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Abstract—With no known cure, Alzheimer’s Disease (AD)
is the most common form of dementia, causing progressive
and irreversible cerebral atrophy. Since treatments exist that
enable the deceleration of disease progression, tools that allow
an accurate early diagnosis of AD are crucial. Neuroimaging
techniques have a critical role in the Computer-Aided Diagnosis
(CAD) of the disease. This work looks into the potential use
of short term longitudinal data in the field of the CAD of AD.
Concretely, voxel-wise feature extraction methods based on flow
fields calculated using diffeomorphic fluid registration algorithms
– the Christensen, and Diffeomorphic Anatomical Registration
using Exponentiated Lie algebra (DARTEL) methods – are
employed. From these, the norms of deformation vectors and
the determinants of the Jacobian matrices are derived, and
extracted as features. Longitudinal and cross-sectional features
are then used by a linear Support Vector Machine (SVM)
classifier to perform binary classification tasks involving subjects
suffering from AD, Mild Cognitive Impairment (MCI), as well as
Cognitively Normal (CN) controls, in a dichotomous fashion. The
combination of cross-sectional and longitudinal features led to an
overall improvement in the accuracy of classifications, compared
to when only one type of feature was used. Furthermore, a novel
feature selection method, based on the Mutual Information (MI)
Ranking of the Voxel Intensities (VI), was shown to improve
the accuracy of classification when using longitudinal features,
when compared to traditional MI Ranking. Finally, the results
obtained in this study are comparable to those of the state of the
art literature in this field.

Index Terms—Alzheimer’s disease, Magnetic Resonance Imag-
ing, brain atrophy, diffeomorphic registration, computer-aided
diagnosis.

I. INTRODUCTION

Alzheimer’s Disease (AD) is the most common form of
dementia, accounting for up to 80 percent of dementia cases
[1]. AD is caused by the building up of protein in the
brain, forming structures known as ’plaques’ and ’tangles’,
leading to the loss of connections between nerve cells and,
eventually, the death of nerve cells and loss of brain tissue,
causing progressive cerebral atrophy [2]. AD is an irreversible
and progressive disease, meaning the damages to the brain,
and the symptoms, worsen over time, with new symptoms
developing. There is no known method to cure AD or stop
its progression. However, in some cases, it is possible to
decelerate the progression of the disease through existing
treatments [3]. The importance of an early diagnosis of the
disease has long been emphasised by consensus statements

[4]. An early recognition can be highly beneficial, facilitating
early-intervention to prevent or slow down disease progression.

It is estimated that, as of 2016, 47 million people suffer
from dementia, of which a great majority suffer from AD or
a related dementia. This number is continuously growing and
is estimated to reach 131 million by 2050. Overall, the total
estimated cost of dementia is of US$818 billion, a rapidly
growing figure that will predictably reach the mark of a
trillion dollars by 2018. [5] These statistics further support the
importance of conducting research in the field of AD, namely
in its early diagnosis.

There is no single test that can show whether a person has
Alzheimer’s, being a confirmed diagnosis only achievable post
mortem. Currently, AD is diagnosed through a complete med-
ical assessment, based on a thorough medical history, mental
status testing, a physical and neurological exam and other tests
(such as blood tests or brain imaging), in order to rule out other
causes of dementia-like symptoms. Neuroimaging methods,
namely Positron Emission Tomography (PET) and Magnetic
Resonance Imaging (MRI), have long played a supportive role
in the diagnosis of memory disorders and are recommended
for the routine evaluation of AD [4]. Neuroimaging techniques
allow for AD-related brain pathology changes to be tracked in
vivo, which is critical for an early diagnosis capacity [6]. This
is particularly relevant since biomarkers, such as brain atrophy,
allow for a detection of the disease prior to the occurrence of
symptoms.

Brain atrophy, i.e., negative brain matter volume change,
naturally occurs with normal ageing [7]. In patients with
AD, however, the annual brain atrophy rate can be as high
as 15 times that of a non-demented person [2], having the
rate of global cerebral volume loss showed to be strongly
correlated with the rate of change in Mini-Mental State
Examination (MMSE) scores [8], an extensively used tool in
clinical and research settings to measure cognitive impairment.
This implies the clinical relevance of brain atrophy as a
biomarker to diagnose and track the progression of AD. Cross-
sectional studies (i.e. studies using only images from one
time instance per subject) in the field of brain atrophy are
limited due, in part, to a large inter-individual variation in
both brain size and structure, and to the necessary assumptions
regarding progression for different subjects [2]. Due to the
progressive nature of AD, longitudinal MRI studies have, then,
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the potential to detect progressive structural changes in the
brain of a subject and, by taking these into account, provide
an improvement in the accuracy of the diagnosis of AD,
when compared to the cross-sectional example [9], through
the discovery of long-term trends due to either normal or
pathological ageing, neglecting the nuisances of both intrinsic
and extrinsic variabilities [10]. The importance of longitudinal
studies in the field of AD is further emphasised by the fact that
substantial literature suggests that a longitudinal trend may be
pivotal in discriminating a population at risk of developing
AD [10].

The application of machine learning techniques has been
proved to be a powerful tool to the neuroimaging-based
diagnosis of AD. Computer-Aided Diagnosis (CAD) methods
present a solution unbiased by variable radiological expertise.
These require no expert knowledge to apply and allow
diagnosis with similar or greater accuracy than one performed
by radiologists [11].

Most studies conducted in the field of the CAD of AD opt
for a cross-sectional approach [12]–[16], that lacks the poten-
tial to detect progressive structural changes in the brain, which
longitudinal studies encompass. Moreover, studies which use
longitudinal data for the CAD of AD typically do so resorting
to research medium to long time intervals between scans
[17]–[19]. However, this work explored the cerebral atrophy
occurring in a short six month interval and use it to develop
a CAD system which produces results comparable to those of
the state of the art literature.

The present work brings innovative methods of using
atrophy measured using fluid diffeomorphic registration al-
gorithms to contribute to the CAD diagnosis of AD. When
fluid registration methods are employed in literature, these
are typically either used to register the images so that these
can be analysed in a common space [13], or to evaluate the
methods based on region of Interest (ROI) measurements [20].
Moreover, when non-linear registration methods are used with
the purpose of extracting deformation-based features, these are
most frequently limited to ROI [21].

This study, however, aims to evaluate the potential usage of
short term longitudinal data in the CAD of AD in a whole
brain approach, by using non-linear diffeomorphic image
registration algorithms to compute the short term cerebral
atrophy in diseased and healthy subjects, based on MRI scans.
It builds on the works of J. Veerman et al. [17] and Z. Sun
et al. [18], developed at Philips Research, in Eindhoven, the
Netherlands, where part of the research for this thesis was
conducted.

For each subject under study, two scans taken at a six
month interval from each other were used. This data was then
uniformly pre-processed, so that all scans were represented in
a standardised common space.

The longitudinal data to be used was captured by mea-
surements of the per-subject atrophy that occurs in the six
month interval. For this, well established fluid diffeomorphic
image registration algorithms were employed, the Christensen

method [22], and Diffeomorphic Anatomical Registration us-
ing Exponentiated Lie algebra (DARTEL) algorithm [23].
From the application of these methods, the subject specific
flow fields that map one scan to the other were obtained.

The following per-subject voxel-wise feature types were
extracted: the Voxel Intensities (VI) of the baseline scans;
baseline Grey Matter (GM) probability maps generated by
tissue segmentation and fluid alignment with reference maps;
and the norm of the deformation vectors, and the determinants
of the Jacobian matrices of the registration, generated by
the application of the DARTEL algorithm or the Christensen
method.

As the study of the prodromal stage of AD, Mild Cognitive
Impairment (MCI), is of interest to the scientific community,
besides studying the classification of patients diagnosed with
AD against Cognitively Normal (CN) subjects, these groups
were compared against the MCI population. Furthermore, the
conversion of MCI to AD was also analysed, i.e. the distinction
between MCI converter (MCI-c) vs. MCI non-converter (MCI-
nc).

This paper is divided in five parts, following this intro-
duction. In Section II the methods used in this work to
develop a CAD of AD are described. Section III studies
the population specific average deformations. Section IV
presents the classification results of using the developed CAD
system. Section V analyses on the obtained results. Finally,
conclusions are drawn in section VI.

II. MATERIALS AND METHODS

In this section the methodology used in the current work is
detailed, as illustrated in the flowchart depicted in Figure 1.

A. Image Data

This project uses T1-Weighted 3.0T MRI longitudinal data
from the ADNI database, following the inclusion criteria
detailed below:

1) images collected only from subjects for which MRI data
exists for the time instances corresponding to baseline
and six months following baseline;

2) regarding the conversion of MCI subjects to AD, sub-
jects that convert from MCI to AD in a three year
interval following baseline are included in the study, as
MCI-c;

3) regarding the non-conversion from MCI to AD, MCI-
diagnosed subjects that did not have their diagnosis
changed during the time of enrolment in the ADNI study,
and that were enrolled in the study for a minimum period
of two years following the baseline scan, were included
in the study and classified as MCI-nc;

4) any subject whose condition regressed (conversion from
AD to MCI, or from MCI to CN) was considered an
outlier in the set and removed from the study.

Taking the constraints enumerated above into account, 431
different subjects were selected for inclusion in this study.
Table I shows the demographics of the data.
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Fig. 1. Project flowchart detailing the processing steps required to transform the image data into the features, that are subsequently processed to be fed to
the classifier of the CAD system, developed in the present work. In the Figure, processes are defined as rectangles. On the presented flowchart the features
used in this project, i.e., the Extracted Features, follow the nomenclature to be used in this document. Concretely, the feature types Def and J represent the
norm of the deformation vectors, and the determinant of the Jacobian minus one, respectively.
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TABLE I
DATA DEMOGRAPHICS BY STUDY GROUP.

Study Group #Subjects Age (years) M/F
AD 87 75.30 ± 7.98 47/40

MCI-c 75 72.39 ± 7.63 46/29
MCI-nc 153 71.07 ± 7.72 84/69

CN 122 73.75 ± 5.91 56/66

B. Data Pre-processing

Before proceeding to process the image data it is necessary
to first uniformise raw data into a common space – in this
case, the Monteal Neurological Institute (MNI)152 space –
, with a standard size, format and orientation. It should be
noted that the quality of the preprocessing highly influences
the effectiveness of the learning process and, therefore the final
outcome of this project.

For this purpose the following were applied to the data (as
illustrated in the pre-processing block in Figure 1): motion
correction, bias field correction, skull stripping, segmentation,
outlier removal, MNI152 registration, and histogram matching.

C. DARTEL algorithm

DARTEL is a 2D/3D non-linear image registration algo-
rithm, based around the work of J. Ashburner [23]. The idea
behind the algorithm is to register images by computing a
flow field, that stores the deformation information, which can
then be exponentiated to generate both forward and backward
deformations. During the registration, deformations from a
template image – the average of all images – to each of
the individual images are computed. The template is then
regenerated by applying the inverses of the deformations to the
images and averaging. This procedure is repeated a number of
times. From this template, warped versions of the images can
thus be generated.

More specifically, the algorithm considers the non-linear
registration as a local optimisation problem, which it solves
using a Levenberg-Marquardt strategy, and the assumption of
a constant flow field. The small deformation setting can be
conceptualised as an Euler integration with a single time step
Eulerian framework. The use of a large number of small steps
then allows for a curved trajectory to be found for each point,
over the unit time, producing a more accurate solution.

D. Christensen Method

The present work uses the well-known ”fluid dynamical”
method of Christensen [22] to compute deformations between
pairs of images from each subject, taken at consecutive
time instants. This registration method is a general automatic
approach that makes use of the fluid-dynamical Navier-Stokes
equations, in order to accommodate local shape variation
when mapping a template image to a topologically similar
target image. This is achieved by applying a vector-field
transformation to the underlying material coordinate system
of the template while constraining the transformation to be
smooth.

Fig. 2. Eulerian frame showing coordinate system used to track the kinematics
of the deformation. In the Eulerian frame, vector and scalar field variables
are associated with fixed spatial positions through which particles move rather
than with moving material particles. The point ~x−~u(~x, ti) denotes the particle
from which is resident at location ~x at time ti. Source: G. E. Christensen et
al., 1996 [22].

It makes use of deformable neuroanatomies [24] to represent
human neuroanatomies via deformable templates. The tem-
plate is essentially an anatomy atlas, and individual variation
is generated by deformation of the atlas coordinate system.
These deformations to the anatomical template – defined by
a three-dimensional deformable continuum – are encoded in
a deformation vector field, that is applied throughout the
continuum to provide a map from the individual anatomy back
to the brain template, therefore specifying the transformation.

Concretely, the anatomical template is a function on the
spatial domain Ω ⊂ <3. Variations to the template are
accommodated via a set of space-time transformations ~h(·, ·) :
Ω × [0, T ] → Ω, generated from translactions applied to the
continuum evaluated on all points in Ω. It is then possible
to define the time-dependent displacement field ~u(~x, t) in
terms of ~h(~x, t), by the expression ~h(~x, t) = ~x− ~u(~x, t). The
template is applied to individual subjects by constructing the
time-dependent map from the data volume (i.e. the study),
{S(~x), ~x ∈ Ω}, back to points in the template, to register
the data with the atlas. The atlas and study are said to be
registered when the transformation that minimizes a consistent
nonnegative distance measure C(·, ·) between the deformed
atlas T [~x− ~u(~x)] and the data S(~x), subject to constraints
imposed by mechanics. Figure 2 illustrates the kinematics
of an example deformation and the resulting displacement
vector at each ith computational iteration, ~u(~x, ti), mapping
from points in the template to fixed observation points in the
deforming continuum.

Using this approach, the per-voxel displacements and Ja-
cobian matrices are calculated, using the same computational
implementation as used in [17] and [18], for the pairs of scans
from every subject, previously affine registered to a common
space, the MNI152 space.
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E. Feature Extraction
Following the preprocessing and registration of the images,

features can be extracted from the resulting images.
During the feature extraction process, only features corre-

sponding to voxels inside the brain were used as features,
therefore reducing the feature dimensionality, as the voxels
outside of the brain contain no valuable information for
the present work. The selection of which voxels should be
removed in this processing step is made via the application of
an average brain mask, the International Consortium for Brain
Mapping (ICBM) 152 T1 atlas [25], to the feature spaces.
The feature values corresponding to the remaining voxels were
concatenated into a 1-D feature vector.

For the purpose of the present work, the types of per voxel
features enumerated below are used.

1) Voxel Intensities (VI): VI-type features are obtained
from the pre-processed MRI scans, being a direct measurement
of the intensity value of each voxel in the images. Concretely,
VI-type features were obtained from both the fluidly regis-
tered, and affine registered baseline images from each subject,
denoted in the current work by VI, and VIaff, respectively.

2) Grey Matter (GM) Probabilities: The GM tissue prob-
ability maps generated in the segmentation step of the pre-
processing are smoothed and spatially normalised to the
MNI152 space, using the flow fields generated by the DAR-
TEL registration. The normalisation of the images preserves
the total amount of signal from each region, such that areas
that are expanded during warping are correspondingly reduced
in intensity, as advised by the SPM12 manual for this purpose
[26]. The per-voxel GM probabilities are taken as features,
and referred to as GM, throughout this document.

3) Deformation Norms and Jacobians: From the diffeo-
morphic registration of the images using the per-voxel x, y,
and z coordinates of the deformation vectors, together with
the the values of the voxel-wise determinant of the Jacobian
matrix, |J |, are obtained. The norms of the deformation
vectors are calculated, as well as the values of |J | − 1, and
taken as features. For the DARTEL-based features, these are
henceforth referred to as DefD and JD, respectively, whereas
Christensen-based features are denoted as Defaff and Jaff.
However, given that the Christensen method was applied to
the affine registered images, a voxel-wise comparison between
subjects is hindered by the large inter-subject differences
that exist in brain anatomy. For this reason, an approach
that potentially allows for a better inter-subject voxel-wise
comparison was defined. The deformation norm can be seen
as a discrete function Di(xj , yj , zj) = d(xj ,yj ,zj), meaning
that to every voxel (xj , yj , zj), from the subject-specific
space, corresponds a deformation norm value, representative
of the displacement for that voxel over the six month period,
calculated using the Christensen method. The stereotactic
spaces of affine registered images are different from each
other, meaning that the same voxel will not correspond
to the same brain region for every subject. A non-linear
registration method of the images leads to the images being
nearly identical, and a flow field between the affine registered

and the non-linearly registered images can be obtained. This
means that, if all images Ii can be mapped to a common
space S via a non-linear mapping Mi (that maps the native
space of the image Ii to a close approximation of the
common space, Si ≈ S), corresponding to the DARTEL
flows resulting from the registration. Applying the mapping
Mi to the Christensen deformations (or the norm of the
deformations) measured in the space of each image means
the deformations corresponding to each voxel (x′j , y

′
j , z

′
j), in

the common space S, correspond to the same brain region.
Concretely, each voxel (x′j , y

′
j , z

′
j) corresponds to a different

voxel (xi,j , yi,j , zi,j) in each of the spaces of the individual
images Ii, for which a Di(xi,j , yi,j , zi,j) can be retrieved. In
practice, applying the transformation to the deformation field
Di, results in a mapping of the same field D′

i = Mi(Di).
This methodology is analogously applied to Jacobian feature
sets. Features resulting from using this mapping on the
Christensen-based feature set are denoted as DefaffD and JaffD,
corresponding to the norms of the deformation vectors, and the
determinants of the Jacobian matrices, respectively.

F. Feature Scaling
Two linear normalising approaches were taken and com-

pared: normalising the features to zero mean and unit variance,
and normalising the features to the [0, 1] range, hereby denoted
as Standard, and Linear, respectively. The former is calculated
by giving every of the values of a specific feature x the value

x̂i =
xi − x̄
σ

, i = 1, 2, ..., N, (1)

where x̂i is the normalized value, x̄ and σ are the mean
value and standard deviation of feature x in the training data,
respectively, and N is the number of values of that feature in
the entire data set. [27]

For the case of normalising to the [0, 1] range, the following
formula applies (derived from [28]):

x̂i =
xi −minx

maxx
, i = 1, 2, ..., N. (2)

where minx and maxx are the minimum and maximum
values of feature x in the training data, respectively.

In addition to the two aforementioned methods, CAD
systems were implemented without the use of feature scaling,
for control purposes, henceforth referred to as None.

G. Feature Selection
Since whole brain measurements usually generate millions

of features, dimensionality reduction to the feature space is
usually applied, so that the efficiency and generalisation ability
of the classification are improved.

This project uses Mutual Information (MI) Ranking to
perform feature selection, meaning that the MI between every
feature and their respective labels are calculated, and the
features with the n highest MI are used as the features for
the classifier, where n is the desired number of features1.

1The following set of numbers of features was selected and used for each
classifier: {50, 100, 250, 500, 1.000, 2.500, 5.000, 10.000, 25.000, 50.000,
100.000}.
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MI uses information theoretic criteria to measure how much
information two variables share. Its discrete equivalent, two
random variables xi and the target y, is defined as follows
(according to [29]):

I(i) =
∑
xi

∑
y

P (X = xi, Y = y) log
P (X = xi, Y = y)

P (X = xi)P (Y = y)

(3)
where P (X = xi) and P (Y = y) denote the estimated

probability densities of xi and y, and P (X = xi, Y = y)
is the estimate of their joint density. The present work
uses an histogram-based approach to estimate the probability
density functions. These histograms partition the space in
equal segments and count the number of elements in each
partition.

Furthermore, an alternate longitudinal feature selection
method is employed in this work. In this method, hereby
referred to as VI MI Ranking, the selection of the relevant
voxels is made through the MI Ranking of the corresponding
linearly normalised VI-type features2.

H. Feature-based Classification

For all classification tasks this work uses a SVM [30]
with a linear kernel, which has been widely and successfully
employed in the field of AD diagnosis. Particularly, given that
the problem under study deals with binary classification of
unbalanced data, a weighted SVM [31] is used, attributing
per-class weights so that the contribution of each class has
the same weight to obtaining the separating margin in the
classifier.

In order to implement the SVM classifier, functions from
the library LIBSVM [32] were used.

Tuning of the penalty parameter of the error term of the
SVM was made through a three-layer coarse to fine search
algorithm, using five folds in the inner loop of the nested CV.

I. Perfomance Assessment

In order to evaluate the performance of the classifiers the
Accuracy (ACC), Sensitivity (SENS), and Specificity (SPEC)
are used as performance measurement tools. In addition to the
three accuracy measurements described above, the ACC of the
equivalent class balanced classifier, i.e. the classifier tested on
the same number of instances from each class, is computed.
The balanced ACC (bACC) can be obtained by performing
the arithmetic mean of the SENS and SPEC:

bACC =
SENS + SPEC

2
(4)

Furthermore, in order to obtain more generalisable results,
nested CV is used with 10 folds in the outer loop, and five
folds in the inner loop.

2For the classifiers using Defaff + Jaff, VIaff features were used for this
purpose of VI MI Ranking feature selection method. For the other two pairs
of features (DefaffD + JaffD , and DefD + JD), the VI features were used
for this purpose, as both the deformations/jacobians and VI are in the same
stereotactic space.

III. POPULATION AVERAGE DEFORMATION STUDY

After the deformation vectors were calculated using the
Christensen method, the component by component average of
the deformation vectors was taken for each study group, and
the colour quiver plots of the resulting average (for the slice
105 in the axial plane) were computed and are presented in
Figures 3a-3d. Additionally, the cropped quiver plots of the
ventricular region is presented in Figures 3e-3h. It should be
noted that the norms of the vectors are normalised in each
quiver plot, meaning that differences in vector norm represent
intra-study group trends in focal atrophy and a direct inter-
study group comparison based on the norm cannot be made
from their analysis.

In Figure 3a it is possible to observe that, for the AD pop-
ulation the larger deformations correspond to an enlargement
of the ventricles, known to be associated with AD, as well
as the region surrounding the hippocampus. For the case of
the CN study group, from a visual analysis of Figure 3b, it
can be seen that, unlike the AD case, the deformations occur
with greater magnitude in the cortex, and ventricles, with the
left hemisphere suffering from greater atrophy than the right.
These findings are consistent with the literature regarding the
effects of ageing on the brain [33]. Comparing the quiver
plots of the ventricular regions of AD and CN populations, in
Figures 3e and 3f, it is possible to see that (in comparison to
the brain regions where very little atrophy occurs) the ventricle
expansion occurs at a much higher pace and throughout the
whole ventricular wall of both lateral ventricles, in the AD
case, when compared to the CN case, where atrophy occurs
in a more unilateral fashion, and focally located at the superior
walls of the lateral ventricles.

Regarding the plots for the MCI subjects, in Figures 3c
and 3d, it is possible to draw parallels between the converters
and non-converters and the AD and CN cases. In the case
of the MCI-c, there is a clear difference between the atrophy
rate in the ventricles and the rest of the brain that (as seen in
Figure 3e, for the AD study group average) occurs bilaterally
across the entire lateral ventricular walls, at a smaller rate,
however, than that observed for the AD group. Regarding the
MCI-nc group, deformations are greater in the superior portion
of the lateral ventricles, as well as the temporal pole. Unlike
the CN case, however, these occur bilaterally.

IV. RESULTS

Different combinations of features were used to perform
the binary classification problems (in a dichotomous fashion)
using the classes AD, MCI, and CN, corresponding to subjects
with a cognitive diagnosis of the same name. Furthermore,
the prediction of conversion from MCI to AD was evaluated
using the classifier, corresponding to the MCI-c vs. MCI-nc
classification task. Overall, the following binary classification
tasks were carried out: AD vs. CN, AD vs. MCI, MCI vs. CN,
and MCI-c vs. MCI-nc.

Specifically, CAD systems were implemented using cross-
sectional features (VI, VIaff, and GM), and longitudinal features
(Defaff + Jaff, DefaffD + JaffD, and DefD + JD) individually,
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(a) AD. (b) CN. (c) MCI-c. (d) MCI-nc.

(e) AD ventricles. (f) CN ventricles. (g) MCI-c ventricles. (h) MCI-nc ventricles.

Fig. 3. Colour quiver plots of the population averages of the Christensen deformation vectors of the slice 105 in the axial plane.

extracted as described in Section II-E. The logical succeeding
step to using either cross-sectional or longitudinal features, is
then to look into the potential of combining the two types of
features for the CAD of AD. To achieve this, two approaches
were attempted: to use the cross-sectional data to create a
better performing feature selection method; and feeding both
the cross-sectional and longitudinal features to the classifier of
the CAD system. For the first approach, the selection of the
relevant voxels was made using the VI MI Ranking feature
selection method. Regarding the second approach, this consists
of concatenating the cross-sectional and longitudinal features
into a feature vector used to train and test an SVM classifier.
Additionally, a combination of both methods was implemented
and tested, where the VI-type features were used to select the
voxels to be used, and the cross-sectional and longitudinal
features corresponding to said voxels concatenated into the
feature vector.

Feature normalisation using all three methods under study
(None, Linear, Standard) was implemented and tested, for
all binary classification tasks. The resulting bACC (and the
standard deviation between SENS and SPEC) from this im-
plementation are displayed in Table II.

V. ANALYSIS

From an analysis of Table II, it is possible to observe
that feature combinations using the proposed feature mapping
of the Christensen deformations (i.e., the mapping from the
Defaff/Jaff feature space that of DefaffD/JaffD) produced the
highest bACC for two of the four classification tasks, having
DefD + JD, and standalone VI features produced an equally

high result for the AD vs. CN task. For the MCI vs. CN task,
VI + DefD + JD produced the highest bACC, 98.19% (98.41
ACC; 97.70 SENS; 98.68 SPEC). Finally, for the remaining
classification task, MCI-c vs. MCI-nc, i.e. the MCI to AD
conversion problem, the GM features produced the highest
bACC.

Two diffeomorphic registration algorithms were used to
generate longitudinal features, based on atrophy occurring over
a six month period, which were used in several CAD systems
to perform AD- and MCI-related diagnosis. Additionally, a
feature mapping method (based on fluid diffeomorphic regis-
tration) was used in an attempt to improve the classification
accuracy. Looking at the results presented in Table II, it is
possible to observe that the classifiers using the Christensen-
based features, after the feature mapping has been applied,
outperform their non-mapped counterparts (in terms of bACC),
for the great majority of classification tasks. This trend is
visible not only when longitudinal features are used, but also
for the hybrid case. It should be noted that, for the hybrid case,
the mapped and original features were paired with different
cross-sectional features (VI, and VIaff, respectively), which
impacts the comparison between methods when combined
with cross-sectional features. However, using the mapped
features in the hybrid case resulted in higher accuracies than
those resulting from using non-mapped features, for nearly all
classification tasks, even though that was not the case for the
cross-sectional classifiers which use the corresponding VI-type
features used in the each hybrid case.

Comparing the DARTEL and Christensen methods in their
potential to generate features which can be used for the
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TABLE II
BACC OF THE IMPLEMENTED CAD SYSTEMS (%).

Feature Feature Feature
AD vs. CN AD vs. MCI MCI vs. CN MCI-c vs. MCI-nc

Extraction Scaling Selection

C
ro

ss
-s

ec
tio

na
l

VI
None

MI Ranking
98.61±0.35 97.75±0.08 57.69±20.15 65.57±15.41

Linear 97.62±0.11 97.40±1.20 56.42±38.06 66.88±17.26
Standard 97.62±0.11 96.74±0.27 58.56±21.38 67.83±22.39

VIaff

None
MI Ranking

93.27±0.24 87.60±10.10 60.12±42.13 64.50±27.10
Linear 92.70±1.05 86.89±12.34 60.94±40.97 63.15±30.86

Standard 93.52±2.21 88.26±11.02 60.69±39.46 63.82±29.91

GM
None

MI Ranking
83.09±13.48 67.01±19.99 58.97±20.80 68.54±15.85

Linear 83.67±12.66 66.70±17.94 58.15±21.96 69.86±15.83
Standard 84.08±5.12 66.65±21.11 57.28±20.73 68.54±15.85

L
on

gi
tu

di
na

l

None 67.02±11.87 59.67±29.12 59.21±13.02 56.67±14.14
DefD + JD Linear MI Ranking 65.54±8.16 58.72±39.15 60.48±21.78 53.79±0.65

Standard 65.62±11.53 59.37±27.07 60.04±21.16 52.68±17.93

Defaff + Jaff

None
MI Ranking

75.47±9.19 63.20±25.99 89.84±8.58 60.35±6.16
Linear 74.32±10.82 64.47±31.02 90.28±7.95 60.39±0.55

Standard 76.21±1.13 64.30±27.53 90.06±8.27 62.00±6.60
None 76.04±16.50 69.69±20.53 89.02±7.42 67.57±12.59

DefaffD + JaffD Linear MI Ranking 77.11±11.51 67.39±23.79 88.83±6.53 63.88±20.58
Standard 75.30±18.70 68.54±22.16 88.83±6.53 63.29±10.32

H
yb

ri
d

None 83.84±3.15 80.45±14.62 57.39±25.53 63.92±14.98
DefD + JD Linear VI MI Ranking 77.77±5.95 66.16±23.66 57.99±24.06 61.32±9.40

Standard 86.05±4.65 78.12±12.95 57.99±24.06 63.25±15.92

Defaff + Jaff

None
VI MI Ranking

89.17±5.55 74.92±23.06 88.47±3.55 60.64±12.22
Linear 86.13±8.02 67.23±33.31 88.50±2.35 60.00±9.43

Standard 89.66±1.61 75.11±18.45 88.47±3.55 57.99±14.12
None 80.30±12.78 76.29±21.74 90.33±5.56 61.59±17.35

DefaffD + JaffD Linear VI MI Ranking 82.44±10.92 73.56±24.37 89.32±3.51 65.22±18.69
Standard 80.47±11.39 76.07±21.43 89.48±5.59 61.24±20.61

None 98.61±0.35 97.75±0.08 58.40±23.48 65.57±15.41
VI + DefD + JD Linear MI Ranking 98.61±0.35 97.75±0.08 58.40±23.48 65.57±15.41

Standard 97.62±0.11 96.52±0.04 60.63±37.06 68.14±24.71

VIaff + Defaff + Jaff

None
MI Ranking

93.27±0.24 87.60±10.10 60.12±42.13 64.50±27.10
Linear 93.27±0.24 87.60±10.10 60.12±42.13 64.50±27.10

Standard 94.01±1.97 88.97±8.78 90.06±8.27 64.81±29.43
None 98.61±0.35 97.75±0.08 57.69±20.15 65.57±15.41

VI + DefaffD + JaffD Linear MI Ranking 98.61±0.35 97.75±0.08 57.26±28.81 65.57±15.41
Standard 96.31±2.91 96.60±1.70 88.83±6.53 67.50±21.93

None 97.62±0.11 98.19±0.69 58.85±33.38 66.90±13.53
VI + DefD + JD Linear VI MI Ranking 97.62±0.11 97.75±0.08 58.12±38.14 65.24±14.96

Standard 97.46±1.28 96.96±0.58 59.43±40.00 67.80±26.12
None 92.53±2.45 88.39±9.60 83.19±14.47 64.24±17.30

VIaff + Defaff + Jaff Linear VI MI Ranking 92.53±2.45 88.39±9.60 77.70±24.10 64.24±17.30
Standard 94.83±0.81 89.32±7.66 87.06±8.37 63.82±29.91

None 97.62±0.11 97.75±0.08 81.77±17.10 65.24±14.96
VI + DefaffD + JaffD Linear VI MI Ranking 97.62±0.11 97.75±0.08 73.19±30.48 65.24±14.96

Standard 96.06±0.93 96.96±0.58 87.69±8.10 67.50±21.93
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purpose of AD and MCI classification, based on the results
presented in this section, it can be seen that the two methods
produce commensurate results (in terms of bACC) for the AD
vs. CN, AD vs. MCI, and MCI-c vs. MCI-nc classification
tasks. However, for the MCI vs. CN classification task,
the classifiers using features derived from the Christensen-
measured deformations allowed for a diminishment of the error
rate of the equivalent balanced classifier by over 60%, in com-
parison to those obtained using the DARTEL methodology.

Regarding the proposed alternate feature selection method,
VI MI Ranking, based on the MI of the linearly normalised
VI features, improvements in the classification accuracy of
the classifiers using longitudinal and hybrid features were
visible in nearly all classification tasks for all the three tested
longitudinal feature types.

Finally, in terms of the implemented feature scaling
methods, it can be seen, from the results presented in
Section IV, that no obvious pattern arises from the results
through classification tasks, for any feature type. Nonetheless,
it is noticeable that for a large number of cases, the None, and
Linear methods produce identical results. For the other cases,
no trend can be seen in terms of consistent improvements
in the usage of any of the two methods. In addition, it is
observable that, from the classifiers that produced the highest
bACC values for each classification task, there is a majority
of which that use the Linear feature scaling method, even
though there is at least one classification task for which the
corresponding classifier with the highest bACC uses any of
remaining two methods.

In order to compare these results against the literature,
benchmark results were selected and are presented in Table III,
together with the results from the classifiers that obtained the
highest balanced accuracies for each task, as presented above.

From an analysis of Table III, it is possible to conclude
that the methods used and tested in this work yield results
comparable to those found in state of the art literature, with the
exception of the MCI to AD conversion prediction, problem
for which multiple algorithms found in literature produce far
better results [12], [19].

For the case of the AD vs. CN task, the algorithm using VI
performed equivalently to the best performing algorithm in the
literature, being the differences in bACC not significative. The
inclusion of longitudinal features in this classification however,
did not improve (or worsen) the bACC of classification of the
dataset used in this study, for this task.

Regarding the AD vs. MCI classification task, the usage
of features derived from DARTEL-measured deformations re-
sulted in a reduction of the error rate of the balanced classifier
of 63.8%, when compared to the work of E. Hosseini-Asl et
al. [16].

Finally, for the MCI vs. CN task, using the proposed method
for longitudinal feature mapping, and cross-sectional VI-based
feature selection (i.e., using the feature vector DefaffD + JaffD,
and the VI MI Ranking feature selection method) achieved

an equivalent performance to the method developed by M. A.
Iftikhar & A. Idris [15], in terms of bACC.

It should be noted, however, that the studies which produced
the results detailed in Table III, even though all use T1-
weighted MRI scans collected from the ADNI database, use
different subsets of subjects from each other, and from the
current study. Moreover, from the selected works, only that
of E. Hosseini-Asl et al. [16] uses MRI scans taken using a
field strength of 3.0T, as is the case in the present work. A
conclusive comparison between methods could only be made
using the same exact dataset. Furthermore, each subset of
subjects diagnosed with MCI has a different MCI-c/MCI-nc
ratio, which might have an impact in the resulting accuracies
for the binary classification problems involving this class, as
previously suggested in the work of D. Zhang et al. [14].

VI. CONCLUSIONS

The present work studied the role of short term atrophy as a
biomarker to diagnose AD. Concretely, this project looked into
the potential use of longitudinal features derived from atrophy
measurements, made using the DARTEL and Christensen
diffeormorphic registration methods, for the development of
an AD CAD system.

Two linear feature scaling methods were tested, having no
distinguishable patterns arisen from the classification results
obtained, regarding which of the methods is more fitting to
be used in all tested classification tasks, or applied on feature
types.

Regarding the feature selection of longitudinal features of
the kind herein studied, it was shown that the MI Ranking
method does not reduce the dimensionality of the feature space
in a manner that allows for a high accuracy to be obtained.
In this work, that problem was tackled by introducing the VI
MI Ranking method, which improved on the results obtained
using traditional MI Ranking.

Analysing the outcomes of using the measurements from
the two diffeomorphic algorithms for feature extraction, it was
possible to observe that both the methods show analogous
performances for all tasks, with the exception of MCI vs.
CN, for which using the features derived from the vectors
measured using the Christensen method outperformed using
the DARTEL-based features.

Overall, the results produced in this study support the role
of longitudinal features in a CAD of AD, these having been
commensurate to those of state of the art literature on this
field.
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TABLE III
BACC OF SELECTED CAD SYSTEMS FROM THE LITERATURE (%). RESULTS USING DIFFERENT FEATURE SCALING, AND SELECTION, METHODS ARE

LABELED ACCORDING TO THE FOLLOWING CODES: 1 – None; 2 – Linear; 3 – Standard; † – MI RANKING; ‡ – VI MI RANKING.

Method AD vs. CN AD vs. MCI MCI vs. CN MCI-c vs. MCI-nc

M. A. Iftikhar & A. Idris [15] 98 90.5 90 —

S. Minhas et al. [19] — — — 89.91

E. Hosseini-Asl et al. [16] 97.5 95 90.8 —

VI 98.611,† 97.751,† 58.563,† 67.833,†

GM 84.083,† 67.011,† 58.971,† 69.862,†

DefaffD + JaffD 82.442,‡ 75.113,‡ 90.332,† 67.571,†

VI + DefD + JD 98.611,2,† 98.191,‡ 60.633,† 68.143,†

VI + DefaffD + JaffD 98.611,2,† 97.751,2,†,‡ 88.833,† 67.503,†,‡
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