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Abstract
Insofar as the autistic-like phenotype presents in the general population, it consists of partially dissociable traits, such as 
social and sensory issues. Here, we investigate individual differences in cortical organisation related to autistic-like traits. 
Connectome gradient decomposition based on resting state fMRI data reliably reveals a principal gradient spanning from 
unimodal to transmodal regions, reflecting the transition from perception to abstract cognition. In our non-clinical sample, 
this gradient's expansion, indicating less integration between visual and default mode networks, correlates with subjective 
sensory sensitivity (measured using the Glasgow Sensory Questionnaire, GSQ), but not other autistic-like traits (measured 
using the Autism Spectrum Quotient, AQ). This novel brain-based correlate of the GSQ demonstrates sensory issues can be 
disentangled from the wider autistic-like phenotype.

Keywords Autism spectrum disorders · Sensory sensitivity · fMRI · Functional connectivity

The understanding and diagnostic definition of the neurode-
velopmental condition of autism spectrum disorder (ASD) 
has evolved considerably during the last decades (e.g., Ver-
hoeff, 2013). A parsimonious account of the complex and 
heterogeneous disorder remains elusive, with different theo-
ries highlighting various aspects of the phenotype, such as 
atypical sensory processing (Happé & Frith, 2006; Mottron 
et al., 2006), social and communication deficits (Baron-
Cohen et al., 1985), or atypical inference (e.g., Brock, 2012; 

Palmer et al., 2017; Pellicano & Burr, 2012; Sinha et al., 
2014; Van de Cruys et al., 2013).

The spectrum perspective on ASD has led to the wide-
spread study of autistic-like traits in the general popula-
tion. A substantial proportion of these studies quantifies the 
degree of autistic-like traits by means of one summary index, 
commonly the total score of the Autism Spectrum Quotient 
(AQ; Baron-Cohen et al., 2001). This measure, which quan-
tifies various characteristic traits of ASD, is continuously 
distributed in the general population (Constantino & Todd, 
2003). However, further traits have been associated with 
the autistic(-like) phenotype which are not captured by the 
AQ, notably sensory atypicalities. It is important to distin-
guish between different levels of such sensory processing 
differences, and note that the scale used here, the Glasgow 
Sensory Questionnaire (GSQ; Robertson & Simmons, 2013) 
measures sensory issues primarily at the level of subjective 
sensory sensitivity (Ward, 2019) or affective reactivity (He 
et al., 2022), as opposed to, e.g., objective or perceptual 
sensitivity, and we therefore refer to this level of analysis 
throughout in using the term sensory sensitivity. Whilst the 
nomenclature used in the sensory processing literature is 
largely inconsistent, with researchers using the terms ‘sensi-
tivity’, ‘reactivity’, and ‘responsivity’ interchangeably, there 
is no evidence of a strong association between these different 
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levels (e.g., Schulz & Stevenson, 2022) or a clear model 
of their interaction, making the distinction between these 
constructs instrumental to furthering our understanding of 
variability in sensory processing. Sensory issues are more 
commonly experienced by individuals with ASD yet are also 
present to a lesser degree among the neurotypical population 
and are not necessarily associated with a diagnostic condi-
tion (Horder et al., 2014; Little et al., 2017; Robertson & 
Simmons, 2013; Van Hulle et al., 2012), whereby there is 
evidence of sensory issues having a non-linear relationship 
with the AQ (e.g., Sapey-Triomphe et al., 2018), in line with 
the documented enhanced impact of sensory issues on the 
daily lives of individuals with ASD, which can be debilitat-
ing (e.g., Robertson & Simmons, 2015). Sensory issues at 
the level of affective reactivity are also prominent in other 
neurodevelopmental and/or psychiatric groups. For example, 
sensory sensitivity is associated with a history of mental 
illness, trait anxiety and migraine (Horder et al., 2014) as 
well as ADHD (Bijlenga et al., 2017), Tourette syndrome 
(Belluscio et  al., 2011), and synaesthesia (Ward et  al. 
2017a). While the GSQ was designed to target the specific 
type of sensory issues associated with ASD, it correlates 
highly with alternative sensory processing scales, such as 
the Adolescent/Adult Sensory Profile (Brown et al., 2001), 
which was not developed with the aim of capturing issues 
most characteristic of ASD (Pearson’s r = 0.64 in Horder 
et al. (2014)). Together, this suggests that a symptom-level, 
diagnosis-agnostic approach is viable, and overall, pars-
ing the autistic(-like) phenotype into different dimensions 
allows for a more fine-grained and mechanistic perspective 
of autism. In fact, applying this approach to resting state 
functional magnetic resonance imaging (rs-fMRI) data has 
proven fruitful in previous clinical studies, e.g., focusing 
on social vs non-social processing (e.g., Di Martino et al., 
2009), restricted and repetitive behaviours (e.g., Bertelsen 
et al., 2021), and sensory issues (e.g., Green et al., 2016; 
Keehn et al., 2021).

Here we evaluate individual differences in connectivity 
derived from non-clinical rs-fMRI data related to autistic-
like trait variability with an emphasis on sensory sensitivity. 
Each participant’s functional correlation matrix describes 
the undirected functional connectivity of each cortical 
region with every other region. As such, each row of the 
matrix contains a vector representing the functional corre-
lation of a given cortical region to every other region. Gra-
dient decomposition analysis generates lower-dimensional 
representations of connectivity (‘cortical gradients’) based 
on the pattern of covariance in the matrix. It groups corti-
cal regions by identifying the major axis of variation of all 
regions’ connectivity vectors using Principal Component 
Analysis (PCA), and then projecting each region’s vector 
onto this major axis (Margulies et al., 2016). Each region’s 
gradient score is thus defined as its distance along this major 

axis of variation in connectivity. In other words, regions with 
similar connectivity profiles (similar vectors) have similar 
gradient values and are closer together along the gradient. 
The principal gradient (i.e., the gradient that explains most 
variance) typically describes a continuum from sensory cor-
tex to transmodal default mode networks, dovetailing with 
classic primate tract-tracing findings (Mesulam, 2012). 
Although the default mode network has been more com-
monly described as mediating perceptual decoupling or dis-
engagement from the external world (Raichle et al., 2001), 
mind-wandering (Christoff et al., 2009), and self-referential 
processing (Gusnard et al., 2001), recent accounts draw-
ing on a growing body of work have linked the network to 
abstract cognition more broadly (Smallwood et al., 2021). 
In this framework, it is thought that the principal gradient 
reflects a functional hierarchy which enables the flexible 
integration and segregation of sensory signal processing 
and more abstract, higher-order cognitive functions (Mur-
phy et al., 2018).

Cortical regions are assigned a priori to one of seven 
atlas-defined cortical functional networks (Schaefer et al., 
2018), i.e., independently of the gradient decomposition. 
Each network is thus composed of a subset of cortical 
regions with corresponding gradient scores. These collec-
tively define a distribution of gradient scores per network 
whose number of data points is equal to the number of 
regions in the network. Various scalar parameters can be 
used to characterise these networks' gradient distributions 
in terms of their central tendencies, or to characterise the 
sum of all networks' gradient distributions in terms of its 
variance. These parameters can then be used to compare 
networks.

A previous gradient mapping study in clinical ASD has 
shown a compressed principal gradient, such that unimodal 
and transmodal regions are less functionally distant in ASD 
than in neurotypical controls (Hong et al., 2019). Comple-
mentary stepwise functional connectivity (SFC) analyses in 
the same study revealed accelerated connectivity transitions 
from sensory to association cortices, followed by unsuccess-
ful transitions to transmodal regions, such that the trans-
modal core is dissociated from the periphery. Overall, this 
atypical macroscale organisation might explain symptoms in 
ASD ranging from difficulties with simple sensory stimuli, 
such as photosensitivity, to higher-order cognition deficits, 
as are socio-communication problems.

Taking a trait-based approach, we therefore asked, first, if 
the functional hierarchy compression found in clinical cases 
of autism extends to individuals with autistic-like traits in the 
general population, as measured using the AQ. Second, we 
ask if differences in macroscale functional connectivity are 
related to the dimension of sensory sensitivity. Specifically, 
we investigate functional integration/segregation by means 
of various metrics that capture distance (i.e., similarity in 
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functional connectivity profiles) along the connectivity gra-
dients, while focusing on the default and visual networks 
(the ones typically found to be furthest apart). Evaluating 
the dimension of sensory sensitivity independently of other 
autistic-like traits is particularly relevant to the interpreta-
tion of the atypical connectivity in ASD outlined above—
variation in functional connectivity related to non-clinical 
sensory sensitivity may shed light on the variation related to 
the more complex autistic(-like) phenotype, as these sensory 
issues are not necessarily accompanied by additional higher-
order symptoms in the general population.

Briefly, we do not find evidence of the clinical findings 
in Hong et al. (2019) extending to a neurotypical sample, as 
gradient compression was not associated with the AQ. None-
theless, we find that sensory sensitivity is associated with 
an expansion of the connectome hierarchy and particularly 
with the differentiation of functional connectivity patterns 
of the default and visual networks. Our results thus point to 
variability across various dimensions of autistic-like traits 
in a neurotypical sample. It remains to be tested if and how 
these findings will manifest in clinical autism, or, alterna-
tively, if there is a categorical difference between individuals 
with high levels of autistic-like traits and clinical autism. 
Further, this strongly suggests the need for a more nuanced 
understanding of the behavioural correlates of integration/
segregation patterns found in clinical as well as non-clinical 
populations.

Methods

Participants

401 participants (111 male, aged 18–26  years, 
mean = 21.04 years, standard deviation = 1.27) participated 
in this research as part of a project investigating associations 
among genes, brain imaging and mental health (Liu et al., 
2017). Data collection was in accordance with the Declara-
tion of Helsinki (Association 1991). All participants were 
right-handed, with no history of neurological or psychiatric 
problems. All participants provided written informed con-
sent and received payment for their time. The study was 
approved by Southwest University (Chongqing, China) 
Brain Imaging Centre Institutional Review Board.

31 participants were excluded due to missing data or 
poor structural or functional data quality (23 had poor struc-
tural contrast leading to poor surface reconstruction, 5 had 
missing or corrupt data, 3 generated incomplete correla-
tion matrices). The final sample for the analysis therefore 
comprised 370 participants (99 male, aged 18 to 26 years, 
mean = 21.05, standard deviation = 1.29).

Despite this being an opportunistic non-clinical sam-
ple of primarily female college students, the AQ and GSQ 

distributions include a broad range of scores  (MAQ = 19.6, 
 SDAQ = 5.3;  MGSQ = 50.1,  SDGSQ = 18.2; see Fig. 1). For 
comparison, the mean AQ score in a typical sample drawn 
from a non-clinical population was estimated to be approxi-
mately 17, and the pooled standard deviation to be 5.6 
(Ruzich et al., 2015), lower than the mean AQ in our sam-
ple. Mean GSQ scores likewise tend to be higher in clini-
cal autism than in non-clinical samples (e.g.,  MGSQ = 75.8, 
 SDGSQ = 24.9 in Ward et al. (2017b)), yet there is nonethe-
less some overlap.

Behavioural Measures

Participants completed the Chinese versions of the Autism 
Spectrum Quotient (AQ; Baron-Cohen et al., 2001; transla-
tion in Lau et al. (2013)) and the Glasgow Sensory Ques-
tionnaire (GSQ; Robertson & Simmons, 2013; translation 
in Ward et al. (2021)).

The questionnaire data for the full sample of 401 partici-
pants was analysed in detail in Ward et al. (2021), where 
the reliability of the AQ, Cronbach’s alpha, was reported to 
be 0.633. The AQ consists of a total of 50 items belonging 
to 5 subscales (“Social skill”, “Communication”, “Atten-
tion switching”, “Imagination”, and “Attention to detail”). 
Responses are given on a 4-point Likert scale (“Definitely 
Agree”, “Slightly Agree”, “Slightly Disagree” and “Defi-
nitely Disagree”), yet these are commonly subsequently 
binarized, such that final scores range from 0 to 50 (though 
see e.g., Austin (2005) for a continuous scoring method).

In the same full sample, the reliability of the GSQ, 
Cronbach’s alpha, was 0.907 (Ward et al., 2021). The GSQ 
consists of 42 items, with six items pertaining to each of 
seven sensory modalities (vision, hearing, olfaction, taste, 
touch, proprioception and vestibular sense) and targeting 
hyper- and hyposensitivity equally. Responses are given on 

AQ

ρ = 0.232
p < 0.001

G
SQ

Fig. 1  Distribution of the main behavioural measures of interest (total 
AQ and GSQ scores) and their correlation, in our final sample of 370 
participants
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a 5-point scale (“Never” = 0, “Rarely” = 1, “Sometimes” = 2, 
“Often” = 3, “Always” = 4), resulting in a range of final 
scores from 0 to 168.

MRI Data Acquisition

Rs-MRI data were acquired at the Brain Imaging Centre of 
Southwest University, China, using a 3.0-T Siemens Trio 
MRI scanner with a 16-channel whole-brain coil (Siemens 
Medical, Erlangen, Germany). For each subject, 242 func-
tional images were acquired with a gradient echo type echo 
planar imaging (EPI) sequence [echo time (TE) = 30 ms; 
repetition time (TR) = 2000 ms; flip angle = 90 degrees; slice 
thickness = 3.0 mm; slices = 32; resolution matrix = 64 × 64; 
voxel size = 3 × 3 × 3 mm]. Participants were instructed to 
lie down, close their eyes without falling asleep, and rest 
whilst not thinking about any particular thing and keeping 
their head still for the duration of the 8-min scan.

Preprocessing

Preprocessing was performed using a pipeline combining 
tools from the SPM12 suite (Wellcome Department of Imag-
ing Neuroscience, London, UK), FSL (Smith et al., 2004) 
and Freesurfer (Fischl, 2012).

Anatomical Preprocessing

T1-weighted anatomical volumes were corrected for gradient 
nonlinearities based on scanner calibration measurements. 
Non-brain data were removed from each T1 volume using 
the FMRIB Brain Extraction Tool (Jenkinson et al., 2005; 
Smith, 2002), then aligned to the Montreal Neurological 
Institute (MNI) 152 standard template anatomical image 
using FSL’s FMRIB's Linear Image Registration Tool with 
12 degrees of freedom (Jenkinson & Smith, 2001; Jenkinson 
et al., 2002). Each volume was inspected for image artifacts 
and tissue contrast and rejected if deemed of poor quality. 
Cortical surface representations were generated from the T1 
volume (1-mm resolution) using FreeSurfer version 6 beta 
(build-stamp 20161007) with the -hires option. Transfer map-
pings to fsaverage space were calculated and various standard 
atlases were mapped for each subject. Final surface visualiza-
tions were consolidated into movies, to be visually inspected. 
Some subjects showed poor Freesurfer surface generation, 
with poor segmentation leading to voxels from skull, CSF, or 
cerebellum being assigned to cortical surface reconstructions. 
This is due to distortions or poor contrast in the raw struc-
tural data and would result in added noise when mapping 
functional data to cortical grey matter. 23 subjects with poor 
surface reconstructions were excluded from further analysis.

Functional Preprocessing

Both temporal and spatial preprocessing was performed on 
the fMRI data. First, cubic interpolation was performed on 
each voxel’s time-series data to correct for differences in 
slice acquisition times and to obtain an integer sampling rate 
of 1.0 s (acquisition TR = 2 s). Rigid-body motion param-
eters were estimated from the undistorted EPI volumes 
using the SPM12 utility spm_realign. Finally, cubic inter-
polation was performed on each slicetime-corrected volume 
to compensate for the combined effects of EPI distortion 
and motion. The first 10 volumes of each EPI run were 
discarded. No spatial smoothing or temporal filtering was 
performed. The average of the preprocessed functional vol-
umes was coregistered to the T1 anatomical volume (affine 
transformation estimated using a 3D ellipsoid that focuses 
the cost metric on cortical tissue). This resulted in a transfor-
mation that maps the EPI data to the participant-native brain 
anatomy volume. Functional data were then re-processed in 
cortical surface space. Identical procedures associated with 
volume-based preprocessing were performed, except that the 
final spatial interpolation was performed at the locations of 
the cortical surface vertices. The use of simple interpola-
tion to map volumetric data onto surface representations 
helps maximize spatial resolution and avoids making strong 
assumptions about cortical topology. All resting state gradi-
ent analyses were performed on pre-processed data projected 
into fsaverage space for each subject.

Gradient Derivation

Each participant’s motion traces obtained during preproc-
essing were regressed out of the time-series in fsaverage 
space. The time-series were then parcellated using the 
Schaefer et al. (2018) atlas with 400 parcels assigned to 7 
global networks and averaged per ROI. Pearson correlation 
matrices were generated per subject, z-transformed, aver-
aged across subjects and the average correlation matrix 
z-to-r-transformed.

Gradients were extracted using the Brainspace Toolbox 
(Vos de Wael et al., 2020). We calculated the first ten group-
level gradients for our sample, using PCA as the dimen-
sion reduction technique, a sparsity parameter of 0.95 and 
a cosine similarity kernel. Linear dimension reduction 
methods, such as PCA and more conservatively thresh-
olded functional connectivity matrices, have been found to 
produce more reliable gradients, which would in turn pre-
dict behavioural data more accurately (Hong et al., 2020). 
Although here we focus on the first gradient, it has been 
shown that extracting ten gradients increases the degree of 
fit between the group-averaged gradients and the individual-
level gradients, quantified as the mean r-to-z-transformed 
Spearman rank correlation between individual and average 
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gradients (Mckeown et al., 2020). We subsequently calcu-
lated the first ten individual-level gradients using identical 
parameters while Procrustes-aligning them to the group-
average gradients. This alignment step brings the connectiv-
ity pattern into a common space, allowing for comparability 
within the current sample.

In order to evaluate the generalisability of the dimension-
ality reduction results, we additionally calculated the first ten 
group-level gradients for a subsample of the HCP dataset 
freely available within the Brainspace toolbox (n = 217, 122 
female, mean age = 28.5, standard deviation = 3.7; for further 
details see Vos de Wael et al., 2018). The correspondence 
between gradients was assessed through Fisher’s r-to-z-
transformed Spearman’s rank correlation. We calculated the 
correlation between each of the first three individual-level 
gradients and the group-level gradients, between the first 
three group-level gradients and the HCP-derived group-level 
gradients, and between each of the first three individual-level 
gradients and the HCP-derived group-level gradients (see 
Supplementary Tables 1–3).

Individual Differences in Connectivity Related 
to Autistic‑like Traits and Sensory Sensitivity

For visualisation purposes, the principal gradient scores for 
each participant were divided into 50 bins, and the average 
count per bin across participants plotted for the entire sample 
as well as for subsamples based on questionnaire scores. The 
same procedure was conducted after segregating the princi-
pal gradient scores according to the Schaefer atlas 7-network 
functional parcellation (Schaefer et al., 2018). Note that all 
statistical tests were conducted using the full sample of 370 
participants and the gradient scores for the 400 parcellated 
regions from the Schaefer atlas, not the histogram bins.

In Hong et al.  (2019), one of the main features differen-
tiating the connectome in ASD from that in controls was the 
degree of integration/segregation. The unsupervised deriva-
tion of connectivity gradients was validated in their study 
with graph theory-derived methods. The distance between 
the two ends of a given connectivity gradient conceptually 
represents network integration/segregation. Using step-
wise functional connectivity analysis, they quantified this 
distance using the number of steps between the two poles 
of the principal gradient (including both direct and indirect 
connections). Other ways of measuring gradient compres-
sion and network segregation/integration focusing on dif-
ferent network properties of functional connectomes have 
been proposed in the recent literature. We show that our own 
pattern of results is not critically dependent on the choice 
of measurement: conceptually related metrics yield largely 
consistent results. Metrics of network segregation/integra-
tion applied in the current study and their implications are 
listed below.

1. Network median distance: The difference between the 
median gradient score value of two networks. This 
measure captures the distance between two given net-
works along the principal gradient (in one-dimensional 
space, i.e., independently of any of the remaining gradi-
ents), independently of the relative position of any other 
networks.

2. Gradient range and variation: the difference between the 
maximum and minimum gradient score, and the stand-
ard deviation of the gradient scores, respectively (Xia 
et al., 2020). This measure is also restricted to the prin-
cipal gradient, and is both more global and more coarse-
grained, because (1) it does not differentiate between 
networks, and (2) it is less susceptible to differences in 
the shape of the underlying gradient score distribution 
(e.g., the skew would not affect these metrics as it would 
the mean of the networks). This limits assumptions and 
would also be advantageous if the relative position of 
networks is expected to vary.

3. Network peak distance (Bethlehem et al., 2020): The 
difference between the peak gradient scores of two net-
works. This metric differs from the network median 
distance only in the method to characterise the gradient 
distribution, as it relies on the findpeaks function in Mat-
lab’s Signal Processing Toolbox instead of the median. 
This metric might be less appropriate if the underlying 
distributions are relatively flat, as the peak may not be 
estimated optimally. On the other hand, the peak may be 
a preferable measure of central tendency if the distribu-
tion is extremely skewed.

4. Eccentricity (Valk et al., 2021): the distance between 
each region and the centre of the gradient coordinate 
system spanned by gradients 1 through 3 per participant 
(i.e., in three-dimensional space). The average value per 
network is a measure of its functional integration/segre-
gation, where high values indicate segregation and lower 
values integration. More specifically, it captures how 
distinct the patterns of connectivity of a given network 
are on average relative to the overall connectome hier-
archy (a schematic illustration can be found in Fig. 6). 
This metric would thus be more appropriate if one is 
interested in the integration/segregation of a single given 
network within the overall hierarchy. An additional fac-
tor to take into account is that this metric is calculated 
in three-dimensional space. By incorporating two addi-
tional gradients, it may be more comprehensive, in that 
the distances here capture connectivity similarity on 
three axes of variation.

5. Dispersion (Bethlehem et al., 2020; Valk et al., 2021): 
Within-network dispersion is defined as the sum squared 
Euclidean distance of each region’s gradient score from 
the network centroid (the median of the network gradi-
ent values). It thus captures the similarity of the func-
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tional connectivity profiles within a given network. As 
in the case of eccentricity, it may be a more appropriate 
metric if one is interested in a single given network, 
independently to its relation to the overall hierarchy 
or any other networks. Between-network dispersion 
is defined as the Euclidean distance between network 
centroids and is thus equivalent to the network median 
distance in three-dimensional space. (Schematic illus-
trations can be found in Fig. 6). It therefore provides 
a measure of the differentiation of two given networks 
from one another. The same considerations regarding 
one- vs three-dimensional space would apply for both 
dispersion metrics as for eccentricity.

Our hypothesis was related specifically to the networks 
with the highest distance from each other, the visual and the 
default mode network. As part of an exploratory analysis, 
we also calculated the distance between every other network 
combination and global measures, where applicable. The 
metrics listed above were investigated in relation to indi-
vidual differences in autistic-like traits. Spearman’s rank 
correlation was calculated between each metric and the AQ 
and GSQ score. Given the tight relationship between the 
computed metrics, we also report Spearman’s rank corre-
lation between our novel connectivity distance metric and 
the previously proposed metrics. As a control analysis, we 
additionally tested the correlation between the AQ and GSQ 
scores and the variance explained by the principal gradient.

Characterisation of Subject Head Motion

In order to characterise effects of subject motion during 
functional scans, two summary measures of motion were 
computed in line with the recommendations of Power et al. 
(2012, 2014). The first was Framewise Displacement (FD). 
This is calculated as the median of the timeseries of absolute 
values of the derivatives of the twelve realignment param-
eters computed during preprocessing. The mean of these 
twelve values per participant is used as a summary measure 
of the change in head position throughout the functional 
scan. A second was DVARS (DV), which was computed 
volume-to-volume as the root mean squared of the deriva-
tives of the time-courses within a whole brain mask of the 
functional timeseries data. This measure is designed to sum-
marize high amplitude BOLD signal changes that co-occur 
with head movement events. FD and DV measures of motion 
were computed after initial data preprocessing, and prior to 
functional connectivity processing.

The median FD values range between 0.005 and 
0.072 mm, i.e., all participants’ average degree of motion 
was below the 0.2  mm cut-off used in previous stud-
ies (Parkes et al., 2018; Power et al., 2013). It is possible 
that individual differences in autistic-like traits, including 

sensory sensitivity, result in variation in motion within the 
scanner (e.g., due to the unfamiliar and loud environment 
of the scanner). We thus examined the relationship between 
summary measures of motion and both gradient metrics and 
behavioural measures of sensory sensitivity. We did not find 
any significant correlations of the head motion metrics with 
total AQ (FD: ρs =  − 0.029, p = 0.581; DVARS: ρs = 0.060; 
p = 0.253) or total GSQ (FD: ρs =  − 0.082, p = 0.114; 
DVARS: ρs = 0.041, p = 0.427). Perhaps unexpectedly, if 
anything the general trend is of negative correlations of FD 
and sensory sensitivities, regardless of whether hyper- and 
hyposensitivities are evaluated separately. We nonetheless 
report the results of linear models including the measures 
of head motion as regressors together with the pre-planned 
correlations.

Analysis scripts and pre-processed data are available on 
GitHub: https:// github. com/ magda delrio/ Senso ryGra dients.

Results

Gradient Derivation

We applied an unsupervised non-linear dimensionality 
reduction technique to functional connectomes derived from 
rs-fMRI in a sample from the general population (Fig. 1A). 
This decomposes the data into gradients, where the principal 
gradient corresponds to the component in the connectiv-
ity data which explains the most variance. A given region’s 
distance from another within a particular gradient (i.e., the 
difference in score) reflects the degree of similarity in con-
nectivity patterns between the two regions. This is visual-
ized with the colour map, such that regions with more simi-
lar connectivity profiles are depicted with similar colours 
and regions with more dissimilar connectivity profiles are 
depicted with more dissimilar colours. It should be noted 
that the positive and negative scores are arbitrary, as this 
measure is not directed.

Unimodal regions (e.g., visual cortex) and transmodal 
regions (e.g., angular gyrus, midfrontal gyrus, inferior fron-
tal gyrus) constitute opposite ends of the principal gradi-
ent. The second gradient spans from somatomotor to visual 
areas, and the third gradient, from somatomotor to ventral 
attention areas. Figure 2B shows the first two gradients (i.e., 
the two components that explain the most variance in the 
connectivity data) plotted concurrently in Euclidean space. 
As in Fig. 2A, regions with more similar connectivity pat-
terns are depicted with similar colours, whereby the addi-
tional dimension provides more nuanced information regard-
ing the similarity of two given regions’ connectivity profiles, 
as it can be assessed relative to two axes of variation.

We were primarily interested in the first gradient, previ-
ously associated with differences between ASD and typically 

https://github.com/magdadelrio/SensoryGradients
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developing individuals (Hong et al., 2019), yet note that the 
second gradient accounts for a similar level of variance, as in 
other datasets (for the scaled eigenvalues of each component, 
or gradient, for our sample’s group-averaged low-dimensional 
connectivity representation, see Supplementary Fig. 2E).

Gradient Characterisation

The distribution of the principal gradient scores for the 
entire sample can be seen in Fig. 3A, with the gradients 

segregated by network in Fig. 3B. This shows that the bimo-
dality of the distribution in our sample is primarily driven 
by the segregation of the visual network from the remaining 
networks, whereby the default and limbic networks are most 
distant from it.

While Hong et al. (2019) show an overall compression 
of the principal gradient in clinical ASD, we do not find 
similar evidence of this being the case in individuals with 
high autistic-like traits (see Fig. 4A). The central peak 
appears minimally more right-skewed for high vs low AQ 
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Fig. 2  A First three gradients derived from our sample’s group-
average functional connectivity matrix, using PCA as the dimension 
reduction technique, a sparsity parameter of 0.95 and a cosine simi-
larity kernel. Regions with similar connectivity patterns are in close 

proximity along the gradient and thus share similar gradient scores, 
represented here as colours. B First two gradients derived from our 
sample’s group-average functional connectivity matrix visualized 
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participants, which can be traced back primarily to the 
default network by segregating the distribution by network 
(see Supplementary Fig. 2A). Conversely, variability in 
GSQ scores is reflected in shifts in most of the networks 
(see Fig. 4B and Supplementary Fig. 2B).

To quantitatively assess the individual differences in 
connectivity related to autistic-like traits, we computed 
several metrics characterising the gradient distribution and 
network integration/segregation, based on the clinical find-
ings in Hong et al. (2019) (see Methods section Individual 
differences in connectivity related to autistic-like traits and 
sensory sensitivity).

Network Median Distance

The network median distance between the visual and the 
default mode network served as the primary proxy for the 
degree of compression of the principal gradient. Counter to 
our prediction, there was no significant correlation between 
this metric and the total AQ score (ρs = 0.073, p = 0.159, 
Fig. 5A). However, we do find a significant correlation 
between this metric and the total GSQ score (ρs = 0.168, 
p = 0.001, Fig. 5B). It is still significantly predicted by GSQ 
after accounting for age, gender and head motion indexed 
as FD and DVARS in a linear model, though it should be 
noted that FD is also a significant predictor in the opposite 
direction (βAQ = 0.002, p = 0.647; βGSQ = 0.004, p = 0.007; 
βFD = − 13.09, p = 0.008; βDVARS = 2.984 ×  10−4, p = 0.833). 
Follow-up correlations show that the effect seems to be 
driven by an expansion of the gradient at both poles: the 

median gradient score of the DMN increases with sensory 
sensitivity (ρs = 0.151, p = 0.004) and the median gradient 
score of the visual network decreases with sensory sensi-
tivity (ρs = − 0.123, p = 0.018). Including age, gender and 
head motion in a linear model does not change the pattern of 
results for the median of the visual network (βAQ = − 0.001, 
p = 0.890; βGSQ = − 0.003, p = 0.025; βFD = 3.506, p = 0.376; 
βDVARS = 4.745 ×  10−5, p = 0.967), or the default network, 
although FD again has a significant and opposite effect in 
this case (βAQ = 0.002, p = 0.352; βGSQ = 0.001, p = 0.013; 
βFD = − 9.586, p < 0.001; βDVARS = 3.459 ×  10−4, p = 0.510).

As an exploratory analysis, we also investigated the rela-
tionship between autistic-like traits and the pairwise distance 
along the principal gradient between all other network com-
binations. Once again, we find no significant correlations 
with AQ scores (see Table 1). On the other hand, with higher 
sensory sensitivity, the default network is increasingly dis-
tant (i.e., more segregated) from all other networks but the 
limbic network, and the limbic network is increasingly dis-
tant from all other networks but the control network (see 
Table 2).

Gradient Range and Variance

The GSQ shows significant correlations with the princi-
pal gradient range (ρs = 0.121, p = 0.020) and the gradient 
variation (ρs = 0. 179, p < 0.001). The same is not found 
for the AQ (gradient range: ρs = 0.050, p = 0.342; gradi-
ent standard deviation: ρs = 0.071, p = 0.173). The find-
ing concerning the global variance holds after accounting 
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for age, gender and head motion in a linear model, with 
head motion indexed as FD as a significant predictor in the 
opposite direction (βAQ = 0.001, p = 0.658; βGSQ = 0.001, 
p = 0.010; βFD = − 3.401, p = 0.024; βDVARS = 5.230 ×  10−4, 
p = 0.218), yet the same cannot be said for the global range, 
where GSQ is no longer a significant predictor alongside 

AQ, while FD is (βAQ = 0.004, p = 0.505; βGSQ = 0.002, 
p = 0.169; βFD = −  13.592, p = 0.024; βDVARS = 0.002, 
p = 0.238). As the default and visual networks are the 
maximally distant networks in connectivity space in our 
sample, the median distance between these networks is 
itself strongly correlated with the overall gradient range 
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Fig. 4  A Distribution of the median gradient scores segregated by the 
7 networks of the Schaefer atlas for participants with high (AQ > 20, 
n = 161), and low AQ scores (AQ ≤ 20, n = 209) as per a median split. 
B Distribution of the of the median gradient scores segregated by the 
7 networks of the Schaefer atlas for participants with high (GSQ > 51, 

n = 185), and low GSQ scores (GSQ ≤ 51, n = 185) as per a median 
split. Regions with similar connectivity patterns are in close proxim-
ity along the gradient and thus have similar gradient scores. Mean 
and standard error are depicted in dark grey
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(ρs = 0.580, p < 0.001) and overall gradient standard devia-
tion (ρs = 0. 729, p < 0.001).

Network Peak Distance

The relationships between the peak distance (Bethlehem 
et al., 2020) between the visual and default networks and 
the AQ and GSQ scores are not significant (AQ: ρs = 0. 

052, p = 0.322; GSQ: ρs = 0. 031, p = 0.553), the linear 
model showing the same result (βAQ = 0.001, p = 0.730; 
βGSQ = 2  ×   10−4, p = 0.704; βFD = 1.893, p = 0.455; 
βDVARS = 0.001, p = 0.218). However, we find a low cor-
respondence between the peak and the median, particu-
larly in the default network (default network: ρs = − 0. 090, 
p = 0.073; visual network: ρs = 0. 290, p < 0.001), and there-
fore also a lower correspondence between the two distance 
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Table 2  Spearman’s rank 
correlation between GSQ 
scores and distance between 
the medians of the principal 
gradient by network

*p < 0.05, **p < 0.01, ***p < 0.001

Visual Somatomotor Dorsal attention Salience/ven-
tral attention

Control Limbic

Somatomotor 0.077
Dorsal attention 0.072 0.008
Salience/ventral attention 0.081  − 0.02 0.04
Control 0.099 0.056 0.07 0.087
Limbic 0.131* 0.124* 0.140** 0.120* 0.1
Default 0.168** 0.153** 0.150* 0.155** 0.107*  − 0.041

Table 1  Spearman’s rank 
correlation between AQ 
scores and distance between 
the medians of the principal 
gradient by network

*p < 0.05, **p < 0.01, ***p < 0.001

Visual Somatomotor Dorsal attention Salience/ven-
tral attention

Control Limbic

Somatomotor 0.018
Dorsal attention 0.008  − 0.028
Salience/ventral attention 0.03  − 0.014 0.026
Control 0.067 0.08 0.073 0.1
Limbic 0.005  − 0.008  − 0.002  − 0.013  − 0.035
Default 0.073 0.094 0.082 0.073 0.019 0.062
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metrics (ρs = 0. 357, p < 0.001). While this should perhaps 
temper any conclusions from the results, one could argue 
that the median is more robust to differences in distribution 
shape than the peak.

Eccentricity

In line with the distance metric we propose (network median 
distance), individuals who score higher on the GSQ have 
more segregated default networks on the eccentricity meas-
ure (Valk et al., 2021, illustrated in Figure 6). The control 
and limbic networks, which fall on the same end of the 

principal gradient as the default network, are also signifi-
cantly more segregated in individuals with higher sensory 
sensitivity, as is the gradient taken as a whole (see Table 3), 
whereby the linear model confirms this pattern for global 
eccentricity (βAQ = 0.001, p = 0.424; βGSQ = 0.001, p = 0.034; 
βFD = − 1.275, p = 0.345; βDVARS = 1.226 ×  10−4, p = 0.345) 
and the eccentricity of the limbic network (βAQ = − 0.001, 
p = 0.738; βGSQ = 0.002, p = 0.016; βFD = − 1.906, p = 0.460; 
βDVARS = 0.002, p = 0.024), but not for the eccentricity of 
the default network (βAQ = 0.003, p = 0.122; βGSQ = 0.001, 
p = 0.118; βFD = −  5.705, p = 0.001; βDVARS = 0.001, 
p = 0.224). None of the networks’ eccentricity correlate 
significantly with the AQ.

Eccentricity Within-network dispersion Between-network dispersion

Fig. 6  Proposed metrics of functional integration/segregation address 
different aspects of connectivity within and across networks. Filled 
green and purple circles represent the vertices (cortical regions) that 
respectively form each of two mock (brain) networks, black rhom-
boids represent the network centroid (the median gradient score of a 
given network for the first three gradients), and the large black cir-
cle represents the origin of the coordinate system. The lines indicate 
the distances computed in each metric: within-network dispersion is 
the squared sum of Euclidean distances of each vertex from the cor-
responding network centroid (the variability in gradient scores, i.e., 

connectivity profiles, of a given network—how differentiated are 
the connectivity profiles within a given network); between-network 
dispersion is the Euclidean distance between network centroids (the 
average similarity of the gradient scores, i.e., connectivity profiles for 
two given networks—how differentiated are the connectivity profiles 
of two given networks from one another); eccentricity is the squared 
sum of Euclidean distances of each vertex from the origin (average 
similarity of the gradient scores, i.e., connectivity profiles, of a given 
network from the overall hierarchy—how differentiated are the con-
nectivity profiles relative to the overall hierarchy)

Table 3  Spearman’s rank correlation between AQ and GSQ scores 
and mean eccentricity, averaged by network and across all networks 
(global) – the seven networks are presented in rank order along the 
principal gradient

*p < 0.05, **p < 0.01, ***p < 0.001
Values in italics relate to global measures

AQ GSQ

Visual 0.052 0.095
Somatomotor  − 0.01 0.073
Dorsal attention 0.004 0.012
Salience/ventral attention 0.071 0.067
Control 0.039 0.107*
Limbic 0.05 0.145**
Default 0.088 0.148**
Global 0.069 0.155**

Table 4  Spearman’s rank correlation between AQ and GSQ scores 
and within-network dispersion, the seven networks are presented in 
rank order along the principal gradient

*p < 0.05, **p < 0.01, ***p < 0.001

AQ GSQ

Visual 0.068 0.090
Somatomotor  − 0.065 0.018
Dorsal attention  − 0.015  − 0.050
Salience/ventral attention 0.024 0.010
Control 0.007 0.078
Limbic 0.086 0.106*
Default 0.045 0.047
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Dispersion

Within-network dispersion (Bethlehem et al., 2020, illus-
trated in Fig. 6) does not correlate significantly with AQ 
scores (see Table 4). The limbic network has higher within-
network dispersion in individuals with higher GSQ scores 
(see Table 4), however this is not robust when accounting 
for motion (βAQ = 0.089, p = 0.604; βGSQ = 0.066, p = 0.183; 
βFD = − 199.530, p = 0.253; βDVARS = − 0.125, p = 0.012). 
There are also no significant correlations between AQ and 
between-network dispersion (Bethlehem et al., 2020, illus-
trated in Fig. 6) for any network combination (see Table 5). 
Conversely, individuals with high GSQ show increased seg-
regation of the default network from the somatomotor and 
visual networks, as well as of the limbic network from the 
dorsal attention and visual networks (see Table 6). Focusing 
on the networks of interest, the linear model shows the same 
pattern for the visual and default networks (βAQ = 0.002, 
p = 0.672; βGSQ = 0.004, p = 0.019; βFD = − 9.297, p = 0.080; 
βDVARS = −4.030 ×  10−4, p = 0.790) as well as the limbic 
and visual networks (βAQ = −0.004, p = 0.580; βGSQ = 0.004, 
p = 0.023; βFD = 2.399, p = 0.710; βDVARS = 8.468 ×  10−4, 
p = 0.790). In other words, these network pairs are not only 
more functionally distant along the unimodal-to-transmodal 
axis, but also in the three-dimensional space spanned by the 
first three gradients. In fact, the network median distance and 
the between-network dispersion for the visual and default 
network correlate strongly (ρs = 0.977, p < 0.001).

One may wonder whether these differences emerge 
because data from individuals with higher sensory sen-
sitivity are harder to fit to the principal gradient, yet the 
variance explained by the principal gradient does not cor-
relate positively with either AQ (ρs = 0.099, p = 0.056) or 
GSQ (ρs = 0.095, p = 0.067), with the linear model sup-
porting these results (βAQ = 0.057, p = 0.275; βGSQ = 0.014, 
p = 0.343; βFD =  − 99.527, p = 0.061; βDVARS =  − 0.011, 
p = 0.481). Although this is not a significant relationship, the 
overall organization of the connectome along the principal 
gradient is, if anything, a better fit in individuals with high 
levels of these traits. The results are strong enough to survive 
a Bonferroni correction for 42 tests (21 network pairs × 2 
behavioural measures, namely AQ and GSQ), ρs = 0.168, 
p = 0.001 being below the Bonferroni-adjusted threshold of 
0.0012. We would note that this is a very conservative cor-
rection in the present case given that the behavioural meas-
ures, network pairs and neuroimaging metrics, which are 
putatively measuring a similar latent construct of integra-
tion/segregation, are not independent.

In summary, increases in sensory sensitivity are linked 
to greater dispersion of the principal gradient of the func-
tional connectome. This arises in particular due to a greater 
segregation (less integration) between visual and default 
mode networks, the endpoints of the principal gradient. The 
finding is robust across nearly all measures of dispersion; 
namely, network median distance between visual and default 
networks, overall SD of the principal gradient, and measures 
of eccentricity and dispersion, whereby motion might be a 

Table 5  Spearman’s rank 
correlation between AQ 
scores and between-network 
dispersion, calculated pairwise 
for all seven networks

*p < 0.05, **p < 0.01, ***p < 0.001

Visual Somatomotor Dorsal attention Salience/ven-
tral attention

Control Limbic

Somatomotor  − 0.014
Dorsal attention  − 0.01 0.06
Salience/ventral attention 0.038  − 0.062 0.035
Control 0.046 0.083 0.069  − 0.006
Limbic 0.002 0.014 0.003 0.046  − 0.018
Default 0.061 0.091 0.053 0.035 0.032 0.008

Table 6  Spearman’s rank 
correlation between GSQ 
scores and between-network 
dispersion, calculated pairwise 
for all seven networks

* p < 0.05, **p < 0.01, ***p < 0.001

Visual Somatomotor Dorsal attention Salience/ven-
tral attention

Control Limbic

Somatomotor 0.055
Dorsal attention 0.056  − 0.015
Salience/ventral attention 0.057  − 0.051  − 0.009
Control 0.072 0.088 0.064 0.021
Limbic 0.116* 0.091 0.145** 0.073 0.093
Default 0.137** 0.119* 0.149 0.064 0.076 0.006
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confound for the global range of the principal gradient and 
the eccentricity of the default network. The only conceptu-
ally similar measure to not show this pattern was network 
peak distance (between visual and default networks), which 
fails to account for the shape of the distributions.

Discussion

In the current study we use a dimensionality reduction 
method to relate individual differences in macroscale whole-
brain resting connectivity organisation (cortical gradients) to 
differences in traits related to autism in the general popula-
tion. These traits are assessed by two self-report measures: 
the AQ, a summary measure of general autistic-like traits, 
and the GSQ, an index of sensory sensitivity. While we do 
not find evidence of differences in the compression of the 
principal gradient associated with the AQ in our non-clinical 
sample, we do find evidence of variability associated with 
the specific dimension of sensory sensitivity. Specifically, 
higher sensory sensitivity is correlated with an expanded 
functional connectome hierarchy, such that unimodal and 
transmodal regions are more segregated from each other.

Focusing on sensory sensitivity has the advantage of 
reducing the dimensionality of traits of interest linked to the 
autistic-like phenotype. Here we find individual differences 
that are robust against the specific choice of functional inte-
gration/segregation metric: the default network and visual 
network are more segregated from one another in individuals 
with higher sensory sensitivity. The more coarse-grained 
measures (eccentricity, range and variation of the principal 
gradient) show increased overall segregation in high sen-
sory sensitivity, whereby range appears to be confounded 
by head motion. Assessing segregation at the network level 
indicates that it is nevertheless not a global effect, as not all 
network pairs show increased segregation. Rather, increased 
segregation is most prominent for the default and visual net-
works, though other network pairs, such as the limbic and 
visual networks, are also significantly more segregated. In 
addition, within-network dispersion results suggests that 
whereas specific networks are more segregated from each 
other, the individual regions within the networks are not. 
The main findings are similar in three-dimensional space, as 
evidenced by the metrics of eccentricity and between-net-
work dispersion, implying the increased segregation is not 
neutralized by additional axes of variation. Specifically, this 
holds for the increased segregation of the visual and default 
networks, the visual and limbic networks, the somatomotor 
and default networks, and the dorsal attention and limbic 
networks. Increased segregation of the somatomotor and 
limbic networks, dorsal attention and default networks, sali-
ence/ventral attention and default networks, and salience/
ventral attention and limbic networks are only apparent in 

the principal gradient, i.e., connectivity patterns are only 
significantly more dissimilar with sensory sensitivity along 
the first extracted dimension. Among all the employed meas-
ures of integration between visual and defaults networks, 
the network peak distance is the only one that does not con-
firm the correlation. This is however not surprising, given 
the limitations of the peak in the characterisation of wider-
spread distributions, such as the default or limbic network 
distributions.

In sum, the expansion of the gradient can be traced back 
primarily to the increased distance of the visual network 
from default and limbic networks. Abnormal activity in 
the limbic network, which supports emotion processing 
and memory, has been previously linked to sensory over-
responsivity (e.g., Green et al., 2016). This network overlaps 
with the default mode network, which has been linked to 
numerous ‘higher’ cognitive functions, including seman-
tic processing (Binder et al., 2009), association formation 
(Bar et al., 2007), self-referential processing (Gusnard et al., 
2001), self-generated thought (Benedek et al., 2016), epi-
sodic memory (Rugg & Vilberg, 2013), autobiographical 
planning (Spreng et al., 2015), and social cognition (Iaco-
boni et al., 2004). More generally, it has been proposed to 
support abstracted and generalizable representations which 
integrate features from unimodal regions (Murphy et al., 
2018). More distinct connectivity patterns may thus reflect 
lower integration of bottom-up and top-down signals in 
individuals with higher sensory sensitivity (for an analo-
gous interpretation of gradient contraction, see Xia et al. 
(2020)). We speculate that the reduced integration is related 
to the processing of bottom-up inputs in the absence of an 
integrated context, i.e., with the lack of prediction, gener-
alization, and abstraction leading to the known difficulties 
filtering out certain sensory signals.

As the GSQ assesses both hyper- and hyposensitivities 
for seven sensory modalities, it is reasonable to suppose that 
this scale indexes a highly multidimensional construct. One 
may additionally question if the principal gradient, which 
involves exclusively visual cortex, as opposed to all uni-
modal cortices, can be clearly interpretable in relation to 
the GSQ as a multimodal measure. However, factor analy-
ses tend to show the GSQ measures a singular latent fac-
tor (Robertson & Simmons, 2013) or, at most, two factors 
corresponding to hyper- and hyposensitivity (in the French 
version of the GSQ: Sapey-Triomphe et al., 2018). Indeed, 
hyper- and hyposensitivities in various sensory modalities 
tend to co-occur within the same individuals (our sam-
ple reports both hypersensitivities, with subscale scores 
ranging from 4 to 53,  MHyper = 28.86;  SDHyper = 9.86, and 
hyposensitivities, with subscale scores ranging from 0 to 
48,  MHypo = 21.25;  SDHypo = 9.46; the correlation between 
hyper- and hyposensitivity subscales being ρs = 0.765, p < 
0.001; and between vision and all other sensory modalities, 
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ρs = 0.744, p < 0.001). Our previously published data using 
the GSQ on a clinical autism sample showed a large effect 
size for visual hypersensitivity (Cohen’s d = 0.83), which 
is similar to that for hypersensitivity for audition (Cohen’s 
d = 1.14), gustation (Cohen’s d = 0.82), olfaction (Cohen’s 
d = 0.71), and touch (Cohen’s d = 1.09; Ward et al., 2017b). 
This does not imply all sensory modalities are equally com-
mon (indeed the effect sizes are larger for audition and touch, 
as expected from the autism literature), yet, together with the 
findings from factor analyses, the pattern in the data does 
suggest that there is a strong association between the senses 
and an underlying common factor tapped into by the GSQ.

In line with the behavioural data structure, our princi-
pal measure of integration/segregation (default and visual 
network median distance) correlates with both hyper- and 
hyposensitivity, whereby the effect size is slightly higher 
for the hyposensitivity subscale (hypersensitivity: ρs = 0.136, 
p = 0.009; hyposensitivity: ρs = 0.181, p < 0.001). Although 
we would be reluctant to draw any strong conclusions from 
this difference, given the tight association between the 
subscales, further work could address how functional con-
nectivity variability maps onto different aspects of sensory 
sensitivity. For example, it is noteworthy that the GSQ items 
targeting hyposensitivity often involve sensory-seeking 
behaviour or self-stimulation (e.g., ‘Do you flick your fin-
gers in front of your eyes?’), such that it may be important 
for future work to distinguish between affective reactivity 
and behavioural responsivity, which are currently conflated 
in the majority of sensory scales, and potentially include 
measures of restricted and repetitive behaviours along-
side measures of sensory issues. Regarding the distinction 
between sensory modalities, we can further show that our 
principal finding using default and visual network median 
distance holds if we remove the vision-related items from 
the GSQ score (ρs = 0.157, p = 0.003), i.e., it is not critically 
dependent on atypical visual sensitivity. In this context it 
is also noteworthy that the principal gradient consistently 
ranges from the default mode network to the visual cortex, 
and not any other primary sensory cortices—in other words, 
the distance metric examined here was determined by the 
results of the dimensionality reduction technique. Overall, 
there are multiple ways in which the GSQ scores can be 
broken down for exploratory analyses, yet this is outside 
the scope of the current paper—the relevant data and sta-
tistical analysis code is available on GitHub, allowing for 
it to inform future work on specific testable hypotheses, as 
opposed to the data-driven methods used here, for instance, 
by investigating stepwise functional connectivity seeded 
from other primary sensory cortices.

We do not find evidence that the atypical functional hier-
archy in Hong et al. (2019) extends to individuals with high 
autistic-like traits as measured by the AQ. Our null finding 
regarding the AQ should be interpreted with caution, given 

(1) that any differences in connectivity driven by individual 
differences in subclinical autistic-like traits would be more 
subtle than those in clinical populations, and could thus 
require substantially increased sample sizes to be detected, 
(2) differences in the principal gradient between studies, (3) 
other incidental differences between our study and that of 
Hong et al. (2019) including differences in age, gender, rest-
ing state procedure, and cross-cultural differences, and (4) 
the choice of the AQ to measure autistic-like traits. These 
second, third and fourth points are considered in more detail 
below.

With regards to differences in the extracted principal gra-
dient, in Hong et al. (2019) the principal gradient distribu-
tion consists of a higher peak resulting primarily from the 
combination of the visual, sensorimotor, and both attention 
networks, and a second less pronounced peak attributable to 
the control and default networks. By contrast, in our study 
we find that the sensorimotor and attention networks lie 
intermediate between the visual network and default/control 
networks. Note that an analysis of the HCP dataset using our 
decomposition parameters produced gradients more similar 
to those in Hong et al. (2019, see Supplementary Fig. 1). 
One contributing factor to the divergence in the decomposi-
tion results could be the difference between eyes-closed and 
eyes-open resting-state connectivity data. Our sample was 
instructed to close their eyes whilst the HCP data and part 
of the ABIDE data was collected during fixation. Closing 
the eyes has been linked to significant increases in connec-
tivity of auditory and somatomotor networks to other net-
works (Agcaoglu et al., 2019) as well as decreased reliability 
(Patriat et al., 2013). It is possible that such differences addi-
tionally interact with autism status (Barttfeld et al., 2012).

The sample characteristics also differ between our study 
and that of Hong et al. (2019). Our sample was predomi-
nantly female (73%), over the age of 18, and was recruited 
in a Chinese university. Conversely, Hong et al. (2019) 
restricted their analysis to male participants from the ABIDE 
dataset (predominantly Western), and also included children. 
The functional connectome changes throughout develop-
ment from late childhood to early adulthood (e.g., Oldham 
& Fornito, 2019). Within the gradient framework, there is a 
topographic reorganization of the connectome, transitioning 
from a principal gradient spanning from visual to somato-
motor cortex in children to the principal gradient spanning 
from visual to transmodal cortex characteristic of adults, as 
unimodal regions reach their peak maturation first and trans-
modal regions last (Dong et al., 2021). This differentiation of 
the higher-order association cortices manifests as increases 
in eccentricity and overall gradient expansion (Park et al., 
2021). However, it seems unlikely that this would have 
affected our findings of increased expansion related to sen-
sory sensitivity, given the age homogeneity in our sample 
and the results of the multiple regression including age as a 
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covariate (see Supplementary Materials). It is also unlikely 
to have contributed to our null results regarding the AQ, as 
Hong et al. (2019) report that, whilst disruptions in early 
systems occur in both children and adults, gradient reduc-
tions in the DMN are more pronounced in adults (Cohen’s 
d in children = 0.29, Cohen’s d in adults = 0.88). The fact 
that our sample consisted exclusively of young adults should 
have thus improved our chances of detecting any differences 
in gradient expansion, were these to extend to individual 
differences in AQ in the neurotypical population. The ASD 
literature as a whole suffers from gender bias, with females 
representing 10% of the mean sample size per resting 
state fMRI study evaluated in a recent review (Hull et al., 
2017). However, fitting a multiple regression model with 
the distance between the default and visual network as the 
dependent variable and age, gender, AQ and GSQ scores 
as independent variables did not change the results (see 
Supplementary Materials). Likewise, the scarce literature 
on cross-cultural differences in the AQ suggests the culture 
of origin may need to be taken into consideration (Freeth 
et al., 2013; Lau et al., 2013). As in Lau et al. (2013), we 
find a negative correlation between the attention-to-detail 
subscale of the AQ and other subscales related to socio-
communicative difficulties, which is generally positive in 
Western samples. Indeed, there is evidence of cross-cultural 
effects on attention allocation in the general population, 
whereby East Asians are more likely to attend holistically 
to the field, including background or contextual informa-
tion, whilst Westerners analytically prioritise the focal, lead-
ing to corresponding behavioural dis/advantages in change 
blindness paradigms (Boduroglu et al., 2009; Masuda & 
Nisbett, 2006). Here, this variability has been attributed to 
both social structure (collectivistic vs individualistic) and a 
circular loop of more complex environments, aesthetic pref-
erence, and perception. In this context, it is plausible that 
higher attention-to-detail (a more Western attention style) is 
detrimental to social abilities in an East Asian environment, 
highlighting the importance of the interaction of individual 
traits and situational factors (Belmonte, 2020). In addition, 
it is conceivable that the association between sensory sen-
sitivity and other aspects of the autism phenotype is weaker 
in certain cultures, as suggested by the smaller correlations 
found between the AQ and the GSQ in Japanese and Chinese 
samples (Ujiie & Wakabayashi, 2015; Ward et al., 2021), 
compared to the correlations found in Western samples 
(Horder et al., 2014; Robertson & Simmons, 2013).

As this is a non-clinical sample, the scales used to quan-
tify autistic(-like) traits also differ between the studies. The 
AQ is the most extensively used scale in non-clinical autism 
research, which has resulted in a large body of literature 
using this measure. Although not developed as a diagnos-
tic tool, it has been used to reliably discriminate between 

individuals with a diagnosis of ASD and typically develop-
ing individuals (Baron-Cohen et al., 2001). The AQ’s psy-
chometric properties are however suboptimal. The factor 
structure, discriminative validity and Cronbach’s α (rang-
ing from 0.54 to 0.88 in the Chinese version of the AQ used 
here) could be improved (Lau et al., 2013), and negatively 
phrased items show differential functioning between autis-
tic and non-autistic samples (Agelink van Rentergem et al., 
2019). Alternative measures of autistic(-like) traits applied 
often in research contexts include the Social Responsiveness 
Scale, which focuses on social communication (SRS-2 Con-
stantino et al., 2003), to a lesser degree the Broader Autism 
Phenotype Questionnaire, designed to target the broader 
autistic phenotype (BAPQ; Hurley et al., 2007), and the 
recently developed Comprehensive Autistic Trait Inventory, 
which, as opposed to the previous scales, includes items 
addressing sensory sensitivity and physical repetitive behav-
iours (CATI; English et al., 2021). The choice of scales in 
this study (the AQ and GSQ in combination) has the advan-
tage of measuring broader autistic-like traits and sensory 
sensitivities separately, which may have contributed to the 
detection of the specific association between the connectiv-
ity metrics and the GSQ.

Curiously, despite the discrepancies when comparing our 
gradient analysis results with those in Hong et al. (2019), 
our results would dovetail conceptually with the stepwise 
functional connectivity analysis in the same study, where 
they find an increased number of steps seeding from primary 
sensory cortices to default mode network in ASD. Corti-
cal gradients have been described as a sequence of steps 
in connectivity space (Hong et al., 2019), and yet the two 
techniques do not necessarily yield identical results, as the 
methodologies themselves are not identical. For example, 
cortical gradient analysis features a dimensionality reduc-
tion step whilst stepwise functional connectivity does not, 
and stepwise functional connectivity accounts for indirect 
paths whilst cortical gradient analysis does not. Further stud-
ies assessing the effect of these inherent differences in the 
methodology would aid in the interpretation of the metrics 
derived from them.

On the other hand, gradient compression has been 
interpreted as a pattern that would render sensory input 
harder to ignore by not segregating it from internal pro-
cesses, and thus compromising ‘higher-order’ cognitive 
processes (Hong et al., 2019; Roy & Uddin, 2021). It is 
worth noting that the changes in functional connectome 
hierarchy we report here are linked exclusively to sensory 
issues, and not to other autistic-like traits, such as social 
and communication deficits. It is therefore possible that we 
are comparing different cognitive profiles—one in which 
sensory issues tend to be more debilitating and are accom-
panied by the social and communication deficits character-
istic of clinical autism, where the connectome hierarchy 
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is compressed, and another non-clinical profile in which 
these experiences do not compromise higher-order func-
tions, where the hierarchy is expanded. The question of 
whether autism should be framed as a spectrum disorder 
or a clearly demarcated diagnostic category remains a sub-
ject of debate (for a recent discussion of the pitfalls of an 
overly inclusive definition of autism ‘proper’, see Mottron 
& Bzdok, 2020). It will be important for future research to 
clarify if our null results with respect to the AQ hold or, 
alternatively, if there is a categorical difference between 
autistic-like traits and clinical autism with respect to func-
tional connectivity gradients. Similarly, it will be impor-
tant to confirm if our findings regarding sensory issues in 
a general population sample extend to clinical ASD.

In summary, this study shows the potential of the appli-
cation of gradient decomposition methods to uncover indi-
vidual differences in the general population as well as in 
clinical samples. We do not find evidence of an atypical 
connectome hierarchy using a broader definition of the 
autistic-like phenotype as measured by the AQ, suggesting 
that this instrument may not capture functional connectiv-
ity variability in the general population. Conversely, the 
expansion of the connectome hierarchy and particularly 
the segregation of the default and visual network con-
nectivity patterns are linked to sensory sensitivity. Whilst 
caution is warranted in that the same behaviour can have 
different underpinnings (Chown & Leatherland, 2021; 
Happé & Frith, 2021), by the same token, this seems to 
be a strong argument for research using comprehensive 
transdiagnostic deep data (Lombardo et al., 2019). Future 
large-scale and deep studies in clinical and transdiagnostic 
contexts will be required to parse the multidimensional 
variability related to the heterogeneity of autistic and 
autistic-like traits.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s10803- 022- 05772-z.
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