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Abstract. Multi-atlas based methods using magnetic resonance imaging (MRI) have been recently proposed for automatic diagnosis of
Alzheimer’s disease (AD) and its prodromal stage, i.e., mild cognitive
impairment (MCI). However, most existing multi-atlas based methods
simply average or concatenate features generated from multiple atlases,
which ignores the important underlying structure information of multiatlas data. In this paper, we propose a novel relationship induced multiatlas learning (RIML) method for AD/MCI classiﬁcation. Speciﬁcally, we
ﬁrst register each brain image onto multiple selected atlases separately,
through which multiple sets of feature representations can be extracted.
To exploit the structure information of data, we develop a relationship
induced sparse feature selection method, by employing two regularization terms to model the relationships among atlases and among subjects.
Finally, we learn a classiﬁer based on selected features in each atlas space,
followed by an ensemble classiﬁcation strategy to combine multiple classiﬁers for making a ﬁnal decision. Experimental results on the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database demonstrate that our
method achieves signiﬁcant performance improvement for AD/MCI classiﬁcation, compared with several state-of-the-art methods.

1

Introduction

Brain morphometric pattern analysis using magnetic resonance imaging (MRI)
is one of the most popular approaches for automatic diagnosis of Alzheimer’s
disease (AD) and its early stage, i.e., mild cognitive impairment (MCI). In these
methods, all subjects are spatially normalized onto a common space (i.e., a predeﬁned atlas), through which the same brain region across diﬀerent subjects can
be compared [1]. However, due to the potential bias associated with the use of
a speciﬁc atlas, feature representations extracted from a single atlas may not be
suﬃcient to reveal the underlying complicated diﬀerences between populations
of disease-aﬀected patients and normal controls (NC).
Recently, several studies [2–4] have shown that multi-atlas based methods
usually achieve more accurate diagnosis results than single-atlas based ones.
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In multi-atlas based methods, one brain image is non-linearly registered onto
multiple atlases, and thus multiple feature representations can be generated for
this image. Using multiple atlases could reduce errors due to misregistration,
which is helpful for improving subsequent learning performance. However, most
of existing multi-atlas based methods simply average or concatenate multiple sets
of features generated from multiple atlases, which do not take advantage of the
underlying structure information [5,6] of multi-atlas data. In fact, there exists
some important structure information, e.g., the relationships among atlases and
among subjects. Intuitively, modeling such relationships can bring more prior
information into the learning process, which can further boost the learning performance. However, to the best of our knowledge, previous multi-atlas based
methods seldome utilize such relationship information in their models.
In this paper, we propose a relationship induced multi-atlas learning (RIML)
method for AD/MCI classiﬁcation. We ﬁrst non-linearly register each brain
image onto multiple selected atlases, and then extract multiple sets of feature
representations for each subject from those atlas spaces. Next, we develop a novel
relationship induced sparse feature selection model, by considering the relationships among multiple atlases and among diﬀerent subjects. Finally, we develop
an ensemble classiﬁcation method to better make use of feature representations
generated from multiple atlases. Experimental results on the ADNI database
demonstrate the eﬃcacy of our method.

2

Proposed Method

Figure 1 illustrates the overview of our proposed method, which includes three
major steps: (1) feature extraction, (2) relationship induced sparse feature selection, and (3) ensemble classiﬁcation. In the ﬁrst step, brain images are nonlinearly registered onto multiple selected atlases separately, and then multiple
sets of volumetric features are extracted for each subject in each atlas space.
Afterwards, our proposed relationship induced sparse feature selection method
is used to select the most discriminative features by considering the underlying
structure information in multi-atlas data. Finally, multiple SVM classiﬁers are
constructed based on multiple sets of selected features, followed by an ensemble
classiﬁcation strategy to combine the outputs of multiple classiﬁers.
2.1

Feature Extraction

For all studied subjects, we ﬁrst perform a standard pre-processing procedure on
the T1-weighted MR brain images. Speciﬁcally, we ﬁrst use the non-parametric
non-uniform bias correction [7] method to correct intensity in-homogeneity. Next,
we perform skull stripping [8], and double check it to ensure the clean removal
of skull and dura. Then, we remove the cerebellum by warping a labeled atlas
to each skull-stripped image. Afterwards, we apply the FAST method [9] to
segment each brain image into three tissues: gray matter (GM), white matter
(WM), and cerebrospinal ﬂuid (CSF). Here, we only use the GM density map
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Fig. 1. The overview of our proposed RIML method.

in our feature set, because GM is mostly aﬀected by AD and is widely used in
the literature [3,10]. Finally, all brain images are aﬃne-aligned by FLIRT [11].
To obtain multiple atlases, we adopt the aﬃnity propagation (AP) clustering
algorithm [12] to partition the whole population of AD and NC images into K
non-overlapping groups. The exemplar image of each group is then selected as an
atlas, and a total of K = 10 atlases (i.e., A1 , · · · , A10 ) are obtained (see Fig. 2)
empirically in this study. We then employ these atlases to capture multiple sets
of feature representations for each subject by performing feature extraction as
described in [10]. Speciﬁcally, for a given subject with three segmented tissues
(i.e., GM, WM and CSF), its brain image is ﬁrst non-linearly registered onto K
atlases separately by using a high-dimensional elastic warping tool, i.e., HAMMER [13]. Then, based on these K estimated deformation ﬁelds, for each tissue
we quantify its voxel-wise tissue density map [14] in each of K atlas spaces,
to reﬂect the unique deformation behavior of a given subject with respect to
each speciﬁc atlas. In this study, we only use the gray matter (GM) density
map for feature extraction and classiﬁcation, since GM is mostly aﬀected by AD
and is widely used in the literature [4,15]. After registration and quantiﬁcation,
we group voxel-wise morphometric features into regional features by using the
clustering method proposed in [10] for adaptive feature grouping, followed by a
Watershed segmentation [16] process for obtaining the region of interest (ROI)
partitions for each of multiple atlases. Here, each atlas will yield its unique ROI
partition, because diﬀerent tissue density maps of the same subject are generated from diﬀerent atlases. To improve the discriminative power as well as the
robustness of volumetric features computed from each ROI, we further reﬁne
ROI by choosing the voxels with reasonable representation power. To be speciﬁc, we ﬁrst select the most relevant voxel according to the Pearson correlation
between this voxels tissue density values and class labels among all training subjects. Then, we iteratively include the neighboring voxels until no increase in
Pearson correlation when adding new voxels. Such voxel selection process will
lead to a voxel set for a speciﬁc region, and then the mean of tissue density values
of those selected voxels can be computed as the feature representation for this
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region. Such voxel selection process is important in helping eliminate irrelevant
and noisy features, conﬁrmed by several previous studies [4,15,17]. Finally, the
top 1500 most discriminative ROI features are selected in each atlas space in
this study. By using K atlases, one subject is represented by K sets of feature
vectors, where each feature vector is of 1500 dimensions.

Fig. 2. Selected atlases achieved by the AP clustering algorithm.

2.2

Relationship Induced Sparse Feature Selection

Since multiple atlases are used in this study, feature representations for each subject are high-dimensional, while the number of subjects is usually very limited.
In such a case, features could be noisy or redundant, which could degrate the
performances of subsequent classiﬁers [5,18–20]. To this end, we propose a relationship induced sparse feature selection algorithm to ﬁnd the most informative
features in multi-atlas data. Assume we have K learning tasks (corresponding
to K atlases). Denote Xk = [xk1 , xk2 , · · · , xkn , · · · , xkN ] ∈ RN ×D as the training
data for the k th learning task with N training subjects, where xkn represents
the column feature vector for the nth training subject in the k th atlas space.
Let y = [y1 , y2 , · · · , yn , · · · , yN ] ∈ RN represent the column response vector
for the training data, where yn ∈ {−1, 1} is the class label for the nth subject.
Denote W = [w1 , w2 , · · · , wk , · · · , wK ] ∈ RD×K as the weight matrix for K
tasks, where wk ∈ RD is a column weight vector for the k th task, and wd ∈ RK
that will be used below as the dth row of W. To encourage the sparsity of W,
and to select the most informative features in each atlas space, we propose the
following multi-task sparse feature learning model:
K

min
y − Xk wk 2 + λ1 W1,1
(1)
W

k=1

where the ﬁrst term is the empirical loss on the training data, and W1,1 =
D
d=1 |wd | is the sum of 1 -norm of the rows of W to ensure that only a small
subset of features will be selected in each task.
In (1), a linear mapping function (i.e., f (x) = x w) is learned to transform
the data in original feature space to a one-dimensional label space, which only
considers the relationship between samples and class labels. Nevertheless, there
exists some other important structure information when we use multiple atlases
for extracting feature representations, e.g., (1) the relationship among multiple
atlases, and (2) the relationship among subjects. As illustrated in the left panel
of Fig. 3, one subject xn is represented as xkn1 in the k1 th atlas space, and as
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Fig. 3. Illustration of the relationship between two atlases (left panel), and the relationship between two subjects in the same atlas space (right panel).

xkn2 in the k2 th atlas space, respectively. After being mapped to the label space,
they should be close to each other (i.e., f (xkn1 ) should be similar to f (xkn2 )),
since they represent the same subject. Similarly, as shown in the right panel of
Fig. 3, if two subjects xkn1 and xkn2 in the k th atlas space are very similar, their
estimated label information should be also similar, i.e., the distance between
f (xkn1 ) and f (xkn2 ) should be small. To achieve these goals, we ﬁrst introduce a
novel atlas-relationship induced regularization term P as follows:
K 
N 
N
K




2 

f (xkn1 ) − f (xkn2 ) =
tr (Bn W) Ln (Bn W)
(2)
P =
n=1 k1 =1 k2 =1

n=1


K×D
where tr(·) denotes the trace of a square matrix, Bn = [x1n , · · · , xK
n] ∈ R
represents the nth subject with multiple sets of features generated from K atlas
spaces, and Ln ∈ RK×K is a diagonal matrix with diagonal elements equal
to K − 1 and all the other elements as −1. By using (2), we can model the
relationships among multiple atlases explicitly.
We then also propose a subject-relationship induced regularizer Q as follows:
K 
K
N
N



 k k  k  k k 
2 
X w
(3)
Snk1 n2 f (xkn1 ) − f (xkn2 ) =
L X w
Q=
k=1 n1 =1 n2 =1

k=1

where Xk denotes the data matrix in the k th learning task, and Snk1 n2 repreth
th
atlas
sents the similarity between the nth
1 subject and the n2 subject in the k
k
2
xk
n1 −xn2 

σ
if xkn1 and xkn2 are neighbors, and 0
space. Here, Snk1 n2 is deﬁned as e−
k
k
N
otherwise. Therefore, S = {Sn1 n2 }n1 ,n2 =1 ∈ RN ×N could be a similarity matrix
with elements deﬁning the similarities between subjects. Then, Lk = Dk − Sk
represents the 
Laplacian matrix, where Dk is a diagonal matrix with the eleN
k
ment Dn1 n1 = n2 =1 Snk1 n2 . It is easy to see that (3) aims to preserve the local
neighboring structure of original data during the mapping, through which the
relationships among subjects can be captured explicitly.
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By incorporating two relationship induced regularization terms deﬁned in
(2) and (3) into (1), our proposed relationship induced sparse feature selection
model can be ﬁnally formulated as follows:
K

min
y − Xk wk 2 + λ1 W1,1 + λ2 P + λ3 Q
(4)
W

k=1

where λ1 , λ2 and λ3 are positive constants to balance the relative contributions
of those four terms in (4), and their values can be determined via inner crossvalidation on training data. In (4), the second term is used to ﬁnd the most
discriminative features, and the last two terms are to capture the relationships
among atlases and among subjects. Since the objective function in (4) is convex
but non-smooth because of the non-smooth term l1,1 -norm, we adopt a smooth
approximation algorithm [21] to solve the proposed problem.
2.3

Ensemble Classification

To better make use of feature representations generated from multiple atlases,
we further propose using an ensemble classiﬁcation approach. Particularly,
after feature selection using our relationship induced sparse feature selection
algorithm, we obtain K feature subsets from the K diﬀerent atlases. Based on
these selected features, we then construct K SVM classiﬁers separately, with
each classiﬁer corresponding to a speciﬁc atlas space. Next, we adopt the majority voting strategy, which is a simple and eﬀective classiﬁer fusion method, to
combine the outputs of K SVM classiﬁers for making a ﬁnal decision. In this
way, the class label of a new test subject can be determined by majority voting
for the outputs of those K classiﬁers.

3
3.1

Experiments
Subjects and Experimental Settings

We evaluate our method on T1-weighted MRI data in ADNI-1 for AD/MCI classiﬁcation. In the experiments, there are totally 459 subjects randomly selected
from those scanned with 1.5 T scanners, including 97 AD, 128 NC, 117 progressive MCI (pMCI), and 117 stable MCI (sMCI) subjects. We perform two groups
of experiments, including AD vs. NC classiﬁcation and pMCI vs. sMCI classiﬁcation. We compare our RIML method with four widely used feature selection methods, including Pearson correlation (PC), COMPARE [10], t-test, and LASSO [22].
We ﬁrst use single-atlas (sa) based methods to perform classiﬁcation, denoted as
PC sa, COMPARE sa, t-test sa, and LASSO sa. Then, we adopt two strategies to
deal with features from multiple atlases, i.e., feature concatenation and ensemble.
In feature concatenation methods (including PC con, COMPARE con, t-test con,
and LASSO con), we ﬁrst concatenate features extracted from K atlases (K =
10 in this study), and then use a speciﬁc feature selection method to select features, followed by a SVM classiﬁer. In ensemble methods (including PC ens, COMPARE ens, t-test ens, and LASSO ens), we ﬁrst select features in each atlas space
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by using a speciﬁc feature selection algorithm, and then construct K SVM classiﬁers, followed by an ensemble classiﬁcation process (see Fig. 1).
In the experiments, we use a 10-fold cross-validation strategy to evaluate the
performance of diﬀerent methods, and record the average results among those
10 folds. The regularization parameters in (4) and that for LASSO are chosen
from {10−10 , 10−9 , · · · , 100 }, and the p-value in t-test method is chosen from
{0.05, 0.08, 0.10, 0.12, 0.15} via inner cross-validation on the training data. We
use the linear SVM with default parameters as classiﬁer, and evaluate the performance of diﬀerent methods via four criteria, including classiﬁcation accuracy
(ACC), sensitivity (SEN), speciﬁcity (SPE), and the area under the receiver
operating characteristic curve (AUC).
3.2

Results and Analysis

First, we report the results achieved by four single-atlas based methods and
nine multi-atlas based methods in Table 1. For the single-atlas based methods,
the averaged results using K individual atlases are provided. From Table 1,
we can observe three main points: First, multi-atlas based methods generally
achieve better performances than single-atlas based methods (i.e., PC sa, COMPARE sa, t-test sa, and LASSO sa). For instance, in AD vs. NC classiﬁcation, the best accuracy achieved by single-atlas based methods is only 84.32 %
(by LASSO sa), which is usually lower than those of multi-atlas based methods.
Second, when using multiple atlases, our proposed ensemble strategy (i.e., PC en,
COMPARE ens, t-test ens, and LASSO ens) usually outperforms their counterparts using feature concatenation strategy (i.e., PC con, COMPARE con,
t-test con, and LASSO con). Third, in most cases, our RIML method achieves
better results than the compared methods. Also, our method
Then, we compare the results achieved by RIML with several state-of-the-art
multi-atlas based methods using MRI data from ADNI, with results shown in
Table 2. From Table 2, it is obvious that our RIML method generally outperforms
the other three methods in both AD vs. NC classiﬁcation and pMCI vs. sMCI
Table 1. Comparison of RIML with diﬀerent methods in two classiﬁcation tasks.
Method

AD vs. NC

pMCI vs. sMCI

ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%) AUC (%)
Single-atlas PC sa

Multi-atlas

84.00

79.53

87.45

76.92

68.49

67.80

69.10

62.85

COMPARE sa

84.18

75.33

89.17

78.70

70.06

68.08

72.02

63.56

t-test sa

76.27

68.50

83.01

74.96

61.99

64.93

73.11

65.16

LASSO sa

84.32

81.66

86.36

84.02

72.06

72.04

72.02

72.03

PC con

84.01

81.56

89.23

81.91

72.78

74.62

70.91

72.45

COMPARE con 84.93

80.11

87.03

79.07

73.35

75.76

70.83

74.05

t-test con

81.87

70.77

90.71

81.78

61.60

64.32

75.01

71.63

LASSO con

86.62

84.78

89.80

87.29

71.49

76.06

66.67

71.36

PC ens

85.59

82.44

89.93

91.51

73.92

73.38

72.32

76.29

COMPARE ens

86.61

85.44

89.23

90.85

75.56

75.75

73.48

76.58

t-test ens

84.31

74.56

89.70

88.78

63.36

60.60

71.74

63.33

LASSO ens

87.27

84.78

89.23

92.79

75.32

81.36

69.17

76.02

RIML(ours)

93.06

94.85

90.49

95.79

79.25

87.92

75.54

83.44
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Table 2. Comparison with the state-of-the-art methods using MRI data of ADNI.
Method

AD vs. NC

pMCI vs. sMCI

ACC (%) SEN (%) SPE (%) ACC (%) SEN (%) SPE (%)
Wolz et al. [2]

89.00

85.00

93.00

68.00

67.00

69.00

Koikkalainen et al. [3]

86.00

81.00

91.00

72.10

77.00

71.00

Min et al. [15]

91.64

88.56

93.85

72.41

72.12

72.58

RIML(ours)

93.06

94.85

90.49

79.25

87.92

75.54

classiﬁcation. Although the study in [15] reported the best speciﬁcity in AD vs.
NC classiﬁcation, its accuracy and sensitivity are lower than those of the proposed
RIML method.
3.3

Diversity Analysis

In order to understand how our ensemble classiﬁcation method works, we further
plot a diversity-error diagram [23] to evaluate the level of agreement between the
outputs of two classiﬁers. In Fig. 4, we show diagrams achieved by ﬁve ensemblebased methods. For each method, the corresponding ensemble contains K
(K = 10 in this study) individual SVM classiﬁers. In a diversity-error diagram,
the value on the x -axis denotes the kappa diversity of a pair of classiﬁers in the
ensemble, and that on the y-axis represents the averaged individual error of a
pair of classiﬁers. The most desirable pairs of classiﬁers will be close to the bottom left corner of the diagram, since a small value of kappa diversity indicates
better diversity and a small value of averaged error indicates a better accuracy.
For visual evaluation of relative positions of kappa-error point clouds, we also
plot the centroids of clouds for diﬀerent methods in Fig. 4 (denoted as squares).
It can be seen from Fig. 4 that our RIML method usually yields better diversity
and lower classiﬁcation error than the other four methods, implying that RIML
can achieve a better trade-oﬀ between the classiﬁcation error and the classiﬁer

(a)

(b)

Fig. 4. Diversity-error diagrams of classiﬁers achieved by ﬁve ensemble-based methods
in (a) AD vs. NC classiﬁcation, and (b) pMCI vs. sMCI classiﬁcation.
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diversity than the compared methods. That is, it builds a classiﬁer ensemble
based on the reasonably diverse and accurate individual components.

4

Conclusion

In this paper, we have proposed a relationship induced multi-atlas learning
(RIML) method for AD/MCI classiﬁcation. Speciﬁcally, we ﬁrst extracted feature representations from multiple selected atlases, and then proposed a relationship induced sparse feature selection method, followed by an ensemble classiﬁcation method. Experimental results on the ADNI database demonstrate that
our RIML method achieves signiﬁcant performance improvement in both AD
vs. NC classiﬁcation and pMCI vs. sMCI classiﬁcation, compared with several
state-of-the-art methods.
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