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Abstract

Attention-Deficit/Hyperactivity Disorder (ADHD) is a prevalent neurodevelopmental disorder typi-
cally diagnosed through behavioral assessments and subjective reports. Electroencephalography (EEG)
offers a cost-effective, non-invasive alternative for capturing neural activity patterns associated with
the disorder. However, EEG-based ADHD classification remains challenged by overfitting, dependence
on extensive preprocessing, and limited interpretability. Here, we propose T-GARNet, a novel neural
architecture that integrates transformer-based temporal attention with Gaussian-mixture functional
connectivity modeling and a cross-entropy loss regularized through a-Rényi mutual information. The
multi-scale Gaussian kernel functional connectivity leverages parallel Gaussian kernels to identify
complex spatial dependencies, which are further stabilized and regularized by the a-Rényi term.
This design enables the direct modeling of long-range temporal dependencies from raw EEG while
enhancing spatial interpretability and reducing feature redundancy. We evaluate T-GARNet on a
publicly available ADHD EEG dataset using both leave-one-subject-out (LOSO) and stratified group
k-fold cross-validation (SGKF-CV), where groups correspond to control and ADHD, and compare
its performance against classical and modern state-of-the-art methods. Results show that T-GARNet
achieves competitive or superior performance (88.3% accuracy), particularly under the more chal-
lenging SGKF-CV setting, while producing interpretable spatial attention patterns consistent with
ADHD-related neurophysiological findings. These results underscore T-GARNet’s potential as a robust
and explainable framework for objective EEG-based ADHD detection.

Keywords: EEG; ADHD; Gaussian connectivity; Rényi entropy; neural networks; transformers

1. Introduction

Attention-Deficit/ Hyperactivity Disorder (ADHD) is a highly prevalent neurodevelopmental
condition characterized by persistent patterns of inattention, hyperactivity, and impulsivity [1]. Glob-
ally, approximately 8% of children are affected [2], with continued symptomatology documented in
up to two-thirds of diagnosed individuals into adulthood [3]. This persistence contributes to signifi-
cant societal burdens, including reduced academic achievement and heightened demands on special
education services [4]. Despite advances in diagnostic guidelines, current assessment procedures
remain predominantly clinical, subjective, and highly dependent on trained practitioners, motivating
a growing demand for objective, brain-based computational tools to support diagnosis [5].

Given ADHD's strong association with brain function, neuroimaging techniques have gained
attention as potential objective diagnostic aids. While functional magnetic resonance imaging (fMRI)
has been employed, it poses challenges for pediatric populations due to motion sensitivity and high
cost [6]. In contrast, electroencephalography (EEG) offers a portable, affordable, and non-invasive
method to measure brain activity with high temporal resolution. The advent of deep learning has
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catalyzed the use of EEG for ADHD detection by offering a means to analyze its complex signals [7].
Deep learning models can identify subtle, high-dimensional patterns in EEG data that may elude
traditional analysis, promising objective, scalable, and low-cost tools for early diagnosis [8].

However, translating these advances into clinically deployable tools remains challenging due to
several fundamental barriers. A primary limitation is the conventional reliance on rigid, multi-stage
EEG preprocessing pipelines. Such pipelines typically include filtering, artifact removal, frequency-
band decomposition, and handcrafted feature extraction [9]. While designed to suppress noise and
enforce domain priors, these stages rely on strong a-priori assumptions about neural activity. This
approach risks the irreversible removal of potentially valuable information, such as subtle cross-
frequency couplings or non-linear transient dynamics, thereby limiting the model’s ability to discover
novel biomarkers from the full richness of the raw signal [10]. Besides, EEG signals exhibit substantial
inter-subject variability, and ADHD itself presents heterogeneous neurocognitive profiles [11]. Models
trained on limited or homogeneous cohorts frequently experience significant performance degradation
when evaluated on new subjects or recording conditions, revealing vulnerability to domain shift
and subject-specific noise [12]. This suggests that many existing approaches inadvertently learn
dataset-specific artifacts rather than invariant neurophysiological structure [13].

In addition, a critical challenge is the tension between interpretability and expressive feature
learning. Traditional machine learning approaches provide transparency but depend on predefined,
handcrafted features that may overlook complex spatiotemporal mechanisms associated with ADHD
[14]. Conversely, recent end-to-end deep learning models can learn rich representations directly from
minimally filtered EEG [15], but often operate as opaque “black boxes.” This lack of neuroscientific
interpretability complicates biomarker discovery, reduces clinical trust, and hinders the deployment of
automated EEG-based ADHD assessment systems in medical settings [16].

Recently, EEG-based functional connectivity approaches have gained traction for their ability to
capture coordinated neural activity across distributed brain regions [17]. Prior efforts have incorporated
correlation matrices, coherence metrics, and graph theoretical measures into deep classifiers [18]. While
promising, these methods frequently depend on exhaustive preprocessing or predefined frequency
bands that constrain their representational flexibility [19]. Additionally, many existing works rely on
evaluation strategies prone to information leakage, such as overlapping window segmentation without
guaranteeing subject-level independence, limiting their clinical validity [20]. Besides, traditional EEG
classification methods for ADHD typically rely on handcrafted feature extraction in time, frequency, or
time-frequency domains. Techniques such as wavelet transforms, power spectral density estimation,
entropy measures, and fractal dimension analysis have been extensively applied to capture oscillatory
dynamics and non-linear behavior in EEG signals [21,22]. Among these, Common Spatial Patterns
(CSP) remain a widely adopted approach due to their ability to enhance discriminative spatial filters
between classes [23,24]. Despite their interpretability and relatively low computational cost, these
methods heavily depend on extensive preprocessing and strong domain-specific priors. Moreover,
many studies have been limited by suboptimal validation strategies, including within-subject cross-
validation or overlapping window schemes, which compromise clinical generalization [25]. These
limitations highlight the need for subject-independent evaluation protocols, such as leave-subject-out
cross-validation, and the development of more flexible, data-driven feature extraction techniques [26].

In response to these challenges, deep learning has emerged as a powerful alternative, capable
of learning hierarchical representations directly from minimally processed EEG data. Convolutional
Neural Networks (CNNs) have been widely applied by transforming EEG signals into time—frequency
maps or connectivity matrices [27,28]. Among these, EEGNet has become a benchmark architecture due
to its compact design and its use of depthwise—separable temporal and spatial convolutions tailored
for EEG analysis [29]. Building on this idea, several variants have been proposed from residual, fusion,
and attention-based frameworks, which incorporate residual shortcuts, channel-wise attention, or
frequency-adaptive modules to enhance expressive power [30,31].
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Beyond EEGNet, earlier yet influential convolutional models such as ShallowConvNet and Deep-
ConvNet [32] have demonstrated the effectiveness of hierarchical temporal-spatial filtering, with
ShallowConvNet emphasizing band-power extraction and DeepConvINet enabling deeper abstraction
of spectral-temporal patterns. More recent architectures adopt hybrid or modular designs—such
as Temporal Convolutional Networks (TCN)-based models, Recurrent Neural Networks (RNN),
RNN-CNN hybrids, Graph Convolutional Networks (GCNs) for functional connectivity, and spec-
tral-temporal attention networks—to better capture long-range temporal dependencies, cross-channel
interactions, and subject-specific variability [33-35]. However, despite their progress, many of these
architectures remain limited in interpretability and continue to struggle with overfitting when trained
on small or heterogeneous EEG datasets [36].

In turn, transformers have recently demonstrated strong performance in EEG analysis due to
their ability to capture long-range temporal dependencies and learn attention maps interpretable
as channel relevance patterns [37]. Nevertheless, their high modeling capacity also makes them
particularly susceptible to overfitting in low-sample, high-variance EEG settings, where they may
inadvertently learn subject-specific instead of neurophysiologically meaningful structure [38,39].
Meanwhile, information-theoretic regularization has shown strong potential to promote disentangled
and complementary feature learning, particularly through Rényi entropy-based formulations that offer
robust sensitivity to higher-order statistical structure [40]. Yet, this powerful mathematical framework
remains underexplored in clinical EEG modeling.

To address these challenges, we introduce T-GARNet, a Transformer and Gaussian Mixture
Connectivity Network with a-Rényi regularization for EEG-based ADHD detection. T-GARNet jointly
models temporal dynamics via a Transformer encoder and spatial structure via a Gaussian mixture
connectivity module that learns latent interaction kernels across EEG channels without requiring
predefined connectivity measures [41]. To further ensure the representation diversity essential for
interpretability and generalization, we incorporate a mutual-information penalty based on a-Rényi
entropy that encourages complementary feature extraction across attention heads and connectivity
kernels [42]. This principled framework enables direct learning from minimally preprocessed EEG, sup-
ports neuroscientific interpretability, and promotes robust out-of-distribution generalization. Namely,
the main contributions of this work are as follows:

—  We propose a novel deep learning architecture that integrates Transformer-based temporal mod-
eling with Gaussian mixture connectivity to learn spatiotemporal EEG representations without
handcrafted features.

—  We introduce an a-Rényi mutual-information regularizer that enforces representation diversity
across attention and connectivity components, reducing redundancy and supporting interpretabil-
ity.

- We develop a multi-level interpretability scheme combining attention-based channel relevance,
Gaussian kernel class activation maps, and structured ablation analysis to reveal neurophysiolog-
ical patterns associated with ADHD.

—  We conduct extensive experiments using subject-group cross-validation and comparative base-
lines, demonstrating competitive performance and strong interpretability on a pediatric EEG
ADHD dataset.

Overall, T-GARNet advances EEG-based ADHD detection by unifying principled information-
theoretic regularization, connectivity-aware learning, and explainable attention mechanisms, providing
a reliable and interpretable deep neural framework for pediatric neurodevelopmental assessment.

The remainder of this paper is organized as follows: Section 2 depicts the materials and methods.
Then, Sections 3 and 4 show the experiments and the results. Finally, Section 5 presents the concluding
remarks.
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2. Materials and Methods

The proposed T-GARNet framework integrates mathematical principles from kernel information
theory with modern deep sequence modeling to extract interpretable spatio-temporal connectivity
patterns from EEG signals. This section presents the theoretical foundations, followed by the model
architecture and the associated optimization scheme.

2.1. Kernel Methods and Functional Mapping

Kernel methods provide a powerful strategy for capturing nonlinear relationships by implicitly
mapping data into a high-dimensional reproducing kernel Hilbert space (RKHS). Let X C R? denote
the input domain. A kernel function x : X x & — R defines an inner product in an RKHS H via
K (x;, xj) = (P(x;), D(xj))3, where & : X' — H is an implicit feature map [43]. This bypasses the need
to compute ®(x) explicitly, enabling the analysis of complex dependencies via pairwise similarities.

Gaussian kernels are of particular interest due to their smoothness and universal approximation
capability [44]:

202

_ [ — x| N
Ko (X, xj) = exp| ———==— | €RT, (1)

with bandwidth ¢ > 0. Their Fourier transform is also Gaussian, linking them to smooth spectral
representations—an important property for neurophysiological signals [45].

2.2. Matrix-Based a-Rényi Entropy and Mutual Information

Let X be a continuous random variable defined on X with probability density function (PDF)
g : X — RT. The a-Rényi entropy for « > 0 and « # 1, is defined as:

1
11—«

Hy(X) = 1og/X g(x)* dx. )

Since g(x) is generally unknown in high-dimensional settings, it may be approximated via kernel

density estimation (KDE) using N i.i.d. samples {x;} ¥ ,:

1 N
§(x) = N ;Kg(x,xi), ©)

where «, (-, -) denotes a Gaussian kernel as in equation 1.
For &« = 2, Rényi entropy reduces to quadratic entropy, linked to the Information Potential
(IP) [46]:
A 1 4
Va(X) = /g(x)z dx = 17 Y YK m (X X)) (4)

i=1j=1

Now, let K € RN*N be a Gram matrix with entries Kij =« s3,(xi,x}). Then

~ 1

Vo (X) = WITK 1, (5)
where 1 € RN is the all-ones vector. Next, define a normalized matrix A = K/ tr(K), if {}li(A)}fi 1
gathers its eigenvalues; the matrix-based a-Rényi entropy becomes [47]:

1 N
Ha(A) = —— log( Y Ai(A)" ). ©)
i
For the quadratic case # = 2, a numerically stable formulation is

Hy(A) = —log(tr(AT A)). )
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Next, let X and Y denote random variables with kernel matrices Kx and Ky. Their joint kernel is
computed via the Hadamard product:

Kxy = Kx ®©Ky, 8)

and its normalized version yields the joint entropy:

log(tr(Aky)), Axy = XY _ ©)

ook = (K]

1—«

The matrix-based mutual information (MI) follows:

I(Kx; Ky) = Ha(Kx) + Ha(Ky) — Ha(Kxy). (10)
This formulation offers three advantages crucial for EEG modeling:

—  Nonparametric: no assumptions on the underlying EEG distribution.

- Differentiable: allows end-to-end learning with backpropagation.

—  Redundancy control: high MI between kernel-induced representations is penalized, encouraging
disentangled connectivity patterns across spatial scales.

In T-GARNet, this mutual information regularizer ensures that multi-scale Gaussian connectivity
matrices do not learn overlapping neural relationships, promoting complementary and interpretable
spatial structure while reducing model overfitting.

2.3. Multi-Scale Gaussian Kernel Connectivity

Functional connectivity in EEG reflects coordinated neural activity across cortical regions. To
represent such interactions in a principled and data—driven manner, we construct kernel-based
similarity matrices between channels. This formulation is grounded in the spectral properties of
stationary stochastic processes and their correspondence with positive—definite kernels.

Let x € X be a wide-sense stationary process with autocorrelation function:

Re(7) = /}R 2T 4p,(f), (11)
_an(f)

where Py(f) is an absolutely continuous spectral distribution and Sy (f) = —4f~ denotes its power
spectral density [48]. Thus, second—order temporal statistics are fully characterized by a spectral
measure. A key theoretical foundation comes from Bochner’s theorem, which states that a continuous
function x(+) is stationary and positive—definite if and only if it admits a spectral representation:

x(T) = /]R 27T 4p(f), (12)

for some finite, non—negative measure P(f). This result establishes a direct equivalence between valid
kernels and valid spectral distributions. In practical terms, a kernel implicitly defines a spectral density,
making kernel matrices a natural surrogate for neurophysiological connectivity patterns [41].

For multichannel EEG signals x,x’ € R, this interpretation extends to a cross-spectral represen-
tation:

K(x—x') = /Q 2 (X5 (£) df, (13)

where S, (f) denotes the cross—spectral density and Py (Q2) = [ Sy (f) df its cumulative distribution.
Therefore, kernel similarity between two channels implicitly reflects a frequency—dependent interaction
profile.

Of note, direct estimation of S,/ (f) in EEG is notoriously challenging due to noise, limited data,
and nonstationarity. A widely used surrogate is to approximate the spectral distribution with a
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Gaussian function, as in equation 1. The bandwidth o controls spatial scale: smaller values emphasize
local, fine-grained connectivity, while larger values capture distributed interactions across the cortex.

To account for the multi-scale nature of brain networks, we construct a convex mixture of G
Gaussian kernels, as follows:

G G
K=Y Ky, g >0, Y me=1, (14)
g=1 g=1

where Ky, is the kernel matrix associated with scale o > 0 and 774 are learnable mixture coefficients.
This generates a multi-resolution connectivity representation while ensuring positivity and proper
normalization.

Within the proposed T-GARNet, these kernel matrices provide structured spatial representations
of the EEG that complement the temporal dependencies learned by the Transformer encoder. Each
kernel captures connectivity at a distinct cortical scale, and the convex combination allows the network
to adaptively integrate local and global synchrony patterns relevant to ADHD. These connectivity maps
are subsequently processed by convolutional layers, enabling hierarchical refinement and interaction
between spatial patterns. Combined with the a—Rényi regularization term, the framework encourages
complementary connectivity features across scales, improving interpretability and robustness.

2.4. Transformer and Multi-Kernel Gaussian Connectivity Network with a-Rényi Regularization

Let X € RE*T denote an EEG trial with C channels and T temporal samples. Each segment
is first transposed to X' € RT*C, treating each time step as a token with a C-dimensional feature
representation. this tokenization aligns with Transformer-based modeling of sequential biomedical
signals, enabling the extraction of long-range temporal dependencies while preserving spatial structure
across electrodes.

The token sequence is processed by a single Transformer encoder block composed of multi-
head self-attention (MHSA) and a positionwise feedforward network. For each attention head h €
{1,..., H}, the input matrix X is linearly projected into Queries (Qy,), Keys (K}), and Values (V},):

Q) =XW, K, =XWEK, Vv, =XW/, (15)

where the weight matrices WQ,WE € R4 and WX € RC*4 are learnable parameters. In the
canonical setting, d, = d, = C/H.
The attention output of head & is computed as:

QK
head;, = softmax Vo Vi, (16)

The MHSA operation concatenates all heads and projects them back to RT*;
MHSA (X) = Concat(heady, ..., heady) W, (17)

where W is a learned output projection matrix. This mechanism learns scale-adaptive temporal
dependencies across EEG tokens, while the attention weights provide physiologically interpretable
channel relevance cues.

The MHSA output is passed through a positionwise MLP with residual connections and layer
normalization, following standard Transformer design (see Figure 1) [49]. The resulting representation:
Z € RT*C encodes temporal dependencies enriched by channel-wise contributions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Transformer encoder main pipeline for EEG-based feature extraction.

Also, the temporal representation Z produced by the Transformer encoder is transposed to
Z" € RE*T 50 that each row corresponds to a channel-level feature vector. From this representation,
we compute a bank of G Gaussian kernel connectivity matrices {K,, € chc}gzl that integrate

information across resolutions; the kernel bank is combined through a learned convex mixture:

G G
K=Y mKyp, 7g>0,) m=1, (18)
§=1 §=1

producing a single multi-scale connectivity matrix. The coefficients {71, } are trainable attention-like

weights that adaptively emphasize the most informative spatial resolutions.
K is refined through two convolution—normalization blocks. Formally,

K1) = BN(Conv2Dy(K)), (19)
K2 = BN(Conv2D2<K(1>) ) (20)

where each convolution uses small spatial kernels to enhance localized EEG interactions. Afterward,
the obtained representation is vectorized and classified via a dense layer:

h= Flatten(K(z)), 1)
h’ = Dropout(h), (22)
¥ = Softmax(Wh' + b), (23)

where ¥ € [0,1]2 denotes the predicted probabilities for ADHD and control classes.

Our T-GARNet loss combines normalized binary cross-entropy with an information—theoretic
term that penalizes redundancy across the G multi-scale connectivity matrices. First, the Normalized
Binary Cross-Entropy, yields:

1 N R N
Lpcg = -5 ) []/n log g, + (1—yx)log(1 —yn)}, (24)
n=1

where N is the batch size, y, € {0,1} the ground-truth label, and ,, € [0, 1] the predicted probability
for the positive class. Second, an a-Rényi mutual-information across kernel scales is employed. Namely,
let {K,, € ]RCXC};;:l be the Gaussian connectivity matrices and define their trace-normalized versions
{f(gg € chc}g:y Denote by S, (-) the matrix-based a-Rényi entropy. Then, our MI loss over scales is
defined as follows:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(25)

G _ _ _
_ KioKy®---0K
Ly = ) Sa(Kg) — Sa . Kl KZ KG .
a1 1K 0K, ©--- ©Kg)

This term is minimized when the joint entropy of the Hadamard aggregation approaches the sum of
marginal entropies, encouraging complementary (non-redundant) information across spatial scales.
Consequently, the T-GARNet total loss is written as:

L = Lgcg + AL, A > 0. (26)

Figure 2 summarizes the core components and training pipeline of our proposed T-GARNet
model for ADHD detection.

Transformer Encoder

Contextualized
representation

TSNS
winer  ANNAMAVAA A ANAMARAA]

APt b

PANAMMAANAAAMNANAN

AR AN AN
AN A S A
T

NNV A S AV A
AN DA A A A A
sttt A Nt

WLON + ppyY
WLION + pPpY

Double Conv | | Label
Block prediction

Convex combination }—

a-Renyi-based

. Total Loss
regularizer

Figure 2. Overview of the proposed T-GARNet model. Raw EEG segments are processed by a Transformer Encoder
for temporal feature learning, followed by a Multi-Scale Gaussian connectivity module that generates multiple
kernel-based connectivity matrices. These are refined via convolutional layers. The final objective combines binary
cross-entropy with an a-Rényi mutual information regularizer to enforce non-redundant connectivity features.

3. Experimental Set-Up
3.1. Tested ADHD Dataset

This study uses an EEG dataset publicly available on IEEE DataPort [50], comprising recordings
from 121 children aged 7 to 12 years, including 61 with ADHD and 60 healthy controls (accessed on 1
July 2025). ADHD diagnoses were made by an experienced psychiatrist following DSM-IV criteria,
and participants had received Ritalin treatment for no longer than six months. Control subjects had no
history of psychiatric or neurological conditions. A summary of participant demographics and EEG
acquisition parameters is presented in Table 1.

EEG data were recorded using the 10-20 system with 19 electrodes and referenced to Al and
A2 on the earlobes (see Figure 3a), sampled at 128 Hz. The recording protocol was designed to
assess visual attention, a cognitive function often impaired in children with ADHD. During the task,
children viewed cartoon images and were asked to count the number of characters (randomly 5-16
per image). Stimuli were presented in rapid succession immediately following each response, making
total recording duration dependent on individual response speed (see Figure 3b).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Standard 10-20 system with 19 channels for EEG data acquisition (a). Example of the visual stimuli

shown to children during EEG recording (b). EEG acquisition setup and cognitive task used during the experiment.

Table 1. Summary of the EEG dataset used for ADHD classification.

Source IEEE DataPort [50]
Total Subjects 121 children (61 ADHD, 60 control)
Age Range 7-12 years
ADHD Group 48 boys, 12 girls; mean age = 9.62 + 1.75 years
Control Group 50 boys, 10 girls; mean age = 9.85 + 1.77 years
Diagnosis DSM-IV, maximum 6 months of Ritalin use
19 (1020 system): Fz, Cz, Pz, C3, T3, C4, T4, Fp1, Fp2, F3, F4, F7,
EEG Channels F8, P3, P4, T5, T6, O1, 02
Reference Electrodes Al and A2 (earlobes)
Sampling Rate 128 Hz

Cartoon-based visual attention task; 5-16 characters per image;

Task Protocol . .
continuous presentation based on response speed

To ensure class balance prior to model training, one ADHD subject was randomly removed from
the dataset, resulting in a final sample of 120 participants (60 control and 60 ADHD). After balancing,
all subsequent analyses proceeded as described. To minimize preprocessing bias and evaluate the
model’s capacity to learn directly from raw electrophysiological structure, EEG signals were fed to the
network without artifact removal, filtering, or spectral band decomposition. This design enables the
model to operate on minimally processed neural activity, avoiding conventional assumptions about
spectral relevance and reducing the risk of discarding physiologically meaningful dynamics. Also,
following standard practice in EEG-based classification [19], recordings were segmented into 4-second
epochs (512 samples at 128 Hz) with a 50% overlap. Consecutive windows therefore begin every 2
seconds, yielding dense temporal sampling while preserving temporal independence assumptions (see
Figure 4). This segmentation produced: Control group: 3,657 segments (mean 56 & 15 per subject)
and ADHD group: 4,622 segments (mean 75 = 29 per subject). Moreover, each epoch was treated as
an independent training instance, but subject identity was preserved and never mixed across folds,
ensuring strict subject-wise separation in all evaluation pipelines.

segment 2 ) segment 4 segment 6

Amplitude

segment 1 segment 3 segment 5

0 2 4 6 8 10 12 14
Time (s)

Figure 4. Segmentation of raw EEG into 4-second windows (512 samples at 128 Hz) with 50% overlap. Sliding
windows advance every 2 seconds, yielding consecutive partially overlapping epochs.
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3.2. Assessment, Model Comparison, and Training Details

To assess generalization under rigorous subject-independent conditions, two complementary
validation schemes were implemented (refer to the illustrative example in which two distinct validation
methodologies are juxtaposed with Holdout validation, as depicted in Figure 5).

—  Leave-One-Subject-Out Cross-Validation (LOSO-CV). At each iteration, data from a single subject
were held out exclusively for testing, while the remaining N — 1 subjects formed the training set.
This is repeated N times so that each participant serves as the test set once.

—  Stratified Group k-Fold Cross-Validation (SGKF-CV). A subject-wise stratified k-fold scheme
(k = 5) was employed. For each fold, 24 subjects (12 ADHD, 12 controls) were reserved for testing,
and the remaining 96 subjects formed the training set. Stratification maintained class balance
across folds.

In both protocols, no temporal or subject-level data leakage occurred. Segments from the same
subject never appeared in both training and testing sets.

Clase
3 Control
Holdout BB ADHD
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

v GEE B BN EEEE B EEEE SEEE 2 22 § BN £22 HEEE
e @B g Bk i 1 Z

Leave-One-Subject-Out Cross-Validation (LOSO-CV)
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

wint fEEE BEEE BEEE HENE EEEE FEAF BRER EEFE REER
Test A IIII

Stratified Group k-Fold Cross-Validation (SGKF-CV)
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

wain| EEE FEFZ BNBE FAECZE BEEE EEEE EEEF HBEE
Test IIII IIII

Figure 5. Illustration of validation schemes using an example cohort of 10 subjects. Unlike naive segment-based
splits, LOSO-CV and SGKF-CV strictly isolate subject identities across folds, ensuring reliable generalization
estimates.

T-GARNet was benchmarked against five baseline models selected to represent complementary
design paradigms in EEG learning. The objective was to position the proposed architecture within
a broad methodological landscape, spanning traditional machine learning, compact convolutional
models, recurrent hybrids, and Transformer-based systems. The reference models included:

- CNN-based Architectures (ShallowConvNet [32], EEGNet [29]): These models represent compact,
efficient, and widely adopted CNNs designed specifically for end-to-end EEG processing. They
serve as a baseline to evaluate the performance of standard deep learning approaches that do not
explicitly model connectivity or long-range temporal dependencies with attention.

—  Hybrid Architecture (CNN-LSTM [33]): This model combines CNNs with recurrent neural
networks (LSTMs). It provides a point of comparison for evaluating T-GARNet’s Transformer-
based approach against more traditional methods for modeling temporal sequences.

—  Attention-based Architecture (Multi-Stream Transformer [19]): This model also uses Transformers,
but processes spectral, spatial, and temporal streams independently. It serves as a critical baseline
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to evaluate the benefits of T-GARNet's integrated architecture, where temporal attention and
spatial connectivity modeling are directly linked.

—  Classical Machine Learning Pipeline (ANOVA-PCA SVM [38]): This model represents a tradi-
tional, non-end-to-end approach involving explicit feature engineering, selection, and classi-
fication. It provides a baseline to quantify the performance gains achieved by deep learning
methodologies.

All networks were trained and evaluated using identical cross-validation folds to enable direct
comparison. In keeping with the original methodological prescriptions, preprocessing was applied
only to the models that explicitly require it (ANOVA-PCA SVM and Multi-Stream Transformer). Deep
learning models that support raw EEG input, including T-GARNet, were evaluated on minimally
processed signals to preserve comparability in end-to-end settings. Table 2 summarizes the architectural
components, parameter counts, and the model ability to operate directly on raw EEG.

Table 2. Architectural characteristics and design components of T-GARNet and baseline models for EEG-based

ADHD classification
Trainable q q Raw -
Model CNN LSTM/RN Attention Connectiv Description
Params. Data

ShallowCe 33762 yes no no o yes 1Shallox‘/\l cqnvolutlonal ar_chltecture with squaring and
og activations to approximate power features.
Compact architecture using depthwise and separable

e yes noe ne no yes convolutions optimized for EEG decoding.

CNN- 8752 s s no o s Convolutional feature extractor followed by recurrent

LSTM [33] ¥y ¥y y layers for temporal modeling.

LN Handcrafted feature extraction and statistical

pea N/A noe ne ne no noe dimensionality reduction with SVM classifier.

SVM [19] ’

Multi-

%’tream 574082 no o yes no no Transformer gncoders applied {ndependently to

rans- spectral, spatial, and temporal inputs.

former [38

T

GARNet 6942 es no s s s Transformer temporal modeling, Gaussian kernel

(this b4 Y ¥ ¥ connectivity, and Rényi entropy regularization.

work)

Deep learning models were trained using the Adam optimizer with a batch size of 16 and a
maximum of 150 epochs. Training employed two stabilization strategies to balance convergence
and generalization: early stopping halted optimization when the validation loss failed to improve by
1 x 10~* over 25 consecutive epochs, restoring the best-performing weights, and a ReduceLROnPlateau
scheduler decreased the learning rate by a factor of 0.5 after 10 stagnant epochs, with a floor of 1 x 107°.
The latter allows progressive refinement in later training stages while mitigating overfitting and
premature convergence.

All experiments were executed in a cloud-based Kaggle environment using Python 3.11.11 and
TensorFlow 2.18.0. The hardware configuration included an Intel Xeon CPU @ 2.00 GHz (4 logical
cores), 31 GB RAM, and two NVIDIA Tesla T4 GPUs with 15 GB VRAM each, operating under a 64-bit
Ubuntu-based system. GPU acceleration was enabled through CUDA 12.6 and NVIDIA driver version
560.35.03. For reproducibility, all source code, scripts, and configuration files are available online at
https://github.com/dannasalazarll/Msc_thesis/tree/main/TGARNet.

4. Results and Discussion

This section reports the performance of the proposed T"GARNet model under two complementary
subject-independent validation schemes: SGKF-CV and LOSO-CV. These protocols assess model
robustness to inter—subject variability and acquisition heterogeneity, which are critical for the develop-
ment of clinically reliable EEG-based diagnostic systems. In addition to classification performance,
we evaluate the contribution of the proposed multi-scale Gaussian connectivity module and the
a—Rényi mutual information regularization in enabling interpretable and non-redundant spatial
representations.
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Performance was quantified using standard binary—classification metrics computed at the segment
level. Let TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives.

We report:
TP+ TN
ACCURACY = o TN+ FP + FN @)
TP
Precision = TP L EP’ (28)
TP
Recall = ————. 2
T TPIEN @)

All metrics were averaged across folds, and standard deviations were computed to quantify
performance variability across subjects.

4.1. Performance Under the LOSO-CV Protocol

Table 3 presents the performance of all models under the LOSO evaluation protocol. Consistent
with prior ADHD EEG studies employing subject-wise validation, all end-to—end deep learning
architectures achieve high precision, with EEGNet and CNN-LSTM leading, closely followed by
T"GARNet and ShallowConvNet. This convergence toward ceiling—level performance reflects the
well-known behavior of LOSO in small to medium EEG datasets, where overlapping temporal
windows from the same subject preserve individual-specific spectral-temporal fingerprints across
folds.

Under these favorable conditions, T"GARNet demonstrates competitive performance, achieving
precision comparable to top baselines. This confirms that the addition of multi-scale Gaussian
connectivity modeling and a—Rényi regularization does not impede discriminative capacity when
subject-specific signal structure is implicitly shared across training and test partitions. Moreover,
the variance pattern across architectures follows expected trends: models relying heavily on global
attention exhibit greater variability, reflecting sensitivity to subject—specific noise, whereas T GARNet
preserves stability by enforcing spatial structure and information-diversity constraints.

Overall, while LOSO does not fully expose differences in generalization behavior due to its
optimistic bias, I"GARNet remains on par with leading deep learning baselines. This motivates the
complementary use of the SGKF-CV protocol, which enforces separation across subject groups and
provides a more realistic estimate of out-of-distribution clinical performance.

Table 3. LOSO-CV accuracy performance across models.

Model ACC (%)

EEGNet 97.43 +£13.59
CNN-LSTM 97.21 +£15.52
ShallowConvNet 95.27 £17.72
Multi-Stream Transformer 87.00 + 22.59
ANOVA-PCA SVM 66.85 + 23.90
T-GARNet (This work) 95.53 + 18.53

4.2. Performance Under the SGKF-CV Protocol

To obtain a more realistic estimate of clinical generalization, we performed a stratified group
k—fold cross—validation, where entire groups of subjects were held out in each fold. This protocol
enforces subject-level independence while avoiding optimistic bias that may arise in LOSO settings
due to segment overlap and subject—specific patterns. Unlike LOSO, SGKF-CV evaluates whether the
model can generalize to larger unseen cohorts, closely reflecting deployment scenarios where new
patients exhibit distinct noise characteristics and individual neurophysiological variability.
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Table 4 reports the average performance across folds. T"GARNet achieves the highest mean
accuracy and recall among all evaluated architectures, outperforming compact convolutional models
(ShallowConvNet, EEGNet), recurrent hybrids (CNN-LSTM), and both transformer and classical
pipelines. The improvement is most pronounced relative to the Multi-Stream Transformer and
ANOVA-PCA SVM, highlighting the importance of jointly learning temporal dependencies and
functional connectivity representations rather than decoupling them or relying on handcrafted features.

The elevated recall reflects T"GARNet’s superior ability to correctly detect ADHD segments, a
clinically important characteristic given the consequences of underdiagnosis. Notably, this sensitivity
is achieved without sacrificing precision, indicating that the model does not inflate false positives.
These effects are visually supported by the confusion matrices in Figure 6, where T"GARNet exhibits
the most balanced error distribution and lowest misclassification rates between ADHD and control
segments.

Table 4. Performance comparison under the SGKF-CV protocol. T-GARNet shows robust performance; its main
advantage is interpretability, discussed in the following sections.

Model Accuracy (%) Recall (%) Precision (%)
ShallowConvNet 84.67 + 0.66 84.90 + 0.53 86.15 + 0.63
EEGNet 87.88 + 1.26 87.12 + 1.19 88.45 + 1,53
CNN-LSTM 86.31 + 2.12 86.01 +2.22 86.59 + 2.07
Ml tican 74.05 + 0.57 72.76 + 0.69 74.68 + 0.52
Transformer

ANOVA-PCA SVM 66.47 + 0.00 65.82 + 0.00 66.59 + 0.00
T-GARNet (This work) 88.32 + 0.92 88.02 4+ 0.97 88.65 4 0.98

T-GARNet ShallowConvNet EEGNet CNN-LSTM

°

Actual Negative
Actual Negative
°
&

°
>

Actual Negative
Actual Negative

S
=
Percentage within class

501
11.0%

664
14.6%

242
5.3%

497
10.9%

Actual fosmve
Actual ?osmve
Actual ?osmve
Actual fosmve

Predicted Negative  Predicted Positive Predicted Negative  Predicted Positive Predicted Negative  Predicted Positive Predicted Negative  Predicted Positive

Figure 6. Confusion matrices for the four strongest baselines under SGKF-CV: T"GARNet, ShallowConvNet,
EEGNet, and CNN-LSTM. T"-GARNet shows the most balanced classification profile, achieving high recall for
ADHD cases while maintaining low false positive rates.

4.3. Statistical Significance Analysis

To assess whether performance differences among models were statistically meaningful, a Fried-
man test followed by Wilcoxon signed-rank post-hoc analysis with Holm correction was conducted
[51]. Results were computed from 50 accuracy values per model (5 folds x 10 repetitions).

The Friedman test indicated significant differences across classifiers (Q = 164.80, p < 10~7), con-
firming that the choice of model has a measurable effect on classification accuracy. Table 5 summarizes
the average ranking, win frequency, and post-hoc comparisons.

T-GARNet achieved the best average rank (2.28) and the highest number of fold wins (19/50),
indicating consistently strong performance. Post-hoc Holm—corrected Wilcoxon tests showed that
T-GARNet significantly outperformed the Multi-Stream Transformer and the ANOVA-PCA SVM (p <
0.05). Differences with EEGNet, CNN-LSTM, and ShallowConvNet were not statistically significant
after correction, reflecting the competitive nature of these strong baselines.
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These results demonstrate that T-GARNet matches or exceeds state-of-the-art performance while
providing improved interpretability through its attention-guided kernel connectivity and information-
theoretic regularization.

Table 5. Statistical comparison of models under SGKF-CV. Lower rank is better. Significance refers to Wilcoxon
post-hoc test with Holm correction against T-GARNet (x = 0.05).

Significant vs

Model Avg. Rank Wins (out of 50) T.GARNet
T-GARNet (proposed) 2.28 19 —
EEGNet 2.36 9 No
CNN-LSTM 241 18 No
ShallowConvNet 3.12 4 No
Multi-Stream 594 0 Yes
Transformer

ANOVA-PCA SVM 5.59 0 Yes

4.4. Transformer-Based Channel Importance Analysis

To investigate the spatial contributions learned by the Transformer encoder, we analyzed the
attention projection weights (W, Wi, Wy/) extracted from the trained T-GARNet model. Following
the formulation introduced in Equation 15, these tensors represent channel-wise projections across H
attention heads and embedding dimension d.

For each head h, we computed an inter-channel interaction matrix [52]:

M® = |QhK;

, (30)

which measures how strongly each EEG channel queries information from others. Averaging across all
heads yields:

1 H
M=) M. 31)
h=1

The column-wise ¢;-norm of M defines the attention importance vector &, reflecting how often each

channel is consulted:
M. l]2

ii=—"—\ 32
= Mt e (2

To incorporate the magnitude of the value projections, the overall content importance is computed as

s i Wy l[i,: ]l
o Lka [Wylk s ]llE 4 €

(33)

yielding a normalized distribution of channel relevance across the EEG montage. This metric effectively
combines how much a channel is queried (attentional demand) and how much information it contributes
(content strength).

Figure 7 summarizes the channel-level importance scores across folds. Consistently across
runs, the highest weights concentrate on midline and parietal electrodes (C4, P4, and P3), followed
by prefrontal regions (Fp1/Fp2), reflecting the engagement of fronto-parietal control circuits often
implicated in ADHD neurodynamics. Channels located in posterior and temporal areas exhibit
comparatively lower weights, suggesting limited direct contribution to the temporal encoding learned
by the Transformer.
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Figure 7. Channel-wise importance distribution derived from the Transformer encoder weights across cross-
validation folds.

To quantitatively assess the functional relevance of these learned importance scores, we performed
a channel ablation experiment. Channels were progressively deactivated (set to zero) following two
schemes: (1) ranked order according to €, and (2) random order, averaged over 50 repetitions. Figure 8
shows the resulting mean accuracy drop as channels were removed. The ranked ablation curve
declines sharply compared to the random baseline, indicating that early removal of the most important
channels significantly degrades classification accuracy.

A two-sample t-test between the ranked and random ablations for the first five removals yielded
a statistically significant difference (p = 0.0027), confirming that the Transformer-identified channels
encode discriminative information critical for the ADHD - control distinction.

Cumulative channel ablation: Ranked vs Random

0.9 1
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S === Random mean
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Figure 8. Cumulative channel ablation analysis comparing ranked and random removal orders. Shaded area
shows random mean = standard deviation across 50 iterations.

4.5. Learned Connectivity Patterns

To gain insight into the neurophysiological representations captured by the proposed model, we
analyzed the Gaussian—kernel connectivity matrix produced by the intermediate layer of T GARNet.
This matrix encodes pairwise channel interactions learned directly from raw EEG, allowing us to
examine emergent connectivity patterns without imposing predefined frequency bands or handcrafted
connectivity metrics.
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For interpretability analysis, we selected the trained model from the fifth SGKF fold and extracted
connectivity representations for two subjects in the held—out test group: one ADHD subject and one
control subject. For each individual, connectivity matrices were computed for all EEG segments and
then averaged across segments to obtain a stable subject-level C x C connectivity map.

Figure 9 illustrates these averaged connectivity graphs. Each chord represents a learned functional
interaction between EEG channels, with line thickness and color indicating kernel magnitude and thus
the strength of modeled coupling.

ADHD Subject Control Subject

- 0.96
- 094

- 0.92

Right hemisphere

Left hemisphere
Right hemisphere
Left hemisphere

- 0.90

- 0.88

- 0.86

Figure 9. Learned EEG connectivity patterns extracted from the Gaussian kernel layer of T-GARNet for a
representative ADHD subject (left) and control subject (right). Each pattern reflects the segment-averaged
connectivity matrix generated by the model in the fifth SGKF-CV fold, displayed using a connectivity threshold of
0.85 to highlight the strongest functional links.

Qualitative differences are apparent between the groups. The control subject exhibits a more
localized and structured connectivity architecture, with short-range frontal and temporal interactions
dominating the pattern. In contrast, the ADHD subject shows broader and more diffuse connectivity,
including pronounced long-range interhemispheric and fronto—parietal couplings.

These connectivity signatures align with prior evidence of atypical large-scale communication
and reduced network efficiency in ADHD, particularly in circuits associated with executive control
and attentional regulation. Notably, such patterns emerged without explicit functional connectivity
priors, suggesting that the proposed multi-scale Gaussian kernel mechanism learns clinically relevant
coupling structures in a data—driven manner. Combined with the competitive classification perfor-
mance, these results highlight the potential of T"GARNet as both a diagnostic tool and a model capable
of revealing mechanistic neural alterations in ADHD.

4.6. Class—Wise Spatial Relevance via Grad-CAM++

To further inspect the spatial representations learned by T-GARNet, we computed class-specific
activation maps (CAMs) from the last convolutional layer using the Grad-CAM++ implementation
provided by keras-vis. For interpretability and to avoid information leakage, CAMs were calculated
exclusively over the held-out test subjects from the SGKF-CV fold where Fold 5 served as the test partition.

For each test trial, a CAM A € RE*T was extracted, and the maps were then averaged separately
across ADHD and Control samples:

qapED _ 1 Al ACTL _ 1 nol

NADHD ¢ . Neto 1€ Doy
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To derive a channel-level relevance score, each CAM was collapsed across time:
ADHD _ \~ 2 ADHD CTL _ v 4CTL
Si =) AN, sp =), A
=1 t=1

Because the absolute magnitudes of these vectors may differ across classes, both relevance vectors
were jointly normalized using their shared minimum and maximum:

ADHD _ . . CTL _ . .
SADHD _ 5; Smin &CTL _ 5 Smin
1 - - { — 7
! Smax — Smin ! Smax — Smin
with
./ ADHD _CTL ADHD _CTL
Smin = min(s ,$5), Smax = max(s ,sCTL).

Finally, the class-wise discriminative magnitude was computed as

7

d; = | ADHD _ «CTL

highlighting channels whose relevance differs most between classes.

Figure 10 depicts the resulting topographies. The ADHD map (left) shows a frontal midline
depression centered on Fz and pronounced posterior relevance with a right-occipital peak around
02, accompanied by contributions in P4/T6 and a secondary lobe near T5. The Control map (middle)
exhibits an even deeper valley along the midline (Fz through Cz—Pz) and comparatively elevated lateral
activity, yielding a more symmetric peripheral profile. The class-wise difference (right) highlights
where the model’s spatial evidence diverges most: the strongest separations occur over fronto-lateral
sites (F3/F4) and lateral central electrodes (C3/C4), whereas differences are minimal along the midline
axis (Fz—Cz—Pz) and at occipital sites (O1/02), where both classes show similar levels after joint
normalization.

Overall, these CAM-derived patterns show that discrimination emerges primarily from lateral
frontal (F3/F4) and central sensorimotor regions (C3/C4), whereas midline activity (Fz-Cz-Pz) remains
largely shared between ADHD and control subjects, and occipital contributions are comparably low
in both groups. This spatial distribution is consistent with neurophysiological evidence reporting
that ADHD-related alterations during sustained attention tasks arise mainly in lateral prefrontal and
sensorimotor circuits, rather than in midline executive regions whose engagement is driven by the
task demands itself. The observed CAM differences therefore align well with established findings
and reinforce a coherent interpretation in which lateral fronto—central dynamics encode most of the
class-specific information, while midline and posterior activity reflect common processing across
groups.
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Mean CAM - ADHD Mean CAM - Control Class-wise Difference (ADHD - Control)
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Figure 10. Class—specific Grad-CAM++ relevance averaged over time and subjects from the test split of Fold 5.
Left: ADHD class relevance. Middle: Control class relevance. Right: absolute difference map after joint min—max
normalization. ADHD exhibits stronger frontocentral and right frontal-temporal importance, whereas Control
shows greater relevance in lateral parietal and posterior regions.

5. Conclusions

In this work, we introduced T-GARNet, a novel architecture that integrates Transformer-based
temporal modeling with a multi-scale Gaussian kernel connectivity module regularized through
matrix-based a-Rényi mutual information. The model was designed to address three persistent chal-
lenges in EEG-based ADHD detection: the dependence on extensive preprocessing pipelines, limited
interpretability of deep neural models, and poor generalization under subject-independent evaluation.
Across two rigorous validation schemes, LOSO-CV and SGKF-CV, T-GARNet achieved competitive
or superior performance relative to widely used convolutional, recurrent, and Transformer-based
baselines. Notably, under the more clinically realistic SGKF-CV setting, the proposed framework
demonstrated the highest average accuracy and recall while maintaining balanced precision, under-
scoring its robustness to inter-subject variability and acquisition heterogeneity.

Beyond classification accuracy, T-GARNet provided enhanced interpretability through multiple
complementary mechanisms. The Transformer encoder produced channel-attention patterns that
consistently emphasized fronto-central and parietal regions implicated in ADHD neurophysiology.
The multi-scale Gaussian connectivity module revealed group-specific functional interactions without
relying on handcrafted features or predefined frequency bands. Furthermore, the a-Rényi regulariza-
tion successfully encouraged diversity across connectivity scales, reducing redundancy and enabling
clearer spatial structure. Grad-CAM++ analyses further confirmed class-discriminative relevance in
lateral prefrontal and sensorimotor regions known to support attentional control. Taken together, these
findings demonstrate that T-GARNet offers a principled and interpretable framework for EEG-based
ADHD assessment. By jointly modeling temporal dependencies and connectivity structure while
enforcing information-theoretic diversity, the model captures meaningful neurophysiological patterns
directly from minimally processed EEG.

Future work will explore extensions to multi-class ADHD subtyping, cross-dataset generaliza-
tion, and integration with multimodal neuroimaging to further advance objective and explainable
neurodevelopmental diagnostics [53,54].
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