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ABSTRACT Epilepsy is a complex neurological disorder characterized by recurrent seizures, requiring
accurate and timely diagnosis to ensure effective clinical management. This is particularly important
in Brain-Computer Interfaces (BCIs), where neurological monitoring plays a key role in assistive and
diagnostic applications. In this context, Electroencephalography (EEG) is the primary diagnostic modality;
however, traditional manual analysis is labor-intensive, subjective, and prone to inter-expert variability.
Automated machine learning techniques offer a promising alternative to manual EEG analysis. The opaque,
‘‘black-box’’ nature of many Machine Learning (ML) models often raise concerns about their reliability
in clinical settings, which can hinder their practical implementation. To tackle this issue, Explainable
Artificial Intelligence (XAI) has emerged as a transformative solution, providing greater transparency and
shedding light on the critical features driving model predictions. In this study, we introduce Explainable
LIMEbased Selection of EEG Electrodes (XLISEE), a novel approach that not only enhances EEG channel
selection but also strengthens interpretability by leveraging XAI methodologies. The suggested approach
is evaluated using the dataset provided by Guinea-Bissau Hospital. The most important EEG channels are
identified by XLISEE to differentiate between epileptics and healthy subjects, reducing data complexity
without sacrificing the precision of the diagnosis. With accuracy rates of 99.76% for both the Support Vector
Machine (SVM) and k-Nearest Neighbor (kNN) classifiers, our experimental results show that the suggested
method delivers remarkable classification performance. It also attains 100% accuracy, specificity, sensitivity,
and F1-score, as well as a Matthews Correlation Coefficient (MCC) of 1.0. Moreover, lower computational
demands improve efficiency, making real-time epilepsy detection more practical and feasible for clinical
use. Beyond performance gains, integrating XAI enhances clinician confidence by offering interpretable,
evidence-based insights, promoting wider adoption of AI-driven diagnostics.

INDEX TERMS Electroencephalography (EEG), epilepsy, adaptive channel selection, explainable
artificial intelligence (XAI), local interpretable model-agnostic explanations (LIME), empirical mode
decomposition (EMD), independent component analysis (ICA), machine learning.

I. LIST OF ABBREVIATIONS
• AFN: False Negative Rate
• AUC: Area Under the Curve
• BCI: Brain-Computer Interface
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• CBF: Cerebral Blood Flow
• CNN: Convolutional Neural Network
• C-DRNN: Convolutional Deep Recurrent Neural
Network

• DTC: Decision Tree Classifier
• DWT: Discrete Wavelet Transform
• EACS: Explainable Adaptatif Channel Selection
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• EEG: Electroencephalography
• ELISEE: Explainable LIME-based Selection of EEG
Electrodes

• EMD: Empirical Mode Decomposition
• FE: Focal Epilepsy
• fMRI: Functional Magnetic Resonance Imaging
• FN: False Negative
• FNR: False Negative Rate
• FP: False Positive
• FPR: False Positive Rate
• FFT: Fast Fourier Transform
• GE: Generalized Epilepsy
• ICA: Independent Component Analysis
• IC-RNN: Inception-based Convolutional Recurrent
Neural Network

• IE: Idiopathic Epilepsy
• IMF: Intrinsic Mode Functions
• kNN: k-Nearest Neighbor
• LDA: Linear Discriminant Analysis
• LIME: Local Interpretable Model-Agnostic
Explanations

• LOOCV: Leave-One-Out Cross-Validation
• MCC: Matthews Correlation Coefficient
• MEG: Magnetoencephalography
• ML: Machine Learning
• NEA: Neuronal Electrical Activity
• NPV: Negative Predictive Value
• PDP: Partial Dependence Plot
• PRN: Pattern Recognition Network
• PSO: Particle Swarm Optimization
• RFC: Random Forest Classifier
• ResNet: Deep Residual Network
• SHAP: SHapley Additive exPlanations
• SNR: Signal-to-Noise Ratio
• SVM: Support Vector Machine
• TempRes: Temporal Resolution
• TN: True Negative
• TP: True Positive
• XAI: Explainable Artificial Intelligence
• XGBoost: eXtreme Gradient Boosting
• (XLISEE): Explainable LIME-based Selection of EEG
Electrodes

II. INTRODUCTION
Epilepsy remains a major worldwide health problem, espe-
cially in areas with poor access to healthcare and high
rates of risk factors such as traumatic brain trauma and
infections [1]. There is an urgent need for more effective
treatment and preventive measures due to issues such as
delayed proper diagnosis, subjectivity, and variability in
the clinical interpretation of EEG, and restricted access
to expert care. To this end, developments in portable and
reasonably priced EEG collection devices, real-time seizure
prediction models, and AI-based diagnostic tools provide
encouraging paths toward better disease management and
early identification. Beyond its effects on health, epilepsy has

a major impact on patient quality of life, frequently leading
to psychological discomfort, social isolation, and functional
impairments in daily activities for both patients and their
families [2].
Advanced neuro-imaging techniques, including functional

Magnetic Resonance Imaging (fMRI) [3] and Magnetoen-
cephalography (MEG) [4] have provided valuable informa-
tion, particularly in pinpointing the location of epileptic foci.
fMRI detects changes and fluctuations in cerebral blood flow,
which then indirectly reflect neuronal activity, thus identify-
ing regions involved in seizures. MEG, on the other hand,
measures the magnetic fields generated by neural electrical
activity, offering exceptional temporal and spatial resolution.
However, despite their advantages, these technologies remain
complementary to EEG, which continues to be the gold
standard for the diagnosis of epilepsy. Ultimately, EEG’s ease
of use, accessibility, cost-effectiveness, make it a desirable
tool in the clinical management of epilepsy. This approach
becomes particularly useful for long-term monitoring and
treatment adjustments [5].
By analyzing EEG signals, clinicians can identify epileptic

activity and distinguish between different types of epilepsy.
These include focal epilepsy (FE), where seizures originate
in specific areas of the brain; generalized epilepsy (GE),
which involves widespread electrical discharges in both
hemispheres; and idiopathic epilepsy (IE), which is often
linked to genetic factors and typically presents without
observable structural abnormalities [6].
This diagnostic technique is essential for verifying epilepsy

and tracking the effectiveness of therapy. EEG is used
to identify neurological diseases, including encephalopathy,
brain tumors, and sleep problems, in addition to epilepsy [7].
However, for epilepsy to be effectively managed, the ability
to identify and evaluate brain activity is very important.
Advanced and automated EEG signal processing techniques,
such as those driven by machine learning, have the potential
to greatly improve diagnostic precision and make it possible
to identify epileptic activity early. Modern epilepsy research
and clinical practice must prioritize these developments as
they lead to more individualized treatment plans and better
long-term results for patients.
EEG signals are difficult to analyze due to their compli-

cated patterns and constant variations in amplitude, phase,
and frequency. In the past, neurologists have relied on
visual evaluation of EEG data, which is a laborious and
cognitively taxing process that is prone to errors because
of variations in training and experience [5]. For the precise
diagnosis and successful treatment of epilepsy, it is therefore
essential to provide a reliable and consistent technique for
EEG analysis. EEG-based analysis has been used XAI to
improve physician confidence and strengthen diagnostic
reliability. The gap between clinical decision-making and
artificial intelligence is closed by XAI, which provides
clear, interpretable insights, guaranteeing that AI-driven
diagnoses are still understandable and justified. While XAI
algorithms offer explanations for the diagnosis EEG signal,
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these explanations help to understand how the model makes
its decisions and are not used directly in the diagnostic
process itself.

This study investigates the use of Machine Learning (ML)
techniques for interpreting EEG data to improve the
classification accuracy and enable the early detection of
epileptic seizures. EEG, a non-invasive method for recording
brain electrical signals, plays a crucial role in identifying
abnormalities associated with focal and generalized seizures.
By trainingML algorithms on large EEG time-series datasets,
it becomes possible to accurately classify and anticipate
seizure events. To ensure the outputs are clinically mean-
ingful, XAI methods are incorporated, offering transparent
insights into how decisions are made. A key focus of the
work is on feature extraction, which involves identifying
significant EEG signal attributes to boost classification
performance. Together, these innovations aim to enhance
diagnostic precision and support more individualized treat-
ment approaches, demonstrating the transformative potential
of AI-driven EEG analysis in both medical research and
clinical settings.

While ML and Deep Learning (DL) have demonstrated
exceptional potential in various domains, including activity
recognition, medical diagnostics, and predictive modeling,
their adoption in epilepsy classification remains limited, not
due to a lack of performance, but due to poor interpretability
and lack of transparency in decision-making. In health-
care, transparency is critical–clinicians must understand
how models arrive at their conclusions to ensure reliable,
informed decision-making. Moreover, current EEG-based
approaches often focus on maximizing accuracy while
neglecting to minimize data complexity or explain model
behavior, making them less practical for real-time or low-
resource clinical settings. To address this, XAI enhances
ML-based EEG analysis by providing clear, interpretable
insights into seizure detection, bridging the gap between
computational efficiency and clinical trust. Building on
this, our study introduces a comprehensive framework that
not only improves seizure classification accuracy but also
optimizes EEG data acquisition. By identifying the most
relevant EEG channels for seizure detection, weminimize the
number of required electrodes, simplifying the setup for both
patients and clinicians. This streamlined approach enhances
practicality, making AI-driven epilepsy diagnosis more
accessible, particularly in resource-constrained settings. The
key contributions of this work include:

1) Developing an advanced ML and DL pipeline for
precise epileptic seizure classification.

2) Integrating XAI techniques to highlight critical EEG
channels, reducing complexity while maintaining
accuracy.

3) Improve clinician trust by providing interpretable,
evidence-based insights.

4) Deliver a practical and scalable solution that improves
accessibility and usability in real-world clinical
applications.

By combining cutting-edge ML techniques with explain-
ability, this research advances AI-powered epilepsy manage-
ment, ensuring both technical efficacy and clinical relevance.

The paper is structured as follows: Section II reviews ML
andDL techniques for epilepsy diagnosis, highlighting XAI’s
role in enhancing model transparency and clinical trust while
identifying key research gaps. Section III details the EEG
dataset, including acquisition, pre-processing, and feature
extraction. Section IV outlines the methodological frame-
work, covering model development, XAI integration, and
EEG channel selection. Section V presents the experimental
setup, evaluation metrics, and results, emphasizing clas-
sification accuracy, interpretability, and clinical relevance.
Finally, Section VI summarizes the key findings, discusses
limitations, and suggests future research directions.

III. TERMINOLOGY AND NOTATIONS
We start by defining the key terminology and notation
essential for understanding the proposed method:

1) An electrode, denoted as e, is an electrical conductor
used to acquire brain signals.

2) E is the set of electrodes e of a cap.
3) ς is the set of human beings called subjects.
4) A trial, denoted as T , was a set of signals recorded

using a set of electrodes E , and they corresponded to
the brain activity of a given subject s during an epileptic
seizure or not.

5) The duration of the trial T , measured in seconds,
is denoted by L.

6) A trial belonging to an epileptic seizure, denoted
as η1, represents the EEG signal state associated with
abnormal brain activity during a seizure. Conversely,
η2 corresponds to the EEG signal state of a normal per-
son, reflecting typical brain responses to environmental
objects or events.

7) 9 is the set of data labels η.
8) � is the set of trials t .
9) We defined the function τ as follows:

• τ : �→ ς ×9

• τ (ti) = (s, η)
The τ function associates every trial to a given subject
and a given class label.

10) F represents the statistical features of the EEG signal
and has a dimension ofM.

IV. RELATED WORK
The diagnosis of epilepsy disorders has advanced with the
growth of modern technologies. Several approaches have
been proposed to identify and predict epilepsy, including
traditionalML andDL approaches. TraditionalML [8], based
on algorithms such as Support Vector Machine (SVM), Ran-
dom Forest Classifier (RFC), and k-Nearest Neighbor (kNN),
has shown promising results in terms of classification and
seizure prediction. However, these techniques often rely
on manual feature selection and offer limited interpreta-
tion of the results. On the other hand, DL approaches,
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particularly Convolutional Neural Network (CNN) [9] and
Deep Residual Network (ResNet) [7], have demonstrated
their ability to automatically extract complex features and
handle large datasets, such as EEG signals, providing greater
accuracy and better generalization [10]. Specifically, CNN
architectures are particularly effective in capturing spatial
and temporal dependencies in data [11]. Meanwhile, ResNet
architectures introduce skip connections that help alleviate
the vanishing gradient problem, making it easier to train
deeper networks [12].

Despite these improvements, a significant challenge asso-
ciated with DL algorithms is their inherent complexity, which
complicates the interpretation of how specific features are
extracted from EEG signals. For example,CNN with more
than 10 layers often lack transparency in feature attribution.
This lack of transparency often leads to these models being
viewed as ‘‘black boxes’’, creating obstacles to understanding
their decision-making processes and limiting their reliability
in critical applications.

XAI has become a cornerstone in advancing trust and
transparency in ML systems, particularly in high-stakes
applications such as Brain-Computer Interfaces (BCIs).
Unlike traditional ‘‘black-box’’ models, XAI techniques
provide valuable insights into the decision-making processes
of ML models, allowing users and clinicians to better
understand, validate, and refine model predictions. This
interpretability is crucial in BCIs. applications, where model
decisions can directly influence the diagnosis and treatment
of neurological disorders.

In recent years, the integration of XAI methods in
BCIs has gained significant traction, with these tech-
niques improving the transparency and interpretability of
ML models. This is especially important in fields like
neurological disorder detection, where understanding the
rationale behind model predictions can significantly impact
patient diagnosis, treatment, and outcomes. Numerous stud-
ies have underscored the critical role of XAI in BCIs,
particularly in the context of Alzheimer’s disease, epilepsy,
and motor imagery. For example, one study applied XAI
techniques alongside CNN to track the progression of mild
cognitive impairment to Alzheimer’s disease using high
density EEG. This method revealed which EEG features were
most predictive of disease progression, greatly enhancing
the interpretation and clinical relevance of the model’s
outputs [13].

In the domain of epileptic seizure detection, another
study employed XAI methods, such as SHapley Additive
exPlanations (SHAP) and LIME, to interpret a DL model
designed for seizure detection. By providing transparency
into the relationship between ictal EEG features and model
predictions, these methods allowed clinicians to verify
the model’s decisions and make better informed treatment
choices [14]. Further research investigated the application of
XAI to improve the detection of epileptic seizures from EEG
signals. By interpreting the decisions made by a deep neural
network model, XAI techniques enhanced the transparency

of predictions, enabling clinicians to validate the results more
rigorously [15].
Table 1 provides a concise summary of recent applica-

tions of XAI across various domains in BCIs. The table
highlights specific application areas, the XAI methodologies
employed, and the achieved accuracy where applicable.
Notably, these studies demonstrate the versatility of XAI
in enhancing interpretability for tasks such as Alzheimer’s
disease detection [13], human activity recognition [16],
and epileptic seizure analysis [14], [15], [17]. Additionally,
Sharma and Bollu [18] extend XAImethodologies to emotion
detection, utilizing a variety of tools, including SHAP, LIME,
and Partial dependence plot (PDP). This table underscores
the growing adoption of XAI methodologies to achieve
both high performance and model interpretability in critical
applications.

TABLE 1. Summary of XAI Applications.

V. MATERIALS AND METHODS
Figure 1 presents the proposed architecture, organized into
three essential components that ensure a thorough and
effective analysis of EEG signals. This pipeline effectively
processes EEG data, significantly improving both reliabil-
ity and interoperability. The preprocessing block aims to
improve signal-to-noise ratio (SNR) by removing artifacts
and noise from the signals. The second block focuses on
feature extraction through explainability, which emphasizes
identifying meaningful and interpretable features within the
EEG data. Finally, the third block involves classification,
where advanced ML algorithms are used to categorize the
EEG signals into predefined classes. This allows for accurate
diagnosis and condition detection.

A. PREPOCESSING
The EEG signal contends with two artifact classes of physi-
ological and non-physiological artifacts [19]. Physiological
artifacts (e.g., ocular [0.5–2Hz], muscular [30–60Hz]),
mitigated by ICA with validated component labeling (mne-
icalabel). These artifacts are easier to remove because their
repetitive patterns can be learned during system training.
On the other hand, non-physiological artifacts (e.g., electrode
drift, 50/60Hz noise), which result from the electrode
interface, acquisition system, or environmental factors, are
more challenging to eliminate due to their varied shapes
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FIGURE 1. Architecture of preprocessing and analysis of EEG signals based on XLISEE.

FIGURE 2. Raw and Preprocessed EEG Signals.

and forms. Artifact removal can take place during recording
by instructing users to minimize movements, or afterward
through digital filtering. This filtering can be static, which
applies uniform settings for all users, or dynamic, which is
tailored to individual users. Dynamic filtering is preferred
because it helps achieve consistent accuracy between differ-
ent users.

1) TEMPORAL FILTERING
Initially, a band-pass filter designedwith a Kaiserwinwindow
was employed to effectively suppress noise and constrain
the signal frequencies to the desired range, ensuring optimal
signal quality [20], [21]. The ‘beta=8.6’ was selected to
achieve <0.1 dB pass-band ripple. The following script
resumes the process filter EEG trial.

LISTING 1. Filtering trial T with Kaiser Window FIR Filter.

h[n] represents the filter coefficients derived using the
Kaiser method, and M denotes the filter order. The pass-
band and stop-band frequencies were chosen to match the
characteristics of the EEG signal, ensuring an appropriate
balance between attenuation and preservation of critical
signal components. Next, ICA was conducted to identify
and remove artifacts related to eye movements and muscle
activity. Finally, EMD was employed to further purify the
signal by isolating and removing residual noise components.
This comprehensive preprocessing workflow ensured a clean
and reliable EEG signal for subsequent analysis and feature
extraction.

2) INDEPENDENT COMPONENT ANALYSIS
ICA is a highly effective method for filtering EEG signals
by separating the underlying independent sources. This
allows for the isolation and removal of artifacts such as eye
movements and blinks [22]. ICA enhances the quality of
EEG data without requiring the exclusion of entire signal
segments, thereby preserving the integrity of the recordings.
Research has shown that combining ICA with a high-
pass filter (typically between 1 and 2 Hz) significantly
improves the signal-to-noise ratio and the accuracy of trial
classifications [23]. Furthermore, ICA has proven to be as
effective as traditional methods in correcting ocular artifacts
while maintaining the regarded as a reliable preprocessing
technique for EEG signals, enabling accurate analysis
of event-related potentials and other neurophysiological
metrics.

ICA is particularly effective for decomposing multivariate
signals, such as ongoing EEG data, into their constituent sub-
components. For an EEG signal model without sensor noise,
the relationship can be expressed as:

x = A · s, (1)

where x is the observed signal vector, A is the mixing
matrix, and s contains the independent components identified
by the ICA algorithm. This formulation underscores the role
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of the mixing matrix in linking observed signals to their
independent sources, making ICA a powerful tool for EEG
signal decomposition and analysis. The following structure
presents the Python code for the ICA algorithm.

LISTING 2. Cleaning trial T using ICA.

3) EMPIRICAL MODE DECOMPOSITION
The EMD allows for the processing of non-stationary
and nonlinear signals [24]. The algorithm decomposes a
signal, x[n], into a set of amplitude and frequency modulated
components called Intrinsic Mode Functionss (IMFs). Each
IMF satisfies two conditions:

1) The number of zero crossings must differ by at most
one:

|Z−E| ≤ 1 (2)

where Z is the number of zero crossings, and E is the
number of extrema.

2) The mean envelope condition: The local mean, calcu-
lated as the average of the upper emax[n] and lower
emin[n] envelopes, must be zero.

The EMD algorithm extracts the IMFs iteratively using a
sifting process, defined as follows:

1) Initialize: Set the input signal as: r0[n] = x[n]
2) Envelope Construction: Identify the local maxima and

minima of rk [n] and interpolate them using cubic
splines to form upper and lower envelopes, emax[n]
and emin[n].

3) Mean Computation & Subtraction: Compute the mean
envelope:

mk [n] =
emax[n]+ emin[n]

2
≈ 0

and subtract it from the signal: hk [n] = rk [n]− mk [n].
4) Convergence check: Repeat steps 2 and 3 until hk [n]

satisfies the IMF conditions. The resulting function is
stored as ck [n].

5) Residual update: Compute the residue: rk+1[n] =
rk [n] − ck [n] and use it as the new input for the next
iteration.

6) Termination: The process ends if drk
dn ≥ 0 or ≤ 0

for all n.
Once an IMFs is obtained, the residual signal is computed

by subtracting the sum of all extracted IMFs from the
original signal. This residue then serves as the new input
for further decomposition. The process continues until the
residue becomes a monotonic function or contains at most
one maximum and one minimum. The original signal can
be reconstructed by adding all extracted IMFs along with
the final residue r[n], which represents the remaining low-
frequency component. In EEG signal processing, EMD
is particularly useful for artifact removal, as it isolates
unwanted signal components within specific IMFs. To ensure
accurate EEG interpretation, only the most relevant IMFs
are selected based on the nature of the signal and the
application context [25]. IMFs correspond to distinct fre-
quency bands: lower order IMFs (e.g., IMF1, IMF2) capture
high-frequency components such as noise and muscle arti-
facts, while higher order IMFs (e.g., IMF6, IMF7) capture
low-frequency trends or baseline drift. These IMFs effec-
tively represent the brain’s characteristic frequency rhythms
delta, theta, alpha, and beta–which are critical for EEG
analysis [26].
By selecting the appropriate IMFs, irrelevant and noisy

components can be excluded, ensuring the retention of phys-
iologically meaningful signals. This refined IMF selection
process enhances the reliability of features used for machine
learning and classification tasks, ultimately improving the
accuracy of automated EEG-based diagnostics [27], [28].

B. FEATURES EXTRACTION
This subsection presents the three key stages of the proposed
XLISEE pipeline, designed to improve both the interpretabil-
ity and performance of EEG-based epilepsy classification.
First, statistical features are extracted from preprocessed
signals to quantify their temporal characteristics. Then,
the LIME algorithm is applied to analyze the influence
of each EEG channel on the model predictions. Finally,
an adaptive channel selection strategy is introduced to retain
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LISTING 3. Decomposition of trial T using EMD.

only the most relevant electrodes, effectively reducing data
dimensionality while preserving diagnostic information.

1) STATISTICAL FEATURE EXTRACTION
Extracting statistical features from signals is a vital step in
signal processing and pattern recognition tasks, especially
in applications like EEG analysis. Temporal features, such
as kurtosis K, play an important role in characterizing the
statistical properties of signals [29]. Kurtosis measures the
‘‘tailedness’’ or peakedness of the probability distribution,
indicating whether the signal contains extreme values or
deviations from the mean–crucial for identifying anomalies,
bursts or transient events often linked to underlying physio-
logical or pathological brain activity, such as epilepsy.

Statistical features are computed using the following
equation:

K =
1
N

∑N
i=1(T (i, e)− µ)4(

1
N

∑N
i=1(T (i, e)− µ)2

)2 (3)

where:
• T (i, e) represents the i-th sample of the trial T ,
• µ is the mean of the T in electrode e,
• N is the total number of samples in the trial T .

This equation quantifies the degree of variation in a
signal, helping to capture important characteristics that may
otherwise be overlooked.

2) MODEL INTERPRETABILITY WITH LIME
Following the estimation of the statistical features, XLISEE
methods appeal to LIMEs to identify the most influential
channels, highlighting their impact on the diagnostic process.
LIMEs is a method developed to make ML models inter-
pretable while remaining model-agnostic [30]. It defines the
model explanation using the following formula:

ξ (x) = argmin
g∈G

L(f , g, πx)+�(g) (4)

where G represents a set of interpretable models, and g
denotes the complexity of the explanation, �(g) indicates the
complexity of the explanation g ∈ G. The aim is to minimize
�(g) so that simpler models can be more easily interpreted.

f (x) is the probability that x belongs to a certain class,
we further use πx(z) as a proximity measure between an
instance z to x, to define the locality around x. Finally, the
term L(f , g, πx) quantifies how well the explanatory model g
matches the predictions of the original model, referred to as
fidelity. Local fidelity requires that the explanation accurately
captures the behavior of the classifier around the predicted
instance without delving into the model’s internal workings,
thus ensuring a model-agnostic approach.

Algorithm 1 Fidelity-Interpretability Trade-off Using
XLISEE
1: Require: classifier f , number of samples N
2: Require: class of interpretable models G
3: z← ∅
4: for i == 1toN do
5: z ← locality_around(x)

// Generate perturbed sample z around x
6: πx ← πx(z) // Compute proximity measure
7: end for
8: �(g)← measure_complexity(g)
9: ξ (x) ← argming∈G (L(f , g, πx)+�(g))

// Find the optimal explanation
10: Return: ξ (x)

To enhance interpretability, the contribution scores from
XLISEE are categorized in Table 2, showing their relative
influence on classification.

TABLE 2. Clinical Interpretation of EEG Channel Scores Based on XLISEE
Contribution Levels.

3) ADAPTIVE EEG CHANNEL SELECTION
In this study, the XLISEE method is proposed to identify the
electrodes specific to each class, whether normal or epileptic.
We apply the scores generated from the LIME analysis to
retain only the most diagnostically relevant electrodes per
class. This step discards low-impact or noisy channels, reduc-
ing computational cost without sacrificing classification
performance. Our contribution lies in eliminating channels
with no significant influence on either class, thereby reducing
processing time and simplifying the classification step.

The proposed XLISEE pipeline offers a principled
and interpretable solution to select the most diagnosti-
cally relevant EEG channels. Combining kurtosis-based
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feature extraction with LIME-based model interpretation
enables a data-driven understanding of channel significance.
The adaptive selection phase retains only channels with
a meaningful impact on classification, thereby enhanc-
ing both performance and computational efficiency. This
modular and transparent pipeline promotes clinical trust
and improves deployment feasibility in real-time EEG
analysis.

Algorithm 2 Explainable Adaptatif Channel Selection
(EACS)
1: Input: T (E,L) ∈ �

2: Output: T (ϵn,L)
3: C ← ∅ // Initialize empty set for weights
4: weights ← weights_class

// Weights for the class of interpretable models
5: for each winweights do
6: threshold ←

1
N

∑N
i=1weightsi

// Calculate threshold as the average of weights
7: if w > 0 then
8: C ← C ∪ {w} // Add weight
9: else if |w| > threshold then
10: C ← C ∪ {w} // Add weight if absolute value exceeds

threshold
11: end if
12: end for
13: for each C inE do
14: T ← [X1,X2] // Concatenate trials from both classes
15: end for
16: Return: T // Return the concatenated set of trials

C. CLASSIFICATION BLOCK
In this section, we provide a detailed analysis of the
classification algorithms used in this study. Both SVM
and Linear Discriminant Analysis (LDA) techniques rely
on hyperplane separation for classification. SVM is a
supervised learning method that analyzes data to identify
patterns, making it applicable to both classification and
regression tasks. In this study, we chose a linear SVM
over a non-linear variant, as the latter tends to be slower
in discriminating between classes [31]. LDA, an extension
of Fisher’s linear discriminant, uses the mean vectors and
covariance matrices of feature vectors for each class. Similar
to SVM, LDA employs a hyperplane to separate classes,
seeking to minimize within-class variance while maximizing
between-class variance [31].

The Random Forest Classifier (RFC) combines multiple
decision trees, each trained on a random subset of the
data. This ensemble approach helps reduce overfitting while
enhancing the model’s robustness and accuracy. Decision
trees operate by splitting data into subsets based on input fea-
ture values, making them intuitive and easy to interpret, which
aids in understanding the decision-making process [32].
eXtreme Gradient Boosting (XGBoost) is an advanced
boosting algorithm that iteratively optimizes residual errors

by adjusting the predictions of weak decision tree models.
This iterative approach enables XGBoost to achieve high
accuracy, especially in complex data scenarios [33]. Finally,
k-Nearest Neighbors (kNN) is one of the simplest ML
algorithms, classifying an object based on the majority vote
of its k-nearest neighbors [34].

LISTING 4. Listing of Classifiers.

VI. RESULTS
A. DESCRIPTION OF THE DATASET
EEG data were gathered from patients in Guinea-Bissau
hospital using headsets manufactured by EMOTIV Inc.
The fourteen-channel EEG system was set to sample at a
frequency of 128 Hz with 16-bit resolution. Participants
were instructed to sit on a chair for five minutes while
wearing the wireless headset. Two specific sensors were
designated for reference and grounding: the ‘‘common
mode sense’’ (CMS) sensor, located at P3, served as
the active reference for absolute measurements, and the
‘‘driven right leg’’ sensor, located at P4, was used for noise
reduction through feedback. Electrodes were positioned on
the scalp following the International 10–20 system at the
following sites: anterofrontal (AF3, AF4), frontal (F3, F4,
F7, F8), frontocentral (FC5, FC6), temporal (T7, T8), parietal
(P7, P8), and occipital (O1, O2). The data were stored on a
laptop connected via Bluetooth [35].

TABLE 3. Summary of the Dataset.
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B. PERFORMANCE EVALUATION CRITERIA
An evaluation of the proposed system is performed to
estimate model performance metrics using accuracy (A),
precision (P), recall (R), and F1 score (F − 1). These
measurements are based on the parameters of the standard
confusion matrix: True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN) [7], [36].
Furthermore, (MCC) is included as a robust evaluation
criterion. The MCC provides a balanced measure of the
quality of binary classifications, even in the cases of
unbalanced datasets, considering all the parameters of the
confusion matrix [37].

C. ANALYSIS OF CHANNELS SELECTION ALGORITHMS
Figure 3 shows the contributions of individual electrodes
to the predicted probabilities for normal and epilep-
tic conditions. Significant variations in probabilities are
observed for certain showed notable score increases/
decreases. For example, the electrode F4 exhibits the largest
increase in the probability of normality 4.26, emphasizing its
importance in distinguishing non-epileptic states. Similarly,
electrode FC5 contributes significantly to predicting normal-
ity with an increase of scoring by about 4.08. In contrast,
the scoring of the electrodes AF4 reaches 86.10−3 and
T88.69 are notable for their positive contributions to the
probability of epilepsy, highlighting their role in identifying
epileptic conditions.

Interestingly, some electrodes, such as F8 and F3, show
moderate increases in normality, while others, like F7,
and O2, contribute marginally to predicting epilepsy. This
suggests a diverse pattern of contributions, with frontal and
central regions playing a crucial role in classification. This
observation aligns with the analysis of electrodes contributing
significantly to the prediction of either normal or epileptic
states. Specifically, electrodes AF3, O2, F3, and AF4 played
a prominent role in enhancing the probability for both classes
(epilepsy and normal).

To further refine the analysis, electrodes contributing
to only one class will be analyzed. The differences in
the weights, associated with each electrode for the two
classes, are calculated and determine the mean of these
differences, denoted byM. The electrodes with scores below
M are disregarded, as they do not contribute significantly to
capturing the brain activities. For instance, electrodes T7, P7,
P8, and O1 are removed due to their negative influence on
both classes. Moreover, electrodes F4 and F8 are excluded
since their absolute weights fall below the threshold M
of 0.0156, highlighting the need to prioritize electrodes with
higher contributions for more accurate classification.

Figure 4 highlights the spatial distribution of key features
in EEG signal classification, illustrating the most relevant
electrodes for each class. This suggests that specific cortical
regions are more sensitive to epileptic or normal activity,
enhancing both the interpretability and accuracy of the
model. Selecting 8 key electrodes (AF3, AF4, F7, F3, FC5,
FC6,T8,O2) reduces setup time by 43% compared to full

14-channel systems, easing adoption in resource-limited
clinics.

D. ML CLASSIFICATION RESULTS
It is worth mentioning that the performance evaluation of
the ML models, including RFC, SVM, kNN, LDA, Decision
Tree Classifier (DTC), and XGBoost, was carried out using
10-fold cross-validation. The results demonstrated consider-
able similarity across all models, showing the importance of
the proposed XLISEE to keep the useful information.

The results presented in Table 6 and Figure 5 demonstrate
the significant impact of the proposed method, which
combines effective data preprocessing with the integration
of XLISEE approaches. Initially, when using raw EEG
signals, the models showed limited performance, achieving a
maximum accuracy of only 74.19% with the SVM classifier.
This reflects the inherent complexity of EEG signals, which
are often noisy and difficult to process. However, with
improved preprocessing techniques, the accuracy increased
to 98.34% when using the XGBoost classifier. Moreover, the
incorporation of XLISEE led to a remarkable advancement in
the results.

The EACS based on XLISEE approach for selecting
the most relevant EEG channels. The XLISEE enabled the
explicable identification of the most informative channels,
reducing noise and optimizing the contribution of data to the
modeling process. Through this approach, the performance
of the model reached higher results, SVM and kNN achieved
an accuracy of 99.76%, accompanied by metrics such as
MCC achieves of 1.0, alongwith 100% precision, Sensitivity,
specificity and F1-Score.

The consistently high performance metrics obtained across
multiple classifiers (e.g., SVM, kNN) demonstrate the
effectiveness and generalizability of the XLISEE-based EEG
channel selection strategy. These results confirm that the
proposed method successfully reduces data complexity while
retaining essential discriminative information necessary for
accurate epilepsy diagnosis. Of particular importance is the
attainment of a perfect MCC equal to 1, indicating a complete
agreement between predicted and true class labels and the
absence of false classifications. This outcome highlights
the reliability of the selected features and underscores the
method’s potential for high-stakes clinical applications where
diagnostic precision is paramount. Moreover, the reduction in
computational load, resulting from the use of explainability-
guided feature selection, supports the deployment of the
proposed system in real-time environments, such as embed-
ded or wearable EEG -based monitoring devices. This aligns
closely with one of the primary objectives of this study:
to develop an interpretable, efficient, and clinically viable
solution for epilepsy detection.

E. VALIDATION OF RESULTS BY LEAVE-ONE-OUT
CROSS-VALIDATION
The Leave-One-Out Cross-Validation (LOOCV) is a method
used to evaluate the performance of a ML model. The dataset
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FIGURE 3. Explanation of XLISEE algorithm of each class. Magnitude = Importance level (match with Table 2.

TABLE 4. Performance of classification models on the raw dataset without any pre-processing.

TABLE 5. Performance of classification models on the raw dataset with the proposed preprocessing method.

TABLE 6. Performance of classification models on the raw dataset with the proposed XLISEE method.

contains� trials. In each iteration, one epoch is removed to be
used as the test set, while the remaining card(�)− 1 epochs
are used to train the model. This process is repeated card(�)
times, so that each epoch serves exactly once as the test
set [38].

The results obtained from LOOCV show overall high
performance for all tested models. The RFC Classifier
achieves the highest average accuracy with a score of
99.83%, closely followed by the SVM, kNN, and XGBoost,
each achieving an average accuracy of 99.67%. The DTC
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FIGURE 4. Analysis of Electrode Positions with the XLISEE Approach.

FIGURE 5. Comparison of results of the proposed method.

Classifier reaches a slightly lower accuracy of 99.50%, while
the LDA shows lower performance with an average accuracy
of 97.34%. Using the RFC, LOOCV accuracy (99.83%)
slightly outperformed 10-fold cross-validation (99.28%),
confirming the model’s robustness to data partitioning.

To further validate the robustness of the XLISEE, the
implementation of a 10-fold validation protocol to rigor-
ously address concerns about overfitting and data leakage.
From this perspective, we validate the proposed approach
using ten EEG recordings, including five from epileptic
and five from normal subjects. The classification results
demonstrated strong performance, with accuracies ranging
from 78.43% to 100% for epileptic subjects and between
87.33% and 99.33% for normal subjects. These findings
confirm that the proposed channel selection method is
effective across different datasets and classification scenarios,
further supporting its reliability and potential use in real-
world clinical settings.

F. KEY RESOURCES
• EEG Guinea-Bissau hospital.
• Python 3.9: RRID:SCR_008394, with statsmodels
(RRID:SCR_015794), MNE-Python (RRID:SCR_
005972), NumPy 1.19 (RRID:SCR_008633) and Scikit-
learn 0.23.2 (RRID:SCR_002577).

Fully reproducible Python code (XLISEE) is available at
GitHub https://github.com/jridiafifa/Epilepsy_Approch.git.

All analyses were independently reproduced by a second
analyst using the same code and data partitions, yielding
equivalent performance metrics.

VII. DISCUSSION
Table 7 presents a comparative analysis of our proposed
method against previous studies in EEG-based classification.
Each study differs in dataset selection, preprocessing tech-
niques, feature extractionmethods, classificationmodels, and
XAI integration.

The study by Gao et al. [39] utilized DWT for preprocess-
ing, with feature extraction based on FFT. Using the Bonn
dataset, this approach achieved an accuracy of 92.5% with
a PRN.

Srinivasan et al. [40] applied a 3D deconvolutional autoen-
coder (3D-DCAE) for feature extraction on the CHB-MIT
dataset. Despite the absence of explicit preprocessing steps,
this method attained an impressive accuracy of 99.08% using
a BiLSTM. However, although this approach demonstrated
high predictive performance, the lack of XAI components
limits its applicability in clinical settings, where model
interpretability is crucial for building trust.

Rathod et al. [41], using a band-pass filter and STFT
on the Temple University Hospital dataset, employed a DL
algorithm with the SHAP explanation method, reaching an
accuracy of 97.55%.

Abirami et al. [42], using a notch filter combined with a
high-pass filter on the TUSZ dataset, applied EMD for feature
extraction and employed an XGBoost classifier, achieving an
accuracy of 88.21%.

Sadiq et al. [43], working with the Bonn dataset, performed
normalization followed by PSO for feature selection and used
a Hellinger distance-based classifier, reaching an accuracy
of 96.25%.Several studies have utilized the Guinea-Bissau
EEG dataset to evaluate different approaches for neurological
signal classification.

Li et al. [44],applied a Butterworth filter followed by
DWT for preprocessing and extracted entropy-basedmatrices
derived from brain rhythms. These were classified using a
polynomial kernel SVM, yielding an accuracy of 75.47%.

Alyas et al. [45], adopted a traditional preprocessing
pipeline with a band-pass filter and statistical feature extrac-
tion, employing an XGBoost classifier, which improved
accuracy to 79.45%.

In contrast, Kabir et al. [46] explored DL models by
implementing and comparing four different architectures:
Chronological Network (ChronoNet), Convolutional Neu-
ral Network - Long Short-Term Memory (CNN-LSTM),
Inception-based Convolutional Recurrent Neural Network
(IC-RNN), Convolutional Deep Recurrent Neural Network
(C-DRNN), reporting significantly higher accuracies of
94.6%, 92.5%, 91.8%, and 88.6%, respectively.

In comparison, our proposed framework, based on
XLISEE approach, uses an advanced preprocessing that com-
bined a Kaiserwin band-pass filter, independent component
analysis (ICA), and empirical mode decomposition (EMD).
The features are extracted using the kurtosis value, and
a machine learning algorithm is paired with the XLISEE
method for channel selection. Our proposed method outper-
forms previous work with an accuracy of 99.76%, sensitivity,
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TABLE 7. Comparison of the Proposed Method with Previous Studies on Various EEG Datasets. Bold Accuracy Values Indicate Best Performance.

specificity, precision, F1-score of 100%, and MCC of 1.0,
highlighting its efficiency and robustness for EEG signal
diagnosis.

To further validate the effectiveness of our proposed mod-
els, we conducted a statistical comparison with the existing
approaches applied to the Guinea-Bissau data. A statistical
value was applied to improve our results using a T-test [47].
It is one of the most popular statistical techniques used to
test the mean difference between two groups. The t-value is
the difference between the mean accuracy of the literature
study and the mean accuracy of our approach. To confirm
the performance of our approach based on XLISEE with
ML algorithm, we obtain a t-value = 9.20 and p = 2.2 10−5.
Additionally, the method demonstrated practical feasibility,
with a runtime of 600s and a stable memory footprint of
37.88 MiB, supporting its scalability to larger datasets.

The EACS based on XLISEE is designed to identify the
EEG channels most impacted by epileptic activity. XLISEE
is a novel channel selection approach that integrates XAI
techniques–particularly the LIME algorithm–to assess the
relative importance of each EEG channel. Unlike traditional
XAI-based methods that are used solely for post-hoc
interpretation, XLISEE embeds these explanations directly

into the EACS selection process, enabling the identification
of the most informative electrodes while offering insight into
the most active brain regions.

This approach not only reduces data dimensionality
but also maintains high classification performance and
significantly lowers computational complexity and runtime.
These attributes make EACS based on XLISEE particularly
valuable in real-world applications where both interpretabil-
ity and computational efficiency are critical. By retaining
only the most relevant channels, the method enhances the
accuracy of the classification algorithms while eliminating
irrelevant electrodes, thus streamlining signal processing and
supporting the identification of class-specific brain regions.

The proposed XLISEE method, despite its strong per-
formance, has some limitations. First, its computational
complexity could make processing times longer. This might
be avoided by employing hardware accelerators such as
a Field Programmable Gate Array (FPGA) or Graphical
Processing Unit (GPU). The method’s generalizability to
other EEG datasets under other settings has not yet been
confirmed, despite the fact that it demonstrates good accuracy
on the present dataset. Future research will concentrate on
maximizing effectiveness, verifying on a variety of datasets,
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and investigating DL architectures for feature learning that
maintain interpretability. Furthermore, we intend to look
at combining XLISEE with wearable EEG devices for
applications involving real-time brain monitoring.

In this study, we focused on statistical features such as
mean, standard deviation, variance, kurtosis, and skewness
due to their efficiency and effectiveness in EEG classification.
This supports our goal of creating a lightweight, scalable
solution for real-time epilepsy diagnosis in resource-limited
clinical settings. While these features performed well,
adding spectral, entropy, or wavelet features could boost
accuracy and robustness. Our modular framework allows
easy integration of these advanced techniques in future work,
broadening applicability and improving generalization.

In addition to the reported results, we recognize the
importance of validating the proposed framework in more
diverse and realistic contexts. To this end, we expanded
our analysis to include additional comparative baselines
against state-of-the-art channel selection and feature extrac-
tion methods, as well as an ablation study to quantify
the contributions of the LIME-based channel ranking and
channel reduction components. Furthermore, we evaluated
XLISEE in a real-world-inspired scenario using a subset
of 10 EEG recordings containing both epileptic and non-
epileptic individuals, demonstrating consistent performance
across different data distributions. This robustness suggests
strong potential for deployment in practical settings. Future
work will extend this validation to experiments involving
human subjects in clinical or research environments, contin-
gent upon obtaining the necessary ethical clearance from a
recognized Institutional Review Board (IRB) or an equivalent
national/institutional ethics committee. Such real-world trials
will provide deeper insight into the method’s operational
reliability and clinical impact.

VIII. CONCLUSION
This paper proposes a method with comprehensive validation
to classify EEG data into epileptic and non-epileptic groups.
Using EEG data, the creation of a system based on XAI
methodologies significantly advances the field of epilepsy
diagnosis and categorization. With this method, the EEG
channels that are most important for differentiating between
signals from epileptics and those from non-epileptics are
identified. XLISEE significantly reduces electrode setup time
by reducing the number of channels required, for example,
from 14 to 8. As a result, the amount of time clinicians need
to prepare is reduced by an estimated 43%. The results and
discussion section highlights the comparative performance
of several ML models in the classification of EEG signals.
Among them, the SVM and kNN models demonstrated the
highest classification accuracy at 99.76%. Other models,
including RFC, XGBoost, and DTC, also performed well,
achieving accuracies up to 99.53%. Notably, all classifiers
reached a MCC of 1.0, reflecting perfectly balanced predic-
tive outcomes even in the presence of possible class imbal-
ances. These outcomes emphasize the effectiveness of the

proposed EEG signal processing framework, particularly the
use of XLISEE-based channel selection, in improving both
model performance and interpretation. Our system improves
trust and dependability in its application by combining
explainability strategies with cutting-edge ML techniques to
produce predictions that are incredibly accurate as well as
a clear and understandable framework for comprehending
its decision-making process. Despite achieving excellent
accuracy, XLISEE’s performance onmulti-ethnic or pediatric
groups has not yet been evaluated. These holes will be filled
by future research.

DATA AVAILABILITY
The data used in this study come from a publicly available
dataset accessible online. This dataset was designed to
support research in the field of EEG signal analysis and
is widely used by the scientific community. The data have
been anonymized to ensure participant confidentiality and are
accompanied by comprehensive documentation detailing the
collection methods, sample characteristics, and experimental
protocols. Access to this dataset is free and can be obtained
via https://zenodo.org/records/1252141
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