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Heterogeneous functional state dynamics and its structural
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Neuroimaging studies have revealed altered functional connectome dynamics in autism spectrum disorder (ASD) and linked these
alterations to clinical symptoms. However, most studies have emphasized population-level contrasts, leaving interindividual
variability in connectome dynamics and its structural underpinnings poorly understood. To address this gap, we analyzed resting-
state functional and structural MRI data from 939 male participants (440 with ASD, 499 typically developing controls) across 18 sites
in the Autism Brain Imaging Data Exchange (ABIDE). Whole-brain functional state dynamics was characterized using five leading
activity modes and their expressions via eigen-microstate analysis. Age-related trajectories of mode expressions were constructed
for typically developing controls using normative modeling, enabling quantification of individual-level deviations in functional
dynamics. Compared with controls, ASD individuals showed greater interindividual variability in functional deviation profiles.
Unsupervised clustering of these profiles identified two robust ASD subtypes with distinct mode-specific dysfunctions. One subtype
primarily involved the visual, default-mode, frontoparietal, and dorsal attention networks, whereas the other subtype primarily
involved the somatomotor, visual, frontoparietal, and ventral attention networks. These subtypes were clinically dissociable,
differing in restricted and repetitive behaviors and social impairments, and exhibited mode-specific brain-symptom associations.
Furthermore, the subtypes exhibited distinct cortical thickness alterations, and individual subtype membership was predicted with
high accuracy (83%) using a random forest classifier based on cortical thickness. The main findings were replicated in an
independent cohort outside ABIDE. This study delineates two reproducible and clinically dissociable ASD subtypes and links
functional connectome dynamics to structural substrates, offering novel insights into the neurobiological basis behind ASD
heterogeneity.
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INTRODUCTION
Autism spectrum disorder (ASD) is a neurodevelopmental condi-
tion characterized by profound clinical and neurobiological
heterogeneity [1, 2]. This heterogeneity complicates efforts to
uncover its mechanisms and improve diagnosis. Contemporary
perspectives conceptualize autism as a disconnection syndrome,
characterized by widespread disruptions in functional connectivity
organization, particularly in the default-mode and somatomotor
networks [3, 4]. Recently, increasing attention has shifted towards
functional connectome dynamics, which tracks time-resolved
reconfigurations of brain networks supporting cognitive flexibility
and adaptive behavior [5–7]. Altered connectome dynamics have
been observed in ASD, including increased connectivity variability
[8, 9], aberrant intermodular switching [10], and reduced
functional state transitions [11–13]. These findings indicate
disrupted dynamic coordination and impaired neural flexibility
in ASD. Importantly, beyond temporally aggregated measures,

functional state dynamics capture the transient and metastable
nature of whole-brain functional configurations [14]. This state-
resolved perspective allows identification of disease-related
alterations and clinical associations specific to certain functional
states [12, 13], thereby potentially offering sensitive and specific
markers of pathology and behavior in ASD [14, 15].
Most prior studies, however, have focused on population-level

contrasts in connectome dynamics, largely overlooking interindi-
vidual variability. Given the substantial heterogeneity of ASD, it is
critical to move beyond case-control designs and toward
individualized characterization of functional deviations [16–18].
Such an approach is essential for precision diagnosis and
intervention [19–21]. Only a few studies have attempted to
address this gap [22–24], but limitations remain. Two studies
focused narrowly on dynamic configurations of the salience
network [22, 23]. Another study combined static and dynamic
connectivity measures (mean and variability) for subtyping, yet
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the resulting subgroups exhibited highly overlapping clinical
profiles [24]. These approaches have ignored transient whole-
brain functional states, which may capture subtle, disease-related
functional alterations and clinically relevant associations [14, 15].
Moreover, the structural substrates underlying individual varia-
bility in functional dynamics remain largely unexplored. Brain
anatomy provides the fundamental scaffold for functional
organization [25]. Accumulating evidence suggests that functional
connectome dynamics is constrained by multiple anatomical
factors, including the strength and modular organization of white-
matter connectivity [9, 26, 27] and the hierarchical organization of
the cortex [28]. Recent work has further demonstrated a tight
coupling between interindividual differences in functional and
structural connectivity [29]. However, how anatomical features
contribute to heterogeneous connectome dynamics in ASD
remains unclear.
To address this gap, we integrated whole-brain functional state

dynamics with normative modeling to quantify individual-level
deviations in ASD and to examine their structural substrates.
Normative modeling provides a robust statistical framework for
estimating subject-specific deviations from normative trajectories,
while accounting for age-related effects [30–33]. Specifically, we
leveraged resting-state functional and structural MRI data from a
large multisite cohort of 939 male participants from the Autism
Brain Imaging Data Exchange (ABIDE) [34, 35]. Using eigen-
microstate analysis of functional data [36–38], we derived a low-
dimensional representation of functional state dynamics, which
captures metastable functional states and their temporal expres-
sions [38]. We then assessed heterogeneity in individual deviation
profiles of functional state dynamics and clustered these profiles
to identify reproducible ASD subtypes. Finally, we compared these
subtypes in terms of connectome dynamics alterations, associa-
tion with clinical symptoms, and cortical thickness differences. The
generalizability of the main findings was evaluated using an
independent dataset outside ABIDE. We hypothesized that (1)
individuals with ASD would exhibit heterogeneous deviations in
functional state dynamics, giving rise to reproducible neurophy-
siological subtypes with distinct clinical profiles; and (2) these
subtypes would be associated with underlying anatomical
substrates. Here, we focused on cortical thickness as the structural
measure, given that cortical thickness alterations have been
frequently reported in ASD [39–41].

METHODS AND MATERIALS
Participants
Two datasets were used here, including the publicly available ABIDE
dataset [34, 35] and an independent cohort from Peking University Sixth

Hospital (PKUSH). The ABIDE dataset was used for the main discovery,
whereas the PKUSH dataset served as an independent validation cohort.

ABIDE discovery cohort. We used resting-state functional MRI (rs-fMRI) and
structural MRI (sMRI) data from 939 male participants (440 with ASD and 499
typically developing (TD) controls; aged 5-35 years) across 18 independent
sites from ABIDE I and II datasets (https://fcon_1000.projects.nitrc.org/indi/
abide/) [34, 35]. Data were screened using stringent criteria [10], considering
sex, structural image quality, rs-fMRI scanning protocols, head motion, brain
coverage, spatial normalization, full-scale intelligence quotient (FSIQ), and
age range (Supplement). Clinical assessments included the Autism
Diagnostic Interview-Revised (ADI-R), the Autism Diagnostic Observation
Schedule-Second Edition (ADOS-2), and the Social Responsiveness Scale
(SRS).

PKUSH validation cohort. We used functional and structural data from 90
male participants (42 with ASD and 48 TD controls; aged 6-17 years),
selected using the same screening criteria as the ABIDE cohort
(Supplement). Clinical assessments included ADOS-2.
The ABIDE dataset is publicly available, and details of data acquisition

and ethical approval can be found in the original publications [34, 35]. The
PKUSH dataset was approved by the Ethics Committee of Peking University
Sixth Hospital (Approval No. 2023-61). All methods were performed in
accordance with the relevant guidelines and regulations. Demographic
information for all participants and clinical characteristics for individuals
with ASD are summarized in Table 1 and Tables S1-S2.

Data preprocessing
All rs-fMRI and sMRI data from both cohorts were preprocessed using
harmonized pipelines, implemented with the GRETNA package [42] and
the Computational Anatomy Toolbox (CAT12) [43], respectively (Supple-
ment). For rs-fMRI, preprocessing included removal of the first 10-second
volumes, slice timing correction, realignment, spatial normalization to the
Montreal Neurological Institute (MNI) standard space, spatial smoothing
with an isotropic 6-mm full-width at half-maximum Gaussian kernel, linear
detrending, nuisance regression, and temporal band-pass filtering (0.01-
0.1 Hz). Structural data were preprocessed with bias-field inhomogeneity
correction, skull stripping, and spatial normalization to MNI space [44]. The
resulting probability maps of gray matter, white matter, and cerebrospinal
fluid were then used for subsequent brain morphology analyses.

Analyzing functional state dynamics of spontaneous brain
activity
To characterize functional state dynamics, we applied eigen-microstate
analysis to rs-fMRI data from the TD group to identify a set of leading
activity modes and their corresponding coactivation patterns [38]
(Supplement). These leading activity modes capture recurrent and
dominant patterns of whole-brain functional activity underlying sponta-
neous fluctuations.
Analyses were performed at the node level using a prior functional

parcellation of 1000 cortical nodes [45], which allowed us to capture

Table 1. Demographic characteristics of participants.

ASD TD p Value

ABIDE cohort n= 440 n= 499

Age, years 5.32-34.46 (14.28 ± 5.38) 5.89-34.05 (14.35 ± 5.37) 0.843

FSIQ 71-149 (107.07 ± 16.61) 73-148 (112.81 ± 12.92) <0.001***

Mean FD, mm 0.04-0.50 (0.20 ± 0.10) 0.04-0.49 (0.18 ± 0.09) <0.001***

PKUSH cohort n= 42 n= 48

Age, years 6.75-17.00 (10.25 ± 2.68) 6.83-13.08 (9.74 ± 1.75) 0.282

FSIQ 76-134 (101.93 ± 16.03) 96-150 (117.13 ± 12.29) <0.001***

Mean FD, mm 0.07-0.49 (0.24 ± 0.12) 0.07-0.37 (0.18 ± 0.08) 0.013*

All values are presented as range (mean ± SD).
All p values were obtained from two-sample t-tests; *p < 0.05; ***p < 0.001.
ASD autism spectrum disorder, TD typically developing, ABIDE autism brain imaging data exchange, PKUSH peking university sixth hospital, SD standard
deviation, FSIQ full-scale intelligence quotient, Mean FD mean framewise displacement.
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whole-brain dynamics while reducing computational complexity. For each
participant, nodal time courses were extracted and standardized. Data
from TD individuals were concatenated to construct a group-level
representation of functional activity, namely, matrix A. ComBat harmoniza-
tion [46] was applied to matrix A to mitigate site-related effects while
retaining age, FSIQ, and mean framewise displacement (FD) as regressors
to preserve biologically meaningful variability [47]. Leading activity modes
were then derived from the harmonized group-level matrix A using
singular value decomposition (SVD) (Fig. 1A; Supplement). These modes,
referred to as dominant eigen-microstates, can be viewed as fundamental
building blocks of large-scale functional dynamics. The number of leading

modes was determined based on the spectral properties of the mode
weights, capturing the transition from dominant to negligible contribu-
tions (Supplement). Five leading modes were identified in the TD group
(i.e., K= 5; Fig. S1), corresponding to the last mode preceding the knee
point in the ordered spectrum of mode weights. This knee point, reflecting
a pronounced drop in weights according to Cattell’s scree criterion [48],
was objectively detected using the kneedle algorithm [49].
For each leading mode, we further characterized its corresponding

coactivation pattern (Supplement). Brain regions with the same sign of
activity amplitude indicate positive coactivation, whereas regions with
opposite signs indicate anti-coactivation. Coactivation patterns were

Fig. 1 Flowchart of data analysis. A Eigen-microstate analysis of group-level time courses from typically developing controls. Five leading
modes were identified based on the weight curve, representing dominant and recurring functional activity patterns at rest. B Normative
modeling of projection feature (PF) values for each leading mode. Models were trained in the typically developing group, using Gaussian
process regression (blue dots). The solid line denotes the predicted age-related trajectory of PFs, and dashed lines denote the normative
range. C Estimation of individual PF deviations from the normative models and identification of autism spectrum disorder subtypes based on
these deviations. D Multidimensional subtype differences, including alterations in functional profiles, brain-symptom associations, and
structural substrates. Individual subtype membership was predicted using altered cortical thickness features. Cortical maps were visualized on
the brain surface using BrainNet Viewer [99]. ASD autism spectrum disorder, TD typically developing, SVD singular value decomposition, LM
leading mode.
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further summarized at the system level based on seven predefined
functional systems [50] to explore the functional system dependence.
We next quantified individual-level functional state dynamics by

analyzing the temporal expressions of the identified leading modes in
both TD and ASD participants. For each participant, the expression
strength of each mode was defined as a projection feature (PF), reflecting
the degree to which a given functional mode was expressed over time
(Supplement).
To reduce potential confounds related to site-specific scan length, we

adopted a resampling strategy in which a fixed number of time points
were randomly selected for each participant to construct matrix A. This
procedure was repeated multiple times (i.e., 100 times), and mode
expression measures were averaged across repetitions to obtain stable
estimates. The influence of the number of repetitions was evaluated
(Validation Analysis).

Normative modeling for the expressions of leading
functional modes
For each leading mode, we charted the normative age-related trajectory of
its expression using a normative modeling framework (Fig. 1B). Specifically,
we modeled age-related PF variations in the TD population using Gaussian
process regression (GPR) [30]. GPR provides a flexible Bayesian framework
that captures nonlinear relationships between variables while providing
uncertainty estimates [51]. Model performance was evaluated with 10-fold
cross-validation, after which the normative model was refitted using the
full TD population to obtain predicted PF values and associated variances
(Supplement). To reduce potential confounding effects, FSIQ and head
motion metrics (i.e., mean FD) were regressed out from PF values prior to
normative modeling and subsequent deviation estimation. The regression
was performed separately within the TD and ASD groups using a
generalized linear model.

Estimating individual deviations based on normative models
For each TD and ASD participant, we estimated individual deviations in the
expressions of the K leading modes (i.e., PFs) relative to the normative age-
related trajectories by mapping individual PF values onto normative
percentile charts (Fig. 1C). Specifically, for each individual, mode-specific
deviation scores (Z) were computed by comparing observed PF values with
age-predicted PF values derived from the normative model (Supplement)
[30].
For each leading mode, group differences in PF deviations between the

ASD and TD groups were assessed using two-sample t-tests. The false
discovery rate (FDR) method was applied to correct for multiple
comparisons across the K modes [52].
To characterize interindividual variability in functional deviation profiles

within the ASD group, we computed the standard deviation and
interquartile range of PF deviations for each mode. Using PF deviations
across the five leading modes as feature vectors, we then computed
pairwise Euclidean distances between individuals and compared the
resulting distances between the ASD and TD groups using two-sample t-
tests. Finally, we examined the distribution of ASD individuals showing
extreme deviations across modes. Extreme deviations were defined as
|Z | > 2.6 for each mode, corresponding to p < 0.005 [30].

Identifying ASD subtypes based on individual PF deviations
We applied the k-means clustering algorithm to each individual PF
deviation profile across the K leading modes to identify ASD subtypes
with distinct functional deviation patterns (Fig. 1C; Supplement). The
optimal cluster number was determined using a voting procedure
implemented in the NbClust package, which integrates 23 complemen-
tary clustering indices [53]. This procedure consistently supported a two-
subtype solution (Results). We then compared PF deviations, demo-
graphic variables, and clinical characteristics of ADI-R, ADOS-2, and SRS
between the two subtypes (Supplement). Both p values and Cohen’s d
effect sizes were reported [54].
Next, we examined subtype-specific alterations in functional activity and

connectivity (Fig. 1D). At the activity level, a principal deviation pattern of
functional activity was derived as a weighted combination of the leading
modes, with weights defined by the mean PF deviation of each mode
across individuals within a subtype (Supplement). At the connectivity level,
the principal deviation pattern of functional connectivity was defined as
the aggregate of mode-specific coactivation deviations across modes
(Supplement).

Brain-symptom association analysis
We conducted canonical correlation analysis (CCA) [55] to examine
associations between PF deviations and clinical symptoms, both within
each ASD subtype and across the entire ASD group (Fig. 1D). Clinical
measures included subscale scores from the ADI-R, ADOS-2, and SRS
(Table S3; Supplement). For each leading mode and each symptom scale,
CCA was performed between mode-specific PF deviations and the
corresponding symptom subscale scores, after regressing out age effects.
Statistical significance was evaluated using permutation testing (10,000
permutations), with PF deviations randomly shuffled across individuals.
The FDR method was applied to correct for multiple comparisons across
leading modes and symptom scales (i.e., 5 modes × 3 scales).

Cortical thickness analysis of ASD subtypes
Motivated by prior evidence of structure-function associations in the
human brain [25], we explored whether ASD subtypes differed in brain
morphology. Here, we focused on cortical thickness, a macrostructural
measure frequently reported to be altered in ASD [39–41]. For each
participant, cortical thickness was estimated at the vertex level using the
projection-based thickness (PBT) method implemented in CAT12 [56] and
spatially smoothed with a 12-mm Gaussian kernel. Vertex-wise thickness
estimates were then summarized into 1,000 cortical nodes. ComBat
harmonization [46] was further applied to mitigate site-related effects
while retaining age and FSIQ as regressors to preserve biologically
meaningful variability. Nodal thickness values were subsequently standar-
dized into z scores by subtracting the whole-brain mean and dividing by
the standard deviation, to ensure comparability across participants.
After regressing out age and FSIQ, we examined between-group

differences in cortical thickness at the nodal, system, and global levels
using two-sample t-tests, comparing each ASD subtype with the TD group,
as well as directly comparing the two ASD subtypes (Supplement). For the
system-level analysis, seven functional systems were defined based on a
prior functional network parcellation [50]. The FDR method was used to
correct for multiple comparisons at the nodal and system levels, and
Bonferroni correction was applied at the global level (i.e., three
comparisons). Finally, we identified cortical nodes showing significant
cortical thickness alterations shared by both ASD subtypes relative to the
TD group.

Functional subtype prediction analysis using altered cortical
thickness
We assessed whether altered cortical thickness (ACT) patterns could
predict ASD subtype membership at the individual level. For each ASD
participant, ACT at node p was defined as [57, 58]:

ACTp ¼ CTASD;p �meanðCTTD;pÞ
SDðCTTD;pÞ : (1)

Here, CTASD,p and CTTD,p denote standardized nodal cortical thickness
values for ASD and TD individuals, respectively. mean(CTTD,p) and
SD(CTTD,p) denote the mean and the standard deviation of CTTD,p across
all TD participants at the same node. Age and FSIQ were regressed out
within each clinical group prior to ACT computation. Importantly, the ACT
normalization was performed entirely within the structural imaging
modality, without incorporating functional information, thereby avoiding
information sharing or leakage between structural features and the
functional dynamics used for ASD subtyping.
ASD subtype membership was predicted using a random forest classifier

with a fully nested 10-fold cross-validation (Fig. 1D, Supplement) [59]. ACT
values from 1000 brain nodes served as input features. Within each cross-
validation fold, we re-derived the functional subtype labels in both the
training and test sets, which served as reference labels for classifier training
and prediction assessment, respectively. Specifically, the entire functional
subtyping pipeline was exclusively applied in the training set, including
nuisance regression of PF values, re-estimation of individual PF deviations,
and deviation-based clustering. The resulting nuisance regression models
and clustering centers were then applied to the held-out test set, and the
re-derived subtype labels were used as reference labels for prediction
assessment. For structural features, covariate regression for cortical
thickness was conducted solely in the training set and subsequently
applied to the test set for ACT computation. Model performance was
evaluated using classification accuracy, balanced accuracy, and the area
under the receiver operating characteristic curve (AUC) [60], together with
the classification confusion matrix. Statistical significance was assessed
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using permutation testing (10,000 permutations), with subtype labels
randomly shuffled across ASD individuals in the test set. To ensure
robustness, the entire procedure was repeated across 100 random train-
test splits.

Validation analysis
We assessed the robustness of the main findings through a series of
validation analyses, including varying the number of repetitions used to
identify leading modes and PFs, applying more stringent head motion
criteria, testing alternative regularization and nuisance regression strate-
gies in brain-symptom association analyses, and evaluating imaging site
effects (Supplement). In addition, we applied the full pipeline to an
independent, out-of-sample dataset (PKUSH) to examine the general-
izability of the ABIDE-derived ASD subtypes and their subtype-specific
characteristics (Supplement).

RESULTS
Altered deviations in functional state dynamics in ASD
individuals
In the TD group, we identified five leading activity modes and
their corresponding coactivation patterns using eigen-microstate
analysis (Fig. 2A, B). Consistent with previous findings in adults
[38], each mode exhibited a distinct topography aligned with prior
functional systems (Fig. 2A and Fig. S1). Patterns of interregional
coactivation varied across modes (Fig. 2B). Leading mode 1
primarily reflected the antagonistic activity (i.e., anti-coactivation)
between the default-mode network and both the somatomotor
and ventral attention networks. Mode 2 was characterized by anti-
coactivation between the visual and dorsal attention networks
and the rest of the brain. Mode 3 reflected anti-coactivation of the
dorsal attention and frontoparietal networks with other systems.
Mode 4 reflected anti-coactivation of the frontoparietal and
ventral networks with other systems. Mode 5 exhibited a more
complex pattern, with heterogeneous coactivation within and
across functional systems. These results indicate the presence of
multiplexed relationships between different networks.
We estimated the expressions (i.e., PF values) in five leading

modes for both TD and ASD individuals. For each leading mode,
the typical age-related trajectory of PFs obtained from the TD
group exhibited nonlinear changes or linear decreases with age
(Fig. 2C). The models demonstrated robust fits, as indicated by
high explained variance and low standardized log-loss in 10-fold
cross-validation (Fig. S2). Compared with TD controls, individuals
with ASD showed significantly different deviations in three modes,
with opposite-direction PF deviations in mode 2 and greater
negative deviations in modes 3 and 4 (all pFDRs< 0:001; Fig. 2D).
Moreover, we observed that individual deviations of PF values

were widely dispersed within each mode for the ASD group (SD:
0.91-1.11, IQR: 1.14-1.51; Fig. 3A). Compared with the TD controls,
the ASD group exhibited significantly greater distances between
deviation profiles of individuals (p < 0.001; Fig. 3B), reflecting
higher interindividual variability in the ASD group. Furthermore,
49 individuals with ASD exhibited extreme deviations, and most of
them (93.9%) showed extreme deviations in only one leading
mode, primarily in mode 2 or 3 (Fig. 3C, D), indicating the
importance of extracting diverse leading modes.

Identification of ASD subtypes based on PF deviations
Using k-means clustering of individual PF deviation profiles, we
identified two ASD subtypes, each comprising 113 and 327
individuals separately. The distribution of subtype membership
across sites is shown in Table S4. Both subtypes showed greater
positive PF deviations in leading mode 2 and greater negative
deviations in leading modes 3 and 4 relative to TD controls (all
pFDRs< 0:05; Fig. 4A). Compared with subtype 2 (n ¼ 327), subtype
1 (n ¼ 113) showed greater positive deviations in leading modes 1
and 2, and milder negative deviations in leading modes 3 and 4

(all pFDRs< 0:05; Fig. 4A, B). Importantly, a greater positive
deviation in mode 1 was observed only in subtype 1 relative to
TD controls. This difference was not detected in the full ASD group
(Fig. 2D), highlighting the value of subtyping to detect ASD-
related alterations.
We compared demographic and clinical characteristics between

two subtypes. Compared with subtype 2, individuals with subtype
1 showed greater mean FD (p ¼ 0:002) and higher scores for
restricted and repetitive behaviors, social cognition, communica-
tion, and mannerisms but lower scores for social affect and
calibrated severity (all ps < 0.05, absolute Cohen’s d values > 0.3;
Table 2).
We further assessed the functional dysfunctions in terms of

functional activity and connectivity. Relative to the age-expected
normative pattern, subtype 1 showed increased activity ampli-
tudes primarily in the default-mode and frontoparietal networks
and decreased amplitudes in the dorsal attention and visual
networks. Subtype 2 showed increased amplitudes primarily in the
frontoparietal and ventral attention networks and decreased
amplitudes in the somatomotor and visual networks (Fig. 4C).
The connectivity patterns also differed between subtypes

(Fig. 4D). Relative to the age-expected normative pattern, subtype
1 showed increased FC primarily within the visual, default-mode,
and ventral attention networks, as well as between the visual and
dorsal attention networks and between the somatomotor and
ventral attention networks. In contrast, decreased FC was mainly
observed between the visual network and both the default-mode
and ventral attention networks. Subtype 2 exhibited increased FC
primarily between the somatomotor and frontoparietal networks
and between the visual and dorsal attention networks, whereas
decreased connectivity was primarily found within the somato-
motor, dorsal attention, and frontoparietal networks.

Associations between individual functional deviations and
clinical symptoms
For each leading mode, we performed CCA between PF deviations
and combined symptom subscales within each ASD subtype and
the full ASD group. PF deviations in leading modes 4 and 5 were
significantly correlated with SRS scores in both subtypes (all
rs � 0:28; pFDRs< 0:05; Fig. 5A, B). However, the relative contribu-
tions of symptom subscales varied between subtypes, particularly
in the domains of social cognition, communication, motivation,
and autistic mannerisms.
Subtype-specific associations were also observed. In subtype

1, PF deviations on leading mode 2 were correlated with ADI-R
scores (r ¼ 0:27; pFDR ¼ 0:0439), driven primarily by positive
weights in the verbal domain, and with SRS scores
(r ¼ 0:36; pFDR ¼ 0:0259), dominated by positive weights in
social awareness and negative weights in social motivation
(Fig. 5A). In subtype 2, PF deviations in leading mode 3 were
correlated with SRS scores (r ¼ 0:31; pFDR ¼ 0:0093), mainly
driven by negative weights in social cognition, communication,
motivation, and autistic mannerisms (Fig. 5B). In contrast, only
one significant association was observed in the full ASD group,
which was between PF deviations in mode 4 and SRS scores
(r ¼ 0:24; pFDR ¼ 0:0267; Fig. S3). No significant associations
were found with ADOS-2 scores, regardless of the leading mode
or subtype (all pFDRs> 0:05).

Altered cortical thickness in ASD subtypes
Compared with TD controls, both ASD subtypes exhibited
significantly greater global cortical thickness (all ps< 0:001,
Bonferroni corrected; Fig. 6A). At the node level, widespread
alterations were observed in 82.6% and 82.0% of the brain nodes
for subtypes 1 and 2, respectively (all pFDRs< 0:05, Fig. 6B), with
67.6% of the altered nodes overlapping between subtypes (Fig.
S4). Additionally, 82.2% of the brain nodes showed significant
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Fig. 2 Identification of individual deviations in leading mode expressions and corresponding between-group differences. A Spatial maps
of five leading modes in the typically developing group, derived via eigen-microstate analysis (left hemisphere shown). Black contours
delineate seven functional systems defined in a prior brain template [50]. B Nodal-level coactivation pattern for each leading mode, with black
lines marking seven functional systems. C Normative age-related trajectories of projection features (PFs) for the five leading modes, estimated
using Gaussian process regression. Blue dots represent PFs of typically developing participants. The solid line denotes the median (50th
percentile), and dashed lines indicate the 5th, 25th, 75th, and 95th percentiles. The small numerical scale (10⁻⁴) of PFs arose from
normalization of the time courses prior to singular value decomposition (SVD), which reduced the activity amplitude. D Between-group
comparisons of PF deviations in each leading mode between the autism spectrum disorder and the typically developing groups (two-sample
t-tests). ASD autism spectrum disorder, TD typically developing, DMN default-mode network, FPN frontoparietal network, LN limbic network,
VAN ventral attention network, DAN dorsal attention network, SMN somatomotor network, VN visual network, yr year, pFDR false discovery
rate-corrected p-value.
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differences in cortical thickness between the two subtypes (all
pFDRs< 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 pFDRs< 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 (allpFDRs< 0:05),
whereas subtype 2 exhibited the opposite pattern in the default-
mode network (pFDR < 0:05) and no significant change in the visual
network (pFDR > 0:05). Direct comparisons between subtypes
revealed significant differences across all seven functional networks
(all pFDRs< 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

subtype-specific functional alterations remained highly consistent
under different head motion correction strategies (Figs. S7-S10).
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

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.
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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

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].

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, pFDR
false discovery rate-corrected p-value, ΔAmplitude activity amplitude deviations, ΔFC 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.
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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

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

Table 2. Demographic and clinical characteristics of two ASD subtypes in the ABIDE cohort.

Subtype 1 (n= 113) Subtype 2 (n= 327) Cohen’s d p Value

Age, years 14.72 ± 5.33 (113) 14.13 ± 5.40 (327) 0.111 0.309

FSIQ 106.77 ± 16.38 (113) 107.18 ± 16.71 (327) -0.025 0.822

Mean FD, mm 0.23 ± 0.11 (113) 0.19 ± 0.09 (327) 0.348 0.002**

ADI-R

Social 18.24 ± 4.76 (85) 18.44 ± 5.44 (270) -0.036 0.772

Verbal 15.43 ± 4.17 (85) 15.18 ± 4.53 (271) 0.058 0.644

RRB 6.22 ± 2.15 (85) 5.45 ± 2.60 (271) 0.308 0.007**

Onset 3.36 ± 1.39 (85) 3.20 ± 1.33 (232) 0.117 0.356

ADOS-2

Total 9.28 ± 3.92 (60) 10.44 ± 4.57 (197) -0.260 0.079

Social affect 5.54 ± 3.63 (60) 7.98 ± 3.77 (194) -0.650 <0.001***

RRB 3.60 ± 1.51 (62) 2.64 ± 1.74 (195) 0.566 <0.001***

Severity 5.70 ± 1.91 (60) 6.46 ± 2.05 (197) -0.376 0.011*

SRS

Total 102.02 ± 24.56 (85) 83.85 ± 31.04 (204) 0.618 <0.001***

Awareness 13.66 ± 3.10 (60) 12.75 ± 4.18 (108) 0.237 0.113

Cognition 18.30 ± 5.32 (60) 13.83 ± 6.30 (108) 0.746 <0.001***

Communication 36.98 ± 8.95 (60) 28.37 ± 11.25 (108) 0.816 <0.001***

Motivation 13.82 ± 5.80 (60) 12.01 ± 6.22 (108) 0.297 0.067

Mannerisms 21.52 ± 6.37 (60) 14.63 ± 7.32 (108) 0.979 <0.001***

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

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.

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 × 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, ΔPF projection feature deviations, LM leading mode, RRB restricted and repetitive behavior, ADI-R Autism
Diagnostic Interview-Revised, SRS Social Responsiveness Scale.
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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

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

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, pBon Bonferroni-corrected p-value, AUC area under
the ROC curve.

T. Liu et al.

11

Molecular Psychiatry



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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