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Abstract
Excitation (E)/inhibition (I) imbalance is considered a key mechanism in Autism Spectrum Disorder (ASD). However, 
E/I imbalance can have different etiologies with increased E relative to I (E > I) and increased I relative to E (E < I). Both 
neural profiles can be associated with altered clinical phenotype, suggesting “bell”-shape brain-behavior relationships. We 
derived E/I balance measures from resting-state EEG in a large sex-balanced sample of youths with and without autism 
(N = 310; 164 youths with ASD and 146 typically developing (TD) youths) to address group discriminative power of neural 
markers, their relation to social skills, and the potential to define different neural subtypes within the autistic group. We 
also conducted genome-wide copy number variant (CNV) and gene expression analyses to provide additional insight into 
distinct neural subtypes in autism. A high-density 128-channel electroencephalography (EEG) was used to register neural 
activity of participants, blood samples were collected from the ASD youths to obtain genomic DNA, and rich behavioral 
phenotyping was provided for each participant. The results revealed three subgroups within the autistic cohort with the 
presence of “typical” E/I, E > I, and E < I neural profiles. The two subgroups with E/I imbalance had altered clinical phe-
notypes. In addition, these subgroups had different genetic profiles, showing that genes within identified CNVs had distinct 
expression patterns with the evidence of more prenatal (E < I) vs. postnatal (E > I) gene expression. The study suggests that 
the proposed clustering approach has relevance for the identification of clinically meaningful neural and genetic subtypes 
within a heterogeneous autistic cohort.

Keywords  Autism spectrum disorder · Excitation/inhibition imbalance neural subtypes · Genome-wide CNV analysis · 
Gene expression analysis · Pre- vs postnatal gene expression
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disability (Polyak et al. 2015), attention deficits (Matson et 
al. 2013), atypical response to sensory information (Bhas-
karan et al. 2023) and single-gene mutations (Sztainberg 
and Zoghbi 2016). Recent studies in humans and animals 
combining molecular, genetic, electrophysiological, and 
neuroimaging approaches have proposed that the imbalance 
between neural excitation (E) and inhibition (I) is one of the 
main neurobiological factors contributing to the pathophys-
iology of ASD (Gatto and Broadie 2010; Levin and Nelson 
2015; Rubenstein and Merzenich 2003; Sohal and Ruben-
stein 2019; Yizhar et al. 2011). However, the studies have 

Introduction

Autism Spectrum Disorder (ASD) is a highly heterogeneous 
neurodevelopmental condition that currently affects ~ 1 
out of 31 children (Shaw et al. 2025). The core symptoms 
include difficulties with social interaction/communica-
tion and the presence of stereotyped/repetitive behaviors 
and restricted interests (American Psychiatric Association 
2013). Often, individuals with ASD have co-occurring 
conditions, including language impairments (Arutiunian et 
al. 2024; Kjelgaard and Tager-Flusberg 2001), intellectual 
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shown that, due to the highly heterogeneous nature of the 
ASD population, there can be multiple neural and clinical 
profiles with respect to E/I imbalance (Antoine et al. 2019).

Studies addressing E/I imbalance in ASD have suggested 
that the aberrant interaction between glutamatergic (excit-
atory) and gamma-aminobutyric acidergic (GABAergic; 
inhibitory) neurotransmission at the cellular level causes 
a reduction in signal-to-noise ratio in key neural circuits 
(Sohal and Rubenstein 2019). This, in turn, may result in 
enhanced (as well as reduced) “noise” in the cortex, which 
impacts synaptic plasticity during development and results 
in less effective information processing (Contractor et al. 
2021; Sohal and Rubenstein 2019; Tang et al. 2021). The 
E/I imbalance theory of ASD has also been supported by 
the recent identification of de novo variants in many autism-
related genes involved in excitatory and inhibitory signal-
ing (Gilman et al. 2011; Hollestein et al. 2023). Importantly, 
alterations in E/I balance can be varied, with evidence of 
increased E over I and increased I over E due to the cir-
cuits’ increased excitatory or inhibitory states (Antoine et 
al. 2019; Chao et al. 2010; Delattre et al. 2013; Dickinson 
et al. 2016).

Resting-state and stimulus-induced gamma-band (30–
150  Hz) neural activity in electro-/magnetoencephalog-
raphy (EEG/MEG) is one of the most frequently reported 
non-invasive measures of E/I balance in the cortex (Buzsáki 
and Wang 2012). Cellular studies using optogenetic manip-
ulations have shown that gamma oscillations are generated 
by GABAergic interneurons expressing calcium-binding 
protein parvalbumin (PV+ basket cells), and gamma activ-
ity plays a significant role in a variety of higher-order neuro-
nal regulatory processes (Agetsuma et al. 2018; Bartos et al. 
2007; Cardin et al. 2009; Carlén et al. 2012; Espinoza et al. 
2018; Le Magueresse and Monyer 2013; Sohal et al. 2009). 
A number of findings have suggested that gamma power 
is altered in ASD (Gandal et al. 2010; Rojas and Wilson 
2014), can be associated with the clinical phenotype (Webb 
et al. 2023), and has the potential to distinguish children 
with ASD from neurotypical children in the first year of life 
with high sensitivity and specificity (Gabard-Durnam et al. 
2019).

However, most of the previous studies have addressed 
raw (or absolute) gamma power, which consists of periodic 
(oscillatory) and aperiodic (arrhythmic) components of a 
neural field that are associated with different neurobiologi-
cal mechanisms (Levin et al. 2020). The parameterization 
of spectral power into periodic and aperiodic activity is a 
relatively new methodological approach that can shed light 
on which neural mechanism is altered (Donoghue et al. 
2020; Ostlund et al. 2022; Wilkinson et al. 2024; Wilkin-
son and Nelson 2021). For example, several modeling stud-
ies in animals and neural tissue have demonstrated that the 

aperiodic exponent, rather than the power of gamma itself, 
reflects the E/I balance, and that exponent characteristics 
can indicate whether the neural circuit has increased E or 
increased I (Gao et al. 2017). By parameterizing the neu-
ral spectral power into two components, it is possible not 
only to assess “raw” gamma power as previously reported, 
but also its components, such as the aperiodic exponent 
and aperiodic-adjusted gamma power. This, in turn, allows 
exploration of specific neural mechanisms of ASD related 
to clinical profiles and symptom trajectory with the poten-
tial for subclassification based on neural markers, specificity 
of intervention target, and improving objective markers for 
clinical trials.

The goal of the present study was to investigate EEG-
based E/I balance metrics derived from the parameteriza-
tion algorithm (aperiodic exponent as a main measure of E/I 
balance, aperiodic-adjusted gamma power, and raw gamma 
power) for a large sex-balanced sample of participants with 
and without ASD using resting-state paradigm. First, we 
provided between-group comparisons in raw and parameter-
ized spectral power to assess whether the difference in raw 
power is driven by the oscillatory component (periodic) or 
aperiodic exponent. We also addressed diagnostic discrimi-
native power (ASD vs. typically developing controls, TD) 
of these measures, their sensitivity and specificity, and the 
relation to social functioning (as one of the core diagnostic 
criteria) in the clinical group. Second, we hypothesized dif-
ferent neural profiles in the ASD group with respect to E/I 
imbalance, i.e., more E over I and more I over E in compari-
son to TD youth and a possible “bell”-shape clinical profile, 
such that both increased inhibition and increased excitation 
can be related to lower social skills. To identify different 
neural profiles within the ASD group, we applied a cluster-
based analysis to the ASD group based on the E/I balance 
primary measure and behavioral/clinical social skills. The 
cluster analysis aimed to identify clinically meaningful neu-
ral subtypes within the ASD group to account for the highly 
heterogeneous nature of this neurodevelopmental disorder 
and to explore similarities and differences in clinical profiles 
between subgroups. Finally, we conducted genome-wide 
copy number variant (CNV) and gene expression analyses 
to evaluate whether genetics can provide additional insight 
into potential brain-behavior relationships in ASD and 
explain different neural subtypes within the ASD group.

Methods

Participants

A total of 310 English-speaking youth aged 8 to 17 years with 
valid EEG data were included in the study: 164 youth with 
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ASD (72 female, 92 male) and 146 TD youth (68 female, 
78 male). Exclusion criteria were twin status, presence of 
known chromosomal abnormalities/single-gene conditions 
related to ASD (e.g., Rett syndrome, Fragile X Syndrome), 
co-occurring neurological disorders (e.g., epilepsy), signifi-
cant visual and auditory impairments, or sensory-motor dif-
ficulties that would prevent completion of study procedures.

Data were collected from four sites and participants were 
recruited using flyers and recruitment lists using strategies 
that reflected best practices at each site.

Ethical oversight

The study was approved by the ethical oversight at each site 
as well as a centralized IRB. All procedures performed were 
in accordance with the ethical standards of the 1964 Hel-
sinki declaration and its later amendments or comparable 
ethical standards. Informed consent was obtained from all 
parents of children participating in the study; children pro-
vided written assent.

Clinical and behavioral measures

All youth with ASD had a clinical diagnosis based on the 
DSM-4–TR or DSM-5 (American Psychiatric Associa-
tion 2000, 2013) and met criteria on the Autism Diagno-
sis Observation Schedule – Second Edition (Lord et al. 
2012), Autism Diagnostic Interview – Revised (Rutter et 
al. 2003b), caregiver-reported developmental history, and 
expert clinical judgment. All participants had either ver-
bal or nonverbal IQ ≥ 70 based on the Differential Ability 
Scales – Second Edition (DAS-II) School Aged Cognitive 
Battery (Elliott 2007). TD youth had no first- or second-
degree family members with ASD and no elevation of ASD 
traits according to parent report on the Social Responsive-
ness Scale – Second Edition (SRS-2) (Constantino 2012) 
(T-score < 60) or the Social Communication Questionnaire 
(Rutter et al. 2003a) (raw score < 11). Adaptive skills were 
measured with the Vineland Adaptive Behavior Scales – 
Second Edition (VABS-2) standard scores (SS) in commu-
nication, socialization, and daily living skills domains with 
higher scores reflecting better adaptive skills (Sparrow et 
al. 2005). See Supplementary Table 1 for demographics, 
descriptive statistics, and measures characterization.

Electrophysiological analysis

EEG data acquisition

EEG data were collected with EGI 128-channel Net Amps 
300 system with HydroCel nets (Magstim EGI Inc., Eugene 
OR), using Net Station 4.4.2, 4.5.1, or 4.5.2 with a standard 

Net Station acquisition template. Nets were available with-
out outriders (eye electrodes 125, 126, 127, and 128) for par-
ticipants with facial sensory sensitivities. The participant’s 
behavior was monitored in real time during EEG collection. 
Data were collected at 500 Hz sampling rate, referenced to 
Cz electrode (vertex), and impedances were < 50 kΩ.

Resting-state EEG was acquired via an eyes open (EO) 
condition, and all participants were given the instruction: 
“You are going to watch short movies and then rest your 
eyes”. The recording session consisted of three runs of 
6 × 16-second blocks of videos (dynamic screen saver type 
images that had limited or slow movement). The videos 
were displayed at a height of 7–8.5 cm × 9.4–10.6 cm and 
resulting in a visual angle of 5.5–6.7° to 7.5–8.5°. The vid-
eos were small to reduce eye movements.

EEG data pre-processing

To calculate power spectral density (PSD), we used the 
Batch EEG Automated Processing Platform, BEAPP (Levin 
et al. 2018) in MATLAB 2021a, consisting of: (1) format 
the MFF file for Matlab; (2) band-pass filter 1–100 Hz; (3) 
downsampling from 500  Hz to 250  Hz; (4) implementa-
tion of the Harvard Automated Preprocessing Pipeline for 
EEG (HAPPE) module for artifact detection and rejection 
(Gabard-Durnam et al. 2018), including removal of 60 Hz 
line noise, rejection of bad channels, wavelet enhanced 
thresholding, Independent Component Analysis (ICA) with 
automated component rejection, bad channel interpolation, 
and re-referencing to average; (5) segmentation of the con-
tinuous file into 1 s epochs; (6) rejection of bad segments (± 
40 µV); (7) calculation of the PSD using Hanning window 
on clean segments. A total of 15 electrodes over the frontal 
region were used for the analysis (electrodes # 23, F3-24, 
27, 28, 20, 5, Fz-11, 12, 16, 6, 3, 117, 123, F4-124, 118). 
We used only the frontal region because previous studies 
showed that frontal electrodes better distinguished groups 
(ASD vs. TD) and were related to behavioral/clinical mea-
sures in the ASD group (Gabard-Durnam et al. 2019). PSD 
was calculated for each electrode and averaged within this 
region of interest.

EEG E/I balance metrics calculation

To model the periodic and aperiodic components of PSD 
(Donoghue et al. 2020), we used the specparam toolbox 
(Ostlund et al. 2022) in Python v3.10 with the following 
settings: peak_width_limit = [1.5, 6], n_peaks = 6, peak_
height = 0.10, peak_threshold = 2, and frequency_range = 
[1,55]. For each participant, the model provided two param-
eters (aperiodic offset and aperiodic exponent) to describe 
the aperiodic 1/f signal. To determine an aperiodic-adjusted 
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gamma power, the aperiodic signal from the model was sub-
tracted from the raw power spectrum, resulting in a flattened 
spectrum. For the statistical analysis, raw and aperiodic-
adjusted power was calculated for the gamma frequency 
range (30–55 Hz) with the natural logarithmic transforma-
tion, whereas aperiodic exponent was calculated for the 
whole frequency range (1–55 Hz), see (Ostlund et al. 2022). 
We focused on the low gamma frequency band (30–55 Hz) 
to avoid potential effects of 60 Hz line noise and the notch 
filter.

ASD and TD groups did not differ in the number of arti-
fact-free epochs: ASD, Mepoch= 101.06, range 62–123; TD, 
Mepoch = 101.85, range 78–123, t(303.18) = − 0.47, p = 0.63.

Genetic analysis

Genome-wide genotyping

Blood samples were collected from the ASD participants 
(N = 133) to obtain genomic DNA and were processed by 
the Rutgers University Cell and Data Repository (RUCDR) 
or using standard protocols (Gentra Puregene Blood DNA 
extraction kit; Qiagen). Individuals were genotyped using 
the HumanOmni2.5 M-8 BeadChip microarray (Illumina). 
All DNA samples were hybridized and scanned on the Illu-
mina iScan to minimize batch effects and variation. All 
participants had a genotyping call rate > 95%. Genotyping 
data were analyzed by PLINK v1.07 (Purcell et al. 2007) 
using the forward strand and confirmed the reported sex of 
all participants.

Copy number variant (CNV) detection

CNV detection (duplications and deletions) was performed 
using three algorithms: PennCNV v1.0.4, QuantiSNP v1.1, 
and GNOSIS (Sanders et al. 2011). Analysis and merging of 
CNV predictions used CNVision (Sanders et al. 2011). All 
rare genic CNVs (≥ 50% of CNV at ≤ 1% frequency in the 
Database of Genomic Variants (Sanders et al. 2011); hereaf-
ter, CNVs) predicted by at least PennCNV and QuantiSNP 
and having a CNVision pCNV of ≤ 0.001, that is, those 
considered high-quality predictions (Sanders et al. 2015), 
were obtained for further analysis. Subsequent analyses 
combined duplications and deletions to maximize the num-
ber of CNVs available for examination; separating the two 
types led to low numbers and statistical power. Rare genic 
CNVs were identified in 98 youth with ASD; outliers (based 
on standard quartiles calculation in boxplots, N = 12) were 
excluded from the further statistical analysis.

Gene expression levels

Gene-level human brain gene expression data (Platform 
GPL5175, Affymetrix GeneChip Human Exon 1.0 ST 
Array) generated as part of the BrainSpan project (hbatlas.
org) (Kang et al. 2011) were downloaded from the NCBI 
GEO database (accession number GSE25219) as log2-
transformed signal intensity values. Values ≥ 6 in at least 
one sample in one brain region are considered positive brain 
gene expression (Kang et al. 2011). Affymetrix (“Affyme-
trix. Exon Array Background Correction,” 2005) uses back-
ground probes with matching guanine-cytosine content for 
background correction for all array probes.

Candidate gene lists from CNVs

Gene lists for the ASD subgroups were compiled from 
genes within CNVs identified in our participants. The lists 
were compared to look for overlapping genes, which were 
removed to create unique gene lists for each subgroup. 
We narrowed down our list of genes to those with positive 
expression in the brain.

Gene co-expression matrices

A gene co-expression matrix for each ASD subgroup was 
constructed using the mean expression value for each gene 
in each brain region for each brain sample for time periods 
of interest, i.e., from early development (10 postconcep-
tional weeks, PCW) to 2 years (Kang et al. 2011), and calcu-
lating the Pearson correlation coefficient for each pairwise 
gene combination across all data points. Two genes were 
considered co-expressed if they had an absolute correlation 
coefficient r ≥ 0.7.

Gene co-expression analysis

For the candidate genes from each ASD subgroup, the gene 
co-expression matrices were used to calculate the average 
degree (number of correlated gene-pair connections with an 
absolute correlation coefficient r ≥ 0.7 divided by the num-
ber of genes involved in those connections) as well as the 
mean coefficient value (mean of the correlation coefficients 
r ≥ 0.7). To visualize the gene co-expression network, edges 
were drawn between two genes if their absolute correlation 
coefficient r ≥ 0.7, using the organic layout function in Cyto-
scape (Cline et al. 2007). Positive correlations are shown in 
blue, and negative correlations are shown in red (r ≥ 0.7 in 
blue and r ≤ − 0.7 in red). The greater the magnitude of the 
coefficient, the wider the edges. The size of a node is pro-
portional to the number of edges the node has (see Fig. 3E 
further).
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Permutation testing

To compare the matrices for the different ASD subgroups, 
permutation testing with 10,000 iterations was performed 
by selecting the same number of genes found within the 
group with the original matrix to determine the significance 
of the average degree and mean coefficient value. We then 
compared the selected gene average degree, mean coef-
ficient value, and the combination of both to the random 
selection of the same number of genes. The p-value was cal-
culated by the number of iterations that resulted in a greater 
or equal average degree, mean coefficient value, and com-
bination of both.

Median expression over lifetime

The median expression value for genes found to be cor-
related (r ≥ 0.7 in time periods from 10 PCW to 2 years) 
in the ASD subgroups across all brain samples was deter-
mined and plotted in R (Core Team 2023) using ggplot2 
(Wickham 2016) for each brain region (NCX = neocortex, 
AMY = amygdala, MD = mediodorsal nucleus of the thala-
mus, HIP = hippocampus, STR = striatum, CBC = cerebellar 
cortex) and time period. Local polynomial regression fitting 
was used to smooth the scatter plots.

Statistical analysis

Statistical analysis was performed in R (Core Team 2023). 
All linear models used in the analysis were estimated with 
the lme4 package (Bates et al. 2015), effect sizes were calcu-
lated with the effectsize package (Ben-Shachar et al. 2020), 
and the data were plotted with ggplot2 (Wickham 2016). 
The structure of the models will be specified further in the 
Results section. The figures, representing neural responses, 
were created with python data visualization library matplot-
lib (Hunter, 2007).

We applied the k-means clustering method to identify 
subgroups within the ASD group based on the EEG ape-
riodic exponent and VABS Socialization Standard Score. 
Prior to clustering, both variables were z-score standardized 
to ensure comparable scaling and equal contribution to the 
clustering procedure. The optimal number of clusters was 
evaluated using the elbow method based on the total within-
cluster sum of squares. Visual inspection of the elbow plot 
supported a three-cluster solution. To reduce sensitivity to 
random centroid initialization, the k-means algorithm was 
run with 100 random starting configurations (nstart = 100), 
and the solution with the lowest total within-cluster sum 
of squares was retained. The resulting clusters were sub-
sequently compared with the TD group in all downstream 
analyses. The cluster-based analysis was conducted using 
factoextra package (Kassambara and Mundt 2020). Cluster 
stability was assessed using bootstrap resampling using the 
fpc package in R (Hennig 2026). The three-cluster solution 
was evaluated across 1,000 bootstrap resampling iterations, 
and stability was quantified using the clusterwise Jac-
card similarity coefficient, which measures the agreement 
between the original clustering solution and the correspond-
ing clusters identified in the bootstrap samples.

For the receiver operating characteristic (ROC) curve 
analysis we, used the pROC package (Robin et al. 2011). A 
correction for multiple comparisons (false discovery rate, 
FDR) was applied to each set of the analyses, and p-values 
were corrected with the p.adjust.method in R.

Results

Between-group differences in excitation (E)/
inhibition (I) balance measures

In order to determine whether EEG measures of E/I bal-
ance differentiate the ASD group from the TD controls, a 
set of logistic regression models were fitted (see Table 1, 
Models 1–3). The models predicted groups (ASD vs. TD) 
using EEG metrics (raw gamma power, aperiodic-adjusted 
gamma power, and aperiodic exponent, see Fig. 1A), and 

Table 1  Group discriminations with EEG E/I balance metrics (all 
p-values are FDR-corrected). Significant p-values are highlighted in 
bold
Models/Parameters B coefficient SE z p
Model 1 (ASD vs. TD)
Raw gamma power 1.53 0.69 2.22 0.04
Age –0.00 0.00 –0.64 0.52
Sex 0.18 0.23 0.78 0.52
Model 2 (ASD vs. TD)
Aperiodic-adjusted 
gamma power

2.65 6.00 0.44 0.66

Age –0.00 0.00 –1.47 0.18
Sex 0.15 0.23 0.65 0.52
Model 3 (ASD vs. TD)
Aperiodic exponent –3.30 1.27 –2.59 0.03
Age –0.01 0.00 –2.30 0.07
Sex 0.21 0.23 0.90 0.52
Model 4 (ASD subgroup 1 vs. TD)
Aperiodic exponent –2.96 1.89 –1.57 0.12
Age –0.01 0.00 –2.87 0.01
Sex 0.17 0.34 0.49 0.62
Model 5 (ASD subgroup 2 vs. TD)
Aperiodic exponent 5.34 1.96 2.72 0.009
Age –0.00 0.00 –1.05 0.45
Sex 0.35 0.32 1.08 0.62
Model 6 (ASD subgroup 3 vs. TD)
Aperiodic exponent –15.43 2.82 –5.47 < 0.001
Age –0.00 0.00 –0.71 0.48
Sex 0.25 0.40 0.62 0.62
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accounting for age and sex. The results showed a statistically 
significant difference in raw gamma power with the evi-
dence of higher power in the ASD group, β = 1.53, SE = 0.69, 
z = 2.22, p = 0.04; and in the aperiodic exponent, with lower 
slope values in the ASD group, β = − 3.30, SE = 1.27, z = 
− 2.59, p = 0.03 (Fig. 1B). These between-group differences 

in the EEG metrics suggested increased E over I in the neu-
ral networks in the ASD group.

To reveal the classification power of EEG metrics and 
to calculate their sensitivity and specificity, we applied 
ROC-curve analysis and calculated the area under the 
curves (AUCs) for three classification models. AUC, which 
reflects the percentage of correctly classified youth, for 

Fig. 1  Between-group comparisons (ASD = Autism Spectrum Dis-
order, TD = typically developing) in E/I balance metrics: (A) Raw 
power spectrum, aperiodic and periodic components of the spectrum; 
(B) Boxplots representing between-group differences for raw gamma 
power (left), aperiodic-adjusted gamma power (center), and aperiodic 

exponent (right); (C) Receiver operating characteristics curves for the 
classification models (ASD vs. TD) for raw gamma power (left), aperi-
odic-adjusted gamma power (medium), and aperiodic exponent (right), 
AUC = area under the curve. Significance is labeled with *p < 0.05, 
**p < 0.01, ns = non-significant. All p-values are FDR-corrected
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Model 3 (with aperiodic exponent as the EEG variable) 
had the highest value (Table 2, Models 1–3). However, for 
all three EEG measures, classification accuracy was low 
(Fig. 1C): for Model 3 (aperiodic exponent) AUC-value was 
poor (0.6 ≤ AUC < 0.7), whereas for Models 1 (raw gamma 
power) and 2 (aperiodic-adjusted gamma power) classifica-
tion failed (0.5 ≤ AUC < 0.6), see (Nahm 2022).

To assess whether E/I balance metrics were related to 
social skills of autistic youth, we fitted a linear model with 
the VABS Socialization SS as a dependent variable and three 
predictors (raw gamma power, aperiodic-adjusted gamma 
power, and aperiodic exponent) as main effects in the ASD 
group. The results showed that the aperiodic exponent pre-
dicted social skills, so that higher slope value (and, thus, 
less cortical excitability) was associated with higher social-
ization score, β = 25.62, SE = 10.79, z = 2.37, p = 0.02. Raw 
gamma power (β = 3.54, SE = 5.55, z = 0.64, p = 0.52) and 
aperiodic-adjusted gamma power (β = 50.25, SE = 49.24, 
z = 1.02, p = 0.31) were not related.

To summarize, the ASD group showed an elevated E 
over I neural pattern, and this increased excitatory activ-
ity was associated with lower social skills. As there was 
no between-group difference in aperiodic-adjusted gamma 
power, it is most likely that the between-group difference in 
raw gamma power was driven by the aperiodic component 
of PSD (raw gamma power and aperiodic exponent were 
highly correlated, r = − 0.44, p < 0.001). Therefore, subse-
quent analysis focused only on this primary measure of E/I 
balance (i.e., aperiodic exponent).

Age-related changes in E/I balance

The previous findings showed age-related changes in the 
aperiodic signal, with the evidence that the slope value 
decreased with age (Ostlund et al. 2022). To test this, we con-
ducted Pearson’s correlation of aperiodic exponent and age 
within each diagnostic group. Although we found between-
group differences in aperiodic exponent, the results indi-
cated similar age-related pattern in both groups, TD group, 
r = − 0.40, p < 0.001; ASD group, r = − 0.33, p < 0.001. This 
suggested that a lower exponent was associated with higher 
age, confirming the previous findings (Fig.  2A). Visual 
examination of the mean trajectory showed that the decline 
in exponent started after 12.5 years of age in both groups.

Subgrouping the ASD sample based on aperiodic 
exponent and social skills

Given the possibility of different neural profiles with respect 
to E/I balance in the ASD group (both E < I and E > I) as well 
as “bell”-shape relationships between E/I balance metrics 
and clinical characteristics (both pathological increase and 
decrease of E/I balance can be associated with lower social 
skills), we conducted a cluster-based analysis in the ASD 
group using the aperiodic exponent and VABS Socializa-
tion SS. Four participants were excluded from this analy-
sis, as VABS Socialization SS was not available for them, 
resulting in 160 individuals with ASD. The elbow method 
of cluster number selection revealed that the optimal num-
ber of clusters was three and divided the ASD group into 
three subgroups/clusters (Fig.  2B), consisting of 50 (23 
female), 63 (24 female), and 47 (24 female) participants. 
Bootstrap analysis indicated moderate stability of the three-
cluster solution. The mean clusterwise Jaccard similarity 
coefficients were 0.707, 0.714, and 0.682 for clusters 1, 2, 
and 3, respectively, indicating moderate reproducibility of 
the clustering solution across 1,000 bootstrap resampling 
iterations.

To assess whether aperiodic exponent discriminates ASD 
subgroups from the TD group, three logistic regression 
models were fitted (see Table 1, Models 4–6). The models 
predicted groups (ASD subgroup vs. TD) using EEG E/I 
balance metric (aperiodic exponent) accounting for age and 
sex. The results showed no difference between the TD group 
and the ASD subgroup 1 (ASD1), β = − 2.96, SE = 1.89, z = 
− 1.57, p = 0.12. However, there was a significant difference 
between the TD group and the other two ASD subgroups, 
and the directions of the effects were opposite (Fig.  2C). 
The aperiodic exponent was higher in the ASD subgroup 
2 (ASD2) when compared to the TD group, showing E < I 
neural profile (i.e., more inhibition), β = 5.34, SE = 1.96, 
z = 2.72, p = 0.009. In contrast, the ASD subgroup 3 (ASD3) 

Table 2  Model performance metrics discriminating autism groups
Models Area under the 

curve (95% C.I.)
Sensitivity Speci-

ficity
Model 1 (raw gamma power)
ASD vs. TD 59.3% (53.0% 

– 65.6%)
53.4% 63.4%

Model 2 (aperiodic-adjusted gamma power)
ASD vs. TD 54.9% 

(48.5%−61.3%)
69.2% 40.2%

Model 3 (aperiodic exponent)
ASD vs. TD 60.9% (54.6% 

– 67.2%)
52.7% 67.7%

Model 4 (aperiodic exponent)
ASD subgroup 1 vs. TD 63.5% (54.0% 

– 73.1%)
65.8% 64.8%

Model 5 (aperiodic exponent)
ASD subgroup 2 vs. TD 65.1% (57.7% 

– 72.4%)
36.3% 96.8%

Model 6 (aperiodic exponent)
ASD subgroup 3 vs. TD 82.8% (76.6% 

– 88.9%)
64.4% 93.6%

Area under the curve (AUC) represents a percentage of correctly clas-
sified youth (90% ≤ AUC, excellent; 80% ≤ AUC < 90%, good; 70% ≤ 
AUC < 80%, fair; 60% ≤ AUC < 70%, poor; 50% ≤ AUC < 60%, fail; 
see (61)).
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had a significantly reduced aperiodic exponent, pointing 
to E > I neural profile (i.e., more excitation), β = − 15.43, 
SE = 2.82, z = − 5.47, p < 0.001.

We applied ROC-curve analysis and calculated AUC, 
sensitivity, and specificity for three classification mod-
els. In general, classification power was higher for ASD 
subgroup discrimination compared to the whole hetero-
geneous ASD group. However, sensitivity remained low 
(Fig. 2D). AUC-values for Models 4 and 5 were poor (60% 
≤ AUC < 70%), whereas for Model 6 classification was good 
(80% ≤ AUC < 90%), see Table 2, Models 4–6. Specificity 
for Models 5 and 6 (ASD subgroups with elevated I and 
elevated E) was high (> 90%), meaning they correctly iden-
tified 94–97% of TD individuals. However, these models’ 

sensitivity (true positive rate) was low, at 36% and 64%, 
respectively.

Importantly, based on cluster analysis both ASD3 (E > I) 
and ASD2 (E < I) had lower adaptive functioning in com-
parison to ASD1, supporting “bell”-shape relations between 
E/I balance alterations and clinical phenotypes (Fig.  2E): 
Socialization SS, ASD2 β = − 17.26, SE = 1.51, t = − 11.44, 
p < 0.001; ASD3 β = − 22.05, SE = 1.62, t = − 13.62, p < 0.001; 
Communication SS, ASD2 β = − 8.74, SE = 1.85, t = − 4.72, 
p < 0.001; ASD3 β = − 17.36, SE = 1.98, t = − 8.79, p < 0.001; 
Daily living skills SS, ASD2 β = − 13.84, SE = 2.05, t = 
− 6.76, p < 0.001; ASD3 β = − 21.63, SE = 2.20, t = − 9.84, 
p < 0.001.

Fig. 2  Subgrouping the ASD group and age effect: (A) Age-related 
changes in aperiodic exponent in ASD and TD groups; (B) A visual-
ization of the results of cluster-based analysis (cluster 1 corresponds to 
ASD1, cluster 2 corresponds to ASD2, cluster 3 corresponds to ASD3); 
(C) Group comparisons in aperiodic exponent between ASD sub-
groups and TD group; (D) Receiver operating characteristics curves 

for the classification models (ASD subgroups vs. TD) for aperiodic 
exponent, AUC = area under the curve; (E) Comparisons of Vineland 
Adaptive Behavior Scales – 2 (VABS-2) subscores between ASD sub-
groups. Significance is labeled with *p < 0.05, **p < 0.01, ***p < 0.001, 
ns = non-significant. All p-values are FDR-corrected
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Rare genic CNVs and their contribution to different 
neural subtypes in ASD

We analyzed CNVs to determine whether the ASD sub-
groups with different E/I neural profiles also have distinct 
genetic profiles, as well as to assess how genetics con-
tributes to social difficulties in the whole ASD group and 
subgroups. Our primary measure of mutation burden was 
the total size of CNV per individual in base pairs (bp), as 
this measure had the widest distribution of data (Jack et al. 
2021). To compare this measure across the ASD subgroups, 
we fitted a linear model with total CNV size as a depen-
dent variable and included subgroup as a main effect (inter-
cept corresponded to ASD1 as a subgroup with “typical” 
E/I balance profile and less severe clinical phenotype). Sex 
was included in the model since a sex effect in total CNV 
size was previously identified in autistic youths (Jack et al. 
2021). The results revealed a statistically significant differ-
ence between subgroups in the total CNV size (small effect 
size, η2 = 0.06, 95% C.I. [0.00, 0.16]), showing that both E > I 
(ASD3) and E < I (ASD2) subgroups had larger total CNV 
size in comparison to ASD1: ASD2, β = 55,562, SE = 28,088, 
t = 1.98, p = 0.05; ASD3, β = 65,061, SE = 31,070, t = 2.09, 
p = 0.03 (Fig.  3A). Descriptive statistics of mean values 
of total CNV size showed that ASD3 with the E > I neural 
profile and most severe clinical phenotype had the largest 
total CNV size (M = 141,977 bp); ASD2 with the E < I neural 

pattern and intermediate clinical profile had smaller total 
CNV size (M = 130,877 bp) compared to ASD3 but larger 
than ASD1 (M = 76,017  bp). However, there was no sig-
nificant difference between ASD2 and ASD3: H(1) = 0.004, 
p = 0.95.

Next, we addressed linear relationships in the whole ASD 
group to examine the associations between genetic variables 
(total CNV size, number of CNVs, number of genes within 
CNVs per individual) and EEG aperiodic exponent as well 
as VABS Socialization SS. The results showed a significant 
relationship between total CNV size and VABS Socialization 
SS, so that larger total CNV size was associated with lower 
skills, β = − 2,489.9, SE = 948.3, t = − 2.63, p = 0.03, but 
not with aperiodic exponent, β = 99,120.4, SE = 126,769.9, 
t = 0.78, p = 0.44 (Fig.  3B). Other relationships were not 
significant: number of CNVs, aperiodic exponent, β = 0.99, 
SE = 1.23, t = 0.80, p = 0.42; VABS Socialization SS, 
β = 0.00, SE = 0.00, t = 1.01, p = 0.47; number of genes, ape-
riodic exponent, β = 2.70, SE = 2.80, t = 0.97, p = 0.34; VABS 
Socialization SS, β = − 0.00, SE = 0.02, t = − 0.02, p = 0.98.

Finally, as different E/I neural subtypes in ASD have 
different clinical profiles, we conducted the same linear 
analysis in each subgroup separately, as they also may have 
distinct genetic profiles. For each subgroup, we fitted lin-
ear models with three genetic measures as dependent vari-
ables and EEG aperiodic exponent and VABS Socialization 
SS as main effects. For ASD1 and ASD3 we did not find 

Fig. 3  Genetic profiles of ASD group: (A) Comparison of the total 
size of CNV in base pairs (bp) between ASD subgroups; (B) Asso-
ciation between the total size of CNV and VABS Socialization SS in 
the whole ASD group (right); (C) The relation of genetic variables 
(number of CNVs and the number of genes within CNVs) to EEG ape-
riodic exponent; (D) Median expression level of the candidate genes 
in the ASD subgroups by brain region and the period of development 
using the human BrainSpan exon-array transcriptome dataset (Kang 
et al. 2011). The black vertical line indicates birth. Log2-transformed 
signal intensity ≥ 6 (the dashed red line) in at least one sample is con-
sidered positive gene expression (Kang et al. 2011). Brain regions: 

NCX = neocortex, AMY = amygdala, MD = mediodorsal nucleus of the 
thalamus, HIP = hippocampus, STR = striatum, CBC = cerebellar cor-
tex; (E) Gene co-expression network analysis. Nine out of 33 genes 
(unique for ASD1), 25 out of 53 genes (unique for ASD2), and 10 out 
of 25 genes (unique for ASD3) are co-expressed with at least one other 
candidate gene across all brain regions and the period of development 
with a Person correlation coefficient r ≥ 0.7. Positive correlations are 
shown in blue, and negative ones in red. The greater the magnitude of 
the coefficient, the wider and darker are the edges. The size of a node 
is proportional to the number of edges that node has
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any significant relationships. In contrast, for ASD2 (E < I 
subtype) there were associations between EEG aperiodic 
exponent and number of CNVs, β = 7.19, SE = 2.99, t = 2.40, 
p = 0.03, as well as number of genes, β = 20.98, SE = 5.47, 
t = 3.83, p = 0.001 (Fig. 3C). This indicated that the higher 
inhibition in the ASD2 (subgroup with increased neural inhi-
bition profile) was related to a higher number of CNVs and 
a higher number of genes within CNVs.

Gene expression in the brain and its contribution to 
different neural subtypes in ASD

We investigated co-expression of ASD subgroups’ candidate 
genes, as an indication of their potential functional relation-
ships in common neural pathways relevant to ASD patho-
physiology. A correlation matrix for the brain regions found 
in the human BrainSpan exon-array transcriptome dataset 
for samples representing time periods of interest to ASD 
development (Kang et al. 2011) (10 PCW to 2 years) was 
created for all genes found in the human BrainSpan data-
set. The correlations for the candidate genes were extracted 
from the matrix and used to identify those with an abso-
lute Pearson correlation coefficient r ≥ 0.7 between them to 
determine which genes are correlated with each other. We 
show which genes from each ASD subgroup are found to 
have these correlations (Fig. 3E). Genes in light gray had 
no correlations with other genes with r ≥ 0.7. Genes in black 
have correlations r ≥ 0.7. Node size is proportional to the 
number of connections the gene has, and the width and color 
of the edges represent the directionality and magnitude of 
the Pearson correlation coefficient between the genes.

To determine whether these relationships were significant, 
permutation testing was conducted with 10,000 iterations of 
randomly selected genes from the BrainSpan dataset equal 
to the number of genes in each ASD subgroup (ASD1 = 33, 
ASD2 = 53, ASD3 = 25). Observing the same number of cor-
related genes (ASD1 = 9, ASD2 = 25, ASD3 = 10) with at least 
the same number of correlations/gene (NASD1 = 0.89, NASD2 
= 1.04, NASD3 = 0.9) is trending towards significance for 
subgroups ASD2 and ASD3 but not ASD1 (ASD1 p = 0.3818, 
ASD2 p = 0.0968, ASD3 p = 0.0911). Observing the same 
number of genes with a mean correlation coefficient of at 
least that for each subgroup (rASD1 = 0.744, rASD2 = 0.786, 
rASD3 = 0.771) was significant for subgroups ASD2 and ASD3 
but not ASD1 (ASD1 p = 0.4305, ASD2 p = 0.0002, ASD3 
p = 0.0225). Meeting both thresholds resulted in significance 
for ASD2 and ASD3 but not ASD1 (ASD1 p = 0.3165, ASD2 
p = 0.0002, ASD3 p = 0.0019).

Using the human BrainSpan exon-array transcriptome 
dataset, we plotted the median expression level of the cor-
related genes as a group for each ASD subgroup for all the 
brain regions available from embryonic to late adulthood 

stages. As shown by the expression profile in Fig. 3D, the 
candidate genes in the three ASD subgroups had very differ-
ent expression trajectories in the brain over the lifespan. The 
ASD1-correlated genes showed overall lack of brain gene 
expression (log2-transformed signal intensity < 6). By con-
trast, ASD2-correlated genes demonstrated overall positive 
brain gene expression through life with higher levels pre-
natally. The ASD3-correlated genes revealed positive brain 
gene expression largely postnatally. Both ASD2- and ASD3- 
(with E < I and E > I neural profiles) correlated genes are 
expressed in the brain during time periods proposed to be 
critical for ASD onset. However, the patterns of gene expres-
sion are distinct with evidence of more prenatal (ASD2) vs. 
postnatal (ASD3) expression. As it is shown by the expres-
sion profiles, in ASD2, the candidate genes are expressed in 
all brain regions, whereas in ASD3 (the subgroup with the 
most altered cognitive phenotype), the candidate genes are 
more highly expressed in neocortex, amygdala, and hippo-
campus which, according to numerous studies, are the core 
regions of the “social brain” (Arutiunian et al. 2023; Banker 
et al. 2021; Dunbar 2024).

Discussion

The present study addressed E/I imbalance in ASD and 
its relation to a core autism symptom domain, i.e., adap-
tive social function. Using a parameterization approach to 
calculate periodic and aperiodic components of the EEG 
spectral power during resting-state in a large sex-balanced 
sample of participants with and without ASD, we showed 
that the aperiodic exponent (a primary measure of E/I bal-
ance) was reduced in youth with ASD, suggesting elevated 
excitation. Furthermore, this reduction was associated with 
lower adaptive social skills. However, subgrouping of the 
ASD sample demonstrated both E > I and E < I neural pro-
files (as well as a neural profile similar to that of TD par-
ticipants), and both profiles characterized by E/I imbalance 
were related to worse clinical phenotype. Moreover, genet-
ics analysis showed that the ASD subgroups had different 
profiles with respect to total CNV size per individual and the 
expression of candidate genes in the brain. This approach 
to subgroup identification can result in higher accuracy in 
group discriminative power as well as revealing clinically 
meaningful neural subtypes within the heterogeneous ASD 
population. It may also explain inconsistent results in the 
existing literature as variability in sample composition by 
neural subgroup will influence the main group discrimina-
tion effect.

Similar to previous findings, we showed that the raw 
gamma power was elevated in the ASD group compared 
to TD controls when accounting for age and sex (Neo et 
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al. 2023). Gamma oscillations are one index of E/I balance, 
arising from the inhibition of pyramidal cells via binding 
to the inhibitory GABAergic neurotransmitter (Cardin et al. 
2009; Espinoza et al. 2018; Sohal et al. 2009). Therefore, 
increased spectral power at the gamma frequency range 
may reflect increased E/I ratio (Sohal and Rubenstein 2019). 
However, by applying the parameterization algorithm and 
separating raw EEG spectral power into periodic and aperi-
odic components, we showed that while aperiodic-adjusted 
gamma power did not differ between groups of youth with 
and without ASD, the aperiodic exponent was reduced in 
the ASD group. Several recent studies have revealed that the 
aperiodic exponent rather than raw gamma power reflects 
the E/I balance, and that the slope characteristics can indi-
cate whether the neural circuit has increased E (lower expo-
nent) or increased I (higher exponent) (Donoghue et al. 
2020; Ostlund et al. 2022). Thus, reduced aperiodic expo-
nent in the ASD group suggests increased E over I which, in 
turn, may result in increased ‘noise’ in the cortex, impacting 
synaptic plasticity during development and resulting in less 
effective neural processing (Contractor et al. 2021; Sohal 
and Rubenstein 2019; Tang et al. 2021). Elevated excitatory 
activity in the autistic brain may also explain a high rate of 
epilepsy in this population (Besag 2018). Importantly, social 
dysfunction in the ASD group was related to the aperiodic 
exponent (but not to the raw gamma power or aperiodic-
adjusted gamma power), such that a lower exponent (higher 
E) was associated with lower social skills.

Although the aperiodic exponent was altered in autistic 
youth, we observed similar age-related decreases in this 
measure across both the ASD and TD groups of participants. 
This decrease started after 12.5 years of age in both groups 
and, presumably, was related to less cortical inhibition with 
age (Ostlund et al. 2022). Our findings are consistent with 
existing studies that show a similar pattern, suggesting age-
related changes in E/I balance towards less inhibition with 
age and accounting for a normative redistribution of spec-
tral power from lower to higher levels over development 
(Ostlund et al. 2022).

Previous comprehensive studies of E/I imbalance in ASD 
have proposed that E > I is not the only possible neural pro-
file but that there can be an opposite pattern as well, E < I 
(Antoine et al. 2019; Dickinson et al. 2016). To the best of 
our knowledge, there is only one EEG study that addressed 
the clustering of the ASD group based on the E/I balance pro-
files (Bertelsen et al. 2024). In that study, two ASD subtypes 
were identified, i.e., with elevated E and elevated I when 
compared to the control group. Given the heterogeneous 
nature of the ASD population and the relationship between 
aperiodic exponent (a measure of E/I balance) and the social 
skills of autistic youth, we conducted cluster-based analysis 
in the ASD group with respect to exponent and social skills. 

Our study revealed three ASD subtypes concerning E/I bal-
ance: “typical”, E > I, and E < I neural profiles compared to 
the TD group. Importantly, the two ASD subgroups with E/I 
imbalance had lower social, communication, and daily liv-
ing skills in comparison to the ASD subgroup with “typi-
cal” E/I balance, suggesting “bell”-shaped brain-behavior 
relationships.

Our unbiased genome-wide CNV analysis aimed to reveal 
whether the ASD subgroups with different E/I balance sub-
types also have distinct genetic profiles. First, we identified 
that the two ASD subgroups with altered E/I balance had 
larger total CNV size per individual compared to the ASD 
subgroup with “typical” E/I balance profile. Also, in the 
whole ASD group, the larger total CNV size was associated 
with lower social skills. CNVs are genomic duplications or 
deletions that are a significant source of genetic disorders 
(Auwerx et al. 2024). Our findings are consistent with previ-
ous studies, demonstrating that larger CNVs are related to 
behavioral and brain abnormalities in different psychiatric 
and neurological disorders (Arutiunian et al. 2026; Cooper 
et al. 2011; Gupta et al. 2017; Mefford et al., 2010; Sebat 
et al. 2007; Walsh et al. 2008). In addition, we identified 
that only in the ASD subgroup with E < I neural profile there 
were linear relationships of the number of CNVs and num-
ber of genes within CNVs to the E/I balance neural mea-
sure. In other words, larger genomic alterations were related 
to overall lower circuit activity in the ASD subgroup with 
increased inhibition. This suggests that, although the two 
E/I imbalance ASD subgroups did not significantly differ 
in total CNV size, the functional specificity of alterations in 
the genome and their impact on neural circuits is distinct.

The findings from gene expression analysis made an 
additional significant contribution to the characterization 
of ASD subgroups. For each ASD subgroup, we identified 
unique genes within the CNVs and assessed the expres-
sion level of correlated genes for all brain regions over the 
lifespan. In general, gene expression patterns were different 
among the ASD subgroups. The ASD subgroup with “typi-
cal” E/I balance showed an overall lack of expression of the 
candidate genes compared to the other two subgroups with 
E/I balance alterations. In the E < I subgroup, the candidate 
genes were expressed in all brain regions, whereas in the 
E > I subgroup with the most altered clinical phenotype, the 
candidate genes were more highly expressed in neocortex, 
amygdala, and hippocampus which, according to the num-
ber of neuroimaging studies, are the main regions that are 
involved in core functions in the “social brain” and, thus, in 
core symptoms of ASD (Arutiunian et al. 2023; Banker et 
al. 2021; Dunbar 2024).

Importantly, the trajectories of gene expression were dis-
tinct in the ASD subgroups during time periods that were 
thought to be critical for the development of ASD. The 
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ASD E > I neural subtype had higher postnatal gene expres-
sion, whereas the ASD E < I neural subtype demonstrated 
higher prenatal gene expression. These pre- vs. postnatal 
gene expression profiles in the brain, leading to opposite 
E/I neural imbalance subtypes in ASD, can shed light on 
the distinct developmental atypicalities in the neurocircuits 
associated with the core autistic feature, i.e., social skills. 
Recent genome-wide association studies that examined 
idiopathic ASD have revealed distinct clusters of brain-
related genes within rare CNVs that are expressed in dif-
ferent developmental periods with evidence of pre- vs. 
postnatal gene clusters (Courchesne et al. 2020). These 
clusters associated with different developmental periods 
have different functional specificity in brain development. 
For instance, genes that are expressed largely prenatally are 
involved in proliferation, migration, cell fate specification, 
neurite overgrowth, and formation of the cortical layers, 
whereas the genes that are mainly expressed postnatally are 
related to synaptogenesis, axonal growth, and wiring of the 
cortex (Chen et al. 2015; Courchesne et al. 2019; Grove et 
al. 2019). Several genetic studies addressing the identified 
of pre- vs. postnatal gene clusters have raised the question 
of whether the disruption of these different clusters results 
in distinct subtypes of ASD (Courchesne et al. 2019, 2020). 
In this study, we demonstrated that pre- vs. postnatal brain 
gene expression profiles are associated with opposite neu-
ral subtypes, revealing that the ASD subgroup with over-
all lower circuit activity (E < I) had a largely prenatal gene 
expression profile, whereas the ASD subgroup with overall 
higher circuit activity (E > I) had a largely postnatal gene 
expression profile.

Limitations

We note several study design choices that likely impact 
our results. First, although this dataset is one of the largest 
datasets with genetics, EEG neural functioning, and mental 
health in autistic youth, it includes primarily average-to-
high cognitive ability individuals. Inclusion of individuals 
with high support needs or lower cognitive ability may shift 
results, although we propose that including the full spec-
trum of autistic individuals would likely enhance the sub-
group membership findings. Second, the study focused on 
8–17-year-old youth with ASD and given age-based changes 
in our E/I metrics, neural subtyping including different 
developmental periods is needed. Future studies would ben-
efit from including additional methodological approaches, 
such as magnetic resonance spectroscopy, to measure the 
level of glutamate and GABA in autistic subgroups as this 
would link these results to neurotransmitter levels.

Conclusions

Development of neural biomarkers for diagnostic and clini-
cal trial purposes is one of the central challenges in ASD 
research (Webb et al. 2023). A significant challenge is that 
ASD is a highly heterogeneous population; to develop bio-
markers there is a need to identify clinically meaningful neu-
ral subtypes within this population. In our study, we revealed 
different E/I balance neural subtypes in the ASD group with 
the opposite E/I ratios, i.e., “typical”, E > I, and E < I pro-
files. Importantly, altered E/I balance subtypes compared to 
the “typical” E/I balance subgroup had more altered clinical 
phenotypes and distinct genetic profiles with the evidence 
of more pre- vs. postnatal gene expression in the brain. This 
suggests that the proposed clustering approach is relevant 
for identifying clinically meaningful neural subtypes within 
the ASD group with distinct genetic profiles. In addition, 
this approach allows us to stratify one ASD subgroup from 
the TD group with good discriminatory performance (ASD3, 
AUC = 82.8%). However, although the ASD3 subgroup was 
discriminated from the TD group with high specificity and 
good overall classification performance, the more modest 
sensitivity indicates that resting-state EEG alone does not 
identify all individuals assigned to this subgroup. This is not 
unexpected, as subgroup membership was established using 
a multimodal clustering approach that incorporated both 
EEG and behavioral measures, whereas the classification 
analysis evaluated the discriminative performance of rest-
ing-state EEG alone. Accordingly, our findings do not sup-
port the use of resting-state EEG as a stand-alone screening 
or diagnostic tool. Instead, they suggest that resting-state 
EEG provides a biologically informative marker that can 
contribute to multimodal stratification approaches aimed at 
identifying more homogeneous neurobiological subgroups 
within the heterogeneous ASD population.
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