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Abstract

EEG signals serve as a non-invasive, real-time biomarker of brain function, offering
sensitive metrics for diagnosing and monitoring various neurological and psychiatric
disorders. Their ability to capture subtle changes in electrical brain activity makes EEG an
invaluable tool for detecting patterns and dysfunctions underlying conditions like Alcohol
Use Disorder (AUD) and Attention-Deficit/Hyperactivity Disorder (ADHD). Unlike
subjective behavioral assessments, EEG provides objective, quantifiable metrics that reflect
the dynamic interplay of neural networks across temporal, spectral, and spatial domains.
This thesis introduces a comprehensive set of twenty seven Quantitative EEG (QEEG)
features to create a detailed and multifaceted representation of brain activity. These neuro-
biomarkers are grouped into three main categories. Power features quantify the signal's
strength and statistical properties, including total amplitude power, standard deviation,
skewness, kurtosis, and both the mean and standard deviation of the signal envelope,
reflecting the strength, variability, and asymmetry of neural oscillations. In a similar
category, Range EEG features (tEEG) further probe peak-to-peak dynamics with statistics
like mean, median, lower and upper percentile margins, width, coefficient of variation,
asymmetry, and standard deviation, offering a richly detailed view of voltage fluctuations
across windows. Spectral features analyze the frequency components and complexity by
measuring spectral absolute power and relative power, Shannon entropy, spectral flatness,
spectral difference, spectral edge frequency, permutation entropy and fractal dimension,
revealing abnormalities in brain rhythms. The third category is Inter-Hemispherical
Connectivity features that measure the interaction between the brain's left and right
hemispheres using metrics like the Brain Symmetry Index (BSI), correlation, mean and
maximum coherence, and the frequency of maximum coherence, which are crucial for
understanding network-level dysfunction.

Another significant contribution is the development of a robust, generalized end-to-end
signal processing and feature selection pipeline that converts raw EEG recordings into
QEEG biomarkers for accurate diagnosis of behavioral and neurological disorders. The
process begins with artifact removal and referencing to prepare high-quality, clean EEG data.
This is followed by sub-time segmentation using overlapping temporal windows to preserve

the continuity of neural dynamics over time. The resulting EEG signal is subjected to a



broad-band spectral filter bank, dividing the signal into ten non-overlapping frequency bands
covering the full range from 0-100Hz, ensuring that both slower and faster oscillations
(including high-gamma activity) are analyzed. Within each spectral band, common spatial
pattern (CSP) filtering pinpoints the most class-informative spatial components, maximizing
discriminability between healthy and patient subject groups and reducing the influence of
irrelevant channels. From these spectrally and spatially filtered signals, the twenty seven
QEEG features are extracted, and subsequently averaged over different temporal windows,
producing a high-dimensional feature space that enables comprehensive modelling of neural
function. To address redundancy and highlight only the most predictive features, advanced
filter-wrapper feature selection is employed to identify the most discriminant features. An
ensemble feature selection approach is used: initially, filter-based methods such as ANOVA,
Chi-square, Gini Index, and Information Gain Ratio statistically rank the features, the
obtained ranks are averaged, and a wrapper technique—typically Sequential Forward
Selection (SFS)—iteratively builds the optimal feature subset by maximizing classifier
performance with cross-validation. This process reduces the feature set into a compact,
highly informative set, supporting models that generalizes accurately across independent
patient cohorts and multiple brain disorders.

Finally, a novel and generalized framework is designed to extract Functional Connectivity
features by capturing linear monotonic inter-channel associations, enabling robust
identification of functional interactions between distinct brain regions. Functional
connectivity in the time domain is quantified using the Pearson correlation coefficient,
serving as a quantitative EEG (QEEQG) feature that captures inter-electrode synchrony and
underlying neural patterns to enhance the accuracy of disorder classification. The result is a
fully integrated and computationally efficient pipeline that combines broad-spectrum feature
capture, performs network-level analysis, and rigorous feature reduction to reach state-of-

the-art accuracy in classifying behavioral and neurological disorders successfully.
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Chapter 1

Introduction

This chapter presents an overview of the research, outlining the formulated
problems and the underlying motivation that guided the study in its chosen direction.
The scope of the work is discussed to provide context and establish the foundation for
conducting the research. Additionally, the identified research gaps, research objectives,
key contributions, and thesis outline are highlighted. Subsequent chapters present
detailed experimental procedures and results, along with comprehensive discussions

that substantiate the findings.

1.1 Introduction

Electroencephalography (EEG) has long been established as a critical non-invasive
technique for monitoring and understanding brain activity. Due to its high temporal
resolution and relative ease of use, EEG is extensively applied in clinical diagnosis,
cognitive neuroscience, and brain-computer interface systems. Despite its widespread
use, accurately interpreting EEG signals remains a significant challenge because of the
inherent complexity, variability, non-linear and non-stationary nature of brain
electrical activity [57][113][121]. Two methods are used to record the electrical
activity of neurons: an invasive method and a non-invasive method. Electrodes are
placed inside the scalp of the brain through surgery in an invasive method, and in non-

invasive methods, electrodes are placed on the scalp of the brain to record the signals.



The recorded EEG signal can be divided into frequency sub-bands using Fast Fourier
Transform (FFT), and each frequency sub-band has different functional characteristics.
The most widely used frequency sub-bands and their approximate spectral boundaries
are delta (1-3 Hz), theta (4—7 Hz), alpha (8—12 Hz), beta (13-30 Hz), and gamma (30—
100 Hz). Typically, delta band is associated with deep sleep, theta band with
drowsiness, alpha band with relaxed wakefulness, beta band with alertness, and the
gamma band with higher cognitive processing. EEG signals are extensively used to
extract features that serve as neurophysiological biomarkers for analyzing brain
function. These features play a crucial role in the detection and classification of various
brain disorders, such as alcohol use disorder (AUD) and attention-deficit/hyperactivity
disorder (ADHD), by capturing abnormal neural activity patterns associated with each
condition. To analyze the frequency characteristics of the EEG signal, spectral features
such as band frequency, absolute and relative power of sub-bands, spectral entropy,
factor dimensions, etc., have been used in [83][84][120]. Temporal features capture the
variations in amplitude of the signal, such as the shape of the waveforms or a pattern
of transience over time. These have most often been used in time-domain descriptions

such as Hjorth parameters, variance, skewness and other higher-order statistics.

AUD and Attention Deficit Hyperactivity Disorder (ADHD) are both associated with
dysfunction in executive control, reward processing, and attention regulation networks,
particularly involving fronto-striatal and fronto-parietal circuits. EEG studies have
reported abnormal power spectral distributions, altered theta—beta ratios, and disrupted
functional connectivity patterns in both conditions. These shared neurophysiological
characteristics suggest that AUD and ADHD exhibit overlapping electrophysiological
markers, making them suitable representative disorders for evaluating the robustness

and adaptability of the proposed QEEG feature framework.

Feature selection is a critical step in designing a generalized framework for brain signal
classification. It identifies the most relevant features that improves the performance of
the classification models. Statistical techniques like t-tests and Analysis of Variance

(ANOVA) are used to rank features based on their statistical significance. Similarly,



for dimensionality reduction, Principal Component Analysis (PCA) is a well-known
technique to reduce the number of variables while retaining most of the information in
EEG signals. Ensemble-based Filtering methods, as used in this research, utilize
majority voting schemes on different statistical ranking methods, to determine the most
discriminative features. Greedy Wrapper algorithms like Sequential Forward Selection
(SFS), are used to iteratively build an optimal feature subset. Recent advancements in
EEG classification include deep learning frameworks that capture spatial, spectral, and
temporal dependencies in neural signals. CNN-based models like EEGNet [133] are
valued for their efficiency and flexibility in BCI applications, whereas hybrid models
such as CNN-LSTM improve temporal pattern modeling. Together, these architectures
represent a significant shift toward unified and transferable EEG models for a wide

range of clinical and cognitive tasks.

1.2 Research Gaps

We conducted a literature survey on EEG signal feature extraction and
classification in temporal, spectral, and spatial domains, and have enumerated some
research gaps in the current state of the art on EEG signal classification. Though the studies
conducted in literature have been extensive, and many valuable achievements have been

made, a few research gaps have been identified:

» There is a lack of targeted research on generalizable discriminative Quantitative
EEG feature subsets. The generalization capability of existing Quantitative EEG
features is less across multiple brain disorders.

« Inter-channel connectivity and other spatial aspects of EEG signals remain
underutilized in existing methods for capturing brain activity patterns.

« Existing research often treats statistical, spatial, temporal, and spectral EEG
features in isolation, with limited efforts to develop unified frameworks that

comprehensively integrate these dimensions.

1.3 Problem Definition

Traditionally, the diagnosis of brain disorders relies on subjective clinical



assessments and behavioral observations, which are often prone to inconsistency and
misdiagnosis. While EEG provides objective data on brain function, there has been a
significant gap in creating a systematic framework to analyze this complex, high-
dimensional data. Specifically, the challenge has been to identify a minimal, yet highly
discriminative, subset of Quantitative EEG (QEEQG) features that not only achieves
high classification accuracy for a single disorder but is also proven to be effective and
generalizable across multiple distinct neurological conditions. The research done in
this thesis aims to solve this problem by providing an end-to-end framework for EEG
classification that is generalizable across multiple brain disorders. This research fills
the previously identified research gaps by proposing a comprehensive framework that
integrates multi-domain feature extraction with advanced feature selection techniques
to create a reliable and generalizable diagnostic tool. The key research objectives

addressed in this thesis are summarized below.

1.3.1  Research Objectives

OBJECTIVE 1: Statistical analysis of EEG signals to identify discriminative
Quantitative EEG feature subsets that are generalizable across multiple brain

disorders.

OBJECTIVE 2: Design a novel framework to measure Functional Connectivity
from EEG signals to capture complex brain patterns for improved disorder

classification.

OBJECTIVE 3: To determine a subset of relevant features from temporal,

spectral, and spatial analysis of EEG signals for improved classification.

1.4 Contributions of the Thesis

This thesis aims to identify a subset of EEG features that can serve as reliable
biomarkers for EEG signal classification. Additionally, it proposes a generalized
framework pipeline designed for identifying brain dysfunctions. Furthermore, a novel

framework is presented for capturing functional connectivity between different brain



regions. The research is structured around three primary objectives, as outlined in
Section 1.3.1. Each of these objectives is systematically addressed and presented as

part of the thesis contributions detailed below.

OBJECTIVE 1: Statistical analysis of EEG signals to identify discriminative
Quantitative EEG feature subsets that are generalizable across multiple brain

disorders.

We present a systematic approach for the statistical analysis of EEG signals,
demonstrating how to identify a highly discriminative subset of Quantitative EEG
(QEEQG) features that can be used to identify various brain disorders. In this objective,
we introduce a unique set of twenty seven QEEG features that are used to classify
behavioral and neurological disorders. This methodology is proven to be generalizable,

as it is applied successfully across multiple brain disorders, specifically ADHD and

AUD.

OBJECTIVE 2: Design a novel framework to measure Functional Connectivity from

EEG signals to capture complex brain patterns for improved disorder classification.

To address this problem, we propose a novel framework that utilizes QEEG features
based on the band-specific absolute values of inter-electrode correlations, serving as a
measure of brain functional connectivity for diagnosing AUD and ADHD.
Specifically, the Pearson product-moment correlation coefficient is calculated between
time-series signals recorded from pairs of EEG electrodes across five frequency sub-
bands. To reduce the dimensionality of the concatenated features from these sub-bands,
we introduce an ensemble feature selection method that integrates both filter and

wrapper techniques.

OBJECTIVE 3: To determine a subset of relevant features from temporal, spectral,

and spatial analysis of EEG signals for improved classification



This objective proposes a novel diagnostic framework that quantifies behavioral and
neurological disorder ability through spectral, power and connectivity QEEG pooled
across temporal, spectral and spatial dimensions of an EEG signal evoked by visual
stimuli; the generalizability of this approach is proved using a subject-wise data
splitting strategy. The spectral features represent the frequency characteristics of the
EEG signal, while power features represent the amplitude characteristics. Connectivity
refers to the inter-hemispheric brain region connectivity, which is measured using
averaged correlation and coherence statistics computed between all possible channel
pairs in the left and right hemispheres. Ensemble-based feature selection is then
employed for the selection of optimal features from the concatenated feature list. To
further train the model, different machine learning algorithms are utilized to classify

the EEG data and achieve good classification accuracy.

1.5 Outline of the Thesis

This thesis is divided into six chapters, as discussed below.

1. Chapter 1: Introduction
This chapter provides an introduction to the thesis, outlining the
problem statement, research gaps and the motivation behind our
research. We also detail the key contributions and present a

roadmap for the rest of the thesis.

2. Chapter 2: Literature Survey
In this chapter, we present an overview of the state-of-the-art
methods employed in EEG signal classification. In the first section
of this chapter, we discuss the temporal, spatial and spectral domain
features, followed by hybrid approaches. Furthermore, we discuss
various feature reduction techniques employed in EEG signal
classification to reduce the framework's complexity. This is

followed by an in-depth analysis of state-of-the-art machine



learning algorithms used for EEG signal classification, concluding

with a summary of findings.

. Chapter 3: Statistical analysis of EEG signals to identify
discriminative Quantitative EEG feature subsets that are

generalizable across multiple brain disorders.

This chapter introduces a set of twenty-seven QEEG features that
form a discriminative subset, demonstrating generalizability across
multiple brain disorders. The study emphasizes the value of a
comprehensive feature set that includes power, spectral, and
functional connectivity measures to effectively capture the diverse
neurological patterns associated with conditions such as AUD and
ADHD. Each EEG signal is segmented into five frequency bands,
from which the twenty-seven QEEG features are extracted for
classification. These features are then employed by machine
learning techniques—Support Vector Machine (SVM), k-Nearest
Neighbors (kNN), Random Forest (RF), and Artificial Neural
Network (ANN)—for the diagnosis of ADHD and AUD.

. Chapter 4: Design a novel framework to measure Functional
Connectivity from EEG signals to capture complex brain patterns
for improved disorder classification.

In this chapter, the framework's core innovation is its reliance on linear
monotonic inter-electrode associations as a primary set of QEEG
features. By systematically computing the absolute value of the Pearson
product-moment correlation coefficient between pairs of EEG
electrodes across multiple frequency sub-bands, we were able to create
a highly comprehensive map of brain functional connectivity. This
approach captures a detailed picture of how different brain regions

interact, providing a rich feature space for subsequent analysis. A critical



component of the framework is its robust feature selection
methodology. To manage the high dimensionality of the data, an
ensemble-based approach was implemented, combining statistical filter
methods with a greedy wrapper algorithm. This process was essential
for identifying a concise, optimal subset of features with maximum
predictive power. The strategic reduction in features not only prevented
overfitting but also significantly improved the classification model's

efficiency and accuracy.

. Chapter 5: To determine a subset of relevant features from temporal,
spectral, and spatial analysis of EEG signals for improved classification
This chapter presents a novel framework designed to extract the twenty-
seven QEEG features defined in Research Objective 1 from spectrally
and spatially filtered EEG signals that have been preprocessed using
sub-time segmentation. A filter bank is developed to decompose the 0—
100 Hz frequency range into ten sub-bands. Subsequently, a spatial
filtering technique is applied to select six spatially filtered channels for
feature extraction. To reduce feature dimensionality and retain the most
relevant features for classification, we introduce an ensemble-based
feature selection approach that combines multiple selection techniques.
The proposed framework is evaluated on various datasets associated
with different brain disorders to assess its generalizability and
effectiveness.

. Chapter 6: Conclusion

This chapter summarizes the key findings and main contributions of
the thesis. Along with that, future research directions are also

discussed in this chapter.



Chapter 2

Literature Survey

This chapter provides a comprehensive review of the existing literature on the
analysis and classification of electroencephalography (EEG) signals. The primary
focus of this survey is to explore the various methods and techniques that have been
employed to extract and utilize features from EEG data in the spatial, spectral, and
temporal domains. The goal of this review is to establish a foundational understanding
of the current state of research, identify key methodologies, and pinpoint existing gaps
in the literature that this thesis aims to address. This chapter reviews the literature on
EEG signal analysis by focusing on three key domains: spatial, spectral, and temporal.
We will examine methods used to capture the topographical distribution of brain
activity, such as Common Spatial Pattern (CSP), which helps in separating different
brain states. The review will also cover techniques that analyze the signal's frequency
components, including Power Spectral Density (PSD) and Wavelet Transforms, to
quantify activity within specific brainwave bands. Finally, we will explore state-of-
the-art methods for analyzing the EEG signal, statistical measures and models for
various brain disorders.

EEG signals represent the electrical activity of the brain recorded from
electrodes placed on the scalp using standardized electrode placement systems such as
the ten-twenty electrode system [82]. These signals contain valuable information about

brain function and can be analyzed using various signal processing techniques to



extract meaningful features for clinical applications [118]. The complexity of EEG
signals necessitates sophisticated processing methods to extract relevant information
while minimizing noise and artifacts [39, 107]. The field of EEG signal processing has
evolved significantly, with researchers developing various approaches to analyze brain
signals in different domains [72, 80, 114]. Modern EEG analysis platforms such as
EEGLAB [20, 41] and FieldTrip [111] have facilitated advanced signal processing and
analysis. This survey reviews the literature by processing domain and methodology,

offering insights into current research trends.

2.1 Literature Survey on Domain-Specific EEG
Features: Temporal, Spectral, and Spatial

2.1.1 Temporal Domain Features

The temporal domain focuses on extracting features directly from the raw time
series EEG signal. This approach has been a key research area for various brain
disorders, such as AUD and ADHD classification. Statistical features extracted from
the time domain have proven effective for various neurological and psychiatric
applications. Multiple studies have demonstrated the effectiveness of time-domain
statistical features for diagnosis of alcoholic EEG signals [16-17,117,131]. These
studies utilized features such as mean, standard deviation, skewness, and kurtosis to
characterize the temporal properties of EEG signals. The attention continuity measure
has been identified as a significant nonlinear feature for detecting ADHD in children
in [8]. This temporal feature captures the sustained attention capabilities by analyzing
the continuity of attention-related patterns in EEG signals over time. Several other
studies have also explored similar temporal domain features for detecting ADHD. [21,

47,93,122].

Nonlinear analysis techniques have gained prominence in temporal domain EEG
processing [57,116,121]. These methods capture the complex, nonlinear dynamics of
brain activity that may not be apparent through conventional linear analysis. The
application of nonlinear features has shown promise in various clinical applications,

including ADHD diagnosis and alcoholism detection [2, 9, 10]. Recurrence plot

10



analysis and other nonlinear methods have been applied to understand the complex
temporal dynamics of brain signals [102]. These approaches provide insights into the

deterministic and stochastic components of EEG signals.

Several studies have examined temporal dynamics in various neuropsychiatric
conditions. For autism spectrum disorder, temporal features have been examined in
multiple studies [18, 36, 37, 48]. The temporal variability of brain connections has
been studied in ADHD and bipolar disorder in [12], revealing distinct patterns in these
conditions. For epilepsy detection, temporal domain features have been widely utilized
[23, 79]. Temporal domain analysis encounters several challenges, such as sensitivity
to artifacts [94, 107], susceptibility to noise, and the requirement for careful
preprocessing [39]. The interpretation of temporal features can be complex,
particularly when dealing with multi-channel EEG recordings where temporal

relationships between different brain regions must be considered.

2.1.2 Spectral Domain Features

Spectral analysis examines the frequency components of EEG signals, which is
vital for understanding rhythmic brain activity. Spectral domain analysis examines the
frequency content of EEG signals, typically focusing on specific frequency bands
associated with different brain states and pathological conditions. The traditional EEG
frequency bands include delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30
Hz), and gamma (>30 Hz) [118]. Multiple studies have utilized frequency band
analysis for various applications [30-35] [58, 97, 98]. The theta/beta ratio has been
extensively studied as a biomarker for ADHD diagnosis. Arns et al. [11] conducted a
comprehensive meta-analysis of a decade of EEG theta/beta ratio research in ADHD,
establishing the clinical significance of this spectral measure. The elevated theta/beta
ratio in ADHD patients reflects the imbalance between slow-wave (theta) and fast-
wave (beta) activities in the brain. The absolute and relative power of an EEG signal
have been used as features for AUD diagnosis, with t-tests and Principal Component
Analysis (PCA) used for feature selection [83]. Power spectral density (PSD) analysis

quantifies the distribution of signal power across different frequency components. This

11



technique has been widely used in neuropsychiatric applications [50,60, 95].
Frequency domain features were also introduced utilized in [49] for ADHD
classification. Studies have shown that PSD features can effectively characterize
different brain states and pathological conditions. Spectral features have been used for
early detection of Alzheimer's disease [68, 74, 99, 103-105], with studies showing
characteristic changes in spectral power distributions. Spectral analysis has been used
for sleep stage classification in [27, 45, 130] and drowsiness detection in [40, 46].
Multiple studies have utilized spectral features for emotion recognition from EEG [95,
124]. Spectral coherence analysis examines the functional connectivity between
different brain regions by measuring the correlation between frequency components
of EEG signals from different electrodes. Tcheslavski and Gonen [119] investigated
alcoholism-related alterations in the spectrum, coherence, and phase synchrony of the
topographical electroencephalogram, revealing significant changes in spectral
connectivity patterns. Similar approaches have been used in other studies examining

brain connectivity [5, 12, 125].

Anuragi et al. [9] utilized Fourier-Bessel series expansion based empirical
wavelet transform for automated alcoholism detection. The continuous wavelet
transform has been applied for alcoholism diagnosis [123], and flexible analytical
wavelet transform has shown promise in alcohol use disorder detection [10]. Wavelet-
based approaches have been extensively used for seizure detection [53, 63, 87, 88].
These studies have demonstrated the effectiveness of wavelet transforms in capturing
the time-frequency characteristics of epileptic seizures. Wavelet techniques have been
applied to ADHD detection and analysis [84], providing better time-frequency

resolution compared to traditional Fourier-based methods.

Spectral analysis of each band and approximation entropy (ApEn) were utilized
in [113] to analyze the EEG signal of adolescents with ADHD, with results showing
significantly lower ApEn in ADHD patients over the right frontal regions. Spectral
entropy was utilized in [108] to find the abnormal patterns in the EEG signal for brain
disorder classification. Table 2.1 gives a Comparative Analysis of Strengths and

Limitations of Previous and Recent EEG-based diagnostic Approaches.
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Table 2.1 Strengths and Limitations

Extraction and Classification

of Related Work in QEEG Feature

Ref. | Author(s) | Disorder | Features | Classifi | Strengths Limitation
/ Year Used er / s
Model
[83] | Mumtaz et | AUD Power, SVM, Benchmark | Limited to
al., 2016 spectral RF dataset, good | spectral
baseline domain,
performance | ignores
connectivit
y
[2] | Acharyaet | AUD Time- ANN Effective Neglects
al., 2014 domain seizure and | frequency
features AUD-related | and spatial
temporal information
modeling
[12 | Toole et | ADHD Quantitati | kNN, Efficient No spatial
0] al., 2017 ve SVM spectral or
spectral characterizat | connectivit
features ion y analysis
[18] | Bhati et | ADHD Spectral- | RF Improved No
al., 2018 spatial spatial temporal
filter discriminati | segmentatio
bank, on n
CSP
[19] | Park et al., | ADHD Spectral- | CNN Automatic Requires
2019 spatial feature large
features learning datasets,
low
interpretabil
ity
[74] | Luo et | Multi- Selective | Deep Combines Designed
1.,(2024) view time- | multi- classifie | multi-view for motor
frequency | view r time— imagery
decompos | time- frequency tasks, not
ed spatial | frequency decompositi | clinical
features spatial on with | diagnosis
feature spatial
matrix encoding
[12 | Chen et | ADHD Brain Deep Models Complex
5] al., 2019 network | learning | network preprocessi
connectiv topology ng, limited
ity explainabili
ty
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[44] | Garcia- ADHD Temporal | SVM /| Highlights Focuses on
Ponsoda et | diagnosis | segment- | Rando | importance | pipeline
al. (2024) based m of optimizatio
EEG Forest / | preprocessin | n, not novel
features | Deep g and | feature
models | temporal fusion
segmentatio
n; improves
classificatio
n robustness
[12] | Barttfeld | ADHD, Functiona | Statistic | Demonstrate | No
etal., 2014 | Bipolar 1 al s disorder- | classificatio
connectiv | analysis | specific n
ity networks framework
[33] | Deshmukh | ADHD Regional | ML Identifies Limited
et classificati | EEG classifie | discriminati | multi-
al. (2024) | on features rs ve brain | domain
(brain- (SVM, | regions; feature
region- RF, interpretable | fusion; no
based etc.) ML deep
analysis) framework spatiotempo
ral
modeling
2.1.3 Spatial Domain Features

Spatial domain analysis examines the distribution of brain activity across

different scalp locations. The spatial domain focuses on the relationships and

interactions between different EEG channels, effectively treating the brain as a

network. This domain is valuable for analyzing how activity is distributed and

connected across the brain. Brain topographical mapping provides insights into the

spatial patterns of neural activity and can reveal region-specific abnormalities in

neurological and psychiatric conditions [50, 132]. The Common Spatial Pattern (CSP)

algorithm is a widely used spatial filtering technique that identifies the most

discriminative EEG channels by maximizing the variance of EEG signals from one

class while minimizing the variance from another class. TaghiBeyglou et al. [116]

applied CSP along with nonlinear analysis of filter-banked EEG for ADHD diagnosis

in children. CSP has also been applied in brain-computer interface applications [90,
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112, 128] and motor imagery classification [100, 128].

Spatial domain analysis extends to brain network connectivity studies. Aydin et
al. [5] compared domain-specific connectivity metrics for estimating brain network
indices in boys with ADHD. The authors explored correlation, phase, and coherence
measures for brain region connectivity analysis in boys undergoing treatment for
ADHD. While ANOVA was used for feature selection, the classification was achieved
using logistic regression. Barttfeld et al. [12] examined functional connectivity and
temporal variability of brain connections in adults with ADHD and bipolar disorder,
revealing distinct spatial connectivity patterns. Brain connectivity has been studied in
autism spectrum disorder [62, 106], showing altered connectivity patterns compared
to typical development. Wang et al. [125] investigated disrupted brain network
efficiency and decreased functional connectivity in multi-sensory modality regions in

male patients with AUD.

Optimal channel selection is crucial for effective spatial domain analysis. Bavkar
et al. [13, 14] developed approaches for rapid screening of alcoholism using optimal
channel selection, demonstrating that careful selection of EEG channels can
significantly improve classification performance while reducing computational
complexity. Other studies have addressed channel selection for various applications
[93, 94], showing the importance of spatial optimization in EEG analysis. Bavkar et
al. [14] further utilized EMD domain statistical features combined with harmony
search algorithm for optimal EEG channel selection in alcoholism screening. Kumar

et al. [84] applied empirical mode decomposition for ADHD identification.

Brain symmetry indices provide valuable spatial information about hemispheric
differences in brain activity. Van Putten [132] introduced the revised brain symmetry
index, which has applications in various neurological conditions where hemispheric
asymmetry is a characteristic feature. Spatial features have been used for Parkinson's
disease detection [19, 22, 83], showing characteristic spatial patterns associated with
the condition. Spatial analysis has been applied to cognitive workload assessment [25,

92], revealing spatial patterns associated with different levels of mental effort.
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2.14 Hybrid Approaches

Hybrid approaches combine features from multiple domains (e.g., temporal,
spectral, and spatial) to create more robust and accurate classification models. Hybrid
domain analysis combines features from multiple domains to provide a more
comprehensive characterization of EEG signals. This approach leverages the
complementary information available in different domains to improve classification
accuracy and robustness. Time-frequency analysis techniques, for instance, provide
simultaneous temporal and spectral information. These methods are particularly
valuable for analyzing non-stationary EEG signals where frequency content varies

over time.

Multi-domain approaches combining temporal, spectral, and spatial analysis
provide superior performance compared to single-domain methods, as proved in the
past studies [9, 10, 14, 116, 121]. Wang et al. [124] developed a spatial-temporal
feature fusion neural network for EEG-based emotion recognition, demonstrating the
effectiveness of combining spatial and temporal information in a unified framework.
Similar approaches have been used in other applications as well [26, 54, 91, 100].
Hybrid approaches often incorporate multimodal information, combining EEG with
other neuroimaging modalities or physiological signals. This integration provides a
more comprehensive understanding of brain function and can improve diagnostic
accuracy [51,69]. Multiple studies have used hybrid approaches for BCI Brain-
Computer Interface applications [70, 71, 81, 112, 128], combining different signal
processing techniques for improved performance. Hybrid methods have also been
extensively used for epilepsy detection [38, 44, 79], combining multiple feature types

for robust seizure identification.

2.2 Feature Selection for Advanced EEG Analysis

Feature selection methods aim to identify a compact subset of features that
reduces redundancy while enhancing relevance to the target variable. These techniques
typically rely on filter-based and wrapper-based approaches. Statistical filter-based

methods for feature selection examine the relevance and redundancy of features based
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on statistical measures. These methods are computationally efficient and provide
insights into the discriminative power of individual features [52, 93]. Wrapper-based
methods evaluate feature subsets by training and testing machine learning models.
While computationally intensive, these methods often provide superior feature subsets

tailored to specific classification algorithms [52, 93].

Embedded methods incorporate feature selection within the model training
process. These approaches are particularly relevant for neural networks and other
complex models where feature importance can be learned during training [ 70, 71,
100]. Various other techniques have also been explored such as Independent
Component Analysis [41, 94], manifold learning [56], and sparse representation [90]
for dimension reduction in EEG. Multiple studies have addressed feature selection for
alcoholism detection [13, 14], demonstrating the effectiveness of optimal feature
selection in improving classification performance. Feature selection has been applied
to epilepsy detection [63, 65, 79, 85, 87, 88, 89], helping to identify the most
discriminative features for seizure classification. Agrawal et al. [4] conducted a
comprehensive survey of metaheuristic algorithms for feature selection, covering one
decade of research (2009-2019). These algorithms, including genetic algorithms,
particle swarm optimization, and harmony search, have been successfully applied to
EEG feature selection problems. The harmony search algorithm has been specifically
applied to EEG channel selection for alcoholism screening [14], demonstrating the

effectiveness of metaheuristic approaches in optimizing feature subsets.

23 Classification Techniques for EEG Feature-Based
Analysis

As machine learning models become more complex, ensuring interpretability of
results becomes increasingly important [96], particularly in clinical applications where
understanding the decision-making process is crucial. Support Vector Machines have
been widely used for EEG classification due to their effectiveness in high-dimensional
spaces and ability to handle non-linear relationships through kernel functions. SVM

approaches have been applied to ADHD and alcoholism detection [6][93][109],
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demonstrating effectiveness in identifying ADHD patterns. SVM has been extensively
used for seizure detection [85, 89], providing robust classification performance. SVM
has been applied to various other conditions, including autism [42, 43, 67], Parkinson's
disease [19, 22], and emotion recognition [75, 78]. k-NN has been used in various EEG
classification tasks [50, 64, 65], providing simple but effective classification. Tree-
based methods have been applied in multiple studies [15, 19, 22], offering interpretable
classification models. Bayesian approaches have been used in some EEG classification
studies [64, 65], providing probabilistic classification outputs. Ensemble methods
combine multiple classifiers to improve overall performance. Susan et al. [115]
evaluated heterogeneous ensembles with boosting meta-learner, demonstrating the
potential of ensemble approaches in EEG classification tasks. Other ensemble
approaches have been used in various studies [28, 88, 115]. Acharya et al. [3]
developed a deep CNN for automated detection and diagnosis of seizure using EEG
signals, achieving high accuracy in seizure detection tasks. Other CNN-based seizure
detection studies include [25,28,79, 86]. CNN approaches have been applied to ADHD
detection [47, 59], showing promise in automated ADHD diagnosis. CNNs have been
used in various other applications [29, 77, 100, 101], demonstrating their versatility in
EEG signal processing. LSTM networks have been used for emotion recognition [54,
91], effectively capturing temporal patterns in emotional states. RNN variants have
been applied to various EEG classification tasks [28, 54, 91], showing effectiveness in
handling sequential data. EEGNet, a pre-train model was used in [133] to diagnosis
the ADHD in children. Hybrid architectures combining CNNs and LSTMs have been
used in multiple studies [28, 54, 91], leveraging both spatial and temporal feature
learning capabilities. Some studies have incorporated attention mechanisms to focus
on relevant parts of the EEG signal [124], improving classification performance.
Multiple studies have developed specialized BCI classification systems [70, 71, 81,
90, 112, 128], incorporating domain-specific knowledge and requirements. Real-time
classification has been addressed in several studies [40, 46, 51, 70, 71, 127], focusing
on low-latency processing for practical applications. Multi-class classification
approaches have been developed for various applications [79, 81], handling multiple

categories of brain states or conditions.
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Belete and Huchaiah [15] investigated grid search in hyperparameter optimization of
machine learning models, providing insights into systematic approaches for
optimizing classifier performance. Similar optimization approaches have been used in
other studies [15, 52]. Proper validation strategies are crucial for reliable performance
estimation in EEG classification tasks. The choice of cross-validation method can
significantly impact the reliability of reported results, as addressed in multiple studies
[15, 52, 64, 65]. The lack of standardized protocols for EEG data collection,
preprocessing, and analysis makes it difficult to compare results across different
studies and laboratories [82, 118]. Establishing standardized procedures would
facilitate better comparison and validation of results. High-quality, labelled EEG
datasets are essential for developing robust classification systems. Several studies have
contributed datasets [103, 108, 120], but more comprehensive and diverse datasets are
needed. Translating research findings into clinical practice remains challenging.
Studies need to demonstrate not only technical accuracy but also clinical utility and

practical implementation feasibility [1, 69, 96].
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Chapter 3

Statistical analysis of EEG signals to identify
discriminative Quantitative EEG feature
subsets that are generalizable across multiple
brain disorders

This chapter presents the statistical techniques to identify reliable and broadly
applicable quantitative EEG (QEEG) features that can help distinguish between
different brain disorders. Instead of limiting the analysis to a single domain, we
identify subsets of QEEG features spanning the spectral, spatial, and temporal
domains, to identify features that work across multiple neurological issues. This could
lead to more accurate diagnoses and make clinical processes more efficient. Unlike
traditional methods targeting a single disorder, this broader approach is designed to
improve how practical and adaptable these diagnostic tools are in real-world

healthcare.

Brain disorders are inherently complex, and understanding them requires a careful and
statistically sound approach to interpreting high-dimensional EEG data. Since raw
EEG signals are often noisy and filled with information that may not directly relate to
the diagnostic objective, extracting and selecting the right features becomes essential.
This chapter presents a systematic process of deriving a rich set of QEEG features that
can help to effectively diagnose multiple brain disorders, specifically AUD and
ADHD. These include spectral power across standard frequency bands (delta, theta,
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alpha, beta, gamma), coherence measures that capture functional connectivity between
brain regions, and a variety of temporal and spatial characteristics—all aimed at
building a diagnostic framework that is both robust and generalizable. EEG signals are
analyzed to extract power, spectral, and functional connectivity features across five
frequency bands, which are used for the diagnosis of brain disorders. Four feature
selection methods: ANOVA, Chi-square, Gini Index and Information Gain ratio are
used to rank the QEEG features based on their relative importance to the classification
task. A majority voting scheme is used to select the most prominent features for
classification. We conducted experiments on benchmark AUD and ADHD datasets to
demonstrate that our proposed framework outperforms state-of-the-art approaches in

terms of classification performance.

3.1 Proposed QEEG Feature Set and Extraction
Framework

The proposed framework for QEEG feature extraction is depicted in Figure 3.1.
In the first step, the EEG is decomposed into delta (0.5-4 Hz), theta (4-7 Hz), alpha (7-
13 Hz), beta (13-30 Hz) and gamma (30-100 Hz) frequency bands using a filter bank.
Each sub-band is subsequently employed to extract power [63], spectral [123], and
connectivity [106][120] features, as outlined in Table 3.1. A majority voting feature
selection technique reduces the input vector dimension for classification. The proposed
majority voting scheme uses the ensemble feature ranking method to select the most
important features for classification. We used ANOVA, Chi-square test, Information
Gain Ratio and Gini index (GI), four ranking strategies to give a rank to all the features
and the top-k most significant features are selected for the classification task. The
selected features are classified by Support Vector Machine (SVM), k-Nearest
Neighbour (kNN), Random Forest (RF) and Artificial Neural Network (ANN)

classifiers.
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Figure 3.1: Proposed Framework for QEEG Feature Extraction.

Table 3.1: Details of the proposed QEEG feature set introduced in this study.
[Notations: x denotes the EEG signal in time-domain, e denotes the signal envelope,
w denotes the time window, SD denoted standard deviation, p denotes probability, n
denotes the number of samples, X denotes the EEG signal in frequency-domain,
DFT denotes Discrete Fourier Transform, K denotes the number of frequency bins,
PSD is Power Spectral Density, the presence of a bar indicates the mean], along with
citations of usage in previous works. For the formulae, we have adopted the
variables used in the NEURAL toolbox [9]

S.No QEEG Formula Description
feature
F1 (Power) ATP AP= % " abs(X;)? Amplitude power
(Amplitude in the time
Total power) domain: average
power of EEG
signal over time,
which reflects
the overall
strength of neural
activity
F2 (Power) ASD ASD= (6 -X )2 Standard
n-1 deviation in the
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(Amplitude

time domain:

Standard captures both fast
Deviation) and slow
variability of
EEG signal
amplitude over
time
F3 (Power) ASKW ASKW= Ziza®i=X)° Skewness in the
(Amplitude (nsp? time domain:
Skewness) asymmetry in the
distribution of
EEG signal’s
amplitude over
time
F4 (Power) AKR AKR= Zi=a i =X)* Kurtosis in the
(Amplitude (nnyespt time domain:
Kurtosis) extremity of
deviations in the
EEG signal, such
as spikes or
bursts
F5 (Power) AEM AEM=Y" 1% Mean of signal
(Amplitude envelope:
Envelop average
Mean) amplitude of the

EEG signal
envelope over
time, which
captures dynamic
fluctuations in

signal strength
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over time

F6 (Power)

AESD
(Amplitude
Envelop SD)

Z?=1(ei _e—)Z

n-1

AESD=

Standard
deviation of
signal envelope:
captures only
slow modulation
changes over

time

F7 (Power)

REM
(rEEG Mean)

REM; = Yy 1i[l]/L

where, r(1) denotes the peak-to-peak
signal voltage in a short-time windowed
segment controlled by parameter I; 1 is

the number of window segments

Mean value of
peak-to peak
signal voltage:
mean of
difference
between the
maximum peak
and minimum
trough across
different time

windows

F8 (Power)

REMD
(rEEG
Median)

REMD = Median (r[1])

Median value of
peak-to peak
signal voltage:
mean of
difference
between the
maximum peak
and minimum
trough across
different time

windows
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F9 (Power)

RESD
(rEEG SD)

Z?zl(T—T_‘)Z

RESD=

Standard
deviation of
peak-to peak
signal voltage:
SD of difference
between the
maximum peak
and minimum
trough across
different time

windows

F10

(Power)

RELM
(rEEG Lower

margin)

Riower= percentile (x, 0.05)

Lower margin
(5th percentile)
of peak-to-peak
signal voltage:
value below
which 5% of all
peak-to-peak
voltage readings

fall

F11

(Power)

REUM
(rEEG upper

margin)

Rypper= percentile (0.95, x)

Upper margin
(95th percentile)
of peak-to peak
signal voltage:
value above
which only 5%
of all peak-to
peak voltage
readings fall

F12

(Power)

REW
(rEEG width)

Ryiacn =Rupper — Riower

Upper margin —

lower margin:
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inter-percentile

range of peak-to-

peak voltage
excluding
outliers
F13 RCOV RCOV = BESD Coefficient of
(Power) (rEEG o Variation: ratio
Coefficient of of SD to mean of
variance) peak-to-peak
voltage
F14 REASY R _Rupper—Rmedian)~(Rmediam~Riower) | Asymmetry
(Power) (rEEG o Fupper™Riower about the
Asymmetry median:
symmetry of
distribution
around the
median
F15 SPAP AP, = Z X2/ K Absolute power
(Spectral (Spectral v in the spectral
Distributio absolute domain: Total
n) power) power in specific
EEG frequency
bands
F16 SPRP RP = AP /AProtar Relative power
(Spectral (Spectral in the spectral
Distributio | relative power domain: Ratio of
n) power in specific

EEG frequency
bands to the total
power across all

bands
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F17

SPF

exp(Xyxlog PSD[K]/K)

Spectral flatness:

SPF=
Ywxlog PSD [k]/k
(Spectral (Spectral ratio of
Distributio Flatness- geometric mean
n) Winner of power spectral
Entropy) density to its
arithmetic mean
F18 SPD SPD=Y.,|PSD¥ — PSDk Spectral
(Spectral (Spectral difference:
Distributio | Difference) difference
n) between power
spectral densities
over time
F19 SPE SPE=— kamgk] lzg PSD[K] Spectral entropy:
og
(Spectral (Spectral disorder of
Distributio Entropy- where, PSD is the normalized power power
n) Shannon spectral density equal to PSD divided by distribution
total PSD across frequencies
entropy) across
frequencies
F20 SPEF SPEF= Spectral edge
(Spectral (Spectral argvr?in(SP RP(f) — SPRP(0.5) 2 0.95) | frequency:
Distributio Edge frequency below
n) Frequency) which 95% of
total spectral
power lies
F21 FD FD =log(n)/ [lo g (dTm) + log (n)] Katz fractal
(Spectral (Fractal dimension:
S _ _ where, L is the length of the signal and
Distributio | dimension) ) ) roughness or
dm is the diameter
n) complexity of the
time series
F22 PEEN PEEN= - Y72, p()log p(j) Permutation
(Spectral (Permutation entropy:
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Distributio Entropy) | where, j denotes each permutation and | irregularity of the
n) m is the length of the ordinal samples in | {jme series
the range of 3to 7
F23 BSI _lyf2 PSDert(K)=PSDyigne(k)
N | BSI=— Y r1 PSD1osc(K)+PSDrigne (0 Measures
(connectivi (Brain
symmetry
t symmet * i i
y) y ry PSD is power spectral density between left and
index (averaged over channels in the left and right
right hemispheres); F is the frequency )
hemispheres
range equal to f2—f1
F24 CORR CORR= Median [Correlation(cy,cy)] Median of
V channel pairs
(connectivi | (Correlation) correlation of
*correlation is Pearson correlation; )
ty) ) ) signal envelope
(ci,¢2) is a channel pair
between all
possible channel
pairs
F25 COHM COHM=
. 1o |PSDc1ca B[ Median of mean
(connectivi | (Mean | median . Xy o e e
1,42
ty) coherence) coherence over
*PSD is power spectral density; Fis the |all possible
frequency range equal to f2—f1; (¢1,¢2) is | channel pairs
a channel pair
F26 COHMX |COHMX= Median of
(connectivi | (Connectivity | 7. [ |PSDc1,cn maximum
—_— | —— PSD(Cl,Cl)(k)X PSD(CZ,CZ)(k)
ty) coherence | V(cuez) | VEk Vi coherence over
max) *PSD is power spectral density; (c,c.) is | a1l possible
a channel pair. channel pairs
F27 COHFMX |COHFMX= Median of the
(connectivi | (Frequency of ) frequency of
: median |argmax |PSD(CI’C2)(k)| :
ty) maximum | S g PSD 101y (k) X PSD (¢, (k) | || Maximum
k
coherence) ! coherence over

*PSD is power spectral density; (c,c.) is

a channel pair.

all possible
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28




3.2 Quantitative EEG Feature Selection by Majority
Voting for Alcohol Use Disorder Detection

This section describes the identified QEEG features and explores their diagnostic
value in the context of Alcohol Use Disorder (AUD). We extract power, spectral, and
connectivity features listed in Table 3.1, 8640 in all, from the five frequency bands
across 64 EEG channels. To reduce the complexity of the classification model, the
top-3000 significant features are identified using a majority vote amongst different
feature selection and ranking methods: - ANOVA, chi-square test, Gini Index and
Information gain ratio. Experiments on a benchmark AUD dataset prove that our
method performs better than the state of the art. Among all classifiers, the highest
accuracy is 98.65%, which was obtained using the ANN classifier for the proposed
method.

3.2.1 Pre-Processing

QEEG feature extraction involves the application of mathematical programs to
transform the raw EEG into frequency bands [120]. First, a low-pass filter at a cut-off
of 30 Hz is used, and then the EEG signal is down-sampled at 128 Hz. The resultant
EEG is divided into delta (0.5-4 Hz), theta (4-7 Hz), alpha (7- 13Hz), beta (13-30Hz)
and gamma (30-100 Hz) frequency bands. Before extracting the features, all the

electrodes were arranged in a common reference montage (CAR) and bipolar montage.

3.2.2 Feature Extraction

For further analysis, the twenty seven features listed in Table 3.1 are extracted
from five frequency sub-bands across the 64 electrodes. Fourteen power features are
extracted as listed from F1 to F14 in Table 3.1. Eight spectral features from F15 to F22
are derived from the spectral domain. The EEG signal is converted into the frequency
domain using the Fast Fourier transformation, for frequencies ranging from 0.5 to 100

Hz at a resolution of 0.5 Hz. Five connectivity features from F23 to F27 are extracted
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from each frequency band for every channel. A total of 8640 features are extracted in

this manner from the five frequency bands pertaining to the 64 EEG channels.

3.2.3 Feature Selection

For finding the most important QEEG features that aid in AUD diagnosis, an
ensemble of feature ranking methods is used. The following feature ranking
techniques constitute our proposed ensemble:

e ANOVA: Analysis of variance (ANOVA) is a statistical model that determines
the statistical difference between the independent groups.

e Chi-square test: The chi-square test finds the relationship among categorical
data. It is a statistical hypothesis test that estimates the features that are dependent on
each other.

e Information Gain Ratio: Information gain ratio is the reduction in uncertainty.
It is the ratio of information gain and the attribute’s intrinsic information.

¢ Gini index (GI): Gini index is a feature selection method that measures the

inequality or discrimination level of the features within a class.

3.24 Classification

In our experiments, we have used four different classifiers to distinguish
alcoholic and non-alcoholic EEG data. The four classifiers are Support Vector
Machines (SVM), k-Nearest Neighbor (KNN), Random Forest (RF), and Artificial
Neural Network (ANN). SVM classifies the data based on the margin maximization
concept. KNN is a non-parametric classification algorithm that uses similarity
measures to classify new cases among already stored available instances. RF is a non-
linear ensemble classifier that contains N number of decision trees. Each decision tree
has a different set of hyper-parameters on a sub-sample of a dataset. ANN is a complex
adaptive classification system that can change its internal structure based on adjusting
the weight of a connection. For the experiments and result analysis, we used MATLAB

R2019a version.
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3.25 Dataset

EEG data of alcoholic and non-alcoholic subjects were obtained from the
University of California (UCI)!. The EEG data is extracted from 64 electrodes, which
are placed on the scalps of the subjects. The electrode position on the subject's scalp
was located using the American Electroencephalographic Association standard. EEG
signals of 120 subjects were recorded when they were shown 90 images of various
objects. Each subject completed 120 trials for various stimuli. The signals have a
resolution of 12 bits, and the EEG signals are measured at a frequency rate of 256 Hz
for 32 seconds. After removing trails that had unwanted eyes and noise artifacts, the
EEG recordings of each class were obtained. In this study, we used the “large dataset”
version in the database, which contains separate training and testing data sets. This
version contains 300 samples belonging to 10 alcoholic individuals and 300 samples
belonging to 10 control individuals in the training set, and likewise in the testing set.
Two independent cohorts—validation (V) and cross-validation (CV) are used in the
study, to test the generalization ability of the proposed approach. The validation cohort
corresponds to the training set (600 samples), and the cross-validation cohort
corresponds to the testing set (600 samples). Figure 3.2 (a) shows a single electrode

signal of an alcoholic subject, and 3.2(b) shows a single electrode signal of a control

subject.
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Figure 3.2: EEG signals (a) Control signal (b) Alcoholic Signal

! https://kdd.ics.uci.edu/databases/ecg/eeg.data.html
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3.2.6 Results and analysis

This section describes the main findings of our work. Extensive experiments are
carried out to evaluate the proposed QEEG features for the classification of alcoholic
and non-alcoholic EEG signals. In our analysis, the feature vector contains 8640
features that were derived from five frequency bands pertaining to the 64 EEG
channels and ranked individually by different feature selection and ranking methods
such as ANOVA, information gain ratio, Chi-square and Gini index feature selection
methods. Each feature selection method assigns a score to each feature according to
its criteria. Majority voting is now performed among the four feature ranking methods.
After that, we select the top 50, 500, 1000, 1500, 2000, 2500, 2867, 3000, 3500, 4000
and 4500 features selected by majority voting technique for classification. We find that
before and after 3000 features, there is no noticeable change in accuracy scores. So the
top-3000 highly ranked features are selected for the classification. We compare our
results with those of [18][63][83],[90] and [120], which are state-of-the-art methods
for QEEG classification. Table 3.2 summarizes the classification performance using
all four classifiers (KNN, SVM, RF, and ANN) for all methods. The proposed method
gives the maximum accuracy of 98.65% (CV) using ANN classifier. The other
classifiers like kNN, SVM, RF achieve accuracy of 96.10%, 95.43%, and 93.56%
(CV) respectively.

Table 3.2 Performance of various methods for alcoholism diagnosis shown for
validation (V) on the test data and cross-validation (CV) on the train data.

Author | Classifier Accuracy | Feature Feature No. of
name Accuracy (CV) extraction selection EEG
& Year V) channels
Mumtaz kNN 75.74% 74.64% Absolute power, | t-test and 64
et al. SVM 84.32% 85.15% Relative power | principal
(2016) RF 79.37% 78.77% component
[83] ANN 86.47% 84.20% analysis
Toole et kNN 96.20% 94.90% Amplitude, - 64
al. SVM_ | 96.53% | 9533% | 'EEG.
(2017) RE 93 40% 93.05% connectivity,
[120] "7ANN | 94.88% | 92.88% | Purst and inter-
burst intervals,
and spectral
QEEG
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Park et | Ensemble | 71.61% 71.26% CSp Mutual 6
al. classifier information-
(2017) based feature
[90] selection
Bhatti Radial 75.48% 75.90% CSP Sequential 6
et al. basis backward
(2019) function floating
[18] neural selection
networks
Huang kNN 71.95% 72.50% QEEG + Al |- 64
et al. SVM 80.69% 80.10% sub-bands
(2020) RF 77.56% 76.46%
[63] ANN 83.66% 82.60%
Propose kNN 95.12% 96.10% QEEG + All | Majority- 64
d SVM 94.90% 95.43% sub-bands voting
Method RF 92.80% 93.56%
ANN 98.28% 98.65%

We find that, among the top-3000 features, the maximum number of features are
selected from the theta frequency band. Figure 3.3 plots the number of selected
features associated with the 64 electrodes for the top-3000 selected features. We
observe from Figure 3.4 that the maximum selected features are associated with the
FP1, FP2, AF1 and AF2 electrodes, proving that the left and right frontal lobes are
the brain regions that are affected the most in AUD, as illustrated in Figure 3.4. Our
result demonstrates that the frontal lobe is the most vulnerable brain region in an

alcoholic subject.
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Figure 3. 3 Selected features from different electrodes
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Figure 3.4 The four electrodes associated with the maximum number of selected
features (FP1, FP2, AF1, and AF2) are shown highlighted in yellow.

33 Computer-Added Diagnosis Framework for
ADHD Detection using Quantitative EEG

This section describes the identified QEEG features and explores their diagnostic
value in the context of Attention Deficit Hyperactivity Disorder (ADHD). A 19-channel
EEG signal from a benchmark ADHD dataset? is used to extract the power, spectral and
functional connectivity features from five frequency bands to diagnose ADHD in

children.

3.3.1 Pre-Processing

The EEG signal is upsampled at 256 Hz sampling frequency in the preprocessing
stage. Then the signal is filtered using a bandpass filter to generate five frequency bands
corresponding to delta (3: 0-3 Hz), theta (0: 4-7 Hz), alpha (o.: 8—12 Hz), beta (: 13—
30 Hz), and gamma (y: 30—100 Hz) [101]. The time series was segmented into 1-second
segments for each subject, and the number of segments is varied because each child

takes a different time to perform the task. The topographic map represents the activity

2 https://ieee-dataport.org/open-access/eeg-data-adhd-control-children
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across the scalp. Figure 3.5 displays the band-wise topographic maps of an ADHD
participant and a healthy participant. In this representation, the blue colour across the

scalp represents less activity, and the red colour represents high activity.

@ @
? @

Figure 3.5 Topographic map of ADHD and healthy participants. ADHD band-wise
topographic map displayed from (a) to (e) and the healthy participant band-wise
topographic map displayed from (f) to (j). The blue colour represents less activity,
and the red colour represents high activity across the scalp.

3.3.2 Feature Extraction

In this step, for each frequency band, we extract the twenty seven QEEG
features (given in Table 3.1) for ADHD classification. The EEG signal is converted
into the frequency domain using the Fast Fourier transformation (FFT) for frequencies
ranging from 0 to 100 Hz at a resolution of 0.5 Hz. Then all the features are extracted

from each of the sub-bands for the 19 EEG channels.

3.3.3 Feature Selection

In the proposed framework, we used the ensemble feature ranking method to
select the most important features for classification. We used ANOVA, Chi-square
test, Information Gain Ratio and Gini index (GI), four ranking strategies to give a rank
to all the features. A majority voting scheme, similar to that used by the authors in
their previous experiment, is used to determine the most significant 600 features for

ADHD diagnosis.
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3.34 Classification

In our experiments, four classifiers are used to predict the diagnostic accuracy.
The four classifiers are Support Vector Machines (SVM), k-Nearest Neighbor (KNN),
Random Forest (RF), and Artificial Neural Network (ANN). SVM classifies the data
based on the margin maximization concept. KNN is a non-parametric classification
algorithm that uses similarity measures to classify new cases among already stored
available instances. RF is a non-linear ensemble classifier that contains N number of
decision trees. Each decision tree has a different set of hyper-parameters on a sub-
sample of a dataset. ANN is a complex adaptive classification system that can change
its internal structure based on adjusting the weight of a connection. For the experiments
and result analysis, we used MATLAB R2019a version.

3.3.5 Results and Discussions

This section summarizes the findings of this study. A comprehensive evaluation
has been conducted to evaluate the proposed framework for classifying ADHD and
healthy EEG data. The accuracy of the proposed method and state-of-art methods are
summarized in Table 3.3. Using the Random Forest classifier, we achieved the best

accuracy of 81.92% for the proposed method.

Table 3.3 Performance of various methods for ADHD diagnosis shown for
10-fold cross-validation on the train data.

Study EEG Features | Feature | Feature | Classifie | Accuracy
Channel extractio | selectio |r (%)
S n n
method

Amset |1 Theta/Beta | Cz - kNN 78.12+£2.90

al. [11] Ratio electrode SVM 63.58+1.67
RF 53.95+3.40
ANN 58.994+2.10
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Mumtaz | 19 Absolute All sub- | t-test kNN 69.16+2.63
et al. power, bands and SVM 73.31+3.87
[83] Relative PCA RF 72.20+4.63
power ANN 69.90+£1.92
Tooleet | 19 Spectral, All sub- | - kNN 73.68+3.60
al. [120] Amplitude, | bands SVM 76.02+2.83
peak-to RF 81.46+2.77
peak ANN 81.38+2.00
voltage
features
Huang 19 Absolute All sub- | - kNN 71.01+.3.5
et al. power, bands SVM 9
[63] Relative RF 68.57+.4.1
power, ANN 0
Permutation 73.38+.3.9
Entropy 5
63..92+2.0
6
Parket |6 - Sub-band | MIBIF | kNN 78.77£3.75
al. [90] CSP SVM 56.64+1.91
RF 77.78+3.70
ANN 79.34+4.89
Vahid et | 19 - - - EEGNet | 77.14+0.81
al. [133] (deep)
Propose | 19 Spectral, All sub- | Majorit | kNN 77.20+0.08
d Amplitude, | bands y voting | SVM 76.83+0.39
method peak-to- scheme | RF 81.92+023
peak ANN 77.21£2.30
voltage,
Connectivit
y

Our feature vector comprises of 2565 features derived by extracting the twenty seven

features (Table 3.1) from five frequency bands across 19 EEG channels. The derived

features are ranked separately using Information gain, Chi-square, ANOVA and GI

feature selection techniques. Next, the feature ranks are averaged to yield the top-600

discriminative features that are passed as the input to an array of classifiers. We

performed ten-fold (split the data into 80-20 ratio) cross-validation to train the model.

The k-value determines the number of nearest neighbors in KNN. We used k=8 and

the Manhattan function to calculate the distance. We used an RF classifier having 500

trees of depth 8 with six nodes in each subtree. For SVM, we employed an RBF kernel

with a penalty value of 10 and an eps of 0.1. We use a rectifying linear unit activation
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function (ReLU) and two hidden layers with 90 and 10 neurons, respectively, in the
ANN classifier. The Adam optimizer, which is a stochastic gradient-based optimizer,
is used with 100 iterations. Table 3.3 presents the findings of the proposed technique
for all four classifiers (KNN, SVM, RF, and ANN) in terms of accuracy, F1-score,
precision, and recall. We compare our findings to those of [11][63][83], [90][120] and
[133], which are state-of-the-art techniques for EEG classification.

We also determine the band-wise number of features shortlisted in the top-600 selected
features for EEG classification. When we carefully examine the results, it is revealed
that delta, alpha and gamma bands are equally important for ADHD classification,
among all the bands, as we observe in Figure 3.6. Similarly, we also compute the
participation of each electrode in the top-600 selected features for classification. Figure
3.7 displays a detailed analysis of the electrode participation for classification. The
feature count for a pair of electrodes in bipolar montage is incremented by one for both

electrodes, for visualization purposes only.
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Figure 3.6. Number of features belonging to the five frequency bands in the top-
600 feature subset.

Though all the 19 electrodes contribute to the shortlisted set of features for
classification, FP2, O2, F7 and F8 are slightly more important, as observed from
Figure 3.7. In a previous work [66], it was asserted that for the eyes open resting state,
the frontal and central region, especially electrode FP2, shows some significant
activity, while for the eye closing state, the O1 electrode shows significant changes.
On similar lines, both the frontal and parietal regions are implicated in ADHD and

involve brain networks and attention. This evidence indicates that our framework is
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informative and gives an accurate analysis. Our work has some limitations, though,
such as it requires a fixed setup where the number of bands is fixed. We may try

adaptive sub-bands with more advanced features in future.
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Figure 3.7 The number of features associated with different electrodes in the top-
600 feature subset
We also tried to find out the more affected part of the brain in ADHD children by
examining a reduced feature set comprising the top-100 ranked features. Figure 3.8
displays the electrodes contributing to the maximum number of features in the reduced
feature set. The O2, P8 and T7 electrodes are related to the right occipital region, right
parietal lobe and the left temporal lobe, respectively. Two electrodes are selected from
the frontal lobe: F7, associated with the left frontal region, and FP2, associated with
the right frontal lobe. Our findings reveal that the brain's frontal, parietal, and occipital
areas discriminate between ADHD and children, resulting in accurate EEG signal

classification.

Figure 3.8. The most discriminative electrodes for ADHD detection.
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34 Conclusion

This chapter conducted a comprehensive statistical analysis of EEG signals with
the objective of identifying discriminative Quantitative EEG (QEEG) feature subsets
that are generalizable across multiple brain disorders. The chapter identifies a set of
twenty seven QEEG features extracted from the temporal, spectral and spatial
domains, that can be used as biomarkers for brain disorder classification. A wide range
of QEEG features are identified, including those related to amplitude features that
reflect the signal's power and envelope characteristics, with rEEG features that provide
additional nonlinear metrics of brain activity. The next features are spectral features
that capture the frequency distribution of the EEG signal. Functional Connectivity
features measure the coherence and correlation between different brain regions. The
research successfully demonstrates that a multi-domain approach to feature extraction,
combined with rigorous statistical feature selection, can produce highly effective and
robust diagnostic models. By examining both AUD and ADHD datasets, this chapter
highlighted the importance of a diverse feature set that is generalizable across multiple

brain disorders.

Another contribution of this chapter is the critical role of feature selection in
identifying a truly discriminative subset of features. The use of multiple feature
ranking methods, such as ANOVA, Chi-square, Gini Index, and Information Gain
ratio, in conjunction with a majority voting scheme, proved to be a powerful strategy.
This ensemble approach effectively filtered out irrelevant and redundant features,
thereby reducing model complexity and preventing overfitting. The results
consistently showed that the selected feature subsets, though smaller, led to improved
classification performance across various classifiers (SVM, KNN, Random Forest, and
ANN). In summary, the statistical analysis and feature selection frameworks presented
in this chapter are highly generalizable. They provide a robust methodology for
identifying a concise, yet highly informative, subset of QEEG features that can be used
for the computer-aided diagnosis of multiple brain disorders. This approach sets the
stage for designing efficient and accurate diagnostic systems that are not tied to a single

disorder or feature type.
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Chapter 4

Design a novel framework to measure
Functional Connectivity from EEG signals to
capture complex brain patterns for improved
disorder classification

One of the most promising directions in EEG analysis is the characterization of
brain functional connectivity, which refers to the statistical relationships between
spatially distinct brain regions. Functional connectivity patterns can reveal how brain
areas interact and synchronize, which often becomes disrupted in pathological

conditions.

This chapter introduces a novel framework for extracting functional connectivity as a
QEEG feature, employing a generalized pipeline that captures connectivity patterns
from EEG data recorded across different brain disorders using scalp electrodes
positioned over distinct brain regions. Rather than focusing on a specific disease
category, the proposed approach is evaluated using datasets from two distinct
neurological conditions, AUD and ADHD, emphasizing its versatility and
adaptability. This study presents linear monotonic inter-electrode correlation features
calculated across individual frequency bands, which capture the brain's functional

organization and enhance classification performance when employed as QEEG
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features.

To extract the features, EEG data is decomposed into five frequency bands (delta,
theta, alpha, beta, and gamma), each reflecting different functional aspects of brain
activity. Within each band, the absolute value of the Pearson correlation coefficient is
computed between all possible electrode pairs, capturing both the strength and
direction-independent connectivity. This results in a high-dimensional feature space
that reflects the topographical and spectral organization of brain connectivity. To
reduce the dimension of such a large feature set, an ensemble-based feature selection
strategy is employed. Statistical filters such as ANOVA and Chi-square tests are used
to rank features according to their discriminative power, followed by a wrapper
method—greedy forward selection—that refines the final feature subset in the context
of classification performance. This two-stage selection process not only reduces
computational complexity but also enhances generalization by eliminating irrelevant
or redundant features. To assess the effectiveness of the selected QEEG connectivity
features, four machine learning classifiers—Support Vector Machine (SVM), k-
Nearest Neighbors (KNN), Artificial Neural Network (ANN), and Random Forest
(RF) are applied. The classification pipeline is rigorously validated using both cross-
validation on training data and evaluation on unseen test data. Notably, the SVM
classifier consistently delivers superior performance, achieving near-perfect accuracy

on both datasets.

In summary, this chapter introduces a data-driven framework that quantifies EEG-
based functional connectivity through a novel band-wise correlation feature set. It
systematically integrates signal decomposition, statistical filtering, feature selection,
and classification to offer a clinically meaningful and computationally efficient
approach to EEG-based disorder detection. By demonstrating strong performance
across datasets associated with different brain disorders, the proposed method sets a
foundation for developing generalized diagnostic tools using EEG as a primary

modality.
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4.1 Proposed Method

A systematic overview of the proposed method is given in Figure 4.1. In the first
step, noise artifacts are removed from the alcoholic and non-alcoholic EEG signals.
Each electrode signal is transformed into the frequency domain by employing FFT
transformation and decomposed into five frequency sub-bands [delta (5: 0.5-4 Hz),
theta (0: 4—7 Hz), alpha (a.: 7-13 Hz), beta (B: 13-30 Hz), and gamma (y: 30—100 Hz)].
Further, signals are recovered in the time domain using inverse FFT on each sub-band
and passed onto the next step for feature extraction. The absolute value of the Pearson
product-moment correlation coefficient is computed between all possible pairs of the
EEG channels in each of the five sub-bands. A symmetric correlation matrix for each
sub-band generates a unique feature set. These features are compiled across the five
frequency sub-bands and get a feature vector. ANOVA and Chi-square are employed
to rank the features based on their relative importance; the two feature ranks are then
averaged, and a wrapper algorithm (greedy forward selection) is employed to derive
the K top-most ranked features, where K was determined after ten-fold cross-validation
on the train set. The most significant K features are then given as input to the four
classifiers: SVM, RF, ANN and KNN to classify the EEG signals. The next section
describes the mathematical formulation of the signal decomposition and correlation

computation in more detail.

4.1.1 Signal Decomposition

Let an EEG signal be denoted by {x (n, m), I <n <N and I <m <M}, where n
is the sample number or time-stamp, N is the total number of samples, m is the channel
index, and M is the total number of EEG channels or electrodes. The task undertaken
is to classify the EEG signals of alcoholic and non-alcoholic subjects, recorded while
performing a visual identification task. The EEG signal is transformed into the

frequency domain using Fast Fourier Transform (FFT) as shown in equation (4.1).

N-l 7j2—”kn
x(k,m)IZX(n,m)e N k=0:1:2)°":N_1 (41)
n=0
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Where x (k, m) is the magnitude spectrum calculated with the frequency resolution of
0.5 Hz. The spectrum is decomposed into five sub-bands: delta (J: 0.5—4 Hz), theta (6
: 4-7 Hz), alpha (« : 7-13 Hz), beta (£ : 13-30 Hz), and gamma (»: 30-100 Hz). For
the b sub-band of the m” channel, a resynthesized EEG signal is obtained by applying

inverse fast Fourier transform (IFFT) as shown in equation (4.2).

N-1 'z—ﬁkn h ) k, =051725~a'9N-1 4.2
wm) =~ S wleme ¥ T .
k=0

Here, Xj(.) is a spectrum obtained by selecting frequency bins corresponding to band

b and corresponding complex conjugates for real-valued signal resynthesis.
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Figure 4.1. Proposed methodology framework

4.1.2 Band-wise inter-electrode correlation features

In this step, the inter-electrode correlations for each sub-band are calculated.
Pearson’s correlation coefficient is the most commonly used statistical measure to find
the linear relationship between two or more variables and represents how these
variables co-vary. It is a single-value measure of association between two or more
variables with a sense of direction. The value of the correlation coefficient (7) varies
in the range [-1, +1]. The inter-electrode correlation matrix C, is computed for each

sub-band b= 1, 2, ...,5, using equations (4.3) and (4.4). Each element of this matrix

44



Cu(i, j) is the Pearson's correlation coefficient representing the pair-wise association of

electrodes i and j, where i, j=1,2, ..., M in the sub-band b, where =1, 2, ..., 5.

nL) .. r(LM)

C,G,))= 1, (i, J) 4.3)
r,(M,1) r(M,M)

Here, C} is the correlation matrix of sub-band b. The (absolute value of) Pearson's
correlation coefficient 7, (i,/) between two variables i and j that represent EEG channels

in our case, is given by

N x,(0)x, ) - x, ) x, (/)
(VY% = x, AN Y %, () =5, G)) 4.4)

where x5(m) is the EEG data for m” channel and band b. The sign of the correlation
coefficient 7 (i,j) indicates the direction of the association, and it is found that it does
not affect the relationship strength between the EEG channels. Hence, only the
absolute value of Pearson's correlation coefficient is used as the QEEG feature. If the
variables are completely uncorrelated, then r4(.)=0, while perfect association is
indicated by r»(.)=1. For all auto-correlation pairs (i=j), r»(.)=1, indicating the perfect
correlation of the channel with itself. Furthermore, the correlation matrix is symmetric
across the primary diagonal due to the commutative property of correlation. So, the
diagonal and lower triangular values are removed from the correlation matrix Cj to
obtain unique band-wise inter-electrode correlation features. For each sub-band, we
obtain a feature vector F} by linearizing the upper triangular values of the matrix Cj.
The feature vectors of all five sub-bands b=1, 2,..., 5 are further concatenated to
generate a super vector SV, which is given as input to the feature selection and

classification stage.

4.1.3 Feature selection

This section proposes an ensemble feature selection method. This approach uses

two filter selection methods to find the most discriminative features: ANOVA and Chi-
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square. ANOVA is a statistical approach for discriminating the features based on
variance across the means. We used one-sided ANOVA with a 0.05 significance level.
In the Chi-square filter method, the selected features exhibit the strongest statistical
association with the target as indicated by the highest Chi-square statistic. It compares
every feature with target variables and finds a relationship between the feature and the
target. Both ANOVA and Chi-square filter methods provide a rank for all the features.
We take the average of ANOVA and Chi-square ranks, and in this manner provide a
rank to all the features. A greedy forward feature selection wrapper algorithm now
finds the top-K ranked features. The following steps are implemented to perform
ensemble feature selection involving two filter methods (ANOVA and Chi-square) and

one wrapper method (greedy forward selection).

Step 1. Extract all correlation features and concatenate across sub-bands.
Step 2. Apply ANOVA and Chi-square filter methods and average the ranks for all
features.
Step 3. Calculate the rank for each feature based on the average rank obtained from
ANOVA and Chi-square. Rank 1 corresponds to the most significant feature, and so
on.
Step 4. Use the greedy forward feature selection wrapper method to find the K-most
significant features.
i.  Start with an empty set.
ii.  Select the most important feature starting with rank 1.
iii.  Train and validate the model to calculate the average 10-fold validation
accuracy.

iv.  Add the next important feature from the ranked list.

v.  Repeat steps iii and iv until all features are processed.
Step 5. Calculate the maximum value of the average validation accuracy. If multiple
maxima are found, select the one with the least K number of features.
The K-most significant features are selected by ten-fold cross-validation on the
training set with an 80:20 train: validation split. Here, K is the feature rank

corresponding to the maximum validation accuracy after ten-fold cross-validation.
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4.1.4 Classification

To analyze the discriminative ability of the proposed QEEG features, we
employed four different classifiers in this work, namely: - Support Vector Machine
(SVM), Random Forest (RF), Artificial Neural Network (ANN) and K-Nearest
neighbor (KNN). SVM calculates the hyperplane that classifies the data into different
classes by maximizing the margin between the classes in a higher-dimensional space.
We used the RBF kernel with the regularization parameters C=30 and Gamma=0.1.
The next classifier is kNN, a distance-based and non-parametric learning technique.
This method makes predictions by comparing a given data point to the £ most similar
data points in the training set and assigning the class label that is most common among
those & neighbours. RF is an ensemble learning-based method that creates multiple
decision trees. It combines the predictions of all the decision trees to make a final
decision. The number of decision trees is set to 500. The maximum number of
attributes to consider when looking for the best split is defined as 11. The maximum
depth of each tree is set to 7. An Artificial Neural Network (ANN) is another
classification algorithm comprising layers of interconnected neurons that process data
and make predictions. The ANN has two hidden layers, the first with 130 neurons and
the second with 40 neurons. Adam optimizer is used to train the ANN. It is an adaptive
algorithm that regulates the learning rate for each parameter during training. The last
parameter, ReLU, specifies the activation function used in the neurons of the ANN.
The hyperparameters of the four classifiers are also detailed in section 4.2.1. The

algorithm for the proposed methodology is given next.

4.1.5 Algorithm

ALGORITHM 1 Computation of absolute inter-electrode correlation and
classification process

Input: Raw EEG signal

Output: Predicted class of EEG signal-alcoholic or non-alcoholic
Step 1: Remove noisy artifacts

Step 2: Band-wise decomposition of EEG signals
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2.1 FFT analysis
2.2 Extract delta(9), theta(6), alpha(a), beta(f), and gamma(y) sub-bands.
2.3 IFFT synthesis
Step 3: Correlation matrix computation
3.1 Calculate the correlation matrix Cp for each sub-band for channels using
Eq. (4.3)
3.2 Remove diagonal values
3.3 Remove lower triangular values
Step 4: Feature vector fusion across sub-bands
4.1 Linearize the absolute values in the matrix to form the 2016-
dimensional feature vector
4.2 Concatenate the feature vectors of each sub-band and construct a
feature super-vector SV=[Fs, Fg, Fo, Fp, F)]
Step 5: Feature selection
5.1 Rank features using both ANOVA and Chi-square
5.2 Calculate the average of the two ranks for each feature in super-vector
5.3  Select K most important features for the classification using the greedy
forward feature selection wrapper method
Step 6: Classification
6.1 Train SVM, RF, ANN and KNN classifiers
6.2  Use the trained models to predict whether the test input signal is
alcoholic or non-alcoholic EEG
End

4.2 Experimental Analysis

All the experiments are conducted using the “large” version of the AUD dataset
described in Chapter 3, which contains 10 alcoholic and 10 non-alcoholic subject data.
The train and test folders contain 600 samples each. The computer system used for the
experiments is an Intel(R) Core (TM) 15-8265U CPU 1.80 GHz with 8 GB RAM with
Windows 10 Professional K 64bit. MATLAB R2019a version software is used for the
experiments and analysis. This section delves into the performance of the proposed
band-wise inter-electrode QEEG features for AUD classification, with comparisons to
existing EEG-based features, on the same benchmark dataset.

As the first step, we pre-process the EEG alcoholic and non-alcoholic signals to
remove noisy artifacts, and then we transform each electrode signal into the frequency
domain by employing FFT transformation using equation (4.1), and then we
decompose the EEG into five frequency sub-bands using FFT. Since we use the five

frequency sub-bands: delta (3: 0.5—4 Hz), theta (6: 4—7 Hz), alpha (a: 7-13 Hz), beta
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(B: 13-30 Hz), and gamma (y: 30—100 Hz), the corresponding frequency bins for each
band are set to [1, 8], [8, 14], [14, 26], [26, 60] and [60, 200]. Further, inverse FFT
(IFFT) was applied to each sub-band using equation (4.2), and the sub-band was
passed onto the next step for feature extraction. IFFT was calculated for the entire
signal at once without overlap. Then, find the band-wise inter-electrode correlation
features, as per the procedure explained in the algorithm in Section 4.1.3. ANOVA and
Chi-square are employed for feature selection to reduce the feature dimension; the two
feature scores are then averaged, and a new rank is assigned to all the features. A
greedy forward feature selection method selects the top-K ranked features. The most
significant & features were given as input to the four classifiers: SVM, RF, ANN and
kNN whose hyperparameters are shown in Table 4.1, to classify the alcoholic EEG

signal.
Table 4.1 Hyperparameters of different classifiers
S.No | Classifiers Parameters Values
1 SVM Regularization parameter (L2 penalty) 30
Kernel function
RBF kernel coefficient (gamma) RBF
0.1
2 kNN Number of nearest neighbors 6
Metric kernel Manhattan
Distance
3 RF Number of decision trees 500
Maximum number of attributes to 11
consider when looking for the best split
Maximum depth of individual decision
tree 7
Minimum number of records at a leaf
node 5
4 ANN Hidden layers [130, 40]
Activation function ReLu
Optimizer Adam
Maximum iterations 200
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4.2.1 Experiments on Alcohol Use Disorder (AUD Dataset)

This section used the benchmark alcoholic and non-alcoholic EEG data, which
is available online. The dataset belongs to the UCI machine learning repository and is
freely available for research (UCI, 2018). A total of 122 participants were shown 90
pictures of diverse objects, and their EEG signals were collected. The subjects were
shown either a single stimulus or two stimuli comprising pictures from the 1980
Snodgrass and Vanderwart picture sets; the two pictures/stimuli shown to the subject
were either in the ‘matched’ or “‘unmatched’ condition. Each participant completed 120
trials for a variety of stimuli. Every single trial yielded a 64 X256 matrix that represents
64 channels and 256 time points. The EEG signals are measured at a sampling
frequency of 256 Hz for 32 seconds. All electrodes are positioned according to the 10—
20 electrode scheme [118]. Several artifacts, such as eye blinking and body movements
(>73.3 microvolts), have been removed from the baseline during EEG recording. The
EEG signals were split into four sections, each of eight seconds (2048 samples)
duration. A sample of alcoholic and non-alcoholic EEG signals in amplitude is
represented in Figure 4.2 (a). The temporal representation of the EEG signal is in
Figure 4.2 (b), in which the x-axis represents the all-channel index and the y-axis
represents the time. A display of a magnitude spectrum of 64 channels is shown in

Figure 4.2 (¢).
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Figure. 4.2. Representation of alcoholic and non-alcoholic EEG signal in terms of
(a) amplitude (b) temporal domain and (c) frequency domain
In AUD dataset we have 64 channels and 256 time points. The absolute value of the
Pearson product-moment correlation coefficient is computed between all possible
pairs of the 64 EEG channels in each of the five sub-bands. A 64x64 symmetric
correlation matrix for each sub-band generates 2016 unique features. These features
are compiled across the five frequency sub-bands to yield a feature vector of 10080
dimensions. ANOVA and Chi-square are employed to rank the features based on their
relative importance; the two feature ranks are then averaged, and a wrapper algorithm
(greedy forward selection) is employed to derive the K top-most ranked features,
where K was determined to be 492 after ten-fold cross-validation on the train set. The
most significant 492 features are then given as input to the four classifiers: SVM, RF,

ANN and KNN to classify the alcoholic EEG signals.

This section compared the classification accuracy of the proposed band-wise inter-
electrode QEEG features with existing QEEG features and discussed the main findings
of the proposed framework. Table 4.2 lists the proposed and existing methods'

classification accuracy on the open-source benchmark alcoholic and non-alcoholic
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EEG dataset. The cross-validation results were obtained by swapping the train and test
sets. The proposed method achieves 100% accuracy with the support vector machine
classifier and 99.20%, 98.94% and 97.20% accuracies with kNN, ANN, and RF
classifiers, respectively. The second-best results are obtained by [9] with 97.85%(V)
accuracy using ANN, and the third-best results are obtained by [120] with 96.53%
(V)accuracy using SVM. The cross-validation results follow the same trend, with
SVM achieving the highest accuracy of 99.58%. The experimental results establish the
discriminative ability of the proposed QEEG features for distinguishing between

alcoholic and non-alcoholic subjects.

Table 4.2 Performance of various methods for alcoholism diagnosis shown for
validation (V) on the test data and cross-validation (CV) on the train data.

Author and | Classifier Accuracy Accuracy Features
year V) (CV)
Mumtaz, KNN 75.74% 74.64% Absolute power,
Vuong, Xia, SVM 84.32% 85.15% Relative Power
Malik and RF 79.37% 78.77%
Rashid, 2016 ANN 86.47% 84.20%
[83]
Toole and KNN 96.20% 94.90% Amplitude features,
Boylan, 2017 SVM 96.53% 95.33% frequency features,
[120] RF 93.40% 93.05% Connectivity
ANN 94.88% 092.88%, features, inter-burst
features
Park, Lee and | Ensemble 71.61% 71.26% Sub-band CSP
Lee, 2018 classifiers
[90]
Bhatti et al., RBFNN 75.48% 75.90% Sub-band CSP
2019 [18]
Huang KNN 71.95% 72.50% Spectral Power,
et al., 2020 SVM 80.69% 80.10% Absolute entropy,
[63] RF 77.56% 76.46% permutation entropy,
ANN 83.66% 82.60% Coherence, phase
synchronization,
clustering
coefficient, average
path
length, small-
worldness
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Holker and KNN 94.22% 94.89% Amplitude, spectral,
Susan, 2021 SVM 95.71% 94.96% range and

[59] RF 91.91% 92.53% connectivity features
ANN 97.85% 98.90%

Proposed KNN 99.20% 98.75% Band-wise absolute

QEEG SVM 100.00% 99.58% inter-electrode

Features RF 97.20% 98.33% correlation features

ANN 98.84% 98.50%

To assess the model's generalizability, we performed cross-validation by swapping the
train and test sets. There are three versions of the open-source alcohol EEG dataset.
Version 1 has only two alcoholics and two control subjects' EEG data. This dataset is
very small in size. Version 2 of this EEG dataset has a separate train and test folder.
Each of the train and test folders has 10 alcoholics with 300 samples and 10 control
subjects with 300 samples. So, the train and test folders have 20 subjects’ data with
600 samples each. Version 3 has a complete dataset with lots of missing and zero
values. For this reason, we have used version 2, the large dataset, in our experiments.
To test the model's generalizability, we consider the train and test data to be two
different datasets because the test folder has 30 out-of-sample runs per subject
compared to the train set. In our work, the validation accuracy is obtained using the
test data, and cross-validation accuracy is achieved on the training data. Both cases
follow the same trends in accuracy achieved. The highest classification accuracy is

given by SVM, and the lowest accuracy is achieved by RF.

Some outcomes of our studies are mentioned here in detail over the selected 492
features. Rank one is associated with the highest average score feature, and the
maximum rank has the minimum average score. All the features are arranged
according to the maximum discrimination ability. So here, the top-20 top-ranked
features are listed in Table 4.3, which summarizes the band, electrode name and
position of the electrode on the scalp to which they belong. Out of the selected 492
features, the maximum number of features belong to the beta and gamma sub-bands,
and the minimum number of features are selected from the delta sub-band, as
illustrated in Figure 4.3 (a). From this statistic, it can be noted that beta and gamma

are the most informative frequency sub-bands for classifying alcoholic data.
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Table 4.3 Top-20 Ranked features on AUD dataset

Feature | Band | Electrode | Brain Electrode | Brain

Rank 1 lobe- 2 lobe-
Electrode Electrode
1 2

1 5 PO1 Parietal FT8 Frontal

2 5 CP3 Central PO7 Parietal

3 4 PO1 Parietal FPZ Frontal

4 4 CP4 Central YC Reference

5 5 CP4 Central YC Reference

6 4 PO1 Parietal FC3 Frontal

7 5 FPZ Frontal P6 Parietal

8 5 FP1 Frontal TP7 Temporal

9 4 AFZ Frontal ND Reference

10 5 PO1 Parietal FC3 Frontal

11 5 FP2 Frontal FC3 Frontal

12 5 AFZ Frontal P1 Parietal

13 4 FP2 Frontal FC3 Frontal

14 4 P5 Parietal Cl Parietal

15 5 FP1 Frontal XC EOG

16 5 P5 Parietal Cl Central

17 5 C2 Central FCZz Frontal

18 5 AFZ Frontal ND Reference

19 5 Pz Parietal F1 Frontal

20 5 F3 Frontal FC4 Frontal

In the region-wise analysis of the 492 selected features shown in Figure 4.3 (b), the
count was incremented by one for each of the two electrodes in a pair for evaluation
purposes. The graph shows that the maximum number of electrodes are selected from
the frontal brain region, and the minimum number of electrodes are selected from the
temporal brain region. Figure 4.4 displays the electrode-wise analysis of the selected
feature count employed in classification. The maximum number of selected features

are from FP1 and CP4 electrodes, and minimum features are selected from the F7

electrode.
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Figure 4.3. (a) Band-wise and (b) region-wise feature compilation for the proposed

QEEG for alcoholic and non-alcoholic/ control classification
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Figure. 4.4. Electrode-wise analysis of selected features for the classification

Table 4.4 categorizes the selected 492 absolute correlation coefficient values in terms
of negligible, weak, moderate, strong and very strong correlation. When the absolute

value of Pearson’s correlation coefficient is less than 0.10, it indicates a negligible
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correlation. When the value is greater than 0.90, it represents a very strong correlation
between the pair of electrodes. Similarly, the correlation coefficient value in the range
0.10-0.39 indicates a weak correlation, 0.40-0.69 indicates a good correlation and
0.70-0.89 indicates a strong association between the electrodes. Among the 492
features, 11 features show a very strong correlation and 67 features have a strong
correlation. Maximum selected features belong to moderate correlation with 265
features, and 149 features have weak correlation. None of the selected features have

negligible correlation. The result is summarized in Table 4.4.

Table 4.4 Band-wise absolute value of inter-electrode correlation coefficient range
and its interpretation

Interpretation Absolute value (3 (0 |a | B Y Total
of Correlation
coefficient
Negligible 0.00-0.10 010 |0 |O 0 0
Correlation
weak correlation 0.10-0.39 2 (8 | 15145 |79 |149
Moderate 0.40 -0.69 318 |26|84 |144|265
correlation
Strong correlation 0.70 —0.89 04 |7 |23 |33 |67
Very Strong | 0.90 — 1.00 010 |2 |2 7 11
Correlation

Figure 4.5 displays the information flow between the selected electrodes in the gamma
frequency sub-band. FP1 and CP4 electrodes from the frontal and central lobes are the
most interconnected electrodes, with the most associated correlations. Our results
confirm the literature findings that alcohol consumption affects the frontal, parietal,
and central regions of the brain [82][126]. It is noticed that beta and gamma sub-bands
are the most important frequency sub-bands for alcoholism diagnosis. The maximum
number of selected features from the top-ranked 492 features belongs to these two

frequency sub-bands.
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Figure. 4.5. Inter-relationships of selected electrodes in the gamma frequency sub-
band
The proposed framework employed predefined filter-based techniques to decompose
the signal in the delta, theta, alpha, beta, and gamma frequency bands instead of the
adaptive filter bank techniques such as multivariate iterative filtering. The adaptive
filter bank techniques are more suitable for subject-wise EEG data analysis and are
high in computational cost [31-32]. Due to its iterative nature, the complexity of the
framework for real-time application is increased. Instead, the predefined filter-based
techniques extract and analyze the EEG signal's individual fixed frequency
components associated with different cognitive processes. It has a lower computational
cost, and the framework's complexity is also low as compared to the adaptive filter
bank. The iterative filtering does not rely on predefined frequency bands, so it is not

well applicable in cognitive tasks where fixed band-wise analysis is required.
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4.2.2 Experiments on ADHD dataset

In this section, the proposed framework is employed on the ADHD dataset. The
study involved 121 children between the ages of 7 and 12, consisting of both boys and
girls. The clinical group included 61 children who had been formally diagnosed with
ADHD by an expert psychiatrist using the DSM-IV criteria. All of these children had
been taking Ritalin for a maximum of six months. The control group was composed of
60 children who were considered healthy, with no history of psychiatric disorders,
epilepsy, or any reported high-risk behaviors.19 electrode (Fz, Cz, Pz, C3, T3, C4, T4,
Fpl, Fp2, F3, F4, F7, F§, P3, P4, T5, T6, O1, O2) are used for the EEG recording
based on 10-20 standard by at 128 Hz sampling frequency. The two electrodes A1 and

A2 were the references located on the earlobes.

In the ADHD dataset, we have 19 channels and N time points. The number of samples
in a single recording is not fixed because the response time of each child is different.
The absolute value of the Pearson product-moment correlation coefficient is computed
between all possible pairs of the 19 EEG channels in each of the five sub-bands. A
19x19 symmetric correlation matrix for each sub-band generates 171 unique features.
These features are compiled across the five frequency sub-bands to yield a feature
vector of 855 dimensions. ANOVA and Chi-square are employed to rank the features
based on their relative importance; the two feature ranks are then averaged, and a
wrapper algorithm (greedy forward selection) is employed to derive the K top-most
ranked features, where K was determined to be 95 after ten-fold cross-validation on
the train set. The most significant 95 features are then given as input to the four
classifiers: SVM, RF, ANN and KNN to classify the alcoholic EEG signals.

This section compared the classification accuracy of the proposed band-wise inter-
electrode QEEG features with existing QEEG features and discussed the main findings
of the proposed framework. Table 4.5 lists the proposed and existing methods'
classification accuracy on the open-source benchmark ADJD and non-ADHD EEG
dataset. The proposed method achieves 83.47% accuracy with the ANN classifier and
81.60%, 77.69% and 76.86% accuracies with SVM, kNN, and RF classifiers,

respectively. The experimental results establish the discriminative ability of the
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proposed QEEG features for distinguishing between ADHD and non-ADHD subjects.

Table 4.5 Performance of various methods for ADHD diagnosis shown for 10-fold
cross-validation on the train data

Study Ellfz(jmels Features IST:lae tclg(fn Classifiers ?}/coc)uracy
Arnsetal. |1 Theta/Beta | - kNN 78.12
[11] Ratio SVM 63.58
RF 53.95
ANN 58.99
Mumtaz et | 19 Absolute t-test and kNN 69.16
al. [83] power, PCA SVM 73.31
Relative RF 72.20
power ANN 69.90
Toole et 19 Spectral, - 73.68
al. [120] Amplitude, kNN '
peak-to peak SVM 76.02
81.46
voltage RF 2138
features ANN '
Huanget |19 Absolute -
al. [63] power, kNN 71.01
Relative SVM 68.57
power, RF 73.38
Permutation ANN 63..92
Entropy
Parketal. |6 - MIBIF kNN 78.77
[18] SVM 56.64
RF 77.78
ANN 79.34
Vahid et 19 - - EEGNet
al. [133] (deep) 7714
Holker and | 19 Spectral, Majority
Susan [59] Amplitude, | voting kNN 71.25
peak-to- scheme SVM 72.60
peak RF 75.88
voltage, ANN 71.73
Connectivity
Proposed | 19 Power, Band-wise
method Spectral, absolute kNN 77.69
Connectivity | inter- SVM 81.60
electrode RF 76.86
correlation | ANN 83.47
features
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Some outcomes of our studies are mentioned here in detail over the selected 95
features. Rank one is associated with the highest average score feature, and the
maximum rank has the minimum average score. All the features are arranged
according to the maximum discrimination ability. Out of the selected features, the
maximum number of features belong to the beta and gamma sub-bands, and the
minimum number of features are selected from the delta sub-band, as illustrated in
Figure 4.6 (a). From this statistic, it can be noted that beta and gamma are the most

informative frequency sub-bands for classifying alcoholic data.
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Figure 4.6. (a) Band-wise and (b) region-wise feature compilation
Jfor proposed QEEG for ADHD and non-ADHDY/ control
classification
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In the region-wise analysis of the 95 selected features shown in Figure 4.6 (b), the
count was incremented by one for each of the two electrodes in a pair for evaluation
purposes. The graph shows that the maximum number of electrodes is selected from
the frontal brain region, and the minimum number of electrodes is selected from the
temporal brain region. Figure 4.7 displays the electrode-wise analysis of the selected
feature count employed in classification. The maximum number of selected features is

from F7 and FP2 electrodes, and the minimum features is selected from the P4

electrode.
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Figure. 4.7. Electrode-wise analysis of selected features for the classification

Table 4.6 categorizes the selected 492 absolute correlation coefficient values in terms
of negligible, weak, moderate, strong and very strong correlation. When the absolute
value of Pearson’s correlation coefficient is less than 0.10, it indicates a negligible
correlation. When the value is greater than 0.90, it represents a very strong correlation
between the pair of electrodes. Similarly, the correlation coefficient value in the range
0.10-0.39 indicates a weak correlation, 0.40-0.69 indicates a good correlation, and
0.70-0.89 indicates a strong association between the electrodes. Among the 95
features, 5 have a strong correlation. The maximum selected features belong to
moderate correlation, with 31 features, and 27 features have weak correlation. The

result is summarized in Table 4.6.
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Table 4.6 Band-wise absolute value of inter-electrode correlation coefficient range
and its interpretation

Interpretation Absolute valueof | 6 |6 |a |f 14 Total
Correlation
coefficient
Negligible Correlation | 0.00 —0.10 0 1|0 3 10 19 |32
weak correlation 0.10-0.39 7 |1 8 3 27
Moderate correlation 0.40 -0.69 2 |3 12 [ 10 4 31
Strong correlation 0.70 —0.89 0 |2 1 0 5
Very Strong | 0.90 - 1.00 0|10 |0 |O 0 0
Correlation
4.3 Conclusion

This chapter presents the design and implementation of a novel framework for
measuring functional connectivity from EEG signals, to capture complex brain
patterns to improve brain disorder classification. The proposed methodology focused
on quantifying the functional relationships between different brain regions, which are

known to be altered in conditions like Alcohol Use Disorder (AUD) and ADHD.

The core of this framework was the use of linear monotonic inter-electrode
associations as the new Quantitative EEG (QEEG) features. A highly granular
representation of brain functional connectivity was achieved by computing the
absolute value of the Pearson product-moment correlation coefficient for time-series
EEG data recorded from different electrode pairs and across multiple frequency sub-
bands (delta, theta, alpha, beta, and gamma). This approach yielded a large number of

potential features, reflecting the intricate network of neural interactions.

A key contribution of this framework was implementing a robust ensemble feature
selection process. This step was crucial given the high dimensionality of the feature
space created by computing correlations for all possible electrode pairs. By combining
statistical filter methods with a greedy wrapper-based algorithm, we were able to

identify an optimal, reduced subset of features that possessed maximum predictive
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power. This strategic feature selection minimized the risk of overfitting and ensured

that the final model was both computationally efficient and highly accurate.

In summary, the framework presented in this chapter provides a powerful and effective
method for leveraging inter-electrode correlations to measure functional connectivity
between different brain regions. The successful application of this framework, as
evidenced by the high classification accuracy for behavioral disorders such as AUD
and neurological disorders such as ADHD, validates its potential as a diagnostic tool
that can be generalized across brain disorders. This work confirms that focusing on a
refined subset of functional connectivity features is an effective strategy for enhancing

the performance and reliability of EEG-based classification models.
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Chapter 5

To determine a subset of relevant features
from temporal, spectral, and spatial analysis of
EEG signals for improved classification

In this chapter, we present two distinct methods for extracting multidomain QEEG
features that encompass temporal, spectral, and spatial domains, and for identifying a
subset of relevant features across these domains. Multi-domain early feature fusion
improves model generalization and classification performance across brain disorders. The
main focus of this work is to present a generalized framework that can determine the
optimal subset of relevant features across temporal, spectral and spatial domains of
EEG signal to enhance diagnostic performance. In the first approach, spectral-spatial
filtered EEG data are used to extract the most relevant features for AUD classification.
In the second approach, the temporal-spectral-spatial filtered EEG data are utilized to

determine a subset of the most relevant EEG features for ADHD diagnosis.

5.1 Leveraging QEEG Neuro-Biomarkers of
Alcohol-Related Visual Cognitive Impairment
for Alcohol Abuse and Dependence Diagnosis

This section presents a novel approach for leveraging QEEG neuro biomarkers
of alcohol-induced impairment of visual memory for alcohol abuse and dependence

diagnosis. A spectral filter bank with a wide frequency range (0-100 Hz) is used in
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conjunction with a spatial filter bank constructed using the Common Spatial Pattern
algorithm. We extract a broad set of QEEG features from filtered EEG signals,
including power, spectral distribution, and inter-hemisphere functional connectivity.
A total of 1620 QEEG features are extracted from two independent cohorts to
demonstrate the generalization ability of the proposed method. Further, Sequential
Forward Selection (SFS) with stratified 10-fold cross-validation is used as a wrapper
technique to select the subset of features with maximum predictive power, which is
determined as 248 and 263 for the two cohorts. SFS was selected for its computational
efficiency and effectiveness in optimizing feature subsets within a wrapper-based
framework, while mitigating overfitting and preserving model interpretability. The
proposed approach outperforms state-of-the-art models, achieving top diagnostic
accuracies of 99.63% and 99.25% for the two cohorts using a Support Vector Machine
classifier. Our findings reveal that features extracted from the lowest frequencies
(delta, theta, and lower alpha bands) and the highest frequencies (higher gamma band)

are most discriminative for identifying alcoholic individuals.

5.1.1 Materials and methods

This section describes the methodology for the experimentation. Firstly, we start
by describing the dataset. This is followed by the main methodology that introduces
the Spectro-spatial QEEG neuro-biomarkers used for alcohol use and dependence
diagnosis. Ultimately, the sequential forward selection procedure is detailed, with a

final note on the classification step.

Dataset preparation

The University of California has provided the EEG data of alcoholic and non-alcoholic
patients (UCI). The data was originally donated by Dr. Henri Begleiter at the
Neurodynamics Laboratory, State University of New York Health Centre, Brooklyn.
The EEG data is available online. The details of the data collection procedure are

elucidated by Zhang et al. in [129]. A total of 122 participants were shown 90 pictures
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of diverse objects, and their EEG signals were recorded at the same time. All
participants in the study were male. The alcoholic group comprised 77 individuals
aged 20 to 50 years (mean age: 35.83), while the control group included 45 individuals
aged 20 to 39 years (mean age: 25.81). Unfortunately, the dataset lacks additional
demographic or clinical information, such as education levels or explicit
inclusion/exclusion criteria. The subjects were shown either a single stimulus Sl
(‘matched’ condition) or two different stimuli S1 and S2 (‘unmatched’ condition). The
visual stimuli comprised of pictures from the 1980 Snodgrass and Vanderwart picture
set which is a collection of 260 standardized images used for cognitive experiments on
image agreement [112]. These picture sets contain a diverse collection of objects
ranging from ‘Accordion’ to ‘Zebra’. Examples of the visual stimuli S1 and S2 used
for the cognitive test are illustrated in Figure 5.1 for the ‘matched’ and ‘unmatched’
conditions. As illustrated in Figure 5.1 (a) and Figure 5.1 (b), the experimental design
included two trial types: matched and unmatched conditions. In matched trials (Figure
5.1 (a)), the second stimulus (S2) replicated the first (S1), eliciting recognition of
repetition. In unmatched trials (Figure 5.1 (b)), S2 differed entirely from S1 including
in semantic category, requiring participants to detect a novel stimulus. Trial types were
randomized to minimize expectancy effects, with an equal distribution (50%) across
both conditions to ensure balanced exposure. Matched trials represent lower-load
cognitive processing and primarily assess recognition memory and perceptual
matching. Individuals in the control group typically exhibit faster and more accurate
responses on these trials, whereas alcoholic individuals demonstrate reduced speed and
accuracy, reflecting deficits in attention and stimulus evaluation. In contrast, non-
matched trials impose greater cognitive demands by engaging working memory,
conflict monitoring, and executive decision-making. As a result, alcoholic participants
tend to exhibit increased error rates and prolonged reaction times, attributable to
alcohol related impairments in working memory function and disrupted inter-regional
neural connectivity [125]. The subjects were instructed to press a mouse key held in
one hand in case of a ‘matched’ condition, and press the mouse key on the other hand
in case of an ‘unmatched’ condition. The EEG signal was acquired from 64 electrodes

attached to the individuals' scalps, sampled at 256 Hz for 1 second. Only artifact-free
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EEG responses were recorded. In real-world settings—such as clinical monitoring, or

brain-computer interfaces—artifacts pose a significant challenge to the reliability and

interpretability of EEG data. Artifacts can dominate the EEG, and overlap with

frequency bands of interest, compromising signal integrity. Trials with excessive eye

or body movements, indicated by peak-to-peak amplitudes greater than a voltage

threshold (73.3 uV), were automatically excluded from further analysis. Figure 5.1 (c)

presents the flowchart summarizing the task sequence.

l

S1="Accordion’
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Figure 5.1. (a) Samples of matched stimulus images (b) Samples of unmatched
stimulus images (from the 1980 Snodgrass and Vanderwart picture set) (c)

Flowchart summarizing the task sequence.

Each participant completed 120 trials for a variety of stimuli. Each single trial yielded

a 64 x 256 matrix that represents 64 channels and 256 time points. There are three

67



versions of this dataset. We have used the “Large” version of the dataset, which is the
most popular version used by the majority of researchers in previous studies [34, 53,
59]. This version contains 300 samples belonging to 10 alcoholic individuals and 300
samples belonging to 10 control individuals in the training set, and likewise in the
testing set. Two independent cohorts—validation (V) and cross-validation (CV) are
used in the study, to test the generalization ability of the proposed approach. The
validation cohort corresponds to the training set (600 samples), and the cross-

validation cohort corresponds to the testing set (600 samples).

Process pipeline

The overall process flow is shown in Figure 5.2. In the proposed framework, the first
step is to use a linear filter bank for decomposing each EEG signal into ten frequency
sub-bands. A wide frequency range of (0-100) Hz is used in order to include the
gamma frequencies (>30 Hz) that are excluded in most studies. Gamma band activity
(>30 Hz) supports cognitive functions like attention, working memory, and perceptual
binding areas often impaired by chronic alcohol use. Alcohol dependence is linked to
disrupted gamma synchronization, indicating poor cortical communication and
cognitive control [72-73]. Including gamma frequencies (up to 100 Hz) in our QEEG
framework helps detect these deficits, improving sensitivity to alcohol-related
cognitive impairment. Each filter has a bandwidth of 10 Hz. Specifically, the ten
frequency sub-bands of the linear filter bank are B1 (0-10 Hz), B2 (11-20 Hz), B3 (21-
30 Hz), B4 (31-40 Hz), BS (41-50 Hz), B6 (51-60 Hz), B7 (61-70 Hz), B8 (71-80 Hz),
B9 (81-90 Hz), and B10 (91-100 Hz).

In the next step, CSP is applied on each sub-band derived from the filter bank to
identify the most discriminative EEG channels for alcoholism diagnosis. Spatial
pattern filtering is accomplished by assigning weights to each electrode/channel based
on its relevance to signal discrimination and its correlation with neighboring
electrodes, effectively capturing spatially distinct neural activity across the scalp.
Specifically, the CSP algorithm computes the spatial filter matrix W by solving a

generalized eigenvalue problem based on the covariance matrices of the two classes—
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control and alcoholic EEG in this case—with the objective of maximizing the variance
for one class while minimizing it for the other. The spatial filter matrix W is used to
project the multi-channel EEG signal into a new space where class-specific patterns
are more distinct. Let Z denote the signal transformed by W. To derive the most
discriminative channels from Z, we select d=3 rows each from the first and last rows,
corresponding to three largest eigenvalues and three smallest eigenvalues. These
correspond to the six electrodes or channels that provide the most discriminative

information for differentiating between alcoholic and control individuals.

The EEG signal which is now spectrally-filtered (10 bands) and spatially-filtered (6
channels) is used in the next step to extract the twenty-seven QEEG features. In total,
1,620 QEEG features were extracted (10 bands x 6 channels x 27 features). SFS
feature selection algorithm is applied for selecting the most discriminative QEEG
features in the next step. Finally, five different classifiers: - RF, SVM, kNN, SVM and
XGBoost are used for the classification of the top-ranked QEEG features in the two

independent cohorts.
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Figure 5.2. Process pipeline of the proposed approach.
OEEG feature extraction

Chronic alcohol use induces neurophysiological changes that disrupt the symmetry
and distribution of EEG signals across temporal, spectral, and spatial domains. To
capture these alterations, a comprehensive set of twenty-seven QEEG features is
extracted from the spectrally- and spatially-filtered EEG data. These features are

categorized into three groups: power (reflecting amplitude dynamics), spectral
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distribution (characterizing frequency content), and inter-hemispheric functional
connectivity. Together, they offer valuable insights into cortical activity and neural
dysfunction associated with alcoholism, supporting its diagnosis and assessment.
Table 5.1 summarizes the twenty-seven QEEG features utilized in this study (Table

3.1), detailing their definitions and significance. This Table outlines the clinical

relevance of each feature in the context of alcoholism.

Table 5.1. Details of QEEG features used in the study with clinical relevance for

Alcoholic individual
Feature Abbreviation clinical relevance for Alcoholic
individuals
F1 (Power) ATP (Amplitude often reduced in alcoholic individuals
Total power) indicating brain hypoactivity and possible
long-term neurodegeneration
F2 (Power) ASD (Amplitude often reduced in alcoholic individuals in
Standard Deviation) | alpha and beta
bands due to reduced responsiveness, while
elevated in theta band due to cortical
instability
F3 (Power) ASKW (Amplitude | higher positive skewness in alcoholic
Skewness) individuals indicating abnormally frequent
bursts of excitatory activity leading to
uneven amplitude distributions
F4 (Power) AKR (Amplitude increased kurtosis in alcoholic individuals
Kurtosis) [1] indicating irregular or burst-like brain
activity
F5 (Power) AEM (Amplitude often reduced in alcoholic individuals due
Envelop Mean) to cognitive
impairments and arousal deficits
F6 (Power) AESD (Amplitude often reduced in alcoholic individuals due
Envelop SD) to blunted modulation capacity
F7 (power) REM (rEEG Mean) | reduced mean peak-to-peak voltage in
alcoholic individuals indicating cortical
hypoactivity
F8 (power) REMD (rEEG reduced median peak-to-peak voltage in
Median) alcoholic individuals
indicating persistent underactivity in brain
regions
F9 (Power) RESD (rEEG SD) Alcoholics show abnormal (either too high
or too low) variation in peak-to-peak
voltage across different time windows due
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to abnormal firing patterns alternated with
cortical hypoactivity

F10 (Power)

RELM (rEEG
Lower margin)

often reduced in alcoholic individuals due
to persistent

low-amplitude brain activity in alcoholic
individuals

F11 (Power) | REUM (rEEG upper | often reduced in alcoholic individuals due
margin) to suppression
of strong neural responses because of
reduced synaptic
strength
F12 (Power) | REW (rEEG width) | often reduced in alcoholic individuals due
to blunted neural dynamics
F13 (Power) | RCOV (rEEG higher coefficient of variation in alcoholic
Coefficient of individuals due to unstable signal amplitude
variance)
F14 (Power) | REASY (rfEEG high asymmetry in alcoholic individuals
Asymmetry) due to occasional
extreme peaks
F15 (Spectral | SPAP (Spectral Abnormal spectral profiles: high beta

Distribution) | absolute power) power due to anxiety and impulsivity; low
alpha power due to cognitive deficits

F16 (Spectral | SPRP (Spectral increased relative beta power, and

Distribution) | relative power) diminished relative alpha and theta powers
in alcoholic individuals due to cortical
disinhibition

F17 (Spectral | SPF (Spectral high spectral flatness in alcoholic

Distribution) | Flatness- Winner individuals due to uniform

Entropy) [34]

spectrum reflecting disorganized brain
activity

F18 (Spectral | SPD (Spectral high spectral difference observed in
Distribution) | Difference) alcoholic individuals due to irregular brain
rhythms
F19 (Spectral | SPE (Spectral high spectral entropy in alcoholic
Distribution) | Entropy- Shannon individuals due to uniform frequency
entropy) distribution reflecting cognitive dysfunction
F20 (Spectral | SPEF (Spectral Edge | high spectral edge frequency in alcoholic
Distribution) | Frequency) individuals due to
power shift toward higher frequencies
F21 (Spectral | FD (Fractal high Katz fractal dimension in alcoholic
Distribution) | dimension) individuals due to less regular, more
chaotic signal indicating abnormal brain
rhythms
F22 (Spectral | PEEN (Permutation | high permutation entropy in alcoholic
Distribution) | Entropy) individuals due to
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disordered eeg indicating chaotic brain
activity
F23 BSI (Brain elevated Bsi in alcoholic individuals due to
(connectivity) | symmetry index) asymmetrical
brain activity
F24 CORR(Correlation) | low envelope correlation between channel
(connectivity) pairs in alcoholic individuals due to the
brain’s loss of synchronized
communication across regions
F25 COHM (Mean low coherence between channel pairs in
(connectivity) | coherence) alcoholic individuals due to poor functional
connectivity between brain regions
F26 COHMX elevated maximum coherence between
(connectivity) | (Connectivity channel pairs in
coherence max) alcoholic individuals due to abnormal over-
coupling between brain regions, a sign of
cognitive impairment
F27 COHFMX shift of frequency of maximum coherence
(connectivity) | (Frequency of from (lower) alpha to (higher) beta band in
maximum alcoholic individuals indicating a state of
coherence) hypervigilance and impulsivity

The power features used include Standard Deviation (SD), skewness and kurtosis,
which measure the discontinuity of the signals. Another power feature is total
amplitude power, which measures the EEG signal power. Additionally, two amplitude-
based features are considered: envelope mean and envelope standard deviation (SD).
The rEEG feature measures the peak-to-peak voltage of an EEG signal that is
developed as an alternative to amplitude-integrated EEG. rEEG asymmetry measures
the discontinuity of rEEG, and all the remaining rEEG features measure the EEG
power. Similarly, the spectral features measure the spectral distribution of EEG
signals. Only one spectral feature, the spectral difference, is used for analyzing the
discontinuity of the signal. The inter-hemispheric functional connectivity features
measure the connectedness between brain hemispheres, and are helpful for detecting

various brain disorders.
To further condense the proposed feature set without causing a major drop in

classification accuracy, smaller subsets of features from the three main categories:

power (amplitude characteristics), spectral distribution (frequency characteristics), and
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inter-hemispheric functional connectivity, are recommended. These subsets may
include combinations of spectral features and connectivity measures, such as absolute
and relative spectral power, entropy, permutation entropy, fractal dimension, spectral
edge frequency, and coherence. Another effective combination is spectral power with
coherence alone. Statistical measures derived from the time domain such as mean,
standard deviation, median, entropy, skewness, and kurtosis can also be useful. The
recommendation of these features is based on their popularity as identified through a

literature survey.

Feature selection

The feature selection module comprises of two different concepts: a filter method that
give a rank to each feature using ANOVA, chi-square, information gain and Gini
index. Averaged ranked obtained by all the filter is then passed to a step-by-step
wrapper technique called Sequential Feature Selection (SFS) to select the most
significant QEEG features with maximum predictive power for AUD diagnosis. The
rank of all features is determined using ten-fold stratified cross-validation with support
vector machine as the core classifier. The SFS algorithm progresses in an incremental
manner, starting from an empty set, incrementally adding more features till the
criterion function does not decrease anymore. The criterion function used here is the

average loss function represented by the mean squared error.

Classification

The QEEG features selected through SFS are classified using five different classifiers:
- RF, SVM, kNN, SVM and XGBoost, and the performance scores are compared with
that of baseline methods. Table 5.2 lists the hyperparameter selection for different
classifiers. The selected features are then passed to the classification stage, which
includes a Random Forest (RF) classifier with 500 trees and an Artificial Neural
Network (ANN) consisting of two hidden layers with 130 and 40 neurons,
respectively. Adam optimizer was used and the number of epochs was set to 200. The
hyperparameters of various classifiers, selected through grid search are outlined in

Table 5.2. Grid search is an exhaustive search in the hyperparameter space of the
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learning algorithm [15].

Table 5.2: Hyperparameter selection for different classifiers.

Classifier Hyperparameter
Number of neighbors (k)=5
k-Nearest Neighbor (kNN) Distance="Manhattan’
Support Vector Machine Kermil=RBF
(SVM) C=1.0
y= [1/number of features]
Number of estimators=500
Random Forest (RF) Number of attributes for best split=11

Maximum depth=7
Number of records at a leaf node=5

Artificial Neural Network

Number of hidden layers=2
Number of hidden units=130, 40
Number of epochs=200

(ANN) Activation function=ReLu
Optimizer=Adam
Maximum depth=6
Learning rate=0.3
XGBoost Number of estimators=180
Minimum child weight=1
5.1.2 Results and Discussions

Experiments were performed on an Intel(R) Core (TM) 15-8265U CPU 1.80 GHz
with 8 GB RAM. We used the MATLAB R2019a version software for the experiments
and analysis. All methods have been implemented on the same dataset, i.e. UCI
alcoholic EEG signal dataset. To encourage reproducibility of research, we have made
our code available online®. The SFS wrapper technique with stratified 10-fold cross-
validation was used for selecting the optimal subset of features. Here we applied the
step forward technique to select the feature subset for classification. We employed a
wrapper-based feature selection method using an SVM classifier as the core model.
The highest accuracy during 10-fold cross-validation on the training set was obtained

using the most significant feature subsets, consisting of 248 features for the validation

? https://github.com/ruchi-holker/QEEG-Neuro-Biomarkers-for-Alcohol-Abuse-and-Dependence-Diagnosis
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cohort and 263 features for the cross-validation cohort, respectively.

The performance analysis and comparison of the proposed work with the state of the
art is shown in Table 5.3 for the validation (V) and cross-validation (CV) cohorts. We
compared our method with two primary conventions in AUD detection—those that use
QEEG features and those that use filter banks. For the validation cohort, Mumtaz et al.
[83] achieved 86.47% accuracy using an ANN using only two spectral power features-
absolute power and relative power, with feature selection using t-test and PCA.
Furthermore, QEEG features used by Toole et al. [120], for which the Support Vector
Machine (SVM) classifier achieved 96.53% accuracy. The approach proposed by
Huang et al. [63], which utilized spectral power, entropy, and coherence QEEG
features, achieved an accuracy of 83.66%. Dorvashi et al. [34] and Al-Hadeethi et al.
[6] achieved accuracies of 98.33% and 99.00%, respectively. Amplitude, frequency,
rEEG, and functional connectivity features proposed in [59] achieved an accuracy of
97.6% for the top-3000 features. In contrast to this work, we select an even smaller
subset of QEEG features (top-248 for validation cohort and top-263 for cross-
validation cohort) and use the efficient SFS algorithm with stratified 10-fold cross-
validation, thereby, achieving even higher accuracies for the classification task. In
addition, the spectro-spatial decomposition of the EEG signal further optimizes the
results. The highest accuracies (V: 99.63%; CV: 99.25%) are reported for the proposed
method using the SVM classifier. The computational time involved was also less, in
the order of a few seconds, since only six spatially-filtered channels are involved in
contrast to the previous works that involve 64 EEG channels. In our current
implementation, the average processing time was around 3.8 seconds on a standard
machine (Intel i5 processor, 8 GB RAM) without GPU acceleration, highlighting the
lightweight nature of our approach, which leverages a limited number of spatially
filtered channels. The computational time of our approach was found comparable to
other CSP-based methods [90, 18] and the method proposed by Mumtaz et al. [83],
both of which required approximately 2 to 3 seconds to execute due to the smaller
number of features involved. In contrast, other methods [34, 120, 63, 59] took around

1 to 3 minutes, primarily because they utilized a larger number of features and all 64
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EEG channels. The highest execution time, approximately 7 minutes, was observed

with the method by Al-Hadeethi et al. [6], which incorporated optimization via the

Fruit Fly Optimization Algorithm.

Table 5.3. Performance comparison of the proposed QEEG framework with

existing methods for AUD detection.

Author | Classifier | Accurac | Accurac Feature Feature No. of
name y y (CV) | extraction selection EEG
& Ref. V) channe
Is
Mumta kNN 75.74% | 74.64% Absolute t-test and 64
z et al. SVM 84.32% | 85.15% power, principal
[83] RF 79.37% | 78.77% | Relative | component
ANN | 86.47% | 84.20% power analysis
Toole kNN 96.20% | 94.90% | Amplitude, - 64
etal. SVM [ 96.53% | 95.33% | T'EEG,
(2017) RF 93.40% | 93.05% | connectivity
[120] [""ANN" | 94.88% | 92.88% | - burstand
inter-burst
intervals,
and spectral
QEEG
Park et | Ensemble | 71.61% | 71.26% CSp Mutual 6
al. classifier information
(2017) -based
[90] feature
selection
Bhatti Radial 75.48% | 75.90% CSp Sequential 6
et al. basis backward
(2019) function floating
[18] neural selection
networks
Al- SVM with | 98.80% | 98.25% Ten Kolmogoro
Hadeet | Fruit-fly statistical | v—Smirnov | 64
hietal. | optimizati features test (KST)
(2022) on extracted
[6] from
eigenvalues
of the
covariance
matrix
integrated
with a
clustering
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technique-

based
bootstrap
Dorvas SVM 98.70% Rhythm Statistical 64
hi et al. kNN 98.30% | 98.10% power, analysis and
(2023) approximati Davis-
[34] 97.46% on and Bouldin
permutation criterion
entropies,
Katz and
Petrosion
fractal
dimension
Huang kNN 71.95% | 72.50% | QEEG + All - 64
et al. SVM 80.69% | 80.10% | sub-bands
(2020) RF 77.56% | 76.46%
[63] ANN 83.66% | 82.60%
Holker kNN 94.22% | 94.89% | QEEG + All | Majority- 64
and SVM 95.71% | 94.96% | sub-bands voting
Susan RF 91.91% | 92.53%
(2021) ANN 97.85% | 98.90%
[59]
Propose kNN 98.81% | 98.90% | 27 QEEG Sequential 6
d SVM 99.63% | 99.25% features Forward
method RF 99.01% | 98.25% | comprising Selection
98.26% | 97.90% | EEG power, (SFS)
XGBoost discontinuit
ANN | 97.25% | 96.25% y and
spectral
distribution
features +
CSP

The spectral distribution of the selected QEEG features in Figure 5.3 for both cohorts
reveals that the B1 (0-10 Hz), B6 (50-60 Hz), B9 (80-90 Hz), and B10 (90-100 Hz)
sub-bands contribute more discriminative features for alcoholism diagnosis than the
other sub-bands. B1 includes delta (0.5-4 Hz), theta (4-8 Hz), and lower alpha (8-10
Hz) bands, often linked to disrupted arousal and drowsiness [50]. B6, B9, and B10, on
the other hand, span the high gamma range (>60 Hz), associated with higher-order
cognitive processes and cortical communication [27]—functions known to be
impaired in chronic alcohol use. Gamma oscillations are typically associated with

higher-order cognitive processes such as attention, memory, and information
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integration. In people with Alcohol Use Disorder (AUD), elevated gamma activity
may suggest that the brain is overly active or "overstimulated" [96]. This often happens
because long-term alcohol use disrupts the normal balance between calming
(inhibitory) and stimulating (excitatory) brain signals, making the brain more excitable
than usual. Features extracted from higher gamma frequencies (above 60 Hz) are
particularly sensitive to these alcohol-related changes in brain function and contribute

to the identification of AUD, making them valuable biomarkers for diagnosis.
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Figure 5.3. QEEG features selected from the ten sub-bands for (a)

Validation cohort (b) Cross-validation cohort

78



A bootstrapping approach is used to understand data dependency of the discriminative
power of the proposed features and their associativity with different classifiers. Nine
fractions varying from 10% to 90% of the complete dataset are selected in this
approach. Ten training subsets are randomly selected for each fraction to avoid any
dataset bias and provide statistically meaningful results. A total of 360 trials were
carried out, with each trial comprising of one of the classifiers trained using smaller
training subsets and tested using the complete testing dataset. The results of the
experiments are summarized in Figure 5.4 for both cohorts, where each boxplot depicts
the variation in classification accuracy for a varying fraction of the training dataset
using different classifiers. In all cases, the variation in the classification accuracy
decreases with the increasing fraction of the training dataset due to minimal variation
in random subsets caused by higher fraction values. It can also be observed that SVM
saturates faster for both cohorts (even at low training data) indicating it is more reliable
than ANN. As the ratio increases, deviation decreases for SVM, unlike for ANN,
XGBoost and kNN. The boxplots for the SVM classifier (Figure 5.4) clearly illustrate
that the model's stability improves as the number of training samples increases, across
both the validation and cross-validation cohorts. This trend is particularly evident from
the progressive narrowing of the confidence intervals associated with the classification
accuracy. Wider confidence intervals at lower sample sizes reflect higher variability
in the model's performance, indicating that the classifier is more sensitive to
fluctuations in the training data, a common sign of overfitting. However, as the training
set grows, the boxplots exhibit reduced spread, and the confidence intervals become
noticeably tighter. This narrowing suggests that the model's predictions are becoming
more reliable and less dependent on specific subsets of the data, which is indicative of
improved generalization. The convergence of validation and cross-validation
accuracies, coupled with reduced variance, further supports the conclusion that
overfitting is being mitigated. In essence, the consistent tightening of the confidence
intervals demonstrates that the SVM model achieves more stable and reproducible
performance as it is trained on larger datasets. The RF classifier performs second-best,

and also shows a low variation in the box plots for the two independent cohorts.
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Figure 5.4. Boxplots showing variation in classification accuracy across different
fractions of the training data for (a) Validation cohort (b) Cross-validation cohort

The proposed framework provides a non-invasive, objective tool for early diagnosis

of alcohol-related cognitive impairment by analyzing EEG biomarkers during simple

visual tasks. It complements traditional assessments by offering quantitative insights
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for personalized treatment planning. This study has a few limitations. It addresses a
binary classification task (alcoholic vs. control), but future work will aim to extend
this to a multiclass classification problem. Additionally, the effectiveness of our
approach could be better assessed using a larger dataset that includes participants of
all genders, allowing for an analysis of how alcohol abuse and dependence may differ
between males and females. Incorporating geographic and ethnic diversity in the
dataset could also help capture variations in drinking behavior influenced by cultural
factors. Key challenges for real-world implementation include the need for
standardized EEG protocols, inter-individual variability, susceptibility to artifacts,
addressing variability in equipment, and the need for integration into clinical

workflows [73].

5.2 Generalizable Temporal-Spectral-Spatial
Quantitative Electroencephalogram based
Diagnosis of Attention Deficit Hyperactivity
Disorder in Children

This section of the chapter proposes a novel diagnostic framework for ADHD,
that quantifies cognitive ability through spectral, power and connectivity QEEG
pooled across temporal, spectral and spatial dimensions of an EEG signal evoked by
visual stimuli. The generalizability of this approach is proved using a subject-wise data
splitting strategy. The spectral features represent the frequency characteristics of the
EEG signal, while power features represent the amplitude characteristics. Connectivity
refers to the inter-hemispheric brain region connectivity which is measured using
averaged correlation and coherence statistics computed between all possible channel
pairs in the left and right hemispheres. Ensemble-based feature selection is then
employed for selection of optimal features from the concatenated feature list. Two
ADHD datasets have been used for the evaluation. The first dataset is smaller and
balanced, and involves 121 participants (ADHD:61, Healthy:60), while the second
dataset is larger and imbalanced, and involves 144 participants (ADHD:23,773,
Healthy:10,129). The results establish the diagnostic efficacy of the proposed method
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and its potential for influencing future research.

5.2.1 Materials and Methods

This section details the methodology followed for the experiments conducted in
this study. The raw EEG signal is subject to preprocessing to remove artifacts. The
EEG signal is then segmented into time windows (temporal dimension), each time
window is filtered into multiple frequency bands (spectral dimension), and in each
frequency band, discriminative channels are identified (spatial dimension) for
extracting QEEG features. The features concatenated across temporal, spectral and
spatial dimensions are subject to rigorous feature selection to extract discriminatory
features for classification. Figure. 5.5 illustrates the principal stages of the
experimentation. Broadly, these are classified into datasets, preprocessing, sub-time
segmentation, filter bank, common spatial pattern, QEEG feature computation,
window averaging, feature selection ensemble, and classification. The steps are

explained in more detail below.

Datasets

In this study, two ADHD EEG datasets were used for evaluating the performance of
the proposed framework. The main difference between the two datasets is that they
use different numbers of EEG channels and have different numbers of trials with
different lengths of signals. Also, dataset-1* is a balanced dataset, while dataset-2° is
an imbalanced dataset. Table 5.4 lists the characteristics of both datasets also referred

to as D1 and D2.

* https://ieee-dataport.org/open-access/eeg-data-adhd-control-children
* https://osf.io/nceqv/?show=revision
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Table 5.4: Details of the ADHD datasets used in the experiments

Dataset | Number of | Age channel | Samples classe | Class

participants s s Imbalanc

e
Dataset | Total=121 | ADHD=9.62 | 19 ADHD=61 |2 No
-1 ADHD=61 | £1.75
(D1) Healthy=60 | Healthy=9.8 Healthy=6
5+£1.77 0

Dataset | Total =144 | ADHD= 56 ADHD= 2 Yes
-2 ADHD=10 |10.6+1.9 23,773
(D2) 0 Healthy=

Healthy=44 | 11.3£2.2 Healthy=

10,129

In dataset-1, the 121 children enrolled in the study were divided into two groups in
which ADHD group had 61 children and non-ADHD/control group had 60 children.
In dataset-2, 144 children were included in the analysis. For the control group 10129
trials were conducted, and for the ADHD group 23773 trials were conducted. In both
cases, prior to the EEG recording, the participant children were presented with visual
stimuli (counting of characters in cartoons (dataset-1), recording time lapse of 1200ms
after visual stimulus by pressing a button (dataset-2)), with the goal of capturing the

cognitive ability of the participant.

We collected 256 samples per second, corresponding to 256 Hz sampling frequency.
The sampling frequency is set to be at greater than twice the maximum possible
frequency of an EEG signal which is around 100 Hz, with the highest frequency band
(Gamma) lying in the range of 30 Hz to 100 Hz [104], and any frequencies above this

range is labelled as noise.
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Figure 5.5. Process pipeline of the proposed method

Preprocessing of EEG Measurements

The multi-channel EEG signal is recorded by electrodes placed on the scalp, and
subjected to a preprocessing stage comprising of signal processing steps to extract
useful information from noisy EEG recordings. For all the datasets used in our work,
technical artifacts caused due to eye or muscle movements were removed at the source
itself through raw data inspection. Furthermore, Independent Component Analysis
(ICA) was employed to remove any remaining artifacts. Line noise was eliminated
using the notch filter. This is the cleaned multi-channel EEG signal used in all the

experiments reported in this chapter. The number of EEG electrodes or channels vary
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for different datasets. Bipolar montage reference system is used for all the experiments,

wherein each electrode is linked and compared with the electrode behind it.

Feature Extraction

Dividing the EEG signal into multiple sub-time segments or windows using a sliding
window technique allows for the analysis of changes in the signal over time. We have
followed the precedence of previous works on EEG segmentation followed by
multiple-band filtering of each time window [74,76]. EEG signal can vary with time,
and this variation can be gauged by analyzing the signal in smaller time windows. So,
in the proposed scheme, a temporal sliding window technique is used to capture
continuous changes in the signal over time. Consider that S is a raw EEG signal that is
divided into n overlapping sub-time window segments of duration ¢ seconds each,
denoted by S= {S;, S, S3, .... S»). The number of windows (n) is variable since the
EEG signals used in the experiment are of varying length (in the order of several
seconds), hence we retained the original length of signals without any truncation. To
determine the size of the sliding window, we test various window sizes (such as 0.5
s,1.0 s and 1.5 s) in order to identify the optimal window size for ADHD detection.
Empirical trials established that the window size of 1 second was optimal for the

experiments conducted in our study.

Filter bank

To analyze the ADHD signal in different frequency sub-bands we apply the filter bank
on each sub-time window. A filter bank is a collection of band-pass filters that divide
the input signal into several components, each one carrying a single frequency sub-
band of the original signal. We construct a linear filter bank with ten sub-bands, with
frequencies ranging from 0 to 100 Hz, using ten fifth-order Butterworth Infinite
Impulse Filter (IIR) bandpass filters, each with a passband of 10 Hz; these filters are
known for their maximally flat frequency response in the passband. The frequency
ranges of the ten filters are: (0-10) Hz, (10-20) Hz, (20-30) Hz,....,(90-100) Hz. The

spectrally filtered signal obtained from each sub-time window is now subjected to

85



spatial filtering.

Common Spatial Pattern

The temporally-segmented and spectrally-filtered multi-variate EEG signal x is now
spatially filtered by applying CSP [116] to each frequency sub-band. The aim of spatial
filtering is to detect specific signal components of interest in the multi-variate EEG
signal. CSP is an adaptive spatial filtering technique that combines the information
from different channels to improve the discrimination between ADHD and non-ADHD
classes. In the first step, the average sample covariance matrix C is computed for

ADHD and non-ADHD classes using Eq. (5.1) and Eq. (5.2), respectively.

T
C, —_ XaXXxs (5.1)

- trace(xq X xI)

Xy X XT

G, = trace(r, x <) (5.2)
Here, the superscript 7 denotes the transpose of a matrix. x; and x> denote the time-
varying EEG signals for classes 1 (ADHD) and 2 (non-ADHD), respectively, that are
mean centred, i.e. the mean is subtracted from the EEG signals prior to the computation
of covariance. The trace() operator in the denominator of Eq. (5./) and Eq. (5.2)
denotes the trace of the matrix obtained by multiplying the EEG signal with its
transpose; its function is to normalize the covariance matrix. Next, we estimate the

spatial filters by solving the generalized eigenvalue problem [116] given by Eq. (5.3).

Here, A is the set of all eigenvalues {4;}, and the matrix @ is the set of all eigenvectors
{w;} also known as spatial filters, where A; is the eigenvalue corresponding to the i
spatial filter w; corresponding to the i column vector of the CSP matrix @. Finally,
the temporally-segmented and spectrally-filtered EEG signal x is projected onto the
CSP matrix @ to obtain the reduced dimension feature matrix y, as shown below

y=a'x (5.4)

A total of 2d columns are selected from the transformed feature matrix y (first d
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columns and last d columns of y, in order to maximize the variance between the two
classes). In our experiments d=3, thus a total of 2d=6 spatially filtered signals are

obtained as the outcome of this stage.

OEEG features

The EEG signal can be objectively and consistently examined by using quantitative
EEG analysis, which entails collecting numerous statistical and signal-processing
properties from the EEG. Quantitative EEG analysis is preferable to visual
interpretation because it is a mathematical way to analyze a signal. The complete list
of the twenty-seven QEEG features employed in this study is given in Table 5.5. This
chapter proposes a framework that measures twenty seven QEEG features spread
across three broad categories: power (amplitude characteristics), spectral (frequency
characteristics), and inter-hemispheric connectivity; these three categories are chosen
since they capture the inherent characteristics of a multi-channel EEG signal across
multiple domains, unlike previous works in literature that have concentrated on fewer
features. The power features are solely based on the signal power, signal envelope, and
peak-to-peak voltage measurements. The spectral features are computed after
transforming the signal into the frequency domain using FFT. Inter-hemispheric
connectivity measures the interaction between the left and right brain hemispheres in
terms of neural activity. The total number of features that are extracted from each time
window is 1620=10x%6x27. Here 10 is the number of sub-bands obtained after spectral
filtering, 6 is the total number of channels that are selected after spatial filtering, and

27 is the number of QEEG features.

Window-based averaging of QEEG features

As explained in previous subsection, the EEG signal of duration » x ¢ seconds is
divided into n sub-time windows, each of duration 7 seconds, using the sliding window
concept. The size of the sliding window ¢ is set to 1.0 second with 75% overlap
between successive sub-time windows. The QEEG signals computed from each time
window are averaged to yield the final feature set for an EEG signal. Window-based

averaging helps to reduce the variability of features over time as proved in earlier
ging help y p
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works [44].

5.2.2 Classification of controls and patients with ADHD

Feature selection

For the next stage, we propose an ensemble of two feature selection approaches: a step-
by-step wrapper technique and a filter method to select the most distinct QEEG features
for ADHD identification. In the proposed framework, we ensemble two feature
selection techniques named filter and wrapper. The filter technique is independent of
the machine learning algorithm, and a rank is associated with each feature according to
feature intrinsic properties that are measured via univariate statistics. In the ensemble
feature selection approach, we use four methods- ANOVA, Information Gain Ratio,
Gini index (GI) and chi-square that assign a rank to each of the 1620 features according
their discrimination criteria. Then all the four ranks are averaged to obtain the new
rank, the features are re-arranged as per the new rank, and after that feed-forward
selection approach is employed to select the top-ranked features (233 features for
dataset-1 and 241 features for dataset-2 after applying feed-forward selection). The
obtained features are now passed to the four supervised machine learning algorithms

to classify ADHD and non-ADHD children.

Table 5.5: A comprehensive list of the 27 QEEG features used in this study, with
detailed descriptions of each feature's clinical relevance for children with ADHD

Feature Abbreviation clinical relevance for children with
ADHD
F1 (Power) ATP(Amplitude Increased time-domain amplitude power
Total power) due to delayed brain maturation and

sensitivity to background noise, making
focused attention difficult

F2 (Power) ASD(Amplitude Elevated standard deviation due to higher
Standard Deviation) | EEG variability corresponding to
behavioral inconsistencies and attention

fluctuations
F3 (Power) ASKW(Amplitude Fluctuates between high positive skew (due
Skewness) to intermittent hyperarousal) and high
negative skew (due to occasional lapses in
attention)
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F4 (Power) AKR (Amplitude Elevated kurtosis due to short, high-
Kurtosis) amplitude bursts surrounded by low
activity.
F5 (Power) AEM (Amplitude Low mean envelope level due to
Envelop Mean) hypoarousal and cortical disengagement
F6 (Power) AESD (Amplitude High standard deviation in the signal
Envelop SD) envelope due to inconsistent cognitive
engagement
F7 (power) REM (rEEG Mean) | Fluctuates between high peak-to-peak
amplitude (due to intermittent
hyperexcitability) and low peak-to-peak
amplitude (due to reduced neural
responsiveness)
F8 (power) REMD (rEEG Fluctuates between high median value (due
Median) to intermittent hyperexcitability) and low
median value (due to attention deficits)
F9 (Power) RESD (rEEG SD) High standard deviation due to erratic
signal amplitude corresponding to
alternating periods of overactivation and
underactivation
F10 (Power) | RELM (rEEG Low value of 5th percentile peak-to-peak

Lower margin)

voltage due to periods of minimal neural
engagement

F11 (Power) | REUM (rEEG upper | High value of 95th percentile peak-to-peak
margin) voltage due to intense spikes in cortical
activity corresponding to restlessness and
impulsivity
F12 (Power) | REW (rEEG width) | Larger inter-percentile range due to
frequent shifts between hypo- and hyper-
activation.
F13 (Power) | RCOV (tEEG High coefficient of variation due to high
Coefficient of EEG variability and fluctuation
variance)
F14 (Power) | REASY(rEEG Fluctuates between negative symmetry
Asymmetry) (lapses of attention) and positive symmetry
(hyperactivity or impulsivity)
F15 (Spectral | SPAP (Spectral Increased theta power (due to immature

Distribution) | absolute power) cortical development) and reduced beta
power (due to impaired cognitive control)

F16 (Spectral | SPRP (Spectral Increased theta to beta power ratio due to

Distribution) | relative power) cortical hypoarousal and reduced cognitive
engagement

F17 (Spectral | SPF (Spectral Fluctuates between higher flatness (due to

Distribution) | Flatness- Winner noise-like EEG spectrum) and lower

Entropy)

flatness (due to abnormal oscillations in
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certain bands) reflecting dysfunctional
brain network activity

F18 (Spectral | SPD (Spectral Increased spectral difference due to
Distribution) | Difference) fluctuating levels of cortical arousal
F19 (Spectral | SPE (Spectral Elevated spectral entropy due to
Distribution) | Entropy- Shannon disorganized, chaotic, and inefficient brain
entropy) activity
F20 (Spectral | SPEF (Spectral Edge | Reduced spectral edge frequency due to
Distribution) | Frequency) increased slow-wave activity and cortical
underarousal (increased theta and reduced
beta activity)
F21 (Spectral | FD (Fractal Higher fractal dimension due to rougher
Distribution) | dimension) EEG waveform with greater fluctuations
indicating a brain that is overly reactive or
struggling to maintain focus
F22 (Spectral | PEEN (Permutation | Increased permutation entropy
Distribution) | Entropy) corresponding to high brain signal
irregularity caused due to variable
attention, impulsivity, and unstable brain
activity.
F23 BSI(Brain symmetry | Elevated brain symmetry index due to
(connectivity) | index) abnormal hemispheric balance, linked to
attention and control deficits
F24 CORR(Correlation) | Low median envelope correlation between
(connectivity) channel pairs in the left and right brain
hemispheres due to poor inter-regional
coordination
F25 COHM (Mean Reduced median of mean coherence
(connectivity) | coherence) between channel pairs in the left and right
brain hemispheres due to weakened overall
brain connectivity, linked to poor attention
and control
F26 COHMX Fluctuates between elevated (median of)
(connectivity) | (Connectivity maximum coherence in fronto-parietal
coherence max) regions and reduced (median of) maximum
coherence in some slow-wave bands due to
underconnectivity and over-
synchronization, respectively.
F27 COHFMX Lower median frequency of maximum
(connectivity) | (Frequency of coherence indicating dominance of slower
maximum rhythms in functional connectivity
coherence)
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Classification and Generalizability Test

After extracting the features, we used several machine learning algorithms to classify
the EEG signal into ADHD and non-ADHD/control samples. The algorithms used
include Support Vector Machine (SVM), k-Nearest Neighbor (kNN), Random Forest
(RF), Atrtificial neural network (ANN) and eXtreme Gradient Boosting (XGBoost).
Grid search was employed for hyperparameter tuning of all classifiers. The best values
of the hyperparameters across all grids are specified in Table 5.6. To prove the
generalizability of the proposed method, and to test its performance on unseen test
samples, we implemented the Leave-One-Subject-Out (LOSO) experiment for both
datasets. We acknowledge that LOSO evaluation can offer valuable insights into the
model's generalization performance. The objective is to assess how effectively the
model captures individual variability and generalizes to new cases.

Table 5.6: Hyperparameters of classifiers used in the experiment

SVM kNN RF ANN XGBoost
C=30 K=14, manhattan | Trees=500 [90,10] Trees=180
eps=0.1 distance depth=6 ReLu, depth=6
kernal=RBF 10 feature/ node Adam min. child
weight=1

Algorithm 1: Proposed method for ADHD diagnosis

Input: Raw EEG signal
Output: Predicted class of EEG signal: ADHD or non-ADHD
Step1: Sub-time segmentation
The raw EEG signal is divided into n overlapping sub-time window segments of
duration ¢ seconds each, denoted by S = {S;, S>, S3,...,5:}.
Step 2: Spectral filter
Linear filter bank {b;} divides each time window segment S; into ten sub-bands:
b1,by,bs,.....bio.
Step 3: Spatial Filter
For j=1 to the number of spatial filters do
3.1 Find the covariance matrix as per Eq. (5.1), Eq. (5.2)
3.2 Obtain spatial filter following Eq. (5.3)
33 Obtain the spatially filtered signal using Eq. (5.4)
End
Step 4: QEEG Feature Extraction
Extract 1620=10%6%27 QEEG features from each sub-time window S..
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Step 5: Window averaging

The QEEG signals computed from different time windows are averaged to yield the
final feature set for an EEG signal.

Step 6: Ensemble-based feature selection

6.1 V'is a vector of all the features such that V"= {v;, v2,v3,v4.....,vs} where
f'is the number of features (=1620)
6.2 R is a set of rankers defined as R={r;r2,73,..........,rm! Where m is the

total number of rankers.
Forjin 1 ton do
Rank order (j)=mean (Rank [/: m, j])
End
6.3 Select top-D features with the highest Rank order
Step 7: Classification
7.1 Train the classifiers: SVM, kNN, RF, ANN and XGBoost using top-D
features
7.2 Classify the test EEG signal using trained model

5.2.3 Results and discussions

All experiments were conducted in MATLAB. We extracted the twenty-seven QEEG
features from the spectral-spatial filtered EEG signal using the Neural Toolbox [120].
So, the total number of features that are extracted from each time window is
1620=10x6x27. Here, 10 is the number of sub-bands obtained after spectral filtering,
6 is the total number of channels that are selected after spatial filtering, and 27 is the
number of QEEG features. Now, to minimize the temporal variance in the obtained
features, we apply a window averaging technique on all the features so that the

obtained features can provide a more consistent estimate of the signal.

In this section, we discuss the main findings of the work done in this work. The
performance of the proposed framework is compared with the existing methods listed
in Table 5.7 for both the datasets. We used 10-fold cross-validation to evaluate the
proposed framework. The spectral-spatial filter bank with the unique set of twenty-
seven features gives the best accuracy of 98.75+0.98% on dataset-1 and 98.68+0.52%
on dataset-2 (with kNN classifier), respectively. The low values of standard deviation
over the 10 folds prove that the proposed framework is fairly robust. We have
compared our method with primary conventions in ADHD detection: - those that use

conventional EEG features such as Theta/Beta Ratio (TBR) [11] and absolute and
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relative power [83], and those that use spatial filter banks [18][90]. We have also
compared with EEGNet a deep learning approach [133]. However, the traditional
feature-based approaches [4][24] are not effective enough for ADHD detection as
proved from the lower accuracies achieved. Bhati et al. [18] and Park et al. [90] are
two other baseline comparison approaches. They used the spectral and spatial filter
bank for EEG signal classification. However, they did not include any QEEG features
and sub-time segmentation in their framework. On comparison with all other methods,
our proposed framework performed better for both datasets. One of the factors causing
the lower accuracy for the D1 dataset is that all the samples have varied lengths of
longer duration. The shortest duration is 15.591 sec, while the largest duration is
84.476 sec. Whereas, for D2 dataset, all the sample size is fixed and short in length (1
sec duration). Considering our proposed method, we first segmented all the samples
using a short time window. Therefore, our proposed method gives higher accuracy as
compared to dataset 1. For the D1 dataset, due to fixed size of the short windows of
each signal in the proposed framework, higher accuracies were achieved as compared

to all other existing techniques.

Table 5.7 shows the results of LOSO validation on both datasets. The proposed method
achieves the highest accuracy of 98.18+0.98% for dataset D1 and 97.69+0.52% for
dataset D2 with the kNN classifier. We note that the LOSO accuracy is only marginally
lower than the k-fold accuracy by 1-2%, thereby proving the generalizability of the

proposed framework to unseen test samples.

Since, dataset-2 is imbalanced, we employed various sampling strategies: SMOTE,
NRSB_SMOTE, MWMOTE and ADASYN to augment the minority class. The results
are shown in Figure 5.6. SMOTE gives the best classification accuracy for the
imbalanced dataset as compared to the other sampling strategies. The results in Table
5.7 show the results of SMOTE for the imbalanced dataset-2. SMOTE is applied to the
training data to generate synthetic samples of the minority class to balance the class
distribution. This can help improve the performance of classifiers when dealing with

imbalanced datasets.
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Figure. 5.6. Classification accuracy (%) of different sampling strategies—SMOTE,
ADASYN, NRSB_SMOTE and MWMOTE, for the imbalanced dataset D2.

Table 5.7: Implementation details and performance comparison of the proposed
method and the existing methods for the two ADHD datasets (D1: Dataset-1, D2:

Dataset-2)
EEG Feature Accuracy (%)
Study Channel Features ::;gg selecti | Classifi
s on er
on method
DI | D LOSO 10- LOSO 10-Fold
2 (D1) | Fold (D2) | CV(D2)
Study cv
(D1)
TBR 1 1 Theta/Be | Cz - kNN 75.65 78.12 80.12 83.46
[11] ta Ratio | electrod SVM 59.49 63.58 57.43 62.42
e RF 51.21 53.95 48.59 54.63
ANN 54.27 58.99 52.96 57.56
Mumt | 19 | 56 | Absolute | Allsub- | t-test kNN 67.78 69.16 94.30 94.49
az et power, bands and SVM 73.02 73.31 78.86 80.14
al. Relative PCA RF 70.10 72.20 77.77 79.36
[83] power ANN 67.80 69.90 92.39 95.25
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Toole et al. 19 | 56 | Spectral, All - kNN 73.39 73.68 91.31 | 96.52
[120] Amplitude, sub- SVM 73.13 76.02 76.14 | 79.31
peak-to peak | bands RF 79.50 81.46 70.26 | 74.11
voltage ANN 78.94 81.38 88.52 | 93.38
features
Huang et al. 19 | 56 | Absolute All - kNN 69.87+3 71.01 91.21 | 97.03
[63] power, sub- SVM 67.34 68.57 77.27 | 78.21
Relative bands RF 72.21 73.38 7146 | 74.44
power, ANN 62.90 63..92 90.16 | 94.90
Permutation
Entropy
Bhatti et al. 6 | 6 | Linear Sub- Sequenti | kNN 96.19 98.56 91.76 | 93.44
[18] Discriminant | band al SVM 80.39 82.71 77.79 | 80.53
Analysis CSP Backwa | RF 84.97 86.53 85.02 | 85.36
(LDA) rd ANN 94.12 97.84 91.59 | 94.23
Matrix Floating
Selectio
n
Park et al. 6 |6 |- Sub- MIBIF kNN 78.45 78.77 94.39 | 96.12
[90] band SVM 54.49 56.64 85.23 | 87.51
CSP RF 76.69 77.78 87.95 | 90.11
ANN 77.75 79.34 93.24 | 93.43
Vahid et al. 19 | 56 | - - - EEGNet 76.24 77.14 73.89 | 74.90
[133] (deep)
Holker and 19 | 56 | Spectral, All Majority | kNN 70.11 71.25 95.65 | 97.01
Susan [59] Amplitude, sub- voting SVM 71.02 72.60 +0.79 | 81.43
peak-to-peak | bands scheme | RF 74.67 75.88 78.34 | 77.09
voltage, ANN 69.58 71.73 75.55 | 85.57
Connectivity 82.66
Hamadicharef | 18 | 18 | - Sub- Mutual FLD 91.23 94.21 94.89 | 97.53
etal. [55] band Informat
CSP ion
Proposed 6 6 Power, Sub- Feature kNN 98.18 98.57 97.69 98.68
method Spectral, time selectio SVM 85.22 86.08 83.21 83.54
Connectivity | segme | n RF 88.71 89.07 86.29 | 87.52
ntatio | Ensembl | ANN 95.21 97.75 94.17 | 97.89
n+ e XGBoos 92.39 94.02 93.67 | 94.21
Sub- t
band
CSp

To evaluate the performance of all classifiers, the ROC-AUC receiver operating
characteristic curves are shown in Figure. 5.7 with a 95% confidence interval. The
ROC curve is a graph representation of the false positive rate and the true positive rate,
and the maximum surface under the curve represents the best performance. In Figure
5.7 (a) and Figure 5.7 (b), the ROC curves of kNN, SVM, RF, ANN and XGBoost
classifiers are shown for dataset-1 and dataset-2, respectively. The kNN classifier
demonstrates consistently good performance in accordance with the trends in Table

5.7. We also conclude from the boxplots in Figures. 5.8 (a) and 5.8 (b) that kNN
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classifier achieves the best classification accuracy as compared to the ANN, SVM and

RF classifiers for both datasets.

kNN SsVM RF

ANN XGBoost

ANN XGBoost

ROC Curve with AUC(95% C1(0.775-0.941) ROC Curve with AUCI95% C1:0.775.0.941)

Fale Postive Rate

(b)

Figure. 5.7. ROC curves of kNN, SVM, RF, ANN and XGBoost classifiers for (a)
dataset-1 and (b) dataset-2 shown for 95% confidence interval.

To plot the box-plots in Figure 5.8, nine parts of a complete set, from 10% to 90%, are
selected. Ten training subgroups are randomly selected for each number to avoid
biases in the database and provide statistically significant results. A total of 360 trials
were conducted, each of which consisted of four classifications trained using a small
training subgroup and tested using the complete test dataset. The results of the

experiment are summarized in Figure 5.8, each box plot showing the variation in
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accuracy using four different classifiers for different fractions of the training dataset.
On dataset-1, kNN and RF exhibit minimal variation in classification accuracy at lower
fractions, indicating greater reliability compared to ANN and SVM for smaller training
subsets. For dataset-2, classification accuracy variation decreases as the training
dataset fraction increases due to reduced variation in random subsets at higher fraction
values across all five classifiers. The specificity and sensitivity scores for the proposed
method are illustrated in Table 5.8. The kNN classifier demonstrates the best
performance for both datasets in terms of both specificity and sensitivity indicating a
high value of accuracy with low false negatives (high sensitivity), and a low value of
false alarm rate (high specificity), as compared to all other classifiers. A comparison
of the execution times of different models proves that the kNN classifier takes minimal

time for execution, establishing its overall efficacy of the proposed approach.

To plot the box-plots in Figure 5.8, nine parts of a complete set, from 10% to 90%, are
selected. Ten training subgroups are randomly selected for each number to avoid
biases in the database and provide statistically significant results. A total of 360 trials
were conducted, each of which consisted of four classifications trained using a small
training subgroup and tested using the complete test dataset. The results of the
experiment are summarized in Figure 5.8, each box plot showing the variation in
accuracy using four different classifiers for different fractions of the training dataset.
On dataset-1, kNN and RF exhibit minimal variation in classification accuracy at lower
fractions, indicating greater reliability compared to ANN and SVM for smaller training

subsets.
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Figure 5.8. Boxplot representing the variation in accuracy for a varying fraction of
the training set for (a) dataset-1 (b) dataset-2.

For dataset-2, classification accuracy variation decreases as the training dataset
fraction increases due to reduced variation in random subsets at higher fraction values
across all five classifiers. The specificity and sensitivity scores for the proposed
method are illustrated in Table 5.8 The kNN classifier demonstrates the best
performance for both datasets in terms of both specificity and sensitivity, indicating a
high value of accuracy with low false negatives (high sensitivity), and a low value of
false alarm rate (high specificity), as compared to all other classifiers. A comparison
of the execution times of different models in Table 5.8 proves that the kNN classifier

takes minimal time for execution, establishing its overall efficacy.
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Table 5.8 Sensitivity and specificity values for the proposed method with execution

time

Classifiers Sensitivity Specificity Execution

D1 D2 D1 D2 time (secs)
kNN 0.9899 0.9884 0.9831 0.9847 4.5
SVM 0.9078 0.8773 0.7939 0.7594 9.2
RF 0.9088 0.8865 0.8723 0.8658 10.4
ANN 0.9738 0.9756 0.9790 0.9806 18.3
XGBoost 0.9482 0.9572 0.9323 0.9268 109.2

We also analyze the total number of features selected from the different sub-bands in
Figure 5.9 An analysis of the number of features selected per sub-band in Figure 5.9
reveals that for dataset-1, sub-bands 1, 4, 7 and 10 are important, while for dataset-2,
sub-bands 1, 4, 6 and 10 are important for ADHD diagnosis. The range of the first
sub-band which contributes the maximum number of features is 0-10 Hz, which
implies that delta (0.5-4 Hz), theta (4-7 Hz) and alpha (7-13Hz) bands are more reliable
for the diagnosis of ADHD in children; these findings are in agreement with
neurobiological findings that inattentive symptoms are associated with the delta, alpha
and gamma bands [70]. From gamma band (30-100 Hz), two sub-bands 30-40 Hz and
90-100 Hz show more significance than the other sub-bands. These high-frequency
components in the gamma waves (> 30 Hz) have been less explored in the context of
ADHD. However, recent research suggests that gamma activity could be associated
with various cognitive functions, including perception, attention, and memory, which
are impaired in individuals with ADHD [78]. The importance of the last few frequency
bands (30-40Hz) and (90-100Hz), which are less recognized for ADHD detection, is

indeed an intriguing finding of this research.
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Figure 5.9 Selected feature distribution across all ten sub-bands for (a) dataset-1
(b) dataset-2.
One limitation of our approach is that kNN, which is the best performing classifier
model, becomes computationally expensive when the feature space is very large. The
problem may be mitigated by using efficient feature selection methods for
dimensionality reduction. Additionally, feature selection strategies based on
evolutionary or meta-heuristic optimization techniques such as genetic algorithm,
particle swarm optimization, and differential evolution algorithms [4, 104], that
advocate globally-optimal solutions in a large feature space, are expected to further

boost the performance of the proposed diagnostic framework.

5.3 Conclusion

This chapter successfully demonstrated a comprehensive methodology for
determining an optimal subset of relevant features from the temporal, spectral, and
spatial domains of EEG signals. This is the first EEG-based ADHD early diagnosis
study to integrate spectral-spatial filtering with sub-time segmentation for selecting
discriminative QEEG features, broadly categorized into power, spectral, and
connectivity groups. The main objective is to enhance classification performance and
ensure the generalizability of diagnostic models for behavioral and
neurodevelopmental disorders. The research presented here, based on studies into both

AUD and ADHD, highlights the limitations of relying on a limited number of QEEG
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features. By employing a multi-domain approach, we were able to extract a rich and
diverse set of neuro-biomarkers that comprehensively captured the neurological
underpinnings of these disorders. Specifically, our analysis included a wide range of
QEEG features, such as: Spectral features captured the frequency characteristics of the
EEG signal. Spatial/Connectivity features quantified the functional relationships
between different brain regions, while Temporal features provided insights into the
signal's statistical properties in the time domain. Another key finding of this chapter is
the critical role of feature selection. Due to the large number of features extracted, a
systematic feature selection process was essential to eliminate redundant or irrelevant
data. The successful application of methods like Sequential Forward Selection (SFS)
and ensemble-based feature selection effectively identified a smaller, highly predictive
subset of features. This not only prevented model overfitting but also significantly

improved the overall classification accuracy and reduced computational complexity.

101



Chapter 6

Conclusion

The primary objective of this thesis is to design and validate a robust and
generalizable framework for the diagnosis of behavioral and neurological disorders,
using a multi-domain features analysis of Electroencephalogram (EEG) signals. This
work aimed to identify a subset of highly discriminative Quantitative EEG (QEEQG)
features that could be applied effectively across multiple brain disorders. The research

presented in this thesis has successfully accomplished this objective.

6.1 Contributions of the Study

The primary contribution of this research is the systematic integration and empirical
validation of multi-domain QEEG features within a unified classification framework.
While individual components are derived from established methods, their combined
optimization, cross-disorder evaluation, and detailed performance analysis provide

new methodological and neurophysiological insights into EEG-based diagnosis.

The first proposed framework (Chapter 3) demonstrated the statistical analysis of EEG
signals to identify a novel discriminative set of Quantitative EEG (QEEG) features
that exhibit generalizability across multiple brain disorders. The research highlighted
the importance of a comprehensive feature set, incorporating power, spectral, and
functional connectivity features to capture the diverse neurological patterns associated

with conditions like Attention-Deficit Hyperactivity Disorder (ADHD) and Alcohol
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Use Disorder (AUD).

We next extracted the novel set of twenty-seven QEEG features from the spectrally-
and spatially-filtered EEG signal for improved classification of brain disorders like
AUD (Chapter 5.1). CSP was applied for spatial filtering, while spectral filtering was
performed using a linear filter bank. In a departure from normal, a wide frequency
range (0 — 100 Hz) is considered for designing the spectral filter bank for the raw EEG
signal. A linear filter bank is designed using a stack of ten non-overlapping filters of
frequency band 10 Hz, with cut-off frequencies in the range 10-100 Hz. The aim is to
capture the variation in brain electrical activity in the gamma frequency band (>30 Hz)
which is typically ignored by most researchers, as compared to the delta (0.5-4 Hz),
theta (4-8 Hz), alpha (8-12 Hz), and beta (12-30 Hz) frequency bands. In individuals
with various brain disorders, deviations in these bands reflect underlying neural
dysfunction and cognitive impairment. The spectrally-filtered signal is subject to
spatial filtering using Common Spatial Pattern (CSP) algorithm, which is another
highlight of this work. Spectro-spatial filtering enables the extraction of QEEG
features from the most informative EEG channels in specific frequency sub-bands.

The proposed method surpasses state-of-the-art models, attaining peak diagnostic
accuracies of 99.63% and 99.25% for the two cohorts using a Support Vector Machine
classifier. Our results indicate that features from the lowest (delta, theta, and lower
alpha) and highest (high gamma) frequency bands are the most effective for

distinguishing alcoholic individuals.

Chapter 5.2 presents the first EEG-based approach for early ADHD diagnosis that
integrates spectral-spatial filtering with sub-time segmentation to identify
discriminative QEEG features spanning power, spectral, and connectivity categories.
Generalizability is validated through subject-wise data splitting. Spectral features
capture frequency patterns, power features reflect amplitude, and connectivity
measures inter-hemispheric correlations and coherence. Ensemble-based feature
selection identifies the most relevant features. Evaluated on two ADHD datasets—one

small and balanced (121 participants) and one large and imbalanced (144
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participants)—the method achieves peak accuracies of 98.57% and 98.68% (kNN, 10-
fold CV), and 98.18% and 97.69% (LOSO), demonstrating strong diagnostic

performance and subject-level generalizability.

Another achievement of this thesis is the implementation of functional connectivity
analysis between different brain regions (Chapter 4), which are known to be
significantly altered in various brain disorders. For this, we utilized the linear
monotonic inter-electrode associations as the primary Quantitative EEG (QEEQG)
features in the time domain signal. By systematically computing the absolute value of
the Pearson product-moment correlation coefficient between pairs of EEG electrodes
across multiple frequency sub-bands, we were able to create a highly comprehensive
map of brain functional connectivity. This approach generated a high-dimensional

feature space, reflecting the intricate network of neural interactions.

Another contribution of this work is the wrapper-based sequential forward feature
selection algorithm that leverages ten-fold stratified cross-validation for selecting the
most significant QEEG biomarkers for AUD and ADHD diagnosis. The use of
multiple feature ranking methods, such as ANOVA, Chi-square, Gini Index, and
Information Gain ratio, in conjunction with sequential forward feature selection
algorithm, proved to be a powerful strategy. This ensemble approach effectively
filtered out irrelevant and redundant features, thereby reducing model complexity and

preventing overfitting.

AUD and ADHD are clinically distinct, they share several neurophysiological
mechanisms related to impaired inhibitory control, altered reward sensitivity, and
dysfunctional cortical connectivity. These similarities provide a basis for using both
conditions to assess the generalizability of the proposed framework. However, the
present study is limited to these two disorders, and broader validation across additional

neurological and psychiatric conditions is required to establish wider applicability.
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To validate the generalizability and predictive power of the identified feature subsets,
a range of classification algorithms was employed in all the experiments conducted in
this study. The use of multiple classifiers, specifically Support Vector Machine
(SVM), K-Nearest Neighbours (KNN), Artificial Neural Network (ANN), Random
Forest and XGBoost, proved that the success of the framework was not dependent on

a single algorithm, but rather on the quality of the selected features.

6.2 Summary of Key Findings

This thesis makes several significant contributions to the fields of neuroinformatics

and biomedical signal processing, which are summarized as follows.

e A novel feature set of twenty seven QEEG features is introduced for EEG
signal classification, which effectively diagnoses various brain disorders.

e A generalizable framework applicable to the diagnosis of both behavioral and
neurological brain disorders, including AUD and ADHD.

¢ Ensemble-based advanced feature selection techniques, integrating filter and
wrapper techniques, to identify the most discriminative feature set in all
experiments conducted in this thesis.

e Design and validation of a comprehensive generalizable multi-domain features
framework that integrates temporal, spectral, and spatial domains for enhanced
diagnostic performance.

e A novel framework for extracting functional connectivity QEEG features by
computing band-wise absolute inter-electrode correlations. The EEG signal is
first decomposed into five frequency sub-bands, and within each, the absolute
Pearson correlation is calculated between electrode pairs across different brain
regions.

The implications of this research are substantial. By providing a more objective and
accurate diagnostic tool, this work has the potential to support clinicians in making
more informed decisions, ultimately leading to earlier intervention and improved

patient outcomes.
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6.3 Future Work and Social Impact

While this thesis establishes a strong foundation, the following limitations and
future research offer significant potential. Designing a generalizable framework for
the diagnosis of various brain disorders is challenging. Thus, further, various deep
learning algorithms can be explored. Future work will focus on implementing
attention-based deep neural networks for automated spatiotemporal feature learning,
integrating EEG with complementary physiological signals, and evaluating the
framework in real-time clinical environments using large-scale datasets. Also, new
feature selection techniques could be utilized to find the discriminative features for

classification.

The research presented in this thesis has the potential to generate significant social
impact by transforming the diagnostic landscape for neurodevelopmental disorders.
By providing an objective, data-driven diagnostic tool, it can reduce the reliance on
subjective clinical assessments, which can sometimes lead to misdiagnosis or delayed
intervention. This can be particularly beneficial in low-resource settings where access

to specialist clinicians is limited.

Future work can focus on integrating the enhanced accuracy and efficiency of the
proposed diagnostic framework into clinical environments to enable earlier and more
precise diagnoses. Such integration will facilitate timely interventions, which are
critical for improving long-term outcomes and quality of life for individuals with
ADHD, AUD, and related conditions. By supporting faster and more accurate
diagnosis within real-world healthcare settings, this research has the potential to reduce
stigma around these disorders and promote better patient care, ultimately contributing

to a healthier society.

Various kinds of brain disorders are diagnosed in the medical field. In the future, other

kinds of brain disorders can be explored rather than the AUD and ADHD disorders.
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The framework lays the groundwork for the development of portable, real-time
diagnostic systems. The computational efficiency achieved by identifying a minimal
feature subset makes such tools feasible, enabling accurate diagnosis to be more
accessible in low-resource settings and remote areas where specialist clinicians are not

readily available.
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