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ABSTRACT Electroencephalography (EEG) based Brain-Computer Interfaces (BCIs) are vital for various
applications, yet achieving accurate EEG signal classification, particularly for Motor Imagery (MI) tasks,
remains a significant challenge. This study introduces a novel Weighted and Stacked Adaptive Integrated
Ensemble Classifier (WS-AIEC), employing a comprehensive approach across six MI EEG datasets
with 16 diverse Machine Learning (ML) classifiers. Through evaluations that encompass metric-based
comparisons and learning curve analyses, we systematically ranked and clustered the classifiers. The WS-
AIEC integrates the top-performing classifiers from each cluster and employs a unique blend of weighted
and stacked ensemble techniques. Our results demonstrate the WS-AIEC’s superior performance, achieving
an exceptional accuracy of 99.58% on the BNCI2014-002 dataset and an average improvement of 20.23%
in accuracy over the top-performing individual classifiers across all datasets. This significant enhancement
underscores the innovative approach of our WS-AIEC in EEG signal classification for BCIs, setting a new
benchmark for accuracy and reliability in the field.

INDEX TERMS Brain-computer interface, stacking ensemble models, weighted ensemble techniques, time
series cross-validation, EEG signal processing, motor imagery EEG classification, ensemble learning.

I. INTRODUCTION
In the burgeoning field of interface technologies between the
human brain and computers, advancements are transforming
rehabilitation methods and the way we engage with digital
environments [1]. At the heart of these innovations is the
capability to decipher the intricate signals emanating from
our brains, with Electroencephalography (EEG) taking center
stage [2]. This technique is celebrated for its non-invasive
approach, affordability, and adeptness at capturing the
brain’s dynamics in real-time [3]. A particularly fascinating
application of EEG within this domain is the concept
of Motor Imagery (MI) – vividly imagining a movement
without physically performing it. This approach is critical
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for seamlessly integrating Brain-computer Interfaces (BCIs)
across various fields, demanding precise interpretation of
MI-related EEG signals [4]. The complexity of such data,
coupled with potential environmental noise and the unique
brainwave patterns of individuals, presents a significant
challenge [5]. To navigate this, applying Machine Learning
(ML) technologies has become prevalent, offering solutions
that adapt to the specific nuances of each task and data set.
However, their efficacy can be as variable as the data they
seek to decode [6].

Despite the undeniable advantages of employing ML
classifiers for the classification of MI EEG signals, the quest
to identify the optimal classifier for a specific task and
dataset emerges as a formidable challenge. The landscape of
ML classifiers is vast, with each classifier boasting distinct
characteristics and suitability for different types of EEG
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data and tasks. This diversity, while beneficial, introduces
complexity in selecting the most effective approach for signal
interpretation [7]. The challenge is compounded by the intri-
cate variability of brainwave patterns among individuals and
potential environmental noise that can affect signal quality.
Consequently, even when applying advanced optimization
techniques to enhance classifier performance, pinpointing
the optimal ML classifier for a given task remains time-
consuming, resource-intensive, and uncertain. Therefore,
achieving the highest possible accuracy in decoding MI
EEG signals requires a meticulous and nuanced approach
to classifier selection, acknowledging the likelihood that a
universally optimal solution may be elusive given the current
technological and methodological constraints.

While the field boasts numerous studies on MI EEG
signal classification employing various ML classifiers, with
a range of performances that sometimes approach near-
perfection, a critical and overarching challenge remains
largely unaddressed. The high-performance metrics reported
in many studies are often the result of selecting classifiers,
or a combination thereof, mainly by chance rather than
through a systematic approach tailored to the specific
characteristics of the data at hand. This lack of methodical
selection is further compounded by a significant issue: the
adaptability of these classifiers to new, unseen datasets.While
notable, the impressive results achieved by some studies
may not necessarily hold when applied to different datasets,
leading to a dramatic decline in performance. This predica-
ment underscores a fundamental flaw in the absence of a
systematic, data-driven methodology for classifier selection.
Such an approach would not only consider the inherent
properties of the dataset but also its potential variability
and the generalizability of the classification model to new
data. As a result, the reliability of these high-performance
outcomes is questioned, suggesting that they may be more
a matter of fortunate coincidence than of robust, repeatable
scientific discovery. The emphasis, therefore, shifts towards
developing effective strategies that are adaptable and resilient
across diverse data types, ensuring reliability and broader
applicability in the realm of MI EEG signal classification.

One of the most effective solutions for addressing the
challenges outlined above is using ensemble models. These
models combine the capabilities of various classifiers to
capitalize on each other’s strengths, mitigating the limitations
of individual models [8]. By doing so, ensembles can
provide a nuanced analysis of EEG signals, drawing on
the unique advantages of each constituent classifier, such
as varied sensitivities to features and robustness against
different types of noise. In practice, this synergistic approach
means that where one classifier might falter, another in the
ensemble will likely succeed, ensuring a more consistent and
reliable overall performance [9]. Thus, ensemble models are
a promising avenue for enhancing the accuracy of MI EEG
signal analysis, marking a step forward in pursuing more
sophisticated and versatile ML applications in the realm of
EEG data interpretation [10].

In the ongoing effort to improve ML solutions in EEG
analysis, numerous studies have explored the concept of
ensemble learning, each adopting a distinct strategy to
harness the collective power of classifiers. These explorations
have repeatedly demonstrated the efficacy of ensembles in
boosting accuracy. Nevertheless, they also reveal the need for
a systematic approach to selecting classifiers that can adeptly
navigate the vast variability of EEG datasets, ensuring robust
performance across different conditions.

An ensemble of Deep Learning (DL) models, utilizing
soft voting to integrate diverse architectures for optimal
classification of MI EEG signals, showcased the power of
combining multiple approaches [11]. In [12], the authors
focused on ensemble models that improve MI EEG signal
classification for brain cyborg applications by employing
techniques like Boosting, Bagging, and Random Subspace,
demonstrating their efficacy using time-frequency features.
In another study [13], the authors combined stacking ensem-
ble learning with Graph Convolutional Neural Networks
(GCNNs), aiming to enhanceMI task classification through a
novel approach that integrates structural and functional con-
nectivity. A subject-specific mental workload classifier using
an ensemble of Convolutional Neural Networks (CNNs),
each focusing on a different EEG channel, to better capture
spatial information and enhance classification accuracy was
proposed in [14]. An ensemble learning approach is discussed
in [15], where majority voting decodes multi-class MI EEG
signals by integrating Filter Bank Common Spatial Patterns
(FBCSP) with a strategic classification extension. In [16],
advanced classification methods in their ensemble model
are integrated to improve EEG signal classification for MI
tasks. In another study [17], the potential of an ensemble
of classifiers for subject-independent binary classification
of MI experiments demonstrated the ensemble’s superior
predictive performance. In [18], an ensemble learningmethod
is introduced, combining Common Spatial Pattern (CSP)
with ensemble strategies to mitigate the challenges posed by
EEG signal nonstationarity and limited training data sizes.
In [19], a novel framework combining ensemble learning
with functional connectivity estimators demonstrates the
advantages of integrating various classifiers to discern mental
states.

Despite these innovative approaches, a gap remains in
establishing a universally applicable, systematic method-
ology for selecting and combining classifiers within an
ensemble to ensure robust performance across new and
unseen datasets. While these referenced works represent
significant strides in the field, their methodologies often
reflect a trial-and-error approach rather than a scalable,
data-driven framework adaptable to the vast variability of
EEG data. This observation underscores the need for further
research into developing a comprehensive strategy that
capitalizes on the strengths of ensemble models and provides
a reliable pathway for their application to diverse scenarios.

Our previous work [20] introduced the Correlation-
Optimized Weighted Stacking Ensemble (COWSE) model.
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The core innovation of the COWSE model lies in its
sophisticated integration of 16 ML classifiers through a
weighted stacking approach. This approach meticulously bal-
ances the strengths and weaknesses of each classifier based
on an in-depth error correlation analysis and performance
metrics evaluation across benchmark datasets. This process
is complemented by employing a meta-classifier trained on
the weighted predictions of the base classifiers. This novel
methodology enabled the COWSE model to achieve an
exceptional classification accuracy of 98.16%. The success
of the COWSEmodel underscores the potential of integrating
multiple ML classifiers to navigate the intricate patterns of
EEG data, encouraging further exploration into advanced
ensemble learning strategies.

Inspired by the achievements of our previous work and its
exceptional results, we extend its innovative methodology to
enhance further the classification of MI EEG signals. In this
advancement, we incorporate the same 16 ML classifiers
previously employed. To broaden the scope and generalize
our findings, we integrate two additional datasets into our
analysis, extending the evaluation beyond the original four
datasets. This expansion aims to validate the applicability and
robustness of our methodology across a more comprehensive
array of data scenarios, ensuring its adaptability and relevance
in various contexts.

In this novel development, we introduce a significant
enhancement to the model’s adaptability and effectiveness:
the transition from static to dynamic weighting of classifiers
within the ensemble. Unlike in our previous work, where
the weights assigned to the base classifiers were fixed and
unchanged during ensemble training, our new approach
employs a dynamic weighting strategy. This method adapts
the contribution of each classifier based on ongoing per-
formance evaluations, allowing the ensemble to adjust and
optimize its composition in response to the characteristics of
the data being processed.

Our investigation illuminates a critical gap—the absence
of a holistic integration of adaptive strategies with weighted
and stacking techniques, further enriched by a systematic
clustering process. This gap underscores the potential of
a more sophisticated ensemble model capable of adeptly
navigating EEG data’s inherent complexities and vari-
abilities. Remarkably, our study introduces the Weighted
and Stacked Adaptive Integrated Ensemble Classifier (WS-
AIEC), a model that intricately combines these method-
ologies. By leveraging the unique strengths of weighted
approaches for individual classifier optimization, stacking
methods for meta-level prediction refinement, and clustering
techniques for intelligent classifier selection, the WS-AIEC
model marks a significant advancement in the field. This
integrative approach capitalizes on each method’s synergistic
strengths and addresses the critical need for adaptive
ensemble models. Thus, the WS-AIEC model propels the
field towards a new paradigm, establishing a comprehensive
framework to enhance the accuracy and reliability of MI
EEG-based BCIs.

In this study, our primary objective is to develop an
ensemble model that integrates multiple classifiers to lever-
age their combined strengths. This approach differs from
evaluating individual classifiers against the best models in the
literature, as we aim to demonstrate that our ensemble model
can achieve superior overall performance through strategic
synergy. Thus, we focus on optimizing the ensemble rather
than enhancing individual classifiers.

We focus on assessing the performance of various ML
classifiers applied to MI EEG signals, explicitly focusing on
conventional ML techniques. Unlike DL approaches, these
traditional methods require an initial feature extraction phase
before classification [21]. Therefore, we concentrated on
employing ML models, deliberately omitting DL models due
to the divergence in our research objectives.

While the surveyed studies may use a broad array of
feature extraction techniques, our study employs CSP for
feature extraction. However, a comparative analysis of feature
extraction methodologies is not the central aim of our
investigation. The ‘‘No Free Lunch’’ theorem [22], which
postulates that no single approach consistently outperforms
others in pattern classification, underscores the importance
of understanding the task’s nature and the dataset’s specifica-
tions when selecting the most effective classifier.

This work introduces the WS-AIEC, a novel EEG signal
classification approach within the BCIs domain, with our
contributions being threefold:

• First, we present a comprehensive evaluation of
16 diverse ML classifiers across six MI EEG datasets,
employing a rigorous metric-based comparison and
learning curve analyses.

• Second, we develop a unique ensemble model that inte-
grates the top-performing classifiers within each cluster
through an innovative combination of weighted and
stacked ensemble techniques, dynamically optimizing
classifier contributions based on performance.

• Lastly, we demonstrate the superior performance of
WS-AIEC, achieving unprecedented accuracy levels on
multiple benchmark datasets, thus marking a significant
advancement in EEG-based BCIs.

Following the Introduction, the Methodology section
presents our experimental setup, detailing the datasets,
classifiers, and our innovative ensemble model. The Results
and Discussion sections provide an exhaustive analysis
of the results, discussing their implications and potential
limitations. The Conclusion section summarises our findings,
highlights our proposed model’s performance and limits, and
identifies promising avenues for future research.

II. METHODOLOGY
This study’s methodology is designed to evaluate and
integrate a diverse array of ML classifiers systematically.
Our approach encompasses a comprehensive evaluation of
classifiers across multiple datasets, the development of a
novel algorithm for optimal ensemble construction, and a
rigorous assessment of the ensemble model’s performance.
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This section delineates the various components of our
methodology, including the datasets and the classifiers used,
the evaluation of the classifiers, and the design of the
ensemble model.

A. DATASETS
The selection and analysis of datasets play a pivotal role in
the robust evaluation of ML classifiers for MI EEG signal
classification. A comprehensive and diverse set of datasets
ensures that the classifiers and the proposed ensemble model
are tested across various conditions, including varying sub-
jects, channels, classes, trial durations, and sampling rates.
Such diversity is crucial for assessing the generalizability
and adaptability of the classification methods to different
scenarios.

This study has meticulously chosen six datasets, each
representing a unique configuration of parameters that
challenge and evaluate the classifiers’ capabilities. Each
dataset has been selected based on its prevalence in MI EEG
research, contribution to a comprehensive evaluation, and
the opportunity it presents to advance our understanding of
classifier performance in BCI technology. Table (1) provides
an overview of the datasets utilized in this study, highlighting
their specific characteristics and configurations.

B. CLASSIFIER SELECTION AND DESCRIPTION
Selecting individual classifiers is paramount in constructing a
robust ensemble model. For this study, our classifier selection
is informed by an in-depth analysis of each classifier’s
performance in handling high-dimensional neural data and
their historical efficacy in MI EEG tasks. This strategic
selection aims to capitalize on each classifier’s unique
advantages to the ensemble, from linear models adept at
simplifying complex relationships through straightforward
decision boundaries to non-linear classifiers capable of
navigating the intricate structures within EEG signals. This
phase of our study introduces a nuanced perspective on
classifier integration, focusing on the individual merits of
each model and their synergistic potential when combined
within an ensemble framework. Our ensemble model seeks
to leverage:

1) LINEAR MODELS
Efficiency and interpretability, crucial for understanding
the underlying patterns within EEG signals. This category
includes:

• Logistic Regression (LR)
• Linear Discriminant Analysis (LDA)
• Perceptron (PC)
• Stochastic Gradient Descent (SGD)
• Ridge Classifier (RC)
• Support Vector Machines (SVM)

2) NON-LINEAR AND INSTANCE-BASED LEARNING
Flexibility in capturing complex, non-linear interactions
between features, comprising:

• k-Nearest Neighbors (KN)
• SVM with Radial Basis Function (SVM-rbf)

3) DECISION TREE-BASED MODELS
A structural approach to decision-making, offering insights
into feature importance and data segmentation, including:

• Decision Trees (DT)
• Random Forest (RF)
• Extra Trees (ET)

4) BOOSTING MODELS
Sequential refinement of predictions, enhancing adaptability
and learning from diverse data representations:

• Gradient Boosting (GB)
• AdaBoost (AB)

5) NEURAL NETWORKS
Advanced level of abstraction and feature extraction, repre-
sented by:

• Multi-layer Perceptron (MLP)

6) QUADRATIC MODELS
Handling more complex decision boundaries with models
like:

• Quadratic Discriminant Analysis (QDA)

7) NAIVE BAYES CLASSIFIER
Utilizing probabilistic approaches, this category includes:

• Naive Bayes (NB)
We aim to underscore the ensemble’s capacity to

incorporate diverse learning strategies through this clas-
sifier categorization, enhancing its performance and
generalizability.

C. PREPROCESSING, FEATURE EXTRACTION, AND DATA
SPLITTING
The preprocessing and feature extraction phases are critical
for preparing the MI EEG data for classification, ensuring
that the input to the ML models is of high quality and
relevance. This subsection outlines the steps to preprocess
the data, extract meaningful features, and split the datasets
for training/validation and testing purposes.

1) PREPROCESSING
The raw EEG signals were first subjected to a band-pass
filtering process to enhance the signal quality by reducing
noise and focusing on the frequency bands most relevant to
MI tasks. Utilizing the MNE-Python toolbox [29], a finite
impulse response (FIR) filter with a Hamming window was
applied, selectively allowing frequencies in the 7-30 Hz
range to pass. This frequency range was chosen to capture
the alpha (8)-13 Hz) and beta (14-30 Hz) bands, which
are significantly involved in MI activities. This selection is
supported by extensive literature, including [30] and [31],
which show that the 8-30 Hz range is commonly used in
MI studies, reinforcing the relevance and appropriateness
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TABLE 1. Datasets.

of our chosen frequency range. The filter parameters were
carefully adjusted for each dataset to accommodate the
EEG data’s specific characteristics and recording conditions.
The stop band frequencies were set to begin at 5 Hz and
extend to 32 Hz, ensuring a clear delineation from the
passband. The filter was designed to achieve a minimum
attenuation of -40 dB in these stop bands, which helps in
effectively suppressing frequencies outside the desired range.
Additionally, the transition bands were defined from 5-7 Hz
and 30-32 Hz, allowing for a smooth transition while
maintaining the integrity of the passband frequencies.

2) FEATURE EXTRACTION
Following the preprocessing step, the CSP algorithm was
employed for feature extraction. CSP is renowned for its
efficacy in enhancing the signal-to-noise ratio by optimizing
the variance differentiation between contrasting classes.
This optimization amplifies the distinctiveness of the sig-
nals associated with various MI tasks and significantly
improves the spatial pattern recognition critical for accurate
classification [32].

3) DATA SPLITTING
To accurately evaluate the performance of our ensemble
model and individual classifiers, we followed a structured
approach to data splitting that respects the temporal depen-
dencies inherent in EEG data. For each dataset, all trials from
all classes and sessions were first combined and then sorted
chronologically within each subject. The chronologically
sorted data for each subject was then split into 80% for
training/validation and 20% for testing. Within the 80%
training/validation split, we employed Time Series Cross-
Validation (TSCV) using scikit-learn to ensure that the
temporal order of the data was maintained. This method
prevents future data from being used in the training process,
maintaining the integrity of the temporal sequence. The
results presented in this study are the average accuracies
calculated across all subjects, ensuring that the reported
performance metrics reflect a comprehensive evaluation
of the ensemble model’s effectiveness for each individual
subject.

D. MODEL TRAINING, VALIDATION, AND EVALUATION
Our model training, validation, and evaluation approach is
designed to optimize classifier performance and rigorously
test the ensemble model constructed from these classifiers.
Initially, as detailed in Data Splitting, the datasets were

partitioned into two subsets for a comprehensive model
assessment and refinement environment.

A pivotal component of our methodology involved fine-
tuning the cross-validation strategy to fit our data’s temporal
nature perfectly. Through an extensive grid search hyper-
parameter optimization process, which included evaluating
the number of folds in TSCV, we identified the optimal
configuration as an 8-fold TSCV. This setup ensured that
each data segment was utilized efficiently for training and
validation across different phases, providing a holistic view
of each classifier’s performance under varying conditions.

Furthermore, our study delved into the influence of
training data volume on the effectiveness of the classifiers.
By incrementally increasing the amount of data used for
training from 10% to the entirety of the training/validation
set, we could discern the relationship between data volume
and classification accuracy.

Following the training phase, our evaluation involved
an in-depth analysis of the classifiers’ performance on the
dedicated testing set. Learning curves were meticulously
plotted to visualize and understand the learning progression
across training iterations. These curves, alongside other
performance metrics, played a crucial role in the comparative
analysis of the classifiers, facilitating a data-driven selection
process for the ensemble model.

The innovation of our methodology shines in the ensemble
model’s construction. Instead of a straightforward selection
of top-performing classifiers, our approach employed a
nuanced clustering technique. Classifiers were grouped
based on their performance metrics across various datasets,
employing hierarchical clustering to identify patterns of
similarity. This strategy allowed us to cherry-pick the most
efficient classifier from each cluster, assembling an ensemble
that embodies a harmonious balance of diversity and peak
performance.

As the culmination of our methodology, the ensemble
model was benchmarked against individual classifiers to
evaluate its superiority. This comparative analysis was
essential not only to showcase the ensemble’s efficacy but
also to validate the effectiveness of our novel ensemble
construction strategy.

E. MULTIFACETED CLASSIFIER EVALUATION FOR
ENSEMBLE MODEL OPTIMIZATION
We implemented two distinct approaches for ranking the
classifiers to construct an effective ensemble model, ensuring
a comprehensive evaluation based on varied criteria. These
approaches are detailed below.
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1) COMPREHENSIVE PERFORMANCE ASSESSMENT AND
RANKING OF THE CLASSIFIERS
In the first approach, we focused on the actual performance
metrics of the classifiers across the six datasets used
in our study. We calculated average scores for accuracy,
precision, recall, F1 score, Area Under the Receiver
Operating Characteristic Curve (AUC-ROC), and kappa.
The classifiers were then ranked based on an overall
score derived from these metrics, directly comparing their
effectiveness in our context. We calculated each classifier’s
overall performance score Si based on multiple metrics. Let
wAi ,wPri ,wRi ,wF1i ,wAUCi ,wKi be the weights for accuracy,
precision, recall, F1 score, AUC-ROC, and kappa, respec-
tively. The overall performance score Si for each classifier
is then:

Si = wAi · Ai + wPri · Pri + wRi · Ri + wF1i · F1i + wAUCi
· AUCi + wKi · Ki (1)

where
• Ai is the accuracy of classifier i;
• Pri is the precision of classifier i;
• Ri is the recall of classifier i;
• F1i is the F1 score of classifier i;
• AUCi is the AUC-ROC of classifier i;
• Ki is the kappa score of classifier i.
In the current analysis, each performance metric is given

equal importance, reflecting a balanced approach to classifier
assessment. However, the methodology is designed to be
adaptable, allowing for assigning different weights to metrics
as dictated by their significance to specific tasks within the
domain.

2) EVALUATION OF CLASSIFIER EFFICIENCY THROUGH
LEARNING CURVE ANALYSIS
The second approach in our study evaluates the classifiers’
learning dynamics by examining the learning curves. These
curves reveal how well a model generalizes from the training
data to unseen data as the number of training examples
increases. Three key parameters derived from the learning
curves—Area Under the Curve of Cross-Validation (AUC-
CV) scores, Convergence Rates (CR), and Performance
Stability (PS)—were analyzed to rank classifiers based on
their learning efficiency and stability over time.

• AUC-CV: The AUC-CV represents the classifier’s
ability to maintain high performance across different
training data sizes. It is calculated as the area under
the learning curve plot, with the x-axis representing the
number of training examples and the y-axis representing
the cross-validation score. A higher AUC-CV indicates
a model that learns effectively and performs well across
varying training data. Mathematically, it is given by the
integral:

AUCCV ,i =

∫ b

a
CVi(t)dt (2)

where a and b represent the minimum and maximum
training sizes, respectively, and CVi(t) is the continuous
function of cross-validation scores of classifier i across
training size t .

• CR: CRmeasures the rate at which the classifier’s train-
ing score converges to its validation score, indicative of
the model’s ability to generalize from the training to the
validation set. A lower CR suggests that the classifier
is learning generalizable patterns more quickly. It is
defined as the absolute difference between the final
training score mean, and the final cross-validation score
mean:

CRi = |Mean(TSMi) − Mean(CVMi)| (3)

where TSMi is training score mean and CVMi is cross-
validation scoremean of classifier i at the largest training
size considered.

• PS: PS quantifies the variability in the classifier’s
performance across different training sizes, with a
lower PS indicating a more stable performance. It is
the average standard deviation of the cross-validation
scores:

PSi =
1
n

n∑
j=1

σCVi,j (4)

where σCVi,j is the standard deviation of the cross-
validation scores at the j-th training size, and n is the
total number of training sizes analysed.

Weights wAUC ,wCR,wPS were assigned to each parameter
to reflect their relative importance, given the specific goals
of the study and the characteristics of the task at hand.
In this analysis, equal weights were used to avoid biasing the
model towards any particular aspect of learning efficiency or
stability:

Li = wAUC · AUCCV ,i + wCR · CRi + wPS · PSi (5)

This combined score for learning curve parameters Li
is a comprehensive measure of a classifier’s effectiveness,
considering its performance, learning rate, and stability,
which are crucial for real-world applications where data
variability and volume can be unpredictable.

F. CLASSIFIER CLUSTERING AND OPTIMAL SELECTION
FOR ENSEMBLE CONSTRUCTION
To construct our ensemble model strategically, we employed
clustering techniques to group classifiers based on their per-
formance characteristics across multiple evaluative dimen-
sions. Hierarchical clustering, guided by the Euclidean
distance metric, allowed us to identify natural groupings
among classifiers:

D(i, j) =

√√√√ m∑
k=1

(fi,k − fj,k )2 (6)

where D(i, j) quantifies the similarity between classifiers
i and j, with fi,k and fj,k representing their performance
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feature values andm being the number of considered features.
By analyzing distances in this multidimensional feature
space, we can discern clusters of classifiers that perform
similarly, facilitating a more nuanced selection for our
ensemble.

The optimal number of clusters was determined using the
Elbow method, which examines the within-cluster sum of
squares versus the number of clusters. This analysis is crucial
for balancing diversity and redundancy in the ensemble’s
decision-making process.

Within each identified cluster, we selected the best-
performing classifier based on an average rank that integrates
performance metrics ranking and learning curves parameters
ranking:

R̄i = wS · RSi + wLC · RLCi (7)

where
• RSi is the rank of classifier i based on direct performance
metrics;

• RLCi is the rank of classifier i based on learning curves
parameters ranking.

WeightswS andwLC correspond to the importance of direct
performance metrics and learning curve parameters, respec-
tively. The chosen classifiers are then weighted inversely
proportional to their average rank R̄i:

wi =
1

R̄i
(8)

This static weight calculation is pivotal for the initial
phase of the ensemble model construction, specifically
in strategically selecting the meta-classifier and the base
classifiers. The weight wi assigned to each classifier serves
a dual purpose:

• Meta-Classifier Selection: The classifier with the
highest static weight (i.e., the lowest average rank)
is designated as the meta-classifier. This classifier is
deemed to have the most robust performance across
multiple datasets and metrics, making it ideal for
integrating the predictions from the base classifiers.

• Base Classifier Selection: The remaining classifiers,
ranked according to their static weights, are selected as
base classifiers. While diverse in their methodological
approaches and performance characteristics, these clas-
sifiers contribute valuable predictive perspectives to the
ensemble.

It’s imperative to note that this static weight assignment is
solely for the initial selection and categorization of the meta
and base classifiers. For the base classifiers, post-selection,
we transition to a dynamic weight adjustment mechanism
during the ensemble’s training phase. This approach allows
the ensemble to adaptively recalibrate the influence of each
base classifier based on real-time performance metrics,
specifically accuracy on a validation subset. The dynamic
weighting formula introduced in the subsequent section
enables this live adjustment, ensuring the ensemble’s predic-
tions are continually optimized in response to the evolving

performance landscape of the base classifiers. We establish
a comprehensive and adaptive ensemble model by clearly
distinguishing between using static weights for the initial
selection of meta and base classifiers and applying dynamic
weights for ongoing optimization of the base classifiers. This
model leverages the individual strengths of diverse classifiers
andmaintains flexibility and responsiveness to data dynamics
and classifier performance changes over time.

After evaluating individual classifiers, we introduce the
WS-AIEC. This ensemble model is an innovative amal-
gamation of the strengths of both weighted and stacked
approaches, designed to adaptively integrate classifier pre-
dictions in a framework suited for the intricacies of MI
EEG data. As depicted in Figure 1, the methodology
progresses through four distinct phases, starting with data
preprocessing and culminating in the final comparative
evaluation.

G. DYNAMIC WEIGHT ADJUSTMENT FOR BASE
CLASSIFIERS
Building upon the framework outlined for classifier cluster-
ing and optimal selection, our ensemble model introduces a
novel approach to dynamic weight adjustment for the base
classifiers. This method aims to optimize the ensemble’s
performance by adjusting the contributions of the base
classifiers in real time based on their predictive accuracy on
a validation subset of the training data.

1) DYNAMIC WEIGHT CALCULATION
The dynamic weight adjustment process is executed during
the training phase of the ensemble model. After selecting the
base classifiers and themeta-classifier using themethodology
described in the previous section, we further refine the
ensemble by dynamically adjusting the weights of the base
classifiers. This is achieved bymonitoring the performance of
each base classifier on a validation subset, which constitutes
20%of the training data reserved specifically for this purpose.
The dynamic weight wi,t for classifier i at training epoch t is
calculated as follows:

wi,t =
exp(α · ACCi,t )∑n
j=1 exp(α · ACCj,t )

(9)

where
• ACCi,t is the accuracy of classifier i on the validation
subset at epoch t;

• α is a scaling parameter that controls the rate at which
the weights adjust to the classifier’s accuracy changes;

• n is the ensemble’s total number of base classifiers.
This equation ensures that classifiers with higher accuracy

on the validation subset receive a larger share of the overall
vote in the ensemble prediction. The scaling parameter α

allows for the adjustment of the sensitivity of the weights to
changes in classifier performance, enabling the ensemble to
adapt more quickly or more smoothly to the evolving data
characteristics.
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FIGURE 1. Sequential overview of the WS-AIEC methodology. The flowchart delineates a comprehensive four-phase process from initial data
preparation to the final comparative evaluation. It encapsulates steps including preprocessing, classifier evaluation, ensemble construction using the
novel WS-AIEC approach, and performance assessment against top benchmark classifiers.

To optimize the selection of α based on the unique
characteristics of each dataset, we employ automated α

tuning using Bayesian Optimization. This advanced method
systematically explores the parameter space of α, evaluating
its impact on ensemble performance through a guided search
that balances the exploration of new parameter valueswith the
exploitation of known high-performing values. By leveraging
Bayesian Optimization, we ensure that α is tuned to the
optimal setting that maximizes the predictive performance of
the ensemble model while considering the specificities and
variability inherent to each dataset.

This approach enhances the ensemble model’s responsive-
ness to changes in base classifier performance and customizes
the dynamic weight adjustment process to the unique features
and challenges presented by the data, further optimizing the
ensemble’s accuracy and adaptability.

2) FEATURE MATRIX CONSTRUCTION
The dynamically weighted predictions of the base classifiers
are aggregated to construct a feature matrix. This matrix
serves as the input for the meta-classifier, effectively
transforming the ensemble’s diverse predictive signals into a
cohesive dataset for final decision-making.

The feature matrix, denoted as F , is constructed by
compiling the weighted predictions from each base classifier
for all instances in the training dataset. Each row in
F corresponds to a single instance, while each column
represents the weighted prediction from one of the base

classifiers. The formation of F is described by

Fi,j = wj,t · Pi,j (10)

where
• Fi,j is the element of the feature matrix corresponding
to the i-th instance and the prediction from the j-th base
classifier;

• wj,t is the dynamic weight of the j-th classifier at
training epoch t , as recalculated at each epoch based on
Equation (9);

• Pi,j is the prediction of the j-th classifier for the i-th
instance.

This matrix effectively captures the varying contributions
of each base classifier to the ensemble’s predictive power,
dynamically adjusting to each classifier’s evolving accuracy
over the training process.

3) FINAL PREDICTION BY META-CLASSIFIER
The meta-classifier, having been trained on the feature matrix
F , is equipped to make the final prediction by effectively
integrating the insights provided by the base classifiers. The
final ensemble prediction for a new instance is given by

ŷi = Meta-Classifier(Fi) (11)

where
• ŷi is the predicted label for the i-th instance by the
ensemble;
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• Fi is the i-th row of the feature matrix, representing the
weighted predictions of all base classifiers for the i-th
instance;

• Meta-Classifier denotes the prediction function of the
meta-classifier.

The meta-classifier’s ability to act on the dynamically
generated feature matrix enables the ensemble model to
leverage the collective strengths of its components. By adjust-
ing the influence of each base classifier based on real-time
performance and synthesizing their predictions, the ensemble
achieves a high degree of adaptability and robustness. This
method ensures that the ensemble model captures the diverse
predictive signals from its base classifiers and remains
responsive to data characteristics and classifier performance
changes, leading to improved predictive accuracy on unseen
data.

The algorithmic description presented in Algorithm 1
outlines the step-by-step process of constructing the WS-
AIEC, from the initial data preparation to the final decision-
making phase, emphasizing its adaptive weighting and
stacking mechanism.

The effectiveness of the WS-AIEC will be rigorously
evaluated and compared with top-performing individual clas-
sifiers from the initial ranking phase. The results section will
detail this comparative analysis, highlighting the advantages
of our adaptive ensemble approach.

III. RESULTS
We commence the results with a direct comparison of classi-
fier performances. This comparison is delineated in a series
of subtables, each corresponding to a distinct dataset. The
subtables summarise each classifier’s performance metrics,
including accuracy, precision, recall, F1-score, AUC-ROC,
and kappa scores, as presented in Table 2.

Following the tabulated comparisons, we visually depict
these performance metrics to illustrate classifiers’ differences
better. Figure 2 presents a comprehensive visual analysis of
each classifier’s accuracy across the datasets. These bar charts
highlight the individual and average accuracies, offering a
clear visual representation that complements the detailed data
in the tables. This juxtaposition of visual and numerical data
underlines the relative performance of classifiers, shedding
light on those that consistently exceed average accuracy
and those that do not meet the benchmark. Such insights
are invaluable for informing subsequent decisions regarding
classifier selection for the development of robust ensemble
methods.

Proceeding with individual dataset analyses, we synthesize
the results into a comprehensive overview, encapsulating
the performance metrics across all datasets. This unified
perspective is crucial for identifying broader trends and
setting the groundwork for the ranking of classifiers. Table 3
provides this summary, offering a panoramic view of the
classifiers’ performance and facilitating their subsequent
evaluation.

Algorithm 1WS-AIEC Construction With Dynamic Weight
Assignments
1: Begin with the selection of diverse MI EEG datasets.
2: Preprocess data using band-pass filtering and CSP for

feature extraction.
3: Split data into training/validation (80%) and testing sets

(20%) using TSCV.
4: for each dataset do
5: Train classifiers using TSCV and plot learning curves.

6: Evaluate classifiers based on accuracy, precision,
recall, F1 score, AUC-ROC, and kappa.

7: Evaluate classifiers based on AUC-CV, CR, and PS.
8: end for
9: Rank classifiers based on comprehensive performance

assessment and learning curve analysis.
10: Apply hierarchical clustering to group classifiers based

on two ranking approaches.
11: Determine the optimal number of clusters using the

elbow method.
12: for each cluster do
13: Select the top-performing classifier in each cluster

based on average rank from all evaluation approaches.
14: end for
15: Assign static weights inversely proportional to the overall

ranking for initial classifier selection. The classifier with
the highest rank is designated as the meta-classifier. The
rest are selected as base classifiers.

16: Dynamically adjust weights of base classifiers using
BayesianOptimization based on their performance on the
validation set during training.

17: Generate a feature matrix from the dynamically weighted
predictions of the base classifiers.

18: Train the meta-classifier on this feature matrix.
19: Synthesize the final decision output by the meta-

classifier.
20: Evaluate and compare the WS-AIEC performance with

top-performing classifiers from the initial phase.
21: return The final decision and performance comparison

results.

Advancing from the groundwork laid by the performance
metrics, our focus shifts to the classifiers’ learning curves,
a vital component in assessing their efficiency. Learning
curves yield insights into how classifier performance evolves
by including increasingly more significant data subsets. They
are crucial to gauging the trade-off between learning and
overfitting and the classifiers’ generalization ability.

For brevity and clarity, we present the learning curves from
just one representative dataset, BNCI2014-002 (Figure 3),
as an exemplar. While learning curves were generated
for all datasets, they exhibit similar patterns and trends.
The selected figure for BNCI2014-002 provides a detailed
visual representation of how each classifier’s performance
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TABLE 2. Comparison of the classifiers based on their performances.

evolves with increasing training data, encapsulating the
trends generally representative across other datasets.

Table 4 quantifies the learning curve data for all datasets to
complement this visual analysis and provide a comprehensive
overview. Each subtable ranks the classifiers based on the
critical metrics derived from their learning curves, including
AUC-CV, CR, and PS, evaluated in raw and normalized

forms for a thorough comparative analysis. The normalization
processwas applied to eachmetric to ensure a fair comparison
across classifiers, and the ranks were calculated based on the
average of these normalized scores.

Furthermore, for a consolidated perspective, Table 5 amal-
gamates the individual learning curve metrics into a ranking
across all datasets. This approach offers a comparative view
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FIGURE 2. Comparative analysis of the accuracy for all classifiers across all datasets. Each chart plots the accuracy of individual
classifiers, with the dashed line indicating the average accuracy across all classifiers for the respective dataset. These visualizations
facilitate the identification of classifiers that consistently outperform the average and those that fall short, thereby informing decisions
about classifier selection for ensemble methods.

TABLE 3. Aggregated performance metrics and ranking of classifiers across all datasets.

of the classifiers’ ability to generalize from the data distilled
into a singular, cohesive ranking system.

After evaluating our classifiers’ individual and collective
learning capabilities through detailed curve analysis, we now
consolidate our findings. Table 6 provides an overarching

view of the classifiers, amalgamating the insights from the
various evaluation metrics into a single composite score.

Having established a comprehensive ranking system with
Table 6, we now focus on the relational dynamics between
classifiers through cluster analysis. Figure 4 provides a visual

103636 VOLUME 12, 2024



H. Ahmadi, L. Mesin: Enhancing MI EEG Signal Classification

FIGURE 3. Learning curves for all classifiers on the BNCI2014-002 dataset demonstrate the training and cross-validation score
progression with increasing data volume. This plot provides insights into each classifier’s learning efficiency and potential overfitting
characteristics.

interpretation of this analysis, illustrating how classifiers with
similar performance profiles can be grouped to inform our
ensemble model’s structure.

Informed by the cluster analysis in Figure 4, we pinpoint
the most effective classifiers within each identified cluster.
Table 7 presents these classifiers along with their normalized
weights, signifying their contribution to the diversity and
efficacy of our proposed ensemble model.

Equipped with the insights gleaned from the cluster
analysis, we constructed an ensemble model integrating the

strengths of the best classifiers from each cluster. Finally,
we highlight the outcomes of our comprehensive methodol-
ogy, comparing the ensemble model’s classification accuracy
against those of the top-performing individual classifiers
across all datasets. Figure 5 visually contrasts the accuracies,
while Table 8 provides a detailed performance comparison.
These results collectively demonstrate the ensemble model’s
superior ability to leverage the combined strengths of the
classifiers, potentially enhancing prediction performance
significantly.
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TABLE 4. Learning curve analysis: Classifier performance across different datasets.

IV. DISCUSSION
This study presents the development and evaluation of the
WS-AIEC, a novel approach for enhancing MI EEG signal
classification. Our results demonstrate that the WS-AIEC
significantly outperforms traditional classifiers, achieving
remarkable accuracies of 96.88%, 99.58%, 96.25%, 98.75%,

94.58%, and 95.00% on the BNCI2014-001, BNCI2014-002,
BNCI2014-004, BNCI2015-001, Zhou2016, and AlexMI
datasets, respectively. These results highlight the effective-
ness of the WS-AIEC model in dealing with the complexities
and variabilities inherent in EEG data, particularly in MI
tasks.
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TABLE 5. Consolidated learning curve rankings of classifiers across all datasets.

TABLE 6. Overall ranking of classifiers based on composite scores with corresponding weights for ensemble integration.

FIGURE 4. Cluster analysis of classifiers using hierarchical clustering (left) and the elbow method (right) to determine the optimal number of clusters for
ensemble model selection.

TABLE 7. Best classifier in each cluster with corresponding classifiers and
normalised weights.

After demonstrating the ensemble model’s superior per-
formance in classifying MI EEG signals with unprecedented
accuracy levels, we must also acknowledge the parallel
advancements in signal processing techniques that enhance
our approach. Notably, a novel non-linear spatiotemporal
filtering technique introduced recently aims to boost the
detection accuracy of movement-related cortical potentials
in single-trial EEG data [33]. This approach significantly
contributes to the field by enhancing the detection accuracy
of cortical potentials, showcasing the capacity of innovative
signal processing methods in improving BCI systems.
Such advancements highlight the importance of integrating
sophisticated signal processing algorithms with ensemble

learning approaches to expand the possibilities of what BCI
technology can achieve.

A. DIRECT PERFORMANCE COMPARISON
OF CLASSIFIERS
As detailed in Table 2, our evaluation method centers on the
accuracy, precision, recall, F1 score, AUC-ROC, and kappa
to ascertain the most proficient classifiers for our ensemble
model.

This approach highlighted the standout performance of
classifiers like SVM, demonstrating the highest overall
scores across our datasets. These findings confirm that
SVM and other high-performing classifiers offer consider-
able advancements in managing the complexities of EEG
signals.

The performance rankings summarized in Table 3 provide
a holistic perspective on classifier efficacy, ensuring a
balanced and data-driven foundation for the WS-AIEC
model. Our ensemble thus reflects contemporary classifier
capabilities, strategically combined to amplify their strengths.
The results from this direct performance comparison guide
the construction of an ensemble model tailored to excel in
accuracy and reliability.
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FIGURE 5. Classification accuracies of the WS-AIEC model versus the top five individual classifiers across six datasets. Each bar plot
contrasts the accuracy of the ensemble model with the individual performances, highlighting the ensemble’s relative effectiveness.

B. INSIGHTS FROM LEARNING CURVE ANALYSIS
In Figure 3, we showcased the learning curves for all
classifiers on the BNCI2014-002 dataset. The selection of
this dataset as a representative example was due to its general
reflection of trends observed across other datasets. The figure
captures how classifier performance improves with more data
and reveals the point at which further training ceases to yield
benefits—a phenomenon of overfitting.

The quantified learning curve data in Table 4 complements
this visual assessment. We can conclude each classifier’s
reliability and predictive strength by ranking classifiers based
on key metrics such as AUC-CV, CR, and PS. Notably,
classifiers with a low convergence rate across training
iterations demonstrate a robust learning strategy that is less
prone to the pitfalls of overfitting and better suited for
generalizing to new data.

This analysis brought to light several key findings. The NB
classifier, for instance, despite not consistently ranking high
in individual dataset performance, showcased remarkable

learning stability and generalization as evidenced by its
high rank in the overall learning curve analysis. Conversely,
classifiers like DT, which typically demonstrate rapid early
learning, ranked lower due to less stability in performance as
more data was introduced.

Furthermore, the consolidated learning curve rankings
presented in Table 5 provide a singular, comprehensive
ranking system across all datasets, reinforcing the importance
of generalization in classifier evaluation. This ranking
underscores classifiers’ adaptability to the multifaceted
nature of EEG data, which is often riddled with noise and
inter-subject variability.

C. OPTIMISING ENSEMBLE STRUCTURE THROUGH
CLASSIFIER CLUSTERING
The clustering analysis, as depicted in Figure 4, represents
an advanced stage in our ensemble model’s construction.
Employing hierarchical clustering and the elbow method,
we identified natural groupings among classifiers based on
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TABLE 8. Performance comparison of WS-AIEC and top classifiers.

their performance characteristics. This step was crucial for
understanding the relationships and redundancies between
different classifiers, allowing us to harness diversity
effectively while avoiding duplication in the ensemble’s
decision-making process.

Table 7 elucidates each identified cluster’s best-performing
classifier and normalized weights. Notably, the clustering
analysis ensures that our ensemble model capitalizes on the
collective strengths of classifiers from each group, enhancing
overall performance through a strategic blend of varied
expertise.

D. RATIONALE FOR SVM AS THE META-CLASSIFIER
Upon consolidating the rankings and clustering insights,
selecting a meta-classifier became pivotal. SVM emerged
as the preferred choice, and for good reasons, elucidated
throughout our discussion. This decision is a product of its
performance and its compatibility with the ensemble.

The choice of SVM is justified by its demonstrated
balance between complexity and generalization, making it
ideal for synthesizing inputs from diverse classifiers without
succumbing to overfitting. Its success in high-dimensional
spaces is particularly salient for the ensemble model, which
must interpret a complex input array from base classifiers.

Moreover, the linear version of SVM offers a compromise
between capturing complex relationships and preserving
interpretability, a balance that is often challenging to achieve.
By opting for SVM, we ensure that our ensemble model

benefits from improved accuracy and robustness while
maintaining generalizability.

E. ADAPTIVE WEIGHTING: ENHANCING MODEL
PERFORMANCE THROUGH DYNAMIC ADJUSTMENT
The rationale behind dynamic weight adjustment stems from
the understanding that data characteristics can change over
time or across different data segments. Traditional static
weighting approaches do not account for this variability,
potentially leading to suboptimal ensemble performance.
By introducing a mechanism for dynamic adjustment, our
model can better adapt to such changes, thereby improving
its generalization ability and performance on unseen data.
This dynamic approach allows the ensemble to recalibrate the
influence of each classifier based on real-time performance
metrics across varied conditions.We validate this adaptability
through rigorous testing on multiple datasets, ensuring
robust performance across different time segments and under
different operational conditions. This process is crucial for
handling the inherent non-stationarity of EEG signals and the
evolving nature of BCI tasks.

F. COMPARATIVE PERFORMANCE AND FINAL VALIDATION
OF THE WS-AIEC MODEL
The conclusive phase of our research presents a compelling
comparison of the WS-AIEC ensemble model against the
top individual classifiers, as illustrated in Figure 5. This
juxtaposition not only demonstrates the superiority of the
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ensemble approach but also validates the efficacy of our
comprehensive classifier integration strategy.

The bar plots in Figure 5 succinctly contrast the clas-
sification accuracies of the ensemble model with those of
the individual classifiers. The WS-AIEC model consistently
outperforms each classifier, showcasing its robustness and
adaptability across all datasets.

The accompanying Table 8 further quantifies the WS-
AIEC model’s performance, providing a granular view of its
precision, recall, F1 score, AUC-ROC, and Kappa statistics.
These metrics solidify the WS-AIEC’s status as a high-
performing model characterized by balance and precision
across various evaluation dimensions.

G. ABLATION ANALYSIS
To understand the contribution of each component in our
methodology, we conducted a series of ablation studies
by systematically modifying the selection criteria for clas-
sifiers and evaluating the impact on model performance,
as illustrated in Figure 1. We built the ensemble for each
scenario and tested it on two datasets: BNCI2014-002 and
Zhou2016. These datasets were selected because the original
ensemble model achieved the highest accuracy of 0.9958 on
BNCI2014-002 and the lowest accuracy of 0.9458 on
Zhou2016. The results for each scenario are presented in
Table 9 and summarized below. The ablation analysis reveals
several key insights into the importance and interaction of
different metrics and classifiers within the ensemble model.

Firstly, Scenario 1, which utilizes only Comprehensive
Performance Assessment (CPA), shows the most significant
changes in the selected classifiers, indicating that Learning
Curve Analysis (LCA) is crucial in optimizing the ensemble.
In Scenario 2, where only LCA is used, the performance
drop is more pronounced despite having fewer changes in
classifiers (3 changes) compared to Scenario 1 (4 changes).
This suggests that CPA is more critical than LCA, as the
absence of CPA leads to a greater decrease in accuracy even
with fewer classifier changes.

In Scenarios 3, 4, and 5, where one LCA metric is
removed each time, we observe that each scenario results
in only one classifier change. The impact on performance
varies significantly based on the specific metric removed.
Scenario 3, which replaces GB with RF (overall rank 14),
shows minimal performance reduction. In contrast, Scenarios
4 and 5, which replace LDA with RC (overall rank 2) and
GB with SGD (overall rank 6), exhibit greater performance
drops. This highlights that the difference in overall ranking
between the replaced classifiers directly affects performance,
with larger differences resulting in more significant accuracy
reductions.

For Scenarios 6, 7, and 8, where only one LCA metric is
used, the number of classifier changes increases compared
to Scenarios 3, 4, and 5. Scenario 7, with only two changes,
shows a smaller performance decrease than Scenarios 6 and 8,
which have three changes each. Notably, the presence of
CPA in Scenarios 6 and 8 mitigates the performance decrease

compared to Scenario 2 despite having the same number of
classifier changes. This underscores the essential role of CPA
in maintaining ensemble performance.

A closer look at Scenarios 6 and 8, where three changes
occur, reveals that two (SGD and MLP replacing LDA
and GB) are consistent between the scenarios. The third
change differs from Scenario 6, which replaces PC with AB
(overall rank 11), while Scenario 8 replaces SVM-rbf with
RC (overall rank 2). The slightly higher performance drop in
Scenario 6 corresponds to the greater difference in ranking
between the replaced classifiers, illustrating the importance
of classifier ranking in the ensemble.

Two experiments were conducted in Scenarios 9 and 10 to
investigate individual classifiers’ effectiveness further. First,
removing GB in Scenario 9, the lowest-ranked performer,
resulted in a 1.79% accuracy decrease on BNCI2014-
002 and 1.56% on Zhou2016, indicating that even lower-
ranked classifiers significantly contribute to the ensemble.
Second, removing SVM-rbf (Scenario 10), one of the top
performers, led to a much larger accuracy drop, resulting in
a 7.78% accuracy decrease on BNCI2014-002 and 7.32%
on Zhou2016, highlighting the critical role of higher-ranked
classifiers in the ensemble’s overall performance. Notably,
the ratios of the accuracy decrease—(7.78/1.79) ≈ 4.35 and
(7.32/1.56) ≈ 4.69—closely align with the ratio of their
weights in Table 7 (0.1810/0.0420 ≈ 4.30). This further
validates the effectiveness and significance of our algorithm
in selecting the most appropriate classifiers for the ensemble
model.

Finally, the ensemble’s performance with static weights
was tested in Scenario 11. Using static weights based on
overall ranks instead of dynamic weights led to a notable
decrease in accuracy, demonstrating the effectiveness of the
dynamic weight assignment algorithm in adapting to varying
data characteristics and maintaining high performance.

As depicted in Figure 6, the performance impact of dif-
ferent ablation scenarios is visually represented, highlighting
the variations in accuracy across the BNCI2014-002 and
Zhou2016 datasets.

This detailed ablation analysis demonstrates the robustness
of our methodology and the significance of each component
in achieving optimal performance. Removing individual clas-
sifiers like GB or SVM-rbf significantly impacts accuracy,
highlighting their importance in the ensemble. Dynamic
weighting also plays a critical role, allowing the model to
adapt to changes in classifier performance and ensuring
consistently high accuracy. Overall, the WS-AIEC model’s
ability to integrate diverse classifiers and dynamically
adjust their contributions based on real-time performance
evaluations sets it apart, achieving superior classification
performance across different datasets.

H. COMPARISON WITH RELATED WORKS
The WS-AIEC model’s performance is further highlighted
compared to the performances reported in related studies.
Table 10 provides a comprehensive comparison, showcasing
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FIGURE 6. Accuracy by ablation scenarios on BNCI2014-002 and Zhou2016 datasets. The figure compares the performance of the ensemble
model across various ablation scenarios, highlighting the impact of different metrics and classifiers on the overall accuracy. The blue bars
represent accuracy on the BNCI2014-002 dataset, while the orange bars represent accuracy on the Zhou2016 dataset. Dashed lines for each
dataset indicate benchmark accuracies.

TABLE 9. Ablation analysis results.

the WS-AIEC model’s superior performance metrics, which
indicate its robustness and advanced classification capa-
bilities. Notably, our model achieves a high classification
accuracy and exhibits proficiency across multiple datasets,
indicating its strong generalization abilities.

In contrast with existing methodologies, the WS-
AIEC model integrates a multitude of classifiers and
employs a unique combination of weighted and stacking
approaches. These strategies are underscored by our adaptive
methodology, which dynamically adjusts classifier weights in
response to data variability, a feature not commonly reported
in the literature. Clustering or segmentation techniques refine

our ensemble model’s structure, optimizing decision-making
by strategically selecting classifiers.

Particularly noteworthy is the comparison with our pre-
vious work [20], which utilized a significant number of
classifiers across multiple datasets. Our current WS-AIEC
model surpasses the accuracy benchmark set by that study
and demonstrates a marked advancement in ensemble
approaches. On average, the WS-AIEC model exhibits an
accuracy improvement of approximately 1.47%, further
emphasizing the refined methodology’s impact. Moreover,
even in the worst-case scenario, the WS-AIEC model
shows a minimum improvement of 0.87% in accuracy,
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TABLE 10. Performance comparison of WS-AIEC model with related works.

underscoring the consistent enhancements achieved through
our methodical and adaptive ensemble strategies.

The breadth of classifiers used in the WS-AIEC model,
combined with our comprehensive ensemble strategy, repre-
sents an evolution in MI EEG classification. This progression
resonates with the increasing complexity and variety within
EEG datasets, demanding more sophisticated and adaptive
solutions. Our ensemblemodel does not simply rely on a large
number of classifiers but utilizes a methodical integration and
dynamic weighting system that facilitates a high degree of
predictive accuracy.

The outcomes highlighted in Table 10 underscore the
superior efficacy of the WS-AIEC model, which not only
improves upon other singular approaches but also advances
beyond our previous research. Despite the variety in datasets
used across the studies we compare, our model demon-
strates exceptional adaptability and robustness, consistently
surpassing the performance benchmarks of earlier works
under equivalent conditions. This adaptability highlights the
WS-AIEC model’s innovative capabilities within adaptive
ensemble approaches, setting a new benchmark for EEG
classification. It is important to note that our comparisons
focus on the highest accuracy achieved by each method, pro-
viding a clear benchmark for assessing the peak performance
and offering a focused comparison of the most successful
outcomes.

I. LIMITATIONS AND FUTURE DIRECTIONS
While the WS-AIEC model exhibits exceptional classifi-
cation accuracy and robustness, it also presents certain
limitations. The computational complexity, primarily due to
integrating multiple classifiers and the intricate weighting
mechanism, is a pertinent challenge. Future research could
explore optimization strategies to enhance computational
efficiency without sacrificing accuracy.

Additionally, the WS-AIEC’s real-world applicability,
particularly in complex and noisy data scenarios, necessitates
further investigation. Extending its application to real-time
BCI systems and assessing its adaptability to individual user
characteristics are crucial future steps.

Building on the success of the WS-AIEC model, future
research avenues are vast. They include exploring the impacts
of different data preprocessing techniques, the integration
of additional classifiers, or applying ensemble models to
other complex classification tasks. The model’s foundations
in adaptive learning and model optimization set the stage for
these endeavors, providing a robust starting point for future
innovations in dynamic ensemble methods. Future work may
delve into more sophisticated weight adjustment algorithms,
evaluate the consequences of varying evaluation subset sizes
and selection criteria, and incorporate additional performance
metrics into the weight adjustment process to cultivate a more
versatile and responsive ensemble framework.
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While this study focuses on developing an ensemble
model for MI EEG classification using CSP for feature
extraction, future work could explore integrating various
advanced feature extraction techniques. This includes phase-
based approaches, instantaneous phase difference sequences,
divergence-based features, and other innovative methods
mentioned in recent studies [50]. Evaluating these techniques
within our ensemble framework could potentially enhance
classification performance and provide deeper insights into
MI EEG signal processing.

Furthermore, another promising direction is incorporating
learning-based approaches, such as the Hamilton-Jacobi-
Bellman (HJB) equation-based learning scheme for neural
networks. This method could provide a more performing
framework for ensemble learning by leveraging advanced
neural network optimization techniques, potentially leading
to significant improvements in classification accuracy and
model robustness [51].

Future research should also validate the WS-AIEC model
using in vivo datasets to strengthen its practical implications
and reliability. This involves testing the model with data
collected from live subjects under operational conditions,
demonstrating its applicability and robustness in real-world
scenarios, and enhancing its relevance and potential impact
in practical BCI applications.

V. CONCLUSION
In conclusion, the WS-AIEC model represents a significant
leap forward in MI EEG signal classification, offering a
robust and reliable tool that stands out for its accuracy
and adaptability. This study achieves superior performance
by judiciously harnessing the complementary strengths of
diverse classifiers and laying the groundwork for more
nuanced and sophisticated ensemble approaches. Looking
ahead, the methodologies and insights garnered from this
research can be adapted to a range of complex systems, inspir-
ing future innovations in BCI technology and beyond. Our
findings advocate for the continued exploration of ensemble
learning strategies, reinforcing the value of comprehensive
evaluation frameworks in pursuing breakthroughs in EEG
signal processing.
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