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ABSTRACT

Autism spectrum disorder (ASD) is a neurodevelopmental disorder associated with social communication deficits and restricted/repetitive behaviors and is charac-
terized by large-scale atypical subcortical-cortical connectivity, including impaired resting-state functional connectivity between thalamic and sensory regions. Pre-
vious studies have typically focused on the abnormal static connectivity in ASD and overlooked potential valuable dynamic patterns in brain connectivity. However,
resting-state brain connectivity is indeed highly dynamic, and abnormalities in dynamic brain connectivity have been widely identified in psychiatric disorders. In this
study, we investigated the dynamic functional network connectivity (dFNC) between 51 intrinsic connectivity networks in 170 individuals with ASD and 195 age-
matched typically developing (TD) controls using independent component analysis and a sliding window approach. A hard clustering state analysis and a fuzzy
meta-state analysis were conducted respectively, for the exploration of local and global aberrant dynamic connectivity patterns in ASD. We examined the group
difference in dFNC between thalamic and sensory networks in each functional state and group differences in four high-dimensional dynamic measures. The results
showed that compared with TD controls, individuals with ASD show an increase in transient connectivity between hypothalamus/subthalamus and some sensory
networks (right postcentral gyrus, bi paracentral lobule, and lingual gyrus) in certain functional states, and diminished global meta-state dynamics of the whole-brain
functional network. In addition, these atypical dynamic patterns are significantly associated with autistic symptoms indexed by the Autism Diagnostic Observation
Schedule. These converging results support and extend previous observations regarding hyperconnectivity between thalamic and sensory regions and stable whole-
brain functional configuration in ASD. Dynamic brain connectivity may serve as a potential biomarker of ASD and further investigation of these dynamic patterns
might help to advance our understanding of behavioral differences in this complex neurodevelopmental disorder.

Introduction

Autism spectrum disorder (ASD) is a complex neurodevelopmental
disorder characterized by co-occurring cardinal symptoms of social/
communication deficits and restricted/repetitive behaviors (Association,
2013). Large-scale ASD-related brain abnormalities in both anatomical
and functional organization have been identified in previous studies
(Casanova and Trippe, 2009; Courchesne et al., 2011; Kennedy et al.,
2006; Khan et al., 2013). ASD not only affects brain activities in local
regions, but also impairs interactions between multiple brain regions and
networks (Kana et al., 2006; Khan et al., 2013; Koshino et al., 2005;
Villalobos et al., 2005). Increasing evidence suggests that the exploration
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of atypical brain connectivity in ASD can provide more insights into the
pathophysiology of this disorder.

Although prior neuroimaging studies using functional magnetic reso-
nance imaging (fMRI) have identified numerous ASD-related abnormal
connectivity in cortical regions (Just et al., 2004; Kana et al., 2006;
Kleinhans et al., 2008; Koshino et al., 2005; Koshino et al., 2007), recent
studies also implicated the disruption of the subcortical-cortical brain
connections in ASD. In particular, the thalamus and basal ganglia,
generally conceptualized as a relay between cortical and subcortical areas,
have been associated with cognitive impairments in ASD (Minshew and
Keller, 2010; Tsatsanis et al., 2003; Woodward et al., 2016). Thalamus is a
sensory gate that receives and delivers sensory information to cortical
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regions. A growing literature has identified atypical sensory processing in
ASD and suggested the abnormal thalamic-to-cortical connectivity to be a
potential cause. The atypical thalamic-to-cortical pathway might result in
high sensory input from subcortical regions to the sensory regions that
could override higher order cognitive processes (Cerliani et al., 2015).
Studies also showed that the thalamic-to-cortical connectivity is involved
in cerebello-thalamo-cortical pathways. The impairments of cer-
ebello-thalamo-cortical pathways have been identified in ASD (Bailey
et al., 1998; Schmahmann, 1996), which provides evidence supporting
atypical thalamic-to-cortical connectivity in ASD. Indeed, aberrant pat-
terns of resting-state brain connectivity, especially between thalamic and
sensory regions, have been widely reported (Di Martino et al., 2011; Nair
etal.,, 2013; Padmanabhan et al., 2013). However, findings in this field are
inconsistent and even contradictory to some extent. For example, Nail
et al. identified hypoconnectivity between the thalamus and several so-
matosensory regions in ASD in the resting-state (Nair et al., 2013). In
contrast, Cerliani et al. demonstrated increased functional connectivity
between thalamic and sensory networks, which are correlated with the
severity of autistic traits (Cerliani et al., 2015) and Tomasi et al. found
thalamus has higher functional connectivity with insula, somatosensory,
motor, premotor, and auditory areas and the middle cingulum (Tomasi
and Volkow, 2017). Although this inconsistency may be partially due to
the inherent heterogeneity of ASD (Di Martino et al., 2014) or the di-
versity in functional connectivity subtypes (Khan et al., 2015), we hy-
pothesized that the dynamic patterns in brain connectivity, which are
incompletely captured by an averaged, static connectivity approach,
might be a possible source of these disparities. Besides functional con-
nectivity between certain brain regions, the global properties of the
whole-brain functional network in individuals with ASD have also been
widely explored (Peters et al., 2013; Rudie et al., 2013; Zhou et al., 2014).
Previous studies have characterized the brain as a complex network with a
hierarchical modular organization and suggested that quantifying the
global properties of brain network can improve the understanding of
fundamental brain mechanism (Wang et al., 2010; Watts and Strogatz,
1998). However, most of these studies assessed static properties of the
whole-brain functional network over the entire scan and this static
assumption might blur out potentially important changes of whole-brain
network, such as how the whole-brain network changes globally over
time and whether the prevalence of these changes is related to ASD.
Brain connectivity is not static but varies remarkably among brain
states (Calhoun et al., 2014; Rissman et al., 2004; Smith et al., 2009).
Dynamic patterns of functional brain connectivity are even more prom-
inent in the resting-state, during which the mental activity is uncon-
strained (Allen et al., 2014; Hutchison et al., 2013a; Hutchison et al.,
2013b; Kang et al., 2011). Mounting evidence supports the concept that
ASD can be characterized by atypical brain dynamics (Uhlhaas and
Singer, 2012; Watanabe and Rees, 2017). For example, a recent study
identified increased temporal variability of brain connectivity in in-
dividuals with ASD (Falahpour et al., 2016), suggesting that brain con-
nectivity may not be disrupted, but rather be highly unstable in ASD.
Widespread altered dynamic functional connectivity between cortical
regions has also been identified in our and others' previous work, mainly
within the default mode network (Yao et al., 2016) and control networks
(de Lacy et al., 2017). By using the sliding window based approaches,
previous studies also identify atypical dynamic brain patterns in other
brain disorders (Damaraju et al., 2014; Du et al., 2017; Rashid et al.,
2014). For example, Du et al. (2016) applied k-means to extract con-
nectivity states from dynamic connectivity within the default mode
network (DMN) of 82 healthy controls (HCs) and 82 schizophrenia (SZ)
patients, and found that HCs spent more time in a state that reflected
stronger connectivity between anterior and posterior brain regions, while
SZ patients spent more time in a disconnected state. Our recent study
developed a framework based on the sliding window approach for
characterizing time-varying brain activity and exploring its associations
with time-varying brain connectivity. We applied this framework to a
resting-state fMRI dataset including 151 SZ patients and 163 age- and
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gender-matched HCs and found that amplitude of low frequency fluctu-
ation (ALFF) and functional connectivity were correlated in time and
these relationships are significantly different in SZ (Fu et al., 2017).

To date, no ASD studies have examined dynamic thalamic-sensory
connectivity and dynamic global properties of the whole-brain network
in the resting-state. We aimed to investigate group differences between
typically developing (TD) controls and individuals with ASD in dynamic
brain connectivity from a macro and micro perspective. The novelty of
current study is twofold. First, our study investigated ASD related ab-
normalities using time-resolved resting-state functional connectivity be-
tween thalamic networks and sensory networks instead of assuming
static functional connectivity across the whole scan. Second, our study
not only focused on local functional connectivity between specific pairs
of regions or networks, but also explored the atypical global dynamics of
the whole-brain network in ASD. We calculated time-varying correlation
coefficients between windowed time-courses (TCs) of different brain
components estimated via group independent component analysis
(GICA) as the measure of dynamic functional network connectivity
(dFNC) between brain networks. A hard clustering state analysis and a
fuzzy meta-state analysis were then conducted to investigate the local
and global patterns of dynamic brain connectivity. The hard clustering
state analysis explores the transient dFNC in discrete states, while the
fuzzy meta-state analysis investigates global state-space metrics. These
two approaches are capable of capturing reliable dynamic connectivity
patterns which are robust against variation in data quality, analysis,
grouping, and decomposition methods (Abrol et al., 2017). We hypoth-
esized that individuals with ASD would display atypical dynamic
thalamic-sensory connectivity and atypical whole-brain dynamisms vs.
TD controls, and these abnormal patterns in local and global dynamic
functional connectivity would be associated with ASD symptoms.

Material and methods
fMRI dataset

The Autism Brain Imaging Data Exchange (ABIDE), a publicly avail-
able database sharing collected resting-state fMRI data from 539 in-
dividuals with ASD and 573 age-matched TD controls was used in this
study. Institutional review board approval was provided by each data
contributor. Before dataset acquisition, consortium members agreed on a
‘base’ phenotypic protocol by identifying overlaps in measures across
sites, which include age at scan, sex, IQ and diagnostic information. From
the ABIDE database, we selected data samples according to the following
criteria: 1) male subjects with DSM-IV-TR diagnosis; 2) subjects with
mean full scale intelligence quotient (FIQ) within 2 standard deviations
(s.d). of the overall ABIDE sample mean (if FIQ is missing, FIQ was
estimated by averaging available performance IQ (PIQ) and verbal IQ
(VIQ) scores); 3) subjects with mean frame-wise displacement (FD)
smaller than 0.4465, corresponding to 2 s.d. above the sample mean; 4)
subjects with more than 150 time points in fMRI acquisition; 5) subjects
with fMRI data scanned using a repeat time (TR) = 2s; 6) subjects with
functional data providing near full brain successful normalization (by
comparing the individual mask with the group mask. Detailed procedures
are provided in the supplementary materials). These criteria yielded a
total of 365 (170 ASD and 195 TD) age matched (p = 0.7821) subjects.
Mounting evidence has demonstrated that ASD is a disorder of sexual
differentiation. It is far more prevalent in males than in females and
this higher prevalence might be reflected by the sex difference in func-
tional connectivity of individuals with ASD (Alaerts et al., 2016; Halladay
et al,, 2015; Tomasi and Volkow, 2012). Considering that the con-
founding effect of gender in ASD is still not well understood and it might
affect our dynamic functional connectivity analysis, we used a careful
subject selection criterion by choosing only male subjects. Among these
selected subjects, 133 subjects had Autism Diagnostic Observation
Schedule (ADOS) score passing quality control. ADOS score is an in-
strument for assessing the autistic symptoms according to the individuals'
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performance of a series of semi-structured and general tasks. These tasks
are designed and used to evaluate an individuals' social and communi-
cation behaviors related to the ASD diagnosis. Demographic information
for all selected subjects is shown in Table 1.

Preprocessing

Resting-state fMRI data were preprocessed using the Connectome
Computation System pipeline (http://Ifcd.psych.ac.cn/ces.html). The
preprocessing steps included dropping time points (6 time points were
discarded to exclude scans impacted by T1 effects), denoising, slice
timing, motion correction, brain extraction and intensity normalization.
Data were spatially normalized into the standard Montreal Neurological
Institute (MNI) space, resampled to 3 mm x 3 mm x 3 mm voxels using
the nonlinear (affine + low-frequency direct cosine transform basis
functions) registration implemented in the SPM12 toolbox. The resting-
state data were further spatially smoothed with a 5 mm full width at
half max Gaussian kernel.

The framework of hard clustering state analysis and fuzzy meta-state
analysis

The framework to investigate atypical dynamic brain connectivity in
ASD was illustrated using a flowchart in Fig. 1 Three major steps were
included in this framework. Step 1) group independent component
analysis (GICA) was performed and intrinsic connectivity networks
(ICNs) were selected according to the spatial maps of components. Time
courses (TCs) of selected ICNs were estimated for the following dynamic
functional network connectivity (dFNC) analysis (details of GICA and
ICNs selection were introduced in section 2.4). Step 2) time-varying
correlation coefficients between TCs were calculated using a sliding
window approach as the measure of dFNC between ICNs (details of dFNC
calculation were introduced in section 2.5). Step 3) the hard clustering
state analysis and the fuzzy meta-state analysis were conducted on
dFNC estimates (time-varying correlation coefficients) to investigate
local and global dynamic patterns of functional connectivity (details
of the hard clustering state analysis were introduced in section 2.6
and details of the fuzzy meta-state analysis were introduced in
section 2.7).

Group independent component analysis

Preprocessed resting-state fMRI data were decomposed into linear
mixtures of spatial independent components (ICs) and their corre-
sponding single subject TCs and spatial maps were estimated using the
GICA back-reconstruction approach implemented in the Group ICA of
fMRI Toolbox (GIFT) for further analysis (http://mialab.mrn.org/
software/gift) (Calhoun and Adali, 2012; Calhoun et al., 2001). A rela-
tive high model order (number of ICs, C=100) was used to obtain
a functional parcellation of brain components corresponding to
known anatomical and functional segmentations (Allen et al., 2014).
Before doing GICA to extract ICs, we conducted two levels principal
component analysis (PCA) on the functional data for dimension reduc-
tion. First, subject-specific data was reduced to 120 principal components
with maximal variability using PCA with standard economy-size

Table 1
Participant demographics.

Phenotypic ASD (Mean and s.d) TD (Mean and s.d)
Age (170 ASD, 195 TD) 15.57 (7.35) 16.02 (5.90)

FIQ (170 ASD, 195 TD) 106.47 (14.37) 110.65 (12.09)
Mean FD (170 ASD, 195 TD) 0.10 (0.07) 0.08 (0.06)

Eyes state (170 ASD, 195 TD) Eyes close =151,
eyes open = 19

11.97 (3.60)

Eyes close =163,
eyes open = 32

ADOS Total (115 ASD, 18 TD) 1.22 (1.13)
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decomposition (this number should be higher than the group ICA
dimensionality as detailed in (Erhardt et al., 2011)). Second, the reduced
subject-specific data were concatenated across time and the group data
were reduced to 100 principal components using expectation maximi-
zation algorithm (Erhardt et al., 2011; Rachakonda et al., 2016). The
reduced group data were decomposed into 100 ICs using the infomax
algorithm (Langlois et al., 2010; Lee et al., 1999) and group level spatial
maps were estimated. We applied ICASSO with 10 ICA runs followed by
best-run selection to stabilize the estimation (Wu et al., 2011).
Subject-specific spatial maps and TCs were back-reconstructed based on
group level spatial maps using the GICA approach (Calhoun et al., 2001).

After obtaining the spatial maps and TCs of all subjects, we calculated
the one-sample t-test maps for each spatial map across subjects and the
mean power spectra of the corresponding TC. The one-sample t-test was
used to identify significantly activated voxels of each spatial map. We
selected a set of ICs as ICNs by considering their peak activations and
power spectrum. ICNs should exhibit peak activations in gray matter, low
spatial overlap with known vascular, ventricular, motion, and suscepti-
bility artifacts, and their TCs are dominated by low-frequency fluctua-
tions (Allen et al., 2014). ICNs were categorized into different domains
based on anatomy and prior knowledge of their function (Damaraju et al.,
2014). The following post-ICA processing steps were conducted on the
TCs of the selected ICNs to further remove remaining noise sources: 1)
detrending linear, quadratic, and cubic trends; 2) conducting multiple
regressions of the 6 realignment parameters and their temporal de-
rivatives; 3) de-spiking detected outliers; 4) low-pass filtering with a
cut-off frequency of 0.15 Hz. It should be noted that a band-pass filter of
0.01-0.1 Hz is one of the most commonly used filters in resting-state
studies but it is mainly used for seed-based analyses. For ICA analyses,
we have previously looked at this in detail in this paper (Allen et al.,
2011), which showed that the more stringent 0.1 Hz cutoff is removing a
substantial amount of the BOLD signal content, and a 0.15Hz cutoff
provides a better trade-off between removing noise and including signals
of interest.

Dynamic functional network connectivity estimation

For each subjecti=1 ... N, dFNC was estimated via a sliding window
approach. The six head motion parameters were regressed out from the
TCs to remove the influence of head motion on dFNC estimates. Since
subjects' data from different sites might have different scan lengths, we
only selected the first 150 time points of each individual's component TCs
for the dFNC estimation to control the impacts caused by different scan
lengths. We used a tapered window, which was obtained by convolving a
rectangle (window size =20TRs=40s) with a Gaussian (c=3), to
localize the dataset at each time point. We slid the window in steps of
1 TR, resulting in total T= 131 windows. The window size was selected
according to previous studies showing that the window size in the range
of 30's to 1 min was a reasonable choice for capturing dynamic patterns
in functional connectivity (Allen et al., 2014; Damaraju et al., 2014;
Hutchison et al., 2013a). Other window sizes were also tested and the
results were consistent among a wide range of window sizes (16 TR to
24 TR: 32s to 48s). The results of other window sizes were provided in
supplementary materials. We calculated the covariance matrices > ;(t),
t=1 ... T, from windowed data to measure the dFNC between ICNs.
Since the windowed data might not have enough information to char-
acterize the full covariance matrix, we used graphical LASSO method
(using L1 norm to promote sparsity) to estimate the regularized precision
matrix Y7 (¢) first and calculated the covariance matrix 3" (¢) from the
precision matrix. The regularization parameter A was optimized for each
subject by using a cross-validation framework. The dFNC estimates of
each window for each subject, Zfl (t), t=1 ... T, were concatenated to
form a C x C x T array (where C denotes the number of ICNs and T de-
notes the number of windows), which represented the changes in brain
connectivity between ICNs as a function of time.


http://lfcd.psych.ac.cn/ccs.html
http://mialab.mrn.org/software/gift
http://mialab.mrn.org/software/gift

Z. Fu et al. Neurolmage 190 (2019) 191-204

“i Identification of intrinsic connectivity networks (ICNs)

For each subject

‘Back-reconstruct‘

1%

TR o S

[ Group ICA |

—_—

wg Assessment of dynamic functional network connectivity (dFNC)
Estimation of dFNC

Sliding window approach with graphic lasso

o

Subject

‘3 Hard clustering state analysis and fuzzy meta-state analysis

Step 1: k-means clustering on exemplars

‘ Select subject-specific exemplar windows

Step 2: hard clustering state analysis and fuzzy meta-state analysis
on all dFNC estimates

) Hard clustering state analysis:
> ‘ k-means clustering on all dFNC estimates
[

: w
\ U]
\ — T ¥ —> States occurrence
D n
(2) —
K- ns cl in X | —_— ‘:
means clusteri g on exemplars ‘ Z~ L BT

-~

State 1 State 2 State 3 State 4 State 5

-
F
3.,

o a5

0 20 40 60 80 100 120
T

au
gy
==

as regressors l as initial centroids

Cluster centroids —> Meta-states number
o [12]2 1
® [4]1]3 4 — Meta-states switching times|
N ABE 2| |
— > wu |1]4]4 1 —»\Occupied meta-states range\
E B2 3
T L— |Overall traveled disance

Fuzzy meta-state analysis:
regress all dFNC estimates on cluster centroids

Fig. 1. The flowchart to investigate aberrant dynamic brain connectivity in ASD.

Hard clustering analysis provide extremely similar results (Allen et al., 2014). Our analysis used
the dFNC between ICNs for clustering (total features = C x (C-1)/2). To

To assess the reoccurring dFNC patterns and investigate transient reduce the redundancy between windows, the subject-specific array 3"
thalamic-sensory connectivity, we conduct a hard clustering state anal- was firstly subsampled along the window dimension. Subject-specific
ysis on the windowed dFNC estimates. The basic idea of the hard clus- exemplars were chosen as those time windows with local maxima in
tering state analysis is to assume that functional brain network will enter dFNC variance across all dFNC pairs. Then the k-means clustering was
in different states with distinct dFNC patterns. The windowed covariance conducted on selected exemplars and was repeated 100 times (with
matrices were clustered into a set of separate clusters using the k-means random initialization of centroid position) to obtain the group cluster
clustering method with the L1 norm as the distance function. Our pre- centroids (functional states). The obtained group centroids were further
vious work has demonstrated that different distance functions would used as the initial centroids to cluster all subjects' windowed dFNC (total
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instances = N x T). The optimal number of clusters was estimated by the
elbow criterion, which is defined as the ratio of within clustering distance
to between clusters distance. The number of clusters was determined as
k=5, which was consistent with our previous dFNC study on schizo-
phrenia (Damaraju et al., 2014). We have used other methods encoded in
the GIFT toolbox to estimate the number of clusters (Akaike information
criterion, Bayesian information criterion, Dunns index, and silhouette)
and calculated the average of all estimates. The results are the same with
the result obtained by elbow criterion. Furthermore, in the supplemen-
tary materials, we also provided results using 4 and 6 as the number of
clusters, because the number in the range of 4-6 were shown to be
reasonable choices in previous dynamic functional connectivity studies.
The overall results in the supplementary materials demonstrate that the
identified atypical patterns in dynamic functional connectivity are
consistent over the investigated range of the number of clusters.

To investigate whether individuals with ASD enter in different func-
tional states more or less frequently, we examined the group difference in
percentage occurrence of functional states. The percentage occurrence of
each functional state was calculated by dividing the number of total
windows by the number of time windows which were assigned to each
state. To count the occurrence of one state, we only used the subjects'
data with at least one window belonging to that state. A general linear
model (GLM) was applied to examine the effect of diagnosis on occur-
rences of functional states (control covariates: age, FIQ, mean FD, eyes
state, and site). The diagnosis variable is binary, in which ASD was set as
1 and TD was set as 0. We conducted the statistical analysis on each site to
examine the consistency of these results in the supplementary materials.
The overall results showed that although the effect sizes are different
across sites, the majority of sites have consistent results with the results in
the main text. We also investigated whether percentage occurrences of
functional states are associated with autistic traits, which were measured
by total ADOS score. The GLM was used to examine the effect of ADOS
score on the abnormal occurrences in both ASD group (control cova-
riates: age, FIQ, mean FD, eyes state, and site) and in all samples (control
covariates: diagnosis, age, FIQ, mean FD, eyes state, and site). For mul-
tiple comparisons, results were corrected using the false discovery rate
(FDR) (Benjamini and Hochberg, 1995) with correction threshold
q=0.05.

We further explored the presence of abnormal patterns in transient
dFNC by examining the group difference in dFNC between thalamic ICNs
and ICNs within sensory domains in each functional state. A GLM was
applied to examine whether dFNC differences are associated with diag-
nosis (control covariates: age, FIQ, mean FD, eyes state, and site). We
conducted the same statistical analysis on each site and the overall results
are consistent (results are provided in the supplementary materials). We
then used GLM to examine the effect of ADOS score on those aberrant
dFNC in both ASD group (control covariates: age, FIQ, mean FD, eyes
state, and site) and in all samples (control covariates: diagnosis, age, FIQ,
mean FD, eyes state, and site). This was performed for each dFNC with
significant group difference. Results were corrected using the FDR for
multiple comparisons. The GLM analysis was not conducted in the TD
group because only a few TD subjects have ADOS score measured (only
18 subjects).

High-dimensional fuzzy meta-state analysis

A fuzzy meta-state analysis (Miller et al., 2016) was further per-
formed to investigate atypical dynamic patterns of the whole brain
functional network. This analysis assumes that the whole-brain dFNC in
each time window is formed by weighted sums of basic dFNC patterns,
and the basic patterns would simultaneously contribute to the magnitude
and direction of each dFNC across time. In a complementary analysis to
the hard clustering analysis performed above, we used the group cluster
centroids obtained previously (Section 2.6) as basis dFNC patterns and
performed a soft analysis where the dFNC at each time window is the
weighted sum of all functional states. In each time window, by regressing
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dFNC estimates Zi“ (t) on the group cluster centroids, we obtained a

weight wi(t) = (w}(t), w3 (t), W3 (t), w} (),
@3 (t)) representing the contributions of the basic dFNC patterns to
the windowed dFNC. Then, to convert the real value weight vectors
to discrete meta-states, we replaced the vector weights with a value in +
(1, 2, 3, 4). The weight vector w;(t) = (0} (t), W2(t), w3 (t), @f(t), @} (b))
was converted to 4;(t) = (A} (t), 22(t), 23(t), A} (1), 22(t)), where ¥ € { +
1, £2, 43, £4}, k=1 ... 5 representing the quartile of the weights
falls into. The A;(t) = (A} (t), A2(t), 23(t), A}(t), 2 (t)) vectors are defined
as meta-states.

Four dynamism measures were calculated based on the meta-states
vector to evaluate the global dynamic properties of the whole func-
tional brain network: 1) meta-states number; 2) meta-states switching
times; 3) occupied meta-states range; 4) overall traveled distance. Meta-
states number records the number of distinct meta-states an individual
passed through. Meta-states switching times measures how many times
individuals switch among different meta-states. Occupied meta-states
range evaluates how divergent the meta-states occupied are. Overall
traveled distance measures total switching distance among different
meta-states. Additional details of the meta-state framework and the four
global metrics of connectivity dynamism can be referred to (Abrol et al.,
2017; Miller et al., 2016).

We employed a GLM to examine the effect of diagnosis on these four
dynamism measures. Age, FIQ, mean FD, eyes state and site were set as
covariates and their influences were regressed out. To investigate
whether these global dynamic properties are associated with autistic
symptoms, the GLM was further used to examine the effect of ADOS score
on these four metrics in both ASD group (control covariates: age, FIQ,
mean FD, eyes state, and site) and in all samples (control covariates:
diagnosis, age, FIQ, mean FD, eyes state, and site). Results were corrected
using FDR with ¢ =0.05.

five-dimensional vector

Results
Spatial ICA and ICNs

The resulting spatial maps are shown in Fig. 2 Overall 51 ICs were
identified as ICNs, and were categorized into the following 7 domains:
subcortical domain (SC), auditory domain (AD), visual domain (VS),
somatomotor domain (SM), cognitive control domain (CC), default-mode
domain (DM), and cerebellar domain (CB). The identified ICNs had low
spatial over-lap with known vascular, ventricular and brain edge, and
were with their activation peaks fell on gray matter. The detailed spatial
maps, component labels and peak coordinates of each ICN are provided
in the supplementary materials.

Group difference in occurrences of functional states

The group difference in occurrences of functional states and the dFNC
patterns of each functional state are shown in Fig. 3 Note that different
functional states had different connectivity patterns. Functional con-
nectivity between DM and VS were negative only in state 2 and state 3.
Functional connectivity between CB and SM, and between SB and sen-
sory domains (AD, VS, and SM) were only negative in state 5. Strong
positive functional connectivity within sensory domains was observed in
states 1, 2, 3 and 5. Functional connectivity was weaker in state 1 and 4,
especially in state 4, which was a state with the least negative connec-
tivity between DM and other domains. Among five functional states, two
states' occurrences were associated with the diagnosis effect. Compared
with TD controls, individuals with ASD had less occurrence in state 1
(p =0.0204, FDR corrected, ¢ =0.05), and more occurrence in state 4
(p=0.0011, FDR corrected, g =0.05). There was no significant associ-
ation identified between occurrences of functional states and ADOS
score.
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Fig. 2. Spatial maps of the 51 identified ICNs, sorted into seven resting-state domains. Each color in the spatial maps corresponds to a different ICN.

Increased transient dFNC between thalamic and sensory regions in ASD,
and its association with ADOS score

The group differences in dFNC between thalamic ICNs and ICNs
within sensory domains are displayed in Fig. 4 In this study, two thalamic
ICNs and 21 sensory ICNs were identified by GICA. Interestingly, the
group difference was only observed in one thalamic ICN (hypothalamus
and subthalamus) related dFNC. Relative to TD controls, individuals with
ASD always had increased dFNC between hypothalamus/subthalamus
and sensory ICNs in certain functional states. In state 2, dFNC between
hypothalamus/subthalamus and two ICNs within sensory domains were
significantly larger in ASD. These ICNs included right postcentral gyrus
(R PoCG) (p=3.10 x 10’4, FDR corrected, ¢=0.05), bi paracentral

lobule (Para CL) (p = 0.0021, FDR corrected, g = 0.05). In state 4, dFNC
between hypothalamus/subthalamus and lingual gyrus (LingualG) was
less negative in the ASD group (p=3.82x 10" FDR corrected,
q=0.05).

ADOS score clearly distinguished individuals with ASD and TD con-
trols at the group level (p=6.12 x 10~%). The scatter plots of the asso-
ciations between the abnormal dFNC and ADOS score are shown in Fig. 5
ADOS score was positively correlated with dFNC between hypothala-
mus/subthalamus and R PoCG in state 2 for ASD group (p = 0.0066, FDR
corrected, ¢ =0.05) and for the whole samples (p =0.0034, FDR cor-
rected, ¢ =0.05). It should be noted that only the dynamic brain con-
nectivity between R PoCG and a thalamic ICN was atypical in ASD and
associated with the autistic symptoms.
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Fig. 3. Upper: group difference in percentage of occurrences of five functional states. Bar represents the mean occurrence of each state, while error bar represents the
standard error of mean of occurrence. Two out of five states have significant group difference. Asterisks indicate the significance (FDR corrected, g = 0.05). Lower: the
cluster centroids of five functional states, along with the count of subjects that have at least one window clustered into each state.

Decreased functional network dynamic, and its association with ADOS
score

The meta-state results showed that the four dynamism measures
consistently decrease in ASD group. Results are displayed in Fig. 6 In-
dividuals with ASD passed through fewer distinct meta-states (measured
by the number of distinct meta-states subjects occupy, mean TD = 24.14
total states, mean ASD =21.92 total states; diagnosis effect was FDR
corrected, ¢ = 0.05) and traveled less frequently between occupied meta-
states (measured by the number of times that subjects switch from one
meta-state to another, mean TD = 37.12 changes, mean ASD = 35.24
changes; diagnosis effect was FDR corrected, ¢ = 0.05). In addition, in-
dividuals with ASD stayed in a smaller radius of the meta-state space
(measured by largest L1-distance between meta-state, mean TD = 8.30
diameter, mean ASD =7.64 diameter; diagnosis effect was FDR cor-
rected, g = 0.05) and traversed less overall distance (measured by sum-
med L1 distance between all meta-states, mean TD =43.39 total
distance, mean ASD =40.36 total distance; diagnosis effect was FDR
corrected, ¢ =0.05). We further investigated whether the connectivity
dynamism measures are associated with ASD symptoms and the results
are displayed in Fig. 7 and Fig. 8 Three dynamism measures were
significantly and negatively correlated with ADOS score in both ASD
group and whole samples (except for the occupied meta-states range,
although there is still a negative correlation between occupied meta-
states range and ADOS score). Subjects with more severe autistic symp-
toms would have fewer dynamic patterns of the whole-brain functional
network.
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Discussion

In this study, we investigated ASD-related abnormalities in resting-
state dynamic brain functional connectivity. Our results showed that
both TD controls and individuals with ASD had similar brain functional
states, but they spent markedly different lengths of time in different
states. Compared with TD controls, individuals with ASD showed
hyperconnectivity between hypothalamus/subthalamus and sensory re-
gions only in certain functional states. By analyzing the global dynamic
properties of the whole-brain functional network, we also found that the
functional brain network of individuals with ASD operated within a
limited dynamic range with less dynamic fluidity. Interestingly, the
identified abnormalities in dynamic brain functional connectivity were
associated with the severity of autistic traits indexed by ADOS score.

Reoccurring functional states

Our findings, together with dynamic states research on other psy-
chiatric disorders (Damaraju et al., 2014; Rashid et al., 2014; Yu et al.,
2015), suggest the importance of evaluating transient aspects of con-
nectivity. Brain connectivity is highly variable over time, which might
represent flexibility in functional coordination between distinct brain
systems. In this study, we observed that the functional connectivity
varied among functional states. For example, negative dFNC between
sensory regions and regions within the sub-cortical network was only
observed in functional state 5. Sensory regions were highly synchronous
in functional state 2, 3 and 5, but their synchronous patterns were
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Fig. 4. Group difference in functional connectivity between hypothalamus/subthalamus and ICNs within sensory networks in state 2 and state 4. Bar represents the
mean dFNC within this functional state, while error bar represents the standard error of mean of dFNC. Asterisks indicate significance (FDR corrected, g = 0.05).
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Fig. 5. The scatter plots illustrate the association between classic total ADOS and functional connectivity between hypothalamus/subthalamus and right postcental
gyrus (R PoCG) in functional state 2 in ASD group/whole samples. Red circles represent the individuals with ASD with dFNC in functional state 2 and ADOS score
measured. Blue circles represent the TD controls with dFNC in functional state 2 and ADOS score measured. Asterisks indicate the significance (FDR cor-
rected, ¢ = 0.05).

20 25

different. State 4 was the most frequently reoccurring state, which with ASD showed significantly different occurrences in two functional
resembled the static dFNC patterns, consistent with our previous findings states. Individuals with ASD spent more time in state 4 with weak dFNC
(Allen et al., 2014; Damaraju et al., 2014). TD controls and individuals patterns and less negative dFNC between DMN and other networks, while
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among meta-states). Bar represents the mean of each dynamism measure, while the error bar represents the standard error of mean of each measure. Asterisks indicate

the significance (FDR corrected, q = 0.05).

TD controls spent more time in state 1 with both positive and negative
dFNC patterns. The weak and diffuse functional state has been associated
with increased self-focused thoughts in a previous study (Marusak et al.,
2017). Individuals with ASD have been shown to suffer increased levels
of self-focus, which might be associated with the depression caused by
autism (Meyer et al., 2006; Varga, 2011). We speculate that the increased
occurrence of functional state 4 in ASD group may be due to more time
spent by individuals with ASD on self-focused thinking during the
resting-state.

Hyperconnectivity between hypothalamus/subthalamus and sensory regions

Relative to TD controls, individuals with ASD had increased transient
dFNC between thalamic and several sensory regions. By using a relatively
high model order (100 components), we identified two different thalamic
networks (dorsal thalamus and hypothalamus/subthalamus) and found
that the aberrant connectivity was only related to hypothalamus/sub-
thalamus. These results are in line with previous studies showing
increased static functional connectivity between thalamus and sensory
cortex in ASD, such as auditory, visual and somatomotor networks
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(Cerliani et al., 2015; Tomasi and Volkow, 2017) to some extent. More
interestingly, our results revealed additional information of the atypical
thalamic-sensory connectivity that such abnormalities only exist during
specific functional states, not across the whole resting-state. Our results
suggested two possible explanations of previous contradictory findings
on static thalamic-sensory connectivity. Firstly, ASD does not impair all
the interactions between thalamic networks and sensory networks. Only
hypothalamus/subthalamus related brain connectivity is affected by the
ASD. A recent study showed that the subtypes and locations of brain
networks (e.g. DMN) have a significant influence on the functional
connectivity and such influence might result in inconsistent findings
across different studies (Chen et al., 2017). An ASD study also showed
that the spatial scales of functional connectivity affect the observed ab-
normalities in ASD (Khan et al., 2015). Abnormalities in hypothalamus
such as diminished gray matter and atypical activity (Ellegood et al.,
2015; Kurth et al., 2011; Mazurek et al., 2013) have been previously
reported in ASD with the speculation that these findings might be asso-
ciated with the sensory over-responsivity. Our results might support this
hypothesis by providing evidence for the presence of atypical connec-
tions between hypothalamus and sensory regions. Secondly, the observed
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with ASD, while blue circles represent the TD controls. Asterisks indicate the significance (FDR corrected, g = 0.05).

reoccurring functional states have been suggested to be associated with consistently throughout the scan, but rather affects parts of these
the mental processes (Allen et al., 2014; Marusak et al., 2017). Our re- pathways during certain mental processes. Heterogenous sensory pro-
sults suggest that ASD does not affect the thalamic-sensory pathways cessing differences are widely reported in ASD, such as hyper- or
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hyporesponsiveness to sensory stimuli (Baranek et al., 2013; Green et al.,
2013; Marco et al., 2011; Rogers and Ozonoff, 2005), suggesting the
atypical sensory processing to be potential biomarkers of ASD, which
could serve as a diagnostic criterion (Association, 2013; Marco et al.,
2011). Altered sensory processing in ASD might stem from aberrantly
enhanced sensory input from subcortical regions to sensory cortex during
some mental processes, as reflected in our findings of hyperconnectivity
between hypothalamus/subthalamus and sensory regions during certain
functional states.

The observed abnormalities in dFNC were also associated with the
severity of autistic symptoms measured by ADOS score. Previous studies
have shown that the variability of autistic symptoms indexed by other
measures can be captured by static resting-state functional connectivity
(Cerliani et al., 2015; Di Martino et al., 2009). In the present study, we
found that individuals with ASD had significantly larger ADOS score
compared with TD controls and such aberrant high ADOS score was
associated with enhanced dFNC between hypothalamus/subthalamus
and R PoCG (consistent in both ASD group and whole sample). Our re-
sults suggest that dynamic functional connectivity can capture the vari-
ability of the ADOS score and might serve as a potential biomarker for
diagnosing ASD and predicting autistic symptoms. The observed associ-
ation between ADOS and dFNC included the component which was
localized to the right hemisphere, compatible with the idea that im-
pairments of right hemisphere might be associated with behavioral
findings in ASD. Functional impairments of right hemispheric regions
have been reported in several studies (Orekhova et al., 2009; Stroganova
et al., 2007), and these impairments have been suggested to be related to
abnormalities characteristic of ASD.

Abnormalities in global dynamic properties of dFNC

In this study, we applied a fuzzy meta-state method to analyze the
dynamic properties of the whole-brain functional network in autism. This
method is based on the assumption that a given time point of the func-
tional network could be formed by a small set of brain connectivity
patterns (Miller et al., 2016; Preti et al., 2016). A meta-state, therefore,
captures the whole pattern of activity levels across connectivity patterns.
The meta-state analysis is an advanced technique to probe the evolution
of whole-brain network configuration and may improve our under-
standing of the brain function from a global perspective (Lottman et al.,
2017; Miller et al., 2014; Miller et al., 2016). We found significant group
difference in all of the dynamism measures, suggesting globally-reduced
brain functional fluidity and dynamic range. A previous study suggested
that moving more frequently across functional states with strong and
clear connectivity patterns would lead to larger meta-state space changes
(Preti et al., 2016).

The observed abnormal global dynamics are supported by previous
findings in both animal models and human subjects, which suggested
that the autism may be characterized by “undifferentiated brain states”
(Rubenstein and Merzenich, 2003; Uddin et al., 2014). The ASD-related
diminished changes in brain connectivity have been reported in the
literature and such abnormalities might underlie the symptoms associ-
ated with autism. Individuals with ASD have been identified to exhibit
fewer changes in functional connectivity configuration between
task-state and resting-state, and such weak modulation of brain states
was suggested to contribute to the repetitive behaviors in ASD (Uddin
et al., 2014). Another study has identified atypical modulation of func-
tional connectivity in individuals with ASD when they swift from
resting-state to the task state (You et al., 2013). Resting-state is a highly
non-stationary condition which includes distinct brain states corre-
sponding to different mental processes. Therefore, it is reasonable to
speculate that the dynamics of brain connectivity configuration during
the resting-state might also have aberrant patterns associated with ASD.
The observed diminished dynamics of the resting-state functional
network in our study extend previous “task vs rest” findings to single
resting-state condition and indicate that the weak modulation of brain
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network configuration in ASD not only exist between task and rest, but
also within the resting-state.

We found significant associations between the dynamism measures
and ADOS symptom scores, consistent with previous observations of
associations between atypical brain dynamics and autistic symptoms
(Watanabe and Rees, 2017). Watanabe et al. reported that
high-functioning adults with ASD showed fewer transitions among brain
states in the resting-state, with these neural dynamics associated with the
severity of autism (Watanabe and Rees, 2017). Although this study
characterized the brain states using the brain activity not the functional
connectivity, its results still implied critical links between autistic
symptoms and decreased brain dynamics, which matched the current
findings of associations between ADOS score and diminished dynamics of
whole-brain functional configuration. Our current findings are also
compatible with the idea of a relationship between functional network
discriminability and restricted behaviors in ASD (Uddin et al., 2014), and
provide new evidence of a potential link between changes in whole-brain
functional network configuration and social & communication deficits
that characterize this disorder.

Limitations and future directions

In this study, there are some issues which may deserve investigation
in future work. Although we speculated that these dFNC abnormalities
might be a potential cause of the presence of atypical sensory processing
in ASD, it is still not clear whether and how these abnormalities in dFNC
influence the sensory processing during sensory stimulation. Our hy-
pothesis could be further corroborated by conducting functional state
analysis on task designed fMRI which specifically probes sensory pro-
cesses (Baron-Cohen et al., 2009; Bor et al., 2008; Gomot et al., 2008;
Minshew and Hobson, 2008).

Our previous work has also reported abnormal dynamic functional
connectivity in schizophrenia (Damaraju et al., 2014), including the
abnormal occurrence of functional states, hyperconnectivity between
thalamic and sensory regions within certain functional states, diminished
dynamic fluidity and decreased dynamic range, which was similar to our
present observed abnormalities in ASD. Schizophrenia and autism have
overlapping molecular-genetic substrates and a number of behavioral
phenotypic correspondences (De Lacy and King, 2013) and it is therefore
intriguing that we found similar high-dimensional dynamic properties
between these conditions. Future work will inform the specificity of these
findings.

We examined the consistency of our results across sites in the sup-
plementary materials. The majority of sites showed consistent results
with the results in the main text. However, the effect size is somewhat
variable across sites. We argue that these differences may be due to
several reasons. Firstly, previous studies have shown that ASD is a
common and heterogeneous neurodevelopmental disorder and the vari-
ation of functional connectivity within ASD has been widely reported
(Geschwind and Levitt, 2007; Hull et al., 2017; Lenroot and Yeung, 2013;
Lynch et al., 2013; Masi et al., 2017). The heterogeneity of ASD etiology,
behaviors and cognition might be a possible cause of the difference in the
effect sizes. Secondly, the number of subjects is significantly different
across sites. Moreover, k-means clustering can result in fewer subjects for
statistical analysis because not all the subjects have at least one window
assigned to a specific functional state. This might further unbalance the
number of subjects across sites. Some sites have limited number of sub-
jects and thus they could not fully characterize the population. Thirdly,
different sites used different scanners and parameters (for example, the
number of slice and the number of measurements). Although we have
tried to control these difference (for example, we selected subjects with
more time measurements and used the same number of measurements
from each subject), such difference might still influence the properties of
the dataset and impact the effect size. That is why we need to control the
confounding effects from sites and conduct analysis on subjects from all
sites.
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In the current study, we considered gender as a confounding effect
which might affect our dynamic functional connectivity analysis and thus
used a careful subject selection criterion by choosing only male subjects.
To guarantee the accuracy of dynamic functional connectivity estimation
and the further analysis, we used very strict criteria for subject selection
(as described in section 2.1). If we used the same criteria to select female
subjects, only 93 female subjects remain. More importantly, among these
93 females, only 15 of them have ADOS score measured, which is also not
enough for a correlation analysis. Therefore, in this study, we did not
conduct a separate analysis for females. In future studies with more
subjects and greater statistical power, we would like to investigate
whether female ASD subjects have similar or distinct atypical dynamic
patterns in functional connectivity.

Conclusion

Conventionally, atypical functional connectivity in ASD has been
investigated from the static perspective. In this study, by combining a
sliding window approach and the k-means clustering method, we
investigated group differences between TD controls and individuals with
ASD in dynamic patterns of local and global brain connectivity. Our re-
sults showed that individuals with ASD have higher transient connec-
tivity between hypothalamus/subthalamus and right postcentral gyrus,
bi paracentral lobule and lingual gyrus only in several functional states.
We also found that global functional network of individuals with ASD
exhibits fewer dynamic patterns and is more stable during the resting-
state. Moreover, these observed atypical patterns in dynamic functional
connectivity were highly correlated with autistic symptoms indexed by
the ADOS score. Overall, our results suggest transiently increased
thalamic-sensory connectivity and decreased whole-brain dynamism in
autism. We propose that such abnormal dynamic functional connectivity
in autism can be related to atypical sensory processing and weak mod-
ulation of brain network configuration during the resting-state.
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