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Functional near-infrared spectroscopy (fNIRS) has emerged as a valuable tool for investigating neurobiological markers in children with
autism spectrum disorder (ASD). While previous studies have identified abnormal functional connectivity in ASD children compared
with typically developing (TD) peers, brain connectivity dynamics and their associations with autism symptoms and cognitive abilities
remain underexplored.We analyzed fNIRS data from44 children (30 boys, 21 ASD/23 TD) aged 2.08–6.67 years while they viewed a silent
cartoon. Using sliding window correlation and k-means clustering, we assessed group differences in dynamic connectivity and the cor-
relations with symptom severity and cognitive performance. Our results revealed that children with ASD showed reduced dwell time in a
specific brain state and fewer state transitions compared with TD children. These atypical brain state patterns were negatively correlated
with autism symptom severity and positively correlated with adaptive behavior and cognitive performance across participants.Mediation
analysis revealed that adaptive behavior fully mediated the relationship between brain dynamics and cognitive performance.
Furthermore, dynamic connectivity features achieved 74.4% accuracy in distinguishing ASD from TD children. Importantly, the link
between brain dynamics and cognitive performance was replicated in an independent TD sample, underscoring the robustness of this
finding. Together, these findings highlight altered brain dynamics in young childrenwith ASD and underscore the critical role of adaptive
behavior in bridging neural activity and cognitive performance. These insights advance our understanding of neural mechanisms under-
lying ASD and point to potential pathways for early interventions and clinical applications.
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Significance Statement

The brain dynamics and their relationships with symptom severity and cognitive abilities in children with autism spectrum
disorder (ASD) remain poorly understood. Using dynamic functional connectivity analysis, our study identified distinct brain
state patterns in children with ASD. These patterns were associated with both autism symptom severity and cognitive per-
formance. Importantly, adaptive behavior emerged as a crucial mediator between brain dynamics and cognitive function.
Our findings provide novel insights into the neural mechanisms of ASD and highlight the critical role of adaptive behavior
in formulating future intervention strategies. By linking specific neural dynamics to adaptive behaviors and cognitive abilities,
our study enhances our understanding of ASD neurobiology and has the potential to improve outcomes for affected children.
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Introduction
Autism spectrumdisorder (ASD) is a prevalent neurodevelopmen-
tal condition characterized by challenges in social communication
and restricted, repetitive behaviors, with considerable individual
variability (Lord et al., 2020; Zeidan et al., 2022). The preschool
age represents a critical window for ASD diagnosis and early inter-
vention (Daniels and Mandell, 2014), yet current diagnostic prac-
tices rely predominantly on behavioral assessments that are
susceptible to the disorder’s phenotypic heterogeneity (Masi
et al., 2017). Advancing our understanding of the neurobiological
underpinnings underlying ASD in early childhood is therefore
essential for improving diagnostic precision and informing the
design of effective, individualized interventions.

As a noninvasive, motion-tolerant technique with adequate
temporal and spatial resolution for measuring cortical
hemodynamic responses, functional near-infrared spectroscopy
(fNIRS) is well suited for studying young children in naturalistic
settings (Moriguchi and Hiraki, 2013; Quaresima and Ferrari,
2019; Mauri et al., 2020). Previous research has used fNIRS to
examine neural markers of ASD, primarily focusing on local acti-
vation and static functional connectivity (Liu et al., 2019). While
regional activation highlights specific brain areas involved, func-
tional connectivity captures coordination between brain regions
and better reflects individual variability (Plitt et al., 2015; Finn
and Bandettini, 2021).

Findings from static functional connectivity using fNIRS in
ASD, however, have been inconsistent. Some studies reported
hyperconnectivity (Kikuchi et al., 2013), while others observed
hypoconnectivity (Zhu et al., 2014; Li and Yu, 2016; Sun et al.,
2021). These discrepancies may arise from the limitations of
static analyses, which average connectivity over the entire record-
ing and assume temporal stability. Such assumption may inap-
propriate for ASD populations, whose brain activity shows
high variability (Takahashi et al., 2016; Yin et al., 2025), poten-
tially obscuring transient and spatiotemporal network properties
(Mash et al., 2019). Dynamic functional connectivity (DFC)
addresses this limitation by capturing time-varying patterns of
brain network reconfiguration (Hutchison et al., 2013; Preti
et al., 2017). Despite their dynamic nature, these patterns exhibit
functional stability across time (Madhyastha et al., 2015).
Growing evidence suggests that DFC can reveal abnormal con-
nectivity states in psychiatric and neurodevelopmental disorders,
including ASD (Calhoun et al., 2014; Damaraju et al., 2014; Gu
et al., 2020). DFC metrics not only differentiate ASD from TD
populations (Chen et al., 2017; Mash et al., 2019; Zhuang et al.,
2023) but also show strong associations with cognitive abilities,
adaptive function, and symptom severity (Plitt et al., 2015;
Cohen, 2018).

Previous research has demonstrated the viability of applying
DFC analyses to fNIRS (Li et al., 2015; Sutoko et al., 2020; Tang
et al., 2021; Lu et al., 2023) and reported altered connectivity
dynamics in children with ASD compared with TD peers (Li
et al., 2018; Fan et al., 2024). However, few have linked these
dynamic features to clinical manifestations or functional outcomes
(Wan et al., 2024). Of particular relevance is adaptive behavior—
the set of conceptual, social, andpractical skills needed for everyday
functioning (Yang et al., 2016). Deficits in adaptive behavior are a
hallmark of ASD (Tillmann et al., 2019), and measures of adaptive
skills reliably distinguish TD children from those with develop-
mental disorders (Deng et al., 2025).

To address this gap, the present study used fNIRS-based DFC
analysis in a cohort of Chinese children with ASD and TD

controls aged 2–6 years. Our objectives were as follows: (1) to
identify group differences in DFC features; (2) to examine rela-
tionships between DFC metrics and ASD symptom severity,
adaptive behavior, and cognitive performance; and (3) to evalu-
ate the potential of DFC features to differentiate ASD from TD
children. Given the novel applying DFC in this population, the
study was exploratory. We hypothesized that children with
ASD would exhibit distinct DFC profiles relative to TD peers
and that these features would correlate with clinical measures,
though we made no directional predictions.

Materials and Methods
Participants

Main sample. We recruited 58 children (40 M/18 F) aged 2.08–
6.67 years (mean age, 4.5 ± 1.17 years) from the Third Affiliated
Hospital of Guangzhou Medical University and Shenzhen Institute of
Neuroscience, China, between September 2023 and May 2024. After
fNIRS data quality inspection at the individual level, 14 participants
were excluded: seven due to multiple bad channels and seven due to
incomplete signal acquisition (see below, fNIRS data acquisition, for
details). The final sample comprised 44 participants: 21 children with
ASD (mean age, 4.06 ± 1.13 years; range, 2.08–6.25 years) and 23 TD
children (mean age, 5.07 ± 0.98 years; range, 3–6.67 years). All partici-
pants completed the Gesell Developmental Schedule (GDS), assessing
developmental domains including fine motor, gross motor, personal–
social, language, and adaptive behavior. Parents or caregivers of all par-
ticipants completed the Autism Behavior Checklist (ABC), a widely used
questionnaire for assessing autistic behaviors and symptom severity in
individuals with ASD (Krug et al., 1980). Although the ABC was not uti-
lized for diagnosing ASD, it is notable that all TD children had an ABC
score <25, indicating the absence of ASD. Conversely, the majority of
children with ASD scored above 53, indicating a high likelihood of
autism. All participants diagnosed with ASD met the DSM-V criteria
for ASD through clinical interview and underwent the Childhood
Autism Rating Scale (CARS) (Schopler et al., 1980), administered by
the same clinician. TD children had GDS total scores >85, indicating nor-
mal development. All participants were native Mandarin or Cantonese
speakers with normal hearing and no reported family history of mental
or psychiatric disorders. This study was approved by the Ethics
Committee of Shenzhen Institute of Neuroscience (IRB number:
SION202304). Informed consent was obtained from parents or caregiv-
ers of all participants.

Regarding socioeconomic status, 34.1% (15/44) of families reported
annual incomes of 200,000–500,000 RMB, 38.6% reported 50,000–
200,000 RMB, 9.1% reported over 500,000 RMB, and 2.3% reported
below 50,000 RMB. Most parents held a bachelor’s or associate
degree (mothers, 61.4%; fathers, 52.3%), while 6.8% of mothers
and 11.4% of fathers had junior high school education or below. A
total of 15.9% (7/44) of participants did not report income and
parental education data. Additionally, 16 of the 22 children with ASD
reported that they were receiving interventions and their parents pro-
vided information regarding intervention types and weekly treatment
duration.

Validation sample. For validation analyses, we collected an indepen-
dent TD sample between December 2024 and May 2025 in Shenzhen,
China. This dataset included 40 children (19 M/21 F) aged 3–6.92 years
(4.93 ± 1.14 years), each of whom completed a 5 min fNIRS recording
while watching the cartoon Partly Cloudy (https://www.pixar.com/
partly-cloudy). According to parental reports, none of these children
had a history of genetic or neurodevelopmental disorders. A develop-
mental screening further confirmed that all were healthy and typically
developing. All participants completed the same visual search task as
the main sample. Following identical fNIRS preprocessing and quality
control criteria, 24 children (10 M/14 F) aged 3–6.83 years (4.96 ±
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1.15 years) with high-quality signals across all 24 channels were retained
for analysis. The detailed information was presented in Table 1.

Visual search task
We evaluated participants’ attention using a reach-tracking adaptation
of the visual search task described by Erb et al. (2022). In this task,
participants were required to touch a circle that appeared alongside
three diamonds on a digital display. There were two types of trials:
distractor-absent trials, where all shapes shared the same color, and
distractor-present trials, where one diamond varied in color from the
other shapes. Each trial type accounted for 50% of the total. Before the
test, participants completed five training trials to familiarize themselves
with the rules. To proceed to the test session, participants had to achieve
an accuracy rate of at least 80% during training. The test session con-
sisted of 30 trials, during which we recorded the accuracy rate (ACC)
and the response time (RT) for correctly performed trials for each
participant.

fNIRS data acquisition
The fNIRS data were collected using a 24-channel continuous wave sys-
tem (Brite MkIII, Artinis Medical Systems) at a sampling rate of 25 Hz.
The optode template consisted of two 3*3 source-detector arrays cover-
ing large areas of the frontal, temporal, and parietal regions. Each array
included 12 channels, made up of five transmitters emitting two wave-
lengths (845 and 761 nm) of light and four receivers. The positioning
of the optodes was based on the international 10–20 coordinate system.

During fNIRS signal recording, all children were accompanied by
their caregivers in a quiet room and seated in a comfortable chair in front
of a computer screen playing silent cartoons of their own choice. This
approach was chosen to accommodate the challenge of keeping young
children, especially those with ASD, calm and engaged for an extended
period (Li and Yu, 2016; Jia et al., 2018; Li et al., 2018). Once the headcap,
with a pre-set optode template, was placed on the participant, we ensured
that the optodes had good skin contact to prevent environmental light
leakage. During the session, children were instructed to watch cartoons
and to remain as still as possible. The whole session lasted 8 min.

Preprocessing
Prior to data analysis, we visually inspected all raw fNIRS data (n= 58)
and excluded seven participants due to incomplete data acquisition.
The reprocessing of fNIRS data was performed using MNE-Python
v1.7.1 (Gramfort, 2013). First, raw intensity signals were converted to
optical density, and data were extracted from the marker onset for a
duration of 8 min. Second, channel quality was assessed using the scalp
coupling index (SCI), which quantifies the coupling between optodes and
scalp (Pollonini et al., 2014). Channels with an SCI value below 0.6 were
rejected following previous research (Klein et al., 2022; Steinmetzger
et al., 2022). Due to methodological considerations, we applied a strict
inclusion criterion requiring all participants to have 24 valid fNIRS chan-
nels. Based on this criterion, seven participants (five TD, two ASD) were
excluded from further analysis because one or more bad channels had
poor signal quality (SCI value <0.6). Motion artifacts were then using

Table 1. Demographic information, clinical, and behavioral characteristics in main and validation samples

Characteristics

Main sample

t/χ2 p

Validation sample

ASD (n= 21) TD (n= 23) TD (n= 24)

Age (years) 4.06 ± 1.13 5.07 ± 0.98 −3.18 0.003 4.96 ± 1.15
Gender (M/F) 18/3 12/11 5.69 0.017 10/14
Annual family income

<50,000 1 (5.88%) 0 (0.00%) 10.29 0.036 0 (0.00%)
50,000–100,000 5 (29.41%) 1 (5.00%) 1 (4.17%)
100,000–200,000 5 (29.41%) 6 (30.00%) 5 (20.83%)
200,000–500,000 6 (35.29%) 9 (45.00%) 11 (45.83%)
>500 0 (0.00%) 4 (20.00%) 7 (29.17%)

Maternal education level
Junior high school or below 3 (17.65%) 0 (0.00%) 5.19 0.159 0 (0.00%)
Senior high school or technical secondary school 2 (11.76%) 2 (10.00%) 0 (0.00%)
Associate degree or Bachelor’s degree 11 (64.71%) 16 (80.00%) 20 (83.33%)
Master’s degree or above 1 (5.88%) 2 (10.00%) 4 (16.67%)

Paternal education level
Junior high school or below 4 (23.53%) 1 (5.00%) 6.55 0.088 0 (0.00%)
Senior high school or technical secondary school 3 (17.65%) 1 (5.00%) 1 (4.17%)
Associate degree or Bachelor’s degree 7 (41.18%) 16 (80.00%) 19 (79.17%)
Master’s degree or above 3 (17.65%) 2 (10.00%) 4 (16.67%)
Weekly intervention (h) 8.48 ± 10.08 / / / /
ABCa 65.80 ± 17.49 8.83 ± 7.78 13.46 <0.001 6.75 ± 8.90
CARSb 31.98 ± 4.47 / / / /

GDSc

Language 61.96 ± 20.19 93.51 ± 12.01 −6.22 <0.001 /
Adaptive behavior 66.83 ± 15.04 93.38 ± 10.45 −6.69 <0.001 /
Fine motor 72.09 ± 17.67 91.99 ± 9.77 −4.46 <0.001 /
Gross motor 69.47 ± 15.45 90.31 ± 11.24 −5.03 <0.001 /
Personal–social 57.44 ± 20.66 95.81 ± 17.51 −6.51 <0.001 /
Total 65.75 ± 14.67 93.45 ± 10.43 −7.10 <0.001 /

Visual search taskd

ACC (%) 80.59 ± 16.47 96.52 ± 7.75 −3.70 0.001 92.36 ± 10.14
RT (ms) 2,171.05 ± 836.37 1,214.21 ± 263.41 4.55 <0.001 1,892.75 ± 410.0

Annual family income and parental education levels (both maternal and paternal) were reported as number (percentage of participants), and group comparisons were conducted using chi-square tests. The valid sample sizes were 17
(with 4 missing data) for the ASD group and 20 for the TD group (with 3 missing data). ASD, autism spectrum disorder; TD, typical development; ABC, Autism Behavior Checklist; CARS, Childhood Autism Rating Scale; GDS, Gesell
Developmental Schedule; ACC, accuracy; RT, response time.
aABC scores were available for 20 ASD and 23 TD participants in the main sample.
bCARS were conducted exclusively among children with ASD.
cGDS data were obtained for 19 ASD and 22 TD children in the main sample.
dThe visual search task was completed by 17 ASD and 23 TD children in the main sample. Demographic and behavioral data were complete for all 24 participants in the validation sample.

Su et al. • Connectivity Dynamics and Symptom Severity in ASD J. Neurosci., October 29, 2025 • 45(44):e0161252025 • 3



temporal derivative distribution repair (TDDR), which mitigates base-
line shift and spike artifacts (Fishburn et al., 2019). The optical density
data were subsequently converted to hemoglobin concentration changes
using the modified Beer–Lambert law with a partial pathlength factor
(PPF) of 6. The units were converted from molar to micromolar (μM).
A bandpass filter (0.01–0.08) was applied to remove biological noise
including heart rate, Mayer waves, and respiration (Li et al., 2018).

The same preprocessing and data quality control procedures were
applied to both the main and validation samples. After exclusion, the
main sample consisted of 44 participants (21 ASD/23 TD) who retained
all 24 channels and had complete 8 min recordings. The validation sam-
ple included 24 children (10 M/14 F) who also met these criteria.

Dynamic functional connectivity
The preprocessed fNIRS data were used to construct DFC matrices.
Given that HbO and HbR exhibited qualitatively similar yet opposite
trends, with HbR showing a lower signal-to-noise ratio, only HbO signals
were selected for this analysis (Ferrari and Quaresima, 2012). The DFC
analysis was conducted using MATLAB with the DynamicBC toolbox
(Liao et al., 2014). The overall analysis workflow is illustrated in Figure 1.

All 24 channels were used to calculate the between-channel func-
tional connectivity. To better depict the connectivity pattern, as shown
in Figure 1a, 22 of the 24 channels were grouped into six regions of inter-
est (ROIs) according to the Montreal Neurological Institute (MNI) coor-
dinates (Supplementary Table S1): right frontal (channels 1, 2, 3, 4), right
temporal (channels 6, 10, 11, 12), right parietal (channels 7, 8, 9), left
frontal (channels 13, 14, 15, 16), left temporal (channels 18, 22, 23,
24), and left parietal (channels 19, 20, 21). Channels 5 and 17, which
were located between the frontal and temporal gyri, were excluded
from all ROIs.

A sliding window correlation analysis was applied to examine the
dynamics over time. In line with previous fNIRS studies (Li et al.,
2015; Niu et al., 2019; Urquhart et al., 2020), we used a 60 s window
with 1 s step size, resulting in 421 windows for each participant
(Fig. 1b). To address the lack of consensus on the optimal window
size, we also evaluated the results using 45 and 90 s windows. The
main text presented results for the 60 s window size, while the corre-
sponding results for other window sizes were provided in the supplemen-
tary materials. Pearson’s correlation was computed between each pair of
channels, generating a (24 × 24 × 421) data matrix for each participant.

To identify recurring connectivity states, we applied the k-means
clustering algorithm to classify the matrices into k clusters representing
distinct connectivity states. The optimal number of clusters was deter-
mined using the Elbow method with k varying from 2 to 10. The “elbow”
of the curve, where the rate of decrease in intra-cluster variation (mea-
sured by the within-cluster sum of squared Euclidean distances) slowed
significantly, occurred at k = 4 in our data. As a result, each windowed
functional connectivity map (all 421 × 44 maps) was assigned to one of
four clusters, each representing a unique brain state (Fig. 1c).

To compare the DFC states between groups, we used three main indi-
cators: (1) proportion of occurrence (PO)—the proportion of windows
assigned to each state, calculated as the number of windows in a specific
state divided by the total number of windows (421 × 44). (2) Mean
dwell time (MDT): The average duration (in consecutive windows) a
participant remained in a particular state before transitioning to another
state. This was computed by averaging the number of continuous win-
dows that belonged to one state. (3) Transition matrix: The probability
of transitioning from one state to another, defined as the number of tran-
sitions from one state i to state j divided by the total number of windows
in state i.

Statistical analysis
Considering the non-normality of the DFC measures, we followed pre-
vious studies (Engels et al., 2018; Wu et al., 2019) and employed non-
parametric tests, specifically Mann–Whitney U test, to compare the
differences between the ASD and TD groups. Age and gender were not
controlled for in the group comparisons, as neither was significantly cor-
related with any of the DFC measures (ps > 0.05; Table S2). Bonferroni’s
correction was applied to adjust for multiple comparisons.

Additionally, we calculated Spearman rank correlations between
behavioral scores (ABC and Gesell adaptive behavior scores), cognitive
performance (ACC and RT on the visual search task), and the dynamic
measures that showed significant group differences across the entire
sample, controlling for age and gender. In the main text, we performed
correlation analyses using the combined sample of all participants, fol-
lowing previous studies (Zhao et al., 2022; Luo et al., 2023). This
approach was adopted because clinical symptoms and cognitive abilities
represent continuous variables with individual differences across both
ASD and TD groups, allowing us to examine the brain–behavior rela-
tionships across diagnostic categories. Nevertheless, to address potential
group-specific effects, we also conducted supplementary analyses with
separated groups to examine correlations within each diagnostic cate-
gory independently. False discovery rate (FDR) correction was applied
to adjust for multiple comparisons.

Mediation analysis
To further investigate the relationships between the dynamic measures
that showed significant group differences and cognitive performance,
we conducted the mediation analyses using the PROCESS macro in
SPSS (v22) (Hayes, 2017) on participants with available brain and cogni-
tive performance data (14 ASD, 22 TD). Specifically, the dynamic mea-
sures with significant group differences were treated as the independent
variable, response time on the visual search task as the outcome, and
Gesell adaptive behavior scores as the mediator (Fig. 1d). All variables
were standardized. The significance of the indirect effect was assessed
via bootstrapped with 5,000 samples with replacement. If the 95% bias-
corrected confidence interval did not include zero, the mediation effect
was considered significant.

Classification analysis using support vector machine
In an exploratory analysis, we investigated whether DFC state character-
istics could distinguish between the ASD and TD groups, and we
employed a machine learning classification approach using the
MVPANI toolbox (Peng et al., 2020). We used a linear support vector
machine (SVM) with leave-one-out cross-validation (LOOCV) to
accommodate our small sample size. Brain state features showing sign-
ificant between-group differences were used as input features.

In the LOOCV procedure, one sample was iteratively held out as the
test set, while the remaining N− 1 samples formed the training set
(Fig. 1e). Classification accuracy was calculated after all samples were
tested. We calculated the area under the curve (AUC) of the receiver
operating characteristic (ROC) curve, which plots the true positive rate
against the false positive rate, to assess the classification performance.
To test the statistical significance of the classification, we performed
5,000 permutations.

Results
Demographic and behavioral information
In the final sample (21 ASD, 23 TD), the valid sample sizes for
each index were as follows: 20 ASD and 23 TD participants for
the ABC; 19 ASD and 22 TD participants for the GDS; and 17
ASD and 23 TD participants for the visual search task.
Demographic statistics and group differences between ASD
and TD were summarized in Table 1. Significant group differ-
ences were observed in age, with the ASD group being younger
than the TD group (t(42) =−3.181, p = 0.003), and in gender,
with a higher proportion of males in the ASD group (χ2 =
5.692, p = 0.017). To ensure that our findings regarding group
differences in DFC metrics and their correlations with clinical
and cognitive measures were not confounded by demographic
factors, we conducted supplementary analyses to examine
whether age and gender significantly influenced the brain state
metrics. The correlation analyses revealed no statistically signifi-
cant correlations between any of the brain state metrics and
either age or gender (Table S2; all ps > 0.05). In addition, the
two groups showed significant difference in annual family
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income (χ2 = 10.294, p= 0.036), but not in maternal or paternal
education level (ps > 0.05). Children with ASD exhibited higher
ABC scores than the TD group (t(41) = 13.458, p < 0.001). There
were significant differences in total scores and all domains mea-
sured by the GDS between TD and ASD groups (ps < 0.001). For
the visual search task, significant differences were found in RT
(t(38) = 4.553, p < 0.001) and ACC (t(38) =−3.698, p = 0.001).

DFC state characteristics and group differences
TheDFCmaps of all participants were classified into four distinct
states, as shown in Figure 2a. State 1 was the most frequent
(33.29%), followed by State 2 (28.61%), State 3 (25.45%), and

State 4 (12.66%). Regarding overall connectivity, States 1 and 2
exhibited relatively weak connectivity across channels (blue to
white), while States 3 and 4 displayed stronger connectivity
(pink to red). To further highlight the differences between these
states, we extracted the top 5% strongest connections (absolute
values) from each state’s connectivity matrix (Fig. 2b). This anal-
ysis revealed that State 1 and State 3 were characterized by
intense within-region connectivity, while State 2 and State 4
showedmore across-region connections. Notably, State 4 showed
more left-right interhemispheric connections and sparser within-
region connections. One participant was excluded from follow-
ing analyses due to abnormal DFC patterns (exceeding 3 SDs

Figure 1. The flowchart of signal acquisition and analysis workflow. a, The example figure illustrated a child wearing a 24-channel fNIRS cap, with red dots indicating the sources, blue dots
representing the detectors, and rectangles connecting the red and blue dots denoting the channels. b, Preprocessed data from 24 channels of one participant during an 8 min fNIRS session was
presented, and a sliding window analysis was performed using a 60 s window size with a 1 s step, resulting in 421 dynamic functional connectivity maps for each participant. c, k-means
clustering was applied to group all participants’ dynamic functional connectivity maps (or matrices) into four states, with the centroid maps displayed. d, Brain state characteristics were extracted
and analyzed to examine their correlations with clinical measures and cognitive performance. Subsequently, mediation models were constructed to investigate the interrelationships among these
three variables. e, A support vector machine with leave-one-out cross-validation was employed to classify participants into ASD and TD groups based on these state features.
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from the mean), leaving final samples of 20 ASD and 23 TD
participants.

To examine the differences between the ASD and TD groups
across the four states, we compared the PO and MDT for each
state. No significant differences were observed between the
groups for State 1 (PO: z=−0.463, p= 0.644; MDT: z=−0.925,
p= 0.355), State 2 (PO: z=−0.292, p= 0.77; MDT: z=−1.059,
p= 0.289), or State 3 (PO: z=−0.744, p= 0.457; MDT:
z=−0.573, p= 0.567). However, significant group differences
were found in State 4, with the ASD group showing a lower
PO (z= 2.296, p = 0.022, not statistically significant after
Bonferroni’s correction) and a shorter MDT (z= 2.704, p =
0.007, significant after correction) than the TD group.

To validate the robustness of these findings, we conducted
supplementary analyses by adjusting the window length to 45
and 90 s while maintaining the step size at 1 s. The pattern of
these results remained consistent with our main findings (see
Fig. S1 for temporal dynamics and Table S3 for detailed statis-
tics). This convergence across different time windows suggests
that our results are not dependent on the specific choice of tem-
poral parameters.

Since the difference was only evident in State 4, we further
explored group differences by analyzing the transition probabil-
ities from State 4 to the other three states (Fig. 2c). To control for
multiple comparisons (three tests), a Bonferroni’s correction was
applied, with a significance threshold of p < 0.05/3 = 0.017.
The results showed that the transition probability from State 4
to State 1 was significantly different between groups (z= 2.478,
p= 0.013). However, no significant differences were observed
in transition probabilities from State 4 to State 2 (z= 0.4, p=
0.689) or from State 4 to State 3 (z=−1.28, p= 0.202).

Associations between DFC state characteristics and behavior
Next, we examined the associations between state characteristics
that showed significant group differences (i.e., MDT of State 4
and the probability of transitioning from State 4 to State 1) and
both symptom severity (ABC scores) and cognitive abilities
(Gesell adaptive behavior scores) using the Spearman rank corre-
lation, controlling for age and gender. The results showed that
the MDT of State 4 was significantly negatively correlated with
ABC scores (rho(39) =−0.48, p = 0.002; Fig. 3a). Conversely, the
MDT of State 4 was positively correlated with adaptive behavior

Figure 2. Patterns of dynamic functional connectivity (DFC) states and group comparisons. a, The centroids of the DFC states were displayed, with the percentage of occurrences for each state
indicated above each centroid. b, The strongest 5% of connectivity within each state was visualized using circos plots, with the 24 channels grouped into six brain regions. R, right, L, left. c, The
group differences between ASD and TD in three characteristics of each state were presented in bar charts, showing the mean and standard error (SE). *p< 0.0125 (0.05/4, Bonferroni’s
correction).
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scores (rho(37) = 0.47, p = 0.002; Fig. 3b). Similar patterns were
observed for the transition probability from State 4 to State 1,
where higher transition frequencies were linked to less severe
autism symptoms (rho(39) =−0.47, p = 0.002; Fig. 3c) and better
adaptive behavior (rho(37) = 0.39, p = 0.013; Fig. 3d).

We further examined the relationship between DFC state
characteristics and cognitive performance (ACC and RT on the
visual search task) using the Spearman’s rank correlation analysis,
controlling for age and gender. We observed significant correla-
tions between the MDT of State 4 and both ACC (rho(35) = 0.38,
p= 0.021; Fig. 3e) and RT (rho(35) =−0.43, p= 0.009; Fig. 3f).
All aforementioned correlations survived after FDR correction.
However, no significant correlation was observed for the transi-
tion probability from State 4 to State 1 in relation to either
ACC (rho(35) = 0.11, p= 0.515) or RT (rho(35) =−0.08, p= 0.622).

Additionally, we explored potential group-specific effects by
conducting correlation analyses separately for each group, and

results were presented in Supplementary Figure S2. Overall, the
general trends between brain dynamics and behavioral measures
remained consistent with our combined analysis. In the ASD
group, the MDT of State 4 maintained significantly correlated
with ABC and Gesell adaptive behavior (ps < 0.05, uncorrected),
although its relationship with cognitive task performance (ACC,
RT) did not reach significance. In the TD group, while the MDT
of State 4 did not significantly correlate with either ABC or Gesell
adaptive behavior, it showed a marginally significant relationship
with RT (p= 0.059). Notably, the transition probability from
State 4 to State 1 showed a significant negative correlation with
ABC scores in the TD group (p= 0.004, uncorrected).

Results of mediation analysis
Further, we conducted a mediation analysis to investigate
whether the relationship between brain dynamic states (with
significant group differences) and cognitive performance was

Figure 3. Scatterplot showing the relationship between brain state characteristics, clinical measures, and cognitive task performance. The mean dwell time (MDT) of State 4 showed sign-
ificantly negative correlation with autism symptom severity (ABC scores; a) and positive correlation with adaptive behavior (b). Similarly, the transition probability from State 4 to State 1 was
also negatively correlated with ABC scores (c) and positively correlated with adaptive behavior (d). The MDT of State 4 also demonstrated significant correlations with accuracy rate (ACC, e) and
response time (RT, f) on a visual search task. Red dots represent individuals with ASD, and blue dots represent TD individuals. Residuals, adjusted for age and gender, were used for plotting. The
shaded region around the trend line represents the 95% confidence interval.
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mediated by adaptive behavior. In the analysis, the MDT of State
4 was treated as the independent variable (X ), task RT as the out-
come (Y ), and Gesell adaptive behavior score was examined as
mediator (M). As shown in Figure 4a, the results revealed a sign-
ificant mediation effect of adaptive behavior. Specifically, MDT
of State 4 influenced adaptive behavior (path a, β= 0.34, p=
0.07, 95% CI: [−0.02, 0.69]) and adaptive behavior, in turn, sign-
ificantly predicted task performance (path b, β=−0.57, p < 0.001,
95% CI: [−0.805,−0.339]). The direct effect of MDT of State 4 on
RT, controlling for adaptive behavior, was not significant
(path c’, β=−0.24, p= 0.058, 95% CI: [−0.479, 0.009]).
However, the bootstrap analysis revealed a significant indirect
effect of MDT of State 4 on RT via adaptive behavior (a*b,
β=−0.19, 95% CI: [−0.449, −0.001]; Fig. 4b).

The classification results based on DFC state characteristics
To classify ASD and TD individuals, we used DFC state character-
istics (i.e., PO, MDT of State 4, and the transition probability from
State 4 to State 1) that exhibited significant group differences as fea-
tures in a linear SVM classifier. The classification accuracy was
74.4%, with an AUC of 0.77. We performed 5,000 permutations,
resulting in a p-value of 0.03 (158/5,000), indicating that the clas-
sification results were statistically significant.

To better validate the promising role of DFC characteristics in
distinguishing between ASD and TD individuals, we conducted
additional comparative validation analyses to compare the per-
formance of connectivity measures against local activation pat-
terns. For local activation patterns, we included mean values
from six ROIs (right frontal, right temporal, right parietal, left
frontal, left temporal, and left parietal) as features in SVM anal-
ysis (n = 43).

Following the same LOOCV procedure, the SVM analysis
demonstrated classification accuracies of 52.3% for local activa-
tion patterns (AUC= 0.48) when distinguishing between ASD
and TD participants. These results provide empirical justification
for our focus on connectivity metrics which outperformed local
regional activation measures.

Validation of brain dynamics in an independent TD sample
We conducted a validation analysis to test whether brain dynam-
ics could serve as a reliable neural marker of cognitive ability in

TD children and to verify that variations in fNIRS recording
duration did not impact our main findings. First, DFC analysis
identified similar four brain states in this independent sample
(Fig. 5a), supporting the reproducibility of our results. Second,
Spearman correlation analysis revealed a significant negative
relationship between the MDT of State 4 and RT (rho=−0.47,
p= 0.028; Fig. 5b). Finally, using a data-driven approach, support
vector regression (SVR) analysis with State 4 dynamics charac-
teristics (PO, MDT, and transition probability) significantly pre-
dicted RT (r= 0.455, p= 0.025; Fig. 5c), further supporting the
role of brain state dynamics as a potential neural marker of cog-
nitive performance in TD children.

Discussion
In this study, we used fNIRS to examine DFC patterns in a cohort
of young Chinese children with ASD and their TD peers, explor-
ing the group differences in DFC characteristic and their associ-
ations with autism severity, adaptive behavior, and cognitive
performance. Across participants, we identified four distinct
states. Compared with TD children, those with ASD exhibited
altered brain state dynamics, characterized by reduced MDT
and transition probability in a specific state (i.e., State 4). These
alterations were significantly associated with autism symptom
severity, cognitive ability, and visual search performance.
Mediation analysis revealed that adaptive behavior mediated
the relationship between brain state dynamics and cognitive
ability. Overall, DFC patterns effectively discriminated ASD
from TD, suggesting their potential as neurobiological markers
for ASD.

Our primary findings revealed distinct brain state dynamics in
children with ASD compared with TD children during watching
cartoons, specifically characterized by reduced dwell time in
State 4. This state exhibited weaker connectivity between tempo-
ral channels and other brain regions, coupled with stronger inter-
hemispheric connections, particularly in the temporal and
parietal regions. These observations are in line with previous
fNIRS resting-state studies, which reported reduced interhemi-
spheric functional connectivity in bilateral temporal regions in
children with ASD compared with TD controls (Zhu et al.,
2014; Wu et al., 2021). According to the underconnectivity
hypothesis in ASD research, reduced long-range functional

Figure 4. The mediation results. a, The mediation model illustrated the mediating role of Gesell adaptive behavior in the relationship between the brain state characteristics (mean dwell time,
MDT) and cognitive task performance (response time, RT). Each path in the model was annotated with its standardized regression coefficient and corresponding 95% confidence interval.
Significant paths were indicated with **p< 0.01, ***p< 0.001. b, The histogram displayed the distribution of 5,000 bootstrapped indirect effects, with the 95% confidence intervals (marked
by pink dashed lines) not containing zero.
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connectivity represents a core neurobiological mechanism
underlying ASD (Anderson et al., 2011). Evidence from
fMRI-based DFC studies further highlights state-specific alter-
ations in ASD, marked by hypoconnectivity and increased vari-
ability in long-range connections (Chen et al., 2017).
Long-distance neural connections, particularly interhemispheric
connections, are crucial for efficient information exchange across
the brain (Martínez et al., 2018). Studies have showed that chil-
dren with ASD demonstrated weaker network efficiency com-
pared with healthy controls (Lewis et al., 2014; Li and Yu,
2016), supporting the challenges they face in coordinating infor-
mation across the brain. Our findings revealed that children with
ASD spent significantly less time in brain states characterized by
robust interhemispheric connectivity, especially in temporal
regions. This atypical temporal pattern likely contributes to lan-
guage and social impairments commonly observed in ASD, given
the critical role of temporal regions in these functions (Redcay,
2008; Eyler et al., 2012; Xu et al., 2020; Xiao et al., 2022).

In contrast to previous DFC studies in ASD that reported
increased state dwell time in individuals with ASD (Li et al.,
2020; Wan et al., 2024), we did not observe significant increases
in any brain state during rest in children with ASD compared
with their TD peers. This discrepancy may be attributed to the
limited channel coverage in our study, which focused primarily
on frontal and temporal regions. Notably, we observed decreased
transition frequency between two key connectivity states in chil-
dren with ASD: cross-hemispheric hyperconnectivity (State 4)
and intense local connectivity (State 1). This reduced dynamic
reconfiguration flexibility likely reflects challenges in integrating

and processing information across spatial scales, potentially con-
tributing to cognitive difficulties commonly observed in ASD
(Wang et al., 2022). Dynamic state transitions have been linked
to cognitive flexibility (Nomi et al., 2017) and creativity (Li
et al., 2017). Thus, the reduced transitions we observed may rep-
resent a neural mechanism underlying cognitive inflexibility in
children with ASD. In addition, it is worth noting that previous
studies have also observed that PO significantly differed between
ASD and TD groups (Rabany et al., 2019; Yue et al., 2022); how-
ever, in our study, this result did not survive multiple-
comparison correction. Whether this brain state characteristic
represents a stable group difference index warrants further vali-
dation in larger sample sizes.

The associations we identified between brain state character-
istics and clinical measures provide crucial insights into the
brain–behavior relationships in ASD. Previous studies have
linked atypical brain dynamics to clinical features in ASD. For
example, autism symptom severity has been associated with
atypical hypervariable in DFC patterns (Li et al., 2020), and
increased brain modular flexibility has been correlated with
greater autism severity (Harlalka et al., 2019). Additionally, the
neurovascular patterns derived from electroencephalography
(EEG)- and fNIRS-based DFC features have shown predictive
value for adaptive functioning development in ASD (Wan
et al., 2024). In this study, we found that a longer duration in a
state characterized by strong temporal-parietal connectivity
and weak intratemporal regional connectivity was associated
with less severe autistic symptoms and greater adaptive
behaviors. Similarly, previous fNIRS research revealed weakened

Figure 5. Brain state dynamics validation in an independent TD sample (n= 24). a, The four brain states identified through dynamic functional connectivity analysis with their corresponding
occurrence rates (%). b, Partial correlation between mean dwell time (MDT) of State 4 and response time (RT) after controlling for age and sex. Gray shading represents the 95% confidence
interval. c, Scatterplot showing the relationship between actual RT and predicted RT using support vector regression (SVR) based on State 4 dynamics parameters (PO, MDT, and transition
probability), with 95% confidence interval (gray shading).
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long-range temporal correlations (LRTCs) in children with ASD,
particularly in the left temporal and temporo-occipital regions,
with LRTCs in left temporal region negatively correlated with
autism severity (Jia et al., 2018). In contrast, a resting-state
fMRI study found that higher levels of autistic traits were associ-
ated with longer dwell time in a globally disconnected state with
weak intra- and internetwork connectivity (Rashid et al., 2018).
The differences between our findings and prior studies may be
due to differences in participant ages, as our study focused on
younger children (2–6 years old) whose brain networks are in
earlier, more dynamic developmental stages, while prior research
primarily examined older children (6–10 years old) with rela-
tively stable neural connectivity patterns. Differences in clinical
measures, such as symptom severity versus autistic traits, may
also contribute to these discrepancies.

Our findings also demonstrated that state-specific duration
times were correlated not only with clinical measures but also
with cognitive performance. This state-dependent relationship
complements prior evidence linking brain dynamics with
cognitive task performance. For example, increased variability
in DFC has been associated with impaired task performance in
resting-state fMRI studies (Douw et al., 2016; Lin et al., 2016).
Additionally, accumulating evidence indicated that resting-state
DFC predicts individual differences in attention (Madhyastha
et al., 2015; Spadone et al., 2015; Fong et al., 2019). Our findings
extend this body of work by demonstrating that hemodynamic
signals measured with fNIRS are also associated with cognitive
performance.

Furthermore, mediation analyses in our study elucidated the
mechanisms linking brain dynamics to cognitive performance.
Previous research has highlighted significant impairments in
adaptive functioning among individuals with ASD and a negative
relationship between adaptive behavior and executive function-
ing problems in this population (Gilotty et al., 2002; Pugliese
et al., 2015). However, the relationship between brain dynamics,
adaptive behavior, and cognitive performance remained unex-
plored. Our study clarified this pathway, demonstrating that
brain states influence cognitive performance through adaptive
behavior as a mediating factor.

These findings may carry profound theoretical and practical
implications. From a theoretical perspective, the results provide
a nuanced understanding of how brain states influence cognitive
abilities in ASD, highlighting the pivotal role of adaptive behavior
in modulating this relationship. Practically, they underscore the
need for tailored interventions that address the specific needs
of children with varying symptom severities. However, given
the small sample size included in the mediation analyses, these
findings should be considered preliminary. Future research
with larger samples is essential to validate these results and
explore additional mechanisms that could guide the development
of symptom-specific intervention strategies. Moreover, longitu-
dinal studies are needed to examine how these mechanisms
evolve across different developmental stages and their long-term
impact on cognitive and adaptive outcomes.

This study has several limitations that are worth noting. First,
the relatively small sample size may limit the generalizability of
our findings. To assess the robustness of our findings, we repli-
cated the main analyses in an independent sample of 24 TD chil-
dren aged 3–6 years using 5 min fNIRS data collected during
cartoon viewing. While this validation supports the reliability
of our findings, differences in group characteristics and data
acquisition durations (8 min in the original sample vs 5 min in
the TD sample) led us to present these analyses as supplementary

rather than integrating them into a combined dataset. Future
studies with larger samples are needed to validate our results.
Second, while age and gender were controlled as covariates in
our analyses, demographic differences between groups in the
sample remain a consideration. Future studies could address
this by employing more rigorous matching designs or larger sam-
ples to enhance the robustness of the findings. Third, the
restricted channel coverage in this study, which focuses on
specific brain regions, precludes whole-brain analysis. This limi-
tation may have affected the stability of the clustered states, high-
lighting the need for future research examining this point.
Fourth, although intervention information was collected for the
ASD group, we did not gather specific information about medi-
cation use during data collection. Future studies should consider
the potential effects of medications on neurobiological outcomes.
Finally, as our study focused on early-stage ASD in children aged
2–6 years, caution is warranted when extrapolating these
findings to other age groups or developmental stages.
Comparative studies involving older children or longitudinal
designs tracking changes over time would be valuable in broad-
ening the applicability of these results.

Conclusion
In sum, this study advances our understanding of DFC patterns
in children with ASD compared with TD controls. By identifying
significant group differences in DFC characteristics and their
associations with clinical symptoms, adaptive behavior, and cog-
nitive performance, our findings offer valuable insights into the
neuropsychological mechanisms underlying ASD. Notably, the
results highlight the potential of DFC features as neuroimaging
biomarkers for distinguishing children with ASD from their
TD peers. Furthermore, the elucidation of pathways linking brain
dynamics, adaptive behavior, and cognitive performance under-
scores the importance of tailored interventions that address the
unique needs of individuals with ASD. Future clinical applica-
tions could leverage these findings to design interventions that
not only improve adaptive functioning but also enhance cogni-
tive outcomes by targeting specific neural mechanisms. By foster-
ing a deeper understanding of the interplay between brain
dynamics and behavior, this study lays the groundwork for
more effective, individualized approaches to support children
with ASD.

Data Availability
The tidy data used for the analyses reported in this article are
available at https://github.com/Yaqiongxiao/asdfNIRS.DFC.
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