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Introduction

Neurodegenerative diseases affect a big percentage of the older population in
the world. As time goes by, the older population increases and so the affected
people. This diseases can disturb movement, autonomic functions, memory,
language, among others. The diagnosis is done based on different medical non
invasive procedures. However sometimes is a late or wrong diagnosis. Early
diagnosis, leads to eraly treatment which reduces the effects of the diseases.

Aging, as well as neurodegenerative diseases, in particular Alzheimer’s disease,
cause degeneration of the brain. This changes are visible on Magnetic Resonance
Images. Therefore, images form part of the information the doctors use to
diagnose the diseases.

Machine learning algorithms are based on the idea of trying to recognize patterns
in data, just as animals and humans do in their daily lifes to make decisions.
On the last decades a big research has been developed on this area, having
very good results. Machine learning methodologies have been used with great
success to classify text according to its topic, classify clients regarding their
credit capabilities, among others.

This project intends to use machine learning algorithms, specifically Support
Vector Machines, in the medical context. In particular, it aims to approach
the classification of magnetic resonance images regarding the pathology they
present.
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Chapter 1

Medical Context

1.1 Neurodegenerative diseases

The neurodegenerative diseases are a group of brain diseases that affect differ-
ent activities performed by the body. Their etiologies are, in most of the cases,
unknown. Yet, genetic predisposition, alcoholism, neoplasias, toxins and infec-
tions, are important associated risk factors. Clinically, they can affect move-
ment, autonomic functions, and/or high executive functions, like memory and
language. Most of them can be serious and risk the life of the patient, for the
majority there is no cure. There are treatments that can reduce the symptoms
and improve the life quality of the patient.

Examples of neurodegenerative diseases are:

• Dementia (Alzheimer’s Disease (AD), Frontotemporal Dementia, Lewy
Body Disease, among others)

• Movement disorders (Parkinson’s Disease, Huntington’s Disease)

The medical advances in the last years have increased life quality of humans,
helped prevent diseases and have enhanced the treatments. As a result, the life
expectancy has increased and therefore also has the older population. Nowa-
days, people older than 65 years old represents the 13% of the population. It is
estimated that for 2030 they will be close to the 20% [21].

The number of cases with dementia (its incidence) and the proportion of people
suffering from it compared to the total population (its prevalence) is increaing
dramatically in the population aged between 65 and 85. Dementia is already a
public health issue and as the population grows older, it could even become an
epidemiological crisis [21].

Throughout this work, alternatives for supporting the diagnosis of some of these
diseases, based on medical images and machine learning, will be studied. More
specifically, the project is focused on patients with mild cognitive impairment
(MCI), Alzheimer disease (AD) and control subjects. On the next sections a
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general medical context will be presented, describing the brain, its natural aging,
dementia, MCI and AD. At the end, a brief description of Magneric Resonance
Images (MRI) is given.

1.2 The brain

The brain is part of the central nervous system, and is the organ where most
of the neurons accumulate. The brain is therefore responsible for most of the
functions of the nervous system, including symphatetic, parasympathetic, au-
tonomic and high executive functions. For the understanding of this project, a
brief description of the anatomy of the brain is performed. Most of the informa-
tion was gathered from the sources referenced in this section, but in particular
[19].

The brain is part of the central nervous system (CNS) as well with the spinal
cord. The other part of the nervous system is the peripheral nervous system
(PNS) which is composed by a collection of spinal and cranial nerves that reach
all parts of the body and deliver messages from and to the CNS. The brain
can be divided in cerebrum, cerebellum and brainstem. At the same time the
cerebrum is composed of the cerebral hemispheres, which are divided by the
longitudinal fissure, and the diencephalon.

The nervous system has its own kind of cells, which are primarily the nerve
cells, or neurons, that are in charged of processing information and signaling,
and the glial cells that play different supporting roles. All the neurons have
a cell body where all the metabolic and synthetic processes of the cell take
place. Most neurons have a series of branching called dendrites, and is where
the information from other cells is received via the synapses. The axon is a long,
cylindrical process present in most of the neurons, that conducts information
away from the cell body.

The CNS can be mostly divided into gray matter and white matter. In the gray
matter is where most of the cell bodies and dendrites are found, it has actually
a pinkish gray color because of its abundant blood supply. In the white matter
is where more axons can be found, most of them have a myelin sheath which
is mostly lipid, giving it its white appearance. A cortex is an area where gray
matter forms a layered surface that covers some part of the CNS.

The human brain weighs about 400g at birth and during the first 3 years of
life this weight triples as a consequence of myelinization (spiral wrapping of
glial membranes) and the growth of neurons (not the addition of them). The
maximum weight of the brain is about 1400 g that is reached when humans are
around 11 years old. This weight is maintain until the age of 50 when a slow
decline occurs.

As with other parts of the human body, there are some particular planes con-
sidered when studying the brain. The sagittal plane, divides the brain into two
symmetrical halves. The coronal planes, or frontal planes, are parallel to the
long axis of the body and perpendicular to the sagittal plane. The axial planes,
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also known as transverse or horizontal, are perpendicular to the long axis of the
body. Figure 1.1 shows different slices from the planes considered on the brain.

Figure 1.1: Slices from different planes in the brain

Most of the brain matter is confined into the cerebral hemispheres. The cerebral
hemisphere’s surface has folds, which increase the total cortical area. Each
ridge is called a gyrus, and each groove between ridges is called a sulcus. A
fissure is a particular deep sulcus. Each cerebral hemisphere includes a frontal,
parietal, occipital, temporal and limbic lobe. These divisions are a consequence
of prominent sulci found in the brain. In figure 1.2, taken from [19], the lobes
and the principal sulci are displayed.

Figure 1.2: Lobes and sulci of the cerebral hemisphere

Figure 1.3 shows the main functional areas of the brain. The main functions of
each lobe are:

• Frontal and prefrontal lobes contain motor areas and high executive func-
tions: control voluntary movements, written and spoken language and
executive functions, such as personality, insight and foresight.

• Parietal lobes contain somatosensory areas: sense of touch, temperature,
proprioception, pain, pressure, comprehension of language and spatial ori-
entation and directing attention.
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• Temporal lobes contain auditory areas: primary auditory cortex, com-
prehension of language, higher order processing of visual information and
complex aspects of learning and memory.

• Occipital lobes contain visual areas: concerned primarily with visual func-
tions and higher order processing of visual information.

• Limbic lobe is interconnected with other limbic structures buried in the
temporal lobe: Is important in emotional responses, drive-related behavior
and memory.

Figure 1.3: Major cerebral gyri and functional areas

Based on [12], the ventricles of the brain are filled with Cerebrospinal Fluid
(CSF) and they form a communication network of cavities. The brain has
2 lateral ventricles, the third ventricle, the cerebral aqueduct and the fourth
ventricle. Figure 1.4 displays the ventricles and other structures of the brain.

Figure 1.4: Ventricles and other structures of the brain
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In the ventricles are located the choroid plexuses which produce the (CSF).
This fluid fills the ventricles and other parts of the brain and is constantly
being produced and absorbed.

The different conditions that affect the brain, compromise the anatomy of the
structures leading to alterations in their particular functions. Aging causes the
morphology of the brain to change. For this reason, when studying different
diseases, specially dementia, there is a need to study the normal aging of the
brain. The next section gives an introduction to this topic.

1.3 Aging of the brain

As years go by, the neurological signs that are more closely related with ag-
ing are the progressive loss of audition, a reduction in the sense of smell, sight
deficiencies, motor activity reduction, coordination disruptions, memory alter-
ations and other high executive and cognitive functions, such as calculations,
abstraction, language, among others. The morphological changes of the nervous
system associated with aging haven’t been described completely, however some
of them are:

• Loss of weight of the brain: The brain loses around 200 g of its weight
as the humans grow older. This is related with an increase in the size
of the lateral ventricles and the deepening of the sulci. Knowing that
the skull is a closed rigid structure, a reduction of the brain matter will
allow the ventricles and the cerebrospinal fluid to occupy these spaces.
The imagenological studies will therefore show an small atrophic brain
with reduced number of gyri, prominent sulci and increased ventricles and
cerebrospinal fluid.

• Constriction of the brain, due mainly to the diminishing in big neurons
size, which doesn’t directly imply their disappearance.

Besides, there are also three histological markers associated with neurodegen-
erative diseases and specially with dementia [21], that are also present to some
degree in the natural aging of the brain. This makes it difficult to differentiate
normal aging brains from brains with dementia. The markers are:

• Senile plaques (SP): There are mechanisms within the normal brain that
are responsible of the degradation of amyloid, but in some cases this mech-
anisms are inefficient, leading to the accumulation of amyloid plaque be-
tween synapses. This affects the transmission of impulses from neuron
to neuron which in turn have clinical consequences typical of dementias.
Nearly half of cognitively intact older individuals demonstrate moderate
or frequent SP density.

• Neurofibrillary tangles (NFT): are caused by protein tau aggregations in-
side the neurons which affects the synthesis and transport of neurotrans-
missions. The Braak pathoanatomic staging divides Alzheimer disease
into six stages based on the topographical distribution of NFTs. Braak
stage 5 or 6 NFTs are found in 6% of cognitively normal cases.
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• Lewy bodies: are intraneuronal clumps of α-synuclein and ubiquitin pro-
teins. They are involved in the transport of chemicals and neurotrans-
missor inside the axon. They are found in 5-10% of cognitively intact
individuals.

Taking this into account, differentiating a normal aging from early stages of
dementia is a hard task. This transitional stage between the expected cognitive
changes of normal aging and dementia has been designated Minimal Cognitive
Impairment (MCI) [21] and is described in the next section.

1.4 Minimal Cognitive Impairment (MCI)

Research done for identifying an initial stage of dementia has ended up in creat-
ing the term “minimal cognitive impairment”. Clinically, this is a transitional
stage between aging-related changes and an early stage of dementia [25]. The
initial criteria for diagnosing MCI was related to patients who would probably
develop Alzheimer’s. This has changed over time and nowadays, the criteria for
diagnosing MCI is based on different amnesic and no amnesic alterations. This
classification has shown to have an important prognostic value. Using the actual
diagnosis criteria for MCI, the prevalence of the disease in the population older
than 65 years is between 12% and 18%[25]. A complete reference for studying
MCI is [22].

The criteria used for diagnosis is:

• Memory deficiencies, confirmed by an informant.

• Mnesic alterations, according to age group and scholarity.

• General cognitive functions conserved.

• Daily activities unaffected.

• Absence of dementia.

In order to stablish the earlier criteria, the professional needs a detailed medical
history, general and neurological examinations and mental exams (e.g. neu-
rocognitive exams). A proper classification based in the alterations of memory
is mandatory. Below figure 1.8 shows the categories and possible evolutions to
specific dementias.
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Figure 1.5: Possible evolutions of MCI

It is known that MCI can evolve to a particular dementia, however, it hasn’t
been easy to determine the evolution rate for each one of them, due to the
differences in diagnostic criteria used in the different studies.

1.5 Dementia and Alzheimer

Dementia is a chronic alteration of high executive and cognitive functions that
affect memory, thought, judgement and/or behavior, without any alteration in
the level of consciousness [24][21]. Medically, dementias are classified into three
possible groups [25]:

• Primary Degenerative Dementia (PDD)

• Vascular dementia

• Secondary dementias and others

Among some important facts about dementia described by the World Health
Organization [8] are:

• “47.5 million people live with dementia.

• A new case of dementia is diagnosed every 4 seconds.

• An early diagnosis improves quality of life of patients and their families.

• More research and evaluation is required.

• Dementia is a public health priority.”

Alzheimer Disease

Alzheimer Disease (AD) is the most common of the DDP in the western world,
followed by the frontotemporal dementia (FTD) and lewy body dementia. Alzheimer
causes a progressive and irreversible loss of brain capacities. However, thanks
to farmacology, the progress in the loss is modifiable, at least temporary, with
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drugs. This is why is very important an early diagnosis. The natural history of
the disease is as follows: [25]

1. Initial stage: instauration of the disease and progressive loss of memory,
sometimes is hard to stablish the moment it began.

2. Intermediate stage: the cognitive functions get more affected and behav-
ioral disorders appear.

3. Terminal stage: hardest stage of the disease, the patient looses the auton-
omy.

Pathophysiologically, AD is characterized by an “amyloid cascade”, in which
there is an abnormal accumulation of amyloid-β (Aβ) in neurons. Aβ42 clumps
form senile plaques in the cortical gray matter. Other feature is tauopathy, in
which the development of neurofibrillary tangles and neuronal death is caused
by abnormal phosphorylation of an associated protein known as “tau”. The
brains affected by AD show shrunken gyri, widened sulci and enlarged lateral
ventricles. Changes are most marked in the medial temporal and parietal lobes.
[21].

On standard magnetic resonance images, the most common morphological changes
are thinned gyri, widened sulci and enlarged lateral ventricles.

1.6 Brain imaging

Brain imaging plays an important role in the diagnosis and study of dementia.
With the help of neuroimaging, neuroradiologists can identify factors that may
be responsible for the dementia-related symptoms, or identify specific areas of
the brain affected by a particular type of dementia. With periodical imaging, the
progress of the dementia can be studied. This can help identify the structural
and chemical changes that take place in the brain as the disease advances.[20]

Neuroimages can be divided in two categories:

• Structural images: in which the structure of the brain is observed. Exam-
ples of this category are the Computarized Tomography (CT) and Mag-
netic Resonance Imaging (MRI).

• Functional images: in which the activity of the brain is studied. In this
category the images are Functional Magnetic Resonance Imaging (fMRI),
Positron Emission Tomography (PET) and Single Photon Emission Com-
puted Tomography (SPECT).

The present project is based on MRI images, therefore coming up next is a
description of this images and how the different diseases can be observed on
them.

Magnetic resonance imaging, as explained in [19], is a method very sensitive
to the concentration and physicochemical situation of particular atomic nuclei,
most of the time hydrogen nuclei. It is known that nuclei with an odd number of
protons or neutrons, like hydrogen nuclei, have a charge difference and therefore
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they can behave like small magnets. When a powerful magnetic field is imposed
on something containing this nuclei, like the human’s head, a net tendency for
the nuclei to align themselves with the external field is generated. When they are
aligned, the nuclei absorb and then emit electromagnetic energy at a particular
frequency, namely the resonant frequency for that nucleus in that situation.

With this in mind, applying radiofrequency pulses to a subject who is induced
with a strong, static magnetic field, and then measuring the spatial distribution
of the various time constants with which the absorbed energy is reemitted, can
give information for constructing detailed images based on the different tissues
and their properties.

There are two time constants associated with clinical MRI. T1 is the time taken
by the nuclei to return to the alignment with the static field and T2 the time
taken by the nuclei to lose alignment with one another after beign perturbed at
the same time by radiofrequency pulses. According to the constant used, MRI
images display different tissues in different ways, for example, in T1 images the
cerebrospinal fluid is dark and in T2 is light.

On the following images, an example of MRI for each of the conditions consid-
ered is presented. All of them are males around 74 years old, and are part of
the database ADNI [2], which will be described further in this document.

Figure 1.6: Normal-Subject:037 S 4308-Identifier:56666

Figure 1.7: MCI-Subject:013 S 4917-Identifier:57532
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Figure 1.8: AD-Subject:130 S 1337-Identifier:14966
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Chapter 2

Theoretical background:
Machine learning

Acting based on available data and the category of observed patterns is known as
Pattern recognition. Humans and animals have used this technique throughout
history for survival. As a consequence, the construction of machines that are
able to learn from experience has been a philosofical and technical historical
debate.

The pattern identification process is composed of different tasks. First, obtain-
ing the information, which can be an image or text from which patterns are
identified. Second, preprocess the information. This step is necessary because
only in few contexts the data is presented already in a form that can be pro-
cessed. Third, obtain the characteristics or features that will be used in the
classification process. Finally, the last step is to identify patterns among the
input data.

The pattern recognition methodology can be used on different contexts, and
according to the available input data there are different methods to be used.
Some of them will be described in this chapter.

2.1 Supervised learning

In the pattern recognition task, the input data can come in different forms. On
one hand, when the input data is composed of features and the label of the
category the data belongs to, the learning task to classify new unlabeled data
is known as supervised learning. On the other hand, when only the features
related to the input data are known, and no labels regarding their categories is
given, the learning task is known as unsupervised learning. This project aims to
classify medical images on pre-defined categories, therefore is part of supervised
learning problems.
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Among the supervised learning approximations, and specifically on classifica-
tion, there are specific terms related to the methodology. The input data in the
learning tasks is divided into two subsets, one is known as the train sample or
train set, in which algorithms are trained, and the other one is known as test
sample or test set in which trained algorithms are tested. The classification
problem consists on designing an algorithm that, based on the train sample, is
able to determine the category or label of a new instance based on its character-
istics. From now on, the characteristics that are chosen to represent an instance
in the form of a vector will be referred as features.

2.2 Support vector machines

The Support Vector Machines (SVM), were introduced by Vapnik and Cortes
and Vapnik on 1995. This supervised learning technique for classification has
been widely used and is of great importance due to the different contexts in
which it has been applied and more important, thanks to the great results that
have been reported with its application. Complete theory and descriptions can
be found on [13].

In the binary classification context, in which theory is based, the following is
considered:

Given a training sample S = { (x1, y1), (x2, y2), ..., (xi, yi)}, with S ∈ Rd × C
and C = { −1, 1} a set of pre-defined categories, one aims to train a model
in which given a new data point x ∈ Rd, the category it belongs to can be
determined. In this problem, d denotes the dimension of the features vector.

2.2.1 Classifying in the input space

Linear classification

Given a dataset xi ∈ X ⊆ Rd, in which each point belongs to one of two different
categories yi = 1 or yi = −1, the set is linearly separable if there exists an
hyperplane that divides the set in the two categories.

In the simple approach, the problem reduces to find a function f : X ⊆ Rd → R
in which given input data x = (x1, ...xd)

′, it is classified in the category yi = 1
if f(x) > 0 and in yi = −1 on the other case. Initially, f is considered as a
linear function from x ∈ X, therefore it can be written as:

f(x) = 〈w · x〉+ b =

n∑
i=1

wixi + b (2.1)

where ((w), b) ∈ Rd × R are the parameters that control the function. The de-
cision rule is given by sgn(f(x)), defining sgn(0) = 1. The parameters involved
are learned with the training sample. In this context, the space X ⊆ Rd is
divided in two parts by the hyperplane 〈w · x〉+ b = 0.

16



In the support vector machine context, the algorithm searches for the plane
which maximizes the separation margin among classes, respecting the class of
each training point. The problem can be written as follows after a normalization,

minimize
w,b

1

2
‖w‖2

subject a yi(w
txi + b) ≥ 1,∀i = 1, ..., n

(2.2)

Let w∗ ∈ Rd and b∗ ∈ R the solution to the problem. The hyperplane that
divides the samples is given by the set of points x that satisfy (w∗xi + b∗ = 0).
This plane exists when the data is linearly separable.

The support vectors are the points xi, where some of the restrictions of the
equation (2.2) are satisfied, that means, are the points where | (w∗)txi+b∗ |= 1.
These are the points of the set that are closer to the separating plane. Its
interesting to notice that the solution to the problem would be the same if only
the support vectors are considered in the training sample.

In the linear context, a new point x belongs to the category −1 or 1 according
to its location respect to the separating hyperplane.

The solution in the linear context requires that the sample is linearly separable,
therefore no noise in the training sample is allowed. As a consequence this
solution is hardly applicable to real problems. In order to be able to classify
data with noise and non linearly separable, some changes are introduced, which
are described in the following section.

2.2.2 Non-linearly separable data

When the input data is not linearly separable, some changes are introduced
in order to make the problem a separable one. There are three main changes.
First, a transformation is applied to the training data. Second, a kernel is
applied and third, slack variables are defined in order to allow a margin of error
in the classification. This changes are now described.

Transformation of input data

In the machine learning context, it is well known that transforming the variables
and representing them in other spaces can sometimes simplify the solution to
the problem. With this in mind, the features in the input space are transformed
to a new space known as feature space.

The change of the representation of the input space is described with the fol-
lowing function: x = (x1, x2, ..., xn) 7−→ φφφ(x) = (φ1(x), φ2(x), ...φm(x)).

To the features that are originally part of the input space X, d-dimensional, a
set of real functions {φm}m<r where d < r or infinite, is applied. In the feature
space F = {φφφ(x) : x ∈ X} the new feature vectors are φφφ(xi).
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Kernels

The main objective is to learn non linear relations with a linear machine, there-
fore, a set of non linear features should be represented in a different way. This
is equivalent to apply a non linear transformation to the data to a space where
a linear machine can be used. Therefore, the following decision functions are
considered: f(x) =

∑N
i=1 wiφi(x) + b, where φ : X → F .

Most of the linear machines have a dual representation which is very useful, in
this representation the decision function only needs the inner product of the
training set with the test set. In the dual representation, the function can be
written as: f(x) =

∑l
i=1 αiyi〈φφφ(xi) ·φφφ(x)〉+ b.

Therefore, in order to build a non linear machine, it is necessary to transform
the features to a feature space F and there a linear machine can be used to
classify them in the feature space. Having the dual representation, if the inner
product can be calculated in the feature space directly from the original input
points, only one step is required to build the machine. This direct computation
is known as a kernel function.

Definition 2.2.1. A kernel is a function K, such that ∀x, z ∈ X,

K(x, z) = 〈φφφ(x) ·φφφ(z)〉 (2.3)

where φφφ is a mapping from X to an inner product feature space F .

In order to be able to use them, is necessary to identify the functions K(x, z)
that satisfy (2.3). The Mercer theory gives the necessary conditions for this to
happen, more information can be found on [11].

The most common kernels used are:

• Linear Kernel: Kl(x, y) = xT y

• Radial Kernel: Kr(x, y) = exp(−γ ‖ x− y ‖2)

• Polynomial Kernel: Kp(x, y) = (xT y + a)g, en donde g es el grado del
polinomio.

Slack variables

Finding an hyperplane which maximizes the separation margin is forcing that
there are no classification mistakes on the training sample. This can only be
accomplished if the data is linearly separable, however, in most of the contexts,
the training sample has noise and the data might be non linearly separable.
This leads to the introduction of new variables known as slack variables, which
allow an error margin when classifying.

Taking into account the recent modifications, the problem can be written as:

minimize
w,b,ξ

1

2
‖w‖2 + C

n∑
i=1

ξi

subject a yi(w
tφ(xi) + b) ≥ 1− ξi,∀i = 1, ..., n

(2.4)
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Where C is a positive constant that reflects the cost of misclassifying and ξi are
the slack variables, with ξ = (ξ1, ξ2, ..., ξn).

The dual problem is written as:

maximize
α

n∑
i=1

αi −
1

2

n∑
i,j=1

yiyjαiαjK(xi,xj)

subject to

n∑
i=1

yiαi = 0, 0 ≤ αi ≤ C, ∀i = 1, ..., n

(2.5)

Let α∗ a solution to the problem, the hyperplane that separates the data in
a high dimensional space is determined by its normal vector w∗ and the axis
intersection b∗, which satisfy:

w∗ =

n∑
i=1

α∗i yiφ(xi)

b∗ = 1−max{yj=1}(w
∗)tφ(xj)

(2.6)

This is thanks to the optimality relation that exists between the original and
dual problem. The function that allows the classification of a new data point
x, with respect to the side of the “hyperplane” to which it belongs, is given by:

f(X) = sign(

n∑
i=1

yiα
∗
iK(x,xi) + b∗) (2.7)

This function is known as the decision or generalization function. According to
this one can notice that only the i for which α∗i > 0 are taken into account. Due
to the strict complementary conditions of optimality, this i correspond to the
xi that are support vectors.

2.2.3 Implementation

Taking into account this methodology, different implementation techniques have
been developed to solve the SVM problem. Different approaches are based
on different ways of solving the optimization problem. The most common ap-
proaches are based on the decomposition of the problem in smaller optimization
problems of the same type, but easier to solve. This techniques are based on the
optimality conditions of the problem and the identification of support vectors.

One of the most known approximations is Sequential minimal optimization
(SMO), described on [23]. This approximation is implemented on the well known
library LIBSVM [5], which will be used on the experiments in this work.
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2.2.4 Multiclass classification

The classification problem on multiple categories can be described as follows.
Given a training set S = { (x1, y1), (x2, y2), ..., (xi, yi)}, con S ∈ Rd × C and
C = { c1, c2, ..., ck} a set of pre-defined categories, a model is trained in order
to be able to determine the category of any new instance x ∈ Rd.

Based on the use of SVM and binary classification, different methodologies have
been proposed to solve the multiclass classification problem [16]. The most
commonly used are described below:

On-against-one: In this approximation k(k − 1)/2 classifiers are trained.
When a new instance has to be classified, all the classifiers are applied. To
decide the class of the new instance there are different approaches, the most
common one is to assign the category in which the new instances was more
times classified.

One-against-all: In this approximation k classifiers are trained. For the
m − th classifier the label y = 1 is assigned to all the training samples be-
longing to the category m, and y = −1 to the samples belonging to the other
categories. After applying all the classifiers to a new instance, the category
assigned corresponds to the one where the decision function had a higher value.

Based on the results described on [16], LIBSVM uses the one-against-one ap-
proximation.

2.2.5 Cross-validation

Cross-validation is a methodology useful for parameter selection. On it, a num-
ber m is used to determine the number of folds. The sample to be used is
divided in m groups, and for each m the following is done.

1. Use m− 1 groups as train set and the remaining as test set.

2. Solve the classification problem for a set of parameters.

3. Using the model obtained from (2) to predict the categories of the test
set.

4. Calculate the desired performance measure.

After this is done with each m, an average of the performance measure is cal-
culated and assigned to the set of parameters used. This is repeated for all the
possible sets of parameters. Usually, the set of parameters where the average of
performance measure is the best are chosen to train the whole model.
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2.2.6 Performance measures

In order to be able to evaluate the different classifiers, there are some measure-
ments that have been traditionally used in the machine learning context.

This measurements can be estimated based on a confusion matrix built from
the results of classifying the test set.
Definition 2.2.2. A confusion matrix represents in each cell one of the four
possible outcomes of a prediction.

In general, binary classification confusion matrix looks like:

Predicted category
+ -

True category
+ True positive (TP) False negative (FN)
- False positive (FP) True negative (TN)

Table 2.1: Generic confusion matrix

At first glance, the matrix counts in the main diagonal the times when the
prediction was correct. The other entries counts how often the prediction was
incorrect, and the sum of all the cells equals the number of predictions, which
most of the time correspond to the size of the test set.

Definition 2.2.3. Accuracy is the proportion of correctly predictions among
the total amount of predictions made. Therefore, using the confusion matrix, it
can be obtained using the following formula:

Accuracy =
TP + TN

TP + FP + FN + TN
(2.8)

Definition 2.2.4. Recall is the proportion of real (true) positive subjects that
are predicted as positive. Therefore, using the confusion matrix, it can be ob-
tained using the following formula:

Recall =
TP

TP + FN
(2.9)

Definition 2.2.5. Precision is the proportion of predicted positive subjects that
are correctly classified. Therefore, using the confusion matrix, it can be obtained
using the following formula:

Precision =
TP

TP + FP
(2.10)
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Chapter 3

State of the Art:
Classification of
neurodegenerative diseases
based on MRI images

Implementation of supervised learning methodologies in different contexts has
been increasing the last years. In particular, different approaches have been
proposed to classify patients with different neurodegenerative diseases based on
MRI images.

In order to be able to use supervised learning algorithms and SVM in particular,
it is necessary to process the input data and to produce the features vectors or
the kernel matrix used for classification. On this sense, different approaches
have been done with different results. It is known that the results obtained
in classification depend a lot on the features used and their representation.
Therefore, most of the investigation in this area has been focused on identifying
the best features to represent the MRI or to calculate the kernel matrix.

In the beginning of this year the article Standardized evaluation of algorithms
for computer-aided diagnosis of dementia based on structural MRI: The CAD-
Dementia challenge [9] was published. It presents the results of a challenge
made regarding the latest advances of using machine learning for classification
of MRI of Alzheimer and control patients. In the article, the results obtained
by [14] are described. He reviewed more than 50 articles describing computer-
aided diagnosis of dementia. Besides very interesting results that motivate the
investigation in this area, he emphasizes on the difficulty he encountered when
trying to compare the different methods. This difficulties are related to different
factors like the extraction of feature vectors, the selection of features, the quality
of the images, the size of the training sets, among others. As a consequence, is
problematic to use this methods on the medical world and support the diagnosis
of different conditions. This difficulties are the motivation of the CADDementia
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challenge.

In the challenge different solutions to the multiclass classification problem are
evaluated. The categories considered are AD, MCI and CN (Control). The eval-
uation is made on data provided by the challenge organizers. The participants
were supplied with a data set of 30 labeled volumes and the predictions were to
be done in a set of 254 volumes. In addition, the participants got also the age
and genre of the 384 volumes. Described below are some of the approximations
using SVM in the classification of neurodegenerative diseases using MRI, these
algorithms are part of CADDementia. More information can be found on [9].

Abdulkadir: Radial-basis kernel SVM. The features of the images are ob-
tained using voxel-based morphometry (VBM) of the gray matter. On it, the
anatomic differences in the gray matter of the brain are identified using a para-
metric approximation. The comparison is made between a set of voxels of the
volumes that have been smoothed previously so that each one represents the
mean of its neighborhood. The selection of voxels to be used was made using
SVM significance maps. In this method the characteristics or regions chosen are
the ones that have more information relevant for differentiating the volumes, and
therefore, is useful for classification.

True Class
CN MCI AD

Hypothesized class
CN 59 19 2
MCI 69 80 50
AD 1 23 51

Table 3.1: Abdulkadir’s results

Cárdenas-Peña: Radial-basis kernel SVM. The features of each volumen
were obtained by comparing the similarities of the intensity among subjects
in a process that can be described in three steps. First, the similarities between
the slices of an image on each axis were calculated, resulting on a interslice ker-
nel matrix (ISK). Second, calculate similarities between pairs of ISK matrices
for each subject, using the Mahalanobis distance. Finally, the optimization of
the dependence between the label of the image and the resulting matrix from
the previous step, resulting on a new matrix. The eigenvalues of this matrix
were used as features.

True Class
CN MCI AD

Hypothesized class
CN 65 51 36
MCI 30 35 29
AD 34 36 38

Table 3.2: Cardenas-Peña’s results
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Dolph: Radial-basis kernel SVM. The features for each image were the ration
between white matter and cerebrospinal fluid for axial slices.

True Class
CN MCI AD

Hypothesized class
CN 109 73 46
MCI 14 28 18
AD 6 21 39

Table 3.3: Dolph’s results

Sarica: Radial-basis kernel SVM. The features for each image were given by
volume and cortical thickness measurements calculated by the freesurfer soft-
ware.

True Class
CN MCI AD

Hypothesized class
CN 85 43 11
MCI 41 48 34
AD 3 29 57

Table 3.4: Sarica’s results

Another interesting approximation for binary classification is described below:

Klöppel [18]: In this approximation, they use a linear kernel SVM. The kernel
matrix is the result of the inner product between the vectors from each image
that have in each coordinate the intensity of each voxel of the volume. The
vectors are obtained after the images have been segmented with gray matter
and normalized.

Taking into account this variety of proposals, the main differences between them
are the diverse preprocessing methods performed to the images and the features
extraction methods, in order to use the traditional supervised learning method-
ologies. In this project a different approach for extracting the features from the
images and different methods to use SVM to solve the classification problem are
presented.
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Chapter 4

Method

In this chapter the methodology for using images and SVM for classifying neu-
rodegenerative diseases is presented. Taking into account the context of the
problem, the methodology can be divided into: image preprocessing, extracting
feature vectors and solving the classification problem.

4.1 Image preprocessing

The input data for this project are brain MRI images. Before extracting the
feature vectors a preprocessing is done aiming to reduce the noise and remove
unuseful structures in the data. The preprocessing performed and its importance
in this context are described below.

In the context of brain MRI and its use for classification using supervised learn-
ing techniques, the step of preprocessing the images is very important. This is
due mainly to the presence of anatomical structures which are out of the scope
of the studies and to the differences regarding size, orientation, and resolutions
of the images. This factors can influence the quality of the features obtained
from the images. In particular, some of the aspects of the images that have to
be taken into account and want to be improved in this stage are:

• Quality differences caused by the machine used to acquire the image.

• Differences on the orientation of the head.

• Noise generated by the movement of the patient during the acquisition.

• Structures like the skull and the neck that are part of the image, but have
no information important for this study.

Before describing the preprocessing steps, the software and tools used are men-
tioned for future references.

• Freesurfer [3]: is an open source software suite used to process and analyze
brain MRI images. With it, users can perform skullstripping, image regis-
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tration, subcortical segmentation, cortical surface reconstruction, cortical
thickness estimation, longitudinal processing, fMRI analysis, tractography
and the use of a visualization GUI, among others.

• 3D Slicer [1]: a free and open source software for visualizing and analyzing
images. Among the functions it provides are the interactive segmentation,
volume rendering, rigid and non rigid registration and visualizing 4D im-
ages and the slices.

4.1.1 Cortical reconstruction process

This step is done with freesurfer. This tool has an available pipeline that is
composed of the following instructions:

1. Motion correction and conform: when there are multiple images from
a same image, this step fixes movements and makes an average of the
different images.

2. Non-Uniform intensity normalization: intends to fix the intensity varia-
tions that are irrelevant in the image.

3. Talairach transform computation: calculates the affine transformation
from the volume to the MNI305 atlas.

4. Intensity Normalization 1: intends to fix changes in the intensity that can
affect the segmentation based on intensity.

5. Skull strip: removes the skull from the image.

6. Expectation Maximization (EM) Register: calculates the transformation
to align the volume with the predefined atlas.

7. Classifier Atlas (CA) intensity normalization: this normalization is made
based on the Gaussian classifier atlas (GCA) model. It takes into account
an estimate of the most certain segmentation voxels.

8. CA Non-linear volumetric registration: calculates a non linear transfor-
mation to align the volume with the GCA atlas.

9. Remove Neck: removes the neck in the volume after the Non-Uniform
intensity normalization (NU).

10. Linear Transform Array (LTA) with skull: calculates the transformation
to align the image without neck to the GCA volume with skull.

11. CA Label and statistics: labels the subcortical structures based on the
GCA model.

12. Intensity Normalization 2: makes a second intensity correction in the vol-
ume without skull.

13. White matter segmentation: intends to separate the white matter from
everything else.

14. Edit white matter (WM) with subcortical segmentation (ASeg).
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15. Fill: the mid brain is cut from the cerebrum and the hemispheres are
separated from each other.

16. Tessellation: the ’orig’ volume is created, covering the hemispheres with
triangles.

17. Smooth1: the vertices of the triangles are smoothed.

18. Inflate1: the volume is inflated trying to preserve distances and volumes.

19. QSphere: an quasi-homeomorphic transformation of the spherical volume
is done in order to locate topological defects.

20. Automatic Topology Fixer: identifies topological defects and modifies the
surface eliminating them.

21. Final Surfs: creates the white surface following the white-gray intensity
gradient and also creates the pial surface.

22. Smooth2

23. Inflate2

24. Spherical Mapping: creates a binary volume mask of the cortical ribbon,
namely, each voxel is marked as 0 or 1 depending on if it belongs to the
ribbon or not.

25. Spherical Registration: inflates the ’orig’ volume to a sphere, minimizing
the metric distortion.

26. Spherical Registration, contralateral hemisphere: registers the ’orig’ vol-
ume with the spherical atlas.

27. Map average curvature to subject: the average curvature from the atlas is
resampled to that of the subject.

28. Cortical Parcellation: neuroanatomical labels are assigned to each location
on the cortical surface.

29. Cortical Parcellation Statistics: generates tables with the parcellation
statistics.

30. Cortical Ribbon Mask: adds information from the ribbon into the volume
parcellation.

31. Cortical Parcellation mapping to Aseg: includes information from the
ribbon into the volume parcellation.

After a revision of the steps, is evident that this is a very complete preprocessing
for the images and as a result there is a volume with only the brain, in which
the structures are identified and the unwanted ones are deleted.

4.1.2 Registration

The process of registering a volume against another one of the same type consists
in aligning them in a way that analogous structures can be found on the same
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position. After registering an image, the orientation, position and scale are
fixed. Registration can be done between any two images, in this context one
image is selected to register all the rest against it. The volume against which
the registering is done is known as atlas.

The atlas selection is of great importance in applications regarding the brain,
this is because an atlas for a Nordic population has to be different from the one
of an African or Latin population. If this selection is not done carefully, the
shape of the brain can be changed in a way in which valuable information is
lost. In some cases a control patient from the training population that has been
processed is used as atlas.

This step can be accomplished in either freesurfer or 3DSlicer. Generally, this
process is accomplished by transformations that can be affine or not.

4.2 Feature extraction

As it has been seen in the SVM theory and in the state of the art, extracting
features from the input data is essential for solving the classification problem.
In this project the features extracted from the images is done slice per slice,
using a technique known as fuzzy color histogram [15][10].

Before describing the technique, a summary of the general technique will be
done. Conventional color histograms (CCH) have been widely used, they con-
sist on assigning to each histogram bin a color range in the given color space,
therefore, the histogram represents the distribution of colors on an image. In
this way a reduction of the color space of the image is performed, and two colors
are considered equal if they fall on the same bin. This approximation is very
sensitive to noise such as illumination in the image. The fuzzy color histogram
uses this same principle, but tries to solve the sensitivities.

The fuzzy color histogram (FCH) technique takes into account the similarity
of the color of each pixel with each of the groups of colors considered on the
histogram bins. The similarity is obtained by using a clustering c-means algo-
rithm. This approach makes FCH more robust and less sensible to intensity
changes and quantitation errors than CCH.

Definition 4.2.1. The FCH F (I) = [f1, f2, ..., fn] of an image I with N pixels
is defined as:

fi =

N∑
j=1

µijPj =
1

N

N∑
j=1

µij

where n is the number of color bins considered in the FCH, Pj is the probability
of a pixel of image I of being the jth pixel and µij with (0 ≤ µij ≤ 1) is the
membership value of the jth pixel in the ith color bin.

In [15] they propose to perform a uniform quantization in RGB color space by
mapping all pixel colors to n′ histogram bins, to speed up the computations.
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The n′ is large enough so the color difference between each two bins is small.
After, the n′ colors are transformed from the RGB color space to the CIELAB
color space. Finally, the n′ colors are classified in the CIELAB space into n
clusters, using the clustering c-means algorithm. Each cluster represents a bin
in the FCH.

The clustering c-means algorithm used is called Fuzzy C-Means (FCM). As a
result of this algorithm, the n′ colors are classified into n clusters, and the
membership matrix is computed. On this matrix, U = [µik]nxn

′ each entry
represents the grade of membership of color xk with respect to the cluster center
vi. The FCM algorithm minimizes the objective function Jm which corresponds
to the weighted sum of squared errors within each cluster, as the formula below
shows:

Jm(U, V : X) =

n∑
k=1

c∑
i=1

µmik||xk − vi||2A (4.1)

Taking into acount the desire of minimizing function 4.1, the algorithm stops
when Jm is less than a given threshold ε. In the formula, V = [v1, v2, ..., vc]

T

is a vector representing the unknown c clusters, and the exponent m represents
the extent of membership shared by the clusters. Each µik represents the mem-
bership of the data point xk from the set X = {x1, x2, ..., xn} in the ith cluster,
this values form the membership matrix U = [µik]. This matrix satisfies:

µxk ∈ [0, 1];

n∑
k=1

µxk = 1;
∑

k ∈ Xµxk > 0; 1 ≤ k ≤ n;x ∈ X (4.2)

In order to find a solution for equations (4.1) and (4.2), in [15] they follow the
next algorithm:

Algorithm (FCM)

1. Input: number of clusters c, weighting exponent m and error tolerance ε.

2. Initialize the cluster centers vi, 1 ≤ i ≤ c.

3. Input data X = x1, x2, ..., xn.

4. Calculate the c cluster centers vli by

vi =

∑n
k=1(µik)mxk∑n
k=1(µik)m

, for 1 ≤ i ≤ c.

5. Update U t by

uik =
1∑c

j=1

(
‖xk−vi‖2A
‖xk−vj‖2A

) 1
m−1

, for 1 ≤ i ≤ c and 1 ≤ k ≤ n.

6. If ‖U (l) − U (l−1)‖ > ε , l = l + 1 and go to step (4); otherwise, stop.
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The FCH are obtained using the open source Java Library named LIRE [6]. It
has been mentioned that the features are obtained from each of the slices and
as LIRE is a library for common images, the slices have to be 8 bit images.
Therefore, after the preprocessing, the slices of the images are generated as 8
bit images using ImageJ [4].

4.3 Classification

Taking into account the feature vectors obtained to represent the images, SVM
will be used for classification. In the project, three different approximations
were considered, they are described below.

4.3.1 Traditional

For the traditional method, the feature vectors are used as input data. In a
previous step the mean Average Precision (mAP) is calculated for each slice
in each image and the slice with more information is chosen. The information
corresponds to the slice with higher mAP, when retrieving the slices from each
of the conditions.
The feature vector of the selected slice for each image is used to train the SVM
and the results are evaluated using the testing set. This traditional approach
was also evaluated using concatenation of feature vectors of different slices from
different axis from each image as input vectors. The possibilities considered
were:

• Axial (A)

• Coronal (C)

• Sagittal (S)

• Axial-Coronal (A-C)

• Axial-Sagittal (A-S)

• Coronal-Sagittal (C-S)

• Axial-Coronal-Sagittal (A-C-S)

Figure 4.1 displays the procedure described used in the traditional classification.

Figure 4.1: Illustration of the traditional classification
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In the traditional approach, using figure 4.1, the following cases were considered:

• Simple: Each feature vector corresponds to the feature vector of a slice
(A or C or S). The classes are AD or control.

• Concatenated: Each feature vector corresponds to the concatenation of
the feature vector from different slices of the same image. For example in
A-C, the feature vector corresponds to placing together the feature vector
of the axial slice and the one of the coronal slice of the same subject. The
considered concatenations were (A-C, A-S, C-S and A-C-S). The classes
are AD or control.

4.3.2 Multicategory

In the database where volumes of 3 different categories are found, the multi-class
classification was done. The traditional approach was used in the multiclass con-
text.

Figure 4.2 shows that the categories considered are AD, MCI and CN. The
experiments done correspond to the same performed on the traditional case.
The only difference is the labels considered.

Figure 4.2: Illustration of the multicategory classification

4.3.3 Paired-Ranking

In this approach, the results of the SVM classification and the probability as-
signed to each data point from the test set are used to classify the new data
point based on rankings. The explanation of the methodology is done in the
binary classification scenario.

Taking into account the features obtained for each slice of each image of the
training set, new paired features are generated. This paired vectors are the
result of concatenating pairwise all possible feature vectors of a specific slice of
the training set. In other words, if there are m training samples, there will be
m2 paired descriptions. For each new vector a label is assigned, the label is 0
if the concatenated features belong to the same category (they are either both
AD or both CN) and 1 on the other case.

For the test set, the paired descriptions are made concatenating the feature
vector of the test image with a feature vector of a train image. This is done
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with all the train images, and all the test sample. In this case, if there are m
training samples and l test samples, there are l×m testing paired descriptions.

With the training paired descriptions, and SVM is trained and the test sample
is classified calculating the associated probabilities. As a result of this classifi-
cation, for each subject of the test sample the probability related to belonging
to the same class of each of the subjects of the train set is obtained. With this
probability, for each test subject, the train subjects are ordered. The order is
given by the probability of belonging to the same class, from higher to lower.

The result obtained allows to assign categories to the test subjects based on
rankings. This classification consists on assigning to the test subject, the most
common category from a sample of the training set. The samples considered
are:

• Cls-1: The category assigned to the test set corresponds to the category
of the train subject for which the probability of being equal is higher.

• Cls-5: Having the train subjects ordered from higher to lower probability
of belonging to the same class for each of the test subjects, the 5 most
probable to be in the same class subjects are chosen. The class assigned
to the test subject corresponds to the most common class in the selected
sample.

• Cls-11: The same procedure as before but with a sample of size 11.

• Cls-mid: The same procedure as before but with a sample having half of
the subjects of the training set.

Figure 4.3 gives an explanation of the method just described.

Figure 4.3: Illustration of Paired-Ranking classification
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Chapter 5

Experiments and results

5.1 Data bases

The input data used for the experiments was obtained from two main sources,
which are described below.

OASIS: ”The Open Access Series of Imaging Studies (OASIS) is a project
aimed at making MRI data sets of the brain freely available to the scientific
community. By compiling and freely distributing MRI data sets, we hope to
facilitate future discoveries in basic and clinical neuroscience. OASIS is made
available by the Washington University Alzheimer’s Disease Research Center,
Dr. Randy Buckner at the Howard Hughes Medical Institute (HHMI) at Har-
vard University, the Neuroinformatics Research Group (NRG) at Washington
University School of Medicine, and the Biomedical Informatics Research Net-
work (BIRN).” [7].

The data gathered from OASIS corresponds to the cross-sectional MRI data.
The set consists of 416 subjects with the following characteristics:

• ages: 18-96.

• right handed.

• Men and women.

• 100 subjects over 60 have been diagnosed with AD.

The database contains only control and AD patients.

ADNI: This is the Alzheimer Disease Imaging Initiative, where researchers
and study data are united as they work investigating the progression of AD. The
databases are composed of MRI, PET images, genetics, cognitive tests, among
others, of the study participants. The database contains patients with MCI,
AD and control.
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The ADNI study aims to investigate the progression of the disease, therefore
for each patient there is more than one image available. The information, in
particular the MRI are not preprocessed, therefore the preprocessing procedure
has to be done.

Taking into account the big amount of data available, below is described the
selection of the data samples.

5.2 Selecting data samples

OASIS: For OASIS the whole dataset was used, however if was divided into
train set, containing 134 samples, and test set with 40 samples. The division was
carefully performed trying to have a well distributed train and test set regarding
the amount of images from each of the classes, genre and age.

ADNI: In this dataset a selection of 300 patients was done. The set chosen
had 100 subjects from each of the classes (MCI, AD and Control). The images
chosen in each group have the following characteristics:

• The matrix of the image in the z coordinate has a value higher than 170.

• The slice thickness is 1.2.

• There are 50 women and 50 men.

• They have results in the neurocognitive exams, therefore FAQTOTAL and
GDTOTAL are different from 0.

• There is no more than 1 image per subject.

• The age is uniformly distributed in the range available (approximately
between 50 and 95 years old).

Notice that the first two characteristics guarantee some minimum image quality
requirements to be accomplished by all the images. The other characteristics
guarantee that the sets have variety of subjects for each of the conditions.

Of the selection, 120 images were used for the experimentation. 96 as train set
and 24 as test set.

5.3 Preprocessing

OASIS: Images from this database were taken under the same conditions,
using particular scans and following specific procedures, therefore they have
less noise. Besides, they are already preprocessed, so no extra preprocessing is
needed for images from this database.
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ADNI: This database presents a wider variety of images, regarding their char-
acteristics, the procedures and scans used. These images require preprocessing
in order to standarize them and reduce the noise when extracting features. Due
to the short time to develop this project, the preprocessing done in each image,
covered only the first 5 steps of the preprocessing mentioned on 4.1.1.

5.4 Parameter selection and results

Parameter selection: The only parameters needed for the method used are
the ones related to the SVM. In order to select optimal parameters for the
radial-basis kernel, cross-validation of 5 folds was performed in a subset of the
training sample.

Table 5.1 displays the parameters used in the experiments with the ADNI
dataset and table 5.2, the ones used with the OASIS dataset. They are the
result of the crossvalidation process.

BIN BIN-AD-MCI

C Gamma C Gamma
Axial 0.5 0.0002441 2 0.0625
Coronal 0.5 0.0039063 8 0.015625
Sagittal 8 0.0009766 2 0.0625
A-C-S 0.0078125 0.0000153 2 0.015625
A-C 0.5 0.0039063 2 0.015625
A-S 0.03125 0.0039063 8 0.00390625
C-S 0.03125 0.0009766 8 0.015625

BIN-AD-SANO BIN-MCI-SANO
C Gamma C Gamma

Axial 8 0.015625 2 0.015625
Coronal 2 0.062500 8 0.0625
Sagittal 2 0.062500 2 0.0625
A-C-S 8 0.062500 8 0.015625
A-C 8 0.062500 8 0.00390625
A-S 8 0.062500 2 0.00390625
C-S 8 0.003906 0.5 0.015625

MUL
C Gamma

Axial 8 0.003906
Coronal 8 0.015625
Sagittal 8 0.003906
A-C-S 8 0.003906
A-C 8 0.003906
A-S 8 0.000977
C-S 8 0.003906

Table 5.1: Table for parameters used in ADNI dataset
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Traditional (OASIS)
C Gamma

Axial 2 0.015625
Coronal 2 0.00390625
Sagittal 2 0.015625
A-C-S 2 0.000976563
A-C 8 0.000976563
A-S 8 0.00390625
C-S 2 0.00390625
Paired-Ranking (OASIS)

C Gamma
Axial 2 0.00390625
Coronal 2 0.00390625
Sagittal 2 0.00390625

Table 5.2: Table for parameters used in OASIS dataset

Results

ADNI-Traditional and Multiclass

The following tables present the confusion matrices for the different cases con-
sidered. The slices used were: Axial-155, Coronal-052 and Sagittal-169. The
diagnosis considered were:

• 1: sick (AD-MCI).

• 0: Control (CN)

• 2: AD

• 3: MCI

In each matrix, the experiments performed were:

• BIN: Binary classification (Sick vs Control): Notice in this case that the
classes were unbalanced (16 sick, 8 Control)

• BIN-AD-MCI: Binary classification (AD-MCI)

• BIN-AD-CN: Binary classification (AD-CN)

• BIN-MCI-CN: Binary classification (MCI-CN)

• MUL: Multiclass classification

Table 5.4 shows the confusion matrices for the experiments mentioned on each
slice and table 5.4 shows the results when concatenating the feature vectors in
the different combinations.
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Axial Coronal Sagittal
Predicted Category

1 0 1 0 1 0
1 16 0 16 0 16 0BIN
0 8 0 8 0 8 0

2 3 2 3 2 3
2 7 1 6 2 8 0BIN-AD-MCI
3 4 4 3 5 2 6

2 0 2 0 2 0
2 6 2 1 7 7 1BIN-AD-CN
0 3 5 4 4 1 7

0 3 0 3 0 3
0 1 7 5 3 4 4BIN- MCI-CN
3 0 8 3 5 4 4

2 0 3 2 0 3 2 0 3
2 6 0 2 1 5 2 8 0 0
0 3 0 5 6 0 2 1 7 0

MUL

R
ea

l
C

a
te

g
o
ry

3 2 0 6 2 1 5 2 6 0

Table 5.3: Confusion matrices ADNI (first part)

From the table, the following information can be captured:

• In the BIN case all the images were classified as Sick.

• In the BIN-AD-MCI the Sagittal slice gave the best results (87.5% accu-
racy), only missclassifying 2 MCI patients as AD.

• In the BIN-AD-SANO the Sagittal slice gave the best results (87.5% ac-
curacy), only missclassifying 2 images.

• In the BIN-MCI-SANO, the classification was the worst of the cases con-
sidered. The best results were obtained with the Coronal slice, were 6
images, 3 from each diagnosis were misclassified.

• In the MUL case the best results were with the Sagittal slice. The MCI
cases were all misclassified, most of them as CN.
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A-C-S A-C A-S C-S
Predicted Category

1 0 1 0 1 0 1 0
1 16 0 16 0 16 0 16 0BIN
0 8 0 8 0 8 0 8 0

2 3 2 3 2 3 2 3
2 8 0 8 0 8 0 7 1BIN-AD-MCI
3 3 5 4 4 2 6 3 5

2 0 2 0 2 0 2 0
2 7 1 7 1 8 0 8 0BIN-AD-CN
0 2 6 3 5 1 7 1 7

0 3 0 3 0 3 0 3
0 6 2 2 6 8 0 4 4BIN-MCI-CN
3 4 4 4 4 7 1 3 5

2 0 3 2 0 3 2 0 3 2 0 3
2 8 0 0 7 1 0 8 0 0 8 0 0
0 1 2 5 4 3 1 1 2 5 2 3 3

MUL

R
ea

l
C

a
te

go
ry

3 3 1 4 2 4 2 3 1 4 4 2 2

Table 5.4: Confusion matrices ADNI (second part)

From the table, the following information can be captured:

• In the BIN case all the images were classified as sick, again.

• In the BIN-AD-MCI the A-S slice gave the best results (87.5% accuracy),
the same ones obtained when only using the sagittal feature vector.

• In the BIN-AD-SANO the A-S and the C-S gave the best results (93.75%
accuracy). Notice that the concatenation of feature vectors gave better
results than the single feature vectors.

• In the BIN-MCI-SANO, the classification was very poor again. The best
results were obtained from the A-C-S case with 62.5% of accuracy.

• In the MUL case the A-C-S and A-S gave the same results. On it, most
of the CN patients were misclassified as MCI.

OASIS-Traditional

For this database, the slices used were: Axial-102, Coronal-134 and Sagittal-129.

For this classification the labels are:

• -1: AD

• 1: CN
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Axial Coronal Sagittal
Predicted Category

1 -1 1 -1 1 -1
BIN 1 17 3 17 3 17 3

Real
Category

-1 2 18 1 19 3 17

Table 5.5: Confusion matrices

A-C-S A-C A-S C-S
Predicted Category

1 -1 1 -1 1 -1 1 -1
1 17 3 17 3 17 3 17 3BIN

Real
Category

-1 1 19 1 19 2 18 2 18

Table 5.6: Confusion matrices

The tables 5.4 and 5.4 show the confusion matrices for the OASIS samples. The
best results were obtained on the cases Coronal, A-C-S and A-C with a 90% of
accuracy.

OASIS-Ranking based

For this classification the labels are:

• 0: AD

• 1: CN

Axial Coronal Sagittal
Predicted category

1 0 1 0 1 0
1 17 3 15 5 17 3Cls-1
0 1 19 1 19 12 8

1 0 1 0 1 0
1 16 4 15 5 14 6Cls-5
0 1 19 1 19 3 17

1 0 1 0 1 0
1 17 3 15 5 14 6Cls-11
0 1 19 1 19 3 17

1 0 1 0 1 0
1 17 3 15 5 14 6Cls-mid

R
ea

l
C

at
eg

or
y

0 1 19 1 19 3 17

Table 5.7: Confusion matrices

In the paired-ranking classification the best results were obtained with the Ax-
ial cut. The best results with this methodology were the same as with the
traditional approach.
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Chapter 6

Analysis

The results obtained from the OASIS dataset were much better than the ones
from ADNI, this leads to a series of considerations that have to be taken into
account in order to continue the use of machine learning for MRI classification.

Different databases: As mentioned, the OASIS sample is much more stan-
darized and therefore simple than the ADNI dataset. The ADNI dataset in-
cludes images from different centers, taken in different conditions, this leads to
a wide variety of quality of the images and differences among the dataset. Al-
though, the use of a variety of images reflects more the real situation, the results
obtained were not the best. A way to measure the methodology proposed is to
use the images from CaDDementia and compare the results obtained with the
ones described on the article. An ideal methodology would not be affected by
the different databases used.

Preprocessing: Due to the variety of scans the preprocessing step is very im-
portant as it was mentioned before. Regarding this issue the freesurfer software
should be evaluated, and some other alternatives should be considered. During
the project this stage was very time consuming, therefore, a trade-off between
preprocessing needed and time must be made.

Features: This is a really important aspect of the methodology. As seen on
the article [9], there have been a lot of approaches, some using image character-
istics and others using features of the brain extracted after preprocessing. None
of them has been particularly good, and might be a consequence of the prepro-
cessing or of the nature of the features. In either case, the feature extraction
remains open for investigation and ideas.

SVM: This methodology has shown very good results on many applications,
related with MRI and the methodology developed, there are some issues that
have to be taken into account:

40



• The relationship between number of features and sample size. As studied
in [17], this relationship can affect the results of the classification and
should be considered.

• The optimal parameters used were found by cross-validation. In the
traditional-SVM approach, cross-validation help found the optimal pa-
rameters, however in the paired-ranking a more detailed study of this
technique must be done. Notice that during cross-validation in both the
test sample and the train sample have vectors with repeated information,
which could lead to overfitting.

• Most of the experimentation was done with radial kernel, some other ker-
nels could be studied.
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Chapter 7

Conclusions and future
work

The project presents an approach to the application of support vector machines
on MRI classification. The medical context and the state or the art are ap-
proached on a general manner, in a way that the project can be contextualized.
The pathologies considered, specially Alzheimer’s diasease is affecting a notice-
able population, and the numbers are incresing. This motivates the study and
development of tools that can help improve the accuracy in the diagnosis, spe-
cially in the early stages.

The methodology describes and presents the preprocessing performed on the
images, and its importance on this context. The preprocessing is mainly the
only way to aim for an standarization of the images in order to guarantee the
quality of the features extracted. Most of the noise present on the images can
not be controlled because they depend on the scan used and the conditions in
which the image is taken.

The features extracted from the image illustrate the use of traditional image
feature extraction applied to medical images. The results obtained are not
conclusive regarding the features used, therefore they should be considered in
future work.

In the analysis some issues regarding the steps of the methodology were de-
scribed. Part of the future work is related with solving the issues presented,
particularily, work with the different databases and scans available, the pre-
processing, the extraction of features and the SVM. Besides, is important to
compare the results obtained with the ones from other methodologies, which
can be done in contexts like CadDementia [9].

Future work also includes being able to compare the classification methodologies
suggested and being able to apply all of them in the multi-class context. As part
of a bigger project it can be considered having classification algorithms trained
by genre or by age intervals, or including this information in the feature vector.
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This project shows most of the considerations that have to be taken into account
when encouraging the application of machine learning on a particular contexts,
in this case, MRI classification for AD, MCI and CN. The medical context can
benefit from this projects, although there is still a long path to cover in order
to achive tools that can help in the diagnosis.
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McGraw Hill, octava edición edition, 2007.
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