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Disentangling the Switching Behavior in Functional
Connectivity Dynamics in Autism Spectrum Disorder:
Insights from Developmental Cohort Analysis and

Molecular-Cellular Associations

Wei Li, Xia Qiu, Jin Chen, Kexuan Chen, Meiling Chen, Yinyan Wang, Wenjie Sun, Jing Su,
Yongchang Chen, Xiaobao Liu,* Congying Chu,* and Jiaojian Wang*

Characterizing the transition or switching behavior between multistable brain
states in functional connectivity dynamics (FCD) holds promise for
uncovering the underlying neuropathology of Autism Spectrum Disorder
(ASD). However, whether and how switching behaviors in FCD change in
patients with developmental ASD, as well as their cellular and molecular
basis, remains unexplored. This study develops a region-wise FCD switching
index (RFSI) to investigate the drivers of FCD. This work finds that brain
regions within the salience, default mode, and frontoparietal networks serve
as abnormal drivers of FCD in ASD across different developmental stages.
Additionally, changes in RFSI at different developmental stages of ASD
correlated with transcriptomic profiles and neurotransmitter density maps.
Importantly, the abnormal RFSI identifies in humans has also been observed
in genetically edited ASD monkeys. Finally, single-nucleus RNA sequencing
data from patients with developmental ASD are analyzed and aberrant
switching behaviors in FCD may be mediated by somatostatin-expressing
interneurons and altered differentiation patterns in astrocyte State2. In
conclusion, this study provides the first evidence of abnormal drivers of FCD
across different stages of ASD and their associated cellular and molecular
mechanisms. These findings deepen the understanding of ASD
neuropathology and offer valuable insights into treatment strategies.

1. Introduction

The traditional view assumes that the func-
tional couplings between brain areas are
constant;!l however, mounting evidence
has demonstrated that the brain is a com-
plex, multiscale dynamic system exhibiting
various spatiotemporal patterns.~! Quan-
tifying the instantaneous changes of func-
tional connectivity dynamics could con-
tribute to a deeper understanding the func-
tioning of brain.*°! The time series of
overlapping networks can induce varia-
tions in functional connectivity between re-
gions, influenced by the impact of specific
networks. Within a multivariate time se-
ries, a certain degree of multi-stability ex-
ists in the patterns. Recent studies sug-
gest that whole-brain functional connec-
tivity dynamics may be caused by switch-
ing between multi-stable states!'®'!l and
this intriguing property of spontaneous
ebb and flow has been shown to be
driven by the sensory-motor cortices.[?]
This switching behavior plays a crucial role
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in indicating potential changes in macroscopic neural activity
patterns associated with cognitive and behavioral processes.

Autism spectrum disorder (ASD) is a neurodevelopmental
disorder characterized by persistent impairment of social and
communication functions, restricted interests, and repetitive
behaviors.[31*] Numerous research studies have demonstrated
that individuals with ASD exhibit abnormal brain dynamics,
manifesting increased variability in connectivity,'>"®! and aber-
rant switching behaviors between connectivity states.['*22] How-
ever, the brain regions with aberrant switching patterns and spa-
tial changes from driving regions to spreading regions remain
unknown. Tracking the spatial patterns of aberrant switching be-
haviors provides insight into the aberrant brain regions of pa-
tients with ASD in the integration between different functional
systems and cognitive flexibility.

Understanding and exploring the neurobiological mecha-
nisms underlying ASD that lead to changes in switching be-
haviors and developmental trajectories are overwhelming chal-
lenges. Currently, nonhuman primates, which collectively share
more genotypic and phenotypic identities with humans than any
other model organism, are valuable tools for the study of human
genetic diseases.[?)] For complex behavioral phenotypes, such as
anxiety;?+26] ASD;[?728] and cardiovascular phenotypes, includ-
ing heart disease,[?3% obesity and type 2 diabetes,*!l and hered-
itary cancers,?233] nonhuman primate models have been em-
ployed as genetic models for diseases with substantial hereditary
components. Furthermore, whole-brain gene expression maps
from the Allen Human Brain Atlas (AHBA) offer the potential
opportunity to establish links between neuroimaging phenotypes
and gene expression profiles.** In addition to AHBA transcrip-
tomic data, positron emission tomography imaging technology is
used to generate high-resolution neurotransmitter density maps
of the human brain.[*>-®] These maps constructed stable and re-
producible whole brain distribution maps for neurotransmitter
receptors and transporters. The shared transcriptome and neu-
rotransmitter enable the elucidation of the molecular basis and
related neurotransmitters underlying structural and functional
alterations in brain disorders. As the AHBA transcriptome only
measures the average gene expression across cells in a tissue
and not directly from the patients, the reliability of the identified
genes associated with specific brain disorders remains controver-
sial. Moreover, given the individual complexity of each cell and
tissue heterogeneity, single-cell sequencing technology for brain
tissues from enrolled patients and controls may better reveal the
cellular and molecular bases of brain disorders.*®! Therefore,
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integrating brain imaging phenotypes, transcriptomes, neuro-
transmitters, and single-cell sequencing data could provide com-
prehensive evidence for the neuropathology of ASD.

In this study, we aimed to investigate aberrant switching be-
haviors in functional connectivity dynamics across different de-
velopmental stages and reveal the cellular and molecular basis
using resting-state fMRI data from a large sample of 1700 par-
ticipants on the Autism Brain Imaging Data Exchange I and II
(ABIDE I and ABIDE II). First, we calculated the region-wise
FCD switching index (RFSI) for each individual to capture the
switching behavior of the cerebral cortex. Second, a two-way mul-
tivariate analysis of variance (MANOVA) was used to identify dif-
ferences in RFSI between patients with ASD and typical con-
trols (TC) and between children, adolescents, and adults. Aber-
rant switching behaviors observed in humans were further val-
idated using ASD monkey models. Third, the relationships be-
tween changes in RFSI and clinical phenotypes, the AHBA tran-
scriptome, and neurotransmitter density maps were explored. Fi-
nally, single-nucleus RNA sequencing (snRNA-seq) data of the
prefrontal cortex (PFC) of ASD and TC from children to adults
were employed to reveal the specific cellular and molecular dif-
ferences between ASD and TC and between different age groups
of ASD. A detailed flowchart of the study is shown in Figure 1.

2. Results
2.1. Abnormal RFSI across ASD

The FCD has been reported to have two states: a high-coherence
state induced by the coherence of the sliding time window over a
long period of time in the FC pattern and a low-coherence state
induced by the sliding-window FC pattern driven by fMRI sig-
nals and autocorrelation in the overlapping sliding window.!**!
We also found two similar states in healthy controls and patients
with ASD (Figure S1A, Supporting Information). A significant
correlation was observed between the cortical mean FCD and
sliding window standard deviation (SWSTD) (Figure S1B, Sup-
porting Information). The mean time course of the FCD reflected
cortical-wide fluctuations in the FC pattern, whereas the time
course of the SWSTD was region-specific. Based on this char-
acteristic, we captured the switching behavior of the whole-brain
dynamics.

Using MANOVA, we found significant age-related differences
in the switching behavior of the cortex, including the medial pre-
frontal cortex, posterior cingulate cortex, temporal lobe, superior
frontal gyrus, and orbitofrontal cortex (Age effects spatial map,
false discovery rate (FDR) corrected p < 0.05; Figure 2A). Signifi-
cant group differences (ASD versus TC) were observed in the bi-
lateral superior frontal gyrus, anterior cingulate cortex, left poste-
rior cingulate cortex, and right insula (Group effects spatial map,
FDR-corrected p < 0.05; Figure 2A). Overlapping regions of vari-
ability were observed in the Age effect and Group effect F-maps,
particularly in the default mode network (DMN), which may be
potential factors contributing to the development of this disorder.

2.2. Abnormal RFSI in Severe and Mild ASD

Analysis of the significantly altered brain regions using behav-
ioral scales revealed significant differences in RFSI between se-
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Figure 1. Overview of the method pipeline. First, calculation of RFSI at the individual level. Second, harmonization of multi-site data. Third, categorization
of subjects into children, adolescents, and adults based on age and into ASD and typical control TC groups based on disease status. Finally, exploring
the cellular and molecular mechanisms underlying aberrant switching behaviors. Partial brain map from https://scidraw.io/.[40-44]

Cellular and molecular mechanisms

vere and mild ASD associated with restricted, repetitive, and
stereotyped behaviors (RRB) in the DMN (Figure 2B; Figure
S2B, Supporting Information). Furthermore, significant differ-
ences linked to the ADI_R_ONSET scale were observed in the
right precuneus/posterior cingulate cortex (pCun/PCC) region
(Figure 2B, Figure S2C, Supporting Information).

Adv. Sci. 2025, 12, 2403801 2403801 (3 of 16)

2.3. Developmental Trajectories of Cortical Dynamics in Brain
Areas Associated with ASD

To elucidate age-dependent alterations in cortical dynamics asso-

ciated with ASD, we examined the developmental trajectories of
RFSI in brain regions exhibiting significant Group effects (ASD
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Figure 2. MANOVA revealed the abnormal RFSI. A) The Age and Group effects mapping to the cerebral cortex, where Age and Group effects were
FDR-corrected p < 0.05 corrected to obtain mapping maps with thresholds. The red areas of the centermost map indicate brain regions where Age and
Group effects overlap after FDR correction (children: 253 ASD and 345 TC; adolescents: 274 ASD and 283 TC; adults: 293 ASD and 252 TC; MANOVA).
B) Functional connectivity dynamic deficits associated with clinical symptoms, illustrating differences in RFSI in the brains of ASD with severe (above
mean) and mild (below mean) conditions (unpaired two-sample t-tests). Each row of the matrix heat map represents the ASD behavioral scale, each
column represents the age versus group FDR corrected p < 0.05 surviving brain regions, and * indicates the significant differences between severely
and mildly affected patients in a region (FDR corrected p < 0.05). C) Developmental trajectories of brain dynamics. Changes in children, adolescents,
and adults were calculated based on the Yeo 7 network partitioned into Group effect threshold map. Line graphs depict the trend of the mean z-values
of ASD and TC across the three networks. * Indicates a significant difference in unpaired two-sample t-tests (Bonferroni corrected p < 0.05), while NS
indicates no significant difference. Error bar, 95% confidence intervals for mean.

versus TC), as determined by FDR-corrected F-maps. Brain re-
gions exhibiting significant group differences were mapped onto
the Yeo 7 resting-state subnetwork,[*®! to investigate the devel-
opmental trajectories of ASD at the network level. These aber-
rant regions were distributed across five functional networks:
Dorsal Attention, Salience/Ventral Attention, Limbic, Frontopari-
etal Control, and Default Mode. Group comparisons using un-
paired two-sample t-tests revealed that the salience/ventral atten-
tion network exhibited robust and consistent group differences
across all age groups (t = —3.19, p,4; = 0.005, Cohen’s d = 0.16),
adolescents (t = —3.87, p,4; < 0.001, Cohen’s d = 0.20), and adults
(t = =2.66, p,q = 0.024, Cohen’s d = 0.14), suggesting a per-
sistent alteration in attentional salience processing throughout
ASD development. For the DMN, significant differences were
restricted to childhood and adolescence (children: t = 2.81, p,q4
= 0.015, Cohen’s d = 0.14; adolescents: ¢t = 3.33, p,4; = 0.003,
Cohen’s d = 0.17; adults: t = 2.01, p,q; = 0.136, Cohen’s d =
0.10), implying potential normalization or compensatory mech-

Adv. Sci. 2025, 12, 2403801 2403801 (4 of 16)

anisms in adulthood. Conversely, the frontoparietal control net-
work demonstrated a significant group difference exclusively dur-
ing adolescence (children: t = 1.81, p,4; = 0.213, Cohen’s d = 0.08;
adolescents: t = 3.82, p,4; < 0.001, Cohen’s d = 0.17; adults: t =
2.00, p,q; = 0.138; Cohen’s d = 0.09), indicating a transient, how-
ever, developmentally specific disruption in cognitive control pro-
cesses. Collectively, these findings underscore the spatiotempo-
ral heterogeneity of network-level functional alterations in ASD
and highlight adolescence as a critical window for frontoparietal
dysfunction.

In addition, we conducted statistical comparisons of the RFSI
scores between the ASD and TC groups across different develop-
mental stages. The results revealed a gradual reduction in RFSI
differences from childhood to adulthood in the precuneus, left
middle frontal gyrus, and right superior and middle temporal
gyri, whereas RFSI differences in the inferior parietal lobule pro-
gressively increased (Figure S3B, Supporting Information). To
evaluate the similarity of the spatial patterns across age stages,
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Figure 3. Interpretation of abnormal RFSI A) Decoding of Group effect in Brain Function. Relationships between Group effect F-map and 24 cognitive
components based on the NeuroSynth meta-analysis database. Each row indicates that the components were sorted from left to right by five percent
increments of the F-statistic and each column indicates that cognitive components were sorted by the weighted average of the resulting z-statistic values.
B) Spatial correlation analysis of ASD brain variability with neurotransmitter receptor density maps. Spin-test was used to test for significance and the
spatial correlation was interpreted by rotating the Group effect F-map 10 000 times.

we performed spatial Pearson correlation analyses on statistical
t-value maps for each pairwise age comparison (Figure S3C, Sup-
porting Information). The strongest correlation was observed be-
tween childhood and adolescence (r = 0.53), whereas the weak-
est correlation was found between childhood and adulthood (r =
0.15). These results underscore that adolescence is a critical tran-
sitional period for functional reorganization in individuals with
ASD.

2.4. Abnormal RFSI Associated with Behaviors and Cognitions

Our analyses further determined the abnormal Group effect F-
map associated with behavioral and cognitive functions. Figure
3A shows a heat map in which the weighted means of the z-
statistics associated with the cognitive components are sorted
by rows. Regions with lower F-values were associated with vi-
sion and motor functions and regions with higher F-values in
the DMN were involved in social cognition, declarative memory,
and autobiographical memory. In addition, we analyzed the Age
effect F-map, which showed a similar gradient change from vi-
sual, verbal, and motor to higher cognitive functions (Figure S4,
Supporting Information).

Adv. Sci. 2025, 12, 2403801 2403801 (5 of 16)

2.5. Neurotransmitters Associated with Changes in Brain
Dynamics in ASD

Neurotransmitter receptor density map-neuroimaging spatial
correlation analysis showed that the abnormal RFSI of the ASD
brain region (Group effect F-map) was significantly and positively
correlated with the distribution patterns of glutamate (r = 0.22,
Pspin = 0.039), dopamine (r = 0.26, p,;, = 0.007), and SHT4 (r =
0.16, pgy,;,, = 0.048) (Figure 3B).

2.6. Transcriptional Correlations with RFSI Changes in ASD

We assessed the spatial association between changes in RFSI
(Group effect F-map) and regional gene expression profiles us-
ing partial least square (PLS) regression. We focused on the
first two components (PLS1 and PLS2), with the first compo-
nent (PLS1) defined as capturing the spatial variance of the
largest portion of total gene expression in the cortical regions
(explaining 15% of the variance; Figure S5A,B, Supporting In-
formation). Both the PLS1 and PLS2 scores were positively cor-
related with the Group effect F-map (r; = 0.41, p,;,, < 0.005; r, =
0.31, pyyn < 0.005; Randomly “rotated” the Group effect F-map

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 4. Similarity analysis of brain RFSI differences between ASD macaques and adults with ASD. A) The RFSI for ASD monkey models (ASD) and

wild type (WT) monkeys at the group level, as well as spatial t-map of ASD-WT differences are shown (unpaired two-sample t-tests).

B) Comparison of

similar regions in the pattern of differences between ASD-WT in monkeys and ASD-TC in adults.

to account for spatial correlations; Figure S5C, D, Supporting
Information).

Normalized weights of PLS1 were ranked using a univariate
one-sample z-test. We found 773 PLS1+ (z > 2.8) and 828 PLS1-
(z < —2.8) (FDR-corrected p < 0.05) positively (or negatively)
weighed genes associated with the Group effect F-map. Only 773
positively associated genes were included in the Gene Ontology
(GO) enrichment analysis to identify important biological pro-
cesses associated with regional abnormalities of RFSIin ASD. Af-
ter correcting for enrichment terms (FDR-corrected p < 0.05) and
excluding discontinuous enrichment clusters, the top 12 notable
biological processes associated with autism were enriched, in-
cluding synaptic signaling, regulation of neurotransmitter levels,
positive regulation of growth, neurological developmental regu-
lation, and regulation of hormone levels (Figure S5E, Supporting
Information).

2.7. Similar RFSI Differences in ASD Macaques

The abnormal RFSI found in humans with ASD has been val-
idated using ASD monkey models. Similarly, we calculated the
RFSI in monkeys in the ASD and WT groups and unpaired two-
sample t-tests were performed to identify between-group differ-
ences. We found that significant differences in RFSI in macaques
with ASD were located in the cingulate gyrus and the lateral pre-
frontal and temporal pole regions (Figure 4A). The difference
in the pattern in macaques was similar to that in human adults
with ASD (Figure 4A; Figure S3B, Supporting Information). The
brain areas showing similar RFSI differences in both humans
and macaques ASD included the left orbitolateral prefrontal cor-
tex (PFCol), left posterior insula (Ip), right inferior parietal cortex
(PCi), bilateral medial premotor cortex (PMCm), anterior cingu-
late cortex (CCa), orbitomedial prefrontal cortex (PFCom), and
temporal polar cortex (TCpol) (Figure 4B).

Adv. Sci. 2025, 12, 2403801 2403801 (6 of 16)

2.8. Linking Altered Macroscopic Brain Dynamics to Cell
Type-Specific Molecular Changes

Based on the aforementioned findings, we observed that patients
with ASD exhibited an abnormal RFSI in the PFC during child-
hood (Figure 5A; Figure S3A,B, Supporting Information). In ad-
dition, we noted that the RFSI difference in the PFC exhibited
contrary patterns in children compared with that in adolescents
and adults with ASD compared with the TC. Compared with
controls, children with ASD showed reduced RFSI in the PFC,
whereas adolescents and adults with ASD exhibited increased
RFSI.

To delineate the cell type-specific molecular mechanisms un-
derlying aberrant switching behaviors of the PFC in ASD, shared
single-cell sequencing datasets for the PFC with the 10X Ge-
nomics platform were accessed, and these data were classified
into children, adolescents, and adults based on the age of the par-
ticipants. After preprocessing with the Seurat pipeline, remov-
ing ambient RNA contamination and excluding doublet cells, we
acquired 19 788 high-quality single-cell transcriptomes with a
median of 4149 unique molecular identifiers (UMIs) and 1918
genes per cell (Figure S6A,B, Supporting Information). Based
on predefined cell-specific markers, we classified all cells into
four major categories comprising 16 subtypes: glial cells (Mi-
croglia, Oligo, AST-FB, AST-PP and OPC), interneurons (IN-SST,
IN-PVALB, IN-SV2C, IN-RELN, and IN-VIP), excitatory neurons
(Neu-NRGN, Neu-mat, L2/3, L4, and L5/6), and endothelial cells.
(Figure 5B,C; Figure S6C, Supporting Information). All cell types
were present across all age groups. In each age group, the num-
ber of glial cells was higher than that of neurons (Figure S7, Sup-
porting Information).

Subsequently, a Wilcoxon rank-sum test was performed be-
tween the ASD and TC groups for different cell types in children,
adolescents, and adults and genes with p-value < 0.05 were se-
lected as differentially expressed genes (DEGs) for each cell type

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 5. From macro-cortical abnormal dynamics to cell type-specific gene expression. A) Differences in the left dorsolateral prefrontal RFSI between
the ASD and TC groups in children, adolescents, and adults (unpaired two-sample t-tests). B) Clustering of snRNA-seq data using the SSN algorithm
and cell types were annotated according to the expression of known marker genes. Key annotations: OPC, Oligodendrocyte precursor cells; Oligo, Oligo-
dendrocytes; AST-PP, Protoplasmic astrocytes; AST-FB, Fibrous astrocytes; Microglia, Microglia cell; End, Endothelial; Neu-NRGN, NRGN-expressing
neurons; Nue-mat; Maturing neurons; IN-SST, Somatostatin interneurons; IN-SV2C, SV2C interneurons; IN-VIP, VIP interneurons; IN-PVALB, Parval-
bumin interneuron; IN-RELN, Reelin interneuron; L2/3, Layer 2/3 excitatory neurons; L4, Layer 4 excitatory neurons; and L5/6, Layer 5/6 projection
neurons. C) Dot plots showing the expression levels of specific marker genes for each cell type with a color gradient from dark green to light green
indicating high to low levels of gene expression. The dot size indicates the percentage of cells in the cluster that express the gene. D) Volcano plots of
differentially expressed cell type-specific genes in the children, adolescents, and adults, with each volcano showing the top five differentially expressed
genes. E) Venn diagram indicating the number of differential genes in the child, adolescent, and adult groups (Wilcoxon rank sum test, Bonferroni p <

0.05).

in each cross-section (Bonferroni correction; Figure 5D). Based
on the number of DEGs at different age stages, the largest num-
ber of DEGs was found in childhood, which is consistent with the
finding that abnormalities in cortical dynamics are more severe
in children with ASD than those in adolescents or adults. The
number of DEGs was lowest in adolescents with ASD (Figure 5E).

For the DEGs, the upregulated DEGs were mainly found in
AST-PP, L2/3, and L4 cells, whereas the downregulated DEGs
were mainly found in IN-SST cells in children with ASD. In
adolescents and adults with ASD, DEGs exhibited less speci-
ficity than in children and these DEGs were found in most cell
types (Figure 6A,B). Subsequently, we further identified common
DEGs between the ASD and TC groups at each developmen-
tal stage, regardless of the cell type. We scored these gene sets
across different cell types (Figure 6C). Our analysis revealed that,
in adolescents and adults, these common DEG-associated cell
types were almost identical, with upregulated DEGs primarily en-
riched in neurons, whereas downregulated DEGs were predom-
inantly found in oligodendrocytes. These findings suggest that
ASD in adolescence and adulthood is primarily associated with
axonal and synaptic pruning and regulation. Conversely, during
childhood, upregulated DEGs were enriched across multiple cell
types, whereas downregulated DEGs were primarily enriched in
neurons, particularly excitatory neurons.

Adv. Sci. 2025, 12, 2403801 2403801 (7 of 16)

To reveal the common molecular mechanisms underlying
ASD at different ages, 130 overlapping DEGs were identified
across different age stages. GO enrichment analysis indicated
that translational mechanisms (especially ribosome biogenesis)
and mitochondrial energy metabolism may play important roles
in the molecular mechanisms involved in ASD development. Ab-
normalities, in ribosome function which may lead to impaired
protein synthesis and in the mitochondrial electron transport
chain which may affect neuronal energy supply, are important
pathological mechanisms involved in ASD (Figure 6D). In addi-
tion, we performed functional enrichment for the upregulated
and downregulated DEGs specific to each age group (Figure 6E).
During childhood and adolescence, we observed that the molec-
ular functions of upregulated genes were mainly involved in ri-
bosome assembly and biosynthetic processes, such as ribonu-
cleoprotein complex biogenesis, ribosome biogenesis, ribosomal
small subunit biogenesis, and ribosome biogenesis, whereas the
molecular functions of downregulated genes were mainly in-
volved in the regulation of synaptic function and synaptic sig-
naling mechanisms, such as synapse organization, regulation of
trans-synaptic signaling, modulation of chemical synaptic trans-
mission, and vesicle-mediated transport in the synapse. Con-
versely, the molecular functions of the upregulated DEGs specif-
ically found in adults were primarily associated with synapses,
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Figure 6. Differential gene enrichment analysis. A) Upregulated DEGs per clusters. B) Downregulated DEGs per cluster. C) Displaying the average
expression of specific gene sets within the transects across cell types. D) GO enrichment of overlapping DEGs across age groups. E) GO enrichment of
upregulated and downregulated DEGs across age groups. The colors of the circles represent different classifications and the size of the circle represents

the number of genes in the corresponding entries.

whereas the downregulated DEGs were mainly associated with
intracellular ATP generation. The molecular functions of the up-
regulated DEGs in adults were found in the enrichment results
for the downregulated DEGs in children and adolescents.

2.9. Transcription Factor Analysis

ASD is considered to result mainly from an imbalance in the ex-
pression of multiple genes, leading to the dysregulation of neu-
ral network function. Therefore, investigating the regulatory net-
works of the upstream transcription factors associated with ASD
is crucial. To determine whether ASD at different ages has spe-
cific transcription factors (TFs), we analyzed the activity of the
Regulon for ASD versus TC in children, adolescents, and adults
using the SCENIC method!*’! and calculated the regulon speci-
ficity score (RSS) for each TF in each age group (Figure 7A,B).
The results revealed substantial differences in enriched regulons
across different age groups. During the childhood stage, the more
specific regulons included ZFY, a Y chromosome-linked factor
significantly associated with sex differences in ASD susceptibil-
ity; MAF, which is involved throughout the medial ganglionic
eminence lineage cycle; and CLOCK, a key regulator of circa-
dian rhythms. In the adolescent stage, distinct regulons include
estrogen-related receptor gamma (ESRRG); JDP2, which primar-
ily participates in RNA polymerase II transcription; and PDLIMS5,
which plays a role in cardiomyocyte proliferation and inhibition
of excitatory synapse postsynaptic growth. In the adult stage,
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notable regulons include POU2F1, which enables chromatin-
binding activity and sequence-specific DNA binding and DLX2,
which functions as a DNA-binding transcription factor and is in-
volved in chromatin binding.

2.10. Construction of Astrocyte Differentiation Trajectories

Astrocytes have been demonstrated to respond to and promote
inflammatory signals, which is a key pathological mechanism
in ASD.I*®] In children with ASD, the upregulated DEGs were
mainly expressed in AST-PP cells. Therefore, we analyzed the
developmental trajectories of astrocyte subpopulations by com-
bining ASD and TC to identify cell differentiation states. Cell
differentiation trajectory analysis revealed three astrocyte differ-
entiation states: Statel, State2, and State3 (Figure 7C; Figure
S9A,D, Supporting Information). Because of the inconsistency
in sample size across different age groups, we primarily com-
pared the number of cells between ASD and TC within each
developmental stage. We observed distinct patterns in the cell
number distribution between the ASD and TC across the three
states. We found that the distribution patterns of the num-
ber of cells between the ASD and TC in State 2 were sim-
ilar to the neuroimaging findings. In State 2, the number
of cells was higher in the TC than that in the ASD group,
whereas in adolescents and adults, the number of cells was
higher in the ASD group than that in the TC group. Thus,
the number of astrocytes in state 2 may serve as a biomarker
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Figure 7. Single-cell transcription factor analysis and trajectory analysis. A) Heatmap of RAS activity of cell-level regulons in each group with each column
indicating a different regulon and each row indicating a different grouping. The color from blue to red indicates the RAS activity score from low to high.
The higher the score of RAS, the stronger the activity of regulon in that group. B) Ranking of RSS scores for each group and labeling of the top five regulon.
Regulators with higher RSS may be associated with this age stage specificity. C) Differentiation trajectories of astrocytes. D) Percentage distribution of
cell numbers in each age group for the three states. E) Distribution of cell numbers for the three states in each age group in the ASD and TC groups.

for distinguishing ASD from TC at different developmental
stages.

2.11. Validation Analyses

To verify the stability of the RFSI difference patterns across age
groups in different window lengths, we chose window lengths of
24 and 36 time points for the validation analyses. The RFSI dif-
ference patterns as well as the trends in differences were consis-
tent with the results obtained by window length of 30 time points
(children, r = 0.79 + 0.01; adolescents, r = 0.83 + 0.02; adults, r
=0.76 £ 0.03; Figure S11A,B, Supporting Information). In addi-
tion, we used higher-resolution Schaefer cortical segmentations
of 800 ROIs to identify RFSI differences between the three stages
of children, adolescents, and adults and similar results were ob-
tained using Schaefer 400 ROIs (children, r = 0.84, p,;,, < 0.001;
adolescents, r = 0.86, py,;, < 0.001; adults, r = 0.79, p;, < 0.001;
Figure S11C, Supporting Information). Consistent with our pri-
mary results, children with ASD exhibited huge differences in
the PFC and the differences diminished in adolescents with ASD,
while adults with ASD showed the contrary pattern compared to
that in children with ASD.

3. Discussion

In this study, we employed RFSI, genes expression profiles from
AHBA dataset, neurotransmitters density maps, and single-cell
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sequencing data to delineate the abnormal switching behaviors
of functional connectivity dynamics and their underlying cellular
and molecular basis in ASD. The following three main findings
were obtained: First, aberrant switching behaviors in ASD were
mainly associated with salience/ventral attention, default mode,
and frontoparietal control networks and these aberrant switching
behaviors in individuals with ASD exhibits age-specific changes
from childhood to adulthood. Second, the aberrant switching be-
haviors found in humans with ASD were similar to those found
in ASD macaques and were spatially associated with the expres-
sion profiles of genes involved in cell morphogenesis; synaptic
signaling; nervous system development; and neurotransmitters
of mGluRS5, 5-HT4, and D1. Third, single-cell sequencing of the
PFC revealed that specific cell types, DEGs, and transcription fac-
tors regulate abnormal region-wise FCD switching patterns in
different age groups with ASD.

ASD is not a localized impairment in specific brain regions or
systems, however, is viewed as a state stemming from an over-
all brain reorganization during early development.[*’] In com-
parison to typically developing children, individuals with ASD
experience accelerated brain development in early life, leading
to changes in connectivity.?®) ASD is characterized by abnor-
mal brain dynamics that manifest as increased variability in
connectivity!>18] and anomalous switches between connectivity
states.[1920.2251] The switching across different states reflects ef-
fective integration between different functional systems and cog-
nitive flexibility.l>?! Reports suggest that the abnormal instabil-
ity of intermediate states in the ASD brain is associated with
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reduced indirect transitions and decreased flexibility in brain
dynamics is related to the severity of ASD symptoms.>3 How-
ever, region-wise abnormal switching behaviors in ASD across
different developmental stages remain unknown. Here, we em-
ployed a RFSI to characterize abnormalities in large-scale brain
dynamics in patients with ASD. Tracking the time-varying ampli-
tude of regional brain activity revealed the self-organizing prop-
erty of the brain during the resting state, demonstrating flexi-
ble switches between different functional states.[>*>7°] The large-
scale functional network dynamic fluctuations manifested func-
tionally from lower-order unimodal to higher-order transmodal
processing systems. >8] A recent study reported two critical phe-
nomena in human brain activity: the dynamic propagation of
neural patterns and a functional hierarchical structure in large-
scale brain networks associated with complexity drops!®! which
is driven by the sensorimotor brain system!'?] and propagates
to intrinsic higher-order systems, displaying a predominant hi-
erarchical structure.l’!l The adaptive functioning of the brain
depends on the integration of information across time scales.
Therefore, the diffusion of information to higher-order cognitive
systems over time leads to aberrant switching behaviors in indi-
viduals with ASD,[0263] whereas the driving brain regions pro-
cessing requires rapid adaptation to changing external stimuli
and exhibits trivial variations.

In this study, individuals with ASD showed aberrant switch-
ing behaviors in higher-order transmodal processing systems,
such as the SN, DMN, and FPN, suggesting that these networks
may play important roles in the neurophysiology and onset of
ASD. Importantly, the SN, DMN, and FPN showed age-specific
changes in patients with ASD. The aberrant switching behaviors
of the SN were found in all stages of ASD, from childhood to
adolescence to adulthood, whereas the abnormal switching be-
haviors of the DMN and FPN in ASD were only observed in child-
hood and adolescence and in adolescence, respectively. The SN,
with core areas of the anterior cingulate and ventral anterior insu-
lar, is involved in detecting and filtering salient stimuli and inte-
grating sensory, emotional, and cognitive information for social
behavior and self-awareness processing.l®! Although structural
and functional impairments of the SN have been reported to be
related to deficits in social processing in ASD, the developmental
changes in the SN in ASD remain controversial.[2"%] In our study
of the entire age spectrum of ASD, we observed that functional
disruptions of the SN persisted from childhood to adulthood,
suggesting long-lasting social functional deficits in ASD. Further-
more, we observed no significant differences in FPN between
children and adults, suggesting that early childhood may repre-
sent the initial stages of FPN development, with rapid develop-
mental differences emerging during adolescence due to the surge
in hormones during puberty, triggering rapid physical growth
and significant influences on brain structure and function,®®!
causing developmental delay. However, this delay may be com-
pensated for later. Recent research has shown a strong connec-
tion between loneliness and the DMN in the brain.l®”] The PCC
and precuneus are parts of the DMN that have been implicated
in combining bottom-up attention with information from mem-
ory and perception.l®®] We found aberrant switching behavior
in the PCC, which is involved in RRB. In addition, abnormally de-
layed development of ASD in the DMN can be tracked through
childhood, continued in adolescence, and compensated for in
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adulthood. This suggests that individuals with ASD may exhibit a
weaker self-concept or self-perception from childhood than typi-
cally developing individuals do. This difference in self-perception
may have significant implications for understanding the experi-
ences and challenges faced by individuals with ASD, highlighting
the importance of tailored support and interventions to promote
their well-being and development.

Compared to human ASD, animal models of ASD dis-
play minor individual differences in mimicking clinical
phenotypes.”*72l Owing to their higher genetic, physiolog-
ical, and brain structures and functional similarities with
humans compared to those of rodents and other animal models,
macaques have been widely employed to investigate the neural
basis of normal human brain cognitive functions and nervous
system diseases.”>”°] In our study, ASD macaques were used
to validate findings observed in human ASD using fMRI. ASD
macaques were generated using transcription activator-like
effector nuclease (TALEN)-edited methyl-CpG-binding protein
2 (MECP2) mutant monkeys. ASD macaques exhibit clinical
phenotypes similar to those found in humans with ASD, such
as stereotypical and social behaviors.?”] Recently, we revealed
that ASD macaques exhibit reduced environmental exploration
and conflict encounters while increasing sleep latency, as well
as abnormal developmental dynamics of brain white matter
microstructures and network topological organizations, which
is similar to that found in human ASD.I?] In this study, we
analyzed RFSI in both humans and macaques with ASD and
identified similar aberrant switching behaviors in brain regions,
such as the left orbitofrontal PFCol, left Ip, right PCi, bilateral
medial PMCm, anterior CCa, orbitomedial PFCom, and TCpol.
These brain areas play crucial roles in social cognition, emotion
regulation, silence, and sensory information processing, which
are core functional deficits in patients with ASD.7¢-81] Findings
from both human and macaque ASD consistently revealed aber-
rant switching behaviors, which could help to better understand
neuropathology and provide insights into precision therapy for
ASD.

Findings at the cellular and molecular levels revealed strik-
ingly similar differences to those observed in macroscopic imag-
ing, with children exhibiting a greater number of DEGs in the
PFC. In particular, we noted that downregulated DEGs were sig-
nificantly more abundant in SST interneurons in children with
ASD than those in adolescents and adults. SST and PVALB in-
terneurons, which selectively interact with the dendrites of cor-
tical projection neurons to modulate their inputs and outputs,
respectively,®? have been shown to underlie the regional signal-
ing differences across cortical layers.[#*] An increase in the rela-
tive density of SST interneurons may help filter out noisy or task-
irrelevant cortical signals and facilitate the recurrent excitation
necessary for higher-order cognition.[#*85 Although no signifi-
cant changes in the relative density of SST interneurons were
observed in our data, possibly due to sample size limitations,
the enrichment of downregulated genes in the IN-SST may in-
directly support this notion. Additionally, we specifically iden-
tified the transcription factor MAF during childhood, which is
enriched during the development of the medial ganglionic em-
inence, where it represses the generation of SST+ cortical and
hippocampal interneurons.® This suggests that in patients with
childhood ASD, the regulatory role of MAF in SST interneuron
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development may be crucial for disease progression. This mech-
anism could also be a key reason why the severity of ASD is more
pronounced in children than that in adolescents or adults. How-
ever, the disruption of interneuronal gene networks is not limited
to the childhood stage. In the adult stage, we identified the tran-
scription factor DLX2, which plays a crucial role in regulating the
generation of GABAergic cortical interneurons. Notably, DLX2 is
implicated in the susceptibility to ASD.[¥7]

Furthermore, in children with ASD, upregulated DEGs were
significantly more abundant in the AST-PP than that in other
age groups. ASD profoundly affects cell differentiation across dif-
ferent developmental stages, particularly in astrocytes, which is
consistent with previous findings.®®! In typically developing chil-
dren, intense neuroplasticity occurs during the first few years
of life, coinciding with significant astrocyte proliferation and
refinement.®! Astrocytes express GABA receptors, including
ionic GABAA and metabolic GABAB receptors, as well as GABA
transporters (GATS), such as GAT-1 and GAT-3.1°"] This suggests
that astrocytes play a crucial role in the regulation of GABAergic
neurons. In ASD, alterations in GABAergic inhibition affect the
BOLD activity, further emphasizing the role of astrocytes in ASD-
related neural dysfunction.”?] In the pseudotime analysis of the
AST-PP, we found that the trajectory was not arranged according
to the developmental stages of children and adolescents, rather
mapped to the progression of ASD. This pattern was particularly
evident in childhood, highlighting the developmental specificity
of ASD in the AST-PP during early childhood.

Neurotransmitter transport and synaptic signal transduction
were found to be important for ASD at different developmen-
tal stages in our study, which is supported by previous findings
on ASD.I?29%] DEGs related to synaptic signal transduction
in childhood and adolescence showed a downregulation trend,
while DEGs related to synaptic signal transduction and synap-
tic assembly in adulthood exhibited an upregulation trend, pos-
sibly related to the imbalance between excitatory and inhibitory
metabolism in individuals with ASD.[%®! We also observed a sig-
nificant downregulation of genes related to ATP synthesis in
adulthood, suggesting a potential link with previous findings
that ATP produced by astrocytes may regulate ASD-like behav-
ior through P2 X 2 receptors and possibly through GABAergic
synaptic transmission.*”) Through the above analyses, we spec-
ulate that GABAergic synaptic-related genes in the PFC are sig-
nificantly upregulated in adulthood and negatively regulate ATP
generation.

The prevalence of ASD in males is 3.8 times higher than
that in females, a gender disparity that has been consistently
observed for a long time. In the child stage, ZFY, a transcrip-
tion factor located on the Y chromosome that regulates hun-
dreds of genes, may serve as a key regulator of sex differences
in ASD.I'%1 Additionally, CLOCK, a transcription factor associ-
ated with circadian rhythm regulation, has been strongly linked
to ASD, suggesting that sleep disturbances in patients with ASD
may stem from molecular deficits rather than pure behavioral
manifestations.!'%!] These transcription factors were highly and
specifically enriched only during childhood. In adolescents, ES-
RRG, a member of the estrogen receptor family, plays a notable
role in steroid level regulation.['%2] Moreover, the PBX1 transcrip-
tion factor has been implicated in ASD, further supporting its
potential involvement in the pathophysiology of ASD.[1%I
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Our study had several limitations. The first is the choice of the
sliding window; although we used different windows to validate
our findings on the images, the choice of window was not de-
termined by a suitable technique to achieve optimal results. Fur-
thermore, in single-cell analysis, the small sample size (N =1 or
2 per age group) reduces the statistical power and may affect the
reproducibility and generalizability of the findings. Although in-
tegrating external datasets can enhance the robustness, batch ef-
fects from different sequencing platforms and processing meth-
ods remain a challenge. Future studies with larger cohorts are
required to validate these findings.

4. Conclusion

In summary, charactering the aberrant switching behaviors of
brain for ASD from childhood to adulthood not only provides new
fundamental insights into the origins, developmental processes,
and potential influencing factors of abnormal dynamics in ASD,
but also offers novel perspectives on molecular and neurotrans-
mitter mechanisms underlying functional connectivity dynamic
switching behaviors abnormalities associated with ASD by in-
tegrating functional MRI, transcriptomic, and neurotransmitter
data. Importantly, single-cell sequencing was used to identify the
DEGs and cell types associated with macroscopic neuroimaging
phenotypic changes. The prefrontal cortical regions were found
to exhibit heterogeneous RFSI across different ages, potentially
due to the disruption of gene networks in SST interneurons and
altered differentiation patterns in the astrocyte State2. We also
found that dysregulation of the MAF transcription factor in child-
hood and the DLX2 transcription factor in adulthood may be key
factors contributing to the disruption of interneuron gene net-
works. Our results provide primary evidence of aberrant switch-
ing behaviors and the associated cellular and molecular bases of
ASD, which may facilitate better diagnosis and new treatment
strategies for ASD.

5. Experimental Section

Human Subjects and MRI Data Acquisition: In our study, a public
dataset from the ABIDE was used to reveal aberrant switching patterns
in whole-brain functional connectivity dynamics (FCD) in developmental
ASD.[104705] The study protocols and MRI scans of the participants in the
ABIDE dataset were approved by the local Ethics Committee. Details of
the MRI scanners, magnetic strength, repetition time, echo time, voxel-
wise resolution, and fMRI measurements are shown in Table S1, Support-
ing Information. After quantity control, 1700 subjects (820 ASD and 880
typical controls) were used for further analyses (Table S2, Supporting In-
formation).

Human Structural MRI Data Preprocessing: The T1-weighted (T1w)
images was initially corrected for intensity non-uniformity using the
N4BiasFieldCorrection function.['%] Subsequently, the T1w image was
skull-stripped using a Nipype implementation of the antsBrainExtraction
workflow (from ANTs), employing OASIS30ANTs as the target template.
Brain tissue segmentation of the cerebrospinal fluid (CSF), white matter
(WM), and gray matter was performed using FAST in the FSL toolkit.!1%7]
A Tlw reference map was created using the mri_robust_template func-
tion (FreeSurfer 7.2.0).1'%8] Brain surfaces were reconstructed using recon-
alll'®I and the previously estimated brain mask was refined with a custom
variation of the method to reconcile ANTs-derived and FreeSurfer-derived
segmentations of the cortical gray matter of Mindboggle."'% Volume-
based spatial normalization to two standard spaces (MNI152NLin6Asym,
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MNI152NLin2009cAsym) was performed through nonlinear registration
using antsRegistration (ANTs 2.3.3). The templates selected for spatial
normalization were FSL's MNI ICBM 152 nonlinear sixth Generation
Asymmetric Average Brain Stereotaxic Registration model and!""'l ICBM
152 Nonlinear Asymmetrical template version 2009c.[112]

Human fMRI Data Preprocessing: The human fMRI data were first
head-motion-corrected using FSL's mcflirtl’3] and slice time-corrected
using AFNI’s 3dTshift from AFNLI'™! Subsequently, the fMRI data were
coregistered to the T1w reference using bbregister (FreeSurfer), which
implements a boundary-based registrationl!’] with six degrees of free-
dom. Several confounding time series were calculated based on the pre-
processed BOLD data: frame-wise displacement (FD), DVARS, and three
region-wise global signals. In addition, a set of physiological regressors
was extracted to allow component-based noise correction (CompCor).1116]
The BOLD time series were resampled into a standard space, generat-
ing a preprocessed BOLD run in the MNI152NLin6Asym space. First, a
reference volume and its skull-stripped version were generated using the
custom fMRIPrep methodology. Automatic removal of motion artifacts us-
ing independent component analysis was performed on the preprocessed
BOLD on the MNI space time series after removal of non-steady-state
volumes and spatial smoothing with an isotropic,!'"”! Gaussian kernel
of 6 mm FWHM (full-width half-maximum FWHM). All resampling steps
were performed with a single interpolation step by composing all pertinent
transformations (i.e., head-motion transform matrices, susceptibility dis-
tortion correction when available, and co-registration with anatomical and
output spaces). Confounders, including white matter and cerebrospinal
fluid signals, were computed and regressed from the preprocessed fMRI
data for each individual. The residuals of this regression were then sub-
jected to a high-pass filtering of 0-0.01 Hz.

ASD Macagques, fMRI Data Acquisition, and Preprocessing:  To validate
the findings of aberrant switching patterns of human FCD in patients with
ASD, we investigated cortical FCD in macaques with ASD. We utilized a to-
tal of nine female cynomolgus monkeys including five ASD monkeys (age
= 8.8 + 0.84) and four WT monkeys (age = 9 + 0.82), from the colonies at
the State Key Laboratory of Primate Biomedical Research, Institute of Pri-
mate Translational Medicine, Kunming University of Science and Technol-
ogy were used in this study. ASD monkeys were generated using TALEN-
based MECP2 mutations and demonstrated behavioral phenotypes sim-
ilar to those of human ASD in our previous studies.[2”:28] Experimental
procedures adhered to the guidelines and regulations of the National Care
and Use of Animals and were approved by the National Animal Research
Authority of China and the Institutional Animal Care and Committee of
the State Key Laboratory of Primate Biomedical Research, Institute of Pri-
mate Translational Medicine, Kunming University of Science and Technol-
ogy (permit number: KUST202301017).

Resting-state fMRI data were acquired using a 3.0 T Siemens Prisma
MRI scanner equipped with a specific monkey coil. All the monkeys were
under anesthesia during MRI acquisition and were scanned using a stan-
dardized echo planar imaging sequence with the following parameters:
repetition time (TR) = 2000 ms, echo time (TE) = 22 ms, flip angle = 90°,
matrix size = 64 X 64, voxel size = 1.5 X 1.5 X 1.5 mm?, 250 volumes.

Resting-state fMRI data of ASD monkeys underwent preprocessing with
the following steps. The first 10 volumes were discarded to promote mag-
netization equilibrium and realigned to the first volume to correct for head
motion. All fMRI images were normalized to a standard template with di-
mensions of 1 mm x 1x 1 mm3. Smoothing was performed using a Gaus-
sian kernel with a full width of 3 mm at half-maximum. The fMRI data
were detrended to exclude linear bias. Regressions were performed on the
Firston-24 head motion parameters, mean WM, and CSF signals. Tempo-
ral bandpass filtering of 0-0.05 Hz was also applied. To exclude the effect
of head motion, data with the head motion translated or rotated by more
than one voxel in any direction were removed. None of the participants
were excluded based on this criterion. Scrubbing was used to exclude poor
images (two time points before and one time point after) with excessive
motion beyond the preset criterion (frame displacement: FD, FD < 0.2).
No global signal regression was performed to avoid false discovery of neg-
atively correlated regions in the brain, ensuring the reliability of the results
obtained.[13]
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Region-Wise FCD Switching Index: To identify aberrant switching pat-
terns of whole-brain FCD in patients with ASD, RFSI was calculated as
follows: First, the entire cortex was subdivided into 400 regions of inter-
est (ROIs) using the Schaefer cortical atlas.['1°] Subsequently, the average
time series within each ROl was calculated, generating a 400 X t time se-
ries matrix (where t represents the time points of the fMRI data) for each
participant. The FCD was computed using the sliding window method with
the window length set at w = 30 time points and a step of one time point (a
total of t —w + 1 windows). In each window, the ROI-wise functional con-
nectivity was calculated using Pearson’s correlation coefficient to yield a
400 x 400 matrix. The functional connectivity matrix in each window was
vectorized and Pearson’s correlations between the vectorized functional
connectivity matrices in different windows were calculated to form a (t —
w+ 1) X (t—w + 1) FCD matrix for each subject. The FCD matrix was
averaged to form a (t —w + 1) vector representing the whole-brain mean
FCD for each participant. Next, the SWSTD of time series within each win-
dow was calculated for each ROI, resulting in a 400 x (t—w + 1) SWSTD
matrix for each subject. The switching behavior of the cortical regions was
captured by calculating the Spearman correlation between the first-order
derivatives of the FCD-mean and SWSTD.["2l The RFSI, which describes
region-wise switching behaviors, was used as the metric. To validate the
results obtained with a window length of w = 30, the RFSI at different win-
dow lengths (w =24 and 36) were calculated (validation analysis section).

Harmonization of Multi-Site RFSI:  To determine RFSI differences be-
tween individuals with ASD and TC, we initially corrected individual RFSI
biases due to variations in sites, scanning machines, and parameters, and
different time measurements using the ComBat harmonization algorithm
before statistical analyses.['?] The z-score map was generated for each
individual after multisite harmonization.

ComBat can be described as follows: Assuming that the data are col-
lected from m different sites, where i =1, 2, ....

Yr'jv =a, + Xi,jﬂv + Yi,v + éi,vgi,j,v (1)

In Equation (1), j represents the individual sample index and a, denotes
the RFSI in region v. X is the design matrix of the covariates of interest
(e.g., gender and age). f, is the region-specific vector of regression coeffi-
cients corresponding to X. The terms y;, and §;, denote the additive and
multiplicative site effects at site i of region v.

Abnormal RFSI in ASD:  To identify abnormal RFSI in developmental
ASD, 1700 participants were divided into three age groups: children (6-12
years old, ASD: n = 253, TC: n = 345), adolescents (12-18 years old, ASD:
n =293, TC: n = 252), and adults (18 years and older, ASD: n =274, TC: n
= 283). Subsequently, we conducted MANOVA to investigate the aberrant
switching behaviors of individuals with ASD across different developmen-
tal stages. Factors for MANOVA included group (ASD and TC) and age
(children, adolescents, and adults). The significance level for MANOVA
was set at p < 0.05 corrected using the FDR method.

Differences of RFSI in Severe and Mild ASD:  Further exploration of the
RFSI differences between severe and mild ASD, as defined by clinical
symptoms, was conducted. Participants with ASD were first categorized
into severe and mild ASD groups based on scores above and below the
average on the Autism Diagnostic Interview (ADI) and Autism Diagnostic
Observation Schedule (ADOS) (Table S3, Supporting Information). Un-
paired two-sample t-tests were used to compare the RFSI in different brain
regions between patients with severe and mild ASD. A significant differ-
ence in RFSI was observed between the two groups in a particular brain
region, indicating that regional RFSI was associated with clinical pheno-
types. The regional RFSI differences were corrected using FDR with p <
0.05.

Functional Decoding for Brain Areas with RFSI Differences in ASD: To
understand the cognitive functions of brain areas showing abnormalities
in RFSI, functional decoding for these brain areas was conducted using
Neurosynth meta-analysis. The statistical F-map (group effects) obtained
by MANOVA was sorted with F-values and 20 binary masks were gener-
ated as the threshold values increased by 5% each time. Using the 24 topic
terms selected by Margulies et al,['2"l meta-analysis based functional de-
coding was performed for each mask to assess the topic terms related to

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.advancedscience.com

ADVANCED
SCIENCE NEWS

ADVANCED
SCIENCE

Open Access,

www.advancedsciencenews.com

disease factors. For each region of interest map, the analysis output was
a z-statistic associated with the feature term. Terms with z-statistic > 3.1
(corresponding to p < 0.05, FDR corrected) were considered significant
associations.

Spatial Correlation Analysis with Neurotransmitter Density Maps:  To re-
veal abnormal RFSl-associated neurotransmitters, spatial correlations be-
tween neurotransmitter density maps and group effects were performed
to identify ASD-related neurotransmitters. A total of 37 neurotransmit-
ter receptors obtained from the published literature and provided by
the Neuromaps toolbox were tested in our study (Table S4, Support-
ing Information).l"22! First, an F-map based on MANOVA (group effects;
Figure 2A) and neurotransmitter density maps were converted from the
MNI-152 voxel space to the fsIR32K surface space. Next, we correlated
the transformed F-map with each of the neurotransmitter density maps
(Pearson’s r) and significance was tested using a null model that preserves
spatial autocorrelation (spin-test, randomly “rotates” Group effects F-map
1000 times to account for spatial correlations),['23] with a significance level
of p < 0.05.

Association between Alterations in RFSI and Gene Expression Profiles:
Human gene expression data derived from six autopsy donors (five males
and one female) from the Allen Institute,l'?] aged 24-57 years (42.5 +
13.4), are available in the AHBA dataset (http://human.brain-map.org).
The AHBA microarray expression data were preprocessed and integrated
into a matrix of 400 ROIs x 15 633 genes.l"24-126] Due to under-sampling
in the right hemisphere, only the gene expression data in the left hemi-
sphere were analyzed. After removing ROIs with null values from the ex-
pression matrix, a 192 X 15 633 gene expression matrix (192 regions,
15 633 genes) was used for the analysis.

In our study, PLS regression was employed to link gene expression pro-
files to RFSI differences generated by MANOVA (F-map for Group effects)
to reveal the molecular basis. The first two components of the PLS regres-
sion (PLS1 and PLS2) explained ~30% of the variance in the Group effect
F-map, with the first principal component (PLS1), a linear combination
of gene expression values, showing the highest correlation with the re-
gions of between-group variation. To account for spatial autocorrelation,
the null hypothesis that PLS1 or PLS2 explained no more covariance be-
tween the Group effect F-map and whole-genome expression than would
be expected by chance was tested using a permutation test based on a
spin test (10 000 times). Finally, bootstrapping was used to estimate the
degree of PLS1 variation for each gene and z-scores were calculated to
rank the genes according to their contributions to PLS1.1127:128] A set of
positively associated genes corrected with p < 0.05 using the FDR method
were selected for gene enrichment analysis using Metascape to identify
significant biological processes.[12°]

Single-Nucleus RNA Sequencing of Prefrontal Cortex for ASD:  From the
statistical F-map (group x age effects), significant differences in the RFSI
of the PFC were identified. To further determine the cellular and molecular
basis of RFSI differences in the PFC, public snRNA-seq data for the PFC
from five typical controls and five patients with ASD were accessed (https:
//www.ebi.ac.uk/ena/browser/view/PRJNA434002). We matched the data
samples to age groups and categorized them into child (ASD = 1, TC =
1), adolescent (ASD = 2, TC = 2), and adult (ASD = 2, TC = 2) groups
(Table S5, Supporting Information). Notably, the snRNA-seq dataset also
included data from other brain regions within the PFC. However, these
samples were excluded to avoid anatomical bias. The analysis primarily
focused on snRNA-seq data from regions outside of BA9 and BA46.[130]

10X Genomic Data Preprocessing and Annotation:  First, for the fastq
data accessed from the EMBL-EBI database, Cellranger software (v. 7.1.0)
was used to perform alignment,['*!] filtering, barcode counting, UMI
counting, and alignment to the GRCh38 human genome reference and
annotation. For quality control, we filtered the count expression matrix ob-
tained using CellRanger, retaining nuclei with genes (nFeature_RNA) and
UMIs (nCount_RNA) within one standard deviation of their means. Addi-
tionally, we retained nuclei in which the expression of mitochondrial and
ribosomal genes accounted for less than 5% of total gene expression. De-
contX (v. 1.2.0) and DoubletFinder (v. 2.0.4) were used to remove potential
RNA contaminants and doublet cells, respectively.[m'm] We then clus-
tered nuclei for further analysis. The count expression matrix was merged
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and analyzed using Seurat (v 5.1.0).1"34] To mitigate the impact of vary-
ing cell sequencing depths, gene read counts were normalized based on
equalized library sizes and standardized accordingly. Subsequently, singu-
lar value decomposition with k = 50 was performed. The JackStraw algo-
rithm and elbow plot visualization were employed to identify and select
the top 16 principal components deemed significant. These PCs were uti-
lized in the K-nearest neighbors algorithm to identify neighboring points
and reduce the dimensionality of batch-corrected data. Subsequently, the
Shared Nearest Neighbor algorithm was applied to cluster the reduced
dimensions to identify and delineate clusters representing similar cell or
gene expression patterns. To achieve visualization in 2D space, Uniform
Manifold Approximation and Projection embedding was rendered. To de-
lineate the distinct cell types, we annotated the aggregation of 16 clusters
based on marker genes provided in the literature.['*°] Notably, fibrous as-
trocytes, predominantly found in the white matter of the brain, were ob-
served exclusively in one subject. Given the primary focus of this study on
cell types within the cerebral cortex, this particular cell type was excluded
from subsequent investigations.

DEGs Selection and GO Enrichment Analysis:  The Wilcoxon rank-sum
test was conducted to identify DEGs between child, adolescent, and adult
patients across different cell types compared to the corresponding typical
controls. Genes exhibiting a corrected p-value less than 0.05 were consid-
ered significantly differentially expressed in each cross-sectional compari-
son (Bonferroni correction). Subsequently, GO enrichment for DEGs was
performed to identify the main molecular function using the clusterProfiler
package in R.["3]

Cell Type Analysis of the DEGs using AUCell:  The AUCell method was
employed to identify the enrichment of DEGs in specific or multiple cell
types.[13¢] First, the DEGs were ranked by sorting the genes from highest
to lowest expression values for each cell. Subsequently, the enrichment of
the gene signatures was computed by assessing the area under the curve
(AUC) of the recovery curve to ascertain the extent to which a gene set was
enriched at the top of the gene ranked for each cell. The AUC provides an
estimate of the proportion of genes within the gene set that exhibit in-
creased expression in each cell. Cells expressing more genes from a gene
set were characterized by higher AUC values than those expressing fewer
genes. To calculate the AUC, only the top 10% of ranked genes were con-
sidered. The gene sets used for the different age groups were composed
of DEGs between ASD and TC across age groups without classification
into distinct cell types. This gene set was further subdivided into upreg-
ulated and downregulated genes. Finally, AUCell was employed to map
these gene subsets onto cell types within different age groups to facilitate
the computation of the percent and average expression metrics.

Transcription Factors Analysis:  To identify differences in TFs, a single-
cell gene expression matrix was analyzed for regulon activity using the
pySCENIC pipeline (v 0.12.1).[%¢] The workflow consisted of three steps:
(1) Construction of co-expression networks using GENIE3. Using the
single-cell gene expression matrix as the input file and considering each
target gene as the output, a random forest tree was constructed for each
gene. Importance metrics were computed for each TF-gene pair based
on the constructed random forest trees. Ultimately, this process yielded
co-expression modules for TF-gene pair; (2) Motif enrichment and target
gene prediction using RcisTarget. Using the gene-motif ranking database,
each motif was accumulated across all genes within a module. The larger
the AUC of the gene accumulation curve in the module, the higher the
enrichment level of the motif within that module. For each module, sig-
nificant motif enrichment was selected and their target genes were pre-
dicted. Ultimately, a gene regulatory network module (regulon) encom-
passing both TFs and their target genes was formed by integrating TF-gene
modules and the results of target gene predictions; (3) Quantification of
regulon activity using AUCell. Within SCENIC, gene sets refer to all genes
within the regulons. For each cell line, the genes were ranked in descend-
ing order based on their expression levels. Using the positions of the genes
within the regions along the ranked sequence, the cumulative AUC value
was computed. AUC represents the regulon activity score (RAS) of the
cell. Regulon specificity scores were computed in accordance with the cell
clusters identified by Seurat and the top regulons for each cell cluster were
selected following the SCENIC protocol implemented in Python.
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Pseudotime analysis of the astrocyte cluster de-
[137]

Pseudotime Analysis:
rived from cell clustering was executed using Monocle2 (v 2.32.0).
Initially, a Seurat object exclusively containing astrocyte subtypes was
employed to construct the CellDataSet object for preprocessing. Subse-
quently, the detectGenes function was applied to assess the number of
cells expressing specific genes to facilitate the trajectory analysis of single-
cell differentiation. Finally, the dpFeature method was selected to replace
the highly variable genes or DEGs identified by Seurat within the subtypes
to identify the genes governing cellular progression; reduced the data to
two dimensions and arranged cells using the orderCells function.

Statistical Analysis: Statistical analyses were performed using SPSS,
Python, and MATLAB software. To better understand how brain develop-
mental changes affect ASD, this study applied Combat corrections to in-
dividual RFSI values before analysis to eliminate biases caused by differ-
ences in acquisition sites, scanning devices and parameters, as well as
measurements taken at different times. Age and sex were included as co-
variates for adjustment and individual data were standardized (z-scores).
Individuals were divided into three groups based on age: children, adoles-
cents, and adults. A 2 x 3 two-way MANOVA model was constructed for
each ROIs and MANOVA was performed using SPSS software. Benjamini-
Hochberg FDR correction was applied to identify significantly different
brain regions (Figure 2A; Table S6, Supporting Information). The behav-
ioral scores of the ASD group were divided into two categories based on
whether they were above or below the mean (Figure 2B; Figure S2B,C,
Supporting Information). Unpaired two-sample t-tests were conducted to
compare the differences in RFSI between the two groups in specific brain
regions and p-values were corrected using Benjamini-Hochberg FDR. Un-
paired two-sample t-tests were performed to test the intergroup differ-
ences between ASD and TC within each network for each age group and the
Bonferroni correction was applied (Figure 2C; Table S7, Supporting Infor-
mation). Spin tests and Pearson’s correlation analyses were performed to
evaluate the correlation between RFSI changes and neurotransmitter lev-
els. The F-map for each group was projected onto the fslr32k surface space
to create a surface-based segmentation representation. Using a spheri-
cal projection of the mean surface, the spatial coordinates for each parcel
were defined by selecting the vertex closest to the centroid of each par-
cel. These parcel coordinates were then randomly rotated and the origi-
nal parcel values were reassigned to the closest rotated parcels (repeated
10 000 times). In addition, unpaired two-sample t-tests were conducted
to assess intergroup differences between ASD and TC across different age
groups (Figure S3, Supporting Information) and the same method was
used to compare intergroup differences in the monkeys (Figure 4). Spin
tests were employed to evaluate the correlation between the Group F-map
and PLS1 and PLS2 scores (repeated 10 000 times) (Figure S5, Supporting
Information). Bootstrapping (repeated 10 000 times) was used to estimate
the variance of each gene in PLS1 and z-scores were calculated. Differen-
tial expression between the ASD and TC groups was calculated using the
Wilcoxon rank-sum test. Correction was performed using Bonferroni cor-
rection. For all statistical analyses, the significance level was set at p <
0.05. All values in the text and figure legends are represented as the mean
+ SD.
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