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Abstract
Functional connectivity network provides novel insights on how distributed brain regions are
functionally integrated, and its deviations from healthy brain have recently been employed to
identify biomarkers for neuropsychiatric disorders. However, most of brain network analysis
methods utilized features extracted only from one functional connectivity network for brain disease detection and cannot provide a comprehensive representation on the subtle disruptions of
brain functional organization induced by neuropsychiatric disorders. Inspired by the principles of
multi-view learning which utilizes information from multiple views to enhance object representation, we propose a novel multiple network based framework to enhance the representation of
functional connectivity networks by fusing the common and complementary information conveyed in multiple networks. Specifically, four functional connectivity networks corresponding to
the four adjacent values of regularization parameter are generated via a sparse regression model
with group constraint (l2,1-norm), to enhance the common intrinsic topological structure and
limit the error rate caused by different views. To obtain a set of more meaningful and discriminative features, we propose using a modified version of weighted clustering coefficients to
quantify the subtle differences of each group-sparse network at local level. We then linearly
fuse the selected features from each individual network via a multi-kernel support vector
machine for autism spectrum disorder (ASD) diagnosis. The proposed framework achieves an
accuracy of 79.35%, outperforming all the compared single network methods for at least 7%
improvement. Moreover, compared with other multiple network methods, our method also
achieves the best performance, that is, with at least 11% improvement in accuracy.
KEYWORDS

computer-aided diagnosis, functional connectivity network, multi-kernel fusion, multi-view
group-sparse network, multi-view learning, resting-state functional magnetic resonance
imaging (R-fMRI)
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brain, avoiding the challenge of designing tasks and the task-induced
influences (Biswal, Yetkin, Haughton, & Hyde, 1995; Greicius, 2008;

Human brain is a complex yet efficient network, in which anatomically

van den Heuvel & Hulshoff Pol, 2010). Functional connectivity is the

distant brain regions are functionally integrated to perform specialized

temporal correlation between neural activity patterns (fMRI signals)

information processing. In the past two decades, resting-state func-

from different brain regions, and can usually be represented by a con-

tional magnetic resonance imaging (R-fMRI) has been widely applied

nectivity network comprised of nodes, and edges between nodes (van

as a powerful tool to explore intrinsic functional connectivity of the

den Heuvel & Hulshoff Pol, 2010). Here, the nodes are brain regions

Hum Brain Mapp. 2018;1–22.
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and the edges are the time correlations between two brain regions.

multi-view learning, a feature set is extracted from each view to pro-

Therefore, functional connectivity is often referred as functional con-

vide some different yet complementary information. For instance, we

nectivity networks (FCNs). FCN has been of great importance for dis-

can use face images, taken from different angles, to help to identify a

covering the functional organization of human brain and searching for

person. Since parts of the face or body of a person may be occluded

the biomarkers of the neuropsychiatric disorders (Fornito, Zalesky, &

in some images, combining information from different view images

Breakspear, 2015).

can provide a more comprehensive representation of the same per-

Researchers have discovered disruptions of FCN in neuropsychi-

son, leading to better recognition performance than using just a single

atric diseases, such as Alzheimer’s disease (Greicius, Srivastava,

view image. Similarly, multiple networks can also be considered as the

Reiss, & Menon, 2004; Wang et al., 2013), mild cognitive impair

multiple “views” of the functional organization of the same brain. An

(MCI) (Bai et al., 2011; Das et al., 2013), depression (Greicius et al.,

fMRI scan can be used to generate multiple networks, and thus multi-

2007; Yang et al., 2016), autism spectrum disorder (ASD) (Anderson

ple sets of features can be extracted from these networks. Each net-

et al., 2011; Assaf et al., 2010; Cheng, Rolls, Gu, Zhang, & Feng,

work is assumed to convey distinct information from other networks,

2015; Ebisch et al., 2011), and schizophrenia (Wang, Xia, et al.,

and the fusion of multiple networks provides more comprehensive

2014). On the other hand, machine learning techniques have been

description of the brain, leading to better classification performance

proven to be very effective in identifying biomarkers for brain dis-

than the single network based methods.

ease diagnosis based on FCN (Chen, Zhang, et al., 2016; Jiang,

It is worth exploring how to construct multiple networks of the

Zhang, & Zhu, 2014; Khazaee, Ebrahimzadeh & Babajani-Feremi,

brain to enhance the representation of FCNs. To our knowledge,

2015; Sato et al., 2015; Wee, Yap, Zhang, Wang, & Shen, 2014;

only a few previous studies explored the construction of multiple

Zhang, Hu, Ma, & Xu, 2015). Here, we focus on exploring biomarkers

networks for R-fMRI based disease classification (Wee, Yap, Denny,

from FCN for ASD diagnosis using state-of-the-art machine learning

Browndyke, Potter, Welsh-Bohmer, Wang, & Shen, 2012a; Jie,

techniques. ASD is a group of neurodevelopmental disorders that

Zhang, Wee, & Shen, 2014; Price et al., 2014). However, these

cause abnormal social behavior, impaired communication and lan-

methods do not construct multiple networks based on the principles

guage skills, and repetitive/stereotyped behavior (Amaral, Schu-

of multi-view learning and have some limitations. For example, Wee

mann, & Nordahl, 2008, American Psychiatric Association, 2013). It

et al. (2012a) ignores the fact that the brain networks are intrinsically

has been reported to occur in about 1% of children, resulting in

sparse and concatenating features for classification easily leads to

immense suffering to patients and also burden to their families (Kim

overfitting in a small size of samples. Substantially, this method is

et al., 2011; Lai, Lombardo, & Baron-Cohen, 2014). Recent machine

single-view learning as it does not jointly optimize information from

learning based studies advanced the discovery of new neuroimaging-

multiple FCNs. The method proposed by Jie et al. (2014) achieves

based biomarkers for computer-aided ASD diagnosis (Chen et al.,

good performance for MCI detection, but has three limitations. First,

2015; Chen, Duan, et al., 2016; Cheng et al., 2015; Guo et al., 2017;

similar to Wee et al. (2012a), Pearson's correlation based networks

Iidaka, 2015; Nielsen, Zielinski, Fletcher, Alexander, Lange, Bigler,

are not sparse and contain many spurious or insignificant connec-

Lainhart, & Anderson, 2013; Plitt, Barnes, & Martin, 2015; Price,

tions, which may degrade the classification performance. Second,

Wee, Gao, & Shen, 2014; Wee, Yap, & Shen, 2016).

this method abandons some valuable topological structures when

In spite of some promising results, due to the complexity and sub-

deriving consistent subnetworks across subjects, which may lead to

stantial heterogeneity of neuropsychiatric disorders, identifying effec-

information loss. Third, the use of predefined thresholds makes it

tive biomarkers is still a challenging task, which requires more

difficult to be extended to detection of other brain diseases. The

advanced feature representation method to better capture subtle

method proposed by Price et al. (2014) suffers from the need of

disease-related FCN disruptions. Most of the existing R-fMRI based

manually selecting a subset of biologically meaningful spatial maps

disease identification frameworks utilize only one FCN, from which

from all maps derived using group independent component analysis

features are extracted for classification. However, the brain is the

(ICA), which cannot automatically be performed for classification.

most complex system in the human body, causing immense difficulty

The discriminative networks are required to be selected from several

in understanding the functional mechanism of the brain via simple

hundred spatial networks on multi-scale windows for fusion classifi-

representation, such as using a single network with predefined spar-

cation. This method is quite complex and suitable for brain disease

sity level (Wee et al., 2014). Moreover, using only one single FCN

classification based on dynamic functional connectivity. Here, we

could not comprehensively capture subtle disruptions of brain func-

investigate multiple network construction based on static functional

tional organization induced by neuropsychiatric disorders (Plitt et al.,

connectivity using the consensus and complementary principles of

2015). Each network can only capture a part of between-group differ-

successful multi-view learning. We will overcome the limitations of

ences and identify some patients correctly, which often causes serious

the above methods, by providing an appropriate framework to

results, that is, certain patients cannot be identified timely to receive

enhance the representation of FCNs through fusion of multi-view

effective treatment. Inspired by the concept of multi-view learning

information.

which utilizes information from multiple perspectives of an object to

For multi-view learning, it is very crucial to extract discriminative

enhance its representation (Gong, Ke, Isard, & Lazebnik, 2014; Jin

features from multiple FCNs for classification purpose. Many R-fMRI

et al., 2014; Wu et al., 2016; Xu, Tao, & Xu, 2013), multiple FCNs can

based disease diagnosis studies directly utilized functional connectiv-

be used in a similar way to provide a more descriptive and informative

ity as the input features to the classifier (Chen et al., 2015; Chen,

representation on the functional organization of the brain. In the

Duan, et al., 2016; Cheng et al., 2015; Iidaka, 2015; Nielsen, Zielinski,
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Fletcher, Alexander, Lange, Bigler, Lainhart, & Anderson, 2013; Plitt,

of our proposed multiple network method is discussed in detail, and

Barnes, & Martin, 2015). However, both high dimensionality and dis-

several most discriminative brain regions are identified and analyzed

tributed variability of functional connectivity make feature selection

as biomarkers for ASD diagnosis.

difficult in selecting the discriminative functional connections

It is noteworthy that the proposed method is different from

(Varoquaux & Craddock, 2013). Compared to the connectivity-based

our previous method which uses a group-constrained sparse regres-

approaches, graph theory metrics, which provide a quantified sum-

sion model to construct a FCN for MCI diagnosis (Wee et al., 2014).

mary on the topological organization of a network, draw considerable

First, to the best of our knowledge, using different amount of spar-

attention due to their meaningful interpretation, low dimensionality

sity constraint to obtain a set of networks from the same brain has

and easy computation (Bassett & Bullmore, 2006; He, Chen, & Evans,

not been investigated in the previous resting-state fMRI studies.

2007; Li et al., 2013; Rubinov & Sporns, 2010; Sporns & Zwi, 2004).
More importantly, they have been proven to be able to reveal functional connectivity abnormalities in neuropsychiatric disorders in high
level representation (Baggio et al., 2014; Harrington et al., 2015; Stam
et al. 2009; Wang et al., 2009, 2013; Zhang, Wang, Wu, et al., 2011).
Local clustering coefficient of a node in a FCN (graph) which quantifies how close its neighboring nodes are to be a clique can be used
to reflect functional segregation among the brain regions (Rubinov &
Sporns, 2010). Compared to the binary clustering coefficient that considers only the number of links between the neighboring nodes, the
weighted clustering coefficient uses the actual amount of interactions
between the neighboring nodes to quantify the clustering of the

Second, these networks are used in a multi-view way for guiding
the classification, which is also new for the resting-state functional
networks. Finally, multiple brain networks often exist for each person, that is, such as including the default mode network, motor network, attention network, and salience network (Buckner, AndrewsHanna, & Schacter, 2008; Biswal et al., 1995; Ptak, 2012; Seeley
et al., 2007; Yu et al., 2015). The integration of these multiple networks makes the brain perform effectively various tasks. This is the
main reason why we would like to get more possible brain networks
for better characterizing the insights of the brain at each time
point.

nodes, and can thus capture connection details of network topology
to provide a more comprehensive feature representation. The
weighted clustering coefficients proposed by Onnela et al. (2005)

2 | M A T E R I A L S A N D M ET H O D S

have been used in Wee et al. (2012a) and Jie et al. (2014) to extract
features from multiple networks for identifying MCI subjects. However, the performance of different weighted clustering coefficients
should be further investigated.

2.1 | Subjects
The R-fMRI data utilized in this study were obtained from the open-

In this paper, we propose a novel multiple network construction

access Autism Brain Imaging Data Exchange (ABIDE) database (http://

method to generate a set of FCNs with different sparsity levels of

fcon_1000.projects.nitrc.org/indi/abide/) that consists of 17 interna-

topological structures, and then fuse network level features from all

tional imaging sites and was released in 2012 (Di Martino et al., 2014).

FCNs to enhance feature representations. Specifically, we construct

The aim of ABIDE is to promote our knowledge of ASD neurobiology,

multiple FCNs with different sparsity levels by varying the regulariza-

biomarker discovery, and innovation of image analysis methodologies.

tion parameter of an l2,1-norm based group-constrained sparse regres-

All datasets were anonymous in accordance with HIPAA (Health

sion model (Wee et al., 2014). This model can ensure that brain
networks are sparse without spurious or insignificant connections,
and topological structure of FCN for each sparsity level is identical
across subjects to facilitate between-subject comparison. We fuse
multiple group-sparse FCNs with adjacent values that are determined
based on the training set, to enhance the common intrinsic topological
structure and limit the error rate caused by different views. Meanwhile these group-sparse networks with different sparsity levels provide complementary information different from each other in a
granular fashion to capture subtle disease-associated alterations in
functional connectivity. To quantify the subtle differences of each
group-sparse network at local level, we compute a modified version of
weighted local clustering coefficients. Specifically, we define the

Insurance Portability and Accountability Act) guidelines and 1,000
Functional Connectomes Project/INDI protocols. For more detailed
information about data, one can see http://fcon_1000.projects.nitrc.
org/indi/abide/.
To prevent the effects of multi-site data during comparison, we
select to evaluate the performance of the proposed method using just
the R-fMRI data acquired at New York University (NYU) Langone
Medical Center, that is, the dataset with the largest sample size. Written informed consent was available from each participant. We select
45 ASD and 47 socio-demographic-matched TD children aged
between 7 and 15 years old for the analysis. These subjects had no
excessive head motion with a displacement of less than 1.5 mm or an

weighted clustering coefficients by replacing the connection status

angular rotation of less than 1.5 in any direction. There are no signifi-

between two neighbors connected to a node in the binary clustering

cant gender (ASD children: 38 males and 7 females; TD children:

coefficient (Watts & Strogatz, 1998) with their connection weight.

36 males and 11 females; p = .3428), age (ASD children: 11.1  2.3

We compare the performance of the proposed method with both sin-

years old; TD children: 11.0  2.3 years old; p = .7773), and full intel-

gle network methods and other multiple network methods for identi-

ligent

fying ASD children from typically developing (TD) children. We also

113.3  14.1; p = .0510) differences between two groups. The

compare the performance of our weighted clustering coefficient with

detailed demographic information about the used R-fMRI data is pro-

that proposed by Onnela et al. (2005). Finally, the improvement effect

vided in Table 1.

quotient

(ASD

children:

106.8  17.4;

TD

children:
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TABLE 1

Demographic information of the subjects
ASD

TD

time series was computed for each ROI. After preprocessing, we
p-value

obtained the average fMRI time series of 116 ROIs.

a

Male/female

38/7

36/11

.3428

Age (mean  SD)

11.1  2.3

11.0  2.3

.7773b

FIQ (mean  SD)

106.8  17.4

113.3  14.1

.0510

ADI-R (mean  SD)

38.2  14.3 c

–

Figure 1 illustrates the overview of the proposed multiple network

ADOS (mean  SD)

13.7  5.0

–

based ASD identification framework. This framework consists of four

2.3 | Classification framework

stages, including (1) multiple network construction, (2) feature extracASD, autism spectrum disorder; TD, typically developing; FIQ, full
intelligence quotient; ADI-R, autism diagnostic interview-revised;
ADOS, autism diagnostic observation schedule.
a

The p-value was obtained by chi-squared test.
b
The p-value was obtained by two-sample two-tailed t-test.
c
Two patients do not have the ADI-R score.

tion, (3) feature selection, and (4) feature fusion and classification.
Unlike previous multiple network construction methods (Wee, Yap,
Zhang, Denny, Browndyke, Potter, Welsh-Bohmer, Wang, & Shen,
2012a; Jie et al., 2014; Price et al., 2014), we propose to construct
multiple group-sparse FCNs for each subject through different values

2.2 | Imaging acquisition and preprocessing

of regularization parameter of the group-constrained sparse regression modeling (Wee et al., 2014). Next, a modified version of weighted

The R-fMRI data were collected on a 3.0 T Siemens Allegra scanner at

local clustering coefficient is extracted for every ROI in each FCN. A

the NYU Langone Medical Center. During the resting-state scan, most

two-stage feature selection method is adopted to identify the most

subjects were instructed to relax with their eyes open and stare at a

discriminative features for each sparsity level based on the training

white fixation cross in the center of the black screen. The acquisition

set. Finally, a multi-kernel support vector machine (SVM) is adopted

time lasted for 6 min and a total of 180 volumes of EPI images were

to linearly fuse the selected features from FCNs with different levels

acquired (repetition time (TR)/echo time (TE) = 2,000/15 ms, flip

of sparsity for ASD diagnosis. It is worth noting that we use a leave-

angle = 90 , 33 slices, slice thickness = 4 mm, imaging matrix = 64

one-out cross-validation (LOOCV) to evaluate the performance of the

× 64).

proposed method. Specifically, feature selection and parameter opti-

The data were then preprocessed using the Analysis of Functional

mization are solely implemented on the training set via the inner

NeuroImages (AFNI) software (Cox, 1996), including removing the

cross-validations to guarantee automatic operation of the whole pro-

first 10 R-fMRI volumes, spatial smoothing using Gaussian kernel with

cess and also to avoid the positively biased performance evaluation. In

the full width at half maximum (FWHM) of 6 mm, signal detrending,

what follows, we will detail the four main stages in our study.

band-pass filtering (0.005–0.1 Hz), regression of nuisance signals (ventricle, white matter, and global signals), and normalization to the Montreal Neurological Institute (MNI) space with a resolution of

2.4 | Construction of multiple group-sparse FCNs

3 × 3 × 3 mm . To decrease the effects of head motion as soon as

In this study, we adopt a group-constrained sparse regression model

possible, we also regressed out six head motion signals before com-

to infer the functional connectivity among brain regions. Furthermore,

puting the functional connectivity. The brain was parcellated into

we vary the values of regularization parameter to construct multiple

116 regions of interest (ROIs) according to the Automated Anatomical

group-sparse FCNs for each subject for characterizing topological

Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002). The average fMRI

structures at different levels of sparsity.

3

FIGURE 1

Overview of the proposed classification framework based on multi-kernel fusion of multiple group-sparse networks [Color figure can
be viewed at wileyonlinelibrary.com]
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2.4.1 | Construction of single group-sparse FCN

smaller λ is so dense that FCN contains many insignificant or spuri-

The group-constrained sparse regression model proposed in (Wee

ous connections. In both cases, these less informative representa-

et al., 2014) is adopted at each individual sparsity level to ensure iden-

tions will, inevitably, deteriorate the classification performance.

tical topological structures across subjects by imposing an l2-norm

Generally, we can choose an appropriate value of λ to enhance the

based group-constraint regularizer into the l1-norm based sparse

classification performance via cross-validation on the training set.

model in Equation (1). In the sparse model, the average time series of

However, a single network representation is less informative for

any ROI can be regarded as a linear combination of the time series of

such a complex system like the human brain, and thus limits its clas-

only a few other ROIs, which can be determined via an l1-norm penali-

sification performance.

zation based linear regression model. Assume that there are a total of

Recent studies show that fusing information from multiple net-

N subjects, and each subject has M average time series from M ROIs,

works can further improve classification performance due to potential

with each time series having k time points. Let yin 2 R k × 1 represent

complementary information conveyed by different networks (Jie et al.,

¼
the average time series of the i-th ROI for the nth subject, and
 n

n
n
y1 …, yi−1
,0,yin+ 1 ,…,yM
2 R k × M be a data matrix formed by concatenat-

2014; Price et al., 2014). To obtain successful multi-view learning

ing time series of M ROIs (where the time series of the i-th ROI is

tary principles (Xu et al., 2013). The aim of consensus principle is to

represented as a zero column vector) from the same subject. Sparse

ensure the agreement of information on multiple different views as

network modeling obtains the functional connectivity of the i-th ROI

more as possible, which could limit the error rate caused by different

by solving the following l1-norm regularized optimization problem

views. The complementary principle requires that each view of the

(Figueiredo, Nowak, & Wright, 2007):

subject should carry different information from other views, so that

Ain

1 n n n 2
min
k yi − Ai wi k2 + λ k win k1
win 2

fusion, two principles should be satisfied: consensus and complemen-

multi-view learning could utilize abundant information to characterize
ð1Þ

where, win 2 R M × 1 is the M dimensional weighted coefficient vector,
reflecting how related other ROIs are to the i-th ROI, and λ > 0 is the
regularization parameter controlling the sparsity of the weighted vector win . A higher value of the regularization parameter indicates lesser
number of non-zero elements in the weighted vector. The sparse
model is applied to each ROI of the same subject, respectively, to


n
obtain a sparse FCN W n ¼ w1n ,w2n ,…, wM
2 RM × M .
However, FCNs generated based on Equation (1) exhibit significant topological structure variability across subjects, which may
potentially decline the classification performance. To overcome this
problem, Wee et al. (2014) imposed an l2-norm based groupconstraint on the generated FCNs for achieving an identical topological structure across subjects. The group-constrained sparse regression
model solves the following objective function to obtain the functional
connectivity of the i-th ROI via multi-task learning:

the subject. In the group-constrained sparse network model, FCN
becomes sparser and sparser with the increase of the regularization
parameter to reflect the topological structure of FCN at different
levels of sparsity. These FCNs with different sparsity levels contain
not only the consistent information across networks but also the topological information different from each other. Therefore, we hypothesize that fusing information from the group-sparse FCNs with
different sparsity levels can enhance the classification performance.
To extract consistent yet complementary information for classification, we set regularization parameter to three groups of values:
(a) [0.1–0.5] with a step size of 0.1, (b) [0.01–0.09] with a step size of
0.01, and (c) [0.001–0.009] with a step size of 0.001. There are a total
of 23 group-sparse FCNs generated for each subject. Four networks
are chosen from these 23 FCNs, and fused to improve the classification performance, since 4 networks could provide more abundant
complementary information than 2 and 3 networks. Furthermore, due
to significant increment in computational complexity and the overfit-

min
Wi



N
1X

2 n¼1

k yin − Ain win k22 + λ k Wi k2, 1


N

where, Wi ¼ wi1 , wi2 ,…, wi

ð2Þ

2 R M × N is a matrix composed of the

weighted coefficient vectors of the i-th ROI from all N subjects, and
kWik2,1 denotes the summation of l2-norms across the rows of matrix
Wi. The l2,1-norm of Wi ensures the positions of non-zero elements of

ting problem caused by overtraining, we do not adopt the fusion of
more FCNs. The optimal values of the regularization parameters are
determined empirically via cross-validation on the training set. To satisfy the consensus principles of successful multi-view learning, we
fuse the multiple group-sparse FCNs corresponding to any four adjacent values to enhance the common intrinsic topological structure for

the weighted coefficient vectors to be the same for all subjects. Simi-

improving the performance. Although non-adjacent values would pro-

larly, Equation (2) is applied to each ROI, respectively, to obtain a


n
group-sparse FCN W n ¼ w1n , w2n ,…,wM
2 R M × M . Note that these iden-

vide slightly more variability among views compared to the adjacent

tical topological structures across subjects allow for easier and more

different views, causing the increase of classification error rate. The

consistent between-subject comparison, while still allowing the varia-

optimal weights to combine multiple FCNs are determined empirically

tion of connectivity values (connection strength).

based on the classification accuracy of multi-kernel SVM achieved

values, it would also reduce the agreement of information on multiple

using training samples. The four adjacent regularization parameter

2.4.2 | Construction of multiple group-sparse FCNs

values that achieve the best accuracy are used to construct multiple

The regularization parameter λ controls the sparsity of the FCN and

FCNs for testing samples.

thus the topological structure. FCN generated with a larger λ is too
sparse to retain important information, while FCN generated with a

We further apply the Fisher’s r-to-z transformation on each constructed FCN to improve its normality.

6
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2.5 | Feature extraction with modified weighted
clustering coefficients

where, wij, wih, and wjh are the connection strengths between
nodes i and j, between nodes i and h, and between nodes j and h,

The graph theory metrics can provide a quantified summary of the
topological organization of a functional connectivity network, and
reveal functional connectivity abnormalities in neuropsychiatric disorders at a high level representation. Compared to global network measures, local network measures can characterize the properties of an
individual node or brain region at a more granular level, thus providing
a more sensitive and informative interpretation on the functional

respectively. The number of edges connected to node i is represented
by ki, and N is the set of all nodes in the network. This clustering coefficient practically computes the sum of the geometric mean of triangles attached to a node, and has been used to extract local features
for brain disease diagnosis (Wee, Yap, Denny, Browndyke, Potter,
Welsh-Bohmer, Wang, & Shen, 2012a; Jie et al., 2014; Chen, Zhang,
et al., 2016). However, the above weighted clustering coefficients
may not effectively capture subtle differences between two groups

interactions among the brain regions (Meskaldji et al., 2013).
The local clustering coefficient quantifies the presence of clusters

on the connection strengths between the neighboring nodes that are

that reflects functional segregation among nodes. A larger clustering

linked to a node, since it uses the weights between a node and its

coefficient implies more functional segregation that allows the corre-

neighbors in the computation of clustering coefficients, which may

sponding node and its neighbors for specialized information proces-

weaken the difference of weights between the neighboring nodes

sing (Rubinov & Sporns, 2010), which has been successfully applied to

(Figure 2a).

brain disorder diagnosis (Jie et al., 2014; Wee et al., 2014, 2016). The

To highlight the differences on the connection strengths between

local binary clustering coefficient refers to the fraction of a node’s

the neighboring nodes, we suggest computing the weighted clustering

neighbors that are neighbors of each other in all possible neighbors

coefficients using a method similar to the one used for computing the

(Watts & Strogatz, 1998). However, since the weighted graph conveys

binary clustering coefficients (Watts & Strogatz, 1998). The only dif-

more information and is more sensitive to disorder-related alterations

ference is that the connection status between two neighbors that are

in contrast to the binary graph (Meskaldji et al., 2013), we prefer to

connected to a node in the binary clustering coefficient computation

use the local weighted clustering coefficient as features from the con-

is replaced by their connection strength. Therefore, the modified

structed FCN, which happens to also be a weighted graph.

weighted clustering coefficient Cbi is equivalent to the summation of

In this study, we do not use the commonly used weighted clustering coefficient proposed by Onnela et al. (2005). Instead, we propose

connection strengths for the edges between a node’s neighbors that
are also neighbors to each other (Figure 2b), and is defined as

using a modified version of weighted clustering coefficients to extract
features from each FCN. To differentiate it from the former, we refer
to our proposed clustering coefficients as the modified clustering

Cbi ¼

X
1
aij aih wjh
ki ðki −1Þ j, h2N

ð4Þ

where, aij is the connection status between nodes i and j , that is, aij =

coefficients.
The commonly used weighted clustering coefficient proposed by

1 if there exists a link between two nodes and aij = 0 if otherwise. wjh

Onnela et al. (2005) is based on the geometric mean of triangles

is the connection strength for the edge that links nodes j and h. If

around a node (Figure 2a). The weighted clustering coefficient Ci of

nodes j and h are the neighbors of the node i, aijaihwjh indicates the

node i is defined as

connection strength wjh between the neighbors j and h for the node i.
Ci ¼

X
1=3
1
wij wih wjh
ki ðki −1Þ j, h2N

We substantially compute the sum of the link strengths of the subð3Þ

graphs formed by the neighboring nodes that are linked to a node.
The weights between a node and its neighboring nodes play the only
role of indicating the existence of neighboring nodes and will not be
used in the computation to emphasize the strength of the subgraph
comprised by the neighboring nodes that are commonly connected to
the same node (Figure 2b). We expect this modified weighted clustering coefficient to better capture between-group differences than the
conventional definition such as proposed by Onnela et al. (2005).

2.6 | Feature selection using t-test and SVM-RFE
We design a two-stage feature selection strategy to automatically
select the most discriminative features. Figure 3 illustrates the procedure of the proposed two-stage feature selection. We first adopt a
threshold controlled statistical t-test to select a preliminary set of features that is highly correlated to clinical status and then use the SVM
FIGURE 2

Illustration of Onnela's weighted clustering coefficient
(a) and our modified weighted clustering coefficient (b). (a) is the sum
of the geometric mean of triangles around a central node, and (b) is
the sum of the strengths of red edges between the neighbors around
a central node [Color figure can be viewed at wileyonlinelibrary.com]

recursive feature elimination (SVM-RFE) algorithm (Guyon, Weston,
Barnhill, & Vapnik, 2004) to further select the most discriminative features from this preliminary set of features based on the classification
accuracy on the training set.
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the most discriminative feature set and will be used for final
classification.

2.7 | Multiple network fusion and classification
using multi-kernel SVM
The last step in our proposed framework is the feature fusion and
classification. Here, we adopt a multiple-kernel linear SVM (Zhang,
Wang, Zhou, et al., 2011; Zhang, Shen, & Alzheimer's Disease Neuroimaging Initiative, 2012; Wee, Yap, Zhang, et al., 2012b; Wee, Yap, &
Shen, 2013) to fuse multiple networks of features for ASD diagnosis.
Assume that there are N training subjects and Q FCNs (or Q levels of
sparsity), and xqi and xqj are the selected features corresponding to
subject i and j for network q, respectively (i, j = 1, 2, …, N; q = 1, 2, . . ,
Q). μq is a nonnegative weighted coefficient. The kernel function


K μq , xqi , xqj of the multi-kernel linear SVM is defined as a linear combination of multiple linear basis kernels:
Q
Q

 X


X
K μq , xqi , xqj ¼
μq kq xqi , xqj subject to
μq ¼ 1,μq ≥ 0
q¼1

ð5Þ

q¼1


  T
where, kq xqi , xqj ¼ xqi :xqj is a linear basis kernel function for network q.
We employ a LOOCV to perform experiments to evaluate the
FIGURE 3

Procedure of the two-stage feature selection [Color figure
can be viewed at wileyonlinelibrary.com]

proposed method. One subject is left out as a testing set for each
cross-validation and the remaining subjects are used as a training set.
In multi-kernel fusion, we need to select four adjacent FCNs through
a five-fold cross-validation on the training set, and fuse the selected

The two-sample t-test is utilized to determine the importance of
each feature through comparing its correlation with clinical status.
The smaller the p-value, the stronger the discriminative power of a
feature is. The features are ranked according to the ascending pvalues and a threshold is set to control for the number of features that
are retained for the second stage of feature selection. This threshold
has a significant influence on the final classification performance. A

clustering coefficients from these FCNs via multi-kernel SVM to identify ASD for the testing set for each fold. We first compute the linear
kernel matrix of the selected clustering coefficients from each FCN
for the training set. Then we linearly combine four kernel matrices
from any four adjacent FCNs into one mixed-kernel matrix using
weighted coefficients. Subsequently the performance of the standard
SVM using the mixed kernel is evaluated via a five-fold cross-

small threshold can retain those features with high discriminability but

validation on the training set. We equally partition the training set into

may fail to retain some features that are useful for classification. A

five folds. Each time the subjects from one fold are repeatedly

large threshold can retain more features but suffer from the issue of

selected as the validation set and all remaining subjects in the other

large amount of redundant features. Therefore, we empirically deter-

four folds are used for training the SVM with a mixed-kernel. The

mine this threshold value for each level of network sparsity through a

weighted coefficients are optimized not only jointly together with

grid search approach among a set of 10 candidate thresholds. For

other SVM parameters, but also using a coarse-grid search approach

each threshold, SVM-RFE, one of the most commonly used wrapper-

(Zhang, Wang, Zhou, et al., 2011) through the above five-fold cross-

based feature selection methods, is carried out to select the most dis-

validation on the training set. The range of coarse-grid search for the

criminative features based on the classification accuracy of a linear

weighted coefficient μq is from 0 to 1 with a step size of 0.1. We suc-

SVM using a five-fold cross-validation on the training set. The impor-

cessfully compute five-fold cross-validation accuracy for the fusion of

tance of a feature is evaluated by the classification accuracy of the

any four adjacent FCNs based on the training set, and select the four

remaining features when the feature is removed. The higher the accu-

adjacent FCNs. Based on the identified four adjacent FCNs and their

racy, the less important the feature is. The least important feature is

optimal weighted coefficients, we also compute the mixed-kernel

discarded from the surviving feature set iteratively until the surviving

matrix for the testing set. The standard linear SVM model is trained

feature set becomes empty. We finally yield a list in which all the fea-

using the mixed-kernel matrix of the training set, and then used to

tures are ranked according to their importance to classification in des-

identify ASD on the mixed-kernel matrix of the left out testing sample.

cending order. Let n be the number of features used for training a

As we are adopting LOOCV, every subject is used as a testing sample

SVM classifier, determined via cross-validation. The set of n features

once to predict its class label. Finally, the performance metrics are cal-

that achieves the highest cross-validation accuracy is considered as

culated according to the predicted class labels of all subjects.
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We had attempted to adopt the standard multi-kernel SVM

mentioned in the “Materials & Method” section to compute the accu-

method with joint optimization of kernel weights to carry out multi-

racies and density for each individual FCN (Table 2). Density is defined

kernel fusion, but no good result was achieved. We thus used a

as the ratio of the number of non-zero elements to the total number

coarse-grid search approach with a five-fold cross-validation on the

of all elements in a graph. The classification accuracies of the single

training set to optimize the weight coefficients. Based on this

networks are above 63% for λ values between 0.05 and 0.08, includ-

approach, we achieved better classification results than the standard

ing a maximum accuracy of 72.83%, with the density ranged from

multi-kernel SVM method. The optimization of the weighted coeffi-

12 to 14%. For λ values from the first group with the density ranged

cients jointly together with other SVM parameters may cause over-fit-

from 29 to 50%, the accuracies are less than 60%. For the third group

ting, that is, good performance can be achieved on the training set,

with the density ranged from 5 to 11%, the single network provides

however, the performance on the testing set decreases.

accuracies less than 60% except a maximum accuracy of 65.22% at
8% of density.

2.8 | Experimental settings

We can see that the regularization parameter has significant influence on the classification performance of single group-sparse net-

To evaluate the performance of the proposed method, we employ

work. The number of non-zero elements gets less, and the FCN

LOOCV to perform experiments. Each subject has an opportunity to be

becomes sparser and sparser with the increase of regularization

the testing set, which can produce a fair estimate for classification error.

parameter. Multiple FCNs include different levels of sparsity.

The group-sparse FCNs are computed using SLEP package (Liu,
Ji, & Ye, 2009). In the first step of feature selection, the optimal
threshold for selecting features that are highly relevant to clinical status is determined from a set of 10 candidate p-values of [0.005, 0.05,

3.2 | Multiple FCN fusion based classification
performance

0.08, 0.1, 0.12, 0.15, 0.2, 0.3, 0.4, 0.5]. SVM-RFE is then performed

The optimal regularization parameter values for the proposed multiple

via a five-fold cross-validation, and linear SVM is implemented using

network based method are selected as 0.06–0.09 with a step size of

LIBSVM software package (Chang & Lin, 2011). Based on the five-fold

0.01 via nested cross-validation on the training set. The classification

cross-validation results, we identify the optimal p-value and discrimi-

performances of the proposed multiple network based method and

native features for each of 23 networks in each fold.

four single network based methods with adjacent regularization

Note that the two-stage feature selection (t-test, and SVM-RFE),

parameter values (0.06, 0.07, 0.08, and 0.09) are shown in Table 3.

and the determination of the weighted coefficients are performed
only on the training samples. Using this nested cross-validation
method to determine both the optimal parameters and the most discriminative features ensures the generalizability of the proposed clas-

TABLE 2
Density and classification accuracy of FCNs corresponding
to different regularization parameters

Regularization
parameter

sification framework.
Group 1

3 | EXPERIMENTAL RESULTS
To assess the performance of the compared methods, performance metrics including the accuracy (ACC), sensitivity (SEN), specificity (SPE), positive predictive value (PPV), and negative predictive value (NPV) are
calculated from the classification confusion matrix. Here, the accuracy is
defined as the relative number of subjects correctly predicted in all subjects. The sensitivity measures the relative number of correct detections
of ASD patients, and the specificity represents the relative number of

Group 2

correct detections of TD individuals. The positive predictive value refers
to the relative number of true positive patients in all predicted patients
with ASD, and the negative predictive value refers to the relative number of true TD individuals in all detected TD individuals.
It is noteworthy that the following results are achieved based on
the clustering coefficients from FCNs. The multiple network based
method uses the fused clustering coefficients as the input features of
the classifier.

Group 3

Density
(%)

Accuracy
(%)

0.001

50.35

51.09

0.002

46.56

59.78

0.003

42.73

52.17

0.004

39.11

51.09

0.005

36.65

56.52

0.006

34.07

54.35

0.007

32.11

50.00

0.008

30.35

48.91

0.009

28.79

51.09

0.01

27.43

43.48

0.02

19.28

48.91

0.03

16.58

61.96

0.04

14.75

50.00

0.05

13.78

63.04

0.06

13.01

63.04

0.07

12.25

67.39

0.08

11.67

72.83

0.09

11.36

59.78

0.1

10.84

59.78

0.2

8.37

65.22

3.1 | Effect of regularization parameter

0.3

6.70

44.57

To explore the effect of the regularization parameter λ on classifica-

0.4

5.56

58.70

tion performance and sparsity, we use three groups of λ values as

0.5

4.92

58.70
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TABLE 3
Comparison of the classification performance between the
single network based methods and the proposed multiple network
based method

Method

ACC
(%)

SEN
(%)

SPE
(%)

PPV
(%)

NPV
(%)

Network 1 (0.06)

63.04

71.11

55.32

60.38

66.67

Network 2 (0.07)

67.39

73.33

61.70

64.71

70.73

Network 3 (0.08)

72.83

77.78

68.09

70.00

76.19

Network 4 (0.09)

59.78

77.78

42.55

56.45

66.67

Multiple network
method

79.35

82.22

76.60

77.08

81.82

original Pearson correlation matrix with different thresholds ranged
from 0 to 0.5 with a step size of 0.02. The graph kernel based method
was also based on thresholded Pearson correlation matrices, and but
used an RFE graph kernel (RFE-GK) (Jie et al., 2014) to seek the identical topological structure that maximizes classification accuracy. We
selected four optimal thresholds to achieve the best performance for
both methods. The sparse network method without group constraint
applied an l1-norm sparse regression model (Equation (1)) to each subject individually without enforcing identical topological structures
across subjects. The SICE introduced the sparsity constraint to the
maximum-likelihood estimation via l1-norm regularization to obtain

The single network with a regularization parameter value of 0.08

the inverse covariance matrix (Huang et al., 2010). We compute the

shows the highest performance among the four single networks with

sparse network and the SICE using SLEP package (Liu et al., 2009).

an accuracy of 72.83%, a sensitivity of 77.78%, and a specificity of

The four multiple network based methods utilized the same classifica-

68.09%. The proposed method, which fuses the clustering coefficients

tion procedures (i.e., feature extraction, feature selection, feature

of FCNs with four different levels of sparsity (0.06, 0.07, 0.08, and

fusion and classification) as the proposed method, except the network

0.09), achieves an accuracy of 79.35%, a sensitivity of 82.22%, and a

construction step. The results in Table 4 demonstrate that the four

specificity of 76.60%, showing an increment of 6.52% in accuracy

compared multiple-networks-based methods achieve classification

compared to the best performed single network. It is important to

accuracy less than 70%. Although the sensitivity of the SICE is higher

note that the proposed method outperforms the single network based

than the proposed method, its specificity 40.43% is far from satisfac-

methods in all other performance measures.

tory, that is, an imbalanced performance which should be avoided.

We have performed an additional experiment to validate the
effectiveness of the adjacent value method over the non-adjacent value
methods when determining the regularization parameter values of

3.3 | Improvement of modified weighted clustering
coefficients

multiple networks. To validate better performance of fusing the clustering coefficients of 4 networks than 3 and 5 networks, we carry out
the above experiment based on 3, 4, and 5 networks, respectively.
The non-adjacent values are determined using two methods. First, we
seek the single FCN that gives the best cross-validation accuracy on

Different network measures quantify different characteristics of a
network and may have significant effects on classification performance. We compare the performance of the proposed weighted clustering coefficient (Table 3) with that proposed by Onnela et al. (2005)

the training set, and then incrementally add another FCN in the multi-

(Table 5). These clustering coefficients are computed from the FCNs

ple network fusion to see whether this inclusion of new network can

generated by the group-constrained sparse regression model. In the

improve the accuracy. The single FCN that can increase the accuracy

case of multiple network fusion, our modified weighted clustering

will be kept until the required number of networks has been tested.

coefficient outperforms Onnela’s method in all performance mea-

Second, we select the parameter values corresponding to the single

sures. At the same time, the highest single network accuracy of the

FCNs with the best accuracy on the training set to construct multiple

proposed weighted clustering coefficient is also larger than Onnela’s

networks. The above two ways of parameter optimization are

method. From Table 5, we can see that the multiple network fusion

denoted as non-adjacent value 1 and non-adjacent value 2, respectively.

does not achieve improved results, and has the same accuracy as the

The parameter optimization method used in this study is denoted as

network 4 (with the best performance among single networks).

adjacent value. Figure 4 shows the classification results of multiple

In addition, we also compare the classification performance of

network fusion with 3, 4, and 5 networks in three ways, respectively.

several network measures including connectivity strength, local effi-

As shown in Figure 4a–c, the parameter optimization method using

ciency, and betweenness centrality. The connectivity strength is

adjacent value achieves the best classification performance. Figure 4d

defined as the sum of the weights of all neighboring edges connected

shows that the fusion of 4 networks achieves better classification per-

to that node, illustrating the significance of a node in the network.

formance than the cases of using 3 and 5 networks, respectively,

The local efficiency is the average inverse shortest path length com-

when adopting adjacent value method to determine the values of regu-

puted on node neighborhoods, and reflects how well information

larization parameter.

exchange is between its neighbors when removing a node (Achard &

The classification performance comparison between the proposed

Bullmore, 2007). The betweenness centrality of a node is defined as

method and other multiple network based methods is summarized in

the ratio of all shortest paths between two nodes that pass through a

Table 4. The compared multiple network based methods are: (1) Pear-

node in the network and therefore can be used to assess whether

son correlation coefficient based method, (2) graph-kernel based

nodes are important controls of information flow (Freeman,

method (Jie et al., 2014), (3) sparse network estimation method with-

1977, 1978).

out group constraint, and (4) sparse inverse covariance estimation

The comparison results are summarized in Figure 5. The proposed

(SICE) (Huang et al., 2010; Sun et al., 2009), respectively. Multiple

weighted clustering coefficient achieves the best classification perfor-

Pearson correlation matrices were generated by thresholding the

mance, followed by the betweenness centrality with an accuracy of
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FIGURE 4

Classification performance of multiple network fusion with 3 (a), 4 (b), and 5 (c) networks in three parameter optimization ways
(i.e., non-adjacent value 1, non-adjacent value 2, and adjacent value). (d) Performance comparison of 3, 4, and 5 networks when adopting adjacent
value method. ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive value [Color figure can be
viewed at wileyonlinelibrary.com]

66.3%. The connectivity strength performs the worst with an accuracy

procedure. The mean clustering coefficients of the discriminative

of 61.96%, while the local efficiency achieves an accuracy of 65.22%.

brain ROIs are computed from TD and ASD children, respectively, for
each network and are shown in Figure 6b. In order to clearly show the
difference in mean clustering coefficients between ASD and TD, the

3.4 | Top discriminative brain ROIs

mean clustering coefficients are normalized to [−1 1]. The sizes of

We determine the discriminative brain ROIs according to their contri-

ROIs represent the amounts of contribution, that is, larger ROI has

bution to classification performance. The discriminative brain ROIs

stronger contribution (Figure 6a). The related detailed information is

(corresponding to features) might be different for each fold due to the

shown in Table 6. As the final classification performance is achieved

use of different training and testing set in each fold of the LOOCV

by fusing the features from four FCNs, we thus examine the contribu-

procedure. The contribution of a ROI is thus evaluated by the ratio of

tion of each network in multi-kernel SVM classification. It is notewor-

occurrence of the ROI feature in LOOCV procedure. For example, for

thy that networks contribute unequally to ASD identification, with

a ROI feature that is selected in 90 out of 92 LOOCV folds, its contri-

network 3 showing the largest contribution, followed by network

bution is quantified as

90
92 ¼ 0:98.

We sort the ROI features according

2, network 1 and network 4 (Table 6), roughly in line to their individual

to their contribution measures. In Figure 6 and Table 6, we show the

performances (Table 3). To evaluate the significant differences

results of ROIs with their contributions greater than or equal to 0.5.

TABLE 5
Classification performance of single network and multiple
network methods using the weighted clustering coefficient proposed
by Onnela et al.

These ROIs are selected in at least half of folds during LOOCV
TABLE 4
Comparison of the classification performance of
5 different multiple network based methods

ACC
(%)

SEN
(%)

SPE
(%)

PPV
(%)

NPV
(%)

Pearson
correlation

68.48

75.56

61.70

65.38

72.50

Graph kernel

65.22

73.33

57.45

62.26

69.23

Method

Sparse

58.70

66.67

51.06

56.60

61.54

SICE

63.04

86.67

40.43

58.21

76.00

Group sparse

79.35

82.22

76.60

77.08

81.82

Method

ACC
(%)

SEN
(%)

SPE
(%)

PPV
(%)

NPV
(%)

Network 1

56.52

64.44

48.94

54.72

58.97

Network 2

63.04

80.00

46.81

59.02

70.97

Network 3

64.13

75.56

53.19

60.71

69.44

Network 4

69.57

80.00

59.57

65.45

75.68

Multiple network
method

69.57

75.56

63.83

66.67

73.17

The proposed
method

79.35

82.22

76.60

77.08

81.82

11

HUANG ET AL.

between ASD and TD, the p-value of each discriminative ROI com-

while many insignificant or spurious connections are introduced in the

puted based on two sample t-test is also listed. The ROIs are grouped

network, if too dense. To obtain the optimal value of the regulariza-

into different resting-state networks represented by different colors

tion parameter, a series of values with finer intervals need to be

according to previous studies (Broyd et al., 2009; Dosenbach et al.,

explored on the training set. On the other hand, classification perfor-

2010; Wang et al., 2012; Andrews-Hanna, Smallwood, & Spreng,

mance of a single network is limited by its less informative features.

2014; Suk et al., 2016), including default mode network (DMN), exec-

Our brain is a complex network, thus it is difficult to fully under-

utive attention network (EAN), visual network, sensorimotor network

stand the brain functional organization using only one single FCN.

(SMN), cingulo-opercular network (CON), subcortical regions and

Motivated by the consensus and complementary principles of multi-

cerebellum.

view learning, we fused the clustering coefficients of the FCNs with

There are a total of 23 discriminative ROIs selected from all four

different sparsity levels to enhance the classification performance.

group-sparse networks. The common as well as the network-specific

These FCNs were generated by the same group-constrained sparse

discriminative ROIs are provided in Figure 7. The discriminative ROIs

model but with different regularization parameter values, which

that are common across all four networks are the middle frontal gyrus,

ensures the multiple views of data to satisfy the consensus principle.

middle occipital gyrus, olfactory cortex, insula, and three regions from

Although the difference of sparsity among the FCNs was small, their

the left cerebellum. The abbreviations of the ROIs used in Figures 6

classification performance differed obviously (Table 2). This may attri-

and 7, and Table 6 are provided in Table A1.

bute to the capability of weighted clustering coefficients in capturing
subtle alterations in FCNs. Naturally, this provides a good avenue to
construct multiple FCNs. Compared with single network based

4 | DISCUSSION

methods, the fusion of multiple networks can enhance the classification performance through the use of complementary information from

We have investigated the fusion of the clustering coefficients of multi-

different networks. The performance improvement of the proposed

ple group-sparse FCNs for ASD identification. Our results have demon-

method is significant with an increase of 6.52%, compared to the

strated that the proposed multiple FCN fusing method outperforms the

highest performance of the single network based method (Table 3).

single network methods. The fusion of the clustering coefficients of

The performance of multiple network fusion depends largely on

multiple FCNs enhances the representation of brain FCN and thus pro-

the performance of the single networks. If the individual networks

vides an effective and novel way to search for potential biomarkers.

have good performance, they will contribute to improve the fusion
performance. However, the individual networks should share some

4.1 | Improvement of the proposed method

similarities with each other to enhance common intrinsic properties

The regularization parameter should be selected carefully to retain

principle of successful multi-view learning. We performed experi-

appropriate connections and improve the classification performance

ments by combining individual networks with non-adjacent values

of a single network based on the group-constrained sparse model. It is

(determined by two parameter optimization methods: non-adjacent

not appropriate to set the sparsity of the FCNs to be high or low

value 1 and non-adjacent value 2) and obtained relatively poorer

values. The FCNs cannot retain too much information if too sparse,

that are useful for classification, which conforms to the consensus

results (Figure 4). It is likely that non-adjacent values would generate
more variability among views compared to adjacent values, which
could reduce the agreement of information on multiple views and
increase the classification error rate. In contrast, the adjacent networks could not only provide complementary information among
views, but also limit the error rate caused by different views, thus
achieving good results (Figure 4). The number of FCNs could also have
an obvious effect on the performance of multiple network fusion. The
fusion of more networks could combine more abundant complementary information to enhance the performance. However, the fusion of
5 networks achieves poorer performance than the case of 4 networks
(Figure 4d), since better performance on the training set cannot be
generalized on the testing set. In this case, the overtraining causes the
overfitting which should be avoided.
Besides the common ROIs that were selected consistently across
all four networks, there were some network-specific ROIs that contributed to achieve good classification performance, suggesting com-

FIGURE 5

Classification performance comparison between the
proposed clustering coefficient and other local network measures
(such as connectivity strength, local efficiency, and betweenness
centrality). ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV,
positive predictive value; NPV, negative predictive value [Color figure
can be viewed at wileyonlinelibrary.com]

plementary information conveyed in networks with different
topological structures (see Figures 6 and 7). Topological differences
between three FCNs (with regularization parameter λ as 0.08, 0.07,
and 0.06, respectively) and the FCN (λ = 0.09) are shown in Figure 8.
With the decrease of the regularization parameter, the number of
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extra connections between ROIs in the sparse networks increases and

discriminative ability (Figure 5), in line with our previous observation

shows differences in clustering coefficients. For each FCN, a feature

(Wee et al., 2016), suggesting that ASD children may experience

vector consisting of clustering coefficients can capture differences of

abnormality in specialized information processing compared to TD

specific spatial patterns between ASD and TD children. Multiple FCNs

children (Assaf et al., 2010; Pelphrey, Shultz, Hudac, & Vander Wyk,

can provide complementary information different from each other in a

2011; Murdaugh et al., 2012).

granular fashion. We do not simply combine all networks together,
but properly select the most discriminative networks since only some

4.2 | Analysis of discriminative ROIs

features show differences between ASD and TD children. For
instance, left paracentral lobule (PCL.L) in the region of insula (INS)
shows different connection patterns in Figure 8a–c, and it is displayed

The discriminative brain regions identified by our method are distributed over the whole brain, and are parts of several common resting-

in network 3 but not appearing in other networks in Figure 6. Net-

state networks. The identified discriminative ROIs are largely consis-

work 3 shows the highest classification accuracy in all four networks.

tent with the results reported in previous ASD studies. About two

This suggests that the topological connectivity pattern in network

thirds of the discriminative ROIs are located in the left hemisphere, in

3 can precisely capture the difference between ASD and TD children

line with the previously reported left-hemisphere hypothesis of ASD

located in PCL.L that cannot be captured by other networks.

(Chandana et al. 2005; Jin, Wee, Shi, Thung, Ni, Yap, & Shen, 2015a;

We adopted the group-constrained sparse regression model to

Jin, Wee, Shi, Thung, Yap, & Shen, 2015b).

construct multiple networks, achieving the best performance com-

It is worth noting that the discriminative ROIs were selected as a

pared to other multiple network based methods (Table 4). The pro-

whole during ASD identification (Table 6). Machine learning tech-

posed framework benefitted from the group constraint that can

niques consider multiple variables simultaneously to capture spatial

enhance the performance significantly. It encoded the variability of

pattern as features, and thus can detect subtle differences that may

network properties across subjects into connection strength variability

be invisible to the univariate analysis methods such as the statistical t-

and enabled direct comparison of the corresponding features from

test using each variable separately (De Martino et al., 2008). There-

two groups. The graph kernel method also intrinsically seeks the com-

fore, although the p-values of most of the discriminative ROIs were

mon topological structures across subjects, but it abandons some

smaller than 0.05, when used individually, they showed inferior classi-

topological structures which inevitably causes information loss. Mean-

fication performance than our proposed method. On the other hand,

while, it contains many spurious or insignificant connections due to

the p-values of some discriminative ROIs were larger than or equal to

using the Pearson's correlation based networks. Sparse model (with-

0.05, showing no significant between-group difference individually.

out group constraint), SICE, and Pearson's correlation based methods,

However, such discriminative ROIs, also indispensable, practically

which do not have an identical topological structure, suffered from a

played a certain role in identifying ASD when combined with other

large inter-subject variability that may inhibit the actual differences

ROIs. Expectedly, the contribution of each ROI is not closely related

between clinical groups.

with the significant difference. Therefore, the contributions of ROIs

The modified weighted clustering coefficients were adopted to
extract the features from multiple FCNs and improved the perfor-

are more important, compared to the p-values, when using machine
learning methods.

mance of the proposed multiple network method. Our proposed

The failure of modulating the deactivation of the DMN and the

weighted clustering coefficient can embody more important subtle

abnormal connectivity of DMN with other regions have been found in

differences of the local topological structure than that proposed by

ASD (Assaf et al., 2010; Murdaugh et al., 2012; Washington et al.,

Onnela et al. (2005) (Tables 3 and 5), thus leading to the performance

2014). The DMN is known to activate at rest and deactivate during

improvement of single networks. Further, the modified weighted clus-

task performance. The ASD children may be unable to modulate the

tering coefficients from networks with adjacent sparsity levels can

deactivation of the DMN and suppress the mental activity during rest

provide more consensus and complementary information to enhance

(Kennedy, Redcay, & Courchesne, 2006). In the present study, the left

the performance of multiple network fusion. However, multiple net-

superior frontal gyrus (medial) and right angular gyrus, two functional

work fusion based on the weighted clustering coefficient proposed by

hubs of the DMN (Andrews-Hanna et al., 2014), were found contrib-

Onnela et al. (2005) did not show any improvement in classification

uted significantly to ASD prediction. The former showed lower clus-

performance, possibly due to lack of significant complementary infor-

tering coefficient in ASD children compared to TD children (Figure 6),

mation provided by multiple networks. This demonstrates that the

presumably implying the decreased ability of information processing

fusion effect of multiple networks is related with the features. Com-

about the self and thinking about others (Andrews-Hanna et al., 2014;

pared to connectivity strength, local efficiency, and betweenness cen-

Goldberg, Harel, & Malach, 2006). The two regions are highly related

trality, the proposed clustering coefficient showed much better

with social recognition ability (Andrews-Hanna et al., 2014) and have

FIGURE 6

Contribution (a) and mean clustering coefficient (b) of discriminative ROIs between ASD and TD children in four FCNs. The
abbreviations of the ROIs can be found in Table A1. The contributions of ROIs are visualized on a brain surface rendering and are proportional to
the sizes of spheres in (a). The ROIs are related with different functional networks represented by different colors (blue: default mode network;
yellow: executive attention network; green: visual network; red: sensorimotor network; brown: cingulo-opercular network; cyan: subcortical
regions; violet: regions in the cerebellum). (b) shows the comparison of the normalized mean clustering coefficient between the TD and ASD
children [Color figure can be viewed at wileyonlinelibrary.com]
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The discriminative brain ROIs for each functional connectivity network

Network 1

Network 2

Network 3

Network 4

Weight

Name of ROI

Network

Contribution

TD

ASD

p-value

0.14

Vermis45

Cerebel

0.91

−0.21

−0.37

.018

Cal.L

Visual

0.89

0.05

−0.20

.001

CRBL8.L

Cerebel

0.85

0.27

0.04

.011

MFG.L

EAN

0.79

−0.13

−0.26

.095

MOG.R

Visual

0.77

0.46

0.33

.068

INS.L

CON

0.76

0.11

0.27

.048

PoCG.R

SMN

0.73

0.14

−0.09

.002

CRBLCrust2.R

Cerebel

0.60

0.09

0.24

.038

SFGdor.L

DMN

0.59

0.30

0.09

.001

OLF.L

SBC

0.59

−0.06

−0.26

.002

CRBLCrust1.L

Cerebel

0.57

0.08

−0.06

.014

CRBL8.L

Cerebel

0.96

0.31

0.11

.007

MFG.L

EAN

0.93

−0.14

−0.26

.073

HES.L

EAN

0.84

0.16

−0.20

.000

INS.L

CON

0.83

0.12

0.28

.051

Vermis45

Cerebel

0.82

−0.24

−0.36

.058

OLF.L

SBC

0.80

−0.05

−0.24

.002

MOG.R

Visual

0.78

0.42

0.29

.056

0.32

0.40

0.14

ANG.R

DMN

0.61

0.12

0.00

.109

CRBLCrust1.L

Cerebel

0.61

−0.08

−0.21

.029

FFG.R

Visual

0.60

−0.17

0.04

.001

THA.R

SBC

0.55

−0.27

−0.12

.026

CRBLCrust2.R

Cerebel

0.54

0.18

0.32

.043

PUT.L

SBC

0.50

−0.64

−0.52

.037

PCL.L

SMN

0.90

−0.52

−0.37

.008

HES.L

EAN

0.90

−0.04

−0.26

.006

CRBL8.L

Cerebel

0.86

0.31

0.09

.012

INS.L

CON

0.84

0.14

0.29

.061

MFG.L

EAN

0.83

−0.14

−0.27

.076

MOG.R

Visual

0.83

0.41

0.29

.086

Vermis45

Cerebel

0.83

−0.29

−0.41

.043

ACG.L

DMN

0.63

−0.28

−0.10

.025

PUT.L

SBC

0.63

−0.64

−0.52

.037

OLF.L

SBC

0.61

−0.14

−0.32

.003

FFG.R

Visual

0.60

−0.18

0.04

.001

THA.L

SBC

0.53

−0.16

−0.02

.102

CRBLCrust1.L

Cerebel

0.53

−0.09

−0.22

.027

SFGmed.L

DMN

0.52

0.21

0.03

.015

Vermis45

Cerebel

0.90

−0.30

−0.43

.042

Vermis6

Cerebel

0.84

−0.34

−0.19

.066

CRBL8.L

Cerebel

0.83

0.35

0.15

.007

MOG.R

Visual

0.82

0.37

0.25

.082

FFG.R

Visual

0.80

−0.21

0.02

.001

SFGmed.L

DMN

0.77

0.21

0.03

.015

CRBLCrust2.R

Cerebel

0.74

0.24

0.41

.022

MFG.L

EAN

0.73

−0.07

−0.21

.039

INS.L

CON

0.73

0.12

0.27

.065

CRBLCrust1,L

Cerebel

0.57

−0.10

−0.23

.026

THA.L

SBC

0.55

−0.17

−0.03

.092

Vermis3

Cerebel

0.55

0.05

−0.09

.063

ANG.R

DMN

0.53

0.16

0.03

.086

(Continues)
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TABLE 6

(Continued)
Weight

Name of ROI

Network

Contribution

TD

ASD

p-value

OLF.L

SBC

0.52

−0.14

−0.33

.003

PCUN.L

DMN

0.52

−0.16

−0.01

.050

The abbreviations of the ROIs can be found in Table A1. TD, typically developing; ASD, autism spectrum disorder; DMN, default mode network; EAN,
executive attention network; Visual, visual network; SMN, sensorimotor network; CON, cingulo-opercular network; SBC, subcortical regions; Cerebel,
cerebellum.

previously been reported to show abnormal activity or connectivity in

Our findings demonstrated that six regions in the human cerebel-

ASD (Sato, Toichi, Uono, & Kochiyama, 2012; You et al., 2013). Other

lum (left cerebellum crust 1, right cerebellum crust 2, left cerebellum 8,

selected DMN regions including the left anterior cingulate gyrus and

vermis 3, vermis 45, and vermis 6) showed obvious contribution to

left precuneus have been found related to ASD pathology (Perkins, Bit-

ASD identification. The cerebellum besides involving in the fine motor

tar, McGillivray, Cox, & Stokes, 2015; Urbain et al., 2015). Impairment

function, plays an important role in higher cognitive functions includ-

in the development of the anterior cingulate gyrus may cause social

ing language (Hampson & Blatt, 2015). Some recent studies have

cognitive deficits in autism (Mundy, 2003). The left precuneus of ASD

implicated cerebellar connectivity deficits in ASD patients (Igelström,

children showed more activity than TD children in a 2-back working

Webb, & Graziano, 2016; Khan et al., 2015; Wang, Kloth, & Badura,

memory task, which is related with working memory impairment

2014). In addition, the left olfactory cortex, a subcortical structure

(Urbain et al., 2015).

which was consistently selected in all four networks, showed signifi-

The visual network is responsible for the visual processing of

cant deviation in mean clustering coefficient in ASD children when

human brain. Regions of this network including the right middle occipi-

compared to TD children, in line with recent finding that ASD patients

tal gyrus (Simard, Luck, Mottron, Zeffiro, & Soulieres, 2015), left calcar-

experienced abnormal olfactory function (Rozenkrantz et al., 2015).

ine (Libero et al., 2014; Perkins et al., 2015), and right fusiform gyrus

Other discriminative subcortical regions including the left putamen

(Scherf, Elbich, Minshew, & Behrmann, 2015; Urbain et al., 2016) have
been found abnormal in ASD. In our present study, these three
regions were found contributed more to ASD identification than other

and bilateral thalamus have also been reported to be abnormal in the
previous ASD studies (Cerliani et al., 2015; Chen, Duan, Liu, et al.,
2016; Estes et al., 2011; Nair et al., 2015).

ROIs. Both the left middle frontal gyrus and left Heschl's gyrus, as part
of the EAN, contributed much to ASD classification. The left middle

4.3 | Effect of different parcellation schemes

frontal gyrus showed increased activity in set-shifting task in ASD chil-

It has been shown that different parcellation schemes may have sig-

dren compared to controls (Yerys et al., 2015). Left insula, region in

nificant impact on the topological structure of the constructed net-

CON, was reported highly associated with the communicative and

works (De Reus & van den Heuvel, 2013). “Parcellation” refers to

emotional deficits of ASD (Di Martino et al., 2009; Leung, Pang, Cas-

dividing the whole brain into brain regions at the macroscale to facili-

sel, Brian, Smith, & Taylor, 2015; Urbain et al., 2016). Left paracentral

tate structural or functional characterization of distinct regions

lobule of the SMN contributed the most to ASD identification in net-

(De Reus & van den Heuvel, 2013). The method proposed in this

work 3 (see Figure 6), and was reported to show significant difference

study is based on the widely used anatomically defined AAL atlas

between ASD and TD subjects in a recent study (Cheng et al., 2015).

(Tzourio-Mazoyer et al., 2002). Unlike the anatomical atlases that

FIGURE 7

Common and network-specific discriminative ROIs. The abbreviations of the ROIs can be found in Table A1. Common ROIs are in the
red rectangle [Color figure can be viewed at wileyonlinelibrary.com]
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Topological differences between three FCNs [with regularization parameter λ as 0.08 (a), 0.07 (b), and 0.06 (c), respectively] and the
FCN (λ = 0.09). Compared with the FCN (λ = 0.09) as benchmark, the number of extra links from three FCNs increases with the decrease of λ.
The thickness of links represents the weights of connections from other ROIs to a specific ROI. The abbreviations of the ROIs can be found in
Table A1 [Color figure can be viewed at wileyonlinelibrary.com]
FIGURE 8

derived from anatomical or cyto-architectonic segmentation, the func-

by fusing multiple FCNs that can characterize the same brain from dif-

tional parcellation scheme (i.e., CC200) proposed by Craddock et al.

ferent views. This observation provides strong evidence on the superi-

(2012, 2013) explored homogeneous functional connectivity in the

ority of the proposed multi-view method over the conventional

brain, resulting in a set of spatially coherent brain regions. We exam-

single-view

ine the effects of brain parcellation scheme on our proposed method

schemes used.

methods,

regardless

of

the

brain

parcellation

by replacing the AAL atlas with the CC200 functional atlas. We propa-

From Table 7, the different performance between the two atlases

gate the labels of CC200 atlas onto the registered fMRI images, and

is because the networks using the CC200 atlas are more similar, so

achieve a brain parcellation of 200 ROIs. We then compute the aver-

they could not capture abundant complementary information to

age time serials of each ROI and construct FCNs using the proposed

enhance the classification performance. CC200 is used to construct

method. The classification performances of AAL and CC200 atlases

parcellations based on homogeneous functional connectivity, while

are shown in Table 7. Although CC200 atlas performed inferior com-

the parcellation in AAL atlas was determined based on the brain ana-

pared to AAL atlas, it demonstrated the same performance trend, that

tomical information. AAL atlas has been successfully and widely used

is, the proposed method improved the ASD classification performance

in functional neuroimaging studies to locate the regions of the brain.
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TABLE 7

Comparison of the classification performance between AAL atlas and CC200 atlas
AAL atlas (116 ROIs)

Craddock atlas (200 ROIs)

Method

ACC (%)

SEN (%)

SPE (%)

ACC (%)

SEN (%)

SPE (%)

Network 1

63.04

71.11

55.32

70.65

73.33

68.09

Network 2

67.39

73.33

61.70

68.48

80.00

57.45

Network 3

72.83

77.78

68.09

70.65

75.56

65.96

Network 4

59.78

77.78

42.55

65.22

77.78

53.19

Multiple network method

79.35

82.22

76.60

73.91

77.78

70.21

In our case, the AAL atlas may be more suitable for constructing FCNs

method and four single network based methods on the combined

as functional connectivity relies on anatomical structure as the sub-

dataset are shown in Table 9. The proposed method fusing four

strate. AAL atlas is a manual macroanatomical parcellation, and can

FCNs achieves an accuracy of 73.08%, a sensitivity of 74.29%, and

thus provide more realistic functional connectivity patterns.

a specificity of 71.67%, showing an increment of 6.93% in accuracy
compared to the best performed single network.
Our proposed method again outperforms the compared single

4.4 | Results on validation datasets

network methods in all the measures with this independent dataset,
To validate our proposed method, we have performed validation on a

and combined dataset. Other replicable results are included in the

new independent dataset from the University of California, Los

Supporting Information (Supporting Information Tables S1–S4). Sup-

Angeles (UCLA). The data were preprocessed using the AFNI software

porting Information Tables S1 and S2 are obtained based on the

(Cox, 1996). We use 34 ASD and 29 TD children aged between 8 and

UCLA_1 dataset, and Supporting Information Tables S3 and S4 based

15 years old from the UCLA_1 dataset. There are no significant gen-

on combined dataset (NYU + UCLA_1). In Supporting Information

der (ASD children: 29 males and 5 females; TD children: 25 males and

Tables S1 and S3, the proposed method achieves the best perfor-

4 females; p = .9178), age (ASD children: 12.5  2.1 years old; TD

mance compared to other multiple network based methods. In Sup-

children: 12.8  1.7 years old; p = .4785), and full intelligent quotient

porting Information Tables S2 and S4, multiple network fusion based

(ASD children: 102.0  13.5; TD children: 105.7  10.4; p = .2371)

on the weighted clustering coefficient proposed by Onnela et al. did

differences between two groups. The R-fMRI data were collected on

not show obvious improvement in classification accuracy compared

a 3.0 T Siemens Trio scanner at UCLA. During the resting-state scan,

with the best performed single networks whose accuracies were

most subjects were instructed to relax with their eyes open and stare

63.49% and 60%, respectively. Therefore it shows inferior perfor-

at a white fixation cross in the center of the black screen. The acquisi-

mance to our proposed method.

tion time lasted for 6 min and a total of 120 volumes of EPI images
were acquired (repetition time (TR)/echo time (TE) = 3,000/28 ms,


4.5 | Age effect

flip angle = 90 , 34 slices, slice thickness = 4 mm, imaging matrix = 64

Age is an important factor in the development and progression of

× 64).

ASD. In order to investigate the effects of age on the network struc-

The classification performances of the proposed multiple network

ture and the accuracy of the proposed approach, we have performed

based method and four single network based methods on the UCLA_1

experiments on the combined NYU and UCLA_1 dataset via 10-fold

dataset are shown in Table 8. The proposed method fusing four FCNs

cross-validation. We divided all subjects (79 ASD and 76 TD children)

achieves an accuracy of 71.43%, a sensitivity of 76.47%, and a speci-

into two groups according to age: the group of 7–10 years old

ficity of 65.52%, showing an increment of 4.76% in accuracy com-

(34 ASD and 28 TD children), and the group of 11–15 years old

pared to the best performed single network.

(45 ASD and 48 TD children). Then the proposed method was carried

We have also carried out validation on the combined dataset

out on each group. The network structure and the accuracy of the

aggregating NYU and UCLA_1 datasets (79 ASD and 76 TD children)

proposed method for both groups are shown in Figures 9 and 10,

via a 10-fold cross-validation. The average performance of classifi-

respectively. Figure 9 shows the mean network structure with the

cation results are reported across all 10 cross-validation folds. The

maximum number of connections for both groups. To clearly display

classification performances of the proposed multiple network based

the network structure, only the connections with connection strength

TABLE 8
Comparison of the classification performance between the single network based methods and the proposed multiple network based
method on the UCLA_1 dataset

Method

ACC (%)

SEN (%)

SPE (%)

PPV (%)

NPV (%)

Network 1

42.86

38.24

48.28

46.43

40.00

Network 2

53.97

47.06

62.07

59.26

50.00

Network 3

66.67

73.53

58.62

67.57

65.38

Network 4

46.03

55.88

34.48

50.00

40.00

Multiple network method

71.43

76.47

65.52

72.22

70.37
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TABLE 9
Comparison of the classification performance between the
single network based methods and the proposed multiple network
based method on combined dataset (NYU + UCLA_1)

Method

ACC
(%)

SEN
(%)

SPE
(%)

PPV
(%)

NPV
(%)

Network 1

63.85

65.71

61.67

66.67

60.66

Network 2

64.62

71.43

56.67

65.79

62.96

Network 3

66.15

70.00

61.67

68.06

63.79

Network 4

58.46

65.71

50.00

60.53

55.56

Multiple network
method

73.08

74.29

71.67

75.36

70.49

above 0.1 are shown. More connections appears in the group of
11–15 years old than in the group of 7–10 years old, implying that
the connections are stronger in the group of 11–15 years old than in
the group of 7–10 years old. It is expected due to the rapid growth of
brain during this period of time. From Figure 10, we can see that both
groups present the accuracy of 70%, inferior to the accuracy of the
entire group (73.08%). Normally, dividing subjects into age groups
may improve classification accuracy due to reducing the sample varia-

FIGURE 10

Classification performance of the entire group and the
two subgroups (7–10 years old and 11–15 years old). ACC, accuracy;
SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV,
negative predictive value [Color figure can be viewed at
wileyonlinelibrary.com]

tion caused by age. However, in our case, due to the small sample size,
further reduction based on age actually hurts the classification accuracy. On the other hand, the fact that both groups have almost same
accuracy indicates that age does not affect the final classification
result significantly.
Furthermore, we have also included the age as an additional feature into the feature vector to explore how it may affect the classification accuracy. Our results demonstrated that the age was finally not
selected as effective feature during cross-validation for achieving the
best classification performance, implying no significant influence by
age to our classifier.

classification is a recent study topic that can use larger aggregated
data to boost the application of neuroimaging-based classification
algorithms into clinical practice. However, the heterogeneity of multisite data can significantly decrease the prediction accuracy of neuropsychiatric disorders. Abraham et al. (2017) have adopted some techniques to overcome the issue of data heterogeneity and achieved
better classification performance using multi-site data.
It is important to note that the aim of our work is to design a new
classification framework (i.e., combination of multi-view based FCNs
and modified weighted clustering coefficient) that can more accurately identify ASD patients from healthy subjects. In order to explic-

4.6 | Limitation

itly demonstrate the advantages of our proposed framework, we

Compared to the classification on single-site data, classification on

evaluated the classification of performance on relatively homoge-

multi-site data encounters a challenging problem of dealing with the

neous single-site datasets NYU and UCLA_1, and combined dataset

heterogeneity of the data (e.g., the data variation caused by different

(NYU + UCLA_1) since classification on heterogeneous multi-site data

MRI scanner types, imaging sequences, and disease evaluations; see

without appropriate handling techniques such as those suggested by

Abraham et al. (2017) and Nieuwenhuis et al. (2017)). Multi-site data

Abraham et al. (2017) may hinder the comparison with other FCN

FIGURE 9 The network structures with the maximum number of connections for the group of 7–10 years old (a) and the group of 11–15 years
old (b). Only the connections with connection strength above 0.1 are shown [Color figure can be viewed at wileyonlinelibrary.com]
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construction and feature extraction methods. To overcome the het-

(R03MH096321). The funders had no role in study design, data analy-

erogeneity of data, we may use an appropriate brain parcellation, align

sis, decision to publish, or preparation of the manuscript.

the feature distributions of different sites to the common feature
space, and utilize multi-task learning to achieve shared features, as

ORCID

well as adopt semi-supervised co-training to improve the classifier

Huifang Huang

http://orcid.org/0000-0002-1759-5931

iteratively. We will consider extending the proposed framework to
the heterogeneous multi-site data in our future work.
As another future work, we would like to extend the current work
to predict treatment response and disease outcome once a dataset
with such information is available.

5 | CO NC LUSIO NS
Most methods used only one FCN for exploring the biomarkers of the
neuropsychiatric disorders based on R-fMRI, which ignores the capability of multiple networks for a more comprehensive and informative
representation of disease-associated functional disruptions. In this
paper, we have proposed a novel multiple network based classification
framework that can generate multiple group-sparse FCNs with different levels of network sparsity and then linearly fuse the network measures extracted from these FCNs to enhance the representation of
functional connectivity networks via a multi-view learning approach.
Group-sparse FCNs capture subtle disease-related alterations at different levels of sparsity by varying the regularization parameter, while
minimizing the inter-subject variability through an identical network
structure across subjects. We evaluated the performance of the proposed method on a dataset from the ABIDE database, and achieved
the best classification performance among all compared single network based methods and multiple network based methods, suggesting
that the fusion of group-sparse FCNs with multiple levels of sparsity
may provide more informative biomarkers for aiding brain disease
diagnosis. The results on validation datasets also demonstrate the
validity of our proposed method. In the future, for the specific studies
at hand, multiple network methods could be explored to boost the
representation of FCNs by fusing multi-view information for better
brain disease diagnosis.
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A P P E N D I X: NAMES AND ABBREVIATIONS OF
THE BRAIN ROIS IN THE AAL ATLAS

Names and abbreviations of the brain ROIs in the AAL atlas

Index

ROI name (abbreviation)

Index

ROI name (abbreviation)

1,2

Precentral gyrus (PreCG)

3,4

Superior frontal gyrus (dorsal) (SFGdor)

5,6

Orbitofrontal cortex (superior) (ORBsup)

7,8

Middle frontal gyrus (MFG)

9,10

Orbitofrontal cortex (middle) (ORBmid)

11,12

Inferior frontal gyrus (opercular) (IFGoperc)

13,14

Inferior frontal gyrus (triangular) (IFGtriang)

15,16

Orbitofrontal cortex (inferior) (ORBinf )

17,18

Rolandic operculum (ROL)

19,20

Supplementary motor area (SMA)

21,22

Olfactory (OLF)

23,24

Superior frontal gyrus (middle) (SFGmed)

25,26

Orbitofrontal cortex (medial) (ORBmed)

27,28

Rectus gyrus (REC)

29,30

Insula (INS)

31,32

Anterior cingulate gyrus (ACG)

33,34

Middle cingulate gyrus (MCG)

35,36

Posterior cingulate gyrus (PCG)

37,38

Hippocampus (HIP)

39,40

Parahippocampal gyrus (PHG)

41,42

Amygdala (AMYG)

43,45

Calcarine cortex (CAL)

45,46

Cuneus (CUN)

47,48

Lingual gyrus (LING)

49,50

Superior occipital gyrus (SOG)

51,52

Middle occipital gyrus (MOG)

53,54

Inferior occipital gyrus (IOG)

55,56

Fusiform gyrus (FFG)

57,58

Postcentral gyrus (PoCG)

59,60

Superior parietal gyrus (SPG)

61,62

Inferior parietal lobule (IPL)

63,64

Supramarginal gyrus (SMG)

65,66

Angular gyrus (ANG)

67,68

Precuneus (PCUN)

69,70

Paracentral lobule (PCL)

71,72

Caudate (CAU)

73,74

Putamen (PUT)

75,76

Pallidum (PAL)

77,78

Thalamus (THA)

79,80

Heschl gyrus (HES)

81,82

Superior temporal gyrus (STG)

83,84

Temporal pole (superior) (TPOsup)

85,86

Middle temporal gyrus (MTG)

87,88

Temporal pole (middle) (TPOmid)

89,90

Inferior temporal gyrus (ITG)

91–94

Crust 1–2 of cerebellar hemisphere (crust)

95–108

Lobule 3–10 of cerebellar hemisphere (CRBL)

109–116

Lobule 1–10 of vermis (vermis)

The odd and even indices refer to the left-hemisphere and right-hemisphere regions, respectively.

