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Abstract

In this paper, we propose a fully automated method to individually classify
patients with Alzheimer’s disease (AD) and elderly control subjects based on
anatomical magnetic resonance imaging (MRI).  Our approach relies on the
identification  of  gray  matter  (GM)  atrophy  patterns  using  whole-brain
parcellation into anatomical regions and the extraction of GM characteristics
in these regions. Discriminative features are identified using different feature
selection  (FS)  methods  and used  in  a  Support  Vector  Machine  (SVM)  for
individual  classification.  We  compare  two  different  types  of  parcellations
corresponding to two different levels of anatomical details. We validate our
approach with  two distinct  groups of  subjects:  an initial  cohort  of  16  AD
patients and 15 elderly controls and a second cohort of 17 AD patients and 13
controls. We used the first cohort for training and region selection and the
second cohort for testing and obtained high classification accuracy (90%). 

1 Introduction
Due to aging of the population, Alzheimer’s disease (AD) is increasingly becoming a cru-
cial public health issue [1]. Early detection and diagnosis of AD is an important task which
would enable  more  effective  treatment  of  patients  with  currently  available  medication

© 2008.  The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.



2 MESROB et al:  IDENTIFICATION OF ATROPHY PATTERNS IN ALZHEIMER’S DISEASE BASED
ON SVM FEATURE SELECTION AND ANATOMICAL PARCELLATION

Annals of the BMVA Vol. 2009, No. 7, pp 1−9 (2009)

such as cholinesterase inhibitors [2]. AD is characterized by progressive gray matter (GM)
loss which occurs presymptomatically in some neuroanatomical structures [3]. Thus, mag-
netic resonance imaging (MRI) measurements,  primarily in the GM, could be sensitive
markers of the disease and assist early diagnosis.

MRI studies in AD have demonstrated that volumetry of medial temporal lobe (MTL) ana-
tomical structures, such as the hippocampus, the amygdala and the entorhinal cortex can
be useful in the diagnosis of AD [4-7]. However, in AD, even though atrophy starts in the
MTL, it is not confined to these regions and patients present with a distributed spatial pat-
tern of atrophy. Moreover, MTL atrophy is not specific of AD and is also present in other
forms of dementia. There has thus recently been a growing interest for high-dimensional
classification methods that can combine information from anatomical regions distributed
over the whole brain to discriminate between individual subjects [8-10].

In this paper, we propose a method to automatically discriminate between patients with
AD and elderly control subjects based on Support Vector Machine (SVM) [11] classification
from whole brain anatomical MRI. Our approach is based on a parcellation of the MRI into
different regions in which tissue characteristics are estimated [12]. We compare two differ-
ent types of parcellations corresponding to two different levels of details. We introduce a
feature selection (FS) approach whose aim is to identify regions contributing to the pattern
of atrophy of AD. We perform and compare two different FS methods: an univariate and a
multivariate approach. Moreover, we introduce a bootstrap [13] procedure in order to ob-
tain more robust estimates of the classification results. We validate our approach in two
distinct cohorts of subjects composed of AD patients and elderly healthy controls matched
for age and gender.

2 Method
Our  approach  is  composed  of  the  following  steps.  Individual  MR  images  are  first
parcellated into  anatomical  regions  of  interest  (ROI)  using registration with a  labelled
template  (Section 2.1).  In addition to a  standard parcellation based on the Automated
Anatomical Labeling (AAL) [14], we also propose a refined parcellation which corresponds
to a more specific level of anatomical details (Section 2.2). Tissue characteristics of gray
matter  (GM),  white  matter  (WM)  and  cerebrospinal  fluid  (CSF)  are  then  extracted
separately in each of these ROIs (Section 2.3). The most discriminative regions are then
identified  using  a  univariate  and  a  multivariate  FS  method  (Section  2.4).  Individual
subjects are finally classified using a non-linear SVM (Section 2.5).  Robust estimates of
classification results are obtained using a bootstrap approach. 

2.1 Brain Parcellation into 90 Regions Using AAL
The first parcellation that we propose relies on the AAL introduced by Tzourio-Mazoyer et
al. [14]. MR images were automatically parcellated into 90 anatomical ROI using the spa-
tial  normalization module of SPM2 (Statistical Parametric Mapping, University College
London, UK). The 90 anatomical regions correspond to all cortical structures included in
the AAL atlas except the cerebellum. In the first step, the MRI of each subject was warped
to the Montreal Neurological Institute (MNI) standard space applying affine registration
followed by 16 iterations of nonlinear deformations (linear combination of cosine trans-
form basis functions). The SPM2 default parameters were used. Then, the inverse trans-
formation was applied to warp the anatomical atlas AAL to the individual’s space result-
ing in the parcellation of the original MRI into 90 regions.



MESROB et al:  IDENTIFICATION OF ATROPHY PATTERNS IN ALZHEIMER’S DISEASE BASED
ON SVM FEATURE SELECTION AND ANATOMICAL PARCELLATION 3
Annals of the BMVA Vol. 2009, No. 7, pp 1−9 (2009)

2.2 Refined Brain Parcellation into 487 Regions
The AAL atlas provides an anatomical driven parcellation. However, certain structures are
very large compared to others. Early AD is characterized by local alterations in some sens-
itive regions such as the hippocampus and medial temporal lobe. These early changes, rel-
atively well identified in group voxel-based analyses, could go undetected when extract-
ing parameters from a too large region. The effect of the local damage is then “diluted”
and is not revealed at the scale of the whole region. It is thus of interest to assess whether a
refined parcellation would provide increased sensitivity to subtle alterations.

To address this issue, we propose a refinement of the AAL atlas with the two following
constraints: 1) the volume of the new regions should not be less than that of the smallest
structure in the AAL, namely the amygdala, (250 voxels with voxel size=2x2x2 mm3) and
2) the presence of the three brain tissues (GM, WM and CSF) should be preserved in the
new structures. The first constraint led to the subdivision of 80 from the 90 ROI into 477
smaller regions. Thus, the new atlas contained 487 ROI (Figure 1). The second constraint
was necessary to ensure good separation of the Gaussian models, i.e. the correct parameter
extraction (see Section 2.3). To that purpose, we aimed at subdividing the regions follow-
ing the plan that was approximately orthogonal to the cortical surface. Anatomical struc-
tures in the anterior and posterior portions of the brain were divided in sub regions fol-
lowing the inferosuperior direction, whereas structures in the superior and lateral portions
were parcellated following the anteroposterior direction. This algorithm is an approxima-
tion of the theoretical one which should subdivide the regions orthogonally to the cortical
surface, in order to be sure to keep voxels from the three tissues in each ROI.

Figure 1: Regions of AAL parcellation (left panel) and refined parcellation (right panel)
illustrated on the same sagittal slice (+19.5 mm) of the MNI structural template.

2.3 Parameter Extraction
Local tissue parameter extraction was performed in each ROI using a Gaussian Mixture
Model (GMM) where Gaussians describe the voxel intensity distribution of the three brain
tissues: GM, WM and CSF [12]. The first Gaussian corresponds to the CSF, the second to
the GM and the third to the WM. This Gaussian mixture can be represented as:

α1* Ν (µ1, σ1
2) + α2 * Ν (μ2, σ2

2) + α3 * Ν (μ3, σ3
2), where α1 + α2 + α3 = 1

where αi is the weight coefficient, μi the mean, and σi the standard deviation of each Gaus-
sian.

These parameters were estimated with the Expectation Maximization (EM) algorithm [15].
The weighted ratio  α2*μ2/σ2 between the mean and the standard deviation of  the GM
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Gaussian was used for the subjects’ classification. The feature vector for each subject was
thus constituted by the weighted ratio for each of the 90 regions.

2.4 Feature Selection
The aim of this step is to identify the most relevant features (or parameters) for the classi-
fication. We performed a univariate FS approach. The discriminating power of the feature
parameter in each ROI was assessed by using a two-sample t-test. The probability distribu-
tion was generated by using a bootstrap method, working with the null hypothesis H0 that
there is no difference between the two groups of subjects. To obtain a good estimation of
the  p value of the  t-test, we performed the method with a large number of resamplings
(5000). According to the p value, we determined the significance of the t-test for each ROI.
Thus, the most significantly different ROIs  (p<10-2) were selected as being the most relev-
ant for the discrimination.

We also performed a multivariate FS approach based on the SVM-Recursive Feature Elim-
ination  (SVM-RFE)  [16]  algorithm.  The  algorithm  estimates  at  each  step  the  features’
weights (using linear SVM) and rejects the features with the least weights keeping in the
end the most relevant features. In order to determine the optimal number of features to se-
lect, we applied recursively the SVM-RFE eliminating at each iteration only one feature
and calculating the classification accuracy of the selected ones. To obtain a more robust  FS,
we embedded a bootstrap with 500 resamplings in this procedure. To this purpose, we
drew without replacement approximately 75% of each group to obtain a training set. The
remaining 25% were used as a test set. The procedure was repeated 500 times. We thus ob-
tained the correct classification rate for the 500 drawings. Thus, for each level correspond-
ing to the number of selected features,  the eliminated feature was the most frequently
chosen one within the different resamplings and the cross-validation (CV) error was estim-
ated as the mean of the 500 samples’ CV errors. The level with the least CV error gave the
optimal number of features and the set of the selected features.

In our application, the selected features correspond to MRI measurements in anatomical
structures. The parameters extraction being based on the GM distribution in the ROI, we
hypothesize that the FS step will identify brain structures altered by the neurodegenerative
pathology.

2.5 Classification Method
Subjects’ classification was performed using nonlinear SVM [11] with radial basis function
(RBF) kernel.  To obtain robust estimates of the classification accuracy, a bootstrap with
5000 resamplings was added in the learning and cross-validation steps. Bootstrap is a gen-
eralization of the leave one out (LOO) method. The large number of samples insures that
every subject’s data have participated in the cross-validation step. Here again, we drew
without replacement approximately 75% of each group to obtain a training set and the re-
maining 25% were used as a test set. Accuracy was evaluated for every subset of data and
global accuracy was evaluated as the mean of the 5000 resamplings.

The optimal values of the two SVM parameters - γ (width of the RBF) and C (error/trade-
off parameter), were determined using a grid search. Using the bootstrap procedure for
training and test  selection,  we performed classifications for the MRI dataset  with (γ,C)
varying along a grid, with a search range of [2-5 , 210] for C and [2-10 , 25] for γ. The value of
(γ,C) that gave the best classification accuracy was then used to build the classifier.
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3 Experiments and Results

3.1 Validation Data
The validation of the algorithm was performed using two different cohorts which were
parts of two distinct studies. AD patients fulfill the National Institute of Neurological and
Communication Disorders and Stroke/AD and Related Disorders Association criteria for
probable AD [17]. The initial cohort (Cohort 1) included 15 AD patients (mean age±stand-
ard deviation (SD)=70.2±6,  mini-mental  score (MMS)=23.6±2.5,  five males,  ten females)
and  16  elderly  healthy  controls  (age=71.0±4,  MMS=29.0±1,  six  males,  ten  females).  A
second cohort (Cohort 2) included 17 AD patients (age=74.5±5, MMS=23.6±2, five males,
twelve females) and 13 controls (age=70.0±7, MMS=28.3±1.4, four males, nine females). Pa-
tients were recruited at the Research and Resource Memory Center of the Pitié-Salpêtrière
hospital. The local ethics committee approved the study and written informed consent was
obtained from all participants. In each subject, a T1-weighted volume MRI scan was ac-
quired  using  the  spoiled  gradient  echo  sequence  (SPGR)  (TR/TE/flip  angle:
23ms/5ms/35°, 256×256 matrix; voxel size=0.859x0.859x1.5mm3) on a 1.5T scanner (Gener-
al Electric, Milwaukee, WI, USA).

3.2 Cross-Validation Results with Initial Cohort
The univariate FS method was performed with the original 90 ROI atlas and identified 18
ROIs with p value less than 10-2. The most significant ROIs included regions classically af-
fected in AD, such as the hippocampus or the parahippocampal gyrus.

Univariate ROIs selection
ROI’s name in AAL atlas

Multivariate  ROIs selection
ROI’s name in AAL atlas

ParaHippocampal_R Frontal_Sup_Orb_L
Frontal_Sup_Orb_L Frontal_Mid_R
Calcarine_L Supp_Motor_Area_L
Hippocampus_L Hippocampus_L
Frontal_Mid_R ParaHippocampal_L
Temporal_Sup_R ParaHippocampal_R
Cingulum_Mid_R Calcarine_L
ParaHippocampal_L Fusiform_R
Rectus_L Putamen_R
Frontal_Inf_Orb_R Temporal_Pole_Sup_L
Temporal_Pole_Mid_R Temporal_Pole_Sup_R
Frontal_Mid_Orb_R Temporal_Inf_L
Rectus_R
Frontal_Sup_Orb_R
Occipital_Inf_R
Parietal_Inf_R
Occipital_Inf_R
Cingulum_Mid_R

Table 1 : Univariate and multivariate AAL’s ROIs selection. In bold the ROIs se-
lected by both algorithms.

The SVM-RFE algorithm identified 12 regions from the original 90 ROI atlas and 43 regions
from the refined 487 ROI atlas as being the most relevant for the discrimination. The value
of (γ,C) was set to (0.870551, 2.639016). Selected regions included (but not only) the hippo-
campus, the parahippocampal gyrus, the precuneus, the calcarine, the posterior cingulate
gyrus, the inferior and the polar temporal regions (Figure 2). Interestingly, the set of selec-
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ted regions with the multivariate approach included some regions that were estimated as
non significantly different using the two-sample T test (see Table 1). 

Figure 2: Some selected regions with the SVM-RFE algorithm from the AAL atlas (left pan-
el) and from the refined atlas (right panel) illustrated on the MNI structural template. 

The results from the following classification experiments are summarized in Table 2:
- to assess the added value of our local tissue segmentation method, we compared

the results obtained with the features extracted from the EM algorithm (α*μ/σ in
each region) to those obtained with the mean GM concentration in each region i.e.
the mean probability of the voxels to belong to the GM given by the standard tissue
segmentation procedure in SPM2;

- we compared the results obtained using the original 90 ROI parcellation to those
obtained using the refined 487 ROI parcellation;

- we compared the results obtained using all regions to those obtained using only
the regions selected by the univariate or the multivariate FS methods. 

MRI
measurement

Nb features Parcellation
Type

Specificity
(%)

Sensitivity
(%)

Accuracy
(%)

GM concentration 90 Original 90 ROI 66.1 65.8 66.0
GM α*µ /σ 90 Original 90 ROI 74.3 78.7 76.5
GM α*µ /σ 18 Original univariate 90 ROI 87.0 73.4 80.2
GM α*µ /σ 12 Original multivariate 90 ROI 98.8 99.0 98.9
GM α*µ /σ 487 Refined 487 ROI 66.0 53.6 59.8
GM α*µ /σ 43 Refined 487 ROI 99.8 99.9 99.9

Table 2: Classification results obtained for Cohort 1 with different MRI measurements,
different number of features and different types of parcellations.

3.3 Evaluation on Data from Another Cohort
In Cohort 1, the SVM-RFE algorithm allowed achieving very good classification results
(close to 100%). However, it is unclear whether the selected regions are representative of
the atrophy distribution in AD or if they are specific to this particular group of subjects. In
other words, it is necessary to assess the generalization ability of the FS step. To that pur-
pose, we used the regions selected from Cohort 1 to discriminate subjects from Cohort 2.
Classification accuracy was assessed by performing cross validation with Cohort 2 and
inter-cohort validation, where Cohort 1 was used as a training dataset and Cohort 2 as a
test dataset. This was done with both the 12 regions selected from the original 90 ROI par-
cellation and the 43 regions selected from the refined 487 ROI parcellation. The results are
presented in Table 3.

MRI
measurement

Nb
features

Parcellation
type

Training
dataset

Specificity
(%)

Sensitivity
(%)

Accuracy
(%)
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GM α*µ /σ 12 90 ROI Cohort 1 96.0 84.3 90.2
GM α*µ /σ 12 90 ROI Cohort 2 88.6 93.7 91.1
GM α*µ /σ 43 487 ROI Cohort 1 62.3 85.9 74.1
GM α*µ /σ 43 487 ROI Cohort 2 80.9 84.0 82.5

Table 3: Classification results obtained for Cohort 2 when performing FS on Cohort 1 and
SVM training with different datasets.

4 Discussion and Conclusion
In this paper, we proposed a method to discriminate between patients with AD and eld-
erly controls based on SVM classification, whole-brain anatomical parcellation and differ-
ent FS approaches.

In order to derive an index of local brain atrophy, we estimated tissue characteristics in
each of the parcelled regions. This index provided a good discrimination between patients
and controls, indicating that it is a sensitive marker of early AD. In particular, it proved su-
perior to a standard measurement of GM concentration (76.5% instead of 66%).

We introduced two FS approaches: a univariate approach based on the two-sample t test
and a multivariate approach based on the SVM-RFE algorithm. Though the selection was
data driven and not based on prior knowledge, both methods selected regions known to
be  early  altered  in  the  degenerative  disease  such  as  the  hippocampus,  the
parahippocampal gyrus, the precuneus and the temporal lobes. The FS provided increased
classification accuracy on Cohort 1, slightly with the univariate approach (80.2% instead of
76.5%) and more importantly with the multivariate one (98.9% instead of 76.5%). Thus, the
best  classification results  were  obtained with the multivariate  FS  method.  Most  of  the
regions selected with the SVM-RFE algorithm were significantly different (p<10-2) between
AD patients and controls but some were not. Thus, identifying a discriminating subset of
features seems to be more robust and relevant for the classification than combining the
most  discriminating  features  identified  with  the  univariate  FS  approach.  The fact  that
some  regions  selected  with  the  SVM-RFE  algorithm  were  not  significantly  different
between  AD  and  control  emphasized  the  importance  of  the  pattern  of  lesion  in  the
discrimination of the two groups. It should be noted that the added value of the FS step
might  be  accentuated  by  the  fact  that  the  subjects  groups  were  relatively  small.
Importantly,  results  showed  a  good  generalization  ability  of  this  FS  step  as  a  high
classification accuracy was maintained when using a different cohort for validation (>90%)
while  using  the  regions  selected  from  the  initial  one.  Moreover,  good  classification
accuracy was achieved in both inter-cohort and cross validations. This suggests that the
selected regions are representative of the pattern of atrophy in AD.

We proposed a refined brain parcellation whose aim was to divide the large regions of the
AAL atlas into smaller sub regions whilst preserving the presence of the three brain tis-
sues.  Our purpose was to assess whether a refined parcellation would allow detecting
more subtle alterations of the gray matter. While this refined parcellation provided good
classification results on Cohort 1 (when combined with the FS step), this was not the case
for  the  inter-cohort  validation  where  the  classification  accuracy  dropped  to  74%.  This
seems to indicate that the selected regions of the refined atlas do not have good generaliza-
tion ability and are rather specific of the cohort which has been used for selection.

It can be noticed that the refinement process lead to a drop of the accuracy when the ROIs
were not selected (see Table 2). This can be explained by the size of the NAAL’s ROIs.
Some ROIs may be too small regarding the pathology. Since the pathology does not pro-
gress linearly in each ROI, some ROIs may be randomly affected. There might also be
some problems due to the sub-division process which does not leave tissues in each of the
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ROI, leading to a bad parameter extraction and thus to low accuracy. But after refinement,
a selection of the best subdivided and/or systematically involved ROIs is done which im-
proves the classification. 

We chose to keep two separated cohorts in order to provide a completely unbiased evalu-
ation of the classification. However, this resulted in smaller validation groups. Future val-
idations on larger groups such as the ADNI data-set (www.loni.ucla.edu/ADNI) are re-
quired to confirm the results of the present study. Another interesting investigation would
be the prognosis power of AD given cases of mild cognitive impairment (MCI).

Recently, several groups have used SVM classification to discriminate between patients
with AD and elderly controls based on whole-brain anatomical MRI. Klöppel et al.  [8]
achieved 92%-95% accuracy on AD patients with average MMS of about 16 but the result
dropped to 81% when considering more early patients (mean MMS equal to 23.5). Vemuri
et al. [9] obtained about 89% accuracy when combining MR data with demographical and
genetic  information  (median  MMS  between  20  and  22).  Fan  et  al.  [10]  achieved  94%
accuracy between AD patients and controls (mean MMS equal to 23). Our best inter-cohort
validation results reached 90.2% accuracy. Our method differentiated from these studies on
application of SVM on fMRI images [18] using bootstrap procedure in order to obtain more
robust  estimates  of  the  classification.  The features  themselves  are  different  from other
studies, since they are not sets of voxels or a mean of a signal but characteristics of the grey
matter distribution.

In conclusion, we have introduced a method to automatically discriminate between pa-
tients with AD and elderly controls. Using separate learning and test datasets, we obtained
high classification accuracy. This new approach has potential to become a useful tool to as-
sist in the early diagnosis of AD.
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