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ABSTRACT

Accurate diagnosis of Alzheimer’s disease remains difficult because of the complexity of the
disease and its similarity to other forms of dementia. The prevalence of dementia, and its
most common form Alzheimer’s, is increasing worldwide, partly due to increasing longevity.
While neurological deterioration is a normal part of aging, Alzheimer’s accelerates this
process, straining public health services, leading to early mortality, and generating tremendous

challenges for patients and their families.

We used clinical data and magnetic resonance images to investigate artificial intelligence
techniques that could assist in Alzheimer’s disease diagnosis. Primary information was obtained
from the Australian Imaging, the Biomarker & Lifestyle Flagship Study of Ageing (AIBL), the
Alzheimer’s Disease Neuroimaging Initiative (ADNI), and the Open Access Series of Imaging
Studies (OASIS). To process these clinical data, we developed a new feature selection method,
created reduced databases, evaluated the data via machine learning classification models and
achieved 99.81% accuracy in diagnosing Alzheimer’s for ADNI data. MRI images were also
investigated. Different strategies were proposed for building an image dataset suitable for
deep learning techniques and achieved 99.3% accuracy in diagnosing Alzheimer’s for ADNI
data. Evaluation metrics were computed for the proposed strategies, and diagnostic results
were generated for normal and established Alzheimer’s cases. Individuals with mild cognitive
impairment were also evaluated. Finally, the results of the current study were compared to

those from other studies.

Keywords:  Alzheimer’s disease, Machine learning, Feature selection, Deep learning, Multiple

instances.



RESUMO

O diagnostico preciso da doenga de Alzheimer ainda é um campo aberto para a ciéncia,
tendo em vista se tratar de uma doenca multifatorial e com dificil identificacao das causas. As
deméncias estao cada vez mais presentes na populagao mundial, que experimenta um aumento
significativo na expectativa de vida, o que explica, em parte, o aumento do diagnostico de
Alzheimer, que é o tipo de deméncia mais frequente. A decadéncia neurolégica faz parte
do processo natural do envelhecimento, mas a doenca de Alzheimer acelera o processo de
degeneracao neurologica, trazendo grandes transtornos ao paciente e seus familiares, onerando

os servigos publicos de satide e causando 6bitos precoces.

Nesse contexto, este trabalho investiga técnicas de inteligéncia artificial que busquem
auxiliar no diagnoéstico da doenca de Alzheimer, utilizando dados de natureza clinica e imagens
de ressonancia magnética. Mediante licenciamento para utilizagao, foram buscadas informacoes
primarias nos estudos cientificos Australian Imaging, Biomarker & Lifestyle Flagship Study of
Ageing (AIBL), Alzheimers Disease Neuroimaging Initiative (ADNI) e no Open Access Series of
Imaging Studies (OASIS). Para tratamento dos dados clinicos, foi proposto um novo método de
selecao de atributos, foram criadas bases de dados reduzidas e fez-se a avaliagao por modelos de
classificacao de aprendizado de maquina, tendo atingido a acuracia de 99,81% no diagnostico do
Alzheimer para os dados ADNI. Também foi investigado o uso de imagens obtidas em exames
de ressonancia magnética. Foram propostas diferentes estratégias de construcao de um banco
de imagens adequadas para a aplicacao de técnicas de aprendizado profundo, tendo atingido
a acuracia de 99,3% no diagnostico do Alzheimer para os dados ADNI. Métricas de avaliagao
foram computadas sobre as estratégias propostas, e resultados de diagnoéstico foram obtidos
para os casos de individuo normal e com Alzheimer estabelecido. Também foi avaliado o caso
de individuos com comprometimento cognitivo leve. Como parte da avaliagao de desempenho,
os resultados alcangados foram comparados com os resultados obtidos em outros trabalhos de

pesquisa disponiveis na literatura.



Palavras-chave:  Alzheimer; Aprendizado de maquina; Selecdo de atributos; Aprendizado

profundo; Miltiplas instéancias.
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CHAPTER 1

INTRODUCTION

This chapter presents a historical review, contextualization, and justification for our study,

and defines the objectives, scientific contribution and organization of the thesis.

1.1 ALZHEIMER'S DISEASE

Alzheimer’s disease (AD) is a progressive cognitive dementia that progresses from mild

cognitive impairment to a final acute phase that robs patients of their independence and

functional capacity (WELLER J.| 2018). The word dementia comes from Latin and means

lack of reason.

AD is the most frequent type of dementia among all known types, affecting 70% of all

diagnosed patients (SWAFFE, [2016). Figure shows the most common types and their

predominance across the spectrum of dementia.

Figure 1.1. Types of dementia.
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An umbrella term that describes a collection

of brain diseases and their symptoms, which include:
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and an inability to perform daily activities.
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2-4% Of. all degeneration, and
dementias. progressive

supranuclear palsy.

Source: Adapted from (SWAFFE| [2016).
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There are more than 100 different types of known dementia that, due to the prevalence of
AD, are popularly and collectively labeled as Alzheimer’s. The disease has become shorthand
for the disorientation, memory loss and slow responses that can arise in the elderly. Other

types of dementia include:

1. Vascular dementia: this can appear after a stroke that compromises the function of an
important area of the brain. It can also appear because of long-term, untreated high
blood pressure and diabetes that can cause small ischemias that progressively affect the

brain.

2. Lewy body dementia: characterized by symptoms similar to those of Parkinson’s disease
such as tremors, muscle rigidity and slow movement. Symptom severity tends to fluctuate

daily and may include hallucinations and memory loss.

3. Frontotemporal dementia: affects the frontal and temporal lobes of the brain that are
responsible for regulating mood and behavior. Patients readily fluctuate between states

of apathy and excitement.

4. Parkinson’s dementia: toxic proteins are deposited in areas responsible for movement.

Lewy body and Parkinson’s dementia can be difficult to distinguish.

AD causes irrecoverable and real loss of nerve cells (neurons) and brain mass. The process
appears earlier and progresses faster than the milder loss that is considered a normal part of
natural aging. In AD, the brain begins to attack itself, the reasons for which are still unknown.
The hippocampus, which is responsible for recording new information, is the most affected part
of the brain. For this reason, at early stages of the disease, AD patients retain memories from

years ago but may forget what happened yesterday.

Studies on changes in hippocampal structures show that changes in neuronal plasticity,
myelination and interneuronal connectivity are important (BALESTRIERI J. 2020). The
medial temporal atrophy (MTA) score is used to assess these structures in neuroimaging. Figure
[I.2] shows brain slices with MTA ranging from 0 to 4. An MTA score above 3 is considered

abnormal in patients aged 75 years or older.
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Figure 1.2. Images with several medial temporal atrophy scores (MTA)

Source: Adapted from (BALESTRIERI J., 2020).

MTA SCORE

The score is calculated from a visual analysis of the thickness of the choroidal fissure,
thickness of the temporal horn and height of the hippocampal formation in the coronal section

of the T1 sequence of cranial magnetic resonance images.

e MTA 0: no atrophy.
e MTA 1: widening of the choroidal fissure.

e MTA 2: widening of the choroidal fissure and temporal horn of the lateral ventricle.

MTA 3: moderate loss of hippocampal volume (reduced hippocampal height).

e MTA 4: severe loss of hippocampal volume.

1.1.1 Stages

Dementia and AD are frequently ascribed stages that describe disease progression. Defining
stages help clinicians determine appropriate treatments and facilitates communication between

physicians and caregivers.

Several scales are used to classify dementia and better understand the different stages of AD.
These scales are based on how well a person thinks (cognitive decline) and functions (physical

abilities).
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Examples of scales include:

1. Global Deterioration Scale / Reisberg Scale (GDS) - GDS uses seven stages that are based
on levels of cognitive decline. The test is most relevant for people with AD since not all

types of dementia include memory loss.

2. Functional Assessment Staging Test (FAST) - Like the GDS scale, FAST is a seven-stage
system based more on the level of functional ability and the ability to perform daily living

activities than on cognitive decline.

3. Clinical Dementia Rating (CDR) - CDR uses a five-point system based on cognitive
(thinking) skills and functional capacity. Stages are assigned by interviewing the subject
and others, including family members, to assess six areas: memory, orientation, judgment
and problem solving, community affairs, home and hobbies, and personal care (HUGHES

C. PJ,[1982).

Table [I.T] shows the characteristics and expected average duration of each stage of the CDR

scale.

Some studies have used other stage classifications for AD. For example, the Australian
Imaging, Biomarker & Lifestyle Flagship Study of Aging (AIBL) (ELLIS et al. [2009)) is the
result of an Australian study with hundreds of patients that diagnoses disease progression
in three stages: cognitively normal (CN), mild cognitive impairment (MCI) and probable
Alzheimer’s disease (AD). Another system is the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) (MARINESCU et al, 2018), a North American study, which also classifies disease
progression into three stages: CN, MCI and AD. Data from both AIBL and ADNI were used
in the present study. Another study, the Open Access Series of Imaging Studies (OASIS)
(MARCUS et al., 2007) uses the CDR scale.
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Stage
CDR-0

CDR-0.5

CDR-1

CDR-2

CDR-3

Table 1.1. Clinical Dementia Rating (CDR) Scale

Description

No Dementia

Very Mild Dementia — Memory problems are slight,
but consistent.

- Some difficulty with time and problem-solving

- Daily life is slightly impaired

- Individuals can perform personal care activities
Mild Dementia — Memory loss is moderate, especially
for recent events, and interferes with daily activities.
- Moderate difficulty with solving problems

- Cannot function independently in community affairs
- Difficulty with daily activities and hobbies, especially
complex ones

Moderate Dementia — More profound memory loss,
only retaining highly learned material.

- Disorientation with respect to time and place

- Impaired judgment, with difficulty handling problems
- Little to no independent function at home

- Can only do simple chores

- Fewer interests

Severe Dementia — Severe memory loss.

- Disorientation with respect to time or place

- No judgment or problem-solving abilities

- Cannot participate in community affairs outside
home

- Requires help with all tasks of daily living

- Requires help with most personal care

- Frequent incontinence

Source: Adapted from (CENTRALL 2022).

1.1.2 A short history

Expected duration
of stage
N/A

Average duration is a
few years up to 7 years.

Average duration
is 2 years.

Average duration is
just under 2 years to
4 years.

Average duration is
1 year to 2.5 years.

AD was first recognized in 1906 when the German physician Alois Alzheimer diagnosed

dementia in a 55-year-old patient after performing a brain biopsy and relating the brain sequelae

to the patient’s medical records and symptoms. Alois Alzheimer announced these results at

the 37th Conference of Psychiatry in Tubingen, Germany (YANG H. D.; 2016). The term

AD was later named by Emil Kraepelin in his 1910 book on psychiatry. Despite the desiase

description comes from the beginning of the 20th century, it became a social stigma, marked

by the prejudice and lack of understanding of the distant past (YANG H. D., [2016)).
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It was only in the second half of the 1970s that AD was officially recognized as a disease
after receiving an international disease identification code (ICD - International Classification
of Disease). Data from the Rochester Epidemiology Project was used to identify increasing
numbers of AD diagnoses in patients over 65 in Olmsted County, Minnesota, United States,
from 1980 to 2014 (KNOPMAN D. S| 2019). This data is shown in Figure Here, the
horizontal axis represents the year and the vertical axis the number of unique people diagnosed
that year with AD. The data reveal a clear increase in the number of cases, probably due to a
better understanding of the disease by medical professionals, or an increase in cases resulting

from an aging population, improved diagnostic tools, and other factors.

Figure 1.3. Evolution of AD diagnosis in Olmsted County, Minnesota - USA.
| | | | | | |
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200 |- y

100 y

Patints with Alzheimer disease
|

Year of diagnosis

Source: Adapted from (KNOPMAN D. S.| 2019).

Since AD is mainly associated with cognitive aging, the disease should become even more
prevalent with the progressive aging of the world population. Significant increases in life
expectancy across the planet have made AD an important public health problem with rising
medical care costs. In 2020, the annual cost of treatment in the United States was estimated

at U$ 50 billion (SCHACHTER MD; KENNETH L. DAVIS, [2000)).

The 2022 World Population Prospects report from the United Nations (UN) estimated
that life expectancy at birth will increase on all continents over the next 30 years. By 2050,

average worldwide life expectancy is projected to reach 77.2 years, with a difference of 31.8
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years between countries with the lowest and highest values.

As countries with lower rates complete the demographic transition and reach historically low
levels of mortality, further reductions in mortality rates will become more difficult to achieve

and increases in life expectancy will stabilize, leading to long-term convergence among countries

and regions (ONU, [2022).

Figure is based on UN data (ONU, 2022) and shows Australia and Japan with the
highest life expectancies. At the other extreme, the lowest rates (not shown in Figure were

found in sub-Saharan Africa.

Figure 1.4. Life expectancy at birth: country estimates, 1950-2021, and projections, 2022-2050
I I I I I I [ I I I
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Source: Adapted from (ONU, [2022]).

1.1.3 Diagnosis

Currently, AD diagnosis depends on a variety of tools, of professionals such as neurologists,
neuropsychologists, geriatricians and geriatric psychiatrists (REPORT) [2021)), and different
tests, including medical history, behavioral change assessment, cognitive testing, physical and

neurological examinations, blood tests, imaging tests, and determination of beta-amyloid levels.

Clinical anamnesis (interview with the patient by the health professional), neurological

examinations and complementary tests are extremely important in diagnosing cognitive
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impairment and specific types of dementia. Advances in biomarkers and new diagnostic

techniques have improved the accuracy of assessments; however, their use is still restricted

to specific cases and to within the scope of scientific research (PARMERA; NITRINT, 2015)).

The next step after satisfactory anamnesis is an in-depth general and cognitive neurological
examination. The American Academy of Neurology recommends testing vitamin B12, thyroid

hormones, creatinine, and blood counts. Some types of structural imaging such as cranial

tomography or cranial resonance are also recommended (PARMERA; NITRINT, 2015)).

Nevertheless, diagnosing AD is a challenging task that could benefit from other diagnostic
strategies. Since AD is multifactorial disease with causes that are difficult to identify, and one
that can be confused with other types of dementia, precise diagnosis is still an open field for

science.

Diagnosing AD at an early stage, when cognitive impairment is mild, is also important so

that treatment can delay disease progression or reduce its financial impacts.

AD related research grows every year. A search on PubMe(ﬂ with the word “Alzheimer’s”
showed 200 thousand research articles registered from 1980 to September 2022. Figure [L.5]
shows the distribution of scientific articles over the years and demonstrates an evident increase

in the scientific community’s interest in AD.

Figure 1.5. PubMed portal search results with the word "Alzheimer’s" from 1980 to September 2022.

1980 1985 1990 1995 2000 2005 2010 2015 2020

Source: Own authorship.

Thttps:/ /pubmed.ncbi.nlm.nih.gov/



1.2 — RATIONALE FOR THE PRESENT STUDY 9

1.1.4 Alzheimer’s in Brazil

According to the WebsiteEl of the Brazilian Institute of Geography and Statistics (IBGE),
the population of Brazil will reach nearly 233 million inhabitants by 2050. Roughly 35% of

these will be 65 years or older, which means approximately 81 million people.

The WGbSitGEl of the Brazilian Society of Geriatrics and Gerontology (SBGG) estimates that
6.8% of the population over 60 years of age has a chance of developing some type of dementia,

40% to 60% of which would be Alzheimer’s.

Thus, approximately 2.2 to 3.3 million Brazilians may develop AD in 2050.

1.1.5 Alzheimer’s and Covid-19

A recent study (TAHIRA et al., 2021) at the Butanta Institute concluded that AD is a risk
factor for those who contract Covid-19, regardless of age. According to the survey, AD did not
increase the risk of hospitalization relative to other risk factors. However, when a patient was
hospitalized and already had the disease, the risk of developing a more serious condition due
to SARS-CoV-2 was three times greater compared to those who did not have dementia, and

six times greater for patients over 80 years old.

1.2 RATIONALE FOR THE PRESENT STUDY

A 2019 report by Alzheimer’s Disease International estimated that the global number of
people with dementia will reach 78 million by 2030 and 139 million by 2050.

According to a 2021 report by Alzheimer’s Disease International (Gauthier S. et al., 2021)),
75% of dementia cases go undiagnosed and 46% of these and their caregivers identified fear and

stigma as barriers to diagnosis.

The 2019 Alzheimer’s Disease International report also reported that the total costs of
dementia in 2015 were US$ 818 billion dollars, US$ 1 trillion dollars in 2018 and estimated at
US$ 2 trillion dollars in 2030.

Zhttps:/ /www.ibge.gov.br /apps/populacao/projecao/
3https://sbgg.org.br/
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Thus, there is ample justification for improving AD diagnosis by building tools that can

assist and complement the efforts of healthcare professionals.

1.3 OBJECTIVES

The general objective of this thesis is to investigate machine learning strategies that use
clinical data and magnetic resonance images to contribute to AD diagnosis. The primary data
used in the study were obtained from scientific studies carried out in the United States and

Australia.

The following objectives were proposed to achieve the general goal of this study:

1. Acquire licenses for reliable clinical and magnetic resonance imaging databases.

2. Develop a framework for reading and processing databases and implementing machine

learning techniques.

3. Perform exploratory experiments on clinical and magnetic resonance imaging databases.

SCENARIO 1: Clinical data

4. Investigate and propose a feature extraction technique that fits the data based on clinical

diagnoses.

5. Define and carry out experiments on clinical data using the feature selection method.

SCENARIO 2: Medical images

6. Evaluate images in the sagittal, coronal and axial planes.
7. Propose an automatic image (slice) selection algorithm for MRI.

8. Develop strategies for building image datasets that best represent the challenges of

diagnosing AD.
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10.

11.

1.4

Set up and carry out classification experiments using convolutional networks.
Analyze and generate results using the proposed methods.

Discuss results.

THESIS ORGANIZATION

This thesis has been organized into six chapters and one appendix:

e Chapter[l} INTRODUCTION. Presents an introduction, a review of Alzheimer’s disease,

and contextualization, justification, and objectives for the study.

Chapter 2} FOUNDATIONS. Reviews concepts of artificial intelligence, machine learning
and deep learning. Presents the challenges of diagnosing Alzheimer’s disease, and a review

of literature and state of the art practices.

Chapter [} CLINICAL DATA. Presents some of the technological basis for the treatment
of clinical data used in Alzheimer’s diagnosis. Describes the databases and the pre-
processing used for building the final datasets. Provides context for the challenges of
feature selection and presents the proposed algorithm. Presents performance evaluation
metrics for the trained models, the cross-validation methodology, and the machine

learning models used.

Chapter [} IMAGES. Presents some of the technological basis for the treatment of
magnetic resonance images used in Alzheimer’s diagnosis. Provides an evaluation of the
axial plane and proposes an automated image selection algorithm. Provides an evaluation
of the coronal plane and proposes a method for augmenting input data by incorporating
neighboring slice images. Shows how the image datasets are generated and prepared for

processing by machine learning algorithms.

Chapter[5} RESULTS. Presents the reduced clinical datasets generated by the new feature
selection algorithm. Describes the image datasets generated using a strategy to augment
input data and enable evaluation via convolutional networks. Presents an evaluation of

the models, an explanation of results and a comparison with other state-of-the-art results.
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e Chapter [t CONCLUSION. Presents an overall evaluation of the contributions of this

study and provides suggestions for future studies.

e Appendix [A} Portuguese thesis.



CHAPTER 2

THEORETICAL FOUNDATION

This chapter presents theoretical foundations, a review of research and discussions by other
authors on improving AD diagnosis via computational techniques, with emphasis on artificial

intelligence and state-of-the-art practices.

2.1 ARTIFICIAL INTELLIGENCE IN DIAGNOSING NEURODEGENERATIVE
DISEASES

Artificial intelligence (Al) is a thriving field with many practical applications and avenues for
research. There is a relentless search for intelligent software systems that can automate routine
processes, interpret speech or images, provide medical diagnoses and support basic scientific
research. Early on, the Al field quickly tackled and solved problems that were intellectually
difficult for humans but relatively simple for computers—problems that can be described by
a list of formal, mathematical rules. The real challenge for AI is solving tasks that are easy
to perform but difficult to formally describe - problems that humans solve intuitively, almost
automatically, such as recognizing spoken words or faces in images (GOODFELLOW et al.l
2016).

Al systems need the capacity to acquire their own knowledge by extracting patterns from
raw data. This ability is known as machine learning (ML). The advent of ML allowed computers
to tackle problems that involve understanding the real world and making decisions that appear

subjective.

The challenge of more complex problems is deciding which features to extract. One solution
to this problem is to use ML to discover not only the mapping from representation to output,
but also the representation itself. This approach is known as Representation Learning (RepL).

RepL frequently performs better than manually extracted representations. RepL also allows Al
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systems to quickly adapt to new tasks with minimal human intervention. A RepL algorithm can
discover a set of features for a simple task in minutes, or a complex task in hours. Conversely,

manual representation of features for a complex task requires significant human time and effort,

which can take decades for an entire community of researchers (GOODFELLOW et al., [2016).

A major challenge for many real-world Al applications is that too many factors influence
each piece of data. Many of these variance factors can only be identified using a sophisticated,
quasi-human understanding of the data. In these cases, RepL is rather ineffective. Deep
learning (DL) solves this problem by introducing representations that express themselves in

terms of other, simpler representations.

Figure [2.1] shows how these AI techniques are related and presents an example algorithm

for each case.

Figure 2.1. A Venn diagram showing how deep learning is a kind of representation learning,which is in turn
a kind of machine learning that is used for many but not all approaches to Al.

Deep

Learning
(DL)

Example:
CNNs

Source: Own authorship.

For some time, attempts have been made to develop computerized systems that assist clinical

diagnosis. More than 50 years ago, one such system was developed to evaluate patient data

and suggest steps to reestablish hydroelectrolyte balance (BLEICH] 1969).

AT can assist the investigation of neurodegenerative disorders more deeply, providing a

comprehensive overview of the disease and creating avenues for the application of precision
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medicine. Thus, Al is a powerful resource that can help diagnose neurodegenerative diseases
by revolutionizing the medical environment and providing greater certainty and practicality in

the management of these pathologies (BRITO et all, 2021]).

2.2 COMPUTATIONAL SUPPORT IN DIAGNOSING ALZHEIMER'S DISEASE

ML and DL techniques have been important allies in aiding AD diagnosis (NIYAS; P}, 2021a;
NIYAS; Pl [2021b; NGUYEN M.} [2020; ALBRIGHT] 2019; [IDDI et al., 2019; MOORE et al.,
2019; (GHAZI et al.,2019; NGUYEN et al., [2018; ZHANG et al., [2011)).

In general, the use of artificial intelligence techniques to improve the accuracy of diagnosing
brain diseases has grown significantly in recent years (KHAN et al), 2021)). Several recent
studies have used ML or DL to diagnose AD and other brain diseases, such as brain tumors,
epilepsy and Parkinson’s disease. (KHAN et al., [2021) searched publications on IEEE Xplore,
ScienceDirect and Google Scholar between 2018 and 2020, and found 75 articles on AD, 46

using DL and the remaining 35 using other ML techniques.

Figure shows the number of articles using ML or DL to diagnose AD, brain tumors,

epilepsy and Parkinson’s disease.

Figure 2.2. Article distributions with respect to ML / DL.
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(KHAN et all 2021)) also determined which databases were used in each of these studies.

Figure shows that 60% of the studies employed data from the ADNI database, which is also
used in the current study, in addition to AIBL and OASIS.

Figure 2.3. Databases used in studies on AD diagnosis.
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Several studies have used the AIBL and/or ADNI databases with ML techniques,
2021a),(NIYAS; P} 20215),(IDDI ¢t all, 2019),(MOORE et af), 2019),(ZHANG ef al), 2011)
or DL techniques (NGUYEN M. 2020)),(ALBRIGHT], 2019)),(GHAZI et al,, [2019),(NGUYEN|
let all [2018),(LIU J LI [2020),(HAN et al, 2020), (LI et al, 2022)),(RAZZAK et al,
2022),(HAZARIKA et al), 2022),(ZHANG et al, 2023),(WU et al, 2022),(GAO et all
2023a)),(GAO et al), 2023b),(SHARMA et al) [2022). The results of these recent state-of-

the-art studies will be compared to the results of the present study in Chapter [5| (Results and

discussion).

2.3 LITERATURE REVIEW

As shown in Figure [I.5 the number of scientific articles on AD has increased significantly

from 1980 to 2022, demonstrating the scientific community’s growing interest in this topic.
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(KHAN et al., [2021)) found 75 articles published from 2018 to 2020 on AD diagnosis that used
computational intelligence techniques. Of these, 40 employed DL while the remaining 35 studies
used ML techniques. Some of these articles, and others published before 2022, are reviewed

below.

The authors of (NIYAS; P, 2021a) compared the performance of state-of-the-art
classification algorithms using Dynamic Ensemble Selection (DES) for diagnoses in three
categories: CN, MCI, and AD. In this study, a set of the most common ML classifiers was
used as DES input. The classification results were compared with and without the use of DES.
The authors concluded that DES improved the classification evaluation metrics. The study

used the ADNI database.

In (NIYAS; P} 2021b), the authors used the Fischer score to select features in the ADNI and
AIBL databases and analyzed the classification evaluation metrics for the CN, MCI and AD
classes using the support vector machine (SVM) and k-nearest neighbors (kNN) classifiers.
The authors concluded that this feature selection method was efficient and improved the
classification results. The classification metrics for the CN v/s AD, MCI v/s AD and MCI
v/s CN classes were also evaluated. This was done using balanced classification accuracy

(BCA) given the imbalance of the classes in the datasets.

(IDDI et al., 2019)) proposed a two-phase approach for modeling and predicting measures of
cognition, function, brain imaging, fluid biomarkers and diagnosis of individuals using multiple
domains simultaneously. In the first phase, multivariate mixed effects models were used to
simultaneously model multiple markers over time. In the second phase, random forests (RF)
were used to predict CN, MCI and AD diagnoses from continuous markers based on the first-

phase model. The ADNI database was used in this study.

AD prediction based on time series was proposed in (MOORE et all 2019)). Here, RF was
used to discover the relationship between pairs of data points within different time intervals.
The input vector was composed of a summary of historical time series and included both
demographic and non-demographic variables, such as genetic data. The database used was

ADNI. The results showed that the method was effective and comparable to other methods.

A technique for predicting the progression of Alzheimer’s disease using recurrent neural

networks (RNN) was proposed in (NGUYEN M.| [2020). In this study, multimodal AD markers
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and a patient’s clinical diagnosis from one or more points in time were used to predict clinical
diagnosis, cognition, and ventricular volume diagnosis for each month in the future. The
Alzheimer’s Disease Prediction of Longitudinal Evolution (TADPOLE) challenge database from
ADNI was used. The authors stated that their approach ranked second in the TADPOLE
challenge as of June 3, 2020.

(ALBRIGHT, [2019) proposed a prediction method for Alzheimer’s disease progression
using neural networks and a new pre-processing algorithm called "All-Pairs", which involved
comparing all possible pairs of temporal data points for each patient. According to the authors,
the trained neural network could be used to identify patients in early stages of AD, which are

good candidates for clinical trials of AD therapies. This study also used the ADNI database.

(GHAZI et al., 2019)) proposed a long-short-term memory (LSTM) algorithm that was used
to model the progression of Alzheimer’s disease (AD) using six imaging biomarkers (ventricular
volumes, hippocampus, whole brain, fusiform, middle temporal gyrus, and entorhinal cortex)
from the MRI database. The ADNI database was used. The study concluded that the integrated
treatment of missing values in the formation of an LSTM network improved the application of

RNNs in neurodegenerative modeling of disease progression in longitudinal sections.

(NGUYEN et all [2018) also modeled Alzheimer’s disease progression using RNN. Here, the
ADNI database was used to propose strategies to train RNN via data that used RNN to fill in

incomplete data or missing points on a timeline.

(LIU J LI, 2020) also used the ADNI database and examined the problem of predicting
disease progression by measuring cognitive scores and selecting predictive biomarkers of
progression. Most previous work on predicting AD progression ignored the issue of missing
data. Missing data represents a major challenge to modeling longitudinal data, since most

statistical models assume complete data sets.

New diagnostic models that use magnetic resonance imaging to identify the various stages
of AD were presented in (HAN et al., [2020). Here, experiments on magnetic resonance images

collected from the ADNI website were used to evaluate the proposed models.

(LI et all 2022) used a 3D convolutional neural network to process entire 3D magnetic

resonance images, using data from ADNI and magnetic resonance imaging.
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(RAZZAK et all,2022)) proposed an integrative framework based on deep learning to improve
the predictive performance of Alzheimer’s diagnosis. The study used ADNI data and magnetic

resonance imaging.

(HAZARIKA et al) [2022) presented a new model based on convolutional networks to
distinguish patients with AD and MCI from cognitively normal individuals. The new model

was based on VGG-19 and DenseNet and used data from ADNI.

An accuracy of 93.4% for AD v/s CN diagnosis using AIBL data was achieved by (ZHANG

et al., 2023]), who presented a three-dimensional multilayer perceptron mixer DL model.

A new attention-based 3D multi-scale CNN model was proposed in (WU et al., 2022),

achieving 91.3% accuracy on ADNI data.

(GAO et al., 2023al) presented a hybrid multi-scale attention convolution network and an
aging transform network for AD diagnosis, with sMRI data. The study reports 90.5% accuracy
in diagnosing AD v/s CN on ADNI data.

In this article (GAO et al., 2023b), the authors proposed a generative brain state transfer
adversarial network (BrainStatTrans-GAN) for AD diagnosis. The paper reports 94.9%
accuracy for AD v/s CN diagnosis in ADNI data.

A new approach to structural and metabolic image fusion based on wavelet packet transform
using MRI and PET scans is proposed in (SHARMA et al., 2022). The paper reports accuracy
of 97.33% for AD v/s CN diagnosis for ADNI data.

Chapter |o| will compare some of these studies to the results of the present study.

This chapter presented theoretical foundations and reviewed research by other authors who
also used computational techniques to aid in AD diagnosis. The following chapter will present
technological proposals for developing computational techniques that use clinical data to aid in

the diagnosis of AD.



CHAPTER 3

ANALYSIS BASED ON CLINICAL DATA

This chapter details the clinical data used and the technological proposals developed.

A patient clinical data includes data from anamnesis, laboratory tests, weight, age, images,
heart rate, blood pressure, medications, clinical history, diagnoses and others. The relative

importance of these data sources depends on the diagnosis type.

In the present study, the AD clinical data were extracted from the studies detailed below.

3.1 DATABASE DESCRIPTIONS

We selected the ADNI, OASIS, and AIBL databases from the set of databases related to
AD (Figure 2.3). ADNI and OASIS were among the most used databases in scientific articles
from 2018 to 2020 (KHAN et al., 2021). AIBL has also been recently referenced in (NIYAS; P},
2021h).

3.1.1 OASIS

The Open Access Series of Imaging Studies (OASIS) is a project that aims to make brain
neuroimaging datasets freely available to the scientific community. The clinical database can
be found on the OASIS] website (MARCUS et all 2007). This database consists of a cross-
sectional collection of 416 patients aged from 18 to 96 years. For each patient, three or four
individual T1-weighted MRIs obtained in single scan sessions are included. The subjects are all
right-handed and include both men and women. Patients are diagnosed according to the CDR
assessment scale (HUGHES C. P [1982)). The database is available in the comma-separated
values (CSV) format.

Thttps:/ /www.oasis-brains.org
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Table lists the features in the OASIS1 database and their descriptions.

Feature
Age

Sex
Education

Socioeconomic status

MMSE score
CDR scale

Atlas scaling factor
eTIV

nWBV

3.1.2 AIBL

Table 3.1. OASIS: Features descriptions

Description

Age at time of image acquisition (years)

Sex (male or female)

Years of education

Assessed by the Hollingshead Index of Social Position and

classified into categories from 1 (highest status) to

5 (lowest status)

Ranges from 0 (worst) to 30 (best)

0 = no dementia, 0.5 = very mild AD,

1 = mild AD, 2 = moderate AD

Computed scaling factor (unitless) that transforms

native-space brain and skull to the atlas target

(i.e., the determinant of the transform matrix)

Estimated total intracranial volume (cm?)

Expressed as the percent of all voxels in the

atlas-masked image that are labeled as gray or white

matter by the automated tissue segmentation process
Source: Own authorship.

The Australian Imaging, Biomarker & Lifestyle Flagship Study of Ageing (AIBL) (ELLIS

et al., 2009) is a study to discover which biomarkers, cognitive characteristics, and health and

lifestyle factors determine the subsequent development of symptomatic AD. This Australian

study started in 2006 with more than 1000 patients diagnosed in three stages of disease

progression: cognitively normal (CN), mild cognitive impairment (MCI) and established

Alzheimer’s disease (AD). Further information can be found on the study’s website}

Table lists the features in the AIBL database and their descriptions.

Zhttps://aibl.csiro.au/
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Table 3.2. AIBL: Features descriptions

Feature Description

HMT3 Red Blood Cell Count
HMT7 White Blood Cell Count
HMT13 Platelets

HMT40 Hemoglobin

HMT100 Mean Cell Hemoglobin
HMT102 Mean Cell Hemoglobin Concentrate
AXT117 Thyroid Stimulate Hormone
BAT126 Vitamin 12

RCT6 Urea Nitrogen

RCT11 Serum Glucose

RCT20 Cholestrol

RCT392 Creatinine

LIMMTOTAL Total number of story units recalled-Logical Memory Immediate Recall
LDELTOTAL Total number of story units recalled-Partial Score of Logical Memory test
MMSCORE Mini Mental State Examination Score
CDGLOBAL  Clinical Dementia Rating Global
APGEN1 Apoe gene 1
APGEN2 Apoe gene 2
DXCURREN  Diagnosis status
Source: Own authorship.

3.1.3 ADNI

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) (MARINESCU et al., 2018) is a
multicenter, longitudinal North American study designed to develop clinical, imaging, genetic,
and biochemical markers for the early detection and screening of AD. Since its launch over
a decade ago, this historic public-private partnership has made major contributions to AD
research and enabled data sharing among researchers around the world. Additional information
can be found on the study’s websiterﬂ This study also classifies the stage of disease progression

into three categories: CN, MCI, and AD.
Table [3.3) lists the features in the ADNI database and their descriptions.

Data from the ADNI and AIBL studies can be downloaded from the Image and Data Archive
(IDA)El platform, which is managed by the Laboratory of Neuro Imaging (LONI) of the Mark

and Mary Stevens Neuroimaging and Informatics Institute, associated with the University of

3https://adni.loni.usc.edu/
4https://ida.loni.usc.edu/login.jsp
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Southern California.

Table 3.3. ADNI: Features descriptions

Feature Description

Ventricles Ventricles Volume

Hippocampus Hippocampus Volume

CDRSB Clinical Dementia Rating Scale Box

MMSE Mini-Mental State Examination

WholeBrain WholeBrain Volume

Entorhinal Entorhinal Volume

Fusiform Fusiform Volume

MidTemp Med Temp Volume

ICV Intracranial Volume

ADAS11 Alzheimer’s Disease Assessment Cognition Scale 11
ADAS13 Alzheimer’s Disease Assessment Cognition Scale 13
Age Age at baseline

PTEDUCAT Education

RAVLT learning
RAVLT immediate
RAVLT Forgetting

RAVLT Perc_ Forgetting bl

Rey Auditory Verbal Learning Test

Rey Auditory Verbal Learning Test (5 sum)

Rey Auditory Verbal Learning Test Forgetting

Rey Auditory Verbal Learning Test Percentile Forgetting
Average AV45 SUVR of frontal, AC, precuneus,

GAUES and parietal cortex relative to the cerebellum

APOEA4 Apolipoprotein E4

FAQ Functional Activities Questionnaire

FDG Average FDG-PET of angular, temporal, and posterior
cingulate

DX Diagnosis Status

Source: Own authorship.

Further details on the features in each of these databases can be seen in the reference articles

(ELLIS et all 2009)),(MARINESCU et al., 2018) and (MARCUS et al., [2007)).

3.1.4 Preprocessing

Preprocessing is an essential step in preparing ML data and involves transforming raw data
into a more suitable and effective format for building ML models. Preprocessing improves
the quality and efficiency of the learning process and can have a significant impact on the

performance and accuracy of the resulting model.

Eighteen features were chosen from AIBL, sixteen features used in (NIYAS; P} 2021b) and

two genetic features, and assigned to three classes (AD, MCI and CN). Patient data contained
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neuropsychology evaluations, blood tests and genetic data from each patient evaluation. The
resulting dataset is referred to as AIBL-18 (Table [3.4)).
Table 3.4. AIBL-18: dataset composition
Quantity Features
CDGLOBAL AXT117 BAT126 HMT3 HMT7 HMT13 HMT40 HMT100

18 HMT102 RCT6 RCT11 RCT20 RCT392 MMSCORE LIMMTOTAL
LDELTOTAL APGEN1 APGEN2

Source: Own authorship.

Twenty-one features were chosen from the ADNI-TADPOLE study, features used in (NIYAS;
P|, 2021bf), and the data was assigned to three classes (AD, MCI, and CN) for each patient
evaluation. The resulting dataset is referred to as ADNI-21 (Table B.5).

Table 3.5. ADNI-21: dataset composition

Quantity Features
Ventricles Hippocampus WholeBrain Entorhinal Fusiform MidTemp ICV
21 CDRSB MMSE RAVLT learning RAVLT immediate RAVLT forgetting

RAVLT perc_forgetting bl ADAS11 ADAS13 FAQ FDG AV45 APOE4
AGE PTEDUCAT

Source: Own authorship.

Eight features were chosen from the OASIS study, features used in (PAIVA; ESCOVEDO,
2021)), and grouped into four classes: CDRO, CDR0.5, CDR1 and CDR2, for each patient
assessment. This dataset is referred to as OASIS-8 (Table [3.6)).

Table 3.6. OASIS-8: dataset composition

Quantity Features
Age Sex Education Socioeconomic _status
8 MMSE score Atlas_scaling factor eTTV nWBV

Source: Own authorship.

The AIBL-18 dataset initially contained 1639 instances. However, preprocessing was needed

given that:

e Data was lacking in some instances. This may have occurred because the recording of an

exam result was forgotten, or the exam was not carried out.

e Occasionally, there were up to six instances per patient that resulted from assessments

made for the same patient on six different dates. Naturally, in these cases the diagnosis
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may have changed from CN to MCI, MCI to AD or even AD to MCI. Patients with many

evaluations tend to produce instances with greater statistical dependence.

These cases were treated using the following strategies:

1. Choose to not impute the data, considering that the number of instances is sufficient for
classification, while completely excluding all instances that have at least one missing piece

of data.

2. Select only one instance per patient, choosing the most recent record from those available.

This strategy helps minimize dependence in the dataset.

The overall process yielded a dataset with 785 instances, 18 features and three classes for
AIBL-18, representing 95.03% of the total number of patients (i.e., a significant use of the
original data), without having to impute data or use data from more than one consultation of

any patient.

The same preprocessing strategy was applied to ADNI-21, resulting in a dataset with 21
features, three classes and 1033 instances, or 59.47% of the total number of patients in the

study.

The OASIS study originally had four classes (CDR 0, CDR 0.5, CDR 1 and CDR 2).
However, CDR 1 and CDR 2 were grouped together into a new class called CDR 1-2 since the
number of instances in the CDR 2 class was very small. This process yielded a dataset with

216 instances, three classes and seven features.

3.2 DATA ANALYSIS

The post-processed AIBL-18 dataset resulted in 785 instances, 18 features and three classes

(Table B-7).

Table 3.7. AIBL-18: instance distribution by class
Class Number of instances

CN 047
MCI 125
AD 113

Source: Own authorship.
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Similarly, the post-processed ADNI-21 dataset resulted in 1033 instances, 21 features and
three classes (Table [3.8)).

Table 3.8. ADNI-21: instance distribution by class
Class Number of instances

CN 505
MCI 367
AD 161

Source: Own authorship.

The post-processed OASIS-7 dataset resulted in 217 instances, seven features and three

classes (Table [3.9).

Table 3.9. OASIS-7: instance distribution by class
Class Number of instances

CDR 0 133
CDR 0.5 57
CDR 1-2 26

Source: Own authorship.

It is expected that all datasets would show an unequal distribution of instances among
classes given that the presence of the disease is less frequent than the diagnosis in the general

population.

Nevertheless, classification models are affected when trained with datasets that have
imbalanced classes. In this case, the trained classifier can succeed if it simply chooses the

largest class for any given instance.

To prevent this, the classification error function can be weighted in order to balance the

errors that occur in the minority classes (CUI et al., [2019).

Another option is to oversample the minority classes, synthesizing new instances from
existing instances. This technique is known as SMOTE (the Synthetic Minority Oversampling
Technique) (CHAWLA et all [2002). One variation of SMOTE is ADASYN (the Adaptive
Synthetic Sampling Method), which generates synthetic instances in the region of the feature
space where the density of minority examples is low (HE et al., 2008). These techniques were

evaluated in the present study but did not produce results that would justify their incorporation.

It is essential that the classification model assumes that datasets are unbalanced, and that
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the evaluation metrics account for this.

3.3 FEATURE SELECTION

Feature selection is used to choose a subset of specific features for designing models. This
process has many advantages, the most notable of which is improving a machine learning

algorithm.

A second advantage is decreased computational complexity. If the number of features in a
model is reduced, the calculation of model parameters becomes simpler. Another advantage of
fewer features is a clearer understanding of how features relate to each other and contribute to

results.

There is no straightforward and simple solution for choosing which features to include in an

ML model. However, there are several techniques that can be used to effectively select features

(DHAL; AZAD, 2022), which can be grouped as filter, wrapper and embedded methods, as
shown in Figure

Figure 3.1. Feature selection methods.

{ Feature selection ]—

\ 4 \ 4 A

Filter model [ Wrapper model } [ Embedded model ]

Source: Adapted from (DHAL; AZAD| 2022).

3.3.1 Filter methods

Filter methods are feature selection methods that are executed as a preprocessing stage
before running a model. They work by analyzing aspects of relationships between variables.
Various indicators are used to decide which elements will be omitted and which will remain,

depending on the model. Filter methods usually return feature rankings that show how features
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are arranged relative to each other and exclude variables that are deemed obsolete.

A typical filter approach in linear regression is to remove features that are strongly correlated
with each other. A variance threshold is another filtering approach that places a specific limit
on the variation needed between features in order to be included in a model. The logic is that
these variables will not provide significant fit if they do not have a high variance and therefore

will not have much effect on the dependent variable.

Some examples of filter methods, used in the results of this work (Chapter 5], are Chi-square
(JIN et all 2006, Mutual Information (HOQUE et al., [2014), Anova F-value (DING et al.,
2014)), Fisher Score (HART et al., [2000) and MultiSURF (URBANOWICZ et al., 2018]).

3.3.2 Wrapper methods

Wrapper methods use various combinations of features to train models and then measure
efficiency. These methods find an optimal subset of features by training models with a given
subset, which is then evaluated on a test set. Wrapper methods are highly effective, but time

consuming. Using them for large sets of features can be difficult and computationally expensive.

One type of wrapper method in linear regression is called recursive feature elimination. This
method starts with all the features in a model and eliminates them one by one. Direct selection
is the inverse of this process, starting with a single feature and adding others with the goal of

improving model efficiency.

Some examples of wrapper methods, used in the results of this work (Chapter [5),
are Recursive Feature Elimination (SEIJO-PARDO et al, 2019), Permutation Importance
(ALTMANN et al., 2010), Shapley additive explanations (LUNDBERG; LEE] 2017) and Boruta
(KURSA; RUDNICKI, |2010).

3.3.3 Embedded methods

Embedded methods are feature selection methods used in machine learning algorithm design.
Regularization, particularly Lasso regularization, is the most popular embedded method as

it can automatically reduce a feature set. Lasso regression is often referred to as L1 norm
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regularization.

Some examples of embedded methods, used in the results of this work (Chapter 5|, are
Embedded Random Forest and Embedded Light GBM (SAEYS et al., [2008).

3.3.4 The proposed algorithm

(NIYAS; P, [2021b)) achieved promising results by using the Fischer score (HART et al., 2000])
to select features from the ADNI and AIBL databases and then evaluating the classification

evaluation metrics for the CN, MCI, and AD classes.

Given a data set (x,y) with n instances, d features and ¢ classes, represented by {(x;,y;)",},
where x; € R? corresponds to the values of the features of instance i and y; € {1,2,....c}
corresponds to the label received by instance 7, the feature selection problem is finding a subset
of size m < d that contains the maximum amount of representative information from the data

set.

One possible solution to this problem is to use the Fisher score to select features from the
data set, such that, within the data space delimited by the selected features, the distances
between data points in different classes are as large as possible, while the distances between
data points of the same class are as small as possible. Thus, this feature selection mechanism

functions as a filter.

Considering ui and ai as the mean and standard deviation of the k" class of the j** feature,

the Fisher score can be calculated as:

: hy (g, — 1)
F(x') = L=t K , 3.1
() i (31)
where (07)2 = 325 _, ni(0])?, and 1/ and o7 represent the mean and standard deviation of the
entire dataset regarding the j™* feature, and n;, represents the size of the £ class in the reduced

data space.

After calculating the Fisher score for each feature, the m features with the highest Fisher
score are selected. Given that the score for each feature is calculated independently, the features

selected by the Fisher score criterion are suboptimal.
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Using a feature selection algorithm based on the Fischer score was reviewed here as a
reminder that the results of this process are based on two statistics (mean and variance, or

standard deviation).

3.3.4.1 The FMFS algorithm

We proposed a new feature selection method named FMFS (first moment feature selection).
This method is based on the first statistical moment about the origin, for the feature values

relative to their classes.

The idea for FMFS arose from observing a histogram of the classes for each feature.
Figure [3.2] shows that the LIMMTOTAL feature classes show greater separation than the AIBL
feature AXT117. This suggests that the AXT117 feature can be excluded from the database

since it contributes less to class distinction than does the LIMMTOTAL feature.

Figure 3.2. Class histograms for the LIMMTOTAL(a) and AXT117(b) features in the AIBL dataset.
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Source: Own authorship.

The FMFS algorithm consists of the following steps, which will be detailed in the following
paragraphs:
1. Scaling all features according to the global average of the database.

2. For each feature, calculat class averages and accumulating the Euclidean distance between

averages.

3. Performing a logarithmic sweep of 100 thresholds between maximum and minimum

distances.
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4. Selecting features that exceed the threshold, scanned in descending order.
5. Evaluating the model at each threshold for a given database.

6. Selecting the dataset that produced the most accurate result.

The FMFS algorithm can be built from the following equations, given the nomenclature
defined in Figure [3.3] where x represents the entire database with M instances and N features,
x;; represents the sample of the i'" instance and j* feature. The Vi, value represents the cy

class, associated with the 7' instance. Possible classes range from ¢; to c,.

Figure 3.3. Nomenclature definition.

( N features _ _
. . Cr € [cl...cp}
i€ [0...M-1] .
. , Y= |Yie| i€ [0... M-1]
x = Minstances{ . . z;; . . |j€[0... N-1] Nal
z € RMeN ye R

Source: Own authorship.

Therefore, the overall mean of the data set - 4, can be calculated using Equatio

Hg = Z Z (3.2)

The mean of each feature - p; can be calculated using Equation .

1 M-1
=0

With g1, and g, all samples can be scaled, resulting in z;; = x;;1,/ 1, such that all features

have the same mean fi,.

The average of each ¢;, class is calculated for each of the features j - p; ., , using Equation

3.4

M o,
1

Hiee = 3,

J:Ck i=0

-1

2 ; where (y; = cx) (3.4)
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where M ., represents the number of samples that feature j has of class c;.

Finally, the distance between all class means of each feature j - dca; can be calculated using

Equation [3.5

deaj = | > (W, — M) (3.5)

0<k<p
0<g<p
k#p

Figure[3.4shows a hypothetical example of the histogram of classes ¢; and ¢ in two features
1 and 2 (a and b, respectively). In feature 1, the means of classes ¢; and ¢y are farther apart
than the means of the same classes in feature 2. In this case, dca, will certainly be greater than

dcay,, which is the expected result of the FMFS method.

Figure 3.4. Features with different class means.
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The features that make up a selected dataset should be those with the highest dca values,
given that dca reflects the degree of separation among the classes in each feature. Thus, a
top-down sweep was proposed, starting from the highest value max(dca) to the lowest value
min(dca). The number of thresholds to evaluate and the type of scale (linear or logarithmic)
can produce reasonably adequate results. In general, given w thresholds, the values can be

calculated for a linear sweep (Equation or a logarithmic sweep (Equation .

lim, = max(dca) — x (max(dca) — min(dca)) /w (3.6)

lim, = max(dca) — x

(max(dea) - min(dea) | ( w _ 1) (3.7)

Figure [3.5| shows a flowchart of the FMFS algorithm, highlighting the main blocks.

Figure 3.5. FMFS flowchart.
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Source: Own authorship.
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For each lim,, features are selected when dca > lim,. The performance of each dataset is
then evaluated using classifiers. The dataset with the best performance and smallest possible

feature set is chosen.

3.3.4.2 Applying FMFS to the databases

The FMFS algorithm was applied to the ADNI, AIBL and OASIS databases using a
logarithmic sweep with w = 100, experimentally determined. For each of the databases, the
ranking of feature importance and the accuracy measure of the kNN and SVM classifiers were

plotted for each set of features selected by the logarithmic sweep.

Figure [3.6] shows the ranking of each feature based on the proposed algorithm for the AIBL
database. Note the clear significance of the CDGLOBAL, LDELTOTAL, LIMMTOTAL and
MMSCORE feature metrics compared to the other features. The features with the smallest
metrics tended to have very close values, which meant that a logarithmic sweep from the highest

to the lowest values was used to build the dataset.

Figure shows the evolution of the performance of each data set selected by the sweep and
evaluated by the kNN and SVM algorithms. The vertical lines identify the optimal performance

thresholds for each of the algorithms.
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Figure 3.6. AIBL feature ranking - dca values.

Source: Own authorship.

Figure 3.7. AIBL performance measurement. a) The orange and blue curves represent the evolution of SVM
and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution of the
number of selected features. The orange and blue vertical lines represent the point of maximum accuracy for
SVM and kNN respectively.
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Figure [3.8] shows the same evaluation using the proposed algorithm for each feature in
ADNI while Figure [3.9) shows the evolution of the performance of each selected data set and

the optimal performance selection points for the kNN and SVM algorithms

Figure 3.8. ADNI feature ranking - dca values.
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Figure 3.9. ADNI performance measurement. a) The orange and blue curves represent the evolution of SVM
and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution of the
number of selected features. The orange and blue vertical lines represent the point of maximum accuracy for
SVM and kNN respectively.
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Finally, Figure shows the ranking of each feature according to the proposed algorithm
for the OASIS database while Figure [3.11] shows the performance evolution of each selected

data set and the optimal performance selection points for each kNN and SVM algorithm.

Figure 3.10. OASIS feature ranking - dca values.
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Source: Own authorship.

Figure 3.11. OASIS performance measurement. a) The orange and blue curves represent the evolution of
SVM and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution
of the number of selected features. The orange and blue vertical lines represent the point of maximum accuracy
for SVM and kNN respectively.
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3.4 PERFORMANCE METRICS

A confusion matrix (Figure [3.12)) can be used to provide numerical results for the errors
and successes that an evaluated model makes with a test set, resulting in the following possible

outcomes: TP - true positives, TN - true negatives, FP - false positives, and FN- false negatives.

Figure 3.12. Confusion matrix.
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Source: Own authorship.

With this approach, it was possible to define the metrics in the current study by calculating

metrics for each class and arriving at a final value from the macro average of these values.

3.4.1 Accuracy - A,

The base evaluation metric for any classification system is accuracy. Accuracy is calculated

as the ratio of the number of correct results to the sum of all results (Equation ({3.8)).

A __  TPLTIN
<~ TPLFP+FP+TN

(3.8)

3.4.2 Precision - P,

Precision is a measure of the accuracy of a diagnosis, i.e., the percentage of patients
diagnosed by a system who are affected by a disease. This can be calculated as the ratio

of the number of correct positive results to the total number of positive results (Equation

(3:9)-
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TP
Prn I —
TP+FP

3.4.3 Sensitivity - S,

While Ay deals with both positive and negative results, the performance of a specific model
in detecting positive results is evaluated using S,y (or recall). S,y is also called the true positive

rate and is calculated as ratio of positive results that are correctly considered positive to all

possible positive results (Equation (3.10))).

TP

Shy = == 1
¥ TP+FN (3.10)

3.4.4 Specificity - S,

Spy is also called the true negative rate and is calculated as the proportion of negative
results that are correctly considered negative relative to all possible negative results. Equation
(3.11)) shows this calculation, which measures the performance of a specific model by detecting

negative results.

TN

3.4.5 Balanced accuracy - B,

B.a is used to measure the accuracy of a dataset that has an unbalanced number of examples
for each class. In unbalanced datasets, A¢y, provides overly optimistic model evaluations. Bea

can be calculated as the arithmetic mean between the true positive rate and the true negative

rate (Equation (3.12)).

Sny + Spy

Bea = (3.12)



3.4 — PERFORMANCE METRICS 40

3.4.6 F1 score - F1

F1 was also designed to work properly on unbalanced datasets. It combines P,, and Sy

into a single metric by taking the harmonic mean of both (Equation (3.13])).

Fl=- (3.13)

3.4.7 Area under the ROC curve - AUC

The Receiver Operating Characteristic (ROC) is a probability curve that is evaluated at
threshold settings between the true positive rate (TPR) and the false positive rate (FPR). TPR
is Sny, while FPR is 1 - Spy, forming the TPR x FPR plane (Figure m - a hypothetical
example). The area under the ROC curve (AUC) represents the degree or measure of
separability between classes. It indicates how much a model can distinguish between classes.
The greater the AUC, the better the model is at predicting class 0 as 0 and class 1 as 1. By
analogy, the greater the AUC, the better the model distinguishes between patients with and

without a disease.

Figure 3.13. Receiver Operating Characteristics (ROC) curve.

1

ROC

TPR AUC

FPR 1

Source: Own authorship.

In a multiclass model, an N number of ROC curves can be plotted for each of N classes
using the One vs All methodology. Consequently, the metric is called MAUC (multi-class AUC)

and was used in the present study given that the datasets have three classes of AD stages.
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Different performance metrics imply different conclusions for a classification model. While
a model can give excellent results in terms of Py, it can give very poor results in terms of Sp,.
Therefore, the results, including the recommended performance metrics, have been summarized

in tabular form.

3.5 NESTED CROSS-VALIDATION

It is always necessary to check the consistency of an ML model. One cannot simply fit the
model to training data and expect it to work accurately with real-world data. Some assurance
is needed that the model has learned most of the data patterns correctly and demonstrates low
bias and variance. To achieve this, the original data can be separated into three parts: training,

validation and testing (Figure [3.14)).

Splitting the data into three parts naturally reduces the amount of data the model can be
trained on and increases the risk of missing important patterns or trends in the dataset, which

in turn increases bias error.

This problem is solved by the k-Fold technique, where k represents the number of times the
process is repeated on the training and validation data. This significantly reduces bias, as most
of the data is being used for fit, and significantly reduces variance, as most of the data will also
be used in the test set. Swapping the training and testing sets also increases the effectiveness
of this method. This technique is called cross-validation and seeks to reduce model underfitting

or overfitting.

Figure 3.14. Train, validation and test data split.

Original labeded data

Split
Training set \*al]iitmn Test set

Source: Own authorship.
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A standard model selection process usually includes a hyper-parameter optimization phase
in which a validation technique, such as k-Fold cross-validation, is used to select an optimal
model. However, this process is vulnerable to a form of selection bias that makes it unreliable

in many applications (CAWLEY; TALBOT, [2010).

Therefore, we used a method based on k-Fold called nested cross-validation, which performs
two cycles of k-Fold in a nested manner (PARVANDEH et al/ [2020). Figure shows how

nested cross-validation is applied, in six steps, as described below:

e Step 1: Split data into training and testing in the outer loop (five outer loops in the
illustration). For each outer loop, perform step 2, starting with the first set of Training

folds.

e Step 2: split data into training and validation sets in the inner loop (two inner loops in

the illustration), which are used to tune hyperparameters using the grid search technique.

e Step 3: evaluate the best performing model on the outer loop using test data (Test fold).

e Step 4: save the parameters from the best model in this outer loop. Repeat steps 2 to 4

in the remaining outer loops.

e Step 5: choose the best model from the outer loop and then train on the complete data

set to create a final model.

e Step 6: validate the final model on independent data.
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Figure 3.15. Nested cross validation.
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Source: Adapted from (PARVANDEH et al., 2020).

Proper use of cross-validation to estimate the real error of a classifier requires that all steps of

the algorithm, including the fit of the classifier parameters, be repeated in each cross-validation

loop (VARMA; SIMON| 2006). Therefore, nested cross-validation provides a nearly unbiased

estimate of the real classification error.

3.6 ML MODELS USED

Figure shows the general pattern of the ML classification task. In the first stage,
pre-processing and data analysis are performed to build a dataset that represents the desired
objective. The next step is to select features that can facilitate the classification process by
removing features of lesser importance, reducing dimensionality, and simplifying the dataset
to improve performance. One of our objectives was to develop a feature selection algorithm

- FMFS. Finally, the classification stage is performed to improve the performance of disease
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diagnosis. While the classifier scheme shown in Figure looks more like a neural network,

it simply represents all other classification models available in ML.

Figure 3.16. Generic machine learning process.
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Source: Own authorship.

The SVM and kNN classifiers were chosen for initial tests to facilitate comparisons with

other studies (NIYAS; P, [2021b)(NGUYEN et al., 2018), which will be briefly reviewed in the

topics below.

3.6.1 SVM: support vector machine

The SVM algorithm (CORTES; VAPNIK| 1995) is a very popular algorithm in data Science

due to its power and wide applicability.

Figure shows the support vectors (gray squares) that define the margin of greatest
separation, or optimal margin, between, in this case, binary classes. The optimal hyperplane
separates the two classes and divides the optimal margin in half. The hyperplane is described

by Equation (3.14)), where x = [x; z5]7 and w = [a 1], for the binary case.

wix+b=0 (3.14)

Thus, given an x;, the SVM classifier will decide between h(x;) = 1 or h(x;) = —1 (Equation
B19)).

h(x;) = (3.15)

1 wix+b>0
-1 wix+b<0

The problem of finding the values of w and b is called a constrained optimization problem,
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which corresponds to finding the optimal hyperplane and is performed during the training phase

of SVM.

Given a data set D = (x;,y;)|x;eR", y;e {—1,1};",, where x; represents instances with n

features and y; refers to m labels, w and b can be calculated to find the optimal hyperplane

using Equations (3.16|) and (3.17)).

W = Z 0GYiX; (3.16)
i=1

where «; represents the vector containing the Lagrange multipliers for each instance.

1S
b=—2) (yi—w'x), (3.17)
where S is the number of support vectors.

Figure 3.17. SVM algorithm - the support vectors, marked with grey squares, define the margin of largest
separation between the two classes.
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Source: Adapted from (CORTES; VAPNIK| [1995).

The strategy for calculating optimal SVM parameters is to use slack variables for the
constraints of the optimization problem. A regularization parameter C' is also added to
determine the importance of slack, or the degree to which each training sample can be

incorrectly classified. Thus, the regularized optimization problem becomes:

mazx i": oy — % f: i QGO X X, (3.18)
b=

— i=1 j=1
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where

0<a; <C,i= 1...m,620ziyi:0.

i=1

(' is a regularization parameter included in the SVM optimization process that provides the
flexibility needed to comply with all constraints for the calculation of the optimal hyperplane.
Without it, the presence of outliers or non-linearly separable data can make the calculation of
the optimal hyperplane impossible. Thus, with values of C' ranging from zero to infinity, the
strictness in meeting the constraints is controlled. Smaller C' values will result in wider margins
at the cost of some misclassifications, while greater C' values force the classifier to tolerate fewer
constraint violations. C values need to minimize noisy data and their consequent impact on

solutions.

The kernel function helps transform data that is not linearly separable into another
dimension that eventually facilitates the discovery of a hyperplane that can separate the data.

Examples of kernel functions include the linear kernel:

K(x;%;) = %] %; (3.19)

and the polynomial kernel:

K(x;,x;) = (XZTX]' + c)d, (3.20)

where ¢ is a constant and d represents the degrees of freedom of the function.

Also, the Radial Basis Function (RBF) or Gaussian kernel, which is given as:

K (x5,%;) = exp(—y 1% = x,1[), (3.21)
where low ~ values cause the model to behave like a linear SVM and high values cause the
model to be strongly impacted by the examples of support vectors.

The SVM algorithm belongs to a category called kernel methods, which includes the radial

base functions and linear discriminant analysis algorithms.
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3.6.2 kNN: k-nearest neighbors

The kNN algorithm (COVER; HART, [1967), which stands out for its simplicity, is a

non-parametric supervised learning classifier that uses proximity to make classifications or
predictions on the clustering of an individual data point. kNN works on the assumption that

points of the same class will be found close to each other.

Figure shows an example with three classes (triangle, circle, cross) and the point to be
classified, represented by a question mark (7). The algorithm evaluates the k nearest neighbors
(k = 5, in this example), sums the number of points belonging to each class and selects the

class with the most points (triangle, in this example).

Figure 3.18. kNN algorithm - example with three classes and k = 5.
k=5

T2

I

Source: Adapted from (RASCHKA, [2018).

To determine which data points are closest to a given query point, the distance between the
query point and other data points is calculated. Several distance measurements can be used,

including the Euclidean, Manhattan, Hamming and Minkowski type, defined as:

d
dist(x,z) = (O |w; — z[")"/”. (3.22)
=1

Given a test point x and a set S, of the k nearest neighbors of x, selected by calculating

the distances between x and the data set, the kNN classifier will decide using:
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h(z) = mode(y : (z,y) € S,), (3.23)

where the mode(.) function selects the label with the greatest frequency in S,.

The kNN algorithm is part of a category called instance-based methods, which includes

learning vector quantization and self-organizing map algorithms.

3.6.3 Other ML models

Additional classifiers were also used in order to explore other options and expand
the results of the study. These included Random Forest (BREIMAN| 2001), Logistic
Regression (LAVALLEY] [2008]), Naive Bayes (RISH} 2001, Decision Tree (FREUND; MASON|
1999)), Ada Boosting (SCHAPIRE| 2013)), Linear Discriminant Analysis (BALAKRISHNAMA;
GANAPATHIRAJU, [1998), Gradient Boosting (FRIEDMAN| 2001), Histogram Gradient
Boosting (SHAFER et al}|1996) and Extreme Gradient Boosting (CHEN; GUESTRIN|, [2016]).

This chapter presented the primary clinical databases used, the treatments used to prepare
the databases for AD diagnosis assessment, and the technological proposals developed, with
emphasis on the proposed feature selection algorithm. In the next chapter, technological

proposals are also made for using magnetic resonance images to aid in AD diagnosis.



CHAPTER 4

IMAGE BASED ANALYSIS

This chapter details the image data used and the technological proposals developed.

Cross-sectional imaging techniques such as computed tomography and magnetic resonance
imaging provide a valuable non-invasive method for detecting the cortical atrophy that is
commonly seen in AD. Spectroscopy of magnetic resonance imaging (MRI) and metabolic
imaging techniques such as positron emission tomography (PET) are even more specific
and provide evidence of unique metabolic alterations in memory pathways, thus providing a
wealth of new information for researchers (NORFRAY; PROVENZALE| [2004). An important

advantage of magnetic resonance imaging is that it does not emit ionizing radiation.

4.1 AD DIAGNOSIS BASED ON MRI

The main role of magnetic resonance imaging (and computed tomography) in diagnosing
Alzheimer’s disease is assessing characteristic changes in cerebral volume that can yield

diagnostic accuracy of up to 87% (NORFRAY; PROVENZALE, [2004).

Atrophy of the mesial temporal lobe, particularly of the hippocampus, entorhinal cortex

and perirhinal cortex, can be used to diagnose AD (PATEL et all|2020) in a non-invasive way.

Brain volume measurements, assessed with segmentation, demonstrate that patients with
Alzheimer’s disease have accelerated rates of brain volume loss, roughly twice normal rates (1%

vs. 0.5% per year). This is even more pronounced in the hippocampus where yearly volume

losses can be three times greater (4.5% vs 1.5% per year) (MILLER-THOMAS et al., [2016)).

Figure [I.]] illustrates the position and structure of the hippocampus in the brain cavity
(CC license BY-NC-ND) (ESTUDIOS| 2017)). The hippocampus is a complex structure in the
mesial temporal lobe and participates in the limbic system and memory circuit. It measures

about 4.5 cm long and is composed of three parts: the head, also called the foot, body and tail
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(ROGACHESKI et al., [1998).

Figure 4.1. Illustration of the hippocampus in the brain.

Source: Own authorship.

(LEDIG et al), 2018) studied brain structure volumes in a dataset of 5,074 MRI images.

Three cases, at different stages of AD stood out: a healthy 84.8-year-old male control (HC -
healthy control), a 71.8-year-old female with MCI, and a 77.5-year-old male with AD. Figure

shows a coronal view of each of these patients, each at different stages of AD.

Figure 4.2. Three examples of MRI images (brain-extracted) of subjects from the ADNI (coronal slices).
HC MCI AD

Source: Adapted from (LEDIG et al 2018).

The present study will explore perceived changes and losses in brain structures that are

evidenced by MRI images.
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In (GOUBRAN et all [2020), total hippocampal segmentation from MRI was proposed.

The proposed algorithm, based on a convolutional neural network, was called HippMapp3r.

Figure [£.3] shows the general scheme of the processing carried out.

Figure 4.3. Proposed hippocampus extraction scheme.

Input T1 MRI HippMapp3r Hippocampal segmentation

Source: (GOUBRAN et al., [2020).

An example of the result generated by HippMapp3r is shown in Figure 4.4

Figure 4.4. Extracted hippocampus.

Source: Own authorship.

Figure [£.5] shows the hippocampus highlighted above the subject’s head at various viewing

angles. The subject’s head and the hippocampus are at different scales, but at the same angle.
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Figure 4.5. Visualization of the hippocampus from various angles..

Source: Own authorship.
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Using this same example, it was possible to measure the maximum dimensions of the
hippocampus in the 3 planes (Figure 4.6, resulting in 22 mm when measured from left to
right, 22 mm when measured from top to bottom and 39 mm when measured from the front

to the back of the subject’s head.

Figure 4.6. Maximum dimensions of the hippocampus in the 3 planes. Right hippocampus rotated 300 degrees.

39 mm

22 mm

22 mm

Source: Own authorship.

These measurements reveal that the coronal plane has the largest number of MRI slices

that can cross some region of the hippocampus.

4.2 MAGNETIC RESONANCE IMAGING

MRI is a non-invasive imaging technology that produces detailed three-dimensional
anatomical images. It is often used for disease detection, diagnosis, and treatment monitoring.
The technology is based on sophisticated mechanisms that excite and detect changes in the

axis of rotation of protons found in the water that makes up living tissue.

An MRI image is obtained by placing a patient inside a large magnetic field where they

must remain still during the imaging process. Figure [.7shows the typical MRI equipment and

environment (CC license BY-ND)(MELBOURNE, 2018). MRI is preferred over x-rays when

frequent imaging is required for diagnosis or therapy, especially of the brain, since it does not

emit ionizing radiation.
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Figure 4.7. MRI equipment (creative commons license BY-ND).

Source: (MELBOURNE] [2018]).

4.2.1 Digital format of magnetic resonance images

A digital image file of the internal structures under evaluation is produced at the end of an

MRI examination. The file consists of a header and slice data in three dimensions (X, Y and

7).

Figure [£.8 shows a representation of the MRI slices in one plane of a patient’s head.

Figure 4.8. Orange lines representing axial MRI slices.

Source: Own authorship.

The image file format is often a confusing aspect of medical image processing. The
predominant formats in radiology are: Digital Imaging and Communications in Medicine
(DICOM), Neuroimaging Informatics Technology Initiative (NIFTI), Philips MRI scanner
formats (PAR/REC), Analyze 7.5 (ANALYZE), Nearly Raw Raster Data (NRRD) and
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Montreal Neurological Institute (MINC). According to (LAROBINA; MURINO) 2013), the
main formats used for medical images are: ANALYZE, NIFTI, MINC and DICOM.

4.2.1.1 NIFTI format

The NIFTTI format is widely used in image informatics for neuroscience and neuroradiology
research and was also used in the present study. DICOM is the standard format used in clinical

care and can be converted to NIFTI with some imaging tools (LI et al. 2016).

NIFTI stands for the Neuroimaging Informatics Technology Initiative, which was a working
group at the NIH (National Institutes of Health in the USA) in the early 2000s. The
Neuroimaging Informatics Technology Initiative strove to create a file type that was like the

ANALYZE file format but enhanced. At that time, MINC and ANALYZE were the most

common file formats used in neuroimaging research.

A NIFTI file can be used to visualize and process MRI images for specific objectives.
Figure 4.9 shows the axial (red bar), coronal (green bar), and sagittal (yellow bar) views of an
MRI in NIFTT format from an 85-year-old male patient with a normal neurological diagnosis. A
3D model of the patient’s skull (blue bar) was also built using the images from the three planes.
The image was captured using the 3D Slicer image computing platfornrﬂ , which provides a free
and open-source software solution for visualization, processing, segmentation, registration, and
analysis of medical, biomedical, and other 3D images and meshes. The platform can also be
used for planning and navigating image-guided procedures. The 3D Slicer software is referenced

in (FEDOROV et al}, [2012).

Thttps:/ /www.slicer.org/
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Figure 4.9. Axial (red bar), coronal (green bar) and sagittal (yellow bar) slice views of an MRI in NIFTI
format.

Source: Own authorship.

4.3 DATABASE DESCRIPTION

The KaggleE| website provides some MRI databases for A[ﬂ diagnosis. Nevertheless, we
chose to extract data directly from referenced studies on AD, such as the Alzheimer’s Disease

Neuroimaging Initiative (ADNI).

4.3.1 ADNI

The Alzheimers Disease Neuroimaging Initiative (ADNI) (MARINESCU et al., [2018)) is
a multicenter, longitudinal North American study designed to develop imaging, genetic, and
biochemical clinical biomarkers for the early detection and screening of AD. Since its launch

over a decade ago, this historic public-private partnership has made major contributions to AD

Zhttps: //www.kaggle.com/
3https://www.kaggle.com/datasets/tourist55/alzheimers-dataset-4-class-of-images
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research, enabling data sharing among researchers around the world. Additional information
can be found at the study’s Websiteﬁ This study also classifies disease progression into three

categories: CN, MCI, and AD.

ADNI study data can be downloaded from the Image and Data Archive (IDA)El platform,
which is managed by the Laboratory of Neuro Imaging (LONI) of the Mark and Mary Stevens

Neuroimaging and Informatics Institute associated with the University of Southern California.

4.3.1.1 MRI in ADNI

Image collection is an essential part of ADNI’s goal of developing biomarkers for tracking
AD progression. Image acquisition is carried out in several stages, ADNI 1, ADNI GO, ADNI

2 and ADNI 3, with several other variations in technological and acquisition conditions.

We selected MRI data from ADNI phase 1, particularly at the time of patient screening. This
dataset is standardized by ADNI, denoted as ADNI1: Screening 1.5T, and has the following

general characteristics:

e contains data from 1075 patients, aged 55 to 91 years old.
e collected during their first visit to the study.

e 619 male and 456 female patients.

Data in ADNI1: Screening 1.5T were collected from January 3rd to September 29th, 2006
and the 1075 participants were diagnosed at the CN, MCI and AD stages (Table .

Table 4.1. ADNI1:Screening 1.5T - Number of patients per class
Class Quantity
CN 307 patients
MCI 525 patients
AD 243 patients
Source: Own authorship.

According to ADNI, the ADNI1: Screening 1.5T magnetic resonance protocol aimed to

acquire consistent structural images on 1.5 Tesla scanners using T1-weighted and T2-weighted

4https://adni.loni.usc.edu/
Shttps://ida.loni.usc.edu/login.jsp
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sequences. In most clinical environments, a 1.5T MRI scanner is more than adequate for
generating clear images and providing evidence for diagnosis and prognosis. A 3T scanner was

also used by ADNI in data acquisition phases, such as ADNI 3, to achieve other objectives.

Pulse radio frequencies and gradient waves can be used to control highlighting in the scanned
images. T1-weighted images show the anatomy of soft and fatty tissue while T2-weighted images

highlight fluids and pathologies.

The images in ADNI1: Screening 1.5T are available in the NIFTI format and can be
downloaded from the IDA platform. Figure [1.9) shows an MRI from anonymous patient
002 S 0295 in the ADNI1: Screening 1.5T dataset, highlighting specific slice views in the

axial, coronal and sagittal planes.

4.3.1.2 Slice selection

After defining access and primary data, our next challenge was to make appropriate choices
for image analysis. Note that not all MRI slices are relevant for the study of AD. The slices of

interest are those that show the structures altered by AD evolution, such as the hippocampus

(DEKEYZER; BOSSCHEL [2017), which shows yearly volume losses that are up to three times

greater than those of normal individuals (MILLER-THOMAS et al., [2016)).

For example, Figure identifies various hippocampal regions in an axial slice of a 3T
T2-weighted MRI (DEKEYZER; BOSSCHE! [2017)).

Figure 4.10. Anatomy of the hippocampal formation: 1 = hippocampal head, 2 = hippocampal body, 3 =
hippocampal tail, 4 = mesencephalon.

Source: Adapted from (DEKEYZER; BOSSCHE] 2017)).
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Slices in any of the three axial, coronal or sagittal planes will certainly reveal aspects of the
hippocampus, assuming that the data was acquired at a very fine spatial resolution and over
the entire region of the patient’s head. However, we chose axial and coronal slices to generate
the images that composed the analysis dataset. Sagittal slices were not evaluated because they

do not show the right and left parts of the hippocampus simultaneously.

4.4 AXIAL PLANE EVALUATION

Figure [4.11] shows an axial slice selected using 3D Slicer software.

Figure 4.11. Axial slice showing the hippocampus.

Source: Own authorship.

In the current study, a neuroradiologist could have inspected each of the MRIs in the ADNI1:
Screening 1.5T database (1075 patients) and chosen slices that best represent the hippocampal
region.

However, since our premise was the autonomous development of computational intelligence
tools to aid in AD diagnosis, we decided to develop a slice selection algorithm that scanned all

MRIs and selected the most promising slices.

4.4.1 Proposed slice selection algorithm

Given an axial slice image I (dimensions W x H), determine whether this image shares
similarities with a template image T that represents the anatomy of the hippocampus

(dimensions w x h, where w < W e h < H), and then select the slice with greatest similarity.
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4.4.1.1 SMR algorithm

We proposed an algorithm for selecting slices based on similarity, called SMR (similarity
matching rule), that uses a combination of three template matching functions. The three
functions slide the template T" over image I (Figure|d.12)), for all z < W—w+1andy < H—h+1.

This yields a similar image R(x,y), with the dimensions [W —w + 1 x H — h + 1].

Figure 4.12. Image matching.
Iwxu

T

Source: Own authorship.

The first function is Rgirr(z,y) (Equation [4.1)), which performs the normalized sum of
squared differences for each point on the image template, starting from point (x,y). The
minimum value of Ryss(z,y) determines the point (x,y) of greatest similarity between the

image and the template.

y) - Zx*,y* (T(x*7y*> - _[(.Tf + x*7y + y*>>2
\/ny T(x*y*)? > L+ 2%y + )2

The second function, Rge(z,y) (Equation , calculates the normalized sum of the product

Rdiff(x, (4.1)

for each point on the template with that of the image, starting from point (z,y). The maximum
value of Ry, (z,y) determines the point (z,y) of greatest similarity between the image and the

template.

>, (T )l 2+ )
T y* T(I*vy*)Q Zz*,y* ](ZE + IL‘*,y + y*)Z

Rt (z,y) = 5 (4.2)

The third function, Rege:(z,y) (Equation [4.3)), calculates the normalized sum of the product

for each point on the template, subtracted from its average, with that of the image, subtracted
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from its average, starting from point (z,y). The maximum value of R4 (x,y) determines the

point (z,y) of greatest similarity between the image and the template.

e (T (@ ) (@ + 2"y + )
T y* T(x*7y*>2 Zx*,y* I(x +aty + y*)2

Rcdot(xay) = Z (43)

Specifically, Reqo(2,y) calculates the product of the pixel values subtracted from the mean

(Equations 4.4 and |4.5)).

T*(x" ) =T(a"y*) — 1/ (wh) Y T(x™y™) (4.4)
x**’y**
Ie+x*y+y)=Iz+2"y+y")—1/(w h) Z I(z+ 2™y +y™) (4.5)
w**’y**

Therefore, Redot(z,y) calculates the normalized covariance between image I and template

Finally, the SMR algorithm combines these three functions for each slice using Equation

[4.6] where th is a threshold of 0.01, experimentally determined.

mt = max(Rgor) maz(Regor) (1 — min(Raipr) + th)) (4.6)

Figure shows an example of the SMR algorithm with an MRI from anonymized patient
002 S 0295, (ADNI1: Screening 1.5T database). The red line in (a) shows the position of
the selected slice relative to the patient’s head. The search range for the slice is highlighted in
yellow on the mt curve in (b). Naturally, the position of the selected slice coincides with the
peak of the mt curve, within the range of interest. Finally, the image of the selected slice is

shown in (c).
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Figure 4.13. Example SMR result. The red line in (a) shows the position of the selected slice with respect
to the patient’s head. The range of interest on the mt curve (b) for the slice search is outlined in yellow. The
image of the selected slice is shown in (c).

(a) slice position (b) mt curve (c) selected axial slice

range of
interest

Source: Own authorship.

The SMR algorithm can also be used to augment input data by selecting one or more slices
from the MRI, if necessary. Since the ADNI1: Screening 1.5T dataset contains 1075 MRI
images and convolutional networks require large volumes of data for training, the slices that

are lateral to a slice selected by SMR can also be used to train the convolutional network.

4.4.1.2 Applying SMR to the data base

The ADNII1: Screening 1.5T database contains 1075 MRI images from three classes of
patients CN, MCI, and AD. These images are in the NIFTI format, with axial, coronal and

sagittal slices.

The SMR algorithm was used to scan all axial slices from the 1075 MRI images. The slice

with the largest mt value was then selected from within the range of interest.

The T template measured 70 by 103 pixels (Figure 4.14)). Image I has dimensions 166 x 256

pixels, corresponding to a specific slice in the axial plane.
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Figure 4.14. Template.

Source: Own authorship.

4.4.2 Resulting image dataset

After processing the ADNI1: Screening 1.5T database, CN, MCI and AD directories were
created to organize the images by class. Figure .15 shows examples of the resulting images

before subsequent processing.

Figure 4.15. CN, MCI and AD image examples.
MCI

CN.

002_5_0559jpeg  002_S_0685.jpeq

006_5_1130,jpeg 002_5_0938,jpeg

006_S_0484.jpeg 006_5_0653jpeg 007_S_0316jpeg

009.5_0862jpeg  010_S_0067.jpeg 011.5_1282jpeg  012_5_0634.jpeg 011.5.0053jpeg  011.5.0183jpeg

Source: Own authorship.

All images were saved in the JPEG format at 176 pixels by 176 pixels.
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4.5 EVALUATION IN THE CORONAL PLANE

The coronal plane simultaneously shows both the left and right structures of the

hippocampus (Figure 4.16))

Figure 4.16. Red circles identify the left and right structures of the hippocampus in the coronal plane.

Source: Own authorship.

Note that in Figure [4.16, the right and left sides (red circles) are very similar and mirrored

across the axis of the coronal plane. This aspect was used in slice selection.

4.5.1 Strategy for building the image dataset

A different strategy was used in the coronal plane than in the axial. Here, all CN and
AD MRI images in the ADNI1: Screening 1.5T database were scanned manually. Figure .17]

illustrates the process used to identify images for inclusion in the convolutional networks.
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Figure 4.17. Preprocessing scheme

ADNI-1 Screening Coronal slice
3D MRI selected

Slice selection

ﬁ

£ BN >

NIFTI Format 256 x 166
Positioning
CNN inputs and cut

176 x 176 155 x 166

Source: Own authorship.

The first processing step consisted of reading the 3D MRI images in the ADNI1: Screening
1.5T database and then scanning coronal slices to identify hippocampal structures. Then, the
images were resized to 256 pixels x 166 pixels, since MRI image dimensions are not entirely

standardized.

The next step was to frame the target area and eliminate unnecessary regions, especially in
the lower part of the skull, favoring instead areas of the brain where hippocampal structures

are located. This resulted in images of 155 pixels x 166 pixels.

Finally, the images were converted to 8-bit grayscale, resized to suit processing by
convolutional networks at 176 pixels x 176 pixels, and saved to a disk. The conversion to
8 bits was done by rounding, with no substantial loss of quality, given that the original image

has a low dynamic range. Therefore, the use of image quality preservation techniques was not

evaluated as Tone Mapping (SALIH et all, 2012).

Since convolutional networks need large volumes of data for training, a strategy was used

to augment the input data. Figure shows this strategy, where as many as nine additional
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slices can be chosen in both the anterior and posterior directions from the central target slice,
visually determined. This process yields up to 19 slices per patient MRI image, representing a

total area of up to 17.9398 mm, since the slices are spaced 0.9442 mm apart.

Figure 4.18. Coronal slices with 0.9442 mm spacing. Central, anterior, and posterior slices are highlighted.
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Source: Own authorship.

4.5.2 Multiple instance evaluation

The use of multiple instances per patient is justified by the necessary increase in data for the
training stage of the network and also to make it possible to decide on the diagnosis by majority.
As shown in Figure [£.6] the hippocampus has the longest extension in the direction measured
from front to back of the individual’s head, reaching up to 39 mm in the example measured.
Therefore, for ADNI1: Screening 1.5T MRIs, up to 40 coronal slices can be selected to cover
the entire length of the hippocampus. In this study, one central slice was chosen manually in
the central region of the hippocampus, and another nine slices in the anterior and posterior
directions, totaling 19 slices per patient. The strategy used in this study corresponds to using
around 50% of the length of the hippocampus. The other 50% was left as a tolerance for the

initial estimate of the central slice and the anatomical variations inherent in the diversity of
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patients.
Figure shows an example of a hypothetical patient where 19 instances were used. In
this example, 11 instances were individually assessed as AD and 08 instances indicated CN.

The majority decision gives the final result of AD for this patient.

Figure 4.19. Multiple instance decision scheme.In this case, a patient was evaluated and 11 instances indicated
AD and 08 instances indicated CN. The majority decision is that the patient’s diagnosis is AD.
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Source: Own authorship.

In addition, it is important to note that the majority decision helps to make the choice of
the central slice more robust, considering that the preceding and following slices expand the
spatial region of analysis. Another factor is the greater tolerance to a possible failure in the

network’s inference, which can vary the diagnosis in individual slices of the same patient.

4.5.3 Resulting image dataset

An image dataset of central slices was generated for patients with CN and AD. A sample is

shown in Figure [4.20]
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Figure 4.20. Coronal image dataset of central slices.
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Not all the MRI images could be used due to missing data, errors in file reading or data
inconsistency. Thus, from the original ADNI1: Screening 1.5T database (containing 307 CN
patients, 525 MCI patients and 243 AD patients), images from 226 CN patients and 173 AD
patients were generated, which was insufficient for training the convolutional network. Thus,
augmenting the data with anterior and posterior slices was considered. Figure [£.21] shows a

sample of the image dataset with the central slice, nine anterior slices and nine posterior slices.
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Figure 4.21. Coronal dataset with a center slice, 9 anterior slices, and 9 posterior slices. The slice ending in
-10 is the central slice chosen.
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Source: Own authorship.

This strategy for augmenting the image dataset produced up to 4,294 CN images and 3,287

AD images, which was sufficient for convolutional network training.

4.6 DL MODELS

DL models consist of multiple layers of processing to learn data representations with multiple
levels of abstraction. DL networks of the convolutional neural network (CNN) type improve

the processing of images, video, speech and audio, while recurrent networks are particularly
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effective with sequential data such as text and speech (LECUN et all) |2015)). Figure shows

a general scheme for processing DL models. Here, feature extraction is incorporated directly

into the model and is performed within the first processing layers.

Figure 4.22. Generic deep learning process.
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Source: Own authorship.

Typical CNN architectures stack a few convolutional layers, then a pooling layer, then a few
more convolutional layers, then another pooling layer, and so on. Over the years, variants of this
fundamental architecture have been developed, resulting in astonishing advances (YAMASHITA|
, . Figure shows some examples of CNNs that have marked this evolution.

Figure 4.23. CNN Evolution - examples.
InceptionV3 (2015)

AlexNet (2012)

EfficientNet (2019)

LeNet (1998)

ResNet (2015)

VGG (2014)

Source: Own authorship.

4.6.1 Classical CNN models

LeNet (LECUN et al., [1998)) was originally developed for handwritten number recognition

and consists of two convolutional layers, followed by pooling, and then two fully connected
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layers.

AlexNet (KRIZHEVSKY et al., |2012) was the first winner of the “ImageNet” challenge.
This process consists of eight layers (five convolutional layers and three other fully connected

layers) and introduced the rectified linear unit (ReLU) activation function.

VGG (SIMONYAN: ZISSERMAN| 2014) was proposed by the Visual Geometry Group
(VGQG) team at the University of Oxford. The VGG-16 variant has 13 convolutional and three
fully connected layers. The group also proposed VGG-19 - an even deeper variant, with 16

convolutional layers and three fully connected layers.

ResNet (HE et all 2015) incorporated the idea of “residual blocks”, which are connected
to each other through jump connections. This model manages to go even deeper without

compromising the generalization power of the model. ResNet-50 is an example of this strategy.

Instead of stacking convolutional layers, Inception stacks modules or blocks around
convolutional layers. Inception V2 and V3 (SZEGEDY et al, 2015) now use batch

normalization.

EfficientNet (TAN; LE| 2019) uses a strategy to uniformly scale network width, depth, and

resolution.

We used the VGG-16, VGG-19, ResNet-50 and InceptionV3 networks to evaluate the results

in the image datasets, since these networks are commonly used for image classification.

4.6.2 Proposed CNN models

Five CNN models were also proposed (CNN-1, CNN-2, CNN-3, CNN-4 and CNN-5) and
built from the following structural layers: convolutional, batch normalization, max polling,

dropout, flatten and dense.
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Figure shows the CNN-1 model.

Figure 4.24. CNN 1 model - total parameters: 4,534,866. Initial model.

input: | [(None, 176, 176, 3)]

input_2: InputLayer

output: | [(None, 176, 176, 3)]
input: one, 176, 176, 3 mput: one, 11, 11, 128
conv2d_10: Conv2D ! Ll ) conv2d 18: Conv2D k il _)
output: | (None, 176, 176, 16) output: | (None, 11, 11, 256)
input: one, 176, 176, 16 mput: | (None, 11, 11, 256)
conv2d 11: Conv2D ! o - - _) conv2d 19: Conv2D -
output: | (INone, 176, 176, 16) output: | (None, 11, 11, 256)
input: | (None, 176, 176, 16) o o input: | (None, 11, 11. 256)
max_pooling2d_5: MaxPooling2D - batch_normalization_10: BatchNormalization -
output: (None, 88, 88. 16) oufput: | (None, 11, 11, 256)
input: | (None, 88, 88, 16) . . input: | (None, 11, 11, 256)
conv2d 12: Conv2D max_pooling2d 9: MaxPooling2D -
output: | (None, 88, 88, 32) output: (None, 3, 5, 256)
input: one, 83, 88, 32 input: | (None, 5, 5, 256)
conv2d_13: Conv2D t Ll ) dropout_6: Dropout -
output: | (None, §8, 88, 32) output: | (None, 35, 5, 256)
o o input: | (None, 88, 88, 32) input: | (None, 5, 5, 256)
batch_normalization_7: BatchNormalization flatten_1: Flatten -
output: | (None, 88, 88, 32) output: (None, 6400)
i ) i input: | (None, 88, 88, 32) input: | (None, 6400)
max_pooling2d 6: MaxPooling2D dense_4: Dense —
output: [ (None, 44, 44, 32) output: | (None, 512)
input: | (None, 44, 44, 32) o o nput: | (None, 512)
conv2d 14: Conv2D batch_normalization_11: BatchiNormalization
output: | (None, 44, 44, 64) output: | (None, 512)
input: one, 44, 44, 64 input: one, 512
conv2d 15: Conv2D ! o ) dropout_7: Dropout ! Ll
- output: | (None, 44, 44, 64) output: | (None, 512
o o input: | (None, 44, 44, 64) input: | (None, 512)
batch_nonmalization_8: BatchNormalization dense 5: Dense
output: | (None, 44, 44, 64) oufput: | (None, 128)
i i input: | (None, 44, 44, 64) L . input: | (MNone, 128)
max_pooling2d 7: MaxPooling2D - batch_normalization_12: BatchiNormalization
output: | (None, 22, 22, 64) output: | (None, 128)
input: one, 21, 22, 64 input: one, 128
convZd 16: Conv2D ! il ) drapout_8: Dropout ! & )
- output: | (None, 22, 22, 128) output: | (None, 128)
input: one, 22, 22, 128 input: one, 128
convZd 17: Conv2D L & ) dense_6: Dense ! il - )
output: | (None, 22, 22, 128) output: | (None, 64)
o o input: | (None, 22, 22, 128) o o input: | (None, 64)
batch_normalization_9: BatchNormalization batch_normalization_13: BatchNormalization .
output: | (None, 22, 22, 128) output: | (None, 64)
input: | (None, 22, 22, 128) input: | (None, 64)
max_pooling2d_§: MaxPooling2D dropout_9: Dropout
output: | (None, 11, 11, 128) output: | (None, 64)
input: one, 11, 11, 128 l N -
dropout_5: Dropout ! i ) lense 7 Dens input: | (None. 64)
output: | (None, 11, 11. 128) dense_r: Dense - 5
I output: | (None, 2)

Source: Own authorship.
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Figure shows the CNN-2 model.

Figure 4.25. CNN 2 model - total parameters: 717,034. Reduced dimensionality with respect to CNN-1.

input: | [(None, 176, 176, 3)]
input_1: TnputLayer - -
output: | [(None, 176. 176, 3)]
l Y
input: one, 176, 176, 3 input: one, 11, 11, 64
convZd: Conv2D . o ) conv2d 8: Conv2D ! ® )
output: | (None, 176, 176, 8) - output: | (None, 11,11, 128)
input: one, 176,176, § input: | (None, 11, 11, 128)
conv2d_1: Conv2D k il - - ) convZd 9: Conv2D
output: | (None, 176, 176, 8) - output: | (None, 11,11, 128)
. . input: | (None, 176, 176, 8) o o input: | (None, 11, 11, 128)
max_pooling2d: MaxPooling2D batch_normalization_3: BatchNormalization
- output: | (None, 88, 88, 8) output: | (None, 11, 11, 128)
input: | (None, 88, §8, 8) . . input: | (None, 11, 11, 128)
convld 2: Conv2D - max_poolingzd 4: MaxPooling2D —
output: | (None, 88, §8, 16) output: (None, 5, 5, 128)
input: | (None, 88, 88, 16) input: | (None, 5, 5, 128)
conv2d 3 Conv2D - dropout_1: Dropout
output: | (None, 88, §8, 16) output: | (None, 5, 5, 128)
mput: | (None, 88, 88, 16) input: | (None, 5. 5, 128)
batch_normalization: BatchNormalization - flatten: Flatten
- output: | (None, 88, §8, 16) output: (None, 3200)
. . input: | (None, 88, 88, 16) input: | (None, 3200)
max_pooling2d_1: MaxPooling2D - dense: Dense
output: | (MNone, 44, 44, 16) output: | (None, 128)
input: | (None, 44, 44, 16) o o mput: | (None, 128)
conv2d 4 Conv2D batch_normalization_4: BatchNormalization
output: | (None, 44, 44, 32) - - output: | (None, 128)
input: | (None, 44, 44, 32) input: one, 128
conv2d 5 Conv2D dropout_2: Dropout ! o )
- output: | (None, 44, 44, 32) output: | (None, 128)
o o input: | (None, 44, 44, 32) input: | (None, 128)
batch_normalization_1: BatchNormalization dense 1: Dense -
output: | (None, 44, 44, 32) - output: | (None, 64)
i i input: | (None, 44, 44, 32 o input: | (None, 64)
max_pooling2d 2: MaxPooling2D batch_normalization_5: BatchNormalization
output: | (None, 22. 21, 32) - - output: | (None, 64)
input: | (None, 22, 22, 32) input: one, 64
conv2d 6 Conv2D - dropout_3: Dropout ! L )
output: | (None, 22, 22, 64) output: | (None, 64)
input: one, 22, 22, 64 input: one, 64
conv2d 7: Conv2D ! & D dense 2: Dense ! o )
- output: | (None, 22, 22, 64) - oufput: | (None, 32)
o o input: | (None, 22, 22, 64) input: | (None, 32)
batch_normalization_2: BatchNormalization - batch_normalization_6: BatchNormalization
output: | (None, 22, 22, 64) - - output: | (None, 32)
input: | (None, 22, 22, 64) input: | (None, 32)
max_pooling2d _3: MaxPooling2D - dropout_4: Dropout
T - output: | (None, 11. 11, 64) output: | (None, 32)
input: one, 11, 11, 64 i § 2
dropout: Dropout ! o - ) dense 3: Dense input: | (None, 32)
output: | (None, 11, 11, 64) - output: | (None, 2)
[

Source: Own authorship.
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Figure shows the CNN-3 model.

Figure 4.26. CNN 3 model - total parameters: 18,421,666. Increased dimensionality with respect to CNN-1.

input: | [(None, 176, 176, 3)]
input_1: InputLayer - -
output: | [(None, 176. 176, 3)]
input: one, 176,176, 3
conv2d: Conv2D ! Ll )
output: | (None, 176, 176, 32)
input: one, 176, 176, 32
convzd_1: Conv2D 1 ® )
output: | (None, 176, 176, 32)

I

input: | (None, 11, 11, 256)
conv2d_§: ConvZD

output: | (None, 11, 11, 512)

input: one, 11, 11, 512
conv2d 9: ConvZD ! Ll )

output: | (None, 11, 11, 512)

!

input:

(None, 176, 176, 32)

max_poolingZd: MaxPooling2D

output:

(None, 88, §8, 32)

)

input: | (None, 88, 88, 32)
conv2d_2: ConvZD

output: | (None, 88, 88, 64)

input: one, 88, 88, 64
conv2d_3: ConvZD ! & - )

output: | (None, 88, 88, 64)

)

o o input: | (None, 11, 11, 512)
batch_normalization_3: BatchNormalization
output: | (None, 11, 11, 512)
input: | (None, 11, 11, 512)

max_pooling2d 4: MaxPooling2D

oufput: (None, 3, 5, 512)
input: | (None, 3, 5, 512
dropout_L: Dropout
output: | (None, 5, 5, 512
input: one, 5, 5, 512
flatten: Flatten ! & )
output: | (None, 12800)
input: | (Noue, 12800)
dense: Dense
output: | (None, 1024)

)

o o input: | (None, 88, 88, 64)
batch_normalization: BatchNormalization .
output: | (None, 88, 88, 64)
) ) input: | (None, 88, 88, 64)
max_poolingZd 1: MaxPooling2D
output: | (None, 44, 44, 64)
input: one, 44, 44, 64
convzd 4: ConvZD ! o )
output: | (None, 44, 44, 128)

input:

(None, 1024)

batch_normalization_4: BatchNormalization

output:

(None, 1024)

)

input:

(None, 44, 44, 128)

conv2d_5: ConvZD
output:

(None, 44, 44, 128)

)

o o input: | (None, 44, 44, 128)
batch_normalization_1: BatchNormalization
output: | (None, 44, 44, 128)
input: | (None, 44, 44, 128)

\

input: | (None, 1024)
dropout_2: Dropout
output: | (None, 1024)
input: | (None, 1024)
dense_1: Dense
output: | (None, 512)
input: | (None, 512)

max_pooling2d 2: MaxPooling2D

output:

(None, 22, 22, 128)

batch_normalization_5: BatchNormalization

output:

)

input: | (None, 22, 22, 128)
convzd 6: Conv2D —
output: | (None, 22, 22, 256)
input: | (None, 22, 22, 256)
conv2d_7: ConvZD —
output: | (None, 22, 22, 256)

|

o o input: | (None, 22, 22, 256)
batch_normalization_2: BatchNormalization —
output: | (None, 22, 22, 256)

input: | (None, 22, 22, 256)

max_pooling2d 3: MaxPooling2D

output:

(None, 11, 11, 236)

I

input:

(None, 11, 11, 256)

dropout: Dropout

output:

(None, 11, 11, 236)

(None, 512)

I

input: one, 512
dropout_3: Dropout ! & )
output: | (None, 512)
input: one, 512
dense_2: Dense ! il )
output: | (None, 128)

)

batch_normalization_6: BatchNormalization

input:

(None, 128)

output:

(None, 128)

I

input: | (None, 128)
dropout_4: Dropout
output: | (None, 128)
input: one, 128
dense 3: Dense d al )
- oufput: (None, 2)

Source: Own authorship.
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Figure shows the CNN-4 model.

Figure 4.27. CNN 4 model - total parameters: 7,426,642. Increased depth compared to CNN-1.

input: | [(None, 176, 176, 3)]

input_1: InputLayer

output: [ [(None, 176, 176, 3)]

)

input:

(None, 176, 176, 3)
(None, 176, 176, 16)

conv2d: Conv2D

output:

l

input: | (None. 176, 176, 16)

comv2d_1: Conv2D

oufput: | (None. 176, 176, 16)

I
}

input: | (None, 88, 88, 16)
output: | (None, 88, 88, 32)

|

input: | (None, 88, 88, 32)
output: | (None, 88, 88, 32)

}

batch_normalization: BatchNormalization

input: | (None, 176, 176. 16)

(None, 88, 88, 16)

max_pooling2d: MaxPooling2D

output:

conv2d_2: Conv2D

conv2d 3: Conv2D

input: | (None, 83, 88, 32)
output: | (None, 83, 38, 32)

input: | (None, 88, 88, 32)

max_pooling2d 1: MaxPooling2D
output: | (None, 44, 44, 32)

}

input: | (None, 44, 44, 32)

conv2d 4: Conv2D

output: | (None, 44, 44, 64)

|

input:

(None, 44, 44, 64)
(None, 44, 44, 64)

output:

!
}

. . input: | (None, 44, 44, 64)
max_pooling2d 2: MaxPooling2D
output: | (None, 22, 22, 64)

input:

batch _1 ization_1: BatchN

[ imput | (None, 44, 44, 64) |
|

[ output: [ @%one, 44, 44, 64) |
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Figure shows the CNN-5 model.

Figure 4.28. CNN 5 model - total parameters: 1,786,090. Reduced dimensionality with respect to CNN-4.
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CNN-1 consists of 10 convolutional layers, five max pooling layers, seven batch normalization
layers, five dropout layers, one flatten layer, and four dense layers (Figure 4.19). This network
contains 4,534,866 parameters, of which 4,532,498 are trainable parameters and 2,368 are non-

trainable parameters.

CNN-2 has the same types and quantities of layers as CNN-1 but with reduced
dimensionality (Figure 4.20). Consequently, CNN-2 has 717,034 parameters, of which 716,106

are trainable and 928 non-trainable.

While CNN-3 also has the same types and quantities of layers as CNN-1, its layers
have greater dimensionality (Figure 4.21). The network resulted in 18,421,666 parameters
(18,416,418 trainable and 5,248 are non-trainable).

CNN-4 has more layers than does CNN-1, with two additional convolutional layers, a max
polling layer, two batch normalization layers, two dropout layers and a dense layer (Figure 4.22).
The dimensionality of CNN-4 is the same as CNN-1, resulting in a network with 7,426,642

parameters (7,421,202 trainable and 5,440 non-trainable).

Finally, CNN-5 keeps the same number and layers as CNN-4, but with reduced
dimensionality (Figure 4.23), resulting in 1,786,090 parameters (1,783,626 trainable and 2,464

non-trainable).

Figure [4.29 shows an overview of the CNNs used in this work.

Figure 4.29. CNNs used.
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This chapter presented the primary magnetic resonance dataset used, the treatment for
setting up adequate datasets for assessing AD diagnosis and developed technological proposals,
with emphasis on a strategy for augmenting available data. The next chapter will present
results, a comparison of these results with those from other studies, and a discussion of the

results from both clinical and imaging data.



CHAPTER 5

RESULTS AND DISCUSSION

This chapter presents the results obtained from the clinical analysis and those obtained
from the evaluation of magnetic resonance images. It also provides a discussion of the results

and comparisons with the results achieved by other researchers.

5.1 CLINICAL DATA ANALYSIS RESULTS

The clinical data results were produced to provide a basis of comparison among the dataset

classifiers, with and without feature selection.

The practical procedures were performed in Python version 3.7.3, with numpy libraries
version 1.19.5, scikit-learn version 0.24.1, and using a computer with an Intel(R) Core(TM)

i7-7500U CPU @ processor 2.70 GHz 2.90 GHz, with 16 GB of RAM.

The proposed feature selection algorithm (FMFS) was applied to each of the databases,
resulting in reduced feature sets that were submitted to two classification algorithms: k-nearest
neighbors (kNN) and support vector machines (SVM), and evaluated with the following metrics:
balanced accuracy, precision, sensitivity, specificity, f1 score and multi-class area under the curve
(MAUC). These procedures made it possible to compare the classification performance between
the complete and reduced data sets, demonstrate the effect of the feature selection algorithm,

and compare it with the results from other studies.

5.1.1 Feature selection in the AIBL database

The AIBL clinical database, described in Chapter [3|and originally consisting of 18 features,
785 instances and three classes (referred to as AIBL-18), was submitted to the proposed feature

selection algorithm (FMFS) and optimized for the kNN and SVM classification models. The
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results of these procedures are shown in Table [5.1]

Table 5.1. Reduced AIBL dataset: selected features
Model Dataset Features

kNN  AIBL-6 CDGLOBAL BAT126 MMSCORE
LIMMTOTAL LDELTOTAL APGENI1
SVM  AIBL-4 CDGLOBAL MMSCORE
LIMMTOTAL LDELTOTAL
Source: Own authorship.

This produced two new datasets, AIBL-6 and AIBL-4, with six and four features,

respectively, which will be evaluated in the following sections.

5.1.2 Feature selection in the ADNI database

The ADNI clinical database, described in Chapter [3land originally consisting of 21 features,
1033 instances and three classes (referred to as ADNI-21), was submitted to the proposed
feature selection algorithm (FMFS) and optimized for the kNN and SVM classification models.
The results of these procedures are shown in Table [5.2]

Table 5.2. Reduced ADNI dataset: selected features
Model Dataset Features

kNN ADNI-3 CDRSB ADAS11 FAQ
SVM  ADNI-11  Ventricles Entorhinal CDRSB
MMSE RAVLT learning
RAVLT immediate
RAVLT perc_forgetting bl
ADAS11 ADAS13 FAQ APOE4

Source: Own authorship.

This resulted in two new datasets, ADNI-3 and ADNI-11, with three and 11 features,

respectively, which will be evaluated in the following sections.

5.1.3 Feature selection in the OASIS database

The OASIS clinical database, described in Chapter |3| and originally consisting of seven
features, 217 instances, three classes (referred to as OASIS-7), was submitted to the proposed

feature selection algorithm (FMFS) and optimized for the kNN and SVM classification models.
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The results are shown in Table [5.3]

Table 5.3. Reduced OASIS dataset: selected features
Model Dataset Features

kNN  OASIS-5 Age Educ SES MMSE nWBV
SVM  OASIS-5 Age Educ SES MMSE nWBV

Source: Own authorship.

The procedure resulted in a single new OASIS-5 dataset, with five equal features for both

classification models kNN and SVM, which will be evaluated in the following sections.

5.1.4 Performance evaluation for three classes

Classification performance was evaluated for all datasets and results were obtained for
the complete and reduced datasets. In this evaluation, the AIBL and ADNI databases were
classified using the CN, MCI and AD classes, while the OASIS database was classified using
the CDR 0, CDR 0.5 and CDR 12 classes.

5.1.4.1 ADNI evaluation

Table summarizes the performance results obtained by evaluating the three classes in
each ADNI dataset and for each classification model. A 95% confidence interval was used for
the evaluation of the B., metric. Differences between the Bc, results for the complete and

reduced datasets were also tested for statistical significance.

Under these conditions, the training times for the ADNI-3 and ADNI-11 datasets were 55%

and 7% lower than for the complete databases.

With the kNN classifier, Bea was 10.3% higher (significant at p < 0,05) for the ADNI-3
dataset than for the ADNI-21 dataset (Table [5.4)).
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Model Dataset
kNN ADNI-21
ADNI-3

SVM ADNI-21
ADNI-11

B..+IC

Acy Prn

81,66 £3,39 76,29 79,34
90,06* 2,26 89,45 90,32
92,60 £2,06 91,97 92,52
92,61 £2,29 91,77 92,34
IC - confidence interval for 95% confidence level

(*) Statistically significant result (p < 0,05)

Except for MAUC, every numerical result is expressed as a percentage.
Source: Own authorship.

Sny
76,89
86,52
90,09
90,20

Table 5.4. ADNI dataset results - three classes

Spy

87,23
93,60
95,11
95,02

F1
77,41
87,97
91,07
90,90

MAUC
0,878
0,960
0,969
0,969

The Bea of the ADNI-11 dataset reached 92.61% with the SVM classifier, which was not

statistically superior to that of the ADNI-21 dataset. Figure [5.1] shows the confusion matrix

for this case.

Figure 5.1. ADNI-11 avaliated with the SVM classifier - average confusion matrix.
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5.1.4.2 AIBL evaluation
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Table [5.5] summarizes the performance results obtained by evaluating the three classes in

each AIBL dataset, for each classification model. The B., metric was evaluated at the 95%

confidence interval. Differences between the B¢, results for the complete and reduced datasets

were also tested for statistical significance.
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Consequent training times were 18% and 90% lower for AIBL-6 and AIBL-4, respectively,

compared to the complete databases.

Table 5.5. AIBL dataset results - three classes
Model Dataset B..+IC e Shy Spy F1 MAUC

kNN  AIBL-18 74,15 £2,08 82,28 73,85 63,61 84,69 66,50 0,912
AIBL-6 90,44* +3,89 91,32 87,37 86,08 94,81 8581 0,950
SVM  AIBL-18 91,96 42,25 91,72 86,97 88,32 95,61 87,09 0,967
AIBL-4 92,52 £2,50 92,22 88,25 89,06 95,98 87,74 0,959
IC - confidence interval for 95% confidence level
(*) Statistically significant result (p < 0,05)
Except for MAUC, every numerical result is expressed as a percentage.
Source: Own authorship.

The Bea metric was 22% superior (significant at p < 0,05) in the AIBL-6 dataset than in
the AIBL-18 dataset, using the kNN classifier (Table [5.5).

The AIBL-4 dataset, evaluated by the SVM classifier, showed the best global performance.

Figure [5.2 shows the confusion matrix for this case

Figure 5.2. AIBL-4 avaliated with the SVM classifier - average confusion matrix.
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The B¢a metric of the AIBL-4 dataset (92.52%) was not statistically better than that of the

AIBL-18 dataset when evaluated by the SVM classifier.
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5.1.4.3 OASIS evaluation

Table [5.6] summarizes the performance results obtained by classifying each OASIS dataset

into three classes, using each classification model. The 95% confidence interval was used for

the B,y metric.

Table 5.6. OASIS dataset results - three classes

Model Dataset B.,+IC Ay Pmn S

SVM OASIS-7 7213 £4.90 72.29 66.13 61.95
OASIS-5 72.66 £4.46 73.64 70.85 61.75

kNN OASIS-7  67.71 £3.39 69.94 62.79 55.10
OASIS-5 68.17 £6.29 71.36 64.80 54.53

IC - confidence interval for 95% confidence level

SP}’

82.31
83.57
80.32
81.82

F1

99.09
58.33
23.51
51.40

Except for MAUC, every numerical result is expressed as a percentage.

Source: Own authorship.

MAUC
0.858
0.871
0.800
0.804

The OASIS-5 dataset showed the best global performance when evaluated by the SVM

classifier. Figure [5.3| shows the confusion matrix for this case.

Figure 5.3. OASIS-5 avaliated with the SVM classifier - average confusion matrix.
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5.1.5 Performance evaluation for two classes

The ADNI-3, ADNI-11, AIBL-4 and AIBL-6 datasets were also evaluated by the SVM
and kNN classifiers but arranged in two classes: CN v/s AD, MCI v/s AD and CN v/s MCIL.
Similarly, the OASIS-5 dataset was evaluated by the SVM and kNN classifiers with the following
class combinations: C00 v/s C12, C05 v/s C12 and C00 v/s C05. Here, C00 represents the
CDR 0 class, C05 represents CRD 0.5 and C12 represents the combination of CDR classes 1

and 2.

5.1.5.1 ADNI evaluation

Table summarizes the performance results obtained by classifying each ADNI dataset

into combinations of two classes, using each classification model.

Table 5.7. ADNI dataset results - two classes

l\ggfa"'sle{ Type Bee Ay Pw Sny Sy F1 AUC
gya ;  CNv/sAD  99.88% 99.81% 99.550 99.88% 99.88% 99.70% 1.000
ApNL11 MCIv/s AD 9112%  9445% 92.93% 91.12% 91.12% 91.63% 0.986

CN v/s MCI 93.98% 94.72% 95.33% 93.98% 93.98% 94.49% 0.975
own , ONv/sAD 99.67% 99.81% 99.87% 99.67% 99.67% 99.76% 0.997
ADNLz MCIv/s AD 86.95% 91.89% 89.65% 86.95% 86.95% 87.82% 0975

CN v/s MCI 92.79%  93.58% 94.25% 92.79% 92.79% 93.28% 0.967
Source: Own authorship.

The best performance was achieved for the CN v/s AD combination in both datasets and
using both combinations of classifiers. The B, metric reached 99.88% and mean AUC reached

1.000 (accurate to three decimal places).
Figure shows the ROC curves for the CN v/s AD classes in the ADNI-11 dataset,

evaluated by the SVM classifier. ROC curves (different colors) were calculated for each of the

folds of the nested cross-validation process and show nearly ideal behavior.
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Figure 5.4. ADNI-11 avaliated with the SVM classifier over CN v/s AD classes - ROC curves.
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Figure shows the confusion matrix for the CN v/s AD evaluation (ADNI-11) using the

SVM classifier.

Figure 5.5. ADNI-11 avaliated with the SVM classifier - CN v/s AD - average confusion matrix.
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5.1.5.2 AIBL evaluation

Table [5.8 summarizes the performance obtained by classifying each AIBL dataset into

combinations of two classes, using each classification model.

The best performance was achieved for the CN v/s AD combination in both datasets and

for both combinations of classifiers, with a B¢, metric reaching 96.76%.

Table 5.8. AIBL dataset results - two classes
Type B.. Ay P S S F1 AUC

CNv/s AD 96.76% 98.94% 98.66% 96.76% 96.76% 97.55% 0.999

Model/
Dataset

i}gﬁ_{l MCIv/s AD 90.90% 91.16% 91.48% 90.90% 90.90% 90.82% 0.953

CN v/s MCI 93.99% 94.51% 89.80% 93.99% 93.99% 91.55% 0.936
kNN / CNv/s AD 95.80% 98.48% 97.67% 95.80% 95.80% 96.67% 0.986
AIBL.6 MCI v/s AD 87.69% 88.70% 89.83% 87.69% 87.69% 87.84% 0.910

CN v/s MCI 93.72%  94.65% 90.19% 93.72% 93.72% 91.69% 0.941
Source: Own authorship.

Figure [5.6/ shows the confusion matrix for the evaluation of the CN v/s AD class (AIBL-4)

using the SVM classifier.

Figure 5.6. AIBL-4 avaliated with the SVM classifier - CN v/s AD - average confusion matrix.
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5.1.5.3 OASIS evaluation

Table [5.9 summarizes the performance results obtained by classifying each OASIS dataset

into two classes, using each classification model.

The best performance was achieved for the C00 v/s C12 classes in both datasets and in

both combinations of classifiers. Here, the B¢y metric reached 89.17%.

Table 5.9. OASIS dataset results - two classes

%:Sazle{ Type Bee Ay P S, S, F1 AUC
gym ; CO0v/sCl2 88.04% 9429% 0285% 88.04% S8.04% 88.66% 0.978
onsiss  C05v/s Cl2 65.82%  72.50% TLT0% 65.82% 65.82% 63.54% 0.783

Q00 v/s CO5  72.77%  81.58% 8159% T72.77% 7T2.77% 72.71% 0.846
iy, C00v/sCl2 89.17% 96.17% 97.93% 89.17% 89.17% 9123% 0.919
OASIS.s C0Bv/s Cl2 63.82% 7125% 63.50% 63.82% 63.82% 62.18% 0.733

C00 v/s CO5 65.85%  78.42% 75.77% 65.85% 65.85% 64.92% 0.778
Source: Own authorship.

Figure shows the confusion matrix for the evaluation of C00 v/s C12 in the OASIS-5

dataset using the kNN classifier.

Figure 5.7. OASIS-5 avaliated with the kNN classifier - C00 v/s C12 - average confusion matrix.
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5.1.6 Performance evaluation with other classifiers

The datasets that performed best in the previous evaluations (ADNI-11, AIBL-4, and
OASIS-5) were also evaluated using other classifiers and the following metrics: balanced
accuracy, precision, sensitivity, specificity, fl1 score and the multi-class area under the curve
(MAUC). In this evaluation, the AIBL-4 and ADNI-11 datasets were classified into CN, MCI
and AD classes, while the OASIS-5 dataset was classified into the CDR 0, CDR 0.5, and CDR

12 classes.

In addition to the SVM and kNN classifiers, evaluations were also performed with
the Random Forest, Logistic Regression, Naive Bayes, Decision Tree, Ada Boost, Linear
Discriminant Analysis (LDA), Gradient Boosting, Extreme Gradient Boosting and Histogram
Gradient Boosting classifiers. As in the other cases, the assessments were performed using

nested cross-validation.

Table shows that the Gradient Boosting classifier achieved the best performance with
the AIBL-4 dataset, reaching a B¢, of 92.88%.

Table 5.10. AIBL-4 - performance evaluation

Model Bea A P Syn Sy F1 MAUC
SVM 92,52% 92,22% 8825% 89,06% 95,98% 87,74% 0,959
kNN 01.21% 91.46% 87.02% 87.12% 95.30% 86.23%  0.960

Random Forest 87.79% 89.29% 84.26% 82.77% 92.82% 82.83%  0.958
Logistic Regression  91.60% 91.71% 88.01% 88.03% 95.17% 87.28%  0.975
Naive Bayes 91.80% 91.72% 87.72% 88.08% 95.52% 87.10% 0.974
Decision Tree 91.96% 91.46% 87.73% 88.36% 95.57% 87.03% 0.959
Ada Boost 84.15% 87.77% 80.85% 77.22% 91.08% 78.27T% 0.949
LDA 88.15% 90.18% 86.47% 82.93% 93.37% 83.86%  0.974
Gradient Boosting 92.88% 92.61% 88.94% 89.63% 96.13% 88.60%  0.974
Extreme GB 91.62% 91.96% 88.38% 87.87% 95.36% 87.38% 0.967
Histogram GB 87.97% 89.54% 84.38% 82.71% 93.24% 82.69% 0.961
Source: Own authorship.

Table [5.11] presents performance of various classifiers with the ADNI-11 dataset. These

results show that the SVM classifier performed best, reaching a B¢, value of 92.61%.
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Table 5.11. ADNI-11 - performance evaluation

Model B Ay  Pm Sy Sy F1  MAUC
SVM 92,61% 91,77% 92,34% 90,20% 95,02% 90,90% 0,969
KNN 83.56% 78.13% 80.61% T79.54% 87.58% 79.57%  0.891

Random Forest 92.36% 91.39% 91.26% 89.83% 94.90% 90.34%  0.968
Logistic Regression  92.46% 91.10% 91.21% 90.14% 94.78% 90.54%  0.973
Naive Bayes 88.42% 83.17% 82.39% 85.71% 91.13% 83.35%  0.933
Decision Tree 91.85% 90.90% 91.12% 89.11% 94.59% 89.86%  0.952
Ada Boost 90.10% 88.10% 87.76% 87.04% 93.16% 86.84%  0.939
LDA 85.20% 80.94% 82.93% 81.33% 89.07% 81.84%  0.918
Gradient Boosting  92.05% 91.49% 92.33% 89.28% 94.81% 90.44%  0.967
Extreme GB 91.29% 90.23% 90.71% 88.42% 94.17% 89.33%  0.966
Histogram GB 92.00% 90.71% 90.65% 89.41% 94.60% 89.79%  0.963
Source: Own authorship.

Table presents the performance of various classifiers with the OASIS-5 dataset. Here,

the Decision Tree classifier provided the best performance with a Bea of 76.25%.

Table 5.12. OASIS-5 - performance evaluation

Model B Ay Pum Sm S, F1 MAUC
SVM 72.66% 73.64% 70.85% 61.75% 83.57% 58.33%  0.872
KNN 68.17% T71.36% 64.80% 54.53% 81.82% 51.40%  0.804

Random Forest 75.30% 76.41% 72.49% 65.06% 85.56% 62.50% 0.881
Logistic Regression  73.74%  74.55% 72.58% 63.10% 84.39% 60.34%  0.876
Naive Bayes 73.86% 75.00% 70.04% 63.05% 84.66% 62.38% 0.876
Decision Tree 76.25% T4.57% 67.98% 68.10% 84.40% 64.92%  0.842
Ada Boost 65.58% 64.20% 53.02% 50.71% 80.46% 49.48%  0.811
LDA 73.87% 75.00% 70.88% 64.34% 83.41% 63.00% 0.868
Gradiente Boosting 73.54% 74.98% 71.42% 62.95% 84.13% 61.66% 0.890
Extreme GB 73.49% 75.02% 68.72% 62.67% 84.31% 61.57% 0.863
Histogram GB 70.36% 70.30% 63.24% 57.39% 83.34% 55.13% 0.881
Source: Own authorship.

5.1.7 Evaluation with other feature selection methods

The ADNI, AIBL and OASIS datasets were also subjected to other feature selection
methods, from the three groups of techniques referenced in Chapter As with the FMFS
algorithm, each of the techniques was evaluated for the kNN and SVM classifiers, and the

number of features that resulted in the best accuracy was found.

Table[5.13|shows the value found for the number of optimal features and accuracy, evaluated

on the ADNI dataset, for each of the classifiers.
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Table 5.13. ADNI - feature selection method evaluation

Feature selection method Featurl;?\N B.. Featurtsa:[\lvl B..

FMFS 3 90.06% 11 92.61%
Chi-square 2 89.68% 17 92.81%
Mutual Information 1 90.31% 5 92.93%
Anova F-value 1 90.31% 4 92.93%
Variance Threshold 6 61.50% 11 74.66%
Fisher Score 13 83.82% 17 92.62%
MultiSURF 6 86.70% 6 92.07%
RFE (SVM) 1 90.31% 3 92.84%
Permutation Importance (LR) 2 91.72% 4 92.93%
SHAP (XGboost) 2 91.72% 3 92.97%
Boruta (RF) 3 90.54% 5 92.93%
Embedded Random Forest 1 90.31% 4 92.93%
Embedded Light GBM 1 90.31% 5} 92.83%

Source: Own authorship.

Table shows the value found for the number of optimal features and accuracy, evaluated

on the AIBL dataset, for each of the classifiers.

Table 5.14. AIBL - feature selection method evaluation

Feature selection method Featurl:zsN‘N B.. Featurse:/?/l B..

FMFS 6 90.44% 4 92.52%
Chi-square 4 91.21% 4 92.52%
Mutual Information 1 88.30% 5 92.43%
Anova F-value 1 88.30% 7 92.27%
Variance Threshold 1 50.25% 10 80.90%
Fisher Score 1 88.30% 12 92.11%
MultiSURF 4 87.66% 11 92.93%
RFE (SVM) 3 91.86% 6 92.54%
Permutation Importance (LR) 1 88.30% 12 92.29%
SHAP (XGboost) 1 50.25% 9 92.49%
Boruta (RF) 2 90.82% 4 92.52%
Embedded Random Forest 1 88.30% 3 92.79%
Embedded Light GBM 1 88.30% 7 92.76%

Source: Own authorship.

Table[5.15shows the value found for the number of optimal features and accuracy, evaluated
on the OASIS dataset, for each of the classifiers.
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Table 5.15. OASIS - feature selection method evaluation

Feature selection method Featurl;?\N B.. Featurtsa:[\lvl B..

FMFS 5 68.17% 5 72.66%
Chi-square 2 77.59% 6 72.14%
Mutual Information 2 77.59% 4 72.74%
Anova F-value 2 77.59% 3 75.30%
Variance Threshold 1 50.72% 4 70.03%
Fisher Score 5 67.63% 7 72.13%
MultiSURF 1 72.91% 6 71.97%
RFE (SVM) 1 72.91% 6 71.97%
Permutation Importance (LR) 1 72.91% 4 72.57T%
SHAP (XGboost) 3 74.60% 7 72.13%
Boruta (RF) 2 77.59% 3 75.30%
Embedded Random Forest 2 77.59% 3 75.30%
Embedded Light GBM 4 68.14% 5} 70.22%

Source: Own authorship.

5.2 IMAGE ANALYSIS RESULTS

The practical image analysis procedures were performed in Python version 3.9.0, with numpy
libraries version 1.19.2, scikit-learn version 1.1.1, tensorflow version 2.6.0, cuda toolkit version
11.3.1 and a 12th Gen Intel(R) Core(TM) i7-12700H 2.30 GHz processor, with 16 GB of RAM.
An NVIDIA GeForce RTX 3060 Graphics Processing Unit (GPU) card with 6 GB of RAM was

also used.

The GPU was especially helpful with DL operations, greatly reducing processing times and

increasing productivity.

Performance was evaluated using the following metrics: balanced accuracy, accuracy,
precision, sensitivity, specificity, f1 score and area under the curve (AUC). Finally, classification
performance was compared among the generated image datasets and with results obtained in

other studies.

5.2.1 Analysis of the coronal image dataset

As described in Chapter [4], two versions of the coronal image dataset were generated, one

consisting of central slices (Figure [4.20)) - dataset C1, and another with central slices plus nine
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anterior and nine posterior slices (Figure - dataset C19. The C1 dataset was very small,
consisting of images generated from 226 CN patients and 173 AD patients. The limited size
of this dataset made training convolutional networks unfeasible. The C19 dataset consisted of
4,294 CN images and 3,287 AD images. These additional images are anterior and posterior

slices that augment the dataset and enable convolutional network training.

5.2.1.1 Partition setup alternatives

As mentioned in Chapter CNNs need to be trained with a set of three partitions
(Figure [3.14]) that eliminate the risk of data leakage between training and test partitions.
Thus, the C1 and C19 image datasets were used to build partitions S1 and S2 (Figure .

Figure 5.8. Split fold S1 and S2 description.

[ Original labeded data ]
Split
[ Training set } [ Salidation ] [ Test set ]
set
80% AD | (135 patients) 10% AD | (19 patients) 10% AD (19 patients)
80% NC | (180 patients) 10% NC [ (23 patients) 10% NC (23 patients)
S e Y i N e =
! ]
! [ C19 base } [ C19 base] [ C19 base ] S1 split fold [
! I
1 o e o o o o o o o o o A 4

Source: Own authorship.

The S1 partition consisted of images from 315 patients (C19 dataset) for the training set,
images from 42 other patients (C19) for the validation set, and images from an additional 42

patients (C19) for the test set.

The S2 partition also consisted of images from 315 patients (C19 dataset) for the training
set, images from 42 other patients (C1) for the validation set, and images from another 42

patients (C1) for the test set.

Table [5.16] shows the final compositions of the partitions.
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Table 5.16. Split fold composition S1 and S2
Split fold Train Validation Test
g1 2.565 AD images 361 AD images 361 AD images
3.420 CN images 437 CN images 437 CN images
2.565 AD images 19 AD images 19 AD images
3.420 CN images 23 CN images 23 CN images
Source: Own authorship.

52

5.2.1.2 Evaluation of the S1 partition

Performance of the S1 partition was measured using the proposed DL models (CNN-1, CNN-
2, CNN-3, CNN-4 and CNN-5), and the pre-trained models (VGG-19, VGG-16, ResNet-50 and
Inception V3). The results can be seen in Table

Table 5.17. S1 split fold - performance evaluation
Model Bea A P Syn Spy F1  AUC

cy
CNN-1 94.25%  94.36%  94.34%  95.42%  93.07%  94.88%  0.942
CNN-2 90.50%  90.23%  94.10%  87.64%  93.35%  90.76%  0.905
CNN-3 83.20%  84.71%  78.58%  99.08%  67.31%  87.65%  0.832
CNN-4 93.62%  93.36% 96.83% 90.85% = 96.40% = 93.74%  0.936
CNN-5 94.79% 94.74% 96.04% 94.28% 95.29% 95.15% 0.948
VGG-19 86.22%  86.59% 86.03%  90.16%  82.27%  88.04%  0.862
VGG-16 84.09%  84.71%  83.02%  90.62%  77.56%  86.65%  0.841
Resnet-50 83.13%  84.21%  80.19% 94.51%  71.75%  86.76%  0.831
Inception V3 81.33%  81.95%  80.84%  87.87%  74.79%  84.21% 0.813
Source: Own authorship.

In the training phase for this and other cases, all models were trained using the Adam
optimizer with a learning rate of 0.001, 100 epochs and a batch size set to 32 based on the
GPU’s memory (6 GB).

The pre-trained models, VGG-19, VGG-16, ResNet-50 and Inception V3, were initialized
with weights from the training carried out on dataset ImageNet and had the first layers frozen
for training, up to the penultimate convolutional layer. The proposed models, CNN-1, CNN-2,
CNN-3, CNN-4 and CNN-5, were trained in their entirety.

A learning curve was calculated for CNN-5 and evaluated over 100 epochs (Figure .
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Figure 5.9. CNN-5 model learning curves. a) Accuracy model. b) AUC model. ¢) Loss model
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Additionally, a confusion matrix was also evaluated for CNN-5 (Figure [5.10]).
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Figure 5.10. CNN-5 confusion matrix.
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5.2.1.3 Evaluation of the S2 partition

As in the S1 partition, S2 performance was measured using the proposed DL models (CNN-1,

CNN-2, CNN-3, CNN-4 and CNN-5). The results can be seen in Table [5.18|

Table 5.18. S2 split fold - performance evaluation
Model B.a AV P, Shem Sy F1
CNN-1 95.65%  95.24% 100.0%  91.30%  100.0%  95.45%
CNN-2  91.30% 90.48%  100.0% 82.61% 100.0%  90.48%
CNN-3  92.11%  92.86%  88.46%  100.0% 84.21%  93.88%
CNN-4 97.83% 97.62% 100.0% 95.65% 100.0% 97.78%
CNN-5  89.93% 90.48 88.00% 95.65%  84.21%  91.67%

Source: Own authorship.

The confusion matrix was also evaluated with CNN-4 (Figure [5.11]).

AUC
0.957
0.913
0.921
0.978
0.899



5.2 — IMAGE ANALYSIS RESULTS 97

Figure 5.11. CNN-4 confusion matrix.

Alzheimer's Disease Diagnosis

200

175

15.0

125

Truth

-10.0

-715

-50

-25

- 00

Prediction

Source: Own authorship.

5.2.1.4 S2 reevaluation with augmented dataset

In addition to using the C19 dataset (19 slices per patient) for S2 partition training, the
data was also doubled using a random zoom variation range [0.99, 1.01], a random brightness
variation range [0.8, 1.2], and a random horizontal flip. This is a classical strategy for

augmenting image data. The consequent performance results are shown in Table [5.19

Table 5.19. Data augmentation in S2 training dataset - performance evaluation
Model Besi  Aey P Syn Spy F1 AUC
CNN-1 89.93% 90.48% 88.00% 95.65% 84.21% 91.67% 0.899
CNN-2 92.11% 92.86% 88.46% 100.0% 84.21% 93.88% 0.921
CNN-3  89.47% 90.48% 85.19% 100.0% 78.95% 92.00% 0.895
CNN-4 92.56% 92.86% 91.67% 95.65% 89.47% 93.62% 0.926
CNN-5  82.15% 80.95% 94.12% 69.57% 94.74% 80.00% 0.822

Source: Own authorship.
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5.2.1.5 S1 reevaluation with majority voting classifier

The performance of the S1 partition was again measured using the proposed DL models
(CNN-1, CNN-2, CNN-3, CNN-4 and CNN-5) and the results were compared between the
decision made on each slice individually (single instance) and the decision made by the majority

(multiple instance decision). The results can be found in Table

Table 5.20. Customized cnn results

Model  Ba Aegy  Puw Sy S,y F1 AUC
CNN-1 (S) 96.1% 95.9% 97.9% 94.7% 97.4% 96.3%  0.96
ONN-1 (M) 97.8% 97.6% 100% 95.7% 100% 97.8%  0.98
CNN-2 (5) 96.6% 96.5% 97.5% 96.3% 96.8% 96.9% 0.97
M) 97.8% 97.6% 100% 95.7% 100% 97.8%  0.98
S)  94T% 94.9% 95.0% 95.9% 93.6% 95.4%  0.95

CNN-3 (M) 95.1% 95.1% 95.7% 95.7% 94.4% 95.7%  0.95
CNN-4 (S)  95.3% 95.3% 96.5% 95.0% 95.6% 95.7% 0.95
CNN-4 (M) 100% 100% 100% 100% 100% 100%  1.00

CNN-5 (S)  98.2% 98.2% 98.9% 97.9% 98.5% 98.4% 0.98
CNN-5 (M) 100% 100% 100% 100% 100% 100%  1.00
S - Single decision.
M - Majority voting decision.

Source: Own authorship.

Likewise, the performance of the S1 partition was again measured using the pre-trained
models (VGG-19, VGG-16, ResNet-50 and Inception V3) and the results were compared
between the decision made on each slice individually (single instance) and the decision made

by the majority (multiple instance decision). The results can be found in Table [5.21]

Table 5.21. Pretrained models results
Model Bea Ag Pw Sy S,y F1 AUC

VGG-16 (S)  92.9% 92.9% 93.8% 93.4% 92.1% 93.7% 0.93
VGG-16 (M) 97.2% 97.6% 95.8% 100% 94.4% 97.9% 0.97
VGG-19 (S)  95.7% 95.8% 96.1% 96.3% 95.0% 96.2%  0.96
VGG-19 (M) 97.2% 97.6% 95.8% 100% 94.4% 97.9% 0.97

ResNet (S)  97.5% 97.3% 99.5% 95.7% 99.4% 97.6% 0.98
ResNet (M) 97.8% 97.6% 100% 95.6% 100% 97.8%  0.98
Inception (S) 95.9% 95.9% 96.6% 96.1% 95.6% 96.3% 0.96
Inception (M) 97.8% 97.6% 100% 95.6% 100% 97.8% 0.98
S - Single decision.
M - Majority voting decision.

Source: Own authorship.

The pre-trained CNNs were initialized with weights from training on the ImageNet dataset,
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finalized with 3 dense layers and trained in full. ADAM was used as an optimizer and training

was carried out over 100 epochs, with a stopping criterion for validation accuracy greater than

0.999.

It can be seen in Table that CNN-4 achieved 100% performance in all objective metrics

used. To investigate the performance of CNN-4 concerning the quiescent point (local minimum)

where the training algorithm converges, the network was retrained 10 times with random

starting points and all trained models were saved. Using the models obtained in the training

step, the network’s performance was evaluated again for each case. The performance results

are shown in Table [5.22

Table 5.22. CNN-4 training results
Train B, Ay P Shem Sy

1 100%  100%  100% 100%  100%
2 100% 100%  100% 100% 100%
3 97.8% 97.6% 100% 95.%7 100%
4 97.2% 97.6% 95.8% 100% 94.4%
5 100%  100%  100%  100%  100%
6 100%  100%  100% 100%  100%
7 100% 100%  100% 100% 100%
8 97.2% 97.6% 95.8% 100% 94.4%
9 100% 100%  100% 100% 100%
10 100%  100%  100% 100%  100%

Mean 99.2% 99.3% 99.2% 99.6% 98.9%
Std 1.3%  12%  1.8% 1.4% 24%
Mean - statistical average.
Std - standard deviation.

Source: Own authorship.

The Table reveals that CNN-4 achieved an average

distinguishing the diagnosis between CN and AD.

F1
100%
100%
97.8%
97.8%
100%
100%
100%
97.8%
100%
100%

99.3%
1.1%

AUC
1.00
1.00
0.98
0.97
1.00
1.00
1.00
0.97
1.00
1.00

0.99
0.01

accuracy value of 99.3% in
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5.2.2 Analysis of the axial image dataset

As described in Chapter , an axial image dataset was generated with a central slice (as in
the coronal strategy), and four caudal and four cranial slices (Figure . The axial dataset
was generated with the three classes CN, MCI and AD. However, to compare the performance
of the axial and coronal dataset, only the CN and AD classes were used. Table [5.23] shows the

resulting numbers of images in the training, validation, and test partitions.

Table 5.23. Split axial dataset
Split Training Validation Test
Axdial 1.494 AD images 81 AD images 81 AD images
1.728 CN images 99 CN images 90 CN images
Source: Own authorship.

The performance of the axial image dataset was evaluated with the proposed DL models

(CNN-1, CNN-2, CNN-3, CNN-4 and CNN-5). These metrics are shown in Table [5.24]

Table 5.24. Axial plan - performance evaluation

Model Beg, Ay P Syn Spy F1 AUC

CNN-1 55.99% 56.73% 57.27% 70.00% 41.98% 63.00% 0.560

CNN-2 42.41% 43.27% 46.90% 58.89% 25.93% 52.22% 0.424

CNN-3  60.93% 59.06% 88.46% 25.56% 96.3%  39.66% 0.609

CNN-4 59.94% 59.06% 67.24% 43.33% 76.54% 52.70% 0.599

CNN-5 59.01% 59.06% 61.36% 60.00% 58.02% 60.67% 0.590
Source: Own authorship.

5.3 DISCUSSION OF THE RESULTS OF THE CLINICAL DATA ANALYSIS

The kNN model improved performance with the AIBL-18 and AIBL-6 datasets by roughly

22% (Beca). This result is statistically significant (p < 0,05).

Figure [5.12] shows the impact of the FMFS feature selection algorithm on improving the
kNN evaluation metrics (Table with the AIBL database.
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Figure 5.12. AIBL - kNN enhancement.
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Similarly, the kNN model improved performance with the ADNI-21 and ADNI-3 datasets
by 10% (Bca metric) (significant at p < 0,05).

Figure [5.13] shows the impact of the FMFS feature selection algorithm on improving the
performance of the kNN model (Table with the ADNI database.

Figure 5.13. ADNI - kNN enhancement.
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Therefore, the KNN model improved the performance of diagnosing Alzheimer’s disease in
the AIBL-6 and ADNI-3 datasets by reducing dimensionality, highlighting key features, and

reducing training time — all desirable objectives for the proposed feature selection method.
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The SVM model did not significantly improve performance (B, metric) relative to AIBL-
18 and AIBL-4 or ADNI-21 and ADNI-11. Nevertheless, the model did reduce dimensionality,

enhance key features, and reduce training times.

The FMFS algorithm helped eliminate features that did not significantly contribute to
distinguishing database classes. This strategy tends to facilitate the performance of the kNN
algorithm by eliminating what are essentially noise in the calculation of nearest neighbors. The
result of this combination was an improvement of 10.29% in the accuracy of the ADNI base

evaluation and 21.97% in the accuracy of the AIBL base evaluation.

However, the FMFS algorithm did not have a significant impact on the SVM model,
probably because the kernel function has a regularization parameter (C) that finds an optimal
balance between high margins and a smaller number of incorrectly classified data points.
Controlling C then amounts to controlling outliers - low C values imply more outliers while
high C values imply fewer outliers. The hyper-parameters were fit within the inner loop of the

nested cross-validation for all the classification models used in this study.

Evaluation of the datasets using 12 other feature selection methods produced accuracy
results that were both higher and lower than those obtained with the proposed FMF'S algorithm.
The simplicity of the FMFS calculation and the quality of the results obtained show that FMFS

is a viable option for evaluating the datasets dealt with in this thesis.

5.3.1 Comparisons with other studies

The best results obtained in this study were compared with the best results of other studies

that worked with AIBL, ADNI and OASIS (Tables [5.25] |5.26{ and [5.27)). These studies were

carried out between 2018 and 2021 and most used the ADNI database (KHAN et all [2021)).
For the AIBL and ADNI databases, performance comparisons were based on the CN, MCI, and
AD classes, while the CDR 0, CDR 0.5, and CDR 12 classes were used for OASIS.

This multi-study comparison only evaluated the B, metric, the MAUC metrics, and the

machine learning techniques and models used in each study.
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The Bea achieved by (NIYAS; P, 2021b) was nearly equal to that of the present study (Beca
= 92.52%) for the AIBL database and the SVM classifier (Table [5.25). When the Gradient

Boosting classifier was used, the B, of the present study was slightly higher (92.88%).

Table 5.25. Comparison with previous study (AIBL dataset)
Reference ML/DL Model B., MAUC
GB 92,88 0,974

Present study ML
SVM 92,52 0,959

KNN 8250  NA

(NIYAS; P, 2021b) ML
SVM 9250  NA

NA - not available. GB - Gradient Boosting.
Except for MAUC, all numerical results are expressed as
percentages.

Source: Own authorship.

For the AIBL database, the best performance boost for the kNN classifier was achieved
using the FMFS algorithm. Here, B, increased from 74.15% to 90.44% (Table .

Table compares our results with the ADNI database to those of (NIYAS; P} [2021a),
(NIYAS:; P, |2021b), (NGUYEN M.; 2020), (LIU J LI, 2020), (ALBRIGHT) [2019)), (IDDI et al.,
2019), (MOORE et al., 2019), (GHAZI et al.,2019) and (NGUYEN et al.,|2018). In the present
study, Bea reached 92.61% for the SVM classifier, which was 2.9% higher than the best result

reported by the other studies. The logistic regression classifier also reached a B¢, of 92.46%.
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Table 5.26. Comparison with previous studies (ADNI dataset)
Reference ML/DL Model B., MAUC
LR 92,46 0,973
Present study ML
SVM 92,61 0,969
(NIYAS; P, [2021a) ML RF 87 NA
kNN 90 0,96

(NIYAS; P} [2021D) ML
SVM 88 0,95
(NGUYEN M., 2020) DL RNN 887 0,944
(LIU J LI, 2020) DL RNN 87,93  0.9439
(ALBRIGHT], 2019) DL RNN NA 0,866
(IDDI et al] [2019) ML RF 86 NA
(MOORE et all, 2019) ML RF 73 0,82
(GHAZI et all, 2019) ML LDA NA 0,75

(NGUYEN et al., |2018) ML SVM 79 0,86
NA - not available. LDA-linear discriminant analysis. RNN-

recurrent mneural network. RF-random forest. LR-logistic
TeGression.
Except for MAUC, all numerical results are expressed as
percentages.

Source: Own authorship.

Our results for diagnosing AD from the clinical data in the ADNI and AIBL databases were
approved and presented at the IX Latin American Congress of Biomedical Engineering (CLAIB
2022) and at the XXVIII Brazilian Congress of Biomedical Engineering (CBEB 2022) via
the article "Simplified feature selection in Alzheimer’s disease diagnosis via machine learning”
(Selegao simplificada de atributos para auxilio ao diagnostico da doenga de Alzheimer utilizando
aprendizado de maquina) (SARAIVA JR. et al)[2022)). The article presented the FMFS feature
selection algorithm, its impact on improving performance metrics, and a comparison with

previous studies.

Few studies have focused on the OASIS and AIBL databases (KHAN et al) [2021).
Nevertheless, it was possible to compare our results with those of (PAIVA; ESCOVEDO| 2021)).
Table[5.27shows that the B, of the present study was 4.5% better than the best result obtained
by (PAIVA; ESCOVEDO, 2021)). The random forest classifier also performed better, reaching
a Bea of 75.30%.
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Table 5.27. Comparison with previous study (OASIS dataset)
Reference ML/DL Model B.. MAUC
RF 75,30 0,881
Present study ML
DT 76,25 0,842
RF 64,30 NA
(PAIVA; ESCOVEDO, 2021) ML
LR 73,00 NA
NA - not available. RF-random forest. DT-decision tree. LR-logistic
Teqression.
Except for MAUC, all numerical results are expressed as percentages.
Source: Own authorship.

5.3.2 Other considerations regarding clinical data analysis

The FMFS algorithm reduced the features from 18 to four features (4.5x reduction) in the
AIBL database and from 21 to three features (7x reduction) in the ADNI database. However, in
the OASIS database, the reduction was only 1.4x. This partly explains why the benchmarking
metrics (Table did not improve significantly.

While the AIBL-18 dataset had 785 instances and ADNI-21 had 1033 instances, OASIS-7
had only 217 instances. This can explain why the classification models struggled to generalize

predictions for the OASIS-7 dataset when distinguishing between either two or three classes.

The performance evaluation for two classes showed AD diagnosis accuracy of nearly 100%.
A particularly high B¢, of 99.88% and an AUC of 1,000 were achieved when the CN x AD
classes were evaluated in the ADNI-11 dataset, using the SVM classifier. Under the same
evaluation conditions, B¢, values of 96.76% and 88.04% were achieved for the AIBL-4 and
OASIS-5 datasets, respectively.

Tables [5.10]and [5.11]show that the SVM classifier achieved consistently better results than

other classifiers, with the exception of Gradient Boosting. This is partly because the AIBL-4
and ADNI-11 datasets were generated by the FMFS algorithm and fit to the SVM classifier.

Conversely, the decision tree classifier produced the best results for the OASIS-5 dataset.

The FMFS algorithm showed comparable results with 12 other traditional feature selection

methods, as shown in the results presented in Table Table and Table [5.15]
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5.4 DISCUSSION OF THE IMAGE ANALYSIS RESULTS

The primary ADNI1: Screening 1.5T database consists of 307 patients diagnosed as CN
and 243 diagnosed with AD (Table . Clearly, this quantity of MRI images is insufficient for

image-based diagnosis based on DL and deep neural network training.

MRI data were available in NIFTT 3D format, with images in the axial, coronal and sagittal
planes. The medial temporal lobe is the region of interest for AD diagnosis. The mesial
temporal lobe is home to the hippocampus, which is mirrored across the midline of the body,
responsible for memory, and one of the structures that is most affected by AD. Images in the
sagittal plane cannot be used since they show only the left or right side of the hippocampus.

Thus, the coronal and axial planes were chosen for analysis.

All coronal and axial image datasets generated in this study were used to train the proposed
networks (CNN-1, CNN-2, CNN-3, CNN-4 and CNN-5). The CNN-1 network (Figure .24) has
ten convolutional layers, five max pooling layers, seven batch normalization layers, five dropout
layers, one flatten layer, and four dense layers. CNN-2 (Figure is a version of CNN-1 with
reduced layer dimensionality while CNN-3 (Figure is version of CNN-1 with greater layer
dimensionality. CNN-4 (Figure has more layers than CNN-1, which increases depth, while
CNN-5 (Figure has the same layers as CNN-4, but with reduced layer dimensionality. The
pre-trained network models VGG-16, VGG-19, ResNet-50 and Inception V3 were also used to

evaluate the image datasets.

5.4.1 Coronal plane

An image dataset with 226 CN patients and 173 AD patients was generated for the coronal
plane. Therefore, the proposed image selection strategy used 73.6% of the CN patients and
71.2% of the AD patients in the primary ADNI1: Screening 1.5T database. More complete
use of the database was impossible because of missing data or handling errors in the MRI files.
This meant that an already small dataset was made even smaller, necessitating the use of data

augmentation strategies.

Since image selection was based on detecting the hippocampus within a given slice, the first
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data augmentation strategy was to identify a central image and then select adjacent slices, given
that the hippocampus spans a few centimeters. This strategy was used both in the coronal and

axial planes.

This process produced two datasets: C1, consisting of only central slices from 226 CN images
and 173 AD images, and C2, which added nine anterior and nine posterior slices, resulting in

4,294 CN images and 3,287 AD images.

Additionally, two different partitions, S1 and S2, were generated for image processing by

combining the C1 and C2 datasets (Table [5.23)).

Evaluating the S1 coronal partition (Table [5.23) with different DL models (Table
showed that CNN-5 produced the highest B, (94.79%). Greater network depth and reduced
dimensionality may have contributed to this outcome. The same evaluation was also carried out
with pre-trained networks (VGG-19, VGG-16, ResNet-50 and Inception V3), yielding results
that were lower than that of CNN-5. The number of images in both S1 and S2 was insufficient

to train networks as deep as the pre-trained networks.

The S2 coronal partition was evaluated with the CNN-1, CNN-2, CNN-3, CNN-4 and CNN-
5 models. CNN-4 showed the highest B, result (97.83%), which was the best performance for
image-based AD classification. Like CNN-5, CNN-4 has greater depth, but with increased

dimensionality.

The data in the S2 coronal partition was also augmented via classical treatments that
consisted of 2x data magnification of the training partition using a random zoom range
[0.99,1.01], random brightness [0.8,1.2], and random horizontal inversion. These treatments
did not improve the results. Thus, for this dataset and under these evaluation conditions, data
augmentation via lateral slices was more efficient than using classical techniques based on zoom,

brightness, and horizontal inversion.

In (LIN et al)[2013) a new deep network called "Network In Network" (NIN) was proposed
for classification tasks. This new structure consists of using a global average pooling (GAP)
layer as a replacement for the fully connected layers in conventional CNNs. According to
the authors, the GAP layer acts as a structural regularizer that prevents global overfitting of

the network. In addition, the visualization of the class activation maps (CAM) of the last
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convolutional layer of the CNN makes it possible to detect objects in the input image.

The use of the GAP layer for object localization was carried out in (ZHOU et al., 2015)),

which concluded that the network was able to localize the discriminative regions of the image.

CAM highlights specific regions in the image according to the class decided.

Using these concepts, we created a VGG-16-GAP network by adding the GAP layer to a
VGG-16 network, trained it using images from the S1 partition of the coronal dataset, and
began evaluating the regions highlighted by the CAM as a function of each class decided by
the network. Figure shows the heat map of two different patients diagnosed with CN and
AD.

Figure 5.14. CN ADNI 002 S 1261 patient heat map and AD ADNI 007 S 1248 patient heat map. Red
boxes highlight the region of interest.

CN class — patient ADNI 002_S 1261  AD class — patient ADNI 007_S 1248 pjore Attention

Less Attention

Source: Own authorship.

In these cases, shown in Figure it is clear that the network highlights the hippocampus
region in the patient diagnosed with AD, which is not the case for the patient diagnosed

with CN. Cortical atrophy is a non-specific alteration of AD, as it is present in several

neurodegenerative diseases (TEIPEL et al., 2008). It can be observed in several slices of the

AD group, but was not taken into account by the neural network. This demonstrates the neural

network’s ability to identify more specific patterns of dementia associated with AD.

The heat maps for each of the 19 images of ADNI patient 007 S 1248 were also evaluated,

as shown in Figure [5.15
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Figure 5.15. Heat map of the 19 images of patient ADNI 007 _S 1248 diagnosed with AD.

Posterior slices

- (-6 (-) (-4)

More Attention

Less Attention

® @ 6 ©® o ©®
Anterior slices

Source: Own authorship.

It can be seen that the heat map of the 19 slices chosen for ADNI patient 007 _S 1248 have
a certain similarity, although it is noticeable that there is greater prominence in the region of
the right hippocampus in the posterior slices, moving towards balance as one moves towards
the anterior slices. In this case, all slices were individually decided to be diagnosed with AD.
The choice of 19 slices per patient seems to have been correct, given that the network was able

to locate the hippocampus region in all the slices of ADNI patient 007 S 1248.

The results presented by Table|5.20]and Table show that the strategy of using multiple
instances and a majority classifier is a good alternative to a single instance decision. In addition

to achieving better metric values, majority decision showed greater robustness in choosing the

CNN model.

5.4.2 Axial plane

An image dataset was generated for the axial plane with data from 213 CN and 184 AD
patients. Thus, our proposed selection strategy used 69.4% of the CN patients and 75.7% of
the AD patients that had been diagnosed in the primary ADNI1: Screening 1.5T database.
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More complete use of the database was not possible because of numerous cases of missing data

or errors in handling the MRI files.

The resulting axial plane dataset consisted of 1,656 AD images and 1,917 CN images
(Table [5.23]). These were set up in a single partition. Unlike the coronal plane, where the

dataset was expanded with 19 slices, data augmentation was achieved with only 9 additional
slices per patient in the axial plane.

B.. was lower than 61% when the axial dataset was evaluated with the CNN-1, CNN-2,
CNN-2, CNN-3, CNN-4 and CNN-5 networks. Thus, in the current study, images in the coronal
plane yielded much better results than those of the axial plane.

The axial image dataset in this study consisted of only 1656 AD images and 1917 CN
images, while the S2 partition of the coronal image dataset had 2600 AD images and 3466 CN
images. The smaller dimensionality of the axial image dataset may have contributed to its
inferior performance. Moreover, slice selection in the axial plane may have provided inferior

options for identifying areas of interest.

5.4.3 Comparison with other studies
The best results from this study were compared with those from other studies (Table |5.28]).

Table 5.28. Comparison with previous DL studies

Reference Dataset Beca Ay P Sy e F1
Present study ADNI  99.2% 99.3% 99.2%  99.6% 98.9%  99.3%
(HAN et al., 2020) ADNI NA  98,67% 99,66% 98,18% 99,27% 99,46%
(LI et all, 2022)) ADNI NA  93,16% 75,00% 83,18% 78,59% 77,38%

(RAZZAK et al., [2022) ADNI NA  87,92% NA NA NA NA
(HAZARIKA et alf 2022)  ADNI NA 97% 96% NA NA 97%
(WU et al., 2022) ADNI NA  9131% 938% 88,3% 94,2 91,0%
(SHARMA et all 2022) ADNI NA  97.33% NA 100% 97% NA
(ZHANG et al., 2023) AIBL NA 93,4% NA NA NA NA
(GAO et al., 2023al) ADNI NA 90,5% NA 84,6%  95,0% NA
(GAO et al., [2023Db)) ADNI NA 90,4% NA 90,3%  90,5% NA
NA - not available.

Source: Own authorship.
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The accuracy achieved by this study was better than that of the other studies from 2020 to
2023 presented in Table All the studies presented attempted to distinguish between CN
and AD, used MR images from the ADNI and AIBL datasets, and employed DL techniques.It
should be noted that these compared studies may have selected datasets from the many options

available in the ADNI database that differed from this study, making direct comparison difficult.

5.5 SUGGESTED APPLICATION FOR NEW TECHNOLOGIES

As seen in Chapter, the Alzheimer’s Disease International report (Gauthier S. et al.,
2021) states that 75% of people with dementia are not being diagnosed for some reason. From
a technological point of view, it can be said that the techniques presented in this study can add
up to a useful technological toolkit to help diagnose AD, with the potential to help millions of

people who may be under suspicion of this disease.

In addition to academic studies, some of which have been reviewed in this paper, there
are also technological platforms that use state-of-the-art ML technology to build innovative
tools for automatic quantitative analysis of medical images, such as the "InnerEye'[[| project

by Microsoft Research(®), which is supported by the National Health System in England.

5.56.1 Brazilian Unified Health System - SUS

According to a definition on the Brazilian Ministry of Health’s website EI, the Unified Health
System (SUS) is one of the largest and most complex public health systems in the world,
covering everything from a simple blood pressure assessment through Primary Care to organ
transplants, guaranteeing full, universal and free access for the entire population of the country.
With its creation, the SUS provided universal access to the public health system, without
discrimination. Comprehensive health care, and not just healthcare, became the right of all
Brazilians, from pregnancy onwards and throughout their lives, with a focus on health and

quality of life, aimed at prevention and health promotion.

thttps:/ /www.microsoft.com /en-us/research /project /medical-image-analysis/
Zhttps://www.gov.br /saude/pt-br /assuntos/saude-de-a-a-z/s /sus



5.5 — SUGGESTED APPLICATION FOR NEW TECHNOLOGIES 112

5.5.2 Biomedical Engineering Innovation Award for SUS 2023

Figure 5.16. Biomedical Engineering Innovation Award for SUS 2023.

Prémioinovacao .0 Premio innovaciéon

PARA O SUS 2023 LATINOAMERICA 2023

Source: Adapted from
https://www.bostonscientific.com/pt-BR /inovacao/premio-de-inovacao-para-o-sus.html.

This competition aims to recognize and reward technical-scientific work in the area of
Biomedical Engineering, with a theme related to solutions for the public health system,

proposing practical solutions to the problems faced by the Unified Health System - SUS.
According to the call for proposalsEL the proposals will be evaluated by members of:
1. Brazilian Society of Biomedical Engineering - SBEB;
2. Ministry of Health - MS;
3. National Health Surveillance Agency - ANVISA;
4. Pan American Health Organization - PAHO,;

5. International Federation of Medical and Biological Engineering - IFMBE.

5.5.3 Winning proposal

This work was submitted to the Award and was recognized as a winner, having been

evaluated under the following aspects:

1. INNOVATION - Potential innovation of the project for the SUS;

2. APPLICABILITY TO SUS - The extent to which the project can be applied and impact

the SUS, considering its policies, basic pillars and the demands of the population;

3https://sbeb.org.br /wp-content /uploads/2023/06/EDITAL SBEB_PREMIO 2023 V2-1.pdf
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3. QUALITY OF LIFE AND POPULATION EXPANSION - Impact of the project on the

quality of life of the SUS user population and the increase in the population served;

4. TIME TO BENEFIT - Degree of maturity of the project. Time needed for the benefits
to the SUS to be achieved;

5. COST/BENEFIT - Quantity and complexity of resources required (technological,
financial, human, time) to achieve/execute the project in view of its the benefits for

SUS and society;

6. IMPACTS: SOCIAL, TECHNOLOGICAL, SCIENTIFIC - From the perspective of
Brazilian society, the potential of the project in terms of generating new scientific
advances, future job creation, exports and the strengthening of the Brazilian Industrial

Complex, reducing the dependence of the SUS on the foreign market (imports).
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This chapter presented the results of the clinical analyses and those obtained from evaluating
magnetic resonance images. It also presented a discussion about the results and a comparison
with results achieved by other researchers. The next chapter will provide conclusions and

present the contributions of the present study.



CHAPTER 6

CONCLUSIONS

The application of computational intelligence to clinical data proved to be an efficient aid to
Alzheimer’s disease diagnosis. We used clinical data from three renowned studies, carried out
several exploratory experiments and proposed new technology-based procedures that provided
the best fit between data and diagnosis. Our results reached a predictive accuracy of 99.81% for
AD, using data from the Alzheimer’s Disease Neuroimaging Initiative study, the most frequently

used database.

We developed a promising new algorithm for processing clinical data that simplified the
feature selection process and produced superior accuracy results in deciding the diagnosis of

Alzheimer’s compared to other studies.

The proposed feature selection algorithm also helped reduce database dimensionality and
training time for learning models and assisted in identifying the features that most influence

the diagnosis of Alzheimer’s disease, whose precise diagnosis continues to challenge science.

Computational intelligence techniques were also applied to image data obtained from
magnetic resonance imaging. Strategies were proposed for building datasets with images in
the coronal and axial planes. Disease prediction accuracy of 99.3% was reached by performing
image treatments on magnetic resonance data from the Alzheimer’s Disease Neuroimaging

Initiative study (ADNI1: Screening 1.5T).

Given the large volumes of data needed for learning models and the paucity of available MRI
images, a data augmentation strategy was developed and compared to a classical augmentation
approach. Under the specific conditions of the current study, this proposed data augmentation
strategy proved to be superior, and images in the coronal plane provided better results than

those in the axial plane.

Convolutional network architectures were also proposed by varying layer dimensionality and

depth. This was done to find computational tools that could help improve diagnostic indicators
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of Alzheimer’s disease.

Our results indicate that the approach taken in this study is promising and contributes to
improving Alzheimer’s diagnosis based on computational intelligence. Further research could
be carried out to automate the selection of the central slice in the coronal plane, instead of the

manual selection carried out in this study.
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RESUMO

O diagnéstico preciso da doenga de Alzheimer ainda é um campo aberto para a ciéncia,
tendo em vista se tratar de uma doenca multifatorial e com dificil identificacdo das causas. As
deméncias estao cada vez mais presentes na popula¢ao mundial, que experimenta um aumento
significativo na expectativa de vida, o que explica, em parte, o aumento do diagnostico de
Alzheimer, que é o tipo de deméncia mais frequente. A decadéncia neuroldgica faz parte
do processo natural do envelhecimento, mas a doenca de Alzheimer acelera o processo de
degeneracao neurologica, trazendo grandes transtornos ao paciente e seus familiares, onerando

os servigos publicos de satde e causando 6bitos precoces.

Nesse contexto, este trabalho investiga técnicas de inteligéncia artificial que busquem auxi-
liar no diagnostico da doenca de Alzheimer, utilizando dados de natureza clinica e imagens de
ressonancia magnética. Mediante licenciamento para utilizacao, foram buscadas informagoes
primdrias nos estudos cientificos Australian Imaging, Biomarker & Lifestyle Flagship Study of
Ageing (AIBL), Alzheimers Disease Neuroimaging Initiative (ADNI) e no Open Access Series of
Imaging Studies (OASIS). Para tratamento dos dados clinicos, foi proposto um novo método de
selecao de atributos, foram criadas bases de dados reduzidas e fez-se a avaliagdo por modelos de
classificacao de aprendizado de maquina, tendo atingido a acurdcia de 99,81% no diagndstico do
Alzheimer para os dados ADNI. Também foi investigado o uso de imagens obtidas em exames
de ressonancia magnética. Foram propostas diferentes estratégias de construgao de um banco
de imagens adequadas para a aplicacdo de técnicas de aprendizado profundo, tendo atingido
a acuracia de 99,3% no diagndstico do Alzheimer para os dados ADNI. Métricas de avaliacao
foram computadas sobre as estratégias propostas, e resultados de diagnéstico foram obtidos
para os casos de individuo normal e com Alzheimer estabelecido. Também foi avaliado o caso
de individuos com comprometimento cognitivo leve. Como parte da avaliacdo de desempenho,
os resultados alcancados foram comparados com os resultados obtidos em outros trabalhos de

pesquisa disponiveis na literatura.



Palavras-chave: Alzheimer; Aprendizado de maquina; Sele¢ao de atributos; Aprendizado pro-

fundo; Multiplas instancias.



ABSTRACT

Accurate diagnosis of Alzheimers disease remains difficult because of the complexity of the
disease and its similarity to other forms of dementia. The prevalence of dementia, and its most
common form Alzheimers, is increasing worldwide, partly due to increasing longevity. While
neurological deterioration is a normal part of aging, Alzheimers accelerates this process, strai-
ning public health services, leading to early mortality, and generating tremendous challenges

for patients and their families.

We used clinical data and magnetic resonance images to investigate artificial intelligence
techniques that could assist in Alzheimers disease diagnosis. Primary information was obtained
from the Australian Imaging, the Biomarker & Lifestyle Flagship Study of Ageing (AIBL), the
Alzheimers Disease Neuroimaging Initiative (ADNI), and the Open Access Series of Imaging
Studies (OASIS). To process these clinical data, we developed a new feature selection method,
created reduced databases, evaluated the data via machine learning classication models and
achieved 99.81% accuracy in diagnosing Alzheimer’s for ADNI data. MRI images were also
investigated. Different strategies were proposed for building an image dataset suitable for
deep learning techniques and achieved 99.3% accuracy in diagnosing Alzheimer’s for ADNI
data. Evaluation metrics were computed for the proposed strategies, and diagnostic results
were generated for normal and established Alzheimers cases. Individuals with mild cognitive
impairment were also evaluated. Finally, the results of the current study were compared to

those from other studies.

Keywords:  Alzheimers disease, Machine learning, Feature selection, Deep learning, Multiple

instances.
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CAPITULO 1

INTRODUCAO

Neste capitulo, é feita uma revisao histérica, contextualizacao e justificativa do problema
que foi estudado nesta tese. Também sao definidos os objetivos, a contribuicao cientifica e

apresentada a forma como este trabalho esta organizado.

1.1 A DOENCA DE ALZHEIMER

A doenga de Alzheimer (AD, do inglés Alzheimer’s disease) é compreendida como uma
deméncia cognitiva progressiva, passando por um estagio de prejuizo cognitivo leve e atingindo a
fase mais aguda, quando vai retirando do paciente a sua condicao de independéncia e capacidade
funcional (WELLER"J], POIR). A palavra deméncia vem do latim dementia, que significa falta

de razao.

A AD é o tipo de deméncia mais frequente no conjunto de todas as deméncias conhecidas,
chegando a alcangar 70% do total dos pacientes diagnosticados (SWAFFE, P016). A Figura [
mostra o conjunto de deméncias mais conhecidas e a sua predominancia em todo o espectro

das deméncias.

Figura 1.1. Types of dementia.

DEMENTIA

An umbrella term that de bes a collection

of brain d their 1ptoms 1 include:
1 judgment, pers ]

Alzheimer’s Vascular Lewy Body Other
Disease Dementia Dementia Dementias
Is the most Is the second Accounts for Include dementia
common type of most common approximately associated with
dementia, type of dementia, 2-20% of all Parkinson’s
accounting for accounts for dementias. Disease,
approximately approximately Huntington’s
40-70% of all 15-25% of all Frontotemporal Disease, head
dementias. dementias. Dementia trauma, HIV,
alcohol related
Account for dementia,
U Gl corticobasal
2-4% of all degeneration and

dementias. progressive

supranuclear palsy.

Source: Adapted from (SWAFFH, 20I6).



1.1 — A DOENGA DE ALZHEIMER 2

Porém, ha mais de 100 tipos diferentes de deméncia conhecidas que, pela prevaléncia da
AD, acabam sendo popularmente chamadas de Alzheimer. Quando um idoso apresenta desori-
entacdo, perda de memoria, lentidao nas respostas, as pessoas ja julgam que estd com AD. Dos

outros tipos de deméncia, podemos destacar:

1. Deméncia vascular: pode aparecer depois de um acidente vascular cerebral que com-
prometa o funcionamento de uma area importante do cérebro. Também pode aparecer
devido a pressao alta e diabetes nao tratados ao longo dos anos, podendo causar pequenas

isquemias que progressivamente afetam o cérebro.

2. Demeéncia de corpos de Lewy: o paciente tem tremores, rigidez muscular, lentidao dos
movimentos, também presentes no mal de Parkinson. O paciente flutua entre dias em

melhor condicao e dias piores. Também pode haver alucinagoes e perda de memoria.

3. Demeéncia frontotemporal: a doenca afeta os lobos frontais e temporais do cérebro, que
tém entre suas fungoes a regulagao do humor e do comportamento. O paciente muda do

estado de apatia para o estado de excitacao com facilidade.

4. Deméncia de Parkinson: proteinas téxicas comecam a ser depositadas em areas respon-
saveis pelo movimento. As deméncias de corpos de Lewy e da doenca de Parkinson sao

dificeis de diferenciar.

Na AD ha uma perda irrecuperavel e real de células nervosas - neurénios e massa encefalica.
E uma mudanca mais rdpida e precoce do que a que acontece no processo de envelhecimento
natural, onde ha uma perda discreta e é considerada normal. O proprio cérebro comeca a se
atacar e os cientistas ainda estudam para descobrir os motivos. O hipocampo é a principal
parte do cérebro afetada. FEle é responsavel por guardar novas informagoes, entdo no inicio
da doenga o paciente ainda tem memoria de anos atras, mas esquece do que fez ontem, por

exemplo.

Estudos sobre as alteragoes das estruturas hipocampais atestam que as alteracoes na plasti-

cidade neuronal, mielinizagdo e conectividade interneuronal sao uma doenga importante (BAZ

LESTRIERI_I, 2020). O escore de atrofia medial temporal (MTA) ¢é utilizado pela neuroi-

magem para avaliar essas estruturas. Na Figura [, pode-se visualizar cortes cerebrais de
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ressonancia magnética com MTA variando de 0 até 4. Em pacientes com 75 anos ou mais, um

escore MTA acima de 3 é considerado anormal.

Source: Adapted from (BATESTRIERI I, POZ0).

ESCALA MTA

O escore é calculado com base na analise visual da espessura da fissura cordidea, espessura
do corno temporal e altura da formacgao hipocampal no corte coronal da sequéncia T1 da

ressonancia magnética do cranio.

MTA 0: sem atrofia;

MTA 1: apenas alargamento da fissura cordidea;

MTA 2: alargamento da fissura cordidea e do corno temporal do ventriculo lateral;

MTA 3: perda moderada do volume hipocampal (reducao da sua altura);

MTA 4: perda severa do volume hipocampal.

1.1.1 Estagios da doenca

Os profissionais de satde geralmente discutem a deméncia em estagios, que se referem ao
quanto a deméncia de uma pessoa ou a AD progrediu. Definir o estagio ajuda os médicos a

determinar os melhores tratamentos e auxilia a comunicacao entre médicos e cuidadores.
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Existem diversas escalas para a classificagdo de deméncia. Essas escalas ajudam a enten-
der melhor os diferentes estdgios da AD com base em quao bem uma pessoa pensa (declinio

cognitivo) e fungoes (habilidades fisicas). Como exemplo de escalas pode-se citar:

1. Global Deterioration Scale / Reisberg Scale (GDS) - A GDS se divide em sete estagios
com base na quantidade de declinio cognitivo. Esse teste é mais relevante para pessoas

com AD porque alguns outros tipos de deméncia nem sempre incluem perda de memoria.

2. Functional Assessment Staging Test (FAST) - Assim como a escala GDS, a FAST é um
sistema de sete estdgios baseado mais no nivel da habilidade funcional e na capacidade

de realizar atividades da vida didria, do que no declinio cognitivo.

3. Clinical Dementia Rating (CDR) - A CDR usa um sistema de cinco pontos baseado em
habilidades cognitivas (pensamento) e quao bem uma pessoa funciona. Alguém com sus-
peita de deméncia é avaliado em seis areas: memoria, orientagao, julgamento e resolugao
de problemas, assuntos da comunidade, lar e hobbies e cuidados pessoais. A partir de
entrevistas com o sujeito e outros, inclusive familiares, é atribuida uma das cinco etapas

).

possiveis (HUGHES C P, 19X

E—

N

Na Tabela I, estao descritas as caracteristicas de cada estagio da escala CDR e o tempo

médio esperado para a duragao de cada estégio.
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[

Stage
CDR-0

CDR-0.5

CDR-1

CDR-2

CDR-3

Tabela 1.1. Clinical Dementia Rating (CDR) Scale

Description

No Dementia

Very Mild Dementia Memory problems are slight,
but consistent.

- Some difficulty with time and problem-solving

- Daily life is slightly impaired

- Individuals can perform personal care activities
Mild Dementia Memory loss is moderate, especially
for recent events, and interferes with daily activities.
- Moderate difficulty with solving problems

- Cannot function independently in community affairs
- Difficulty with daily activities and hobbies, especially
complex ones

Moderate Dementia More profound memory loss,
only retaining highly learned material.

- Disorientation with respect to time and place

- Impaired judgment, with difficulty handling problems
- Little to no independent function at home

- Can only do simple chores

- Fewer interests

Severe Dementia Severe memory loss.

- Disorientation with respect to time or place

- No judgment or problem-solving abilities

- Cannot participate in community affairs outside
home

- Requires help with all tasks of daily living

- Requires help with most personal care

- Frequent incontinence

Source: Adapted from (CENTRATI, 2022).

Expected duration

of stage
N/A

Average duration is a
few years up to 7 years.

Average duration
is 2 years.

Average duration is
just under 2 years to
4 years.

Average duration is
1 year to 2.5 years.

Alguns estudos utilizam outros tipos de classificacdo do estdgio da AD, como é o caso do

Australian Imaging, Biomarker € Lifestyle Flagship Study of Ageing (AIBL)(ELLIS e all,

2009), que é resultante de um estudo australiano com centenas de pacientes diagnosticados

em trés estagios de progressao da doencga: voluntérios com cognicao normal (CN - cognitively

normal), com prejuizo cognitivo leve (MCI - mild cognitive impairment) e com doenga de

Alzheimer (AD - probable Alzheimers disease) estabelecida. Outro caso é o Alzheimers Disease

Neuroimaging Initiative (ADNI)(MARINESCIU ef all, PUIR), um estudo norte-americano, que

também classifica o estagio da progressao da doenca nas trés categorias: CN, MCI e AD. Dados

desses dois estudos serao utilizados neste trabalho. O estudo Open Access Series of Imaging

Studies (OASIS)(MARCUS et all, P2007) utiliza a escala CDR.
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1.1.2 Breve histérico da doenca

A AD somente passou a ser assim conhecida quando, em 1906, o médico alemao Alois
Alzheimer diagnosticou a deméncia em uma paciente de 55 anos, apés ter realizado biopsia em
seu cérebro e relacionado as sequelas cerebrais com os registros médicos e sintomas da paciente.
Alois Alzheimer anunciou esses resultados na 37* Conferéncia de Psiquiatria, realizada em
Tubingen, Alemanha (YANG H DI, 2016). A AD foi posteriormente batizada pelo professor
Emil Kraepelin, em seu livro de psiquiatria de 1910. Apesar de ser conhecida por AD a partir
do inicio do século XX, a doenca marca o histérico passado distante da civilizacao, carregada

de preconceitos e falta de compreensao, tornando-se um estigma social (YANG H 11 2016).

Somente na segunda metade dos anos 1970 a AD recebeu um codigo internacional de iden-
tificagdo de doengas (CID - International Classification of Disease) e passou assim a ser di-
agnosticada. Utilizando os dados do Rochester Epidemiology Project, foi possivel identificar a
evolucao no nimero de diagnoésticos de AD, em pacientes com idade > 65, no condado de Olms-
ted - Minnesota, Estados Unidos, de 1980 a 2014(KNOPMAN D _S], 2019). Na Figura [3,
o eixo horizontal representa o ano e o eixo vertical, o nimero de pessoas tUnicas atribuidas
nesse ano com um diagndstico de AD. Os dados revelam um evidente aumento no ntimero de
casos, provavelmente pela melhor compreensao da doenca por parte da classe médica, ou pelo
aumento dos casos resultantes do envelhecimento da populacao, pela melhoria nas ferramentas

de diagnéstico, por esses e outros fatores.

Figura 1.3. Evolution of AD diagnosis in Olmsted County, Minnesota - USA.
| | | | | | | |

400 = I .

Patints with Alzheimer disease

T
) N\ »
O O ) 32 33
NP »® »
Year of diagnosis

Source: Adapted from (KNOPMAN TSI, pOTY).
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Por estar associada principalmente com o processo de envelhecimento cognitivo, a AD deve
se tornar ainda mais presente com o progressivo envelhecimento da populagao mundial. O au-
mento significativo da expectativa de vida em todo o planeta tem tornado a AD um importante
problema de satde publica com crescentes custos de assisténcia médica. Nos Estados Unidos,

no ano de 2020, esse custo anual de tratamento foi estimado em U$ 50 bilhoes (SCHACHTER

MD; KENNETH L. DAVIS, 2000).

A Organizagao das Nagoes Unidas (ONU), no seu relatério World Population Prospects
de 2022, estima que a expectativa de vida ao nascer vai aumentar em todos os continentes
nos préximos 30 anos. Até 2050, a expectativa de vida ao nascer é projetada para atingir
77,2 anos em média em todo o mundo, com uma diferenca de 31,8 anos entre os paises com
menores e maiores indices. A medida que os pafses com menores indices completam a transicio
demografica e atingem niveis historicamente baixos de mortalidade, novas redugoes nas taxas de
mortalidade tornam-se mais dificeis de alcancar e o aumento da esperanca de vida se estabiliza,
provocando uma tendéncia para a convergéncia entre paises e regides a longo prazo (ONII,
2022).

Na Figura [, baseada em dados da ONU(ONU, 2027), tem-se a Australia e o Japao com
as maiores expectativas de vida. No outro extremo, nao mostrado na figura, e abaixo da média

mundial, a Africa subsariana possui os menores indices.

Figura 1.4. Life expectancy at birth: country estimates, 1950-2021, and projections, 2022-2050
I I I I I I [ [ [ [
i _ World

90 -

—— Argentina
Australia
Brazil
—— Canada
—_— China
| |—— Germany

e Italy
Projection Japan

—- | — Mexico
——— United States

Age (years)

30 |-
| | | | | | | | | |
1950 1960 1970 1980 1990 2000 2010 2020 2030 2040 2050

Year

Source: Adapted from (ONII, 2022).
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1.1.3 O diagnéstico da doenca

O diagnostico de AD é atualmente feito utilizando um variado ferramental que envolve

diversas especialidades como neurologistas, neuropsicologos, geriatras e psiquiatras geriatricos

(REPORT, POZ1), e tem como base diferentes grupos de exames, dentre os quais pode-se desta-
car: histérico médico, avaliacao de mudanga comportamental, testes cognitivos, exames fisicos e

neurologicos, exames de sangue, exames de imagem e determinagao de niveis de beta-amiloide.

Na avaliagao em um paciente com comprometimento cognitivo e com uma possivel sindrome
demencial, a anamnese clinica e o exame neurolégico sao de extrema importancia, e os exames
complementares. Com o avanco dos biomarcadores, novas técnicas de diagnostico evoluiram,

proporcionando maior acuracia na avaliacao, contudo a indicacao destas ainda esta restrita a

Apods uma anamnese satisfatoria, o préximo passo constitui o exame neurolégico geral e cog-
nitivo aprofundados. A Academia Americana de Neurologia recomenda testagem de vitamina
B12, hormonios tireoidianos, creatinina e hemograma. Alguma imagem estrutural como tomo-
grafia de crdnio ou ressonancia de cranio é igualmente recomendada (PARMERA; NITRINI,

2015).

Ainda assim, diagnosticar a AD nao é tarefa facil para os médicos especialistas, abrindo
espacgo para uso de outras estratégias que possam contribuir com o diagnostico. Por ser uma
doenca multifatorial e com dificil identificacao das causas, podendo também ser confundida

com outros tipos de deméncia, o diagnostico preciso ainda é um campo aberto para a ciéncia.

Dado que a AD evolui progressivamente do estagio da menor para o de maior comprome-
timento cognitivo, também é desejavel diagnosticar pacientes que estao no estagio de prejuizo
cognitivo leve, o que permitirda adoc¢ao inicial de tratamento médico com a intencao de atrasar

a evolugao da deméncia ou de reduzir os impactos financeiros do tratamento.

As pesquisas em torno do tema AD crescem a cada ano. Uma pesquisa feita no portal
PubMed 7, usando a palavra "Alzheimer’s', no periodo entre 1980 e setembro de 2022, revelou
mais de 200 mil artigos de pesquisa cadastrados sobre o assunto. A Figura [C3d mostra distribui-

cao dos artigos cientificos em cada ano e fica evidenciado o interesse crescente da comunidade

thttps:/ /pubmed.nchi.nlm.nih.gov/
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cientifica pelo tema da AD.

Figura 1.5. PubMed portal search results with the word "Alzheimer’s"from 1980 to September 2022.

1980 1985 1990 1995 2000 2005 2010 2015 2020

Source: Own authorship.

1.1.4 Alzheimer no Brasil

Segundo o Instituto Brasileiro de Geografia e Estatistica (IBGE), no seu site?, o Brasil
terda a populagao de 232.933.276 habitantes em 2050. Desses 232 milhoes de habitantes, cerca
de 34,88% serao de idosos com 65 anos ou mais, totalizando aproximadamente 81 milhoes de

habilitantes.

A Sociedade Brasileira de Geriatria e Gerontologia (SBGG), no seu site?, estima que 6,8%

da populacao acima de 60 anos tem chance de desenvolver algum tipo de deméncia, sendo de

40% a 60% do tipo Alzheimer.

Assim, pode-se estimar que cerca de 2,2 a 3,3 milhoes de brasileiros poderao desenvolver a

AD em torno do ano de 2050.

1.1.5 Alzheimer e a Covid-19

Um recente estudo(ITAHIRA ef all, Z0Z1) de pesquisadores do Instituto Butantd chegou

a conclusao que a AD é um fator de risco para quem contrai Covid-19, independentemente

Zhttps://www.ibge.gov.br/apps/populacao/projecao/
3https://sbgg.org.br/
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da idade. Segundo a pesquisa, a AD nao aumentou o risco de internagoes ao ser comparada
com outras comorbidades. Mas quando um paciente era hospitalizado e ja tinha a doenca, o
risco de desenvolver um quadro mais grave por conta do SARS-CoV-2 foi trés vezes maior na
comparagao com quem nao tinha a deméncia, e ainda seis vezes maior se o paciente tivesse

mais de 80 anos.

1.2 JUSTIFICATIVA PARA INVESTIGACAO DO TEMA

Segundo o relatério de 2019 da Alzheimer’s Disease International (Alzheimers Disease Infer

em 2030 e de 139 milhoes em 2050.

Segundo o relatério de 2021 da Alzheimer’s Disease International (Ganfhier'S”ef all, PUZT),
75% das pessoas com deméncia nao estao sendo diagnosticadas. Também nesse relatorio, faz-se
a estimativa de que 46% das pessoas que vivem com deméncia e cuidadores identificaram o

medo do diagnostico e o estigma como barreiras ao diagnéstico.

O relatorio de 2019 da Alzheimer’s Disease International (Alzheimers Disease Infernafional,
P019) ainda relata que o total de custos com a deméncia em 2015 foi de US$ 818 bilhoes de
délares, em 2018 de US$ 1 trilhdo de délares e estima para 2030 o valor de US$ 2 trilhoes de

délares.

Desse modo, justifica-se a presente tese por contribuir para tornar o mundo mais proximo do
diagnéstico da AD, propondo construir ferramentas computacionais que possam auxiliar os pro-
fissionais de satude a realizar o diagnéstico da AD, num esfor¢co complementar as competéncias

médicas.

1.3 OBJETIVOS

O objetivo geral desta tese consiste em investigar estratégias de aprendizado de maquina
que possam contribuir para o auxilio ao diagnéstico da AD, com base em dados clinicos e de
imagens de ressonancia magnética. Os dados primérios utilizados foram obtidos junto a estudos

cientificos realizados nos Estados Unidos e na Australia, mediante autorizacao de uso dos dados.
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Para alcancar o objetivo geral desta tese, os seguintes objetivos especificos foram propostos:

1.

10.

11.

Estabelecer licenciamentos para obtencao das bases de dados confiaveis de natureza clinica

e de ressonancia magnética;

Desenvolver um framework para leitura e tratamento dos bancos de dados e implementar

técnicas de aprendizado de maquina;

Realizar experimentos exploratorios sobre as bases de dados clinicos e de imagens de res-

sonancia magnética;

CENARIO 1: Dados clinicos

Investigar e propor uma técnica de extragdo de atributos (features) que se adéque ao

diagnoéstico baseado em dados clinicos;

Definir e realizar experimentos com o método de selecao de atributos, sobre dados clini-

cos, que apresente melhor resultado;

CENARIO 2: Imagens médicas

Avaliar as imagens no plano sagital, coronal e axial;
Propor algoritmo automaético de selegdo de imagem (slice) na ressonancia magnética;

Elaborar estratégias de montagem de bancos de imagem que melhor representem o pro-

blema do diagnéstico da AD;
Viabilizar e realizar experimentos de classificacdo com base em redes convolucionais;
Realizar a analise e gerar resultados dos métodos propostos;

Discutir os resultados obtidos.
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1.4 ORGANIZACAO DA TESE

A presente tese esta dividida em seis capitulos, a saber:

« Capitulo M: INTRODUCAO. Este capitulo contém a introducdo do trabalho, a revisao
da doenca de Alzheimer, a contextualizacdo e a justificativa do problema de pesquisa.

Nele também estao apresentados os objetivos do estudo.

o Capitulo @: FUNDAMENTOS. Sao revisados os conceitos de inteligéncia artificial, apren-
dizado de méquina e aprendizado profundo. Também é apresentado o problema do diag-

nostico da doencga de Alzheimer, com revisao da literatura e estado da arte.

« Capitulo B: DADOS CLINICOS. Séo apresentadas algumas das bases tecnoldgicas para
o tratamento de dados clinicos de auxilio ao diagnodstico de Alzheimer. As bases de dados
sao descritas e o pré-processamento para montagem dos datasets finais é apresentado.
Também é feita uma contextualizacao do problema da selecao de atributos e apresentado o
algoritmo proposto nesta tese. Sao apresentadas as métricas de avaliacao do desempenho
dos modelos treinados e a metodologia de validacdo cruzada aplicada. Por fim, sdo

apresentados os modelos de aprendizado de maquina utilizados.

o Capitulo @: IMAGEM. Sao apresentadas algumas das bases tecnolégicas para o trata-
mento de imagens de ressondncia magnética de auxilio ao diagnéstico de Alzheimer. O
plano axial é avaliado e proposto um algoritmo automatico de selecao de imagem. Tam-
bém é avaliado o plano coronal. E feita uma proposta de aumento de dados com base no
uso de imagens de cortes vizinhos. Os bancos de imagem sao gerados e preparados para

o processamento de algoritmos de aprendizado de méaquina.

o Capitulo B: RESULTADOS. A aplicagao no novo algoritmo de selecao de atributos gerou
bases de dados clinicas reduzidas e elas sdo apresentadas neste capitulo. Foram gerados
bancos de dados de imagem com estratégica de aumento de dados, para viabilizar a
avaliacao por redes convolucionais. Também é feita a avaliagao dos modelos e os resultados

sao explicitados. Os resultados sdo comparados com outros resultados do estado da arte.

« Capitulo B: CONCLUSAO. E feita uma avaliacio geral das contribuicdes deste trabalho

e também a sugestao de trabalhos futuros.



CAPITULO 2

FUNDAMENTOS TEORICOS

Neste capitulo, sdo apresentados os fundamentos tedricos, com a revisao das pesquisas e das
discussoes de outros autores sobre o auxilio ao diagnéstico da AD por técnicas computacionais,

com énfase nas técnicas de inteligéncia artificial e apresentacao do estado da arte.

2.1 INTELIGENCIA ARTIFICIAL NO DIAGNOSTICO DE DOENCAS NEURODEGE-
NERATIVAS

A inteligéncia artificial (AI) é um préspero campo com muitas aplicagoes praticas e pon-
tos de investigacao. A busca é constante por sistemas em software inteligente que permitam
automatizar o trabalho de rotina, compreender a fala ou as imagens, fazer diagnodsticos em
medicina e apoiar a investigacao cientifica basica. Logo no inicio do uso das técnicas de Al a
area abordou e resolveu rapidamente problemas que sao intelectualmente dificeis para os seres
humanos, mas relativamente simples para computadores - problemas que podem ser descritos
por uma lista de regras formais e matematicas. O verdadeiro desafio para a Al provou ser a
resolucao das tarefas que sao faceis de executar, mas dificeis de descrever formalmente - pro-
blemas que resolvemos intuitivamente, quase que automaticamente, como o reconhecimento de

palavras faladas ou rostos em imagens (GOODFELLOW ef all, 2O16).

Os sistemas de Al necessitam da capacidade de adquirir os seus proprios conhecimentos,
através da extragao de padroes a partir de dados brutos. Essa capacidade é conhecida como
aprendizagem por maquina (ML). O advento do ML permitiu aos computadores enfrentar pro-

blemas que envolvem o conhecimento do mundo real e tomar decisoes que parecem subjetivas.

Para problemas mais complexos, contudo, ¢é dificil saber que caracteristicas devem ser ex-
traidas. Uma solugdo para esse problema ¢ utilizar ML para descobrir nao s6 o mapeamento

desde a representacao até a saida, mas também a prépria representacao. Essa abordagem é
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conhecida como aprendizagem da representagio (do inglés Representation Learning - RepL). A
RepL resulta muitas vezes num desempenho muito melhor do que aquele que pode ser obtido
com representacoes extraidas manualmente. A RepL também permite que os sistemas de Al
se adaptem rapidamente a novas tarefas, com o minimo de interven¢ao humana. Um algoritmo
de RepL pode descobrir um conjunto de caracteristicas para uma tarefa simples em minutos,
ou para uma tarefa complexa em horas. A representagao manual de caracteristicas para uma

tarefa complexa requer muito tempo humano e esfor¢o, podendo demorar décadas para toda

uma comunidade de investigadores (GOODFELLOW et all, ZOTR).

Uma fonte importante de dificuldade em muitas aplica¢des de AI do mundo real é que muitos
dos fatores influenciam cada pedaco de dados que somos capazes de observar. Muitos desses
fatores de variacao podem ser identificados apenas utilizando uma compreensao sofisticada,
quase humana, dos dados. Nesses casos, a RepL nao parece ser muito util. A aprendizagem
profunda (DL) resolve esse problema, introduzindo representacoes que se expressam em termos

de outras representacoes mais simples.

De modo geral, essas técnicas de Al se relacionam conforme mostrado na Figura P, que

também apresenta um exemplo de algoritmo para cada caso.

Figura 2.1. A Venn diagram showing how deep learning is a kind of representation learning,which is in turn
a kind of machine learning that is used for many but not all approaches to Al.

Deep

Learning
(DL)

Example:
CNNs

Source: Own authorship.
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Desde algum tempo, busca-se desenvolver sistemas computadorizados de apoio ao diagnos-
tico clinico. Ha mais de 50 anos, ja se oferecia um sistema que, avaliando dados de um paciente,

sugeria agoes para restabelecer seu equilibrio hidroeletrolitico (BLEICH, T969).

Com a Al, os disturbios neurodegenerativos podem ser investigados em um nivel mais pro-
fundo, fornecendo uma visao geral abrangente da doenca e abrindo caminhos para a aplica¢ao
da medicina de precisao para essas patologias. Portanto, constitui um recurso poderoso para
auxiliar no diagndstico de doengas neurodegenerativas, uma vez que essas ferramentas revolu-
cionam o meio médico, dando mais seguranca e praticidade para o manejo dessas patologias

(BRITO ef_all, 2021).

2.2 AUXILIO COMPUTACIONAL NO DIAGNOSTICO DA DOENCA DE ALZHEIMER

As técnicas de ML e DL tém sido importantes aliadas no auxilio ao diagnéstico da AD

(NIYAS: P, p021a; NIYAS; P, 20215; NGUYEN M, 2020; ALBRIGHT, 2019, DI ef all,

“==

o019, MOORE_ef_all, P19,

- GHAZI ef_all, PI19; NGUYEN ef all, POIR; ZHANG ef all, POLT).

De modo geral, o uso de técnicas de inteligéncia artificial para melhoria da precisao do
diagnostico de doencgas do cérebro tem crescido significativamente nos tltimos anos (KHAN
ef_all, DOZT). E possivel identificar trabalhos cientificos recentemente publicados que utilizam
essas duas estratégias para realizar o diagndstico de AD e outras doengas do cérebro, como:
tumor cerebral, epilepsia e mal de Parkinson. Em (KHAN e all, 2071), esse levantamento foi
realizado utilizando as bases do IEEE Xplore, Sciencedirect e Google Scholar, entre os anos de
2018 e 2020, tendo sido encontrados 75 artigos relacionados a AD, sendo 40 fazendo uso de DL

e 35 utilizando outras técnicas de ML.

Na Figura Z2, é mostrado o nimero de artigos encontrados que utilizam ML ou DL para

AD, tumor cerebral, epilepsia e mal de Parkinson.
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Figura 2.2. Article distributions with respect to ML / DL.
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Também em (KHAN ef all, P0ZT) foi avaliado qual a base de dados utilizada por cada
pesquisa, na determinacao do diagndstico da AD. A Figura BZ3 mostra que 60% dos traba-
lhos foram feitos utilizando dados do estudo ADNI, que também é utilizado neste trabalho,

juntamente dos estudos AIBL e OASIS.

Figura 2.3. Databases used in studies on AD diagnosis.
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Especificamente utilizando as bases de dados da AIBL, ADNI, ou ambas, os estudos (NIYAS]

P, p0215),(NIYAS: P, 202TH), (IDDT e afl, 2019),(MOORE ef all, 2019), (ZHANG e£ all, 2UTT)
utilizaram técnicas de ML e os estudos (NGIYEN_MI, p070),(ALBRIGHT, 2019),(GHAZI ei
all, 2019),(NGUYEN_ef_all, POIR), (CICCIL, 2020),(HAN ef_all, 2020), (Eef all, 2022),(RAZ4

ZAK et all, 2072),(HAZARIKA ef all, P022),(ZHANG ef_all, PU23) (W et all, 2022),(GAO et

lall, 2023a),(GAO ef_all, PO23H),(SHARMA et _all, P2027), utilizaram técnicas de DL. Para efeito
de avaliagao com o estado da arte, os resultados obtidos nos trabalhos referenciados no tltimo
periodo foram comparados com os resultados obtidos neste trabalho e serdo explicitados no

Capitulo B - Resultados e discussao.

2.3 REVISAO DA LITERATURA

Como ficou evidenciado na Figura [C3, houve um acréscimo significativo de artigos cientificos
do ano de 1980 até setembro de 2022, mostrando o interesse crescente da comunidade cientifica
em relagdo ao tema da AD. Também em (KHAN ef all, P021) foram encontrados 75 artigos
relacionados ao diagnéstico de AD utilizando técnicas de inteligéncia computacional, sendo
deles 40 fazendo uso de DL e outros 35 utilizando outras técnicas de ML, entre os anos de 2018
e 2020. Alguns desses artigos estao revisados a seguir e também artigos publicados até o ano

de 2022.

Em (NILYAS: P, 2021d), os autores procuraram comparar o desempenho do estado da arte de
algoritimos de classificacdo utilizando Dynamic Ensemble Selection (DES) para o diagnéstico de
participantes em trés categorias: CN, MCI e AD. Um conjunto dos mais comuns classificadores
de ML ¢ utilizado como entrada do DES. Os resultados de classificagdo sao comparados com e
sem o uso de DES. Os autores concluem que o uso do DES melhora as métricas de avaliacao

da classificacdo. Nesse trabalho, foi utilizada a base de dados da ADNI.

Ja em (NIYAS:; P, PO2TH), os autores realizaram uma selecao de atributos baseada no
Fischer score sobre as bases de dados da ADNI e AIBL e analisaram as métricas da avaliacao
da classificacdo para as classes CN, MCI e AD utilizando os classificadores support vector
machine (SVM) e k-nearest neighbors (kNN). Os autores concluiram que o método de selegao

de atributos utilizado foi eficiente e melhorou os resultados da classificacao. Também foram
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avaliadas as métricas de classificagdo para as classes NC v/s AD, MCI v/s AD e MCI v/s
NC. Foi proposto fazer a avaliagdo dos resultados utilizando a acurécia balanceada (balanced

classification accuracy - BCA) em virtude do desbalanceamento das classes nos conjuntos de

dados.

Em (IDDI"ef"all, P0T9) foi proposta uma abordagem em duas fases para modelagem e
previsao de medidas de cognicao, funcionalidade, imagem do cérebro, fluidos biomarcadores
e diagnéstico de individuos usando multiplos dominios simultaneamente. Na primeira fase,
foram utilizados modelos de efeitos mistos multivariados para modelar simultaneamente varios
marcadores ao longo do tempo. Na segunda fase, foram utilizadas random forests (RF) para

prever diagnosticos de CN, MCI e AD de marcadores continuos baseados no modelo da primeira

fase. A base de dados utilizada foi a ADNI.

Uma previsao de AD baseada em séries temporais foi proposta em (MOORE ef all, P0T9).
Foi utilizada uma RF para aprender a relacao entre pares de pontos de dados em diferentes
separagoes temporais. O vector de entrada foi composto por um resumo do historico das séries
cronoldgicas e inclui tanto varidaveis demogréaficas como nao demograficas, tais como dados
genéticos. A base de dados utilizada foi a ADNI. Segundo os autores, os resultados mostram

que o método foi eficaz e comparavel com outros métodos.

Uma técnica de previsao da progressao da doenca de Alzheimer usando recurrent neural
networks (RNN) foi proposta em (NGLYEN_MI, 2020). Nesse estudo, com marcadores de AD
multimodais e diagnostico clinico de um individuo a partir de um ou mais pontos no tempo,
procurou-se prever o diagnoéstico clinico, a cognicao e o diagnéstico do volume ventricular do
individuo para cada més no futuro. Foi utilizada a base de dados do desafio The Alzheimer’s
Disease Prediction Of Longitudinal Evolution (TADPOLE) da ADNI. Os autores declaram que

assa abordagem ficou em segundo lugar no desafio TADPOLE a partir de 3 de junho de 2020.

Também a previsao da progressao da doenga de Alzheimer utilizando redes neurais e um
novo algoritmo de pré-processamento, chamado "All-Pairs", que envolveu a comparacao de
todos os pares possiveis de pontos de dados temporais para cada paciente, foi proposto em
(ALBRIGHT, 2019). Segundo os autores, a rede neural treinada pode ser utilizada para iden-

tificar pacientes em fases iniciais de AD que sao, portanto, bons candidatos a ensaios clinicos

para a terapéutica de AD. Foi utilizada a base de dados da ADNI.
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Em (GHAZI ef all, 2019), um algoritmo long short-term memory (LSTM) foi proposto e
aplicado para modelar a progressao da doenga de Alzheimer (AD) usando seis biomarcadores de
imagem, ou seja, volumes de ventriculos, hipocampo, cérebro inteiro, fusiforme, giro temporal
médio e coértex entorhinal, da base de dados de ressonancia magnética. Foi utilizada a base
de dados da ADNI. O trabalho concluiu que o tratamento integrado de valores em falta na
formagao de uma rede LSTM beneficia a aplicagao de RNNs em modelagem neurodegenerativa

da progressao da doenca em cortes longitudinais.

Também em (NGIULYENef all, PITR) foi feita a proposta de modelagem da progressao da
doenca de Alzheimer usando RNN. Fazendo uso da base de dados da ADNI, foram propos-
tas estratégias para treinar a RNN utilizando dados que envolvem a utilizacdo do RNN para

preencher os dados incompletos ou pontos em falta na linha do tempo.

Em (CIU-ILI 2020), também usando a base de dados ADNI, foi considerado o problema de
prever a progressao da doenca medida pelas pontuagoes cognitivas e selecionar biomarcadores
preditivos da progressao. A maioria dos trabalhos anteriores sobre a previsao da progressao da
AD ignora a questao dos dados em falta. Os dados em falta representam uma grande dificuldade
para a modelacao de dados longitudinais, uma vez que a maioria dos modelos estatisticos assume

dados completos.

Novos modelos de diagnostico utilizando imagens de ressonéncia magnética para identificar
os varios estagios da AD foram apresentados em (HAN e all, 2020). Para verificar a validade
dos modelos propostos, experimentos em imagens de ressonancia magnética coletadas no site

da ADNI foram testados e avaliados.

Em (LIZef—all, 2022) foi utilizada uma rede neural convolucional 3D, que fez uso de toda
a imagem de ressonancia magnética 3D como a entrada. O estudo utilizou dados da ADNI e

imagens de ressonancia magnética.

Uma proposta de estrutura integrativa baseada em aprendizagem profunda para alcancar
um melhor desempenho preditivo para o diagndstico da doenca de Alzheimer foi apresentado

m (RAZZAK et all, 2027). O estudo fez uso de dados da ADNI e imagens de ressonincia
magnética.

Ja (HAZARIKA ef_all, PU72) apresentaram um novo modelo baseado em redes convolucio-
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nais para distinguir pacientes com AD e MCI de individuos cognitivamente normais. O novo

modelo foi baseado na VGG-19 e na DenseNet. Os autores também utilizaram dados da ADNI.

Uma acurdcia de 93,4% para o diagndstico AD x CN usando dados AIBL foi atingido por

(ZHANG et_all, P073), que apresentou um modelo DL misturador perceptron multicamada

multitarefa tridimensional.

Um novo modelo CNN 3D Multi-scale baseado em atengéo foi proposto em (WU et all,

2027), tendo alcancado a acuracia de 91,3% sobre dados ADNI.

(GAO ef all, 2023a) apresentou uma rede hibrida de convolugdo de atengdo multi-escala e
uma rede transformadora de envelhecimento para diagnostico de DA, com dados de sMRI. O

estudo reporta acurdcia de 90,5% no diagndstico de AD x CN sobre dados ADNI.

Neste artigo (GAQO ef all, P023H), os autores propuseram uma rede adversaria generativa de
transferéncia de estado cerebral (BrainStatTrans-GAN) para um diagndstico da AD. O trabalho

reporta acuracia de 94,9% para diagndstico AD x CN em dados ADNI.

Uma nova abordagem de fusao de imagens estruturais e metabdlicas baseada na transfor-
mada de pacotes wavelet utilizando exames de MRI e PET é proposta em (SHARMA et all,

2022). O trabalho reporta acuracia de 97,33% para diagnéstico AD x CN para dados da ADNI.

No Capitulo B, o desempenho de alguns dos trabalhos aqui revisados foi comparado com os

resultados obtidos neste trabalho.

Este capitulo apresentou fundamentos tedricos e fez a revisao de pesquisas de outros au-
tores que também empregaram técnicas computacionais para auxiliar no diagnéstico da AD.
No préximo capitulo, serao apresentadas as propostas tecnoldgicas para o desenvolvimento de

técnicas computacionais para o auxilio do diagnéstico de AD baseado em dados clinicos.



CAPITULO 3

ANALISE BASEADA EM DADOS CLINICOS

Este capitulo faz o detalhamento dos dados clinicos utilizados e das propostas tecnolégicas

desenvolvidas.

Os dados clinicos de um paciente envolvem dados de anamnese, exames laboratoriais, peso,
idade, imagens, frequéncia cardiaca, valores de pressao, medicagoes, histérico clinico, diagnos-
ticos e outros, que vao se tornar mais ou menos importantes diante do diagnostico que se tenta

determinar.

Nesta tese, os dados clinicos para AD foram extraidos dos estudos detalhados a seguir.

3.1 DETALHAMENTO DAS BASES DE DADOS UTILIZADAS

Como apresentado na Figura P23, ha diversas bases de dados relacionados com a AD. Neste
trabalho, decidimos por utilizar as bases ADNI, OASIS e AIBL. As bases ADNI e OASIS estao
entre as mais utilizadas em artigos cientificos no periodo de 2018 a 2020, segundo (KHAN e

all, 2021). A base AIBL também tem sido recentemente referenciada (NIYAS: P, PO2TH).

3.1.1 Estudo OASIS

O Open Access Series of Imaging Studies (OASIS) é um projeto que visa tornar os conjuntos
de dados de neuroimagem do cérebro livremente disponiveis a comunidade cientifica. A base
de dados clinica pode ser acessada no site da OASIS?, fazendo referéncia & base de dados
OASIS-1 (MARCUS et all, 2007). Essa base é constituida por uma colegao transversal de 416
pacientes com idades compreendidas entre os 18 e 96 anos. Para cada paciente, estao incluidas

trés ou quatro ressonancias individuais ponderadas em T1, obtidas em sessoes de varrimento

thttps:/ /www.oasis-brains.org
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unico. Os sujeitos sdo todos destros e incluem tanto homens como mulheres. Os pacientes

estao diagnosticados segundo a escala CDR de avaliacao da AD (HUGHES CPI, [982) e estd

disponivel em formato comma-separated values (CSV).

Na Tabela BT, estao relacionados os atributos e a descricao do seu significado para a base

de dados OASIS-1, utilizada neste trabalho.

Tabela 3.1. OASIS: Features descriptions

Feature Description

Age Age at time of image acquisition (years)
Sex Sex (male or female)

Education Years of education

Assessed by the Hollingshead Index of Social Position and
Socioeconomic status classified into categories from 1 (highest status) to
5 (lowest status)
MMSE score Ranges from 0 (worst) to 30 (best)
0 = no dementia, 0.5 = very mild AD,
DI ezle 1 = mild AD, 2 = moderate AD
Computed scaling factor (unitless) that transforms
Atlas scaling factor native-space brain and skull to the atlas target
(i.e., the determinant of the transform matrix)

eTIV Estimated total intracranial volume (cm?)
Expressed as the percent of all voxels in the
nWBV atlas-masked image that are labeled as gray or white

matter by the automated tissue segmentation process
Source: Own authorship.

3.1.2 Estudo AIBL

O Australian Imaging, Biomarker € Lifestyle Flagship Study of Ageing (AIBL)(ELLIS et
all, P009) é um estudo para descobrir quais biomarcadores, caracteristicas cognitivas e fatores
de satde e estilo de vida determinam o desenvolvimento subsequente da AD sintomética. E
um estudo australiano, iniciado em 2006, com mais de 1000 pacientes diagnosticados em trés
estagios de progressao da doenga: voluntarios com cognigao normal (CN), com prejuizo cogni-
tivo leve (MCI) e com doenga de Alzheimer (AD) estabelecida. Informagoes complementares

podem ser consultadas no site? do estudo.

Na Tabela B2, estao relacionados os atributos e a descri¢ao do seu significado para a base

de dados AIBL, utilizada neste trabalho.

Zhttps://aibl.csiro.au/
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Tabela 3.2. AIBL: Features descriptions

Feature Description

HMTS3 Red Blood Cell Count
HMT7 White Blood Cell Count
HMT13 Platelets

HMT40 Hemoglobin

HMT100 Mean Cell Hemoglobin
HMT102 Mean Cell Hemoglobin Concentrate
AXT117 Thyroid Stimulate Hormone
BAT126 Vitamin 12

RCT6 Urea Nitrogen

RCT11 Serum Glucose

RCT20 Cholestrol

RCT392 Creatinine

LIMMTOTAL Total number of story units recalled-Logical Memory Immediate Recall
LDELTOTAL Total number of story units recalled-Partial Score of Logical Memory test
MMSCORE Mini Mental State Examination Score
CDGLOBAL  Clinical Dementia Rating Global
APGEN1 Apoe gene 1
APGEN?2 Apoe gene 2
DXCURREN  Diagnosis status
Source: Own authorship.

3.1.3 Estudo ADNI

O Alzheimers Disease Neuroimaging Initiative (ADNI)(MARINESCU ef all, 2018) é um
estudo norte-americano multicéntrico e longitudinal projetado para desenvolver biomarcadores
clinicos, de imagem, genéticos e bioquimicos para a deteccao precoce e rastreamento da AD.
Desde o seu lancamento, ha mais de uma década, a parceria publico-privada histérica trouxe
grandes contribui¢oes para a pesquisa de AD, permitindo o compartilhamento de dados entre
pesquisadores de todo o mundo. Informacdes complementares podem ser encontradas no site®

do estudo. Esse estudo também classifica o estagio da progressao da doenca em trés categorias:

CN, MCI ¢ AD.

Na Tabela B33, estdo relacionados os atributos e a descrigdo do seu significado para a base

de dados ADNI, utilizada neste trabalho.

Os dados dos estudos ADNI e AIBL podem ser baixados na plataforma Image and Data

3https://adni.loni.usc.edu/
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Archive (IDA)® que é gerenciada pelo Laboratory of Neuro Imaging (LONI) do Mark and Mary

Stevens Neuroimaging and Informatics Institute, associado a University of Southern California.

Tabela 3.3. ADNI: Features descriptions

Feature Description

Ventricles Ventricles Volume

Hippocampus Hippocampus Volume

CDRSB Clinical Dementia Rating Scale Box

MMSE Mini-Mental State Examination

WholeBrain WholeBrain Volume

Entorhinal Entorhinal Volume

Fusiform Fusiform Volume

MidTemp Med Temp Volume

ICV Intracranial Volume

ADASI11 Alzheimers Disease Assesement Cognition Scale 11
ADAS13 Alzheimers Disease Assesement Cognition Scale 13
Age Age at baseline

PTEDUCAT Education

RAVLT _learning Rey Auditory Verbal Learning Test

RAVLT immediate Rey Auditory Verbal Learning Test (5 sum)
RAVLT _Forgetting Rey Auditory Verbal Learning Test Forgetting

RAVLT Perc_Forgetting bl Rey Auditory Verbal Learning Test Percentile Forgetting
Average AV45 SUVR of frontal, AC, precuneus,

NS and parietal cortex relative to the cerebellum

APOE4 Apolipoprotein E4

FAQ Functional Activities Questionnaire

FDC Average FDG-PET of angular, temporal, and posterior
cingulate

DX Diagnosis Status

Source: Own authorship.

Um maior detalhamento sobre os atributos em cada uma das bases de dados montadas

pode ser verificado nos artigos de referéncia (ELLIS ef_all, 2009), (MARINESCIU ef_all, PZUIR) e

3.1.4 Pré-processamento

O pré-processamento é uma etapa essencial na preparacao de dados de ML. Envolve a
transformacao de dados brutos em um formato mais adequado e eficaz para a formacao de

modelos de ML. O pré-processamento ajuda a melhorar a qualidade e a eficiéncia do processo

4https://ida.loni.usc.edu/login.jsp
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de aprendizagem e pode ter um impacto significativo no desempenho e na precisdo do modelo

resultante.

Dos dados do estudo AIBL, originalmente distribuidos em 18 arquivos, foram escolhidos 18

MCI e CN, para cada avaliagio do paciente, contendo as seguintes informagoes: avaliagoes
de neuropsicologia, analises de sangue e dados genéticos. Chamamos essa base de dados de

AIBL-18, cuja composigao esta detalhada na Tabela B.

Tabela 3.4. AIBL-18: dataset composition
Quantity Features
CDGLOBAL AXT117 BAT126 HMT3 HMT7 HMT13 HMT40 HMT100
18 HMT102 RCT6 RCT11 RCT20 RCT392 MMSCORE LIMMTOTAL
LDELTOTAL APGEN1 APGEN2

Source: Own authorship.

Dos dados do estudo ADNI-TADPOLE, foram escolhidos 21 atributos, utilizados em (NIYAS:;

Chamamos essa base de dados de ADNI-21, cuja composicao estd detalhada na Tabela BZ3.

Tabela 3.5. ADNI-21: dataset composition

Quantity Features
Ventricles Hippocampus WholeBrain Entorhinal Fusiform MidTemp ICV
21 CDRSB MMSE RAVLT _learning RAVLT _immediate RAVLT _ forgetting

RAVLT perc forgetting bl ADAS11 ADAS13 FAQ FDG AV45 APOE4
AGE PTEDUCAT
Source: Own authorship.

Dos dados do estudo OASIS, foram escolhidos oito atributos, utilizados em (PAIVA: ES
COVEDO, 2021), distribuidos em quatro classes: CDR0O, CDR0.5, CDR1 e CDR2, para cada
avaliacao do paciente. Chamamos essa base de dados de OASIS-8, cuja composicao esta deta-

lhada na Tabela BHA.

Tabela 3.6. OASIS-8: dataset composition

Quantity Features
Age Sex Education Socioeconomic_status
8 MMSE _score Atlas scaling factor eTTV nWBV

Source: Own authorship.
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O conjunto de dados AIBL-18 foi inicialmente montado com 1639 instéancias. Porém, houve

a necessidade de pré-processamento, tendo em vista que:

« existe a auséncia de dados em algumas instancias, o que pode ter sido ocasionado por
esquecimento de anotar o resultado de algum exame ou mesmo nao ter havido a realizacao

daquele exame;

o em alguns casos, ha até seis instancias por paciente, resultante das avaliagoes feitas pelo
mesmo paciente em seis diferentes datas. Naturalmente, nesses casos o diagnéstico pode
até ter mudado de CN para MCI, MCI para AD ou até AD para MCI. Pacientes com

muitas avaliacoes tendem a produzir instancias com maior dependéncia estatistica.

Para tratar esses casos, foram realizadas, na sequéncia, as seguintes estratégias:

1. Optou-se por ndo imputar os dados, tendo em vista que a quantidade de instancias
é satisfatoria para realizar a tarefa de classificacdo, mas excluir por inteiro todas as

instancias que possuem pelo menos um dado ausente.

2. Selecionou-se apenas uma instancia por paciente, escolhendo-se o registro mais recente
daqueles disponiveis. Essa estratégia busca minimizar a dependéncia no conjunto de

dados.

Dessa forma, chegou-se a um conjunto de dados de 785 instancias, 18 atributos e trés classes,
para o AIBL-18, o que representa 95,03% do total de pacientes, resultando num significativo
aproveitamento dos dados originais, sem que tenha sido feita imputagao de dados nem a utili-

zagao de dados de mais de um atendimento de qualquer paciente.

A mesma estratégia de pré-processamento foi aplicada para os dados ADNI-21, resultando
em uma base de dados com 21 atributos, trés classes e 1033 instancias, o que representa 59,47%

do total de pacientes do estudo.

O estudo OASIS possui originalmente quatro classes, sendo CDR 0, CDR 0.5, CDR 1 e CDR
2. Porém, tendo em vista que o nimero de instancias para a classe CDR 2 é muito pequeno,
optou-se por juntar as instancias das classes CDR 1 e CDR 2 em uma tunica classe chamada
CDR 1-2. O resultado do pré-processamento entao resultou em uma base de dados com 216

instancias, trés classes e sete atributos.
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3.2 ANALISE DOS DADOS

A base de dados AIBL-18 pds-processada resultou em 785 instdncias, 18 atributos e trés

classes, distribuidas conforme a Tabela B74.

Tabela 3.7. AIBL-18: instance distribution by class
Class Number of instances

CN 247
MCI 125
AD 113

Source: Own authorship.

Da mesma forma, a base de dados ADNI-21 pods-processada resultou em 1033 instancias,

21 atributos e trés classes, distribuidas conforme a Tabela BS.

Tabela 3.8. ADNI-21: instance distribution by class
Class Number of instances

CN 205
MCI 367
AD 161

Source: Own authorship.

A base de dados OASIS-7 pos-processada resultou em 217 instancias, sete atributos e trés

classes, distribuidas conforme a Tabela B9.

Tabela 3.9. OASIS-7: instance distribution by class
Class Number of instances

CDR 0 133
CDR 0.5 27
CDR 1-2 26

Source: Own authorship.

E natural esperar que todas as bases de dados demonstrem um desequilibrio das instancias
entre as classes, tendo em vista que a presenca da doenga é menos frequente que o diagnostico

na populagdo como um todo.

Porém, os modelos de classificagdo sao afetados quando treinados com conjunto de dados
que possuem classes desbalanceadas. O classificador treinado pode garantir acerto substantivo

se ele simplesmente decidir sempre pela classe majoritaria, para qualquer instancia apresentada.
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Para prevenir o mal condicionamento devido ao desbalanceamento das classes, pode-se
ponderar a funcao de erro de classifica¢gdo, de modo a dar mais peso aos erros que ocorrem na

classe minoritaria (CUIef all, 20T9).

Outra alternativa é a de sobreamostrar as classes minoritarias, sintetizando novas instan-
cias a partir das instancias existentes. Essa técnica é conhecida na literatura como SMOTE
(Synthetic Minority Oversampling Technique)(CHAWILA ef all, 2007). Variagoes da técnica
SMOTE tém sido propostas e uma delas é a ADASYN (Adaptive Synthetic Sampling Method),
que gera instancias sintéticas na regiao do espago de caracteristicas onde a densidade de exem-
plos minoritarios é baixa (HE et all, POOR). Essas técnicas foram avaliadas nesta tese, mas nao

produziram resultados relevantes que justificassem ser incorporadas ao trabalho.

Fica o alerta de que a avaliagdo do modelo de classificacao deve considerar o fato de todas

as bases de dados serem desbalanceadas e as métricas de avaliagao devem considerar isso.

3.3 SELECAO DE ATRIBUTOS

A selecao de atributos é a abordagem pela qual vocé escolhe um subconjunto de atributos
especificos para o projeto de modelos. Esse processo traz muitas vantagens, sendo a mais

notavel o aprimoramento de desempenho de um algoritmo de aprendizado de maquina.

Uma segunda vantagem inclui a diminui¢ao da complexidade computacional. Se o niimero
de atributos em um modelo for reduzido, mais simples se torna o calculo dos parametros do
modelo. Outra vantagem inclui uma melhor compreensao dos resultados. Com a reducao dos
atributos, adquire-se mais consciéncia de como os atributos se relacionam uns com os outros e

contribuem para o resultado.

Nao existe uma solucao direta e simples para escolher quais atributos incluir em um modelo
de ML. No entanto, existem diversas técnicas que podem ser usadas de maneira eficaz para

selecionar os atributos (DHAL; AZAD, P022), que podem ser agrupadas como métodos de

filtro, invélucro e incorporados, como mostrado na Figura Bl
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Figura 3.1. Feature selection methods.
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Source: Adapted from (DHAL; AZAD, 2022).

3.3.1 Meétodos de filtro

Os métodos de filtro sdo métodos de selecao de atributos que sao executados antes mesmo
da execucao de um modelo, como um estagio de pré-processamento. Eles funcionam analisando
aspectos de relacionamento entre as variaveis. Varios indicadores sao usados para decidir quais
elementos serdo omitidos e quais permanecerdao, com base no modelo que estda sendo usado.
Os métodos de filtro geralmente retornam uma classificacao de atributos que informa como os

recursos sao organizados em comparacao entre si e excluem as variaveis consideradas obsoletas.

Uma abordagem de filtro tipica na regressao linear, por exemplo, é remover os atributos
fortemente correlacionados entre si. Usar um limite de variacao é outra abordagem de filtro.
Essa abordagem estabelece um certo limite para a variacdo necessaria entre os atributos para
incorpord-los em um modelo. A légica por tras disso é que as varidveis nao se ajustarao
significativamente se nao tiverem uma alta variancia e, portanto, nao terdo muito efeito sobre

a variavel dependente.

Alguns exemplos de métodos de filtro, utilizados nos resultados desse trabalho (Capitulo B),

sao Chi-square (IIN"ef all, PO0G), Mutual Information (HOQUE et all], 2014), Anova F-value

(DING ef-all, 20014), Fisher Score (HART et all, 2000) e MultiSURF (URBANOWICYZ et all,
DUTR).
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3.3.2 Meétodos de invélucro

Fazem varias combinagoes de atributos para treinar modelos e, em seguida, medir a efici-
éncia. Os métodos de invélucro avaliam o subconjunto ideal de atributos. Um determinado
subconjunto ¢ usado para treinar modelos e, em seguida, ¢ avaliado em um conjunto de teste.
Como os métodos de involucro consomem muito tempo, usd-los para grandes conjuntos de
atributos se torna dificil. Como seria de se esperar, os métodos de involucro podem acabar
sendo muito caros computacionalmente, mas ao decidir o subconjunto ideal, eles sao altamente

eficientes.

A eliminacao de atributos recursivos, que comeca com todos os atributos presentes em um
modelo e os elimina um a um, é um exemplo de método de involucro em regressao linear. A
selecao direta é o inverso desse processo, come¢ando com um tUnico atributo e prosseguindo

pela adicao dos demais na busca pela melhora da eficiéncia do modelo.

Alguns exemplos de métodos de invélucro, utilizados nos resultados desse trabalho (Capi-
tulo B), sdo Recursive Feature Elimination (SELIO-PARDO ef all, 2019), Permutation Impor-
tance (ALTMANN ef all, 2010), Shapley additive explanations (LUNDBERG; LEH, POT7) e

Boruta (KURSA; RUDNICKI, 200i0).

3.3.3 Métodos incorporados

Os métodos incorporados sao métodos de selecao de atributos usados no projeto do algoritmo
de aprendizado de maquina. A regularizacao, particularmente a regularizagdo Lasso, é a forma
mais popular de método incorporado, pois tem o potencial de reduzir automaticamente a cole¢ao

de atributos. A regressao de Lasso é muitas vezes referida como regularizagdo de norma L1.

Alguns exemplos de métodos incorporados, utilizados nos resultados desse trabalho (Capi-

tulo B), sio Embedded Random Forest e Embedded Light GBM (SAEYS ef all, POOR).
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3.3.4 Algoritmo proposto

Em (NIYAS: P, P02TH), os autores realizaram uma selecdo de atributos baseada no Fis-
cher score sobre as bases de dados da ADNI e AIBL, avaliaram as métricas da avaliacdo da
classificacdo para as classes CN, MCI e AD e os resultados foram promissores, segundo os

autores.

Considerando um conjunto de dados (x,y) com n instancias, d atributos e ¢ classes, re-
presentado por {(x;,4;)",}, onde x; € R? corresponde aos valores dos atributos da instancia
iey € {1,2,..c} corresponde ao rétulo recebido pela instancia i, o problema da selecao de
atributos é encontrar um subconjunto de tamanho m < d que contém a informacao maxima

representativa do conjunto de dados.

Uma das possibilidades de resolver esse problema é utilizar o escore de Fisher para selecionar
atributos do conjunto de dados, de tal forma que, no espago de dados delimitado pelos atributos
selecionados, as distancias entre os pontos de dados em classes diferentes sdao tao grandes quanto
possivel, enquanto as distancias entre pontos de dados da mesma classe sao as menores possiveis.

Desse modo, esse mecanismo de selecao de atributos pode ser classificado na categoria de método

de filtro.

Tomando i, e 07, como a média e o desvio padrao da k-ésima classe, do j-ésimo atributo,

pode-se calcular o escore de Fisher como:

c J )2
: 1 Tk (g — 1)
F(x)) = L=t : , 3.1
) o (3.)
onde (09)% = 35_, ni(a])?, sendo que 1/ e 07 correspondem & média e ao desvio padrao de todo
o conjunto de dados referente ao j-ésimo atributo, e n, corresponde ao tamanho da k-ésima

classe no espago reduzido de dados.

Apés o calculo do escore de Fisher para cada atributo, faz-se a selecado dos m atributos com
a maior pontuagao do escore de Fisher. Devido ao fato de que a pontuacao de cada atributo
¢é calculada independentemente, os atributos selecionados pelo critério do escore de Fisher sao

subd6timos.

A revisao do Fischer score como algoritmo de sele¢ao de atributo é para relembrar que duas
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grandezas estatisticas (média e varidncia, ou desvio padrao) sao consideradas para a construgao

do resultado.

3.3.4.1 O algoritmo FMFS

Esta tese propoe um novo método de avaliacao de atributos, que foi batizado de FMFS
(do inglés: first moment feature selection), baseado no célculo do primeiro momento estatistico

com relagdo a origem, dos valores dos atributos com relacao as suas classes.

O FMF'S surge da observagao do histograma das classes em cada atributo. Na Figura B3,
nota-se que as classes do atributo LIMMTOTAL estao melhor separadas que no atributo
AXT117 da base AIBL. A hipdtese entdo é que o atributo AXT117 possa ser excluido da
base de dados por contribuir menos na distingao entre as classes, relativamente ao atributo

LIMMTOTAL.

Figura 3.2. Class histograms for the LIMMTOTAL(a) and AXT117(b) features in the AIBL dataset.
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Source: Own authorship.

O FMEFS esta descrito pelos seguintes passos:

1. Escalonamento de todas os atributos pela média global da base;

2. (Cdlculo das médias das classes em cada recurso e acimulo da distancia euclidiana entre

as médias;
3. Varredura logaritmica de 100 limiares no intervalo entre as distancias maxima e minima;

4. Selecao dos atributos que superam o limiar, varridos em ordem decrescente;
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5. Avaliagao do modelo para a base selecionada em cada limiar;

6. Escolha da base que resultou na melhor acuracia.

Matematicamente, o FMFS pode ser construido a partir das equagdes a seguir, atendendo a
nomenclatura definida na Figura B33, onde x representa toda a base de dados com M instancias
e N atributos, z; ; corresponde a amostra da ¢-ésima instancia e j-ésimo atributo. O valor y; .,

corresponde a classe ¢;, associada a i-ésima instancia. As possiveis classes variam de ¢; até c,.

Figura 3.3. Nomenclature definition.

( N ferlzjﬁures ~ _
_ . |ler€ler...c
i €[0...M-1] _ [ 7
. : Yic | 1€ [0... M-1]
x = M instances{ |. . xi; . . [7€[0... N-1] Nl
z € RM*N ye R

Source: Own authorship.

Assim, pode-se calcular a média global do conjunto de dados - y4, pela Equacao B2

M-1N-—
[ty = EM > Z (3.2)
i=0 j=0
A média de cada atributo - p; pode-se ser calculada pela Equacao B=3.
| M-l
M =M ; Tij (3.3)

Com as médias fi4 e p; calculadas, faz-se o escalonamento de todas as amostras, resultado

em z;; = Ti;jflg/ i, de tal modo que todos os atributos passam a ter a mesma média y,.

Calcula-se a média de cada classe ¢, para cada um dos atributos j - p; ., , pela Equacao B4.

Mo,
1

Moo = 7

J:Ck i=0

-1
z;.j onde (y; = cx) (3.4)

onde M; ., corresponde ao nimero de amostras que o atributo j possui da classe c.
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Finalmente, a distancia entre todas as médias das classes de cada atributo j - dca;, pode

ser calculada pela Equacao B3.

= | > (Mo — 1.cy)?

0<k<p
0<q<p
k#p

(3.5)

A Figura B2 mostra um exemplo hipotético do histograma das classes ¢; e ¢ em dois

atributos 1 e 2, respectivamente em (a) e (b). No atributo 1, as médias das classes ¢; e ¢y estao

mais distantes do que as médias das mesmas classes no atributo 2. Nessa condicdo, o valor

de dca; certamente serda maior que o valor de dcas, que é o resultado esperado calculado pelo

método FMFS.

Figura 3.4. Features with different class means.
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Source: Own authorship.
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Os atributos que irao compor o conjunto de dados selecionados deverao ser os que possuem
os maiores valores de dca, tendo em vista que a valor de dca reflete o grau de separacao das
classes em cada atributo. Assim, foi proposta uma varredura top-down, partindo de max(dca)
até min(dca). O ntmero de limiares a serem avaliados e também o tipo de escala (linear ou
logaritmica) podem produzir resultados mais ou menos adequados. De modo geral, conside-
rando uma quantidade de w limiares, os valores podem ser calculados como na Equacao B,

para uma varredura linear e, como na Equacao BZ, para a varredura logaritmica.

lim, = max(dca) — x (max(dca) — min(dca)) /w (3.6)

lim, = max(dca) — x
w

(max(dca) — min(dca)) log <(x; 1) 1) (3.7)

A Figura B mostra um fluxograma do algoritmo FMFS, com destaque para os blocos

principais.

Figura 3.5. FMFS flowchart.
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Para cada lim, considerado, sao selecionados todos os atributos em que dca > lim,. A base
de dados selecionada é entao submetida aos classificadores para avaliacdo do desempenho e, ao
final, faz-se a escolha da base de dados que deu o melhor desempenho, com o menor conjunto

de atributos possivel.

3.3.4.2 Aplicacao do FMF'S as bases de dados

O algoritmo FMFS foi aplicado as bases de dados ADNI, AIBL e OASIS, considerando
uma varredura logaritmica com w = 100, experimentalmente determinado. Para cada uma
das bases de dados, foram plotados os dados do ranqueamento da importancia dos atributos e
também a medida de acuracia da avaliagao dos classificadores kNN e SVM para cada conjunto

de atributos selecionados pela varredura logaritmica.

Na Figura B, esta mostrada graficamente a avaliacao da métrica de cada atributo segundo
o algoritmo proposto para a base de dados AIBL. Nota-se com clareza a grande relevancia das
métricas dos atributos CDGLOBAL, LDELTOTAL, LIMMTOTAL e MMSCORE em detri-
mento dos demais atributos. Os atributos que apresentam as menores métricas tendem a ter
valores muito préximos, o que levou a uma varredura do maior para o menor valor da mé-
trica e seguindo uma escala logaritmica, para montagem da base de dados a ser avaliada. Na
Figura BZ4, pode-se acompanhar a evolucao do desempenho de cada conjunto de dados seleci-
onado pela varredura e avaliado pelos algoritmos kNN e SVM. As linhas verticais identificam

os limiares do desempenho 6timo para cada um dos algoritmos.
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Figura

3.6. AIBL feature ranking - dca values.
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Source: Own authorship.

Figura 3.7. AIBL performance measurement. a) The orange and blue curves represent the evolution of SVM
and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution of the
number of selected features. The orange and blue vertical lines represent the point of maximum accuracy for

SVM and kNN respectively.
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Da mesma forma, a Figura mostra graficamente a avaliagao da métrica de cada atributo

segundo o algoritmo proposto para a base de dados ADNI e a Figura B9 a evolucao do de-

sempenho de cada conjunto de dados selecionados e os pontos de selecao do desempenho 6timo

para cada algoritmo kNN e SVM.
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Figura 3.8. ADNI feature ranking - dca values.
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Figura 3.9. ADNI performance measurement. a) The orange and blue curves represent the evolution of SVM
and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution of the
number of selected features. The orange and blue vertical lines represent the point of maximum accuracy for
SVM and kNN respectively.
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Finalmente, a Figura B0 mostra graficamente a avaliagdo da métrica de cada atributo
segundo o algoritmo proposto para a base de dados OASIS e a Figura B0 a evolugao do

desempenho de cada conjunto de dados selecionados e os pontos de selecao do desempenho
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6timo para cada algoritmo kNN e SVM.

Figura 3.10. OASIS feature ranking - dca values.
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Figura 3.11. OASIS performance measurement. a) The orange and blue curves represent the evolution of
SVM and kNN accuracy, respectively, with indicated maximums. b) The green curve represents the evolution
of the number of selected features. The orange and blue vertical lines represent the point of maximum accuracy
for SVM and kNN respectively.
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3.4 METRICAS DE AVALIACAO DE DESEMPENHO

Como base no conceito da matriz de confusao (Figura B12), que dé os resultados numéricos
de erros e acertos do modelo avaliado sobre o conjunto de testes, pode-se definir os seguin-
tes possiveis resultados: TP - verdadeiros positivos, TN - verdadeiros negativos, FP - falsos

positivos e FN - falsos negativos.

Figura 3.12. Confusion matrix.
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Source: Own authorship.

Assim, é possivel definir as métricas que sdo utilizadas neste trabalho. As métricas estao

calculadas para cada classe e o valor final é a média macro desses valores.

3.4.0.1 Acuricia - A,

A métrica elementar de avaliagao de qualquer sistema de classificagdo é a acuracia, como
definido na Equagao (BR). A acuricia é calculada pela razao entre o nimero de resultados

corretos e a soma de todos os resultados obtidos.

TP+TN

Ay =
Y TP+ FP+FP+TN

(3.8)
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3.4.0.2 Precisao - P,,

A precisao é uma medida da exatidao do diagnostico, ou seja, a propor¢ao dos doentes
diagnosticados por um sistema, que foram realmente atingidos pela doenca. Matematicamente,
pode ser definido como na Equacgao (89). E calculada como a razao entre o ntimero de resultados

positivos corretos e o nimero total de resultados positivos.

TP

Prn:—
TP+ FP

3.4.0.3 Sensibilidade - S,

Enquanto A., lida com ambos os resultados positivos e negativos, o desempenho de um
modelo especifico em termos de detecgao de resultados positivos é avaliado usando S, (ou
recall). Sy, é também chamada por taxa de verdadeiro positivo, e é dado pela proporcao de
resultados positivos que sao corretamente considerados positivos em relagao a todos os possiveis

resultados positivos, calculado conforme a Equacao (B10).

TP

Sy = 7
Y TP+ FN

(3.10)

3.4.0.4 Especificidade - 5,

A S,, é também chamada por taxa de verdadeiro negativo, e ¢ dada pela proporcao de
resultados negativos que sao corretamente considerados negativos em relacao a todos os possi-
veis resultados negativos. A Equacao (BT) faz o calculo da Sy, e mede o desempenho de um

modelo especifico em termos de deteccao de resultados negativos.

TN

Spy = = 3.11
W TN+ FP ( )
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3.4.0.5 Acuracia balanceada - B,,

A B, é uma métrica utilizada para medir a acuracia de um conjunto de dados que possui
um numero desbalanceado de exemplos para cada classe. Numa situacao de base de dados
desbalanceada, o célculo da A, leva a uma avaliacao otimista do modelo. A B, pode ser
calculada como a média aritmética entre a taxa de verdadeiro positivo e a taxa de verdadeiro

negativo, conforme a Equacao (B12).

(3.12)

3.4.0.6 Pontuacao f1 - F'1

A F1 foi projetada para também funcionar adequadamente em base de dados desequilibra-
das. O objetivo da F1 ¢ combinar as métricas P, e S,, em uma tnica métrica, realizada a

média harmonica entre essas duas métricas, conforme mostrado na Equacao (B13).

F1= (3.13)

H
=+ | o
4

3 |
<

P’r‘n

3.4.0.7 Area sobre a curva ROC - AUC

A Receiver Operating Characteristic (ROC) é uma curva de probabilidade avaliada em vérias
configuragoes de limite, entre a taxa de verdadeiros positivos (TPR) e a taxa de falsos positivos
(FPR). A TPR é a S, enquanto a FPR é dada por 1 - S,,, formando o plano TPR x FPR,
conforme pode-se ver na Figura B3, num exemplo hipotético. A area sobre a curva ROC
(AUC) representa o grau ou medida de separabilidade entre as classes. Ela informa o quanto
o modelo é capaz de distinguir entre as classes. Quanto maior a AUC, melhor o modelo é para
prever a classe 0 como 0 e a classe 1 como 1. Por analogia, quanto maior a AUC, melhor o

modelo distingue entre pacientes com e sem a doenca.
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Figura 3.13. Receiver Operating Characteristics (ROC) curve.
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Source: Own authorship.

Em um modelo multiclasse, podemos plotar um niimero N de curvas ROC para cada uma
das N classes usando a metodologia de um contra todos (One vs ALL). Consequentemente, a
métrica passa a se chamar MAUC (multi-class AUC) e é a métrica utilizada neste trabalho,

tendo em vista que as bases de dados possuem trés classes de etapas da AD.

Diferentes métricas de desempenho implicam em diferentes conclusées para um modelo de
classificacdo. Enquanto um modelo pode dar excelentes resultados em termos de P,,, pode dar
resultados muito pobres em termos de S,,. Baseado nessa logica, resumimos os resultados em

forma de tabela, incluindo as métricas de desempenho indicadas.

3.5 VALIDACAO CRUZADA ANINHADA

Ha sempre a necessidade de verificar a consisténcia do modelo de ML. Nao se pode ajustar
o modelo aos dados de treinamento e esperar que funcione com precisao para os dados reais
que nunca foram vistos antes. E necessario alguma garantia de que o modelo tenha a maioria
dos padroes dos dados aprendidos corretamente e que apresente baixo viés e variancia. Assim,
¢ recomendado que os dados originais sejam divididos em trés partes: treino, validacao e testes,

conforme mostrado na Figura BT4.

A divisao dos dados nas trés partes naturalmente reduz a quantidade de dados que o modelo
pode ser treinado e corre-se o risco de perder padroes/tendéncias importantes no conjunto de

dados, o que, por sua vez, aumenta o erro induzido pelo viés.
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Esse problema ¢é resolvido pela técnica chamada k-Fold, onde k representa a quantidade de
vezes em que o processo é repetido sobre os dados de treino e validagao. Isso reduz signifi-
cativamente o viés, pois estd sendo usada a maioria dos dados para ajuste, e também reduz
expressivamente a variancia, pois a maioria dos dados também serd usada no conjunto de vali-
dacao. A troca dos conjuntos de treinamento e teste também aumenta a eficacia desse método.
Essa técnica é chamada de validagdo cruzada e busca reduzir situacoes em que o modelo possa

se tornar subajustando ou superajustando.

Figura 3.14. Train, validation and test data split.
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Source: Own authorship.

No entanto, um processo de selecao de modelo padrao geralmente inclui uma fase de otimi-
zagao de hiper-parametros, na qual, através do uso de uma técnica de validacao, como validagao
cruzada de k-Fold, um modelo 6timo sera selecionado com base nos resultados de um teste de

validacao. No entanto, esse processo é vulneravel a uma forma de viés de sele¢ao, o que o torna

pouco confidgvel em muitas aplicagoes (CAWLEY: TALBOT], 2010).

Assim, nesta tese optou-se por utilizar um método baseado no k-Fold, chamado de validacao
cruzada aninhada (nested cross-validation), que realiza dois ciclos de k-Fold de forma aninhada
ARVANDEH et all, 2020). A Figura B3 mostra como a validagdo cruzada aninhada é

aplicada, em seis passos, como descritos a seguir:

« Passo 1: os dados sdo divididos em treino e teste pelo ciclo externo (cinco ciclos externos
na ilustracdo). Para cada ciclo externo realizar o passo 2, iniciando no primeiro conjunto

Training folds, na figura;

« Passo 2: dividir os dados em treino e validagdo no ciclo interno (dois ciclos internos na

ilustracao), para ajuste de hiper-pardmetros, usando busca em grid;
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« Passo 3: utilizar o modelo de melhor desempenho para ser avaliado nos dados de teste

do ciclo externo (Test fold);

o Passo 4: salvar os parametros do melhor modelo desse ciclo externo. Repetir os passos

de 2 a 4 para os demais ciclos externos;

o Passo 5: escolher o melhor modelo do ciclo externo. Treinar sobre os dados completos

para criar o modelo final;

« Passo 6: validar o modelo final sobre dados independentes.

Figura 3.15. Nested cross validation.
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4
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I

| generalization performance
i

Training fold

Inner loop - tune hyperparameters

Source: Adapted from (PARVANDEH ef all, PU20).

Segundo (VARMA: SIMON, 2008), o uso adequado de validagdo cruzada para estimar o

erro real de um classificador, requer que todas as etapas do algoritmo, incluindo o ajuste dos
parametros do classificador, sejam repetidas em cada lago da validacao cruzada. Nesse caso,
a validacdo cruzada aninhada fornece uma estimativa quase imparcial do verdadeiro erro de

classificagao.
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3.6 MODELOS DE ML UTILIZADOS

A tarefa de classificaggo em ML possui o esquema geral mostrado na Figura BI@. Na
primeira etapa, faz-se o pré-processamento e a andlise dos dados na dire¢do de se construir
um conjunto de dados que seja representativo do objetivo que se almeja. A etapa seguinte é a
de selecao dos atributos que possam facilitar o processo de classificagao, removendo atributos
de menor importancia, reduzindo a dimensionalidade, simplificando o conjunto de dados na
direcao de melhor desempenho. Um dos objetivos desta tese foi apresentar um algoritmo de
selecao de atributos - FMFS. Por fim, realiza-se a etapa de classificacdo na busca do melhor
desempenho para o diagnodstico da doencga, no caso desta tese. Faz-se a ressalva de que o
esquema de classificador que aparece na Figura B8 mais parece com uma rede neural, mas ele

apenas representa todos os outros modelos de classificagao disponiveis em ML.

Figura 3.16. Generic machine learning process.
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FEATURE
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Source: Own authorship.

Para os testes iniciais, optou-se por trabalhar com os classificadores SVM e kNN, por motivos

de facilidade de comparagao com outros estudos (NIYAS; P, RO2TH) (NGILYEN et all, 2018), os

quais serao brevemente revisados nos topicos a seguir.

3.6.1 SVM : support vector machine

O algoritmo SVM (CORTES; VAPNIK|, 1995) é um dos mais populares algoritmos usados

por cientistas de dados, é poderoso e generaliza muito bem, em muitos casos.

Na Figura BT, estao mostrados os vetores de suporte, marcados com quadrados cinza,

definindo a margem para a maior separagdo entre as classes bindrias, neste exemplo, que é
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chamada de margem 6tima. O hiperplano 6timo, que separa as duas classes, divide a margem
6tima ao meio. O hiperplano ¢ descrito pela Equagdo (B1d), onde x = [z; zo]7 e w = [a 1],

para o caso binario.

wix+b=0 (3.14)
Portanto, dado um x;, o classificador SVM vai decidir por h(x;) = 1 ou h(x;) = —1, segundo
a Equacao (BI3).
h(x;) 1 wix+b>0 (3.15)
X;) = .
-1 wix+b<0

O problema de encontrar os valores de w e b é chamado de problema de otimizacao com res-
trigdes, que corresponde a achar o hiperplano 6timo e é realizado durante a fase de treinamento
do SVM.

Dado um conjunto de dados D = (x;,y;)|x;eR", y;e {—1,1}\",, onde x; corresponde as ins-
tancias com n atributos e y; corresponde aos m rétulos, pode-se calcular os valores de w e b,

que correspondem ao hiperplano 6timo, pelas Equagoes (B8) e (BI2).

W = Zaiyixia (3-16)
i=1

onde «; corresponde ao vetor que contém os multiplicadores de Lagrange para cada instancia.

|

S
b= Z(yi —w'x), (3.17)

onde S é o nimero de vetores de suporte.
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Figura 3.17. SVM algorithm - the support vectors, marked with grey squares, define the margin of largest
separation between the two classes.

Uma estratégia utilizada no calculo dos parametros 6timos para o SVM ¢ inserir variaveis de
folga as restrigoes do problema de otimizagao. Também é feito o acréscimo de um parametro de
regularizacao C' para determinar a importancia da folga, o que significa o quanto se deseja evitar
classificar incorretamente cada instancia de treino. O problema de otimizacao regularizado

passa a Ser:

maz i o — % i zm: aiajyiijiij, (3.18)
i=1

i=1 j=1

sujeito a

0<ao; <C,i= 1...m,62aiy¢:0.

=1

O parametro C': corresponde a um parametro de regularizacao incluido no processo de
otimizagdo do SVM, que flexibiliza o atendimento a todas as restri¢gdes para o calculo do
hiperplano 6timo. A presenca de outliers ou de dados nao linearmente separaveis pode tornar
o calculo do hiperplano 6timo quase impossivel. Assim, com valores de C' variando de zero até
infinito, controla-se a rigidez no atendimento das restrigoes. Pequenos valores de C resultarao
em uma margem mais ampla, ao custo de algumas classificagoes incorretas; valores grandes de
C fardio o classificador tolerar menos violacoes as restricoes. E necessario encontrar um valor

de C que nao faca com que a solucao seja impactada pelos dados ruidosos.
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A funcao kernel: é utilizada para auxiliar na transformacao dos dados que originalmente
nao sao linearmente separaveis. A funcao kernel transforma os dados para outra dimensao que
eventualmente possa facilitar encontrar um hiperplano que consiga separar os dados. Alguns

exemplos de fungao kernel sao: o kernel linear, definido por:

K(Xi,Xj) = X@TXja (319)

e o kernel polinomial, dado por:

K(x;,x;) = (x{xj +¢)?, (3.20)

onde ¢ é uma constante e d corresponde aos graus de liberdade da funcao.

O kernel Radial Basis Function (RBF), ou Gaussian kernel, é definido por:

K (xi%;) = exp(— |1 — x,]I%), (3.21)

onde um pequeno valor do parametro v faz com que o modelo se comporte como um SVM
linear e um grande valor fard com que o modelo seja fortemente impactado pelos exemplos dos

vetores de suporte.

O algoritmo SVM faz parte de uma categoria chamada métodos de kernel, juntamente com

os algoritmos radial base functions e linear discriminate analysis.

3.6.2 kNN : k-nearest neighbors

O algoritmo kNN (COVER: HART], T967), que prima pela simplicidade, é um classificador
de aprendizado supervisionado nao paramétrico, que usa a proximidade para fazer classifica¢oes
ou previsoes sobre o agrupamento de um ponto de dados individual. O kNN trabalha com a

suposicao de que pontos semelhantes podem ser encontrados proximos uns dos outros.

Na Figura BI8 é mostrado um exemplo com trés classes (tridngulo, circulo, cruz) e o ponto
a ser classificado é representado por uma interrogacao (7). O algoritmo avalia o ntimero k de

vizinhos mais préximos (k = 5, neste exemplo), contando o nimero de pontos pertencentes a
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cada classe e decide pela classe que possui a maioria dos pontos (tridngulo, no caso do exemplo).

Figura 3.18. kNN algorithm - example with three classes and k = 5.
k=5

L2

Y

I

Source: Adapted from (RASCHKA|, 20TR).

Para determinar quais pontos de dados estdao mais préoximos de um determinado ponto
de consulta, a distancia entre o ponto de consulta e os outros pontos de dados precisara ser
calculada. Varios tipos de medidas de distancia podem ser utilizadas para realizar o kNN, a
exemplo da distancia euclidiana, distancia de Manhattan, a distancia de Hamming e distancia

de Minkowski, definida a seguir:

d

dist(x,z) = (O |w; — z[")"/". (3.22)

i=1
Dado um ponto de teste x e definindo o conjunto S, dos k vizinhos mais proximos de z,
selecionados pelo calculo das distancias entre x e o conjunto de dados, o classificador kNN vai

decidir segundo:

h(z) = mode(y : (z,y) € S,), (3.23)

onde a fun¢ao mode(.) seleciona o rétulo de maior ocorréncia em S,

O algoritmo kNN faz parte de uma categoria chamada métodos instance-based, juntamente

com os algoritmos learning vector quantization e self-organizing map.
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3.6.3 Outros modelos de ML

No sentido de explorar novas possibilidades e ampliar os resultados obtidos, também fo-
ram utilizados os classificadores Random Forest (BREINIAN, 2001), Logistic Regression (ILA3
VATLEY, PO0R), Naive Bayes (RISH, p001), Decision Tree (FREUND; MASON, 1999), Ada

Boosting (SCHAPIRE, POTR), Linear Discriminant Analysis (BALAKRISHNAMA:; GANA]

PATHIRAIU, 1998), Gradiente Boosting (FRIEDMAN, POOT), Histogram Gradiente Boosting

(SHAFER et all, 1996) e Extreme Gradiente Boosting (CHEN; GUESTRIN, 2UI6G)

Este capitulo fez a apresentacdo das bases de dados clinicos primarias utilizadas, o trata-
mento das bases para a montagem de banco de dados adequados para a avaliacao do diagnostico
da AD, e as propostas tecnoldgicas desenvolvidas, com destaque para o algoritmo de selecao
de atributos proposto. No préximo capitulo, sao também feitas propostas tecnologicas para

utilizacao de imagens de ressonancia magnética no auxilio ao diagnéstico da AD.



CAPITULO 4

ANALISE BASEADA EM IMAGENS

Este capitulo faz o detalhamento dos dados de imagens utilizados e as propostas tecnolégicas

desenvolvidas.

Técnicas de imagem em cortes transversais, como tomografia computadorizada e ressonan-
cia magnética, fornecem um método ndo invasivo valioso para a deteccao da atrofia cortical
que é normalmente observada na AD. A espectroscopia por ressonancia magnética (MRI) e
as técnicas de imagem metabdlica, como a tomografia por emissao de pédsitrons (PET), sao
ainda mais especificas e fornecem evidéncias de alteragoes metabdlicas tinicas nas vias da me-
moria, fornecendo assim uma riqueza de novas informagoes para os investigadores (NORFRAY ;
PROVENZATLH, 2004). A ressonancia magnética possui a importante vantagem de nao emitir

radiacao ionizante.

4.1 DIAGNOSTICO DE AD BASEADO EM IMAGENS DE MRI

O principal papel da ressonancia magnética (e da tomografia computadorizada) no diagnds-
tico da doenca de Alzheimer é a avaliacdo da alteragdo de volume em locais caracteristicos que

podem render uma precisao diagnéstica de até 87% (NORFRAY; PROVENZALE, 2004).

A atrofia do lobo temporal mesial, particularmente do hipocampo, cértex entorrinal e cortex

perirrinal, pode ser utilizada para realizar o diagnéstico de AD (PATEL et all, 2020), de modo

nao invasivo.

Medigoes de volume cerebral, avaliadas com segmentacao, demonstram que pacientes com
doenca de Alzheimer tém taxas aceleradas de perda de volume cerebral, tipicamente em torno
de duas vezes o normal (1% vs 0,5% ao ano). Isso é ainda mais acentuado no hipocampo, com
individuos afetados apresentando trés vezes a perda de volume ao ano ( 4,5% vs 1,5% ao ano)

(MILLER-THONMAS
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A Figura B ilustra a posicao e a estrutura do hipocampo na cavidade cerebral (imagem sob
licenga CC BY-NC-ND ™). O hipocampo ¢ estrutura complexa do lobo temporal mesial e faz
parte do sistema limbico e do circuito da memoria, que mede cerca de 4,5 cm no seu didmetro

longitudinal, possui trés partes: cabeca, também denominada pé do hipocampo, corpo e cauda

(ROGACHESKT ef all, T99R).

Figura 4.1. lllustration of the hippocampus in the brain.

Source: Own authorship.

Em (LEDIG et all, POIR) sao estudados volumes da estrutura cerebral a partir de uma base
de dados de 5.074 MRI. Particularmente, ¢ apresentada uma amostra de trés casos de pacientes
em diferentes estdgios da AD, sendo um individuo de controle saudavel HC (healthy control)
- homem, 84,8 anos; individuo MCI - feminino, 71,8 anos; e um paciente com AD - homem,
77,5 anos. A Figura EZ2 mostra um corte coronal em cada um dos trés pacientes, cada um em

diferente estagio da AD.

thttps:/ /circulodeestudios-centrohistorico.blogspot.com /2015 /09 /sigue-comiendo-chatarra-y-se-te-va.html
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Figura 4.2. Three examples of MRI images (brain-extracted) of subjects from the ADNI (coronal slices).
HC MCI AD

Source: Adapted from (CEDIG e all, DUTR).

A percepcao de alteracoes e perdas de estruturas cerebrais fica evidenciada nas imagens de

MRI e sera explorada neste trabalho.

Em (GOUBRAN ef all, 2020) foi proposta a segmentagao hipocampal total a partir da MRI.
O algoritmo proposto, baseado em uma rede neural convolucional, foi chamado HippMapp3r.

A Figura B3 mostra o esquema geral do processamento realizado.

Figura 4.3. Proposed hippocampus extraction scheme.

Input T1 MRI HippMapp3r Hippocampal segmentation

Source: (GOUBRAN ef all, O20).

Um exemplo de resultado gerado pelo HippMapp3r estda mostrado na Figura E4.

Figura 4.4. Extracted hippocampus.

Source: Own authorship.
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A Figura 08 mostra o hipocampo destacado sobre a cabega do individuo em varios angulos
de visualizacdo. A cabeca do individuo e o hipocampo estdo em escalas diferentes, mas no

mesmo angulo.

Figura 4.5. Visualization of the hippocampus from various angles..

o

Source: Own authorship.
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Utilizando este mesmo exemplo, foi possivel realizar a medigdo das dimensdes méaximas do
hipocampo nos 3 planos (Figura B3), resultando em de 22 mm quando medido da esquerda
para a direita, 22 mm quando medido de cima para baixo e 39 mm quando medido de frente

para tras da cabeca do individuo.

Figura 4.6. Maximum dimensions of the hippocampus in the 3 planes. Right hippocampus rotated 300
degrees.

39 mm

22 mm

22 mm

Source: Own authorship.

Essas medidas revelam que o plano coronal possui a maior quantidade de slices da MRI que

conseguem cruzar alguma regiao do hipocampo.

4.2 IMAGENS DE RESSONANCIA MAGNETICA

A MRI é uma tecnologia de imagem nao invasiva que produz imagens anatomicas tridimen-
sionais detalhadas. E frequentemente usada para deteccdo de doencas, diagnéstico e monitora-
mento de tratamento. E baseada em tecnologia sofisticada que excita e detecta a mudanca na

direcao do eixo de rotagao dos protons encontrados na dgua que compoe os tecidos vivos.

Para obter uma imagem de ressonancia magnética, um paciente é colocado sob o efeito
de um grande campo magnético e deve permanecer imével durante o processo de geracao da
imagem. Na Figura BEZ4, é mostrado um ambiente com um equipamento de MRI numa visao
caracteristica (imagem sob licenga CC BY-ND)(MELBOURNE, P0I8). Como a ressonancia
magnética nao usa raios-x, e portanto nao emite radiagao ionizante, é a modalidade de imagem
de preferida quando imagens frequentes sao necessarias para diagnostico ou terapia, especial-

mente no cérebro.
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Figura 4.7. MRI equipment (creative commons license BY-ND

).

Source: (MELBOURNE, 20TR).

4.2.1 Formato digital das imagens de ressonancia magnética

Ao final do procedimento de realizacdo do exame de ressonancia magnética, tem-se um
arquivo digital com os dados coletados, que resultam numa imagem das estruturas internas sob
avaliagdo. O arquivo é composto por um cabecalho e os dados dos slices nas trés dimensoes X,

Y e Z.

A Figura I8 mostra a representacao dos slices de um dos planos, obtidos pela MRI da

cabeca de um paciente.

Figura 4.8. Orange lines representing axial MRI slices.

Source: Own authorship.

O formato do arquivo de imagem é muitas vezes um aspecto confuso para alguém que de-

seja processar imagens médicas. Os formatos predominantes em radiologia sdo: Digital Imaging
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and Communications in Medicine (DICOM), Neuroimaging Informatics Technology Initiative
(NIFTI), Philips MRI scanner formats (PAR/REC), Analyze 7.5 (ANALYZE), Nearly Raw
Raster Data (NRRD) e Montreal Neurological Institute (MINC). Segundo (LAROBINA; MU
RINQO, POT3), os principais formatos usados em imagens médicas sdao: ANALYZE, NIFTI,

MINC e o DICOM.

4.2.1.1 Formato NIFTI

O formato NIFTI é muito usado em informatica de imagem para neurociéncia e até mesmo
nas pesquisas em neurorradiologia e foi utilizado neste trabalho. No atendimento clinico, o
formato DICOM ¢ padrao, no entanto, algumas ferramentas de informatica de imagem podem

converter arquivos DICOM para o formato NIFTI automaticamente ([LI”ef all, PUTH).

A sigla NIFTI é um acronimo que vem da Neuroimaging Informatics Technology Initiative,
que foi um grupo de trabalho no NIH (National Institutes of Health nos EUA) no inicio dos
anos 2000. A Neuroimaging Informatics Technology Initiative queria criar um tipo de arquivo
que fosse semelhante, mas aprimorado a partir do formato de arquivo ANALYZE. Naquela
época, o formato de arquivo MINC e o ANALYZE eram os tipos de arquivos comuns usados

na pesquisa de neuroimagem.

De posse do arquivo NIFTI, é possivel visualizar e processar a MRI para o objetivo especifico.
A Figura B9 mostra a visdo do corte axial (barra vermelha), coronal (barra verde) e sagital
(barra amarela) de uma MRI no formato NIFTI, de um paciente masculino com 85 anos, com
diagnoéstico neurologico normal. Também é possivel visualizar um modelo 3D do cranio do
paciente (barra azul), construido a partir das imagens dos trés planos. A figura foi capturada
a partir do software 3D Slicer image computing platform®, software gratuito e de codigo aberto
para visualizagao, processamento, segmentacao, registro e andlise de imagens e malhas médicas,
biomédicas e outras 3D; e planejamento e navegacao de procedimentos guiados por imagem. O

software 3D Slicer esta referenciado em (FEDOROV ef all, 2O17).

2https:/ /www.slicer.org/



4.3 — DETALHAMENTO DA BASE DE DADOS UTILIZADA 59

Figura 4.9. Axial (red bar), coronal (green bar) and sagittal (yellow bar) slice views of an MRI in NIFTI
format.

Source: Own authorship.

4.3 DETALHAMENTO DA BASE DE DADOS UTILIZADA

No site Kaggle®, por exemplo, existem algumas bases de dados de MRI utilizados na de-
terminacao do diagndstico de ADP. Esta tese fez a opcao por trabalhar com dados obtidos
diretamente nos estudos referenciados sobre AD, como é o caso da Alzheimers Disease Neuroi-

maging Initiative (ADNI).

4.3.1 Estudo ADNI

O Alzheimers Disease Neuroimaging Initiative (ADNI)(MARINESCU ef all, P2018) é um

estudo norte-americano multicéntrico e longitudinal projetado para desenvolver biomarcadores

Shttps://www.kaggle.com/
4https://www.kaggle.com/datasets/tourist55 /alzheimers-dataset-4-class-of-images
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clinicos, de imagem, genéticos e bioquimicos para a deteccao precoce e rastreamento da AD.
Desde o seu lancamento, ha mais de uma década, a parceria publico-privada histérica trouxe
grandes contribui¢oes para a pesquisa de AD, permitindo o compartilhamento de dados entre
pesquisadores de todo o mundo. Informacdes complementares podem ser encontradas no site®
do estudo. Este estudo também classifica o estagio da progressao da doenca em trés categorias:

CN, MCI ¢ AD.

Os dados do estudo ADNI podem ser baixados na plataforma Image and Data Archive
(IDA)?, que é gerenciada pelo Laboratory of Neuro Imaging (LONI) do Mark and Mary Stevens

Neuroimaging and Informatics Institute associado a University of Southern California.

4.3.1.1 MRI no ADNI

A coleta de imagens se mostrou fundamental para que a ADNI pudesse atingir o objetivo
de desenvolver biomarcadores para rastrear a progressao da AD. A aquisi¢ao das imagens foi
realizada em varias fases, ADNI 1, ADNI GO, ADNI 2 e ADNI 3, com outras diversas variacoes

das condigoes tecnolédgicas e de aquisigao.

Neste trabalho, foram selecionados os dados de MRI da fase ADNI 1, particularmente do
momento da triagem dos pacientes. Essa base de dados esta padronizada pela ADNI e chama-se

ADNI1:Screening 1.5T, que tem como caracteristicas gerais:

» possui dados de 1075 pacientes, com idade entre 55 e 91 anos;

o coletados em uma tnica e primeira visita ao estudo;

e 619 pacientes do sexo masculino e 456 do sexo feminino;

Os dados da ADNI1:Screening 1.5T foram coletados no periodo de 03 de janeiro a 29 de
setembro de 2006. Nessa oportunidade, os 1075 pacientes foram diagnosticados nos estagios
CN, MCI e AD, de acordo com o estagio da AD, resultando no niimero de pacientes por classe

conforme mostrado na Tabela E1.

Shttps://adni.loni.usc.edu/
Shttps://ida.loni.usc.edu/login.jsp
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Tabela 4.1. ADNI1:Screening 1.5T - Number of patients per class
Class Quantity

CN 307 patients

MCI 525 patients

AD 243 patients
Source: Own authorship.

Segundo a ADNI, o protocolo de ressonancia magnética do ADNI1:Screening 1.5T objetivou
adquirir imagens estruturais consistentes em scanners de 1,5 Tesla usando sequéncias pondera-
das em T1 e T2. Na maioria dos ambientes clinicos, um scanner de ressonancia magnética de
1,5 T é mais do que adequado para gerar imagens claras e fornecer evidéncias para diagnostico
e prognoéstico. O scanner 3T também foi utilizado pela ADNI em fases de aquisi¢ao de dados,

como no ADNI 3, para atingir outros objetivos.

Através do controle das radiofrequéncias de pulso e das ondas de gradientes, é possivel
controlar o destaque da imagem obtida. As imagens ponderadas em T1 mostram a anatomia
de tecidos moles e gordura. Imagens ponderadas em T2 mostram com destaque os liquidos e

patologias.

As imagens no ADNI1:Screening 1.5T estao disponiveis no formato NIFTI e podem ser
baixadas na plataforma IDA. A Figura EZ9, antes ja referenciada, mostra a MRI do paciente
anonimizado 002 S 0295, que faz parte da base de dados ADNI1:Screening 1.5T, com destaque

para um particular slice no plano axial, coronal e sagital.

4.3.1.2 Escolha dos slices para analise

Dado que o acesso e os dados primarios foram definidos, o proximo desafio para esta tese
foi o de fazer as escolhas adequadas das imagens a serem analisadas. Nota-se que nem todos
os slices da MRI sao significativos para o estudo da AD. Os slices de interesse certamente sao
aqueles que mostram as estruturas que sofrem alteracio pela evolugao da AD, como é o caso do
hipocampo (DEKEYZER; BOSSCHE, 2017), que em individuos afetados apresenta uma perda

de volume trés vezes superior ao individuo normal ao ano (MILLER=THONAS ¢ef _all, PIIRH).
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Para exemplificagdo, a Figura B0 mostra um slice no plano axial de uma MRI 3T pon-

derada em T2, mostrando a identificacdo do hipocampo e de suas partes, apresentada em

(DEKEYZER; BOSSCHE, P0i17).

Figura 4.10. Anatomy of the hippocampal formation: 1 = hippocampal head, 2 = hippocampal body, 3 =
hippocampal tail, 4 = mesencephalon.

Source: Adapted from (DEKEYZER:; BOSSCHE, 2017).

Certamente os slices em qualquer dos trés planos axial, coronal ou sagital, vao revelar
aspectos do hipocampo, tendo em vista que a aquisicdo de dados foi feita em toda extensao
da cabeca do paciente, numa resolucao espacial bastante fina. Porém, nesta tese optou-se por
escolher slices no plano axial e coronal, para a geracao das imagens que vao compor a base
de dados de andlise. Naturalmente, os slices no plano sagital nao mostram a parte direita e

esquerda do hipocampo simultaneamente, e por isso ndo foram avaliados neste trabalho.

4.4 AVALIACAO NO PLANO AXIAL

A Figura BT mostra um slice no plano axial selecionado pelo software 38D Slicer.
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Figura 4.11. Axial slice showing the hippocampus.

S: 20.2981mm  [®1

Source: Own authorship.

Uma das possibilidades de continuidade deste trabalho seria contar com a contribuigao de
um médico neurorradiologista com a funcdo de inspecionar cada uma das MRI e escolher o
slice que melhor represente a regiao do hipocampo. Um trabalho a ser feito em todos os 1075

pacientes da base ADNI1:Screening 1.57T.

No entanto, sendo a premissa desta tese o desenvolvimento autonomo de ferramentas de
inteligéncia computacional para o auxilio ao diagnostico de AD, optou-se por desenvolver um
algoritmo de selecao de slices que faga uma varredura em todas as MRI e calcule o slice de

interesse.

4.4.1 Algoritmo de selecao de slices proposto

Dado uma imagem I de dimensoes W x H, correspondente a um especifico slice no plano
axial, o objetivo ¢é verificar se essa imagem possui semelhangas com uma imagem gabarito 7',
representativa da anatomia do hipocampo, de dimensoes w X h, sendo w < W e h < H, e

escolher o slice que resultar na melhor similaridade.

4.4.1.1 O algoritmo SMR

Esta tese propoe um algoritmo de selecao de slices por similaridade, que foi batizado de
SMR (do inglés: similarity matching rule), baseado na combinagao de trés fungoes de casa-

mento de gabaritos. As trés fungdes fazem o deslizamento do gabarito T' sobre a imagem I,
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conforme indicado na Figura BT2, para todo x < W —w+1ey < H — h+ 1, resultando em

uma imagem R(z,y), de resultados de similaridade, de dimensao [W —w + 1 x H — h + 1].

Figura 4.12. Image matching.

Iwxn

wah

y..

Source: Own authorship.

A primeira funcio é a Ryifr(2,y), dada pela Equagao B, que realiza o somatério normali-
zado da diferenca quadrética de cada ponto do gabarito com a imagem, a partir do ponto (x,y).
O valor minimo de Rg;rs(z,y) determina o ponto (z,y) de maior similaridade entre a imagem e

o gabarito.

y) Dy (Tt ") = Iz + 2%y + y*))?
\/Zz*,y* T(z*,y*)? wa* I(z + 2%y + y*)?

Rdiff(xa (4.1)

A segunda funcao é a Rgy(7,y), dada pela Equagao B2, que realiza o somatorio normalizado
do produto de cada ponto do gabarito com a imagem, a partir do ponto (x,y). O valor maximo

de Ryoi(x,y) determina o ponto (z,y) de maior similaridade entre a imagem e o gabarito.

5 (T )27y 44°)
Zx*,y* T(I*vy*)Q Zw*7y* ](,’]j + l‘*’y + y*)Q

Raot(7,y) = (4.2)
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A terceira fungao é a R.4.¢(,y), dada pela Equacao B3, que realiza o somatoério normalizado
do produto de cada ponto do gabarito, subtraido da média, com a imagem, subtraida da média,
a partir do ponto (z,y). O valor maximo de Rege(x,y) determina o ponto (z,y) de maior

similaridade entre a imagem e o gabarito.

S o (T ) (@ + 2"y + )
T y* T(‘T*7y*)2 Zx*,y* I(ZL‘ + %y + y*)2

Rcdot(l‘yy) = Z (43)

Importante notar que R4 (,y) realiza o produto dos valores dos pizels subtraidos da média,

dados pelas Equagoes B4 e B3.

(") =T(a"y) — 1/ (wh) Y T(x™y™) (4.4)
z**7y**
Fa+aty+y) =TI+ y+y) -1 (wh) Y Iz+ay+y™) (4.5)
x**7y**

Portanto, a fungdo Reqe(z,y) calcula a covaridncia normalizada entre a imagem [ e o gaba-

rito 7'

Por fim, o algoritmo SMR faz a combinagdo das trés fungoes para cada slice analisado,

conforme a Equacao B4, onde th é um limiar de 0.01.

mt = max(Rgor) max(Redor) (1 — min(Raiss) + th)) (4.6)

Na Figura B3, estd evidenciado um exemplo de utiliza¢ao do algoritmo SMR sobre a MRI
do paciente anonimizado 002_S 0295, que faz parte da base de dados ADNI1:Screening 1.5T.
A linha vermelha em (a) mostra a posi¢ao do slice selecionado com relagao a cabega do paciente.
A faixa de interesse da busca do slice esta destacada em amarelo sobre a curva mt mostrada
em (b). Naturalmente, a posigao do slice selecionado coincide com o pico da curva mt, dentro

da faixa de interesse. Finalmente, em (c) estd mostrada a imagem do slice selecionado.
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Figura 4.13. Example SMR result. The red line in (a) shows the position of the selected slice with respect
to the patients head. The range of interest on the mt curve (b) for the slice search is outlined in yellow. The
image of the selected slice is shown in (c).

(a) slice position (b) mt curve (c) selected axial slice

range of
interest

Source: Own authorship.

A partir do algoritmo SMR é possivel selecionar um ou mais slices da MRI com a intencao
de realizar aumento de dados, se necessario. Tendo em vista que a base ADNI1:Screening
1.5T possui 1075 MRI e as redes convolucionais necessitam de grandes volumes de dados para
treinamento, os slices laterais ao slice selecionado pelo SMR podem ser também utilizados para

o treinamento da rede convolucional.

4.4.1.2 Aplicagao do SMR na base de dados

A base ADNI1:Screening 1.5T possui 1075 MRI de pacientes diagnosticados nas trés classes,
CN, MCI e AD. As MRI estao formatadas em NIFTI, com slices nos planos axial, coronal e

sagital.

Assim, o algoritmo SMR foi utilizado para varrer todos os slices do plano axial das 1075
MRI, gerando os resultados mt, sendo selecionado o slice correspondente ao maior mt, dentro

da faixa de interesse.

O gabarito T utilizado estd mostrado na Figura B4, que possui 70 pixels de largura e 103

pixels de altura. A imagem [ tem dimensoes 166 x 256 pixels, correspondente a um especifico
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slice no plano axial.

Figura 4.14. Template.

Source: Own authorship.

4.4.2 Banco de imagens resultante

Ao final do processamento de toda a base de dados ADNI1:Screening 1.57T, foi possivel criar
diretorios CN, MCI e AD para separar as imagens de cada classe. A Figura EI3 mostra um

resumo de como ficaram as imagens selecionadas para serem processadas no proximo estagio.

Figura 4.15. CN, MCI and AD image examples.
MCI

CN.

002_5_0559jpeg  002_S_0685,jpeg

006_5_1130,jpeg 002_5_0938,jpeg

006_S_0484.jpeg 006_5_0653jpeg 007_S_0316jpeg

009.5_0862jpeg  010_S_0067,jpeg 011.5_1282jpeg  012_5_0634.jpeg 011.5.0053jpeg  011.5.0183jpeg

Source: Own authorship.

Todas as imagens foram salvas em formato JPEG com dimensoes 176 pixels por 176 pixels.
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4.5 AVALIACAO NO PLANO CORONAL

No plano coronal é possivel visualizar simultaneamente as duas partes, esquerda e direita,

que compoem as estrutura do hipocampo, conforme mostrado na Figura E18.

Figura 4.16. Red circles identify the left and right structures of the hippocampus in the coronal plane.

Source: Own authorship.

Nota-se na Figura B18 que cada parte esquerda e direita, circundadas na cor vermelho, sao
estruturas bastante semelhantes e espelhadas em relagao ao eixo central do plano coronal. Essa

caracteristica foi utilizada para a realizacao da selecao de slices.

4.5.1 Estratégia para construcao dos bancos de imagens

No plano coronal, decidiu-se ter uma experiéncia diferente da do plano axial e foi realizada
uma varredura manual sobre as MRIs de toda base de dados ADNI1:Screening 1.5T das classes
CN e AD. A Figura B2 mostra o fluxo de processamento realizado até se chegar as imagens

de interesse para a entrada nas redes convolucionais.
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Figura 4.17. Preprocessing scheme

ADNI-1 Screening Coronal slice
3D MRI selected

Slice selection

ﬁ

256 x 166

Positioning
CNN inputs and cut

176 x 176 155 x 166

Source: Own authorship.

A primeira parte do processamento consistiu em fazer a leitura da MRI 3D da base de
dados ADNII1:Screening 1.5T e fazer a varredura dos slices no plano coronal, na busca de
encontrar as estruturas que evidenciam a presenca de hipocampo. Nesse ponto, é feito um
redimensionamento da imagem para 256 pixels x 166 pixels, tendo em vista que nem todas as

MRIs foram geradas nas mesmas dimensoes.

O passo seguinte foi o enquadramento da regido de interesse e a eliminacao de partes da
imagem, sobretudo na parte inferior da cabeca, privilegiando a regidao da presenca do cérebro,
onde se localizam as estruturas do hipocampo. Assim, a imagem selecionada ficou com as

dimensoes 155 pixels x 166 pixels.

Finalmente, as imagens foram convertidas para tom de cinza em 8 bits, redimensionadas
para adequacao para o processamento pelas redes convolucionais em 176 pixels x 176 pixels e
salvas em disco. A conversao para 8 bits foi feita por arredondamento, sem perda substancial
de qualidade, tendo em vista que a imagem original tem baixa faixa dindmica. Assim, nao

foi avaliada a hipotese de usar técnicas de preservacao da qualidade da imagem, como Tone

Mapping (SATIH ef_all, PUT7).
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Uma opgao para resultar em aumento de dados foi gerada, tendo em vista a necessidade das
redes convolucionais treinarem com grande volume de dados. A Figura B8 mostra a estratégia
que foi utilizada. Escolhido o slice central por inspecao visual, fica a opcao de selecionar até
mais outros nove slices na posicao anterior e na posterior, totalizando 19 slices por paciente,
numa unica MRI, cobrindo uma area total de até 17,9398 mm, tendo em vista que os slices sao

espacados 0,9442mm um do outro.

Figura 4.18. Coronal bllCGS Wlth 0.9442 mm spacmg Central anterior, and posterior slices are hlghhghted

17.9398 mm

Ceutral slice

9 antenor shces '

9 posterior slices

INUNEUE

2 3 4 5 6 7 8

Source: Own authorship.

4.5.2 Avaliacdao por miiltiplas instancias

O uso de maltiplas instancias por paciente ¢ justificado pelo aumento necessario de dados
para a etapa de treinamento da rede e também para viabilizar a decisao do diagnodstico por
maioria. Conforme mostrado na Figura B4, o hipocampo possui a maior extensao na direcao
medida de frente para tras da cabeca do individuo, podendo chegar a 39 mm, no exemplo
medido. Portanto, para as MRIs do ADNI1: Screening 1.5T, cerca de até 40 slices coronais
podem ser selecionados para cobrir toda a extensao do hipocampo. Nesse trabalho, foi escolhido
um slice central, que manualmente foi escolhido na regidao central do hipocampo, e outros

nove slices na dire¢ao anterior e na posterior, totalizando 19 slices por paciente. A estratégia
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utilizada neste trabalho corresponde a utilizacao de cerca de 50% da extensao do hipocampo.
Os outros 50% foram deixados como tolerancia a estimativa inicial do slice central e as variacoes

anatomicas inerentes a diversidade de pacientes.

A Figura BT9 mostra um exemplo de um paciente hipotético onde foram utilizadas 19 ins-
tancias. Neste exemplo, 11 instancias foram avaliadas individualmente como AD e 08 insténcias

indicaram CN. A decisdo por maioria da o resultado final de AD para este paciente.

Figura 4.19. Multiple instance decision scheme.In this case, a patient was evaluated and 11 instances indicated
AD and 08 instances indicated CN. The majority decision is that the patient’s diagnosis is AD.
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Source: Own authorship.

Além disso, é importante ressaltar que a decisdao por maioria ajuda a tornar a escolha do
slice central mais robusta, considerando que os slices anteriores e posteriores expandem a regiao
espacial de andlise. Outro fator é a maior tolerancia a uma possivel falha na inferéncia da rede,

que pode variar o diagnéstico em slices individuais de um mesmo paciente.
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4.5.3 Bancos de imagens resultantes

Foi gerado um banco de imagens com slices centrais para pacientes com CN e com AD.

Uma amostra do banco de imagens esta apresentada na A Figura EZ21.

Figura 4.20. Coronal image dataset of central slices.
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Nem todas as MRIs avaliadas puderam ser aproveitadas por dados faltantes, por erro
na leitura do arquivo ou por inconsisténcia dos dados. Assim, da base de dados original
ADNI1:Screening 1.5T, que possui 307 pacientes em CN, 525 pacientes em MCI e 243 pacientes

em AD, foram geradas imagens de 226 pacientes em CN e 173 pacientes em AD. Naturalmente,
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uma qualidade insuficiente para treinamento de redes convolucionais, o que refor¢a a necessi-
dade de se fazer aumento de dados. Nesse sentido, foi pensada a op¢ao de aumentar os dados
com uso de slices anteriores e posteriores. A Figura EZZ1 apresenta uma amostra do banco de

imagens com o slice central, nove slices anteriores e nove slices posteriores.

Figura 4.21. Coronal dataset with a center slice, 9 anterior slices, and 9 posterior slices. The slice ending in
-10 is the central slice chosen.
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Com a estratégia aqui proposta para aumento do banco de imagens, pode-se chegar até 4.294

imagens de CN e 3.287 imagens de AD, o que ja viabiliza o treinamento de redes convolucionais.
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4.6 MODELOS DE DL UTILIZADOS

Os modelos de DL sao compostos por miltiplas camadas de processamento para aprender
representacoes de dados com multiplos niveis de abstragao. As redes DL do tipo convolutional
neural netwoks (CNN) trouxeram avangos no processamento de imagens, video, fala e dudio, ao
passo que as redes recorrentes brilharam em dados sequenciais como o texto e a fala (LECUN ef
all, 2015). A Figura 222 mostra um esquema geral do processamento dos modelos de DL. H&
de se observar que a extracao de atributos foi incorporada diretamente ao modelo e é realizada

nas primeiras camadas de processamento.

Figura 4.22. Generic deep learning process.

Disease
J Detected
4 Disease not
Detected
3
INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT

Source: Own authorship.

As arquiteturas CNN tipicas empilham algumas camadas convolucionais, depois uma ca-
mada de pooling, depois outras poucas camadas convolucionais, depois outra camada de pooling

e assim por diante. Ao longo dos anos, variantes dessa arquitetura fundamental foram desenvol-

vidas, levando a avangos surpreendentes no campo (YANMASHITA ef all, POTR). A Figura B-23

mostra alguns exemplos de CNNs que marcaram a evolugao da area.
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Figura 4.23. CNN Evolution - examples.
InceptionV3 (2015)

AlexNet (2012)

EfficientNet (2019)

ResNet (2015)

LeNet (1998)

VGG (2014)

Source: Own authorship.

4.6.1 Modelos classicos de CNNs

A LeNet (LECUN ef all, T998) foi originalmente desenvolvida para reconhecimento de di-
gitos manuscritos e ¢ formada por duas camadas convolucionais, seguidas por pooling, e duas

camadas totalmente conectadas.

A AlexNet (KRIZHEVSKY “ef all, 2UT72) foi a primeira vencedora do desafio "ImageNet”.
Possui oito camadas no total (cinco camadas convolucionais e outras trés camadas totalmente

conectadas). Introduziu a fungao de ativagao rectified linear unit (ReLLU).

A VGG (SIMONYAN:; ZISSERMAN, 2014) foi proposta pela equipe do Visual Geometry
Group (VGG), da Universidade de Oxford. A variante VGG-16 possui 13 camadas convolucio-

nais e trés totalmente conectadas. Também foi proposta a VGG-19, que é uma variante ainda

mais profunda, com 16 camadas convolucionais e trés totalmente conectadas.

A ResNet (HE et all, P0TH) incorporou a ideia de "blocos residuais”, que sao conectados uns
aos outros por meio de conexoes salto, e conseguiu ir ainda mais profundo, sem comprometer

o poder de generalizacao do modelo. A ResNet-50 é um exemplo dessa estratégia.

A Inception, em vez de empilhar camadas convolucionais, empilha médulos ou blocos, dentro

dos quais estao as camadas convolucionais. A Inception V2 e V3 (SZEGEDY ef all, PUTH) passa

a utilizar batch normalisation.

A EfficientNet (TAN; LH, P019) usa uma estratégia para dimensionar uniformemente a

largura, a profundidade e a resolucao da rede.
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Neste trabalho, optou-se por utilizar as redes VGG-16, VGG-19, ResNet-50 e InceptionV3
para avaliacao dos resultados a partir dos bancos de imagem montados, por serem redes fre-

quentemente utilizadas no problema da classificacao de imagens.

4.6.2 Modelos propostos de CNNs

Também foi feita a opcao por propor cinco modelos de CNNs construidas a partir das
camadas estruturais: convolutional, batch normalization, max polling, dropout, flatten, dense,

que foram chamados de CNN-1, CNN-2, CNN-3, CNN-4 ¢ CNN-5.

A Figura mostra uma visao geral das CNNs utilizadas neste trabalho. Os modelos sao

detalhados a seguir.

Figura 4.24. CNNs used.

Dimensionality Proposed CNNs: Pre-trained models:
[ ] CNN- VGG-16
- CNN-2 VGG-19
Resnet-50
[_] CNN-3 Inception V3
[ ] cNN-a
[ ] CNN-5
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Source: Own authorship.
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Figura 4.25. CNN 1 model - total parameters:

. input: | [(None, 176, 176, 3)]
input_2: InputLayer - -
output: | [(None, 176, 176, 3)]
input: one, 176, 176, 3
conv2d 10: Conv2D ! o )
output: | (None, 176, 176, 16)

l

conv2d 11: Conv2D

input:

(None, 176, 176, 16)

output:

: | (None, 176, 176, 16)

l

O modelo CNN-1 esta mostrado na Figura B—23.

4,534,866. Initial model.

input: | (None, 11, 11, 128)
conv2d 18: Conv2D -
output: | (None, 11, 11, 256)
input: | (None, 11, 11, 256)
conv2d 19: Conv2D -
output: | (None, 11, 11, 256)

)

l

input: | (None, 176, 176, 16) o o input: | (None, 11, 11, 256)
max_pooling2d 3: MaxPooling2D batch_normalization_10: BatchNormalization
- B output: | (None, 88, 83, 16) output: | (None, 11, 11, 256)
input: | (None, 88, 88, 16) . . input: | (None, 11, 11, 256)
convZd 12: ConvZD max_pooling2d 9: MaxPooling2D -
oufput: | (None, 88, 88, 32) output: | (None, 5, 5, 256)
input: one, 88, 88, 32 input: | (None, 5, 5, 256)
convZd 13: ConvZD L il ) dropout_6: Dropout
- output: | (None, 38, 88, 32) - output: | (None, 5, 5, 256)
o o input: | (None, 88, 88, 32) input: | (None, 5, 5, 236)
batch_normalization_7: BatchNormalization flatten_1: Flatten -
output: | (None, 88, 88, 32) output: (None, 6400)
. . . input: | (None, 88, 88, 32) input: | (None, 6400)
max_pooling2d 6: MaxPooling2D dense_4: Dense —
output: | (None, 44, 44, 32) output: | (None, 512)
input: | (None, 44, 44, 32) o o input: | (None, 512
conv2d 14: Conv2D - batch_normalization_11: BatchNormalization
oufput: | (None, 44, 44, 64) output: | (None, 512

|

I

input: | (None, 44, 44, 64) input: | (None, 512)
conv2d 15: Conv2D dropout_7: Dropout
- output: | (None, 44, 44, 64) oufput: | (None, 512)
o L input: | (None, 44, 44, 64) input: | (None, 512)
batch_normalization_§: BatchNormalization dense 5: Dense
output: | (None, 44, 44, 64) output: | (None, 128)
. . input: | (None, 44, 44, 64) . o input: | (None, 128)
max_pooling2d 7: MaxPooling2D - batch_normalization_12: BatchNormalization
output: | (None, 22, 22, 64) oufput: | (None, 128)

)

input: (None, 22, 22, 64) input: | (None, 128)
conv2d 16: Conv2D dropout_8: Dropout
- output: | (None, 22, 22, 128) output: | (None, 128)
mput: one, 22, 22,128 input: one, 128
convzd 17: ConvZD L Al ) dense_6: Dense ! o - )
output: | (Nome, 22, 22, 128) output: | (None, 64)
input: | (None, 22, 22, 128) input: | (None, 64)
batch_normalization_9: BatchNormalization batch_normalization_13: BatchNormalization
- - output: | (None, 22, 22, 128) - - output: | (None, 64)
input: | (None, 22, 22, 128) (None, 64)
max_pooling2d_§: MaxPooling2D dropout_9: Dropout
T - oufput: | (None, 11, 11, 128) output: | (None, 64)
input: one, 11, 11, 128 l Ny -
dropout_5: Dropout d o ) lense 7 Dens input: | (None, 64)
output: | (Nome, 11, 11, 128) dense_r: Dense output: | (None, 2)

Source: Own authorship.
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O modelo CNN-2 estd mostrado na Figura

Figura 4.26. CNN 2 model - total parameters: 717,034. Reduced dimensionality with respect to CNN-1.

input: | [(None, 176, 176, 3)]
input_1: InputLayer - -
output: | [(None, 176. 176, 3)]
l Y
input: | (None, 176, 176, 3) input: one, 11,11, 64
convZd: Conv2D convzd §: ConviD ! L )
output: | (None, 176, 176. 8) output: | (None, 11, 11, 128)
input: one, 176,176, § input: | (None, 11, 11, 128)
conv2d 10 Conv2D L il - ) convZd 9: Conv2D
- output: | (None, 176, 176, 8) - output: | (None, 11,11, 128)
. . input: | (None, 176, 176, 8) o o input: | (None, 11, 11, 128)
max_pooling2d: MaxPooling2D batch_normalization_3: BatchNormalization
- output: | (None, 88, 88, 8) output: | (None, 11, 11, 128)
input: | (None, 88, §8, 8) . . input: | (None, 11, 11, 128)
convld 2: Conv2D - max_poolingzd 4: MaxPoolingZD —
output: | (None, 88, 88, 16) output: (None, 5, 5, 128)
input: | (None, 88, 88, 16) input: | (None, 5, 5, 128)
conv2d 3 Conv2D - dropout_1: Dropout
output: | (None, 88, 88, 16) output: | (None, 5, 5, 128)
mput: | (None, 88, 88, 16) input: | (None, 5, 5, 128)
batch_normalization: BatchNormalization - flatten: Flatten
- output: | (None, 88, §8, 16) output: (None, 3200)
. . input: | (None, 88, 88, 16) input: | (None, 3200)
max_pooling2d_1: MaxPooling2D - dense: Dense
output: | (None, 44, 44, 16) output: | (None, 128)
input: | (None, 44, 44, 16) o o input: | (None, 128)
conv2d 4 Conv2D batch_nonmalization_4: BatchNormalization
output: | (None, 44, 44, 32) - - oufput: | (None, 128)
input: | (None, 44, 44, 32) input: one, 128
conv2d 5 Conv2D dropout_2: Dropout ! o )
- ontput: | (None, 44, 44, 32) output: | (None, 128)
o o input: | (None, 44, 44, 32) input: | (MNone, 128)
batch_normalization_1: BatchNormalization dense 1: Dense -
output: | (None, 44, 44, 32) - output: | (None, 64)
) ) input: | (None, 44, 44, 32 o input: | (None, 64)
max_pooling2d 2: MaxPooling2D batch_nonmalization_5: BatchNormalization
output: | (None, 22. 21, 32) - - output: | (None, 64)
input: | (None, 22, 22, 32) input: one, 64
conv2d 6: Conv2D - dropout_3: Dropout ! o )
output: | (None, 22, 22, 64) output: | (None, 64)
input: one, 22, 22, 64 input: one, 64
conv2d 7: Conv2D ! & D denge 2: Dense ! o )
- output: | (None, 22, 22, 64) - output: | (None, 32)
o o input: | (None, 22, 22, 64) input: | (None, 32)
batch_normalization_2: BatchNormalization - batch_normalization_6: BatchNormalization
output: | (None, 22, 22, 64) - - output: | (None, 32)
input: | (None, 22, 22, 64) input: | (None, 32)
max_pooling2d _3: MaxPooling2D - dropout_4: Dropout
T - output: | (None, 11. 11, 64) output: | (None, 32)
input: one, 11, 11, 64 i § 2
dropout: Dropout ! o - ) dense 3: Dense input: | (None, 32)
output: | (None, 11, 11, 64) - output: | (None, 2)
[

Source: Own authorship.
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O modelo CNN-3 estd mostrado na Figura B=Z4.

Figura 4.27. CNN 3 model - total parameters: 18,421,666. Increased dimensionality with respect to CNN-1.

input: | [(None, 176, 176, 3)]
input_1: InputLayer - -
output: | [(None, 176. 176, 3)]
input: one, 176, 176, 3
conv2d: Conv2D ! Ll )
output: | (None, 176, 176, 32)
input: one, 176, 176, 32
convzd_1: Conv2D 1 ® )
output: | (None, 176, 176, 32)

I

input:

(None, 176, 176, 32)

max_poolingZd: MaxPooling2D

output:

(None, 88, §8, 32)

)

input: | (None, 88, 88, 32)
conv2d_2: ConvZD

output: | (None, 88, 88, 64)

input: one, 88, 88, 64
conv2d_3: ConvZD ! & - )

output: | (None, 88, 88, 64)

)

input: | (None, 88, 88, 64)
batch_normalization: BatchNormalization -
output: | (None, 88, 88, 64)
) ) input: | (None, 88, 88, 64)
max_poolingZd 1: MaxPooling2D
output: | (None, 44, 44, 64)
input: one, 44, 44, 64
convzd 4: ConvZD ! o )
output: | (None, 44, 44, 128)
input: | (None, 44, 44, 128)
conv2d_5: ConvZD
output: | (None, 44, 44, 128)

)

input: | (None, 11, 11, 256)
conv2d_§: ConvZD

output: | (None, 11, 11, 512)

input: one, 11, 11, 512
conv2d 9: ConvZD ! Ll )

output: | (None, 11, 11, 512)

!

o o input: | (None, 44, 44, 128)
batch_normalization_1: BatchNormalization
output: | (None, 44, 44, 128)
input: | (None, 44, 44, 128)

max_pooling2d 2: MaxPooling2D

output:

(None, 22, 22, 128)

)

input: | (None, 22, 22, 128)
convzd_6: Conv2D —
output: | (None, 22, 22, 256)
input: | (None, 22, 22, 256)
conv2d_7: ConvZD —
output: | (None, 22, 22, 256)

|

L L input: | (None, 11, 11, 512)
batch_normalization_3: BatchNormalization
output: | (None, 11, 11, 512)
. . input: | (None, 11,11, 512)
max_pooling2d 4: MaxPooling2D
oufput: (None, 3, 5, 512)
input: | (None, 3, 5, 512
dropout_L: Dropout
output: | (None, 5, 5, 512)
input: | (None, 5. 5, 512)

flatten: Flatten

output: | (None, 12800)
input: | (Noue, 12800)
dense: Dense
output: | (None, 1024)

)

input:

(None, 1024)

batch_normalization_4: BatchNormalization

output:

(None, 1024)

\

input: | (None, 1024)
dropout_2: Dropout
output: | (None, 1024)
input: | (None, 1024)
dense_1: Dense
output: | (None, 512)
input: | (None, 512)

batch_normalization_5: BatchNormalization

output:

(None, 512)

I

input: one, 512
dropout_3: Dropout ! & )
output: | (None, 512)
input: one, 512
dense_2: Dense ! il )
output: | (None, 128)

)

input:

(None, 128)

batch_normalization_6: BatchNormalization

output:

(None, 128)

I

o o input: | (None, 22, 22, 256)
batch_normalization_2: BatchNormalization —
output: | (None, 22, 22, 256)

input: | (None, 22, 22, 256)

max_pooling2d 3: MaxPooling2D

output:

(None, 11, 11, 236)

I

input:

(None, 11, 11, 256)

dropout: Dropout

output:

(None, 11, 11, 236)

input: [ (None, 128)
dropout_4: Dropout
output: | (None, 128)
input: one, 128
dense 3: Dense d al )
- oufput: (None, 2)

Source: Own authorship.
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O modelo CNN-4 estd mostrado na Figura

Figura 4.28. CNN 4 model - total parameters: 7,426,642. Increased depth compared to CNN-1.

input:

[(None, 176, 176, 3)]

input_1: InputLayer

output:

)

input:

[(None, 176, 176, 3)]

(None, 176, 176, 3)
(None, 176, 176, 16)

conv2d: Conv2D

output:

l

input:

(None, 176, 176, 16)

conv2d _1: Conv2D -
(None, 176, 176, 16)

output:

I

input: | (None, 176, 176. 16)

(None, 88, 88, 16)

max_pooling2d: MaxPooling2D

output:

}

input: | (None, 88, 88, 16)
conv2d 2: Comv2D

output: | (None, 88, 88, 32)

input: one, 88, 88, 32
conv2d 3: Conv2D ! Ll )

output: | (None, 88, 88, 32)

| input: ‘ (None, 88, 88, 32) |

batch_normalization: BatchNormalization I = l o 5, 58, 32) |
output: one, 88, $8, 32

. . input: | (None, 88, 88, 32)
max_pooling2d 1: MaxPooling2D
output: | (None, 44, 44, 32)
input: one, 44, 44, 32
conv2d_4: Conv2D ! il )
- output: | (None, 44, 44, 64)

input:

(None, 44, 44, 64)
(None, 44, 44, 64)

output:

}

input: one, 44, 44, 64
batch _1 | 1: BatchN l ¢ | o ) I
‘ output: | (None, 44, 44, 64) |
input: | (None, 44, 44, 64)

max_pooling2d_2: MaxPooling?D

output: | (None, 22, 22, 64)

l

input:

(None, 22, 22, 64)
conv2d 6: ConvZD

output: | (None, 22, 22, 128)
nput: one, 22, 22, 128
conv2d_7: Conv2D L ol )
output: | (None, 22, 22, 128)

!

‘batch_normalization_2: BatchNormalization

}

max_pooling2d 3: MaxPooling2D

|

input:

output:

input: | (None, 22, 22, 128)

(None, 11, 11, 128)

output:

input: | (None, 11, 11, 128)

dropout: Dropout
output: | (None, 11, 11, 128)
input: | (None, 11, 11, 128)

conv2d_8: Conv2D

output: | (None, 11, 11, 256
input: | (None, 11. 11, 256)

conv2d_9: ConvD

output:

|

(None, 11, 11, 256)

input:

{None, 11, 11, 256)
(None, 11, 11, 256)

Datch_normalization_3: BatchNormalization

output:

}

max_pooling2d_4: MaxPooling2D

input:

(Noue, 11, 11, 2

}

input:

conv2d_10: Conv2D
output:

)

input:

conv2d_11: Conv2D

(Noue, 3, 5, 512)

output: | (None, 5, 5 )
o . ‘ input: | {None, 5 2 ‘
batch_nommalization_4: BatchNormalization

output: | {None, 5, 5, 512)

)

max_pooling2d_5: MaxPooling2D

input:

output:

(None, 2, 2,

\

input:

dropout_1: Dropout

{None, 2, 2,

512)

flatten: Flatten

oufput: | (None, 2, 2, 512)
input: | (None, 2, 2, 512)

output: (None, 2048)
input: | (None, 2048)

dense: Dense
output: | (None, 1024)

—|

batch_normalization_5: BatchNormalization

input: | (None, 1024)

output: | (None, 1024)

|

input:
dropout_2: Dropout

oufput:

(None, 1024)
(None, 1024)

|

input:
dense_1: Denge

output:

{None, 1024)
(None, 512)

o—|

‘atch_nor

| 6: BatchNi ization

| input: ] (None, 512) |
[ output: | vone, 512) |

f—|

input:
dropout_3: Dropout
output:

(None, 512)
(None, 512)

]

input:
dense 2: Dense

oufput:

(None, 512)
(Noue, 128)

—|

Datch_normalization_7: BatchNormalization

input: | (None, 128)

output: | (None, 128)

f—

input: | (None, 128)
cropout_4: Dropout
output: | (None, 128)
input: | (None, 128)
dense_3: Dense
- output: | (None, 64)

)

batch_normalization_8: BatchNormalization

output:
input: one, 64
dropout_5: Dropout ! o — )
output: | (None, 64)
input: | (None, 64)
dense_4: Dense
output: | (None, 2)

Source: Own authorship.
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O modelo CNN-5 estd mostrado na Figura

Figura 4.29. CNN 5 model - total parameters: 1,786,090. Reduced dimensionality with respect to CNN-4.

input: | [(None, 176, 176, 3)]

input_1: InputLayer

oufput:

)

input:

[(None, 176, 176, 3)]

(None, 176, 176, 3)
(None, 176, 176, 8)

conv2d: Conv2D

output:

)

input: | (None, 176, 176, 8)

conv2d _1: Conv2D

output:

}

max_pooling2d: MaxPooling2D

|

input:

(Noue, 176, 176, 8)

input:

(None, 176, 176, §)
{None, §8, 88, 8)

output:

(None, 88, 88, 8)
(None, 83, §8, 16)

convzd_2: Conv2D

output:

)

input: | (None, 83, 88, 16)
(None, 88, 88, 16)

conv2d 3: ConvD

output:

batch_nomalization: BatchNormali

)

max_pooling2d._1: MaxPooling2D

)

input: | (None, 44, 44, 16)
(None, 44, 44, 32)

‘ input: | {None, 88, 88, 16) |
‘ output: I {None, 88, 38, 16) |

input: | (None, 88, 88, 16)
(None, 44, 44, 16)

oufput:

conv2d 4: Conv2D
output:

l

input: | (None, 44, 44, 32)
(None, 44, 44, 32)

convzd_5: Conv2D
output:

}

batch_normalization_1: BatchNormalization

!

max_pooling2d 2: MaxPooling2D

l

input: | (Nome, 22, 22, 32)

input: | (None, 44, 44, 32)
(None, 44, 44, 32)

output:

put: | (None, 44, 44, 32)

output: | (None, 22, 22, 32)

conv2d 6: Conv2D

output:

)

input:

(None, 22, 22, 64)

(None, 22, 22, 64)
(None, 22, 22, 64)

conv2d_7: Conv2D

output:

)

batch_normalization_2: BatchNormalization

}

max_pooling2d_3: MaxPooling2D

)

input: | (None, 11, 11. 64)
{None, 11, 11, 64)

input: | (None, 22, 22, 64)
output: | (None, 22, 22, 64)

input: | (None, 22, 22, 64)

(None, 11, 11, 64)

output:

dropout: Dropout

output:

)

input: (None, 11, 11, 64)
(None, 11,11, 128)

comv2d 8 Comv2D

output:

)

input: | (None, 11,11, 128)
(Noue, 11, 11, 128)

conv2d 9: Conv2D

output:

)

batch_normalization_3: BatchNormalization

input: | (None, 11, 11, 128)
(None, 11, 11, 128)

output:

)

max_pooling2d_4: MaxPooling2D

|

input:

input:

(None, 11, 11, 128)
(None, 5, 5, 128)

output:

(None, 5
(None, 5, 5,

conv2d_10: Conv2D

output:

)

input:

-

(None, 5
(None, 5, 5,

conv2d_11: ConvZD

output:

)

. . ‘ input: ‘ (None, 5, 5, 256) ‘
bateh_normalization_4: BatchNormalization o
‘ output: ‘ (None, 5, 5, 256) ‘
input: , 5, 5,25

max_pooling2d_5: MaxPooling2D

)

input:

output:

(None, 2, 2, 256)

(None,

dropout_1: Dropout
output:

)

input: | (None, 2, 2, 256
(None, 1024)

flatten: Flatten

output:

)

input: | (None, 1024)
(None, 512)

dense: Dense

output:

)

batch_normalization_5: BatchNormalization

input: | (None, 512)
(None, 512)

output:

)

input: | (None, 512)

dropout_2: Dropout

output:

)

input: | (None, 512)
(None, 128)

(Noue, 512)

dense_1: Denge
output:

)

batch_normalization_6: BatchNormalization

(None, 128)
| (Mone, 128)

l—|

input: | (None, 128)

dropout_3: Dropout
- (None, 128)

output:

)

input: | (None, 128)
(None, 64)

dense_2: Dense

output:

(None, 64)
(None, 64)

‘batch_normalization_7: BatchNormalization

outpu

|

input: | (None, 64)

dropout_4: Dropout
(None, 64)

output:

1

mput: | (None, 64)
(None, 32)

dense 3: Dense
output:

l input: | (None, 32) ]

batch_normalization_8: BatchNormalization
‘ output: | (None, 32) ‘

-

input: | (None, 32)
(None, 32)

dropout_S: Dropout

output:

-

input: | (None, 32)
(None, 2)

dense_4: Denge
output:

Source: Own authorship.
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Como visto na Figura 223, a CNN-1 possui 10 camadas convolutional, cinco camadas maz
pooling, sete camadas batch normalization, cinco camadas dropout, uma camada flatten, e quatro
camadas dense. A rede possui um total de 4.534.866 parametros, sendo 4.532.498 de parametros

treinaveis e 2.368 de parametros nao treinaveis.

A CNN-2 possui 0 mesmo numero e as mesmas camadas da CNN-1. A diferenca esta na
dimensionalidade de cada camada que foi reduzida, como pode ser visto na Figura B28. Assim,
a rede ficou com um total de 717.034 parametros. Desse total, 716.106 sdo parametros treinaveis

e 928 sao parametros nao treinaveis.

Ja a CNN-3, que também possui o0 mesmo niimero e as mesmas camadas da CNN-1, teve a
dimensionalidade das camadas aumentada, como pode ser visto na Figura B220. A rede resultou
em um total de 18.421.666 parametros. Desse total, 18.416.418 sao parametros treinaveis e 5.248

sao parametros nao treinaveis.

Na CNN-4 houve o aumento do nimero de camadas com relagdo a CNN-1, tendo sido
acrescentadas duas camadas convolutional, uma camada max polling, duas camadas batch nor-
malization, duas camadas dropout e uma camada dense, como pode ser visto na Figura E2R.
A dimensionalidade das camadas é equivalente a da CNN-1, tendo resultado em uma rede com
um total de 7.426.642 parametros. Desse total, 7.421.202 sao parametros treinaveis e 5.440 sao

parametros nao treinaveis.

Finalmente, a CNN-5 manteve o mesmo nimero e as mesmas camadas da CNN-4, porém
com a dimensionalidade reduzida, como pode ser visto na Figura B229. A rede resultou em
um total de 1.786.090 parametros. Desse total, 1.783.626 sao parametros treinaveis e 2.464 sao

parametros nao treinaveis.

Este capitulo fez a apresentacao da base de ressonancia magnética primaria utilizada, do
tratamento para a montagem dos bancos de dados adequados para a avaliagao do diagnostico
da AD e das propostas tecnolégicas desenvolvidas, com destaque para a proposta de aumento
de dados realizada. No préoximo capitulo, serao apresentados os resultados deste trabalho, a
comparagao com resultados obtidos por outros pesquisadores e a discussao dos resultados, tanto

para dados clinicos como para imagem.



CAPITULO 5

RESULTADOS E DISCUSSAO

Este capitulo apresenta os resultados obtidos pelas analises clinicas e os resultados obtidos
pela avaliacao de imagens de ressonancia magnética. Ao final, é feita uma discussdo sobre os

resultados e uma comparacao com resultados atingidos por outros pesquisadores.

5.1 RESULTADOS DE ANALISE POR DADOS CLINICOS

Os resultados com dados clinicos foram produzidos para viabilizar a comparagao do desem-
penho dos classificadores nas condi¢oes das bases de dados sem a selecao de atributos e com a

selecao de atributos.

Os procedimentos praticos foram realizados em linguagem python versao 3.7.3, com as
bibliotecas numpy versao 1.19.5, scikit-learn versao 0.24.1, e utilizado um processador Intel(R)

Core(TM) i7-7500U CPU @ 2.70 GHz 2.90 GHz, com 16 GB de RAM.

O algoritmo de sele¢ao de atributos proposto (FMFS) foi aplicado a cada uma das bases de
dados, resultando em conjuntos reduzidos de atributos que foram submetidos a dois algoritmos
de classificagdo: k-nearest neighbors (kNN) e support vector machines (SVM), e avaliados em
termos das métricas: acuracia balanceada, precisdo, sensibilidade, especificidade, escore f1 e
a multi-class area under the curve (MAUC). Ao final, foi possivel comparar o desempenho da
classificacao entre o conjunto de dados completo e o conjunto de dados reduzido, evidenciando o
efeito do algoritmo de selecao de atributos, assim como foi possivel compara-lo com os resultados

obtidos em outros estudos.
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5.1.1 Selecdo de atributos para a base AIBL

A base de dados clinicos AIBL, descrita no Capitulo B, que possui originalmente 18 atribu-
tos, 785 instancias, trés classes, e é referenciada neste trabalho como AIBL-18, foi submetida
ao algoritmo de sele¢iao de atributos proposto (FMFS), com otimiza¢do para os modelos de

classificacdo kNN e SVM. O resultado esté explicitado na Tabela BTl

Tabela 5.1. Reduced AIBL dataset: selected features
Model Dataset Features

KNN AIBL-6 CDGLOBAL BAT126 MMSCORE
LIMMTOTAL LDELTOTAL APGENI1
SVM  AIBL-4 CDGLOBAL MMSCORE
LIMMTOTAL LDELTOTAL
Source: Own authorship.

Assim, obteve-se duas novas bases de dados, AIBL-6 e AIBL-4, com seis e quatro atributos,

respectivamente, que serao avaliadas nas segoes seguintes.

5.1.2 Selecdo de atributos para a base ADNI

A base de dados clinicos ADNI, descrita no Capitulo B, que possui originalmente 21 atribu-
tos, 1033 instancias, trés classes, e é referenciada neste trabalho como ADNI-21, foi submetida
ao algoritmo de sele¢ido de atributos proposto (FMFS), com otimiza¢ao para os modelos de

classificacdo kNN e SVM. O resultado esté explicitado na Tabela B2

Tabela 5.2. Reduced ADNI dataset: selected features
Model Dataset Features

KNN ADNI-3 CDRSB ADAS11 FAQ
SVM ADNI-11 Ventricles Entorhinal CDRSB
MMSE RAVLT learning
RAVLT immediate
RAVLT perc_forgetting bl
ADAS11 ADAS13 FAQ APOE4
Source: Own authorship.

Assim, obteve-se duas novas bases de dados, ADNI-3 e ADNI-11, com trés e 11 atributos,

respectivamente, que serao avaliadas nas se¢des seguintes.
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5.1.3 Selecao de atributos para a base OASIS

A base de dados clinicos OASIS, descrita no Capitulo B, que possui originalmente sete atri-
butos, 217 instancias, trés classes, e é referenciada neste trabalho como OASIS-7, foi submetida
ao algoritmo de sele¢iao de atributos proposto (FMFS), com otimiza¢do para os modelos de

classificacdo kNN e SVM. O resultado esté explicitado na Tabela B33.

Tabela 5.3. Reduced OASIS dataset: selected features
Model Dataset Features

KNN OASIS-5 Age Educ SES MMSE nWBV
SVM  OASIS-5 Age Educ SES MMSE nWBV

Source: Own authorship.

O procedimento resultou em uma tnica nova base de dados OASIS-5, com cinco atributos

iguais para os dois modelos de classificagdo kNN e SVM, que sera avaliada nas se¢oes seguintes.

5.1.4 Avaliacao do desempenho para trés classes

Foi avaliado o desempenho da classificagao para todas as bases de dados e obtidos os resul-
tados para as bases de dados completas e reduzidas. Nessa avaliacdo, a classificacao foi feita
para as classes CN, MCI e AD, no caso das bases AIBL e ADNI, e para as classes CDR 0, CDR
0.5 eCDR 12, para a base de dados OASIS.

5.1.4.1 Avaliacao ADNI

A Tabela B3 resume os resultados de desempenho obtidos pela avaliacao das trés classes,
em cada conjunto de dados ADNI, para cada modelo de classificacdo. Para a métrica B,,, foi
avaliado o intervalo de confianca para o nivel de confianca de 95%. Também foi avaliada a

significancia estatistica dos resultados do B, entre conjuntos de dados completos e reduzidos.

Nessas condigoes, os tempos de treinamento sobre as bases ADNI-3 e ADNI-11 ficaram

reduzidos em 55% e 7%, respectivamente, comparados com as bases completas.
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Model Dataset
KNN ADNI-21
ADNI-3

SVM ADNI-21
ADNI-11

B..tIC Ay P
81,66 £3,39 76,29 79,34
90,06* 2,26 89,45 90,32
92,60 £2,06 91,97 92,52
92,61 £2,29 91,77 92,34
IC - confidence interval for 95% confidence level

(*) Statistically significant result (p < 0,05)

Except for MAUC, every numerical result is expressed as a percentage.

Source:

Sny
76,89
86,52
90,09
90,20

Own authorship.

Tabela 5.4. ADNI dataset results - three classes

Spy

87,23
93,60
95,11
95,02

F1
77,41
87,97
91,07
90,90

MAUC
0,878
0,960
0,969
0,969

Conforme verificado na Tabela B4, a base de dados ADNI-3 apresentou 10,3% de aumento da

métrica B,, com relacao ao desempenho avaliado com a base ADNI-21, utilizando o classificador

kNN. Esse resultado se mostrou estatisticamente significante, correspondente a um valor de

p < 0,05.

J& a base de dados ADNI-11, avaliada pelo classificador SVM, nao resultou em desempenho

estatisticamente superior quando comparado com o desempenho para a base ADNI-21, mas

apresentou o maior desempenho global, tendo atingido a métrica B, de 92,61%. A Figura b1

mostra a matriz de confusdo para esse caso.

Figura 5.1. ADNI-11 avaliated with the SVM classifier - average confusion matrix.
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Source: Own authorship.

A Tabela B3 resume os resultados de desempenho obtidos pela avaliagdo das trés classes,

em cada conjunto de dados AIBL, para cada modelo de classificagdo. Para a métrica B,,, foi

avaliado o intervalo de confianca para o nivel de confianca de 95%. Também foi avaliada a
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significancia estatistica dos resultados do B, entre conjuntos de dados completos e reduzidos.

Nessas condicoes, os tempos de treinamento sobre as bases AIBL-6 e AIBL-4 ficaram redu-

zidos em 18% e 90%, respectivamente, comparados com as bases completas.

Tabela 5.5. AIBL dataset results - three classes
Model Dataset B..=IC e B Sny Spy F1 MAUC

KNN  AIBL-18 74,15 £2,08 82,28 73,85 63,61 84,69 66,50 0,912
AIBL-6 90,44 +£3,89 91,32 87,37 86,08 94,81 8581 0,950
SVM  AIBL-18 91,96 42,25 91,72 86,97 88,32 95,61 87,09 0,967
AIBL-4 92,52 £250 92,22 88,25 89,06 95,98 87,74 0,959
IC - confidence interval for 95% confidence level
(*) Statistically significant result (p < 0,05)
Except for MAUC, every numerical result is expressed as a percentage.
Source: Own authorship.

Conforme verificado na Tabela B3, a base de dados AIBL-6 apresentou 22% de aumento da
métrica B., em relacdo ao desempenho avaliado com a base AIBL-18, utilizando o classificador

kNN. Esse resultado se mostrou estatisticamente significante, correspondente a um valor de

p < 0,05.

A base de dados AIBL-4, avaliada pelo classificador SVM, apresentou o maior desempenho

global e a Figura b2 mostra a matriz de confusao para esse caso.

Figura 5.2. AIBL-4 avaliated with the SVM classifier - average confusion matrix.

50

CN
w
~
~N
~
o

@ - 30
=
(S} .
°g 11 11 0.5
>
£
-20
10
Q-
2 0 1.8 9.5
' ! ] -0
CN mcl AD

Predicted Class

Source: Own authorship.

Também a base de dados AIBL-4, avaliada pelo classificador SVM, nao resultou em desem-
penho estatisticamente superior quando comparado com o desempenho para a base AIBL-18,
tendo atingido a métrica B, de 92,52%, cerca de 0,9% acima do desempenho avaliado com a

base AIBL-18.
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5.1.4.3 Avaliacao OASIS

A Tabela B0 resume os resultados de desempenho obtidos pela avaliagdo das trés classes,
em cada conjunto de dados OASIS, para cada modelo de classificacdo. Para a métrica B,,, foi

avaliado o intervalo de confianca para o nivel de confianca de 95%.

Tabela 5.6. OASIS dataset results - three classes
Model Dataset B.,*=IC L\ 1P S ST F1 MAUC

SVM OASIS-7 7213 £4.90 7229 66.13 61.95 82.31 59.09 0.858
OASIS-5 72.66 +4.46 73.64 70.85 61.75 83.57 5833 0.871
KNN OASIS-7  67.71 £3.39 69.94 62.79 55.10 80.32 53.51 0.800
OASIS-5 68.17 £6.29 71.36 64.80 54.53 81.82 51.40 0.804
IC - confidence interval for 95% confidence level
Except for MAUC, every numerical result is expressed as a percentage.
Source: Own authorship.

A base de dados OASIS-5, avaliada pelo classificador SVM, apresentou o maior desempenho

global e a Figura B=3 mostra a matriz de confusao para esse caso.

Figura 5.3. OASIS-5 avaliated with the SVM classifier - average confusion matrix.
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5.1.5 Avaliacao do desempenho para duas classes

Neste topico, as bases de dados ADNI-3, ADNI-11, AIBL-4 e AIBL-6, foram avaliadas pelos
classificadores SVM e kNN, porém num arranjo de duas classes resultantes das combinagoes:
NC v/s AD, MCI v/s AD e NC v/s MCI. Da mesma forma, a base de dados OASIS-5 foi
avaliada pelos classificadores SVM e kNN com a seguinte combinagao de classes: C00 v/s C12,

C05 v/s C12 e CO0 v/s C05. Sendo que CO0 corresponde a classe CDR 0, C05 corresponde a
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classe CRD 0.5 e C12 corresponde a juncao das instancias das classes CDR 1 e CDR 2.

5.1.5.1 Avaliacao ADNI

A Tabela BZ4 resume os resultados de desempenho obtidos pela avaliagdo das combinacoes

em duas classes, em cada conjunto de dados ADNI, para cada modelo de classificacao.

Tabela 5.7. ADNI dataset results - two classes

%:tda‘zle{ Type Bee Ay P S, S, F1  AUC
sym ; CNV/sAD  99.88% 9981% 9955% 99.88% 99.88% 99.70% 1000
ADNL1] MCIV/s AD 9112%  94.45% 92.93% 91.12% 91.12% 91.63% 0.986

CN v/s MCI 93.98% 94.72% 95.33% 93.98% 93.98% 94.49% 0.975
kNN CNV/SAD 99.67% 99.81% 99.87% 99.67% 99.67% 99.76% 0.997
ADNL3 MCIV/s AD 86.95% 91.89% 89.65% 86.95% 86.95% 87.82% 0.975

CN v/s MCI 92.79%  93.58% 94.25% 92.79% 92.79% 93.28% 0.967
Source: Own authorship.

Os melhores resultados de avaliacao do desempenho foram atingidos para a combinacao de
classes NC v/s AD em ambas as bases de dados e nas duas combinagoes de classificadores. A
métrica B, atingiu o valor de 99,88% e a AUC média chegou a 1.000, na precisao de trés casas

decimais.

As curvas ROC para a base de dados ADNI-11 com as classes NC v/s AD, e avaliadas pelo
classificador SVM, sdo mostradas na Figura BE4. As cuvas ROC, em diferentes cores, foram
calculadas para cada uma das dobras (folds) do processo de validagao cruzada aninhada. As

curvas ROC calculadas tém comportamentos muito préximos do comportamento ideal.

Figura 5.4. ADNI-11 avaliated with the SVM classifier over CN v/s AD classes - ROC curves.
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A Figura B33 mostra a matriz de confusao para a avaliacdo da base de dados ADNI-11 pelo

classificador SVM na condigao das classes NC v/s AD.

Figura 5.5. ADNI-11 avaliated with the SVM classifier - CN v/s AD - average confusion matrix.
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Source: Own authorship.

A Tabela B resume os resultados de desempenho obtidos pela avaliagdo das combinagoes

em duas classes, em cada conjunto de dados AIBL, para cada modelo de classificagao.

Tabela 5.8. AIBL dataset results - two classes

Model/

Dataset R Bea Acy P Sny Spy F1 AUC
SVM | CNv/s AD 96.76% 98.94% 98.66% 96.76% 96.76% 97.55% 0.999
AIBL.4 MCI v/s AD 90.90% 91.16% 91.48% 90.90% 90.90% 90.82% 0.953

CN v/s MCI 93.99%  94.51% 89.80% 93.99% 93.99% 91.55% 0.936

CNv/s AD 95.80% 98.48% 97.67% 95.80% 95.80% 96.67% 0.986

MCIv/s AD 87.69% 88.70% 89.83% 87.69% 87.69% 87.84% 0.910

CN v/s MCI 93.72% 94.65% 90.19% 93.72% 93.72% 91.69% 0.941
Source: Own authorship.

KNN /
AIBL-6

Os melhores resultados de avaliacdo do desempenho foram atingidos para a combinacao de
classes NC v/s AD em ambas as bases de dados e nas duas combinagoes de classificadores. A

métrica B,, atingiu o valor de 96,76%.

A Figura B8 mostra a matriz de confusao para a avaliagao da base de dados AIBL-4 pelo

classificador SVM na condigao das classes NC v/s AD.
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Figura 5.6. AIBL-4 avaliated with the SVM classifier - CN v/s AD - average confusion matrix.
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A Tabela B9 resume os resultados de desempenho obtidos pela avaliacao das combinagoes

em duas classes, em cada conjunto de dados OASIS, para cada modelo de classificacao.

Tabela 5.9. OASIS dataset results - two classes
Type B.. Ay P S e F1 AUC

C00 v/s C12 88.04% 94.29% 92.85% 88.04% 88.04% 88.66% 0.978

Model /
Dataset

(S)\Q\S/IISQ Co5 v/s C12 65.82% 72.50% 71.70% 65.82% 65.82% 63.54% 0.783

C00 v/s CO5  72.77%  81.58% 81.59% 72.77% T12.77% T72.71% 0.846
KNN | C00 v/s C12 89.17% 96.17% 97.93% 89.17% 89.17% 91.23% 0.919
OASIS-5 Co5 v/s C12 63.82% 71.25% 63.50% 63.82% 63.82% 62.18% 0.733

C00 v/s CO5 65.85%  78.42% 75.77% 65.85% 65.85% 64.92% 0.778
Source: Own authorship.

Os melhores resultados de avaliacdo do desempenho foram atingidos para a combinacao de
classes C00 v/s C12 em ambas as bases de dados e nas duas combinagoes de classificadores. A

métrica B,, atingiu o valor de 89,17%.

A Figura B71 mostra a matriz de confusao para a avaliagao da base de dados OASIS-5 pelo

classificador kNN na condi¢ao das classes C00 v/s C12.
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Figura 5.7. OASIS-5 avaliated with the kNN classifier - C00 v/s C12 - average confusion matrix.
12

0 10

CDROO

-8

True Class

0.6 2

CDR12
'

| i
CDROO CDR12
Predicted Class
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5.1.6 Avaliacao do desempenho com outros classificadores

Neste topico, as bases de dados ADNI-11, AIBL-4 e OASIS-5, que apresentaram o melhor
desempenho nas avaliagdes anteriores, foram avaliadas por outros classificadores, em termos das
métricas: acuracia balanceada, precisao, sensibilidade, especificidade, escore f1 e a multi-class
area under the curve (MAUC). Nessa avaliacao, a classificagdo foi feita para as classes CN,
MCI e AD, no caso das bases AIBL-4 e ADNI-11, e para as classes CDR 0, CDR 0.5 e CDR
12, para a base de dados OASIS-5.

Além dos classificadores SVM e kNN, a avaliacao foi feita com os classificadores Random
Forest, Logistc Regression, Naive Bayes, Decision Tree, Ada Boost, Linear Discriminant Analy-
sis (LDA), Gradient Boosting, Extreme Gradiente Boosting e Histogram Gradient Boosting.
Da mesma forma que nos outros casos, todas as avaliagoes foram feitas utilizando validacao

cruzada aninhada.

A Tabela B0 apresenta os resultados da avaliacdo do desempenho de varios classificadores
para a base de dados AIBL-4. Esses resultados apontaram para o melhor desempenho do

classificador Gradient Boosting, tendo a métrica B,, atingido o valor de 92,88%.
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Tabela 5.10. AIBL-4 - performance evaluation

Model B Ao  Pw Sy Sy F1 MAUC
SVM 92,52% 92,22% 8825% 89,00% 95,98% 87,74% 0,959
KNN 01.21% 91.46% 87.02% 87.12% 95.30% 86.23%  0.960

Random Forest 87.79% 89.29% 84.26% 82.77% 92.82% 82.83%  0.958
Logistic Regression  91.60% 91.71% 88.01% 88.03% 95.17% 87.28%  0.975
Naive Bayes 91.80% 91.72% 87.72% 88.08% 95.52% 87.10% 0.974
Decision Tree 91.96% 91.46% 87.73% 88.36% 95.57% 87.03% 0.959
Ada Boost 84.15% 87.77% 80.85% 77.22% 91.08% 78.27% 0.949
LDA 88.15% 90.18% 86.47% 82.93% 93.37% 83.86%  0.974
Gradient Boosting 92.88% 92.61% 88.94% 89.63% 96.13% 88.60%  0.974
Extreme GB 91.62% 91.96% 88.38% 87.87% 95.36% 87.38% 0.967
Histogram GB 87.97% 89.54% 84.38% 82.71% 93.24% 82.69% 0.961
Source: Own authorship.

A Tabela B0 apresenta os resultados da avaliacdo do desempenho de varios classificadores
para a base de dados ADNI-11. Esses resultados apontaram o melhor desempenho para o

classificador SVM, tendo a métrica B, atingido o valor de 92,61%.

Tabela 5.11. ADNI-11 - performance evaluation

Model Bee Ay  Pw Sy Sy F1  MAUC
SVM 92,61% 91,77% 92,34% 90,20% 95,02% 90,90% 0,969
KNN 83.56% 78.13% 80.61% 79.54% 87.58% 79.57%  0.891

Random Forest 92.36% 91.39% 91.26% 89.83% 94.90% 90.34% 0.968
Logistic Regression  92.46% 91.10% 91.21% 90.14% 94.78% 90.54%  0.973

Naive Bayes 88.42% 83.17% 82.39% 85.71% 91.13% 83.35%  0.933
Decision Tree 91.85% 90.90% 91.12% 89.11% 94.59% 89.86%  0.952
Ada Boost 90.10% 88.10% 87.76% 87.04% 93.16% 86.84%  0.939
LDA 85.20% 80.94% 82.93% 81.33% 89.07% 81.84%  0.918

Gradient Boosting  92.05% 91.49% 92.33% 89.28% 94.81% 90.44%  0.967

Extreme GB 91.29% 90.23% 90.71% 88.42% 94.17% 89.33%  0.966

Histogram GB 92.00% 90.71% 90.65% 89.41% 94.60% 89.79%  0.963
Source: Own authorship.

A Tabela B2 apresenta os resultados da avaliagdo do desempenho de varios classificado-
res para a base de dados OASIS-5. Esses resultados evidenciaram o melhor desempenho do

classificador Decision Tree, tendo a métrica B, atingido o valor de 76,25%.
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Tabela 5.12. OASIS-5 - performance evaluation

Model B Ao Pw Sy Sy F1 MAUC
SVM 72.66% 73.64% 70.85% 61.75% 83.57% 58.33%  0.872
KNN 68.17% 71.36% 64.80% 54.53% 81.82% 51.40%  0.804

Random Forest 75.30% 76.41% 72.49% 65.05% 85.56% 62.50%  0.881
Logistic Regression  73.74% 74.55% 72.58% 63.10% 84.39% 60.34%  0.876
Naive Bayes 73.86% 75.00% 70.04% 63.05% 84.66% 62.38% 0.876
Decision Tree 76.25% T74.57% 67.98% 68.10% 84.40% 64.92% 0.842
Ada Boost 65.58% 64.20% 53.02% 50.71% 80.46% 49.48% 0.811
LDA 73.87% 75.00% 70.88% 64.34% 83.41% 63.00%  0.868
Gradiente Boosting  73.54% 74.98% 71.42% 62.95% 84.13% 61.66%  0.890
Extreme GB 73.49% 75.02% 68.72% 62.67% 84.31% 61.57% 0.863
Histogram GB 70.36% 70.30% 63.24% 57.39% 83.34% 55.13% 0.881
Source: Own authorship.

5.1.7 Avaliacio com outros métodos de selecao de atributos

As bases de dados ADNI, AIBL e OASIS também foram submetidas a outros métodos de
selecao de atributos, dos trés grupos de técnicas referenciadas no Capitulo B. Da mesma forma
que feito para o algoritmo FMFS, cada uma das técnicas foi avaliada para os classificadores

kNN e SVM, e encontrado o nimero de atributos que resultou na melhor acuracia.

A Tabela mostra o valor encontrado para o nimero de atributos e acuracia 6timos,

avaliados sobre o banco de dados ADNI, para cada um dos classificadores.

Tabela 5.13. ADNI - feature selection method evaluation

Feature selection method Featurle{?\N B.. Featuri;[‘lvl B..

FMEFS 3 90.06% 11 92.61%
Chi-square 2 89.68% 17 92.81%
Mutual Information 1 90.31% 5 92.93%
Anova F-value 1 90.31% 4 92.93%
Variance Threshold 6 61.50% 11 74.66%
Fisher Score 13 83.82% 17 92.62%
MultiSURF 6 86.70% 6 92.07%
RFE (SVM) 1 90.31% 3 92.84%
Permutation Importance (LR) 2 91.72% 4 92.93%
SHAP (XGboost) 2 91.72% 3 92.97%
Boruta (RF) 3 90.54% 5 92.93%
Embedded Random Forest 1 90.31% 4 92.93%
Embedded Light GBM 1 90.31% 5 92.83%

Source: Own authorship.
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A Tabela B4 mostra o valor encontrado para o nimero de atributos e acuracia 6timos,

avaliados sobre o banco de dados AIBL, para cada um dos classificadores.

Tabela 5.14. AIBL - feature selection method evaluation

Feature selection method Featurl;sN‘N B.. Featur?e:?v[ B..

FMFS 6 90.44% 4 92.52%
Chi-square 4 91.21% 4 92.52%
Mutual Information 1 88.30% 5 92.43%
Anova F-value 1 88.30% 7 92.27%
Variance Threshold 1 50.25% 10 80.90%
Fisher Score 1 88.30% 12 92.11%
MultiSURF 4 87.66% 11 92.93%
RFE (SVM) 3 91.86% 6 02.54%
Permutation Importance (LR) 1 88.30% 12 92.29%
SHAP (XGboost) 1 50.25% 9 92.49%
Boruta (RF) 2 90.82% 4 92.52%
Embedded Random Forest 1 88.30% 3 92.79%
Embedded Light GBM 1 88.30% 7 92.76%

Source: Own authorship.

A Tabela BET3 mostra o valor encontrado para o nimero de atributos e acuracia 6timos,

avaliados sobre o banco de dados OASIS, para cada um dos classificadores.

Tabela 5.15. OASIS - feature selection method evaluation

Feature selection method Featurl(i\I‘N B.. Featur?ej‘lv[ B..

FMFS 5 68.17% 5 72.66%
Chi-square 2 77.59% 6 72.14%
Mutual Information 2 77.59% 4 72.74%
Anova F-value 2 77.59% 3 75.30%
Variance Threshold 1 50.72% 4 70.03%
Fisher Score 5 67.63% 7 72.13%
MultiSURF 1 72.91% 6 71.97%
RFE (SVM) 1 72.91% 6 71.97%
Permutation Importance (LR) 1 72.91% 4 72.57%
SHAP (XGboost) 3 74.60% 7 72.13%
Boruta (RF) 2 77.59% 3 75.30%
Embedded Random Forest 2 77.59% 3 75.30%
Embedded Light GBM 4 68.14% 5 70.22%

Source: Own authorship.
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5.2 RESULTADOS DA ANALISE POR IMAGEM

Os procedimentos praticos das analises por imagem foram realizados em linguagem python
versao 3.9.0, com as bibliotecas numpy versao 1.19.2, scikit-learn versao 1.1.1, tensorflow versao
2.6.0, cuda toolkit versdo 11.3.1 e utilizado um processador 12th Gen Intel(R) Core(TM) i7-
12700H 2.30 GHz, com 16 GB de RAM. Também foi utilizada uma placa Graphics Processing
Unit (GPU) da NVIDIA GeForce RTX 3060, com 6 GB de RAM.

Particularmente com relacao as operacoes de DL, a utilizacao da GPU teve o mérito de
reduzir bastante o tempo de processamento, aumentando a produtividade na geracao dos re-

sultados.

A avaliagdo de desempenho foi feita em termos das métricas: acuracia balanceada, acuracia,
precisdo, sensibilidade, especificidade, escore fl e a area under the curve (AUC). Ao final, foi
possivel comparar o desempenho da classificacao entre os bancos de imagem gerados, assim

como foi possivel comparar com os resultados obtidos em outros estudos.

5.2.1 Analise do banco de imagens coronal

Conforme descrito no Capitulo B, foram geradas duas versdes de bancos de imagem coronal,
sendo um com a presenga somente do slice central (Figura B220) - banco C1, e outro com o slice
central, adicionado dos nove slices anteriores e nove slices posteriores (Figura E-21) - banco
C19. O banco C1 é muito reduzido, contendo imagens geradas de 226 pacientes em CN e 173
pacientes em AD, o que inviabiliza o treinamento de redes convolucionais. Por outro lado, o
banco C19 possui 4.294 imagens de CN e 3.287 imagens de AD, dado a estratégia de uso de

slices anteriores e slices posteriores, e que pode viabilizar o treinamento de redes convolucionais.

5.2.1.1 Alternativas de montagem das particoes

Conforme visto no Capitulo B, é necessario construir um conjunto de trés particoes, ver
Figura B4, que viabilize o treinamento das CNNs, sem correr qualquer risco de vazamento de
dados entre as particoes de treino e teste. Assim, foi proposta a utilizagdo dos dois bancos de

imagens C1 e C19 para a montagem das particdes S1 e S2. A Figura ilustra os elementos
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de construcao das partigoes.

Figura 5.8. Split fold S1 and S2 description.
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Source: Own authorship.

A particao S1 é formada por imagens de 315 pacientes no banco C19 para compor a particao
de treinamento, imagens de outros 42 pacientes do banco C19 para compor a particao de

validacao e imagens de também outros 42 pacientes do banco C19 para compor a particao de

teste.

A particdo S2 é formada por imagens de 315 pacientes no banco C19 para compor a par-
ticdo de treinamento, imagens de outros 42 pacientes do banco C1 para compor a particao de

validagao e imagens de também outros 42 pacientes do banco C1 para compor a particao de

teste.

O resultado final da composi¢do das parti¢coes é mostrado na Tabela BI4G.

Tabela 5.16. Split fold composition S1 and S2
Split fold Train Validation Test
S 2.565 AD images 361 AD images 361 AD images
3.420 CN images 437 CN images 437 CN images
2.565 AD images 19 AD images 19 AD images
3.420 CN images 23 CN images 23 CN images
Source: Own authorship.

S2
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5.2.1.2 Avaliacao da particao S1

A avaliacao de desempenho da particao S1 foi feita utilizando os modelos de DL propostos,
CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5, e os modelos pré-treinados, VGG-19, VGG-16,

ResNet-50 e Inception V3. Os resultados estao explicitados na Tabela BI7.

Tabela 5.17. S1 split fold - performance evaluation
Model Be. Ay P, Syn S,y F1  AUC
CNN-1 94.25%  94.36%  94.34%  95.42% 93.07% 94.88%  0.942
CNN-2 90.50%  90.23%  94.10% 87.64%  93.35% 90.76%  0.905
CNN-3 83.20%  84.71%  78.58%  99.08% = 67.31%  87.65%  0.832
CNN-4 93.62%  93.36%  96.83%  90.85% = 96.40%  93.74%  0.936
CNN-5 94.79% 94.74% 96.04% 94.28% 95.29% 95.15% 0.948
VGG-19 86.22% 86.59%  86.03%  90.16% 82.27% 88.04%  0.862
VGG-16 84.09%  84.71%  83.02%  90.62% 77.56% 86.65%  0.841
Resnet-50 83.13% 84.21%  80.19%  94.51%  71.75%  86.76%  0.831
Inception V3 81.33%  81.95%  80.84%  87.87%  74.79%  84.21% 0.813
Source: Own authorship.

Na fase de treino para este e demais casos, todos os modelos foram treinados utilizando o
optimizador Adam com taxa de aprendizagem de 0.001, 100 épocas e tamanho do lote definido
para 16 com base na memoria da GPU (8 GB).

Os modelos pré-treinados, VGG-19, VGG-16, ResNet-50 e Inception V3, foram inicializadas
com pesos do treinamento realizado no dataset ImageNet e tiveram as primeiras camadas

congeladas para treinamento, até a peniltima camada convolucional. Os modelos propostos,

CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5, foram treinados por inteiro.

Para a CNN-5 foi calculada a curva de aprendizado, avaliada para 100 épocas, e o resultado

pode ser visto na Figura b4.
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Figura 5.9. CNN-5 model learning curves. a) Accuracy model. b) AUC model. ¢) Loss model.
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Source: Own authorship.

Também para a CNN-5 a matriz de confusao foi avaliada e mostrada na Figura B10.
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Figura 5.10. CNN-5 confusion matrix.
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5.2.1.3 Avaliacao da particao S2

Da mesma forma que na particao S1, a avaliacao de desempenho da particao S2 foi feita uti-
lizando os modelos de DL propostos, CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5. Os resultados

estao explicitados na Tabela BIR.

Tabela 5.18. S2 split fold - performance evaluation
Model  Be. A, P Syn Spy F1  AUC
CNN-1 95.65%  95.24% 100.0%  91.30%  100.0%  95.45%  0.957
CNN-2  91.30%  90.48% 100.0%  82.61% 100.0%  90.48%  0.913
CNN-3  92.11%  92.86% 88.46% 100.0% 84.21%  93.88%  0.921
CNN-4 97.83% 97.62% 100.0% 95.65% 100.0% 97.78% 0.978
CNN-5  89.93% 90.48 88.00% 95.65%  84.21%  91.67%  0.899

Source: Own authorship.

Também para a CNN-4 a matriz de confusao foi avaliada e mostrada na Figura BTl
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Figura 5.11. CNN-4 confusion matrix.
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5.2.1.4 Reavaliagao da particao S2 com aumento de dados

Adicionalmente ao uso da base C19 para compor a particdo de treinamento em S2, onde
ja ha 19 slices selecionados para cada paciente, foi feito um aumento de dados adicional em
2x sobre as imagens usando uma faixa de variacdo aleatéria de [0.99, 1.01] no zoom, faixa
de variagao aleatéria de [0.8, 1.2] no brilho e inversao aleatéria horizontal. Essa estratégia
corresponde a um aumento de dados classico aplicados sobre as imagens. Os resultados de

desempenho dessa estratégia estao apresentados na Tabela B19.

Tabela 5.19. Data augmentation in S2 training dataset - performance evaluation
Model B  Aey  Puw Syn Suy F1 AUC
CNN-1 89.93% 90.48% 88.00% 95.65% 84.21% 91.67% 0.899
CNN-2 92.11% 92.86% 88.46% 100.0% 84.21% 93.88% 0.921
CNN-3  89.47% 90.48% 85.19% 100.0% 78.95% 92.00% 0.895
CNN-4 92.56% 92.86% 91.67% 95.65% 89.47% 93.62% 0.926
CNN-5 82.15% 80.95% 94.12% 69.57% 94.74% 80.00% 0.822

Source: Own authorship.

5.2.1.5 Reavaliacdo de S1 com classificador de votagao por maioritaria

O desempenho da particao S1 foi novamente medido utilizando os modelos DL propostos
(CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5) e os resultados foram comparados entre a deci-
sdo tomada em cada slice individualmente (instancia tnica) e a decisdo tomada pela maioria

(decisdo por miltiplas instancias). Os resultados podem ser consultados na Tabela B20.
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Tabela 5.20. Customized cnn results

Model Bea Agy Py S i F1 AUC
CNN-1 (S) 96.1% 95.9% 97.9% 94.7% 97.4% 96.3%  0.96
CNN-1 (M) 97.8% 97.6% 100% 95.7% 100% 97.8%  0.98
CNN-2 (S) 96.6% 96.5% 97.5% 96.3% 96.8% 96.9% 0.97
CNN-2 (M) 97.8% 97.6% 100% 95.7% 100% 97.8%  0.98
CNN-3 (S)  94.7% 94.9% 95.0% 95.9% 93.6% 95.4% 0.95
CNN-3 (M) 951% 95.1% 95.7% 95.7% 94.4% 95.7%  0.95
CNN-4 (S)  95.3% 95.3% 96.5% 95.0% 95.6% 95.7%  0.95
CNN-4 (M) 100% 100% 100% 100% 100% 100%  1.00
CNN-5 (S)  98.2% 98.2% 98.9% 97.9% 98.5% 98.4%  0.98
CNN-5 (M) 100% 100% 100% 100% 100% 100%  1.00
S - Single decision.

M - Majority voting decision.
Source: Own authorship.

Da mesma forma, o desempenho da partigdo S1 foi novamente medido utilizando os modelos
pré-treinados (VGG-19, VGG-16, ResNet-50 e Inception V3) e os resultados foram comparados
entre a decisdo tomada em cada slice individualmente (instancia tnica) e a decisao tomada pela

maioria (decisdo por miltiplas instdncias). Os resultados podem ser consultados na Tabela B=21.

Tabela 5.21. Pretrained models results
Model Bea Ag Pw Syn S,y F1 AUC

VGG-16 (S)  92.9% 92.9% 93.8% 93.4% 92.1% 93.7% 0.93
VGG-16 (M) 97.2% 97.6% 95.8% 100% 94.4% 97.9% 0.97
VGG-19 (S)  95.7% 95.8% 96.1% 96.3% 95.0% 96.2%  0.96
VGG-19 (M) 97.2% 97.6% 95.8% 100% 94.4% 97.9% 0.97
ResNet (S)  97.5% 97.3% 99.5% 95.7% 99.4% 97.6% 0.98
ResNet (M)  97.8% 97.6% 100% 95.6% 100% 97.8%  0.98
Inception (S) 95.9% 95.9% 96.6% 96.1% 95.6% 96.3% 0.96
Inception (M) 97.8% 97.6% 100% 95.6% 100% 97.8%  0.98
S - Single decision.
M - Majority voting decision.
Source: Own authorship.

As CNNs pré-treinadas foram inicializadas com pesos de treino no conjunto de dados Ima-
geNet, finalizadas com 3 camadas densas e treinadas na totalidade. O ADAM foi utilizado
como optimizador e o treino foi efetuado em 100 épocas, com um critério de parada para uma

precisao de validacao superior a 0,999.

Pode ver-se na Tabela que a CNN-4 obteve um desempenho de 100% em todas as

métricas objectivas utilizadas. Para investigar o desempenho da CNN-4 em relagdo ao ponto
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quiescente (minimo local) onde o algoritmo de treinamento converge, a rede foi retreinada 10
vezes com pontos de partida aleatorios e todos os modelos treinados foram salvos. Utilizando

os modelos obtidos na etapa de treino, o desempenho da rede foi novamente avaliado para cada

caso. Os resultados do desempenho sao apresentados na Tabela B22.

Train

1

© 00 3 O U = W N

—
(@]

Mean
Std

Bca
100%
100%
97.8%
97.2%
100%
100%
100%
97.2%
100%
100%

99.2%
1.3%

Tabela 5.22. CNN-4 training results

Ay
100%
100%
97.6%
97.6%
100%
100%
100%
97.6%
100%
100%

99.3%
1.2%

Prn
100%
100%
100%
95.8%
100%
100%
100%
95.8%
100%
100%

99.2%
1.8%

Mean - statistical average.

Std - standard deviation.

A Tabela B222 revela que a CNN-4 alcancou um valor médio de exatidao de 99,3% na

distingao do diagnéstico entre CN e AD.

Syn
100%
100%
95.%7
100%
100%
100%
100%
100%
100%
100%

99.6%
1.4%

Spy
100%
100%
100%
94.4%
100%
100%
100%
94.4%
100%
100%

98.9%
2.4%

Source: Own authorship.

5.2.2 Analise do banco de imagens axial

Conforme descrito no Capitulo B, foi gerada uma versao de banco de imagem axial e,
da mesma forma que no caso da estratégia no coronal, também com com um slice central,
adicionado de quatro slices caudais e quatro slices craniais (Figura B13). O banco de dados
axial foi gerado com as trés classes CN, MCI e AD. No entanto, no sentido de facilitar as
comparagoes de desempenho dos bancos axial e coronal, decidiu-se trabalhar com as classes

CN e AD. As particoes de treino, validacdo e teste ficaram com a quantidade de imagens

descrita na Tabela B23.

F1
100%
100%
97.8%
97.8%
100%
100%
100%
97.8%
100%
100%

99.3%
1.1%

AUC
1.00
1.00
0.98
0.97
1.00
1.00
1.00
0.97
1.00
1.00

0.99
0.01
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Tabela 5.23. Split axial dataset
Split Training Validation Test
Asdial 1.494 AD images 81 AD images 81 AD images
1.728 CN images 99 CN images 90 CN images
Source: Own authorship.

A avaliacao de desempenho do banco de imagens axial foi feita utilizando os modelos de
DL propostos CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5. As métricas de desempenho estao

explicitadas na Tabela B=24.

Tabela 5.24. Axial plan - performance evaluation

Model Beg, Ay | Syn Spy F1 AUC

CNN-1  55.99% 56.73% 57.27% 70.00% 41.98% 63.00% 0.560

CNN-2 4241% 43.27% 46.90% 58.89% 25.93% 52.22% 0.424

CNN-3  60.93% 59.06% 88.46% 25.56% 96.3%  39.66% 0.609

CNN-4 59.94% 59.06% 67.24% 43.33% 76.54% 52.70% 0.599

CNN-5  59.01% 59.06% 61.36% 60.00% 58.02% 60.67% 0.590
Source: Own authorship.

5.3 DISCUSSAO DOS RESULTADOS DA ANALISE SOBRE DADOS CLINICOS

O modelo kNN avaliado sobre as bases AIBL-18 e AIBL-6 resultou numa melhoria de de-
sempenho da ordem de 22% sobre a métrica B,,. Esse resultado é estatisticamente significante,

correspondente a um valor de p < 0,05.

A Figura BT ilustra a melhoria de todas as métricas avaliadas, apresentadas na Tabela b3,
e mostra o impacto do algoritmo de selecao de atributos FMFS sobre a melhoria nas métricas

de avaliacao do modelo kNN sobre a base de dados AIBL.
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Figura 5.12. AIBL - kNN enhancement.
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Do mesmo modo, o modelo kNN avaliado sobre as bases ADNI-21 e ADNI-3 resultou numa
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Source: Own authorship.

melhoria de desempenho da ordem de 10% sobre a métrica B.,, com significAncia estatistica,

correspondente a um valor de p < 0,05.

A Figura B13 ilustra a melhoria de todas as métricas avaliadas, apresentadas na Tabela B4,
e mostra o impacto do algoritmo de selecao de atributos FMFS sobre a melhoria nas métricas

de avaliacao do modelo kNN sobre a base de dados ADNI.

Figura 5.13. ADNI - kNN enhancement.
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Portanto, pode-se afirmar que os conjuntos de dados AIBL-6 e ADNI-3, submetidos ao

modelo kNN, resultaram em melhor desempenho na estimativa do diagnéstico de Alzheimer,
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permitiu a reducao de dimensionalidade, realgou os atributos mais importantes e reduziu o

tempo de treinamento, objetivos desejaveis para o método de selecao de atributos proposto.

O modelo SVM nao apresentou melhoria estatisticamente significante de desempenho, com
relacdo a métrica B,,, comparando os resultados obtidos sobre as bases de dados AIBL-18
e AIBL-4 nem relativo as bases ADNI-21 e ADNI-11. Porém, os objetivos de reducao de
dimensionalidade, realce dos atributos mais importantes e reducao do tempo de treinamento

foram atingidos.

O algoritmo FMFS colabora para eliminar os atributos cujos exemplos nao contribuem
significativamente com o distanciamento das médias entre as classes da base de dados. Essa
estratégia tende a facilitar o desempenho do algoritmo kNN, por eliminar o equivalente a ruido
no calculo dos vizinhos mais proximos. O resultado desta combinacao foi uma melhoria de

10,29% na acuracia na avaliacao da base ADNI e 21,97% na acuricia na avaliacao da base

AIBL.

J& para o modelo SVM, a consequéncia do uso do algoritmo FMFS nao impacta significa-
tivamente o desempenho, pelo fato de a funcao kernel possuir um parametro de regularizacao
(conhecido como C), que permite encontrar o equilibrio ideal entre uma ampla margem e um
pequeno numero de pontos de dados classificados incorretamente. Controlar C entao equivale
a controlar outliers - C baixo implica que estamos permitindo mais outliers, C alto implica
que estamos permitindo menos outliers. Para todos os modelos de classificacao utilizados nesta

tese, os hiper-parametros foram ajustados no loop interno da validagao cruzada aninhada.

A avaliagdao dos conjuntos de dados por outros 12 métodos de selecao de atributos produ-
ziu resultados de acurédcia inferiores e superiores aqueles conseguidos com o algoritmo FMFS
proposto. A simplicidade no célculo do FMFS e a a qualidade dos resultados obtidos mostram

ser o FMFS uma opcao viavel para avaliagdo dos conjuntos de dados tratados nesta tese.

5.3.1 Comparacao com outras pesquisas

Os melhores resultados obtidos neste trabalho foram comparados com os melhores resultados
em pesquisas anteriores para os trés estudos sobre Alzheimer: AIBL, ADNI e OASIS, detalhados

nas Tabelas BZA, e BZA. Todas as referéncias utilizadas estdo compreendidas entre os
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anos de 2018 e 2021. Conforme apresentado em (KHAN ef all, 2021), o maior nimero de
trabalhos presentes na literatura faz utilizagdo da base de dados ADNI, onde foi encontrado
o maior niumero de referéncias. A comparacao foi feita sobre os resultados de avaliagdo de
desempenho para o caso de trés classes: CN, MCI e AD, no caso das bases AIBL e ADNI, e
para as classes CDR 0, CDR 0.5 e CDR 12, para a base de dados OASIS.

Nessa comparagao entre estudos, foram utilizadas somente as métricas B.,, MAUC, as
técnicas de aprendizado de maquina usadas e os modelos de aprendizado de maquina avaliados

em cada estudo.

A Tabela B23 faz o resumo da comparagao dos resultados deste estudo, para a base de

proximo a 92,50%, para o caso do classificador SVM. Nesse caso, é possivel afirmar que houve
equivaléncia entre os resultados. Avaliado para o classificador Gradient Boosting, o resultado

obtido nesta tese também ficou um pouco superior, tendo ficado com 92,88% de B,.

Tabela 5.25. Comparison with previous study (AIBL dataset)
Reference ML/DL Model B., MAUC
GB 92,88 0,974
Present study ML
SVM 92,52 0,959
KNN 82,50 NA
(NLYAS: P}, 2021H) ML
SVM 92,50 NA
NA - not available. GB - Gradient Boosting.
Except for MAUC, all numerical results are expressed as per-
centages.
Source: Own authorship.

Para a base de dados AIBL, os melhores resultados de aumento de desempenho, utilizando
o classificador kNN, foram atingidos pelo uso do algoritmo FMFS, quando a métrica B, passou

de 74,15% para 90,44%, conforme pode ser verificado na Tabela B3.

A Tabela faz o resumo da comparacao dos resultados deste trabalho, para a base de

dados ADNI, com os estudos (NIYAS; P, 2021d), (NLIYAS: P, P021H), (NGUYEN_MI, 2020),

(DD et all, 2019), (MOORE ef all, 2019), (GHAZL ef

(LI, po20), (ALBRIGHT, 2019), (

all, P0TY) e (NGUYEN ef all, PUTR). Neste estudo, a métrica B,, atingiu o valor de 92,61%, para

o classificador SVM, e se mostrou 2,9% superior ao melhor resultado reportado pelos outros
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estudos. Também o classificador logistic regression apresentou resultado de 92,46% para a B,,.

Tabela 5.26. Comparison with previous studies (ADNI dataset)
Reference ML/DL Model B., MAUC
LR 92,46 0,973
Present study ML
SVM 92,61 0,969
(NIYAS; P, 20214) ML RF 87 NA
KNN 90 0,96

(NLYAS: P}, P02TH) ML
SVM 88 0,95
(NGILYEN_MI, 2020) DL RNN 88,7 0,944
(CITCI LY, 2020) DL RNN 8793  0.9439
(ALRRIGHTI, 2019) DL RNN NA 0,866
(MDI"efall, 201Y) ML RF 86 NA
(MOORE et _all, 2019) ML RF 73 0,82
(GHAZI et all, 20UTY ML LDA NA 0,75

(NGUYEN ef_all, PUIR) ML SVM 79 0,86
NA - not available. LDA-linear discriminant analysis. RNN-
recurrent neural network. RF-random forest. LR-logistic regres-
S10M.

Except for MAUC, all numerical results are expressed as percen-
tages.
Source: Own authorship.

Os resultados obtidos nesta tese sobre o diagnoéstico de AD fazendo uso das bases de dados
ADNI e AIBL, com énfase em avaliacdo por dados clinicos, foram aprovados e apresentados
no IX Congresso Latino-Americano de Engenharia Biomédica (CLAIB 2022) e no XXVIII
Congresso Brasileiro de Engenharia de Engenharia Biomédica (CBEB 2022), por intermédio
do artigo intitulado "Selecao simplificada de atributos para auxilio ao diagnoéstico da doenca de
Alzheimer utilizando aprendizado de maquina' (SARATVA IR "ef all, 2022). O artigo apresentou
o algoritmo de selegdo de atributos aqui proposto - FMFS, o impacto da sua utilizacao na

melhoria das métricas de desempenho e a comparacao com estudos anteriores.

A base de dados OASIS, juntamente com a base AIBL, também é pouco referenciada na
literatura (KHAN _ef all, 2021), porém foi possivel comparar o desempenho com o estudo
(PATIVA; ESCOVEDO, 2071). A Tabela B2 mostra um desempenho superior de 4,5% do
melhor resultado da B,, deste trabalho comparado com o melhor resultado obtido em (PAIVA]
ESCOVEDQ, p021). Também o classificador random forest apresentou desempenho superior,

tendo atingido a métrica B, de 75,30%.
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Tabela 5.27. Comparison with previous study (OASIS dataset)
Reference ML/DL Model B.., MAUC
RF 75,30 0,881
Present study ML
DT 76,25 0,842
RF 64,30 NA
(PAIVA; ESCOVEDQ, 2021) ML
LR 73,00 NA
NA - not available. RF-random forest. DT-decision tree. LR-logistic
Tegression.
Except for MAUC, all numerical results are expressed as percentages.
Source: Own authorship.

5.3.2 Outras consideracées sobre a analise em dados clinicos

O uso do algoritmo FMF'S sobre a base de dados AIBL atingiu redugao em 4.5x, de 18 para
quatro atributos. Para a base de dados ADNI, a reducao chegou a 7x, de 21 para trés atributos.
No entanto, para a base de dados OASIS, o impacto de reducao foi de apenas 1.4x. Em parte,
isso explica o motivo de as métricas de avaliacdo comparativa de desempenho, expressas na

Tabela B, nao terem apresentado melhoria significativa.

Enquanto a base de dados AIBL-18 possui 785 instancias e a ADNI-21 possui 1033 instan-
cias, a OASIS-7 possui apenas 217 instancias. Isso explica a maior dificuldade dos modelos
de classificacdo em generalizar as previsdes sobre a base de dados OASIS-7, para o caso de

avaliacao em trés e duas classes.

A avaliagdo do desempenho para duas classes mostrou resultados de diagnéstico da AD
muito préximo a 100% de acerto. Particularmente, a base de dados ADNI-11, avaliada entre
as classes NC x AD, pelo classificador SVM, apresentou a métrica B, de 99.88% e AUC de
1.000. Nas mesmas condi¢oes de avaliacao, a base AIBL-4 apresentou a métrica B,, de 96,76%

e a base OASIS-5 apresentou a métrica B, de 88,04%.

Na avaliacdo com outros classificadores, além do SVM e do kNN, as Tabelas 610 e b1
mostram que o classificador SVM manteve bons resultados diante dos demais classificadores,
com excessao para o Gradient Boosting. Em parte, isso se explica porque as bases AIBL-4
e ADNI-11 foram obtidas a partir do algoritmo FMFS, porém ajustadas para o classificador

SVM. Os resultados foram diferentes para a base de dados OASIS-5, que apresentou o melhor
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resultado para o classificador decision tree.

O algoritmo FMFS mostrou resultados comparaveis com outros 12 tradicionais métodos de
selecao de atributos, como mostram os resultados apresentados na Tabela B3, Tabela B4 e

Tabela BTA.

5.4 DISCUSSAO DOS RESULTADOS DA ANALISE SOBRE AS IMAGENS

O banco de dados primario ADNI1:Screening 1.5T possui 307 pacientes com diagnostico de
CN e 243 pacientes com diagnéstico de AD, conforme explicitado na Tabela BT, Esses niimeros
mostram por si s6 que ha um desafio em utilizar uma quantidade tao reduzia de MRIs para se
produzir uma analise de diagnodstico com base em imagens e usando técnicas de DL, tendo em

vista que maiores volumes de dados facilitam o aprendizado das redes neurais profundas.

Os dados de MRI foram disponibilizados em formato NIFTI 3D, com disponibilidade de
imagens no plano axial, coronal e sagital. A regidao de interesse de andlise para determinacao
do diagnostico de AD é a regiao do lobo temporal medial. No lobo temporal mesial se localiza o
hipocampo, que é uma estrutura duplicada, espelhada na linha mediana do corpo, responsavel
pela memoéria, um dos aspectos mais afetados pela AD. Assim, ndo é razoavel se utilizar de
imagens no plano sagital, que mostraria apenas o hipocampo esquerdo ou direito a cada imagem.

Dessa forma, foram escolhidos os planos coronal e axial para analise.

Todos os bancos de dados de imagem coronal e axial gerados neste trabalho foram utilizados
para treinamento das redes propostas, CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5. A rede CNN-
1 (Figura B223) possui dez camadas convolutional, cinco camadas mazx pooling, sete camadas
batch normalization, cinco camadas dropout, uma camada flatten, e quatro camadas dense. A
CNN-2 (Figura B28) é uma versao da CNN-1 com redugdo da dimensionalidade das camadas.
A CNN-3 (Figura B227) é uma versao da CNN-1 com aumento da dimensao das camadas. A
CNN-4 (Figura B28) possui o acréscimo de camadas com relacdo a CNN-1, aumentando a
profundidade, e a CNN-5 (Figura B229) possui as mesmas camadas da CNN-4, com redugao das
dimensionalidades das camadas. Também foram utilizados os modelos de redes pré-treinadas
VGG-16, VGG-19, ResNet-50 e Inception V3 no processo de avaliagao das bases de dados de

imagem.
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5.4.1 Plano coronal

Para o plano coronal foi possivel gerar um banco de dados de imagens com dados de 226
pacientes em CN e 173 pacientes em AD. Portanto, a estratégia de escolha de imagens proposta
neste trabalho fez o aproveitamento de 73,6% dos pacientes com diagnéstico CN e 71,2% dos
pacientes com diagnostico de AD da base de dados primaria ADNI1:Screening 1.5T. Muitas
foram as situagoes de auséncia de dados ou de erros no tratamento do arquivo MRI, impossibili-
tando um aproveitamento maior da base de dados primaria. O resultado é que se a quantidade
de dados primaérios ja é considerada pequena para ser utilizada em analise por modelos de DL,

ficou ainda menor. Assim, foi necessario criar estratégias de aumento de dados.

A selecao das imagens de interesse foi feita com base na evidéncia da presenca do hipocampo
no slice escolhido. Entdo, a primeira estratégia de aumento de dados foi determinar uma
imagem central e outras de slices adjacentes, tendo em vista que o hipocampo é uma estrutura
que alcanca alguns centimetros. Essa estratégia foi utilizada tanto no plano coronal, como no

plano axial.

Entao, foram montados dois bancos de imagens. O banco C1 que possui somente o slice
central e resultou em 226 imagens de CN, e 173 imagens de AD. O banco C2 que possui
slice central, adicionado de nove slices anteriores e nove slices posteriores, resultando em 4.294

imagens de CN e 3.287 imagens de AD.

Adicionalmente, foi proposta a montagem de duas particoes diferentes para o processamento
das imagens, combinando os bancos de dados C1 e C2, que resultou nas parti¢coes S1 e S2

(Tabela 523).

A partigao coronal S1 (Tabela B23) foi avaliada por diversos modelos de DL (Tabela 517),
sendo que a CNN-5 apresentou o melhor resultado para B,,, com o valor de 94,79%. Para
esse caso, foi significativo o aumento da profundidade da rede e a redugdo da dimensionali-
dade. Também foi feita avaliacdo com redes as pré-treinadas, VGG-19, VGG-16, ResNet-50 e
Inception V3, com resultados inferiores a CNN-5. A quantidade de imagens tanto na parti-
¢do S1 como na particdo S2, nao é suficiente para treinar redes tao profundas, como as rede

pré-treinadas utilizadas.

A particao coronal S2 foi avaliada pelos modelos CNN-1, CNN-2, CNN-3, CNN-4 e CNN-5.
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A CNN-4 apresentou o melhor resultado de B,,, tendo atingido o valor de 97,83%. Essa foi a
melhor métrica atingida na classificacdo de AD por imagens. Assim como a CNN-5, a CNN-4

é uma rede de maior profundidade, mas com dimensionalidade aumentada.

Também foi experimentada a técnica de aumento de dados classica no tratamento de banco
de imagem na partigdo coronal S2. Um aumento de dados de 2x sobre a particao de treino,
usando uma faixa de variagao aleatéria de [0.99, 1.01] no zoom, faixa de variagdo aleatoéria
de [0.8, 1.2] no brilho e inversao aleatéria horizontal, foi experimentado. Os resultados nao
mostram evidéncias de melhora sobre as métricas. Para esse banco de dados e nas condigoes de
avaliagdo em que foram realizadas, é possivel afirmar que a estratégia de realizar aumento de
dados utilizando os slices laterais foi mais eficiente que utilizar as técnicas classicas baseadas

em zoom, brilho e inversao horizontal.

Em (CIN"ef all, 2013) foi proposta uma nova rede profunda denominada '"Network In
Network"(NIN) para tarefas de classificagdo. Esta nova estrutura consiste em utilizar uma
camada global average pooling (GAP) como substituto das camadas totalmente conectadas nas
CNNs convencionais. Segundo os autores, a camada GAP atua como um regularizador estrutu-
ral que impede o sobreajuste global da rede. Adicionalmente, a visualizacao dos class activation
maps (CAM) da tltima camada convolucional da NIN possibilitam a realizagao de detecgao de

objetos na imagem de entrada.

A utilizagdo da camada GAP para localizacao de objetos foi feita em (ZHOU ef _all, 201H),
que concluiu que a rede foi capaz de localizar as regioes discriminativas da imagem. A CAM

destaca regioes especificas na imagem em funcao da classe decidida.
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Utilizando estes conceitos, criamos uma rede VGG-16-GAP, acrescentando a camada GAP a
uma rede VGG-16, treinamos toda a rede usando as imagens da particao S1 dos dados coronais,,
e passamos a avaliar as regioes destacadas pela CAM em funcao de cada classe decidida pela
rede. A Figura b4 mostra o heat map de dois diferentes pacientes com diagnéstico de CN e

AD.

Figura 5.14. CN ADNI 002_S_ 1261 patient heat map and AD ADNI 007_S_ 1248 patient heat map. Red
boxes highlight the region of interest.

CN class — patient ADNI 002_S 1261  AD class — patient ADNI 007_S 1248 \jore Attention

Less Attention

Source: Own authorship.

Nestes casos, mostrados na Figura BT4, fica evidente que a rede da destaque a regiao
do hipocampo no paciente com diagnéstico de AD, o que nao acontece para o paciente com
diagnostico de CN. A atrofia cortical é uma alteracgao inespecifica da AD, pois esta presente em
diversas doengas neurodegenerativas ([TETPEL ef all, PO0R). Ela pode ser observada em diversos
slices do grupo AD, mas nao foi levada em consideracao pela rede neural. Isto demonstra a

capacidade da rede neural em identificar padroes mais especificos de deméncia associada a AD.

Também foram avaliados os heat maps para cada uma das 19 imagens do paciente ADNI

007_S 1248, como mostra a Figura bTA.
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Figura 5.15. Heat map of the 19 images of patient ADNI 007_S_ 1248 diagnosed with AD.
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Source: Own authorship.

Nota-se que o heat map dos 19 slices escolhidos para o paciente ADNI 007 S 1248 possuem
uma certa semelhanca, ainda que seja perceptivel que ha maior destaque na regiao do hipocampo
direito nos slices posteriores, caminhando para o equilibrio a medida que se avanca na direcao
dos slices anteriores. Neste caso, todos os slices foram individualmente decididos como sendo
com diagnédstico de AD. A escolha do quantitativo de 19 slices por paciente parece ter sido
acertada, tendo em vista que a rede conseguiu localizar a regiao do hipocampo em todos os

slices do paciente ADNI 007_S_ 1248.

Os resultados apresentados pela Tabela e Tabela BZI mostram que a estratégia de
utilizar multiplas instancias e classificador por maioria é uma boa alternativa em comparacao
com a decisao em Unica instancia. Além de conquistar melhores valores de métricas, a decisao

por maioria mostrou maior robustez na escolha do modelo de CNN.

5.4.2 Plano axial

Para o plano axial foi possivel gerar um banco de dados de imagens com dados de 213 pa-

cientes em CN e 184 pacientes em AD. Portanto, a estratégia de escolha de imagens proposta
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neste trabalho fez o aproveitamento de 69,4% dos pacientes com diagnostico CN e 75,7% dos pa-
cientes com diagnoéstico de AD da base de dados priméria ADNI1:Screening 1.5T. Muitas foram
as situagoes de auséncia de dados ou de erros no tratamento do arquivo MRI, impossibilitando

um aproveitamento maior da base de dados primaria.

O banco de imagens gerado para o plano axial resultou em 1.656 imagens de AD e 1.917
imagens de CN e foi montada uma particdo tnica, como pode ser verificado na Tabela B=Z3.
Diferente do plano coronal onde foi feito o aumento de dados de 19 imagens por paciente, no

plano axial foi feito somente o aumento de dados por nove imagens por paciente.

A avaliagao do banco de imagens no plano axial pelas redes CNN-1, CNN-2, CNN-2, CNN-
3, CNN-4 e CNN-5, produziu métricas de B,, inferiores a 61%. Nos experimentos realizados
neste trabalho, é possivel afirmar que as imagens no plano coronal resultaram em avalia¢oes

muito superiores aquelas realizadas pelas imagens no plano axial.

O banco de imagens axial, gerado nesses experimentos, resultou em apenas 1.656 imagens
de AD e 1.917 imagens CN, enquanto a particdo S2 do banco de imagens coronal resultou em
2.600 imagens de AD e 3.466 imagens CN. A menor dimensionalidade do banco de imagens
axial pode ter contribuido para o menor desempenho na avaliacdo. Também é razoavel supor
que a selecao de slices no plano axial nao gerou as melhores escolhas na determinacao das areas

de interesse.

5.4.3 Comparacao com outras pesquisas

Os melhores resultados obtidos neste trabalho foram comparados com os melhores resultados
em pesquisas anteriores para a classificacao entre CN e AD, que utilizaram imagens de MRI
oriundas do estudo ADNI, juntamente com alguma técnica de DL. A Tabela faz o resumo
da comparacao dos resultados deste estudo com alguns outros estudos publicados entre 2020 e

2022.
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Tabela 5.28. Comparison with previous DL studies

Reference Dataset B, Ay P, S Sy F1
Present study ADNI  99.2% 99.3% 99.2% 99.6% 98.9%  99.3%
(HAN et_all, 2020) ADNI NA  9867% 99,66% 98,18% 99,27% 99,46%
(CIef—all, 2O22) ADNI NA  93,16% 75,00% 83,18% 78,59% 77,38%

(RAZZAK ef_all, 2022) ADNI NA 87,92% NA NA NA NA
(HAZARIKA ef all, 2022)  ADNI NA 97% 96% NA NA 97%
(W1 et all, 2O27) ADNI NA  91,31% 938%  88,3% 94,2 91,0%
(SHARNA ef_all, 2022) ADNI NA  97,33% NA 100%  97% NA
(ZHANG ef all, 2023) AIBL NA 934% NA NA NA NA
33) ADNI NA  90,5% NA 84,6%  95,0% NA
3H)

ADNI NA  90.4% NA 90,3%  90,5% NA

(GAO et all,
(GAOQ et all, P02
NA - not available.

\. \)
w
|®1

Source: Own authorship.

A exatidao alcancada por este estudo foi melhor do que a dos outros estudos de 2020 a 2023
apresentados na Tabela B28. Todos os estudos apresentados tentaram distinguir entre NC e
DA, utilizaram imagens de RM dos conjuntos de dados ADNI e AIBL e empregaram técnicas
de DL. E preciso considerar que estes estudos comparados podem ter selecionado conjuntos de
dados das muitas opgoes disponiveis na base de dados ADNI que diferem deste estudo, tornando

dificil a comparacao direta.

5.5 SUGESTAO DE APLICACAO DAS NOVAS TECNOLOGIAS

Como visto no Capitulo-ll, o relatério da Alzheimers Disease International (Ganthier S
ef_all, POZ1) afirma que 75% das pessoas com deméncia, por algum motivo, ndo estdao sendo
diagnosticadas. Do ponto de vista tecnolégico, pode-se afirmar que as técnicas apresentadas
neste estudo podem somar na construcao de um cenario de ferramental tecnolégico 1til para o

auxilio ao diagnostico da AD, com potencial para ajudar milhoes de pessoas que podem esta
sob suspeita dessa doenca.
Além dos estudos académicos, alguns revisados neste trabalho, ha também plataformas

tecnologicas que utilizam tecnologia de ML de tltima geracao para construir ferramentas ino-

vadoras para andlise quantitativa automéatica de imagens médicas, como ¢é o caso do projeto
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"InnerEye"®, da Microsoft Research®, que tem apoio do National Health System da Inglaterra.

5.5.1 Sistema Unico de Saide brasileiro - SUS

Segundo definicao do portal do Ministério de Satde brasileiro?, o Sistema Unico de Satide
(SUS) é um dos maiores e mais complexos sistemas de satide publica do mundo, abrangendo
desde o simples atendimento para avaliacao da pressao arterial, por meio da Atencao Primaria,
até o transplante de 6rgaos, garantindo acesso integral, universal e gratuito para toda a popu-
lacao do pais. Com a sua criagdo, o SUS proporcionou o acesso universal ao sistema ptublico de
saude, sem discriminacao. A atencao integral a saude, e ndo somente aos cuidados assistenciais,
passou a ser um direito de todos os brasileiros, desde a gestacao e por toda a vida, com foco

na saude com qualidade de vida, visando a prevencao e a promocao da saude.

5.5.2 Premio Inovacdao Engenharia Biomédica para o SUS 2023

Figura 5.16. Biomedical Engineering Innovation Award for SUS 2023.

A ~ L] -
Premioinovacao .0 Premio innovacion

PARA O SUS 2023 LATINOAMERICA 2023

Source: Adapted from
https://www.bostonscientific.com/pt-BR /inovacao /premio-de-inovacao-para-o-sus.html.

Este concurso visa reconhecer e premiar trabalhos técnico-cientificos na area da Engenharia
Biomédica, com tematica relacionada a solugdes para o sistema publico de satude, propondo
solucoes praticas para os problemas enfrentados pelo Sistema Unico de Saide - SUS.

Segundo o edital deste concurso”, as propostas serao avaliadas por membros da:

1. Sociedade Brasileira de Engenharia Biomédica SBEB;

thttps://www.microsoft.com/en-us/research/project /medical-image-analysis/
Zhttps://www.gov.br/saude/pt-br/assuntos/saude-de-a-a-z/s/sus
3https://sbeb.org.br /wp-content /uploads/2023/06 /EDITAL_SBEB_PREMIO_ 2023 V2-1.pdf
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2. Ministério da Saude MS;
3. Agéncia Nacional de Vigilancia Sanitaria ANVISA;
4. Organizacao Pan-Americana da Satude OPAS;

5. Federagao Internacional de Engenharia Médica e Biologica ITFMBE.

5.5.3 Proposta vitoriosa

Este trabalho foi submetido ao Premio e foi reconhecido como vitorioso, tendo sido avaliado

sob os seguintes aspectos:

1. INOVACAO Potencial de inovacio do projeto para o SUS;

2. APLICABILIDADE AO SUS - O quanto o projeto pode ser aplicado e impactar o SUS,

considerando suas politicas, pilares basilares e demandas da populacao;

3. QUALIDADE DE VIDA E AMPLITUDE POPULACIONAL - Impacto do projeto na

qualidade de vida da populacao usuaria do SUS e no aumento da populacao atendida;

4. PRAZO PARA BENEFICIO - Grau de maturidade do projeto. Tempo necessério para

que os beneficios para o SUS sejam alcancgados;

5. CUSTO/ BENEFICIO - Quantidade e complexidade de recursos necessarios (tecnolégicos,
financeiros, humanos, tempo) para consecugao/execugao do projeto frente os beneficios

para o SUS e para a sociedade;

6. IMPACTOS: SOCIAL, TECNOLOGICO, CIENTIFICO - Sob a perspectiva da sociedade
brasileira, o potencial do projeto em termos de geracao de novos avangos cientificos, futura
geracao de empregos, exportacoes e do fortalecimento do Complexo Industrial de Satude

Brasileiro, diminuindo a dependéncia do SUS do mercado externo (importagoes).
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Este capitulo apresentou os resultados obtidos pelas analises clinicas e os resultados obtidos
pela avaliacao de imagens de ressonancia magnética. Também foi feita a discussdo sobre os
resultados e a comparagao com resultados atingidos por outros pesquisadores. No préximo

capitulo, serao apresentadas as conclusoes e as contribuigoes deste trabalho.



CAPITULO 6

CONCLUSOES

A utilizacao de técnicas de inteligéncia computacional sobre dados clinicos mostrou-se efi-
ciente no auxilio a determinacao do diagnéstico da doenca de Alzheimer. Este trabalho fez
uso de dados clinicos de trés renomados estudos conduzidos por universidades e institutos de
pesquisa mundiais, realizou diversos experimentos exploratorios e propos novos recursos tecno-
l6gicos que melhor se adequassem aos dados na determinagao do diagnéstico, tendo atingido
99,88% de acurdcia na previsao da doenca, utilizando dados do estudo Alzheimers Disease

Neuroimaging Initiative, que é a base de dados mais usada na literatura.

Na construcdo de uma alternativa tecnoldgica para conduzir os trabalhos sobre os dados
clinicos, foi proposto um novo algoritmo de sele¢do de atributos que apresentou resultados pro-
missores, utilizando uma abordagem simplificada, porém tendo produzido resultados superiores

quando comparados com os resultados de outros estudos referenciados na literatura.

E também contribuicdo do algoritmo de selecio de atributos proposto a reducio de dimensi-
onalidade das bases de dados, a reducao do tempo de treinamento dos modelos de aprendizado
e o realce dos atributos que mais influenciam no diagnostico da doenca de Alzheimer, cujo

diagnostico preciso continua desafiando a ciéncia.

Também foram aplicadas técnicas de inteligéncia computacional sobre dados de imagem,
obtidas por ressonancia magnética. Foram propostas estratégias para a construcao de bases de
dados de imagem sobre os planos coronal e axial. Estratégias de tratamento das imagens foram
realizadas e foi possivel atingir 99,3% de acurdcia na previsao da doenca, utilizando dados

de ressonancia magnética do estudo Alzheimers Disease Neuroimaging Initiative, na versao

ADNI1:Screening 1.5T.

Dada a necessidade de grandes volumes de dados para processamento dos modelos de apren-
dizado e a baixa quantidade de ressonancias magnéticas, foi feita uma proposta de aumento de

dados e comparada com uma alternativa classica de aumento de dados. Para esse caso estudado
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o aumento de dados proposto se mostrou mais vantajoso. Também para as condig¢oes estudadas
neste trabalho, a utilizacao de imagens no plano coronal apresentou melhor resultado que no

plano axial.

Foram também propostas algumas arquiteturas de redes convolucionais, variando a di-
mensionalidade e a profundidade das camadas, no sentido de melhor encontrar ferramentas
computacionais que ajudassem na melhoria dos estimadores para o diagnoéstico da doenca de

Alzheimer.

Os resultados obtidos neste trabalho indicam que a direcao tomada por este estudo é pro-
missora e deixa contribui¢oes para o aprimoramento do diagnéstico de Alzheimer baseado em
técnicas de inteligéncia computacional. Poderao ser realizadas novas investigagoes para auto-
matizar a selecao do slice central no plano coronal, em vez da selecao manual realizada neste

estudo.
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