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Abstract—Functional connectivity (FC) networks built from
resting-state functional magnetic resonance imaging (rs-fMRI)
has shown promising results for the diagnosis of Alzheimer’s
disease and its prodromal stage, that is, mild cognitive impair-
ment (MCI). FC is usually estimated as a temporal correlation
of regional mean rs-fMRI signals between any pair of brain
regions, and these regions are traditionally parcellated with a
particular brain atlas. Most existing studies have adopted a
predefined brain atlas for all subjects. However, the constructed
FC networks inevitably ignore the potentially important subject-
specific information, particularly, the subject-specific brain par-
cellation. Similar to the drawback of the “single view” (versus the
“multiview” learning) in medical image-based classification, FC
networks constructed based on a single atlas may not be sufficient
to reveal the underlying complicated differences between normal
controls and disease-affected patients due to the potential bias
from that particular atlas. In this study, we propose a multiview
feature learning method with multiatlas-based FC networks to
improve MCI diagnosis. Specifically, a three-step transformation
is implemented to generate multiple individually specified atlases
from the standard automated anatomical labeling template, from
which a set of atlas exemplars is selected. Multiple FC networks
are constructed based on these preselected atlas exemplars,
providing multiple views of the FC network-based feature repre-
sentations for each subject. We then devise a multitask learning
algorithm for joint feature selection from the constructed multiple
FC networks. The selected features are jointly fed into a sup-
port vector machine classifier for multiatlas-based MCI diagnosis.
Extensive experimental comparisons are carried out between the
proposed method and other competing approaches, including the
traditional single-atlas-based method. The results indicate that
our method significantly improves the MCI classification, demon-
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strating its promise in the brain connectome-based individualized
diagnosis of brain diseases.

Index Terms—Brain disease diagnosis, functional connectivity
(FC), mild cognitive impairment (MCI), multinetwork classi-
fication, resting-state functional magnetic resonance imaging
(rs-fMRI).

I. INTRODUCTION

AS A TYPICAL neurological disorder, Alzheimer’s dis-
ease (AD) is characterized by progressive perceptive

deficits without effective treatment so far [1]. This disease is
irreversible and often becomes more severe over time due to
neurofibrillary tangles, neurotoxicity, neurodegeneration, and
so on, which could ultimately cause death [2]. Hence, timely
and accurate diagnosis of AD patients has unquestionable
importance so that proper treatments can be applied to pos-
sibly slow down or reverse the degeneration process. As an
intermediate stage between normal aging and AD, mild cog-
nitive impairment (MCI) is known to be associated with the
increased risk of developing AD [3]. Evidence shows that
more than half of the MCI subjects with memory loss or
other preclinical symptoms will progress to AD within five
years [3], [4]. Such a high conversion rate could be reduced
if timely interventions were applied to the MCI subjects after
early detection. Therefore, identification of MCI subjects is of
great clinical importance for effective treatment and possible
prevention of AD progression. Accurate MCI diagnosis, how-
ever, is considerably challenging due to the subtle anatomical
and functional changes during the early stages of AD [5].

In the past few years, various neuroimaging techniques,
including structural magnetic resonance imaging (MRI) [6];
diffusion tensor imaging (DTI) [7]; functional MRI [8], [9];
and positron emission tomography (PET) [10], have been
widely applied to investigate the pathological biomarkers
related to the early detection of AD. Among them, resting-
state fMRI (rs-fMRI), which measures the changes of blood
oxygen level-dependent (BOLD) signals associated with spon-
taneous brain activity [11], has been increasingly adopted
to explore the functional alterations in the large-scale brain
functional connectome [i.e., functional connectivity network
(FCN)] in MCI subjects for the early diagnosis of AD, because
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of its increased sensitivity to the pathological changes in AD
[12], [13]. To construct FCN based on rs-fMRI, the most
widely used strategy is to calculate pairwise functional con-
nectivities (FCs) as edges based on a set of predefined regions
of interest (ROIs, or brain regions) as nodes by the brain
parcellation with a specific atlas [7], [14], [15]. Most brain
atlases are defined in a standard space [Montreal Neurological
Institute (MNI) space]; therefore, the rs-fMRI data from each
subject need to be first registered to the standard space so that
the predefined standard atlas can be applied to each subject
to obtain uniform brain parcellations for ROIs. ROI-averaged
BOLD signals are then extracted to represent regional brain
activities for the temporal synchronization-based FC calcu-
lations [16], [17] with various metrics, such as Pearson’s
correlation [18]; partial correlation [19], [20]; or high-order
FC [5], [21], [22]. As indicated above, accurate construction
of the brain FCN not only depends on the FC metrics cho-
sen but also relies on accurate brain parcellation, or atlas,
which can dramatically affect accuracy in the subsequent MCI
classification [23].

So far, extensive efforts have been dedicated to developing
various sophisticated FC measurements and the subsequent
FCN-related features, such as the brain network proper-
ties extracted by graph-theoretical analysis [5], [15], [24].
However, the methodological development of appropriate
brain parcellation has not been comprehensively explored and,
to date, considerably ignored. Most existing studies adopt
a common atlas, such as the automated anatomical labeling
(AAL) template [25], to parcellate each subject’s brain in a
uniform manner [26], [27]. A potential issue of using a sin-
gle atlas for all subjects is that it assumes a highly consistent
functional border of every brain region across all subjects.
However, such an assumption may not hold in practice, due to
not only imperfect spatial registration [28], [29] but also mis-
matched anatomical-functional correspondence [30]. In fact,
evidence has suggested that different subjects could have dif-
ferent functional parcellation, with the varied functional border
of brain regions [30]. In other words, a common atlas that
simply ignores individual differences in the brain functional
areas could affect the FC and the subsequent brain functional
connectome modeling, jeopardizing personalized brain disease
diagnosis [31]. For example, a not well-defined group-shared
AAL template could functionally blur the FC differences
between the MCI and cognitive normal subjects, making it dif-
ficult to conduct individualized classification. Such a problem
could become even more serious in the MCI study, as the FCN
changes in the MCI stage could be subtle [32]. Generating
individualized functional atlas for every subject could be an
alternative way to accurately modeling normative or MCI-like
FCNs [31], but can be error prone due to the heavy noise
in rs-fMRI data, or methodologically less efficient when the
number of ROIs is big, let alone the difficulty in searching for
ROI correspondence across all subjects.

As an emerging direction in the machine learning and pat-
tern recognition fields is multiview learning [33]–[35], which
has been well adapted to take advantage of the features from
multiple views to jointly and comprehensively represent an
object [36], [37]. In multiview learning, each view captures a

different set of features. For instance, color and texture fea-
tures provide complementary information from different views
for image recognition [38], [39]. Multiview learning aims
at learning multiple representations of information jointly to
improve the generalization performance of the model recog-
nition [40], [41]. In the past decade, multiview learning has
been applied to structural MRI studies by exploiting multiple
anatomical templates, which achieved improved brain disease
diagnosis. For instance, Koikkalainen et al. [42] developed a
multiatlas-based strategy to reduce the MRI registration bias
for AD classification and obtained increased accuracy in com-
parison with a single-atlas-based method. Min et al. [29]
proposed to generate multiple feature representations of the
anatomical structures based on multiple atlases. The derived
features were then aggregated to form a comprehensive rep-
resentation for enhancing the separability between AD and
healthy subjects. To better explore multiatlas feature represen-
tations, Liu et al. [28], [43] developed a multitask learning
strategy to jointly optimize anatomical features extracted
from multiple MRI templates for improved AD/MCI clas-
sification. Inspired by these previous studies, for studying
brain functional abnormality, we consider that the FCNs con-
structed based on multiple atlases can be an analog to the
multiple views for better characterizing the functional con-
nectome of the same brain. With each brain atlas as a specific
view of functional parcellations, multiview feature represen-
tation can be achieved by generating multiple FCNs based
on multiple individualized atlases, thus better representing a
unique subject and improving the performance of subsequent
disease diagnosis. However, to the best of our knowledge,
previous studies have not investigated multiatlas-based FCN
construction and feature learning for studying the abnormal
functional architecture of the human brain, especially for MCI
diagnosis.

Accordingly, in this study, we propose a multiview feature
learning method with multiatlas-based FCNs for improving
MCI diagnosis. We first generate an individualized atlas by
implementing a three-step transformation-based method on the
standard AAL template. Specifically, a nonlinear registration
is first implemented to transform each subject’s rs-fMRI data
into the standard MNI space. A deformation field is then
derived to characterize the nonlinear mapping between the sub-
ject’s native space and the standard space, with which we can
warp the AAL template into the individual space by perform-
ing the inverse transformation. We then implement affinity
propagation (AP) clustering [44] on the affine-transformed
individual-space AALs (that are roughly in the same space
but preserving a certain degree of anatomical variability) to
generate a small set of representative individualized atlas
exemplars. These exemplar atlases are selected for the extrac-
tion of regional mean time series and the construction of
multiple FCNs for each subject. A multitask learning algo-
rithm is designed for the optimization of multiview features
that are finally integrated and used to train a support vec-
tor machine (SVM) for MCI versus normal control (NC)
diagnosis. Extensive experimental comparisons are carried out
between our proposed method and other competing approaches
(using a single-atlas-based method or simply concatenating
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multiview features). The experimental results indicate that our
method achieves superior MCI classification performance.

The main contributions of this study can be summarized as
follows.

1) An efficient method is proposed for representative mul-
tiview atlas generation.

2) A multinetwork classification framework is developed
by exploiting supplementary discriminant features based
on multiple individualized atlases for improved MCI
diagnosis.

3) A novel relation-guided sparse group learning (SGL)
algorithm is devised for joint feature selection from the
multiple networks.

The remainder of this article is organized as follows. After
describing data acquisition and preprocessing steps, we intro-
duce the proposed MCI diagnosis framework in Section II.
Then, we present the experiments and comparative results
in Section III. In Section IV, we consider the influence of
parameter choices, analyze the possible association of the most
discriminative brain regions with the AD pathological attacks,
and discuss the potential extensions of our method for future
studies. Finally, we summarize this study in Section V.

II. MATERIALS AND METHODS

A. Differences Between Our Method and Existing
Approaches

So far, many multiatlas methods have been developed
for improved brain disease diagnosis by exploiting multiple
anatomical templates [28], [29], [42], [43]. However, all these
existing methods were specifically designed for structural MRI
analysis. Different from them, our proposed method was tai-
lored for functional MRI. In particular, the newly developed
three-step transformation strategy provided an effective way to
generate individualized brain parcellations for multiview brain
network analysis with functional MRI. The designed strategy
is fundamentally different from the existing methods that are
based on nonlinear registration with multiple atlases for struc-
tural MRI feature extraction. On the other hand, we further
devised an SGL-based feature optimization algorithm under
multiview feature learning framework. In recent years, SGL
has been increasingly applied to neuroimaging data analy-
sis for various applications. By modifying the standard sparse
group model with a view-centralized regularization, a multiat-
las classification method [28] has been developed for structural
MRI-based AD diagnosis. The view-centralized multiatlas fea-
ture selection was able to identify the informative features
from a main atlas with extra guidance from other atlases.
By treating each time point as a task, a multitask learning
method based on fused sparse group lasso [45] was proposed
to identify pathological biomarkers for the AD progression
measured by cognitive scores from multiple time points. The
fused learning model incorporated the temporal smoothness
for the effective selection of important biomarkers from dif-
ferent time points. In addition, a sparse group representation
strategy [46] was recently developed for generic classification
of electroencephalogram patterns in brain–computer interface
applications. By extending sparse representation classification

to a group-level analysis, the strategy was able to iden-
tify task-related neural patterns from group representation
coefficients corresponding to a composite subject dictionary
matrix. Importantly, different from these studies, our mul-
tiview feature learning model integrated the between-group
sparsity, within-group sparsity, and intersubject relationship
constraints. The designed model cannot only select infor-
mative atlases but also discriminative features within each
atlas under the information guidance of intrinsic relation-
ships among subjects in each of the atlas exemplars. None
of the existing SGL-based methods is able to simultaneously
achieve these critical functions. Our extensive experimental
study demonstrated that integrating these critical functions
achieved promising diagnosis performance of MCI.

B. Data Description and Preprocessing

The Alzheimer’s Disease Neuroimaging Initiative (ADNI)
dataset (http://adni.loni.usc.edu/) is used for validation of the
proposed method in MCI diagnosis. The goal of ADNI was to
identify biomarkers for early diagnosis of AD and their use in
clinical trials. A total of 117 subjects (66 MCI patients and 51
NC subjects) are selected from ADNI-2 for our experimental
study. All subjects were scanned using 3.0T Philips scanners
and are age- and gender-matched between the two classes.
The rs-fMRI data are preprocessed using the SPM8 software
(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/) according to
the standard pipeline. In particular, we remove the first three
volumes of each subject before preprocessing for magnetiza-
tion equilibrium. The rigid-body registration is then imple-
mented to correct head motion. We set a cutoff for the level
of head motion and exclude subjects with large head motion
(i.e., larger than 2 mm or 2◦). The rs-fMRI data are normal-
ized to the standard MNI space followed by spatial smoothing
using a Gaussian kernel with full-width-at-half-maximum of
6×6×6 mm3. Subjects with framewise displacement for larger
than 2.5-min data are further excluded in data screening.

C. Multiple Atlases Generation

In our study, we propose a multiview feature extraction
method using multiatlas-based FCNs. One of the key steps
in our proposed framework is to generate an appropriate set
of atlas exemplars that are not only representative enough to
cover the entire population for achieving better generalization
capability but also able to accurately capture the discrimina-
tive biomarkers associated to MCI. To this end, we develop
a study-specific atlas selection strategy to obtain multiple
representative atlas exemplars from the data. A three-step
transformation strategy was developed to generate an individ-
ualized atlas for each subject. An unsupervised clustering was
then conducted to determine representative atlas exemplars for
the subsequent FCN construction and analysis.

The flowchart of the three-step transformation strategy is
illustrated in Fig. 1. A nonlinear registration with echo-planar
imaging (EPI) template is implemented to transform the tem-
porally averaged rs-fMRI data into the standard MNI space. A
deformation field is derived from the transformation to char-
acterize the nonlinear mapping relationship between the native
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Fig. 1. Illustration of three-step transformation for the generation of individualized atlases. A nonlinear registration was first implemented with the EPI
template to transform each subject’s rs-fMRI data into the standard MNI space. A deformation field was generated to characterize the nonlinear mapping
between the native space and the standard space. The standard AAL atlas was then warped into the native space for each subject by performing an inverse
transformation with the deformation field. A linear registration was further implemented on these native-space atlases, which transformed them back to the
standard space such that the derived individualized atlases become more comparable but still retained sufficient individual differences.

space and the standard space. Then, we warp the AAL atlas
into the native space for each subject by performing the inverse
transformation with the deformation field. A linear registration
is further implemented on these native-space atlases to trans-
form them back to the standard space such that the derived
individualized atlases become more comparable but still retain
sufficient individual differences, which can provide supple-
mentary feature representations to each other. Note that these
transformations are only used to generate individualized atlas
without introducing additional noises to the rs-fMRI data.

To select the representative atlases, we perform a clustering
analysis using the AP algorithm [44] on all the individualized
atlases. In the AP algorithm, similarity is measured by the
normalized mutual information [47] and the appropriate pref-
erence value is determined by a bisection method [44]. The
AP algorithm automatically identifies nine atlas exemplars that
define the corresponding clusters. Finally, combining with the
standard AAL atlas, a total of ten atlas exemplars (one AAL
atlas + 9 atlas exemplars, as shown in Fig. 2) are used to
construct multiple FCNs. In Fig. 2, exemplars 1–5 are from
NC subjects, while exemplars 6–9 are from MCI subjects.
To further investigate the representativeness and interdiffer-
ences of the generated atlas exemplars, we applied t-SNE [48]
to reduce all individualized atlases into a 2-D distribution.
Fig. 3 visualizes the distribution of these individualized atlases
belonging to nine different clusters. The t-SNE distribution dif-
ference indicates the interdifferences of clusters and confirms
the representativeness of the atlas exemplars.

D. FCN Construction and Feature Extraction

According to each selected atlas, the preprocessed rs-fMRI
data can be parcellated into 116 ROIs. Regional mean rs-fMRI
time series of each ROI are computed and band-pass filtered
between 0.015 and 0.15 Hz. An FCN is then constructed by

Fig. 2. AAL atlas and nine atlas exemplars selected using the AP clustering
algorithm.

Fig. 3. Visualization of the t-SNE distribution of the individualized atlases
and the nine atlas exemplars.

computing Pearson’s correlation between all pairs of ROIs for
each atlas. As a result, we obtain ten FCNs for each subject.
Fig. 4 depicts the FCNs constructed by ten atlases. It can be
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Fig. 4. FCNs constructed based on the selected atlas exemplars shown in Fig. 2.

seen that the constructed multiple FCNs present overall similar
structures but locally different connectivity strength, which can
provide supplementary discriminative information.

For each of the constructed FCNs, features are extracted
using graph-theory-based method [14], [23]. In this study, the
weighted local clustering coefficient (WLCC) [5] is computed
for each of the constructed FCNs. The WLCC characterizes
the local topology of each node in a weighted network and
provides informative nodewise features for disease classifica-
tion [15]. Assume Ck

ij denotes the FC strength between nodes
i and j of the constructed FCN based on the kth atlas for a
certain subject. The WLCC for node i is defined as

xk
i = 2

∑
j:j∈�(Ck

ij)
1
3

Vi(Vi − 1)
(1)

where �i denotes a set of nodes directly connected to the ith
node and Vi is the number of elements in �i. As a result, a
feature vector is formed by computing the WLCC for all brain
regions xk = [xk

1, xk
2, . . . , xk

R]T (R = 116).

E. Feature Selection and Classification

Although we select the most representative atlases for FCN
construction and perform the subsequent graphical feature
extraction, some of the derived features may still be redun-
dant or irrelevant for subsequent classification. To optimize
the extracted features, we devise a multiview feature selection
algorithm under the SGL framework [49] by treating each atlas
as a specific view. As a result, the complementary discrimi-
nant features could be jointly exploited from multiple FCNs
to provide improved MCI classification performance. Below,
we provide detailed explanations of our proposed multiview
feature selection algorithm.

Suppose that Xk = [xk
1, . . . , xk

n, . . . , xk
N]T ∈ R

N×R con-
tains the feature vectors, where xk

n denotes the feature vector
extracted from the FCN of the nth subject based on the
kth atlas, and y = [y1, . . . , yn, . . . , yN]T ∈ R

N denotes the
class label vector, where yn ∈ {−1, 1} indicating NC or
patient. An SGL-based feature learning algorithm [49] can be

formulated as

w = arg min
w

1

2

∥
∥
∥
∥
∥

y −
K∑

k=1

Xkwk

∥
∥
∥
∥
∥

2

2

+ λ1‖w‖1 + λ2

K∑

k=1

∥
∥
∥wk

∥
∥
∥

2

(2)

where wk denotes the weight vector for the features cor-
responding to the kth view (i.e., kth atlas) and w =
[w1, w2, . . . , wK]. The second term ‖w‖1 is an l1-norm regu-
larization that is used to enforces some elements of w to be
zero, and the third one

∑K
k=1 ‖wk‖2 denotes the group sparse

regularization that is used to control the between-group spar-
sity of w. The hyperparameters λ1 and λ2 are used to balance
a tradeoff between the two regularization terms. Hence, SGL
provides a good means to determine the most important atlases
and the most informative features from these atlases. However,
the model in (2) ignores the intrinsic relationship among sub-
jects in each of the exemplar atlases, which has been suggested
to be a valuable prior to guide multiview feature selection [43].
To further enhance the performance of the learned model, we
propose to penalize the difference between linear transforma-
tions (xk

i )
Twk and (xk

j )
Twk if features of the two subjects xk

i

and xk
j extracted in the kth view are very similar. To this end,

we construct a graph Laplacian regularization term

� =
K∑

k=1

N∑

i,j=1

sk
i,j

((
xk

i

)T
wk −

(
xk

j

)T
wk

)2

=
K∑

k=1

(
Xkwk

)T
Lk

(
Xkwk

)
(3)

where Sk = [sk
i,j] ∈ R

N×N denotes a similarity matrix with
the element sk

i,j = exp(−‖xk
i − xk

j ‖2
2) measuring the pairwise

similarity of subjects in the kth view. Here, Lk = Dk − Sk is
the Laplacian matrix for view k, and Dk ∈ R

N×N is a diagonal
matrix with its diagonal elements defined as dk

i,i = ∑
j sk

i,j. By
integrating the above-mentioned regularization term � into the
SGL model, our newly proposed feature selection algorithm,
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Fig. 5. Convergence curves of the proposed SGL and RSGL algorithms.

called relationship-guided SGL (RSGL), can be formulated as

w = arg min
w

1

2

∥
∥
∥
∥
∥

y −
K∑

k=1

Xkwk

∥
∥
∥
∥
∥

2

2

+ λ1‖w‖1 + λ2

K∑

k=1

∥
∥
∥wk

∥
∥
∥

2

+ λ3

K∑

k=1

(
Xkwk

)T
Lk

(
Xkwk

)
(4)

where λ3 is the hyperparameter used to control the con-
tributions of the intersubject relationship. Although the
optimization problem in the above equation is convex, it is
challenging to solve due to the second and third nonsmooth
regularization terms. In this study, we adopt the accelerated
proximal gradient (APG) method [50] to find the optimal solu-
tion. The optimization problem can be separated into a smooth
part

f (w) = 1

2

∥
∥
∥
∥
∥

y −
K∑

k=1

Xkwk

∥
∥
∥
∥
∥

2

2

+ λ3

K∑

k=1

(
Xkwk

)T
Lk

(
Xkwk

)
(5)

and a nonsmooth part

L(w) = λ1‖w‖1 + λ2

K∑

k=1

∥
∥
∥wk

∥
∥
∥

2
. (6)

To approximate the composite function f(w) + L(w), we
construct the following function:

G(w, w(t)) = f (w(t))+ < w − w(t),�f (w(t)) >

+ μ

2
‖w − w(t)‖2

2 + L(w) (7)

where �f (w(t)) denotes the gradient at the point w(t) and μ

is the step size determined by a line search [51]. The iterative
update rule of the proximal gradient method is given by

w(t + 1) = arg min
w

1

2
‖w − v(t)‖2

2 + 1

μ
L(w) (8)

where v(t) = w(t) − �f (w(t))/μ and w(t) is the search point
obtained at the t-th iteration. For a fixed maximum iteration
T , the APG algorithm is able to achieve a convergence rate
of O(1/T2) [52]. To confirm the convergence of our proposed
method, we show the change of the objective function values
in Fig. 5. For both the SGL and RSGL algorithms, the values
of objective function decrease rapidly and achieve convergence
within 600 iterations.

For each atlas exemplar, feature selection is conducted by
excluding the noninformative features whose weights in the

corresponding weight vector are zeros. The feature subsets
selected based on all the atlas exemplars are then concate-
nated and used to train a linear SVM classifier for MCI
diagnosis (i.e., MCI versus NC classification). Fig. 6 illus-
trates the MCI diagnosis framework based on our proposed
multinetwork classification algorithm.

III. EXPERIMENTAL STUDY

A. MCI Classification and Performance Evaluation

To validate the effectiveness of our proposed multinetwork
method for MCI diagnosis, we carried out extensive compar-
isons among the following six feature selection algorithms:
1) t-test_single and 2) Lasso_single: FCN is constructed using
a single AAL atlas with t-test and Lasso for feature selection,
respectively; 3) t-test_multi, 4) Lasso_multi, 5) SGL_multi,
and 6) RSGL_multi: multiple FCNs are constructed using the
selected atlases exemplars with t-test, Lasso, SGL, and RSGL
for feature selection, respectively.

We evaluate results of MCI diagnosis based on various
performance indices, including classification accuracy (ACC),
area under the ROC curve (AUC), sensitivity (SEN), and speci-
ficity (SPE). ACC is defined as the ratio of the number of
correctly predicted labels to the number of entire samples.
AUC measures the probability. Also, SEN and SPE are cal-
culated based on the true positive rate and the false-positive
rate, respectively

SEN = TP

TP + FN
, SPE = TN

TN + FP
. (9)

where TP, TN, and FP are the true positive rate, true negative
rate, and false-positive rate, respectively. The leave-one-out
cross-validation (LOOCV) is implemented to assess the diag-
nosis performance of each compared method. It should be
noted that LOOCV is performed on all procedures in our
proposed diagnosis framework. That is, both the atlas genera-
tion and feature selection are implemented on the training data
only and then applied to the test data for performance eval-
uation. In each fold of LOOCV, an additional inner LOOCV
is also carried out on the training data to select the optimal
hyperparameters.

B. Results

Fig. 7 depicts the classification results derived by differ-
ent algorithms. Compared with the single-atlas-based methods,
all the multiatlas-based methods improved the classification
performance in varied degrees. Fig. 8 further shows the
ROC curves derived by the comparison methods. To inves-
tigate the significance of performance difference between a
pair of competing methods, we performed a nonparametric
statistical analysis, namely, DeLong’s test [53], for the com-
parison of each pair of ROC curves calculated on the dataset,
with a confidence interval of 95%. It can be seen that all
multinetwork-based methods significantly outperformed the
single-network-based methods. More important, by incorporat-
ing a relation-guided SGL feature selection algorithm into the
multinetwork diagnosis framework, our proposed method (i.e.,
RSGL_multi) achieved the best classification accuracy 85.5%,
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Fig. 6. Illustration of the multiview learning-based multinetwork classification framework for MCI diagnosis.

Fig. 7. Classification performance comparison among different methods.

Fig. 8. ROC curves derived by different methods for MCI classification.

significantly higher than all the other methods, with p values
of 0.0033, 0.0078, 0.0094, 0.013, and 0.025, respectively.

IV. DISCUSSION

A. Parameter Sensitivity

Note that the performance of our proposed method is
affected by the selection of hyperparameters, that is, λ1 for

Fig. 9. Classification accuracy (%) derived based on multinetwork features
selected by RSGL with different values of three hyperparameters (i.e., λ1, λ2,
and λ3). Each hyperparameter range is [0.01, 0.02, . . . , 0.15]. The results are
obtained using LOOCV on all subjects. The highest accuracy is 88.9% when
λ1 = 0.05, λ2 = 0.09, and λ3 = 0.08.

the within-group sparsity, λ2 for between-group sparsity, and
λ3 for intersubject relationship. Our experimental study used
a grid search with an inner LOOCV to determine the optimal
parameter values on the training data. To investigate the
parameter sensitivity of our proposed feature selection method,
we evaluated effects of varying values of these three hyper-
parameters on classification accuracy using LOOCV with all
subjects. Fig. 9 shows the classification accuracies obtained
using the multinetwork features selected by our proposed
RSGL method with different settings for the aforementioned
hyperparameters. The best accuracy of 88.9% is achieved by
using λ1 = 0.05, λ2 = 0.09, and λ3 = 0.08. This indicates that
our method with parameters estimated from an inner LOOCV
is able to achieve an accuracy of 85.5% that is comparable
to the best accuracy obtained using parameters estimated with
all subjects.
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Fig. 10. The top ten discriminative ROIs for each of the six selected atlas exemplars by our proposed RSGL feature selection model. In each subplot, there
are ten different colors that indicate the top ten discriminative ROIs for the corresponding atlas exemplar.

B. Most Discriminative Brain Regions
To interpret the identified biomarkers, we investigated the

discriminative brain regions selected based on multinetwork
features in the MCI diagnosis. In our experiment, the model
weights of the trained SVM classifier reflected the impor-
tance of selected features for accurate MCI classification. Only
six atlases were consistently selected by our RSGL algorithm
across all the LOOCV runs. For each of these six selected
atlases, we averaged SVM model weights for each feature
over all the LOOCV folds during the training process. The
top ten discriminative ROIs for each of the six selected atlases
are shown in Fig. 10. Although some ROIs were consistently
selected for multiple atlases, many nonoverlapped ROIs were
selected from different atlases, which provided complementary
discriminant information for achieving higher MCI diagnosis
performance.

A total of 32 ROIs were indicated as the most discrimina-
tive brain regions. Their indices and names are summarized in
Table I. Most of these discriminative brain regions have been
reported in previous AD studies. In particular, many selected
regions, including PCC, angular gyrus, hippocampus, and
supramarginal gyrus, are involved in the default mode network
(DMN), which is believed to be closely related to high-
level cognitive functioning, such as episodic memory [54].
Dysfunction of the DMN was also observed across a range
of neurological disorders, including AD and MCI [55]. It
has been reported that abnormal structural, functional, and
metabolic changes occur in the posterior cingulate gyrus of

individuals with MCI [56], [57], which may be closely associ-
ated with the deficits in memory functions, object recognition,
or evaluation of information [58]. The middle temporal gyrus
has been reported as a significant biomarker for identifying AD
from NC subjects [59]. Prominent atrophy has been observed
on the left lateral temporal lobe, especially on the middle tem-
poral gyrus, for the MCI individuals who converted to AD in
contrast to those stable MCI ones [60]. Extensive research
found that the hippocampus was sensitive to the pathological
attack in the early stage of AD [61], [62]. Compared with
NC subjects, MCI individuals have been also found to show
decreased centrality in the left angular gyrus that is an impor-
tant part of DMN and is responsible for complex language
functions, especially the language comprehension [63].

In addition, the above-mentioned DMN regions, most of the
other selected brain regions have also proven to be impor-
tant for early AD diagnosis. The olfactory cortex of AD
patients presented decreased network wiring efficiency [64],
which is a sensitive and early behavioral marker associated
with olfactory dysfunction in neurodegenerative diseases [65].
The left orbitofrontal cortex was found to be associated with
value assignment and deteriorated motivation that are well-
known clinical AD impairment [66]. The inferior temporal
gyrus is closely related to high-level brain functions [67]. As a
multimodal association region, the inferior temporal gyrus was
affected in the early stage of AD [68]. Several other selected
regions were from the cerebellar cortex, including the right
crus II, left lobule IX, right lobule IX, and right lobule VI,
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TABLE I
NAMES OF THE MOST DISCRIMINATIVE ROIS SELECTED

BY OUR METHOD

and may also be influenced the early functional abnormality
of AD [69].

C. Effect of the Number of Atlases

We also investigated the effect of varying the number of
atlases on the classification performance of our proposed
multinetwork-based diagnosis framework. Fig. 11 depicts the
classification accuracies obtained by different feature selec-
tion algorithms with various numbers of atlas exemplars,
respectively. By incorporating the manifold regularization (i.e.,
intersubject relationship guidance) into the SGL model, our
proposed method exploited more supplementary discrimi-
nant features from multiple FCNs and thus further improved
classification accuracy. For all of the four feature selection
algorithms, the classification accuracy rises gradually with
the increase of atlas number, and becomes relatively stable
when using more than ten atlases. This indicates that the
choice of ten atlas exemplars in our experimental study is an
appropriate compromise between classification accuracy and
computational efficiency.

D. Computational Cost

To assess the computational efficiency of the developed
algorithm, we further implemented an experimental compar-
ison of computational time among these compared methods
(see Fig. 12). The computational time was evaluated for con-
ducting one run of the cross-validation with MATLAB R2018a
on a computer (3.41 GHz 8-core CPU, i7-6700, 64-GB RAM).
The multiatlas analysis took longer computational time than
single-atlas-based methods mainly due to the generation of
individualized atlases. Compared with the simple t-test or
Lasso-based feature selection, our multiview learning algo-
rithms cost additional time for hyperparameter determination
with inner-loop cross-validation. However, since both the gen-
eration of individualized atlases and the determination of
optimal hyperparameters were parallelly implemented in our
experiment, the increased computational cost was acceptable

Fig. 11. MCI classification accuracies derived by multinetwork-based meth-
ods using different feature selection algorithms with various numbers of atlas
exemplars.

Fig. 12. Comparison of computational time cost by different methods.

given the significantly improved classification performance
(see Figs. 7 and 8). The computational cost could be fur-
ther reduced with a more powerful computer (e.g., a high-
performance GPU). It should be noted that both the atlas
generation and hyperparameter determination are only needed
for the training phase. The diagnosis of new patients can be
efficiently implemented with our developed algorithm.

E. Extensions

In this study, we constructed FCNs based on Pearson’s
correlation. In spite of its biological intuitiveness, Pearson’s
correlation only simply models the pairwise linear relation-
ship between brain regions (also called low-order correla-
tion [21]), ignoring the complex interaction among multiple
brain regions. On the contrary, several other partial correlation-
based methods, such as graphical Lasso [70] and sparse
representation [71], are designed to model FCN by regress-
ing out the potential confounding variables and considering
the effects of multiple regions. On the other hand, high-
order FC modeling methods [5], [21] have recently arisen,
which are able to characterize the high-level interregional
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interactions by quantifying how the low-order correlations
between different pairs of brain regions interact with each
other. The high-order FCNs have been successfully applied to
MCI diagnosis [22], [26] with improved performance than the
low-order FCNs. Thus, combining these more complex brain
network modeling methods with our proposed multinetwork
diagnosis framework could further improve the classification
performance, which will be investigated in our future work.

Our study adopted the standard AAL atlas for individual-
ized atlas generation. Many other standard atlases, including
the Harvard–Oxford (HO) cortical atlas [72], Hammersmith
atlas [73], and Yeo 2011 parcellation [74], could also be
used in our multinetwork diagnosis framework. Furthermore,
multiple FCNs constructed using various atlases may provide
richer discriminative information than using just a single type
of atlas. Thus, investigating performance of our method based
on different parcellations is worthy of a future study.

It is worth further investigating how our proposed anal-
ysis framework would work with other types of clustering
algorithms, such as k-means and hierarchical clustering. One
potential limitation of AP clustering is that no feature selec-
tion has been taken into account for the clustering. Such a
clustering procedure without feature optimization may not pro-
vide the optimal solution since the true underlying clusters
presented in the data may differ only with respect to a subset
of the features. A sparse learning-based clustering algorithm
is considered as a good alternative to overcome this issue. By
exploiting a sparse-induced constraint, sparse clustering [75]
has been developed to exclude those noninformative features
for achieving a more accurate clustering solution. Thus, incor-
porating sparse clustering into our analysis framework is also
worth our further study.

V. CONCLUSION

In this study, we have proposed a multiview feature learning
method with the multiatlas-based FCNs for accurate iden-
tification of MCI patients. A three-step transformation was
implemented to generate individualized atlases from the stan-
dard AAL template. We constructed multiple FCNs based
on multiple preselected atlas exemplars for each subject.
By treating each of the FCNs as a view for characteriz-
ing the functional connectome of the same brain, we further
developed a novel subject-relationship-guided SGL algorithm
for multiview feature selection among multiple FCNs. Then,
an SVM was trained with these selected features, to provide
supplementary discriminant information for improved brain
disease diagnosis. Extensive experimental comparisons were
carried out between our proposed method and other com-
peting approaches. The experimental results showed superior
classification performance of our method, suggesting its poten-
tial in the connectome-based individualized diagnosis of brain
disease.
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