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a b s t r a c t
Brain functional networks (BFNs) constructed from resting-state functional magnetic resonance imaging
(rs-fMRI) have been widely applied to the analysis and diagnosis of brain diseases, such as Alzheimer’s
disease and its prodrome, namely mild cognitive impairment (MCI). Constructing a meaningful brain network based on, for example, sparse representation (SR) is the most essential step prior to the subsequent analysis or disease identiﬁcation. However, the independent coding process of SR fails to capture
the intrinsic locality and similarity characteristics in the data. To address this problem, we propose a
novel weighted graph (Laplacian) regularized SR framework, based on which BFN can be optimized by
considering both intrinsic correlation similarity and local manifold structure in the data, as well as sparsity prior of the brain connectivity. Additionally, the non-convergence of the graph Laplacian in the selfrepresentation model has been solved properly. Combined with a pipeline of sparse feature selection and
classiﬁcation, the effectiveness of our proposed method is demonstrated by identifying MCI based on the
constructed BFNs.
© 2019 Elsevier Ltd. All rights reserved.

1. Introduction
As a non-invasive neuroimaging technique, resting-state functional magnetic resonance imaging (rs-fMRI) has demonstrated the
potential for diagnosing pathologic states before clinical symptoms appear, by providing reproducible, task-independent biomarkers of coherent functional activity linking different brain regions
[1–3]. It is suggested that cognitive processes depend on interactions among distributed brain regions [4–6]. These interactions,
characterized as brain functional connectivity, form an integrative
brain functional network (BFN). Recent advances in pattern recognition and sparse modeling of rs-fMRI data have enabled us to
characterize functional connectivity from a network perspective
[7–10]. Many classiﬁcation studies based on pattern recognition
techniques have demonstrated promising performance for deriving
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clinically informative biomarkers and identifying some neurological
disorders, e.g., Alzheimer’s disease (AD) [11–14] and mild cognitive
impairment (MCI) [15–18].
AD leads to substantial and progressive irreversible neuron
damage, and this chronic neurodegenerative disorder worsens over
time and eventually causes death. MCI, an intermediate state of
cognitive decline between normal aging and AD, has been brought
into focus because of its high probability of progression to AD.
Growing evidence shows that patients with MCI have an average
conversion rate of approximately 10%–15% to AD or other dementia
every year [19,20], and this conversion rate will exceed 50% within
ﬁve years. Meanwhile, normal elderly people develop AD only at
an annual rate of 1%–2% [21,22], indicating that people with MCI
are at much higher risk for AD. Studies on MCI identiﬁcation may
contribute to development of biomarkers for early detection, early
disease-modifying therapy, and behavioral intervention, which can
greatly delay or even prevent the development of MCI in the direction of dementia. Therefore, the accurate identiﬁcation of MCI
from the normal-aging healthy controls has an important clinical
signiﬁcance. The connectivity measures within the BFN could characterize functional network nodes and connectivity patterns. Such
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measures have been used as features in pattern recognition studies
of rs-fMRI data with promising performance in distinguishing diseases from normal states [23–26]. Based on rs-fMRI data, meaningful BFN construction is therefore the most essential step prior
to the subsequent statistical analysis and disease identiﬁcation.
Recently, many BFN modeling approaches have been proposed,
and most of them can be described using graph theory [10,27–29].
Particularly, on the macroscopic scale, the nodes of the BFN graph
are deﬁned as the regions of interest (ROIs) from a predeﬁned atlas [30–33], while the edges are estimated as the functional relationship between the blood-oxygen-level dependent (BOLD) signals
associated with different ROIs [34]. More speciﬁcally, inter-regional
Pearson’s correlation (PC) [35–39] is one of the most popular approaches to directly capture pairwise functional relationship between brain regions. However, such measurement of interaction ignores the potential effect of other regions. Therefore, partial correlation has been introduced to account for clearer interactions
among multiple brain regions by regressing out the confounding
effect [40,41]. In practice, the partial correlation is often calculated
by inverting a covariance matrix that may be nearly singular, thus
resulting in an ill-posed estimation. To address this issue, an 1 norm regularizer is generally incorporated into the partial correlation estimation model, simultaneously delineating prior knowledge that the brain network is sparse. Both 1 -regularized maximum log-likelihood estimation [42–45] and 1 -regularized linear regression (i.e., traditional SR) [46,47] are the representative
approaches that have been widely adopted for BFN construction
[48].
Although traditional SR plays an important role in encoding
sparsity for BFN construction [49], it models the reconstruction of
regional BOLD series separately, thus resulting in different reconstruction coeﬃcients even for the temporally similar BOLD signals.
Meanwhile, considerable evidences suggest that the brain networks
from different subjects may contain highly clustered or grouped
characteristics [50,51]. Therefore, some generalized SR methods
have been proposed to model BFNs jointly across subjects. Varoquaux et al. proposed encoding a group sparsity prior with q, 1 norm regularizer based on the assumption that all subjects share
the same network topology [52]. Similarly, Wee et al. used groupconstrained sparsity to overcome inter-subject variability during
the BFN construction [53]. Colclough et al. proposed a hierarchical inverse covariance model to jointly estimate BFN over many
subjects [54]. Meanwhile, the clustered group concept has been
explored with a different deﬁnition. Jiang et al. [55] developed
a sparse group representation model, which deﬁned the “group”
based on the anatomical connectivity extracted from diffusion tensor imaging. To preserve the similarity of pair ROIs, we previously
proposed connectivity-strength based weights on the sparse regularizer and deﬁned the “group” by the intrinsic similarity to facilitate both inter- and intra-group sparsity [56].
Despite their empirical effectiveness, the above methods fail to
capture the intrinsic locality structure that has supports a (near)
submanifold of the ambient space [57–60]. Structural representations have been explored for several years in pattern recognition
due to their representative power [61]. Meanwhile, it has been
pointed out, in the machine learning community, that learning performance can be signiﬁcantly enhanced if local geometry or manifold structure is well exploited [62–64]. Thus, to investigate the
underlying local manifold structure in the data and also the sparsity of the brain network, we propose a weighted graph regularized
sparse representation (WGraphSR) method for BFN construction. It
aims to preserve the manifold-related local geometric characteristics between the regional BOLD signals associated with different
ROIs by a regularizer of graph Laplacian that is incorporated into
the SR framework. In this way, the obtained brain connectivity, i.e.,
representation coeﬃcient, is expected to reveal more informative
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intrinsic relationships between brain regions and in turn facilitate
MCI identiﬁcation task.
The main contributions of this paper are three-fold. First, structural manifold representation based on sparse modeling framework
is proposed to characterize the functional network from the rsfMRI data. To our best knowledge, the proposed WGraphSR method
is among the ﬁrst to construct BFN utilizing the speciﬁc properties
of both data manifold structure and intrinsic similarity. Second, we
technically optimize the model to reduce the computational complexity and to avoid the controversial point of graph Laplacian in
the self-representation model. Third, by regarding the functional
connectivity (in constructed BFN) as features in pattern recognition
view, we conduct sparse feature selection to take into account the
interaction of connectivity features and select the discriminative
features jointly. The experimental results based on real datasets
show that the constructed BFNs by our proposed WGraphSR are
more discriminative than the baseline models.
2. WGraphSR-based brain network construction
In this work, we propose WGraphSR method for BFN construction by explicitly considering the manifold structure and the intrinsic similarity of the original BOLD time series. An overview of
the proposed construction framework is shown in Fig. 1.
2.1. Graph Laplacian regularization constraint
According to a certain atlas, the whole brain can be parceled
into N ROIs, each of which contains an averaged fMRI time course
(BOLD signal). We suppose that the time course associated with
the ith ROI is a column vector xi = [x1i ; x2i ; . . . ; xMi ] ∈ RM . Then, the
whole brain BOLD signals of a subject with N ROIs can be represented by a data matrix X = [x1 , x2 , . . . , xN ] ∈ RM×N . As a result, the
key point for modeling the BFN is to estimate the adjacent matrix
W ∈ RN×N whose entry Wij represents the relationship or “connectivity” between xi and xj .
Based on the manifold assumption, the data tend to reside
on a submanifold embedded in the ambient space, and the projected data need to preserve the locality characteristics of the original data in ambient space. The SR modeling can be treated as
a “projection” way for the original observed data, and the resultant sparse coeﬃcients as the projected data. With the deﬁnition
of column vector wi = [W1i , W2i , . . . , WNi ]T as all connectivity with
the ith ROI, we propose a graph Laplacian regularized constraint
as shown in Fig. 2 to preserve the local geometry of the manifold
structure in the constructed BFN:
N
N

2
1 
P (xi , x j )wi − w j  ,
2

(1)

i=1 j=1

where P(xi , xj ) is a non-negative similarity measure between time
series xi and xj . It is deﬁned as the absolute PC, P (xi , x j )=˙ Pi j =
|xi T x j |, where xi has been centralized and normalized by xi ←


xi −x̄i

(xi −x̄i )T (xi −x̄i )

.

By minimizing Eq. (1), we can constrain the constructed BFN
to keep the local similarity of data in the original space. In other
words, a higher correlation P(xi , xj ) between xi and xj will lead to
a closer distance between the column vectors wi and wj in BFN.
Thus, the objective optimization and manifold assumption achieve
a congruence.
2.2. Weighted graph regularized sparse model for BFN construction
Based on our previous study [56], the connectivity-strength
weighted sparse model (WSR) can combine sparsity and pairwise

222

R. Yu, L. Qiao and M. Chen et al. / Pattern Recognition 90 (2019) 220–231

Fig. 1. Overview of the proposed WGraphSR framework for brain functional network construction. Given the whole brain BOLD signals X, the Pearson’s correlation (PC)
matrix P is computed as the similarity measure corresponding to N ROIs for the graph Laplacian regularizer. The penalty weight matrix C is deﬁned based on the connectivity
strength for the weighted 1 -norm. The brain network W is constructed via the proposed optimization framework.

The proposed BFN construction model is as follows:

⎞
⎛ 
2


 


1

⎝ x i −
min
x jW ji  + λ1
C (x j , xi )W ji ⎠
W
2

i=1
j=i
j=i
N


2

+ λ2

1
2

N 
N




2

P (xi , x j )wi − w j 

s.t. Wii = 0, ∀i = 1, 2, . . . , N

i=1 j=1

(3)
where C(xj , xi ) is deﬁned as the exponential function C ji =˙ C (x j , xi ) =
P2
ji

Fig. 2. Graph regularized constraint. We suppose that the constructed brain network (with wi and wj as the ith and jth columns of the adjacent matrix) can preserve the local geometrical structure (measured by the correlation between xi and
xj ) in the original data space.

similarity, which are depicted by 1 -norm and PC, respectively, to
model a BFN. It can be formulated as follows:


2



1

min
x jW ji 
x i −
{W1i ,W2i ,...,WNi } 2 

j=i
2
 

+λ
C (x j , xi )W ji ,∀i = 1, 2, . . . , N,

e− σ , which is selected due to its smoothness and controllable
value ranging from 0 to 1. λ1 and λ2 are the two trade-off parameters for controlling the balance between the (ﬁrst) weighted
1 -norm regularization and the (second) graph regularization in
the objective function. In order to avoid a trivial solution of W =
I, we constrain Wii = 0. For easier understanding, we deﬁne ci =
[C1i , C2i , . . . , CNi ]T ∈ RN×1 as a penalty column vector and X(i ) =
[x1 , x2 , . . . , xi−1 , 0, xi+1 , . . . , xN ] ∈ RM×N as the dictionary for the ith
ROI’s construction, which is equivalent to removing signals of the
ith ROI from the dictionary. Then, Eq. (3) can be rewritten as:

min
W

(2)

j=i

where C(xj , xi ) can be deﬁned as any inverse proportion function
of the correlation between xi and xj . Thus, a higher correlation
will result in a lower penalty, and in turn a weaker constraint
on the connectivity |Wji |. Otherwise, a larger penalty C(xj , xi ) will
“push” |Wji | to approach zero. However, the WSR model treats the
brain regions separately, which may result in an unstable construction. Therefore, we propose a weighted graph regularized SR model
that combines the WSR with the newly developed graph Laplacian
regularizer in a uniﬁed framework to preserve the local manifold
structure and similarity prior during the joint BFN construction.

N


1
xi − X(i) wi 2 + λ1 ci  wi 1
2
2
i=1

+ λ2

N
N
2
1  
Pi j wi − w j 
2

s.t. Wii = 0, ∀i = 1, 2, . . . , N.

i=1 j=1

(4)
In this way, we can integrate constraints on functional connectivity strength, graph regularization, as well as sparsity into a uniﬁed framework for a more reasonable BFN.
It is noteworthy that there is a controversial point in the distance measure ||wi − w j ||2 . To avoid a trivial solution, we need
to constrain Wii and Wjj to be zero in case of self-representation.
However, the connectivity Wij and Wji are probably non-zero during optimization, especially with a higher correlation between
xi and xj . As the distance wi − w j 2 contains two operations,
(Wii − Wi j )2 and (W ji − W j j )2 , which will become (0 − Wi j )2 and
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⎡

(W ji − 0 )2 , it could theoretically result in a high distance even
when wi and wj are close in the new space. In fact, due to
such a distance measure, the optimization algorithm will fail to
converge in the experiment. Therefore, we propose to remove
both (Wii − Wi j )2 and (W ji − W j j )2 , and deﬁne the measurement
as wi − w j 2 − (Wii − Wi j )2 − (W ji − W j j )2 to prevent interference
of the reasonable BFN construction. The ﬁne-tuned formation is
shown as follows:
N

1
2

min
W

i=1

+ λ2 12



xi − X(i) wi 2 + λ1 ci  wi 1
2

N

N

i=1 j=1

Pi j




wi − w j 2 − (Wii − Wi j )2 − (W ji − W j j )2

(5)

W

0

N
N
N 
N
2

1  
2
+ λ2
Pi j wi − w j  − λ2
Pi j (Wii − Wi j )
2

s.t. Wii = 0, ∀i = 1, 2, . . . , N

(6)



i=1 j=1



= Tr

N 
N




Li j wi wTj

=

i=1 j=1

N 
N


Li j wTj wi =

i=1 j=1

⎡

For

+ λ2

− λ2

i=1 j=1

N 
N


⎢0
⎣ ..

Li j

0

···

..

− λ2



0

i=1

Wii2 di − 2

N

L11

⎢ L˜ 21

where L˜ (1 ) = ⎢ .
⎣ .
.

L˜ N1

i=1 j=1

L˜ (3)

⎢
⎢0
⎢
⎢
⎢
=⎢
⎢ ..
⎢.
⎢
⎣
⎡

⎢
⎢
⎢ ..
⎢ .
⎣

(8)

i=1 j=1

N

i=1 j=1

0

P11
⎢0

2

N

L˜ ij =

denote

N×N
N 
N


L ji wTj wi =

N 
N


L ji wTj Iwi

i=1 j=1

N 
N


˜ T L˜ (1)W
˜,
wTj L˜ ji wi = W

i=1 j=1

Pi j (Wii − Wi j )

Pi jWiiWi j +

we

, and then have

i=1 j=1

⎡˜

i=1 j=1

N

⎦

Li j wTj wi =

I11

0
..
.

L˜ 12

L˜ 1N

···

..
L˜ N2

⎤

L˜ 2N ⎥

L˜ 22

we

···

.

. ⎥
. ⎦
.

L˜ NN

···

0
..
.
···

..

.
N N ×N N

0

P31
..
.

⎤

···

0
INN

N
i=1
N
i=1

0
0

.

···

PN−1N
0

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

I22
..

..

˜ T L˜ (2 )W
˜.
=W

I11

···

0
get

N
2
i=1 Wii di

.

0
P21
..
.

0
..
.

I22

0
and

.
INN

⎤

⎥
⎥
⎥
.. ⎥
. ⎥
⎦

0
PNN

N N ×N N

,

N N ×N N

N
˜ T ˜ (3 )W
˜.
j=1 Pi j WiiWi j =W L
N
2
T
(
4
)
˜
˜
˜
W.
j=1 Pi j Wi j =W L

Denote

L˜ (4 ) =

diag(P (: )) to get
It is worthwhile to note that the rewriting of the last constraint
˜ T L˜ (∗ )W
˜ . Finally, we denote
aims at unifying the formations to W
L˜ =L˜ (1 ) − L˜ (2 ) +2L˜ (3 ) − L˜ (4 ) , and then Eq. (9) is equivalent to the following:

i=1 j=1

N

0
Li j

=

(7)

N
N 
N



1
xi − X(i) wi 2 + λ1 ci  wi 1 + λ2
Li j wTi w j
2
2
i=1

.
.⎥
.

.

terms,

⎤

i=1 j=1

Next, by expanding the last quadratic term and then using the
N
deﬁnition of
j=1 Pi j = di , we have the following objective function:

W

remaining

0

⎡

Li j wTi w j

s.t. Wii = 0, ∀i = 1, 2, . . . , N

min

(10)

···

0

i=1

N 
N


MN ×N N

1

the

Li j

N


1
xi − X(i) wi 2 + λ1 ci  wi 1
min
2
W
2

Li j wTi w j

0

, the vectorized observed data

⎦

Denoting L˜ (2 ) = diag(D(: )), we have
Next, denote

where L = D − P is the Laplacian matrix and Tr( · ) is the trace of a
matrix. The objective function is rewritten as:

N 
N


0
X (N )



{Wii }Ni=1

N
N
2
1  
Pi j wi − w j  = Tr(WLWT )
2

.

N




1
xi − X(i) wi 2 + λ1 ci  wi 1 = 1 X˜ −AW˜ 2
2
2
2
2

This is the ﬁnal WGraphSR model proposed in this
paper. Compared with Eq. (4), there is one more term
2
N
−λ2 N
introduced for excluding the ini=1
j=1 Pi j (Wii − Wi j )
terference of
on the distance measure. Next, through
introducing Laplacian matrix, we sort the objective before optimization. Speciﬁcally, we deﬁne the degree of xi as di = N
i=1 Pi j
and let D = diag(d1 , . . . , dN ). Then we have

. ⎥
.
. ⎥

˜=
X˜ = [xT1 , xT2 , . . . , xTN ]T ∈ RMN×1 and the new weight matrix C
T ] ∈ RN N ×N N , respectively. As a result, the ﬁtting
diag[c1T , c2T , . . . , cN
term and the ﬁrst weighted sparse regularization can be rewritten
as follows:

N 
N


i=1 j=1

⎤

0

0

..

0
···

.

i=1

i=1 j=1

X (2 )

˜
˜W
+ λ1 C

N


1
xi − X(i) wi 2 + λ1 ci  wi 1
2
2

···

0

A = ⎢ 0.
⎣ .
.

i=1

With a simpliﬁcation of the last term, we have the following
objective function:

min

⎢

X (1 )
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Pi jWi2j

s.t. Wii = 0, ∀i = 1, 2, . . . , N
(9)

min
˜
W

2.3. Algorithm
We propose to solve the optimization problem by vectorizing the connectivity matrix W = [w1 , w2 , . . . , wN ] ∈ RN×N as
˜ = [wT , wT , . . . , wT ]T ∈ RNN×1 . By deﬁning the matrix dictionary
W
1
2
N


 
1
X˜ −AW˜ 2 + λ1 C˜ W˜  +λ2W˜ T L˜W˜ .
2
1
2

(11)

For solving this optimization problem, we introduce a variable
V˜ , and then get:

min
˜ ,V˜
W


 
1
X˜ −AW˜ 2 + λ1 C˜ V˜  + λ2W˜ T L˜W˜ , s.t.W˜ = V˜ .
2
1
2
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Algorithm 1
Learning weighted graph regularized sparse representation.
Input: Mean BOLD time series X = [x1 , x2 , . . . , xi , . . . , xN ] ∈ RM×N , λ1 > 0, λ2 > 0
Initialize: X˜ = vec(X ), X(i ) = [x1 , x2 , . . . , xi−1 , 0, xi+1 , . . . , xN ],
A = diag(X(1 ) , X(2 ) , . . . , X(N ) ), ρ = 100, abstol = 10−4 , reltol = 10−2 , max Iter = 10 0 0, V˜ 0 = 0, μ0 = 0
For k = 0 : max Iter − 1
˜ with conjugate gradient method
(1) Update variable W
k
1 ˜
X −AW˜ 22 + λ2W˜ T L˜W˜ + ρ2 W˜ − V˜ k + μρ 22
2
˜ = AT X˜ + ρV˜ k − μk
(AT A + 2λ2 L˜ + ρ I )W
(2) Update variable V˜
˜ k+1 + μ , λ1 diag(C
˜ ))
V˜ k+1 = shrinkage(W
ρ
ρ
(3) Update Lagrange multiplier μ
μk+1 := μk + ρ (W˜ k+1 − V˜ k+1 )
k

(4) Check the convergence
˜ k+1 − V˜ k+1 2 < N 2 ∗ abst ol + relt ol ∗ max(W
˜ k+1 2 , −V˜ k+1 2 )&&
IF W
 −ρ (V˜ k+1 − V˜ k )2 < N2 ∗ abstol + reltol ∗  μk+1 2 then
break;
end IF
end For
˜ , V˜ ) Rearrange W
˜ as its matrix form W
Output: (W

Based on the alternating direction method of multipliers
(ADMM), we have:

˜ , V˜ , μ ) =
min f (W

˜ ,V˜ ,μ
W


 
1
X˜ −AW˜ 2 + λ1 C˜ V˜  + λ2W˜ T L˜W˜
2
1
2
+



2
 ρ
μ, W˜ − V˜ + W˜ − V˜ 2
2

In particular, we ﬁrst initialize V˜ 0 = 0,μ0 = 0, and then solve
˜ , V˜ and μ alternately, until the iterone of the three variables W
ative stop requirement is achieved.

μ,

(1) Fix variables V˜
and
˜ , V˜ k , μk )
arg minW˜ f (W

and

solve

The objective function to be optimized is





1
X˜ −AW˜ 2 + λ2W˜ T L˜W˜ + ρ W˜ − V˜ k +
2
2
2

˜:
W

˜ k+1 :=
W

2
μk 
.
ρ 2

˜ to get
Derivate it by W

˜ = AT X˜ + ρV˜ k − μk .
(AT A + 2λ2 L˜ + ρ I )W
To avoid the inverse operation, we adopt the conjugate gradient
˜.
method to solve W
˜
(2) Fix variables W
and
˜ k+1 , V˜ , μk )
arg minV˜ f (W

μ,

and

solve

V˜ :

V˜ k+1 :=

The objective function to be optimized is

2

k
 k+1
 
ρ
μ




λ1 C˜ V˜ 1 + W˜
− V˜ +
2
ρ 2

2
1
μk 
λ  
k+1

˜
˜
→ V − (W
+
) + 1 C˜ V˜ 1 .
2
ρ 2 ρ
Using the soft threshold method, we get

˜ k+1 +
V˜ k+1 = shrinkage(W

μk λ1
˜ )).
,
diag(C
ρ ρ

˜ and V˜ , and solve μ:
(3) Fix variables W

μk+1 := μk + ρ (W˜ k+1 − V˜ k+1 )
The detailed algorithm procedure of WGraphSR is described in
Algorithm 1. Since the structured sparse model will achieve an
asymmetrical result, we symmetrize the BFN by a simple strategy
of W ← (W+WT )/2. Next, with the constructed BFNs we will identify subjects with MCI from normal controls.

3. Experiments
The rs-fMRI data are downloaded from Alzheimer’s Disease
Neuroimaging Initiative (ADNI) [65]. Speciﬁcally, there are ninetynine subjects in total, with forty-nine normal controls and ﬁfty
MCI patients, selected from the ADNI phase-2 dataset. Participants
from both groups are age- and gender-matched, and they were all
scanned with the same protocol using 3.0T Philips Achieva scanners. The details of imaging parameters are listed as follows: repetition time (TR) = 3 s, echo time (TE) = 30 ms, ﬂip angle = 80°, imaging matrix = 64 × 64, 48 slices, slice thickness = 3.3 mm, and 140
volumes (time points) for each subject. The image pre-processing
for all rs-fMRI data is performed with the SPM8 toolbox (http:
//www.ﬁl.ion.ucl.ac.uk/spm/) according to a standard pipeline [24],
including volume removal, slice timing correction, head motion
correction, normalization and spatial smoothing. Speciﬁcally, the
ﬁrst three volumes of each subject are discarded for steady-state
tissue magnetization equilibrium. Then head motion correction is
achieved by a rigid-body registration. The fMRI images are normalized to the Montreal Neurological Institute (MNI) space and
spatially smoothed with a Gaussian kernel with full-width-at-halfmaximum (FWHM) of 6 × 6 × 6 mm3 . To reduce the negative effect
on network study caused by head motion, we exclude partial fMRI
data from further analysis [66] if it contains: (1) overall head motion larger than 2 mm or 2°; (2) more than 2.5 min (50 frames)
data of frame-wise displacement >0.5. Finally, the whole brain in
rs-fMRI space is parceled into a number of ROIs by warping the
Automated Anatomical Labeling (AAL) template [31] to the original rs-fMRI space, and the averaged BOLD time series is extracted
from each ROI. Head motion parameters (i.e., Friston-24 model)
and the mean time series of white matter and cerebrospinal ﬂuid
are regressed out from the band-pass ﬁltered (0.01–0.08 Hz) rsfMRI data.
3.1. Brain functional network construction
For a comprehensive comparison, we construct BFN using basic
methods (i.e., PC and SR), two modiﬁed methods including WSR
and weighted sparse group representation (WSGR), and our proposed method WGraphSR. Their matrix-regularized objective functions are provided in Table 1.
In Fig. 3, we visualize the BFNs from a randomly-selected subject constructed using the ﬁve different methods. The traditional
PC-based network is shown in Fig. 3(a), where the modular characteristic can be conﬁrmed. All the BFNs constructed from the SR
models are sparse. In terms of the connectivity-strength weight,
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Fig. 3. Illustration of the BFNs constructed by different models, and the manifold structure preservation. (a) Network based on PC; (b) network based on SR; (c) network
based on WSR; (d) network based on WSGR; (e) network based on WGraphSR; (f) the correlation measurement of brain network from (e).
Table 1
Network construction models with different data-ﬁtting and regularization
terms.
Construction model

Data-ﬁtting term

Regularization term

PC
SR
WSR

W − X X
1
X − XW
2
1
X − XW
2

–

WSGR

1
2

X − XW2F

λ1 C  W1 +λ2

1
2

X − XW

λ1 C  W1 +λ2 Tr(WLWT )

WGraphSR

T

2
F
2
F
2
F

2
F

λW1
λCW1
K
k=1

dk WGk q

we can conclude that the sparse constraint with penalty weights
(Fig. 3(c)–(e)) could preserve more modular characteristics in modeling the BFN than that without weights (Fig. 3(b)). Regarding the
graph Laplacian regularizer for manifold structure preservation, we
calculate the correlation matrix of network constructed by our proposed WGraphSR in Fig. 3(f). Comparing with Fig. 3(a) and (f), we
can observe that the correlation between original BOLD signals xi
and xj are highly similar to the correlation between constructed regional connectivity series wi and wj , which demonstrates that our
proposed model can preserve the underlying local geometry of the
manifold structure of rs-fMRI data.
3.2. Feature selection
The constructed BFN delineates all the connectivity information
between ROIs. However, due to the fact that human brains share
several common connectome patterns across subjects, the separately constructed BFNs contain redundant information for identifying the biomarkers of brain diseases. Additionally, the high-

Fig. 4. Feature selection by LASSO. Each row of the matrix F ∈ RD×E is formatted by
all the E connectivity features of the constructed BFN. There are D sets of training
data in this process.

dimensional network data and limited training samples will pose
a challenge to the disease prediction. Therefore, in this work, we
propose a sparse feature selection strategy to take the interaction
of features into account and select discriminative features jointly.
Speciﬁcally, a linear regression with a sparse constraint, i.e., LASSO,
composes the selection model as shown in Fig. 4.
Suppose we have D training samples with true labels y ∈ RD×1 ,
where MCI patients are labeled with +1, and healthy controls are
labeled with −1. We regress the combination of connectivity features to the corresponding label as follows:

min
α

1
y − Fα22 + λF S α1 ,
2

(12)

and choose the features with non-zero coeﬃcients as the selected
feature indices (SFI).

SFI = {i|αi = 0, i = 1, 2, . . . , E }

(13)
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Table 2
Comparison of classiﬁcation results by different methods.
Construction models

ACC

SEN

SPE

AUC

F-score

PC
SR
WSR
WSGR
WGraphSR

57.58
65.66
79.80
84.85
88.89

62.00
62.00
80.00
92.00
88.00

53.06
69.39
79.59
77.55
89.80

60.01
66.66
85.44
91.59
92.32

59.62
64.58
80.00
85.98
88.89

Based on LASSO, all the selected features are non-independent
and belong to the jointly selected most discriminative feature subset. Meanwhile, with the introduction of sparsity, the magnitude
of the resulting subset is much smaller than the original feature
dimensionality.
3.3. MCI classiﬁcation results
The functional connectivity within the constructed brain network will be treated as features for MCI classiﬁcation. Through the
sparse feature selection, the new training data will be achieved by
reducing the network connectivity according to SFI. We regard the
selected connectivity as the ﬁnal features to train a classiﬁer for
MCI identiﬁcation. To validate the effectiveness of the proposed
network construction model, the leave-one-out cross validation
(LOOCV) strategy is adopted for making full use of the limited
data. Speciﬁcally, three parameters are involved in the training
stage, including λ1 and λ2 in the network construction model,
and λFS in the feature selection step. To set the values of these
regularization parameters, we employ a nested LOOCV strategy
on the training set to grid-search the optimal parameter values.
For the regularized parameters λ1 and λ2 , the candidate values
are [2−5 , 2−4 , . . . , 21 , 22 ]. For the sparse regularized parameter, we
have λF S = ratio ∗ λmax , where λmax is automatically computed
as the maximal value of λFS , above which Eq. (12) will obtain a
zero solution [67]. The candidate values for the parameter ratio
are from [0.1, 0.2, . . . , 0.6]. Given S subjects involved in our study,
S − 1 subjects are used for training while the left-out one is used
for testing. This procedure is repeated S times for evaluating
the classiﬁcation performance. During each repeat, the nested
LOOCV is carried out on the S − 1 training subjects to select the
optimal parameters that contribute to the best performance on
the training sets. Then, by applying the optimal parameters on
the S − 1 different training subsets, we train S − 1 linear support
vector machines (SVMs) to classify the test subject, and the ﬁnal
classiﬁcation result is determined via majority voting. Finally, after
repeating the above process S times, an overall cross-validation
classiﬁcation accuracy is calculated.
Different statistical evaluation measurements are listed below
to evaluate classiﬁcation performance, where TP, TN, FP, and FN denote true positive, true negative, false positive, and false negative,
respectively, and precision = TP/(TP + FP) and recall = TP/(TP + FN). In
this paper, MCI samples are treated as the positive class. The statistical experimental results on real rs-fMRI data are shown in
Table 2. The receiver operating characteristic (ROC) curves showing the different classiﬁcation performances of these construction
methods are given in Fig. 5, while the statistical index area under
ROC curve (AUC) is listed in Table 2.

Accuracy (ACC ) =

TP + TN
TP + FP + TN + FN

Speciﬁcity (SPE ) =

TN
TN + FP

Sensitivity (SEN ) =
F-Score = 2 ×

Fig. 5. ROC curves corresponding to ﬁve network construction models.

accuracy of 88.89%, resulting in a 5% and 9% increase in accuracy
compared with the previous WSGR model (84.85% accuracy) and
the WSR (79.80% accuracy), respectively. This means that our proposed graph Laplacian and the weighted sparse regularizations are
able to explore the potential data relationship and further construct a more biologically meaningful BFN, thus identifying more
discriminative biomarkers for classifying subjects with MCI from
healthy controls. In Table 2, it should be noted that the true
positive rate and the sensitivity indicator of the WSGR are 4%
higher than the proposed method. This indicates that the proposed WGraphSR method recognizes a relatively lower proportion
of MCI patients than the WSGR, which needs to be improved in
the follow-up work. For the true negative rate/speciﬁcity indicator, however, our proposed method is overwhelmingly superior to
all other competitive methods, meaning that much less normal
healthy controls are misclassiﬁed as MCI patients.
4. Discussion
4.1. Most discriminative features
During the sparse feature selection process in each validation
step, the selected features for classiﬁcation might be different for
different training datasets. Thus, we record all the selected discriminative features to analyze the biomarkers in MCI identiﬁcation. With the sparse selection, twenty-two connectivity features
were consistently selected in almost all validation sets, as shown in
Fig. 6. In the circular graph, the red points and red arcs represent,
respectively, the brain regions and connectivity features related to
the default mode network (DMN), which is commonly regarded
as AD-pathology related [68]. The other consistently-selected discriminative features outside of the DMN are shown with grey arcs,
which include the connectivity between olfactory cortices, putamen, insula, etc.
The linear SVM classiﬁer trained in each cross-validation is actually a maximum margin hyper-plane, composed of the learned

TP
TP + FN

precision × recall
precision + recall

It can be seen that the proposed WGraphSR model for BFN
construction achieves the best classiﬁcation performance with an

weight coeﬃcients corresponding to all selected features. To further investigate the connectivity pattern that contributes to MCI
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Fig. 6. The twenty-two consistently-selected discriminative connectivity features (selected by above 95% of all validations). The red arcs represent the connectivity features
related to the default mode network.

Table 3
The information of related ROIs within the consistently selected connectivity features. The order number and name are based on AAL template.
The order number and name of ROI A

The order number and name of ROI B

8
31
35
39
48
73

22
89
36
43
64
74

Middle frontal gyrus (right)
Anterior cingulate gyrus (left)
Posterior cingulate gyrus (left)
ParaHippocampal gyrus (left)
Lingual gyrus (right)
Putamen (left)

Olfactory (right)
Inferior temporal (left)
Posterior cingulate gyrus (right)
Calcarine cortex (left)
Supramarginal gyrus (right)
Putamen (right)

anterior cingulate, whole posterior cingulate gyrus, left paraHippocampal gyrus, and left inferior temporal are all within the brain
DMN, which corroborates exiting studies [69–71] that have pointed
out that patients with MCI and AD have the same regional network connectivity anomalies in DMN compared with healthy controls. The right olfactory cortex is highly related to AD pathology,
according to previous studies [72]. The subcortical regions of the
left putamen, right putamen and hippocampal gyrus are important
for MCI identiﬁcation [73].
4.2. Sensitivity analysis of the regularized parameters

classiﬁcation, we analyze the linear classiﬁcation model to reveal
the importance of the selected features by averaging the classiﬁcation weight coeﬃcients of each selected feature in all folds of
cross-validation. The statistical averaged weights of the connectivity features in the linear classiﬁer are shown in Fig. 7 with a full
brain view, where the nodes represent the ROIs, the node size indicates the degree of the node in the brain network, the edge represents the connectivity feature, and the edge thickness indicates its
weight coeﬃcient of the classiﬁcation plane. The detailed weight
coeﬃcients corresponding to all selected features can be found in
Supplementary Table 1. Within the linear classiﬁer, there are both
positive and negative weight coeﬃcients, which are shown in red
and blue, respectively.
For the most discriminative ROIs related to MCI identiﬁcation,
we analyze the connected regions among those consistently selected features displayed in Table 3, where the order number and
the ROI name are based on the AAL atlas. Twelve discriminative
ROIs are shown in Fig. 8 with a full brain view. Speciﬁcally, the left

In this paper, there are three regularized parameters, namely λ1
and λ2 involved in the BFN construction, as well as λFS involved
in the feature selection stage. To study the inﬂuence of these parameters on the classiﬁcation performance, we further implement
an experiment to identify subjects with MCI from healthy controls
under different combination of parametric values. The corresponding classiﬁcation accuracy of our proposed construction model is
calculated using the LOOCV strategy. Due to the facts that (1) it
is diﬃcult to show four-dimensional coordinates when considering three variables and (2) the BFN construction model contributes
more in the experimental results, we show classiﬁcation accuracy
in Fig. 9 with the parameter λF S = 0.3. It can be observed that the
accuracy varies with different values of the regularized parameters, and the best accuracy (93.94%) is achieved with λ1 = 2−5 for
weighted sparsity and λ2 = 2−2 for graph Laplacian regularization
term. Overall, it can be seen that the regularized parameter of
graph Laplacian has a great inﬂuence on experimental results, indi-
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Fig. 7. Classiﬁcation pattern. The thickness of each edge indicates respective weight used in a linear SVM model for MCI classiﬁcation. Red/blue edges represent positive/negative weights in the linear model.

Fig. 8. The discriminative regions selected in MCI classiﬁcation are shown in different colors for better visualization.

R. Yu, L. Qiao and M. Chen et al. / Pattern Recognition 90 (2019) 220–231

229

Fig. 9. Statistical classiﬁcation accuracy based on the networks estimated by our proposed method with different values of regularization parameters. For clear visualization,
feature selection parameter is set to λF S = 0.3. The results are obtained by LOOCV on all data.

cating that our proposed graph regularized constraint plays a more
important role in constructing BFNs.
4.3. Remarks on WGraphSR and other sparse representative models
In this study, we propose WGraphSR model for BFN construction. Compared with the traditional correlation-based and SRbased methods, our proposed model gets the best of both worlds
and takes the relationship between brain network connections into
account. WSR, WSGR, and our proposed model all aim to model
the similarity preservation problem, although their formulations
are quite different. The difference between WSR and WSGR is that
the former constrains each connection in the network to be similar to the corresponding correlation independently, while the latter not only constrains the independent connection, but also the
group connections to maintain the similarity by the corresponding weighted penalty. Comprehensively speaking, the WSR and
WSGR models intend to force the new constructed brain connectivity with the sparsity premise to approximate the traditional correlation between the original regional signals as close as possible. However, none of these models explores the locality involved
in the brain connections. The graph-regularized constraint is proposed in this paper to preserve the underlying local geometry of
the manifold structure in the data. The network sparsity, weighted
penalty based on similarity, and the graph Laplacian regularization
based on manifold assumption are combined in a single framework
to formulate the WGraphSR construction model. Furthermore, the
graph regularization is able to constrain the local manifold structure after reconstruction.

graph regularized weighted sparse model is proposed for the study
of BFNs. This model could preserve the locality and similarity characteristics among the rs-fMRI data during sparse reconstruction.
Moreover, with the connectivity-strength weighted penalty, our
proposed WGraphSR model integrates correlation analysis, sparsity
constraint, and graph regularized constraint into a uniﬁed learning framework that moves toward a more biologically meaningful brain connectome. We further adopt a sparse feature selection
strategy to take into account the interaction between features, and
comprehensively extract the discriminant feature subset. The effectiveness of our proposed method has been demonstrated by classiﬁcation experiments in MCI and healthy controls. The experimental
results show that our proposed method can identify degenerative
disease more effectively than other competitive methods. Through
subsequent sensitivity analysis of regularized parameters, our proposed graph regularization constraint based on manifold assumption plays an important role in effective construction of brain network as well as classiﬁcation of disease.
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5. Conclusion
Supplementary materials
The connectivity measurement within the brain network from
rs-fMRI data is a fundamental challenge in network-based analysis. In this paper, a novel network construction method based on a

Supplementary material associated with this article can be
found, in the online version, at doi:10.1016/j.patcog.2019.01.015.
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