Biomedical Signal Processing and Control 53 (2019) 101564

Contents lists available at ScienceDirect

Biomedical Signal Processing and Control
journal homepage: www.elsevier.com/locate/bspc

High-order correlation detecting in features for diagnosis of
Alzheimer’s disease and mild cognitive impairment
Yi Ding ∗ , Chuanji Luo ∗ , Chang Li, Tian Lan, ZhiGuang Qin
The School of Information and Software Engineering, University of Electronic Science and Technology of China, Chengdu, Sichuan Province, China

a r t i c l e

i n f o

Article history:
Received 28 December 2018
Received in revised form 15 April 2019
Accepted 10 May 2019
Available online 22 May 2019
Keywords:
Alzheimer’s disease diagnosis
Mild cognitive impairment diagnosis
Hypergraph
High-order correlation
Feature selection

a b s t r a c t
As shown in the literature, the identiﬁcation of discriminative features of Alzheimer’s Disease (AD) and
Mild Cognitive Impairment (MCI) can improve the diagnostic accuracy. Besides, many researches have
proven that the feature selection method, which also considers the relationship among features, shows
improvements in performance for AD diagnosis. However, most existing feature selection methods only
consider the pairwise correlation between features. Instead, when adopting these features to diagnose the
AD, the high-order correlated relationships among features need to be taken more into consideration. In
this paper, a novel classiﬁcation framework for diagnosing the AD and MCI has been proposed to address
these problems. This framework mainly consists of three processes: feature extraction, feature selection
and classiﬁcation. The feature extraction is mainly used to extract texture features and morphometric
features from brain MR images. The feature selection process is to select discriminative features. This
process ﬁrstly measures the high-order correlation among features by borrowing the idea of hypergraph
theory and then to generate the optimal feature subset based on the high-order correlation. The classiﬁcation process will adopt the feature subset to ﬁnish the classiﬁcation task. The main contribution of this
framework is to consider the high-order correlation among features instead of pairwise correlation when
classifying the AD. Experiments on the Alzheimer’s Disease Neuroimaging Initiative ADNI database shows
that the proposed method obtains better performance than other state-of-the-art counterpart methods.
Overall, the experiment result demonstrates the effectiveness of the proposed framework.
© 2019 Elsevier Ltd. All rights reserved.

1. Introduction
Alzheimer’s Disease(AD) is characterized by the progressive
impairment of neurons and their connections, which result in loss
of cognitive functions. The estimated number of affected people
will double in the next two decades, so that one out of 85 persons
will have the AD by 2050 [10]. Mild cognitive impairment (MCI), an
intermediate stage between normal cognition and dementia, has a
high risk of progressing to AD. The conversion rate from MCI to AD is
reported to be approximately 10%–15% per year [15]. Even though
there is no cure for AD, some medications can delay the onset of
some symptoms, such as memory loss [18]. Therefore, accurate
diagnosis is critical for timely treatment and possible delay of AD
and MCI.
Neuroimaging technology has been widely used in clinical
practice because it can non-invasively detects the structural and
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functional changes associated with the development of diseases,
such as Magnetic Resonance Imaging (MRI) [21] and functional MRI
(fMRI) [23]. Besides, we can obtain different clinical phases of AD
with the help of structural MRI, which is the most standard modality in clinical practice [25]. So, we choose structural MRI images to
implement classiﬁcation experiments.
Several types of features can be extracted from structure MRI,
such as gray matter densities [28], texture measures [30], and
morphometry [31]. Combining different features can provide more
complementary information and eventually improve the diagnostic
accuracy for AD [32]. In recent years, the texture analysis technique
which can sensitively reﬂect the subtle changes of the body has
been widely used for AD diagnosis [33]. On the other hands, the
voxel-based morphometry (VBM) [34], which is a common technique for measuring morphometric changes in the brain, has been
widely applied to the study of gray-matter alterations in AD [31,35].
Our previous work has innovatively integrated the VBM and texture features for diagnosing the AD and it has achieved a better
performance [36]. It should be noted that, except for these features
referred in this paper, there are also some other imaging features or
clinical features have been adopted. For example, some Low-Rank
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Fig. 1. The framework of our High-Order Correlation Detecting in Features (HOCDF) method, which consists of three main processes: 1) feature extraction, 2) feature selection,
and 3) classiﬁcation.

methods which combines imaging features and cognitive scores
have shown good performance [37,38]. However, how to extract
effective original features is not the work of this paper. The aim of
this paper is to ﬁnd an effective feature selection method so as to
improve the performance for diagnosing the AD/MCI.
Feature selection, which has the capability of overcoming
dimensional curse issues after removing the indiscriminative
features, is one of the most important steps for building the
robust learning model. It is broadly categorized into two main
methods, which is based on whether the relationship among
features is considered. If the relationship among features is not
considered, the feature selection method will just consider the
discriminability of the feature itself, such as Principal Components Analysis(PCA) [39], and the Support vector machine recursive
feature elimination(SVM-RFE) [40]. These methods have been
successfully implemented in various neuroscience applications
[41,42]. Another type of methods will take the relations between
features or samples into account while selecting features. One of
the typical method SVM-RFE with Covariance has proved that the
feature selection can be improved by considering the relationship
among features so as to raise the accuracy of AD diagnosis [36] In
addition, some researches, such as the Low-Rank method [43] and
Regression method [44], shows that the classiﬁcation performance
of AD/MCI can be improved by considering the relations among
the features, modalities [45], or samples. Except for the pairwise
correlation among features which have been taken into account
by these mentioned methods, there are more complex relations
among features that are needed to be considered. The high-order
relations among features have been measured and adopted into a
multi-kernel method by Zhang et al, and this method has achieved
outstanding performance in image classiﬁcation tasks [46]. And
the high-order correlation of brain regions have been employed to
improve the diagnosing method for AD/MCI by Zhang et al [47,48].
Liu et al [24] have also proposed a view-aligned hypergraph learning (VAHL) method for AD/MCI diagnosis which has obtained good
results by exploring the underlying coherence among views of
multi-modality data. However, to the best of our knowledge, there
is no research which has adopted the idea of high-order correlation among features to improve feature selection in the area of AD
classiﬁcation.
In this paper, a novel classiﬁcation framework to precisely
diagnose AD/MCI has been proposed. The main innovation of the
proposed method is that the high-order correlation among features was considered for capturing more discriminative features to
improve the classiﬁcation accuracy. To be more speciﬁc, borrowing
the idea of the hypergraph [49], which is a natural descriptor for
high-order correlation among multiple objects, it will be adopted

here to discover high-order correlation among features and then
combine with the SVM-RFE method to implement feature selection
step. This proposed method has been evaluated on the Alzheimer’s
Disease Neuroimaging Initiative(ADNI) database and shows more
excellent performance than other state-of-art counterpart methods. To the best of our knowledge, there is no researches referring
to consider the high-order correlation among features when diagnosing the AD/MCI as used in this paper. The rest of this paper is
organized as follows. In the ‘Method’ section, the proposed method
is described in detailed. In the ‘Experiment and Result’ section, the
details of experiment are introduced, including material, experiment setting, and result. In the ‘Discussion’ section, the inﬂuence of
several parameters is discussed. Finally, In the ‘Conclusion’ section,
we brieﬂy conclude this study.
2. Method
In this section, an overview of the proposed method High-Order
Correlation Detecting in Features (HOCDF) will be presented. As
shown in Fig. 1, there are 3 main processes in HOCDF: 1) feature
extraction: in this one, there are totally 292 original features are
obtained by using Texture analysis and VBM analysis on brain MRIs,
which includes 284 texture features and 8 morphometric features.
And then, all these 292 features are integrated together for next
process. 2) feature selection: Firstly, a hypergraph is constructed
to reveal the high-order correlation among extracted features. By
computing this hypergraph and using a clustering method, these
features are separated into some clusters. Secondly, before making these clusters to obtain the optimal feature subset, the PCA
method are employed to reduce the dimensionality for each clusters. After the PCA, a feature ranking method named SVM-RFE is
adopted to rank all left features in these clusters and generate a
ranking result of these features. Last but not the least, by adapting
the ranking result and the high-order relations in clusters together,
these fetures will be iteratively chosen and veriﬁed to construct the
optimal feature subset. 3) classiﬁcation: in this process, the SVM
method is employed to classify the AD/MCI by adopting the optimal feature subset. In the following, each process will be explicitly
described.
2.1. Feature extraction
Our previous work has proved that combining morphometric
features and texture features can obtain better results than being
used separately. So, the feature extraction part of this paper is as
same as our previous work in [36]. According to Fig. 1, in the feature
extraction progress, we obtain texture features and morphomet-
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Fig. 2. Graphic explanation of the shared entropy. The three circles represent the shared entropy of three different features, blue for S(X1), yellow for S(X2), red for S(X3).
Black + green for S(X1, X2), black + purple for S(X1, X2, X3), black + orange for S(X2, X3). Black for S(X1, X2, X3).

ric features from brain MR images by texture analysis method and
VBM analysis method respectively. Besides, the texture features are
consist of Gray-level Co-occurrence Matrix (GLCM) [50] and Gabor
ﬁlter [33]. And the morphometric features are the gray-matter volume of Automated Anatomical Labeling(AAL) regions.
To be more speciﬁc, for GLCM, 11 descriptors are employed,
which are consisted by the angular second moment, contrast, correlation, sum of squares, inverse difference moment, sum averages,
sum variances, sum entropy, entropy, difference variance, and difference entropy. In here, different GLCMs can be generated by
changing the distance and direction parameters and a total of 220
features are ﬁnally extracted, A total of 220 features are extracted;
For Gabor, different orientations and frequencies are applied for the
Gabor ﬁlter to form a Gabor ﬁlter bank. We constructed features
from the Gabor response by calculating the mean value and standard deviation of pixels, and totally 64 Gabor features are obtained;
For VBM analysis, because the VBM is capable of investigating gray
matter abnormalities across the whole brain, features extracted
from clusters with signiﬁcant gray matter are different between
AD patients and NC. The main steps of VBM include a)VBM-DARTEL
analysis, b)Statistical analysis, c) Extracting gray-matter volume of
Automated Anatomical Labeling(AAL) regions. There are totally 8
morphometric features by adopting the VBM analysis. Finally, we
simply concatenate all features together as the input of the following procedure.
2.2. Feature selection
In our previous work [36], we innovatively combined covariance
with feature ranking method for diagnosing the Alzheimer’s Disease, and achieved an excellent classiﬁcation performance. It can
be proven that adopting the correlation of features in the process
of feature selection could obtain a better feature subset. But there
are still some shortcomings that the covariance can only measure
the pairwise correlation between features and don’t have the ability to measure the high-order correlation among multiple features.
Therefore, in order to make better use of the high-order correlation among features for feature selection, our proposed method
HOCDF divided the feature selection progress into two steps. The
ﬁrst step is to clusters all features for measuring high-order correlation among features, and the second step is to use feature clusters
to generate optimal feature subset.
2.2.1. High-order correlation measurement
In order to measure the high-order correlation, our clustering
method makes these features with strong correlation appear in
the same cluster and with weak correlation appear in the different
clusters. In this paper, the clustering method adopted the shared
entropy [46], hypergraph theory and community learning by graph
approximate (CLGA) [51].

Fig. 3. (a) is a classic graph, which depicts the pairwise correlation among vertices.
If the correlation between two points is strong enough, then use an edge to connect
them. (b) is a hypergraph. When there is strong high-order correlation among multiple vertices, such as (v4, v6, v7, v8), a hyperedge e3 can be constructed to represent
this correlation.

a) Shared Entropy: In order to cluster features based on the highorder correlation among features, ﬁrst of all, a method is needed to
measure this correlation. In this paper, the shared entropy illustrated in Zhang et al [46] 
is used as the measuring
 method.
For a set of features X1 , X2 , ..., Xm (m ≥ 2) , the amount of
information contained in these features can be measured by using
joint entropy, which is presented in Eq.(1).
J(X1 , X2 , ...Xm )
=−

m


P (x1 , x2 , ...xm ) log2 P (x1 , x2 , ...xm )

(1)

x1 ,x2 ,...xm

Where P(x1 , x2 , ...xm ) is the joint probability of m features. The definition of shared entropy is based on the joint entropy, and it is
expressed in Eq.(2):
S(X1 , X2 , ...Xm ) = (−1)0

m

i=1

+... + (−1)

m−1

Ji + (−1)1



Jij

1≤i<j≤m

(2)

J1,2,...,m

Where Ji is an abbreviated of J (Xi ), Jij is an abbreviated of J(Xi , Xj ),
and J1,2,...m is an abbreviated for the joint entropy J(X1 , X2 , ...Xm )
of m features.
As shown in Fig. 2, if the value of shared entropy is large, the correlation among features becomes higher. It should be noted that
only nominal features can be measured with shared entropy, so
the continuous features obtained before should be discretized. The
discretization method adopted in this paper could be described as
follows. All features are ﬁrstly normalized into [0,1] by Min-Max
normalization, and then [0,1] is divided into 100 equivalent intervals. Finally, these features are discretized to the nearest points
respectively.
b) Hypergraph: As shown in Fig. 3, The biggest difference
between hypergraph and classic graph lies in the deﬁnition of
edges. Each edge of classic graph connects two vertices, while each
edge of hypergraph, which is called hyperedge can connect any
number of vertices. Therefore, in nature, the classic graph can only
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Fig. 4. Graphical illustration of hypergraph construction process [when (X1, X2) becomes a newly constructed hyperedge, (X1) and (X2) are marked as removing hyperedge;
similarly, when (X1, X2, X5) becomes a newly constructed hyperedge, (X1, X2), (X2, X5) and (X1, X5) are marked as removing hyperedge].

represent pairwise correlation among vertices, while hypergraph
can be used to represent the high-order correlation among multiple
vertices.
As mentioned above, the shared entropy can be used to measure
the relations among multiple features; it is naturally an analogy to
the hyperedge
which may contain

 more than two vertices. For m
features X1 , X2 , ..., Xm (m ≥ 2) , each feature can be represented
by a vertex in Fig. 3, and it can be called as feature vertex. Therefore, a hypergraph can be constructed to show the relations among
feature vertices. Before the speciﬁc construction, there are several
parameters needed to be determined. d is the maximum degree
of hyperedges (Given a hyperedge e, its degree d(e) is the number of features within this hyperedge), s is the minimum shared
entropy in hypergraph, and these two parameters can be used to
control the scale of hypergraph. Besides, the parent-child relation
between two hyperedges can be deﬁned as PC(ei , ej ), and the deﬁnition is shown as Eq.(3). If ei and ej satisfy PC(ei , ej ) = 1, then ei is
called as the parent hyperedge of ej and conversely, ej is called as
the child hyperedge of ei .





PC ei , ej =



1if (d(ej ) − d(ei ) == 1andVei ⊂ Vej )

0otherwise
Vei = {v|v ∈ ei }, Vej = {v|v ∈ ej }

(3)

Where Vei represents the feature vertex set contained in ei , and Vej
represents the feature vertex set contained in ej .
The speciﬁc hypergraph construction process is shown in Fig. 4.
Suppose that there are m features, at the ﬁrst iteration, these hyperedges are created with 1-degree (d(e) = 1) and the shared entropy
Si for each feature vertex, Si = S(Xi ){0 < i ≤ m} will be calculated.
One hyperedge will be created if its shared entropy Si > s and
then,
the set of all hyperedges
with 1-degree will be represented by

E1 = e1 , e2 , ...ek k ≤ m . In the second iteration, all hyperedges
with 2-degree (d(e) = 2) will be created. Firstly, the shared entropy
Sij of each pair for features will be calculated, Sij = S(Xi , Xj ){0 < i <
j ≤ m}. if Sij > s, it means that there is strong enough correlation
between feature vertex Xi and Xj . Then, a hyperedge can be constructed to represent this correlation, and the shared entropy Sij will
be the weight Wij . When all second level hyperedges are completed,
they will be presented by a hyperedge set E2 . The ﬁnal step of second
iteration is to remove all parent hyperedges of these hyperedges in
E2 from E1 . For example, as shown in Fig. 4, the parent hyperedges
of hyperedge (X1 X2 ) are the hyperedge (X1 ) and the hyperedge (X2 ).
In the same way, when constructing the t-degree hyperedges, the

shared entropy of each t–degree feature set is needed to be calculated. If the shared entropy is larger than the s, a hyperedge will be
constructed to represent this relationship. Finally, before completing the t-degree hyperedge construction, all t-degree hyperedge
will be integrated into Et , and all parent hyperedges from Et−1 will
be removed.
After constructing the hypergraph, it can be expressed as Eq. (4):
G = {V, E, W }

(4)

Where V = {v1 , v2 , ..., vm } is the set of all feature vertices, E =
{e1 , e2 , ..., er } is the set of all hyperedges, W = {w1 , w2 , ..., wr } is
the set of all hyperedge weight. The weight is used to indicate the
strength of the correlation. In this paper, the weight is expressed
by the shared entropy. In addition, an incidence matrix H (size
|V|×|E|) is employed to represent the relationship of point-edge.
The deﬁnition of H is shown in (5).



H (v, e) =

1if v ∈ e
0otherwise

(5)

The W(size(|E|×|E|)is a diagonal matrix containing all weights of
hyperedges, then the adjacent matrix A (size |V|×|V|) can be deﬁned
as in (6).
A = HWH T

(6)

Where HT (size |E|×|V|) is the transpose of H, and A represents the
relationship between each pair of features.
c)CLGA: After using hypergraph to represent the correlation
between features, we need to cluster them, which means to divide
the high-dimensional feature set into some low-dimensional feature clusters. To be more speciﬁc, ﬁrstly, the parameter ␥ will be
set, which represents the number of clusters. And then, the matrix A
calculated in (6) was taken as the input of CLGA method to generate
a feature cluster set C = {c1 , c2 ..., c } and a partition membership
matrix B (size |V|×|C|), which is used to indicate whether a feature
is in a cluster.



B (v, c) =

1if v ∈ c
0otherwise

(7)

2.2.2. Optimal feature subset generation
After high-order correlation measurement process, all features
have been distributed to different feature clusters based on the
high-order correlation. In order to make full use of this correla-
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tion, a feature selection method is needed to generate the optimal
feature subset from these feature clusters.
a) SVM-RFE:SVM-RFE was initially proposed for ranking genes
from gene expression data for cancer classiﬁcation [52]. This
method takes all features as the input and removes one feature
out based on backward sequential selection, which is least signiﬁcant for classiﬁcation at each time. Although the SVM-RFE still has
the ability to obtain the feature subset according to the feature
order, the subset is hard to achieve a better classiﬁcation result.
The reason behind this situation is that the SVM-RFE method only
considers the discrimination of feature itself and ignore the correlation among features. In this paper, the SVM-RFE is adopted as a
comparison method.
b) SVM-RFE with Feature Clusters: In order to combine the discrimination of feature itself with the high-order correlation among
features in the process of feature selection, a novel feature selection
approach is proposed to combine SVM-RFE with feature clusters.
The second part of the feature selection in Fig. 1 outlines the
proposed feature selection approach. The ﬁrst step is to adopt
the feature clusters as the input of the method. All features in
the ﬁnal optimal subset are generated from these clusters. In the
second step, the feature dimensionality reduction process will be
implemented for each feature cluster. Due to the strong correlation
among features in the same cluster, these features can be regarded
as reﬂecting the characteristics of the target object from similar
angles. Therefore, stacking too many similar features together will
not only cause redundancy of features, but also waste computing
resources. That’s why the feature dimensionality reduction process
is very important and we ﬁnally empirically keep 3–5 features in
each clusters after executing the PCA method. In the third step, the
optimal feature subset can be generated by adopting the Sequential Forward Selection (SFS) method. This speciﬁc process is listed
as follows: By starting with an empty set, the SFS iteratively selects
one feature at a time and adds it to the current feature set. According to the ordered features set and the feature clusters, the chosen
feature is the highest ranking among unselected features or is in the
same clusters with the highest ranked feature. Which means, after
selecting the highest ranked feature, K features that are in the same
clusters with the selected feature will be chosen, and vice versa. It
can be noted that the classiﬁcation performance of the feature subset should be measured again when changes have happened. The
measuring method is to implement SVM cross-validation experiment on a sample set, and record its average accuracy. So, this
method will be terminated when there is no feature left in all
clusters which means no more different feature subset can be generated. The ﬁnal output of the proposed method will be the feature
subset with the highest accuracy. Finally, the feature subset with
the highest accuracy is the output of the method and the optimal
feature subset.
2.3. Classiﬁcation
After getting the optimal feature subset, we also need to combine it with the classiﬁer to detect AD and MCI. The classiﬁcation
experiments in this paper are carried out on SVM. A grid-search
method has been used to tune all parameters to get the best performance classiﬁer.
3. Experiments and results
3.1. Material
The dataset adopted in this paper was obtained from the ADNI
database (http://adni.loni.usc.edu/). In this paper, The selected
T1-weighted MR images were obtained using 1.5 T scanner
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Table 1
Basic information of the subjects.

Gender(Male/Female)
Age(Mean ± SD2)
MMSE3(Mean ± SD)
1
2
3

AD(N = 54)

MCI(N = 58)

NC(N = 58)

22/32
75.7 ± 7.1
22.8 ± 2.3

27/31
74.8 ± 6.2
26.7 ± 3.6

30/28
75.2 ± 5.6
29.1 ± 5.0

N, Number of subjects.
SD, Standard Deviation.
MMSE, Mini Mental State Examination.

and there are a total of 170 subjects which includes 54 AD
patients(AD), 58 normal controls(NC) and 58 mild cognitive impairment patients(MCI). These subjects were chosen as samples in the
experiment. The basic information of subjects was introduced in
Table 1.
3.2. Experiment setting
In order to evaluate the effectiveness of our proposed approach
HOCDF, we designed relevant experiments to measure the diagnosis performance of AD/MCI on ADNI. Our experiment includes
four classiﬁcation tasks: 1) NC vs. AD classiﬁcation, 2) NC
vs. MCI classiﬁcation, 3) MCI vs. AD classiﬁcation, 4) 3-way
classiﬁcation(NC-MCI-AD).
In our proposed method HOCDF, there are some parameters
need to be set. In the feature extraction section, we completely
adopt the feature extraction method in our previous work, and the
related parameters are exactly the same [36]. The second stage is
feature selection which is divided into two parts. In the ﬁrst part
high-order correlation measurement, there are two parameters
need to be determined. The ﬁrst one is d which is the maximum
degree of hyperedges. Due to the exponential growth of the calculation complexity caused by this parameter, it is set empirically to
4 (d =4) so as to balance the efﬁciency and accuracy of measuring the correlation in features. It means that the number of feature
vertices in a hyperedge can’t exceed 4. The second parameter that
needs to be explicitly determined in feature clustering process is
s which represents the minimum shared entropy for hyperedge
construction. It means a constructed hyperedge will be preserved
if the shared entropy of these feature vertices in it exceeds the s,
otherwise, this hyperedge will be removed. In the experiment, s
is empirically set to 0.4(s = 0.4). In another part optimal feature
subset generation of feature selection, when selecting K related features from a certain feature cluster, the selecting strategy is to ﬁrst
choose the top-ranked and unselected features in this cluster. If all
features in this cluster are selected, then stop the process of selecting related features. Besides, a 10-fold cross-validation method is
adapted to obtain the optimal feature subset and reduce the impact
of sample selection randomness. The training sample set is divided
into 10 small batches. Each time, it selects one sample batch from
them as the test set. The other nine sample batches are regarded as
a training set, then the classiﬁcation experiment will be evaluated.
This process will be repeated ten times, and make sure that the
sample batch, which is chosen as the test set, is different each time.
The ﬁnal result is the average accuracy of ten times. Note that, the
training samples used in feature selection process will not appear
in the ﬁnal test sample set.
The proposed method HOCDF has been evaluated on four different classiﬁcation tasks, and has been judged by the accuracy(ACC),
sensitivity(SEN), speciﬁcity(SPEC), positive predictive value(PPV),
negative predictive value(NPV), and the area under the receiver
operating characteristic (ROC) curve (AUC) respectively. The ACC
is the most common chosen metric as the comparison standard
among methods. The SEN, SPEC, PPV and NPV describe how well
the experiment captures the true presence or absence of the dis-
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Fig. 5. Comparison between our proposed method and 3 methods without high-order correlation: (a)Accuracy(ACC), (b)Sensitivity(SEN), (c)Speciﬁcity(SPEC), (d)Positive
Predictive Value(PPV), (e)Negative Predictive Value(NPV).

ease. Regarding of the SEN and SPEC, the higher value these metrics
are, the lower chance the misdiagnosing will happen. The PPV and
NPV are the prevalence of the disease in the target population.
In addition, the proposed method HOCDF is also compared
with some feature selection methods and some AD/MCI classiﬁcation methods. These counterpart methods are divided into two
groups. The ﬁrst group includes: 1)PCA, 2)SVM-RFE, 3)SVM-RFE
with Covariance [36]. This group is adopted to prove the signiﬁcance of high-order correlation of features in the process of feature
selection. Another group of methods mainly includes some wellknown competing methods. It is used to prove the effectiveness of
the method HOCDF on AD/MCI classiﬁcation.
3.3. Result
3.3.1. Comparison with methods without high-order correlation
Making full use of high-order correlation among features to feature selection is the biggest innovation in our proposed method.
In order to test whether the high-order correlation is effective, the
proposed method is compared with some other methods without
high-order correlation. These methods are PCA, SVM-RFE, SVM-RFE
with Covariance. PCA method is a classic feature dimensionality
reduction method. It is clear that it does not consider the correlation
among features, especially the high-order correlation. SVM-RFE
is a simple and commonly used feature ranking method, which
can select features according to the ranking results. However, this
method also ignores the correlation among features during feature
selection. The SVM-RFE with Covariance is a method proposed in
our previous work which considers the pairwise correlation among
features in feature selection, but ignoring the high-order correlation. This is the biggest difference between these two methods. The
proposed method has been compared from ﬁve different perspectives and the comparison results is presented in Fig.5.
From the experiment result, it can be found that it can achieve
better performance for AD/MCI classiﬁcation when adopting the
high-order correlation among features to the process of feature
selection. For example, according to the comparison result in
Fig.5(a), the SVM-RFE with Covariance and the proposed method
which adopts the idea of the correlation among features can achieve
a great improvement in all four classiﬁcation tasks. When analyzing

the classiﬁcation result of these four tasks separately, the advantage
of these two methods is more obvious. All ﬁve evaluation metrics
are improved by least 3% in these two methods. Furthermore, the
proposed method even increased the classiﬁcation result by at least
5%. In addition, based on the experiment result, it can be found that
the classiﬁcation performance which adopts the high-order correlation is better than the one which only considers the pairwise
correlation. After analyzing the comparison result between our proposed method HOCDF and SVM with Covariance in Fig.5(a), it can be
proven that the proposed method HOCDF obtained a higher accuracy in all four tasks. The best improvement is up 4.82% on the AD
vs.NC task. And on the other three tasks (MCI vs. NC, AD vs. MCI,
3-ways), it increases to 2.62%, 3.22% and 2.22% respectively. Except
for the ACC, the proposed method also greatly improves on other
four evaluation metrics. Overall, the HOCDF method obtains the
best result on AD/MCI diagnosis, especially in ACC which is one of
the most important metrics.
In addition, the conﬁdence intervals of these methods are also
presented in Fig. 5. It can be noticed that the proposed method is
more stable in most situation. In other words, it can evaluate the
power of the proposed method from another perspective.
3.3.2. Comparison with well-known classiﬁcation methods based
on ADNI
In order to further verify the effectiveness of the proposed
method, it is also compared with some latest state-of-the-art
classiﬁcation methods. These methods include DL(Deep Learning
method), SVM (classic SVM-based method), MKL-SVM (Multiple
Kernel Learning Support Vector Machine method), HG (Hypergraph
method). And we ensure that these methods are all based on ADNI
database. The comparison results about AD vs. NC, MCI vs. NC, AD
vs. MCI, 3-way are presented in Table 2, Table 3, Table 4, Table 5,
respectively. The evaluation metrics, which are most commonly
used to evaluate AD/MCI diagnostic methods, include ACC, SEN,
SPEC, AUC.
Comparison results about AD vs. NC are listed in Table 2. The
comparison method includes the multi-kernel learning, deep learning, and classic SVM-based methods. It can be seen in Table 2 that
the proposed method achieves the highest classiﬁcation accuracy.
It reaches 96%, which even exceeds these deep learning methods.
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Table 2
Comparison with existing studies using MRI data of ADNI for MCI vs. NC classiﬁcation.
Method

Classiﬁer

ACC (%)

SEN (%)

SPEC (%)

AUC (%)

Suk et al., 2014 [2]
Suk et al., 2016 [5]
Payan et al., 2015 [8]
Shi et al., 2015 [11]
An et al., 2016 [14]
Lei et al., 2017 [17]
Liu et al., 2017 [20]
Liu et al., 2017 [24]
Suk et al., 2017 [22]
Yao et al., 2018 [27]
HOCDF(Proposed)

DP
SVM
DP
SVM
SVM
SVM
MKL-SVM
HG
DP
SVM
SVM

85.67
80.11
92.11
80.91
79.90
80.32
86.35
80.00
72.91
86.70
92.86 ± 1.32

95.37
93.89
–
79.07
85
64.35
89.49
86.19
77.60
–
95.24 ± 2.47

65.87
53.67
–
82.7
67.5
86.67
85.68
68.78
68.22
–
90.48 ± 1.52

–
–
–
–
86.9
86.2
91.07
80.49
73.61
–
97.05 ± 1.89

Table 3
Comparison with existing studies using MRI data of ADNI for AD vs. MCI classiﬁcation.
Method

Classiﬁer

ACC (%)

SEN (%)

SPEC (%)

AUC (%)

Gray et al., 2012 [3]
Suk et al., 2015 [6]
Wee et al., 2013 [9]
Apostolova et al.,2014 [13]
Jin et al., 2016 [16]
Cheng et al.,2016 [19]
Payan et al., 2015 [8]
Liu et al., 2017 [20]
HOCDF(Proposed)

MKL-SVM
MKL-SVM
MKL-SVM
SVM
MKL-SVM
SVM
DP
MKL-SVM
SVM

83.50
83.70
79.24
70.00
88.63
82.70
86.84
90.85
90.32 ± 2.54

79.90
–
78.03
–
91.55
89.20
–
91.77
88.24 ± 3.67

86.40
–
80.46
–
86.25
69.6
–
89.56
92.85 ± 0.87

–
–
88.82
61.00
90.70
90.60
–
93.55
97.50 ± 2.09

Table 4
Comparison with existing studies using MRI data of ADNI for AD vs. NC classiﬁcation.
Method

Classiﬁer

ACC (%)

SEN (%)

SPEC (%)

AUC (%)

Suk et al., 2014 [2]
Suk et al., 2016 [5]
Payan et al., 2015 [8]
Shi et al., 2015 [11]
An et al., 2016 [14]
Lei et al., 2017 [17]
Liu et al., 2017 [20]
Suk et al., 2017 [22]
Liu et al., 2017 [24]
Liu et al., 2018 [26]
Lu et al., 2018 [29]
HOCDF(Proposed)

DP
SVM
DP
SVM
SVM
SVM
MKL-SVM
DP
HG
DP
DP
SVM

93.35
95.09
95.39
88.73
92.10
94.68
95.24
91.33
93.10
91.09
93.58
96.00 ± 1.10

94.65
92.00
–
84.86
85.70
97.90
94.26
92.72
90.00
88.05
91.54
95.83 ± 2.23

95.22
98.00
–
91.69
95.90
91.38
95.74
89.94
95.65
93.50
95.06
96.15 ± 1.58

–
–
–
–
97.30
97.92
97.54
92.72
94.83
95.86
–
98.40 ± 0.95

Note: DP means Deep Learning method; SVM means classic SVM-based method; MKL-SVM means Multiple Kernel Learning Support Vector Machine method; HG: Hypergraph
method.
Table 5
Comparison with existing studies using MRI data of ADNI for 3-way classiﬁcation.
Method

Classiﬁer

ACC (%)

Computational Time

Hosseini-Asl et al., 2016 [1]
Gupta et al., 2014 [4]
Zhu et al., 2016 [7]
Zhu et al., 2016 [12]
Payan et al., 2015 [8]
HOCDF(Proposed)

DP
DP
SVM
SVM
DP
SVM

89.10
85.00
63.90
73.35
89.47
91.11 ± 1.05

–
–
–
–
–
< 1min

In the AUC metric, the proposed method also shows the best performance and reaches 98.40%. Although the HOCDF method is not
the best one on the other two metrics SEN and SPEC, the result of
SEN is lower than the result of Lei et al., 2017 [17] and the result
of SPEC is slightly lower than the result of Suk et al., 2016 [5], our
method is still in the second place and the value is more than 95%.
In summary, all results are good enough to demonstrate the effectiveness of the proposed method on AD vs. NC classiﬁcation task.
In other words, the HOCDF method can precisely identify the AD
from NC.
By analyzing the comparison result on MCI vs. NC shown in
Table 3, the proposed method achieves the highest value on three
metrics (ACC,SPEC,AUC). The value of ACC reaches 92.86% and is far

more than other classic SVM-based methods, even higher than the
other three deep learning methods. In SPEC, the proposed method
reaches 90.48%, which is higher than the second-place method
nearly 4%, and shows a distinct advantage. About the AUC, the proposed method is 6% higher than the multi-kernel method which
is in the second-place, and the value reaches 97.05%. It is 10%
higher than the SVM-based method. Besides, the proposed method
reaches 95.24% on the SEN. Although it is slightly lower than the
result 95.37% of deep learning method [2], our experiment result is
much better than other methods. Therefore, the proposed method
shows more excellent classiﬁcation performance in MCI vs. NC classiﬁcation tasks.
From Table 4 which presents the comparison result of AD vs.
MCI, it can be noted that although the proposed method is slightly
lower on the ACC and SEN metrics than the multi-kernel method
[20], it is still in the second place and is just 0.53% lower than
the ﬁrst one. It shows great advantage comparing with the classic SVM-based method and is almost 8% higher than the highest
one among them. Besides, our result is 3.5% higher than the deep
learning method in Payan et al., 2015 [8]. In addition, the proposed
method achieves the best result on both SPEC and AUC. On SPEC,
the proposed method reaches 92.85%, which is at least 3% higher
than the second-place method. And On AUC, the proposed method
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Fig. 6. The classiﬁcation accuracy versus value of K on 4 tasks. (a)NC vs. AD, (b)NC vs. MCI, (c)MCI vs. AD, (d)3-way.

reaches 97.50%, which is almost 4% higher than the second-place
method. Overall, the proposed method still has a good performance
in AD vs. MCI classiﬁcation task.
In the 3-way classiﬁcation task, the ACC of the proposed method
is the highest which its value reaches 91.11%. As shown in Table 5, it
can be observed that most deep learning methods are signiﬁcantly
better than the SVM-based method, the result of ACC is at least 10%.
But the proposed method shows an excellent performance in multiclass classiﬁcation task and is better than all comparison methods,
which also includes these deep learning methods. Comparing with
the SVM-based method, the ACC of the proposed method exceeds
almost 18% (17.76%). Such performance proves the effectiveness of
our method on multi-class classiﬁcation task.
All experiment results with the conﬁdence interval of the proposed method is listed as follows: the ACC is 96%(±1.10%) on AD vs.
NC, 92.86%(±1.32%) on MCI vs. NC, 90.32%(±2.54%) on AD vs. MCI,
and 91.11%(±1.05%) on 3-way. For the other four metrics, the result
of the proposed method is almost more than 90%. In detailed, the
SEN is 95.83%(±2.23%) on AD vs. NC, 95.24%(±2.47%) on MCI vs. NC
and 88.24%(±3.67%) on AD vs. MCI; The SPEC is 96.15%(±1.58%) on
AD vs. NC, 90.48%(±1.52%) on MCI vs. NC and 92.85%(±0.87%) on AD
vs. MCI; The PPV is 95.80%(±2.10%) on AD vs. NC, 90.91%(±1.32%)
on MCI vs. NC and 93.75%(±2.54%) on AD vs. MCI; The NPV is
96.10%(±1.33%) on AD vs. NC, 95.00%(±1.82%) on MCI vs. NC and
86.67%(±2.45%) on AD vs. MCI.
In addition, although the feature extraction and feature selection
stage will cost a long time, the computational time for classifying
each MRI image in test dataset is less than one minute. Unfortunately, the computational time for other comparison methods can’t
be found in their articles, and also didn’t provide any discussion on
the computational efﬁciency. But, according to the experience, the
computational time of deep learning method for classiﬁcation or
segmentation is usually less than one minute (as shown in Table 5).
From this perspective, the computational efﬁciency of the proposed
method can be accepted when classifying the MRI image.
In general, based on the excellent evaluation performance of
the proposed method on all 4 tasks, it can be proven that it is an

effective way for AD/MCI diagnosis and is able to help doctors to
diagnose the AD/MCI in clinical setting with the high value of the
ACC. In addition, the proposed method belongs to the traditional
machine learning and its focus is on feature analysis and feature
selection. The experiment result has proven two factors. The ﬁrst
one is that the research on traditional machine learning methods
for diagnosing AD/MCI is still be signiﬁcant. And, the second one is
that the AD/MCI diagnostic method can be improved by using the
high-order correlation among features. On the other hand, by comparing the proposed method with the deep learning method, it is
not appropriate to simply draw conclusion that traditional machine
learning methods are better than deep learning methods in AD/MCI
diagnosis just through the ﬁnal result metrics. Because the ﬁnal
results are related to speciﬁc testing sets which cann’t be guaranteed to be same between comparison methods. we just make
sure these methods are all based on ADNI database. Our results
have proved the traditional machine learning method is still a good
choice for AD/MCI diagnosis.
4. Discussion
The previous analysis of the experimental result can prove that
the proposed method is an effective AD/MCI diagnosis method.
The main innovation is to emphasize the high-order correlation
among features. Therefore, how the high-order correlation affects
the ﬁnal classiﬁcation result will be investigated by analyzing several related parameters and the feature selection process.
4.1. Effects of the parameter K
The K indicates the number of related features to be chosen after
a top-ranked feature is selected. Therefore, analyzing these parameters can reﬂect how the high-order correlation affects the process
of feature selection. When evaluating the parameter K, the ten fold
cross-validation strategy was adopted, and the ﬁnal result is the
average one. As can be seen from Fig. 6, the accuracy varies with
the changing of K. When K = 0, it means the proposed method will
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Fig. 7. The classiﬁcation accuracy versus value of ␥ on 4 tasks: (a)NC vs. AD, (b)NC vs. MCI, (c)MCI vs. AD, (d)3-way.

select features just according to the ranking result of features and
ignore the correlation among features. In other words, the proposed
method will be the same as the SVM-RFE one.
What can be found from Fig. 6 is listed as follows: First, the curve
of the accuracy rate will appear as a clear peak and eventually tend
to be stable with the increase of K. The growth of accuracy before
reaching the highest point indicates that appropriately employing the high-order correlation among features can improve the
ﬁnal classiﬁcation accuracy. However, when the classiﬁcation accuracy reaches the highest point, the accuracy will start to decrease
with the continuously increasing of the K. This process indicates
that overemphasizing the high-order correlation and neglecting
the strength of feature itself may cause opposite effect. Note that
especially in Fig. 6(b) and Fig. 6(c), the ﬁnal stable accuracy is even
lower than the accuracy obtained where K = 0. Second, for different classiﬁcation tasks, the optimal value of K may be different.
From Fig. 6, it can be found that the K value corresponding to the
highest accuracy in the four ﬁgures are not the same. In Fig. 6(a),
the optimal value of K is 4. In Fig. 6(b) and Fig. 6(c), the optimal
value of K is 1, and in Fig. 6(d), the optimal value of K is 3. Therefore, for different classiﬁcation tasks, the parameter K needed to be
individually determined for a speciﬁc sample set. Third, even with
10-fold cross-validation method, the average accuracy obtained by
this method is still considerable. In Fig. 6(a), the highest accuracy
is close to 97%. In Fig. 6(b) and Fig. 6(c), both the highest accuracy
are close to 95%. And in Fig. 6(d), the accuracy of 3-way is over 86%.
On the other hand, these results can prove the robustness of the
proposed method.
4.2. Effects of the parameter 
The parameter ␥ indicates the number of feature clusters. Before
the feature selection, all features will be clustered according to
the high-order correlation among features. Furthermore, features
contained in the same cluster will be ensured to have a strong highorder correlation and to have a weak or no high-order correlation
with these features in other clusters. The number of feature clus-

ters ␥ is a parameter that needs to be set in advance and it will
have an impact on the ﬁnal classiﬁcation result. With the value of ␥
increasing, the number of features grouped to each feature cluster
will decrease and the measurement of high-order correlation will
be more precise. However, if ␥ is set to be too large, the number
of features in some clusters will be too small (even less than 2)
to seek related features. Therefore, how to set a proper number of
feature clusters is very important for the proposed method. Some
experiments have been evaluated to analyze the impact of ␥ on the
classiﬁcation accuracy, and all results are presented in Fig. 7. Note
that, ␥ = 1 indicates all features are put into one cluster. It means
the relationship among features is ignored and features are chosen
just by the ranking score. In other words, this method is changed
into the original SVM-RFE method.
From Fig. 7, It can be found that as the number of feature clusters increases, the accuracy rate will increase at the beginning, then
decrease and ﬁnally be stable on all four classiﬁcation tasks. For
example, in Fig. 7(a), when the number of feature clusters changes
from 6 to 7, the accuracy increases by 5%. However, when the value
changes from 9 to 10, the accuracy decreases by 3%. Eventually,
with the value of ␥ increasing continuously, the accuracy will stabilize to 94.5%. So, setting a proper number of feature clusters will
signiﬁcantly improve the classiﬁcation accuracy. In Fig. 7 (b), when
the ␥ is set between 2–9, the accuracy is 2.5% higher than when
set between from 10 to 20. In Fig. 7(a) and Fig. 7(c), the accuracy
is going to vary about 5% depending on whether ␥ is set properly
or not. In Fig. 7(d), when the ␥ is set between 3–9, the accuracy is
almost 10% higher than the ␥ is set to 2.
In order to clearly show how the classiﬁcation performance is
affected by the hyperparameters of K&␥, a 3-way experimental
result is presented in a color map (as shown in Fig. 8). The brightness of the color indicates the accuracy level, where the bright color
presents the higher accuracy rate and the dark color indicates lower
accuracy rate. As shown in Fig. 8, on the one hand, the point representing the highest accuracy rate is concentrated in the area where
K is in 3–5, and ␥ is in 3–5. In other words, the accuracy of 3-way
task exceeds 90% in this area, which explores that the classiﬁcation
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Fig. 8. The classiﬁcation accuracy versus values of K& ␥ on 3-way task.

performance can be signiﬁcantly improved by setting the proper
value of K&␥. On the other hand, when the point is far away from
the high-accuracy concentration area, the ﬁnal classiﬁcation accuracy will decrease a lot by setting the value of K&␥ too large or
too small. Especially when ␥ is set to be greater than 15, and K
is set to 1 or 9, the accuracy is even lower than 70%. Overall, this
experiment result explores that the ﬁnal classiﬁcation accuracy can
be improved by appropriately adopting the high-order correlation
among features. However, it should be noticed that overemphasizing the usefulness of the high-order correlation and neglecting the
strength of feature itself may cause opposite effect.
4.3. Process of features selection
In this section, how the number of sequence features (sequence
features mean the feature subset that generated in each iteration)
affects the classiﬁcation accuracy will be evaluated and the result

is presented in Fig. 9. From the Fig. 9, it can be found that the accuracy is improved sharply at the beginning, and the optimal subset is
identiﬁed in a very quick way. That is because top-ranked features
and its highly relevant features are added into the feature subset at
the beginning. For example, in Fig. 9(a), the accuracy is signiﬁcantly
increased when the number of features in subset changes from 0
to 11. When the number of features equals to 11, the best accuracy
is achieved, more than 95%. In the other three ﬁgures of Fig. 9, the
proposed method can obtain the optimal feature subset within the
ﬁrst ten choices. To be more speciﬁc, Fig. 9(b) can achieve the best
accuracy at the 5th choosing iteration, Fig. 9(c) is in the 9th iteration,
and Fig. 9(d) is 7th iteration. We also found that even though only
eight morphometric features have been extracted totally in feature extraction part, they almost make up half of the ﬁnal optimal
subset. In addition, after going through the best point, the accuracy
rate begins to decrease signiﬁcantly when more features are chosen
into the feature subset. It means that selecting too many features
not only can not improve the feature subset, but also may interfere with other features so as to cause the opposite result. Another
ﬁnding is that the accuracy rate tends to be stable eventually. This
is because a large number of features have been added to the feature subset in the early stage, and the rest of features selected in
the ﬁnal stage are regarded as less important ones in the proposed
method. These features have less impact on the accuracy. Overall,
it can be proven that the proposed method is an efﬁcient feature
selection method because it has the ability to obtain the optimal
feature subset quickly.
5. Conclusion
In this paper, an effective classiﬁcation method for diagnosing
the AD/MCI, which is based on detecting high-order correlation
among features, has been proposed. This method has the ability
to make full use of more complicated relations among features
to generate better feature subset. Comparing with our previous
work which only considers the pairwise relationship between features, the HOCDF can obtain better feature subset in the process

Fig. 9. The classiﬁcation accuracy versus the number of sequence features on 4 tasks: (a)NC vs. AD, (b)NC vs. MCI, (c)MCI vs. AD, (d)3-way.
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of feature selection so as to facilitate the process of diagnosing the
AD/MCI. This proposed method has also been evaluated on the ADNI
database. According to the experiment result, it can be seen that the
proposed method is an effective method for improving the AD/MCI
classiﬁcation performance and achieves a signiﬁcant improvement
by comparing with other state-of-the-art counterpart methods.
Beyond that, there are some future works needed to be done to
improve the proposed method. Firstly, more datasets like pMCI,
sMCI and multi-dimensional medical images such as FDG-PET
should be evaluated on the proposed framework so as to show the
generality of the proposed framework. Secondly, except the texture and morphometric features, more types and more numbers
of features should be extracted from original images, especially the
feature which can be interpreted from the neurobiological perspective. So it can be seen that how the optimal feature subset related
to the pathology of AD and MCI. Besides, more diverse and more
robust features can be extracted by using the method mentioned
in [53]. Thirdly, the computational time is an important metric
to show the efﬁciency of the proposed method. In this paper, the
current implementation efﬁciency of our method is relatively low,
especially the feature extraction process and feature selection process take a relatively long time. In future, we plan to borrow the
idea from the [54,55] to further improve the computational efﬁciency and classiﬁcation performance of the proposed method. Last
but not the least, the visualization of intermediate results, such
as features selected with a high-order correlation and corresponding hypergraphs, would be useful to clearly show the effectiveness
of the proposed method. But it is still an important and challenge
work, which will be considered as a future research work.
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