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Abstract
Autism spectrum disorder (ASD) and attention-deficit/hyperactivity disorder (ADHD) are highly
heterogeneous neurodevelopmental disorders characterized by substantial phenotypic overlap and
frequent co-occurrence. Traditional diagnostic categories may therefore fail to capture meaningful
variation in symptom presentation. We investigated whether data-driven behavioral profiles derived
independently of diagnosis correspond to distinct resting-state electroencephalography (EEG)
signatures. A total of 237 children and adolescents (4.13–18.91 years) with ASD, ADHD, co-occurring
ASD+ADHD, other neurodevelopmental conditions, or no diagnosis completed behavioral assessments
and resting-state EEG recordings. Five behavioral measures reflecting social cognition, social
communication, restrictive and repetitive behaviors, ADHD traits, and nonverbal IQ were entered into an
unsupervised machine learning pipeline. Resting-state EEG spectral and nonlinear features were
subsequently compared across clusters using linear models controlling for age and sex. A four-cluster
solution was selected based on cluster stability and interpretability. The identified clusters were
transdiagnostic, containing heterogeneous mixtures of diagnostic categories rather than diagnosis-
specific groupings. The clusters differed in both symptom severity and behavioral profile. After false
discovery rate correction, the most severe behavioral cluster exhibited significantly elevated periodic
delta power, low- and high-gamma power, Hurst exponent, and Higuchi fractal dimension relative to the
least severe cluster. No additional between-cluster EEG comparisons remained significant after
correction. Our study suggests that neurodevelopmental heterogeneity may be better characterized by
dimensional behavioral profiles than by diagnostic labels alone. Moreover, resting-state EEG features
appear to track behavioral severity across neurodevelopmental conditions, supporting their potential
utility as neurophysiological markers of transdiagnostic symptom severity.

INTRODUCTION
Neurodevelopmental disorders (NDDs) are a group of conditions characterized by early-arising
disruptions in brain development leading to difficulties in personal, social, academic, or occupational
functioning that persist throughout adulthood.1 This broad category encompasses autism spectrum
disorder (ASD), attention-deficit/hyperactivity disorder (ADHD), intellectual disability, communication,
specific learning, motor disorders, etc.1 Global epidemiological data indicate that ASD affects
approximately 3% of the population2–4 while ADHD affects between 5 to 7% of children worldwide.5

Although the DSM-5 establishes discrete behavioral diagnostic criteria for these conditions, the clinical
reality is one of high comorbidity across diagnoses and substantial heterogeneity within them.6,7

High rates of comorbidity between ASD and ADHD further blur the boundaries between diagnostic
categories. Recent studies report that about 50 to 70% of children with ASD meet criteria for ADHD and
about 10% of children with ADHD have a comorbid ASD diagnosis.8–11 This high co-occurrence suggests
that ASD and ADHD share underlying phenotypic dimensions rather than representing fully independent
diagnostic entities. At the same time, phenotypic heterogeneity within each condition challenges the
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assumption that a single diagnostic label captures a clinically uniform group. Within ASD alone,
individuals vary substantially in language abilities, sensory profiles, or executive function.12–14 Similar
heterogeneity has been documented in ADHD, where symptom severity, cognitive profiles, and functional
outcomes differ widely across individuals.6,7,15 Together, these patterns indicate that categorical
diagnostic labels alone are insufficient to capture the full phenotypic complexity of these NDDs. This has
driven growing interest in identifying quantitative, neurophysiological biomarkers that can better
characterize individual behavioral profiles.

Among candidate neurophysiological measures, electroencephalography (EEG) is a promising tool for
developing those biomarkers as it provides a non-invasive, cost-effective measure of real-time neural
activity from the scalp.16–18 EEG signals can be characterized using both spectral measures, which
quantify oscillatory activity across frequency bands19–21 and nonlinear measures that capture
complementary aspects of signal complexity and temporal dynamics.22–24 The combined use of these

two approaches provides a comprehensive characterization of brain function.23,25 Resting-state EEG has
already been widely used in the study of NDDs, revealing spectral alterations across ASD18,26–28 and
ADHD,29–33.

In ASD, EEG studies have frequently described a U-shaped power profile characterized by increased
power in low- and high-frequency bands alongside reduced power in intermediate frequencies.6,18,27

Elevated gamma activity has also been linked to excitatory/inhibitory (E/I) imbalance, poorer language
abilities in language-related tasks,26,34,35 and specific behavioral traits in ASD.17 Despite extensive
efforts to identify an EEG signature of ASD, findings remain inconsistent and no clear consensus has
emerged. This variability may reflect the substantial clinical heterogeneity of ASD, suggesting that
multiple neurophysiological profiles may coexist within a single diagnostic category.13,36

In ADHD, resting-state EEG studies have often reported increased low-frequency activity, particularly in
the theta band, alongside reduced alpha and beta activity. This pattern is often reflected in an elevated
theta/beta ratio (TBR), which was long considered a potential biomarker of ADHD.30 However, findings
regarding the TBR have been inconsistent, and its validity as a diagnostic biomarker has been
increasingly questioned.37 More broadly, EEG findings in ADHD remain highly variable, and no single
electrophysiological profile adequately characterizes all individuals with the disorder. This heterogeneity
has led researchers to adopt transdiagnostic approaches that compare neurophysiological profiles
across neurodevelopmental conditions rather than seeking biomarkers specific to a single
diagnosis.21,33,38,39

Direct comparisons of resting-state EEG profiles between ASD and ADHD have begun to untangle both
overlapping and disorder-specific patterns. Gamma-band oscillations have attracted increasing interest
in neurodevelopmental research. Although evidence in ADHD remains limited and suggests reduced
resting-state gamma activity,37,40 studies in ASD more consistently report elevated gamma power and
associations with greater behavioral symptom severity, lower cognitive functioning, and atypical sensory
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processing.26,35,41,42 Other frequency bands also show distinct or overlapping trends. Investigating
power spectral density across children with ASD, ADHD, co-occurring ASD+ADHD, and typically
developing (TD) controls, Shephard et al. (2018) demonstrated that spectral alterations in the comorbid
group largely reflected a combination of characteristics observed in the single-diagnosis groups.
Specifically, reduced theta (4–8 Hz) and alpha (8–12 Hz) power significantly characterized children with
ASD, including those with comorbid ASD+ADHD. Conversely, reduced delta (0.5–3.5 Hz) power emerged
as a shared marker of the ADHD, including the comorbid group. Most interestingly, they found some
distinct variations in the comorbid ASD+ADHD group such as reduced theta relative to the ADHD-only
group and reduced delta relative to TD.39

Beyond conventional spectral power, numerous studies have incorporated nonlinear measures of signal
complexity and temporal dynamics, which may capture complementary aspects of atypical
neurodevelopment.25 In ASD, studies using entropy- and fractal-based approaches have identified
differences in neural complexity relative to typically developing peers, although the direction of these
effects has varied across metrics and developmental stages.21,22,43,44 Similar alterations in EEG
complexity have also been reported in ADHD, where greater fractal dimension and entropy have been
interpreted as reflecting atypical neural dynamics and attentional regulation.45 Together, these findings
indicate that while ASD and ADHD each carry recognizable electrophysiological markers, their co-
occurrence complicates the characterization. This pattern mirrors what has been found at the behavioral
level: data-driven clustering of symptom profiles in mixed ASD and ADHD samples yields subgroups that
have comparable proportions of children from both diagnostic categories.6

More recently, machine learning (ML) frameworks have been applied to behavioral data to discriminate
between ASD and ADHD diagnoses with high accuracy.46,47 In addition, ML has also been used in
combination with EEG to help distinguish diagnostic categories from one another.48–51 These studies
have demonstrated that multivariate EEG features combined with data-driven classification methods can
differentiate ASD from ADHD with greater accuracy than any single measure alone. However, a key
limitation of these computational approaches is their persistent reliance on predefined diagnostic
categories as the foundational ground truth. Whether behaviorally-derived profiles defined independently
of diagnosis correspond to distinct EEG signatures across ASD, ADHD, and co-occurring presentations
remains unexplored.

The current study addresses this gap by examining whether ML applied to behavioral data can uncover
transdiagnostic profiles in children with NDDs, and whether these profiles are associated with distinct
resting-state EEG signatures. Specifically, the study pursues two objectives: (1) to identify data-driven
behavioral profiles across children with ASD, ADHD, and co-occurring ASD+ADHD diagnoses, regardless
of their diagnostic label, and (2) to determine whether these profiles correspond to distinct
electrophysiological features abstracted from the resting-state EEG.

METHODS
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Participants
The final sample consisted of a total of 237 participants from Montreal Génétique des Familles and
Quebec 1000 Families cohorts (age range 4.13–18.91 years, M = 11.02 +/- 3.38 years; 59.49% male,
73.42% White/European). Inclusion criteria for this study mandated that participants were under 19
years of age at enrollment and possessed a complete behavioral profile. Because participants were
recruited at the family level, the sample includes sibling sets.

Diagnoses of participants were confirmed by their medical file upon recruitment. For all participants, the
Autism Diagnostic Observation Schedule, Second Edition (ADOS-2)52 was performed unless it had been
done in the past. The assessment was conducted during the testing session to confirm ASD diagnoses.
Given the presence of multiple and heterogeneous clinical labels in the dataset, diagnoses were parsed
into broader categories reflecting the presence of ASD, ADHD, or both. Specifically, participants were
classified into one of the following groups: ASD (n = 30, 12.66%), ADHD (n = 62, 26.16%), ASD + ADHD (n 
= 31, 13.08%), ADHD + ASD-related behavioral traits (n = 4, 1.69%), Other neurodevelopmental conditions (n 
= 17, 7.17%), or No diagnosis (n = 93, 39.24%).

All caregivers signed ethical consent forms and children and adolescents provided their assent. Ethics
were approved by CHU Sainte-Justine.

Procedures
Testing sessions were conducted at either CHU Sainte-Justine or the Montreal Neurological Institute
(MNI). Families were invited to come for a one-day testing session where each member would go
through a series of questionnaires and EEG tasks.

Behavioral assessment
Nonverbal Intellectual Quotient (NVIQ). Non-verbal IQ was assessed for all participants. Different tests
were used depending on the age and capacity of the participant. Adolescent participants (16+) were
administered the Wechsler Adult Intelligence Scale, Fourth Edition (WAIS-IV).53 Pediatric participants
completed either the Wechsler Intelligence Scale for Children, Fifth Edition (WISC-V)54 or the Wechsler
Preschool and Primary Scale of Intelligence, Fourth Edition (WPPSI-IV)55, depending on their age group.
For participants requiring a completely non-verbal mode of assessment due to language deficits or
specific developmental needs, the Leiter International Performance Scale, Third Edition (Leiter-3)56 was
utilized. All assessments were conducted during the laboratory visit. For the current analyses, only NVIQ
scores were retained. NVIQ was derived from the Perceptual Reasoning Index (WAIS-IV), the Fluid
Reasoning Index (WISC-V, WPPSI-IV), or the Leiter-3 Full Scale IQ, depending on the instrument used.
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Social Responsiveness Scale (SRS). Social behavior was assessed using the SRS.57 This scale consists
of 65 items divided into 5 sections, each corresponding to one of the following subscales: Social
Awareness, Social Cognition, Social Communication, Social Motivation, and Restrictive Interests and
Repetitive Behavior (RRB). The total score ranges from 0 to 100 with a median of 50 and standard
deviation of 10. The scale is designed for individuals aged 4 to 18. Each item describes a behavior (e.g.
“Facial expressions don’t match speech”) and parents need to rate from 1 (False) to 4 (Always/almost
always true) how much this behavior matches their child’s behavior in the past 6 months. For this study,
only Social Cognition, Social Communication, and RRB categories (T-scores) were retained.

Achenbach System of Empirically Based Assessment (ASEBA). The Child Behavior Checklist (CBCL)
versions of the ASEBA were completed by parents.58 The CBCL consists of 99 items for children aged 1
to 5, and 112 items for children aged 6 to 18. Each item can be answered from 0 to 2 where 0 is “Not
true”, 1 is “Sometimes true”, and 2 is “True or frequently true”. Multiple DSM-oriented scales are
calculated based on the scores to the checklist items. In the current study, only the Attention
Deficit/Hyperactivity T-score was retained for analysis.

EEG data acquisition and pre-processing
EEG signals were acquired using a 128-channel HydroCel Geodesic Sensory Net System with a 1000 Hz
sampling rate. If necessary, younger children were invited to sit on their parent’s lap during the recording.
In some cases, a research assistant was present in the recording room to ensure a proper unfolding.
Resting-state was collected during a silent movie watching (3–5 minutes) for all participants.

Raw EEG files were exported from NetStation to MATLAB. Then, 20 electrodes corresponding to the
outer edge of the cap were removed. The position of these electrodes makes them susceptible to
artifacts from head movements, potentially resulting in a reduced signal-to-noise ratio. The Harvard
Automated Preprocessing Pipeline for EEG (HAPPE Version3) was used to preprocess raw EEG signals
from RS.59 This pipeline is specifically optimized to address artifact contamination in pediatric datasets.
First, a Notch filter was applied to remove line noise at 60 Hz.

Following initial noise suppression, the signal underwent bandpass filtering via a finite impulse response
(FIR) filter with a passband of 1 to 80 Hz. Channels exhibiting poor signal quality due to elevated
impedance, sensor displacement, or inconsistent scalp contact were detected through automated
routines and excluded from the processing pipeline; these were subsequently interpolated in the final
processing step. To further attenuate artifacts related to participants’ motion, electromyogenic activity,
and ocular events (such as blinks or saccades), an optimized wavelet-enhanced independent component
analysis (W-ICA) was applied, followed by an additional ICA step to remove any remaining muscle
artifacts.

Since this study aimed to capture both spectral and non-linear complexity features, the cleaned data
were segmented into 2-second and 5-second epochs to facilitate distinct feature extraction strategies.
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Finally, segments with an amplitude exceeding +/- 150 µV were rejected.

Spectral features were extracted from non-overlapping 2-second segments. This epoch length was
selected to ensure stationarity for Power Spectral Density (PSD) estimation while maximizing the
number of available trials.19 Spectral analysis was performed using custom Python scripts utilizing the
MNE and FOOOF libraries. Features extracted included absolute PSDs – delta (1-3.99 Hz), theta (4-7.99
Hz), alpha (8-12.99 Hz), beta (13-29.9 Hz), and gamma (30–80 Hz) – and the Hurst exponent.
Additionally, the fitting oscillations & one over f (FOOOF) parameterization algorithm was applied to
obtain the periodic (oscillatory) and aperiodic components (exponent and offset) of the signal.20

To assess non-linear dynamics, nonlinear features were extracted from non-overlapping 5-second
segments. This length was chosen to be long enough to capture meaningful physiological complexity
patterns and stabilize entropy calculations.60 Complexity features were extracted using the NeuroKit2
library and included the Higuchi fractal dimension and the Complexity Index (CI) derived from Multiscale
Entropy (MSE) across both lowscale and highscale factors. This dual-segmentation approach allowed
for a granular analysis of both the oscillatory and complexity profiles of the resting-state EEG. All
extracted EEG features were averaged across channels to obtain a whole-head measure, yielding a single
index for each spectral and non-linear metric.

Participants were excluded from the final analysis if they retained fewer than 30 artifact-free segments.
This quality control procedure resulted in the exclusion of three participants (one due to insufficient 2-
second segments, and two due to insufficient 5-second segments).

Clustering with Machine Learning
To identify data-driven behavioral groups within the sample, an unsupervised neural network approach
using a Self-Organizing Map (SOM) was employed. All methods were implemented in Python (v3.13)
using the scikit-learn, numpy, and MiniSom libraries. The feature space for clustering included five key
behavioral dimensions: SRS Social Cognition, SRS Social Communication, SRS Restrictive and Repetitive
Behavior, ASEBA ADHD T-scores, and NVIQ.

The SOM was implemented using the MiniSom library, with behavioral features transformed via a
MinMaxScaler to a [0, 1] range. To ensure optimal model architecture, a targeted hyperparameter search
evaluated combinations of learning rate (  = 0.3–0.5) and Gaussian neighborhood radius ( = 0.5–
1.5) that maximized silhouette score across potential cluster solutions (k = 2 to 8). A square grid of
neurons was initialized based on the heuristic  with random weight initialization and the network
was trained over 2,000 iterations using the best-performing SOM configuration ( ,  = 0.5)
(Fig. 1).61

[FIGURE 1]
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Model quality was further evaluated by calculating the Quantization Error (QE), which measures the
average distance between each data point and its best-matching neuron, and Topographic Error (TE),
which quantifies how well neighborhood relationships are preserved in the map. To derive discrete
behavioral subtypes, k-means clustering was applied to the weights of the trained neurons. The final
number of clusters was determined by evaluating the silhouette score and cluster stability. Stability was
assessed by calculating the Adjusted Rand Index (ARI) across five independent k-means runs to assess
consistency of participant assignment across clustering solutions. Additionally, soft-clustering
membership probabilities were calculated for each participant based on the inverse Euclidean distance
to the cluster centroids to account for clinical heterogeneity within the sample.

Statistical analysis
Normality of all behavioral measures was assessed using the Shapiro-Wilk test and an evaluation of
skewness and excess kurtosis. Visual inspection of scatter plots confirmed the absence of significant
univariate outliers. To investigate the neurophysiological differences between the identified clusters, we
fitted a set of linear models with EEG features as dependent variables, cluster as a main effect, age and
sex at birth were included in the models as covariates to control for developmental and sex-linked
variance in brain activity. The structure of the model was as follows: lm(EEG feature ~ Cluster + Age + 
Sex).

Cluster 4 was designated as the reference group for all models, as it represented the most clinically
severe phenotype. A correction for multiple comparisons (false discovery rate, FDR) was applied to the
analysis and significant p-values were corrected with the p.adjust.method in R. Finally, inter-feature
relationships were explored using a Pearson correlation matrix.

Statistical analysis was performed in R (v4.5.1)62 using lm for cluster-wise linear models. Additional
summaries and diagnostics used packages including dplyr, corrplot, and pheatmap as implemented in
the project scripts. Behavioral clustering and k-selection metrics were implemented in Python with
pandas, scikit-learn, MiniSom, and matplotlib for diagnostic and selection plots. EEG features were
derived from preprocessed data read with MNE-Python (including EEGLAB-format epochs). The complete
preprocessing pipeline and integration scripts are hosted on GitHub at https://github.com/labo-
NED/GENiAL/tree/genial-project-final.

RESULTS

Cluster Analysis

Identification of Behavioral Clusters
To determine the optimal clustering solution, model performance was evaluated across a range of
cluster numbers (k = 2 to 8) and parameter configurations using silhouette scores and clustering stability
(Adjusted Rand Index; ARI).63 The final SOM achieved a Quantization Error (QE) of 0.1467 and a
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Topographic Error (TE) of 0.0633, indicating a high level of representational accuracy and preservation of
the data’s topological structure.64

As k increased, silhouette scores gradually decreased, reflecting reduced separation between more fine-
grained subgroups. While k = 2 provided the highest global silhouette score (0.41) and ARI (1.00), this
solution primarily reflected a dichotomous split based on level of traits (i.e., high vs. low symptom load).
To better capture the multi-dimensional heterogeneity of the sample and identify distinct behavioral
profiles (e.g., social communication deficits without significant ADHD traits), higher order k values were
evaluated (k > 2). While silhouette scores trended downward, clustering stability reached a local
optimum at k = 4 (ARI = 0.98), representing an improvement over the k = 3 configuration (ARI = 0.96).
Consequently, k = 4 was selected for the final analysis, as it maintained a meaningful silhouette score
(0.30) while demonstrating near-perfect stability.

This value represented the highest level of granularity achievable before a significant decline in
silhouette score and cluster stability was observed, allowing for a more detailed investigation into the
relationship between behavioral subtypes and EEG features.

The demographic information for all four clusters can be seen in Table 1.

[TABLE 1]

Diagnostic Distribution Across Clusters
The distribution of clinical diagnoses within the whole sample and each group can be seen in Figs. 2a
and 2b respectively.

Cluster 1 (N = 49) and Cluster 4 (N = 54) displayed the most heterogeneous diagnostic profile, with
relatively balanced proportions across the diagnoses and no dominant diagnosis category. Cluster 2 (N 
= 85) was characterized by a strong dominance of the No diagnosis category. Cluster 3 (N = 49) showed
a strong dominance for the ADHD diagnosis with almost half of the group falling in this category.

[FIGURE 2]

Between-cluster differences in behavioral measures
Mean behavioral scores across clusters are presented in Table 2.

[TABLE 2]
Clusters differed significantly across all behavioral measures, including SRS Restrictive and Repetitive
Behaviors (RRB), SRS Social Communication, SRS Social Cognition, ADHD T-scores, and Nonverbal IQ
(NVIQ). Figure 2c illustrates the distribution of behavioral scores across the behavioral clusters. Table 3
reports the result of the validation of the neural network-based stratifications.
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In this study, we defined the most severe cluster as having the highest overall T-scores across RRB, SRS
Social Communication, SRS Social Cognition, and ADHD traits, alongside the lowest NVIQ scores.

[TABLE 3]

EEG features
EEG analyses were conducted on a subset of participants with usable EEG data (N = 182 for 2s epochs
and N = 165 for 5s epoch processing), resulting in reduced sample sizes compared to behavioral
analyses. To investigate neurophysiological differences between subgroups, linear models were
conducted with each EEG feature as dependent variables, cluster as the main effect (Cluster 4 as the
reference) and age and sex as covariates. The reported p-values are FDR-corrected. The model outputs
are shown in Table 4. Figure 2d illustrates the distribution of resting-state EEG features across the
behavioral clusters.

The results showed that after correction for multiple comparisons, five EEG features retained their
significance between clusters 2 and 4. Cluster 4, which represents the most severe behavioral
phenotype, demonstrated significantly elevated Hurst exponent, Delta power, Low and High Gamma
power, and Higuchi FD compared to Cluster 2, the least clinically severe group (Fig. 2d).

To further characterize the differences between clusters, post-hoc pairwise comparisons were
performed across all EEG features. Results of this analysis were broadly consistent with the linear model
findings, indicating that observed effects are primarily driven by differences involving Cluster 4 (most
severe phenotype) and Cluster 2. No additional comparison remained significant after the FDR
correction.

DISCUSSION
The present study aimed to investigate whether data-driven behavioral clustering could identify
transdiagnostic profiles across children with neurodevelopmental disorders and whether these profiles
are associated with distinct resting-state EEG signatures. Overall, we identified four stable behavioral
clusters that captured meaningful heterogeneity across ASD, ADHD, and non-diagnosed children. Most
importantly, the clusters created by the SOM algorithm were not driven by diagnostic categories, but
rather by variations in levels of traits and behavioral profiles. Cluster 4 represented children with the
lowest abilities in social cognition, social communication, NVIQ, and higher restrictive and repetitive
behaviors and ADHD traits, and was further characterized by a distinct resting-state EEG profile.
Together, these findings suggest that data-driven clustering can identify behaviorally and
neurophysiologically meaningful subgroups that extend beyond traditional diagnostic boundaries.

Although some diagnostic categories were overrepresented in specific clusters, all groups included a
mixture of ASD, ADHD, comorbid presentations, and non-diagnosed participants. This finding suggests
that behavioral heterogeneity in neurodevelopmental conditions extends beyond traditional diagnostic
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boundaries and may be better understood dimensionally rather than categorically, which aligns with an
expanding body of recent findings.6,7,13 The clinical reality of this diagnostic blending is supported by
evidence of shared genetic predisposition between ASD and ADHD, which frequently manifest as
overlapping neurocognitive characteristics and shared heritable traits.11,65,66

Furthermore, the presence of non-diagnosed participants across all clusters suggests that meaningful
variation along these behavioral dimensions extends beyond individuals who meet formal DSM-5
diagnostic criteria. Some children who do not qualify for a categorical diagnosis may nevertheless
exhibit elevated levels of social, attentional, or cognitive difficulties that place them closer to clinically
diagnosed groups on specific behavioral dimensions. This observation highlights the potential value of
considering symptom profiles beyond diagnostic status alone.7,67

To evaluate whether our data-driven behavioral cohorts correspond to distinct neural profiles, we
examined resting-state EEG spectral and non-linear complexity metrics across the identified clusters.
Our results showed that five neurophysiological features differentiated the two clinical extremes of the
sample: Cluster 4, representing the most globally severe behavioral phenotype, and Cluster 2,
representing the lowest-severity group.

Specifically, Cluster 4 demonstrated significantly elevated periodic delta power, low- and high-gamma
power, Hurst exponent, and Higuchi FD relative to Cluster 2. Interestingly, despite the significant
differences in behavioral characteristics across the four groups, only the two groups with severity
extremes were significant in their EEG signatures. One possible explanation is that resting-state EEG
metrics may be more sensitive to broad differences in overall trait severity than to finer-grained
variations in behavioral presentation.17,25,39

Delta-band neural oscillations (1-3.99 Hz) have often been interpreted as a marker of atypical
neurodevelopment, reflecting altered cortical maturation and cognitive dysfunction.38,68 Consistent with
those studies, we showed that the group characterized by the lowest social and cognitive abilities
exhibited significantly elevated periodic delta power compared with the group with higher abilities. The
selective elevation of delta power in Cluster 4 suggests that this feature may be more closely associated
with overall levels of clinical traits than with any specific diagnostic category. Notably, although Clusters
1 and 4 displayed similarly heterogeneous diagnostic compositions, delta power did not significantly
differentiate these groups. Together, these findings suggest that resting-state delta activity may be more
closely related to the level of behavioral difficulties than to diagnostic status itself. Gamma-band neural
oscillations (30–80Hz) are generally associated with attentional processes, perceptual binding, and top-
down cognitive control in task-based protocols.69,70 However, several resting-state EEG studies have
reported elevated gamma power in autistic individuals compared with neurotypical controls, suggesting
altered cortical network functioning and atypical neural synchronization.18,71 One of the proposed
mechanisms underlying atypical gamma activity is an imbalance between excitatory (glutamatergic) and
inhibitory (GABAergic) neural signaling.72,73 Such disruptions in excitatory/inhibitory (E/I) balance have
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been widely implicated in the study of ASD and other neurodevelopmental conditions.73–75 The elevated
low- and high-gamma power observed in Cluster 4 may reflect altered cortical network regulation
associated with lower behavioral abilities. The present findings are consistent with evidence linking
atypical gamma activity to more significant neurodevelopmental difficulties including co-occurring
conditions, such as language and cognitive impairments.38,76

The Hurst exponent is a non-linear measure that quantifies the fractal-like properties and self-similarity in
the EEG signal, indicating the level of roughness in the time-series. Hurst exponent was estimated using
rescaled range analysis (R/S analysis).77 In EEG data, Hurst values greater than 0.5 indicate persistent
dynamics, meaning that neural activity patterns tend to maintain similar trajectories over time rather
than fluctuating randomly. Conversely, lower Hurst values reflect greater volatility and reduced
predictability of the signal.78 Our findings identified that Cluster 4 exhibited significantly elevated Hurst
exponent values relative to Cluster 2. This suggests that neural activity in the group with the most
clinical traits was characterized by greater temporal persistence and predictability. Previous work has
proposed that elevated Hurst values may indicate stronger long-range temporal dependencies in neural
activity, reflecting reduced dynamical flexibility, whereby neural systems become more constrained to
particular activity states over time.79 Within neurodevelopmental conditions, such alterations in long-
range temporal structure have been associated with atypical information processing and network
organization.60 In line with this literature, the elevated Hurst exponent observed in Cluster 4 may indicate
less flexible neural activity patterns associated with greater neurodevelopmental impairment.

Higuchi FD (HFD) is another non-linear measure that quantifies the complexity and irregularity of a time-
series signal in the time domain. A higher HFD value indicates that the EEG signal is highly complex, less
regular, and characterized by greater variability.24,80 In the present study, Cluster 4 exhibited significantly
elevated HFD values relative to Cluster 2, suggesting that the group with the most significant clinical
traits displayed more variable neural dynamics.

While elevated HFD and Hurst exponent values may initially appear counterintuitive, these measures
quantify different properties of neural dynamics. In theory, fractal dimension and the Hurst exponent are
often expected to show an inverse relationship, such that greater temporal persistence is associated
with lower signal irregularity. The inverse relation applies mainly to ideal self-affine/monofractal signals,
not to EEG in general.81 However, EEG signals are complex, non-stationary, and influenced by multiple
frequency-specific and nonlinear properties, meaning that this theoretical relationship may not apply
directly across all empirical contexts.81 Consistent with this possibility, HFD and Hurst exponent were
positively correlated in the present sample (r = .557, p < .001), suggesting that these features captured
related but non-identical aspects of neural organization. HFD reflects the local complexity and
irregularity of the signal, whereas the Hurst exponent captures its long-range temporal dependence.23

Consequently, elevated values of both metrics are not necessarily mutually exclusive and may instead
reflect alterations in multiple dimensions of neural organization.82,83 The co-occurrence of elevated HFD,
Hurst exponent, and gamma power in Cluster 4 may therefore indicate a distinct pattern of neural

Page 13/22



dynamics involving both increased signal complexity and altered temporal structure. Rather than
representing conflicting findings, this pattern suggests that the most behaviorally severe cluster is
associated with a neurophysiological profile that cannot be captured by a single EEG metric alone.

Several limitations should be considered when interpreting the present findings. First, the clusters
identified in this study were based solely on behavioral measures and should therefore be interpreted as
behavioral phenotypes rather than biologically distinct subgroups. As a result, the present findings do
not provide evidence regarding the underlying mechanisms of neurodevelopmental conditions and
should not be interpreted as informing pharmacological or medical treatment decisions. Second, the
inclusion of siblings within the sample may have influenced the observed clustering patterns, as related
participants are more likely to share genetic and environmental characteristics than unrelated
individuals. Consequently, some degree of non-independence between observations cannot be ruled out.
Future studies should examine whether similar cluster structures emerge in fully independent samples.

Beyond advancing our understanding of neurodevelopmental heterogeneity, these findings may have
important clinical implications. The present results suggest that children may be more meaningfully
characterized by their behavioral profile and trait dimensions than by diagnostic labels alone. Although
diagnostic categories remain essential for medical decision-making and access to services, data-driven
approaches may ultimately contribute to more individualized assessment and intervention strategies by
identifying clinically meaningful subgroups that cut across traditional diagnostic boundaries. Future
research should examine the stability of these profiles over time, investigate whether interventions
influence cluster membership, and explore the development of predictive models capable of identifying
behavioral profiles at the individual level.
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