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Abstract

Brain-Computer Interface (BCI) systems allow direct communication between the human brain and external
devices through the analysis of electroencephalography (EEG) signals; however, the performance and generalization
capability of EEG classification models are highly dependent on characteristics of the dataset, subject variability,
and evaluation parameters. In this research article, we demonstrated a comparative benchmarking framework and
evaluated machine learning-based EEG classification across three publicly available datasets: BCI Competition IV
Dataset 2a, PhysioNet-EEG Motor Movement/Imagery, and an Open-Closed Eyes EEG dataset. To ensure fair and
reproducible evaluation, a unified processing pipeline comprising EEG preprocessing, Common Spatial Pattern (CSP)
feature extraction, and five machine learning classifiers, specifically Linear Discriminant Analysis (LDA), Support
Vector Machine (SVM), Random Forest (RF), Multi-Layer Perceptron (MLP), and Extreme Gradient Boosting
(XGBoost), was presented in this paper. The experimental results show substantial variation in performance across
datasets. The RF achieved the highest five-fold cross-validation accuracy on the BCI Competition IV Dataset
2a, which is 55.36 £ 1.54%, while the SVM gave the best subject-independent Leave-One-Subject-Out (LOSO)
accuracy of 37.50 & 8.09%. On the other hand, with the PhysioNet dataset, the LDA achieved the highest accuracy
of 60.23 £ 3.01%. In the case of the Open-Closed Eyes dataset, XGBoost achieved an accuracy of 79.82 + 5.25%.
This research demonstrated that EEG classification performance is strongly influenced by dataset complexity and
inter-subject variability, highlighting the importance of standardized evaluation protocols and robust benchmarking
frameworks for EEG-based BCI research.

Keywords: Brain-Computer Interface; Electroencephalography; Machine Learning; EEG Classification; Multi-Dataset
Benchmarking; Leave-One-Subject-Out Validation

1. Introduction

Brain-Computer Interface (BCI) systems enable humans to communicate directly with external devices by decoding
neural activity (usually extracted with electroencephalography (EEG)). This 20-year period has seen great interest
in the BCI technology for a variety of applications, such as neurorehabilitation, assistive communication, cognitive
monitoring, and human-machine interaction. The non-invasive nature of EEG acquisition, combined with advances in
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signal processing and machine learning, has enabled the development of practical BCI systems capable of translating
neural activity into meaningful control signals [1, 2].

However, the low signal-to-noise ratio, nonstationarity of the EEG signals, and high inter-subject, inter-session, and
inter-condition variability make reliable EEG classification difficult. There is a significant range of performance
differences between datasets, depending on the hardware used to acquire them, the electrode configuration, the sampling
frequency, and the task paradigm [3]. Therefore, the models that are very accurate in one dataset may not be very
good in the other dataset. In EEG-based BCI systems, feature extraction is one of the crucial steps, which transforms
the high-dimensional signal into informative representations. In the set of methods, Common Spatial Pattern (CSP)
is one of the widely used methods to solve motor imagery and EEG classification problems. By learning the spatial
filters to maximize the variance difference between each class, CSP is able to add features to the input of the machine
learning algorithms that make the classes easier to separate [4-6].

Different classification algorithms have been used for EEG classification. Although the classifiers are not as efficient as
the ones mentioned above, they are still widely used because they are robust and attain a high accuracy, such as Linear
Discriminant Analysis (LDA), Support Vector Machines (SVM), and Random Forests (RF) [7]. Recently, models
based on neural networks have been used with great success and have been capable of modeling complex, nonlinear
relationships between EEG feature spaces. The selection of the appropriate classifier for a particular problem is difficult
due to the variability of the dataset, the complexity of the problem, and the variability of the subject.

Most of the existing literature evaluates the classification techniques on a single dataset, limiting the evaluation of
the comparative performance of the techniques in various EEG recording situations. There are still relatively limited
important comparative evaluations, including the effect of the classifiers on various neural acquisition protocols and
task paradigms [8-10]. The multi-dataset benchmarking would provide a more comprehensive assessment of the
algorithms’ performance and thereby provide a more comprehensive evaluation of EEG classification methods. Inspired
by these challenges, this work is conducting a comparison of the classification methods from three public datasets:
BCI Competition IV Dataset 2a, PhysioNet-EEG Motor Movement /Imagery, and the Open-Closed Eyes EEG dataset.
All datasets are preprocessed using the same pipeline, which encompasses EEG preprocessing steps, Common Spatial
Pattern (CSP) feature extraction, and five machine learning classifiers: LDA, SVM, Random Forest, Multi-Layer
Perceptron (MLP), and Extreme Gradient Boosting (XGBoost) to make a fair and reproducible comparison.

This work has several key contributions, which are summarized here:

e A single EEG processing framework is designed, comprising preprocessing, CSP feature extraction, and machine
learning classification, which is consistently used for three publicly accessible EEG datasets.

e To get a fair comparison of the performance of the five widely used classification algorithms (LDA, SVM, Random
Forest, MLP, and XGBoost), they are systematically tested under the same experimental setup.

e To evaluate inter-subject variability and subject-independent generalization, Leave-One-Subject-Out (LOSO)
validation is performed on the BCI Competition IV Dataset 2a.

e Paired t-tests and Wilcoxon signed rank tests are used to test for statistical significance and to see if the
performance differences among classifiers are statistically significant.

e We perform the same tests over all datasets to examine the impact of the characteristics of the datasets and the
complexity of the task on EEG classification performance.

The organization of the paper is as follows: In Section 2, the related work of EEG-based BCI classification is reviewed.
The proposed methodology is given in Section 3, which involves datasets, preprocessing, feature extraction from CSP,
a classification model, and evaluation metrics. In Section 4, the experimental setup is described. The experimental
results are presented and analyzed in Section 5, including statistical significance testing and comparison of performance
between datasets. Discussions of the findings, limitations, and future directions are presented in Section 6. Finally, in
Section 7, the paper is summarized.

2. Related Work

Brain-Computer Interfaces (BCIs) are a new and intriguing technology that can directly communicate with the human
brain through the analysis of neural activity. Proposed applications of BCI systems in assistive technologies (AT),
neurorehabilitation and other areas were supported by early work done by Wolpaw et al., which stimulated theoretical
and practical research on BCI systems for communication and control [11]. Similarly, Schalk et al. introduced the
BCI2000 platform, one of the most widely used platforms for studying an EEG-based BCI [12].
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Nicolas-Alonso and Gomez-Gil also performed in-depth reviews of BCI development, signal acquisition methods and
classification methods, the latter one providing a general overview of BCI development [13]. The availability of
benchmark datasets that are available to the public has become an important stage in the advancement of classification
research in EEG. The BCI Competition IV datasets are one of the most popular datasets used for motor imagery
classification, and Tangermann et al. presented a thorough review of the competition and its influence on the BCI
community [14]. Likewise, the PhysioNet repository, created by Goldberger et al., has proven to be a great assistance for
the analysis of physiological signals, such as EEG-based motor imagery studies [15]. Recently, Jayaram and Barachant
introduced the MOABB (standardized benchmarking framework) to standardize the procedure of benchmarking and
enhance the reproducibility and fairness of the evaluation of BCIs [16].

The classification of EEG signals still faces the problem of extracting features from these signals, which are non-stationary
and noisy. The latter is one of the most important techniques that has been applied to enhance the discriminative
spatial information for motor imagery tasks. Optimized spatial filtering has been proven to successfully process EEG
data in a single trial, and Blankertz et al. have applied the optimized spatial filtering to the Filter Bank Common
Spatial Pattern (FBCSP) framework, which has been proven to work well on BCI Competition IV data [2, 4]. These
studies laid a solid foundation for the classification of EEG using CSP and have been influential in recent research. Up
to now, traditional machine learning algorithms have been used for EEG decoding because of their computational
efficiency and their interpretability. Lotte et al. studied the literature of the classification algorithms related to EEG,
and they noted that the application of traditional algorithms such as LDA and SVM is still relevant in real-life BCI
applications [17]. Recently, Shoorangiz et al. reviewed the machine learning technologies applied to EEG analysis, in
which they pointed out the importance of feature engineering and the type of classifiers on the classification performance
[18]. With the development of deep learning, the processing of EEG signals has been greatly affected. In the task of
classification via EEG, we also saw a substantial improvement over traditional handcrafted feature approaches with
the use of deep neural networks, as reported by Craik et al. [5]. Roy et al. also conducted a study on deep learning
methods for EEG analysis and emphasized their ability to learn hierarchical feature representations automatically from
raw EEG signals [19].

These reviews marked a turning point for the field of EEG-BCI by highlighting deep learning as a key research area.
Various convolutional neural network (CNN) architectures have since been suggested for EEG decoding. To show
the superiority of deep convolutional networks for motor imagery classification and visualization of EEG signals,
Schirrmeister et al. proposed DeepConvNet [20]. To address this issue, Lawhern et al. proposed a compact CNN
architecture specifically designed for EEG applications, which is competitive in performance but is also computationally
efficient [10]. Kwon et al. also explored the classification of EEG signals using subject-independent deep CNNs, which
showed better generalization across subjects [9]. While deep learning models are successful, generalization across
subjects and datasets is a huge problem. Transfer learning techniques have therefore been the focus of much attention.
In the field of BCI, Jayaram et al. have discussed transfer learning strategies to come up with BCI systems with
reduced calibration requirements [8], and Wu et al. have introduced active transfer learning approaches to reduce the
training data requirements [21]. The idea of weighted transfer learning for motor imagery classification was introduced
by Azab et al., and they obtained better cross-subject results [3]. Similarly, Hang et al. used deep domain adaptation
networks to improve cross-subject EEG recognition [7]; Liang et al. designed a domain-generalized EEG classification
framework to make it more robust across different data distributions [22]. The attention mechanism, transformer
architectures, graph neural networks, and foundation models have become increasingly popular focuses in recent
research on EEG analysis. To employ both convolutional and recurrent learning mechanisms, Li and Sun designed
an attention-based DSC-ConvLSTM network [23]. Self-attention mechanisms have been shown to effectively model
long-range dependencies, which Li et al. applied to EEG signal analysis, introducing transformer-based spatial-temporal
feature learning to the task [24]. ST-GF is a new graph-based fusion framework proposed by Wang et al. [25], which
employs a graph-based approach to fuse the spatial EEG and temporal EEG relationship for motor imagery decoding.
Cui et al. highlighted the novel notion of foundation models for EEG processing and underscored their ability to
enable extensive representation learning [6]. Recently, Altaheri et al. proposed a temporal convolutional transformer
architecture with the integration of temporal convolution and a transformer-based attention mechanism for motor
imagery decoding tasks, which yielded good performance [1]. Rajak used event-related potential (ERP) analysis on
open EEG datasets for identifying neural signatures of persons with alcoholism [26].

While significant strides have been made with deep learning and transfer learning, as well as transformer models, most
current research is conducted on a single dataset and uses varying preprocessing methodologies, evaluation strategies,
and metrics to assess performance. These differences render direct comparisons difficult and prevent robust evaluation
of the model performance under a wide range of EEG recording conditions. To overcome this limitation, the present
study proposes a single benchmarking framework to process the same EEG data across three public datasets, extract
the common CSP features, train a single machine learning classification model, perform statistical significance testing,
and evaluate the classifiers using a common evaluation framework. The method allows for comparing classifiers fairly
and reproducibly, using widely used classifiers, and gaining insights into their robustness and comparative performance
on different EEG paradigms.
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3. Methodology

3.1. Study Framework

The goal of this study is to comprehensively compare the performance of various machine learning classifiers on multiple
EEG-based BCI datasets. In contrast to the studies that rely on a single benchmark dataset, the proposed approach
utilizes a multi-dataset evaluation strategy to examine the effect of dataset characteristics, recording protocols, and
subject variability on classification performance. The proposed framework includes five steps: (a) data acquisition, (b)
preprocessing of EEG data, (c) feature extraction using the CSP method, (d) classification using machine learning
techniques, and (e) performance evaluation and statistical analysis. All the datasets have been processed similarly in
order to ensure a fair comparison, good reproducibility, and methodological consistency.
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Figure 1: EEG classification framework proposed in this study.

The overall workflow used in this study is shown in Figure 1. Three datasets of EEG data were publicly obtained and
preprocessed to remove artifacts and prepare the data for processing. The extracted discriminative spatial features
of the EEG signals were then used by CSP. The extracted features were then classified with five machine learning
algorithms, such as LDA, SVM, RF, MLP, and XGBoost. All datasets were validated with five-fold cross-validation, and
the BCI Competition IV Dataset 2a was also validated by LOSO to test the subject-independent generalization. Finally,
the performance of classification was assessed by comparing accuracy, standard deviation, the Receiver Operating
Characteristic (ROC) curve, and Area Under the Curve (AUC), and by performing paired t-tests and Wilcoxon signed
rank tests with respect to statistical significance.

3.2. Datasets

A total of three publicly available EEG datasets were chosen to cover the varying degrees of task difficulty, subject
differences, and recording conditions. The characteristics of the three datasets are summarized in Table 1.

A. BCI Competition 1V Dataset 2a: is a widely used benchmark dataset for motor imagery classification. The dataset
consists of EEG data collected from nine subjects for four motor imagery tasks (left hand, right hand, feet, and tongue
movements). The EEG signals were recorded from 22 channels and the EOG signals from 3 channels, both at a
sampling rate of 250 Hz.

B. PhysioNet-EEG Motor Movement/Imagery Dataset: The dataset consists of recordings from 109 subjects who were
asked to execute and imagine movements. Only left-hand and right-hand motor imagery trials were dealt with in this
study. EEG records were obtained with 64 channels of EEG with a sampling rate of 160 Hz.

C. EEG Open-Closed Eyes Dataset: The EEG Open-Closed Eyes dataset is a collection of 218 EEG signals recorded
while the subject was looking at an image with eyes open and eyes closed. The data is acquired from 64 EEG channels
(sampling rate: 160 Hz) and is a binary classification problem for cognitive state.

3.3. EEG Preprocessing

All the datasets were processed in the same way to be comparable, but with dataset-specific attributes. First, non-EEG
channels were removed when applicable. Next, epochs corresponding to each task were extracted from the EEG
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Table 1: Characteristics of Electroencephalographic (EEG) data for this study.

Dataset Samples Classes Channels Sampling Rate Task

BCI IV 2a 9-Subjects 4 22 EEG 250 Hz Motor Imagery
PhysioNet 109-Subjects 2 64 EEG 160 Hz Left vs Right MI
Open-Closed Eyes  218-Recordings 2 64 EEG 160 Hz Eye State Classification

recordings, based on the event labels bundled with each dataset. The BCI Competition IV Dataset 2a was processed to
get epochs for four motor imagery tasks (left hand, right hand, feet, and tongue). In the PhysioNet dataset, left and
right-hand motor imagery trials were only considered. The Open-Closed Eyes dataset consists of recordings clustered
as per the eye-state condition. Different sampling rates (250 Hz vs. 160 Hz) were used in the different datasets. Instead
of resampled signals, each dataset was preprocessed separately with the same sampling rate to guarantee no loss of
information or distortion of the signals. Finally, in order to enhance the stability of a classifier and to minimize the
variance in the extracted feature space, feature normalization was applied before classification.

3.4. Common Spatial Pattern (CSP) Feature Extraction

The CSP algorithm, which was one of the popular spatial filtering algorithms for EEG classification, was used for
feature extraction. CSP improves class discrimination by looking for spatial patterns that maximize the variance of
the signals within each class and minimize the variance of the irrelevant neural activity and noise. The preprocessed
EEG signals were then reduced to a smaller dimension by applying CSP filters. These filters highlight brain activity
related to the task being performed and enhance the separability among the brain classes. After spatial filtering,
the log-variance features were extracted to obtain compact and discriminative representations of EEG signals. For
consistency in all experiments, eight CSP components were kept for each dataset. The resulting feature vectors were
then fed into the machine learning classifiers, namely LDA, SVM, RF, MLP, and XGBoost. The use of CSP is found to
be an effective balancing of computational efficiency and classification performance, which is suitable for benchmarking
the performance of various EEG classification methods on multiple datasets.

3.5. Classification Models

The five machine learning classifiers have been tested with the CSP feature vectors. The key hyperparameters of each
of the classifiers are summarized in Table 2.

Table 2: The main hyperparameters of each of the classifiers.

Model Hyperparameters

LDA Default

SVM RBF Kernel

RF 300 Trees

MLP Hidden = (128, 64), Max Iter = 500

XGBoost 300 Estimators, Depth = 5, LR = 0.05

3.6. Validation Strategy

All datasets were tested for performance evaluation by stratified five-fold cross-validation. This was done by keeping class
distributions similar across folds and by giving a good idea of the model performance. An extra Leave-One-Subject-Out
validation (LOSO) was conducted to evaluate the subject-independent generalization ability for the BCI Competition
IV Dataset 2a. For LOSO validation, data from one subject were employed for testing, and the rest of the subjects
for training, and this was repeated for all subjects. To assess the model stability and predictive ability, the mean
classification accuracy and the standard deviation over folds were reported.

3.7. Performance Metrics and Statistical Analysis
The classification performance was evaluated using the following metrics: Accuracy, Precision, Recall, and F1-score. To

determine whether performance differences between classifiers were statistically significant, paired t-tests and Wilcoxon
signed-rank tests were conducted using fold-wise accuracies obtained during cross-validation. Statistical significance
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was assessed using a threshold of p < 0.05. In addition, ROC curves were generated to visualize classifier discrimination
capability across different decision thresholds. The present study focuses exclusively on the comparative evaluation
of classical machine learning classifiers using CSP-derived features; deep learning methods are discussed only in the
related work and are not experimentally evaluated.

4. Experimental Setup

4.1. Computational Environment

The scientific computing libraries used for all experiments are Python-based: MNE-Python, Scikit-learn, XGBoost,
NumPy, Pandas, and Matplotlib. The experiments were conducted in a cloud-based environment with multiple-core
CPU units and ample memory resources for EEG signal processing and training of machine-learning models. The
preprocessing of EEG signals and handling were performed with the MNE-Python library [27], while the machine
learning experiments were carried out with Scikit-learn and XGBoost. New classifiers based on CSP features are not
the subject of this work. This work is limited to conventional machine learning classifiers on CSP-derived features.
Deep learning architectures have been reviewed and are not evaluated in experiments.

4.2. Dataset Preparation

The EEG data for each dataset were preprocessed, and epochs related to tasks were extracted using task labels provided
by the original dataset creators. Each dataset was used for feature extraction and classification separately to avoid the
leakage of information and retain the properties of each dataset. Five-fold cross-validation and Leave-One-Subject-Out
(LOSO) validation were used to assess the BCI Competition IV Dataset 2a. Stratified five-fold cross-validation was
used for both the PhysioNet and the Open-Closed Eyes datasets. The average accuracy, along with the standard
deviation, was reported for each fold.

4.3. Feature Extraction Configuration

In all experiments, CSP was used for feature extraction. The goal of CSP is to compute a discriminative spatial
representation of EEG signals that maximizes the differences in variance between classes. Eight CSP components were
set, for all datasets for consistency among experiments. After CSP-filtering the signals, the log-variance features were
then used as inputs to the classification models.

4.4. Classifier Configuration

The classifiers were all implemented using the Scikit-learn and XGBoost libraries. The hyperparameter values were
kept the same for all the datasets for a reproducible and fair comparison. The different hyperparameter settings for the
experiments are summarized in Table 2.

4.5. Validation Protocol

Five-fold cross-validation was used for model evaluation to ensure reliable performance. Evaluation bias was minimized,
and class distributions across folds were maintained during stratification procedures. To test subject-independent
generalization, an additional LOSO validation protocol was carried out for the BCI Competition IV Dataset 2a. For
LOSO validation, data from one subject were kept for testing, and data from all the other subjects were used for
training. This procedure was continued until each subject had been the test subject once. The validation strategies
used for each dataset are summarized in Table 3.

Table 3: Strategies for performing validation.

Dataset Validation Strategy

BCI Competition IV Dataset 2a  Five-fold CV + LOSO
PhysioNet-EEG Motor Imagery  Five-fold CV
EEG Open-Closed Eyes Stratified five-fold cross-validation
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5. Results and Analysis

5.1. BCI Competition IV Dataset 2a Results

This subsection presents the classification performance obtained on the BCI Competition IV Dataset 2a using CSP
features and five machine learning classifiers. Table 4 summarizes the average accuracy and standard deviation obtained
from five-fold cross-validation.

Table 4: Five-fold cross-validation performance on BCI Competition IV Dataset 2a.

Model Accuracy (%) Std (%)

RF 55.36 1.54
MLP 55.09 1.56
XGBoost 54.13 1.41
SVM 50.77 1.72
LDA 43.56 2.56

Random Forest had the highest classification accuracy (55.36%), followed closely by MLP (55.09%) and XGBoost
(54.13%). The performance gap between the best classifiers seems quite small, implying that the discriminative
information of the CSP features is similar for ensemble and neural network classifiers. LDA, on the other hand,
yielded the worst results, suggesting that linear decision boundaries are not adequate for the four-class motor imagery
classification. LOSO validation was further implemented for the evaluation of the subject-independent generalization.
Table 5 gives the results from the LOSO.

Table 5: Subject-independent performance using LOSO validation on BCI Competition IV Dataset 2a.

Model Accuracy (%) Std (%)
SVM 37.50 8.09
LDA 35.96 10.05
MLP 33.87 5.11
XGBoost 33.60 4.81
Random Forest 32.99 4.00

The LOSO evaluation has been carried out to evaluate the subject-independent generalization on the BCI Competition
IV Dataset 2a. SVM achieved the highest LOSO accuracy of 37.50% =+ 8.09%, followed by LDA (35.96% =+ 10.05%). All
classifiers had significantly poorer performance under the LOSO setting than they did in five-fold cross-validation. The
observed decrease in accuracy reflects the difficulty in inter-subject variability and also shows that subject-independent
EEG classification is far more challenging than the subject-dependent evaluation. It is interesting to note that while
Random Forest had the highest accuracy on five-fold cross-validation, SVM performed best on LOSO validation, which
shows good subject-independent performance and better generalization to unseen subjects.

The RF model performed the best with the highest mean accuracy of 55.36%, followed closely by MLP with 55.09%
and XGBoost with 54.13% (as can be seen in Figure 2). The error bars represent the standard deviation of a five-fold
cross-validation analysis.

Figure 3 presents the one-vs-rest ROC curves for the four motor imagery classes in the BCI Competition IV Dataset
2a. The AUC values ranged from 0.686 to 0.746, indicating moderate class separability across the four classes. Class 3
achieved the highest AUC (0.746), followed by Class 2 (0.718), while Classes 0 and 1 achieved AUC values of 0.687
and 0.686, respectively. The relatively similar AUC values observed across classes highlight the inherent difficulty of
four-class motor imagery classification and are consistent with the moderate classification accuracies reported in Tables
4 and 5.

5.2. PhysioNet-EEG Motor Imagery Results

Most of the classifiers showed similar performance in this binary motor imagery classification task, as there were not
large differences between the classifiers being evaluated. The PhysioNet dataset was found to have more uniformity in
the performance of both linear and nonlinear classifiers than the BCI Competition IV Dataset 2a. This indicates that
the use of classifier selection was not a significant factor in the overall performance in this context if the features were
represented in terms of CSP. An average AUC of 0.6618 was achieved on the PhysioNet dataset, which reflects moderate
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BCI Competition IV Dataset 2a: Classifier Performance
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Figure 2: Comparing the performance of machine learning classifiers on BCI Competition IV Dataset 2a.
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Figure 3: ROC curves for the BCI Competition IV Dataset 2a.

discriminative power. The ROC analysis further verified that the classifiers could differentiate left-hand motor imagery
classes from right-hand motor imagery classes, but still have a lot of potential to improve the classification performance.

Table 6: Model performance on PhysioNet-EEG Motor Imagery Dataset.

Model Accuracy (%) Std (%)
LDA 60.23 3.01
MLP 60.07 1.13
SVM 59.74 2.77
Random Forest 58.86 1.75
XGBoost 58.66 2.04

However, LDA had the highest mean accuracy (60.23%), followed closely by MLP (60.07%) and SVM (59.74%), as can
be seen in Figure 4. The differences between the classifiers are also relatively small, suggesting that the classifiers have
similar performance for both linear and nonlinear classification methods.

The ROC curve for the PhysioNet-EEG Motor Imagery dataset is shown in Figure 5. The model demonstrated
moderate discriminative capability with an AUC value of 0.6618 for the left-hand vs. right-hand motor imagery classes.
The ROC analysis confirms the classification accuracy in Table 6 and indicates that the classifiers were able to recognize
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meaningful motor imagery patterns; there was still ample room for enhancing classification accuracy.

PhysioNet EEG Motor Imagery ROC Curve

1.0 =—— ROC Curve (AUC = 0.6618)
-- Chance Level
PhysioNet EEG Motor Imagery: Classifier Performance
0.8 1
60 -
50 2
& 0.6
(]
2
R 40 G
> g
3 v 0.4-
g7 £
<
204 0.2 1
104
0.0
0- T T T T T T
LDA MLP SVM RF XGBoost 0.0 0.2 0.4 0.6 0.8 1.0
Classifier False Positive Rate
Figure 4: Performance comparison of machine learning Figure 5: ROC curve for the PhysioNet-EEG Motor Im-

classifiers on the PhysioNet-EEG Motor Imagery dataset. agery dataset.

5.3. Open-Closed Eyes Results

The Open-Closed Eyes dataset achieved the best classification results of the three tested datasets due to the relatively
easy binary eye-state classification problem.

Table 7: Model performance on Open-Closed Eyes Dataset.

Model Accuracy (%) Std (%)
XGBoost 79.82 5.25
Random Forest 79.38 3.98
MLP 78.00 2.95
SVM 72.96 7.17
LDA 61.04 7.23

As shown in Table 7, XGBoost achieved the highest average classification accuracy of 79.82% + 5.25%, closely followed
by Random Forest (79.38% =+ 3.98%) and MLP (78.00% =+ 2.95%). SVM and LDA achieved lower accuracies of 72.96%
+ 7.17% and 61.04% =+ 7.23%, respectively. For Random Forest and MLP, relatively low standard deviations were
obtained, showing that the models perform well in all validation folds. The overall higher accuracy results achieved
on this dataset in comparison to the motor imagery datasets indicate that eye-state classification is a less complex
classification problem for EEG, and can be well solved using traditional machine learning methods.

XGBoost had the best classification accuracy of 79.82%, followed by Random Forest (79.38%) and MLP (78.00%), as
presented in Figure 6. The significantly higher accuracies in the Open-Closed Eyes dataset than in the motor imagery
datasets suggest that the task of eye state classification is a comparatively less complex EEG classification task.

Figure 7 shows the ROC curve resulting from the Open-Closed Eyes EEG dataset. The model had an AUC of 0.8017,
which reflects good discriminative power to differentiate eye-open and eye-closed conditions. The higher AUC value in
comparison to the BCI Competition IV Dataset 2a and PhysioNet datasets implies that eye-state classification is a
relatively less complex EEG decoding task compared to the others, and is consistent with the superior classification
accuracies reported in Table 7. The results obtained on the Open-Closed Eyes dataset demonstrate that conventional
machine learning classifiers combined with CSP features can achieve reliable performance on binary EEG classification
problems.

5.4. Statistical Significance Analysis

The accuracy levels of classifiers, obtained from five-fold cross-validation, were used for paired t-tests and Wilcoxon
signed-rank tests to determine whether differences in performance were statistically significant. The results for the BCI
Competition IV Dataset 2a are given in Table 8.
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classifiers on the Open-Closed Eyes EEG dataset. dataset.

Table 8: Analysis of statistical significance for BCI Competition IV Dataset 2a.

Comparison t-test p-value Wilcoxon p Significant?
RF vs XGBoost 0.5647 0.5625 No

RF vs MLP 0.1041 0.1250 No

RF vs SVM 0.2247 0.3125 No

RF vs LDA 0.0036 0.0625 Yes (t-test)

According to the paired t-test, the results showed that the Random Forest algorithm yields better performance than
LDA. But there was no significant difference among the best classifiers (Random Forest and the remaining classifiers).
The results in this study indicate that the performance of the RF, MLP, XGBoost, and SVM models was very similar
on the BCI Competition IV Dataset 2a. The corresponding results for the PhysioNet dataset are given in Table 9.

Table 9: Analysis of statistical significance for PhysioNet Dataset.

Comparison t-test p-value Significance
LDA vs MLP 0.9080 No
LDA vs SVM 0.2389 No
LDA vs RF 0.3401 No
LDA vs XGBoost 0.0984 No

There were no significant differences between the classifiers evaluated when applied to the PhysioNet dataset. The
highest average accuracy was obtained with LDA, but the differences in performance were not significant. This
observation further confirms that using CSP features for training multiple classifiers yielded similar performance.

5.5. Comparative Analysis Across Multiple EEG Datasets

The best classifiers from each dataset were selected and compared for effectiveness on each dataset of different complexity
by running each on the respective test set. Table 10 summarizes the best-performing model for each dataset.

Table 10: Comparative Performance Across Three Public EEG Datasets.

Dataset Best Model  Accuracy (%)
BCI Competition IV Dataset 2a Random Forest 55.36
PhysioNet-EEG Motor Imagery LDA 60.23
Open-Closed Eyes XGBoost 79.82

Direct cross-dataset transfer experiments were not conducted due to the differences in task paradigms, channel
set-ups, subject groups, and class definitions among datasets. Instead, classifier performance was analyzed using
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comparative evaluations across multiple datasets. The classification results achieved by the Open-Closed Eyes dataset
were significantly better than those of the two motor imagery datasets. This finding indicates that task complexity is a
key factor in EEG decoding performance. Eye-state classification yields relatively stable cortical activation patterns to
be classified, whereas for motor imagery classification, subtle cortical activation patterns, which show high inter-subject
variability, need to be discriminated. The difference in performance between the Open-Closed Eyes dataset (79.82%)
and the BCI Competition IV Dataset 2a (55.36%) is evident and indicates the difficulty of multi-class motor imagery
classification. Like this, the accuracy of the PhysioNet dataset was 60.23%, which was an intermediate value due to the
difficulty of decoding the motor imagery signals even in the binary classification case. The results highlight the need to
test EEG classification methods on different datasets to gain a full picture of their benefits and drawbacks.

Cross-Dataset Robustness Comparison

Best Accuracy (%)

BCI IV 2a

PhysioNet
Dataset

Open/Closed Eyes

Figure 8: Comparative analysis of different EEG datasets.

The best classification results (best success) are shown for each dataset in Figure 8. The Open-Closed Eyes dataset
achieved the highest accuracy (79.82%), while the PhysioNet-EEG Motor Imagery and BCI Competition IV Dataset 2a
had accuracy scores of 60.23% and 55.36%, respectively. The results show the important role of task complexity and
inter-subject variability in the classification performance of EEG.

5.6. Comparison With Existing Studies

To contextualize the obtained results, the proposed framework was compared with representative EEG classification
studies reported in the literature, as summarized in Table 11.

Table 11: Comparison of the proposed framework with representative EEG classification studies.

Study Method Dataset Reported Key Contribution
Performance

Lawhern et al. EEGNet Multiple EEG datasets  High classification Compact CNN

[10] performance architecture for EEG

classification

Schirrmeister et DeepConvNet Motor imagery EEG Improved decoding Deep CNN-based EEG

al. [20] accuracy decoding

Kwon et al. [9] Deep CNN Subject-independent Enhanced cross-subject ~ Subject-independent

Altaheri et al.

Temporal Convolutional

EEG
Motor imagery EEG

performance

State-of-the-art

EEG classification

Transformer-based

[1] Transformer decoding performance motor imagery decoding

Proposed CSP + RF / LDA / Three public EEG RF: 55.36%, LDA: Multi-dataset

Framework SVM / MLP / datasets 60.23%, XGBoost: benchmarking with
XGBoost 79.82% LOSO validation and

statistical significance
testing

The direct numerical comparisons should be interpreted cautiously because the studies employ different datasets,
preprocessing strategies, feature extraction techniques, and evaluation protocols. In the past, many deep learning
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methods have been demonstrated to achieve improved accuracies on single EEG datasets, but the study herein aims to
create a consistent and reproducible multi-dataset benchmark using traditional machine learning classifiers. The results
show that the proposed method of feature extraction using CSP with classical machine learning models can achieve
competitive results with enhanced interpretability, reduced computational complexity, and reproducible evaluation
across different EEG datasets.

6. Discussion

Experimental findings show that the characteristics of datasets, the complexity of the task, and subject variability play
a significant role in the success of EEG classification. While a common CSP-based machine learning framework was
used for all datasets, there were significant variations in classification accuracy, and this can cause problems when
creating reliable EEG-based BCI systems. A significant result is the differences in performance over the datasets.
The Open-Closed Eyes dataset had the best classification accuracy of 79.82%, while the PhysioNet-EEG Motor
Imagery dataset had a maximum accuracy of 60.23%, and the BCI Competition IV Dataset 2a had a maximum
accuracy of 55.36%. This pattern is a result of the different complexities associated with the various classification
problems. Eye-state classification is primarily associated with pronounced changes in neural activity, resulting in more
distinguishable EEG patterns. The results also show that the superiority of the classifiers is not consistent for all
datasets. Random Forest had the highest score on BCI Competition IV Dataset 2a, LDA had the highest accuracy on
the PhysioNet dataset, and XGBoost had the highest performance on the Open-Closed Eyes dataset. This observation
indicates that none of the classifiers are consistently superior in all EEG classification tasks. Rather, the effectiveness
of the model relies on the interdependence of feature representation and characteristics of the datasets. While simpler
linear models performed well in a few datasets, ensemble-based methods like Random Forest and XGBoost showed
strong performance on various datasets, especially when the class separability was good in CSP features.

The inter-subject generalization problem of EEG-based systems is further illustrated by the subject-independent LOSO
evaluation conducted on the BCI Competition IV Dataset 2a. The highest cross-validation accuracy across the five-fold
used for all classifiers was achieved by Random Forest with an accuracy of 55.36%, while the highest LOSO accuracy
was obtained as a result of SVM with an accuracy of 37.50%. The large decrease underscores inter-subject variability
and indicates that models trained on a set of subjects typically fail to perform well on other subjects that were not seen
during training. These findings highlight the importance of subject-independent evaluation when assessing practical BCI
systems. Data from statistical significance analysis further highlighted differences in performance. For Dataset 2a, the
paired t-test (p = 0.0036) showed that Random Forest significantly outperformed LDA, while no statistically significant
differences were found between Random Forest, XGBoost, MLP, and SVM. Likewise, no significant differences were
found between the classifiers tested on the PhysioNet dataset. The results indicate that the performance differences
among the top-performing classifiers are not large enough to establish clear superiority.

A comparison of the various EEG datasets showed that classification accuracy decreases with the difficulty of the task.
The large difference in performance between the open-closed-eyes dataset and the motor imagery datasets suggests that
successful performance on relatively easy EEG tasks does not necessarily translate to better performance on more
complicated BCI paradigms. Thus, it is necessary to evaluate these classifiers over several datasets to get an accurate
understanding of their performance with different experimental conditions. Some of the limitations of the present
study should be noted. There are several differences between the acquisition hardware, channel configuration, sampling
frequency, subject groups, and experimental paradigms across the datasets, which make direct comparisons difficult
between the datasets. Second, the benchmark focuses on CSP-based feature extraction and conventional machine
learning classifiers; recent deep learning architectures such as EEGNet, Transformers, and graph neural networks were
not included.

Third, the selected datasets differ in terms of their tasks and channel configurations, and thus, experiments with explicit
cross-dataset transfer learning were not performed. Future work will investigate domain adaptation, transfer learning,
and foundation models to improve generalization across subjects, sessions, and datasets.

Overall, the results demonstrate that not only the choice of the classifier has an impact on classification performance
but also the complexity of the datasets, the representation of the features, and the test protocol used. The authors
emphasize the importance of multi-dataset benchmarking and provide a reproducible reference for future EEG-based
BCI research.

7. Conclusion

This study has performed a multi-dataset benchmark evaluation of the machine learning techniques used in EEG-based
Brain-Computer Interface (BCI) classification with three publicly available datasets. To ensure fair and reproducible
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results across datasets, the following processing pipeline was employed: EEG preprocessing, CSP feature extraction,
and five machine learning classifiers: LDA, SVM, Random Forest, MLP and XGBoost. The experimental results
demonstrated that classifier performance varied across datasets with different characteristics and levels of complexity.
Random Forest achieved the best accuracy on BCI Competition IV Dataset 2a (55.36%), LDA achieved the best
accuracy on the PhysioNet dataset (60.23%), and XGBoost achieved the best accuracy on the Open-Closed Eyes
dataset (79.82%). When applied to Dataset 2a, the best accuracy obtained was 37.50% with SVM with LOSO
validation, indicating the difficulties of inter-subject variability and subject-independent EEG classification. The
statistical comparison also showed that there were statistically significant differences between Random Forest and LDA
on Dataset 2a, but for the other top-performing classifiers, there were no statistically significant differences between
them in either Dataset 2a or the PhysioNet dataset. The comparative analysis revealed that the performance of the
classification based on EEG is significantly affected by the complexity of the tasks, the properties of the dataset and
the evaluation protocol. Eye-state was found to give significantly higher accuracy scores compared to motor imagery
classification, indicating the necessity of testing algorithms on a range of datasets, not just one. Another finding was
that traditional machine learning methods with the use of CSP feature extraction still prove to be competitive and
offer a good starting point with computational efficiency and interpretability. Overall, this work presents a repeatable
multi-dataset benchmark for EEG classification and insights into the capabilities and limitations of typical machine
learning classifiers in various BCI paradigms. Future work will emphasize domain adaptation, transfer learning, and
state-of-the-art deep architectures for enhanced robustness and generalization across subjects, sessions, and datasets.
The results of the benchmark provided in this work could be used as a repeatable baseline when exploring transfer
learning, domain adaptation, and foundation-model-based EEG decoding methods in the future.
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