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Developmental dyslexia (DD) a®ects approximately 5–12% of learners, posing persistent challenges in reading
and writing. This study presents a novel electroencephalography (EEG)-based methodology for identifying
DD using two auditory stimuli modulated at 4.8Hz (prosodic) and 40Hz (phonemic). EEG signals were
processed to estimate one-to-one Granger causality, yielding directed and weighted connectivity matrices. A
novel Mutually Informed Correlation Coe±cient (MICC) feature selection method was employed to identify
the most relevant causal links, which were visualized using connectograms. Under the 4.8Hz stimulus, altered
theta-band connectivity between frontal and occipital regions indicated compensatory frontal activation for
prosodic processing and visual–auditory integration di±culties, while gamma-band anomalies between oc-
cipital and temporal regions suggested impaired visual–prosodic integration. Classi¯cation analysis under the
4.8Hz stimulus yielded area under the ROC curve (AUC) values of 0.92 (theta) and 0.91 (gamma band).
Under the 40Hz stimulus, theta abnormalities re°ected dysfunctions in integrating auditory phoneme signals
with executive and motor regions, and gamma alterations indicated di±culties coordinating visual and au-
ditory inputs for phonological decoding, with AUC values of 0.84 (theta) and 0.89 (gamma). These results
support both the Temporal Sampling Framework and the Phonological Core De¯cit Hypothesis. Future
research should extend the range of stimuli frequencies and include more diverse cohorts to further validate
these potential biomarkers.
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1. Introduction

Developmental dyslexia (DD) is a shared learning

problem in about 5–12% of pupils imposing signi¯-

cant challenges in reading and writing despite nor-

mal intelligence levels.1 Characterized by challenges

like letter migration and frequent spelling errors, DD

can occur with no apparent connection to the level of

intelligence and educational capabilities. Tradition-

ally, diagnostics is highly dependent on behavioral

tests of reading and writing skills. However, these

assessments are sensitive to exogenous factors such

as individual attitudes, dedication, and contextual

variables, including mother tongue and learning

levels. This leads to unreliable diagnosis.2 In

response, there is an urgent need for objective diag-

nostic standards that are independent of such

external in°uences.

A promising path is the development of systems

not in°uenced by the student's behavior and con-

text. For example, using auditory stimuli simulating

speech, such as white noise modulated at frequencies

corresponding to the language envelope, helps to

identify di®erences in brain areas active during

auditory processing between dyslexic and non-

dyslexic individuals. This approach can provide

valuable insights into the neurophysiological under-

pinnings of DD, especially in how the brain processes

speech prosody and phonemic elements.

Dyslexia is linked to a range of behavioral

symptoms, including increased anxiety, depressive

tendencies, low self-esteem, rule-breaking, aggres-

siveness, attentional de¯cits, and hyperactivity, with

personality traits showing higher neuroticism and

lower extroversion.3 While integrating detailed be-

havioral data with biological data could o®er a fuller

understanding of these manifestations, it implies

subjective behavioral assessments.3 There are di®er-

ent neuroimaging methods for collecting functional

brain data, including functional magnetic resonance

imaging (fMRI), magnetoencephalography (MEG),

and functional near-infrared spectroscopy (fNIRS).4

However, electroencephalography (EEG) remains

the most widely used and cost-e®ective method for

assessing cortical brain activity with high temporal

resolution.5 EEG measures electrical activity over

di®erent frequency bands. It is striking that stimu-

lation in one band can in°uence the activity in

others through the complex oscillating dynamics of

the brain. Examining the patterns that emerge sep-

arately in these bands can provide valuable insights

into the neural mechanisms associated with DD.6

EEG is based on studies investigating functional

network connectivity and brain structure in dyslexia.

Functional connectivity pertains to the level of syn-

chronization between activities in di®erent brain

areas during task engagement and re°ects the coor-

dinated activity among distinct regions. Earlier

research has used several EEG-based techniques to

assess functional connectivity, focusing on identify-

ing patterns typical of brain disorders, including

Parkinson's disease7 and other neuro disorders.8

Connectivity analysis allows deeper insights by

examining parameters that connect signals from

di®erent brain regions, such as correlation, causality,

and covariance.9 This approach is consistent with

the idea that the brain works as a hyper-connected

network,10 where regions in°uence each other

through direct interactions and phase or phase

amplitude modulations between frequency bands.11

Based on this framework, we propose extracting

each EEG band's frequency components from the

signals obtained under the stimuli (a phonetic stim-

ulus at 40Hz alongside the prosodic 4.8Hz stimulus).

These components can then be used to create a

pattern of linkage based on causality between

Granger channels.12 Granger's causality (GC) link is

a statistical method to determine whether a time

series can predict another, thus providing insight

into the directional in°uence between brain regions.

The objective of this study is to assess EEG-based

one-to-one GC models as objective diagnostic mar-

kers for DD, with the hypothesis that distinct

connectivity patterns di®erentiate dyslexic from

nondyslexic individuals, providing deeper insight

into the neural mechanisms underlying their

phonological and prosodic processing di±culties.13

Furthermore, enhanced visualization using con-

nectograms enables detailed representation of both

the direction and strength of neural connections,

clearly highlighting di®erences between dyslexic

subjects and controls. Moreover, the integration of

methods of selection of characteristics, such as the

Mutually Informed Correlation Coe±cient (MICC)

with machine learning classi¯ers, can e®ectively

distinguish between control subjects and study sub-

jects in scienti¯c experimentation.14 Robustness of
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the classi¯cation analysis was also improved by

performing extensive permutation tests and report-

ing detailed performance metrics. This expanded

approach situates our ¯ndings within the broader

literature on DD, complementing both the Temporal

Sampling Framework (TSF) and the Phonological

Core De¯cit Hypothesis (PCDH).

Previous research revealed the signi¯cant role of

neural oscillations in phonological processing and

speech perception, suggesting that the de¯ciencies of

these oscillations contribute to the phonological

di±culties observed in dyslexic individuals. The TSF

shows that phonological de¯cits in DD result from

atypical neural oscillations that disrupt auditory

information processing in di®erent frequency

bands.15 These ¯ndings can also be interpreted

through the lens of the more traditional PCDH,16

which posits that DD emerges from unstable or

imprecise mental representations of speech sounds,

thus complicating the mapping between letters (gra-

phemes) and sounds (phonemes). In particular,

altered connectivity in fast/slow bands under di®er-

ent auditory envelopes can be understood as a neural

manifestation of de¯cient phonological processing.17

The connectivity analysis extends beyond inter-

relations between brain areas; regions can in°uence

each other through phase–phase or phase–amplitude

modulations between frequency bands.11

Despite advances in some areas of biomedicine,

using advanced visualization techniques such as

connectomes remains relatively rare for investigating

dyslexia. Interestingly, these tools have shown great

promise when applied to other neurological dis-

orders.18 Connectomes provide a visual representa-

tion of brain connectivity patterns, thus facilitating

the interpretation of complex neural networks.19 In

this context, our study uniquely contributes by

leveraging advanced EEG-based connectivity anal-

ysis and connectogram visualization to address the

diagnostic challenges of DD.

After this introductory section, the paper con-

tinues with a Sec. 2 where relevant literature is

presented, followed by Sec. 3 where the origin of the

data and the methodology are duly explained. Sec-

tion 4 presents the results and their discussion, de-

tailing them according to stimulus, and discusses the

di®erent brain activity between controls and

study subjects by a®ected bands and brain regions.

The paper ¯nishes with interesting conclusions and

possible future work in Sec. 5.

2. Related Works

Research into the neurophysiological support of DD

has shown how disorders in neural oscillations

contribute to phonological problems, with central

importance placed on the disruption in processing

speech prosody and syllabic–phonemic elements.

Speci¯cally, atypical oscillatory activity occurs in

brain regions responsible for the temporal aspects of

speech, a®ecting both the low-frequency prosodic

properties and the higher-frequency phonemic sig-

nals, which are linked to the language challenges

dyslexic learners face. Studies20 suggest that reduced

coding of low-frequency speech covers, which contain

crucial prosodic information, broadly supports

problems in tasks requiring prosodic awareness, such

as identifying syllable stress.21 At the same time,

research shows that dyslexic individuals exhibit dis-

turbances in the phonemic processing associated

with oscillating de¯cits in higher frequencies, such as

the gamma band, which facilitates rapid neural

synchronization essential to phoneme recognition.22

These ¯ndings suggest that delta and theta23 bands

are crucial for synchronizing neural activity during

speech processing at lower frequencies, while gamma

oscillations support phonemic processing at higher

speeds.17

Further research into the biological mechanisms

of DD suggests that it is characterized by atypical

neural entrainment of the slow prosodic (0.5–1Hz),
syllabic (4–8Hz), and phonemic (12–40Hz) rhythms

in speech.24 This atypical oscillating sampling dis-

rupts the ability of individuals with DD to capture

linguistic units, leading to reduced phonological

representations. However, it is essential to note that

these distortions are not uniform across all frequency

bands. Recent studies show that di®erent connec-

tivity patterns across di®erent frequency bands

(delta, theta, alpha, beta, and gamma) arise in

persons with DD.4

EEG has played an in°uential role in studying

these oscillating abnormalities in DD, which gives

insight into how individuals process auditory and

speech stimuli with dyslexia. Power et al.20 used

noise-encoded speech in EEG studies to degrade

EEG Connectogram in Dyslexia Detection
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speech signal's temporal ¯ne structure while main-

taining the low-frequency envelope, meaning parti-

cipants had to rely mainly on this information for

word recognition. Their ¯ndings showed that indi-

viduals with DD have a reduced ability to recon-

struct signal speech envelopes, indicating damage in

time sampling of prosody. This supports the TSF,

which states that phonological de¯cits in DD arise

from atypical neural oscillations, disrupting the time

processing of auditory information across di®erent

frequency bands.

Building on these ¯ndings, EEG research has in-

creasingly focused on the speci¯c role of di®erent

frequency bands in processing prosodic and phone-

mic elements in speech. Disruptions in theta-band

synchronization have been consistently observed in

dyslexic individuals during prosodic language tasks,

especially in response to stimuli evoking prosody at a

frequency of 4.8Hz closely linked to rhythmic and

prosodic processing.25 These disturbances suggest

that a core de¯ciency in DD lies in the brain's ability

to integrate temporary information about longer

windows, crucial to the perception and production of

rhythm and speech intonation.26

In addition to the theta band, the gamma-band

oscillations facilitate rapid synchronization between

distributed brain regions,27 enabling sensory and

cognitive information needed to decode phonemic

and prosodic speech elements.28 Research has shown

that individuals with DD show signi¯cant changes in

gamma-band connectivity during tasks requiring the

perception of phonemes or prosody, particularly

when exposed to a 40Hz stimulus, which is closely

linked to phoneme perception.29 These disturbances

in gamma cohesion indicate a broader dysfunction in

the neural mechanisms underlying speech processing

in dyslexia. The theta–gamma clutch mechanism has

attracted much attention in recent research as it

investigates how interactions between slower theta

oscillations and faster gamma oscillations contribute

to phonological de¯cits. Theta oscillations are as-

sumed to modulate the timing of gamma oscillations,

which are crucial for phonemic processing and mul-

tisensory integration.22 In dyslexic subjects, damage

in this entrainment between theta and gamma

interaction can explain how lower frequency

disturbances cascade to higher-frequency deviations

and a®ect prosodic processing over multiple levels.20

Connectivity analysis has helped to determine the

relationship between brain regions in di®erent

frequency bands.30 Methods used to measure con-

nection interference in dyslexia include coherence,

phase-locking value (PLV), or GC.31 Žarić et al.13

investigated connectivity models between visual and

language processing networks for dyslexic indivi-

duals using visual names and fake font processing

tasks. When calculating the power spectral density

(PSD) across individual EEG bands, they found

signi¯cant interference in the connection of brain

regions involved in language processing during

reading tasks.32 One of the most e®ective methods

for brain connectivity analysis in EEG studies is

phase synchronization analysis. This approach

involves measuring the level of alignment of the two-

signal phase, which provides insight into the coher-

ence of the brain regions. Mormann et al.33 revealed

that °uctuations in phase synchronization are often

prior to epileptic seizures, suggesting that phase

synchronization analysis may also help detect early

signs of dysregulation in other circumstances, in-

cluding DD. Granger's causing relationships have

been widely used to explore cerebral relationships.

Unlike conventional correlation measures, Granger

rates whether a series can be predicted by another

one that provides a nourished understanding of the

directional connection in the brain. This technique

was successfully used in neural science research to

evaluate the joint of the brain in many conditions,

including emotion recognition34 or vagus nervous

stimulation.35 In dyslexia, Granger's causing rela-

tions have been shown to communicate with various

brain areas in the language.

Previous research has explored the use of nonlin-

ear GC to capture neural dynamics in more sophis-

ticated ways.36 However, these nonlinear approaches

often require substantial computational resources,

along with tailored con¯gurations for each speci¯c

application, and they typically rely on iterative trial-

and-error during development.

The selection methods have played a vital role in

this high-dimensional EEG scenario. MICC has been

developed to identify the most innovative functions

while minimizing redundancy.37 MICC combines

Mutual Information (MI) with Pearson's Correlation

Coe±cient (PCC). MI measures the dependency

between each EEG feature and the class label

I. Rodr�{guez-Rodr�{guez et al.
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(dyslexic or nondyslexic), helping to identify the

most informative features that contribute to distin-

guishing between the two groups. On the other hand,

PCC assesses the linear correlation between pairs of

EEG features, enabling the detection and removal of

highly correlated (redundant) features that do not

provide additional discriminatory power.14

Graph theory has also been used to analyze con-

nectivity patterns during language tasks. Gonz�alez

et al.38 used the graph theory to compare EEG

connectivity to audiovisual players and at rest. They

observed signi¯cant di®erences in connectivity pat-

terns between dyslexia and typical learners, sug-

gesting that dyslexia is associated with altered

network dynamics during language processing tasks.

Also, Bosch-Bayard et al.39 demonstrated that

e®ective connectivity has been changed for persons

with DD, which indicates a disruption of information

°ows between brain regions responsible for timing

and phonetic processing. Connectograms have

become an invaluable tool for visualizing brain con-

nectivity models. These circular diagrams represent

brain nets, with nodes representing brain regions and

edges representing their compounds. Recent studies

have used connectograms to highlight di®erences in

connectivity between di®erent brain disorders,18 as

many studies have revealed organizational and

topological characteristics in several brain dis-

orders, such as Alzheimer's disease,40 minor cognitive

impairments,41 Parkinson's disease,42 epilepsy,43

autism,44 borderline intellectual activities45 or

depression.46 However, the use of connectograms in

dyslexia remains very limited.

Progress in the analysis of EEG connectivity,

including GC, phase synchronization, and con-

nectograms, has signi¯cantly improved our under-

standing of the neural mechanisms that underpin the

development of dyslexia. Integrating machine learn-

ing techniques with EEG connectivity analysis is a

great promise to identify the main neural signatures

of DD, o®ering possible ways to improve diagnostic

and intervention strategies.

3. Experimental Setup and Methodology

3.1. Data collection

The EEG dataset comes from the Leeduca study

group at the University of Malaga (M�alaga, Spain)47

and comprises 97 children between 88 and 100

months (tð1Þ ¼ �1:4, p > 0:05). This cohort con-

sisted of 67 skilled and 30 dyslexic readers, all right-

handed and native speakers with normal or corrected

vision and no auditory disorders. The children

diagnosed with dyslexia in the study received their

formal diagnosis at school. Conversely, the compe-

tent readers showed no signs of reading or writing

challenges and had no DD diagnosis.

DD frequently co-occurs with other neurodeve-

lopmental disorders, particularly ADHD, with high

comorbidity rates. This suggests that these condi-

tions may not be entirely separate disorders but

rather symptoms of broader developmental delay

syndromes.48 To minimize the risk of comorbidities

in our sample, we drew upon a large cohort of 2000

students and performed individualized assessments

of foundational cognitive processes for reading ac-

quisition (IQ, working memory, phonological

awareness, vocabulary, oral comprehension, rapid

naming, morphosyntax, etc.). All variables under-

went standardization to remove scale-related biases.

Subsequently, hierarchical cluster analysis followed

by con¯rmatory k-means clustering was employed to

identify four distinct cognitive-linguistic pro¯les: (a)

dyslexia risk, (b) speci¯c language impairment risk,

(c) comorbid risk, and (d) controls. Critically, we

only retained EEG data from participants situated

beyond �1:5 standard deviations in the relevant

cognitive measures that aligned with \pure" dyslexia

risk versus controls, thus excluding individuals

who showed overlapping traits with other neurode-

velopmental disorders.

Before taking part, the guardians of the children

were informed about the objectives of the study,

provided formal consent, and accompanied their

departments over the course of the experiment.

Volunteers were exposed to auditory stimuli

during sessions. These stimuli were white noise with

separate modulations at 4.8Hz and 40Hz, each of

2.5min. The selection of these speci¯c frequencies

aimed to distinguish synchronization patterns

caused by the fundamental auditory processing.

Linguistic psychologists' expertise further informed

the choice of the predominant frequency components

of prosodic and phonemic qualities in human speech.

The selection of 4.8Hz and 40Hz modulation

rates for investigating auditory processing in DD

EEG Connectogram in Dyslexia Detection
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stems from the fact that these frequencies closely

correspond to two key temporal windows in speech

perception. Slower modulations around 4–5Hz cap-

ture the prosodic or syllabic rhythm, while faster

modulations around 30–40Hz align with the rapid

acoustic cues essential for phonemic distinctions.49

Empirical ¯ndings support this dichotomy: for

example, Lehongre and colleagues50 demonstrated

that individuals with dyslexia exhibit an abnormal

reduction in left-hemisphere entrainment at � 30Hz,

indicating a de¯cit in phonemic-rate processing.

Conversely, other research has reported that dyslexic

individuals often display atypical sensitivity to

slower (� 4Hz)modulations, a®ecting syllable timing

and prosody. H€am€al€ainen et al.51 observed reduced-

phase-locking to� 4Hz amplitude-modulated sounds

in adults with dyslexia, aligning with a de¯cit in

syllabic parsing. Taken together, these studies suggest

that 4–5Hz and � 30–40Hz stimuli each isolate

a distinct level of linguistic processing — syllabic/

prosodic versus phonemic — both of which may be

impaired in dyslexia.

EEG signals from the participants were collected

using a BrainVision actiCHamp Plus, equipped with

32 active electrodes (actiCAP, Brain Products

GmbH, Germany), and were sampled at a speed of

500Hz.

3.2. Preprocessing

Preprocessing EEG signals required removing

artifacts related to eye blinks and variations due to

movement or impedance. Eye-blinking artifacts were

treated using Independent Component Analysis

(ICA),52 guided by eye movement observations in

the electrooculography (EOG) channel. Segments

EEG, which showed movement or impedance varia-

tions, were then discarded. After these corrections,

EEG channels were normalized to the Cz electrode.

EEG channels then had band-pass ¯ltering to

record data on the ¯ve EEG frequency bands. We

employed ¯nite impulse response (FIR) ¯lters due to

their ability to maintain a consistent phase delay,

which can then be adjusted. In detail, signals were

processed employing a two-way zero-phase band-

pass FIR least-squares ¯lter, both forward and

backward. This approach provided a comprehensive

zero-lag phase in ¯ltering, addressing the problems

related to potential phase delay.53 In addition to

using an 80 Hz low-pass ¯lter, a 50 notch Hz ¯lter

was integrated during preprocessing to prevent this

speci¯c frequency component.

3.3. Hilbert transform

In our methodology, we employed the Hilbert

transform, a valuable tool for time–frequency anal-

ysis, to process the EEG channels. The primary aim

was to extract the instantaneous phase component

from the EEG signals. Mathematically, given a

signal xðtÞ, its Hilbert transform x̂ðtÞ is de¯ned as

x̂ðtÞ ¼ 1

�

Z þ1

�1

xð�Þ
t� �

d�: ð1Þ

By combining xðtÞ and x̂ðtÞ, the analytic signal zðtÞ
is formulated as

zðtÞ ¼ xðtÞ þ ix̂ðtÞ: ð2Þ
From this, the instantaneous phase �ðtÞ is derived

using the arctangent function

�ðtÞ ¼ arctan
x̂ðtÞ
xðtÞ : ð3Þ

The subsequent analysis is based on the phase

component, �ðtÞ, and provides a more complicated

glimpse of oscillating brain functions. With a phase-

centric perspective, this method brings forward

an understanding that cannot reach conventional

techniques. It paves the way for recognizing subtle

patterns and synchronizations crucial to EEG

behavior.

3.4. Granger causality

GC is a pivotal statistical hypothesis test to deter-

mine whether one time series can predict another.54

Instead of being causality in a philosophical sense, it

operates on the premise that if a variable X Granger-

causes a variable Y, then past values of X contain

information that helps predict Y.

Considering EEG signals after their transforma-

tion via the Hilbert method, let us address the ap-

plication of GC to these phase components. The

prime approach is to employ Vector Autoregressive

(VAR) models. A VAR model of order p (VARðpÞ)
for n time series Xt (number of channels) is repre-

sented as

Xt ¼ A1Xt�1 þ A2Xt�2 þ � � � þ ApXt�p þ 2t; ð4Þ

I. Rodr�{guez-Rodr�{guez et al.
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where Xt is an n� 1 vector of observations at time t,

Ai denotes n� n coe±cient matrices, and 2t is an

n� 1 white noise error vector.

For the selection of the optimal choice of the VAR

model order p, the Akaike Information Criterion

(AIC)55 is expressed as

AICðpÞ ¼ ln j�pj þ
2kp

T
; ð5Þ

where �p is the residual covariance matrix of the

VARðpÞ model, k is the number of variables, and T is

the number of observations. The optimal order p� is
that which minimizes the AIC

p� ¼ argmin AICðpÞ: ð6Þ
With p� established, it is possible to proceed with the

GC computations, discerning whether the past of

one EEG channel's phase component can predict

another's

Yt ¼
Xp
i¼1

BiYt�i þ 2t; ð7Þ

Yt ¼
Xp
i¼1

AiXt�i þ
Xp
i¼1

BiYt�iþ 20
t : ð8Þ

The F-test56 contrasts with these models to deter-

mine whether including previous X values signi¯-

cantly improves Y 's prediction. We conducted GC

analyses for each participant to get into the inter-

action between channels, o®ering an n� n matrix

¯lled with p-values, where n represents the total

amount of electrodes.

We are discerning oscillatory coordination pat-

terns in neural systems by analyzing GC in the phase

components of EEG channels. This provides a

nuanced understanding of how dissimilar brain

regions intercommunicate, and when they are

extended to clinical contexts such as DD, they can

provide prospects for transformation into diagnosis

and therapeutic interventions.57,58

3.5. MICC for feature selection

MICC is a new ¯lter-based Feature Selection (FS)

method designed to e±ciently select essential fea-

tures of high-dimensional function vectors,37 which

ensures the explainability of our proposal. This

method takes into account both the feature–feature
correlation and the feature–class correlation in order

to extract the di®erent properties that are relevant

to the problem. In this way, rather than studying

individual pro¯les of speci¯c subjects, it is possible to

identify the most discriminating causal connections

in the EEG data, i.e. those that transcend the

common characteristics of people with dyslexia.

MICC is based on MI, a quantity of information

that can be provided by one of the variables. In FS,

the MI measures the dependency between a feature

and a class label. The higher the MI value, the more

informative the feature in the class tag. It is de¯ned

as

MIðA;BÞ ¼
X
x

X
y

pða; bÞlog10
pða; bÞ
pðaÞpðbÞ

� �
; ð9Þ

whereA andB are two random variables, pða; bÞ is the
joint probability distribution ofA andB, and pðaÞ and
pðbÞ are the marginal probability distributions of A

and B, respectively.

The MI ranges from 0 to 1, where a value of 0

indicates no dependence between the variables, and

higher values indicate stronger dependence. The

MICC method uses MI to measure the degree of

dependence between a feature and the class label C,

so in Eq. (9), let A be a feature called X and B be the

class label called C.

MICC also utilizes PCC to measure feature–
feature correlation. PCC is a linear connection

measure between two variables. The PCC measures

the degree of correlation between two features con-

cerning the FS. The higher the PCC value, the more

correlated the two features. This is de¯ned as

PCCðx; yÞ ¼ 1

n� 1

� �Xn
i¼1

ðxi � �xÞðyi � �yÞ
sxsy

; ð10Þ

where n is the number of samples, xi and yi are the

values of the two variables for the ith sample, �x and �y

are the means of the two variables, and sx and sy are

the standard deviations of the two variables.

The PCC ranges from �1 to 1, where a value

of �1 indicates a perfect negative correlation, 0

indicates no correlation, and 1 indicates a perfect

positive correlation.

MICC combines hence MI and PCC values to

bring a score to each feature. The score re°ects the

extent of the interrelation between the feature and

the class label and the extent of the connection be-

tween the feature and other features in the vector.

EEG Connectogram in Dyslexia Detection
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Then, the features are ranked according to the

scores, and the upper-ranking features are selected

for further analysis. The MICC score for feature i is

de¯ned as

scoreðiÞ ¼ ��MIðiÞ � ð1� �Þ �
Xdim
j¼1

PCCði; jÞ;

ð11Þ
where MIðiÞ is the MI between feature i and the class

label C, and � is a parameter that controls the trade-

o® between MI and PCC.

The MICC method ¯rst computes the MI between

each feature and the class label. Then, it computes

the PCC between each pair of features. Finally, the

MICC method computes the score for each feature

and ranks the features based on their scores. The

top-ranked features are selected for further analysis.

Unlike traditional methods that consider either

MI or redundancy in isolation, MICC integrates both

metrics into a single score, providing a more intuitive

and balanced evaluation of each feature's utility.

Another advantage of MICC is that it is a classi¯er-

independent method, meaning it can be used with

di®erent classi¯ers without a®ecting performance.

Also, MICC is computationally e±cient and can

handle high-dimensional feature vectors, a common

problem in many real-world applications. Further-

more, MICC is a °exible method that can be

extended to other standard correlation coe±cients

like Spearman and Kendall. It can also be applied to

various pattern classi¯cation problems, including

handwritten document image classi¯cation, text

classi¯cation, and image recognition. MICC reduces

the computational complexity and the number of

features required.

3.6. Machine learning classi¯er

Ensemble methods are approaches that are su±-

ciently robust to improve predictions and have also

been found to be stable.59 In essence, ensemble

methods integrate several models, each with its

predictive capability. Thus, the prediction is not

based on a particular model but merges the indi-

vidual predictions, usually with a weighted majority

vote that forms the ¯nal prediction. The perfor-

mance of the algorithm simply identi¯es the most

discriminating stimulus-band scenario, where there

are more di®erences between groups. That is, where

very di®erent language processing will be observed in

the study group.

Originally, each training sample is shown with

equal weight, symbolically represented as wi ¼ 1=N.

Initial training of the weaker learner is based on raw,

unchanged data. However, as the boosting process

iterates, these weights transform. Speci¯cally,

trained cases that minimize prediction accuracy

experience an increase in their weights. Conversely,

examples predicted with precision are assigned a

reduced weight. This iterative change of sample

weights ensures that challenging examples, which

were initially challenging to predict, gradually have a

more signi¯cant impact. Thus, the successful weak

learners are systematically sent to emphasize previ-

ously overlooked samples. The culmination of these

steps ensures that ensemble methods exploit both

the diversity and the power of multiple learners,

creating an increased focus on complex data patterns

that can be missed by some models, resulting in

superior predictive results.

Ensemble techniques have cut a niche in machine

learning, consistently perform standalone models,

especially in scenarios that require enhanced accu-

racy for binary predictions on limited datasets.

One of the prominent ensemble techniques

employed in our study is the Gradient Boosting

(GB) classi¯er.60 This method constructs an additive

model in an iterative manner by optimizing the

logistic loss function for binary classi¯cation. Spe-

ci¯cally, for a training dataset fðxi; yiÞgN
i¼1, with

yi 2 f0; 1g, the logistic loss is de¯ned as

Lðy; fðxÞÞ ¼
XN
i¼1

yi log10
1

1þ e�fðxiÞ

� ��

þ ð1� yiÞlog10
1

1þ e�fðxiÞ

� ��
: ð12Þ

At each boosting iteration m, the model fmðxÞ is

updated by ¯tting a regression tree hmðxÞ to the

negative gradient (pseudo-residuals) of the loss

function

rim ¼ � @Lðyi; fðxiÞÞ
@fðxiÞ

� �
fðxÞ¼fm�1ðxÞ

: ð13Þ

These pseudo-residuals indicate the direction of

steepest descent in the loss function. The regression

tree hmðxÞ approximates these residuals, and the

I. Rodr�{guez-Rodr�{guez et al.
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model is updated as follows:

fmðxÞ ¼ fm�1ðxÞ þ �hmðxÞ; ð14Þ

where � is the learning rate that scales the contri-

bution of each tree. This iterative process is repeated

for a predetermined number of roundsM, resulting in

the ¯nal model

fðxÞ ¼ f0ðxÞ þ �
XM
m¼1

hmðxÞ: ð15Þ

For binary classi¯cation, this approach is particu-

larly e®ective as it iteratively re¯nes the decision

boundary between the dyslexic and control

groups. Each shallow regression tree contributes

modest corrections to the model, cumulatively en-

hancing predictive performance while mitigating

over¯tting.

We used Python's scikit-learn library (version

1.6.1) to implement a GB classi¯er, optimizing its

hyperparameters (Table 1) through a grid search. In

order to ensure strong generalizability and to miti-

gate over¯tting, the dataset was partitioned into 20

subsets (20-fold cross-validation). Strati¯cation is

necessary to minimize the impact of database im-

balance. During each iteration, the model was

trained on 19 folds and validated on the remaining

fold. This process was repeated until every fold had

served once as the validation set, thereby providing a

comprehensive measure of the classi¯er's perfor-

mance. Accuracy was calculated as the ratio of cor-

rect predictions ðypred ¼ ytrueÞ over the total number

of samples in each validation fold. For the area under

the receiver operating characteristic (ROC) curve

(AUC), we applied scikit-learn's built-in roc auc

score function, which integrates the true-positive

rate versus false-positive rate across all decision

thresholds.

3.7. Connectograms for visual representation

Within the realm of neuroscience, connectograms

serve as an invaluable tool to represent complex

brain connectivity patterns. Originating from fMRI

studies, these graphical representations have found

their application extended to EEG data as well.19

The myriad of interconnected nodes and pathways in

an EEG connectogram holds a mirror to the intricate

neural connections and the underlying brain activity.

Incorporating the notion of directed and weighted

graphs into EEG connectograms o®ers a more

nuanced insight into these interactions. In this con-

text, a directed graph accounts for causality, mainly

when inferred from GC measures, which may not be

symmetric. In simple terms, while electrode A might

in°uence electrode B to a certain degree, the reverse

in°uence of B on A could be of a di®erent magnitude

or perhaps even nonexistent.54 This directional na-

ture of in°uence is crucial when studying interactions

between EEG channels, as it can reveal which areas

of the brain might be driving activity in others.

The weighting in these graphs takes the form of

GC values, signifying the strength or likelihood of a

causal relationship between two nodes. A higher

weight (or a lower value in GC, indicating stronger

causality) on an edge connecting two nodes implies a

more substantial causal in°uence between the re-

spective EEG channels. Conversely, a lower weight

suggests a weaker or more uncertain causal link.12

Utilizing a weighted and directed graph to rep-

resent EEG connectograms ensures that the derived

representation is not just an oversimpli¯cation of the

complex interactions but a more true-to-reality de-

piction. Connectograms can also be used to visually

represent any other brain variables that enclose di-

rection between electrodes and magnitude. In this

sense, the most discriminating connections between

control and dyslexic groups can also be represented,

indicating the scores achieved in the FS ranking. The

conversion of the well-known topoplot representa-

tion into a connectogram is shown in Fig. 1.

Following a criterion of proximity and belonging to a

particular region, the electrodes are connected and

opened to form a circle.

3.8. Methodological outline

Therefore, the Hilbert transform of each electrode is

performed on the EEG signals. For each subject,

Table 1. Classi¯er parameter grid.

Algorithm Parameter Interval

GB ntrees [50, 100, 200, 500]
max depth [3, 5, 7, 10]
min rows [1, 5, 10, 20]
learn rate [0.001, 0.01, 0.05, 0.1]
sample rate [0.6, 0.8, 0.9, 1.0]

col sample rate [0.6, 0.8, 1.0]

EEG Connectogram in Dyslexia Detection
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causality matrices are calculated, resulting in a high-

dimensional space that is reduced and ranked

according to the MICC method. The most relevant

variables are used to classify the subjects according

to a machine learning classi¯er, thus assessing how

discriminant is the selected subset of the feature

space. Both the causality matrices and the selection

of the most discriminating features can be repre-

sented and visualized in connectograms. Algorithm 1

summarizes this schema.

4. Results and Discussion

Once we have obtained causal relationships between

electrodes for each subject, we face the challenge of

optimally visualizing this interaction. Given that

these interactions are oriented and weighted,

these matrices are asymmetrical with regard to the

diagonal.

One method of simplifying these complex matri-

ces is to reduce the dimensionality through Principal

Component Analysis (PCA). By keeping enough

principal components to achieve a signi¯cant level of

explained variance, we may try to display the data

in traditional topoplots. Other techniques like

t-distributed Stochastic Neighbor Embedding (t-SNE)

can be particularly adept at revealing local clusters

in data such as images or large textual embedding.

However, such simpli¯cation often leads to a loss of

relevant information. Electrodes generate both giv-

ing and receiving causality, in the form of positive

and negative e®ects, so that these e®ects compensate

each other in this simpli¯cation. Consequently, the

principal components of the same magnitude, but

opposite direction can be compensated and over-

shadowing relevant causality data. An example of

this representation can be seen in Fig. 2. where the

Fig. 1. Diagram of electrode connections for transforma-
tion into a connectogram.

I. Rodr�{guez-Rodr�{guez et al.
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activity in the theta band, reduced by PCA, is plot-

ted for a 4.8Hz stimulus (average, control, and study

group).

To overcome this constraint, more complex

representations such as connectograms are used,

they allow simultaneous visualization of both

incoming and outgoing causalities between electro-

des using arrows to indicate the direction of impact.

The strength of these causal compounds is repre-

sented by the thickness of the arrows, which gives a

quantitative measure of the extent of the interaction.

This approach preserves the intricate details of the

causal network, but it may overlook the more

streamlined and informative visualization that

simpler methods could o®er.

Although the choice of only two discrete

modulation rates (4.8Hz and 40Hz) facilitates a

focused investigation into syllabic/prosodic versus

phonemic-level processing, it inevitably leaves out

other potentially relevant temporal cues. Real speech

encompasses a hierarchy of rhythms, from slower

intonation (1–2Hz) to intermediate onset-to-onset

intervals (8–20Hz). Studies that have expanded the

frequency range, such as Lizarazu et al.,49 reveal

dyslexic abnormalities at multiple rates, indicating

that temporal impairments may be broad rather

than con¯ned to a single band. Nonetheless, 4.8Hz

and 40Hz serve as a theoretically grounded starting

point, allowing a direct examination of directed

connectivity at two critical scales. Future research

would bene¯t from incorporating additional or con-

tinuously varying stimuli to further elucidate the full

spectrum of dyslexic temporal processing.

The strength of the causal relationships is shown

in Fig. 3, also representing the average causal ac-

tivity for the control group and the group of people

with dyslexia in theta band for 4.8Hz stimulus.

Note how the hemispheric lateralisation61,62 is more

clearly observed for controls, and the higher activity

in the dyslexic group.63

4.1. Stimulus at 4.8Hz (Prosody)

Once all the methodological steps outlined in Sec. 3.8

have been completed, we obtain performance

metrics, obtained in di®erent subsets of features (the

n most relevant), and it is observed that the best

classi¯cations (that is, where the highest discrimi-

nation is observed) are in the theta and gamma

bands, as it is marked in Table 2.

The analysis of brain response to a 4.8Hz stimu-

lus, adapted for language prosody, shows signi¯cant

di®erences in functional connectivity between elec-

trodes in individuals with dyslexia compared to

controls, especially in prosodic language proces-

sing.64 The theta band is critical for the coordination

of attention, working memory, and temporal syn-

chronization of neural activity, which are essential

for correctly interpreting rhythm and speech into-

nation. The dysfunction in theta synchronization

observed in people with dyslexia may indicate a

change in the brain's ability to temporarily integrate

information, a®ecting the perception of rhythm and

tone, which are the key to prosodic understand-

ing.25,65 Table 3 shows the hyperparameters set.

Hereon, we will focus on these two bands in the

presentation of results and discussion. Table 2 shows

the results, and we can observe the evolution of the

ROC curves in Fig. 4.

In individuals with dyslexia, the connections

between Oz and F8 and between O2 and Fp1, a

trade-o® re°ecting the frontal areas more promi-

nently activated to compensate for shortages in

prosodic visual processing,66 indicate additional

Fig. 2. Average activity reduced by PCA in theta band for 40Hz stimulus.

EEG Connectogram in Dyslexia Detection
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cognitive e®ort to integrate speech rhythm and in-

tonation. As shown in Fig. 5, these interactions stand

out in the feature scores ranking, highlighting their

potential compensatory role. This cognitive restruc-

turing, which tries to compensate for dysfunction in

visual areas, leads to increased cognitive load,

a®ecting the recognition of prosodic speech impul-

ses.25,67 On the other hand, changes in the connec-

tion between C4 and F7, along with the interaction

between Fp1 and C3, highlight problems in sensory

and auditory synchronization, as well as in motor

planning.

Figure 6 o®ers a connectogram-based visualiza-

tion of these most in°uential causal links. These

problems of theta synchronization could indicate a

lack of coordination between attention and motor

processes, which could explain the problems of

speech and precision.26,68

Fig. 3. Connectograms representing average causal activity for theta band for 4.8Hz stimulus (left, control group, right,
dyslexic group).

Table 2. GB classi¯er. Stimulus 4.8Hz.

Band Accuracy AUC Precision Recall F1-score

Delta 0.855 0.857 0.843 0.868 0.855
Theta 0.896 0.929 0.893 0.899 0.896
Alpha 0.865 0.891 0.858 0.872 0.865
Beta 0.865 0.879 0.857 0.873 0.865
Gamma 0.865 0.911 0.864 0.866 0.865

Table 3. GB classi¯er. Stimulus 4.8Hz. Hyperparameters.

Band Features set size ntrees max depth min rows learn rate sample rate c sam. rate

Delta 40 100 3 10 0.05 0.6 0.6
Theta 40 200 7 5 0.01 0.8 0.8
Alpha 35 100 5 5 0.01 0.8 0.6
Beta 45 200 3 5 0.05 0.8 0.8
Gamma 40 500 5 1 0.001 0.9 0.8

I. Rodr�{guez-Rodr�{guez et al.

2550032-12

In
t. 

J.
 N

eu
r.

 S
ys

t. 
20

25
.3

5.
 D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 8

2.
21

3.
12

9.
6 

on
 0

2/
15

/2
6.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



The analysis of the gamma band shows crucial

di®erences in functional connectivity between per-

sons with dyslexia and controls, highlighting the

importance of this band in prosodic language pro-

cessing. The gamma band facilitates rapid neural

synchronization between di®erent brain areas, es-

sential to the sensory and cognitive integration re-

quired to decode prosody, including pitch, rhythm,

and intonation variations. The changes in gamma

coherence observed in people with dyslexia suggest

an impairment in the brain's ability to e±ciently

integrate and process prosodic information, which

might explain their di±culties in understanding and

producing prosodic language.28,67

As illustrated in Fig. 7, these connectivity changes

appear prominently in changes in the connections

between O2 and P4, and O1 and T7, in particular,

indicate dysfunction in visual and prosodic integra-

tion. This suggests that problems in gamma syn-

chronization can a®ect the ability of dyslexic

individuals to coordinate visual and auditory signals

Fig. 4. ROC curves of GB classi¯er under 4.8Hz
stimulus.

Fig. 5. Feature scores ranking. Theta band, 4.8Hz.

Fig. 6. Feature scores in connectogram. Theta band,
4.8Hz.

Fig. 7. Feature scores ranking. Gamma band, 4.8Hz.

EEG Connectogram in Dyslexia Detection
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during prosody perception, a negative in°uence on

°uidity and accuracy in prosodic understand-

ing.15,29,69 The lack of coordination between C3 and

P8 and between Cp5 and FC2 highlights the pro-

blems of sensory and auditory integration in dys-

lexics. Figure 8 provides a connectogram-based

visualization of these interactions, demonstrating

how these changes re°ect di±culties in synchronizing

sensory and motor processes necessary for the correct

interpretation and articulation of rhythm and into-

nation, dysfunction in these areas suggests that the

gamma band does not su±ciently integrate multi-

sensory information, contributing to the character-

istic di±culties in understanding and producing

prosodic language in dyslexia.70

4.2. Stimulus at 40Hz (Phoneme)

Classi¯cation with causalities of EEG signals

collected under a 40Hz stimulus yields a similar re-

sult. The bands in which the highest performance is

observed are equally theta and gamma, as can be

seen in Table 4, and graphically, the ROC curves in

Fig. 9. The appropriate choice of hyperparameters

re¯nes the performance obtained, illustrated in

Table 5.

During the observation of a 40Hz stimulus,

the theta band is essential for time encoding and

interhemispheric synchronization, allowing the brain

to maintain a continuous and coherent °ow of pho-

nological processing. In persons with dyslexia, theta

band dysfunction can a®ect the accuracy of decoding

and leading to language impairment.20,22

The changes in theta synchronization observed

between the T8 and Fp1 electrodes and between Fp1

and C4 reveal a critical dysfunction in the ability of

the dyslexic brain to integrate auditory phoneme

signals with the executive and motor responses

needed for their processing.71 As shown in Fig. 10,

these anomalies in theta-band connectivity stand out

prominently in the feature ranking; these compounds

suggest that the theta band, (responsible for this

temporal synchronization), is a®ected, manifesting in

a lack of coordination between phonological obser-

vation and motor planning. This may explain pro-

blems in expressing speech and persistent attention

to phonological signals, a®ecting verbal °uency in

persons with dyslexia.72,73 In addition, the desyn-

chronization between F3 and F8, along with the

change in theta relationship between Cp5 and Pz,

suggests a dysfunction in interhemispheric coordi-

nation and multisensory integration, which a®ects
Fig. 8. Feature scores in connectogram. Gamma band,
4.8Hz.

Table 4. GB classi¯er. Stimulus 40Hz.

Band Accuracy AUC Precision Recall F1-score

Delta 0.804 0.837 0.782 0.828 0.804
Theta 0.824 0.849 0.816 0.831 0.824
Alpha 0.814 0.822 0.795 0.835 0.814
Beta 0.793 0.813 0.779 0.809 0.793
Gamma 0.855 0.892 0.848 0.864 0.855

Fig. 9. ROC curves of GB classi¯er under 40Hz stimulus.
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the ability to process fast sequences of phonemes.

Figure 11 provides a connectogram-based visualiza-

tion of these compromised pathways, highlighting

how these changes in theta synchronization not only

disrupt the continuous perception of speech °ow but

also re°ect a broader de¯ciency in the integration of

sensory and cognitive information, crucial to the

correct interpretation and production of language in

individuals with dyslexia.65,74

Analysis of brain activity in response to a 40Hz

stimulus associated with phoneme perception shows

signi¯cant di®erences in functional connectivity in

the gamma band between individuals with dyslexia

and the control group. This band is essential for the

rapid synchronization of neuronal activity, enabling

the e±cient integration of sensory and cognitive in-

formation necessary for accurate and clear observa-

tion of phonemes. This timing is crucial for e®ective

sound processing.28

In people with dyslexia, substantial changes in

gamma synchronization between compounds O2–T8
and T8–O2 are stated, indicating a dysfunction in

the integration of visual and auditory signals in

perception. As illustrated in Fig. 12, these alterations

are evident in the feature ranking, revealing a

decrease in gamma coherence may indicate di±cul-

ties in coordination between visual perception and

auditory signals, a®ecting the proper phonological

decoding.75 In addition, the relationship between

PO10 and F8 is also relevant, re°ecting problems in

integrating visual information with executive func-

tions necessary for real-time attention and phonetic

discrimination. This lack of coordination may a®ect

the ability of people with dyslexia to follow phono-

logical signals, a®ecting language °uency.76 The

change in gamma synchronization in the relationship

Table 5. GB classi¯er. Stimulus 40 Hz. Hyperparameters.

Band Features set size ntrees max depth min rows learn rate sample rate c sam. rate

Delta 30 100 5 10 0.05 0.8 0.6
Theta 45 200 7 5 0.01 0.8 0.8
Alpha 40 100 3 5 0.05 0.9 0.6
Beta 45 50 7 10 0.10 0.6 0.8
Gamma 45 500 5 1 0.001 0.9 0.8

Fig. 10. Feature scores ranking. Theta band, 40Hz.
Fig. 11. Feature scores in connectogram. Theta band,
40Hz.
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between Cp1 and Fz indicates problems in sensory

and motor integration, fundamental to the precise

articulation of phonemes. Figure 13 presents a con-

nectogram visualization of these altered interactions,

highlighting how the gamma band contributes to

°uid speech production by not achieving su±cient

synchronization between these areas, thus exacer-

bating the phonal di±culties of dyslexia.77

4.3. Interpretation according to the TSF

The ¯ndings in the functional connectivity of the

theta and gamma bands in response to di®erent sti-

muli reinforce Goswami's TSF theory,15 which posits

that di±culties in dyslexia arise from atypical neural

oscillations in di®erent frequency bands, a®ecting the

temporal processing of auditory and phonological

information. The interaction between the theta and

gamma bands is especially relevant in this context,

as slower theta oscillations can in°uence the timing

of faster gamma oscillations. This atypical entrain-

ment between both bands could explain how

alterations in theta can generate cascading e®ects in

gamma, a®ecting prosodic processing at multiple

levels, from syllabic to phonological structure.22

Taken together, these ¯ndings extend the applica-

bility of TSF to the domain of theta and gamma

oscillations in prosodic processing, suggesting that

di±culties in dyslexia involve not only integration at

low frequencies but also at higher frequencies. This

results in a de¯cient integration of auditory, sensory,

and motor information necessary for the perception

and production of prosody, constituting an impor-

tant neural marker for understanding the mechan-

isms underlying prosodic di±culties in dyslexia.

4.4. Interpretation according to PCDH

Alterations in the theta band under 4.8Hz stimula-

tion (focusing on prosody) suggest that individuals

with dyslexia experience di±culties segmenting and

orchestrating speech rhythm from the early stages of

linguistic perception.64 The phonological hypothe-

sis16 posits that the absence of a clear representation

of speech sounds destabilizes temporal synchroniza-

tion for detecting syllabic contours and intonation,

thus requiring greater frontal activity (e.g. Oz–F8 or

C4–F7) to compensate for the integrative role typi-

cally performed by occipitotemporal areas.63 In

parallel, gamma-band anomalies (also at 4.8Hz)

reinforce the notion of a fragile phonological frame-

work: this band is crucial for rapid consolidation of

auditory and visual cues, and its dysregulation (e.g.

O2–P4, C3–P8, Cp5–FC2) indicates that the dys-

lexic individual struggles to e®ectively link prosodic

signals with visual information, thus hindering

speech planning and °uency.78

Data obtained at 40Hz, commonly linked to

phonemic processing, reveal similar patterns. A less

Fig. 12. Feature scores ranking. Gamma band, 40Hz.

Fig. 13. Feature scores in connectogram. Gamma band,
40Hz.
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robust gamma synchronization (e.g. T8–O2 or

PO10–F8) re°ects di±culties integrating and dis-

criminating phonemes in real time, pointing to an

unstable phonological encoding.71 Furthermore,

under these same 40 Hz conditions, the theta band

shows anomalies in phoneme sequencing and motor

veri¯cation (T8–Fp1 or F3–F8), again aligning with

the phonological hypothesis, which proposes a de¯cit

in the temporal alignment of sounds.25

By integrating both types of stimuli (4.8Hz and

40Hz) and examining their e®ects in theta and gamma

bands, we see a convergent picture: phonological

weakness transcends mere phoneme recognition,

compromising temporal coherence and rapid audio-

visual integration, revealing that the dyslexic brain

strives to shore up a \fragile phonological core", af-

fecting both prosodic and phonemic processing.16

It has been taken into account that the sample is

relatively small and unbalanced, as is usual in real

biomedical research. Additional statistical checks are

desirable to ensure that the results are robust.

Therefore, the classi¯cation has been performed

under a permutation test of 1000 label variations,

resulting in a distribution that assumes the null hy-

pothesis, against the actual classi¯cation. Figure 14

shows the results of these tests with respect to the

AUC, the true performance being marked with a red

line. In all cases studied (4.8Hz and 40Hz stimuli,

theta and gamma bands), the p-values are < 0:001.

5. Conclusion and Future Works

This study presents a novel approach to under-

standing the neural mechanisms underlying DD by

analyzing EEG functional connectivity patterns

elicited by speci¯c auditory stimuli. By employing

white noise modulated at 4.8Hz and 40Hz —
frequencies corresponding to prosodic and phonemic

elements of speech — we could isolate and examine

the brain's oscillatory responses in individuals with

dyslexia compared to controls. The application of the

Hilbert transform allowed for the extraction of in-

stantaneous phase information from EEG signals,

which was crucial for constructing GC matrices

representing directed and weighted interactions

between brain regions.

Using the MICC for FS, we e®ectively identi¯ed

the most informative EEG causal relationships and

minimized redundancy. By combining MI and PCC,

MICC has enabled us to focus on relations that were

Fig. 14. Permutation tests. Left column, theta band. Right column, gamma band. First row, 4.8Hz stimulus. Second row,
40Hz stimulus.
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both very relevant to the classi¯cation task and less

related to each other. The GB classi¯er showed high

accuracy and AUC values, especially in theta and

gamma bands, through optimized hyperparameters

and cross-validation. This indicates that oscillating

activity in these frequency bands is particularly

discriminatory for the distinction between dyslexic

and expert readers.

Visualizing EEG connectivity via connectograms

gave insightful representations of the complex neural

networks involved. In particular, we have observed

signi¯cant di®erences in functional connectivity

patterns within the theta and gamma bands between

the dyslexic and controls. These di®erences were

consistent with TSF proposed by Goswami, which

states that dyslexia arises from atypical neural

oscillations that disrupt the temporal processing of

auditory and phonological information. In particu-

lar, our ¯ndings suggest that abnormalities in theta–
gamma coupling can contribute to the phonological

and prosodic di±culties experienced by individuals

with dyslexia.

By integrating advanced signal processing tech-

niques, robust FS, machine learning classi¯cation

and advanced visualization methods, this research

provides a comprehensive framework for analyzing

EEG data in the context of dyslexia. The identi¯-

cation of speci¯c neural connectivity patterns asso-

ciated with DD not only improves our understanding

of the neurophysiologist basis, but also provides po-

tential biomarkers for early diagnosis. Future work

should aim to validate these ¯ndings in larger and

more diverse populations to take into account vari-

ability between di®erent age groups and linguistic

backgrounds. Longitudinal studies could investigate

how these neural connectivity patterns evolve

with intervention or over development time scales. In

addition, examining the applicability of this meth-

odology to other neurological or learning disorders

may provide a broader understanding of the gener-

alization of these techniques.
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