition, this
technique effectively classified AD with attaining 98.45% accuracy and 98.44%
precision. Hence, as per the experimental outcomes, the research method obtained
higher supremacy in AD prediction and classification when contrasted with the other

top-notch works.

Likewise, using the Deep-ADs-Net, an effective AD stage and risk prediction model

was presented for the 2nd implementation. Here, the given dataset was investigated

Haulath K. Alzheimer’ s disease diagnosis and risk prediction using advanced machine learning models.
Thesis.2025. Sullamussalam Science College, Uni ty of Calicut.
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and some variables were extracted. After that, the proposed framework carried out
the ranking, RS prediction, and brain shrinkage measurement phases effectively.
After achieving those phases, the proposed Deep-ADs-Net technique was employed
for classifying AD stages. Also, based on accuracy, specificity, sensitivity, recall,
precision, and f-measure, the proposed model’s performance was investigated and
compared with the existing techniques. This technique effectively classified AD
stages with accuracy, sensitivity, specificity, and f-measure of 97.65%, 97.66%,
97.65%, and 97.52%, correspondingly. Moreover, when analogized to the other
conventional techniques, the proposed methodology had a higher FNR (0.00246)
and FPR (0.00346) value. Also, the proposed technique took much less time for
training (36348ms) and computation (9012ms). As per these validated outcomes, the
proposed framework performed superior to other prevailing works in accurate RS
prediction and classification of AD. In addition, the proposed mechanisms offered

significant insight into predicting as well as classifying AD in the early stage.
6.1 Limitation and Future Scope

In this thesis, the methodologies developed for predicting and classifying AD have
demonstrated significant improvements in accuracy and efficiency. Yet, there is
potential for further advancements in this field. Future research can investigate the
application of these models to larger, more different datasets to enhance their
generalizability and robustness across different populations. Furthermore, a more in-
depth understanding of AD progression and risk factors can be provided by
integrating other data modalities, such as genomic data or lifestyle factors. Another
promising area is developing real-time, adaptive models, which can be employed in
clinical settings for early intervention. Also, for practically deploying these models
in HC environments, continuous improvement of ML and DL methods, particularly
in interpretability and computational efficiency, will be crucial. In addition, a new
training strategy can be developed in which a model can be trained in parallel with

different datasets simultaneously.
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The study’s main limitations include reliance on publicly available datasets with
limited demographic diversity and restricted validation across clinical centres.
Future work will focus on expanding dataset diversity, external validation using
OASIS and AIBL cohorts, and improving model explainability for clinical

integration.

The study will be enhanced in the future by segmenting the most significant tissues
for the efficient classification of multiple stages of AD. Furthermore, this work will
be enhanced by integrating the more advanced DL approaches to further increase the
model’s reliability. Then, the tree structure and graphical forms will be concentrated
to demonstrate the brain regions, ensuring the model supremacy. Conversely, a rule-
based treatment plan recommendation system will be introduced to ensure the

patient’s lifetime.

Similarly, the efficient network layers and activation functions are also introduced to
upgrade the learning process of the neuron. Likewise, more number of samples and
features related to brain MRI is also considered to elevate the classifier’s accuracy.
Collectively, the proposed model will be improved in the future by considering the
aforementioned future enhancement strategies. This technique may assist a model in

adopting collective features from various sources.
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