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Abstract. Effective prediction of conversion of mild cognitive impairment
(MCI) to Alzheimer's disease (AD) is important for early diagnosis of AD, as
well as for evaluating AD risk pre-symptomatically. Different from most
traditional methods for MCI conversion prediction, in this paper, we propose a
novel sparse multimodal manifold-regularized transfer learning classification
(SM2TLC) method, which can simultaneously use other related classification
tasks (e.g., AD vs. normal controls (NC) classification) and also the unlabeled
data for improving the MCI conversion prediction. Our proposed method
includes two key components: (1) a criterion based on the maximum mean
discrepancy (MMD) for eliminating the negative effect related to the
distribution differences between the auxiliary (i.e., AD/NC) and the target (i.e.,
MCI converters/MCI non-converters) domains, and (2) a sparse semisupervised manifold-regularized least squares classification method for
utilization of unlabeled data. Experimental results on the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database show that the proposed method can
significantly improve the classification performance between MCI converters
and MCI non-converters, compared with the state-of-the-art methods.

1

Introduction

Alzheimer's disease (AD) is the most common type of dementia, which can be
characterized by the progressive impairment of neurons and their connections, leading
to the loss of cognitive function and the ultimate death. Mild cognitive impairment
(MCI) is a prodromal stage of AD, with high likelihood of conversion to AD. Thus,
effective prediction of MCI-to-AD conversion is of great significance for early
diagnosis of AD and also for evaluating AD risk pre-symptomatically. So far, more
and more machine learning methods have been developed for addressing the MCI
conversion prediction, i.e., classification between MCI converters (MCI-C) and MCI
non-converters (MCI-NC) based on the baseline imaging data [1-6].
One challenge in MCI conversion prediction is the small number of MCI (including
both MCI-C and MCI-NC) subjects available for training, while the dimensionality of
data is often very high. This makes it very difficult to train a robust and accurate
classifier. To address this issue, many advanced machine learning methods have been
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proposed for MCI conversion prediction. For example, Zhang et al. used the multitask learning for joint regression and classification from multimodal data, including
magnetic resonance imaging (MRI), fluorodeoxyglucose positron emission
tomography (FDG-PET) and cerebrospinal fluid (CSF), achieving an accuracy of
73.9% on classifying between 43 MCI-C and 48 MCI-NC subjects [2]. Cho et al.
adopted a manifold harmonic transform method using the cortical thickness data,
achieving a sensitivity of 63% and a specificity of 76% on 72 MCI-C and 131 MCINC subjects [1]. Duchesne et al. used the morphological factor method with the MRI
data, achieving an accuracy of 72.3% on 20 MCI-C and 29 MCI-NC subjects [5].
On the other hand, some recent studies based on semi-supervised learning (SSL)
methods have shown that the task of classifying between MCI-C and MCI-NC is
related to the task of classifying between AD and normal controls (NC) [7]. In
machine learning community, a new learning methodology called transfer learning
has been developed to deal with the problems involving cross-domain learning.
Unlike SSL, transfer learning does not assume the auxiliary data (i.e., unlabeled data
in SSL) have the same distribution as the target data (i.e., labeled data in SSL).
Recently, this transfer learning technique has been introduced into medical imaging
area. For example, a domain transfer support vector machine (DTSVM) has been used
for classification between MCI-C and MCI-NC subjects, showing greatly improved
classification performance for MCI conversion prediction with help of AD and NC
subjects used as the auxiliary data [8].
In this paper, we propose a novel sparse multimodal manifold-regularized transfer
learning classification (SM2TLC) framework for MCI conversion prediction.
Specifically, we employ a criterion based on maximum mean discrepancy (MMD) for
eliminating the negative effect due to the distribution differences between the auxiliary
(AD/NC) and the target (MCI-C/MCI-NC) domains. Then, we combine with the sparse
semi-supervised manifold-regularized least squares method for utilization of unlabeled
subjects. Our proposed method can be applied to not only the single-modality data, but
also the multimodal data. We validate our method on both single-modality and
multimodal data, including MRI, FDG-PET and CSF, from the ADNI database.

2

Method

In this section, we introduce our proposed sparse multimodal manifold transfer
learning classification method (SM2TLC) for classifying MCI-C from MCI-NC.
Specifically, in Section 2.1, we will first introduce a criterion based on the maximum
mean discrepancy (MMD) for reducing the mismatch of distributions between the
auxiliary (i.e., AD/NC) and the target (i.e., MCI-C/MCI-NC) domains. Then, we will
derive the objective function and its corresponding optimization algorithm for the
proposed SM2TLC method in Sections 2.2 and 2.3, respectively.
2.1

Maximum Mean Discrepancy (MMD) Criterion

samples with class labels in the auxiliary domain, denoted
Assume that we have
as
,y
, where
is the i-th sample and y
1, 1 is its
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corresponding class label (i.e., with the AD labeled as 1 and the NC labeled as -1).
Also, assume that we have
labeled target samples with class labels, denoted
as
,y
, where
is the i-th sample and y
1, 1 is the
corresponding class label (i.e., with the MCI-C labeled as 1 and the MCI-NC labeled
as -1). Similarly, we have
unlabeled target samples, denote as
,
where
. We use
to represent the total number of target
samples
. Because of the distribution differences between the auxiliary
and the target domains, direct training with samples from the auxiliary domain may
degrade the classification performance in another target domain. Therefore, we cannot
directly add auxiliary data to target domain for training. To address this issue, we
employ a criterion based on the maximum mean discrepancy (MMD) [9, 16]:
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2.2

and

, with

,

Objective Function of SM2TLC

To explore related auxiliary domains data and the manifold structure of both labeled
and unlabeled data from the target domain, we employ the semi-supervised manifoldregularized least squares method [15] and combine the criterion of MMD (i.e., Eq. 1)
to design a sparse multimodal manifold-regularized transfer learning classification
method (denoted as SM2TLC), which can simultaneously use the multimodal
biomarkers for learning a sparse multimodal weight matrix . To this end, SM2TLC
solves the following optimization problem with L1/L2-norm regularization:
min

1

·
,

where

y ,…,y

,y ,…,y ,0 ,…,0

,

(3)

is the compound cross-domain

is a
kernel matrix defined on the
-th modality according to Eq. 2 and
nonnegative weight parameter with ∑
1 . And =
1, … ,1,0, … ,0 is
diagonal matrix with the first A
diagonal entries as 1 and the rest as 0, and
,
0 are the two regularization parameters. Specifically, there are three
modalities (e.g.,
3) used in this paper, including MRI, PET and CSF. In Eq. 3,
, ,..,
, where
A
T , is the weight matrix whose i-th
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is the vector of coefficients associated with the i-th training sample across
row
different modalities. It’s worth noting that a ‘group sparsity’ regularization term is
used for joint selection of samples across different modalities based on the L1/L2∑
. Also,
is the compound cross-domain
norm, i.e.,
,
Laplacian matrix on the -th modality, which is defined as:
(4)
and
are the Laplacian matrices [15] over
where
the auxiliary domain and the target domain, respectively. Here,
A
and
are the similarity matrices that respectively
define the similarity of subjects in the auxiliary domain and the target domain, while
A and
are the diagonal matrices with
∑
∑
and
. By minimizing Eq. 3, many rows of
will be zeros,
for the
thus we can obtain a sparse solution for . Then, the decision function
predicted label in the target domain can be obtained as follows:
(5)
, ,…,
is a testing sample’s multimodal data in
where we assume that
the target domain,
,
is the testing sample’s kernel
and the -th training
vector on the -th modality (between the testing sample
in the cross-domain on the -th modality), and
, ,…,
samples
is the optimal solution obtained from Eq. 3. Thus, we can get the predicted label
for the testing sample via the Eq. 5 to compute.
2.3

Optimization Algorithm for SM2TLC

To optimize the problem in Eq. 3, the accelerated gradient descent (AGD) method is
employed to solve the optimization problem with L1/L2-norm regularization [10].
According to the AGD algorithm, the objective function (denoted as
) of Eq. 3
can be separated into a smooth part:
1

·
(6)

and a non-smooth part:
,

So,
solve the Eq. 3 as follows:

(7)

. Then, we define the generalized gradient update step to

Sparse Multimodal Manifold-Regularized Transfer Learning

,

,
arg

255

2
(8)

,

Where
for the -th iteration,
denotes the gradient of
at point
is the step size, ·
denotes the Frobenius norm, and
,
is the matrix inner product. According to [10], the
generalized gradient update step of Eq. 8 can be decomposed into
separate
subproblems with the gradient mapping update approach. In summary, the AGD
algorithm to solve the objective function of Eq. 3 is presented in Algorithm 1.
Algorithm 1. AGD algorithm for SM2TLC
Initialization:
0,
1,
,
for
0,1,2, … until convergence of
do:
Set
,
While
,
and compute
Set
,
,
arg

, =

,

and

1.

and

end for

3

Experiments

In this section, we evaluate the effectiveness of our proposed SM2TLC method on
multimodal data, including MRI, PET and CSF, from the Alzheimer’s disease
Neuroimaging Initiative (ADNI) database.
3.1

Experimental Settings

In our experiments, the baseline ADNI subjects with all corresponding MRI, PET,
and CSF data are included, which leads to a total of 202 subjects (including 51 AD
patients, 99 MCI patients, and 52 normal controls (NC)). For the 99 MCI patients, it
includes 43 MCI converters and 56 MCI non-converters. Also, for each of the three
modalities, we include another set of data from 153 randomly selected subjects as
unlabeled data. We use 51 AD and 52 NC subjects as auxiliary domain, and 99 MCI
subjects as target domain.
The same image pre-processing as used in [11] is adopted here. First, we do ACPC (anterior commissure-posterior commissure) correction on all images using
MIPAV software, and then resample the images to 256 256 256. Automated
skull-stripping is performed [12], followed by manual review to ensure clean skull
and dura removal. Then the cerebellum is removed based on registration, in which we
use a manually labeled cerebellum as template. After intensity inhomogeneity
correction (which was done for three times by the N3 algorithm), we use FAST in

256

B. Cheng et al.

FSL to segment the human brain into three different tissues: grey matter (GM), white
matter (WM) and Cerebrospinal fluid (CSF). We use HAMMER [13] to do the
registration. After registration, we get the subject-labeled image based on the Jacob
template, which was manually labeled into 93 ROIs. For each of the 93 ROI regions
in the labeled image of one subject, we compute the GM/WM/CSF tissue volumes in
this ROI region by combining the segmentation result of this subject. For each
subject, we first align the PET image to its respective T1 MR image by affine
registration. Then, we get the average intensity of every ROI in the PET image as
feature.
To evaluate the performance of different classification methods, we use a 10-fold
cross-validation strategy to compute the classification AUC (area under the ROC
curve), accuracy, sensitivity, and specificity. In particular, in the target domain, 99
labeled MCI subjects are equally partitioned into 10 subsets, and then one subset is
successively selected as the testing samples and all remaining subsets are
used for training classifiers. This process is repeated 10 times. The SVM classifier is
implemented using the LIBSVM toolbox [14], with a linear kernel and a default value
for the parameter
(i.e.,
1 ). For comparison, LapSVM is also adopted
in this paper. LapSVM is a typical semi-supervised learning method based on
manifold hypothesis [15]. For LapSVM settings, we use linear kernel, and the
Laplacian matrix
with
nodes are connected using k (i.e., k=5) nearest
neighbors, and their edge weights are calculated using the Euclidean
distance among samples. For regularization parameters
and
,
,
0.001,0.01,0.03,0.06,0.09,0.1,0.2, 0.4,0.6, 0.8 they are learned based on
the training samples by cross-validation, respectively. In addition, our previous
transfer learning based method (i.e., DTSVM) [8] is also included here for
comparison. We use both single-modality and multimodal data to evaluate our
method. For combining multimodal data in both standard SVM and LapSVM
methods and also for computing
, we specifically use a multi-kernel combination
technique [11], with the weights learned from the training samples through a grid
search, using the range from 0 to 1 at a step size of 0.1. Also, for features of each
modality, the same feature normalization scheme as used in [11] is adopted here.

，

3.2

Results

We compare our SM2TLC method with DTSVM [8], LapSVM, and standard SVM
(SVM) for both single-modality and multimodal cases. Table 1 shows their
classification performance measures on different modalities. Note that Table 1 shows
the averaged results of 10 independent experiments. As we can see from Table 1,
SM2TLC consistently achieves better results than DTSVM, LapSVM and SVM
methods on each performance measure, which validates the efficacy of our SM2TLC
method on using AD and NC subjects as auxiliary domains for helping SSL
classification. Specifically, for multimodal case, SM2TLC can achieve a classification
accuracy of 77.8%, which is significantly better than DTSVM, LapSVM and SVM
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Table 1. Comparison of performance measures of SM2TLC, DTSVM, LapSVM, and SVM for
MCI-C/MCI-NC classification using different modalities. (ACC= Accuracy, SEN=Sensitivity,
SPE= Specificity).
Modality

Methods
SM2TLC
DTSVM
LapSVM
SVM
SM2TLC
DTSVM
LapSVM
SVM
SM2TLC
DTSVM
LapSVM
SVM
SM2TLC
DTSVM
LapSVM
SVM

MRI+CSF+PET

MRI

CSF

PET

(a)

ACC %
77.8
69.4
69.1
63.8
72.1
63.3
65.9
53.9
66.7
66.2
62.1
60.8
68.1
67.0
61.6
58.0

SEN %
83.9
64.3
74.3
58.8
75.1
59.8
69.6
47.6
74.6
60.3
66.2
55.2
71.5
59.6
65.7
52.1

SPE %
69.8
73.5
62.1
67.7
68.2
66.0
61.0
57.7
60.5
70.8
56.8
65.0
63.7
72.7
56.1
62.5

AUC
0.814
0.736
0.751
0.683
0.768
0.700
0.686
0.554
0.668
0.701
0.660
0.647
0.734
0.732
0.661
0.612

(b)

Fig. 1. Comparison of classification accuracy (a) between SM2TLC and DTSVM with respect
to the use of different number of subjects in the auxiliary domain, and (b) between SM2TLC
and LapSVM with respect to the use of different number of unlabeled subjects

which achieve only 69.4%, 69.1% and 63.8%, respectively. Finally, in Fig. 1, we
compare SM2TLC with DTSVM [8] for classification accuracy, with respect to the use
of different number of subjects in the auxiliary domain, and compare SM2TLC with
LapSVM for classification accuracy with respect to the use of different number of
unlabeled subjects, respectively. As we can see from Fig. 1, in most cases, the
performance of SM2TLC is significantly better than DTSVM as the number of subjects
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in the auxiliary domain increases. On the other hand, the performance of SM2TLC is
significantly better than LapSVM as the number of unlabeled subjects increases. These
results further validate the efficacy of our proposed SM2TLC method.

4

Conclusion

This paper addresses the problem of exploiting the use of auxiliary domain data (i.e.,
AD/NC) and unlabeled subjects for helping classifying MCI converters (MCI-C) from
MCI non-converters (MCI-NC). By integrating the criterion based on the maximum
mean discrepancy (MMD) and the sparse semi-supervised manifold-regularized least
squares classification, we developed a sparse multimodal manifold-regularized
transfer learning classification method, namely SM2TLC, for MCI conversion
prediction. Our method does not require the auxiliary domain data and the target
domain data to be from the same distribution. Experimental results on the ADNI
database validate the efficacy of our proposed method.
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