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ABSTRACT
Brain diseases encompass a wide range of disorders, such as neurodegenerative

disorders, cerebrovascular disorders, neurodevelopmental disorders, seizure disorders,

and brain tumors that impair cognitive, motor, and behavioral functions of human

beings. Among these disorders, neurodegenerative disorders are considered the most

prominent brain disorders due to their progressive nature, which leads to a continuous

decline in cognitive, motor, and behavioral functions. Unlike other brain disorders,

these disorders worsen over time and currently have no definitive cure, which makes

them a major challenge for healthcare systems worldwide.

Alzheimer’s Disease (AD) and Parkinson’s Disease (PD) are the two most prevalent

neurodegenerative disorders, affecting millions of people worldwide and imposing

substantial social and economic burdens. AD primarily causes progressive memory

loss and cognitive decline due to amyloid plaques and tau tangles, while PD mainly

leads to motor and non-motor symptoms like tremor, rigidity, and bradykinesia due

to dopaminergic neuron loss and Lewy bodies. Both AD and PD are irreversible,

progressive neurodegenerative disorders with no particular cure, leading to a gradual

decline in cognitive and motor functions and a significant deterioration in patients’

quality of life. Although the progression of these disorders can be slowed with certain

medications and therapies. Early and accurate diagnosis is essential to provide timely

and effective interventions. Therefore, early detection is crucial for ensuring the

much-needed care and support for patients.

This thesis aims to develop optimized, automated frameworks for early and ac-

curate identification of these brain diseases using biomedical signal analysis and

advanced machine learning (ML) and deep learning (DL) techniques. Biosignaling

modalities such as electroencephalography (EEG), gait analysis, and speech pattern

assessment are cost-efficient and non-invasive in nature. These signals capture essen-

tial physiological and behavioral markers reflecting neurological impairments. These

iv
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modalities enable the detection of subtle abnormalities in brain activity, motor func-

tion, and communication, providing valuable insights into the onset and progression

of neurodegenerative disorders without the need for invasive or expensive clinical

procedures.

Biomedical signals are typically high-dimensional and contain redundant or ir-

relevant information. Identifying the most informative and discriminative features

is crucial to improving classification accuracy and computational efficiency. Hence,

feature selection-driven optimization models are developed for brain disease detection.

For PD, EEG datasets obtained from OpenNeuro are analyzed using statistical and

ensemble-based feature selection methods. The Kruskal–Wallis test and Extra tree

classifier (ETC) are used to select the most discriminative EEG features. Additionally,

a two-stage PD detection framework is developed to enhance diagnostic accuracy

and computational efficiency. Initially, an ETC-based feature selection is employed

to obtain the most relevant and discriminative speech features while eliminating re-

dundant or non-informative ones. These optimal feature subsets effectively reduced

dimensionality and improved the model’s ability to capture meaningful variations

associated with PD. To address the issue of class imbalance commonly observed

in biomedical datasets, the synthetic minority oversampling technique is applied to

generate synthetic samples for the minority class. This ensured balanced training data

and prevented bias toward the majority class. Then, a stacked ensemble model is em-

ployed for classification, which leverages the complementary strengths of individual

classifiers. The proposed two-stage framework significantly improved classification

performance for PD detection using speech signals.

Identifying the most affected brain regions and corresponding EEG channels is

crucial for achieving accurate diagnosis and meaningful neuroscientific interpretation

in AD. AD causes progressive neurodegeneration that disrupts neuronal connectivity

and alters the brain’s rhythmic activity patterns. These abnormalities are not uniformly

distributed but are concentrated in specific cortical areas. Therefore, it is essential to

analyze EEG signals across multiple lobes: frontal, temporal, parietal, and occipital

lobes to identify the dominant brain regions and EEG channels most influenced by

v
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the disease. Identifying these regions enhances the interpretability of ML models,

strengthens the physiological validity of classification outcomes, and supports targeted

clinical assessments for early and precise AD diagnosis. For this purposes, a Fourier

decomposition and Hilbert transform-based EEG signal analysis (FHESA) method

is developed. The FHESA method integrates the Fourier Decomposition Method

(FDM) and Hilbert Transform (HT) to extract meaningful features from the EEG

signal for efficient classification and brain region analysis. The FHESA method aims

to efficiently analyze the EEG data to identify the important brain regions vulnerable

to AD, and to assess the impact of various EEG channels for the timely and early

detection of AD.

The accurate detection and classification of neurological disorders is one of the

most challenging tasks due to the overlapping clinical symptoms and shared patholog-

ical characteristics of diseases such as AD and Frontotemporal dementia (FTD). Both

disorders lead to progressive cognitive decline and behavioral impairments, often

resulting in misdiagnosis and delayed treatment. Traditional diagnostic methods heav-

ily rely on neuroimaging and clinical assessments, which are both time-consuming

and costly. Moreover, biomedical signals such as EEG exhibit non-linear and non-

stationary behavior, making it difficult for conventional machine learning methods

to capture underlying temporal–spectral dependencies. Therefore, there is a need

for an algorithm that can extract robust, noise-invariant, and discriminative features

capable of representing complex brain activities associated with different neurological

conditions. To address this, wavelet scattering transform-based dementia identification

and classification (WavDemNet) is proposed. The model leverages the wavelet scatter-

ing transform (WST) to extract robust, noise-invariant features that capture essential

time-frequency characteristics and a 1-D convolutional neural network (CNN) to learn

discriminative patterns for accurate identification and classification of brain diseases.

Manual analysis of biomedical signals is time-consuming. To assist clinicians

in real-time decision-making, there is a requirement to develop automated and ef-

ficient algorithms that can process signals, extract optimal features, and accurately

classify neurological disorders with minimal human intervention. For this purpose, an

vi
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automated algorithmic framework is developed for the early diagnosis of PD. The high-

resolution superlet transform (SLT) technique is utilized to obtain the time-frequency

representation (TFRs) of the signal. SLT employs multiple wavelets to achieve higher

TF resolution while being less leaky than a single wavelet, which makes it more sus-

tainable to apply to non-stationary signals. In order to identify PD and assess the PD

severity rate, the TFRs are fed into deep neural network (DNN) models as input. This

approach eliminates the need of additional handcrafted feature extraction methods,

as the DNNs are capable of automatically learning hierarchical and discriminative

patterns from the TFRs. This model captures signal variations associated with PD

progression and results in accurate detection and severity assessment.

vii
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Chapter 1

Introduction
The human brain is termed as an extraordinarily complex network. From con-

trolling the voluntary and involuntary actions to being the commanding center of

the nervous system, the brain does all the work. The primary functional unit of the

brain is called a neuron, which helps the brain to transmit signals from all the sensory

organs, to and fro. The human brain consists of 100 billion neurons connected to over

100 trillion synapses. The functionality of the human brain can be affected by mul-

tiple brain diseases. Brain diseases encompass a wide spectrum, including vascular

disorders such as stroke, cerebrovascular disorders, traumatic injuries, psychiatric

conditions, and neurodegenerative disorders. Collectively, these diseases contribute

significantly to global morbidity and mortality, posing major challenges for healthcare

systems worldwide. Neurodegenerative disorders are especially concerning among

the various types of brain diseases due to their progressive nature and lack of curative

treatment. These disorders are characterized by the gradual loss of structure and

function of neurons, ultimately leading to functional decline. Alzheimer’s disease

(AD) and Parkinson’s disease (PD) are the two most prevalent neurodegenerative

disorders, together affecting millions of people globally.

1.1 Alzheimer’s Disease

Alzheimer’s Disease (AD) is the most common progressive neurodegenerative

disorder that impairs the cognitive abilities of older people, consequently impairing

their quality of life. Since the incidence of AD is closely correlated with aging, it

is anticipated to rise by 5 million cases per year. As the global population ages, the

prevalence will double every 20 years [1]. The word "dementia" refers to a broad

category of brain diseases that impair memory, emotional regulation, logical thinking,

1
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and even decision-making. There are various kinds of dementia, including Parkinson’s

disease dementia, mixed dementia, vascular dementia, Lewy body dementia, and

frontotemporal dementia [2]. Dementia is the fifth most common cause of mortality

worldwide [3]. In 2020, over 50 million cases of dementia were reported. AD is the

most common cause of dementia, accounting for 60 to 70% of all cases [4]. The

number of Alzheimer’s patients is expected to increase to 75 million by 2030 and 131

million by 2050 [5].

AD is primarily caused by platelet aggregation, excitotoxicity, oxidative stress,

neurofibrillary tangle formation, amyloid plaque deposition, and neuroinflammation

[6]. The most affected brain regions by AD include the hippocampus, neocortex,

and amygdala [7]. It is considered that the symptoms of AD develop 20 years after

the disorder first emerges. Memory loss and language difficulties are indications

of nerve cell injury that affects thinking, memory, and learning, making the patient

unable to carry out his regular tasks. Gradually, the person becomes bedridden and

eventually leads to death [8]. As AD is a progressive condition, its symptoms can

range from mild ones that have no impact on a patient’s day-to-day activities to severe

ones that cause total cognitive decline, reliance, and ultimately death. Mild Cognitive

Impairment (MCI) is the term used to describe people in the early stages of AD,

although not all MCI patients will go on to acquire AD. A person with MCI who

can still carry out daily tasks has noticeable changes in their cognitive abilities that

are visible to them and their family. Patients with MCI can be classified as MCI

converters or MCI non-converters depending on whether they converted to AD within

18 months [9].

1.1.1 Risk Factor of AD

AD is influenced by both non-modifiable and modifiable risk factors. Non-

modifiable risk factors include older age (the strongest predictor), the presence of

the APOE4 allele, and a first-degree family history of the disease [10]. Modifiable

risks include cardiovascular and metabolic conditions such as hypertension, diabetes,

obesity, and high cholesterol, as well as lifestyle variables such as smoking, physical

2
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inactivity, poor food, a lack of education, social isolation, depression, and sleep

disorders [11]. Environmental exposures, such as air pollution and head injuries, also

increase risk.

1.1.2 Treatment of AD

Currently, there is no cure for AD, and treatment mainly focuses on managing

symptoms, slowing disease progression, and improving quality of life. There are

currently only two classes of drugs approved to treat Alzheimer’s disease (AD):

cholinesterase inhibitors (including naturally derived, synthetic, and hybrid analogues)

and NMDA (N-methyl-D-aspartate) receptor antagonists [12]. Cholinesterase in-

hibitors help improve memory and thinking by increasing acetylcholine levels in the

brain, while NMDA antagonists, such as memantine, regulate glutamate activity to

protect brain cells in moderate-to-severe stages of AD.

1.2 Parkinson’s Disease

In 1817, James Parkinson gave the earliest description of PD in his research paper

“An essay on the shaking palsy” [13]. The root cause of PD is the degradation of

dopamine-producing nerve cells [14]. Dopamine is a crucial chemical messenger

that carries signals between cells and controls behavior such as learning, movement,

and emotion. Dopamine also controls motor movements. After Alzheimer’s, PD is

the most common neurological condition worldwide [15]. It is found that till the

year 2015, around 6.9 million people are affected by PD and it is estimated that it

will reach 14.2 million by the year 2040 [16]. PD is affecting around 1-2% of the

worldwide population above the age of 65 years [17]. Compared to women, men are

more susceptible to developing PD [18].

The symptoms of PD are categorized as motor and non-motor symptoms.

Movement-related symptoms are known as motor symptoms. Bradykinesia, muscle

rigidity, tremor, postural instability, movement disorders, and muscle shrinkage are

examples of motor symptoms [19]. Whereas, PD symptoms that have nothing to do
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with movement are known as non-motor symptoms. Sleep disturbance, autonomic

dysfunction, hypokinetic dysarthria, and neurobehavioral changes are examples of

non-motor symptoms [20]. Every individual experiences PD symptoms differently.

1.2.1 Risk Factor of PD

The biggest risk factor for PD seems to be age. With a man-to-woman risk ratio

of 1.46, men are more at risk than women [21]. Among PD patients, women have

a higher likelihood of suffering from anxiety. In men, tremors are more frequently

linked to mild motor impairment and more profound striatal degeneration [22]. In the

majority of cases, people who have no known familial history of PD are affected by

the disease but some cases have an inheritance pattern involving some altered genes

that could increase the risk of getting PD. The onset of PD may be influenced by

environmental factors. Stress and head injuries are additional factors linked to an

increased incidence of PD [21].

1.2.2 Treatment of PD

Since PD is an incurable, physiotherapies, medications, surgeries, and other inter-

ventions help to manage the symptoms of the disease and maintain a higher quality of

life. Levodopa is a drug that is frequently prescribed to treat PD. It helps neuronal

cells make more dopamine [23]. Dopamine agonists can potentially take the place of

the dopamine that the brain normally produces. Levodopa can also be replaced with

monoamine. Monoamine oxidase-B inhibitors include medications like selegiline and

rasagiline. Deep brain stimulation (DBS)is frequently used by patients who are in

severe stages and find that their drugs are not very effective [24]. DBS is a process in

which the implantation of electrodes is performed surgically in the brain. The process

helps send electrical pulses to keep the movement-controlling parts of the brain in

stimulation.

4
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1.3 Modalities used for Brain Disease Diagnosis

The accurate diagnosis of AD and PD is essential for timely intervention and

effective disease management. Various diagnostic approaches have been developed to

detect structural, functional, and behavioral changes associated with these neurode-

generative disorders. Figure 1.1 depicts the various approaches used for the diagnosis

of AD and PD.

Figure 1.1: Modalities used for brain disease diagnosis

1.3.1 Bio-signaling Modalities

Several bio-signals have been used to diagnose AD and PD in the early stage.

Among these modalities, EEG has been widely utilized to monitor the brain’s electrical

activity and detect functional changes associated with disease progression. EEG is

used to record electrical activity. It is the most widely used technique to investigate the

functional architecture of the brain and record brain activity. It is extensively utilized

because it offers a higher temporal resolution, is safe, and is affordable. The EEG

5

89

Page 46 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912

Page 46 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912



signals have a non-linear and non-stationary nature. As a result, several nonlinear

properties are extracted from EEG signals in order to detect mental disorders like PD,

epilepsy, schizophrenia, and AD [25–27].

In addition to EEG, other bio-signals provide complementary diagnostic infor-

mation. Gait patterns analyzed through wearable sensors or motion capture systems

can reveal characteristic motor impairments, such as reduced stride length, increased

variability, or asymmetry, which are early indicators of PD. Speech analysis has also

shown promise, as changes in voice quality, articulation, and prosody can precede

obvious motor symptoms in both AD and PD. It is found 90% of PD patients face

vocal impairments [28]. These vocal impairments often appear in the early stages

of the disease. Common symptoms include reduced loudness, vocal tremor, and

breathiness while speaking.

1.3.2 Neuroimaging Modalities

Neuroimaging modalities are valuable tools for diagnosing and monitoring neuro-

logical disorders by revealing structural, functional, and molecular brain changes. The

most commonly used neuroimaging modalities include magnetic resonance imaging

(MRI), computed tomography (CT), positron emission tomography (PET), dopamine

transporter scan (DaTscan), and functional MRI (fMRI) [29]. Brain MRI can be

used for structural and functional imaging. It also reveals neurodegeneration-related

patterns. Basal ganglia contours and shapes can be better seen with MRI’s improved

spatial resolution and higher contrast. The nigral structure of patients with PD exhibits

neuroanatomical and pathophysiologic abnormalities that can be effectively described

by a variety of MRI techniques [30]. It is a painless and safe diagnostic procedure

that produces high-resolution 2D or 3D images of the brain stem using radio waves

and a magnetic field.

fMRI measures brain activity by detecting changes in blood flow linked to neuronal

activity. When a region is active, its blood supply increases, allowing fMRI to map

functional areas with high spatial resolution [31]. PET is a functional imaging

technique that visualizes brain activity using radioactive substances called radiotracers

6

14

14

Page 47 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912

Page 47 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912



[29]. A CT scan produces detailed X-ray images of the brain. MRI has largely replaced

CT in the evaluation of many neurological conditions due to its superior soft-tissue

contrast and detailed imaging capabilities. However, CT remains essential for the rapid

assessment of acute conditions such as stroke, head trauma, and hemorrhage [29].

1.3.3 Other Modalities

Numerous biological markers are also employed in order to track the develop-

ment of the condition and identify individuals who are at a high risk of developing

AD and PD. Several studies have been conducted on the cerebrospinal fluid (CSF)

biomarkers for PD to better understand this disease’s pathophysiology and support

the distinction between PD and healthy controls (HC) or other similar disorders [32].

In addition to these tests, handwriting evaluations are also conducted. Daily tasks like

handwriting require a combination of cognitive, kinesthetic, and perceptual-motor

skills. As a result, any alteration to certain brain regions has a direct impact on

handwriting-related characteristics [33]. So, for early-stage prediction of AD and PD,

numerous researchers have investigated the idea of leveraging handwriting changes

as diagnostic measures. Table 1.1 depicts the evaluation of several brain disease

diagnostic techniques.

Table 1.1: Evaluation of several brain disease diagnostic modalities

Modality Advantages Disadvantages Image

EEG Non-invasive, no radiation ex-

posure, provides information

about brain activity.

Affected by factors including

background noise, movement,

and eye blinking, poor signal-

to-noise ratio, low sensitivity

MRI High-resolution brain image,

non-invasive, no radiation expo-

sure.

Noisy procedure, longer scan

time, expensive, susceptible to

movement artifacts, not for pa-

tients having metallic devices

implanted.

7
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Modality Advantages Disadvantages Image

fMRI Provides detailed information

about brain activity, identifies

changes in the brain network

and functional connectivity.

Expensive, time-consuming,

less sensitive.

PET scan Non-invasive, used in conjunc-

tion with other imaging modal-

ities to provide a detailed view,

provides detailed metabolic in-

formation.

Exposure to ionizing radiation,

expensive, limited availability.

DaTscan Non-invasive no radiation ex-

posure, can provide a quantita-

tive measure of dopamine trans-

porter level in the brain.

Expensive, results can be af-

fected by medication that alters

dopamine levels.

Speech Non-invasive, low-cost diagnos-

tic tool, easily recorded.

Lack of sensitivity, can be af-

fected by noise.

Handwritting/

Drawing

Simple, non-invasive, analyzed

using various metrics such as

speed, size, etc., can be used to

monitor disease progression.

Can be affected by other factors

such as fatigue, tremor, the side

effect of medication, interpreta-

tion requires specialized train-

ing and expertise.

1.4 Benchmark Datasets for Brain Disease Identification
and Classification

Brain disease identification and classification heavily rely on available datasets that

provide diverse forms of data, such as neuroimaging, clinical assessments, genetic

information, and physiological recordings. These datasets are essential for building

8
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computational models that can assist in early diagnosis, monitor disease progression,

and improve treatment planning. The following are some of the most widely used

datasets.

1.4.1 Alzheimer’s Disease Neuroimaging Initiative (ADNI)

ADNI is an association of universities and medical centers in the United States and

Canada developed to provide open-source data sets to detect biomarkers and track

the progression of AD [34]. It includes a variety of data types, including structural,

functional, and molecular brain imaging, biofluid biomarkers, cognitive tests, genetic

data, and demographic information. The ADNI study began in 2004 and is now

in its fifth phase. The preceding phases were ADNI-1 (2004), ADNI-GO (2009),

ADNI-2 (2011), ADNI-3 (2016), and ADNI-4 (2022 onwards). ADNI-1 comprises

brain scans, genetic profiles, and biomarkers from blood and cerebrospinal fluid

(CSF). The data set includes 200 HC, 400 people with MCI, and 200 AD patients.

ADNI-GO investigates biomarkers for the early stages of AD and includes MRI

images. It includes ADNI-1 participants and 200 new people with early mild cognitive

impairment (eMCI). ADNI-2 is intended to identify biomarkers for predicting and

analyzing cognitive deterioration. It comprises patients with both early MCI and late

MCI and uses PET scans. The dataset includes the original ADNI-1 and ADNI-GO

groups, as well as an additional 150 elderly HC, 100 early MCI participants, 150 late

MCI participants, and 150 AD patients. ADNI-3 includes enhanced brain scans that

reveal Tau protein tangles in the brain. The dataset contains participants from ADNI-1,

ADNI-GO, and ADNI-2, as well as 133 elderly HC, 151 individuals with MCI, and

87 AD patients. ADNI 4 is the most recent phase of the program. It will include about

1500 patients aged 55 to 90 years. An estimated 500 to 750 new individuals will be

registered along with ADNI-3 participants.

1.4.2 Open Access Series of Imaging Studies (OASIS)

OASIS is a collection of neuroimaging data sets that are freely accessible for

research and analysis [35]. The initial OASIS set OASIS-1 is a cross-sectional
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study of T1-weighted MRI scans of demented or non-demented individuals aged

18 to 96. The dataset includes a total of 416 people, out of which 20 were HC.

OASIS-2 is a longitudinal study of 150 persons aged between 60 and 96 years. Each

participant underwent three or four T1-weighted MRI images. The cohort contains

72 persons remaining non-demented, 64 initially demented, and 14 converting from

non-demented to demented over the study period. OASIS-3 study includes MRI scans,

PET scans, and clinical data from 1098 participants, out of which 605 were cognitively

normal adults and 493 persons in various phases of cognitive impairment. The dataset

contains a total of 2168 MRI scans and 1608 PET scans obtained during multiple

visits. OASIS-4 is the latest release in this initiative. It contains 663 participants aged

from 21 to 94 years. This clinical cohort was assessed for memory problems and

dementia using clinical, CSF, neuropsychiatric, and neuroimaging methods.

1.4.3 DementiaBank

DementiaBank is a dedicated archive for speech and language data gathered from

people with dementia, especially AD, as well as healthy control volunteers [36]. It is

part of the larger TalkBank initiative, which aims to share structured language datasets

for research and clinical application. DementiaBank is specifically designed to

investigate linguistic changes associated with dementia, providing valuable resources

for both scientific research and therapeutic treatment.

1.4.4 Australian Imaging, Biomarkers, and Lifestyle Study of

Ageing (AIBL)

AIBL is a longitudinal study aimed at better understanding Alzheimer’s disease

and cognitive decline. It takes data from a diverse group of older persons, including

those with healthy controls, MCI, and AD patients [37].
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1.4.5 OpenNeuro

OpenNeuro is a free online platform for sharing and analysis of neuroimaging

data. It contains a range of neuroimaging data, including PET scans, EEG, magne-

toencephalography (MEG), and structural and functional MRI, focused on conditions

like AD, cognitive disorders, and other neurological conditions. To enable maximum

use, the uploaded datasets are made available to the public with minimal restrictions.

OpenNeuro accepts datasets formatted according to the brain imaging data dtructure

standard, which is a community-developed standard that attempts to encompass a

wide range of neuroimaging data types while unifying metadata. The archive cur-

rently shares over 600 datasets, including data from over 20,000 people, spanning

different species and measurement modalities, as well as a wide spectrum of character-

istics. OpenNeuro aims to simplify the process of sharing raw imaging data, thereby

enhancing opportunities for reuse and re-analysis [38].

1.4.6 UCI ML Reposatory

It is a set of databases, domain theories, and data generators used by the machine

learning community to conduct empirical analyses of machine learning algorithms.

There are around 600 datasets in the collection from a variety of fields, including

business, social science, life science, etc. The most popular brain disease datasets

from the UCI repository are:

• Parkinsons Data Set

• PD multiple Sound Recording Dataset

• Parkinsons Telemonitoring Data Set

• PD Spiral Drawings Using Digitized Graphics Tablet Dataset

• DARWIN

1.4.7 Kaggle Repository

Kaggle repository contains different types of data sets, which are publicly available.

For AD and PD, different data sets, such as drawing and sketching, gate in PD, etc.,
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are available.

1.4.8 Parkinson’s Progression Markers Initiative (PPMI)

The Michael J. Fox Foundation founded PPMI in 2010 to help researchers find

biomarkers associated with PD [39]. The study is a public-private partnership of

academic researchers. PPMI has developed standardized processes for acquiring,

transferring, and analyzing clinical, imaging, genetic, and biospecimen data that

can track the progression of PD. The overall goal of PPMI is to investigate novel

methods to establish longitudinal PD cohorts to examine PD progression markers

that, individually or in combination, will rapidly demonstrate interval change in PD

patients in comparison to HC or in sub-sets of PD patients.

1.4.9 Physionet

PhysioNet provides open-source software and free web access to substantial

databases of recorded physiological signals. The National Institute of General Medical

Sciences and the National institute of biomedical imaging and bioengineering both

provide funding for PhysioNet [40]. The Gait data in PD includes 279 gait recordings

from 93 PD patients and 73 HC. Eight sensors are inserted beneath each foot of each

individual to measure force as a function of time. At 100 frames per second, the

output of the 16 sensors is captured.

1.4.10 PC-GITA

The PC-GITA database includes voice recordings of HC and PD patients. The

recordings were captured in a noise-free environment at a sampling rate of 44.1 kHz

with a resolution of 16 bits [41]. This dataset includes 100 native Spanish speakers,

out of which 50 were HC and the remaining 50 were PD patients. Each group had

25 men and 25 women. The recording process aims to analyze several tasks of the

voice and speech of individuals with PD. These tasks were categorized into three

categories: phonation, articulation, and prosody. All patients were diagnosed by
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expert neurologists and classified according to the Unified Parkinson’s Disease Rating

Scale (UPDRS) and Hoehn and Yahr Scale (H&Y) scales. None of the HC showed

any signs of PD or any other neurological disorder.

1.4.11 HandPD dataset

Pereira et al. [42] created this dataset. This dataset includes images taken from

handwriting examinations of 92 people, 74 of them have PD, while the remaining 18

are healthy individuals. The dataset comprises 736 images, of which 368 are spiral

images and 368 are meandering image drawings. Each drawing consists of 296 images

drawn by the patient group and 72 images by the healthy group.

1.4.12 The NTUA Parkinson Dataset

This data was developed by the Intelligent Systems research group and the Na-

tional Technical University of Athens, with the Department of Neurology, Georgios

Gennimatas General Hospital, Athens, Greece [43]. The database consists of MRI

scans, DaTscans, and clinical data of PD patients and healthy groups.

1.4.13 PD Handwriting Dataset (PaHaw)

This data collection includes the handwriting of 75 persons, of which 38 are

healthy individuals and 37 have PD. Each subject completes eight distinct handwriting

tasks, including drawing, writing cursive letters and sentences, and more. All of

the participants in the sample are native Czech speakers, right-handed, and have at

least 10 years of education. Wacom’s Intuos digitizing tablet is used to capture the

handwritten signals [44]. Table 1.2 describes the datasets for the identification and

classification of brain diseases.
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Table 1.2: Datasets for brain disease identification and classification

Disease Dataset Data Type Availability

AD

ADNI [34] Neuroimaging,

blood biomarker,

cognitive assess-

men

Open access

http://adni.loni.usc.edu/about/

OASIS [35] Neuroimaging,

clinical assess-

ment

Open access

https://www.oasis-brains.org/

Dementia Bank [36] Audio recordings https://dementia.talkbank.org/

AIBL [37] Neuroimaging,

blood biomarker,

cognitive assess-

ment

Open access

https://aibl.csiro.au/adni/index.

html

OpenNeuro [38] EEG signals Open access

https://openneuro.org/

UCI ML reposatory Tabular data with

features

Open access

https://archive.ics.uci.edu/datasets

Kaggle Images, text,

audio, and time-

series data

Open access

https://www.kaggle.com/datasets

PD

PPMI [39] Imaging, biologi-

cal, and clinical

data

Open access

https://www.ppmi-info.org/access-

data-specimens/data

PhysioNet [40] Gait Open access

https://physionet.org/about/

database/

PC- GITA [41] Speech signals On request

HandPD [42] Drawing Open access

http://wwwp.fc.unesp.br/%7Epapa/pub/

datasets/Handpd/

NTUA [43] MRI, DaTscans,

and clinical data

Open access

https://github.com/ails-lab/ntua-

parkinson-dataset

PaHaw [44] Handwriting and

drawing

https://bdalab.utko.fekt.vut.cz/
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1.5 Performance Metrics

The performance metrics are used to evaluate the effectiveness and reliability of

brain disease identification and classification models by quantitatively characterizing

how well predicted outputs align with ground-truth clinical labels. These metrics

provide an objective basis for measuring the predictive capability of a model, high-

lighting its strengths and weaknesses under different diagnostic conditions. Since

a single metric cannot fully capture the complexity of classification performance,

particularly in medical applications where class imbalance and clinical risks must

be considered. Multiple measures are typically employed in combination. The most

commonly used metrics in this domain, defined below. Each metric captures a distinct

aspect of model behavior and contributes to a more comprehensive evaluation of

diagnostic performance.

(i) Confusion matrix: The model’s output for a classification purpose is often

evaluated using a confusion matrix. The count values sum up how many of

the real class’s assumptions are true and how many are incorrect. Table 1.3

illustrates the confusion matrix.

Table 1.3: Confusion matrix of predicted and actual values for brain disease detection

and classification model

Actual
Predicted

Positive Negative

Positive TP FN

Negative FP TN

True Positive (TP) refers to patients who are correctly identified as having the

brain disease, while True Negative (TN) refers to healthy individuals accurately

recognized as not having brain disease. False Positive (FP) describes healthy

individuals who are mistakenly classified as having brain disease, and False

Negative (FN) refers to patients who are incorrectly classified as healthy.
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(ii) Accuracy (Ac): It is the simplest performance indicator that indicates the pro-

portion of accurate predictions provided by the classification model. It indicates

the frequency of correct classifications made by the classifier.

Ac =
T P+T N

T P+FP+T N +FN
(1.1)

(iii) Sensitivity (Sn): It is the ratio of classified true positive patients to all patients

by the classification model. It is also known as the true positive rate or recall.

Sn =
T P

T P+FN
(1.2)

(iv) Specificity (Sp): It showcases a report on those who are healthy and were

predicted the same by the model. It is also known as the false positive rate.

Sp =
T N

T N +FP
(1.3)

(v) Precision (Pr): It is also known as a predictive positive value defined as the

quality of a successful prediction generated by the model. It can be calculated by

dividing the total number of positive predictions by the percentage of positively

predicted classes.

Pr =
T P

T P+FP
(1.4)

(vi) F1-score (Fsr
1 ): It is defined as a combined measure of precision and sensitivity

and is commonly used when a balance between the two measures is required.

Fsr
1 =

2× Pr ×Sn

Pr +Sn
(1.5)

(vii) Area under the curve (AUC): The plot of the true positive rate against the false

positive rate is called the Receiver Operating Characteristic (ROC) curve. The

Area Under the ROC Curve (AUC-ROC) measures a model’s capability to

correctly classify instances into one of two categories. A higher AUC value

indicates better predictive performance of the classifier.

(viii) Matthew’s Correlation Coefficient (MCC): It describes the balanced measure-

ment between observed and predicted cases.

MCC =
T P×T N −FP×FN√

(T P+FP)(T P+FN)(T N +FP)(T N +FN)
(1.6)
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(ix) Mean Squared Error (MSE): MSE is defined as the average of squared differ-

ences between the predicted output (ŷi) and the actual output (yi). It is always

a non-negative number. The MSE value near zero represents a good prediction

made by the model.

MSE =
1
N

N

∑
i=1

(yi −
∧
yi )

2 (1.7)

where, N is the number of data points.

(x) Root Mean Squared Error (RMSE): RMSE is the standard deviation of the

residuals (prediction errors). It is defined as the second moment of difference

between the actual value and the predicted value.

RMSE =

√
1
N

N

∑
i=1

(yi−
ˆ
y i)

2 (1.8)

(xi) Geometric-mean (G-mean): G-mean is used to assess a classifier’s performance,

especially on class-imbalanced datasets. For binary classification, it is assessed

using the square root of sensitivity and specificity. For multiclass problems, the

G-mean is calculated by taking the geometric mean of the sensitivity for each

class after taking into account each class’s performance independently.

(xii) Cohen’s Kappa score: The Kappa score is used to compare observed

accuracy(Po) to expected accuracy(Pe).

Kappa =
Po −Pe

1−Pe
(1.9)

Po is the number of instances correctly classified throughout the whole confusion

matrix. Pe is the accuracy that any random classifier should be able to achieve. It

is closely related to both the total number of examples in each class and the total

number of instances where the machine learning classifier correctly identified

the class based on the label provided by the ground truth. The Kappa score

ranges from -1 (worst possible performance) to 1 (highest possible performance).

A Kappa Score of 0 implies that the model is no better than random guessing,

while a score of 1 suggests that the model is excellent.
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1.6 Validation Methods

Validation methods are used to assess how well a model can generalize to unseen

data. To evaluate the performance, different validation methods are used.

1.6.1 Hold out

In this method, the original data is divided into training data, validation data, and

test data. This approach is simple and computationally efficient, but it can produce

biased results depending on how the data is split.

1.6.2 Cross-validation

In this method, the data is divided into k parts, then iteratively the training is

performed on the k−1 parts, and testing is done on the remaining part. This procedure

is performed k times. The performance of the classifier is calculated by taking the

average performance over k iterations. 5-fold and 10-fold cross-validation methods

are mostly used.

1.6.3 Leave-one-subject-out (LOSO)

In this method, for each iteration of the validation, one subject is selected for testing

while all remaining subjects for training. This process is repeated N times. Although

this method provides a very thorough evaluation, it is computationally expensive for

large datasets.

1.7 Research Motivation

AD and PD are the most prevalent neurodegenerative disorders, affecting millions

of individuals worldwide. Both disorders are progressive in nature, leading to severe

cognitive and motor impairments that drastically reduce quality of life for patients and

place a substantial emotional and financial burden on families and healthcare systems.

Despite decades of research, there is currently no cure for either disease, and treatment
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options are primarily limited to managing symptoms rather than halting or reversing

disease progression. This makes early and accurate identification of AD and PD a

critical step toward improving clinical outcomes and enabling timely interventions.

The diagnosis of AD and PD remains a significant challenge. AD generally begins

with modest memory loss or cognitive impairment, which might be mistaken for

normal ageing. Similarly, early indications of PD, such as modest tremors, rigidity,

or abnormalities in movement, may not be detected until the disease has progressed.

Current diagnostic approaches rely mainly on clinical examinations and medical

imaging, which are time-consuming, necessitate professional interpretation, and may

not always yield conclusive results. Furthermore, overlapping symptoms among

neurological disorders can result in misdiagnosis or delayed treatment.

Amidst the rapid aging of populations worldwide, neurodegenerative diseases are

emerging as one of the greatest public health challenges of our time. Addressing

this crisis requires diagnostic solutions that are not only accurate but also scalable,

affordable, and globally accessible. AI-powered classification models hold immense

promise to reduce pressure on healthcare systems. The motivation of this thesis is to

design and develop techniques to improve detection by merging state-of-the-art com-

putational tools with medical insight. This thesis aims to enable earlier intervention,

enhance diagnostic accuracy, and facilitate personalized treatment, helping to reduce

the global burden of neurodegenerative conditions.

1.8 Problem Formulation

Manual examination of brain diseases is time-consuming, prone to variability,

and can miss subtle indicators of disease progression. The primary objective is

to develop an automated system capable of accurately identifying and classifying

brain diseases based on bio-signaling modalities. The formulation of the problem

is therefore to design and evaluate a computational model that can reliably detect

and classify brain diseases, with the aim of supporting early diagnosis and assisting

clinicians in treatment planning. Figure 1.2 illustrates the representative diagram of

this problem formulation.
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Figure 1.2: Problem formulation framework for brain disease identification and

classification

As shown, the process begins with the acquisition of medical data (e.g., EEG, Gait,

speech signals), followed by pre-processing steps to reduce noise and standardize

inputs. Subsequently, relevant features are extracted either manually or through deep

learning architectures. These features are then used by a classification model to

distinguish between healthy and unhealthy, or to classify the unhealthy cases into

specific disease categories. The final output of the model provides the predicted

diagnosis, which can assist clinicians in early detection and decision-making.

1.9 Thesis Outline

The thesis is organized into six chapters, beginning with the first chapter dedicated

to the introduction. In the second chapter, an overview of different brain disease

identification and classification methods is provided. Chapters three to five are

dedicated to the three objectives identified based on the research gaps. Finally, in

chapter six, the key findings are summarized, and the future scope of the work is

presented.

✓ Chapter 1-Introduction: This chapter provides a brief background on brain

diseases and outlines the motivation for this thesis. It also presents the different

modalities used for brain disease diagnosis, as well as the key performance

metrics employed for disease identification and classification.

✓ Chapter 2-Literature Review: In this chapter, a detailed literature review
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on brain diseases, with a focus on AD and PD, is presented, including the

datasets commonly used for research and existing methodologies for automatic

disease detection. Existing studies utilized for brain disease identification and

classification tasks are also discussed. This review is followed by an analysis of

the current limitations in existing research and the formulation of the objectives

for the present research work.

✓ Chapter 3-Feature Selection-Driven Optimization of Brain Disease Detec-

tion Models: This chapter focuses on feature selection-driven methods for

brain disease identification. It aims to enhance the accuracy and efficiency by

employing robust feature selection techniques. This chapter highlights how

irrelevant or redundant data can be eliminated, thereby improving classifier

performance, reducing computational costs, and mitigating overfitting.

✓ Chapter 4-Design and Analysis of an Algorithm for the Classification of

Neurological Disorders: This chapter focuses on the development of an al-

gorithm for the identification and classification of different brain diseases. In

this study, two neurological disorders, Alzheimer’s Disease (AD) and Fron-

totemporal dementia (FTD), are considered. This approach first involves the

identification of brain disorders, followed by their classification into the respec-

tive categories.

✓ Chapter 5-Development of an Automated Algorithm for Early Diagnosis of

Brain Diseases: This chapter contributes to the development of an automated

algorithm for brain disease diagnosis. In this, the speech and gait signal are

considered as a diagnostic modality for early diagnosis of Parkinson’s Disease

(PD).

✓ Chapter 6- Conclusions, Future Directions and Social Impact: This chapter

will contain a brief summary of all the methods, observations, and contribu-

tions of the results obtained in each objective. Also, it will include the future

directions and social impact.
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Chapter 2

Literature Review

This chapter presents a comprehensive review of the existing literature on

the diagnosis of neurodegenerative brain diseases, with a particular emphasis

on Alzheimer’s Disease (AD) and Parkinson’s Disease (PD). In addition, this

chapter highlights the research gaps identified in the reviewed studies. Later,

the research objectives have been formulated based on these research gaps.

2.1 Introduction

Neurodegenerative disorders affect millions of people worldwide and are one

of the primary causes of impairment in the elderly. Early and precise diagnosis is

critical for managing the disease and reducing its course. With recent improvements

in computational approaches, artificial intelligence (AI), specifically machine learning

(ML) and deep learning (DL), has emerged as a viable tool for boosting diagnostic

precision. Researchers have proposed several methods for identifying brain disease

using ML and DL techniques. This review focuses on the cutting-edge ML and

DL techniques utilized in the identification and classification of neurodegenerative

disorders, comparing methodologies, data sources, and performance.

2.1.1 Machine Learning-based Approach

Machine learning (ML) is a subset of AI that makes a machine able to learn

automatically and improve from past experiences without programming it further. It

uses data as input to anticipate new outcomes. The prime motive of ML is to create an
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environment where the machine learns from experiences (i.e., data) to make decisions.

ML techniques for brain disease detection typically use a structured pipeline that

includes data preparation, feature extraction, feature selection, and classification.

Figure 2.1 depicts the basic block diagram of the ML model.

Figure 2.1: Basic block diagram of the machine learning model for brain disease

identification and classification

1. Data pre-processing: Data pre-processing is the most fundamental and

significant part of developing any ML model. It involves cleaning up and

preparing the raw data [45]. Data pre-processing directly affects how well

a model performs. For brain disease detection, the data is available in a

variety of forms, including audio data, pictures, structured tables, etc. The

data collected in these forms contains noise and inconsistency. Therefore, it

becomes important to rectify these issues before any further processing. Some

of the data pre-processing frequently includes null value elimination, data

augmentation, noise removal, and standardization and normalization.

2. Feature extraction: The process of finding and extracting the right features

for the desired system performance is complex and crucial. The basic feature
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extraction process reduces large amounts of data into a smaller number of

feature vectors to obtain relevant information from the raw signals [29]. A

feature extraction technique boosts model explainability, decreases the chance

of overfitting, speeds up training, and helps to improve model accuracy. The

objective of feature extraction is typically to use domain expertise to extract

unique data that precisely describes the occurrence of interest from raw data [46].

Researchers employed a variety of feature extraction methods depending on

the data or image modalities to extract the necessary information so that the

proposed ML model might perform better.

Table 2.1: Feature extraction methods used for brain disease identification and

classification

Method Type Characteristics

Transform-based feature

extraction

Wavelet Transform Multi resolution analysis, good time-frequency local-

ization, suitable for non-stationary signals, complex

computation.

Fourier Transform Easy to compute, good for analyzing stationary signals,

limited time-frequency resolution.

DCT Easy to compute, low computational complexity, ro-

bust to noise, and lack of localization.

MFCC Easy to compute, robust to noise, captures important

spectral and temporal features.

LPC Computationally efficient, robust to noise, higher spec-

tral resolution, low dimensionality, sensitive to window

length.

HHT Can capture non-linear behavior of signal, higher reso-

lution, computationally intensive, sensitive to noise.

TQWT Good time-frequency localization, robust to noise,

higher computational complexity.

STFT Provides a localized frequency representation with

fixed resolution, which is used to compute spectral,

temporal, and statistical features.

CWT Provides a multi-resolution time–frequency represen-

tation with adaptive resolution used to compute multi-

scale, temporal, and statistical features.

EMD Can analyze signals with complex and non-linear dy-

namics, good time-frequency localization, and sensi-

tive to noise.

VMD Non-parametric robbers to noise, higher computational

complexity.
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Method Type Characteristics

Spatial Feature

extraction

ROI based features Less computational time, focuses on a specific region

of the image rather than the whole image, overfitting,

focuses on extracting features from a specific region

of the image or video frame, which provides better

results.

Morphological fea-

tures

Use to extract a variety of features including shape,

size, texture, and connectivity, computationally inten-

sive.

HOG Can capture information about the texture and shape

of an object in an image, fast and efficient, sensitive to

noise, not suitable for objects with complex or irregular

shapes.

Voxel-based features Enables the analysis of 3D volumetric data, easy to

extract.

Acoustic features Mostly used in speech and audio processing, provides

valuable information about spectral and temporal char-

acteristics, robust to noise.

Intesnity features Easy to implement, extracted from a small local region

of an image, sensitive to noise, computationally effi-

cient, may not capture the relevant information from a

large or complex image.

Kinematic features Provides motion information, computationally inten-

sive, most popular features are velocity, jerk, speed,

and acceleration.

Texture features Captures the patterns, structures, and variations in

pixel intensities within a local region of the image.

Statistical Feature

extraction

Time-domain Describe statistical properties of the raw signal.

Frequency-domain Describe spectral characteristics of the signal.

Wavelet-domain Describe multi-scale signal characteristics combining

time and frequency information.

Visual features Computationally easy and effective, captures the over-

all quality of the image such as color, texture, etc.

ICA Computationally efficient, non-parametric, higher per-

formance for a larger amount of data, higher complex-

ity.

DCT, Discrete cosine transform;MFCC, mel-frequency cepstral coefficients; LPC, linear prediction coefficients;

HHT, Hilbert hung transform; TQWT, tunable Q-factor wavelet transform; STFT, short time fourier transform; CWT,

continuous wavelet transform; EMD, empirical mode decomposition; VMD, variational mode decomposition ; ROI,

region of interest; HOG, histogram of oriented gradients; ICA, independent component analysis

In order to identify and categorize brain diseases, researchers have employed

different feature extraction methods [26, 28, 47–122]. Table 2.1 depicts the

feature extraction methods used for brain disease detection. These methods can
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often be divided into three categories: transform-based feature extraction, spa-

tial feature extraction, and statistical feature extraction. The primary objective

of transform-based features is to find a lower-dimensional representation that is

more condensed, with the majority of the data energy concentrated in the fewest

possible uncorrelated coefficients. These techniques enable the extraction of

useful features while maintaining generalization performance and reducing com-

putational cost in the classification step by removing unnecessary information.

Spatial features are objective-specific, which means that each parameter setting

can recognize only one specific type of object. This method extracts relevant

features or patterns from an image based on its spatial arrangement of pixels. It

involves analyzing the image at different scales and levels of detail to identify

patterns or structures. Statistical features involve computing statistical measures

such as mean, standard deviation, variance, skewness, kurtosis, correlation, and

covariance for each feature in the dataset.

3. Feature selection: The set of features is a crucial component in establishing the

prediction models’ hypotheses [123]. The relevancy of the feature is assessed in

accordance with the data rather than the value of the data. It becomes necessary

to identify the most significant features, as datasets with insignificant features

reduce model accuracy. Feature Selection is the process of selecting the required

attributes from the complete dataset. These methods are, thus, used to showcase

the most relevant features.

It consists of selecting a subset of features, followed by feature transformation.

The process of selecting a subset of features includes both feature ranking and

feature frequency calculation. The two primary goals of feature selection are

to improve classification accuracy and feature reduction [124]. The process of

feature selection is depicted in Figure 2.2.

Based on evaluation criteria and interaction with the learning algorithm, feature

selection methods are classified into four types: filter, wrapper, embedded,

and hybrid feature selection methods. The filter method selects the feature

subset using statistical measurements [125]. This technique uses several metrics

and ranking to remove irrelevant features. The wrapper method relies on the
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Figure 2.2: Feature selection process

classifier’s performance in order to obtain a feature subset. Using the induction

algorithm as a black box, this technique chooses the feature subset [123].

The embedded technique regards feature selection as a crucial component of

learning algorithms. It reduces the computational time for selecting the feature

subset. The hybrid feature selection method combines several feature selection

strategies to provide a final set of features [126]. It takes advantage of different

feature selection techniques and overcomes their individual limitations. Table

2.2 summarizes the techniques used by researchers with their salient features.

Table 2.2: Feature selection methods used for brain disease identification and

classification

Method Type Advantage Disadvantage References

Filter

method

Relief, mRMR, Mu-

tual information gain,

PCA, Chi-square test,

Coorelation, PCC,

KWST, LDA, t-test,

ANOVA

Fast and computa-

tionally efficient, less

computational com-

plexity, works well

with high-dimensional

data, computationally

less expensive, scal-

able approach to large

datasets.

Ignores feature depen-

dency, ignores inter-

action with the classi-

fier, and fails to recog-

nize the patterns prop-

erly during the learn-

ing phase.

[26, 47, 65–67,

69, 70, 77, 81, 83,

84, 92, 94, 97, 99,

107,111,115,127–

132]
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Method Type Advantage Disadvantage References

Wrapper

method

RFE, GA, SVM-RFE,

forward feature selec-

tion, stepwise selec-

tion

Better classifier inter-

action, finds the most

useful features, op-

timizes the classifier

performance.

Higher computational

complexity, long ex-

ecution time, suscep-

tible to over-fitting

on smaller training

datasets, more expen-

sive than filter ap-

proaches, less scalable

for larger datasets.

[28, 48, 64, 75, 87,

88, 91, 112, 133,

134]

Embedded

method

ARD, RF Better classifier inter-

action, less prone to

over-fitting, improved

use of available data,

faster solutions, effec-

tive capturing of fea-

ture dependencies.

Computationally

costlier, not suitable

for high dimensional

data, specific to the

learning machine.

[76, 98]

mRMR, minimum redundancy maximum relevance; PCA, principal component analysis; PCC, Pearson

correlation coefficients; KWST, Kruskal-Wallis statistical tests; LDA, linear discriminant analysis; RFE,

recursive feature elimination; GA, genetic algorithm; SVM-RFE, RFE combined with SVM; ARD, automatic

relevance determination; RF, random forest; MIRFE, mutual information gain and RFE

4. ML classifiers: In the majority of cases, the challenge is determining if disease

is present or not, or determining the stages of the disease. As a result, several

researchers use various ML classifiers for these tasks. There are two types of ML

classifiers: supervised and unsupervised. The majority of suggested techniques

made use of supervised learning techniques, in which classifiers are given

access to labeled training data in order to build effective models. These methods

include support vector machine (SVM), K-nearest neighbor (KNN), random

forest (RF), Naive Bayes (NB), logistic regression (LR), decision tree (DT), etc.

For brain disease identification and classification, a wide range of supervised

classifiers have been utilized. SVM, with its various implementations, is the

most widely used method for all classification tasks by researchers [26, 28, 47–

49,63,65,66,68,69,71,72,74,78–85,88,97–108,110–112,114–116,135–141]. In

SVM, the features are mapped onto a high-dimensional space, and classification

is employed to determine the most appropriate hyperplane [142]. The dataset’s

extreme points (support vectors) are used to construct the hyperplane. The

hyperplane is generated to obtain the largest margin between the support vectors
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of the opposing classes.

Researchers have also employed ensemble learning methods for identification

[48–50, 69, 71, 73, 77, 83–86, 88, 99, 103, 111, 114]. The ensemble learning

method uses multiple ML algorithms to produce weak predictive results based

on features extracted through a variety of projections on data and then combines

results from different voting mechanisms to improve performance over that of

any individual component algorithm [143]. RF is an ensemble learning approach

that employs bagging along with random feature selection. It constructs several

DTs using different subsets of the data, and the final prediction is made based

on majority voting among the trees. Extreme gradient boosting (XGBoost) is

another ensemble method used for both classification and regression tasks. It

operates under the principle of boosting, which entails combining the outcomes

of weaker learners to produce stronger learners. By incorporating new features

and addressing defects in older versions, new models are introduced to XGBoost

until no more advancements are possible [50].

Other classification algorithms that are used in disease prediction are LR, NB,

Gaussian mixture model (GMM), KNN, DT, and RF [26, 48, 62, 64, 65, 70–72,

74, 76, 78, 79, 82–85, 87, 91, 92, 94, 99, 102–104, 109–115, 127, 144–146]. LR

is used to estimate the probability of an event occurring by fitting the data to

a logistic function, or to calculate the odds ratio when multiple explanatory

variables are present [147]. It maps the expected values with the sigmoid

function. It extracts a set of weighted features from the input, applies the

logarithm, and then integrates them linearly, where each feature is multiplied

by its corresponding weight and then added. NB is a Bayes theorem-based

probabilistic ML classifier [148]. NB is recognized as the simplest and efficient

technique for building rapid ML models that can predict outcomes quickly. A

GMM is a probabilistic model that represents a combination of a limited number

of Gaussian distributions whose weights, means, and covariances are unknown.

The parameters of the GMM are calculated using the expectation-maximization

technique [91]. KNN is a non-parametric method used for both classification

and regression. It makes predictions based on the K nearest training samples

29

3

3

46

97

134

156

Page 70 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912

Page 70 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912



in the feature space [65]. DT is also a non-parametric method used for both

classification and regression. It is built using a top-down approach, where at

each step the variable that best splits the dataset is selected. The resulting model

has a tree-like structure, with decisions made from the root node down to the

leaf nodes [149].

2.1.2 Deep Learning-based Approach

Deep learning is a field of AI concerned with algorithms inspired by the structure

and function of the human brain. The key benefit of DL is its ability to extract data

from a raw, unstructured, and unlabeled dataset without the need for human interaction.

As a result, DL may become a crucial technique to examine enormous amounts of data.

In the last few years, a number of DL-based methods have been used for brain disease

identification and classification. This subsection includes an overview of different DL

methods for disease diagnosis and prediction. Four basic categories can be used to

generally categorize the DL approaches that researchers mostly use for brain disease

detection: supervised or discriminative learning, unsupervised or generative learning,

self-supervised learning, and hybrid learning. Figure 2.3 shows the most widely used

DL methods of brain disease prediction.

Discriminative deep structures improve pattern categorization by modeling class

distributions based on visible data. The Discriminative architectures primarily include

convolutional neural networks (CNN), recurrent neural networks (RNN), and multi-

layer perceptrons (MLP). CNNs are a popular DL model that is often utilized for

brain disease detection. Unlike standard ML methods, this network can automatically

recover features. CNN architectures are widely utilized in the diagnosis of brain

diseases [131, 150–196]. Goyal et al. [151] introduced a hybrid feature extraction

technique that combines time-frequency algorithms and resonance-based sparse signal

decomposition (RSSD). CNN is utilized for classification purposes. The hybrid

approach produces effective outcomes with 99.37% accuracy. Gazda et al. [153]

employed a CNN to extensively analyze handwriting images to diagnose PD. A CNN

ensemble is produced by combining the weights built by training multiple fine-tuning
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Figure 2.3: Deep learning architectures used for brain disease detection

methods. This architecture can identify PD from offline handwriting with 94.7%

accuracy by combining several fine-tuned CNNs. A CNN model on drawing motions

to identify PD is used in [154]. The coefficients of the fast Fourier transform (FFT)

in the frequency range of 0 Hz to 25 Hz are used as input to the CNN. The impact

of augmentation methods, various data formats, and various image resolutions on

the efficacy of the trained CNN model was investigated for PD detection in [155].

Xia et al. [184] employed a deep pyramid CNN to diagnose AD. Sliding window

augmentation of the 1-D EEG data was used to overcome the problem of restricted

data size.

Canturk [157] adopted a CNN-based strategy with pre-trained AlexNet and

GoogleNet models for feature extraction. He utilized a fuzzy recurrence plot in

this instance to turn time-series signals into images with a greyscale texture, then used

KNN and SVM as final classifiers. Alharthi et al. [159] employed a deep CNN for

the interpretation of ground response force data from PD patients. Oh et al. [164]

developed a thirteen-layer CNN architecture. The developed model offered an ef-

ficient classification accuracy of 88.25% on the EEG dataset. Kachare et al. [187]

developed a lightweight CNN model to distinguish the EEG signal of AD and HC and
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obtain 98.50% classification accuracy. The transform-based detection method used by

several researchers [161, 162, 178, 197], the raw data is transformed and applied to

CNN for PD detection. CNN is useful for detection and classification purposes. To

create voiceprint samples for diagnosing PD, Xu et al. [197] employed a spectrogram

deep convolutional generative adversarial network (S-DCGAN). The model is capable

of creating a variety of high-resolution images. The accuracy and performance of

CNN are enhanced by using the generated images during training. Loh et al. [160]

employed EEG waves to identify PD. After splitting the EEG data in half, a Gabor

transform is used to produce the spectrograms. Two spectrograms were consequently

gathered from each EEG wave. The classification of the spectrogram signals of HCs,

PD patients taking medication, and PD patients not taking medication is proposed

using a 2D-CNN-based architecture. Kamran et al. [170] used a variety of transfer

learning techniques on the HandPD, NewHandPD, and Parkinson’s Drawing datasets.

Additionally, they used multiple methods for augmentation. Using the AlexNet frame-

work, they report a maximum accuracy of up to 99.22%. Naseer et al. [171] developed

a deep 25-layer CNN classifier that combined transfer learning and data augmenta-

tion to achieve an exceptional accuracy of 98.28%. They applied the ImageNet and

MNIST fine-tuning-based approach to the PaHaW dataset and found that it performed

almost 3% better than the MNIST pre-trained version. Kurmi et al. [174] utilized

DaTscan images to predict PD using a collection of DL models. The DL models

VGG16, ResNet50, Inception-V3,and Xception are used for this purpose. A fuzzy

fusion logic-based ensemble technique is used to increase the model’s accuracy. The

proposed model achieved recognition accuracy, sensitivity, and specificity of 98.45%,

98.84%, and 97.67%, respectively.

RNNs are another common neural network that uses sequential or time-series

data to feed the result of previous steps into the current stage. Long short-term

memory (LSTM) is a widely utilized RNN for PD detection [198–201]. MLPs are

feedforward neural networks that serve as the foundation for deep networks. Er et

al. [198] suggested an approach based on deep networks and LSTM for PD detection

from voice data. The features extracted from the mel-spectrogram images of VMD
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were applied to voice signals. They achieved a promising result of 98.61% accuracy.

Lee et al. [201] employed the convolutional-recurrent neural network (CRNN), which

offers great potential for aiding in diagnosing PD.

MLPs are feedforward artificial neural networks (ANNs). This architecture is

sometimes referred to as a basis for deep learning. MLPs have been used in a

number of studies to diagnose PD [99,104,128–130,199,202–206]. Peker et al. [130]

proposed a complex-valued artificial neural network to diagnose PD. The proposed

technique yielded a classification accuracy of 98.12%. Chen et al. [129] developed an

efficient method using minimum redundancy maximum relevance (mRMR) feature

selection and extreme learning machine (ELM) for PD detection. By lowering the

feature space, they have seen an improvement in performance. The studies are run

on various feature subsets. ELM is primarily dependent on the hidden neurons and

the activation function. they have obtained a maximum accuracy of 96.47% on the

voice dataset. The performances of three cascaded DL models, RNN, LSTM, and

MLP, were compared for effective PD diagnosis in [199]. Ali et al. [203] developed

a hybrid intelligence system that can automatically do acoustic analysis on spoken

signals. To minimize dimensionality and optimize the hyperparameters of neural

networks (NN), this intelligent system employs LDA and GA. Priya et al. [204] used

a symmetrically weighted local neighbor gradient pattern method for extracting the

features from the gait signal. The ANN classifier is utilized to categorize PD patients

and HC, and provides an effective classification accuracy of 96.28%. Yurdaku et

al. [205] developed a neighborhood representation local binary pattern approach for

detecting PD. The statistical features are retrieved from the transformed data, and

different feature sets are created using the t-test. ANN is utilized for classification and

provides a classification accuracy of 98.3%.

Researchers also used hybrid deep-learning models for PD detection [207–217].

The hybrid deep learning models are generally made up of two or more deep basic

learning models, with the discriminative or generative deep learning model serving

as the base model. Narendra et al. [207] presented a DL model that combines CNN

and MLP for automatic PD and HC classification that has a 68.56% accuracy rate.
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Xia et al. [209] suggested a DL-based method for PD diagnosis using gait data.

To extract local deep features from gait data, they merged the CNN and LSTM

architectures. They compared several feature extraction techniques and ML models.

Their method performed better than earlier research and other models in terms of

precision, sensitivity, and specificity. Chowdhary and Srivatsan [211] developed a

non-invasive early PD detection architecture based on CNN and feature extraction

from HoG. This architecture provides an efficient classification accuracy of 94%.

Abdullah et al. [212] developed a system that effectively distinguishes between PD

patients and HCs by using information from handwritten data and applying deep

transfer learning models, GA, and KNN techniques. The transfer learning approach is

used for feature extraction, the GA is used for feature optimization, and KNN is used

for classification purposes. Zeng et al. [213] suggested a radial basis function (RBF)

neural network to analyze gait in order to detect PD. A five-fold cross-validation

procedure is used to classify 93 PD patients and 73 HCs.

Due to the increasing success and popularity of transformer networks in image

recognition and natural language processing in recent years, attention mechanism-

based transform models have also been used to detect AD and PD [185, 218–223].

Miltiadous [185] deployed a dual-input convolution encoder network (DICE-net) for

AD detection. The band power and coherence features derived from the EEG signal

were taken out and fed into the DICE-net. The DICE-Net contains a feed-forward

layer, a transformer encoder, and convolution layers. Naimi et al. [219] developed

a hybrid ConvNet-Transformer model for PD identification. The ConvNet detects

local patterns, while the transformer recognizes long-term linkages and temporal

relationships between signals. Using these two elements, the model was able to

identify complex signal correlations that indicate PD. Graph neural networks (GNNs)

have become a popular graph analysis tool in recent years. By turning the data into

graphs, the GNN network can find patterns with much less input. Additionally, by

employing filtering algorithms, GNN determines which nodes and edges are crucial

for completing a task. GNNs are capable of processing graph data in non-euclidean

spaces. GNNs’ messaging mechanism refreshes the central node description by
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combining neighbor node properties and passing on surrounding information [224].

2.2 Research Gaps

Based on the comprehensive review of prior state-of-the-art studies on brain disease

identification and classification tasks, the following research gaps have been identified

and these are as follows:

1. Current feature selection methods are inadequate for handling the high di-

mensionality, noise, and complexity of data. Most studies lack robust feature

selection tailored to physiological and behavioral signals and fail to ensure

interpretability, limiting their applicability for early diagnosis of brain diseases.

2. EEG-based brain disease classification often relies on all channels due to the

absence of robust and validated channel selection frameworks. Resulting in

redundant data processing, increased computational complexity, and reduced

interpretability of neural activity patterns.

3. There is a lack of hierarchical EEG-based diagnostic frameworks that first

detect the presence of brain disease and then classify its specific type. Most

existing studies address disease detection (healthy vs. diseased) and disease

classification (differentiating between multiple disorders) as separate tasks,

using independent models and feature sets. This approach fails to leverage

the shared representations between detection and classification, leading to

inefficiencies and reduced diagnostic accuracy.

4. Existing disease classification studies rely heavily on manual feature engineer-

ing, fragmented pipelines, and expert intervention, which limit reproducibility,

scalability, and clinical adoption. There is a need for an automated, end-to-end

framework that standardizes preprocessing, feature selection, and classification

to enable robust, scalable, and viable disease diagnosis.
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2.3 Research Objectives

The challenges associated with the identification and classification of brain diseases

highlight the need for the development of efficient models and frameworks to build

a robust diagnostic system. To address these practical challenges effectively, three

research objectives have been formulated as follows:

• Objective 1: Design and development of algorithms for optimal feature selec-

tion in brain disease diagnosis.

• Objective 2: Design and analysis of an algorithm for the classification of

neurological disorders.

• Objective 3: Design and development of automated algorithms in the early

diagnosis of brain diseases.
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Chapter 3

Feature Selection-Driven Optimization of

Brain Disease Detection Models

This chapter focuses on feature selection-driven optimization of machine learning

models for brain disease detection. Three studies are presented. The first study

focuses on EEG-based PD detection by extracting statistical and Hjorth features

from the EEG signal and selecting optimal features. The second study addresses

speech-based PD diagnosis using a two-stage stacked ensemble model, which com-

bines feature selection, oversampling, and multiple base classifiers for robust de-

tection. The third study targets EEG-based AD detection using a Fourier De-

composition and Hilbert Transform-based framework. These studies emphasize

the role of feature selection and model optimization in developing reliable, non-

invasive, and intelligent systems for early detection of neurodegenerative diseases.

3.1 Automatic Detection of Parkinson’s Disease using EEG
Signals: A Machine Learning Approach

3.1.1 Introduction

The diagnosis of PD is extremely challenging due to the lack of a recognizable

pattern in the symptoms or progression of the disease. To diagnose PD, a variety

of neuroimaging tests, including a dopamine active transporter scan, computerized

tomography, and magnetic resonance imaging, are performed. Despite being ap-

proved by clinicians, these biomarkers may have several drawbacks, including high
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costs, poor temporal resolution, accessibility issues, radiation exposure, or regional

exclusivity. In recent years, EEG has been explored as a potential diagnostic tool for

several neurodegenerative diseases. The neurodegenerative disorders decrease the

connectivity of the brain network, which can be recorded by EEG signals [111]. The

EEG holds the potential to overcome the shortcomings of diagnostic tools due to its

low cost, accessibility, non-invasive nature, and mobility [223].

Several methods based on ML and DL have been utilized by researchers to detect

PD using EEG signals. Wang et al. [225] employed a capsule network to detect PD.

An interpolation method was used to map the frequency band energies of the EEG

signal into a two-dimensional image and achieved an accuracy of 89.34% utilizing

capsule networks. Khoshnevis and Sankar [110] employed a higher-order statistics

technique to detect PD. The EEG recordings of 20 PD patients and 20 HC were used to

extract thirty higher-order and six lower-order statistical characteristics. An ensemble

RUSBoosted trees classifier was used for classification and obtained an accuracy of

87%. Murugappan et al. [226] incorporated tunable Q wavelet transform (TQWT)

and probabilistic neural networks to classify HC and PD patients. The features were

extracted from the sub-bands obtained by TQWT, and classification was performed by

the neural network. Khare et al. [114] employed TQWT to decompose EEG signals

into multiple subbands. Five features were extracted from each subband and classified

using ML classifier. Kamalakanna et al. [227] employed an artificial neural network

(ANN) with ReLU and sigmoidal activation function and attained 93.3% classification

accuracy using the EEG dataset. Oh et al. [164] employed DL methods to distinguish

healthy controls (HCs) and PD patients. A thirteen-layer convolutional neural network

(CNN) was used for this purpose and provided an accuracy of 88.25%. The EEG

signals were employed as one-dimensional time series data for the DL techniques.

Time-frequency analysis methods were also used to convert the EEG signals into

images and applied as input to the DL modules for PD detection [160, 162].

ML methods have been widely used for EEG signal analysis, but their performance

largely depends on the quality of manually extracted features, which may not capture

the nonlinear and nonstationary nature of EEG signals. In contrast, DL models can
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automatically learn hierarchical feature representations and achieve higher accuracy;

however, they require large amounts of training data, high computational power, and

extended training time, which hinder their applicability in real-time or embedded

systems. Therefore, there remains a need for an efficient approach that combines

effective feature extraction and selection to achieve high accuracy while maintaining

low computational complexity. The proposed work intends to develop a computation-

ally effective framework to detect PD automatically. The major contribution of this

work is as follows:

• Statistical features and Hjorth parameters are extracted from different EEG

channels.

• Optimum attributes are obtained utilizing statistical tests and the extra tree

classifier (ETC) based feature importance method.

• The optimum attributes are applied to the ML classifier for accurate detection

of PD.

• A comparative analysis is performed between the proposed approach and exist-

ing PD detection approaches.

3.1.2 Proposed Methodology

The methodology is based on feature extraction and discovering the pertinent and

essential features required to accurately detect PD. The aim is to develop a low-cost

training model that is relatively easy to compute. Different feature extraction metrics

and popular ML methods are employed individually to detect the disease. Figure 3.1

depicts the block diagram of the feature selection-driven PD detection method.

3.1.2.1 Dataset

The dataset employed in this work is obtained from OpenNeuro [38]. This data is

initially generated at the University of California, San Diego. The data includes the

EEG recordings of fifteen people with PD and sixteen HCs. During the EEG recording,

participants were directed to focus on a cross-image displayed on the computer screen.

The recording is done at a 512 Hz sampling frequency for approximately three minutes.
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Figure 3.1: Block diagram of the feature selection-driven PD detection method

For each individual, 32 EEG channels were recorded. All PD patients have been

categorized as Stage 2 or 3 on the Hoehn and Yahr scale. Figure 3.2 depicts the

positions of the 32-channel EEG electrodes for data acquisition.

Figure 3.2: EEG electrode locations for OpenNeuro EEG data acquisition

In the pre-processing steps, each single-channel EEG data is stratified into 20-

second non-overlapping epochs of 1024 samples. The complete demographic infor-

mation for all participants is presented in Table 3.1.
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Table 3.1: OpenNeuro EEG dataset description

Class Healthy PD patients

Male 7 7

Female 9 8

Age (years) 63.5±9.6 63.2±8.2

MMSE score 29.2±1.1 28.4±1

3.1.2.2 Feature Extraction

In this work, features are extracted from each segment of all 32 channels for every

participant. All the features are essentially divided into two groups: statistical features

and Hjorth parameters. Table 3.2 contains information about the extracted features.

Table 3.2: Features extracted from the EEG signal

Feature Type

Statistical features Mean (M)

Standard deviation (Sd )

Kurtosis (Ku)

Skewness (Sk)

Hjorth Parameters Hjorth activity (HA)

Hjorth mobility (HM)

Hjorth complexity (HC)

1. Statistical Features: From the signals, several statistical features are extracted.

These features are listed as follows:

(a) Mean (M): Mean is defined as the average value of data. It is determined

by dividing the complete data by the number of entries. It is calculated as

follows:

M =
1
N

N

∑
n=1

xn (3.1)

Where xn denotes the nth sample’s value of the EEG signal and N repre-

sents the total number of samples.

(b) Standard Deviation (Sd): The standard deviation is a measure that in-

dicates how much variation is present from the mean value, given as

follows:

Sd =
1
N

√
N

∑
n=1

(xn −M)2 (3.2)

41

38

86

Page 82 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912

Page 82 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912



(c) Skewness (Sk): It is used to validate and calculate data symmetry, as well

as for determining the probability of variable distribution. It can be stated

as follows:

Sk =
1
N

√√√√√ N
∑

n=1
(xn −M)3

Sd
3 (3.3)

(d) Kurtosis (Ku): Kurtosis is used to indicate the existence of large peaks in

the temporal domain of a signal, determined as follows:

Ku =
1
N

√√√√√ N
∑

n=1
(xn −M)4

Sd
4 (3.4)

2. Hjorth Parameters: The Hjorth Parameters are representations of time series

statistical features and widely employed in signal processing [228]. Activity,

mobility, and complexity are prominent parameters used to detect characteristics

for the analysis of EEG data.

(a) Hjorth Activity (HA): Hjorth activity is used to determine the mean signal

strength, which is the variance of the signal, given as follows:

HA =Var(x(t)) (3.5)

(b) Hjorth Mobility (HM): Hjorth mobility denotes the mean frequency of a

signal and is computed by dividing the variance of the signal by the square

root of the variance of the first derivative of the signal, as follows:

HM =

√√√√Var
(

dx(t)
dt

)
Var(x(t))

(3.6)

(c) Hjorth Complexity (HC): Hjorth complexity determines the change in

frequency. It is described as the mobility ratio of its first derivative to its

mobility, expressed as follows:

HC =

√
HM(dx(t)

dt )

HM(x(t))
(3.7)

3.1.2.3 Feature Selection

To identify the optimal features, firstly, the Kruskal–Wallis (KW) test is used. The

features having higher f -scores and p-values less than 0.05 are selected. Then, a
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feature selection method based on ETC is employed. ETC is a tree-based supervised

machine learning technique for extracting the most crucial features. The ETC is an

ensemble algorithm that works on datasets by developing multiple tree models, which

are constructed at random and sort out the most important features that are also voted

the most [229]. It splits the nodes by fitting each decision tree and determining a split

point. Nodes are divided based on the measure of random sub-nodes. These nodes are

split on available variables and the obtained split gained in the results is selected in

the constituent tree models, which helps to make the model less prone to overfitting

by lowering the variance.

ETC calculates feature importance based on the average impurity reduction caused

by a feature across all decision trees in the ensemble. The most relevant feature based

on the Gini index (GI) is used by the corresponding decision tree to split the data. GI

measures the probability of a specific feature being incorrectly classified when it is

chosen randomly and is represented as follows:

GI = 1−
n

∑
i=1

p2
i (3.8)

where n denotes the number of data points, and pi denotes the probability that a

feature will be assigned to a specific class.

3.1.2.4 Classification

To evaluate the proposed work performance, some widely recognized ML tech-

niques, namely NB, SVM, KNN, and DT, are used. ML methods could not produce

the intended outcome if the input range fluctuates more than normal because of their

distinct cost functions. Thus, data standardization is conducted by standardizing EEG

features.

3.1.3 Results

A 5-fold cross-validation method on the OpenNeuro dataset is used to assess the

performance. Several performance parameters, such as accuracy, precision, sensitivity,

and F-1 score, are used to assess the effectiveness of the proposed method. This
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section presents the outcomes derived from the statistical characteristics, Hajorth

parameters, fusion features, and top-ranked features.

3.1.3.1 Statistical Features Result

Four distinct ML classifiers, NB, SVM, KNN, and DT, have been used to evaluate

the statistical features. Table 3.3 presents outcomes of the four statistical features,

including skewness, kurtosis, mean, and standard deviation. For the statistical features,

DT achieved a maximum classification accuracy of 96%.

Table 3.3: Performance analysis using statistical features for PD detection

Classifier Ac Pr Sn Fsr
1

NB 0.74±0.04 0.77±0.09 0.69±0.07 0.72±0.05

SVM 0.92±0.02 0.92±0.03 0.91±0.05 0.91±0.04

KNN 0.90±0.03 0.90±0.04 0.90±0.06 0.90±0.02

DT 0.96±0.03 0.97±0.02 0.96±0.05 0.96±0.03

3.1.3.2 Hjorth Parameter Results

Hjorth parameters were calculated to analyze model performance. Table 3.4

displays the classification outcomes based on the three Hjorth parameters. With 87%

classification accuracy, KNN outperforms other classifiers in terms of performance.

Table 3.4: Performance analysis using Hjorth parameters for PD detection

Classifier Ac Pr Sn Fsr
1

NB 0.63±0.09 0.75±0.12 0.36±0.23 0.46±0.19

SVM 0.80±0.04 0.79±0.06 0.81±0.04 0.80±0.03

KNN 0.87±0.02 0.83±0.06 0.92±0.03 0.87±0.03

DT 0.69±0.03 0.68±0.05 0.68±0.05 0.68±0.04

3.1.3.3 Feature Fusion Results

The DT classifier’s output beats that of SVM, NB, and KNN. Compared to statis-

tical features and Hajorth parameters separately, the feature fusion set enhances the

classification performance. The outcome of the feature fusion is displayed in Table

3.5.
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Table 3.5: Performance analysis using feature fusion for PD detection

Classifier Ac Pr Sn Fsr
1

NB 0.69±0.09 0.83±0.13 0.45±0.21 0.56±0.16

SVM 0.97±0.01 0.95±0.02 0.98±0.02 0.96±0.01

KNN 0.94±0.02 0.92±0.02 0.96±0.01 0.94±0.01

DT 0.96±0.03 0.97±0.02 0.95±0.05 0.96±0.03

3.1.3.4 Effect of Top-Ranked Features on Classification Result

Classifier performance may be impacted by features with low separability. Sig-

nificant features are chosen using the KW test, and the ETC-based feature selection

technique from the fusion features set to acquire an accurate and rapid classification

with a high diagnostic rate for PD. The KW test is conducted to evaluate the discrimi-

nating capacity of the features. Features having a p-value less than 0.05 are selected.

Further, the optimum set of features is found by utilizing the ETC-based feature

selection technique. The top 50 attributes are considered for classification based on

data reduction and the best score produced by ETC. The highest-ranked attributes

are indicated in Table 3.6. The top-ranking features have greater PD classification

accuracy ratings. Table 3.7 shows the outcomes of feature selection for PD detection.

The highest-ranking features improve the accuracy of each classifier model. The PD

classification accuracy for NB, SVM, KNN, and DT is 78%, 96%, 98% and 98%,

respectively. Figure 3.3 shows the performance comparison of different ML classifiers

for PD detection.

The results demonstrate that DT outperformed the other classifiers. The confusion

matrix of the DT classifier for PD detection is portrayed in Figure 3.4.

3.1.4 Discussion

The experimental findings show that PD can be automatically identified using

ML models and hybrid feature extraction techniques. In addition to emphasizing

individual features, the proposed methodology leverages feature fusion to provide an

automated way to differentiate between PD and HC. Recently, various approaches for

detecting PD have been utilized using EEG data. Compared to the proposed approach,
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Table 3.6: The top-ranked features based on ETC

Channel Feature

P4 Mean

F7 Mean, Standard deviation

AF3 Mean

FC1 Mean, Standard deviation

F3 Mean

O1 Mean, Hjorth complexity, Hjorth mobility

FZ Mean, Standard deviation, Hjorth activity

PO4 Mean

O2 Mean, Hjorth mobility, Standard deviation

F8 Mean

FP2 Mean, Standard deviation

P8 Mean

F4 Mean

OZ Mean, Hjorth complexity

FC5 Mean, Hjorth mobility

T7 Mean, Hjorth mobility, Hjorth complexity

PO3 Mean, Hjorth mobility, Standard deviation

CP6 Mean

CZ Mean, Hjorth mobility, Hjorth complexity

FP1 Mean, Hjorth mobility, Hjorth complexity

C4 Standard deviation, Hjorth activity

PZ Hjorth mobility

C3 Mean

CP1 Hjorth mobility, Standard deviation

P7 Hjorth complexity, Standard deviation

CP2 Standard deviation

FC6 Hjorth mobility, Standard deviation

Table 3.7: Performance analysis using top-ranked features for PD detection

Classifier Ac Pr Sn Fsr
1

NB 0.78±0.04 0.92±0.07 0.60±0.07 0.73±0.05

SVM 0.96±0.02 0.94±0.05 0.97±0.03 0.95±0.03

KNN 0.98±0.01 0.98±0.02 0.98±0.02 0.98±0.01

DT 0.98±0.02 0.97±0.03 0.99±0.01 0.98±0.02

they have employed distinct characteristics and classifiers.

Table 3.8 shows a comparison of classification performance to other existing ap-

proaches for PD detection. The average classification accuracy, precision, sensitivity,

and F-1 score achieved using the 5-fold cross-validation technique are 98%, 97%,
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Figure 3.3: Performance comparison of different models for PD detection

Figure 3.4: Confusion matrix of DT classifier for PD detection

Table 3.8: Performance evaluation of the feature selection driven PD detection method

in contrast to existing methods

Authors Dataset Classifier Ac(%)

Chawla et al. 2023 [111] EEG KNN 95.85

Kamalakannan et al. 2021 [227] EEG ANN 88.17

Khare et al. 2021 [114] EEG LSSVM 96.13

Khoshnevis and Sankar 2021 [110] EEG Ensemble RUSBoosted trees 87

Proposed method EEG DT 98

99%, and 98%, respectively. The proposed method has the potential to detect PD

effectively with less computational complexity.
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3.2 A Two-Stage Ensemble Approach for the Analysis of
Parkinson’s Disease Using Speech Signals

3.2.1 Introduction

Speech disorders are experienced by approximately 90% of patients in the early

stages of PD [230]. The speech impairment commonly observed in PD is known as

hypokinetic dysarthria, which primarily affects articulation, respiration, and voice

quality. Recently, many studies have been conducted utilizing speech datasets to

detect PD in the initial stage. In earlier research, limited attention has been given to

effective feature selection methods. Many existing studies have either not utilized

feature selection or have employed only basic techniques, which may not fully capture

the most informative attributes for model learning. Additionally, the majority of

earlier research focused on single classifiers. But the problem with single classifiers

is that, at times, they may lack accuracy and precision, which can be achieved using a

stacking-based method. Sometimes, these classifiers adversely affect the errors and

downgrade their performance with respect to overfitting, generalization, and bias of

the model, hence resulting in poor prediction. Also, most of the research has not

dealt with class imbalance problems, which could result in biased model performance

favoring the majority class and decreasing diagnosis reliability. To address all these

problems, this work proposes a two-stage PD detection approach. In the first stage, an

ETC-based feature selection approach has been applied in order to reduce the non-

required speech features, and in the second stage, a new model is built by stacking

three ML algorithms. The proposed method provides better results by simply taking

the speech features of PD patients.

3.2.2 Proposed Methodology

This method aims to boost the accuracy and speed of PD diagnosis in the context

of an intelligent network by a stacked ensemble model. Figure 3.5 illustrates the block

diagram of the stacked ensemble model for PD detection. The acquired PD speech

data is used to train the classifier using the following steps. Firstly, the raw data is
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pre-processed, and then the ETC-based feature selection technique is used to acquire

the optimum set of features. Afterward, SMOTE is applied to overcome the class

imbalance problem. Different base learners and meta-learners are used separately to

evaluate their performance.

Figure 3.5: Block diagram of the stacked ensemble model for PD detection

3.2.2.1 Dataset Description

This work utilizes the dataset from the renowned UCI ML repository [231]. It is

the speech dataset of 31 people whose age ranges from 46 to 85, of which 23 are

diagnosed with PD, while the rest are HC. The speech signals are sampled at 44.1 kHz

and 16 bits of resolution. Amplitude normalization is performed before calculating

the features. The dataset comprises 195 sustained vowel phonations extracted from

the speech signals of 31 individuals. Each person provides an average of six phonation

recordings. Dysphonia measurements are utilized to distinguish between HC and PD

patients. Table 3.9 portrays the features retrieved from speech signals. The dataset

contains 22 features derived from speech signals using the Pratt software. The data

does not contain any missing values. There are 147 PD phonetics and 48 healthy

phonetics. The class is specified by the status column in the data, where 0 represents

HC and 1 represents PD patients.
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Table 3.9: List of dysphonia features extracted from speech signals for PD detection

Feature Name Feature Description

Shimmer: APQ3 3- Point amplitude perturbation quotient.

Shimmer: APQ5 5- Point amplitude perturbation quotient.

Shimmer: DDA Difference of amplitude differences.

Jitter: DDP Variation in fundamental frequency.

MDVP: Jitter(%) Jitter value in percentage.

MDVP: Jitter(Abs) Absolute value.

MDVP: Fo (Hz) Average vocal fundamental frequency.

MDVP: Fhi (HZ) Maximum vocal fundamental frequency.

MDVP: Flo (HZ) Minimum vocal fundamental frequency.

MDVP: PPQ Five point period perturbation quotient.

MDVP: APQ Variation in amplitude.

MDVP: RAP Relative average perturbation.

MDVP: Shimmer Amplitude variation.

MDVP: Shimmer (dB) Amplitude variation in dB.

Spread 1 Nonlinear measure of fundamental frequency.

Spread 2 Nonlinear measure of fundamental frequency.

HNR Harmonic to Noise ratio.

NHR Noise to Harmonic ratio.

DFA Detrended fluctuation analysis.

D2 Correlation dimension.

PPE Pitch period entropy.

RPDE Recurrence period density entropy.

Status Health status of the person

1: Person with PD.

0: Healthy person.

3.2.2.2 Feature Selection

Feature selection aims to remove features that are insignificant or irrelevant. This is

a technique for selecting a subset of crucial characteristics that accurately identify the
50
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problem. It becomes a necessity to determine the most important features as datasets

having insignificant features result in the reduction of the model accuracy. Feature

selection proceeds through a process of selecting requisite features from the prime

features [232]. In this work, an ETC-based feature selection approach is utilized for

selecting the optimal set of features. For this dataset, the top ten features are selected

by ETC. Figure 3.6 represents the ranking of the top ten features generated by ETC.

Figure 3.6: Optimal subset of features obtained using ETC-based feature selection

3.2.2.3 Data Balancing

One of the main issues with the healthcare dataset is the imbalance of class

instances. This indicates the instance is not being appropriately distributed among the

different classes. As a result, the classification results from the imbalanced class data

are biased, favoring the dominating class. So, SMOTE is used to balance the dataset.

SMOTE is an oversampling technique where the minority class generates the synthetic

samples [233]. The problems like overfitting, posed by random oversampling, can be

overcome by this algorithm. It primarily focuses on the feature space, which, using

interpolation between the positive instances, goes side by side, resulting in bringing

out new instances. SMOTE sorts out examples that have occurred in proximity to

a feature space. It then picks up a new example at a certain point along with the

segment, while also joining other adjacent examples. SMOTE then, at random, opts

for an instance from the minority class and then computes its KNN. After that, a
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random neighbor is chosen. Then, at a point selected at random between the two

examples, a synthetic example is created. This process can help in generating as many

synthetic examples as are needed for any particular minority class to create a balance.

3.2.2.4 Classifiers

In this work, various types of prominent supervised ML algorithms are used for PD

detection. The labeled training dataset is initially utilized in supervised ML algorithms

to evaluate the basic algorithm, and in the testing phase, these classifiers are used to

identify whether a test instance is an HC or a PD patient.

3.2.2.5 Stacked-based Model

Stacking is one of the most renowned ensemble modeling techniques used in ML.

To predict better predictions, a number of weak learners are ensembled in a parallel

manner, such as to make a combination with meta learners. Algorithm 1 describes the

stages involved in the stacked model.

Algorithm 1: Algorithm of stacked model for PD prediction
Input: Speech dataset, D = {d1,d2, . . . ,dn},

Base learners = DT, NB, KNN

Base learner’s predictions, BP = {BP1,BP2,BP3}.

Output: Classification of speech signals [PD or HC].

1: Data collection.

2: Data distribution into train and test data.

Training data=0.8

Testing data=0.2

for each learner BP = {BP1,BP2,BP3} do

3: Train base learners using training data (D),

4: Optimize the base learners until the minimum error is achieved.

end for

5: Integrate the predictions from base learners.

6: Training of Meta learner.

7: Apply test data on meta learner

8: Return Predicted Results.

This ensemble technique is used to achieve an improved model for output predic-

tion by applying the input of meta-learners and combining multiple weak learners’

predictions. While performing stacking, the outputs of sub-models are taken as input
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and combined to anticipate the desired outcome. Stacking, at times, is also called a

stacked generalization. Multiple base learners are trained on the same data and then

use a meta learner to keep the predictions synthesized. Figure 3.7 portrays the flow

chart of the stacked model.

Figure 3.7: Flow chart of stacked-based ensemble model for PD detection

3.2.3 Experimental Results

The proposed work’s performance is assessed using a variety of performance

metrics, like accuracy, selectivity, sensitivity, and AUC.

3.2.3.1 Impact of Feature Selection

Prior to feature selection, the dataset had 22 features. To acquire the strongly

linked features, the ETC-based feature selection approach is used. The top ten optimal

features are selected based on their scores. As the dataset was imbalanced, SMOTE

was used to balance the dataset. The dataset is divided into training and testing

sections. 80% of the data is used for training, while 20% is used for testing purposes.
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In order to analyze the performance, popular ML classifiers are utilized.

To increase the performance of classification models, feature selection plays a cru-

cial role by removing extraneous attributes from the dataset. The dataset is condensed

using feature selection into a subset that retains the same degree of classification or

information as the data in its initial form. The ranking of the most important attributes

is determined using the inferences drawn from the proposed method. The ETC-based

feature selection procedure is carried out to determine the top ten attributes. These

features are used as input to different ML classifiers, which distinguish them into

speech samples from healthy or PD patients. Each classifier included in the model

has undergone extensive training using several feature combinations. The results of

the single classifiers without feature selection are presented in Table 3.10.

Table 3.10: Performance comparison of different ML algorithms without feature

selection for PD detection.

Classifier Ac (%) Sn (%) Sp (%) AUC (%) Pr (%) Fsr
1 (%)

LR 71.79 78.12 42.85 60.49 86.21 81.97

KNN 76.92 84.38 42.85 63.61 87.10 85.71

SVM 74.35 81.25 42.85 62.05 86.67 83.87

DT 79.49 90.62 28.57 59.60 85.29 87.88

NB 61.54 56.25 85.70 70.98 94.74 70.59

3.2.3.2 Impact of Stacked-based Ensemble Model

The stacked model combines the advantages of several distinct models to improve

prediction accuracy and performance parameters. A stacked-based ensemble method

that consists of DT, NB, and KNN is used after selecting the most relevant features.

The selection of the classifier is done on the basis of their individual performance. The

top ten features based on their feature score are taken into account for PD detection.

Table 3.11 depicts the proposed model’s detection results in the UCI PD speech

dataset. The results of the stacked model for classification are compared to various

classifiers, such as LR, NB, DT, KNN, and SVM.

As demonstrated in Table 3.11, the stacked model outperformed the distinct clas-
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Table 3.11: Performance comparison of different ML algorithms and proposed stacked

model with ETC-based feature selection method for PD detection

Classifier Ac (%) Sn (%) Sp (%) AUC (%) Pr (%) Fsr
1 (%)

LR 79.67 82.76 76.67 79.71 77.42 80

KNN 89.83 79.31 100 89.65 100 88.46

SVM 79.67 75.86 83.34 79.59 81.48 78.57

DT 96.61 93.10 100 96.55 100 96.43

NB 83.05 68.97 96.67 82.81 95.24 80

Stacked Model 98.31 96.55 100 98.27 100 98.25

sifiers, with accuracy, sensitivity, specificity, and AUC values of 98.31%, 96.55%,

100%, and 98.27%, respectively. Furthermore, selecting features based on ETC not

only improves the performance of the model but also considerably upgrades the

overall performance of conventional ML methods. Figure 3.8 depicts the proposed

method’s performance metrics comparison with several classifiers.

Figure 3.8: Performance measure comparison for PD detection
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3.2.4 Discussion

Speech signals are widely used to analyze and detect PD. To detect PD using

speech signals, a two-stage stacked-based ensemble technique has been presented

in this work. The results of the suggested framework are compared with existing

approaches on the same dataset. Table 3.12 shows the performance comparison of the

two-stage stacked-based ensemble framework with other existing methods.

Table 3.12: Performance evaluation of the two-stage stacked-based ensemble method

in comparison to other existing methods

Year Authors Feature

selection

Number of

features

Classifier Results

Ac

(%)

Sn

(%)

Sp

(%)

AUC

(%)

2020 Thapa et al. [132] Correlation 13 TSVM 93.90 88 99 93.9

2020 Senturk et al. [28] RFE 13 SVM 93.84 - - -

2020 Despotovic et al. [76] ARD - Gaussian

Process

96.92 90 99.29 -

2021 Liu et al. [234] wLDPP - ELM 89.17 90.69 95 -

2021 Ouhmida et al. [65] mrMR and Re-

lief

8 KNN 97.92 97.92 100 98.26

2022 Li et al. [77] LDA - RF 97.50 98.33 95 -

2022 Haritha et al. [146] FCM 10 RF 91.83 - - -

2023 Xue et al. [235] LDFSF 5 Gaussian

process

98.20 92 99.50 -

2023 Rahman et al. [180] - - DNN 95.41 95 - -

2023 Elshewey et al. [135] - - Bo-SVM 92.3 92.3 - -

2024 Shyamala and Nava-

mani [134]

RFE 15 XGB 96.61 97.73 - 97.73

2024 Akila and Nayahi

[152]

MASS - Neural

netwwork

96.77 - - -

2024 Saha et al. [236] - - GCN 97.4 97.4 - -

2024 Proposed method ETC 10 Stacked

model

98.31 96.55 100 98.27

In this work, a feature selection-based decision support system is developed by

extracting features from PD patients’ and HCs’ speech signals. Distinct feature

selection approaches were applied by various researchers. Thapa et al. [132] utilized a

correlation-based feature selection approach and attained an accuracy of 93.90% using
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the TSVM classifier. Senturk et al. [28] incorporated RFE feature selection method

in conjunction with the SVM classifier, and obtained 93.84% accuracy. Authors

in [65, 76, 77, 134, 146, 152, 234] used different feature selection approaches such

as ARD, wLDPP, mrMR, Relief, LDA, RFE, FCM, and multi-agent salp swarm

algorithm (MASS) with different ML models, achieving an accuracy of 96.92%,

89.17%, 97.92%, 97.50, 96.61%,91.83%, and 96.77%, respectively. Rahman et al.

[180] explored different ML methods and deep neural networks (DNN) to predict and

categorize PD. A hyperparameter tuning technique based on Bayesian optimization

(BO) was used to obtain better PD detection accuracy in [135]. Recently, Xue et

al. [235]. utilized the Local dynamic feature selection fusion method (LDFSF) and

obtained an accuracy of 98.20%. Saha et al. [236] developed a Euclidean distance-

based-graph convolutional neural network (GCN) and achieved 97.4% classification

accuracy.

Existing studies employed single classifiers along with various feature selection

strategies. To enhance the overall performance of PD detection, this work introduces a

two-stage stacked-based approach. The proposed technique differs from the literature

in terms of the feature selection method and a stacked-based classifier. The sug-

gested model effectively reduces computation time by taking less number of features

and outperforms the current methods with a maximum accuracy of 98.31% for PD

detection.

3.3 FHESA: Fourier Decomposition and Hilbert Trans-
form Based EEG Signal Analysis for Alzheimer’s Dis-
ease Detection

3.3.1 Introduction

AD is a progressive condition; its symptoms can range from mild ones that have

no impact on a patient’s day-to-day activities to severe ones that cause total cognitive

decline, reliance, and ultimately death. Accurate and automatic detection of AD is

important for preventing the progression of the disorder and providing appropriate
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treatment so that individuals can carry out their daily activities effectively. EEG has

been used as a viable diagnostic method for numerous neurodegenerative disorders due

to its non-invasive nature and ease of availability. The proposed FHESA method aims

to present a computationally efficient framework to accurately detect AD using EEG

signals. The FDM decomposes the EEG signals into a limited number of orthogonal

components known as Fourier intrinsic band functions (FIBFs). The HT method is

employed to extract prominent features from each FIBF. These features are taken as

inputs for several ML algorithms for detecting AD. The key contributions of the work

are as follows:

• FDM is employed for the decomposition of EEG signals into a set of FIBFs ,

and valuable features are extracted using the HT method.

• Various ML algorithms (KNN, NB, DT, SVM, and LR) are used to evaluate

model performance using a ten-fold cross-validation technique. The optimal

classifier combination with the feature set is determined to obtain an accurate

model for automatic AD detection.

• Analyzed the influence of various channels and performed brain area analysis

at various lobes to identify significant regions affected by AD.

• The proposed FHESA approach for AD detection has been empirically validated

using two distinct datasets (dataset-I and dataset-II), including EEG recordings

from HCs and AD patients.

• The results of the experiments showed that the proposed FHESA method per-

forms better than the existing state-of-the-art techniques used for AD detection.

3.3.2 Proposed Methodology

The proposed methodology consists of the following steps: (i) dataset acquisition

and pre-processing; (ii) EEG signal decomposition using FDM; (iii) feature extraction;

and lastly (iv) classification. The block diagram of the FHESA method is depicted in

Figure 3.9.
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Figure 3.9: Block diagram of the FHESA method for AD detection

3.3.2.1 Dataset

Two distinct datasets (dataset-I and dataset-II) are used in this study to assess the

capability of the proposed FHESA method. The datasets used are obtained from

Florida State University researchers and are publicly available [237, 238].

• Dataset I:

The dataset includes recordings obtained during two resting situations from

four groups (A, B, C, and D). Groups A and C, who underwent visual fixation,

kept their eyes open, while groups B and D kept their eyes closed during the

recording. Groups A and B included 24 healthy older individuals aged 61 to 83

years. Groups C and D included 24 AD patients between the ages of 53 and 85

years, identified by the National Institute of Neurological and Communicative

Disorders and Stroke and the Alzheimer’s Disease and Associated Disorders

Association. The International 10–20 system was used for signal recording

from the brain’s frontal (Fp1, Fp2, Fz, F3, F4, F7, F8), central (Cz, C3, C4),

parietal ( Pz, P3, P4), occipital (O1, O2), and temporal (T3, T4, T5, T6) regions

using a Biologic Systems Brain Atlas III Plus workstation. The frequency range

of the signals in the EEG recordings was restricted to the band of 1-30 Hz. The

recordings were made for a duration of 8 seconds. Throughout the recording

process, a technician was tasked with keeping an eye on the patient’s level of
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attentiveness. The EEG signals were recorded at a sampling frequency of 128

Hz (free of myogenic artifacts, eye movements, and blinking).

• Dataset II: Four separate groups are identified from the EEG signals in the

dataset: Group A: Twelve old, healthy subjects who kept their eyes open and

maintained visual fixation; Group B: Twelve old, healthy subjects who closed

their eyes; Group C: Eighty AD patients who kept their eyes open; and Group D:

Eighty AD patients who closed their eyes. The study did not categorize patients

based on their level of cognitive impairment due to insufficient information on

disease severity. The eight-second EEG segments were recorded with 19 scalp

electrodes positioned in accordance with the International 10-20 technique and

sampled at 128 Hz. The EEG signals were preprocessed by band-limiting them

between 0.5-30 Hz and removing artifacts caused by subject movements by

an expert EEG technician. To resolve the issue of data imbalance, out of each

group, only 12 HC and 12 AD subjects are chosen for implementation. To

analyze the EEG signals more precisely, they are separated into equal time

segments. To obtain representative data, each participant’s data is divided into

two-second segments without overlapping.

3.3.2.2 Fourier Decomposition Method

The FDM is an adaptive signal-processing technique based on the Fourier theory

and zero-phase filtering approach employed for analyzing the non-stationary and

nonlinear characteristics of real-time signals [239]. It decomposes a given signal into a

set of finite number of components (amplitude and frequency-modulated components)

known as FIBFs. The FIBFs are intrinsic in the signal itself and are complete, local,

adaptive, and an orthogonal set or a Linearly Independent Non-Orthogonal yet Energy

Preserving (LINOEP) set such that the instantaneous amplitudes of these functions

are always positive, and the instantaneous phases are nondecreasing functions that

yield positive instantaneous frequencies. The EEG signals are decomposed using

DCT. Figure 3.10 depicts the illustration of the FDM using a zero-phase filter bank

based on DCT.
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Figure 3.10: Decomposition of EEG signal e[n] into a set of FIBFs of required

frequency bands using DCT-based FDM

Eq. (3.9) represents the decomposition of a time series signal e[n]) of length M as

follows:

e[n] = e0 +
M

∑
m=1

em[n] = e0 +
M

∑
m=1

lm[n] (3.9)

where, e0 represents the mean value of the signal, em[n] represents the mth or-

thogonal FIBFs, and lm[n] denotes the mth LINOEP. For the DCT-based FDM, the

zero-phase filter response to decompose the signal e[n] into various relevant frequency

bands can be expressed as follows:

Hm[k] =

1, Km−1 +1 ≤ k ≤ Km

0, otherwise
(3.10)

where, m ∈ [1,M], K0 = 0 and K1, K2,.., Km−1 are desired cutoff frequencies. The

zero-phase filter frequency response Hm[k] is 1 for required frequencies and 0 for

other cases. In this work, the inverse DCT is employed to obtain the mth FIBF em[n]

as,

em[n] =

√
2
N

N−1

∑
k=0

σkHm[k]Ec2[k]cos
(

πk(2n+1)
2N

)
(3.11)

The N length DCT of signal e[n] is represented as Ec2[k] and the normalization

factor defined as,

σk =

1, k ̸= 0

1√
2
, k = 0

(3.12)
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After decomposing the original signal, the obtained FIBFs are zero-mean functions.

The desired and valuable signal components can be more easily distinguished from the

unwanted signal components with the help of the FIBFs. FDM can be implemented

by FFT, making it computationally more efficient. The FDM presents a generalized

Fourier expansion with variable amplitudes and variable frequencies of a time series by

the Fourier method. Unlike EMD, which utilizes an empirical methodology and thus is

not feasible to analyze analytically, the FDM approach has an extensive mathematical

background. FDM can remove artifacts present in the signal and model mixing issues

more effectively than EMD. Additionally, FDM can decompose the EEG into a set of

FIBF with the required cutoff frequencies. The FIBFs generated by FDM for the EEG

signals of HC and AD patients are depicted in Figure 3.11.

(a) AD (b) HC

Figure 3.11: Decomposition of AD and HC EEG recordings into identical frequency

bands: FIBF1: 0–8 Hz, FIBF2: 8–16 Hz, FIBF3: 16-24 Hz, FIBF4: 24-32 Hz, FIBF5:

32-40 Hz, FIBF6: 40-48 Hz, FIBF7: 48-56 Hz, and FIBF8: 56-64 Hz

3.3.2.3 Feature Extraction

Extracting relevant information from the data is one of the crucial tasks. Identifying

minor characteristics that aid in disease classification can be considered a feature.

FDM expresses the signal as a set of FIBFs. HT is applied to all FIBFs to obtain

instantaneous amplitude, frequency, and phase, which generate feature vectors for
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categorization. In this work, HT is implemented to extract features from the FIBFs of

both AD and HC classes.

3.3.2.4 Hilbert Transform

HT is a linear operator used to change a real signal’s phase by Π/2. The HT of a

time-domain signal x(t) can be defined as Eq. (3.13)

H(x(t)) = x(t)⊛
1
πt

(3.13)

The complex analytic signal of x(t) is presented by Eq (3.14)

X(t) = x(t)+ jxh(t) (3.14)

where, xh(t)) is the HT of signal x(t). From the signal, the instantaneous amplitude,

phase, and frequency can be determined as

|X(t)|=
√

x2(t)+ x2
h(t) (3.15)

φ(t) = arctan
(

xh(t)
x(t)

)
(3.16)

w(t) =
dφ(t)

dt
(3.17)

The instantaneous amplitude, phase, and frequency of the signal play a significant role

in many scientific domains, including signal processing and medicinal applications

[240, 241].

In this work, the FDM approach decomposes the EEG signal into eight FIBFs,

which are then analyzed using the HT method for feature extraction. From each FIBF,

the instantaneous amplitude, phase, and frequency are calculated, and four statistical

features, including skewness, kurtosis, mean, and standard deviation, are derived from

them. The extracted features from each segment of the EEG data produce a full set of

feature vectors for different EEG channels. To make each attribute compatible with

ML classifiers, they are all transformed into uniform scale values between 0 and 1.

3.3.2.5 Classification

In this work, we have employed several ML algorithms to create an AD detection

model based on the feature vector computed with the proposed FHESA method.
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Furthermore, the goal is to find the best classifier by contrasting the performance

of the classifiers for AD detection. The acquired features are analyzed using ML

methods such as KNN, SVM, DT, NB, and LR. The primary rationale for preferring

these classifiers is that they are often utilized in the literature and have excellent

classification performance in different medical applications. The algorithm of the

proposed FHESA method is given in Algorithm 2.

Algorithm 2: AD detection using proposed FHESA method
Input: EEG signals

Output: Classification of EEG signals [AD or HC]

Step 1: Preprocessing

(i) Load the EEG signal

(ii) Read an EEG channel from EEG signals

(iii) Divide the EEG channel into non-overlapped segments

Let there is M number of segments e1, e2..., em.

Step 2: Decomposition

for each segment decompose it into FIBFs do

em[n] =

√
2
N

N−1

∑
k=0

σkHm[k]Ec2[k]cos
(

πk(2n+1)
2N

)
such that

e1[n] = e0 +
M

∑
m=1

em[n] = e0 +
M

∑
m=1

lm[n]

Let the FIBFs are FIBF-1, FIBF-2,...., FIBF-M.

Step 3: Feature extraction

for each FIBF do

(i) Apply HT to obtain the instantaneous amplitude,

phase, and frequency corresponding to each FIBF

(ii) Concatenate all the features to get the

corresponding feature vector

Step 4: Model Selection

for each classifier in KNN, NB, DT, SVM, and LR

do

(i) Divide the feature vector into ten-folds

(ii) Train and test the ML classifier using one fold

at a time.

(iii) Record the classifier’s accuracy

(iv) Select the best-performing classifier

return Best combination of FIBF and classifier for AD detection
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3.3.3 Results

To evaluate the effectiveness of the FHESA method, evaluation parameters such as

accuracy (Ac), sensitivity (Sn), specificity (Sp), precision (Pr), F-1 score (Fsr
1 ), Cohen’s

Kappa score (Ksr), and Matthew’s Correlation Coefficient (MCC) are used.

3.3.4 Performance Analysis

Dataset I

3.3.4.1 Analyzing the Eyes Open EEG Data

In this subsection, the classification findings for the AD vs HC classes utilizing

all EEG channels are presented. The evaluation metrics of the classification process

carried out by applying the ML approach for the features of the computed FIBFs

for Dataset I are displayed in Table 3.13. For FIBF 1, the highest classification

accuracy is achieved by the DT classifier with 97%, and the overall values of precision,

sensitivity, specificity, F1-score, MCC, and Kappa score are 98%, 97%, 99%, 97%,

0.94, and 0.94, respectively. For FIBFs 2, 3, 4, and 5, the DT classifier also provides

maximum classification accuracy. Experimental results indicate that FIBF 8 yields the

best appropriate outcomes with NB classifier for AD and HC classification with an

accuracy of 99%, and the overall value of precision, sensitivity, specificity, F1-score,

MCC value, and Kappa score are 98%, 100%, 99%, 99%, 0.98, and 0.98 respectively,

as presented in Table 3.13. Subsequently, the second-highest accuracy is obtained

from FIBF 1. The least accurate performance of 63% is observed in the FIBF-2 for

the KNN classifier using the eyes open EEG dataset.

3.3.4.2 Analyzing the Eyes Closed EEG Data

The EEG signals of subjects with closed eyes are taken independently for classifi-

cation, and the assessment is obtained using the same criteria as those with open eyes.

Table 3.14 demonstrates the classification results using closed-eye EEG recording on

Dataset I. Table 3.14 illustrates that FIBF 8 produces the most accurate results for
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Table 3.13: Performance analysis on Dataset I (eyes-open) using FHESA method for

AD detection

FIBF Classifier Evaluation parameters

Ac Pr Sn Sp Fsr
1 MCC Ksr

KNN 0.80±0.12 0.72±0.18 1.00±0.00 0.58±0.28 0.82±0.12 0.60±0.27 0.55±0.29

NB 0.93±0.07 0.92±0.09 0.96±0.07 0.88±0.15 0.94±0.06 0.83±0.17 0.81±0.19

1 DT 0.97±0.06 0.98±0.07 0.97±0.07 0.99±0.04 0.97±0.05 0.94±0.12 0.94±0.14

SVM 0.97±0.04 0.96±0.07 1.00±0.00 0.92±0.15 0.98±0.04 0.94±0.12 0.92±0.13

LR 0.97±0.04 0.95±0.08 1.00±0.00 0.92±0.15 0.97±0.05 0.93±0.11 0.92±0.13

KNN 0.63±0.08 0.68±0.19 0.74±0.19 0.63±0.20 0.67±0.08 0.33±0.18 0.28±0.15

NB 0.78±0.09 0.83±0.15 0.78±0.10 0.79±0.20 0.79±0.07 0.53±0.20 0.50±0.20

2 DT 0.83±0.08 0.88±0.12 0.81±0.13 0.85±0.15 0.83±0.08 0.65±0.15 0.62±0.17

SVM 0.70±0.10 0.70±0.19 0.87±0.15 0.61±0.24 0.74±0.10 0.55±0.19 0.39±0.18

LR 0.74±0.06 0.75±0.18 0.81±0.14 0.73±0.16 0.76±0.10 0.49±0.17 0.45±0.17

KNN 0.71±0.09 0.73±0.20 0.82±0.15 0.69±0.19 0.74±0.11 0.46±0.19 0.41±0.19

NB 0.75±0.11 0.79±0.16 0.77±0.16 0.77±.19 0.76±0.11 0.50±0.23 0.47±0.24

3 DT 0.87±0.14 0.86±0.20 0.84±0.16 0.89±0.16 0.84±0.17 0.74±0.28 0.73±0.28

SVM 0.67±0.13 0.67±0.22 0.84±0.15 0.57±0.25 0.71±0.14 0.46±0.23 03̇3±0.18

LR 0.75±0.13 0.76±0.20 0.84±0.17 0.74±0.23 0.77±0.14 0.53±0.23 0.49±0.23

KNN 0.68±0.13 0.65±0.22 0.84±0.22 0.50±0.28 0.71±0.18 0.34±0.30 0.28±0.29

NB 0.72±0.06 0.73±0.13 0.72±0.09 0.67±0.26 0.72±0.10 0.35±0.22 0.34±0.21

4 DT 0.81±0.11 0.80±0.16 0.82±0.15 0.84±0.12 0.80±0.13 0.60±0.21 0.58±0.21

SVM 0.72±0.09 0.70±0.13 0.86±0.12 0.56±0.26 0.76±0.07 0.50±0.27 0.36±0.26

LR 0.76±0.14 0.77±0.14 0.82±0.15 0.62±0.33 0.79±0.13 0.42±0.34 0.41±0.34

KNN 0.67±0.16 0.77±0.18 0.61±0.21 0.84±0.12 0.65±0.16 0.42±0.19 0.38±0.20

NB 0.71±0.13 0.76±0.19 0.74±0.16 0.72±0.21 0.73±0.12 0.42±0.27 0.39±0.26

5 DT 0.80±0.11 0.78±0.13 0.88±0.15 0.62±0.26 0.81±0.11 0.49±0.28 0.47±0.27

SVM 0.65±0.12 0.67±0.23 0.79±0.16 0.59±0.24 0.69±0.14 0.42±0.26 0.29±0.19

LR 0.69±0.07 0.71±0.20 0.74±0.21 0.70±0.24 0.69±0.13 0.40±0.15 0.34±0.13

KNN 0.80±0.12 0.76±0.19 0.90±0.14 0.62±0.27 0.81±0.15 0.53±0.31 0.50±0.30

NB 0.72±0.11 0.71±0.16 0.81±0.21 0.64±0.20 0.73±0.15 0.42±0.18 0.38±0.18

6 DT 0.81±0.14 0.82±0.16 0.78±0.18 0.84±0.16 0.79±0.15 0.59±0.28 0.58±0.28

SVM 0.84±0.09 0.78±0.16 0.97±0.06 0.72±0.19 0.85±0.10 0.64±0.23 0.65±0.17

LR 0.84±0.08 0.82±0.16 0.88±0.11 0.80±0.16 0.84±0.11 0.66±0.16 0.63±0.17

KNN 0.86±0.12 0.83±0.19 0.92±0.16 0.81±0.19 0.86±0.16 0.70±0.25 0.67±0.25

NB 0.84±0.12 0.88±0.14 0.81±0.20 0.92±0.08 0.83±0.15 0.68±0.23 0.65±0.26

7 DT 0.81±0.12 0.88±0.16 0.76±0.19 0.90±0.14 0.79±0.14 0.64±0.23 0.60±0.25

SVM 0.90±0.10 0.86±0.17 0.93±0.15 0.89±0.12 0.89±0.14 0.71±0.24 0.76±0.23

LR 0.90±0.11 0.89±0.18 0.90±0.17 0.93±0.11 0.88±0.15 0.78±0.23 0.77±0.24

KNN 0.97±0.04 0.95±0.08 1.00±0.00 0.95±0.08 0.97±0.05 0.95±0.08 0.94±0.09

NB 0.99±0.03 0.98±0.06 1.00±0.00 0.99±0.04 0.99±0.03 0.98±0.05 0.98±0.06

8 DT 0.90±0.06 0.93±0.11 0.88±0.11 0.96±0.06 0.90±0.07 0.78±0.15 0.75±0.17

SVM 0.97±0.04 0.98±0.06 0.96±0.09 0.99±0.04 0.97±0.05 0.86±0.15 0.94±0.09

LR 0.98±0.04 0.97±0.07 1.00±0.00 0.97±0.07 0.98±0.04 0.97±0.07 0.96±0.07
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Table 3.14: Performance analysison Dataset I (eyes-closed) using FHESA method for

AD detection

FIBF Classifier Evaluation parameters

Ac Pr Sn Sp Fsr
1 MCC Ksr

KNN 0.77±0.13 0.68±0.18 1.00±0.00 0.53±0.16 0.79±0.13 0.60±0.14 0.53±0.17

NB 0.93±0.07 0.92±0.11 0.95±0.10 0.90±0.15 0.93±0.07 0.85±0.13 0.83±0.15

1 DT 0.97±0.05 0.95±0.10 0.99±0.04 0.97±0.06 0.96±0.06 0.94±0.10 0.93±0.11

SVM 0.91±0.12 0.91±0.15 0.94±0.15 0.89±0.18 0.91±0.12 0.88±0.19 0.80±0.25

LR 0.97±0.07 0.99±0.04 0.97±0.10 0.95±0.15 0.97±0.06 0.93±0.13 0.92±0.16

KNN 0.86±0.11 0.89±0.15 0.89±0.14 0.87±0.17 0.87±0.09 0.74±0.24 0.71±0.25

NB 0.86±0.10 0.79±0.19 0.90±0.20 0.78±0.30 0.83±0.17 0.66±0.31 0.63±0.31

2 DT 0.85±0.12 0.81±0.19 0.95±0.08 0.74±0.32 0.86±0.11 0.67±0.29 0.64±0.30

SVM 0.89±0.09 0.85±0.16 0.94±0.11 0.81±0.30 0.88±0.11 0.70±0.29 0.70±0.29

LR 0.87±0.08 0.85±0.16 0.90±0.13 0.81±0.30 0.86±0.10 0.68±0.27 0.66±0.27

KNN 0.82±0.11 0.88±0.15 0.74±0.19 0.94±0.07 0.79±0.15 0.66±0.18 0.63±0.21

NB 0.82±0.13 0.79±0.20 0.94±0.15 0.73±0.33 0.83±0.13 0.65±0.29 0.60±0.30

3 DT 0.78±0.14 0.76±0.15 0.85±0.21 0.73±0.28 0.78±0.15 0.54±0.35 0.51±0.34

SVM 0.87±0.11 0.85±0.16 0.90±0.17 0.80±0.31 0.86±0.12 0.61±0.33 0.67±0.30

LR 0.88±0.10 0.86±0.15 0.93±0.11 0.80±0.30 0.88±0.10 0.71±0.30 0.69±0.30

KNN 0.83±0.09 0.82±0.14 0.88±0.15 0.79±0.19 0.83±0.07 0.66±0.22 0.63±0.22

NB 0.85±0.08 0.80±0.10 0.93±0.13 0.68±0.27 0.86±0.10 0.63±0.26 0.61±0.26

4 DT 0.86±0.15 0.84±0.18 0.87±0.17 0.85±0.17 0.85±0.16 0.70±0.31 0.69±0.31

SVM 0.85±0.11 0.83±0.12 0.92±0.12 0.75±0.29 0.86±0.08 0.68±0.33 0.64±0.35

LR 0.87±0.12 0.86±0.11 0.92±0.12 0.79±0.30 0.88±0.08 0.69±0.37 0.68±0.36

KNN 0.75±0.18 0.89±0.18 0.61±0.26 0.91±0.16 0.68±0.23 0.53±0.30 0.49±0.31

NB 0.66±0.19 0.63±0.22 0.78±0.21 0.56±0.34 0.67±0.18 0.31±0.35 0.29±0.34

5 DT 0.74±0.15 0.73±0.14 0.80±0.20 0.62±0.26 0.74±0.13 0.41±0.33 0.40±0.32

SVM 0.76±0.13 0.77±0.20 0.81±0.26 0.75±0.29 0.73±0.18 0.47±0.33 0.49±0.32

LR 0.78±0.12 0.80±0.18 0.82±0.25 0.76±0.30 0.76±0.15 0.57±0.26 0.52±0.27

KNN 0.88±0.10 0.86±0.19 0.88±0.13 0.88±0.15 0.86±0.13 0.75±0.20 0.73±0.21

NB 0.88±0.09 0.88±0.15 0.92±0.12 0.81±0.30 0.89±0.09 0.72±0.28 0.70±0.29

6 DT 0.85±0.11 0.87±0.14 0.84±0.14 0.85±0.18 0.85±0.12 0.68±0.24 0.66±0.24

SVM 0.89±0.10 0.89±0.15 0.88±0.15 0.89±0.15 0.87±0.10 0.73±0.22 0.76±0.20

LR 0.82±0.09 0.83±0.18 0.81±0.13 0.86±0.15 0.81±0.10 0.66±0.18 0.63±0.19

KNN 0.89±0.12 0.80±0.19 1.00±0.00 0.83±0.19 0.88±0.12 0.81±0.18 0.79±0.22

NB 0.86±0.09 0.82±0.19 0.93±0.12 0.84±0.17 0.84±0.10 0.75±0.15 0.71±0.17

7 DT 0.87±0.13 0.85±0.16 0.88±0.13 0.87±0.18 0.86±0.13 0.73±0.25 0.71±0.26

SVM 0.91±0.07 0.83±0.15 0.98±0.05 0.88±0.11 0.89±0.09 0.78±0.21 0.82±0.14

LR 0.92±0.07 0.88±0.14 0.97±0.06 0.87±0.16 0.91±0.08 0.83±0.13 0.81±0.15

KNN 0.93±0.09 0.88±0.15 1.00±0.00 0.85±0.18 0.93±0.10 0.86±0.16 0.84±0.19

NB 0.98±0.04 0.99±0.04 0.99±0.04 0.95±0.15 0.99±0.03 0.94±0.12 0.93±0.14

8 DT 0.94±0.08 0.94±0.13 0.96±0.07 0.87±0.30 0.94±0.08 0.83±0.30 0.82±0.30

SVM 0.96±0.07 0.93±0.13 0.99±0.04 0..95±0.09 0.95±0.08 0.87±0.23 0.91±0.14

LR 0.97±0.05 0.96±0.09 0.99±0.04 0.97±0.07 0.97±0.05 0.94±0.10 0.93±0.11
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AD and HC classification with the NB classifier, with accuracy, precision, sensitivity,

specificity, F1-score, MCC, and Kappa score values of 98%, 99%, 99%, 95%, 99%,

0.94, and 0.93, respectively. The second-best results are obtained from FIBF 1 using

the DT classifier, with a classification accuracy of 97%. The overall values of preci-

sion, sensitivity, specificity, F1-score, MCC value, and Kappa score are 95%, 99%,

97%, 96%, 0.94, and 0.93, respectively. The FIBF-5 shows the lowest performance

accuracy of 66% for the NB classifier with the eyes closed EEG dataset.

Dataset II

To assess the effectiveness of the proposed FHESA method, Dataset II is also

employed. The performance is evaluated using five classifiers for AD and HC classifi-

cation. Figure 3.12 illustrates a comparative analysis of accuracy for different FIBFs

using several ML classifiers on eyes-open and eyes-closed EEG data.

(a) Eyes-open EEG data (b) Eyes-closed EEG data

Figure 3.12: Comparative analysis of accuracy for different FIBFs for AD detection

on Dataset II

On comparing the accuracies of all FIBFs, the findings indicate that FIBF 8

produced the highest average accuracies among all FIBFs. Figure 3.13 illustrates the

comparative analysis of performances among various ML classifiers using eyes-open

and eyes-closed EEG data for FIBF 8. The results of the classifiers show that the NB
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classifier gives the most accurate results for AD and HC classification, with accuracy,

precision, sensitivity, specificity, F1-score, MCC, and Kappa score values of 97%,

97%, 99%, 93%, 97%, 0.91, and 0.90 respectively on eyes-open EEG recordings

and 99%, 99%, 100%, 95%, 99%, 0.97, and 0.96 respectively on eyes-closed EEG

recordings.

(a) Eyes-open EEG data (b) Eyes-closed EEG data

Figure 3.13: Comparative analysis of performances among various ML classifiers for

AD detection using FIBF 8 (Dataset-II)

The performance analysis indicates that the proposed FHESA approach is adaptable

since it does not negatively affect the accuracies when applied to two distinct datasets.

The FIBF 8 provides adequate results for AD and HC classification in both datasets.

3.3.4.3 Analyzing the Different Brain Regions and EEG Electrodes

The EEG acquisition system comprises many electrodes located on the scalp.

The human brain is divided into different lobes. The frontal lobe (responsible for

problem-solving, planning, thinking, judgment, and motor functions), the parietal lobe

(manages sensation, handwriting, and body position), the occipital lobe (contains the

brain’s visual processing system), and the temporal lobe (involved with memory and

hearing). The unusual changes observed in these lobes may provide valuable insights

into brain structure. Therefore, individually, the specific brain region analyses are

carried out for the frontal, central, occipital, parietal, and temporal regions. Table 3.15
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illustrates the performance report for lobe-wise closed-eyes EEG data. The results

depict that the temporal lobe electrodes provide an accuracy of 97% and the precision,

sensitivity, specificity, F1-score, MCC, and Kappa score for ten-fold cross-validation

99%, 95%, 95%, 96%, 0.92, and 0.91, respectively.

Table 3.15: Performance analysis of different brain regions for AD detection.

Brain Region Electrodes Evaluation parameters

Ac Pr Sn Sp Fsr
1 MCC Ksr

Temporal T3, T4, T5, T6 0.97±0.05 0.99±0.04 0.95±0.11 0.95±0.15 0.96±0.07 0.92±0.12 0.91±0.14

Frontal Fp1, Fp2, F3,

F4, F7, F8

0.91±0.09 0.89±0.16 0.94±0.12 0.88±0.18 0.90±0.11 0.83±0.16 0.80±0.19

Parital P3, P4, Pz 0.94±0.08 0.94±0.13 0.95±0.10 0.87±0.30 0.93±0.09 0.82±0.30 0.81±0.30

Occipital O1, O2 0.92±0.10 0.91±0.16 0.95±0.10 0.84±0.31 0.92±0.11 0.79±00.30 0.77±0.31

Central C3, C4, Cz 0.88±0.13 0.89±0.16 0.94±0.13 0.79±0.32 0.90±0.12 0.72±0.34 0.69±0.35

To identify which channel provides distinguishable information for AD detection.

The impact of each channel is analyzed. Figure 3.14 depicts the varied performance

of each channel for eyes-open and eyes-closed EEG data. Results demonstrate that,

in both scenarios, the proposed FHESA model obtained the maximum classification

accuracy by channel T5, scoring 93% for the eyes-open dataset and 95% accuracy

for the eyes-closed dataset. The T5 electrode is situated in the temporal region. The

analysis performed on different channels and different brain region electrodes confirms

the importance of highly contributing channels. To obtain a better understanding

of the brain regions involved in the identification of AD, topographic maps are

generated. Figure 3.15 illustrates the topographic maps presenting the accuracy of

various channels. Experimental results obtained for distinct datasets show that the

proposed FHESA methodology is consistent and accurate for AD detection.

3.3.4.4 Statistical Analysis

To confirm the statistical significance of our model’s performance, we performed

some hypothesis tests. The ANOVA and Friedman tests are used to identify changes
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Figure 3.14: Channel-wise performance obtained for AD detection

(a) Eyes-open EEG data (b) Eyes-closed EEG data

Figure 3.15: Topographic map obtained for the EEG channels

in classification accuracy between models. The ANOVA test is primarily used to see if

there are statistically significant differences in the means of three or more independent

groups, and the Friedman test, a non-parametric alternative to ANOVA, is useful for

analyzing more than two related groups. We used ANOVA and the Friedman test to

compare the accuracy score of five models: KNN, NB, DT, SVM, and LR. For the

eyes-open dataset, the ANOVA test yielded an F-statistic of 4.830 and a p-value of

0.003, with a large effect size of η2 = 0.300, indicating substantial group differences.

The corresponding Friedman test supported this result with a chi-square statistic

of 11.556 and a p-value of 0.021. Similarly, for the eyes-closed dataset, ANOVA
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produced an F-statistic of 2.627 and a p-value of 0.047, and the Friedman test yielded

a chi-square value of 11.926 and a p-value of 0.018 with an effect size of η2 = 0.189,

suggesting a moderate effect, indicating statistically significant differences in model

accuracies. These findings are consistent across both parametric and non-parametric

methods, reinforcing the robustness of the observed performance differences among

models.

3.3.5 Discussion

The FHESA method is introduced to detect AD using EEG signals. The influence

of various channels and analysis of brain areas across various lobes are conducted to

identify significant regions affected by AD. Two different datasets comprising EEG

recordings were used in this work. The FDM is employed to decompose the EEG

recordings into a group of FIBFs. Thereafter, significant features are extracted using

the HT method and applied as inputs to various ML classifiers for the classification of

AD and HC.

The FHESA method is contrasted with the existing state-of-the-art approaches

employing the EEG dataset. Table 3.16 illustrates the performance comparison of

the FHESA method with existing state-of-the-art techniques using EEG signals for

AD detection. The features from the EEG signal were directly extracted in [137, 202].

Biagetti et al. [137] employed a Robust Principal Component Analysis (R-PCA)

method for extracting significant features from 13 participants’ EEG recordings for

AD and HC classifications. Four different ML classifiers were used to classify these

features. The Gaussian SVM attained a maximum accuracy of 93.18% for AD clas-

sification. As EEG signals are highly non-stationary, the system’s performance is

limited by the analysis of features derived directly from EEG. Different decomposi-

tion techniques: EMD, DWT, VMD, TQWT , and wavelet transform were applied to

identify representative and hidden qualities in order to achieve the required perfor-

mance [51–53, 56–59]. Oltu et al. [51] utilized DWT to extract EEG into different

sub-bands and then used Burg’s approach to evaluate Power Spectral Density (PSD)

and coherence across each sub-band. Descriptive statistics, such as the sum and
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variance, are used as input features. They tested this approach on 35 subjects using

the bagged trees classifier and attained 96.5% accuracy. Puri et al. [57] extracted nine

IMFs from each EEG wave using EMD. From these IMFs, ten distinct features were

extracted. The LS-SVM classifier was trained and tested using these features and

obtained a maximum classification accuracy of 92.9% for IMF-4 employing ten-fold

cross-validation.

Table 3.16: Performance comparison of the FHESA method with existing state-of-the-

art techniques using EEG signals for AD detection

Author Year Method Classifier Evaluation parameters

Ac

(%)

Sn

(%)

Sp

(%)

Pr

(%)

Fsr
1

(%)

Biagetti et al. [137] 2021 R-PCA Gaussian

SVM

93.18 - - - -

Oltu et al. [51] 2021 DWT+PSD+Coherenc Bagged

trees

96.5 96.21 97.96 - -

Safi and Safi [52] 2021 DWT+Hjorth parameters KNN 97.64 95.40 98.81 - -

Sharma et al. [53] 2021 Wavelet transform SVM 87.59 - - - -

Perez-Valero [202] 2022 Self driven analysis

pipeline

MLP 95 - - - 88

Cura et al. [54] 2022 STFT SVM 92 - - - -

Fouladi et al. [55] 2022 CWT Modified

CNN

92.7 91.26 - 70.48 79.57

Araujo et al. [136] 2022 Discrete wavelet packet

transform

SVM 81 - - - -

Puri et al. [56] 2022 TQWT+non linear

features

EBT 96.20 90.49 97.50 - -

Puri et al. [57] 2022 EMD+Hjorth Parameters LS-SVM 92.90 94.32 94.34 94.33 94.32

Alves et al. [183] 2022 Matrix of connection CNN 92 83 - 100 -

Fouad et al. [58] 2023 Wavelet transform+

statistical parameters

Naive Bayes 96.55 94.54 96.29 98.11 -

Xia et al. [184] 2023 Overlapping sliding

windows

DPCNN 97.66 98 - - 97.83

Imani [242] 2023 LMCN ANN 98 100 87 100 98

Goker [243] 2023 Multitaper method Logit Boost 93.04 92.75 93.33 93.43 93.09

Miltiadous [185] 2023 Band power and

Coherence features

Dual input

convo-

lutional

encoder

83.28 78.81 87.94 - 84.12

Nour et al. [186] 2024 Deep ensemble learning 2D-CNN 97 96 - 96 98

Aslan [59] 2024 VMD+statistical features Rotation

Forest

98.42 98 - 98 98
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Author Year Method Classifier Evaluation parameters

Classifier Ac

(%)

Sn

(%)

Sp

(%)

Pr

(%)

Fsr
1

(%)

Kachare et al. [187] 2024 - Lightweight

CNN

98.50 100 97.55 - -

Khosravi et al. [60] 2024 DWT+STFT BiLSTM 96.52 - - - -

Rezaee and Zhu [61] 2025 DWT+STFT CascadeNet 98.84 98.76 - 98.67 98.71

Jain et al. [244] 2025 Synchrosqueezing InceptionV3 98.50 94.59 81.02 94.73 79.12

Proposed 2025 FHESA NB 99 100 99 98 99

FHESA NB 98 99 95 99 99

FHESA NB 97 97 99 93 97

FHESA NB 99 99 100 95 99

- Not reported

Safi and Safi [52] used several signal decomposition techniques, such as DWT

and EMD, for decomposing EEG signals. Specific characteristics, like variance,

kurtosis, skewness, Shannon entropy, and Hjorth parameters, were then retrieved

from the decomposed signals. The accuracy of AD identification from EEG signals

was improved by DWT in conjunction with the Hjorth parameters and attained an

accuracy of 97.64%. Aslan et al. [59] employed VMD and extracted statistical features

from decomposed signals and achieved 98.42% classification accuracy. Compared

to traditional signal processing techniques, the decomposition approaches may be

more advantageous when handling non-stationary EEG signals. Time-frequency

analysis techniques STFT, SynchroSqueezing Transform (SST), and CWT employed

in [54, 55]. Cura et al. [54] employed time-frequency representation (TFR) and deep

feature extraction-based models for AD detection. High-resolution SST and STFT

were used to obtain the TFR of EEG segments. To extract deep features, the SST

and STFT magnitudes were utilized. For AD classification, the STFT-based deep

feature extraction strategy produced superior classification results compared to the

SST method.

Numerous studies have been conducted to identify AD through the analysis of

EEG signals utilizing deep learning techniques [183–186, 242]. Xia et al. [184]

employed a deep pyramid CNN to diagnose AD. Sliding window augmentation of

the 1-D EEG data was used to overcome the problem of restricted data size. Imani
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et al. [242] detected AD by combining CNN and bidirectional LSTM, known as the

LMCN fusing framework. CNN was used to explore the relationships between EEG

signals and LSTM networks to analyze temporal sequences. A fully connected neural

network was then utilized to integrate the regional and temporal data. The LMCN

framework provided 98% accuracy for AD detection. Miltiadous [185] deployed a

dual-input convolution encoder network (DICE-Net) for AD detection. The band

power and coherence features derived from the EEG signal were taken out and fed into

the DICE-net. The DICE-Net contains a feed-forward layer, a transformer encoder,

and convolution layers. Using LOSO validation, DICE-net obtained an accuracy

of 83.28% for AD detection. Kachare et al. [187] developed a lightweight CNN

model to distinguish the EEG signal of AD and HC and obtain 98.50% classification

accuracy. In [60, 61, 244], 1D EEG data were converted into 2D time-frequency

representations by STFT and Synchrosqueezing transform. After being translated

into 2D representations, CascadNet and InceptionV3 were used to distinguish the 2D

representation into AD and HC class. Nour et al. [186] classified AD using a 2-D CNN

and deep ensemble learning (DEL) approach. Using five-fold cross-validation, the

integrated system provided an average accuracy of 97.9% for AD detection. Although

DL methods attained improved accuracy, their real-time applications are limited

since they need a larger amount of data and take a longer time to train. Table 3.16

indicates that, in terms of accuracy, precision, sensitivity, specificity, and F-1 score,

the proposed FHESA method performed more accurately in the AD classification.

The proposed FHESA method has the following benefits: it is accurate (obtained

the greatest classification accuracy), stable (provides the same performance with

different datasets), resilient (tested using ten-fold cross-validation on two datasets),

and effective.

3.4 Summary

This chapter presents three studies aimed at enhancing the accuracy and efficiency

by employing robust feature selection techniques for brain disease detection.

✓ The first study investigates the use of EEG signals for early detection of PD,
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where statistical and Hjorth features are extracted, and the Kruskal–Wallis

test with an extra tree classifier is used for selecting the most discriminative

attributes. Various machine learning classifiers are evaluated, achieving a

maximum accuracy of 98% using the decision tree model.

✓ The second study explores a speech-based approach for PD detection, propos-

ing a two-stage stacked ensemble model that integrates K-Nearest Neighbor,

Decision Tree, and Naïve Bayes classifiers. Feature selection using the extra

tree method and data balancing via SMOTE leads to an improved detection

accuracy of 98.31%, outperforming traditional single-model approaches.

✓ The third study extends the optimization framework to Alzheimer’s Disease

detection using EEG signals. A Fourier Decomposition Method and Hilbert

Transform-based EEG Signal Analysis (FHESA) technique is introduced to

extract non-linear and non-stationary features from EEG data. The proposed

method achieves 98% and 99% accuracy on two independent datasets, demon-

strating its robustness and generalization capability.
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Chapter 4

Design and Analysis of an Algorithm for the

Classification of Neurological Disorders

This chapter presents a computational framework for the identification and classifi-

cation of neurological disorders, specifically on AD and FTD. To address diagnos-

tic challenges arising from overlapping clinical phenotypes, a wavelet scattering

transform-based deep learning framework (WavDemNet) is proposed. The frame-

work employs wavelet scattering transform (WST) to extract noise-robust, multi-scale

time–frequency features, which are subsequently processed by a 1-D convolutional

neural network (CNN) for discriminative pattern learning and precise classification.

4.1 WavDemNet: Wavelet Scattering Transform-based
Dementia Identification and Classification Network.

4.1.1 Introduction

Dementia is a broader term that describes a set of symptoms characterized by

a significant decline in cognitive abilities, such as memory, reasoning, problem-

solving, communication skills, etc. AD and FTD are the two most prevalent forms of

neurodegenerative dementia, each posing unique challenges for patients, caregivers,

and the medical community. Although diagnostic criteria for both conditions are

well-established, achieving an early and accurate diagnosis remains difficult due to

overlapping clinical symptoms, particularly in the initial stages [245]. For instance,

both AD and FTD may manifest as memory impairments, changes in behavior, or
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difficulty with language, making it challenging to distinguish between them without

advanced diagnostic tools. The lack of a cure for either condition is a reflection of the

incomplete understanding of their underlying pathological mechanisms [246].

FTD is the third most frequent form of dementia in all age groups, following AD

and Lewy body dementia [247]. AD is mainly associated with the accumulation

of amyloid-beta plaques and tau tangles in the brain. Whereas, FTD involves the

degeneration of the frontal and temporal lobes, often linked to abnormal deposits

of proteins such as TDP-43 or tau. Despite these distinctions, early similarities in

clinical presentation often lead to misdiagnosis, delayed treatment, and inappropriate

management strategies. These challenges not only hinder the potential for timely

interventions but also exacerbate the psychological stress and financial burden on

patients and their families [248].

4.1.2 Proposed Methodology

This work proposes a hybrid framework that leverages WST for invariant and multi-

scale feature extraction, and deep learning for classification, to enhance robustness

and discriminative performance in dementia detection and classification. Figure 4.1

illustrates the block diagram of the proposed WavDemNet for dementia identification

and classification.

4.1.2.1 Data Acquisition and Pre-processing

The EEG data used in this work is obtained from the OpenNeuro repository [249].

It includes EEG recordings from 88 participants: 36 with AD, 23 with FTD, and 29

HCs. Nineteen scalp electrodes were employed according to the International 10–20

standard system. The recordings were collected according to the established clinical

protocols. Participants were seated with their eyes closed to maintain a calm and

stable state conducive to accurate data collection. The EEG signals were captured at

a sampling rate of 500 Hz, with a resolution of 10 µV/mm. The average recording

time for the AD group was approximately 13.5 minutes, 12 minutes for the FTD, and

13.8 minutes for the HC. This data is publicly available, and its detailed information
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Figure 4.1: Block diagram of the proposed WavDemNet for dementia identification

and classification

can be found in [250]. To pre-process the data, the EEG signals were filtered using

a Bandpass filter at frequencies ranging from 0.5 to 45 Hz. The artifact subspace

reconstruction approach was used to eliminate transitory or high-magnitude artifacts.

Independent component analysis was used to eliminate muscle, jaw, and eye-blink

artifacts. Table 4.1 presents an extensive overview of the data.

Table 4.1: Overview of OpenNeuro EEG data

Class AD FTD HC

Total subjects 36 23 29

Male 12 14 18

Female 24 9 11

Age 66.4±7.9 63.6±8.2 67.9±5.4

MMSE score 17.75±4.5 22.17±8.22 30±0

4.1.2.2 Wavelet Scattering Transform

WST is a wavelet-based technique that produces stable, accurate, and translation-

invariant signals, making it appropriate for extracting the features from non-stationary
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data. WST uses wavelet functions and a low-pass scaling function to obtain a low-

variance representation of real-valued data [251]. WST decomposes the input signal

into consecutive layers in a hierarchical tree structure, with the output from each

layer serving as the input for the next. Each layer performs three core operations:

convolution with complex wavelets, a non-linear modulus operation, and average

pooling using a scaling function.

Let f (t) represent the signal to be analyzed. The scattering transform computes a

series of coefficients by iteratively applying the following three operations:

• Convolution with a complex wavelet ψλ (t), which captures localized frequency

content.

• Modulus non-linearity |.|, which removes phase information while preserving

energy and stability.

• Low-pass filtering with a scaling function φ(t), which introduces local transla-

tion invariance by averaging.

The zeroth-order scattering coefficient is computed by convolving the signal with

the scaling function as,

SL0 = f (t)∗φ(t) (4.1)

Convolution can extract low-frequency features from signals, but it also results in the

loss of high-frequency information. The high-frequency components in the signal

can be extracted via the wavelet modulus. Subsequently convolution with complex

wavelets ψλ yields the first-order wavelet modulus coefficients WM1 .

WM1 =
∣∣∣ f (t)∗ψλ1,i

∣∣∣ (4.2)

In order to determine the first-order wavelet scattering coefficient, the first-order

wavelet modulus coefficients are averaged using scaling functions φ(t) as,

SL1 =
∣∣∣ f (t)∗ψλ1,i

∣∣∣∗φ(t) =WM1 ∗φ(t) (4.3)

The second-order coefficients recover information lost during the averaging step of

the first-order by capturing interactions between frequency components at different
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scales.

WM2 =
∣∣∣∣∣∣ f (t)∗ψλ1,i

∣∣∣∗ψλ2,i

∣∣∣ (4.4)

So, the second-order wavelet scattering coefficients are represented as,

SL2 =
∣∣∣∣∣∣ f (t)∗ψλ1,i

∣∣∣∗ψλ2,i

∣∣∣∗φ(t) =WM2 ∗φ(t) (4.5)

As the scattering order increases, the energy of the coefficients decreases rapidly,

reaching less than 1% by the third order [251]. Thus, in this work, we utilized a

second-order scattering network. For the second-order WST network, the quality

factor, Q1, was adjusted to 8, and Q2 was 1 wavelets per octave.

4.1.2.3 Dementia Identification and Classification Network

The proposed WavDemNet structure in this work combines WST and 1-D CNN

to effectively extract robust and discriminative features from the EEG signal for

dementia identification and classification. A 1-D CNN designed for efficient disease

classification using extracted scattering coefficients as input. The WST is a mathemat-

ically grounded feature extractor that captures both spectral and temporal information

from time-series signals, providing translation-invariant and stable representations.

These features are used in place of raw signals to enhance model performance and

reduce training complexity. The neural network architecture begins with a standard

convolutional block followed by batch normalization and max pooling, effectively re-

ducing feature dimensionality while preserving important patterns. The model further

includes three progressively deeper convolutional blocks with increased filter sizes to

capture more abstract representations. A dropout layer was incorporated after each

convolutional block to improve generalization and mitigate overfitting. Following

these layers, the output is flattened and passed through two fully connected layers

with L2 regularization and dropout. To predict class probabilities sigmoid activation

function was applied at the output layer as shown in Figure 4.2. The WavDemNet

requires less memory overhead and computational demand, which helps to ensure

efficient execution during training.
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Figure 4.2: Architecture of the proposed WavDemNet for dementia identification and

classification

4.1.2.4 Network Parameter Optimization

Adam optimizer was used for model training, with an initial learning rate (lr) of

10−4. A batch size of 64 was used over a training window of up to 80 epochs. To

prevent overfitting and encourage efficient convergence, two adaptive callbacks were

implemented: EarlyStopping, with a patience of 10 epochs and restoration of best

weights, and ReduceLROnPlateau, which reduced the lr by a factor of 0.5 after 5

stagnant validation epochs. Input features were derived from the WST, enhancing

robustness and reducing training complexity. To evaluate generalization performance,

5-fold stratified cross-validation was applied to preserve class proportions across all

folds. The algorithm for the proposed WavDemNet for dementia identification and

classification is presented as Algorithm 1.

4.1.3 Results

The proposed work intends to develop an accurate model for automatic identi-

fication and classification of dementia by analyzing EEG signals. To analyze the
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Algorithm 1 Dementia Identification and Classification Using Proposed WavDemNet
Require: EEG signals

Ensure: Classification of EEG signals [AD or FTD]

1: Step 1: Preprocessing

2: Load EEG signal

3: Read an EEG channel

4: Segment EEG into non-overlapping windows f1, f2, . . . , fN

5: Step 2: Feature Extraction using WST

6: for each EEG segment fi do

7: Initialize wavelet scattering parameters

(Fs, Q, scale)

8: Compute zeroth-order coefficient:

SL0 = f (t)∗φ(t)

9: Compute first-order coefficient:

SL1 = | f (t)∗ψλ1,i | ∗φ(t)

10: Compute second-order coefficient:

SL2 = || f (t)∗ψλ1,i | ∗ψλ2,i | ∗φ(t)

11: Concatenate scattering coefficients:

SL = (SL0,SL1,SL2)

12: end for

13: Step 3: Classification using 1D CNN

14: Form X ∈ RN×D from all SL

15: Reshape X to N ×D×1

16: for each fold i = 1 to 5 do

17: Split X ,Y into training and test sets

18: Define and compile 1-D CNN model

19: Train on training set

20: Predict on test set

21: Evaluate performance

22: end for

23: return Average classification performance over folds

signals, a 5-minute segment was chosen for each participant, as the smallest recording

time was 5.1 minutes. The data was divided into 50-second epochs for a total of six

epochs per subject. Each epoch had 25,000 samples, with a sampling rate of 500

Hz. The epochs were then processed through a wavelet scattering network, with

each epoch producing a feature matrix. The features were then applied to the CNN

model for optimal results. The model’s performance is evaluated by a 5-fold stratified

cross-validation approach, ensuring equal distribution of classes across all folds. The

effectiveness of the proposed WavDemNet is evaluated using evaluation parameters

like accuracy, sensitivity, precision, and F-1 score.
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The EEG signal processing was done in two steps, for the identification and

classification of neurological activity. In the first stage, the model performed binary

classification to differentiate between EEG signals from healthy and dementia patients.

This stage acted as an initial screening method to identify signals that may indicate

unusual brain activity. The model demonstrated robust performance, achieving an

average accuracy of 89.37%, along with a precision of 89.26%, a sensitivity of

95.65%, and an F1-score of 92.35%. The second stage focused exclusively on

dementia classification. The subset of signals identified as demented underwent

further diagnostic refinement, wherein the model classified them into AD and FTD

categories. This stage offered more detailed characterization of pathological EEG

activity and yielded strong results: an accuracy of 88.96%, precision of 88.38%,

sensitivity of 94.30%, and an F1-score of 91.24%. Figure 4.3 presents the confusion

matrix for Demented vs HC and AD vs FTD classes. The matrix demonstrated how

effectively the proposed WavDemNet distinguished demented and HC as well as AD

and FTD groups.

(a) (b)

Figure 4.3: Confusion matrix for (a) Dementia identification, (b) Dementia classifica-

tion

In addition to diagnosing and classifying dementia, we evaluated the proposed

WavDemNet performance by expanding its use to other diagnostic classification tasks.

We specifically tested its ability to discriminate persons with AD from HC, as well as
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those with FTD from HC. These additional evaluations were conducted to illustrate

the generalizability and robustness of our method. Table 4.2 presents the classification

performance of the proposed WavDemNet across different diagnostic groups.

Table 4.2: Experimental results of the proposed WavDemNet for different diagnostic

groups

Evaluation parameters Diagnostic Groups

AD vs HC FTD vs HC AD vs FTD Dementia vs HC

Ac (%) 88.33±0.25 88.99±0.06 88.96±0.12 89.37±0.20

Sn (%) 86.81±0.77 82.04±0.25 94.30±0.25 95.65±0.58

Pr (%) 91.68±0.70 92.21±0.16 88.38±0.13 89.27±0.57

Fsr
1 (%) 89.17±0.25 86.83±0.09 91.24±0.10 92.35±0.11

Furthermore, to validate the proposed WavDemNet’s effectiveness, a comparison

with many well-established classical ML techniques was performed. Figure 4.4

depicts a comparative analysis of identification performance between the proposed

WavDemNet and three baseline ML models: NB, KNN, and RF. With an accuracy of

84.4%, Random Forest outperformed KNN (84.03%) and NB (48.96%).

Figure 4.5 presents the classification performance comparison between the pro-

posed WavDemNet and three conventional classifiers: NB, KNN, and RF for dementia

classification. Among the baseline models, RF delivered the highest performance

with an Accuracy of 83.90%, followed by KNN (83.51%) and NB (53.82%). The

results of this comparison indicate the higher performance of WavDemNet across key

evaluation measures for dementia identification and classification.

4.1.4 Discussion

Accurate identification and classification of dementia is essential for effective

treatment, individualized care, and informed support. An inaccurate diagnosis can

lead to inefficient or hazardous therapies, inappropriate care plans, and significant
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Figure 4.4: Performance comparison of WavDemNet with baseline ML models for

dementia identification

Figure 4.5: Performance comparison of WavDemNet with baseline ML models for

dementia classification

emotional and financial stress for patients and their caregivers. EEG signals demon-

strate enormous potential for enhancing early identification and categorization of

dementia. In this work, WST is employed to extract robust and informative scattering

coefficients from EEG signals. These coefficients effectively capture the multiscale

temporal and frequency characteristics of the signals. These coefficients serve as input
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Table 4.3: The performance comparison of the proposed WavDemNet with existing

state-of-the-art methods on the OpenNeuro dataset

Year Author Methodology Task Evaluation parameters

Ac

(%)

Sn

(%)

Pr

(%)

Fsr
1

(%)

2025 Stefanou et al. [196] FFT Spectrogram + CNN Dementia vs HC 80.69 84.31 84.31 83.18

AD vs HC 79.45 76.06 77.32 77.60

FTD vs HC 72.85 67.94 71.33 67.85

2024 Zheng et al. [140] Multi-threshold recurrence

rate plot+SVM

Dementia vs HC 86.36 93.22 - -

AD vs FTD 72.88 94.44 - -

AD vs HC 87.69 97.22 - -

FTD vs HC 82.69 73.91 - -

2023 Si et al. [252] Frequency-based multi-

layer network + GNB

AD vs FTD 81.1 81 71.2 78.9

2023 Mootoo et al. [141] Graph feature extraction +

SVM

Dementia vs HC 85 - - -

2023 Miltiadous et al. [185] DICE-net AD vs HC 83.28 78.81 - 84.21

FTD vs HC 74.96 60.62 64.01 62.27

2023 Chen et al. [217] Dual-branch network

(CNN+visual transformer)

AD vs FTD 79.81 - -

AD vs HC 87.33 84.56 - -

FTD vs HC 82.98 81.66 - -

Proposed WavDemNet Dementia vs HC 89.37 95.65 89.26 92.35

AD vs FTD 88.96 94.30 88.38 91.24

AD vs HC 88.33 86.81 91.67 89.17

FTD vs HC 88.99 82.04 92.21 86.83

- Not reported
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features to a CNN, which is then trained to identify and distinguish dementia.

Numerous methods have been developed for identifying dementia. Table 4.3

presents a comparative analysis of the proposed WavDemNet with existing approaches

described in the literature on the same data. Stefanou et al. [196] used FFT to obtain the

spectrogram of EEG signals. The CNN model was used to extract relevant information

from these spectrograms to identify dementia and obtained 80.69% accuracy. The

features from the EEG signal were directly extracted in [140, 141, 252]. As EEG

signals are highly non-stationary, the system’s performance is limited by the analysis

of features derived directly from the EEG. Miltiadous et al. [185] extracted band

power and coherence features from the EEG signal. These features were used to train

a dual-input CNN encoder (DICE-Net) for classification. Chen et al. [217] employed

a dual-branch network using a CNN and a visual transformer (VIT) to extract texture

features and global semantic information from EEG signals, respectively, and attained

81.56% classification accuracy for AD and FTD classification. However, due to

their complexity and processing demands, these models are generally ineffective

in practical applications. The WavDemNet employed in this work overcomes the

constraints of EEG-based analysis by combining the advantages of wavelet-based

feature extraction with a fixed, hierarchical architecture. This architecture allows for

the extraction of robust, multi-resolution features while significantly reducing model

complexity and processing demands. These scattering coefficients are then sent into

the CNN, which does deep feature learning and classification, taking advantage of its

capacity to model nonlinear and spatial-temporal correlations in data. It is evident

from the comparison table that our proposed WavDemNet outperforms the other

methods in terms of recognition accuracy, not only for the identification of dementia

but also for dementia classification.

4.2 Summary

In this chapter, a robust and end-to-end approach for dementia identification and

classification using WavDemNet is presented. The proposed WavDemNet framework

integrates WST and CNN. WST extracts discriminative signal features from EEG data,
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capturing stable, translation-invariant representations across several time-frequency

scales. These features efficiently represent the modest neurological abnormalities

found in AD and FTD. A 1D-CNN architecture was then used to learn high-level

abstractions from these features, allowing for robust classification by detecting distinct

neurophysiological patterns specific to each condition. The proposed WavDemNet

attained 89.45% accuracy for dementia identification and 88.40% for AD and FTD

classification on the OpenNeuro dataset. Furthermore, a comparison of the WavDem-

Net architecture with state-of-the-art approaches was performed, which demonstrated

its effectiveness and reliability in EEG-based dementia classification. .
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Chapter 5

Development of an Automated Algorithm for

Early Diagnosis of Brain Diseases

In this chapter, an automated algorithmic framework is developed for the early

diagnosis of PD through two complementary studies. The first study introduces a

speech-based diagnostic framework that employs the Superlet Transform (SLT) to

convert one-dimensional speech signals into two-dimensional spectrograms, which

are then analyzed using deep neural network architectures for accurate PD detection.

The second study extends this approach to gait-based analysis, proposing a super-

resolution time–frequency framework for the detection and evaluation of PD severity.

5.1 High-Resolution Superlet Transform based Tech-
niques for Parkinson’s Disease Detection using Speech
Signal

5.1.1 Introduction

According to studies, early symptoms of PD in 90% of patients include vocal

cord damage [253]. These vocal impairments occur initially in PD. There is reduced

loudness, vocal tremor, and breathiness in PD patients while speaking. The speech

symptoms in PD patients are depicted as dysarthria. Dysarthria is a speech disorder

for which the lack of muscle control is the primary cause, and it occurs when the parts

of the brain that control speaking abilities become inactive. Hypokinetic dysarthria oc-

curs due to damage in the basal ganglia [254]. People with PD suffer from phonatory
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impairment, prosodic impairment, and articulatory impairment. Phonatory impair-

ment refers to the reduction in vocal loudness, prosodic impairment implies pause

abnormalities, syllabic stress, and monopitch, while articulatory impairment signifies

speech disfluency. In this work, we have proposed a time-frequency spectrogram

image-based framework for PD detection using speech signals. Time-frequency do-

main analysis combines frequency and time information to show how the spectral

content of signals varies over time.

5.1.2 Proposed Methodology

The proposed work aims to develop an automated algorithm for early diagnosis

of PD using speech signals. The proposed framework utilizes SLT and DNN for PD

detection. Figure 5.1 depicts the framework for PD detection using speech signals.

Figure 5.1: Block Diagram of PD detection framework using speech signals
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5.1.2.1 Dataset Description

Dataset 1: The PC-GITA dataset [41] contains voice recordings of HC and PD

patients. This dataset includes different words, vowels, reading texts, sentences, and

monologues. The PC-GITA dataset comprises 100 Spanish native speakers, where 50

speakers were healthy, and the rest 50 speakers were PD patients. HC and PD patients

include 25 males and 25 females. For evaluation purposes, three speech task aspects,

namely phonation, articulation, and prosody, were analyzed.

1. Phonation can be defined as the production and utterance of speech sounds.

For its analysis, three repetitions of five Spanish vowels were used, and these

vowels were uttered by changing the tone of each vowel from low to high.

2. Articulation is the formation of comprehensible and well-defined sounds in

speech. Its evaluation is done using three repetitions of five vowels uttered in a

sustainable manner and a rapid repetition of a set of different words.

3. Prosody refers to the pattern of stress and intonation in a language. For its

evaluation, different tasks such as repetition of complex sentences, simple

sentences, spontaneous speech, and reading dialogue were performed.

The speech recordings were taken in a noise-controlled environment, and the

sampling frequency was 44.1 kHz with 16-bit resolution. A detailed description of

the PC-GITA dataset is reported in Table 5.1.

Table 5.1: PC-GITA dataset description

Data PD HC Gender

Sustainable Vowels (/a/, /e/, /i/, /o/, /u/) 150 150 75M, 75F

Modulated Vowels (/a/, /e/, /i/, /o/, /u/) 50 50 50M, 50F

DDK analysis (/petaka/, /ta/, /ka/) 50 50 50M, 50F

Words (/apto/, /globo/, /petaka/) 50 50 50M, 50F

Dataset 2: The ItalianPVS dataset [255] contains voice recordings from 22 HC and

28 PD patients. Each recording session took place in a controlled environment at a 16

kHz sampling frequency. All the subjects completed the following reading tasks while
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recording: two phonations of each vowel /a/, /e/, /i/, /o/, /u/, syllable /pa/ and /ka/, two

readings of a phonetically balanced text, and two readings of phonetically balanced

words and phrases. A detailed description of the ItalianPVS dataset is reported in

Table 5.2.

Table 5.2: ItalianPVS dataset description

PD HC

Number of subjects 28 22

Male 19 10

Female 9 12

Age 40-80 years 60-70 years

5.1.2.2 Superlet Transform

Superlet (SL) uses a set of wavelets with increased bandwidth and combines geo-

metrics to obtain an excellent temporal resolution of wavelength and attain frequency

resolution in the high-frequency range [256]. The STFT performs a time-frequency

analysis of the signal and is applied for obtaining the representations that procure time

as well as the frequency content of the signal. As a result of Heisenberg’s uncertainty

principle, the output of temporal and frequency resolution is uniform, so the features

generated by STFT cannot attain an immediate localization of both frequency and

time. As STFT uses a fixed window length and basis function, it cannot capture

events with different durations. The CWT tries to eliminate or reduce the limita-

tions of STFT and provides better temporal resolution at greater frequencies, while

an alleviation in frequency resolution can be noticed. Hence, the Discrete Wavelet

Transform (DWT) was used, in which the frequencies were represented as a power

of two. STFT and CWT both come with a few constraints. The STFT caters to good

frequency resolution yet lacks relative temporal resolutions at higher frequencies, and

the CWT provides good relative temporal resolution in the entire spectrum, but the

frequency resolution deteriorates with an increase in frequency. The SLT furnishes

a novel spectral estimation that provides the transient oscillation state of the signals

and caters to a TF spectrogram, having a high resolution in temporal and frequency
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localizations as compared to STFT and CWT.

SL uses various wavelets to obtain a better TF resolution. Wavelets having mini-

mum cycles deliver a good temporal and degraded frequency resolution, while the

wavelets having maximum cycles deliver good frequency resolution but degraded

temporal resolution. SLT blends both suitable frequency resolutions and good tempo-

ral resolutions to provide a super-resolution. The SLT has been utilized for different

biomedical signal processing applications, like cardiac arrhythmia detection, heart

rate estimation, and seizure detection [257–260] and electrical signal processing like

power system fault recognition [261].

The SLT utilizes Morlet as a mother wavelet, which symbolizes a multi-resolution

spectro-temporal representation. The Morlet wavelet is one of the most complex

wavelets as given in Eq. (5.1),

φ(t) =
(

e− j f0t − e
− f 2

0
2

)
e
−t2

2 (5.1)

Here, f0 is the central frequency of the mother wavelet. The Morlet wavelet deals

with a form quite like the Gabor transform. The imperative disparity that both hold

is that in Morlet, the window function can be scaled by the scaling parameter. On

the other hand, the size is already fixed for the window in the Gabor transform. The

modified Morlet applied in SL is defined in Eq. (5.2) as,

Ψ f0,n(t) =
1

Bn
√

2Π
e
−t2

2B2n e j2Π f0t (5.2)

Bn is the displacement parameter that regulates the time variance of the wavelet,

described in Eq. (5.3),

Bn =
n

D× f0
(5.3)

It is inversely proportional to the frequency, i.e., a smaller value of Bn provides a

broader frequency response, and a larger value will provide a narrower frequency

response. So, the value of Bn is adjusted in such a way that the wave covers complete

cycles (n) within the standard deviation (D) of the Gaussian envelope [256].

SL uses various wavelets with f0 to provide a better TF representation. The
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mathematical representation of SL is given in Eq. (5.4),

SL f0,w = {Ψ f0,n|n = n1,n2,...........,nw} (5.4)

Here, w is the order of SL, which portrays the wavelets used in SL. While n1, n2,· · · ,

nw represent the number of cycles for each wavelet in the SL. The selection of the

number of cycles in wavelets in SL can be done additively or multiplicatively. In this

work, the multiplicity is used to select the number of cycles as given in Eq. (5.5)

ni = n× i (5.5)

Here, i = 1,2,3, · · · ,w. Eq. (5.6) describes the response of SL to the speech signal

s(t) that can be expressed by the geometric mean of the individual wavelet response.

R[SL f0,w] =
w

√
w

∏
i=1

R[Ψ f0,ni] (5.6)

Here, Ψ fo,ni is the response of ith wavelet of s(t).

For Morlet, it is defined as,

R[Ψ f0,ni] =
√

2.s∗Ψ f0,ni (5.7)

Here, s is the speech signal, and * represents the complex convolution. SLTs are

similar to CWT, except that SLT uses SLs in place of wavelets used in CWT. A CWT

can be described as an SLT including SLs of order 1. The SLTs with higher order (i.e.,

>1) provide a sharper representation of the signal and are less redundant compared to

the CWT. For wide frequency, Adaptive SLT (ASLT) is preferred. An ASLT begins at

a low order and elevates the order as a function of frequency to amplify TF illustration

throughout the whole frequency domain. Accordingly, the use of ASLT, with an order

greater than one, helps in gaining an improved TF illustration of the signal.

Time-Frequencies analysis of speech signal: SLT is well suited for studying

transient oscillation occurrences in non-stationary signals. SLT employs numerous

wavelets to achieve higher TF resolution while being less leaky than a single wavelet,

which makes it more sustainable to apply to non-stationary speech signals. The speech

signals and TF analysis of speech signals for PD patients and HC using STFT, CWT,
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and SLT are depicted in Figure 5.2. TF analysis methods like STFT and CWT are

utilized by researchers to analyze speech signals for PD detection. SLT has several

advantages over these methods.

5.1.2.3 Deep Neural Network (DNN)

DNN is a combination of multiple hidden layers. DNN is essentially a collection

of neurons organized in a succession of layers. These neurons function parallelly. In

DNN, these neurons successively receive the neuron activations as input from the

previous layer and thus, perform a simple computation. An input layer, a hidden layer,

and an output layer are included in a basic neural network. DNN is characterized

by the stacking of multiple neural networks. Through training, a DNN learns how

to carry out specific tasks and acquires knowledge about the strength of connections

between its units. The identical task is then carried out on new data using the trained

DNN [262].

Learning Rate (LR) is a tuning parameter, used in these DNN models for controlling

the weights of the neural network model concerning the loss gradient. It contains

values between 10−6 to 1. For a reduction in the overfitting problem, the dropout

parameter is applied. Activation functions are also used later to raise the neural

network capabilities of each convolutional layer. In this work, ReLu and softmax

activation functions are used. ReLu generates an output x if x >0 or 0 if x <0,

which suggests that the neurons with positive values are activated while those with

negative values remain inactive. Further, Softmax works for the prediction of the class

pertaining to the highest probability in classification problems for the given input

classes.

InceptionResNetV2: It is a CNN architecture, trained on the ImageNet dataset. It

is a 164-layer deep architecture. In InseptionResNetV2, the input image of 229×229×3

is implemented to the first convolutional layer. In this model, a combination of

multiple-sized convolutional filters and residual connections is carried out [263]. The

use of residual connections helps in avoiding derogation problems related to deep

structures while also reducing the training period. InceptionResNetV2 was developed
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(a)

.
(b)

(c)

.
(d)

(e) (f)

(g) (h)

Figure 5.2: The representation for speech signal (a) Time domain representation of

speech signal for HC, (b) Time domain representation of speech signal for PD, (c)

STFT representation for HC, (d) STFT representation for PD, (e) CWT representation

for HC, (f) CWT representation for PD, (g) SLT representation for HC, (h) SLT

representation for PD
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by the Google team in 2016 for learning and extraction of features signifying facial

age and performing an age-based classification. This model also has been effective

for classifying images with taking residual networks into consideration.

ResNet: It is considered one of the most prominent deep neural networks. As

the depth of the CNN model increases, training error also increases simultaneously.

With the help of ResNet, this problem can be overcome as ResNet uses less filters

and provides less complexity compared to other DNN structures. ResNet50V2 is a

modified version of ResNet50 [264]. It clears the input path to attain output in an

identity connection form. It uses batch normalization and ReLU activation to the input

before the multiplication with the weight matrix. The usage of batch normalization

before each weight layer is the key difference between ResNetV2 and ResnetV1.

VGG-16: The VGG model finds its inception in the year 2014 by Simonyan and

Zisserman [265]. The VGG model with 16 layers (VGG-16) is a uniform architecture

with an input image of 224×224×3. It is fed to the first convolutional layer. It consists

of 3x3 convolutions and a number of filters. It is commonly trained for the extraction

of features from images. With its public availability, VGGNet has been used for

weight configuration and extraction of features. The VGG-16 network contains 13

convolutional layers, five max-pooling layers, and three fully-connected layers.

The steps involved in the proposed method are explained in Algorithm 1.

5.1.3 Results

To evaluate the performance of this work, different parameters like accuracy,

sensitivity, selectivity, precision, and F1 score are taken into consideration. The

performance of the DNNs for PD detection is evaluated using 10-fold cross-validation.

Table 5.3 shows the results obtained for the sustainable vowels of the PC-GITA dataset

with InceptionResNetV2, ResNet50V2, and VGG-16. The VGG-16 model provides

the best results for the sustainable vowel /a/ with 88% accuracy. In comparison to

ResNet50V2 and InceptionResNetV2, the proposed method with VGG-16 provides

better results for sustainable vowels in terms of most of the evaluation parameters.
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Algorithm 1:Algorithm of the proposed method using SLT for PD detection
Input: Speech signals obtained from PC-GITA and ItalianPVS dataset

Output: Classification of speech signals [PD or HC]

1: Generation of Spectrogram

(i) Apply the input speech signal

(ii) Assign mother wavelet parameters such as, central frequency ( f0), time spread parameter (Bn)

Ψ f0,n(t) =
1

Bn
√

2Π
e
−t2

2B2n e j2Π f0t

(iii) Selection of SL by taking multiple wavelets.

SL f0 ,w = {Ψ f0 ,n|n = n1,n2,...........,nw}

(iv) Determine the number of cycles in the wavelet using the multiplicative rule.

ni = n× i

(v) Generation of spectrogram by taking the geometric mean of each wavelet response

R[Ψ f0 ,ni ] =
√

2.s∗Ψ f0,ni

2: Use the 2-D spectrogram image data as input to different DNNs.

3: Use the DNNs (VGG-16, InceptionResNetV2, and ResNet50V2) to extract the features and classify the speech signals into

PD and HC classes.

Table 5.3: Results obtained using SLT-based method for sustainable vowels of the

PC-GITA dataset

Evaluation Parameter Deep Neural Network Sustainable Vowel

a e i o u

VGG-16 0.88±0.11 0.80±0.11 0.81±0.09 0.86±0.10 0.82±0.07

Accuracy ResNet50V2 0.81±0.06 0.76±0.08 0.70±0.08 0.77±0.10 0.76±0.10

IncecptionResNetV2 0.77±0.07 0.70±0.13 0.62±0.11 0.73±0.10 0.65±0.08

VGG-16 0.89±0.16 0.89±0.09 0.80±0.15 0.86±0.15 0.75±0.18

Sensitivity ResNet50V2 0.87±0.11 0.78±0.18 0.67±0.14 0.84±0.13 0.83±0.14

IncecptionResNetV2 0.79±0.16 0.76±0.15 0.74±0.14 0.80±0.14 0.57±0.14

VGG-16 0.88±0.12 0.72±0.24 0.79±0.17 0.86±0.10 0.88±0.11

Specificity ResNet50V2 0.75±0.10 0.73±0.22 0.73±0.18 0.70±0.20 0.69±0.19

IncecptionResNetV2 0.74±0.15 0.65±0.20 0.50±0.22 0.67±0.14 0.75±0.18

VGG-16 0.89±0.11 0.79±0.15 0.83±0.14 0.87±0.09 0.89±0.10

Precision ResNet50V2 0.79±0.06 0.77±0.11 0.74±0.15 0.77±0.12 0.75±0.12

IncecptionResNetV2 0.76±0.17 0.69±0.16 0.61±0.12 0.71±0.09 0.70±0.10

VGG-16 0.88±0.11 0.83±0.09 0.80±0.11 0.86±0.10 0.80±0.13

F-1 Score ResNet50V2 0.82±0.05 0.75±0.11 0.68±0.09 0.79±0.08 0.78±0.09

IncecptionResNetV2 0.76±0.13 0.71±0.13 0.66±0.09 0.75±0.10 0.61±0.10

99

Page 140 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912

Page 140 of 201 - Integrity Submission Submission ID trn:oid:::27535:119113912



Table 5.4: Results obtained using SLT-based method for modulated vowels of the

PC-GITA dataset

Evaluation Parameter Deep Neural Network Modulated Vowel

a e i o u

VGG-16 0.88±0.20 0.83±0.13 0.86±0.14 0.90±0.10 0.92±0.09

Accuracy ResNet50V2 0.74±0.19 0.75±0.13 0.75±0.14 0.89±0.10 0.84±0.14

IncecptionResNetV2 0.71±0.23 0.71±0.14 0.67±0.17 0.68±0.10 0.66±0.16

VGG-16 0.94±0.18 0.81±0.21 0.92±0.18 0.93±0.11 0.92±0.11

Sensitivity ResNet50V2 0.86±0.17 0.76±0.23 0.86±0.24 0.86±0.23 0.89±0.14

IncecptionResNetV2 0.59±0.34 0.80±0.17 0.64±0.27 0.62±0.25 0.60±0.26

VGG-16 0.82±0.20 0.91±0.18 0.80±0.21 0.89±0.17 0.91±0.16

Specificity ResNet50V2 0.68±0.32 0.81±0.26 0.58±0.32 0.93±0.12 0.78±0.22

IncecptionResNetV2 0.89±0.14 0.59±0.27 0.74±0.15 0.74±0.18 0.76±0.18

VGG-16 0.85±0.20 0.90±0.20 0.82±0.17 0.90±0.13 0.95±0.08

Precision ResNet50V2 0.76±0.23 0.83±0.19 0.69±0.20 0.93±0.12 0.80±0.17

IncecptionResNetV2 0.81±0.25 0.65±0.18 0.69±0.21 0.73±0.17 0.75±0.22

VGG-16 0.89±0.18 0.81±0.15 0.86±0.16 0.90±0.09 0.93±0.08

F-1 Score ResNet50V2 0.77±0.15 0.75±0.11 0.74±0.19 0.86±0.17 0.84±0.14

IncecptionResNetV2 0.62±0.28 0.71±0.16 0.63±0.21 0.63±0.16 0.61±0.18

Results obtained for modulated vowels of the PC-GITA dataset are summarized

in Table 5.4. For modulated vowels /a/, /e/, /i/, /o/, and /u/ the accuracy achieved by

VGG-16 is 88%, 83%, 86%, 90%, and 92%, respectively. The modulated vowel ’u’

yields the best outcomes with VGG-16 DNN. Table 5.5 illustrates the results of the

DDK analysis of the PC-GITA dataset. The results demonstrate that for PD detection

using DDK analysis /petaka/ the VGG-16 DNN provides the best results with 84%

accuracy, 84% sensitivity, 87% specificity, 85% precision, and 83% F-1 score.

The results for the isolated words of the PC-GITA dataset are presented in Table 5.6.

For word /globo/ accuracy, sensitivity, specificity, precision, and F-1 score achieved

are 87%, 83%, 90%, 90%, and 85%, respectively. The results demonstrate that on

the PC-GITA dataset, modulated vowels outperformed all other speech exercises, and

VGG-16 DNN exceeds other ResNet50V2 and InceptionResNetV2 for PD detection.

The performance of the proposed method is also evaluated on the ItalianPVS

dataset. The maximum accuracy attained in the ItalianPVS dataset is 96% for vowel

/a/ and vowel /o/. The results obtained are illustrated in Table 5.7. Figure 5.3 shows
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Table 5.5: Results obtained using SLT-based method for DDK analysis of PC-GITA

dataset

Evaluation Parameter Deep Neural Network DDK Analysis

Ta Ka Petaka

VGG-16 0.83±0.17 0.83±0.17 0.84±0.19

Accuracy ResNet50V2 0.66±0.20 0.83±0.13 0.77±0.14

IncecptionResNetV2 0.68±0.16 0.77±0.13 0.72±0.15

VGG-16 0.85±0.19 0.85±0.23 0.84±0.22

Sensitivity ResNet50V2 0.67±0.25 0.82±0.22 0.72±0.13

IncecptionResNetV2 0.65±0.24 0.80±0.16 0.74±0.24

VGG-16 0.82±0.17 0.82±0.20 0.87±0.21

Specificity ResNet50V2 0.74±0.23 0.85±0.14 0.87±0.21

IncecptionResNetV2 0.67±0.24 0.78±0.18 0.69±0.22

VGG-16 0.84±0.14 0.81±0.24 0.85±0.24

Precision ResNet50V2 0.72±0.26 0.81±0.21 0.87±0.22

IncecptionResNetV2 0.72±0.20 0.78±0.18 0.72±0.22

VGG-16 0.83±0.15 0.81±0.21 0.83±0.21

F-1 Score ResNet50V2 0.63±0.21 0.81±0.19 0.76±0.13

IncecptionResNetV2 0.66±0.17 0.77±0.12 0.69±0.20

the confusion matrix obtained by VGG-16 for the ItalianPVS vowel /a/ and/o.

(a) /a/ (b) /o/

Figure 5.3: Confusion matrix obtained using SLT-based method for vowel dataset (a)

/a/, (b) /o/
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Table 5.6: Results obtained using SLT-based method for isolated words of the PC-

GITA dataset

Evaluation Parameter Deep Neural Network Isolated Words

Apto Globo Petaka

VGG-16 0.83±0.21 0.87±0.15 0.84±0.16

Accuracy ResNet50V2 0.77±0.17 0.76±0.17 0.82±0.22

IncecptionResNetV2 0.69±0.13 0.74±0.14 0.65±0.16

VGG-16 0.79±0.19 0.83±0.23 0.96±0.07

Sensitivity ResNet50V2 0.81±0.19 0.91±0.17 0.83±0.21

IncecptionResNetV2 0.69±0.24 0.74±0.23 0.56±0.22

VGG-16 0.87±0.25 0.90±0.13 0.74±0.28

Specificity ResNet50V2 0.68±0.27 0.66±0.26 0.81±0.27

IncecptionResNetV2 0.65±0.29 0.72±0.14 0.78±0.17

VGG-16 0.88±0.22 0.90±0.16 0.80±0.21

Precision ResNet50V2 0.75±0.17 0.71±0.21 0.84±0.21

IncecptionResNetV2 0.71±0.19 0.73±0.17 0.70±0.23

VGG-16 0.82±0.20 0.85±0.18 0.86±0.14

F-1 Score ResNet50V2± 0.77±0.16 0.77±0.16 0.83±0.20

IncecptionResNetV2 0.66±0.17 0.72±0.19 0.60±0.20

5.1.4 Discussion

Speech is one of the many motor and non-motor functions that PD can impact.

According to studies, early symptoms of PD in 90% of patients include vocal cord

damage [253]. Thus, speech assessment appears to be an appealing prospective

biomarker for PD detection. The proposed work uses the high-resolution SLT tech-

nique to obtain the TF spectrogram of the speech signal. The DNN approach is

utilized to classify these spectrograms into PD and HC classes. In order to assess the

proposed method’s performance, the outcomes of the proposed work are contrasted

with existing techniques like Hilbert spectrum analysis, EMD, CWT, and STFT. Table

5.8 provides a summary of some significant research focused on the detection of PD

using speech signals.
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Table 5.7: Results obtained using SLT-based method for the ItalianPVS dataset

Evaluation Parameter Deep Neural Network Vowels

a o

VGG-16 0.96±0.04 0.96±0.05

Accuracy ResNet50V2 0.95±0.07 0.95±0.06

IncecptionResNetV2 0.86±0.08 0.88±0.08

VGG-16 0.93±0.08 0.93±0.10

Sensitivity ResNet50V2 0.97±0.05 0.94±0.09

IncecptionResNetV2 0.89±0.08 0.93±0.07

VGG-16 0.99±0.02 1.00±0.00

Specificity ResNet50V2 0.94±0.10 0.97±0.07

IncecptionResNetV2 0.83±0.17 0.85±0.13

VGG-16 0.99±0.02 1.00±0.00

Precision ResNet50V2 0.93±0.11 0.97±0.06

IncecptionResNetV2 0.84±0.13 0.86±0.11

VGG-16 0.96±0.04 0.96±0.06

F-1 Score ResNet50V2 0.95±0.07 0.95±0.06

IncecptionResNetV2 0.86±0.08 0.89±0.07

Table 5.8: Comparison of the SLT-based method with existing methods for PD

detection

Autor Dataset Speech Task Method Accuracy

Karan et al. [139] PC-GITA Sustainable vowel

and Isolated words

IEDCC features used with

SVM classifier

81 to 90%

Upadhya et

al. [182]

Indian speech dataset Vowel Modified MFCC Mel

scaled filter with neural

networks

83.8%

Rueda et al. [48] PC-GITA Sustained vowel ’a’ Two stage filter-wrapper

feature selection method

with SVM classifier

70%

Vásquez-Correa et

al. [63]

PC-GITA DDK analysis Articulation and EMD fea-

tures

76%

Narendra et

al. [207]

PC-GITA Sustainable vowel Iterative adaptive inverse

filtering and quasi-closed

phase glottal inverse filter-

ing methods SVM classi-

fier

68.56%

Karan et al. [118] PC-GITA Sustainable vowel STFT and CWT-based TF

representation with stacked

based autoencoder and

SVM classifier

87% with STFT

82% with CWT.
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Autor Dataset Speech Task Method Accuracy

Vásquez-Correa et

al. [119]

PC-GITA,

German speech

recordings, and

Czech data

- TF representations based

on STFT with CNN

77.3%

Proposed method PC-GITA Sustainable vowel,

Modulated vowel,

Isolated words, and

DDK analysis

High resolution SLT with

VGG-16

92%

Proposed method ItalianPVS Vowels High resolution SLT with

VGG-16

96%

Karan et al. [139] utilized the Hilbert spectrum features to characterize non-

linearities and non-stationarities of the speech signal. A new feature, the instantaneous

energy deviation cepstral coefficient (IEDCC), was introduced, which extracted rele-

vant information and exceeded the traditional acoustic features, with accuracy ranging

from 81 to 90%. Upadhya et al. [182] proposed an improved Mel scale filter with a ra-

dial basis network on the Indian speech dataset and exhibited a classification accuracy

of 83.8%. The methods reported in [48,63,118,119,207] provided an accuracy of 70%,

76%, 68.56%, 87% and 77.3%. The existing studies have been done with different

feature extraction and selection techniques. The proposed technique outperforms the

reported PD detection techniques with a maximum accuracy of 92% on the PC-GITA

dataset and 96% on the ItalianPVS dataset. The proposed method effectively reduces

the system complexity as it does not require any additional pre-processing and feature

extraction steps.

5.2 A Robust Super Resolution Time-Frequency Frame-
work for Parkinson’s Disease Severity Assessment us-
ing Gait Signal

5.2.1 Introduction

The walking and running patterns of an individual are represented by their gait,

which can be governed by complex neural networks, including cortical regions that

regulate cognition and movement activities. PD patients’ gait patterns exhibit a range
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of impairments and abnormalities since the disease affects both the brain’s motor and

cognitive functioning [266]. In the early stages of PD, the step length is short, and the

gait is sluggish. However, these irregularities of gait are age-related and can result

from a multitude of illnesses; they are not specific indicators of PD. PD patients have

more specific symptoms, such as decreased arm swing and motion regularity, and

increased interlimb asymmetry, which is commonly unilateral in the initial stages.

In the mild-to-moderate stage, patients show progressively more significant gait

difficulties. The deficits and irregularities of gait patterns worsen for patients with

advanced PD. Freezing of gait (FOG) is usually in people with advanced PD stages,

although a study has shown that it can also occur in persons with early-stage PD [267].

With the rapid growth of technology, various gait analysis systems have been de-

veloped. Wearable devices have been used for constantly monitoring gait performance

and identifying FOG occurrences. Also, provide help to PD patients with on-demand

cueing at the most advantageous moment to overcome gait disruption [268]. Wearable

devices make it easier for professionals to keep track of the symptoms and activities

of patients. Due to their portability, ease of affordability, ease of use, and minimal

impact on patients’ health, wearable devices are considered the perfect choice for

monitoring [266]. The most widely used wearable devices are equipped with sensors,

like inertial measurement units (IMUs), and insole force- or pressure-based sensors,

which are used to monitor the ground reaction force. These sensors’ outputs can help

with studies of gait, body movement, and tremors that aid in the diagnosis of PD. Gait

analysis utilizing sensors is a quick, simple, and inexpensive methodology in contrast

to other PD diagnosis approaches. To identify PD, a number of decision-support tech-

niques have been used. These techniques are intended to aid in the early identification

and diagnosis of PD by finding typical patterns or irregularities in signals that are

symptomatic of the patient’s condition.

5.2.2 Methodology

This work proposes a robust super-resolution time-frequency framework (Ro-

SuReTFF) for PD detection and severity assessment using gait signals. The proposed
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methodology consists of the following steps: (i) dataset acquisition; (ii) data seg-

mentation; (iii) extraction of TFR and data construction; (iv) providing such TFRs

to the CNN model in order to extract features; and lastly (iv) TFR spectrogram cate-

gorization into multi and binary classes. Figure 5.4 depicts the block diagram of the

proposed RoSuReTFF for PD detection and severity assessment.

Figure 5.4: Block diagram of the RoSuReTFF method for PD detection using gait

signals

5.2.2.1 Dataset

The data utilized in this study is acquired from Physionet [40]. This dataset consists

of three independent studies: Ga [269], Ju [270], and Si [271]. The gate patterns were

collected from 93 PD patients and 72 HCs. The demographics of both PD patients

and HC are shown in Table 5.9.

The Ga data set includes gate patterns from typical walking on level ground, the

Ju data includes the gate cycle for walking at a comfortable speed with rhythmic

auditory stimulation, and the Si data includes gate time series data from treadmill
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Table 5.9: Demographics of PD patients and HC in the Physionet dataset

Dataset Class Age Group

Male Female

Ga HC 57.9±6.7 10 8

PD 61.6±8.8 20 9

Ju HC 39.31±18.51 12 14

PD 66.80±10.85 16 13

Si HC 64.5±6.8 18 11

PD 67.2±9.1 22 13

walking. Eight separate sensors were put in the insole of each subject’s foot and

used to calculate the vertical ground reaction force (VGRF) in Newtons as a function

of time. The coordinate position of the pressure sensors on the sole is illustrated in

Figure 5.5. The subjects’ VGRF readings were taken at 100 Hz for an approximately

two-minute walk.

Figure 5.5: The coordinate position of the VGRF sensor positioning underneath each

sole

The dataset also contains two signals reflecting the summation of eight sensor

outputs, for the left and right foot, respectively. The severity level of PD was graded

by the UPDRS and the H&Y scale. Table 5.10 and Table 5.11 present the division of

subjects with their level of severity based on the UPDRS and H&Y scale, respectively.

The first twenty and last ten seconds of gait signals were already removed from this

dataset to reduce the starting and end impacts. The proposed RoSuReTFF employs

the sum of all VGRF signals from the PD patients and HC as input.
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Table 5.10: Division of subjects based on severity level using UPDRS scale

Dataset Class 1 Class 2 Class 3 Class 4 Class 5

Ga 18 0 8 11 10

Ju 25 2 15 8 4

Si 29 0 5 11 17

Table 5.11: Division of subjects based on severity level using H&Y scale

Dataset Severity 0 Severity 2 Severity 2.5 Severity 3

Ga 18 15 8 6

Ju 25 12 13 4

Si 29 29 6 0

5.2.2.2 Data Segmentation

To examine the foot force signal more precisely, the gait signals are divided into

equal time segments. Since gait signals are non-stationary, aperiodic, and have

fluctuating signal strength over time. To acquire representative data for a certain

period of time, the data of each participant is separated into 10-second intervals (1000

samples) with no overlap.

5.2.2.3 Extraction of TFR and Data Construction

Gait signals are nonlinear, non-stationary, and noisy in nature. The non-linear

aspect of gait is because it is coordinated by the brain’s synchronized activity. The

non-linear nature of gait makes it challenging to analyze. To gain a comprehensive

understanding of the signals, the signals must be translated from one domain to

another. Transformation techniques enable the simultaneous capture of time-domain

signal information into the frequency domain. The spectrum fluctuation of the gait

signal over time can be captured using TFR. In this work, SLT is utilized to convert the

signal into a high-resolution TFR. Data is divided into 10-second window segments

(1000 samples without overlapping) to capture dynamic changes in gait characteristics.

The complete dataset comprised 3236 windows, with 2242 designated for PD and

994 for HC. The TFR consolidated essential information from the time and frequency

domain analysis. Additionally, offers an extensive amount of information about the
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time-specificity of power increases in various frequency bands. Figure 5.6 depicts

the time-domain visualization of the signals from PD stages 1, 2, 3, 4, and 5 on the

UPDRS scale, and the corresponding time-domain signals represented as TFR. The

TFR illustrates that, for varying degrees of PD severity, the spectrograms exhibit

variation in the spectrum component.

(a) (b)

(c) (d)

(e) (f)

(g) (h)
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(a) (b)

Figure 5.6: Time-domain visualization of PD stages (class 1-5), with their respective

SLT-based TFR

5.2.2.4 Deep Learning Approach: VGG-19

To automate the diagnosis and prognosis of PD, a CNN is utilized to identify latent

abnormal patterns in gait signals using the TF spectrogram. CNNs are frequently used

in classification, object recognition, picture segmentation, and other domains due to

their ability to automatically learn complicated information. However, building an

in-depth model necessitates a significant amount of computational power and data.

This study employs the VGG-19 model to classify the gait patterns. The VGG-19

model comprises sixteen convolution layers (for feature extraction), and three fully

connected layers for classification [265]. The layers utilized for feature extraction

are divided into five groups, each of which is followed by a max-pooling layer. The

VGG-19 deep CNN model is capable of extracting the hidden representation from

the TFRs. The extracted relevant information improves the model’s generalization

capacity for classification. Figure 5.7 illustrates the architecture of the VGG-19 deep

CNN model for PD detection and severity assessment.

5.2.3 Results

To assess the effectiveness of the proposed RoSuReTFF, evaluation criteria like

accuracy, sensitivity, precision, specificity, and F-1 score are employed. A 5-fold

cross-validation is used to ensure the experiment’s dependability and reduce bias.

The data is organized into five folds. One of the five folds is tested during each
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Figure 5.7: Detailed architecture of the VGG-19 deep CNN model for PD detection

and severity assessment

cross-validation session, while the remaining four are used to train the classification

model. The final result is expressed as the average of the five folds.

5.2.3.1 Performance Analysis for PD Detection

The proposed framework’s performance is evaluated using gait signal training and

testing for binary and multiclass severity classification using the VGG-19 model. The

batch size and number of epochs for the model are set to 16 and 50, respectively. To

scale each weight’s learning rate, the adaptive moment estimation (Adam) optimizer

with a learning rate of 10−5 is employed. The input signal for the VGG-19 model

is determined by the window size used during gait signal segmentation. The input

TFR for HC and PD classes in the Ga, Ju, and Si datasets are 447,900; 199,922; and

348,420, respectively for the ten-second window segment. These TFRs are applied

to VGG-19 for PD detection. Table 5.12 presents the outcomes of the proposed

RoSuReTFF for binary classification tasks on the Ga, Ju, Si, and combined datasets.

The proposed framework yields an average accuracy of 97.85% for the Ga dataset,

95.63% for the Ju dataset, and 97.26% for the Si dataset. The three datasets (Ga, Ju,

and Si) are also merged and fed into the proposed PD detection model. The combined

dataset obtained an average accuracy of 96.13%. Figure 5.8 displays the confusion

metrics on these datasets using the proposed RoSuReTFF for PD classification.
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Table 5.12: Experimental results of the RoSuReTFF method for PD detection

Evaluation parameters Dataset

Ga Ju Si Ga+Ju+Si

Accuracy (%) 97.85±1.06 95.63±0.94 97.26±1.45 96.13±0.49

Sensitivity (%) 99.32±0.41 98.15±0.88 97.85±1.16 97.14±0.72

Precision (%) 97.50±1.15 96.61±1.44 97.18±1.73 97.27±0.41

Specificity (%) 94.85±2.41 83.92±7.16 96.55±2.15 93.86±0.98

F-1 score (%) 98.41±0.78 97.36±0.54 97.51±1.31 97.21±0.35

(a) Ga (b) Ju

(c) Si (d) Ga+Ju+Si

Figure 5.8: Confusion matrix (a) Ga dataset, (b) Ju dataset, (c) Si dataset, (d) Ga+Ju+Si

(combined) dataset for PD detection

For the Ga dataset, it is observed that 424 TFRs are accurately categorized as HC.

It is accurate to classify 894 TFRs as PD patients. For the Ju dataset, it is observed

that 167 TFRs are correctly labeled as HC and 905 TFRs as PD patients. For the

Si dataset, 336 TFRs are correctly identified as HC, and 411 TFRs are correctly

labeled as PD patients. For the combined dataset, out of 2242 PD TFRs 2178 are

accurately identified as PD. Table 5.13 presents the comparison of the proposed
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framework to the state-of-the-art approaches used to detect PD on the same dataset.

The proposed RoSuReTFF outperforms the existing methods for PD detection. Table

5.13 indicates that for both combined and individual datasets (Ga, Ju, and Si) the

proposed RoSuReTFF outperforms the existing method for PD detection.

Table 5.13: Comparison of the RoSuReTFF method with other existing approaches

for PD detection

Author Method Dataset

Ga Ju Si Ga+Ju+Si

Ac Sn Ac Sn Ac Sn Ac Sn Sp Pr

(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

Lee and Lim

(2012) [117]

WT+NEWFM - - - - - - 77.33 65.48 81.10 -

Daliri (2013)

[120]

STFT+SVM - - - - - - 91.20 91.71 89.92 -

Ertugrul et al.

(2016) [206]

1DLBP+MLP - - - - - - 88.88 88.9 82.2 -

Perumal

and Sankar

(2016) [272]

Linear discriminant

analysis

92.25 - 92.5 - 90 - - - - -

Zhao et al.

(2018) [195]

DNN - - - - - - 90.3 96.2 76.7 -

Khoury et al.

(2019) [91]

Time domain fea-

tures+KNN

86.05 86.34 90.91 85.35 81.25 81.67 - - - -

Masoumi et

al. (2021)

[121]

CWT+DNN 84.62 - 81.82 - 76.92 – 88.47 - - -

Ozel et al.

(2021) [122]

Statistical fetau-

res+KNN

92.92 - 90.69 - 76.56 - 92.96 - - -

Zhong et al.

(2022) [273]

RFdGAD - - - - - - 93.8 - - -

Nguyen et al.

(2022) [221]

1-D Transformer - - - - - - 95.2 98.1 86.8 -

Sharma et al.

(2023) [194]

1-D CNN - - - - - - 90.47 90 90.9 -

Dong et al.

(2023) [274]

Optical flow - - - - - - 93.3 94.6 91.7 -

Proposed RoSuReTFF 97.85 99.32 95.63 98.15 97.26 97.85 96.13 97.14 93.86 97.27

- Not reported
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5.2.3.2 Performance Analysis for PD Severity Assessment

Due to the progressive nature of PD, it is essential to assess the severity of patients

in order to monitor their recovery and give tailored treatment to each individual. Thus,

we have also evaluated our approach for estimating PD severity levels. To diagnose

the severity level of PD, H&Y and UPDRS scales are most widely utilized.

5.2.3.3 Performance Analysis for PD Severity Assessment using H&Y Scale

To depict the severity of PD, the H&Y scale includes 8 stages. Stage 0 denotes

no evidence of PD, Stage 1 denotes the disease’s symptoms are limited to one side

of the body; Stage 1.5 denotes the disease’s symptoms are present on one side in

addition to the neck and spine; Stage 2 denotes the disease’s symptoms are seen on

both sides of the body, although balance is unaffected; Stage 2.5 denotes the disease’s

mild symptoms appear on both sides of the body; Stage 3 denotes balance impairment,

and mild to moderate discomfort in both legs; Stage 4 indicates severe impairment,

although the patient may walk without assistance; and Stage 5 denotes individuals

who are bedridden without assistance or who require a wheelchair [275].

The Physionet dataset employed PD Stages 0, 2, 2.5, and 3 for the H&Y scale.

The severity assessment model for the H&Y scale maintained the detection model’s

network topology. The last layer is substituted by a fully connected layer containing

four neurons and utilizing a softmax activation function. For the ten-second window

segment, the TFRs obtained for PD Stage 0, PD Stage 2, PD Stage 2.5, and PD Stage

3 are as follows: Ga dataset: 447 (PD Stage 0), 492 (PD Stage 2), 240 (PD Stage 2.5),

and 168 (PD Stage 3); Ju dataset: 199 (PD Stage 0), 354 (PD Stage 2), 459 (PD Stage

2.5), and 109 (PD Stage 3); Si dataset: 348 (PD Stage 0), 336 (PD Stage 2), and 84

(PD Stage 2.5). The average classification accuracy of the Ga dataset is 93.76%, for

the Ju dataset 95.06%, and for the Si dataset 94.53%. Additionally, the three datasets

are integrated and fed into the VGG-19 model for classifying PD severities. The

combined dataset obtained an average classification accuracy of 93.60%. Table 5.14

illustrates the performance outcomes of the proposed RoSuReTFF for PD severity

classification on the H&Y scale.
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Table 5.14: Experimental results of the RoSuReTFF method for PD severity assess-

ment on H&Y scale

Dataset Class Evaluation parameters

Accuracy

(%)

Sensitivity

(%)

Precision

(%)

Specificity

(%)

F-1 score

(%)

Overall Accuracy

(%)

Stage 0 97.69±0.79 95.97±1.66 97.09±1.93 98.55±0.96 96.51±1.19

Ga Stage 2 95.61±1.29 93.49±2.11 94.45±1.67 96.83±0.95 93.97±1.81 93.76±1.55

Stage 2.5 97.54±0.76 95.41±2.76 91.40±3.70 98.01±0.92 93.29±2.03

Stage 3 96.65±1.10 86.27±5.35 87.20±5.73 98.15±1.03 86.57±4.35

Stage 0 96.34±0.95 89.98±6.69 89.96±4.64 97.72±1.21 89.67±2.81

Ju Stage 2 96.87±0.74 96.32±1.12 94.01±2.61 97.13±1.37 95.12±1.11 95.09±1.09

Stage 2.5 97.50±1.04 96.07±2.62 97.81±1.50 98.49±1.06 96.90±1.32

Stage 3 99.46±0.43 96.32±3.41 98.17±2.23 99.80±0.24 97.22±2.28

Stage 0 97.00±0.51 95.11±0.71 98.23±1.09 98.56±0.89 96.64±0.55

Si Stage 2 95.57±0.96 97.02±1.33 93.18±1.70 94.44±1.57 95.05±1.01 94.53±0.66

Stage 2.5 96.48±0.97 82.05±8.54 86.00±6.79 98.24±1.10 83.53±4.72

Stage 0 96.67±0.72 93.66±1.78 95.39±1.51 97.99±0.67 94.51±1.20

Ga+Ju+Si Stage 2 96.19±1.11 94.56±1.81 91.22±3.21 96.78±1.31 92.88±1.97 93.60±1.74

Stage 2.5 96.13±1.52 94.19±3.32 94.61±2.24 97.16±1.20 94.38±2.27

Stage 3 98.20±0.25 88.09±3.72 90.71±2.65 99.15±0.28 89.34±1.63

5.2.3.4 Performance Analysis for PD Severity Assessment using UPDRS Scale

The UPDRS scale assesses 42 points encompassing cognitive, functional, and

behavioral aspects of PD. A higher score on the UPDRS scale indicates a more severe

level of illness.

Maachi et al. [176] distributed the severity of PD into five categories based on the

UPDRS score as follows:

• Class 1: UPDRS score < 5

• Class 2: 5 ≤ UPDRS score < 15

• Class 3: 15 ≤ UPDRS score < 25

• Class 4: 25 ≤ UPDRS score < 35

• Class 5: 35 ≤ UPDRS score

For the ten-second window segment, the TFRs for Class 1, Class 2, Class 3, Class4,

and Class 5 in the Ga, Ju, and Si datasets are as follows: Ga dataset: 447 (Class1),
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204 (Class3), 348 (Class4), and 348 (Class5); Ju dataset: 199 (Class1), 40 (Class2),

510 (Class3), 266 (Class4), and 106 (Class5); Si dataset: 348 (Class1), 60 (Class3),

132 (Class4), and 204 (Class5).

Table 5.15: Experimental results of the RoSuReTFF method for PD severity assess-

ment on UPDRS scale

Dataset Class Evaluation parameters

Accuracy

(%)

Sensitivity

(%)

Precision

(%)

Specificity

(%)

F-1 score

(%)

Overall Accuracy

(%)

Class 1 97.32±0.78 96.19±2.85 95.82±1.67 97.89±0.89 95.97±1.24

Ga Class 3 97.39±1.06 90.68±5.43 92.71±6.97 98.60±1.38 91.38±3.36 93.24±1.50

Class 4 96.13±0.50 93.39±1.91 91.92±2.91 97.09±1.15 92.59±0.87

Class 5 95.62±1.17 90.81±2.65 92.29±3.59 97.29±1.43 91.48±2.13

Class 1 96.25±1.06 86.97±9.25 91.91±3.05 98.25±0.79 88.93±4.03

Class 2 99.64±0.34 100.00±0.00 91.38±7.62 99.62±0.34 95.42±4.69

Ju Class 3 97.32±0.92 97.45±1.33 96.73±1.91 97.22±1.67 97.07±0.99 95.36±1.82

Class 4 98.75±0.86 97.35±1.92 97.48±3.24 99.18±1.07 97.37±1.76

Class 5 98.75±0.71 94.37±3.47 92.75±4.51 99.21±0.50 93.52±3.59

Class 1 97.31±1.53 98.27±1.42 96.16±2.87 96.46±2.82 97.17±1.55

Si Class 3 98.92±1.38 96.67±4.08 91.58±1.09 99.12±1.16 93.89±7.75 95.70±1.82

Class 4 97.98±1.03 92.36±5.9 96.15±2.28 99.18±0.51 94.18±3.35

Class 5 97.17±1.71 93.13±3.24 96.60±4.28 98.70±1.71 94.78±3.09

Class 1 97.10±0.55 95.27±1.99 95.37±1.34 97.92±0.65 95.31±0.92

Class 2 99.96±0.06 97.50±4.99 100.00±0.0 100±0.00 98.66±2.67

Ga+Ju+Si Class 3 97.69±0.77 94.96±2.49 95.45±0.97 98.56±0.29 95.19±1.67 94.20±1.22

Class 4 97.07±0.87 94.24±0.54 93.24±3.46 97.93±1.20 93.76±1.69

Class 5 96.57±0.59 91.49±1.87 91.77±1.51 97.88±0.40 91.62±1.47

The final layer of the VGG-19 model is replaced with a fully connected layer

consisting of five neurons and a softmax activation function. The validation is carried

out by a five-fold cross-validation. The model’s batch size is set to 16, and the number

of epochs is set to 50. The effectiveness of the proposed method for PD severity

assessment on the UPDRS scale is illustrated in Table 5.15.

The proposed approach achieves an overall accuracy of 93.24% for the Ga dataset,

95.36% for the Ju dataset, and 95.70% for the Si dataset. Nonetheless, the model

achieves 94.20% accuracy for the combined dataset. Figure 5.9 (a) displays the

confusion matrix obtained from the proposed approach for PD severity assessment
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using the H&Y scale, and Figure 5.9 (b) depicts the confusion matrix obtained from

the proposed approach for PD severity assessment using the UPDRS scale on the

combined dataset.

(a) H&Y (b) UPDRS

Figure 5.9: Confusion matrix for PD severity assessment on the combined dataset (a)

H&Y (b) UPDRS

Table 5.16: The performance comparison of the RoSuReTFF method with existing

techniques for PD severity assessment

Autor Method Rating Scale Evaluation parameters

Ac

(%)

Sn

(%)

Pr

(%)

Maachi et al. (2020) [176] 1D-CNN UPDRS 85.3 85.3 87.3

Veeraragavan et al. (2020) [276] ANN H&Y 76.08 - -

Naimi et al. (2023) [219] Hybrid ConvNet-Transformer H&Y 87.89 85.25 87

Dong et al. (2023) [274] Optical flow H&Y 91.4 85.5 -

Dong et al. (2023) [175] 1D-Convnet UPDRS 92.3 92.2 92.8

Proposed RoSuReTFF H&Y 93.60 92.62 92.98

Proposed RoSuReTFF UPDRS 94.21 94.69 95.16

Table 5.16 presents the comparison of the proposed framework to the state-of-the-

art approaches used for PD severity assessment on the same dataset. The outcomes
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demonstrate that the proposed RoSuReTFF outperforms the existing methods for PD

severity assessment.

5.2.3.5 Ablation Study

An ablation study is carried out to assess the impact of different components and

configurations on the overall performance of our proposed method for PD detection.

Specifically, we examined the effect of different TFR techniques, including SLT,

Smoothed Pseudo Wigner-Ville Distribution (SPWVD), and Wavelet synchrosqueezed

transform (WSST). Within SLT, we explore the influence of various parameters on

the performance of the proposed framework. This study helps to better understand

how various parameters affect the model’s overall performance.

Table 5.17: Ablation study using different evaluation parameters for PD detection

Model Method Parameters BS Optimizer Evaluation parameters

Ac (%) Sn (%) Sp (%) Pr (%) Fsr
1 (%)

A SPWVD+VGG-19 - 16 Adam 93.87±1.69 95.93±0.96 89.29±6.28 95.23±2.53 95.61±1.13

B WSST+VGG-19 - 16 Adam 95.48±1.62 97.23±2.09 91.55±6.70 96.28±2.67 96.76±1.11

C SLT+AlexNet Additivity

(m=3)

16 Adam 81.39±1.88 94.23±3.23 52.41±11.7181.92±3.20 87.53±0.96

D SLT+ResNet-50 Additivity

(m=3)

16 Adam 95.64±1.08 97.01±1.25 92.55±0.86 96.70±0.40 96.86±0.79

E SLT+VGG-19 Additivity

(m=3)

32 Adam 94.49±0.68 96.96±1.96 88.93±2.97 95.21±0.11 96.06±0.53

F SLT+VGG-19 Additivity

(m=5)

16 Adam 95.30±1.57 96.38±3.22 92.85±3.06 96.81±1.28 96.60±1.24

G SLT+VGG-19 Multiplicity

(m=3)

16 Adam 95.33±0.61 97.10±0.19 96.23±0.13 91.34±0.32 96.64±0.47

H SLT+VGG-19 Multiplicity

(m=5)

16 Adam 94.61±2.11 95.85±4.01 91.84±4.12 96.43±1.69 96.06±1.68

I SLT+VGG-19 Additivity

(m=3)

64 Adam 95.95±0.91 97.40±1.63 96.77±0.69 92.64±1.71 97.11±0.69

J SLT+VGG-19 Additivity

(m=3)

16 RMSprop 68.75±7.02 56.51±11.0096.37±3.20 97.46±2.04 70.85±8.58

K SLT+VGG-19 Additivity

(m=3)

16 Adam 96.13±0.49 97.14±0.72 93.86±0.98 97.27±0.41 97.20±0.35

As additivity or multiplicative laws in SL influence the number of wavelength

cycles, we evaluated SLT with both multiplicity (Mul) and additivity (Add) to find the
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number of cycles in the wavelet. Furthermore, we test our method across multiple

neural network architectures, including ResNet50 and AlexNet, to determine the

optimal architecture for PD detection.

Additionally, we investigate how variations in training parameters, such as batch

size (BS), and optimizer (Adam, RMSprop), affect model performance. This compre-

hensive study allows us to determine the impact of each component and configuration,

providing a deeper understanding of their roles in the overall effectiveness of the

proposed method. Table 5.17 depicts the progressive development of the proposed

method on different evaluation parameters. The ablation study demonstrates that the

SLT (additivity m=3), combined with the VGG-19 architecture, consistently delivered

the optimal performance, achieving an accuracy of 96.13% for PD detection.

5.3 Summary

This chapter explored two complementary studies aimed at improving the detection

and assessment of PD using advanced time-frequency analysis and deep learning

techniques.

✓ In the first study, a novel hybrid approach combining the Superlet Transform

(SLT) with Deep Neural Networks (DNNs) was proposed for the automatic

detection of PD from speech signals. The SLT was employed to transform non-

stationary one-dimensional speech signals into high-resolution time-frequency

spectrograms, which effectively capture the key spectral characteristics of

speech. These spectrograms were then used as input to three deep learning

models, VGG-16, ResNet50V2, and InceptionResNetV2 for PD classification.

Experimental evaluation on the PC-GITA and ItalianPVS datasets, using a 10-

fold cross-validation scheme, achieved accuracies of 92% and 96%, respectively.

Among the tested models, VGG-16 demonstrated superior performance, outper-

forming several existing state-of-the-art techniques, including EMD, CWT, and

STFT-based methods.

✓ The second study focused on assessing PD severity through gait analysis. A

super-resolution time-frequency framework, integrating the Superlet Transform
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with a VGG-19 convolutional neural network, was developed using gait data

from the Physionet dataset. The SLT generated high-quality time-frequency

spectrograms from gait signals, which served as direct input to the deep model.

Unlike traditional methods that rely on multiple vertical ground reaction force

channels and extensive feature engineering, the proposed framework provides

an end-to-end, computationally efficient approach. Experimental findings con-

firmed its robustness and accuracy in evaluating PD severity, highlighting its

potential for real-world clinical applications.
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Chapter 6

Conclusion, Future Directions and Social

Impact

This chapter presents a comprehensive overview of the findings from both theoreti-

cal and experimental studies. It integrates the key insights obtained throughout the

endeavor, emphasizing how the theoretical framework supports and explains the ex-

perimental findings. Furthermore, the chapter includes the future scope and identifies

prospective areas for improvement. Finally, it addresses the social impact of this work.

6.1 Conclusion

This research work began with the primary goal of designing and developing

techniques for identifying and classifying brain diseases, with a focus on neurodegen-

erative disorders such as AD and PD. These disorders worsen over time and have no

permanent cure. Early and reliable diagnosis of these disorders remains a significant

challenge, as existing diagnostic techniques are generally based on subjective clinical

evaluations and have limited ability to identify subtle, early-stage abnormalities. To

address this difficulty, the study employs several biosignaling modalities, including

EEG, speech, and gait data, to identify and categorize these diseases. This thesis es-

tablishes three major objectives for the diagnosis and categorization of brain disorders.

To fulfill these objectives, various methods and approaches have been developed and

implemented, as summarised below:

✓ EEG signals are considered a valuable tool for the early detection of PD, as

they capture subtle changes in brain activity associated with the disorder. In
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this work, statistical features (mean, variance, skewness, and kurtosis) and

Hjorth parameters (Hjorth activity, mobility, and complexity) are extracted from

different EEG channels. These features provide an accurate representation

of EEG signals by capturing both amplitude and frequency properties. The

relevant set of features was selected using KW test and ETC. The KW test

identifies features that differ statistically significantly between PD patients

and HCs, whereas the ETC assesses feature importance to select the most

discriminative qualities. After feature selection, various ML classifiers were

trained and evaluated to distinguish PD from HCs. DT classifier achieved the

highest performance,with accuracy, precision, sensitivity, and F-1 score of 98%,

97%, 99%, and 98%, respectively. The results demonstrates that the selected

EEG features are highly effective in capturing the neural changes associated

with PD.

✓ Speech impairment is one of the earliest and most consistent indicators of PD,

making speech-based diagnostic systems a promising tool for early detection.

For this purpose, a two-stage stacked ensemble model is developed. At first, the

speech features are preprocessed, and the class imbalance problem is addressed

using SMOTE to generate synthetic samples for the minority class. To obtain

the optimal set of features, ETC is used. For PD prediction, firstlly three base

classifiers are used. These classifiers learn patterns from the specified character-

istics independently, and their predictions are then combined by a meta-classifier

in the second stage to generate the final prediction. This framework leverages

the complementary strengths of the base models and achieves an accuracy of

98.31%, sensitivity of 96.55%, and AUC of 98.27%, significantly outperform-

ing traditional single-model approaches and demonstrating the effectiveness of

combining feature selection, data balancing, and ensemble learning for accurate

PD detection using speech attributes.

✓ Accurately identifying the brain regions and EEG channels most impacted by

AD is critical for reliable diagnosis and meaningful interpretation. AD is a

progressive disorder that affects neuronal connections and alters rhythmic brain

activity, particularly in certain cortical areas. To detect these, EEG signals
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from the frontal, temporal, parietal, and occipital lobes are examined. For this

purpose, a Fourier Decomposition and Hilbert Transform-based EEG Signal

Analysis (FHESA) method is developed. FHESA enables efficient classification

and localization of AD-related dysfunction, facilitating early and precise disease

detection. Two distinct datasets are used to validate the effectiveness of the

proposed FHESA method. Five classifiers, namely KNN, NB, DT, SVM, and

LR, are employed for model evaluation. The best classification performance

is achieved by the NB classifier. The proposed FHESA approach detected AD

with 98% (closed-eyes EEG recording) and 99% (open-eyes EEG recording)

accuracy on Dataset I and 99% (closed-eyes EEG recording) and 97% (open-

eyes EEG recording) accuracy on Dataset II. Also analyzed the influence of

various channels and performed brain area analysis at various lobes to identify

significant regions affected by AD. The results depict that the temporal lobe

electrodes provide an accuracy of 97% and the precision, sensitivity, specificity,

F1-score, MCC, and Kappa score for ten-fold cross-validation 99%, 95%, 95%,

96%, 0.92, and 0.91, respectively.

✓ Accurate identification and classification of neurological disorders, such as

dementia, are crucial for early diagnosis and effective treatment. To address this,

WavDemNet is proposed. It integrates the WST to extract stable, discriminative

time–frequency features from EEG signals and a 1D CNN to learn high-level

abstractions for reliable classification. By capturing subtle neurophysiologi-

cal differences associated with AD and FTD, WavDemNet achieved 89.45%

accuracy for dementia identification and 88.40% for AD–FTD classification

on the OpenNeuro dataset, outperforming existing state-of-the-art EEG-based

methods.

✓ Traditional assessment methods rely heavily on subjective clinical evaluation,

which can be inconsistent and time-consuming. So, an automated end-to-

end framework is developed for the early diagnosis of PD. For speech-based

diagnosis, speech recordings are preprocessed and transformed using the SLT

to create high-resolution time–frequency spectrograms. These spectrograms

are then analyzed by DNN to detect PD by identifying subtle changes in voice
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patterns, which serve as early biomarkers of the disease. The VGG-16 model

with SLT achieved an overall accuracy of 92% with sensitivity, specificity,

precision, and F-1 score of 92%, 91%, 95%, and 93%, respectively. The

proposed method also achieved an accuracy of 96% on the ItalianPVS dataset.

✓ A robust super-resolution time-frequency framework (Ro- SuReTFF) is devel-

oped to detect and assess the severity level of PD using gait signals. Gait patterns

are converted into TFR to capture fine motor abnormalities. The proposed work

achieved an overall accuracy of 96.13% for PD detection, 94.20% for severity

evaluation on the UPDRS scale, and 93.60% for severity evaluation on the

H&Y scale. The outcomes indicate that the proposed approach outperforms the

state-of-the-art methods for PD detection and severity assessment.

In order to identify and classify brain diseases, EEG signals, speech signals, and

gait patterns are utilized in this thesis. For PD detection, EEG signals and speech

signals are considered. Extracted the relevant and optimized set of features from these

signals to obtain efficient detection accuracy. PD severity assessment is performed

using gait signals, and an automated algorithm has been developed that eliminates the

need for any additional pre-processing or feature extraction steps. For AD detection,

the influence of various channels was analyzed, and brain area analysis at various

lobes was performed to identify significant regions affected by AD using EEG signals.

Additionally, for identifying and classifying neurological disorders, AD and FTD are

considered as both diseases are types of dementia and have overlapping symptoms.

To address diagnostic challenges arising from overlapping clinical phenotypes, a

wavelet scattering transform-based deep learning framework is developed to solve

this problem.

6.2 Future Directions and Social Impact

The objective of this endeavor is to build and develop algorithms for identifying

and classifying brain diseases, with a focus on neurodegenerative disorders. Future

research will focus on improving the model’s resilience by considering a broader range

of brain disorders. This work could also be expanded to encompass the detection of
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numerous neurological problems, as well as the development of a real-time application

that will assist medical practitioners in promptly and correctly distinguishing between

different neurological disorders using a wider range of signaling modalities. We also

intend to combine signaling data with clinical, genetic, and demographic information

to obtain more comprehensive diagnostic insights. Additional work will focus on

establishing explainable AI methods to increase model interpretability, ensuring that

clinicians understand and trust the model’s decision-making process.

This work has the potential to revolutionize the detection and treatment of brain

disorders, which would have a significant socioeconomic impact. The following are

the main areas of impact:

✓ Early Detection: Identifying disorders at the initial stage enables therapies

that can delay or even prevent the symptoms. Earlier diagnosis is frequently

associated with improved long-term outcomes and better quality of life.

✓ Helps in Treatment: Early diagnosis allows for the use of disease-modifying

medications before irreversible harm occurs. Treatment at an earlier stage is

typically more effective and less intrusive.

✓ Improved Decision Making: Early detection of brain diseases allows patients

and their carers to make more informed decisions about healthcare, lifestyle,

and financial planning.

✓ Real time monitoring: Patients may receive adaptive treatment based on their

continuously monitored and customized health.

✓ Associated Care: The patients’ need for a caregiver is minimized, lowering the

pressure on support services.
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