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Abstract

Deformation-based Morphometry (DBM) allows detection of signi�cant mor-
phological di�erences of brain anatomy, such as those related to brain atrophy
in Alzheimer's Disease (AD). DBM process is as follows: First, performs the
non-linear registration of a subject's structural MRI volume to a reference tem-
plate. Second, computes scalar measures of the registration's deformation �eld.
Third, performs across volume statistical group analysis of these scalar mea-
sures to detect e�ects. In this paper we use the scalar deformation measures
for Computer Aided Diagnosis (CAD) systems for AD. Speci�cally this paper
deals with feature extraction methods over �ve such scalar measures. We eval-
uate three supervised feature selection methods based on voxel site signi�cance
measures given by Pearson correlation, Bhattacharyya distance and Welch's
t-test, respectively. The CAD system discriminating between healthy control
subjects (HC) and AD patients consists of a Support Vector Machine (SVM)
classi�er trained on the DBM selected features. The paper reports experimen-
tal results on structural MRI data from the cross-sectional OASIS database.
Average 10-fold cross-validation classi�cation results are comparable or improve
the state-of-the-art results of other approaches performing CAD from structural
MRI data. Localization in the brain of the most discriminant deformation voxel
sites is in agreement with �ndings reported in the literature.

1. Introduction

Alzheimer's Disease (AD) is a neurodegenerative disorder which is one of the
most common cause of dementia in old people in developed countries [1]. Due
to the socioeconomic importance of the disease in occidental countries there
is a strong international scienti�c e�ort focused in AD. The diagnosis of AD
can be done after the exclusion of other forms of dementia but a de�nitive
diagnosis can only be made after a post-mortem study of the brain tissue. An-
temortem approaches for diagnosis of AD are under development, but they
require neuropathologic con�rmation of the characteristic amyloid plaques and
neuro�brillary tangles [28]. There has been a strong e�ort directed to the as-
sessment of medical imaging biomarkers identifying the disease at various stages
[14, 10, 18, 19, 27].
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Deformation-based Morphometry (DBM) [23, 35] studies aim to detect mor-
phological changes by statistical analysis of deformation scalar measures com-
puted from the Jacobian matrix of the deformation �eld obtained by non-linear
registration with high degrees of freedom of the study's subjects to a template.
It allows a comprehensive measurement of structural di�erences within or across
groups, not only in speci�c structures but throughout the entire brain. In this
paper, these scalar measures are the raw data for the construction of the clas-
si�er systems.

Computer Aided Diagnosis (CAD) systems apply machine learning tech-
niques to build classi�er systems that may help the clinician to come up with a
diagnosis on the basis of available data. Most CAD systems applied to imaging
data, consist of a spatial normalization (aka registration) of the images to a stan-
dard template, the extraction of features from the image and the classi�cation of
these features into the target classes. Support Vector Machines (SVM) [36] have
become a standard for the construction of such CAD classi�ers. CAD systems
for AD have been proposed and tested for PET and SPECT data [4, 26, 11],
structural Magnetic Resonance Imaging (sMRI) data [9, 12, 32, 21], Difusion
Tensor Imaging (DTI) [13]. A critical aspect of these systems is the validation
procedure. Circularity analysis e�ects have been pointed out [22] in neuroscience
reports. To avoid this issue, all training procedures must be performed only on
the training data. Therefore, feature selection processes must be repeated for
each training experiment on the pertinent training data. We have adhered to
this procedure in this paper. CAD system construction may have the side ef-
fect of identifying voxel locations where discriminant data are extracted. These
localizations can be compared with the current �ndings in the literature.

The contribution of this paper is the proposal of scalar measures of local
deformations computed from the Jacobian matrices of the deformation �eld
at each voxel, followed by a supervised feature selection process identifying the
most signi�cant voxel sites to extract the feature data for the classi�er construc-
tion and test. Feature selection is performed using three signi�cance measures,
Pearson's correlation, Bhattacharyya distance and the Welch's t-test statistic.
Experimental results obtained on the OASIS database of sMRI volumes of AD
and Healthy Controls (HC) show that the approach gives state of the art results.

Some preliminar results were reported in the KES 2012 conference [31]. The
paper is structured as follows: Section 2 describes the registration procedure
and the computation of the deformation scalar measures. Section 3 describes
the feature selection processes. Section 4 describes the learning classi�er sys-
tem. Section 5 describes the experimental settings. Section 6 gives the results.
Finally, section 7 gives some conclusions.

2. Features from Deformation Based Morphometry

2.1. MRI spatial registration

There is a number of image registration methods reported in the neuroimag-
ing literature [20], the work reported here follows a small deformation model.
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A general expression of the non-linear registration coordinate transformation in
the small deformation model is as follows:
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where M is an a�ne transformation matrix, denoting the linear part of the
transformation involving scaling, rotation and translation. The term D =
[dx (x, y, z) , dy (x, y, z) , dz (x, y, z) , 1]

T
denotes the non-linear components of

the transformation, the non-linear displacement �eld, giving the displacement
of the registered volume voxel location (x, y, z) in each direction that matches
optimally with the reference template volume. Let us denote g (x, y, z) the MRI
intensity value, de�ned as long as x, y and z fall within the original image sam-
pling grid. Therefore, g (x′, y′, z′) denotes the value of g for a set of coordinates
after the transformation given by eq. (1). Function g (x, y, z) involves some
interpolation procedure allowing to compute values of coordinates that did not
coincide with original MRI data voxel sites.

Each component di (x, y, z) of the displacement �eld, where i ∈ {x, y, z}
denotes the axis, is built as a linear combination of basis functions, i.e.

di (x, y, z) =
∑
l,m,n

cl,m,nBl,m,n (x, y, z) , (2)

where Bl,m,n (x, y, z) is a basis function, i.e. a 3D cubic spline, value at spatial
location [x, y, z]. It is notationally convenient to gather the basis coe�cients of
each displacement �eld into a vector wi, furhter concatenating all of them into a

global parameter vector: w =
[
w(x)T , w(y)T , w(z)T

]T
. Then, gxyz (w) denotes

the value of g at (x′, y′, z′) under the transform determined by w, where M is
implicit. This general notation is independent of our choice of basis-function
and would be equally valid for e.g. a discrete cosine basis set. The gradient of
g at point (x′, y′, z′) is de�ned as

∇gxyz(w)=
[
∂gxyz

∂x

∣∣∣
w

∂gxyz

∂y

∣∣∣
w

∂gxyz

∂z

∣∣∣
w

]
(3)

where the partial derivative with respect to e.g. x, ∂gxyz/∂x|w, denotes the rate of
change of g at (x′, y′, z′) as one translates the sampling point in the x-direction.
The exact expression of the partial derivatives depends on the interpolating
function invoked to compute g (x′, y′, z′), and on the basis functions used to

model the displacement �elds. Assuming that parameter w
(x)
i is the coe�cient

for the lmn-th 3D spline basis function composing the x-displacement �eld dxwe
can write

∂gxyz

∂w
(x)
i

∣∣∣∣∣
w

=
∂gxyz
∂x

∣∣∣∣
w

Blmn (x, y, z) , (4)
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where the w subscript indicates that the derivative has been calculated at point
w in parameter space, and i identi�es the lmn-th 3D spline basis function. To
obtain a matrix expression, the vector of signal values obtained after registration
with the deformation �elds determined by w is:

g (w) = [gx,y,z (w) ;x ∈ {1, . . . , X} , y ∈ {1, . . . , Y } , z ∈ {1, . . . , Z}]T . (5)

Analogously,

∂gxyz
∂x

∣∣∣∣
w

=

[
∂gx,y,z
∂x

∣∣∣∣
w

;x ∈ {1, . . . , X} , y ∈ {1, . . . , Y } , z ∈ {1, . . . , Z}
]T

(6)

and

Blmn = [Blmn (x, y, z) ;x ∈ {1, . . . , X} , y ∈ {1, . . . , Y } , z ∈ {1, . . . , Z}]T . (7)

We can write Blmn as the vector representation of the i-th basis function
Bi. Combining equations (4), (6) and (7) we can de�ne the matrix

Jx (w) =

[
∂g

∂x

∣∣∣∣
w

�B1
∂g

∂x

∣∣∣∣
w

�B2 . . .
∂g

∂x

∣∣∣∣
w

�BLMN

]
, (8)

where � denotes elementwise Hadamard matrix product. Each element of
Jx (w) is of the form given by equation (4). Finally, the Jacobian matrix J
of the mapping g (w) : R3LMN → RXY Z is composed as:

J (w) = [ Jx (w) Jy (w) Jz (w)] , (9)

where Jy (w) and Jz (w) are computed analogously to Jx (w), J (w) is of size
XY Z×3LMN , and LMN andXY Z are the number of 3D spline basis functions
and the number of samples in the volume, respectively.

The estimation of the parameters w determining the displacement �elds
di (x, y, z) that transform the image native space into a reference space is per-
formed minimizing an objective function

ŵ = arg min
w
O (w) (10)

measuring the matching between the warped image g (w) and the reference
template f ∈ RXY Z :

O (w) =
1

XY Z
(g (w)− f)

T
(g (w)− f) . (11)

This minimisation is performed by a Levenberg-Marquardt procedure, using the
Gauss-Newton approximation of the Hessian matrix of the objective function

Hij (w) =
∂2O

∂wi∂wj

∣∣∣∣
w

(12)

given by

H (w) =
2

XY Z
JT (w) J (w) .
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2.2. Deformation scalar measures

The determinant of the Jacobian matrix of the deformation �eld is the most
commonly used scalar measure of deformation for Tensor-based Morphometry
(TBM) analyses Lepore et al. [23]. The Jacobian matrix of the nolinear defor-

mation �eld D = [dx (x, y, z) , dy (x, y, z) , dz (x, y, z) , 1]
T
is given by

J =


∂(x−dx)
∂x

∂(x−dx)
∂y

∂(x−dx)
∂z

∂(y−dy)
∂x

∂(y−dy)
∂y

∂(y−dy)
∂z

∂(z−dz)
∂x

∂(z−dz)
∂y

∂(z−dz)
∂z

 . (13)

The Jacobian matrix describes the velocity of the deformation in the neighboring
area of each voxel. Let us denote J (x) the local Jacobian matrix at voxel site x.
Its determinant, the Jacobian, is used to analyze the deformation needed for the
spatial registration. A value det (J (x)) > 1 implies that the neighborhood of the
voxel x was stretched to match the template (i.e., local volumetric expansion),
while det (J (x)) < 1 is associated with local shrinkage. In TBM the Jacobian
map obtained computing the Jacobian at each voxel site is used to compute
group statistics at each voxel, in the template reference frame, to identify group
di�erences in anatomical shape.

The following scalar measures are used in the computational experiments

1. The Jacobian map (jacs) given by det (J (x)) at each voxel site x.

2. The modulated GM (modgm) segmentation data computed multiplying
the GM segmentation probability by the Jacobian at each voxel.

3. The trace of the Jacobian matrix trace (J (x)) at each voxel site x (trace).

4. The magnitude of the displacement �eld (norms) at each voxel sitem (x) =
‖[dx (x) , dy (x) , dz (x)]‖

5. The Geodesic Anisotropy Batchelor et al. [2] (geodan) de�ned as the

geodesic distance between the Green strain tensor Si =
(
JTi Ji

)1/2
and

the isotropic tensor within the a�ne-invariant metric framework Lepore
et al. [23]:

GA (S) =
(
Trace (logS − 〈logS〉 I)

2
)1/2

where

〈logS〉 =
Trace (logS)

3
.

In this paper, we use these maps as the voxel's raw data for the feature selection
procedure that will be described later. Figure 1 shows instances of these maps.

3. Feature selection

On the deformation data we calculate the signi�cance measure of each voxel
site. This signi�cance measure has several three forms in this paper:
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(a) (b) (c) (d) (e)

Figure 1: Example deformation measure maps from the OASIS database (a) Jacobian map
, (b) modulated GM, (c) displacement norm, (d) Jacobian matrix trace and (e) geodesic
anisotropy.

• The absolute value of the Pearson's correlation (PC) between voxel data
and the subject class labels. Big absolute values imply high voxel signi�-
cance.

• The Bhattacharyya distance (BD) between classes. This is a class separa-
bility measure, so that high values mean good class separation, and thus
high voxel signi�cance.

• Welch's t-test (WT) between both groups testing if the data belong to the
same distribution. Its value indicates the di�erence between the mean of
two normally distributed populations when the variances of the two pop-
ulations are not assumed to be equal, based on two independen samples.

The feature selection procedure performed for all source data and signi�cance
measures is as follows:

1. Compute the signi�cance measure at each voxel site gathering the data
from such voxel site across volumes. This results in a volume mapping of
voxel site signi�cances.

2. Compute the empirical distribution of the signi�cance map.

3. Set a robust Huber [15] threshold on the signi�cance map selecting a
percentile of empirical distribution. In the experiments reported below we
have used the following percentiles: 0.80, 0.90, 0.95, 0.99, 0.995 and 0.999.

4. Select as feature extraction sites the voxel sites with signi�cance above
the threshold.

3.1. Pearson's correlation

The Pearson's correlation coe�cient Cohen [7] (PC) typically denoted by r,
is a measure of the correlation between two random variables x and y, taking
values in the interval r ∈ [−1, 1]. A value of r = 1 means that the two variables
are in complete agreement. A value r = −1 means that the two variables
take opposite values. Pearson's correlation coe�cient between two variables is
de�ned as the covariance of the two variables normalized by the product of their
standard deviations:

6



r (x,y) =

∑n
i=1(xi − µx)(yi − µy)√∑n

i=1(xi − µx)2
√∑n

i=1(yi − µy)2
, (14)

where µx and µy are the means of variables x and y, respectively. In our case,
considering each voxel site independently, we build a vector xj composed of the
voxel intensities at the j-th voxel site across all the subjects in the training set
(fully independent cross-validation method) or in the whole dataset (partially
independent cross-validation method). Vector y contains the subjects class la-
bels, de�ned as:

yi =

{
1 if i− th subject is patient

0 otherwise

Then for each voxel site we calculate abs (r) as the signi�cance measure for
feature extraction.

3.2. Bhattacharyya distance

The Bhattacharyya distance Bhattacharyya [3] is a measure of dissimilarity
between two discrete or continuous probability distributions. Assuming that the
data from the same voxel site values in patients (p) and controls (q) follow two
univariate Gaussian distributions, the Battacharyya distance has the following
form Nielsen and Boltz [29]Kailath [17]

b(p,q) =
1

4

(µp − µq)
σ2
p + σ2

q

+
1

2
ln
σ2
p + σ2

q

2σpσq
, (15)

where (µp, σ
2
p) and (µq, σ

2
q ) are the sample mean and sample variance of the

intensity values of patients and controls, respectively.

3.3. Welch's t-test

Welch's t-test Welch [37] is an adaptation of Student's t-test to compare
two samples that may have unequal variances. The t-statistics is computed as
follows

t(p,q) =
(µp − µq)√
σ2
p

np
+

σ2
q

nq

, (16)

where (µp, σ
2
p, np) and (µq, σ

2
q , nq) are the sample mean, sample variance

and sample size of the of intensity values of patients and controls, respectively.
The conventional way of working with these will be to compute the degrees
of freedom of the t-distribution, performing a two-tailed test on the statistic
to reject or accept the null hypothesis. Instead, we will use the t-statistic's
absolute value as the voxel site signi�cance measure.
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4. Support Vector Machine (SVM)

The Support Vector Machines (SVMs) Vapnik [36] separate a given set of
binary labelled training data with a hyperplane that is maximally distant from
the two classes, the maximal margin hyperplane. The objective is to build a
discriminating function that will correctly classify new examples (x, y). The
kernel trick allows to obtain non-linear discriminating functions when no lin-
ear separation of the training data is possible, so that the SVM's hyperplane
corresponds to a nonlinear decision boundary in the input space mapped to a
higher-dimensional space where the discriminating solution is linear. The deci-
sion function is expressed in terms of the support vectors as follows:

f (x) = sign
(∑

αiyiK (si,x) + w0

)
(17)

where K(., .) is a kernel function, αi is a weight of the support vector, and the
si are the support vectors.

The SVM training algorithm used for this study is a generalization of the con-
ventional SVM included in the SVM-Perf 1 software package Joachims [16]. This
brand of SVM learning optimizes non-linear performance measures treating the
learning problem as a multivariate prediction problem. De�ning the hypotheses
functions h̄ that map a tuple x̄ ∈ X̄ of n feature vectors x̄ = (x1, . . . ,xn) to a
tuple ȳ ∈ Ȳ of n labels ȳ = (y1, . . . , yn)

h̄ : X̄ → Ȳ,

where X̄ = X × . . . × X and Ȳ ⊆ {−1,+1}n is the set of all admissible label
vectors. A linear discriminant function is used for this multivariate mapping:

h̄w (x̄) = arg max
ȳ'∈Ȳ

{
wTΨ (x̄, ȳ′)

}
,

where w is a parameter vector and Ψ is a function that returns a feature vector
describing the match between (x1, . . . ,xn) and (y′1, . . . , y

′
n). Ψ is restricted to

be of the following simple form:

Ψ (x̄, ȳ′) =

n∑
i=1

y′ixi.

The prediction rule h̄w (x̄) returns the tuple of labels ȳ' which scores highest
according to a linear function.

Having this, the multivariate SVM optimization problem is formulated as:

minw,ξ≥0
1
2 ‖w‖

2
+ Cξ

s.t. ∀ȳ′ ∈ Ȳ \ ȳ : wT [Ψ (x̄, ȳ)−Ψ (x̄, ȳ′)] ≥ ∆ (ȳ′, ȳ)− ξ

1http://svmlight.joachims.org/svm_perf.html
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where ∆ is the training loss function and its upper bound ξ, also called slack
variable. This formulation allows to apply the training procedure to di�erent
loss functions based on the contingency tables. E�cient algorithms to perform
this training in polynomial time are given in Joachims [16].

5. Experimental design and materials

Registration. The nonlinear spatial registration of each subject's MRI volume
to the MNI152 template has been performed applying FNIRT [33] from the FM-
RIB Software Library (FSL). A four step incremental transformation resolution
process has been conducted in the experiments reported below.

Modulated gray matter. A modulated grey matter (GM) volume has been calcu-
lated for each subject. We used FSL FAST [33] to obtain a GM partial volume
estimation (PVE) map and then modulated it multiplying by the Jacobian de-
terminant voxelwise. Features extracted from the modulated grey matter are
denoted modgm in the results section.

Non-circular analysis. To avoid double dipping analysis [22], the feature selec-
tion process is performed only on the training data at each cross-validation fold,
accomplishing fully independence between test data and the system learn from
the training data. Therefore, feature selection is performed as many times as
cross-validation tests are performed. The brain localizations reported below as
signi�cative are those that have been found signi�cative at least in 90% of the
feature selection processes.

Performance measures. The quantitative learning performance measures used
in the results reported below are: accuracy computed as ((TP + TN) /N),
precision computed as (TP/ (TP + FP )), sensitivity aka recall computed as
(TP/ (TP + FN)), where TP denote true positives, TN denote true negatives,
FP denote false positives, and FN denote false negatives. Results include the
area under the ROC curve which can not be computed from the classi�cation
contigency table, but can be estimated from the ranking of the SVM responses
and its relation to the class labels of the samples. Suppose that we have or-
dered the training data samples{xi, yi}ni=1 according to the linear response of
the SVM: wTx1 ≥ wTx2 ≥ . . . ≥ wTxn, then a pair of samples is swaped if the
order of the labels does not match with the order of the samples, the number
of swaped pairs is given by

SP =
∣∣{(i, j)

∣∣(yi > yj) and
(
wTxi < wTxj

)}∣∣ ,
these pairs of samples would correspond to an error for some setting of the
decision threshold in the computation of the ROC curve. The area under the
ROC can be computed as:

AUC =
SP

#pos ·#neg
,

where #pos · #neg gives the number of correct pairs (i, j) of a positive label
sample (xi, 1) and a negative label sample (xj ,−1).
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Without Dementia With Dementia

Age Group Total n n Mean age M/F∗ n Mean age M/F∗ CDR 0.5/1/2

<20 19 19 18.53 10/9 0 0/0 0/0/0

20s 119 119 22.82 51/68 0 0/0 0/0/0

30s 16 16 33.38 11/5 0 0/0 0/0/0

40s 31 31 45.58 10/21 0 0/0 0/0/0

50s 33 33 54.36 11/22 0 0/0 0/0/0

60s 40 25 64.88 7/18 15 66.13 6/9 12/3/0

70s 83 35 73.37 10/25 48 74.42 20/28 32/15/1

80s 62 30 84.07 8/22 32 82.88 13/19 22/9/1

≥90 13 8 91.00 1/7 5 92.00 2/3 4/1/0

Total 416 316 119/197 100 41/59 70/28/2

Table 1: Age and Diagnosis Characteristics of the Data Set. ∗Male/Female

5.1. Subjects

In this study we used all the subjects of the �rst Open Access Series of
Imaging Studies (OASIS) [25]. This release of OASIS consists of a cross-sectional
collection of 416 male (119 controls and 41 patients) and female (197 controls
and 59 patients) subjects aged 18 to 96 years (218 aged 18 to 59 years and
198 subjects aged 60 to 96 years). One hundred subjects older than 60 have
been clinically diagnosed with very mild to moderate Alzheimer's disease (70
with CDR=0.5, 28 with CDR=1 and 2 with CDR=2). Table 1 summarizes
the demographics of the dataset. Further demographic and image acquisition
details can be found in [25].

The database includes at least 3 raw anatomical MP-RAGE images per sub-
ject as well as post-processed images in diverse stages normalization. To carry
out our experiments, our point of departure are the MRI volumes which have
been corrected for interscan head movement, rigidly aligned to the Talairach
and Tournoux space [34], spatially registered to the MNI152 template with a
12-parameter a�ne transformation, resampled into a 1-mm isotropic resolution,
skull-stripped, and corrected for intensity inhomogeneity.

5.2. Experimental design

The computational experiments consists of the cross-validation of the linear
SVM classi�er over di�erent feature vectors extracted from the OASIS data fol-
lowing diverse feature extraction processes. The procedure we followed in this
work was: (1) nonlinearly register each subject to the MNI152 template, (2)
calculate 2 measures using the displacement �elds and GM volume estimation,

10



Figure 2: A summary of the pipelines of the feature selection methods. Each path from left
to right speci�es a feature selection process tested in the computational experiments.

jacs modgm

None 812498.4 (6343.65) 775086.8 (2318.37)

80% 141705.7 (3682.77) 128598.3 (1567.37)

90% 82261.3 (1971.43) 77540.0 (768.25)

95% 60427.6 (1020.87) 57981.0 (413.33)

99% 45338.3 (238.56) 44718.9 (178.46)

99.5% 43564.7 (174.22) 43207.5 (160.54)

99.9% 42136.3 (123.47) 42032.0 (130.96)

Table 2: Pearson's correlation signi�cance measure feature set sizes mean(std) for varying
percentile threshold.

(3) for each measure calculate 3 distance metrics to separate patients and con-
trols and �nally (4) for each distance metric, threshold it and create feature
vectors. Figure 2 shows the a graph summarizing the diverse pipelines that
lead to the actual feature vectors employed in the cross-validation experiments.
From left to right, raw MRI data provide the deformation jacobian and the
grey matter segmentation that may be used to compute either the Jacobian
maps or the modulated GM map. From these measures, computing Pearson's
correlation, Battacharyya separability measure or Welch's t-test we obtain the
signi�cance maps. Setting signi�cance thresholds according to various setting of
the percentile on the signi�cance map empirical distribution we obtain the fea-
ture voxel sites where data is extracted to build the feature vectors. Tables 2, 3
and 4 contain the number of features extracted for each setting of the percentile
threshold. As feature selection is performed in each cross-validation folder, the
standard deviation of the number of features is provided. Only two of the �ve
scalar deformation measures (modulated GM and Jacobian maps) are shown in
these tables.
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jacs modgm

None 2102154.4 (0.49) 2098251.5 (77.98)

80% 87644.8 (1775.03) 62757.5 (516.61)

90% 62642.4 (772.39) 50604.6 (204.75)

95% 51749.6 (403.02) 45889.1 (83.38)

99% 43757.5 (164.41) 42657.5 (32.21)

99.5% 42792.2 (151.90) 42281.5 (32.17)

99.9% 42039.3 (156.62) 41991.8 (25.25)

Table 3: Bhattacharyya signi�cance measure feature set sizes mean(std) for varying percentile
threshold.

jacs modgm

None 1289656.4 (6343.79) 1323163.8 (2313.34)

80% 84545.1 (1108.19) 71914.6 (652.86)

90% 59979.4 (579.14) 54066.6 (247.73)

95% 50228.2 (220.14) 47383.8 (138.54)

99% 43432.1 (78.49) 42904.0 (82.05)

99.5% 42637.7 (71.82) 42397.6 (88.42)

99.9% 42004.6 (80.34) 41987.7 (82.18)

Table 4: T-test signi�cance measure feature set sizes mean(std) for varying percentile thresh-
old.

5.3. Grid search for SVM tuning

Parameter setting for SVM is critical to obtain good performance. Thus,
each learning experiment is wrapped with a grid search procedure [24]. Thus,
every time an algorithm is trained on a data set T , an internal strati�ed two-
fold cross-validation (repeated 3 times) is performed for each combination of
parameter values, looking for the best parameter setting for T . The grid search
mechanism selects the combination of parameters maximizing the F1-score for
the SVM minimizing the error rate. The values examined for the regularization
parameter are C C ∈

{
10−2, 3·10−2, 10−1, 3·10−1, 1

}
, the values for the RBF

kernel parameter σ ranged from 10−3 to 1, varying the exponents in steps of 1.

6. Results

6.1. Classi�cation results

We have tested all combinations of feature selection processes illustrated in
�gure 2 with all kind of deformation scalar measures. The results are shown
in �gures 3, 4 and 5 for the Pearson's correlation, Battacharyya separability
and Welch's t-test, respectively. Each �gure shows the plots of the average
accuracy, precision, recall and AUC for varying number of features, depending
on the percentile threshold, for each deformation scalar measure. The plots
contain also the visualization of the uncertainty as bars giving the span of one
standard deviation. The qualitative inspection of these plots shows that in each
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Figure 3: Average and standard deviation of Accuracy, Precision, Recall and ROC area over
the 10-fold cross-tests results of a linear SVM trained to minimize the error rate, features
selected using Pearson correlation. Note that the cross-validation population subsets were
all the same for all the experiments.

of them there seems to be no signi�cant di�erences as all the average values
fall inside the rough con�dence interval given by the standard deviation bars
of the other approaches. Performing a two tail t-test on the data of each plot
separately reaches the same conclusion, there are not signi�cative di�erences
between approaches (p<0.05). Overall, the acuracy and AUC results have little
variability within each plot, while the precision and recall have more �uctuations
feature sets. For the Pearson's correlation, the best results are obtained with
the Modulated GM data, while for the other signi�cance measures, best results
are given by the trace and geodesic anisotropy data. For us it is unexpected
that the Jacobian maps produce classi�cation results below other approaches,
because they have been used as the reference value for the TBM studies reported
in the literature.

Table 5 shows the average and standar deviation of cross-validation results
obtained for each voxel site signi�cance measure applying the 95% percentile
for feature selection. Notice that Modulated GM provides the best results for
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Figure 4: Average and standard deviation of Accuracy, Precision, Recall and ROC area over
the 10-fold cross-tests results of linear SVM trained to minimize error rate, features selected
using Bhattacharyya distance. Note that the cross-validation population subsets were all
the same for all the experiments.
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Figure 5: Mean and standard deviation of Accuracy, Precision, Recall and ROC area over the
10-fold cross-tests results of linear SVM trained minimizing error rate, features selected using
Welch's t-test. Note that the cross-validation population subsets were all the same for all
the experiments.
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Accuracy Precision Recall AUC
jacs 88.10 (0.00) 50.76 (1.70) 58.33 (3.73) 92.32 (1.53)
norms 88.10 (2.75) 84.14 (6.12) 58.33 (8.98) 94.79 (2.53)

PC modgm 92.07 (1.12) 95.83 (5.89) 86.67 (4.71) 96.67 (0.44)
trace 89.43 (2.70) 79.55 (5.77) 65.00 (5.00) 94.27 (0.43)
geodan 88.15 (2.25) 87.74 (3.96) 70.00 (0.00) 93.49 (1.04)

jacs 91.27 (1.22) 86.44 (1.89) 81.67 (7.45) 95.36 (1.54)
norms 89.89 (1.77) 82.62 (6.94) 79.67 (3.73) 93.12 (1.48)

BD modgm 89.74 (1.77) 82.94 (4.14) 78.00 (5.00) 97.37 (0.29)
trace 89.52 (1.78) 82.43 (4.15) 80.33 (7.45) 95.67 (1.08)
geodan 92.09 (2.60) 88.09 (5.33) 80.00 (4.00) 95.37 (0.99)

jacs 92.15 (3.07) 87.36 (6.67) 85.373 (6.87) 93.67 (0.39)
norms 88.50 (0.89) 76.40 (3.62) 75.00 (4.00) 92.95 (0.87)

WT modgm 91.43 (0.89) 85.98 (1.55) 83.33 (3.73) 94.54 (0.50)
trace 92.83 (0.91) 85.62 (0.85) 86.33 (3.73) 94.32 (0.55)
geodan 89.92 (1.78) 79.42 (4.85) 94.67 (7.45) 95.00 (0.52)

Table 5: Mean (standard deviation) of Accuracy, Precision, Sensitivity, and ROC area of the
full 10-fold cross-validation classi�cation results for features selected with the 95% percentile.
Note that the cross-validation population subsets were all the same for all the experiments.

the Pearson's correlation, and that results are very close in some instances, in
fact there are not statistically signi�cant di�erences. The results compare well
with other approaches to AD prediction from MRI data [32, 5, 30] which report
accuracies below those reported here for smaller datasets.

6.2. Location of discriminant voxel sites

To have a qualitative validation of the process, we have localized the voxel
sites selected by the feature selection process on two probabilistic atlases (MNI
structural atlas and the Harvard-Oxford cortical and subcortical atlas). Voxel
sites localized are those appearing in 90% of the feature selection processes
performed independently in each cross-validation fold. The regions from the
di�erent experiments are all within similar brain areas: frontal and parietal
lobes, cerebellum, temporal and occipital lobes, frontal pole, lateral occipital
cortex, superior division, precentral gyrus, postcentral gyrus and hippocampus.
All these �ndings agree with the imaging biomarkers reported in the literature
[10, 6, 8, 27].

In �gures 6 and 7, we show some slices of the MNI152 template with an over-
lay with the 95% percentile voxel site localizations across the feature selection
processes that were performed in the cross-validation folds over the modulated
GM data and the Jacobian map data, respectively. Figures show the �ndings
using the three di�erent signi�cance measures.
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Figure 6: Discriminant voxel sites selected applying a 95% percentile on the empirical dis-
tribution of the Pearson correlation (left), Bhattacharyya distance (middle) and Welch t-test
(right) computed on the modulated GM (modgm).

Figure 7: Discriminant voxel sites selected applying a 95% percentile on the empirical dis-
tribution of the Pearson correlation (left), Bhattacharyya distance (middle) and Welch t-test
(right) computed on the Jacobian maps (jacs).
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7. Conclusions

In this paper we report new results on Computer Aided Diagnosis (CAD)
based on features selected from deformation �elds, and modulated GM, ob-
tained from non-linear registration processes. Speci�cally, �ve scalar measures
computed using the Jacobian matrix of the displacement �elds have been used
as raw data. For feature selection, three di�erent voxel site signi�cance mea-
sures have been computed. Classi�cation has been performed using conven-
tional linear SVM algorithm. The average localization of discriminant sites
is consistent with the literature regarding imaging biomarkers of AD. Classi�-
cation results are competitive with other reported approaches to the CAD of
AD. The di�erence of classi�cation results between deformation measures is not
statistically signi�cative if we take into account the standard deviation from
the cross-validation experiments to perform a two-sided t-test, neither was the
voxel site signi�cance measure. The result extends to the diverse performance
measures computed, thought their respective ranges of values change between
them. These results are unexpected, as the usual assumption is that the Ja-
cobian maps are characterizing the anatomical deformations to detect atrophy
and other e�ects of AD and other neurodegenerative diseases.

Future works are driven towards the application of other classi�cation algo-
rithms to the feature databases extracted for this work. Extension of the works
to bigger datasets is also desirable.
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