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Abstract

Electroencephalography (EEG), a non-invasive signal recording method ca-
pable of measuring the electrical activity of the brain with high temporal resolu-
tion, is widely used in brain-computer interfaces and cognitive analysis studies.
In recent years, with the development of machine learning and deep learning-
based approaches, classification studies based on EEG signals have gained im-
portance.However, there are significant differences in the reporting of method-
ological characteristics of EEG datasets in the literature, which can limit the
comparability and reproducibility of experimental studies. This study proposes
a multi-stage evaluation framework that combines systematic literature review,
Al-assisted data extraction, and machine learning-based classification methods
to allow for more systematic analysis of open-access EEG datasets.

In the first stage of the study, the methodological characteristics of the EEG
datasets were systematically examined by a human panel of four evaluators
representing different levels of expertise. Key parameters such as sampling
frequency, number of channels, number of participants, data format, and ex-
perimental protocol were analyzed during the evaluation process. The findings
revealed significant heterogeneity in the reporting of EEG datasets, particularly
in terms of methodological details such as electrode configuration, reference
electrode information, and session structure.

In the second phase of the study, the evaluation framework developed by the
human panel was transferred to a GPT-based model, and the model’s perfor-
mance in automatically extracting methodological information from scientific
articles was examined. The results showed that the GPT-based approach could
provide high precision and consistency, especially when identifying the techni-
cal parameters explicitly reported in the text. However, limitations of the model
were observed in identifying information requiring contextual interpretation or
presented only in figures.

In the final phase of the study, the performance of Support Vector Machine
(SVM) and Convolutional Neural Network (CNN) based classification mod-
els was comparatively evaluated on different open-access motor imagery EEG
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datasets. The experimental results showed that both models could perform the
motor imagery EEG classification task. However, CNN-based architectures were
observed to generally provide higher classification performance. Furthermore,
the findings revealed that the classification performance depends not only on
the model architecture but also on factors such as the participant population of
the datasets, the experimental protocol, and the recording conditions.

In conclusion, this study presents a holistic research approach that combines
systematic analysis of EEG datasets, data extraction of the Al-assisted literature,
and machine learning-based classification methods. The proposed framework
contributes to a more transparent and systematic evaluation of the methodolog-
ical characteristics of EEG datasets and allows a more reliable comparison of
classification studies performed on different datasets.
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Sommario

Lelettroencefalografia (EEG), un metodo non invasivo di registrazione dei
segnali capace di misurare lattivita elettrica del cervello con elevata risoluzione
temporale, € ampiamente utilizzata nelle interfacce cervello-computer e negli
studi di analisi cognitiva. Negli ultimi anni, con lo sviluppo di approcci basati
sul machine learning e sul deep learning, gli studi di classificazione basati su
segnali EEG hanno acquisito crescente rilevanza. Tuttavia, nella letteratura
esistono differenze significative nella modalita di riportare le caratteristiche
metodologiche dei dataset EEG, il che puo limitare la comparabilita e la ripro-
ducibilita degli studi sperimentali. Questo lavoro propone un framework di
valutazione multi-fase che combina revisione sistematica della letteratura, es-
trazione dei dati assistita da intelligenza artificiale e metodi di classificazione
basati su machine learning, al fine di consentire unanalisi piti sistematica dei
dataset EEG ad accesso aperto.

Nella prima fase dello studio, le caratteristiche metodologiche dei dataset
EEG sono state esaminate sistematicamente da un panel umano composto da
quattro valutatori con diversi livelli di competenza. Durante il processo di
valutazione sono stati analizzati parametri chiave quali la frequenza di campi-
onamento, il numero di canali, il numero di partecipanti, il formato dei dati e
il protocollo sperimentale. I risultati hanno evidenziato una significativa etero-
geneita nella descrizione dei dataset EEG, in particolare per quanto riguarda
dettagli metodologici come la configurazione degli elettrodi, le informazioni
sullelettrodo di riferimento e la struttura delle sessioni.

Nella seconda fase dello studio, il framework di valutazione sviluppato dal
panel umano é stato trasferito a un modello basato su GPT, ed e stata analizzata la
capacita del modello di estrarre automaticamente informazioni metodologiche
da articoli scientifici. I risultati hanno mostrato che lapproccio basato su GPT e in

grado di fornire elevata precisione e coerenza, in particolare nellidentificazione



dei parametri tecnici esplicitamente riportati nel testo. Tuttavia, sono emerse
alcune limitazioni del modello nellindividuare informazioni che richiedono in-
terpretazione contestuale o che sono presentate esclusivamente sotto forma di
figure.

Nella fase finale dello studio, le prestazioni di modelli di classificazione basati
su Support Vector Machine (SVM) e Convolutional Neural Network (CNN) sono
state valutate comparativamente su diversi dataset EEG di motor imagery ad
accesso aperto. I risultati sperimentali hanno mostrato che entrambi i modelli
sono in grado di eseguire il compito di classificazione dei segnali EEG di motor
imagery. Tuttavia, le architetture basate su CNN hanno generalmente mostrato
prestazioni superiori. Inoltre, i risultati indicano che le prestazioni di classifi-
cazione dipendono non solo dallarchitettura del modello, ma anche da fattori
quali la popolazione dei partecipanti nei dataset, il protocollo sperimentale e le
condizioni di registrazione.

In conclusione, questo studio presenta un approccio di ricerca olistico che
combina lanalisi sistematica dei dataset EEG, lestrazione dei dati assistita da
intelligenza artificiale e metodi di classificazione basati su machine learning. Il
framework proposto contribuisce a una valutazione piti trasparente e sistematica
delle caratteristiche metodologiche dei dataset EEG e consente un confronto pitt

affidabile tra studi di classificazione condotti su diversi dataset.
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Introduction

Electroencephalography (EEG) is a non-invasive signal recording method
that allows for high-resolution temporal measurement of the brain's electrical
activity. EEG signals have been used for many years to study cognitive processes,
motor activities, and various neurophysiological conditions, and are considered
a fundamental data source, particularly in brain-computer interfaces (BCIs) and
EEG-based cognitive analysis applications [1, 2]. Its portability, relatively low
cost, and repeatable measurement capabilities make EEG widely preferred in
both clinical and experimental research [1].

Classification problems based on EEG signals inherently involve various
methodological challenges. EEG signals exhibit low amplitude, potential noise,
and high variability among individuals [3]. Furthermore, artifacts during mea-
surement, environmental noise, and physiological effects can directly impact
signal quality [4]. This is one of the key factors limiting the accuracy and relia-
bility of developed classification models [3]. Therefore, EEG-based classification
studies present a multi-dimensional problem area that needs to be addressed not
only in terms of the algorithms used but also in terms of the structure, quality,
and evaluation processes of the datasets.

Numerous machine learning and deep learning-based approaches for EEG
classification have been proposed in the literature. A significant portion of these
studies report high performance values under specific datasets or controlled
experimental conditions. However, whether these models demonstrate similar
success on different datasets is often not adequately evaluated. Significant dif-
ferences in model performance can be observed, particularly when dealing with
EEG datasets that have different experimental protocols, task types, channel
numbers, and sampling frequencies [5]. This raises generalizability and repro-
ducibility problems in EEG classification studies and limits the comparability of
results reported in the literature [6].
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The increase in the number of open-source Electroencephalography (EEG)
datasets in recent years presents a significant opportunity to address these
problems more systematically.The increase in the number of open-source EEG
datasets in recent years presents a significant opportunity to address these prob-
lems more systematically (see Figure 1). Open-access datasets allow methods.
Open-access datasets allow methods developed by different research groups to
be tested on the same data, increasing the transparency of scientific studies.
However, open-source EEG datasets often have a heterogeneous structure. Dif-
ferent data collection protocols, task descriptions, sampling frequencies, and
data quality characteristics make it difficult to directly use or compare these
datasets together. This heterogeneous structure further highlights the need for
a standardized evaluation and classification approach.

@ Number of publications (Dimensions.ai)

e

Figure 1: Number of publications on EEG-based classification and brain-
computer interfaces between 2017 and 2025. The steady increase reflects the
growing research interest in the field. Data retrieved from Dimensions.ai.

Among the various EEG-based paradigms, motor imagery (MI) has received
particular attention in brain-computer interface research. Ml refers to the mental
simulation of a movement without actual physical execution, and the associated
EEG patterns have been widely studied for their potential in rehabilitation and
assistive technologies. Given this relevance, the present thesis focuses on MI-
based EEG classification as its primary application domain.In addition to these
sources of variability, the spatial configuration of EEG electrodes plays a critical
role in the analysis of motor imagery signals.

Labeling processes used in the evaluation of EEG datasets are a critical
element that directly affects classification performance. Traditionally, the eval-
uation of EEG data relies on manual labeling and classification processes per-
formed by field experts. While manual evaluation is considered reliable due
to its reliance on expert knowledge, it has significant limitations in terms of

scalability due to its time-consuming nature and susceptibility to inconsisten-
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cies among evaluators. Especially studies requiring the analysis of multiple
datasets or long-term EEG recordings manual evaluation processes can create
problems in terms of both practicality and consistency. Furthermore, differ-
ences differences in the knowledge levels and experiences of evaluators can
lead to subjectivity in classification results. This situation necessitates a sys-
tematic analysis of human-based evaluation processes and their comparison
with alternative approaches.

In this context, automated and semi-automated assessment approaches stand
out as alternative or complementary methods to manual processes. Large lan-
guage models developed in recent years offer new possibilities in data evalua-
tion processes thanks to their ability to process complex contextual information
and generate consistent classification decisions. Generative Pre-trained Trans-
former (GPT)-based models are particularly noteworthy for their capacity to
analyze data structures containing textual descriptions and contextual informa-
tion. The use of such models in the analysis of EEG-related literature allows
for a systematic examination of the differences and similarities between human-
based assessments and automated approaches [7, 8]. Therefore, GPT-supported
classification is considered in this study not as an independent predictive model,
but as a methodological analysis tool compared with human-based assessments.

Modeling approaches used in EEG classification studies are also of great
importance in terms of the interpretability and generalizability of the results.
Classical machine learning methods have long been used in EEG analysis due
to their lower computational costs and relatively high interpretability advan-
tages. Methods such as Support Vector Machines (SVMs) define optimal deci-
sion boundaries between classes in high-dimensional feature spaces and have
been widely applied in EEG classification tasks due to their strong generaliza-
tion performance under limited data conditions [9]. On the other hand, deep
learning-based approaches, especially convolutional neural networks (CNNs),
have attracted great interest in recent years due to their ability to automatically
extract features from raw EEG signals or transformed representations [10, 11].
However, the success of these models largely depends on the structure, integrity,
and consistency of the datasets used. Systematically evaluating the performance
of deep learning models on heterogeneous EEG datasets is therefore emerging
as an important research topic.

This thesis pursues two interrelated objectives. First, it investigates the de-
gree of agreement between manual EEG assessment performed by raters with
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varying levels of expertise and GPT-assisted classification. Second, it examines
the performance of classical machine learning (SVM) and deep learning (CNN)
models trained on open-source EEG datasets, with the aim of evaluating how
heterogeneous data sources affect automated classification outcomes. The re-
sulting classification results are analyzed using both classical machine learning
methods and deep learning-based models. Specifically, the effects of hetero-
geneous EEG datasets on classification performance are systematically evalu-
ated through SVM and Convolutional Neural Network (CNN) models. This
multi-stage approach allows for a detailed examination of the differences and
similarities between human-based, Al-assisted, and model-based classification
processes.

The main objective of this thesis is to reveal the strengths and weaknesses
of different evaluation and modeling approaches used in the classification of
heterogeneous open-source EEG datasets and to present a highly reproducible
methodological framework. In this regard, the original contributions of this the-
sis can be summarized as: the development of a systematic evaluation protocol
for open-source EEG datasets; a comparison of human-based manual classi-
fication and GPT-assisted classification approaches; an analysis of the effects
of data integrity and dataset heterogeneity on performance through SSM and
CNN-based model. These contributions aim to go beyond approaches that focus
solely on model performance in EEG-based classification studies, revealing the
decisive role of data structure and evaluation processes on the results.

This thesis consists of four main sections. Introdcution presents the motiva-
tion, purpose, and scope of the study. Following the Introduction, State of the Art
section, which discusses the relevant literature and existing studies, examines
EEG-based classification in detail. Background section explains the basic charac-
teristics of EEG signals, the datasets used, and the methods that constitute the
technical infrastructure of the study. Materials and Methods section presents the
manual evaluation, GPT-supported classification, and modeling processes in
detail and describes the applied methods. Finally, Results and Discussion section
summarizes the findings, provides a general evaluation, and offers suggestions
for future studies.This thesis aims to provide methodological integrity in EEG-
based classification studies by combining manual evaluation, large language
models, and machine learning approaches. The results obtained are expected to
contribute to future EEG-based machine learning and brain-computer interface
studies in terms of comparability, generalizability, and reproducibility.



State of the Art

The main purpose of this State of the Art chapter is to comprehensively
present the work done to date in EEG-based classification studies, analyze the
methods used, highlight strengths and weaknesses, and identify existing re-
search gaps. EEG signal analysis, as a low-cost and high-temporal-resolution
neurophysiological measurement tool, has become a central focus of neuro-
science, machine learning, and human-computer interaction research in recent
years. The EEG classification problems at the heart of this study are applied in
a range of different fields, including brain-computer interfaces Brain-Computer
Interface (BCI), cognitive load assessment, emotion recognition, epileptic seizure
detection, and other clinical applications [12, 13, 14].EEG recordings are com-
monly obtained using standardized electrode placement systems, such as the
international 10-20 system, which ensures consistent coverage of cortical regions
across subjects and studies.

As illustrated in Figure 1.1 [15], electrodes are positioned based on anatomi-
cal landmarks, providing a systematic representation of brain activity. However,
variations in electrode density, placement schemes (e.g., 10-20 vs. 10-10 sys-
tems), and channel selection across datasets may influence the quality and inter-
pretability of the recorded signals. These differences further contribute to the
heterogeneity of EEG datasets and may affect the comparability of results across
studies. In this figure electrode positions are defined based on anatomical land-
marks such as the nasion, inion, and preauricular points, ensuring consistent

spatial sampling of brain activity across subjects.
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" Preaurical
point
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Figure 1.1: Standard electrode placement according to the international 10-20
EEG system [15]

Traditional machine learning techniques have been the fundamental ap-
proach in EEG classification studies for many years. These approaches generally
rely on features extracted manually from signals; features such as bandwidth,
frequency spectrum, entropy, and statistical properties are combined with clas-
sifiers such as Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), and
Linear Discriminant Analysis (LDA) [16, 17].

While these methods have been successfully applied to certain task types
(e.g., motor imagery or resting state), they have disadvantages such as their
reliance on feature extraction, limited generalization capabilities, and limitations
in handling complex sample structures.

On the other hand, deep learning techniques have shown significant growth
in the field of EEG classification over the last decade. Deep learning approaches
can automatically extract features from raw or minimally processed signals, thus
providing higher performance compared to traditional methods. In particular,
CNN, Recurrent Neural Networks (RNN), and various hybrid architectures have
gained widespread acceptance in the field of EEG classification [13].

However, these models require large and high-quality datasets to function
successfully, and performance degradation is observed in small or heteroge-
neous datasets.

The current literature addresses both the advantages and limitations of deep
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learning methods; these include, in particular, issues such as the weak ex-
plainability of the model, high computational requirements for training, and
generalizability across different datasets [12, 13] .Furthermore, recent studies
emphasize that the performance of deep learning models is highly sensitive
to data preprocessing, enhancement, and architectural choices [18, 19] .Studies
reviewed in the EEG classification literature are not limited to motor imagery
tasks but encompass a wide range of applications, including emotional state
recognition, cognitive load assessment, and clinical event detection [20, 21] .Fur-
thermore, efforts to improve classification success by combining multimodal
EEG data with multiple signal types are increasing [22].

The literature on EEG classification varies according to different applications
and task types, and this diversity is considered an important factor in both
methodological and applied analyses.In the literature on EEG-based classifica-
tion, studies based on motor imagery tasks hold a central position due to both
their methodological maturity and the breadth of their application areas. Motor
imagery refers to the brain activity that occurs when an individual mentally
imagines a specific movement without actually performing it. The EEG signals
generated during this process exhibit distinctive patterns, particularly in regions
associated with the motor cortex, and these patterns offer a suitable framework
for classification problems. The relatively clear definition of motor imagery tasks
and the ease with which experimental protocols can be standardized compared
to other cognitive tasks are among the main reasons for the extensive research
in this field in the literature [23, 24].

In the early stages of motor imagery-based EEG classification studies, hand-
crafted features extracted from signals were adopted as the basic approach.
Statistical features such as mean amplitude, variance, and signal strength in the
time domain, and measures such as band strength and power spectral density in
the frequency domain, were frequently used. Event-related desynchronization
and synchronization ERD/ERS patterns observed particularly in the mu (8-
12 Hz) and beta (13-30 Hz) bands have been strongly associated with motor
imagery tasks [25, 26]. These features have been evaluated in conjunction with
classical machine learning algorithms such as support vector machines, linear
discriminant analysis, and logistic regression.

Although these approaches have reported high classification accuracies in
specific motor imagery tasks, the generalizability of these results has frequently
been a subject of debate in the literature. Many studies have been conducted on



CHAPTER 1. STATE OF THE ART

datasets with a limited number of participants and homogeneous experimental
protocols. There are also studies showing that the performance of the same
methods decreases significantly when applied to different datasets or different
participant profiles [27] . This highlights that dataset specificity is a significant
problem, even in the motor imagery literature.

With the increasing use of deep learning-based approaches in motor im-
agery EEG classification studies in recent years, methodological discussions in
this field have gained a new dimension. CNN perform automated feature ex-
traction by being trained on raw EEG signals or time-frequency representations.
Schirrmeister et al. showed that deep CNN architectures can compete with,
and in some cases even outperform, traditional hand-crafted feature-based ap-
proaches on motor imagery EEG data [28]. Similarly, the EEGNet architecture
proposed by Lawhern et al. produced effective results in various motor imagery
tasks with a low number of parameters [29].

However, the literature emphasizes that the high performance values re-
ported in deep learning-based motor imagery studies are largely dependent on
the datasets used. CNN-based models can achieve high accuracy when trained
on a specific dataset; however, they can experience significant performance
degradation when transferred to different datasets [30, 31] . This demonstrates
that the generalizability of deep learning models is limited, even for motor im-
agery tasks, and highlights the importance of comparative analyses performed
on heterogeneous datasets.

In recent years, in addition to motor imagery studies, the literature on cog-
nitive task-based EEG classification has also expanded significantly. Cognitive
states such as attention, working memory, mental load, decision-making, and
perceptual processes are represented in EEG signals with complex and multidi-
mensional patterns. Therefore, cognitive EEG classification studies are consid-
ered a more methodologically challenging problem area [32, 33] .

Time-frequency analyses, wavelet transforms, and functional connectivity
measures are frequently used in cognitive task-based EEG studies. In particular,
power variations in the theta and alpha bands have been associated with mental
and attention load processes [34] . These features have been analyzed using
classical machine learning algorithms as well as models based on deep learning.
However, due to the nature of cognitive tasks, labeling them is a more subjective
process compared to motor imagery tasks.

The literature shows that the experimental protocols and evaluation criteria
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used in labeling cognitive tasks vary significantly from study to study. This
makes it difficult to directly compare the classification results [35]. Furthermore,
a large proportion of cognitive EEG datasets have been collected in controlled
laboratory settings with a limited number of participants. This leads to limited
generalizability in real-world conditions.

Some recent studies propose multitasking classification approaches that con-
sider motor imagery and cognitive tasks together. These studies aim to analyze
the common and distinctive aspects of EEG patterns belonging to different task
types [36, 37]. However, the number of such studies is limited and they are
generally restricted to specific datasets. Systematic studies that evaluate hetero-
geneous task types and different datasets together are still rare in the literature.

Overall, while the literature on motor imagery and cognitive task-based EEG
classification is quite rich in terms of methodological diversity, it struggles to
provide a framework due to dataset heterogeneity, subjectivity in labeling pro-
cesses, and generalizability problems. Most studies focus on a specific task type
or a single dataset, addressing methodological commonalities and limitations
between different task types in a limited way. This situation indicates that com-
parative and systematic analyses performed on heterogeneous EEG datasets
could fill a significant gap in the literature.

The use of open-source datasets in EEG-based classification studies has be-
come an increasingly important topic in the literature in recent years. Open-
access datasets increase the transparency of scientific studies, allow methods
developed by different research groups to be tested on the same data, and
strengthen the comparability of results. In this respect, open-source EEG
datasets play a central role in implementing the principle of reproducibility
[38,39] .

Many EEG classification studies in the literature have been performed on
closed or privately collected datasets. While such studies are valuable in demon-
strating the success of the proposed method on a specific dataset, it is often not
possible for independent researchers to verify the results and compare them
with different methods. This raises significant questions about the generaliz-
ability and reliability of results reported in EEG-based machine learning studies
[40] .

The proliferation of open-source EEG datasets is considered a significant step
towards overcoming these limitations. Numerous open-access EEG datasets en-

compassing different task types, such as motor imagery, cognitive tasks, emo-
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tional state recognition, and resting state, have been added to the literature [41,
42, 43] . These datasets allow for the evaluation of different classification ap-
proaches under the same conditions, making inter-method comparisons more
meaningful.

However, these advantages offered by open-source EEG datasets also bring
significant methodological challenges. Open-source datasets are often collected
by different research groups using different experimental protocols, hardware
systems, and preprocessing approaches. Basic parameters such as channel num-
ber, electrode placement, sampling frequency, and recording duration can vary
greatly between datasets [44] .This leads to a heterogeneous structure of open-
source EEG datasets.

Dataset heterogeneity is one of the most common problems in the EEG-based
classification literature. Heterogeneous datasets make it difficult for the same
classification model to exhibit consistent performance across different datasets.
Numerous studies in the literature show that models trained on a particular
dataset experience significant performance degradation on a different one [27,
30]. This indicates that model success is closely related not only to algorithmic
choices but also to the structural characteristics of the dataset.

The heterogeneity of open-source EEG datasets is not limited to technical
parameters. Data quality also varies significantly between datasets. EEG
recordings are highly susceptible to artifacts and can be affected by many factors
such as blinking, muscle movements, environmental noise, and electrode contact
problems. The extent to which artifact cleaning and preprocessing steps are
applied in open-source datasets is not always explicitly reported. This situation
makes it difficult to assess data quality and make fair comparisons between
datasets [45] .

Some studies in the literature emphasize the need for systematic quality
evaluation of open-source EEG datasets. It is stated that datasets should be
analyzed not only in terms of task description and label information, but also
in terms of signal-to-noise ratio, artifact density, and recording conditions [46].
However, the number of such quality-focused evaluation studies is relatively
limited in the literature.

Another important issue in the context of open-source EEG datasets is data
standardization. Presenting different datasets in different formats makes data
sharing and reuse difficult. In this context, the Brain Imaging Data Structure

Brain Imaging Data Structure (BIDS) standard aims to provide a common struc-
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ture for EEG and other brain imaging data [39]. BIDS aims to make datasets
more transparent and reusable by establishing standards in many areas, from
naming data files to metadata definitions.

The EEG-BIDS format is considered a significant development in the stan-
dardization of open-source EEG datasets and is increasingly adopted in the
literature [47] . BIDS-compliant datasets allow different research groups to un-
derstand, process, and compare data more easily. However, there are still many
open-source EEG datasets in the literature that are not fully compliant with the
BIDS format. This indicates that standardization has not yet been adopted by
the entire community.

The lack of data standardization affects not only data sharing but also the
comparability of classification results. Applying different preprocessing steps
to different datasets directly impacts model performance and makes fair com-
parisons between methods difficult. Some studies in the literature highlight that
the lack of standardized preprocessing and evaluation protocols is one of the
fundamental problems in the field of EEG classification.

Another important aspect in evaluating open-source EEG datasets is the
quality of the labeling and metadata. The accuracy of the labels in the datasets
directly affects the success of the classification models. In open-source datasets,
how labeling processes are performed is not always reported in detail. This
creates uncertainties about the reliability and consistency of the labels [48].

Some studies in the literature argue that open-source EEG datasets should
be evaluated not only in terms of signal content, but also in terms of metadata
richness. Metadata such as participant number, demographic information, ex-
perimental conditions, and ethical consent information are critical to the reuse
of datasets [38] . However, many open-source EEG datasets have incomplete or
limited information on this subject.

In general, open-source EEG datasets offer significant opportunities in EEG-
based classification studies, but also present fundamental challenges such as
heterogeneity, data quality, and standardization. A large portion of the liter-
ature focuses on proposing specific methods or models using these datasets,
neglecting to systematically address their structural characteristics and limita-
tions. This hinders the full utilization of the potential offered by open-source
EEG datasets.

In this context, a comparative evaluation of open-source EEG datasets, an

analysis of differences in quality and standardization, and the identification
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of the impact of these differences on classification performance constitute a
significant research gap in the literature. To truly appreciate the advantages
of transparency and reproducibility offered by open-source data that prioritize
dataset heterogeneity are needed.

Data labeling and evaluation processes in EEG-based classification studies
have long been discussed in the literature as a critical component directly affect-
ing model performance. Since EEG signals are inherently complex, noisy, and
exhibit high inter-individual variability, accurately labeling these signals consti-
tutes one of the most challenging aspects of classification problems. Much of
the early EEG research in the literature relied on manual evaluation and labeling
processes performed by field experts [49, 48].

Manual evaluation has long been considered the gold standard due to its
reliance on expert knowledge and experience. In particular in clinical EEG
analyzes and experimental studies, experts” ability to distinguish artifacts of the
signal, identify patterns related to tasks, and interpret contextual information
offers significant advantages [50]. However, the reliability and consistency of
manual assessment processes are increasingly being questioned in the litera-
ture.

Many studies show that there can be significant inconsistencies between
EEG assessments performed by different experts. Inter-rater variability has
been reported, particularly in areas such as artifact detection, interpretation of
borderline cases, and identification of task-related patterns[51, 52].This high-
lights the subjective aspects of manual labeling processes and suggests that
labels based on the assessment of a single expert may be problematic when
considered as absolute accuracy.

Another significant limitation of manual evaluation is scalability. Manually
evaluating large-scale EEG datasets or long-term recordings incurs significant
costs in terms of time and human resources. With the widespread availability
of open-source EEG datasets, the need to analyze EEG data from hundreds
or even thousands of participants has emerged. In this context, the literature
frequently emphasizes that manual evaluation processes alone do not offer a
sustainable solution [40, 38].

These limitations have increased interest in automated and semi-automated
labeling approaches. Machine learning-based methods offer the potential for
automatic classification and labeling of EEG signals based on specific character-
istics. The use of automated approaches has become widespread, particularly
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in areas such as artifact detection, signal quality assessment, and basic task
classifications [45, 44].

The main advantage of automated labeling approaches is that they provide
consistency and speed. Applying the same criteria to different datasets with
the same algorithm has the potential to reduce evaluator-induced subjectivity.
However, the literature emphasizes that the accuracy of automated labeling
methods largely depends on the training data used and the quality of the la-
bels. Models trained with incorrect or inconsistent labels inevitably produce
erroneous classifications [53] .

At this point, it is noteworthy that the relationship between human-based
evaluation and automated approaches has not been sufficiently addressed in
depth in the literature. Most studies evaluate the performance of automated
methods through model accuracy or similar metrics, rather than comparing it
to manual labels. Studies that systematically analyze the agreement, differ-
ences, and potential deviations between human evaluations and automated
classifications are limited in the literature [9].

The rapid advancements in artificial intelligence in recent years have led to
the emergence of new approaches in data evaluation processes. Large Language
Model (LLM), in particular, have begun to be used in various fields due to their
ability to process contextual information and model complex relationships. A
new research direction in the literature has emerged: using these models not
directly to process EEG signals, but rather to analyze descriptions, metadata,
and evaluation criteria related to EEG datasets [54].

GPT-based models, being trained on textual data, have the potential to an-
alyze information such as technical descriptions, experimental protocols, and
task descriptions of EEG datasets. Studies in the literature suggest that large
language models can be used in areas such as data curation, label consistency
analysis, and supporting evaluation processes [55, 56] . These approaches are
positioned not as tools to completely eliminate manual evaluations, but as tools
that support and complement human evaluations.

However, the literature on the use of large language models in data evaluation
processes is still in its early stages. The reliability, consistency, and potential for
bias of these models are among the important issues discussed in the literature.
In particular, the possibility that LLMs may reflect biases stemming from training
data necessitates the careful use of these models in scientific evaluation processes
[57].A related effort in this direction is the work of Koksa [58], who developed
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a reproducible NLP-based information retrieval pipeline specifically tailored to
EEG-related literature on arXiv. That system combines keyword-based semantic
filtering with synonym expansion and supervised classification of arXiv subject
categories, demonstrating how transparent, deterministic text-mining tools can
be effectively applied to monitor the evolution of EEG research at scale.

In the context of EEG, one of the most important contributions offered by
large language models is that they allow for the analysis of differences between
human-based assessment and automated methods. Textual descriptions of as-
sessments made by different experts can be analyzed through GPT-based models
to measure consistency. This approach makes it possible to examine evaluation
processes not only through results but also through the logic of decision-making.

The number of studies in the literature that address manual assessment, au-
tomated labeling, and large language model-based approaches together is quite
limited. Most studies focus on only one of these approaches and exclude the oth-
ers. However, the complex nature of EEG-based classification problems makes
it difficult for a single assessment approach to solve all problems. This situation
highlights the need for multi-layered and comparative assessment strategies.

In general, the EEG classification literature contains significant methodolog-
ical gaps in terms of data labeling and evaluation processes. The subjectivity of
manual assessments, the data dependence of automated methods, and the still
immature application areas of large language models are among the main rea-
sons for these gaps. In this context, studies that comparatively address human-
based assessment, automated classification, and LLM-based approaches stand
out as a significant need in the literature.

When the EEG-based classification literature is evaluated, it is seen that the
field has reached a significant level of maturity in terms of both methodological
diversity and breadth of its application areas. Studies conducted in different
contexts such as motor imagery, cognitive tasks, resting state, and clinical ap-
plications have shown that EEG signals can be analyzed with machine learning
and deep learning approaches and meaningful classification results can be pro-
duced [24, 28, 13] . However, it is also clear that the successes presented in these
studies have been largely achieved under certain assumptions and limitations.A
significant portion of the studies in the literature evaluate classification perfor-
mance through singular metrics and generally report the results using accuracy
or similar measures. However, this approach is far from fully reflecting model

success, given the complex nature of EEG data and structural differences be-
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tween datasets [9]. The literature emphasizes that evaluations based on a single
performance metric can be misleading, especially when dealing with heteroge-
neous datasets.

Machine learning-based approaches have long been preferred in EEG clas-
sification studies due to their low computational costs and relatively high inter-
pretability. These methods have yielded successful results, particularly in early
studies using hand-crafted feature-based representation approaches [26]. How-
ever, the performance of these approaches is largely dependent on the quality
of the feature extraction process and the suitability of the selected features for
the task. This dependence on the feature extraction process stands out as a sig-
nificant factor that limits the generalizability of these methods across different
datasets. Deep learning-based approaches have garnered significant attention
in the literature due to their potential to overcome these limitations. CNN and
derivative architectures offer a more flexible representation compared to tradi-
tional methods due to their ability to automatically extract features from raw
or minimally preprocessed EEG signals [29]. However, it is also clear that the
success of deep learning models is largely dependent on the size, quality, and
homogeneity of the datasets. The literature contains numerous findings indi-
cating that deep learning models trained on small or heterogeneous datasets
experience generalizability problems [30, 31].

In this context, data set heterogeneity emerges as one of the most funda-
mental limitations in the literature. Although the increase in open-source EEG
datasets offers significant opportunities for reproducibility, structural differ-
ences between these datasets make a direct comparison of classification results
difficult [39, 47]. Differences in channel numbers, sampling frequencies, task
descriptions, and preprocessing steps can prevent the same model from exhibit-
ing consistent performance on different datasets [59].Data quality and artifact
management are another limitation frequently highlighted in the literature. The
noise-prone nature of EEG signals directly affects classification performance.The
number of studies that systematically address the impact of artifact cleaning
and preprocessing steps on classification results is limited [46]. This con-
stitutes a significant obstacle to fair and consistent evaluations in comparisons
between datasets.

Labeling and evaluation processes constitute another critical dimension of
the EEG classification literature. Although manual evaluations have been con-

sidered the gold standard for many years, inter-rater inconsistencies and scala-
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bility issues have revealed the limitations of this approach [51, 52]. Although
automated labeling approaches have the potential to address these problems, the
precision and reliability of these methods depend largely on the quality of the
training data [53].The recent emergence of large language models has opened a
new research direction in data evaluation processes. LLM-based approaches are
used not to directly classify EEG signals, but to analyze descriptions, metadata,
and evaluation criteria of datasets [54]. Studies in the literature argue that such
models can be used as tools to support human-based evaluations [56]. However,
the extent to which these approaches are reliable and consistent in scientific eval-
uation processes remains an open research question.Another notable deficiency
in the literature is the lack of systematic comparisons of different assessment
approaches. Most studies focus on manual assessments or on automated classi-
fication results; studies that methodologically address the relationship between
these two approaches remain limited [9]. Similarly, studies comparing human-
based assessments with LLM-based approaches are still in their infancy in
the literature.

In general, the current literature largely addresses EEG-based classification
problems within an algorithmic framework; it relegates the effects of data eval-
uation processes, dataset heterogeneity, and lack of standardization on classi-
fication results to a secondary role. However, findings in the literature show
that model success is strongly dependent not only on the algorithms used, but
also on data integrity, labeling processes, and evaluation protocols [38].In this
context, the need for comparative, multi-layered, and reproducible evaluation
approaches in EEG-based classification studies is becoming increasingly evi-
dent. Systematic analysis of heterogeneous datasets, the integration of manual
and automated evaluation approaches, and the examination of the effects of
data integrity on model performance are among the significant research gaps
in the literature. The limitations revealed by current studies indicate the
need for the development of more systematic frameworks in the field of EEG
classification.

This synthesis reveals the strengths and limitations of the existing knowledge
in the literature; it also offers important clues about the directions in which
EEG-based classification problems can be addressed in the future. These open
problemsidentified in the literature require the development of more systematic,
comparative, and reproducible approaches to the evaluation and classification
of EEG data.
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Background

This section details the fundamental concepts that form the methodological
and conceptual framework of this thesis. The main objective of the Background
section is to provide the necessary theoretical framework for understanding the
analysis and modeling stages that will be presented in subsequent sections. Ac-
cordingly, the basic characteristics of electroencephalography (EEG) signals, the
working principles of EEG-based brain-computer interfaces (BClIs), the general
structure of the open-source EEG datasets used, manual evaluation and labeling
processes, and the theoretical foundations of artificial intelligence and machine
learning-based classification approaches are systematically explained.

The Background section summarizes widely accepted concepts and methods
in the literature, revealing the theoretical foundation upon which the approaches
used in this thesis are based. This structure allows the methods and experimen-
tal findings presented in the Analysis section to be evaluated within their context

and in a consistent framework.

Basic CHARACTERISTICS OF EEG SIGNALS

Electroencephalography (EEG) is a non-invasive neurophysiological tech-
nique used to measure electrical activity generated by neuronal populations
in the brain [60] . It records voltage fluctuations resulting from ionic currents
within cortical neurons, typically captured through electrodes placed on the
scalp. Due to its high temporal resolution, EEG provides valuable insights

into dynamic brain processes, making it widely used in cognitive neuroscience,
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clinical diagnostics, and brain—computer interface (BCI) applications.

EEG signals are typically recorded from multiple channels over time, reflect-
ing the dynamic nature of brain activity, as illustrated in Figure 2.1 [59]. In
recent years, increased computing power and advancements in artificial intelli-
gence have enabled more complex analysis methods of EEG data, significantly
expanding the scope of research in this field.

EEG signals are typically recorded from multiple channels over time, re-
flecting the dynamic nature of brain activity, as illustrated in Figure 1 [59]. In
recent years, increased computing power and advancements in artificial intelli-
gence have enabled more complex analysis methods of EEG data, significantly
expanding the scope of research in this field.
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Figure 2.1: Example of multichannel electroencephalography (EEG) signals
recorded over time [59]

The EEG signals examined in this thesis present a number of structural chal-
lenges in terms of classification and labeling processes. The low amplitude
nature of EEG signals, their relatively low signal-to-noise ratio, and high sen-
sitivity to measurement conditions directly affect both manual and automated
evaluation processes. These characteristics cause EEG data to require a more
complex analysis process compared to other types of biomedical signals [61] .
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A significant feature of EEG signals is their non-stationary nature. Signif-
icant differences can be observed between EEG signals recorded at different
times from the same individual; even within the same recording session, signal
characteristics can change [62] . This increases the risk of classification models
learning patterns specific to a particular time interval or dataset. One of the
main reasons for considering heterogeneous datasets together in this thesis is
to observe the effects of this variable nature of EEG signals on different data
sources.

Artifacts observed in EEG signals are another critical factor affecting clas-
sification performance. Blinking, muscle activity, electrode contact problems,
and environmental electrical interference add unwanted components to EEG
recordings. These artifacts can lead to inter-rater inconsistencies, especially in
manual assessment processes; and in automated classification approaches, they
can cause the model to learn incorrect patterns. In this thesis, analyzing the
effect of differences in quality and recording conditions between datasets on
classification performance is of significant importance in this context.

The frequency components of EEG signals offer a significant representation
space for classification problems. However, the variability of these frequency
components depending on the task, individual, and recording conditions makes
it difficult to define a fixed feature space. This situation limits the generalizabil-
ity of methods based on hand-built features, while constituting one of the main
reasons for preferring deep learning approaches with automated feature learn-
ing capabilities in this field. The CNN-based models used in this thesis aim to
directly model this complex and variable structure of EEG signals.

EEG datasets reported in the literature can generally be described based on
a set of common characteristics that are expected to be explicitly defined in the
corresponding studies. These characteristics typically include the experimental
setup, the task paradigm (e.g., motor imagery), the number of participants, the
number and placement of EEG channels, the sampling frequency, and the overall
recording conditions [9, 36]. Clearly defining these elements is essential for
ensuring the interpretability, comparability, and reproducibility of EEG-based
research.

A typical EEG data acquisition setup consists of several interconnected com-
ponents: an EEG electrode cap placed on the participant’s scalp, a signal am-
plifier, a data receiver, and a host computer running acquisition software. Elec-
trodes are positioned according to standardized systems, most commonly the
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International 10-20 system, which ensures spatial consistency across studies
and laboratories [63]. Figure 2.2 illustrates a representative EEG data collection
setup used in a motor imagery BCI study, where the participant performs left-
and right-hand imagery tasks in response to on-screen cues while multichannel

EEG signals are continuously recorded.
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Figure 2.2: A representative EEG data acquisition setup for a motor imagery
brain—computer interface study, illustrating the EEG cap, amplifier, data receiver,
and host computer, along with the experimental trial structure for left- and right-
hand motor imagery tasks. Modified from [64] under CC BY 4.0 license.

Among the most widely studied paradigms in open-source EEG research is
motor imagery (MI), in which participants mentally rehearse limb movements—
most commonly left- and right-hand movements—without executing them phys-
ically [65]. MI-based brain—computer interface (BCI) systems exploit the neural
correlates of these imagined movements, particularly event-related desynchro-
nizationerd (ERD) and synchronization (ERS) patterns in the mu (8-12 Hz) and
beta (13-30 Hz) frequency bands over sensorimotor cortex [65, 66]. Because these
patterns are physiologically well characterized, MI paradigms have become a
standard benchmark for evaluating EEG classification algorithms [9, 28].

Several open-source motor imagery EEG datasets have been made publicly
available and are widely used in the research community. The BCI Competition
IV Dataset 2a [67] provides EEG recordings from nine participants performing
four classes of motor imagery (left hand, right hand, feet, and tongue), recorded
with 22 channels at 250 Hz. The PhysioNet EEG Motor Movement/Imagery
Dataset [42] contains recordings from 109 participants across 14 experimental
runs including real and imagined movements of the left and right fists and feet,
acquired using 64 channels at 160 Hz. GIGA MI dataset [68] includes 52 subjects
performing left and right hand imagery, recorded with 64 channels at 512 Hz.
The OpenBMI dataset [69] offers a large-scale benchmark with 54 participants
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and three BCI paradigms including MI, recorded at 1000 Hz with 62 channels.

Table 2.1 summarizes the key characteristics of these datasets. It is evident
that the datasets differ substantially across all major dimensions: the number of
participants ranges from 9 to 109, channel counts vary from 22 to 64, and sam-
pling frequencies span 160 Hz to 1000 Hz. This technical heterogeneity directly
affects the representation of EEG signals and, consequently, the performance
and generalizability of classification models trained on these data [36, 28].

Table 2.1: Summary of key characteristics of commonly used open-source motor
imagery EEG datasets. MI = Motor Imagery; L/R = Left/Right hand.

Dataset Subjects Channels Sampling Rate (Hz) MI Tasks

BCI Comp. IV 2a [67] 9 22 250 L/R hand, feet, tongue
PhysioNet [42] 109 64 160 L/R hand, feet
GIGA [68] 52 64 512 L/R hand
OpenBMI [69] 54 62 1000 L/R hand

The heterogeneity observed across these datasets is not merely a techni-
cal inconvenience; it reflects the genuine diversity of experimental contexts in
which EEG data are collected. Different laboratories employ different amplifier
systems, electrode configurations, and recording protocols, leading to datasets
that vary in spatial resolution, temporal resolution, and signal quality [9]. For
example, datasets with higher channel counts provide greater spatial resolution
and better capture localized cortical activity, while datasets with higher sam-
pling rates preserve fine-grained temporal dynamics relevant to event-related
potentials. Conversely, datasets with fewer channels or lower sampling rates
may limit the information available to classification algorithms, making direct
cross-dataset comparisons unreliable without appropriate harmonization.

Data quality constitutes another critical dimension of variability among
open-source EEG datasets. Some datasets provide raw, unprocessed signals,
whereas others supply pre filtered or artifact-rejected data [36]. Artifacts aris-
ing from muscle activity, eye movements, and electrical interference are well-
documented challenges in EEG recording [70]. The absence of a unified pre-
processing standard means that the same underlying neural signal may be rep-
resented very differently across datasets, depending on the artifact removal
methods applied prior to publication. In the context of this thesis, the effects
of such quality differences on classification performance are analyzed directly,
rather than treating data quality as an exclusion criterion.
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Metadata richness represents a further source of variability. Information
regarding participant demographics, experimental conditions, and ethical ap-
proval procedures is essential for the reusability of a dataset and the inter-
pretation of classification results [47]. Well-documented datasets such as the
PhysioNet collection [42] provide detailed participant-level metadata, whereas
other datasets offer only aggregate information. In this thesis, available meta-
data including task descriptions and recording protocols is treated as contextual
information that informs both the manual evaluation and the GPT-assisted clas-
sification processes described in subsequent chapters.

The structural heterogeneity of open-source EEG datasets constitutes one
of the primary motivations for the multi-stage evaluation methodology devel-
oped in this thesis. By selecting datasets that differ systematically in participant
count, channel configuration, sampling frequency, and preprocessing level, this
study examines the conditions under which manual annotation, GPT-based re-
view, and model-based classification converge or diverge. Datasets are therefore
treated not merely as sources of training data, but as structured testing environ-
ments that reveal the sensitivity of classification approaches to variation in data
collection protocols.

PRINCIPLES OF SYSTEMATIC LITERATURE REVIEW

Systematic review methodologies provide a structured framework for syn-
thesising existing evidence in a given research domain [71, 72]. In the context of
EEG-based research, systematic review approaches have been applied to assess
the quality, reproducibility, and comparability of published datasets and classifi-
cation studies [9, 36]. A key requirement of any systematic review is the explicit
definition of inclusion and exclusion criteria, the transparent documentation of
the review process, and the consistent application of evaluation criteria across
all reviewed items [71].

In this thesis, a human-based systematic review process was applied to a cu-
rated set of open-source EEG datasets. The primary objective of this review was
to characterise each dataset according to a predefined set of descriptive criteria,
including task paradigm, number of participants, recording parameters, prepro-
cessing procedures, and metadata availability. This structured characterisation
was intended to provide a consistent and reproducible basis for subsequent

analyses, rather than to produce a quantitative performance assessment.
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The review was conducted by four individuals with varying levels of do-
main knowledge and experience in EEG research. This multi-reviewer design
was adopted to reduce dependence on the judgement of a single expert and
to introduce a degree of variability that reflects the ambiguity inherent in in-
terpreting heterogeneous dataset documentation [73]. Each reviewer examined
the available documentation for each dataset including published data descrip-
tor articles, associated files and recorded their observations using a structured
data collection form. The collected responses were consolidated in a shared
spreadsheet for subsequent comparison and analysis.

It is important to note that the review process described here constitutes
a knowledge transfer exercise rather than a formal inter-rater reliability study.
The lead investigator communicated the evaluation criteria and the conceptual
framework of the study to the participating reviewers prior to the review process.
This qualitative phase of knowledge transfer ensured a shared understanding of
the review objectives without imposing a rigid coding protocol. As a result, the
process captures the naturalistic variability that arises when individuals with
different backgrounds interpret the same dataset documentation, which is itself
a phenomenon of analytical interest in this study:.

One of the principal challenges encountered in systematic review processes
of this kind is the consistent definition and application of evaluation criteria
across heterogeneous sources [72]. Dataset documentation in the EEG literature
varies considerably in depth and format: some datasets are accompanied by
detailed data descriptor articles published in peer-reviewed journals [42, 69],
whereas others provide only minimal metadata. This variability means that the
same evaluation criterion may be straightforwardly applicable to one dataset and
ambiguous or unanswerable for another, introducing an inherent asymmetry
into the review process.A further methodological consideration concerns the
scalability of human-based review. As the number of publicly available EEG
datasets continues to grow [47], the time and effort required to conduct thorough
manual reviews increases correspondingly. Within the scope of this thesis, the
human-based review was applied to a limited and deliberately selected set
of datasets. This constraint is acknowledged as a limitation, and it provides
one of the motivations for exploring GPT-assisted review as a complementary
approach, as discussed in the following section.

Figure 2.3 illustrates the workflow of the human-based review process, from
the initial definition of evaluation criteria through the knowledge transfer phase
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to the final consolidation of reviewer responses.
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Figure 2.3: Workflow of the human-based systematic review process. The lead
investigator defined the evaluation criteria and communicated them to four
reviewers through a knowledge transfer process. Each reviewer independently
examined dataset documentation and recorded observations using a structured
form. Responses were consolidated in a shared spreadsheet for subsequent
analysis.

GPT-AssISTED LITERATURE REVIEW

Large language models LLM , and GPT-based models in particular, have
attracted growing interest as tools for supporting systematic literature review
and information synthesis in scientific research [74, 75]. These models are
capable of processing and summarising large volumes of textual information,
identifying thematic patterns, and responding to structured queries formulated
in natural language [74]. In the context of this thesis, a GPT-based approach was
employed as a complementary method for reviewing the EEG dataset literature,
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operating in parallel with the human-based review described in the preceding
section.

It must be emphasised at the outset that the GPT-based component of this
study does not constitute an automated classification system operating on EEG
signals. Rather, GPT was used as a literature review instrument: structured
prompts were formulated to query the model about characteristics of EEG
datasets and their associated publications, and the model’s responses were
recorded and compared with the findings of the human reviewers. The in-
puts to the model were entirely textual task descriptions, dataset summaries,
and methodological descriptions drawn from published sources and no raw
EEG signal data were processed at any stage.

The use of GPT as a literature review tool offers several potential advan-
tages in the context of EEG dataset analysis. First, LLMs can apply a defined
set of evaluation criteria consistently across a large number of sources with-
out the fatigue or drift that may affect human reviewers over extended review
sessions [75]. Second, because the model’s responses are generated from the
same prompt structure for each dataset, the review process is in principle re-
producible given the same model version and prompt formulation. Third, the
systematic application of prompts to a body of literature can surface patterns in
dataset documentation that might be difficult to detect through manual review
of individual sources.

The practical workflow adopted in this thesis involved the formulation
of structured prompts designed to elicit descriptive information about EEG
datasets from the published literature. Prompts were constructed to mirror the
evaluation criteria used in the human review process, thereby enabling a direct
comparison of human and GPT-generated assessments of the same datasets.
This parallelism is central to the analytical design of the study: by applying
the same conceptual framework to both review methods, it becomes possible to
examine the extent to which a language-model based approach can reproduce
the evaluative judgements made by human reviewers operating under a shared
knowledge framework.

Itis acknowledged that GPT-based literature review is subject to a number of
important limitations. LLMs can produce responses that are plausible in form
but inaccurate in content, a phenomenon commonly referred to as hallucination
[61]. This risk is particularly relevant when querying models about specific
technical details of individual datasets, where the model’s training data may be
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incomplete or outdated. Furthermore, the outputs of GPT models are sensitive
to the precise formulation of the input prompt; small variations in wording
can lead to substantively different responses. These limitations mean that the
GPT-assisted review results reported in this thesis should be interpreted as
exploratory findings that illuminate the potential and boundaries of LLM-based
review tools, rather than as definitive assessments of the datasets in question.

In summary, the GPT-assisted literature review component of this thesis
represents a qualitative and exploratory investigation into the applicability of
language models as support tools for systematic EEG dataset analysis. The
findings contribute to an emerging body of methodological research on the
integration of Al tools into scientific review processes [75], and provide a basis
for more rigorously controlled investigations in future work.

MAcHINE LEARNING AND DEEP LEARNING MODELS

In this thesis, machine learning and deep learning models are employed
for the classification of left- and right-hand motor imagery EEG signals across
a heterogeneous set of open-source datasets. The comparative use of a clas-
sical machine learning method and a deep learning architecture serves a dual
purpose: first, to assess the classification performance of each approach on the
selected datasets; and second, to examine how structural differences between
datasets such as channel configuration, sampling frequency, and preprocess-
ing level affect model behaviour. This framing treats classification models not
merely as performance benchmarks, but as analytical instruments for probing
dataset characteristics.

Machine learning and deep learning approaches differ fundamentally in how
EEG data is represented and processed. Classical machine learning methods
typically rely on hand-crafted feature extraction pipelines, in which domain-
relevant signal features are computed explicitly before being passed to a classifier
[9, 76]. Deep learning models, by contrast, learn feature representations directly
from raw or minimally processed data through hierarchical transformations [28,
36]. Evaluating both approaches on the same datasets makes it possible to assess
whether performance differences reflect genuine algorithmic advantages or are
better explained by dataset-level factors such as signal quality and recording
conditions.

SVM are supervised learning algorithms widely used for the classification
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of high-dimensional biomedical signals, including EEG [9, 76]. The core prin-
ciple of SVM is to identify the optimal separating hyperplane that maximises
the margin between classes in the feature space [77]. When the data are not
linearly separable in the original input space, SVMs employ kernel functions
to project the data into a higher-dimensional space where linear separation be-
comes feasible. Commonly used kernels in EEG classification include the radial
basis function Radial Basis Function (RBF), polynomial, and linear kernels [9].

In EEG-based motor imagery research, SVM has been extensively applied to
features derived from the EEG signal, most notably band power features com-
puted from the mu (8-12 Hz) and beta (13-30 Hz) frequency bands, and spatial
features extracted using methods such as Common Spatial Patterns Common
Spatial Pattern (CSP) [76]. SVM is particularly well suited to EEG classification
tasks owing to its robustness in high-dimensional feature spaces and its ability
to generalise from relatively small training sets [77, 9], both of which are com-
mon constraints in EEG research. In the context of this thesis, SVM serves as
the classical machine learning baseline, allowing the performance of the deep
learning model to be interpreted relative to an established reference method.

Convolutional Neural Networks (CNNs) are deep learning architectures that
have demonstrated strong performance in EEG signal classification tasks by
learning spatial and temporal feature representations directly from the data [28,
29]. Unlike classical methods that require explicit feature engineering, CNNs
apply learned convolutional filters to the input signal, enabling the model to
identify task-relevant patterns at multiple scales without prior specification of
the features of interest [36].

EEG signals have a natural multi-channel, time-series structure that is well
suited to convolutional processing. Temporal convolutions capture the dynam-
ics of neural oscillations over time, while spatial convolutions across electrode
channels exploit the topographic organisation of cortical activity [28]. This dual
sensitivity is particularly valuable when working with heterogeneous datasets
that differ in channel count and sampling rate, as the model must learn repre-
sentations that are informative despite variation in the input structure.

Among the CNN architectures proposed for EEG classification, EEGNet [29]
has emerged as a widely adopted compact model that is applicable across mul-
tiple BCI paradigms and dataset configurations. Its design incorporates depth-
wise and separable convolutions to reduce the number of trainable parameters,
which helps to mitigate overfitting in the small-sample settings typical of EEG
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research. In this thesis, a CNN-based model is applied to the motor imagery
classification task across the selected datasets, and its performance is compared
with that of the SVM baseline to evaluate the relative merits under heteroge-
neous data conditions.

ReLATED WORK

Recent studies have extensively explored the use of electroencephalography
(EEG) signals for cognitive and physiological state analysis. For instance, Giulia
Cisotto et al. [78] proposed a machine learning-based approach for classifying
cognitive workload using in-ear EEG devices. Their work focuses on wear-
able EEG acquisition and real-time workload estimation. Similarly, Cisotto et
al. [79] investigated cognitive performance under sleep deprivation using ma-
chine learning techniques applied to EEG signals. Earlier works by the same
research group include the classification of grasping tasks based on EEG-EMG
coherence and joint compression of EEG and EMG signals for wireless biomet-
ric applications [80, 81]. Additionally, Anna V. Guglielmi et al. [62] analyzed
frequency-dependent functional connectivity in resting-state brain networks.

Although these studies are closely related to our work in terms of utilizing
EEG signals and machine learning techniques, they differ in several key aspects.
First, prior studies primarily focus on specific application domains such as cogni-
tive workload detection, sleep deprivation analysis, or motor task classification,
whereas our study adopts a broader perspective by systematically analyzing
multiple open-source EEG datasets. Second, existing works typically rely on a
single dataset or a controlled experimental setup, while our work explicitly in-
vestigates cross-dataset variability and its impact on classification performance.
Furthermore, previous studies do not address the heterogeneity in dataset re-
porting or methodological inconsistencies, which constitute a central focus of
our research. In contrast, our study introduces a structured framework for
evaluating dataset characteristics and their influence on classification outcomes.

Machine learning techniques have also been widely applied in biomedical
data analysis, particularly with an increasing focus on model interpretability.
For example, Leonardo Badia and collaborators investigated the use of Shapley
values to interpret machine learning models in heart disease datasets [82]. Sim-
ilarly, Borella et al. [83] explored effective sensor selection for human activity
recognition using Shapley-based feature importance methods. More recently,
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Cisotto et al. [60] applied Shapley value analysis to Random Forest models for
sleep apnea detection. While these studies share common ground with our
work in employing machine learning techniques for classification tasks, their
primary focus lies in model interpretability, feature importance, or adaptive
learning strategies. In contrast, our work emphasizes cross-dataset classifica-
tion performance and the role of dataset characteristics in influencing model
outcomes. Moreover, unlike prior works that typically evaluate models on a
single dataset, our study compares the performance of both traditional (SVM)
and deep learning-based (CNN) approaches across multiple open-access EEG
datasets. Another key distinction is that our work integrates a systematic lit-
erature review and Al-assisted data extraction process, which is not addressed
in the aforementioned studies. Overall, the reviewed literature demonstrates
the potential of EEG-based analysis and machine learning techniques in various
biomedical applications. However, many existing studies tend to focus on spe-
cific EEG-based tasks or on improving model performance and interpretability
within a single dataset context.

In this context, the present study aims to introduce a more comprehensive
framework that combines systematic dataset analysis, GPT-based methodologi-
cal information extraction, and cross-dataset classification using both SVM and
CNN models.By considering the heterogeneity in EEG dataset reporting and ex-
amining how dataset characteristics may influence classification performance,
this study is expected to contribute to a more systematic and transparent evalu-
ation of EEG-based machine learning approaches. In this respect, the proposed
approach may offer an alternative perspective for improving the comparability

and reproducibility of studies in this field.
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Materials and Methods

This section presents in detail the experimental processes, methods used,
and analyses of the results obtained within the scope of this thesis. This section
presents a pilot analysis of manual evaluation, GPT based classification, and
machine learning-based approaches applied to open-source EEG datasets. The
experimental design and comparison strategies are briefly described.

In line with the theoretical and methodological framework presented in pre-
vious sections, a multi stage evaluation approach has been adopted in this thesis.
EEG datasets were analyzed not only with a single classification method but also
through different evaluation layers. The main motivation for this approach is
to demonstrate that model performance in EEG based classification studies is
strongly dependent not only on the algorithms used but also on the structure of
the datasets, the labeling processes, and the evaluation methods. Therefore, the
experimental processes presented in the Analysis section are designed to reflect
this multi dimensional structure.

The experimental process generally consists of three main part. In the first
stage, EEG datasets from Nature Scientific Data were manually evaluated and
classified [84]. This evaluation, conducted by individuals with varying levels
of knowledge, allowed for the analysis of consistency and differences in human
based classification processes. In the second phase, the same datasets were
evaluated using a GPT based classification approach and compared with the
manual evaluation results. This phase aims to examine the extent to which Al
powered systems can reproduce human based evaluations and where they differ
[85].
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In the third stage, EEG datasets were classified using machine learning mod-
els. Specifically, CNN and SVM were employed [86]. The performance of these
models was evaluated across different datasets and labeling strategies, and the
effects of dataset heterogeneity and evaluation methods on model performance
were analyzed [87]. Thus, the study distinguishes between human-based and
GPT-supported analysis of EEG-related literature and the use of machine learn-
ing models for motor imagery EEG classification , highlighting their comple-
mentary roles within the overall framework.

Reproducibility and transparency are considered important aspects of this
work. However, the public release of code, GPT based tools, and associated
resources is planned as a future perspective, following further development
and formal publication of the study.

This section continues by first defining manual evaluation and GPT based
classification processes are presented in detail. Subsequently, classification ex-
periments performed with CNN and SVM models are explained, and the eval-
uation metrics used are defined. The section concludes with a comparative
presentation of the results obtained from different evaluation approaches. This
structure allows the experimental findings of the thesis to be evaluated within
a consistent framework.

The workflow presented in Figure 3.1 illustrates how the three core compo-
nents of the study are organized within a sequential and integrated structure.
The process begins with a systematic manual review of EEG datasets from the
literature. In this stage evaluation criteria are refined by a panel of experts from
diverse experience levels and disciplines, resolving interpretation discrepancies
and establishing a common standardization framework. In the second stage, this
framework is transferred to the GPT based model, ensuring that the model ad-
heres to specific rules and automatically extracts information from the datasets.
In the final stage, both traditional and deep learning models were applied to the
constructed datasets, and their classification performance was evaluated across
multiple datasets. This allowed for the examination of model performance un-
der heterogeneous dataset conditions and the impact of dataset variability on

classification results.
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Figure 3.1: Flowchart of the proposed multi stage evaluation and analysis frame-
work
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SCIENTIFIC SYSTEMATIC REVIEW

In this thesis, scientific articles containing EEG data from only Nature Science
Data were systematically reviewed and classified. The aim of this phase of the
study was to evaluate the quality of the EEG datasets used in the iteration and
to identify high quality datasets. Manually evaluating all datasets in the initial
phase of the study was a critical choice for this study. Because reporting styles
in EEG studies are quite heterogeneous in the literature, automated methods
can miss critical information.

In this study, the manual evaluation of EEG datasets was not left to the judg-
ment of a single expert. Similar to multi expert decision making approaches
commonly used in healthcare, the decision making mechanism was conducted
by a team of four people with varying experience levels and disciplines[88, 89].
This team consisted of one researcher with academic expertise in the field (ex-
pert evaluator); one researcher who was mentored by the expert throughout
this thesis and acquired fundamental EEG knowledge (trained student); one
researcher from a discipline related to EEG or neuroscience (related field re-
searcher); and one researcher outside the EEG field with knowledge of data
analysis and methodology (different field researcher). The primary purpose of
establishing this mechanism is to increase both consistency and standardization
by bringing together different perspectives in the evaluation of EEG datasets.
Various studies in the literature emphasize that collaborative assessment by
multiple experts is preferable to increase the accuracy and reliability of clinical
decision making processes; multidisciplinary teams produce more comprehen-
sive, systematic, and reproducible decisions. This multi expert approach is
widely used, particularly in healthcare settings where complex data structures
are evaluated.

e Expert evaluator: A researcher with academic experience and expertise in
EEG signal processing and experimental design.

e Trained (student) evaluator: This individual was trained according to the
instructions provided by the expert and served as a mid level evaluator,
testing the feasibility of the standardization process.

e Related field researcher evaluator: This individual, working in adjacent
tields such as neuroscience or biomedical engineering, contributed to the
evaluation of borderline cases through their technical knowledge.

e Different field researcher evaluator: This evaluator, lacking fundamental
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EEG knowledge but possessing a scientific understanding of evaluation,
helped validate the criteria for understandability and generalizability.

{ Expert Researcher }

!

Standardization methodological guidance

— L T

< 7

[ Trained Evaluator } [ Related-Field Researcher } [Unrelated—Field Researcher}

Figure 3.2: Structure of the Multi-Level Evaluation Team

Figure 3.2 illustrates the hierarchical structure and roles of the multi expert
panel contributing to the manual evaluation process. The expert researcher de-
fined the methodological framework, establishing the basis for standardization;
the trained student served as the framework’s implementer. The researcher
in the relevant field verified the technical details, while other field researchers
contributed to the process by ensuring the clarity, interpretability, and general-
izability of the criteria. This structure both improved the evaluation quality and
facilitated the creation of a common rule set for training the GPT model.

Several studies have shown that interobserver agreement in EEG interpreta-
tion may be limited when assessments are performed by a single expert. How-
ever, the use of multiple raters and standardized evaluation criteria has been
demonstrated to significantly improve consistency and reliability[90, 91]. Fur-
thermore, systematic reviews have emphasized that clinical decision making
processes conducted by multidisciplinary teams provide more comprehensive
and reproducible results, and that collaboration among different areas of exper-
tise, particularly in neuroscience and EEG interpretation, increases data quality
and consistency [92, 93].

All articles were independently evaluated against a common set of criteria
established by the team, and the results were recorded in a single, standardized
tabular format. This structure ensured both comparability of datasets and the
creation of a common reference framework for subsequent GPT.

All reviewers independently reviewed different datasets and entered scores
and explanations into an Excel spreadsheet based on predefined criteria. The
classification is structured into three levels.The criteria classified in 3 stages as
level 0, 1 and 2 in the study are as follows:
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e Level 0: Units, sampling frequency, montage information (number of chan-
nels, channel location, reference information), experimental protocol (par-
ticipants, sessions, blocks, task, rest period, timing), labels.

e Level 1: Time domain, frequency domain.
e Level 2: Output format, download, brand, ground channel.

After the first round of evaluations, datasets that yielded particularly dif-
ferent results were identified, and structured discussions were held within the
team. During these discussions, the expert reviewer explained the scientific
background of the criteria in detail; the trained student translated these ex-
planations into rules; the relevant field researcher assessed compliance with
reporting standards in the literature; and the other field researcher contributed
to the clarity, applicability, and openness to interpretation of the criteria.

As a result of this interaction, criteria definitions were clarified, sample lines
were created, and strict rules were established regarding the use of the "not
found" label. Furthermore, a common decision framework was established
for limitedly reported technical elements such as channel placement, electrode
information, or protocol timing. This reduced interpretive differences between
raters and ensured the creation of consistent evaluation criteria.

The scores and descriptions obtained for each dataset were systematically
entered into an Excel spreadsheet, enabling both quantitative and qualitative
comparisons. This method provided an objective filter for selecting the datasets
to be used in the second phase of the thesis. Furthermore, this approach not only
helps with reporting results but also provides a reproducible methodology that
allows other researchers to make similar dataset selections in the future. Evalu-
ators (high, medium, low, and naive experience levels) contributed to this stan-
dardization process with varying levels of expertise.High experienced expert
evaluators ensured the accuracy of technical parameters, while low-experienced
evaluators tested the clear understandability of the criteria. This multilayered
structure exemplifies the approach known in the literature as "human in the
loop data curation” [94, 95].

The manual evaluation process was designed not only to classify datasets but
also as a process of gaining experience to achieve standardization of evaluation
criteria. The goal of this process was to develop a consistent, reproducible, and
teachable framework for measuring the quality of EEG datasets.

These discrepancies are a frequently highlighted problem in the literature
regarding EEG data reporting. For example, [47] and [96] stated that inadequate
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reporting standards make data sharing and reuse processes in EEG research
difficult. Therefore, the manual evaluation phase in this study was viewed not
only as data classification but also as a learning process for standardization
training and resolving interpretative differences.

Consequently, this process is a critical step not only for evaluating datasets
but also for establishing the conceptual foundation necessary for training the
GPT model.In the final stage, the common standard established by this mech-
anism was transferred to the GPT based model. All rules agreed upon by the
panel were clearly reflected in the training instructions of GPT, ensuring that
GPT only uses explicitly reported information, marks missing information as
"not found," and does not make any interpretations or predictions. Thus, GPT
is positioned not merely as a language model but as an implementer of a prede-
fined set of rules reflecting the consensus of multiple experts.

Discussions between evaluators and standardization of criteria provided
the necessary empirical knowledge for the GPT to subsequently extract the
same information autonomously. Therefore, manual evaluation is not merely
a preliminary step in the study; it is the fundamental methodological step that
enables the cognitive calibration of the model. This phase not only assessed
the content quality of the articles but also created a reference database to test
which information the GPT model could correctly extract. Therefore, the manual
assessment served as the ground truth for measuring the accuracy of subsequent
automated analyses.

This design offers a hybrid assessment architecture that centers human ex-
pertise and integrates it with automated systems. Both manual and GPT based
assessment processes are based on this multi expert standardization, thus in-
creasing both the reliability and reproducibility of the findings.

Dataser OVERVIEW AND ACCESS

In this stage of the study, approximately 200 articles related to EEG were col-
lected using the keyword "EEG" from publicly available sources, particularly the
Scientific Data journal (Nature), which provides open access datasets and asso-
ciated publications. These articles are generally studies created by international
research projects that aim to collect and share EEG signals in different types of
tasks. All datasets in the study are ethics committee approved, anonymized,
reproducible, and provided in BIDS (Brain Imaging Data Structure) compatible
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formats [47].

Motor Imagery (MI) refers to the mental simulation of a motor action with-
out any actual physical movement [97]. During motor imagery tasks, specific
patterns are observed in EEG signals, particularly over the sensorimotor cortex
[25]. These patterns are typically characterized by event-related desynchroniza-
tion (ERD) and event-related synchronization (ERS) in specific frequency bands,
such as the mu (8-13 Hz) and beta (13-30 Hz) rhythms. In particular, imagined
movements are associated with a decrease in power (ERD) in the contralateral
motor cortex, reflecting the activation of motor-related brain regions [98]. These
neurophysiological responses form the basis for distinguishing different motor

imagery tasks in EEG-based brain-computer interface systems [99, 100].

Table 3.1: Datasets

ArticleID | Task Type | Number of Participants | Type |

Reference

Dataset-1 | Motor Imagery | 60 | Healthy subjects |
[101]

Dataset-2 | Motor Imagery | 50 | Stroke patients |
[64]

Dataset-3 | Motor Imagery | 62 | Healthy subjects |
[102]

The Table 3.1 summarizes the datasets. This classification step, which was
performed before the modeling phase, aims to ensure that comparative analyses
in the following sections progress with accurate results.

In this thesis, the selection of EEG datasets aims to maximize data quality
and experimental validity. Although all of the datasets used were selected from
open access platforms, both technical and contextual criteria were taken into
consideration during data selection. The criteria are two basic categories which
is inclusion criteria and exclusion criteria.

The selected data sets must adhere to all the specified inclusion criteria.
Each inclusion criterion is coded with different numbers. The inclusion criteria
determined for this study are listed below.

e IN1: The dataset must include at least 19 EEG electrodes, ensuring suffi-
cient spatial resolution.

e IN2: A minimum of 10 participants must be involved to allow for statisti-
cally meaningful analysis.
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e IN3: Subject do not perform classification or prediction in experimental
paradigms (e.g., classification, prediction, or decoding of cognitive /motor
tasks).

e IN4: The experimental protocol must be clearly documented, including
task flow, stimulus design, and block structure.

e IN5: The EEG signals must be sampled at a rate of at least 128 Hz to
prevent information loss.

e IN7: Only real, non-simulated EEG recordings were considered.

e IN8: Datasets must be recorded from human subjects .
The exclusion criteria are listed below with specific code.

e EX1: Studies based on neurostimulation techniques such as Transcranial
Magnetic Stimulation (TMS), Deep Brain Stimulation (DBS), or similar
interventions were excluded.

e EX2: Passive EEG recordings that do not include a clear classification
objective or task definition were excluded.

e EX3: EEG data acquired from non-human subjects (e.g., rat EEG) were
excluded from the analysis.

e EX4: Intra-cranial brain recordings(LPF,EEG,ECoG) were excluded.

Based on the defined inclusion and exclusion criteria, the collected datasets
were filtered. While all selected articles (approximately 200) were used in the
manual and GPT based evaluations, three representative datasets were specifi-
cally chosen for the machine learning experiments. The characteristics of these
datasets are described in the following section.

Dataset 1 is one of the open access motor imaging EEG database published
[101]. This dataset contains EEG recordings from 60 volunteer participants
who participated in motor imaging based brain computer interface experiments.
Each participant’s experiment session was designed with a total of 6 runs, each
containing 40 trials, resulting in 240 trials per participant. Thus, the theoretical
total size of the dataset reaches approximately 14,400 trials. However, as stated
in the article about the dataset, some participants’ recordings were incomplete
or interrupted due to technical reasons. Data loss was reported in some runs,
particularly for participants A40 and A59. Therefore, these missing recordings
were not included in the study, and a total of 13,920 trials were used in the analy-
ses. EEG signals were recorded at a sampling frequency of 512 Hz, and 27 active

EEG electrodes were used during the data collection process. However, in this
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study, in order to ensure the comparability of the classification process among
the datasets, the analysis was performed by selecting 5 channels consisting of
C3, Cz, C4, P3 and Pz electrodes, which are common to all datasets.
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Figure 3.3: Experimental Setup of Dataset 1 [101]

Dataset 2 is an open access dataset containing EEG recordings from acute
stroke patients for use in brain computer interface research based on motor
imagery. The dataset includes EEG signals collected from a total of 50 acute
stroke patients and aims to analyze brain activity during motor imagery. Dur-
ing the experiments, participants were asked to mentally visualize left and right
hand movements (motor imagery), thus creating a two class classification prob-
lem.In the experimental protocol, motor imagery experiments were performed
for each participant according to a specific task structure. Each trial consists
of three main phases: a preparation phase where task instructions are given,
a motor imagery phase where the participant mentally visualizes the relevant
movement, and a short rest period. This structure allows for the analysis of brain
activity during motor imagery in a specific time segment. A total of 40 trials
were performed for each participant, and there are approximately 2000 trials in
the dataset overall. EEG signals were recorded using a multi channel EEG head
positioned according to the international 1020 electrode placement system, and
a total of 32 channels (30 EEG channels and 2 EOG channels) were used in the
data acquisition process. Recordings were obtained at a sampling frequency
of 500 Hz. Furthermore, to improve signal quality, the reference electrode was
placed at position Cz and the grounding electrode at position Fpz. The raw EEG
signals obtained during data acquisition were then subjected to various prepro-
cessing steps, and the time intervals corresponding to the motor imagery task
were separated for analysis.A significant feature of this dataset is that the EEG
recordings were obtained from a clinical population, namely patients with acute

stroke. Neurophysiological changes occurring in the motor cortex after stroke
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can cause the EEG patterns observed during motor imagery to be more variable
and weaker compared to healthy individuals. Therefore, this dataset constitutes
an important resource for evaluating the performance of motor imagery based
brain computer interface systems in clinical rehabilitation applications.

Dataset 3 is a high quality motor imagery EEG dataset containing multiple
session and multi day recordings. This dataset includes EEG recordings from
62 healthy participants and aims to analyze brain activity during motor imagery
tasks. The dataset includes two different task configurations: two class (2C) and
three class (3C) motor imagery paradigms. In this study, only the 2C dataset
was used to limit the classification problem to a binary structure. In the 2C
dataset, participants performed left hand grasping and right hand grasping
motor imagery tasks.For each participant, the experiments consisted of three
separate recording sessions conducted on different days.

In the dataset 3, each session contained five motor imagery blocks, and each
block contained 40 trials. As a result of this structure, a total of 200 trials were
obtained in each recording session, with an equal number of samples for both
classes. EEG signals were recorded using a 64-channel EEG head positioned
according to the international 10-20 electrode placement system and obtained
at a sampling frequency of 1000 Hz.

Table 3.2: Comparison of the main characteristics of the EEG motor imagery
datasets used in this study

Feature Dataset-1 Dataset-2 Dataset-3
Subjects 60 50 62
Population Healthy Stroke patients Healthy
MI Tasks / Classes ~ Left vs Right  Left vs Right  Left vs Right
Sampling Frequency 512 Hz 500 Hz 1000 Hz
EEG Channels 27 30 59
Reference Electrode  Left earlobe CPz Pz

PREPROCESSING AND FEATURE EXTRACTION

Preprocessing constitutes a critical stage in EEG based motor imagery clas-
sification, as the quality and consistency of the input signal directly influence

the discriminative capacity of the subsequent classification models. Given the
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inherent characteristics of EEG data including low signal to noise ratio, sus-
ceptibility to muscular and ocular artefacts, and high inter subject variability a
carefully designed preprocessing pipeline is essential to ensure that the models
receive reliable and informative representations of neural activity. In this study,
each dataset was subjected to a tailored preprocessing and feature extraction
pipeline reflecting both the specific recording conditions of that dataset and the
distinct input requirements of the two classification models employed, namely
a Convolutional Neural Network (CNN) and a Support Vector Machine (SVM).
While the CNN operates directly on normalized time series representations of
the EEG signal and learns discriminative features through successive convolu-
tional operations, the SVM requires handcrafted feature vectors derived from
the preprocessed epochs. Accordingly, the preprocessing pipeline diverges at
the feature extraction stage depending on the classifier, while the upstream sig-
nal conditioning steps including channel selection, filtering, and segmentation
remain consistent across both models within each dataset.

The raw EEG signals in Dataset 1 were preprocessed through a standardized
pipeline prior to model training. Five electroencephalographic channels were
selected from the original 27 channel montage, namely C3, Cz, C4, P3, and
Pz, which overlie the sensorimotor cortex and are well established as the most
informative sites for motor imagery decoding. The continuous signals were first
bandpass filtered between 4 and 38 Hz using a zero phase filter to preserve
motor related frequency components, including the mu (8-12 Hz) and beta (13-
30 Hz) rhythms, while attenuating slow drifts and high frequency noise. A notch
filter was subsequently applied at 50 Hz and its harmonic at 100 Hz to suppress
power line interference. The filtered signals were segmented into epochs of
1.0 second duration with a cue offset of 0.5 seconds, yielding fixed length trials
of 256 samples per channel at a sampling frequency of 256 Hz. Each epoch was
assigned a binary label corresponding to left hand or right hand motor imagery,
and the resulting dataset comprised 41,760 trials each represented as a matrix
of shape 256 X 5.

To ensure generalizability and prevent data leakage, a subject wise train—
validation split was employed using GroupShuffleSplit, whereby all trials
belonging to a given subject were assigned exclusively to either the training or
the validation set, with approximately 80% of subjects allocated to training and
20% to validation. Class balance in the validation set was enforced by iteratively
sampling splits until the positive class ratio fell within the range [0.40, 0.60].
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Following the split, per subject z-score standardization was applied indepen-
dently to each subject’s training trials, computing the channel wise mean and
standard deviation across that subject’s data and normalizing accordingly. The
same subject specific statistics were applied to normalize the corresponding val-
idation trials, ensuring that no information from the validation set influenced
the normalization parameters. For the CNN model, Gaussian noise with a
standard deviation of 0.01 was additionally applied to the input during train-
ing as a data augmentation strategy to improve generalization. For the SVM
classifier, spectral features were extracted from the preprocessed epochs using
Welch’s method to estimate the Power Spectral Density (PSD) of each chan-
nel, and the mean power within the 8-25 Hz frequency band was computed
per channel, yielding a five dimensional feature vector per trial. These feature
vectors were subsequently standardized using z-score normalization computed
from the training set statistics.

The dataset 2 was obtained from a publicly available EEG motor imagery
dataset recorded from acute stroke patients. The dataset comprises 2,000 trials
recorded from 50 subjects across 33 EEG channels at a sampling frequency of
500 Hz. Five channels corresponding to C3, Cz, C4, P3, and Pz were selected
from the original 33 channel montage, as these electrode positions overlie the
sensorimotor cortex and are most relevant for motor imagery decoding. A
Common Average Reference (CAR) was applied to each trial by subtracting the
mean signal across the selected channels at each time point, thereby reducing
spatially diffuse noise and common mode interference. A 4 second segment was
extracted from each trial, and a fourth order zero phase Butterworth bandpass
filter with cutoff frequencies of 8 and 30 Hz was subsequently applied along
the time axis to isolate the mu and beta frequency bands associated with motor
imagery related sensorimotor rhythms.

For the CNN model, the filtered signals were transposed to the format C X T
(channels x time), yielding trial representations of shape 5 x 2,000. A subject
wise train-validation split was performed using GroupShuffleSplit with 80%
of subjects assigned to training and 20% to validation, ensuring that no subject’s
data appeared in both sets. Per subject z-score normalization was applied inde-
pendently to each subject’s trials, and Gaussian noise with a standard deviation
of 0.01 was added to the input during training as a regularization strategy. For
the SVM classifier, trial-wise z-score normalization was applied by subtracting
the temporal mean and dividing by the standard deviation computed across the
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time dimension of each individual trial. Then, common spatial patterns (CSP)
with three components were applied to maximize the variance ratio between the
two motor imagery classes, followed by log-variance computation to produce
a compact, discriminative feature vector per trial. The extracted features were
standardized using StandardScaler prior to classification, and model evalua-
tion was conducted through a 5-fold stratified cross-validation scheme in subject
wise applied independently within each subject’s trials, with performance aver-
aged across all folds and subjects.

The dataset 3 was sourced from the publicly available WBCIC_SHU Motor
Imagery dataset, which provides preprocessed EEG recordings from multiple
subjects performing left and right hand motor imagery tasks. The data were
recorded at a sampling frequency of 1,000 Hz across 58 EEG channels, with
each trial comprising 1,000 samples corresponding to a 1-second epoch. As the
dataset was distributed in a preprocessed format, bandpass filtering and artefact
removal had been applied by the data providers prior to release; no additional
filtering was therefore performed in this study. Five channels were selected from
the original 58 channel montage, namely C3, Cz, C4, P3, and Pz, corresponding
to electrode positions overlying the sensorimotor cortex and well established as
the most informative sites for motor imagery decoding.

For the CNN model, global z-score normalization was applied across all
trials by computing the channel wise mean and standard deviation over the
entire dataset and normalizing each channel accordingly, ensuring a consistent
amplitude scale across subjects and sessions. Model evaluation was performed
using a 10-fold stratified cross-validation scheme, in which the dataset was par-
titioned into ten folds with preserved class proportions, with nine folds used
for training and one held out for evaluation in each iteration. For the SVM clas-
sifier, the preprocessed channel signals were directly concatenated into a fixed
length feature vector per trial by flattening the T X C representation, yielding a
feature vector of dimensionality 1,000 x 5 = 5,000. Within each cross-validation
fold, the training feature matrix was standardized using StandardScaler, and
the resulting statistics were applied to normalize the test fold, ensuring that no
information from the test set influenced the normalization parameters. Classifi-
cation was performed using a support vector machine with an RBF kernel, and
model evaluation followed the same 10-fold stratified cross-validation scheme
as employed for the CNN, with performance metrics averaged across all folds.

Across all three datasets, the preprocessing pipelines were designed with
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two overarching principles in mind: the prevention of data leakage between
training and evaluation sets, and the maximization of signal quality through
physiologically motivated filtering and channel selection. The consistent selec-
tion of the C3, Cz, C4, P3, and Pz electrode subset across all experiments reflects
the well established role of sensorimotor cortical regions in mediating motor
imagery related oscillatory activity, and ensures a controlled and comparable
basis for cross-dataset evaluation. The divergence in feature extraction strate-
gies between the CNN and SVM models raw normalized time series versus
handcrafted spectral or spatial features is a deliberate methodological choice
intended to exploit the complementary strengths of deep learning and tradi-
tional machine learning approaches. The outputs of these pipelines serve as the
direct inputs to the classification models described in the following section.

GPT Dataser CURATOR

In this thesis, the multi expert evaluation mechanism developed during
manual review is designed not only for the classification of datasets but also
to establish the conceptual foundation necessary for the implementation of an
automated system. As a result of the collaborative evaluation processes con-
ducted by the expert, the trained student, and researchers from two different
disciplines during the manual review process, a comprehensive decision frame-
work for classifying EEG datasets was created. This framework relies not only
on individual expert opinions but also on collective standardization achieved
across different experience levels and disciplinary perspectives. Therefore, the
second phase, in which GPT is used, focuses not on replacing human expertise
but, on the contrary, on transforming this expertise into a systematic set of rules
and automating it.

Because EEG datasets are reported in highly heterogeneous formats in the
literature, systematically extracting specific technical parameters and method-
ological information is both time consuming and error prone. Especially in
large scale literature reviews, the reproducibility of human based classification
processes may be reduced, and inter rater inconsistencies can arise due to sub-
jective interpretation and variability among evaluators [103]. In this context,
automated approaches based on large language models, such as GPT, have been
proposed to improve consistency and scalability in text based classification tasks
[74]. It should be noted that this model does not act as an independent decision
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maker; rather, it functions as an automation tool that applies predefined rules or
criteria derived from human expert input with high consistency and efficiency.

At the heart of GPT’s work is the shared knowledge base established during
the manual evaluation process. Training instructions on how to evaluate pa-
rameters such as criteria definitions, sampling rate, the terms of use of the "not
found" label, channel placement, and protocol information, determined during
panel discussions, were transferred step by step to a prompt.

In this process, the expert evaluator in the study ensured the scientific accu-
racy of the technical concepts. A trained student translated the expert explana-
tions into clear and applicable rules. A researcher in the relevant field verified
compliance with the reporting standards in the EEG literature. A researcher in
the other field tested the understandability and generalizability of the criteria.

The combination of these four perspectives ensured that the instructions
transmitted to GPT achieved scientific and practical standardization. Strictrules,
such as relying solely on explicitly reported information, allowing no interpre-
tation, and marking all missing information as "not found," were established by
consensus among the team and formed the basis for GPT’s work.

To ensure the model can produce consistent and reproducible results, the
command prompt is designed in a multi layered structure.To ensure consis-
tent and structured outputs from the GPT based classification process, a three
layer prompting framework was designed. In the first layer, referred to as the
instruction layer, the overall task definition and classification objectives were
clearly specified. In the second layer, the schema layer, the structure of the 13
column classification table was explicitly defined, and the meaning as well as
the expected format of each column were described in detail. In the final layer,
the sample output layer, example rows with correctly formatted outputs were
provided to guide the model in producing consistent and properly structured
results. These examples illustrated both the expected content and formatting
requirements. The promt created with some rules that the model must follow

are clearly stated.These rules can be listed as follows:

e Only information directly provided in the article can be used.
e Estimation, interpretation, or inference is prohibited.

e Missing information for each column must be clearly written as "not
found."

e The sampling frequency should be reported only numerically.
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e Terms such as channel number, brand, and reference electrode information

should be taken as they appear in the article.

Through this multi layered design, the decision making process defined by
the human expert panel was systematically translated into a reproducible and
structured algorithmic workflow.

GPT processes each article individually during the review process; it reads
the text only once and populates the table after the first reading. This approach
closely mimics the guiding principle of manual review. For each article, the
model output was compared with the manual review. This process has two
main objectives. The first is to measure GPT’s level of compliance with the
panel standard. The second is to assess the extent to which the panel’s decisions
are amenable to automation. Instances of non compliance typically arise from
information embedded in figures or supplementary materials within the article,
or from the text’s failure to provide clear information.

The model does not function as an expert or an independent decision maker;
rather, it operates as a consistent system for applying the rules defined by the re-
search team. In this context, GPT can be considered as an automated mechanism
for implementing standardized criteria within the evaluation framework. Due
to the absence of human like intuition and domain specific reasoning, its per-
formance may be limited in tasks requiring contextual interpretation. However,
it demonstrates high reliability in applying clearly defined rules and extracting
well specified technical parameters.

This work aligns with the approach known in the literature as human in the
loop data curation, where human expertise is integrated into automated systems
to guide, validate, and constrain model outputs [104, 105]. In this framework,
GPT is incorporated as part of the loop but does not assume the final decision
making role. Instead, it operates as a reliable automation tool that applies the
boundaries and criteria defined by the human panel, ensuring consistency while
maintaining human oversight.

This approach is compatible with the increasingly widespread use of human
Al hybrid models in the literature. Numerous studies have shown that guiding
Al models with rules defined by human experts significantly increases accu-
racy, particularly in automated structured knowledge extraction from biomed-
ical texts [106].Jensen et al. [107] reported that explicitly defined rules signif-
icantly reduce the error rate of large language models in clinical text mining.

Similarly, Moradi and Samwald [108] demonstrated that using human generated
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templates in GPT based systems for extracting data from biomedical literature
improves consistency. Furthermore, a comprehensive review by Chapman et
al. [109] emphasizes that multi expert standardized criteria are the gold stan-
dard in NLP based knowledge extraction processes and directly impact model
performance. Therefore, the method used in this study not only offers a prac-
tical solution but also provides a methodologically consistent framework with
hybrid human Al knowledge extraction strategies proposed in the literature.

CLASSIFICATION MODELS

This study addresses the binary classification of left hand versus right hand
motor imagery from EEG signals, a well established paradigm in brain-computer
interface research [23]. Two fundamentally different classification strategies
were evaluated across all three datasets: a traditional machine learning ap-
proach based on Support Vector Machines (SVM) and a deep learning approach
based on Convolutional Neural Networks (CNN). Applying both approaches to
the same datasets under controlled conditions enables a systematic and rigor-
ous comparison of classical and modern classification paradigms for EEG based
motor imagery decoding. A key contribution of this work lies in the evaluation
of these pipelines across three heterogeneous datasets collected under different

experimental protocols, with different devices, different subject populations.

SurPORT VECTOR MACHINE

Support Vector Machines are a well established supervised learning method
widely applied in EEG based brain—computer interface research owing to their
strong generalization performance in high dimensional feature spaces and their
robustness to overfitting when the number of training samples is limited relative
to the feature dimensionality [77, 110]. The SVM algorithm seeks to identify an
optimal separating hyperplane in the feature space by maximizing the margin
between classes, with the decision boundary defined solely by the support vec-
tors the subset of training samples lying closest to the boundary. In this study, a
Radial Basis Function (RBF) kernel was employed for all SVM classifiers, as com-
monly adopted in the literature [111]. The RBF kernel was selected because EEG
derived feature spaces are inherently nonlinear, and the RBF kernel implicitly
maps the input features into a high dimensional space in which linear separation
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becomes feasible, effectively modelling complex nonlinear decision boundaries
without requiring explicit feature engineering [77]. Here, C consistently denotes
the number of EEG channels.The kernel is defined as:

K(xi,xj) = exp (—=ylxi = x;|1%) (3.1)

where y controls the width of the kernel and was set to scale (ie, y =
1/(Nfeatures - Var(X))), and the regularization parameter was set to C = 1.0 for
Datasets 1 and 3, and C = 10.0 for Dataset 2. Class imbalance was addressed in
Dataset 1 by setting class_weight = balanced, which adjusts the cost of mis-
classification inversely proportional to class frequencies. For Dataset 2, the SVM
was integrated into a pipeline combining Common Spatial Pattern (CSP) feature
extraction [76] with StandardScaler normalization prior to classification.

CoNvOoLUTIONAL NEURAL NETWORK

In the deep learning approach, automatic feature extraction and classifica-
tion were performed jointly using a Convolutional Neural Network architecture
based on EEGNet, a compact and computationally efficient model specifically
designed for EEGbased brain-computer interface applications [29]. Unlike tra-
ditional machine learning approaches that rely on handcrafted features, CNNs
learn hierarchical representations directly from the raw or minimally processed
EEG signal, capturing both temporal and spatial patterns through successive
convolutional operations [112].

The EEGNet architecture, illustrated in Figure 3.4 and detailed in Table 3.3,
processes the EEG input through three distinct convolutional stages. In the first
stage, a standard Conv2D layer with 8 filters and a kernel size of (1 X 128) is
applied along the temporal dimension to learn frequency specific features from
the EEG time series, operating analogously to a set of bandpass filters [29]. This
is followed by Batch Normalization to stabilize the activations. In the second
stage, a DepthwiseConv2D layer with a kernel of (C X 1) — where C denotes the
number of EEG channels - is applied to learn spatial filters across electrodes, a
procedure functionally equivalent to traditional spatial filtering methods such as
Common Spatial Patterns [76]. This depthwise operation uses a depth multiplier
of 2, yielding 16 feature maps. Batch Normalization, ELU activation, Average
Pooling (1 x 4), and Dropout (p = 0.3) follow to introduce nonlinearity, reduce

temporal resolution, and regularize the representations. In the third stage, a
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SeparableConv2D layer with 16 filters and kernel size (1 x 32) is applied to
capture temporal dependencies at a reduced scale while minimizing the number
of trainable parameters [29]. A second Average Pooling (1 X 8) and Dropout
(p = 0.3) further compress the representation. The resulting feature map is then
flattened and passed through a fully connected Dense layer with 64 units and
ELU activation, followed by a single output neuron with sigmoid activation for
binary classification. L2 regularization (weight decay A = 107%) was applied
to all convolutional and dense layers throughout the network to penalize large
weight values and reduce overfitting. Additionally, a GaussianNoise layer with
standard deviation o = 0.01 was prepended to the input as a data augmentation
strategy during training.
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Figure 3.4: General pipeline of the CNN architecture employed in this study.
Adapted from [29].

TRAINING PROCEDURE AND HYPERPARAMETER CONFIGURATION

All CNN models were trained using the Adam optimizer [113] with an
initial learning rate of 1 = 3 x 10~* and binary cross entropy as the loss function,
given the binary nature of the left versus right motor imagery classification task.
Training was conducted for a maximum of 120 epochs with a mini batch size
of 64 for Dataset 1 and Dataset 3, and 32 for Dataset 2. To prevent overfitting
and avoid unnecessarily long training processes, two adaptive training strategies
were applied. First, Early Stopping monitored the validation loss and terminated
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Table 3.3: Layer-wise architectural details of the CNN model. T denotes the
number of time points and C the number of EEG channels in the input.

Layer Type Parameters Output shape
1 Input - (T,C)

2 GaussianNoise o =0.01 (T,C)

3 Conv2D 8 filters, (1 X 128), same (C,T,8)

4 BatchNormalization - (C,T,8)

5 DepthwiseConv2D  (C x 1), depthx2 (1,T,16)

6 BatchNormalization - (1,T,16)

7 ELU Activation - (1,T,16)

8 AveragePooling2D (1 x 4) (1,T/4,16)
9 Dropout p=03 (1,T/4,16)
10 SeparableConv2D 16 filters, (1 X 32), same (1,T/4,16)
11 BatchNormalization - (1,T/4,16)
12 ELU Activation - (1,T/4,16)
13 AveragePooling2D (1 x 8) (1,T/32,16)
14 Dropout p=03 (1,T/32,16)
15 Flatten - (T/32x16)
16 Dense 64 units, ELU (64)

17 Dense (output) 1 unit, sigmoid (1)

training if no improvement was observed for 15 consecutive epochs (patience
= 15), restoring the model weights corresponding to the best validation loss at
termination. Second, a Learning Rate Reduction on Plateau strategy halved the
learning rate (factor = 0.5) whenever the validation loss failed to improve for
6 consecutive epochs (patience = 6), with a minimum learning rate floor of
Nmin = 107°. Additionally, a ModelCheckpoint callback was used to save the
best performing model weights throughout training based on the validation
loss, ensuring that the final evaluation was always performed using the weights
associated with the lowest validation loss rather than the last training epoch.
The complete set of hyperparameters used for training across all datasets is
summarized in Table 3.4.

EvaLuaTioN METRICS

Model performance was assessed using a comprehensive set of classification

metrics to enable a multi-perspective evaluation of each model’s discriminative
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Table 3.4: Hyperparameter configuration for CNN training across all datasets.

Hyperparameter Value Notes

Optimizer Adam [113] p1=0.9, B2 =0.999
Initial learning rate 3x1074 -

Loss function Binary cross-entropy  Binary classification
Max epochs 120 -

Batch size 64 (DS1, DS3), 32 (DS2) -

Early stopping patience 15 epochs Monitor: val_loss
LR reduction factor 0.5 Patience: 6 epochs
Min learning rate 107° -

L2 regularization A=10"* All conv + dense layers
Dropout rate p=03 After each pooling
Gaussian noise 0 =0.01 Input augmentation
Random seed 42 Reproducibility

capacity. The primary metric was classification accuracy, defined as:
pacity. P y Y

Accuracy = IP+TN
Y= TPYTN +FP +EN

where TP, TN, FP, and FN denote the number of true positives, true negatives,

(3.2)

false positives, and false negatives, respectively. Class-level performance was
further characterized using precision, recall, and F1-score:

Procision = TP Recall — TP Fl = 2 - Precision - Recall
reAsIon = 25 Fp7 Y T TPy EN’ ~ Precision + Recall

(3.3)

The area under the Receiver Operating Characteristic curve (AUC-ROC) was
computed to evaluate discriminative performance independently of the classifi-
cation threshold [114]. The Average Precision (AP) derived from the Precision—
Recall curve was also reported, which is particularly informative under class
imbalance [115]. Confusion matrices were generated for all experimental con-
ditions to provide a complete breakdown of classification outcomes across both

classes.

CRrOSS-VALIDATION AND DATA SEPARATION STRATEGY

Given the well documented risk of overly optimistic performance estimates
when data from the same subject appear in both training and evaluation sets [116],
a subject based data separation strategy was employed for Datasets 1 and 2.
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Specifically, all trials for a given subject were assigned exclusively to the train-
ing set or the validation set, with no subject appearing in both partitions. This
subject independent evaluation scheme implemented via GroupShuffleSplit
with an 80/20 subject ratio provides a conservative and realistic estimate of the
model’s generalizability to previously unseen individuals.

For Dataset 3, which does not provide subject level metadata in a format com-
patible with subject wise splitting, a 10-fold stratified cross validation scheme
was applied instead. In this approach, the data set was partitioned into ten
folds with preserved class proportions; in each iteration, nine folds were used
for training and one was held out for evaluation, with performance metrics av-
eraged across all folds. The same 10-fold cross-validation scheme was applied
to both the CNN and SVM classifiers on Dataset 3 to ensure comparability. For
SVM of Dataset 2, a subject wise 5-fold stratified cross-validation was applied
within each subject’s trials independently, and the results were averaged across
subjects, providing a generalization estimate within subjects that accounts for

individual variability.
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Results and Discussion

This section offers a systematic presentation of the results, accompanied by
an analytical interpretation of the findings obtained during the experimental
phases. The analyzes encompass experimental results based on manual evalu-
ation, automated GPT based classification, and machine learning models per-
formed on open source EEG datasets. The results are presented by comparing
the outcomes across different datasets and methods.

The presented results are intended not only to quantitatively report classi-
fication performances, but also to examine the structural characteristics of the
datasets used and the effects of evaluation approaches on these performances.
In this context, three key dimensions were systematically investigated: evalua-
tor based systematic review processes, the effectiveness and reliability of GPT
based labeling, and the comparative performance of machine learning models
across heterogeneous EEG datasets.

The results are presented in a way that highlights the performance differ-
ences, strengths, and limitations of each method across different datasets. The
results of manual evaluation provide findings that aim to understand the consis-
tency but also subjectivity of human based decision making processes; The GPT
based evaluation results demonstrate the extent to which automated approaches
agree with human evaluations. Findings from machine learning experiments
allow for the evaluation of data set heterogeneity and the effects of labeling
strategies on model performance.

The experimental findings presented in this section provide the foundation

for subsequent comparative analyses of machine learning model performance
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and GPT based labeling effectiveness across different EEG datasets.Thus, the re-
sults are not limited to numerical performance metrics but also provide method-
ological and practical insights.

SysTEMATIC REVIEW RESULTS

In the first phase of this study, EEG datasets were evaluated independently by
participants representing four different levels of expertise. The results indicate
that the proposed classification criteria can be applied with a certain level of
consistency, while also revealing variations across evaluators. This observation
is consistent with previous findings on inter rater reliability and EEG evaluation
processes, which highlight the influence of evaluator expertise on assessment
outcomes [117].

Figure 4.1 presents only a few examples of the articles reviewed in this
study. This figure shows a single review of the article performed by evaluators
at different levels of expertise, including an Expert Reviewer (Giulia Cisotto),
an Instructed Senior Reviewer (Daniela DAuria), an Instructed Junior Reviewer
(Bettil Sena Petek), and a Naive Reviewer (Davide Chicco). In the Level O criteria
(e.g., sampling frequency, number of channels, number of participants, and pro-
tocol structure), the evaluations showed only minor differences between raters.
This is likely due to the fact that this information is typically reported explicitly
and consistently in the original studies. Consequently, the assessments were
generally consistent for these criteria. In later stages of the evaluation process, a
more consistent interpretation of the criteria was observed. In general, similar
evaluation patterns were observed in most cases, although these observations
should be interpreted with caution.

In contrast, greater variability was observed in the interpretation of the
Level 1 and Level 2 criteria between evaluators. This variability was mainly
related to how specific technical aspects were identified and interpreted, such
as frequency-domain analyzes, montage details, ground electrode information,
and device specifications. In several cases, relevant information was not explic-
itly reported in the text and had to be inferred from figures or supplementary
materials, requiring additional interpretation.
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CHAPTER 4. RESULTS AND DISCUSSION

These challenges highlighted the need for clearer and more standardized
reporting practices in EEG studies. Throughout the evaluation process, interac-
tions between evaluators enabled the transfer of domain knowledge from more
experienced experts to less experienced reviewers, as well as the GPT based
labeling process. This knowledge transfer supported a more informed and con-
sistent interpretation of complex or ambiguously reported criteria.

As a result, shared guidelines were progressively developed for handling
unclear or missing information, including the use of the "not found" label and
the treatment of borderline cases. This process contributed to a more consistent
application of the evaluation criteria, without implying a formal measurement
of agreement.

The input from the expert rater appeared to facilitate a clearer definition of
the evaluation criteria. Over time, these clarifications were incorporated by all
evaluators, supporting a more consistent application of the criteria throughout
the evaluation process.

The analysis conducted in this study highlighted heterogeneity in the re-
porting of EEG datasets. While some criteria were consistently reported across
studies (e.g., sampling frequency and number of channels), other elements, such
as protocol details and specific technical configurations, were often incomplete
or not explicitly reported, requiring additional interpretation during the evalu-
ation.

This finding is consistent with the long standing issue of reporting stan-
dards in the EEG literature. Pernet et al. [47] demonstrated that a significant
portion of EEG studies report incomplete or inconsistent descriptions of elec-
trode placement, referencing, and data processing steps. Similarly, Robbins et
al. [96] reported that EEG datasets are heterogeneous in terms of shared for-
mats and that metadata elements, in particular, are far from standardized in
most studies. Previous work has highlighted that inconsistencies in EEG pre-
processing pipelines can affect the interpretability and reproducibility of results
[118].Gramfort et al. [119] emphasized that complete reporting of experimen-
tal protocols, channel configurations, and preprocessing steps is critical for the
reliable reuse of open EEG databases. The deficiencies observed in the panel
assessment are in line with findings reported in the literature, suggesting that
reporting issues in EEG studies may be relatively widespread.

Basic parameters such as sampling frequency and number of channels are

generally clearly stated; however, channel locations, reference, and ground elec-
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trode information are missing or only presented in the figures in most studies.
Although the number of participants is included in almost all articles, the struc-
ture of the session, block, rest periods, and task times are often unclear.Although
time-domain signals are visualized in figures by most studies, frequency-domain
analyzes, advanced processing methods (waveform, spectral power analysis,
etc.), and artifact processing strategies are only reported in detail in a lim-
ited number of articles.Significant differences were also observed between the
data formats. Some studies used standard formats (EDF, BDF, MAT), while
others presented proprietary data structures or restricted access files. Informa-
tion about the brand and model of the device is often reported.These findings
highlight the lack of standardized reporting guidelines for EEG datasets in the
literature. The openness of some criteria to interpretation during the evaluation
process created inter rater variability, confirming the context sensitive nature of
manual evaluation. The successful management of this process by the human
panel provided a very strong reference base for training the GPT based model.
The findings of this phase suggest that manual review conducted by a multi
expert human panel may contribute positively to the accuracy of EEG dataset
assessments and may support the establishment of methodological consistency.
The involvement of reviewers with varying levels of experience appears to ben-
efit from the diversity among researchers reported in the literature, potentially
enabling the interpretation of incomplete, ambiguous, or implicitly presented
information through expert informed judgment. The resolution of inconsis-
tencies through intra team discussions may have facilitated the clarification of
evaluation criteria and contributed to a more structured and reproducible re-
view process. Overall, the manual systematic review can be considered not
only as an initial step in the study, but also as an important methodological
component that may support data quality and inform the development of au-
tomated analysis systems. These observations may provide a basis for further
exploration of humanmachine interaction, criteria standardization, and hybrid

analysis approaches, which are discussed in the following sections.

GPT PERFORMANCE

In the second phase of this study, the common rules and standardization
principles established during the manual evaluation process were transferred to

the GPT based model and the extent to which the model could accurately, con-
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sistently and systematically evaluate the same datasets was examined. The GPT
evaluation was designed as an automated implementation of the framework de-
veloped by the human panel; therefore, the model was required to extract only
the information explicitly stated in the text, to avoid interpreting ambiguous
statements, and to explicitly label missing information as "not found." The re-
sults demonstrated that GPT produced remarkably systematic, fast and format
consistent output, but it had limitations in areas requiring contextual inference.

Table 4.1: Error Analysis of GPT on EEG Dataset Articles

Dataset Name Total Parameters Missing Incorrect Error Rate (%)
ChineseEEG 11 1 0 9.1
EEG-ECG Dataset 11 7 0 63.6
LPPHK 11 1 0 9.1
BMI-HDEEG 11 0 7 63.6
PEARL 11 1 1 18.2
Sustained-Attention Driving 11 7 0 63.6
Voice-User 11 1 1 18.2
Mind-Body-Brain 11 2 1 27.3
Exoskeleton 11 0 2 18.2
DS000117 11 8 0 72.7

The dataset level error analysis as Table 1 reveals variability in the models
performance across different EEG dataset articles. While some datasets such
as ChineseEEG and LPPHK exhibit relatively low error rates, others, including
DS000117 and the EEG-ECG Dataset, show substantially higher error rates. This
variation suggests that the models performance is influenced by the structure
and clarity of the source articles. In particular, datasets with more complex or
less standardized reporting tend to result in higher numbers of missing or incor-
rect fields. Overall, the findings indicate that the model is capable of extracting
information with reasonable accuracy in some cases, but its performance is not
consistent across all datasets.

The model achieves high accuracy for certain parameters, such as labels,
indicating that clearly defined and standardized information is more reliably
extracted. In contrast, lower accuracy is observed for parameters such as output
format and experimental protocol, where information is often less structured or
more context dependent. Intermediate performance is seen in parameters such
as montage, time domain, and frequency domain, suggesting partial success
in capturing more technical details. These results highlight that the models

effectiveness varies depending on the nature and presentation of the parameter
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within the source articles.

The tabular outputs generated by the model were compared to generated by
the manual panel, and performance was evaluated in three main dimensions.
The first of these was explicitly providing numerical and conceptual information
in the text. GPT demonstrated high accuracy in this class. GPT produced highly
consistent and reproducible results for the following parameters:

e Sampling frequency (Hz)

e Brand and model

e Labeling method (protocol-based / task-based)

The commonality of these parameters is that they are often reported in the
literature as single and unambiguous statements. GPT extracted information
with high accuracy from such statements without requiring any interpretation;
the results remained identical when the same prompt was repeated.

The technical parameters, such as the sampling frequency, were detected
almost accurately by the model. For example, even indirect expressions like
"sampled at 500 Hz" and "resampled to 500 Hz" were accurately parsed as
the value "500." This demonstrates GPT’s strong discrimination capacity for
numbers and technical terms.

Another class of information required contextual interpretation. GPT pro-
vided limited inference for these parameters. The model exhibited significant
limitations in information that was not directly included in the text of the articles

or presented only in figures. These include:
e Output format

e Experimental Protocol

Montage

e Time Domain

e Frequency Domain

Because this information was generally presented only in figures or embed-
ded in the text, GPT’s reach was limited, and unlike the multi expert panel, the
model did not infer context. In particular, the model’s performance was signifi-
cantly lower than that of the human panel in technical aspects such as channel
layout information.

The final class is ambiguous or incomplete information.The most incomplete

information related experimental protocol such as participants, sessions, blocks,
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task, rest period and timing information. GPT demonstrated high consistency
across these parameters. The model consistently applied the "not found" label
to any information not explicitly found in the text.This helped eliminate the
tendency to "complete by interpretation” sometimes seen in manual evaluation
and produced a more objective database.

All these data suggest that GPT is strong in explicit text based information
but limited in areas requiring contextual inference.The contribution of GPT to

the second stage is not limited to the precision of the information extraction. All
tables filled by the model:

e followed the same column order,

e used the same verbal expressions,
e uniformly marked all missing information,
e contained no variation.

This level of structural consistency is a highly valuable feature in large scale
literature reviews.

Although manually evaluating a document takes minutes on average, GPT
completed the same task in 35 seconds.This speed difference has allowed larger
databases for EEG research to be examined with large volumes of literature.In
addition, comprehensive quality screenings to be performed in a much shorter
time.Thanks to GPT,radically reducing the workload of the human panel.

Although the human panel could partially estimate missing information
through contextual interpretation in some cases, GPT strictly retrieved only
the explicit information in the text. This approach increased the objectivity of
reporting and made critical omissions more visible. GPT contributed to the
widespread heterogeneity in data quality.

Overall, the results suggest that the GPT based analysis system can provide
consistent and structured outputs in the analysis of EEG datasets, particularly
for parameters that are explicitly defined and text based. The model appears to
facilitate the data extraction process from the literature, reducing the time re-
quired for manual review, while following predefined rules that may help limit
certain types of extraction inconsistencies. However, its performance was com-
paratively lower in cases requiring interpretative judgment, such as information
presented in visual materials, complex experimental protocols, or ambiguously
reported technical details. These observations indicate that the effectiveness

of automated extraction is influenced by how information is presented within

62



CHAPTER 4. RESULTS AND DISCUSSION

the source articles. Taken together, the findings suggest that GPT may func-
tion more effectively as a supportive tool that enhances efficiency, rather than
as a standalone assessment mechanism. In this context, integrating rule based
structures derived from human review into the GPT framework may contribute
to improving efficiency in large scale literature analysis, while potentially sup-
porting methodological consistency. More broadly, these results indicate that
positioning automated systems as complementary tools alongside human ex-
pertise may be a practical approach in EEG dataset evaluations, particularly in
contexts where both efficiency and interpretative flexibility are required.

Cross-DATASET EEG StaTISTICAL ANALYSIS

In this study, the amplitude distributions of three different EEG datasets were
analyzed descriptively, and the fundamental differences between the datasets
were comparatively evaluated. The analysis involved examining the empirical
distributions of EEG signal samples obtained from each dataset through his-
togram representations. In addition, a reference normal distribution curve was
overlaid on each histogram to facilitate a visual comparison with an idealized
distribution pattern. Basic descriptive statistical measures, namely the mean
and standard deviation values, were also calculated to summarize the central
tendency and variability of the data.

Figure 4.2 shows the amplitude distribution of EEG signals from Dataset 1
. Examining the figure, it is observed that the signal values are largely con-
centrated around zero microvolts (0 4V) and the distribution generally exhibits
a symmetrical structure. An inspection of the resulting histogram indicates
that the amplitude values exhibit an approximately bell shaped distribution.
However, this is only a visual assessment and does not represent any claim to
statistical modeling. In this context, the normal distribution curve shown in the
graph is used only for reference purposes and provides a visual comparison of

the signal distribution with an idealized structure.
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Amplitude Distribution of Dataset 1
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Figure 4.2: Amplitude Distribution of Dataset 1

The fact that the calculated average value is approximately close to zero
(Mean 0.10 uV) indicates that the signal is balanced in terms of the DC com-
ponent and does not contain a significant offset. The relatively low standard
deviation (Std 4.32 uV) reveals that the signal variance is limited and the ampli-
tude values are concentrated in a narrow range. This indicates that the dataset
has a low noise level and high signal quality.

The low density values observed at the extremes of the distribution may be
related to rare amplitude deviations or artifact related components frequently
encountered in EEG signals. However, thanks to the percentage-based filtering
approach applied to reduce the impact of extreme values in data visualization,
the basic characteristics of the distribution have been revealed more reliably.

In conclusion, the amplitude distribution of Dataset 1 exhibits a balanced, low
variance, and approximately symmetrical structure, indicating that the dataset
contains good quality and stable EEG recordings. The findings suggest that
this dataset provides a suitable basis for further analysis and modeling; how-
ever, these inferences are limited to observational distribution analysis and may
require further statistical validation.

Figure 4.3 shows the statistical analysis of the amplitude distribution of EEG
signals from Dataset 2. When the amplitude distribution of the EEG signals
from Dataset 2 is examined, it is observed that the histogram generally exhibits
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a bell shaped form, but the distribution is not symmetrical around zero. The
calculated average amplitude value of approximately +8.4 uV indicates that the
distribution is not centered on zero and that the amplitude values are shifted in
the positive direction.

Amplitude Distribution of Dataset 2
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Figure 4.3: Amplitude Distribution of Dataset 2

When the spread of the distribution is examined, it is observed that the
standard deviation value ( 7.65 uV) is higher compared to Dataset 1. This
indicates that the amplitude values are distributed over a wider range in the
dataset and that the variation is greater. The histogram also reveals that the
distribution deviates to a certain extent from the ideal normal distribution and
exhibits a longer tail structure, especially in the positive amplitude range.

The analysis performed in this section focuses on examining the empirical
distribution of the amplitude values of EEG signals. Accordingly, the basic
characteristics of the distribution were evaluated through histogram represen-
tation and measures of central tendency and dispersion. The findings provide
a descriptive framework regarding the general structure of the distribution.

Figure 4.4 shows the statistical analysis of the amplitude distribution of EEG
signals from Dataset 3. When the amplitude distribution of the EEG signals from
Dataset 3 is examined, it is observed that the histogram exhibits a distinctly bell
shaped and symmetrical structure. The calculated average amplitude value of
approximately 0.06 uV indicates that the distribution is centered around zero and
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that the signal amplitudes are evenly distributed in both positive and negative
directions. This reveals that the dataset does not contain a significant centroid

in terms of amplitude distribution.

Amplitude Distribution of Dataset 3
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Figure 4.4: Amplitude Distribution of Dataset 3

When the spread of the distribution is evaluated, the standard deviation
is found to be approximately 4.58 uV. This value indicates that the amplitude
variations are concentrated within a certain range and that the dataset exhibits
a relatively low variance structure. The unimodal structure and highly symmet-
rical appearance of the histogram reveal that the distribution exhibits charac-
teristics closer to an ideal normal distribution compared to other datasets. The
agreement between the reference normal distribution curve and the histogram
supports this observation.

Furthermore, when the tail regions of the distribution are examined, it is seen
that the outliers are limited and the amplitude values are largely concentrated
around the center. This indicates that the dataset presents a more regular and
balanced structure in terms of amplitude distribution. The findings reveal that
the amplitude distribution characteristics of Dataset 3 exhibit a more stable

character compared to datasets with wider variation and significant asymmetry.
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Comparison of EEG Amplitude Distributions Across Datasets
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Figure 4.5: Amplitude Distribution Graph of All Dataset

When the results are compared, it is observed that data sets 1 and 3 ex-
hibit similar statistical characteristics in their amplitude distributions. In both
datasets, the mean amplitude is very close to zero and the amplitude distribu-
tion shows approximately normal characteristics. Furthermore, the very close
standard deviation values indicate that the signal amplitudes in these datasets
are distributed within similar variation ranges. This shows that both datasets re-
flect the typical amplitude characteristics of physiological EEG signals and that
the signals are distributed in a balanced manner relative to the reference level.
However, data set 2 shows significantly different statistical distribution charac-
teristics compared to data set 1 and 2. The positive shift in the mean amplitude
and the higher standard deviation compared to the other datasets indicate that
the signal amplitudes have a wider variation range. When the histogram dis-
tribution is examined, it is observed that the amplitude values are distributed
over a wider range, and the distribution exhibits a slightly right skewed charac-
ter.A significant reason for the differing statistical characteristics of Dataset 2 is
that it was obtained from patients with acute stroke. Structural and functional
changes in brain tissue after a stroke can affect the regulation of cortical activity
and neuronal synchronization. Such neurophysiological changes can lead to
statistically significant differences in the amplitude distribution of EEG signals,

such as higher variance, wider amplitude range, and shifts in the mean ampli-
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tude level. Furthermore, the activation of alternative neural networks or the
occurrence of compensatory cortical activations during motor imagery tasks in
stroke patients can also affect the distribution characteristics of the EEG signal
amplitudes.

These differences between datasets highlight the importance of the charac-
teristics of the data sets in EEG data analysis and brain computer interface (BCI)
applications. EEG data from different populations can differ not only in terms
of experimental conditions but also in terms of the statistical characteristics of
the signal. This demonstrates the need to consider the characteristic features of
datasets when developing EEG based machine learning models. These findings
indicate that the statistical properties of EEG signals can be influenced not only
by technical recording conditions but also by the neurophysiological character-
istics of the participant population to which the data set belongs. Therefore,
considering the population characteristics of the dataset in EEG analyzes per-
formed on different datasets is considered an important factor for the correct
interpretation of the results obtained.

INTRA AND CROSS-DATASET CLASSIFICATION

This section presents a comparative performance analysis of the classification
models used in this study on different EEG datasets.The performance of Sup-
port Vector Machine (SVM) and Convolutional Neural Network (CNN) based
models, used to classify motor imaging EEG signals, was analyzed using accu-
racy, confusion matrix, ROC curves, and other evaluation metrics. The results
obtained were examined separately for each dataset, and visual and numerical
evaluation outputs were presented together to provide a more detailed under-
standing of the model behavior in different data structures.

ResuLrts oN Dataser 1

In this part, the results of classification experiments conducted on Dataset
1 were represented. Both SVM nd CNN based models were trained on this
dataset, which contains EEG motor imagery data from healthy participants, and
the resulting performance was comparatively evaluated. To analyze model per-

formance more comprehensively, accuracy values, confusion matrix results, and
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ROC and Precision-Recall curves were examined, thus evaluating the classifica-
tion success of the models through different metrics.

SVM ResuLrts oF DATASET 1

The SVM model implemented on Dataset 1 demonstrated moderate perfor-
mance in the motor image classification task. The general accuracy of the model
was calculated to be approximately 55.7%. This result indicates that the model
has a certain discrimination capacity compared to random classification, but the
distinction between classes is quite limited.

Examining the matrix given in Figure 4.6, it is seen that SVM classifier trained
on Dataset 1 yielded an overall accuracy of approximately 55.7%. With 2204 true
left and 2478 true right predictions correct, the model shows a slight tendency
toward predicting the right class more accurately. However, the high misclas-
sification counts 1996 left samples predicted as right and 1722 right samples

predicted as left.
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Figure 4.6: Confusion Matrix results for Dataset 1 for SVM

This indicates that the model is slightly more successful in detecting right
hand motor imagery samples compared to the left hand class.
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Table 4.2: Classification Report of the SVM Model for Dataset 1

Class Precision Recall Fl-score Support
Left 0.5614  0.5248 0.5425 4200
Right 0.5539  0.5900 0.5714 4200
Accuracy 0.5574 8400
Macro Avg 0.5576 ~ 0.5574  0.5569 8400

Weighted Avg  0.5576  0.5574  0.5569 8400

ROC curve analysis provides additional information on the discrimination
capacity of the model . The area under the ROC curve (AUC) value was calcu-
lated as approximately 0.58 in the Figure 4.8. This value shows that the model’s
ability to distinguish classes is limited, but it performs better than a purely ran-
dom prediction. Similarly, the area under the PrecisionRecall curve (Average
Precision) value was also obtained as approximately 0.58. The Precision-Recall
curve was observed to show higher precision values at lower recall levels, but

the precision value gradually decreases as the recall increases in the Figure 4.7.

Precision-Recall Curve for Dataset 1
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Figure 4.7: Precision Recall Curve for Dataset 1 for SVM
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ROC Curve for Dataset 1
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Figure 4.8: ROC for Dataset 1 for SVM

The SVM model applied to Dataset 1 achieves moderate classification per-
formance in the motor imagery task. This result may be influenced by the
characteristics of the dataset, the selected feature extraction method, and the
variability of EEG signals.

When the SVM based classification results performed on Dataset 1 are ex-
amined, it is seen that the model achieves an accuracy level of approximately
55%-56%. Support vector machines have been one of the widely used methods
for classifying motor imaging EEG signals for many years [26].

Similarly, a comprehensive review by Lotte et al [9] indicated that the perfor-
mance of traditional machine learning approaches used in motor imaging BCI
systems can vary significantly depending on the characteristics of the dataset
and participant differences . This study specifically notes that the CSP + SVM
combination is considered a strong fundamental method in many datasets, but
performance generally remains in the 80%-90% accuracy range [120]. In this
context, the SVM results obtained on Dataset 1 appear to be consistent with

typical performance ranges reported in the literature.
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CNN REesuLrrs oF DaTAaseTr 1

An analysis of the results obtained from the CNN model trained on Dataset
1 indicates that the model exhibits comparable performance across both classes.
When the classification report and confusion matrix are evaluated jointly, it is
evident that the model does not demonstrate a significant bias toward either class
and is capable of distinguishing between them with similar levels of accuracy.
However, the overall accuracy remaining at approximately 62% suggests that
the models discriminative capability on this dataset is limited.

Examining the complexity matrix presented in Figure 4.9, it is seen that 2531
of the 4200 samples belonging to the left hand motor image class were correctly
classified, while 1669 were incorrectly classified. Similarly, in the right hand
class, 2606 correct and 1594 incorrect classifications occurred. These results
show that the model exhibited balanced performance for both classes, and was

slightly more successful in detecting the right hand motor image class.

Confusion Matrix — Dataset 1 CNN >000
4000
Left
3000
(]
3
=
- 2000
Right
- 1000

Left Right
Predicted

Figure 4.9: Confusion Matrix results for Dataset 1 for CNN

The CNN model applied to Dataset 1 demonstrated a balanced but limited
classification performance, achieving an overall accuracy of approximately 61%.
The model correctly classified 2531 left-hand and 2606 right-hand samples, while
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misclassifying 1669 left samples as right and 1594 right samples as left

Table 4.3: Classification Report of the CNN Model for Dataset 1

Class Precision Recall Fl-score Support
Left 0.6136  0.6026  0.6080 4200
Right 0.6096  0.6205 0.6150 4200
Accuracy 0.6115 8400
Macro Avg 0.6116  0.6115 0.6115 8400

Weighted Avg  0.6116  0.6115 0.6115 8400

An examination of the training and validation accuracy curves reveals that
the model undergoes a rapid learning phase during the initial epochs, followed
by a gradual stabilization in performance in later epochs. The observation that
training accuracy is slightly higher than validation accuracy is expected and
indicates that the model achieves a better fit on the training data. The relatively
small gap between the training and validation curves suggests that the model
does not exhibit a strong tendency toward overfitting.

A similar trend is observed in the loss curves, where the training loss de-
creases steadily, while the validation loss stabilizes after a certain point. This
behavior indicates that the learning process progresses in a stable manner.

Throughout the training process, it was observed that validation perfor-
mance did not show significant improvement beyond approximately 5060 epochs.
The absence of notable performance gains after this range suggests that the
model reaches a stable performance level within this interval. Therefore, ex-
tending the training beyond this point does not appear to provide a substantial
benefit. Furthermore, the similarity in trends between the training and valida-
tion curves after the normalization process suggests that the data scaling step
may have contributed positively to the stability of the models learning process.

The CNN based EEGNet model implemented in Dataset 1 exhibited higher
performance compared to the SVM approach, reaching an accuracy of approxi-
mately 61%. The ability of deep learning based methods to perform automatic
feature extraction from EEG signals has provided a significant advantage in BCI
research in recent years. In particular, the EEGNet architecture proposed by
Lawhern et al. [29] is designed as a lightweight deep learning architecture
capable of learning both temporal and spatial features of EEG signals within the
same model, and has achieved more competitive results compared to traditional

methods on many motor imaging datasets.
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Training and Validation Accuracy
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Figure 4.10: Training and validation accuracy curves for Dataset 1
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Figure 4.11: Training and validation loss curves for Dataset 1

74



CHAPTER 4. RESULTS AND DISCUSSION

The literature reports that the EEGNet architecture generally performs in
the 60 - 70% accuracy range on different motor imaging datasets (Lawhern et
al., 2018). Similarly, the study by Schirrmeister et al. [28] demonstrated that
the ability of convolutional neural networks to learn complex spatio temporal
patterns in EEG signals provides higher classification performance compared
to traditional feature extraction methods. These studies demonstrate that deep
learning based approaches can offer significant advantages in motor image clas-
sification problems, particularly due to their ability to perform direct learning
from raw EEG signals.In Cisotto et al. [121], cross subject classification per-
formance on EEG based motor imagery data was investigated, and CNN based
approaches, including the proposed DynamicNet architecture, were shown to
achieve competitive performance. The study also highlights that classification
performance varies significantly depending on the dataset.

REesuLts oN DATASET 2

This part presents the results of the classification experiments performed on
Dataset 2. This dataset differs from others in that it contains EEG recordings
obtained from a clinical population. Therefore, it is predicted that the classi-
fication performance may vary depending not only on the model architecture
but also on the participant profile and the recording conditions of the dataset.
In this section, the performance of SVM and CNN based models in Dataset 2
is analyzed through accuracy values, confusion matrix results, and ROC and
Precision-Recall curves. The obtained results are evaluated in detail to better
understand the behavior of the models on clinical data structures.

SVM REesuLTts oF DATASET 2

When the results of the SVM based classification experiments performed on
Dataset 2 are examined, it is seen that the model’s performance in distinguishing
between the two classes (Left and Right) of motor imagery tasks is limited. The
total accuracy value obtained on the test dataset was calculated as 52.7%.

An examination of the confusion matrix reveals that the model correctly
classified 520 examples belonging to the Left class, while incorrectly predicting
480 examples as the Right class. Similarly, 534 examples were correctly classified
as Right, while 466 were incorrectly assigned to the Left class in Figure 4.12.
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Figure 4.12: Confusion Matrix results for Dataset 2 for SVM

Table 4.4: Classification Report of the SVM Model for Dataset 2

Class Precision Recall Fl-score Support
Left 0.5274  0.5200 0.5237 1000
Right 0.5266  0.5340  0.5303 1000
Accuracy 0.5270 2000
Macro Avg 0.5270  0.5270  0.5270 2000

Weighted Avg  0.5270  0.5270  0.5270 2000

To evaluate the model’s discrimination capacity, we also examined the ROC
curve and Precision-Recall curves. The area under the ROC curve (AUC) was
calculated to be approximately 0.53. This value indicates that the model provides
only a limited performance improvement compared to random classification.
Similarly, the average precision value (AP) under the Precision-Recall curve
was obtained as approximately 0.52. These results show that the SVM model
struggles to distinguish between classes on Dataset 2 and that the structural
characteristics of the dataset may limit the model’s performance.
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Precision-Recall Curve for Dataset 2
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Figure 4.13: Precision Recall Curve for Dataset 2 for SVM
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Figure 4.14: ROC for Dataset 2 for SVM

Overall, the results obtained on Dataset 2 indicate that the SVM model offers
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moderate classification performance for this data set. The observed perfor-
mance of the SVM model may be influenced by factors such as inter individual
variability in motor imagery EEG signals, feature overlap between classes, and
limited feature representation. Since these factors have not been explicitly inves-
tigated in this study, they should be interpreted as potential contributors rather
than definitive causes. Therefore, evaluating CNN based models on the same
dataset is essential to assess whether improved feature learning can enhance
classification performance.

In SVM based classification experiments performed on Dataset 2, the model’s
accuracy was approximately 52.7%. This performance value is lower compared
to Dataset 1. This can be largely attributed to the structural characteristics of the
data set. Dataset 2 contains motor imagery EEG signals obtained from patients
with acute stroke, unlike EEG recordings obtained from healthy individuals.
Neurophysiological changes in the motor cortex after a stroke can cause the
EEG patterns that appear during motor imagery to be weaker and more irregu-
lar [122]. In addition, the limited number of trials per participant in this dataset
and the relatively low total amount of data can make it difficult for classical
machine learning methods to learn distinguishing features.

SVM classifiers, especially those used in conjunction with CSP or spectral
features, are known to be a strong foundational method in numerous studies
[24]. However, it has been frequently reported in the literature that classifica-
tion performance in EEG data obtained from clinical populations may be lower
compared to datasets obtained from healthy individuals. For example, studies
by Ang et al. showed that classifying motor imagery EEG signals from stroke
patients was more difficult and that accuracy values varied significantly between
individuals [123] . Similarly, Blankertz et al. emphasized that signal quality
and user dependent variability have a significant impact on classification per-
formance in EEG based BCI systems [26] . In this context, it can be said that the
SVM performance obtained on Dataset 2 is consistent with the values reported

in the literature for clinical populations.

CNN Resurts oF DATASET 2

The CNN based EEGNet model implemented on Dataset 2 demonstrated
higher classification performance compared to the SVM model. Figure 4.15
shows the confusion matrix for the CNN model evaluated on Dataset 2. The
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model correctly classified 107 left and 130 right instances, while 93 left sam-
ples were misclassified as right and 70 right samples were misclassified as left,
yielding an overall accuracy of 59.3%.

Confusion Matrix — Dataset 2 CNN
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Figure 4.15: Confusion Matrix results for Dataset 2 for CNN

Table 4.4 shows that, the precision value for the Left class was obtained as
0.604, the recall value as 0.535, and the Fl-score as 0.567. For the Right class,
the precision was calculated as 0.583, the recall as 0.650, and the Fl-score as
0.614. These values indicate that the model has a higher sensitivity, especially
in identifying the Right class.

Table 4.5: Classification Report of the CNN Model for Dataset 2

Class Precision Recall Fl-score Support
Left 0.6045  0.5350 0.5676 200
Right 0.5830  0.6500 0.6147 200
Accuracy 0.5925 400
Macro Avg 0.5937  0.5925 0.5911 400

Weighted Avg  0.5937  0.5925  0.5911 400
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Figure 4.16: Training and validation accuracy curves for Dataset 2
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Figure 4.17: Training and validation loss curves for Dataset 2
Examining the accuracy curves of the model’s training process reveals that

the training accuracy continuously increases as the epoch progresses, reaching

approximately 71%. In contrast, validation accuracy remains stable at around
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53-55%. This indicates that the model has a high capacity to learn from the
training data but cannot maintain the same performance on the validation data.
Similarly, while the training loss continuously decreases, the validation loss
tends to increase after a certain point, suggesting a partial overfitting tendency
in the model.

The CNN based EEGNet model implemented in Dataset 2 achieved approx-
imately 59.25% accuracy, demonstrating higher performance compared to the
SVM model. The ability of CNN models to automatically extract features from
raw or minimally processed EEG signals allows for more efficient learning of spa-
tial and temporal patterns related to motor imagery tasks [124, 125]. However,
an examination of the training and validation accuracy curves shows that while
the model’s accuracy increased on the training data, the validation accuracy re-
mained within a more limited range. The fact that the EEG recordings in Dataset
2 were obtained from a clinical population may result in lower signal quality
compared to datasets obtained from healthy individuals. Therefore, although
the CNN model performed better than the SVM, the structural characteristics
of the dataset appear to have limited the model’s generalization performance to
some extent.

In recent years, the use of deep learning methods in EEG based brain com-
puter interface studies has increased significantly. In particular, the ability
of convolutional neural networks to automatically learn complex spatial and
temporal patterns in EEG signals provides significant advantages compared to
traditional feature extraction methods [126]. The EEGNet architecture proposed
by Lawhern et al. [29] is widely used in the literature as a compact CNN archi-
tecture that achieves competitive performance on different BCI datasets. Exper-
imental results show that EEGNet achieves high performance across multiple
paradigms, with AUC values exceeding 0.8 in several tasks, while maintaining a
substantially lower number of parameters compared to conventional CNN mod-
els. However, it is known that the performance of deep learning models largely
depends on the amount of data and the homogeneity of the dataset. study by
Schirrmeister et al. [schirrmeister]| indicated indicated that CNN based models
achieve higher performance, especially in large and balanced EEG datasets, but
that model generalization can be difficult when the amount of data is limited.
While the CNN performance obtained on Dataset 2 is generally consistent with
these studies and offers better results compared to the SVM model, it is consid-

ered that a certain performance limitation may have been encountered due to
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the clinical characteristics of the dataset and the limited amount of data.

ResuLTs ON DATASET 3

This section presents the results of the classification experiments performed
in Dataset 3. This data set, which contains EEG signals from different par-
ticipants and multiple recording sessions, has a broader structure in terms of
data diversity and heterogeneity compared to other datasets used in the study.
Therefore, it provides an important testing environment to evaluate the gener-
alization performance of classification models. In this section, the performance
of SVM and CNN based models in Dataset 3 is examined using accuracy rates,
confusion matrix analyzes, and ROC and Precision-Recall curves. The findings
are then comparatively analyzed to evaluate the performance of the models in

more heterogeneous data distributions.

SVM Resurrs oF DATASET 3

In SVM based classification experiments conducted on Dataset 3, the overall
accuracy of the model was obtained as 65.63%. Figure 4.18 shows the confusion
matrix for the SVM model evaluated on Dataset 3. The model correctly classified
10437 left and 9639 right instances, while 4858 left samples were misclassified
as right and 5657 right samples were misclassified as left, resulting in an overall
accuracy of 65.6%. This indicates a certain level of overlap between the two
motor imagery classes. The fact that EEG signals in motor imagery tasks produce
activity patterns in similar frequency bands, particularly in sensorimotor cortex
regions, can make it difficult for classification algorithms to distinguish between

these two classes.
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Confusion Matrix — Dataset 3 SVM
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Figure 4.18: Confusion Matrix results for Dataset 3 for SVM

The precision value for the left hand motor imaging class was calculated as
0.6485, the recall value was 0.6824, and the precision value for the right hand
motor imaging class was 0.6649 and the recall value 0.6302, as shown in Table
47.

Table 4.6: Classification Report of the SVM Model for Dataset 3

Class Precision Recall Fl-score Support
Left 0.6485  0.6824  0.6650 15295
Right 0.6649  0.6302 0.6471 15296
Accuracy 0.6563 30591
Macro Avg 0.6567  0.6563  0.6560 30591

Weighted Avg  0.6567  0.6563  0.6560 30591

These results show that the model can distinguish both classes at similar
levels, but the recall value in the right hand class is slightly lower compared to
the left hand class.

The model’s performance was also evaluated using ROC and Precision-Recall
analyses. The area under the ROC curve (AUC) was approximately 0.70, indi-
cating that the model exhibits significant discrimination compared to random
estimation. The average precision (AP) value obtained from the Precision-Recall
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curve was calculated as 0.67. When these metrics are evaluated together, it is
seen that the SVM model exhibits a moderate level of classification performance
on Dataset 3.
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Figure 4.19: Precision Recall Curve for Dataset 3 for SVM
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Figure 4.20: ROC for Dataset 3 for SVM
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The fact that Dataset 3 has a multi participant and multi session structure
is one of the important factors affecting this performance level. The data set
contains EEG signals obtained from 62 different participants and three separate
recording sessions. The variation between subjects and between sessions that
arises from physiological differences between participants and recordings made
on different days can lead to significant changes in the statistical properties of
the EEG signals. This situation makes it difficult for classical machine learning
methods to generalize all variation in the dataset, thus limiting the accuracy of
the classification.

In the literature, the Support Vector Machine (SVM) algorithm has long been
considered one of the most widely used traditional machine learning methods
for classifying motor imagery EEG signals. Especially when used in conjunction
with spatial filtering methods such as the Common Spatial Pattern (CSP), the
SVM algorithm can achieve powerful and stable results in motor imagery clas-
sification problems. This approach has been used as a fundamental reference
method in many early BCI studies [127, 128].

On the other hand, the literature also highlights some limitations of SVM
based methods. The high dimensional, noisy, and inter individual variations in
the nature of EEG signals can limit the generalization ability of traditional ma-
chine learning methods. It has been reported that the performance of classical
algorithms like SVM can decrease, particularly in datasets obtained from dif-
ferent participants and data structures containing multiple recording sessions.
This is due to the fact that motor imagery EEG signals have unique characteristics
and that the statistical properties of the signals can vary significantly between
individuals.

Therefore, many studies in recent years have compared traditional machine
learning methods with deep learning based approaches. The literature gener-
ally shows that CNN based models achieve higher performance, especially in
large and complex EEG datasets. The main reason for this is that deep learn-
ing models can learn the spatial, temporal, and frequency components of EEG
signals together and create more abstract feature representations. In this con-
text, the SVM results obtained on Dataset 3 show a trend consistent with the
performance levels reported for traditional methods in the motor imaging EEG
classification literature.
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CNN Resurrs oF DATASET 3

Figure 4.21 shows the confusion matrix for the CNN model evaluated on
Dataset 3. The model correctly classified 14117 left and 8593 right instances,
while 1178 left samples were misclassified as right and 6703 right samples were

misclassified as left, yielding an overall accuracy of 74.2%.

Confusion Matrix — Dataset 3 CNN
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Figure 4.21: Confusion Matrix results for Dataset 3 for CNN

Table 4.7: Classification Report of the CNN Model for Dataset 3

Class Precision Recall Fl-score Support
Left 0.6780  0.9230 0.7818 15295
Right 0.8794  0.5618  0.6856 15296
Accuracy 0.7424 30591
Macro Avg 0.7787  0.7424  0.7337 30591

Weighted Avg  0.7787  0.7424  0.7337 30591

When class based performance metrics were examined, the precision value
for the left hand motor imaging class was calculated as 0.678, the recall value as
0.923, and the Fl-score as 0.7818. For the right hand class, the precision value
was obtained as 0.8794, the recall value as 0.5618, and the F1-score as 0.6856.
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These results show that the model can capture left hand motor imaging
samples with high accuracy, but the recall performance is lower in the right
hand class.
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Figure 4.22: Training and Validation Accuracy of Dataset 3
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Figure 4.23: Train vs Validation Loss Graph of Dataset 3
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When the model’s training process was examined, it was observed that the
training accuracy increased to 83% as the epoch progressed, while the validation
accuracy stabilized at approximately 75%. Similarly, while the training loss
decreased steadily, the validation loss showed a more stable trend after a certain
point. This indicates that the model can effectively learn patterns in the dataset,
but the between participant and between session variation in the dataset may
limit the model’s generalization performance.

The structural characteristics of Dataset 3 are also among the important
factors that affect the performance results obtained. The data set has a complex
EEG data structure that involves multiple participants, multiple sessions, and
different motor imaging tasks. This situation can particularly make it difficult for
deep learning models to generalize the signal patterns of different participants.
Nevertheless, the higher accuracy achieved by the CNN model compared to the
SVM model is due to the capacity of deep learning based architectures to learn
both spatial and temporal characteristics of EEG signals simultaneously.

The obtained results are consistent with prior work demonstrating that con-
volutional neural networks can provide improved classification performance
over traditional machine learning methods in motor imagery EEG analysis,
mainly due to their ability to learn discriminative features directly from raw
EEG signals [129]. CNN architectures can directly extract features from raw
EEG signals, thus reducing dependence on manual feature extraction processes
required in traditional methods. Therefore, CNN based models are increasingly
used in motor imagery based brain computer interface (BCI) studies. Indeed,
a comprehensive review by Craik et al. [10] indicated that deep learning based
approaches are increasingly preferred in EEG classification problems, and that
convolutional neural networks, in particular, exhibit strong performance in mo-
tor imagery tasks .

Numerous studies in the literature report that CNN architectures, particu-
larly through deep learning models such as EEGNet and DeepConvNet, achieve
strong classification performance in motor imaging EEG signals. For example,
the EEGNet architecture proposed by Lawhern et al. can effectively learn fre-
quency filters and spatial patterns in EEG signals through convolution layers
applied in time and channel dimensions, thus providing successful classification
results in different datasets [29] . Studies show that CNN based models have a
stronger representation learning capability, especially in multi channel and high
dimensional EEG data, compared to traditional methods.
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However, the literature also emphasizes that motor imagery EEG classifica-
tion remains a challenging problem. The low signal to noise ratio of EEG signals,
inter individual neurophysiological differences, and inter session variations can
directly affect classification performance. For example, the study by Roy et al.
[36] emphasized that due to the complex and variable nature of EEG signals,
different architectures and training strategies should be used to improve the
generalization performance of deep learning models. These findings show that
the results obtained on Dataset 3 are consistent with the performance ranges
reported in the motor imagery EEG classification literature.

To complement the dataset specific evaluations presented above, an addi-
tional set of experiments was conducted in which all three datasets were pooled
into a single combined dataset and used to train and evaluate both the SVM
and CNN classifiers under a unified cross dataset framework. This analysis was
motivated by the observation that real world brain computer interface appli-
cations may require models capable of generalizing across subjects, recording
conditions, and device configurations simultaneously. Given the inherent het-
erogeneity of the three datasets which differ in terms of sampling frequency,
recording protocol, subject population, and preprocessing level the combined
setting introduces substantially greater distributional variability than any indi-
vidual dataset, and may therefore provide a more conservative and ecologically
valid assessment of each model’s generalization capacity. Prior to pooling, all
datasets were resampled or temporally cropped to a uniform representation of
256 time points at 256 Hz, and the same five channel selection (C3, Cz, C4, P3,
Pz) was maintained across all sources. A subject-wise train—validation split was
applied to the combined pool to ensure that no subject’s data appeared in both
sets.

The SVM classifier was evaluated on the combined dataset following the
same preprocessing pipeline applied to the individual datasets. Raw time series
signals were subject to per trial z-score normalization followed by flattening into
fixed length feature vectors of dimensionality 256 X 5 = 1,280, after which Stan-
dardScaler normalization was applied. Due to the computational constraints
imposed by the size of the combined dataset (n > 70,000 trials), a stratified ran-
dom subsample of 10,000 balanced training trials and 4,000 balanced validation
trials was drawn from the combined pool, maintaining equal class proportions
in both sets. The combined SVM model achieved a validation accuracy of 60.20%
and an AUC of 0.659, with an Average Precision of 0.661. Precision and F1-score
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Figure 4.24: Confuion Matrix for Combined Dataset for SVM

values were 0.5996 and 0.6067 for the left-hand class, and 0.6045 and 0.5972
for the right hand class, respectively, suggesting a broadly symmetric classifica-
tion behaviour across both motor imagery classes. These results may indicate
that raw temporal feature representations retain a degree of cross dataset dis-
criminability when combined with per trial normalization, though the observed
performance relative to individually trained SVM models could be interpreted
as evidence that fixed feature extraction strategies may face increased difficulty
in adapting to the distributional heterogeneity introduced by pooling data from
sources with different recording devices, sampling frequencies, and experimen-
tal protocols.

The CNN model trained on the combined dataset achieved a validation
accuracy of 67.21% and an AUC of 0.755. The precision and F1 score values
for the left hand class were 0.6835 and 0.6617, respectively, while the right hand
class yielded a precision of 0.6621 and an F1-score of 0.6819, suggesting a modest
but consistent discriminative capacity across both classes.
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Precision-Recall Curve for Combined Datasets
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Figure 4.25: Precision Recall Curve for Combined Dataset for SVM

ROC Curve for Combined Datasets

1.04 — SVM (AUC = 0.66)

0.8 1

0.6 1

0.4 1

True Positive Rate

0.2 1

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4.26: ROC for Combined Dataset for SVM
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Confusion Matrix — Combined CNN
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Figure 4.27: Confuion Matrix for Combined Dataset for CNN

The training and validation accuracy curves followed closely parallel trajec-
tories throughout the training process, with no substantial divergence observed
between the two, which may suggest that the model did not exhibit severe over-
fitting despite the considerable heterogeneity of the combined training data.
The validation loss similarly decreased in a stable manner across epochs, which
could be interpreted as an indication that the model was able to extract at
least partially generalizable representations from signals recorded under differ-
ent experimental conditions, sampling frequencies, and subject populations. It
should be noted that the observed accuracy represents a reduction compared
to the performance obtained on certain individual datasets, a pattern that may
be expected given the increased variability introduced by combining data from
sources with inherently different recording protocols and preprocessing levels.
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Figure 4.29: Training and Validation Loss of Combined Dataset

Taken together, the results obtained from the combined dataset experiments

may suggest several preliminary observations regarding the cross dataset gen-

eralizability of the two classification approaches.
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The CNN model, which relies on data driven feature learning through suc-
cessive convolutional operations, appeared to retain a higher level of discrim-
inative performance under the combined heterogeneous setting compared to
the SVM classifier, which depends on fixed feature representations. This pat-
tern could be interpreted as tentative evidence that deep learning architectures
may be better positioned to adapt to the distributional variability inherent in
multi source EEG data, though the observed differences in performance should
be interpreted with caution given the methodological differences in feature ex-
traction and the subsampling applied to the SVM pipeline. Whether these
findings would generalize to larger or more diverse collections of EEG datasets,
or whether domain adaptation and transfer learning strategies might further
improve cross dataset classification performance, remains an open question that
may warrant further investigation. Nevertheless, the fact that both models
achieved performance substantially above chance level on a combined dataset
drawn from three heterogeneous sources could be considered as preliminary
support for the feasibility of developing EEG based motor imagery classifiers

that are not strictly tied to a single recording context.

DiscussioN

This study’s evaluation process not only relied on performance analysis of
classification models but also included a two stage analysis process examining
the reporting structure of EEG datasets and methodological heterogeneity in
the literature. In the first stage, a systematic literature review was conducted
by a panel of four individuals representing different levels of expertise, and
methodological criteria for EEG datasets were independently evaluated. During
this process, differences in evaluation among team members were analyzed,
and common decision making mechanisms were developed to standardize the
evaluation criteria. In the second stage, this standard framework created by the
human panel was transferred to a GPT based model, and the extent to which
the model could analyze the same literature data accurately, consistently, and
systematically was examined. This two stage evaluation process formed the
methodological basis of the study, demonstrating how both human expertise
and Al based automated analysis tools can play complementary roles in data
extraction processes in the EEG literature.

After these two stage, the Support Vector Machine (SVM) as a traditional
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machine learning method and the Convolutional Neural Network (CNN) as a
deep learning based architecture were comparatively evaluated on three differ-
ent open access EEG datasets for the classification of motor imagery based EEG
signals. Overall, the CNN based model achieved higher classification accuracy
than the SVM model across all datasets. This can be explained by the ability of
deep learning based approaches to directly learn the complex spatial and tem-
poral structure of EEG signals. Since EEG signals are high dimensional, noisy,
and time varying biological signals, traditional machine learning methods often
rely on predefined feature extraction methods to obtain distinguishing features
from these signals. In contrast, convolution based architectures can create more
robust feature representations by modeling both the temporal dynamics of sig-
nals and the spatial relationships between electrodes. It has been shown in the
literature that the EEGNet architecture proposed by Lawhern et al (2018) can
provide higher classification performance compared to traditional methods by
learning the temporal and spatial features of EEG signals together [29].

An examination across the three datasets indicates that classification per-
formance may be related not only to the model architecture but also to the
structural characteristics of the datasets. Both SVM and CNN models were
observed to achieve relatively high accuracy values on Dataset 1.This dataset
contains EEG recordings obtained from motor imagery tasks performed under
controlled experimental conditions on healthy participants. Conducting motor
imagery tasks within a structured protocol and controlled environment may
increase the prominence of sensorimotor rthythms, particularly the u (8-13 Hz)
and S (13-30 Hz) frequency bands, in sensorimotor cortex regions. This, in
turn, may facilitate the ability of classification algorithms to learn EEG patterns
associated with motor imagery. In the literature, classification accuracies are
often reported to be relatively higher in motor imagery EEG datasets collected
from healthy individuals. [26, 9].

The results obtained on Dataset 2 indicate lower classification performance
compared to other datasets. This is closely related to the participant population
and recording structure of the dataset. The EEG recordings used in Dataset 2
were obtained not from healthy individuals, but from stroke patients experi-
encing motor function loss. Neurophysiological changes in sensorimotor cortex
regions after stroke can cause EEG patterns during motor imagery to be weaker
and more variable [130]. Therefore, the classification of EEG data obtained from
stroke patients is generally considered a more difficult problem in motor im-
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agery based brain computer interface systems. The literature reports that the
classification performance of motor imagery EEG signals obtained from stroke
patients may be lower compared to healthy individuals [123, 131]. In addition,
the fact that Dataset 2 has a multisession structure is one of the important fac-
tors affecting the classification performance. Since EEG signals can vary over
time, recordings made on different days can lead to significant differences in
signal distributions. This phenomenon, referred to in the literature as crossses-
sion variability, is considered one of the fundamental problems that hinders the
generalization performance of BCI systems [132].

Dataset 3 results show a performance distribution reflecting the heteroge-
neous nature of the dataset, which includes a larger participant population
and multiple recording sessions. Since this dataset contains EEG recordings
from different participants, interindividual neurophysiological differences can
directly affect the classification process. This is consistent with previous studies
showing that EEG signals vary significantly across subjects, resulting in distri-
bution shifts that hinder the generalization performance of BCI systems [9, 133].
In contrast, CNN based models, thanks to their more flexible feature learning
capacity, can model signal patterns from different participants more effectively.
This is consistent with literature findings showing that deep learning approaches
can provide more successful results, especially in large and heterogeneous EEG
datasets [28].

One of the important aspects of this study is that the evaluations were not
limited to a single dataset, but were performed on multiple open access EEG
datasets with different structural characteristics. A common problem in EEG
based brain computer interface studies is that the developed methods are evalu-
ated only on a specific dataset, and therefore the generalizability of the results is
limited. The datasets used in this study exhibit different characteristics in terms
of participant population, experimental protocol, recording sessions, and data
size. Thanks to this heterogeneous structure, it was possible to observe how the
classification models used behave under different data conditions, rather than
only fitting to a specific data distribution.

The results showed that GPT based systems can extract technical parameters
directly reported in the plaintext with high accuracy and consistency, but human
expertise still plays a significant role in situations requiring contextual interpre-
tation. These results indicate that combining human and GPT based evaluation

improves consistency and reduces subjectivity in EEG literature classification.
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The experimental findings obtained in this study reveal the following key
conclusions:
1. CNN based models consistently outperformed the SVM model across all

datasets, demonstrating the advantage of deep learning approaches, espe-
cially in heterogeneous and multi participant EEG scenarios.

2. The structural characteristics of EEG datasets (participant population,
recording sessions, and experimental protocol) directly affect classifica-
tion accuracy.

3. Evaluations performed on different datasets allow for a more reliable anal-
ysis of the generalization performance of the models.
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Conclusions and Future Works

This thesis presents a multi stage research approach for the analysis and
classification of motor imagery based EEG datasets. The study first involves
a systematic evaluation process to examine the methodological characteristics
of datasets used in the EEG literature. Following this, the applicability of this
evaluation framework to automated analysis tools, with a particular focus on
Generative Al (GenAl) systems such as the ChatGPT model, is investigated. Fi-
nally, the EEG classification performance of different machine learning methods
is comparatively evaluated.

In the first phase of the study, were systematically examined by a human
panel of evaluators representing four different levels of expertise. These evalua-
tions revealed significant heterogeneity in the reporting methods of datasets in
the EEG literature. While fundamental technical parameters such as sampling
frequency and number of channels were explicitly reported in most studies, crit-
ical methodological details such as channel configuration, reference electrode
information, session structure, and task protocol were found to be incomplete
or indirectly presented in some studies. The decision making mechanisms de-
veloped for dataset selection and classification, along with the standardized
evaluation criteria for EEG datasets, may contribute to a more systematic anal-
ysis of datasets in the literature.

In the second phase of the study, this standard evaluation framework cre-
ated by the human panel was transferred to a GPT based model, and the model’s
capacity to automatically analyze information from the same datasets was eval-
uated. The results showed that the GPT based analysis system could extract
technical parameters explicitly reported in the text with high accuracy and con-
sistency. Parameters that are clearly and explicitly reported in the articles,
including sampling frequency, number of channels, data format, and number of

participants, were reliably extracted by the model. However, certain limitations
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of the model may become apparent in cases that require contextual interpreta-
tion. For example, information related to channel configuration, often described
indirectly through references to standard electrode systems (e.g., 10-10 or 10-20
systems), may not always be explicitly identified by the model. Similarly, de-
tails of the experimental protocol, such as session structure, block organization,
and trial timing, can be more challenging to extract, as they are sometimes dis-
tributed across different sections of the text or embedded within figures rather
than being clearly stated. In such cases, the models performance may be affected
by the implicit and fragmented nature of the information. Nevertheless, the GPT
based approach may still provide advantages in terms of speed and consistency,
particularly for extracting clearly defined and explicitly reported parameters.

In the final phase of the study, the performance of CNN and SVM based
classification models was comparatively evaluated on the selected EEG datasets.
The results indicate that both models were capable of performing the motor
imagery EEG classification task; however, CNN based architectures tended to
achieve higher classification accuracy across all datasets. Specifically, for Dataset
1, CNN achieved an accuracy of 61.15%, while SVM achieved 55.74%. For
Dataset 2, CNN reached 59.25%, compared to 52.69% for SVM. Similarly, in
Dataset 3, CNN achieved 74.24%, whereas SVM reached 65.63%.

These results suggest that the observed performance differences may not
be solely attributed to the model architecture, but may also be influenced by
dataset-specific characteristics. In particular, factors such as the participant
population (e.g., healthy subjects vs. clinical populations), variability across
subjects, the structure of the experimental protocol (e.g., session design and trial
organization), and recording conditions (e.g., number of channels and signal
quality) may contribute to variations in classification performance. For exam-
ple, datasets collected from clinical populations or with higher inter subject
variability may present additional challenges for classification, potentially lead-
ing to lower accuracy.

Therefore, these findings highlight the importance of evaluating model per-
formance in EEG based brain—-computer interface research in conjunction with
dataset characteristics, rather than attributing performance differences solely to
the choice of model.

One of the significant contributions of this study is demonstrating that hu-
man expertise and Al based analysis tools can be used together in the evaluation

of EEG datasets. While human panel evaluations offer significant advantages
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in situations requiring contextual interpretation and methodological inference,
GPT based systems stand out as an effective tool for the rapid and consistent
extraction of plaintext based information. Therefore, in the future, hybrid ap-
proaches combining human expertise with automated analysis systems in EEG
literature analysis can improve both the accuracy and scalability of data extrac-
tion processes.

In conclusion, this thesis presents a research framework that combines sys-
tematic analysis of EEG datasets, automated data extraction from the literature,
and a comparative evaluation of motor imagery EEG classification models. This
approach contributes to a more systematic analysis of datasets in the EEG lit-
erature, while also allowing for more reliable and comparable evaluation of
classification studies performed on different datasets.

Although this study evaluates systematic analysis of EEG datasets, GPT-
based automated data extraction, and machine learning-based classification ap-
proaches together, future studies may further expand this framework. Rather
than focusing solely on improving classification performance, future work may
investigate the generalization capacity of models across different EEG datasets
acquired under varying experimental setups and protocols. In particular, dif-
ferences in subject populations, recording conditions, and experimental designs
may significantly affect model performance. Therefore, developing models that
are robust to such variations and capable of generalizing cross data sets re-
mains an important research direction. Additionally, advanced deep learning
approaches, such as Transformer-based models or hybrid architectures, may be
explored in this context to improve generalization performance rather than only
dataset specific accuracy.

Furthermore, the application of transfer learning and domain adaptation
methods across different datasets may represent an important research direc-
tion for improving model generalization on heterogeneous EEG datasets. In
addition, the development of LLM-based analysis systems capable of process-
ing multimodal data sources (e.g., text, figures, and tables) may enable a more
comprehensive and automated data extraction from the EEG literature [74]. Fi-
nally, future studies may investigate the potential adaptation of such approaches
for real-time brain-computer interface systems and explore their applicability
in clinical settings, which could contribute to enhancing the practical usability
of EEG based BCI technologies.
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