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Simple Summary: Dyslexia and autism spectrum disorder (ASD) are neurodevelopmental
conditions that affect millions worldwide. Both disorders involve atypical brain connectivity and
immune-related changes. This study explores how artificial intelligence (AI) and machine learning
(ML) can analyze neurobiological data, particularly electroencephalography (EEG) biomarkers, to
enhance diagnosis and rehabilitation. Al-driven models have demonstrated high accuracy in
identifying dyslexia and ASD by recognizing specific EEG patterns. Understanding these Al-
discovered neural signatures can contribute to improved interventions and early detection of these
conditions.

Abstract: Dyslexia and autism spectrum disorder (ASD) are neurodevelopmental conditions
characterized by distinctive neurobiological patterns, including alterations in synaptic connectivity,
neuroimmune regulation, and electrophysiological activity. Advances in artificial intelligence (AI)
and machine learning (ML) offer powerful tools to detect and analyze these complex patterns,
potentially improving early diagnosis and understanding of underlying mechanisms. This paper
reviews how Al-driven analysis of neurobiological data— particularly electroencephalography (EEG)
biomarkers—yields insights into dyslexia and ASD. Machine learning algorithms can classify
individuals with dyslexia or ASD based on EEG biomarkers with high accuracy, as demonstrated by
recent studies achieving ~95-99% classification performance. These models have identified key
features—for example, elevated theta and reduced betal band power in dyslexia—that correlate with
cognitive deficits and microglial overactivation. While highly promising, ML-based diagnostic tools
face limitations (e.g., false negatives due to overlapping patterns) and require careful validation.
Nonetheless, Al-driven analyses provide a novel lens on brain connectivity and neuroimmune
dynamics in developmental disorders, potentially guiding personalized interventions and future
research.

Keywords: dyslexia; autism spectrum disorder; machine learning; artificial intelligence; EEG
biomarkers; neuroimmune regulation; synaptic connectivity

1. Introduction

Developmental dyslexia and autism spectrum disorder (ASD) are distinct neurodevelopmental
disorders that affect learning and behavior, yet both are rooted in atypical brain development and
function. Dyslexia is a specific learning disorder that impairs reading ability despite normal
intelligence, often emerging in childhood [2,22]. It has a strong genetic component (e.g., variants in
genes like KIAA0319), and early-life factors such as prenatal stress or immune disturbances can
increase risk [11,16]. ASD, on the other hand, is characterized by deficits in social communication and
restricted, repetitive behaviors. ASD has a complex etiology encompassing genetic mutations and
environmental influences, including neuroimmune dysregulation [15]. Increasing evidence
implicates immune system disturbances (e.g., maternal immune activation) in the pathogenesis of
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ASD and related conditions, suggesting that inflammation during critical developmental windows
can alter brain connectivity and function [14,39].

A unifying theme in both dyslexia and ASD is disruption in the refinement of neural circuits
during development. In the healthy brain, a balanced process of synaptic pruning and formation is
required to optimize connectivity. Microglial cells, the brain’s resident immune cells, play a pivotal
role in this process by removing weak or excess synapses and modulating neuroimmune signals
[25,31,33]. If this balance is perturbed —for instance, by genetic factors or inflammatory signals—
neural networks may become under- or over-connected. Excessive synaptic pruning can reduce
neural connectivity and impair information processing, as has been postulated in learning disabilities
and dyslexia [20,22,26]. Conversely, insufficient pruning can leave too many synapses intact,
contributing to hyperconnectivity and aberrant network function, a feature noted in ASD [28,30].

Neuroimmune regulation appears to be a critical moderator of these synaptic connectivity
outcomes. Chronic neuroinflammation—for example, persistent activation of microglia and elevated
cytokine levels—can interfere with normal synaptic pruning and plasticity [26]. In ASD, studies have
found evidence of increased pro-inflammatory cytokines and an activated immune profile in the
brain, which correlates with disrupted pruning and the maintenance of redundant synaptic
connections [25]. Immune system deficiencies, such as impaired vitamin D receptor signaling, may
exacerbate synaptic dysfunction: Vitamin D is known to modulate microglial activity, and its
deficiency can lead to excessive synaptic connectivity and cognitive deficits similar to those seen in
ASD [23]. In dyslexia, there is also indication of neuroimmune involvement—for instance, elevated
inflammatory markers like interleukin-1p (IL-1p) and C-reactive protein (CRP) have been associated
with impaired synaptic refinement in language-related cortical networks [42].

Electroencephalography (EEG) provides a noninvasive window into brain activity that can
reflect synaptic and network integrity. Dyslexia and ASD are both associated with distinctive EEG
biomarkers indicative of their neurobiological differences. Dyslexic individuals often show slower
brain-wave activity and atypical hemispheric patterns during rest or reading tasks [37,44]. For
example, children with dyslexia have been observed to exhibit reduced activity in left hemisphere
regions (such as left parieto-occipital and temporal areas important for reading) and compensatory
increased activity in right-hemisphere regions [4]. They may also display abnormal coherence
between EEG channels: one study noted increased coherence in delta and theta bands across
hemispheres in dyslexic brains [35]. Furthermore, dyslexics can fail to show the normal event-related
alpha suppression during cognitive tasks [27,28,32,34], indicating deficits in attentional gating and
sensory filtering, possibly due to underlying neuroinflammatory effects on thalamocortical circuits
[11]. In contrast, individuals with ASD often exhibit an EEG profile characterized by enhanced low-
frequency power and reduced mid-range power—sometimes described as a "U-shaped" spectral
curve [10]. This includes elevated delta and theta power in frontal and temporal regions of the ASD
brain [6], alongside diminished alpha-band power over widespread regions [30], reflecting atypical
neural inhibition and excess synaptic density. High-frequency bands (beta, gamma) can also be
increased in ASD, particularly in occipital and parietal areas, which is interpreted as evidence of local
hyperconnectivity and increased cortical excitability [6].

In recent years, there has been a growing interest in using artificial intelligence and machine
learning-based methods for the diagnosis of dyslexia, one of the common learning disabilities.
Particularly, models supported by electroencephalography (EEG), eye movement analysis, and
clinical data have shown promising results in dyslexia detection. Ahire et al. [1] presented a
comprehensive review of machine learning approaches for dyslexia diagnosis, highlighting various
techniques applied in the field. Studies utilizing EEG data have achieved remarkable accuracy, even
with systems using a low number of channels [9]. Eroglu [12] explored the role of neuroinflammation
in learning disabilities through EEG-based diagnosis, while another study by Eroglu & Arman [13]
applied k-means clustering to QEEG data for classifying children with dyslexia. Eye movement-
based analysis has also emerged as an alternative approach for dyslexia prediction using machine
learning [19]. The performance of algorithms such as Support Vector Machines (SVM) in EEG-based
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dyslexia detection has been evaluated as well [32,43]. Moreover, the comorbidity of dyslexia with
other neurodevelopmental disorders such as autism and ADHD has been explored, particularly in
the context of Al-enabled personalized assistive tools [35,38]. Wei et al. [41] conducted a systematic
review on the state-of-the-art machine learning applications in neurodevelopmental disorders.
Lastly, ensemble machine learning models have also been emphasized for their effectiveness in
dyslexia detection [44].

This review is designed to provide an accessible and cohesive entry point for researchers new to
the intersection of Al and neurodevelopmental disorders.

2. Analytical Methods and Representative Datasets from the Literature

2.1. Data Acquisition and Preprocessing

Data Acquisition and Preprocessing: In the case of dyslexia, an illustrative dataset comes from
a study of 200 children (including dyslexic and typically developing participants) who underwent
14-channel resting-state QEEG recordings [12].EEG signals were sampled from standard scalp
locations covering frontal, temporal, parietal, and occipital regions. The raw signals were
preprocessed to remove artifacts and then segmented for analysis. Feature extraction was performed
by computing the spectral power in key frequency bands—theta (4-8 Hz), alpha (8-12 Hz), beta-1
(12-16 Hz), beta-2 (16-25 Hz), and gamma (25-45 Hz)—for each channel using Fast Fourier
Transform (FFT) [12]. This procedure resulted in a rich feature set describing the brain’s oscillatory
profile across regions, totaling 70 features (5 bands x 14 channels) per individual [12].

Feature Reduction and Selection: Given the high dimensionality of EEG feature space,
dimensionality reduction techniques and feature selection are important steps. Principal Component
Analysis (PCA) was employed on the dyslexia EEG dataset to distill the 70 original features into a
smaller set of principal components that explain most variance [12]. By transforming the data into an
orthogonal component space, PCA helps to identify underlying patterns (combinations of channels
and frequencies) that differentiate the groups. Factor analysis was also performed to identify latent
factors in the EEG data that might correspond to neurobiological constructs [12].

EEG datasets were analyzed from individuals with dyslexia and ASD:

e Dyslexia: 200 children, 14-channel EEG recordings, processed via Fast Fourier Transform (FFT)
[12].
e  ASD: Functional connectivity analysis using phase-locking values [6].

Artifacts were removed using independent component analysis, and spectral features were
extracted from delta, theta, alpha, beta, and gamma bands [12].

2.2. Machine Learning Models

To investigate Al-driven analysis of neurobiological mechanisms, we examined recent studies
that apply machine learning to neurological data from individuals with dyslexia or ASD. The primary
data modality considered is quantitative electroencephalography (QEEG), given its direct
relationship to synaptic activity and feasibility for large-scale analysis [8]. We focused on how EEG
features (such as band-specific power and connectivity metrics) can serve as biomarkers for the
neurodevelopmental state of the brain, and how supervised ML algorithms can be trained to detect
dyslexia- or ASD-related patterns within those features [38]. Additionally, we note approaches that
integrate neuroimmune factors, either directly (e.g., including inflammatory markers as features) or
indirectly (inferring immune-related activity from EEG patterns) [5,18].

Machine Learning Algorithms: A range of supervised machine learning classifiers were
explored to learn patterns distinguishing dyslexic or ASD brains from typical ones. We prioritized
well-established algorithms known for robustness in classification tasks: support vector machines
(SVM), logistic regression (LR), decision trees, random forests (RF), and gradient boosting machines
(GBM), among others [1]. For dyslexia EEG classification, multiple classifiers were trained and their
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performance compared; an ensemble method (soft voting combining several classifiers) was also
evaluated to leverage the strengths of each model [44]. Classifier hyperparameters were optimized
via cross-validation on the training data. For example, the SVM used a radial-basis function kernel,
and the GBM and its variant (LightGBM) were tuned for learning rate, number of estimators, and
feature subsampling to avoid overfitting [7].The models were trained on labeled data (dyslexia vs.
control, or ASD vs. control), using stratified k-fold cross-validation to ensure generalization [12].
Performance metrics such as accuracy, sensitivity (true positive rate), specificity (true negative rate),
and area under the ROC curve (AUC) were calculated for each model.
Various ML models were implemented:

e  Support Vector Machines (SVMs)

e  Random Forests (RFs)

e  Gradient Boosting Machines (GBMs)
e  Artificial Neural Networks (ANNs)

Feature selection was performed using Principal Component Analysis (PCA) to enhance
classification accuracy [12,17].

Integration of Neurobiological Data: While EEG was the primary focus, we also considered
how other neurobiological data might be integrated in an Al framework. Synaptic connectivity
differences in dyslexia and ASD, while reflected in EEG, are sometimes directly probed via
neuroimaging (e.g., diffusion MRI for structural connectivity, or functional MRI for network
connectivity) [29]. In principle, machine learning methods similar to those above can be applied to
imaging-derived connectivity matrices or graphs. We note literature where functional connectivity
of specific brain regions (such as the reading network in dyslexia or the social brain network in ASD)
is quantified and then used for classification [17]. For instance, graph metrics like clustering
coefficient or path length from EEG/MEG connectivity data have been fed into classifiers to
successfully distinguish ASD from neurotypical development [18]. Additionally, neuroimmune
markers (e.g., cytokine levels, immune gene expression profiles, or even microglial activation indices
from PET imaging) could be included as features in a multimodal ML model. Although this approach
is still emerging, one could envision a dataset where each subject has EEG features and blood-based
immune markers; a classifier could then learn combined patterns (for example, whether high theta
power together with elevated CRP is especially predictive of dyslexia).

By combining these methodologies—careful feature extraction from EEG, data reduction,
training of robust classifiers, and potentially merging data modalities—researchers are building Al
systems capable of detecting the “fingerprints” of dyslexia and ASD in neurobiological signals.
Below, we summarize key results from such approaches and highlight the neurobiological insights
gained.

3. Results

Machine learning analysis of neurobiological data has yielded several notable findings in
dyslexia and ASD, illuminating how these disorders differ from typical development in terms of
brain connectivity, immune-related activity, and EEG patterns.

3.1. Dyslexia EEG Biomarkers

Dyslexia — EEG Biomarkers and Classification: Supervised ML models have demonstrated
high efficacy in distinguishing dyslexic individuals based on their EEG features. In a recent study
using 14-channel QEEG data from 200 children, a trained classifier achieved 99.6% accuracy in
labeling dyslexic vs. typically developing participants during cross-validation [12]. This remarkably
high performance was obtained using a ANN model, which leveraged the full spectrum of EEG
bandpower features [12]. Other classifiers in the same study also performed well (e.g., SVM ~96.7%
accuracy) [18], and even an ensemble of multiple algorithms reached ~98% accuracy [17],
underscoring that the EEG differences in dyslexia, while subtle to the naked eye, are robust enough
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for ML to detect consistently. Crucially, the models identified specific features that drove this
classification. Theta and betal band power emerged as key biomarkers: dyslexic children showed
significantly higher theta-band power and lower betal power relative to non-dyslexic peers [24]. This
finding aligns with established EEG characteristics of dyslexia — namely, an excess of slow-wave
activity and a deficit in certain faster rhythms (Table 1).

Table 1. Al-based dyslexia classification based on EEG.

References Demographics | Participants | ML Methodology Accuracy

4-7 yearsold | 48 subjects
(16 dyslexic
and 32
Formoso et al. (2021) control) Naive Bayes 0.82

7-9 yearsold | 48 subjects
(16 dyslexic
and 32
Gallego-Molina et al. (2022) control) SVM 0.729

7 to 12 years | 33 subjects
old (8 normal,
17 poor
dyslexics
and 8
capable
Zainuddin et al. (2018) dyslexics) | SVM (RBF Kernel) 0.91
third-grade 44 subjects
children (29 dyslexic
and 15
Rezvani et al. (2019) control) SVM 0.95
4-7 yearsold | 9 subjects (3

dyslexic
and 3
Karim et al. (2013) control) MLP (KDE) 0.86
7-10 years old | 200 subjects
(100
dyslexic
and 100
Eroglu (2025) control) ANN (cross validation) | 0.98

Beyond simple power measures, ML analysis has also uncovered differences in network-level
EEG features for dyslexia. By applying PCA and factor analysis, we have found that the patterns of
covariance in EEG features differ markedly between dyslexic and control groups. For example, in
dyslexic children, theta-band power across multiple regions tended to load heavily onto a single
principal component (Factor 1) that dominated variance, whereas in typical children theta power was
more distributed . This suggests a more global or synchronized theta activity in dyslexia, potentially
reflecting a widespread state of cortical underarousal or an over-reliance on theta-related circuits
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during rest. Likewise, betal features exhibited group-specific patterns, reinforcing that dyslexics
have a distinct oscillatory profile.

Our factor analysis, as illustrated in Figures 1 and 2, shows that factors affecting non-dyslexic
and dyslexic individuals differ. Table 2 explains the factors. For theta waves, non-dyslexic individuals
show a correlation with factor 2, while dyslexic individuals are correlated with factor 1. This pattern
is the same for beta-1 waves: non-dyslexic individuals correlate with factor 2, and dyslexic
individuals with factor 1. Additionally, beta-2 and gamma waves have two subtypes.

e  Dyslexic individuals exhibited increased theta power and reduced betal power.
¢ ANN classifiers achieved up to 99.8% accuracy in distinguishing dyslexic vs. control groups [12].

e  Functional connectivity analysis indicated disrupted hemispheric synchronization [21].

3D Factor Analysis - Normal Group

x  Normal Group

Figure 1. Healthy people factor analysis of EEG.
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3D Factor Analysis - Dyslexia Group

x  Dyslexia Group

Figure 2. People with dyslexia factor analysis of EEG.

Table 2. Factor Interpretation in Dyslexia/ Control Group.

Factor Widespread theta activity — cortical underarousal, Localized theta - healthy frontal
1 attentional deficits regulation and control

Factor Weak betal activity — insufficient Strong betal activity — efficient
2 network engagement information processing networks

3.2. ASD EEG Patterns

Autism Spectrum Disorder — Connectivity Patterns and ML Detection: Compared to dyslexia,
ASD presents a more heterogeneous phenotype, which can make classification from biological signals
challenging. Nonetheless, Al-driven analyses have made significant strides in identifying EEG
biomarkers and connectivity patterns associated with ASD. One notable result comes from examining
EEG-based functional connectivity using ML techniques. Functional connectivity features can classify
ASD with high accuracy: a study by Alotaibi & Maharatna [3] used graph-theoretic metrics derived
from EEG phase-locking to distinguish 12 young children with ASD from 12 typically developing
children, achieving about 95.8% accuracy along with 100% sensitivity and 92% specificity [30]. This
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classification was accomplished using a support vector machine fed with features like clustering
coefficients and path lengths computed from theta-band phase-locking networks. The high
sensitivity is particularly noteworthy — the model identified all ASD cases correctly in the sample —
suggesting that the neural connectivity differences in those children were consistent and pronounced.

Machine learning studies also support the existence of the distinctive “U-shaped” EEG spectral
profile in ASD. Unsupervised clustering of EEG features sometimes separates ASD individuals based
on high delta/theta and high gamma power concurrently present, with a dip in alpha — a pattern that
is rarely seen in neurotypical controls [6]. When these features are used in a classifier, algorithms can
successfully differentiate ASD from non-ASD. For instance, a simple discriminant model using ratios
of band powers (e.g., theta/alpha ratio, gamma/alpha ratio) has been shown to categorize children as
ASD vs. typical with above-chance accuracy, aligning with clinical EEG observations [10]. More
sophisticated ML approaches incorporate temporal dynamics and complexity measures. EEG signal
complexity is another biomarker that Al can evaluate: [7] demonstrated that multiscale entropy
measures of infant EEG could predict later ASD diagnosis.

e ASD EEG profiles exhibited a U-shaped spectral curve, characterized by high delta/theta and
gamma power with reduced alpha power [21].

e ML classifiers distinguished ASD from controls with 95.8% accuracy, leveraging functional
connectivity features [23].

e  Graph-theoretic measures highlighted excessive local connectivity and reduced long-range

communication in ASD [25].

4. Discussion

The use of Al and machine learning in studying dyslexia and ASD provides a novel, data-driven
perspective on the neurobiological mechanisms of these disorders. By analyzing patterns in EEG and
related biomarkers, ML algorithms have essentially learned to “see” the fingerprints of synaptic and
immune dysregulation that define each condition [22,26,32]. This interdisciplinary approach — at the
intersection of computational science, neuroscience, and psychology — offers several key insights, as
well as challenges and future directions that merit discussion.

In the context of recent advancements in artificial intelligence and machine learning, numerous
studies have explored the potential of these technologies in accurately diagnosing dyslexia,
particularly through the analysis of electroencephalography (EEG) signals. The performance of
various models has demonstrated promising results, with accuracy rates often exceeding 80%. For
instance, Formoso et al. [17] utilized a Naive Bayes algorithm on resting-state EEG data from children
aged 4-7 and achieved an accuracy of 82%. Similarly, Gallego-Molina et al. [21] applied SVM on EEG
data from 7-9-year-olds, reaching 72.9% accuracy. More sophisticated approaches, such as the use of
SVM with RBF kernels and ANN, have yielded even higher performance—Zainuddin et al. [43]
achieved 91% accuracy in a multi-class classification, and Rezvani et al. [36] reached 95% using task-
based EEG features. Notably, Eroglu [12] demonstrated that an artificial neural network (ANN)
trained on EEG data from 200 participants aged 7-10 could distinguish between dyslexic and control
groups with an impressive 98% accuracy. These findings highlight the increasing effectiveness of
deep learning and nonlinear algorithms in dyslexia detection. Additionally, Karim et al. [24] utilized
a multilayer perceptron model with kernel density estimation and achieved an 86% classification
accuracy, despite the limited dataset. These results underscore the potential of EEG-based machine
learning models, especially as they scale with larger datasets and more refined features, suggesting
their future integration into early screening tools for learning disabilities.

Research in machine learning (ML) have demonstrated promising capabilities in analyzing EEG
data for the identification of biomarkers associated with neurodevelopmental disorders. However, it
is essential to recognize the limitations of existing datasets, many of which lack sufficient geographic
and demographic diversity, potentially leading to biased or non-generalizable models. Moreover,
overfitting remains a concern, particularly in studies with small sample sizes or insufficient cross-
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validation strategies. To address these issues, robust validation techniques, such as k-fold cross-
validation and external dataset testing, have been increasingly emphasized. Additionally, integrating
multimodal data—including neuroimmune markers such as cytokines and microglial activation—
has the potential to enhance diagnostic accuracy. While the use of such markers is still emerging,
recent studies suggest that combining EEG features with neuroimmune profiles in ML models may
provide a more comprehensive understanding of the underlying pathophysiology. Furthermore,
while traditional ML methods like SVM and Random Forest continue to be employed, deep learning
techniques such as convolutional neural networks (CNNSs) and recurrent neural networks (RNNs)
have shown superior performance in capturing temporal and spatial EEG patterns. A comparative
evaluation of these algorithms reveals trade-offs in interpretability, computational cost, and
performance, underscoring the importance of selecting context-appropriate methods for EEG
biomarker analysis.

Interpreting the Al-Identified Patterns: One of the main benefits of applying ML is that it can
validate and quantify patterns that were previously qualitatively observed. For example, the long-
suspected prevalence of slow-wave activity in dyslexia [25] is confirmed and given concrete weight
by the model’s reliance on theta-band features for classification. This lends support to theories that
dyslexic brains might have slightly immature or inefficient cortical circuits (as theta is dominant in
early development and in drowsy/inactive states). The reduced betal in dyslexia, highlighted by the
classifier, can be interpreted in light of synaptic connectivity: beta oscillations often synchronize
distant regions during active tasks, so lower beta power could reflect weaker long-range connections
or under-engagement of networks (such as the fronto-parietal attention network) needed for reading
[18].

For ASD, the “U-shaped” spectral profile identified by ML provides a unifying explanation for
a range of neurobiological findings. High delta/theta and gamma in ASD could correspond to an
abundance of local synaptic connections (generating local synchrony and high-frequency bursts)
combined with impaired regulation of cortical activity by subcortical or diffuse modulatory systems
(leading to excess slow oscillations) [30].This is congruent with histological evidence of increased
spine density in certain cortical areas in ASD and evidence of neuroinflammation (which often slows
cortical oscillations) [15,20].

Role of Neuroimmune Factors: It is particularly interesting that many of the EEG biomarkers
elevated in dyslexia and ASD (theta waves, for instance) can be linked to neuroimmune activity.
Microglial overactivation has been shown to both cause excessive pruning and to secrete
inflammatory mediators that alter neuronal firing patterns [25]. In dyslexia, evidence of elevated
inflammatory markers (IL-1(3, CRP) in some children [42] suggests that part of the pathophysiology
may involve an immune response that disrupts normal circuit tuning. The lack of alpha suppression
in dyslexia during tasks [25] could be tied to such inflammation affecting cholinergic systems that
typically drive alpha modulation. AI models, while primarily focusing on EEG, indirectly capture
these influences. For instance, when a model flags a particular combination of features as indicative
of dyslexia, that combination might correspond to an underlying condition like “inflammation + left
temporal hypoconnectivity,” even if the model itself doesn’t explicitly know about inflammation.

In ASD, maternal immune activation is a known risk factor that can lead to offspring with
autistic-like traits (in animal models and human epidemiology) [15]. Therefore, a child with ASD who
experienced early immune challenges might show a certain EEG signature (perhaps more severe
slow-wave excess or irregular connectivity) that an AI model could learn to recognize. If ML could
stratify ASD children by likely immune involvement, that could inform personalized interventions —
for example, immunomodulatory treatments vs. purely behavioral interventions.

Practical Implications for Diagnosis and Intervention: The high classification accuracies
reported by some ML studies raise the question of clinical utility. Could Al-based analysis of EEG
become a screening or diagnostic tool for dyslexia or ASD? The results suggest it is plausible. A
screening tool for dyslexia, deployed via a simple EEG recording in young children, could potentially
flag those at risk even before reading failure fully manifests [4]. Similarly, an infant EEG analyzed by
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ML might predict ASD risk well before behavioral symptoms are detectable, enabling early therapies
during a critical window of brain plasticity [7].

Another practical application is in guiding interventions. Neurofeedback therapy, where
individuals learn to self-regulate their brain waves, is one area that stands to benefit. The dyslexia
study we discussed involved a neurofeedback program aiming to reduce theta and enhance beta
activity in dyslexic children [37,40]. The ML analysis in that context not only evaluated outcomes but
also pinpointed which EEG features to target (theta and betal). With Al, one could tailor
neurofeedback protocols to each individual: if a model indicates that a particular child’s dyslexia is
strongly characterized by left temporal alpha dysregulation, therapy could focus on normalizing
alpha in that region.

5. Conclusions

Dyslexia and autism spectrum disorder are complex conditions that involve an interplay of
altered synaptic connectivity, atypical brain network activity, and dysregulated neuroimmune
processes. Traditional analyses have identified broad differences—such as EEG slowing in dyslexia
and connectivity disturbances in ASD—but Al and machine learning are propelling this
understanding to a new level. By sifting through large arrays of neurobiological data, ML algorithms
can detect reliable patterns that correspond to these disorders, translating subtle signals into practical
classifiers and, more importantly, highlighting the physiological features that define each condition
[7].

Our review illustrates that Al-driven analysis of EEG has been particularly fruitful, uncovering
distinguishing biomarkers like elevated theta oscillations in dyslexia and a characteristic multi-band
EEG signature in ASD. These biomarkers echo the underlying neurobiology: the balance of synaptic
pruning is tilted toward over-pruning in dyslexia (leading to reduced connectivity and slower
oscillations) and toward under-pruning in ASD (leading to excessive connectivity and aberrant
oscillatory profiles) [36]. Neuroimmune factors, including microglial activation and inflammation
[41,45], emerge as common threads influencing these patterns—an insight supported by both
experimental evidence and the patterns that Al models detect.

Moving forward, the synergy of Al with neuroscience holds great promise. AI models can be
used not only to identify who has a condition, but to generate hypotheses about the condition’s basis
— for example, by pointing to an outlying EEG feature that might be traced back to a specific neural
circuit or immune marker [36]. This can guide more focused biological experiments or interventions.
Additionally, Al can help track changes over time, evaluating whether therapies (like neurofeedback
or pharmacological treatments aimed at reducing inflammation) are normalizing the neurobiological
markers of dyslexia or ASD.

In conclusion, the integration of machine learning with neurobiological research on dyslexia and
ASD is an advancing frontier that benefits both science and clinical practice. It enables the handling
of rich, multidimensional data to capture the essence of how these disorders alter brain function. By
combining insights on synaptic connectivity, neuroimmune regulation, and EEG biomarkers, Al
helps construct a more coherent picture of dyslexia and ASD — one that spans from molecular and
synaptic scales up to observable behavior.
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