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MRI Data Preprocessing
All structural MRI and resting-state fMRI (rsfMRI) data from two datasets (ABIDE cohort & UESTC cohort) were preprocessed using fMRIPrep 20.2.1 (Esteban et al., 2019a, 2019b), which is based on Nipype 1.5.1 (Gorgolewski et al., 2011, 2018).
The T1-weighted (T1w) image was corrected for intensity non-uniformity (INU) with N4BiasFieldCorrection, distributed with ANTs 2.3.3, and used as T1w-reference throughout the workflow. The T1w-reference was then skull-stripped with a Nipype implementation of the antsBrainExtraction.sh workflow (from ANTs), using OASIS30ANTs as target template. Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM) was performed on the brain-extracted T1w using fast. Volume-based spatial normalization to one standard space (MNI152NLin2009cAsym) was performed through nonlinear registration with antsRegistration (ANTs 2.3.3), using brain-extracted versions of both T1w reference and the T1w template. The following template was selected for spatial normalization: ICBM 152 Nonlinear Asymmetrical template version 2009c.
For the rsfMRI data, a reference volume and its skull-stripped version were firstly generated using a custom methodology of fMRIPrep. Susceptibility distortion correction (SDC) was omitted. The BOLD reference was then co-registered to the T1w reference using flirt with the boundary-based registration cost-function. Co-registration was configured with nine degrees of freedom to account for distortions remaining in the BOLD reference. Head-motion parameters with respect to the BOLD reference (transformation matrices, and six corresponding rotation and translation parameters) are estimated before any spatiotemporal filtering using mcflirt. BOLD runs were slice-time corrected using 3dTshift from AFNI 20160207. The BOLD time-series (including slice-timing correction when applied) were resampled onto their original, native space by applying the transforms to correct for head-motion. These resampled BOLD time-series will be referred to as preprocessed BOLD in original space, or just preprocessed BOLD. The BOLD time-series were resampled into standard space, generating a preprocessed BOLD run in MNI152NLin2009cAsym space. First, a reference volume and its skull-stripped version were generated using a custom methodology of fMRIPrep. Several confounding time-series were calculated based on the preprocessed BOLD: framewise displacement (FD), DVARS and three region-wise global signals. FD was computed using two formulations following Power (absolute sum of relative motions) and Jenkinson (relative root mean square displacement between affines). FD and DVARS are calculated for each functional run, both using their implementations in Nipype. The three global signals are extracted within the CSF, the WM, and the whole-brain masks. Additionally, a set of physiological regressors were extracted to allow for component-based noise correction. Principal components are estimated after high-pass filtering the preprocessed BOLD time-series (using a discrete cosine filter with 128s cut-off) for the two CompCor variants: temporal (tCompCor) and anatomical (aCompCor). tCompCor components are then calculated from the top 2% variable voxels within the brain mask. For aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are generated in anatomical space. The implementation differs from that of Behzadi et al. in that instead of eroding the masks by 2 pixels on BOLD space, the aCompCor masks are subtracted a mask of pixels that likely contain a volume fraction of GM. This mask is obtained by thresholding the corresponding partial volume map at 0.05, and it ensures components are not extracted from voxels containing a minimal fraction of GM. Finally, these masks are resampled into BOLD space and binarized by thresholding at 0.99 (as in the original implementation). Components are also calculated separately within the WM and CSF masks. For each CompCor decomposition, the k components with the largest singular values are retained, such that the retained components’ time series are sufficient to explain 50 percent of variance across the nuisance mask (CSF, WM, combined, or temporal). The remaining components are dropped from consideration. The head-motion estimates calculated in the correction step were also placed within the corresponding confounds file. The confound time series derived from head motion estimates and global signals were expanded with the inclusion of temporal derivatives and quadratic terms for each. Frames that exceeded a threshold of 0.5 mm FD or 1.5 standardized DVARS were annotated as motion outliers. All resampling can be performed with a single interpolation step by composing all the pertinent transformations (i.e. head-motion transform matrices, susceptibility distortion correction when available, and co-registrations to anatomical and output spaces). Gridded (volumetric) resampling was performed using antsApplyTransforms (ANTs), configured with Lanczos interpolation to minimize the smoothing effects of other kernels. Non-gridded (surface) resampling was performed using mri_vol2surf (FreeSurfer). 
Calculating Individual Multilevel Functional Connectivity
[bookmark: OLE_LINK6][bookmark: _Hlk177659779][bookmark: _Hlk177659737]For static functional connectivity, Pearson correlation coefficients between BOLD signals of all ROI pairs were computed and Fisher transformed to z values. The sum of static connectivity values between each ROI and all other ROIs was defined as static functional connectivity strength (SFCS) for that ROI. Instant dynamic functional connectivity was assessed using the dynamic conditional correlations (DCC) method, known for its sensitivity and reliability (Choe et al., 2017; Engle, 2002; Lindquist et al., 2014). DCC allowed us to estimate the instantaneous connectivity between ROI pairs at each time point during the scan. These instant dynamic connectivity values were also Fisher-z transformed, with averages and variances calculated across the entire scan for each ROI. The sum of time-point averages was defined as dynamic functional connectivity strength (DFCS), and the sum of variances was defined as dynamic functional connectivity variance (DFCV) for each ROI. For the multilevel connectivity calculations (SFCS, DFCS, and DFCV), only correlations greater than 0.2 were considered to filter out weak or noise-related connectivity, excluding negative correlations (Grady et al., 2016; Mahadevan et al., 2021). Multilevel connectivity values were standardized using z score normalization to minimize the impact of correlation thresholds and to ensure cross-participant comparability. Finally, to address potential site effects and confounding factors, all connectivity features were adjusted using a combat harmonization procedure (https://github.com/Jfortin1/ComBatHarmonization) that included disease status, sex, age, education, and mean framewise displacement as covariates.
Normative Modeling of Multilevel Functional Connectivity
To establish normative patterns of multilevel functional connectivity, we employed Gaussian process regression (GPR) to model each functional connectivity feature as a function of age and sex. The normative models were estimated using the PCNtoolkit package (https://github.com/amarquand/PCNtoolkit), with a detailed methodology available in Marquand et al. (Marquand et al., 2016). 
Determination of the Optimal Number of ASD Subtypes by NbClust Package
[bookmark: OLE_LINK4][bookmark: OLE_LINK7]30 clustering indices for K-means algorithm were provided in the NbClust package (https://www.rdocumentation.org/packages/NbClust/versions/3.0.1/topics/NbClust) for determining the number of clusters, including the Krzanowski and Lai index, the Calinski and Harabasz index, the Hartigan index, the Cubic Clustering Criterion index, the Marriot index, the Trcovw index, the Tracew index, the Friedman index, the Rubin index, the Cindex, the Davies and Bouldin index, the Silhouette index, the Duda index, the Pseudot2 index, the Beale index, the Ratkowsky index, the Ball index, the PtBiserial index, the Gap index, the Frey index, the McClain index, the Gamma index, the Scott index, the Gplus index, the Tau index, the Dunn index, the Hubert statistic, the SDindex, the Dindex, and the SDbw index (Charrad et al., 2014). A winner-take-all approach across these 30 clustering indexes was used to determine the number of clusters (ASD subtypes). In the end, there were eight clustering indices that consistently considered the optimal number of clusters to be 2, including the Krzanowski and Lai index, the Calinski and Harabasz index, the Silhouette index, the Duda index, the Pseudot2 index, the Beale index, the Gap index and the McClain index. 
Identifying ASD Subtypes with Independent Cohort by K Nearest Neighbors (KNN) algorithm Validating Subtype-specific Eye-tracking Performances
The refined steps for implementing the K-Nearest Neighbors (KNN) algorithm in this context are as follows: (1)	 Initially, multilevel FC features, including SFCS, DFCS and DFCV, were computed for each individual with ASD in UESTC cohort using their rsfMRI images. (2) Subsequently, functional deviations were estimated for each ASD individual in the UESTC cohort. This estimation was based on normative models that were established using data from TD individuals in the ABIDE cohort. The functional deviations capture how the FC features of each ASD individual deviate from the normative patterns observed in the TD population. (3) Finally, the KNN algorithm was employed to classify the ASD individuals in the UESTC cohort into subtypes defined by the ABIDE cohort. This classification was achieved by treating the functional deviations as features and finding the K nearest neighbors among the subtyped ASD individuals in the ABIDE cohort. The subtype of the majority of these neighbors was then assigned to the ASD individual in the UESTC cohort.
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Table S1. The number of autism spectrum disorder and typical development in each site.

	Project
	Site
	ASD
	TD

	ABIDE-I
	PITT
	23 (19/4)
	22 (19/3)

	
	SDSU
	12 (12/0)
	22 (16/6)

	
	USM
	46 (46/0)
	40 (40/0)

	
	YALE
	22 (15/7)
	25 (18/7)

	
	CMU
	11 (9/2)
	13 (10/3)

	
	LEUVEN1
	13 (13/0)
	15 (15/0)

	
	LEUVEN2
	12 (10/2)
	20 (15/5)

	
	KKI
	11 (8/3)
	28 (20/8)

	
	NYU
	77 (67/10)
	102 (76/26)

	
	UCLA1
	28 (26/2)
	27 (23/4)

	
	UCLA2
	8 (8/0)
	12 (10/2)

	
	CALTECH
	16 (13/3)
	15 (12/3)

	
	SBL
	13 (13/0)
	13 (13/0)

	ABIDE-II
	ONRC
	22 (20/2)
	35 (20/15)

	
	GU
	33 (28/5)
	48 (25/23)

	
	ETH
	6 (6/0)
	23 (23/0)

	
	KKI
	28 (21/7)
	49 (30/19)

	
	IU
	19 (15/4)
	19 (14/5)

	
	IP
	17 (12/5)
	0 (0/0)

	
	KUL
	27 (27/0)
	0 (0/0)

	
	UCLA
	11 (11/0)
	12 (8/4)

	
	UCD
	16 (13/3)
	14 (10/4)

	
	UMIA
	8 (6/2)
	13 (9/4)

	ALL
	
	479 (418/61)
	567 (426/141)


Note: Data are presented as the number (male/female) of participants. ASD: autism spectrum disorder; TD: typical development; PITT: University of Pittsburgh School of Medicine; SDSU: San Diego State University; USM: University of Utah School of Medicine; YALE: Yale Child Study Center, Yale School of Medicine; CMU: Carnegie Mellon University; LEUVEN: University of Leuven; KKI: Kennedy Krieger Institute; NYU: New York University Langone Medical Center; UCLA: University of California, Los Angeles; CALTHECH: California Institute of Technology; SBL: Social Brain Lab BCN NIC UMC Groningen and Netherlands Institute for Neurosciences; ONRC: Olin Neuropsychiatry Research Center, Institute of Living at Hartford Hospital; GU: Georgetown University; ETH: ETH Zürich; IU: Indiana University; IP: Institut Pasteur and Robert Debré Hospital; KUL: Katholieke Universiteit Leuven; UCD: University of California Davis; UMIA: University of Miami Investigators and Affiliations.

Table S2. The number of each autism spectrum disorder subtype in each site.

	Project
	Site
	Subtype 1
	Subtype 2

	ABIDE-I
	PITT
	7 (5/2)
	16 (14/2)

	
	SDSU
	8 (8/0)
	4 (4/0)

	
	USM
	22 (22/0)
	24 (24/0)

	
	YALE
	16 (11/5)
	6 (4/2)

	
	CMU
	5 (4/1)
	6 (5/1)

	
	LEUVEN1
	5 (5/0)
	8 (8/0)

	
	LEUVEN2
	5 (4/1)
	7 (6/1)

	
	KKI
	6 (3/3)
	5 (5/0)

	
	NYU
	60 (51/9)
	17 (16/1)

	
	UCLA1
	18 (16/2)
	10 (10/0)

	
	UCLA2
	5 (5/0)
	3 (3/0)

	
	CALTECH
	8 (7/1)
	8 (6/2)

	
	SBL
	7 (7/0)
	6 (6/0)

	ABIDE-II
	ONRC
	9 (9/0)
	13 (11/2)

	
	GU
	17 (16/1)
	16 (12/4)

	
	ETH
	1 (1/0)
	5 (5/0)

	
	KKI
	20 (15/5)
	8 (6/2)

	
	IU
	9 (8/1)
	10 (7/3)

	
	IP
	12 (10/2)
	5 (2/3)

	
	KUL
	13 (13/0)
	14 (14/0)

	
	UCLA
	6 (6/0)
	5 (5/0)

	
	UCD
	11 (8/3)
	5 (5/0)

	
	UMIA
	4 (3/1)
	4 (3/1)

	ALL
	
	274 (237/37)
	205 (181/24)


Note: Data are presented as the number (male/female) of participants. PITT: University of Pittsburgh School of Medicine; SDSU: San Diego State University; USM: University of Utah School of Medicine; YALE: Yale Child Study Center, Yale School of Medicine; CMU: Carnegie Mellon University; LEUVEN: University of Leuven; KKI: Kennedy Krieger Institute; NYU: New York University Langone Medical Center; UCLA: University of California, Los Angeles; CALTHECH: California Institute of Technology; SBL: Social Brain Lab BCN NIC UMC Groningen and Netherlands Institute for Neurosciences; ONRC: Olin Neuropsychiatry Research Center, Institute of Living at Hartford Hospital; GU: Georgetown University; ETH: ETH Zürich; IU: Indiana University; IP: Institut Pasteur and Robert Debré Hospital; KUL: Katholieke Universiteit Leuven; UCD: University of California Davis; UMIA: University of Miami Investigators and Affiliations.


Table S3. Demographic and clinical characteristics of the autism spectrum disorder subtypes in ABIDE cohort.

	Demographics
	Subtype 1 (n = 274)
	Subtype 2 (n = 205)
	pFDR

	Age, years, mean (SD) [range]
	16.57 (7.21) [7-50]
	18.90 (8.91) [7-55]
	0.059a

	Sex ration, M/F
	237/37
	181/24
	0.560b

	FIQ, mean (SD) [range]
	106.01 (16.44) [41-149]
	106.63 (16.78) [69-146]
	0.694a

	ADOS total, mean (SD) [range]
	11.21 (4.11) [2-22]
	11.64 (3.86) [2-21]
	0.298a

	ADIR total, mean (SD) [range]
	19.64 (5.72) [0-30]
	20.60 (5.12) [7-30]
	0.184a

	SRS total, mean (SD) [range]
	85.68 (30.96) [6-164]
	91.84 (29.88) [11-171]
	0.094 a


SD: standard deviation; M: male, F: female; FIQ: Full intelligence quotient; ADOS: Autism Diagnostic Observation Scale; ADIR: Autism Diagnostic Interview-Revised; SRS: Social Responsiveness Scale.
a, two-sample t test; b, Chi-square test; all p values were corrected with FDR correction.


Table S4. The differences in functional connectivity deviations between autism spectrum disorder subtypes.

	Deviation
	Features
	Subtype 1(n = 274)
	Subtype 2(n = 205)
	pFDR

	Positive
	ALL FC
	190.590 ± 17.797
	189.770 ± 202.534
	0.657

	
	SFCS
	65.049 ± 5.748
	67.183 ± 5.487
	< 0.001

	
	DFCS
	62.571 ± 6.786
	64.910 ± 6.929
	< 0.001

	
	DFCV
	62.970 ± 10.258
	57.677 ± 17.545
	< 0.001

	Negative
	ALL FC
	-189.845 ± 18.524
	-189.647 ± 20.996
	0.913

	
	SFCS
	-65.330 ± 7.067
	-67.056 ± 6.797
	< 0.001

	
	DFCS
	-62.600 ± 6.547
	-64.717 ± 6.151
	0.001

	
	DFCV
	-61.916 ± 9.607
	-57.874 ± 15.444
	0.001


Note: Data are presented as the mean ± standard deviation. FC: functional connectivity; SFCS: static functional connectivity strength; DFCS: dynamic functional connectivity strength; DFCV: dynamic functional connectivity variance. 


Table S5. The differences in functional connectivity deviations between autism spectrum disorder subtype 1 and typical development.

	Features
	Network
	Subtype 1 (n = 274)
	TD (n = 567)
	pFDR

	SFCS
	FPN
	-0.107 ± 0.297
	0.000 ± 0.318
	< 0.001

	
	DMN
	-0.022± 0.258
	0.000 ± 0.229
	0.207

	
	ON
	0.163 ± 0.328
	0.000 ± 0.374
	< 0.001

	
	SMN
	-0.051 ± 0.283
	-0.003 ± 0.283
	0.024

	
	CON
	-0.067 ± 0.222
	0.001 ± 0.235
	< 0.001

	
	Cere
	0.165 ± 0.475
	0.002 ± 0.542
	< 0.001

	DFCS
	FPN
	-0.073 ± 0.265
	0.001 ± 0.305
	< 0.001

	
	DMN
	-0.020 ± 0.247
	0.000 ± 0.225
	0.257

	
	ON
	0.172 ± 0.336
	0.002 ± 0.358
	< 0.001

	
	SMN
	-0.067 ± 0.266
	0.000 ± 0.281
	0.001

	
	CON
	-0.087 ± 0.210
	0.003 ± 0.234
	< 0.001

	
	Cere
	0.189 ± 0.452
	0.000 ± 0.478
	< 0.001

	DFCV
	FPN
	-0.019 ± 0.299
	0.002 ± 0.271
	0.378

	
	DMN
	-0.008 ± 0.249
	0.000 ± 0.208
	0.594

	
	ON
	0.143 ± 0.342
	0.000 ± 0.333
	< 0.001

	
	SMN
	-0.036 ± 0.282
	0.000 ± 0.243
	0.076

	
	CON
	-0.091 ± 0.203
	0.003 ± 0.209
	< 0.001

	
	Cere
	0.149 ± 0.420
	-0.002 ± 0.405
	< 0.001


Note: Data are presented as the mean ± standard deviation. TD: typical development; SFCS: static functional connectivity strength; DFCS: dynamic functional connectivity strength; DFCV: dynamic functional connectivity variance; FPN: frontoparietal network; DMN: default mode network; CON: cingulo-opercular network, SMN: sensorimotor network; ON: occipital network; Cere: cerebellar network. 


Table S6. The differences on functional connectivity deviations between autism spectrum disorder subtype 2 and typical development.

	Features
	Network
	Subtype 2 (n = 205)
	TD (n = 567)
	pFDR

	SFCS
	FPN
	0.119 ± 0.294
	0.000 ± 0.318
	< 0.001

	
	DMN
	0.069 ± 0.259
	0.000 ± 0.229
	< 0.001

	
	ON
	-0.114 ± 0.351
	0.000 ± 0.374
	< 0.001

	
	SMN
	0.016 ± 0.296
	-0.003 ± 0.283
	0.426

	
	CON
	0.039 ± 0.225
	0.001 ± 0.235
	0.058

	
	Cere
	-0.221 ± 0.539
	0.002 ± 0.542
	< 0.001

	DFCS
	FPN
	0.168 ± 0.285
	0.001 ± 0.305
	< 0.001

	
	DMN
	0.091 ± 0.276
	0.000 ± 0.225
	< 0.001

	
	ON
	-0.136 ± 0.333
	0.002 ± 0.358
	< 0.001

	
	SMN
	-0.045 ± 0.291
	0.000 ± 0.281
	0.060

	
	CON
	0.025 ± 0.206
	0.003 ± 0.234
	0.232

	
	Cere
	-0.152 ± 0.519
	0.000 ± 0.478
	< 0.001

	DFCV
	FPN
	0.124 ± 0.285
	0.002 ± 0.271
	< 0.001

	
	DMN
	0.077 ± 0.227
	0.000 ± 0.208
	< 0.001

	
	ON
	-0.113 ± 0.302
	0.000 ± 0.333
	< 0.001

	
	SMN
	-0.013 ± 0.258
	0.000 ± 0.243
	0.582

	
	CON
	0.004 ± 0.190
	0.003 ± 0.209
	0.963

	
	Cere
	-0.146 ± 0.472
	-0.002 ± 0.405
	< 0.001


Note: Data are presented as the mean ± standard deviation. TD: typical development; SFCS: static functional connectivity strength; DFCS: dynamic functional connectivity strength; DFCV: dynamic functional connectivity variance; FPN: frontoparietal network; DMN: default mode network; CON: cingulo-opercular network, SMN: sensorimotor network; ON: occipital network; Cere: cerebellar network.  




Table S7. Demographic and clinical characteristics of the autism spectrum disorder subtypes in UESTC cohort.

	Demographics
	Subtype 1 (n = 11)
	Subtype 2 (n = 10)
	pFDR

	Age, years, mean (SD) [range]
	6.69 (1.21) [5-9]
	6.98 (1.25) [5-10]
	0.601a

	Sex ration, M/F
	8/3
	9/1
	0.314b

	FIQ, mean (SD) [range]
	55.09 (12.64) [40-76]
	63.50 (23.02) [40-100]
	0.306a

	ADOS-2 total, mean (SD) [range]
	16.00 (4.17) [11-23]
	15.10 (4.31) [11-23]
	0.632a

	ADOS-2 social, mean (SD) [range]
	13.36 (3.64) [8-19]
	12.30 (4.08) [7-20]
	0.536a

	ADOS RRB, mean (SD) [range]
	2.64 (1.29) [0-4]
	2.80 (1.23) [1-5]
	0.769a


SD: standard deviation; M: male, F: female; FIQ: Full intelligence quotient; ADOS-2: Autism Diagnostic Observation Scale-second edition; ADOS-2 social: ADOS-2 Social Affect; ADOS-2 RRB: ADOS-2 Restricted and Repetitive Behaviors.
a, two-sample t test; b, Chi-square test; all p values were corrected with FDR correction.


Table S7. The number of autism spectrum disorder and typical development in each site.

	Project
	Site
	ASD
	TD

	ABIDE-I
	PITT
	23 (19/4)
	22 (19/3)

	
	SDSU
	12 (12/0)
	22 (16/6)

	
	USM
	46 (46/0)
	40 (40/0)

	
	YALE
	22 (15/7)
	25 (18/7)

	
	CMU
	11 (9/2)
	13 (10/3)

	
	LEUVEN1
	13 (13/0)
	15 (15/0)

	
	LEUVEN2
	12 (10/2)
	20 (15/5)

	
	KKI
	11 (8/3)
	28 (20/8)

	
	NYU
	77 (67/10)
	102 (76/26)

	
	UCLA1
	28 (26/2)
	27 (23/4)

	
	UCLA2
	8 (8/0)
	12 (10/2)

	
	CALTECH
	16 (13/3)
	15 (12/3)

	
	SBL
	13 (13/0)
	13 (13/0)

	ABIDE-II
	ONRC
	22 (20/2)
	35 (20/15)

	
	GU
	33 (28/5)
	48 (25/23)

	
	ETH
	6 (6/0)
	23 (23/0)

	
	KKI
	28 (21/7)
	49 (30/19)

	
	IU
	19 (15/4)
	19 (14/5)

	
	IP
	17 (12/5)
	0 (0/0)

	
	KUL
	27 (27/0)
	0 (0/0)

	
	UCLA
	11 (11/0)
	12 (8/4)

	
	UCD
	16 (13/3)
	14 (10/4)

	
	UMIA
	8 (6/2)
	13 (9/4)

	ALL
	
	479 (418/61)
	567 (426/141)


Note: Data are presented as the number (male/female) of participants. ASD: autism spectrum disorder; TD: typical development; PITT: University of Pittsburgh School of Medicine; SDSU: San Diego State University; USM: University of Utah School of Medicine; YALE: Yale Child Study Center, Yale School of Medicine; CMU: Carnegie Mellon University; LEUVEN: University of Leuven; KKI: Kennedy Krieger Institute; NYU: New York University Langone Medical Center; UCLA: University of California, Los Angeles; CALTHECH: California Institute of Technology; SBL: Social Brain Lab BCN NIC UMC Groningen and Netherlands Institute for Neurosciences; ONRC: Olin Neuropsychiatry Research Center, Institute of Living at Hartford Hospital; GU: Georgetown University; ETH: ETH Zürich; IU: Indiana University; IP: Institut Pasteur and Robert Debré Hospital; KUL: Katholieke Universiteit Leuven; UCD: University of California Davis; UMIA: University of Miami Investigators and Affiliations.
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Fig. S1. The age distributions of the participants in the ABIDE dataset. (A) Males & Females; (B): Males; (C): Females.



[image: ]Fig. S2. The presentation for face emotion processing task. In this task, participants were required to observe 16 static facial expressions (four emotions: happy, angry, fearful and neutral × four individuals: adult male, adult female, boy and girl) for 2 seconds, and each facial expression started with a 0.5-second blank screen. The areas of interest (AOI) were created in the colorful frames.
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Fig. S3. The presentation for joint attention task. In this task, participants watched videos depicting individuals using eye-gaze or a combination of eye-gaze and finger pointing to direct their attention towards target objects (left or right). This task encompassed a total of eight video clips (5 seconds), and each video clip started with a 0.5-second blank screen. The target objects were balanced for left and right positions. The areas of interest (AOI) were created in the colorful frames.
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[bookmark: _Hlk189660897]Fig. S4. The distribution for fit evaluations of functional connectivity based on normative models. (A) Standardized means squared error. (B) Mean squared log-loss.
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[bookmark: OLE_LINK32]Fig. S5. The age correlation pattern between age and functional connectivity for typically developing males in ABIDE cohort. (A) Single FC feature- scale, the node size represents the Pearson’s correlation coefficient between age and functional connectivity in this node. (B) Network-scale, the radius of the radar map represents the mean Pearson’s correlation coefficient between age and functional connectivity across all positive/negative correlation nodes in this network. FC: functional connectivity, SFCS: static functional connectivity strength, DFCS: dynamic functional connectivity strength, DFCV: dynamic functional connectivity variance, FPN: frontoparietal network, DMN: default mode network, CON: cingulo-opercular network, SMN: sensorimotor network, ON: occipital network, Cere: cerebellar network.
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Fig. S6. The age correlation pattern between age and functional connectivity for typically developing females in ABIDE cohort. (A) Single FC feature-level, the node size represents the Pearson’s correlation coefficient between age and functional connectivity in this node. (B) Network-level, the radius of the radar map represents the mean Pearson's correlation coefficient between age and functional connectivity across all positive/negative correlation nodes in this network. FC: functional connectivity, SFCS: static functional connectivity strength, DFCS: dynamic functional connectivity strength, DFCV: dynamic functional connectivity variance, FPN: frontoparietal network, DMN: default mode network, CON: cingulo-opercular network, SMN: sensorimotor network, ON: occipital network, Cere: cerebellar network.


[image: ] Fig. S7. There were no significant differences in the deviation indices in multilevel functional connectivity between autism spectrum disorder (ASD) and typical development (TD).
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