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a b s t r a c t
Multi-modality based classiﬁcation methods are superior to the single modality based approaches for
the automatic diagnosis of the Alzheimer’s disease (AD) and mild cognitive impairment (MCI). However,
most of the multi-modality based methods usually ignore the structure information of data and simply
squeeze them to pairwise relationships. In real-world applications, the relationships among subjects are
much more complex than pairwise, and the high-order structure containing more discriminative information will be intuitively beneﬁcial to our learning tasks. In light of this, a hypergraph based multi-task
feature selection method for AD/MCI classiﬁcation is proposed in this paper. Speciﬁcally, we ﬁrst perform
feature selection on each modality as a single task and incorporate group-sparsity regularizer to jointly
select common features across multiple modalities. Then, we introduce a hypergraph based regularization term for the standard multi-task feature selection to model the high-order structure relationship
among subjects. Finally, a multi-kernel support vector machine is adopted to fuse the features selected
from different modalities for the ﬁnal classiﬁcation. The experimental results on the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) demonstrate that our proposed method achieves better classiﬁcation
performance than the start-of-art multi-modality based methods.
© 2019 Elsevier Ltd. All rights reserved.

1. Introduction
Alzheimer’s disease (AD), which is usually associated with
elderly people, is the sixth leading cause of death in the United
States (Association, 2012). The progression of AD gradually leads
to a widespread loss of mental function such as memory loss,
language impairment, disorientation and personality change, ultimately leading to death. In Association (2013), it was reported that
the total estimated prevalence of AD is expected to be 13.8 million
by 2050. However, no treatment has so far been reported to be able
to reverse or stop the progress of AD. Therefore, many studies focus
on the early diagnosis of AD and MCI based on neuroimaging data
(Sui et al., 2012; Ye et al., 2011) which plays a crucial role in the
later treatments.
Neuroimaging which offers great potential to discover features
corresponding to the early course of dementing illness is a pow-
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erful tool for disease diagnosis in neurodegenerative diseases such
as AD. Recently, magnetic resonance imaging (MRI) and positron
emission topography (PET) are indicated to be useful to investigate neurophysiological characteristics of AD and MCI (Davatzikos
et al., 2011; Fan et al., 2008; Chetelat et al., 2003; Foster et al.,
2007). Furthermore, multiple biomarkers have been shown to be
sensitive to the diagnosis of AD and MCI by neuroimaging, such
as the structural atrophy, pathological amyloid depositions, and
metabolic alterations in the brain.
In recent decades, machine learning and pattern recognition
methods have been widely used in neuroimaging analysis of AD
and MCI, including group-based comparison approaches and individual classiﬁcation (Ye et al., 2011; Orrú et al., 2012). However,
most of the existing studies mainly focus on extracting features
from single modality. For example, researchers extracted the features from the structural MRI, such as voxel-wise tissue (Desikan
et al., 2009; Fan et al., 2007) and hippocampal volumes (Gerardin
et al., 2009) for diagnosis of AD. In addition to the structural MRI,
PET images are also utilized for the classiﬁcation of AD and MCI
(Chetelat et al., 2003; Foster et al., 2007; Hinrichs et al., 2009).
However, since the structure and function of brain are very complex, it is challenging to accurately detect all the disease-related
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features from single modality. Recently, with the development
of biomedical imaging techniques, multi-modality based methods are promising in the ﬁeld of medical image analysis since
multi-modality information is naturally available in the data acquisition procedures of various clinical tasks. Different modalities can
provide different views of brain structure or function and reveal
different aspects of pathological changes related to AD. For example, structural MRI provides information related to the tissue type
of brain, while the FDG-PET measures the cerebral metabolic rate
for glucose. Numerous studies have shown that the complementary
neuroimaging modalities can help to discover the hidden information which may be ignored by the single modality, and the fusion
of the information from different modalities can enhance the diagnostic performance. Hence, multiple modalities are preferred to
improve the accuracy of AD diagnosis (Liu et al., 2014, 2015; Suk
et al., 2014; Zhu et al., 2014; Gray et al., 2013; Ahmed et al., 2017;
Lei et al., 2017). For instance, Liu et al. (2015) and Suk et al. (2014)
used two modalities including MRI and PET for the diagnosis of
AD. Zhu et al. (2014) combined MRI, PET and cerebrospinal ﬂuid
(CSF) for the regression and classiﬁcation of AD. Gray et al. (2013)
used MRI, PET, CSF and categorical genetic information for AD/MCI
classiﬁcation.
Although the existing multi-modality based methods have
achieved promising results, there are still some problems which
may limit the classiﬁcation performance. For neuroimaging, even
after feature extraction, the feature dimension is relatively high
compared to the sample size, and the subsequent classiﬁcation
performance may be poor because of the redundant or irrelative
features. Therefore, feature selection which removes the redundant or irrelative features has become an important step in the
diagnosis of AD. Some feature selection methods have been used
for identifying the corresponding disease-related regions in AD.
For example, Zhu et al. (2016) combined two subspace learning
methods, namely, linear discriminant analysis and locality preserving projection to select features in neuroimaging. Jie et al.
(2015) proposed a manifold regularized multitask feature learning
method which uses multi-task learning and manifold based Laplacian regularization to preserve both the intrinsic relatedness among
multiple modalities of data and the data distribution information
in each modality and thus induces more discriminative features.
Zu et al. (2016) proposed a label-aligned multi-task feature learning method which adds a new label-aligned regularization term
to the objective function of standard multi-task feature selection
to ensure that all multi-modal subjects with the same class labels
should be close in the new feature-reduced space.
However, one disadvantage of the existing methods is that they
only considered the pairwise relationships between subjects, while
ignoring the high-order relationships which are a kind of important prior information for the learning task. In many real-world
problems, relationships among the objects of interest are more
complex than pairwise. Naively squeezing the complex relationships into pairwise ones inevitably leads to the information loss
which can be expected valuable for our learning tasks (Zhou et al.,
2007). Intuitively, modeling the high-order relationships among
subjects can induce more discriminative features and further boost
the performance of subsequent classiﬁcation. In many applications,
researchers use hypergraph to model the complex relationships
among subjects, where a hyperedge can connect more than two
vertices at the same time and capture the high-order structure. For
example, Bu et al. (2010) adopted hypergraph for music recommendation. Hong et al. (2016) proposed to recovery human pose
via hypergraph Laplacian.
In this paper, we propose a hypergraph based multi-task feature selection method where a hypergraph-based regularization is
developed to explicitly depict the high-order relationship in each
modality. Speciﬁcally, our proposed method contains three steps:

Table 1
Characteristics of the subjects.
Subjects

AD

EMCI

LMCI

NC

Number
Gender (M/F)
Age (mean ± std)
Education (mean ± std)

160
95/65
75.18 ± 7.88
15.86 ± 2.75

273
153/120
71.48 ± 7.12
16.08 ± 2.62

187
108/79
73.86 ± 8.44
16.38 ± 2.81

160
96/65
76.14 ± 6.53
16.45 ± 2.62

(1) hypergraph construction, (2) hypergraph based multi-task feature learning, (3) multimodal classiﬁcation. Speciﬁcally, we ﬁrst
construct a hypergraph in each modality by constructing multiple
hyperedges that reﬂect the high-order relationships among subjects. Then we treat feature learning in each modality as a single
learning task and formulate the multimodal classiﬁcation as the
multi-task learning (MTL) problem. MTL exploits the intrinsic task
relatedness, based on which the information from each task can be
shared across multiple tasks and thus facilitates the individual task
learning. Speciﬁcally, the 2,1 norm is introduced to select features
jointly, which can guarantee the features of different modalities in
the same brain regions are selected at the same time. Then, we add
hypergraph-based regularization terms to the standard multi-task
objective function. Finally, we use the multi-kernel support vector
machine SVM to fuse the selected features from multimodal data
for ﬁnal classiﬁcation. To validate our method, we conduct experiments on the ADNI dataset and the experimental results show the
efﬁciency of the proposed method compared with the start-of-theart methods.
2. Method
Fig. 1 illustrates the framework of the proposed method, which
includes three main steps: hypergraph construction, feature selection and classiﬁcation. In this section, we ﬁrst introduce the dataset
used in our experiments and then details of the proposed method
will be given.
2.1. Subjects
In this paper, we use the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset for performance evaluation. The
ADNI was launched in 2003 by the National Institute on Aging,
the National Institute of Biomedical Imaging and Bioengineering, the Food and Drug Administration, private pharmaceutical
companies and nonproﬁt organizations, with a $60 million ﬁveyear public private partnership. The primary goal of ADNI has
been to test whether serial magnetic resonance imaging (MRI),
positron emission tomography (PET), other biological markers
and neuropsychological assessment can be combined to measure
the progression of mild cognitive impairment (MCI) and early
Alzheimer’s disease (AD).
Imaging data from 831 ADNI participants with corresponding baseline MRI and FDG-PET data are collected, including 160
AD patients, 273 Early MCI (EMCI) patients, 187 Late MCI (LMCI)
patients and 211 normal controls (NC). Table 1 lists the clinical and
demographic information for the study population.
Brieﬂy, NC participants have normal cognitive performance and
no subjective or informant-based complaint of memory decline.
EMCI participants have a memory concerns reported by the subject,
memory function approximately 1 standard deviation below normal performance and their Mini-Mental State Examination (MMSE)
(Risacher et al., 2015) total score is greater than 24. Besides a subjective memory concern, Clinical Dementia Rating (CDR) on LMCI
subjects is 0.5 and Memory Box (MB) score is at least 0.5. MMSE
score on AD is between 20 and 26 and CDR is 0.5 or 1.0.
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Fig. 1. The proposed classiﬁcation framework. Our proposed method contains three steps: (1) hypergraph construction, (2) hypergraph based multi-task feature selection,
(3) multimodal classiﬁcation.

We aligned the preprocessed multimodal imaging data (MRI,
FDG) to each participants with the same visit scan, and then created
normalized gray matter density maps from MRI data in the standard Montreal Neurological Institute (MNI) space as 2 × 2 × 2 mm3
voxels, and registered the FDG-PET scans into the same space by
SPM software package (Friston and Ashburner, 2007). 116 ROI level
measurements of mean gray matter densities, FDG-PET glucose
utilization was further extracted based on the MarsBaR AAL atlas
(Tzourio-Mazoyer et al., 2002). After the removal of cerebellum,
the imaging measures on each modality (MRI and FDG) of 90 ROIs
were used in our experiments. All the measures were pre-adjusted
for age, gender, and education.

2.2. Related work
2.2.1. Hypergraph learning
In machine learning problems, we often assume that there are
pairwise relationships between subjects, which can be naturally
illustrated as a graph. In graph learning, a vertex represents a
subject, and any two vertices that have some kinds of relationship are jointed together by an edge. The graph can be undirected
or directed, depending on whether the pairwise relationships
between subjects are symmetric or not.
However, in many practical problems, relationships among the
subjects of interest are more complex than pairwise and cannot
be illustrated by traditional graphs. Naively squeezing the complex
relationships into pairwise ones inevitably lose information which
can be expected valuable for our learning tasks (Zhou et al., 2007).
Traditional methods which deal with pairwise relationships cannot
properly model these high-order relationships. Thus, hypergraph
learning has been proposed, and it has been widely used in various
applications (Gao et al., 2012; Ji et al., 2014).
Different from traditional graph, a hypergraph can connect more
than two vertices by a hyperedge. In other words, a hyperedge is a
subset of vertices. It is obvious that a simple graph is a special kind
of hypergraph with each edge only connecting two vertices. Hence,
we can model complex relationships (i.e., high-order relationships)
among subjects of our interest by using hypergraph (Zhou et al.,
2007; Bu et al., 2010; Wang and Zhang, 2008). As in the left of Fig. 2,
the vertices contained in one hyperedge are connected by the edges
with the same color and each hyperedge can connect more than

two vertices. Specially, when the hyperedge contains two vertices,
it degenerates into the normal edge.
Let G(V, E, a) represents a hypergraph, where V is the set of
vertices, E is the set of hyperedges and a is the set of hyperedge
weights. Here, each hyperedge ei (i = 1, . . ., Ne ) is assigned a weight
a(ei ). For the hypergraph G, its incidence matrix H, as shown in the
right of Fig. 2, is used to represent the relationships between hyperedges and vertices. Speciﬁcally, the (i, j)th entry of matrix H denotes
weather the jth hyperedge contains the ith vertex. The matrix H is
deﬁned as follows:



H(v, e) =

1,

if v ∈ e

0,

if v ∈
/e

(1)

According to the incidence matrix H, the degree of each vertex v
and each hyperedge e are deﬁned as follows respectively:
d(v) =



w(e)H(v, e)

(2)

H(v, e)

(3)

e∈E

ı(e) =


v∈V

In addition, let Dv and De denote the diagonal matrices containing
the vertex and hyperedge degrees respectively. A denote the diagonal matrix containing the weights of hyperedges and Aii = a(ei ).
In recent decades, there are several methods to compute the
hypergraph Laplacian, which can be roughly divided into two categories. The ﬁrst one is to build a simple graph in the original
hypergraph, such as star expansion (Zien et al., 1999). The second one is to analogy simple graph Laplacian matrix to deﬁne the
hypergraph Laplacian (Zhou et al., 2007). The above two methods
are quite similar. In this paper, we adopt the method proposed in
Zhou et al. (2007) to compute the hypergraph Laplacian matrix:
Lh = I − 

(4)

Lh is the hypergraph Laplacian matrix, where I is the identity matrix
−1/2
T −1/2
and  = Dv
HAD−1
. The construction of the hypergraph
e H Dv
is the most critical step in hypergraph learning. According to the
method proposed in Zhou et al. (2007), we adopt the K nearest
neighbor strategy to construct the hypergraph. Speciﬁcally, we ﬁrst
take each vertex as a center node and calculate the Euclidean distance between the center and other vertices. Then we construct
a hypergraph by connecting the center and its k nearest vertices.
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Fig. 2. Hypergraph model. The left represents one example of hypergraph. The vertices represents different samples, and the vertices contained in one hyperedge are
connected by the edges with the same color. The right represents the incidence matrix of the left hypergraph. The entry(vi , ej ) is set to 1 if vi is contained in ej , and 0 otherwise.

Given n subjects, we can construct n hyperedges. In this paper, each
hyperedge is assigned a weight valued 1, i.e., a(ei ) = 1. And we ﬁx
the value of k as 7.

of tasks equals to one, Eq. (5) will degenerate into the least absolute
shrinkage and selection operator (LASSO) model (Tibshirani, 2011).

2.2.2. Multi-task feature selection
Multi-task learning (Jie et al., 2015; Zu et al., 2016; Shao et al.,
2019) learns several related tasks at the same time and improves
the performance by learning the relevant information between
the multiple tasks. In recent years, multi-task learning has been
widely used in many ﬁelds, such as medical diagnosis, biomedical information, text classiﬁcation and so on (Cao et al., 2017; Gao
et al., 2016; Zhang et al., 2017). In this paper, the feature selection
of each modality in medical image is considered as a task. Suppose that we have M learning tasks (i.e., M modalities). Denote

2.3. Hypergraph-based multi-task feature selection

T

N×d as the training data matrix in the
Xm = [x1m , x2m , . . ., xN
m] ∈ R
mth task (i.e., mth modality), where xim is a column vector which
represents the corresponding feature vector of the ith subject, d
is the dimension of features and N is the number of subjects. Let
Y = [y1 , y2 , . . ., yN ]T ∈ RN be the corresponding label vector of the
N subjects. And the value of yi is 1 or −1 (i.e., patient or normal control). It is worth noting that the label of different modalities from
the same subject is the same. We use a linear function to ﬁt the
class label and thus the objective function of the multi-task feature
selection model is as follows (Yuan and Lin, 2006):

min
W

M
1

2

Y − Xm wm 22 + 1 W2,1

(5)

m=1

where wm ∈ Rd is the vector of the regression coefﬁcient associated with the mth modality. And the vectors of all the M modalities
form a weight matrix W = [w1 , w2 , . . ., wM ] ∈ Rd×M . In Eq. (5),
W2,1 is the 2,1 norm of matrix W, which is deﬁned as follows:

d

W2,1 =
wi 2 , where wi is the ith row of matrix W correi=1
sponding to the ith feature across different tasks. In Eq. (5), the
optimal solution assigns a relatively large weight to the informative features and zero or a small weight to uninformative or less
informative features, resulting in many rows are all zeroes for the
characteristic of group sparsity. For feature selection, only those
features with nonzero coefﬁcients are kept. In other words, this
norm combines multiple tasks and ensures that a small number
of common features can be jointly selected across different tasks,
considering the relatedness between different tasks. The parameter 1 is the regularization coefﬁcient, which controls the relative
weight of the two terms. It is worth noting that when the number

2.3.1. Hypergraph regularized multi-task model
Based on the hypergraph Laplacian matrix, we deﬁne the hypergraph regularization term as follows:
 = wT XT Lh Xw

(6)

Intuitively, we want to preserve the structure information of data in
the original feature space and the high-order structure information
is reﬂected by the hypergraph Laplacian matrix Lh . We construct a
hypergraph in each modality to preserve the high-order structure of
data, and deﬁne the objective function of hypergraph based multitask feature selection as follows:
1
Y − Xm wm 22 + W2,1
2
M

min
w

m=1
+ wT1 XT1 Lh1 X1 w1

(7)

+ wT2 XT2 Lh2 X2 w2

where W = [w1 , w2 ], M = 2. Lhm is the hypergraph Laplacian matrix
of the mth modality. In Eq. (7), the ﬁrst term is the empirical risk
error on the training set and the second term is the 2,1 − norm. The
last two terms are the hypergraph regularization terms.
In our model, considering the relatedness across different tasks,
we can not only jointly select the common features in the different
modalities, but also preserve the high-order structure information in each modality by adding hypergraph regularization terms.
The existing multi-modal feature selection algorithm only consider
the pairwise relationships between subjects, while ignoring the
high-order relationships among subjects and thus may lose some
valuable information.

2.3.2. Optimization
It is worth noting that the objective function deﬁned in Eq. (7)
includes both the group-sparsity and the hypergraph regularization, which cannot be solved by the existing sparse learning models.
Fortunately, there are many methods that can be used to solve the
objective function in Eq. (7), such as ADMM and APG algorithms. In
this paper, we adopt APG algorithm to solve our problem (Nesterov,
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2013; Chen et al., 2009). We divide objective function in Eq. (7) into
smooth part
1
Y − Xm wm 22 + wT1 XT1 Lh1 X1 w1
2
M

f (W)

=

(8)

m=1

+ wT2 XT2 Lh2 X2 w2
and non-smooth term
g(W) = W2,1

(9)

Then we use the following function to approximate f (W) + g(W):
l (W, W(k) )

= f (W(k) ) + W − W(k) , ∇ f (W(k) )
1
+ W − W(k) 2F + g(W)
2

(10)

where  · F is the Frobenius norm, ∇ f (W(k) ) is the gradient of f (W)
at point W(k) of the kth iteration and l is the step size. Finally, the
update step of the APG algorithm is as follows:
1
1
W(k+1) = argmin W − U(k) 2F + g(W)
2
l
W

(11)

where l can be obtained by line search, U(k) = W(k) − 1l ∇ f (W(k) ).
The key to APG algorithm is how to compute the update steps efﬁciently. It is reported that this problem can be decomposed into d
independent sub-problems, and the solution to these sub-problems
can be easily obtained. In addition, according to the method proposed by Chen et al. (2009), we can use Q(k) to calculate l (W, W(k) ),
and Q(k) is deﬁned as follows:
Q(k) = W(k) + k (W(k) − W(k−1) )
where k =

(1− k−1 ) k
k−1

,

k

=

3.1. Classiﬁcation performance

2
.
k+3

The convergence rate of this algo-

2.3.3. Multi-kernel support vector machine
Following Zhang et al. (2011) and Shao et al. (2015), we adopted
the multi-kernel support vector machine for ﬁnal classiﬁcation.
Given the training set, the kernel function of the mth modality for
j

i T (xj ). Linear combim (xm )
m
j
i
ˇ k (x , xm ) is adopted as a mixed
m=1 m m m
j

subjects xim and xm is km (xim , xm ) =

M

are correctly classiﬁed among all subjects. The sensitivity (SEN) represents the proportion of patients that are correctly predicted and
the speciﬁcity (SPE) measures the proportion of normal controls
that are correctly classiﬁed.
For classiﬁcation, we implement the linear SVM based on the
LIBSVM library (Chang and Lin, 2011) with the default parameters.
The optimal value of parameter , ,  and the weights ˇm in multikernel classiﬁer are determined by another 10-fold cross-validation
on the training set.
Our method is compared with three existing multi-kernel based
methods, including multi-kernel method (Zhang et al., 2011) without performing feature selection (denote as Baseline), multi-kernel
method with LASSO (Tibshirani, 2011) feature selection performed
on each single modality (denote as SMFS) and multi-kernel method
with manifold regularization (denote as M2TFS) proposed in Jie
et al. (2015). In addition, we also compare our method with the
t-test based feature selection method, in which we ﬁrstly concatenate the multi-modal data (i.e., 90 features from MRI-VBM and 90
features from FDG-PET) into a 180-dimensional vector, and then
perform t-test to sequentially evaluate whether the values of each
feature is signiﬁcantly different (i.e., p-value < 0.05) from the values of the same feature across different classes (i.e., AD vs. NC,
LMCI vs. NC, EMCI vs. LMCI). Finally, we feed all the signiﬁcantly
different features to the SVM classiﬁer for ﬁnal classiﬁcation. Similarly, we also perform the LASSO (Tibshirani, 2011) feature selection
algorithm on the concatenated 180 dimensional vector, donated as
LASSO. For model selection, the regularization parameters for all
methods are chosen from the range {10(−10) , 10(−9) , . . ., 100 }. The
detailed experimental results are summarized in Table 2. Fig. 3 plots
the ROC curves of all the methods.

(12)

rithm is O(1/K 2 ), where K is the maximum number of iterations.
We also share the implementation of our method at the address
https://github.com//shaoweinuaa//HM2TFS.

nation kernel k(xi , xj )

5

=
kernel for fusing information from different modalities. ˇm is the
combination coefﬁcient. In this paper, the SVM classiﬁer can be
solved by using LIBSVM toolbox (Chang and Lin, 2011). To ﬁnd the
optimal values of ˇm , we use a coarse-grid search in range [0, 1]
through cross-validation on the training samples.
3. Experiments and results

To validate the effectiveness of our proposed method, we perform experiments in different scenarios, including AD vs. NC, LMCI
vs. NC and EMCI vs. LMCI. Classiﬁcation performance is accessed
on the MRI and FDG-PET modalities from 831 ADNI participants.
In our experiments, 10-fold cross-validation strategy is adopted
to evaluate the classiﬁcation performance. Speciﬁcally, the whole
set is equally divided into 10 subsets. For each cross-validation,
we take 9 subsets as the training set and the remaining one as
the test set. The process is independently repeated 10 times to
eliminate the bias introduced by randomly dividing dataset. We
evaluate the performance by computing the classiﬁcation accuracy
(ACC), the sensitivity (SEN), the speciﬁcity (SPE) as well as the area
under receiver operating characteristic curve (AUC). The classiﬁcation accuracy (ACC) is computed as the proportion of subjects that

The classiﬁcation results of AD vs. NC are displayed in Table 2
and Fig. 3. As observed, our proposed method consistently outperformed the other methods in three scenarios. Speciﬁcally, our
proposed method achieved the accuracy of 92.51%, 82.53%, 75.48%
in AD vs. NC, LMCI vs. NC, EMCI vs. LMCI, respectively. The accuracy
achieved by other methods are 90.70%, 77.93%, 72.20% respectively.
In addition, the AUC of our proposed method are 0.95, 0.80, 0.71
respectively, indicating our method has better diagnostic performance. Also, in most cases, our proposed method achieved higher
sensitivity than other methods. High sensitivity is very important
for disease diagnosis. It is worth noting that in our experiments,
the difference between sensitivity and speciﬁcity is large, e.g., a
relatively high sensitivity but low speciﬁcity for each method. In
medical diagnosis, the cost is different for misclassifying a patient
into a normal control and misclassifying a normal control into a
patient. Obviously, the cost of the former is higher and may delay
the treatment. So large sensitivity and low speciﬁcity are advantageous for medical diagnosis.
3.2. Brain regions involved in classiﬁcation
It is of great importance to identify the brain regions which
are related to the disease. As the brain regions selected in
each cross-validation are not the same, we count the top
10 most frequently selected regions in the classiﬁcation of
LMCI and NC as the most discriminative features. The top
10 regions are hippocampus left, amygdala, supp motor area left,
thalamus left, parietal inf left, temporal pole sup left, rectus right,
insula right, cuneus left, frontal inf orb right. Fig. 4 plots these
regions in the template space. As can be seen from Fig. 4, most
of the selected regions, such as hippocampus, amygdala, temporal
pole, are consistent with the previous studies. It is reported that
the hippocampus is closely related to long-term memory (Wolf et al.,
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Table 2
Classiﬁcation performance of different methods
Method

t-test
Baseline
Lasso
SMFS
M2TFS
Hypergraph

AD vs. NC

LMCI vs. NC

EMCI vs. LMCI

ACC

SEN

SPE

AUC

ACC

SEN

SPE

AUC

ACC

SEN

SPE

AUC

83.23
87.84
87.19
88.25
90.70
92.51

84.64
90.71
92.43
92.68
93.79
94.08

81.37
84.06
80.47
83.61
86.63
90.44

0.89
0.91
0.91
0.92
0.93
0.95

67.76
71.23
73.24
75.60
77.93
82.53

60.75
63.42
71.48
67.96
68.12
86.09

73.98
78.15
75.16
82.36
86.63
78.55

0.73
0.76
0.75
0.75
0.76
0.80

65.22
69.27
70.53
71.07
72.20
75.48

75.20
88.25
89.65
90.73
90.21
83.84

50.64
41.24
42.64
42.40
45.88
63.26

0.65
0.66
0.70
0.67
0.67
0.71

Here, the best classiﬁcation results are displayed with bold fonts.

Fig. 3. The ROC Curves of the methods: (a) the classiﬁcation of AD vs. NC, (b) the classiﬁcation of LMCI vs. NC, (c) the classiﬁcation of EMCI vs. LMCI. The horizontal axis
represents the false positive rate; the vertical axis represents the true positive rate. The area under the curve (AUC) indicates the diagnosis power.

Fig. 4. Top 10 ROIs selected by the proposed method for LMCI diagnosis.
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4.2. Hypergraph learning

Fig. 5. The classiﬁcation results on different neighbor size of hyperedges. The
horizontal axis represents the neighbor size; the vertical axis represents the classiﬁcation accuracy for AD diagnosis.

2003; Poulin et al., 2011) and the amygdala is related to AD. In addition, we also ﬁnd it that the selected supplementary motor areas
(i.e., supp motor area left) and the thalamus (i.e., thalamus left) are
parts of the sensorimotor network, which has been suggested to be
associated to the cognition, information processing speed, mood,
and gait speed (Rosano et al., 2012). The selected insula and cuneus
are parts of the default mode network, and many studies suggest
that the abnormal topological organization of insula and cuneus in
the default mode network are related to MCI (Brugere et al., 2018;
Esposito et al., 2013; Grothe et al., 2016). Moreover, the inferior
frontal gyrus (i.e., frontal inf orb right) is one of the most complex
areas in the human brain, and the study in Waskom and Wagner
(2017) veriﬁes that it is involved in memory functions via its diffuse
anatomical networks. Last but not least, our model also could identify the region of rectus gyrus that is located on the orbital surface
of the frontal lobe. The study in Wee and Yap (20111) indicate that
the morphology changes in rectus gyrus will affect the progression
of MCI.
4. Discussion
In this paper, we propose a new multi-modality based classiﬁcation framework, that is, hypergraph based multimodal
classiﬁcation. Our proposed method includes three steps, hypergraph construction, hypergraph based multi-task feature selection
and multi-kernel classiﬁcation. To validate the effectiveness our
proposed method, three sets of experiments are performed on
the 831 subjects of ADNI dataset. The results show that the proposed method can not only take advantage of the multi-modality
complementary information for AD classiﬁcation but also help in
discovering the disease-related biomarkers for understanding the
pathological mechanism of AD.
4.1. The inﬂuence of neighbor size
As mentioned in Section 2.2.2, we use the KNN method to construct hypergraph. Speciﬁcally, we choose k nearest vertices to
generate a hyperedge. Now we discuss the inﬂuence of the neighbor
size in KNN of our proposed method. The result is shown in Fig. 5,
where the neighbor size varies in range {3, 5, 7, 10, 15, 20, 30}. As
can be seen from Fig. 5, when the neighbor size is 7, the result is best.
But when the neighbor size is larger than 7, the accuracy decreases
rapidly. The underlying reason may be that when the neighbor size
is large, it depicts the global structure rather than the local structure of the subjects. And if the neighbor size is large, the hyperedges
may contain subjects of different classes, which may not be good
to reﬂect the true data structure.

As a generalization of simple graphs, hypergraphs are typically used to depict the high-order and multiple relations among
subjects. Compared with the simple graph, where an edge can
only connect two vertices, hypergraph conveys more information
through a set of hyperedges that connects more than two vertices
at the same time. In this way, hypergraph structure can capture
high-order relationships among different subjects.
Hypergraph learning has been used in various applications,
such as image and object retrieval and recognition. A few recent
studies has incorporated hypergraph learning into medical diagnosis (Liu et al., 2017a; Gao et al., 2015). For example, Liu et al.
(2017b) proposed a hypergraph regularized sparse feature learning method. Speciﬁcally, they construct a hypergraph on the ADNI
data, and compute hypergraph Laplacian term. Then they introduce the hypergraph Laplacian term into the Lasso framework to
select features for the subsequent classiﬁcation. It is worth noting that the feature selection step in Liu et al. (2017b) ignores the
potential relationship among different modalities. Liu et al. (2017a)
proposed a multimodal centralized hypergraph learning to identify
MCI (mild cognitive impairment) and NC (normal controls). They
use four MR sequences to construct hypergraph separately and then
use centralized hypergraph learning to generate a centralized relevance matrix for each imaging modality. Classiﬁcation of a subject is
determined by the corresponding value in the ﬁnal fused relevance
matrix. However, they do not consider the common information
shared by different modalities.
In contrast, our proposed hypergraph-based multi-task learning method not only utilize the high-order relationship among
subjects but also consider the complementary information provided by different modalities. Our proposed method is evaluated
on ADNI database using the MRI and FDG-PET data for three scenarios of classiﬁcation including AD vs. NC, LMCI vs. NC, LMCI vs.
EMCI. The experimental results demonstrate the effectiveness of
our proposed method.
4.3. Multimodal classiﬁcation
Recent studies on the diagnosis of AD and MCI have shown that
different modalities can provide complementary information for
helping identifying AD (Landau et al., 2010; Du et al., 2007; Morris
et al., 2001). It has been reported that information fusion from different modalities can enhance the diagnosis performance. Different
approaches have been proposed to fuse biomarkers of different
modalities to produce more powerful classiﬁers (Zhang et al., 2011;
Hinrichs et al., 2011; Young et al., 2013). A straightforward way to
combine multimodal data is to concatenate features obtained from
different modalities into a long vector for each subject. For example, Kohannim et al. (2010) concatenated features from multiple
modalities and then a support vector machine was used for the classiﬁcation of AD. Another way to fuse the different modalities is the
kernel-based approach, such as multi-kernel learning (Zhang et al.,
2011). An individual kernel matrix is calculated for each modality
and a combined kernel matrix is obtained by a linear combination
of them. Several results have shown the latter can achieve better
performance than the former. Simple concatenation of different
modalities cannot optimally integrate the multimodal data (Zhang
et al., 2011) and may have bias introduced by the modality which
has more features.
To evaluate the effectiveness of multi-modality classiﬁcation,
we use single modality for comparison. We performed experiments
on MRI and PET data respectively, using our proposed classiﬁcation
framework. The corresponding results are shown in Table 3. As we
can see, our proposed method with two modalities data achieved
better performance than the single modality-based methods. The
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Table 3
Comparison on classiﬁcation results of different modalities
Method

PET
MRI
MRI+PET

AD vs. NC

LMCI vs. NC

EMCI vs. LMCI

ACC

SEN

SPE

AUC

ACC

SEN

SPE

AUC

ACC

SEN

SPE

AUC

87.33
88.30
92.51

90.90
90.09
94.08

82.63
85.94
90.44

87.95
91.15
94.57

65.61
69.14
82.53

79.19
79.34
86.09

48.01
55.92
78.55

60.19
66.24
80.32

67.61
68.52
75.48

81.17
84.83
83.84

47.81
44.71
63.26

64.04
63.53
70.34

Fig. 6. Classiﬁcation accuracy of AD vs.NC classiﬁcation with respect to different parameter values. We ﬁx one parameter to 0.01 respectively and vary the other two in range
{10(−10) , 10(−9) , . . ., 100 }.The X-axis and Y -axis represent the diverse value of parameters and the Z-axis represents the classiﬁcation accuracy for AD diagnosis.

results further validate the multimodal data contain complementary information and can achieve better classiﬁcation performance
than single modality-based methods.

4.4. The effect of regularization parameters
In our method, there are three regularization parameters to be
tuned, i.e., , , , which balance the relative contribution of the
group-sparsity regularizer and two hypergraph regularizer calculated on the two modalities respectively. In this sub-section, we
investigate the effects of the regularization parameters on the classiﬁcation performance. Speciﬁcally, we ﬁrst ﬁx the value of  to
0.01 and vary  and  in range {10(−10) , 10(−9) , . . ., 100 }. Then we
ﬁx  as 0.01 and vary  and  in range {10(−10) , 10(−9) , . . ., 100 }.
Finally, we ﬁx the value of  to 0.01 and vary  and  in
{10(−10) , 10(−9) , . . ., 100 }.The corresponding results are shown in
Fig. 6(a)–(c) respectively. As we can see, our proposed method
slightly ﬂuctuates when varying the parameters , , , indicating
our method is not particularly sensitive to the parameter values.

5. Conclusion
In summary, this paper proposed a novel multi-task learning
method to jointly select features from multimodal neuroimaging
data for AD/MCI classiﬁcation. MTL captures the intrinsic task relatedness, based on which the information from each task can be
shared across multiple tasks. By introducing the hypergraph based
regularization term into the multi-task learning framework, the
proposed method can utilize the high-order relationships among
the subjects to seek the most discriminative brain regions related
to the disease. The experiment results on ADNI dataset demonstrate
the effectiveness of our methods. In this study, we ﬁx the weights
of all hyperedges to 1, while the importance of hyperedges may be
different. It is interesting to optimize the weights of hyperedges,
which will be our future work.
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