

















Fig. 3 Individual difference in functional deviations for partici-
pants with autism spectrum disorder (ASD). A Individual deviations
in leading mode expressions for participants with ASD.
B Comparisons of interindividual distances in functional deviation
profiles between ASD and typical developing groups (two-sample t-
tests). Interindividual pairwise distances were calculated using the
Euclidean metric. C Distribution of ASD individuals by the number of
leading modes exhibiting extreme positive (red) or negative (blue)
deviations. D Numbers of ASD individuals exhibiting extreme
positive (red) or negative (blue) deviations in each mode. TD
typically developing, LM leading mode, PF projection feature.

differences in cortical thickness between the two subtypes (all
ProrS < 0:05, Fig. 6B).

At the system level, both ASD subtypes showed greater thickness
in the ventral attention and somatomotor networks and decreased
thickness in the frontoparietal, dorsal attention, and limbic networks
compared with TD controls (all pgpgs < 0:05). However, the two
subtypes diverged in the default-mode and visual networks:
subtype 1 showed greater thickness in the default-mode network
and decreased thickness in the visual network (all pppgs < 0:05),
whereas subtype 2 exhibited the opposite pattern in the default-
mode network (pgpg < 0:05) and no significant change in the visual
network (pgpr >0:05). Direct comparisons between subtypes
revealed significant differences across all seven functional networks
(all pppgs < 0:05). Opposite alteration patterns were observed in the
visual and somatomotor networks relative to the default-mode,
limbic, frontoparietal, and attention networks (Fig. 6B).

Using ACT values from 1000 brain nodes as input features, the
structural classifier achieved high accuracy in predicting ASD subtype
membership (accuracy = 0.83+0.02, balanced accuracy =
0.78 £0.02, AUC = 0.84 £ 0.01, all ps < 0.001; 100 repetitions, Fig. 6C).
The confusion matrix revealed a moderate sensitivity for subtype 1
(66% + 4%) and high specificity (89% + 1%) for subtype 2 (Fig. S5).
The most discriminative features were primarily located in the medial
prefrontal cortex, fusiform gyrus, visual cortex, and somatosensory
cortex (Fig. 6D), with relatively low variability across repetitions (Fig.
S5). These regions closely overlapped with those showing significant
cortical thickness differences between the two subtypes.

Validation results

Overall, the main findings are robust across multiple analysis
strategies. The leading modes and the projection features
stabilized after 100 repetitions (Fig. S6). Functional subtypes and
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subtype-specific functional alterations remained highly consistent
under different head motion correction strategies (Figs. $7-510).
Brain-symptom associations were largely preserved across alter-
native CCA specifications (Figs. S11-S12). Under the leave-one-site-
out strategy, ASD subtyping was highly reproducible (Table S5),
and subtype prediction achieved an accuracy of 84% when each
site was used as an independent test set (Fig. S13). Finally, two
functional subtypes of ASD were identified in the independent
PKUSH dataset, showing similar functional alterations (Fig. S14)
and clinical symptom differences (Table S6). The ABIDE-trained
structure-to-subtyping classifier achieved good performance
when applied to PKUSH (accuracy = 0.79, balanced accuracy =
0.74, AUC = 0.78; Fig. S14). The relatively lower accuracy compared
with ABIDE may be due to the smaller ASD size in PKUSH and
population differences.

DISCUSSION

This study demonstrates profound interindividual heterogeneity in
the functional state dynamics of spontaneous brain activity in
ASD. Using normative modeling, we quantified individual devia-
tions in the expressions of five leading activity modes and
identified two reproducible ASD subtypes across imaging sites in
the ABIDE dataset. These subtypes exhibited divergent, mode-
specific alterations in functional activity and connectivity and were
clinically dissociable with distinct brain-symptom associations.
Moreover, they showed different cortical thickness alterations, and
subtype membership could be predicted at the individual level
from altered cortical thickness patterns. The major findings were
replicated in an independent, out-of-sample dataset. Together,
these results underscore substantial heterogeneity in connectome
dynamics and its potential anatomical substrates in ASD,
providing new insights into the neurobiological mechanisms
underlying ASD heterogeneity.

ASD-related heterogeneity and abnormal deviations in
functional state dynamics

In this study, we investigated heterogeneity in whole-brain
functional state dynamics in ASD beyond traditional case-control
comparisons [11-13]. We focused on individual deviations in the
functional state expressions (i.e., leading mode expressions),
while accounting for age-related effects using normative model-
ing [30-33]. Consistent with prior studies [38, 61], we identified a
small set of representative functional states, supporting the
reproducibility of this low-dimensional organization of sponta-
neous activity across populations. These leading modes exhibited
system-dependent spatial patterns and have been linked with
distinct cognitive profiles [38], suggesting that they capture
biologically meaningful axes of brain organization. Notably, the
eigen-microstate analysis represents each moment as a weighted
combination of leading modes, capturing continuous and over-
lapping dynamics. This state definition differs from sliding-
window or dynamic independent component analysis
approaches, which typically assign each time window to a single
brain state [14]. Consistent with our findings, altered overlapping
brain state dynamics has also been observed in other psychiatric
disorders using nonlinear manifold learning [62]. These comple-
mentary frameworks underscore the value of functional state
dynamics for probing the neural mechanisms underlying brain
disorders.

Individuals with ASD exhibited mode-dependent, aberrant
deviations in leading mode expressions (i.e., PFs), with prominent
effects in modes 2-4. At the individual level, deviation profiles are
highly heterogeneous. Extreme deviations were largely restricted
to a single mode (mostly modes 2, 3, and 4) and showed low
cross-individual consistency (< 6%). This observation suggests
multiplexed coordination among brain regions and highlights the
fine-grained, individualized nature of connectome dynamics
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Fig. 4 Subtype-specific deviations in projection features (PFs) and functional organization. A PF deviations in each leading mode were
compared between each autism spectrum disorder (ASD) subtype and the typically developing group, as well as between the two ASD
subtypes (two-sample t-tests). B Mean PF deviations across five leading modes within each ASD subtype (i.e., cluster centers). C Principal
deviation patterns of functional activity for each subtype. Deviations in subtype 1 primarily involved the visual, default-mode, frontoparietal,
and dorsal attention networks. Deviations in subtype 2 primarily involved the somatomotor, visual, frontoparietal, and ventral attention
networks. Brain maps show nodal-level patterns, and bar plots summarize system-level patterns. D Functional connectivity deviation patterns
at the nodal and system levels for each subtype. TD typically developing, LM leading mode, ASD1 ASD subtype 1, ASD2 ASD subtype 2, pgpr
false discovery rate-corrected p-value, AAmplitude activity amplitude deviations, AFC functional connectivity deviations, DMN, default-mode
network, FPN frontoparietal network, LN limbic network, VAN ventral attention network, DAN dorsal attention network, SMN somatomotor
network, VN visual network.

alterations in ASD. These three modes were characterized by
coordinated activity between visual and somatomotor networks
and other high-order networks, including the default-mode,
frontoparietal, and attention networks. Such configurations are
consistent with established functional hierarchies supporting
sensory processing, self-referential processing, and executive
control [38, 63]. In contrast, mode 1 showed fewer extreme
deviations at the individual level, suggesting the relative stability
of individual deviations in this mode. Spatially, this mode reflects
the separation between primary and association cortices [63, 64],
which may be tightly constrained by basic neurophysiological
processes. Prior work has reported its role as a shared and
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fundamental functional component across individuals [38, 65],
and it tends to remain relatively stable despite disease-related
alterations. Together, these findings reveal mode-specific patterns
of functional deviations in ASD, which are not present in static
connectivity measures. These heterogeneous functional deviations
may relate to individual-specific age-related changes during
neurodevelopment [66]. By integrating low-dimensional dynamic
features with normative modeling, our study provides a novel
approach to characterize individualized disruptions of brain
dynamics in ASD. This approach extends beyond traditional static
or temporally averaged measures of functional connectivity
[3, 4, 8, 24].
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Table 2. Demographic and clinical characteristics of two ASD subtypes in the ABIDE cohort.

Subtype 1 (n=113)

Age, years 14.72 +5.33 (113)
FSIQ 106.77 £ 16.38 (113)
Mean FD, mm 0.23+0.11 (113)
ADI-R

Social 18.24 +4.76 (85)
Verbal 15.43 +4.17 (85)
RRB 6.22 +2.15 (85)
Onset 3.36+ 1.39 (85)
ADOS-2

Total 9.28 +3.92 (60)

Social affect
RRB

5.54 +3.63 (60)
3.60+ 1.51 (62)

Severity 5.70+1.91 (60)
SRS

Total 102.02 + 24.56 (85)
Awareness 13.66 + 3.10 (60)
Cognition 18.30 + 5.32 (60)

Communication
Motivation

Mannerisms

All values are presented as mean + SD (participant number available).

36.98 + 8.95 (60)
13.82 +5.80 (60)
21.52 +6.37 (60)

Subtype 2 (n =327) Cohen’s d p Value
14.13 £5.40 (327) 0.111 0.309
107.18 £ 16.71 (327) -0.025 0.822
0.19+£0.09 (327) 0.348 0.002%*
18.44 + 5.44 (270) -0.036 0.772
15.18 +4.53 (271) 0.058 0.644
5.45+2.60 (271) 0.308 0.007**
3.20+1.33 (232) 0.117 0.356
10.44 £ 4.57 (197) -0.260 0.079
7.98 +3.77 (194) -0.650 <0.001***
2.64 +1.74 (195) 0.566 <0.001***
6.46 +2.05 (197) -0.376 0.011*
83.85 +31.04 (204) 0.618 <0.001***
12.75+4.18 (108) 0.237 0.113
13.83 £ 6.30 (108) 0.746 <0.0071***
28.37 £ 11.25 (108) 0.816 <0.0071***
12.01£6.22 (108) 0.297 0.067
14.63 +7.32 (108) 0.979 <0.0071***

All p values were obtained from two-sample t-tests; *p < 0.05; **p <0.01; ***p <0.001. For each clinical measure, we considered participants with the

corresponding scores available.

ASD autism spectrum disorder, FSIQ full-scale intelligence quotient, Mean FD mean framewise displacement, ADI-R autism diagnostic interview-revised, RRB

restricted and repetitive behavior, ADOS-2 autism diagnostic observation schedule-second edition, SRS social responsiveness scale.

ASD subtypes based on functional state dynamics deviations
To further delineate individual differences, we identified two ASD
subtypes showing distinct deviation profiles across the first four
leading modes. These two subtypes are reproducible across
imaging sites in the ABIDE and replicated in an out-of-sample
dataset. Compared with the TD group, subtype 1 displayed
additional deviations in mode 1, which was absent in the full ASD
group. These findings highlight the importance of accounting for
within-group heterogeneity. Both subtypes shared alterations in
the visual and frontoparietal networks. The ASD-related functional
alterations in these networks have been linked with sensory
hypersensitivity [67, 68] and reduced cognitive control [69].
Beyond these shared disruptions, these two subtypes diverged
in additional network alterations, indicating divergent sensory and
cognitive processing abnormalities. Subtype 1 exhibited extra
dysfunctions in the default-mode and dorsal attention networks,
potentially related to ASD-related excessive internally directed
thought [70] and impaired interpretation of visual social cues
[67, 68]. Subtype 2 showed additional alterations in the
somatomotor and ventral attention networks, which may underlie
motor and imitation deficits [71] and attentional impairments in
ASD [72]. Interestingly, these functional distinctions mirror prior
subtyping based on static FC, which reported one subtype with
hyperconnectivity in the default-mode/salience networks and
another with somatomotor network disruptions [73]. The diver-
gent network alterations may contribute to clinical differences
between subtypes. Subtype 1 exhibited more severe restrictive
and repetitive behaviors and greater social responsiveness
impairments than subtype 2, with medium to large effect sizes,
indicating that the subtypes are clinically distinguishable. Notably,
head motion differed between subtypes despite stringent
correction, suggesting that it may reflect neurobiologically
relevant traits rather than mere measurement noise [74-76]. This
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finding highlights the careful consideration of motion in future
ASD studies.

The associations between functional dynamics deviations and
clinical symptoms were both mode-dependent and subtype-
specific, which are not driven by specific site bias. This pattern
suggests that distinct neurophysiological mechanisms may under-
lie phenotypic heterogeneity in ASD. In both subtypes, deviations
in leading modes 4 and 5 correlated with social motivation deficits
and stereotyped behaviors. These two modes are linked to higher-
order cognitive functions, including inhibitory control, motor
regulation, working memory, reward processing, and language
expression [38]. Their disruptions may represent shared substates
of core ASD symptoms. Subtype-specific patterns also emerged. In
subtype 1, deviations in mode 2 were associated with impair-
ments in social communication and awareness. Mode 2 coordi-
nates activity across visual, default-mode, and salience networks.
Its disruptions may impair the integration of perceptual input with
self-referential and salience processing [67, 68, 70], reducing the
capacity to extract and prioritize socially relevant cues. In subtype
2, deviations in mode 3 were associated with broad impairments
in social responsiveness. Mode 3 reflects interactions within and
between frontoparietal and dorsal attention networks, which are
essential for recognizing emotions and intentions [71] and
adapting to dynamic social cues [69]. Collectively, these findings
indicate that subtype-specific disruptions in functional state
dynamics are linked to distinct clinical profiles, highlighting their
potential as clinically informative markers for stratification and
individualized interventions in ASD.

Distinct structural substrates of two functional subtypes

Previous studies have reported widespread cortical thickness
abnormalities in ASD [40], particularly in the prefrontal, parietal,
and temporal cortices [39-41, 77-79]. These alterations also
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Fig. 5 Association patterns between projection feature (PF) deviations and clinical symptoms in two subtypes. A Association in
Subtype 1. B Association in Subtype 2. Canonical correlation analyses were conducted between PF deviations in each leading mode and
aggregated clinical subscale scores derived from three diagnostic instruments (see Supplement). Each scatter plot shows a significant
association between the canonical PF deviation score and the canonical clinical score, with each dot representing an individual with autism
spectrum disorder. All p-values displayed were corrected with the false discovery rate method across leading modes and symptom scales (i.e.,
5 modes x 3 scales). Bar plots display the canonical loadings, defined as Pearson’s correlation between individual subscales and the
corresponding canonical clinical score. The table lists the full names and abbreviations of clinical subscales displayed in the bar plots. ASD
autism spectrum disorder, APF projection feature deviations, LM leading mode, RRB restricted and repetitive behavior, ADI-R Autism

Diagnostic Interview-Revised, SRS Social Responsiveness Scale.

exhibit considerable interindividual variability in both spatial
distribution and direction of change [32, 41]. Consistent with these
findings, both functional subtypes identified here exhibited
distributed cortical thickness alterations. Shared patterns across
subtypes predominantly involved the somatomotor, frontoparie-
tal, ventral/dorsal attention, and limbic networks, reflecting
common structural disruptions in ASD. Notably, these two
subtypes diverged in cortical thickness within the default-mode
and visual networks, paralleling their distinct functional deviation
profiles. In contrast, other networks, such as the frontoparietal and
somatomotor networks, showed discordant structural and func-
tional alterations, suggesting complex, region-specific coupling.
These subtype-specific alterations may correspond to distinct
neurocognitive phenotypes, with subtype 1 associated with
heightened internally directed processes and subtype 2 with
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increased perceptual sensitivity. These clinical differences have
been frequently observed in ASD [57, 80].

Importantly, ASD subtype membership, defined by functional
dynamics deviations, could be predicted with high accuracy from
cortical thickness alterations. This finding was replicated in
multiple validation analyses, including an independent PKUSH
dataset, underscoring the role of anatomical substrates in shaping
functional dynamics. Notably, while subtype 2 membership was
reliably identified, a proportion of subtype 1 individuals were
misclassified, likely reflecting the inherent heterogeneity in
functional features within subtype 1. Prior work has shown that
cortical thickness undergoes coordinated thinning during child-
hood and adolescence, in parallel with developmental changes in
FC patterns [81]. Thus, the atypical development of cortical
thickness may contribute to altered functional dynamics in ASD.

Molecular Psychiatry
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Fig. 6 Subtype-specific structural characteristics in cortical thickness. A Comparison of global cortical thickness among autism spectrum
disorder (ASD) subtype 1, subtype 2, and typically developing controls. B Group differences in cortical thickness at the nodal and system levels
among ASD subtypes and the typically developing group (two-sample t-tests, all ps < 0.05, false discovery rate corrected). Nodal-level t-values
are shown on brain maps, and system-level t-values are presented as circular plots. C Subtype prediction using a random forest classification
model. Red curves represent receiver operating characteristic (ROC) curves from each of 100 random splits of the training and test sets, and
the gray dashed line indicates chance-level performance. True positive rate, samples with original subtype 1 correctly predicted as subtype 1;
False positive rate, samples with original subtype 2 incorrectly predicted as subtype 1. D Nodal contribution to the subtype prediction. The
brain map shows the average feature importance scores across 100 splits for each brain node. TD typically developing, ASD1 ASD subtype 1,
ASD2 ASD subtype 2, CT cortical thickness, DMN default-mode network, FPN frontoparietal network, LN limbic network, VAN ventral attention
network, DAN dorsal attention network, SMN somatomotor network, VN visual network, pg,, Bonferroni-corrected p-value, AUC area under

the ROC curve.

Cortical thinning reflects microstructural changes, including
synaptic pruning [82] and intracortical myelination [83]. Integrat-
ing local morphological features into computational dynamic
models may help clarify how structural abnormalities give rise to
altered functional dynamics [84, 85]. Such efforts would advance
our understanding of the anatomical basis of functional hetero-
geneity in ASD.

Conclusions and future work
Our study reveals substantial interindividual variability in
functional state dynamics in ASD, identifies neurophysiologi-
cally and clinically distinct ASD subtypes, and links this
heterogeneity in connectome dynamics to underlying struc-
tural morphology. These findings offer novel insights into the
neural mechanisms underlying ASD heterogeneity and intro-
duce an individualized, clinically sensitive framework for
subtyping, with potential implications for ASD and other
psychiatric conditions.

Several issues warrant further consideration. First, the current
sample included only male participants, due to the higher
prevalence of ASD in males and the limited number of female
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participants in ABIDE. Prior studies have reported sex-specific
alterations in static functional organization [86-88] and connec-
tome dynamics [89]. However, functional subtyping studies that
included females have not reported within-subtype sex effects
[24, 73, 90]. Thus, it remains unclear whether the functional
subtypes identified here would generalize to female samples,
underscoring the need for further investigation with adequately
powered female cohorts. Second, age-related trajectories of PFs
were estimated from cross-sectional data, which may be
influenced by individual differences unrelated to development.
In the future, incorporating longitudinal data would allow a more
precise characterization of developmental changes within the
normative modeling framework [91, 92]. Third, discrepancies were
observed between caregiver-reported and clinician-assessed
symptom measures, with subtype 1 showing greater restricted
and repetitive behaviors and social difficulties despite showing
lower clinician-rated severity. This likely reflects informant
discordance in the assessment of social skills [93, 94] and
underscores the need for multi-informant phenotyping [95].
Finally, information on psychiatric comorbidities and medication
status was not available for participants used here. These factors
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are known to influence functional organization and symptom
measures [96-98], and may therefore affect functional subtyping
and brain-symptom associations. They may also contribute to the
discrepancies between caregiver-reported and clinician assess-
ments mentioned above. Future studies incorporating detailed
comorbidity, treatment information, or other clinical populations
will help clarify which functional alterations are ASD-specific or
shared with other conditions.
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The ABIDE datasets are publicly available (https://fcon_1000.projects.nitrc.org/indi/
abide/). The PKUSH dataset is available from the corresponding author (L.Y.) upon
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tive modelling via PCNtoolkit (https://github.com/amarquand/PCNtoolkit), NbClust
(https://www.rdocumentation.org/packages/NbClust/versions/3.0.1/topics/NbClust),
and mvlearn (https://github.com/mvlearn/mvlearn). All custom codes used in this
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