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Classification of Alzheimer’s Disease Using
Whole Brain Hierarchical Network

Jin Liu, Min Li*¥, Wei Lan™, Fang-Xiang Wu, Yi Pan*, and Jianxin Wang

Abstract—Regions of interest (ROIs) based classification has been widely investigated for analysis of brain magnetic resonance
imaging (MRI) images to assist the diagnosis of Alzheimer’s disease (AD) including its early warning and developing stages, e.g., mild
cognitive impairment (MCI) including MCI converted to AD (MClc) and MCI not converted to AD (MCInc). Since an ROI representation of
brain structures is obtained either by pre-definition or by adaptive parcellation, the corresponding ROl in different brains can be
measured. However, due to noise and small sample size of MRI images, representations generated from single or multiple ROls may not
be sufficient to reveal the underlying anatomical differences between the groups of disease-affected patients and health controls (HC). In
this paper, we employ a whole brain hierarchical network (WBHN) to represent each subject. The whole brain of each subject is divided
into 90, 54, 14, and 1 regions based on Automated Anatomical Labeling (AAL) atlas. The connectivity between each pair of regions is
computed in terms of Pearson’s correlation coefficient and used as classification feature. Then, to reduce the dimensionality of features,
we select the features with higher F'— scores. Finally, we use multiple kernel boosting (MKBoost) algorithm to perform the classification.

Our proposed method is evaluated on MRI images of 710 subjects (200 AD, 120 MClc, 160 MCinc, and 230 HC) from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database. The experimental results show that our proposed method achieves an accuracy of
94.65 percent and an area under the receiver operating characteristic (ROC) curve (AUC) of 0.954 for AD/HC classification, an accuracy
of 89.63 percent and an AUC of 0.907 for AD/MCI classification, an accuracy of 85.79 percent and an AUC of 0.826 for MCI/HC
classification, and an accuracy of 72.08 percent and an AUC of 0.716 for MClc/MClnc classification, respectively. Our results
demonstrate that our proposed method is efficient and promising for clinical applications for the diagnosis of AD via MRl images.

Index Terms—Alzheimer’s disease, regions of interest, hierarchical network, classification

1 INTRODUCTION

ALZHEIMER’S Disease (AD) is a degenerative brain disease
and the most common cause of dementia. The symptoms
of dementia include memory loss and difficulties with think-
ing, problem-solving or language, which seriously affect
patient’s daily life. Mild cognitive impairment (MCI) [1] is an
early stage of AD characterized by significant cognitive
impairment in the absence of dementia. In the United States,
there are more than 5.2 million people with Alzheimer’s dis-
ease in 2014, and it is estimated that 13.8 million Americans
have AD [2] by 2050. Precise prediction and diagnosis of AD,
especially at its early warning stage such as MCI, have become
a crucial step to delay or even avoid dementia.

Neuroimaging techniques provide a way for clinicians to
examine the structural and functional changes in the brain
associated with the development of diseases in vivo [3], [4],
[5], [6]. Commonly used modalities include magnetic reso-
nance imaging (MRI), functional magnetic resonance imaging
(fMRI), positron emission tomography (PET), single-photon
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emission computed tomography (SPECT), and diffusion
tensor imaging (DTI). Owning to its easy access in clinical set-
tings, MRI receives the most attention of researchers com-
pared with other modalities. The structural changes in the
brain associated with AD can be non-invasively assessed
using MRI. As shown in Fig. 1, AD patients typically have evi-
dence of cortical atrophy, and enlarged ventricles in compari-
son with health controls (HC). Medial temporal lobe (MTL)
atrophy as assessed using MRI has proven to be an effective
clinical aid in the early diagnosis of AD [7], [8], [9], and histo-
logical studies show that the hippocampus, amygdala and
entorhinal cortex are particularly vulnerable to AD pathology
(3], [10], [11], [12].

Regions of interest (ROIs) based analysis has become one
of the most popular approaches for automatic AD diagno-
sis. By directly accessing to the structures provided by MRI,
brain ROIs can be utilized to identify the anatomical differ-
ences between populations of AD, MCI and HC, and subse-
quently determine the AD-related characteristics to assist
diagnosis, prognosis, as well as evaluation of MCI progres-
sion and treatment effects. The determination of each ROl is
the key for ROIs based analysis methods. Once ROIs have
been determined either by predefinition or by adaptive par-
cellation, each ROI can be used as feature for classification.
ROIs based methods can be divided into two groups accord-
ing to the number of ROIL single ROI methods [8], [13]
and multiple ROIs methods [14], [15], [16], [17]. Chupin
et al. [13] proposed a segmentation method to obtain hippo-
campus and used the obtained hippocampal volumes to
automatically discriminate among AD, MCI and HC
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Fig. 1. Cross sections from MRI images of HC (the top row) and AD (the
bottom row).

subjects. Ahmed et al. [15] combined hippocampus visual
features and cerebrospinal fluid (CSF) volume to yield an
automatic classification framework for AD diagnosis. To
discriminate between AD and HC subjects, Magnin et al.
[14] used 90 ROIs to represent whole brain features via a
common template. Liu et al. [17] used 83 ROIs to represent
whole brain features. In this paper, we focus on multiple
ROIs methods of the whole brain because brain structural
changes of neurodegeneration diseases such as AD may
occur not in single ROI, but in multiple ROIs and even the
whole brain. Furthermore, disease-induced brain structural
changes may not only be ROIs themselves, but also the cor-
relation among ROIs. Therefore, the correlation changes
may be more efficient to discriminate AD, MCI and HC.

It is widely reported that brain is a complex network and
recently, brain network based methods [18], [19] have been
increasingly popular in medical image analysis by neuroim-
aging techniques. Brain network based methods have also
been applied to accurately identify individuals with AD and
MCI from HC [20], [21], [22], [23], [24]. For example, Yao
et al. [21] calculated the network properties for AD, MCI,
HC, respectively, to investigate the abnormality among the
three groups. Dai et al. [23] established a network based on a
kernel-based method for each subject using mean cortical
thickness and the network edges were used as features to
make prediction of AD/NC through support vector mac-
hines with radial basis function (RBF-SVM). Li et al. [22] con-
structed individual networks based on the correlation
between the longitudinal thickness changes of different ROls
and used the network features to train an SVM to predict AD
and MCI patients. Commonly used brain network methods
can be categorized into two groups: group network and indi-
vidual network. The former constructed a network for each
group of subjects and investigated the abnormality of net-
work measures in patients, while the latter established a net-
work for each subject and these networks were used as
features for disease diagnosis. Because of individual network
differences, the latter is considered in this paper.

Texture analysis [25] is an important and useful area of
study in machine vision. Most natural surfaces exhibit tex-
ture and a successful vision system must be able to deal with
the textured world surrounding it. Texture analysis methods
have been utilized in medical image analysis [26], [27], [28].

The gray level co-occurrence matrices (GLCM)[25] have
become one of the most well-known and widely used texture
features and have also been applied to AD studies [29], [30].

In this paper, in order to generate a rich representation of
anatomical structures that will be more discriminative to
separate different groups of subjects, we propose to con-
struct a whole brain hierarchical network (WBHN) to mea-
sure the correlation of two ROIs. This hierarchical network
includes four layers and each layer includes the different
number of ROIs. In order to consider different information
provided by ROIs of different sizes, unlike most existing
ROIs based methods [13], [14], [15] which register their sub-
jects to a single atlas via different registration strategy, we
propose to register each subject to four different template
based on Automated Anatomical Labeling (AAL) atlas [31].
In this hierarchical network, AAL [31] atlas is first applied
to register the whole brain to 90 ROIs for each subject. Then,
the original 90 ROIs are combined to form the other three
templates via different rules. Next, we connect all the ROIs
in the four templates to form this hierarchical network.
Afterwards, texture features of each region are calculated
and the connectivity between two regions is also calculated
by Pearson correlation of texture features of them and used
as classification features. Subsequently we select the top
ranked features from the extracted features by an F-score
method. Finally, we use the MKBoost-S2 [32] algorithm for
the classification. The main contributions of this paper can
be summarized as follows:

e A hierarchical network is constructed to provide the

complementary information for classification.

e New ROIS combinations and feature selection meth-

ods are also proposed.

e The MKBoost based classification method is used for

AD and MCI diagnosis based on MRI data.
By performing 10-fold cross validation with the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) dataset [33],
our proposed method achieves a very promising perfor-
mance for AD/HC, MCI/HC, AD/MCI, and MClIc/MClInc
classification.

The rest of the article is organized as follows. we first
describe the details of the proposed method in the section
MATERIALS AND METHODS. Then, we illustrate the
experiments and discuss comparison results in the section
RESULTS AND DISCUSSION. Finally, we draw conclu-
sions in the section CONCLUSION.

2 MATERIALS AND METHODS

2.1 Data Description

Data used for evaluation of our proposed method are taken
from ADNI database [33]. The primary goal of the ADNI
has been to test whether MRI, PET, other biological markers,
and clinical and neuropsychological assessment can be com-
bined to measure the progression of MCI and early AD.
Determination of sensitive and specific markers of very
early AD progression is intended to aid researchers and
clinicians to develop new treatments and monitor their
effectiveness, as well as lessen the time and cost of clinical
trials. For more details with the ADNI database, please see
http:/ /adni.loni.usc.edu/.
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TABLE 1
Demographic Information of 710 Subjects
(from ADNI Database)

Diagnostic Number Age Gender MMSE
Type M/F)

HC 230 77.13+£6.24 116/84 29.16 + 0.82
MClInc 160 76.26 £5.35 89/71  27.56 +1.18
MClIc 120 75.95+6.27 53/67  26.38 £1.52
MCI 280 76.114+5.98 142/138 26.97 £1.34
AD 200 76.63 £5.91 122/108 23.54 +2.07

The values are denoted as mean + standard deviation.

In our experiments, we used the T;-weighted MRI data
obtained by the ADNI acquisition protocol in [34] from 710
ADNI participants. The cohort consisted of 200 patients with
Alzheimer’s Disease, 120 subjects that had mild cognitive
impairment and converted to AD within 18 months (MClIc),
160 subjects with mild cognitive impairment that did not con-
vert (MClInc) and 230 healthy controls (HC). Table 1 presents
a summary of the demographic information of these 710 sub-
jects from the ADNI database in this paper. Mini Mental State
Examination is abbreviated to MMSE in Table 1.

2.2 Data Preprocessing

A four-step preprocessing procedure is applied to each MRI
brain image. First, non-parametric non-uniform bias correc-
tion (N3) algorithm [35] is used to correct intensity inhomo-
geneity. Second, the skull and cerebellum are removed by
using BET [36]. Third, each MRI brain image is further seg-
mented into three tissue types, namely gray matter (GM),
white matter (WM) and CSF by using FAST [37]. Finally, all
brain images are affine aligned by FLIRT [38], [39].

2.3 Hierarchical Network Construction
2.3.1 Anatomical Parcellation

In order to parcellate the whole brain, AAL atlas previously
proposed by Tzourio-Mazoyer et al. [31] is used, which is
shown in Fig. 2. This atlas parcellates the brain into 90 cerebral
regions (45 in each hemisphere) and 26 cerebellar regions
(nine in each cerebellar hemisphere and eight in the vermis).
Details of AAL regions can be found in a XML file (ROI_
MNI_V4.xml) of AAL package (www.cyceron.fr/index.php/
en/plateforme-en/freeware). Cerebellar regions are typically
not considered to be related to AD and dementia [14], [40],
and have therefore been removed from the analysis.

2.3.2 Hierarchical Description

As some ROIs in the existing ROIs have a certain neighborhood
and functional dependencies, for example, Cingulum_Ant,

Coronal View

Axial View

Sagittal View

Fig. 2. AAL atlas. Different colors represent different regions.

Fig. 3. Whole brain hierarchical network.

Cingulum_Mid and Cingulum_Post are a part of Cingulum;
Cingulum_Ant, Cingulum_Mid, Cingulum_Post, Hippocam-
pus, ParaHippocampal and Amygdala are a part of limbic sys-
tem, these ROIs are integrated to generate new ROIs. In this
article, we define the layers L., where ¢ =1, 2, 3, 4, to represent
a brain of different number of ROIs as shown in Fig. 3. The
details of each layer are as follows:

e The layer L, contains 90 original ROIs based on AAL
atlas.

e The layer L3 contains 54 ROIs. A group of ROIs in
Ly are merged into an ROI in Lj if their first two
digits and the last digit are the same, for example,
Cingulum_Ant L (4001), Cingulum_ Mid L (4011)
and Cingulum_ Post_L (4021) are considered as an
ROl in the layer Ls.

e Similar to the process of the layer L;. A group of ROIs
in Ly are merged into an ROl in Ly if their first and the
last digit are the same, for example, Cingulum_Ant L
(4001), Cingulum Mid L (4011), Cingulum Post L
(4021), Hippocampus_L (4101), ParaHippocampal L
(4111) and Amygdala_L (4201) are considered as an
ROl'in the layer Ly. The layer L, contains 14 ROIs.

e Thelayer L, contains only one ROI, that is the whole
brain.

2.3.3 The Representation and Connectivity of the ROls

In this section, GLCM is used to extract 3D texture parame-
ters[41] of each ROI in 0°, 45°, 90° and 135° directions. These
parameters include energy, contrast, inverse difference
moment, entropy, difference variance and difference
entropy as shown in Table 2. In Table 2, p,_,(I) =>",_,
ijl p(i,7), uy—y is the average value of p, ,(I), where
l=1|i—j|, p(i,j) is the value of GLCM. For more details,
please see [41]. We then calculate the average texture
parameters of each ROI in four directions. A six-dimen-
sional vector comprising the mean value of each texture
parameter is used to represent each ROI. Afterwards, the
connectivity between each pair of ROIs is evaluated by
Pearson’s correlation coefficients, resulting in (90 x 89 +
54 x 53+ 14 x 13)/2 4 0 + (90 x 54 + 90 x 14+ 90 x 1) + (54 x
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TABLE 2
Texture Parameter Formula
Parameter Formula
Energy Zz‘:l Z]‘:l p(i,j)2
Contrast

Zi:l E]‘:1 (i— j)gp(iyj)
> ijl mi’@d)

Inverse Difference Moment

Entropy =it Z,;‘:1 p(i, j)log (p(3, 7))
Difference Variance o (= tay)’poy (D)
Difference Entropy — > 1m0 Po—y(D1og (po—y (1))

14 +54 x 1)+ (14 x 1) = 12,561 dimensional connectivity

feature vectors for each subject.

Finally, a whole brain hierarchical network can be con-
structed as shown in Fig. 3, the ROIs correspond to its nodes
and the connectivity between two ROIs correspond to its
edges. These connections are the features used in all subse-
quent analyses.

2.4 Feature Selection

Given that some features are uninformative, irrelevant or
redundant for classification, reducing a number of features
not only speed up computation, but also improve classifica-
tion performance. Therefore, an initial feature selection step
was adopted. The feature ranking approach [42], [43], [44],
[45] has been widely used in feature selection. F-score [46]
is a simple, generally quite effective technique which meas-
ures the discrimination of two sets of real numbers and
used in previous studies [44], [45]. In this study, the F-score
method is employed for feature ranking.

Given training vectors z, k = 1,...,m, if the number of
positive instances (i.e., HC) and negative instances (i.e., AD)
are n; and n_, respectively, then the F-score of the ith fea-
ture is defined as

1)

(+) 7

where 7;, T , / are the average of the ith feature of the

whole, positive, and negative data sets, respectively; :r,it) is

the ith feature of the kth positive instance, and 12? is the ith
feature of the kth negative instance. The numerator indi-
cates the discrimination between the positive and negative
sets, and the denominator indicates the one within each of
the two sets. The larger the F-score is, the more likely this
feature is more discriminative. Therefore, we use this score
as a feature selection criterion.

2.5 Classification and Multiple Kernel Learning
Multiple Kernel Learning (MKL) is a promising family of
machine learning algorithms using multiple kernel func-
tions for various challenging data mining tasks [32], [47],
[48], [49]. In this paper, we use MKBoost algorithm pro-
posed by Hao et al. [32] for classification tasks. For each
data set, we create a set of 13 base kernels, i.e.,

e Gaussian kernels with 10 different widths ({27,
273, ...,2* 2°}) on all features.

e Polynomial kernels of degree 1 to 3 on all features.

For the implementation of the final classification, by
default, we set the total number of boosting trials 7" to 100,
the boosting sampling ratio to 0.2, and the sampling decay
factor to 275 for MKBoost-52. For SVM, we adopt the popu-
lar LIBSVM toolbox [50] as the SVM solver, with a default
value for the parameter C (= 1).

3 RESULTS AND DISCUSSION

3.1 Evaluation Protocol
The evaluation of our proposed method is conducted on

four different classifications in Alzheimer’s disease
diagnosis:

e D1: AD/HC classification;

e D2: AD/MCI classification;

e D3: MCI/HC classification;

e D4: MCIc/MClnc classification;

AD/HC classification is relatively simple, while MClc/
MClInc is the most difficult and has received relatively little
attention in the previous studies. However, in order to pos-
sibly prevent the conversion from MCI to AD, from HC to
MCI and from MClInc to MClc via timely therapeutic inter-
ventions, the latter three diagnoses (D2~D4) are the more
important than the first diagnosis (D1).

In this article, a 10-fold cross validation strategy is
employed to evaluate the performance of the classifier. In
brief, the whole set of subject samples are equally partitioned
into 10 subsets, and each time the subject samples within one
subset are successively selected as the testing samples and all
remaining subject samples in the other nine subsets are used
for training the classifier. The classifier is built for each train-
ing set and tested with its corresponding testing subjects. This
process is repeated for 100 times independently to avoid any
bias introduced by randomly partitioning the dataset in the
cross validation. Accuracy (ACC), sensitivity (SEN), and spec-
ificity (SPE) are used to quantify the performance of the classi-
fier based on the results of 10-fold cross validation. The three
metrics are calculated by the following formulas:

TP +TN
ACC = 2
ce TP+ TN + FP + FN &
TP
EN = ————
5 TP + FN ©)
TN
PE = —— 4
S TN + FP’ @

where TP, FP, TN, and FN are the numbers of true positives,
false positives, true negatives, and false negatives, respec-
tively. In addition, we also report the area under receiver
operating characteristic (ROC) curve (AUC). The AUC value
is an important index to measure the overall-performance of
classification methods, and the higher the AUC value, the bet-
ter the performance of the classification method.

3.2 Overall Classification Performance

An overview of the proposed classification framework is
summarized in Fig. 4. As shown in Fig. 5, the accuracy of
the classifier based on MKBoost algorithm could reach up

Authorized licensed use limited to: Central South University. Downloaded on July 26,2020 at 09:44:10 UTC from IEEE Xplore. Restrictions apply.



628

Connectivity in each layer

MRI data

AAL atlas

A
Classification 4, - - E -
Result o

4
= Selected feanures E

All features

. _ Hicrarchical network
Classifier

Fig. 4. Schematic diagram illustrating the proposed classification
framework.

to 94.65 percent (95.03 percent for sensitivity, 91.76 percent
for specificity) by using the 550 top ranked features for AD/
HC classification, 89.63 percent (91.55 percent for sensitiv-
ity, 86.25 percent for specificity) by using the 600 top ranked
features for AD/MCI classification, 85.79 percent (88.91 per-
cent for sensitivity, 80.34 percent for specificity) by using
the 450 top ranked features for MCI/HC classification and
72.08 percent (75.11 percent for sensitivity, 71.05 percent for
specificity) by using the 300 top ranked features for MClc/
MClInc classification, respectively. Thus, by selecting the top
ranked features with the best classification accuracy for the
above four classifications, the AUC value of the classifier is
0.954, 0.907, 0.826, 0.716, respectively, as shown in Table 3.

3.3 Comparison of Different Features
All features in this article include the following;:

e  [7,:the features (4,005) from the correlation between
each pair of ROIs of the layer Ly;

e  [7,:the features (1,431) from the correlation between
each pair of ROIs of the layer Ls;

e Fj,: the features (91) from the correlation between
each pair of ROIs of the layer L;

e [, : the features (0) from the correlation between
each pair of ROIs of the layer L;;

e Fp,: the features (4,860) from the correlation bet-
ween each ROI of the layer L, and each ROI of the
layer Ls;

e [7,: the features (1,260) from the correlation bet-
ween each ROI of the layer L, and each ROI of the
layer Ly;

100

951

90

85f

80

75F

701 R
651 R
b

Classification accuracy (%)

60 —A— D4
—e—D3

55 —o— D2
—— D1

50

100 200 300 400 500 600 700 800 900 1000
Number of top ranked features

Fig. 5. Classification accuracy for four different classification process.
The features are ranked according to F-scores in descending order.
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TABLE 3
The Best Performance for Single and Multiple Kernel Classifiers
Classification Classifier ACC(%) SEN(%) SPE(%) AUC Features
C1 91.68 90.34 94.58 0922 450
AD/HC C2 92.85 95.19 89.72 0937 550
C3 94.65 95.03 91.76 0954 550
C1 85.69 90.78 79.16 0.875 450
AD/MCI C2 86.74 93.16 8549 0.882 650
C3 89.63 91.55 86.25 0.907 600
C1 84.01 75.24 88.17 0.816 450
MCI/HC C2 83.55 87.75 7829 0.807 400
C3 85.79 88.91 80.34 0.826 450
C1 70.56 62.15 7346 0.689 300
MClIc/MClInc C2 70.97 74.80 68.33 0.702 300
C3 72.08 75.11 71.05 0.716 300

e [y, : the features (90) from the correlation between

each ROI of the layer L, and each ROI of the layer L;;

e [T, the features (756) from the correlation between

each ROI of the layer L and each ROI of the layer Ly;

e [, the features (54) from the correlation between

each ROI of the layer L and each ROI of the layer L;;

e Fj,: the features (14) from the correlation between

each ROI of the layer Ly and each ROI of the layer L;;

To investigate the classification performance of our pro-

posed hierarchical network features, we put all the features
into four different feature sets as follows:

F1=F Lys

F2 = FL4 +FL3 + FL2 + FLI/'

F3=Fry + Fry, + Fry + Frgy + Fryy + FLy
F4=F2+F3.

It is obvious that /"2 contains F'1 and the only difference
between F2 and F4 is that the latter contains F3. Fig. 6
shows the classification accuracy by using different feature
sets (F'1, F'2, F'3 and F4) in the aforementioned four classifi-
cation problems. As shown in Fig. 6, the best classification
accuracy of F'2 outperform F1 in AD/HC, AD/MCI, MCI/
HC and MClc/MClnc classification, and the best classifica-
tion accuracy of F'4 outperform F2 in AD/HC, AD/MCI,
MCI/HC and MClIc/MClInc classification. Therefore, add-
ing the hierarchical network features (including same-layer
features (/2 — F'1) and between-layer features (£'3)) helps
to improve classification performance. The results demon-
strate that feature representation based on whole brain hier-
archical network can provide more abundant and effective
classification information.

3.4 Comparison between Single and Multiple
Kernel Classifiers

To further investigate the effectiveness of MKBoost classi-
fiers, two single kernel classifiers, a linear kernel SVM clas-
sifier and a Gaussian kernel (0 = 1) SVM classifier, are
trained and tested with the same procedure as in the pro-
posed framework. For fair comparison, default parameters
(i.e., C=1) is used for the three classifiers. Fig. 7 shows that
MKBoost classifier achieves the best accuracy when the top
ranked features are used in the aforementioned four classifi-
cation problems. Results in Table 3 show that MKBoost clas-
sifier performs better than single kernel SVM classifiers in
terms of ACC, SEN, SPE, and AUC values. Linear SVM
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Fig. 6. The accuracy for classification by using different feature sets. The
features of each set are ranked according to F-scores in descending
order.

classifier, Gaussian SVM classifier and MKBoost classifier in
Table 3 are denoted as C1, C2 and C3, respectively.

3.5 Comparison with Existing Classification
Methods

In this section, we compare our results with several recently

reported methods on AD classification, based on single ROI
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Fig. 7. The accuracy for classification by using linear SVM, Gaussian
SVM and MKBoost classifiers. The features are ranked according to
F-scores in descending order.

[13], multiple ROIs [15], and whole brain [51], [52], demon-
strating the superiority of the proposed method. For fair
comparison, the data sets of these experiments are the
same. Although Suk et al. [51] proposed the multi-modality
based approach, only the results based on MRI data are
reported in this article. Tables 4, 5, 6, and 7 present the
comparative results for AD/HC classification, AD/MCI
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TABLE 4
Comparison to Existing Works Using MRI Data
of ADNI for AD/HC Classification

TABLE 6
Comparison to Existing Works Using MRI Data
of ADNI for MCI/HC Classification

Method ACC(%) SEN(%) SPE(%) AUC  Method ACC(%) SEN(%) SPE(%) AUC
Chupin et al. 2009 [13] 80.51 78.76 82.16  0.785 Chupin et al. 2009 [13] 71.94 65.79 7418 0.716
Ahmed et al. 2015 [15] 86.40 77.61 93.28  0.849 Ahmed et al. 2015 [15] 76.29 72.30 81.53 0.768
Suk et al. 2014 [51] 93.05 90.86 94.57  0.948 Suk et al. 2014 [51] 83.67 96.79 57.28  0.820
Khedher et al. 2015 [52]  88.96 92.35 86.24  0.926 Khedher et al. 2015 [52]  82.41 84.12 80.48 0.813
Dai et al. 2013 [23] 90.81 92.59 90.33  0.943 Dai et al. 2013 [23] 81.92 78.51 88.34 0.812
WBHN 94.65 95.03 91.76  0.954 WBHN 85.79 88.91 80.34  0.826
TABLE 5 TABLE 7
Comparison to Existing Works Using MRI Data Comparison to Existing Works Using MRI Data
of ADNI for AD/MCI Classification of ADNI for MClc/MClnc Classification
Method ACC(%) SEN(%) SPE(%) AUC  Method ACC(%) SEN(%) SPE(%) AUC
Chupin et al. 2009 [13] 73.48 70.35 76.98  0.733 Chupin et al. 2009 [13] 64.21 69.74 6245 0.664
Ahmed et al. 2015 [15] 74.51 77.94 7123  0.756 Ahmed et al. 2015 [15] 68.72 67.38 70.69  0.681
Suk et al. 2014 [51] 88.98 82.11 90.65  0.901 Suk et al. 2014 [51] 72.86 40.55 88.49 0.712
Khedher et al. 2015 [52] ~ 84.59 88.75 83.07 0.886 Khedher et al. 2015 [52]  70.11 68.61 7416  0.708
Dai et al. 2013 [23] 85.92 82.46 87.59 0.874 Dai et al. 2013 [23] 71.04 65.98 7556  0.709
WBHN 89.63 91.55 86.25  0.907 WBHN 72.08 75.11 71.05  0.716

classification, MCI/HC classification and MClc/MClInc
classification, respectively. Details of each method are given
in the tables.

For AD/HC classification, although the specificity (91.76
percent) of our method is not the best (lower than the other
two methods proposed by Ahmed et al. [15] (93.28 percent)
and Suk et al. [51] (94.57 percent)), its accuracy (94.65 per-
cent) and sensitivity (95.03 percent) are the best. For
AD/MCI classification, similar to AD/HC classification,
although Suk et al. [51] obtains the best specificity, its accu-
racy (88.98 percent) and sensitivity (82.11 percent) is lower
than our method (89.63, 91.55 percent). For MCI/HC classi-
fication, our method obtains the best accuracy and its speci-
ficity and sensitivity are relatively high (> 80 percent).
Although Suk et al. [51] obtains the highest sensitivity, their
specificity (57.28 percent) is very low and although Dai
et al. [23] obtains the highest specificity, their specificity is
relatively low (< 80 percent). The results of MClc/MClInc
classification are similar with AD/MCI classification, Suk
et al. [51] also obtains the best sensitivity and its accuracy,
but its sensitivity (40.55 percent) is nearly 35 percent lower
than our method (75.11 percent). In clinical setting, the accu-
racy is more important than the sensitivity and the
specificity.

As can be seen from Tables 4 to 7, the methods based on
whole brain substantially outperform both single ROI
method proposed by Chupin et al. [13] and multiple ROIs
method proposed by Ahmed et al. [15], in terms of ACC,
SEN, SPE and AUC. This result indicates that AD may be
related to many regions of the brain, rather than the specific
one or several regions, which is in agreement with many
existing reports [23], [51], [52].

The AUC has widely been used to evaluate the perfor-
mance of predictive and diagnostic tests in brain disease
as well as other areas. In particular, the AUC can be
thought as a measure of the overall performance of pre-
dictive and diagnostic tests. For the aforementioned four

classifications, Tables 4, 5, 6, and 7 clearly show that our
proposed method is better than any other competing
methods in terms of AUC and demonstrate that our pro-
posed method is more robust.

4 CONCLUSION

In summary, we have developed a whole brain hierar-
chial network to extract features for MRI-based classifica-
tion of AD in this paper. In the hierarchial network, in
addition to the texture features of the ROIs, the spatial-
correlations are also used for the better classification accu-
racy. To deal with the challenge of high-dimension fea-
tures obtained from raw feature spaces during AD
classification, the features are selected according to
F-scores. In order to improve performance, we have used
a multiple kernel classifier (MKBoost) to do the final clas-
sification. Experimental results on the MRI data from
ADNI database show that our proposed method is effi-
cient and is promising for clinical applications for the
diagnosis of AD.
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