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Group-mean comparisons often identify atypical functional connectivity in
autism, but it remains unclear whether these findings consistently manifest
attheindividual level. Here we use normative modeling to quantify the
interindividual heterogeneity of atypical functional connectivity across
multiple brain scales using multicenter resting-state functional magnetic
resonance imaging data from 1,824 participants (796 autistic individuals
and 1,028 neurotypical controls) in a cross-sectional study across 32 sites.
We find that no single functional connectivity estimate showed extreme
deviation from normative expectations in more than 4% of people in either
group. However, these deviations converged on common regions and
networks in autistic people, who showed up to double the level of overlap
compared with controls. Specifically, autistic participants demonstrated
convergent hypoconnectivity in sensorimotor and attention regions

and convergent hyperconnectivity between frontoparietal and default
mode networks. Functional connectivity deviation patterns significantly
predicted social and cognitive abilities. These findings demonstrate that
autism exhibits scale-dependent heterogeneity, characterized by normative
variability at the connection level but significant convergence at regional
and network scales. These convergent regions and networks may be used to
identify targets for individualized therapeutic development.

Autism affects approximately 1-2% of the global population and is char-
acterized by atypical social interaction and communication, restricted
interests, repetitive behaviors and sensory processing differences’.
These diagnostic criteria point to acommon phenotype in autistic
people, but neurobiological characteristics and clinical outcomes vary
dramatically across individuals?, creating substantial challenges for
developing personalized treatments and reliable biomarkers.
Autism is widely viewed as a consequence of atypical brain
connectivity’, but the pervasive heterogeneity of the phenotype has
led to aliterature replete with inconsistent findings regarding which

brain regions are affected and whether connectivity is increased or
decreased in autism’. Although large-scale studies have identified
robust differences at the level of group means*”, the lack of reproduc-
ible, person-specific biomarkers means that diagnosis relies entirely
onbehavioral observation', whichis a considerable limitation for early
intervention and precision medicine approaches.

This limited progress may result fromareliance on traditional case-
control studies, which only compare group means, inadequately captur-
ing individual neurobiological variability’. Normative modeling offers
a paradigm shift by quantifying how person-specific brain measures
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Fig.1|Multiscale heterogeneity of FC deviations in autism. a, A connection-
level analysis involves quantifying the extent to which each person deviates
from model expectations at each interregional FC estimate. We expect there to
belittle overlap across individuals in terms of the specific connections affected,
leading to a heterogeneous profile of connection-level deviations across
people. b, Despite such heterogeneity, deviations may nonetheless converge

Negative deviation overlap

§

Positive deviation overlap

on connections linked to specific brain regions. We expect people with autism
to show a higher level of interindividual overlap or consistency at this regional
level. ¢, FC deviations may also aggregate within specific canonical networks

or between specific pairs of networks. Bottom: the greater prevalence of either
positive (purple) or negative (green) deviations from model expectations within
the autism sample.

deviate from age- and sex-adjusted normative expectations’®, thus allow-
ing for inference at the level of individuals. This approach has revealed
highly individualized patterns of deviationsin various measures of brain
structure and function across psychiatric conditions, suggesting that
group averages poorly represent individual patient profiles® ',

The brain is organized across multiple spatial scales, such that
specificinterregional connections are embedded within regions, which
belongtobroader functional networks. As such, itis possible that differ-
entautisticindividuals may display disruptions of distinct connections
butthatthese disrupted connections may nonetheless be concentrated
on or within specific regions or networks. A similar principle has been
established in autism genetics, where more than 100 identified risk
genes linked to distinct molecular mechanisms nonetheless converge
onalimited set of biological pathways related, in particular, to synaptic
function and transcriptional regulation >, We propose that this conver-
gence extends to brain organization, such that variable connection-level
disruptions may converge onshared regions and networks. Segal et al.”’
recently demonstrated this phenomenon for person-specific deviations
ofgray matter volume across psychiatric disorders. Here, we test whether
thesamescale-dependent convergence characterizes atypical functional
connectivity (FC), defined asinterregional correlationsin resting-state
functional magnetic resonance imaging (fMRI) signals, in autism.

We applied cross-sectional normative modeling across three
spatial scales (connections, regions and networks) to characterize
the interindividual heterogeneity of FC in a large multisite dataset of
people with autism and neurotypical controls. We hypothesized that
connection-level deviations would be highly heterogeneous, show-
ing minimal overlap among individuals, but that these atypical FC
estimates would nonetheless be concentrated within common brain
regions and networks. Such scale-dependent heterogeneity represents
aviable neurobiological correlate of phenotypic variations (related
to high connection-level heterogeneity) and consistencies (related to
region-and network-level convergence) in people with autism (Fig. 1).

Results

FCdeviations are heterogeneous at the connection level

To characterize the interindividual heterogeneity of FCin autism,
we applied Gaussian process regression normative models to

resting-state fMRI data from 1,824 participants (796 autistic and
1,028 neurotypical) across 32 sites. For each participant, 75,855
pairwise FC estimates were modeled as a function of age, sex and
mean framewise displacement (FD). FC was mapped using the
Schaefer 400 cortical parcellation' and 15 subcortical regions
from the Harvard-Oxford atlas' (25 regions excluded for low
coverage, leaving 390). Deviations from normative expectations
quantified as z-scores (Figs. 2a and 3a). Models were trained
on neurotypicals and tested on autistic participants, with neu-
rotypical deviations obtained via tenfold cross-validation.
Extreme deviations were defined as |z| > 2.3 (approximately
P < 0.01; Methods).

The total number of extreme deviations per participant varied
widely in both groups. In autistic individuals, positive deviations
ranged from O to 5,652 (median of 741.5) and negative deviations
from O to 5,119 (median of 657); in neurotypical controls, positive
deviations ranged from 35 to 3,570 (median of 760) and negative
deviations from 105 to 4,745 (median of 673.5). Wilcoxon rank-sum
tests revealed no group differences in total deviation burden (P,
dve = 0.086; P eaiive = 0.4), and an independent two-sample ¢-test on
positive-to-negative ratios indicated no hyper- or hypoconnectivity
bias (¢=0.58; P=0.55).

To quantify interindividual overlap, we calculated, for each con-
nection and separately for each group, the percentage of participants
showing an extreme deviation (Fig. 2a). Overlap did not exceed 3.4% in
either group (Fig. 3a), indicating that no single connection was consist-
ently affected across individuals. Permutation testing (10,000 label
permutations with Benjamini-Hochberg false discovery rate (FDRg,,)
correction) revealed no group differences in connection-level overlap
(all Pepg > 0.05).

Heterogeneous connection-level deviations converge on
common brain regions

Given this connection-level heterogeneity, we next asked whether
the affected connections nonetheless converged on common brain
regions. For each participant, we computed the deviation degree of
eachregion, which corresponds to the total number of extreme FC
deviations (|z| > 2.3) attached to that region (Fig. 2b). As deviation
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Fig. 2| Workflow for quantifying deviation overlap across participants at the
levels of connections, regions and networks. a, We used normative modeling to
generate a deviation matrix for each participant, comprising deviation estimates
for 75,855 FC estimates between each pair of 390 regions. A z-score threshold

of |z| > 2.3 (two-sided, P= 0.01) was used to identify extreme deviations. The
thresholded matrices were subsequently used to calculate the overlap in
extreme deviations at each connection across participants. Group differences in
connection-level overlap were assessed using 10,000 group-label permutations,
with Pvalues corrected for multiple comparisons using the FDR;, procedure.

b, Inthe region-level analyses, we quantified the regional deviation degree for
each participant as the total number of extreme deviant FC estimates attached to

Connection level overlap
Autistic individuals %

Neurotypical individuals

Regional deviation
degree group difference

@, 3
Pty

>
“ri\“,bw\ "q@”’bb“ 2

O —
Relative difference

Autism
— Controls
7 Delta AUC

W 7 14 6 18 20

2 46 810121416 18 20
Deviation degree

Overlap across subjects (%)
B
o

AAUC between-group difference Percent deviations per network

group difference

Relative Medial temporal lobe
difference Striatum
%

. Thalamus
Autism 80

— Controls 70

7 Delta AUC 60

Default mode
Frontoparietal
Limbic

Ventral attention
Dorsal attention
Somatomotor
[0 visual

o

SNWE OO o
[ejeololololoNooa)
@
3

12345678910 ¢
Network deviation (%) s

Overlap across subjects (%)

eachregion. We applied thresholds to deviation degree values ranging from 1to
20 deviant connections and calculated the number of individuals with a deviation
degree equal to or exceeding each threshold in each region. We computed the
AUC across these thresholds for each regionin each group. Group differencesin
AUC values were tested using two-sided permutation tests (10,000 permutations
of diagnostic labels), with Pvalues corrected across all regions using FDRg,,.

¢, Asimilar approach was used at the network level. We calculated the percentage
of extreme FC deviations falling within or between each pair of ten canonical
networks. The resulting matrices were thresholded using values between 1%

and 10%, and AUC values were compared between groups using two-sided
permutation tests (10,000 permutations) with FDR,,-corrected Pvalues.

degreeis continuous, we evaluated overlap across arange of thresholds
(1<71<20),countingateachthreshold the number of participants with
adeviationdegree of atleast 7. Theresulting areaunder the curve (AUC)
provided a threshold-free summary of regional overlap, which was
compared between groups using 10,000 permutations of diagnostic
labels with FDRg, correction.

Regional overlap ranged from 41.9% to 77.8% at the lowest thresh-
old(r=1)andfrom1.8%t012.8% at the highest (7 = 20; Fig. 3b). Autistic
individuals showed significantly higher overlap than neurotypical
controls for negative deviations in sensorimotor, anterior insula, pre-
frontal, temporal pole, visual and amygdala regions and for positive
deviations in medial prefrontal, superior frontal, cingulate, inferior
parietal lobule and subcortical areas (Fig. 3¢). Neurotypical controls
showed no regions with significantly greater overlap than autistic
individuals, and results were largely consistent across alternative
thresholds (Supplementary Section 9).

Deviation convergence extends to canonical functional
networks
We applied ananalogous approach at the level of canonical functional
networks. Schaefer regions were assigned to seven cortical networks®,
withsubcortical regionslabeled as thalamus, striatum or medial tem-
porallobe, yielding ten networks. For each participant, we calculated
the percentage of extreme deviations falling within and between each
network pair (Fig. 2c) and compared AUCs across thresholds (1-10%)
between groups using 10,000 permutations with FDRg,, correction.
Network-level overlap ranged from 4.4% to 61.9% at the lowest
threshold (r=1) and from 0% to 5.4% at the highest (Fig. 3b). For nega-
tive deviations, autistic individuals showed significantly greater over-
lap than neurotypical controls within the visual and ventral attention
networks for connections linking the somatomotor network to other
systems (particularly visual, dorsal attention and default mode) and
for connections linking medial temporal regions to the somatomotor,
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ventral attention, limbic and default mode networks (DMN) (Fig. 3d).
For positive deviations, autisticindividuals showed greater overlapin
connections linking the default mode and cognitive control networks
withtherest of the brain, as well asinsubcortical-subcorticaland sub-
cortical-cortical connections. Neurotypical controls did not show sig-
nificantly greater overlap at any threshold (Supplementary Section 9).

Sensitivity analyses

To assess robustness, we examined the effects of participant sex,
attention-deficit-hyperactivity disorder comorbidity, psychotropic
medication and dataset. Results were consistent across all analyses
(Supplementary Sections10 and 12 and Supplementary Tables 4 and 5).

FCdeviations predict clinical and cognitive measures

Finally, using support vector regression (SVR) with fivefold
cross-validation, we tested whether FC deviations at each spatial
scale predict clinical and cognitive measures in autistic individuals.
Atthe connection level, FC deviations significantly predicted full-scale
intelligence quotient (IQ; regian= 0.16; Prpr <0.001) and Social Respon-
siveness Scale (SRS) scores (r'yegian= 0.29; Prpr <0.001). At the regional
level, deviations predicted full-scale 1Q (reqian = 0.1; Prpr = 0.01) and SRS
(Fmedian= 0.1; Prpr = 0.02). At the network level, deviations predicted ADI
socialinteraction (ryegian= 0.17; Prpg <0.001), Autism Spectrum Quotient
(AQ; I'median = 0.17; Pepr <0.02) and SRS (7 egian = 0.18; Prpr <0.001; Fig. 4).
These results suggest that different levels of network organization
capture distinct clinical features of autism.

Discussion

Our work demonstrates that FC in autism exhibits scale-dependent
heterogeneity, characterized by expected levels of variability at the
level of individual connections but asignificant convergence of atypical
FConspecific brain regions and macroscopic networks. These findings
indicate that autism is not uniformly heterogeneous across all levels
of brain organization and provide a neurobiological framework for
understandingboth individual differences and shared clinical features
in people meeting diagnostic criteria for the condition.

Connection-level deviations are heterogeneous

The connection-level heterogeneity observed in people with autism
was high, with no more than 4% of people showing an extreme devia-
tioninthe same connection. This result indicates that there is nosingle
connectionthatislikely to play amajor roleindriving the core charac-
teristics of the autism phenotype. This finding aligns with normative
modeling studies of brain structure showing minimal deviation overlap
at finer spatial resolutions®'°.

The heterogeneous distribution of FC deviations across the con-
nectome may represent a neural correlate of the noted clinical het-
erogeneity of autism and provides a plausible explanation for the
inconsistent FC findings reported in autism literature’. However, autis-
tic people did not show an excess number of deviations and the level
of deviation overlap at any given connection was not higher or lower
thanthe overlap observedin controls. The number and concentration

of deviations at any given connection were therefore within normative
expectations. The absence of group differencesin the ratio of positive
to negative extreme deviations furtherindicates that autisticindividu-
als show no evidence for predominantly hypo- or hyperconnectivity.
This result is consistent with our previous work demonstrating that
autistic individuals exhibit complex patterns of both increased and
decreased FC, on average®.

Heterogeneous FC deviations converge on common regions
and networks

We observed considerably higher overlap of FC deviations in autism at
thelevel of brainregions and canonical functional networks thanat the
level of specific connections (Fig. 3c,d). This result aligns with recent
work indicating that although deviations of regional gray matter vol-
umeare located in highly heterogeneous areas, they aggregate within
common circuits and networks across autistic individuals'. When taken
with the connection-level findings, these regional and network-level
resultsindicatethat akey feature of atypical FCin autismis not the total
number of extreme deviations but their preferential concentration on
connections linked to specific brain regions and networks.

Negative FC deviations (that is, atypically reduced FC) generally
showed greater regional and network-level overlap in autistic individu-
alsinsomatomotor, frontal and temporal regions. At the network level,
autistic individuals also showed greater negative deviation overlap
for connections linking the somatomotor system with the dorsal and
ventral attentional systems, the medial temporal lobe and the DMN.
Atypical sensory processing and motor coordination are well docu-
mented inautism literature®. This result aligns with past work**° show-
ingreduced FC within sensorimotor areas and between sensorimotor
areas and attentional systems. Weaker FC between these networks
has correlated with social difficulties and restricted and repetitive
behaviors in previous work®.

Autistic individuals also showed greater overlap for positive
deviations (that is, higher FC than expected) within the DMN and
between the default mode and other systems. Our observation of
increased overlap of positive FC deviations in the DMN highlights
the complex role of the DMN in the neural underpinnings of the
behavioral phenotype in autism. The DMN is closely associated with
self-referential thought and is most active during periods of rest and
introspection®. The increased connectivity of the DMN with other
brain regions may contribute to a more inward-focused cognitive
experience and a reduced inclination to engage with the external
environment. This heightened connectivity can potentially explain
tendencies toward introspection and diminished social interaction,
whereas atypical sensory processing aligns with the reduced coupling
observed within sensory systems?.

Positive deviations additionally showed greater overlap for fron-
toparietal network FC. Thisresult aligns with studies reporting hypercon-
nectivity in the frontoparietal or cognitive control network in autistic
individuals®**. It suggests that these deviations could be associated
withthebehavioralinflexibility often seenin autisticindividuals, as this
network plays akey role in cognitive control and task switching??**. We

Fig. 3| Group differences in deviation overlap at connection, region and
network levels. a, A connection-level heat map showing the percent overlap of
FC deviations across participants (positively deviating—pink; negatively
deviating—green). Positive deviations are connections with alarger value than
expected on the basis of the normative model, whereas negative deviations are
connections that show lower FC than predicted by the normative model. The
upper triangle shows the overlap across autistic individuals, whereas the lower
triangle shows the overlap across neurotypical controls. b, Line plots showing the
overlap of participants at the region and network levels. The first column shows
the overlap for positive and negative regional deviation degree across 20
thresholds. Each line represents a region in the brain. Yellow color indicates
overlap across autistic individuals, whereas red indicates overlap across

neurotypical controls. The second column shows the percentage overlap of
negative and positive network deviations. Here, each line represents a within or
between network overlap across participants, where yellow indicates overlap
across the group of autistic individuals, and red indicates the group of controls.
c,d, Regions (c) and networks (d) with significantly greater overlap in autistic
individuals, represented as relative differences. Green color indicates overlap of
negative deviations; purple color indicates overlap of positive deviations.

Between-group differences are presented as the percentage difference in the
AUC,ytism —AUC,
AUC

overlap between the groups, that s, relative difference = neutotypical

neurotypical

This measure represents the proportional difference in AUC between groups.
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found that positive deviations also occurred more frequently between
subcortical and cortical brain areas in autistic individuals, in line with
past research showing increased connectivity in these systems**
Collectively, these findings suggest that a core neural phenotype
of autism that is shared across a large fraction of autistic individuals

involves the reduced FC of sensorimotor areas and the increased FC
of transmodal areas on the level of regions and networks, consistent
with reports of altered hierarchical function in autistic individuals®.
Critically however, our findings provide several insights into the degree
of interindividual variability that one can expect in the expression of
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Fig.4|SVR accuracy (Pearson’s rbetween true and predicted values) across
levels of FC deviations and behavioral variables. The bars represent median
accuracy across five cross-validation folds; error bars represent the interquartile
range across folds. The individual data points denote fold-level accuracy. Sample
sizes per variable were as follows: ADI-R, n = 584 autistic participants; ADOS
Social, n =509 autistic participants; ADOS Restrictive and Repetitive Behavior,

n=>511autistic participants; Wechsler Abbreviated Scale of Intelligence, n =777
autistic and 994 neurotypical participants; SSP hyposensitivity, n = 140 autistic
and 82 neurotypical participants; SSP hypersensitivity, n =137 autistic and 83
neurotypical participants; AQ, n =181 autistic and 158 neurotypical participants;
SRS-2, n =508 autistic and 535 neurotypical participants. *P < 0.05; **P < 0.01;
**p<0.001.

these region- and network-specific atypicalities and their associated
clinical correlates. For instance, within the sensorimotor system, autis-
tic people showed up to 55% higher overlap, especially for connections
linking the medial temporal lobe and the somatomotor network. They
alsoshowed up to 84.4% overlap for positive deviations of FC between
the DMN, frontoparietal network and the rest of the brain. Our find-
ing that heterogeneous connection-level deviations converge onto
common regions and networks aligns with lesion network mapping
studies showing that brain lesions causing neuropsychiatric symp-
toms, despite heterogeneous locations, map onto shared functional
circuits when projected onto normative connectivity data*?. Siddiqi
and colleagues demonstrated this principle for depression, where
bothlesions and therapeutic stimulation sites converged onacommon
circuit®®?, Our results extend this framework to neurodevelopmental
conditions. Specifically, we find that although no single connectionreli-
ably distinguishes autistic from neurotypicalindividuals, FC deviations
preferentially aggregate within specific networks or attach to specific
regions. These findings suggest that any clinical interventions should
betailored to address the specific clinicalphenomenaassociated with
an individual’s regional or network profile of deviations rather than
relying onthe one-size-fits allapproach thatisimplied by classical com-
parisons of group means. To this end, it willbeimportant to understand
both common and divergent characteristics of autistic individuals in
peoplewho do and do not share specific FC (or other) phenotypes. Such
an analysis will require very large samples to appropriately parse the
heterogeneity of deviations with the relevant neural systems.

Clinical and behavioral predictions
Despite the normative level of heterogeneity observed in autism at
the connection level, FC deviations significantly predicted intellec-
tual ability and social functioning, suggesting that they nonetheless
may contribute to interindividual variations in the clinical phenotype.
Regional deviation degree also significantly predicted intellectual
ability, highlighting that intellectual ability is captured at both the
fine-grained level of single connections and the coarser regional level.
Scores from the SRS were significantly predicted by deviation
patterns at all levels, whereas the ADI social functioning scale was
predicted by network-level FC deviations. Both scales capture differ-
ent dimensions of social functioning. The SRS reflects broader social
responsiveness, including social awareness, social cognition, social
motivationand communication. By contrast, the ADI social functioning
scale assesses specific aspects of social interaction related to autism,

suchasreciprocalsocialinteraction and peer relationships®°. Together
theserelationships suggest that FC deviations reflect social functioning
atall scales of FC analysis.

The AQ scale was predicted solely by deviations at the level of
networks. The AQ is a self- or parent-administered questionnaire
designed tomeasure the broader phenotype of autistic traits, captur-
ing social skills, communication, imagination, attention to detail and
task-switching ability, which may suggest aneed for clinical attention
rather than for diagnostic purposes®. Variability in these broader
autistic traits may therefore be linked to the global macro-organization
of FC.

Limitations and conclusions

Our analysis approachrelies onthe choice of athreshold for (1) defining
extreme deviationat the connection level and (2) computing overlap at
theregionand network-levels. We showed that our general conclusions
are robust to the specific choices made for these thresholds, but the
threshold chosen will necessarily influence the exact levels of overlap
observed across individuals.

Owing to poor scan coverage in a large portion of the partici-
pants, our analysis did notinclude the cerebellum, whichis thought to
play an important role in autism pathophysiology*. Our sample also
had animbalanced sex ratio between the autism and control groups,
which aligns with the higher prevalence of autism in male individuals
compared with female individuals®. Future research should prioritize
including more autistic female individuals to better understand the
unique characteristics and needs of this group.

We observed group differencesin head motion, as quantified using
mean FD, which may raise concerns about our findings, particularly
those within somatomotor areas. However, we found no significant
correlations between deviation scores and mean FD, suggesting that
residual motion effects are unlikely to explain our findings.

Our ability to detect deviationsis reduced at the extremes of the age
distribution (below 8 and above 35 years), where sparser training data
lead toincreased predictive uncertainty. The findings are most robust
within the 8-35-year range, where we have the most coverage in our
training data. Thisrange covers 93% of autisticindividualsin our sample.

Our analysis only included individuals without intellectual dis-
ability (1Q =70). As aresult, our findings may not generalize to autistic
individuals with co-occurringintellectual disability.

Our primary analysis focused on a threshold of Z=12.3| for
defining extreme deviations. This choice is somewhat arbitrary. Our
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supplementary analyses indicated that our main findings are robust
totheuse of bothmore lenient and more stringent thresholds (Supple-
mentary Section 9). Future work may explore alternative, threshold-free
methods for quantifying deviation heterogeneity across people.

The absence of race and ethnicity data limits our ability to assess
the representativeness and generalizability of findings across racial
and ethnicgroups.

In summary, our results highlight the importance of adopting a
multiscale approachto characterizing the heterogeneity of neural phe-
notypesinautism. This multiscale perspective reveals anovel organiza-
tional principle: although deviations at the level of specific connections
are highly idiosyncratic, they converge into more consistent patterns
at regional and network levels, offering a parsimonious account of
how a common diagnosis might arise despite pronounced individual
differencesinunderlying connectivity. Connection-level heterogeneity
offersaplausible neural substrate for individual phenotypic differences
and may explain theinconsistent FC findings reportedin literature thus
far. Our findings further suggest that the reduced FC of sensorimotor
systems and increased FC of transmodal association networks poten-
tially reflectimbalanced signaling along the sensorimotor-association
axis of the brain. FC deviations at distinct levels predict different clini-
cal phenotypes, emphasizing theimportance of considering multiple
levels when characterizing brain-behavior relationships. These results
replicate across datasets and are robust across different granularities
of brain parcellations and multiple sensitivity analyses.

Methods

Participants

We pooledscans from three large datasets: the European Autism Inter-
ventions (EU-AIMS) Longitudinal European Autism Project (LEAP)**
(https://www.eu-aims.eu/ and https://www.aims-2-trials.eu/) and the
Autism Brain Imaging Data Exchanges I and II, or ABIDE 1 and ABIDE
2%, details can be found in Supplementary Section 1. Quality control
and exclusion criteriaare detailed in the Supplementary Section 2 and
follow previous work*.

For the EU-AIMS LEAP cohort, written informed consent was
obtained from all participants or their legal guardians before par-
ticipation, in accordance with the protocols approved by the local
ethics committees at each participating site**. For the ABIDE 1 and
2 datasets, all data were collected under protocols approved by
the local institutional review boards of each contributing site,
and informed consent was obtained from all participants or their
legal guardians®*.

Datacollected withinthe ABIDE1and 2initiatives are available for
public use onthe following links: http://fcon_1000.projects.nitrc.org/
indi/abide/abide_l.html; and http://fcon_1000.projects.nitrc.org/indi/
abide/abide_Il.html.

Data collected in LEAP are stored and curated at the central EU-AIMS
database at the Pasteur Institute in Paris. LEAP data are accessible to
consortium members who submit an analysis proposal, and it is
available for use to the wider research public via a secure database
(https://elixir-luxembourg.org/).

The final sample included 796 autistic individuals (141 female par-
ticipants; age range 5-58 years) and 1,028 neurotypical individuals (256
female participants; age range 5-56 years) recruited across 32 different
sites. Table 1 contains detailed information on the clinical and demo-
graphiccharacteristics of the participantsincludedin the study.

Race and ethnicity

In the EU-AIMS LEAP cohort, self-identified race was collected via
parental- or self-report and categorized as white, Asian, Black, mixed
orother, following the classification system adopted by the partici-
pating clinical sites**; numbers canbe found in Table 1. For the ABIDE
1and 2 datasets, race or ethnicity was not collected as part of the
shared phenotypic protocol. ABIDE is a retrospective, multisite data

bank aggregated from previously and independently collected data-
sets drawn from multiple international sites across North America
and Europe®*. Demographic harmonization was limited to variables
consistently available across all contributing sites (that is, age, sex,
handedness and IQ), and race/ethnicity was not among them.

Clinical diagnosis

Autistic participantsin EU-AIMS LEAP met DSM-IV/5 or ICD-10 criteria,
withmost confirmed by Autism Diagnostic Interview-Revised (ADI-R)*
and/or Autism Diagnostic Observation Schedule (ADOS)-2¥ (see ref.
36 for more details). ABIDE sites used varying diagnostic procedures,
though most used ADOS** and/or ADI-R*’. Control participants had no
psychiatric diagnoses. See Supplementary Section 8 for more details.

MRI acquisition and preprocessing

Resting-state fMRI and structural scans were obtained using 3T mag-
netic resonance imaging (MRI) scanners at 32 scanning sites and
preprocessed with rigorous quality control, as per prior work (see
Supplementary Sections 3 and 4 for details).

Mapping FC

We mapped the interregional FC using the Schaefer parcellation'® with
400 cortical regions of interest and 15 subcortical regions of interest
from the Harvard-Oxford atlas”. We performed additional analyses
with Schaefer-200 and Schaefer-800 parcellations. After excluding
25 regions with low coverage (<70% coverage in >5% participants),
390 regions remained (Supplementary Fig. 1). Schaefer regions were
assigned to seven networks', with subcortical regions labeled as thala-
mus, striatum or medial temporal lobe. FC matrices were computed
using Pearson correlations and normalized via Gaussian-gamma mix-
ture modeling for enhanced differentiation of signal from noise®. This
approach separates meaningful connectivity values from background
noise by modeling their distinct statistical distributions, effectively
suppressing connections likely to be noise. ComBat*® was used to
remove scan-site effects. See Supplementary Section 5 for further
details on the Gaussian-gamma mixture modeling thresholding.

Normative modeling

We applied Gaussian process regression to fit normative models predict-
ing FC for each of 75,855 pairs of brain regions using age, sex and mean
FD (an aggregate measure of head motion; Supplementary Section 4).
For each connectionineach person, we quantified deviations fromnor-
mative model expectations using z-scores, calculated by subtracting
predicted from observed FC values, divided by estimated variance. To
obtain deviations for the group of autistic individuals, the model was
trained on neurotypical and tested on autistic participants, establishing
their deviations from the normative model. To obtain deviations for neu-
rotypicalindividuals, we used tenfold cross-validation, where we trained
themodel on nine folds and tested it on the tenth held-out fold. This was
repeated across all folds to obtain deviation estimates for the entire
sample, whereby each control participant’s deviations were computed
fromamodeltrained without their data. Separately, to assesswhether the
normative modeling procedure was successful, we computed normative
modelvalidation statistics, which can be foundin Supplementary Section
7.0ur primary outcomes were individual-level FC deviations fromnorma-
tive expectations, quantified asz-scores, examined at three spatial scales:
pairwise connections, brainregions and canonical functional networks.

Connection-level analysis

Extreme deviations were defined as |Z] > 2.3, corresponding to approxi-
mately P< 0.01. Thresholds for defining extreme deviationsin normative
modeling studies have typically ranged from |Z] >1.96 (P< 0.05)"** to
|Z]>2.6 (P< 0.005)""**, The present threshold represents a principled
intermediate choice that balances sensitivity to meaningful deviations
against specificity. Given that a central aim of this study is to characterize
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heterogeneity in autism and capture the diversity of individual-level
atypical connectivity patterns, we favored a threshold that maintains sen-
sitivity rather than a more stringent cutoff that risks obscuring genuine
variability. To ensure robustness, we report supplementary analyses at
|21>1.96 (P<0.05),17]>2.6 (P<0.005)and|Z] > 3.1(P< 0.001), whichdem-
onstrate consistent spatial patterns withthe expected attenuationat more
extremethresholds (Supplementary Section 9 and Supplementary Figs. 5
and 6). Group differencesintotal extreme deviations were assessed using
Wilcoxon rank-sum tests for both positive and negative deviations. We
compared positive-to-negative deviation ratios between groups using
independent two-sample t-tests to assess polarity bias in autistic versus
neurotypical individuals. Interindividual heterogeneity was analyzed
by calculating the percentage of participants showing extreme devia-
tions per connection, with significance determined through 10,000
group-label permutations and FDRg;, correction (Fig. 2a).

Region-level analysis

For each participant, we counted the number of connections with
extreme z-scores attached to each brain region (|z| > 2.3; Fig. 2b), a
quantity we term deviation degree. We then used deviation degree to
study thelevel of deviation overlap at the regional level. At the connec-
tionlevel, each FC deviation estimate can be classified as deviant or not
depending on whether it exceeds the threshold. Computing overlaps
across participantsin this scenariois straightforward. However, at the
regionlevel, deviation degreeis not binary (for example, aregion might
have 0,3 or12 deviant connections), complicating attempts to quantify
overlap across participants. One approach would beto apply a thresh-
old to deviation degree values, but the specific threshold value that
should be used is unclear. We therefore evaluated group differences
acrossarange of thresholds, 1< 7<20,and, ateach threshold, plotted
how many participants had a deviation degree of at least 7 (Fig. 3b).
Theupper bound of 20 was chosen because few people showed higher
deviation degree within any brain region. We then calculated the AUC
across these thresholds, providing a single summary measure that
captures regional overlap across groups without depending on any
particular threshold choice. We compared AUC values between autistic
and control groups using 10,000 permutations of diagnostic labels and
used false discovery rate correction across all regions.

Network-level analysis

We used the same approach to examine group differences at the net-
work level, calculating the percentage of extreme deviations that
occurred withinand between brain networks (Fig.2c). For each network
and group, we calculated participant overlap across deviation thresh-
olds (1-10%), with the upper bound of 10% chosen because very few
participants showed deviation overlap beyond this threshold (Fig. 3b).
We compared these patterns between groups. The inference was per-
formed with 10,000 permutations and FDRgy,-corrected Pvalues.

Predicting clinical and cognitive variables from FC deviations
As secondary outcomes, we assessed whether deviation patterns
predicted clinical and cognitive measures. We used SVR to develop
multivariate predictive models of clinical and cognitive measures
using FC deviation scores at the connection, region and network lev-
els. Models were fitted to the following measures: ADOS social affect,
ADOS restricted interests and repetitive behavior (RRB), ADIRRB, ADI
communication, ADI social interaction, SRS-2, full-scale IQ from the
Wechsler Abbreviated Scales of Intelligence Second Edition and the
ShortSensory Profile (SSP) scale and AQ™. See Table 1and Supplemen-
tary Section 8 for descriptive statistics and more information on the
variables. See Supplementary Section 11 for model details.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data collected within the ABIDE 1 and 2 initiatives are available for
public use on the following links: http://fcon_1000.projects.nitrc.
org/indi/abide/abide_l.htmland http://fcon_1000.projects.nitrc.org/
indi/abide/abide_Il.html. Data from the EU-AIMS LEAP consortiumare
stored at the central EU-AIMS database at the Pasteur Institute in Paris.
These dataare currently only accessible to consortium members with
an analysis proposal approved and will become publicly available via
asecure database in the near future (https://elixir-luxembourg.org/).

Code availability

Analysis code used for this manuscriptis available via GitHub at https://
github.com/ivaili/MultiscaleHeterogeneity. Software versions for
the data analysis are: FMRIB Software Library 5.0.10, Matlab R2018b,
Spyder(Python3.12) and Predictive Clinical Neuroscience Toolkit 0.20,
and scikit-learn 0.24.2 code for the analyses is available via GitHub at
https://github.com/ivaili/MultiscaleHeterogeneity.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX O OO0 000F%

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We used resting state fMRI and clinical variables collected by the EU-AIMS LEAP consortium and the ABIDE1 and 2 initiatives.

Data analysis FMRIB Software Library 5.0.10, Matlab R2018b, Spyder(Python 3.12), Predictive Clinical Neuroscience Toolkit 0.20, scikit-learn 0.24.2 code for
the analyses is available at https://github.com/ivaili/MultiscaleHeterogeneity

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
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All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Data collected within the ABIDE 1&2 initiatives is available for public use on the following links http://fcon_1000.projects.nitrc.org/indi/abide/abide_l.html; http://
fcon_1000.projects.nitrc.org/indi/abide/abide_Il.html .
Data from LEAP are stored at the EU-AIMS database at the Pasteur Institute in Paris. LEAP data is only accessible to consortium members with an analysis proposal




approved, and it will be available for use to the wider research public through open-access publication via a secure database that will become available in the near
future (https://elixir-luxembourg.org/).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender For participants in the EU-AIMS LEAP consortium, sex was initially determined by self- or parent report and subsequently
confirmed through DNA analysis. For participants in the ABIDE initiatives, sex was determined via self- or parent report.

Sex was included as a covariate in all normative modeling analyses. To assess whether our findings were driven by sex-
specific effects, we performed a sensitivity analysis restricting our sample to male participants only. This male-only analysis
yielded results that were highly consistent with our main findings, demonstrating that our reported effects are robust to
participants' sex and not attributable to sex-related differences in brain structure or function.

Reporting on race, ethnicity, or  In the EU-AIMS LEAP cohort, self-identified race was collected via parental- or self-report and categorized as White, Asian,
other socially relevant Black, Mixed, or Other, following the classification system adopted by the participating clinical sites, numbers can be found in
Table 1. For the ABIDE | and Il datasets, race or ethnicity was not collected as part of the shared phenotypic protocol. ABIDE
is a retrospective, multi-site databank aggregated from previously and independently collected datasets drawn from multiple
international sites across North America and Europe. Demographic harmonization was limited to variables consistently
available across all contributing sites (i.e., age, sex, handedness, and 1Q) and race/ethnicity was not among them.

groupings

Population characteristics 796 autistic individuals (141 females; age-range: 5-58), 1028 neurotypical controls (256 females; age-range: 5-56)

Recruitment For autistic participants: At each study site, participants with ASD and mild ID are recruited from existing local databases,
clinic contacts, and local and national support groups.
For typically developing participants: participants are recruited via mainstream schools, flyers (e.g. left at youth centres,
colleges, churches, etc.), and existing databases

Ethics oversight The study was approved by national and local ethics review boards at each study site and is carried out to Good Clinical
Practice (ICH GCP) standards.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size All available participant data that passed our quality control criteria was included from the 3 datasets. No previous sample size calculations
were performed.

Data exclusions  Of the 2,635 participants with available demographic and resting-state fMRI data across the three datasets (LEAP: 623; ABIDE I: 1,110; ABIDE
11: 902), 811 (30.8%) were excluded through sequential quality control steps. Exclusions were made for preprocessing failure (N=25),
incomplete scans (N=225), excessive head motion (N=426; mFD > 0.25mm, >20% of framewise displacements above 0.2mm, or any single
displacement > 5mm), poor signal coverage (N=20), visible artifacts identified through carpet plot inspection (N=36), IQ below 70 (N=75), and
structural brain abnormalities (N=4). The final sample comprised 1,824 participants (LEAP: 422; ABIDE I: 850; ABIDE II: 552), including 796
autistic individuals (141 female) and 1,028 neurotypical individuals (256 female), aged 5-58 years, recruited across 32 sites.

Replication To assess the generalizability of our findings across different data sources, we conducted sensitivity analyses by repeating our primary
analyses separately within the EU-AIMS LEAP dataset and the combined ABIDE 1 and 2 datasets. The results from these independent dataset
analyses were highly consistent with our main findings from the pooled sample, confirming that our reported effects are not driven by
dataset-specific characteristics and represent robust patterns that generalize across multiple independent cohorts.

Randomization  Participants were allocated into diagnostic groups depending on autism diagnosis

Blinding We only used fMRI data and clinical variables. This data analysis and collection did not require blinding.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied-

Authentication Describe-any-atthentication-procedures foreach seed stock- tised-or-novel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type resting state fMRI
Design specifications We used only resting state data.

Behavioral performance measures  No behavioral measures were collected during the recording

Acquisition
Imaging type(s) Functional imaging
Field strength 3T
Sequence & imaging parameters The scanning parameter details for each site is available in tables S1, S2 and S3 in the supplement.
Area of acquisition Whole brain
Diffusion MRI [ ] used X Not used

Preprocessing

Preprocessing software FSL 5.0.10 was used for every step of the preprocessing.

Normalization Participant functional images were co-registered to their respective anatomical images using boundary-based registration in
FSL FLIRT. High-resolution structural images were registered to MNI152 standard space using a 12-parameter affine
transformation and further refined with a non-linear registration via FSL FNIRT, employing a 10mm warp and 2mm
resampling resolution. Finally, functional images were normalized to 2mm MNI152 standard space by applying the
transformation of the functional image to T1 and T1 to MNI152. All subsequent analyses were conducted in MNI152 standard

space.
Normalization template MNI152 standard template
Noise and artifact removal The following pipeline was implemented: removal of the initial five volumes for signal equilibration, volume realignment to

the median volume using MCFLIRT for primary head motion correction, grand mean scaling, and spatial smoothing employing
a 6mm FWHM Gaussian kernel. ICA-AROMA was then used for secondary head motion-related artifact correction. ICA-




AROMA is capable of effectively removing motion-related artifacts while preserving neurobiological signals of interest, and
has compares favorably to alternative methods for motion-related confound removal. Mean signals from the CSF and white
matter were regressed out as nuisance covariates, and a 0.01Hz temporal high-pass filter was applied.

Volume censoring No volume censoring was used. We excluded participants that did not meet the stringent motion-artefact-related quality
control criteria

Statistical modeling & inference
Model type and settings Statistical inference was done in a mass univariate manner, where we determined the difference of overlap between groups

for each connection, region and network and we compared the difference to a distribution of 10, 0000 diagnostic label-
shuffled permutations.

Effect(s) tested We tested the difference in overlap of normative modeling deviations at the level of connections, regions and networks.

Specify type of analysis: - [X| whole brain || ROI-based [ ] Both

Statistic type for inference Statistical inference was done on the level of individual connections, regions and networks.

(See Eklund et al. 2016)
Correction FDR statistical correction was applied to all p-values at each level of inference

Models & analysis

n/a | Involved in the study
|:| g Functional and/or effective connectivity

|Z| |:| Graph analysis

|:| |Z Multivariate modeling or predictive analysis
Functional and/or effective connectivity Pearson correlation was used to determine functional connectivity between regional pairs.

Multivariate modeling and predictive analysis We used support vector regression to predict clinical variables from deviation maps at each level
(connections, regions, networks)
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