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This work explores the intricate neural dynamics associated with dyslexia through the lens of Cross-Frequency
Coupling (CFC) analysis applied to electroencephalography (EEG) signals evaluated from 48 seven-year-old
Spanish readers from the LEEDUCA research platform. The analysis focuses on CFS (Cross-Frequency phase
Synchronization) maps, capturing the interaction between different frequency bands during low-level auditory
processing stimuli. Then, making use of Gaussian Mixture Models (GMMs), CFS activations are quantified and
classified, offering a compressed representation of EEG activation maps. The study unveils promising results

specially at the Theta-Gamma coupling (Area Under the Curve = 0.821), demonstrating the method’s sensitivity
to dyslexia-related neural patterns and highlighting potential applications in the early identification of dyslexic

individuals.

1. Introduction

According to the World Health Organization (WHO), dyslexia is a
neurodevelopmental disorder that affects reading and language skills.
Early identification is crucial for providing tailored instruction and
accommodations, significantly improving reading abilities and overall
academic success for children with dyslexia. Intervention at these stages
also boosts self-esteem and confidence, preventing potential academic
struggles.

Current methods for identifying children with dyslexia typically in-
volve a combination of standardized reading and language assessments,
along with observations and teacher reports [1]. These assessments
evaluate a child’s reading accuracy, fluency, and comprehension. If a
child consistently lags behind their peers in reading skills despite ade-
quate instruction, it may raise concerns about dyslexia. However, the
specific criteria and timing for identification can vary, and additional
neuropsychological or medical evaluations may be needed for a formal
diagnosis [2].

One of the major limitations of these approaches is the reliance on
standardized reading tests, which may not capture the full spectrum
of dyslexia’s characteristics. Dyslexia is not solely a reading disor-
der; rather, it is a complex and heterogeneous condition involving

underlying neurocognitive and neural processing differences [3-5]. To
address these complexities, we can utilize tools such as Cross-Frequency
Coupling (CFC) measures' from electroencephalography (EEG) signals,
which preserve spatial and temporal information in neural communi-
cation across frequency bands. This approach is effective in discerning
neural and cognitive differences between healthy and dyslexic children,
revealing dyslexia-specific neural networks and cognitive processes
involved in dyslexic difficulties [6-10].

In the last years, the integration of artificial intelligence tech-
niques for analyzing EEG bands, especially CFC values, has yielded
significant insights into dyslexia’s biological underpinnings. Notewor-
thy contributions in this field provide valuable context for our work.
In [11], Principal Component Analysis (PCA) was employed to reveal
dyslexia patterns in 7-year-old children, offering a temporal evolution
of PAC-based connectivity and demonstrating discriminative capabili-
ties, notably in the Beta-Gamma bands. [12] delves into changes and
patterns of CFC in developmental dyslexia using a Holo-Hilbert Spec-
tral Analysis (HHSA) approach, providing a complementary method
to unveil intricate dynamics. In [13], phase synchronization in brain
networks during auditory processing was explored, revealing differ-
ences between dyslexic individuals and controls. This auditory focus
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offers valuable insights into the specific neural processes underlying
dyslexia in response to auditory stimuli. [14] conducted a complex net-
work analysis of brain coupling during auditory stimuli presentation,
utilizing graph theory metrics to enhance differentiation with Support-
Vector-Machine (SVM) classifiers. This network-centric approach adds
a layer of complexity to the analysis which improves our understand-
ing of dyslexia-related brain connectivity. Lastly, [15] investigates
neural mechanisms of speech processing in infants, emphasizing low-
frequency cortical tracking and PAC. Using a multivariate temporal
response function (mTRF) method, the study established significant
delta and theta tracking of speech stimuli. Additionally, PAC in some
bands indicated the presence and maturation of low-frequency corti-
cal speech tracking in infants which suggests a role for PAC in the
development of speech processing.

Although these types of analyses are very promising, the inherent
noise in EEG signals as well as the heterogeneous nature of dyslexia
may hinder the identification of subtle but highly relevant patterns. In
this context, the proposal of new markers based on CFC values should
consider two aspects: (1) they should avoid the loss of interpretability,
as seen with approaches that use PCA or PLS [11]; and (2) they should
improve the results obtained by directly analyzing CFC measures in
the bands of interest, regardless of the classifier used. Our histogram
transformation method addresses these concerns by enhancing the dis-
cernment between controls and dyslexics. Unlike the Pixels-As-Features
approach or PCA, our method uses significantly fewer input features,
yet achieves comparable or better results. This is true irrespective of the
classifier employed. Additionally, our method could potentially identify
which brain areas are most related to dyslexia and those that result
from indirect coupling between brain signals (confoundings) [16-18].
This enhancement in CFS maps offers a robust tool for understanding
the neural underpinnings of dyslexia.

Based on these assumptions, for this study, we first perform a
histogram transformation on the CFS maps to enhance the differences
between controls and dyslexic children. This transformation replaces
the activations of each pixel in the CFS intensity maps with the height
of their corresponding histogram bins, accentuating the edges of re-
gions in the CFS maps. This step aids in clustering and classifica-
tion tasks by making the distinctions between different regions more
pronounced. Following this, we apply a 3D Gaussian Mixture Model
(GMM) to quantify the transformed CFS activations at different cou-
pling levels (Theta-Gamma, Alpha-Beta, and Beta-Gamma bands). The
GMM-based quantization helps reduce the dimensionality of the input
data, particularly when dealing with high-dimensional EEG activation
maps. By compressing the representation of the input activation maps,
our approach captures essential features while discarding less relevant
details. This not only makes the subsequent classification task more
computationally efficient but also less prone to overfitting [19].

Our method involves classifying the CFS maps using no more fea-
tures than the number of components in the GMM model, typically
no more than 20 features. This is a significant reduction compared to
classifying the original 32 x 32 pixel images, or a reduced dimensional
space with PCA but still larger than 20. This dimensional reduction
prevents overfitting and enhances robustness to variations in the input
data.

We have evaluated this approach using synthetic data and real
EEG data, demonstrating its effectiveness in enhancing intensity differ-
ences and improving classification outcomes. Our method consistently
outperforms both the traditional Pixels-As-Features (PAF) and PAF
combined with PCA methods in most cases, highlighting its robustness
and efficiency in differentiating between dyslexic and control groups.

After exploring the contextual background and limitations of dyslexia
assessment techniques in this section, the rest of this contribution is
structured as follows. First, in Section 2, we describe the dataset we
have used to evaluate our proposal and introduce the application of
the histogram transformation and the use of Gaussian Mixture Models
to evaluate CFC values. Then, in Section 3, we present the empirical
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findings obtained. These results are interpreted in Section 4 and com-
pared to the current literature, addressing limitations and suggesting
future directions. Finally, in Section 5 we synthesize our contribution,
emphasizing the implications for advancing dyslexia research and
neuroscientific evaluation methodologies.

2. Materials & methods
2.1. Database

The dataset used in this study was sourced from the LEEDUCA re-
search group at the University of Malaga (Spain) [20], originating from
a longitudinal study involving over 1400 children aged 4 to 8 years.
Participants were selected through quarterly assessments employing
a comprehensive battery of cognitive and linguistic tasks. From this
cohort, 15 children with a confirmed diagnosis of dyslexia and 33 with
no discernible impairment were chosen, ensuring matching age and
socio-economic indices on a 1-10 scale. During EEG sessions, partic-
ipants were exposed to amplitude-modulated white noise at rates of
4.8 Hz, 16 Hz, and 40 Hz, representing core speech units in the Spanish
language. Each 15-minute session included sequential presentation of
stimuli in ascending and descending order (4.8 - 16 - 40 - 40 - 16
- 4.8 Hz). EEG signals were acquired using Brainvision actiCHamp
Plus with actiCAP electrodes (Brain Products GmbH, Germany) in
a 32-channel 10-20 configuration optimized for auditory processing,
sampled at 500 Hz. Post-acquisition processing involved the removal
of eye blink artifacts using Independent Component Analysis (ICA),>
channel-wise normalization to zero mean and unit variance, referenc-
ing to the Cz electrode, and baseline correction. The study adhered
to ethical guidelines, with written consent from guardians, approval
from the Medical Ethical Committee of Mélaga University (Ref. CEUMA
16-2020-H), and compliance with the World Medical Association
Declaration of Helsinki. Support for the research was granted by the
Education Office of the regional government of Andalusia (Spain),
facilitating its execution in various public schools.

2.2. Computing CSF maps from EEG signals

The CFC measures in EEG signals help us to measure how different
frequency oscillations in the brain coordinate and interact. In the case
of the CFS, we specifically refer to how the phase of one frequency
band influences on the phase of another frequency band [25]. This
phenomenon is crucial for understanding how neural networks com-
municate and synchronize, playing a vital role in various cognitive
processes such as memory, attention, and perception [26].

In this work we focus on the distribution of phase angle differences
between frequency bands for assessing CFS in neuronal oscillations as
introduced in [27-29]. To measure the n : m phase-locking we have
computed the length of the mean vector arisen from a distribution
of unitary vectors whose angle is the instantaneous phase difference
between two frequency bands in the same electrode. Thus, the potential
couplings between two frequency bands are those described in (1)
where N is the number of time points, and ¢ 4(¢) and ¢ z(7) are the phase
angles for the frequency bands A and B respectively. In our analysis,
we fixed n at 1 and iterated m from 1 to 10, exploring a range of
phase-locking scenarios by varying the phase acceleration of the lower
frequency band. This approach helped us to identify the optimal m that
provides the highest statistically significant coupling.

N
1 i(n-¢ 4 (0)-m- (1))
N z s B

t=1

CFS, 5 = b}

2 While effective in removing artifacts, ICA may slightly affect EEG signal
phase [21]. Recent studies support its use for phase connectivity analy-
sis [22], in the context of ocular artifact removal since the mixing process
is approximately linear [23,24].
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Fig. 1. Evaluation of CFS values from EEG signals. In each electrode we compute CFS values for each temporal segment and between the selected frequency bands. Having done
the projection of the electrode locations onto a 2D space, we can represent these CFS values as a image that preservers the spatial information.

In any case, and similar to other phase-based coupling analyses,
we also operate under the assumption that when functional coupling
exists between brain rhythms, the timing of their oscillatory processes
becomes synchronized.

To get to the calculation of CFS values in (1), we first have to filter
our input EEG signals to extract the bands of interest. In this case, we
will focus on Delta (0.5-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta
(12-30 Hz) and Gamma (30-80 Hz) bands. Following the recommenda-
tions given in [30], we have made use of two-ways (forward-backward)
Finite Input Response (FIR) filters to avoid phase shift or distortion,
ensuring that phase relationships within the EEG frequency bands are
maintained. If we refer to x(¢) as the given EEG band-filtered signal of
interest, we can determine its instantaneous phase, ¢(), by means of
the Hilbert Transform® in (2), and the computation of its argument in

(3) [31].

. 1 [ x()
20 =x(0+) HIx®)]  where  H[x()] =~ / it @
B(1) = 22(1) = atan2(3(z(z)), m(z(r))) &)

Though the representation of the CFS values in (1) between two
frequency bands can be estimated for the whole time interval, it is more
interesting to segment each ¢(¢) signal into smaller time sequences
(e.g. each of 5 s) and represent their temporal evolution. However,
since the spatial location of the EEG electrodes belong to a 3-D space,
the visualization of our final results will also require the projection of
each electrode to a reference space in 2-D. For that, if we assume that
the EEG electrodes locations can be approximated by a sphere, then
we can apply a projection such as the Azimuthal Equidistant Projection
method employed in [32]. Thus, using the measures from the 31 elec-
trodes for a pair of EEG frequency bands and interpolating their results
by means of (for example) the Clough-Tocher interpolation scheme
described in [33], we can fill the space between the cloud of CFS values
and get a map showing the spatial phase-phase coupling distribution
between frequency bands. A diagram showing this procedure has been
depicted in Fig. 1.

3 Taken in the sense of the Cauchy principal value, which accounts for
singularities in the integrand.
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2.2.1. CSF maps over time

The generation of CFS maps is performed iteratively for each time
segment across input EEG sequences. While this procedure is applicable
to any interaction between different frequency bands, our analysis will
now specifically focus on evaluating Theta-Gamma, Alpha-Beta, and
Beta-Gamma couplings, as they have been recognized as particularly
promising for assessing differences in entrainment to speech [11,13,
34-36].

Until now, the temporal segments compose a sequence of images
that represents the evolution of the phase synchronization alongside the
spatial information of the EEG channel locations [37]. However, since
the differences within these CFS layers might be subtle, we propose
using a temporal averaging approach, by aggregating the sequence
of images over time, to create a composite image that encapsulates
the overarching development of phase synchronization across the EEG
channel locations. This temporal averaging does not only facilitate a
more comprehensive understanding of the cumulative effects but also
aids in discerning variations that may be imperceptible in individual
frames. On the other hand, this methodology has sense in or experi-
mental setup since the auditory stimulus used is constant and does not
require any user interaction.

2.3. Enhancing differences in CFS maps

When analyzing the CFS intensity maps (as shown in Fig. 2) and
their associated histograms (Fig. 3), it becomes apparent that the
histograms are relatively narrow (impulsive responses and asymmetric
behavior) due to the low intensity differences present in the original
images. This characteristic poses a challenge for classifiers as the
distinctions between controls and dyslexics are subtle.

Based on this limitation, we propose a transformation of the CFS
intensity maps where the activations of each pixel are replaced by the
height associated with the bin of the histogram to which it belongs.
This transformation effectively accentuates the edges of the regions in
the CFS maps, aiding in clustering and classification tasks. Fig. 4 proves
this enhancement visually, showing the impact of the transformation on
the CFS maps in the Alpha-Beta coupling bands.

To validate the effectiveness of this approach across different sig-
nal types, including those lacking distinct isolated activations, we
conducted experiments using synthetic PAC signals that emulate EEG
sensor involvement. The synthetic signals were subject to background
noise (~ N'(0,0.5)) and smoothing filters (Gaussian blur filtering using
a 5 x 5 kernel), aiming to decrease the intensity variance across
regions. As illustrated in Fig. 5, our proposed histogram transfor-
mation successfully enhances the intensity differences across regions
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accentuates the edges of regions, improving contrast and aiding the identification of patterns to discern between controls and children with dyslexia.
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Fig. 6. General schema of the proposed methodology evaluated for CFS maps. After obtaining a reference template (transformed to enhance the differences between its intensities),
we determine the probabilities of each point in any new potential subject (also transformed) belong to each component of our GMM model.

in these synthetic signals, further supporting its utility in improving
classification outcomes.

The histogram-based transformation was selected after extensive
experimentation and comparison with other methods, demonstrating
its effectiveness in enhancing the distinctions necessary for classifica-
tion of CFS maps. Alternative methods, such as Adaptive Histogram
Equalization [38], Contrast-Stretching [39], and Gradient-Based En-
hancement [40], are well-established; however, our approach offers the
specific advantage of being tailored to the characteristics of CFS maps
and EEG data. By emphasizing intensity differences through histogram
transformation, we effectively address the challenge of discerning be-
tween controls and dyslexics, ultimately improving the performance of
classification algorithms.

2.4. Quantization of intensity levels with GMM

GMM provides a probabilistic model that represents a mixture of
multiple Gaussian distributions. In the context of image pixel clustering,
GMM assumes that pixel intensities in an image are generated from a
combination of different Gaussian distributions, each corresponding to
a distinct cluster or region in the image [41-43]. In our context, this al-
lows for the identification of subtle variations in phase-phase coupling
patterns that might be indicative for enhanced discernment of intricate
patterns in the EEG data. Moreover, the GMM approach offers several
advantages: it can help to reduce the dimensionality of the input data,
which makes the subsequent classification task computationally more
efficient and less prone to overfitting; the GMM-based quantization can
help smooth out noisy or fine-grained details in the activation maps;
and it can serve as a compressed representation of the input activation
maps, capturing essential features while discarding less relevant details.

The probability density function (pdf) of a GMM is expressed as a
weighted sum of K Gaussian distributions:

K
p) =Y wy - N g, 07) )
k=1
where I represents the pixel CFS intensity map; w, is the weight of
the kth cluster, indicating the likelihood of a pixel belonging to that
cluster’; and N'(I; yy, aﬁ) is the Gaussian distribution with mean (center

4 w, terms must sum to 1 to ensure that the mixture represents a valid

probability distribution.
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of the cluster) u, and variance "13 (shape and orientation of the cluster).
For this work, K is assumed to be known. Nevertheless, if we want
to estimate its value, we can rely on methods such as the Bayesian
Information Criterion (BIC) [44], or the Akaike Information Criterion
(AIC) [45].

Parameters of the GMM are estimated by means of the Expectation-
Maximization (EM) algorithm [46]. After a random initialization of the
parameters, this algorithm iteratively refines the parameter estimation
in two steps:

Expectation: For each pixel in the image, we calculate the prob-
ability the pixel belongs to each cluster using the Bayes’ rule in
(5), where I, represents the intensity of the nth pixel, and y(z, )
is the responsibility of the kth cluster for the nth pixel.

wi - N (I; py» 67)
K . 2
Zj:l w;j - N(In’lljso'j)

Maximization: Update the parameters based on the responsibili-
ties calculated in the expectation step:

N
Zn:] Y(Zn,k) : In

Y(Zpp) = (5)

hew __

k N
anl V(Zn’k)

2new ZnNzl Y(Z",k) ! (I'l B ”zew)z

oo = L ©
Zn:l }’(Z,,’k)
1 N

new _ 1

Wy =y n;y(zn,k)

Both steps are repeated iteratively until convergence. Then, each
pixel is assigned to the cluster with the highest probability, leading
to a segmentation of the image into distinct regions based on pixel
intensities.

2.5. Intensity levels predicted by the GMM model

As shown in Fig. 6, when we average all the time segments of
the controls, we generate a map (template) that serves to estimate
the components of the GMM model after the quantization procedure
explained before in Section 2.4.

During the evaluation of new samples (unknown a priori), we
determine what is the probability that each pixel of the CFS map
belongs to each component of the GMM model. Then, we assign to
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and the combination of PAF+PCA approaches. Red, Green and Blue bars refer to Theta-Gamma, Alpha-Beta and Beta-Gamma band couplings respectively.

each pixel the label of the component with the highest probability.
Since this membership takes into account the spatial distribution of
points located in the vicinity of each component, we can hypothesize
that controls will present an intensity distribution pattern similar to
our reference template. Consequently, by simply counting the number
of pixels assigned to each component, we will not only get a new
set of transformed features physically interpretable to discern between
controls and dyslexics, but also performing a dimensionality reduction
method to avoid potential overfitting.

Note that using this approach we also take into account the spatial
position of each pixel in the space since intensity values surrounding a
centroid are more likely to belong to that component.

2.6. Classification & explainability

After the evaluation of the Ny samples in LEEDUCA platform
dataset, we will get a (N¢x K) array that contains the number of points
that have been labeled as belonging to the k = 1,2, ..., K-th component
of our reference template.

To systematically assess various combinations of brain coupling dur-
ing auditory stimuli presentation (4.8 Hz, 16 Hz, 40 Hz) and frequency
bands (Theta-Gamma, Alpha-Beta, Beta-Gamma), we constructed dis-
tinct classification pipelines. A comprehensive grid search was con-
ducted, exploring different numbers of Gaussian Mixture Model (GMM)
components and bins. The range considered was 4 — 20 for GMM
components and 20 — 100 for histogram bins. Each pipeline involves
stratifying the data and performing a 5-fold split, resulting in distinct
train and test sets. As the classification method, we opted for an
efficient parallel tree boosting algorithm implemented in the XGBoost
library [47]. In each fold, the classifier undergoes evaluation using
the test set, and metrics such as the Area Under the Curve (AUC) for
the Receiver Operating Characteristic (ROC) curves and the balanced
accuracy are computed [48,49].

Finally, to confirm the statistical significance of our findings and
state that they did not occur randomly, we have conducted a rigorous
assessment using permutation tests. Specifically, we employed a shuf-
fling routine, where the labels of the training subset were shuffled, and
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the algorithm was re-trained using these shuffled label-data pairs. This
process was repeated Ny, times to create a distribution of AUC values
for comparison. The significance score, denoted as s in (7), quantified
the likelihood of the observed AUC result (A) by comparing the model’s
performance accuracy with accurate labels against outcomes from the
reshuffling method.> A lower score indicated a higher level of signifi-
cance, reinforcing the robustness of our model in capturing meaningful
patterns among the permutations of label assignments.

pem I(1A;] = 1AD
N

perm

)

3. Results

For this work, we analyzed data from the 15 dyslexic individuals and
33 controls from the LEEDUCA platform dataset following the inclusion
criteria described above in Section 2.1. Each of these children was given
a 5-minute EEG acquisition test for each auditory stimulus (4.8 Hz,
16 Hz, 40 Hz) in ascending and descending order.

Although their EEG acquisitions could have been used directly to
determine the CFS maps, we have divided them into 5-second windows
to estimate up to 30 CFS values for each EEG frequency band and
channel, providing a nuanced understanding of the temporal evolution
of phase synchronization.

First, for each input white noise stimulus, we estimated the average
maps of the CFS maps from controls in Theta-Gamma, Alpha-Beta and
Beta-Gamma coupling bands. Then, within the 5-fold cross-validation
loop, we transformed resulting activation maps for nBins € [20,100]
bins, and estimated the GMM with K € [4,20] components. Thus, each
time a test sample was evaluated, we determined the probability of

the indicator function that evaluates whether the AUC value for the ith
permutation is greater than or equal to the ground AUC value obtained with
the correct labels.

5 A, is the AUC value for the ith permutation, then I(|4;,] > |A|) is
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Table 1
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Balanced Accuracy (bAcc) and Area Under the Curve (AUC) results for the [4.8 Hz, 16 Hz, 40 Hz] stimuli using XGBoost classifiers. Comparison between our proposal (using K
components for the GMM and histograms with nBins bins), the standard Pixels-As-Features approach (classifying all the input features which might be leading to overfitted results)
and transforming the CFS activations trough Principal Component Analysis (90% of explained variability) before their classification. Note that there are two rows repeated for the
16 Hz stimulus since parameters that best fitted the AUC for the Alpha-Beta and Beta-Gamma couplings were found to be the same.

Stimulus K nBins Theta-Gamma Alpha-Beta Beta-Gamma
bAcc AUC bAcc AUC bAcc AUC
6 40 79.09%+8.66% 0.821 + 0.115 46.14%+9.12% 0.461 + 0.116 55.38%+6.48% 0.547 + 0.092
12 30 61.37%+9.85% 0.632 + 0.087 63.71%+13.21% 0.693 + 0.149 55.30%:+8.56% 0.607 + 0.117
4.8 Hz 14 20 55.38%+7.17% 0.541 + 0.088 45.23%+5.93% 0.415 + 0.132 72.05%+10.82% 0.729 + 0.104
PAF 56.36%+12.77% 0.551 + 0.167 58.03%+5.41% 0.671 + 0.076 60.75%+11.05% 0.588 + 0.191
PAF+PCA 45.98%+9.69% 0.427 + 0.141 56.36%+5.59% 0.601 + 0.063 53.56%:+10.41% 0.563 + 0.124
14 30 63.86%+6.38% 0.658 + 0.144 45.45%+8.54% 0.509 + 0.086 47.65%+5.62% 0.499 + 0.145
18 20 46.89%=+7.65% 0.509 + 0.096 62.88%+9.16% 0.639 + 0.154 63.79%+10.32% 0.715 + 0.105
16 Hz 18 20 46.89%=+7.65% 0.509 + 0.096 62.88%=9.16% 0.639 + 0.154 63.79%+10.32% 0.715 + 0.105
PAF 61.13%+12.58% 0.626 + 0.134 52.95%:+6.82% 0.581 + 0.128 59.01%=+7.10% 0.603 + 0.082
PAF+PCA 53.03%+6.83% 0.555 + 0.045 56.28%+2.24% 0.577 + 0.060 66.36%+8.11% 0.702 + 0.160
8 30 75.45%+8.09% 0.756 + 0.068 47.80%+9.23% 0.442 + 0.075 61.06%=+7.48% 0.629 + 0.047
20 50 58.03%+5.28% 0.608 + 0.142 71.59%+10.28% 0.764 + 0.087 57.80%+6.48% 0.601 + 0.054
40 Hz 4 20 57.35%+4.83% 0.567 + 0.073 50.37%+11.35% 0.502 + 0.118 70.61%+4.71% 0.665 + 0.098
PAF 50.60%+5.11% 0.618 + 0.109 57.95%+5.69% 0.625 + 0.136 55.30%:+8.03% 0.612 + 0.149
PAF+PCA 54.92%+14.09% 0.622 + 0.139 55.15%+4.24% 0.579 + 0.048 56.13%+13.41% 0.500 + 0.153

each pixel is assigned to the kth component and used this feature vector
as input for the classifier.

Table 1, and its summary in Fig. 7, presents the classification results
for the different auditory stimuli presentations (4.8 Hz, 16 Hz, 40 Hz)
and frequency coupling bands (Theta-Gamma, Alpha-Beta, and Beta-
Gamma) regarding the np;,; and K parameters for the grid search.
Additionally, we have also compared our results with both the standard
PAF approach and the transformed versions of the CFS maps through
Principal Component Analysis (PCA), across these different stimuli
frequencies.

In interpreting these results, it is crucial to recognize the inherent
complexity of the classification task and the variability introduced by
different parameter settings. While some results may hover around
50%, this reflects the challenging nature of identifying subtle dyslexia-
related neural patterns and the necessity of determining suitable K
and ng;,s parameters for each scenario. Our method is specifically
designed for scenarios involving images with few differences, making
classification tasks inherently difficult. We have compared our ap-
proach with the PAF and PAF combined with PCA approaches. These
comparisons demonstrate that both PAF and PAF+PCA also exhibit
similar performance issues, underscoring the difficulty of the task.
Notably, our method shows substantial improvements in the Theta-
Gamma and Beta-Gamma couplings at the 4.8 Hz auditory stimulus
and across all couplings at the 40 Hz auditory stimulus when suitable
parameters are determined. These findings highlight the importance of
specific parameter configurations and stimuli frequencies, as well as the
efficacy of our method in enhancing classification performance.

In addition to this, we have included in Fig. 8 the permutation tests
results associated to the classification experiments in Table 1.

4. Discussion

In recent years, research in neuroscience has increasingly turned
towards understanding the intricate dynamics of brain function, espe-
cially concerning healthy and pathological conditions [50,51]. In this
context, Cross-Frequency Coupling (CFC) has emerged as a valuable
tool for unraveling the complexities of neural communication [26,52,
53]. CFC analysis provides a unique perspective into dynamic interac-
tions among different neural rhythms. This offers us valuable insights
into how various brain regions interact during cognitive tasks, like
reading.

As we try to make sense of these complex neural processes, the
application of sophisticated analytical techniques becomes imperative,
particularly in domains where the complexity of conditions is pro-
nounced. In the specific context of reading disabilities, the challenge
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lies not only in elucidating the intricate neural underpinnings but also
in addressing the inherent heterogeneity within the affected popula-
tion [4,5], and the potential links to some genetic mutations [54].
Therefore, as we delve deeper into the complexities of dyslexia, sophis-
ticated analytical techniques become crucial for making sense of the
multifaceted data derived from neuroimaging.

The results in Table 1 arise from an experiment that utilized low-
level auditory processing of non-speech stimuli related to Spanish
speech units, such as syllables (4.8 Hz), intrasyllabic segmentation
rhythms (16 Hz), and phonemes (40 Hz) in skilled and dyslexic seven-
year-old readers. According to the temporal sampling framework [55],
auditory processing is expected to be disrupted in dyslexia, specifi-
cally with an emphasis on syllabic processing. Additionally, Giraud
and Poepple [6] link the phonological deficit found in dyslexia to
the processing of phonemes in higher frequencies, such as gamma
oscillations.

In Table 1, the features obtained from CFS between frequency bands
Beta-Gamma and Theta-Gamma achieve the best results for all stimuli.
The Beta-Gamma coupling closely aligns with the rate at which the
brain processes phonemes following the segmentation of input speech.
During this process, synchronous bursts of neural activity occur in
low-gamma ranges (20-40 Hz) in auditory cortices [56]. Therefore,
anomalies in the generation of gamma oscillations could have signif-
icant consequences for phonological processing. On the other hand,
Theta-Gamma coupling plays a crucial role in cognitive control and
working memory, facilitating the integration of information across dif-
ferent neural assemblies. This integration is essential for tasks such as
speech processing and reading, which are impaired in dyslexic individ-
uals. Our results highlight the sensitivity of our proposed method to the
altered mechanisms in neural oscillations associated with the phonolog-
ical deficit, particularly those related to phonemic representations and
the cognitive control required for reading.

The application of our GMM-based method results not only in
similar classification rates than those obtained by directly classifying
activations of CFS maps in the original space (PAF, in Table 1) but also
with a clear advantage: while the PAF approach requires to classify
32 x 32 1024 input features, thanks to the enhancement of the
differences between intensity values in original CFS maps and the
GMM-based clustering approach, we manage to reduce the input space
dimensionality to less than 20 features in the worst-case scenario. This
helps us to prevent potential overfitting and provides us a compressed
representation of EEG activation maps.

The validation of our results is robustly established through per-
mutation testing. This involves shuffling the labels and repeatedly
retraining the classifier to ensure that our findings are not simply due
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Fig. 8. Permutations results for [4.8 Hz, 16 Hz and 40 Hz] stimulus. In red, it is shown the truth AUC value obtained.

to random chance. Fig. 8 illustrates the results of these permutation
tests for the optimally selected combinations of channels, components,
and bins. The histogram represents the distribution of the AUC scores
achieved from each permutation, with the red line indicating the
actual AUC value (the score derived without label permutation). In
the figure, we can see that significance levels (score s) below 0.05 are
achieved in all bands except for the Beta-Gamma coupling at the 16 Hz
auditory stimulus. This significance level guarantees that the AUC is not
obtained by chance, thus validating the results obtained. The number
of components for these results ranges between 4 and 18, and the bins
range between 20 and 50.

While the results of this study are very promising, the dimensional
reduction arising from pixel counting within each component of the
reference template makes it challenging to spatially identify compen-
sation mechanisms, as described in [57,58]. Thus, and in addition to
the limited size of the dataset, we propose the adaptation of the current
approach to address this limitation.

5. Conclusions

This study presents a novel and promising approach for exploring
differential patterns of dyslexia in neural oscillations using CFC analysis
of EEG signals. First, we have investigated the neural mechanisms con-
tained in intraelectrode brain rhythms arising from an EEG experiment
with non-interactive auditory stimuli presented to skilled and dyslexic
seven-year-old readers. This information has been obtained on the basis
of a CFS exploratory analysis and transformed into images sequences.
Achieving a representation that preserves the temporal evolution of the
phase synchronization with spatial EEG channel location information.
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Secondly, we have improved the extraction of information from
these image sequences by employing a temporal averaging approach
and by enhancing differences in the CFS intensity maps with a transfor-
mation of each pixel that accentuate the edges of the regions we want
to cluster. This allows the application of probabilistic models for the
pixel-wise clustering of the transformed CFS maps. We have employed
GMM to identify subtle variations in phase-phase coupling patterns
with potential discriminative information.

Finally, this approach using GMM attain a dimensional reduction of
the input data, which improve computational efficiency and reduce the
risk of overfitting. Thus, allowing us to differentiate between controls
and DD subjects reaching an AUC of up to 82.1% for the Theta-Gamma
CFS. Furthermore, it accomplish a compressed representation of CFS
activation maps, capturing essential features while discarding less rel-
evant details. All this supports the potential of harnessing advanced
analytical techniques, combining neuroscience and Al, to unravel the
multifaceted nature of dyslexia.
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