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Abstract. Function connectivity networks (FCNs) based on restingstate functional magnetic resonance imaging (rs-fMRI) have been used for
analysis of brain diseases, such as Alzheimer’s disease (AD) and Attention Deﬁcit Hyperactivity Disorder (ADHD). However, existing studies
usually extract meaningful measures (e.g., local clustering coeﬃcients)
from FCNs as a feature vector for brain disease classiﬁcation, and perform
vector-based feature selection methods (e.g., t-test) to improve the performance of learning model, thus ignoring important structural information of FCNs. To address this problem, we propose a graph-kernel-based
structured feature selection (gk-MTSFS) method for brain disease classiﬁcation using rs-fMRI data. Diﬀerent with existing method that focus on
vector-based feature selection, our proposed gk-MTSFS method adopts
the graph kernel (i.e., kernel constructed on graphs) to preserve the structural information of FCNs, and uses the multi-task learning to explore
the complementary information of multi-level thresholded FCNs (i.e.,
thresholded FCNs with diﬀerent thresholds). Speciﬁcally, in the proposed
gk-MTSFS model, we ﬁrst develop a novel graph-kernel based Laplacian regularizer to preserve the structural information of FCNs. Then,
we employ an L2,1 -norm based group sparsity regularizer to joint select
a small amount of discriminative features from multi-level FCNs for brain
disease classiﬁcation. Experimental results on both ADNI and ADHD-200
datasets with rs-fMRI data demonstrate the eﬀectiveness of our proposed
gk-MTSFS method in rs-fMRI-based brain disease diagnosis.

1

Introduction

Advanced neuroimaging technologies, such as magnetic resonance imaging
(MRI), provide non-invasive ways to explore the function and structure of the
human brain, thus providing important insights into the basic cognitive processes
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of the brain [1], and also provide the important way to achieve performances
applicable in diagnosis of brain diseases [2], including Alzheimer’s disease (AD)
and its prodromal stage (i.e., mild cognitive impairment, MCI), and Attention Deﬁcit Hyperactivity Disorder (ADHD). Functional connectivity networks
(FCNs) based on resting-state functional MRI (rs-fMRI) data, which characterize the interactions of distributed brain regions, have been widely applied to
the analysis of various brain diseases. Some abnormal functional connectivities
in FCNs have been found in AD/MCI/ADHD patiens. Recently, FCNs are also
applied to computer-aided diagnosis of brain diseases by using machine learning
methods, and achieved the promising results [3].
In typical FCN-based classiﬁcation methods, studies ﬁrst extract meaningful
measures (e.g., local clustering coeﬃcients [4], connectivity strengths [5], and
Regional homogeneity [3]) from constructed FCN as a feature vector, and then
perform vector-based feature selection methods (e.g., t-test [3,4], F-scores [5]
and Lasso [6]) to select the most discriminative features for improving the performance of learning model. These studies have demonstrated that feature selection can not only improve the performances of brain disease classiﬁcation, but
also help identify neuroimage-based biomarkers to better understand the pathology of brain disorders. However, since these measures only characterize the local
topological properties of FCN, thus some important global structural information conveyed by FCN are ignored in these studies.
In additional, to characterize the topological properties of FCNs and reduce
the computational complex of FCN analysis, the thresholding methods are usually used to threshold the FCNs. Since diﬀerent thresholds will generate diﬀerent
thresholded FCNs with diﬀerent levels of topological structure (i.e., the thresholded FCNs with larger threshold will preserve fewer edges, and thus are sparser
in edges). Recent studies have shown that, compared with methods using single threshold, the methods with multiple thresholds can take advantage of the
complementary information conveyed by multiple thresholded FCNs and thus
improve the classiﬁcation performance of learning model [7]. However, these studies often integrate the complementary information of multiple thresholded FCNs
by assembling multiple classiﬁers (e.g., multi-kernel support vector machine).
Few work explores complementary information of multiple thresholded FCNs in
feature selection step, which could reduce classiﬁcation performance of learning
model.
To address these problems, we propose a graph-kernel-based multi-task structured feature selection (called gk-MTSFS) method for brain disease classiﬁcation
using rs-fMRI data. Diﬀerent from previous feature selection methods that focus
on vector-based feature selection, the proposed gk-MTSFS method ﬁrst uses
graph kernels (i.e., kernels deﬁned on graphs/networks) to measure the topological similarity of FCNs, thus naturally preserving the structural information of
FCNs. Then, we use the multi-task learning to explore the complementary information of multi-level FCNs (i.e., thresholded FCNs with diﬀerent thresholds),
thus help to induce more discriminative features for further improving classiﬁcation performance. Here, we use multiple thresholds to simultaneously threshold
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the FCNs constructed from rs-fMRI data, and denote the features learning on
each thresholded FCN as a single task. Speciﬁcally, our gk-MTSFS model contains two regularization items: (1) a graph-kernel-based Laplacian regularizer
that can preserve the local-to-global structural information of FCN data, and
(2) a L2,1 -norm based group sparsity regularizer to capture the intrinsic relatedness among multiple learning tasks, joint select a small number of common
features from multiple tasks for subsequent classiﬁcation. We validate our proposed gk-MTSFS method on two public datasets with baseline rs-fMRI data, i.e.,
ADNI dataset1 and ADHD-200 dataset2 . The experimental results demonstrate
the eﬃcacy of our proposed gk-MTSFS method.
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Fig. 1. Illustration of our proposed gk-MTSFS learning framework.

2

Method

Figure 1 illustrates the proposed gk-MTSFS based learning framework, which
including three main steps: image pre-processing and FCN construction, feature
extraction and feature selection, and classiﬁcation.
2.1

Subjects and Image Preprocessing

In this study, we use two datasets with resting state fMRI (rs-fMRI) data. The
ﬁrst dataset is download from the ADNI database, containing 43 later MCI
(lMCI), 56 early MCI (eMCI), and 50 HCs. Data acquisition is performed as
follows: the image resolution is 2.29–3.31 mm for inplane, and slice thickness is
3.31 mm, TE = 30 ms and TR = 2.2–3.1 s. Another dataset is ADHD-200 from
New York University site, including 118 ADHD (25M/93F, aged 11.2 ± 2.7
years) and 98 NCs (51M/47F, aged 12.2 ± 2.1 years). The acquisition of data
in ADHD-200 is performed as follows: the matrix size is 49 × 58, axial slices is
47, slice thickness is 4 mm, FOV = 240 mm, TR = 2 s, TE = 15 ms, ﬂip angle =
90, and the voxel size is 3 × 3 × 4 mm3 .
Following [8], we preprocess images from the ADNI dataset using the standard pipeline, including (1) removing the ﬁrst 10 rs-fMRI volumes, (2) slice
1
2
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timing and head motion correction, (3) dividing the brain space of fMRI scans
into 90 regions-of-interest (ROIs) using the Automated Anatomical Labeling
(AAL) template, (4) band-pass ﬁltering within a frequency interval of [0.025 Hz,
0.100 Hz], (5) extracting BOLD signals from the gray matter tissue, and (6)
computing the mean time series of ROIs to construct FC networks using the
Pearson correlation coeﬃcients (PCCs) as the measures of FC between ROIs.
For ADHD-200, we directly used the time series from the Athena preprocessed
data, with details shown on the Athena website3 . Brieﬂy, the data pre-processing
steps include: (1) removing the ﬁrst 4 image volumes, (2) slice timing and head
motion correction, (3) extracting the fMRI time series from gray matter regions,
(4) temporal band-pass ﬁltering [0.009 Hz, 0.08 Hz], (5) partitioning the brain
space into 90 ROIs using AAL template, and (6) extracting mean time series of
ROIs, and (7) constructing FC networks based on PCC.
2.2

Proposed Graph-Kernel-Based Multi-task Structured Feature
Selection

r , E
r , · · · , E
 r }, where E
 r denotes
Given a thresholded network set E r = {E
1
2
i
N
the thresholded network of the i-th subject using the r−th threshold, N is the
number of subjects, R is the number of thresholds. Let X r = [xr1 , xr2 , · · · , xrN ] ∈
RN ×d denotes a set of feature vectors extracted from the r-th thresholded FCN of
all subjects (with each vector corresponding to a speciﬁc subject). For example,
xri denotes the region-speciﬁc clustering coeﬃcient features extracted from the
r-th thresholded FCN of i-th subject, and d is the feature dimension. Let Y =
[y1 , y2 , · · · , yN ] ∈ RN denote the response vector, where yi represents the class
label of the i-th subject. To preserve the distribution information of FCN data,
we ﬁrst introduce a graph-kernel-based Laplacian regularization term, i.e.,
min

w1 ,w2 ,...,wR

N
R 


wr T xri − wr T xrj 22 = 2

r=1 i,j
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(X r wr )T M r (X r wr )

(1)

r=1

r
is a similarity matrix
where M r = C r − S r is a Laplacian matrix, S r = Si,j
r
that measures the similarity between
subjects, C is a diagonal matrix whose
N
r
.
diagonal elements is deﬁned as Ciir = j=1 S(i,j)
To preserve the structural information of FCNs, we use the graph kernel to
measure the similarity of a pair of networks, i.e.,
r
r , E
r )
= k(E
Si,j
i
j

(2)

 r ) is a graph kernel, which calculates the similarity between netr , E
where k(E
i
j
r

 r . In our experiments, we use a subtree-based graph kernel deﬁned
work Ei and E
j
in [9] to measures the similarity of a pair of FCNs.
From Eqs. 1–2, we can see that if two subjects have similar network structures, they will be encouraged to be as close as possible after mapping. Obviously,
3
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Eq. 2 can be expected to well preserve the structural information of networks,
by using graph kernel approach in the mapping process.
Based on the formulation in Eq. 2, the objective function of our proposed
graph-kernel based structured feature selection (gk-MTSFS) model is deﬁned as
following:
min
w

R
R

1
Y − X r wr 22 + β
(X r wr )T M r (X r wr ) + λW 2,1
2 r=1
r=1

(3)

where W = [w1 , w2 , . . . , wR ], M r is a Laplacian matrix deﬁned by Eq. 2, β and
λ are two positive constants that balance the contributions of three items. In
practice, we use inner cross validation on the training data to determine their
optimal values.
According to deﬁnition in Eq. 3, the objective function of our proposed gkMTSFS method contains three items. The ﬁrst item is a quadratic loss function
that measures the diﬀerence between estimated and true values for training
subjects. The second item is a graph-kernel-based Laplacian regularizer that
preserves the distribution information of FCN data and structural information
of each FCN. Here, we use the graph kernel to compute the similarity of FCNs,
which can capture the local and global structural information of networks, thus
helping to learn more discriminative features. The last item is a group sparsity
regularizer with L2,1 -norm that capture the complementary information among
multiple learning tasks, and joint select a small number of common features
from multiple tasks for subsequent classiﬁcation. The features corresponding to
non-zero factors in W will be selected for classiﬁcation. The objective function in
Eq. 3 can be eﬀectively solved via using accelerated proximal gradient algorithm.
2.3

gk-MTSFS Based Learning Framework

Network Thresholding. Since weights of edges correspond to the Pearson correlation coeﬃcient among ROIs, the constructed FCN of each subject
is a full-connected weighted network. To characterize the topology of networks, we parallelly threshold FCNs of all subjects using a set of thresholds
T = [T 1 , T 2 , . . . , T R ], where R is the number of thresholds. Speciﬁcally, given a
threshold T r , for i-th FCN (i.e., adjacency matrix Ei ), we threshold it via the
following formulation:

ir (p, q) =
E

0,
1,

if Ei (p, q) < T r
otherwise

(4)

where Ei (p, q) is the element of matrix Ei , corresponding to the weight (i.e.,
Pearson correlation coeﬃcient) of edge between ROIs p and q. In this way, for
any pair of ROIs p, q, there has an edge between p and q when Ei (p, q) > T r .
r , {r = 1, · · · , R} for subsequent
Thus, we can obtain R thresholded FCNs E
feature extraction and selection.
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Feature Extraction and Feature Selection. Following works in [7], we also
extract the local clustering coeﬃcient of each ROI in the each thresholded FCN
as the feature, and then concatenate all features of all ROIs as a feature vector
for representing each subject. Based on extracted feature vector and thresholded
FCNs, as shown in Fig. 1, we further perform our proposed gk-MTSFS method
to select the most discriminative features for improving the classiﬁcation performance.
Classiﬁcation. Following works in [10], we use the multi-kernel SVM technique
for classiﬁcation, Speciﬁcally, we ﬁrst compute a linear kernel on features selected
by the proposed gk-MTSFS method across training subjects. We can get R
kernels with R thresholds. Then, we use the following method to integrate these
kernels:
k(Ei , Ej ) =

R


αr kr (xri , xrj ),

(5)

r=1

where k r (xri , xrj ) is the kernel over features from the r−th thresholded FCN
across two subjects xi and xj (we use the linear kernel in our experiment), αr
denotes the combining
R weight on features from the r−th thresholded FCN, with
the constraint of r=1 αr = 1. We use a coarse-grid search strategy via crossvalidation on the training subjects to ﬁnd the optimal αr . Once obtaining the
optimal αr , we can integrate multiple kernels into a mixed kernel, and perform
the standard SVM for classiﬁcation.

3
3.1

Experiments
Experimental Setup

We extensively perform experiments to evaluate the performance of our proposed
gk-MTSFS method. Speciﬁcally, we perform three tasks: (1) lMCI vs. eMCI, (2)
eMCI vs. HC and (3) ADHD vs. HC classiﬁcations. A 10-fold cross validation
strategy is used in the experiments. Speciﬁcally, for each task, all subjects are
ﬁrst equivalently partitioned into 10 subsets. In each fold cross validation, one
subset is alternatively used as the testing data, and the remaining subsets are
combined as the training set. In addition, the process of data partition is independently repeated 10 times to avoid any bias. We evaluate the performance of
the proposed gk-MTSFS method via four evaluation metrics, including accuracy,
sensitivity, speciﬁcity, and the area under the receiver operating characteristic
(ROC) curve (AUC).
We compare our proposed gk-MTSFS feature selection method with several
Multi-task methods, including a multi-task feature selection method based on
group Lasso (called as gLasso), A method of performing Lasso feature selection
on each task and classifying it with a multi-kernel SVM (called as Lasso) and
the method that have no feature selection performed on each task and directly
perform classiﬁcation using multi-kernel SVM method (denoted as MMT). In all
competing methods (i.e., gLasso, Lasso, MMT), the optimal parameter values
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are still determined via using inner cross validation on training data. In addition,
we also compare with the baseline method without performing thresholding step,
and directly extracting weighted clustering coeﬃcients from the original FCNs
constructed from rs-fMRI data as features, performing t−test method for feature
selection, and using a linear SVM for classiﬁcation.
3.2

Classiﬁcation Performance
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Table 1 summaries the results of all methods in three classiﬁcation tasks. Figure 2
plots the corresponding ROC curves of these methods in three tasks. As can
be seen from Table 1 and Fig. 2, compared with all competing methods, our
proposed gk-MTSFS method can achieve better classiﬁcation performance. For
example, our proposed method achieves the accuracy of 76.5%, 76.9% and 68.0%
for lMCI vs. eMCI, eMCI vs. HC and ADHD vs. HC classiﬁcations, respectively,
while the best accuracy values achieved by the competing methods are 70.6%,
69.3% and 64.0%. Moreover, our proposed gk-MTSFS method obtains the AUC
values of 0.81, 0.79 and 0.70 in three tasks, respectively. These results demonstrate that our proposed method can achieve good performance in AD/MCI
classiﬁcation and ADHD classiﬁcation, indicating the proposed gk-MTSFS can
capture the structural information of FCNs, and further improve the performance of brain disease classiﬁcation.
From Table 1 and Fig. 2, we can also see that methods (i.e., Lasso, gLasso, gkMTSFS) with feature selection can achieve better performance than the method
without performing feature selection (i.e.., MMT), indicating the important contribution of feature selection for improving performance in brain disease classiﬁcation. In addition, from Table 1, we can see that, compared with baseline
method, the multi-threshold methods (i.e., MMT, Lasso and gLasso) can obtain
better classiﬁcation results, suggesting that thresholded networks with multiple
thresholds can contain complementary information, thus help to further improve
the performance of disease classiﬁcation.
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Fig. 2. The ROC curves achieved by all ﬁve methods in three classiﬁcation tasks: (a)
lMCI vs. eMCI, (b) eMCI vs. HC and (c) ADHD vs. HC.
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Table 1. Classiﬁcation performance of ﬁve methods in three classiﬁcation tasks. ACC:
ACCuracy; SEN: SENsitivity; SPE: SPEciﬁcity.
Method

lMCI vs. eMCI
ACC
(%)

SEN
(%)

eMCI vs. HC

SPE
(%)

AUC

ACC
(%)

SEN
(%)

ADHD vs. HC
SPE
(%)

AUC

ACC
(%)

SEN
(%)

SPE
(%)

AUC

baseline

56.8

47.0

63.6

0.58

62.0

61.6

62.2

0.62

61.4

47.6

73.1

0.63

MMT

60.2

59.8

60.2

0.58

66.6

66.8

65.8

0.69

63.4

53.9

71.3

0.64

Lasso

62.7

57.9

65.4

0.65

63.9

60.5

67.8

0.64

62.3

48.3

74.2

0.63

gLasso

70.6

64.9

74.1

0.75

69.3

69.5

69.2

0.79

64.0

54.5

71.9

0.65

gk-MTSFS
(Ours)

76.5

67.2

82.7

0.81

76.9

76.3

77.2

0.79

68.0

58.1

75.8

0.70

3.3

Eﬀect of Regularization Parameters

There are two regularization parameters, i.e., β and λ in the proposed gk-MTSFS
method. To assess the eﬀect of these two parameters on classiﬁcation accuracy
of our proposed method, we also perform three tasks with varying the value of
β from 2 to 20 with step of 2, varying the value of λ from 2 to 30 with step of 2.
Figure 3 graphically shows the obtained results. From Fig. 3 we can see that our
proposed gk-MTSFS method w.r.t. diﬀerent combinations of β > 0 and λ > 0
consistently outperform the LASSO method (i.e., β = 0 and λ > 0), indicating
importance of introducing the graph-kernel-based Laplacian regularization item.
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Fig. 3. The accuracy of the proposed gk-MTSFS method w.r.t. the combinations of λ
and β values in three classiﬁcation tasks of (a) lMCI vs. eMCI, (b) eMCI vs. HC and
(c) ADHD vs. HC.
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Conclusion

In this paper, we propose a novel graph-kernel-based multi-task feature selection
method for brain disease classiﬁcation with fMRI data. Diﬀerent with existing
method that focus on vector-based feature selection, our proposed gk-MTSFS
method adopts the graph kernel to preserve the structural information of FCNs,
and uses the multi-task learning technique to explore the complementary information of multi-level thresholded FCNs. We further develop a gk-MTSFS based
learning framework for automatic brain disease diagnosis. Experimental results
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on two real datasets with rs-fMRI data demonstrate that our proposed gkMTSFS method can achieve the better classiﬁcation performance in comparison
with state-of-the-art methods.
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