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Abstract 

Population suffering from dementia is steadily growing, being Alzheimer’s Disease (AD) one of the most 

common underlying pathologies. Nowadays, AD accounts for an estimated 60 to 80 % of dementia cases. 

The detection of AD at early stages and the distinction from other causes for cognitive impairment can be 

crucial to bring an optimal support to individuals suffering from it, as well as for early treatments. 

Neuropsychological tests are a powerful tool to carry out the detection, which has traditionally been carried 

out manually by clinicians. Such manual detection is time intensive and it is also subject to the efficiency 

and accuracy of the person in charge of it. Machine learning (ML) algorithms are an alternative method that 

can provide an automated process of detection. Moreover, they can also provide valuable insights into 

diagnosis and classification that otherwise could not been possible to obtain. In this project, it was aimed 

to classify subjects in three clinical diagnosis classes: normal aging (NA), mild cognitive impairment (MCI) 

and Alzheimer’s Disease (AD), through the implementation of five ML algorithms: Linear discriminant 

analysis (LDA), Quadratic discriminant analysis (QDA), Artificial Neural Networks (ANN’s), Support Vector 

Machines (SVM) and a combination technique called Bagging. Additionally, a feature extraction method 

called multiple discriminant analysis (MDA) has been tried for a two features projection and a one feature 

projection case, for each of the designed classifiers. The Bagging algorithm implemented with ANN’s as a 

base classifier has provided the best results in terms of error probability while the QDA has offered the 

lowest one. Also, the usage of MDA has proved that better results can be obtained with it rather than without 

a projection strategy. Overall, the results shown in this project indicate that ML classifiers can be used to 

automatize clinical diagnosis of individuals with cognitive impairment.  
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Resum 

La població que pateix demència creix contínuament any rere any, essent l’Alzheimer una de les patologies 

subjacents més comunes. Avui en dia, l’Alzheimer suposa entre un 60 i un 80% del total de casos de 

demència. La detecció de l’Alzheimer durant les seves fases inicials, així com el fet de poder distingir-lo 

d’altres possibles causes del deteriorament cognitiu és crucial per poder facilitar una assistència i 

tractament precoç a aquells que el pateixin. Els tests neuropsicològics són una eina molt útil per poder 

realitzar la detecció, però, en l’actualitat, els clínics especialitzats quantifiquen els resultats obtinguts 

manualment. Fer l’anàlisi dels test de manera manual suposa molt temps de dedicació i està subjecte a 

l’eficiència que puguin tenir els professionals encarregats de portar-ho a terme. Les tècniques de machine 

learning (ML) són un mètode alternatiu a l’anàlisi manual i permeten l’automatització de la tasca. 

Addicionalment, obren un món de noves possibilitats a realitzar anàlisis més complexes que, de manera 

tradicional, hauria sigut complicat portar a terme. L’objectiu d’aquest projecte ha estat classificar subjectes 

en tres possibles classes: demència tipus Alzheimer, deteriorament cognitiu lleu i envelliment normal. La 

classificació s’ha realitzat mitjançant cinc algoritmes de ML: anàlisis discriminant lineal, anàlisis 

discriminant quadràtic, xarxes neuronals, support vector machines i un algoritme de combinació denominat 

Bagging. A més, s’ha utilitzat una tècnica de reducció de característiques (MDA). Aquesta s’ha aplicat per 

a la reducció a dos característiques i a una característica dels tests, respectivament, a més d’haver-se 

provat en tots els classificadors dissenyats durant el projecte amb l’objectiu de valorar el possible impacte 

de la mateixa en el procés de disseny. L’algoritme de Bagging utilitzant xarxes neuronals com a  

classificador base és aquell que ha obtingut millors resultats en termes de probabilitat d’error. En canvi, 

l’anàlisi discriminant quadràtic ha sigut el pitjor. A més, s’ha pogut verificar que l’ús d‘una tècnica 

d’extracció de característiques millora els resultats notablement. En resum, els resultats mostrats en el 

projecte demostren que es poden aplicar tècniques de ML per automatitzar els processos de diagnòstic 

clínic del deteriorament cognitiu. 
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Resumen 

La población que padece demencia crece de manera continua año tras año, siendo el Alzheimer una de 

las patologías subyacentes más comunes. Hoy en día el Alzheimer supone entre un 60 y un 80% del total 

de casos de demencia. La detección del Alzheimer durante sus fases iniciales, así como el hecho de poder 

distinguirlo de otras posibles causas del deterioro cognitivo, es crucial de cara a poder facilitar una 

asistencia y tratamiento precoz a aquellos que lo padecen. Los tests neuropsicógicos son una herramienta 

muy útil para realizar esta detección. No obstante, en la actualidad, los clínicos especializados cuantifican 

los resultados manualmente. Realizar el análisis de los test de manera manual comporta mucho tiempo 

de dedicación y está sujeto a la eficiencia que puedan tener los profesionales encargados de realizarlo. 

Las técnicas de machine learning (ML) son un método alternativo al análisis manual que permiten la 

automatización de la tarea y, además, permiten realizar análisis más complejos que, de manera tradicional, 

habría sido complicado llevar a cabo. El objetivo de este proyecto ha sido clasificar sujetos en tres posibles 

clases: demencia tipo Alzheimer, deterioro cognitivo leve y envejecimiento normal. La clasificación se ha 

realizado mediante la implementación de cinco algoritmos de ML: análisis discriminante lineal, análisis 

discriminante cuadrático, redes neuronales, support vector machines y un algoritmo de combinación 

denominado Bagging. Además, se ha usado una técnica de reducción de características (MDA), 

aplicándose para la reducción a dos características y a una característica de los test, respectivamente. 

Esta técnica se ha probado en todos los clasificadores diseñados durante el proyecto para valorar el 

posible impacto de la misma en el proceso de diseño. El algoritmo de Bagging implementado a partir del 

uso de redes neuronales como clasificador base es el que ha obtenido mejores resultados en términos de 

probabilidad de error. En cambio, el análisis discriminante cuadrático ha sido el peor. También, se ha 

podido verificar que el uso de una técnica de extracción mejora los resultados notablemente. En resumen, 

los resultados mostrados en el proyecto demuestran que se pueden aplicar técnicas de ML para 

automatizar los procesos de diagnóstico clínico del deterioro cognitivo. 
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Chapter 1 

Introduction 

This chapter is devoted to introducing the project done. After presenting the motivation of the project, the 

main goals, requirements and specifications are stated. Also, the methods and procedures carried out are 

explained. Finally, an overview of each of the chapters contents is given. 

1.1   Statement of purpose 

Alzheimer’s disease (AD) is a clinical syndrome caused by neurodegeneration and is characterized by an 

inevitable progressive deterioration in cognitive ability and capacity for independent living. An early 

detection of the changes and a classification of the impairment type is crucial to bring an optimal support 

and monitoring from the initial stages of the disease. Neuropsychological assessment is a powerful tool to 

detect the loss of the cognitive abilities and behavioural changes, but has the trade-off to be a time intensive 

procedure if done in a manual way. Therefore, a natural interest was born to automatize the task.   

This project tries to address the problematic using machine learning (ML) algorithms. It is going to be carried 

out at Universitat Politècnica de Catalunya (BarcelonaTech), at the Barcelona School of 

Telecommunications Engineering and in the Barcelona Biomedical Research Park, more specifically in the 

IMIM-Hospital del Mar Research Institute. 

The purpose of the project is to find the best algorithm in terms of probability error and confidence intervals 

among the proposed ones (which are going to be explained in the following points) to classify cognitive 

profiles into three different classes:   

• NA (Normal Aging)  

• MCI (Mild Cognitive Impairment) 

• AD (Alzheimer Disease) 

Also, once the best options in terms of error and confidence intervals have been determined, we are going 

to combine them to obtain a new classifier to verify if this one can achieve a lower error. All the procedures 

described above are going to be done using the Neuronorma database.  

The main project goals can be summed up as follows: 

1. To use classification algorithms that could be significant for the given data and context. 

2. To apply pre-processing techniques to the given data. 

3. To find the optimal parameters for the classifying algorithms that need a validation on them. 

4. To apply combination techniques to the classifier algorithms. 

5. To find the optimal classifier in terms of classification error and confidence intervals.  

6. To find the best projection approach in terms of performance results. 
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1.2   Requirements and specifications 

The requirements of this project are the following ones: 

• To use a LDC (linear discriminant classifier), QDC (quadratic discriminant classifier), ANN’s 

(artificial neuronal networks) and SVM (support vector machines) to classify the cognitive profiles. 

• To use feature reduction (in this case, extraction) to project the characteristics of each test into one 

and two characteristics using the MDA algorithm.  

• To standardize the Neuronorma database using the mean and the variance of the training database. 

• To find and validate the hidden neurons of the neuronal network and the sigma and the penalty 

parameters of the SVM algorithm with a Gaussian Kernel. 

• To apply Bagging to the classification algorithms. 

The specifications are the ones listed below: 

• To use Matlab as the programming language. 

• To use Matlab subroutines and toolboxes (like the Neuronal one) to develop the software. 

• To compute the confidence interval with a 95% and 99% confidence levels. 

1.3   Methods and procedures 

The project is going to be based on the work done by Rivera [1]. We are starting from the results achieved 

in the mentioned work. More specifically, in the case of the projection, the best projections procedures in 

terms of the performance achieved are going to be used. For example, we are not going to use the principal 

components analysis (PCA) algorithm to reduce the characteristics, due to the results achieved on the 

project.  

Furthermore, considering the two options obtained with the Neuronorma Database (scalar and brute), the 

brute database is the one that is going to be used, because better results were obtained with it rather than 

with the scalar one (which was accomplished normalizing by age and education the raw vectors of each 

subject). Also, artificial neural networks (ANN’s), which was the algorithm-to-go in the thesis this project is 

based on, is going to be compared with ML algorithms such as support vector machines (SVM) and 

quadratic discriminant analysis (QDA). 

The project is done with the collaboration of the IMIM-Hospital del Mar Research Institute, in the 

Neurosciences research programme, more specifically in the Neurofunctionality of brain and language 

research group. Moreover, IMIM provides the database (Neuronorma) which is going to be used on the 

project to accomplish the stated goals. 

The Signal and Communications Department of the UPC is also going to help with the development of the 

project providing their servers, to ensure that the computational tasks that require more resources run 

correctly and smoothly.  
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1.4   Thesis Structure 

The thesis has been divided in five chapters. Chapter one, ‘Introduction’, tries to explain the background of 

the project. That is, a brief introduction to the project, objectives, requirements and specifications.  

In chapter two, ‘State of the Art’, Alzheimer’s disease is untangled and the approximation using 

neuropsychological tests on it is explained. Also, several researches about ML techniques applied to the 

automatic classification (using neuropsychological test results) of the cognitive profiles are presented.  

Chapter three, ‘Theoretical Background and Introduction to the Methodology’, tries to give the theoretical 

fundamentals of the classifiers built and designed during the project to address the problem introduced 

earlier. Also, an overview of how the pre-processing of the DB was done is carried out. 

Chapter four, ‘Validation Strategy and Implementation of the Solution’, explains the procedures followed in 

order to validate the results obtained. Moreover, it includes a discussion on why the shown approaches 

were taken and shows the implementation of the most relevant algorithms. 

In chapter five, ‘Results’, the best results obtained with each of the classifiers are presented. That is, the 

optimal hyperparameters -only if it is necessary-, the error probabilities (training, test and validation), the 

confidence intervals and the confusion matrices are shown.  

Finally, chapter six, ‘Conclusions and Future Work’, synthetizes the conclusions achieved during the 

development of the project and gives an overview of it. Also, the plans of future development are discussed 

in this chapter. 
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Chapter 2  

State of the Art 

This chapter is meant to give a background of the Alzheimer’s disease and the usage of neuropsychological 

tests in order to address it. Also, several research projects which used neuropsychological tests and were 

based on machine learning algorithms are presented. 

2.1   Dementia 

Dementia is a clinical syndrome caused by neurodegeneration and is characterized by an inevitable 

progressive deterioration in cognitive ability and capacity for independent living. It is estimated that this 

syndrome currently affects 47 million of people and is projected to increase to 75 million by 2030 [2]. 

Alzheimer’s disease (AD), vascular dementia, frontotemporal lobar degeneration and Lewy body are the 

most relevant examples about the pathologies involved. Alzheimer’s disease accounts for an estimated 60 

to 80% of cases [3], being the most common underlying pathology. 

2.2   Alzheimer’s Disease 

Alzheimer’s disease was first described in 1906 by Dr. Alois Alzheimer, but 70 years had to pass to be 

considered the most common cause of dementia. Since then, AD has become one of the forefronts of the 

biomedical research. Unfortunately, this does not mean that a cure is currently available for it. However, 

there are treatments that can slow down the symptoms and help with both cognitive and behavioural ones. 

Nowadays, the efforts of the scientific community are concentred on unravelling the brain changes involved 

in the origin and development of AD. As stated before, the pathology is characterized by neurodegeneration, 

which has a negative impact on the quality of daily life. This affects families, caretakers and all the 

institutions looking after individuals who suffer from this pathology. Therefore, an early detection of the 

changes and a classification of the impairment type is crucial to bring an optimal support and monitoring 

from the initial stages of the disease [4]. This may allow to treat it earlier, opening a window of opportunity 

to slow down the loss of functions and to improve their quality of life as long as possible. 

2.2.1   Neuropsychological assessment  

Neuropsychological assessment is a powerful tool to detect the loss of the cognitive abilities and 

behavioural changes. More specifically, neuropsychological tests can detect anomalies in the cognitive 

domains due to dysfunctions in cognitive subdomains caused by AD [5]. An important thing to be aware of 

is that a manual diagnosis of Alzheimer using Neuropsychological tests may require other pieces of 

information such as laboratory study results. All the gathered data is then put together to analyse the 

individual’s impairment, but all the procedure is time intensive and is also subject to the efficiency and 

accuracy of the person in charge of it. Moreover, due to the monetary expenses of the diagnosis, it would 

be desirable to find an alternative to traditional medical diagnosis. 
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2.2.2   Classifying with Machine learning methods  

Machine learning (ML) is the subfield of computer science that, according to Arthur Samuel (1959), gives 

“computers the ability to learn without being explicitly programmed”. ML is employed in a wide range of 

tasks, being pattern recognition (PR) one of them. Pattern recognition algorithms can be used to classify 

subjects for medical purposes, like a diagnosis. Furthermore, methods based on ML were originally 

designed to analyse large and complex medical datasets [6]. Up to now, ML methods have been applied 

in many research projects with classification purposes of the subject’s impairment. Moreover, several 

significant examples of ML techniques applied to classification tasks using neuropsychological test data 

are shown below.   

Chen et al. [7] found out that of different approaches (statistical and ML), a support vector machine (SVM) 

and a Bayesan-network classifier were the ones obtaining the best results classifying subjects in two 

classes (Mild Dementia and no Dementia). In 2012, Quintana et. al. [8] implemented two ML methods, 

artificial neural networks (ANN’s) and linear discriminant analysis (LDA), to classify subjects in three classes 

(NA, MCI, AD). This was done with a neuropsychological database called Test Barcelona and using 

cognitive subdomain’s information that had proven to be relevant in the AD diagnosis from a clinical 

perspective. After obtaining positive results in the classification of the subjects, the necessity to improve 

the algorithm was born to build a classifier from scratch using all the information available. In a study carried 

out later, Weakley et al. [9] used ML methods to automatically classify subjects, exploring many 

configurations that would not have been possible to analyse manually. Also, the ML classifier showed a 

robust and stable classifying behaviour. 
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The designing cycle 

Chapter 3 

Theoretical Background and Introduction to the Methodology 

This chapter is devoted to introducing the theoretical fundamentals of the data pre-processing techniques, 

feature extraction and the machine learning algorithms used to design the classifiers. Also, the application 

breakdown of the pre-processing and feature extraction techniques used in the project is carried out. 

3.1   Pattern Recognition: Introduction 

Pattern Recognition (PR) consists in assigning classes, which are referred by labels, to objects. Objects 

are characterized by a set of information called characteristics. In PR problems, the designer usually has a 

data base (DB) used to design the classifiers. Attending to the previous knowledge the designer has on the 

DB, PR problems can be classified into unsupervised and supervised learning. In the supervised category, 

each object has a label assigned. That is, it is known which group the object belongs to before starting the 

classification design. In the project discussed here, a DB with pre-labelled subjects to design a classifier 

meant to distinguish between three classes of cognitive profiles (NA, MCI and AD) was provided by IMIM-

Hospital del Mar. Therefore, the case under study is a supervised problem.  

Once the designing DB of the problem has been defined, the next step is to explain the methodology 

followed in the project to design the classifiers in charge of the automatized classification of the clinical 

subjects.  

3.2   The Designing Cycle 

In order to solve a PR problem, several basic tasks should be performed. The tasks can be a bit different 

depending on the learning typology of the problem (supervised or unsupervised). Figure 3.1 shows the 

stages followed on the project. As it is represented, after the DB was provided by IMIM, the first thing done 

was data pre-processing tasks, which are explained in the following points in more detail. 
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3.3   Data Pre-Processing 

In problems like PR, where there are considerable amounts of data used, the pre-processing of it should 

not be forgotten. The treatment given to the data before building the classifiers can play a crucial role in the 

results obtained at the end of the process, which makes desirable to have data with as much quality as 

possible [10]. In this project, the pre-processing of the data has been divided into three major tasks. The 

first one to be considered was the splitting of the DB. 

3.3.1   Data Splitting 

As it has been introduced, the DB used to design the classifiers has the form of a labelled set  𝐙 =

{𝐳1, 𝐳2 … 𝐳𝑁}, 𝐙 𝜖 ℝ𝐷 𝑥 𝑁 , 𝐳𝑖𝜖 ℝ𝐷  where 𝐳𝑖 = [𝑧𝑖
(1)

, 𝑧𝑖
(2)

. . 𝑧𝑖
(𝐷)

] 𝑡  , 𝑧𝑖
(𝑗)

𝜖 ℝ  is a column vector which contains all 

the values of the design DB for the 𝑖𝑡ℎ  feature. The cognitive profiles are represented as 𝐱𝑗 =

[𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]𝑡 , 𝑧𝑖
(𝑗)

𝜖 ℝ in which 𝑧𝑖
(𝑗)

 is the feature of the 𝑖𝑡ℎ group of features that belongs to the 𝑗𝑡ℎ 

cognitive profile. The labels -or targets- of each of the cognitive profiles are denoted as 𝑙(𝐱𝑗)𝜖 {1,2,3} , where 

1 represents cognitive profiles classified as NA, 2 as MCI, 3 AD and each cognitive profile belongs to one 

and unique class. 

To build the classifiers, that is, to make them “learn” as much as possible about the data set, we would like 

to use as much data as possible. The data set used with this purpose is called the training set 𝐙𝑡𝑟. However, 

it is also desirable to have another data set that remains unseen until the classifier is built. This set, which 

is called test set 𝐙𝑡, is used in the final stage of the classifier to have a simulation of its performance in a 

“real situation”. That is, to have an unbiased measure about it. There are also cases in which a third data 

set is needed. Several ML classifiers have hyperparameters, such as ANN’s -hidden neurons- or SVM -

penalty and deviation-. In such a case, an independent testing with the pre-built classifier is done in order 

to find the best hyperparameters. The set used with this purpose is called the validation set 𝐙𝑣. 

As it has been introduced earlier, ANN’s and SVM have been used during the realization of the project. 

Because of it, 𝐙 was split into a training set 𝐙𝑡𝑟 which consisted in a 70% of the original set 𝐙- 𝐙 had a cohort 

of 𝐷 =  518 cognitive profiles with 𝑁 =  35 characteristics each one-, a validation set 𝐙𝑣 which consisted 

in a 15% of 𝐙 and a test set 𝐙𝑡 which was also a 15%. The data set splitting process was done in a stratified 

way, that is, the proportion between elements of different classes was the same between the different sets.  

3.3.2   Feature Normalization 

Normalization usually has the outcome of a faster convergence and a reduction in terms of data complexity 

[11]. The feature normalization is done using feature scaling and mean normalization.  

Defining the vectors of features which belong to the training set 𝐳𝑖𝑡𝑟
= [𝑧𝑖𝑡𝑟

(1)
, 𝑧𝑖𝑡𝑟

(2)
… 𝑧𝑖𝑡𝑟

(𝐷)
]

𝑡
, 𝑧𝑖𝑡𝑟

(𝑗)
∈ ℝ, where 

𝑧𝑖𝑡𝑟

(𝑗)
 stands for the 𝑗𝑡ℎ feature of the 𝑖𝑡ℎ vector. The mean 𝜇𝑖𝑡𝑟

 of the feature vector considered and the 

standard deviation 𝜎𝑖𝑡𝑟
 can be defined as,  
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𝜇𝑖𝑡𝑟
=  

1

𝐷
∑ 𝑧𝑖𝑡𝑟

𝑗

𝐷

𝑗=1

       𝑖 = 1 … 𝑁 (3.1) 

 

𝜎𝑖𝑡𝑟
=  √

1

𝐷
∑ (𝑧𝑖𝑡𝑟

𝑗
− 𝜇𝑖𝑡𝑟

)2𝐷
𝑗=1       𝑖 = 1 … 𝑁  (3.2) 

The feature normalization can be expressed as follows: 

 
𝐳𝑖𝑡𝑟

=  
𝐳𝑖𝑡𝑟

− 𝜇𝑖𝑡𝑟
𝟏

𝜎𝑖𝑡𝑟

      𝑖 = 1 … 𝑁 (3.3) 

As shown in Eq. (3.1) and Eq. (3.2), the mean and the variance are computed from the training set, which 

is the one used to build the classifier. Taking into account the splitting done of the DB which was explained 

in 3.3.1: the test set contains data that is going to remain unseen until the classifier has been designed. 

The validation test can also be seen as a pseudo-testing one, because it also remains unseen until the 

training of the model is performed. The normalization of the data is done before the model is built. Including 

information about the validation and the test sets in its process would mean that you knew that information 

beforehand, in other words, the test and validation set would lose their purpose. 

3.3.3   Missing Features 

As stated before, the quality of the data matters. Unfortunately, in our case normalization was not enough. 

The provided DB had several subjects with missing characteristics. Missing characteristics are also a 

relevant part of the data pre-processing since you do not know the relevance or the information that is going 

to give that missing characteristic. The missing characteristic could be the one giving more “hints” about 

the target, which can be learned by the classifier [12]. 

The process followed to handle the missing features consisted in replacing the missing features with the 

mean of its feature group to minimize the deviation with respect to the group. Considering a column vector 

of the 𝑖𝑡ℎ feature  𝐳𝑖, the procedure can be written as follows: 

 

�̂�𝑖
𝑗

=
1

𝐷
∑ 𝑧𝑖

𝑗

𝐷

𝑗=1

    𝑖 = 1 … 𝑁 , 𝑗 = 1 … 𝐷 (3.4) 

in which the upper index 𝑗 refers to the position of the missing characteristic and �̂�𝑖
𝑗
 is the estimation of 

𝑧𝑖
(𝑗)

that replaces the missing feature. 

3.4   Feature Extraction 

One of the most common problems that has been found during the application of ML algorithms to perform 

classification tasks is the one called “curse of dimensionality”. 



 26 

Figure 3.2: Histogram resulting from the projection onto the line joining the class 
means. First class is coloured blue and second class red. [13]. 

 

 

High dimension spaces can make computational tasks completely impractical. Therefore, several 

approaches have been developed with the objective of reducing the dimensionality of the data, being 

feature extraction one of them. 

Due to the results obtained by Rivera [1], it was decided that MDA was the algorithm that was going to be 

used to perform a dimensionality reduction of the DB. 

3.4.1   Fischer’s Linear Discriminant  

MDA is an extension of Fischer’s Linear Discriminant (FLD), which was originally designed for binary cases. 

FLD aims to find a one-dimensional projection of the input vector. That is, considering 𝑦 = �̃�, �̃� ∈  ℝ as the 

projection of the 𝑗𝑡ℎ input vector, where �̃� is the projection of the features belonging to the input vector 𝐱𝑗 =

[𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]𝑡 , 𝑧𝑖
(𝑗)

 𝜖 ℝ , where 𝑧𝑖
(𝑗)

 are the features of the input and 𝐰 = [𝑤(1), 𝑤(2) … 𝑤(𝑁)]𝑡  , 𝑤(𝑗)𝜖 ℝ  is 

the weight vector to be found, 

 

𝑦 =  𝐰𝑡𝐱𝑗      (3.5) 

Nevertheless, without a restriction, classes that might be well separated in the original 𝑁 −dimensional 

space may suffer overlapping once the projection has been done. To address it, a weight vector can be 

found such that the projection maximizes the class separation. Consider a two-class problem in which there 

are 𝑀1 points of class one represented by  𝓌1  and 𝑀2  points of class two represented by 𝓌2 , 𝓌𝑘 ∈

{0,1}.Considering again 𝐱𝑗 as an input vector, the mean of the vectors belonging to class one  𝛍1 and the 

mean of the class two vectors 𝛍2 can be defined as, 

 
𝛍1 =  

1

𝑀1

 ∑ 𝐱𝑗

𝑗∈𝓌1

         𝛍2 =  
1

𝑀2

 ∑ 𝐱𝑗

𝑗∈ 𝓌2

   (3.6) 

The condition of maximizing the difference between the mean vectors to find the weight vector is not enough. 

As Figure 3.2 tries to illustrate, the projection using FDA of the two classes has a considerable overlap 

when it is done onto the line joining their means, that is, with the weight vector found with the introduced 

approach: 
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Fischer’s approach to this problem was to maximize a function 𝐽(w) that gives a large separation between 

the projected class means �̌�𝑘, 

 
�̌�𝑘 =  

1

𝑀𝑘

∑ 𝑦𝑗

𝑗 ∈ 𝓌𝑘

 →     �̌�𝑘 =  𝐰𝑡𝛍𝑘      (3.7) 

while also minimizing the overlap. Defining the scatter �̌�𝑘
2 of the inputs projection 𝑦𝑗 from class 𝓌𝑘 as, 

 
�̌�𝑘

2 =  ∑ (𝑦𝑗 −  �̌�𝑘)2

𝑗∈𝓌𝑘

   (3.8) 

Then, the Fischer’s criterion can be defined as the ratio of the between-class variance defined as �̌�1 − �̌�2 

to the total within class scatter defined as �̌�1
2 + �̌�2

2,  

 

      𝐽(𝐰) =  
|�̌�1 −  �̌�2|2

�̌�1
2 + �̌�2

2            (3.9) 

Using Eq. (3.5), Eq. (3.7) and Eq. (3.8) Fischer’s criterion (Eq. (3.9)) can be rewritten as follows 

 

𝐽(𝐰) =  
𝐰𝑡𝐒𝐵𝐰

𝐰𝑡𝐒𝑤𝒘
  (3.10) 

Which shows an explicit dependency on 𝐰 and in which 𝐒𝐵 is the between-class scatter matrix and 𝐒𝑤 the 

total within-class scatter matrix, defined as,  

 𝐒𝐵 = (𝛍2 −  𝛍1)(𝛍2 −  𝛍1)𝑡     

𝐒𝑤 =  ∑ (𝐱𝑗 −

𝑗∈𝓌1

𝛍1)(𝐱𝑗 − 𝛍1)
𝑡

+  ∑ (𝐱𝑗 −

𝑗∈𝓌2

𝛍2)(𝐱𝑗 −  𝛍2)
𝑡
    

(3.11) 

(3.12) 

In order to maximize 𝐽(𝑤), Eq. (3.10) should be differentiated with respect to 𝐰. It is easily shown that the 

vector w that maximizes 𝐽(𝑤) must satisfy,  

 

𝐒𝐵𝐰 = 𝜆 𝐒𝑤𝐰 →  𝐒𝑤
−1𝐒𝐵𝐰 =  𝜆 𝐰       (3.13) 

which is a generalized eigenvalue problem.  

The same procedure followed for the two-class FLD can be generalized. The projection from an 

𝑁 −dimensional space to a 𝐶 − 1 space with 𝐶 being the number of classes is accomplished defining 𝑖 =

1 … 𝐶 − 1 weight vectors: 
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𝐲(𝑖) = 𝐰𝑖
𝑡𝐱𝑗      𝑖 = 1 … 𝐶 − 1 (3.14) 

That is, for each input vector 𝐱𝑗, 𝐶 − 1 weight vectors can be used to project its characteristics into a 𝐶 − 1 

dimensional space vector 𝐲 = [�̃�(1) … �̃�(𝐶−1)], �̃�(𝑗) ∈  ℝ. Eq. (3.14) can be rewritten using a matrix 𝐖 which 

contains the weight vectors 𝐰𝑖
𝑡 in each of its columns,  

 

𝐲 = 𝐖𝑡  𝐱𝑗        (3.15) 

Where 𝐲 = [�̃�(1) … �̃�(𝐶−1)] , �̃�(𝑗) ∈  ℝ  is the projection of the input vector 𝐱𝑗 . Overall, MDA can obtain a 

projection to a 𝐹 −dimensional space where 𝐹 ≤ min (𝐶 − 1, 𝑁), with 𝐶 being the number of classes and 𝑁 

the number of features. The designer is then free to select the desired dimensionality of the projection as 

long as it satisfies the previous condition. 

3.4.1.1   Practical Application of MDA  

In this project, three cases have been compared: No projection, one-characteristic projection and two-

characteristics projection. To obtain the projections, the characteristics which belonged to a 

neuropsychological test were treated independently from the other test characteristics. To understand the 

reasoning behind this decision, the composition of the DB is first introduced.  

Originally, there were 33 characteristics in the DB which belonged to a total of 13 neuropsychological tests. 

Two more characteristics were added to the ones obtained with the tests, the age and the education, which 

resulted in a total of 𝑁 =  35 characteristics. Considering that the problem under study is 𝐶 =  3 -classes 

PR one and remembering that the projection’s dimension 𝐹  is constrained by 𝐹 ≤ min (𝐶 − 1, 𝑁). If the 

characteristics extraction method had been applied to the complete set of characteristics, it would have 

resulted in a reduction from 35 to 2 or 1 characteristic -in the worst-case scenario-. A significant reduction 

like that would mean the loss of a lot of information provided by them, which could have a huge negative 

impact in the design of the classifiers. Because of it, it was decided to use MDA on sub vectors of the input 

ones 𝐱𝑗. That is, before applying MDA each input vector 𝐱𝑗 = [𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]𝑡  was divided into 11 sub 

vectors 𝛖𝑛 ∈  ℝ𝑉 , 𝑛 = 1 … 11 such that 𝑁 < 𝑉 with 𝑉 =  1 … 3. Each sub vector contained 𝑉 characteristics 

which belonged to one and unique neuropsychological test, except the one that contained the age and the 

education, which were not acquired from a neuropsychological test. Three of the sub vectors were formed 

by characteristics that remained untouched during the MDA process due to some tests having only one 

feature. Therefore, an application of a MDA technique would have no impact on them.  

3.5   Selection of a Classifier Model 

One of the main objectives of the project was to find the best classifier in terms of error probability and 

confidence intervals. Several classifier models were tried in order to compare their performance in the 

classification of cognitive profiles.  
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So, the theoretical background and the implementation of the classifiers used in the project is going to be 

discussed at this point. After the mentioned concepts are covered, a brief discussion about the applied 

criteria to accomplish it is going to be carried out. 

3.5.1   Generative Learning algorithms 

Consider our classification problem in which we want to classify cognitive profiles in three different classes 

-NA, MCI and AD- that is,  𝓌𝑘 ∈ {1, 2, 3}, where 𝓌𝑘  represents the 𝑘𝑡ℎ class, 𝑘 =  1 … 𝐶. Consider a set of 

labelled input vectors defined as 𝐱𝑗 = [𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]𝑡 , 𝑧𝑖
(𝑗)

 𝜖 ℝ where their label is represented by  𝑙(𝐱𝑗) ∈

{1,2,3}. To perform the classification of the cognitive profiles, two main approaches can be taken by the 

learning algorithms.  

On the one hand, the learning called discriminative tries to find the decision boundaries between the three 

classes given a training set. That is, the algorithms try to learn mappings directly from the inputs 𝐱𝑗 to the 

labels -sometimes called targets- 𝑙( 𝐱𝑗). Then, to perform the classification, the algorithm checks in which 

side of the decision boundaries the cognitive profile has fallen, and makes its prediction accordingly. In this 

project, two discriminative algorithms have been implemented: SVM and ANN’s. 

On the other hand, generative learning algorithms try to bring an approximate model of each of the classes 

considered in the problem. That is, the class-conditional probability density function 𝑝(𝐱𝑗|𝓌𝑘) and the prior 

probability of the considered class 𝑃(𝓌𝑘) are modelled. Afterwards, to perform the classification of a new 

subject, the algorithm matches the cognitive profile against each of the models based on the training set 

and checks whether the algorithm has more similitudes to make its prediction. Linear discriminant analysis 

(LDA) and quadratic discriminant analysis (QDA) are two examples of generative algorithms.  

3.5.1.1   Linear Discriminant Analysis 

Linear discriminant analysis (LDA) was the first generative algorithm implemented in this project. Linear 

discriminant classifiers (LDC) are named after the type of discriminant functions they use. Therefore, any 

set of linear functions   𝑔𝑘  : ℝ
𝑛  →  ℝ     𝑘 = 1 … 𝐶  can be seen as a LDC: 

 

𝑔𝑘(𝐱) =  𝐰𝑘
𝑡 𝐱 +  𝑏𝑘      𝐱, 𝐰𝑘  ∈ ℝ𝑛    𝑏𝑘 ∈ ℝ      (3.16) 

Where 𝑏𝑘 is the independent term of the linear function and 𝐱 is the input vector.  

As it has been introduced, LDA tries to model 𝑃(𝓌𝑘)and 𝑝(𝐱𝑗|𝓌𝑘) -prior and conditional probabilities, 

respectively-. A simple application of Bayes Theorem gives us: 

 

𝑃(𝓌𝑘|𝐱𝒋 ) =  
𝑝( 𝐱𝑗 

| 𝓌𝑘) 𝑃(𝓌𝑘)

∑ 𝑝( 𝐱𝑗 | 𝓌𝑙)𝐶
𝑙=1 𝑃(𝓌𝑙)

    𝑗 = 1 … 𝐷   (3.17) 

To simplify the notation, let us consider 𝑓𝑘(𝐱𝑗) as the 𝑘𝑡ℎ class-conditional probability (density) and 𝜋𝑘  be 

the prior probability of the 𝑘𝑡ℎ class.  
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In order to obtain an optimal classifier in terms of probability error [14] -based on the Bayes Theorem- the 

class posterior probabilities are needed. Suppose that each class density is modelled as a multivariate 

Gaussian, that is,    𝑓𝑘(𝐱𝑗) ~ N (𝛍𝑘, 𝚺𝑘) 𝑘 = 1 … 𝐶  , where 𝛍𝑘  is the mean of the 𝑘𝑡ℎ  class and 𝚺𝑘  is the 

covariance matrix of the 𝑘𝑡ℎ class too. 

 

   𝑓𝑘(𝐱𝑗) =
1

(2𝜋)𝑁/2 |𝚺𝑘|1/2
𝑒−

1
2

 (𝐱𝑗− 𝛍𝑘)
𝑡

 𝚺𝑘
−1 (𝐱𝑗− 𝛍𝑘)   𝑗 = 1 … 𝐷 (3.18) 

LDC is a particular case which arises when the assumption of all the classes having a common covariance 

matrix 𝚺𝑘 =  𝚺  ∀𝑘 is made.  

Once the basics of LDA have been introduced, a classifying “rule” should be defined. The process of 

matching the cognitive profile to be classified with each of the models obtained with the training set can be 

seen as an estimation of the class in which the cognitive profile belongs to, defined as �̂�𝑀𝐴𝑃. That is, a 

Maximum a posteriori (MAP) estimation of the class: 

 

�̂�𝑀𝐴𝑃 = arg max
𝑘

𝑓𝑘(𝐱𝑗)𝜋𝑘  

∑ 𝑓𝑘(𝐱𝑗)𝑐
𝑙=1 𝜋𝑘

= arg max
𝑘

𝑓𝑘(𝐱𝑗) 𝜋𝑘   (3.19) 

To obtain the set of discriminant functions we can manipulate Eq. (3.19) such that  

 �̂�𝑀𝐴𝑃 = arg max
𝑘

[ln(𝑓𝑘(𝐱𝑗) 𝜋𝑘)] (3.20) 

Finally, developing Eq. (3.20): 

 ln[𝑓𝑘(𝐱𝑗) 𝜋𝑘] = ln 𝑓𝑘(𝐱𝑗) + ln(𝜋𝑘) = −
1

2
 (𝐱𝑗 − 𝛍𝑘)

𝑡
 𝚺−1 (𝐱𝑗 − 𝛍𝑘) −

ln [(2𝜋)
𝑁

2  |𝚺|
1

2 ] + ln(𝜋𝑘)  

(3.21) 

And discarding all the terms that do not depend on 𝑘:  

 

ln( 𝜋𝑘) −
1

2
 (𝛍 𝑘

𝑡  𝚺−1𝛍𝑘) + (𝛍 𝑘
𝑡  𝚺−1 𝐱𝑗) =  𝐰𝑘

𝑡 𝐱𝑗 + 𝑏𝑘     𝑘 = 1 … 𝐶 (3.22) 

Eq. (3.22) shows the set of discriminant functions. Once the discriminant functions have been defined, the 

MAP estimation can be formulated as follows: 

 
�̂�𝑀𝐴𝑃 = arg 𝑚𝑎𝑥

𝑘
𝑔𝑘(𝐱𝑗) (3.23) 
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3.5.1.2   Quadratic Discriminant Analysis 

Getting back to Eq. (3.18), it has been seen that if 𝚺𝑘 were assumed equal the LDC case would arise. 

However, if 𝚺𝑘 are not assumed to be equal then the cancellations in Eq. (3.21) do not occur. In such a 

case, the quadratic terms of the set of discriminant functions remain: 

 

ln[𝑓𝑘(𝐱𝑗) 𝜋𝑘] =  −
1

2
ln |𝚺𝑘| −

1

2
 (𝐱𝑗 −  𝛍𝑘)

𝑡
 𝚺𝑘

−1 (𝐱𝑗 −  𝛍𝑘) +  ln (𝜋𝑘)   (3.24) 

Again, quadratic discriminant classifiers (QDC) are named after the set of discriminant functions they use, 

which in a more general way can be thought of  

 

𝑔𝑘(𝐱) =  𝐰𝑘
𝑡 𝐱 + 𝐱𝑡𝐖𝑘𝐱 + 𝑏𝑘     𝑘 = 1 … 𝐶 (3.25) 

Where, with the help of Eq. (3.24) the value of the factors can be unveiled: 

    𝐰𝑘 = 𝚺𝑘
−1𝛍𝑘 

𝑏𝑘 = ln(𝜋𝑘) − 
1

2
𝛍𝑘

𝑡 𝚺𝑘
−1𝛍𝑘 −  

1

2
 ln (|𝚺𝑘|) 

𝐖𝑘 =  −
1

2
𝚺𝑘

−1 

(3.26) 

In a QDC, the “rule” of decision is also obtained with the MAP estimation. So, once the new set of 

discriminant functions have been obtained, the MAP estimation can be formulated as shown in Eq. (3.23) 

with the new set of discriminant functions obtained in Eq. (3.24). 

3.5.2   Artificial Neural Networks 

Artificial Neural Networks (ANN’s), commonly referred to as “neural networks”, have been motivated right 

from the beginning from the idea of modelling the brain’s intellectual abilities in a mathematically-

engineering way to perform highly complex, nonlinear and parallel computational tasks.  

ANN’s most fundamental units of information-processing are the neurons, which form the basis for 

designing ANN’s. Neuron’s model is shown in Figure 3.3. Three basic elements of the neuronal model can 

be identified on it: 

 

 

 

 

 Figure 3.3: Model of the neurons 
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1. A set of synapses or connecting links, which are characterized by a weight 𝜃𝑖. 

2. An adder to sum the features of the input signal 𝐱𝑗 once they have been weighted by the weights 

of the synapses. 

3. An activation function 𝑔(·) which limits the range of values that the output or “hypothesis” ℎ𝜃 of the 

neuron model can take.  

Figure 3.3 also includes the bias term, represented by 𝜃0  on it because of 𝑧0
(𝑗)

 being equal to 1. The 

neuron’s model can be described in mathematical terms as follows: 

 

𝛾 =  𝛝𝑡𝐱𝑗 + 𝑧0
(𝑗)

𝜃0       (3.27) 

Where 𝛾 is called the “activation potential”, 𝛝𝑡 is a column vector containing the weight values 𝜃1 … 𝜃𝑚 and 

𝐱𝑗 is an input vector such that 𝐱𝑗 = [𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]
𝑡

, 𝑧𝑖
(𝑗)

∈ ℝ.Therefore, ℎ𝜃 can be written as, 

 

ℎ𝜃 = 𝑔(𝛾) (3.28) 

The activation function 𝑔(𝛾) defines the output of a neuron in terms of the “activation potential”. Several 

types of activation functions can be used, being the one described below the most common: 

1. Sigmoid function. The most usual activation function used to design ANN’s. An example of the 

sigmoid function is the logistic one, defined by 

 

𝑔(𝛾) =  
1

1 +  𝑒−𝑎𝛾
    (3.29) 

Where 𝑎 is the slope of the sigmoid function. Eq. (3.29) shows an activation function whose range 

of values is defined between [0,1], but sometimes is desirable to have a range from [-1,1]. In such 

a case, the sigmoid function used is, 

 

𝑔(𝛾) = tanh( 𝛾) (3.30) 

ANN’s can have different architectures depending on how the neurons are structured and linked. Moreover, 

it has also a relationship with the learning algorithm used to train the network. Multilayer Feedforward 

Networks are the ones used during the realization of the project, which are explained below. 
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Multilayer Feedforward Networks are characterized by hidden layers, whose nodes are called hidden 

neurons. The hidden neurons aim to intervene between the input and the network output in some useful 

manner. By adding one -the most common quantity- or more hidden layers, the network has the capability 

of extracting higher-order statistics. A generic model of a Multilayer Feedforward Network is shown in Fig. 

(3.4). 

 

 

 

 

 

 

 

 

 

Figure (3.4) shows a generic multilayer architecture with multiple outputs. In such a case, the output –

“hypothesis”- is no longer ℎ𝜃 ∈  ℝ  but 𝐡Θ = [ℎ𝜃
(1)

… ℎ𝜃
(𝐶)

],  ℎ𝜃
(𝑖)

∈ {1,0} . The output is a 𝐶 -dimensional 

vector with 𝐶  being the number of classes considered in the problem under study. Depending on the 

position of the “1” contained on it, it classifies the input in a specific group. In the discussed project, for 

example, if 𝐡Θ = [1 0 0] 𝑡 would mean that the input cognitive profile is classified as NA. 

In Fig. (3.4) 𝑎𝑖
(𝑏)

 models the “activation” -activation function applied to the sum of the inputs- of unit 𝑖 in 

layer 𝑏. In addition to it, 𝑧0
(1)

 and 𝑎0
(2) are the bias units of the input layer and the hidden layer respectively. 

Another thing to be aware of is that the weights are not explicitly shown on it but can be seen in the 

mathematical model of the architecture. Assuming 1 hidden layer and an input vector 𝐱𝑗 =

[𝑧0
(𝑗)

, 𝑧1
(𝑗)

, 𝑧2
(𝑗)

… 𝑧𝑁
(𝑗)

]
𝑡

, 𝑧𝑖
(𝑗)

∈ ℝ 

 

𝑎𝑖
(2)

=  𝑔 ( ∑ 𝚯𝑖𝑛
(1)

𝐱𝑗
(1)

 

𝑁

𝑛=0

 )|

𝑖=1

𝑁

   𝑗 = 1 … 𝐷    (3.31) 

Where 𝑛 is the unit being mapped by the unit 𝑖 , 𝚯𝑖𝑛
(𝑝)

= (
𝜃11

(𝑝) ⋯ 𝜃𝑚1
(𝑝)

⋮ ⋱ ⋮

𝜃1𝑁
(𝑝) ⋯ 𝜃𝑚𝑁

(𝑝)
) is the matrix of weights 

controlling the mapping from layer 𝑝 to layer 𝑝 + 1 , 𝑔( · ) is the activation function, 𝑚 is the number of 

hidden neurons in the layer considered and 𝑎𝑖
(2)

 is the 𝑖𝑡ℎ  activation of the first hidden layer. The 

“hypothesis” or output of each of the nodes of the Multilayer net can be modelled as, 

Figure 3.4: Multilayer Feedforward Network architecture 
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ℎ𝜃
(𝑖) = 𝑔 ( ∑ 𝚯𝑖𝑛

(2)
𝐚𝑛

(2)

𝑚

𝑛=0

 )    𝑖 = 1 … 𝐶      (3.32) 

Where 𝐚𝑛
(2)

= [ 𝑎1
(2)

… 𝑎𝑚
(2)

]𝑡  is a vector containing the “activation” results from the first hidden neuron to the 

𝑚𝑡ℎ one, 2 is the total number of layers in the considered architecture, 𝑚 is the number of hidden units in 

the hidden layer and 𝑖 has a range of values [1, C] with 𝐶 being the number of classes of the problem 

considered. 

If the architecture and the structure -number of hidden nodes and number of hidden layers- of the ANN is 

chosen and fixed, the problem is to find the values of the synaptic weights for all the nodes. Let 𝐽(𝚯) be the 

cost function to be minimized, defined for a single input vector: 

 

𝐽(𝚯) = − ∑[ 𝑙(𝐱1
(𝑖)) ln ℎΘ

(𝑖)
+ (1 − 𝑙(𝐱1

(𝑖)))ln (1 −

𝐶

𝑖=1

ℎΘ
(𝑖)

)]  (3.33) 

Where 𝑙(𝐱1
(𝑖)) ∈ {1,0} is the target of the 𝑖𝑡ℎ output neuron of the first input vector 𝐱1, that is, remembering 

that the desired output has the form of 𝐡Θ = [ℎ𝜃
(1)

… ℎ𝜃
(𝐶)

] 𝑡   ℎ𝜃
(𝑖)

∈ {1,0}, the target of the first output 

neuron would be ℎ𝜃
(1)

 and the last one ℎ𝜃
(𝐶)

.The symbol  ℎ𝜃
(𝑖)

 stands for the 𝑖𝑡ℎ hypothesis and the 𝑙𝑛 (·) 

is applied to ensure that 𝐽(𝚯) is a convex function to guarantee that a global minimum can be found with 

the gradient descent algorithm. 

The gradient descent method finds the “optimal” synaptic weights updating an initial (usually) randomized 

weight value. Considering 𝐿 to be the last layer, the expression for it is given by,  

 
𝚯𝑖𝑛

(𝐿−1)
=  𝚯𝑖𝑛

(𝐿−1)
−  𝜂

𝜕𝐽(𝚯)

𝜕𝚯𝑖𝑛
(𝐿−1)

 ,   𝑛 = 1 … 𝑚    𝑖 = 1 … 𝐶 (3.34) 

Where 𝚯𝑖𝑛
(𝑝)

 is the matrix of weights being updated and 𝜂  (  𝜂  > 0) is called the learning rate, which 

determines how faster the algorithm is going to move onto the error surface to find the global minimum. If 

the derivative is developed it can be found that it has a dependency on the error produced in the layer being 

considered [15]. The error for the last layer is defined as, 

 
𝛅𝐿 =  𝐚𝐿 − 𝐡Θ  (3.35) 

Where 𝛅𝐿 is the error produced in the last layer, 𝐚𝐿 are the activation inputs of the last layer and 𝐡Θ is the 

hypothesis or output of it. The dependency on the error shows that in order to tune the weights at the hidden 

layers, the error produced on them is needed. However, the only error known is the one produced at the 

output layer (the correct output of the input is known and also the prediction of the trained network). 

Because of it, the errors at the output layer are propagated backwards to the hidden layers, which is the 

reason why the procedure done to update the weights is called backpropagation.  
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As it has been introduced earlier, one of the most common algorithms used to find the global minimum of 

the cost function is the gradient descent one. However, there are other options which can be a suitable 

alternative depending on the conditions of the problem. Two of them are introduced below: 

1. Scaled Conjugated Gradient (SCG). Uses the same procedure as the gradient descent algorithm 

but searching in the conjugate direction of the previous steps. 

2. Levenberg–Marquardt (LM). Can be thought of as a combination of gradient descent and the 

Gauss-Newton method (refer to [16] for more details). When the solution is far from the correct one 

it behaves like gradient descent and like Gauss-Newton otherwise.   

3.5.3   Support Vector Machines 

Support vector machines (SVM) is another learning algorithm that can be used for PR problems. However, 

SVM can only be applied to binary classification tasks. In the next points, Error Correcting Output Codes 

(ECOC) techniques to combine SVM classifiers in order to generalize its application to multiple-class 

classification tasks are discussed.  

SVM’s main idea is to construct a hyperplane as the decision boundary such that the “margin” (or 

separation) between the two classes is maximized. In order to design it, an input vector of the training set 

𝐱𝑗𝑡𝑟
 is considered. It is labelled as 𝑙(𝐱𝑗𝑡𝑟

), where the label can take the values of -1 and 1, 𝑙(𝐱𝑗𝑡𝑟
) ∈ {−1,1}. 

Assuming that both classes are “linearly separable”, the equation of a hyperplane that acts as the decision 

boundary can be written: 

 
0 =  𝐰𝑡𝐱𝑗𝑡𝑟

+ 𝑏      (3.36) 

Which is a particular case of Eq. (3.16), where 𝐰𝑡  is a weight vector and 𝑏  stands for the bias. The 

separation between a hyperplane -with a given weight vector, 𝐰𝑡 and bias  𝑏- and the closest data point is 

called the margin of separation 𝜌, as shown in Figure 3.5.  

 

 

 

 

 

 

 

 

 

Figure 3.5: Margin of separation between the hyperplane and the support 
vectors (colored blue). 
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The margin of separation 𝜌 is defined as the “functional margin” needed to have enough precision in the 

predictions. Mathematically, it can be written as: 

 
𝜌 =

𝐰𝟎
𝑡𝐱𝑗𝑡𝑟

+ 𝑏

‖𝐰𝟎‖
 (3.37) 

Using the discriminant function defined in Eq. (3.16), an algebraic measure of the distance from 𝐱𝑗 to the 

hyperplane can be found: 

 
𝐱𝑗𝑡𝑟

=  𝐱𝑗𝑡𝑟𝑝
+ 𝑟 

𝐰0

‖𝐰0‖
      (3.38) 

Where 𝐱𝑗𝑡𝑟𝑝
 is the normal projection of the input vector 𝐱𝑗𝑡𝑟

 onto the optimal hyperplane, defined by a weight 

vector 𝐰0 and a bias 𝑏0, and 𝑟 is the algebraic distance between the hyperplane and the input vector. Due 

to 𝐱𝑗𝑡𝑟𝑝
 being a point of the hyperplane and using Eq. (3.16) it follows that 𝑔 (𝐱𝑗𝑡𝑟𝑝

) = 0, which brings to the 

following equation: 

 
𝑔(𝐱) = 𝐰𝑜

𝑡 +  𝑏𝑜 = 𝑟 ‖𝐰0‖ →  𝑟 =  
𝑔(𝐱)

‖𝐰0‖
   (3.39) 

To find the hyperplane that maximizes the “margin” between the two classes while limiting the space in 

which the hyperplane is situated (to ensure as much accuracy as possible classifying new input vectors), 

the geometric margin of (𝐰𝑜
𝑡 , 𝑏𝑜) with respect to 𝐱𝑗𝑡𝑟𝑝

 is defined as, 

 
𝑟 =  min

𝑗=1…𝐷
𝑟𝑗 (3.40) 

With 𝑟𝑗 being the geometric distance of the 𝑗𝑡ℎ training vector 𝐱𝑗𝑡𝑟
 to the optimal hyperplane defined by 

(𝐰𝑜
𝑡 , 𝑏𝑜).In order to find the optimal parameters of the hyperplane, defined as (𝐰𝑜

𝑡 , 𝑏𝑜), an optimization 

problem is posed: 

 

max
𝑟,𝐰𝟎,𝒃𝟎

 
𝑔(𝐱)

‖𝐰0‖
    𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    𝑔(𝐱) ≥  𝑟  , ‖𝐰0‖ = 1       (3.41) 

Where ‖𝐰0‖ = 1 ensures that the geometric distance and the margin of separation 𝜌 are equal, 
 𝜌

‖𝐰0‖
 =

𝑟.  Introducing the scaling constraint of 𝜌 = 1, and noticing that maximizing 
 𝜌

‖𝐰0‖
 is the same as minimizing 

‖𝐰0‖2 the problem can be redefined as follows, 
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min

𝑟,𝐰𝟎,𝒃𝟎

 
1

2
‖𝐰0‖2 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜   𝑔(𝐱) ≥  1   (3.42) 

Another thing to be aware of is that SVM has also an hyperparameter called penalty 𝐶, which will need a 

validation process in order to ensure an optimal value of it for the problem being studied. The 

hyperparameter acts as a regularization one, adjusting the classifier adaptation to the training set 𝐙𝑡𝑟. 

3.5.3.1   Kernels 

The development of the SVM algorithm was found supposing that the classes were linearly separable. 

However, if it is not the case, a feature mapping, called kernel, can be defined 𝐾(𝐱, 𝐮) =  ϕ(𝐱)𝑡ϕ(𝐮)  

𝐾: ℝ𝑁 →  ℝ𝑀 where 𝑀 > 𝑁. The kernel aims to find a transformation between the 𝑁-dimensional space of 

the input vector to a 𝑀-dimensional space. The main idea of the kernel is to make separable the considered 

set. That is, a non-separable set in a 𝑁-dimensional space can be made separable in a higher dimensional 

one by using the kernel function. There are several functions which can be used as a kernel, being the 

gaussian one of the most common: 

 
𝑘(𝐱, 𝐮) = exp (−

‖𝐱 − 𝐮‖2

2𝜎2
)  (3.43) 

Where 𝜎 is defined as the sigma parameter of the kernel. The usage of the kernel permits to make the 

transformation possible without considerable increasing the memory or the computational time required to 

design the SVM. The kernels implicitly compute the dot product between the two vectors without explicitly 

transforming 𝐱 and 𝐮 to ℝ𝑀. Due to it, all the dot products in the SVM algorithm (refer to [17] for more 

details) can be replaced by the considered kernel, permitting to find non-linear decision boundaries. 

3.5.3.2   Error Correcting Output Codes 

Error Correcting Output Codes (ECOC) are an ensemble strategy used for problems with multiple classes. 

The idea behind it is to find a group of classifiers in which each classifier discriminates between two classes. 

In this project, 3 classes had to be discriminated. So, the ECOC strategy was applied breaking the three 

classes 𝓌1, 𝓌2 and 𝓌3  into three binary groups {𝓌1, 𝓌2}, {𝓌1, 𝓌3}, {𝓌2, 𝓌3}  and designing one SVM 

classifier for each binary case.  

The number of possible different splits of a problem with C classes is given by [14], 

 
2(𝐶−1) − 1 (3.44) 

Therefore, the number of classifiers to be designed with each of the splits comes from Eq. (3.44). The 

classifiers can be represented in terms of the class considered to design them with the coding matrix. Again, 

taking the case of the project in which 3 classes have to be discriminated, the coding matrix can be defined 

as follows, 
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Table 3.1: Coding matrix of a one vs one design. 

 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑠

𝑐𝑙𝑎𝑠𝑠𝑒𝑠
 Classifier 1 Classifier 2 Classifier 3 

𝓌1 1 1 0 

𝓌2 -1 0 1 

𝓌3 0 -1 -1 

 

 

 

Which represents that the first classifiers is designed with a partition ℤ1 of the considered set that contains 

the vectors labelled as class 1 -considered as the “positive” one in this case, 𝓌1 = 1- or class 2 -considered 

as the “negative one”.𝓌2 = −1-. The “0” represents that the classifier of the 𝑖𝑡ℎ column is not designed 

using the class represented by it. The coding matrix presented in Table 3.1 is used for a design type called 

one vs one. Other types of designs can be used, being the one vs all one of the most common. In such a 

case, the coding matrix would have a diagonal of 1’s and a -1 replacing the other two 0’s of the current 

coding matrix. This is due to theory behind the one vs all design, in which instead of ignoring one class in 

each learner, the data belonging to the remaining class is considered to be part of one of the other two 

classes. 

Once the classifiers are designed, a new observation is assigned to the  𝑘𝑡ℎ class that minimizes the 

aggregation of the losses between the classifiers: 

 
�̂� = arg min

𝑘

∑ |𝑠𝑤𝑙|2(𝐶−1)−1
𝑙=1 𝑔(𝑠𝑤𝑙 , 𝑦𝑙)

∑ |𝑠𝑤𝑙|2(𝐶−1)−1
𝑙=1

 (3.45) 

In which 𝑠𝑤𝑙  is the element of the 𝑙𝑡ℎ column and the 𝓌𝑡ℎ class of the coding matrix, 𝑔(·) is the loss 

function being used (refer to [18] for more details) and 𝑦𝑙 is the output of the 𝑙𝑡ℎ learner. 

3.5.4   Bagging 

Bagging is an algorithm that ensembles classifiers in order to make more accurate predictions than with an 

individual model. Several algorithms can be used as a “base”, being ANN or SVM two examples of them. 

The idea behind Bagging is simple. M sub-sets are created from the data set used to design the algorithms 

𝐙 = [𝐳1, 𝐳2 … 𝐳𝑁]. Each of the subsets has the same size as the original data set 𝐙 and each of them is used 

to design a different “base” classifier. 

In order to obtain the sub-sets a bootstrap sampling is used. The bootstrap sampling generates the 

additional sets by sampling with replacement the design data set 𝐙. After the “base” classifiers have been 

built, the Bagging algorithm applies a majority voting technique to decide the class in which the input vector 

𝐱𝑗 is going to be classified. Suppose that 𝑀 base classifiers are designed, where 𝑀 is an odd number and 

that the 𝑀 classifiers have the same probability of giving the correct output to the considered input. Defining 
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the output of each classifier for the 𝑗𝑡ℎ input vector as 𝑦𝑗
(𝑚)

∈ {1,2,3}, 𝑚 = 1 … 𝑀, the majority voting checks 

which of the m output values 𝑦𝑗
(𝑚)

 has the bigger number of occurrences and assigns it to 𝑗𝑡ℎ input vector.  
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Chapter 4 

Validation Strategy and Implementation of the Solution 

In this chapter, a breakdown of the database splitting and the strategies used to obtain the results for each 

algorithm is carried out. Also, if needed, the hyperparameter validation procedure is analysed. 

4.1   Validation Methodology 

As it has been introduced in point 3.3 of chapter 3, the DB 𝐙 was split in three different data sets. The 

results of the project could be given in terms of the split. However, due to the instability of several ML 

algorithms like ANN’s (in terms of results, small changes in the design can carry out a big difference in the 

final results) and to consolidate the results of the other algorithms, it was proposed to give the results in 

terms of the mean probability obtained with different designs for each algorithm. To accomplish it, several 

classifiers were designed with different set partitions 𝐙𝑡𝑟 , 𝐙𝑣  and 𝐙𝑡 ,where the sub index 𝑡𝑟 stands for 

training, 𝑡 for test and 𝑣 for validation. 

To obtain the distinct set partitions 𝐙𝑡𝑟, 𝐙𝑣 and 𝐙𝑡  needed for the proposed approach, it was decided to 

repeat the splitting process 100 times in a randomized way. That is, each time the split was repeated, sets 

of 𝐙𝑡𝑟, 𝐙𝑣 and 𝐙𝑡 were obtained. The different sets of 𝐙𝑡𝑟, 𝐙𝑣 and 𝐙𝑡 were procured independently from the 

rest of the sets. With this procedure, 100 partitions of 𝐙𝑡𝑟 ,  𝐙𝑣  and 𝐙𝑡  were obtained: P𝑖 =

{𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100. Thanks to it, 100 different classifiers were designed for each algorithm, 

which permitted to give the results in terms of a mean computed over the 100 classifiers. 

Among the classifiers designed, there were two that needed a validation of the hyperparameters: ANN’s 

and SVM. The validation process was also carried out computing a mean value. That is, a classifier was 

built with each possible value of the hyperparameter and the process was repeated 100 times, each one 

with a different 𝐙𝑣(𝑖) set. This procedure permitted to obtain 100 validation probabilities 𝑝𝑣(𝑖) for each 

hyperparameter. After that, the mean value of the validation probability error for all the possible 

hyperparameters was obtained. Moreover, the hyperparameters associated to the one with the minimum 

mean value were the ones selected. The selected hyperparameters had for each validation set 𝐙𝑣(𝑖) , a 

test error probability 𝑝𝑡(𝑖) and a train error probability 𝑝𝑡𝑟(𝑖) associated. So, if the average of them over the 

100 validation sets was taken, the mean measure of the test probabilities 𝑝𝑡(𝑖) and training 𝑝𝑡𝑟(𝑖) of the 

best classifiers designed with the “optimal” hyperparameter could be obtained. This procedure is usually 

named as Three-Way Holdout. 

4.2   Linear Discriminant Analysis and Quadratic Discriminant Analysis  

As explained in chapter 3, the estimation of the class in which the considered input 𝐱𝑗 vector belongs to, 

depends on the set of discriminant functions. To compute the set of discriminant functions the parameters 

of the Gaussian distribution should be known. In practice, they are not known and will need to be estimated 

using the training data. 
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Fortunately, as stated in the introduction of the project, all the algorithms have been programmed using 

Matlab™. In the cases of LDA and QDA, Matlab™ has an inbuilt subroutine in the Machine Learning and 

Statistics Toolbox which in the process of designing a LDC or QDC realizes the estimation of the 

parameters. Also, several options are provided such as selecting if the prior probability should be computed 

as a uniform one or estimated from the set. The subroutine also permits to build a pseudo-QDC or pseudo-

LDC, that is, considering the pseudoinverse of the covariance matrix 𝚺 instead of the inverse to avoid issues 

with singular matrices.   

During the design of the generative algorithms one question raised. The DB 𝐙 was partitioned in three sets: 

training, validation and test. As the theoretical background behind the algorithms shows, LDC and QDC 

have no hyperparameters. Therefore, the validation’s set purpose was lost.   

The first approach to this problem was to group the training and validation set in order to have a bigger 

training set. The main problem with this approach was that in such a case, the generative algorithms had 

an advantage over the rest of the algorithms: more data which could behave in a better “learning” about 

the data of the problem. Due to the purpose of the project being a “fair” comparative between the classifiers, 

the second approach was to use the validation test to select the best classifier to have a coherence with 

the algorithms that had hyperparameters, like ANN’s or SVM. That is, once several classifiers have been 

built using the different partitions of the training set, the lowest error probability of the validation set 𝑝𝑣(𝑖) 

was selected and the training probability 𝑝𝑡𝑟(𝑖) and test probability error 𝑝𝑡(𝑖) that were associated to it 

were considered the ones that defined the best LDC or QDC. With this selection process, it was noticed 

that an overfitting on the validation set was occurring. That is, when an absolute minimum was found in the 

validation set, the rest of the sets had a test probability error higher than the mean of all the partitions.  

After the two first approaches were discarded, it was decided to train the classifiers with the original 

partitions and to give the mean probability error of the test �̅�𝑡 and train sets �̅�𝑡𝑟 computed for the 100 splits, 

following the first procedure proposed for the validation of the results. At first sight, this approach might 

seem the worst, due to a 15% of the DB not being used in the process of building a classifier. The fact is 

that the results obtained with it were much better than with the second one and similar to the results 

obtained with the first one (refer to chapter 5 and Appendix B for more details), while respecting the 

percentage of the original DB used to train the classifier. In addition to it, it was decided that for the LDC 

and QDC case, the “best” classifier was not going to be given due to the necessity of having a validation 

set in order to do it -to have a coherence in the methodology employed to build and to obtain the results of 

the rest of the algorithms-. Moreover, if the test set was used with the purpose of selecting the “best” 

classifier model, it would imply that the test set was being used as the validation one, due to it being no 

longer an unbiased measure of the classifier.  

Once the validation methodology was defined, several options were tried to find their impact in the design 

of the classifier. Different results were obtained depending on the considered prior probability (estimated 

or uniform) and the pseudoinverse or inverse of the covariance matrix 𝚺. The results can be found in 

Appendix B. Moreover, a pseudocode of the algorithm used to design the classifiers can be found in 

Appendix A. 
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4.3   Artificial Neural Networks 

The ANN’s have been implemented using Matlab™ like the rest of the algorithms used during the project. 

Matlab™ provides a specific toolbox, called “Neural Network Toolbox” which permits to implement several 

types of ANN’s depending on which task the designer wants to perform. In the specific case of this project, 

PR ANN’s have been designed.  

ANN’s have hyperparameters which need a process of validation to ensure that the optimal values are 

selected for the problem under study. In the project being discussed, it was decided that the quantity of 

hidden layers was going to be fixed to 1. The decision was due to several studies and authors [14] pointing 

out that usually, 1 hidden layer is enough in a large quantity of different problems. Also, Rivera [1] found 

that ANN’s with 1 hidden layer worked well in our problem’s context. 

Once the number of hidden layers was fixed, the hyperparameter to be validated was the number of hidden 

neurons on it, which can vary depending on the algorithm used to train the network. Usually, the range of 

the number of hidden neurons is taken by default between [1, 𝑁], being 𝑁 the number of features. Again, 

thanks to the work done by Rivera [1], the range of the search was limited to [4-16]. The procedure shown 

in algorithm 1 was done to find the optimal values of the hidden neurons on the hidden layer, 

Algorithm 1   ANN’s validation of the hyperparameters 

1.      for ℎ =  4: 16 

2.          for 𝑧 =  1: 100 

3.               𝑠𝑡𝑎𝑟𝑡 𝐴𝑁𝑁 (ℎ) 

         𝑡𝑟𝑎𝑖𝑛 𝐴𝑁𝑁(ℎ) 

4.                �̂�𝑣(ℎ, 𝑧) =  
1

𝑁𝑣
(𝐘𝑣 − 𝑙(𝐗𝑣))   �̂�𝑡𝑟(ℎ, 𝑧) =  

1

𝑁𝑡𝑟
(𝐘𝑡𝑟 − 𝑙(𝐗𝑡𝑟)) 

                �̂�𝑡(ℎ, 𝑧) =  
1

𝑁𝑡
(𝐘𝑡 − 𝑙(𝐗𝑡))  

5.                if 𝑧 ==  1 

6.                  �̂�𝑣𝑚𝑖𝑛
=  𝑝𝑣    �̂�𝑡𝑟𝑚𝑖𝑛

= �̂�𝑡𝑟    �̂�𝑡𝑚𝑖𝑛
=   �̂�𝑡 

7.                  else if   𝑧 > 1  &&  �̂�𝑣𝑚𝑖𝑛
>  �̂�𝑣(ℎ, 𝑧) 

8.               �̂�𝑣𝑚𝑖𝑛
(ℎ, 𝑧) =  �̂�𝑣    �̂�𝑡𝑟𝑚𝑖𝑛

(ℎ, 𝑧) = �̂�𝑡𝑟    �̂�𝑡𝑚𝑖𝑛
(ℎ, 𝑧) =   �̂�𝑡 

9.          end if 
10.              𝑟𝑒𝑠𝑡𝑎𝑟𝑡 𝐴𝑁𝑁  
11.        end for 
12.       end for 

13.   𝑚𝑒𝑎𝑛�̂�𝑣(ℎ) =  
1

100
∑ �̂�𝑣𝑚𝑖𝑛

(ℎ, 𝑧)100
𝑗=1  

14. ℎ̂𝑚𝑖𝑛 = arg min
ℎ

 𝑚𝑒𝑎𝑛�̂�𝑣(ℎ) 

 

➢ Train the network 

➢ Initialize probabilities 

 

 

 

 

 

 

➢ Restart initial weights 

 

 

➢ Compute mean prob. 

➢ Select hyperparameter 

 

Where 𝐘𝑎 stands for the output of the designed ANN of each of the matrix inputs and 𝑙(𝐗𝑎) are the labels 

associated to each of the cognitive profiles of the input matrix. 

The first approach to the design of the ANN classifier was done following the procedure introduced in this 

chapter. That is, once the 100 partitions P𝑖  𝑖 = 1 … 100 were obtained, the ANN was trained with each of the 

training sets 𝐙𝑡𝑟 using the algorithms introduced in 3.5.2: SCG or LM. The validation set 𝐙𝑣 was the one 

used to select the optimal value for the hyperparameters. However, it was not noticed that the algorithm 
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was also using the validation probability as a stopping criteria of the training. That is, if the validation 

probability did not surpass during a defined number of iterations the minimum value obtained during the 

previous iterations, the ANN would stop the training in order to avoid overfitting. This is a common 

procedure done during the design of the ANN: using an independent set to monitor when the training error 

probability is decaying but the error of the independent set is not. This is a situation in which overfitting -the 

classifier is adapting too much to the inputs- might be happening, which is not desirable. Finally, the test 𝐙𝑡 

was used as an unbiased measure of the performance of the ANN. Due to the exposed behaviour of the 

ANN algorithm and the procedure done to design the classifier, the first results obtained had an overfitting 

on the validation set. That is, the validation probability showed lower values than the training one and also 

the test probability associated to it was higher than the mean of it -computed over the 100 partitions-. 

To address the problematic, it was proposed to introduce a new set in each of the partitions. That is, a new 

validation set whose purpose is to be the unbiased measure to ensure that the classifier was not overfitting. 

The size of the new partitions was, respectively, a 59,5% of the original DB for the training set, 12,75% for 

the first validation set, 12,75% for the second validation set and a 15 % for the test set. This time, the 100 

splits were  P𝑖 = {𝐙𝑡𝑟(𝑖), 𝐙𝑣1
(𝑖), 𝐙𝑣2

(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100. Once the new splits were obtained, the classifier 

was built following the same procedure shown in Algorithm 2. However, this time one validation set was 

used as a training stop criteria while the other one was used to select the optimal number of hidden neurons. 

With this approach, the results showed the usual tendency. 

Once the ANN had shown promising results, the last thing to “validate” was the training method. As point 

3.5.2 has introduced, there are several training algorithms that can be used. Depending on the conditions 

of the problem one algorithm can converge faster to the minimum of the cost function or simply not get 

stuck in a local minimum. In this work, the SCG and LM algorithms were compared to find which one had 

a faster convergence and better results in terms of error probability. As the results presented in Appendix 

B and chapter 5 show, the LM algorithm has shown better results in terms of probability error. However, it 

needed more computational resources and had a slower convergence to the minimum of the cost function. 

Also, as expected, the optimal number of hidden neurons found by the two algorithms differed.  

To finish with, as Algorithm 5 shows (Appendix A), not only the mean measure was found. Also, once the 

optimal number of hidden neurons was selected, the best classifier was also found. This procedure had the 

purpose of selecting the classifier that the institution -in this case, IMIM- interested on it could use 

immediately if needed.  

4.4   Support Vector Machines 

Among the implemented algorithms, SVM was the one with more approaches done. Matlab™ has an in-

built subroutine which permits to implement binary SVM. Also, it has another one which implements multi 

class SVM using the ECOC approach introduced in chapter 3. Both subroutines permit to select between 

different options, being the usage of the kernels one of them. During the project, the Gaussian kernel Eq. 

(3.43) was used in all the approaches done to the design of the SVM classifier. All the subroutines of 

Matlab™ are part of the Machine Learning and Statistics Toolbox. 
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The first problem faced on the design of a multiclass SVM classifier was that in a first instance it seemed 

that the in-built subroutine did not allow to validate the hyperparameters of each of the binary classifiers 

independently from the others. Our first approach to the SVM classifiers considered an individual validation, 

which conflicted with the approach taken by the Matlab™ subroutine. In order to address it, it was decided 

to apply the ECOC from scratch. That is, an ECOC algorithm using binary SVM classifiers was built. The 

approach was done considering a one vs one design and validating each binary classifier independently 

from the others. The validation process was done as usual, computing the means of the validation 

probability for each pair of hyperparameters (sigma and penalty) and selecting the minimum of them. The 

algorithm (Appendix A) did not show good results. In fact, compared to the ones obtained with the ECOC 

in-built subroutine, they were much worse (refer to Appendix B for more details). 

The second approach to the problem was to use the in-built ECOC subroutine and to validate it in a “global 

way”. That is, considering that each binary classifier designed during the ECOC procedure had the same 

pair of sigma 𝜎 and penalty 𝐶 and, instead of considering the validation probabilities of each of the binary 

classifiers (Eq (4.1)), the one obtained with the ECOC approach (Eq. (3.45)) The validation process was, 

again, the one explained at the beginning of this chapter. The mean error probability of the validation set 

was computed for each pair of hyperparameters and the minimum of the means obtained was selected. 

With this approach, the results obtained were better than with the first one but still had some margin for 

improvement (refer to Appendix B for more details).  

After developing the second approach and given the huge difference in terms of error probabilities between 

the first and the second one, a third approach was done. The third one consisted on using, again, the in-

built ECOC algorithm. However, given that the in-built ECOC algorithm permitted to pass as a parameter 

the values of sigma 𝜎 and penalty 𝐶 for each binary classifier, those were obtained “externally”. That is, a 

validation process was carried out for the three binary classifiers and after doing the validation process the 

obtained hyperparameters were passed to the ECOC classifiers. The validation process was done like in 

the first approach, computing the mean validation probabilities for each classifier and selecting the minimum 

of them. The results obtained were similar to the first approach, that is, worse than with the second one. 

Thanks to this approach, we realized that the huge difference in terms of results was given by the 

computation of the error probabilities. While in the first and third approach it was estimated as,  

 
 �̂�𝑣 =

(𝐘𝑣 − 𝑙(𝐗𝑣))𝑡𝟏

𝐷
    (4.1) 

Being 𝐷 the number of input vectors in the validation matrix 𝐗𝑣, 𝑙(𝐗𝑣) the labels of the input vectors, and 𝐘𝑣 

the output for each of the input vectors. In the second approach, it was estimated as Eq. (3.45). Given that 

the estimation of the ECOC algorithm was giving better results, it was decided to use it in the rest of the 

approaches.  

The fourth approach was to design a grid search [19] algorithm in order to have a more accurate search of 

the hyperparameters while keeping the impact of it (in terms of computer resources) lower. The grid search 

approach tries to find the best pair of hyperparameters by moving onto a defined initial area and stretching 

it on every iteration of the algorithm. The grid search algorithm developed can be summed up as follows, 
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Algorithm 2   Grid search 

1. Select 𝑛_𝑔𝑟𝑖𝑑 

Initialize (𝑙𝑜𝑤_𝑝𝑒𝑛, ℎ𝑖𝑔ℎ_𝑝𝑒𝑛, 𝑙𝑜𝑤_𝑠𝑖𝑔, ℎ𝑖𝑔ℎ_𝑠𝑖𝑔) 

2.      for 𝑟 =  1: 𝑛_𝑔𝑟𝑖𝑑 

3.         if 𝑟 >  1 

4.            Update (𝑙𝑜𝑤_𝑝𝑒𝑛, ℎ𝑖𝑔ℎ_𝑝𝑒𝑛, 𝑙𝑜𝑤_𝑠𝑖𝑔, ℎ𝑖𝑔ℎ_𝑠𝑖𝑔) 

5.            end if  

6.              s = 1 

7.              for 𝑘 = 2. ^(𝑙𝑜𝑤_𝑝𝑒𝑛: ℎ𝑖𝑔ℎ_𝑝𝑒𝑛) 

               𝑛 = 1 

8.                 for 𝑐 = 2. ^(𝑙𝑜𝑤_𝑠𝑖𝑔: ℎ𝑖𝑔ℎ_𝑠𝑖𝑔) 

9.                      Initialize (𝑆𝑉𝑀(𝑘, 𝑐)) 

                     Train (𝑆𝑉𝑀(𝑘, 𝑐)) 

10.                   �̂�𝑣(𝑘, 𝑐) =  
1

𝑁𝑣
(𝐘𝑣 − 𝑙(𝐗𝑣))   �̂�𝑡𝑟(𝑘, 𝑐) =  

1

𝑁𝑡𝑟
(𝐘𝑡𝑟 − 𝑙(𝐗𝑡𝑟))  

                  �̂�𝑡(𝑘, 𝑐) =  
1

𝑁𝑡
(𝐘𝑡 − 𝑙(𝐗𝑡))  

11.                             if 𝑠 ==  1 && 𝑛 == 1 && 𝑟 == 1 

12.                           �̂�𝑣𝑚𝑖𝑛
=  𝑝𝑣    �̂�𝑡𝑟𝑚𝑖𝑛

= �̂�𝑡𝑟   �̂�𝑡𝑚𝑖𝑛
=   �̂�𝑡 

13.                                else if   �̂�𝑣𝑚𝑖𝑛
>  �̂�𝑣(𝑘, 𝑐) 

14.                   �̂�𝑣𝑚𝑖𝑛
=  �̂�𝑣    �̂�𝑡𝑟𝑚𝑖𝑛

= �̂�𝑡𝑟    �̂�𝑡𝑚𝑖𝑛
=   �̂�𝑡 

15.                   end if 
16.                      𝑛 =  𝑛 + 1 
17.             end for 
18.             𝑠 =  𝑠 + 1 
19.       end for 

 

➢ Select number of 

iterations 

➢ Update margins 

of search 

 

 

 

 

➢ Initialize 

probabilities 

 

 

➢ Select minimum 

➢ Update 

minimum 

 

After developing it, the validation of each individual binary model was done. That is, a stretching of the area 

of the parameters on each iteration for every binary model. Due to different pair of parameters being tried 

on each binary classifier, the number of possible combinations was still a problem in terms of computational 

impact. Given that the second approach gave promising results while trying the same pair of values for all 

the binary classifiers, a research on it was carried out. It resulted in the finding of a study that had proved 

that there is no significant difference between the validation of different combination of parameters between 

the binary classifiers and the usage of the same parameters for all of them [20]. Due to it, it was decided to 

follow another approach with the grid search algorithm but trying the same pair of values (𝜎, 𝐶) on every 

binary classifier. 

Given the results obtained, the final approach to the multi-class SVM was to use the grid search algorithm 

with a single pair of values (𝜎, 𝐶) for every binary classifier. The approach worked better than the fourth 

one. However, a question raised in the validation process. The use of the grid search algorithm meant that 

for every split P𝑖 = {𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100 a pair of optimal hyperparameters  (𝜎, 𝐶)𝑖, was obtained 

(where the sub index stands for the partition to obtain them). Each of the pairs were different from the rest, 

meaning that the computation of the mean validation error (following the standard procedure) could not be 

carried out. In order to solve it, it was decided to select the best pair of hypermeters for each set and 

compute the mean of the training and test set associated to them without selecting the “optimal” 

hyperparameters with the mean procedure. The results obtained with this approach were promising, but 
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Table 4.1: Summary of the procedures followed in the validation process 

of the SVM classifier. 

still not as good as expected. To find if the ECOC approximation was the cause of the results obtained, two 

binary classifiers were trained. 

The binary classifiers were trained to classify between (MCI, AD) and (NA, MCI). On the one hand, the 

results obtained with them shown that the binary classifiers worked much better in the case of (NA, MCI) 

than with the ECOC approach. On the other hand, the binary classifier meant to classify between MCI and 

AD, obtained results similar to the ECOC approach. 

In order to summarize all the approaches done to the design of the multi-class SVM classifier, a table with 

the approaches and their characteristics, as well as their positive and negative aspects is given: 

Approach Characteristics Results 

First approach 
• ECOC algorithm built from scratch. 

• Validation probability computed with Eq. (4.1). 

▪ Worse results than with the 

in-built ECOC algorithm 

Second approach 

• ECOC algorithm using the in-built subroutine. 

• “Global validation”: 

o Same pair of (𝜎, 𝐶) for each binary classifier. 

o Validation probability computed with Eq. (3.45) 

✓ Better results than with the 

first approach. 

▪ Still had room for 

improvement. 

Third approach  

• ECOC algorithm using the in-built subroutine. 

• External validation process: 

o Each binary classifier had a different (𝜎, 𝐶). 

o Possible combinations of the different (𝜎, 𝐶) were tried. 

o Validation probability computed with Eq. (4.1) 

✓ Independent validation for 

each binary classifier. 

▪ Worse results than with the 

second approach. 

▪ Computationally expensive. 

Fourth approach  

• ECOC algorithm using the in-built subroutine. 

• External validation process with the grid search: 

o Each binary classifier had a different (𝜎, 𝐶). 

o Possible combinations of the different (𝜎, 𝐶) were tried. 

o If a minimum was found the area of search was 

stretched around the optimum combination of (𝜎, 𝐶). 

o Validation probability computed with Eq. (3.45). 

✓ More precise 

hyperparameter-search 

thanks to the grid algorithm. 

▪ Computationally expensive. 

▪ Worse results than with the 

second approach. 

Fifth approach 

• ECOC algorithm using the in-built subroutine 

• External validation process with the grid search: 

o Each binary classifier was designed with the same 

(𝜎, 𝐶). 

o If a minimum was found the area of search was 

stretched around the optimal (𝜎, 𝐶). 

✓ More precise 

hyperparameter-search 

thanks to the grid algorithm. 

✓ Less computationally 

expensive than the fourth 

and third approach. 

✓ Improvement in terms of 

results compared to the 

second approach. 

▪ Still had room of 

improvement. 

Sixth approach 

• Two binary SVM were designed: 

o One classified between (MCI, AD)  

o The other one between (NA, MCI) 

• The validation process was done with the grid search for each 

binary classifier. 

➢ Good discrimination between 

NA and MCI classes. 

▪ Bad discrimination between 

MCI and AD. 
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Overall, as Table 4.1 shows, the best approximation was the fifth one. The results were good enough and 

the search was also more precise than with the rest of the algorithms. However, the results were not as 

good as expected as can be seen in chapter 5. 

4.5   Bagging 

As it has been introduced in chapter 3, Bagging uses a set of base classifiers. Therefore, it was the last 

algorithm implemented. Once all the algorithms were tested, based on the results obtained (refer to chapter 

5), it was decided that the Bagging algorithm was going to be implemented using ANN’s as the “base” 

algorithm. Again, Matlab™ has an in-built Bagging algorithm in the Machine Learning and Statistics Toolbox. 

Nevertheless, this time the in-built subroutine was not used. Matlab’s™ subroutine allows to select different 

“base” algorithms, like decision trees. However, ANN’s were not considered to be the “base” of the algorithm. 

Because of it, the Bagging algorithm was built from scratch. 

The first approach was to build the algorithm using the sampling with replacement technique and training 

each ANN used for the majority voting with the sets obtained using it. That is, each partition obtained with 

the splitting process P𝑖 = {𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100 was sub-divided with the bootstrap procedure. It 

was considered that the “optimal” number of hidden neurons ℎ𝑚𝑖𝑛  was the same as we had obtained 

developing the ANN classifier. Nevertheless, it was not. The results obtained with this consideration showed 

that the Bagging algorithm was obtaining lower error probabilities than the individual ANN classifiers used 

for the majority voting process. However, the error probabilities were higher than with the individual ANN 

designed in 4.3, which made us consider the possibility of trying a pseudo-Bagging algorithm. 

The second approach consisted in building an algorithm (pseudo-Bagging) which conducted the majority 

voting process explained in chapter 3 but without the bootstrap sampling. Instead of the bootstrap, the 

original partitions P𝑖 = {𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100 were used. However, the results were still worse 

than with the process followed in point 4.3 for the individual ANN. Therefore, it was decided to conduct the 

validation of the number of hidden neurons in each classifier built during the pseudo-Bagging algorithm.  

The final approach was to continue with the original splits but validating each classifier built to conduct the 

majority voting. This approach dramatically increased the computational resources needed by the algorithm. 

However, the results obtained were much better this time, obtaining a notable improvement compared to 

the rest of the approaches. (refer to chapter 5). Once the validation process of the results was defined, it 

was decided to try a different number of classifiers and validate it. That is, 𝑀  (𝑀  is an odd number) 

classifiers were tried each time and the error probabilities for each of them was compared. (refer to the 

graphs of Appendix B for more details). The algorithm used for Bagging written in pseudocode can be found 

in Appendix A. 
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Chapter 5 

Results 

The performance of the designed classifiers has been compared in terms of error probabilities. In chapter 

4, a first approach to the computation of the probabilities has been shown in Eq. (4.1). All the results shown 

in this chapter are in terms of mean probabilities ( �̅�𝑡𝑟 , �̅�𝑡 , �̅�𝑣)  computed over the partitions  P𝑖 =

{𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)}  𝑖 = 1 … 100  and, in the case of ANN’s, also in terms of the probability error for a specific 

partition 𝑝𝑡(𝑖), 𝑝𝑡𝑟(𝑖), 𝑝𝑣(𝑖) with the purpose of giving the best ANN among the ones designed with the 

selected number of hidden neurons, as it has been explained in chapter 4. 

5.1   Metrics 

Other measures are also given to complement the evaluation of the performance. Confidence intervals 

computed over 100 trials are given for each of the probability error measures reported in each of the best 

classifiers. Confidence intervals are used to measure uncertainty and are the range of measures in which 

the considered statistic is bracketed with a probability given by the confidence level. Therefore, a higher 

confidence level means a broader confidence interval. The confidence intervals have been computed 

following the Clopper-Pearson procedure with a 95% and 99% confidence levels, respectively. The 

Clopper-Pearson methodology can be summed up as follows, 

 
∑ (

𝑛

𝑘
) 𝑝𝑢

𝑘(1 − 𝑝𝑢)𝑛−𝑘 =

𝐾

𝑘=0

𝛼

2
  

∑ (
𝑛

𝑘
) 𝑝𝑙

𝑘(1 − 𝑝𝑙)𝑛−𝑘 =

𝑛

𝑘=𝐾

𝛼

2
 

(5.1) 

Where 𝑛 is the number of trials, 𝑘 the number of successes in the 𝑛 trials, 𝑝𝑢 is the upper bound of the 

confidence interval, 𝑝𝑙 is the lower bound of the confidence interval and 1 − 𝛼 is the confidence level. 

Finally, confusion matrices are also given as a complement of the error probabilities. Confusion matrices 

have the layout of a table in which each row corresponds to one of the class considered in the problem and 

each column are the predicted class. The measures shown on it are the True Positive (TP) and False 

Negative (FN) for each class (refer to [21] for more details). A generic confusion matrix is shown Table 5.1:  

  Prediction 

  Class 1 Class 2 Class 3 

T
a
rg

e
t 

Class 1 TP FN FN  

Class 2 FN TP FN 

Class 3 FN FN TP 

 
Table 5.1: Confusion matrix example 
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5.2   Evaluation of the performance 

Each classifier has been designed and tested using a MDA projection to 2 characteristics (2), 1 

characteristic (1) or with the original DB 𝐙 (0). The results shown for each of the algorithms are the best 

ones of each of them. That is, the results of the best procedure in terms of projection, hyperparameter 

values and design options are shown for each algorithm. The probabilities, confusion matrices and 

confidence intervals are also shown for each of the results. The rest of the results obtained during the 

project and mentioned in Chapter 4 can be found in Appendix B, as well as other results such as graphs. 

5.2.1   Linear Discriminant Analysis 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

2 

95%  

 �̅�𝑡𝑟 = 9.31% 

[4.42%, 16.79%] 

�̅�𝑡 = 12.19% 

[6.50%, 20.25%] 

99%  [3.40%, 19.32%] [5.23%, 22.93%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 239.55 4.45 0  NA 51.48 1.50 0.02   

   MCI 15.12 30.32 7.56  MCI 3.90 5.10 2.00   

   AD 0.02 6.57 58.41  AD 0.05 2.04 11.91   

 

5.2.2   Quadratic Discriminant Analysis 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

1 

95%  

 �̅�𝑡𝑟 = 7.05 % 

[2.89%, 13.95%] 

�̅�𝑡 = 15.72% 

[9.21%, 24.36%] 

99%  [2.10%, 16.34%] [7.67%, 27.17%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 232.89 10.52 0.59  NA 49.53 3.13 0.34   

   MCI 7.41 41.70 3.89  MCI 3.21 5.21 2.58   

   AD 0.56 2.54 61.90  AD 0.31 2.69 11.00   

 

 

Table 5.2: Results for the best LDC  

Table 5.3: Results for the best QDC  
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As it has been introduced in Chapter 4, the best results among all the LDC and QDC designed were the 

ones obtained without the validation set. Overall, the best QDA classifier was the one obtained with the 

one-feature projection of the DB and the best LDC was the one obtained with the two-feature projection. 

Both results made sense in terms of what was expected. QDA has quadratic terms Eq. (3.25), which might 

be the cause of the overfitting (Appendix B) of the classifier designed with the training set for the rest of the 

procedures (non-projection and two characteristics projection). The more features are considered when 

building the classifier, the more tendency to overfit on the training set is shown by the classifier. However, 

this is not the case of the LDC. For the LDC, the fact that it does not show overfitting can be thought as the 

result of the features information compaction due to the hyperplane projection, as explained in chapter 3. 

5.2.3   Artificial Neural Networks 

MDA 

Hidden 

neurons 

Training 

method 

Conf. 

level Train 

Conf. 

interval (%) Validation 

Conf. interval 

(%) Test 

Conf. 

Interval (%) 

2 14 LM 

95% 

�̅�𝑡𝑟 = 3.19 % 

[0.71,8.79] 

�̅�𝑣 = 6.04 % 

[2.26,12.66] 

�̅�𝑡 = 9.36% 

[4.45,16.84] 

99% [0.40,10.85] [1.59,14.98] [3.43,19.38] 

 

 

 

 

 

 

  Train (26)   Validation (26)   Test (26) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 238 0 0  NA 57 0 0  NA 53 0 0 

 MCI 4 32 0  MCI 0 4 0  MCI 2 9 0 

 AD 0 0 32  AD 0 1 5  AD 0 2 12 

 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged 

confusion matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 239.77 0.62 0.18  NA 52.14 0.39 0.03  NA 52.61 0.34 0.05 

 MCI 5.16 25.34 2.26  MCI 1.97 4.28 1.08  MCI 3.35 6.38 1.27 

 AD 0.22 1.33 31.12  AD 0.07 0.51 6.53  AD 0.31 1.98 11.71 

 

95% 

𝑝𝑡𝑟(26) = 1.31 % 

[0.06,5.95] 

𝑝𝑣(26) = 1.49 % 

[0.11,6.25] 

𝑝𝑡(26) = 5.13% 

[1.72,11.45] 

99% [0.01,7.75] [0.03,8.08] [1.15,13.70] 

Table 5.4: Results for the best ANN (mean) and the best ANN designed with a 

specific partition.  
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In the case of the best ANN, as Table 5.4 shows, the best results are obtained when the LM training method 

is considered and with the two-feature projection. ANN’s results are harder to estimate, due to the instability 

of the algorithm. However, the fact that the two-feature projection is the best case, can be seen as the proof 

that it is the best projection in terms of giving the necessary information to the algorithm, without giving 

unnecessary or irrelevant information to it. Moreover, given the results shown in Appendix B, it can be seen 

that the optimal value of the hidden neurons depends on the methodology used for the training, being the 

values obtained with the SCG methodology lower than with the LM one. Also, in the results shown in Table 

5.4, the best ANN is given. That is, once the optimal number of hidden neurons was selected, the best 

design of all the ANN’s obtained among all the partitions is given. 

5.2.4   Support Vector Machines 

MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

0 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 6.75 % 

[2.70,13.58] 

�̅�𝑣 = 9.54 % 

[4.57,17.06] 

�̅�𝑡 = 12.68% 

[6.87,20.83] 

99% [1.95,15.95] [3.54,19.61] [5.55,23.53] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 242.93 0.97 0.10  NA 52.37 0.58 0.05  NA 51.81 1.08 0.11 

 MCI 14.23 34.49 4.28  MCI 3.94 5.81 1.25  MCI 4.21 4.77 2.02 

 AD 0.85 4.02 60.13  AD 0.22 1.40 12.38  AD 0.27 2.20 11.53 

 

 

Table 5.5 shows the results obtained following the procedure explained in chapter 4, fifth approach. As a 

reminder, the fifth approach was the one obtained using a grid search algorithm and considering that each 

binary classifier had the same (𝜎, 𝐶). Afterwards, each partition  P𝑖 was validated individually for each binary 

classifier. Because of the approach, in which each partition  P𝑖 = {𝐙𝑡𝑟(𝑖), 𝐙𝑣(𝑖), 𝐙𝑡(𝑖)} 𝑖 = 1 … 100 had its own 

pair of values (𝜎, 𝐶) due to the independent validation, a common pair of (𝜎, 𝐶) cannot be given for all the 

 P𝑖. As the table shows, the best results were obtained considering a one vs one design and the non-

projection case. However, compared to the best algorithm presented until now (ANN), the results are far 

from being similar to the ones obtained on it. This might be caused by the fact that SVM is not optimized 

for multi-class problems, as it has been introduced earlier. The ECOC procedure permits to implement the 

algorithm for the multi-class case, but as the results show, it is not as good as algorithms that are optimized 

for the multi-class classification like ANN’s. 

 

Table 5.5: Results for the best SVM classifier 
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5.2.5   Bagging 

MDA Classifiers 

Conf. 

level   Train Conf. interval Test  Conf. interval 

2 9 

95%  

 �̅�𝑡𝑟 = 1.85% 

[0.20%, 6.80%] 

�̅�𝑡 = 8.41% 

 [3.79%, 15.67%] 

99%  [0.07%, 8.69%]  [2.87%, 18.15%] 

 
   

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

     NA MCI AD   NA MCI AD   

    NA 241.03 0.04 0  NA 52.94 0.05 0.01   

    MCI 4.75 26.93 0.68  MCI 3.66 6.28 1.06   

    AD 0.03 0.15 32.39  AD 0.35 1.43 12.22   

 

 

The results shown in Table 5.6 are the ones obtained using a pseudo-Bagging algorithm (considering the 

original partitions  P𝑖  for the design, instead of the ones obtained with the bootstrap procedure). The 

Bagging algorithm was developed using ANN’s as a base classifier, because it was the best classifier in 

terms of probability error (Table 5.4). As expected, the pseudo-Bagging algorithm has shown the same 

trend as ANN’s: the best results were obtained for the two-features projection and with the ANN’s used for 

the majority voting process trained with the LM method. As it can be seen, the combination of ANN’s has 

enhanced the results obtained with a unique ANN, being the results obtained with this approach the best 

ones in terms of probability error. Moreover, it can also be seen that the harder classes to distinguish are 

the MCI and AD ones, as the confusion matrix shows.  

5.2.6   Comparison  

In order to compare and summarize all the results given above, a table is given with the best results in 

terms of test error probability �̅�𝑡 , confidence interval with a 95% confidence level, projection and a brief 

description of the results for each algorithm: 

Algorithm Projection Test Confidence interval Results 

LDA 2 �̅�𝑡 = 12.19% [6.50%, 20.25%] 
• Best results among the non-ANN based algorithm. 

• Considerable number of FN between NA and other 
classes, probably due to the linearity of the classifier. 

QDA 1 �̅�𝑡 = 15.72% [9.21%, 24.36%] 
• Shows an overfit on the training set and doesn’t 

generalize well. 

ANN 2 �̅�𝑡 = 9.36% [4.45%, 16.84%] 
• Best results among the “base” classifiers. 

• Struggles classifying between (MCI, AD). 

SVM 0 �̅�𝑡 = 12.68% [6.87%, 20.83%] 
• The hardest algorithm in terms of hyperparameter 

optimization. Not optimized for the multi-class task. 

Bagging 2 �̅�𝑡 = 8.41% [3.79%, 15.67%] 
• Best results among all the algorithms. 

• Struggles classifying between (MCI, AD),like the ANN. 

Table 5.6: Results for the best pseudo-Bagging classifier. 

Table 5.7: Summary of the results. 
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Chapter 6 

Conclusions and Future Work 

This chapter is meant to conclude the project and to give an overview of the things explained in the rest of 

the chapters. In addition to it, several options that can be developed in the future are given. 

6.1   Conclusions 

In the thesis, several classifiers designed with ML algorithms have been presented. The classifiers aimed 

to classify subjects in three clinical diagnosis classes: NA (normal aging), MCI (mild cognitive dementia) 

and AD (Alzheimer’s disease) through the usage of neuropsychological tests. In Chapter 3 a theoretical 

background of the data treatment done before starting the design of the classifiers and also, the theoretical 

background of the ML algorithms has been presented. Also, in Chapter 4, several design options are 

presented for each algorithm as well as different approaches for the validation of the results obtained from 

each of the designs. Moreover, specific techniques such as grid search algorithm for the SVM design or 

the validation process for the number of hidden neurons of ANN’s are discussed. Finally, in Chapter 5, the 

best results for each of the designed classifiers are shown. 

With that being said, it can be concluded that the objectives of the project introduced in Chapter 1 have 

been accomplished and also, the requirements and specifications shown on it have been fulfilled. The proof 

of the accomplishment is shown in Chapter 5, where the results are presented. As stated in the previous 

chapter, the best results are the ones obtained with the pseudo-Bagging procedure and the two features 

projection, using 9 ANN’s with a mean test error probability of 8.41%, which demonstrates an improvement 

compared with the previous study done by Rivera [1], where the best ANN implemented was an 8-hidden 

neurons net. It was obtained with a one feature reduction and its mean test error probability was 12.87%. 

Despite the improvement, as the Bagging confusion matrix of the test set shows, it struggled distinguishing 

between MCI and AD classes. Also, as it can be seen in Table 5.7, the best results among the ‘base’ 

algorithms were the ones obtained with the ANN but again, as the confusion matrix of the test set shows, 

it struggled classifying between MCI and AD classes. The fact that the best algorithm and the ANN struggled 

classifying between the same classes, and given that the trend of the rest of the algorithms (LDA, QDA and 

SVM) is the same, it can be concluded that both are the hardest classes to distinguish between. SVM was 

a promising algorithm in which a lot of dedication was put to refine the results and to find an approach that 

could surpass the results obtained by the best ANN. However, as Table 5.5 shows, the results obtained 

were worse than with the ANN. In fact, they were also worse than the ones obtained with the linear classifier 

(LDA). As explained before, it could be due to the SVM being optimized for two-classes problems. 

Nevertheless, given the results attained for the two-class SVM classifier (Appendix B), we can conclude 

that it might not be the case, because the trend was the same as the multi-class one (good performance 

between NA and MCI and a bad performance between MCI and AD). Overall, although the results obtained 

with the pseudo-Bagging are good enough, there is still room for improvement, which is going to be 

explained in the next point. 
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6.2   Future work 

Several things can be improved in order to obtain better results and also reduce the execution time of the 

designs: 

1. To avoid nested loops. All the designs which required several loops with dependencies between 

them were implemented with nested loops. These make impossible the parallelization of the task, 

which makes it require more time to perform the execution of it. 

2. To explore other validation options. In the project, the Three-way Hold out has been tried, but 

there are several options that could have been tried to assess which one performed the best in our 

project’s context (e.g. Cross-validation). 

3. To test other algorithms. There were several algorithms which seemed interesting from the thesis’ 

point of view, such as Boosting. Time played a crucial role and did not permit to design a classifier 

using it. However, seeing that the pseudo-Bagging algorithm obtained the best results in terms of 

mean probability error, the Boosting algorithm seems a suitable option for the context. 
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Appendix A 

Algorithms  

 

Algorithm 3   Design of the LDC and QDC 

1. for 𝑗 =  1: 100 

2.       𝑙𝑜𝑎𝑑 𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗) 

𝑙𝑜𝑎𝑑 𝑙(𝐗𝑡𝑟(𝑗)) 𝑙(𝐗𝑣(𝑗)) 𝑙(𝐗𝑡(𝑗)) 

3.      𝑆𝑒𝑙𝑒𝑐𝑡 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛  

4.      𝑃𝑟𝑒 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 (𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗)) 

5.      𝑡𝑟𝑎𝑖𝑛 𝐿𝐷𝐶(𝑗) 𝑜𝑟 𝑄𝐷𝐶(𝑗)  

6.     �̂�𝑡𝑟(𝑗) =  
1

𝑁𝑡𝑟
(𝐘𝑡𝑟 − 𝑙(𝐗𝑡𝑟))   �̂�𝑡(𝑗) =  

1

𝑁𝑡
(𝐘𝑡 − 𝑙(𝐗𝑡))  

7.   𝑒𝑛𝑑 𝑓𝑜𝑟 

8.   �̅�𝑡𝑟 =  
1

100
∑ �̂�𝑡𝑟(𝑗)100

𝑧=1    �̅�𝑡𝑟 =  
1

100
∑ �̂�𝑡(𝑗)100

𝑧=1  

9. 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 (𝑚𝑒𝑎𝑛�̂�𝑡𝑟(ℎ), 𝑚𝑒𝑎𝑛�̂�𝑡(ℎ)) 

 

➢ Load partitions 

 

➢ Projection (MDA…) 

➢ Pre-process 

➢ Train classifier 

➢ Compute probabilities 

 

 

➢ Compute mean 

 

 

Algorithm 4   Bagging 

1. for 𝐿 = [3,5,7,9,11] 

2. for 𝑗 =  1: 100 

3.       𝑙𝑜𝑎𝑑 𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗) 

𝑙𝑜𝑎𝑑 𝑙(𝐗𝑡𝑟(𝑗)) 𝑙(𝐗𝑣(𝑗)) 𝑙(𝐗𝑡(𝑗)) 

4.      𝑆𝑒𝑙𝑒𝑐𝑡 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛  

5.      𝑃𝑟𝑒 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 (𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗)) 

6.     for 𝑘 =  1: 𝐿 

7.         Train (𝐴𝑁𝑁(𝑘)) 

8.         Find ℎ(𝐴𝑁𝑁(𝑘)) 

9.         �̂�𝑡𝑟(𝑘, ℎ)  �̂�𝑡(𝑘, ℎ) 

10.      end for 

11.   end for 

12. 𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑣𝑜𝑡𝑖𝑛𝑔 

13.  Compare (𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦, 𝑚𝑒𝑎𝑛(�̂�𝑡(𝑘, ℎ))) 

14.   confidence interval (𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦, �̂�𝑡𝑟(𝑘, ℎ)  �̂�𝑡(𝑘, ℎ)) 

 

 

 

 

 

 

➢ Design k ANN 

➢ Validate each ANN 

➢ Obtain probabilities 

➢ Majority voting process 

➢ Select the best option 

➢ Compute mean for the 

number of learners used 

(𝐿) 
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Algorithm 5   Design of the ANN and validation of the hyperparameters 

1. for 𝑗 =  1: 100 

2.     𝑙𝑜𝑎𝑑 𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗) 

𝑙𝑜𝑎𝑑 𝑙(𝐗𝑡𝑟(𝑗)) 𝑙(𝐗𝑣(𝑗)) 𝑙(𝐗𝑡(𝑗)) 

3.   𝑆𝑒𝑙𝑒𝑐𝑡 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 

4.   𝑃𝑟𝑒 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 (𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗)) 

5.      for ℎ =  4: 16 

6.         for 𝑧 =  1: 100     

7.               𝑠𝑡𝑎𝑟𝑡 𝐴𝑁𝑁 (ℎ) 
         𝑡𝑟𝑎𝑖𝑛 𝐴𝑁𝑁(ℎ) 

8.                �̂�𝑣 =  
1

𝑁𝑣
(𝐘𝑣 − 𝑙(𝐗𝑣))   �̂�𝑡𝑟 =  

1

𝑁𝑡𝑟
(𝐘𝑡𝑟 − 𝑙(𝐗𝑡𝑟))   �̂�𝑡 =  

1

𝑁𝑡
(𝐘𝑡 − 𝑙(𝐗𝑡))  

9.                𝑖𝑓 𝑧 ==  1 
10.                  �̂�𝑣𝑚𝑖𝑛

(ℎ, 𝑧) =  𝑝𝑣    �̂�𝑡𝑟𝑚𝑖𝑛
(ℎ, 𝑧) = �̂�𝑡𝑟    �̂�𝑡𝑚𝑖𝑛

(ℎ, 𝑧) =   �̂�𝑡 

11.                  𝑒𝑙𝑠𝑒 𝑖𝑓   𝑧 > 1  &&  �̂�𝑣𝑚𝑖𝑛
(ℎ, 𝑧) >  �̂�𝑣(ℎ, 𝑧) 

12.               �̂�𝑣𝑚𝑖𝑛
(ℎ, 𝑧) =  �̂�𝑣     �̂�𝑡𝑟𝑚𝑖𝑛

(ℎ, 𝑧) = �̂�𝑡𝑟    �̂�𝑡𝑚𝑖𝑛
(ℎ, 𝑧) =   �̂�𝑡 

13.          𝑒𝑛𝑑 𝑖𝑓 

14.              𝑟𝑒𝑠𝑡𝑎𝑟𝑡 𝐴𝑁𝑁  

15.        𝑒𝑛𝑑 𝑓𝑜𝑟 

16.       𝑒𝑛𝑑 𝑓𝑜𝑟 

17.   𝑒𝑛𝑑 𝑓𝑜𝑟 

18.   𝑚𝑒𝑎𝑛�̂�𝑣(ℎ) =  
1

100
∑ �̂�𝑣𝑚𝑖𝑛

(ℎ, 𝑧)100
𝑧=1  

19. ℎ̂𝑚𝑖𝑛 = arg min
ℎ

 𝑚𝑒𝑎𝑛�̂�𝑣(ℎ) 

20. 𝑐𝑜𝑚𝑝𝑢𝑡𝑒 𝑚𝑒𝑎𝑛�̂�𝑡𝑟(ℎ̂𝑚𝑖𝑛)    𝑚𝑒𝑎𝑛�̂�𝑡(ℎ̂𝑚𝑖𝑛)     

21. 𝑓𝑖𝑛𝑑 𝑚𝑖𝑛(�̂�𝑣(ℎ̂𝑚𝑖𝑛)), �̂�𝑡𝑟(min (�̂�𝑣(ℎ̂𝑚𝑖𝑛))) and �̂�𝑡(min (�̂�𝑣(ℎ̂𝑚𝑖𝑛))) 

22. 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠 (𝑚𝑒𝑎𝑛�̂�𝑡𝑟(ℎ̂𝑚𝑖𝑛),

𝑚𝑒𝑎𝑛�̂�𝑡(ℎ̂𝑚𝑖𝑛), 𝑚𝑖𝑛(�̂�𝑣(ℎ̂𝑚𝑖𝑛)), �̂�𝑡(min (�̂�𝑣(ℎ̂𝑚𝑖𝑛)) , �̂�𝑡𝑟(min (�̂�𝑣(ℎ̂𝑚𝑖𝑛)))    

 

➢ Load partitions 

➢ Select projection 

➢ Pre-process  

 

 

➢ Initialize ANN 

 

➢ Initialize 

probabilities 

 

➢ Update probabilities 

 

➢ Update probabilities 

 

➢ Restart weights 

 

 

➢ Compute 𝑚𝑒𝑎𝑛�̂�𝑣(ℎ) 

➢ Select ℎ̂𝑚𝑖𝑛 

 

 

➢ Select the best ANN 

 

Algorithm 6   Design of the SVM and validation of the hyperparameters 

1. for 𝑗 =  1: 100 

2.     𝑙𝑜𝑎𝑑 𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗) 

𝑙𝑜𝑎𝑑 𝑙(𝐗𝑡𝑟(𝑗)) 𝑙(𝐗𝑣(𝑗)) 𝑙(𝐗𝑡(𝑗)) 

3.   𝑆𝑒𝑙𝑒𝑐𝑡 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 

4.   𝑃𝑟𝑒 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 (𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) 𝐗𝑡(𝑗)) 

5.      [𝜎(𝑗), 𝐶(𝑗)] = Grid search(𝐗𝑡𝑟(𝑗)𝐗𝑣(𝑗) ) 

6.               𝑠𝑡𝑎𝑟𝑡 𝐸𝐶𝑂𝐶 (σ(j), C(j)) 
        𝑡𝑟𝑎𝑖𝑛 𝐸𝐶𝑂𝐶(σ(j), C(j)) 

7.                �̂�𝑣 =  
1

𝑁𝑣
(𝐘𝑣 − 𝑙(𝐗𝑣))   �̂�𝑡𝑟 =  

1

𝑁𝑡𝑟
(𝐘𝑡𝑟 − 𝑙(𝐗𝑡𝑟))   �̂�𝑡 =  

1

𝑁𝑡
(𝐘𝑡 − 𝑙(𝐗𝑡))  

8.  𝑒𝑛𝑑 𝑓𝑜𝑟 

9. 𝑚𝑒𝑎𝑛( �̂�𝑣)  𝑚𝑒𝑎𝑛 ( �̂�𝑡𝑟) 𝑚𝑒𝑎𝑛(�̂�𝑡) 

10. 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠 ( 𝑚𝑒𝑎𝑛( �̂�𝑣)  𝑚𝑒𝑎𝑛 ( �̂�𝑡𝑟) 𝑚𝑒𝑎𝑛(�̂�𝑡) 

 

➢ Load partitions 

➢  

➢ Select projection 

➢ Pre-process  

➢ Validate 𝜎(𝑗), 𝐶(𝑗) 

➢ Initialize ECOC 

 

➢ Compute prob. 

 

➢ Compute mean over 

100 partitions 

➢ Confidence intervals 
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Appendix B 

Results 

LDA 

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

0 

95%  

 �̅�𝑡𝑟 = 9.18% 

[4.32%, 16.62%] 

�̅�𝑡 = 13.03% 

[7.13%, 21.23%] 

99%  [3.32%, 19.15%] [5.79%, 23.95%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 239.52 4.48 0  NA 51.10 1.85 0.05   

   MCI 14.76 30.73 7.51  MCI 4.05 4.91 2.04   

   AD 0.02 6.47 58.51  AD 0.12 2.05 11.83   

 

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

1 

95%  

 �̅�𝑡𝑟 = 10.19% 

[5.04%, 17.85%] 

�̅�𝑡 = 12.26% 

[6.55%, 20.33%] 

99%  [3.94%, 20.44%] [5.27%, 23.01%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 239.51 4.49 0  NA 51.60 1.40 0   

   MCI 16.43 28.06 8.51  MCI 4.02 5.02 1.96   

   AD 0.03 7.43 57.54  AD 0.09 2.09 11.82   

 

 

 

 

 

Table B.2: Results for LDA.  

Table B.1: Results for LDA. 
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Table B.3: LDC trained with the union of the validation and training sets.  

Table B.4: LDC trained with the union of the validation and training sets.  

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

0 

95%  

 �̅�𝑡𝑟 = 9.57% 

[4.60%, 17.10%] 

�̅�𝑡 = 12.95% 

[7.07%, 21.14%] 

99%  [3.56%, 19.65%] [5.74%, 23.86%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 291.29 5.71 0  NA 51.11 1.86 0.03   

   MCI 19.00 35.81 9.19  MCI 4.24 4.83 1.93   

   AD 0 8.21 70.79  AD 0.04 2.00 11.96   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

1 

95%  

 �̅�𝑡𝑟 = 10.35% 

[5.15%, 18.05%] 

�̅�𝑡 = 12.42% 

[6.67%, 20.52%] 

99%  [4.04%, 20.64%] [5.38%, 23.22%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 291.36 5.63 0.01  NA 51.56 1.43 0.01   

   MCI 20.46 33.30 10.24  MCI 4.08 5.00 1.92   

   AD 0.01 9.20 69.79  AD 0.03 2.22 11.75   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

2 

95%  

 �̅�𝑡𝑟 = 9.67% 

[4.67%, 17.22%] 

�̅�𝑡 = 12.18% 

[6.49%, 20.24%] 

99%  [3.62%, 19.78%] [5.22%, 22.92%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 291.33 5.67 0  NA 51.44 1.55 0.01   

   MCI 19.07 35.39 9.54  MCI 3.92 5.15 1.93   

   AD 0 8.28 70.72  AD 0.03 2.06 11.91   

Table B.5: LDC trained with the union of the validation and training sets.  
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Table B.8: LDC trained with a uniform prior probability and a diagonal covariance matrix.  

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

0 

95%  

 �̅�𝑡𝑟 = 20.60% 

[13.16%, 29.85%] 

�̅�𝑡 = 20.91% 

[13.42%, 30.19%] 

99%  [11.30%, 32.80%] [11.54%, 33.15%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 202.20 41.80 0  NA 44.24 8.76 0   

   MCI 19.00 35.81 10.91  MCI 1.87 6.74 2.39   

   AD 0.82 13.64 50.54  AD 0.19 3.10 10.71   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

1 

95%  

 �̅�𝑡𝑟 = 22.56% 

[14.8%, 32.00%] 

�̅�𝑡 = 23.04% 

[15.21%, 32.53%] 

99%  [12.83%, 34.99%] [13.21%, 35.53%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 191.89 47.02 0.09  NA 42.79 10.21 0.01   

   MCI 8.93 33.30 11.12  MCI 2.13 6.56 2.31   

   AD 1.31 13.19 50.50  AD 0.32 2.99 10.69   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

2 

95%  

 �̅�𝑡𝑟 = 22.33% 

[14.60%, 31.75%] 

�̅�𝑡 = 23.24% 

[15.38%, 32.75%] 

99%  [12.64%, 34.74%] [13.37%, 35.75%] 

 
  

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 196.15 47.80 0.05  NA 42.64 10.53 0.01   

   MCI 8.22 34.84 9.94  MCI 2.13 6.68 2.19   

   AD 1.40 13.41 50.19  AD 0.33 2.94 10.73   

Table B.6: LDC trained with a uniform prior probability and a diagonal covariance matrix.  

Table B.7: LDC trained with a uniform prior probability and a diagonal covariance matrix  
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Table B.9: LDC designed with the validation set.  

MDA  Train  Validation  Test  

0 

 �̅�𝑡𝑟 = 9.18 % 

𝑝𝑡𝑟(100) = 9.94% 

 �̅�𝑣 = 12.78% 

𝑝𝑣(100) = 5.13%  

 �̅�𝑡 = 13.03% 

𝑝𝑡(100) = 14.10% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

 
 

Averaged confusion 

matrix 
  Averaged confusion matrix   

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 239.52 4.48 0  NA 50.93 2.05 0.02  NA 51.10 1.85 0.05 

 MCI 14.76 30.73 7.51  MCI 4.14 5.05 1.81  MCI 4.05 4.91 2.04 

 AD 0.02 6.47 58.51  AD 0.07 1.88 12.05  AD 0.12 2.05 11.83 

  Train (100)   Validation (100)   Test (100) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 238 6 0  NA 52 1 0  NA 49 4 0 

 MCI 14 30 9  MCI 2 8 1  MCI 3 5 3 

 AD 0 7 58  AD 0 0 14  AD 0 1 13 

 

MDA  Train  Validation  Test  

1 

 �̅�𝑡𝑟 = 10.19 % 

𝑝𝑡𝑟(9) = 10.50% 

 �̅�𝑣 = 12.36 % 

𝑝𝑣(9) = 6.41% 

 �̅�𝑡 = 12.26% 

𝑝𝑡(9) = 11.54% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 239.51 4.49 0  NA 51.24 1.71 0.05  NA 51.60 1.40 0 

 MCI 16.43 28.06 8.51  MCI 4.08 5.19 1.73  MCI 4.02 5.02 1.96 

 AD 0.03 7.43 57.54  AD 0.09 1.98 11.93  AD 0.09 2.09 11.82 
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  Train (9)   Validation (9)   Test (9) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 240 4 0  NA 52 1 0  NA 52 1 0 

 MCI 19 26 8  MCI 1 8 2  MCI 4 5 2 

 AD 0 7 58  AD 0 1 13  AD 0 2 12 

 

 

MDA  Train  Validation  Test  

2 

 �̅�𝑡𝑟 = 9.31 % 

𝑝𝑡𝑟(100) = 9.67% 

 �̅�𝑣 = 12.14 % 

𝑝𝑣(100) = 5.13% 

 �̅�𝑡 = 12.19% 

𝑝𝑡(100) = 12.82% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  Averaged confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 239.55 4.45 0  NA 51.13 1.85 0.02  NA 51.48 1.50 0.02 

 MCI 15.12 30.32 7.56  MCI 3.89 5.31 1.80  MCI 3.90 5.10 2.00 

 AD 0.02 6.57 58.41  AD 0.03 1.88 12.09  AD 0.05 2.04 11.91 

  Train (100)   Validation (100)   Test (100) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 240 4 0  NA 52 1 0  NA 50 3 0 

 MCI 16 29 8  MCI 2 8 1  MCI 3 5 3 

 AD 0 7 58  AD 0 0 14  AD 0 1 13 

 

 

 

 

 

Table B.10: LDC designed with the validation set.  

Table B.11: LDC designed with the validation set.  
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Table B.13: Results for QDA  

Table B.14: QDC trained with the union of the validation and training sets.  

QDA 

MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence 

interval 

0 

95%  

 �̅�𝑡𝑟 = 0.40% 

[6.93 · 10−5%, 4.39%] 

�̅�𝑡 = 17.77% 

[10.84%, 26.69%] 

99%  [1.21 · 10−6%, 6.02%] [9.16%, 29.57%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 243.57 0.43 0  NA 52.21 0.72 0.07   

   MCI 0.63 52.31 0.06  MCI 7.12 1.68 2.20   

   AD 0.26 0.06 64.68  AD 1.87 1.88 10.25   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

2 

95%  

 �̅�𝑡𝑟 = 3.03% 

[0.64%, 8.56%] 

�̅�𝑡 = 17.95% 

[10.99%, 26.89%] 

99%  [0.35%, 10.60%] [9.29%, 29.78%] 

    Mean conf. matrix   Mean conf. matrix   

    NA MCI AD   NA MCI AD   

   NA 238.68 5.20 0.12  NA 49.92 2.76 0.32   

   MCI 3.16 48.71 1.13  MCI 4.99 3.30 2.71   

   AD 0.59 0.77 63.64  AD 0.82 2.40 10.78   

 

MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence interval 

0 

95%  

 �̅�𝑡𝑟 = 1.00% 

[2.48 · 10−2%, 5.44%] 

�̅�𝑡 = 17.49% 

[10.62%, 26.37%] 

99%  [4.88 · 10−3%, 7.19%] [8.95%, 29.24%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 295.75 1.25 0  NA 51.39 1.55 0.06   

   MCI 1.58 61.87 0.55  MCI 6.08 2.52 2.40   

   AD 0.98 0.02 78.00  AD 1.37 2.18 10.45   

Table B.12: Results for QDA  
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MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence interval 

1 

95%  

 �̅�𝑡𝑟 = 8.07% 

[3.56%, 15.24%] 

�̅�𝑡 = 15.14% 

[8.76%, 23.69%] 

99%  [2.67%, 17.70%] [7.25%, 26.49%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 281.94 14.25 0.81  NA 49.50 3.16 0.34   

   MCI 10.30 48.88 4.82  MCI 3.02 5.53 2.45   

   AD 1.20 4.12 73.68  AD 0.30 2.54 11.16   

 

MDA 

Confidence 

level 

 

 Train 

Confidence 

interval Test 

Confidence 

interval 

2 

95%  

 �̅�𝑡𝑟 = 4.37% 

[1.29%, 10.43%] 

�̅�𝑡 = 17.68% 

[10.77%, 26.59%] 

99%  [0.82%, 12.60%] [9.09%, 29.46%] 

    Mean conf. matrix   Mean conf. matrix   

    NA MCI AD   NA MCI AD   

   NA 287.20 9.58 0.22  NA 49.50 3.28 0.22   

   MCI 5.06 56.71 2.23  MCI 4.49 3.83 2.68   

   AD 0.94 1.18 76.88  AD 0.71 2.41 10.88   

 

MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence 

interval 

0 

95%  

 �̅�𝑡𝑟 = 19.73% 

[12.44%, 28.89%] 

�̅�𝑡 = 21.04% 

[13.53%, 30.33%] 

99%  [10.64%, 31.82%] [11.64%, 33.30%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 200.78 43.22 0  NA 43.50 9.49 0.01   

   MCI 6.29 37.38 9.33  MCI 1.74 7.15 2.11   

   AD 0.82 11.77 52.41  AD 0.16 2.90 10.94   

 

Table B.15: QDC trained with the union of the validation and training sets.  

Table B.16: QDC trained with the union of the validation and training sets.  

Table B.17: QDC trained with a uniform prior probability and a diagonal covariance matrix.  
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MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence interval 

1 

95%  

 �̅�𝑡𝑟 = 0.40% 

[14.85%, 32.07%] 

�̅�𝑡 = 17.77% 

[15.62%, 33.06%] 

99%  [12.87%, 35.06%] [13.59%, 36.07%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 192.52 48.25 0.23  NA 42.37 10.61 0.02   

   MCI 7.60 34.60 10.80  MCI 1.84 6.73 2.43   

   AD 1.13 13.86 50.01  AD 0.29 3.16 10.55   

 

MDA 

Confidence 

level 

 

 Train Confidence interval Test 

Confidence interval 

2 

95%  

 �̅�𝑡𝑟 = 21.90% 

[14.25%, 31.28%] 

�̅�𝑡 = 23.44% 

[15.54%, 32.96%] 

99%  [12.31%, 34.26%] [13.52%, 35.97%] 

 
  

 Mean conf. matrix 
  Mean conf. 

matrix 

  

    NA MCI AD   NA MCI AD   

   NA 196.70 46.86 0.44  NA 42.43 10.48 0.09   

   MCI 7.09 36.37 9.54  MCI 1.76 7.03 2.21   

   AD 1.40 13.95 49.65  AD 0.33 3.41 10.26   

 

MDA  Train  Validation  Test  

0 

 �̅�𝑡𝑟 = 0.40 % 

𝑝𝑡𝑟(59) = 0.28% 

 �̅�𝑣 = 17.28% 

𝑝𝑣(59) = 8.97%  

 �̅�𝑡 = 17.77% 

𝑝𝑡(59) = 19.23% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

  Mean conf. matrix   Mean conf. matrix   Mean conf. matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 243.57 0.43 0  NA 52.27 0.67 0.06  NA 52.21 0.72 0.07 

 MCI 0.63 52.31 0.06  MCI 7.17 1.75 2.08  MCI 7.12 1.68 2.20 

 AD 0.26 0.06 64.68  AD 1.57 1.93 10.50  AD 1.87 1.88 10.25 

Table B.18: QDC trained with a uniform prior probability and a diagonal covariance matrix.  

Table B.19: QDC trained with a uniform prior probability and a diagonal covariance matrix.  
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  Train (59)   Validation (59)   Test (59) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 244 0 0  NA 53 0 0  NA 52 1 0 

 MCI 1 52 0  MCI 5 4 2  MCI 9 1 1 

 AD 0 0 65  AD 0 0 14  AD 4 0 10 

 

MDA  Train  Validation  Test  

1 

 �̅�𝑡𝑟 = 7.05 % 

𝑝𝑡𝑟(66) = 7.46% 

 �̅�𝑣 = 15.10% 

𝑝𝑣(66) = 6.41%  

 �̅�𝑡 = 15.72% 

𝑝𝑡(66) = 19.23% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

  Mean conf. matrix   Mean conf. matrix   Mean conf. matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 232.89 10.52 0.59  NA 49.39 3.31 0.30  NA 49.53 3.13 0.34 

 MCI 7.41 41.70 3.89  MCI 3.34 5.42 2.24  MCI 3.21 5.21 2.58 

 AD 0.56 2.54 61.90  AD 0.35 2.24 11.41  AD 0.31 2.69 11.00 

  Train (66)   Validation (66)   Test (66) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 230 14 0  NA 53 0 0  NA 48 5 0 

 MCI 8 42 3  MCI 2 9 0  MCI 3 6 2 

 AD 1 1 63  AD 0 3 11  AD 1 4 9 

 

 

 

 

 

 

 

 

Table B.20: QDC designed with the validation set.  

Table B.21: QDC designed with the validation set.  
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MDA  Train  Validation  Test  

2 

 �̅�𝑡𝑟 = 3.03 % 

𝑝𝑡𝑟(59) = 2.49% 

 �̅�𝑣 = 17.41% 

𝑝𝑣(59) = 10.26%  

 �̅�𝑡 = 17.95% 

𝑝𝑡(59) = 24.36% 

 

    

  Train (mean)   Validation (mean)   Test (mean) 

  Mean conf. matrix   Mean conf. matrix   Mean conf. matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 238.68 5.20 0.12  NA 49.88 2.86 0.26  NA 49.92 2.76 0.32 

 MCI 3.16 48.71 1.13  MCI 5.07 3.54 2.39  MCI 4.99 3.30 2.71 

 AD 0.59 0.77 63.64  AD 0.76 2.24 11.00  AD 0.82 2.40 10.78 

  Train (59)   Validation (59)   Test (59) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 240 4 0  NA 50 3 0  NA 47 4 2 

 MCI 4 49 0  MCI 4 6 1  MCI 8 1 2 

 AD 0 1 64  AD 0 0 14  AD 2 1 11 

 

ANN’s 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

2 4 LM �̅�𝑡𝑟 = 5.35 % �̅�𝑣 = 6.25 % �̅�𝑡 = 11.03% 

2 5 LM �̅�𝑡𝑟 = 5.05 % �̅�𝑣 = 6.28 % �̅�𝑡 = 10.40% 

2 6 LM �̅�𝑡𝑟 = 5.02 % �̅�𝑣 = 6.22 % �̅�𝑡 = 10.78% 

2 7 LM �̅�𝑡𝑟 = 4.80 % �̅�𝑣 = 6.27 % �̅�𝑡 = 10.71% 

2 8 LM �̅�𝑡𝑟 = 4.36 % �̅�𝑣 = 6.48 % �̅�𝑡 = 10.46% 

2 9 LM �̅�𝑡𝑟 = 3.73 % �̅�𝑣 = 6.36 % �̅�𝑡 = 9.83% 

2 10 LM �̅�𝑡𝑟 = 3.73 % �̅�𝑣 = 6.25 % �̅�𝑡 = 9.85% 

2 11 LM �̅�𝑡𝑟 = 3.64 % �̅�𝑣 = 6.25 % �̅�𝑡 = 9.77% 

2 12 LM �̅�𝑡𝑟 = 3.81 % �̅�𝑣 = 6.10 % �̅�𝑡 = 10.00% 

2 13 LM �̅�𝑡𝑟 = 3.68 % �̅�𝑣 = 6.33 % �̅�𝑡 = 9.67% 

2 15 LM �̅�𝑡𝑟 = 3.48 % �̅�𝑣 = 6.37 % �̅�𝑡 = 10.00% 

Table B.22: QDC designed with the validation set.  
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2 16 LM �̅�𝑡𝑟 = 3.46 % �̅�𝑣 = 6.37 % �̅�𝑡 = 9.72% 

 

 

MDA 

Hidden 

neurons 

Training 

method 

Conf. 

level Train (%) 

Conf. interval 

(%) 

Validation 

(%) 

Conf. interval 

(%) Test (%) 

Conf. 

Interval (%) 

1 4 LM 

95% 

�̅�𝑡𝑟 = 7.13  

[2.95,14.06] 

�̅�𝑣 = 6.01  

[2.24,12.62] 

�̅�𝑡 = 11.73 

[6.16,19.70] 

99% [2.15,16.46] [1.57,14.94] [4.92,22.36] 

 

 

 

 

 

 

  Train (51)   Validation (51)   Test (51) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 236 1 0  NA 57 0 0  NA 52 1 0 

 MCI 10 15 9  MCI 1 5 0  MCI 3 6   2 

 AD 0 1 34  AD 0 0 4  AD 0 0 14 

 

 

 

 

 

 

 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged 

confusion matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 239.15 1.53 0.07  NA 52.55 0.34 0.03  NA 52.60 0.37 0.03 

 MCI 10.72 15.99 6.23  MCI 2.20 3.84 0.99  MCI 4.36 6.38 2.10 

 AD 0.31 2.97 29.03  AD 0.07 0.40 6.58  AD 0.21 2.08 11.71 

 

95% 

𝑝𝑡𝑟(51) = 6.86 % 

[2.77,13.72] 

𝑝𝑣(51) = 1.49 % 

[0.11,6.25] 

𝑝𝑡(51) = 7.69% 

[3.31,14.77] 

99% [2.01,16.10] [0.03,8.08] [2.46,17.20] 

Table B.23: Results for the best ANN with a different 

number of hidden neurons  

Table B.24: Results for the best ANN (mean) and the best ANN designed with a 

specific partition for the case of the projection to one characteristic. 
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MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

1 5 LM �̅�𝑡𝑟 = 6.81 % �̅�𝑣 = 6.31 % �̅�𝑡 = 11.19% 

1 6 LM �̅�𝑡𝑟 = 6.35 % �̅�𝑣 = 6.27 % �̅�𝑡 = 11.12% 

1 7 LM �̅�𝑡𝑟 = 6.36 % �̅�𝑣 = 6.16 % �̅�𝑡 = 11.38% 

1 8 LM �̅�𝑡𝑟 = 5.87 % �̅�𝑣 = 6.28 % �̅�𝑡 = 11.26% 

1 9 LM �̅�𝑡𝑟 = 6.30 % �̅�𝑣 = 6.33 % �̅�𝑡 = 11.31% 

1 10 LM �̅�𝑡𝑟 = 6.28 % �̅�𝑣 = 6.24 % �̅�𝑡 = 11.22% 

1 11 LM �̅�𝑡𝑟 = 5.87 % �̅�𝑣 = 6.19 % �̅�𝑡 = 11.13% 

1 12 LM �̅�𝑡𝑟 = 6.05 % �̅�𝑣 = 6.52 % �̅�𝑡 = 11.06% 

1 13 LM �̅�𝑡𝑟 = 5.99 % �̅�𝑣 = 6.27 % �̅�𝑡 = 10.68% 

1 14 LM �̅�𝑡𝑟 = 5.67 % �̅�𝑣 = 6.34 % �̅�𝑡 = 11.08% 

1 15 LM �̅�𝑡𝑟 = 5.96 % �̅�𝑣 = 6.39 % �̅�𝑡 = 10.94% 

1 16 LM �̅�𝑡𝑟 = 5.39 % �̅�𝑣 = 6.34 % �̅�𝑡 = 10.76% 

 

 

MDA 

Hidden 

neurons 

Training 

method 

Conf. 

level Train (%) 

Conf. interval 

(%) 

Validation 

(%) 

Conf. interval 

(%) Test (%) 

Conf. 

Interval (%) 

0 16 LM 

95% 

�̅�𝑡𝑟 = 3.49  

[0.85,9.22] 

�̅�𝑣 = 5.93  

[2.19,12.51] 

�̅�𝑡 = 9.42 

[4.49,16.92] 

99% [0.50,11.31] [1.53,14.81] [3.47,19.46] 

 

 

 

 

 

 

 

 

 

 

 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged 

confusion matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 240.46 0.57 0.07  NA 51.97 0.24 0.09  NA 52.69 0.28 0.03 

 MCI 5.83 24.04 2.64  MCI 2.17 4.23 0.91  MCI 3.69 6.13 1.18 

 AD 0.19 1.39 30.81  AD 0.08 0.48 6.83  AD 0.28 1.89 11.83 

Table B.25: Results for the best ANN with a different number 

of hidden neurons for the one characteristic projection.  
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  Train (96)   Validation (96)   Test (96) 

  Confusion matrix   Confusion matrix   Confusion matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 234 0 0  NA 60 0 0  NA 53 0 0 

 MCI 2 32 1  MCI 0 2 0  MCI 6 5   0 

 AD 0 0 37  AD 0 0 5  AD 0 0 14 

 

 

 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

0 4 LM �̅�𝑡𝑟 = 5.38 % �̅�𝑣 = 6.01 % �̅�𝑡 = 11.08% 

0 5 LM �̅�𝑡𝑟 = 5.12 % �̅�𝑣 = 6.18 % �̅�𝑡 = 10.71% 

0 6 LM �̅�𝑡𝑟 = 5.00 % �̅�𝑣 = 6.31 % �̅�𝑡 = 10.55% 

0 7 LM �̅�𝑡𝑟 = 4.62 % �̅�𝑣 = 6.28 % �̅�𝑡 = 10.49% 

0 8 LM �̅�𝑡𝑟 = 4.31 % �̅�𝑣 = 6.22 % �̅�𝑡 = 10.06% 

0 9 LM �̅�𝑡𝑟 = 4.50 % �̅�𝑣 = 6.12 % �̅�𝑡 = 10.58% 

0 10 LM �̅�𝑡𝑟 = 4.31 % �̅�𝑣 = 6.09 % �̅�𝑡 = 10.36% 

0 11 LM �̅�𝑡𝑟 = 3.96 % �̅�𝑣 = 6.09 % �̅�𝑡 = 9.97% 

0 12 LM �̅�𝑡𝑟 = 4.16 % �̅�𝑣 = 6.13 % �̅�𝑡 = 9.91% 

0 13 LM �̅�𝑡𝑟 = 4.08 % �̅�𝑣 = 6.24 % �̅�𝑡 = 10.15% 

0 14 LM �̅�𝑡𝑟 = 3.79 % �̅�𝑣 = 6.21 % �̅�𝑡 = 10.01% 

0 15 LM �̅�𝑡𝑟 = 3.95 % �̅�𝑣 = 6.03 % �̅�𝑡 = 9.88% 

 

 

 

 

 

 

95% 

𝑝𝑡𝑟(96) = 0.98 % 

[0.02,5.41] 

𝑝𝑣(96) = 0.00 % 

[0,3.62] 

𝑝𝑡(96) = 7.69% 

[3.31,14.77] 

99% [0.004,7.10] [0,5.16] [2.46,17.20] 

Table B.26: Results for the best ANN (mean) and the best ANN designed with a 

specific partition for the non-projected DB case. 

Table B.27: Results for the best ANN with a different number 

of hidden neurons for the non-projected DB.  



 72 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

0 4 SCG �̅�𝑡𝑟 = 7.30 % �̅�𝑣 = 5.31 % �̅�𝑡 = 11.26% 

0 5 SCG �̅�𝑡𝑟 = 7.24 % �̅�𝑣 = 5.28 % �̅�𝑡 = 11.22% 

0 6 SCG �̅�𝑡𝑟 = 7.37 % �̅�𝑣 = 5.37 % �̅�𝑡 = 11.36% 

0 7 SCG �̅�𝑡𝑟 = 7.00 % �̅�𝑣 = 5.43 % �̅�𝑡 = 11.04% 

0 8 SCG �̅�𝑡𝑟 = 6.97 % �̅�𝑣 = 5.48 % �̅�𝑡 = 11.00% 

0 9 SCG �̅�𝑡𝑟 = 7.10 % �̅�𝑣 = 5.46 % �̅�𝑡 = 11.04% 

0 10 SCG �̅�𝑡𝑟 = 6.80 % �̅�𝑣 = 5.55 % �̅�𝑡 = 10.88% 

0 11 SCG �̅�𝑡𝑟 = 7.03 % �̅�𝑣 = 5.34 % �̅�𝑡 = 11.01% 

0 12 SCG �̅�𝑡𝑟 = 6.74 % �̅�𝑣 = 5.42 % �̅�𝑡 = 10.71% 

0 13 SCG �̅�𝑡𝑟 = 6.56 % �̅�𝑣 = 5.58 % �̅�𝑡 = 10.50% 

0 14 SCG �̅�𝑡𝑟 = 6.85 % �̅�𝑣 = 5.49 % �̅�𝑡 = 11.08% 

0 15 SCG �̅�𝑡𝑟 = 6.79 % �̅�𝑣 = 5.34 % �̅�𝑡 = 11.22% 

0 16 SCG  �̅�𝑡𝑟 = 6.49 % �̅�𝑣 = 5.46 % �̅�𝑡 = 10.78% 

 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

1 4 SCG �̅�𝑡𝑟 = 7.64 % �̅�𝑣 = 5.82 % �̅�𝑡 = 11.92% 

1 5 SCG �̅�𝑡𝑟 = 7.75 % �̅�𝑣 = 5.96 % �̅�𝑡 = 11.62% 

1 6 SCG �̅�𝑡𝑟 = 7.74 % �̅�𝑣 = 6.00 % �̅�𝑡 = 11.76% 

1 7 SCG �̅�𝑡𝑟 = 7.61 % �̅�𝑣 = 5.99 % �̅�𝑡 = 11.65% 

1 8 SCG �̅�𝑡𝑟 = 7.47 % �̅�𝑣 = 6.00 % �̅�𝑡 = 11.60% 

1 9 SCG �̅�𝑡𝑟 = 7.32 % �̅�𝑣 = 5.91 % �̅�𝑡 = 11.40% 

1 10 SCG �̅�𝑡𝑟 = 7.44 % �̅�𝑣 = 6.09 % �̅�𝑡 = 11.53% 

1 11 SCG �̅�𝑡𝑟 = 7.51 % �̅�𝑣 = 6.06 % �̅�𝑡 = 11.38% 

1 12 SCG �̅�𝑡𝑟 = 7.61 % �̅�𝑣 = 6.00 % �̅�𝑡 = 11.77% 

1 13 SCG �̅�𝑡𝑟 = 7.33 % �̅�𝑣 = 6.18 % �̅�𝑡 = 11.62% 

1 14 SCG �̅�𝑡𝑟 = 7.31 % �̅�𝑣 = 6.10 % �̅�𝑡 = 11.13% 

1 15 SCG �̅�𝑡𝑟 = 7.30 % �̅�𝑣 = 6.27 % �̅�𝑡 = 11.74% 

Table B.28: Results for the ANN’s trained with the SCG method and the non-projected DB. 
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1 16 SCG �̅�𝑡𝑟 = 7.64 % �̅�𝑣 = 6.18 % �̅�𝑡 = 11.68% 

 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

2 4 SCG �̅�𝑡𝑟 = 6.72 % �̅�𝑣 = 5.96 % �̅�𝑡 = 10.96% 

2 5 SCG �̅�𝑡𝑟 = 6.68 % �̅�𝑣 = 6.00 % �̅�𝑡 = 10.97% 

2 6 SCG �̅�𝑡𝑟 = 6.41 % �̅�𝑣 = 6.00 % �̅�𝑡 = 10.85% 

2 7 SCG �̅�𝑡𝑟 = 6.30 % �̅�𝑣 = 6.09 % �̅�𝑡 = 10.86% 

2 8 SCG �̅�𝑡𝑟 = 6.21 % �̅�𝑣 = 5.91 % �̅�𝑡 = 10.88% 

2 9 SCG �̅�𝑡𝑟 = 6.13 % �̅�𝑣 = 6.12 % �̅�𝑡 = 10.53% 

2 10 SCG �̅�𝑡𝑟 = 6.28 % �̅�𝑣 = 6.19 % �̅�𝑡 = 10.51% 

2 11 SCG �̅�𝑡𝑟 = 6.10 % �̅�𝑣 = 6.04 % �̅�𝑡 = 10.50% 

2 12 SCG �̅�𝑡𝑟 = 6.02 % �̅�𝑣 = 6.21 % �̅�𝑡 = 10.73% 

2 13 SCG �̅�𝑡𝑟 = 6.11 % �̅�𝑣 = 6.06 % �̅�𝑡 = 10.73% 

2 14 SCG �̅�𝑡𝑟 = 6.07 % �̅�𝑣 = 6.13 % �̅�𝑡 = 10.73% 

2 15 SCG �̅�𝑡𝑟 = 5.91 % �̅�𝑣 = 6.12 % �̅�𝑡 = 10.53% 

2 16 SCG �̅�𝑡𝑟 = 5.71 % �̅�𝑣 = 6.10 % �̅�𝑡 = 10.38% 

 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

0 4 SCG �̅�𝑡𝑟 = 9.61 % �̅�𝑣 = 7.54 % �̅�𝑡 = 13.21% 

0 5 SCG �̅�𝑡𝑟 = 9.80 % �̅�𝑣 = 7.62 % �̅�𝑡 = 13.32% 

0 6 SCG �̅�𝑡𝑟 = 9.71 % �̅�𝑣 = 7.53 % �̅�𝑡 = 13.74% 

0 7 SCG �̅�𝑡𝑟 = 9.67 % �̅�𝑣 = 7.54 % �̅�𝑡 = 13.46% 

0 8 SCG �̅�𝑡𝑟 = 9.63 % �̅�𝑣 = 7.51 % �̅�𝑡 = 13.63% 

0 9 SCG �̅�𝑡𝑟 = 9.50 % �̅�𝑣 = 7.55 % �̅�𝑡 = 13.51% 

0 10 SCG �̅�𝑡𝑟 = 9.76 % �̅�𝑣 = 7.68 % �̅�𝑡 = 13.42% 

0 11 SCG �̅�𝑡𝑟 = 9.54 % �̅�𝑣 = 7.65 % �̅�𝑡 = 13.40% 

0 12 SCG �̅�𝑡𝑟 = 9.25 % �̅�𝑣 = 7.59 % �̅�𝑡 = 13.67% 

0 13 SCG �̅�𝑡𝑟 = 9.38 % �̅�𝑣 = 7.60 % �̅�𝑡 = 13.40% 

Table B.29: Results for the ANN’s trained with the SCG method and the projection to one characteristic. 

Table B.30: Results for the ANN’s trained with the SCG method and the projection to two characteristics. 
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0 14 SCG �̅�𝑡𝑟 = 9.18 % �̅�𝑣 = 7.71 % �̅�𝑡 = 13.47% 

0 15 SCG �̅�𝑡𝑟 = 9.41 % �̅�𝑣 = 7.73 % �̅�𝑡 = 13.77% 

0 16 SCG �̅�𝑡𝑟 = 9.53 % �̅�𝑣 = 6.10 % �̅�𝑡 = 13.63% 

 

 

 

 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

2 4 SCG �̅�𝑡𝑟 = 10.67 % �̅�𝑣 = 7.94 % �̅�𝑡 = 13.86% 

2 5 SCG �̅�𝑡𝑟 = 10.74% �̅�𝑣 = 8.05 % �̅�𝑡 = 14.00% 

2 6 SCG �̅�𝑡𝑟 = 10.91% �̅�𝑣 = 8.03 % �̅�𝑡 = 13.69% 

2 7 SCG �̅�𝑡𝑟 = 10.89% �̅�𝑣 = 8.15 % �̅�𝑡 = 13.76% 

2 8 SCG �̅�𝑡𝑟 = 10.99% �̅�𝑣 = 8.09 % �̅�𝑡 = 14.22% 

2 9 SCG �̅�𝑡𝑟 = 10.56% �̅�𝑣 = 8.06 % �̅�𝑡 = 13.88% 

2 10 SCG �̅�𝑡𝑟 = 10.89% �̅�𝑣 = 8.09 % �̅�𝑡 = 14.31% 

2 11 SCG �̅�𝑡𝑟 = 10.65% �̅�𝑣 = 8.18 % �̅�𝑡 = 13.81% 

2 12 SCG �̅�𝑡𝑟 = 10.66% �̅�𝑣 = 8.09 % �̅�𝑡 = 14.09% 

2 13 SCG �̅�𝑡𝑟 = 10.39% �̅�𝑣 = 8.06 % �̅�𝑡 = 14.06% 

2 14 SCG �̅�𝑡𝑟 = 10.64% �̅�𝑣 = 8.22 % �̅�𝑡 = 14.15% 

2 15 SCG �̅�𝑡𝑟 = 10.86% �̅�𝑣 = 8.21 % �̅�𝑡 = 14.44% 

2 16 SCG �̅�𝑡𝑟 = 10.73% �̅�𝑣 = 8.21 % �̅�𝑡 = 14.49% 

 

 

 

 

 

 

 

Hidden neurons: 9 𝑝𝑡𝑟(68) = 1.28 % 𝑝𝑣(68) = 1.10 % 𝑝𝑡(68) = 19.23% 

Hidden neurons: 4 𝑝𝑡𝑟(72) = 1.28 % 𝑝𝑣(72) = 9.39 % 𝑝𝑡(72) = 12.92% 

Table B.31: Results for the ANN’s trained with the SCG method, a non-projected DB and only one 

validation set. 

Table B.32: Results for the ANN’s trained with the SCG method, a MDA projection to one characteristic 

and only one validation set. 



 75 

MDA 

Hidden 

neurons 

Training 

method Train Validation Test 

2 4 SCG �̅�𝑡𝑟 = 9.88 % �̅�𝑣 = 7.74 % �̅�𝑡 = 13.58% 

2 5 SCG �̅�𝑡𝑟 = 10.02 % �̅�𝑣 = 7.86 % �̅�𝑡 = 13.78% 

2 6 SCG �̅�𝑡𝑟 = 9.90 % �̅�𝑣 = 7.81 % �̅�𝑡 = 14.00% 

2 7 SCG �̅�𝑡𝑟 = 9.73 % �̅�𝑣 = 7.69 % �̅�𝑡 = 13.96% 

2 8 SCG �̅�𝑡𝑟 = 9.73 % �̅�𝑣 = 7.91 % �̅�𝑡 = 13.90% 

2 9 SCG �̅�𝑡𝑟 = 9.39 % �̅�𝑣 = 7.87 % �̅�𝑡 = 14.22% 

2 10 SCG �̅�𝑡𝑟 = 9.40 % �̅�𝑣 = 7.91 % �̅�𝑡 = 13.72% 

2 11 SCG �̅�𝑡𝑟 = 9.71 % �̅�𝑣 = 7.81 % �̅�𝑡 = 13.99% 

2 12 SCG �̅�𝑡𝑟 = 9.29 % �̅�𝑣 = 7.95 % �̅�𝑡 = 13.90% 

2 13 SCG �̅�𝑡𝑟 = 9.31 % �̅�𝑣 = 8.06 % �̅�𝑡 = 13.95% 

2 14 SCG �̅�𝑡𝑟 = 9.34 % �̅�𝑣 = 7.95 % �̅�𝑡 = 13.92% 

2 15 SCG �̅�𝑡𝑟 = 9.17 % �̅�𝑣 = 7.97 % �̅�𝑡 = 14.10% 

2 16 SCG �̅�𝑡𝑟 = 9.23 % �̅�𝑣 = 8.04 % �̅�𝑡 = 14.15% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Hidden neurons: 7 𝑝𝑡𝑟(16) = 2.56 % 𝑝𝑣(16) = 11.33 % 𝑝𝑡(16) = 12.82% 

Table B.33: Results for the ANN’s trained with the SCG method, a MDA projection to two characteristics 

and only one validation set. 
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SVM 

MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

1 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 7.65 % 

[3.29,14.72] 

�̅�𝑣 = 10.01% 

[4.91,17.64] 

�̅�𝑡 = 12.81% 

[6.96,20.98] 

99% [3.83,20.21] [3.54,19.61] [5.64,23.69] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 242.40 1.60 0  NA 52.31 0.69 0  NA 51.97 1.02 0.01 

 MCI 15.45 31.98 5.57  MCI 3.98 5.69 1.33  MCI 4.32 4.54 2.14 

 AD 0.74 4.34 59.92  AD 0.23 1.58 12.19  AD 0.22 2.28 11.50 

 

 

MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

2 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 5.80 % 

[2.11,12.35] 

�̅�𝑣 = 9.87 % 

[4.81,17.47] 

�̅�𝑡 = 12.81% 

[6.96,20.98] 

99% [1.47,14.65] [3.74,20.03] [5.64,23.69] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 242.68 1.31 0.01  NA 52.16 0.83 0.01  NA 51.52 1.43 0.05 

 MCI 11.76 34.49 3.96  MCI 3.88 5.58 1.54  MCI 4.23 4.77 2.16 

 AD 0.70 3.27 61.03  AD 0.22 1.22 12.56  AD 0.33 1.79 11.88 

 

 

 

 

Table B.34: Results for the SVM validated with the “global” grid search method.  

Table B.35: Results for the SVM validated with the “global” grid search method.  
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MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

0 𝑜𝑛𝑒 𝑣𝑠 𝑎𝑙𝑙 

95% 

�̅�𝑡𝑟 = 4.53 % 

[1.38,10.65] 

�̅�𝑣 = 10.83 % 

[5.50,18.63] 

�̅�𝑡 = 14.47% 

[8.24,22.92] 

99% [0.89,12.84] [4.34,21.25] [6.79,25.70] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 243.51 0.35 0.14  NA 52.40 0.50 0.10  NA 51.87 0.92 0.21 

 MCI 11.16 38.18 3.66  MCI 4.63 4.21 2.16  MCI 5.19 2.87 2.94 

 AD 0.27 0.82 63.91  AD 0.29 0.77 12.94  AD 0.50 1.53 11.97 

 

 

MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

1 𝑜𝑛𝑒 𝑣𝑠 𝑎𝑙𝑙 

95% 

�̅�𝑡𝑟 = 6.54 % 

[2.57,13.30] 

�̅�𝑣 = 11.18 % 

[5.75,19.05] 

�̅�𝑡 = 14.36% 

[8.15,22.79] 

99% [1.84,15.66] [5.75,19.05] [6.70,25.59] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 243.43 0.54 0.03  NA 52.64 0.33 0.03  NA 52.16 0.73 0.11 

 MCI 15.07 31.46 6.47  MCI 4.80 3.78 2.42  MCI 5.30 2.59 3.11 

 AD 0.56 1.00 63.44  AD 0.38 0.76 12.86  AD 0.53 1.42 12.05 

 

 

 

 

Table B.36: Results for the SVM validated with the “global” grid search method and a one vs all strategy. 

Table B.37: Results for the SVM validated with the “global” grid search method and a one vs all strategy. 
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MDA Design  

Conf. 

level Train 

Conf. interval 

(%) Validation 

Conf. 

interval (%) Test 

Conf. 

Interval (%) 

2 𝑜𝑛𝑒 𝑣𝑠 𝑎𝑙𝑙 

95% 

�̅�𝑡𝑟 = 4.98 % 

[2.11,12.35] 

�̅�𝑣 = 10.33 % 

[4.81,17.47] 

�̅�𝑡 = 13.85% 

[6.96,20.98] 

99% [1.47,14.65] [3.74,20.03] [5.64,23.69] 

 

  Train   Validation   Test 

 
 

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 
  

Averaged confusion 

matrix 

  NA MCI AD   NA MCI AD   NA MCI AD 

 NA 243.59 0.39 0.02  NA 52.59 0.37 0.04  NA 52.00 0.92 0.08 

 MCI 12.08 36.33 4.59  MCI 4.44 4.22 2.34  MCI 5.08 2.88 3.04 

 AD 0.38 0.56 64.06  AD 0.26 0.61 13.13  AD 0.41 1.27 12.32 

 

 

MDA (𝜎, 𝐶) Design  

Conf. 

level 

(%) Train Conf. interval Validation 

Conf. interval 

(%) Test 

Conf. 

Interval (%) 

0 (11.31,2) 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 7.81 % 

[3.39,14.92] 

�̅�𝑣 = 11.96 % 

[6.33,19.98] 

�̅�𝑡 = 13.03% 

[6.78,20.69] 

99% [2.52,17.36] [5.08,22.65] [5.48,23.39] 

1 (9.51,2) 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 10.12 % 

[4.98,17.76] 

�̅�𝑣 = 13.04 % 

[7.14,21.25] 

�̅�𝑡 = 13.41% 

[7.42,21.68] 

99% [3.89,20.34] [5.80,23.97] [6.05,24.42] 

2 (8,2) 𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 6.61 % 

[2.61,13.40] 

�̅�𝑣 = 12.82 % 

[6.97,20.99] 

�̅�𝑡 = 13.58% 

[7.55,21.88] 

99% [1.88,15.76] [5.65,23.70] [6.16,24.62] 

          

 

 

 

 

 

 

Table B.38: Results for the SVM validated with the “global” grid search method and a one vs all strategy. 

Table B.39: Results for the SVM design without the grid search algorithm (approach 2). 
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MDA (𝜎, 𝐶) Design  

Con 

level 

(%) Train Conf. interval Validation 

Conf. interval 

(%) Test 

Conf. 

Interval (%) 

0 

(31.6,10)1 

(31.6,17)2 

(31.6,10)3 

𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 8.74 % 

[4.02,16.08] 

�̅�𝑣 = 8.97 % 

[4.18,16.37] 

�̅�𝑡 = 12.71% 

[6.93,20.93] 

99% [3.06,18.58] [3.20,18.88] [5.61,23.64] 

1 

(31.6,10)1 

(31.6,10)2 

(31.6,17)3 

𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 11.02 % 

[5.63,18.85] 

�̅�𝑣 = 10.26 % 

[5.08,17.93] 

�̅�𝑡 = 13.71% 

[7.64,22.03] 

99% [4.46,21.48] [3.98,20.52] [6.25,24.77] 

2 

(31.6,10)1 

(31.6,10)2 

(31.6,10)3 

𝑜𝑛𝑒 𝑣𝑠 𝑜𝑛𝑒 

95% 

�̅�𝑡𝑟 = 10.19 % 

[5.03,17.85] 

�̅�𝑣 = 11.54 % 

[6.02,19.47] 

�̅�𝑡 = 13.65% 

[7.60,21.97] 

99% [3.93,20.43] [4.80,22.12] [6.22,24.71] 

          

 

MDA (𝜎, 𝐶) Design  Train  Validation  Test 

0 

(1𝐸−3, 1𝐸−3)1 

(1𝐸−3, 1𝐸−3)2 

(1𝐸−3, 0.4)3 

𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 % 

 �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 

�̅�𝑡 = 32.05% 

  

1 

(1𝐸−3, 1𝐸−3)1 

(1𝐸−3, 1𝐸−3)2 

(0.46,1𝐸−3)3 

𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 % 

 �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 

�̅�𝑡 = 32.05% 

  

2 

(1𝐸−3, 1𝐸−3)1 

(1𝐸−3, 1𝐸−3)2 

(0.46,1𝐸−3)3 

𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 % 

 �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 

�̅�𝑡 = 32.05% 

  

 

 

 

 

 

 

 

Table B.40: Results for the SVM design with the grid search algorithm (approach 4). Each pair of parameters 

corresponds to one binary classifier. 

Table B.41: Results for the SVM design without the grid search algorithm and individual validation of 

each binary classifier (approach 3). 
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MDA Design  Train  Validation  Test 

0 𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 % 

 �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 

�̅�𝑡 = 32.05% 

  

1 𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 % 

 �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 

�̅�𝑡 = 32.05%   

2 𝑜𝑛𝑒 𝑣 𝑜𝑛𝑒 �̅�𝑡𝑟 = 32.60 %  �̅�𝑣 = 17.19 % 

�̅�𝑣 = 20.90 % 

�̅�𝑣 = 44.00 % 

 

 �̅�𝑡 = 32.05% 

  

 

 

 

      

MDA Class  Train  Validation  Test 

0 NA, MCI �̅�𝑡𝑟 = 5.29 % 

  

�̅�𝑣 = 6.81 % 

 

 

�̅�𝑡 = 8.67% 

  

1 NA, MCI �̅�𝑡𝑟 = 5.52 % 

 

�̅�𝑣 = 6.91 % 

 

�̅�𝑡 = 8.98% 

  

2 NA, MCI �̅�𝑡𝑟 = 5.34% 

 

�̅�𝑣 = 6.89 % 

 

�̅�𝑡 = 8.95% 

  

0 MCI AD �̅�𝑡𝑟 = 8.47 % 

 

�̅�𝑣 = 13.88 % 

 

�̅�𝑡 = 16.44% 

  

1 MCI AD �̅�𝑡𝑟 = 8.14 % 

 

�̅�𝑣 = 11.72 % 

 

�̅�𝑡 = 17.16% 

  

2 MCI AD �̅�𝑡𝑟 = 7.34 % 

 

�̅�𝑣 = 12.28 % 

 

�̅�𝑡 = 16.20% 

  

       

       

 

Table B.43: Results for the binary SVM (MCI, AD) and (NA, MCI) – approach 6. 

Table B.42: Results for the SVM design from scratch without the grid search algorithm and 

individual validation of each binary classifier (approach 1). 
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Bagging 

MDA Classifiers 

Conf. 

level   Train Conf. interval Test Conf. interval 

2 3 

95%  

 �̅�𝑡𝑟 = 2.47% 

[0.41%, 7.75%] 

�̅�𝑡 = 9.04% 

[4.22%, 16.45%] 

99%  [0.20%, 9.71%] [3.23%, 18.96%] 

 
   

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

     NA MCI AD   NA MCI AD   

    NA 239.76 0.16 0.01  NA 52.78 0.21 0.01   

    MCI 5.55 26.46 1.15  MCI 3.78 6.12 1.10   

    AD 0.30 0.39 32.22  AD 0.53 1.42 12.05   

2 5 

95%  

 �̅�𝑡𝑟 = 2.14% 

[0.29%, 7.25%] 

�̅�𝑡 = 8.55% 

[3.89%, 15.84%] 

99%  [0.13%, 9.17%] [2.95%, 18.33%] 

 
   

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

     NA MCI AD   NA MCI AD   

    NA 240.37 0.08 0  NA 52.75 0.23 0.02   

    MCI 4.89 26.60 1.20  MCI 3.54 6.46 1.00   

    AD 0.03 0.34 32.49  AD 0.44 1.44 12.12   

2 7 

95%  

 �̅�𝑡𝑟 = 2.06% 

[0.26%, 7.13%] 

�̅�𝑡 = 8.58% 

[3.91%, 15.87%] 

99%  [0.11%, 9.04%] [2.96%, 18.37%] 

 
   

 
Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

     NA MCI AD   NA MCI AD   

    NA 240.58 0.09 0  NA 52.89 0.1 0.01   

    MCI 5.07 26.94 0.90  MCI 3.70 6.15 1.05   

    AD 0.08 0.16 32.18  AD 0.42 1.41 12.17   

 

 

 

 

 

Table B.44: Results for the pseudo-Bagging algorithm. 
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MDA Classifiers Train Conf. interval Test Conf. interval 

0 3 �̅�𝑡𝑟 = 3.05% 

[0.64%, 8.59%] 

�̅�𝑡 = 9.37% 

[4.46%, 16.86%] 

[0.36%, 10.62%] [3.43%, 19.39%] 

 
 Averaged confusion 

matrix 

  Averaged confusion 

matrix 

  

  NA MCI AD   NA MCI AD   

 NA 240.15 0.20 0.03  NA 52.77 0.19 0.04   

 MCI 6.24 24.80 1.62  MCI 3.84 6.01 1.15   

 AD 0.27 0.97 31.72  AD 0.39 1.70 11.91   

0 5 �̅�𝑡𝑟 = 2.91% 

[0.58%, 8.38%] 

�̅�𝑡 = 8.83% 

[4.08%, 16.19%] 

[0.31%, 10.40%] [3.11%, 18.70%] 

  Mean conf. matrix   Mean conf. matrix   

  NA MCI AD   NA MCI AD   

 NA 240.41 0.05 0  NA 52.85 0.13 0.02   

 MCI 5.73 25.06 2.22  MCI 3.84 6.04 1.12   

 AD 0.23 0.63 31.64  AD 0.28 1.50 12.22   

0 7 �̅�𝑡𝑟 = 2.46% 

[0.40%, 7.73%] 

�̅�𝑡 = 8.63% 

[3.94%, 15.94%] 

[0.20%, 9.70%] [2.99%, 18.43%] 

  Mean conf. matrix   Mean conf. matrix   

  NA MCI AD   NA MCI AD   

 NA 239.93 0.01 0  NA 52.93 0.06 0.01   

 MCI 5.55 26.07 1.46  MCI 3.92 6.13 0.95   

 AD 0.14 0.37 32.47  AD 0.30 1.49 12.21   

0 9 �̅�𝑡𝑟 = 2.21% 

[0.31%, 7.35%] 

�̅�𝑡 = 8.64% 

[3.95%, 15.95%] 

[0.14%, 9.28%] [3.00%, 18.45%] 

  Mean conf. matrix   Mean conf. matrix   

  NA MCI AD   NA MCI AD   

 NA 241.09 0.02 0  NA 52.93 0.06 0.01   

 MCI 5.50 26.31 0.83  MCI 3.82 6.26 0.92   

 AD 0.05 0.35 31.85  AD 0.30 1.63 12.07   

Table B.45: Results for the pseudo-Bagging algorithm. 
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MDA Classifiers Train (Majority) 

Train (indiv. 

classifiers) Test (Majority) 

Train (indiv. 

classifiers) 

0 3 �̅�𝑡𝑟 = 33.82% �̅�𝑡𝑟 = 34.32% �̅�𝑡 = 33.95% �̅�𝑡 = 34.52% 

0 5 �̅�𝑡𝑟 = 33.74% �̅�𝑡𝑟 = 34.26% �̅�𝑡 = 34.13% �̅�𝑡 = 34.65% 

0 7 �̅�𝑡𝑟 = 33.82% �̅�𝑡𝑟 = 34.23% �̅�𝑡 = 33.96% �̅�𝑡 = 34.52% 

0 9 �̅�𝑡𝑟 = 33.73% �̅�𝑡𝑟 = 34.30% �̅�𝑡 = 33.91% �̅�𝑡 = 34.52% 

1 3 �̅�𝑡𝑟 = 33.01% �̅�𝑡𝑟 = 33.29% �̅�𝑡 = 33.28% �̅�𝑡 = 33.57% 

1 5 �̅�𝑡𝑟 = 32.98% �̅�𝑡𝑟 = 33.23% �̅�𝑡 = 33.25% �̅�𝑡 = 33.52% 

�̅�𝑡𝑟 = 33.22% �̅�𝑡 = 33.56% 
1 7 �̅�𝑡𝑟 = 33.08% �̅�𝑡 = 33.28% 

  

1 9 �̅�𝑡𝑟 = 33.06% �̅�𝑡𝑟 = 33.33% �̅�𝑡 = 33.22% �̅�𝑡 = 33.49% 

2 3 �̅�𝑡𝑟 = 33.25% �̅�𝑡𝑟 = 33.87% �̅�𝑡 = 33.25% �̅�𝑡 = 33.88% 

2 5 �̅�𝑡𝑟 = 33.14% �̅�𝑡𝑟 = 33.58% �̅�𝑡 = 33.39% �̅�𝑡 = 33.72% 

  

2 7 �̅�𝑡𝑟 = 33.12% �̅�𝑡𝑟 = 33.58% �̅�𝑡 = 33.36% �̅�𝑡 = 33.68% 

  

2 9 �̅�𝑡𝑟 = 33.21% �̅�𝑡𝑟 = 33.73% �̅�𝑡 = 33.35% �̅�𝑡 = 33.84% 

  

 

 

 

 

 

 

Table B.46: Results for the Bagging algorithm. 
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Figure B.2: No projection: Majority voting vs individual classifiers for 

the pseudo-Bagging algorithm. 

 

 

Figure B.1: Projection to two characteristics: Majority voting vs individual classifiers 
for the pseudo-Bagging algorithm. 
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Appendix C 

Budget 

In spite of the project not being focused on building a product or involving a service, the budget of the 

project can be estimated considering the following points: 

1. The first thing to take into account is the software used to develop the project: Matlab™. A licence 

of Matlab™ can cost around 120€. 

2. The salary of the members involved in the project. Considering that the team in charge of it 

consisted in one junior engineer and two Senior engineers. Also, taking into account the hours 

spent by every member, the total cost can be computed as: 

 

Concept Weeks Cost/salary Dedication Total 

Senior engineer 20 20,00€/h 4h/week 1600€ 

Senior engineer 5 20,00€/h 2h/week 200€ 

Junior engineer 24 10,00€/h 24h/week 5760€ 

Matlab™ licence - 120€ - 120€ 

Total:  7680€ 

 

 

  

Table C.1: Estimation of the cost 
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Figure D.1: Tasks and time planning. 

Figure D.2: Gantt chart. 

Appendix D 

Gantt Diagram 

 


