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Abstract

Unraveling the heterogeneity of autism spectrum disorder (ASD) remains a major challenge yet crucial for elucidating the
etiological underpinnings. Leveraging large-scale MRI data from 60,234 healthy participants and 3,117 individuals with
ASD, we established lifespan brain charts of cortical thickness (CT) and surface area (SA) and derived personalized centile
scores indexing deviations from typical neurodevelopment. Using a categorical multilayer community detection framework,
we identified three CT-based and three SA-based neuroanatomical subtypes, each characterized by distinct spatial patterns
and clinical profiles. Polygenic and plasma proteomic analyses further revealed genetic susceptibility and immune-related
pathways underlying the observed heterogeneity. Moreover, the spatial patterns of these subtypes exhibited differential
associations with cortical microarchitectural features and aligned closely with multimodal disease epicenters. Collectively,
our findings indicate neuroanatomical heterogeneity in ASD as an integrative substrate linking molecular dysregulation to
behavioral variability, providing a biologically grounded and clinically relevant framework for parsing the complex

mechanisms of autism.



Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental disorder characterized by a constellation of social-affective
challenges and restricted, repetitive behaviors that emerge in early childhood and persist across the lifespan!. Substantial
heterogeneity spanning genetic architecture, neurobiology, and clinical presentation poses a major challenge for precision
medicine in ASD. This diversity, together with the rising prevalence of the disorder?, underscores an urgent need for data-

driven frameworks capable of resolving its complex biological underpinnings.

Converging lines of evidence show that autism is marked by profound biological heterogeneity spanning multiple levels
of brain organization. Neuroimaging studies reveal diverse patterns of brain abnormalities across individuals with autism?*#,
accompanied by widespread alterations in molecular signaling pathways and gene-regulatory processes>®. Variability in
functional connectivity has been linked to differences in the expression of distinct gene sets®, suggesting that macroscale
circuit dysfunctions may be rooted in spatially patterned molecular architecture. Genetic investigations further indicate that
developmental trajectories and polygenic profiles differ according to the age at diagnosis’, underscoring the temporally
dynamic nature of autism risk. Parallel advances in single-cell genomics have shown that dysregulation within specific
gene groups, particularly those expressed in cortico-cortical projection neurons, is associated with variation in clinical
symptom severity®. Transcriptomic analyses of post-mortem cortex have identified widespread and regionally distributed

disruptions in gene expression among autistic donors’

, reinforcing the view that cortical biology is broadly affected in
autism. Complementing these molecular insights, data-driven neuroimaging approaches have begun to uncover patterns of
cortical morphological variation that contribute to autism heterogeneity'?. As cortical morphology is both highly heritable
and reflective of underlying cytoarchitectural integrity, it serves as a robust intermediate phenotype that bridges genetic
variation and neurocognitive diversity'!. Together, these findings motivate the hypothesis that atypical cortical morphology

represents a critical nexus through which genetic, molecular, and circuit-level mechanisms converge in autism.

Recent work has therefore turned substantial attention to aberrant brain morphometry in autism, revealing pronounced

12,13

heterogeneity in cortical thickness (CT) and surface area (SA) across multiple cortical systems'#!°. Yet, the spatial patterns

of morphometric alterations remain inconsistent. For instance, Pretzsch et al.'

reported that brain structural abnormalities
in autism were predominantly driven by sensorimotor regions, whereas Zielinski et al.'> described atypical changes in
frontoparietal and occipital regions, Duan et al.'® found aberrant alterations in temporal regions, and Khundrakpam et al.!”
identified widespread disruptions across the cortex. This inconsistency may directly stem from the inherent neurobiological
heterogeneity of the ASD population, or it could be associated with confounding factors such as limited cohort sizes, narrow
age spans, methodological differences, and lack of research focusing on critical early developmental periods such as early
childhood'®!"”. Furthermore, given the nonlinear and regionally specific trajectories of cortical development across the
lifespan, a normative modeling framework capable of quantifying individual-level deviations from typical development is
essential for resolving this heterogeneity. However, the scarcity of large-scale, lifespan-spanning autism and control cohorts
has historically constrained efforts to achieve personalized, lifespan-wide assessments, thereby hindering the identification
of stable and reproducible neuroimaging-based biotypes within the ASD population. In parallel, progress toward
biologically grounded stratification has been further limited by the lack of large-scale multi-omics datasets in ASD,
including genomic and proteomic profiles collected alongside neuroimaging scans. The absence of integrative, cross-modal
resources has impeded systematic efforts to link neuroanatomical heterogeneity with its underlying molecular architecture,

thereby restricting our ability to define mechanistically informed and clinically actionable subtypes.



To test this hypothesis and overcome previous limitations, we aggregated large-scale lifespan MRI datasets and performed
normative modeling in healthy controls (HC) to establish standardized developmental trajectories for CT and SA, enabling
the quantification of individual deviations from typical neurodevelopment. Using unsupervised machine-learning
approaches, we identified three CT and three SA subtypes, each characterized by distinct spatial patterns of
neuroanatomical deviation and dissociable behavioral profiles. To interrogate the biological substrates underlying this
heterogeneity, we performed integrative multi-omics profiling, incorporating individual-level genotype data and plasma
samples to characterize the polygenic architecture and peripheral molecular signatures associated with each subtype.
Multiscale biological annotation further contextualized subtype-specific spatial patterns by mapping them onto cortical
microstructural features and putative disease epicenters. Collectively, this integrative framework offers a mechanistic

understanding of the autism heterogeneity across hierarchical levels of biological organization.
Results

Participants

After applying a stringent four-step quality control (QC) pipeline? to evaluate each MRI scan (detailed in Supplementary
Methods), the final dataset comprised 60,234 healthy participants (29,802 males; age range, 0—100 years) from 193 sites?’,
and 3,117 individuals with ASD (2,644 males; age range, 1-62 years) from 36 sites (Fig. 1a and Supplementary Table 1).
The ASD MRI cohort included 681 ASD participants from the Autism Brain Imaging Data Exchange (ABIDE I and 11)2!?2
and 2,436 ASD participants from the Shanghai Autism Early Development Cohort (SAED)?, a large-scale biomedical
database that systematically collects neuroimaging data and biospecimens during the early developmental period of autism.
Individual-level genotype data was available for 2,566 ASD individuals from the SAED cohort (2,078 males; age range,
1-14 years; mean + s.d., 4.72 + 2.16 years), and 2,312 healthy participants (1,164 males; age range, 4-10 years; 4.83 + 0.95
years) from the Shanghai Birth Cohort (SBC)?*, which is a large-scale population-based cohort designed to investigate the
contributions of genetic and environmental factors to child growth and disease risk. Plasma samples were obtained from
251 ASD individuals (212 males; age range, 1-10 years; 4.82 + 2.08 years) and 90 healthy participants (45 males; age
range, 1-10 years; 5.76 £ 2.37 years) in the SAED cohort. Spanning infancy through late adulthood, this integrated ASD
dataset offers an unprecedented opportunity to characterize multi-omics profiles underlying neuroanatomical heterogeneity

in ASD across the lifespan. An overview of our analytic framework is presented in Fig. 1.

Deviation similarity identified neuroanatomical subtypes in ASD

We implemented standardized MRI image-processing pipelines for all T1-weighted MRI scans?>2

, and estimated regional
morphometric measures based on the Desikan—Killiany atlas?’. Lifespan normative models of the development trajectories
of CT and SA were constructed for each brain region using data from 60,234 HC individuals spanning birth to 100 years.
Normative models were constructed using the generalized additive model for location, scale and shape (GAMLSS)?, a
robust framework for modeling nonlinear growth curves recommended by the World Health Organization®® and most recent
neuroimaging studies'®?°. This approach captured sex-stratified developmental trajectories across the lifespan while
controlling for batch effects. Model parameters were optimized by minimizing the Bayesian information criterion (BIC) to
ensure stable and accurate estimation (Supplementary Fig. S1). For each of the 3,117 individuals with ASD, regional centile
scores were estimated as age and sex-adjusted offsets relative to the study-specific normative reference trajectories,

yielding two deviation matrices (ASD individuals X brain regions) for CT and SA (Fig. 1b). Centile similarity matrices

across individuals were then computed using Pearson’s correlation to assess inter-individual similarity in cortical deviation
4



profiles.

To characterize the pronounced heterogeneity of cortical deviation in ASD, we applied categorical multilayer community
detection®” to the concatenated centile-based similarity matrices derived from CT and SA, explicitly accounting for the

substantial genetic correlation between these two cortical phenotypes!!3!

, as well as their within-subject covariance across
the brain (Fig. 1c). Rather than analyzing CT and SA separately, concatenating both measures enabled the model to capture
shared and complementary sources of neuroanatomical variation, preserving coordinated deviation patterns that may be
obscured in a single modality. This joint framework allowed subtype identification to be informed by the integrated
morphological architecture of the cortex, rather than by isolated features, thereby improving biological interpretability and
robustness. By simultaneously optimizing modularity across multilayer morphological contexts, this approach identified
biologically coherent ASD subtypes that more faithfully reflected the multidimensional structure of neuroanatomical

heterogeneity.

We identified three CT and three SA subtypes. CT1 was characterized by globally increased cortical thickness except within
the salience network, primarily including limbic and insular cortex. In contrast, CT2 exhibited the opposite pattern, with
reduced thickness in frontoparietal regions but increased thickness in salience regions. CT3 followed a sensorimotor—
association gradient, with thinner sensory and visual cortices while thicker association regions (Fig. 2a). Similarly, SA1
exhibited increased surface area in somatosensory and attention networks while reduced surface area in visual and frontal
cortices; SA2 presented the reverse pattern; and SA3 showed globally reduced surface area except in visual regions (Fig.
2b). Interestingly, the spatial deviation patterns observed for the CT and SA subtypes exhibited a graded transition from
one polarity to its near inverse. Specifically, the deviation profiles progressed sequentially from CT1 to CT3 to CT2, and
from SA1 to SA3 to SA2 (Fig. 2a,b), indicating that neuroanatomical heterogeneity in ASD is organized along a structured
continuum, anchored by distinct categorical endpoints. We conducted a series of sensitivity analyses (see Sensitivity

Analysis), confirming the robustness of ASD subtype assignment.

Notably, 59.5% of individuals were assigned to different CT and SA communities, suggesting that CT and SA may reflect
distinct aspects of ASD heterogeneity (Fig. 2¢). We observed significant differences in age distribution across the identified
subtypes (p <0.001, one-way ANOVA). Post-hoc analyses revealed that individuals in the CT2 subgroup were significantly
younger than those in CT1 and CT3 (Welch’s ¢ test, p < 0.001; Fig. 2d). Similarly, the SA1 subgroup was significantly
older than both SA2 and SA3 (Welch’s ¢ test, p < 0.001; Fig. 2e). Sex distribution did not differ across CT subtypes (chi-
squared test, p = 0.56; Fig. 2d), but varied among SA subtypes (chi-squared test, p = 0.02; Fig. 2e).

Behavioral performance and clinical symptom severity varied markedly across the defined subtypes

We next assessed group differences across a broad range of behavioral and clinical measures between the identified autism
subtypes, including the Childhood Autism Rating Scale (CARS; n = 2,229), Autism Diagnostic Observation Schedule
(ADOS; n = 2,253), Social Responsiveness Scale (SRS; n = 2,635), Strengths and Difficulties Questionnaire (SDQ; n =
2,081), Social Communication Questionnaire (SCQ; n = 2,205), Wechsler Intelligence Scale (IQ; n = 1,613), Gesell
Developmental Schedules (GDS; n = 1,192), Autism Behavior Checklist (ABC; n = 1,014), and Vineland Adaptive
Behavior Scales (VABS; n = 855). These scales comprehensively captured core autism symptoms, social communication
deficits, restricted and repetitive behaviors (RRB), emotional and behavioral difficulties, cognitive ability, developmental
functioning, and adaptive behavior, enabling a systematic characterization of the clinical phenotypes associated with each
neuroanatomical subtype. For comparability across measures, analyses were performed on standardized scale scores® (z-
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transformed scale values). Significant differences in clinical symptoms were observed among CT subtypes (p-FDR < 0.05,
one-way ANOVA; Fig. 3a, left). In contrast, among SA subtypes, only the SRS-RRB score showed a nominally significant
group difference (one-way ANOVA, F = 6.989, p-FDR = 0.0451; Fig. 3a, right).

Post-hoc comparisons using Welch’s #-tests revealed that individuals in CT2 exhibited more severe symptoms than those
in CT1, particularly in domains such as CARS—-Listening response (Welch’s ¢ = 5.702, p-FDR < 0.0001), SDQ-Prosocial
behavior (Welch’s ¢ = -5.282, p-FDR < 0.0001), CARS-Imitative behavior (Welch’s ¢ = 4.576, p-FDR < 0.0001), CARS-
Fear or nervousness (Welch’s ¢ = 3.539, p-FDR = 0.0012), SCQ-Total (Welch’s ¢ = 3.556, p-FDR = 0.0012), CARS-
Nonverbal communication (Welch’s ¢ = 3.447, p-FDR = 0.0017), CARS-Total (Welch’s ¢ = 3.476, p-FDR = 0.0016), and
CARS-Verbal communication (Welch’s t=3.207, p-FDR =0.0041) (Fig. 3b). In contrast, individuals in CT3 demonstrated
significantly higher verbal IQ (VIQ) compared with CT1 (Welch’s t=2.221, p-FDR = 0.0400) and CT2 (Welch’s = 3.796,
p-FDR = 0.0005), and CT1 showed higher VIQ compared with CT2 (Welch’s ¢ = 2.040, p-FDR = 0.0416). Similar trends
were also observed for full-scale 1Q (FIQ) (Fig. 3b).

Polygenic profiles of subtypes

Following stringent genotyping and quality control, we computed polygenic scores (PGSs) for each ASD participant and
HC using individual-level genotype data and summary statistics from large-scale genome-wide association studies (GWAS)
of ASD-related traits. PGSs analyses revealed a robust autism-related genetic liability in ASD cases compared to HC (Fig.
4a). The strongest association was observed for PGSs derived from earlier-diagnosed ASD (odds ratio (OR) = 1.34, P <
0.0001), followed by overall ASD from psychiatric genomics consortium (PGC)? (OR = 1.21, P < 0.0001) and later-
diagnosed ASD (OR =1.10, P =0.0006). Notably, PGSs for age at ASD diagnosis showed an inverse association with ASD
status (OR = 0.86, P < 0.0001). Cross-disorder effects were also evident, with significant positive associations for
schizophrenia (OR = 1.16, P < 0.0001), bipolar disorder (OR = 1.09, P = 0.0032), attention-deficit/hyperactivity disorder
(ADHD; OR = 1.08, P =0.0072), anxiety (OR = 1.06, P =0.0411), and obsessive-compulsive disorder (OCD; OR = 1.06,
P =0.0426). Cognitive-related traits, including educational attainment (OR = 1.15, P <0.0001), word reading (OR = 1.08,
P =0.0109), spelling (OR = 1.07, P = 0.0256), and intelligence (OR = 1.06, P = 0.0406), also showed significant

associations.

Subtype-specific analyses demonstrated elevated polygenic liability across all ASD subtypes relative to healthy controls,
with convergent yet partially distinct genetic profiles across CT and SA dimensions (Fig. 4b). For CT-defined subtypes, all
three subtypes showed significant enrichment of ASD-related genetic liability, including PGC overall ASD (CT1: OR =
1.21, P<0.0001; CT2: OR =1.24, P <0.0001; CT3: OR =1.21, P =0.0010) and earlier-diagnosed ASD (CT1: OR = 1.31,
P <0.0001; CT2: OR =1.40, P<0.0001; CT3: OR = 1.25, P=0.0002). Later-diagnosed ASD was additionally associated
with CT2 (OR = 1.17, P = 0.0003) but not CT1 or CT3. PGSs for age at ASD diagnosis showed consistent inverse
associations across subtypes (CT1: OR = 0.85, P = 0.0004; CT2: OR = 0.85, P =0.0004; CT3: OR = 0.89, P = 0.0415).
Cross-disorder effects were most prominent in CT2, which exhibited significant associations with schizophrenia (OR =
1.21, P <0.0001), ADHD (OR = 1.12, P = 0.0117), bipolar disorder (OR = 1.11, P = 0.0183), anxiety (OR = 1.10, P =
0.0327), and OCD (OR = 1.16, P = 0.0011). In comparison, CT1 was significantly associated with schizophrenia (OR =
1.11, P=10.0199), and CT3 with ADHD (OR = 1.15, P =0.0179). Cognitive traits, including educational attainment (CT1:
OR =1.14, P=0.0040; CT2: OR=1.13, P=10.0052; CT3: OR = 1.18, P =0.0046), were consistently associated, alongside
more selective effects for spelling (CT2: OR = 1.11, P = 0.0174; CT3: OR = 1.12, P = 0.0455) and word reading (CT2:



OR = 1.13, P=0.0054). Biological age gap (BAG) of brain functional connectivity showed a modest negative association
in CT3 (OR =0.89, P = 0.0441).

Similarly, SA-defined subtypes showed associations for ASD-related PGSs, including PGC overall ASD (SA1: OR =1.21,
P <0.0001; SA2: OR =1.18, P=10.0031; SA3: OR =1.27, P <0.0001) and earlier-diagnosed ASD (SA1: OR =1.34, P<
0.0001; SA2: OR = 1.30, P < 0.0001; SA3: OR = 1.35, P < 0.0001). Later-diagnosed ASD was significantly associated
with SA2 (OR =1.13, P=0.0232) and SA3 (OR = 1.18, P =0.0005). Inverse associations with age at diagnosis were again
consistent across all subtypes (SAl: OR = 0.88, P =0.0034; SA2: OR = 0.86, P = 0.0041; SA3: OR = 0.85, P =0.0003).
Cross-disorder associations were most extensive in SA3, including schizophrenia (OR =1.16, P =0.0017), bipolar disorder
(OR=1.13, P=0.0112), ADHD (OR =1.12, P=0.0156), anxiety (OR =1.13, P=0.0089), OCD (OR = 1.10, P = 0.0424),
and MDD (OR = 1.10, P = 0.0273). Cognitive traits were again consistently associated, including educational attainment
(SA1: OR=1.12, P=0.0109; SA2: OR = 1.17, P=0.0041; SA3: OR = 1.15, P =0.0021), intelligence (SA2: OR = 1.15,
P =0.0105), spelling (SA2: OR = 1.13, P = 0.0191), and word reading (SA1l: OR = 1.16, P = 0.0013). BAG measures
showed significant effects for brain functional connectivity (OR = 0.89, P = 0.0329) and immune system (OR = 1.11, P =
0.0471) in SA2, and eye in SA1 (OR = 1.09, P =0.0447).

Together, these findings indicate that elevated polygenic liability is shared across neuroanatomical subtypes of ASD, with

heterogeneity primarily arising from differential genetic overlap with cognitive traits and other psychiatric disorders.
Subtype-specific plasma proteomics linked to immune

Plasma proteomic profiling revealed both convergent and subtype-specific molecular alterations across ASD subtypes (Fig.
5a,b). A set of proteins was consistently dysregulated, including upregulation of INPP5K and TTR, and downregulation of
CASP1 and CDCP1, indicating shared molecular perturbations potentially linked to metabolic dysfunction in ASD.

Functional enrichment analysis of differentially expressed proteins (p < 0.05) revealed that immune-related pathways were
the most prominently affected across all subtypes, indicating convergent systemic immune involvement. Shared enriched
processes included cytokine signaling in the immune system and positive regulation of immune responses (Fig. 5c,d). In
parallel, plasma proteins that were exclusively and differentially expressed within specific subtypes delineated distinct
pathophysiological mechanisms. Specifically, CT1 was enriched for M-phase cell-cycle regulation and fibrinolysis, CT2
for axon guidance and lymphocyte activation, and CT3 for interferon signaling and complement cascades (Supplementary
Fig. S5). SA1 showed unique enrichment for pathways related to Escherichia coli infection and apoptosis, SA2 for
immunoglobulin-mediated adaptive immunity and phosphate metabolism, and SA3 for platelet activation and adaptive
immune response (Supplementary Fig. S5). Notably, adaptive immune response and cytokine signaling in immune system

emerged as the most strongly differentiated biological processes across CT and SA subtypes (Fig. 5Sc,d).
Cognitive and microarchitectural profiling of subtypes

To elucidate the cognitive and neurobiological substrates underlying the subtype-specific deviation patterns, we performed

partial least squares (PLS) analysis linking each subtype’s centile scores to meta-analytic task activation of 123 cognitive

33,34 35-38

process-related Neurosynth terms®-*, and microarchitectural features>>~°, including microstructure, metabolism, cortical

expansion, cell type-specific gene expression, neurotransmitter receptors and transporters, and mitochondrial profiles.

The statistical significance of the associations was assessed using spatial autocorrelation-preserving permutation tests (spin

tests)*®, comparing the variance explained by the first latent variable of each PLS model against null models (Fig. 6a). All
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associations were significant (p-spin < 0.05), except for the link between SA2 and microarchitecture, and between SA1
and cognitive processes. The PLS models captured substantial covariance between CT and microarchitectural features
(CT1: 50.33%, CT2: 50.40%, CT3: 41.33%; Fig. 6a). The latent variable represents the dominant spatial pattern jointly
explaining variation in ASD deviation centiles and cognitive processes or microarchitectural features, and the ASD latent

scores exhibited high spatial correspondence with the subtype-specific deviation patterns (Fig. 6b).

To identify the features most strongly shaping the shared spatial patterns, we correlated each measure with the PLS-derived
score maps to derive loading coefficients, quantifying each feature’s contribution to the latent variables. Firstly, we found
that cognitive processes contributed differentially to the subtypes (Fig. 6¢). CT1 predominantly reflected perceptual-motor
processes, exhibiting large positive loadings on gaze, imagery, and action, alongside negative loadings on emotion, valence,
and stress. In contrast, CT2 captured heightened affective—salience engagement, showing large positive loadings on fear,
anxiety, and stress, and negative loadings on planning, skill, and action. CT3 was biased toward emotional processes, with
large positive loadings on emotion, arousal, and valence, and negatively correlated to multisensory integration, imagery,
and fixation. SA1 highlighted a sensorimotor—affective dissociation, with large positive loadings on imagery, movement,
and coordination, and negative loadings on valence, emotion, and mood. By contrast, SA2 exhibited a nearly inverse profile,
emphasizing emotional and affective processes at the expense of sensorimotor functions. SA3 was characterized by a
visual-perceptual profile, with large positive loadings on fixation, object recognition, and visual attention, and negative

loadings on response inhibition, cognitive control, and inhibitory processes.

Secondly, parallel analyses revealed distinct microarchitectural substrates across subtypes (Fig. 6d). CT1 was characterized
by strong positive loadings on microstructural features, including the first principal component of gene expression derived
from Allen Human Brain Atlas (AHBA gene PC1), myelination, and the E/I ratio, as well as metabolic measures such as
oxygen metabolism, cerebral blood flow, glucose metabolism, and cerebral blood volume, alongside neuron-specific gene
expression. These were opposed by large negative loadings on glial-specific gene expression (oligodendrocyte progenitor
cells, astrocytes, microglia) and neurotransmitter receptors and transporters (MOR, 5SHT1a, D2, CB1, D1, DAT, SHTT).
By contrast, CT2 exhibited the inverse profile, with strong positive associations with monoaminergic receptors (SHTT,
SHT1a, DAT, D2, D1, 5SHT4) and glial-specific gene expression, and negative associations with metabolic indices
(glycolytic index, glucose metabolism, cerebral blood flow, oxygen metabolism), neuron-specific gene expression, synapse
density, and additional receptors (A4B2, SHT1b, NET). CT3 was defined by positive loadings on receptors (MOR, CBI,
D2, 5HT1a, H3, 5SHT4), glial gene expression, and cortical expansion, opposed by negative loadings on microstructural
and metabolic features. Similarly, SA1 and SA2 were predominantly shaped by glial and neurotransmitter-related features,
showing strong positive loadings on glial-specific gene expression and receptors (SHT1a, D2, SHT4, MOR, CB1, SHTT),
and negative loadings on microstructural and metabolic measures. In contrast, SA3 was anchored by positive loadings on
metabolic and microstructural indices, accompanied by negative associations with receptors (MOR, CB1, H3, mGIuRS5,

A4B2, D2), glycolytic index, and cortical expansion.
Multimodal disease epicenters of subtypes

Autism-related cortical perturbations are unlikely to originate from isolated loci; instead, they are expected to propagate
through coordinated molecular, anatomical, and functional networks to influence distributed brain systems. To test this
hypothesis and delineate the network architecture underlying subtype-specific deviation patterns, we performed epicenter

mapping by correlating each region’s normative connectivity profile, derived from gene expression similarity, receptor



density similarity, glucose metabolic connectivity, electrophysiological coupling, functional connectivity, and structural

connectivity, with the cortical deviation maps of each subtype.

Distinct spatial distributions of multimodal epicenters were observed across subtypes (Fig. 7a,b). CT1 exhibited epicenters
predominantly within occipital regions, suggesting a pathology primarily affecting the visual cortex. CT2 was characterized
by epicenters in the temporal and limbic cortices, implicating disruptions associated with socio-emotional processing and
interoceptive integration. In contrast, the frontoparietal localization of CT3 epicenters suggested dysfunction targeting the
brain’s integrative hub for executive control and complex cognition (Fig. 7a). The SA subtypes displayed greater spatial
heterogeneity across modalities. SA1 demonstrated distributed epicenters spanning sensorimotor, frontoparietal, temporal,
and limbic regions, indicating multimodal anchoring spanning perceptual and affective systems. SA2 revealed epicenters
concentrated in the frontal and limbic system, indicative of disrupted top-down cognitive control. SA3 showed preferential

epicenter localization within occipital cortices, suggesting alterations in visual perception (Fig. 7b).

We next quantified the associations between each subtype’s deviation pattern and its corresponding multimodal epicenter
maps. The epicenter profiles were significantly strongly correlated with the deviation patterns across modalities (p-spin <
0.05, Fig. 7c), with structural connectivity most often showing the strongest correspondence, followed by gene expression
similarity (Fig. 7d). This hierarchy suggests that the propagation of cortical perturbations in autism may preferentially

follow white-matter and molecular pathways.
Sensitivity analyses

To evaluate the robustness and reproducibility of both normative neurodevelopmental trajectories and the autism subtypes,

we conducted a series of sensitivity analyses at the stages of model fitting and subtype identification.

First, to assess the stability of the lifespan normative trajectories, we conducted 1,000 bootstrap resampling iterations for
each measure and refitted the GAMLSS models. The estimated developmental trajectories showed highly consistent age-
related trends across bootstrap iterations, with minimal variation in curve shape and percentile distribution (Supplementary
Fig. S2-4). Confidence intervals remained narrow across the lifespan, indicating that the fitted normative trajectories were
not driven by specific samples, outliers, or site-specific effects, but instead captured stable population-level developmental

patterns.

Second, to examine the reproducibility of the autism subtypes derived from individualized deviation profiles, we performed
subsampling validation of the categorical multilayer community detection. In each iteration, we randomly selected 50-80%
of individuals with ASD using stratified sampling by sex, age (quantile-binned to preserve balanced representation across
developmental stages), and study, thereby minimizing potential confounding introduced by demographic imbalance or site
heterogeneity. For each subsampled dataset, we repeated the entire multilayer community detection, including modularity
optimization and consensus partitioning, using the same parameter settings as in the primary analysis, and performed 1,000
optimization runs per subsampling proportion to ensure partition stability. This approach allowed us to determine whether
the identified subtype structure was disproportionately influenced by specific individuals or sample composition. Across
all subsampling proportions, the global deviation patterns, community assignments, and cortical signatures remained highly

concordant with the primary findings, demonstrating strong reproducibility of the ASD subtypes (Supplementary Fig. S6).

Collectively, these sensitivity analyses provide convergent evidence that both the normative neurodevelopmental models

and the downstream subtype classification are robust to sampling variability and methodological perturbation, supporting
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the reliability of the identified autism subtypes.
Discussion

In this study, we aggregated large-scale MRI data from 60,234 HCs to construct normative lifespan growth charts. These
normative models provided personalized quantification of neuroanatomical deviation from typical neurodevelopment for
3,117 participants with ASD. Using unsupervised machine learning, we identified three CT and three SA subtypes defined
by distinct spatial patterns of cortical perturbation. Leveraging multi-omics data, we revealed that these subtypes exhibited
differentiated associations with clinical symptomatology, polygenic liability, and plasma proteomic signatures. Moreover,
the neuroanatomical deviation patterns of each subtype demonstrated divergent alignment with microarchitectural features
and disease epicenters. Collectively, these findings position neuroanatomical heterogeneity as a critical organizing axis of

autism, linking distributed genetic and molecular influences to emergent behavioral variability across the spectrum.

CT subtypes were characterized by significantly divergent deviation patterns across brain systems. CT1 was characterized
by widespread expansion except for the salience-related regions, particularly the insular and limbic networks. CT2 showed
the nearly opposing pattern. The salience network is engaged in multiple brain functions associated with sensory integration

and attention?%*!

, responsible for monitoring the interoceptive and exteroceptive sensory stream, detecting subjectively
salient stimuli, and guiding attention accordingly*’. Our results are consistent with previous findings that dysregulation of
salience-processing systems can be a distinguishing feature and predictor for symptom severity in children with ASD*,
and insular dysfunction may be a common transdiagnostic characteristic**. The opposite deviations between salience and
other networks observed here may therefore signify a desynchronization between interoceptive—affective and cognitive—
perceptual systems, leading to instability in network coordination and inefficient information integration hypothesized to
underlie the social and cognitive difficulties in autism. In addition, CT3 was distinguished by expansion in frontoparietal
and temporal regions but atrophy in sensory and visual cortices. This profile aligns with the notion of developmental

18,45

imbalance between higher-order cognitive control and perceptual processing systems'®*°, possibly reflecting compensatory

reorganization in individuals with autism.

In contrast, SA subtypes exhibited completely different deviation patterns compared to the CT subtypes. SA1 and SA2
exhibited nearly opposing patterns, particularly across visual, somatosensory, and frontoparietal networks, whereas SA3
presented a predominantly global reduction except for the visual cortex. Given that surface area primarily reflects early
progenitor proliferation and tangential expansion®’, these contrasting patterns likely index divergent alterations in cortical
arealization*’. The reciprocal deviations between different cortical networks further suggest imbalanced scaling along the
cortical hierarchy, potentially reflecting heterogeneity in maturational timing and neurogenetic gradients*®*°. Such system-
specific divergence may contribute to the impaired sensory processing and top-down regulation of behavior observed in

autism®**!| thereby highlighting multiple developmental routes to cortical atypicality.

Interestingly, the spatial deviation patterns of CT and SA subtypes exhibited a graded transition across subtype boundaries
rather than sharply discrete separations. Specifically, the deviation profiles progressed sequentially from CT1 through CT3
to CT2, and from SA1 through SA3 to SA2, suggesting that the neuroanatomical heterogeneity of ASD is characterized as
a structured continuum with distinct categorical anchors rather than as entirely independent and isolated subgroups!'?. This

5253 where

pattern indicates that ASD-related cortical alterations may be organized along latent neurodevelopmental axes
individuals occupy different positions within a spectrum of atypical brain maturation, while still clustering around stable

subtypes. This finding also helps reconcile the long-standing tension between categorical and dimensional models of autism.
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Traditional approaches often assume a single average ASD phenotype, whereas dimensional models emphasize continuous
variation across individuals>. Our results support an intermediate perspective: ASD heterogeneity may be fundamentally
dimensional, but this variation organizes into clusters that are clinically and biologically meaningful. Rather than being

contradictory, these observations may reflect different resolutions of the same underlying developmental landscape.

In this context, CT2 exhibited a younger age yet more severe clinical symptoms, together with an opposite deviation pattern
within the insular and limbic systems compared to CT1, suggesting the presence of a possible pathological axis anchored
in the salience system, driving a cascading neurodevelopmental desynchronization underlying the variation in symptom
severity across subtypes. The salience network undergoes temporally and spatially coordinated maturation during early life,
paralleling progressive refinement in socioemotional, attention, and cognitive processing*?. Aberrations in these processes,
potentially reflecting dysregulated synaptic pruning™ or atypical maturational trajectories'4, may disrupt the hierarchical
tuning of large-scale neural circuits in autism. In particular, insular dysfunction could impair the encoding of social
interaction, social decision-making, emotion, and empathy. Such desynchronization within the salience system may
mechanistically explain the pervasive difficulties in social communication and behavioral flexibility frequently observed
in autistic individuals>’®. CT3 exhibited a higher 1Q compared to other CT subtypes, accompanied by a deviation pattern
along the sensorimotor—association axis. The frontoparietal network, recruited by a broad range of different cognitive
demands, has been linked to intelligence in multiple studies>>®°. Increased cortical thickness in these regions may reflect
delayed cortical pruning or prolonged synaptic maintenance, processes that can transiently enhance cognitive capacity by
preserving neural plasticity. This interpretation aligns with the prior evidence that slower cortical thinning in frontoparietal
regions correlates with superior cognitive performance®'. Such expansion may thus represent a compensatory recruitment

of higher-order networks that sustains cognitive ability in the presence of neurodevelopmental perturbations.

Polygenic risk profiling revealed that genetic liability for ASD is not monolithic but distributed along a graded continuum
across related traits. The most pronounced association was observed for earlier-diagnosed ASD, followed by attenuated
effects for later-diagnosed ASD, and an inverse relationship with age at diagnosis. This gradient suggests that the timing
of symptom emergence is, at least in part, genetically modulated rather than solely shaped by environmental exposures’,

consistent with a developmental liability model in which higher inherited burden accelerates phenotypic manifestation 2.

Beyond ASD-specific risk, elevated polygenic loading for co-occurring psychiatric conditions and cognitive traits supports
a shared genetic architecture across neurodevelopmental and psychiatric domains®’. Notably, although all neuroanatomical
subtypes demonstrated increased ASD-related polygenic risk and elevated polygenic liability for educational attainment,
CT2 and SA3 exhibited broader pleiotropic profiles in psychiatric disorders, spanning ADHD, schizophrenia, OCD, bipolar
disorder, and anxiety, alongside cognitive traits and biological age gaps of organs. By contrast, the remaining subtypes
displayed comparatively restricted and heterogeneous patterns of association with psychiatric polygenic risk. This pattern
indicates that subtype-defining cortical deviations are not epiphenomenal but reflect biologically meaningful stratification
of inherited liability. Thus, rather than a single etiological pathway, ASD appears to arise from partially overlapping yet
divergent configurations of polygenic liability®. This divergence highlights a stratified genetic landscape, in which only a
subset of neuroanatomical configurations captures a generalized liability that bridges neurodevelopmental, psychiatric,

cognitive, and organismal ageing processes, whereas others may reflect more circumscribed or distinct etiological pathways.

Plasma proteomic profiling revealed both convergent and subtype-specific molecular alterations. Consistent dysregulation

of immune-related plasma proteins suggests that immune processes may act as central mediators linking brain phenotypes
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and peripheral physiological changes in autism®. Such immune perturbations could drive elevations in cytokine levels,
contributing to neuroinflammation and consequent cognitive and behavioral impairments®®. Synaptic-<immune signaling
engages a range of molecular pathways that can be disrupted by genetic variants or environmental exposures associated
with autism, thereby altering neural development and circuit function®. Beyond these convergent pathways, distinct
proteomic fingerprints within subtypes further suggested that heterogeneity extends from neural architecture to peripheral
immune systems®’. The association between cortical and plasma-level differentiation highlights coordinated neuroimmune
and metabolic coupling across biological scales, whereby distinct developmental deviation and immune dysregulation may

jointly shape the phenotypic diversity of autism.

The dissociation between subtypes linked to microstructural and metabolic features and those preferentially associated with
neuroglia and monoaminergic systems suggests that autism heterogeneity may arise from distinct biological constraints on
neurodevelopment, rather than from a single pathology. This divergence is consistent with the pronounced developmental
asynchrony and cognitive variability that may bias individuals with autism toward different clinical presentations®®7°,
Subtypes coupled to cortical microstructure and metabolism likely index intrinsic constraints on intracortical myelination
and regional energetic capacity that collectively determine the hierarchical coordination of cortical maturation”"-’2. These
processes govern conduction velocity and the stabilization of neural circuits, thereby setting the fundamental biophysical
scaffold upon which higher-order function is built’>’*. Disruption along this axis may therefore preferentially affect circuits
with early and energetically demanding maturation trajectories, and increase the cost of long-range integration. By contrast,
subtypes associated with glia and monoaminergic signaling implicate a complementary developmental regime dominated
by synaptic regulation and neuromodulatory control’®7>. Astrocytes and microglia coordinate synapse formation, pruning,

and myelin remodeling”"’

, while dopamine and serotonin provide modulatory signals that dynamically tune excitability,
plasticity, salience, and affective state across distributed cortical networks’®. Perturbations within this axis may therefore

exert broad effects on social salience and cognitive flexibility.

Epicenter analyses further revealed that subtype-specific cortical perturbations were embedded within, and potentially
propagated through, the brain’s molecular and structural architecture. Distinct epicenter patterns across subtypes highlight
that cortical deviations do not emerge in isolation but follow the intrinsic organization of large-scale networks. Subtypes
anchored in sensory and perceptual territories suggest early developmental vulnerability within bottom-up processing

streams’>%0

, whereas those centered on temporal-insular and frontoparietal regions implicate higher-order association
systems mediating socio-emotional and executive functions®'. The preferential alignment of deviation patterns with
structural and gene expression similarity indicated that white-matter pathways and molecular gradients may scaffold the
spatial spread of cortical atypicality®>%3. This hierarchical propagation suggested that local neurodevelopmental disruptions
could cascade along connected circuits, giving rise to the distributed yet system-specific cortical alterations characteristic

of autism®.

Our study has several limitations. First, the normative models were constructed using aggregated MRI datasets from diverse
cohorts across continents, scanners, and demographic backgrounds. Although we incorporated batch effects as random
factors to mitigate potential confounds, a strategy widely endorsed in previous large-scale neuroimaging studies'®?°, future
consortia-based efforts employing standardized acquisition protocols and balanced demographic representation will be
critical for refining lifespan trajectories. Second, the age distribution of individuals with ASD was skewed toward childhood.
Our derived neuroanatomical subtypes may not fully capture the phenotypic heterogeneity that emerges by adulthood.
Third, the GWAS summary statistics used for polygenic score construction was derived from European-ancestry cohorts
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due to the lack of large-scale ASD-related GWAS in East Asian populations. This ancestral mismatch between the GWAS
and our genotyped sample may reduce predictive accuracy and attenuate effect sizes due to differences in allele frequencies,
linkage disequilibrium structure, and genetic architecture across populations. Fourth, the microstructural profiles, cognitive
processes, and cortical connectomes were derived from publicly available datasets of neurotypical individuals, which may
not fully capture autism-specific molecular or circuit-level alterations. Fifth, the plasma proteomic subsample was modest
relative to the MRI cohort, potentially reducing sensitivity to subtle molecular effects. Finally, while PLS analysis enabled
the identification of cross-domain associations, it remains a linear approach that cannot fully capture the nonlinear and

hierarchical mechanisms underlying autism pathology.

In summary, we delineated a systematic framework for parsing the neuroanatomical heterogeneity of autism by integrating
large-scale neuroimaging datasets with multi-omics profiling. Our findings help reconcile a central paradox in autism: how
a clinically heterogeneous condition can arise from diverse yet systematically patterned neurobiological substrates. We
found that the neuroanatomical heterogeneity in autism is not a monolithic entity but organized along distinct genetic and
molecular axes that dissociate across cortical systems. Notably, the convergence of cortical and proteomic alterations
highlights a key role of immune dysregulation. Collectively, these findings suggested that neuroanatomical heterogeneity
constitutes a core organizing principle of autism, bridging molecular perturbations with large-scale brain architecture and

phenotypic diversity.
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Methods

Ethics

The present study was approved by the Ethics Committee of Xinhua Hospital affiliated with Shanghai Jiao Tong University
School of Medicine (XHEC-C-2019076) and was registered at ClinicalTrials.gov (NCT04358744). All contributing
datasets were conducted in accordance with protocols approved by the Institutional Review Boards of the original studies,

and informed consent was obtained from all participants or their legal guardians.
Participants

In this study, we used large-scale multisite neuroimaging datasets following rigorous quality control procedures. The final
sample comprised 60,234 HC participants (29,802 males; aged 0—100 years) from 193 sites?® and 3,117 individuals with
ASD (2,644 males; aged 1-62 years) from 36 sites. To capture neuroanatomical heterogeneity within the autism population
across the lifespan, we integrated two complementary ASD cohorts: the widely utilized ABIDE 1 and II neuroimaging
datasets (n = 681; aged 5.1-62 years), and the SAED cohort (n = 2,436; aged 1-14.5 years), a large-scale multi-omics
initiative focused on the early childhood development in ASD. For the SAED cohort, clinical diagnoses were made by

experienced clinicians based on the Diagnostic and Statistical Manual of Mental Disorders-Fifth Edition (DSM-5)% and

were confirmed using the age-appropriate modules of the Autism Diagnostic Observation Schedule (ADOS)®¢. Specifically,
the standard ADOS module 1 for children over 30 months of age and the ADOS Toddler Module for those between 12 and
30 months. None of the ASD children diagnosed before 30 months of age had any change in diagnosis during subsequent
follow-up visits. The ADOS calibrated severity scores were calculated to allow the comparison of autism severity across
participants tested with different ADOS modules®’. The neurocognitive assessment was made around their first MRI visit.
The DQ was assessed by the Gesell Developmental Schedules (GDS)® for children younger than 4 years. The 1Q was
assessed by the Wechsler Preschool and Primary Scale of Intelligence (WPPSI)® for 4- to 6-year-old children and the
Wechsler Intelligence Scale for Children-Revised (WISC-R)® for children older than 6 years. The Childhood Autism
Rating Scale (CARS)®' and Social Responsiveness Scale (SRS)”? were used to assess social-related clinical phenotypes.
All participants had no neurological issues, such as suspected vision problems, hearing problems, known genetic disorders,

or neurological conditions. Informed consent was obtained from the parents or guardians of each participant.

Individual-level genotype data were available for 2,566 individuals with ASD from the SAED cohort (2,078 males; aged
1-14 years) and 2,312 HC individuals from the SBC cohort (1,164 males; aged 4—10 years). Plasma samples for proteomic
profiling were obtained from 251 individuals with ASD (212 males; aged 1-10 years) and 90 HC participants (45 males;
aged 1-10 years) within the SAED cohort. Detailed demographic characteristics are provided in Supplementary Table 1.

MRI quality control and processing

To ensure the high quality of neuroimaging data and enhance the credibility of our findings, we implemented a rigorous
and standardized QC pipeline for all MRI scans using a comprehensive four-step QC framework?’ that integrated automated
quality assessment tools, including MRIQC and FSQC??, as well as custom scripts, followed by expert visual inspection of
each MRI scan (detailed in Supplementary Methods). This systematic approach was designed to detect and exclude scans
with excessive head motion, low signal-to-noise ratio, structural artifacts, poor tissue segmentation, or inaccurate surface
reconstruction, thereby improving the reliability and robustness of downstream analyses. Given the pronounced anatomical

changes in the cerebral cortex across the human lifespan, particularly during the perinatal and early infancy periods, there
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is currently no unified processing protocol universally applicable across all ages. To maximize the accuracy and robustness
of MRI data processing, we employed age-specific strategies consistent with our prior work?® (detailed in Supplementary
Methods). Brain morphometric measures, including cortical thickness and surface area, were estimated based on the

Desikan-Killiany atlas?’ and the reconstructed cortical surfaces.
Normative modeling and centile scores

To accurately estimate sex-stratified normative brain development trajectories corrected for batch effects, we employed the
GAMLSS?® framework using 60,234 HC individuals aged 0 to 100 years. GAMLSS offers a flexible and robust statistical
framework capable of modeling both linear and nonlinear age-related changes, as well as the estimation of study-specific
offsets. This method is endorsed by the World Health Organization?® and has been widely adopted for estimating growth
trajectories in neurodevelopmental studies'®?’. The growth curve of regional morphometric measures (CT/SA) was
modeled using GAMLSS with a generalized gamma distribution GG (u, o,v)'®. Model parameters were linked to an
additive equation comprising fixed effects (sex), random effects (site-processing pipeline), and fractional polynomial
transformation terms of age'®. To ensure optimal model performance, we systematically explored multiple configurations
for fractional polynomial parameterizations, selecting the model with the lowest BIC as the best-fitting specification
(Supplementary Fig. S1). The reliability and robustness of the resulting normative models were further validated using

1,000 bootstrap resampling iterations (Supplementary Fig. S2-4).

The estimated normative trajectories of brain development enabled quantification of each individual with ASD relative to
age-normed, sex-stratified distributions. For all 3,117 participants with ASD, centile scores were calculated with reference

to the normative growth curves'®, yielding standardized metrics of morphometric divergence from typical development.
Categorical multilayer community detection

To assess inter-individual similarity in morphometric deviations among individuals with autism, we calculated Pearson’s
correlation coefficients between participants’ regional centile scores, separately for CT and SA, yielding two subject-by-
subject similarity matrices. After excluding negative correlations, we applied Fisher’s z-transformation to the remaining

correlation coefficients to enhance the normality of distributions.

We then applied categorical multilayer community detection’, a robust and effective approach for capturing complex
multilayer modular structures, to the concatenated similarity matrices. This method optimizes the multi-slice modularity
quality function, which leverages the relative densities of intra- and inter-community connections to partition subjects into
communities, where individuals within the same community exhibit similar deviation patterns, whereas those in different

communities show weaker resemblance. The multilayer modularity function is defined as:

Qmultitayer = %Z [(Aijs — ¥sVijs)Bsr + 8ijwjsr |6 (Gisr 9jr)
ijsr
where layer s/r corresponds to one of the two brain measurements, A;;s represents the deviation similarity matrix of slice
s, and V;j; denotes the corresponding intralayer Newman-Girvan null model. The parameter y, controls the topological
resolution of slice s and wjs, is the coupling parameter linking subject j between layer r and s. The Kronecker delta
function 6(g;s, gj»-) is 1 if subject i in slice s and subject j in slice r belong to the same community and 0 otherwise. The

parameters y = 1 and w = 1 were selected to achieve a balanced trade-off between intra-layer structure and inter-layer
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consistency. This parameter combination yielded stable community assignments while retaining sufficient sensitivity to
capture meaningful dynamic reconfigurations across brain measures, thereby minimizing both over-fragmentation and
excessive smoothing of community modules. To ensure the robustness of the community consensus, we performed 1,000

optimizations of the model fitting process, ultimately obtaining community assignments for each cortical feature.
Statistical analysis

To characterize the spatial deviation pattern within the identified ASD subtypes (communities), we performed one-sample
t-tests on regional centile scores for each subtype and measure, with multiple comparisons controlled using the Benjamini-
Hochberg false discovery rate (FDR, p-FDR < 0.05). To assess the robustness of community assignment and the stability
of deviation patterns, we repeated the categorical multilayer community detection analyses on randomly subsampled ASD
cohorts, varying the sampling proportion from 50% to 80% (see Sensitivity Analysis; Supplementary Fig. S6). Behavioral
performance and clinical symptom differences across subtypes were evaluated using one-way ANOVA and Welch’s ¢-tests

across a broad set of measures. Statistical significance was corrected using FDR, with a threshold set at p-FDR < 0.05.
Genotype quality control and processing

Genotypes were processed for SAED autism cases and SBC controls aligned to GRCh38/hg38. Initial QC removed variants
with >5% genotype missingness and samples with >2% missingness, retaining only biallelic autosomal SNPs with A/C/G/T
alleles and removing monomorphic sites (minor allele count, MAC < 1). Stringent variant-level QC was applied, including
Hardy—Weinberg equilibrium (exact mid-p test; p <1 x 107°) in confirmed controls only, differential missingness testing
between confirmed cases and controls (mid-p, p <1 % 107%), and removal of duplicate variant IDs. To minimize linkage
disequilibrium (LD) inflation, heterozygosity metrics were estimated on an LD-pruned autosomal marker set excluding
long-range LD regions (indep-pairwise 50 5 0.2). Samples with extreme inbreeding coefficients (|F] > 0.2) were excluded,
and individuals exceeding £5 s.d. in heterozygosity were flagged for review. Pairwise relatedness was inferred from an
LD-pruned set of autosomal variants (chr1—22; minor allele frequency, MAF >0.05; SNP missingness < 2%; indep-
pairwise 100 50 0.1; excluding long-range LD regions), and identity-by-descent statistics were computed using PLINK*+%,
Individuals related at second-degree or closer (P1_HAT > 0.1875) were pruned by removing one sample per pair according
to a deterministic prioritization rule: higher sample missingness first; if tied, the sample participating in more related pairs
was removed; remaining ties were resolved by removing the second sample in the pair. The final pre-imputation dataset
was defined by applying a MAF threshold (MAF >0.01), and population structure was summarized using principal
components analysis with a LD-pruned marker set (MAF > 0.05, SNP missingness < 2%, HWE p > 1x107%, indep-pairwise

50 5 0.2; excluding long-range LD regions), and the cleaned dataset was split by chromosome for imputation.

Post-imputation genotype data were obtained from the ChinaM AP server as per-chromosome dosage VCFs and indexed
with tabix, yielding 58,504,309 autosomal variants prior to imputation-quality filtering. Variants with imputation quality
(R?) > 0.6 were retained and concatenated into a cohort-level VCF comprising 20,681,789 variants. The merged data were
converted to PLINK format, restricting to biallelic A/C/G/T SNPs and standardizing variant identifiers, with no duplicate
variants detected. Sample identifiers were harmonized, and phenotype and sex annotations were assigned from curated
metadata. Post-imputation quality control applied filters for genotype missingness (< 5%) and minor allele frequency
(MAF >0.01), removing 14,282,630 low-frequency variants and retaining 6,399,159 variants. No variants failed Hardy—
Weinberg equilibrium testing in controls (exact mid-p test; p <1 x 107°), and no samples were excluded due to missingness.
The final dataset comprised 6,399,159 high-quality variants for downstream analyses.
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Polygenic scores

Polygenic scores (PGSs) were derived from the most recent well-powered GWAS of ASD, ASD-related traits, co-occurring
psychiatric disorders, and multi-organ biological age gap (BAG). Specifically, summary statistics were obtained for ASD-3?
(including ASD, earlier-diagnosed ASD, later-diagnosed ASD, and age at ASD diagnosis), attention-deficit/hyperactivity
disorder”” (ADHD), major depressive disorder’® (MDD), schizophrenia®, obsessive—compulsive disorder'® (OCD),

102

bipolar disorder!®!, anxiety'%?, anorexia nervosa'®, intelligence!%*, educational attainment'%, spelling, and word reading'%.

107,108

PGSs were also generated for BAG phenotypes encompassing grey matter, white matter, functional connectivity,
brain, eye, pulmonary, cardiovascular, liver, kidney, metabolic, immune, and musculoskeletal domains. All variants in the
GWAS summary statistics were converted from GRCh37/hg19 to GRCh38/hg38 via liftOver'® to align with the genotype
data. PGSs were computed for individuals with available genotyping array data using PRS-CSx!'!%!!! (v.1.1.0), a Bayesian
polygenic prediction framework that infers posterior single-nucleotide polymorphisms (SNPs) effect sizes by integrating
GWAS summary statistics with an external linkage disequilibrium reference panel under a continuous shrinkage prior.
Associations between each trait-specific PGS and ASD subtypes were evaluated using logistic regression models. Odds

ratios (ORs) and corresponding 95% confidence intervals were estimated, adjusting for age, sex, and the first ten genetic

principal components.
Plasma proteomics

Blood samples were centrifuged at room temperature for 10 min, aliquoted, and frozen at —80 °C within 30 min of collection.
For processing, samples were transferred to 1.5 mL Eppendorf tubes and adjusted to 100 pL with 50 mM ammonium
bicarbonate. Proteins were denatured by heating at 95 °C for 3 min, cooled to room temperature, and digested with trypsin
at 37 °C for 16 h. Resulting peptides were extracted, lyophilized, and desalted. Lyophilized peptides were reconstituted in

100 uL of 0.1% formic acid, and 2% of the solution was injected for mass spectrometry analysis.

In the mass spectrometry data acquisition, samples were separated using an EASY-nLC 1200 nano-flow high-performance
liquid chromatography (HPLC) system. Mobile phase A consisted of 0.1% formic acid in water, while mobile phase B
comprised 0.1% formic acid in acetonitrile (80% acetonitrile). Prior to sample loading, the trap and analytical columns
were equilibrated with 100% mobile phase A. The digested peptide samples were then delivered to the trap column (2 cm,
ID 100 pm, 3 pm, C18) via an autosampler and subsequently separated using an analytical column (15 cm, ID 150 um, 1.9
pm, C18) at a flow rate of 600 nL/min.

Following chromatographic separation, mass spectrometry analysis was performed using an HFX mass spectrometer in
positive ion mode. The precursor ion scan range was set to 300—1400 m/z, with a first-stage mass resolution of 60,000 at
200 m/z. The automatic gain control (AGC) target was set to 3e6, with a maximum injection time of 20 ms. Peptide and
peptide fragment mass-to-charge ratios were acquired using the following method: after each full scan, 30 data-independent
acquisition (DIA) scans were collected using higher-energy collisional dissociation (HCD) with a normalized collision
energy of 27%. The isolation window varied according to the isolation scheme, and the second-stage mass resolution was
set to 15,000 at 200 m/z. The raw mass spectrometry data were then processed using the iProteome cloud-based platform

for qualitative protein analysis.
Enrichment analyses

Group differences in plasma proteomic profiles were assessed using one-way ANOVA and Welch’s #-tests. Functional
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enrichment analyses were subsequently performed using Metascape'!?, an automated platform for integrative meta-analysis,
to identify biological processes and pathways associated with candidate protein-encoding genes. Analyses were conducted
for proteins significantly up- or down-regulated (p < 0.05) in ASD subtypes compared to HC, as well as between subtypes.

Enrichment p-values were calculated using the cumulative hypergeometric test and corrected using FDR.
Cognitive and microarchitectural brain maps

We utilized meta-analytic activation maps from Neurosynth (https://neurosynth.org), a platform that provides probabilistic
associations between brain regions and cognitive processes derived from more than 14,000 functional MRI studies. While
the full Neurosynth database includes over 1,300 terms, we refined our analysis to 123 terms relevant to cognition, behavior,
and emotion, selected from the Cognitive Atlas, an open-access ontology of cognitive neuroscience®*>**. The probabilistic
measures estimated by NeuroSynth provide a quantitative representation of the strength of association between regional

brain activity and cognitive processes.

We further aggregated multi-level cortical profiles from the neuromaps toolbox (https://github.com/netneurolab/neuromaps)
and the Neuro Vault repository (https://neurovault.org). These brain maps encompassed measures of cortical microstructure,
metabolism, neurotransmitter receptor distribution, mitochondrial function, cortical expansion, and cell-type-specific gene
expression. Surface-based data were transformed into the fsSLR32k space via linear interpolation and parcellated using the
Desikan-Killiany atlas in fSLR32k space. Volumetric profiles were retained in their native MNI152 volumetric space and

were parcellated into the Desikan-Killiany atlas in MNI152 space.

Microstructural brain maps included the T1w/T2w ratio''? (as a proxy for myelination), the first principal component of
gene expression from the Allen Human Brain Atlas (AHBA)'', the excitatory-to-inhibitory receptor density ratio'', and
synaptic density estimated via [!!C]JUCB-J PET tracer binding to synaptic vesicle glycoprotein 2A (SV2A)!!¢. Metabolic
brain maps encompassed the glycolytic index, cerebral blood flow and volume, as well as glucose and oxygen
metabolism!!”. Cortical expansion maps included evolutionary and developmental expansion''®, and allometric scaling'"’.
Neurotransmitter maps comprised density distributions for 18 receptors and transporters, including serotonin (5-HT1a, 5-
HT1b, 5-HT2a, 5-HT4, 5-HT6, 5-HTT), dopamine (D1, D2, DAT), norepinephrine (NET), histamine (H3), acetylcholine
(04B2, M1, VAChHT), cannabinoid (CB1), opioid (MOR), glutamate (mGIuR5), and GABA (GABAa/bz)3®. Cell-type-
specific gene expression profiles were derived based on the AHBA dataset!?°, including astrocytes (astro), oligodendrocytes
(oligo), oligodendrocyte precursor cells (opc), endothelial cells (endo), microglia (micro), excitatory neurons (neuron-ex),
and inhibitory neurons (neuron-in). Mitochondrial features®” included tissue respiratory capacity (TRC), mitochondrial
respiratory capacity (MRC), and mitochondrial density (MitoD), along with three markers of oxidative phosphorylation
(OXPHOS) enzyme activity reflecting cellular energy-transformation capacity: complex I (CI; NADH-ubiquinone

oxidoreductase), complex II (CII; succinate dehydrogenase), and complex IV (CIV; cytochrome ¢ oxidase).
Partial least squares

We employed partial least squares (PLS) analysis to examine the relationship between cortical centile maps within CT/SA
subtypes and a range of spatial brain maps, including cognitive activation profiles, and microarchitectural features. PLS is
a multivariate technique that identifies latent variables by maximizing the covariance between predictors and responses
through weighted linear combinations of the original variables. For each spatial map, a loading score was calculated as the

Pearson’s correlation between the original map and the derived latent variables, providing a measure of its contribution to
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the shared variance structure. The statistical significance of each latent variable was determined by comparing the observed
covariance to a null distribution generated via 1,000 times spatial autocorrelation-preserving permutation tests'?! (spin

tests).
Multimodal disease epicenter

To identify the multi-level disease epicenters associated with CT/SA subtypes, we performed connectivity-based epicenter
mapping across multiple phenotypic axes, including structural, functional, electrophysiological, metabolic, receptor, and
genetic connectomes, as constructed by Hansen et al'??. Disease epicenters are defined as brain regions whose normative

connectivity profiles in healthy individuals spatially resemble patterns of disorder-related cortical abnormalities.

Group-level normative connectomes were constructed from multimodal neuroimaging and molecular datasets acquired in
HC cohorts. Structural and functional connectomes were derived from 326 participants in the Human Connectome Project
(HCP)', Structural connectivity was estimated from diffusion-weighted MRI as the number of white matter streamlines
linking each pair of cortical regions. Functional connectivity was computed as pairwise Pearson’s correlations between
regional resting-state fMRI time series. Electrophysiological connectivity was quantified as amplitude envelope
correlations between brain regions based on magnetoencephalography recordings acquired from 33 healthy HCP
participants'?3. Metabolic connectivity was estimated by correlating regional metabolic time series from 4D ['®F]-
fluorodeoxyglucose PET images collected in 26 healthy individuals'?*. Receptor connectivity was quantified by correlating
cortical regional profiles across 18 neurotransmitter receptors and transporters*. Finally, genetic connectivity was derived

from regional microarray expression profiles from the AHBA !4,

For each CT/SA subtype, we computed epicenter maps by correlating its 7-statistic map of centile scores with the normative
connectivity profile of every brain region, performed separately for each modality!?. The degree of spatial correlation
between the epicenter map and the #-statistic map was then quantified, and the statistical significance was assessed with
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1,000 times spin-tests'#!, allowing us to infer candidate networks that may underlie disease progression.

Data availability

The MRI dataset are partially publicly available at the Adolescent Brain Cognitive Development Study (ABCD;
https://nda.nih.gov/); ADHD-200 Sample (https://fcon_1000.projects.nitrc.org/indi/adhd200/); Alzheimer’s Disease
Neuroimaging Initiative (ADNI; https://adni.loni.usc.edu/); Age-ility Project (https://www.nitrc.org/projects/ageility);
Baby  Connectome  Project  (BCP;  https://nda.nih.gov/); Brain  Genomics Superstruct  Project
(https://www.neuroinfo.org/gsp); Calgary Preschool MRI Dataset (https://osf.io/axz5r/); Cambridge Centre for Ageing and
Neuroscience Dataset (Cam-CAN; https://cam-can.mrc-cbu.cam.ac.uk/dataset/); Chinese Color Nest Project
(https://www.scidb.cn/en/detail?dataSetld=c81f0e90a51b4cfca348ce4dabca734e); Chinese Human Connectome Project
(https://www.scidb.cn/en/detail?dataSetld=f512d08513d3452a9b14689e¢9997ca%94);  Cincinnati MR  Imaging of
Neurodevelopment  (https://atlaslongitudinaldatasets.ac.uk/datasets/c-mind);  Consortium for  Reliability and
Reproducibility (CoRR; https://fcon_1000.projects.nitrc.org/indi/CoRR/html/); Dallas Lifespan Brain Study
(https://fcon_1000.projects.nitrc.org/indi/retro/dlbs.html);  Developing Human Connectome Project (dHCP;
http://www.developingconnectome.org/data-release/second-data-release/); University of North Carolina Early Brain
Development Study (https://www.med.unc.edu/psych/research/psychiatry-department-research-programs/early-brain-

development-research/); Function BIRN Phase II Multi-site fMRI Study (http://www.nbirn.net/Resources/Downloads);
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Healthy Brain Network (https:/fcon_1000.projects.nitrc.org/indi/cmi_healthy brain network/); Human Connectome
Project (HCP; https://www.humanconnectome.org); Lifespan Human Connectome Project (https://nda.nih.gov/); Nathan
Kline Institute-Rockland Sample (NKI-RS; https:/fcon 1000.projects.nitrc.org/indi/pro/nki.html); Neuroscience in
Psychiatry Network (NSPN) Dataset (https:/nspn.org.uk/); Open Access Series of Imaging Studies (OASIS;
https://sites.wustl.edu/oasisbrains/); ~ Pediatric = Imaging,  Neurocognition, and  Genetics Study (PING;
http://pingstudy.ucsd.edu/); Pixar Dataset (https://openfmri.org/dataset/ds000228/); Philadelphia Neurodevelopmental
Cohort (PNC; https://www.med.upenn.edu/bbl/philadelphiancurodevelopmentalcohort.html);  Queensland Twin
Adolescent Brain Project (https://openneuro.org/datasets/ds004 146/versions/1.0.4); Strategic Research Program for Brain
Sciences MRI  Dataset (SRPBS; https://bicr-resource.atr.jp/srpbsopen/);  OpenfMRI  database  ds000115
(https://openfmri.org/dataset/ds000115/); SchizConnect Project (https://schizconnect.org/), incorporating datasets such as
BrainGluSchi, COBRE, MCICShare, and NMorphCH; Southwest University Adult Lifespan Dataset (SALD;
http://fcon_1000.projects.nitrc.org/indi/retro/sald.html); Southwest University Longitudinal Imaging Multimodal Brain
Data Repository (http:/fcon_1000.projects.nitrc.org/indi/retro/southwestuni_qiu_index.html); UK Biobank Brain Imaging
Dataset  (https://www.ukbiobank.ac.uk/); Growing Up in Singapore Towards healthy Outcomes (GUSTO;
https://www.gusto.sg/); Autism Brain Imaging Data Exchange (ABIDE; https://fcon_1000.projects.nitrc.org/indi/abide/);
and Shanghai Autism Early Development Cohort (SAED; https:/pmc.ncbi.nlm.nih.gov/articles/PMC9723093/).
Microarchitectural maps and multimodal normative connectomes are available from the Network Neuroscience Lab
(https://github.com/netneurolab). Mitochondrial profiles can be accessed via NeuroVault
(https://neurovault.org/collections/16418/), and disease abnormality maps are available through the ENIGMA Toolbox
(https://github.com/MICA-MNI/ENIGMA).

Code availability

The code and resources wused in this study are all publicly available, including Freesurfer
(https://surfer.nmr.mgh.harvard.edu),  iBEAT-V2  (https://github.com/iBEAT-V2/iBEAT-V2.0-Docker), = MRIQC
(https://github.com/nipreps/mriqc), FSQC (https://github.com/Deep-MI/fsqc), normative modeling
(https://github.com/brainchart/Lifespan), categorical community detection (https://github.com/GenLouvain/GenLouvain),
statistical analysis (https://scipy.org/), PLINK (https://www.cog-genomics.org/plink/2.0/), PRS
(https://github.com/getian107/PRScsx), partial least squares analysis (https://github.com/netneurolab/pypyls), epicenter
mapping (https://github.com/MICA-MNI/ENIGMA), spin permutation (https://github.com/spin-test/spin-test), and
enrichment analysis (https://metascape.org). Medical icons used in the schematic figure were obtained from Servier
Medical Art (https://smart.servier.com). Brain surface visualizations were generated using netneurotools
(https://github.com/netneurolab/netneurotools), and  data  visualizations  were created using  seaborn
(https://seaborn.pydata.org), matplotlib (https://matplotlib.org), wordcloud (https://amueller.github.io/word_cloud/), and
ggplot2 (https://ggplot2.tidyverse.org).
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Figure legends

Fig.1 | Schematic overview of the study. a, MRI data included in this study comprised 60,234 healthy controls (HC) and
3,117 participants with autism spectrum disorder (ASD), aggregated from 193 scanning sites after rigorous quality control.
The HC cohorts collectively spanned the age range from birth to 100 years, and the ASD cohorts ranged from 1 to 62 years.
Box plots show the age distribution of each cohort, colored by log-transformed sample size. b, Normative modeling was
performed using the GAMLSS framework fitted to HC cohorts for each brain region and measure, estimating sex-stratified
lifespan brain charts while controlling for batch effects. Age- and sex-normalized centile scores for cortical thickness (CT)
and surface area (SA) of each ASD individual were then derived based on the lifespan normative models. ¢, A categorical
multilayer community detection algorithm was applied to concatenated CT-SA inter-individual similarity matrices, yielding
community assignments for each ASD participant across measures. d, Multi-omics analyses delineated subtype-specific
biological signatures, including polygenic liability, plasma proteomics, microarchitectural features, and disease epicenters.

PGSs, Polygenic scores; OR, odds ratio.

Fig.2 | Neuroanatomical subtypes in ASD. a,b, Neuroanatomical deviation patterns of CT and SA subtypes. Statistical
significance of deviation patterns was assessed using one-sample ¢-tests with FDR correction (p-FDR < 0.05). ¢, Proportion
of CT-SA community overlap, showing that 59.5% of ASD participants were assigned to different CT and SA subtypes.
d,e, Age and sex distributions across CT and SA subtypes. Age differences between subtypes were evaluated using one-
way analysis of variance (ANOVA), with pairwise comparisons performed using Welch’s #-tests. Statistical significance is

indicated by stars on the boxplots (p < 0.05). Sex distribution differences were assessed using y? tests.

Fig.3 | Behavioral and clinical symptom characterization. a, Bar plots showing F-statistics from one-way ANOVA, with
FDR correction, for z-scored behavioral scores and clinical measures across CT and SA subtypes. Variables surviving FDR
correction (p-FDR < 0.05) are shown in deep purple, whereas those reaching nominal significance (p < 0.05) are indicated
in light purple. b, Post hoc analyses (Welch’s #-tests) of variables exhibiting significant group effects across CT subtypes.
Significance levels are denoted as * p-FDR < 0.05; ** p-FDR < 0.01; *** p-FDR < 0.001; **** p-FDR < 0.0001.

Fig. 4 | Polygenic architecture. a, Polygenic scores (PGSs) for ASD individuals relative to HC across ASD-related GWAS.
b, PGSs for each CT/SA subtype compared to HC. ASD, autism spectrum disorder; ADHD, attention-deficit/hyperactivity
disorder; MDD, major depressive disorder; OCD, obsessive—compulsive disorder; BAG, biological age gap; FC, functional
connectivity. Circles indicate the odds ratio (OR) and error bars show the 95% confidence intervals. Colored circles denote

significant differences.

Fig. 5 | Plasma proteomic signatures. a,b, Differential plasma protein expression between each CT/SA subtype and HC,
and across CT/SA subtypes. Each point represents a plasma protein in the volcano plots, with the three most up- or down-
regulated proteins annotated. The top 15 proteins exhibiting significant differential expression among ASD subtypes are
shown. ¢,d, The top five significantly enriched biological processes derived from proteins with significantly altered plasma
expression. Statistical significance for comparisons between each ASD subtype and HC was assessed using Welch’s #-test,

and differences across subtypes were evaluated using one-way ANOVA.
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Fig.6 | Cognitive and biological annotation. a, PLS analysis was used to assess multivariate relationships between centile
scores and cognitive processes or microarchitectural features. Latent variables are ranked by effect size, defined as the
proportion of shared covariance explained by the first principal component of the PLS, and shown as yellow dots. Statistical
significance was evaluated using a spatial autocorrelation-preserving null model (1,000 permutations; grey). Boxplots
indicate the first, second (median), and third quartiles of the null distribution. b, Spatial distribution of PLS-derived scores,
indexing the extent to which each brain region expresses covarying centile—feature patterns. ¢,d, PLS loadings for cognitive
processes and microarchitectural features associated with the latent variables in CT and SA subtypes. Word size reflects
the relative magnitude of the term loading, with red indicating positive loadings and blue indicating negative loadings.
gene PCl1, first principal component of gene expression; E:I ratio, excitatory-to-inhibitory receptor density ratio; Astro,
astrocytes; Micro, microglia; OPC, oligodendrocyte precursor cells; Oligo, oligodendrocytes; Endo, endothelial cells;
Neuro-Ex, excitatory neurons; Neuro-In, inhibitory neurons; Mitochondrial respiratory complexes I (CI), II (CII), and IV

(CIV); MitoD, mitochondrial density; TRC, tissue respiratory capacity; MRC, mitochondrial respiratory capacity.

Fig.7 | Multimodal disease epicenter mapping. a,b, Epicenter mapping of CT and SA subtype deviation patterns across
six connectomes, spanning from macroscopic structural network to microscopic gene expression network. Epicenters were
defined as regions whose connection strengths showed strong correlations with deviation patterns, suggesting that cortical
abnormalities may propagate from these epicentral regions to their connected neighbors. ¢, Correlations between ASD
subtype deviation maps and their corresponding six epicenter maps, with significance assessed using spatial spin-
permutation tests (p-spin < 0.05). d, Scatter and line-fit plots showing the strongest correlation for each subtype, with nodes
colored according to the Schaefer functional networks'?®. SC, structural connectivity; FC, functional connectivity; MEG,

magnetoencephalography.
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