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Abstract—Epilepsy is a chronic neurological disorder
characterized by recurrent seizures caused by abnormal
electrical activity in the brain, for which timely and accurate
automated detection is essential for effective clinical
management. Manual Electroencephalography (EEG)
interpretation is labor-intensive and subject to inter-expert
variability, highlighting the need for automated, reliable, and
clinically deployable diagnostic systems. This study proposes
a hybrid Bidirectional Long Short-Term Memory-Relevance
Vector Machine (BiLSTM-RVM) framework that combines
a Bidirectional Long Short-Term Memory (BiLSTM)
network with a Relevance Vector Machine (RVM) for
automated epileptic seizure detection from
Electroencephalography (EEG) signals. The proposed
framework explicitly addresses four Kkey challenges:
inter-subject  generalization, model interpretability,
cross-database robustness, and resistance to signal
degradation. Evaluated on the University of California,
Irvine (UCI) Epileptic Seizure Recognition Dataset, the
model achieves an accuracy of 99.57% and an AUC of
99.97%. A Leave-One-Subject-Out (LOSO) cross-validation
strategy is employed to evaluate inter-subject generalization,
while cross-database assessment on the Children’s Hospital
Boston-Massachusetts Institute of Technology (CHB-MIT)
Scalp EEG Database confirms strong robustness across
diverse acquisition conditions and patient populations.
Furthermore, Gaussian noise sensitivity analysis is conducted
to assess model robustness under simulated real-world EEG
artifacts. SHapley Additive exPlanations (SHAP) are
employed to provide temporal interpretation of model
decisions, enabling clinically meaningful identification of
EEG segments associated with seizure activity. Overall, the
results demonstrate that the proposed BiLSTM-RVM
framework  provides an  accurate, generalizable,
interpretable, and noise-resilient solution for
computer-assisted epilepsy diagnosis.
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I. INTRODUCTION

Epilepsy is a chronic neurological disorder
characterized by recurrent, unpredictable seizures arising
from abnormal electrical activity in the brain, manifesting
as brief losses of consciousness or severe convulsions [1].
Affecting more than 60 million people worldwide, it ranks
among the most prevalent and debilitating neurological
conditions [2, 3], with significant consequences for
patients’ emotional, social, and cognitive well-being.
Despite considerable therapeutic advances, approximately
30% of patients remain refractory to treatment,
underscoring the urgent need for more effective diagnostic
and monitoring approaches [4—6].

Electroencephalography (EEG) remains the primary
clinical tool for epileptic seizure detection and monitoring,
providing critical information about brain electrical
activity and seizure patterns [7]. However, manual analysis
of EEG recordings is labor-intensive and heavily
dependent on expert neurologists, making it prone to
inter-expert variability, particularly during long-term
monitoring sessions or when large data volumes are
involved [8, 9]. These limitations have motivated the
development of automated seizure detection methods
aimed at improving both diagnostic efficiency and clinical
reliability.

Recent advances in deep learning have significantly
improved biomedical signal analysis, particularly for
automated seizure detection [10, 11]. Convolutional
Neural Networks (CNNs) excel at extracting
discriminative spatial features, while Recurrent Neural
Networks (RNNs), such as Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) models,
effectively capture temporal dependencies inherent in
EEG signals [12—-14]. Building on these capabilities, a
growing body of research has focused on improving
automated epileptic seizure detection and continuous
patient monitoring.
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In this work, we propose a hybrid BiLSTM-RVM
framework combining a Bidirectional Long Short-Term
Memory (BiLSTM) network with a Relevance Vector
Machine (RVM) for automated epileptic seizure detection
from EEG signals. The BiLSTM models temporal
dependencies in both forward and backward directions,
effectively capturing the complex dynamics of EEG
sequences, while the RVM provides a sparse, probabilistic
classifier that enhances generalization particularly in
imbalanced binary classification settings.

The main contributions of this work are summarized as
follows:

e« We propose a hybrid BiILSTM-RVM framework for
automated epileptic seizure detection from EEG
signals, combining deep temporal feature learning with
probabilistic classification.

e The model Ileverages bidirectional recurrent
architectures to extract discriminative temporal
features from EEG sequences, capturing long-range
dependencies and complex non-stationary dynamics.

e A sparse Bayesian Relevance Vector Machine (RVM)
is integrated to enhance robustness, probabilistic
interpretability, and generalization, while preserving a
compact model structure.

e The proposed framework explicitly addresses four key
challenges in EEG-based learning systems:
inter-subject generalization (assessed via LOSO
cross-validation), cross-database robustness, clinical
interpretability the latter supported by SHapley
Additive exPlanations (SHAP) and robustness to signal
degradation, evaluated through Gaussian noise
sensitivity analysis.

e Extensive experiments on publicly available EEG
benchmarks demonstrate that the proposed model is
robust, highly generalizable, and competitive with
state-of-the-art methods across intra-database,
inter-subject, and cross-database evaluation settings.

The remainder of this paper is organized as follows.
Section II reviews related work on epileptic seizure
detection. Section I1I describes the materials and methods.
Section IV presents the experimental results. Section V
discusses the strengths and limitations of the proposed
system. Finally, Section VI concludes and outlines
directions for future research.

II. LITERATURE REVIEW

Automated epileptic seizure detection from EEG signals
has attracted significant research interest in recent decades.
Existing approaches can be categorized into three groups:
traditional machine learning methods, deep learning
techniques, and hybrid frameworks. Although these
methods have shown promising results, they exhibit
notable limitations in terms of feature representation,
computational ~ complexity, interpretability,  and
cross-subject generalization. This section critically
reviews representative works from each category, with
emphasis on their key limitations and the challenges that
motivate the proposed BILSTM-RVM framework.

A.  Traditional Automatic Detection Methods

Traditional approaches rely on manual extraction of
time- and frequency-domain features from EEG signals,
followed by classification using conventional algorithms
such as Support Vector Machines (SVM) or k-Nearest
Neighbors (kNN). However, these methods are sensitive
to noise and often fail to generalize effectively, owing to
the complex and non-stationary nature of EEG signals.

An epileptic seizure detection method based on sparse
multiscale Radial Basis Function (RBF) networks
combined with Fisher vector encoding was proposed in
Ref. [15]. EEG signals were transformed into
time-frequency representations, and dimensionality
reduction techniques were applied to extract Gray-Level
Co-occurrence Matrix (GLCM) and Fisher Vector (FV)
descriptors, subsequently classified using an SVM.
However, its high computational cost and multi-stage
processing pipeline rendered this approach unsuitable for
real-time clinical applications.

Several studies have investigated wavelet-based
approaches for epileptic seizure detection. In 2019,
nonlinear features were combined with Discrete Wavelet
Transform (DWT) decomposition to improve epileptic
seizure detection performance [16]. However, reliance on
manually selected features limited adaptability and
neglected long-term temporal dependencies between EEG
segments. In 2020, a DWT-based multiscale framework
was introduced [17], in which a genetic algorithm was
employed to select the most relevant features from 54
wavelet coefficients for epileptic seizure classification.
Despite improved performance, this approach remained
sensitive to parameter tuning and computationally costly.

In 2021, SMOTE and ADASYN oversampling
techniques were applied to DWT-extracted features to
address class imbalance [18]. Although detection
performance improved, synthetic oversampling introduced
potential statistical bias and raised concerns regarding
generalization to real clinical data. In 2022, combinations
of DWT-derived features with multiple -classifiers
including KNN, SVM, Naive Bayes, and decision trees
were evaluated [19], revealing a strong dependence on
manual feature engineering and an inability to capture
complex temporal dependencies. In the same year,
classification accuracy was further improved using SVMs
and multilayer neural networks [20]. However, evaluation
on controlled datasets limited the clinical robustness and
scalability of these methods.

In addition to wavelet-based approaches, several studies
have investigated advanced mathematical tools to further
enhance epileptic seizure detection. In 2021, the
Hilbert-Huang transform was employed in conjunction
with an extreme learning machine to capture the nonlinear
characteristics of EEG signals, leveraging instantaneous
frequency and amplitude information at each time
point [21]. However, the effectiveness of this approach
was contingent on the stability of empirical mode
decomposition, which remains highly sensitive to noise.

In 2022, an epileptic seizure detection method based on
sparse representations on Riemannian manifolds was
introduced [22], in which EEG signals were modeled using
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covariance matrices projected into a Hilbert space and
reconstructed through a Stein kernel. Although
theoretically robust, this approach is hindered by high
computational and mathematical complexity, limiting its
practical applicability in real-time processing scenarios.

In 2024, an enhanced DWT-based feature extraction
framework was proposed to improve discriminative
capability [23]; however, reliance on handcrafted features
and the absence of an explicit mechanism for modeling
long-term temporal dynamics fundamentally constrained
its applicability. In the same year, an SVM-based method
achieved 92% classification accuracy [24], though
limitations in robustness and computational efficiency
remained unresolved.

In 2025, a random forest-based epileptic seizure
detection system was proposed, combining statistical and
spectral features extracted from EEG signals [25]. The
method achieved 95% accuracy with high precision and
recall. Although robust and interpretable, it still relies on
manual feature engineering, fails to capture long-term
temporal dependencies, and remains limited to epileptic
seizure detection tasks.

These limitations particularly the dependence on
handcrafted features and the inability to model long-term
temporal dependencies have motivated the shift toward
deep learning-based methods, which enable automatic
extraction of discriminative EEG representations without
relying on manual feature engineering.

B. Deep Learning-Based Methods

To overcome the inherent limitations of traditional
methods, deep learning-based approaches have emerged as
a powerful alternative, enabling the automatic learning of
hierarchical and discriminative representations directly
from raw or minimally preprocessed EEG data. Among
these approaches, Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM) networks, and their
bidirectional variants (BiLSTM) have been widely
adopted for epileptic seizure detection owing to their
ability to capture long-range temporal dependencies while
improving both detection accuracy and model robustness.

In 2023, the Deep-EEG model (DCAE-ESD-BiLSTM),
which combines a deep convolutional autoencoder with a
BiLSTM network, was proposed [26], achieving an
accuracy of 99.8% and an Fl-score of 99.6% on the
CHB-MIT and internal datasets, respectively. However, its
high architectural complexity and substantial data
requirements raised concerns regarding computational
efficiency and practical deployment. In the same year,
several RNN variants, including LSTM, BiLSTM, and
stacked LSTM architectures, were evaluated on the
CHB-MIT dataset for seizure prediction [13]. The results
confirmed the superiority of BILSTM, which achieved an
accuracy of 89.78% and a specificity of 92.20%.
Nevertheless, the performance remained inferior to that of
more complex hybrid architectures, particularly for
preictal epileptic seizure detection, highlighting the need
for further optimization and complementary classification
strategies.

In 2024, a CNN-based model leveraging both spatial
and temporal characteristics of EEG signals was proposed
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for epileptic seizure detection [8], achieving an accuracy
of 98.52% on a public benchmark dataset. Despite this
strong  performance, the  approach  remained
computationally intensive and required large amounts of
training data, while its robustness across subjects and
under noisy EEG conditions was not fully established.
Furthermore, its limited interpretability may hinder
clinical adoption.

In 2025, a micro-capsule network was proposed for
automated seizure detection from single-channel EEG
signals [7], employing dimensional transformation and
feature encoding to capture hierarchical spatial
relationships. The method outperformed traditional CNNs
and classical machine learning models; however, it did not
explicitly capture long-term temporal dependencies and
remained confined to epileptic seizure detection, without
early prediction capability. A Graph Convolutional Neural
Network (GCNN) was explored for epileptic seizure
detection, explicitly encoding spatial dependencies
between EEG electrodes while requiring minimal
preprocessing [27]. This approach achieved 98.64%
accuracy on the CHB-MIT dataset; nevertheless, its
inter-subject  generalization  capability =~ remained
insufficiently validated. In addition, a Neural Ordinary
Differential Equations (NODE)-based approach was
proposed to model EEG signals in continuous time,
integrating a feature extraction module and an
attention-based  fusion mechanism to  improve
classification performance [28]. However, this method
entailed high computational cost and strong reliance on
solver selection and associated hyperparameter tuning.

An end-to-end multi-view deep learning model was
designed to detect brain anomalies from multichannel EEG
signals by combining unsupervised reconstruction with
supervised detection [29]. This framework leveraged an
autoencoder to capture inter-channel correlations and
incorporated a channel selection mechanism to retain the
most informative inputs. Nevertheless, this approach was
constrained by high computational complexity, substantial
annotated data requirements, limited interpretability, noise
sensitivity, and poor generalization to unseen populations
or clinical conditions.

Overall, despite their strong predictive performance,
deep learning-based approaches continue to suffer from
high computational complexity, substantial data
requirements, and insufficient robustness to EEG noise
and inter-subject variability with clinical interpretability
remaining a persistent challenge.

C. Hybrid Approaches

The growing complexity of EEG signals, combined
with the limitations of conventional machine learning
models, has motivated the development of hybrid
approaches. These methods integrate convolutional,
recurrent, and signal-processing components to jointly
improve epileptic seizure detection accuracy and
robustness.

In 2023, several hybrid frameworks were proposed. A
fuzzy logic-based model was introduced to handle EEG
nonlinearities [30]. Its shallow architecture, however,
restricted its ability to capture long-term temporal
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dependencies. A 1D-CNN-BiLSTM model combined
with K-means Synthetic Minority Over Sampling
Technique (SMOTE) for class balancing was also
proposed [31]. Although detection performance improved,
the method remained computationally expensive and
sensitive to residual class imbalance, limiting its
scalability.

Multiple architectures exploiting Continuous Morlet
Wavelet Transform (CMWT)-based scalograms were
integrated into CNN, CNN-RNN, CNN-LSTM, and
CNN-LSTM-LSTM  frameworks [32]. Their high
complexity, however, constrained applicability in
real-time settings. A multichannel CNN-BiLSTM model
augmented with an attention mechanism was proposed for
classifying normal, preictal, and ictal EEG states [9].
Evaluated on CHB-MIT and UCI datasets, it achieved
94.83% accuracy. However, extensive preprocessing and
high computational cost limited its practical deployment.

A multidimensional ~CNN-BiLSTM  framework
achieved 99.61% accuracy and 97.42% sensitivity on the
UCI Epilepsy dataset [33]. Despite strong performance, it
relied heavily on high-quality preprocessing, raising
robustness concerns in clinical settings. An optimized
ConvlD-LSTM model with dropout regularization and
chi-square feature selection reached 99.3% accuracy [1].
Yet its dependence on careful preprocessing and feature
engineering constrained generalizability across datasets.

In 2024, hybrid approaches further refined
preprocessing pipelines and model architectures. A
ResBiLSTM architecture combining residual CNN blocks
with BILSTM layers was proposed for joint spatial feature
extraction and temporal modeling [13], achieving
accuracies between 98.88% and 100% on the Bonn
dataset. Nevertheless, the increased architectural
complexity of this model remained a notable limitation. A
DeepRNN-SGCN framework was investigated for the
processing of non-stationary, low-amplitude EEG signals
through time-frequency representations [34], reaching
99% accuracy on both the CHB-MIT and TUH datasets.
Despite this performance, the framework remained
computationally demanding and highly sensitive to data
quality.

In 2025, a hybrid CNN-LSTM model combining spatial
feature extraction and temporal recognition achieved
98.5% accuracy with a false positive rate of 1.06% on the
CHB-MIT dataset [35]. Despite this effectiveness,
computational cost continued to hinder real-time
deployment. A complementary method based on
Archimedean spiral coding (ASC) and a Swin
Transformer-based CNN was proposed for EEG-based
epileptic seizure detection [36], encoding EEG signals into
3D representations prior to vision transformer-based
classification. In a separate study, CNNs and vision
transformers were applied to time-frequency images
generated by the tunable Q-Wavelet Transform
(TQWT) [37], achieving 98.85% accuracy on CHB-MIT.
The approach, however, distorted temporal EEG dynamics
and lacked seizure prediction capability.

A hybrid framework integrating adaptive preprocessing,
nonlinear entropic feature extraction, and dimensionality

reduction was also reported [38]. The heavy reliance on
manual feature engineering and hyperparameter tuning,
however, limited generalization across EEG datasets. An
STFT-based framework was proposed for time-frequency
feature extraction, followed by classification using
pretrained deep learning models [39]. The fixed
time-frequency resolution inherent to STFT, however,
restricted the framework’s capacity to represent the
nonstationary dynamics of EEG signals. Finally, an
optimized deep residual network was proposed for
epileptic  seizure detection [40], although high
architectural complexity and limited cross-dataset
generalization remained key obstacles to real-world
applicability.

Overall, hybrid approaches have demonstrated strong
effectiveness in epileptic seizure detection. They
nonetheless share persistent limitations, namely high
computational complexity, strong dependence on
preprocessing quality, and potential distortion of EEG
temporal dynamics. These factors continue to challenge
their deployment in real-time clinical environments,
particularly for seizure prediction tasks.

D. Motivation for the Proposed BiLSTM-RVM

Architecture

The epileptic seizure detection methods reviewed in
Subsections A, B, and C present several important
limitations that collectively motivate the present study.

Traditional approaches (Subsection A) primarily rely on
the manual extraction of temporal and spectral features
from EEG signals. These methods commonly employ
classical classifiers such as Support Vector Machines
(SVMs), k-Nearest Neighbors (k-NN), and random forests,
as well as signal transformation techniques including the
Discrete Wavelet Transform (DWT), Continuous Morlet
Wavelet Transform (CMWT), Hilbert-Huang transform,
and Riemannian manifold-based representations. Despite
their effectiveness under controlled experimental
conditions, these approaches exhibit four major
limitations: strong dependence on handcrafted features,
limited ability to capture long-range temporal
dependencies, sensitivity to noise and inter-subject
variability, and, in more advanced implementations,
increased computational and parametric complexity.
Moreover, most traditional methods are restricted to
epileptic seizure detection and provide limited capability
for reliable seizure prediction.

Deep learning-based approaches (Section 1I-B) enable
the automatic extraction of hierarchical representations
directly from raw or minimally preprocessed EEG signals.
Architectures such as Recurrent Neural Networks (RNNs),
Long Short-Term  Memory (LSTM) networks,
Bidirectional LSTM (BiLSTM), Convolutional Neural
Networks (CNNs), capsule networks, and Graph
Convolutional Neural Networks (GCNNs) have been
extensively investigated. Although these models improve
temporal dependency modeling and generally outperform
conventional machine learning techniques, they remain
computationally intensive, data-dependent, and sensitive
to noise and inter-subject variability. In addition, their
clinical interpretability remains limited, and several
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architectures still struggle to effectively model long-range
temporal dependencies or provide reliable seizure
prediction.

Hybrid approaches (Section II-C) combine multiple
architectural components to further enhance epileptic
seizure  detection performance. However, these
frameworks generally rely on complex multi-stage
pipelines, extensive preprocessing procedures, and
substantial computational resources. Their performance is
highly dependent on signal quality, while certain
transformation techniques may alter the intrinsic temporal
dynamics of EEG signals. Furthermore, most hybrid
frameworks remain focused primarily on epileptic seizure
detection, with limited predictive capability and
insufficient clinical generalizability. The frequent reliance
on softmax-based classifiers may also reduce probabilistic
interpretability and increase the risk of overfitting in
high-dimensional feature spaces.

Overall, despite significant progress in EEG-based
epileptic seizure analysis, existing approaches still face
important challenges related to computational efficiency,
robustness, interpretability, generalization capability, and
reliable seizure prediction. These limitations highlight the
need for more efficient and clinically adaptable
frameworks capable of simultaneously improving
detection accuracy, temporal modeling, and predictive
performance.

To address these limitations, a BiLSTM-RVM
architecture is proposed, combining the strong temporal
modeling capability of Bidirectional Long Short-Term
Memory (BILSTM) networks with the sparsity and
probabilistic interpretability of Relevance Vector
Machines (RVM). This hybrid model aims to enhance
robustness, reduce  dependency on intensive
preprocessing, and better capture long-term temporal
dependencies, while simultaneously lowering
computational complexity and enabling real-time seizure
detection in clinical environments.

The proposed BiLSTM-RVM framework offers the
following key advantages:

Effective capture of temporal dependencies BiLSTM:
networks model temporal relationships in both forward
and backward directions, thereby addressing a
fundamental limitation of conventional and hybrid
approaches that fail to fully exploit long-range
temporal information. This capability enhances the
identification of preictal states and supports epileptic
seizure prediction rather than mere detection.

Reduced decision complexity and improved
interpretability: The RVM provides a sparse
probabilistic framework that yields more interpretable
decisions than softmax-based classifiers. Furthermore,
it reduces the number of relevant basis functions
compared to Support Vector Machines (SVMs),
thereby improving overall computational efficiency.
Improved robustness to noisy and imbalanced data: By
integrating BiLSTM-based feature learning with RVM
probabilistic  classification, the proposed model
mitigates overfitting and enhances robustness to class

imbalance and signal noise, while substantially
reducing reliance on manual feature engineering.
Balanced trade-off between performance and
computational cost: Unlike computationally intensive
architectures such as  CNN-Transformer or
DeepRNN-GCN models, the proposed approach
constitutes a lightweight and modular framework that
sustains high predictive performance while reducing
computational overhead.

Facilitation of real-time clinical deployment: Owing to
its reduced architectural complexity and efficient
feature learning strategy, the proposed model is more
suitable for real-time implementation in clinical or
embedded systems compared to deeper hybrid
architectures.

III. MATERIALS AND METHODS

This section describes the proposed BiLSTM-RVM
hybrid model for automatic epileptic seizure detection
from Electroencephalogram (EEG) signals. The
methodology encompasses the dataset description, the
preprocessing pipeline, the BiLSTM-based feature
extraction process, and the RVM-based classification
strategy. The hyperparameter configuration of the
proposed model is further detailed, along with the
evaluation protocols employed to assess its performance.

A. Dataset and Participants
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The experiments are conducted using the publicly
available Epileptic Seizure Recognition dataset from the
UCI Machine Learning Repository, a widely adopted
benchmark for EEG-based epileptic seizure detection. The
dataset comprises 500 EEG recordings organized into five
classes, each containing 100 signals corresponding to
distinct brain states. Each recording spans 23.6 s and
consists of 4097 samples acquired from a single EEG
channel. Since the dataset is fully anonymized and publicly
accessible, no demographic or clinical information is
available; accordingly, no ethical approval is required. The
CHB-MIT Scalp EEG Database is further employed to
evaluate the generalization capability of the proposed
model across subjects and recording conditions.

B. Data Preparation and Pre-processing

1)  Understanding of the data

This study employs raw EEG recordings, each
comprising 4097 samples. Each recording captures brain
activity from a single subject and is assigned to one of five
categories corresponding to distinct brain states. The
primary objective is epileptic seizure detection. To this
end, the classification task is reformulated as a binary
problem by retaining the epileptic class and merging the
four remaining non-epileptic classes into a single category.
This formulation allows the model to focus on seizure
episode identification while reducing decision complexity.

2)  Acquisition of the data

The EEG recordings are imported into the Python
environment using the pandas and NumPy libraries.
Exploratory Data Analysis (EDA) is then performed to
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examine the dataset structure, including its dimensions and
variable types, identify irrelevant columns such as
automatic indices and record identifiers, and verify the
numerical consistency and integrity of the data. The
cleaning stage involves removing non-informative
columns, retaining only the numerical variables
representing EEG measurements corresponding to 178
principal components and screening for missing values,
inconsistencies, and duplicate entries.

3)  Pre-processing

The EEG signal preprocessing involves the following
steps:

a) Segmentation

Each EEG recording is divided into non-overlapping
segments of 178 samples, as described in the previous
section.

b)  Normalization

Each segment is normalized using min-max scaling to
map all values to the [0, 1] range, ensuring consistent
feature scaling and stable convergence during model
training.
¢) Class relabeling

EEG segments are assigned to one of two classes:

e C(Class 0—Non-epileptic: aggregating the four
non-epileptic categories

e C(Class 1—Epileptic: segments corresponding to ictal
episodes

d) Data cleaning and quality control

Non-informative columns are removed, missing values
are verified, and duplicate or inconsistent entries are
discarded.

Fig. 1 illustrates the temporal representation of EEG
signals across both classes. The non-epileptic signal
(Fig. 1(a)) exhibits relatively regular oscillatory activity
with moderate amplitude variations. In contrast, the
epileptic signal (Fig. 1(b)) is characterized by
high-frequency oscillations and markedly elevated
amplitudes. The superimposition of both signals (Fig. 1(c))
highlights their temporal divergence, reflecting the non-
stationary dynamics of EEG signals during ictal events.
These amplitude and frequency variations constitute
discriminative temporal features that the BILSTM model
exploits to learn the dependencies between epileptic and
non-epileptic states.
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&
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—-0.50 1

-0.75
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(@
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Time

(b)

Time

©

Fig. 1. Visualization of the dataset: (a) Non-epileptic EEG signal; (b)
Epileptic EEG signal; (c) The superimposition of the two signals.

C. Proposed BiLSTM-RVM Architecture

The proposed BiLSTM-RVM architecture is a hybrid
Deep Learning framework designed for automatic
epileptic seizure detection from EEG signals. It integrates
the temporal feature extraction capability of Bidirectional
Long Short-Term Memory (BiLSTM) networks with the
Bayesian sparse probabilistic classification of Relevance
Vector Machines (RVM).

1)  BiLSTM-based feature extraction

The BiLSTM network is employed as a feature extractor
to model the temporal dynamics of EEG signals. Unlike
standard LSTM networks, a BILSTM processes the input
sequence in both forward and backward directions, thereby
capturing past and future temporal dependencies
simultaneously. At each time step, the LSTM cell updates
its internal state through gating mechanisms governed by
sigmoid and hyperbolic tangent (tanh) activation
functions. This mechanism ensures the selective
preservation of relevant information over extended
temporal sequences.

A Long Short-Term Memory (LSTM) cell is a
specialized recurrent neural network (RNN) unit designed
to model long-term dependencies while mitigating the
vanishing gradient problem. Its operation is governed by
three principal gates:

a) The forget gate

The forget gate determines which information from the
previous hidden state is retained or discarded. The
previous hidden state and the current input are
concatenated and passed through a sigmoid activation
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function, producing output values in the range [0, 1], as
expressed in Eq. (1):

F, = o(W;[H,-1, X1 + by) (1)
where F; denotes the forget gate activation vector, o(-)
represents the sigmoid activation function, Wy and by are

the weight matrix and bias term, respectively, H;- is the
previous hidden state, and X; is the current input.
b)  The input gate

The input gate regulates the flow of new information
into the cell state. The current input and the previous
hidden state are concatenated and processed through two
parallel operations. First, a sigmoid activation function is
applied to determine which new information is selectively
retained, yielding the input gate activation vector. Second,
a hyperbolic tangent (tanh) activation function generates a
candidate cell vector representing the new content to be
potentially added. The element-wise product of these two
vectors is then incorporated into the cell state, thereby
updating the long-term memory of the network. The input
gate operations are formulated in Egs. (2)—(4).

K, = tanh(Wy[H,_1, X;] + by) (2)
Iy = o(W;[H,_1, X¢] + b;) 3)
Cc=F0OC1+OK, 4

where, X; is the input at time #; H,- is the previous hidden
state; C-1 is the previous cell state; K; is the candidate
vector generated by the tanh, I, is the input gate vector
obtained via the sigmoid function; ¢ denotes the sigmoid
function; © is hadamard product.
¢)  The output gate

The output gate determines the hidden state transmitted
to the next time step by selectively filtering the internal cell
state. The current input and the previous hidden state are
first processed through a sigmoid activation function,
yielding the output gate activation vector (Eq. (5)).
Concurrently, the updated cell state is passed through a
tanh activation function to normalize its values. The
element-wise product of these two vectors produces the
new hidden state h;, which is subsequently propagated to
the next LSTM unit (Eq. (6)). This operation is repeated at
each time step across the full input sequence.

0, = c(Wo[H_1, X¢] + bo) %)

(6)

The LSTM unit is shown in Fig. 2. A BIiLSTM
architecture is employed to capture temporal dependencies
in EEG sequences across both forward and backward
directions. By processing each EEG segment from past to
future and from future to past simultaneously, the BILSTM
yields richer temporal representations than conventional
unidirectional recurrent models.

Hf = Of O tal’lh (Ct)
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The proposed feature extractor consists of stacked
BiLSTM layers, in which the hidden states of the forward
and backward LSTM networks are concatenated to form a
unified feature representation. This bidirectional
formulation enables the model to learn discriminative
temporal features that more effectively characterize ictal
and non-ictal EEG dynamics.

[«]

[#]

Fig. 2. Architecture of an LSTM cell [19].

Egs. (7) and (8) express the state updates of the forward
and backward LSTM networks, respectively, while Eq. (9)
defines the resulting bidirectional output.

hf = Wxﬁtxt + Wﬁtﬁtht_l + b;{t (7)
ht = Wxﬁtxt + Wﬁtﬁtht—l + bflt (8)
Ve = Wy;{txt + Wy‘ﬁth + by (9)

where W denotes the weight matrices governing the
connections between the input x; and the previous hidden
state 4.;, and b represents the corresponding bias terms.
This bidirectional formulation enables richer temporal
feature learning from EEG sequences.

The high-level temporal features extracted by the
BiLSTM network are subsequently passed to a Relevance
Vector Machine (RVM) for classification. The RVM
receives the feature vectors produced by the BILSTM and
performs binary classification between ictal and non-ictal
EEG segments.

2)  Relevance vector machine classifier

The Relevance Vector Machine (RVM) is a supervised
Bayesian kernel-based learning model that enforces
sparsity by automatically selecting a subset of relevance
vectors from the training data. It can be regarded as the
probabilistic counterpart of the Support Vector Machine
(SVM). Each model weight is associated with an
individual variance hyperparameter inferred from the
training data, driving most weights toward zero in the
posterior distribution. This yields a highly sparse and
compact predictive model with performance comparable
to, or in some cases surpassing, that of a conventional
SVM.

Formally, for a given training dataset, the predictive
function is defined in Eq. (10),

y(x) =X, wiK(x,x) + b (10)
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where K(,) denotes a kernel function and the weights w; are
estimated within a Bayesian framework.

The relevance vectors correspond to training samples
associated with non-zero weights. Unlike standard SVMs,
the RVM yields probabilistic outputs, enabling confidence
estimation in classification decisions a property of critical
relevance in clinical decision-support systems. Fig. 3
illustrates the overall RVM architecture.

Fig. 3. Architecture of RVM [41].

In the proposed framework, the feature vector extracted
by the BILSTM network is passed to the Relevance Vector
Machine (RVM) for binary classification. Since the task is
formulated as a binary problem, the RVM estimates the
posterior probability of class membership under a
Bernoulli likelihood model. The corresponding likelihood
function is defined in Eq. (11).

p(tw) =1L 0 ()51 = oy )] (11)
where, N denotes the number of samples, y; € {0,1}
represents the class label of the i-th sample, and [](.)
corresponds to the probability predicted by the RVM that
the i-th sample belongs to class 1. The vector & denotes the
model parameters. The sigmoid function o(.)is used to map
the model output to the posterior probability
p(tl = llxilg)-

To maximize p(t|lw), the Maximum A Posteriori
(MAP) approach is employed to estimate the weight vector
w. Let af be the maximum a posteriori of the
hyperparameter a;. The MAP estimate of the weights,
denoted as wup, is obtained by maximizing the posterior
distribution of the class labels given the input vectors.

This optimization is equivalent to maximizing the
objective function defined in Eq. (12):

Jw) =X, logp(tilw) + EiL  logp(wila))  (12)

where the first term of the sum corresponds to the
likelihood of the class labels and the second in the prior
distribution on parameters w.

In the resulting solution, only the training samples
associated with non-zero weight coefficients w;, referred to
as relevance vectors, contribute to the final decision

function. The gradient of the objective function J with
respect to the weight vector w is expressed in Eq. (13):

V) = —ATw — ®T(f —t) (13)

where f:[O'(y(x])),..,o(y(x,v))}r denotes the vector

of sigmoid-transformed model outputs for all training
samples. The design matrix @ (*) has eclements

¢, =K (x,.,x/) , where K (*) denotes the kernel function.

The Hessian matrix of the objective function J with
respect to the weight vector w is defined in Eq. (14):

H=VJ(J)=-(0"BD+4"), (14)

where B = diag(p,...,By) and B; = a(y(xi))[l -
o (y (xi))]-

The posterior distribution is then approximated around
Wynap by a Gaussian distribution, whose mean and
covariance are given in Egs. (15) and (16), respectively.

z:_(H|WMAP)7] (15)

pu=y ® Bt (16)

Fig. 4 illustrates the overall architecture of the proposed
BiLSTM-RVM model.

EEG DATA

Epileptic

Re-labeling
Probabilistic

o classification

using the RVM
Standardization

00000000

No-epileptic

BIiLSTM

Flatten

Extraction of temporal features
using our BiLSTM

Fig. 4. Architecture of the proposed method.

D. Hyperparameters of the BILSTM-RVM Model

The hyperparameters of the proposed BiLSTM-RVM
model are summarized in Table I. The architecture is
designed to capture long-range temporal dependencies
while maintaining computational efficiency. Dropout
regularization and batch normalization are incorporated to
enhance generalization and mitigate overfitting. The
Adam optimizer, configured with a learning rate of 0.001,
ensures stable convergence, and early stopping is applied
as an additional regularization measure. The RVM
classifier, equipped with a Radial Basis Function (RBF)

kernel, enforces non-linear discriminability while
preserving ~ model  sparsity and  probabilistic
interpretability.
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TABLE 1. HYPERPARAMETER CONFIGURATION OF THE PROPOSED
BILSTM-RVM MODEL

Model Parameter Value
Component
Number of layers 8 (organized into 4 blocks of 2
layers)
Unit-Block 1 &4 128 per direction (256
bidirectional units)
. 64 per direction (128
Unit-Block 2 &3 bidirectional units)
Recurrent activation Sigmoid
. Activation Tanh
Architecture
BiLSTM Dropout rate : 0.3 :
Batch normalization Applied after each BILSTM
layer
Dense layer 64 units, ReLU activation
Feature Vector
. . 64
Dimension
Total trainable 21 million
parameters
Input shape 178 time steps, 1 channel
Optimizer Adam (learning rate = 0.001)
Loss function Binary cross-entropy
Batch size 32
. Maximum epochs 100
Iraining Early stoppin, atience = 10 epochs
Configuration arly stopping P D
. enabled (save best only =
Best model saving
True)
. . NVIDIA T4 GPU (Google
Execution environment
Colab)
Kemel Radial Basis Function (RBF)
Gamma parameter “scale” (1 / (n_features x
P Var(X))
RVM Maximum EM iterations 5007
- Convergence tolerance 1x1073
Classifier -
- . 2.000 samples (stratified
Training subset size .
sampling)

Number of relevance

ity = 0,
vectors 41 (sparsity = 2.05%)

E. Evaluation Protocol

The performance of the proposed BiLSTM-RVM model
is evaluated using a comprehensive experimental protocol
designed to assess classification accuracy, generalization
capability, and robustness. First, intra-database evaluation
is conducted using a standard train/test split to establish
baseline performance.

Second, inter-subject generalization is assessed using a
Leave-One-Subject-Out (LOSO) cross-validation strategy,
where data from each subject is sequentially used as the
test set while the remaining subjects are used for training.
Third, cross-database validation is performed by
evaluating the model trained on one dataset on an
independent dataset to assess its ability to generalize
across different acquisition conditions. In addition,
robustness is analyzed by introducing additive Gaussian
noise to EEG signals to simulate real-world recording
artifacts.

Finally, performance is measured using standard
classification metrics, including accuracy, precision,
recall, Fl-score, specificity, and the area under the ROC
curve (AUC).

In summary, the proposed BiLSTM-RVM framework
integrates bidirectional temporal feature extraction with
sparse probabilistic classification, evaluated under a

rigorous multi-level validation protocol. The following
section presents and discusses the experimental results
obtained under this protocol.

IV. RESULTS AND DISCUSSION

This section presents a comprehensive evaluation of the
proposed BiLSTM-RVM model for epileptic seizure
detection. The model is first assessed on the primary
dataset and benchmarked against state-of-the-art methods.
Generalization capability is then examined through a
subject-independent Leave-One-Subject-Out  (LOSO)
cross-validation protocol and further wvalidated via
cross-dataset experiments on an independent database.

An ablation study is conducted to quantify the
contribution of each architectural component. Statistical
significance tests and effect size analysis are subsequently
performed to confirm the reliability of the reported results.
Finally, robustness under noisy acquisition conditions and
SHAP-based explainability analysis are carried out to
assess the model’s stability and interpretability in realistic
clinical scenarios.

A. Experimental Setup

The experiments are conducted using the Epileptic
Seizure Recognition Dataset from the UCI Machine
Learning Repository, comprising 11,500 EEG segments of
dimensionality (22x178). The data are normalized,
segmented, and partitioned into 80% for training and 20%
for testing, with class distribution preserved throughout.

The proposed hybrid model integrates a BiLSTM
network for bidirectional temporal feature extraction with
an RVM classifier for probabilistic decision-making.
Dropout regularization and the Adam optimizer are
employed to enhance generalization and ensure stable
convergence. A fixed random seed is set to guarantee full
reproducibility across all experiments.

All experiments are implemented in Python, using
TensorFlow/Keras for the BiLSTM component and a
dedicated probabilistic inference library for the RVM
classifier. Computations are performed on a Dell Latitude
E6410 workstation equipped with an Intel Core i7
processor and 8 GB of RAM.

B. Evaluation Metrics

Epileptic seizure detection is formulated as a binary
classification problem distinguishing ictal from non-ictal
EEG segments. Model performance is assessed using four
standard evaluation metrics: accuracy, precision, recall
(sensitivity), and F1-score.

In this context, a True Positive (TP) denotes an epileptic
segment correctly identified as ictal; a True Negative (TN)
denotes a non-epileptic segment correctly identified as
non-ictal; a False Positive (FP) denotes a non-epileptic
segment incorrectly classified as ictal; and a False
Negative (FN) denotes an epileptic segment incorrectly
classified as non-ictal. Eqgs. (17)—(20) define the
corresponding performance metrics.

Accuracy = N (17)
y
TP+TN +FP+FN
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Precision = _rr (18)
TP+ FP
Recall = _r (19)
TP+ FN
Fl— Score = 2% Precision x Recall (20

Precision + Recall

C. Performance Evaluation of the Proposed BiLSTM-
RVM Model on the Primary Dataset

The ROC curve depicted in Fig. 5 demonstrates the
strong discriminative capability of the proposed model
between ictal and non-ictal EEG segments, achieving an
AUC 0f 99.97%. The confusion matrix presented in Fig. 6
corroborates this performance: 1145 out of 1150 test
samples are correctly classified, yielding an accuracy of
99.57%, a precision of 98.63%, a recall of 99.08%, and an
F1-score of 98.84%.
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Fig. 5. ROC Curve of BILSTM-RVM.

The ROC curve confirms excellent discriminative
performance, with an AUC of 0.9997, indicating
near-perfect separation between ictal and non-ictal EEG
signals. The confusion matrix corroborates this outcome:
929 non-epileptic samples and 216 epileptic segments are
correctly classified, with only 3 false positives and 2 false
negatives. This yields an overall accuracy of 99.57%, with
consistently high precision, recall, and F1-score across
both classes. These results highlight the reliability and
robustness of the proposed BiLSTM-RVM model,

particularly its capacity to detect seizures with minimal
missed events and false alarms.

Confusion Matrix
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Fig. 6. Confusion matrix of BILSTM-RVM.

To evaluate the competitiveness of the proposed model,
a comparative analysis is conducted against recent
methods, including hybrid and attention-based
architectures. Table II summarizes the -classification
performance of representative models, namely
RNN-BIiLSTM, CNN-BiLSTM, DT-CWT-1DCNN-
BiLSTM, ResBiLSTM, CNN-LSTM, and BiLSTM.
Additional experiments involving CNN-LSTM and
Attention-BiLSTM are further conducted to provide a
more comprehensive and controlled evaluation
benchmark.

As reported in Table II, the proposed BiLSTM-RVM
model achieves an accuracy of 99.57%, outperforming
conventional architectures such as BiLSTM (89.78%) and
ResBiLSTM (95.03%), as well as hybrid models including
CNN-LSTM (99.30%) and Attention-BiLSTM (98.78%).
Furthermore, the proposed model exhibits well-balanced
performance across all evaluation metrics, attaining a
precision of 98.63%, a sensitivity of 99.08%, and an
F1-score of 98.84%, thereby confirming its robustness and
effectiveness for epileptic seizure detection.

These results are attributed to the complementary
integration of the BILSTM network, which captures
long-range temporal dependencies in EEG signals, and the
RVM classifier, which enhances generalization through
sparse probabilistic inference.

To further assess generalization across unseen subjects,
a Leave-One-Subject-Out (LOSO) cross-validation is
subsequently conducted.

TABLE II. COMPARISON OF THE OBTAINED RESULTS WITH EXISTING LITERATURE

Accuracy Precision Sensitivity F1-score

Authors Method Database (%) (%) (%) (%)

Samee et al. [3] RNN-BIiLSTM UCI-Epileptic 98.40 98.10 98.30 -
Ma et al. [9] CNN-Bi-LSTM UCI-Epileptic 94.83 94.84 94.84 92.26

KR ez al. [10] CNN-Bi-LSTM UCI-Epileptic 99.61 99.13 97.42 -
Aslan and Bing6l [11] DT-CWT-1DCNN-BIiLST Epileptic Seizure Recognition Dataset 96.12 97.05 95.61 96.87
Zhao et al. [12] ResBiLSTM Epileptic Seizure Recognition Dataset 95.03 - - 95.03

Omar and El-Hafeez [1] CNN-LSTM Epileptic Seizure Recognition Dataset 99.30 - - -
Bajaj and Sharma [13] BILSTM Epileptic Seizure Recognition Dataset 89.78 91.81 92.20 89.53
Proposed method CNN-LSTM Epileptic Seizure Recognition Dataset 99.13 97.71 97.71 97.71
Proposed method Attention-BiLSTM Epileptic Seizure Recognition Dataset 98.78 97.12 96.19 96.65
Proposed method BILSTM +RVM Epileptic Seizure Recognition Dataset 99.57 98.63 99.08 98.84
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D. Result Leave-One-Subject-Out (LOSO)

To rigorously assess the generalization capability of the
proposed model under subject-independent conditions, a
Leave-One-Subject-Out (LOSO) cross-validation protocol
is adopted. The UCI dataset comprises 23 subjects
(X1-X23), each represented by 500 EEG segments.

In each fold, all segments from one subject are reserved
for testing, while the remaining 22 subjects constitute the
training set. This strict partitioning prevents intra-subject
data leakage and ensures an unbiased evaluation of the
model's generalization ability.

The evaluation pipeline consists of three sequential
stages: (1) bidirectional temporal feature extraction from
the training data using the BILSTM network; (2) training
of the RVM classifier on a stratified subset of 2000
samples to limit kernel computation cost; and (3) inference
on the held-out subject using the extracted feature
representations.

To ensure experimental consistency across all folds, the
RVM hyperparameters are held fixed throughout: RBF
kernel, y = scale, maximum iterations = 500.

1)  Performance per subject

Fig. 7 illustrates the evolution of accuracy and F1-score
across all subjects. Both metrics exhibit minimal
inter-subject  variation,  confirming the  strong
generalization capability of the proposed model despite
inherent inter-subject variability. The near-perfect overlap
between the two curves further indicates an optimal
balance between precision and recall, with no observable
class bias.

The proposed model achieves consistently high and
stable classification performance across all folds, attaining
a mean accuracy of 99.40% + 0.39% and a mean F1-score
0f99.38% =+ 0.03%, thereby confirming both its robustness
and reliability under subject-independent conditions.

Marginal performance decreases are observed for
subjects X10 and X14, which may be attributed to intrinsic
inter-subject variability or local distributional shifts in
EEG recordings. Nevertheless, these fluctuations remain
negligible and do not significantly affect the overall
classification performance of the proposed model.

Accuracy and F1-score per Subject (LOSO)
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Fig. 7. Accuracy and F1-score per subject (LOSO).

2)  Analysis of model sparsity via relevance vectors

Fig. 8 presents the distribution of Relevance Vectors
(RVs) per subject. Unlike classification performance, the
number of RVs exhibits considerable variability across
subjects, ranging from 3 to 267.

This variability reflects the adaptive nature of the RVM,
which dynamically adjusts the number of active basis
functions according to the intrinsic structure of each
subject’s data. Subjects associated with a small number of
RVs (e.g., X5 and X14) suggest locally separable data
distributions requiring only a minimal set of representative
vectors. Conversely, subjects with a larger number of RVs
(e.g., X11-X13) exhibit more complex or heterogencous
distributions, necessitating a richer representation of the
decision boundary.

Despite this variability, overall sparsity remains
substantial, with an average of approximately 9.75%
relevance vectors relative to the total number of training
samples. This confirms a key advantage of the RVM
framework: its capacity to yield compact and interpretable
models, in contrast to computationally intensive
approaches such as Support Vector Machines (SVMs).
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Fig. 8. Distribution of the number of Relevance Vectors (RVs) per
subject.

3) Relationship between model

performance

complexity and

Fig. 9 illustrates relationship between accuracy and the
number of Relevance Vectors (RVM) for each subject
under the LOSO wvalidation framework. Each point
represents an individual subject, while the line corresponds
to the linear regression fit. The results reveal a weak and
non-significant correlation (Pearson’s » = 0.15, p > 0.05),
indicating that the model’s performance is largely
independent of its complexity.

The statistical analysis of the relationship between
Accuracy and the number of relevance vectors reveals a
Pearson correlation of 7 = 0.15 (p = 0.49) and a Spearman
correlation of 0 = 0.17 (p = 0.45). These results indicate a
very weak and statistically non-significant positive
correlation (p > 0.05), confirming the absence of any linear
or monotonic relationship between model complexity and
predictive performance.

The estimated regression line is expressed as Accuracy
=0.00082 x RVM + 99.346.
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Accuracy vs Relevance Vectors
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Fig. 9. Accuracy vs relevance vectors.

The extremely small slope (0.00082) indicates that even
a substantial increase in the number of relevance vectors
leads to only a negligible performance gain. This
observation confirms that the model performance remains
practically constant regardless of the level of model
complexity.

3)  Discussion and implications

The experimental results demonstrate that the proposed
BiLSTM-RVM model satisfies three key requirements for
real-world clinical deployment: high classification
accuracy, strong generalization validated through the
LOSO protocol, and computational efficiency enabled by
sparse representation. The weak correlation observed
between model complexity and predictive performance
further confirms the robustness of the RVM and its
inherent resistance to overfitting. This behavior is
consistent with the principles of sparse Bayesian learning,
whereby predictive performance is governed primarily by
the quality rather than the quantity of retained relevance
vectors. Collectively, these findings support the RVM as a
competitive and interpretable alternative to conventional
kernel-based classifiers, particularly in applications
demanding accuracy, transparency, and computational
efficiency.

E. External Validation (Cross-Dataset)

To further assess the generalization capability of the
proposed model, additional experiments are conducted on
the CHB-MIT Scalp EEG Database. Unlike the primary
dataset, which contains relatively clean and
well-structured EEG segments, the CHB-MIT database
comprises long-duration, multi-channel recordings
acquired under real clinical conditions, introducing
substantially greater inter-subject variability and signal
complexity.

The CHB-MIT database includes scalp EEG recordings
from 24 pediatric patients with intractable epilepsy,
sampled at 256 Hz and acquired using 23 bipolar channels
following the international 10-20 electrode placement
system. Its high inter-subject variability renders it a
challenging benchmark, particularly well-suited for
evaluating the robustness and generalization capability of
epileptic seizure detection models.

The preprocessing pipeline comprises a band-pass filter
(0.5-100 Hz) to retain neurophysiologically relevant
frequency components, followed by a notch filter at 60 Hz
to suppress power-line interference. The filtered signals
are subsequently  normalized  using  Z-score
standardization, and amplitude values are clipped at +5¢ to
mitigate the influence of artifacts and outliers. Class
imbalance is partially addressed through controlled
under-sampling of the non-ictal class, yielding a final
seizure-to-normal ratio of 1:2.

Figs. 10 and 11 and present the ROC curve and
confusion matrix obtained on the CHB-MIT test set,
respectively, while Table III summarizes the
corresponding classification performance metrics. The
proposed model achieves an accuracy of 93.95%, a
seizure-class precision of 97.37%, a specificity of 98.87%,
arecall of 84.09%, an F1-score of 90.24%, and an AUC of
96.80%, confirming strong discriminative capability
between ictal and non-ictal classes.
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Fig. 10. ROC curve of the BILSTM-RVM model on CHB-MIT.
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Fig. 11. BILSTM-RVM confusion matrix on CHB-MIT.

TABLE III. CLASSIFICATION REPORT

Classe Precision  Recall Fl-score Support
Normal 0.9258 0.9887 0.9562 265
Epileptic 0.9737 0.8409 0.9024 132
Macro Average 0.9497 0.9148 0.9293
Weighted Average 0.9417 0.9395 0.9383
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These results reveal a deliberately conservative
classification behavior: among all windows predicted as

To

rigorously

F.  Ablation Study

aSsess

the

contribution of the

seizures, only three correspond to false alarms a critical
property in clinical monitoring systems. The

classification stage, six architectures are compared

. ) e (a) XGBoost
comparatively lower recall reflects the inherent (b) BiLSTM + Softmax
precision-recall trade-off, with 21 missed seizures out of (c) BILSTM + SVM
132 ictal events. Nevertheless, the high AUC and F1-score « (d)CNN
confirm a robust balance between detection sensitivity and

e (¢)LSTM
[ ]

precision for the minority class under subject-independent
evaluation.

From a clinical perspective, high precision is generally
preferable to maximizing recall, as repeated false alarms
may induce alarm fatigue and caregiver desensitization.
The conservative behavior of the proposed model therefore
constitutes a favorable property for real-world medical
deployment.

Table IV summarizes the performance of the proposed
BiLSTM-RVM model on the Epileptic Seizure
Recognition Dataset and CHB-MIT datasets, confirming
its robustness and cross-dataset generalization capability.

TABLE IV. CROSS-DATASET EVALUATION OF THE PROPOSED EEG
EPILEPTIC SEIZURE DETECTION MODEL

Datasets Accuracy  Precision Sensitivity F1-score
Epileptic Seizure gg 570, 93600, 99.08%  98.84%
Recognition
CHB-MIT 93.95%  97.37%  84.09% _ 90.24% shown in Figs.

The observed performance degradation across datasets
is expected, attributable to the distribution shift between
controlled laboratory signals and real clinical recordings,
as well as differences in channel configuration and
inter-subject variability. Nevertheless, the proposed model
maintains high precision and specificity, confirming its
robustness and low false-alarm rate under cross-dataset
conditions.

Overall, these results indicate that the proposed
BiLSTM-RVM model learns generalizable temporal
representations rather than dataset-specific patterns. Its
sustained performance on an independent database
confirms its transferability and suitability for real-world
epileptic seizure detection.

An ablation study is subsequently conducted to quantify
the individual contribution of each architectural
component of the proposed model.

(f) BILSTM + RVM (proposed)
An identical experimental protocol is applied across all
six architectures to ensure that any observed performance
difference is solely attributable to the choice of classifier.
Specifically, 80% of the EEG dataset is allocated for
training and the remaining 20% is reserved for testing.

The comparative ROC curves are presented in Fig. 12,
whereas the confusion matrices corresponding to each
evaluated model are consolidated in Fig. 13. Together,
these  complementary  visualizations provide a
comprehensive  assessment of both the overall
discriminative capability of the models and their
classification behavior with respect to ictal and non-ictal
EEG segments, thereby highlighting their ability to
correctly distinguish epileptic from non-epileptic patterns.

The performance of the XGBoost classifier is illustrated
by the ROC curve and the corresponding confusion matrix
12(a) and 13(a), respectively. The
confusion matrix indicates that 920 non-ictal and 207 ictal
EEG segments are correctly classified, with only 5 false
positives and 18 false negatives. The model achieves an
overall accuracy of 98.0%, with precision and recall values
exceeding 97% across most classes, confirming reliable
classification capability. The ROC analysis yields an AUC
of 09979, confirming excellent discriminative
performance between ictal and non-ictal EEG signals.
Nevertheless, the relatively higher number of false
negatives suggests a reduced sensitivity to certain epileptic
events, which may limit its suitability for -clinical
applications where maximizing seizure detection is of
paramount importance.

The performance of the BIiLSTM + Softmax
architecture is illustrated by the ROC curve and its
corresponding confusion matrix, as presented in
Figs. 12(b) and 13(b), respectively.

ROC Curve — XGBoost

ROC Curve - BiLSTM+Softmax

ROC Curve - BiLSTM+SVM
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ROC Curve — CNN
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Fig. 12. ROC curves of the evaluated classification models: (a) XGBoost, (b) BILSTM + Softmax, (c) BILSTM + SVM, (d) CNN, (e) LSTM, and

(f) the proposed BiILSTM-RVM model.
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Fig. 13. Confusion matrices of the evaluated classification models: (a) XGBoost, (b) BILSTM + Softmax, (c) BILSTM + SVM, (d) CNN, (e) LSTM,
and (f) the proposed BiILSTM-RVM model.

The BiLSTM + Softmax model achieved an accuracy of
98.52%, with Fl-scores of 0.9907 and 0.9634 for the
non-ictal and ictal classes, respectively. As shown in the
confusion matrix, the model correctly classified 909
non-ictal EEG segments and 224 ictal EEG segments,
while producing only 4 false positives and 13 false
negatives, confirming its strong predictive performance.

Furthermore, the ROC curve exhibits a well-defined
convex trajectory toward the upper-left corner, with an
AUC of 0.9918, indicating excellent class separability
across decision thresholds. Nevertheless, the reduced
recall for the ictal class suggests that the Softmax classifier
may be insufficient to fully delineate the complex and
non-linear decision boundaries inherent to EEG signals.

The ROC curve and confusion matrix corresponding to
the BiLSTM+SVM  architecture are presented in
Figs. 12(c) and 13(c), respectively.

The BiLSTM + SVM model attains an accuracy of
98.52%, with Fl-scores of 0.9907 for the non-ictal class
and 0.9636 for the ictal class. The confusion matrix

confirms strong predictive performance, with 908 true
negatives, 225 true positives, and only 17 total
misclassifications. The ROC curve exhibits a well-defined
convexity toward the upper-left corner, with an AUC of
0.9975, indicating near-perfect class separability across
decision thresholds.

Compared to the BiLSTM + Softmax model, the
BiLSTM + SVM architecture substantially reduces false
negatives (6 vs. 13), thereby enhancing ictal detection
sensitivity. This improvement is accompanied by a
moderate increase in false positives (11 vs. 4), reflecting
the inherent sensitivity—specificity trade-off in binary
epileptic seizure detection.

Figs. 12(d) and 13(d), present the confusion matrix and
the ROC curve, respectively, obtained for the standalone
CNN architecture.

The standalone CNN model achieves an accuracy of
99.22%, with F1-scores of 0.9950 for the non-ictal class
and 0.9814 for the ictal class. The confusion matrix reveals
minimal misclassification, with only 4 false positives and
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5 false negatives, confirming strong predictive capability.
The ROC curve exhibits a pronounced convex trajectory
toward the upper-left corner, with an AUC of 0.9994,
reflecting near-perfect class separability across decision
thresholds.

Nevertheless, the reduced recall for the ictal class
suggests that the CNN architecture may encounter
difficulties in capturing subtle and non-linear temporal
patterns in EEG signals, potentially limiting its sensitivity
in critical clinical scenarios.

Figs. 12(e) and 13(e), present the ROC curve and the
confusion matrix, respectively, obtained for the standalone
LSTM architecture.

The LSTM model achieves an accuracy of 98.26% and
an AUC of 0.9985, indicating excellent class separability.
The confusion matrix reveals minimal misclassification,
with only 15 false positives and 5 false negatives. Notably,
213 out of 218 ictal segments are correctly identified,
confirming high sensitivity to seizure patterns. The
F1-scores of 0.9892 for the non-ictal class and 0.9552 for
the ictal class further confirm overall classification
robustness.

The slightly reduced precision for the ictal class
suggests that certain non-ictal EEG segments share
morphological similarities with seizure activity, resulting
in a limited number of false alarms. Overall, these results
demonstrate that the standalone LSTM model effectively
captures the temporal dynamics of EEG signals, providing
reliable performance for automated epileptic seizure

strong discriminative capability, the relatively lower recall
of XGBoost indicates reduced sensitivity to ictal EEG
patterns, attributable to its inability to model fine-grained
temporal dependencies inherent to EEG signals.

These results confirm that the integration of BiLSTM
and RVM vyields complementary benefits: the BiLSTM
effectively extracts discriminative long-range temporal
representations, while the RVM refines the decision
boundary through sparse Bayesian regularization. This
synergy enhances both classification robustness and
generalization capability across evaluation conditions.

In summary, the proposed BiLSTM + RVM model
achieves superior classification performance while
simultaneously minimizing false alarms and missed
seizures, reinforcing its clinical relevance and suitability
for real-world EEG-based epileptic seizure detection
systems.

G. Statistical Analysis

1)  Comparison of model performance

To evaluate performance stability and reproducibility,
each model is executed over ten runs with different random
initializations. For each evaluation metric (AUC,
accuracy, precision, sensitivity, and F1-score), the mean
(v) and standard deviation (o) are computed. The
corresponding statistical results are summarized in
Table V.

TABLE VL BILSTM + SOFTMAX, BILSTM + SVM AND BILSTM +

detection. However, its unidirectional processing RVM STATISTICAL RESULTS
mherenﬂy hnll.lts. lts. ablhty to exp loit fu?;lre temp oral Model Runs AUC Accuracy Precision Recall F1-Score
context, a limitation addressed by the proposed 1 9918 9853 0825 9451 9634
BiLSTM-RVM architecture. 2 99.65 99.44 98.39 94.57  96.44
Table V presents the ablation study comparing six 39943 98 93.80  96.60  95.18
classification architectures: BiILSTM + Softmax, BiLSTM 49947 98.70 96.22 9747 96.83
+ SVM. CNN. LSTM. XGB d th d 5 99.20 98.35 97.64 93.67  95.61
. ; ’ ’ oost, and the propose BILSTM+ 6 9951 9817 9505 9548 9526
BiLSTM + RVM. SOFTMAX 7 99.20 98.60 95.49 97.90  96.68
8 99.89 98.78 96.65 97.47  97.06
TABLE V. RESULTS OF THE ABLATION STUDY 9 9899 9826 9745 9424 9582
10 99.55 98 94.35 96.30  95.32
Model Accuracy Precision Recall F1 score AUC us 99.407 98.48 96.32 95.82 96.05
(%) (%) (%) (%) (%) o 026 043 .62 153 0.0
BiLSTM + Softmax 98.52 98.25 94.51 96.34  99.18 1 99.75 98.52 95.34 97.40  96.36
BiLSTM + SVM 98.52 95.34 97.40  96.36  99.75 2 99.84 98.52 97.71 94.67  96.16
CNN 99.21 98.34 97.93 98.14  99.94 3 99.78 98.52 97.22 96.08  96.65
LSTM 98.26 93.42 97.71 95.52  99.85 4 98.85 98.52 96.71 95.37  96.04
XGBoost 98.00 97.64 92.00 94.74 99.79 5 99.86 98.78 97.13 9713  97.13
BiLSTM + RVM 99.57 98.63 99.08 98.84 99.97 BILSTM+ 6 99.32 98.17 96.19 9498  95.58
SVM 7 99.44 98.34 95.98 96.37  96.18
Th It I notabl f iati 8 99.86 98.34 98.60 9295  95.69
he results reveal notable performance variations across 9 9963 9817 9685 9839 9534
architectures in terms of accuracy, precision, recall, 10 99.75  98.26 9528  96.10  95.69
F1-score, and AUC. Among the evaluated configurations, W 99.60  98.31 96.70 9594  96.08
the standalone CNN achieves competitive performance os 031 018 099 155 054
: 0 0 1 99.97 99.57 98.63 98.08  98.84
with an accuracy of 99.21% and an AUC of 99.94%. The 2 9995 9014 9860 9679 9769
proposed BiLSTM + RVM attains the highest overall 3 99.98 99.48 99.07 98.17 98.62
performance, with an accuracy of 99.57%, a precision of 4 9999 9947  98.18 98.08  98.63
98.63%, arecall of 99.08%, an F1-score of 98.84%, and an BILSTM g ggzg gg?g ggg; ggz; gggg
o + . . . : .
AUC of 9,9',97 6. . . RVM 7 99.82 99.47 99.07 98.17  98.62
Boost is included as a robust non-sequential baseline to & 9998 9939 9907 9771 9838
broaden the comparative scope. It achieves an accuracy of 9 9998 9930  97.73  98.62  98.17
98.00%, a precision of 97.64%, a recall of 92.00%, an 109998 9930  98.17 9817  98.17
ns 99.95 99.36 98.48 98.17  98.32

Fl-score of 94.74%, and an AUC of 99.79%. Despite its

0.05 0.14 0.63 0.62 0.39

(e]
ot

1773



Journal of Advances in Information Technology, Vol. 17, No. 9, 2026

Furthermore, the average performance (4 + o) of the
three models across the ten independent runs are also
reported in Table VI.

The BiLSTM-Softmax model achieves consistent
performance across ten runs, with a mean AUC of 99.41%
(o = 0.26), an accuracy of 98.48% (o = 0.43), and an
Fl-score of 96.05% (o0 = 0.70), reflecting stable
convergence behavior across random initializations.

The BiLSTM + SVM model achieves high and stable
performance across ten runs, with a mean AUC of 99.60%
(o = 0.31), an accuracy of 98.31% (o = 0.18), and an
Fl-score of 96.08% (o = 0.54), confirming the robustness
of the SVM classifier when combined with
BiLSTM-based feature extraction.

The proposed BILSTM + RVM model achieves
consistently high performance across ten independent
runs, with amean AUC 0 99.95% (o= 0.05%) and a mean
accuracy of 99.36% (o = 0.14%), confirming excellent
discriminative capability and classification stability. It
further attains a mean precision of 98.48% (o= 0.63%), a
mean recall of 98.17% (o= 0.62%), and a mean F1-score
of 98.32% (o = 0.39%), demonstrating a well-balanced
sensitivity-precision trade-off and strong reproducibility
across initializations.

Table VII summarizes the mean performance (1 + o) of
the three architectures across multiple independent runs.
The proposed BILSTM + RVM model consistently
outperforms the competing approaches across all
evaluation metrics, achieving the highest AUC of 99.95%
+ 0.02% and accuracy of 99.36% + 0.14%, reflecting
near-perfect discriminative performance with minimal
run-to-run variability.

TABLE VII. MEAN PERFORMANCE + STANDARD DEVIATION (%)

Metric BILSTM + Softmax BILSTM + SVM BILSTM + RVM

AUC 99.407 £ 0.26 99.60 £ 0.31 99.95 £ 0.02
Accuracy 98.48 £0.43 98.31+0.18 99.36 + 0.14
Precision 96.32 £ 1.62 96.70 £ 0.99 98.48 £ 0.63

Recall 95.82+£1.53 95.94 £ 1.55 98.17 £+ 0.62
F1-score 96.05 + 0.7 96.08 £ 0.54 98.32 + 0.39

BiLSTM-SVM demonstrates strong performance, with
an AUC 0f 99.60% = 0.31% and an accuracy of 98.31% =
0.18%. BiLSTM-Softmax yields comparatively lower
results, with an AUC of 99.41% =+ 0.26% and an accuracy
0f 98.48% =+ 0.43%.

In terms of precision, recall, and F1-score, the proposed
BiLSTM-RVM achieves the highest values across all
three metrics 98.48% =+ 0.63%, 98.17% + 0.62%, and
98.32% + 0.39%, respectively confirming its superior
balance between sensitivity and specificity, as well as its
robustness and consistency across runs.

2)  Statistical significance test

To determine whether the performance differences
observed across models are statistically significant, a
two-sample Welch’s t-test is applied. The effective
degrees of freedom are estimated using the
Welch-Satterthwaite ~ approximation.  Table  VIII
summarizes the pairwise comparison results between

RVM and Softmax, and between RVM and SVM,
respectively.

TABLE VIII. COMPARISON BETWEEN RVM vs SOFTMAX, AND RVM

VS SVM
Comparison Metric t p-value Interpretation
AUC 326 12x10™" significant
Accuracy 7.2 25x107 significant
IS((\)]flt\:InZ)S( Precision 3.6 0.0036 s@gn@ﬁcant
Recall 4.7 0.0007 significant
Fl-score 6.8 4.1x10°° significant
AUC 3.5 0.0056 significant
Accuracy 204 32x10™" significant
RVM vs SVM  Precision 57 48x107 significant
Recall 4.6 0.0008 significant
F1-score 12.1 2.6 x107° significant

The results reported in Table VIII demonstrate that the
proposed RVM model significantly outperforms the
Softmax model across all evaluated metrics. The Welch’s
t-test yields p-values well below the 0.05 significance
threshold for all measures, confirming that the observed
differences are statistically significant and not attributable
to random variation.

The most pronounced improvement is observed for
AUC (¢t =32.6; p = 1.2 x 107"%), indicating a substantial
enhancement in discriminative capability. Statistically
significant gains are further obtained for accuracy,
precision, recall, and Fl-score, with consistently low
p-values (p < 107%) across all metrics.

Collectively, these results confirm that the RVM
classifier yields statistically robust and consistent
improvements over the Softmax-based classifier across all
evaluated performance metrics.

The results reported in Table VIII confirm that the RVM
model significantly outperforms the SVM model across all
evaluated metrics. The Welch’s #-test yields p-values
below the 0.05 significance threshold for all comparisons.
The most pronounced improvements are observed in
accuracy (¢ =20.4; p=3.2 x 107**) and F1-score (¢t = 12.1;
p = 2.6 x 107), indicating substantial gains in overall
classification performance. Statistically significant
improvements are further obtained in precision and recall.
Although comparatively moderate, the improvement in
AUC (t=3.5; p=0.0056) remains statistically significant,
confirming the superior discriminative capability of the
RVM classifier.

Collectively, these findings demonstrate that integrating
the RVM as the final classifier significantly enhances the
overall performance of the BILSTM model, particularly in
terms of accuracy, sensitivity, and F1-score. The absence
of significant differences for certain metrics suggests that
the improvements provided by the RVM are not limited to
overall discrimination but also reflect a better optimization
of the sensitivity-specificity trade-off. Furthermore, the
low inter-run variability confirms the robustness and
stability of the proposed model.

H. Effect size analysis (Cohen’s d)

Although Welch’s #-tests confirm the statistical
significance of the observed differences, p-values alone do
not convey information about practical relevance. To
quantify the magnitude of the observed effects, Cohen’s d
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effect size is computed for each statistically significant
pairwise comparison.

Table IX summarizes the effect sizes for the
comparisons between the RVM classifier and the Softmax
and SVM classifiers. The results demonstrate that the
proposed BiLSTM + RVM model consistently achieves
large to very large effect sizes across all evaluation
metrics, indicating that the observed performance
improvements are not only statistically significant but also
practically meaningful. Although the AUC difference
between RVM and SVM is comparatively smaller,
substantial improvements are evident in the remaining
performance metrics, particularly accuracy and F1-score.

TABLE IX. EFFECT SIZES (RVM vs. SOFTMAX, AND RVM vs. SVM)

Comparison Metric d Interpretation
AUC 13.9  Very significant effect
Accuracy 2.76  Very significant effect
RVM vs Softmax  Precision 1.74 Significant effect
Recall 1.99 Significant effect
Fl-score  4.09  Very Significant effect
AUC 1.17 Significant effect
Accuracy  6.19  Very Significant effect
RVM vs SVM Precision  3.58  Very Significant effect
Recall 2.00  Very Significant effect
Fl-score  4.73  Very Significant effect

The combined analysis of p-values and effect sizes
confirms that the observed improvements are not only

statistically significant but also practically meaningful.
The large effect sizes obtained for AUC (vs. Softmax) and
accuracy (vs. SVM) reflect genuine gains in discriminative
capability and overall classification SVM is comparatively
small suggesting comparable discriminative capacity
between the two classifiers the proposed RVM model
demonstrates superior decision calibration through its
probabilistic Bayesian inference mechanism. Collectively,
these results indicate that the integration of the RVM does
not yield a marginal improvement but rather a measurable
and consistent enhancement across all key performance
metrics.

1. Model Explainability and Clinical Interpretability

To provide clinically interpretable insight into the
decision-making process of the proposed architecture, an
explainability analysis based on SHapley Additive
exPlanations (SHAP) is conducted on the latent feature
representations extracted by the BILSTM network prior to
RVM classification. Due to the high computational cost of
the KernelExplainer algorithm, the analysis is performed
on a representative subset of 20 samples. This subset
provides a computationally efficient yet sufficiently
reliable approximation of the model’s global behavior
while preserving the interpretability of the results. The
corresponding temporal SHAP projection on epileptic and
non-epileptic EEG signals is illustrated in Fig. 14.

BiLSTM+RVM Interpretability - Time Projection of SHAP Values
The red areas indicate the time periods that trigger crisis detection.
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Fig. 14. Temporal SHAP projection on epileptic and non-epileptic EEG signals.

1)  Global feature importance analysis

Fig. 15 presents the SHAP beeswarm summary plot for
the most influential latent features. A clear feature
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Fig. 15. SHAP feature importance analysis for BILSTM-based epileptic

higher feature activations consistently

seizure classification.

Most SHAP contributions are positive, indicating that

shift model

predictions toward the ictal class. Higher feature values,

EEG amplitude

EEG amplitude

represented by red points, are associated with the largest
positive contributions, whereas lower feature values,
represented by blue points, exhibit limited impact on the
classification output.

These findings confirm that the BiLSTM effectively
captures discriminative temporal patterns within a
compact subset of highly informative latent features,
supporting the interpretability and clinical relevance of the
proposed framework.

2)  Temporal projection of SHAP contributions

To establish a connection between the abstract latent
feature space and a clinically interpretable temporal
representation, SHAP values are mapped onto the time
domain, as illustrated in Figs. 14 and 16.

For ictal signals, SHAP contributions are robust and
distributed throughout the entire signal duration, with
strong correlation to high-amplitude peaks ranging from
600 to 1000 pV. This indicates that the proposed model
captures global temporal dynamics rather than isolated
events, consistent with the complex and distributed nature
of ictal activity.

In contrast, for non-ictal signals, SHAP contributions
are low in magnitude and diffuse, exhibiting no structured
temporal pattern. The presence of localized positive
contributions in certain segments may correspond to
interictal discharges resembling epileptiform activity,
thereby accounting for the rare false positives observed in
the classification results.

BiLSTM+RVM Interpretability — Comparison SHAP
Epileptic vs. Non-epileptic Signals (Temporal Projection)
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3)  Clinical Interpretation and Implications

From a clinical perspective, the SHAP analysis
highlights three key properties of the proposed model.

e Feature interpretability: The identification of dominant
latent dimensions F25, F28, and F47 indicates that
discriminative information is concentrated within
specific components of the BiLSTM feature vector,
enabling targeted clinical interpretation.

® Temporal interpretability: Projecting SHAP values
onto the time domain enables the localization of
temporal intervals contributing most to epileptic
seizure  detection, thereby enhancing model
transparency and supporting clinician trust.

® Decision consistency: The clear distinction between
ictal profiles, characterized by strong and structured
SHAP contributions, and non-ictal profiles, exhibiting
weak and diffuse contributions, confirms that the
proposed model relies on physiologically meaningful
temporal patterns rather than spurious correlations.

4) Contribution of RVM to interpretability

The RVM classifier further enhances interpretability
through its sparse Bayesian formulation, relying on a
limited subset of relevance vectors. This property reduces
model complexity and complements the SHAP analysis by
emphasizing the most informative temporal patterns,
thereby improving both generalization capability and
decision transparency.

Overall, the SHAP analysis demonstrates that the
proposed BiLSTM-RVM model does not operate as a
black box, but grounds its decisions on physiologically
consistent and clinically interpretable temporal patterns,
thereby reinforcing its suitability for real-world clinical
deployment.

J. Robustness Evaluation under Noisy Conditions

1)  Robustness evaluation protocol

EEG signals acquired in real clinical environments are
inherently corrupted by various noise sources and artifacts,
including electromagnetic interference,
Electromyographic (EMQ) activity, Electrooculographic
(EOG) artifacts, and motion-induced disturbances.
Assessing the robustness of the proposed model to such
perturbations is therefore essential for validating its
applicability in real-world deployment scenarios.

To this end, a systematic robustness evaluation is
conducted using two representative noise models: additive
Gaussian noise and impulsive noise. For each noise type,
seven perturbation levels are applied to the entire test set
comprising 1150 segments. Noisy signals are generated by
injecting noise directly into the original test data,
converted to float32 format. Temporal feature extraction is
subsequently performed using the BiLSTM network,
followed by classification using the RVM trained
exclusively on clean data, without any retraining or
adaptation.

This evaluation protocol simulates a realistic clinical
deployment scenario in which the model is exposed to
unseen noisy signals without prior adaptation.

2)  Results under gaussian noise

Fig. 17 illustrates the comparison between a clean EEG
signal and the same signal corrupted by additive Gaussian
noise. The presence of noise induces a progressive
degradation of signal quality, characterized by increased
stochastic  fluctuations and a reduction in the
Signal-to-Noise (SNR) ratio, defined as the ratio of signal
power to noise power. This distortion directly affects the
stability of temporal and spectral features, potentially
reducing class separability at the classification stage.
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Fig. 17. Comparison between a clean EEG signal and its Gaussian noise corrupted version.

Table X reports the effect of increasing Gaussian noise
standard deviation (o) on model performance.

The results under additive Gaussian noise confirm the
strong robustness of the proposed BILSTM-RVM model.
At low to moderate noise levels, the model maintains
near-baseline performance: accuracy remains above 98%

for o <0.05and above 96% for o <0.20, corresponding
to a maximum degradation of only —2.11% at o = 0.20.
This behavior reflects the model's capacity to effectively
handle  distributed  low-amplitude  perturbations,
characteristic of real-world EEG acquisition conditions.
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TABLE X. ROBUSTNESS EVALUATION UNDER ADDITIVE GAUSSIAN
NOISE: CLASSIFICATION ACCURACY AND F1-SCORE VS NOISE LEVEL (o)

NoiseLevel ) Aceurdey Floscore Degradation
0.00 (Clean signal (baseline):
obtained results) 98.96 98.95 —
0.01 (1% of the amplitude) 98.87 98.87 —0.09
0.05 (5% of the amplitude) 98.87 98.87 —0.09
0.10 (10% of the amplitude) 98.43 98.43 —0.53
0.20 (20% of the amplitude) 96.87 96.93 —2.11
0.30 (30% of the amplitude) 92.96 93.29 —6.06
0.50 (50% of the amplitude) 71.48 74.25 —27.77

A more pronounced performance degradation is
observed at higher noise levels, with accuracy declining to
92.96% at 6 = 0.30 and to 71.48% at o = 0.50. However,
such noise levels correspond to extremely low
signal-to-noise ratios that are rarely encountered in clinical

practice and may therefore be considered beyond realistic
operating conditions.

Overall, the proposed model preserves more than 97%
of its baseline performance under realistic Gaussian noise
conditions, confirming its robustness to continuous
stochastic perturbations.

3)  Results under impulsive noise

Fig. 18 presents a comparison between a clean EEG
signal and the same signal corrupted by impulsive noise.
Unlike additive Gaussian noise, impulsive noise
introduces sporadic high-amplitude outliers, resulting in
strong localized distortions across the signal. These
transient impulses may obscure discriminative temporal
patterns and significantly impair feature extraction,
thereby reducing classification robustness.
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Fig. 18. Comparison between a clean EEG signal and its impulsive noise corrupted version.

Table XI reports the effect of increasing impulsive noise
probability (p) on model performance.

The robustness analysis under impulsive noise reveals a
more challenging degradation scenario, as this noise type
introduces localized high-amplitude distortions that
disrupt temporal feature extraction more severely than
additive Gaussian noise.

TABLE XI. ROBUSTNESS EVALUATION UNDER IMPULSIVE NOISE:
CLASSIFICATION ACCURACY AND F1-SCORE VS NOISE PROBABILITY (P)

Ratiop  Accuracy Fl-score Degradation Interpretation
0.00 98.96 98.95 — Baseline
0.01 98.09 98.10 —0.88% Realistic condition
0.05 90.09 90.73 —8.96% Upper limit
0.10 71.65 74.40 —27.60% Extreme

>0.20 1] 1] >—50% Stress test

Nevertheless, the model exhibits strong resilience under
realistic corruption levels. At p = 1%, performance
remains near baseline, with a degradation of only —0.88%.
At p = 5%, accuracy remains above 90%, preserving
approximately 91% of baseline performance. These results
confirm that the proposed model is robust to low and

moderate impulsive noise levels, consistent with typical
artifact conditions encountered in clinical EEG recordings.

Performance degradation becomes substantial only for
p > 10%, with a sharp decline observed beyond p > 20%.
However, such corruption levels represent extreme
acquisition failure scenarios in which a large proportion of
the signal is effectively destroyed, rendering them unlikely
in standard clinical practice.

4)  Comparative analysis and clinical implications

A comparative analysis of model responses under
Gaussian and impulsive noise reveals a differential
robustness profile. The proposed BiLSTM-RVM model
demonstrates strong robustness to additive Gaussian noise,
attributable to the distributed nature of such perturbations
and the capacity of the BILSTM to capture global temporal
dependencies. In contrast, moderate sensitivity to
impulsive noise is observed, explained by the localized
high-amplitude nature of such artifacts, which can disrupt
critical temporal features extracted by the BiLSTM
network.

Importantly, the model maintains high classification
performance within realistic noise ranges in both cases,
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confirming its suitability for practical clinical deployment.
From a clinical perspective, robustness to Gaussian noise
ensures reliable operation under standard EEG acquisition
conditions, while acceptable performance under moderate
impulsive noise suggests resilience to common EMG and
EOG artifacts. Performance degradation under extreme
noise levels further highlights the potential benefit of
integrating upstream artifact rejection or adaptive
denoising techniques as a complementary preprocessing
stage.

Overall, the BILSTM-RVM framework exhibits robust
and stable behavior across a wide range of noise
conditions, preserving high accuracy and F1-score under
realistic perturbation levels. These findings collectively
confirm the suitability of the proposed model for real-
world EEG-based epileptic seizure detection, where noise
is unavoidable but typically remains within clinically
moderate bounds.

K. Computational Complexity and Inference Time
Analysis

The computational complexity of the proposed hybrid
framework is primarily governed by two components: the
BILSTM network, responsible for temporal feature
extraction, and the RVM classifier, employed at the final
decision stage.

The BiLSTM module constitutes the most
computationally demanding component of the
architecture, owing to its bidirectional recurrent structure
and deep stacked configuration. The proposed architecture
comprises eight BILSTM layers, with an input sequence
length of 178 time steps and an average hidden dimension
of 96 units per layer. The theoretical computational
complexity of the temporal feature extraction stage is
accordingly approximated as:

O(8><178><962)=O(1.31x107)

In contrast, the RVM classifier benefits from a sparse
Bayesian formulation, resulting in substantially lower
prediction complexity. Given 41 relevance vectors and a
feature dimensionality of 64, the computational cost of the
classification stage is approximated as:

O(41x64) = 0(2624)

The computational overhead introduced by the RVM
classifier remains negligible compared with that of the
BiLSTM feature extractor, contributing only marginally to
the total inference cost. Compared with conventional
dense classifiers, the sparse formulation of the RVM
substantially reduces the computational burden at the
decision stage while maintaining robust predictive
capability.

To assess the practical efficiency of the proposed
framework, inference time is measured experimentally
using an NVIDIA T4 GPU in the Google Colab
environment. The results indicate an average inference
time of approximately 4.6 ms per EEG segment,
corresponding to a total processing time of 55.9 seconds
for the complete test set.

These findings confirm that, despite the depth of the
BiLSTM architecture, the proposed model maintains
strong computational efficiency without compromising
predictive performance. The hybrid BiLSTM-RVM
framework thus provides an effective trade-off between
representational capacity and computational cost,
combining deep temporal feature learning, sparse
probabilistic classification, and low-latency inference
properties that collectively support its deployment in near
real-time EEG-based clinical applications.

V. DISCUSSION AND LIMITATIONS

A. Discussion of Results

The experimental results demonstrate that the proposed
BiLSTM-RVM model achieves outstanding performance
for epileptic seizure detection while effectively addressing
several key challenges identified in the literature,
including inter-subject generalization, cross-dataset
robustness, clinical interpretability, and noise resilience.

On the primary dataset, the model attains an accuracy of
99.57% and an AUC of 99.97%, reflecting near-perfect
discriminative capability between ictal and non-ictal EEG
signals. Unlike many existing approaches that optimize a
single evaluation metric, the proposed model maintains a
consistent balance between precision, recall, and F1-score,
which is a critical requirement in clinical settings where
both false positives and false negatives carry significant
consequences.

The LOSO evaluation confirms strong generalization
capability across unseen subjects. The low performance
variance observed across folds indicates that the model
learns subject-invariant temporal representations rather
than subject-specific patterns, representing a meaningful
advancement over conventional deep learning models,
which are often sensitive to inter-subject variability.
Cross-dataset validation from the Bonn to the CHB-MIT
database further highlights the model's robustness to
distributional shifts. Although a performance degradation
is expected and observed, the model retains high precision
(97.37%) and specificity (98.87%), reflecting a
consistently low false-alarm rate. This conservative
classification behavior is particularly relevant in clinical
practice, where minimizing false alarms is a primary
operational constraint.

The analysis of the relationship between predictive
performance and model complexity, quantified through
the number of relevance vectors, confirms that
classification accuracy is largely independent of structural
complexity. This behavior validates the sparse Bayesian
learning paradigm, wherein the quality of retained
relevance vectors outweighs their quantity.

The SHAP-based explainability analysis constitutes a
significant contribution in terms of model transparency.
Unlike conventional deep learning models commonly
regarded as black boxes, the proposed framework
identifies dominant latent features (F25, F28, and F47),
enables temporal projection of classification decisions,
and reveals physiologically coherent activation patterns.
These properties substantially enhance confidence in the
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model for potential integration into clinical decision-
support systems.

The noise robustness evaluation demonstrates that the
model maintains high classification performance up to
moderate perturbation levels, suggesting that the BILSTM
effectively captures stable temporal structures that are
relatively insensitive to local signal fluctuations.
Performance degradation becomes pronounced only at
high noise levels ( ¢>0.30 ), reflecting an inherent
limitation of models trained exclusively on clean data
when exposed to extreme acquisition disturbances.
Integrating adaptive denoising or artifact rejection as a
preprocessing stage is therefore recommended for
deployment under severe noise conditions.

Collectively, these results confirm that the proposed
BILSTM-RVM framework is well suited for real-world
clinical environments, compatible with embedded system
constraints through the sparsity of the RVM classifier, and
relevant for integration into automated medical
decision-support pipelines.

B.  Limitations of the Study

Despite the strong performance achieved, the present
study is subject to several limitations that warrant careful
consideration.

First, the primary dataset (UCI Epileptic Seizure
Recognition) is relatively clean and well-structured, which
may result in an overestimation of the reported
performance metrics. Although cross-dataset validation on
the CHB-MIT EEG Database partially mitigates this
limitation, further evaluation on more heterogeneous,
noisy, and clinically representative datasets remains
necessary to ensure robust generalization.

Second, the proposed framework reformulates the
original five-class problem into a binary classification task
distinguishing ictal from non-ictal EEG segments. While
this simplification facilitates model optimization and
enables direct comparison with prior studies, it inherently
reduces the granularity of EEG pattern characterization
and disregards clinically relevant intermediate states, such
as preictal and interictal phases. This formulation may
consequently limit the clinical applicability of the model
in real-world diagnostic settings, where fine-grained
multi-class discrimination is often required.

Third, the present study addresses epileptic seizure
detection rather than seizure prediction from preictal
activity. Early prediction remains a critical and largely
unresolved challenge in clinical epileptology, with
significant implications for patient monitoring and timely
intervention.

Fourth, part of the experimental evaluation relies on
single-channel EEG signals, whereas clinical recordings
are inherently multichannel. This constraint limits the
model’s capacity to capture inter-electrode spatial
dependencies, which convey complementary and
diagnostically relevant information, potentially restricting
its generalization to real clinical environments.

Finally, the proposed framework has not yet been
validated under real-time or embedded deployment
conditions a prerequisite for clinical translation in

applications requiring low-latency processing and
continuous patient monitoring.

These limitations define clear directions for future
investigation, including evaluation on richer multichannel
clinical datasets, extension toward preictal seizure
prediction, and real-time embedded system validation.

VI. CONCLUSION AND FUTURE PERSPECTIVES

This study presents a novel hybrid framework
combining a Bidirectional Long Short-Term Memory
(BILSTM) network with a Relevance Vector Machine
(RVM) for automated epileptic seizure detection from
EEG signals. The proposed architecture is specifically
designed to address key challenges in EEG-based clinical
systems, including long-range temporal dependency
modeling, inter-subject generalization, noise resilience,
and model interpretability.

Extensive experiments conducted on benchmark
datasets demonstrate that the proposed BiLSTM-RVM
model achieves state-of-the-art performance, attaining an
accuracy of 99.57% and an AUC of 99.97% on the primary
dataset. The model is further validated using a
Leave-One-Subject-Out  (LOSO) protocol, confirming
strong generalization across unseen subjects, and through
cross-dataset evaluation on the CHB-MIT database, which
highlights its robustness to distributional shifts under
realistic clinical conditions, with consistently high
precision and specificity.

The ablation study confirms the effectiveness of the
RVM as a probabilistic classification stage, substantially
improving the sensitivity specificity balance compared to
conventional Softmax and SVM-based approaches.
Statistical significance tests and effect size analysis further
validate the reliability and consistency of the observed
performance gains.

A principal contribution of this work resides in its
interpretability. Through SHAP-based analysis, the
proposed model is shown to rely on physiologically
meaningful temporal patterns, enabling transparent and
clinically relevant decision-making a property of critical
importance for integration into medical decision-support
systems. Robustness evaluation under additive Gaussian
and impulsive noise further demonstrates stable
classification performance under moderate signal
perturbations, reinforcing the model's suitability for
real-world deployment.

Collectively, the proposed BiLSTM-RVM framework
successfully  integrates  accuracy, generalization,
robustness, and interpretability, positioning it as a strong
candidate for computer-assisted epilepsy diagnosis. Future
work will focus on extending the framework toward
preictal seizure prediction, incorporating multichannel
spatial modeling, and validating the approach under
real-time embedded constraints toward fully deployable
clinical systems.
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