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a b s t r a c t 

Alterations in static functional brain networks have previously been reported in Autistic Spectrum Disor- 

der (ASD). Although functional brain networks are known to be time-varying, alterations in time-varying 

or dynamic brain networks in ASD is largely unknown. Hence, in this study, we analyze resting-state 

fMRI data of ASD group versus Typically Developing Control (TDC) group to understand alterations in 

dynamic functional brain networks in ASD vis-à-vis healthy controls. We introduce a new framework 

for extracting overlapping dynamic functional brain networks to study these alterations. We utilize slid- 

ing window approach along with the recent Multivariate Vector Regression-based Connectivity (MVRC) 

method to construct functional connectivity (FC) matrices in each time-window. Further, we build three- 

mode subject-summarized spatio-temporal tensor in both ASD and TDC groups. This tensor is utilized to 

determine a set of overlapping dynamic functional brain networks and their temporal profiles. This helps 

us in studying alterations in dynamic brain networks in ASD subjects at the group-level. The proposed 

framework is tested on two publicly available resting-state fMRI dataset of ASD and normal controls. Our 

analyses on resting-state fMRI data indicate that dynamic functional brain networks of ASD subjects are 

altered compared to the TDC group. Two-sample t -test is used to establish the statistical significance of 

the differences observed in network strengths of the two groups. Compared to the TDC subjects, autistic 

subjects showed alterations in multiple functional brain networks including cognitive control, subcortical, 

auditory, visual, bilateral limbic, and default mode network. The proposed methodology is able to pro- 

vide information on alterations in dynamic functional brain networks in ASD and may provide potential 

biomarkers for studying human brain disorders. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Autism Spectrum Disorder (ASD) is a neuro-developmental dis-

rder characterized by impairment in social behavior or com-

unication skills and, repetitive behavior or restricted interests

 Frith and Happ, 1999 ). The study of alterations in brain networks

nd aberrant connectivity in ASD is generally considered a promis-

ng approach to find abnormalities in the functioning of human

rain ( Hull et al., 2017 ). The connectivity is commonly character-

zed by (1) structural connectivity that helps to track structural al-

erations in ASD, (2) effective connectivity that helps to understand

he influence of one region over other regions of interest (ROIs),

nd (3) functional connectivity (FC) that helps to identify func-

ional relationship between pairs of ROIs. Electroencephalograms

EEG), Magnetoencephalograms (MEG), and functional Magnetic

esonance Imaging (fMRI) are functional neuroimaging modalities
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hat are used to study altered FC in ASD subjects. In this study,

e utilize fMRI data to study altered functional brain networks

ecause it has higher spatial resolution compared to the other

odalities. 

In fMRI, a brain volume is scanned multiple times, where each

can consists of a set of images. Strictly speaking, a set of 3D

mages consisting of multiple voxels (3D volumetric pixel) is ac-

uired. Each voxel’s time-series is known as Blood Oxygenation

evel-Dependent (BOLD) signal that is an indirect measure of neu-

onal activity ( Ogawa et al., 1990 ). fMRI has been used for esti-

ating aberrant FC in ASD during a task condition ( Minshew and

eller, 2010 ) and in resting-state condition ( Cherkassky et al.,

006 ). In ASD, BOLD signals have been observed to show aberrant

onnectivity in many functional networks such as Visual Network

VN), Somato-motor Network (SMN), Auditory Network (AN), Cog-

itive Control Network (CCN), and Default Mode Network (DMN)

 Hull et al., 2017 ). It is envisaged that the identification of brain

etworks using FC may provide potential biomarkers to understand

he organization and alterations of brain networks in ASD. 

https://doi.org/10.1016/j.media.2019.05.007
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.05.007&domain=pdf
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1 http://fcon _ 10 0 0.projects.nitrc.org/indi/abide/ . 
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Typically, functional brain networks are studied using static

functional connectivity (sFC) analysis that assumes networks to

be static during the entire scan session. Some studies have

shown general impairment in ASD subjects compared with TDC

( Hull et al., 2017 ), some have focused on assessing differences in

FC associated with age ( Wiggins et al., 2011 ), and others have fo-

cused on alteration of a particular region’s connectivity in ASD

( Aarti et al., 2014 ). However, it has been reported that brain

networks change with time and are inherently non-stationary

over the duration of a single scan ( Hutchison et al., 2013b ).

Hence, sFC may not fully capture these time-varying brain net-

works. Although dynamic functional connectivity (dFC) based anal-

ysis is emerging as a promising technique complementary to sFC

( Hutchison et al., 2013b ), the study of dFC based fMRI analysis in

ASD has been reported only in a few studies ( Yao et al., 2016 ).

Yao et al. (2016) studied network states from correlation matrices,

but did not extract overlapping dynamic brain networks. 

Given that static FC has helped to understand the cognitive im-

pairment in ASD, a dynamic FC approach may add relevant infor-

mation as it represents the dynamic nature of the brain more ac-

curately. Recent methods in dFC have relied upon sliding window

based analysis ( Hutchison et al., 2013b ). These methods divide the

scan into overlapping windows and calculate FC in multiple over-

lapping time windows. This leads to multiple window-indexed FC

matrices. Most work in dFC, until now, focused on identifying non-

overlapping communities/networks, where a community is defined

as a group of densely interconnected ROIs and is referred to as

a functional brain network in our context. This is to note that

there is a considerable indication of overlapping brain networks

as observed with independent component analysis ( Calhoun et al.,

2001 ). Indeed, there is an increasing realization that one brain re-

gion may belong to several brain communities/networks simulta-

neously and thus, overlapping networks may provide critical infor-

mation about brain’s network organization. 

FC based overlapping communities have been studied recently

for sFC on normal subjects ( Najafi et al., 2016; Aggarwal and Gupta,

2018 ). Although some steps have been taken towards identifying

overlapping static communities, literature is still scarce on identify-

ing dynamic communities. To the best of our knowledge, character-

ization of overlapping dynamic communities in ASD has not been

investigated. Overlapping brain networks are important in autism

because it is well known that in autism, although brain regions

show activation, there is less coordination between regions. This

problem leads to reduced attention, difficulty in prioritizing tasks,

inhibition in brain required for executing intended tasks, and be-

havioral problems. All these problems signify that functional brain

networks are affected and perhaps, random nodes are grouped

together leading to overlapping networks. Hence, this work con-

tributes toward identifying and studying dynamic overlapping net-

works of both ASD and TDC groups by combining the recently pro-

posed multivariate graph learning method ( Aggarwal et al., 2017 )

and tensor decomposition based processing for identifying overlap-

ping networks. Such a work may add better understanding or aid

in the diagnosis of ASD vis-à-vis TDC since the diagnosis of ASD

is quite challenging owing to it being a disorder over wider spec-

trum (varying degree of autism across subjects and hence, is called

autism spectral disorder or ASD). 

Key contributions of this work are as follows: 

• A tensor-based model for the identification of multi-subjects’

dynamic functional brain networks is proposed. 
• A framework is developed for the discovery of overlapping

functional brain networks using tensor factorization. 
• The performance of the proposed method is evaluated on two

publicly available fMRI dataset consisting of ASD and TDC sub-
jects. Consistent findings, illustrating differences between ASD

versus TDC groups, has been observed in all tests. 

The remainder of this paper is organized as follows. We present

ata description with the methodology in Section 2 , experimental

esults in Section 3 , results in Section 4 followed by concluding

emarks in Section 5 . 

. Materials and methods 

.1. Data description 

In this study, we have used two publicy available dataset that

re described below. 

Dataset-1 (GU dataset): This is the publicly available Autism

ataset contributed by Georgetown University at the collection site

f Autism Brain Image Data Exchange II (ABIDE II 1 ). This dataset in-

ludes echo-planar images acquired on a Siemens Trio 3-T scanner

sing an Echo Time (TE) equal to 30 ms and Repetition Time (TR)

qual to 20 0 0 ms. It includes fMRI data of 55 TDC (age: 8.1 - 13.8

ears) and 51 ASD subjects (age: 8.1 - 13.9 years) scanned during

he resting state. Subjects underwent a 5 min, 14 s resting state

can with their eyes open in the awaken state. The fMRI data is

ollected for 152 brain volumes with 43 axial brain slices (dimen-

ion 64 × 64) in each volume. 

Dataset-2 (KKI dataset) : This dataset is the pediatric Autism

atasest contributed by Kennedy Krieger Institute (KKI) at the col-

ection site of ABIDE II. This dataset is chosen due to similar age

ubjects as that with GU dataset. This dataset consists of 155 TDC

age: 8 - 13 years) and 56 ASD subjects (age: 8 - 13 years). Im-

ges are acquired on a Philips 3-T scanner using an Echo Time (TE)

qual to 30 ms and Repetition Time (TR) equal to 2500 ms. Sub-

ects underwent a 6 min, 40 s resting state scan with fMRI data col-

ected with 47 axial brain slices (dimension 64 × 64) in each vol-

me. 

.2. Data preprocessing 

All BOLD images are pre-processed using SPM12 (Statistical

arametric Mapping 2 ). First five brain volumes, accounting for T1

quilibration effect, are discarded in both dataset. The other func-

ional volumes are slice time corrected, motion corrected, spa-

ially normalized onto the Montreal Neurological Institute (MNI)

pace resulting into functional images of dimension 53 × 63 ×
2 (3-mm isotropic voxels) that are smoothed with a Gaussian

ernel of 6 mm full width half maximum. Finally, nuisance vari-

bles (6 head motion parameters, average cerebro-spinal fluid sig-

al from ventricular mask, and average white matter signal from

hite matter mask) are regressed out from each voxel’s time series

ollowed by bandpass filtering in the frequency range of 0.01 to

.08 Hz. 

Framewise displacement (FD) is used to identify temporal arti-

act in each subject by calculating the derivatives of the six rigid-

ody realignment parameters estimated during motion correction

reprocessing step ( Power et al., 2014 ). Subjects having more than

0% of total brain volumes with FD > 0.5mm were excluded from

urther analysis. This led to the rejection of 4 out of 55 TDC sub-

ects’ data and 12 out of 51 ASD subjects’ data from dataset-1,

nd rejection of 14 out of 99 TDC subjects’ data and 2 out of

1 ASD subjects’ data from dataset-2. This is to note that head

otion was minimized in dataset-1 by placing foam cushions in

he space between the participant’s head and the headcoil. We

ncluded only male subjects in both the dataset to control for

http://fcon_1000.projects.nitrc.org/indi/abide/
http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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Table 1 

Summary of TDC versus ASD Subjects’ data. 

Dataset-1 (GU) Dataset-2 (KKI) 

Characteristic TDC (S = 26) ASD (S = 35) TDC (S = 85) ASD (S = 39) 

Gender Male Male Male Male 

Age (years) 

Mean (SD) 10.9 (1.62) 11.17 (1.49) 10.44 (1.49) 10.49 (1.53) 

Range 8.06–13.79 8.25–13.91 8.02–13 8.01–12.99 

Full Scale IQ 

Mean (SD) 120.32 (13.53) 119.06 γ (14.18) 114.9 (11.04) 101.8 γ (15.93) 

Range 91–148 95–149 94–140 84–148 

ADI-R 

Social total A – 19.74 γ (5.28) – 20.29 (4.08) 

Verbal total BV – 14.97 γ (4.91) – 15.75 (3.15) 

RRB total C – 5.09 γ (2.38) – 8.41 (2.45) 

R Onset total D – 2.56 γ (1.23) – 6.07 (2.03) 

ADOS 

Total – 10.52 ϒ (4.61) – –

Communication – 3.18 ϒ (1.54) – –

Social – 7.33 ϒ (3.53) – –

Stereo Behavior – 1.89 ϒ (1.58) – –

γ One subject’s score is missing. ϒ Seven ASD subjects do not have these scores. ’ - ’ signifies that these 

scores are not available for the TDC group. TDC: Typically Developing Control; ASD: Autism Spectrum Dis- 

order; ADI-R: Autism Diagnostic Interview-Revised; Social total A: Reciprocal Social Interaction Subscore 

A; Verbal total BV: Abnormalities in Verbal Communication Subscore; RRB total C: Restricted, Repetitive, 

and Stereotyped Patterns of Behavior; ADOS: Autism Diagnostic Observation; Stereo Behavior: Stereotyped 

Behaviors and Restricted Interest. 

Table 2 

List of indices and regions in the AAL 90 template. 

Index Region Index Region 

(1,2) Precental gyrus (PG) (47,48) Lingual gyrus (LG) 

(3,4) Superior frontal gyrus, dorsolateral (DSFG) (49,50) Superior occipital gyrus (SOG) 

(5,6) Superior frontal gyrus, orbital part (OSFG) (51,52) Middle occipital gyrus (MOG) 

(7,8) Middle frontal gyrus (MFG) (53,54) Inferior occipital gyrus (IOG) 

(9,10) Middle frontal gyrus, orbital part (OMFG) (55,56) Fusiform gyrus (FG) 

(11,12) Inferior frontal gyrus, opercular part (OPIFG) (57,58) Postcentral gyrus (POG) 

(13,14) Inferior frontal gyrus, triangular part (TIFG) (59,60) Superior parietal gyrus (SPG) 

(15,16) Inferior frontal gyrus, orbital part (OIFG) (61,62) Inferior parietal, but supramarginal and angular gyri (SMAG) 

(17,18) Rolandic operculum (RO) (63,64) Supramarginal gyrus (SMG) 

(19,20) Supplementary motor area (SMA) (65,66) Angular gyrus (AG) 

(21,22) Olfactory cortex (OC) (67,68) Precuneus (PRE) 

(23,24) Superior frontal gyrus, medial (MSFG) (69,70) Paracentral lobule (PL) 

(25,26) Superior frontal gyrus, medial orbital (MOSFG) (71,72) Caudate nucleus (CN) 

(27,28) Gyrus rectus (GR) (73,74) Lenticular nucleus, putamen (PUT) 

(29,30) Insula (INS) (75,76) Lenticular nucleus, pallidum (PAL) 

(31,32) Anterior cingulate and paracingulate gyri (ACC) (77,78) Thalamus (THA) 

(33,34) Median cingulate and paracingulate gyri (MCPG) (79,80) Heschl gyrus (HG) 

(35,36) Posterior cingulate gyrus (PCC) (81,82) Superior temporal gyrus (STG) 

(37,38) Hippocampus (HIP) (83,84) Temporal pole: superior temporal gyrus (TSTG) 

(39,40) Parahippocampal gyrus (PHG) (85,86) Middle temporal gyrus (MTG) 

(41,42) Amygdala (AMY) (87,88) Temporal pole: middle temporal gyrus (TSTG) 

(43,44) Calcarine fissure and surrounding cortex2 (CF) (89,90) Inferior temporal gyrus (ITG) 

(45,46) Cuneus (CUN) 

The odd and even indices represent left (L) and right (R) brain hemisphere regions, respectively. 
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ender differences that may be associated with functional brain

etworks. After quality check, a total of 26 TDC and 35 ASD sub-

ects remained from Dataset-1 (GU) and a total of 85 TDC and

9 ASD subjects remained from Dataset-2 (KKI) for our analysis.

 two-sample t -test with unequal variance showed no significant

ifference (at p < 0 . 05 significance level) in the age of two groups

f both the dataset ( Table 1 ). 

Preprocessed data is parcellated into 90 anatomical prede-

ned ROIs via Automated Anatomical Labeling (AAL) atlas (refer

o Table 2 ) ( Tzourio-Mazoyer et al., 2002 ). We averaged the time-

eries of all voxels belonging to the same ROI to find the region-

epresentative time series of every ROI. This resulted into a matrix

 of dimension T × N , where T denotes the number of time points

nd N = 90 denotes the number of ROIs obtained with AAL atlas.

etwork labels corresponding to each of the 90 ROIs are listed

t the bottom of Table 2 , based on the information provided in

 Karahanolu et al., 2013 ). 
.3. Multivariate vector regression-based static connectivity 

FC in individual participant is identified using the recently

roposed MVRC method ( Aggarwal et al., 2017 ). For the sake of

ompleteness, we first review the MVRC method of finding sFC

 Aggarwal et al., 2017 ). This method regresses the time-series of

ll regions (columns of X ) onto the time-series of other regions

nd estimates the adjacency matrix with the elastic-net penalty as

hown below: 

in 

˜ W 

1 

2 

∥∥X − X ̃

 W 

∥∥2 

F 
+ μ1 

∥∥ ˜ W 

∥∥
1 

+ μ2 

∥∥ ˜ W 

∥∥2 

F 
(1) 

here μ1 and μ2 are the regularization parameters and X ∈ R 

T ×N 

ontains the time-series of all N brain regions with T number of

ime points. Since matrix ˜ W is not symmetric, a positive symmetric

djacency or FC matrix G is obtained by G = ( 
∣∣ ˜ W 

∣∣ + 

∣∣ ˜ W 

∣∣T 
) / 2 . For
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more details on MVRC method and its implementation, one may

refer to Aggarwal et al. (2017) . 

2.4. Learning multivariate regression-based dynamic connectivity 

This is to note that MVRC method utilizes data of all T time

points in (1) to build the FC matrix G and hence, leads to the ex-

traction of static functional brain networks ( Aggarwal et al., 2017 ).

However, brain networks are known to be dynamic, wherein net-

work connections and their strengths change with time. One of

the most common ways to identify dFC is the sliding window ap-

proach, where a temporal window of a certain time duration is

decided and slided by one time point, in general, to capture dy-

namic brain networks. This process is repeated until all T time

points are covered via sliding windows. Inside each single win-

dow, FC is estimated independently of the data of other windows

and networks are assumed to be static within the duration of

each window length. In this paper, we have utilized MVRC method

( Aggarwal et al., 2017 ) in every window to estimate the FC matrix

G w 

∈ R 

N×N , where the subscript w denotes the w 

th window. We

computed this matrix in each time-window and formed a tensor

T of dimension N × N × L , where N denotes the number of ROIs

and L denotes the total number of windows. dFC requires pre-

defined window length in sliding window approach. There is al-

ways a dilemma in choosing an appropriate window length be-

cause results are strongly dependent on the chosen window length

( Hutchison et al., 2013b ). Shorter windows may provide spurious

changes in dFC leading to difficulties in distinguishing signals of

interest from other confounding factors ( Chang and Glover, 2010 ).

On the other hand, larger duration windows may not capture time-

varying functional networks. In a recent work, it has been shown

that window length is dependent on the preprocessing step of

bandpass filtering of BOLD time series ( Leonardi and Ville, 2015 ).

Lowest frequency f min of the filter provides an appropriate window

length that is equal to 1 / f min ( Leonardi and Ville, 2015 ). It is a sim-

plified relationship between the window length and the frequency

content of a signal. We utilized this approach to select the window

duration. We considered a window length of 100 s corresponding

to the lowest frequency of 0.01Hz used in our pre-processing step

of filtering. With TR = 2 s of the Autism dataset, this corresponds to

50 time points in one window (50 TR). This window length helps

us in capturing one full cycle of the slowest bandpass filtered fre-

quency component. 

2.5. Group-level summarized dFC 

For every subject of a group, we computed tensors T with di-

mension N × N × L (region × region × window). We carry out

group-level dFC summarization that helps us in comparing TDC

versus ASD group-level differences/alterations in dynamic brain

networks. 

Generally, adjacency matrices are averaged over subjects to

form a single group-averaged adjacency matrix ( Thompson and

Fransson, 2015; Robinson et al., 2015 ). Since this averaging con-

siders equal contribution of every subject’s data to the resultant

adjacency matrix, it would result in loss of inter-subject variability.

Hence, in this work, we identified subject-summarized adjacency

matrix in each time-window by estimating activation associated

with each subject. 

We used dFC matrices of all subjects (region × region × sub-

ject) in one time-window w to identify group-level FC matrix (with

dimension region × region). The collection of adjacency matri-

ces of all subjects s = 1 , 2 , . . . ., S in one time-window forms a

three-mode spatio-subject tensor X ∈ R 

N ×N ×S , where N denotes

the number of ROIs and S denotes the total number of subjects.

The value of S may differ in the TDC and ASD groups. 
We utilized Tucker decomposition of X ∈ R 

N ×N ×S 

 Lathauwer et al., 20 0 0 ), to obtain N × N adjacency matrix in

ne time-window. It computes orthonormal subspaces corre-

ponding to each mode of the tensor and is defined as below:

 = C ×1 U 1 ×2 U 2 ×3 U 3 , (2)

here C ∈ R 

N ×N ×S is the core tensor, × k represent mode k prod-

ct, and U 1 ∈ R 

N×N , U 2 ∈ R 

N×N and U 3 ∈ R 

S×S denote the orthonor-

al mode matrices along all the three modes. The columns of U 3 

rovide connectivity information about subjects. The first left vec-

or ( u 3 , 1 ∈ R 

S×1 ) of matrix U 3 represents the most significant vec-

or capturing highest functional connectivity energy of subjects in

ime-window w ( Mahyari et al., 2017; Zhang et al., 2015 ). Hence,

e utilized u 3 , 1 to obtain the subject-summarized adjacency ma-

rix D (w ) ∈ R 

N×N of time-window w as: 

 (w ) = 

∑ S 
s =1 u 3 , 1 (s ) G w 

(s ) 
∑ S 

s =1 u 3 , 1 (s ) 
, (3)

here G w 

(s ) is the MVRC adjacency matrix of subject s in the

 th time-window. Similar processing in all L windows results in

 three-mode spatio-temporal tensor T of dimension N × N × L (re-

ion x region x window), summarized over all subjects as men-

ioned above. 

.6. Extracting dynamic networks 

Next, we partitioned these estimated whole-brain dFC into non-

verlapping and overlapping networks as explained below. Each

etwork contains several densely interconnected regions, while

here are relatively few connections between regions belonging to

ifferent networks. 

.6.1. Determination of non-overlapping networks by modularity 

Previous works on extracting networks from dFC matrices are

argely based on the computation of modularity. These methods

rovide non-overlapping networks, i.e., each region belongs to only

ne network. These networks are identified by maximizing the

uality function Q of modularity ( Newman and Girvan, 2004 ). The

uality function Q is defined as: 

 uni = 

∑ 

i, j 

[ G i j − γ P i j ] δ(c i , c j ) , (4)

here G ij denotes the ( i, j )th entry of the weighted adjacency ma-

rix G , δ represents Kronecker delta with δ(c i , c j ) = 1 if c i = c j and

 otherwise, c i denotes the i th region belonging to network c, γ
s a resolution parameter generally set to 1 because γ > 1 leads

o detection of smaller modules and 0 ≤γ < 1 leads to detection

f larger modules ( Rubinov and Sporns, 2010 ). P ij denotes the ex-

ected weight on edge connecting region i and region j under the

ewman–Girvan null model and is defined as ( Newman and Gir-

an, 2004 ): 

 i j = 

k i k j 

2 

∑ 

i, j G i j 

(5)

here k i and k j are the degrees of regions i and j , respectively. A

igh value of Q is desirable for identifying the most optimal net-

ork structure. Modularity is computed separately on each con-

ectivity matrix G w 

within each time-window. 

We used Newman community/network detection algorithm to

ptimize modularity ( Newman, 2006 ). Due to the stochastic na-

ure of this algorithm, we repeated the estimation 100 times to

et a consensus partition. We computed the modular (binary) al-

egiance matrix for each of the 100 runs, whose ( ij )th element

mplies whether regions i and j are assigned to the same net-

ork or not. Combined consensus matrix is obtained by averaging
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3 www.cc.gatech.edu/ ∼hpark/nmfsoftware.php . 
ll the modular allegiance matrices. Modularity is again applied

n the consensus matrix to obtain the final consensus networks

 Sporns and Betzel, 2016 ). 

Next, we calculated the within-module degree z -score and the

articipation coefficient (PC) for each brain network ( Guimera and

unes Amaral, 2005 ). Module degree z -score describes the within-

odule connectivity strength, whereas PC describes the connect-

dness of regions across different modules. For region i , within-

odule degree is defined as: 

 i = 

k i − < k i > 

σk i 

, (6) 

here k i denotes the degree of region i in a network, < k i > de-

otes the average degree of all the regions in the same network,

nd σk i 
denotes the standard deviation of all regions’ degrees. 

PC describes the extent to which a region belonging to one net-

ork c is connected to regions of other networks. It is defined as:

 i = 1 −
∑ 

c 

( 
k ic 
k i 

) 2 , (7)

here k ic denotes the number of connections between region i and

ther regions within network c and k i denotes the degree of region

 . A threshold of mean plus one standard deviation of z -values are

onsidered for identifying “connector” hubs in each time-window,

hile a threshold of mean plus one standard deviation of PC are

onsidered for identifying “provincial” hubs in each time-window.

egions with values higher than the threshold and reproducible

ith 90% or higher percentile in all time windows are consid-

red “connector” hubs for the case of module-degree z-score and

provincial” hubs for the case of PC. 

.6.2. Identifying overlapping networks 

A dFC is partitioned into non-overlapping networks using

odularity, i.e., each region belongs to one network only. Since

ertain brain regions may be involved in more than one net-

ork, it suggests for the identification of overlapping networks

 Najafi et al., 2016 ). There are various algorithms that estimate

verlapping networks, such as mixed membership algorithm pro-

osed in Najafi et al. (2016) and non-negative tensor factorization

NNTF) proposed in Ponce-Alvarez et al. (2015) . In this work, we

tilized NNTF to extract overlapping networks. To the best of our

nowledge, this is the first study that compares overlapping net-

orks in a neuro-development disorder. 

We performed Parallel Factor (PARAFAC) decomposition

 Kolda and Bader, 2009 ) of dFC tensor T as estimated in

ection 2.4 . Given a rank R , it decomposes input tensor T 
nto a sum of R number of rank-one tensors, generated by the

uter product of column vectors as below: 

 ≈
R ∑ 

r=1 

λr a r ◦ b r ◦ c r , (8) 

here ‘ ◦’ denotes the outer product, a r ∈ R 

N×1 , b r ∈ R 

N×1 , and

 r ∈ R 

L ×1 denote the loading vectors corresponding to each mode

f tensor T and R denotes the number of rank-one tensors (also

alled as the number of components). The decomposition in (8) is

xpressed in the matrix form as: 

 ≈ D ×1 A R ×2 B R ×3 C R , (9)

here D is the diagonal core tensor and A R = [ a 1 , . . . , a R ] ∈
 

N×R , B R = [ b 1 , . . . , b R ] ∈ R 

N×R , and C R = [ c 1 , . . . , c R ] ∈ R 

L ×R are

he component matrices containing R loading vectors. × (.) denotes

he tensor product. This is to note that the column dimension

f each of the component matrix is R in the PARAFAC model in
9) . Here, components one and two provide loading vectors corre-

ponding to regions and component three provides temporal load-

ng vector. Since the adjacency matrix is symmetric in the first two

odes of the tensor T , components one and two are similar. 

Modes one and two of tensor T contain the connectivity ma-

rices with non-negative values. Hence, we add non-negative con-

traint on all components A R , B R , and C R in (9) . Similarly, as afore-

entioned, matrices A R and B R are identical because the adja-

ency matrix is symmetric. There are many algorithms for car-

ying out non-negative PARAFAC decomposition. We applied the

lock principal pivoting algorithm 

3 because of its good perfor-

ance in fMRI studies ( Ponce-Alvarez et al., 2015 ). Further, we

tilized the core consistency method for determining R values for

oth TDC and ASD groups ( Gauvin et al., 2014 ). One may refer to

auvin et al. (2014) for further details of this method. 

Identifying networks from loading vectors: We utilized each col-

mn of A R component matrix to identify R number of networks.

oading vectors a r or b r , for r = 1 , 2 , · · · , R, provide the member-

hip of regions to the component or network r , whereas c r pro-

ides their time-varying or the temporal profile. A high value of

 th element of loading vector a r represents greater membership of

he corresponding i th region to that component r . Hence, thresh-

lding on loading vectors a r would capture networks as collection

f ROI with higher membership. Fig. 1 depicts a few loading vec-

ors a r and c r for both TDC and ASD groups considering R = 10.

ig. 1 shows two randomly selected loading vectors of both TDC

 Fig. 1 A) and ASD ( Fig. 1 B) groups. ROI loading vectors a r repre-

ent membership values of 1 to N ROI. Similarly, temporal loading

ectors c r represent time varying profiles. 

From Fig. 1 , we observe that every loading vector a r has a few

egions with higher membership values and rest with very less val-

es in both TDC and ASD groups. Hence, we carry out threshold-

ng of these vectors that results in networks of ROI. We considered

ean plus one standard deviation as the threshold on each load-

ng vector. Regions with membership values exceeding the above

pecified threshold in vector a r are considered a part of the r th

etwork. This leads to the detection of overlapping networks. This

s essential because one region can be a part of multiple networks

wing to the relationship between different networks. For exam-

le, an auditory stimulus may trigger recollection of past events.

n such a case, auditory and cognitive control networks may have

ome connected/overlapping regions. Strength of networks: Further,

trength of each network is computed from it’s ROI loading vec-

or and temporal loading vector as s r = c r 
∑ 

i a r (i ) . This formula-

ion was first proposed to compute the strength of communities

n social networks ( Gauvin et al., 2014 ). We utilized strength vec-

ors of similar networks in TDC and ASD groups to identify altered

unctional brain networks. 

Fig. 2 shows the complete process of extracting dynamic func-

ional brain networks. 

.7. Statistical analysis 

We have done a thorough statistical analysis of dynamic net-

orks. We looked at both overlapping and non-overlapping net-

orks. For overlapping networks, we tested for statistically signif-

cant differences in similar networks, identified using strength of

etworks of TDC and ASD groups. Further, for subject-summarized

ynamic connectivity, we investigated statistical differences be-

ween modularity quality function. Given 90 ROIs, we also assessed

ifferences between connector and provincial non-overlapping

ubs extracted using modularity. Results were considered statisti-

ally significant for a value of p < 0.05. We used two-sample t -test

http://www.cc.gatech.edu/~hpark/nmfsoftware.php
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Fig. 1. Results on GU dataset: We present two randomly selected loading vectors, obtained with R = 10, for both (A) TDC and (B) ASD groups. Vector a r represents ROI loading 

vectors containing membership values of each region to the r th network and c r presents information about the temporal loading vector corresponding to the r th network. 

Fig. 2. Determination of overlapping and non-overlapping dynamic functional brain networks (A) MVRC based adjacency matrices are computed for all subjects in each time- 

window for both the groups, (B) 3-mode tensor of size N × N × L is obtained after subject summarization in both the groups; top half (C) Non-negative tensor factorization 

(NNTF) based PARAFAC decomposition with R factors where the first and second components represent region loading vectors, and the third component represents the time 

loading vector. (D) overlapping networks are obtained by thresholding each region’s loading vectors. bottom half Non-overlapping network determination of both the groups 

using modularity, (E) Validation of results. 
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or testing the statistical significance of differences between two

roups. We also corrected for multiple comparison using false dis-

overy rate (FDR) ( Benjamini and Hochberg, 1995 ) with p < 0.05,

hereever needed. 

. Results 

Our primary interest is to report disease-driven changes in

unctional brain networks. We computed dFC matrices using

VRC. Further, we studied both overlapping and non-overlapping

ynamic functional brain networks. We would like to examine if

he proposed approach can report changes in FC induced by ASD

ia comparing the results with the TDC group. First, we present

esults on GU dataset. We will use KKI dataset to demonstrate the

eproducibility of results in Section 3.5 . 

.1. Non-Overlapping dynamic functional brain networks identified 

sing modularity 

To have a better understanding of dFC states, we estimated

odularity based networks that play a pivotal role in the organiza-

ion of overall networks. We estimated non-overlapping networks

sing modularity from tensor T , as explained in the previous sec-

ion, in both TDC and ASD groups. We could identify 3 to 6 num-

er of networks across all time windows in the TDC group. The

umber of networks for ASD group was 4 to 6. With less num-

er of detected networks, regions belonging to multiple functional

rain networks were found to club randomly. With 6 numbers of

etected networks in both TDC and ASD groups, we could locate

he following functional networks: network 1- SMN, AN; network

- BLN, DMN; network 3- CCN, LN; network 4- BLN, SCN; network

- VN; network 6- DMN. 

The value of the modularity quality function Q is ranged

etween 0.5479 to 0.7821 for the TDC and between 0.6038 to

.7720 for the ASD group. Significant differences were observed in

he Q values of both the groups ( p < 0.05, two sample t -test) that

ndicates that the quality of partitioning of dynamic functional

rain networks using modularity is distinguishable across the two

roups, although we did not observe consistency in networks of

ll time windows as mentioned above. In addition, we observed

andom grouping of regions in networks. At times, modularity

s assessed on the FC matrix averaged across all time windows.

owever, this procedure results in loss of temporal characteristics

ssociated with dynamic networks and hence, we did not employ

veraging on adjacency matrix for our analyses. 

To have further understanding of the hubs’ architecture in dFC

etworks, we estimated the connector and provincial hubs’ archi-

ecture using the module-degree and the PC, respectively. Higher

odule-degree connector hubs in the TDC group was shown by

ine regions: bilateral rolandic operculum, bilateral medial supe-

ior frontal gyrus, bilateral medial orbital superior frontal gyrus,

eft superior occipital gyrus, and bilateral putamen. In the ASD

roup, connector hubs were formed by nine regions: left dorso-

ateral superior frontal gyrus, left rolandic operculum, left me-

ial superior frontal gyrus, right anterior cingulate cortex, right

arahippocampal gyrus, left superior occipital gyrus, left postcen-

ral gyrus, right precuneus, and right putamen. Among these re-

ions, four common regions (left rolandic operculum, left medial

uperior frontal gyrus, left superior occipital gyrus, right putamen)

ere located in the hubs of both ASD and TDC groups and regions

uch as left dorsolateral superior frontal gyrus, right anterior cin-

ulate cortex, right parahippocampal gyrus, left postcentral gyrus,

nd right precuneus were located as connector hubs in the ASD

roup. 

Regions showing higher PC in both the TDC and ASD groups

omprise left parahippocampal gyrus, right amygdala, bilateral
upramarginal gyrus, left angular gyrus, bilateral temporal pole su-

erior temporal gyrus, and bilateral inferior temporal gyrus. This

uggests of no alterations in the provincial hubs across the two

roups. 

.2. Overlapping dynamic functional brain networks identified using 

ARAFAC decomposition 

As presented in (8) , the spatio-temporal tensor T is decom-

osed into R number of rank-one tensors, where R represents the

umber of networks. The value of R is decided according to the

ore consistency ( Gauvin et al., 2014 ). We considered initial value

f R from 2 to 15. For each value of R , we computed the core con-

istency value and the plot of these values as a function of R is

hown in Fig. 5 . From this figure, we observe an abrupt change

n slope at R = 10 for both TDC and ASD groups, where the value

f core consistency is more than 0.5. Since core consistency value

f above 0.5 is considered acceptable ( Gauvin et al., 2014 ) and the

orresponding range of R is considered to be the optimal range, we

onsidered R = 10 for both the groups. 

After estimating the value of R , we factorized tensor T into R

omponents. We identified ten overlapping dFC networks in both

DC and ASD groups as shown in Fig. 3 and Fig. 4 , respectively.

rom these figures, we note that the spatio-subject tensor decom-

osition results in multiple functional brain networks in both TDC

nd ASD groups. We could identify Visual Network (VN), Audi-

ory Network (AN), Bilateral Limbic Network (BLN), Default Mode

etwork (DMN), Somato-Motor Network (SMN), Subcortical Net-

ork (SN), Language Network (LN), and Cognitive Control Network

CCN). 

In order to quantitatively justify the advantage of overlapping

rain networks, it is important to first explore nodes that are

resent in multiple networks indicating overlap between brain

etworks. From Fig. 8 , we observe that the nodes of visual net-

ork are present in multiple networks of the normal group. The

resence of this network in multiple communities should be

ustifiable by higher degree or strength (for the case of weighted

C) compared to other networks’ nodes because these are the

odes connecting multiple communities and hence, must have a

igher number of first order connections. Based on this intuition,

e computed the strength of each node in every time-window

n the normal group. Further, nodes with strength values higher

hat 90th percentile in each time-window are grouped together

o quantify overlapping nodes. Fig. 6 depicts the histogram of

igher strength-valued nodes across all time windows. This fig-

re indicates larger strength of visual nodes (number 43 to 56)

ompared to other nodes indicating the presence of these nodes

n multiple communities and hence, validates the overlap of visual

etworks with other functional networks. This helped us quan-

ify the presence of overlapping communities in brain networks.

hus, extraction of non-overlapping brain networks may lead to

ncomplete/incorrect findings about brain regions’ participation in

ultiple networks and may lead to wrong inferences compared to

hen overlapping communities are considered. 

Averaging about subjects may lead to incorrect results be-

ause every subject may have different connectivity and excita-

ion. Ideally, this variability should be captured appropriately in-

tead of simply averaging about subjects. Hence, intuitively, aver-

ging may lead to incomprehensible results compared to the pro-

osed subject-summarization method. In order to verify this, we

lot the histogram of high strength nodes for the subject-averaged

ase in Fig. 7 . We observe the histogram to be more or less evenly

istributed across the number of nodes. This corresponds to hugely

verlapping networks with many nodes having higher strength.

his shows that clear networks could not be identified with the

ubject-averaged method. 
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Fig. 3. Group-level dFC networks (denoted as community 1 (C1) to community 10 (C10) identified on TDC subjects of GU dataset. 

Fig. 4. Group-level dFC networks (denoted as community 1 (C1) to community 10 (C10) identified on ASD subjects of GU dataset. 

Fig. 5. Plot of core consistency with varying number of components in A) TDC and B) ASD groups of GU dataset. 
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Fig. 6. Histogram of nodes with high-strength computed in all time windows in 

TDC group, where y-axis denotes the number of time windows in which a node is 

found to be present with higher strength. 

Fig. 7. Frequency of nodes with higher strength (number of time windows in which 

the strength of a node is high) computed with subject-averaged dFC in TDC group. 
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omparison of Networks in ASD and TDC Groups 

To compare the strength of identified dFC networks among both

he groups, we compared the strength of similar networks. Sim-

lar networks are defined as subset of connected network nodes

orming distinct brain networks such as auditory network, visual

etwork etc. For example, nodes 43 to 56, presented in Table 2 are

ssociated with visual network. Thus, any network in both the

roups (i.e. normal or disease) having most of these nodes can be

aid to be similar networks (visual networks). We computed the

trength vectors s r (see Section 2.6 ) of similar networks in both

he groups and examined the statistically significant differences

y using two-sample t -test at 0.05 significance level as shown in

ig. 8 . Column 4 and 9 of this figure shows the obtained p -values. 

Compared to the TDC group, the ASD group showed altered

onnectivity in 56 regions (24 regions in both right and left hemi-

phere) (two-sample t -test, p < 0.05), as shown in Fig. 8 . We have

isted these regions in Table 3 . The distribution of these regions

s largely in accordance with subcortical, cognitive control, default

ode, visual, bilateral limbic and auditory networks. These find-

ngs are inline with the literature as discussed next and suggest al-

erations in large scale dynamic functional brain networks in ASD. 

.3. Comparison with static functional connectivity 

We computed sFC using MVRC method, resulting in an N × N

ize adjacency matrix for each subject of both the groups. Next,
e applied two-sample t -test on each FC value of the adjacency

atrix, separately, to observe alteration of static FC across the two

roups. This approach allowed the determination of regions where

FC differed between the TDC and ASD groups. Compared to the

DC group, the ASD group showed no significant FC alterations

cross the two groups (FDR corrected at p ≤ 0.05). 

.4. Validation of the MVRC method on existing studies 

In this section, we validate the use of the advanced MVRC

ethod based adjacency matrices in our framework compared

o the correlation based matrices on the existing state-of-the-art

ethod of extracting dynamic brain network states. We first pro-

ide a brief overview of this existing approach followed by results

btained with MVRC and CORR based dFC matrices. 

Conventionally, dynamic brain networks states are identified

sing correlation matrices computed in sliding windows ( Allen

t al., 2014; Shakil et al., 2016; Yao et al., 2016 ). In this ap-

roach, first dFC are estimated using correlation in sliding win-

ows. Next, dFC across windows and subjects are vectorized, yield-

ng a dFC data matrix of size LS × C , where L denotes the number

f windows, S denotes the number of subjects, and C denotes the

 × (N − 1) / 2 vectorized connections from N × N FC matrix. There-

fter, dFC time-courses are clustered through k -means that leads

o the decomposition of the estimated dFC (of each time-window)

nto a smaller set of connectivity states. This produces multiple dy-

amic brain states as shown in Figs. 9 and 10 . Results of these

tates are depicted with reordered regions according to the un-

erlying networks (refer to Yao et al. (2016) ). We computed dwell

imes of identified states for each individual subject in both the

roups and carried out two sample t -test ( p < 0.05) to statistically

ompare dwell times of the two groups similar to Yao et al. (2016) .

or the states identified using MVRC adjacency matrices, we ob-

erved dwell times of states 1, 2 and 3 to be statistically different,

hereas only two states 1 and 3 are found to be different when

xtracted using CORR adjacency matrices. Thus, MVRC based adja-

ency matrices are able to reveal differences between the ASD and

DC groups in a better manner. 

On further comparing the statistically different states in

igs. 9 and 10 , results with both the methods show altered con-

ectivity in cognitive control (CCN), visual (VN), default mode net-

orks (DMN), and other networks. Pearson correlation based con-

ectivity in Fig. 10 shows enhanced (read colors according to color

ar) networks in state 1 in ASD and enhanced networks in state

 in TDC. On the other hand, MVRC based results show enhanced

etworks in TDC compared to ASD in both the states 1 and 3. 

Further, MVRC based connectivity matrices show enhanced con-

ections largely along the block diagonal connections, while Pear-

on correlation based adjacency matrices show connectivity in al-

ost the entire 90x90 matrix. Thus, Pearson Correlation based ad-

acency matrices are showing connectivity across the whole brain

hat may be misleading. Compared to this, MVRC based results can

e interpreted visually with ease because enhanced connections

re observed along the block diagonal (refer to Fig. 9 ). 

.5. Reproducibility analysis 

In order to check the reproducibility of results on the subset

f dataset, we randomly chose 50% subjects of each group of GU

ataset and again utilized NNTF to factorize the corresponding dFC

ensor into components. Fig. 11 displays the identified overlapping

ommunities that belong to frontal, occipital, limbic, parietal and

emporal part of the brain. For both TDC and ASD groups, dynamic

rain networks resemble the networks obtained by choosing all

he subjects of the dataset. Thus, we obtained consistent results

n both the groups. In order to check the reproducibility of results,



20 P. Aggarwal and A. Gupta / Medical Image Analysis 56 (2019) 11–25 

Fig. 8. Results on GU dataset: Statistical difference of strength vectors s r of similar networks identied for TDC and ASD groups (refer to Fig. 3 ). Vectors s r are statistically 

tested using two-sample t -test with 0.05 significance level (column 2). The value of h = 1 indicates statistically significant difference in the dFC networks of ASD and control 

groups ( p < 0.05). VN: Visual Network; SMN: Somato-Motor Network; AN: Auditory Network; CCN: Cognitive Control Network; DMN: Default Mode Network; SCN: Subcortical 

Network; LN: Language Network; BLN: Bilateral Limbic Network. 

Fig. 9. Results on brain regions’ states using the adjacency matrices generated using MVRC. 

Table 3 

List of altered connectivity regions in Fig. 8 . 

Network number TDC Network number ASD Regions 

3 3 RO, INS, CN, PUT, PAL, THA, HG, STG 

4 5 CF.R, CUN.L, LG.L, SOG.R 

5 8 OSFG.L, OC, MOSFG, GR, TMTG 

6 1 DSFG, MSFG, MOSFG.R, ACC 

9 9 HIP, PHG, AMY, FG, TSTG, ITG.R 

10 10 PCC, SPG.L, AG, PRE 

Please refer to Table 2 for abbreviation..L and.R above represent left and right part of the 

brain. 
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Fig. 10. Results on brain regions’ states using the adjacency matrices generated using Pearson correlation. 

Fig. 11. Group-level dFC networks identified on 50% of the randomly selected subjects of TDC group from the GU dataset. 
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he proposed method has also been tested on Kennedy Krieger In-

titute (KKI) ABIDE II dataset 4 (155 normal and 56 autism sub-

ects). Communities obtained from both TDC and ASD groups are

hown in Fig. 12 . First and second row of this figure show the com-

unities belonging to frontal, occipital, limbic, parietal and tempo-

al parts of the brain, in both the groups. Different colors in this

gure imply different communities. In other words, all nodes of

ne community are shown with one color. For example, three dif-

erent colored nodes on first axial brain map in TDC row (refer to

ig. 12 ) is corresponding to three different communities, all lying

n the frontal regions. Similar brain activation has been observed in

his dataset as was obtained with the GU dataset. In addition, we

lso tested the strengths of communities between the two groups.

e identified a number of altered communities in ASD compared

o TDC as shown in the third row of Fig. 12 . 

. Discussion 

This paper utilizes resting-state fMRI to find aberrant dynamic

rain networks in ASD. Autism is increasingly recognized as a com-

on brain disorder with altered brain networks ( Hull et al., 2017 ).

t is a neuro-developmental disorder characterized by impaired so-

ial interaction and repetitive behaviors ( Cherkassky et al., 2006 ).

espite the progress in the analysis of altered static brain net-

orks in ASD, information regarding time-varying brain networks

n autism is still scarce. To address this gap, we have investigated
4 http://fcon _ 10 0 0.projects.nitrc.org/indi/abide/ . 

 

 

ynamic brain networks’ alteration in ASD subjects. In the litera-

ure on sFC in autism ( Itahashi et al., 2014 ), it is stated that the

resence of group-specific regions in the hubs of ASD group in-

icates the alteration of hub organization. In this paper, we have

tudied altered hubs’ organization in dynamic functional connec-

ivity compared to that studied for static functional connectivity in

tahashi et al. (2014) . 

This work contributes to the literature by proposing a method

or extracting dynamic overlapping functional brain networks

ased on advanced signal processing techniques. So far, study of

unctional brain networks in ASD versus TDC is limited in three

espects: 

• on building adjacency matrices that are largely built by Pear-

son Correlation. Pearson correlation has a limitation of provid-

ing spurious high correlations because there may be a case that

node A is functionally correlated to node B not because nodes A

and B are correlated with each other but because both nodes A

and B are correlated to node C. This is also known as triangular

fBNs in the literature. In the current work, we have used an ad-

vanced method (MVRC method) to compute adjacency matrices.

This method considers all nodes simultaneously while comput-

ing FC and hence, overcomes spurious connection values that

arise due to considering two nodes at a time in the Pearson

correlation approach. 
• on finding networks that are largely computed using modular-

ity yielding non-overlapping networks, while overlapping net-

works appear to be intuitively more correct as has been done

in this work. 

http://fcon_1000.projects.nitrc.org/indi/abide/
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Fig. 12. Dynamic communities obtained on KKI ABIDE dataset. First and second row of this figure show obtained communities, largely lying in the frontal, occipital, limbic, 

parietal and temporal parts of brain, in both the groups. Third row represents altered communites of both groups (p < 0.05). 
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• in terms of static versus dynamic networks. While extraction of

static networks is more common, dynamic networks are more

realistic and are being actively worked upon by researchers. The

present study expands the current theory of extracting func-

tional brain networks and advocates the use of dynamic anal-

yses to better account for FC differences com pared to static FC

analysis. 

Hence, this study contributes to the literature from the point

of view of proposing a novel methodology of extracting dy-

namic functional brain networks by utilizing multivariate regres-

sion based connectivity method along with the extraction of over-

lapping brain networks. 

We analyzed dynamic functional networks, both non-

overlapping and overlapping, in ASD vis-à-vis TDC group. Non-

overlapping dynamic networks are studied using modularity and

alterations were noted in the cognitive control and default mode

network. However, these networks could not be identified in all

time windows. Most of the windows showed random merging

of ROIs belonging to different multiple brain networks. Drastic

changes of brain networks indicates less coordination between

regions and makes the brain states undifferentiable ( Rubenstein

and Merzenich, 2003; Uddin et al., 2015 ). 

In addition, ‘connector’ and ‘provincial’ hubs were studied

based on the level of their intra-module connectivity and inter-

module connectivity, i.e., their participation in the multiple mod-

ules. Connector hubs are high-degree nodes displaying diverse con-

nectivity profile by connecting with different modules, whereas

provincial hubs are high-degree nodes that mostly connect to

nodes in the same module ( Van Den Heuvel and Sporns, 2013 ).

While both the groups shared same provincial hubs, each group

showed group-specific connector hubs, indicating changes in hub

organization in autism. These findings indicate that the nodes lying

in frontal, parietal and limbic part of the brain are altered in the

autistic brain and such alteration is characterized by the changes

in the hub pattern in autistic subjects. These regions were found

to be impaired in subjects with autism in sFC analysis in previous
tudies ( Bookheimer et al., 2008 ). This work reports alterations in

ubs via dFC analysis. 

Overlapping networks were identified using PARAFAC tensor de-

omposition and results show statistically significant differences in

ultiple functional brain networks. Differences in the functional

rain networks of TDC and ASD groups were assessed using two-

ample t -test. We considered differences to be significant when

 < 0.05. Compared to controls, ASD subjects had a number of al-

ered connections, which involved frontal, occipital, limbic, pari-

tal, and temporal regions. Hence, alterations in whole brain func-

ional brain networks were consistent with the literature. 

While comparing MVRC method with the conventional cor-

elation based method, we observed that MVRC based connec-

ivity matrices show enhanced connectivity in TDC compared to

SD, while the Pearson correlation based matrices show some

nhanced networks in TDC and some in ASD that may lead

o mixed findings. MVRC based results are inline with the be-

ief that there is a reduced coordination among brain regions in

utism. 

.1. Consistency with the Literature 

In our results, ASD showed altered connectivity in visual net-

ork (CF.R, CUN.L, LG.L, SOG.R, and SPG.L) and limbic network

FG), where.R and.L represent right and left parts of the brain,

espectively. Alteration in CF (that forms the core of visual cor-

ex) and LG has been reported previously in ASD ( Chen et al.,

015 ). CUN region of VN is responsible for the control of visual

ttention and refreshing information processing in working mem-

ry ( Makino et al., 2004 ). Abnormality in SPG region indicates ab-

ormality for face recognition and other social functions ( Jones

t al., 2010; Yao et al., 2016 ). Alteration in OSFG.L, MOSFG, DSFG,

SFG, ACC, PCC, AG, and PRE regions were associated with default

ode network. Recently, a previous time-varying network study

n ABIDE dataset has noted decreased connectivity for PRE and

CC ( Yao et al., 2016 ), while alteration in ACC connectivity is be-

ng reported in Assaf et al. (2010) as has been noted by us. In
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ddition, we have observed reduced ranking of SFG and AG that is

n consonance with global hypoconnectivity noted in these regions

n autism subjects ( Monk et al., 2009 ). Further, it is noteworthy

hat our results show one additional DMN network (number 8) in

DC group compared to the ASD group. This network depicts acti-

ation in DSFG, OSFG, and OMFG regions. These regions are a part

f DMN and known to be active during resting-state. However, ASD

roup did not show activation in OMFG as observed from Figure- 3 .

ur findings on aberrant activity in DMN regions confirm it’s role

n ASD. 

Our results showed altered connectivity in INS and no activity

n OPIFG.R, TIFG, and SMAG regions in ASD subjects. These results

re inline with the aberrant activity in cognitive control network

n ASD due to restricted, repetitive behavior and indicate loss in

nhibitory control function ( Yao et al., 2016 ). In addition, IFG is re-

ated to deficit in social language processing and attentional mech-

nism and is commonly reported altered in ASD ( Ha et al., 2015 ).

ur results showed abnormal connectivity linked to auditory net-

ork (HG, RO and STG) in ASD, responsible for speech comprehen-

ion and auditory processing in humans ( Kana et al., 2016 ). Sub-

ortical network (CN, PUT, and PAL) are observed to be altered

n our analysis. In addition, THA region was not observed to be

ctivated in ASD, indicating less activity in the thalamus cortex

n the autistic brain ( Nair et al., 2015 ). Our results showed ab-

ormal connectivity in limbic network (OC, GR, TMTG, HIP, PHG,

MY, TSTG, and ITG.R). This network particularly AMY region has

een the focus of ASD related studies, given its important role

n socio emotional processing ( Baron-Cohen et al., 20 0 0 ). Previ-

us studies also noted aberrant connectivity in PHG.R ( Monk et al.,

009 ), HIP ( Cooper et al., 2017 ) and SMG ( Salmi et al., 2013 ). ITG

s known to be the motion area within the visual cortex of the hu-

an brain ( Orban et al., 2004 ) and abnormality in these regions

uggests aberrant dFC in autistic subjects compared to the age-

atched healthy subjects. 

We have also shown the validation of the proposed method on

wo publicly available dataset. In addition to this, we have also

hown the validation of MVRC (an advanced method) based ad-

acency matrices compared to the Pearson correlation based adja-

ency matrices on the recent network state method by Yao et al.

esults show that findings are more consistent with the litera-

ure on revealing differences between the ASD and TDC groups

ith the MVRC based adjacency matrices compared with those ex-

racted with the Pearson correlation. This also provides credence

o our work and establishes the need to use advanced signal pro-

essing methods. Since autism is a spectral disorder, we believe

hat our work on extracting dynamic overlapping functional brain

etworks using advanced methods is complementary to the work

n finding network states. Joint analyses of such works can help

n finding potential biomarkers to aid in the diagnosis of Autism

isorder. 

We have proposed an advanced signal processing methods’

ased pipeline for the extraction of dynamic functional brain

etworks in autism. We could locate one interesting study by

ao et al. (2016) on finding network states in autism subjects,

hile accounting for changes across time. As stated earlier, there

s a fundamental difference between this proposed study and the

tudy by Yao et al. (2016) because Yao et al. (2016) studied network

tates from correlation matrices. They did not extract overlapping

ynamic brain networks, while we have presented a method for

xtracting overlapping dynamic brain networks using an advanced

ultivariate regression method to build FC matrix. Thus, we be-

ieve that the proposed work adds information that is complimen-

ary to that obtained with the network state model. Joint analyses

f the two methods, both at the group level and at the subject

evel, can together aid in better understanding of the functioning

f brain in ASD. 
.2. Limitations and future directions 

Our study in this paper has several limitations. First, although

e have extracted dynamic brain networks at the group-level, sub-

ect level network analysis is equally important to better under-

tand the relative similarities and differences in the dynamic brain

etworks of healthy individuals and clinical population. There is a

eparate concern whether the ABIDE dataset has sufficient power

t the individual subject level to identify altered connectivity. Since

utism is a spectral disorder and ground truth is never known in

eal fMRI data, it requires a deeper exploration and rigorous analy-

is. We intend to handle this concern in the near future with more

nalyses at the subject level. 

Second, the length of the resting state fMRI acquisition in this

tudy is 5 min, although a recent study suggested that dynamic FC

nalysis should be performed with rs-fMRI acquisitions of greater

han 10 min ( Hindriks et al., 2016 ). Since the ground truth is not

nown in real fMRI data, appropriate duration of data and the

ength of window are still open questions. Thus, we would suggest

 future research on carrying out a thorough investigation of con-

ectivity results obtained with conventional and advanced meth-

ds using different statistical analyses on longer duration fMRI

ataset, on multi-session data, on data from multiple sources, and

n data with varying window lengths. 

Third, although we observed altered brain networks across TDC

nd ASD groups and the observed effects were consistent across

 range of analyses, study of dynamic brain networks in ASD is

uite challenging owing to it being a disorder over wider spectrum

varying degree of autism across subjects). Further investigation

n time-varying abnormalities in these networks will improve the

omprehensive understanding of aberrant dFC in ASD. In addition,

esearchers can also focus on the problem of neuro-rehabilitation,

.e., to devise some intervention techniques that can improve coor-

ination between brain regions. If yes, perhaps these may lead to

mproved networks with reference to stronger connectivity within

 network, reduced overlap across dissimilar networks and lesser

ifferences between TDC vis-à-vis ASD. Both these problems of di-

gnosis and neuro-rehabilitation are potential research directions. 

Fourth, change in window size would definitely introduce

hange in brain networks. To avoid an arbitrary choice of win-

ow length, we considered a lower limit to safely avoid artifacts

 Leonardi and Ville, 2015 ). Changes in window length may intro-

uce possible confounding artifacts. Hence, this question requires

 deeper exploration and rigorous analysis. Therefore, we suggest

 thorough investigation on the choice of window length as a fu-

ure research problem. 

Fifth, this study includes only male subjects because autism is

ignificantly more common in males than in females. Since the dis-

rder seems to appear more often in male subjects, most of the

tudies in ASD have studied male subjects. Thus, it is difficult for

s to corroborate our findings with the literature on TDC versus

SD in females. 

Further, we would like to emphasize that the female data sam-

les are less in most dataset. For example, we have used two

idely used public dataset of GU and KKI and both these dataset

ave a few females subjects. Since we have proposed newer meth-

ds and would like to validate it across dataset, we controlled

or gender in our study. A group of researchers have recently

aunched studies on autism in females ( Alaerts et al., 2016; Ir-

mia et al., 2017 ). Investigation of altered brain networks of males

ersus females in autism is an important research topic. But it

equires elaborate research in collaboration with clinicians and

euro-cognitive experts. 

Finally, although sliding window approach of dynamic brain

etworks analysis has gained impetus in fMRI in the neuroscience

ommunity ( Hutchison et al., 2013a; Allen et al., 2014 ), work is
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needed toward detecting connectivity at each time point. This ap-

proach might further provide better understanding of brain net-

work configuration. 

5. Conclusions 

This study investigated alterations in functional brain networks

in subjects with Autistic Spectrum Disorder (ASD) in comparison

with Typically Developing Control (TDC) using fMRI data. This re-

search proposed a new framework to detect dynamic brain net-

works that can be divided into two steps: (1) extraction of dy-

namic functional connectivity based on the recently proposed

MVRC method and the sliding window approach; and (2) usage

of a three-mode subject-summarized spatio-temporal tensor to de-

termine overlapping dynamic brain networks and their temporal

profiles at the group-level. Statistical significance of aberrant con-

nectivity was observed between ASD and TDC groups on two pub-

licly available resting-state fMRI datasets. We found that the ASD

had different functional brain networks from TDC in multiple ar-

eas ranging from cognitive control to visual and default mode net-

works. These findings are inline with the literature and suggest al-

terations of large-scale brain networks in ASD. Proposed method

could detect alterations in functional brain networks in ASD and

perhaps, can help in finding biomarkers for human brain disorders.

This study demonstrates the potential of using new image analysis

strategies to characterize the change in dynamic brain networks in

human brain disorders. With further validation, this may become

an alternative approach for characterizing diseased state and may

possibly have clinical significance in diagnosis and monitoring of

neuro-disorders. 
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