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Abstract. Here, we examine morphological changes in cortical thickness of patients with Alzheimer’s disease (AD) using image
analysis algorithms for brain structure segmentation and study automatic classification of AD patients using cortical and volumetric
data. Cortical thickness of AD patients (n = 14) was measured using MRI cortical surface-based analysis and compared with
healthy subjects (n = 20). Data was analyzed using an automated algorithm for tissue segmentation and classification. A Support
Vector Machine (SVM) was applied over the volumetric measurements of subcortical and cortical structures to separate AD
patients from controls. The group analysis showed cortical thickness reduction in the superior temporal lobe, parahippocampal
gyrus, and enthorhinal cortex in both hemispheres. We also found cortical thinning in the isthmus of cingulate gyrus and middle
temporal gyrus at the right hemisphere, as well as a reduction of the cortical mantle in areas previously shown to be associated with
AD. We also confirmed that automatic classification algorithms (SVM) could be helpful to distinguish AD patients from healthy
controls. Moreover, the same areas implicated in the pathogenesis of AD were the main parameters driving the classification
algorithm. While the patient sample used in this study was relatively small, we expect that using a database of regional volumes
derived from MRI scans of a large number of subjects will increase the SVM power of AD patient identification.
Keywords: Alzheimer’s disease, FreeSurfer, magnetic resonance imaging, support vector machine, surface based methods

INTRODUCTION
Alzheimer’s disease (AD) is the most prevalent cause
of dementia in elderly people [1]. In the last two
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decades, the comprehension of the underlying mechanisms of elderly dementia and AD have been enlightened by evidence emerging from different research
fields, perhaps with more contribution arising from neuropathology, genetics [2], and neuroimaging [3] data.
Current literature from neuropathology and neuroimaging studies shows evidence that common changes
can be found in AD patients, but unfortunately, these
are neither specific nor diagnostic at an individual level.
The most celebrated anatomical finding is a volumetric
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reduction in the hippocampal formation and parahippocampal gyrus [4,5]. However, in earlier stages of
the disease, there is no evidence that this finding can
be used as a diagnostic criterion. Rather, volumetric
assessment of the hippocampal formation seems to be
more specific at an individual level when analyzing
temporal progression [6]. Imaging data can provide
insights of how the disease progresses in time at each
brain structure from a macroscopic viewpoint.
The high variability of AD phenotypes, a broad range
of clinical presentations, and the role of cognitive reserve in disease progression are confounding factors in
creating a generic neuroimaging criterion for AD diagnosis. A promising approach is to study groups of
AD patients showing common patterns (old age, mild
cognitive impairment, high education, apolipoprotein
E (ApoE) ε4 carriers, etc.) in order to access the power
of specific techniques in differentiating patients from
healthy volunteers – then proceed with further steps to
design diagnostic tests that can be applied in all types
of AD patients.
Some studies have explored artificial intelligence and
machine learning methods to detect cerebral changes
and discriminate normal aging from AD [7–11]. This
marker (obtained from MRI data alone) is neither fully
conclusive nor predictive of the outcome, in spite of
the frequently reported correlation between cerebral
atrophy and symptoms. Nevertheless, some studies
showed that machine learning methods are a reliable
tool for indicating the presence of probable AD, even
compared to conventional radiological analysis [12].
However, new methods for early detection and early estimation of treatment outcome are needed [13] as
specific treatment drugs for dementia aimed to delay
the progression of disease (in terms of brain degeneration effects) [1,14] are emerging on a daily basis. Perhaps the combination between surrogate markers (laboratory, genetic, and quantitative neuroimaging data)
with automated classification algorithms may play an
important role in detecting subtle changes preceding
AD clinical manifestations.
Support vector machines (SVM) are a broad term to
refer to a group of supervised learning methods that
tries to maximize the distance of a hyperplane or hypersurface separating two classes [15]. Machine learning
techniques have been applied in several science fields,
including neuroscience [16,17]. SVM allows classification of both linear and non-linear separable data. It
has been used to detect AD using mostly voxel-based
morphometry (VBM) and sometimes VBM with auxiliary data (ApoE ε4 mutation, PET) [8,10]. One study

used SVM in conjunction with surface based analysis
to separate AD patients from healthy controls [11], and
another recent study used the same technique to classify
AD using cortical parcelation data [18].
In this study, our aim is to: 1) use surface based morphometry techniques to study cortical thickness differences between healthy controls and AD patients; 2) use
SVM classifiers based on parameters extracted from
MR images to separate patients with AD from healthy
controls; and 3) compare this multivariate method with
a single variable classifier.

MATERIAL AND METHODS
Study groups
Fourteen patients with AD from an outpatient unit in
the city of São Paulo, Brazil (Department of Psychiatry, University of São Paulo) were interviewed with the
Cambridge Mental Disorders of the Elderly Examination (CAMDEX) [19]. All met NINDS/ADRDA criteria for probable AD [20]. They also passed screening laboratory examinations including complete blood
count; liver, renal, and thyroid function tests; and Vitamin B12 and folate levels. The exclusion criteria included positive syphilis serology, a Hachinski Ischemic
score  4, Parkinson’s disease, non-neuroleptic induced Parkinson-like syndrome, hyperthyroidism, hyperparathyroidism, diabetes mellitus, other psychiatric
disorders (schizophrenia, obsessive compulsive disorder), claustrophobia, chronic use of neuroleptics, and
previous use of cholinesterase inhibitor. The same exclusion criteria were used to select a control group of
normal elderly subjects (n = 20). They were free
of symptoms suggestive of physical or mental disorder based on the CAMDEX interview, general medical
questioning, and physical and neurological examination.
The overall severity of cognitive impairment was
rated with the Mini-Mental State Examination (MMSE)
[21]. The average MMSE in patients was 21.5 ± 2.27
and in the control group average MMSE was 27.9 ±
1.44. The average onset time of the symptoms in AD
group was 22.5 ± 11.4 months. Further details are
shown in Table 1.
MRI acquisition
Images were acquired using a 1.5T GE Horizon LX
8.3 scanner (General Electric Medical Systems, Mil-
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Table 1
Clinical, demographic and neuropsychological characteristics of AD subjects (n = 14) and healthy controls (n = 20). Age (p =
0.027)
Code
ALZ01
ALZ02
ALZ03
ALZ04
ALZ05
ALZ06
ALZ07
ALZ08
ALZ09
ALZ10
ALZ11
ALZ12
ALZ13
ALZ14
CTL01
CTL02
CTL03
CTL04
CTL05
CTL06
CTL07
CTL08
CTL09
CTL10
CTL11
CTL12
CTL13
CTL14
CTL15
CTL16
CTL17
CTL18
CTL19
CTL20

Gender
M
F
F
M
F
M
M
F
F
F
M
F
M
M
F
F
F
M
M
F
F
M
F
M
M
M
M
M
M
F
F
F
F
F

Age
78
77
70
68
80
74
77
76
76
74
84
79
79
75
80
74
75
76
76
72
70
80
68
71
75
75
68
73
75
74
75
66
66
70

Diagnosis
AD
AD
AD
AD
AD
AD
AD
AD
AD
AD
AD
AD
AD
AD
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL
CTL

Education (years)
17
12
4
9
4
10
4
4
8
4
7
12
9
4
8
4
15
11
4
16
5
4
8
16
8
4
11
11
4
16
15
16
15
4

Family history for AD
N
N
N
S
N
N
N
N
N
S
N
S
N
S
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N

MMSE
24
26
19
21
20
21
22
22
21
18
24
24
21
19
28
28
27
28
26
29
26
26
29
29
27
25
30
29
27
29
29
30
29
27

Symptom onset (months)
28
12
24
36
12
36
24
18
18
24
8
18
10
48
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

M – male F – female; AD – Alzheimer’s disease, CTL – Control; N – Not present; Y – Present; N/A – Not applicable.

waukee). A series of contiguous 1.6 mm thick coronal images across the entire brain were acquired, using
a T1-weighted fast field echo sequence (TE = 9 ms,
TR = 27 ms, flip angle = 30 ◦ , field of view = 240 mm,
256 × 256 matrix), acquired perpendicular to the main
temporal axis.
Image analysis
Cortical reconstruction and volumetric segmentation
was performed with the FreeSurfer image analysis suite
(version 4.3.0), which is documented and freely available for download online (http://surfer.nmr.mgh.harvard.
edu/). The technical details of these procedures are
described in previous publications [22–28]. Briefly,
this processing includes removal of non-brain tissue
using a hybrid watershed/surface deformation procedure [29], automated Talairach transformation, segmentation of the subcortical white matter and deep gray

matter volumetric structures (including hippocampus,
amygdala, caudate, putamen, ventricles) [26,27], intensity normalization [30], tessellation of the gray matter white matter boundary, automated topology correction [28,31], and surface deformation following intensity gradients to optimally place the gray/white and
gray/cerebrospinal fluid (CSF) borders at the location
where the greatest shift in intensity defines the transition to the other tissue class [22,23].
Once the cortical models are complete, a number of
deformable procedures can be performed for further
data processing and analysis including surface inflation [24]; registration to a spherical atlas which utilized
individual cortical folding patterns to match cortical
geometry across subjects [32]; parcellation of the cerebral cortex into units based on gyral and sulcal structure [25,33]; and creation of a variety of surface based
data including maps of curvature and sulcal depth.

1266

P.P.M. Oliveira Jr. et al. / SVM Methods with MRI Measurements to Detect AD

This method uses both intensity and continuity information from the entire three dimensional MR volume in
segmentation and deformation procedures to produce
representations of cortical thickness, calculated as the
closest distance from the gray/white boundary to the
gray/CSF boundary at each vertex on the tessellated
surface [22]. The maps are created using spatial intensity gradients across tissue classes and are therefore not
simply reliant on absolute signal intensity. The maps
produced are not restricted to the voxel resolution of
the original data thus are capable of detecting submillimeter differences between groups. Procedures for the
measurement of cortical thickness have been validated
against histological analysis [34] and manual measurements [35,36]. FreeSurfer morphometric procedures
have been demonstrated to show good test-retest reliability across scanner manufacturers and across field
strengths [37].
Statistical analysis
Step 1: The group analysis of cortical thickness was
performed using mri glmfit from FreeSurfer, using a
general linear model over a common spherical coordinate system [32] to produce a surface map of cortical thickness difference comparing controls and AD
patients. We do not use this step for classification but
to visualize where the cortex of AD patients is thinner
than controls.
Step 2: The volume measurement of cortical and
subcortical structures obtained from FreeSurfer was
used to train a multivariate classifier: a support vector
machine (SVM) using a radial basis function (RBF)
kernel [k (x, x’) = exp (γ|x-x’| 2)].
Cost and γ, for the RBF were estimated using the
grid-search algorithm: pairs of (Cost, γ) are tried and
the one producing the best cross-validation accuracy is
chosen [38].
Step 3: The training step was used to detect and
remove the volume structures not relevant to discriminate patients with AD from controls. This feature selection, over volumetric measures, was performed in a
software developed by one of the authors [PPM] using
LibSVM [38]. The software executes the following
procedure:
1. To train SVM using all features: (Volume of 45
areas, each volume is a feature)
2. Compute cross validation leave-one-out accuracy
for step 1.
3. From the 45 areas, eliminate the features whose
F-Score is lower than 10% of the largest F-Score.

4. For each of all combination of the remaining areas
execute:
a. To train the SVM using only the subset of the
combination’s features
b. Compute cross validation leave-one-out for
step 3a
c. Save the feature subset if the value of 3b is
equal the value of step 2 and the number of
features is smaller than previously obtained.
Step 4: A ROC curve for the volume of each individual brain structure was constructed to verify whether a
multivariate classifier was needed.

RESULTS
The group analysis of cortical thickness among patients with AD and the healthy aged-matched control
group showed areas of cortical reduction (p < 0.01,
corrected for multiple comparisons with false discovery rate) in the superior temporal lobe, parahippocampal gyrus, and enthorrinal cortex in both hemispheres.
In the right hemisphere, we also found the reduction in
isthmus of cingulate gyrus and middle temporal gyrus.
In both hemispheres, there is a small area of cortical
thinning in AD patients in superior frontal lobe (Fig. 1).
The volume from the 45 brain areas calculated with
FreeSurfer automatic segmentation and volume estimation (Table 2) has been used as an input to train a SVM
with RBF kernel (γ = 0.0078125 and Cost=8.0). This
technique produced a discriminating power of 88.2%
[CI95% ; 72.5%–96.7%] (Sensitivity=92.8% [CI 95% ;
66.1%–99.8%], Specificity=85.0% [CI 95% ; 62.1%–
96.8%]) using cross validation with leave-one-out.
When analyzing the classification provided by each
of the 45 areas alone, left and right hippocampi, as
well as overall cortical thickness were the most relevant features, to classification using ROC areas. Nevertheless, SVM outperforms the classification produced
from each feature alone (Fig. 2).
The feature selection in the SVM revealed areas relevant to discriminate AD patients and normal controls
comprising anterior and posterior corpus callosum volume, left and right hippocampus, right lateral ventricular horn size, and right gray matter volume (Table 3).
The scatter plot matrix showing from this multidimensional data shows a variable power for each parameter contributing to the classification, as well as
individual patients and groups produced (Fig. 3).
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Fig. 1. Comparison of cortical thickness of patients with AD versus healthy elderly controls using age as a covariate. Left and right hemisphere
of group analysis showing thinning in AD patients are displayed in Lateral (L) and Medial (M) views. Colors are mapped to p-values using the
color scale attached.

Fig. 2. ROC (receiver operating characteristic). Curve of the variables used in SVM classification showing that the multivariate classifier used
has more accurate results than using any of the variables alone. SVM ROC has been created with distinct trainings using distinct weights in the
cost function.
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Table 2
Volumetric Structures used in the SVM classification model
Right Cerebellum White Matter
Right choroid plexus
Left Amygdala
Left Cerebellum White Matter
Right Thalamus Proper
Right Pallidum
Left Ventral Diencephalon
Right Accumbens area
Right Cerebral White Matter
Corpus CallosumMedial Posterior
Right Lateral Ventricular Horn
Corpus Callosum Central
Brain Stem
Right Hippocampus
Right Caudate
Corpus Callosum Posterior
Corpus Callosum Anterior
Right Lateral Ventricle
Left Hippocampus
Left Pallidum
3rd Ventricle

Right Ventral Diencephalon
Left Putamen
Left Cerebral White Matter
Corpus Callosum Medial Anterior
Right Putamen
Left Accumbens area
Right Amygdala
Left Thalamus Proper
Left Cerebellum Cortex
Left Lateral Ventricle
Right Cerebellum Cortex
Left vessel
Left choroid plexus
Left Caudate
Left Lateral Ventricular Horn
Left Cerebral Cortex
Right Cerebral Cortex
Right vessel
Optic Chiasm
4th Ventricle
5th Ventricle

Table 3
Volumetric Structures useful to SVM prediction, ordered by importance in SVM model
Anatomic region
Right Lateral Ventricular Horn
Left Hippocampus
Right Hippocampus
Left Cerebral Cortex
Right Cerebral Cortex
Corpus Callosum Posterior
Corpus Callosum Anterior

Volume patients (mm3 )
1360 mm3 ± 989
2581 mm3 ± 499
2862 mm3 ± 615
194093 mm3 ± 14 × 103
193095 mm3 ± 12 × 103
1771 mm3 ± 72.03
596 mm3 ± 87.42

DISCUSSION
We show that a group of patients with AD compared
to a matched population have a reduction in cortical
thickness when analyzing MRI data using a surface
based method. The cortical surface analysis findings
in our AD sample replicate previous reports in the neuroimaging literature [4,39–41]. The cortical thinning
in temporal, limbic, and enthorrinal cortex confirms the
previous literature on cortical thickness analysis and
surface based volumetric analysis of AD [40,41]. In addition, the findings in AD with mild to moderate impairment or recent onset [4,39] regarding cortical volume
decrease occurring centered on medial temporal lobes,
are confirmed in this study. However, our results have
some differences from previous reports: parietal cortex
did not show significant thinning in AD compared to
controls, and the right brain hemisphere showed more
alteration both in surface based and volumetric measurement techniques. We have also shown that the
SVM analysis showed a good performance to classify

Volume control (mm3 )
570 mm3 ± 267
3271 mm3 ± 452
3596 mm3 ± 508
212592 mm3 ± 19 × 103
212620 mm3 ± 19 × 103
877 mm3 ± 100
751 mm3 ± 122

AD patients and healthy controls as well in identifying
anatomic structures that have a reduced volume in AD
patients.
In imaging studies of AD, it is usual to find differences either metabolic or volumetric in parietal cortex [5]. We did not find evidence of a parietal cortex
involvement, maybe due to the lack of statistical power.
However, this finding is consistent with the hypothesis that in this particular group of older patients with
recent onset, there is less involvement of the parietal
lobe. Other studies with groups with mild to moderate
impairment [39] showed that the predominant differences are in the temporal lobe. A hypothesis is that
these patients may have developed AD symptoms later in life simply because of particular disease mechanisms, which per se could induce to a more delayed
progression with less cortex involvement.
The findings presented here reinforce the importance
of image studies of AD in all subgroups. Previous
reports have concentrated on findings from mild impairment [3,39], but these actually may reflect changes

P.P.M. Oliveira Jr. et al. / SVM Methods with MRI Measurements to Detect AD

1269

Fig. 3. Scatter plot matrix of the eight volumetric features used in SVM classification. This figure helps visualizing the multidimensional data
used to classify between AD patients and healthy controls. Blue squares represent AD patients and red dots represent healthy controls. The
volumes of brain structures are given in mm3 .

specific to a subgroup of patients, and therefore the alterations at this initial phase can be difficult to detect
if one only looks for a predetermined pattern. Patients
with recent symptoms, late or early onset, high or low
education level, or positive ApoE4 mutation [41,42]
may provide distinct features to be pursued in order
to discriminate mechanisms of AD damage in nervous
system.
The differences between cortical thinning from right
to left hemispheres are not easy to explain. One possible theory for these findings is that degeneration is distinct in the dominant hemisphere [43]. Another possible explanation is the progressive degeneration pattern
affecting language in a later stage, after the usual initial
compromise found in olfaction and memory. However,
this finding requires further study to determine whether

it is a constant feature of AD or an artifact produced
by the methodology used, data outliers, or a small sample. Further studies are required to analyze this effect
properly.
We have also introduced the use of SVM as a trained
classifier to detect AD based only in the volume of
subcortical structures and cerebral cortex with data obtained using a surface based approach. Similar techniques have been also studied with voxel based morphometry (VBM) [9,44], combining VBM with ApoE
ε4 marker [10], with cortical thickness [11], using
VBM with a cortical parcelation atlas [18], and combining VBM with PET data [45]. Most of the results
presented here confirm the previous published papers
regarding classification of AD patients using machine
learning techniques [9–11,44]. Also the classification
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accuracy in this present study is similar with the above
mentioned publications, considering the sample size
used. However, we noticed very interesting converging results emerging from a completely different image
analysis approach, free from the formalisms of classic
statistical assumptions, and with the power of providing
patterns emerging from data behavior, without a priori
constraints. We believe that our results help to add information related to the robustness of findings in specific cortical regions. If this marker is reproducible at
an individual level, it represents another tool that is able
to provide parameters to guide neurologists’ decisions
about when to start any available medical treatment.
One possible issue regarding the SVM results presented in this paper is whether they are novel results
or lack originality compared to previously published
studies. We believe the differences of our work to the
cited papers are, among others:
1. Use of a surface based method software in order
to generate automatically the measures.
2. Use of subcortical structures volumes as a classifier feature.
3. Study cortical thickness difference between the
two groups to ensure that the data is comparable
with other cortical thickness studies.
The paper from Lerch and colleagues [11] indeed uses surface based methods, however, it relies on cortical
thickness only as an input feature to the classifier while
we used the volume of gray matter, white matter, and
subcortical structures to train the SVM.
The results shown here were obtained with a very
recent version of FreeSurfer, optimized to estimate the
volumes of cortical and sub-cortical structures. This
software is a freeware, has a sound reliability, and has
been used in many published articles [37]. We believe
the SVM approach shown here can be used to compare
classification performance in different populations and
subtypes of the disease in multicentre studies.
Another point worth mentioning is that our findings
are in the same line as results from recent neuropathological studies [46], pointing out that a diagnosis of AD
is virtually impossible on a routine basis – thus making the search for a biomarker for AD very challenging. At the same time, clinical evaluation is a subjective estimate and prone to errors, not to mention that
there is no clear-cut estimate of patient prognosis from
a structured diagnostic criterion. SVM and other specialized statistical classification methods based on image are promising techniques to improve the diagnosis
and monitor the progression of AD.
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