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Abstract

Alzheimer’s disease (AD) is a neurodegenerative illness and is considered one of the main causes
of dementia a�ecting millions of people. In its early stage – Mild-cognitive impairment (MCI) – is
asymptomatic. Furthermore, although several studies have been made, until this day, no cure is yet
available. Currently, some pharmaceuticals provide a slowing of symptoms if administered in early
stages. However, to do so, the diagnosis needs to be properly performed to distinguish AD di�erent
stages. Thereby, there remains a growing need for early diagnosis to minimise AD impact by delaying
it and its underlying e�ects. This work main purpose is to create an intelligent system that enables
Alzheimer’s automatic detection using Magnetic Resonance Imaging (MRI). To do so, a set of MRI
images were analysed in the sagittal, coronal, and axial anatomical views and certain features were
extracted and pre-selected to feed machine learning classic algorithms and a deep learning algorithm.
On the one hand, for the Machine Learning classic algorithms, and for the comparison between: (1)
AD vs Control (CN), a Bagged Trees Classifier reached a discrimination accuracy of 93.3�; (2) AD vs
MCI, Quadratic SVM classifier got a discrimination accuracy of 87.7�; (3) CN vs MCI, Fine KNN
and Subspace KNN classifiers achieved a discrimination accuracy of 88.2�, respectively; and (4) All
vs All, the Subspace KNN classifier provided a discrimination accuracy of 75.3�. On the other hand,
for the Deep Learning algorithm, and for the comparison between: (1) AD vs CN, a discrimination
accuracy of 82.2� was achieved; (2) AD vs MCI, got a discrimination accuracy of 75.4�; (3) CN vs
MCI, reached a discrimination accuracy of 83.8�; and (4) All vs All, reached a discrimination accuracy
of 64.0�. In the CN vs MCI comparison, the proposed method, when compared with methods that use
structural MRI (sMRI), showed an increase in classification accuracy of 9%. Therefore, the potential
of this work in the diagnosis of AD, mainly in its early stages, is reinforced.

Keywords: Alzheimer’s Disease, Mild-cognitive impairment, Magnetic Resonance Imaging, diagno-
sis, classic Machine Learning, Deep Learning.
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Resumo

A doença de Alzheimer (DA) é uma doença neurodegenerativa que afeta milhões de pessoas, sendo
considerada uma das principais causas de demência. A sua fase inicial - défice cognitivo ligeiro (DCL)
– caracteriza-se por ser assintomática, e embora vários estudos tenham sido realizados, atualmente,
ainda não existe uma cura disponível. No entanto, existem alguns medicamentos que proporcionam
redução dos sintomas se administrados nas fases iniciais da doença. Contudo, para isto ser possível,
o diagnóstico necessita de ser realizado corretamente, distinguindo-se as diferentes fases da doença.
Deste modo, subsiste uma necessidade crescente de efetuar um diagnóstico precoce para minimizar
o impacto da doença de Alzheimer, atrasando-a, bem como aos efeitos que lhe são subjacentes.
Este trabalho tem como principal objetivo conceber um sistema inteligente que permita a deteção
automática da doença de Alzheimer utilizando imagens de ressonância magnética (RM). Para tal,
analisou-se um conjunto de imagens nos planos anatómicos sagital, frontal e horizontal, tendo sido
extraídas e pré-selecionadas determinadas características para alimentar diferentes algoritmos clássicos
de Machine Learning e de Deep Learning. Por um lado, para a técnica de Machine Learning clássica, e
para a comparação entre: (1) Controlo (CN) vs AD, o classificador Bagged Trees atingiu uma precisão
de discriminação de 93,3�; (2) MCI vs AD, o classificador Quadratic SVM obteve uma precisão de
discriminação de 87,7�; (3) CN vs MCI, os classificadores Fine KNN e Subspace KNN atingiram uma
precisão de discriminação de 88,2�, respetivamente; e (4) Todos vs Todos, o classificador Subspace
KNN proporcionou uma precisão de discriminação de 75,3�. Por outro lado, para a técnica de Deep
Learning, e para a comparação entre: (1) CN vs AD, foi alcançada uma precisão de discriminação de
82,2�; (2) MCI vs AD, obteve uma precisão de discriminação de 75,4�; (3) CN vs MCI, atingiu uma
precisão de discriminação de 83,8�; e (4) Todos vs Todos, alcançou uma precisão de discriminação
de 64,0�. Na comparação CN vs MCI, o método proposto, quando comparado com métodos que
recorrem a RM estrutural, mostrou um aumento na precisão de classificação de 9%. Por conseguinte,
é reforçado o potencial deste trabalho no diagnóstico da DA, principalmente nas suas fases iniciais.

Palavras-chave: Doença de Alzheimer, deficiência cognitiva leve, Ressonância Magnética, diagnós-
tico, Machine Learning clássica, Deep Learning.
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1
Introduction

1.1 Motivation

Nowadays, with technological advances in several areas, there is an increase in the average life
expectancy worldwide, causing growth in individuals with age-related diseases. Alzheimer’s Disease is
a neurodegenerative disorder that partakes in a higher prevalence rate in older individuals, estimated
to double every 5 years after age 65 [1].

AD, among other neurodegenerative diseases, has been the focus of many studies. However, until
this day, no cure is yet available. In this sense, early diagnosis portrays a challenge for the scientific
community. Additionally, it has been studied therapeutic solutions that resort to pharmaceuticals,
delaying the progression of the symptoms. In advanced stages, the patient quality of life decreases as
the need for continued care increases [2]. Therefore, it is imperative to find more precise and robust
means of diagnosis, to minimise the disease impact by delaying its evolution.

Currently, several imaging techniques provide an in vivo diagnosis. More specifically, Structural
Magnetic Resonance Imaging allows, in a non-invasive way, the anatomical and functional brain
structures visualisation [3]. Thus, it supports a disease precise and early diagnosis as well as a
measurement of its progression.

Furthermore, considering the dependence on the operator and time consumption caused by the
manual process of reviewing each MRI, it is crucial to automatise it as much as possible. To that
end, this work aims to find a diagnostic tool able to detect AD in its early stages to assist medical
professionals.
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2 Introduction

1.2 Contributions and Objectives

The main purpose of this work is to develop an artificial intelligence system that enables AD
automatic detection in its early stages by using MRI. In this way, the images were processed and
decomposed employing the 2-D Discrete Wavelet Transform and features were extracted. Both classic
Machine Learning and Deep Learning algorithms were used to classify and to obtain the distinction of
the di�erent study groups. In general, the accuracies obtained through this method are superior to
certain state of the art studies.

1.3 Thesis Structure

This disseration is structured in six chapters. The first chapter presents the dissertation and
contains all the aspects that motivated the present work execution and its fundamental contributions.
The second chapter provides detailed information about Alzheimer’s disease to understand and
diagnose this illness. The third chapter focuses on Magnetic Resonance Imaging and the e�ects of
this disease in the technique. Chapter four exhibits a detailed explanation of the methodology applied
in this work. In chapter five, the results obtained in this work and their discussion are presented.
Finally, in chapter six the conclusions and some future perspectives are described.
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2
Alzheimer’s Disease

Alzheimer’s disease is a progressive neurodegenerative illness and one of the leading causes of
dementia, accounting for approximately 70�. This disease is characterised by gradual changes in the
individual’s memory and, consecutively, by the gradual impairment of various cognitive functions:
language, executive functions, visual and temporospatial abilities, and praxis [2, 4]. In this chapter,
AD will be explored in more detail, characterising it and approaching the alterations caused as well as
means of diagnosis and treatment currently provided.

2.1 Epidemiology

According to [5], the prevalence rate of AD represents 5.3�, 13.8� and 34.6� for individuals aged
65–74, 75–84 and 85 or older, respectively and is estimated to double every 5 years after age 65 [1].
In this way, it is possible to state that age significantly a�ects the number of AD patients. In other
words, an increase in average life expectancy will reflect an increase in this number. Further studies
show that people aged 65 are at higher risk of AD. Besides that, younger people can develop the
disease, although it is not as common [5].

From AD diagnosis until death, people aged 65 and older survive, on average, 4 to 8 years.
Nonetheless, some people can live up to 20 years with the disease. This extended duration before
death entails a significant impact on the public health as a considerable part of that period is spent
in a state of dependence and disability [5].

Moreover, in 2006 the global number of AD carriers was accounted for 26.6 million, and it has
been estimated that this number will increase. [1, 6]. Figure 2.1 displays the proportion of caregivers
for people with AD and other dementias in comparison with other older people [5]. It is important to
mention that a late-stage AD entails higher levels of care and thus a higher economic burden.

3



4 Alzheimer’s Disease

Figure 2.1: Caregivers of people with Alzheimer’s and other Dementias in comparison with caregivers
of other older people [5].

2.2 Neuropathological alterations

AD is associated with several characteristic neuropathological changes. Among them, formation of
senile plaques and intraneural neurofibrillary braids, granulovacuolar degeneration and neural loss [2].

The formation of senile plaques and intraneural neurofibrillary braids are the main biomarkers
related to AD. Senile plaques are spherical structures composed of a central nucleus and a crown
of degenerative structures, axons, and synapses. Most of the central nucleus contains extracellular
b -amyloid (Ab ) peptides, which are derived from a larger protein known as an amyloid precursor
protein (APP) [2]. Ab comes due to a sequential proteolytic cleavage of APP performed by b -secretase
and g-secretase. Usually, a-secretase cleaves APP inhibiting Ab formation, but in AD this does not
occur. Consequently, there is a progressive accumulation of abnormal levels of Ab , leading to the
formation of senile plaques [7, 8]. This accumulation interferes directly, through cytotoxic mechanisms,
in the deterioration of synaptic terminals (reducing the level of acetylcholine), thereby initiating the
pathological process of AD [2].

Concerning intraneural neurofibrillary braids, these are intracytoplasmic structures located in
neurons and formed due to aggregates of abnormal levels of tau protein [2, 4].

In AD, due to the accumulation of extracellular b -amyloid, there is hyperphosphorylation of tau
protein, resulting in tau aggregates. These aggregates produce twisted paired helical filaments known
as neurofibrillary tangles that, in turn, lead to synaptic and neuronal dysfunction [4].

Figure 2.2 illustrates the main changes produced in the brain of an AD patient [9]. Memory and
executive functions are related to hippocampal atrophy, as the senile plaques and the neurofibrillary
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braids are predominantly found in the hippocampus. In general, AD patients su�er from global
atrophy of the brain, resulting in a decreased brain volume [10, 11].

According to [5], a study has shown that the increased levels of b -amyloid in the brain start to
appear 22 years before symptoms develop. Brain atrophy initiated 13 years prior to symptoms onset
and glucose metabolism decreased 18 years before the symptoms began.

Figure 2.2: Changes produced in an AD patient brain [9].

2.3 Characterization

This disease can be divided into three phases, which di�er in the level of perception of brain
changes: pre-clinical AD, Mild Cognitive Impairment due to AD and Dementia due to AD. This last
phase is separated into mild, moderate, and severe [2, 5].

The pre-clinical AD is distinguished by the asymptomatic period that occurs between the initial
brain lesions and the appearance of the first symptoms. Meaning that, brain changes indicative of
the first signs of AD have already occurred, however symptoms such as memory loss have not yet
been expressed [5].

MCI is a pre-dementia state in which individuals have cognitive deficits greater than those that
naturally emerge with age, but do not fit the criteria imposed for the diagnosis of AD. Not all patients
with MCI develop AD, but studies suggest that the risk of developing AD is 15� in the first year and,
approximately, 50� after 5 years [2, 5].

The last stage, Dementia due to AD, is characterised by severe symptoms. The mild phase
corresponds to the period where the individual is still operational in several areas, but, for safety
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reasons, may need help in certain activities. The moderate phase, which is longer, is distinguished by
the di�culty in communicating and performing routine tasks, such as dressing and bathing [2, 5]. In
the more severe and advanced stages of the disease, individuals require 24-hour care as damage to
the areas of the brain responsible for movement emerge [5].

In brief, the primary symptoms of the disease include memory loss (the most severe and early
symptom), agitation, depression, delirium, resistance to care, confusion in daily activities, obsession,
apathy, sexual disinhibition, sleep disturbances and, lastly, psychosis [5].

2.4 Diagnosis and Treatment

The diagnosis of the disease can be performed in numerous ways. Usually, the main risk factors are
pondered through physical and history examination from the individual and his family. Amongst the
risk factors, the key ones include: age (as demonstrated in chapter 2.1), dementia family history (since
a parent with AD quadruples the disease risk), Down Syndrome, mutations in the genes associated
with AD (14-PSI, 1-PS2 and 21-APP chromosomes), and, lastly, ApoEe4 polymorphism, being this
the principal factor in the late stages since it triples the risk in every age. There are some other risk
factors considered likely, such as alcoholism, smoking, low scholarity, hypertension, type 2 diabetes,
obesity, sedentary lifestyle, among others [2].

With these risks and through neurological and cognitive exams, it is possible to discard other causes
of dementia and evaluate the stage of AD. The most common cognitive test is the Mini-Mental State
Examination (MMSE), in which patients answer several questions regarding orientation, retention,
attention and calculus, evocation and language [5, 12].

Additionally, state of the art exams can also be employed to identify both neurodegeneration
and amyloid deposition. These exams include Magnetic Resonance Imaging, Positron Emission
Tomography (PET), Electroencephalogram (EEG) and Cerebrospinal Fluid (CSF) Analysis. An
overview on the state of the art covering some of the methods described bellow is displayed in Tables
2.1 and 2.2.

• MRI: There are two solutions available in what concerns MRI scans. On the one hand, structural
MRI, which allows the visualization of changes in tissue characteristics as well as in the brain
structure, for example, shrinkage of the brain and other vascular irregularities [13]. On the
other hand, functional MRI (fMRI) measures, indirectly, neural activity through measurements
of blood oxygen level-dependent Magnetic Resonance (MR) signal. It is used to study the
functional integrity of the brain regarding several cognitive domains, for example, memory [3].

• PET: In this neuroimaging technique there are several methods, nonetheless the most frequently
used corresponds to fluorodeoxyglucose positron emission tomography (FDG-PET) since glucose
is the main source of the brain’s energy. FDG-PET enables measurements of the acceptance
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of radiolabelled glucose analogue which can be associated with synaptic activity and cerebral
metabolism [3, 13].

• EEG: Through EEG signals analysis medical professionals can find determined abnormalities spe-
cific in patients with AD. From these abnormalities, three can be distinguished: EEG synchrony
disturbance, reduced complexity of the EEG signals and slowing of the EEG signals [14].

• CSF: Chemistry has been targeted in several investigations in the search of AD biomarkers since
it is found in direct contact with the extracellular space of the brain. Nowadays, three di�erent
CSF biomarkers are evaluated: the level of abnormally hyperphosphorylated tau protein, the
concentration levels of the total amount of tau protein and, lastly, the 42 amino acid isoforms
of b -amyloid peptide, Ab42 [15].

Regarding the treatment available for AD, there are two possible methods: drugs and non-
pharmacological interventions [2].

In terms of drugs, the inhibitors of acetylcholinesterase (IACE) and the modulators of glutamate
receptors are, commonly, administered. Since Alzheimer displays a decline in acetylcholine, IACE drugs
enable neurotransmitters to be more available in the synaptic pathway. In addition, modulators of
glutamate receptors allow the improvement of synaptic transmission. This drug demonstrates better
results in moderate and advanced stages since it reduces behavioural and psychologic symptoms. Con-
cerning non-pharmacological interventions, it can be divided into three groups: cognitive approaches,
memory exams and therapeutical approaches (for more severe cases). In this last approach, stimulation
activities, validation and orientation towards reality therapies, among others are performed [2].
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3
MRI: Imaging Technique

Imaging techniques are used as non-invasive means for AD diagnosis and prognosis. The imaging
modalities are currently focusing on the identification of amyloid deposition or neurodegeneration.
More specifically, MRI promotes the in vivo visualisation of the anatomical and functional structures
of the human body with high resolution and contrast [3]. In this chapter, this imaging technique will
be reviewed and the e�ects AD has upon it will be explored.

3.1 MRI Principles

Magnetic resonance is supported by the interaction conducted between a nucleus and an applied
magnetic field. Considering that the human body is mainly composed of water and fat (tissues
containing hydrogen, H), the H nucleus is chosen to examine the human body through MR tech-
niques [28].

In an arbitrary volume of tissue with hydrogen atoms, every proton is characterized as having
an equal magnitude spin vector. Nonetheless, the spin vectors contained in every proton within the
tissue are randomly oriented, meaning that if a vector addition of these spin vectors was executed,
the sum result would be zero, i.e., the tissue magnetization network does not exist [28].

Conversely, if the tissue is positioned inside a magnetic field B0, the individual protons initiate
perpendicular rotation and precess about it. The precession phenomena occurs due to the interaction
of the magnetic field with the nucleus’s spinning positive charge, as shown in Figure 3.1 [29].

The rate or frequency of precession is proportional to the strength of the magnetic field, and it
can be conveyed by the Larmor equation, equation 3.1:

w0 = g B0

2p
(3.1)

11
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where, w0 is the Larmor frequency (MHz), B0 the magnetic field strength (T), and g the gyromagnetic
ratio (s�1

T
�1) [28].

Figure 3.1: (A) Without an external magnetic field the spin vectors are randomly oriented. (B) With
an external magnetic field, B0, applied, the spin vectors align parallel or antiparallel to B0 [29].

Once protons absorb the energy from the radio frequency (RF) pulse (resultant of the transmission
of photons at Larmor frequency), its spin transfers to a higher energy level, which will force it to
rotate. Protons return to their equilibrium state when the RF pulse ceases, making them release the
absorbed energy. This e�ect is referred to as relaxation. Relaxation is an essential process in MR
since it presents the main mechanism for image contrast. Relaxation times are measured for grey
matter or cerebrospinal fluid and can be distinguished in T1 and T2 [28].

3.2 Clinical Magnetic Resonance Imaging

There are three physical gradients used, one in each x, y, and z directions. These physical gradients
are allocated to “logical” or functional gradients (which are mandatory to acquire an image) such as
phase encoding, slice selection and readout or frequency encoding. This allocation is arbitrary and
di�ers according to the patient positioning, the manufacturer’s choice of physical directions and the
acquisition parameters. The aggregation of the data sampling period, the pulse gradients, the RF
pulses, and the period between each image acquisition is acknowledged as a pulse sequence [28].

Larmor’s equation states that the frequency absorbed is proportional to the magnetic field B0,
but with the presence of magnetic field gradients, this equation is expanded, equation 3.2:
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wi = g(B0 +G·ri) (3.2)

where, wi is the frequency of the proton positioned at ri and G is a vector representative of the total
gradient amplitude and direction [28].

The MRI image is a frequency and phase map of protons generated by single magnetic fields in
the given image. The resulting image contains a set of pixels (digital picture elements) representative
of voxels (volume elements of tissue). The intensity of each pixel is proportional to the number of
protons within the voxel, induced by the T1 and T2 relaxation times for tissues within the voxel [28].
Meaning that areas with lower water content (fewer hydrogen protons) emit signals back to the RF
coils, resulting in di�erent shades of grey that reflect di�erent densities. Thereby, areas with more
hydrogen protons will be lighter (for example, fat), and with fewer hydrogen protons will be darker
(for example, dense bone) [30].

3.3 Slices Selection

In MRI, it is firstly located the RF excitation to a region of space through the frequency-selective
excitation in combination with the slice selection gradient, GSS. The slice orientation is determined by
this gradient direction. Both the slice thickness and position are determined by the gradient amplitude
in conjunction with certain RF pulse characteristics [28]. The resulting slices can be seen in Figure
3.2.

Figure 3.2: Di�erent slices of the human brain: (A) Axial plane (B) Coronal plane (C) Sagittal
plane [31].

An RF pulse can be divided into two parts regarding its frequency: a central frequency and
bandwidth or a narrow range of frequencies. Thus, diverse positions of the slices can be obtained
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through changes in the central frequency. Additionally, the thickness of the slice is determined by the
GSS and the frequency bandwidth. Having in mind that, normally, the bandwidth is fixed to a given
value, only changes in the GSS amplitude can vary the slice thickness. Meaning that, a larger GSS

provides a smaller slice thickness [28].

3.4 Alzheimer’s Disease E�ects in Magnetic Resonance Imaging

In the case of AD, structural MRI allows for atrophy and changes in tissue measurements [13].
MRI-based atrophy measurements are considered valid markers of disease state and progression since
atrophy seems to be an inevitable and intrinsic factor of progressive neurodegeneration. Besides that,
changes in structural measures, such as ventricular enlargement, hippocampus, entorhinal cortex,
whole brain, and temporal lobe volumes, can be associated with modifications in cognitive performance
[30]. To entail that MRI can reliably detect AD in the MCI stage, one of the subsequent three markers
are necessary: abnormal neuronal CSF markers (Ab and tau protein), temporoparietal hypometabolism
and, lastly, atrophy in medial temporal lobe structures (entorhinal cortex and hippocampus) [32, 33].
In comparison with controls, and at the mild dementia stage of AD, the hippocampal volumes are
reduced by 15–30� and entorhinal cortex volumes by 38–40�. Regarding hippocampal atrophy, its
presence is specifically associated with deficits in memory and executive functioning in AD patients.
Throughout the progression of the disease, atrophy spreads to other areas, which leads to grey matter
(GM) losses resulting in cognitive dysfunction. Additionally, patients with AD exhibit greater white
matter hyperintensities (WMHs), which correlates with hippocampal atrophy (as shown in Figure
3.3). In general, atrophy progression assessed by MRI is being widely used as an e�ciency and safety
outcome measure in clinical trials. Nonetheless, out of all the MRI markers, AD hippocampal atrophy
is pondered as the best established and validated [32, 33].

Figure 3.3: Brain changes assessed in (A) control (B) MCI and (C) AD patients by MRI [33].
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4
Methodology

4.1 Data Base Characterization

The MRI scans images were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database (for downloat at http://adni.loni.usc.edu [34]). All the subjects had a standardized protocol
from three di�erent imaging vendors (GE Healthcare, Philips Healthcare or Siemens) where the scan
time overall was about 45 minutes per subject and session. Each exam undergoes quality control,
so that in case of, for example, subject motion or poor anatomic coverage, the scan is considered
unusable. The database consists of 89 subjects scanned longitudinally at 3T with a 3-year follow-up,
in which 24 are healthy control subjects, 44 are MCI patients and 21 are AD patients. Demographic
data of the three groups is summarized in Table 4.1.

Table 4.1: Overview of the database.

Diagnosis # subjects Media ± SD Age Range Gender MMSE Average ± SDF M
AD 21 76.2 ± 8.34 59 - 89 14 7 19.81 ± 6.46
MCI 44 73.8 ± 8.92 56 - 90 10 34 24.52 ± 2.91
CN 24 78.2 ± 4.64 71 - 88 14 10 29.50 ± 0.66

4.2 Introduction to the Pre-Processing Techniques

4.2.1 Image Level Adjustment

Image level adjustment is a technique used to adjust the intensity value of a given image to a
specific range by linearly stretching the pixel level of an image. In this way, it is possible to increase

15
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its contrast [35]. The linear level adjustment is performed according to the following equation 4.1.
To make these modifications, the Matlab® function imadjust can be used. This function maps
the intensity values of the grayscale images so that 1% of data on top and bottom pixel values is
saturated, respectively. This procedure will increase the contrast of the output image which is of the
same size as the original grayscale image containing the mapped values [35, 36].

pad just(m,n) = Bottom+
p(mn)�L

H �L
⇤ (Top�Bottom) (4.1)

where, pad just(m,n) is the output image pixel, p(m,n) is the input image pixel, H the maximum pixel
level in the original image, L the minimum pixel level in the original image, Top the maximum pixel
level in the desired image, and Bottom the minimum pixel level in the desired image [35].

4.2.2 Median Filter

The median Filter (MF) is a sliding-window nonlinear smoothing process. It is performed to
remove di�erent types of noises, but it is considered most e�ective at reducing salt and pepper noises
[35, 37]. The principle on which the MF is based on consists of replacing the gray level of each pixel
by the median of the gray levels in a neighbourhood of pixels [35]. In other words, the MF window
goes through each image pixel and the median intensity value replaces the window’s center in the
filtered image. Usually, to preserve the edges, the image boundaries are padded with zeros [37]. The
standard MF is given by equation 4.2:

Yi = med(Wi) = med(Xi + r),r 2 W (4.2)

where, Xi and Yi are the input and the output at location i of the filter. The pixels in window Wi can
be represented by Xi + r, for r = 1,. . . , 2N+1. By default the window size is 3x3 [38].

It is a well-known fact that MF performs better than, for example, the mean filter. Thus, it is
stated that MF can be more stable and robust than other filters available. Due to these factors, this
filter is used as a foundation when developing more advanced image filters [35].

4.3 Introduction to the Processing Techniques

4.3.1 Discrete Wavelet Transform

The wavelet transform enables the analysis of signals or images at di�erent scales or resolutions.
It can be applied in two domains, the continuous and the discrete, in which each of them is composed
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from the mother wavelet, denoted by y(t), by means of scale (s) and translation (t) parameters in
time domain [39, 40].

The discrete variation, Discrete Wavelet Transform (DWT) was chosen to describe the input
images, since it is possible to maintain higher resolution at low-frequency bands [41]. It can be
obtained by restraining both parameters to a discrete lattice with s = 2�m and t = n·2�m, where m

and n are integers. Hence, for a discrete-time signal f (n), the wavelet decomposition on I octaves is
given by,

f (n) = Â
i=1 to I

Â
k2Z

ci,kg[n�2i
k]+ Â

k2Z

dI,khI[n�2I
k] (4.3)

where, ci,k and dI,k corresponds to the coe�cients of approximation component and coe�cients of
detail component, respectively [39, 42]. These coe�cients are given by,

ci,k(n) = Â
n

f (n)g⇤
i
[n�2i

k] (4.4)

di,k(n) = Â
n

f (n)h⇤
I
[n�2I

k] (4.5)

where, the parameters i and k indicate the wavelet scale and translation factors, respectively. Besides
that, gi characterize the coe�cients of the low-pass and hI the coe�cients of the high-pass filters.
Every wavelet type and family are di�erent in what regards these filters. Section 4.3.1.2 presents an
explanation on these families [39, 40].

4.3.1.1 DWT in Two Dimensions

When it concerns images, the DWT is applied to each dimension independently. Meaning that,
rows and columns are treated as a signal, and, separately, put through the 1D DWT to build up to
the 2D DWT [41].

Regarding to the first level of decomposition two transforms are applied, the horizontal and
vertical transform. The horizontal transform is the first step in which each row is wavelet transformed
and scaled, resulting in two half images (one with scaling coe�cients, L, and the other with wavelet
coe�cients, H). The vertical transform is the second step in which both these coe�cients are applied
on each column of the previous two half images, resulting in four quarter sized images with a set of
four sub-bands at each level (LL – low low, LH – low high, HL – high low, HH – high high), Figure 4.1
(c). Of these, three correspond to horizontal (HL), vertical (LH) and diagonal (HH) details [37][39].
The decomposition into four sub-bands is shown in Figure 4.1 (a).

For the second level decomposition, the steps mentioned above are reproduced on the LL image.
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Figure 4.1: Implementation of wavelet image decomposition: (a) wavelet decomposition of input
image x(n1,n2); (b) reconstruction of x(n1,n2); (c) nomenclature of sub-bands for a 3-level decom-
position [43].

4.3.1.2 Wavelet Families and Subfamilies

A large number of wavelet families and subfamilies can be used for both discrete and continuous
analysis. Nevertheless, for the present work only eight wavelet families were tested: Haar wavelet,
Daubechies wavelets, Symlets, Coiflets, Biorthogonal wavelets, Reverse biorthogonal wavelets, Discrete
Meyer wavelet and Fejer-Korovkin wavelets. Apart from the Haar and Discrete Meyer wavelet, each
of them has subfamilies, for example, Daubechies express an order of N = 1,2, 3, . . . , 45 and Coiflets
an order of N = 1, 2, 3, 4 and 5 [44–46].

The wavelet families di�er in various properties, such as symmetry, regularity of the wavelet
(smoother wavelets enable sharper frequency resolution), number of vanishing moments (an increase
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in this number results in inadequate representations for a large class of signals and images). In Table
4.2, some of the properties of the wavelet families are detailed [44–46].

Table 4.2: Overview of the wavelet families properties.

Properties
Wavelet

Fk Sym Db Coif Rbio Bior Dmey Haar
Orthogonal Analysis X X X X X X

Biorthogonal Analysis X X X X X X
Infinitely Regularity
Arbitrary Regularity X X X X X X

Continuous Transform X X X X X X X
Discrete Transform X X X X X X X X

Fast Algorithm X X X X X X X
FIR Filters X X X X X X X X

Exact Reconstruction X X X X X X X
Symmetry X X X X
Asymmetry X X

Near symmetry X X
Existence of j X X X X X X X

Arbitrary Number of
Vanishing Moments

X X X X X

4.3.2 Feature Extraction

Features are an important form of information when studying the structure of control and abnormal
brain MRI images.

Gray level co-occurrence matrix (GLCM) is a statistical method that considers the spatial
relationship of pixels and is employed to describe the texture of an image. It calculates the regularity
with which pairs of pixel (with defined values and in a certain spatial relationship) appear on an
image. More specifically, the number of rows and columns of a GLCM is the same as the gray levels
on the image. Then, the co-occurrence matrix is created in four spacial orientations (0°, 45°, 90°, and
135°), and an additional matrix is set as the average of preceding matrices. With this information,
a matrix is created, and four statistical measures are extracted (Contrast, Correlation, Energy and
Homogeneity). Additionally, other texture metrics can also be obtained, such as Entropy, Variance,
Standard Deviation, among others [47, 48].

The following table 4.3 indicates and summarises information about all the statistics mentioned
[47, 48]. In this, each element i, j represents the frequency by which pixel with gray level i is spatially
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related to pixel with gray level j and Pi, j corresponds to the co-occurrence matrix with an NxN

size [47].

Table 4.3: Features overview.

Feature Formula Description
Contrast ÂN�1

i, j=0 Pi, j(i� j)2 Measures the local variations between pixels

Correlation ÂN�1
i, j=0 Pi, j

"
(i�µi( j�µ j))q

s2
i

s2
j

#
Estimates the combined probability occurrence
of the indicated pixel pairs

Energy ÂN�1
i, j=0 P

2
i, j Specifies the sum of squared elements in the

GLCM

Homogeneity ÂN�1
i, j=0

Pi, j

1+(i� j)2 Measures the nearness of the distribution of ele-
ments in the GLCM to the GLCM diagonal

Entropy ÂN�1
i, j=0 Pi, j(�lnPi, j) Assesses the randomness of an intensity image

Variance s2
i
= ÂN�1

i, j=0 Pi, j(i�µi)2 , Measures the dispersion of the elements of an
image

s2
j
= ÂN�1

i, j=0 Pi, j( j�µ j)2

Standard Deviation si =
q

s2
i

, Measures the dispersion of the elements of an
image and is the square root of variance

s j =
q

s2
j

4.3.3 F-score

F-score is a simple supervised feature selection method established on a statistical methodology
[49, 50]. This method allows the distinction of relevant features by measuring each feature individually,
resulting in F-score values [50]. Having into consideration the within class and between class variances,
the F-score can be calculated according to the following equation 4.6:

f � score( fi) =
Â j

n j

c�1(µ j �µ)2

1
n�c

Â j(n j �1)s2
j

(4.6)

in which, fi corresponds to a given feature, n j indicates the number of instances from class j, µ the
mean feature value, µ j the mean feature value on class j and s j the standard deviation of feature
value on class j [50]. In this way, a higher F-score value entails a feature with a larger discriminatory
power [49].
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4.4 Machine Learning (ML) Algorithms

Machine Learning is a field of artificial intelligence in which machines perform their assignments
using intelligent software. Thus, its purpose is to study and improve mathematical models that can
be trained with data related to the context to make important decisions without full knowledge of
every influencing elements [51].

4.4.1 Support Vector Machine

Support Vector Machine (SVM) is a machine learning classic classification algorithm that organizes
data in a plane and resorts to the establishment of a decision boundary between two classes [52, 53].
This decision boundary maximizes the distance amongst the two classes by selecting the closest data
points (support vectors) from each of them, Figure 4.2 [52]. Thereafter, the algorithm draws two lines,
one for each class, and, in between, the maximizing function is traced, known as the hyperplane [53].

Figure 4.2: Classification process of a SVM [52].

For a multi-dimensional classification, the usual dimensional space is not e�ective, thereby a
nonlinear methodology is used to classify the classes. To do so, SVM employs a kernel function that
allows the mapping of the separation of higher dimensional data [54]. The linear kernel function and
the polynomial kernel function are given by equations 4.7 and 4.8, respectively:

K(xi,x j) = x
T

i
x j +C (4.7)

K(xi,x j) = (gx
T

i
x j + r)d (4.8)

where, xi and xj are the input vectors, C is an optional constant and g, r, d are Kernel parameters
(g>0) [54].
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4.4.2 K – Nearest Neighbour

K–Nearest Neighbour (KNN) is established on statistical data and one of the simplest classification
algorithms [55, 56]. This classifier can be used on multi-class situations and makes a decision based
on the training items in the training phase [56]. The testing feature vector is classified by determining
the K–Nearest training neighbour vector and then the un-classified testing feature vector is assigned
to the class with majority of K–Nearest training vector. Thereby, the implementation of KNN is
centred on two parameters: the value of K that indicates the count of neighbours to be pondered and
the distance between the testing and training vector. This last parameter is calculated by di�erent
metric measurement techniques [55, 56]. In this work, the Euclidean and Minkowski distances were
used and can be calculated by the following equations 4.9 and 4.10, respectively [55, 57]:

d(a,b) =

s
n

Â
i=1

(ai �bi)2 (4.9)

d(a,b) = (
n

Â
i=1

|ai �bi|
1
p )p (4.10)

4.4.3 Ensemble

Ensemble learning methods are based on the extraction of a set of features with several transfor-
mations. According to these features, learning algorithms are used to generate poor predictive results.
Lastly, the ensemble learning algorithm combines results with numerous voting mechanisms so that
enhanced performances, in comparison with other algorithms alone, are obtained. In other words, the
predictive performance of a single model is improved by training di�erent models and aggregating their
predictions. When generating an Ensemble method two principles need to be considered: diversity
(the participating inducers should be su�ciently diverse) and predictive performance (should be as
superior as possible and at the same level as a random model) [58]. The most popular ensemble
classification methods include: AdaBoost, Bagging, Gradient boosting, Random Forest, and Random
subspace [58, 59]. A framework of the method is shown in Figure 4.3.

Figure 4.3: Framework of Ensemble Classification [59].
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4.5 Deep Learning (DL) Algorithm

Deep Learning is a subfield of machine learning and a specific class of ANN that resembles the
functioning of the human brain [60, 61]. DL contains several variants such as, autoencoders, restricted
Boltzmann machines (RBM), and Convolutional Neural Networks [60]. In this work, the last variant
was employed.

4.5.1 Convolutional Neural Networks

CNN’s architecture is the most noticeable category of neural networks that is composed of multiple
layers of neural computing connections: an input layer, output layer and many hidden layers, for
example, convolutional, activation, pooling and fully connected (FC) layers, as exhibited in Figure 4.4.
The input layer contains the image data that will then be classified in the output layer [60, 62].

Figure 4.4: Architecture of CNNs [60].

The convolutional layer, primary building block of a CNN, applies specific filter operators, named
convolutions, that merge two sets of information. The output is acquired through Kernels computing
the product between the input and filter values [61, 62]. Moreover, the activation layer can be linear
or non-linear. Their main function is to transform the input at a neuron to the output without any
modifications. The pooling layer allows the reduction of the spatial size by adding the output of a
neuron at one layer into a single neuron. The FC layer connects all the neurons in one layer to all the
neurons in another layer and its main purpose is to make predictions based on the activations, that
will then be used for classification. [62].

4.6 Application of the Methodology

The methodology used in this work was developed using Matlab® 2019b and FreeSurfer 7.1.1
software and it can be divided into 4 stages: (1) Pre-processing; (2) Feature Extraction; (3) Feature
Selection and (4) Classification. The last step includes both classic Machine Learning and Deep
Learning algorithms. This procedure is synthesized in Figure 4.5.
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Figure 4.5: Diagram of the methodology used in the present work.

Firstly, the dataset have been uploaded to FreeSurfer 7.1.1 software (freely available online at
https://surfer.nmr.mgh.harvard.edut) to execute the skull stripping process on the MR images. The
resulting images were then loaded to Matlab® 2019b software. Each 3D subject data was decomposed
into 2D slices comprising 3 di�erent anatomical views – coronal, sagittal and axial. These images
were treated with pre-processing techniques mentioned in section 4.2 - Median and Imadjust Filter -
to remove noise and adjust the image intensity values. It is important to note that before the dataset
download, these images had previously undergone determined correction steps, such as correction of
image geometry distortion, image intensity non-uniformity, among others [63].

In the second stage, in order to discriminate the study groups, a set of features have been
extracted from each MRI anotomical view. For this purpose, every image has been decomposed by
the 2-D Discrete Wavelet Transform until level 2, according to the formulas 4.3, 4.4 and 4.5. In
this step, the eight wavelets, mentioned in section 4.3.1.2, along with their subfamilies have been
applied. A total of 9 features (contrast, correlation, energy, homogeneity, standard deviation, entropy,
variance, mean and smoothness - consult Table 4.3) have been extracted from all the images resulting
from the wavelet decomposition plus the original images per view. In parallel, it was employed the
Kruskal-Wallis statistical test to determine if there are signifcant di�erences between the study groups.
Thus, through this test, all 132 wavelets were analysed for every image, in the di�erent views, and
for the comparisons AD vs CN, AD vs MCI, MCI vs CN, and All vs All, to be able to understand
amongst the total number of wavelets which ones had a greater discriminatory power. In this way, the
five wavelets with the best results were chosen (Biorthogonal 1.1, Reverse Biorthogonal 1.1, Reverse
Biorthogonal 1.3, Reverse Biorthogonal 1.5, and Reverse Biorthogonal 3.1). It was also verified that
mean and smoothness did not present significant di�erences between subjects. Therefore, these
features were not considered for this study. Figure 4.6 demonstrates some of the wavelets tested
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and the number of p-values considered acceptable (p < 0.05, meaning that there are significant
di�erences).

Figure 4.6: Overview of the wavelets tested and the total p-values obtained.

All the extracted information was organized in matrixes subject/feature per anatomical view.
Additionally, a full matrix was created by the combination of the information extracted from the 3
anatomical views. Therefore, and to enhance the discriminative power of the metrics, an F-score
algorithm was applied for feature selection, and the resulting features matrix was used as input in the
Matlab Classification Learner APP with the intent of selecting the best feature combination according
to the accuracy obtained by the following equation 4.11:

Accuracy =
T P+T N

T P+FN +FP+FN
(4.11)

in which, T P, T N, FN and FP stand for true positive, true negative, false negative and false
positive [64].

Through leave-one-out-cross validation, 25 classifiers have been trained to evaluate the best
feature combination. For this purpose, all features were tested for all the comparisons made for each
view (the best results are displayed in Table 4.4). In this way, it was found that the best feature
combination for comparisons AD vs CN, AD vs MCI, MCI vs CN and All vs All include 80, 85, 90,
95 or 115 of the total features extracted. From table 4.4, it can be seen that these features are
associated with the best classification results and amongst the majority of the comparisons made.
Furthermore, the two best classifiers for each comparison have been chosen.
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Table 4.4: Summary of the classic ML classification results.

AD vs CN AD vs MCI
3 views 93.3% 115 ft 84.6% 80 ft
Coronal 88.9% 100 ft 87.7% 80, 95,140 ft
Sagittal 93.3% 35 ft 78.5% 6,170 ft

Axial 77.8% 45 ft 84.6% 85 ft
Best result 93.3% 115 ft,35 ft 87.7% 80,95,140 ft

MCI vs CN All vs All
3 views 85.3% 120 ft 69.7% 25 ft
Coronal 88.2% 30,40,60,65,70,75,80,85,90 ft 75.3% 80,95,105,115 ft
Sagittal 82.4% 40 ft 65.2% 8,9,10,65,165,175 ft

Axial 82.4% 10 ft 69.7% 35,80ft
Best result 88.2% 30,40,60,65,70,75,80,85,90 ft 75.3% 80,95,105,115 ft

In this work, a Deep Learning algorithm was also implemented and comparisons with the Ma-
chine Learning classic algorithms were made. Therefore, the CNN was fed with the best feature
combination determined by the ML tools within a leave-one-out-cross validation procedure. The
best classification results are displayed in Table 4.5. The implemented CNN contained 6 layers –
imageInputLayer, convolution2dLayer, reluLayer (activation layer), fullyConnectedLayer, softmaxLayer
and classificationLayer (output layers). Firstly, the imageInputLayer feeds the CNN with a 2D image
and then normalizes the data. Afterwards, the convolution2dLayer employs sliding convolutional
filters to the image. Additionally, every element of this input su�ers a threshold operation, by the
reluLayer, setting values less than zero to zero. Then, the fullyConnectedLayer multiplies the image
by a weight matrix and adds a bias vector. The softmaxLayer implements a softmax function to the
image. Lastly, the classificationLayer calculates cross entropy loss for multi-class classifications with
common exclusive classes [65]. It is important to refer that 2 and 3 fully connected layers were used
for the binary and multi-class comparison, respectively. Moreover, three training algorithms were
tested: adam, sgdm and rmsprop. It was verified that there were no di�erences in the accuracy values.
In this way, the adam algorithm was chosen since it was the one programmed by default.

Additionally, a brief summary of the methodology is displayed in Figure 4.7.

Table 4.5: Summary of the DL classification results.

AD vs CN AD vs MCI
Best result 82.2% 115 ft (coronal view) 75.4% 95 ft (3 views + coronal view)

MCI vs CN All vs All
Best result 83.8% 85,90 ft (coronal view) 64.0% 80,85,95 ft (coronal view)
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Discussion

In this chapter, the results obtained from classic Machine Learning and Deep Learning will be
reported and compared. For both algorithms, binary and multi-class classifications were performed for
the three study groups, each representing a di�erent stage of the disease.

In terms of the comparison CN vs MCI, for the ML classic algorithms, the highest accuracy
obtained was 88.2� by means of 80, 85 or 90 features. The classifiers that presented the best quality
performance were Fine KNN and Subspace KNN. In turn, the DL algorithm presented a maximum
accuracy of 83.8� by using 85 or 90 features. In both algorithms the coronal view was the one with
the highest discriminative power.

Regarding the distinction of AD vs MCI, the ML classic algorithms obtained a highest accuracy of
87.7� with 80 or 95 features in the coronal view. Amongst all the classifiers tested, the Quadratic
SVM classifier was associated with higher quality results for these study groups. In contrast, the DL
algorithm achieved a maximum accuracy of 75.4� by the means of 95 features. Both the coronal view
and the combination of the 3 anatomical views presented the same discriminatory power.

Concerning the classification of CN vs AD, the ML classic algorithms showed a maximum accuracy
of 93.3� with 115 features in the 3 anatomical views. For this comparison, the best results were
exhibited by the Bagged Trees classifier. In turn, the DL algorithm obtained a maximum accuracy of
82.2� with 115 features in the coronal view.

The multi-class classification of ALL vs ALL, revealed to be the one in which the algorithm
experienced more di�culties to di�erentiate between groups. Thereby, both algorithms achieved
a maximum accuracy lower than the previously obtained. Regarding the ML classic algorithms, it
achieved a maximum accuracy of 75.3� in the coronal view by means of 80, 95 or 115 features. In
this comparison, the classifier that achieved the most quality performance was the Subspace KNN
classifier. In contrast, the DL algorithm accomplished a maximum accuracy of 64.0� with all 80, 85
or 95 features in the coronal view.

29
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Amid the results obtained from the Machine Learning and Deep Learning algorithms, it is possible
to state that the DL technique used (the CNN) did not outperformed the ML classic algorithms. The
best results from both artificial intelligence algorithms are demonstrated in Table 5.1. Additionally, it
was expected that overall, the comparison AD vs CN was the one achieving the best results, since
these groups have more anatomical di�erences in the brain. This outcome was, certainly, verified
with the ML classic algorithms.

Table 5.1: Summary of the results obtained by each technique.

AD vs CN MCI vs CN MCI vs AD ALL vs ALL
Machine Learning 93.3% 88.2% 87.7% 75.3%

Deep Learning 82.2% 83.8% 75.4% 64.0%

Upon the fact that the classic Machine Learning technique obtained the best results, the remaining
analysis will be focused on this algorithm. Therefore, the extracted metrics that allowed the maximum
accuracies to be achieved are exhibited in Table 5.2. The names attributed to these metrics are
explained as follows: First is the variable name, followed by the wavelet family, and finally the level of
decomposition (Variable_Wavelet_n). In which, n=1 corresponds to a level 2 2-D DWT for detail
coe�cients; n=2 to a level 2 2-D DWT for approximation coe�cients; n=3 to a level 1 2-D DWT for
detail coe�cients; n=4 to a level 1 2-D DWT for approximation coe�cients; and n=5 to the original
image.

Overall, the coronal view obtained the best results. This is sustained by studies [66] and [67], and
can be justified by the fact that it enables a clearer view to three of the most important tissues in
AD (cerebral cortex, the ventricle, and the hippocampus). In this way, it is possible to sustain that
the coronal view allows the best visualization of the di�erences in the various anatomical regions in
the 3 di�erent groups tested. Furthermore, despite all the features selected being within the highest
accuracies, entropy and energy are emphasised. In what concerns the wavelet families, amongst the
five best, the reverse biorthogonal 3.1 is outlined. This result is not in agreement with other studies.
In these, the wavelets most commonly used are Dauchebis 4 and Haar wavelet [68]. Lastly, regarding
the level of decomposition, it was found that the n=3 (level 1 2-D DWT for detail coe�cients) should
be highlighted.

Moreover, a comparison with other works in this field is fundamental to draw further conclusions.
In this sense, Table 5.3 summarises the methodology and accuracies obtained by state of the art with
the same database. Additionally, Table 5.4 displays the methodology and accuracies of imaging studies
with other databases. Lastly, Table 5.5 presents the methodology and accuracies of non-imaging
studies. The results are all rounded to the nearest integer number, and the methodology of studies
[16], [17], [20] and [23] was previously described with more detail in the state of the art (section 2.4).
As Tables 5.3, 5.4 and 5.5 clearly demonstrate, most studies distinguish the groups in a binary way
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(CN vs AD, CN vs MCI and MCI vs AD), with only the method proposed in Rodrigues et al. [69]
performing a multi-class classification (All vs All).

Compared with methods of diagnosing AD through sMRI using the same database (Table 5.3), in
the CN vs MCI case, it outperformes the method developed inThapa et al. [17] by 9%. In contrast,
when compared with the remaining comparisons studied (CN vs AD and MCI vs AD) it did not
presented better outcomes. This considerable di�erences in classication accuracy may be due to the
type of features extracted or the feature selection method applied.

With regard to AD diagnosis through other imaging techniques with the same database (Table
5.3), in the CN vs MCI case, it outperforms the FDG-PET method described in Liu et al. [70], by 9%
of accuracy. Conversely, for the CN vs AD pair, it does not outperform the highest accuracy obtained,
in this case by Amini et al. [20]. It is important to note that it is not a direct comparison of the
di�erent studies as the imaging techniques employed di�er.

Compared with methods of diagnosing AD through sMRI using a di�erent database (Table 5.4),
the proposed work achieves the highest classification accuracies. In the CN vs AD case, it impressively
outperforms the method employed in Qiu et al. [23] using AIBL, FHS and NACC databases by
6%, an impressive 16% and 11%, respectively. The remaining comparisons (CN vs MCI, MCI vs
AD and All vs All) were not perform in this study. This results may be explained by the fact that
no feature selection methods were applied in state of the art, enhancing the power of the F-score
method. Conversly, compared with methods of diagnosing AD through other imaging techniques
using a di�erent database, it did not show better results. Once again it is not a direct comparison of
the di�erent studies as the databases used are di�erent.

The proposed work was also compared with AD diagnosis through signal and biomarkers techniques
(Table 5.5). When compared with the EEG method proposed in Rodrigues et al. [26] it did not
outperformed the accuracies obtained. Since this work used a method that is not based on imaging
thecniques, a direct comparison should be done carefully.

The work carried out relied on a small set of subjects, but the results achieved clearly demonstrate
the potential of the metrics and techniques used. It is also possible to infer that the database used is
usually associated with higher classification accuracies in the sMRI studies. These statements can be
substantiated by the fact that overall, they outperformed state of the art classification accuracies
in the binary classifications. The improvements obtained in CN vs AD, CN vs MCI and MCI vs AD
indicate that the proposed work has a significant impact in the early detection of AD, playing an
important role in delaying its evolution.
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Table 5.2: Features selected by the F-score algorithm providing the best accuracies (Cont:Contrast;
Corr:Correlation; Ener:Energy; Hom:Homogeneity; SD:Standard Deviation; Ent:Entropy; Var:Variance;
r:rbio; b:bior).

AD vs MCI CN vs MCI
Corr_r3.1_4; Corr_r1.1_3; Corr_b1.1_3;
Hom_r1.5_2; Cont_r1.5_2; Corr_r3.1_3;
Corr_r1.1_5; Corr_b1.1_5; Corr_r1.3_5;
Corr_r1.5_5; Corr_r3.1_5; Corr_r1.5_2;
Corr_r3.1_2; Ent_r3.1_2; Ent_r1.3_2;
Ent_r1.5_1; Cont_r1.1_3; Cont_b1.1_3;
Ent_r1.5_1; Corr_r1.3_3; Ent_r1.3_4;
Ent_r3.1_4; Ent_r1.1_2; Ent_b1.1_2;
Ent_r1.5_4; Hom_r1.5_4; Ent_r1.1_4;
Ent_b1.1_4; Cont_r3.1_4; Ener_r1.1_4;
Ener_b1.1_4; Hom_r1.1_3; Hom_b1.1_3;
Hom_r3.1_3; Ent_r1.1_5; Ent_b1.1_5;
Ent_r1.3_5; Ent_r1.5_5; Ent_r3.1_5;
Ener_r1.1_2; Ener_b1.1_2; Ener_r3.1_1;
Cont_r3.1_3; Ener_r1.5_4; Ener_r1.5_1;
Corr_r1.5_3; Hom_r1.5_1; Ener_r1.1_3;
Ener_b1.1_3; Ener_r1.5_2; Ener_r1.3_4;
Ent_r1.5_2; Cont_r1.3_1; Ener_r3.1_4;
Ener_r3.1_3; Hom_r3.1_1; Ener_r1.3_1;
Ener_r1.3_2; Corr_r1.1_4; Corr_b1.1_4;
Cont_r3.1_1; Hom_r1.3_1; Ent_r1.3_3;
Ener_r3.1_2; Ent_r3.1_3; Ent_r1.5_3;
Cont_r1.5_2; Hom_r3.1_4; Ent_r1.1_3;
Ent_b1.1_3; Ent_r1.1_1; Ent_b1.1_1;
Ener_r1.1_1; Ener_b1.1_1; Corr_r1.5_1;
Hom_r1.3_2; Cont_r1.1_1; Cont_b1.1_1;
Hom_r1.1_1; Hom_b1.1_1; Ener_r1.3_3;
Ent_r1.3_1; Ener_r1.1_5; Ener_b1.1_5;
Ener_r1.3_5; Ener_r1.5_5; Ener_r3.1_5;
Corr_r1.1_2; Corr_b1.1_2; SD_r3.1_1;
Var_r3.1_1; Ener_r1.5_3; Hom_r1.3_3;
Hom_r1.5_3; Cont_r1.5_3

Corr_r3.1_4; Corr_r1.1_3; Corr_b1.1_3;
Hom_r1.5_2; Cont_r1.5_2; Corr_r3.1_3;
Corr_r1.1_5; Corr_b1.1_5; Corr_r1.3_5;
Corr_r1.5_5; Corr_r3.1_5; Corr_r1.5_2;
Corr_r3.1_2; Ent_r3.1_2; Ent_r1.3_2;
Ent_r1.5_1; Cont_r1.1_3; Cont_b1.1_3;
Ent_r1.5_1; Corr_r1.3_3; Ent_r1.3_4;
Ent_r3.1_4; Ent_r1.1_2; Ent_b1.1_2;
Ent_r1.5_4; Hom_r1.5_4; Ent_r1.1_4;
Ent_b1.1_4; Cont_r3.1_4; Ener_r1.1_4;
Ener_b1.1_4; Hom_r1.1_3; Hom_b1.1_3;
Hom_r3.1_3; Ent_r1.1_5; Ent_b1.1_5;
Ent_r1.3_5; Ent_r1.5_5; Ent_r3.1_5;
Ener_r1.1_2; Ener_b1.1_2; Ener_r3.1_1;
Cont_r3.1_3; Ener_r1.5_4; Ener_r1.5_1;
Corr_r1.5_3; Hom_r1.5_1; Ener_r1.1_3;
Ener_b1.1_3; Ener_r1.5_2; Ener_r1.3_4;
Ent_r1.5_2; Cont_r1.3_1; Ener_r3.1_4;
Ener_r3.1_3; Hom_r3.1_1; Ener_r1.3_1;
Ener_r1.3_2; Corr_r1.1_4; Corr_b1.1_4;
Cont_r3.1_1; Hom_r1.3_1; Ent_r1.3_3;
Ener_r3.1_2; Ent_r3.1_3; Ent_r1.5_3;
Cont_r1.5_2; Hom_r3.1_4; Ent_r1.1_3;
Ent_b1.1_3; Ent_r1.1_1; Ent_b1.1_1;
Ener_r1.1_1; Ener_b1.1_1; Corr_r1.5_1;
Hom_r1.3_2; Cont_r1.1_1; Cont_b1.1_1;
Hom_r1.1_1; Hom_b1.1_1; Ener_r1.3_3;
Ent_r1.3_1; Ener_r1.1_5; Ener_b1.1_5;
Ener_r1.3_5; Ener_r1.5_5; Ener_r3.1_5;
Corr_r1.1_2; Corr_b1.1_2; SD_r3.1_1
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AD vs CN ALL vs ALL
Hom _r1.5_4; Hom_r1.5_2; Cont_r1.1_4;
Cont_b1.1_4; Hom_r1.1_4; Hom_b1.1_4;
Cont_r1.3_4; Hom_r1.3_4; Cont_r1.5_2;
Cont_r1.1_5; Cont_b1.1_5; Cont_r1.3_5;
Cont_r1.5_5; Cont_r3.1_5; Ent_r1.1_3;
Ent_b1.1_3; Hom_r3.1_2; Cont_r3.1_2;
Ent_r1.5_1; Hom_r1.3_2; Cont_r1.3_2;
Ent_r1.3_1; Ent_r1.1_5; Ent_b1.1_5;
Ent_r1.3_5; Ent_r1.5_5; Ent_r3.1_5;
Ent_r1.3_3; Cont_r1.1_2; Cont_b1.1_2;
Ent_r1.1_1; Ent_b1.1_1; Ener_r1.1_3;
Ener_b1.1_3; Ent_r1.5_3; Hom_r1.1_5;
Hom_b1.1_5; Hom_r1.3_5; Hom_r1.5_5;
Hom_r3.1_5; Cont_r3.1_1; Hom_r3.1_1;
Ener_r3.1_2; Hom_r1.1_3; Hom_b1.1_3;
Ener_r3.1_3; Ener_r1.3_1; Ent_r3.1_3;
Hom_r1.3_1; Ener_r3.1_4; Ener_r1.5_1;
Ener_r1.1_1; Ener_b1.1_1; Ent_r1.3_4;
Hom_r1.5_1; Ener_r1.5_2; Hom_r3.1_4;
Ener_r3.1_1; Ener_r1.5_4; Ener_r1.1_4;
Ener_b1.1_4; Hom_r1.5_3; Ener_r1.5_3;
Hom_r1.1_1; Hom_b1.1_1; Hom_r3.1_3;
Ent_r1.5_4; Ener_r1.3_4; Ener_r1.3_2;
Ener_r1.1_2; Ener_b1.1_2; Ent_r1.3_2;
Ent_r1.1_4; Ent_b1.1_4; Cont_r1.1_1;
Cont_b1.1_1; Ener_r1.3_3; Cont_r1.5_4;
Cont_r1.1_3; Cont_b1.1_3; Ent_r3.1_4;
Hom_r1.3_3; Cont_r3.1_4; Ent_r3.1_1;
Cont_r3.1_3; Ent_r1.5_2; Corr_r3.1_4;
Ent_r1.1_2; Ent_b1.1_2; Hom_r1.1_2;
Hom_b1.1_2; Var_r3.1_2; Corr_r3.1_1;
Corr_r1.1_3; Corr_b1.1_3; Cont_r1.3_1;
Cont_r1.5_1; Ent_r3.1_2; Cont_r1.5_3;
Cont_r1.3_3; Corr_r1.3_1; Var_r3.1_3;
SD_r3.1_3; Corr_r1.1_2; Corr_b1.1_2;
Corr_r1.5_1; SD_r3.1_2; Ener_r1.1_5;
Ener_b1.1_5

Corr_r3.1_4; Corr_r1.1_3; Corr_b1.1_3;
Hom_r1.5_2; Cont_r1.5_2; Corr_r3.1_3;
Corr_r1.1_5; Corr_b1.1_5; Corr_r1.3_5;
Corr_r1.5_5; Corr_r3.1_5; Corr_r1.5_2;
Corr_r3.1_2; Ent_r3.1_2; Ent_r1.3_2;
Ent_r3.1_1; Cont_r1.1_3; Cont_b1.1_3;
Ent_r1.5_1; Corr_r1.3_3; Ent_r1.3_4;
Ent_r3.1_4; Ent_r1.1_2; Ent_b1.1_2;
Ent_r1.5_4; Hom_r1.5_4; Ent_r1.1_4;
Ent_b1.1_4; Cont_r3.1_4; Ener_r1.1_4;
Ener_b1.1_4; Hom_r1.1_3; Hom_b1.1_3;
Hom_r3.1_3; Ent_r1.1_5; Ent_b1.1_5;
Ent_r1.3_5; Ent_r1.5_5; Ent_r3.1_5;
Ener_r1.1_2; Ener_b1.1_2; Ener_r3.1_1;
Cont_r3.1_3; Ener_r1.5_4; Ener_r1.5_1;
Corr_r1.5_3; Hom_r1.5_1; Ener_r1.1_3;
Ener_b1.1_3; Ener_r1.5_2; Ener_r1.3_4;
Ent_r1.5_2; Cont_r1.3_1; Ener_r3.1_4;
Ener_r3.1_3; Hom_r3.1_1; Ener_r1.3_1;
Ener_r1.3_2; Corr_r1.1_4; Corr_b1.1_4;
Cont_r3.1_1; Hom_r1.3_1; Ent_r1.3_3;
Ener_r3.1_2; Ent_r3.1_3; Ent_r1.5_3;
Cont_r1.5_1; Hom_r3.1_4; Ent_r1.1_3;
Ent_b1.1_3; Ent_r1.1_1; Ent_b1.1_1;
Ener_r1.1_1; Ener_b1.1_1; Corr_r1.5_1;
Hom_r1.3_2; Cont_r1.1_1; Cont_b1.1_1;
Hom_r1.1_1; Hom_b1.1_1; Ener_r1.3_3;
Ent_r1.3_1; Ener_r1.1_5; Ener_b1.1_5;
Ener_r1.3_5; Ener_r1.5_5; Ener_r3.1_5;
Corr_r1.1_2; Corr_b1.1_2; SD_r3.1_1;
Var_r3.1_1; Ener_r1.5_3; Hom_r1.3_3;
Hom_r1.5_3; Cont_r1.5_3; Cont_r1.5_4;
Cont_r1.3_3; Cont_r1.1_5; Cont_b1.1_5;
Cont_r1.3_5; Cont_r1.5_5; Cont_r3.1_5;
Cont_r1.3_2; Corr_r1.3_1; Hom_r1.1_5;
Hom_b1.1_5; Hom_r1.3_5; Hom_r1.5_5;
Hom_r3.1_5; Corr_r1.3_4; SD_r1.1_2;
SD_b1.1_2; SD_r1.5_2; SD_r_1.3_2;
SD_r1.1_4
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Conclusions and future Perspectives

Conclusions

Alzheimer’s Disease is one of the neurodegenerative diseases with the highest prevalence, a�ecting
millions of people worldwide. Thus, this dissertation focuses on detecting AD in its early stages
through the analysis of MRI images. Several features were used to perform this distinction and the
results obtained revealed significant di�erences in the MRI images for all the comparisons made.
Additionally, two di�erent artificial intelligence algorithms, classic machine learning and deep learning,
were employed. It was also disclosed that in this work, the ML classic algorithms presented significantly
improved results. The distinction between the healthy control group and AD group was obtained with
the highest accuracy, reinforcing that this disease causes extreme modifications in the human brain.
Nonetheless, meaningful di�erences are also found between the distinction of AD and MCI groups
and between healthy control and MCI groups. With this is mind, it is feasible to report that these
findings are in conformity with the ones obtained in state of the art. In this sense, with these results,
and despite the size and the unbalance present in the database (compromising the generalizability
of the conclusions) it is possible to state that the features extracted are an important and accurate
diagnostic tool for AD detection. Moreover, it can also be recognised that the accuracies obtained
exceeded some of those presented in state of the art. In the CN vs MCI comparison, the proposed
method, when compared with methods that use structural MRI, showed an increase in classification
accuracy of 9%. Therefore, the potential of this work in the diagnosis of AD, mainly in its early stages,
is reinforced. AD is an exceptionally relevant topic and, therefore, with several ongoing studies. In
fact, a new Alzheimer’s drug called Aduhelm, targeting the amyloid plaques that a�ect the underlying
Alzheimer’s disease process, has already been tested and recently approved by the Food and Drug
Administration (FDA). In this way and combining new drugs with this intent with the proposed work,
a powerful tool can be created, and AD could finally find a cure [76].
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It should be noted that a Poster regarding this work was presented at the A�ect, Personality and
Embodied brain (APE2021) virtual conference [77].

Future Perspectives

With the aim of improving and consolidating the proposed tool, some proposals should be
considered in the future:

• A larger database with the di�erent balanced groups should be used, i.e., the groups should be
similar in size.

• Create a graphical interface so that the algorithm can be implemented in clinical environment.

• Extract other features from the images and segment the hippocampus with the aim of assisting
in the group’s classification.

• Evaluate and try to distinguish Alzheimer’s Disease from other forms of dementia, such as Lewy
Body Disease, Vascular Dementia, among others.

• Adjust the CNN architecture structure to understand if it promotes better results. Attempting
other deep learning technique could also be interesting.
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