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Abstract— As the population becomes older worldwide,
accurate computer-aided diagnosis for Alzheimer’s disease (AD)
in the early stage has been regarded as a crucial step for neurodegeneration care in recent years. Since it extracts the low-level
features from the neuroimaging data, previous methods regarded
this computer-aided diagnosis as a classification problem that
ignored latent featurewise relation. However, it is known that
multiple brain regions in the human brain are anatomically and
functionally interlinked according to the current neuroscience
perspective. Thus, it is reasonable to assume that the extracted
features from different brain regions are related to each other to
some extent. Also, the complementary information between different neuroimaging modalities could benefit multimodal fusion.
To this end, we consider leveraging the coupled interactions in the
feature level and modality level for diagnosis in this paper. First,
we propose capturing the feature-level coupled interaction using a
coupled feature representation. Then, to model the modality-level
coupled interaction, we present two novel methods: 1) the
coupled boosting (CB) that models the correlation of pairwise
coupled-diversity on both inconsistently and incorrectly classified
samples between different modalities and 2) the coupled metric
ensemble (CME) that learns an informative feature projection
from different modalities by integrating the intrarelation and
interrelation of training samples. We systematically evaluated
our methods with the AD neuroimaging initiative data set.
By comparison with the baseline learning-based methods and the
state-of-the-art methods that are specially developed for AD/MCI
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(mild cognitive impairment) diagnosis, our methods achieved the
best performance with accuracy of 95.0% and 80.7% (CB), 94.9%
and 79.9% (CME) for AD/NC (normal control), and MCI/NC
identification, respectively.
Index Terms— Computer-aided AD/MCI diagnosis, coupled
boosting (CB), coupled feature (CFR) representation, coupled
metric ensemble (CME).

I. I NTRODUCTION

N

OWADAYS, the irreversible trend of population aging
continues to be a concern. For older people, Alzheimer’s
disease (AD) is becoming the most prevalent neurodegenerative disease whose cause is still worthy of further exploration. According to the report from the National Institute
of Health, the number of AD patients is estimated to be
115 millon1 by 2050. Given it is extremely difficult to stop or
even reverse AD’s progression according to current standards,
accurate (computer-aided) diagnosis of AD and mild cognitive
impairment (MCI, i.e., the early stage of AD) in its early
stage is significant and meaningful for determining the ways
of treatment.
In recent years, several neuroimaging tools [1]–[6], such as
magnetic resonance imaging (MRI), functional MRI, structural
MRI, positron emission tomography (PET), diffusion tensor
imaging, and electroencephalography, have been used for
their effectiveness to indicate the informative neurological or
biological mechanisms of AD and other related brain diseases.
In particular, different neuroimaging tools usually provide different types of information for AD/MCI diagnosis, thus it is of
high importance to combine or fuse data from multiple modalities by utilizing the complementary information [7]–[15] to
improve the diagnostic performance.
To leverage the data from different neuroimaging modalities, most previous methods usually follow the common steps:
1) extracting low-level features from different modalities,
e.g., volume or intensity features from MRI and PET, and
numerical data from cerebrospinal fluid (CSF); 2) training
independent classifiers per modality on the available training
samples; and 3) generating the final prediction by integrating
the outputs from the obtained classifiers in an ensemble manner. Unfortunately, these previous methods usually assumed
conditional independence among the low-level features. However, it is worth noting that the features are extracted in a
1 https://www.nih.gov/research-training/accelerating-medicines-partnershipamp/alzheimers-disease
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Fig. 1. Illustration of the difference between previous methods and our
method for AD/MCI diagnosis.

homogeneous way. For example, specific regions of interest (ROIs) might share the same statistical information in a
brain. It indicates that these features are in some extent related
to each other.
Therefore, we, in this paper, present a novel framework in
which we consider two coupled interactions in the feature
level and modality level, respectively.
1) Feature-level coupled interaction: Both intracoupled
relation (via calculation of the correlation between a
feature and its own power) and intercoupled relation (via
calculation of the correlation between different features
with different powers) are considered in the coupled
feature CFR) representation inspired Wang et al. [10].
2) Modality-level coupled interaction: We propose two
novel algorithms: 1) using coupled boosting (CB) of
the coupled diversity on inconsistently and incorrectly
classified samples between different modalities and
2) the coupled metric ensemble (CME) of learning an
informative common metric by investigating both the
intrarelation and interrelation for feature projection.
We illustrate the major highlights of our new method
in Fig. 1 and schematize our framework in Fig. 2, respectively.
In this paper, we employ MRI, PET, and CSF for AD/MCI
diagnosis which could be considered as different modalities.
Formally, we denote the MRI, PET, and CSF as modality A, B,
and C, respectively. To begin, after preprocessing, the original features (OFRs) are used to generate the corresponding
CFR representation [10]. Then, label-irrelevant features are
removed from the obtained CFRs for better generalization by
least absolute shrinkage and selection operator (LASSO) [16].
Finally, we apply our proposed CB or the CME for accurate
diagnosis. In summary, with the goal of addressing the complex interactions samplewise, featurewise, and modalitywise
simultaneously in AD/MCI diagnosis (which seldom happens
in other learning tasks), we list our major contributions as
follows.
1) We present a novel CB that leverages the pairwise
coupled-diversity correlation for a promising generalization ability. Unlike the popularly used single-modal
boosting algorithms [17]–[20], our CB can successfully deal with multimodal AD/MCI diagnosis while
still following the major steps of AdaBoost [21].
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Also, the training error bound is theoretically developed
and also empirically revealed with the promising results
of the CB.
2) We present a novel CME that utilizes a common
metric by jointly aligning the pairwise kernel matrix
after feature projection. By leveraging the label information, intramodality (i.e., data of the same sample
across different modalities should show similar feature
representations) and intermodality relations (i.e., data
of different samples across modalities from different
classes should show different feature representations)
are mathematically integrated, which can be efficiently
solved with gradient-based strategies.
3) A CFR representation method originally proposed
in [10] is introduced to model the intracoupled and
intercoupled relations among different features extracted
from the neuroimaging data, which is helpful in order
to represent the intrinsic information in both linear and
nonlinear manners.
A preliminary version of this paper was published in [22].
Compared to this paper, we have further extended the methods by employing the CSF data as an additional modality
to perform more precise diagnosis (Section III), utilizing
the CME to jointly discover a metric for feature projection
by integrating the intrarelation and interrelation of samples
(Section VI), and mathematically proving the training error
bound of the proposed CB (Section IX). We have also performed exhaustive experiments to validate the advantages of
our method. Specifically, we thoroughly evaluated the efficacy
of CFR (Section VII-B), further qualitatively and quantitatively investigated the performance of CB (Section VII-D)
and the CME (Section VII-E), and finally discussed fully
investigating several related issues (Section VIII).
We organize the rest of this paper as follows. In Section II,
we review the related works about computer-aided AD/MCI
diagnosis. In Section III, we describe the data processing
and feature extraction. We present the methodology of CFR
representation in Section IV, the CB in Section V, and the
CME in Section VI, respectively. In Section VII, we report
the experimental results by comparing them to competitive
methods. Finally, Section VIII includes the conclusion and
discussion of this paper.
II. R ELATED W ORK
For AD/MCI diagnosis, previous methods [7]–[15],
[23]–[26] have shown that making full use of complementary information between different modalities could benefit
the diagnostic accuracy. For these previous methods, we
can roughly divide them into three categories: 1) featureconcatenation approaches; 2) kernel learning-based approaches; and 3) multiview learning-based approaches.
The feature-concatenation approaches first generate a new
feature vector by simply concatenating the OFR from different
modalities, and then train a classifier on the generated new
features. For example, Kohannim et al. [8] used the support
vector machine (SVM) as a classifier on the concatenated features obtained from multiple biomarkers. Walhovd et al. [24]
introduced the regression analysis on different biomarkers to
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Illustration of our overall framework.

measure the status and clinical decline for AD and MCI.
Finally, Westman et al. [12] proposed to build a hierarchical
model to exploit the intrinsic structures from MRI and CSF,
which was realized by learning a series of orthogonal partial
least squares.
Different from the simple feature concatenation, the kernel
learning-based approaches first project the OFR from multimodalities onto different kernel spaces with higher dimensionality by the kernel trick, and then fuse the information
by integrating these obtained kernel spaces. For example,
multikernel SVM was adopted in [7], [9], [13], and [27]
in order to combine the discriminative information from
multimodalities. In [13], the best combination of multikernels was automatically optimized. Suk and Shen [9] and
Suk et al. [27] proposed to exploit the high-level representation
from low-level feature to model the latent relations. The
advantage of the kernel-based approach is that the relations
between different patients could be captured from the original
representation.
Finally, for multiview learning-based approaches,
Zhang et al. [25] developed a method to investigate the
genetic risk factors for AD treatment, which was realized by
a shared tree-structured model. Xu et al. [26] tried to predict
the cognitive assessment by introducing a sparse model with
the low-rank constraint. Jie et al. [15] combined different
subnetworks for measuring brain connectivity to be used
for MCI diagnosis. Liu et al. [28] presented a method of
combining the network outputs of six different anatomical
measures to identify AD. Zhu et al. [29] studied the learning
problem of a small sample size with high feature dimension
and proposed a sparse-constrained multitask algorithm for
diagnosis. In [30] and [31], the multitask feature learning
was investigated. Kim and Lee [32] combined different
modalities with a multimodal extreme learning machine to
strength the performance. Tong et al. [33] made a full use of
the complementary relation between multiple modalities for
AD diagnosis.

Note that there have also been several efforts of diagnosis
on a single modality (e.g., MRI). Liu et al. [34] presented
a joint deep multitask multichannel learning framework for
MRI-based diagnosis. Dai et al. [35] developed a bagging
ensemble-based algorithm [36] and a hybrid random vector
functional-link model on MR images for diagnosis.
However, these above-mentioned methods usually built the
diagnostic models directly on the OFR extracted from the
neuroimaging data, which seldom took the intrinsic relation
between these OFRs into account during modeling. Under
this traditional setting, the built diagnostic model cannot
make full use of the feature-level intrinsic relation for better
performance. Seeing how different brain regions are actually
correlated, it is natural to assume that the OFR are highly
interconnected.
Also, our task is quite close to the topics of learning from multiple representations [37]–[41], learning of
the distance metric [42]–[44], and learning of the latent
representation [45]–[48] in TNNLS. However, for the typical application of AD/MCI diagnosis, the limited number
of samples, complex relation of features, and unpredictable
interaction of modalities together pose a big challenge to these
existing methods.
Considering the aforementioned coupled interaction of both
the feature level and modality level in AD/MCI diagnosis,
we, in this paper, focus on developing effective algorithms
of feature representation (i.e., modeling the feature-level
coupled interaction) and multimodality information fusion
(i.e., modeling the modality-level coupled interaction).
Although we address AD/MCI diagnosis, our method could
be borrowed for use in other related learning tasks.
III. DATA ACQUISITION AND P REPROCESSING
For the data acquisition and preprocessing, we propose to
adopt the ROI-based features in MRI and PET as OFR for
AD/MCI diagnosis. In particular, for MRI images, we first
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conducted corrections using the anterior commissure/posterior
commissure-based alignment in the MIPAV software,2 and
then resampled the aligned images to the size of 256 ×
256 × 256. To eliminate irrelevant influences to AD/MCI
diagnosis, we sequentially performed intensity inhomogeneity
correction [49] and skull stripping [50] on the resized MRI
images. We then partitioned the MRI images into three different classes: the gray matter (GM), white matter (WM),
and CSF. This was done by utilizing the FAST algorithm [51]
in the FSL toolbox [52] for MRI image segmentation. To align
different MRI images into a common template for subsequent quantification, we first performed the image registration
by using HAMMER [53] and then obtained the registered
ROI-marked MRI images according to a common template in
which 93 different ROIs were manually annotated [54]. After
these aforementioned steps, by normalizing and summing the
intracranial volumes (i.e., GM, WM, and CSF volumes) on
the annotated 93 ROIs, we adopted the final numerical value
as the original MRI feature for each patient.
For extracting the OFR from PET images, the affine
registration was first performed on each PET image to its
corresponding MRI image, and then the mean intensity of
each ROI was calculated as the features. Therefore, both the
dimensionalities of original MRI and PET features are 93.
Aside from the MRI and PET images, we also recorded the
numerical values of the CSF data, which is genetic information
and different from the CSF volumes (i.e., segmented from
MR images to help measure MRI features in the preceding
paragraph). For simplicity, hereafter, we use CSF to denote
the CSF genetic data throughout this paper. According to [55],
CSF has been demonstrated for its advantages in early diagnosis of AD and MCI, which could be considered an important
individual biomarker. As for the details, we introduced p-tau,
t-tau, and Aβ42 as raw features [55]. In our work, we treat
these features as the original CSF features.
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It is worth noting that we formulate the CFR representation
from the OFR of each individual modality. In the following
part, we take modality A as an example to illustrate the way
of building CFR representation, and it is reasonable to apply
the same method to other modalities in our work.
Suppose that there are m training samples and n testing
samples ( p = m + n), we assume that all m training samples
are sorted in front of the n testing samples. Taking the modality
A as an example, we denote the OFR vector of i th sample as
zi ∈ Rτ = [z i1 , z i2 , . . . , z iτ ] and its corresponding label yi
(yi ∈ {−1, +1} for training samples, and yi = 0 for testing
samples), where τ is the OFR dimension in A. Particularly,
zi is mapped to an expanded feature space by means of a
vector expansion as follows:
⎛ 1
2 , · · · , zE
1 , z2 , · · · , z E ⎞
· · · z 1τ
z 11 , z 11
11
1τ
1τ
1
2
E
1
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E ⎟
⎜ z 21
⎜ , z 21 , · · · , z 21 · · · z 2τ , z 2τ , · · · , z 2τ ⎟
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⎟
⎜
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⎟
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z 1p1 , z 2p1 , · · · , z Ep1 · · · z 1pτ , z 2pτ , · · · , z Epτ
where z iej indicates the eth (e = 1, 2, . . . , E) power of
the numerical value z i j (1 ≤ i ≤ p, 1 ≤ j ≤ τ ) and E is the
maximal expansion number. Note that (1) incorporates both the
linear and nonlinear feature transformations, thus enhancing
the representation power.
Formally, by incorporating the above vector expansion, for
current j th feature, we model its correlation with its own
power and define the intracoupled relation as follows:
⎞
⎛ j
j
j
11 12 · · · 1E
⎜ j
j
j ⎟
⎜ 21 22 · · · 2E ⎟
(2)
( j ) = ⎜
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IV. C OUPLED F EATURE R EPRESENTATION
Previous methods for computer-aided AD/MCI diagnosis
usually built the classifier directly on the extracted low-level
OFR with ignoring the potential relations that may be helpful to enhance diagnostic accuracy. Generally, it is believed
that different brain regions are anatomically connected and
functionally interlinked according to the current neuroscience
perspective. Thus, it is reasonable to assume that the OFR of
multiple ROIs obtained from different modalities, e.g., MRI,
PET, and CSF, are highly related to each other in some way.
Inspired by the success of CFR representation for numerical
data [10], [56], we propose to employ CFR for AD/MCI
diagnosis.
Normally, there are two types of coupled relations during
feature representation in [10]: 1) intra-coupled relation by
calculating the correlation between a feature and its own power
and 2) intercoupled relation by calculating the correlation
between different features with different powers. Without loss
of generality, we denote different neuroimaging data such as
MRI, PET, and CSF as modality A, B, and C, respectively.
2 http://mipav.cit.nih.gov/

 E1

j

 E2

···

j

E E

j

where e1 e2 is Pearson’s correlation coefficient (PCC) between
Ze:,1j and Ze:,2j with e1 , e2 ∈ {1, 2, . . . , E}. Ze:,1j is the column
vector of a matrix Z as


Ze:,1j ∈ R p = z 1e1j , z 2e1j , . . . , z ep1j .
(3)
Besides the intracoupled relation, for current j th feature,
we also model its correlation with different powers of other
features and define the intercoupled relation as follows:
⎛
⎞
ξj
ξj
· · · 11 , · · · , 1E · · ·
⎜
⎟
ξj
ξj
⎜· · · 21 , · · · , 2E · · ·⎟
⎜
(4)
( j ) = ⎜ .
..
.. ⎟
⎟
⎝ ..
.
. ⎠
ξj
ξj
· · ·  E1 , · · · ,  E E · · ·
ξj

where ξ = 1, 2, . . . , τ , ξ = j . e1 e2 indicates the PCC
between two column vectors Ze:,ξ1 and Ze:,2j of Z. It is worth
noting that all the training and testing samples are involved in
the CFR representation for better robustness by leveraging the
information from testing samples in a way of unsupervised
learning, but the labels of the testing samples are never
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TABLE I

involved during feature representation, feature selection, and
classifier learning.
Here, for the j th feature in i th sample, its intracoupled
representation (including j th feature oneself), is denoted as

(5)
Zintra (i ) = z i1j , z i2j , . . . , z iEj

I LLUSTRATION OF D IFFERENT C LASSIFICATION C ASES .
(: C ORRECT AND ×: I NCORRECT )

and the intercoupled representation of the same sample as
( j th feature does not involve)
 1 2
E
1
2
E
, z i1 , . . . , z i1
, . . . , z iξ
, z iξ
, . . . , z iξ
,
Zinter (i ) = z i1
1
2
E
· · · , z iτ
, z iτ
, . . . , z iτ

(6)

where ξ = 1, 2, . . . , τ , ξ = j .
Also, a parameter w = [(1/1!), (1/2!), . . . , (1/E!)] is introduced to reweight different orders. Thus, for the j th feature
in i th sample, we can combine the obtained ( j ) and ( j )
for its CFR representation as follows:
τ −1

predicting the labels for training samples could be calculated
as follows:

ui ( j ) = Zintra(i )w·( j )+Zinter(i ) [w, w, . . . , w]·[( j )]

tA =

(7)
where  denotes a Hadamard product.
According to the previous calculation, for the i th sample,
we can represent its final CFR ui as follows:
ui = [ui (1), ui (2), . . . , ui (τ )] ∈ Rτ E .

tB =
tC =

(8)

With this form of the CFR, we utilize the LASSO
algorithm [16] to remove the generated label-irrelevant features on the training samples. As a reminder, although the
aforementioned steps are illustrated for modality A, they can
be directly applied to modalities B and C.
For simplicity, in later sections for the i th sample, we denote
its dimension-reduced CFR as xiA in modality A. Similarly,
we denote the dimension-reduced CFR as xiB and xiC in
modality B and C, respectively.
V. C OUPLED B OOSTING
While continuously updating a sample-based distribution as
AdaBoost [21], the proposed CB alternates between two steps
of drawing several samples from the training set according to a
certain distribution and training a base learner by determining
the respective weight function and updating the current distribution. Formally, T denotes the total number of iterations.
For modalities A, B, and C, we denote h tA , h tB , and h C
t
as the trained base learners at the tth iteration, respectively.
In this paper, we choose SVM or a sparse representation-based
classifier as the base learner.
In particular, at the tth iteration, we can obtain the weight
distribution for different modalities as dtA = [dtA1, . . . , dtAm ] ,
dtB = [dtB1, . . . , dtBm ] , and dtC = [dtC1, . . . , dtCm ] , where m
is the number of training samples in total. Also, dtAi indicates
the i th entry of dtA : the weight of the i th training sample of
modality A at the tth iteration, similarly for dtBi and dtCi .
During each iteration, the samples are first drew according
to the current dtA , dtB , and dtC , and then used to train
the respective base learners h tA , h tB , and h C
t for modalities
A, B and C. With obtained h tA , h tB and h C
t , the error of

m

i=1
m

i=1
m




dtAi · l h tA (xiA ), yi

(9)



dtBi · l h tB (xiB ), yi

(10)



C
dtCi · l h C
t (xi ), yi

(11)

i=1
C
where h tA (xiA ), h tB (xiB ), and h C
t (xi ) are the corresponding
predicted labels of training samples xiA , xiB , and xiC by the
base learners h tA , h tB , and h C
t . l(a, b) = 0 if and only if a = b
and l(a, b) = 1 otherwise. The weight distribution in the next
iteration d(tA+1), d(tB +1) , and d(tC +1) could be updated according
to the these calculated errors [i.e., (9)–(11)].
We now discuss our key issue of weight distribution updating by simultaneously integrating the intrarelation and interrelation. Since we have three modalities (MRI, PET, and CSF),
there exists 23 = 8 (i.e., binary classification) cases for
the errors (see Table I). That is, when h tA (xiA ) is correctly
classified, there are four cases as follows.

1)
2)
3)
4)

(Case
(Case
(Case
(Case

1)
2)
3)
4)

xiB
xiB
xiC
xiB

and xiC are both correctly classified.
is correctly classified while xiC is not.
is correctly classified while xiB is not.
and xiC are both incorrectly classified.

Similarly, when h tA (xiA ) is incorrectly classified, we can
obtain other four cases (i.e., Cases 5–8). Here, with regard
to the interrelation, compared to the case that all the samples
are correctly classified (i.e., Case 1), the weight of Case 2,
Case 3, and especially Cases 4–8, should be increased in the
next round.
Typically, for weight updating from modality oneself,
the similar updating rule of AdaBoost is employed


A A A
(12)
d(tA+1)i = dtAi · e −αt ·h t (xi )·yi NtA


B
B
B
d(tB+1)i = dtBi · e −αt ·h t (xi )·yi NtB
(13)


C
C
C
d(tC+1)i = dtCi · e −αt ·h t (xi )·yi NtC
(14)
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where αtA = (1/2) ln(1 − tA /tA ), αtB = (1/2) ln(1 − tB /tB )
and αtC = (1/2) ln(1 − tC /tC ) with the consistent definition
as that in single-modality AdaBoost [21], and NtA , NtB , and
NtC are the normalizing factors that ensure the summation of
respective d(tA+1) , d(tB +1) , and d(tC +1) being equal to 1.
Moreover, in order to enhance the generalization performance on the inconsistent cases (i.e., Cases 2 and 3), to perform the multimodal fusion [57]–[59], we propose to impose
the pairwise coupled-diversity function G(xiA , yi ) as follows:
G



xiA , yi





 

 
 
 
1
4 − δ h tA xiA − h tB xiB −δ yi − h tB xiB
=
4




  C C
 
A A
C C
− δ yi − h t x i
−δ h t xi −h t xi

Algorithm 1 Coupled Boosting
Input: Data {xiA , xiB , xiC , yi }m
i=1 , and the number of iterations
T
Output: an ensemble classifier H (x A , x B , xC )
1
1: d1A ← m
× 1, d1B ← m1 × 1, d1C ← m1 × 1
2: for t = 1, · · · , T do
A
B
C
3: Train h tA , h tB , and h C
t with dt , dt , and dt .
A
B
C
4: Compute errors t , t and t by (9)-(11).
1
1
1
5: if tA ≤ 2 , tB ≤ 2 , tC ≤ 2 then
6:
7:
8:
9:
10:

(15)
where δ[·] denotes the Dirac function.
By integrating the aforementioned (12)–(15), we obtain the
new weight function as follows:
  

 

A
−αtA ·h tA xiA ·yi
A e −G xi ,yi


+
λ
e
t
KtA xiA , yi =
(16)
A
1 + λtA · eαt

 
  

B
−αtB ·h tB xiB ·yi
B e −G xi ,yi


e
+
λ
t
KtB xiB , yi =
(17)
B
1 + λtB · eαt
  

 

C C C
−G xiC ,yi


e −αt ·h t xi ·yi + λC
t e
(18)
KtC xiC , yi =
αC
1 + λC
t ·e t
where e−αt ≤ λtA ≤ eαt , e−αt ≤ λtB ≤ eαt , and e−αt ≤
αtC
λC
t ≤ e . In this meaning, we can reformulate the new weight
distribution as follows:
A

A

B

C

B



d(tA+1)i = dtAi · KtA xiA , yi ÑtA


d(tB+1)i = dtBi · KtB xiB , yi ÑtB


d(tC+1)i = dtCi · KtC xiC , yi ÑtC

(19)
(20)
(21)

where ÑtA , ÑtB , and ÑtC are the normalizing factors.
By repeating the above training process with T iteration,
a strong ensemble classifier H (x A , x B , xC ), which combines
all the base learners using a weighted majority voting strategy,
can be finally obtained to predict the new coming testing
samples as follows:

H (x A , x B , xC ) = sgn

T 

αtA · h tA (x A ) + αtB · h tB (x B )
t =1
C
+αtC · h C
t (x )


(22)

where sgn(·) denotes the sign function.
Lemma 1: In tth iteration, for the normalization factor ÑtA
and the error tA , we have

ÑtA ≤


1−4

1
− tA
2

2
.
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11:
12:

1− A

1− B

1− C

αtA = 12 ln A t , αtB = 12 ln B t , αtC = 12 ln C t
t
t
t
for i = 1, · · · , m do
Update d(tA+1)i , d(tB+1)i , d(tC+1)i by (19)-(21).
end for
end if
end for
Obtain H (x A , x B , xC ) defined by (22).

Theorem 1: Given m training samples and denoting errors
on three modalities at tth iteration as tA , tB , and tC , respectively, the training error ET at T th iteration is bounded as


2 
T
T


1
2
A B C
2
A
− t
ET ≤ m
1−4
Ñt Ñt Ñt ≤ m
2
t =1
t =1



2  
2 − 12
1
1
− tB
− tC
.
1−4
1−4
2
2
Theorem 2: When the performance of a base learner
for each individual modality is better than random guess
[ i.e., tA , tB , tC ≤ (1/2)], the training error could monotonically decrease as
Et +1 ≤ Et .
For the proof of these theorems, refer to Section IX.
According to Theorem 1, with the same number of training
samples and iterations, the relatively small ÑtA , ÑtB , and ÑtC
(i.e., tA , tB , and tC should be small) help to reduce the
training error bound for CB. Also, for better illustration, Fig. 3
shows an example of the change of weight distributions in
the first six rounds. From the figure, we could observe that
only a small portion of the samples is with high weights by
imposing the pairwise coupled diversity function to enhance
the consistency. Thus, the CB is expected to guarantee a
low training error. This error bound tells us that enhancing
the intraperformance and interperformance for lower tA , tB ,
and tC helps to obtain a low upper error bound. Moreover,
as depicted in Theorem 2, the convergence of training error
could be theoretically satisfied. The pseudocode of our CB is
illustrated in Algorithm 1.
VI. C OUPLED M ETRIC E NSEMBLE
To better measure and compare the samples of MRI, PET,
and CSF, we use feature projection by a learned metric across
different modalities. Here, we propose a novel CME by making full use of the intrarelation and interrelation. Regarding the
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Example of showing the changes of weight distribution functions for different modalities.

OFR is with different dimensionality from different modalities,
it is difficult to directly compare them between multiple
modalities. Therefore, we employ a kernel-based representation by modeling the samplewise similarity. We first introduce
a component analysis method [60] to mathematically connect
the tasks of metric learning under the OFR representation and
under the kernel-based representation.
Lemma 2: [60] Given a matrix L as the learned metric,
if there exists a nonlinear mapping , the projection can be
decomposed into multiplication of two matrices as follows:
L

=

K

(23)

where K is a typical type of kernel matrix on , and is the
corresponding matrix to represent K in a linear combination
manner.
It can be observed that the problem of metric learning
using the OFR representation can be equivalently transformed
into the task of using kernel-based representation. Next,
intrarelations (individual modality can learn a good metric)
and interrelations (sample with different classes should show
very different feature representation) are incorporated together
to help learn the coupled metric.
Inspired by Torresani and Lee [60], regarding the
intramodality relation with the obtained kernel matrix K A ∈
Rm×m (modality A as an example), the goal of finding
∈ Rm×m can be formulated as minimizing the following
objective function:


A
Fintra( ; K A ) =
ηi j  K:,i
− K:,Aj 2 + ψ
ηi j (1− yil )
i, j


A
−
×h  K:,i

i, j,l
A
K:,Aj 2 −  K:,i
−

A 2
K:,l
 +1


(24)

where ηi j = 1 if and only if two conditions satisfy: 1) the j th
sample belongs to a k-nearest neighbor (kNN) of current i th
sample and 2) j th sample and i th sample are with the same
label yi . Otherwise, ηi j = 0. Also, yil = 1 if and only if the i th
and lth samples are with the same label, and yil = 0 otherwise.
In addition, h(z) = max(z, 0) indicates that a margin between
different labels should be preserved by introducing the hinge
loss function. ψ is used to balance the different terms as a
weight parameter.

For the intermodality relation, first, the same sample across
different modalities is used to show similar representation after
projection, which can be formulated as follows:


K p, K p F
F1 = −
p={A,B,C} p  = p



=



tr[−K p



Kp ]

(25)

p={A,B,C} p  = p

where · F is calculated as ϒ,  F = tr [ϒ  ] for two
matrices ϒ and , and tr [·] denotes a trace operator.
Second, the different samples across modalities of different
classes should show different feature representations after
metric projection


Kp  Kp , 1 − Y F
F2 =
p={A,B,C} p  = p



=



tr[(1 − Y)K p



Kp ]

(26)

p={A,B,C} p  = p

where 1 ∈ Rm×m is the all-one matrix. Y ∈ Rm×m denotes the
label consistency matrix. Yi j = 1 if and only if when the i th
and j th samples belong to the same class, otherwise Yi j = 0.
By combining and scaling F1 and F2 , we draw the following
formulation:
1
Finter( ) = F1 + F2
m



  1
Y
− − I K p  K p . (27)
=
tr
m
m
p={A,B,C} p  = p

By integrating the intrarelations and interrelations as well
as imposing the norm of the learned as a penalty constraint,
we obtain the objective of our CME as follows:

Fintra ( ; K p ) + αFinter ( ) + β F
min
p={A,B,C}

= min



p={A,B,C}

+α



Fintra ( ; K p ) + β F


tr[(UK p



Kp ]

p={A,B,C} p  = p

where U = (1/m) − (Y/m) − I for simplification.

(28)
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TABLE II
C OMPARISON OF CFR AND OFR R EPRESENTATION . T HE “•” I NDICATES
THE S TATISTICALLY AND S IGNIFICANTLY B ETTER P ERFORMANCE

Fig. 4. Illustration of t-SNE result for OFR, CFR, and CME. Black dots:
NC group. Red dots: AD group.

For optimization, the gradient-based method can be applied
by taking the derivative with respect to , calculated as
follows:
⎛

Q p + 2βI
= ⎝
p={A,B,C}



+α



⎞
(K p UK p + K p UK p )⎠

(29)

p={A,B,C} p  = p

where

⎛


 p

p 
  K:,ip −K:,p j
K −K
Qp = 2 ⎝
ηi j Ei
− E j :,i :, j
i, j

+ψ




 p
p
 K p −K p 
K:,i −K:, j
:,i
:, j
ηi j (1 − yil ) Ei
− Ej

i, j,l


−Ei

p

p

K:,i −K:,l



p

p

(K:,i −K:,l )

+ El



.

(30)

Here, Evi ∈ Rm×m is defined as Evi = [0, 0, . . . , v, . . . , 0]
with vector v ∈ Rm in the i th column and all zeros in the rest
columns.
Thus, the updating rule for solving is as follows:
t +1

←

t

− ρt

(31)

where ρ is a step size in optimization, and ρ could be
automatically selected in each iteration by a line search method
in the back-tracking manner.
With the learned , we can obtain the projected feature
spaces for different modalities. Thus, we need to perform
multimodal classification as a follow-up step. Finally, for
multimodal classification, many alternatives can be applied.
Here, we simply employ sparse multimodal biometrics recognition (SMBR) [61], due to its promising results in several applications [62]–[64]. Note that, we also introduce and
evaluate two additional methods as additional choices for
multimodal classification given in Section VII-F.
For better visualization, we illustrate a typical T-distributed
Stochastic Neighbor Embedding (t-SNE) result for OFR,
CFR, and CME-CFR shown in Fig. 4, where black and red
dots denote the normal control (NC) and AD, respectively.
We could observe that performing CME on CFR could
enhance the discriminative ability of feature representation.
Also, we conduct two comparisons: 1) the statistical significance of CFR against OFR (Table II) and 2) the statistical
significance of CME-CFR against the case without CME,
i.e., p-value of 3.7 × 10−4 , showing the advantage again.

VII. E XPERIMENTS
A. Experimental Setup
In this section, we report the qualitative and quantitative results by evaluating our method and other competitive
methods on the well-known publicly available data set: AD
neuroimaging initiative (ADNI) data set.3 Currently, ADNI
is considered as one of the most popular benchmarks for
performance evaluation on different computer-aided AD/MCI
diagnostic methods. Specifically, the baseline data including
202 different patients (51 ADs, 99 MCIs, and 52 NCs) is
adopted in our experiment.
For AD/MCI diagnosis, we focus on the two classification tasks: AD/NC and MCI/NC as the same as the related
works [13], [65]. For performance comparison, we employed
four different widely used metrics to evaluate the classification
performance of the competitive methods and our proposed
method.
1) ACC (i.e., Accuracy): The proportion of correctly classified samples in all the samples from the testing set.
2) SPE (i.e., Specificity): The proportion of correctly classified NC samples in all the samples from the testing set.
3) SEN (i.e., Sensitivity): The proportion of correctly classified AD or MCI samples in all the samples from the
testing set.
4) AUC: The area under receiver operating characteristic
curve.
Note that, for all four metrics, a higher value is considered to
be better than a lower value.
The tenfold cross validation (CV) is also introduced here
for evaluation. Since different data set partitions in tenfold
CV might bring in the evaluation bias, we repeat 100-time
calculation with tenfold CV and record the average value.
In addition, the different folds in data partition and the
ratios of different classes are encouraged to be balanced.
For parameter settings, λtA , λtB , and λC
t in CB were chosen
from [10−5 , 10−4 , 10−3 , . . . , 100] by means of the nested CV
on the training samples. The linear SVM is chosen as the
base learner which is a popular classifier in many tasks with
a relatively small number of parameters (here we only use
the implementation provided by lib SVM [66]). Typically,
we performed the nested tenfold CV for SVM (also including
other base learners in Sections VII-E and VII-F) directly on
the CFR, which can quickly choose the initial parameters by
3 http://www.loni.ucla.edu/ADNI
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Illustration of the effectiveness of CFR, showing the surfaces of CFR are higher than that of OFR.

avoiding the possible time-consuming search in the whole
method. Also, for the parameter settings in CME, α, β, ψ
were determined from [10−7 , 10−5 , 10−3 , . . . , 103 , 105 , 107 ]
using the best performance from the nested CV. Hereafter,
our methods of CB and CME are denoted as CB and CME
for simplicity, respectively.
B. Results of Coupled Feature Representation
We evaluated the results of our proposed CB and CME
trained with the (CB-OFR and CME-OFR) and (CB-CFR
and CME-CFR), respectively. In particular, we presented the
performance changes of the all these methods (i.e., CB-OFR,
CME-OFR, CB-CFR, and CME-CFR) by varying the power
expansion value in the range of 1, 3, 5, 7, 9, and 11 for
different modalities. Furthermore, to reduce the huge computational cost and by regarding the fact that the MRI/PET features
correspond to the intensity values of the same ROIs, we set
E1 as the expansion number of MRI and PET features, E2 as
that of CSF feature, and investigated the performance when
E1 and E2 changed in the range of {1, 3, 5, 7, 9, 11}. The
results are shown in Fig. 5. Note that LASSO is adopted for
all the competitive methods on their corresponding features.
With the change of the expansion parameters E1 and E2,
the proposed CB-CFR outperformed CB-OFR, and CME-CFR
outperformed CME-OFR, respectively, in terms of ACC,
SEN, SPE, and AUC. It is noteworthy that E1 = 1 means
modalities MRI and PET are with the OFR representation,

and E1 > 1 means with the CFR representation (similarly for E2). Specifically, compared to CB-OFR/CME-OFR,
the proposed method of CB-CFR/CME-CFR improved by up
to 3.65%/6.76% (ACC), 3.70%/7.55% (SEN), 3.59%/6.00%
(SPE), and 3.13%/6.78% (AUC) for AD diagnosis, and by
5.84%/6.61% (ACC), 4.43%/3.48% (SEN), 8.52%/12.58%
(SPE), and 5.86%/7.65% (AUC) for MCI diagnosis. It validates that the CFR can be of benefit to the performance of
computer-aided diagnostic algorithms for both CB and CME
on both AD and MCI diagnosis.
Regarding the expansion parameters E1 and E2, a small E1
or E2 is harmful to the results. Also, a large E brings in a large
computation cost but obtains less performance improvement.
Thus, we choose E1 and E2 from {3, 5, 7, 9, 11}. Specifically,
for each candidate of E1, we first calculated the PCC between
each expanded feature and the label of training samples. Then,
we computed the average value of the obtained PCCs for each
candidate. Finally, the candidate of E1 with the largest average
value was selected. This selection process was the same for
choosing E2. Table II presents the quantitative comparison.
In this setting, the CFR representation was established
for all the training and testing samples without using any
label information from the testing samples. However, for
a better understanding of the computational way of CFR,
we additionally evaluated the performance of CFR by splitting
the training and testing samples during computation their
respective CFR. In particular, we name this split strategy
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Fig. 7.

Comparison between AdaBoost and CB.

Fig. 8.

Changes of the testing errors of CB and AdaBoost.

Fig. 6. Performance comparison between the cases with and without feature
selection.
TABLE III
C OMPARISON OF T WO D IFFERENT S TRATEGIES OF
C ALCULATING THE CFR R EPRESENTATION

D. Results of Coupled Boosting
TABLE IV
P ERFORMANCE I MPROVEMENTS (%) BY F EATURE S ELECTION

as CB-CFR-split and CME-CFR-split, corresponding to
CB-CFR and CME-CFR, respectively, by calculating the CFR
representation separately for training and testing samples.
C. Results of Feature Selection
We evaluated the performance of CB and CME without
feature selection (called as CBwoFS or CMEwoFS) and with
feature selection (called as CBwLASSO or CMEwLASSO).
Also, we investigated another feature selection strategy of a
normalized mutual information-based method (NMI) for both
CB and CME, called as CBwNMI and CMEwNMI, respectively. For the implementation of NMI, we first computed the
shared information between each feature of the training sample
with the training label, and then selected the features with 50%
of the highest NMI values as the final features.
We presented the performance shown in Fig. 6, from which
we can observe that feature selection benefited the diagnostic
performance for both CB and CME (see Table IV for detailed
values). It is also noticeable that LASSO helped to achieve
better results than NMI, which belongs to a heuristic strategy.
Thus, we only reported the results of our proposed method
combined with LASSO in the following experiments.

With the goal of showing the efficacy of our proposed pairwise coupled-diversity function in weight distribution updating, AdaBoost is introduced as a baseline to compare with our
setting. Formally, if λtA , λtB , and λC
t in (16–18) are all set to 0,
our CB degenerates to the conventional setting in AdaBoost
which ignores the inconsistent classification between different modalities. For fair comparison, SVM is chosen as the
base learner for both CB and AdaBoost (see Fig. 7). Our
method statistically outperforms AdaBoost with p-values of
3.5×10−5 in AD/NC classification, and 1.9×10−3 in MCI/NC
classification.
In the following, we present four examples to show the
changes of testing errors with the iterations for both the CB
(denoted as Multimodal) and AdaBoost (denoted as MRI, PET,
and CSF, viewed on three modalities) shown in Fig. 8. Overall,
by making full use of the pairwise coupled-diversity across
different modalities, CB presented superior results compared
to AdaBoost.
Also, besides SVM, two additional base learners, kNN
and sparse representation classifier (SRC), were tested, which
are named as CB-SVM, CB-kNN, and CB-SRC, respectively.
With all other components (i.e., feature representation and CB)
fixed, we observe that CB-SVM was robust to different
training/testing data partition (i.e., CB-SVM shows the lowest
std values). For AD/NC, CB-SVM is 95.0±0.5%, CB-kNN is
93.1±1.1%, and CB-SRC is 94.5±1.2%, while for MCI/NC,
CB-SVM is 80.7±0.9%, CB-kNN is 78.2±1.3%, and
CB-SRC is 80.9±1.5%, respectively. Thus, in the following,
we reported the results of CB with SVM as the base learner.
E. Results of Coupled Metric Ensemble
We also compared the proposed CME with several stateof-the-art methods devised for multimodality subspace/metric
learning. The competitive methods under consideration were
local discriminative distance metrics (LDDM) [67], multitask
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TABLE VI
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C OMPARISON W ITH O THER R ELATED M ETHODS
FOR AD/MCI D IAGNOSIS

large margin multitask metric (mt-LMNN) [68], and multimodality large margin component analysis (mLMCA) [60].
For LDDM, we implement the code by ourselves. For mtLMNN, we extend the implementation from LMNN with the
publicly available code [69]. For mLMCA, which is an extension of LMCA [60] originally developed for single modality
learning, we learned the individual metric for each modality separately, and integrated the predictions from different
modalities by majority voting. Note that all the methods used
the CFR representation and LASSO (for feature selection)
for fair comparison. We show the results given in Table V.
The proposed CME outperformed the current multimodality
subspace/metric learning algorithms (on both OFR and CFR),
therefore, demonstrating the effectiveness of our CME. Also,
by comparing the mLMCA (ignoring the relation among
different modalities) with the other methods, we could also
observe that using coupled relations of different modalities
could enhance the final classification performance. Thanks
to the promising feature representation (i.e., CFR), different
methods achieved relatively similar performances. However,
on the raw low-level features (i.e., OFR), we observed different
results from the competitive methods, especially in the AUC,
which again demonstrates the efficacy of the CFR.
F. Comparison With the State-of-the-Art Methods
Besides directly comparing with the state-of-the-art
AD/MCI diagnostic methods (e.g., [13], [65]), for a full investigation, the results of six single-modality methods are also
reported including SRC on MRI features (SRC-MRI), SRC on
PET features (SRC-PET), SRC on CSF features (SRC-CSF),
SVM on MRI features (SVM-MRI), SVM on PET features
(SVM-PET), and SVM on CSF features (SVM-CSF). For
these six methods, we automatically determined the parameters
in SRC or SVM by performing the inner tenfold CV on all
the training samples.
Moreover, we introduced several baselines developed for
multiview/multitask learning problems. Specifically, we considered the following baseline methods:
1) SMBR+OFR and SMBR+CFR [61]: Perform SMBR on
OFR and CFR, respectively.

2) Multi-Task Joint Sparse Representation (MTJSRC)+
OFR and MTJSRC+CFR [70]: Perform MTJSRC on
OFR and CFR, respectively.
3) Non-Independent and Identically Distributed Metric
Learning (NIME)+OFR and NIME+CFR [71]: Perform NIME on OFR and CFR, respectively.
4) CMESMBR: Extract CFR, learn CME, and perform
SMBR.
5) CMEMTJSRC : Extract CFR, learn CME, and perform
MTJSRC.
Table VI shows the comparison of the performance of the
competitive methods. For [13] and [65], we illustrated the best
performance reported in their papers and found the proposed
method obtained the best performance in most cases. It is
noteworthy that, to reduce the influence from different ways
of data set partition, the AUCs were obtained by repeating
the tenfold CV 100 times and finding the average value.
Our maximal AUCs were 97.5% and 83.3% in AD and MCI
diagnosis that were higher than those reported in [65].
Also, in Table VI, the methods of directly using SMBR
perform worse than our CME, especially for MCI/NC diagnosis. The reason is that beyond the view-based consideration as
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multiview classifier (e.g., SMBR), as a feature transforming
method, CME could further integrate the sample-based large
margin criterion as LMNN, aiming to enhance the discriminative power. This is realized by imposing the hinge loss on
the corresponding triplets in (24).
Compared with [65], the advantages of our method are
as follows: 1) from a feature representation perspective,
we employ the CFR representation, instead of the OFR directly
extracted from the respective images by showing its superiority thanks to capturing feature-level coupled interaction
and 2) from a multimodality fusion perspective, the proposed methods of CB and CME aim to simultaneously integrate the information from intramodality (i.e., minimizing the
error for each modality) and intermodality (i.e., capturing
the complementary information among different modalities).
However, [65] does not fully consider this issue, instead,
they directly minimize the total errors by summing all the
precalculated kernels, one for each modality.
In summary, the promising results achieved by our methods
could be concluded as: 1) CFRs are able to balance the
generated features with different powers (i.e., the higher power
features are assigned with lower weights) to avoid the possible
overfitting raised by complex representation; 2) boostinglike
methods could help to increase the ensemble margin according
to previous investigation [72]–[75]; and 3) in CME, both the
relation of intramodality (i.e., encouraging each modality to
learn a good enough metric) and intermodality (i.e., kernel
alignment from different modalities by the guidance from the
label information) show good discriminative power. However,
for further analysis, we will investigate this issue from both
theoretical and experimental perspectives.
VIII. C ONCLUSION AND D ICUSSION
In machine-learning based AD/MCI diagnosis studies, for
the OFR extracted from neuroimaging data, a widely used
assumption existing in most previous methods is that these
OFRs are conditional independent. However, from the feature
level, it is known that different brain regions are interlinked
with each other to some extent. Moreover, from the modality
level, different modalities (i.e., MRI, PET, and CSF) usually
show common or complementary relational connection. In
this paper, we proposed to introduce the CFR to model
the feature-level coupled interaction on the original low-level
features. From the modality level, we also developed two new
algorithms: 1) the CB that models the correlation of pairwise coupled diversity on both inconsistently and incorrectly
classified samples between different modalities and 2) the
CME that learns a metric for feature projection by imposing
intramodal and intermodal constraints on different samples.
By comparing with the existing methods, our methods show
the promising results on both AD and MCI diagnosis on
publicly available ADNI data set. Also, we systematically
analyzed that by using the coupled relations in features,
samples, and modalities, the performance could be improved,
outperforming the competitive methods.
Although our method, here, focuses on the AD/MCI
diagnosis, the concept of modeling coupled interaction has
been successfully borrowed to several learning-based tasks,
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i.e., categorical data analysis [76], natural image segmentation [71], medical image segmentation [56], histological
image identification [71], image source identification [77], and
social media analysis [78]. We believe that our method has
also great potential to be applied to various (medical) tasks
which are relevant to the neural networks and related learning
systems [79]–[82].
IX. P ROOFS
A. Proof of Theorem 1
Proof: The training error can be represented as
E=

m

1    A B C
I H x i , x i , x i  = yi
m
i

where m indicates the total number of training samples. I(s) is
an indicator function. I(s) = 1 if and only if the statement s is
true and I(s) = 0 otherwise. Thus, H (x A , x B , xC ) is defined as
 T

A B C
H (x , x , x ) = sgn
αtA · h tA (x A )
t =1

+αtB

· h tB (x B ) + αtC

C
· hC
t (x )


.

Let H (x A , x B , xC ) = sgn[F(x A , x B , xC )] as
F(x A , x B , xC ) =

T 

αtA · h tA (x A ) + αtB · h tB (x B )
t =1


C
+αtC · h C
t (x ) .

If H (xiA , xiB , xiC ) = yi , then yi F(xiA , xiB , xiC ) ≤ 0 which
means that exp(−yi F(xiA , xiB , xiC )) ≥ 1. Therefore,
m

1    A B C
I H x i , x i , x i  = yi
m
i

m



1 
≤
exp − yi F xiA , xiB , xiC
m
i

T
T
m


 
 
1 
=
exp −yi
αtA · h tA xiA − yi
αtB · h tB xiB
m
t =1
t =1
i

T

 C
−yi
αtC · h C
t xi
t =1



T
m


1
A
A A
=
αt · h t (xi )
exp −yi
m
t =1
i


T

 
B
B B
αt · h t xi
× exp −yi
t =1


× exp −yi

T


αtC

· hC
t

 C
xi


.

t =1

Also, according to the weight updating functions (12)–(14),
for ÑtA , ÑtB and ÑtC , we obtain following equation (taking
A as an example):
ÑtA =

m

i=1



dtAi · KtA xiA , yi .

(32)
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C. Proof of Lemma 1
A
A
Proof: Given e−αt ≤ λtA ≤ eαt , we could obtain

Since, the following equation holds:


d1iA tT=1 KtA xiA , yi
A
d(T +1)i =
.
T
A
t =1 Ñt

(33)
ÑtA =

Therefore, we get
T
T




A
ÑtA .
d1iA
KtA xiA , yi = d(T
+1)i
t =1

i

(34)

t =1

Also, according to (12), taking modality A as an example,
we get


T

 
1
A
A A
exp −yi
αt · h t xi
m
t =1


T



= d1iA exp −yi
αtA · h tA xiA
= d1iA

T

t =1

≤ d1iA

T


t =1

t =1

 


exp − αtA · h tA xiA · yi
T



A
KtA xiA , yi = d(T
ÑtA
+1)i

exp −yi

 C
αtC · h C
t xi

t =1
A
≤ m 3 · d(T
+1)i

T

t =1

B
ÑtA · d(T
+1)i

T


C
ÑtB · d(T
+1)i

t =1
T


T


ÑtC

t =1

ÑtA ÑtB ÑtC .

(38)

t =1

Therefore, also by incorporating Lemma 1, we can finally
obtain the following bound for training error ET for CB as
follows: 
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B. Proof of Theorem 2
Proof:
Since tA+1 ≤ (1/2) (i.e., the precondition of AdaBoost in [21]), we could obtain ÑtA+1 =
!
1 − 4((1/2) − tA+1 )2 ≤ 1, and similarly ÑtB+1 ≤ 1 and

ÑtC+1 ≤ 1. Thus, Et +1 ≤ Et could be easily verified.



R EFERENCES
[1] N. Neale, C. Padilla, L. M. Fonseca, T. Holland, and S. Zaman,
“Neuroimaging and other modalities to assess Alzheimer’s disease in
down syndrome,” NeuroImage, Clin., vol. 17, pp. 263–271, Jan. 2018.
[2] C. Davatzikos, P. Bhatt, L. M. Shaw, K. N. Batmanghelich, and
J. Q. Trojanowski, “Prediction of MCI to AD conversion, via MRI,
CSF biomarkers, and pattern classification,” Neurobiol. Aging, vol. 32,
no. 12, pp. 2322.e19–2322.e27, 2011.
[3] M. D. Greicius, G. Srivastava, A. L. Reiss, and V. Menon, “Default-mode
network activity distinguishes Alzheimer’s disease from healthy aging:
Evidence from functional MRI,” Proc. Nat. Acad. Sci. USA, vol. 101,
no. 13, pp. 4637–4642, 2004.
[4] M. Lee et al., “Network properties in transitions of consciousness during
propofol-induced sedation,” Sci. Rep., vol. 7, Dec. 2017, Art. no. 16791.
[5] Y. Fan et al., “Unaffected family members and schizophrenia patients
share brain structure patterns: A high-dimensional pattern classification
study,” Biol. Psychiatry, vol. 63, no. 1, pp. 118–124, 2008.
[6] Z. Xue, D. Shen, and C. Davatzikos, “CLASSIC: Consistent longitudinal
alignment and segmentation for serial image computing,” NeuroImage,
vol. 30, no. 2, pp. 388–399, 2006.
[7] C. Hinrichs, V. Singh, G. Xu, S. C. Johnson, and The Alzheimer’s
Disease Neuroimaging Initiative, “Predictive markers for AD in a
multi-modality framework: An analysis of MCI progression in the ADNI
population,” NeuroImage, vol. 55, no. 2, pp. 574–589, 2011.
[8] O. Kohannim et al., “Boosting power for clinical trials using classifiers based on multiple biomarkers,” Neurobiol. Aging, vol. 31, no. 8,
pp. 1429–1442, 2010.
[9] H.-I. Suk and D. Shen, “Deep learning-based feature representation for
AD/MCI classification,” in Proc. MICCAI, 2013, pp. 583–590.
[10] C. Wang, Z. She, and L. Cao, “Coupled attribute analysis on numerical
data,” in Proc. IJCAI, 2013, pp. 1736–1742.
[11] H.-I. Suk and D. Shen, “Subclass-based multi-task learning for
Alzheimer’s disease diagnosis,” Frontiers Aging Neurosci., vol. 6, p. 168,
Aug. 2014.
[12] E. Westman, J.-S. Muehlboeck, and A. Simmons, “Combining MRI and
CSF measures for classification of Alzheimer’s disease and prediction
of mild cognitive impairment conversion,” NeuroImage, vol. 62, no. 1,
pp. 229–238, 2012.
[13] D. Zhang, Y. Wang, L. Zhou, H. Yuan, and D. Shen, “Multimodal
classification of Alzheimer’s disease and mild cognitive impairment,”
NeuroImage, vol. 55, no. 3, pp. 856–867, 2011.
[14] X. Zhu, H.-I. Suk, H. Huang, and D. Shen, “Low-rank graph-regularized
structured sparse regression for identifying genetic biomarkers,” IEEE
Trans. Big Data, vol. 3, no. 4, pp. 405–414, Dec. 2017.
[15] B. Jie, M. Liu, D. Zhang, and D. Shen, “Sub-network kernels for measuring similarity of brain connectivity networks in disease diagnosis,”
IEEE Trans. Image Process., vol. 27, no. 5, pp. 2340–2353, May 2018.
[16] R. Tibshirani, “Regression shrinkage and selection via the lasso,” J. Roy.
Statist. Soc., B (Methodol.), vol. 58, no. 1, pp. 267–288, 1996.

SHI et al.: LEVERAGING COUPLED INTERACTION FOR MULTIMODAL AD DIAGNOSIS

[17] T. Trzcinski, M. Christoudias, and V. Lepetit, “Learning image descriptors with boosting,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 37,
no. 3, pp. 597–610, Mar. 2015.
[18] Y. Li, S. Wang, Q. Tian, and X. Ding, “A boosting approach to exploit
instance correlations for multi-instance classification,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 27, no. 12, pp. 2740–2747, Dec. 2016.
[19] Q. Miao, Y. Cao, G. Xia, M. Gong, J. Liu, and J. Song, “RBoost: Label
noise-robust boosting algorithm based on a nonconvex loss function and
the numerically stable base learners,” IEEE Trans. Neural Netw. Learn.
Syst., vol. 27, no. 11, pp. 2216–2228, Nov. 2016.
[20] L. Xu, S. Lin, Y. Wang, and Z. Xu, “Shrinkage degree in L 2 -rescale
boosting for regression,” IEEE Trans. Neural Netw. Learn. Syst., vol. 28,
no. 8, pp. 1851–1864, Aug. 2017.
[21] Y. Freund and R. E. Schapire, “A decision-theoretic generalization of
on-line learning and an application to boosting,” in Proc. 2nd Eur. Conf.
Comput. Learn. Theory, 1995, pp. 23–37.
[22] Y. Shi, H.-I. Suk, Y. Gao, and D. Shen, “Joint coupled-feature representation and coupled boosting for AD diagnosis,” in Proc. CVPR,
Jun. 2014, pp. 2721–2728.
[23] R. J. Perrin, A. M. Fagan, and D. M. Holtzman, “Multimodal techniques
for diagnosis and prognosis of Alzheimer’s disease,” Nature, vol. 461,
pp. 916–922, Oct. 2009.
[24] K. B. Walhovd et al., “Combining MR imaging, positron-emission
tomography, and CSF biomarkers in the diagnosis and prognosis of
Alzheimer disease,” Amer. J. Neuroradiol., vol. 31, no. 2, pp. 347–
354, 2010.
[25] W. Zhang et al., “Identifying genetic risk factors for Alzheimer’s disease
via shared tree-guided feature learning across multiple tasks,” IEEE
Trans. Knowl. Data Eng., vol. 30, no. 11, pp. 2145–2156, Nov. 2018.
doi: 10.1109/TKDE.2018.2816029.
[26] J. Xu, C. Deng, X. Gao, D. Shen, and H. Huang, “Predicting Alzheimer’s
disease cognitive assessment via robust low-rank structured sparse
model,” in Proc. IJCAI, 2017, pp. 3880–3886.
[27] H.-I. Suk, S.-W. Lee, D. Shen, and The Alzheimer’s Disease
Neuroimaging Initiative, “Hierarchical feature representation and
multimodal fusion with deep learning for AD/MCI diagnosis,”
NeuroImage, vol. 101, pp. 569–582, Nov. 2014.
[28] J. Liu, J. Wang, Z. Tang, B. Hu, F. X. Wu, and Y. Pan, “Improving
Alzheimer’s disease classification by combining multiple measures,”
IEEE/ACM Trans. Comput. Biol. Bioinf., vol. 15, no. 5, pp. 1649–1659,
Sep. 2018.
[29] X. Zhu, H.-I. Suk, S.-W. Lee, and D. Shen, “Subspace regularized sparse
multitask learning for multiclass neurodegenerative disease identification,” IEEE Trans. Biomed. Eng., vol. 63, no. 3, pp. 607–618, Mar. 2016.
[30] T. Ye, C. Zu, B. Jie, D. Shen, D. Zhang, and The Alzheimer’s Disease
Neuroimaging Initiative, “Discriminative multi-task feature selection
for multi-modality classification of Alzheimer’s disease,” Brain Imag.
Behav., vol. 10, no. 3, pp. 739–749, Sep. 2016.
[31] P. Cao et al., “Generalized fused group lasso regularized multi-task feature learning for predicting cognitive outcomes in Alzheimers disease,”
Comput. Methods Programs Biomed., vol. 162, pp. 19–45, Aug. 2018.
[32] J. Kim and B. Lee, “Identification of Alzheimer’s disease and mild cognitive impairment using multimodal sparse hierarchical extreme learning
machine,” Human Brain Mapping, vol. 39, no. 9, pp. 3728–3741, 2018.
[33] T. Tong, K. Gray, Q. Gao, L. Chen, D. Rueckert, and
The Alzheimer’s Disease Neuroimaging Initiative, “Multi-modal
classification of Alzheimer’s disease using nonlinear graph fusion,”
Pattern Recognit., vol. 63, pp. 171–181, Mar. 2017.
[34] M. Liu, J. Zhang, E. Adeli, and D. Shen, “Joint classification and
regression via deep multi-task multi-channel learning for Alzheimer’s
disease diagnosis,” IEEE Trans. Biomed. Eng., Sep. 2018. doi:
10.1109/TBME.2018.2869989.
[35] P. Dai, F. Gwadry-Sridhar, M. Bauer, M. Borrie, and X. Teng, “Healthy
cognitive aging: A hybrid random vector functional-link model for the
analysis of Alzheimer’s disease,” in Proc. AAAI, 2017, pp. 4567–4573.
[36] P. Dai, F. Gwadry-Sridhar, M. Bauer, and M. Borrie, “Bagging
ensembles for the diagnosis and prognostication of Alzheimer’s
Disease,” in Proc. AAAI, 2016, pp. 3944–3950.
[37] W. Yang, Y. Gao, Y. Shi, and L. Cao, “MRM-lasso: A sparse multi-view
feature selection method via low-rank analysis,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 26, no. 11, pp. 2801–2815, Nov. 2015.
[38] W. Yang, Y. Shi, Y. Gao, L. Wang, and M. Yang, “Incompletedata oriented multiview dimension reduction via sparse low-rank
representation,” IEEE Trans. Neural Netw. Learn. Syst., vol. 17, no. 99,
pp. 1–16, May 2018.
[39] L. Niu, W. Li, D. Xu, and J. Cai, “An exemplar-based multi-view
domain generalization framework for visual recognition,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 29, no. 2, pp. 259–272, Feb. 2018.

199

[40] Y. Wang, W. Zhang, L. Wu, X. Lin, and X. Zhao, “Unsupervised metric
fusion over multiview data by graph random walk-based cross-view
diffusion,” IEEE Trans. Neural Netw. Learn. Syst., vol. 28, no. 1,
pp. 57–70, Jan. 2017.
[41] J. Wu, S. Pan, X. Zhu, C. Zhang, and S. Y. Philip, “Multiple
structure-view learning for graph classification,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 29, no. 7, pp. 3236–3251, Jul. 2016.
[42] J. Huo, Y. Gao, Y. Shi, and H. Yin, “Cross-modal metric learning for
auc optimization,” IEEE Trans. Neural Netw. Learn. Syst., vol. 29,
no. 10, pp. 4844–4856, Oct. 2018.
[43] X. Xu, W. Li, and D. Xu, “Distance metric learning using privileged
information for face verification and person re-identification,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 26, no. 12, pp. 3150–3162,
Dec. 2015.
[44] S. Ying, Z. Wen, J. Shi, Y. Peng, J. Peng, and H. Qiao, “Manifold
preserving: An intrinsic approach for semisupervised distance metric
learning,” IEEE Trans. Neural Netw. Learn. Syst., vol. 29, no. 7,
pp. 2731–2742, Jul. 2018.
[45] X. Fang, S. Teng, Z. Lai, Z. He, S. Xie, and W. K. Wong, “Robust
latent subspace learning for image classification,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 29, no. 6, pp. 2502–2515, Jun. 2018.
[46] S. P. Chatzis and D. Kosmopoulos, “A latent manifold Markovian
dynamics Gaussian process,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 26, no. 1, pp. 70–83, Jan. 2015.
[47] Z. Zhang, L. Shao, Y. Xu, L. Liu, and J. Yang, “Marginal representation
learning with graph structure self-adaptation,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 29, no. 10, pp. 4645–4659, Oct. 2018.
[48] B. Jiang, Z. Li, H. Chen, and A. G. Cohn, “Latent topic text
representation learning on statistical manifolds,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 29, no. 11, pp. 5643–5654, Nov. 2018.
[49] J. G. Sled, A. P. Zijdenbos, and A. C. Evans, “A nonparametric method
for automatic correction of intensity nonuniformity in MRI data,” IEEE
Trans. Med. Imag., vol. 17, no. 1, pp. 87–97, Feb. 1998.
[50] Y. Wang et al., “Knowledge-guided robust MRI brain extraction for
diverse large-scale neuroimaging studies on humans and non-human
primates,” PLoS ONE, vol. 9, no. 1, 2013, Art. no. e77810.
[51] Y. Zhang, M. Brady, and S. Smith, “Segmentation of brain MR
images through a hidden Markov random field model and the
expectation-maximization algorithm,” IEEE Trans. Med. Imag., vol. 20,
no. 1, pp. 45–57, Jan. 2001.
[52] M. W. Woolrich et al., “Bayesian analysis of neuroimaging data in
FSL,” NeuroImage, vol. 45, no. 1, pp. S173–S186, 2009.
[53] D. Shen and C. Davatzikos, “HAMMER: Hierarchical attribute matching
mechanism for elastic registration,” IEEE Trans. Med. Imag., vol. 21,
no. 11, pp. 1421–1439, Nov. 2002.
[54] N. Kabani, D. MacDonald, C. Holmes, and A. Evans, “3D anatomical
atlas of the human brain,” NeuroImage, vol. 7, no. 4, p. S717, May 1998.
[55] N. Andreasen, E. Vanmechelen, H. Vanderstichele, P. Davidsson, and
K. Blennow, “Cerebrospinal fluid levels of total-tau, phospho-tau and
A beta 42 predicts development of Alzheimer’s disease in patients
with mild cognitive impairment,” Acta Neurologica Scandinavica
Supplementum, vol. 179, pp. 47–51, Feb. 2003.
[56] Y. Shi, Y. Gao, S. Liao, D. Zhang, Y. Gao, and D. Shen, “Semiautomatic segmentation of prostate in CT images via coupled feature
representation and spatial-constrained transductive lasso,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 37, no. 11, pp. 2286–2303, Nov. 2015.
[57] T. K. Ho, “The random subspace method for constructing decision
forests,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 20, no. 8,
pp. 832–844, Aug. 1998.
[58] Y. Shi, Y. Gao, Y. Yang, Y. Zhang, and D. Wang, “Multimodal sparse
representation-based classification for lung needle biopsy images,”
IEEE Trans. Biomed. Eng., vol. 60, no. 10, pp. 2675–2685, Oct. 2013.
[59] D. B. Skalak, “The sources of increased accuracy for two proposed
boosting algorithms,” in Proc. AAAI Integrating Multiple Learned
Models Workshop, vol. 1129, 1996, pp. 120–125.
[60] L. Torresani and K.-C. Lee, “Large margin component analysis,”
in Proc. NIPS, 2006, pp. 1385–1392.
[61] S. Shekhar, V. M. Patel, N. M. Nasrabadi, and R. Chellappa, “Joint
sparse representation for robust multimodal biometrics recognition,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 36, no. 1, pp. 113–126,
Jan. 2014.
[62] Y. Zhang and S. Prasad, “Multisource geospatial data fusion via local
joint sparse representation,” IEEE Trans. Geosci. Remote Sens., vol. 54,
no. 6, pp. 3265–3276, Jun. 2016.
[63] X. Lan, A. J. Ma, P. C. Yuen, and R. Chellappa, “Joint sparse
representation and robust feature-level fusion for multi-cue visual
tracking,” IEEE Trans. Image Process., vol. 24, no. 12, pp. 5826–5841,
Dec. 2015.

200

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 31, NO. 1, JANUARY 2020

[64] S. M. Fosson, J. Matamoros, C. Antón-Haro, and E. Magli, “Distributed
recovery of jointly sparse signals under communication constraints,”
IEEE Trans. Signal Process., vol. 64, no. 13, pp. 3470–3482, Jul. 2016.
[65] Y. Wang, M. Liu, L. Guo, and D. Shen, “Kernel-based multi-task joint
sparse classification for Alzheimer’s disease,” in Proc. ISBI, Apr. 2013,
pp. 1364–1367.
[66] C.-C. Chang and C.-J. Lin, “LIBSVM: A library for support
vector machines,” ACM Trans. Intell. Syst. Technol., vol. 2, no. 3,
pp. 27:1–27:27, 2011.
[67] Y. Mu, W. Ding, and D. Tao, “Local discriminative distance metrics
ensemble learning,” Pattern Recognit., vol. 46, no. 8, pp. 2337–2349,
2013.
[68] S. Parameswaran and K. Q. Weinberger, “Large margin multi-task
metric learning,” in Proc. NIPS, 2010, pp. 1867–1875.
[69] K. Q. Weinberger and L. K. Saul, “Distance metric learning for large
margin nearest neighbor classification,” J. Mach. Learn. Res., vol. 10,
pp. 207–244, Feb. 2009.
[70] X.-T. Yuan, X. Liu, and S. Yan, “Visual classification with multitask
joint sparse representation,” IEEE Trans. Image Process., vol. 21,
no. 10, pp. 4349–4360, Oct. 2012.
[71] Y. Shi, W. Li, Y. Gao, L. Cao, and D. Shen, “Beyond IID: Learning
to combine non-IID metrics for vision tasks,” in Proc. AAAI, 2017,
pp. 1524–1531.
[72] L. Breiman, “Prediction games and arcing algorithms,” Neural Comput.,
vol. 11, no. 7, pp. 1493–1517, Oct. 1999.
[73] L. Reyzin and R. E. Schapire, “How boosting the margin can also boost
classifier complexity,” in Proc. ICML, 2006, pp. 753–760.
[74] R. E. Schapire, Y. Freund, P. Bartlett, and W. S. Lee, “Boosting the
margin: A new explanation for the effectiveness of voting methods,”
Ann. Statist., vol. 26, no. 5, pp. 1651–1686, 1997.
[75] L. Wang, M. Sugiyama, Z. Jing, C. Yang, Z.-H. Zhou, and J. Feng,
“A refined margin analysis for boosting algorithms via equilibrium
margin,” J. Mach. Learn. Res., vol. 12, pp. 1835–1863, Jul. 2011.
[76] S. Jian, L. Cao, K. Lu, and H. Gao, “Unsupervised coupled metric
similarity for non-IID categorical data,” IEEE Trans. Knowl. Data Eng.,
vol. 14, no. 9, pp. 1810–1823, Sep. 2018.
[77] Y. Huang, L. Cao, J. Zhang, L. Pan, and Y. Liu, “Exploring feature
coupling and model coupling for image source identification,” IEEE
Trans. Inf. Forensics Security, vol. 13, no. 12, pp. 3108–3121, Dec. 2018.
[78] Z. Xu, Y. Zhang, and L. Cao, “Social image analysis from a non-IID
perspective,” IEEE Trans. Multimedia, vol. 16, no. 7, pp. 1986–1998,
Nov. 2014.
[79] P. J. Vance et al., “Bioinspired approach to modeling retinal ganglion
cells using system identification techniques,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 29, no. 5, pp. 1796–1808, May 2018.
[80] N. Mammone, C. Ieracitano, H. Adeli, A. Bramanti, and F. C. Morabito,
“Permutation jaccard distance-based hierarchical clustering to estimate
EEG network density modifications in MCI subjects,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 29, no. 10, pp. 5122–5135, Oct. 2018.
[81] N. K. Kasabov, M. G. Doborjeh, and Z. G. Doborjeh, “Mapping,
learning, visualization, classification, and understanding of fMRI data
in the NeuCube evolving spatiotemporal data machine of spiking neural
networks,” IEEE Trans. Neural Netw. Learn. Syst., vol. 28, no. 4,
pp. 887–899, Apr. 2017.
[82] F. Xing, Y. Xie, H. Su, F. Liu, and L. Yang, “Deep learning in
microscopy image analysis: A survey,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 29, no. 10, pp. 4550–4568, Oct. 2018.

Yinghuan Shi received the B.Sc. and Ph.D. degrees
from the Department of Computer Science, Nanjing University, Nanjing, China, in 2007 and 2013,
respectively.
He was a Visiting Scholar with the University of
North Carolina at Chapel Hill, Chapel Hill, NC,
USA, and the University of Technology Sydney,
Ultimo, NSW, Australia. He is currently an Associate Professor with the Department of Computer
Science Technology, Nanjing University. He has
authored or co-authored more than 50 research
papers in related journals and conferences. His current research interests
include computer vision and medical image analysis.
Dr. Shi was elected as the Young Elite Scientist by the China Association for
Science and Technology in 2016, the ACM Rising Star (Nanjing) in 2017, and
the Science and Technology Award for Youth by Jiangsu Computer Society
in 2017.

Heung-Il Suk received the Ph.D. degree in computer
science and engineering from Korea University,
Seoul, South Korea, in 2012.
From 2012 to 2014, he was a Post-Doctoral
Research Associate with the University of North
Carolina at Chapel Hill, Chapel Hill, NC, USA.
He is currently an Associate Professor with the
Department of Brain and Cognitive Engineering,
Korea University. His current research interests
include machine learning, pattern recognition, biomedical image analysis, brain–computer interface,
and healthcare.
Dr. Suk serving as a Program Committee or Reviewer for NeurIPS, ICML,
AISTATS, ICLR, AAAI, MICCAI, and so on.

Yang Gao received the Ph.D. degree from the
Department of Computer Science and Technology,
Nanjing University, Nanjing, China, in 2000.
He is currently a Professor and the Deputy Director of the Department of Computer Science and
Technology, Nanjing University. He is also Directing the Reasoning and Learning Research Group,
Nanjing University. He has authored or co-authored
more than 100 papers in top-tired conferences and
journals. His current research interests include artificial intelligence and machine learning.
Dr. Gao serves as the Program Chair and Area Chair for many international
conferences.

Seong-Whan Lee (F’10) received the B.S. degree in
computer science and statistics from Seoul National
University, Seoul, South Korea, in 1984, and the
M.S. and Ph.D. degrees in computer science from
the Korea Advanced Institute of Science and Technology, Seoul, in 1986 and 1989, respectively.
He is currently the Hyundai-Kia Motor Chair
Professor with Korea University, Seoul, where he is
the Head of the Department of Brain and Cognitive
Engineering. His current research interests include
artificial intelligence, pattern recognition, and brain
engineering.
Dr. Lee is a Fellow of IAPR and the Korean Academy of Science and
Technology.

Dinggang Shen (F’18) is currently a Jeffrey Houpt
Distinguished Investigator and a Professor of Radiology, Biomedical Research Imaging Center (BRIC),
Computer Science, and Biomedical Engineering
with the University of North Carolina at Chapel Hill,
Chapel Hill, NC, USA, where he is also directing
the Center for Image Analysis and Informatics,
the Image Display, Enhancement, and Analysis Laboratory, the Department of Radiology, and also the
Medical Image Analysis Core with BRIC. He was a
Tenure-Track Assistant Professor with the University
of Pennsylvanian, Philadelphia, PA, USA, and a Faculty Member with
the Johns Hopkins University, Baltimore, MD, USA. He has authored or
co-authored more than 900 papers in the international journals and conference
proceedings with H-index 86. His current research interests include medical
image analysis, computer vision, and pattern recognition.
Dr. Shen is a Fellow of The American Institute for Medical and Biological Engineering and the International Association for Pattern Recognition.
He serves as an Editorial Board Member for eight international journals.
He has also served in the Board of Directors, The Medical Image Computing
and Computer Assisted Intervention (MICCAI) Society, from 2012 to 2015.
He is currently the General Chair of MICCAI.

