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ABSTRACT

The heterogeneity in both the neurobiological mechanisms and the phenotypic presentations of autism spectrum disorder (ASD)
poses a major challenge to clinical and translational research. Alterations in functional connectivity (FC) have been associated
with ASD, yet it remains unclear whether and how divergent brain network properties may account for individual differences
across ASD-related symptomatology and behaviors. We applied source-level reconstruction to rest-like non-task-related high-
density EEG data in a cohort of 104 young children (38 with ASD) to identify global and local alterations of cortical network
connectivity. We subsequently used regularized canonical correlation analysis (rCCA) to characterize specific FC patterns linked
to variation in cognitive, social and sensory dimensions derived from standard clinical instruments. We found increased low-
frequency FC in frontotemporal cross-hemispheric networks and lateral-occipital regions of young ASD children versus healthy
peers. RCCA revealed three distinct FC patterns in recurrent ASD-related networks, each contributing to predict individual
differences in cognitive, social and sensory features. These linked FC-behavior dimensions may shed light on atypical brain
network topology associated with specific phenotypic manifestations of ASD, which might implicate unique underlying neuro-
biological mechanisms.

more effective treatment interventions. Over recent years, the
identification of pathological functional and structural brain

1 | Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental condi-
tion classically characterized by persistent and significant social
communication deficits and repetitive sensorimotor behav-
iors (American Psychiatric Association 2022). Understanding
the early development of the neuronal circuitry underlying
ASD is fundamental to elucidate its etiology and to promote

networks has become one of the most promising prospects in
the study of brain disorders (Fornito et al. 2015). Growing con-
sensus suggests that disruptions in brain functional connec-
tivity (FC) play an important role in the pathophysiology of
ASD (Wang et al. 2013; Muller et al. 2011; Uddin et al. 2013).
Several studies have reported that individuals with ASD exhibit
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FC alterations of large-scale brain networks (Weng et al. 2010;
Maximo et al. 2014; Holiga et al. 2019; Harikumar et al. 2021;
Coburn et al. 2022). Yet, maturational changes in functional
brain topology through early childhood and their association
with clinically relevant ASD-related phenotypic presentations
remain poorly understood.

From a clinical perspective, there is considerable demand for
non-invasive, accessible methodological approaches that fa-
cilitate the earliest possible identification of brain functional
alterations associated with ASD. High-density resting-state
electroencephalography (HD-EEG) has proven to be a practical
and useful technique to explore large-scale brain physiologi-
cal activity at rest in pediatric clinical populations (Michel and
Murray 2012; Ahmadi et al. 2021). Specifically, the convenience
of resting-state HD-EEG to monitor brain activity in the ab-
sence of overt task performance or sensory stimulation stands
out compared to other functional imaging methods that are
rather difficult to implement with young ASD children. A con-
siderable number of studies have investigated atypical brain FC
in ASD individuals using rest-like EEG protocols (Muller and
Fishman 2018). Of the wide repertoire of EEG features, previ-
ous work has predominantly focused on the analysis of spectral
power. These studies have reported inconsistent findings re-
garding altered brain connectivity in low (theta, alpha) and high
frequency (gamma) band oscillations in ASD individuals (Dede
et al. 2025). Reduced theta power has been associated with
greater ASD symptomatology (Hornung et al. 2019), while local
changes in alpha and gamma power have also been observed
(Keehn et al. 2017; Maxwell et al. 2015). A relatively consistent
profile of spectral power divergences in ASD children through
development has emerged, suggesting excessive power in low
and high frequency bands at early ages, but reduced power in
the mid-range band (Wang et al. 2013; Stroganova et al. 2007).
Complementing these observations, a recent systematic review
and meta-analysis quantified reduced relative alpha and ele-
vated gamma power in ASD, while noting substantial heteroge-
neity and sensitivity to paradigm and recording duration (Neo
et al. 2023).

Besides spectral features, FC analysis has also been used to
shed light on the brain network organization underpinning
ASD. Several resting-state EEG and magnetoencephalography
(MEG) studies revealed characteristic altered network topology
in children diagnosed with both syndromic and non-syndromic
ASD (Malaia et al. 2016; Peters et al. 2013; Tsiaras et al. 2011;
Geng et al. 2023). There is a converging, though not uniform,
trend suggesting reduced long-range functional connectivity in
ASD (O’Reilly et al. 2017). In contrast, evidence for increased
short-range connectivity remains inconsistent and insufficiently
resolved. These studies support the developmental disconnec-
tion theory, which proposes a decreased long-range integration
accompanied by local overconnectivity and reduced functional
specialization in the brain (Courchesne et al. 2007). Nevertheless,
these EEG connectivity studies have mostly been performed in
the sensor space (scalp level), thus using inflated connectivity
estimates caused by volume conduction artifacts and preventing
inferences about interacting brain regions (Nunez et al. 1997;
Nolte et al. 2004). Moreover, efforts to associate clinical features
with atypical brain network organization in ASD have been es-
sentially addressed using resting-state functional MRI (fMRI),

with inconclusive evidence. For example, ASD core symptom-
atology and global cognition failed to be associated with several
altered network metrics in ASD individuals older than 6years
(Keown et al. 2017; Sha et al. 2022). However, other studies re-
ported that the balance of local and global efficiency between
structural and functional networks was reduced in ASD ado-
lescents, and inversely correlated with ASD symptom severity
(Rudie and Dapretto 2013).

The present study seeks to determine how frequency-specific
connectivity patterns map onto distinct clinical features of au-
tism. We conducted a source-level assessment of early ineffi-
ciencies in brain network topology of young children with ASD.
Furthermore, we assessed the clinical relevance of these net-
work alterations by exploring generalizable linked dimensions
with behavioral and clinical data. We measured FC using the
“EEG source connectivity” method, which reduces the afore-
mentioned volume conduction and allows networks to be iden-
tified directly at the cortical level with optimal spatiotemporal
resolution (Hassan et al. 2014; Rizkallah et al. 2018; Mheich
et al. 2020). We combined the use of HD-EEG source connec-
tivity methods with graph theory-based analyses to character-
ize and quantify these functional networks at the cortical level.
Finally, we used regularized canonical correlation analysis
(rCCA) to assess the relationship among altered cortical network
properties and cognitive, sensory, and social dimensions within
the autism spectrum, to determine whether atypical brain net-
work connectivity may account for individual differences across
ASD-related symptomatology and behaviors.

2 | Materials and Methods
2.1 | Participants

This study initially included 50 children diagnosed with au-
tism spectrum disorder (ASD) and 73 typically developing (TD)
children. However, HD-EEG data from 12 children with ASD
and seven TD did not pass the quality check and were excluded
from analyses (see below for details), resulting in a final sam-
ple size of 104 participants (Table 1). All participants were aged
from 2 to 8years. All children in the ASD cohort were referred
to the Service des Troubles du Spectre de lAutisme at Lausanne
University Hospital (STSA, CHUV). Trained licensed psycholo-
gists and child psychiatrists established formal ASD diagnosis
based on the criteria of the Diagnostic and Statistical Manual
of Mental Disorders, 5th edition, Text Revision (DSM-5-TR
(American Psychiatric Association 2022)). The clinical pro-
cedure for the ASD diagnosis included a review of patients’
medical and developmental history as well as the assessment
with the Autism Diagnostic Interview-revised (ADI-R (Rutter
et al. 2003)), and the Autism Diagnosis Observation Scale-2
(ADOS-2 (Lord et al. 2012)). TD children were recruited from
the general population through distribution of flyers to schools
and pediatricians. Exclusion criteria for both groups included
prematurity (<36weeks of gestation), a known neurological
condition, neurodevelopmental disorder or learning disability,
and specifically for the TD group a first-degree relative diag-
nosed with ASD. The study was reviewed and approved by the
Commission Cantonale d'Ethique de la Recherche sur l'étre hu-
main (CER-VD, Switzerland), with the Project-ID 2018-00599.
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TABLE1 | Demographic and clinical characteristics of the study cohort of TD and ASD children expressed as mean (SD).

TD (N=66) ASD (N=38)
Demographic Age (y) 5.04 (2.1) 4.63(2.2)
Sex (F/M)** 30/36 6/32
ASD diagnosis ADOS-2 SA — 12.1 (4.6)
ADOS-2 RRB — 4.1(1.8)
ADOS-2 total — 16.3 (5.4)
Global cognition Verbal IQ*** 115.5(14.1) 82.1(24.4)
Nonverbal 1Q*** 114.1 (13.5) 90.1 (19.1)
Full Scale IQ*** 115.3 (13.3) 82.7 (22.4)
Social cognition SRS-2 total raw score*** 22.6 (12.4) 88.6 (26)
Sensory SPM/SPM-P total raw score*** 71.3 (11.3) 103.5(24.2)

Abbreviations: ADOS RRB, ADOS restricted and repetitive behaviors; ADOS-2 SA, ADOS-2 social affect; ASD, autism spectrum disorder; F/M, female/male; IQ,
intelligence quotient; SPM, sensory processing measure; SRS-2, social responsiveness scale-2; y, years.

P <0.01.
kD <0.001.

Written informed consent was obtained from participants' legal
representatives before their participation.

2.2 | Phenotypic Evaluation

Cognitive ability was measured using standardized tests ac-
cording to the age and the developmental level of the par-
ticipant; namely either the Wechsler Preschool and Primary
Scale of Intelligence (WPPSI-IV) (Wechsler 2013) or the
Wechsler Intelligence Scale for Children, 5th edition (WISC-V)
(Wechsler 2014). Parents completed either the Preschool
(2.5-4.5years old) or the School-age (4.5-18years old) Social
Responsiveness Scale 2nd edition (SRS-2) (Constantino and
Gruber 2012)—a 65-item rating scale measuring deficits in so-
cial behavior associated with ASD—about their offspring. The
Sensory Processing Measure (SPM) (Parham et al. 2007) and
the Sensory Processing Measure—Preschool (SPM-P) (Miller
Kuhaneck et al. 2010) were the parent-report questionnaires
used to cover a range of behaviors and characteristics related to
sensory processing, social participation, and praxis. Assessment,
subscales, and standardized scores of the phenotypic evaluation
are detailed in Supporting Information.

2.3 | Electrophysiological Acquisition
and Preprocessing

2.3.1 | Acquisition

HD-EEG data were collected using a 128-channel HydroCel
geodesic sensor net together with Electrical Geodesics Inc. (EGI,
Eugene, Oregon) Net Station software (Tucker 1993). HD-EEG
signals were sampled at 250Hz. Passive, baseline, non-task-
related HD-EEG was collected during 5min in a dark room
as children watched an age-appropriate soundless video pre-
sented on a computer screen while seated on a chair or on their

caregiver's lap. In very young children, eyes-open “rest” often
yields excessive motion/eyeblinks and attrition. Naturalistic,
low-demand video viewing is an established workaround
that reduces movement and improves compliance versus rest
(Vanderwal et al. 2019). A low-demand age-appropriate video
was used for each age range (2 to 8, by 1), and incorporated as a
covariate in the analyses.

2.3.2 | Preprocessing

Raw HD-EEG signals were bandpass filtered off-line in the
range 0.1-40Hz. Filtered HD-EEG data were further segmented
into epochs of 40s each, and the first segmented epoch was
always discarded from later analyses. HD-EEG epochs were
preprocessed with MATLAB R2020b software (MathWorks)
and the open-source toolbox preprocessing pipeline Automagic
(v2.5) (Pedroni et al. 2019). This toolbox simplifies and moni-
tors artifact removal, interpolation of error-prone channels and
data quality rating (Figure 1A). The remaining artifact-free
epochs were ranked based on the overall high-amplitude, and
the first three epochs of 40s were selected for analysis, in line
with previous studies (Paban et al. 2019; Kabbara et al. 2017).
A trained EEG expert (AM) reviewed the decisions made by
Automagic, and the epoch selection process underwent con-
firmation through visual inspection. Over 84% of the HD-EEG
data exhibited “ok” or “good” data quality. As a result, a total of
12 children with ASD and seven TD children exhibited HD-EEG
signals categorized as “bad” and thus met criteria for exclusion
of later analyses.

2.3.3 | Functional Connectivity (FC)
Details on source reconstruction are provided in the Supporting

Information. The second step of the EEG source connectiv-
ity method involved the estimation of the statistical couplings
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FIGURE1 | (A)Schematics summarizing pre-processing pipeline and cortical parcellation. Automagic toolbox was used for quality assessment
and artifact correction, and the cortical sources were reconstructed by solving the inverse problem. An anatomical parcellation was applied on the
adapted MRI template yielding a time-course RS HD-EEG signal for 68 cortical regions of interest using the Desikan-Killany atlas. (B) FC between
the 68 regional time series was computed for each time window using the Phase Locking Value (PLV) method. A resulting dynamic FC matrix per
individual was estimated by the standard deviation across all sliding windows. We compared dynamic FC matrices between ASD and TD young
children using three levels of network analysis: (i) node-wise: We computed metrics such as clustering coefficient (CC), local efficiency (LE), and
betweenness centrality (BC); (ii) edge-wise: We retrieved the cortical subnetwork whose edges underwent a significant change in FC values after
statistical comparison of ASD and TD connectivity matrices using NBS approach; and (iii) global network topology: Small World Propensity (SWP),
edge-wise connectivity index (EWCI) and global efficiency (GE) were calculated to reflect overall network organization. (C) Regularized canonical
correlation analysis (rCCA). The 68 parcellated cortical regions were grouped into eight large-scale network communities as described in Figure S1.
FC features for each of these network communities as well as cognitive, social and sensory phenotypic scores were entered into rCCA to search for a
canonical pair that maximizes the correlation between FC and behavioral dimensions.

between the 68 source-reconstructed regional time series sep-
arately for four different frequency bands: theta (4-8 Hz), alpha
(8-13Hz), beta (13-30Hz), and gamma (30-45Hz). FC between
the regional time series was computed for each frequency
band using the Phase locking value (PLV) method (Lachaux
et al. 1999). This measure, ranging between 0 and 1, reflects in-
teractions between two oscillatory signals through quantifica-
tion of the phase relationships. The combination of the wWMNE
and the PLV methods was chosen according to a recent model-
based comparative study of different inverse/connectivity com-
binations (Hassan, Merlet, et al. 2017). We obtained for each
participant four dynamic FC matrices in each frequency band,
ultimately averaged across time and epochs to obtain a single
static FC matrix per frequency band. This resulted in a 68 xX68

symmetrical FC matrix from which 68X67/2=2278 unique
connections were obtained in each frequency band, represent-
ing the pairwise connections between all of the cortical ROIs
(Figure 1B).

2.3.4 | Network Metrics

FC matrices were characterized using network measures
derived from graph theory, in a system in which nodes (68
cortical regions) are connected by edges reflecting the func-
tional and/or effective connections. Then, network topologi-
cal properties were quantified to characterize brain network
architecture using the Brain Connectivity Toolbox (BCT)
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(Rubinov and Sporns 2010) and visualized with BrainNet
viewer (Xia et al. 2013). Functional networks were analyzed
at three different levels: brain regions (node-wise), connec-
tions (edge-wise), and global (the whole brain). The equations
to compute all network metrics described below are detailed
in Supporting Information.

2.3.4.1 | Node-Wise. We measured clustering coefficient
(CC), betweenness centrality (BC), and local efficiency (LE).
CC is a major metric for determining the level of informa-
tion segregation of the network by showing how many nodes
are clustered together in a graph (Rubinov and Sporns 2010).
BC of a node indicates the importance and the amount
of information flowing via that node (Boccaletti et al. 2006).
LE is an average measure of efficiency of information transfer
limited to neighboring nodes, defined as the average inverse
SPL of all neighbors of a given node among themselves (Cohen
and D'Esposito 2016).

2.3.4.2 | Edge-Wise. Network metrics were character-
ized using the Network-Based Statistic (NBS) toolbox (Zalesky
et al. 2010). To do that, an ANCOVA analysis was fitted to each
of the 2278 phase synchronization values of each of the edges,
yielding a p-value indicating the probability of rejecting the null
hypothesis at each edge. Selecting the NBS threshold represents
an arbitrary parameter, although control of family-wise error rate
is guaranteed irrespective of the threshold choice. A range
of component-forming thresholds was then applied to the test
statistic (t-values; 1.0-4.5, step 0.1) to define suprathreshold
connections. The size of the components was then compared to
a null distribution of maximal component sizes obtained using
5000 permutations testing to obtain p-values corrected for mul-
tiple comparisons (Zalesky et al. 2010). We chose a compro-
mise threshold to select the significant NBS network (p <0.05),
involving a number of nodes closest to 75% (51/68) of total net-
work nodes, in line with previous studies (Conti et al. 2023).

2.3.4.3 | Global Topology. Small World Propensity (SWP)
(Muldoon et al. 2016) has been proposed as a reliable measure
to estimate information transfer in a network. SWP evaluates
the level of small-world structure between any two nodes, that s,
higher local clustering than a random network, yet short average
path length. Furthermore, we measured global efficiency (GE)
to further evaluate differences in the integration of the neural
networks of children with ASD and TD children. GE measures
the efficiency of information transfer among all pairs of nodes
in the graph and thus reflects the efficiency of interaction
across the whole graph (Rubinov and Sporns 2010; de Pasquale
et al. 2016). When applying NBS to compare the networks
of the two groups, we computed an Edge-wise Connectivity
Index (EWCI), defined as the sum of the weights of the resul-
tant subnetwork (Hassan, Chaton, et al. 2017) (see Supporting
Information).

2.3.5 | Statistical Analysis

Shapiro-Wilk normality tests and Levene's tests were conducted
to assess the normality and homogeneity of variance prior to
group comparisons. When normality was not met, Wilcoxon
signed-rank tests were used. Group differences of power

spectral density and network metrics between ASD and TD
children were assessed using linear models with covariates in
R (v4.2.1) (R Core Team 2013). We performed covariate adjust-
ment prior to group comparisons. Specifically, a linear regres-
sion model was fitted with each dependent variable and age, sex,
and FSIQ as predictors, estimated across all participants regard-
less of group. Adjusted values were then derived as the residuals
from this model, re-centered by adding the grand mean of the
raw scores, so that the adjusted values remained on the original
scale. Group differences in adjusted values between ASD and
TD children were subsequently assessed using a linear model
including Group, age, sex, and FSIQ as predictors, with the
Group coefficient providing the estimate of the between-group
difference after covariate control. To assess the developmental
trajectory of global network metrics as a function of age in the
TD and ASD groups, we generated partially adjusted values of
network metrics (GE, SWP, EWCI) by regressing out sex and
FSIQ only, deliberately retaining age so as not to artificially sup-
press the age-related signal of interest. The resulting values were
re-centered to the grand mean and used as the dependent vari-
able in the developmental curve analysis. Developmental trajec-
tories were visualized separately for each group using locally
estimated scatterplot smoothing (LOESS), providing a flexible,
non-parametric representation of the age-related trend without
assuming linearity. Spearman rank correlations were computed
separately for each group to assess the monotonic relationship
between age and adjusted scores, with p-values estimated using
a normal approximation to account for tied values. Finally, we
performed a quantitative node-wise analysis on the brain net-
works of TD and ASD children using BC, CC, and LE as network
metrics. p-values for node features were corrected for multiple
comparisons using FDR across the 68 nodes for each metric.
To further explore how edge-wise differences might manifest
in pairwise—ROI to ROI—connectivity strengths, we tested
for FC differences in each of the 2’278 possible connections.
p-values were corrected by permutation test using NBS. Effect
sizes are reported as well in the form of Cohen's D for two-sided
Welch's t-tests, and standardized beta values for regressions. We
generated Cohen's d maps from FDR-corrected ¢ scores to show
the unbiased magnitude of the effects. All statistical analyses
were conducted using methods robust to unequal group sizes.

2.4 | Regularized Canonical Correlation Analysis
(rCCA)

Canonical correlation analysis (CCA) is a multivariate tech-
nique for identifying linear relationships between two sets of
variables. To mitigate instability of weight estimates and in-
flated out-of-sample correlations that can arise with low sample-
to-feature ratios (Helmer et al. 2024), we employed regularized
CCA (rCCA). rCCA imposes an L2 penalty (1) on the canoni-
cal vectors and shrinks the within-set covariance estimates,
thereby reducing variance relative to the unregularized solution
(Vinod 1976; Leurgans et al. 1993). We used rCCA to identify
latent generalizable brain-behavior linked dimensions explain-
ing individual differences in three ASD-related domains: social,
cognitive, and sensory processing behaviors (Figure 1C). We
performed three L2-regularized CCA using the rCCA function
in R mixOmics package (Rohart et al. 2017), separately for the
three abovementioned clinical domains.
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FIGURE2 | (A)Power spectral representation of EEG data for ASD (red) and TD (blue) young children. (B) Frequency-based analysis: Individual
values of the power spectral density for ASD and TD young children at five frequency bands: [delta (0.5-4 Hz); theta (4-8 Hz); alpha (8-13 Hz); beta
(13-30Hz); gamma (30-45Hz)]. In all boxplots, the thick horizontal line shows the median, and the bottom and top of the box show the 25th (quar-
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tile range). Points not reached by the whiskers are outliers. Significant post hoc group comparisons are represented by solid lines above. *p <0.01,

Bonferroni-corrected.

We implemented a robust selection of clinically meaningful FC
features and define a low-dimensional representation to avoid
potential overfitting and handle multicollinearity in the input
variable sets, as detailed in Supporting Information. To de-
termine the cortical networks that are highly contributing to
the identified FC canonical dimensions, the ranked FC load-
ings were parcellated and assigned to one of the eight well-
established large-scale cortical within- and between-network
communities (Figure S1; Table S1) (Mohr et al. 2016): visual
network (VIS), auditory network (AUD), sensorimotor net-
work (SMN), fronto-parietal network (FPN), salience network
(SAN), dorsal attentional network (DAN), default mode network
(DMN) and other networks (OTHER). FC loadings assigned to
each network community were summed as measures of network
strength (Pan et al. 2023, 2024), establishing the final number of
FC features incorporated to the rCCA in (8 x 8/2=32). We gen-
erated two canonical variate pairs (FC and behavior scores) with
values for all participants and a canonical correlation for each
variate pair. To illustrate the features that contribute to each
canonical dimension, we computed regression coefficients (i.e.,
canonical loadings) between each canonical dimension and its
original variables (Drysdale et al. 2017).

3 | Results
3.1 | Demographics and Clinical Characteristics

Demographics and clinical scores are presented in Table 1. Age
was not significantly different between TD and ASD children
(p=0.35), but we observed a higher prevalence of males in the
ASD group (x*=8.1, p=0.005). ASD children had a significantly
lower global cognitive functioning compared to TDs, with an
average of 33 points lower VIQ (p=6.3e—10) and a 24-point

lower NVIQ (p=8.3e—9). ASD children scored higher in both
the SRS-2 (p=1.02e—17) and the SPM total score (p=1.26e-9).
SRS-2 and SPM subscales scores are detailed in Table S2.

3.2 | Frequency-Based Analysis

To validate the consistency of our EEG data spectral power, we
analyzed the overall changes in the relative spectral power of
ASD and TD children over all brain regions (Figure 2A). We
confirmed that the peak power fell within the alpha band for
both groups, as expected in task-free EEG recordings (Grandy
et al. 2013). Higher relative power seems to characterize the neu-
ral oscillatory activity of ASD children at lower frequency bands.
Figure 2B summarizes the frequency-based analysis, showing
an increase in the power spectral density of ASD children in the
delta and alpha frequency bands, although only the differences
in the alpha band survived correction for multiple comparisons
(p=1.5e-12, Bonferroni corrected). We found no significant
differences in theta, beta, or gamma frequency bands. The re-
sults presented in the following sections are then circumscribed
to the alpha band (8-13 Hz).

3.3 | Mapping of Cortical Topological Differences
3.3.1 | Node-Wise

Differences in node-wise network metrics between ASD and TD
children are displayed in Figure 3, after controlling for age, sex,
and FSIQ. The results highlight higher CC in the network nodes
corresponding to frontal areas—the right lateral and superior orbi-
tofrontal cortex (d=—0.34, p=0.03)—as well as the left lateral oc-
cipital cortex (d=-0.52, p=1e—3) of ASD children. These results
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present a distinct symmetry between the two hemispheres. We
also found that ASD children exhibited higher CC in the precu-
neus, a part of the superior parietal lobule, of the right hemisphere
(d=-0.25,p=0.03), but this result lost statistical significance when
FSIQ was added as a covariate. Similarly, we found the largest dif-
ferences in LE also in the left lateral occipital region (d=-0.52,
p=1.2e-3). Lastly, we found significantly higher BC in both the
right inferior parietal and the rostral part of the inferior frontal
gyrus of ASD children (d=-0.27, p=0.01). Thus, network nodes
with significantly different BC do not seem to be symmetrically
distributed across the hemispheres, but involve predominantly the
right one. Smaller trends in the left parsopercularis and superior
temporal gyrus did not persist after FDR-correction (Table 2).

3.3.2 | Edge-Wise

The results of the edge-wise analysis after adjustment for age,
sex, and FSIQ are summarized in Figure 4. The network re-
configuration in the alpha band that emerged when comparing
ASD and TD children revealed a single connected subnetwork
of significantly hyperconnected functional connections in
ASD children, comprising 12 nodes and 11 edges (p <0.05 after
correction for multiple comparisons). The implicated regions
spanned frontal, temporal, parietal, and occipital cortices, with
a predominantly left-lateralized distribution. The resulting sub-
network was anchored by several hub-like nodes with multi-
ple connections, most notably the left parahippocampal gyrus,

Clustering coefficient (CC)

DD 4B

Local efficiency (LE)

TD>ASD

068

. . ‘ ‘ o
0.68

TD<ASD

Betweenness centrality (BC)

FIGURE 3

Node-wise analysis. Cortical mapping of local network overconnectivity in young children with ASD. Cohen's d maps from FDR-

corrected ¢ scores in clustering coefficient (upper), local efficiency (middle), and betweenness centrality (lower) are displayed. Color bars represent

Cohen's d. L, left; R, right.

TABLE 2 | Node-wise results: List of cortical regions with significantly different network metrics between TD and ASD children expressed as

mean (SD) adjusted for age, sex and FSIQ.

TD ASD Cohen D P
ccC R lateral orbitofrontal 0.62 (0.03) 0.66 (0.06) -0.51 0.02
R superior frontal 0.63 (0.03) 0.66 (0.07) —0.47 0.04
L lateral occipital 0.59 (0.04) 0.64 (0.06) —0.52 0.01
LE R rostral middlefrontal 0.63 (0.03) 0.67 (0.06) —0.46 0.02
R entorhinal 0.59 (0.03) 0.63 (0.07) —0.52 0.01
L superior temporal 0.63 (0.04) 0.66 (0.06) -0.43 0.04
L lateral occipital 0.61 (0.03) 0.64 (0.07) -0.36 0.04
BC R inferior parietal 0.0064 (0.01) 0.0098 (0.01) -0.27 0.01
R cuneus 0.004 (0.01) 0.0066 (0.01) -0.22 0.03
R pars orbitalis 0.003 (0.01) 0.0018 (0.02) -0.28 0.03
L superior temporal 0.009 (0.01) 0.0071 (0.02) -0.22 0.03
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Lateral orbitofrontal R
Transverse temporal L
Precuneus L
Parahippocampal L
Rostral middle frontal R
Supramarginal L
Lateral occipital L
Fusiform L

Inferior temporal L
Media lorbitofrontal R
Parstriangularis L

Precuneus R

0

1 2

FIGURE 4 | Edge-wise analysis. Graphical representation (upper)of the resulting network showing the 30 FDR-corrected edges with higher FC

in young children with ASD. Each cortical region (node) is represented as a sphere plotted according to the stereotactic coordinates of its centroid,

and each suprathreshold edge represents the connections between the regions as a solid line. The size of the node is proportional to its degree, that

is, the number of connections in which it takes part. In the lower panel, representation of the degree for each brain region identified in the resulting

network. p-values were corrected by permutation test using NBS (p <0.05). L, left; R, right.

left precuneus, and left transverse temporal gyrus. The right
lateral orbitofrontal cortex also emerged as a prominent node,
presenting connections across the hemispheres, as well as intra-
hemispheric connections on the right anterior and left poste-
rior sides. To better characterize the mapping of the edges, we
calculate the degree for each of the 12 brain regions within the
resulting network, which represents the number of connections
(edges) associated with each specific node. We confirmed that
the abovementioned regions have the highest connection den-
sity (degree=2) in the resulting subnetwork with significantly
increased FC in ASD children.

3.4 | Group Differences and Developmental
Trajectories of Global Network Metrics

Global estimates and developmental trajectories of the ana-
lyzed network metrics are presented in Figure 5. The group
comparison showed that SWP was comparable between ASD
and TD children (t(103):0.25, p=0.8, Figure 5A). We computed
the EWCI using the resulting network from the edge-wise

analysis consisting of 11 edges and 12 brain regions. EWCI
was significantly higher in ASD compared to TD children,
even after controlling for FSIQ differences (t(103):2.3, p=0.02,
Figure 5B). Lastly, GE presented a trend to be higher in ASD
children (t(m) =2.17, p=0.033), but did not survive FDR correc-
tion (Figure 5C). The effects remained unchanged when outli-
ers (> 2.5 SD) were excluded. The analysis of the developmental
trajectory of these network metrics revealed that the increased
EWCI was steadily constant and already present at an early age.
We also observed that SWP did not significantly change with
age in TD children, but pointed to an increase in SWP at older
ages. Finally, GE showed no change over time in both ASD and
TD groups.

3.5 | Linked Brain-Behavior Dimensions

We conducted three rCCA as a data-driven approach to unfold
linked dimensions between brain FC and social, cognitive and
sensory processing features, respectively, in both ASD and TD
children. Following the grid search of optimized regularization
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FIGURES5 | Global network topology. For each metric (A, small-world propensity; B, EWCI; C, global efficiency) the left panel shows group com-
parison of individual values between ASD and TD young children, whereas the right panel displays age-related changes in global network topology
for both groups. EWCI was computed from the resulting network of the edge-wise analysis. Linear and quadratic (2nd order) regressions of age were
modeled for each global network metric. In all boxplots, the thick horizontal line shows the median, and the bottom and top of the box show the 25th
(quartile 1 [Q1]) and the 75th (quartile 3 [Q3]) percentile, respectively. The upper whisker ends at highest observed data value within the span from
Q3 to Q3+ 1.5 times the interquartile range (Q3-Q1), and lower whisker ends at lowest observed data value within the span for Q1 to Q1—(1.5 * inter-

quartile range). Points not reached by the whiskers are outliers. **p <0.01, FDR-corrected.

parameters of rCCA (Figure S2), we selected for further anal-
ysis the canonical pairs based on the accumulated covariance
explained. For the FC-cognition rCCA, the most significant ca-
nonical variate pairs (r*=0.44, py,, =4.5¢—6) explained 67%
of variance of the cognitive features, and 17% of variance of FC
features, respectively (Figure 6A). We observed that children
with higher cognitive performance—specially based on non-
verbal skills—exhibited weaker expression of the FC pattern,
mainly loaded by DAN-SMN (network strength =0.76) and
DAN-VIS (network strength=0.73) between-network pairs.
The FC-sensory rCCA revealed a canonical pair (r?=0.63,
Prpg = 3-4e—12) explaining 62.8% of sensory processing vari-
ance, as well as 11.3% of FC variance (Figure 6B). Auditory,
tactile and proprioception were the most contributing mo-
dalities to the sensory canonical variate. This dimension was
mainly correlated with higher FC in ASD children between
DAN-SMN networks (network strength =1.58). Finally, the
most powerful canonical pair (2 =0.54, p., = 5.8e—9) yielded
by the FC-Social rCCA explained 84.7% and 10.7% of SRS and
FC variance, respectively (Figure 6C). The social canonical
dimension was characterized by high loadings of social moti-
vation and restricted and repetitive behavior subscales. ASD
children exhibited higher values in this social dimension
that were associated with increased FC prominently between
DAN-FPN (network strength =1.24) and DAN-SMN (network
strength =1.17) networks.

4 | Discussion

In the present study, we used source-level reconstruction of
passive non-task-related HD-EEG to characterize functional
network overconnectivity and its association with cognitive,
sensory, and social dimensions in young children with ASD.
Compared to a group of TD children, cortical network metrics
in the alpha band of ASD children revealed local overconnec-
tivity in frontotemporal and lateral occipital regions. A fronto-
temporal cross-hemispheric FC pattern that consistently and
reliably differentiated between ASD and TD children. Finally,
we identified three latent FC-behavior dimensions that capture
individual differences in cognitive, social, and sensory features.
Although each linked brain-behavior dimension described a
distinct FC pattern, overconnectivity between DAN and SMN
networks was a recurrent pattern contributing to explain vari-
ance in ASD-related behavioral dimensions. Taken together,
these findings delineate discrete patterns of cortical functional
overconnectivity that are associated with individual differences
in cognitive, social, and sensory ASD-related manifestations.

Given the acknowledged limitations of univariate methods to
establish generalizable brain-behavior dimensions (Rosenberg

and Finn 2022), data-driven multivariate approaches provide
a reasonable alternative to explore solid relationships between
brain features and behavior (Wang et al. 2021; Buch et al. 2023).
We conducted rCCA to build up maximal correlations between
linear combinations of both behavioral and FC data to better un-
derstand how atypical network overconnectivity underlies indi-
vidual differences in ASD-related phenotypic manifestations.
The cortical network overconnectivity most strongly correlated
to individual variability in the cognitive dimension was between
DAN and SMN networks, as well as between DAN and VIS net-
works. These results are in agreement with previous resting-
state fMRI evidence of a robust association between higher
intelligence scores and lower FC in connections between cortical
areas comprising DMN and DAN, including the visual and so-
matosensory regions (Hearne et al. 2016; Dryburgh et al. 2020).
FC patterns contributing to variance in the dimension based on
social responsiveness involved increased functional interactions
mainly between DAN, FPN, and SMN networks. It is import-
ant to note that similar patterns of FC-behavior relationships
have already been observed in ASD individuals, with higher
SRS scores associated with hyperactivity in several DAN and
FPN regions relevant for socio-emotional processing (Elton
et al. 2016). There is compelling evidence indicative of reduced
segregation of social brain networks in ASD, manifested as an
excessive number of connections with irrelevant regions (Muller
and Fishman 2018). Finally, greater auditory, tactile, and pro-
prioceptive processing difficulties in ASD young children were
associated with higher FC between DAN and SMN networks.
These results are in line with previous work that demonstrates
increased FC of primary sensory networks in ASD individuals
(Cerliani et al. 2015). Other studies have established robust rela-
tionships between sensory and social responsiveness and FC in
salience networks (Green et al. 2016; Minnigulova et al. 2025),
but we could not replicate this result with our sample. Recurrent
overconnectivity between DAN and SMN networks was shared
between all identified brain-behavior dimensions, consistent
with previous work showing hyper-connectivity in both dor-
sal and ventral attentional networks of young ASD children
(Farrant and Uddin 2016).

A prevailing theory of developmental FC changes in ASD posits
that young ASD children exhibit local overconnectivity, in con-
trast to underconnectivity in adults with ASD (Kana et al. 2014;
Keown et al. 2013). Here we expand upon previous findings of
increased FC in ASD early childhood by characterizing higher-
level network properties using tools derived from the physics of
complex networks (Rubinov and Sporns 2010). We report local
network overconnectivity in community organization within
frontotemporal cross-hemispheric networks and in lateral-
occipital regions, in young children with ASD relative to their
TD counterparts. It is hypothesized that FC within frontal lobe
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FIGURE 6 | Linked brain-behavior dimensions to predict individual differences in cognitive (A), social (B), and sensory processing (C) scores

using network connectivity patterns in young ASD and TD children. Left panels are scatterplots depicting linear correlations of FC with behavioral
scores: Cognitive (r>=0.44), social (r?=0.63), and sensory processing (r>=0.54). The middle panel shows the loadings of behavioral and FC features,
separately for each brain and behavior dimension. On the right, Clustered Image Maps representing Pearson correlation coefficients between FC and
behavior datasets. Hierarchical clustering is applied on the FC (rows) and behavior (columns) features simultaneously. Dendrograms are used along
the axes to depict how each row/column clusters based on the hierarchical clustering method.

of ASD individuals is excessive, with disorganized and inade-
quately selective network properties, whereas FC with other
lobes is suboptimal, with reduced responsiveness and deficient
transfer of information (Courchesne and Pierce 2005; Belmonte
et al. 2004). We also observed that frontotemporal networks in
young children with ASD had shorter average path lengths (i.e.,
higher levels of local efficiency). Randomly connected networks
tend to have shorter path lengths (Sporns 2011), suggesting the
possibility that higher efficiency may simply reflect a less or-
ganized or more random distribution of functional edges. This

is consistent with a study finding decreased complexity or in-
creased randomness in resting-state fMRI timeseries of indi-
viduals with ASD (Lai et al. 2010). Our node-wise analysis also
revealed increased regional segregation in the lateraloccipital
and inferior parietal regions. Similar patterns have been ob-
served with other neuroimaging techniques (Nair et al. 2018;
Jao Keehn et al. 2019; Kitzbichler et al. 2015), suggesting region-
specific overconnectivity partially associated with more inte-
grative long-distance FC. Furthermore, local overconnectivity
in occipital and posterior temporal regions of children with ASD
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has been reported (Lanciano et al. 2025), together with under-
connectivity in posterior cingulate and medial prefrontal re-
gions (Maximo et al. 2013).

A key interpretive consideration in case-control studies with
ASD children is the role of cognitive ability, closely intertwined
with the autistic phenotype. IQ differences between groups are
common in developmental autism cohorts and reflect the inher-
ent heterogeneity of the condition. While controlling for IQ is
important to isolate diagnosis-specific effects, it also carries the
risk of removing variance that is intrinsically meaningful to the
autistic phenotype. Our results speak directly to this tension.
When including FSIQ as a covariate, the overall pattern of node-
wise differences remained largely unchanged. A small subset
of regional effects, primarily in posterior regions (e.g., perical-
carine cortex and precuneus), no longer reached significance.
The attenuation of effects in these regions suggests that part
of the variance in posterior connectivity may be shared with
general cognitive functioning or perceptual processing, rather
than genuine core group differences. Global network topology
differences also remained statistically robust after controlling
for FSIQ, suggesting that these macroscale organizational prop-
erties are not secondary to cognitive level differences between
groups. In contrast, the edge-wise subnetwork identified by NBS
was substantially reduced after FSIQ adjustment, indicating that
a portion of the local hyperconnectivity observed at the connec-
tion level is shared with or amplified by cognitive differences.
Taken together, these findings suggest a dissociation between
local, edge-wise connectivity differences that are partially sensi-
tive to IQ, and global network topology alterations that are more
intrinsic to the ASD phenotype. The reduction in subnetwork
extent after covariate adjustment underscores the risk of over-
estimating the specificity of connectivity differences when IQ is
not accounted for.

We found higher relative power in the alpha band in young
children with ASD. At rest, the EEG signal is characterized by
oscillations in the alpha frequency band, which have been asso-
ciated with attention and perceptual processing tasks (Knyazev
et al. 2006). Neural activity in the alpha band is of interest since
it is thought to denote the level of cortical excitability (Sauseng
et al. 2009). The neural oscillatory pattern exhibited by ASD
children in our study seems consistent with previous studies
(Chan and Leung 2006; Ogawa et al. 1982), and has been associ-
ated with cortical deactivation or inactivity (Sauseng et al. 2009;
Rihs et al. 2007). Age-dependent alpha FC patterns have been
observed, demonstrating hyperactivation in the ASD group
for ages below 6-7years old and hypoactivation for older ages
(Kurkin et al. 2023). However, there is also contrasting evidence
suggesting comparable alpha spectral density between children
with ASD and TD children (Coben et al. 2008). The potential
sources of these discrepancies may include differences in the
experimental protocols and methodology. For instance, higher
levels of posterior alpha activity have been observed in ASD
individuals during eyes-open resting-state EEG, seemingly at-
tributable to reduced occipital alpha suppression (Mathewson
et al. 2012).

Classically, FC has usually been computed at the scalp level, not
allowing interpretation of anatomically interacting brain areas
as they are severely corrupted by the volume conduction effects

(Brunner et al. 2016). Here, the EEG source connectivity method
was used to identify functional networks at the cortical level
from HD-EEG recordings (Hassan et al. 2014). As compared
with fMRI studies, a unique advantage of this method is that
networks could be directly identified at the cerebral cortex level
from scalp EEG recordings, which consist of direct measure-
ment of neuronal activity, in contrast with blood-oxygen-level-
dependent (BOLD) signals. This method was first evaluated for
its capacity to reveal relevant networks in a picture naming task
(Hassan et al. 2014), and was then extended to the tracking of
the spatiotemporal dynamics of reconstructed brain networks
(Hassan et al. 2015). HD-EEG offers several practical advantages
as a non-invasive, portable, widely available, and cost-effective
technology with good clinical practicality. Compared with MRI,
EEG may have higher relative tolerance for movement, higher
temporal resolution, and could be operated with a lower level
of expertise at a considerably lower cost (Biasiucci et al. 2019).

Our study has several limitations. First, methodological dif-
ferences related to eye status (open/closed) must be consid-
ered. Local occipital overconnectivity in eyes-open states has
indeed been found in several independent ASD cohorts (Nair
et al. 2018; Washington et al. 2014), and data from participants
with eyes closed was recently shown to heavily impact regional
homogeneity patterns, particularly in the occipital lobe (McAvoy
et al. 2008). In our study, EEG recordings were acquired during
passive viewing of silent videos to ensure compliance in young
children. While this approach is widely used in pediatric neuro-
imaging (Wilkinson et al. 2024), it may introduce variability re-
lated to attention or gaze patterns, particularly in autism. Future
studies combining EEG with eye-tracking will be important to
disentangle intrinsic connectivity from stimulus-driven effects.
Movie stimuli do indeed elicit inter-subject correlations (ISC)—
that is well documented in fMRI and EEG studies (Hasson
et al. 2008). Yet large-scale functional organization measured
during naturalistic viewing overlaps strongly with resting-state
networks, with differences largely reflecting attention/engage-
ment rather than wholesale reconfiguration (Sanchez-Alonso
et al. 2021). Thus, functional connectivity estimated during
movies can still index intrinsic organization relevant to indi-
vidual differences (Wang et al. 2017; Gal et al. 2022). Also, our
study restricts inferences to FC in the alpha band, constraining
generalizability across frequency space. A frequent challenge
when computing FC at the source level is the “spatial leakage”
as the reconstruction of true dipole sources from the scalp sig-
nals will be spread over numerous voxels. Here, the choice of
the inverse solution/connectivity combination was supported by
comparative studies using simulated data from a biophysical/
physiological model (Hassan, Merlet, et al. 2017), and real data
recorded during a cognitive task (Hassan et al. 2014). Also, an
attrition rate of approximately 25% in our EEG dataset for the
ASD children represents a non-trivial limitation. However, it
must be emphasized that working with young autistic children
is inherently challenging when maintaining attention, tolerat-
ing EEG caps, and minimizing motion artifacts. Such dropout
rate is therefore not unexpected and is consistent with rates
pre-identified and reported in prior studies (Webb et al. 2019).
Importantly, effect sizes observed at the group level were gener-
ally small to moderate, consistent with the heterogeneity of au-
tism. The present study was not designed to achieve diagnostic
classification, but rather to identify dimensional relationships
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between brain connectivity and behavioral domains. Future
work may explore whether multivariate approaches can improve
individual-level prediction. Finally, the sample size of our ASD
group is relatively limited and we did not replicate our findings
in an independent dataset. Further growth of public datasets in
this particular age range has been challenging, but recent efforts
will surely provide opportunity for cross-validation and stronger
statistical power.

5 | Conclusion

In summary, here we used an innovative HD-EEG source recon-
struction model to show that cortical network metrics in young
children with ASD are characterized by specific overconnectivity-
guided dimensions contributing to distinctive ASD-related be-
havioral features. Collectively, the stratification of well-defined
neural signatures that give rise to the clinical heterogeneity of
ASD has the potential to provide more accurate prognosis and
help to select the optimal strategy for therapeutic intervention.

Acknowledgments

The recruitment of participants for this research project was based on
a solid synergy between the clinical and the research unit of our ASD
center. We are particularly thankful to our clinical team for this close
collaboration, which enables the identification of potential candidates
and facilitates the recruitment and enrolment process. We also thank
Laura Mendes and Katherina Gschwend for their help in the phenotypic
assessment, as well as Romane Garcia for her expertise as a peer sup-
porter concerned about ASD. We are deeply thankful to all children,
their families, and caregivers that are part of the STSA cohort for their
participation in the study. We appreciate access to imaging data from
the NIH Pediatric MRI database. This work was also possible thanks
to the support of F. Hoffmann-La Roche. Open access publishing facil-
itated by Universite de Lausanne, as part of the Wiley - Universite de
Lausanne agreement via the Consortium Of Swiss Academic Libraries.

Funding
This project was funded by the F. Hoffmann-La Roche.

Conflicts of Interest

M.H. is a full-time employee in MINDIG company. The remaining au-
thors declares no conflicts of interest.

Data Availability Statement

Consents obtained from our participants prevent sharing individual data
without a data use agreement in place. Please contact the corresponding
author with data requests. The code used for the EEG processing and
analyses is publicly available at https://github.com/stsa-research.

References

Ahmadi, M., K. Kazemi, K. Kuc, A. Cybulska-Klosowicz, M. S.
Helfroush, and A. Aarabi. 2021. “Disrupted Functional Rich-Club
Organization of the Brain Networks in Children With Attention-Deficit/
Hyperactivity Disorder, a Resting-State EEG Study.” Brain Sciences 11:
938. https://doi.org/10.3390/brainscil1070938.

American Psychiatric Association. 2022. Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition, Text Revision (DSM-5-TR).
American Psychiatric Association [APA].

Belmonte, M. K., G. Allen, A. Beckel-Mitchener, L. M. Boulanger, R. A.
Carper, and S. J. Webb. 2004. “Autism and Abnormal Development of
Brain Connectivity.” Journal of Neuroscience 24: 9228-9231. https://doi.
0rg/10.1523/INEUROSCI.3340-04.2004.

Biasiucci, A., B. Franceschiello, and M. M. Murray. 2019.
“Electroencephalography.” Current Biology 29: R80-R85.

Boccaletti, S., V. Latora, Y. Moreno, M. Chavez, and D.-U. Hwang. 2006.
“Complex Networks: Structure and Dynamics.” Physics Reports 424:
175-308.

Brunner, C., M. Billinger, M. Seeber, T. R. Mullen, and S. Makeig. 2016.
“Volume Conduction Influences Scalp-Based Connectivity Estimates.”
Frontiers in Computational Neuroscience 10: 121. https://doi.org/10.
3389/fncom.2016.00121.

Buch, A. M., P. E. Vértes, J. Seidlitz, S. H. Kim, L. Grosenick, and
C. Liston. 2023. “Molecular and Network-Level Mechanisms
Explaining Individual Differences in Autism Spectrum Disorder.”
Nature Neuroscience 26: 650-663. https://doi.org/10.1038/s41593-
023-01259-x.

Cerliani, L., M. Mennes, R. M. Thomas, A. di Martino, M. Thioux,
and C. Keysers. 2015. “Increased Functional Connectivity Between
Subcortical and Cortical Resting-State Networks in Autism Spectrum
Disorder.” JAMA Psychiatry 72: 767-777. https://doi.org/10.1001/jamap
sychiatry.2015.0101.

Chan, A. S., and W. W. Leung. 2006. “Differentiating Autistic Children
With Quantitative Encephalography: A 3-Month Longitudinal Study.”
Journal of Child Neurology 21: 392-399.

Coben, R., A. R. Clarke, W. Hudspeth, and R.J. Barry. 2008. “EEG Power
and Coherence in Autistic Spectrum Disorder.” Clinical Neurophysiology
119: 1002-1009. https://doi.org/10.1016/j.clinph.2008.01.013.

Coburn, K. L., M. R. Kurtz, D. Rivera, and R. K. Kana. 2022.
“Behavioral and Neurobiological Evidence for the Effects of Reading
Interventions on Autistic Children: A Systematic Review.” Neuroscience
and Biobehavioral Reviews 139: 104748. https://doi.org/10.1016/j.neubi
orev.2022.104748.

Cohen, J. R., and M. D'Esposito. 2016. “The Segregation and Integration
of Distinct Brain Networks and Their Relationship to Cognition.”
Journal of Neuroscience 36: 12083-12094. https://doi.org/10.1523/
JNEUROSCI.2965-15.2016.

Constantino, J. N., and C. P. Gruber. 2012. Social Responsiveness Scale:
SRS-2. Western Psychological Services.

Conti, M., A. Guerra, M. Pierantozzi, et al. 2023. “Band-Specific Altered
Cortical Connectivity in Early Parkinson's Disease and Its Clinical
Correlates.” Movement Disorders 38: 2197-2208. https://doi.org/10.
1002/mds.29615.

Courchesne, E., and K. Pierce. 2005. “Why the Frontal Cortex in Autism
Might Be Talking Only to Itself: Local Over-Connectivity but Long-
Distance Disconnection.” Current Opinion in Neurobiology 15: 225-230.
https://doi.org/10.1016/j.conb.2005.03.001.

Courchesne, E., K. Pierce, C. M. Schumann, et al. 2007. “Mapping Early
Brain Development in Autism.” Neuron 56: 399-413. https://doi.org/10.
1016/j.neuron.2007.10.016.

de Pasquale, F., S. Della Penna, O. Sporns, G. L. Romani, and M.
Corbetta. 2016. “A Dynamic Core Network and Global Efficiency in the
Resting Human Brain.” Cerebral Cortex 26: 4015-4033. https://doi.org/
10.1093/cercor/bhv185.

Dede, A. J. O., W. Xiao, N. Vaci, M. X. Cohen, and E. Milne. 2025.
“Exploring EEG Resting State Differences in Autism: Sparse Findings
From a Large Cohort.” Molecular Autism 16: 13. https://doi.org/10.1186/
$13229-025-00647-3.

Dryburgh, E., S. McKenna, and I. Rekik. 2020. “Predicting Full-Scale
and Verbal Intelligence Scores From Functional Connectomic Data

Autism Research, 2026

13 of 16

95UD1 7 SUOWIWOD BAIE81D) 3qedi[dde 8y Aq peusenob ale sejoie YO 8sn Jo sejnl 10} AfiqiauluQ 8|1/ UO (SUOTIPUOI-pUe-SWLB)W00" A3 | 1M Aleig 1jeul|uoy/:sdiy) suonipuoD pue swis | au 88 *[9202/60/y2] uo Akeigi]auliuo Ajim ‘Bu-Hy A STE0Z INe/z00T OT/I0p/wiod Ao im Akelqipul|uo//sdny woiy pepeojumod ‘6 ‘9202 ‘908E6E6T


https://github.com/stsa-research
https://doi.org/10.3390/brainsci11070938
https://doi.org/10.1523/JNEUROSCI.3340-04.2004
https://doi.org/10.1523/JNEUROSCI.3340-04.2004
https://doi.org/10.3389/fncom.2016.00121
https://doi.org/10.3389/fncom.2016.00121
https://doi.org/10.1038/s41593-023-01259-x
https://doi.org/10.1038/s41593-023-01259-x
https://doi.org/10.1001/jamapsychiatry.2015.0101
https://doi.org/10.1001/jamapsychiatry.2015.0101
https://doi.org/10.1016/j.clinph.2008.01.013
https://doi.org/10.1016/j.neubiorev.2022.104748
https://doi.org/10.1016/j.neubiorev.2022.104748
https://doi.org/10.1523/JNEUROSCI.2965-15.2016
https://doi.org/10.1523/JNEUROSCI.2965-15.2016
https://doi.org/10.1002/mds.29615
https://doi.org/10.1002/mds.29615
https://doi.org/10.1016/j.conb.2005.03.001
https://doi.org/10.1016/j.neuron.2007.10.016
https://doi.org/10.1016/j.neuron.2007.10.016
https://doi.org/10.1093/cercor/bhv185
https://doi.org/10.1093/cercor/bhv185
https://doi.org/10.1186/s13229-025-00647-3
https://doi.org/10.1186/s13229-025-00647-3

in Individuals With Autism Spectrum Disorder.” Brain Imaging and
Behavior 14: 1769-1778. https://doi.org/10.1007/s11682-019-00111-w.

Drysdale, A. T., L. Grosenick, J. Downar, et al. 2017. “Resting-State
Connectivity Biomarkers Define Neurophysiological Subtypes of
Depression.” Nature Medicine 23: 28-38. https://doi.org/10.1038/nm.4246.

Elton, A., A. Di Martino, H. C. Hazlett, and W. Gao. 2016. “Neural
Connectivity Evidence for a Categorical-Dimensional Hybrid Model of
Autism Spectrum Disorder.” Biological Psychiatry 80: 120-128. https://
doi.org/10.1016/j.biopsych.2015.10.020.

Farrant, K., and L. Q. Uddin. 2016. “Atypical Developmental of Dorsal
and Ventral Attention Networks in Autism.” Developmental Science 19:
550-563. https://doi.org/10.1111/desc.12359.

Fornito, A., A. Zalesky, and M. Breakspear. 2015. “The Connectomics
of Brain Disorders.” Nature Reviews. Neuroscience 16: 159-172. https://
doi.org/10.1038/nrn3901.

Gal, S., Y. Coldham, N. Tik, M. Bernstein-Eliav, and I. Tavor. 2022.
“Act Natural: Functional Connectivity From Naturalistic Stimuli fMRI
Outperforms Resting-State in Predicting Brain Activity.” NeuroImage
258:119359. https://doi.org/10.1016/j.neuroimage.2022.119359.

Geng, X., X. Fan, Y. Zhong, et al. 2023. “Abnormalities of EEG
Functional Connectivity and Effective Connectivity in Children With
Autism Spectrum Disorder.” Brain Sciences 13: 130. https://doi.org/10.
3390/brainscil3010130.

Grandy, T. H., M. Werkle-Bergner, C. Chicherio, F. Schmiedek, M.
Lovdén, and U. Lindenberger. 2013. “Peak Individual Alpha Frequency
Qualifies as a Stable Neurophysiological Trait Marker in Healthy
Younger and Older Adults.” Psychophysiology 50: 570-582. https://doi.
0rg/10.1111/psyp.12043.

Green, S. A., L. Hernandez, S. Y. Bookheimer, and M. Dapretto. 2016.
“Salience Network Connectivity in Autism Is Related to Brain and
Behavioral Markers of Sensory Overresponsivity.” Journal of the
American Academy of Child and Adolescent Psychiatry 55: 618—626.
e611. https://doi.org/10.1016/j.jaac.2016.04.013.

Harikumar, A., D. W. Evans, C. C. Dougherty, K. L. H. Carpenter,
and A. M. Michael. 2021. “A Review of the Default Mode Network
in Autism Spectrum Disorders and Attention Deficit Hyperactivity
Disorder.” Brain Connectivity 11: 253-263. https://doi.org/10.1089/
brain.2020.0865.

Hassan, M., L. Chaton, P. Benquet, et al. 2017. “Functional Connectivity
Disruptions Correlate With Cognitive Phenotypes in Parkinson's
Disease.” Neuroimage Clinical 14: 591-601. https://doi.org/10.1016/j.
nicl.2017.03.002.

Hassan, M., O. Dufor, I. Merlet, C. Berrou, and F. Wendling. 2014. “EEG
Source Connectivity Analysis: From Dense Array Recordings to Brain
Networks.” PLoS One 9: €105041. https://doi.org/10.1371/journal.pone.
0105041.

Hassan, M., I. Merlet, A. Mheich, et al. 2017. “Identification of Interictal
Epileptic Networks From Dense-EEG.” Brain Topography 30: 60-76.
https://doi.org/10.1007/s10548-016-0517-z.

Hassan, M., M. Shamas, M. Khalil, W. El Falou, and F. Wendling. 2015.
“EEGNET: An Open Source Tool for Analyzing and Visualizing M/
EEG Connectome.” PLoS One 10: e0138297. https://doi.org/10.1371/
journal.pone.0138297.

Hasson, U., O. Furman, D. Clark, Y. Dudai, and L. Davachi. 2008.
“Enhanced Intersubject Correlations During Movie Viewing Correlate
With Successful Episodic Encoding.” Neuron 57: 452-462.

Hearne, L. J., J. B. Mattingley, and L. Cocchi. 2016. “Functional Brain
Networks Related to Individual Differences in Human Intelligence at
Rest.” Scientific Reports 6: 32328. https://doi.org/10.1038/srep32328.

Helmer, M., S. Warrington, A. R. Mohammadi-Nejad, et al. 2024.
“On the Stability of Canonical Correlation Analysis and Partial
Least Squares With Application to Brain-Behavior Associations.”

Communications Biology 7: 217. https://doi.org/10.1038/s42003-024-
05869-4.

Holiga, S., J. F. Hipp, C. H. Chatham, et al. 2019. “Patients With Autism
Spectrum Disorders Display Reproducible Functional Connectivity
Alterations.” Science Translational Medicine 11, no. 481: 1-12. https://
doi.org/10.1126/scitranslmed.aat9223.

Hornung, T., W. H. Chan, R. A. Muller, J. Townsend, and B. Keehn.
2019. “Dopaminergic Hypo-Activity and Reduced Theta-Band Power in
Autism Spectrum Disorder: A Resting-State EEG Study.” International
Journal of Psychophysiology 146: 101-106. https://doi.org/10.1016/].ijpsy
cho.2019.08.012.

Jao Keehn, R. J., S. Nair, E. B. Pueschel, A. C. Linke, I. Fishman, and
R. A. Miiller. 2019. “Atypical Local and Distal Patterns of Occipito-
Frontal Functional Connectivity Are Related to Symptom Severity
in Autism.” Cerebral Cortex 29: 3319-3330. https://doi.org/10.1093/
cercor/bhy201.

Kabbara, A., W. El Falou, M. Khalil, F. Wendling, and M. Hassan. 2017.
“The Dynamic Functional Core Network of the Human Brain at Rest.”
Scientific Reports 7: 2936. https://doi.org/10.1038/s41598-017-03420-6.

Kana, R. K., L. Q. Uddin, T. Kenet, D. Chugani, and R. A. Muller. 2014.
“Brain Connectivity in Autism.” Frontiers in Human Neuroscience 8:
349. https://doi.org/10.3389/fnhum.2014.00349.

Keehn, B., M. Westerfield, R. A. Muller, and J. Townsend. 2017. “Autism,
Attention, and Alpha Oscillations: An Electrophysiological Study of
Attentional Capture.” Biological Psychiatry: Cognitive Neuroscience and
Neuroimaging 2: 528-536. https://doi.org/10.1016/j.bpsc.2017.06.006.

Keown, C. L., M. C. Datko, C. P. Chen, J. O. Maximo, A. Jahedi, and R.
A. Miiller. 2017. “Network Organization Is Globally Atypical in Autism:
A Graph Theory Study of Intrinsic Functional Connectivity.” Biological
Psychiatry: Cognitive Neuroscience and Neuroimaging 2: 66-75. https://
doi.org/10.1016/j.bpsc.2016.07.008.

Keown, C. L., P. Shih, A. Nair, N. Peterson, M. E. Mulvey, and R. A.
Miiller. 2013. “Local Functional Overconnectivity in Posterior Brain
Regions Is Associated With Symptom Severity in Autism Spectrum
Disorders.” Cell Reports 5: 567-572. https://doi.org/10.1016/j.celrep.
2013.10.003.

Kitzbichler, M. G., S. Khan, S. Ganesan, et al. 2015. “Altered
Development and Multifaceted Band-Specific Abnormalities of Resting
State Networks in Autism.” Biological Psychiatry 77: 794-804. https://
doi.org/10.1016/j.biopsych.2014.05.012.

Knyazev, G. G., A. N. Savostyanov, and E. A. Levin. 2006. “Alpha
Synchronization and Anxiety: Implications for Inhibition vs. Alertness
Hypotheses.” International Journal of Psychophysiology 59: 151-158.
https://doi.org/10.1016/j.ijpsycho.2005.03.025.

Kurkin, S., N. Smirnov, E. Pitsik, et al. 2023. “Features of the Resting-
State Functional Brain Network of Children With Autism Spectrum
Disorder: EEG Source-Level Analysis.” European Physical Journal
Special Topics 232: 683-693.

Lachaux, J. P., E. Rodriguez, J. Martinerie, and F. J. Varela. 1999.
“Measuring Phase Synchrony in Brain Signals.” Human Brain Mapping
8: 194-208. https://doi.org/10.1002/(sici)1097-0193(1999)8:4<194::aid-
hbm4>3.0.co;2-c.

Lai, M. C., M. V. Lombardo, B. Chakrabarti, et al. 2010. “A Shift to
Randomness of Brain Oscillations in People With Autism.” Biological
Psychiatry 68:1092-1099. https://doi.org/10.1016/j.biopsych.2010.06.027.

Lanciano, T., G. Petri, T. Gili, and F. Bonchi. 2025. “Contrast Subgraphs
Catch Patterns of Altered Functional Connectivity in Autism Spectrum
Disorder.” Scientific Reports 15: 24265. https://doi.org/10.1038/s41598-
025-04932-2.

Leurgans, S. E., R. A. Moyeed, and B. W. Silverman. 1993. “Canonical
Correlation Analysis When the Data Are Curves.” Journal of the Royal
Statistical Society, Series B: Statistical Methodology 55: 725-740.

14 of 16

Autism Research, 2026

95UD1 7 SUOWIWOD BAIE81D) 3qedi[dde 8y Aq peusenob ale sejoie YO 8sn Jo sejnl 10} AfiqiauluQ 8|1/ UO (SUOTIPUOI-pUe-SWLB)W00" A3 | 1M Aleig 1jeul|uoy/:sdiy) suonipuoD pue swis | au 88 *[9202/60/y2] uo Akeigi]auliuo Ajim ‘Bu-Hy A STE0Z INe/z00T OT/I0p/wiod Ao im Akelqipul|uo//sdny woiy pepeojumod ‘6 ‘9202 ‘908E6E6T


https://doi.org/10.1007/s11682-019-00111-w
https://doi.org/10.1038/nm.4246
https://doi.org/10.1016/j.biopsych.2015.10.020
https://doi.org/10.1016/j.biopsych.2015.10.020
https://doi.org/10.1111/desc.12359
https://doi.org/10.1038/nrn3901
https://doi.org/10.1038/nrn3901
https://doi.org/10.1016/j.neuroimage.2022.119359
https://doi.org/10.3390/brainsci13010130
https://doi.org/10.3390/brainsci13010130
https://doi.org/10.1111/psyp.12043
https://doi.org/10.1111/psyp.12043
https://doi.org/10.1016/j.jaac.2016.04.013
https://doi.org/10.1089/brain.2020.0865
https://doi.org/10.1089/brain.2020.0865
https://doi.org/10.1016/j.nicl.2017.03.002
https://doi.org/10.1016/j.nicl.2017.03.002
https://doi.org/10.1371/journal.pone.0105041
https://doi.org/10.1371/journal.pone.0105041
https://doi.org/10.1007/s10548-016-0517-z
https://doi.org/10.1371/journal.pone.0138297
https://doi.org/10.1371/journal.pone.0138297
https://doi.org/10.1038/srep32328
https://doi.org/10.1038/s42003-024-05869-4
https://doi.org/10.1038/s42003-024-05869-4
https://doi.org/10.1126/scitranslmed.aat9223
https://doi.org/10.1126/scitranslmed.aat9223
https://doi.org/10.1016/j.ijpsycho.2019.08.012
https://doi.org/10.1016/j.ijpsycho.2019.08.012
https://doi.org/10.1093/cercor/bhy201
https://doi.org/10.1093/cercor/bhy201
https://doi.org/10.1038/s41598-017-03420-6
https://doi.org/10.3389/fnhum.2014.00349
https://doi.org/10.1016/j.bpsc.2017.06.006
https://doi.org/10.1016/j.bpsc.2016.07.008
https://doi.org/10.1016/j.bpsc.2016.07.008
https://doi.org/10.1016/j.celrep.2013.10.003
https://doi.org/10.1016/j.celrep.2013.10.003
https://doi.org/10.1016/j.biopsych.2014.05.012
https://doi.org/10.1016/j.biopsych.2014.05.012
https://doi.org/10.1016/j.ijpsycho.2005.03.025
https://doi.org/10.1002/(sici)1097-0193(1999)8:4%3C194::aid-hbm4%3E3.0.co;2-c
https://doi.org/10.1002/(sici)1097-0193(1999)8:4%3C194::aid-hbm4%3E3.0.co;2-c
https://doi.org/10.1016/j.biopsych.2010.06.027
https://doi.org/10.1038/s41598-025-04932-2
https://doi.org/10.1038/s41598-025-04932-2

Lord, C., P. C. DiLavore, and K. Gotham. 2012. CA.

Malaia, E., E. Bates, B. Seitzman, and K. Coppess. 2016. “Altered
Brain Network Dynamics in Youths With Autism Spectrum Disorder.”
Experimental Brain Research 234: 3425-3431. https://doi.org/10.1007/
$00221-016-4737-y.

Mathewson, K. J., M. K. Jetha, I. E. Drmic, S. E. Bryson, J. O. Goldberg,
and L. A. Schmidt. 2012. “Regional EEG Alpha Power, Coherence, and
Behavioral Symptomatology in Autism Spectrum Disorder.” Clinical
Neurophysiology 123: 1798-1809. https://doi.org/10.1016/j.clinph.2012.
02.061.

Maximo, J. O., E. J. Cadena, and R. K. Kana. 2014. “The Implications of
Brain Connectivity in the Neuropsychology of Autism.” Neuropsychology
Review 24:16-31. https://doi.org/10.1007/s11065-014-9250-0.

Maximo, J. O., C. L. Keown, A. Nair, and R. A. Muller. 2013. “Approaches
to Local Connectivity in Autism Using Resting State Functional
Connectivity MRI.” Frontiers in Human Neuroscience 7: 605. https://doi.
org/10.3389/fnhum.2013.00605.

Maxwell, C. R., M. E. Villalobos, R. T. Schultz, B. Herpertz-Dahlmann,
K. Konrad, and G. Kohls. 2015. “Atypical Laterality of Resting Gamma
Oscillations in Autism Spectrum Disorders.” Journal of Autism and
Developmental Disorders 45: 292-297. https://doi.org/10.1007/s1080
3-013-1842-7.

McAvoy, M., L. Larson-Prior, T. S. Nolan, S. N. Vaishnavi, M. E.
Raichle, and G. d'Avossa. 2008. “Resting States Affect Spontaneous
BOLD Oscillations in Sensory and Paralimbic Cortex.” Journal of
Neurophysiology 100: 922-931. https://doi.org/10.1152/jn.90426.2008.

Mheich, A., F. Wendling, and M. Hassan. 2020. “Brain Network
Similarity: Methods and Applications.” Network Neuroscience 4: 507-
527. https://doi.org/10.1162/netn_a_00133.

Michel, C. M., and M. M. Murray. 2012. “Towards the Utilization of
EEG as a Brain Imaging Tool.” NeuroImage 61: 371-385. https://doi.org/
10.1016/j.neuroimage.2011.12.039.

Miller Kuhaneck, H., C. Ecker, L. D. Parham, D. A. Henry, and T. J.
Glennon. 2010. Sensory Processing Measure - Preschool (SPM-P):
Manual. Western Psychological Services.

Minnigulova, A., M. Protopova, O. Dragoy, and V. Arutiunian. 2025.
“Atypical Social Behavior Is Predicted by Overconnectivity Between
Salience and Default Mode Networks in Autism Spectrum Disorder.”
Journal of Autism and Developmental Disorders: 1-9. https://doi.org/10.
1007/s10803-025-06840-w.

Mohr, H., U. Wolfensteller, R. F. Betzel, et al. 2016. “Integration and
Segregation of Large-Scale Brain Networks During Short-Term Task
Automatization.” Nature Communications 7: 13217. https://doi.org/10.
1038/ncomms13217.

Muldoon, S. F., E. W. Bridgeford, and D. S. Bassett. 2016. “Small-World
Propensity and Weighted Brain Networks.” Scientific Reports 6: 22057.
https://doi.org/10.1038/srep22057.

Muller, R. A., and I. Fishman. 2018. “Brain Connectivity and
Neuroimaging of Social Networks in Autism.” Trends in Cognitive
Sciences 22: 1103-1116. https://doi.org/10.1016/j.tics.2018.09.008.

Muller, R. A., P. Shih, B. Keehn, J. R. Deyoe, K. M. Leyden, and D. K.
Shukla. 2011. “Underconnected, but How? A Survey of Functional
Connectivity MRI Studies in Autism Spectrum Disorders.” Cerebral
Cortex 21: 2233-2243. https://doi.org/10.1093/cercor/bhq296.

Nair, S., R. J. Jao Keehn, M. M. Berkebile, J. O. Maximo, N. Witkowska,
and R. A. Miiller. 2018. “Local Resting State Functional Connectivity
in Autism: Site and Cohort Variability and the Effect of Eye Status.”
Brain Imaging and Behavior 12: 168-179. https://doi.org/10.1007/s1168
2-017-9678-y.

Neo, W. S., D. Foti, B. Keehn, and B. Kelleher. 2023. “Resting-State EEG
Power Differences in Autism Spectrum Disorder: A Systematic Review

and Meta-Analysis.” Translational Psychiatry 13: 389. https://doi.org/
10.1038/s41398-023-02681-2.

Nolte, G., O. Bai, L. Wheaton, Z. Mari, S. Vorbach, and M. Hallett.
2004. “Identifying True Brain Interaction From EEG Data Using the
Imaginary Part of Coherency.” Clinical Neurophysiology 115: 2292-
2307. https://doi.org/10.1016/j.clinph.2004.04.029.

Nunez, P. L., R. Srinivasan, A. F. Westdorp, et al. 1997. “EEG
Coherency. I: Statistics, Reference Electrode, Volume Conduction,
Laplacians, Cortical Imaging, and Interpretation at Multiple Scales.”
Electroencephalography and Clinical Neurophysiology 103: 499-515.
https://doi.org/10.1016/s0013-4694(97)00066-7.

Ogawa, T., A. Sugiyama, S. Ishiwa, M. Suzuki, T. Ishihara, and K. Sato.
1982. “Ontogenic Development of EEG-Asymmetry in Early Infantile
Autism.” Brain & Development 4: 439-449. https://doi.org/10.1016/
s0387-7604(82)80071-5.

O’Reilly, C., J. D. Lewis, and M. Elsabbagh. 2017. “Is Functional Brain
Connectivity Atypical in Autism? A Systematic Review of EEG and
MEG Studies.” PLoS One 12: €0175870. https://doi.org/10.1371/journal.
pone.0175870.

Paban, V., J. Modolo, A. Mheich, and M. Hassan. 2019. “Psychological
Resilience Correlates With EEG Source-Space Brain Network
Flexibility.” Network Neuroscience 3: 539-550. https://doi.org/10.1162/
netn_a_00079.

Pan, N., K. Qin, Y. Yu, et al. 2023. “Pre-COVID Brain Functional
Connectome Features Prospectively Predict Emergence of Distress
Symptoms After Onset of the COVID-19 Pandemic.” Psychological
Medicine 53: 5155-5166. https://doi.org/10.1017/S0033291722002173.

Pan, N., S. Wang, H. Lan, et al. 2024. “Multivariate Patterns of Brain
Functional Connectome Associated With COVID-19-Related Negative
Affect Symptoms.” Translational Psychiatry 14: 49. https://doi.org/10.
1038/s41398-024-02741-1.

Parham, L. D., C. Ecker, H. Miller Kuhaneck, D. A. Henry, and T. J.
Glennon. 2007. Sensory Processing Measure (SPM): Manual. Western
Psychological Services.

Pedroni, A., A. Bahreini,and N. Langer. 2019. “Automagic: Standardized
Preprocessing of Big EEG Data.” NeuroImage 200: 460-473. https://doi.
org/10.1016/j.neuroimage.2019.06.046.

Peters, J. M., M. Taquet, C. Vega, et al. 2013. “Brain Functional Networks
in Syndromic and Non-Syndromic Autism: A Graph Theoretical Study
of EEG Connectivity.” BMC Medicine 11: 54. https://doi.org/10.1186/
1741-7015-11-54.

R Core Team. 2013. A Language and Environment for Statistical
Computing.

Rihs, T. A., C. M. Michel, and G. Thut. 2007. “Mechanisms of Selective
Inhibition in Visual Spatial Attention Are Indexed by Alpha-Band
EEG Synchronization.” European Journal of Neuroscience 25: 603-610.
https://doi.org/10.1111/j.1460-9568.2007.05278 ..

Rizkallah, J., P. Benquet, A. Kabbara, O. Dufor, F. Wendling, and M.
Hassan. 2018. “Dynamic Reshaping of Functional Brain Networks
During Visual Object Recognition.” Journal of Neural Engineering 15:
56022. https://doi.org/10.1088/1741-2552/aad7b1.

Rohart, F., B. Gautier, A. Singh, and K. A. Le Cao. 2017. “mixOmics: An
R Package for ‘omics Feature Selection and Multiple Data Integration.”
PLoS Computational Biology 13: e€1005752. https://doi.org/10.1371/
journal.pcbi.1005752.

Rosenberg, M. D., and E. S. Finn. 2022. “How to Establish Robust Brain-
Behavior Relationships Without Thousands of Individuals.” Nature
Neuroscience 25: 835-837. https://doi.org/10.1038/s41593-022-01110-9.

Rubinov, M., and O. Sporns. 2010. “Complex Network Measures of
Brain Connectivity: Uses and Interpretations.” Neurolmage 52: 1059-
1069. https://doi.org/10.1016/j.neuroimage.2009.10.003.

Autism Research, 2026

15of 16

95UD1 7 SUOWIWOD BAIE81D) 3qedi[dde 8y Aq peusenob ale sejoie YO 8sn Jo sejnl 10} AfiqiauluQ 8|1/ UO (SUOTIPUOI-pUe-SWLB)W00" A3 | 1M Aleig 1jeul|uoy/:sdiy) suonipuoD pue swis | au 88 *[9202/60/y2] uo Akeigi]auliuo Ajim ‘Bu-Hy A STE0Z INe/z00T OT/I0p/wiod Ao im Akelqipul|uo//sdny woiy pepeojumod ‘6 ‘9202 ‘908E6E6T


https://doi.org/10.1007/s00221-016-4737-y
https://doi.org/10.1007/s00221-016-4737-y
https://doi.org/10.1016/j.clinph.2012.02.061
https://doi.org/10.1016/j.clinph.2012.02.061
https://doi.org/10.1007/s11065-014-9250-0
https://doi.org/10.3389/fnhum.2013.00605
https://doi.org/10.3389/fnhum.2013.00605
https://doi.org/10.1007/s10803-013-1842-7
https://doi.org/10.1007/s10803-013-1842-7
https://doi.org/10.1152/jn.90426.2008
https://doi.org/10.1162/netn_a_00133
https://doi.org/10.1016/j.neuroimage.2011.12.039
https://doi.org/10.1016/j.neuroimage.2011.12.039
https://doi.org/10.1007/s10803-025-06840-w
https://doi.org/10.1007/s10803-025-06840-w
https://doi.org/10.1038/ncomms13217
https://doi.org/10.1038/ncomms13217
https://doi.org/10.1038/srep22057
https://doi.org/10.1016/j.tics.2018.09.008
https://doi.org/10.1093/cercor/bhq296
https://doi.org/10.1007/s11682-017-9678-y
https://doi.org/10.1007/s11682-017-9678-y
https://doi.org/10.1038/s41398-023-02681-2
https://doi.org/10.1038/s41398-023-02681-2
https://doi.org/10.1016/j.clinph.2004.04.029
https://doi.org/10.1016/s0013-4694(97)00066-7
https://doi.org/10.1016/s0387-7604(82)80071-5
https://doi.org/10.1016/s0387-7604(82)80071-5
https://doi.org/10.1371/journal.pone.0175870
https://doi.org/10.1371/journal.pone.0175870
https://doi.org/10.1162/netn_a_00079
https://doi.org/10.1162/netn_a_00079
https://doi.org/10.1017/S0033291722002173
https://doi.org/10.1038/s41398-024-02741-1
https://doi.org/10.1038/s41398-024-02741-1
https://doi.org/10.1016/j.neuroimage.2019.06.046
https://doi.org/10.1016/j.neuroimage.2019.06.046
https://doi.org/10.1186/1741-7015-11-54
https://doi.org/10.1186/1741-7015-11-54
https://doi.org/10.1111/j.1460-9568.2007.05278.x
https://doi.org/10.1088/1741-2552/aad7b1
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.1038/s41593-022-01110-9
https://doi.org/10.1016/j.neuroimage.2009.10.003

Rudie, J. D., and M. Dapretto. 2013. “Convergent Evidence of Brain
Overconnectivity in Children With Autism?” Cell Reports 5: 565-566.
https://doi.org/10.1016/j.celrep.2013.10.043.

Rutter, M., A. Le Couteur, and C. Lord. 2003. Autism Diagnostic
Interview-Revised. Vol. 29, 30. Western Psychological Services.

Sanchez-Alonso, S., M. D. Rosenberg, and R. N. Aslin. 2021. “Functional
Connectivity Patterns Predict Naturalistic Viewing Versus Rest Across
Development.” Neurolmage 229: 117630. https://doi.org/10.1016/j.neuro
image.2020.117630.

Sauseng, P., W. Klimesch, C. Gerloff, and F. C. Hummel. 2009.
“Spontaneous Locally Restricted EEG Alpha Activity Determines
Cortical Excitability in the Motor Cortex.” Neuropsychologia 47: 284—
288. https://doi.org/10.1016/j.neuropsychologia.2008.07.021.

Sha, Z., D. van Rooij, E. Anagnostou, et al. 2022. “Subtly Altered
Topological Asymmetry of Brain Structural Covariance Networks in
Autism Spectrum Disorder Across 43 Datasets From the ENIGMA
Consortium.” Molecular Psychiatry 27: 2114-2125. https://doi.org/10.
1038/s41380-022-01452-7.

Sporns, O. 2011. “The Non-Random Brain: Efficiency, Economy, and
Complex Dynamics.” Frontiers in Computational Neuroscience 5: 5.
https://doi.org/10.3389/fncom.2011.00005.

Stroganova, T. A., G. Nygren, M. M. Tsetlin, et al. 2007. “Abnormal EEG
Lateralization in Boys With Autism.” Clinical Neurophysiology 118:
1842-1854. https://doi.org/10.1016/j.clinph.2007.05.005.

Tsiaras, V., P. G. Simos, R. Rezaie, et al. 2011. “Extracting Biomarkers of
Autism From MEG Resting-State Functional Connectivity Networks.”
Computers in Biology and Medicine 41: 1166-1177. https://doi.org/10.
1016/j.compbiomed.2011.04.004.

Tucker, D. M. 1993. “Spatial Sampling of Head Electrical Fields:
The Geodesic Sensor Net.” Electroencephalography and Clinical
Neurophysiology 87: 154-163. https://doi.org/10.1016/0013-4694(93)
90121-b.

Uddin, L. Q., K. Supekar, and V. Menon. 2013. “Reconceptualizing
Functional Brain Connectivity in Autism From a Developmental
Perspective.” Frontiers in Human Neuroscience 7: 458. https://doi.org/
10.3389/fnhum.2013.00458.

Vanderwal, T., J. Eilbott, and F. X. Castellanos. 2019. “Movies in
the Magnet: Naturalistic Paradigms in Developmental Functional
Neuroimaging.” Developmental Cognitive Neuroscience 36: 100600.
https://doi.org/10.1016/j.dcn.2018.10.004.

Vinod, H. D. 1976. “Canonical Ridge and Econometrics of Joint
Production.” Journal of Econometrics 4: 147-166.

Wang, J., J. Barstein, L. E. Ethridge, M. W. Mosconi, Y. Takarae, and
J. A. Sweeney. 2013. “Resting State EEG Abnormalities in Autism
Spectrum Disorders.” Journal of Neurodevelopmental Disorders 5: 24.
https://doi.org/10.1186/1866-1955-5-24.

Wang, J., Y. Ren, X. Hu, et al. 2017. “Test-Retest Reliability of Functional
Connectivity Networks During Naturalistic fMRI Paradigms.” Human
Brain Mapping 38: 2226-2241. https://doi.org/10.1002/hbm.23517.

Wang, Y., S. Tang, L. Zhang, et al. 2021. “Data-Driven Clustering
Differentiates Subtypes of Major Depressive Disorder With Distinct
Brain Connectivity and Symptom Features.” British Journal of
Psychiatry 219: 606-613. https://doi.org/10.1192/bjp.2021.103.

Washington, S. D., E. M. Gordon, J. Brar, et al. 2014. “Dysmaturation
of the Default Mode Network in Autism.” Human Brain Mapping 35:
1284-1296. https://doi.org/10.1002/hbm.22252.

Webb, S. J., F. Shic, M. Murias, et al. 2019. “Biomarker Acquisition
and Quality Control for Multi-Site Studies: The Autism Biomarkers
Consortium for Clinical Trials.” Frontiers in Integrative Neuroscience
13: 71. https://doi.org/10.3389/fnint.2019.00071.

Wechsler, D. 2013. WPPSI-IV: Echelle D'intelligence de Wechsler Pour la
Période Préscolaire et Primaire. Pearson.

Wechsler, D. 2014. ECPA. Les Editions du Centre de psychologie
appliquée.

Weng, S.J.,J. L. Wiggins, S. J. Peltier, et al. 2010. “Alterations of Resting
State Functional Connectivity in the Default Network in Adolescents
With Autism Spectrum Disorders.” Brain Research 1313: 202-214.
https://doi.org/10.1016/j.brainres.2009.11.057.

Wilkinson, C.L.,L.D. Yankowitz,J. Y. Chao, et al. 2024. “Developmental
Trajectories of EEG Aperiodic and Periodic Components in Children
2-44 Months of Age.” Nature Communications 15: 5788. https://doi.org/
10.1038/s41467-024-50204-4.

Xia, M., J. Wang, and Y. He. 2013. “BrainNet Viewer: A Network
Visualization Tool for Human Brain Connectomics.” PLoS One 8:
€68910. https://doi.org/10.1371/journal.pone.0068910.

Zalesky, A., A. Fornito, and E. T. Bullmore. 2010. “Network-Based
Statistic: Identifying Differences in Brain Networks.” NeuroImage 53:
1197-1207. https://doi.org/10.1016/j.neuroimage.2010.06.041.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Figure S1: Functional network par-
cellation of the brain. The cortical areas were parcellated with 68 seed
regions, and these seed regions were assigned to 8 macroscale cortical
networks: visual network (VIS), auditory network (AUD), sensorimo-
tor network (SMN), fronto-parietal network (FPN), salience network
(SAN), dorsal attentional network (DAN), default mode network
(DMN), and other networks (OTHER). The corresponding information
of each seed region is shown in Table S1. Figure S2: Heatmaps used to
select regularization parameters for the FC-Global cognition (A), FC-
Social cognition (B) and FC-Sensory processing (C) rCCA. We used the
Cross-Validation Ridge method, where the highest cross-validated score
is desired, in a constrained range between 0.001 and 0.2 (length=10)
to yield the highest canonical correlation of the first variate. Table S1:
Affiliation of the 68 cortical regions —derived from the Desikan-Killiany
atlas—, to the eight large-scale resting-state cortical networks. Table S2:
SRS-2 and SPM subscales T-scores of the study cohort of TD and ASD
children expressed as Mean (SD).
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