Neuroinformatics (2025) 23:27
https://doi.org/10.1007/512021-025-09720-x

RESEARCH q

Check for
updates

Revealing the Multivariate Associations Between Autistic Traits
and Principal Functional Connectome

Jong-eun Lee'? - Kyoungseob Byeon? - Sunghun Kim?* . Bo-yong Park®* - Hyunjin Park'-?

Accepted: 24 February 2025
© The Author(s) 2025

Abstract

Autism Spectrum Disorder (ASD) is a multifaceted neurodevelopmental condition characterized by a spectrum of behavioral
and cognitive traits. As the characteristics of ASD are highly heterogeneous across individuals, a dimensional approach that
overcomes the limitation of the categorical approach is preferred to reveal the symptomatology of ASD. Previous neuroim-
aging studies demonstrated strong links between large-scale brain networks and autism phenotypes. However, the existing
studies have primarily focused on univariate association analysis, which limits our understanding of autism connectopathy.
Using resting-state functional magnetic resonance imaging data from 309 participants (168 individuals with ASD and 141
typically developing controls) across a discovery dataset and two independent validation datasets, we identified multivari-
ate associations between high-dimensional neuroimaging features and diverse phenotypic measures (20 or 7 measures).
We generated low-dimensional representations of functional connectivity (i.e., gradients) and assessed their multivariate
associations with autism-related phenotypes of social, behavioral, and cognitive problems using sparse canonical correla-
tion analysis (SCCA). We selected three functional gradients that represented the cortical axes of the sensory-transmodal,
motor-visual, and multiple demand-rests of the brain. The SCCA revealed multivariate associations between gradients and
phenotypic measures, which were noted as linked dimensions. We identified three linked dimensions: the links between
(1) the first gradient and social impairment, (2) the second and internalizing/externalizing problems, and (3) the third and
metacognitive problems. Our findings were partially replicated in two independent validation datasets, indicating robust-
ness. Multivariate association analysis linking high-dimensional neuroimaging and phenotypic features may offer promising
avenues for establishing a dimensional approach to autism diagnosis.
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Introduction

Autism Spectrum Disorder (ASD) is a common neurode-
velopmental condition characterized by atypical behavioral
and cognitive traits (Hodges et al., 2020; Maenner, 2023).
Individuals with ASD are characterized by difficulties in

< Hyunjin Park
hyunjinp @skku.edu

Department of Electrical and Computer Engineering,
Sungkyunkwan University, Suwon, South Korea

Center for Neuroscience Imaging Research, Institute
for Basic Science, Suwon, South Korea

Center for the Developing Brain, Child Mind Institute,
New York, NY, USA

Department of Brain and Cognitive Engineering, Korea
University, Seoul, South Korea

Published online: 01 April 2025

social interaction and communication along with repetitive
behaviors or restricted interests (Masi et al., 2017). Diagno-
sis and intervention are challenging owing to the complex-
ity of the condition. Indeed, psychiatric conditions such as
Attention-Deficit/Hyperactivity Disorder (Lai et al., 2019),
Major Depressive Disorder (Wichers et al., 2023), and anx-
iety (Vasa & Mazurek, 2015) are commonly observed in
ASD diagnoses (Hours et al., 2022). Hence, a dimensional
approach may be suitable for improving diagnostic reliabil-
ity and formulating targeted interventions instead of a dis-
crete classification of ASD.

Neuroimaging studies have substantially improved the
understanding of ASD (Hernandez et al., 2015; Liloia et al.,
2022). Using resting-state functional magnetic resonance
imaging (rs-fMRI), which measures the spontaneous brain
activity of cerebral blood flow (Biswal et al., 1995), pre-
vious studies have reported that the autistic brain is likely
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characterized by both hypoconnectivity (Assaf et al., 2010;
Jones et al., 2010; Kennedy & Courchesne, 2008) and
hyperconnectivity (Cerliani et al., 2015; Chien et al., 2015).
Recently, a connectome gradient approach that generates
low-dimensional principal components of connectivity using
manifold learning has emerged (Margulies et al., 2016). This
approach offers a new perspective for investigating the brain
with continuously changing connectivity patterns within the
brain hierarchy. Compared to directly analyzing high-dimen-
sional connectivity matrices, functional gradients provide
a low-dimensional representation of the brain’s large-scale
organization, capturing hierarchical transitions from uni-
modal sensory areas to higher-order transmodal association
regions (Margulies et al., 2016). This hierarchy-based view
is particularly relevant to ASD, which involves atypical per-
ceptual processing, social-communicative challenges, and
restricted interests. By focusing on these principal axes, we
can more effectively investigate how ASD-related alterations
might originate in lower-level sensory processing and rever-
berate through higher-order cognitive regions. Hong et al.
adopted the gradient approach and showed shifts in func-
tional gradients in individuals with ASD compared to typi-
cally developing (TD) controls, particularly in the default
mode network (Hong et al., 2019), indicating atypicality in
lower-level sensory/motor and higher-order default mode
regions in ASD.

Most previous research on ASD was conducted based on
a case—control design (Dichter, 2012; Hong et al., 2019; Lau
et al., 2019; Park et al., 2021; Rasero et al., 2023) with a
limited range of symptom data, thus potentially overlooking
inter-individual variations in autistic traits within the ASD
population (Bolte et al., 2008). To delineate the complexity
of ASD symptoms, a comprehensive framework incorporat-
ing high-dimensional neuroimaging features and a variety
of phenotypic measures, such as metacognitive problems
or internalizing behaviors, is necessary. This dimensional
analysis provides a more holistic insight into psychiatry by
considering a spectrum of phenotypic variations and their
interactions with neuroimaging data (Xia et al., 2018; Yahata
et al., 2016). A seminal study by Xia et al. employed sparse
canonical correlation analysis (SCCA) across multiple brain
regions and phenotypic scores to identify the important
markers of various psychiatric conditions (Xia et al., 2018).
SCCA is a classical method for identifying multivariate
associations between two high-dimensional datasets (i.e.,
connectome and various phenotypes) in a sparse sample set-
ting and is thus well suited for investigating studies based on
dimensional approaches (Witten et al., 2009).

In this study, we aimed to uncover multivariate associa-
tions between high-dimensional functional connectome gra-
dients and a diverse array of phenotypic items to delineate
the dimensions of ASD symptoms. To this end, we applied
SCCA to identify interactions between neuroimaging
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patterns and autistic traits. The results of our framework
may serve as a blueprint for aiding ASD diagnosis and for-
mulating targeted interventions.

Methods
Participants

We studied the MRI and phenotypic data from the Autism
Brain Imaging Data Exchange initiatives (ABIDE I and II)
(Di Martino et al., 2014, 2017). To analyze the wide range
of symptoms associated with autism, we included not only
autism-specific measures (i.e., Social Responsiveness Scale;
SRS) (Constantino, 2013; Constantino & Gruber, 2005) but
also broader psychometric assessments (i.e., Behavior Rat-
ing Inventory of Executive Function and Child Behavior
Checklist Ages 6—18; BRIEF and CBCL) (Achenbach &
Rescorla, 2001; Gioia et al., 2015) applicable to the general
population. Only participants with complete data for all three
assessments were included. A full list of symptom evalua-
tions is given in the next section. We then excluded partici-
pants who failed one or more of the following MRI qual-
ity inclusion criteria: i) mean framewise displacement less
than 0.5 mm, ii) satisfactory surface reconstruction, and iii)
an acceptable seed-based connectivity pattern across three
networks (default mode network, dorsal attention network,
and salience network). These screening processes resulted
in a final sample of 309 individuals from the ABDIE I and
II datasets. The data used for discovery were sourced from
a subsample of ABIDE II, resulting in 177 individuals from
two sites: (1) Georgetown University (GU, 29/44, ASD/con-
trols) and (2) Kennedy Krieger Institute (KKI, 25/79, ASD/
controls). Two independent datasets (Validation 1 and 2)
were curated for validation analyses, both from New Your
University Langone Medical Center (NYU) containing sub-
samples of ABIDE II (53/18, ASD/controls) and ABIDE I
(61 ASD), respectively. The demographic information of the
three datasets is presented in Table 1.

Phenotypic Data

In the Discovery and Validation 1 dataset, autistic symp-
toms were evaluated through in-person interviews using
the SRS, BRIEF, and CBCL. These scores assess five cat-
egories of autistic symptoms: social impairment, behav-
ioral problems, metacognitive problems, internalizing
behaviors, and externalizing behavioral problems. In
the Validation 2 dataset, autistic symptoms were evalu-
ated using the following interviews: the Autism Diag-
nostic Interview-Revised (ADI-R) (Lord et al., 1994),
Autism Diagnostic Observation Schedule (ADOS) (Lord
et al., 2012), and Vineland Adaptive Behavior Scales
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Table 1 Demographic information of study participants

Total Discovery Validation 1 Validation2 ~ Discovery vs. Discovery vs.
Validation 1 statistics ~ Validation 2 statistics
(p-value) (p-value)
N 309 177 71 61
Diagnosis ASD 168 54 53 61 38.47 (p<0.01) 84.97 (p<0.01)
TD 141 123 18 0
Sex Male 230 112 66 54 20.60 (p<0.01) 12.54 (p<0.01)
Female 79 65 5 7
Age (Mean + SD) 10.82+3.35 1052+145 8.99+2.26 13.83 +5.68 531 (p<0.01) —4.50 (p<0.01)
Mean FD [mm] 0.17 +0.08 0.18 +£0.09 0.16 + 0.08 0.14 + 0.06 1.66 (p=0.10) 3.83 (p<0.01)
SRS total 57.67+43.81 39.50+40.88 74.13+37.97 91.23+29.37 -6.35(p<0.01) —10.65 (p<0.01)
Handedness Right 206 158 48 12.59 (p<0.01)
Left 15 11 4
Mixed 20 8 12

The p-values for diagnosis, sex, and handedness were calculated using the chi-square test, whereas the p-values for age, mean FD, and SRS total
were calculated using two-sample t-tests. Handedness data were not collected in the Validation 2 samples and therefore do not appear in the table

ASD, autism spectrum disorder; TD, typically developing control; SD, standard deviation; FD, framewise displacement; SRS, social responsive-

ness scale

(VINELAND) (Sparrow & Cicchetti, 1989). However,
these scores were not identical across Discovery, Valida-
tion 1, and Validation 2 datasets. Only the social impair-
ment and behavior problem categories were available for

Table 2 Phenotype data mapped

to five categories

the Validation 2 dataset (Table 2). Thus, we compared
phenotypic scores in the same category. This approach
was adopted to ensure that the phenotypic scores could
be fairly compared between datasets at the abstract level.

Category

Discovery & Validation 1 dataset

Validation 2 dataset

Social impairment

Behavior problem

Metacognition problem

Internalizing behavior

Externalizing behavior

SRS: Social awareness

SRS: Social cognition

SRS: Social communication

SRS: Social motivation

BRIEF: Inhibit

BRIEF: Shift

BRIEF: Emotional control
BRIEEF: Initiate

BRIEF: Working memory
BRIEF: Plan/Organize

BRIEF:

BRIEF: Monitor

CBCL
CBCL
CBCL
CBCL
CBCL
CBCL
CBCL
CBCL

: Anxious/Depressed

: Withdrawn/Depressed

: Somatic complaints
: Social problems

: Thought problems

: Attention problems

ADI-R: Reciprocal social interaction

ADOS: Social

VINELAND: Interpersonal relationships
VINELAND: Play and leisure time
VINELAND: Coping skills

ADI-R: RRBs

ADOS: Stereotyped behaviors

Organization of materials

: Rule-breaking behaviors

: Aggressive behaviors

SRS, social response scale; BRIEF, Behavior Rating Inventory of Executive Function; CBCL, Child
Behavior Checklist Ages 6—18; ADI-R, Autism Diagnostic Interview-Revised; ADOS, Autism Diagnostic
Observation Schedule; VINELAND, Vineland Adaptive Behavior Scales; RRB, Restricted and repetitive

behavior
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MRI Data Acquisition

Both T1-weighted (T1w) and rs-fMRI data were sourced from
all involved sites. Images were acquired using 3 T scanners from
Siemens (GU: TrioTim scanner; NYU: Allegra scanner) and
Philips (KKI). For the GU, the T1w data were acquired using
a 3D-MPRAGE sequence (repetition time [TR]=2530 ms;
echo time [TE]=3.5 ms; T1=1100 ms; flip angle="7°;
matrix =256 %256; 1.0x1.0x 1.0 mm> voxels) and rs-fMRI
using 2D-EPI (TR =2000 ms; TE=30 ms; flip angle=90°;
matrix =64 x 64; 154 volumes; 3.0%3.0x2.5 mm> voxels).
NYU data were acquired using 3DTurboFLASH for T1w
(TR=2530 ms; TE=3.25 ms; TI=1100 ms; flip angle=7°;
matrix =256 x256; 1.3x1.0x 1.3 mm> voxels) and 2D-EPI
for rs-fMRI (TR =2000 ms; TE=15 ms; flip angle=90°;
matrix =80 % 80; 180 volumes, 3.0%3.0x4.0 mm> voxels). KKI
data were acquired using 3D-MPRAGE for T1w (TR =3500 ms;
TE=3.7 ms; TI=1000 ms; flip angle =8°; matrix=256x200;
1.0x1.0x 1.0 mm® voxels) and 2D-EPI for rs-fMRI
(TR=2500 ms; TE=30 ms; flip angle="75°; matrix=84x81;
128/156/162 volumes, 3.0%3.0% 3.0 mm?> voxels).

MRI Preprocessing
The MRI data were preprocessed using fMRIPrep (Esteban

et al., 2019), an open-source tool designed for fMRI data
preprocessing. First, the T1w image was corrected for intensity

( Social
D Impairment

Metacognition
Problem

Behavior

Problem Behavior

% @5@] —:é,(— e—%—;

Internalizing  Externalizing
Behavior

non-uniformity using N4BiasFieldCorrection (Tustison et al.,
2010), which served as the T1w-reference for the entire
workflow. Non-brain tissues were removed from the T1w-
reference image (Avants et al., 2008), and the white matter, gray
matter, and cerebrospinal fluid were segmented (FSL v5.0.9)
(Zhang et al., 2001). Cortical surfaces were reconstructed using
recon-all (FreeSurfer v6.0.1) (Fischl, 2012), and the brain
mask was refined by integrating ANT- and FreeSurfer-derived
cortical gray matter segmentations using a custom variation
of the Mindboggle approach (Klein et al., 2017). For rs-fMRI,
we first estimated six head motion parameters of rotations
and translations. Slice timing correction was performed using
the 3dTshift from AFNI (Cox & Hyde, 1997). Subsequently,
the fMRI and T1w-reference data were co-registered using
boundary-based registration (Greve & Fischl, 2009). Volume-
to-surface mapping was performed using the Ciftify toolbox
(version 2.3.3) (Dickie et al., 2019). Specifically, rs-fMRI was
resampled to the Conte69 32 k surface mesh, and surface-based
smoothing with a full-width at half-maximum of 3 mm was
applied (Glasser et al., 2013). To reduce the computational load,
the data were resampled to a Conte69 10 k mesh.

Connectome Gradient Generation
We constructed a functional connectivity matrix by calculating
the Pearson correlations of the time series between different

brain regions defined using Schaefer 200 surface-based par-
cellations (Schaefer et al., 2018) (Fig. 1 a-b). Each matrix was

f

Linear comblnatlon of gradient
(trained weight from ABIDEII)

e Linear combination of _ |

9

[

8 Phenotypic data in
< validation datasets

I

Fig.1 Overview of the methodological procedure. a. After preproc-
essing, functional time series were extracted from 200 pre-specified
brain regions (Schaefer et al., 2018). b. For each subject, a 200 x 200
functional connectivity matrix was constructed. ¢. A functional gradi-
ent was derived from the individual's functional connectivity. d. Phe-
notypic data of five categories of autistic symptoms were assessed:
social impairment, behavior problems, metacognition problems,
internalizing behavior, and externalizing behavior problems. e. SCCA

@ Springer

Linear combinations of phenotypic scores

1
1
1
1
1
1
1
1
1
1
1
i
gradient 1
1
1
1
1
1
1
1
1
1
1
1
1
1

L

identified a multivariate association (noted as a linked dimension)
between neuroimaging and phenotypic scores. f. The canonical neu-
roimaging score was computed by a linear combination of the func-
tional gradient of the validation set and the canonical weights of the
discovery set. g. The canonical score was correlated with various
phenotypic scores of the validation set. Procedures (a)-(e) occur in
the discovery set, whereas procedures (f) and (g) occur in the valida-
tion set
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200 %200, where the (i,j)-th element reflected the correlation
between region i and region j. The correlation coefficients were
z-transformed to normalize the distribution of these correlation
values. Next, the functional connectivity matrix was thresh-
olded, leaving only the top 10% of the weighted connections
per row, focusing on the most robust relationships. Subse-
quently, we calculated a cosine similarity matrix to capture the
similarity in connectivity profiles across regions and applied
diffusion map embedding implemented in the BrainSpace tool-
box (Vos de Wael et al., 2020) to generate low-dimensional
representations, referred to as “functional gradients” (Fig. 1c).
Individual gradients were aligned to the template using Pro-
crusted rotation to ensure comparability (Langs et al., 2015;
Vos de Wael et al., 2020). The gradient template was derived
from an average connectivity matrix of healthy subjects, pro-
vided by the ENIGMA toolbox (Lariviere et al., 2021). To
correct the site effects, individual gradients were harmonized
using the combat method (Fortin et al., 2018). Following site
harmonization, the confounding factors of age and sex were
regressed out from the gradients.

Multivariate association analysis linking
neuroimaging and phenotypic features

We opted to use the SCCA technique to identify links between
functional gradients and autism-related phenotypic scores.
Canonical correlation analysis (CCA) is a standard method
used to identify multivariate associations between two types of
high-dimensional data (Hotelling, 1992). SCCA is a variant of
CCA designed to identify a sparse array of loading vectors in
two sets of features through a regularization technique (Witten
etal., 2009). In low-sample scenarios, the SCCA may be more
suitable than the traditional CCA because it mitigates the over-
fitting issue (Zhuang et al., 2020). In SCCA, given two feature
matrices, anp(e. g., functional gradients) and Y., q(e. g., pheno-
typic scores), where ‘n’ represents the number of observations
(e.g., participants), ‘p’ and ‘q’ denote the number of features.
SCCA aims to find loading vectors ‘u and ‘v’ that optimize the
correlation between Xu and Yv. From a mathematical perspec-
tive, this optimization problem can be expressed as

maximize(Xu)T Yv, subject to ||u||§ <1, ||v||§ < Lilully <cp, vl £¢,

The penalty parameters of L' norm, namely ¢, and c,, are
user-defined parameters that require fine-tuning. This tuning
was executed via stratified five-fold cross-validation, while
maintaining the ratio between ASD and TD, wherein the
SCCA model constructed from the training fold was tested
on the left-out test fold using various (¢ c,) values in 0.3
increments of 0.3 and 0.9. To determine the tuning param-
eters, the average canonical correlation across five test folds
was used. The entire process was repeated 50 times, and

the final tuning parameters were the average of 50 trials.
Although SCCA can, in principle, produce multiple modes,
we focused on the first (dominant) mode in our analyses, as
it reflects the strongest linear association between the two
feature sets. Consequently, the one-dimensional loading vec-
tors thus identified ‘v’ (for neuroimaging; 200 X 1) and ‘v’
(for phenotypes; 20 x 1), which indicate the link bridging
the high-dimensional neuroimaging and phenotypic scores
(Fig. 1e). The two vectors show the multivariate associations
between two data types and thus are noted as the “linked
dimension”. We utilized the bootstrap resampling procedure
(80%; n=1000) to estimate the distribution of canonical
correlations. From these distributions, we calculated 95%
confidence intervals (CIs) using a percentile-based approach
and deemed the correlations significant if their intervals did
not include zero. Then, the loading vectors derived from
resampled data were averaged and used for further analysis.

Validation of the Linked Dimension

An independent validation was performed using two sepa-
rate validation datasets (Validation 1 and Validation 2).
Validation 1 employs the same phenotypic battery as the
discovery dataset, whereas Validation 2 has a mismatch in
phenotypic scores. To apply a consistent validation method
across both datasets, we correlated a canonical neuroimag-
ing score (i.e., the linear combination of the loading vector
and functional gradients) with the phenotypic scores avail-
able in each validation dataset (Fig. 1f-g). The canonical
neuroimaging score was computed as the linear combina-
tion of the functional gradient of the validation set with the
neuroimaging loading vector ‘u’ derived from the discovery
set (i.e., Xu). We then correlated this score with individual
phenotypic scores to examine whether the canonical score
from neuroimaging was associated with similar phenotypic
scores in the validation set.

Visualization of Gradients

To elucidate the differences in functional gradients among
autistic individuals, we employed two visualization tech-
niques. First, we compared histograms of the functional
gradients between the top 10% and bottom 10% of canoni-
cal phenotypic scores (i.e., Yv) for G1, G2, and G3 from
our discovery dataset. We performed Kolmogorov—Smirnov
(KS) tests (Massey, 1951) on these histograms to quantify
differences in distribution between individuals with higher
and lower symptom severity. Additionally, for a more com-
prehensive understanding, we mapped all gradient values to
a 3D scatter plot. This plot's spatial positions corresponded
to gradient values, with each data point color-coded using
a scheme based on its canonical phenotypic scores (Red:
G1, Green: G2, Blue: G3). Each dimension’s canonical
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phenotypic score is mapped onto its respective color chan-
nel and the overall intensity of each data point becomes
darker with higher symptom severity. Consequently, partici-
pants with milder overall symptoms appear lighter in color,
whereas those with more severe symptoms appear darker,
facilitating the interpretation of how each gradient position
relates to multidimensional phenotype scores.

Discriminability of Linked Dimensions

To assess the ability of each linked dimension to distinguish
individuals with ASD from those with TD, we compared
the canonical neuroimaging scores (see the previous sec-
tion on multivariate association) between the two groups.
The significance of these comparisons was reported using
p-values obtained from two-sample t-tests, and multiple
comparisons across gradients were corrected using false
discovery rate (FDR). For this analysis, we used a sample
of 168 individuals with ASD and 141 TD from the discovery
and validation datasets. We also examined how comorbidity
might influence these canonical neuroimaging scores. For
participants in the discovery dataset who had documented
comorbid diagnoses, we compared the canonical neuroimag-
ing scores of individuals with ASD alone to those with ASD
plus a comorbid ADHD diagnosis using two-sample t-tests.
This approach enabled us to determine whether comorbidity
was associated with distinct alterations in any of the linked
dimensions.

Results

Functional Connectome Gradients

Three functional gradients were generated, accounting for
approximately 51% of the information in the functional

connectivity matrix (Fig. 2a) in the Discovery dataset. The
number of components was selected using the elbow method

b

Q

30

204

Information [%]

40
G1 <@
‘\.//;

and interpretability of the spatial patterns. The three func-
tional gradients (G1, G2, and G3) were largely consistent
with previous findings based on the Human Connectome
Project (HCP) dataset (Margulies et al., 2016). G1 extended
from the primary sensory/motor to the association cortices,
G2 unfolded from the somatomotor to the visual regions,
while G3 stretched from the task-negative systems to mul-
tiple demand networks (Margulies et al., 2016) (Fig. 2b).

Linked Dimension of Autistic Traits and Functional
Gradients

We identified multivariate associations of autistic traits,
denoted as linked dimensions, with three functional gra-
dients. Each gradient was fitted separately, resulting in a
unique association. The phenotypic part of the linked dimen-
sion is a vector that allows for flexible assignment to dif-
ferent categories of phenotypic features. However, all three
dimensions were characterized by distinct phenotypic fea-
tures. The dominant phenotypic feature category was used
to assign labels to the linked dimensions. For each gradient,
only the first mode of SCCA was analyzed as the linked
dimension, as it explained most variance (G1: 10.8%, G2:
15.2%, G3:20.4%).

Social Impairment Dimension Linked to G1

Utilizing parameter tuning of ¢, = 0.3 and ¢, = 0.3, we
identified a latent dimension linking phenotypes to G1
with a canonical correlation of 0.31 (Fig. 3a). A per-
centile-based bootstrap procedure yielded a 95% confi-
dence interval of [0.23-0.37] indicating that the correla-
tion was significantly different from zero. The canonical
neuroimaging score of G1 was primarily associated with
social impairment. Notably, social awareness (e.g., “Is
aware of what others are thinking”), social cognition
(e.g., “Doesn’t recognize when others are trying to take
advantage of him or her”), and social motivation (e.g.,

XY
S gh |

Fig.2 Functional connectome gradients. a. Scree plot showing the information accounted for by the gradients. b. Spatial patterns of the gener-

ated gradients G1, G2, and G3
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Fig.3 Social impairment dimension linked to G1. a. Scatter plot of
the correlation between phenotypic and canonical neuroimaging
scores. b. Loading vector of phenotypic scores. ¢. Loading vector of
G1. d. Univariate correlation coefficient with canonical neuroimag-

“Would rather be alone than with others”) showed domi-
nant weights within this category (Fig. 3b). Stratifying
the loading vector of G1 according to a predefined net-
work organization (Thomas Yeo et al., 2011), a noticeable
decrease was observed in the default mode and control
networks (Fig. 3c). We used two validation datasets for
G1. In Validation 1, SRS_AWARENESS was signifi-
cantly correlated with the G1 canonical neuroimaging
score (r=0.24, p=0.047), reflecting the strong weighting
of this score in the G1 loading vector and SRS_COM-
MUNICATION showed a trend-level correlation (r=0.20,
p=0.09) (Fig. 3d). In Validation 2, the social category
in ADOS (r=0.165, p=0.204 and the socialization sub-
score of VINELAND (r=0.174, p=0.180) showed moder-
ate correlations (Fig. 3e). Although these correlations did

Default
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DorsAttn

1 *:p<005
s R +ip<01

-0.050.00 0.05 0.10 0.15 0.20

ing scores and phenotypic scores in Validation 1 dataset. e. Univariate
correlation coefficient with canonical neuroimaging scores and phe-
notypic scores in Validation 2 dataset

not reach significance, their direction and relative mag-
nitudes were generally consistent with the discovery set,
with the strongest effects in the social domain. For the
behavior problem measures, the correlations were negative
or smaller (e.g., ADI_RRB: r=-0.10, p=0.44; ADOS_
STEREO_BEHAV: r=0.05, p=0.69). These findings sup-
port the notion that the G1-linked dimension reflects social
impairments across multiple datasets.

Internalizing/Externalizing Problem Dimension
Linked to G2

Utilizing the parameter tuning of ¢, = 0.3 and ¢, = 0.9,
we discovered a latent dimension linking phenotypes
to G2 with a canonical correlation of 0.28 (Fig. 4a). A
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Fig.4 Internalizing/Externalizing problem dimension linked to G2.
a. Scatter plot of the correlation between phenotypic and canoni-
cal neuroimaging scores. b. Loading vector of phenotypic scores.

0

P

010 -0.05 0.00 0.05 0.10

c. Loading vector of G2. d. Univariate correlation coefficient with
canonical neuroimaging scores and phenotypic scores in Validation 1
dataset
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percentile-based bootstrap procedure yielded a 95%
confidence interval of [0.24—0.32], indicating that the
correlation was significantly different from zero. The
canonical neuroimaging score of G2 was highly correlated
with anxiety and social problem scores for internalizing
and externalizing behaviors (Fig. 4b). In the validation
analysis using Validation 2, the largest correlations
remained concentrated in the domain of internalizing
(e.g., CBCL_6-18_SOMATIC_COMPLAINT, r=0.14,
p=0.26) and externalizing behaviors (e.g., CBCL_6-18_
AGGRESSIVE, r=0.14, p=0.25) (Fig. 4d). However,
CBCL_6-18_WITHDRAWN showed a moderate negative
correlation (r= —0.12, p=0.33), which limits the
generalizability of the findings. Notably, we observed
a marked decrease in the visual network (visual central
and visual peripheral networks), whereas an increase was
apparent in all seven networks, except for the visual and
dorsal attention networks (Fig. 4c).

Metacognition Problem Dimension Linked to G3

Utilizing the parameter values ¢; = 0.6 and ¢, = 0.3, we
identified a latent linked dimension with a canonical cor-
relation of 0.40 (95% CI [0.26-0.45]) relating phenotypes
to G3 (Fig. 5.a). In the validation analysis using Valida-
tion 2, SRS_COMMUNICATION (r=0.30, p=0.025),
SRS_MOTIVATION (r=0.34, p=0.011), SRS_COGNI-
TION (r=0.25, p=0.07), and BRIEF_WORKING (r=0.24,
p=0.07) showed dominant correlations with the G3 canoni-
cal neuroimaging score, aligning with the social and meta-
cognitive emphasis in the loading patterns (Fig. 5d). These
scores were primarily related to the default mode regions
(Fig. 5¢).

Global Shrinkage Patterns of Gradients in Autistic
Individuals

In all three gradients, a global shrinkage pattern was
observed in the top 10% of the canonical phenotypical
scores, especially with an increased middle portion of
the histogram (Fig. 6a). Additionally, the KS test com-
paring the top 10% and bottom 10% of participants in
each gradient confirmed significant differences for G1
(KS statistic=0.064, p<0.01), G2 (KS statistic=0.090,
p<0.01), and G3 (KS statistic =0.050, p<0.01), indicat-
ing that individuals with higher phenotypic scores (i.e.,
worse symptoms) show notably different gradient distri-
butions. This trend implies that those with pronounced
social impairment (falling within the top 10% of canonical
phenotypical scores for G1) tend to have gradient values
near zero more frequently than their counterparts with
milder impairments. Furthermore, the 3D scatter plot
exhibited that participants with more pronounced autistic
traits (vivid or dark dots) tended to cluster inward, show-
ing shrinkage patterns consistent with previous studies
(Hong et al., 2019) (Fig. 6b).

Discriminability of Linked Dimensions

The clinical implications of the three identified linked
dimensions related to autistic phenotypes were demonstrated
by assessing the ability of canonical neuroimaging scores to
distinguish between the ASD and TD groups (Fig. 7). We
found that the canonical scores of G1 (t=2.795, pppr < 0.01)
and G3 (t=3.421, pppr < 0.01) were significantly different
between the groups, whereas those of G2 showed moderate
differences (t=1.550, pppr = 0.06). In addition, we explored
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Fig.5 Metacognition problem dimension linked to G3. a. Scatter plot
of the correlation between phenotypic and canonical neuroimaging
scores. b. Loading vector of phenotypic scores. ¢. Loading vector of
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Fig.7 Between-group differences in the canonical neuroimaging scores. Features that showed significant differences are marked with asterisks.

Abbreviation: FDR, false discovery rate

how comorbidity may affect these canonical neuroimaging
scores in individuals with ASD. Among the 54 ASD
participants in the discovery dataset, 23 had documented
comorbidities. Of these, 17 were comorbid with ADHD, 2 had
anxiety disorder, 2 had oppositional defiant disorder, 1 had
simple phobia, and 2 had major depressive disorder. ADHD
was the most frequently observed comorbidity, consistent

with clinical trends (Hours et al., 2022). A comparison of
canonical neuroimaging scores revealed that those with
comorbid ADHD exhibited significantly higher G1 (the
dimension linked to social impairment) scores than those with
ASD alone (0.66 vs. 0.21; t=2.17, p=0.03). In contrast, no
significant differences emerged for G2 (0.30 vs. 0.14; t=0.66,
p=0.51) or G3 (0.60 vs. 0.24; t=1.49, p=0.14).
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Discussions

Individuals with psychiatric conditions often have comor-
bidities; therefore, a dimensional approach is preferred over
conventional categorical approaches. To reveal the dimen-
sional characteristics of functional brain organization in
individuals with ASD, we performed a multivariate associa-
tion analysis of SCCA, linking multiple functional gradients
and various autism-related phenotypic measures. We identi-
fied three linked dimensions related to social impairment,
internalization/externalizing behaviors, and metacognitive
problems. These linked dimensions demonstrate the dis-
criminative ability to diagnose ASD.

We delineated the functional brain organization using the
gradient approach (Margulies et al., 2016). This technique
enabled us to assess the spatial patterns of the cortical hierarchy
and its shifts along the cortical surface according to disease state.
Similar to previous work on normative and ASD populations
(Hong et al., 2019; Margulies et al., 2016), we identified the
representative cortical axes of sensory-transmodal, motor-
visual, and multiple demand-task negative systems. The pattern
of shrinkage along each axis was associated with distinct
autistic traits (Fig. 6). Notably, the sensory-transmodal axis
(G1) was associated with social impairment, highlighting the
default mode networks. The identified regions are key players
in evaluating one’s emotional state during social interactions
(Schulte-Riither et al., 2007), and individuals with autism show
abnormal functional connectivity in these regions during active
cognitive processes (e.g., theory of mind) (Assaf et al., 2010).
Moreover, a previous study using the gradient technique showed
significant shifts in the functional connectome organization
in the default mode network in individuals with ASD, again
emphasizing the vulnerability of the network in autism
connectopathy (Hong et al., 2019). The second gradient (G2)
highlighted the associations between altered connectivity in the
visual regions and internalizing and externalizing behavioral
problems. This might be associated with ‘sensory-first
accounts’ of autism, explaining that the irregular establishment
of sensory circuits could potentially influence the maturation
of higher-order cognitive control systems related to social
interaction and communication skills (Robertson & Baron-
Cohen, 2017). Impaired visual sensory processing has been
observed in individuals with ASD (Marco et al., 2012). The
third gradient (G3) was associated with metacognition, and the
effect was dominated by the prefrontal cortex. Metacognition is
a higher-order thinking skill crucial for enhancing the efficacy
of decision-making processes. It has been shown that the ability
of metacognition is highly associated with neural signaling
computation in the prefrontal cortex, where the sensory signals
are transmitted to the prefrontal cortex and make judgments after
incorporating perceptual and non-perceptual factors (Shekhar &
Rahneyv, 2018). Indeed, patients with frontal lobe damage show
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impaired metacognitive abilities (Fleming & Dolan, 2012),
indicating the pivotal role of higher-order cognitive control
functions of the prefrontal cortex.

Using a dimensional approach, many functional con-
nections that cannot be discovered with atypicality in a
case—control design can be found (Buch et al., 2023). Our
multivariate association design complemented previous
work by considering the covariates of phenotypic scores,
thus revealing the complex interplay between different
phenotypic factors and their combined impact on brain
hierarchy. For example, changes in ventral attention at G1,
which reflects the unimodal-transmodal axis, are a rela-
tively unexplored area of social impairment research in
ASD. Furthermore, the linked dimension of G2 confirmed
that the visual region is critical for a unified explanation
of internalizing/externalizing behaviors.

One of the primary limitations of our study is the imbal-
ance in demographic information between the discovery
and validation datasets. The differences in the diagnosis
ratio, sex, and age between the two datasets may have
introduced bias into our findings. Furthermore, residual
differences in the diagnosis ratio, mean FD, SRS total
scores, and handedness remain even after regressing out
key confounds of age and sex from the functional gradi-
ents. In addition, the absence of corresponding phenotypic
categories in the validation dataset poses a challenge. This
limitation prevented us from fully validating our findings
and may have led to an incomplete understanding of the
relationship between neuroimaging patterns and autistic
traits. Future studies should aim to include a more com-
prehensive set of phenotypic categories in the validation
dataset to ensure a more robust validation of the findings.
Finally, the sample size of our study, which was sufficient
for the analyses, may have limited the generalizability of
our findings. Larger balanced sample sizes would provide
greater statistical power and potentially reveal additional
linked dimensions that were not detected in the present
study. Despite these limitations, this study provides a val-
uable foundation for future research. The linked dimen-
sions that we identified offer promising avenues for further
investigation and could potentially serve as biomarkers
to aid in improving diagnostic accuracy and formulating
more targeted interventions for individuals with ASD.
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