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Resumen

La epilepsia ocurre cuando la actividad eléctrica de las neuronas sufre un desequilibrio. Esta se
ha convertido en el tercer trastorno neurolégico mas comin después del accidente cerebrovascular
y la demencia, -se cree que afecta al 0.5 - 1.5% de la poblaciéon mundial. Afecta principalmente
a ninos menores de 10 anos y personas mayores de 65 anos, siendo mas comun en paises en
desarrollo y en clases socioeconémicas desfavorecidas. Su posible diagnéstico es a través del
analisis de seniales electroencefalograficas (EEG). Hoy en dia, dado que se debe cumplir tanto su
diagnostico apropiado como la localizacion precisa de la fuente epiléptica, se utilizan sistemas
computacionales para respaldar el procedimiento de diagnéstico. En términos generales, tales sis-
temas realizan la asistencia de diagndstico automatico en cuatro etapas principales: adquisicion
de senal EEG, preprocesamiento, caracterizacion y clasificacién. Una vez adquiridas y preproce-
sadas, las senales EEG deben representarse adecuadamente para posteriormente clasificarse en
categorias de diagndstico (ausencia o cualquier nivel de presencia de actividad convulsiva). A
pesar de que existe una amplia gama de alternativas para caracterizar y clasificar las senales de
EEG para fines de andlisis de epilepsia, muchos aspectos clave relacionados con la precisién y
la interpretacién fisioldgica todavia se consideran cuestiones abiertas. En este sentido, en este
trabajo, se propone un estudio exploratorio de las técnicas de procesamiento de senales de EEG,
con el objetivo de identificar las técnicas més adecuadas y avanzadas para caracterizar y clasificar
las crisis epilépticas. Para hacerlo, se disenia y desarrolla un estudio comparativo sobre varios
subconjuntos de caracteristicas (medidas estadisticas tanto de las senales originales como de la
transformacion espectral de las mismas), asi como algunos clasificadores representativos (clasi-
ficador de andlisis discriminante lineal (LDC), clasificador de analisis discriminante cuadrético
(QDC), k-vecinos méas cercanos (kNN) y maquina de vectores de soporte (SVM)). La validacién
del sistema propuesto se lleva a cabo mediante una configuraciéon experimental exhaustiva so-
bre una base de datos estdandar de UCI Machine Learning Repository, denominado: “Epileptic
Seizure Recognition Data Set”. Como resultados notables, se demuestra experimentalmente que
un proceso de caracterizacion basado en indices estadisticos de descomposiciones impulsadas por
la transformada wavelet y el clasificador de maquina de vectores de soporte son los enfoques mas
adecuados para disenar un sistema automético para identificar seiales EEG diagnosticadas con
epilepsia. Ademaés, el rendimiento general del sistema de reconocimiento de patrones obtenido
(para el escenario bi-clase) -en términos de mediciones basadas en matriz de confusién- asciende
a 96%, 85% y 98% del rendimiento de clasificacion, sensibilidad y especificidad, respectivamente.

Palabras clave: Clasificaciéon de patrones, convulsién, diagnodstico de epilepsia,

electroencefalograma (EEG), seleccién de caracteristicas, transformada Wavelet disc-
reta (DWT).
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Abstract

The epilepsy disorder occurs when the localized electrical activity of neurons suffers from
an imbalance. Epilepsy has become the third most common neurological disorder after
stroke and dementia -it is believed that affects 0.5 - 1.5% of the world population. Tt
mainly affects children under 10 and people over 65, being more common in developing
countries and in disadvantaged socioeconomic classes. Its possible diagnose is via the
analysis of electroencephalographic (EEG) signals. Nowadays, since both its appropriate
diagnosis and the accurate epileptic source localization must be fulfilled, computational
systems are used to support the diagnosis procedure. Broadly, such systems perform the
automatic diagnostic-assistance into four main stages, namely: EEG signal acquisition,
preprocessing, characterization and classification. Once acquired and preprocessed, EEG
signals must be properly represented to be subsequently classified into diagnostic cate-
gories (absence or any level of presence of seizure activity). Despite there exists a wide
range of alternatives to characterize and classify EEG signals for epilepsy analysis pur-
poses, many key aspects related to the accuracy, computational cost, and physiological
interpretation are still considered as open issues. In this connection, in this work, an
exploratory study of EEG signal processing techniques is proposed, aimed at identifying
the most adequate state-of-the-art techniques for characterizing and classifying epileptic
seizures. To do so, a comparative study is designed and developed on several subsets of
features (namely, statistical measures on both the original signals and the spectral trans-
formation thereof), as well as some representative classifiers (linear discriminant analy-
sis classifier (LDC), quadratic discriminant analysis classifier (QDC), k-nearest neighbor
(kNN) and support vector machine (SVM)). Proposed system validation is carried out
by means of an exhaustive experimental setup over a gold standard database from the
UCI Machine Learning Repository, so-named: “Epileptic Seizure Recognition Data Set”.
As remarkable results, it is experimentally proved that a characterization process based
on statistical indices from wavelet-transform-driven decompositions, and the support vec-
tor machines as classifiers are the most suitable approaches for designing an automatic
system to identify epilepsy-diagnosed EEG signals. As well, the overall performance of
the obtained pattern recognition system (for the bi-class scenario) -in terms of confusion-
matrix-based measurements- amounts 96%, 85% and 98% of classification performance,
sensitivity, and specificity, respectively.

Keywords: Discrete wavelet transform (DWT), electroencephalogram (EEG),
epilepsy diagnosis, feature selection, pattern classification, seizure.
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Introduction

The epilepsy disorder occurs when the localized electrical activity of neurons suffers from
an imbalance. Epilepsy has become the third most common neurological disorder after
stroke and dementia -it is believed that affects 0.5 - 1.5% of the world population. It
mainly affects children under 10 and people over 65, being more common in develop-
ing countries and in disadvantaged socioeconomic classes [7], [8]. Its possible diagnose
is via the analysis of electroencephalographic (EEG) signals. Nowadays, since both its
appropriate diagnosis and the accurate epileptic source localization must be fulfilled, com-
putational systems are used to support the diagnosis procedure.

Certainly, the human brain is a complex system and unveiling its operation and func-
tioning patterns is still a great open research issue. In this way, there are non-invasive
techniques which allow to get data that help to understand in some way how brain works.
One of these techniques is the electroencephalography (EEG) which is a record of the
electrical potentials generated by the cerebral cortex nerve cells. There are two types of
EEG depending on where the signals are taken in the head: scalp or intracranial. For
scalp EEG, small metal discs, also known as electrodes, are placed on the scalp with good
mechanical and electrical contact. Intracranial EEG is obtained by special electrodes im-
planted in the brain during a surgery. The recorded EEG provides a continuous graphic
exhibition of the spatial distribution of the changing voltage fields over time. [9].

According to the Epilepsy Foundation, the epilepsy is “a chronic disorder, the hallmark of
which is recurrent, unprovoked seizures. A person is diagnosed with epilepsy if they have
two unprovoked seizures (or one unprovoked seizure with the likelihood of more) that were
not caused by some known and reversible medical condition like alcohol withdrawal or ex-
tremely low blood sugar” [10]. Besides, this illness can affect to adults and kids because
there is not a general cause to prevent it. The seizures -which appear recurrently but
infrequently- are the joint reaction of a large number of neurons when going through an
excessive and synchronous electrical discharge. There are two types of epileptic seizures:
partial and generalized. When the synchronous electrical discharge is produced in a local
part of the brain, it is called partial epileptic seizures. Otherwise, when this synchronous
electrical discharge is produced in the whole brain, it is called generalized epileptic seizures
[11].

Surface (on-scalp) electroencephalography (EEG) is a non-invasive method used to mon-
itor the nonlinear electrical function of the brain’s nerve cells. Therefore, EEG is a
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highly-recommended and useful tool for the evaluation and treatment of epilepsy. Some
plottings of EEG signals allow for observing spikes, sharp waves and spike-and-wave com-
plexes not only when a seizure is occurring, but also pre-occurrence- and between- seizures
[11]. Old EEG procedures were mostly manual and therefore high time-consuming (up to
days), as well as, prone to error. This is the reason why nowadays such procedures are
computer-aided, and all current, related-to-epilepsy research works are aimed to develop
reliable and accurate computational techniques to detect epileptic activity through EEG
recordings.

Developed systems for automatic diagnostic-assistance perform it through five stages:
EEG signal acquisition, preprocessing, characterization, classification and in-context in-
terpretation (visualization). During the last years there has been an increasing interest for
the improvement of the computational techniques applied for characterization and clas-
sification. In this sense, there is a wide range of alternatives to characterize and classify
EEG signals. Notwithstanding, many fundamental aspects, such as accuracy, computa-
tional cost, and physiological interpretation, are still under improvement and research. In
other words, in spite of existing approaches, epileptic seizures diagnosing and prediction
is still a challenging and open case of investigation.

In this context, this degree thesis presents a whole EEG analysis framework for evaluat-
ing the ability of characterization and classification techniques on the epilepsy diagnose.
In other words, this thesis” main goal is to develop a methodology to compare tech-
niques for both characterizing and classifying EEG signals within a epilepsy diagnosing
framework. Such a framework includes stages for preprocessing, characterization, feature
selection, classification, performance quantification and visualization, and works as fol-
lows: As a preprocessing stage, a simple amplitude normalization is used. Subsequently,
signals are characterized through statistical measures on both the original signals and
the spectral transformation thereof. Afterwards, a set of features are chosen by apply-
ing recommended feature selection methods (Bestfirst and Ranker). Then, selected
features are classified by using representative classification approaches, such as: linear
discriminant analysis classifier (LDC), quadratic discriminant analysis clasifier (QDC),
k-nearest neighbor (kNN) and support vector machine (SVM). Finally, box plots, receiver
operating characteristic (ROC) curves and confusion-matrix-based measures are used to
quantify the proposed framework performance. Finally, to facilitate an in-context visual
interpretation, a friendly-user interface is developed.

For experiments, the “Epileptic Seizure Recognition Data Set” is tested, which is avail-
able at the UCI machine learning repository https://archive.ics.uci.edu/ml. Such
a database was introduced by [6]. Several experiments are carried out to evaluate dif-
ferent key interest, among them: the relationship between the nature of features and
classification performance, the behavior of classifiers on the different data structures, the
proper classification performance, and the interpretation of classification results in terms
of epilepsy diagnosis.
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Chapter 1

Preliminaries

1.1 Problem statement

Electroencephalography is an exploratory technique based on recording electrical activity
from the brain. Furthermore, since this technique is very common and there are a lot of
studies on it, the signal acquisition is simple and accessible. Nowadays, its practice in the
diagnosis of epilepsy is very recommended. Taking into account that Epilepsy is the third
most common neurological disorder affecting 0.5 - 1.5% of the world population [1], it is
important to develop computational systems to support the diagnosis procedure.

Although, several studies have been developed to diagnose epilepsy from EEG signals,
determining a method considered as optimum for epilepsy diagnosis through EGG signals
remains a great-of-interest open issue, which is difficult to tackle since it involves several
aspects, such as accuracy, computational cost, location effectiveness, and reliability. Fur-
thermore, another big problem to take into consideration is the fact that the analyzed
signals may be very similar to each other, making their classification a difficult task.

1.2 Justification

The Epilepsy Foundation is investing about 65 millions of dollars in epilepsy research
[12]. This foundation is concerned about the epileptic people and is giving grants to new
innovative technologies like digital tools and aided systems, for epilepsy. The diagnosis
of epilepsy is the first step to start to fight against this disease. In such vein, the present
work is been developed to find the best methods and techniques to automatically improve
the diagnosis of epilepsy. In this sense, it is necessary to make a comparison of some
classifiers, with the aim to find the best balance between accuracy and reliability.

Finding the best method for epilepsy diagnosis is the challenging aim of this work. To
achieve this goal, a comparative study is performed, which evaluates techniques for char-
acterization and classification of epilepsy seizure from EGG signals.
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Since the difficulty to achieve the right accuracy, computational cost, reliability and lo-
cation effectiveness, this work is not limited just to the collection of data, also it brings
new challenges of research for the scientific community and computational-development
engineers who are focused on this field. In this way, it gives the chance to do deeper
explorations in medical, industrial or even commercial fields.

1.3 Contribution

Certainly, a computational system to diagnose epilepsy shall be faster than a human at
the task of determining whether a person has a disease. Nonetheless, such a diagnosis
will be useful, if the systems reaches an admissible or reasonable percentage of accuracy.
This work is intended to make an exploratory study to establish important aspects to do
a comparison and selection of analysis techniques of EGG signals to diagnose epilepsy.
Furthermore, it aims to find a method with a good percentage of security to do the hard
task of epilepsy diagnosis through electroencephalogram signals.

To do so, a proper methodology has been developed to choose the optimal model. It
will open up ways of knowing where research should focus on the characterization and
classification of EGG signals applied to the diagnosis of epilepsy.

Finally, from obtained results, specific information is provided to both epilepsy-diagnosed
patients and specialists so that the model meeting their expectations of efficiency and
accuracy can be selected. In this sense, it represents an important contribution to the
medical field. It will contribute to the development of new research through the under-
standing of how the epileptic seizure affects the EGG signals.

1.4 Document organization

This work is divided into seven main Chapters named as follows: Preliminaries, Objec-
tives, Theoretical Framework, Methodology, Experimental setup, Result, and Conclu-
sions.

In Chapter 1, the problem statement, the justification of this work and the scientific con-
tributions of this research are presented.

Chapter 2 states the general and specifics objectives.

Chapter 3 presents a brief overview where the reader can find the definition of epilepsy and
its relationship with the electroencephalographic signals. Furthermore, an introductory
theoretical background is provided, which is a broadly explanation about what entails to
work with these signals through machine learning and pattern recognition.
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In Chapter 4, the methodology for detecting epileptic seizures trough EGG signals is
described. It includes an explanation and brief description of the applied stages for pre-
processing, signal decomposition, characterization, feature selection, and classification.

In Chapter 5, the experimental setup is discussed. The performance measures and the
tests on the database are shown.

In Chapter 6, the results are discussed and shown through tables and meaningful graphics.
In Chapter 7, the conclusions obtained from this work are presented. Also, future works

that can improve the proposed methodology and help to establish open issues are men-
tioned.
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Chapter 2

Objectives

2.1 General Objective

To develop a methodology for the exploratory study through a comparison of characteri-
zation techniques and automatic classification of EEG signals in order to detect epilepsy.

2.2 Specific Objectives

e To establish a set of characteristics of EEG signals of temporal, morphological, spec-
tral, representation type, based on information theory and statistics that adequately
represent the epileptic seizure area.

e To select and implement classifiers based on models and distances in high-level
programming environments to be evaluated with characteristics of EEG signals.

e To design a methodology for comparing characterization and classification tech-
niques of EEG signals aimed at identifying the epileptic seizure area in order to
determine which of the techniques achieve a good compromise between accuracy
and in-context interpretability.

12



Chapter 3

Theoretical Framework

In 1970 just began the studies of mechanizing the detection of epileptic seizures [13].
Nevertheless, the algorithms to make the implementation of a physical problem solution
were developed 30 years after [14]. Nowadays, there are a lot of studies about the detection
of epileptic seizures. Most of these studies are based on electroencephalographic (EEG)
signals. The analysis of EEG signals uses the fact that the information processing in
the brain is reflected in the EEG as dynamical changes of the electrical activity in time,
frequency, and space [15]. These signals are pre-processed and characterized to classify
the signals with epileptic seizures from the other signals.

3.1 Epilepsy

Most people confuse an epileptic seizure with a convulsion. Nevertheless, a convulsion is
something less serious. Timothy Huzar in his study says that a convulsion “occurs when
a person’s muscles contract uncontrollably. They can continue for a few seconds or many
minutes. Convulsions can happen to a specific part of a person’s body or may affect their
whole body”. [16]. A convulsion is not related to an electrical disturbance in the brain
but uncontrollable muscle contractions.

Even though a convulsion is not the same that an epileptic seizure when this last one
occurs, it causes convulsions. A serious epileptic seizure always affects the whole body
because of the electrical disturbance in the brain. Also, the person who is having an
epileptic seizure starts drooling uncontrollably and loses consciousness for a short time
[17]. The exact definitions for epilepsy and epileptic seizures still are under discussion,
but there is an association of epilepsy who gives some definitions as ILAE and IBE.

The International League Against Epilepsy (ILAE) and the International Bureau for
Epilepsy (IBE) have defined epilepsy as “a disorder of the brain characterized by an
enduring predisposition to generate epileptic seizures and by the neurobiologic, cognitive,
psychological, and social consequences of this condition. The definition of epilepsy re-
quires the occurrence of at least one epileptic seizure” [18]. Also, they define an epileptic
seizure as “a transient occurrence of signs and/or symptoms due to abnormal excessive

13
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or synchronous neuronal activity in the brain” [18]. Notice that an epileptic seizure is
related to the electrical activity of the brain that produces convulsions and in the long
term, it can turn into a cerebral deterioration. As soon the epilepsy is diagnosed it can
receive the right treatment to control the seizure episodes.

3.1.1 Epilepsy recognition

To recognize whether a person has epilepsy, it is necessary a diagnosis from a doctor. In
this regard, the doctor needs to review the symptoms and medical history. Furthermore,
the doctor has to do several tests for the patient to know if there is a case of epilepsy or
not. This evaluation according to the Mayo Clinic website [19], may include:

e A neurological exam. The doctor may test your behavior, motor abilities, mental
function, and other areas to diagnose your condition and determine the type of
epilepsy you may have.

e Blood tests. The doctor may take a blood sample to check for signs of infections,
genetic conditions or other conditions that may be associated with seizures.

The neurological exam can include tests as follows: Electroencephalogram (EEG), High-
density EEG, Computerized tomography (CT) scan, Magnetic resonance imaging (MRI),
Functional MRI (fMRI), Positron emission tomography (PET), Single-photon emission
computerized tomography (SPECT), Neuropsychological tests [19]. All these tests have
to be analyzed by the doctor to determine if the patient has epilepsy and what kind it
could be. Notice that depend on the kind of exam it could take a long time to get the
results of the test and longer get the diagnosis.

3.1.2 Epilepsy Recognition through EEG signals

The most common test for diagnosing epilepsy is the electroencephalogram (EEG) where
some electrodes are attached in the scalp and these record the electrical activity of the
brain [19]. An epileptic seizure causes that the normal waves of the brain will be altered.
Even when the patient is not having a seizure this alteration remains [19]. This altered
waves can be recorded in the electroencephalogram. In this way, EEG signals can help
the doctor to make a diagnosis to know what kind of seizure the patient has.

Likewise, the EEG signals help doctors to make a diagnosis. It could be computationally
implemented to make the diagnosis faster. Several studies about the classification of
EEG signals follows almost the same flow chart of steps showed in Figure 3.1. First, it
is necessary to acquire the EEG signal in a file. Second, we have to preprocess the data
through normalization and filters to get just the proper signals of the EEG. Third, the
signals need to be characterized to find a minimum set of features. Finally, with the
selected features it is necessary to apply classification methods to determine when there
is epilepsy or not.
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Figure 3.1: The basic operation of a system for diagnosing epilepsy based on EEG signals.

3.1.3 Epilepsy Sources Location

Currently, one of the most effective ways to treat epilepsy is through brain surgery (also
called, neurosurgery) procedure. Nonetheless, this procedure can be dangerous if the
brain region wherein the epileptic crisis ir originated is not well localized. This brain
region is known as the Epileptogenic Region (ER) [1]. Neurosurgery refers to remove the
ER in an expert way, it means, the removing must be done accurately and skillfully to
minimizing the risk of causing collateral damages [20].

w1

o
BW= W,

Figure 3.2: Source localization results for the three considered
approaches. All the methods are tested regarding the same
simulated source (blue point). W is the weight used for each
approach. Source: [1]

A non-invasive way to locate the epileptic sources is through an analysis of electrical
potential which can be recorded by EEG signals. These can be mapped onto geometrical
coordinates using mathematical models, thus, they can reveal the location of epileptic
source [21]. One research on the location of the epileptic source is [1], which uses an
inverse problem model to analyze the EEG signals and make a mapping to found the
epileptic source. This mentioned research performs an exploratory study of weighted
inverse models aimed at identifying the benefit of incorporating weighting factors effect
into the solution of the inverse model problem. The results of that work are shown in
Figure 3.2, where three different weights are used to find the proper epileptic source.
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3.2 Electroencephalography (EEG)

Since the epileptic seizures are electrical activity in the brain, the use of electroencephalog-
raphy is very useful. Furthermore, it is the technique most used for doctors to diagnose
epilepsy. In this way, it is possible to do a deeper observation about what is happening
inside the brain through electroencephalography because it allows recording all the brain
waves [19]. These waves can be provoked by emotions, slight movements like a blink,
thoughts, strong movements, feeling of hunger. Thanks to electroencephalography it is
possible to have enough information about brain activity, even it is called “window on
the mind” [22]. It is from all this brain activity where it is necessary to filter the signals
that indicate an epileptic seizure.

“Electroencephalogram” was the named given by Hans Berger when in 1924 he made
the first recording of the electric field of the human brain. This recording was blurred
and noisy, even many people considered it meaningless, but it was the starting point of
electroencephalography [23]. Conventional electroencephalography measures the electrical
activity produced by the brain through an electrode placed in the scalp. The article
“Electroencephalography (EEG)” by Picton and Mazaheri, gives an explanation of how
the electrodes catch the signal brain. They said that “When the neurons of the brain
process information, they do so by changing the flow of electrical currents across their
membranes. These changing currents, particularly those caused by the synaptic excitation
and inhibition of cortical neurons, generate electric fields that can be recorded using small
electrodes attached to the surface of the scalp. The potentials between different electrodes
are amplified and displayed as they fluctuate over time” [24].
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Figure 3.3: The international 10-20 system seen from (A) left and
(B) above the head. Source: [2]

Since the EGG signal is measured by density, the location of electrodes and distance
between them are very important for a good recording [25]. In this way, there exists a
standardized system for the placement of electrodes called “10-20 system” [2]. For this
system, 21 clectrodes are used and Figure 3.3 shows how there has to be placed on the
surface of the scalp. Its placement is described in [26], [27] as follows: Nasion are reference
points, which is the radix (sellion) on the nose (top part), level with the eyes; and inion,
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which is in the occipital bone, placed at the back of the head. After that, the transverse
and median planes are used to measure the skull perimeters. These perimeters have to be
divided into 10% and 20% intervals to determine the electrode locations. Figure 3.3 part
B shows three other electrodes that are placed on each side at the same distance from the
neighboring points.

Another system used besides of 10-20 system is the 10% system. The American Electroen-
cephalographic Society (AES) is who standardized the location and nomenclature of these
electrodes [28]. The difference is that the names of the four electrodes are changed. These
are: 17, Ty, P;, and Ps. In Figure 3.4 these are drawn black with white text. Following
the principles of 10-20 system, it increases its resolution but has the same approach and
electrodes designation [25].
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Figure 3.4: Location and nomenclature of the 10% system. Source: [2]

According to [25], EEG signals “depends on the degree of cerebral cortex activity measured
in voltage as a function of time and are classified according to their frequency, magnitude,
wave morphology, spatial distribution and reactivity”. In [29] and [3] mention that the
classifications of EEG waveform are commonly through their frequency bands which are
five: alpha, beta, theta, delta and gamma bands. Figure 3.5 shows all the wave bands of
an electroencephalography. These bands in [3], are associated with a mental state which
is described as follows:

e Delta waves (J). Their bandwidth is 0.5 - 4 Hz, being the slowest waves, normally
detected during the deep and unconscious sleep

e Theta waves (). Their bandwidth is 4 - 8 Hz, and these are observed during some
states of sleep and quiet focus.

e Alpha waves («). Their bandwidth is 8 - 15 Hz, and these are originated during
periods of relaxation with eyes closed but still awake.

e Beta waves (). Their bandwidth is 14 - 30 Hz, and these are originated during
normal consciousness and active concentration.
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e Gamma waves (7). Their bandwidth is over 30 Hz, and these are known to have
stronger electrical signals in response to visual stimulation.
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Figure 3.5: The five frequency bands of EEG signal. Source: [3]

3.3 Data collection

Technically speaking, data collection is the first step for doing research on EEG signals
classification. Since datasets of EEG signals are widely used in brain studies, there ex-
ists a wide range of repositories recommended by literature and validated by scientific
communities. In [30] are mentioned three interdependent components of a new research
resource for complex physiologic signals, which are: PhysioBank, PhysioToolkit, and Phy-
sioNet. Furthermore, another useful repository of databases is “UCI: Machine Learning
Repository”, which has 476 data sets as a service to the machine learning community
[31]. Therefore, this important first step of data collection is already done thanks to the
existing repositories that provide the databases needed for researches.

3.4 Machine Learning

When there is a computer problem to solve, an algorithm is necessary. This algorithm
is developed based on the needed steps to achieve the correct solutions. Usually, for an
algorithm, the input is given to obtain the hoped output. In this way, if you want to know
the even numbers of a set, it is necessary to give the set of numbers as the input, and
the output will be the even numbers from this set. However, there are problems in which
an algorithm cannot be implemented so easily because the processes are not known. For
example, when it is necessary to separate spam from other emails. The input will be all
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the emails and the output will be the spam, but there is not a known process to separate
it. The algorithm to be implemented is difficult because the structure of the emails is
similar, all have characters and images, so there is not a known specific feature to deter-
mine which is spam. However, it is possible to take a set of spam ones and analyze the
data to “learn” how they are constituted. If that is possible, an algorithm can be created
to more easily separate spam.

For this reason, machine learning is introduced in programming computers to optimize
a performance criterion using example data or past experience. Machine learning uses
training data or past experience to learn how data is constituted and to make a descrip-
tion or prediction of the input data [32]. It is clear that the output of a machine learning
technique will not be 100% accurate, but if it is 90% or greater it can be used as well.
Since machine learning helps systems to learn, it is also a part of artificial intelligence.

To classify EGG signals there are different machine learning techniques. Some of these
can be more accurate than others. In this way, some of the most popular classifiers
are: Support vector machine (SVM), Artificial Neural Network, Fuzzy Inference system,
Clustering, K - nearest neighbor (K-NN), Bayesian Model, Linear Discriminant Analysis
Classifier (LDC), Quadratic discriminant Analysis Classifier (QDC) [33], [34].

3.4.1 Pattern recognition

In the book [4], says that “the field of pattern recognition is concerned with the automatic
discovery of regularities in data through the use of computer algorithms and with the use
of these regularities to take actions such as classifying the data into different categories”.
In this sense, pattern recognition aims to simulate the cognitive capacity of humans to note
the difference between a particular object from others, according to external information.
Nonetheless, to understand the whole concept, it is necessary to know what is a pattern.
In [35], Watanabe describes a pattern as an entity that can be and that is represented by
a set of measured properties and the relationships between them. It is called the vector
of characteristics. For example, in the recognition of handwriting digits, as it is showed in
the Figure 3.6, each digit corresponds to a 28 x 28 pixel image and so can be represented
by a vector x comprising 784 real numbers.
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Figure 3.6: Hand-written digits taken from US zip codes. Source: [4]

According to how the training data is organized, there are two categories of a pattern
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recognition system [4], which are described as follows:

e Supervised learning: it happens when the training data has its input vector with
the corresponding target vector. It means, that there exist defined classes.

e Unsupervised learning: when the training data set has its input data without
the target vector. There are no defined classes.

3.5 Characterization

Characterization implies meanly to reduce the needed characteristics to describe a huge
set of data. It is known as dimensionality reduction [25]. Furthermore, it is defined as the
process to create a set of characteristics from the input data [32]. The goals of applying
feature extraction will be: provide relevant sets of characteristics to the classifier, reduce
redundancy, recover significant latent characteristics, generate greater understanding in
the process of generating data, reduce computational costs and improve the rate of gen-
eralization [25].

Broadly, during the analysis of certain signals (herein, specifically the given data by the
EEG database) is necessary to extract the relevant information for the subsequent clas-
sification task. In this sense, the decomposition, so-named, Discrete Wavelet Transform
(DWT) is used. DWT is widely used and recommended for dealing with non-stationary
and vibration-like signals -just as the EEG signals [36], [37].

3.5.1 Discrete Wavelet Transform (DWT)

In [38], mentions that the EEG signals are not stable because they can change rapidly
in time. In this way, the Discrete Wavelet Transform allows modeling these changes in
time-frequency.

There are a lot of studies developed under the discrete wavelet transform applied to EEG
signals. Also, it is used in many engineering fields to solve real-life problems. According
to [39], a wavelet is a short wave and it has its energy intensified in time to give a tool
for the analysis of transient, non-stationary signals or time-varying phenomena. Fourier
transforms can be applied easily if the signals were stationary, it means if they have not
a big change over time. Nonetheless, the EEG signals are non-stationary, so the Fourier
transform cannot be applied directly.

Wavelet transform allows getting the individual EEG sub-bands recon-structuring the in-
formation accurately. That is possible because DW'T has the advantages of time-frequency
localization, multi-rate filtering, and scale-space analysis. Therefore, DWT can show in
more detail and precision the signals in both time and frequency domain. Also, at the
first level, DWT decomposes a specific signal into approximation and detail coefficients
[5]. These coefficients obtained has useful information. Furthermore, there is a filter bank
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Figure 3.7: Four level wavelet decomposition of EEG. Source: [5]

associated with a Wavelet family and decomposition levels. Figure 3.7 shows an example
of some levels of DWT. In [5], to achieve better results in feature extraction, wavelet
decomposition has been used as a preprocessing level for EEG segments to extract five
physiological EEG bands. Table 3.1 shows the levels of decomposition and the frequency
range of each level.

Table 3.1: Levels of Discrete Wavelet Transform decomposition. Source: [5]

Frequency range (Hz) | Descomposition label | Frequency bands
D1 30 - 60 Gamma
D2 13- 30 Beta
D3 8§-13 Alpha
D4 4-8 Theta
D5 2-4 Delta
Al 0-2 Delta

3.6 Feature selection

The dataset of the EEG signal can have many characteristics, some of which are irrelevant.
Therefore, these characteristics should be removed from the dataset. For this purpose,
it is necessary to apply a feature selection to obtain only the needed features. This is
an automatic selection of features from data, mostly founded in the columns of tabular
data [40]. It is important to do not confuse feature selection and dimension reduction.
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Although both are developed to remove features in the dataset, dimension reduction uses
a combination of attributes to reduce it, but feature selection does not change the at-
tributes in the process [40].

The importance of doing feature selection or extraction of a data set, based in machine
learning and data mining processes, according to [25] are:

e Because there is irrelevant information, it means, some features can generate over-
learning because they do not provide any information to the system.

e Due to redundant information, that is to say, linearly related features which do the
same task.

e For the reason of dimensionality problem, in other words, the number of character-
istics is greater than the data, meaning that each character represents a dimension.

3.7 Classification

It is the process that is done after performing correct feature extraction, where a feature is
assigned to the corresponding class. Classification implies to group by classes the different
attributes of a data set. For this process, in machine learning, there are two categories,
supervised and unsupervised. A brief description and examples of both paradigms of
classification are presented.

3.7.1 Supervised classification

Supervised classification handles the problem of automatically assigning objects to their
respective classes on the basis of numerical measurements derived from these objects [41].
To do so, it is necessary to have already a set of classified data in order to assign a class to
a second set. This classified set is used for training. In this regard, “training” is the task
where the parameters used to classify are estimated for recognizing and label unknown
attributes [42]. The classified data for training is previously labeled in order to group in
the class that corresponds. Some of the most known supervised classifiers are:

e k-Nearest Neighbor: It is based on the belief that similar things exist in close
proximity. It means similar things are near to each other [43]. A-NN is based on
the idea that the new attributes will be categorized in the class to which the closest
neighbors of the training set closest to this belong [44].

e Linear Discriminant Analysis - LDC: This classifier is based on the rule of
maximum probability and the theorem of Bayesian to estimate probabilities. [45],

[44].

e Quadratic Discriminant Analysis - QDC: It is closely related to LDC, that
is to say, there is a variant from LDC, it is assumed that the measurements are
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normally distributed. In this way, an individual covariance matrix is estimated for
every class of observations [44].

e Support Vector Machine - SVM: It aims to find a hyperplane in an N-dimensional
space, where N is the number of features, that plainly categorize the data points
[45], [46]. This method can classify linearly separable data, is resistant to overfit-
ting because it seeks a specific decision boundary and is efficient in the non-linear
case because it does not explicitly create the transformed space and its non-linear
transformation is implicit. Also, it can process a large number of entries [47].

e Random Forest: This method of classification is a combination of predictive trees
such that each tree depends on the values of a randomly tested vector independently
and with the same distribution for each of these [48].

e Artificial Neural Networks - ANN: This method is inspired by biological neural
networks. Its main characteristics are self-organization and adaptability, its non-
linear processing and parallel processing [49] [42].

3.7.2 Unsupervised classification

When the data is not labeled, unsupervised classification is used. It means, that this
method tries to give a clustering based on the properties of data. It can separate classes
but it can not give a name to these classes. It takes into consideration the similitude
between the data, that is to say, it does not need prior knowledge. There are several
methods to do so, but the most common is based on the use of clustering algorithms which
refers to look for similar attributes and group them [42]. Some examples of unsupervised
classifiers are:

e L Means: It is also called migrating means and iterative optimization. This method
is based on determining the means of the classes, then in an iterative way, the objects
are inserted in the nearest class using the minimal distance technique. Each iteration
does a recalculation of the mean class and reclassifies all the objects. The process is
repeated as many time as necessary until there are not more movements of objects
between clusters. When a large data set is used, the process is not run to completion
so it is necessary to use some stopping rules. [42] [50].

e Isodata clustering: It is a method based on k means with certain refinements.
This method uses in the cluster formed a number of checks. The introduction of
this number can be during or at the end of the iterative assignment process. These
checks are in charge of make a relation between the number of objects assigned to
clusters and their shapes in the spectral domain. [42] [51].
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Chapter 4

Methodology

Regarding the general system explained in Figure 3.1 from Section 3.1.2, this work is
focused in the last three stages.

The planned methodology for the characterization and classification of EEG signals with
the intention to give a diagnosis for epilepsy seizures is summarized in Figure 4.1. In
this Figure, there are 5 parts which are named as follows: pre-processing, decomposition,
feature extraction, feature selection, and classification.

PATIENT EEG SIGNALS DATABASE
N 500 Subjects, 23 Chunks
| 11500 registers
178 Data points for 1 second

CHARAETEMZATION DECOMPOSITION PRE-PROCESSING

Temporal, Morphological, | |
Spectral and DWT | Normalization
| Representative type |

FEATURE SELECTION CLASSIFICATION
CfsSubsetEval - Best First - LDC, QDC,

‘ InfoGainAttributeEval - Ranker ‘ KNN and SVM

Figure 4.1: Methodology for the characterization and
classification of EEG signal for epilepsy diagnosis.

4.1 Database

The EEG signals were obtained from UCI Machine Learning repository, the dataset used
is “Epileptic seizure recognition” [52]. In this dataset, there is a total of 500 samples.
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Each EEG signal has 4097 data points recorded in 23.6 seconds. However, this signal is
divided into 23 chunks. Therefore, the dataset has 11500 records with 178 data points
recorded in 1 second. The records were labeled as follows: (1) Seizure activity, (2) EEG
signal from the area where the tumor was located, (3) EEG activity from the healthy
brain area, (4) EEG signal when the eyes are closed, and (5) EEG signal when the eyes
are opened. Figure 4.2 shows a plot of the 5 classes of the dataset marked each class by
a different color.

10000
8000
6000

4000

2000

0.5

Figure 4.2: Plot of the labels from the dataset where each class is a
different color. (1) purple, (2) blue, (3) green, (4) orange, (5) red

4.1.1 Epileptic Seizure Recognition Data Set

According to the UCI Machine learning repository [52], it says that “this dataset is a pre-
processed and re-structured/reshaped version of a very commonly used dataset featuring
epileptic seizure detection”. The original data is found in [6], which consists of 5 different
folders, each one with 100 files where each file represents a single person. Also, each file
is a recording for 23.6 seconds. The corresponding time-series is sampled into 4097 data
points. Therefore, the dataset is composed of 500 individuals with 4097 data points of
23.6 seconds each one.

Figure 4.3: Scheme of intracranial electrodes implanted for
pre-surgical evaluation of epilepsy patients. Source:[6]

This original dataset was divided and shuffled every 4097 data points into 23 chunks
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which contain 178 data points for 1-second [52]. It is the dataset that is used for this
work, thereby it contains 11500 pieces of information which are the rows and 178 data

points which are the columns. Additionally, it has the last column which represents the
label (1,2,3,4,5). The labels as described as follows:

1. Seizure activity

2. EEG signal from the area where the tumor was located
3. EEG activity from the healthy brain area

4. EEG signal when the eyes are closed

5. EEG signal when the eyes are opened

These segments of 23.6-sec duration were selected and eliminated from continuous mul-
tichannel EEG recordings after pass visual inspection for devices, for example, due to
muscle activity or eye movements [6]. The sets labeled as 4 and 5 were taken from the
scalp that was realized on five healthy volunteers using the standardized 10-20 system
scheme. These volunteers were relaxed and in an awake state. The rest of the sets 1, 2
and 3 were taken from presurgical diagnosis archive. These sets were obtained from five
selected patients who had achieved complete seizure control after resection of one of the
hippocampal formations which were diagnosed as epileptogenic zone [6]. In this way, set 1
only contains the seizure activity and set 2 were recorded from the hippocampal formation
of the opposite hemisphere of the brain and the set 3 from within the epileptogenic zone.
These last two contain activity measured during seizure-free intervals.

Figure 4.3 shows how the sets 1, 2 and 3 were obtained. To take these EEG signals
depth electrodes were implanted symmetrically into the hippocampal formations (top).
Segments of sets 2 and 3 were taken from all contacts of the respective depth electrode.
Strip electrodes were implanted onto the lateral and basal regions (middle and bottom)
of the neocortex. Segments of set 1 were taken from contacts of all depicted electrodes [6].

In [6] mentions one last important thing about the dataset. It says that “EEG signals
were recorded with the same 128-channel amplifier system, using an average common
reference or strong eye movement artifacts. After 12 bit analog-to-digital conversion, the
data were written continuously onto the disk of a data acquisition computer system at a
sampling rate of 173.61 Hz”.

4.2 Pre-processing

The EEG signals should be normalized before they will be processed. The normalization
is simple, it has to establish the data in a range of [—1, 1]. It will be removed offset levels
regarding equation (4.1). In this way, the normalization makes sure that the signal does
not exceed the given range. It makes easier the processing to follow in the next steps.
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S = S=5 (4.1)

max |S|

Where S is the signal, max | S| is the maximum absolute value of the signal, and S is the
mean of the signal.

The programming for loading the data and doing the normalization process is shown in
the appendix A.1.

4.3 Signals decomposition

In order to achieve the objectives proposed in this work, the implementation of a method
of decomposition of the signal is needed. It is described below.

4.3.1 Discrete Wavelet Transform (DWT)

In this research, the algorithm of DW'T is used as a method of decomposition for the
signal. The family of DWT used was Daubechies. This family is based on compactly
supported orthonormal wavelets. The order used was 4 and the decomposition level was
set to be 5. The order refers to the number of vanishing moments [53]. The application
Matlab is used to perform this algorithm.

Discrete Wavelet Transform (DWT) decomposes in a recurrent way a signal into two sub-
signals with less resolution regarding the frequency. These signals are called as approach
and detail, also known as coefficients [54]. The signals S;(n) and W;(n) are the approach
and detail signals in the i level. The total number of levels depends on the times that the
signals are going to be decomposed. In this way, the process will be repeated as many
times as necessary, so the signal S;(n) is decomposed in new others signals S;,1(n) and
Wii1(n). These are going to be the new approach and details signals in the 7 4+ 1 level.
The equation (4.2) shows how the approach signal can be computed.

Sivi =Y _ g(k)S1(2n — k) (4.2)
k
The detail signal can be calculated as shows the equation (4.3)
Wiy = > h(k)Si(2n — k) (4.3)
k

Matlab has an implemented function named wavedec which is used to obtained the levels
of DWT from the dataset used for this research. The Matlab programming is shown in
the appendix A.2 in the source code 4.
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4.4 Characterization

EEG signals samples can be treated as a complex and dynamic dataset that can be rep-
resented by a feature set. It is possible because EEG signals are extracted as a record
of electrical signals from the electric potential generated. Taking into account previous
works of EEG signal [25], [55], [56], [57], [58], two sets of several features are taking into
consideration. The first one is given by temporal features as follows: absolute mean value,
standard deviation, kurtosis, the area under the curve, root mean square (Rms), variance,
covariance, entropy, simple quadratic integral, and Shannon entropy, and others [59], [60],
[61] . The second one is given by spectral transformation: peak frequency, average fre-
quency and maximum energy of the spectral power [62]. A brief list of different used
estimators to characterize the EEG signals is shown in Table 4.1.

Table 4.1 is stated according to the following notation:
e 7: Conventional average.

e o(x): Standard deviation.

e p(x): Given probability.

|z]: Absolute value.

log(z): Logarithm of x to the base 10.

e [0gy(x): Logarithm of x to the base 2.

These features mentioned above were applied directly to the normalized EEG signal.
Furthermore, these features were applied to the 5 levels of DWT signals obtained after
decomposition. Therefore, the features set is as follows:

1) 36 features were obtained from statistical measures

ii) 192 features were obtained from resultant coefficients of DWT which were pass
through 32 statistical measures.

iii) 7 features were removed from the features set because they have wrong values.

Each feature vector is normalized through the equation (4.1) which is the same used for
the normalization of the original signal. The final matrix with all features has a dimension
of 11500 x 221. Where 221 is the total number of features.

The Matlab programming for the feature extraction is shown in the appendix A.2 in the
source code 2 and 3.
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Table 4.1: Mathematical formulation of the representative
characteristics for EEG

Features Mathematical formulation
N
Area under the curve I=> |z,
n=1
N
Mean == |z
n=0
N
Root mean square RMS = |+ > (2)
n=1
N
Variance 5 2 (z, — T)?
n=1
N
> (xn—x)2
Standard Deviation \/“T
Log energy entropy log(z?)
€A
N
Squared Integral I=>(z,)?
5 n=1
> (wn — T)?
n=1
. N
Kurt
urtosis (1)
1 N
Covariance —— > (n —T)(yn — 1)
N — 1 n=1
Shannon Entropy — p(z)logap(x)
XeA
1 N
Average Amplitude Change N D1 — @y
n=1

4.5 Feature selection

The features obtained from the original EEG signal form high-dimensional matrices which
have a lot of features that are not very relevant at the time to represent the class you
want to classify. On the contrary, these features are causing a bad representation of the
class, thus the system is not efficient.

In this work, there are 221 features obtained from characterization. In order to extract
the most relevant features, Weka application is used. It is a powerful tool for data mining
tasks. It has a big collection of machine learning algorithms. For this research, Weka
is used to do the feature selection. In this way, the whole dataset is being passed by
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CfsSubsetEval as an attribute evaluator. It evaluates the worth of a subset of attributes
by considering the individual predictive ability of each feature along with the degree of
redundancy between them. Subsets of features that are highly correlated with the class
while having low intercorrelation are preferred [63]. This attribute evaluator works to-
gether with the search method BestFirst. According to [64], BestFirst is an artificial
intelligence search strategy that allows backtracking along the search path. It works in the
same way that greedy hill climbing, it means, BestFirst is going to make local changes
in the current features subset while it is moving along the search space. In contrast with
hill climbing, if BestFirst found that this path is no longer promising, it can go back to
the best previous subset and continue with the searching.

After using BestFirst, to take just the best of this subset of features, it is useful to use
another attribute evaluator. In this case, InfoGainAttributeEval is used. It evaluates
the worth of an attribute by measuring the information gain with respect to the class
[65]. Then, the search method used is Ranker, which ranks attributes by their individual
evaluations [66].

The subset obtained by BestFirst was of 41 features. After applying the Ranker method
this subset is reduced to the 9 best, which are the features used for this work. It is
important to mention that the best-taken features belong to the subset applied to the
decomposition of DWT. At the end of this process, a matrix or subset of data with the
selected features is obtained. Also, a vector with the regarding labels is obtained. A
representation on that is shown as follows:

1 2 D
Ty Ty ot Iy U1
1 2 D
Lo Ty o Ty Y2
X = . . . . 3 Yy = . 5
1 2 D
Ty Ty -+ Ty YN

where NN is the number of records and D is the number of selected features.

4.6 Classification

For the classification process the following classifiers are used:
e Linear discriminant analysis classifier (LDC)
e Quadratic discriminant analysis classifier (QDC)
e k-nearest neighbor (kNN)
e Support vector machine (SVM)

This is applied to bi-class problems and 3-class problems with the 9 features obtained in
the selection feature process. The Matlab programming for these two kinds of classification
problem is shown in the appendix A.3.
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Chapter 5

Experimental Setup

In this Chapter, the performance measures of the classifiers applied to the different sets
are going to be described.

5.1 Performance metrics

The following performance measures were used to qualify the result of the classification:
Mean (Me), Standard Deviation (Std), Sensitivity (Se), Specificity (Sp) and Classification
percentage (CP). These measures are calculated with the equations:

Me = E:—T;er (5.1)
(

Std = \/ Zﬁlfi’ : 1) (5.2)

Tp

Se = Tot Fn (5.3)
Tn
Sp=——" 5.4
= Ty Fp (54)
Tn+T
cp nYep x 100 (5.5)

N In+Fp+Tp+ Fn

The values to calculate these measures are:

e er: Errors vector with indexes ¢---n > 0
e n: Length of the vector er
e Tp: True positives or cases of interest class correctly classified.

e Tn: True negatives or different cases of the interest class correctly classified.
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e Fp: False positives or different cases of the interest class classified as cases of the
interest class.

e I'n: False negatives or cases of the interest class classified as different cases of the
interest class.

In addition, to have a better visual appreciation, the following graphs will be shown: box
plot, and receiver operating characteristic (ROC) curve. Furthermore, confusion-matrix-
based measures are presented. These quantifier performance measures will be presented
in each experiment.

5.2 Applied Tests on Database

In the proposed methodology the decomposition of the signal is explained. Also, there
are two kinds of characterization: on the original signal and on the decomposed signal.
All these obtained features are put together in a matrix. In this sense, this feature matrix
is used to do 5 tests. The most important class for this research is class 1 which is
the indicator of seizure activity. Therefore, the 5 classes of the original dataset were
restructured to work with 2 and 3 classes. In order to achieve the best classification
of class 1, two tests are a bi-class problem and the three others are a 3-class problem.
These 5 tests are useful to analyze the response of four classifiers: LDA, LDC, kNN, and
SVM. For each test, four percentual results are obtained which indicate the number of
well-classified samples over the total of samples in the classifier by each class. As methods
to feature selection first were applied BestFirst, then over that was applied Ranker.

e Experiment 1: It is done using classes 2, 3, 4 and 5 as a single class. Class 1 is
the target for classification

e Experiment 2: It is done using only class 1 and class 2. The rest of the classes are
removed from the dataset. Here the seizure activity and the area where the tumor
was located can be distinguished.

e Experiment 3: It is done using classes 1 and 2 individually and the rest of the
classes are taken as a single class. Here the seizure activity and the area where the
tumor was located can be distinguished.

e Experiment 4: It is done using the classes 1, 2 and 3 individually. The rest of
the classes are removed from the dataset. Class 3 can distinguish the healthy brain
area.

e Experiment 5: It is done joining classes 1 and 2 as a single class. Class 3 is treated
individually and the classes 4 and 5 are joined as another single class.

For all these experiments, the classifiers were applied under 10 iterations using 80% of
the data for training and 20% for test. The registered results are those obtained with
runnings over the test dataset only. Finally, a user interface is developed, which allows to
redo the experiments and recreate the obtained results.

Information Technology Engineer 32 Final Grade Project



School of Mathematical and Computational Sciences YACHAY TECH

5.3 Classifier settings

For applying the four classifiers is used Matlab and its toolbox called PRTools. In
this regards, the functions used from PRTools are 1dc(), qdc(), and knnc(). SVM
classifier is imported from the classification learner app of Matlab under the name of
trainClassifierSVM(). To use these functions, it is necessary to set a configuration
showed in Table 5.1.

Table 5.1: Classifiers settings

| Classifier || Setting

No regularization
All dimensions
No regularization
All dimensions
KNN k is optimized with respect to the leave-one-out error on the dataset
Kernel function: Gaussian
Kernel scale: 3
SVM Box constraint: 1
Standardize: true
Specify the class names

LDC

QDC
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Chapter 6

Results

The results of each one of the experiments mentioned in Section 5.2 are presented through
figures and tables to have a better visual appreciation. In this regard, the tables have
statistical measures based on the confusion matrix.

6.1 Experiments

There are a total of 5 experiments in which their results are shown in the following
subsections.

6.1.1 Experiment 1

This experiment is developed with 2 classes: (1) Seizure activity and (0) a single class
grouping the rest of the classes. Table 6.1 shows the mean and standard deviation from
the errors obtained by each classifier. It is clear that the classifier with lower error is
SVM., followed by KNN. Furthermore, the standard deviation is low for all classifier with
means that the data is almost accurate.

Table 6.2 shows the sensitivity and specificity belongs to the class 1, seizure activity,
where the higher sensitivity and specificity is presented with the SVM classifier. Tables
6.3, 6.4, 6.5, 6.6, show the confusion matrices of all classifiers taken in the last iteration.
The confusion matrix of SVM shows the best classification followed by ENN.

Figure 6.1 shows the box plots of all classifiers measuring their accuracy of classification.
It is clear, that the best is the SVM which is over 95% followed nearly by ANN. Figure
6.2 shows the comparison of the ROC curves of all classifiers. It is noticed that the SVM
and kNN curves are so close and are the best of all of them.

Additionally, a significance test of error rates for experiment 1 is presented in Figure 6.3.
The test used is Dunn test (Kruskal-Wallis with bonferroni correction).

34



School of Mathematical and Computational Sciences YACHAY TECH

Table 6.1: Experiment 1 - Comparison of classifier through mean and
standard deviation measures.

Classifier Mean Standard Deviation.
LDC 0.0613043 0.0031752
QDC 0.0651739 0.00211465
KNN 0.0489565 0.00389529
SVM 0.0399565 0.00385327

Table 6.2: Experiment 1 - Comparison of classifier through sensitivity
and specificity measures from class 1, seizure activity

Classifier | Sensitivity | Specificity
LDC 0.78913 0.970652
QDC 0.815217 0.9625
KNN 0.795652 | 0.982065
SVM 0.854348 | 0.983152

Table 6.3: Experiment 1 - Confusion matrix of LDC classifier

True Estimated Labels Totals
Labels 0 1
0 1786 54 1840
1 97 363 460
Totals | 1883 417 2300

Table 6.4: Experiment 1 - Confusion matrix of QDC classifier

True Estimated Labels Totals
Labels 0 1
0 1771 69 1840
1 85 375 460
Totals | 1856 444 2300
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Table 6.5: Experiment 1 - Confusion matrix of kNN classifier

True Estimated Labels Totals

Labels 0 1 )
0 1807 33 1840
1 94 366 460

Totals | 1901 399 2300

Table 6.6: Experiment 1 - Confusion matrix of SVM classifier
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True Estimated Labels Total
Labels 0 1 otals
0 1809 31 1840
1 67 393 460
Totals | 1876 424 2300
T L |
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Figure 6.1: Experiment 1 - Comparison of classifiers through their
accuracy
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ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.2: Experiment 1 - ROC curve of each classifier belonging to
class 1, seizure activity
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Figure 6.3: Experiment 1 - Comparison of classifiers.
* <= 0.05, %xx <= 0.001, * x x <= 0.0001.
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6.1.2 Experiment 2

This experiment is developed with 2 classes: (1) Seizure activity and (0) EEG signal from
the area where the tumor was located. The rest of the classes were removed from the
dataset. Table 6.7 shows the mean and standard deviation from the errors obtained by
each classifier. It is clear that the classifier with lower error is SVM, followed by ANN.
Furthermore, the standard deviation is low for all classifier with means that the data is
almost accurate. Table 6.2 shows the sensitivity and specificity belongs to class 1, seizure
activity, where the higher sensitivity and specificity is presented with the SVM classifier.
In this experiment, if we change the chosen class by class 0 we can obtain the specificity
as the sensitivity and vice versa. It indicates that class 0 is also well classified. It is useful
to determine the epilepsy source location in the brain region as it is mentioned in Section
3.1.3 because the treatment of neurosurgery can be applied. Tables 6.9, 6.10, 6.11, 6.12,
show the confusion matrices of all classifiers taken in the last iteration. The confusion
matrix of SVM shows the best classification followed by NN and LDC.

Table 6.7: Experiment 2 - Comparison of classifier through mean and
standard deviation measures.

Classifier Mean Standard Deviation.
LDC 0.0697826 0.0088572
QDC 0.128478 0.00967873
KNN 0.0578261 0.00906232
SVM 0.0498913 0.00513548

Figure 6.4 shows the box plots of all classifiers measuring their accuracy of classification.
It is clear, that the best is the SVM which is near to 95% followed nearly by KNN. The
worst of them is QDC. The Figure 6.5 shows the comparison of the ROC curves of all
classifiers belonging to class 1. It is noticed that the SVM and kNN curves are so close
and are the best of all of them. Besides, Figure 6.6 shows the same curves but they belong
to class 0, where it is clear that SVM and KNN are the best. The difference between these
two last Figures is the QDC classifier which in Figure 6.6 is the worst curve.

Table 6.8: Experiment 2 - Comparison of classifier through sensitivity
and specificity measures from class 1, seizure activity

Classifier | Sensitivity | Specificity
LDC 0.923913 | 0.915217
QDC 0.786957 | 0.941304
KNN 0.921739 0.93913
SVM 0.958696 | 0.958696

Additionally, a significance test of error rates for experiment 2 is presented in Figure 6.7.
The test used is Dunn test (Kruskal-Wallis with bonferroni correction).
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Table 6.9: Experiment 2 - Confusion matrix of LDC classifier

True Estimated Labels Totals
Labels | 0 1 )
0 421 39 460
1 35 425 460
Totals | 456 464 920

Table 6.10: Experiment 2 - Confusion matrix of QDC classifier

True Estimated Labels Totals
Labels | 0 1

0 433 27 460

1 98 362 460
Totals | 531 389 920

Table 6.11: Experiment 2 - Confusion matrix of kNN classifier

True

Estimated Labels

Labels | 0 1 Totals
0 432 28 460
1 36 424 460
Totals | 468 452 920

Table 6.12: Experiment 2 - Confusion matrix of SVM classifier

True

Estimated Labels

Labels | 0 1 Totals
0 441 19 460
1 19 441 460
Totals | 460 460 920
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Figure 6.4: Experiment 2 - Comparison of classifiers through their
accuracy

ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.5: Experiment 2 - ROC curve of each classifier belonging to
class 1, seizure activity
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ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.6: Experiment 2 - ROC curve of each classifier belonging to
class 2, epilepsy source location
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Figure 6.7: Experiment 2 - Comparison of classifiers.
* <= 0.05, %xx <= 0.001, * x x <= 0.0001.
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6.1.3 Experiment 3

This experiment is developed with 3 classes: (1) Seizure activity, (2) EEG signal from the
area where the tumor was located and (3) a single class grouping the rest of classes. Table
6.13 shows the mean and standard deviation from the errors obtained by each classifier.
It is clear that the classifier with lower error is SVM, followed by ANN. Furthermore, the
standard deviation is low for all classifier with means that the data is almost accurate.
Nonetheless, the error is great, that is to say, the possibility of the system fails is over
20% for all the classifiers. It is not good for health works.

Table 6.13: Experiment 3 - Comparison of classifier through mean and
standard deviation measures

Classifier Mean Standard Deviation.
LDC 0.239652 0.0072051
QDC 0.340522 0.00691959
KNN 0.224783 0.00425998
SVM 0.205261 0.00600864

Table 6.14 shows the sensitivity and specificity belongs to class 1 and 2, seizure activity
and source area location, where, in the case of class 1, the higher sensitivity and specificity
is presented with the SVM classifier. On the other side, for class 2 the values vary, the
higher sensitivity is in QDC and the specificity in KNN. It means that class 1 is better
classified than class 2. Tables 6.15, 6.16, 6.17, 6.18, show the confusion matrices of all
classifiers taken in the last iteration. It is noticed that class 2 is not well classified in all
of them.

Table 6.14: Experiment 3 - Comparison of classifier through sensitivity
and specificity measures belonging to class 1 and 2, seizure activity and
source area location

. Class 1 Class 2
Classifier 5% S S S
LDC 0.821739 | 0.969565 | 0.365217 | 0.909239
QDC 0.713043 | 0.976087 | 0.895652 | 0.631522
KNN 0.832609 | 0.97337 | 0.397826 | 0.909783
SVM 0.865217 | 0.978804 | 0.23913 | 0.956522

Figure 6.8 shows the box plots of all classifiers measuring their accuracy of classification.
It is clear, that the best is the SVM which is near to 80% followed nearly by ANN.
The worst of them is QDC. However, this is not enough for saying that this experiment
worked good. The percentage is not suitable for this kind of research. Figure 6.9 shows
the comparison of the ROC curves of all classifiers belonging to class 1. It is noticed that
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the SVM and ENN curves are so close and are the best of all of them. Besides, Figure 6.6
shows the same curves but they belong to class 2, where it is clear that this class cannot

be correctly classified.

Additionally, a significance test of error rates for experiment 3 is presented in Figure 6.11.
The test used is Dunn test (Kruskal-Wallis with bonferroni correction).

Table 6.15: Experiment 3- Confusion matrix of LDC classifier

True Estimated Labels Totals
Labels | 1 2 3

1 378 | 14 68 460

2 38 | 168 | 254 460

3 18 | 153 | 1209 | 1380
Totals | 434 | 335 | 1531 | 2300

Table 6.16: Experiment 3 - Confusion matrix of QDC classifier

True Estimated Labels Totals
Labels | 1 2 3

1 328 | 99 33 460

2 11 412 37 460

3 33 | b79 | 768 | 1380
Totals | 372 | 1090 | 838 | 2300

Table 6.17: Experiment 3 - Confusion matrix of kNN classifier

True Estimated Labels Totals
Labels | 1 2 3
1 383 | 15 62 460
2 32 | 183 245 460
3 17 | 151 | 1212 | 1380
Totals | 432 | 349 | 1519 | 2300
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Table 6.18: Experiment 3 - Confusion matrix of SVM classifier
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True Estimated Labels Totals

Labels | 1 | 2 3 otas
1 398 | 27 35 460
2 20 | 110 | 330 460
3 19 | 53 | 1308 | 1380

Totals | 437 | 190 | 1673 | 2300
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Figure 6.8: Experiment 3 - Comparison of classifiers through their
accuracy
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ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.9: Experiment 3 - ROC curve of each classifier belonging to

class 1, seizure activity
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Figure 6.10: Experiment 3 - ROC curve of each classifier belonging to

class 2, epilepsy source location
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Figure 6.11: Experiment 3 - Comparison of classifiers.

* <= 0.05, %xx <= 0.001, % x * <= 0.0001.

6.1.4 Experiment 4

This experiment is developed with 3 classes: (1) Seizure activity, (2) EEG signal from
the area where the tumor was located and (3) healthy brain area. The rest of the classes
were removed from the dataset. Table 6.19 shows the mean and standard deviation from
the errors obtained by each classifier. It is clear that the classifier with lower error is
SVM, followed by kKNN. Furthermore, the standard deviation is low for all classifier with
means that the data is almost accurate. Nonetheless, the error is great, that is to say, the
possibility of the system fails is over 29% for all the classifiers. It is not good for health

works.

Table 6.19: Experiment 4 - Comparison of classifier through mean and
standard deviation measures

Classifier Mean | Standard Deviation.
LDC 0.320725 0.0140355
QDC 0.358333 0.0109378
KNN 0.322246 0.0133269
SVM 0.291232 0.00823703

Table 6.20 shows the sensitivity and specificity belonging to class 1, 2 and 3 which are
seizure activity, source area location and healthy brain area, where, in the case of class
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1, the higher sensitivity is in SVM and specificity is in QDC. On the other side, for class
2 the values vary, the higher sensitivity is in LDC and the specificity is in SVM. On the
other hand, for class 3, the greater sensitivity is in QDC and the specificity is in LDC.
It means that class 1 is better classified than class 2 and 3. Tables 6.21, 6.22, 6.23, 6.24,
show the confusion matrices of all classifiers taken in the last iteration. It is noticed that
class 2 is the worst classified in all of them and the best is class 1.

Table 6.20: Experiment 4 - Comparison of classifier through sensitivity
and specificity measures of all classes

Classifier Class 1 Class 2 Class 3
Se Sp Se Sp Se Sp
LDC 0.936957 | 0.966304 | 0.465217 | 0.78913 | 0.630435 | 0.76087
QDC 0.76087 0.975 0.330435 | 0.806522 | 0.819565 | 0.673913
KNN 0.915217 | 0.968478 0.4 0.81087 | 0.682609 | 0.719565
SVM 0.95 0.963043 | 0.384783 | 0.881522 | 0.78913 | 0.717391

Figure 6.12 shows the box plots of all classifiers measuring their accuracy of classification.
It is clear, that the best is the SVM which is near to 70% followed nearly by ANN.
The worst of them is QDC. However, this is not enough for saying that this experiment
worked good. The percentage is not suitable for this kind of research. Figure 6.13 shows
the comparison of the ROC curves of all classifiers belonging to class 1. It is noticed that
the SVM, kNN, and LDC curves are so close and are the best of all them. Besides, Figure
6.14 shows the same curves but they belong to class 2, where it is clear that this class
cannot be correctly classified. Moreover, Figure 6.15 shows the same curves but they
belong to class 3. It is noticed that SVM curve has a totally different behavior regarding
the rest of the classifiers. However, it is clear that this class cannot be classified either.

Table 6.21: Experiment 4 - Confusion matrix of LDC classifier

True Estimated Labels Totals
Labels | 1 2 3

1 431 | 28 1 460

2 27 | 214 | 219 460

3 4 1166 | 290 460
Totals | 462 | 408 | 510 1380

Additionally, a significance test of error rates for experiment 4 is presented in Figure 6.16.
The test used is Dunn test (Kruskal-Wallis with bonferroni correction).
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Table 6.22: Experiment 4 - Confusion matrix of QDC classifier

True Estimated Labels Totals

Labels 1 2 3
1 350 | 99 11 460
2 19 | 152 | 289 460

3 4 179 377 460
Totals | 373 | 330 | 677 | 1380

Table 6.23: Experiment 4 - Confusion matrix of kNN classifier

True Estimated Labels Totals

Labels 1 2 3
1 421 | 31 8 460
2 26 | 184 | 250 460

3 3 | 143 | 314 460
Totals | 450 | 358 | 572 1380

Table 6.24: Experiment 4 - Confusion matrix of SVM classifier

True Estimated Labels Totals

Labels | 1 2 3
1 437 | 17 6 460
2 29 | 177 | 254 460
3 5 92 363 460

Totals | 471 | 286 | 623 | 1380
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Figure 6.12: Experiment 4 - Comparison of classifiers through their
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Figure 6.13: Experiment 4 - ROC curve of each classifier belonging to

class 1, seizure activity
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ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.14: Experiment 4 - ROC curve of each classifier belonging to
class 2, epilepsy source location
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Figure 6.15: Experiment 4 - ROC curve of each classifier belonging to
class 3, healthy brain area
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Figure 6.16: Experiment 4 - Comparison of classifiers.
x <= 0.05, xx <= 0.001, % % x <= 0.0001.

6.1.5 Experiment 5

This experiment is developed with 3 classes, which are a mix of the original classes: (1)
Seizure activity and EEG signal from the area where the tumor was located and (2)
healthy brain area and (3) a single class grouping the rest of classes. Table 6.25 shows
the mean and standard deviation from the errors obtained by each classifier. It is clear
that the classifier with lower error is SVM, followed by kKNN. Furthermore, the standard
deviation is low for all classifier with means that the data is almost accurate. Nonetheless,
the error is great, that is to say, the possibility of the system fails is over 23% for all the
classifiers. It is not good for health works.

Table 6.25: Experiment 5 - Comparison of classifier through mean and
standard deviation measures

Classifier | Mean | Standard Deviation.
LDC 0.263739 0.00764745
QDC 0.319435 0.0103012
KNN 0.253261 0.00407991
SVM 0.233348 0.00568016

Table 6.26 shows the sensitivity and specificity belongs to class 1 and 2, where, in the case
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of class 1, the higher sensitivity is in LDC and specificity is in QDC. On the other side,
for class 2, the higher sensitivity is in QDC and the specificity is in LDC. Tables 6.27,
6.28, 6.29, 6.30, show the confusion matrices of all classifiers taken in the last iteration.
It is noticed that these matrices vary in each classifier but none of them show a good

classification.

Table 6.26: Experiment 5 - Comparison of classifier through sensitivity
and specificity measures from the new merged classes 1 and 2

. Class 1 Class 2
Classifier T S S S
LDC 0.658696 | 0.858696 | 0.56087 | 0.882609
QDC 0.495652 | 0.978986 | 0.936957 | 0.669565
KNN 0.651087 | 0.87971 | 0.554348 | 0.880978
SVM 0.642391 | 0.905072 | 0.658696 | 0.859239

Figure 6.17 shows the box plots of all classifiers measuring their accuracy of classification.
It is clear, that the best is the SVM which is near to 75% followed nearly by ANN.
The worst of them is QDC. However, this is not enough for saying that this experiment
worked good. The percentage is not suitable for this kind of research. Figure 6.18 shows
the comparison of the ROC curves of all classifiers belonging to class 1. Besides, the
Figure 6.19 shows the same curves but they belong to class 2. It is clear that the SVM
and NN curves are so close and are the best of all of them.

Table 6.27: Experiment 5 - Confusion matrix of LDC classifier

True Estimated Labels Totals
Labels | 1 2 3

1 606 | 187 | 127 920

2 133 | 258 69 460

3 62 | 29 829 920
Totals | 801 | 474 | 1025 | 2300

Additionally, a significance test of error rates for experiment 5 is presented in Figure 6.20.
The test used is Dunn test (Kruskal-Wallis with bonferroni correction).
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Table 6.28: Experiment 5 - Confusion matrix of QDC classifier

True Estimated Labels
Labels | 1 2 3
1 456 | 390 74 920
2 3 431 26 460
3 26 | 218 | 676 920
Totals | 485 | 1039 | 776 | 2300

Totals

Table 6.29: Experiment 5 - Confusion matrix of kNN classifier

True Estimated Labels
Labels | 1 2 3
1 599 | 183 | 138 920
2 140 | 255 65 460
3 26 | 36 858 920
Totals | 765 | 474 | 1061 | 2300

Totals

Table 6.30: Experiment 5 - Confusion matrix of SVM classifier

True Estimated Labels
Labels | 1 2 3
1 591 | 228 101 920
2 94 | 303 63 460
3 37 | 31 852 920
Totals | 722 | 562 | 1016 | 2300

Totals
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Figure 6.17: Experiment 5 - Comparison of classifiers through their
accuracy
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Figure 6.18: Experiment 5 - ROC curve of each classifier belonging to
class 1, seizure activity

Information Technology Engineer 54 Final Grade Project



School of Mathematical and Computational Sciences YACHAY TECH

ROC Curves for LDC, QDC, k-NN and SVM Classification
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Figure 6.19: Experiment 5 - ROC curve of each classifier belonging to
class 2, epilepsy source location
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Figure 6.20: Experiment 5 - Comparison of classifiers.
* <= 0.05, %xx <= 0.001, * x x <= 0.0001.
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6.2 Additional results

6.2.1 Overall results

To depict the effect of the overall results throughout the 5 experiments, the error rate
variations regarding every experiment is plotted in Figure 6.21.
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Figure 6.21: Comparison of classifiers through their error rate.

6.2.2 A graphic user interface

In order to replicating the results in an interactive way, as an additional result, an inter-
face application is created, which is very intuitive and practical. It has four main sections:
features, classification, plotting, and tables. Also, four external buttons: Load data, exit
and about. Figure 6.22 shows a general view of the created graphic user interface.

To replicate the experiments first it is necessary to load the original dataset called “Epilep-
tic seizure recognition data set” from the corresponding path where the file is located.
Then, in the feature section, the extraction and selection of features are performed. In
the classification section, it is necessary to choose the experiment to replicate. After,
with the classification button, the process is started. When the process is finished, in the
plotting section you can be able to generate the box plot or ROC curve of any experi-
ment. Finally, in the tables section, you can generate a table of any experiment with the
statistical measure that you choose.
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Figure 6.22: Screenshot of the graphic interface

In addition, a Google site is developed with the complete information of this degree thesis.
The information of this website is described in the appendix B.
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Chapter 7

Conclusions and Future work

In general terms, the main goal for this research is achieved given that state-of-the-art
techniques of characterization and classification of EEG signals are properly evaluated
and selected accordingly to the performance on the task of epilepsy seizure activity iden-
tification. At a more technical and specific level, the following conclusions are stated:

o A set of features was established from previous works on EEG signals. All of
them were tested on the dataset. The best subset of features for recognition of
seizure activity of these kinds of signals was obtained from the decomposition of
the signals through discrete wavelet transform (DWT). On these signals, spectral-
representation-based features were calculated. The application that works better for
the feature selection was Weka in which two algorithms were used, CfsSubsetEval
with BestFirst and InfoGainAttributeEval with Ranker. So, by using a charac-
terization based on statistical measures and spectral representation, a suitable set
of features was established.

e (Classifiers were selected after a revision of works on EEG signals. The classifiers
used for this research are: Linear discriminant analysis classifier (LDC), Quadratic
discriminant analysis classifier (QDC), k-nearest neighbor (k-NN) and Support vec-
tor machine (SVM). All of these classifiers were implemented in MATLAB. The
first three ones are used from the toolbox PRTOOLS developed for MATLAB. The
last one was imported from the application Classifier Learner of MATLAB and
the code to extract the sets of training and test had to be implemented. All of these
classifiers were adapted to be tested with the dataset of this work.

e The classifiers were tested under the same computational conditions. The number
of iteration used for each classifier is 10 which shows good results. The compari-
son of classifiers was through statistical measures like: mean, standard deviation,
sensitivity, and specificity. Moreover, it presents figures like box plots and ROC
curves. Also, it shows confusion matrices for all classifiers. In the five experiments
performed, the classifier Support vector machine (SVM) is which has the higher
classification percentage. That is to say, it is the best classifier founded for this
research. However, experiments 1 and 2 show a higher classification percentage. It
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means that for two classes all the classifiers work better. In experiments 1, 2, 3 and
4, the ROC curve, belonging to class 1, shows that this class is well classified, which
is the class of interest for this research. Furthermore, in experiment 2, class 2 is well
classified which is an indicator of the epilepsy source location.

e The main contribution of this work can be explained into two parts. One hand, the
developed experimental framework allows for establishing the general settings of
characterization, feature selection and classification for EEG signals. On the other
hand, the performed comparison of the explored techniques has given as a remark-
able result that the features taken from DW'T decomposition along with the Support
Vector Machine are the best alternatives to build a Epilepsy-driven EEG analysis
computer-aided system. In other words, as a pioneer study in Yachay Tech on this
field, the outcomes of this research provide meaningful hints and recommendations
to set up the path to follow when aiming at processing EEG signals for epilepsy
diagnosis purposes.

As future work, since there are a lot of ways to do decomposition of EEG signals in
epilepsy research, it is proposed to explore other alternatives different to the ones used in
this work, for example: Improved complementary ensemble empirical mode decomposi-
tion (ICEEMD), Maximal overlap discrete wavelet transform (MODWT'), Hilbert-Huang
transform. Also, more characteristics as well as other feature extraction techniques are
to be explored.

Furthermore, a former study on the input data might help to assess and determine the
suitableness of the features regarding the of-interest classification task. For instance, by
following an analysis of relevance of characteristics or applying a method of dimensionality
reduction (i.e. Principal Component Analysis — PCA). Besides, it can be useful to add
more classifiers for the comparison as a neural network or random forest. Also, a mix of
different classifiers can be tested. Also, the results and input signals visualization can be
improved by more intelligible graphic representations to be further studied in subsequent
researchers.
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Appendix A
Matlab Code

In this Section, the corresponding source codes for pre-processing, characterization and
classification of epilepsy-driven EEG signals are presented.

A.1 Load of dataset

The original dataset is loaded and preprocessed. Furthermore, other files are generated
using the needed data for doing the experiments. These files are generated with the se-
lected features obtained from Weka.

Source Code 1

% Load data
clc, close all, clear

M=csvread('data.csv’,1,1);

y = M(:,end);
for s = 1:500
for i = 1:23

EEGDB.([’subject’ num2str(s)]).([’chunk’ num2str(i)]).data = M((s—1)*23+1,1:178);
EEGDB.([’subject’ num2str(s)]).([’chunk’ num2str(i) ]).label = M((s—1)%23+1i,179);
end
end

% Original Matrix Normalization
M2=zeros(11500,179);
for i = 1:11500
Max.-r=max(abs(M(i,:)));
M2(i,:) =M(i,:) /Max_r;
en
clear i Max_r s
%% Simple features
cle
[IM2,n] = size(M2);
M3=zeros(IM2,36); % Characterication on original data
for i=1:IM2
M3(i,1:32)=features(M2(i,1:178));
M3(i,33:36)=features_fs(M2(i,1:178),178);

end

%% DWT

cle
M4=zeros(1M2,192); % Charactirzation on dwt data
for i=1:1M2
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M4(i,:) =features_.dwt(M2(i,1:178));
end

clear i IM2 n

%% Delete Inf values columns

cle
X = [M3,M4]; % Feature matrix
(1, j]=size(X);
posc=[];
for f=1:i
for c=1:j
if (isinf (X (f,c))==1)
posc=[posc (:,:) ,c];
end
end
end
X(:,posc) = [[; % Final feature matrix without INF values

clear ¢ f i ]

% Normalization of features
cle

X-no-norm = X;
X= X./repmat(max(abs(X)),size(X,1),1);

%% Ranking of the best features — Got from Weka

% 132 151 196 88 169 139 165 163 157 150 134 181 216
% 152 198 211 201 221 215 212 217 167 46 185 18 108
% 67 28 69 220 17 58 114 59 146 218 115 107 83 84 178
T=table(X,char(y+97));
writetable (T, FeatNorm_all.csv’);

clear T

features=[132 151 196 88 169 139 165 163 157];

%% Experiment 1 — 1 vs All
% The classes 2,3,4 and 5 were assigned to a single class

cle
T=table(X,y==1):
writetable (T, FeatNorm_2.csv’);

clear T

[SVMdata]=test_2classes('FeatNorm_2.csv’,features);

07

% Experiment 2 1,2
% The classes 3, 4 and 5 were removed

cle
pos = [|;
for i=1:length(y)
if (y(i)>2)
pos—[pos,i;
end
end

X2=X;
X2(pos,:)=[];
y2=y;
y2(pos)=l];

T=table(X2,y2==1);
writetable (T, FeatNorm_2class_12.csv’);

clear T pos i
[scoresWldc2,scoresWqdc2,scoresWknn2,scoresSVM2]=test_2classes('FeatNorm_2class_12.csv’,features);

%% Experiment 3 — 1,2 vs all
% The classes 3,4 and 5 were joined in a singles class

cle
y3=y;
for i=1:length(y)
i (y(i)>2)
y3(1)=3;
end
end

T=table(X,y3);
writetable (T, FeatNorm_3class_12.csv’);
clear T pos i
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[SVMdata]=test_3classes("FeatNorm_3class_12.csv’,features);

%% Experiment 4 — 1,2,3
% The classes 4 and 5 were deleted

cle
pos = [|;
for i=1:length(y)
it (y(i)>3)
pos=[pos,i];
end
end

X4=X;
X4(pos,:)=[];
yd=y;
v4(pos)=[[;

T=table(X4,y4);
writetable (T, FeatNorm_3class_123.csv’);
clear T pos i

[scoresWldc4,scoresWqdc4,scoresWknn4,scoresSVM4]=test_3classes(’FeatNorm_3class_123.csv’ ,features);
%% Experiment 5 — 1 and 2 as classl, 3 as class2, 4 and 5 as class3

cle
y5 =y;
for i=1:length(y5)
if (y5(i)<3)
y5(i)=1;
elseif (y5(i)==3)
y5(1)=2;
else
y5(i)=3;
end
end

T=table(X,y5);
writetable (T,’FeatNorm_3class_mix.csv’);
clear T pos i

[scoresWldc5,scoresWqdch,scoresWknn5,scoresSVM5] =test_3classes("FeatNorm_3class_mix.csv’,features);

A.2 Feature extraction

The extraction of the features was developed by considering statistical measures and the
decomposition of discrete wavelet transformation (DWT). The statistical measures are
described in the source code 2 and 3 and the DW'T are in the source code 4. These were
implemented as functions.

Source Code 2

function y = features(x)
n=length(x);
y=zeros(1,32);

y(1)=sum(abs(x)); % Area under the curve m
y(2)=mean(abs(x)); % Mean t
y(3)=rms(x); % Root mean square t
y(4)=VAR(x); % Variance t
y(5)=std(x); % Standard Deviation t
y(6)=wentropy(x,’log energy’); % Log energy entropy t
y(7)=sum(x."2); % Square integral m
y(8)=kurtosis(x); % Kurtosis t
y(9)=cov(x); % Covariance t
y(10)=wentropy (x,’shannon’); % Shannon entropy m
y(11)=AAC(x); % Average Amplitud Change m
y(12)= sqrt(sum(abs(x)."2)); % Root Sum of Squares RSSQ t
v(13) = sum((abs(x))."2); % Simple Square Integral SSI m
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y(14) = sum((abs(x))."2)/n; % Simple Square Integral IT SSI2 (Potrncia) m

y(15) = VEEG(x); % calculate the Variance of EEG (VAR) t

y(16) = AsDec(x); % t

y(17) = CorPeakNumber(x); % m

yv(18) = Energyl_3Cor(x); % m

v(19) = Energy2-3Cor(x); % m

y(20) = int_ratio (x); % t

y(21) = KurtoEnv(x); % t

y(22) = KurtoSig(x); % t

v(23) = MaxFFT(x); % s
y(24) = MeanFFT(x); % s
y(25) = MedianFFT(x); % s
y(26) = RappMaxMean(x); % m

v(27) = RappMaxMedian(x); % m

v(28) = SkewEnv(x); % m

yv(29) = SkewSig(x); % t

y(30) = VarFFT(x); % s
y(31) = median(x); % Median t

v(32) = entropy(x); % Entropy t

end

Source Code 3

function y = features_fs (x,fs)
n=length(x);
y=zeros(1,4);

X2=2xabs(fft(x,n))/n;
P1=X2(1:n/2+1);

f = fs » (0:(n/ 2))/n;
[m,”]=max(P1);

% Calculate the FFT, divide the number of samples y multiply by 2
% Leave just the half of FFT

y(1) = m; % Peak frequency

y(2) = mean(P1); % Mean Frequency
v(3) = sum(abs(P1)."2)«*fs/n; % Energy
yv(4) = FMaxFFT(x,fs); % Max FEFT

end

Source Code 4

function X = features_dwt(x)
y=zeros(1,180);

[CC,LL]=wavedec(x,5,’db4");

A5 = CC(1 : LL(1));

D5 = CC(LL(1)+1 : LL(1)+LL(2) );

D4 = CC(LL(1) + LL(2) + 1 : LL(1) + LL(2) + LL(3) );

D3 = CC(LL(1) + LL(2) + LL(3) + 1 : LL(1) + LL(2) + LL(3) + LL(4) );

D2 = CC(LL(1) + LL(2) + LL(3) + LL(4)+1 : LL(1) + LL(2) + LL(3) + LL(4) + LL(5));

D1 = CC(LL(1) + LL(2) + LL(3) + LL(4) + LL(5) + 1 : LL(1) + LL(2) + LL(3) + LL(4) 4+ LL(5) + LL(6));

XA5 = features(A5);
XD5 = features(D5);
XD4 = features(D4);
XD3 = features(D3);
XD2 = features(D2);
XD1 = features(D1);

X = [XA5,XD5,XD4,XD3,XD2,XD1];

end
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A.3 Classification functions

Two functions to perform the classifiers were needed because two experiments were im-
plemented only with two classes, while the remaining ones were implemented with three
classes. The PRtools MatLab toolbox was used for implementing the LDC, and QDC
classifiers. For SVM, the classifier learner application from Matlab was used.

A.3.1 Function for 2 classes

It uses one of the files generated by the source code 1, and the selected features given by
Weka. The classifier gives the necessary parameters to generate statistical measures and
plots.

Source Code 5

function [SVMdata]=test-2classes(filename,columnas)

%% Initialize variables.

cle

delimiter = 7,7

startRow = 2;

% Format for each line of text:

formatSpec =
> %t %f% £ %0 £ %0 £ V0 708 %0 £ 70 £ %0 £ %0 £ %0 £ %0 £ %0 £ %0 £ %0 £ %0 £ %0 £ %0 £ % £ %0 £ 70 £ %0 £ V0 £ Vo t Yo £ Yo £ Vo £ Ve £ 70 £ V0 £ %0 £ %0 £ % £ %0 £ %0 £ Y0 £ Yo £ Yo £ Y0 £ %0 £ %0 £ Y0 £ Y0 £ Yo £ Yo £ 70 £ 70 £ A

% Open the text file.

fileID = fopen(filename,’r’);

% Read columns of data according to the format.

dataArray = textscan(fileID, formatSpec, 'Delimiter’, delimiter, 'TextType’, 'string’, 'EmptyValue’, NaN, "HeaderLines’
,startRow—1, "ReturnOnError’, false, 'EndOfLine’, "\r\n’);

% Close the text file .

fclose (fileID );

% Create output variable

dataF = |dataArray{l:end—1}];

% Clear temporary variables

clearvars filename delimiter startRow formatSpec fileID dataArray ans;

% Graph representation
v1=132;
v2=151;
v3=196;

X=dataF(:,1:(end—1));
Y=dataF(:,end);

scatter3 (X (:,v1),X(:,v2),X(:,v3),5,Y>1);

cle
clear res
j=0.8; % Training percentage
for i=1:10
trainingData = [X(:,columnas) Y==1];
n=unique(trainingData(:,end));
extraccionE=|];
extraccionP=|[];
for m=1:length(n)
prueba=trainingData(trainingData(:,end)==n(m),:);
p=l;
a=size(prueba(:,1));
Vectorl=randperm(a(1l));
tama=round(round(a(l)*p));
Vector2=Vectorl(1l:tama);
Vectorl=Vectorl((tama+1):end);

extraccionE=[extraccionE;prueba(Vector2,:)];
extraccionP=[extraccionP;prueba(Vectorl,:)];
end
trainingData—extraccionE;

% Model
[trainedClassifierSVM, SVMdata|= trainClassifierSVM (trainingData);

mOl=trainedClassifierSVM.predictFcn(extraccionP(:,1:9));
res(i,l)=sum/(extraccionP(:,10)==m01)/length(extraccionP);

(VAVAVAVAVAVAVAVAS
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end

%% Classification

X=X(:,columnas);
y=Y==1;

[A,Wldc,Wqdc, Wknn, error_total, CP_total, Atest|=ldc_qdc-knn(X,y):

[a,b]=size(CP_total)
[c,d]=size(res)

labelLDC=labeld (Atest,Wldc);
confmat(Atest.nlab,labelLDC);

labelQDC=labeld(Atest,Wqdc);
confmat(Atest.nlab,labelQDC);

labelKNN = labeld(Atest,Wknn);
confmat(Atest.nlab,label KNN);

SVMconf=confmat(extraccionP(:,10),m01);

%% Plotting boxplot

figure

boxplot ([CP_total*x100 res*100])
ylim([70 100])

CP_total2=[CP_total*100 res*100];

%% ROC curves
class=input(’Ingrese la clase a evaluar: ’);

[scoresWldc,scoresWqdc,scoresWknn,scoresSVM]=curvasROC (A,Wldc,Wqdc,Wknn,extraccionP,SVMdata,class,2)
%% Tables Mean and Std
error_total =[error_total 1—res];

error_table {1,1} =’ Classifier ’; error_table {1,2} =’Mean’; error_-table{1,3} =’Standard Deviation.’;
error_table {2,1} ='LDC’; error_table{3,1} ="QDC’; error_table{4,1} =’KNN’; error_table{5,1} =’SVM’;
for i = 2:5

error-table {i,2} =mean(error_total(:,i—1));

error-table {i,3} =std(error-total (:,i—1));
end
disp( error_table);

% To save the table in latex format

% cell2latextable (error_table ,” tablas_latex ’

) errorEx27);
%% Tables Sensitivity and Specificity

SpSVM=SVMconf(1,1)/(SVMconf(1,1)+SVMconf(1,2));
SeSVM=SVMconf(2,2)/(SVMconf(2,2)+SVMconf(2,1));

LDCres=Atest*Wldc;
[SeLDC,SpLDC]=testc(LDCres,’sensitivity’,1);

QDCres=Atest*Waqdc;
[SeQDC,SpQDC]=testc(QDCres, sensitivity’,1);

KNNres=Atest*Wknn;
[SeKNN,SpKNN]=testc(KNNres, sensitivity’,1);

SeSp-table{1,1} =’Classifier ’; SeSp-table{1,2} =’Sensitivity’; SeSp-table{1,3} =’Specificity ’;
SeSp-table{2,1} ='LDC’; SeSp-table{3,1} =’QDC’; SeSp-table{4,1} =’KNN’; SeSp_table{5,1} =’SVM’;
SeSp-table{2,2} =SeLDC; SeSp-table{3,2} =SeQDC; SeSp-table{4,2} =SeKNN; SeSp_table{5,2} =SeSVM;
SeSp-table{2,3} =SpLDC; SeSp-table{3,3} =SpQDC; SeSp-table{4,3} =SpKNN; SeSp-table{5,3} =SpSVM;
disp(SeSp-table);

% To save the table in latex format
% cell2latextable (SeSp-table,’ tablas_latex ’,” SeSpEx2’);

A.3.2 Function for 3 classes

It, also, uses one of the files generated but the source code 1 and the selected features
by Weka. The classifier gives the needed parameters to generate statistical measures and
plots.
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function [SVMdata]=test_3classes(filename,columnas)
%% Initialize variables .
cle

delimiter =,

startRow = 2;

% Format for each line of text:

formatSpec =
> %0t %0t % £ %0 £ Y0t Vot ot 70 £ 7o £ %0 £ %0 £ %01 Vo1 Yot Yo £ Y0 £ Yot Yot Vot Yot Yo £ Yo £ Yot Vot Vot Yo £ Yot Vo £ Vo £ Vot Vot Yo £ %0 £ %0 £ %0 £ Yot Yot Yo £ Yo £ Yo t Yot Vot Yot Yo £ Yo £ Yot Vot Vot AL Vo £ Vo £ Vo £ Vot Vot Yo £ Yo £ Y0 £

% Open the text file.

fileID = fopen(filename,’'r’);

% Read columns of data according to the format.

dataArray = textscan(fileID, formatSpec, 'Delimiter’, delimiter, ’TextType’, ’string’, ’EmptyValue’, NaN, 'HeaderLines’
,startRow—1, 'ReturnOnError’, false, 'EndOfLine’, ’\r\n’);

% Close the text file .

fclose (fileID );

% Create output variable

dataF = [dataArray{l:end—1}];

% Clear temporary variables

clearvars filename delimiter startRow formatSpec fileID dataArray ans;

% Graph representation

v1=132;
v2=151;
v3—196;

X=dataF(:,1:(end—1));
Y=dataF(:,end);

scatter3 (X (:,v1),X(:,v2),X(:,v3).,5,Y>1);

cle

clear res

j=0.8; % Training percentage
for i=1:10

trainingData = [X(:,columnas) Y];

n=unique(trainingData(:,end));

extraccionE=([];

extraccionP=([];

for m=1:length(n)
prueba=trainingData(trainingData(:,end)==n(m),:);
P=J
a=size(prueba(:,1));
Vectorl=randperm(a(l));
tama=round(round(a(1l)*p));
Vector2=Vectorl(1l:tama);
Vectorl=Vectorl((tama+1):end);

extraccionE=[extraccionE;prueba(Vector2,:)];
extraccionP=[extraccionP;prueba(Vectorl,:)];
end
trainingData=extraccionE;
% Model
[trainedClassifierSVM, SVMdata] = trainClassifierSVM_3classes(trainingData);
mOl=trainedClassifierSVM.predictFcn(extraccionP(:,1:9));
mO02=string(mO01);
m02=double(m02);
res(i,1)=sum/(extraccionP(:,10)==m02)/length(extraccionP);
end

%% Classification

X=X(:,columnas);
y=Y;

[A,Wldc,Wqdc, Wknn, error_total, CP_total, Atest]=ldc_qdc_knn(X,y);

labelLDC=labeld (Atest,Wldc);
confmat(Atest.nlab,labelLDC);

labelQDC=labeld(Atest,Wqdc);
confmat(Atest.nlab,labelQDC);

labelKNN = labeld(Atest,Wknn);
confmat(Atest.nlab,label KNN);

SVMconf=confmat(extraccionP(:,10),m02);

%%
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figure
boxplot ([CP_total*100 resx100])
ylim([50 100])

CP_total2=[CP_total*100 res*100];

%% ROC curves
class=input(’Ingrese la clase a evaluar: ’);
[scoresWldc,scoresWqdc,scoresWknn,scoresSVM]|=curvasROC (A,Wldc,Wqdc,Wknn,extraccionP,SVMdata,class,3)

%% Tables Mean and Std
error_total =[error-total 1—res];

error_table {1,1} =’ Classifier ’; error_table {1,2} =’Mean’; error_table{1,3} =’Standard Deviation.’;
error_table {2,1} ='LDC’; error_table{3,1} =’QDC’; error_table{4,1} =’KNN’; error_table{5,1} =’SVM’;
for i = 2:5

error_table {i,2} =mean(error_total(:,i—1));

error_table {i,3} =std(error_total (:,i—1));
end
disp(error_table);

% To save the table in latex format

% cell2latextable (error_table ,” tablas_latex ’

.A' E‘TY()T}‘)X.”)T> H
%% Tables Sensitivity and Specificity
Y P Y

SeSVM1=SVMconf(1,1)/(SVMconf(1,1)4+SVMconf(1,2)+SVMconf(1,3));
SpSVM1 = (SVMconf(2,2) + SVMconf(2,3) + SVMconf(3,2) + SVMconf(3,3)) / (SVMconf(2,2) + SVMconf(2,3) +
SVMconf(3,2) + SVMconf(3,3) + SVMconf(2,1) + SVMconf(3,1));

SeSVM2=SVMconf(2,2)/(SVMconf(2,2)+SVMconf(2,1)+SVMconf(2,3));
SpSVM2 = (SVMconf(1,1) + SVMconf(1,3) + SVMconf(3,1) + SVMconf(3,3)) / (SVMconf(1,1) + SVMconf(1,3) +
SVMconf(3,1) + SVMconf(3,3) + SVMconf(1,2) + SVMconf(3,2));

SeSVM3=SVMconf(3,3)/(SVMconf(3,3)+SVMconf(3,1)+SVMconf(3,2));
SpSVM3 = (SVMconf(1,1) + SVMconf(1,2) + SVMconf(2,1) + SVMconf(2,2)) / (SVMconf(1,1) + SVMconf(1,2) +
SVMconf(2,1) + SVMconf(2,2) + SVMconf(1,3) + SVMconf(2,3));

LDCres=Atest*Wldc;

[SeLDC1,SpLDC1]=testc(LDCres, sensitivity’,1);
[SeLDC2,SpLDC2]=testc(LDCres, sensitivity’,2);
[SeLDC3,SpLDC3|=testc(LDCres, sensitivity’,3);

QDCres=Atestx*Wadc;

[SeQDC1,SpQDC1]=testc(QDCres,’sensitivity’,1);
[SeQDC2,SpQDC2]=testc(QDCres,’sensitivity’,2);
[SeQDC3,SpQDC3]=testc(QDCres, sensitivity’,3);

KNNres=Atest*Wknn;

[SeKNN1,SpKNN1]=testc(KNNres, sensitivity’,1);

[SeKNN2,SpKNN2|=testc(KNNres, sensitivity’,2);

[SeKNN3,SpKNN3]=testc(KNNres, sensitivity’,3);

SeSp-table{1,1} =’Classifier '; SeSp-table{1,2} =’Class 1’; SeSp-table{1,4} =’Class 2’; SeSp-table{1,6} =’Class 3’;

SeSp-table{2,2} ='Se’; SeSp-table{2,3} =’Sp’; SeSp-table{2,4} =’Se’;
SeSp-table{2,5} ='Sp’; SeSp-table{2,6} =’Se’; SeSp_table{2,7} ='Sp’;

SeSp-table{3,1} —’LDC’; SeSp-table{4,1} =’ QDC’; SeSp-table{5,1} =" KNN’; SeSp-table{6,1} ='SVM’;

SeSp-table{3,2} =SeLDC1; SeSp-table{4,2} =SeQDC1; SeSp-table{5,2} =SeKNN1; SeSp-table{6,2} =SeSVM1;
SeSp-table{3,3} =SpLDC1; SeSp-table{4,3} =SpQDC1; SeSp-table{5,3} =SpKNN1; SeSp-table{6,3} =SpSVM1;

SeSp-table{3,4} =SeLDC2; SeSp-table{4,4} =SeQDC2; SeSp-table{5,4} =SeKNN2; SeSp-table{6,4} =SeSVM2;
SeSp-table{3,5} =SpLDC2; SeSp-table{4,5} =SpQDC2; SeSp-table{5,5} =SpKNN2; SeSp-table{6,5} =SpSVM?2;

SeSp-table{3,6} =SeLDC3; SeSp-table{4,6} =SeQDC3; SeSp-table{5,6} =SeKNN3; SeSp_table{6,6} =SeSVM3;
SeSp-table{3,7} =SpLDC3; SeSp-table{4,7} =SpQDC3; SeSp-table{5,7} =SpKNN3; SeSp-table{6,7} =SpSVM3;

disp(SeSp-table);

% To save the table in latex format
% cell2latextable (SeSp-table,’ tablas_latex ’,” SeSpEx57);
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Appendix B

Web site

The whole work of this thesis is already uploaded in a web site for free access to docu-
mentation, algorithms, executable codes, results and other sources as articles and videos.
This web site belongs to my tutor Diego Peluffo. The web site was developed in Google
Sites and the access link for this research is the following:

https://sites.google.com/site/degreethesisdiegopeluffo/
eeg-signal-analysis-for-epilepsy-diagnosis
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EEG signal analysis for epilepsy diagnesis

Emil Dario Vega-Gualan, Yachay Tech University, Urcuqui - Ecuador, 2019

The epilepsy disorder occurs when the localized electrical activity of neurons suffers from an imbalance. Epilepsy has become the third most common neurolagical disorder
after stroke and dementia -it is believed that affects 0.5 - 1.5% of the world population. It mainly aflects children under 10 and peaple over 65, being more cammon in
developing countries and in disadvantaged sociaeconomic classes. Its passible diagnose is via the analysis of electraencephalographic (EEG) signals Nowadays, since both
its apprapriate diagnosis and the accurate epileptic source localization must be fuffiled, computational systems are used to support the dlagnos\a procedure. Broadly, such
systems perform the automatic diagnostic-assistance into four main stages, namely: EEG signal . Once
acquired and preprocessed, EEG signals must be properly represented to be subsequently classiisd into diagnostic categories (absence or any \eve\ of presence of seizure
activity) Despite there exists a wide range of altematives to characterize and classify EEG signals for epilepsy analysis purposes, many key aspects related to accuracy,

cost, and are still as open issues. In ms connection, in this work, an exploratary study of EEG signal pracessing
techniques is proposed, aimed at identifying the most adequate state-ofthe-art and classifying epileptic seizures. To do so0, a comparative study
is designed and developed on several subsets of features (namely, statistical measures on bo(h the original signals and the spectral transformation thereof), as well as some
representative classifiers (linear discriminant analysis classifier (LDC), quadratic discriminant analysis classifier (QDC), k-nearest neighbor (kNN) and support vector machine
(SVM)). Proposed system validation is carried out by means of an exhaustive experimental setup over a gold standard database from the UCI Machine Leaming Repository.
so-named: "Epileptic Seizure Recognition Data Set”
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The interface application allows replicating the results in an interactive way. The application is very intuitive and praclical. Ithas four main sections: features, classification, plotting
andtables. And four external buttons: Load data, exit, about and manual. The figure above shows how this graphic interface looks like.

Ta replicate the experiments first it is necessary to load the original dataset called “Epilepic seizure recognition data set” from the corresponding path where the file is lacated.
Then, in the feature section, the extraction and Selection of features are performed. In the classification Section, it S necessary to choose the experiment o replicate. Ater, with the
classification bution, the process is started. When the process is finished, in the plotling section you can be able to generate the box plat or ROC curve of any experiment. Finally, in
the tables section, you can generate a table of any experiment with the statistical measure that you choose. Avideo-tutorial is atached below for a better understanding of how it
works

\ideo-tutorial

EEG signal analysis for epilepsy.diagnos...

Source Code

Eull folder

Figure B.1: Web site of EEG signals analysis for epilepsy diagnosis
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