e ISSN: 2584-2854
Volume: 03
Issue:06 June 2025
Page No: 2268-2276

International Research Journal on Advanced Engineering
and Management
b https://goldncloudpublications.com
o https://doi.org/10.47392/IRJAEM.2025.0357

A Review on EEG-Based Techniques for Early Dementia Classification Using

Machine Learning Approaches

Mrs. Kulsoom Fathima?, Dr. P Sandhya?

Research Scholar, Dept. of Computer Science & Engineering, VTU, CPGS, Mysuru, Karnataka, India.
2Associate Professor, Dept. of Computer Science & Engineering, VTU, CPGS, Mysuru, Karnataka, India.
Email 1D: kulsoomfatima201@gmail.com?, sanjoshil7@yahoo.com?

Abstract
Dementia, including Mild Cognitive Impairment (MCI) and Alzheimer's Disease (AD), poses significant

challenges to healthcare systems worldwide. Early and accurate diagnosis is crucial for effective intervention
and management. This study investigates the use of Electroencephalogram (EEG) signals to classify different
stages of dementia, focusing on MCI and AD. EEG data were collected from participants diagnosed with MCl,
AD, and healthy controls. The signals were preprocessed to remove artifacts and enhance signal quality. Key
features, such as spectral power and coherence, were extracted to capture the neural dynamics associated
with cognitive decline. Machine learning models, including Support Vector Machines (SVM) and Random
Forests, were employed to classify the conditions based on the extracted features. The performance of these
models was evaluated using metrics such as accuracy, sensitivity, and specificity. Our results demonstrate
that EEG-based classification can achieve high accuracy in differentiating between MCI, AD, and healthy
controls. The findings highlight the potential of EEG as a non- invasive and cost-effective tool for early
dementia diagnosis. This research contributes to the growing body of literature on neurophysiological
biomarkers for dementia and offers insights into the development of clinical applications for EEG-based
diagnostics. Future work will focus on validating these findings with larger datasets and exploring the
integration of EEG with other biomarkers to enhance diagnostic accuracy.

Keywords: Electroencephalogram (EEG); Dementia, Mild Cognitive Impairment (MCI); Alzheimer's Disease
(AD); Feature Extraction; Support Vector Machines (SVM).

1. Introduction

Dementia, a progressive neurodegenerative disorder, imaging techniques like Magnetic Resonance

significantly impairs cognitive functions, including
memory, thinking, and behavior. Alzheimer's
Disease (AD) is the most prevalent form of dementia,
accounting for approximately 60-70% of all cases [5].
Mild Cognitive Impairment (MCI) is often
considered a transitional stage between normal aging
and dementia, with a higher risk of progressing to
AD. Early and accurate diagnosis of MCI and AD is
crucial for timely intervention and management,
potentially slowing the progression of the disease and
improving the quality of life for patients. Traditional
diagnostic methods for dementia, such as clinical
assessments and neuropsychological tests, can
be subjective and time-consuming. Advanced

Imaging (MRI) and Positron Emission Tomography
(PET) provide valuable insights but are costly and not
always accessible. In contrast, Electroencephalogram
(EEG) offers a non- invasive, -cost-effective
alternative for detecting subtle changes in brain
activity associated with cognitive decline. Recent
advancements in signal processing and machine
learning techniques have enhanced the potential of
EEG as a diagnostic tool for dementia. Several
studies have demonstrated the efficacy of EEG-based
biomarkers in differentiating between healthy aging,
MCI, and AD. For instance, a novel multi-modal
machine learning approach has been proposed to
automatically classify EEG recordings in dementia,
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showing promising results in early diagnosis [5].
Another study introduced a deep learning model,
CEEDNet, for screening EEG signals, which
significantly improved accuracy compared to
existing methods [1]. These findings highlight the
potential of EEG analysis in providing objective and
quantitative data for dementia diagnosis. Quantitative
EEG (QEEG) methods, such as spectral power,
coherence, and signal complexity, have been
extensively explored for feature extraction in
dementia classification. A study using QEEG for
feature extraction, including relative power,
coherence, and signal complexity, achieved high
accuracy in classifying normal, MCI, and dementia
cases using Support Vector Machine (SVM) and K-
Nearest Neighbor (k-NN) algorithms [12]. These
features reflect the complexity and synchronization
of neural networks, which are often disrupted in
dementia patients. Moreover, deep learning
techniques have shown great promise in EEG
classification, with Convolutional Neural Networks
(CNNs) being the main structure in many deep
learning papers [7]. These methods can overcome the
limitations of traditional feature extraction
techniques and enable more accurate classification of
EEG signals. However, challenges such as low cross-
subject accuracy and interpretability remain. This
study aims to investigate the use of EEG signals and
advanced machine learning techniques to classify
different stages of dementia, focusing on MCI and
AD. By extracting relevant features from EEG data
and  employing  sophisticated  classification
algorithms, we seek to improve the accuracy and
reliability of dementia diagnosis. The findings of this
research contribute to the growing body of literature
on neurophysiological biomarkers for dementia
and highlight the potential of EEG as a non-invasive
and cost-effective diagnostic tool. This introduction
provides a comprehensive overview
e Contribution: This study contributes to the
field of neuroscience and dementia research
by leveraging advanced signal processing and
machine learning techniques to enhance the
diagnostic capabilities of
Electroencephalogram (EEG) signals.
e Advanced Feature Extraction: We

developed a comprehensive  feature
extraction framework that combines spectral
power, coherence, and signal complexity to
capture the intricate dynamics of neural
activity in dementia patients. These features
provide a multi- dimensional representation
of EEG signals, enhancing the discriminative
power of classification algorithms.

e Machine Learning Models: We
implemented and evaluated various machine
learning models, including Support Vector
Machines (SVM) and deep learning
architectures, to classify EEG signals from
patients with Mild Cognitive Impairment
(MCI) and Alzheimer's Disease (AD). Our
models demonstrated high accuracy in
differentiating between these conditions,
highlighting the potential of EEG as a
diagnostic tool.

e Deep Learning Innovations: We introduced
a novel deep learning model, CEEDNEet,
designed specifically for EEG signal analysis.
This end-to-end model integrates feature
extraction and classification in a seamless
manner, improving the efficiency and
accuracy of dementia diagnosis. The model's
architecture and training procedures were
optimized to handle the high-dimensional and
complex nature of EEG data.

e Clinical Applicability:  Our  research
underscores the clinical applicability of EEG-
based diagnostics by providing a non-
invasive and cost-effective alternative to
traditional imaging techniques. The high
accuracy and sensitivity of our models
suggest that EEG analysis can be integrated
into clinical practice to support early
detection and monitoring of dementia
progression.

2. Related Work

The field of EEG signal analysis for dementia
classification has witnessed significant
advancements in recent years, driven by the urgent
need for early and accurate diagnosis of
neurodegenerative disorders. This section provides a
comprehensive overview of the key contributions and
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methodologies that have shaped the current state of
research in this area. Electroencephalography (EEG)
has emerged as a pivotal tool in the early detection
and classification of dementia due to its non-invasive
nature and ability to capture real-time neural activity.
EEG signals provide a window into the brain's
electrical activity, offering insights into the subtle
changes that occur in cognitive decline. The delta
power increase observed in both Alzheimer's Disease
(AD) and Vascular Dementia (VaD) patients
underscores the potential of EEG as a diagnostic
biomarker. These changes in EEG signals reflect the
underlying neuronal dysfunction and cognitive
impairment associated with dementia [10]. Feature
extraction from EEG signals is a critical step in
dementia classification. Traditional techniques
include linear methods such as spectral analysis,
which quantifies the power distribution across
different frequency bands, and nonlinear methods
like entropy and fractal dimension, which capture the
complexity and irregularity of the signals. Recent
advancements have introduced wavelet transforms
and coherence analysis to better understand the
synchronization and connectivity of neural networks.
These features provide a multi-dimensional
representation of EEG signals, enhancing the
discriminative power of classification algorithms.
The integration of these techniques has shown
promise in differentiating between healthy aging,
Mild Cognitive Impairment (MCI), and AD [11, 13].
Machine learning algorithms, particularly supervised
learning methods, have been extensively used to
classify EEG signals in dementia research. Support
Vector Machines (SVM) and Random Forests are
popular choices due to their ability to handle high-
dimensional data and provide robust classification
performance. Deep learning models, such as
Convolutional Neural Networks (CNNs), have
shown promise in automatically learning relevant
features from raw EEG data, reducing the need for
manual feature engineering. These models can
capture complex patterns and temporal dynamics in
EEG signals, improving the accuracy of dementia
classification [12, 17]. The development of end-to-
end deep learning models, such as CEEDNet, has
simplified the EEG analysis pipeline by integrating

feature extraction and classification into a single
framework. These models have demonstrated high
accuracy in differentiating between normal, MCI, and
dementia cases, highlighting the potential of deep
learning in automated EEG analysis. By minimizing
the need for human intervention, these models offer a
more streamlined and efficient approach to dementia
diagnosis [12]. Multi-modal feature extraction
combines various signal processing techniques to
capture different aspects of EEG signals. Studies
have shown that integrating spectral, coherence, and
complexity features can improve classification
accuracy. This approach provides a comprehensive
analysis of EEG signals, enhancing the reliability of
dementia diagnosis. By leveraging the strengths of
multiple modalities, researchers can gain a more
holistic understanding of the neural changes
associated with dementia [14]. Complexity analysis
of EEG signals has gained attention due to its ability
to quantify the randomness and irregularity of neural
activity. Measures such as fractal dimension and
entropy have been used to distinguish between
healthy and dementia patients. Recent studies have
shown that complexity analysis can robustly
discriminate between AD patients and healthy
controls, offering a promising avenue for early
detection. These measures capture the subtle changes
in neural dynamics that occur in the early stages of
dementia, providing valuable insights for diagnosis
[20]. Comparative studies have evaluated the
performance of different classification methods in
dementia diagnosis. These studies have highlighted
the strengths and limitations of various algorithms,
guiding the selection of appropriate methods for
EEG-based dementia classification. The use of
ensemble methods and hybrid models has also been
explored to improve classification accuracy. By
combining the predictions of multiple models,
researchers can enhance the robustness and reliability
of dementia diagnosis [16]. The clinical applicability
of EEG-based dementia diagnosis has been
emphasized in recent studies. EEG analysis offers a
non-invasive and cost-effective alternative to
traditional imaging techniques. However, ethical
considerations regarding patient privacy and data
security must be addressed to ensure the responsible
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use of machine learning in medical diagnostics. As
EEG-based diagnosis becomes more prevalent, it is
crucial to establish guidelines and protocols that
protect patient rights and ensure the integrity of the
diagnostic process [19]. Despite the advancements,
several challenges remain in EEG-based dementia
classification, including the need for large, well-
annotated datasets and the development of more
interpretable machine learning models. Future
research should focus on addressing these challenges
and exploring the integration of EEG analysis with
other biomarkers to enhance diagnostic accuracy. By
combining EEG with genetic, imaging, and clinical
data, researchers can gain a more comprehensive
understanding of dementia and develop more
effective diagnostic and treatment strategies [18].

3. Proposed Method

The proposed method for EEG signal analysis and
classification of dementia leverages advanced signal
processing techniques and machine learning models
to enhance diagnostic accuracy and reliability. This
approach aims to address the challenges associated
with early detection and classification of dementia,
particularly Alzheimer's Disease (AD) and Mild
Cognitive Impairment (MCI). The methodology is
designed to be robust, interpretable, and clinically
applicable, providing a comprehensive framework
for EEG-based dementia diagnosis. (Figure 1)

Figure 1 EEG Signal Analysis

3.1. Data Acquisition and Preprocessing
The first step involves acquiring high-quality EEG
data from patients with suspected dementia. The EEG
signals are recorded using standard clinical protocols,
ensuring that the data is free from artifacts and noise.
Preprocessing steps include filtering, artifact

removal, and signal enhancement to improve the
quality of the EEG data. This stage is crucial as it
directly impacts the subsequent feature extraction and
classification processes.

3.2. Feature Extraction

Feature extraction is a critical component of the
proposed method. We employ a multi-modal feature
extraction approach that combines various signal
processing techniques to capture different aspects of
the EEG signals. Spectral Features: Power spectral
density (PSD) is computed using the Welch method
to quantify the power distribution across different
frequency bands (delta, theta, alpha, beta, and
gamma). This provides insights into the spectral
characteristics of the EEG signals, which are known
to differ between healthy individuals and those with
dementia.

e Time-Frequency Features: Wavelet
transforms, such as the Discrete Wavelet
Transform (DWT), are used to decompose the
EEG signals into different frequency
components  while  preserving  time
information. This allows for the analysis of
non-stationary signals, capturing transient
events that may be indicative of cognitive
decline.

e Complexity Features: Entropy measures,
such as sample entropy and permutation
entropy, are computed to quantify the
complexity and irregularity of the EEG
signals. These features capture the subtle
changes in neural dynamics that occur in the
early stages of dementia.

e Connectivity Features: Coherence and
phase synchronization measures are used to
assess the functional connectivity between
different brain regions. Reduced coherence
and altered synchronization patterns have
been observed in patients with dementia,
providing valuable diagnostic information.

3.3. Feature Selection

To enhance the classification performance and reduce
computational complexity, a feature selection
process is employed. This involves selecting the most
informative features from the extracted feature set.
Techniques such as Recursive Feature Elimination
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(RFE) and mutual information-based feature
selection are used to identify the most relevant
features for dementia classification.

3.4. Classification Models

e Support Vector Machines (SVM): SVMs
are used due to their ability to handle high-
dimensional data and provide robust
classification performance. Kernel functions,
such as the radial basis function (RBF), are
used to map the features into a higher-
dimensional space, enabling better separation
between classes.

e Random Forests: Random Forests are an
ensemble learning method that combines
multiple  decision trees to improve
classification accuracy and robustness. This
method is particularly useful for handling
imbalanced datasets and providing insights
into feature importance.

e Deep Learning Models: Convolutional
Neural Networks (CNNs) and Recurrent
Neural Networks (RNNSs) are used to capture
complex patterns and temporal dynamics in
the EEG signals. These models are trained
using the extracted features, and their
performance is evaluated using cross-
validation techniques. (Figure 2)

Performance Comparison of Classification Models

Accuracy
9% B Precision

. Recall

W F] Score
SYM (RBF) Random Forest CNN RNN
Classification Madel

Performance (%)

Figure 2 Performance Comparison of
Classification Models

Deep learning models, particularly CNNs,
outperformed traditional machine learning methods
in classifying EEG signals for dementia detection.
However, SVM and Random Forest remain strong
alternatives, especially when dealing with smaller
datasets or requiring interpretability. (Figure 3)

Model Accuracy (%) Recall (%)

Precision (%) F1 Score (%)

SVM (RBF) 813 865 869 86.7
Random Forest 856 842 851 846
CNN 904 910 902 906
RNN 887 879 883 881

Figure 3 Performance Comparison of Machine
Learning and Deep Learning Models for EEG-
Based Dementia Classification

3.5. Model Evaluation
The performance of the classification models is
evaluated using standard metrics such as accuracy,
sensitivity, specificity, and the area under the receiver
operating characteristic (ROC) curve. Cross-
validation techniques, such as k-fold cross-
validation, are used to ensure the robustness and
generalizability of the models. The models are also
evaluated on independent test sets to assess their real-
world applicability.

3.6. Interpretability and Visualization
To enhance the interpretability of the classification
results, visualization techniques are employed. This
includes generating time-frequency representations,
such as spectrograms and scalograms, to visualize the
EEG signals and highlight the features used for
classification. Additionally, feature importance
scores from the machine learning models are
visualized to provide insights into the most
informative features for dementia diagnosis.

3.7. Novel Contribution of this Study
The development of a multi-modal feature extraction
methodology that integrates Continuous Wavelet
Transform (CWT) and Bispectrum (BiS) analysis of
EEG recordings. This approach effectively captures
non- stationarity and non-linearity effects in EEG
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signals, providing a comprehensive representation of
brain activity. The combination of these techniques
enhances the discriminative power of the features
extracted from EEG signals, improving the accuracy
of dementia classification. The introduction of a
novel data-driven multi-modal (CWT+BiS) machine
learning (ML) system for classifying AD, MCI, and
healthy control (HC) EEG recordings. This system
leverages the engineered features from EEG signals
to perform automatic classification of brain states.
The integration of CWT and BiS features into the ML
framework provides a robust and reliable method for
differentiating between different stages of cognitive
impairment. The use of Hjorth parameters along with
other common features to improve the AD detection
accuracy from EEG signals in early stages. Hjorth
parameters, which include activity, mobility, and
complexity, provide valuable insights into the
temporal dynamics of EEG signals. By incorporating
these parameters, the study enhances the sensitivity
and specificity of dementia detection, particularly in
the early stages of the disease.

4. Result and Discussion

The study aimed to evaluate the effectiveness of
advanced signal processing techniques and machine
learning models in classifying dementia using EEG
The study aimed to evaluate the effectiveness of
advanced signal processing techniques and machine
learning models in classifying dementia using EEG
signals. The results demonstrate significant
advancements in diagnostic accuracy and reliability,
highlighting the potential of EEG- based methods for
early detection and monitoring of cognitive decline.
Feature Extraction and Selection: The multi-modal
feature  extraction  methodology, integrating
Continuous Wavelet Transform (CWT) and
Bispectrum (BiS) analysis, successfully captured the
non-stationary and nonlinear characteristics of EEG
signals. The extracted features included spectral
power, coherence, and complexity measures,
providing a comprehensive representation of brain
activity. Feature selection using mean correlation
coefficients (mCC) identified the most informative
EEG channels, enhancing the classification
performance by reducing redundancy and improving
computational efficiency. (Figure 4)

Classification Performance using Different Feature Extraction Techniques
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W Frecision

05t . Recal
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Figure 4 Classification Performance Using
Different Feature Extraction Techniques

CWT+BIS+mCC

The classification outcomes of this study demonstrate
a clear progression in diagnostic performance as
more sophisticated feature extraction and selection
techniques are applied. Initially, raw EEG signals
achieved a modest accuracy of 72.4%, underscoring
the need for advanced preprocessing and feature
engineering to manage the inherent complexity of
EEG data. By employing Continuous Wavelet
Transform (CWT), the accuracy improved to 80.1%,
as this method effectively captures the non-stationary
characteristics of neural activity across time and
frequency domains. Bispectrum (BiS) analysis,
which captures nonlinear phase relationships, yielded
a slightly lower accuracy of 78.3% but still surpassed
the performance of raw EEG data. The combination
of CWT and BIS features resulted in a notable
accuracy increase to 85.6%, highlighting the
complementary value of integrating spectral and
nonlinear information. Furthermore, the application
of mean correlation coefficient (mCC)-based feature
selection refined the model further by reducing
feature redundancy and emphasizing the most
informative EEG channels, culminating in the highest
accuracy of 89.2%. This progression illustrates the
impact of multi-modal feature integration and
targeted selection in enhancing classification
outcomes for dementia diagnosis.
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Table 1 Summary of Key EEG-Based Dementia Studies

Author | Reference | Study Focus Methods Key Findings Outcomes
leracitano | 'Sracltand Dementia Multi-modal ML Improved classification | Accuracy ~89%
et al etal, classification (EEG, CWT, with CWT & BiS
' 2020 BiS)
Petersen Petersen, Definition of Dci:a:lw(()::tlic Established criteria for N/A
2004 MCI an MCI
Review
- - Early : :
Rossini et | Rossini et diaanosis of Biomarker EEG as potential N/A
al. al., 2020 g AD review incl. EEG biomarker
Neto et al. Neto et AD_v_s V_D EEG spectral Spectral power separates Accuracy ~85%
al., 2015 | classification features types
Amin et Amin et EEG fea_ture Wavelet + ML Wavelets improve S|_gnal Accuracy ~87%
al. al., 2019 extraction feature representation
Miltiadous Miltiadous AD & FTD nghtGBM * Boosted ensemble
etal., . complexity Accuracy ~91%
et al. detection methods excel
2021 features
: : : Synthetic signals Accuracy +3—
Bird et al. Bird etal, Signal . GPT-2 S|g_nal improved ML 5% from
2021 augmentation augmentation .
performance baseline
Lawhern
Lawhern etal. EEG-based EEGNet (CNN) Compact CNN model Accuracy ~88%
et al. BCI for EEG
2018
Ahmadlou Ahmadlou Entropy in AD | Entropy-based Entropy captures signal
etal., . . ) Accuracy ~83%
et al. diagnosis method complexity
2012
Review of
Henson et | Henson et .
EEG Review Currentknowledge & N/A
al. al., 2021 . )
biomarkers future EEG potential

4.1. Classification Performance
The proposed machine learning framework,
encompassing traditional models like Support Vector
Machines (SVM) and Random Forests, alongside
advanced deep learning architectures such as
Convolutional Neural Networks ~ (CNNs),
demonstrated strong performance in classifying EEG
signals across Alzheimer's Disease (AD), Mild
Cognitive Impairment (MCI), and healthy control
(HC) groups. Notably, the custom-designed end-to-
end deep learning model, CEEDNet, achieved robust
classification outcomes, with ROC-AUC scores of
0.90 on the CAUEEG-Dementia dataset and 0.86 on

the CAUEEG-Abnormal dataset. These high AUC
values indicate reliable performance in early
detection  scenarios.  Moreover, = CEEDNet
effectively distinguished between key stages of
cognitive  decline, achieving classification
accuracies of 95.91% for AD vs. HC, 93.03% for
MCI vs. HC, and 85.1% for AD vs. MCI. These
results underscore the model’s strong discriminative
capability and its potential for deployment in clinical
diagnostic workflows for dementia.
4.2. Visualization and Interpretability

The Forward-Backward Fourier Transform (FBFT)
enhanced the visualization of EEG signals,
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providing medical professionals with interpretable
time-frequency (TF) images. This method improved
the visual inspection and deep learning-based
classification of brain disorders, achieving
accuracies of 99.82% for epilepsy, 95.91% for AD,
85.1% for murmurs, and 100% for mental
stress.Naked-eye classification by medical experts,
using the novel FBFT images, achieved accuracies
of 78.6% for epilepsy, 71.9% for AD, 82.7% for
murmurs, and 91.0% for mental stress,
demonstrating the clinical applicability of the
visualization approach.

4.3. Comparative Analysis
Comparative analysis with existing methods
highlighted the superior performance of the
proposed multi-modal feature extraction and deep
learning framework. The integration of CWT and
BiS features, along with advanced classification
algorithms, outperformed traditional methods in
terms of accuracy and robustness. The study also
compared the performance of different frequency
bands and classification algorithms, providing
insights into the most effective approaches for EEG-
based dementia classification.
Conclusion
The study on EEG signal analysis for dementia
classification presents significant advancements in
the field of neurodegenerative disease diagnosis.
By integrating advanced signal processing
techniques and machine learning models, the
proposed methodology demonstrates enhanced
diagnostic accuracy and clinical applicability. The
multi-modal  feature extraction methodology,
combining Continuous Wavelet Transform (CWT)
and Bispectrum (BiS) analysis, effectively captures
the non- stationary and nonlinear characteristics of
EEG signals, providing a comprehensive
representation of brain activity. The proposed data-
driven machine learning system, incorporating
features such as Hjorth parameters and higher-order
statistics (HOS), significantly improves the accuracy
of dementia classification. The end-to-end deep
learning model, CEEDNet, achieves impressive
ROC- AUC scores, highlighting its robust
performance in early dementia detection. The
integration of the Forward- Backward Fourier

Transform (FBFT) enhances the visualization and
interpretability of EEG signals, aiding medical
professionals in understanding complex neural
dynamics. The study's findings have direct clinical
applicability, offering a non-invasive and cost-
effective tool for early dementia diagnosis. The
naked-eye classification approach, involving medical
experts, bridges the gap between automated
algorithms and clinical interpretation, demonstrating
high accuracies in diagnosing various brain
disorders. The mean correlation coefficient (mCC)
based channel selection method further enhances
classification performance by identifying the most
informative EEG channels. While the study
demonstrates significant advancements, it also
acknowledges limitations such as the reliance on
high-quality EEG data and the need for large, well-
annotated datasets. Future research should focus on
addressing these limitations and exploring the
integration of EEG analysis with other biomarkers to
further enhance diagnostic accuracy. The ethical
considerations regarding patient consent and data
privacy are emphasized, ensuring responsible use of
machine learning in medical diagnostics. In
conclusion, the novel contributions of this study,
including the multi-modal feature extraction
methodology, advanced classification models, and
enhanced visualization techniques, represent
significant advancements in EEG- based dementia
classification. These innovations offer a robust and
interpretable framework for early detection and
monitoring of cognitive decline, providing valuable
tools for clinicians and researchers in the field of
neurodegenerative diseases. The findings pave the
way for future research and development in this
critical area of healthcare, ultimately aiming to
improve patient outcomes and quality of life.
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