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Abstract—As shown in the literature, methods based on 

multiple templates usually achieve better performance, compared 
to those using only a single template for processing medical 
images. However, most existing multi-template based methods 
simply average or concatenate multiple sets of features extracted 
from different templates, which potentially ignoring important 
structural information contained in the multi-template data. 
Accordingly, in this paper, we propose a novel relationship 
induced multi-template learning method for automatic diagnosis 
of Alzheimer’s disease (AD) and its prodromal stage, i.e., mild 
cognitive impairment (MCI), by explicitly modeling structural 
information in the multi-template data. Specifically, we first 
nonlinearly register each brain’s magnetic resonance (MR) image 
separately onto multiple pre-selected templates, and then extract 
multiple sets of features for this MR image. Next, we develop a 
novel feature selection algorithm by introducing two 
regularization terms to model the relationships among templates 
and among individual subjects. Using these selected features 
corresponding to multiple templates, we then construct multiple 
support vector machine (SVM) classifiers. Finally, an ensemble 
classification is used to combine outputs of all SVM classifiers, 
for achieving the final result. We evaluate our proposed method 
with 459 subjects from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) database, including 97 AD patients, 128 normal 
controls (NC), 117 progressive MCI (pMCI) patients, and 117 
stable MCI (sMCI) patients. The experimental results 
demonstrate promising classification performance, compared 
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with several state-of-the-art methods for multi-template based 
AD/MCI classification. 
 

Index Terms—Multi-template representation, Alzheimer’s 
Disease, sparse feature selection, ensemble classification  

I. INTRODUCTION 
RAIN morphometric pattern analysis using magnetic 
resonance imaging (MRI) has been widely investigated 

for automatic diagnosis of Alzheimer’s disease (AD) and its 
prodromal stage, i.e., mild cognitive impairment (MCI) [1-6].  
Using MRI data, brain morphometry can not only identify 
anatomical differences between populations of AD patients 
and normal controls (NCs) for diagnostics assistance, but also 
evaluate the progression of MCI [1-3]. Recently, many 
machine learning techniques have been proposed for 
identification of AD-related neurodegeneration patterns, based 
on brain morphometry with MRI data [5, 7-13]. Existing 
MRI-based diagnosis methods can be roughly divided into two 
categories, based on the number of templates used: 1) 
single-template based methods, where the morphometric 
representation of brain structures is generated from a specific 
template [4, 14, 15]; and 2) multi-template based methods, 
where multiple morphometric representations of each subject 
are generated from multiple templates [13, 15, 16]. 

In single-template based methods, one specific template is 
used as a benchmark space to provide a representation basis, 
through which one can compare the anatomical structures of 
different groups of disease-affected patients and NCs [17-19]. 
Specifically, all brain images are often spatially normalized 
onto a pre-defined template via a certain nonlinear registration 
method, where the morphometric representation of each brain 
image can be obtained. It is worth noting that such pre-defined 
template can be an individual subject’s brain image, or an 
average brain image generated from the particular image data 
under study [20]. In literature, researchers have developed 
various single-template based morphometry pattern analysis 
methods, and demonstrated promising results in automatic 
AD/MCI diagnosis using different classification methods [19, 
21]. Among them, voxel-based morphometry (VBM) [2, 22], 
deformation-based morphometry (DBM) [3, 23, 24], and 
tensor-based morphometry (TBM) [21, 25, 26] are the most 
widely used methods. In these methods, after nonlinearly 
transforming each brain image onto a pre-defined common 
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template space, VBM measures local tissue density of the 
original brain image directly, while DBM and TBM measure 
local deformation and Jacobian of the local deformation, 
respectively. Such measurements can then be regarded as 
feature representations, which can serve as inputs to 
multivariate analysis methods (e.g., SVM) to conclude the 
diagnosis. However, feature representations generated from a 
single template may not be sufficient enough to reveal the 
underlying complex differences between groups of patients 
and normal controls, due to potential bias associated with the 
use of a single template. Specifically, subjects are acquired 
from a wide range of patients and normal controls with 
different ages, ethnicities, races and etc., and therefore a single 
template could not effectively represent all the subjects. 

To address the issue mentioned above, researchers have 
proposed several methods that can take advantage of multiple 
diverse templates to compare group differences more 
efficiently. Although these methods require higher 
computational costs (compared to single-template based 
methods), multi-template based methods are very effective in 
reducing negative impact of registration errors and providing 
richer representations for morphometric analysis of brain MRI 
[27]. Recently, several studies [17, 18, 28-30] have shown that 
multi-template based methods can often achieve more accurate 
diagnosis than single-template based methods. For example, 
Leporé et al. [19] proposed a multi-template based method by 
first registering all brain images onto 9 templates that have 
been nonlinearly aligned to a common space. Then, they 
computed average deformation tensors from all these 
templates for each brain image, for enhancing TBM-based 
monozygotic/dizygotic twin classification. In addition, 
Koikkalainen et al. [18] developed a multi-template based 
method to investigate the effects of utilizing mean 
deformation fields, mean volumetric features, and mean 
predicted responses of the regression-based classifiers from 
multiple templates, and showed better AD classification 
results than single-template based methods. In another work, 
Min et al. [17] proposed to obtain multiple sets of features 
from multiple templates for each subject and then to 
concatenate these features for subsequent classification tasks. 

As inferred from literature, most of the existing 
multi-template based methods simply average or concatenate 
multiple sets of features generated from multiple templates. 
They do not effectively exploit the underlying structural 
information of multi-template data. In fact, some very 
important structural information exists in multi-template data, 
e.g., the inherent relationships among templates and among 
subjects. Intuitively, modeling such relationships can bring 
more prior information into the learning process, thus further 
boosting the learning performance. To the best of our 
knowledge, no previous multi-template based methods utilized 
such relationship information for AD/MCI classification. 

Accordingly, in this paper, we propose a novel relationship 
induced multi-template learning (RIML) method, to explicitly 
model the structural information of multi-template data for 
AD/MCI classification. Unlike most previous multi-template 

based methods (e.g., [18, 19] that averaged the representations 
from multiple templates, or [17] that simply concatenated 
features generated from different templates), we retain each 
template in its original (linearly-aligned) space and focus on 
feature representations from each template individually. Our 
proposed method is composed of two main parts: a 
relationship induced sparse (RIS) feature selection method and 
an ensemble classification strategy. More specifically, we first 
spatially normalize each brain image onto multiple 
pre-selected templates via nonlinear registration, for extracting 
multiple sets of regional features from multiple templates. 
Afterwards, our relationship induced multi-task sparse feature 
selection method is used to select discriminative features in 
each template space, by considering both the relationship 
among multiple templates and the relationship among different 
subjects in the same template space. Then, for each template, 
we build a support vector machine (SVM) classifier [31] using 
its respectively selected features. Finally, we combine the 
outputs of all SVM classifiers from multiple templates to 
make a final decision through an ensemble classification 
technique. To evaluate the efficacy of our method, we perform 
four groups of experiments: 1) AD vs. NC classification, 2) 
progressive MCI (pMCI) vs. stable MCI (sMCI) classification, 
3) pMCI vs. NC classification, and 4) sMCI vs. NC 
classification. By using a 10-fold cross-validation strategy on 
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
database [9], we achieve a significant performance 
improvement for each of these four classification tasks, 
compared with several state-of-the-art methods for AD/MCI 
diagnosis. 

It is worth noting that this work is different from our earlier 
work in [28]. First, in [28], one template is regarded as the 
main source, while the other templates are used as 
supplementary sources to provide guidance information. In 
this work, we focus on exploring the inherent relationship 
information in multi-template data, which is different from 
[28]. Second, the feature selection methods used in this work 
and our earlier work [28] are also different. The feature 
selection process in [28] is performed in each individual 
template space by ignoring the inherent relationships among 
different templates. In this work, we propose to explicitly 
model the relationships among templates and among subjects, 
and then utilize such relationships to guide multi-task sparse 
feature selection. Such inherent relationships are important 
prior information, as they are valuable for the subsequent 
learning model, conformed by our experiments on the ADNI 
database. 

The rest of this paper is organized as follows. We first 
describe the proposed method in the ‘Method’ section. Then, 
we illustrate experiments and results in the ‘Results’ section. 
In the ‘Discussion’ section, we investigate the influences of 
parameters and the performance of our method using the 
proposed ensemble classification strategy, and then discuss the 
pros/cons of our method. Finally, we draw conclusions and 
elaborate future research directions in the ‘Conclusion’ 
section. 
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Fig. 1. The framework of our relationship induced multi-template learning (RIML) method, which consists of three main steps: 1) multi-template feature 
extraction, 2) relationship induced sparse feature selection, and 3) ensemble classification. 
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Fig. 2. Ten templates determined by the Affinity Propagation (AP) clustering algorithm. 

 

II. METHOD 
An overview of our proposed relationship induced 

multi-template learning (RIML) method for AD/MCI 
classification is provided in Fig. 1. As can be seen from Fig. 1, 
there are three main steps in RIML: 1) multi-template feature 
extraction, 2) relationship induced sparse feature selection, 
and 3) ensemble classification. In the following, we will 
introduce each step in detail. 

A. Multi-template Feature Extraction 
In this study, a standard image pre-processing procedure is 

applied to the T1-weighted MR brain images for each studied 
subject. Specifically, we first perform a non-parametric 
non-uniform bias correction (N3) [11] on each MR image to 
correct intensity inhomogeneity. Next, we perform skull 
stripping [7], followed by manual correction to ensure that 
both skull and dura have been cleanly removed. Then, we 
remove the cerebellum by warping a labeled template to each 
skull-stripped image. Afterwards, we adopt the FAST method 
[32] to segment each brain image into three tissues, i.e., gray 
matter (GM), white matter (WM), and cerebrospinal fluid 
(CSF). Finally, all brain images are affine-aligned using the 
FLIRT method proposed in [33].  

One of the most crucial challenges in multi-template based 
methods is selecting an appropriate set of templates. Selecting 
a diverse template set with sufficiently large generalization 
capability can lead to less registration errors and more 
efficient/accurate representations. In the literature, different 
strategies are studied. For instance, Jenkinson et al. [33] 
randomly selected 30 templates from different categories of 
subjects. However, there may be different distributions of 
brain structure in the neuroimaging data within a specific class 

[34]. As a result, randomly selected templates from these data 
may not necessarily capture the true distribution of the entire 
population, which could introduce redundant or insignificant 
information to the feature respresentations. Generally, those 
selected templates shall not only be representative enough to 
cover the entire population, in order to reduce the overall 
registration errors, but also capture discriminative information 
of brain abnormality related to diseases. To address this 
problem, we first cluster all subjects using the Affinity 
Propagation (AP) algorithm [35], to partition the entire 
population (i.e., AD and NC brain images) into K 
non-overlapping clusters. In each cluster, one specific brain 
image is automatically selected as an exemplar. Then, we treat 
the exemplar image of each cluster as a template, and 
construct a template pool by combing all these templates. For 
the clustering purpose, we use normalized mutual information 
[35] as the similarity measure, and adopt a bi-section method 
[36] to find the appropriate preference value for the AP 
algorithm. Similar to previous multi-template based methods 
[18, 19, 33], we select 10 templates using the AP algorithm, as 
shown in Fig. 2. In Fig. 2, the first six templates (i.e., A1-A6) 
are NC subjects, while the last four templates (i.e., A7-A10) are 
AD subjects. Although it is possible to add more templates to 
the template pool, those additional templates can bring more 
computational costs. Here, we only select templates from AD 
and NC subjects, as these subjects can cover the entire 
distribution space using simple normalized mutual information 
as similarity measure.  

To obtain multiple sets of features from multiple templates, 
we perform the following three steps: 1) a registration step to 
spatially normalize each individual brain image onto multiple 
templates, 2) a quantification step to obtain morphometric 
measurement of each brain image, and 3) a segmentation step 
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to obtain a set of regions of interest (ROI) for computing 
regional features. Similar to the work [37], we utilize a 
mass-preserving shape transformation framework to capture 
morphometric patterns of each individual brain image in each 
of multiple templates. 

To this end, for each tissue-segmented brain image 
(segmented into GM, WM and CSF tissues), we first 
nonlinearly register them onto K templates (K=10 in this study) 
separately, by using HAMMER [38], a high-dimensional 
elastic warping tool. Then, based on these K estimated 
deformation fields, for each brain tissue, we quantify its 
voxel-wise tissue density map [39] in each of the K template 
spaces to reflect the unique deformation behavior of a given 
brain image, with respect to each template. In this study, we 
only use gray matter (GM) density map for feature extraction 
and classification, since AD directly affects GM tissue 
densities and GM density maps are also widely used in 
literature [3, 13].  

Typically, anatomical structures of multiple templates are 
often different from each other. Therefore, different templates 
can provide complementary information [17-19]. To 
efficiently extract the inherent structural information for each 
template, after registration and quantification steps, we group 
voxel-wise morphometric features into regional features using 
watershed segmentation algorithm [37]. This would lead to 
partitioning each of the templates into its own set of regions of 
interest (ROIs). To improve both discriminative power and 
robustness of volumetric features computed from each ROI, 
we refine each ROI by choosing its most discriminant voxels. 
Specifically, we first select the most relevant voxel according 
to the Pearson correlation between this voxel’s tissue density 
values and class labels across all the training subjects. Then, 
we iteratively include neighboring voxels until no increase for 
Pearson correlation, when adding new voxels. Such voxel 
selection processes will lead to a voxel subset for a specific 
region. Then, the average tissue density value of those selected 
voxels is computed as feature representation for this ROI. 
Such voxel selection process helps eliminate irrelevant and 
noisy features, as confirmed by several previous studies [40, 
41]. Finally, the top M (M=1500 in this study) most 
discriminative ROI features are selected in each template 
space. We align each subject, regardless of its class label (e.g., 
AD or NC), onto the aforementioned K templates for feature 
extraction. As a result, each subject is represented by K sets of 
M-dimensional feature vectors. Based on this multi-template 
feature representation, we perform feature selection and 
classification, with details given below. 

B. Feature Selection 
Although we select the most representative regional features 

for each template space in the feature extraction step above, 
these features can still be redundant or irrelevant for 
subsequent classification tasks, since each subject is 
represented by multiple sets of features. To address this 
problem, we develop a novel relationship induced sparse (RIS) 
feature selection method under a multi-task learning 
framework [14, 42], by treating  classification in each template 

space as a specific task. We first briefly introduce general 
formulation for the conventional multi-task feature learning, 
and then derive our RIS feature selection model. 
1) Multi-task Feature Learning 

In our study, we have K learning tasks corresponding to K 
templates. Denote 𝑿! = [𝒙!! ,⋯ ,𝒙!! ,⋯ ,𝒙!! ]! ∈ ℝ!×!  as 
training data for the k-th learning task (corresponding to the 
k-th template) containing totally N subjects, where 𝒙!! ∈ ℝ! 
represents a feature vector of the n-th subject in the k-th 
template space. Similarly, denote 𝒀 = [𝑦!,⋯ , 𝑦!,⋯ , 𝑦!]! ∈
ℝ!  as the response vector for training data 𝑿! , where 
𝑦! ∈ −1, 1  is the class label (i.e., normal control or patient) 
for the n-th subject. Denote 𝑾 = 𝒘!,⋯ ,𝒘! ,⋯ ,𝒘! ∈ ℝ!×! 
as the weight matrix, where 𝒘! ∈ ℝ! parameterizes a linear 
discriminant function for the k-th task. Let 𝒘! represent the 
i-th row of 𝑾. Then, the multi-task feature learning model is 
formulated as follows [14, 43, 44]: 

𝑚𝑖𝑛   
𝑾

𝒀 − 𝑿!𝒘!
!
!!

!!! + 𝜆 𝑾 !,!                (1) 

The first term in Eq. (1) is the empirical loss on the training 
data. The second one is a group-sparsity regularizer to 
encourage the weight matrix 𝑾 with many zero rows, where 
𝑾 !,! = 𝒘! !

!
!!!  is the sum of the 𝑙!-norm of the rows in 

matrix 𝑾 . For feature selection purpose, only features 
corresponding to those rows with non-zero coefficients in 𝑾 
are selected, after solving Eq. (1). That is, the 𝑙!,! -norm 
regularization term ensures only a small number of common 
features to be jointly selected across different tasks [45]. The 
parameter 𝜆  is a regularization parameter used to balance 
relative contributions of the two terms in Eq. (1). Particularly, 
a large 𝜆 leads to the selection of less number of features, 
while a small 𝜆 urges the algorithm to select more features. 
2) Relationship Induced Sparse Feature Selection 

It is worth noting that, due to anatomical differences across 
templates, different sets of features for each brain image 
generally come from different ROIs. Thus, the 𝑙!,! -norm 
regularization in Eq. (1) is not appropriate for our case, since it 
jointly selects features across different tasks (i.e., templates). 
To encourage sparsity of the weight matrix 𝑾  as well as 
selection of informative features corresponding to each 
template space, we propose the following multi-task sparse 
feature learning model: 

𝑚𝑖𝑛   
𝑾

𝒀 − 𝑿!𝒘!
!
!!

!!! + 𝜆 𝑾 !,!               (2) 

where 𝑾 !,! = 𝒘! !
!
!!!   is the sum of 𝑙!-norm of the rows 

in matrix 𝑾. Different from the 𝑙!,!-norm that encourages 
some rows of 𝑾 to be zeros, the 𝑙!,!-norm encourages some 
elements of 𝑾 to be zeros, which helps select features specific 
to different tasks [46, 47].  

In Eq. (1) and Eq. (2), a linear mapping function 
(i.e.,  𝑓 𝒙 = 𝒙!𝒘) is learned to transform data in the original 
high-dimensional feature space to a one-dimensional label 
space. In all these models, the supervision is limited to only 
preserve the relationship between the samples and their 
corresponding class labels, while some other important 
structural information exists in the multi-template data. We 
find that preserving the following relationships between the 
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subjects and the templates in the label space could enhance 
performance of the learned models: 1) the relationship among 
multiple templates (template-relationship), and 2) the 
relationship among different subjects (subject-relationship).  

(1) As illustrated in Fig. 3(a), a subject 𝒙! is represented as 
𝒙!
!!  and 𝒙!

!!  in the 𝑘! -th and the 𝑘! -th template spaces, 
respectively. After being mapped to the label space, they 
should also be close to each other (i.e., 𝑓(𝒙!

!!) should be 
similar to 𝑓(𝒙!

!!)), since they represent the same subject.  
(2) Similarly, as shown in Fig. 3(b), if two subjects 𝒙!!

!  and 
𝒙!!
!  in the same k-th template space are very similar, the 

distance between 𝑓(𝒙!!
! )  and 𝑓(𝒙!!

! )  should be also small, 
implying that the estimated labels of these two subjects are 
similar. 
 

Template k1 space Template k2 space

mapping

Label space

+1
-1

mapping

Template  k space

Label space

mapping

+1-1

(a) (b)  
Fig. 3. Illustration of structural information, conveyed by (a) relationship 
between features of two templates (i.e., features of the 𝑛-th subject in the 
𝑘! -th and the 𝑘! -th template spaces, respectively), and (b) relationship 
between features of two subjects in the same template (i.e., features of the 
𝑛!-th subject and the 𝑛!-th subject in the 𝑘-th template space). Here, yellow 
denotes positive training subjects, while blue denotes negative training 
subjects. Different shapes (circle, triangle, and square) denote samples in three 
different template spaces (i.e., the 𝑘!-th template, the 𝑘!-th template, and the 
𝑘-th template). 

 
Accordingly, in the following, we first introduce a novel 

template-relationship induced regularization term: 
𝑓(𝒙!

!!) − 𝑓(𝒙!
!!)

!!
!!!!

!
!!!!

!
!!!   

= 𝑡𝑟( 𝑩!𝑾 !𝑳!(𝑩!𝑾))!
!!!                            (3) 

where 𝑡𝑟(∙)  denotes the trace of a square matrix, 𝑩! =
[𝒙!! ,⋯ ,𝒙!! ,⋯ ,𝒙!!]! ∈ ℝ!×!  represents multiple sets of 
features derived from K templates for the n-th subject, and 
𝑳! ∈ ℝ!×! is a matrix with diagonal elements being K-1 and 
all other elements being -1. By using Eq. (3), we can model 
the relationships among multiple templates explicitly. 

Similarly, we propose the following subject-relationship 
induced regularization term: 

𝑆!!,!!
! 𝑓(𝒙!!

! ) − 𝑓(𝒙!!
! )

!!
!!!!

!
!!!!

!
!!!   

= 𝑿!𝒘! !𝑳!(𝑿!𝒘!)!
!!!                                       (4) 

where 𝑿! is the data matrix in the k-th learning task (i.e., k-th 
template) as mentioned above, and 𝑺! = 𝑆!!,!!

!
!!,!!!!

!
∈

ℝ!×! denotes a similarity matrix with elements defining the 
similarity among N training subjects in the k-th template space. 
Here, 𝑳! = 𝑫! − 𝑺! represents the Laplacian matrix for task k, 

where 𝑫!  is a diagonal matrix with diagonal element 
𝐷!!,!!
! = 𝑆!!,!!

!!
!!!! , and 𝑆!!,!!

!  is defined as 

𝑆!!,!!
! = 𝑒!

𝒙!!
! !𝒙!!

! !

! , if    𝒙!!
!   and    𝒙!!

!   are  𝑞  neighbors
0,                                            otherwise                                                                        

  (5) 

where 𝜎 is a constant, and 𝑞 = 3 in this study. It is evident 
that Eq. (4) aims to preserve the local neighboring structures 
of the original data during mapping, through which we can 
capture the relationships among subjects explicitly.  

By incorporating two relationship induced regularization 
terms defined in Eq. (3) and Eq. (4) into Eq. (2), the objective 
function of our proposed relationship induced sparse (RIS) 
feature selection model can be obtained as follows: 

𝑚𝑖𝑛   
𝑾

𝒀 − 𝑿!𝒘!
!
!!

!!! + 𝜆! 𝑾 !,!  

+𝜆! 𝑡𝑟( 𝑩!𝑾 !𝑳!(𝑩!𝑾))!
!!!                    

+𝜆! 𝑿!𝒘! !𝑳!(𝑿!𝒘!)!
!!!                    (6) 

where 𝜆!, 𝜆!, and 𝜆! are positive constants used to balance the 
relative contribution of four terms in the proposed RIS model, 
and their values can be determined via inner cross-validation 
on the training data. In Eq. (6), the 𝑙!,!-norm regularization 
term (the 2nd term) ensures only a small number of features to 
be selected, for each task. The template-relationship induced 
regularization term (the 3rd term) is used to capture the 
relationship among different templates, while the 
subject-relationship regularization term (the 4th term) is 
employed to preserve local neighboring structures of data in 
each template space. Note that, if we replace the square loss 
function with the logistic/hinge loss function in Eq. (6), the 
RIS model could be used directly as a classifier. 

The objective function in Eq. (6) is convex but non-smooth, 
because of using the 𝑙!,! -norm regularization term (i.e., 
𝑾 !,! ) that is not smooth. This may decrease the 

optimization efficiency. Fortunately, the objective function, 
with such non-smooth terms, can be solved by a smooth 
approximation technique [14, 43, 48]. Specifically, we first 
adopt a smooth approximation technique to approximate Eq. 
(6) by a smoothed objective function, and then employ 
Accelerated Proximal Gradient (APG) algorithm [49] to solve 
the smoothed objective function. 

C. Ensemble Classification 
To better take advantage of multiple sets of features 

generated from multiple templates, we further propose an 
ensemble classification approach. Particularly, after feature 
selection using our relationship induced sparse feature 
selection algorithm, we obtain K feature subsets corresponding 
to the K templates. Based on these selected features, we can 
then construct K classifiers separately, with each classifier 
corresponding to a specific template space. Here, we adopt a 
linear SVM to perform classification, since linear SVM has 
good generalization capability across different training data 
[12, 28, 50, 51]. Next, we adopt the majority voting strategy, a 
simple and effective classifier fusion method, to combine 
outputs of K different SVM classifiers to make a final decision. 
In this way, majority voting from outputs of K classifiers 
determine the class label of a new testing subject. 
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D. Subjects and Experimental Setting 
1) Subjects 

To evaluate the efficacy of our proposed method, we 
perform experiments on T1-weighted MRI data in the ADNI 
database (http://adni.loni.usc.edu/). For diagnostic 
classification at baseline, we use a total of 459 subjects, 
randomly selected from those scanned with a 1.5T scanner. 
These subjects include (i) 97 AD subjects, if diagnosis was 
AD at baseline; (ii) 128 NC subjects, if diagnosis was normal 
at baseline; (iii) 117 stable MCI (sMCI) subjects, if diagnosis 
was MCI at all available time points (0-96 months); (iv) 117 
progressive MCI (pMCI) subjects, if diagnosis was MCI at 
baseline but these subjects converted to AD after baseline 
within 24 months. The roster IDs of these subjects are listed in 
Tables S4-S7 in the supplementary material available in the 
supplementary files /multimedia tab. In Table I, the 
demographic information of these 459 subjects is provided. 

 
TABLE I 

DEMOGRAPHIC INFORMATION OF 459 STUDIED SUBJECTS FROM THE ADNI 
DATABASE 

Diagnosis Subject # Age Gender (M/F) MMSE 

AD 97 75.90±6.84 48/49 23.37±1.84 
NC 128 76.11±5.10 63/65 29.13±0.96 

pMCI 117 75.18±6.97 67/50 26.45±1.66 
sMCI 117 75.09±7.65 79/38 27.42±1.78 

Note: Values are denoted as mean ± deviation; MMSE means mini-mental 
state examination; M and F represent male and female, respectively. 

 
2) Experimental Setting 

The evaluation of our method is conducted on four different 
tasks, including 1) AD vs. NC classification, 2) pMCI vs. NC 
classification, 3) pMCI vs. sMCI classification, and 4) sMCI 
vs. NC classification. The last two problems are considered to 
be more difficult than the first two problems, but have 
received relatively less attention in previous studies. However, 
it is important to distinguish progressive MCI from stable MCI, 
and stable MCI from NCs, in order to achieve an early 
diagnosis and then possibly slow down the progression of 
MCI to AD via timely therapeutic interventions. 

In this study, we adopt a 10-fold cross-validation strategy 
[28, 52, 53] to evaluate the performances of different methods. 
Specifically, all samples are partitioned into 10 subsets (with 
each subset having a roughly equal size), and each time 
samples in one subset are selected as the test data, while 
samples in all other nine subsets are used as the training data 
for performing feature selection and classifier construction. 
Such process is repeated ten times independently to avoid any 
bias introduced by the random partitioning of the original data 
in the cross-validation process. Finally, we measure the 
average values of corresponding classification results. 

To better make use of multiple sets of features generated 
from multiple templates, we adopt the following two strategies: 
1) the feature concatenation method, and 2) our proposed 
ensemble-based method. Specifically, in the feature 
concatenation method, features from multiple templates are 
simply concatenated into a long vector, and the corresponding 
SVM classifier is constructed using this feature vector. In the 

ensemble-based method, we treat each feature set individually, 
and construct multiple SVM classifiers based on these feature 
sets separately, followed by an ensemble strategy to combine 
the outputs of all SVMs for making a final decision.  

In addition, we compare our RIS algorithm with four 
feature selection methods, i.e., Pearson correlation (Pearson), 
COMPARE method proposed in [37] that combines Pearson 
and SVM-RFE [44], statistical t-test method [54], and Lasso 
[55] that is widely used for sparse feature selection in 
neuroimaging analysis. Here, we use Pearson<con>, 
COMPARE<con>, t-test<con>, and Lasso<con> to denote 
methods using four different feature selection algorithms (i.e., 
Pearson, COMPARE, t-test, and Lasso) and the feature 
concatenation strategy (i.e., <con>), respectively. Similarly, 
we use Pearson<ens>, COMPARE<ens>, t-test<ens>, and 
Lasso<ens> to denote methods using four different feature 
selection algorithms in each of the multiple template spaces 
during feature selection and then the proposed ensemble 
method (i.e., <ens>) in the final classification step. For fair 
comparison, features selected by a specific feature selection 
algorithm are fed into an SVM classifier. 

In our proposed RIS feature selection model, the 
regularization parameters (i.e., 𝜆!, 𝜆! and 𝜆!) are, respectively, 
chosen from the range {10-10, 10-9, ⋯, 100} through an inner 
cross-validation on the training data. That is, in each fold of 
10-fold cross validation, we find the optimal parameters, via 
cross-validation on the training subset. Note that, no testing 
data is used in such cross-validation process. Similarly, the 
parameter for the l1-norm regularizer in Lasso is selected from 
{10-10, 10-9, ⋯, 100} through another inner cross-validation on 
the training data. The parameters σ and 𝑞 in Eq. (5) are set 
empirically as the mean distance of samples in the training set 
and 3, respectively. For the t-test method, the p-value is 
chosen from {0.05, 0.08, 0.10, 0.12, 0.15} via inner 
cross-validation on the training data. For fair comparison, a 
linear SVM [31] with default parameter (i.e., C=1) is used to 
perform classification. We evaluate performances of different 
methods via four criteria, i.e., classification accuracy (ACC), 
sensitivity (SEN), specificity (SPE), and the area under the 
receiver operating characteristic (ROC) curve (AUC). More 
specifically, accuracy measures the proportion of subjects that 
are correctly predicted, sensitivity denotes the proportion of 
patients that are correctly predicted, and specificity represents 
the proportion of NCs that are correctly predicted. 

III. RESULTS 

A. Classification Results Using Single-template Data 
To demonstrate the variability of classification results, 

achieved by using different single templates even for the same 
classification task, we perform classification based on 
single-template data in the first group of experiments. Since 
our proposed method models the template-relationship that 
cannot be obtained in the single-template case, we only 
perform experiments using four feature selection algorithms, 
including Pearson, COMPARE, t-test and Lasso. In Fig. 4, we 
show the distribution of results achieved by the different 
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methods using 10 single templates (shown in Fig. 2) in AD vs. 
NC classification and pMCI vs. sMCI classification, while 
results of pMCI vs. NC classification and sMCI vs. NC 
classification are given in Fig. S1 in the supplementary 
material available in the supplementary files /multimedia tab. 

From Fig. 4, one can observe that the classification results 
using different single templates are very different, regardless 
of different feature selection methods. For example, in AD vs. 
NC classification, the sensitivities achieved by four methods 
vary significantly among 10 single templates. There are 
several reasons leading to different performances when using 
different templates. First, a certain template may have more 
representative anatomical structures for the entire population 
under study, compared with the other templates. In this way, 
there would be less noise in respective feature representations 
generated from this template. Second, the disease-related 
patterns generated from one template may be more 
discriminative than those derived from other templates. 
 

 
Fig. 4. Distributions of classification accuracy (ACC), sensitivity (SEN) and 
specificity (SPE) achieved by four different single-template based methods in 
(a) AD vs. NC classification, and (b) pMCI vs. sMCI classification. 
 

B. Classification Results Using Multi-template Data 
In the second group of experiments, we perform AD/MCI 

classification by using multiple templates. Specifically, we 
compare our method with two categories of methods, i.e., 1) 
feature concatenation methods (i.e., Pearson<con>, 
COMPARE<con>, t-test<con>, and Lasso<con>), and 2) 
ensemble methods (i.e., Pearson<ens>, COMPARE<ens>, 
t-test<ens>, and Lasso<ens>).  Following the work in [17], for 
Pearson<con> and COMPARE<con> methods, we first 
concatenate the regional features extracted from K (K=10 in 
this study) templates as a 15000-dimensional feature vector. 
Then, the top m (m= 1, 2,⋯ , 1500 ) features are sequentially 
selected according to the Pearson correlation (with respect to 
class labels) for Pearson<con> and according to 
Pearson+SVM-RFE for COMPAE<con>, and then the best 
classification results are reported. For t-test<con> and 
Lasso<con>, we first concatenate K sets of features, and then 
use t-test and Lasso to perform feature selection, respectively. 
In ensemble-based methods, we first perform feature selection 
using respective algorithms in each of K template spaces, and 
then learn multiple SVM classifiers based on selected feature 
subsets in the respective K templates, followed by ensemble 
classification with majority voting strategy.  

For comparison, we also report the averaged classification 
results of single-template based methods (including Pearson, 
COMPARE, t-test, and Lasso). The classification results of 

AD vs. NC and pMCI vs. sMCI are given in Table II, while 
those of pMCI vs. NC and sMCI vs. NC are shown in Tables 
S1 and S2 in the supplementary material available in the 
supplementary files /multimedia tab. We also perform a paired 
t-test on classification accuracies achieved by our method and 
by any comparison method, with the corresponding p-values 
reported in Tables II, S1 and S2. In addition, we perform the 
paired McNemar’s test [56] on the classification accuracies of 
our proposed method and each compared method, as well as 
the paired Delong’s test [57] on the AUCs of our method and 
each compared method, to test whether our method performs 
statistically better than the compared methods. In the 
supplementary material available in the supplementary files 
/multimedia tab, we show the p-values for the McNemar’s test 
and the Delong’s test in Table S8 and Table S9, respectively. 
Furthermore, we plot the ROC curves achieved by 
ensemble-based methods in Fig. 5 and Fig. S2.  

From the results of AD vs. NC classification in Table II and 
Fig. 5(a), we can observe three main points. First, 
multi-template based methods generally achieve significantly 
better performance, compared to single-template based 
methods (i.e., Pearson, COMPARE, t-test, and Lasso). For 
example, the highest accuracy achieved by single-template 
based methods is only 84.32% (achieved by Lasso), which is 
noticeably lower than those of multi-template based methods. 
This demonstrates that, compared with the single-template 
case, the multi-template based methods can achieve better 
classification performance by taking advantage of richer 
feature representations for each subject. Second, by using 
multiple templates, methods that adopt our proposed ensemble 
classification strategy (i.e., Pearson<ens>, COMPARE<ens>, 
t-test<ens>, and Lasso<ens>) usually outperform their 
counterparts that simply employ the feature concatenation 
strategy (i.e., Pearson <con>, COMPARE<con>, t-test<con>, 
and Lasso<con>), in terms of all evaluation criteria. This 
implies that the feature concatenation strategy may not be a 
good choice to make use of multiple sets of features generated 
from multiple templates. Finally, our proposed method using 
RIS feature selection algorithm achieves consistently better 
results than that of other methods in terms of classification 
accuracy, sensitivity, and AUC. Specifically, our method 
achieves a classification accuracy of 93.06%, a sensitivity of 
94.85%, and an AUC of 0.9579, while the second best 
accuracy is 87.27%, the second best sensitivity is 85.44%, and 
the second best AUC is 0.9279. Also, results in Table II show 
that our proposed method is significantly better than that of 
the compared methods, as demonstrated by very small 
p-values. 

From the results of pMCI vs. sMCI classification shown in 
Table II and Fig. 5(b), we can observe again that the 
multi-template based methods usually outperform the 
single-template based methods. In addition, our method 
consistently achieves better performance than that of other 
multi-template based methods. In particular, our method 
achieves an AUC of 0.8344, while the best AUC achieved by 
the second best method (i.e., COMPARE<ens>) is only 
0.7658. 
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TABLE II 
PERFORMANCE OF AD VS. NC AND PMCI VS. SMCI CLASSIFICATION WITH MULTIPLE TEMPLATES 

Method 
AD vs. NC classification pMCI vs. sMCI classification 

ACC 
(%) 

SEN 
(%) 

SPE 
(%) AUC p-value ACC 

(%) 
SEN 
(%) 

SPE 
(%) AUC p-value 

Single-template 
based method 

Pearson 84.00 79.53 87.45 0.7692 - 68.49 67.80 69.10 0.6285 - 
COMPARE 84.18 75.33 89.17 0.7870 - 70.06 68.08 72.02 0.6356 - 

t-test 76.27 68.50 83.01 0.7496 - 61.99 60.43 73.11 0.6516 - 
Lasso 84.32 81.66 86.36 0.8402 - 72.06 72.04 72.02 0.7203 - 

Multi-template 
based method 

Pearson <con> 84.01 81.56 89.23 0.8191 <0.0001 72.78 74.62 70.91 0.7245 0.0014 

COMPARE<con> 84.93 80.11 87.03 0.7907 <0.0001 73.35 75.76 70.83 0.7405 0.0009 

t-test<con> 81.87 70.77 90.71 0.8178 <0.0001 62.16 61.59 75.07 0.6333 0.0003 

Lasso<con> 86.62 84.78 89.80 0.8729 <0.0001 71.49 76.06 66.67 0.7136 0.0008 
Pearson <ens> 85.59 82.44 89.93 0.9151 <0.0001 73.92 73.38 72.32 0.7629 0.0006 
COMPARE<ens> 86.61 85.44 89.23 0.9085 <0.0001 75.56 75.75 73.48 0.7658 0.0007 
t-test<ens> 84.31 74.56 89.70 0.8878 <0.0001 63.36 60.60 71.74 0.7161 0.0013 
Lasso<ens> 87.27 84.78 89.23 0.9279 0.0009 75.32 81.36 69.17 0.7602 0.0011 
Proposed 93.06 94.85 90.49 0.9579 - 79.25 87.92 75.54 0.8344 - 

 

C. Comparison with the State-of-the-art Methods 
We also compare the results achieved by our method with 

several recent state-of-the-art results reported in the literature 
using MRI data of ADNI subjects for AD/MCI classification, 
including five single-template based methods [13-16, 50] and 
five multi-template based methods [17, 18, 28-30]. Since very 
few works report sMCI vs. NC classification results, we only 
report the results of AD vs. NC and pMCI vs. sMCI in Tables 
III-IV, while those of pMCI vs. NC are given in Table S3 in 
the supplementary material available in the supplementary 
files /multimedia tab.  
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Fig. 5. ROC curves achieved by five ensemble-based methods using multiple 
templates in (a) AD vs. NC classification, and (b) pMCI vs. sMCI 
classification. 

 
From Table III, we can have the following observations. 

First, in AD vs. NC classification, our proposed method is 
superior to the comparison methods in terms of both 
classification accuracy and sensitivity. Although researchers in 
[15] reported the highest specificity, their accuracy and 
sensitivity are relatively lower than those produced by our 
method. Second, among six multi-template based methods in 
AD vs. NC classification, our method achieves consistently 
better accuracy and sensitivity than methods in [18, 30] that 
use the averaged feature representation from multi-templates, 
slightly better in accuracy but much higher in sensitivity than 
methods used in [17, 29] that concatenate multiple sets of 

features from multiple templates, and comparable accuracy 
but higher sensitivity and specificity than the method in [28] 
that focuses on features from one template with side 
information provided by the other templates. It is worth noting 
that high sensitivity may be advantageous for confident AD 
diagnosis, which is potentially useful in clinical practice. 
Similar trend can be found in pMCI vs. sMCI classification 
from Table IV (i.e., our method usually outperforms the 
competing methods). It is worth noting that the classification 
accuracies in Table IV are not fully comparable, since the 
definition in those compared methods may be slightly 
different due to the use of different cut-off value (i.e., how 
many months MCI will covert to AD). For instance, the 
cut-off value for the pMCI definition in both this work and 
[58] is 24 months, while it is 18 months in [15]. 

D. Discussion 
Several recent studies have demonstrated that 

multi-template based features can contain complementary 
information for boosting performance of AD/MCI 
classification [14, 15, 17, 18, 29, 30]. However, the main 
disadvantage of these existing methods is that the structural 
information in multi-template data is seldom considered, 
which may lead to sub-optimal learning performance. For 
example, the relationships among multiple templates and 
among different subjects are important prior information, 
which can be used to further promote performance of AD/MCI 
classification. Accordingly, we proposed a novel feature 
selection method, aiming to preserve structural information of 
multi-template data conveyed by the relationships among 
templates and among subjects. As can be seen from Table II, 
the comparison methods that ignore such structural 
information often do not achieve as good results as our 
method. We also developed an ensemble classification method, 
where multiple classifiers, with respect to different template 
spaces, are combined, via majority voting. Experimental 
results show that methods using our proposed ensemble 
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classification strategy usually outperform their counterparts 
with feature concatenation strategy. We now evaluate the 
influence of parameters and analyze the diversity of multiple 
classifiers in the proposed ensemble classification method.  
1) Effects of Parameters 

In our RIS feature selection model, there are three 
parameters to be tuned, i.e., 𝜆!, 𝜆! and 𝜆!. In this sub-section, 
we evaluate the influence of parameters on the performance of 
our method. Specifically, we independently vary the values of 
𝜆!, 𝜆! and 𝜆! in the range {10-10, 10-9, ⋯, 100}, and record the 
corresponding classification results achieved by our method, 

using different parameters in AD vs. NC classification. In Fig. 
6, we show the classification accuracy as a function of two of 
these three parameters (i.e., 𝜆! , 𝜆!  and 𝜆! ). Note that, to 
facilitate the observation, in Fig. 6, one parameter is fixed as 
0.1, when varying two other parameters. From Fig. 6(a)-6(c), 
we can clearly see that the performance of our method slightly 
fluctuates within a very small range with the increase of 
parameter values of 𝜆!, 𝜆! and 𝜆!. In most cases, classification 
results are generally stable with respect to three parameters, 
demonstrating that our proposed RIS method is not 
particularly sensitive to the parameter values.  

 
TABLE III 

COMPARISON WITH EXISTING STUDIES USING MRI DATA OF ADNI FOR AD VS. NC CLASSIFICATION 

Method Feature Classifier Subjects Template ACC (%) SEN (%) SPE (%) 

Cuingnet et al. [15] Voxel-direct-D GM SVM 137 AD + 162 NC Single 88.58 81.00 95.00 

Zhang et al. [16] 93 ROI GM SVM 51 AD + 52 NC Single 86.20 86.00 86.30 

Zhang et al. [14] 93 ROI GM SVM 91 MCI + 50 NC Single 84.80 - - 

Liu et al. [50] Voxel-wise GM SRC ensemble 198 AD + 229 NC Single 90.80 86.32 94.76 
Liu et al. [13] Voxel-wise GM SVM ensemble 198 AD + 229 NC Single 92.00 91.00 93.00 

Eskildsen et al. [58] ROI-wise cortical 
thickness LDA 194 AD + 226 NC Single 84.50 79.40 88.90 

Cho et al. [59] Cortical thickness PCA-LDA 128 AD + 160 NC Single - 82.00 93.00 

Coupé et al. [60] 
Hippocampus and 
entorhinal cortex volume 
and grading 

QDA 60 AD + 60 NC Single 90.00 88.00 92.00 

Duchesne et al. [10] Tensor-based 
morphometry SVM 75 AD + 75 NC Single 92.00 - - 

Koikkalainen et al. 
[18] 

Tensor-based 
morphometry Linear regression 88 AD + 115 NC Multiple 86.00 81.00 91.00 

Wolz et al. [30] Four MR features LDA 198 AD + 231 NC Multiple 89.00 93.00 85.00 
Min et al. [17] Data-driven ROI GM SVM 97 AD + 128 NC Multiple 91.64 88.56 93.85 
Min et al. [29] Data-driven ROI GM SVM 97 AD + 128 NC Multiple 90.69 87.56 93.01 
Liu et al. [28] Data-driven ROI GM SVM ensemble 97 AD + 128 NC Multiple 92.51 92.89 88.33 
Proposed Data-driven ROI GM SVM ensemble 97 AD + 128 NC Multiple 93.06 94.85 90.49 

Note: SVM means Support Vector Machine; SRC denotes Sparse Regression Classifier; LDA represents Linear Discriminant Analysis; PCA-LDA denotes 
Principal Component Analysis-Linear Discriminant Analysis; QDA denotes Quadratic Discriminant Analysis. 

 
TABLE IV 

COMPARISON WITH EXISTING STUDIES USING MRI DATA OF ADNI FOR PMCI VS. SMCI CLASSIFICATION 

Method Feature Classifier Subjects Template ACC (%) SEN (%) SPE (%) 

Cuingnet et al. [15] Voxel-Stand-D GM SVM 76 pMCI + 134 sMCI Single 70.40 57.00 78.00 

Zhang et al. [14] ROI GM SVM 43 pMCI + 48 sMCI Single 62.00 56.60 60.20 

Eskildsen et al. [58] ROI-wise cortical 
thickness LDA 61 pMCI + 134 sMCI Single 66.70 59.00 70.20 

Moradi et al. [61] Voxel-wise GM LDS 164 pMCI + 100 sMCI Single 76.61 88.85 51.59 
Cho et al. [59] Cortical thickness PCA-LDA 72 pMCI + 131 sMCI Single - 63.00 76.00 
Gaser et al. [62] Voxel-wise GM RVR 133 pMCI + 62 sMCI Single 75.00 - - 
Koikkalainen et al. 
[18] 

Tensor-based 
morphometry 

Linear 
regression 54 pMCI+ 115 sMCI Multiple 72.10 77.00 71.00 

Wolz et al. [30] Four MR features LDA 167 pMCI + 238 sMCI Multiple 68.00 67.00 69.00 
Min et al. [17] Data-driven ROI GM SVM 117 pMCI + 117 sMCI Multiple 72.41 72.12 72.58 
Min et al. [29] Data-driven ROI GM SVM 117 pMCI + 117 sMCI Multiple 73.69 76.44 70.76 
Liu et al. [28] Data-driven ROI GM SVM ensemble 117 pMCI + 117 sMCI Multiple 78.88 85.45 76.06 
Proposed  Data-driven ROI GM SVM ensemble 117 pMCI + 117 sMCI Multiple 79.25 87.92 75.54 

Note: SVM means Support Vector Machine; LDA represent Linear Discriminant Analysis; LDS means Low Density Separation; PCA-LDA denotes Principal 
Component Analysis-Linear Discriminant Analysis; RVR represents Relevance Vector Regression. 
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Fig. 6. Accuracies of AD vs. NC classification with respect to different 
parameter values in the proposed RIS model. Note that, in (a)-(c), when two 
parameters vary, another parameter is fixed as 0.1, for convenience of display. 
 
2) Diversity Analysis 

As discussed earlier, in order to make use of multiple sets of 
features generated from multiple templates, we proposed an 
ensemble classification strategy. Here, we quantitatively 
measure the diversity and the mean classification error 
between any two different SVM classifiers, where each SVM 
is corresponding to a specific template space. Here, we use 
Kappa index to measure the diversity [63] of two classifiers. It 
is worth noting that small Kappa values indicate better 
diversity, and small mean classification errors imply better 
accuracies, achieved by a pair of classifiers. In Fig. 7, we plot 
averaged results among all pairs of classifiers, achieved by 
five ensemble-based methods (i.e., Pearson<ens>, 
COMPARE<ens>, t-test<ens>, Lasso<ens>, and the proposed 
method) in the four classification tasks (i.e., AD vs. NC, pMCI 
vs. NC, pMCI vs. sMCI, and sMCI vs. NC). 
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Fig. 7. The diversities and mean classification errors achieved by five 
ensemble-based methods in the four classification tasks. 
 

From Fig. 7(a), one can see that our method achieves better 
diversity than the comparison methods in AD vs. NC, pMCI 
vs. NC, and pMCI vs. sMCI classification tasks. From Fig. 
7(b), we can observe that our method usually obtains lower 
classification error, compared to other methods. It is worth 
noting that, although our method obtains slightly less diversity 
than other methods in sMCI vs. NC classification, it 
apparently achieves the lowest classification error. Recalling 
the results in Table II, our method was shown to outperform 
other ensemble-based methods (i.e., Pearson<ens>, 
COMPARE<ens>, t-test<ens> and Lasso<ens>), which 
implies that our method achieves better trade-off between 
accuracy and diversity. 
3) Limitations 

There are several limitations that should be considered, in 
the current study. First, our method has high computational 
costs, because of the multiple templates used for image 
registration with HAMMER [38]. One possible solution is to 
parallelize the registration process by using multiple CPUs. 

Another solution is to replace the registration method (i.e., 
HAMMER) with another less computationally expensive 
technique (e.g., diffeomorphic demos [64]), which may speed 
up the registration process. Second, the proposed method 
requires feature representations, generated from different 
templates, to have the same dimensionality, as we use a 
feature selection method within the multi-task learning 
framework. Since there are anatomical differences among 
multiple templates, features generated from different templates 
may be of different dimensionality, which is not considered in 
our current method. Third, we lack consideration of 
spatial/anatomical correlation relationship among templates 
[17] in our current method. Actually, the anatomical 
correlation among templates can also be explored as prior 
information to further promote performance of the proposed 
RIS feature selection model, which is one of our future 
directions. Fourth, the proposed RIS model in Eq. (6) is 
simply used as a feature selection model. If the square loss 
function is replaced by the logistic (or hinge) loss function, 
RIS model can be also directly employed as a classification 
model. In addition, we only evaluate our method on the ADNI 
dataset. It is interesting to investigate the efficacy of the 
proposed method on other data sets, such as the 
Computer-Aided Diagnosis of Dementia (CADDementia) data 
set [65]. As one of our future work, we will perform such 
experiments to ensure thorough comparisons between our 
method and those competing approaches. 

IV. CONCLUSION 
In this paper, we proposed a relationship induced 

multi-template learning method for AD/MCI classification, 
which can make use of the underlying structure information of 
multi-template data. To this end, we first extracted multiple 
sets of feature representations from multiple selected 
templates, and then proposed a relationship induced sparse 
feature selection algorithm to reduce the dimensionality of the 
feature vectors in each template space, followed by an SVM 
classifier corresponding to each template. Then, we developed 
an ensemble classification strategy to combine the outputs of 
multiple SVMs to make a final classification decision. 
Experimental results on the ADNI database demonstrated that 
our method achieved significant performance improvement in 
multi-template based AD/MCI classification, compared with 
several state-of-the-art methods.  

REFERENCES 
[1] D. Chan, J. C. Janssen, J. L. Whitwell, H. C. Watt, R. Jenkins, C. Frost, 

M. N. Rossor, and N. C. Fox, "Change in rates of cerebral atrophy over 
time in early-onset Alzheimer's disease: Longitudinal MRI study," The 
Lancet, vol. 362, pp. 1121-1122, 2003. 

[2] Y. Fan, S. M. Resnick, X. Wu, and C. Davatzikos, "Structural and 
functional biomarkers of prodromal Alzheimer's disease: A 
high-dimensional pattern classification study," NeuroImage, vol. 41, 
pp. 277-285, 2008. 

[3] C. Davatzikos, Y. Fan, X. Wu, D. Shen, and S. M. Resnick, "Detection 
of prodromal Alzheimer's disease via pattern classification of magnetic 
resonance imaging," Neurobiol Aging, vol. 29, pp. 514-523, 2008. 

[4] B. Magnin, L. Mesrob, S. Kinkingnéhun, M. Pélégrini-Issac, O. Colliot, 
M. Sarazin, B. Dubois, S. Lehéricy, and H. Benali, "Support vector 

https://www.researchgate.net/publication/9056238_Change_in_rates_of_cerebral_atrophy_over_time_in_early-onset_Alzheimer's_disease_Longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/9056238_Change_in_rates_of_cerebral_atrophy_over_time_in_early-onset_Alzheimer's_disease_Longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/9056238_Change_in_rates_of_cerebral_atrophy_over_time_in_early-onset_Alzheimer's_disease_Longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/9056238_Change_in_rates_of_cerebral_atrophy_over_time_in_early-onset_Alzheimer's_disease_Longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5451253_Structural_and_functional_biomarkers_of_prodromal_Alzheimer's_disease_A_high-dimensional_pattern_classification_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5451253_Structural_and_functional_biomarkers_of_prodromal_Alzheimer's_disease_A_high-dimensional_pattern_classification_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5451253_Structural_and_functional_biomarkers_of_prodromal_Alzheimer's_disease_A_high-dimensional_pattern_classification_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5451253_Structural_and_functional_biomarkers_of_prodromal_Alzheimer's_disease_A_high-dimensional_pattern_classification_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6626114_Detection_of_prodromal_Alzheimer's_disease_via_pattern_classification_of_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6626114_Detection_of_prodromal_Alzheimer's_disease_via_pattern_classification_of_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6626114_Detection_of_prodromal_Alzheimer's_disease_via_pattern_classification_of_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/261772139_Multi-Atlas_Based_Representations_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10909999_HAMMER_Hierarchical_attribute_matching_mechanism_for_elastic_registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6806976_Rotation_Forest_A_New_Classifier_Ensemble_Method?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23554907_Diffeomorphic_Demons_Efficient_Non-parametric_Image_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==


0278-0062 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMI.2016.2515021, IEEE
Transactions on Medical Imaging

IEEE Transactions on Medical Imaging 11 

machine-based classification of Alzheimer’s disease from whole-brain 
anatomical MRI," Neuroradiology, vol. 51, pp. 73-83, 2009. 

[5] N. Fox, E. Warrington, P. Freeborough, P. Hartikainen, A. Kennedy, J. 
Stevens, and M. N. Rossor, "Presymptomatic hippocampal atrophy in 
Alzheimer's disease A longitudinal MRI study," Brain, vol. 119, pp. 
2001-2007, 1996. 

[6] G. Chen, B. D. Ward, C. Xie, W. Li, Z. Wu, J. L. Jones, M. Franczak, 
P. Antuono, and S.-J. Li, "Classification of Alzheimer disease, mild 
cognitive impairment, and normal cognitive status with large-scale 
network analysis based on resting-state functional MR imaging," 
Radiology, vol. 259, pp. 213-221, 2011. 

[7] Y. Wang, J. Nie, P.-T. Yap, G. Li, F. Shi, X. Geng, L. Guo, and D. 
Shen, "Knowledge-guided robust MRI brain extraction for diverse 
large-scale neuroimaging studies on humans and non-human primates," 
PloS one, vol. 9, p. e77810, 2014. 

[8] B. C. Dickerson, I. Goncharova, M. Sullivan, C. Forchetti, R. Wilson, 
D. Bennett, L. Beckett, and L. deToledo-Morrell, "MRI-derived 
entorhinal and hippocampal atrophy in incipient and very mild 
Alzheimer’s disease," Neurobiol Aging, vol. 22, pp. 747-754, 2001. 

[9] C. R. Jack, M. A. Bernstein, N. C. Fox, P. Thompson, G. Alexander, D. 
Harvey, B. Borowski, P. J. Britson, J. L Whitwell, C. Ward, A. M. 
Dale, J. P. Felmlee, J. L. Gunter, D. L. G. Hill, R. Killiany, N. Schuff, 
S. Fox-Bosetti, C. Lin, C. Studholme, C. S. DeCarli, G. Krueger, H. A. 
Ward, G. J. Metzger, K. T. Scott, R. Mallozzi, D. Blezek, J. Levy, J. P. 
Debbins, A. S. Fleisher, M. Albert, R. Green, G. Bartzokis, G. Glover, 
J. Mugler, and M. W. Weiner, "The Alzheimer's disease neuroimaging 
initiative (ADNI): MRI methods," J Magn Reson Imaging, vol. 27, pp. 
685-691, 2008. 

[10] S. Duchesne, A. Caroli, C. Geroldi, C. Barillot, G. B. Frisoni, and D. L. 
Collins, "MRI-based automated computer classification of probable AD 
versus normal controls," IEEE Trans Med Imaging, vol. 27, pp. 
509-520, 2008. 

[11] 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 Imaging, vol. 17, pp. 87-97, 1998. 

[12] B. Jie, D. Zhang, C. Y. Wee, and D. Shen, "Topological graph kernel 
on multiple thresholded functional connectivity networks for mild 
cognitive impairment classification," Hum Brain Mapp, vol. 35, pp. 
2876-2897, 2014. 

[13] M. Liu, D. Zhang, and D. Shen, "Hierarchical fusion of features and 
classifier decisions for Alzheimer's disease diagnosis," Hum Brain 
Mapp, vol. 35, pp. 1305-1319, 2014. 

[14] D. Zhang and D. Shen, "Multi-modal multi-task learning for joint 
prediction of multiple regression and classification variables in 
Alzheimer's disease," NeuroImage, vol. 59, pp. 895-907, 2012. 

[15] R. Cuingnet, E. Gerardin, J. Tessieras, G. Auzias, S. Lehéricy, M.-O. 
Habert, M. Chupin, H. Benali, and O. Colliot, "Automatic classification 
of patients with Alzheimer's disease from structural MRI: a comparison 
of ten methods using the ADNI database," NeuroImage, vol. 56, pp. 
766-781, 2011. 

[16] D. Zhang, Y. Wang, L. Zhou, H. Yuan, and D. Shen, "Multimodal 
classification of Alzheimer's disease and mild cognitive impairment," 
NeuroImage, vol. 55, pp. 856-867, 2011. 

[17] R. Min, G. Wu, J. Cheng, Q. Wang, and D. Shen, "Multi-atlas based 
representations for Alzheimer's disease diagnosis," Hum Brain Mapp, 
vol. 35, pp. 5052-5070, 2014. 

[18] J. Koikkalainen, J. Lötjönen, L. Thurfjell, D. Rueckert, G. Waldemar, 
and H. Soininen, "Multi-template tensor-based morphometry: 
Application to analysis of Alzheimer's disease," NeuroImage, vol. 56, 
pp. 1134-1144, 2011. 

[19] N. Leporé, C. Brun, Y.-Y. Chou, A. Lee, M. Barysheva, G. I. De 
Zubicaray, M. Meredith, K. Macmahon, M. Wright, and A. W. Toga, 
"Multi-atlas tensor-based morphometry and its application to a genetic 
study of 92 twins," in Medical Image Computing and 
Computer-Assisted Intervention Workshop on Mathematical 
Foundations of Computational Anatomy, New York, USA, 2008, pp. 
48-55. 

[20] A. Sotiras, C. Davatzikos, and N. Paragios, "Deformable medical image 
registration: A survey," IEEE Trans Med Imaging, vol. 32, pp. 
1153-1190, 2013. 

[21] M. Chung, K. Worsley, T. Paus, C. Cherif, D. Collins, J. Giedd, J. 
Rapoport, and A. Evans, "A unified statistical approach to 
deformation-based morphometry," NeuroImage, vol. 14, pp. 595-606, 
2001. 

[22] X. Hua, D. P. Hibar, C. R. Ching, C. P. Boyle, P. Rajagopalan, B. A. 
Gutman, A. D. Leow, A. W. Toga, C. R. Jack Jr, D. Harvey, M. W. 
Weiner, and P. M. Thompson, "Unbiased tensor-based morphometry: 
Improved robustness and sample size estimates for Alzheimer's disease 
clinical trials," NeuroImage, vol. 66, pp. 648-661, 2013. 

[23] P. M. Thompson, M. S. Mega, R. P. Woods, C. I. Zoumalan, C. J. 
Lindshield, R. E. Blanton, J. Moussai, C. J. Holmes, J. L. Cummings, 
and A. W. Toga, "Cortical change in Alzheimer's disease detected with 
a disease-specific population-based brain atlas," Cereb Cortex, vol. 11, 
pp. 1-16, 2001. 

[24] J. Ashburner and K. J. Friston, "Voxel-based morphometry-the 
methods," NeuroImage, vol. 11, pp. 805-821, 2000. 

[25] C. Gaser, I. Nenadic, B. R. Buchsbaum, E. A. Hazlett, and M. S. 
Buchsbaum, "Deformation-based morphometry and its relation to 
conventional volumetry of brain lateral ventricles in MRI," 
NeuroImage, vol. 13, pp. 1140-1145, 2001. 

[26] J. Joseph, C. Warton, S. W. Jacobson, J. L. Jacobson, C. D. Molteno, A. 
Eicher, P. Marais, O. R. Phillips, K. L. Narr, and E. M. Meintjes, 
"Three-dimensional surface deformation-based shape analysis of 
hippocampus and caudate nucleus in children with fetal alcohol 
spectrum disorders," Hum Brain Mapp, vol. 35, pp. 659-672, 2014. 

[27] A. D. Leow, A. D. Klunder, C. R. Jack Jr, A. W. Toga, A. M. Dale, M. 
A. Bernstein, P. J. Britson, J. L. Gunter, C. P. Ward, and J. L. Whitwell, 
"Longitudinal stability of MRI for mapping brain change using 
tensor-based morphometry," NeuroImage, vol. 31, pp. 627-640, 2006. 

[28] M. Liu, D. Zhang, and D. Shen, "View-centralized multi-atlas 
classification for Alzheimer's disease diagnosis," Hum Brain Mapp, vol. 
36, pp. 1847-1865, 2015. 

[29] R. Min, G. Wu, and D. Shen, "Maximum-margin based representation 
learning from multiple atlases for Alzheimer's disease classification," in 
Medical Image Computing and Computer-Assisted Intervention, 
Boston, USA, 2014. 

[30] R. Wolz, V. Julkunen, J. Koikkalainen, E. Niskanen, D. P. Zhang, D. 
Rueckert, H. Soininen, and J. Lötjönen, "Multi-method analysis of MRI 
images in early diagnostics of Alzheimer's disease," PloS one, vol. 6, p. 
e25446, 2011. 

[31] C.-C. Chang and C.-J. Lin, "LIBSVM: A library for support vector 
machines," ACM Trans Intelligent Systems and Technology, vol. 2, p. 
27, 2011. 

[32] 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 Imaging, vol. 
20, pp. 45-57, 2001. 

[33] M. Jenkinson and S. Smith, "A global optimisation method for robust 
affine registration of brain images," Med Image Anal, vol. 5, pp. 
143-156, 2001. 

[34] U. Noppeney, W. D. Penny, C. J. Price, G. Flandin, and K. J. Friston, 
"Identification of degenerate neuronal systems based on intersubject 
variability," NeuroImage, vol. 30, pp. 885-890, 2006. 

[35] B. J. Frey and D. Dueck, "Clustering by passing messages between data 
points," Science, vol. 315, pp. 972-976, 2007. 

[36] J. P. Pluim, J. A. Maintz, and M. A. Viergever, 
"Mutual-information-based registration of medical images: A survey," 
IEEE Trans Med Imaging, vol. 22, pp. 986-1004, 2003. 

[37] Y. Fan, D. Shen, R. C. Gur, R. E. Gur, and C. Davatzikos, 
"COMPARE: Classification of morphological patterns using adaptive 
regional elements," IEEE Trans Med Imaging, vol. 26, pp. 93-105, 
2007. 

[38] D. Shen and C. Davatzikos, "HAMMER: Hierarchical attribute 
matching mechanism for elastic registration," IEEE Trans Med 
Imaging, vol. 21, pp. 1421-1439, 2002. 

[39] D. Shen and C. Davatzikos, "Very high-resolution morphometry using 
mass-preserving deformations and HAMMER elastic registration," 
NeuroImage, vol. 18, pp. 28-41, 2003. 

[40] L. Vincent and P. Soille, "Watersheds in digital spaces: An efficient 
algorithm based on immersion simulations," IEEE Trans Pattern Anal 
Mach Intell, vol. 13, pp. 583-598, 1991. 

[41] V. Grau, A. Mewes, M. Alcaniz, R. Kikinis, and S. K. Warfield, 
"Improved watershed transform for medical image segmentation using 
prior information," IEEE Trans Med Imaging, vol. 23, pp. 447-458, 
2004. 

[42] A. Argyriou, C. A. Micchelli, M. Pontil, and Y. Ying, "A spectral 
regularization framework for multi-task structure learning," in 
Advances in Neural Information Processing Systems, 2008. 

https://www.researchgate.net/publication/23310655_Support_vector_machine-based_classification_of_Alzheimer's_disease_from_whole-brain_anatomical_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23310655_Support_vector_machine-based_classification_of_Alzheimer's_disease_from_whole-brain_anatomical_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/14198667_Presymptomatic_hippocampal_atrophy_in_Alzheimer's_disease_A_longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/14198667_Presymptomatic_hippocampal_atrophy_in_Alzheimer's_disease_A_longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/14198667_Presymptomatic_hippocampal_atrophy_in_Alzheimer's_disease_A_longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/14198667_Presymptomatic_hippocampal_atrophy_in_Alzheimer's_disease_A_longitudinal_MRI_study?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49768081_Classification_of_Alzheimer_Disease_Mild_Cognitive_Impairment_and_Normal_Cognitive_Status_with_Large-Scale_Network_Analysis_Based_on_Resting-State_Functional_MR_Imaging?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49768081_Classification_of_Alzheimer_Disease_Mild_Cognitive_Impairment_and_Normal_Cognitive_Status_with_Large-Scale_Network_Analysis_Based_on_Resting-State_Functional_MR_Imaging?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49768081_Classification_of_Alzheimer_Disease_Mild_Cognitive_Impairment_and_Normal_Cognitive_Status_with_Large-Scale_Network_Analysis_Based_on_Resting-State_Functional_MR_Imaging?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49768081_Classification_of_Alzheimer_Disease_Mild_Cognitive_Impairment_and_Normal_Cognitive_Status_with_Large-Scale_Network_Analysis_Based_on_Resting-State_Functional_MR_Imaging?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49768081_Classification_of_Alzheimer_Disease_Mild_Cognitive_Impairment_and_Normal_Cognitive_Status_with_Large-Scale_Network_Analysis_Based_on_Resting-State_Functional_MR_Imaging?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/262046097_Knowledge-Guided_Robust_MRI_Brain_Extraction_for_Diverse_Large-Scale_Neuroimaging_Studies_on_Humans_and_Non-Human_Primates?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/262046097_Knowledge-Guided_Robust_MRI_Brain_Extraction_for_Diverse_Large-Scale_Neuroimaging_Studies_on_Humans_and_Non-Human_Primates?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/262046097_Knowledge-Guided_Robust_MRI_Brain_Extraction_for_Diverse_Large-Scale_Neuroimaging_Studies_on_Humans_and_Non-Human_Primates?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/262046097_Knowledge-Guided_Robust_MRI_Brain_Extraction_for_Diverse_Large-Scale_Neuroimaging_Studies_on_Humans_and_Non-Human_Primates?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11648566_MRI-derived_entorhinal_and_hippocampal_atrophy_in_incipient_and_very_mild_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11648566_MRI-derived_entorhinal_and_hippocampal_atrophy_in_incipient_and_very_mild_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11648566_MRI-derived_entorhinal_and_hippocampal_atrophy_in_incipient_and_very_mild_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11648566_MRI-derived_entorhinal_and_hippocampal_atrophy_in_incipient_and_very_mild_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5550680_The_Alzheimer's_Disease_neuroimaging_initiative_ADNI_MRI_methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5462922_MRI-Based_Automated_Computer_Classification_of_Probable_AD_Versus_Normal_Controls?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5462922_MRI-Based_Automated_Computer_Classification_of_Probable_AD_Versus_Normal_Controls?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5462922_MRI-Based_Automated_Computer_Classification_of_Probable_AD_Versus_Normal_Controls?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5462922_MRI-Based_Automated_Computer_Classification_of_Probable_AD_Versus_Normal_Controls?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/284688127_A_nonparametric_method_for_automatic_correction_of_intensity_nonuniformity_in_MRI_data_I?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/284688127_A_nonparametric_method_for_automatic_correction_of_intensity_nonuniformity_in_MRI_data_I?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/284688127_A_nonparametric_method_for_automatic_correction_of_intensity_nonuniformity_in_MRI_data_I?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/256613166_Topological_graph_kernel_on_multiple_thresholded_functional_connectivity_networks_for_mild_cognitive_impairment_classification?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/256613166_Topological_graph_kernel_on_multiple_thresholded_functional_connectivity_networks_for_mild_cognitive_impairment_classification?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/256613166_Topological_graph_kernel_on_multiple_thresholded_functional_connectivity_networks_for_mild_cognitive_impairment_classification?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/256613166_Topological_graph_kernel_on_multiple_thresholded_functional_connectivity_networks_for_mild_cognitive_impairment_classification?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/235649977_Hierarchical_Fusion_of_Features_and_Classifier_Decisions_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/235649977_Hierarchical_Fusion_of_Features_and_Classifier_Decisions_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/235649977_Hierarchical_Fusion_of_Features_and_Classifier_Decisions_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51713200_Erratum_to_multi-modal_multi-task_learning_for_joint_prediction_of_multiple_regression_and_classification_variables_in_Alzheimer's_disease_Neuroimage_592_2012_895-907?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51713200_Erratum_to_multi-modal_multi-task_learning_for_joint_prediction_of_multiple_regression_and_classification_variables_in_Alzheimer's_disease_Neuroimage_592_2012_895-907?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51713200_Erratum_to_multi-modal_multi-task_learning_for_joint_prediction_of_multiple_regression_and_classification_variables_in_Alzheimer's_disease_Neuroimage_592_2012_895-907?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49756745_Multimodal_classification_of_Alzheimer's_Disease_and_mild_cognitive_impairment?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49756745_Multimodal_classification_of_Alzheimer's_Disease_and_mild_cognitive_impairment?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/49756745_Multimodal_classification_of_Alzheimer's_Disease_and_mild_cognitive_impairment?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/261772139_Multi-Atlas_Based_Representations_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/261772139_Multi-Atlas_Based_Representations_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/261772139_Multi-Atlas_Based_Representations_for_Alzheimer's_Disease_Diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/50592876_Multi-template_tensor-based_morphometry_Application_to_analysis_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/50592876_Multi-template_tensor-based_morphometry_Application_to_analysis_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/50592876_Multi-template_tensor-based_morphometry_Application_to_analysis_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/50592876_Multi-template_tensor-based_morphometry_Application_to_analysis_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/43522606_Multi-Atlas_Tensor-Based_Morphometry_and_its_Application_to_a_Genetic_Study_of_92_Twins?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/237059642_Deformable_medical_image_registration_A_survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/237059642_Deformable_medical_image_registration_A_survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/237059642_Deformable_medical_image_registration_A_survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11837824_A_unified_statistical_approach_to_deformation-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12215185_Cortical_Change_in_Alzheimer's_Disease_Detected_with_a_Disease-specific_Population-based_Brain_Atlas?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12215185_Cortical_Change_in_Alzheimer's_Disease_Detected_with_a_Disease-specific_Population-based_Brain_Atlas?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12215185_Cortical_Change_in_Alzheimer's_Disease_Detected_with_a_Disease-specific_Population-based_Brain_Atlas?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12215185_Cortical_Change_in_Alzheimer's_Disease_Detected_with_a_Disease-specific_Population-based_Brain_Atlas?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12215185_Cortical_Change_in_Alzheimer's_Disease_Detected_with_a_Disease-specific_Population-based_Brain_Atlas?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/222659314_Voxel-Based_Morphometry-The_Methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/222659314_Voxel-Based_Morphometry-The_Methods?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11984398_Deformation-Based_Morphometry_and_Its_Relation_to_Conventional_Volumetry_of_Brain_Lateral_Ventricles_in_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11984398_Deformation-Based_Morphometry_and_Its_Relation_to_Conventional_Volumetry_of_Brain_Lateral_Ventricles_in_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11984398_Deformation-Based_Morphometry_and_Its_Relation_to_Conventional_Volumetry_of_Brain_Lateral_Ventricles_in_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11984398_Deformation-Based_Morphometry_and_Its_Relation_to_Conventional_Volumetry_of_Brain_Lateral_Ventricles_in_MRI?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232813272_Three-Dimensional_Surface_Deformation-Based_Shape_Analysis_of_Hippocampus_and_Caudate_Nucleus_in_Children_with_Fetal_Alcohol_Spectrum_Disorders?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232813272_Three-Dimensional_Surface_Deformation-Based_Shape_Analysis_of_Hippocampus_and_Caudate_Nucleus_in_Children_with_Fetal_Alcohol_Spectrum_Disorders?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232813272_Three-Dimensional_Surface_Deformation-Based_Shape_Analysis_of_Hippocampus_and_Caudate_Nucleus_in_Children_with_Fetal_Alcohol_Spectrum_Disorders?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232813272_Three-Dimensional_Surface_Deformation-Based_Shape_Analysis_of_Hippocampus_and_Caudate_Nucleus_in_Children_with_Fetal_Alcohol_Spectrum_Disorders?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232813272_Three-Dimensional_Surface_Deformation-Based_Shape_Analysis_of_Hippocampus_and_Caudate_Nucleus_in_Children_with_Fetal_Alcohol_Spectrum_Disorders?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7295886_Longitudinal_stability_of_MRI_for_mapping_brain_change_using_tensor-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7295886_Longitudinal_stability_of_MRI_for_mapping_brain_change_using_tensor-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7295886_Longitudinal_stability_of_MRI_for_mapping_brain_change_using_tensor-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7295886_Longitudinal_stability_of_MRI_for_mapping_brain_change_using_tensor-based_morphometry?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/271449249_View-centralized_multi-atlas_classification_for_Alzheimer's_disease_diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/271449249_View-centralized_multi-atlas_classification_for_Alzheimer's_disease_diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/271449249_View-centralized_multi-atlas_classification_for_Alzheimer's_disease_diagnosis?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51737729_Multi-Method_Analysis_of_MRI_Images_in_Early_Diagnostics_of_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51737729_Multi-Method_Analysis_of_MRI_Images_in_Early_Diagnostics_of_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51737729_Multi-Method_Analysis_of_MRI_Images_in_Early_Diagnostics_of_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51737729_Multi-Method_Analysis_of_MRI_Images_in_Early_Diagnostics_of_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/228715647_LIBSVM_A_library_for_support_vector_machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/228715647_LIBSVM_A_library_for_support_vector_machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/228715647_LIBSVM_A_library_for_support_vector_machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12039763_Segmentation_of_Brain_MR_Images_through_a_Hidden_Markov_Random_Field_Model_and_the_Expectation_Maximization_Algorithm?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12039763_Segmentation_of_Brain_MR_Images_through_a_Hidden_Markov_Random_Field_Model_and_the_Expectation_Maximization_Algorithm?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12039763_Segmentation_of_Brain_MR_Images_through_a_Hidden_Markov_Random_Field_Model_and_the_Expectation_Maximization_Algorithm?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/12039763_Segmentation_of_Brain_MR_Images_through_a_Hidden_Markov_Random_Field_Model_and_the_Expectation_Maximization_Algorithm?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11828369_Global_optimisation_method_for_robust_affine_registration_of_brain_images?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11828369_Global_optimisation_method_for_robust_affine_registration_of_brain_images?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/11828369_Global_optimisation_method_for_robust_affine_registration_of_brain_images?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7467647_Identification_of_degenerate_neuronal_systems_based_on_intersubject_variability?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7467647_Identification_of_degenerate_neuronal_systems_based_on_intersubject_variability?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/7467647_Identification_of_degenerate_neuronal_systems_based_on_intersubject_variability?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6584052_Clustering_by_Passing_Messages_Between_Data_Points?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6584052_Clustering_by_Passing_Messages_Between_Data_Points?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/3221576_Mutual-Information-Based_Registration_of_Medical_Images_A_Survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/3221576_Mutual-Information-Based_Registration_of_Medical_Images_A_Survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/3221576_Mutual-Information-Based_Registration_of_Medical_Images_A_Survey?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6558791_COMPARE_Classification_of_Morphological_Patterns_Using_Adaptive_Regional_Elements?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6558791_COMPARE_Classification_of_Morphological_Patterns_Using_Adaptive_Regional_Elements?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6558791_COMPARE_Classification_of_Morphological_Patterns_Using_Adaptive_Regional_Elements?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6558791_COMPARE_Classification_of_Morphological_Patterns_Using_Adaptive_Regional_Elements?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10909999_HAMMER_Hierarchical_attribute_matching_mechanism_for_elastic_registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10909999_HAMMER_Hierarchical_attribute_matching_mechanism_for_elastic_registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10909999_HAMMER_Hierarchical_attribute_matching_mechanism_for_elastic_registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10969614_Very_High-Resolution_Morphometry_Using_Mass-Preserving_Deformations_and_HAMMER_Elastic_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10969614_Very_High-Resolution_Morphometry_Using_Mass-Preserving_Deformations_and_HAMMER_Elastic_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/10969614_Very_High-Resolution_Morphometry_Using_Mass-Preserving_Deformations_and_HAMMER_Elastic_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220182043_Watersheds_in_Digital_Spaces_An_Efficient_Algorithm_Based_on_Immersion_Simulations?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220182043_Watersheds_in_Digital_Spaces_An_Efficient_Algorithm_Based_on_Immersion_Simulations?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220182043_Watersheds_in_Digital_Spaces_An_Efficient_Algorithm_Based_on_Immersion_Simulations?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/8619372_Improved_Watershed_Transform_for_Medical_Image_Segmentation_Using_Prior_Information?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/8619372_Improved_Watershed_Transform_for_Medical_Image_Segmentation_Using_Prior_Information?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/8619372_Improved_Watershed_Transform_for_Medical_Image_Segmentation_Using_Prior_Information?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/8619372_Improved_Watershed_Transform_for_Medical_Image_Segmentation_Using_Prior_Information?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618914_A_Spectral_Regularization_Framework_for_Multi-Task_Structure_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618914_A_Spectral_Regularization_Framework_for_Multi-Task_Structure_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618914_A_Spectral_Regularization_Framework_for_Multi-Task_Structure_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==


0278-0062 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMI.2016.2515021, IEEE
Transactions on Medical Imaging

IEEE Transactions on Medical Imaging 12 

[43] R. Caruana, "Multitask learning," Mach Learn, vol. 28, pp. 41-75, 
1997. 

[44] J. Baxter, "A Bayesian/information theoretic model of learning to learn 
via multiple task sampling," Mach Learn, vol. 28, pp. 7-39, 1997. 

[45] J. Liu, S. Ji, and J. Ye, "Multi-task feature learning via efficient 
l2,1-norm minimization," in 25th Conference on Uncertainty in 
Artificial Intelligence, 2009, pp. 339-348. 

[46] M. Lachowicz and D. Wrzosek, "Nonlocal bilinear equations: 
Equilibrium solutions and diffusive limit," Mathematical Models and 
Methods in Applied Sciences, vol. 11, pp. 1393-1409, 2001. 

[47] A. Jalali, S. Sanghavi, C. Ruan, and P. K. Ravikumar, "A dirty model 
for multi-task learning," in Advances in Neural Information Processing 
Systems, 2010, pp. 964-972. 

[48] L. Yuan, Y. Wang, P. M. Thompson, V. A. Narayan, and J. Ye, 
"Multi-source feature learning for joint analysis of incomplete multiple 
heterogeneous neuroimaging data," NeuroImage, vol. 61, pp. 622-632, 
2012. 

[49] Y. Nesterov, "Smooth minimization of non-smooth functions," Math 
Program, vol. 103, pp. 127-152, 2005. 

[50] M. Liu, D. Zhang, D. Shen, and A. s. D. N. Initiative, "Ensemble sparse 
classification of Alzheimer's disease," NeuroImage, vol. 60, pp. 
1106-1116, 2012. 

[51] S. Klöppel, C. M. Stonnington, C. Chu, B. Draganski, R. I. Scahill, J. 
D. Rohrer, N. C. Fox, C. R. Jack, J. Ashburner, and R. S. Frackowiak, 
"Automatic classification of MR scans in Alzheimer's disease," Brain, 
vol. 131, pp. 681-689, 2008. 

[52] C. J. Burges, "A tutorial on support vector machines for pattern 
recognition," Data Min Knowl Disc, vol. 2, pp. 121-167, 1998. 

[53] F. Pereira, T. Mitchell, and M. Botvinick, "Machine learning classifiers 
and fMRI: A tutorial overview," NeuroImage, vol. 45, pp. S199-S209, 
2009. 

[54] I. Guyon, J. Weston, S. Barnhill, and V. Vapnik, "Gene selection for 
cancer classification using support vector machines," Mach Learn, vol. 
46, pp. 389-422, 2002. 

[55] T. Hastie, R. Tibshirani, and J. J. H. Friedman, The elements of 
statistical learning: Springer New York, 2001. 

[56] T. G. Dietterich, "Approximate statistical tests for comparing 
supervised classification learning algorithms," Neural Comput, vol. 10, 
pp. 1895-1923, 1998. 

[57] E. R. DeLong, D. M. DeLong, and D. L. Clarke-Pearson, "Comparing 
the areas under two or more correlated receiver operating characteristic 
curves: A nonparametric approach," Biometrics, pp. 837-845, 1988. 

[58] S. F. Eskildsen, P. Coupé, D. García-Lorenzo, V. Fonov, J. C. 
Pruessner, and D. L. Collins, "Prediction of Alzheimer's disease in 
subjects with mild cognitive impairment from the ADNI cohort using 
patterns of cortical thinning," NeuroImage, vol. 65, pp. 511-521, 2013. 

[59] Y. Cho, J.-K. Seong, Y. Jeong, and S. Y. Shin, "Individual subject 
classification for Alzheimer's disease based on incremental learning 
using a spatial frequency representation of cortical thickness data," 
NeuroImage, vol. 59, pp. 2217-2230, 2012. 

[60] P. Coupé, S. F. Eskildsen, J. V. Manjón, V. S. Fonov, and D. L. 
Collins, "Simultaneous segmentation and grading of anatomical 
structures for patient's classification: application to Alzheimer's 
disease," NeuroImage, vol. 59, pp. 3736-3747, 2012. 

[61] E. Moradi, A. Pepe, C. Gaser, H. Huttunen, and J. Tohka, "Machine 
learning framework for early MRI-based Alzheimer's conversion 
prediction in MCI subjects," NeuroImage, vol. 104, pp. 398-412, 2015. 

[62] C. Gaser, K. Franke, S. Klöppel, N. Koutsouleris, and H. Sauer, 
"BrainAGE in mild cognitive impaired patients: Predicting the 
conversion to Alzheimer’s disease," PloS one, vol. 8, pp. 1-15, 2013. 

[63] J. J. Rodriguez, L. I. Kuncheva, and C. J. Alonso, "Rotation forest: A 
new classifier ensemble method," IEEE Trans Pattern Anal Mach Intell, 
vol. 28, pp. 1619-1630, 2006. 

[64] T. Vercauteren, X. Pennec, A. Perchant, and N. Ayache, 
"Diffeomorphic demons: Efficient non-parametric image registration," 
NeuroImage, vol. 45, pp. S61-S72, 2009. 

[65] E. E. Bron, M. Smits, W. M. van der Flier, H. Vrenken, F. Barkhof, P. 
Scheltens, J. M. Papma, R. M. E. Steketee, C. Méndez Orellana, R. 
Meijboom, M. Pinto, J. R. Meireles, C. Garrett, A. J. Bastos-Leite, A. 
Abdulkadir, O. Ronneberger, N. Amoroso, R. Bellotti, D. 
Cárdenas-Peña, A. M. Álvarez-Meza, C. V. Dolph, K. M. 
Iftekharuddin, S. F. Eskildsen, P. Coupé, V. S. Fonov, K. Franke, C. 
Gaser, C. Ledig, R. Guerrero, T. Tong, K. R. Gray, E. Moradi, J. 
Tohka, A. Routier, S. Durrleman, A. Sarica, G. Di Fatta, F. Sensi, A. 
Chincarini, G. M. Smith, Z. V. Stoyanov, L. Sørensen, M. Nielsen, S. 

Tangaro, P. Inglese, C. Wachinger, M. Reuter, J. C. van Swieten, W. J. 
Niessen, and S. Klein, "Standardized evaluation of algorithms for 
computer-aided diagnosis of dementia based on structural MRI: The 
CADDementia challenge," NeuroImage, vol. 111, pp. 562-579, 2015. 

View publication statsView publication stats

https://www.researchgate.net/publication/220343508_A_BayesianInformation_Theoretic_Model_of_Learning_to_Learn_via_Multiple_Task_Sampling?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220343508_A_BayesianInformation_Theoretic_Model_of_Learning_to_Learn_via_Multiple_Task_Sampling?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224943877_Multi-Task_Feature_Learning_Via_Efficient_l21-Norm_Minimization?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224943877_Multi-Task_Feature_Learning_Via_Efficient_l21-Norm_Minimization?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224943877_Multi-Task_Feature_Learning_Via_Efficient_l21-Norm_Minimization?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/268606159_Nonlocal_bilinear_equations_Equilibrium_solutions_and_diffusive_limit?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/268606159_Nonlocal_bilinear_equations_Equilibrium_solutions_and_diffusive_limit?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/268606159_Nonlocal_bilinear_equations_Equilibrium_solutions_and_diffusive_limit?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618029_A_Dirty_Model_for_Multi-task_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618029_A_Dirty_Model_for_Multi-task_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221618029_A_Dirty_Model_for_Multi-task_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224005196_Multi-source_feature_learning_for_joint_analysis_of_incomplete_multiple_heterogeneous_neuroimaging_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224005196_Multi-source_feature_learning_for_joint_analysis_of_incomplete_multiple_heterogeneous_neuroimaging_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224005196_Multi-source_feature_learning_for_joint_analysis_of_incomplete_multiple_heterogeneous_neuroimaging_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/224005196_Multi-source_feature_learning_for_joint_analysis_of_incomplete_multiple_heterogeneous_neuroimaging_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23948415_Smooth_minimization_of_non-smooth_functions?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23948415_Smooth_minimization_of_non-smooth_functions?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221771009_Ensemble_sparse_classification_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221771009_Ensemble_sparse_classification_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/221771009_Ensemble_sparse_classification_of_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5649657_Automatic_classification_of_MR_scans_in_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5649657_Automatic_classification_of_MR_scans_in_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5649657_Automatic_classification_of_MR_scans_in_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/5649657_Automatic_classification_of_MR_scans_in_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/304425264_A_Tutorial_on_Support_Vector_Machines_for_Pattern_Recognition?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/304425264_A_Tutorial_on_Support_Vector_Machines_for_Pattern_Recognition?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23651574_Machine_learning_classifiers_and_fMRI_A_tutorial_overview?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23651574_Machine_learning_classifiers_and_fMRI_A_tutorial_overview?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23651574_Machine_learning_classifiers_and_fMRI_A_tutorial_overview?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220344030_Gene_Selection_for_Cancer_Classification_Using_Support_Vector_Machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220344030_Gene_Selection_for_Cancer_Classification_Using_Support_Vector_Machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220344030_Gene_Selection_for_Cancer_Classification_Using_Support_Vector_Machines?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/242358078_The_Elements_Of_Statistical_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/242358078_The_Elements_Of_Statistical_Learning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/13540799_Approximate_Statistical_Tests_for_Comparing_Supervised_Classification_Learning_Algorithms?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/13540799_Approximate_Statistical_Tests_for_Comparing_Supervised_Classification_Learning_Algorithms?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/13540799_Approximate_Statistical_Tests_for_Comparing_Supervised_Classification_Learning_Algorithms?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/285787174_Comparing_the_area_under_two_or_more_correlated_receiver_operating_characteristic_curves_A_non-parametric_approach?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/285787174_Comparing_the_area_under_two_or_more_correlated_receiver_operating_characteristic_curves_A_non-parametric_approach?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/285787174_Comparing_the_area_under_two_or_more_correlated_receiver_operating_characteristic_curves_A_non-parametric_approach?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232085997_Prediction_of_Alzheimer's_disease_in_subjects_with_mild_cognitive_impairment_from_the_ADNI_cohort_using_patterns_of_cortical_thinning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232085997_Prediction_of_Alzheimer's_disease_in_subjects_with_mild_cognitive_impairment_from_the_ADNI_cohort_using_patterns_of_cortical_thinning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232085997_Prediction_of_Alzheimer's_disease_in_subjects_with_mild_cognitive_impairment_from_the_ADNI_cohort_using_patterns_of_cortical_thinning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/232085997_Prediction_of_Alzheimer's_disease_in_subjects_with_mild_cognitive_impairment_from_the_ADNI_cohort_using_patterns_of_cortical_thinning?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220465464_Individual_subject_classification_for_Alzheimer's_disease_based_on_incremental_learning_using_a_spatial_frequency_representation_of_cortical_thickness_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220465464_Individual_subject_classification_for_Alzheimer's_disease_based_on_incremental_learning_using_a_spatial_frequency_representation_of_cortical_thickness_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220465464_Individual_subject_classification_for_Alzheimer's_disease_based_on_incremental_learning_using_a_spatial_frequency_representation_of_cortical_thickness_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/220465464_Individual_subject_classification_for_Alzheimer's_disease_based_on_incremental_learning_using_a_spatial_frequency_representation_of_cortical_thickness_data?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51806979_Simultaneous_segmentation_and_grading_of_anatomical_structures_for_patient's_classification_Application_to_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51806979_Simultaneous_segmentation_and_grading_of_anatomical_structures_for_patient's_classification_Application_to_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51806979_Simultaneous_segmentation_and_grading_of_anatomical_structures_for_patient's_classification_Application_to_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/51806979_Simultaneous_segmentation_and_grading_of_anatomical_structures_for_patient's_classification_Application_to_Alzheimer's_disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/266374876_Machine_learning_framework_for_early_MRI-based_Alzheimer's_conversion_prediction_in_MCI_subjects?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/266374876_Machine_learning_framework_for_early_MRI-based_Alzheimer's_conversion_prediction_in_MCI_subjects?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/266374876_Machine_learning_framework_for_early_MRI-based_Alzheimer's_conversion_prediction_in_MCI_subjects?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/242330564_BrainAGE_in_Mild_Cognitive_Impaired_Patients_Predicting_the_Conversion_to_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/242330564_BrainAGE_in_Mild_Cognitive_Impaired_Patients_Predicting_the_Conversion_to_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/242330564_BrainAGE_in_Mild_Cognitive_Impaired_Patients_Predicting_the_Conversion_to_Alzheimer's_Disease?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6806976_Rotation_Forest_A_New_Classifier_Ensemble_Method?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6806976_Rotation_Forest_A_New_Classifier_Ensemble_Method?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/6806976_Rotation_Forest_A_New_Classifier_Ensemble_Method?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23554907_Diffeomorphic_Demons_Efficient_Non-parametric_Image_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23554907_Diffeomorphic_Demons_Efficient_Non-parametric_Image_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/23554907_Diffeomorphic_Demons_Efficient_Non-parametric_Image_Registration?el=1_x_8&enrichId=rgreq-85c918cb5e080aab479e98c1764fc97c-XXX&enrichSource=Y292ZXJQYWdlOzI4OTQ5NTAwMTtBUzozMjE3ODIwOTM5NDI3ODRAMTQ1MzczMDIzNzE0MA==
https://www.researchgate.net/publication/289495001

