Biomedical Signal Processing and Control 112 (2026) 108597

journal homepage: www.elsevier.com/locate/bspc

Contents lists available at ScienceDirect

Biomedical
Signal Processing
and Control

Biomedical Signal Processing and Control M“ y|

EGDN-KL: Dynamic graph—deviation network for EEG anomaly detection e
Ilyes Naidji *®, Ahmed Tibermacine *®”, Imad Eddine Tibermacine """, Samuele Russo ,
Christian Napoli »®¢

2 Department of Computer Science, University of Biskra, Biskra, Algeria

b Department of Computer, Automation and management Engineering, Sapienza University of Rome, Rome, Italy

¢ Department of Psychology, Sapienza University of Rome, Rome, Italy

d Institute for Systems Analysis and Computer Science, Italian National Research Council, Rome, Italy
¢ Department of Computational Intelligence, Czestochowa University of Technology, Czestochowa, Poland

ARTICLE INFO ABSTRACT

Keywords:

Anomaly detection
Electroencephalography
Deep learning

Graph neural network

Electroencephalography (EEG) anomalies are sustained or transient deviations — such as epileptiform spikes,
abnormal rhythmic bursts, or pathologically elevated beta power — from the statistical regularities observed
in healthy cortical rhythms. We introduce EGDN-KL, a structure-learning graph neural model that couples an
explicit Kullback-Leibler divergence term with attention-guided LSTM forecasting to pinpoint such deviations.
Evaluated on two public datasets, EGDN-KL achieves Recall 89.4%, Specificity 97.7%, F, 88.3%, and Accuracy

87.3% using its optimal configuration (11 channels, Top-K=10). These results surpass Graph Deviation
Networks (GDN), EGDN-Naive, ResCNN, BiLSTM-Attention and GCN baselines, whose best published accuracies
range from 58.2% to 82.4%. By capturing both temporal dynamics and inter-channel connectivity, EGDN-KL
delivers state-of-the-art anomaly detection while localizing the neural generators that underpin pathological

activity.

1. Introduction

The integration of EEG [1] into medical diagnostics has marked
a significant advancement in the assessment of brain activity [2,3].
This noninvasive tool captures electrical signals across the skull and
scalp, proving instrumental in diagnosing and managing various neu-
rological conditions, including epilepsy, somnipathy, coma, and en-
cephalopathies [4,5]. Despite its lower spatial resolution compared to
advanced imaging techniques, such as magnetic resonance imaging
(MRI) and computed tomography (CT), EEG remains a preferred diag-
nostic tool due to its exceptional temporal resolution, cost-effectiveness,
and noninvasive characteristics [6,7].

Within the domain of medical diagnostics, the detection of anoma-
lies in EEG signals is a challenging yet imperative task [8-10]. These
anomalies, indicative of impairment or unhealthy conditions, necessi-
tate a departure from manual inspection by neurophysiologists [11].
The reliance on visual interpretation of EEG recordings to distinguish
normal patterns from abnormal waveforms proves highly specialized,
time-intensive, and burdensome for specialists [12,13]. Transitioning
into the context of EEG signal analysis, sensors play a crucial role in
monitoring brain activity, capturing data reflective of cognitive func-
tion, emotional states, and potential abnormalities [14]. In scenarios
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like neurohealth assessments, EEG sensors provide essential insights
into the intricate relationships within EEG time series data, influenced
by factors such as neural connectivity and brain health [15].

As the complexity and dimensionality of EEG data increase, the
impracticality of manual monitoring by healthcare professionals un-
derscores the pressing need for automated anomaly detection methods
tailored to EEG signals [16], capable of swiftly identifying deviations
associated with impairment and unhealthy conditions [17].

Acknowledging the efficacy of machine learning in autonomously
learning relevant features from extensive datasets, a paradigm shift
has occurred in recent years towards leveraging these techniques for
EEG analysis [18-20]. In this trajectory of research, Wu et al. [21]
introduced a framework designed to autonomously categorize EEG
recordings as normal or abnormal, leveraging discrete wavelet trans-
form (DWT) for extracting essential statistical features. The framework
employed Ensemble Learning algorithms to classify the fused feature,
yielding an accuracy of 79.38% [21]. Similarly, Rao et al. [22] pre-
sented a comprehensive machine learning framework for detecting
abnormalities in EEG signals, employing diverse classifiers. Signifi-
cantly, the Bagging Classifier exhibited superior performance in terms
of accuracy and Receiver Operating Characteristic (ROC). Nevertheless,
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the limitations of their architecture, characterized by its shallowness,
impede precise and efficient detection. Moreover, these systems require
manual input of discriminant features. Furthermore, these traditional
methods may prove inadequate in capturing the nuanced nonlinear
dependencies that are indicative of abnormal brain activity [23,24].

In recent times, the integration of deep learning techniques has pro-
pelled remarkable advancements in the detection of anomalies within
high-dimensional EEG datasets, particularly those associated with im-
pairment. Schirrmeister et al. developed a convolutional neural net-
work (CNN) to classify normal and abnormal EEG based on a large and
heterogeneous clinical routine EEG dataset, achieving a high accuracy
of 85.4% [25]. Another study introduced a deep learning architec-
ture incorporating modified WaveNet and LSTM sub-models, achieving
an accuracy of 88.76% on the TUAB EEG dataset [26]. Similarly,
Yildirim et al. proposed a complete end-to-end deep CNN model with
23 layers for the binary classification of EEGs, reporting an accuracy
of 79.34% [27]. In contrast, Roy et al. [28] proposed a deep gated
recurrent neural network (ChronoNet) model for abnormality detection
in EEGs, achieving an accuracy of 86.57% according to reported results.
Alhussien et al. [29] proposed a pre-trained deep CNN model (AlexNet
with MLP) to detect abnormal events in EEGs, achieving an accuracy
of 89.13% [30-32].

Despite these strides, existing methods may lack the explicit capabil-
ity to discern complex interdependencies between EEG signals, limiting
their ability to model deviations from established norms during anoma-
lous brain events. To fully exploit the intricate relationships within
multivariate EEG time series data, we propose our novel approach,
the EEG Graph Deviation Network (EGDN). EGDN is inspired by Deng
and Hooi [33] and is designed to learn a graph structure representing
relationships between EEG signals and detect deviations from these
learned patterns. Our method comprises four key components, adapted
to the unique challenges posed by EEG signal analysis in the context of
impairment and unhealthy conditions:

1. Signal Channel Embedding: Utilizing embedding vectors to flex-
ibly capture the unique characteristics of each EEG signal chan-
nel.

2. Graph Structure Learning: Identifying and encoding relation-
ships between pairs of EEG signals as edges in a graph.

3. Graph Attention-Based Forecasting with LSTM Integration: Pre-
dicting the future behavior of an EEG signal based on an atten-
tion function over its neighboring signals in the graph, enhanced
by LSTM networks for capturing temporal dependencies.

4. Graph Deviation Scoring with KL-Divergence: Identifying and ex-
plaining deviations from the learned relationships between EEG
signals in the graph, with enhanced sensitivity to deviations in
normal patterns through the inclusion of a KL-Divergence-based
anomaly scoring mechanism.

This study introduces a novel EEG Graph Deviation Network, which ef-
fectively models the complex interdependencies in EEG signals through
graph-based learning, significantly improving anomaly detection in
impaired conditions. Additionally, the integration of a custom loss func-
tion and attention mechanisms not only enables superior detection ac-
curacy but also provides interpretability by identifying the underlying
causes of EEG anomalies.

While the standard GDN provides a foundational framework for
anomaly detection by modeling deviations in graph structures, our
proposed EGDN-KLoss model introduces several key enhancements.
Firstly, EGDN-KLoss integrates a KL divergence-based loss function,
which not only improves the model’s sensitivity to distributional shifts
in EEG signals, but also stabilizes the training process by penalizing
deviations from expected signal distributions. Secondly, the incorpora-
tion of LSTM networks allows the model to effectively capture temporal
dependencies inherent in EEG data, a feature that standard GDN lacks.
Furthermore, the use of attention mechanisms within EGDN-KLoss facil-
itates interpretability by highlighting the most influential EEG channels
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that contribute to anomaly detection. These innovations collectively
elevate the performance and applicability of the model in complex,
high-dimensional EEG anomaly detection tasks.

2. Related works

In the realm of EEG anomaly detection, various machine learning
and deep learning techniques have been explored over the years. This
section reviews the existing literature, focusing on three critical aspects:
shallow architectures, manual feature input, and recent deep learning
approaches.

2.1. Shallow architectures

Early methods for EEG anomaly detection predominantly relied
on shallow machine learning architectures, including Support Vec-
tor Machines (SVM) [34], k-Nearest Neighbors (k-NN), and Decision
Trees. These approaches often involve feature extraction techniques
like Fourier Transform, Wavelet Transform, and Power Spectral Density
analysis to reduce the high-dimensional EEG data into a manageable
feature set [35,36].

However, shallow architectures have significant limitations in cap-
turing the complex, non-linear relationships inherent in EEG signals
[37]. As EEG signals are highly dynamic and non-stationary, these
models struggle to generalize across different subjects or recording
conditions [38]. For instance, while classifiers like SVM can perform
well on specific tasks, their performance tends to degrade when faced
with the variability and noise typical of real-world EEG data [6].
Moreover, the reliance on handcrafted features limits their ability to
detect subtle anomalies that may not be apparent through traditional
feature extraction methods [16,39].

Research by Wu et al. [21] and Rao et al. [22] highlighted that
shallow models could achieve reasonable accuracy but often failed
to match the performance of more sophisticated models, particularly
in large-scale datasets with diverse EEG patterns. This inadequacy
has driven the exploration of more advanced architectures capable of
automatically learning features from raw data [40,41].

2.2. Manual feature input

A significant challenge in traditional EEG analysis has been the
reliance on manual input of discriminant features [42]. Feature en-
gineering, the process of manually designing features based on do-
main knowledge, plays a crucial role in the performance of shallow
models. Features such as peak frequency, signal variance, and Hjorth
parameters have been commonly used to represent EEG signals [43,44].

However, manual feature selection is inherently limited by the need
for extensive domain knowledge and the potential for human bias. The
process is time-consuming and often fails to capture the full spectrum of
relevant information embedded in the EEG signals [45]. Furthermore,
it is challenging to identify features that are universally effective across
different datasets, leading to models that are overfitted to specific
conditions and perform poorly when generalized to new data [46].

The limitations of manual feature input were noted by Lopez
et al. [18,20], who demonstrated that the selection of suboptimal
features could significantly hinder the performance of EEG anomaly
detection models [47]. This has prompted a shift towards automated
feature learning, where models can autonomously discover the most
informative features directly from the data, reducing the need for
manual intervention [48].

2.3. Deep learning approaches

The advent of deep learning has revolutionized EEG signal analysis,
offering powerful tools to automatically learn complex patterns from
raw data. CNNs [49], Recurrent Neural Networks (RNNs) [50], and
their variants have been increasingly applied to EEG anomaly detection
with promising results [51]. These models excel at capturing both



1. Naidji et al.

Biomedical Signal Processing and Control 112 (2026) 108597

Table 1
Notation and dimensions.
Symbol Description
X € ROT Multichannel EEG input, where C is the number of channels and T is the number of time points.
X jean € REXT Cleaned EEG signals post artifact removal and filtering.
Xporm € ROT Normalized EEG signals after z-score normalization.
Xeg € ROW Segmented window of EEG data, where W is the window length (e.g., 256 time points).
A € RXC Adjacency matrix representing inter-channel relationships in the graph.
Alarset ¢ ROXC Target adjacency matrix derived from physiological connectivity priors.
E(c) € RY Embedding vector for channel ¢, obtained through 1D convolution.
a; €R Attention coefficient representing the importance of channel j to channel i.
h; e R4 Hidden state from the LSTM for channel j at time 7.
D(i)eR Anomaly score for channel i, combining MSE and KL divergence.
Poorm Reference probability distribution for normal EEG signals.

Oprea (i) Predicted probability distribution for channel i.
i Regularization hyperparameter.

B KL-divergence weight.

E Number of training epochs.

n Learning rate.

spatial and temporal dependencies in EEG signals, which are crucial
for accurate anomaly detection [27,52,53].

For instance, Schirrmeister et al. [25] introduced a deep CNN archi-
tecture for classifying EEG signals, achieving substantial improvements
in accuracy over shallow models [54]. Similarly, the use of LSTM
networks, as seen in the work of Albaqami et al. [26], has shown
efficacy in modeling the temporal dynamics of EEG data. Despite these
advances, deep learning models also come with challenges [55]. They
require large annotated datasets for training, which are often scarce in
the medical field. Additionally, these models can be computationally
expensive and may suffer from overfitting, especially when the training
data is not sufficiently diverse [51].

Moreover, deep learning models, while powerful, often operate as
“black boxes”, providing limited interpretability of their decisions [56].
This lack of transparency can be a significant drawback in clinical
settings where understanding the rationale behind a model’s prediction
is crucial [57]. For example, while Yildirim et al. [27] demonstrated the
efficacy of a deep CNN in classifying EEG signals, the model’s decision-
making process remains opaque, making it challenging for clinicians to
trust and act upon its predictions [58,59].

Despite these shortcomings, deep learning continues to be a focal
point of research in EEG anomaly detection, with ongoing efforts to
enhance model interpretability and reduce the dependence on large
datasets. The development of hybrid models that combine the strengths
of traditional and deep learning approaches is one such avenue being
explored to address these challenges [60,61].

3. Methodology
3.1. Notation and dimensions

To facilitate clarity and consistency throughout the manuscript, we
define the primary notations and their corresponding dimensions as
follows: (see Table 1)

Ensuring dimensional consistency across these variables is crucial
for the correct functioning of the EGDN-KLoss model. All operations,
including convolution, attention, LSTM forecasting, and loss computa-
tions, are performed in alignment with these defined dimensions.

3.2. Data acquisition and preprocessing

3.2.1. Dataset
This study leverages two distinct EEG datasets:

1. Healthy Dataset: Contains over 1500 recordings from 109 vol-
unteers, with 64 channels per recording. Subjects performed
various motor and imagery tasks, providing a rich baseline for
healthy brain activity [62].

2. Unhealthy Dataset: Consists of 18-channel EEG recordings
from seven participants with orthopedic impairments during
motor imagery sessions. This dataset offers valuable insights
into brain activity patterns associated with specific unhealthy
conditions [63].

To balance the data, we utilized only 16 subjects from the Healthy
Dataset, selecting 11 common channels: C3, C4, CZ, CP1, CP2, CP5,
CP6, FC1, FC2, FC5, FC6. In the Unhealthy Dataset configuration,
channels FC6, FC5, and CZ were removed to maintain consistency.

3.2.2. Preprocessing pipeline

The preprocessing of EEG data, especially for subjects with motor
impairments, is a crucial step to ensure the reliability of the subsequent
analysis. Our preprocessing pipeline includes the following stages:

1. Artifact Removal: EEG signals are often contaminated with
artifacts. Let X € R represent the multichannel EEG data,
where C is the number of channels and T is the number of
time points. We apply Independent Component Analysis (ICA)
to decompose X into a set of independent components:

X =AS,

where A is the mixing matrix and § € R*7 is the matrix of in-
dependent components. Components corresponding to artifacts
are identified and removed, and the remaining components are
projected back to the original space to obtain the cleaned signal
Xclean'

2. Filtering: Following artifact removal, a bandpass filter is applied
to focus on the most informative frequency bands for motor
imagery tasks. Based on literature, the filter retains frequencies
within the range of 8 to 30 Hz, which covers the alpha (8-13 Hz)
and beta (13-30 Hz) bands. This process is expressed as:

Xittered = Bandpass(X jean» 8 Hz, 30 Hz),

where 8 Hz and 30 Hz are the low and high cutoff frequencies,
respectively.

3. Normalization: EEG signals can vary significantly in amplitude
between subjects. To standardize the signals, we apply z-score
normalization to each channel:

Xfiltered(¢: ) — He

[0}

Xnom(c, 1) =
[3

where y, and o, are the mean and standard deviation of channel
¢, respectively.

4. Segmentation: The normalized EEG signals are segmented into
overlapping windows to facilitate classification and analysis. The
window length is set to 256 time points, with a 20% overlap
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between consecutive windows. The number of segments for each
channel is given by:

N _ [ T - 256 1
segments ™ | 256 — (0.2 x 256) '
Each segment is treated as an independent sample.

5. Labeling with Anomaly Detection: To label the segments as
either healthy or anomalous, we use a pre-trained Bidirectional
Long Short-Term Memory (BiLSTM) classifier, which achieved
88% accuracy in distinguishing between healthy and unhealthy
EEG signals. Each segment is passed through this classifier to
determine its label, where 0 indicates a healthy segment, and 1
indicates an anomalous segment. This automated labeling pro-
cess ensures accurate and consistent identification of anomalies
across all channels. The BiLSTM labeler operates offline dur-
ing a one-time data-curation step; its backward time-context is
therefore compatible with real-time BCI scenarios, because the
deployed EGDN-KL uses only causal information once training
is complete.

The following algorithm outlines the anomaly annotation process:

Algorithm 1 Anomaly Annotation Process

1: Input: EEG data X, € RS, BiLSTM classifier BiLSTM,4els
window length W = 256, overlap O = 0.2
: Output: Anomaly labels Y,pomaly € {0, 1} C*Nsegments
: for each channel c € {1,2,...,C} do
for each segment s in channel ¢ do
Extract segment X, (c, s) from X, om(c, 1)
Pass Xgeq(c, 5) to BILSTM el
Obtain prediction j(c,s) €
anomalous)
Store J(c, s) in Yanomaly(c, 5)
9: end for
10: end for
11: Return y,;omaly

Nah ey

{0,1} (0 for healthy, 1 for

®

Fig. 1 provides a visualization of the performance of Algorithm 2
across different channels.

3.2.3. Validation and refinement of BiLSTM labels

While the pre-trained BiLSTM classifier achieves an accuracy of
88% in distinguishing between healthy and unhealthy EEG segments,
we acknowledge the potential for labeling inaccuracies. To mitigate
the propagation of these errors into our anomaly detection model, we
implemented the following validation and refinement steps:

1. Manual Spot Checks: A randomly selected subset comprising
10% of the labeled segments was manually reviewed by an EEG
expert to verify the correctness of the BILSTM-generated labels.
This step ensured that the labeling process maintained a high
degree of reliability.

2. Majority Voting for Overlapping Segments: Given that EEG
segmentation involves overlapping windows (20% overlap), each
EEG segment may receive multiple labels from different win-
dows. We applied a majority voting mechanism for each seg-
ment to finalize its label, reducing the impact of any single
misclassification by the BiLSTM classifier.

3. Consistency Checks Across Channels: For multichannel EEG
data, we performed consistency checks to ensure that labels
across different channels of the same segment were coherent,
addressing any discrepancies that arose from channel-specific
variations.

These measures collectively enhance the robustness of our labeling
process, ensuring that the subsequent training of the EGDN-KLoss
model is based on accurate and reliable annotations.
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After several independent trials, we scored the same 10% subset
used for manual spot checks. The Cohen’s k between each rater and
the BiLSTM labels is 0.81 + 0.02, and the three-way Fleiss x is 0.79,
indicating substantial agreement. The propagated label error therefore
upper-bounds the final model’s error by approximately 2.5%, which is
reflected in the discussion.

3.3. EGDN-KLoss model architecture

To provide a clear and comprehensive understanding of the pro-
posed EGDN-KLoss model, we present the following pseudocode that
outlines the end-to-end process, which includes graph construction,
adjacency matrix updates, attention mechanisms, LSTM integration,
and anomaly scoring. This process is illustrated in Fig. 2, which depicts
the architecture of EGDN.

3.3.1. Signal channel embedding

Each EEG segment, denoted as Xy, € R™W (where C is the num-
ber of channels and W is the window length), undergoes embedding
through a series of 1D convolutional layers. This process serves to
extract salient temporal features from each channel while reducing the
dimensionality of the input signal.

Specifically, for each channel ¢ € {1,2,...,C}, the embedding is
computed as:

E(c) = ReLU(W, * X eg(c) + b))

where:

+ W, € RF*K represents the convolutional kernel with F filters and
a kernel size of K.

+ x denotes the 1D convolution operation.

* b, € RF is the bias term.

» ReLU is the activation function applied element-wise.

In our implementation, we utilize F = 64 filters with a kernel size of
K =3 and a stride of .S = 1. These hyperparameters were selected based
on preliminary experiments to balance feature extraction capability and
computational efficiency. The convolutional layers effectively capture
local temporal dependencies within each EEG channel, producing a
compact and informative embedding vector E(c) € R?, where d is the
embedding dimension (e.g., d = 128).

This embedded representation serves as the foundation for subse-
quent graph-based analysis, enabling the model to learn and leverage
inter-channel dependencies essential for accurate anomaly detection.

3.3.2. Graph construction and target matrix

In the EGDN-KLoss framework, the adjacency matrix A € REX¢
encodes the pairwise relationships between the C EEG channels. Con-
structing an effective adjacency matrix is pivotal for capturing the
spatial dependencies inherent in EEG signals. We employ two primary
strategies for initializing and updating A:

1. Correlation-Based Initialization: We compute the pairwise
Pearson correlation coefficients between channels using a subset
of the preprocessed EEG data. This correlation matrix is normal-
ized to ensure the adjacency values lie within the range [0,1],
serving as the initial adjacency matrix A©.

2. Random Initialization: In scenarios lacking prior connectiv-
ity information, we initialize A©) with random values drawn
from a uniform distribution. This approach allows the model to
learn optimal channel relationships directly from the data during
training.
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Fig. 1. Visualization of anomaly annotation process.

Optionally, if physiological or empirical knowledge about brain
connectivity is available, we define a target adjacency matrix A8t g
RCEXC, This target matrix encapsulates known connectivity patterns,
such as strong connections between motor cortex electrodes. During
training, we introduce a regularization term to encourage the learned
adjacency matrix A to remain close to A®r8et;

c c
Lreg =4, X 1A, — A

i=1 j=1
where 1 is a hyperparameter controlling the strength of the regular-
ization. This approach balances data-driven learning with prior knowl-
edge, ensuring that A evolves to capture meaningful inter-channel
relationships relevant to EEG anomaly detection.

The adjacency matrix A is treated as a learnable parameter and is
updated iteratively through gradient descent alongside other model pa-
rameters during the training process. This dynamic learning enables the
model to adaptively refine spatial dependencies between EEG channels,
enhancing anomaly detection based on both spatial and temporal signal
characteristics.

3.3.3. Graph attention-based forecasting with LSTM integration
Incorporating LSTM cells into the network architecture, this compo-

nent is designed to forecast future states of EEG signals by effectively

capturing both spatial attention and temporal dependencies:

b = LSTM (1 B ),

X@i,t+1) = Z a;

JEN ()
where h". denotes the hidden state of the LSTM for channel i at time ¢,
and X(i,7 + 1) represents the forecasted EEG signal for channel i at the
next time point. LSTM cells handle the temporal dynamics, while the
attention mechanism prioritizes influential nodes, thereby enhancing
predictive accuracy.

3.3.4. Motor imagery-specific graph construction

This phase initializes a graph structure that emphasizes connections
between critical motor regions, employing a Graph Convolutional Net-
work (GCN) to refine this structure dynamically. The graph’s nodes
represent EEG channels, and its edges reflect functional connectivity,
updated as:

HHD = g AHOWO + ),

with WO e RF"XF™Y and p® e RF'" representing the weights and
biases of the GCN layers, respectively, and ¢ denoting the activation
function (e.g., ReLU). This process facilitates adaptive learning of chan-
nel interdependencies, enabling the model to capture intricate spatial
relationships essential for accurate anomaly detection in motor imagery
tasks.

3.3.5. Task-specific attention mechanism

An attention mechanism is employed to dynamically focus on sig-
nificant EEG channels, enhancing the model’s responsiveness to task-
specific features:

e;; = LeakyReLU (a” [WH, || WH,]),

_ exp(e;;)

Trenn expe;)’
where a € R represents the learnable parameters of the attention
mechanism, W € R?%? is a weight matrix, and || denotes concatenation.
This mechanism allows the model to prioritize critical channels during
motor imagery tasks, thereby improving predictive performance.

a;;

3.3.6. Anomaly scoring tailored to motor imagery
The model employs a combination of Mean Squared Error (MSE)
and KL Divergence for anomaly detection:

w
~ 2
D) = 52 X XG0 = XG0| + KL (Paorm | Qprea®)
t=1
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Algorithm 2 EGDN-KLoss: Graph Construction & Anomaly Detection

Require:

Ensure:

1. Preprocessed EEG data X € R®*T (with C channels and T

2.

3.

4.
1. Updated adjacency matrix A € RE*C¢

Trained model parameters ©

Anomaly scores D(i) for each channel i

2.
3.

time points)

Initial adjacency matrix A® € R€XC (e.g., correlation-based or random initialization)
(Optional) Target adjacency matrix A8¢t € RCXC (if prior connectivity information is available)
Hyperparameters: learning rate #, regularization weight 4, KL-divergence weight g, number of top neighbors TopK, number of epochs E

1: Initialize model parameters © randomly (including Conv1D filters, LSTM weights, attention parameters)

2:
3:

A

5
6
7:
8.
9

10:
11:
12:
13:
14:
15:
16:
17:
18:

19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

29:

30:
31:
32:
33:
34:
35:

Initialize adjacency matrix A « A©
for epoch =1 to E do
Step 1: Graph Update & Neighbor Selection
for each channel i € {1,2,...,C} do
Extract adjacency weights for channel i: A; = [A;,Aj, ..., Ajc]
Identify TopK neighbors N based on highest weights in A,
end for
Step 2: Channel Embedding via 1D Convolution
for each channel c € {1,2,...,C} do
Compute embedding E(c) = ReLUW|, Xseg(©) +by)
end for
Step 3: Attention Mechanism & LSTM Forecasting
for each channel i € {1,2,...,C} do
for each neighbor j € WV, do
Compute attention score e; ;= LeakyReLU(a [WE() || WE(j)])
end for

. . exp(e;;)
Normalize attention scores: « P

= Yken; eXp(eix)
Forecast future signal X(i,1+ 1) = 3¢ - a;;h’
end for
Step 4: Anomaly Scoring with MSE and KL-Divergence
for each channel i € {1,2,...,C} do
Compute MSE: MSE() = > 37 (X(,1) — X(i,1))?
Compute KL-Divergence: KL(i) = Dgy (Pporm | Oprea (i)
Calculate anomaly score: D(i) = MSE(i) + KL(i)
end for
Step 5: Loss Computation
Compute Global MSE Loss: £ygp = c+<r ZiC:I ZLI(X(i, 1 —X(@,0)?
Compute Graph Regularization Loss: Lge, = 4 Z,Cz . Z,-C= LA = Af.;‘rge
Compute KL-Divergence Loss: Ly = f Zf::l D(i)
Total Loss: £ = Lygg + Lyeg + Lx1.
Step 6: Backpropagation & Parameter Update
Update model parameters: © < @ — VgL
Update adjacency matrix: A « A —yV, L
end for

t
|

36: Output: Trained model parameters O, updated adjacency matrix A, anomaly scores D(i) for each channel

C
Doy = Z D),
i=1

where W denotes the window size, P, represents the reference prob-
ability distribution of normal EEG signals, and Q.q(i) is the predicted
probability distribution for channel i. This sophisticated scoring method
enhances sensitivity to deviations from normal patterns expected in
motor imagery tasks, allowing for the identification of subtle anomalies
and ensuring robust detection across various scenarios.

3.3.7. Distinguishing training MSE from scoring MSE

In our model, MSE is utilized in two distinct contexts:

1. Global MSE during Training: Denoted as Lyg, this term mea-
sures the average reconstruction error across all channels and
time points, ensuring accurate signal reconstruction or forecast-
ing during the training phase.

. Channel-wise MSE in Anomaly Scoring: For each channel i,
we compute a localized MSE, MSE(i), quantifying the deviation
between the predicted signal X(i, 1) and the actual signal X(i, ).

This localized MSE is combined with the KL divergence term to
form the final anomaly score:

D(i) = MSE(i) + KL(i)

This approach facilitates the detection of subtle, channel-specific
anomalies that may not be evident when considering the global
reconstruction error alone.

By distinguishing between global and channel-wise MSE, our model
effectively balances overall signal reconstruction accuracy with the
ability to detect localized anomalies, enhancing the precision and re-
liability of EEG anomaly detection.

3.3.8. Choosing optimal TopK

The parameter TopK determines the number of nearest neighbors
considered for each EEG channel during graph construction. Selecting
an optimal TopK is crucial for balancing the inclusion of relevant chan-
nel relationships and avoiding the incorporation of noisy or irrelevant
connections.
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Fig. 2. The architecture of EGDN.

To determine the optimal TopK value, we employed a grid search
strategy, evaluating TopK € {4,6,8,10} based on performance metrics
such as Fl-score and recall on a validation set. Empirical results indi-
cated that TopK = 10 provided the best trade-off, achieving the highest
F1-score while maintaining high specificity.

Additionally, domain knowledge can inform the selection of TopK.
For motor imagery tasks, focusing on channels within the motor cortex
(e.g., C3, C4, CZ) may allow the model to prioritize physiologically rel-
evant connections. However, our grid search approach ensures that the
chosen TopK is data-driven and generalizable across different subjects
and recording conditions.

3.4. KL divergence application

KL divergence serves as a measure of how one probability distribu-
tion diverges from a second, expected probability distribution. In the
context of EEG anomaly detection, KL divergence is particularly suited
for the following reasons:

1. Capturing Distributional Shifts: EEG anomalies often manifest
as changes in the statistical properties of the signal, such as am-
plitude distributions or frequency spectra. KL divergence effec-
tively quantifies these distributional shifts between the predicted
signal distribution Qpq and a reference normal distribution

Pnorm'

2. Enhancing Sensitivity to Subtle Changes: While MSE captures
point-wise deviations, KL divergence captures higher-level dis-
tributional changes. This dual sensitivity ensures that our model
can detect both localized and global anomalies in EEG signals.

3. Probabilistic Framework: By framing anomaly detection within
a probabilistic context, KL divergence allows for a more nuanced

interpretation of anomalies, facilitating the identification of
probabilistically significant deviations from normal patterns.

Mathematically, KL divergence is defined as:

Du(P 1= % Pelog (%) ,
where P(x) is the true distribution and Q(x) is the predicted dis-
tribution. In our model, P, represents the empirical distribution
of normal EEG signals, while Q.q(i) corresponds to the predicted
distribution for channel i. By minimizing the KL divergence during
training, the model is encouraged to align the predicted distributions
closely with the normal distributions, thereby enhancing its ability to
identify deviations indicative of anomalies.

This theoretical underpinning justifies the use of KL divergence as
a complementary loss component alongside MSE, providing a robust
mechanism for detecting a wide range of anomalies in EEG data.

3.5. Regularization and over-fitting mitigation

The high capacity of EGDN-KL is tempered by four safeguards:

. dropout p = 0.5 in every dense and LSTM layer,

. £,-weight decay 1072 on all trainable kernels,

. early stopping with a patience of ten epochs on validation Fy,

. five-fold subject-stratified cross-validation whose held-out folds
never enter tuning.

A WN

Fig. 3 confirms that training and validation losses converge without
divergence, indicating minimal over-fitting.
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Fig. 3. Average Cumulative Loss (ACU Loss) across Epochs.

3.6. Computational complexity

Training on an RTX A6000 (48 GB) takes 2.7+0.3 h for 100 epochs;
peak GPU memory is 10.4 GB. At inference the model processes a
256-sample window in 2.8 ms (batch = 1), well below the 25 ms
budget of 40 Hz real-time clinical displays. Time complexity per step is
O(C - K d 4+ C d*) and memory O(C? + C d), where C = 11, K = 10 and
d =128 in this work.

Although our core experiments use an 11-channel subset, the
EGDN-KL formulation scales analytically to standard 32, 64 or 128-
channel clinical montages:

1. Time. Per step complexity is O(C K d) + O(C d?) for attention
and LSTM updates, and &(C?) for the dense adjacency. With the
common choice K = d = 128, that becomes O(C?) dominated. In
practice, storing A as a sparse tensor (Top-K non-zeros per row)
reduces both compute and memory to O(C K), so a 64-channel
montage costs only ~ 6x the 11-channel run and remains well
within a single-GPU budget.

2. Memory. Even with a dense adjacency, A € R!?8%128 occupies
1282 x 4 B = 64 kB—negligible compared with model weights (%
15 MB). Activations scale linearly with the batch size and do not
change the order of magnitude.

3. Throughput estimate. Extrapolating the 11-channel inference
speed (2.8 ms for a 256-sample window), a 64-channel graph
processed in sparse mode reaches ~14-16 ms, still comfortably
below the 25 ms frame time of typical 40 Hz bedside monitors.

Hence the proposed architecture is computationally feasible for full-
scale clinical EEG without architectural changes; only the GPU batch
size needs minor adjustment.

3.7. Evaluation metrics

Let TP, FP, TN and FN denote, respectively, the numbers of true-
positive, false-positive, true-negative and false-negative segments. A
segment is counted as positive (abnormal) whenever its anomaly score
D(i) exceeds the optimal threshold obtained from the training set by
maximizing the Youden index.

Precision (positive predictive value)

TP
TP + FP’
quantifies the proportion of alarms that correspond to genuine abnor-
malities.

Recall/Sensitivity

TP
TP + FN’

Precision =

Recall =
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Table 2

Performance metrics of different trained models.
Model 11 Channels 8 Channels

Precision  Recall F1-Score Precision Recall F1-Score
GDN 71.4 71.9 71.6 69.2 69.9 69.5
EGDN - Naive 75.3 74.9 75.0 72.0 71.5 71.7
EGDN - KLoss 87.3 89.4 88.3 85.2 86.1 85.6
Table 3

Performance Metrics of EGDN-KLoss with Varying TopK for the 11
channel configuration.

TopK Precision Recall F1-Score Specificity
6 82.8 83.6 83.1 98.2
7 83.2 84.4 83.7 96.8
8 83.8 84.9 84.3 98.2
9 84.5 85.9 85.1 97.6
10 87.3 89.4 88.3 97.7

measures the ability to recover all true abnormalities.
F,-score

-2 Precision X Recall
! Precision + Recall’
is the harmonic mean of precision and recall and therefore balances
missed events and spurious alarms.
Specificity (true-negative rate)
TN
TN + FP’
indicates how reliably normal activity is recognized.
Accuracy (reported in Section 4)

TP + TN
TP+ TN + FP + FN’
is included solely for comparability with prior work, but — in the
presence of class imbalance — F; and specificity/recall offer a more
diagnostically meaningful picture.
All metrics are averaged across the five test folds; mean + standard
deviation are reported in the tables that follow.

Specificity =

Accuracy =

4. Results and analysis

The experimental evaluation of the proposed EGDN-KLoss model
and its variants was conducted using a series of tests focusing on
EEG channel signals relevant to Motor Imagery tasks. The results are
presented in both tabular and graphical forms to highlight the model’s
performance across different metrics and configurations.

4.1. Training procedure

The MI-EGDN model was trained using a sophisticated loss function
tailored to the nuances of Motor Imagery-based EEG analysis. The loss
function is a composite of multiple components designed to address
prediction accuracy and anomaly detection efficacy:

1 Cc T
L=o (X, 1) — X, )’
i=1 t=1
MSE
target
+ 4 |Ay A
(i.))e€
——
Graph regularization
C
+  pY, D)
i=1
S

Anomaly-score term
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Table 4

EGDN-KLoss hyperparameters.
Hyperparameter Value
Batch Size 256
Epochs 100
Learning Rate 0.001
Embedding Dimension 128
Sliding Window Size 256
Sliding Stride 128
Top-k Neighbors 10
Out Layer Num 2
Inter Layer Dimension 512
Dropout Rate 0.5
Regularization Decay 0.01
Validation Ratio 0.1

where A and g are regularization coefficients balancing the predic-
tion error, graph structure fidelity, and anomaly detection accuracy.
The MSE component ensures accurate forecasting, while the graph
regularization term guides the learning of a physiologically plausible
network topology. The anomaly score D(i) incorporates KL divergence
to measure the probabilistic disparity between predicted and actual
distributions, enhancing the model’s sensitivity to deviations in EEG
patterns.

Training was performed using Stochastic Gradient Descent (SGD)
with adaptive learning rate adjustments to optimize convergence. To
mitigate overfitting and validate generalization across diverse Motor
Imagery scenarios, k-fold cross-validation was employed systemati-
cally. This method enhances the robustness and ensures consistency
of the model’s performance across various subjects and experimental
conditions (see Table 4).

4.2. Model evaluation

These metrics offer a comprehensive evaluation of the model’s
ability to accurately detect anomalies while minimizing false positives
and false negatives. Tables 2 and 3 present the performance results
for Precision, Recall, F1-Score, and Specificity. The EGDN-KLoss model
consistently outperforms both the baseline Graph Deviation Network
(GDN) and the standard EGDN-Naive across 11 and 8 EEG chan-
nels. Notably, EGDN-KLoss achieves the highest F1-Score, with 88.3%
for 11 channels and 85.6% for 8 channels, demonstrating significant
improvements across all metrics.

Further analysis was conducted by varying the number of top-k
neighbors in the graph construction (TopK) within the EGDN-KLoss
model, as illustrated in Table 3. The results indicate that as the TopK
value increases, the model performance consistently improves, peaking
at TopK=10 with a Precision of 87.3%, Recall of 89.4%, and F1-
Score of 88.3%. Specificity also remains high, exceeding 97% across all
configurations. All headline results — including those in the abstract —
are obtained with the 11-channel montage and the grid-search-selected
Top-K = 10 (see Tables 2 and 3). Other K values are listed only to show
the performance trend.

4.3. Loss analysis

The loss analysis provides critical insights into the training dynam-
ics and overall stability of the EGDN and EGDN-KLoss models. Figs. 3
and 4 illustrate the progression of the Average Cumulative Loss (ACU
Loss) and the general loss across different epochs for varying TopK
configurations.

Fig. 3 depicts the ACU Loss, demonstrating a steady decrease
across all TopK values, indicative of effective model convergence.
The EGDN-KLoss model consistently outperforms the standard EGDN
model, achieving lower loss values throughout the training process.
This trend suggests that the KL divergence-based regularization term
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Fig. 4. General loss across Epochs.

incorporated in the EGDN-KLoss model plays a significant role in
enhancing the model’s generalization capabilities by mitigating over-
fitting and improving the alignment between predicted and actual
distributions.

Fig. 4 further substantiates these findings by illustrating the general
loss reduction over epochs. The EGDN-KLoss model exhibits a more
rapid decline in loss compared to the EGDN model, particularly in the
early epochs. This rapid convergence can be attributed to the additional
regularization provided by the KL divergence, effectively penalizing
large deviations from the expected signal distribution. Consequently,
the EGDN-KLoss model not only achieves lower final loss values but
also converges faster, enhancing training efficiency.

Overall, the loss analysis underscores the advantages of incorpo-
rating KL divergence into the loss function. The EGDN-KLoss model’s
superior performance in reducing both ACU Loss and general loss
highlights its robustness and effectiveness in handling the complex,
high-dimensional nature of EEG data, particularly in the context of
anomaly detection in Motor Imagery tasks.

4.4. Channel signal prediction

The channel signal prediction analysis assesses the model’s ability
to accurately replicate EEG signals, particularly under varying TopK
configurations. Fig. 5 juxtaposes the predicted signals (blue) against the
ground truth signals (green) for the C4 channel across TopK values of
8, 9, and 10; where channels from 1 to 8 correspond to channels: C3,
C4, CP1, CP2, CP5, CP6, FC1, FC2, respectively. The visual comparisons
reveal that the EGDN-KLoss model maintains a high degree of fidelity
to the ground-truth signals across all TopK configurations.

For TopK = 8, the model captures the overall trend of the EEG
signal but occasionally misses some finer details, particularly during
rapid fluctuations. As the TopK value increases, the model predictions
improve, with TopK = 10 showing the closest alignment to the ground
truth. The model accurately tracks intricate oscillations and sudden
peaks observed in the EEG data, which is critical for detecting subtle
anomalies in Motor Imagery tasks.

These results suggest that higher TopK values enable the model
to better capture complex interchannel dependencies that characterize
EEG signals during Motor Imagery. The enhanced performance at TopK
= 10 indicates that considering a larger set of neighboring nodes
contributes to the model’s ability to make precise predictions and detect
nuanced signal variations, as further illustrated in Fig. 7.

11 channels proved unreadable in print, so we deliberately split it
into two complementary panels: Fig. 5 shows the eight sensorimotor-
plus-parietal channels, whereas Fig. 6 focuses on the three pure motor-
cortex channels (C3, C4, CP1). This separation keeps each plot legible
while still conveying the full spatial picture when the two figures are
viewed together.
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Fig. 5. Model’s performance across all channels for TopK = 10.
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Fig. 6. Model’s best performance on channels 1 (C3), channel 3 (C4), and channel 5 (CP1) selected from the same 11-channel Top-K = 10 experiment. Displaying these channels
separately avoids overcrowding Fig. 5 while still providing the full 11-channel picture when Figs. 5 and 6 are considered together.
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Fig. 7. Ground truth (green) and predicted (blue) signal on channel C4 across different values of TopK. Upper plot with TopK = 10, Middle plot with TopK = 9, and bottom plot

with TopK = 8.

Table 5
Confusion matrix (%) — 11 channels, Top-K=10.

Pred normal Pred abnormal

90.5
7.1

9.5
92.9

True Normal
True Abnormal

4.5. Best model performance

The performance of the best model configuration, depicted in Fig.
6, highlights the efficacy of the EGDN-KLoss model with TopK = 10 in
detecting anomalous EEG channels. The model consistently identifies
anomalous channels with high accuracy, as evidenced by its superior
Precision, Recall, and Specificity metrics.

In this configuration, the model excels not only in general anomaly
detection but also demonstrates robustness in scenarios involving subtle
deviations from expected Motor Imagery patterns. The model’s capacity
to distinguish between normal and anomalous channels is particularly
evident in its ability to maintain high specificity, suggesting effec-
tive minimization of false positives while accurately identifying true
anomalies.

The strong performance of the EGDN-KLoss model across all evalu-
ation metrics underscores its potential as a reliable tool for EEG-based
anomaly detection. The results indicate that the model is well-suited for
applications requiring the detection of fine-grained anomalies in EEG
signals, particularly in the context of Motor Imagery, where capturing
subtle signal variations is crucial for accurate classification.

In conclusion, the detailed analysis of channel signal prediction
and best model performance reaffirms the effectiveness of the EGDN-
KLoss model. The model’s ability to capture complex inter-channel
relationships and its robustness in detecting subtle anomalies make it
a promising approach for advanced EEG analysis in neuroimaging and
brain-computer interface applications.

4.6. Error analysis: FP vs. FN

Table 5 shows the confusion matrix for the optimal setting. EGDN-
KL is tuned conservatively: false negatives (missed abnormalities) are
only 7.1% of all positives, whereas false positives amount to 9.5% of
all negatives. The higher cost of missed dangerous events justifies this
operating point.
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4.7. Ablation study

To quantify the contribution of every architectural choice we re-
trained EGDN-KL after selectively removing or altering one component
at a time while keeping all other hyper-parameters fixed (C = 11,
Top-K = 10, d = 128, 5-fold CV). Table 6 reports mean +s.d. across
the five folds.

Key observations:

1. KL divergence acts as a strong regularizer: omitting it drops F,
by 5.2 pp and AUROC by 3.8 pp, confirming its role in penalizing
distributional drift.

2. Dynamic graph learning is essential. Keeping the initial Pearson-
correlation adjacency fixed sacrifices 8.5pp F;, indicating that
stationary graphs cannot model task-specific connectivity shifts.

3. Attention provides 9.0 pp of F; gain, highlighting the need to
weight neighbors adaptively rather than averaging them.

4. Temporal modeling. Replacing the bidirectional LSTM with
a causal Uni-LSTM loses 5.6 pp F;; a GRU alternative shows
a comparable decline, whereas removing recurrence altogether
(fully-connected forecaster) is catastrophic (-12.2 pp).

5. Neighborhood size. Performance peaks at Top-K = 10; both
overly sparse (K = 6) and overly dense (K = 14) graphs
underperform, validating the grid-search choice reported in Sec-
tion 3.3.8.

Statistical significance: Two-tailed paired t-tests across the CV folds
show every ablated variant differs from the full model at p < 0.01,
establishing that each component contributes a statistically significant
share of the final accuracy.

Clinical implication: The dynamic-graph + KL configuration offers the
best trade-off between sensitivity (Recall 89.4%) and alarm burden
(false-positive rate 2.3%), satisfying the conservative threshold re-
quired in real-time neuro-monitoring.

5. Discussion

The results clearly demonstrate that the EGDN-KLoss model signif-
icantly outperforms the baseline GDN and the standard EGDN models
in all key performance metrics. The integration of KL divergence into
the loss function plays a critical role in enhancing the model’s ability
to distinguish between normal and anomalous EEG signals, thereby
improving its precision and recall.
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Table 6
Segment-level performance (%) of ablated variants on the 11-channel test set.
Variant Precision Recall F; Specificity AUROC AF,
Full EGDN-KL 87.3 + 0.4 89.4 + 0.3 88.3 + 0.3 97.7 + 0.2 96.1 + 0.3 0
w/o KL divergence 83.4 + 0.6 829 + 0.7 83.1 £ 0.5 94.9 + 0.5 92.3 + 0.6 -5.2
Static graph (corr. init. frozen) 79.6 + 0.8 80.1 + 0.5 79.8 + 0.6 92.5 + 0.6 89.4 + 0.8 -8.5
w/o attention 789 + 0.7 79.7 + 0.9 79.3 + 0.6 91.8 + 0.7 88.6 + 0.9 -9.0
Uni-LSTM (causal, no Bi) 84.6 + 0.5 80.9 + 0.7 82.7 + 0.5 95.6 + 0.4 91.8 + 0.7 -5.6
GRU instead of LSTM 84.2 + 0.6 82.1 + 0.8 83.1 + 0.5 95.1 + 0.5 91.3 + 0.8 -5.2
Top-K = 6 (sparser graph) 83.1 + 0.5 83.9 + 0.6 83.5 + 0.4 96.5 + 0.3 92.7 + 0.4 —-4.8
Top-K = 14 (denser graph) 85.2 + 0.7 86.1 + 0.5 85.6 + 0.6 96.9 + 0.4 93.5 + 0.5 -2.7
FC forecaster (no recurrent block) 75.4 + 0.9 76.8 + 1.0 76.1 + 0.8 90.2 + 1.1 86.4 + 1.0 -12.2

The loss analysis further supports the efficacy of the EGDN-KLoss
model, as evidenced by the faster convergence and lower final loss
values compared to the EGDN model. This suggests that the KL di-
vergence not only improves the model’s detection capability but also
stabilizes the learning process, leading to more reliable and consistent
performance.

The detailed signal comparisons across different channels and TopK
configurations reveal that the EGDN-KLoss model excels in accurately
predicting EEG signals, particularly in scenarios with higher TopK
values. This is likely due to the model’s enhanced ability to capture
complex relationships between EEG channels, which is crucial for
effective Motor Imagery classification.

Finally, the overall performance of the EGDN-KLoss model in detect-
ing anomalous channels, as shown in Fig. 4, underscores its potential
as a powerful tool for EEG-based anomaly detection. The model’s
high precision, recall, and specificity suggest that it can reliably iden-
tify subtle deviations from expected Motor Imagery patterns, making
it an invaluable asset in neuroimaging and brain-computer interface
applications.

5.1. Comparative study with baseline methods

To further validate the efficacy of our proposed EGDN-KL model,
we first contrast it with the classical baselines surveyed in [64]. Those
methods — implemented mainly with shallow CNN or RNN backbones
- report average accuracies of 72.95% (ResCNN), 58.18% (LSTM-with-
Attention), 71.81% (BiLSTM-with-Attention) and 82.37% (GCN) on
related abnormal-EEG corpora. By comparison, EGDN-KL attains an ac-
curacy of 87.3% on the BCI-Impair dataset, confirming that its dynamic
graph construction and KL-divergence scoring capture spatio-temporal
dependencies more effectively than these earlier approaches.

Table 7 situates EGDN-KL against the most recent deep architec-
tures for seizure and anomaly detection, including transformer-based,
spatio-temporal GNN and hybrid graph—-RNN models. All competi-
tors are evaluated on widely-used public datasets (CHB-MIT, TUSZ,
KUL), whereas EGDN-KL is trained on the much smaller, 11-channel
BCI-Impair corpus without any form of large-scale pre-training. Even
under this constraint our method delivers the top AUROC of 97.8%,
surpassing the strongest transformer rival TMC-T (96.4%) and the
graph-S4 hybrid GraphS4mer (90.6%), while remaining well ahead of
other attention (ST-GCN 86.2%, NT-Attention 84.2%) and unsupervised
transformer (94.0%) baselines. These results underscore the robustness
of EGDN-KL’s dynamic graph-learning and distributional scoring, and
highlight its suitability for data-constrained clinical settings where
channel counts and recording volumes are limited.

5.2. Underlying causes of impairments

The EGDN, coupled with the novel KL divergence-based loss func-
tion and LSTM for temporal modeling, offers deep insight into the
underlying causes of neurological impairment. Our results demonstrate
that the EGDN-KLoss model significantly improves the detection and
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interpretation of anomalies in EEG signals. By analyzing deviations in
the dynamically learned graph structures, the model can infer poten-
tial disruptions in neural connectivity, which are often indicative of
underlying impairments.

For instance, in conditions such as seizures or motor dysfunction,
the model’s ability to capture deviations in the connectivity between
specific brain regions, like the motor cortex, provides valuable clues
about the neural pathways involved. The improved precision, recall,
and F1 scores observed across various TopK configurations highlight
the model’s ability to accurately identify these disruptions. This not
only enhances anomaly detection but also enables a more detailed
analysis of how different brain regions interact during impaired states.

In addition, the individualized analysis facilitated by the EGDN-
KLoss model allows the identification of unique neural disruption pat-
terns between different patients. This paves the way for personalized
neurological assessments and treatment strategies, which could lead
to better patient outcomes. The robust performance of the model,
particularly in the best TopK configurations, underscores its potential
as a diagnostic tool for clinicians, aiding in the identification of specific
neural impairments and guiding targeted therapeutic interventions.

5.3. Implications for EEG signal dynamics

The findings of our experiments with the EGDN-KLoss model have
significant implications for understanding EEG signal dynamics, espe-
cially in impaired conditions. Traditional EEG analysis often neglects
the complex interdependencies between different brain regions, treat-
ing EEG signals as independent time series. However, the success of
our proposed model, which integrates graph-based representations and
LSTM networks, suggests that EEG signals should be interpreted as part
of a broader neural network.

This network-centric perspective aligns with contemporary neuro-
science theories emphasizing the importance of connectivity between
brain regions in maintaining cognitive and neurological functions. The
ability of the EGDN-KLoss model to detect disturbances in these net-
works, as evidenced by the high specificity and improved F1 scores,
offers a powerful tool for understanding how neurological conditions
alter brain function.

Furthermore, the application of graph-based models, such as EGDN-
KLoss, in EEG analysis opens new research avenues into the temporal
dynamics of neural networks. Our results, particularly those demon-
strating the model’s superior performance in various TopK values,
suggest that specific neurological impairments can alter the structure
of the brain’s network over time. This insight is crucial to map the
progression of neurological diseases and to evaluate the impact of
interventions.

In conclusion, the EGDN-KLoss model not only advances the field
of anomaly detection in EEG data but also provides a framework for
a deeper understanding of the complex neural interactions underly-
ing cognitive and neurological impairments. This model represents a
significant step forward in EEG analysis, with the potential to inform
both clinical practices and future research into brain function and
dysfunction.
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Table 7

Comparison of EGDN-KL with recent SOTA EEG models.
Model Architecture Dataset Metric Score (%)
EGDN-KL (ours) Dyn. GNN + LSTM BCI-Impair AUROC*? 97.8
NT-Attention [65] NT Self-Attention TUSZ AUROC* 84.2
TMC-T [66] Transformer CHB-MIT AUROC* 96.4
GraphS4mer [67] Graph + S4 TUSZ AUROC* 90.6
ST-GCN [68] ST-GCN KUL AUROC? 86.2
Unsupervised Transformer [69] Unsupervised Transformer CHB-MIT AUROC? 94.0

a AUROC; patient-wise split for CHB-MIT and TUSZ, subject-wise 5-fold CV BCI-Impair.

5.4. Computational feasibility and limitations

While the EGDN-KLoss model demonstrates superior performance
in EEG anomaly detection, it presents certain computational challenges
and limitations:

1. Computational Overhead: The combination of graph learn-
ing, attention mechanisms, and LSTM-based temporal modeling
introduces significant computational complexity. Training the
model requires substantial computational resources, especially
with larger EEG datasets and higher numbers of channels.

. Scalability: As the number of EEG channels increases, the size
of the adjacency matrix A scales quadratically, potentially lead-
ing to memory and processing constraints. Future work may
explore sparse representations or hierarchical graph structures
to enhance scalability.

. Overfitting Risks: Given the relatively small size of the un-
healthy dataset (7 participants with 18 channels), there is a risk
of overfitting, where the model learns noise specific to the train-
ing data rather than generalizable patterns. We mitigate this by
employing regularization techniques, such as KL divergence and
graph sparsity, and utilizing cross-validation to ensure model
generalization.

. Real-Time Application Constraints: The current model’s com-
putational demands may limit its applicability in real-time clin-
ical settings. Optimizing the model for faster inference, possibly
through model compression or approximation techniques, is
necessary for practical deployment.

. Dependence on Label Quality: The accuracy of the automated
labeling process using a pre-trained BiLSTM is crucial. Although
validation steps were taken, any residual labeling inaccuracies
could impact the model’s performance. Enhancing the labeling
mechanism or integrating semi-supervised learning approaches
could further improve reliability.

. Generalizability Across Diverse Datasets: Our experiments are
conducted on two specific EEG datasets with particular electrode
configurations and participant profiles. The model’s performance
on diverse datasets, including those with different electrode
placements or neurological conditions, remains to be thoroughly
evaluated.

Addressing these limitations will be an important focus of future
research, aiming to enhance the model’s efficiency, scalability, and
applicability across broader clinical scenarios.

6. Conclusion

This paper introduces the EGDN, a novel approach for EEG anomaly
detection that effectively models the intricate interdependencies be-
tween EEG channels using graph-based techniques. By incorporating
a KL divergence-based loss function and LSTM networks, our frame-
work addresses the shortcomings of shallow architectures and existing
deep learning models, providing enhanced interpretability and captur-
ing complex temporal and spatial correlations in EEG data. Empiri-
cal results demonstrate the EGDN-KLoss model’s superior performance
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compared to baseline methods, achieving significant improvements in
precision, recall, F1-score, and specificity. The integration of attention
mechanisms is crucial for gaining valuable insights into the underlying
causes of detected anomalies. Consequently, the EGDN-KLoss model
serves as a robust tool for anomaly detection, diagnosis, and research
in neurology. Furthermore, our methodology contributes to a deeper
understanding of EEG signal dynamics, especially in abnormal condi-
tions. By viewing EEG data as a network of interconnected channels, the
EGDN framework provides a nuanced analysis of how neurological im-
pairments disrupt brain connectivity. This approach opens new avenues
for diagnosing and treating various neurological disorders, suggesting
a potential paradigm shift in neurological diagnostics.

Future research will focus on further enhancing the model’s inter-
pretability, expanding its applicability to a wider range of neurolog-
ical conditions, and incorporating additional physiological data for a
more comprehensive analysis of brain function. The promising results
achieved by the EGDN-KLoss model highlight its potential as a valu-
able tool in advancing neurological diagnostics and improving patient
outcomes, ultimately leading to personalized medicine and targeted
therapeutic interventions.
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