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Autism spectrum disorder (ASD), attention-deficit/hyperactivity disorder (ADHD), and schizophrenia (SCZ) 
represent major neurodevelopmental disorders with distinct typical ages of onset. These disorders exhibit 
substantial genetic and phenotypic overlap, yet their shared and disorder-specific neurobiological mechanisms 
remain unclear. We analyzed resting-state functional magnetic resonance imaging data from 2,176 participants 
(ASD, ADHD, SCZ, and healthy controls). Using heterogeneous matrix factorization, we extracted meta-blood-
oxygen-level-dependent signals to reduce individual heterogeneity and constructed functional connectivity 
networks. Partial least squares identified a shared transdiagnostic abnormal connectivity pattern (STACP) and 
disorder-specific connectivity deviations (DSCDs). We annotated edges with transcriptomic, neurotransmitter, 
and mitochondrial maps for biological interpretation. The STACP involved connections linking deep regulatory 
systems (cerebellum, brain stem, and subcortical network) and cortical perceptual–executive networks 
(default mode, visual, frontoparietal, and somatomotor). The DSCDs of ASD and ADHD implicated overlapping 
networks with opposite functional connectivity directions (decreased in ASD and increased in ADHD), while SCZ 
showed more widespread desynchronization. STACP-related genes were enriched for synaptic development, 
cytoskeletal remodeling, and lipid metabolism, expressed in midbrain and deep-layer cortical neurons, and 
associated with serotonin transporter and cytochrome c oxidase. DSCDs were linked to glutamatergic plasticity 
and immune activation in ASD, dopaminergic regulation and glia–neuron interactions in ADHD, and broad 
synaptic plus immune–metabolic dysregulation in SCZ. Together, these findings provide a systems-level 
characterization of shared and disorder-specific neurobiological features across major neurodevelopmental 
disorders observed at different life stages.

Introduction

   Autism spectrum disorder (ASD) and attention-deficit/ 
hyperactivity disorder (ADHD) typically emerge during infancy 
and early childhood and are formally classified as neurodevel-
opmental disorders (NDDs) in the Diagnostic and Statistical 
Manual of Mental Disorders, fifth edition (DSM-5) [  1 –  4 ]. 
Schizophrenia (SCZ), although not categorized as an NDD, 
usually emerges in late adolescence or early adulthood and is 
increasingly recognized as arising from the maturation of cells 

and circuits within the developing brain [  5 –  9 ]. ASD, ADHD, 
and SCZ constitute major NDDs that manifest at different 
developmental stages [  10 ], and growing evidence indicates 
that they share substantial overlaps across genetic, transcrip-
tomic, connectomic, and clinical phenotypes [ 10 –  16 ]. These 
convergences have motivated a shift from diagnosis-specific 
toward transdiagnostic approaches [  17 –  19 ]. Against this 
backdrop, understanding their shared neural bases, disorder-
specific deviations, and underlying molecular mechanisms is 
essential.
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   Recent single-disorder and pairwise comparative studies 
have consistently reported overlapping alterations in the brain 
networks among ASD, ADHD, and SCZ, particularly involving 
the default mode network (DMN), frontoparietal network 
(FPN), ventral attention network (VAN), and subcortical net-
work (SCN) [  20 –  25 ]. Despite these shared alterations, each 
disorder also exhibits network-specific differences. In ASD, the 
most common findings are widespread decreases in intracorti-
cal connectivity, particularly among the DMN, FPN, and limbic 
system, often accompanied by enhanced cross-network con-
nectivity between the DMN and the limbic network [  26 –  29 ]. 
SCZ similarly shows widespread decreased connectivity, par-
ticularly in cross-network interactions among the VAN, DMN, 
and FPN, while increased connectivity between the limbic 
network and the VAN is observed [  30 ,  31 ]. In contrast, ADHD 
is characterized by increased connectivity among the VAN, 
DMN, salience network, somatomotor network (SMN), and 
cortico-cerebellar network [ 25 ,  32 ]. Notably, these alterations 
of the DMN in ASD and ADHD are inconsistent, ranging from 
reports of increased cross-network integration [  22 ] to evidence 
of decreased intrinsic connectivity [  33 ]. Such inconsistencies 
may reflect individual heterogeneity, sample size differences, 
and methodological heterogeneity across studies.

   These neuroimaging findings offer valuable insights into 
potential shared and disorder-specific neural bases underlying 
ASD, ADHD, and SCZ. However, several limitations hinder a 
comprehensive understanding across these disorders. First, most 
studies focus on either single-disorder analyses or pairwise com-
parisons [  34 ,  35 ], which may reveal certain differences but fall 
short of capturing the broader landscape of convergence and 

divergence across the 3 disorders within a unified analytical 
framework. Second, existing studies have largely focused on 
macroscopic brain network alterations, with relatively few studies 
exploring the molecular regulatory mechanisms that underpin 
these brain networks—particularly from a transdiagnostic per-
spective [  36 ,  37 ]. Third and most critically, these disorders exhibit 
profound inter-individual heterogeneity, not only in clinical 
symptoms and neuroimaging features but also in the variability 
of underlying neurobiological mechanisms [  38 ,  39 ]. Traditional 
imaging analyses often rely on group-average statistics, which 
may overlook important patterns driven by subgroups of indi-
viduals and potentially obscure shared neurobiological mecha-
nisms [ 39 ,  40 ]. Therefore, there is a critical need for an integrative, 
cross-scale framework that combines brain network analysis with 
transcriptomic, neurotransmitter, and mitochondrial profiles 
across multiple disorders and that also accounts for individual 
heterogeneity. Such a framework could enable more precise char-
acterization of brain dysfunction and its underlying molecular 
features.

   To systematically characterize the shared and disorder-specific 
neurobiological mechanisms in ASD, ADHD, and SCZ, we devel-
oped a cross-disorder integrative framework combining brain 
functional connectivity (FC) with multidimensional molecular 
data encompassing transcriptomic, neurotransmitter, and mito-
chondrial profiles (Fig.  1 ). We introduced and applied a novel 
methodology to mitigate individual-level heterogeneity in FC 
and enhance the robustness of disorder-related network pheno-
type identification at the group level. Moreover, we overcame the 
limitations of traditional group-average analyses by using partial 
least squares (PLS) to identify a shared transdiagnostic abnormal 

Fig. 1. Overview of the analytical framework. (A) Resting-state functional magnetic resonance imaging (rs-fMRI) data acquisition. (B) Heterogeneous matrix factorization 
(HMF) was applied to extract meta-blood-oxygen-level-dependent (meta-BOLD) time series that capture cross-individual shared components; Mi denotes the BOLD signal 
from the ith brain region. (C) Functional connectivity (FC) matrices were constructed from meta-BOLD signals. Autism spectrum disorder (ASD), attention-deficit/hyperactivity 
disorder (ADHD), and schizophrenia (SCZ) were combined into a neurodevelopmental disorder (NDD) cohort, which, together with healthy controls (HCs), was analyzed using 
partial least squares (PLS) to identify the shared transdiagnostic abnormal connectivity pattern (STACP). (D) Each disorder group was projected onto the STACP to compute 
projection residuals, thereby defining disorder-specific connectivity deviations (DSCDs). The contribution weights of individual connections to these deviation directions were 
further quantified. (E) Using PLS, these connection-level contribution weights were linked to multiscale molecular and cellular features, including gene expression, cell type, 
neurotransmitter, mitochondrial phenotypes, and cortical hierarchy. AUC, area under the ROC curve.
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connectivity pattern (STACP) and, from its projection residuals, 
disorder-specific connectivity deviations (DSCDs). Notably, we 
integrated multilayer molecular profiles with aberrant functional 
connections, establishing a multiscale edge-level annotation 
framework that bridges macroscale functional disruptions and 
their underlying molecular substrates. Our results reveal STACP 
across ASD, ADHD, and SCZ, driven by imbalanced interactions 
between deep regulatory systems (cerebellum, brain stem, and 
SCN) and cortical perceptual–executive systems (DMN, FPN, 
VN, and SMN). Each disorder also showed distinct network 
deviations: ASD and ADHD shared similar topological altera-
tions but in opposite directions—ASD with hypoconnectivity 
and ADHD with hyperconnectivity—whereas SCZ exhibited 
diffuse, heterogeneous abnormalities marked by intermodular 
desynchronization. At the molecular level, STACP-related genes 
were enriched in synaptic development, cytoskeletal remodeling, 
and lipid metabolism, predominantly expressed in midbrain and 
deep-layer cortical neurons, and coregulated by the serotonin 
transporter (SERT) and cytochrome c oxidase (COX). In sum-
mary, this study offers a heterogeneity-aware, multiscale annota-
tion framework for characterizing the shared and disorder-specific 
neurobiological mechanisms among the 3 disorders.           

Results

Participant demographics
   This study included 2,176 participants divided into 4 groups: 633 
patients with ASD, 391 patients with ADHD, 470 patients with 
SCZ, and 682 healthy controls (HCs). The effects of site, gender, 
and age were removed during resting-state functional magnetic 
resonance imaging (rs-fMRI) preprocessing. The detailed demo-
graphic and clinical data are summarized in Table  1  and Table  S2 .   

Meta-BOLD extraction reduces within-group 
heterogeneity
   Heterogeneous matrix factorization (HMF) was applied to extract 
the shared blood-oxygen-level-dependent (BOLD) signal across 
individuals within each group, suppressing individual heterogene-
ity. The resulting signal is hereafter referred to as meta-BOLD. The 
fidelity of meta-BOLD was evaluated by computing the mean 
squared error (MSE) between the original and the BOLD signal 

reconstructed from meta-BOLD. Across all groups, the reconstruc-
tion MSEs were below 0.04, indicating that HMF accurately 
extracts meta-BOLD (Fig.  2 A). Application of meta-BOLD mark-
edly reduced within-group BOLD signal variability in both the 
ASD and HC groups (P < 0.001), enhancing within-group homo-
geneity (Fig.  2 B). Consistent with these results, signal-to-noise ratio 
analysis showed an increase from 0.0453 to 0.0544 following meta-
BOLD extraction, further supporting improved between-group 
discriminability and analytic sensitivity (Fig.  2 C). Importantly, 
although meta-BOLD effectively reduced individual-level hetero-
geneity, it retained variance related to site and gender (Fig.  S2 ).           

PLS identifies the STACP and DSCDs
   Using meta-BOLD-derived FC matrices from participants with 
ADHD, ASD, SCZ, and HCs, we applied PLS to identify the 
STACP reflecting NDDs. Each participant’s FC was then pro-
jected onto the STACP, and the projection residuals from these 
projections were analyzed to characterize DSCDs. The DSCDs 
for ADHD and ASD were nearly opposed (cosine similarity = 
−0.943). By contrast, the SCZ deviation vector was relatively 
independent, showing low cosine similarity with ADHD (cosine 
similarity = −0.149) and with ASD (cosine similarity = −0.188) 
(Fig.  2 D and E).   

High-contribution FC in the STACP and DSCDs and 
its clinical relevance
   We extracted functional connections with high contributions to 
both the STACP and DSCDs identified in NDDs. Within the 
STACP, these connections were predominantly localized between 
deep regulatory networks (including the cerebellum, brain stem, 
and SCN) and cortical sensorimotor–executive networks (DMN, 
VN, FPN, and SMN). Notably, these high-contribution connec-
tions involved key hub interactions between the cerebellum and 
the brain stem, the brain stem and the SCN, the DMN and the 
SMN, the DMN and the brain stem, the VN and the DMN, and 
the brain stem and the FPN (Fig.  3 A, E, and I and Fig.  S3 A).        

   The high-contribution functional connections character-
izing ASD-specific deviations exhibited a focal and modular 
pattern, predominantly involving the cerebellum, SCN, VN, 
brain stem, SMN, DMN, and VAN. Compared to the STACP, 
these ASD-specific connections showed widespread decreases 

Table 1. Participant characteristics

Site

ASD ADHD SCZ HCs

Gender (M:F) Age (x ± SD) Gender (M:F) Age (x ± SD) Gender (M:F) Age (x ± SD) Gender (M:F) Age (x ± SD)

 ADHD-200 ﻿ ﻿ 274:77  11.67 ± 3.04 ﻿ ﻿ 15:22  18.64 ± 2.87

 CNP ﻿ ﻿ 21:19  32.05 ± 10.28 35:30  33.17 ± 10.45 ﻿ ﻿

 ABIDE 448:60  17.20 ± 8.53 ﻿ ﻿ ﻿ ﻿ 497:148  17.20 ± 7.19

 SPRBS 109:16  32.47 ± 8.00 ﻿ ﻿ 97:49  39.82 ± 10.87 ﻿ ﻿

 CORBE ﻿ ﻿ ﻿ ﻿ 53:19  36.47 ± 10.81 ﻿ ﻿

 Self-built 
database

﻿ ﻿ ﻿ ﻿ 92:95  34.98 ± 13.44 ﻿ ﻿

M, male; F, female; CNP, Consortium for Neuropsychiatric Phenomics; ABIDE, Autism Brain Imaging Data Exchange; SPRBS, Japanese Strategic Research 
Program for the Promotion of Brain Science; CORBE, Center for Biomedical Research Excellence
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in connection strength (Fig.  3 B, F, and J and Fig.  S3 B). Notably, 
these connections were positively associated with clinical symptom 
severity, showing moderate effect sizes with Autism Diagnostic 
Observation Schedule (ADOS) total scores (r = 0.405, r 2 ≈ 0.16, 
95% confidence interval [CI]: 0.24 to 0.56, P < 0.01; Fig.  3 M) 
and Autism Spectrum Quotient (AQ) total scores (r = 0.326, 
﻿r 2 ≈ 0.11, 95% CI 0.17 to 0.47, P < 0.05; Fig.  3 N).

   ADHD-specific high-contribution connections exhibited a 
spatial distribution pattern similar to that observed in ASD-
specific connections, involving the cerebellum, brain stem, VN, 
SCN, and SMN, as well as their interactions with the VAN, DMN, 
and FPN (Fig.  3 C, G, and K and Fig.  S3 C). However, unlike those 
of ASD, ADHD-specific high-contribution connections exhib-
ited a stronger association with symptom severity, demonstrating 
a large effect size with ADHD total scores derived from the 

ADHD Rating Scale-IV (RS-IV) and the Conners’ Parent Rating 
Scale-Long Version (CPRS-LV) (r = 0.508, r 2 ≈ 0.26, 95% CI 0.30 
to 0.67, P < 0.001; Fig.  3 O), indicating a substantial proportion 
of explained variance at the group level. Correlations with the 
Inattentive and Hyper/Impulsive dimensions’ scores are reported 
in Fig.  S4 A and B, respectively.

   Conversely, the SCZ-specific high-contribution connections 
were spatially dispersed and lacked clear modular aggregation. 
These connections were broadly distributed across subnetworks, 
including those between the FPN and the VN, the DMN and the 
brain stem, the dorsal attention network and the SMN, the FPN 
and the brain stem, and the VAN and the VN (Fig.  3 D, H, and 
L and Fig.  S3 D). The directions of connectivity deviations varied 
across these connections, with overall effect sizes relatively mod-
est, indicating substantial inter-individual heterogeneity and a 

Fig. 2. Validation and characterization of the analytical framework. (A) Reconstruction loss (mean squared error [MSE]) of the original BOLD from meta-BOLD. (B) Within-
group variability analysis shows that meta-BOLD signals substantially reduced individual heterogeneity compared to raw BOLD signals. (C) Signal-to-noise ratio (SNR) 
distributions of meta-BOLD and raw BOLD, showing a higher mean SNR and a broader spread for meta-BOLD, indicative of larger between-group differences and smaller 
within-group variability. (D) Distribution of DSCDs for each participant, defined as residual projections onto the STACP. (E) Three-dimensional representation of individual 
DSCDs, with arrows of different colors denoting deviation directions across diagnostic groups. (F to H) Validation of STACP stability and reproducibility. (F) Bootstrap analysis: 
the red histogram shows the cosine similarity distribution between estimated and original directions across 1,000 resamples, with the black dashed line denoting the mean, 
demonstrating the high robustness of STACP to sampling variability. (G) Fivefold cross-validation: the blue curve represents the mean receiver operating characteristic (ROC), 
with the light-blue shading indicating ±1 SD, confirming the discriminative ability of the PLS-derived direction between patients and healthy controls. (H) Permutation test: 
the green histogram depicts the null distribution of between-group projection differences under randomized labels, while the red dashed line marks the observed effect, 
which significantly exceeded the null distribution.
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more diffuse pattern of connectivity alterations. SCZ-specific 
high-contribution connections showed a moderate negative 
association with Positive and Negative Syndrome Scale (PANSS) 
total scores (r = −0.303, r 2 ≈ 0.09, 95% CI −0.42 to −0.18, P < 
0.001; Fig.  3 P), consistent with the diffuse and heterogeneous 
nature of connectivity alterations observed in SCZ. Correlations 
with the PANSS negative and positive dimensions’ scores are 
reported in Fig.  S4 C and D, respectively.   

Transcriptomic profiles associated with the STACP 
and DSCDs
   The STACP identified across ASD, ADHD, and SCZ was associated 
with several high-weight genes, including ELOVL6, PRPF8, 
﻿OTULIN, SIM2, and SNAP25 (Fig.  4 A). Pathway enrichment 
analysis revealed that these genes were significantly enriched in 
neurodevelopmental and metabolic regulatory pathways, notably 
neuron projection development, regulation of membrane potential, 
cell–cell adhesion, actin-filament-based process, and metabolism 

of lipids (Fig.  4 B and Fig.  S6 A). At the cellular level, cell-type 
enrichment analysis demonstrated that these genes were enriched 
in specific midbrain neuronal subtypes (e.g., HRGL3, HDA1, and 
HDA2) and pancreatic mesenchymal stromal cells (Fig.  4 C). 
Furthermore, the expression of these genes was significantly ele-
vated in cortical layers L6 (P < 0.001) and L4 (P < 0.05) (Fig.  5 G).                

   In the ASD-specific residual direction, high-weight genes 
included SEMA3E, UBE3C, ZNF41, and HTR2A (Fig.  4 D). These 
genes were significantly enriched in pathways governing synaptic 
development, cell-cycle processes, and immune signaling. Key 
enriched pathways encompassed transsynaptic signaling, synapse 
organization, axon guidance, circadian rhythm, and positive 
regulation of cytokine production involved in immune response 
(Fig.  4 E and Fig.  S6 B). Cell-type enrichment was strongest in 
midbrain GABAergic neurons (HNBGABA), microglia (ZHONG 
MICROGLIA), and brain endothelial cells (Fig.  4 F). Moreover, 
these ASD-specific genes were also significantly expressed in 
cortical layers L4 (P < 0.05) and L6 (P < 0.05) (Fig.  5 G).

Fig. 3. Connectional features of the STACP and DSCDs and their clinical relevance. (A to D) Top 1% highest-contributing (absolute value) functional connections for the STACP 
and the DSCDs of ASD, ADHD, and SCZ. (E to H) Frequency distribution of the top 1% contributing connections across functional subnetworks, highlighting network-level 
organizational features of the STACP and DSCDs. (I to L) Visualization of brain networks comprising the top 20 contributing connections, illustrating the core connectivity 
profiles of the STACP and DSCDs. (M to P) Associations between disorder-specific high-contributing connections and clinical symptomatology. (M) Spearman correlation 
between the first principal component (PC1) derived from the top 1% ASD connections and ADHD total scores from the Autism Diagnostic Observation Schedule (ADOS). 
(N) Correlation between the PC1 of ASD top connections and Autism Spectrum Quotient (AQ) total scores. (O) Correlation between the PC1 of ADHD top connections and 
ADHD total scores from the ADHD Rating Scale-IV (RS-IV) and the Conners’ Parent Rating Scale-Long Version (CPRS-LV). (P) Correlation between PC1 of SCZ top connections 
and Positive and Negative Syndrome Scale (PANSS) total scores.
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   For ADHD, the disease-specific deviation was characterized 
by high-weight genes such as PTBP3, PI4K2A, COLQ, SYT5, 
and FABP5P3 (Fig.  4 G). These genes were enriched in metabolic, 
RNA-regulatory, and cellular stress-response pathways, includ-
ing metabolism of RNA, regulation of vesicle-mediated trans-
port, mitochondrion organization, translation, and response to 
oxidative stress (Fig.  4 H and Fig.  S6 C). Enriched cell types com-
prised cortical astrocytes (ZHONG ASTROCYTE) and sev-
eral midbrain neuronal subtypes (HDA1 and HDA2) (Fig. 
 4 I). The expression of these genes was significantly enriched 

in cortical layers L1 (P < 0.001), L3 (P < 0.001), and L6 (P < 
0.05) (Fig.  5 G).

   In contrast, the SCZ-specific deviation involved prominent 
contributory genes such as GJD3, HMCES, CARD8, WNT2B, 
and ANKK1 (Fig.  4 J). These genes were enriched in pathways 
related to stress response, cell signaling, synaptic modulation, 
and metabolic homeostasis. Key pathways included cellular 
response to stress, modulation of chemical synaptic transmis-
sion, signaling by Rho GTPases, vesicle organization, and 
neuronal system (Fig.  4 K and Fig.  S6 D). Cell types enriched 

Fig. 4. Molecular and cellular features associated with the STACP and DSCDs. (A to C) Genes, gene-enriched pathways, and cell-type enrichment results associated with the 
STACP. (D to F) Genes, pathways, and cell-type signatures associated with ASD-specific DSCDs. (G to I) Genes, pathways, and cell-type signatures associated with ADHD-
specific DSCDs. (J to L) Genes, pathways, and cell-type signatures associated with SCZ-specific DSCDs. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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included specific neuronal subtypes (HRGL2A and HPERIC), 
dendritic cells (TREM2 dendritic cell), and adult cortical stro-
mal cells (Fig.  4 L). SCZ-associated genes were broadly distrib-
uted across cortical layers L1 (P < 0.001), L2 (P < 0.01), L3 
(P < 0.001), and L6 (P < 0.001) (Fig.  5 G).   

Neurotransmitter and mitochondrial profiles 
associated with the STACP and DSCDs
   Analysis of neurotransmitter profiles revealed a significant asso-
ciation between the STACP and SERT (P < 0.05) (Fig.  5 A), 
whereas mitochondrial profiles highlighted a significant asso-
ciation with COX (P < 0.05) (Fig.  5 E). In the ASD-specific 
deviation, metabotropic glutamate receptor 5 (mGluR5) was 
significantly associated (P < 0.05) (Fig.  5 B). However, none of 
the mitochondrial phenotypes reached significance for the 
ASD-specific deviation (P > 0.05) (Fig.  5 F), suggesting that 
altered energy metabolism is unlikely to be a major biological 
mechanism underlying the ASD-specific direction. For the 
ADHD-specific deviation, a significant association was observed 
with the dopamine D2 receptor (D2; P < 0.05) (Fig.  5 C), but 
no mitochondrial phenotypes were significant (P > 0.05) (Fig. 

 5 H). In the SCZ-specific deviation, the norepinephrine trans-
porter (NAT) was significantly associated (P < 0.05) (Fig.  5 D). 
As with the other conditions, no significant associations were 
detected for the mitochondrial phenotypes (P > 0.05) (Fig.  5 I).   

Stability and reproducibility analyses
   To evaluate the stability and reproducibility of the STACP and 
DSCDs, we applied 3 complementary validation approaches. 
First, bootstrap resampling yielded a mean cosine similarity of 
0.971 ± 0.005 (mean ± SD) between the STACP extracted from 
resampled datasets and the original STACP, indicating high sta-
bility across sampling (Fig.  2 F). Second, cross-validation pro-
duced a mean area under the ROC curve of 0.79 ± 0.11 
(mean ± SD) and a classification accuracy of 68.7% ± 7.1% 
(mean ± SD), demonstrating good discriminative performance 
between HC and NDDs (Fig.  2 G). Finally, permutation testing 
showed that the observed between-group projection difference 
was substantially greater than values from the null distribution 
(P < 0.001), supporting the nonrandom nature of the pattern (Fig. 
 2 H). In addition, independent validation using Healthy Brain 
Network cohorts not included in model derivation demonstrated 

Fig. 5. Multiscale molecular features associated with the STACP and DSCDs. (A to D) Top 20 neurotransmitters (ranked by absolute PLS weights) contributing to the STACP and 
ASD-specific DSCDs, ADHD-specific DSCDs, and SCZ-specific DSCDs as identified by PLS analysis. The x-axis denotes weight magnitude, and the y-axis lists neurotransmitters. 
Line colors reflect weight magnitude and direction. The dashed vertical line indicates the zero reference, separating positive weights from negative weights. (E, F, H, and I) Radar 
plots of mitochondrial phenotypes across STACP and DSCDs, including complex I (CI; NADH-ubiquinone oxidoreductase), complex II (CII; succinate dehydrogenase, SDH), complex 
IV (CIV; cytochrome c oxidase, COX), mitochondrial respiratory capacity (MRC), mitochondrial content (MitoD), and tissue respiratory capacity (TRC). Blue lines represent PLS 
weights, while the red-shaded areas denote P values. (G) Enrichment of genes associated with STACP and DSCDs across cortical layers (layer 1 to layer 6) and white matter (WM). 
The y-axis represents statistical significance after false discovery rate (FDR) correction (−log10 corrected P).
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high concordance between discovery and validation group-level 
FC patterns (ADHD: r = 0.814; ASD: r = 0.804; permutation 
﻿P < 0.001 for both), indicating that the extracted meta-BOLD 
and corresponding STACP capture stable and reproducible 
shared signals rather than cohort-specific variability (Fig.  S13 ). 
Furthermore, split-half reliability analyses within the discovery 
samples yielded correlations exceeding 0.98 for both disorders, 
confirming that the identified patterns were not driven by idio-
syncratic subsets of participants.

   Collectively, these results indicate that the STACP and DSCDs 
are robust and reproducible. Importantly, PLS was applied as a 
pattern-discovery approach rather than a predictive model; con-
sequently, no additional optimization of component number was 
necessary, as the first latent component already captures the 
STACP. Together, bootstrap, cross-validation, and permutation 
testing confirmed the robustness and reproducibility of the 
STACP and DSCDs.    

Discussion
   This study yields 4 principal findings on major NDDs represen-
tative of different developmental stages. First, we identified the 
STACP across ASD, ADHD, and SCZ, primarily linking deep 
regulatory systems (cerebellum, brain stem, and SCN) with cor-
tical perception–execution networks (DMN, VN, FPN, and 
SMN). Second, disorder-specific deviations showed a “structur-
ally similar but directionally opposite” pattern in ASD and 
ADHD, whereas SCZ exhibited more widespread desynchroni-
zation, each of which was linked to clinical severity. Third, at 
the molecular level, STACP-related genes were enriched in syn-
aptic development, cytoskeletal remodeling, and lipid metabo-
lism, with preferential expression in midbrain neurons and deep 
cortical layers, and were associated with SERT and COX. Finally, 
each disorder shows distinct molecular signatures: glutamatergic 
plasticity and immune activation in ASD, dopaminergic and 
glia–neuron dysregulation in ADHD, and broad synaptic and 
immune–metabolic perturbations in SCZ.

   Despite decades of research, widely accepted objective diag-
nostic and prognostic biomarkers for mental disorders remain 
elusive, in part because the field has relied on the case–control 
paradigm [ 38 – 40 ]. This paradigm assumes that group means can 
represent individuals [  41 ,  42 ], but the marked etiological and 
phenotypic heterogeneity of mental disorders means that it often 
tends to oversimplify, leading to unstable findings with limited 
generalizability [ 38 – 42 ]. Although normative modeling mitigates 
heterogeneity to some extent, it remains anchored to a group 
mean-variance reference and thus remains vulnerable to idio-
syncratic fluctuations that obscure the shared signal [  43 ]. By 
contrast, HMF explicitly decomposes each individual’s rs-fMRI 
data into a metacomponent shared across subjects and subject-
specific components. In our study, the resulting meta-BOLD not 
only achieved highly accurate reconstruction of the original sig-
nal (MSE < 0.04 across groups) but also significantly reduced 
within-group variability and increased the signal-to-noise ratio, 
thereby enhancing group-level interpretability and analytic sen-
sitivity. Crucially, meta-BOLD preserved variance related to site 
and gender, suggesting that HMF does not simply homogenize 
the data but selectively attenuates irrelevant heterogeneity while 
retaining meaningful individual attributes. Conceptually, this 
reframes heterogeneity as structured variance that can be sepa-
rated rather than noise that must be averaged out. The approach 
relies on the additivity and identifiability of latent components, 

assumptions that are common to factorization models [  44 ,  45 ], 
and its performance may vary under strong confounds or non-
linear dynamics, conditions known to bias decomposition-based 
analyses [  46 ,  47 ]. Nevertheless, by yielding more stable and dis-
criminative group-level representations while safeguarding bio-
logically relevant variance, HMF provides a methodological 
advance that complements existing normative models and offers 
a promising avenue for reproducible biomarker discovery.

   Based on the meta-BOLD extracted using HMF, we applied PLS 
to identify STACP across ASD, ADHD, and SCZ, together with 
DSCDs relative to it. All 3 disorders exhibited cross-hierarchical 
coupling disruptions between deep regulatory networks (cerebel-
lum, brain stem, and SCN) and higher-order cortical networks 
(DMN, VN, FPN, and SMN); this finding aligned with prior 
NDD findings on impaired cross-modal integration and large-
scale brain network coordination [  48 –  51 ], supporting the 
notion that deep regulatory networks may serve as common 
core hubs in the neural basis of NDDs. In the DSCDs, ASD 
showed a more spatially clustered and modular distribution, 
primarily involving the cerebellum, SCN, VN, brain stem, 
SMN, DMN, and VAN, with a general reduction in FC 
strength. Notably, these reductions were significantly and posi-
tively correlated with core clinical symptom measures (ADOS 
and AQ total scores), suggesting that beyond STACP, ASD may 
further compromise information transfer across perceptual–
executive networks, consistent with prior reports of globally 
decreased FC [ 29 ,  52 –  54 ]. ADHD exhibited a spatial distri-
bution of specific connections similar to that of ASD but 
with the opposite directionality—predominantly increased FC 
strength—which was significantly and positively correlated 
with ADHD total scores from the ADHD RS-IV and CPRS-LV. 
This pattern may reflect compensatory or hyperdriven dynam-
ics within perceptual–executive–attentional networks [  55 ,  56 ]. 
These findings indicate that, even when grounded in similar 
structural substrates, divergent directions of neurodynamic 
regulation across disorders can drive network deviations in 
opposite directions. In contrast, SCZ-specific connections 
lacked prominent modular aggregation, showing a diffuse dis-
tribution involving multiple cross-network pathways (e.g., 
FPN–VN, DMN–brain stem, DAN–SMN, FPN–brain stem, 
and VAN–VN). These deviations were heterogeneous in direc-
tion, of small effect size, and negatively correlated with symp-
tom severity (PANSS total scores). Such dispersed network 
alterations are consistent with previous descriptions of wide-
spread connectivity disruptions in SCZ [  57 –  61 ].

   Of particular note, the brain stem emerged as a highly cen-
tral node in both the STACP and DSCDs across all 3 disorders. 
Its connections with the cerebellum, the SCN, and multiple 
higher-order cortical networks (including the DMN, FPN, and 
VN) were repeatedly identified as high-contribution pathways. 
As an integrative hub for the convergence and redistribution 
of multinetwork information, the brain stem participates in 
arousal regulation, attentional control, emotional processing, 
and sensorimotor integration [  62 –  64 ]. Even subtle structural 
or functional disturbances in this region can trigger cascading 
effects throughout the brain [ 62 – 64 ]. Our findings highlight 
the brain stem as not only a potential cross-disorder integrative 
locus contributing to shared dysregulation but also as a struc-
ture whose disorder-specific, directionally divergent connectiv-
ity alterations may shape distinct clinical phenotypes.

   Integrating and interpreting connectomes in biologically 
meaningful terms remains a central challenge in neuroimaging 
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[ 36 , 37 ]. The “biologically annotated connectome” addresses 
this challenge by leveraging multidimensional biological data 
to trace the microscale underpinnings of macroscale connec-
tomes [ 36 , 37 ,  65 –  67 ]. However, most existing efforts remain node 
level [  68 –  72 ], which conflicts with the inherently dyadic nature 
of connections linking 2 regions. We therefore advocate shifting 
the focus from nodes to edges, quantifying the coupling between 
molecular (or phenotypic) profiles at the 2 regions rather than 
expression within any single region [  73 ]. This shift highlights a 
key methodological challenge: linking individual edges to their 
molecular or cellular correlates. To overcome this challenge, we 
introduce an edge-level annotation framework that aligns each 
connection with molecular and phenotypic data. By quantifying 
coupling between paired transcriptomic or receptor profiles, this 
approach identifies which genes or phenotypes drive specific 
connections. This framework advances from node-level annota-
tion to direct, edge-level mapping between network architecture 
and underlying biology. Taken together, it is among the few 
approaches that treat the connection itself as the primary unit of 
biological analysis, offering a generalizable path to link the brain 
network structure with its molecular and cellular substrates.

   Applying this biologically annotated connectome framework 
to STACP from ASD, ADHD, and SCZ, we identified high-weight 
genes including ELOVL6, PRPF8, OTULIN, SIM2, and SNAP25. 
These genes were collectively enriched in pathways related 
to neuronal projection development, regulation of membrane 
potential, cell–cell adhesion, actin-filament-based processes, and 
metabolism of lipids. These findings indicate a deep, shared dis-
ruption across the 3 disorders involving synapse formation and 
plasticity, structural support, and metabolic homeostasis. This is 
consistent with prior multidisorder studies reporting convergent 
synaptic, mitochondrial, and lipid pathway alterations in psychi-
atric disorders [  74 –  76 ]. Our results extend these findings by 
emphasizing lipid metabolism and cytoskeleton dynamics as 
additional converging mechanisms, implicating not only synaptic 
function but also pre- and postsynaptic structural stability and 
intercellular energy supply systems [  77 ]. Moreover, the co-expression 
of these genes in midbrain neuronal subtypes and pancreatic 
mesenchymal stromal cells, along with significant enrichment in 
cortical layers L6 and L4, is consistent with a central–peripheral 
metabolic co-dysregulation model [  78 –  81 ]. This aligns with the 
neuro-immunometabolic hypothesis of ASD, which proposes 
that interactions between neural circuits, immune signaling, and 
peripheral metabolism shape developmental trajectories [  82 ]. The 
DSCD further elucidates distinct mechanistic signatures: in ASD, 
enrichment of mGluR5-related glutamatergic synaptic plasticity, 
circadian rhythm, and immune activation pathways points to 
excitation–inhibition imbalance at the systems level and potential 
neuroimmune barrier vulnerability [  83 –  85 ]. In ADHD, dopami-
nergic D2-mediated signaling abnormalities, combined with 
RNA metabolism dysregulation and oxidative stress responses, 
highlight instability at the interface of energy metabolism and 
neurotransmission [  86 –  89 ]. SCZ shows NAT-mediated norad-
renergic dysfunction, chronic stress signaling, Rho GTPase-
mediated structural plasticity, and synaptic remodeling anomalies, 
consistent with broad neuro-immune–metabolic dysregulation 
[  90 ]. In addition to brain-intrinsic network and molecular altera-
tions, accumulating evidence indicates that schizophrenia is asso-
ciated with gut microbial dysbiosis, including multikingdom 
microbial changes and microbiota–cognition relationships linked 
to clinical characteristics and metabolic status, further supporting 
a neuro-immune–metabolic framework that extends beyond the 

central nervous system [  91 ,  92 ]. Notably, DSCDs in ASD, ADHD, 
and SCZ showed no significant or direct mitochondrial associa-
tions; the STACP across all 3 disorders exhibited significant con-
tributions from COX and SERT. This underscores the central role 
of monoaminergic systems in shared pathophysiology [  93 ] and 
suggests that energy metabolism disruptions may couple with 
serotonergic modulation and deep-layer cortical circuits to drive 
network dysfunction [  94 ]. By integrating molecular, cellular, 
and circuit-level dysfunctions across disorders, this study offers 
a unified mechanistic framework for their high comorbidity. 
Furthermore, it provides a theoretical basis for therapeutic strate-
gies that target both shared pathways—such as lipid metabolism, 
serotonergic regulation, and mitochondrial function—and dis-
order-specific mechanisms, including glutamate signaling (ASD), 
dopamine D2 pathways (ADHD), and noradrenergic systems 
(SCZ). This multiscale perspective paves the way for precision 
interventions that balance cross-disorder commonalities with 
disease-specific vulnerabilities.

   Collectively, our results support an interpretation in which 
disorder-related molecular features converge on a limited set of 
biological processes, particularly synaptic development, mem-
brane lipid metabolism, and neuromodulatory regulation, that 
are well positioned to influence the functional coordination of 
large-scale neural circuits. Genes and receptor systems linked to 
synaptic maturation and cytoskeletal organization may preferen-
tially affect the formation and stabilization of long-range func-
tional coupling, whereas lipid metabolic processes may modulate 
membrane composition, receptor trafficking, and energetic sup-
port, thereby shaping the efficiency and reliability of signal trans-
mission within distributed networks. Within circuits linking deep 
regulatory systems and higher-order cortical networks, such 
molecular constraints may alter the balance between integration 
and segregation, influencing how information is dynamically 
coordinated across perceptual, executive, and regulatory domains. 
From this perspective, shared molecular processes may give rise 
to convergent patterns of network abnormality across disorders, 
while disorder-specific molecular biases may tune circuit dynam-
ics in distinct directions, contributing to divergent clinical profiles 
without implying direct gene to symptom causality, a conceptual 
framework that calls for future validation across complementary 
experimental and computational paradigms, including but not 
limited to in vitro systems such as brain organoids, artificial-
intelligence-based multiscale modeling approaches, and related 
emerging methodologies [  95 ,  96 ].  

Limitations
   This study has several limitations that should be acknowledged. 
First, although the disorders examined span different life stages, 
all analyses are based on cross-sectional data. Consequently, 
the observed connectivity alterations cannot be definitively 
interpreted as deviations in developmental trajectories but may 
instead reflect stable or accumulated network configurations 
associated with disorder expression at the time of measure-
ment. We explored the inclusion of longitudinal follow-up data 
but did not identify publicly available datasets that simultane-
ously provide repeated measurements, adequate whole-brain 
coverage, and comparable cohorts across ASD, ADHD, and 
SCZ. Accordingly, the present findings should be interpreted 
as cross-sectional associations observed at different life stages, 
rather than direct evidence of within-individual developmental 
change, underscoring the need for future longitudinal studies 
to explicitly test developmental hypotheses.
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   Second, molecular annotations in this study rely on publicly 
available reference datasets, including adult postmortem tran-
scriptomic data from the Allen Human Brain Atlas. While these 
resources provide a well-characterized and widely used framework 
for studying the spatial organization of molecular systems in the 
human brain, they do not capture developmental-stage-specific 
gene expression dynamics that are particularly relevant for NDDs. 
Importantly, the transcriptomic data were not used to infer early 
pathogenic molecular events, but rather to serve as a normative 
molecular scaffold for interpreting how stable, systems-level 
molecular architectures are embedded in functional network 
abnormalities observed in the mature brain. As such, transient or 
highly time-specific molecular signals associated with fetal or early 
childhood development may be underrepresented. Integrating 
developmental transcriptomic resources, disease-specific molecu-
lar datasets, and longitudinal imaging data represents an impor-
tant direction for future work. Third, the identification of genes 
associated with disorder-related MRI phenotypes was based on a 
“disorder-first” approach. Although this strategy may to some 
extent be influenced by secondary factors or concomitant condi-
tions (such as lifestyle behaviors, comorbidities, or pharmacologi-
cal treatments), it nevertheless provides a unique framework for 
systematically linking imaging phenotypes to molecular architec-
ture. Future work incorporating longitudinal and multimodal data 
will help preserve the strengths of this framework while disentan-
gling secondary influences and focusing more directly on devel-
opmental mechanisms underlying disease. Finally, our analyses 
are primarily correlational, which limits the ability to draw direct 
causal inferences. Nonetheless, these correlations reveal meaning-
ful associations between genes and imaging phenotypes, laying a 
crucial foundation for future studies that employ longitudinal 
designs, causal modeling, or experimental approaches to probe 
the causal role of these molecular and imaging features in disease 
progression.    

Conclusion
   In conclusion, this study introduces a heterogeneity-targeted 
decomposition and biologically annotated connectome frame-
work, revealing cross-disorder network alterations in ASD, 
ADHD, and SCZ, characterized by disrupted coupling between 
deep regulatory systems and higher-order cortical networks. 
Beyond these cross-disorder network alterations, ASD showed 
decreased FC associated with glutamatergic and immune path-
ways, ADHD showed increased FC associated with dopami-
nergic and glia–neuron dysregulation, and SCZ showed diffuse 
desynchronization linked to neuro-immune–metabolic disrup-
tion. Notably, molecular annotations at the edge level further 
revealed convergent abnormalities in synaptic development, 
cytoskeletal remodeling, and lipid metabolism, associated with 
SERT and COX across the 3 disorders. Together, these findings 
provide an integrative, cross-disorder perspective on large-scale 
network and molecular features of major NDDs.   

Materials and Methods

Participants
   The rs-fMRI data for this study were collected from 4 open 
databases (Autism Brain Imaging Data Exchange [ABIDE], 
ADHD-200, Japanese Strategic Research Program for the 
Promotion of Brain Science [SPRBS] [  97 ], and Consortium for 
Neuropsychiatric Phenomics [CNP] [  98 ]) as well as from our 

self-built database. The study was approved by the Ethics 
Committee of the Affiliated Brain Hospital of Guangzhou 
Medical University (approval number: AF/SC-08/02.3).   

MRI acquisition and preprocessing
   The rs-fMRI data were preprocessed and postprocessed using 
DeepPrep V25.1.0, following the default pipelines and param-
eters. Further details are available in Ren et al. [  99 ] and in the 
Supplementary Methods and Materials.   

Construction of a unified brain stem–cerebellar–
cortical atlas for whole-brain connectivity analysis
   Previous studies have demonstrated that 3T MRI can reliably 
capture diverse histological and FC features of both the brain 
stem and the cerebral cortex [  100 ]. To more comprehensively 
investigate whole-brain FC alterations in ASD, ADHD, and 
SCZ, we incorporated the brain stem and cerebellum into the 
parcellation. Specifically, we integrated BN_Atlas_246_1mm 
(cortical and subcortical regions) [  101 ], Brainstem Navigator 
v1.0 (brain stem regions) [  102 ], and atl-NettekovenAsym32_
space-MNI152NLin6AsymC_dseg (cerebellar regions) [  103 ] 
into a single atlas (Fig.  S1 ). Each atlas was loaded in the 
Neuroimaging Informatics Technology Initiative (NIfTI) for-
mat, and the integer label matrices were extracted. To ensure 
unique labeling across all regions, the labels of the brain stem 
and cerebellar atlases were offset to avoid overlap with the 
BN_Atlas_246 labels. The label matrices were then merged 
voxel-wise, with overlapping voxels assigned the larger label 
value to preserve anatomical information. Finally, the voxel 
counts for each region were computed, and regions with fewer 
than 10 voxels were removed. The resulting unified parcellation 
was saved as an NIfTI file in standard MNI152 space (Fig.  S1  
and Table  S1 ).   

Meta-BOLD signal extraction
   To mitigate individual heterogeneity, we extracted groupwise 
metacomponents from rs-fMRI data that capture spatiotempo-
ral patterns shared across individuals. We adopted HMF [  104 ], 
which enables the simultaneous separation of group-shared and 
individual-specific patterns across multiple related but noniden-
tical observation matrices. Specifically, the preprocessed and 
standardized BOLD signals of each subject were temporally 
segmented and aligned, yielding a matrix ﻿M(i) ∈ ℝ

n×mi    for the 
﻿ith    subject, where  n    denotes the number of brain regions of inter-
est and  mi    denotes the number of time points. We represented 
each subject’s matrix as the linear superposition of metacom-
ponents and subject-specific components:
﻿﻿  

where  Ug ∈ ℝ
n×rg    and  V (i)

g ∈ ℝ
mi×rg    denote the group-shared 

factors and their corresponding projection (or combination) 
coefficients,  U (i)

l
∈ ℝ

n×rl    and  V (i)

l
∈ ℝ

mi×rl    represent the sub-
ject-specific factors and their projection (or combination) 
coefficients, and  E(i)    is the residual term. To ensure that the 
metacomponents and individual-specific components do not 
interfere spatially, we imposed an orthogonality constraint 
﻿UT
g U

(i)

l
= 0,∀i   , which enhances the interpretability of the 

metacomponents.

(1)M(i) = UgV
(i)T
g +U

(i)T

l
V

(i)T

l
+ E(i),
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   Model parameters were estimated by minimizing the recon-
struction error under the Frobenius norm:

﻿﻿  

Here, the least-squares criterion ensures optimal reconstruc-
tion of the original BOLD signals, while the orthogonality 
constraint prevents contamination between the metacompo-
nents and subject-specific components. To improve stability 
and reproducibility, we employed an alternating least-squares 
optimization strategy with invariance correction, in which the 
meta and subject-specific factors and their projection coeffi-
cients are alternately updated, followed by normalization to 
avoid scale drift.

   Finally, the matrices  Ug    and  V (i)
g     jointly define the meta-

BOLD components, capturing BOLD signal patterns con-
sistently observed across subjects, whereas  U (i)

l
    and  V (i)

l
    

characterize individual-specific BOLD signal features. These 
metacomponents provide stable and interpretable low-dimen-
sional representations for subsequent cross-subject compari-
sons and mechanistic analyses.

   Theoretical justification for meta-BOLD’s ability to reduce 
within-group heterogeneity is provided in the Supplementary 
Methods and Materials.

   After extracting the meta-BOLD signals, we constructed FC 
matrices using Pearson correlation and standardized the result-
ing matrices with z-score transformation. To reduce potential 
confounding effects, Combat was applied to remove site-related 
variability [  105 ], and sex and age effects were regressed out 
using covariates.   

Extraction of the STACP and DSCDs using PLS 
regression and residual-projection analysis
   PLS regression, in combination with residual-projection analy-
sis, was used to systematically characterize both the STACP and 
the DSCDs in ASD, ADHD, and SCZ. First, to extract the 
STACP, we pooled the FC matrices from 3 disorders into a single 
case group and contrasted them with HCs, yielding a 2-class 
dataset. After standardizing the connectivity strengths for all 
pairwise edges, we fit a PLS model and obtained the weight 
vector associated with the first component, which maximizes 
between-group separation.

   Having derived the STACP, we next quantified each dis-
order group’s deviation relative to it. Specifically, we removed 
the HC samples, retained only the 3 disorders cohorts, res-
tandardized their vectorized FCs, and projected each subject 
onto the STACP. We then computed residuals as the differ-
ence between the original feature vector and its projection 
(reconstruction), thereby capturing subject-level connectiv-
ity features not explained by the STACP. This residual space 
can be viewed as a disease-specific subspace with the STACP 
removed. For each disorder group, we averaged the residual 
vectors to obtain the DSCDs. Finally, we computed pairwise 
cosine similarities between these DSCDs to quantify the 
similarity and divergence of disorder-specific abnormality 
patterns.

   The theoretical basis for using PLS regression to extract the 
STACP and DSCDs via projection residuals is provided in the 
Supplementary Methods and Materials.   

Edge-level transcriptomic profiling of STACP  
and DSCDs
   We investigated the genetic basis of differences in STACP and 
DSCDs using microarray expression data from the Allen Human 
Brain Atlas [  106 ], processed via the abagen toolbox to generate 
a 324 (region) × 15,633 (gene expression matrix) [  107 ]. Correlated 
gene expression (CGE) between brain region pairs was computed 
using the Pearson correlations of normalized values and corrected 
for spatial autocorrelation, modeled as  r(d) = Ae−d∕n + B    (A = 
1.51, B = 0.03, and n = 15.56) (Fig.  S5 ) [  108 ]. The residuals rep-
resented spatially corrected CGE values. To quantify gene-level 
contributions, we calculated the gene contribution score for each 
region pair and averaged these across all genes to produce a gene 
contribution matrix associated with connectivity patterns.

   We then used PLS regression to relate the gene contribution 
matrix to the STACP/DSCD matrix, selecting the optimal 
component number by maximizing explained variance and 
validating significance via permutation testing with spatial 
autocorrelation correction [  109 ]. Bootstrapping refined gene 
weight estimates, yielding ranked gene lists with significant 
positive and negative associations. Enrichment analysis (Kyoto 
Encyclopedia of Genes and Genomes, Gene Ontology, and 
Reactome) was performed using Metascape [  110 ], with sig-
nificance assessed via false discovery rate (FDR)-corrected 
hypergeometric tests (P < 0.05). Additional gene set enrich-
ment and human disease–gene association analyses [  111 ,  112 ], 
along with sensitivity tests on gene set size, provided further 
insights into the biological relevance of the identified genes. 
For detailed methods, please refer to the Supplementary 
Methods and Materials.   

Edge-level neurotransmitter and mitochondrial 
profiling of STACP and DSCDs
   This analysis followed the general framework of the “network 
transcriptomics analysis” but replaced the input features with 
regional neurotransmitter density maps (19 features) and mito-
chondrial phenotype maps (6 features), from which the neu-
rotransmitter co-expression matrix (CNE) and mitochondrial 
co-expression matrix (CME) were derived. These matrices were 
further transformed into the neurotransmitter contribution 
matrix (NCM) and mitochondrial contribution matrix (MCM), 
which were used to assess associations with connectivity pat-
terns (STACP/DSCD). Given the low dimensionality of these 
features, which may lead to unstable correlation estimates, we 
computed the sample covariance matrix  S    of the region-by-
feature data matrix  X ∈ ℝ

R×F    and applied the Ledoit–Wolf 
shrinkage estimator,
﻿﻿  

where  p    is the number of features and I is the identity matrix. 
The resulting  ̂Σ    was normalized to a correlation matrix to obtain 
CNE/CME. To account for spatial autocorrelation driven by 
anatomical distance, we fit the upper-triangular elements of 
CNE/CME against the inter-regional distance  dij    using a com-
mon exponential decay model,
﻿﻿  

and constructed the theoretical connectivity matrix  E    as 
﻿Eij = Ae−dij∕n + B    for  i ≠ j   . Contribution quantification was 
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(4)Ĉ(d) = Ae−d∕n + B,
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performed using a precision-matrix-based leave-one-feature-
out perturbation approach: the full set of features was first used 
to compute the Ledoit–Wolf covariance  ̂Σfull   , invert it to obtain 
the precision matrix  Pfull = Σ̂

−1

full
    and calculate the spatially cor-

rected residual network  Rfull = Pfull − E   . Each feature 𝑓 was 
then removed in turn to yield  P−f     and  R−f = P−f − E   . For a 
given connection  

(
i, j
)
   , the contribution score of features  f     was 

defined as
﻿﻿  

where positive values indicate a positive contribution, negative 
values indicate a negative contribution, and  ∣Sij,f ∣    reflects the 

magnitude of the effect. Aggregating  
{
Sij,f

}

f
    along the feature 

dimension yielded the NCM or MCM with the same dimen-
sionality as the connectivity space. The optimal parameters for 
the spatial autocorrelation model were A = −0.56, B = −0.01, 
and n = 12.51 for CNE (Fig.  S8 ) and A = −0.03, B = −0.003, 
and n = 19.86 for CME (Fig.  S10 ). Finally, the upper-triangular 
vector of the NCM or MCM was related to the STACP/DSCD 
connectivity weight vector via PLS regression, with the optimal 
number of components determined by cross-validation to 
maximize explained variance, and statistical significance 
assessed via permutation testing under spatial autocorrelation 
constraints.   

Stability and reproducibility analyses
   To evaluate the reliability and reproducibility of the STACP, we 
conducted 4 complementary analyses. First, the discriminative 
ability of the derived direction was assessed using logistic regres-
sion with 5-fold cross-validation, and the mean receiver operat-
ing characteristic curve was generated to quantify classification 
performance between NDDs and HCs. Second, a permutation 
test (1,000 iterations) was performed to examine the statistical 
significance of the extracted direction. Specifically, group labels 
were randomly shuffled, PLS was re-estimated, and the mean 
projection difference between patient and control groups was 
recalculated to generate a null distribution; the observed effect 
was then compared against this distribution to obtain a P value. 
Third, we applied bootstrap resampling (1,000 iterations) to test 
the stability of the PLS-derived direction. For each bootstrap 
sample, a new direction was estimated, and its cosine similarity 
with the original direction was computed, providing a measure 
of reproducibility under resampling. Fourth, to assess generaliz-
ability beyond the discovery samples, we performed indepen-
dent dataset validation using external cohorts from the Healthy 
Brain Network that were not involved in model construction, 
including ASD (n = 71) and ADHD (n = 186). The identical 
HMF–PLS analysis pipeline was applied, and concordance 
between discovery and validation group-level FC patterns was 
quantified.   

Statistical analysis
   To evaluate the high-contributing connections of the DSCD in 
ASD, ADHD, and SCZ, we applied principal component analy-
sis to extract the first principal component of the top 1% abso-
lute contribution values and examined its association with the 
corresponding clinical scale scores using Spearman correlation, 
with significance assessed by P values. Detailed procedures are 
provided in the Supplementary Methods and Materials.    
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W). The implementation code for HMF is available on GitHub: 
 https://github.com/UMDataScienceLab/hmf . Additional code 
can be found in the Paper_Code repository:  https://github.
com/Yunheng-Diao/code .   
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