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Abstract. Brain connectivity network has been used for diagnosis and classifi-
cation of neurodegenerative diseases, such as Alzheimer's disease (AD) as well 
as its early stage, i.e., mild cognitive impairment (MCI). However, conventional 
connectivity network is usually constructed based on the pairwise correlation 
among brain regions and thus ignores the higher-order relationship among 
them. Such information loss is unexpected because the brain itself is a complex 
network and the higher-order interaction may contain useful information for 
classification. Accordingly, in this paper, we propose a new brain connectivity 
hyper-network based method for MCI classification. Here, the connectivity hy-
per-network denotes a network where an edge can connect more than two brain 
regions, which can be naturally represented with a hyper-graph. Specifically, 
we first construct connectivity hyper-networks from the resting-state fMRI time 
series using sparse representation modeling. Then, we extract three sets of the 
brain-region specific features from the connectivity hyper-networks, and exploit 
a manifold regularized multi-task feature selection method to jointly select the 
most discriminative features. Finally, we use multi-kernel support vector ma-
chine (SVM) for classification. The experimental results demonstrate the effi-
cacy of our proposed method for MCI classification with comparison to the 
conventional connectivity network based methods. 

1 Introduction 

Alzheimer's disease (AD) is the most common form of dementia in elderly population 
worldwide. It is predicted that the number of affected people will double in the next 
20 years, and 1 in 85 people will be affected by 2050 [1]. Mild cognitive impairment 
(MCI) is a prodromal stage of AD and has gained a great deal of attention recently 
due to its high progression rate to AD. Existing studies have shown that MCI subjects 
progress to clinical AD at an annual rate of approximately 10% to 15%, while the 
normal controls (NC) develop dementia at an annual rate of 1% to 2% [2]. Thus, ac-
curate diagnosis of MCI is very important for possible early treatment and possible 
delay of the progression of disease. 
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In the past decade, modern imaging techniques have provided efficient ways to ex-
plore the structural and functional interaction of the human brain, which enables us to 
better understand the pathological underpinnings of neurological disorder. These inte-
raction patterns, which can be characterized via connectivity networks, have been 
applied recently to disease diagnosis and classification [3] [4]. However, to the best of 
our knowledge, existing (functional) connectivity networks are usually constructed by 
measuring the pairwise correlations between paired brain regions, and hence reflect 
only the second-order relationship among brain regions, ignoring the higher-order 
relationship among them (i.e., the interaction among more than two brain regions). 
Such information loss is unexpected because the brain itself is a complex network and 
the higher-order interaction may contain useful information for classification. It is 
worth noting that Huang et al. in [5] adopted partial correlation based method to iden-
tify brain connectivity from PET data, which measures the correlation between two 
brain regions after factoring out the influence of other regions. 

In this paper, we address this issue by proposing a new brain connectivity hyper-
network based method for MCI classification. Here, the connectivity hyper-network is 
a network where each edge can include more than two nodes, which can be naturally 
represented with a hyper-graph. Fig. 1 shows the flowchart of our proposed method. 
Specifically, we first construct the connectivity hyper-networks from the resting-state 
fMRI time series using sparse representation modeling [6]. Then, we extract three sets 
of the brain-region specific features (i.e., clustering coefficients) from the constructed 
connectivity hyper-networks. Furthermore, we exploit a manifold regularized multi-
task feature selection (M2TFS) method proposed in [7] to jointly select the most dis-
criminative features from those three sets of extracted features. Finally, we use the 
multi-kernel support vector machine (SVM) technique [8] for classification. The pro-
posed method is evaluated on a real MCI dataset, demonstrating promising results 
compared to the conventional connectivity network based methods. 

2 Materials and Methodology 

2.1 Subjects  

In this study, 12 amnestic MCI patients (6 males and 6 females) and 25 normal con-
trols (9 males and 16 females) were recruited. All the recruited subjects were diag-
nosed by expert consensus panels. Data acquisition was performed using a 3.0-Tesla 
GE Signa EXCITE scanner. The resting-state fMRI (R-fMRI) images of each partici-
pant were acquired with the following parameters: flip angle=77°, 
TR/TE=2000/32ms, imaging matrix=64×64, FOV=256×256 mm2, 34 slices, 150 vo-
lumes, and voxel thickness=4mm. During scanning, all subjects were instructed to 
keep their eyes open and stare at a fixation cross in the middle of the screen, which 
lasted for 5 minutes. 
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2.2 Data Pre-Processing 

Data pre-processing was performed using Statistical Parametric Mapping software 
package (SPM8) (http://www.fil.ion.ucl.ac.uk/spm/software/SPM8/). The first 10 R-
fMRI images were discarded to ensure magnetization equilibrium. The remaining 140 
images were first corrected before they were realigned to the first volume of the re-
maining images for head motion correction. Regression of nuisance signals, including 
ventricle and white matter signals, as well as six head-motion profiles were per-
formed. The brain space of R-fMRI scans for each subject was then parcellated into 
116 regions of interesting (ROI) based on the Automated Anatomical Labeling (AAL) 
atlas [9]. The mean R-fMRI time series was then computed for each subject by aver-
aging the R-fMRI time series over all voxels in each ROI.  
 

 

2.3 Hyper-graph 

It is known that graph is a powerful tool for representing the pairwise relationships 
between paired nodes. Actually, besides pairwise relationships, in many applications 
(e.g., functional connectivity among brain regions), there may exist higher-order rela-
tionships, which cannot be represented by the conventional graphs. To overcome this 
problem, hyper-graph has been proposed to characterize the higher-order relationship 
among nodes. In general, a hyper-graph is an extended graph where an edge (called 
hyper-edge in hyper-graph) can connect more than two nodes [10].  

Denote a hyper-graph ,  with a node (vertex) set  and a hyper-edge set 
, we can represent  using a | | | |  incidence matrix  with elements , 1 if  and 0 otherwise. Here,  is a node/vertex and  is a 

hyper-edge of . It is worth noting that the conventional graph is a special kind of 
hyper-graph with each hyper-edge only containing two nodes. Fig. 2 illustrates an 
example of a hyper-graph. In the literature, hyper-graph has been successfully applied 
to a variety of problems, such as protein function prediction [11]. 

2.4 The Construction of Connectivity Hyper-network 

In our study, hyper-networks are first constructed from R-fMRI time series using 
sparse representation modeling [6]. Specifically, denote , , … ,  
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as a training subject with a total of  ROIs, where  represents the regional mean 
time series of the m-th ROI. Then, the regional mean time series of each ROI (i.e., 

) can be regarded as a response vector, and can be estimated by a linear combina-
tion of times series of other 1 ROIs, i.e.,  , 1,2, … ,                                   (1) 
where , , … , , 0, , …  denote a data matrix including all time 
series except the m-th ROI (we put 0 in its location),  is the weight vector that 
quantifies the degree of influence of other ROIs to the m-th ROI, and  is a 
noise term. Note that zero elements in weight vector imply that the corresponding 
ROIs are insignificant in accurate estimation of a term of time series. 

The sparse solution  can be approximately recovered by solving a standard l1-
norm regularized optimization problem with the following objective function: min                                    (2) 
where 0 is a regularization parameter controlling the sparsity of the model. Dif-
ferent  value corresponds to different sparsity solution, and the larger  value 
means a sparser model, i.e., more elements in  are zero.  

 In our method, for each subject, a hyper-network is constructed using sparse re-
presentation modeling for each ROI used as a node, and a hyper-edge  includes a 
centroid ROI (i.e., -th ROI) and those ROIs with the corresponding non-zero ele-
ments in the weight vector  computed in Eq. (2). Instead of generating a single 
hyper-edge for each ROI (node), we generate a group of hyper-edges by varying the  
value in a specified range. Specifically, in our experiment, we vary  value from 0.1 
to 0.9 with an incremental step of 0.1.  

2.5 Feature Extraction 

After constructing the connectivity hyper-networks, another important problem is 
how to extract meaningful features from hyper-networks. In the conventional connec-
tivity networks, clustering coefficient is one of the most widely used features for 
quantifying the degree to which nodes in a network tend to cluster together [12]. Re-
cently, the concept of clustering coefficient has been extended from the conventional 
network to hyper-network [11]. In this study, three different kinds of clustering  
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coefficients defined in [11] are used to extract features from brain connectivity hyper-
networks. 

Given a connectivity hyper-network , , let :  
represent the hyper-edges adjacent to the node v. Let : , ,

 be the nodes that are neighbors of the node v. Then three different clustering coef-
ficients on the node  can be, respectively, defined as: ∑ , ,,| | | |                             (3) ∑ ′ , ,,| | | |                             (4)  ∑ | | | || | | |                          (5) 

where , , =1 if there exists  such that ,  but , and 0 oth-
erwise; ′ , , =1 if there exists  such that , , , and 0 otherwise. 

The  computes the number of adjacent nodes that have connections not faci-
litated by node , under the hypothesis that these connections are more robust be-
cause “independent” evidence is provided. Conversely, the  calculates the 
number of adjacent nodes that have connections facilitated by node , considering 
that those nodes may share a function with each other and node . The  calcu-
lates the amount of overlap amongst adjacent hyper-edges of node .  

Finally, for each of the three definitions of clustering coefficient defined in Eqs. 
(3)-(5), we extract a set of features from the brain connectivity hyper-networks, re-
spectively. So, finally we can obtain three sets of features for each subject. 

2.6 Feature Selection and Classification 

Features extracted from connectivity hyper-networks potentially include irrelevant or 
redundant features for subsequent MCI classification. On the other hand, different 
types of clustering coefficient features reflect the local clustering properties of the 
brain connectivity hyper-network in different views. In order to find the intrinsic 
common subset of features (i.e., from same brain regions) relevant to MCI disease, we 
adopt the manifold regularized multi-task feature selection (M2TFS) method pro-
posed in [7] to jointly select the most discriminative features, where each task focuses 
on the classification of each type of features. 

 Let , … , , … , , represent three sets of features obtained 
from totally  training subjects, each with  ROIs. Here, :

 represents the vector of clustering coefficients from the n-th training subject ac-
cording to the above definition of . Let , , … ,  be the re-
sponse vector for those  training subjects, where  is the corresponding class label 
(i.e., MCI patient or normal control (NC)). Then, the M2TFS method optimizes the 
following objective function [7]: min ∑ ∑ ,          (6) 

where  represents a combinatorial Laplacian matrix on the k-th feature set, , ,  is the weight matrix, and , ∑  is the 

group sparsity regularizer encouraging features to be selected jointly. Here, wj is the  
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j-th row vector of W. The parameters  and  are the corresponding regularization 
coefficients, whose values are determined via inner cross-validation on training data.  

Finally, we adopt the multi-kernel SVM technique for classification. Specifically, 
for each set of clustering coefficient features, a linear kernel is first calculated based 
on the selected features. Then, the multi-kernel SVM [8] is adopted to combine those 
kernels for MCI classification.  
3 Results 

3.1 Classification Performance 

In our experiments, the leave-one-out (LOO) cross-validation was used to evaluate 
the performances of classifier due to limited sample size. We evaluated the perfor-
mance of different methods by measuring the classification accuracy, sensitivity (i.e., 
the proportion of patients that are correctly predicted), specificity (i.e., the proportion 
of normal controls that are correctly predicted), and area under receiver operating 
characteristic (ROC) curve (AUC). The proposed method was compared with the 
Conventional (pairwise Pearson-correlation-based) Network classification method 
where Clustering Coefficients were extracted as features (denoted as CN_CC). For 
extensive comparison, we also compare the results using the single clustering coeffi-
cients extracted from our connectivity Hyper-Networks according to the definitions 
on Eq. (3)-(5) (denoted as HN_HCC1, HN_HCC2 and HN_HCC3, respectively). Note 
that, in all comparison methods, LASSO-based method is used to perform feature 
selection and a linear SVM classifier is used for classification. Classification results 
of all methods are summarized in Table 1. Fig. 3 plots the ROC curves for different 
methods  

Table 1. Classification performances of different methods 

Method Accuracy Sensitivity Specificity AUC 
*CN_CC 
*HN_HCC1 

HN_HCC2 
HN_HCC3 
Proposed 

62.2 
75.7 
81.1 
89.2 
94.6 

41.7 
41.7 
75.0 
83.3 
91.7 

72.0 
92.0 
84.0 
92.0 
96.0 

0.54 
0.75 
0.80 
0.93 
0.96 

Note that: * denotes that there has significant difference (i.e., p-value<0.05) in classification 
accuracy between proposed method and others with McNemar's test. 

As shown in Table 1 and Fig. 3, the proposed method significantly outperforms the 
other methods. Specifically, the proposed method yields a classification accuracy of 
94.6% and an AUC of 0.96, indicating excellent diagnostic power. Also, by compar-
ing HN-HCC1, HN-HCC2 and HN-HCC3 with CN-CC, we can see that all the three 
hyper-network based methods consistently outperform the conventional (pairwise 
Pearson-correlation-based) network classification method, which shows the advantag-
es of connectivity hyper-network over the conventional network in characterizing 
brain connectivities. Moreover, both Table 1 and Fig. 3 indicate that our proposed 
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method consistently outperforms three methods using single type of clustering coeffi-
cients, which implies that different clustering properties of the connectivity hyper-
network contain complementary information and thus can be integrated for further 
improving the classification performance.  

On the other hand, based on the same dataset, we also compared our proposed me-
thod with the recent state-of-the-art methods for connectivity-network based MCI 
classification, including Wee et al.’s method [4] and Jie et al.’s method [3]. The accu-
racy of 91.9% and AUC of 0.90 were reported in [4], while in [3] the accuracy of 

91.9% and AUC 0.87 were reported. Obviously, those results are inferior to the per-
formance of our proposed method. 

Furthermore, to investigate the effect of different number of λ values (in eq. (2)) 
on classification performance of proposed method, we test 9 groups of λ values, i.e., 
{0.1}, {0.1, 0.2}, {0.1, 0.2, 0.3}, …, {0.1, 0.2, …, 0.9}. Fig. 4 gives the classification 
results. The result shows the classification accuracy can be improved with increase of 
number of λ values. 

3.2 Brain Regions Involved in Classification  

In this subsection, we investigated the important features (corresponding to ROIs) 
selected by our method. Since the selected features are different in each LOO cross-
validation fold, we choose those features that were always selected in all folds. Fig. 5 
plots the important ROIs detected by our method. These brain regions include frontal 
gyrus, rectus gyrus, cingulate, parahippocampal gyrus, occipital gyrus, temporal gyrus 
and temporal pole, which are found to be relevant with MCI pathology [13, 14]. Be-
sides, two regions from cerebellum were also selected. Recent studies show that al-
though the cerebellum might not be directly associated with the origin of AD, it may 
provide useful information related to its prognosis [15].  

Fig. 4. ROC curves of 5 different methods 
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4 Conclusion 

In summary, we have proposed a new (functional) connectivity hyper-network based 
classification method, which can indicate the higher-order relationship among brain 
regions. This is completely different from the conventional methods, where only the 
pairwise relationship can be measured via Pearson correlation. Experimental results 
on MCI classification indicate that our proposed method can not only improve brain 
disease classification, but also facilitate the detection of disease-relevant structures.  
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