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Abstrakt

Aplikimi 1 inteligjencés artificiale (Al) né shkencén mjekésore, vecanérisht pérmes analizés sé té
dhénave té elektroencefalografisé (EEG), pérfagéson njé hap té réndésishém drejt kuptimit dhe inter-
pretimit t€ kompleksitetit t€ aktivitetit té trurit t€ njeriut. Pérdorimi i t€ dhénave EEG pérfshin fusha té
ndryshme, duke pérfshiré, por pa u kufizuar né, neurologjiné, psikiatrin€ dhe ndérfaget tru-kompjuter
(BCI), duke ofruar njé véshtrim jo-invaziv né aktivitetet elektrike t& trurit me implikime pér diagno-
stikimin, ndérhyrjet terapeutike, dhe zhvillimin e teknologjive ndihmése. Me avamcimin e teknikave
té sofistikuara t€ machine-learning (ML) dhe deep-learning (DL), potenciali pér té deshifruar dhe
klasifikuar kéto sinjale €shté rritur né ményré eksponenciale, duke premtuar pérparime né shkencén
mjekésore, neuropsikologji dhe mé gjeré.

Ky punim eksploron né€ ményré sistematike aplikimin e metodologjive t€ machine-learning t€ aplikua-
ra né klasifikimin e sinjalit EEG, duke shqyrtuar si algoritmet tradicionale ML ashtu edhe modelet
e avancuara DL. Studimi yné pérpilon dhe vleréson algoritme t& ndryshme, duke pérfshiré Makinat
Vektoriale Mbéshtetése (SVM), Rrjetet Neurale Konvolucionale (CNN) dhe Rrjetat Neurale Recur-
rent (RNN), ndér t€ tjera, pér efikasitetin e tyre né klasifikimin e sakté té sinjaleve EEG né njé mori
aplikimesh duke filluar nga konfiskimet, zbulimi deri n€ analizén e gjendjes mendore. Ne thellojmé
nuancat teknike té kétyre algoritmeve, duke theksuar pikat e forta, kufizimet dhe grupet specifike t&
t¢ dhénave EEG g€ ato jané aplikuar. Ky artikull rishikues shérben si njé burim pér studiuesit dhe
praktikuesit né fushat e neuroshkencés, inteligjencés artificiale dhe mé gjeré, duke ofruar njohuri mbi
marrédhénien e ndérlikuar midis aktivitetit t€ trurit dhe machine-learning.

Fjalé celés: Inteligjenca Artificiale, EEG, marrja e té dhénave, algoritmet e klasifikimit, trendet né
zhvillim.
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MACHINE LEARNING APPROACHES FOR EEG SIGNAL
CLASSIFICATION: ALGORITHMS AND APPLICATIONS

Abstract

The fusion of artificial intelligence (Al) with medical science, particularly through the analysis of
Electroencephalography (EEG) data, represents a significant leap toward understanding and inter-
preting the complexities of human brain activity. The utility of EEG data spans various domains,
including, but not limited to, neurology, psychiatry, and brain-computer interfaces (BCI), offering a
non-invasive peek into the electrical activities of the brain with implications for diagnostics, thera-
peutic interventions, and the development of assistive technologies. With the advent of sophisticated
machine learning (ML) and deep learning (DL) techniques, the potential to decode and classify these
signals has grown exponentially, promising breakthroughs in medical science, neuropsychology, and
beyond.

This review systematically explores the breadth of machine learning methodologies applied to EEG
signal classification, scrutinizing both traditional ML algorithms and advanced DL models. Our study
compiles and assesses various algorithms, including Support Vector Machines (SVM), Convolutional
Neural Networks (CNN), and Recurrent Neural Networks (RNN), among others, for their efficacy
in accurately classifying EEG signals for a multitude of applications ranging from seizure detection
to mental state analysis. We delve into the technical nuances of these algorithms, highlighting their
strengths, limitations, and the specific EEG datasets they have been applied. This review article is
poised to serve as an invaluable resource for researchers and practitioners in the fields of neurosci-
ence, artificial intelligence, and beyond, offering insights into the intricate relation between brain
activity and machine learning.

Keywords: Artificial Intelligence, EEG, data acquisition, classification algorithms, emerging trends.

1. Introduction

Electroencephalography, or EEG, is a technique used to analyze electrical signals in the brain. It
involves monitoring voltage variations produced by ionic currents in the brain’s neurons. An EEG
signal is created by continually collecting EEG impulses with scalp electrodes. The main applica-
tions of EEG are in the diagnosis and treatment of a variety of brain conditions, including epilepsy,
tremors, concussions, strokes, and sleep problems. Additionally, its use in conjunction with machine
learning is growing in areas such as research on sleep disorders and the detection of epileptic sei-
zures. EEG signals are useful for researching brain activity and can even be utilized in video games
to manipulate objects using brainwaves [1]. By decoding neural activity, EEG classification enables
diagnosis and monitoring of neurological disorders, empowers individuals with motor disabilities
through brain-controlled devices, enhances our understanding of cognitive processes and emotional
states, enables brain-machine interaction, aids in mental health assessment and treatment, facilitates
drug development research, and drives innovation in healthcare technologies. Its versatility and ap-
plicability make EEG signal classification a cornerstone in unlocking the mysteries of the brain and
improving human well-being [2].

Machine learning significantly enhances EEG data analysis by employing algorithms to decipher
brain activity, facilitating the detection of conditions like epilepsy, and analyzing sleep stages. Tech-
niques such as Support Vector Machines, neural networks, and wavelet transforms extract crucial in-
formation, improving EEG pattern classification accuracy. This advancement enables early diagnosis,
continuous monitoring, and preemptive treatment, marking a shift towards personalized healthcare.
Leveraging vast EEG data, machine learning offers precise diagnostic outcomes, embodying a trans-
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formation in managing neurological disorders with previously unattainable insights [1][3].

The purpose of this review is to present a thorough examination of the significance of classifying
EEG signals in various fields. We intend to highlight its role in neuroscience, brain-computer interfac-
es, cognitive psychology, robotics, mental health monitoring, biomedical research, and pharmaceu-
tical development. By analyzing innovative classification methods, obstacles faced, and upcoming
trends we aim to offer insights for researchers and professionals. This review strives to underscore
the significance of EEG signal classification in advancing knowledge and promoting advancements
to encourage collaborative endeavors and drive progress within the industry.

2. CLASSIFICATION ALGORITHMS AND APPLICATIONS

Classification algorithms in machine learning are techniques that allow computers to categorize or
classify data into predefined classes or groups. These algorithms analyze input data and use patterns
to determine the category it belongs to. Common examples include decision trees, support vector ma-
chines, neural networks, and k-nearest neighbors. Classification is widely used in applications such as
spam detection, image recognition, and medical diagnosis, where the objective is to accurately assign
each input to one of several categories based on its characteristics. This section covers several types
of classification techniques used in analyzing EEG signals. This includes Support Vector Machines,
Convolutional Neural Networks, and Recurrent Neural Networks. The section delves into how these
methods are used for diagnosing conditions by creating interfaces between the brain and computers
and studying cognitive functions. It also looks at the benefits, obstacles, and practical applications of
these algorithms, in different fields.

2.1 Support Vector Machines (SVM)

The foundation of support vector machines (SVMs) is the advancement of computational learning
theory. Their precision and capacity to manage several predictors increased attention in biomedical
applications. By projecting the predictors onto a new, higher-dimensional space where they may be
separated linearly, SVMs extend the separation to data that cannot be separated linearly [4]. SVMs are
commonly used in EEG classification because they excel at managing data and recognizing nonlinear
connections allowing for tasks, like identifying seizures, understanding emotions, and classifying
cognitive states. Their principles rely on maximizing the margin between different classes while min-
imizing classification errors, making them robust and effective for various EEG analysis tasks [5][6].
Fig 1 shows the steps involved in using SVM for EEG data classification, from initial data handling
to the output of classified results, and Fig 2 shows how the SVM algorithm works.
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Figura 1. Flowchart of the SVM Classification process
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Figura 2. How the SVM algorithm works

SVM selection depends on the specific task performed. Table 1 shows different applications and op-
timization techniques used for SVM while performing EEG analysis.
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Table 1. Applications and optimization techniques used for SVM.

tions

neering, Regularization

load estimation

Variant Optimization Task Reference

Kernel Selection - Linear, Polynomial, RBF |EEG feature classifica-|[7][8]
kernels tion

Hyperparameter Tuning - Grid search, Randomized | EEG-based emotion rec- | [9]
search ognition

Class Imbalance Handling |- Class-weighted SVM, Resa- | Seizure detection [10]
mpling methods

Multi-class Classification |-  One-versus-Rest (OvR) | Cognitive state classifi- | [11][12]
SVM, One-versus-One (OvO) [ cation
SVM

Incremental Learning - Online SVM Real-time EEG analysis |[13]

Ensemble Methods - Bagging, Boosting EEG-based motor imag- | [14][15]

ery decoding

Feature Selection and Di- |- Recursive Feature Elimina- | EEG-based mental work- [ [16]

mensionality Reduction tion, PCA load assessment

Domain-Specific Adapta- |- Task-specific feature engi- | EEG-based cognitive | [17][18]

2.2.

Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are a class of deep learning models specifically designed
for analyzing grid-like data, such as images or sequences. In the context of EEG data analysis, CNNs
are adapted to take advantage of the spatial and temporal relationships present in EEG signals. The
architecture of a CNN typically consists of multiple layers explained in Table 2.

Table 2. Layers found in a Convolutional Neural Network (CNN) architecture used for EEG data
analysis.

Layer Type Description

Input Layer

Represents the raw EEG data input, typically in the form of a time-series
matrix or tensor.

Convolutional Lay- | Perform feature extraction by convolving learned filters across the input

ers data to capture spatial features and patterns.

Pooling Layers Downsample the feature maps obtained from the convolutional layers, re-
ducing spatial dimensions while preserving key features.

Fully Connected | Perform high-level feature representation and classification, mapping ex-

Layers tracted features to output classes.

Different training strategies are used based on the specific application. Table 3 shows the used tech-
niques in various aspects of EEG analysis.
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Table 3. Training strategies for Convolutional Neural Networks (CNNs) in EEG data analysis.

Training Strategy EEG Application Reference
Data Preprocessing Motor imagery classification [19]
Architecture Design Seizure detection [20]
Regularization Techniques | Emotion recognition [21]
Optimization Algorithms | Cognitive workload estimation [22]
Validation and Testing Sleep stage classification [23]

Convolutional neural networks, or CNNs, have several benefits regarding EEG categorization. This
is mostly because of their capacity to extract pertinent features from unprocessed EEG data automat-
ically. CNNs can identify patterns at various temporal and spatial scales by obtaining hierarchical
representations of EEG signals, which improves classification accuracy. Furthermore, they are more
robust to minor changes in signal alignment because of their translation invariance property, which
enables them to detect EEG patterns independent of their exact temporal placement. But to guarantee
that CNN-based EEG classification models are effective, issues including overfitting, data scarcity,
and computational complexity need to be resolved. To attain dependable and comprehensible clas-
sification outcomes, mitigating these issues necessitates careful consideration of data augmentation,
regularization strategies, and model complexity management.

2.3. Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNNs) are designed to effectively model sequential data, making them
well-suited for analyzing time-series EEG signals [24]. LSTM and GRU networks, two popular
variants of RNNs, address the vanishing gradient problem by introducing gating mechanisms that
regulate the flow of information through the network [25]. LSTM networks maintain long-term de-
pendencies in EEG sequences by incorporating memory cells with forget gates, input gates, and
output gates [24], while GRU networks simplify this architecture by combining the forget and input
gates into a single update gate [25]. Both LSTM and GRU networks have demonstrated success in
EEG classification tasks [26], offering advantages such as capturing temporal dynamics, managing
variable-length sequences, and mitigating gradient vanishing issues. However, optimizing these net-
works requires careful consideration of hyperparameters, training strategies, and model architecture
design to ensure effective learning and generalization of EEG data.

2.3.1. Sequential modeling of EEG time-series data

Sequential modeling of EEG time-series data with Recurrent Neural Networks (RNNs) is a powerful
approach that leverages the temporal dependencies inherent in EEG signals. RNNs are well-suited for
this task as they can capture sequential patterns and dynamics over time, allowing for the analysis of
EEG data in its entirety [27]. By processing EEG data sequentially, RNNs can learn to identify com-
plex temporal relationships, such as the propagation of neural activity during different cognitive tasks
or the emergence of characteristic patterns preceding epileptic seizures. This sequential modeling ca-
pability enables RNNs to provide insights into the dynamic nature of brain activity and its correlation
with various cognitive processes and neurological conditions [28]. However, training RNNs on EEG
data presents challenges such as vanishing gradients, long-range dependencies, and model interpret-
ability issues. Addressing these challenges requires careful consideration of network architectures,
optimization techniques, and regularization strategies to ensure robust and reliable performance in
analyzing EEG time-series data.

2.4. Random Forests and Decision Trees

Random Forests and Decision Trees are widely employed in EEG analysis for tasks ranging from
classifying cognitive states to artifact detection and removal. These ensemble learning techniques of-
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fer straightforward interpretation and effective classification capabilities, making them valuable tools
for deciphering EEG data [29]. Decision Trees provide insights into feature importance, aiding in
understanding neural mechanisms and biomarkers associated with cognitive processes or neurologi-
cal disorders [30]. Moreover, Random Forests enhance classification robustness by aggregating mul-
tiple decision trees, mitigating overfitting, and improving generalization. Their applications extend
to personalized healthcare, where they assist in diagnosis, prognosis, and treatment planning based
on individual EEG patterns. In brain-computer interface systems, these techniques decode mental
commands from EEG signals, enabling direct communication between the brain and external devices.

Table 4 outlines interpretability and scalability considerations for Random Forests and Decision Trees.

Table 4. Interpretability and scalability considerations for Random Forests and Decision Trees in
EEG.

Consideration | Random Forests Decision Trees

Interpretability |- Lower interpretability compared to indi- | - Each tree represents a sequence of
vidual decision trees due to their ensem- | simple decision rules based on feature
ble nature. thresholds.

- The final decision is based on the ag-|- The decision-making process is

gregation of multiple trees, making it |transparent and easy to understand.

challenging to interpret the overall model )

logic. - This transparency allows for a
straightforward interpretation of the

- Feature importance analysis can be per- | model’s logic and feature importance.

formed to understand the contribution of

distinctive features to classification deci-

sions.

Scalability -Excellent scalability in handling large [- Scalability limitations, especially
datasets and high-dimensional feature [ with large datasets or high-dimension-
spaces. al feature spaces.

-The parallel construction enables effi- |- The recursive partitioning process
cient training on distributed computing | can become computationally inten-
architectures. sive, leading to slower training times
) ~ |and memory constraints for large
-Suitable for large-scale EEG analysis | jatasets.
tasks.
2.5. K-Nearest Neighbors (KNN) and Other Similarity-Based Methods

KNN classifies EEG patterns based on the majority vote of their closest neighbors in the feature
space. It is non-parametric and does not require explicit model training, which makes it appropriate
for a range of EEG classification tasks. Its performance is, however, very dependent on the number of
neighbors (k) chosen and the distance metric chosen [31].

Besides KNN, other similarity-based methods, such as Locally Weighted Learning (LWL) and Dy-
namic Time Warping (DTW), are utilized for EEG pattern recognition. LWL assigns weights to neigh-
boring samples based on their distance from the query point, while DTW measures the similarity be-
tween time-series EEG data by aligning and stretching their temporal sequences. These methods offer
flexibility and robustness in capturing complex patterns in EEG signals but may require parameter
tuning and computational resources [32].
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3. Challenges in EEG Classification

Due to the complexity and diversity of EEG data, there are several challenges in EEG categorization,
which call for creative solutions [33]. Classification algorithms have considerable hurdles due to the
high-dimensional and noisy nature of EEG data, as well as intra- and inter-subject variability [34].
Furthermore, non-stationary properties are frequently observed in EEG signals, necessitating the use
of techniques that can capture temporal dynamics and changes across time. In addition, classification
performance may be distorted by class imbalance, which occurs when some classes are underrepre-
sented in the dataset and call for specific handling methods [35]. Furthermore, in clinical contexts
where the reasoning behind classification judgments needs to be apparent and comprehensible, the
interpretability of classification models is critical to EEG analysis [36]. To overcome these obstacles,
reliable classification algorithms that can manage noisy, dynamic, high-dimensional EEG data while
maintaining interpretability and generalizability across a range of EEG applications must be devel-
oped. Table 5 shows the most usual challenges in EEG data classification.

Table 5. Challenges in EEG classification and practical solutions

Challenges

Possible Solutions

High-dimensional
EEG data

and noisy

Feature selection and extraction techniques, dimensionality re-
duction methods (e.g., PCA), noise removal algorithms

Inter-subject and intra-subject
variability

Domain adaptation techniques, transfer learning approaches,
data augmentation methods

Non-stationary characteristics of
EEG signals

Adaptive learning algorithms, time-frequency analysis methods
(e.g., wavelet transform), online learning approaches

Class imbalance in EEG datasets

Resampling techniques (e.g., oversampling, under-sampling),
class-weighted loss functions, ensemble learning methods

Lack of interpretability of classi-
fication models

Transparent model architectures (e.g., decision trees), feature
importance analysis, model-agnostic interpretability methods

4. Evalutaion metrics and methodologies

When evaluating the efficacy and performance of classification models in EEG analysis, evalua-
tion metrics and procedures are essential. EEG signals are intricate and multidimensional, so it is
essential to precisely assess how well classification algorithms function to guarantee consistent
and understandable outcomes [37]. Researchers and practitioners can advance the area of EEG-
based categorization and enable informed decision-making by gaining useful insights into the
strengths and limitations of their models using suitable assessment metrics and procedures [38].
In this context, assessing the performance of classification algorithms rigorously and enhancing
their usefulness in practical applications requires a grasp of the wide range of evaluation metrics
and approaches that are accessible. Table 6 provides an overview of key evaluation metrics and
methodologies for assessing the performance of classification models in EEG analysis.

Table 6. Key evaluation metrics and methodologies for assessing the performance of classifica-

tion models.

Category Metrics and Methodologies

Performance Metrics for |- Accuracy - F1 Score

Accuracy o
- Precision - ROC Curve
- Recall (Sensitivity) - AUC (Area Under the ROC Curve)
- Specificity
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Cross-Validation  Strate- | - k-Fold Cross-Validation - Repeated Cross-Validation

ies
s - Leave-One-Out Cross-Vali- | - Shuffie Split Cross-Validation
dation

- Stratified Cross-Validation

Model Selection Tech- |- Grid Search - Cross-Validation Grid Search
niques
a - Random Search - Ensemble Methods for Model Selec-
tion

- Bayesian Optimization

5. Conclusion

In conclusion, the collective efforts undertaken have provided a comprehensive exploration of
EEG signal processing and classification, highlighting key methodologies, challenges, and advance-
ments in the field. Through the examination of various signal processing techniques, and classifi-
cation algorithms such as machine learning and deep learning approaches, significant insights have
been gained into the intricate nature of EEG data analysis.

This study provides an extensive overview of evaluation metrics and methodologies for assessing
classification models in EEG analysis. Through the exploration of performance metrics for accuracy,
cross-validation strategies, and model selection techniques, we have identified critical tools and ap-
proaches essential for rigorously evaluating classification models’ performance in EEG-based classi-
fication tasks.

Leveraging these insights and approaches will be essential to promoting additional innovation
and easing the translation of research findings into significant real-world applications as EEG signal
processing and categorization research continues to advance.
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