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Abstract
Cognitive dysfunction in multiple sclerosis (MS) seems to be the result of neural disconnections, leading to a wide range 
of brain functional network alterations. It is assumed that the analysis of the topological structure of brain connectivity 
network can be used to assess cognitive impairments in MS disease. We aimed to identify these brain connectivity pattern 
alterations and detect the significant features for the distinction of MS patients from healthy controls (HC). In this regard, 
the importance of functional brain networks construction for better exhibition of changes, inducing the improved reflection 
of functional organization structure should be precisely considered. In this paper, we strove to introduce a framework for 
modeling the functional connectivity network by considering the two most important intrinsic sparse and modular structures 
of brain. For the proposed approach, we first derived group-wise sparse representation via learning a common over-complete 
dictionary matrix from the aggregated cognitive task-based functional magnetic resonance imaging (fMRI) data of all 
subjects of the two groups to be able to investigate between-group differences. We then applied the modularity concept on 
achieved sparse coefficients to compute the connectivity strength between the two brain regions. We examined the changes 
in network topological properties between relapsing–remitting MS (RRMS) and matched HC groups by considering the 
pairwise connections of regions of the resulted weighted networks and extracting graph-based measures. We found that the 
informative brain regions were related to their important connectivity weights, which could distinguish MS patients from 
the healthy controls. The experimental findings also proved the discrimination ability of the modularity measure among all 
the global features. In addition, we identified such local feature subsets as eigenvector centrality, eccentricity, node strength, 
and within-module degree, which significantly differed between the two groups. Moreover, these nodal graph measures have 
been served as the detectors of brain regions, affected by different cognitive deficits. In general, our findings illustrated that 
integration of sparse representation, modular structure, and pairwise connectivity strength in combination with the graph 
properties could help us with the early diagnosis of cognitive alterations in the case of MS.
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Introduction

Multiple sclerosis (MS) is an inflammatory demyelina-
tion and an autoimmune disease of the central nervous 
system (CNS), which can lead to a wide range of signs and 
symptoms. Cognitive impairment is one of the common 
symptoms in patients with MS, affecting different domains 
such as working memory, attention and decision-making, 
verbal and visual memory, information processing speed, 
and executive functions [1–3]. Dysfunction of cognitive 
abilities in MS seems to be the result of damage to white 
matter (WM) connections or cortical associated areas. This 
hypothesis can be investigated with an accurate quantita-
tive description of topological structure of brain connec-
tivity [4–7].

It is believed that human brain, as a complex network 
comprising a large number of elements that interact func-
tionally with each other to exchange information effi-
ciently, can be represented as a graph. The brain regions 
are defined as nodes (elements), and the pairwise func-
tional connectivity can determine the edges [8, 9]. In 
recent years, many studies have demonstrated the potential 
of functional brain network based on functional magnetic 
resonance imaging (fMRI) data for the detection of altera-
tions in brain connectivity patterns and also the identifica-
tion of reliable markers for various brain disorders both 
in the early stages and during the progression of diseases 
[2, 10–13]. Thus, the construction of brain functional 
networks is a substantial step for better understanding of 
brain activation changes in different conditions [14–16]. 
To date, a large number of approaches have been employed 
for functional brain network modelling. Pearson’s correla-
tion is one the most common approaches, which has been 
broadly used to define the functional connectivity of brain 
areas [2, 10, 13, 17–21]. Gamboa et al. [2] conducted the 
first study to assess the modularity abnormalities of Pear-
son correlation based-functional networks with resting-
state (rs-fMRI) data in MS patients compared to controls. 
Although Pearson’s correlation is easy to implement, it 
only captures the pairwise relationship strength without 
considering the contribution of other brain regions [22, 
23].

Independent component analysis (ICA) has also been 
widely applied to fMRI data to construct functional brain 
network by separating independent components tempo-
rally or spatially [24, 25]. The relevance between cognitive 
impairments and changes in default mode network (DMN) 
connectivity at rest in MS was assessed through ICA by 
Bonavita et al. [7]. The results were consistent with the 
findings reported by Rocca et al. [26] and Roosendaal 
et al. [27]. They assessed the between-group differences 
in DMN functional connectivity and observed significantly 

reduced activity in the anterior cingulate cortex (ACC) in 
cognitively impaired patients with MS. However, a number 
of recent studies have claimed that the independence of 
distinct activity patterns that occur simultaneously is not 
guaranteed by independence assumption in ICA algorithm 
[24, 28, 29]. Instead, according to biological findings, they 
have suggested that the idea of sparsity in the determina-
tion of neural activities is more effective than independ-
ency [28, 30–32]. To overcome these drawbacks, a data-
driven fMRI analysis approach was introduced based on 
sparse representation, which can regard each brain region’s 
time series as a linear integration of sparse set of dynamic 
components with different temporal patterns. The con-
structed brain network based on sparse representation 
method was supported by the assumption that the brain 
regions only directly interact with a few other regions 
[33]. It is worth noting that sparse signal representation 
approaches have highly been regarded by recent works to 
construct brain network for such brain disorders as Alz-
heimer’s disease (AD) [34].

Since brain network has many different intrinsic struc-
tures, considering only the sparsity for functional brain net-
work modelling cannot be sufficient to accurately describe 
the topological structure of brain connectivity. Given that the 
modular architecture is one of the most important intrinsic 
brain properties [15], several recent frameworks imposed 
group structure term into the models for the construction 
of functional brain network in order to facilitate the under-
standing of human brain function [22, 23, 35–37]. Therefore, 
one of the major issues in the study of functional connectiv-
ity networks is the characterization of modular (community) 
structure in networks, by detecting densely interconnected 
groups of nodes with sparsely between-groups connections 
[38, 39].

Yu et al. [23] optimized the network modeling by adding 
a group structure-based constraint with the consideration 
of connectivity strength derived from Pearson’s correlation 
and sparsity for mild cognitive impairment (MCI) classifica-
tion. Wang et al. [22] also introduced a new model by merg-
ing sparse and low-rank constraints to retain the modular 
structure of brain networks. The proposed sparse low-rank 
model improved the classification performance of patients 
with depression and controls using optimal eight graph-
based features.

Considering the limitations and challenges facing func-
tional brain network construction, we aim to propose a 
method for functional network modeling using modular 
structure concept based on an efficient group-wise sparse 
representation through learning a common dictionary from 
aggregated regional cognitive task-related fMRI signals 
of all subjects in two groups. Therefore, the connectivity 
strength weight of the two brain regions are yielded with 
the consideration of the influence of other regions and the 
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integration of both important brain network properties of 
sparsity and modularity. Based on our approach, we expect 
that the constructed functional connectivity networks are 
more reasonable and the connectivity strength of the two 
brain regions could better reflect the different functional con-
figurations. In addition, in our recent study, the ability of 
graph-based properties from different aspects for the investi-
gation of topological differences caused by structural lesions 
in the brain of MS patients in comparison with the healthy 
controls was confirmed [13]. Accordingly, we also extract 
various graph measures from weighted functional networks 
to validate our method.

The rest of this paper is organized as follows. In “Materi-
als and methods” section, we will describe the materials and 
methods including a briefly description of fMRI data acqui-
sition during a specific cognitive task performance, diction-
ary learning and sparse representation theory. We will detail 
the proposed method for functional connectivity network 
construction. “Results” section will illustrate the results of 
the proposed method. We will present the discussions in 
“Discussion”, followed by our conclusion in “Conclusion” 
section.

Materials and methods

Participants and task‑based fMRI data acquisition

Eight right-handed RRMS patients in the early stages of 
disease (mean age 36.25 ± 8.43 ranging from 26 to 44 years, 
7 female), and twelve healthy controls (mean age 30.67 ± 
4.81 ranging from 23 to 40 years, 8 female) were included 
in our study. The patients with the disease diagnosis of less 
than 5 years and minimal physical disability, determined by 
Expanded Disability Status Scale (i.e., EDSS < 3.5), were 
selected by neurologist from Firoozgar hospital, Tehran, 
Iran. An informed consent was obtained from each subject 
before the implementation of the study.

Before the scan, every MS patient was assessed using 
some neuropsychological tests at Pars hospital in Tehran, 
Iran. These behavioral assessments included: Wechsler 
memory scale-revised (WMS-R), Block Design and Sym-
bol Digit subtests of the WAIS-R (Wechsler adult intelli-
gence scale-revised) [40], and Stroop test [41] to evaluate 
attentional skills, full memory and verbal memory functions. 
The patients with MS had full memory scores between 67 
and 112 (mean score 92.25 ± 13.32), verbal memory scores 
ranging from 65 to 103 (mean score 90.37 ± 11.81), a 
range score of 91–121 (mean score 102.37 ± 12.38) for the 
attention/construction index, and auditory attention scores 
between 4 and 10 (mean score 6.37 ± 1.92).

The Paced Auditory Serial Additional Task (PASAT) 
has been frequently used to evaluate cognitive functions 

in various neurological disorders. The importance and effi-
ciency of PASAT for the detection of cognitive impair-
ments was also suggested by research studies for a variety 
of neurological syndromes such as MS. The PASAT is 
recognized as a measure of multiple functional domains as 
it requires the successful completion of a variety of cogni-
tive functions including working memory, attention, and 
the speed of information processing [3, 42].

Each subject performed a Persian version of the modi-
fied PASAT during the fMRI scan. The PASAT task 
included six activation blocks, each activation block of 
30 s was alternated with the resting block of 30 s. Every 
auditory stimulus of a random series of digits between 
1 and 9 was presented every 3 s during each activation 
block. The participants were requested to add the two last 
numbers immediately after hearing the last number and 
were expected to answer by comparing it with the target 
number using a response box.

The functional MR images were acquired on a 3.0T 
Siemens Tim Trio MRI scanner at the Imam Khomeini 
hospital, Tehran, Iran. fMRI scans were obtained through 
echo planar imaging (EPI) sequence, with repetition time 
(TR) = 2000 ms, echo time (TE) = 30 ms, field of view 
(FOV) = 192 mm2, flip angle = 90°, matrix size = 64 × 
64, voxel size = 3 × 3 × 4mm3, 30 slices per volume, slice 
thickness = 4 mm, and 180 vols. The structural images 
were acquired using a high resolution three dimensional 
T1-weighted magnetization-prepared rapid gradient-echo 
(MP-RAGE) sequence, with TR = 1.80 s, TE = 3.44 ms, 
flip angle = 7°, matrix size = 256 × 256, voxel size = 1 × 
1 × 1mm3, and 176 sagittal slices with thickness of 1 mm.

Data pre‑processing

FSL toolbox from the FMRIB’s Software Library (www.
fmrib​.ox.ac.uk/fsl) [43–45] was used for all the pre-pro-
cessing steps. The pre-processing stage was conducted as 
follows: the elimination of extracranial tissues using brain 
extraction tool (BET) [46], discarding the first 5 EPI vol-
umes for scanner stabilization, the head motion correction 
via MCFLIRT [47], spatial smoothing through a 6-mm3 
full-width at half-maximum (FWHM) Gaussian kernel, 
high-pass temporal filtering with a cutoff of 0.01 Hz, the 
co-registration of functional images on structural image, 
and the normalization into the Montreal Neurological 
Institute (MNI) 152 standard space through FMRIB’s lin-
ear image registration tool (FLIRT) [48].

More details about clinical information of MS patients, 
task paradigm and fMRI data pre-processing steps are 
cited in Ashtiani et al. [13].

http://www.fmrib.ox.ac.uk/fsl
http://www.fmrib.ox.ac.uk/fsl
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Dictionary learning and sparse representation 
of task‑related fMRI signals

In this study, we applied dictionary learning and sparse signal 
representation as a new tool for fMRI data analysis to improve 
the identification of brain connectivity pattern alterations and 
to detect the reliable markers in the early phases of MS dis-
ease. The sparse signal coding from an over-complete diction-
ary can effectively factorize each fMRI time series based on 
a linear integration of a limited number of relevant dictionary 
atoms [30, 36, 49–51]

For each subject from the two groups (i.e., HC and MS), the 
first step was to extract fMRI time series on all voxels, which 
were normalized into the standard Montreal Neurological 
Institute (MNI) space. Then, we parcellated each subject’s 
brain into 116 regions of interest (ROIs) according to the Auto-
mated Anatomical Labeling (AAL) atlas [52] and determined 
the regional time course by averaging fMRI signals of all vox-
els in each ROI. After the normalization of representative time 
series to zero mean and standard deviation 1, the data matrix 
of a subject was defined as signal matrix Sk ∈ ℝ

t×n , where t is 
the number of temporal samples and n denotes the number of 
ROIs. Eventually, all obtained data matrices of all subjects 
from the two groups were aggregated into a big signal set 
S ∈ ℝ

t×N, where the dimension of N vector is x × n, in which 
x demonstrates the total number of subjects =

[
SGHC

, SGMS

]
 . 

The task-related fMRI signal set S is modeled as linear regres-
sion terms by employing the online dictionary learning and 
sparse coding algorithm in Mairal et al. [53], based on a com-
mon over-complete dictionary matrix D ∈ ℝ

t×m(i.e.,m > t ) 
and a weight coefficient matrix � ∈ ℝ

m×N for sparse represen-
tation (i.e.,S = D × � + � ), where m and � denote the number 
of dictionary atoms and representation error (noise), respec-
tively. The coefficient matrix � is composed of �GHC

 and �GMS
 , 

which is in accordance with the group organization and 
regional arrangement of signal matrix S. Specifically, each 
atomic signal in the learned dictionary D represents the func-
tional brain network activities, and its corresponding sparse 
coefficients express the ROIs’ spatial distribution of this dic-
tionary atom.

Since the learned dictionary D is the same across all sub-
jects, we are able to compare the functional networks in the 
group-level to identify the inter-group differences in various 
brain conditions.

In summary, the optimization problem of dictionary learn-
ing and sparse representation can be formulated as follows: l1 
regularizes the optimization problem in Eq. (1) [53]:

(1)
C ≜

�
D ∈ ℝ

t×m s.t.∀ j = 1,…m, dT
j
dj ≤ 1

�

min
D∈C,��ℝm×N

1

2
‖S − D�‖2

F
+ �‖�‖1,1

The regularization parameter � is known to balance the 
goodness-of-approximation and sparsity level. Also, the con-
straint on dictionary atoms d1, d2,… , dm , which is expressed 
by Eq. (1) is to avoid arbitrarily large values. In addition, the 
weight coefficients matrix can be converted into positive 
coefficients by adding non-negativity constraints to � matrix.

Finally, each regional time series from a subject was 
determined by the learned dictionary, which had common 
atomic time course for all subjects of the two groups, and 
the associated sparse weights (Eq. (2)):

Identification of task related and anti‑task related 
network components

After decomposing the fMRI signal to the sparse dictionary 
atoms, we aimed to reveal the brain network components 
within the learned dictionary, which indicated task-related 
and anti-task related dynamics for the detection of brain 
regions involving PASAT task function. According to the 
proposed method in Lv et al. [54], we tested both temporal 
and frequency characteristics of atomic signals to extract 
task-related/anti-task-related dictionary atoms. Thus, by 
computing the Pearson correlation between each diction-
ary atom and blocked task design convolved by canoni-
cal hemodynamic response function (HRF), we chose the 
atoms that showed the highest correlation with the stimulus 
paradigm [30, 54]. Some of these selected atoms were posi-
tively correlated with task design, and some others followed 
the stimulus pattern inversely, which could be considered 
as task-related and anti-task-related network components, 
respectively.

In addition, for the evaluation of the frequency charac-
teristics of each atomic signal, we initially calculated the 
stimulus frequency for the PASAT task paradigm by Eq. (3):

Then, we obtained the frequency spectrum of each dic-
tionary atom to calculate the energy concentration of fPASAT 
(i.e.,EfPASAT

 ) as a ratio between the energy of stimulus pattern 
frequency and the energy of all range of frequency values. A 
larger value of EfPASAT

 indicated that the corresponding dic-
tionary atom could be introduced as the representative of 
the task/anti-task related network components. Therefore, 
we selected the best network components of the common 
learned dictionary, which was in accordance with the task 
and anti-task based on both high correlations and larger 
value of EfPASAT

 . Afterward, the T-value was measured on 

(2)
S ∶

[
S
HC1

,… , S
HC

x1
, S

MS1
,… , S

MS
x2

]

= D × � ∶
[
�
HC1

,… , �
HC

x1
, �

MS1
,… , �

MS
x2

]

(3)
fPASAT =

1

length of activiation phase + length of resting phase

=
1

(30 + 30)
= 0.0167Hz
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the weight coefficient of each ROI over all individual sub-
jects of each group for the selected components (is defined 
as Eq. (4)). The �Gl

(i, j) in Eq. (4) indicates the coefficient 
matrix of each group of HC or MS, which contains the 
sparse coefficient value of the jth ROI to the ith atomic 
component in the common dictionary. There, L shows the 
number of subjects in each group, and l demonstrates the 
group category. By transforming the obtained T-value to the 
z-score [55], we employ z-thresholded > 1.65 ( P < 0.05 ) to 
extract the corresponding AAL-based spatial distribution 
in the group level. The results are shown in the "Results" 
section.

We determined the number of dictionary atoms and � 
experimentally. We examined a range of various diction-
ary numbers from 200 to 500 with a step size of 100. 
Eventually, the 400 dictionary atoms were chosen accord-
ing to the obtained results. This was due to the fact that 
this size of dictionary tends to be more satisfactory in 
terms of signal-to-noise, reconstruction residual, obtain 
larger values of EfPASAT

 and correlation coefficient, which 
resulted in finding the best components related to the task 
and anti-task. Also, � was set to 0.15 to provide accurate 
approximation, which was in compromise with the level 
of sparsity.

Functional connectivity network constructed 
by modular structure of sparse weights

In order to identify the alterations in network properties 
between MS and controls during a cognitive task perfor-
mance, we considered the following principal concepts to 
propose our method for the construction of connectivity 
networks:

(4)

T(i, j) =
�Gl

(i, j)
√

var
(
�Gl

(i,j)

)

L

,
(
L = 1, 2,… , xl

)
, (l = HC orMS)

�Gl
(i, j) =

1

L

xl∑
L=1

�L(i, j), var
(
�Gl

(i, j)
)
=

1

L

xl∑
L=1

(
�L(i, j) − �Gl

(i, j)

)2

(1)	 The sparse coding idea of the neural activities, fre-
quently suggested as a result of neuroscience findings 
[24, 28, 29].

(2)	 The construction of brain functional network through 
a model that can obtain pairwise relationship strength 
between the two brain regions with regard to the influ-
ence of other regions [22, 23].

(3)	 The modular (community) structure of the brain func-
tional connectivity network is one of the most signifi-
cant intrinsic structures, derived from two points of 
view: the first is the ability of the brain to carry out 
the specialized processing within the densely intercon-
nected modules of areas, and the second is the brain’s 
efficiency to accelerate the transfer of specialized infor-
mation between different modules [15].

Consequently, we proposed our computational framework 
based on three important characteristics of ‘sparsity’, ‘func-
tional connectivity strength between the two regions with 
the consideration of the influence of all other areas’, and 
‘modular architecture’ to construct a functional connectiv-
ity network. We named our method the modular structure of 
sparse weights (MSPW), which could be used to construct a 
functional connectivity network.

The human brain is regarded as a complex network, 
which is denoted by a large set of elements that contribute 
functionally with each other [2, 8, 15, 56]. In this study, we 
applied AAL atlas brain parcellation to define these elements 
and our proposed MSPW method to obtain inter-regional 
functional connectivity. The MSPW approach involves 
the following steps to compute the pairwise connectivity 
strength. First, the online dictionary learning and the sparse 
coding method [47] were utilized for the aggregated task-
based fMRI signals of all subjects from the two groups. This 
has been used to take the idea of sparsity structure of the 
neural activities into account, which is supported by neu-
ropsychological results [24, 28, 29]. Based on this method, 
each ROI signal was represented by a linear combination of 
a sparse set of common dictionary atoms (Eq. (5)), where 
each atomic component had different temporal-frequency 
pattern. Next, the weighted functional connectivity network 
was constructed by the sum of pairwise multiplication of 
sparse coefficients corresponding to each region for each 
subject, as shown in Eq. (6). All the self-connections of the 
connectivity matrix were set to zero.

(5)Sk = D × �k ∶

⎧
⎪⎨⎪⎩

ROI1 ∶ �11d1 + �21d2 +⋯ + �m1dm
ROI2 ∶ �12d1 + �22d2 +⋯ + �m2dm
ROIN ∶ �1Nd1 + �2Nd2 +⋯ + �mNdm

,
�
k = HC1,… ,HCx1

orMS1,… ,MSx2

�



926	 Australasian Physical & Engineering Sciences in Medicine (2019) 42:921–938

1 3

We used this approach to follow two purposes:

(1)	 We obtained the pairwise connectivity strength by 
considering the influence of other regions, because 
the resulted sparse coefficients for each subject were 
achieved based on a common learned dictionary with 
the presence of all regional fMRI time series and,

(2)	 This method considered the modular structure for the 
construction of a connectivity network. This could be 

(6)

Ck1,2
=
�
�11 ⋅ �12

�
+
�
�21 ⋅ �22

�
+⋯ +

�
�m1 ⋅ �m2

�
=

i=m�
i=1

�
�i1 ⋅ �i2

�

→ Ckn1,n2
=

i=m�

i = 1

n1, n2 ∈ {1,… ,N}

n1 ≠ n2

�
�in1

⋅ �in2

�
→ Connectivityk =

⎡⎢⎢⎣

0 ⋯ C1,N

⋮ ⋱ ⋮

CN,1 ⋯ 0

⎤⎥⎥⎦

due to the fact that those regions involved in common 
specialized processing might be expressed on the basis 
of similar dictionary atoms with relatively high over-
laps. Thus, the pairwise multiplication of the sparse 
coefficients of these regions can lead to a stronger con-
nection. It is possible to prove this assumption based 
on the obtained results from activated brain regions 
related to task or anti-task. For example, the areas 
involving anti-task exhibited stronger connections with 
each other. However, the connection strength between 

Fig. 1   Three examples of connectivity strength between the two brain 
regions which are computed through our proposed MSPW approach. 
The x-axis indicates the dictionary atoms ID, and the y-axis in (a) is 

the corresponding sparse coefficients. The y-axis in (b) indicates the 
pairwise connectivity strength
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dissimilar regions in terms of activation type has a 
relatively lower value. As a result, each pairwise con-
nection depends on the type of ROIs’ activity that is 
specified based on sparse coefficients weight and asso-
ciated representative atoms. Therefore, this method 
could preserved the modular structure of brain network 
by detecting the modules of regions that are densely 
interconnected with each other, while sparsely con-
nected with regions in other modules.

In Fig. 1, the pairwise connectivity strength is computed 
based on our MSPW method, which is shown in three exem-
plars between the similar ROIs in terms of their activation 
type together and the heterogeneous areas.

Extraction of functional brain network properties

Overall, the following characteristics were examined in 
order to identify the discriminative topological properties 
between the two groups:

(1)	 We utilized the pairwise connectivity strengths of 
regions from weighted brain network, constructed 
based on our proposed MSPW method, to identify 
regions in each of their pairwise connections, which 
could make significant differences between the two 
groups. For this purpose, we applied the non-paramet-
ric Wilcoxon rank-sum test with correction by using 
false discovery rate (FDR) [57] of 10% for multiple 
comparisons over all connectivity strengths of regions. 
The MSPW-based functional connectivity network 
along with its topological structure are shown for one 
of the MS patients and one of the healthy individuals 
in Fig. 2.

(2)	 After the construction of the weighted connectivity 
network for each subject, we applied the proportional 
thresholding (PTh) [13] on resulted networks with the 
PTh values in the range of 0.1–0.50 to preserve 10–50% 
of the total number of network links (with a step size 
of 1%) and adjust the rest to zero. We used the propor-
tional thresholding approach to match the link density 
across all subjects for the subsequent comparisons. In 

Fig. 2   Weighted functional connectivity network constructed based 
on our proposed MSPW method for all pairs of 116 ROIs, along with 
its topological structure including node degrees and connectivity 
strengths (in the right Figures: the width of each link determines the 

pairwise connectivity strength and the size of each node determines 
its degree): a for one of the patients with MS, b for one of the healthy 
individuals
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addition, the selected PThs in the range of 0.1–0.50 can 
lead to the prevention of too sparse or dense connectiv-
ity networks in which either so important connections 
are removed or noisy and insignificant information is 
preserved. Then, we calculated a wide variety of graph-
based characteristics from two different classes of 
global and local network properties through consider-
ing each thresholded functional network as a weighted 
graph:

•	 The global measures were extracted based on two 
aspects including functional segregation and inte-
gration. Mean clustering coefficient, mean local effi-
ciency, modularity, and transitivity were defined as 
measures of functional segregation. The characteris-
tic path length and global efficiency were described 
as measures of functional integration.

•	 The local graph properties are: clustering coefficient, 
local efficiency, eccentricity, and some measures 

Fig. 3   Procedure for the proposed approach in this study
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of centrality such as node strength, within-module 
degree, betweenness centrality, diversity centrality, 
eigenvector centrality, and participation coefficient.

We used the Brain Connectivity Toolbox (BCT) [15] 
to compute all the graph measures. More details about the 
methods and interpretation of these global and local graph 
measures are cited in [15].

Eventually, the non-parametric Wilcoxon rank-sum test 
was employed on all extracted global characteristics over 
all thresholded weighted networks (i.e., 41 graphs). In 
addition, we applied the Wilcoxon test on all nodal graph 
measures extracted from all thresholded weighted graphs 
to detect which brain regions had significantly changed in 
MS patients compared with those of the controls. We used 
the Wilcoxon test based on the corresponding resulted 
p-values, which was then corrected with a FDR of 5% 
for multiple comparisons. The overview of our proposed 
framework is illustrated in Fig. 3.

Results

Task‑related and anti‑task related dictionary atoms 
with the associated ROIs

In Fig. 4, all learned dictionary components are shown based 
on EfPASAT

 and absolute values of their correlation with the 
task design, which were categorized into two types of task-
related and anti-task-related components according to their 
positive and inverse correlations, respectively. Among these 
atoms, the components located in the top-right-hand corner 
of the Fig. 4 with both larger EfPASAT

 and correlation scores 

were selected as the most responsive components to the 
task model. Accordingly, the two task related and five anti-
task related components were identified from the common 
learned dictionary for all subjects. The AAL-based spatial 
distribution of each selected component was recognized 
through transforming the group-wise T-value results to the 
standard z-scores and thresholding at Z > 1.65 . A total of 
57 regions from the two groups were obtained, which cor-
respond to these selected components. The selected diction-
ary atoms related to the task and anti-task with their corre-
sponding temporal-frequency properties, and the associated 
regions are displayed in Figs. 5 and 6 for MS and HC groups 
separately. As can be seen, only 16 out of 57 regions are 
common between the two groups.

Topological properties of MSPW‑based functional 
connectivity networks

We proposed a framework called MSPW for constructing the 
weighted functional connectivity networks by considering 
both sparse and modular structures, without neglecting the 
influence of other regions on pairwise connectivity strength.

Afterwards, we identified the discriminative topological 
characteristics from these MSPW-based functional connec-
tivity networks, which were significantly different between 
the two groups of MS and control.

Statistical analysis on pairwise connectivity weights 
of regions

We identified the important connections of regions, which 
revealed significant differences between the two groups 

Fig. 4   All common learned dictionary atoms based on E
f
PASAT

 and absolute values of their correlation with the task design. We selected the most 
responsive components to the task model, which are marked by drawing the circles around them
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based on Wilcoxon test results (FDR-corrected). Therefore, 
we could detect the informative brain regions that are related 
to these discriminative pairwise connectivity weights. These 
33 significant connections are listed in Table 1, based on 
their corresponding regions.

These significant connections include the regions of 
bilateral fusiform gyrus, right heschl and superior tempo-
ral gyrus, left lingual gyrus and posterior cingulate, hip-
pocampus and para hippocampal gyri, bilateral caudate, 
left amygdala, some parts of cerebellar and frontal gyrus. 
All discriminative regions are shown in Fig. 7. It is nota-
ble that almost half of these informative areas are included 
in regions, previously identified as the task-related or anti-
task-related areas in this study in the first subsection of the 
Results.

Recent functional neuroimaging studies have found that 
the different parts of cerebellar are related to some cognitive 

functions like attention and mental imagery. Also, the hes-
chl and superior temporal gyrus are mainly activated dur-
ing auditory processing. The bilateral fusiform gyrus, 
hippocampus and para hippocampal, lingual, amygdala, 
and caudate are linked to memory, memory encoding and 
retrieval, semantic processing, memorization, the processing 
of memory, decision-making, identification and recognition. 
Moreover, the posterior cingulate cortex (PCC) is known as 
a central component of the default mode network (DMN) 
and is linked to memory, learning and attention (https​://
www.fmrit​ools.com/kdb/grey-matte​r/index​.html) [58].

The results of statistical analysis on functional connectiv-
ity strengths of regions demonstrate that the brain regions 
with these significant associated connections might be use-
ful for the detection of cognitive dysfunctions in early MS 
patients.

Fig. 5   The selected dictionary atoms related to the task with their 
corresponding a temporal characteristic: the red curves indicate the 
task paradigm. The x-axis is the temporal samples, and the y-axis 
shows the time course of each selected task-based atom which nor-

malized to (-1, 1), b frequency characteristic: the x-axis is the fre-
quency, and the corresponding energy normalizing to (0, 1) is indi-
cated with y-axis, and c the associated regions in each group

https://www.fmritools.com/kdb/grey-matter/index.html
https://www.fmritools.com/kdb/grey-matter/index.html
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Statistical analysis on graph‑based measures

The results of statistical analysis on global features showed 
that only individual measure of modularity had signifi-
cant alterations over nearly half of the range of PTh values 
between the two groups (Wilcoxon rank-sum test, FDR-
corrected). Because our proposed method was established 
based on concept of modularity in the structure of brain 
networks, we expected the network modularity to indicate 

significant differences (p < 0.05, FDR-corrected) between 
the two groups. The standard error of mean of the obtained 
modularity values for all weighted networks in both groups 
are displayed in Fig. 8. As it is evident from Fig. 8, MS 
group display significantly lower values of modularity 
compared with those of the controls during cognitive task 
performance.

The results of statistical analysis on local graph measures 
are shown in Table 2. The results demonstrate each brain 

Fig. 6   The selected dictionary atoms related to the anti-task with 
their corresponding a temporal characteristic: the red curves indicate 
the task paradigm. The x-axis is the temporal samples, and the y-axis 
shows the time course of each selected anti-task-based atom which 

normalized to (-1, 1), b frequency characteristic: the x-axis is the fre-
quency, and the corresponding energy normalizing to (0, 1) is indi-
cated with y-axis, and c the associated regions in each group
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area that could possess the most number of significant dif-
ferences between MS and HC among all associated nodal 
graph properties extracted from all the thresholded weighted 
networks. It can be seen from Table 2 that the brain areas 
such as right lingual, left medial orbital of superior frontal 
gyrus, and some parts of cerebellum show statistically sig-
nificant differences between the two groups over more than 
20 PTh values among the discriminative nodal measures 
of eigenvector centrality, node strength, eccentricity, and 
within-module degree.

We also calculated Spearman’s correlation coefficients of 
clinical measures and cognitive performance with the most 
discriminative pairwise connections and graph features to 
evaluate the significance of any relationships between them. 

The connectivity strength of vermis_10 and left rolandic 
was significantly (p < 0.05, FDR-corrected) positively cor-
related with the verbal memory scores. There was a signifi-
cant negative correlation between the eccentricity measure 
of vermis_1_2 and auditory attention scores at PThs from 
0.21 to 0.5. Eigenvector centrality and node strength values 
of cerebelum_3_L also had significant negative correlation 
with the auditory attention scores in most PThs. Whereas 
clustering coefficient of right lingual showed a significant 
positive correlation with the auditory attention scores, this 
local measure was significantly negatively correlated with 
the disease duration. Figure S1 in Supplementary Material 
displays the scatter plots of the discriminative graph features 

Table 1   List of the brain ROIs with their most discriminative connections

It was also determined which connection in each region had the lowest p-value (FDR-corrected). Regions were divided based on AAL atlas
MNI Montreal Neurological Institute space, AAL Automated Anatomical Labeling atlas

ROI MNI coordinate AAL The significant pairwise connectivity strengths Lowest p-value

116 0, − 46, − 32 Vermis_10 ROIs: 17, 82 (task-related)
ROIs: 6, 10, 16, 22, 23, 24, 32, 37, 38, 40, 41, 56, 

71 (anti-task-related)
0.001 (ROIs: 116, 71)

ROIs: 5, 9, 14, 15, 18, 47, 51, 55, 57, 72, 73, 91, 
100

80 46, − 17, 10 Heschl_R (task-related) ROIs: 105 (anti-task-related) 0.00079 (ROIs: 80, 105)
ROIs: 104

47 − 15, − 68, − 5 Lingual_L ROIs: 16, 35 (anti-task-related) 0.00079 (ROIs: 47, 35)
56 34, − 39, − 20 Fusiform_R (anti-task-related) ROI: 116 0.0014 (ROIs: 56, 116)
105 10, − 49, − 46 Cerebellum_9_L (anti-task-related) ROI: 80 (anti-task-related) 0.00079 (ROIs: 105,80)
35 − 5, − 43, 25 Cingulum_Post_L (anti-task-related) ROI: 46, 47 0.00079 (ROIs: 35, 47)

Fig. 7   Presentation of informative brain regions which could signifi-
cantly distinguish between the two groups in their corresponding dis-
criminative connections

Fig. 8   Significant reduction in network modularity values for the 
weighted thresholded functional networks was determined for MS 
patients (red line) compared to control group (black line). Significant 
differences (p < 0.05, FDR-corrected) between the two groups are 
shown by blue stars
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and pairwise connectivity weights which had significant 
positive or negative correlation with the clinical and cogni-
tive measures.

Discussion

The main goal of this study was to propose a method for the 
construction of a functional connectivity network through 
the concept of brain network modular structure based on 
the sparse representation theory. The sparse signal represen-
tation obtained through learning a common over-complete 
dictionary from cognitive task-related fMRI data in order to 
identify the reliable markers for the detection of alterations 
in topological properties in early MS patients compared with 
the controls. Many neurological findings have supported the 
idea of the sparsity of the brain networks [22–24, 28–30]. 
In addition, modular structure is an important topological 
characteristic of the brain connectivity networks, which 
can provide information about the networks partitioning by 
investigating the inter-modular and intra-modular connec-
tivity [38, 39]. Modularity is based on the concept that the 
functional connectivity between regions with similar spe-
cialized activities is strong and dense in the same module, 
whereas there is sparsely functional connectivity between 
regions from different modules.

Since the existence of structural damage can lead to the 
changes in topological properties of connectivity networks, 
we could identify these between-group differences using 
various topological measures by constructing the brain net-
works through considering both sparse and modular struc-
tures as important inherent characteristics of functional 
connectivity networks. The proposed MSPW method, with 
the examination of measures from different aspects of brain 
network, could recognized more significant connections in 
their corresponding ROIs and also important graph features 
that could distinguish MS patients from controls.

The present study integrated sparse representation, con-
nectivity strength between the two regions by considering 
the influences of other regions, and the community structure 
for the construction of functional connectivity networks for 
the early assessment of cognitive-related alterations in MS 
disease. Wang et al. [22] reported high accuracy for clas-
sification of patients with depression and HC using sparse 
low-rank functional network model and graph features. Fur-
thermore, Yu et al. [23] achieved more significant connec-
tions in the discrimination of patients with MCI and HC by 
proposing a model of "connectivity strength-weighted sparse 
group representation (WSGR)" for brain networks construc-
tion based on sparsity, connectivity weights derived from 
Pearson correlation, and group structure.

Modularity algorithm, through investigating the between-
modular and within-modular connections, can describe 
the size and the way of combining densely interconnected 
areas in the same group to perform the specialized tasks 
and sparsely connected from different groups to transform 
the information [59, 60]. MS, as a disconnection disease, 
could affect the communication of the brain due to the pres-
ence of structural lesions [61]. In this regard, a significant 
reduction in modularity scores was observed in MS patients 
over all proportional thresholding values. The result of 
the proposed approach in combination with graph meas-
ures demonstrated that only single modularity feature (as a 
functional segregation measure) out of six extracted global 
measures indicated a high ability discriminating MS patients 
from the controls. This result is consistent with our previous 
study [13], which showed the modularity values computed 
from binary adjacency graphs constructed by Pearson cor-
relation have significant differences over a wide range of 
PThs. By comparing the results of our proposed method with 
the Pearson’s correlation, it could be seen that our model 
led to a clearer modular structure with larger modularity 
values for the constructed networks over different range of 
PTh values (for modularity values of the functional brain 

Table 2   The brain ROIs in 
corresponding discriminative 
local features which could 
significantly differentiate (p < 
0.05, FDR-corrected) between 
the two groups over more than 
20 of PTh values from 0.1 to 0.5 
by step size of 0.01

It is presented as the lowest p-value at its corresponding PTh in parenthesis for each nodal measure. 
Regions are divided based on AAL atlas

Local graph measure ROI MNI coordinate AAL Lowest p-value

Eccentricity 109 1, − 39, − 20 Vermis_1_2 0.0005 (PTh = 0.21)
Eigenvector centrality 95 − 8, − 37, − 19 Cerebelum_3_L 0.0005 (PTh = 0.32)
Node strength 95 − 8, − 37, − 19 Cerebelum_3_L 0.0007 (PTh = 0.43)
Within-module degree 25 − 5, 54, − 7 Frontal_Med_Orb_L 0.0014 (PTh = 0.35)
Diversity centrality 25 − 5, 54, − 7 Frontal_Med_Orb_L 0.001 (PTh = 0.37)
Eigenvector centrality 109 1, − 39, − 20 Vermis_1_2 0.0023 (PTh = 0.12)
Node strength 109 1, − 39, − 20 Vermis_1_2 0.003 (PTh = 0.15)
Clustering coefficient 48 16, − 67, − 4 Lingual_R 0.001 (PTh = 0.21)
Eccentricity 95 − 8, − 37, − 19 Cerebelum_3_L 0.0062 (PTh = 0.27)
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network constructed by Pearson’s correlation model and our 
proposed model see Fig. S2 in Supplementary Material).

Recent research studies of functional connectivity net-
works based on resting-state fMRI or a specific task per-
formance have also reported the relevance of modularity to 
the cognitive dysfunctions in many different brain disorders 
[2, 13, 22, 58, 62, 63]. Liu et al. [58] utilized two measures 
of intra- and inter-module efficiency to evaluate the com-
munication efficiency in early MS patients compared with 
the healthy controls. Their results showed a decreased inter-
module efficiency between different functional connectivity 
networks in MS. Therefore, considering the importance of 
modular structure of brain networks, adding this property 
to network construction model could be closer to the real 
brain network, which could highlight the potential of net-
work modularity score as a reliable marker to help the early 
identification of cognitive deficits.

The top four local graph measures of eigenvector central-
ity, node strength, eccentricity, and within-module degree 
could significantly identify the most number of between-
group differences in brain networks by highlighting the 
ROIs’ situation.

The influence of a node within the entire network is 
quantified by eigenvector centrality with the consideration 
of the quality of their connections. This measure allows us 
to detect the brain hubs [64–66]. In this regard, many stud-
ies in AD disease reported that the eigenvector centrality 
was an effective measure for the identification of main hubs, 
which could play an important role in detecting changes of 
cognitive symptoms in patients with AD [10, 21, 67, 68]. In 
addition, our findings are in line with a recent study, showing 
the crucial role of eigenvector centrality to define a major 
hub and relationship between the structural, functional and 
cognitive alterations in early MS patients [66].

The eccentricity measure determines the greatest distance 
between a certain ROI and all other areas in a network [69]. 
Our results are congruous with those of a study by Tewarie 
et al. [70] that revealed the nodal measure of eccentricity 
can significantly change in early RRMS in three frequency 
bands of theta, alpha2 and beta using resting-state magneto-
encephalographic (MEG) data. It has also been reported by 
Hojjati et al. [68] that the eccentricity measure in the left 
fusiform was significantly different in converting MCI to 
AD.

The within-module degree denotes the intra-module con-
nectivity of a node by considering the connections within 
community which it belongs, while participation centrality 
describes the relation between a node’s connections within 
its own module and its connections to other nodes in differ-
ent modules [15, 62]. Therefore, both measures were often 
compared with each other to denote the important nodes as 
hub regions, which can play a key role in the organization 
of brain network, particularly when damage has occurred. 

Several recent studies have emphasized the importance of 
hub regions for further understanding of brain disorders 
[21, 62, 71, 72]. Our results are consistent with those of a 
recent study by Haan et al. [62], indicating that these two 
mentioned properties are linked with the cognitive deficits. 
It is noteworthy that our findings obviously reflected the dis-
rupted modular organization of brain networks in the early 
stages of MS disease for cognitive functions.

We also found a high capacity of node strength measure 
for separating MS patients from healthy controls, which is 
in line with the results of a recent study that detected signifi-
cant covariations between cortical demyelination and white 
matter connectivity matrices like strength in the early MS 
patients [73].

The brain regions that significantly differentiated MS 
patients from controls in these top four discriminative 
nodal properties are corresponding to cerebelum_3_L, ver-
mis_1_2, left medial orbital of superior frontal gyrus, lin-
gual gyrus based on AAL atlas.

Several recent studies have reported the presence of gray 
matter (GM) lesions in early MS patients and identified 
cerebellum and hippocampus as the most affected regions 
among GM regions [74–76]. Although cerebellum is mainly 
related to motor control, some cognitive processes such as 
attention, high-level cognitive functions, and conflict adapta-
tion have also been attributed to it (https​://www.fmrit​ools.
com/kdb/grey-matte​r/index​.html) [1, 10, 13, 42, 77–79]. An 
increased activity in cerebellum for healthy subjects during 
working memory performance have been observed in [79]. 
In addition, Petsas [42] indicated a significant inverse cor-
relation between PASAT score and some areas including 
cerebellum in MS patients. Furthermore, although a linear 
growth of task-related activity in cerebellum was reported 
by Rocca et al. [77] for both groups of MS and HC dur-
ing N-back load condition with increasing cognitive task 
difficulty, MS patients showed a lower increase of activity 
compared with the controls. Spiteri et al. [80] also revealed 
an association between decreased activation in executive 
regions like orbital part of left superior frontal gyrus and 
state of fatigue during the N-back task performance in MS 
patients compared with the controls.

Finally, we also found informative brain areas with sig-
nificant differences between the two groups in terms of their 
pairwise connectivity strengths. As listed in Table 1, these 
most affected regions by cognitive impairments in MS were 
some parts of cerebellar and frontal gyrus, bilateral fusiform 
gyrus, right heschl and superior temporal gyrus, left lingual 
gyrus and posterior cingulate, hippocampus and para hip-
pocampal gyri, bilateral caudate, left amygdala. Over the 
years, the neuroscientists have agreed that an important role 
of hippocampal functions is associated with memory. There 
are plenty of reports [81–92] that express any disruption 
in hippocampus can have severe effects on many domains 

https://www.fmritools.com/kdb/grey-matter/index.html
https://www.fmritools.com/kdb/grey-matter/index.html


935Australasian Physical & Engineering Sciences in Medicine (2019) 42:921–938	

1 3

in cognition (https​://www.fmrit​ools.com/kdb/grey-matte​
r/index​.html). Moreover, it has been shown that early MS 
patients with hippocampal atrophy have significantly lower 
right hippocampal volume compared with the healthy con-
trols, which can result in a decreased functional connectivity 
over hippocampus. It is worth noting that slight decreases 
of resting-state functional connectivity were also reported 
in patients with MS who did not have hippocampal volume 
abnormalities [81]. Consistent with the results of previous 
studies, Gamboa et al. [2] demonstrated that a community 
structure which belonged to the cerebellar regions in the 
control group was expanded through adding the hippocam-
pus and para-hippocampal areas to the module in MS group 
during a cognitive task. Our results are in line with those of 
the previous studies, showing significant activation/deacti-
vation of lingual and medial superior frontal gyrus in MS 
patients during PASAT and N-back tasks [77, 93, 94].

Consistent with the results of previous studies, the men-
tioned regions are involved in various aspects of cognitive 
dysfunctions for different neurological brain disorders. 
Accordingly, it seems that these discriminative brain regions 
could help us to improve our understanding of cognitive 
deficits in early stages of brain disorders such as MS disease 
(https​://www.fmrit​ools.com/kdb/grey-matte​r/index​.html) 
[10, 13, 21, 58, 68, 77]. Since almost half of these signifi-
cant brain areas were also specified as task/anti-task-related 
brain regions in this study, it can be suggested that the only 
assessment of functional connectivity between and within 
task and anti-task-related networks might guide us to find 
out more information about cognitive changes in topological 
organization in MS patients.

Conclusion

In this paper, we introduced a method for the construction of 
a functional connectivity network. The model was based on 
sparse representation obtained through learning a common 
dictionary from aggregated fMRI signals of MS patients and 
matched healthy controls during a specific cognitive task 
performance. We included two most important inherent 
characteristics of brain network, i.e. ‘sparsity’ and ‘modular 
structure’, into our method to construct functional networks 
and to clarify the brain topological organization in various 
conditions.

We investigated between-group differences by examining 
the pairwise connectivity strengths and graph-based topo-
logical properties, which derived from achieved weighted 
functional networks. Our results indicated that the network 
modularity measure was more effective than other global 
measures to reveal significant alterations of functional brain 
networks in MS and HC. We also identified the nodal level 
graph properties such as eigenvector centrality, eccentricity, 

node strength, and within-module degree, which showed 
a discrimination ability for the differentiation of the two 
groups. In addition, we detected a subset of informative 
brain regions corresponding to their discriminative connec-
tivity weights and local graph properties, which are expected 
to be the most affected areas by cognitive problems in MS 
patients.

These results suggested that our proposed approach, the 
integration of sparsity, modular structure and pairwise con-
nectivity strength in combination with graph theory, could 
serve for identification of the disrupted functional topologi-
cal organization in MS patients suffering from cognitive 
deficits in the early stages of disease.
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