This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3583038

LOGO

IEEE TRANSACTIONS AND JOURNALS TEMPLATE 1

Cerebral lateralization assessment: an
explainable deep learning approach with
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Abstract—In recent years, cross-frequency coupling
(CFC) has emerged as a valuable tool in the study of a
wide range of cognitive processes due to the strong evi-
dence of its functional role in neural computation and com-
munication. CFC computed from electroencephalography
(EEG) signals provides powerful information for detecting
certain neurological conditions associated with atypical
cerebral lateralization. The use of deep learning (DL) in
this context offers several advantages, including improved
scalability and adaptability to individual variability. How-
ever, it presents several significant challenges related to
the limited availability of labelled samples and the high-
dimensional and noisy nature of EEG data, which can lead
to overfitting, poor generalization, and temporal and spatial
variability between subjects. In this work, we propose a
novel deep learning approach to reveal lateralization pat-
terns based on inter-hemispheric functional differences via
CFC. To overcome the challenges associated to the use
of DL in this context, we propose the use of synthetic
signals for pre-training the neural network that computes a
specific type of CFC, phase-amplitude coupling (PAC), and
a symmetric architecture for evaluating inter-hemispheric
differences. Finally, our model incorporates a custom atten-
tion layer designed to learn the most relevant information
across different EEG channels and its relative importance,
further enhancing its ability to detect subtle hemispheric
differences and providing the necessary explainability for
clinical applications. The results demonstrate a good clas-
sification performance (AUC up to 0.85) in assessing lat-
eralization, providing explainable insights into the mech-
anisms of the disorder. This may aid in early detection
and provide a better understanding of the neural basis
associated with this condition.
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. INTRODUCTION

EREBRAL lateralization refers to the functional special-
C ization of one hemisphere for cognitive functions that are
separable from those supported by the other. It has been an im-
portant research topic since Broca and Wernicke first described
left-hemispheric motor control and language processing in
humans during the 19th century [1]. This idea of a simple
dichotomy between halves of the cognitive whole has evolved
into a better understanding of brain organization and function.
Modern neuroimaging techniques, including structural and
functional magnetic resonance imaging (MRI), in combination
with methods from cognitive neuroscience have begun to
demonstrate that hemispheric lateralization is a multi-faceted
process that may not only vary according to the individual but
also change during development. However, there is evidence
that challenges the old idea that language and logical reasoning
are performed in the left hemisphere, while spatial awareness
and emotional processing take place in its right-counterpart.
The work of Allen et al. [2] shows a more complex picture
of hemisphere interaction, with cognitive functions typically
dependent on distributed networks involving both sides of the
brain. This new perspective is having radical consequences on
the way we study brain function, cognitive development and
how to approach neurological disorders.

The study of differences in cerebral lateralization requires
the acquisition of functional information. This can be carried
out by electroencephalography (EEG), which measures the
brain’s electrical activity with high temporal resolution. Thus,
EEG allows us to study brain dynamics and recognize specific
oscillatory patterns linked with different cognitive processes
such as those involved in learning processes [3]. Moreover,
it is necessary to compute specific features to transform the
information contained in raw EEG recordings into knowledge
with clinical, neurological and psychological value. Where
traditional approaches to assessing cerebral lateralization often
rely on predefined features, costly neuroimaging techniques,
or indirect behavioral measures, we propose a method using
a deep learning architecture that directly extracts relevant
patterns from raw EEG data. This approach enhances in-
terpretability by identifying the most informative channels,
offering a more objective and accessible framework for un-
derstanding language-related neural mechanisms.

One of the most relevant methods to infer the functional
activity of the brain consists of studying cross-frequency cou-
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pling (CFC), which refers to the statistical association between
different frequency components of brain oscillations. There is
strong evidence of its functional role in neural computation,
communication, and cognition [4], making it an invaluable tool
when analyzing brain activity. The most commonly observed
CFC phenomena involve the modulation of higher frequency
amplitudes by lower frequency oscillation phases. This is
known as phase-amplitude coupling (PAC), and has a plausible
biological basis that can be attributed to three main factors
[4]: 1) Excitability fluctuations (low-frequency oscillations
create periods of increased and decreased neural excitability,
influencing the amplitude of higher frequency activity), 2)
Low-frequency oscillations may modulate synaptic integration,
affecting the generation of high-frequency activity, and 3)
Network interactions (different frequency bands may originate
from distinct neural populations, with low-frequency oscilla-
tions coordinating the activity of high-frequency generating
networks).

Thus, PAC allows the exploration of how low-frequency
oscillation phases modulate high-frequency oscillation ampli-
tudes to provide valuable insights into neural coordination
over temporal and spatial scales [S]. This is important for
understanding both local activity as well as how different
brain regions work together during cognitive tasks (long-
range PAC) [6]. There are, however, several factors that make
the computation of PAC challenging. The use of traditional
methods such as phase-locking value (PLV), mean vector
length (MVL), or modulation index (MI) is affected by noise
and artifacts, leading to possible incorrect results [7]. Ad-
ditionally, the computation of PAC can be challenging due
to the complexity and multi-dimensionality of EEG. Models
based on artificial intelligence have been developed to address
these issues. Deep neural networks, such as convolutional
neural networks (CNNs), recurrent neural networks (RNNs),
and long short-term Memory (LSTM) networks, are more
feasible when processing EEG signals due to their ability
to perform automatic feature extraction and capture intricate
temporal dependencies within datasets [8]. Furthermore, other
architectures have recently been used for emotion detection
from multiple physiological signals, including brainwave sig-
nals like EEG, such as stacked autoencoders (SAEs) and RNNs
based on LSTM [8].

However, applying deep learning techniques to EEG data
presents challenges. The limited availability of labeled EEG
samples, due to the complexity and cost of data acquisition,
hinders the training of robust deep learning models. Addition-
ally, EEG signals are inherently high-dimensional and noisy,
with significant temporal and spatial variability between sub-
jects. These factors can lead to overfitting, poor generalization,
and difficulties in capturing the complex neural dynamics. To
overcome these challenges, we propose the use of synthetic
EEG data to pre-train our neural network. By generating
synthetic signals that mimic the statistical properties of real
EEG data and include controlled phase-amplitude coupling
(PAC) characteristics, we create a large dataset for training.

This paper investigates how lateralization patterns change
in subjects with learning disorders (specifically, dyslexia, one
of the most common ones) using a Siamese neural network

(SNN) architecture. Siamese networks can be used to measure
the similarity between two inputs [9], and are here combined
to design a new architecture that computes distinct patterns
of cerebral lateralization. Our working hypothesis is that
dissimilarities exist in brain activity patterns between the
two hemispheres of dyslexic subjects. Moreover, sequential
information was evaluated using long short-term memory
networks, making it suitable for EEG analysis.

Another relevant aspect of this work is that all EEG channels
are inputted into the network simultaneously. This leads to a
reduction in the computational cost when calculating the PAC
between each pair of channels since the network automatically
identifies the most critical channels. Our framework also
addresses some of the challenges associated with PAC com-
putation by generating synthetic data [10]. Specifically, our
method minimizes the necessity for extensive pre-processing
and analytical signal calculation in PAC computation because
the network already performs these tasks inherently. The use
of a Siamese network allows the automatic location of the
critical brain regions and key dyslexia-control group differ-
ential patterns in time [9]. Additionally, we have designed a
specific attention layer to weigh the channel importance during
the learning process, producing vital interpretative resources
relevant to clinical trials, and helping researchers to identify
those brain regions that are more informative during diagnosis.
Moreover, this also contributes to enhance the accuracy of the
model.

The main contributions of this work can be summarized as
follows:

1) A complete deep-learning framework to quantitatively
assess cerebral lateralization patterns in terms of syn-
chronization differences via PAC estimation.

2) A neural architecture is devised to compute PAC directly
from phase and amplitude signals (hereafter, PAC net-
work).

3) A learning transfer paradigm to train the PAC network
based on synthetic coupled signals with the same sta-
tistical properties of EEG. This allows to overcome the
issue of the limited number of EEG samples during the
training of the PAC network.

4) A Siamese architecture containing PAC network blocks
eventually fine-tuned with real EEG signals to figure
out differential patterns between controls and dyslexic
subjects, revealing lateralization differences in language
processing.

5) An innovative module following the attention principle
to quantify the relevance of each EEG channel and to
improve the computational efficiency of the paradigm.

6) A novel application context in which lateralization pat-
terns are used to detect anomalies in cognitive functions
associated with language processing in children with
dyslexia.

The rest of the paper is structured as follows: the next
section presents the previous works on the analysis of EEG
signals and the alternatives used in the field of neuroscience
along with their advantages and drawbacks. Section III de-
scribes the database used in this work and the methodology:
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from the design and training of the deep neural architecture
to how explainability is addressed. Section IV presents the
results obtained in the different experiments, whereas Section
V provides a detailed explanation of the implications of these
results. The final conclusions are contained in Section VI.

Il. RELATED WORKS

Much progress has been made in analyzing EEG signals in
recent decades, from simple frequency analysis to more elab-
orate signal processing techniques. Advances have presented
an opportunity to explore brain functions underlying cognition.
PAC represents a crucial alternative for studying how differ-
ent brain waves interact. Specifically, PAC provides insights
into how slow oscillations influence the intensities of high-
frequency waves that are thought to be essential for coherence
in neural activities across different temporal and spatial scales.
This shift from basic filtering to complex signal processing has
been enabled by a variety of other methodological advances
in contexts such as cognitive neuroscience and structural brain
imaging that were not possible before.

PAC analysis has proven valuable in understanding var-
ious neurological disorders. In schizophrenia, altered theta-
gamma PAC, particularly in specific cortical regions, suggests
disrupted neural circuits [11]. fMRI studies in obsessive-
compulsive disorder (OCD) have revealed abnormal PAC in
frontostriatal regions, explaining difficulties with impulse con-
trol and emotional regulation. Alzheimer’s disease, particularly
in early stages, exhibits decreased low- and high-frequency
PAC, notably theta-gamma coupling, in the hippocampus, a
key region for memory [12]. Parkinson’s disease research high-
lights PAC’s importance in studying pathological basal ganglia
oscillations linked to motor symptoms. Furthermore, studies
on dyslexia have implicated abnormal functional connectivity
in brain networks associated with reading and language, em-
phasizing the role of brain connections in this disorder [13].

CFC methods have been employed to investigate phono-
logical processing in language-related disorders. Studies have
shown that individuals with dyslexia exhibit impaired synchro-
nization between alpha and gamma brainwaves in language
processing regions, contributing to reading and writing dif-
ficulties. Traditional CFC measures, such as Phase-Locking
Value (PLV), Mean Vector Length (MVL), and Modulation
Index (MI), while informative, have limitations [7]. These
methods can be sensitive to noise, leading to inaccurate results
in the presence of artifacts. Moreover, their interpretation can
be complex, especially when analyzing signals with multiple
frequency components at varying amplitudes [7].

Deep learning methods often require extensive training data
to build robust models, but clinical EEG studies typically lack
large datasets. Additionally, variability in brain development,
experimental paradigms, and movement artifacts complicate
data analysis [14]. Synthetic data offer a potential solution by
reducing model bias and preventing overfitting [15]. Methods
such as autoregressive models and Fourier transforms simulate
EEG spectral features [10], while generative adversarial net-
works (GANGs) create artificial neuroelectric signals resembling
genuine EEG waveforms [8]. Despite their potential, these

methods rarely integrate with deep learning frameworks for
PAC estimation. Our approach bridges this gap by combin-
ing synthetic data generation with a PAC neural network,
addressing the challenges of limited EEG data and traditional
PAC methods. To ensure validity, the statistical properties of
synthetic data must be compared with real EEG data [16].

Another challenge when calculating PAC is the multichannel
nature of EEG data, which means that computing the PACs
between all the possible channel combinations constitutes a
high computational cost. In this context, attention mechanisms
are a powerful tool to help the model identify the most
critical parts of an electroencephalographic recording, which
improves explainability and performance [9]. Therefore, it is
possible to apply this mechanism in EEG data both spatially
and temporally. This allows the identification of the most
discriminative channels and time points for a given task and
excludes the remaining combinations, considerably reducing
the computational cost. These attention-based methods are
also useful for selecting features that are relevant in the
identification of changes across individuals and trials.

Other models such as those based on CNNs have been also
effective in the processing of EEG signals, especially in the
field of brain computer interfaces (BCI) [17]. Their ability to
learn hierarchical features allows them to capture spatiotem-
poral patterns [18]. One of the most representative examples
is EEGNet, which has been successfully used in numerous
applications such as the evaluation of the P300 potential or
the study of visual evoked potentials [19]. This network was
also employed to distinguish ADHD subtypes and normal
controls with an accuracy of 83% [20]. Furthermore, [21]
introduced deep and shallow CNN architectures to classify
EEG motor imagery across participants in a multi-paradigm
BCI problems. The automatic feature extraction performed
by CNNs allows raw EEG data to be fed into the network
with slight preprocessing [8]. On the other hand, RNNs,
specially built with LSTMs, constitute a feasible alternative
for processing EEG data, since these models can handle long-
term dependencies [8].

Siamese networks are symmetric architectures with shared
weights, designed to compare two inputs by mapping them
to a common feature space and measuring their similarity.
Trained on pairs, they perform well in detecting differences
and are robust to class imbalance. These architectures have
innovative applications in neuroimaging, such as identifying
subtle differences between brain hemispheres [9]. They can
be used in longitudinal studies to quantify disease progression
and evaluate the relationship between structural and functional
changes in cognitive decline [22]. For example, a Siamese
architecture has been proposed for fusing MRI and PET,
improving diagnostic ability [23]. However, challenges in
applying deep learning to neuroscience, particularly EEG data,
include scarcity of labeled data, high individual variability, and
the need for clinical explainability, which remain unaddressed.

I1l. MATERIALS AND METHODS

A. Database

The Leeduca research group of the University of Malaga
provided the EEG data used in this study. 48 subjects were
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TABLE |: Demographics of the subjects.

Group | Male/Female | Mean Age (Months)
Control 17/15 94.1 4+ 3.3
Dyslexia 79 95.6 £ 2.9

selected from 700 subjects aged 4 to 7 years in 20 different
primary schools (Junta de Andalucia) according to clinical
diagnosis of dyslexia by educational psychologists along
with family risk assessment using the ATLAS method [24].
Clinical diagnosis also includes the criteria of -1.5 standard
deviations from the mean in different reading performance
metrics. Database was homogenized to avoid biases and only
right-handed and native Spanish-speaking matched in socio-
economic status subjects were selected [14]. Subjects with
comorbidities with other neurodevelopmental disorders and
sensory (hearing or visual) disturbances were discarded. Table
I shows the demographic statistics of the database.

The data used in this work were obtained with the informed
and written consent of the legal guardians of each child and the
study was approved by the Medical Ethics Committee of the
University of Malaga (ref. CEUMA 16-2020-H), in accordance
with the provisions of the Declaration of Helsinki of the
World Medical Association. EEG signals were acquired at
500 Hz of sampling frequency using a Brainvision actiCHamp
Plus, equipped with a 32-channel amplifier and active elec-
trodes (actiCAP, Brain Products GmbH, Germany) arranged
following the standarized 10-20 system as shown in Fig. 1.
Stimuli were non-interactive, consisted of band-limited white
noise, modulated in amplitude at 4.8 Hz, 16 Hz, and 40 Hz,
presented during 150 second each. These frequencies were
determined by linguistic psychologists to correspond to the
production frequencies of phonological units in human speech
(Spanish speakers) [14] to match the production frequency of
the different phonological units in Spanish.

To improve signal quality and mitigate skull conduction
effects, we applied preprocessing steps, including filtering to
remove artifacts (eye blinks, muscle activity) and enhance the
signal-to-noise ratio. The Cz electrode was used as a reference,
and bipolar VEOG and HEOG channels were created to be
able to remove EOG components by means of Independent
Component Analysis (ICA). Zero-phase filtering with a 0.1 Hz
low cut-off, 120 Hz high cut-off, and a 50 Hz notch filter was
applied to suppress power line noise. Then baseline correction
was performed, data were re-referenced using a common
average reference to reduce volume conduction influence.
An expert neurophysiologist reviewed all signals to ensure
minimal remaining artifacts or noise.

B. Overall method description

As explained in the introduction, we propose a complete
architecture to compute differential lateralization patterns from
multichannel EEG signals. The proposed approach consists of
a symmetric (Siamese) neural architecture trained to detect
local synchronization differences between hemispheres by
means of PAC statistics. Thus, the first building block is the
PAC network, designed to compute the PAC value directly

Fig. 1: Electrode montage in the extended 10-20 system used
in the experiments. It consists of 32 channels plus GND,
whereas the Cz is used as reference.

from two EEG time series representing the phase and ampli-
tude signals of a channel, respectively. This network is trained
using synthetic signals with the same statistical properties
of real EEG signals, generated with a controlled coupling
strength. After the training, two identical PAC networks with
shared networks are transferred into a Siamese architecture.
A final classification block at the top layer provides the
classification outcome (control / dyslexia in our case) from
the differential patterns coded in the weights of the previous
layers.

Additionally, the high computational cost associated with
this multichannel scenario was mitigated by designing a first
layer that resembles the attention principle, in order to weigh
the channels according to their relative importance. This layer
eventually provides explainability, i.e. information regarding
the channels used by the network to detect lateralization
differences between controls and dyslexic subjects.

C. Synthetic EEG data generation

Studies based on EEG usually have a very limited sample
size given the difficulty in the acquisition of this kind of data,
which causes problems related to replicability and overfitting
in scenarios where machine learning methods are applied.
The recent interest in using deep learning approaches has
made this situation even worse, since these alternatives require
more data to obtain models that can generalize their results
to unseen samples. To address this issue, we proposed a
novel framework to generate synthetic data, an alternative that
offers solutions to common problems such as inter-individual
differences in brain responses or artifacts present in recordings.
The generation of synthetic signals is based on simulating
the spectral and temporal characteristics of real EEG signals
whose statistical properties are further modified to obtain
CFC. Previous studies have established that neural oscillations
across different frequencies follow a specific pattern according
to the power law [25]. Specifically, EEG signals are similar to
colored noise, that can be generated as follows:

1

PP~ 45 M
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Fig. 2: Colored noise signal with 8 = 2 along with an EEG
signal. Both signals follow the 1/ f-like powerlaw (the higher
the frequency, the weaker the amplitude).

where P(f) is the signal power as a function of the frequency
f, and S is the parameter that determines the type of colored
noise (Fig. 2). For EEG signals, S typically € [1,2], corre-
sponding to pink noise and brown noise, respectively [15].

These synthetic EEG-like signals are generated following
the approach described by Kramer and Eden [16], which
enables the creation of time series with controllable cross-
frequency coupling. Specifically, brown noise is filtered into
low and high frequency bands to replicate the characteristic
power distribution of real EEG, and the high-frequency am-
plitude is modulated according to the low-frequency phase.
This validated technique [16] produces synthetic signals that
closely resemble genuine EEG, capturing key phase-amplitude
coupling properties and allowing precise adjustments in cou-
pling strength and noise levels. This method reduces the need
for extensive preprocessing and addresses the high compu-
tational cost associated with traditional PAC computation.
Additionally, it enhances the model’s ability to generalize
from synthetic to real data, improving performance despite the
limited size of real EEG datasets. Additionally, synthetic data
generation allows us to simulate various coupling scenarios.

Synthetic signal coupling: generated signals are filtered
into specific frequency bands using finite impulse response
(FIR) filters. Pairs of signals at different frequencies are
generated: a low-frequency signal (1-30 Hz), which provides
the phase, and a high-frequency signal (50-120 Hz), to mod-
ulate the amplitude. To simulate PAC, the amplitude of the
high-frequency signal is modulated based on the phase of
the low-frequency signal. This is achieved by applying a
Hanning window centered on specific points in the phase of
the low-frequency signal [10]. A Hanning window of length
L, centered at point C, can be defined as:

0.5~ 0.5 cos (g Eb2)),
C_Lp2<n<C+L/2 @

0, otherwise

we, L (TL) =

where L is the total number of samples in the window and n
is the current sample index, n € [0, L — 1].

The duration of the Hanning window L is calculated as
follows:

L0542 3)

o

where f, is the sample rate and f, is the frequency of the
phase signal. The strength of coupling, «, is controlled by
adjusting the height of the Hanning window: the greater the
window amplitude, the greater the coupling power. A factor
in the range [0 — 1] is usually employed, where 0 denotes
no coupling and 1 indicates maximum coupling. To simulate
the characteristics of the EEG recording conditions, Brownian
noise was added to the generated signals (Algorithm 1).

The generation algorithm creates two different signals: a low
frequency filtered phase signal and a high frequency filtered
amplitude signal with a value of 5 =2. The algorithm detects
the instantaneous phase points from the phase signal and
generates a Hanning window whose duration corresponds to
the duration of the signal. Consequently, the Hanning window
is applied to the amplitude signal and then multiplied by the
desired coupling strength at each phase point. Finally, extra
brown noise is inserted into the two signals [16].

Algorithm 1 PAC signal generation

Require: Input signal s[n], coupling strength «, coupling
phase 6., phase signal frequency f,, amplitude signal
frequency f,, sampling rate f5, signal duration 7" (s)

: Generate colored noise s[n] with 8 = 2

: sp[n] < LPF (Low pass filter){s[n], f, }

. 8q[n] < HPF (High pass filter){s[n], fo}

nln] < saln]

: @ {n| Lsyn] = 0.}

hin] + 0 for all n,0 <n < T * f;

for each n, € ®. do

hin] < a-we,pn], C =ne, L=0.5% ]{—;

: end for

: saln] < saln] - (1+ hfn]) + nln]

: return s, [n|, sq(n]

N N N

—_ -
—_ o

The generation of synthetic data offers different benefits:
1) precise handling of signals with desired characteristics; 2)
significant expansion of dataset dimensions; 3) creation of
different settings for systematic evaluation of the performance
of algorithms for PAC estimation; 4) ability to model variables
such as the variability between sessions or among individuals
that have a high influence in the subsequent analyses; and 5)
use of pre-training models before the fine-tuning phase when
real signals are used.

To ensure the quality of the generation process, the coupling
value provided by our method was compared to a well-known
statistical alternative, the mean vector length (MVL) [7], that
is mathematically described as follows:

N i(0¢)
MVL = ‘Ztﬂ:f N =T f, 4)

where N is the total number of data points, a; is the amplitude
at the t-point of one signal, and 6, is the phase angle at the
t-point of another signal. This process is repeated with 5000

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3583038

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

TABLE Il: MVL values for different coupling strengths.

Coupling Strength o MVL
0.0 0.0004 £ 0.000
0.25 0.0054 £ 0.000
0.5 0.0223 £ 0.003
0.75 0.0334 £ 0.004
1.0 0.0447 £ 0.005

pairs of signals for every different coupling force « in 0, 0.25,
0.5, 0.75 and 1.0. The results in Table II show that the coupling
strength o of our method and the MVL are highly correlated,
providing a robust method to build synchronized signals.

D. PAC estimation with deep learning

PAC measurements such as MVL, PLV, and MI have
traditionally been used to study cognitive processes by means
of brain synchronization in EEG and MEG [7]. However, they
are effective for well-defined, low-noise signals, whereas these
measures present significant limitations when applied to real
EEG signals given the inherent complexity and the amount of
noise that these signals usually have. The accurate computation
of PAC in real signals faces challenges such as the extensive
preprocessing pipeline and the need for reducing the amount
of noise. Additionally, interpreting these measurements in
the context of complex brain signals can be problematic,
which has motivated the search for more robust and adaptable
approaches. Our solution to these problems is a novel neural
network framework that can determine PAC signal power
directly from the original signals without the processing steps
usually employed in these scenarios. This novel design is
based on a Siamese architecture formed by two branches of
identical configuration. The first branch receives as input the
high-frequency part of the signal associated with amplitude
information, while the second branch processes low-frequency
content related to phase information. Each branch is formed
by a 1D CNN and a series of LSTM layers, as shown in Fig.
3. The 1D CNN layer is tailored to deal with data sequences,
like time series or text data [19]. To do so, filters or kernels
are slided through its input stream to identify patterns, thereby
enabling temporal dependencies or local structures within data
to be discovered. We set the size of the convolution kernel at
20 with a stride of 3, whereas the number of output channels
was set to 1. Thus, the output was computed by using the
following equation:

K-1
Yo=Y wiT_p+b 5)
k=0

where K refers to the kernel size, wy, is the kernel weight at
position k, x;_j is the input at position ¢t — k, and b denotes
the bias term.

After each convolutional layer, a MaxPool operation was
performed to reduce the spatial dimensions of feature maps,
which enhances computational efficiency and help focus on
the most relevant features. Then, an LSTM module was
implemented. LSTMs are particularly effective in addressing
the problem of gradient fading faced by traditional recurrent
neural networks [26]. Based on a series of memory cells,

recurrent layers with specialized architecture can selectively
remember or forget information over time, controlled by three
gates: input, forget, and output. Mathematically, we can define
the state of the cell s;, the hidden state (output) hy, the forget
gate grorget,t» the input gate ginputs, and the output gate
Goutput,t» as follows:

Forget Gate:

Gforget,t = O(WrorgetTt + Usorgethi—1 + brorget) (6)
Input Gate:
Ginput,t = (Winput®t + Uinputht—1 + binput) @)
Output Gate:
Goutput,t = (WoutputZt + Uoutputht—1 + boutput) (®)
Cell Input Activation:
§p = tanh(Weenwt + Ucerthe—1 + beeir) )
Cell State Update:

St = Jforget,t * St—1 + Ginput,t * St (10)
Hidden (Output) State Update:
hy = Goutput,t * tanh(st) (11)

where o is the sigmoid activation function, tanh is the hyper-
bolic tangent activation function, W, U, and b are trainable
weight matrices and bias vectors for each gate operation, *
represents the element-wise multiplication, and z; is the input
at time step t.

Our architecture uses two LSTM layers with a hidden size of
400 units. The hidden state maintains the short- and long-term
contextual information of the sequences, capturing the internal
state of the network at a specific time step and propagating
this information to the next step. We use this hidden state to
represent the EEG sequence since its context is more crucial
for us than forecasting the subsequent part of the signal.

Finally, the hidden states of both branches are concatenated
and fed into a fully connected layer, consisting of two linear
layers resulting in an embedding size of 50. This embedding
is then passed to two other linear layers leading to a single
value that represents the strength of the PAC between the
input signals. This structure is beneficial for PAC estimation
and reduces the need for complicated preprocessing steps
that can introduce biases given their subjective nature [19].
The use of deep learning for PAC estimation is a significant
advancement in EEG signal analysis, providing a robust and
efficient alternative to conventional techniques, especially in
disorders like dyslexia that involves examining how various
brain waves interact to understand the disorder [27].

E. Attention layer

The attention layer proposed in this work represents a
significant advancement in the efficient preprocessing of multi-
channel data. Specifically, this module handles multiple EEG
channels simultaneously and selects only the most relevant
ones for the distinction of dyslexic and control groups [23].
The primary purpose of the attention layer is to process

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3583038

MARCO A. FORMOSO et al.: CEREBRAL LATERALIZATION ASSESSMENT

Amplitude Signal
Phase Signal

VAVAL

Dense

Linear (input=200,

output=100, relu)
+

Linear (input=100,
output=50, relu)
—

Embedding
Size=50

Fig. 3: Network Architecture for PAC calculation.

the collective and multiple inputs and assign them a weight
according to their relevance. Based on the contribution of
each individual channel, an output channel is then generated.
Thus, the benefit of this method is the preservation of essential
information within every channel while significantly reducing
the computational burden.

A matrix X of size C x S is received by the input
layer, where C' represents the number of channels and S
is the temporal length of the EEG signal. Each channel is
then subjected to one-dimensional convolutions and a pooling
operation. A kernel size of 20 is used in the convolution layers,
while in average pooling layers, sizes of 5 and 2 are set. Then,
we used a dense layer with 40 hidden units, whose output
values were converted using a Softmax activation function.
This operation provides a normalized weight vector for each
individual channel, so that the length of the weight vector
sums to one, ensuring a valid probability distribution across
all channels. Subsequently, these weights serve as coefficients
for determining the importance of each original channel [23],
and they allow the interpretation of the results in neurological
terms. Specifically, the weights reveal the brain regions where
discrepancies in language processing emerge when comparing
dyslexics and controls [28].

The process is explained in much more detail in the fol-
lowing equations. Let the input tensor to layer 1 be denoted
as X € RE*S where C is the number of channels, and S is
the length of the input sequence. The output of this first layer,
Y1, would be computed as follows:

Layer 1:

Convolution Layer 1:

Y: = ConvIiD(X, W1, by), (12)

where W and b; are the weights and biases of the first
convolution layer with kernel size k; = 20.
Activation and Average Pooling Layer 1:

Y> = AvgPool ID(ELU(Y?), k2), (13)

where ko = 5 is the kernel size of the average pooling
layer, and ELU refers to the Exponential Linear Unit
function.

Layer 2:
Convolution Layer 2:

Y3 = ConviD(Yz, Wy, by), (14)

where W5 and b, are the weights and biases of the
second convolution layer with kernel size k; = 20.
Activation and Average Pooling Layer 2:

Y, = AvgPool ID(ELU(Y3), ks), (15)

where k3 = 2 is the kernel size of the average pooling
layer.

Dense Layers and Attention Mechanism:
Flatten output and fully connected layer 1:

Y; = Flatten(Y%), (16)
Dense Layer 1:
Ys = W3Y5 + b3, (17)

where W3 and b3 are the weights and biases of the first
dense layer, transforming into a vector of size 40.
Activation and Dense Layer 2:

Y7 = ELU(Y5s), (18)
Ys = WiY7 + by, (19)

where W, and by are the weights and biases of the
second dense layer, transforming into a vector of size
M (number of channels).

Softmax Activation:

A = Softmax(Yz), (20)

where A represents the attention mechanism.
Attention Application:
Attention Application:

M
7 = Z A, - X, 2n
m=1

where Z represents the result of applying the atten-
tion A to the original input X through element-wise
multiplication followed by summation over the channel
dimension.

Output:
The final outputs of the network are:

(A, Z) (22)
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The architecture based on an attention layer offers sig-
nificant advantages in the analysis of EEG signals. First, it
eliminates the need to compute PAC for each possible pair
of channels, significantly reducing the computational cost.
Second, it self-learns the relevant channels for the subsequent
classification task (deeply discussed in next section), which
in practice helps to perform built-in feature selection. This
is of vital importance for explainability purposes since those
channels with highest weight values are the most relevant for
identifying dyslexic children.

F. Siamese network to assess lateralization patterns

Siamese networks are symmetric architectures designed to
compare two inputs by mapping them to a common space and
measuring their similarity or difference. Thus, the architecture
proposed in this work is formed by the two previously men-
tioned modules: the PAC network and the attention block. It
is important to note that the proposed architecture is based on
comparing differences in the brain activity patterns between
the left and right hemisphere, a very relevant aspect in the
study of learning disabilities [29]. To do so, a Siamese network
was designed, starting with the initial division of the EEG
channels into two subsets correspoding with the two hemi-
spheres. The signals are then filtered to the desired frequency
bands, with one band providing the phase signals, and another
at a higher frequency providing the amplitude signals.

For each hemisphere, two attention layers are implemented:
one focused on the fast band and another one on the slow band.
These attention layers, as described above, identify and weigh
the most relevant channels within each band and hemisphere
[23]. The result of each attention layer is a single, integrative
signal that summarizes the most relevant information from
the corresponding channels. The integrative signals from the
attention layers are fed into the PAC network, whose weights
have been pre-trained and locked. With this transfer learning
approach it is possible to take advantage of the knowledge
acquired by the PAC network during the training phase with
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Fig. 5: Validation results for the PAC network on synthetic
data. The X axis shows the true value of the signal strength
and the Y axis shows the value predicted by the network.

synthetic data [18]. Specifically, two identical PAC network
blocks, each sharing the same pre-trained weights, are incor-
porated into the Siamese structure. This ensures the retention
of the deep representations learned during the synthetic data
training, allowing the network to effectively capture inter-
hemispheric differences without re-engineering features.

The embeddings obtained from the PAC networks of each
hemisphere are concatenated. They contain critical information
related to variations in neural activities across the two hemi-
spheres, and thus can act as a higher-level feature extractor
[9]. Then, these fused embeddings entered the classification
process to test whether our model can identify individuals
who have dyslexia by using only these representations [22].
The classifier was formed by three fully connected layers with
Leaky ReLU activation functions for the first two layers and
a sigmoid activation function in its output layer. This archi-
tecture ensures the distinction between controls and dyslexic
patients by analyzing subtle differences in their brain activity
patterns (see Fig. 4 for a schematic diagram of the complete
framework).

G. Network training and validation

PAC network: The training of the PAC network involves
creating pairs of artificial signals that mimic the attributes
of actual EEG signals, as explained in section III-C. Phase-
related signals are produced within the 1-20 Hz frequency
range, while amplitude-related signals occur between 50-120
Hz. Each signal has a bandwidth of 4 Hz and is sampled at
a rate of 500 Hz [10]. The signals are generated with random
coupling strength (o € [0, 1]) and random coupling phase (§ €
[0, 7]), with both variables uniformly distributed within their
respective ranges. These signals are continuously generated
throughout the PAC Network training phase, resulting in a
virtually infinite dataset of coupling signals [16]. In order
to optimize this model, the mean squared error (MSE) is
employed as the minimization criterion, and is mathematically
defined as:

n

1
MSE == "(yi — §:)°
SE=— 2 (vi =)

i=1

(23)
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where n denotes the number of samples, y; represents the
actual values, and g¢; refers to the model predictions. These
values correspond to the true coupling strength («) and the pre-
dicted output from the network. This measure serves as a good
indicator of the difference between what this system thinks
and what happens. When the training finished, an extensive
validation process was conducted on a dataset of 1000 pairs of
artificially generated signals to assess the generalization ability
of the PAC network. Similar to the previous dataset, these
signals were randomly generated based on « and 6 values,
although in this case, the o values were uniformly distributed
in the range of [0,1], in steps of 0.1.

To visualize the outcomes of this validation procedure,
the coupling strength values predicted by the network were
compared with those calculated analytically (see Fig. 5).
A close correlation emerged between model estimates and
actual values when these values were graphically displayed.
Observed deviations were maintained within an acceptable
range, suggesting the network could accurately predict cou-
pling strengths in artificial signals. Such errors are considered
acceptable for actual EEG signal analysis. Thus, it seems clear
that the trained PAC network can be successfully used as
a dependable instrument for evaluating the phase-amplitude
coupling, even in experimental settings with more complex
and variable EEG signals.

Fine-tuning with Real EEG Data: After pre-training the
PAC network on synthetic data, we fine-tune it using the real
EEG signals. The phase and amplitude components extracted
from the real EEG recordings are fed into the PAC network.
We use the PAC values computed via traditional methods
(MVL) from the real EEG data as reference targets. The net-
work’s output PAC estimates are compared to these reference
values, and the weights are adjusted using backpropagation
to minimize the mean squared error loss function (eq. (23)),
being this time y; the reference PAC values from traditional
computation, and §j; are the PAC estimation from the network.

Siamese network: For the training of the Siamese network,
experiments were performed using recordings of all available
stimuli (4.8, 16, and 40 Hz). This means that a separate model
was trained for each combination of stimulus and pair of
low/high-frequency bands. The loss function used was the
binary cross-entropy, defined as follows:

N

BCE = —% ;[yi log(pi) + (1 — i) log(1 —pi)]  (24)
where N is the total number of samples, y; is the actual value
of the sample (0 or 1), and p; is the predicted probability of
belonging to class 1.

In order to determine whether the model is valid for
multiple situations and to prevent overfitting, we used a
k-fold cross-validation technique. After training the model
five times (5-fold), results were computed as the average of
the outcome of each individual iteration. The performance
were computed according the following metrics: sensitivity,
specificity, balanced accuracy, AUC, and precision. Regarding
the statistical significance, it was computed using permutation
tests to randomize the labels 1000 times, building an empirical

distribution based on the resulting AUC obtained [30]. The
samples from this distribution are compared with the actual
measure of performance (the one obtained when the actual
labels are used). Results are considered significant it the
percentage of samples from the empirical distribution that
surpass the actual AUC is lower than 5%, which corresponds to
the widely-established threshold of p < 0.05. Thus, the score
employed to evaluate the statistical significance was computed
as follows:

N
_ i 1Al = [A])
N
where s is the score, N is the total number of permutations,

A is the observed AUC value, A; is the AUC value for the
i—th permutation, and [ is the indicator function.

(25)

IV. RESULTS

This study developed a novel framework for evaluating
cerebral lateralization using cross-frequency coupling. The
primary goal was to create a robust tool to address challenges
in DL frameworks. We assessed the methodology’s predictive
power and robustness using auditory stimuli at 4.8, 16, and
40 Hz. Initially, synthetic signals pre-trained the PAC neural
network to mitigate data scarcity, enhancing generalizability.
The network was then trained with original data, filtered into
Delta, Theta, Alpha, Beta, and Gamma bands for the Siamese
network. Training on a server with 2 x Intel Xeon E5-2640 v4
CPUs and an NVIDIA GeForce RTX 3090 GPU took about
120 hours, with an additional 40 hours for fine-tuning. Post-
training, the model’s inference phase is less computationally
intensive, allowing routine clinical use on standard hardware.

Table III summarizes the results for each combination of
auditory stimuli and brainwave pairs, including alpha (9-
12 Hz), beta (13-35 Hz), delta (1-4 Hz), theta (5-8 Hz),
and gamma (35-120 Hz). These brainwaves, associated with
distinct mental states, were matched to the gamma band,
except for gamma-gamma. For the 4-Hz stimulus, the beta-
gamma combination achieved the best performance with an
AUC of 0.74. The 16-Hz stimulus yielded an AUC of 0.82 for
the beta-gamma combination, showing superior performance.
Notably, maximum performance varied with different band
couplings depending on the stimulus. The highest performance
was with the 40-Hz stimulus, achieving an AUC of 0.85 for
the alpha-gamma combination, similar to the 16-Hz context.

Once evaluated the performance, it is important to mention
the statistical significance of our findings. As Table III shows,
we computed it for the three scenarios evaluated, but only in
the coupling between bands where maximum performance in
terms of AUC was obtained. The reason for this decision was
the high computational cost of this type of operation. We must
mention not only that the three contexts reach significance, but
the low p-value found in all scenarios. In fact, this value was
lower than 10° in all cases, demonstrating that all of them
surpassed by far the conventional statistical threshold 0.05.
This proves that our findings are clearly valid and not obtained
just by pure chance. Fig. 6 depicts the empirical distribution
obtained from the 5000 permutations carried out, as well as
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TABLE llI: Results obtained for different input stimuli and brainwaves. The * denotes no permutation test were done for that

band combination.

Stim Coupling AUC Sensitivity | Specificity | Balanced Accuracy | Precision p-value

4.8 | Alpha-Gamma | 0.68 £+ 0.15 | 0.63 £ 0.37 | 0.59 £ 0.48 0.61 £+ 0.36 0.52 +£ 041 *
Beta-Gamma | 0.74 £+ 0.19 | 0.67 + 0.17 | 0.60 £ 0.19 0.64 + 0.14 0.71 £ 0.14| < 10~53
Delta-Gamma | 0.61 4 0.34 | 0.90 & 0.13 | 0.37 & 0.46 0.64 £+ 0.35 0.53 £ 0.29 *
Theta-Gamma | 0.69 + 0.28 | 0.80 + 0.16 | 0.60 £+ 0.49 0.70 £+ 0.38 0.72 + 0.34 *

16 | Alpha-Gamma | 0.82 + 0.16 | 0.83 + 0.15| 0.59 + 0.18 0.71 + 0.12 0.69 + 0.12| < 103
Beta-Gamma | 0.76 4 0.31 | 0.57 £ 0.29 | 0.97 &+ 0.04 0.77 £ 0.20 0.77 £ 0.39 *
Delta-Gamma | 0.70 4 0.34 | 0.60 4 0.33 | 0.77 4+ 0.39 0.69 £+ 0.36 0.66 £+ 0.42 *
Theta-Gamma | 0.69 + 0.23 | 0.60 + 0.33 | 0.74 + 0.37 0.67 + 0.33 0.55 + 0.36 *

40 | Alpha-Gamma | 0.85 + 0.14 | 0.77 + 0.13 | 0.79 £ 0.19 0.78 + 0.11 0.83 £0.17| < 103
Beta-Gamma | 0.81 4+ 0.14 | 0.80 &+ 0.12 | 0.75 = 0.38 0.78 £ 0.25 0.77 £ 0.26 *
Delta-Gamma | 0.72 4+ 0.21 | 0.80 4 0.16 | 0.60 4+ 0.49 0.70 £+ 0.28 0.72 +£ 0.34 *
Theta-Gamma | 0.70 4 0.22 | 0.67 £ 0.37 | 0.57 &+ 0.47 0.62 £ 0.26 0.48 £ 0.36 *

4.8 Hz, Beta-Gamma PAC. AUC=0.74

16 Hz, Alpha-Gamma PAC. AUC=0.82

40 Hz, Alpha-Gamma PAC. AUC=0.85

60
60

50
50

40 40

30 30

20 20

10 10

Il
0+ 0+
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4

(a) (b)

50

40

i 1 ol 1
0.6 08 10 0.0 02 0.4 0.6 08 1.0

(c)

Fig. 6: Best permutation results a) 4.8 Hz, b) 16 Hz and ¢) 40 Hz) stimuli. Null distributions obtained over 5000 permutations
are shown in blue. The red line represents the AUC obtained when using the actual labels.

the actual AUC, i.e. the AUC obtained when the correct labels
were used to train the classification framework. We can see
that for the three stimuli (4.8, 16 and 40 Hz), none of the labels
permutation led to a better result than the one obtained by
when using the actual labels, which visually represents what
we explained above: results are clearly significant.

In addition to AUC, sensitivity and specificity highlight
the model’s clinical utility, reflecting its ability to correctly
identify dyslexic subjects and exclude controls. While AUC
is advantageous for handling imbalanced data and avoiding
single-threshold biases, sensitivity and specificity offer a more
direct measure of diagnostic value. Moderate AUC standard
deviations (around 0.14-0.19) suggest some variation without
critically affecting discriminative power. Moreover, statisti-
cally significant results indicate that these performance levels
are not due to chance, underscoring the method’s reliability.

As explained in the method Section (III-E), the attention
layer plays an important role in the proposed architecture.
First, this layer maximizes the performance of the proposed
framework by weighting the contribution of each channel to
the computation of the PAC coupling. Second, the attention
mechanism allows the detection of the relative importance of
each channel according to its weights, which is a mathemat-
ical description of their relevance. This resulted in greater
explainability, providing additional information about what
goes beyond the classification performance. Figure 7 shows a
visual representation of the differences between the two classes
(controls and dyslexics) in terms of the weights assigned to
each channel across the experiments. The topographic maps
are divided into phase and amplitude parts for the most

discriminative cases found during our experiments, according
to Table III. Only significant differences (those with a p-value
lower than 0.05) were represented, to figure out the informative
patterns related to the lateralization evaluated by our frame-
work. In fact, these lateralization patterns were evaluated as
the difference in the weights of each hemisphere. In the 4.8 Hz
scenario, we found a greater importance of the channels of the
right hemisphere (see Fig. 7 a) both in phase and amplitude
terms. This pattern is repeated when using stimuli of 16 Hz,
as shown by the darker colors that correspond with the most
representative brain areas. However, this asymmetry between
hemispheres was the opposite for the 40-Hz stimulus. The
topographic map shows a slight imbalance toward the left
hemisphere, as different brain rhythms correspond to specific
cognitive functions; that is, the higher the difference between
the frequency of stimuli, the higher the specific function
associated with these brainwaves. This is why the topographic
maps when using the 4.8-Hz and 16-Hz stimuli are more
similar to the 40-Hz stimulus.

Mentioning the spatial distribution of the weight maps for
the three evaluated contexts, in the first scenario (4.8 Hz
stimulus), we found high differences in the frontal and tempo-
ral regions, which are usually related to speech organization.
Regarding the 16-Hz stimuli, significant differences arised in
parietal and temporal regions, which are crucial for decoding
sounds and speech articulation. Differences in the frontal and
parietal regions were identified when processing 40-Hz stimuli
as evidence of a lack of fluency in phonological processing.

Table IV compares various studies using EEG with different
stimuli as well as imaging data to compute differential patterns
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computed by the attention layer for the a) 4.8 Hz, b) 16 Hz and c¢) 40 Hz stimuli used in this work.

TABLE IV: Comparison among works implementing different techniques for dyslexia classification. *Data not reported.

Method Accuracy Sensitivity Specificity AUC Data
EEG-ERP / SVM (Memory task) [31] 0.79 + * 0.89 £+ * 0.58 + * * Dyslexic 38 / Controls 19
EEG / SVM (Writing Task) [32] 0.72 £+ * 0.76 £ * 0.67 + * * Dyslexic 17 / Controls 15
EEG / SVM (Typing Task) [32] 0.78 £+ * 0.88 £+ * 0.67 + * * Dyslexic 17 / Controls 15
EEG / SVM (Lexical decision) [33] 0.79 + * 0.79 £+ * 0.78 + * * Dyslexic 20 / Controls 20
MRI / SVM [34] 0.80 + * 0.82 &+ * 0.78 + * * Dyslexic 22 / Controls 15
fMRI/ CNN [35] 0.73 £+ * 075 £ * 0.71 &+ * * Dyslexic 19 / Controls 19
EEG/ SVM [36] 0.74 £+ * 0.75 £ * 0.73 + * 0.84 + * Dyslexic 16 / Controls 32
EEG/ KNN [37] 0.73 £ 0.11 0.76 £ 0.18 0.82 £+ 0.15 0.76 £ 0.15 Dyslexic 16 / Controls 32
EEG/ Gradient Tree Boosting [38] 0.79 £0.12 | 0.73 £ 0.17 | 0.85 £ 0.13 | 0.79 £ 0.12 Dyslexic 16 / Controls 32
NIRS/ SVM [39] 0.72 £ 0.06 | 0.71 £ 0.08 | 0.73 +0.06 | 0.78 + 0.04 | Dyslexic 16 / Controls 32
EEG/ Denoising Autoencoder [40] 0.76 + 0.09 0.55 + 0.25 0.84 4+ 0.25 0.76 + * Dyslexic 16 / Controls 32
EEG/ SVM and Graph Metrics [41] 0.73 £+ * 0.72 £ * 0.74 + * 0.79 £+ * Dyslexic 16 / Controls 32
EEG/ Probabilistic Cross Frequency Coupling [42] | 0.79 £ 0.08 * * 0.82 £ 0.11 Dyslexic 16 / Controls 32
EEG / our method, (4.8 Hz, Beta-100 Hz) 0.71 £0.14 | 0.67 £ 0.17 | 0.60 + 0.19 | 0.74 £ 0.19 Dyslexic 16 / Controls 32
EEG / our method, (4.8 Hz, Beta-100 Hz) 0.71 £ 0.14 | 0.67 £ 0.17 | 0.60 & 0.19 | 0.74 £ 0.19 | Dyslexic 16 / Controls 32
EEG / our method, (16 Hz, Alpha-100 Hz) 0.69 +0.12 | 0.83 £ 0.15 | 0.59 +0.18 | 0.82 + 0.16 | Dyslexic 16 / Controls 32
EEG / our method, (40 Hz, Alpha-90 Hz) 0.77 & 0.13 | 0.79 £+ 0.19 | 0.85 £+ 0.14 | 0.83 & 0.17 | Dyslexic 16 / Controls 32

to classify control and dyslexic subjects. In addition, some
of these studies employed the same dataset that we used in
this work; thus, bias in the comparison with the performance
of the proposed method was minimized. Our method yields
classification results comparable to those obtained in other
works, with a similar sample size. A key feature of our study is
the exclusive use of passive auditory stimuli, which sets it apart
from other approaches. This framework minimizes bias from
mood or other factors affected by voluntary responses, unlike
studies such as [31]-[33] that employ reading or writing tests.
These methods used more complex experimental setups and
require controlling for factors like the emotional and relaxation
states. [43] acquired brain activity in resting state, which
most closely resembles our experimental setup. However, our
methodology can be categorized as a semi-resting state, as it
incorporates auditory stimuli without requiring subject inter-
vention. To provide a context, Table III includes comparisons
with non-deep learning classification methods, such as SVM
[41] and purely statistical approaches [42], despite the intrinsic
difficulty of comparing our end-to-end architecture—capable
of autonomously extracting and classifying complex fea-
tures—to methods dependent on preselected features. More-
over, although this work focuses on dyslexia, the underlying
PAC-based lateralization framework can be extended to other
neurological conditions, including schizophrenia or epilepsy,
provided that well-curated datasets enable the identification of
consistent lateralization markers. Other studies, such as [34],
[35], focused on detecting structural and functional patterns
using structural MRI and functional MRI.

V. DISCUSSION

This work presents a novel approach for studying brain
activity through cerebral lateralization and signal coupling to
identify differential patterns in functional activity using PAC,
which helps understand interactions between brain rhythms
[4]. In EEG analysis, two main analyses are typically per-
formed: local CFC, which studies coupling between different
frequency bands within the same electrode, and inter-electrode
coupling, which examines how the phase of a low-frequency
band signal in one electrode affects the amplitude of a high-
frequency band signal in another [5]. This second approach has
been used to study interactions between different brain regions.
Both methods provide valuable insights into neural coordina-
tion over various periods and spatial locations, enhancing our
understanding of brain information processing [44].

This work proposes a deep learning framework for PAC esti-
mation, along with a method to overcome the usual drawbacks
in EEG processing as well as a symmetric architecture, whose
branches are fed with EEG channels (divided by hemisphere)
to evaluate differences between them. Our work is based
on several studies that support the theory of hemispheric
differences in the coordination of brain function in dyslexic
individuals [29]. Finally, the classification decision is obtained
and compared with the actual diagnosis (control/dyslexic) in
order to evaluate the performance of the proposed architecture.

A key contribution of this work lies in its novel approach to
EEG channel selection. Effective Al model training requires
isolating relevant information from noise, ensuring that the
model learns meaningful associations between features and
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labels. Traditional methods often evaluate all possible channel
pairs, selecting only the most informative ones for subsequent
classification. This exhaustive approach incurs significant com-
putational overhead. To address this limitation, we introduce
an attentional block that enables the network to learn the rel-
evance of each channel directly. This mechanism dynamically
weights the contribution of each channel, effectively fusing
them into a single informative representation. By learning
these weights, the network efficiently identifies and prioritizes
the most crucial channels, significantly reducing computational
burden while maintaining high performance.

It is crucial to note that our results focus on interhemispheric
asymmetry, rather than overall brain activity. While EEG
studies analyze activity across multiple electrodes, conclusions
are often drawn at a regional level based on anatomical atlases.
Although EEG has limitations in spatial resolution, our atten-
tion layer helps identify the most informative channels within
the recorded data. Studies on dyslexia have highlighted altered
interhemispheric communication in affected individuals [29].
Our findings underscore the importance of evaluating hemi-
spheric contributions independently. The proposed Siamese
network, designed to account for these interhemispheric dif-
ferences, demonstrates high classification performance, high-
lighting its suitability for this type of analysis. This approach
is highly relevant for understanding the brain basis of dyslexia
and paves the way for developing new methodologies that
leverage cerebral lateralization in the study of this and other
neurological conditions.

This study addresses a critical challenge in deep learning
for EEG analysis: the scarcity of large training datasets. To
overcome this limitation, we generated synthetic data simu-
lating the behavior of Phase-Amplitude Coupling (PAC). We
employed a pre-training strategy, utilizing the synthetic data
to initialize a neural network before fine-tuning it on the
actual EEG recordings. Subsequent validation using a permu-
tation scheme yielded highly significant results (low p-values),
indicating the robustness and efficacy of our classification
framework. The successful application of our PAC network
to real EEG data demonstrates the effectiveness of our pre-
training approach with synthetic signals.

While our results underscore the effectiveness of the deep
learning approach, it is important to recognize PAC estima-
tion’s inherent vulnerabilities to noise and artifacts. Traditional
methods often require extensive preprocessing and expert-
tuned parameters to mitigate these issues. In contrast, our end-
to-end framework leverages pre-training on synthetic datasets
to learn stable phase-amplitude coupling patterns, enhancing
noise resilience before fine-tuning on real EEG data. This
strategy reduces reliance on human expertise, allows for data-
driven channel weighting, and can reveal nuanced, non-linear
relationships between frequency bands that conventional tech-
niques may overlook. As a result, our method provides a more
robust, scalable, and potentially more accurate approach to
PAC estimation.

Our results demonstrate optimal performance within the
alpha/gamma band, aligning with prior research indicating
altered alpha wave activity in dyslexia [45], [46]. Previous
studies have observed altered alpha power distribution in

dyslexic individuals, linking alpha activity not only to spa-
tial attention but also to temporal organization of stimuli.
Notably, one study found a significant correlation between
alpha power lateralization and speech rate, impacting speech
comprehension [46]. These findings underscore the crucial role
of alpha oscillations in auditory information processing and
language comprehension, particularly relevant to dyslexia. Our
results thus corroborate existing literature, demonstrating the
significance of the proposed framework for investigating brain
EEG signals in the context of dyslexia

A key strength of our method is its ability to provide
spatial information via an attentional block, quantifying the
relevance of each electrode and thus the informativeness of
its corresponding brain region. This offers crucial insights
into dyslexic brain function, valuable for both clinicians and
neuroscientists. Our results demonstrate anomalies in dyslexic
brain lateralization and interhemispheric asymmetry across
different frequency bands [47]. The identified relevant chan-
nels align with functional brain networks identified in [13],
exhibiting segregated neural processing consistent with the
small-worldness property observed in brain networks [48].
Notably, our method detected lateralization differences in the
frontal lobe, crucial for speech production and comprehen-
sion [49], and in the primary auditory cortex, where inter-
hemispheric interaction is crucial for phonological processing
[50]. Importantly, our focus was on exploring differential
lateralization patterns associated with language processing in
dyslexia, rather than achieving high classification rates. This
methodology has broad potential applications in studying other
neurological conditions and disorders beyond the specific case
of language processing presented here.

PAC at 4.8 Hz is crucial for prosodic processing, influ-
encing rhythmic perception and speech organization. Dyslexic
individuals exhibit altered PAC in right frontal and temporal
regions, likely reflecting compensatory mechanisms [51]. Ob-
served amplitude anomalies in temporal and occipital regions,
critical for auditory-visual integration, support the Temporal
Sampling Theory, suggesting impaired rhythmic perception
due to atypical neural oscillations [51]. Notably, electrodes
F3 and F7, located near Broca’s area, demonstrate differential
PAC weighting in dyslexic subjects.

PAC at 16 Hz stimulus relates to phonological perception at
the syllable level. Significant differences in parietal and tempo-
ral regions, crucial for speech sound decoding and phonolog-
ical segmentation, are observed [52]. Alpha band alterations
disrupt neural synchronization; temporoparietal amplitude dif-
ferences reflect sensorimotor coordination difficulties crucial
for speech articulation, consistent with altered auditory-motor
connectivity linked to reading automation challenges [53]. At
this syllabic level, F7 and F3 exhibit distinct importance pat-
terns, suggesting differential frontal-lobe channel engagement.

40 Hz modulation supports phonemic processing, requir-
ing rapid neural synchronization [54]. Frontal and parietal
differences suggest impaired high-frequency auditory infor-
mation synchronization. Dyslexics exhibit deficient gamma
oscillations, hindering rapid phoneme integration [55]. Frontal
and temporal amplitude differences indicate impaired rapid
auditory-visual integration essential for phonemic perception
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[56]. These anomalies underscore dyslexics’ difficulties in
processing and articulating language sounds, consistent with
gamma dysfunction in phonological processing [57]. Altered
weighting patterns in electrodes like FC5 and FC3 near
language-related areas further support this interpretation.

VI. CONCLUSIONS

In this work, we propose a deep learning framework for the
assessment of cerebral lateralisation through interhemispheric
CFC (PAC in our case) coupling differences, along with a
methodology to overcome the usual problems in using deep
learning architectures to learn patterns from EEG signals. On
the one hand, a neural network architecture is developed to
estimate interchannel PAC of EEG signals. This network is
trained with synthetic coupled signals. Generating synthetic
EEG data for pre-training our PAC network is a significant
innovation of this work. It addresses the critical challenge of
limited EEG data availability and improves PAC estimation
within our deep learning framework. Once this network is
able to replicate the PAC value of EEG signals, we use the
transfer learning paradigm to build a Siamese network, aimed
at estimating interhemispheric differences. Siamese networks
present advantages in this context of limited samples and
class imbalancing by learning similarities between pairs. The
proposed methodology enables us to analyze the interactions
between brain regions and to study the differences in how the
left and right hemispheres process stimuli. Valuable insights
can be obtained in the underlying mechanisms of language
processing. The use of a symmetrical network architecture
(Siamese) allows the extraction of relevant information from
cerebral Lateralization that is highly informative for the clas-
sification of EEG signals.

We recognise that cranial conduction limits the spatial
resolution of EEG, affecting precise localisation, but this
has been mitigated by signal processing and the use of the
attention layer. The results of this work show promising
performance in classifying dyslexic and control subjects, while
significant differences in the PAC strength between brain
regions were observed. This suggests that dyslexic individuals
exhibit altered patterns of brain activity compared to controls,
and these differences can be used to accurately diagnose
and understand dyslexia. In addition, it is noteworthly that
the proposed methodology also addresses problems related to
limited EEG data. By generating synthetic signals to train the
PAC network, the dependency of large datasets is reduced,
making the approach more accessible and practical. Moreover,
the inclusion of an attention layer in the Siamese network
reduces the computational burden and allows an efficient
channel selection.

Future applications of our method extend beyond dyslexia.
Neurological conditions with atypical lateralization, such as
epilepsy, schizophrenia, and motor disorders, could benefit
from this approach. Additionally, integrating our framework
into Brain-Computer Interface systems may improve accuracy
by leveraging interhemispheric differences, leading to more
effective and personalized neurorehabilitation tools.
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