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Structural abstract

Background: Identifying relevant data to support the automatic analysis of
electroencephalograms (EEG) has become a challenge. In the literature, there are many
proposals built to support the diagnosis of neurological pathologies. However, the current
challenge is to improve the reliability of the tools to classify or detect the abnormalities.
Thus, the Ensemble Feature Selection approach allows the integration of the advantages
of several Feature Selection algorithms to improve the identification of features with high
power of differentiation in the classification of normal and abnormal EEG signals. Feature
Selection has attracted the attention of many researchers in the last years due to the
increasing sizes of datasets. In many cases, the datasets contain hundreds or thousands
of columns. However, not all columns contain relevant information, which leads to the
weak performance of classifiers. Besides, several Feature Selection Algorithms have
been proposed in the literature to analyze datasets and determine their subsets of
relevant features and remove irrelevant or redundant features from the classification
process. Those Feature Selection algorithms are typically classified according to their
design, which is related to how they find the subset of relevant features and the
complexity to calculate them. There are three main types of feature selection algorithms:
filters, wrappers, and embedded. The implementation of wrappers and embedded
algorithms are complex because its implementation requires including at least a
classification algorithm to calculate the relevance index of each feature; the index
relevance could change when instances are added or removed from the dataset.
Likewise, the filter-based feature selection algorithms can be computationally simpler
than the other approaches (envelopes and embedded).

Objectives: the main objective of this thesis is to propose a mechanism for selecting
relevant features for the classification of electroencephalograms segments to support
the automatic detection of epileptiform events. For this, a conceptual framework was
designed following a quantitative method in order to represent a structure that provides
an understanding of how to improve the performance of machine learning algorithms by
using the consensus of several feature selection algorithms.

Methods: to achieve the main objective of this thesis, a conceptual framework was
designed to understand the key concepts and relationships in the aggregation of a set of
feature selection algorithms. Based on the conceptual framework, a Development
Framework was implemented to validate the theoretical proposal and select a set of
relevant features for the classification of electroencephalogram segments. The selected
features were used to train classification algorithms and build a classification model,
which was used to detect automatically epileptiform events in electroencephalograms.
For training the classification model, a dataset was built by applying feature extractors
from raw records of electroencephalograms and creating a representation of
electroencephalogram based on extracted data.

Results: we obtained three main results: (i) A dataset of epileptiform events described
by applying feature extractors on raw records of electroencephalograms (ii) A ensemble



feature selection framework to identify relevant features for classifying epileptiform
events in EEG signals. To evaluate the quality of the set of relevant features, we
measured the stability of the set of relevant features selected by the proposed
framework. The results showed a perfect stability in 100% of the cases evaluated. (iii) A
classifier trained by using the relevant features selected from the dataset of epileptiform
events. For this, we evaluated the performance of the classifiers: Decision Tree, Logistic
Regression, Random Forest, and SVM. These algorithms were assessed by using all
the features and the set of relevant features for their training. The results evidenced that
the models improved their performance when trained with the EFS approach's features.
In addition, the classifier of epileptiform events built using the features selected by the
EFS method achieved an accuracy, sensitivity, and specificity of 97.64%, 97.32%,
96.27%, respectively. Hence, the stability of the EFS method evidenced a reliable subset
of relevant features. Moreover, the accuracy, sensitivity, and specificity of the EEG
detector are equal to or greater than the values found in the literature

Conclusions: The design of a conceptual framework allowed to guide the development
of an implementation framework to support the assembly of feature selection algorithms,
thus overcoming the limitations of individual feature selection algorithms. The relevant
features selected by using the framework allowed to train a classifying model of
segments extracted from electroencephalograms of children. Finally, to describe the
electroencephalograms, a set of feature extractors were applied on the signals extracted
from the records.

Key words: Ensemble Feature Selection, Framework, EEG, epileptiform events.
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Chapter 1
Introduction

1.1. Problem

The incidence rate of neurological diseases worldwide reports that there are currently about
450 million people suffering from multiple type of mental disorder [1]. One difficulty in treating
patients with this type of disorder is the lack of specialized personnel and the high costs
involved in the diagnosis [2]. In low- or middle-income countries such as Colombia, the care
provided to patients with this sort of disorder is not of high quality, because of the lack of
resources that the national government invests in attention to Mental Health problems.

Additionally, the specialists in charge of diagnosing and treating these diseases are usually
found in specialized medical centers, which are difficult to access for the populations from
rural areas. This situation is one reason early detection of neurological disorders is difficult in
low- and middle-income countries. According to statistics, in Colombia, the total number of
neurologists in 2011 was 231, which represented a distribution of one neurologist for every
199,327 inhabitants [3]. This number is too low if we compare it with the availability of
neurologists in developed countries such as the United States and Spain. In those countries,
the ratio is one neurologist for every 22,880 inhabitants and one neurologist for every 23,500
inhabitants, respectively [4]. On the other hand, in small and medium-sized cities the problem
increases because the number of specialists and clinical centers decreases. For example, in
Popayan there are only four neurology specialist centers to serve a population of 267,976
inhabitants [5]. Considering that, in the rest of the department of Cauca, there are no centers
with these characteristics, the 4 centers of the city of Popayan must provide their services to
the entire population in the department of Cauca, which is about 1,051.007 inhabitants [5].
Therefore, and considering the importance of diagnosing patients at an early age to get better
results in the applied treatments, this project will focus on supporting the diagnosis of
epileptiform events in EEGs of underage patients.

Moreover, the limited availability of professionals specialized in neurology generates long
times to obtain the reading of Electroencephalograms (EEG) and an excessive cost of the
services. This is because the visual inspection of an EEG signal can be too complex and turn
into an extended task due to the duration of the EEG and the presence of abnormal patterns
in the EEG. Hence, tools that automatically detect epileptic episodes in an EEG signal would
help to reduce the time used in the visual inspection of an EEG signal, especially when long-
lasting EEGs (24, 48, or 72 hours) are analyzed. The possibility of reducing the inspection
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time of a specialist could represent the opportunity to attend to more patients, something
especially useful in countries similar to Colombia, due to the low availability of specialists.

In recent years, research on the development of systems for capturing and analyzing
biomedical signals has increased to find new mechanisms for the clinical diagnosis of specific
pathologies. Through EEG signal processing, neuronal activity in the brain can be monitored
and information that describes useful information for the detection of neurological pathologies
can be extracted. However, the challenge of characterizing EEG signals is associated with
the complexity of extracting the relevant information capable of describing the presence or
absence of the disease. This difficulty results from the complexity of knowing a priori, which
information from the signal should be considered relevant for the detection of the patterns that
characterize each pathology [6].

To process and analyze an EEG signal, we must extract a set of features from the signal and
store them in a vector. The vector should describe as much information as possible to gather
a complete representation of the signal. In this way, when the feature extraction process is
applied on multichannel signals such as an EEG, the descriptors used to extract information
could generate hundreds of features because they are applied on each channel of the signal.
In a feature extraction procedure, the features can represent noise, relevant information, or
redundant information [7]. Considering the above, Feature Selection (FS) is recommended
task when we must handle high-dimensional vectors. FS allows to identify the features with
useful information for the detection of pathologies, reduce the complexity and the
computational cost generated by the calculation of redundant features, noise, and handling of
vectors with enormous size (n) [8].

In recent years, the diagnosis of diseases such as epilepsy through digital analysis of EEG
signals has been one of the key areas of research in neuroscience. Through different feature
extraction mechanisms, it has been possible to obtain information to classify a signal as
normal or abnormal [6]. Likewise, other studies based on the analysis of EEG signals have
been carried out to analyze brain activity [7][8] and support clinical diagnostic processes.
Some signal classification mechanisms have used neural networks, decision trees, rules
based on domain knowledge, and clustering mechanisms to classify a new signal [9][10].
Although in the literature some works have reported feature selection methods to identify
features with greater power of differentiation in the classification or detection of epileptic
patterns, the vast majority of the reviewed works in the state-of-the-art were focused on the
identification of specific patterns by using a set of features without considering the real
relevance of each feature [9].

In the literature, there are many mechanisms used to characterize EEG signals and detect or
classify events associated with epilepsy, however, the great research challenge in this area is
focused on improving the performance of the classification in terms of precision, accuracy,
and recall, to provide reliable tools that support and help specialists during the Epilepsy
diagnosis process. Considering the above, one of the main strategies to improve the
classification models in machine learning or data mining is to train the models with relevant
features, that is, those features that do not represent noise for the learning model and, on the
contrary, have a high power of differentiation between classes. Commonly, the identification
of relevant features becomes a very useful process in scenarios in which there is a dataset
with high dimensionality [10]. Likewise, in scenarios in which the training datasets have more
features than instances, the feature selection becomes a mandatory task to reduce the
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dimensionality of the datasets and support a robust classification [11]. This scenario coincides
with the classification of abnormalities in EEG if we consider the considerable number of
feature extractors reported in the literature and the low availability of datasets with instances
that describe abnormalities or epileptiform events.

Also, there are three types of feature selection algorithms: filters, wrappers, and embedded.
The implementation of wrappers and embedded algorithms is complex because its
implementation requires including at least a classification algorithm to calculate the relevance
index of each feature; the index relevance could change when instances are added or
removed from the dataset [12]. Likewise, the filter-based feature selection algorithms can be
computationally simpler than the other approaches (envelopes and embedded). However,
these types of algorithms commonly analyze the relevance of the features individually, in such
a way that two features are correlated could help to classify better, although these same
features separately could have been considered irrelevant.

Recently, several studies have focused on improving the performance of feature selection
algorithms, in the authors proposed to identify correlations between features and classes to
[12] improve the effectiveness and maintain a low computational cost in the feature choice
process. Another proposal incorporated techniques such as Bootstrap to select features using
samples from the original dataset and integrating the subsets of features generated
[13][14][15]. Although these works presented promising results, the methods can be sensitive
to the balancing of the datasets and the treatment of continuous data. In this sense, authors
have proposed assembly feature selection algorithms to improve the identification of relevant
features through the consensus of FS algorithms with different approaches [15].

Considering the above, we consider that the ensemble of feature selection methods can
improve the effectiveness of the choice of relevant features and enhance the classification of
epileptiform events in EEG signals. This approach is based on the premise of multi-classifiers:
“several classifiers classify better than one”, which would be applied to the feature selection,
where we intended to prove that “several feature selectors select better than one”.

The complete description of the research proposal can be reviewed in Appendix A.
1.2. Objectives
General

To propose a mechanism for the choice of relevant features in the automatic detection of
epileptiform events in EEG signals.

Specifics

¢ To build a dataset of EEG signals and clinical data of patients with epilepsy.

e To construct an ensemble feature selection method to determine relevant features in
the classification of epileptiform events.

¢ To evaluate the performance of the feature selection mechanism in the classification
of epileptiform events in pediatric EEG signals.

1.3. Chapters
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This section describes the structure of the document that details the definition of the
Framework to support Ensemble Feature Selection in the feature selection of EEG.

Chapter 1: Introduction

This chapter describes the problem, the objectives of the research, and the structure of the
rest of the document.

Chapter 2: Context and State-of-the-Art

The chapter explains the key concepts and context of the research and the conduction of a
systematic mapping to describe the state-of-the-art.

Chapter 3: Construction of the Dataset

This chapter describes the process of construction of a dataset of EEG signals following some
stages and tasks of CRISP-DM methodology.

Chapter 4: Design of the Framework

This chapter presents the design of the Conceptual Framework of Ensemble Feature
Selection following a quantitative approach.

Chapter 5: Evaluation

This chapter describes the evaluation carried out to validate the selection of relevant features
for the automatic classification of epileptiform events.

Chapter 6: Conclusions, Recommendations, and Future Work

This chapter describes the conclusions obtained from the research carried out and proposes
some recommendations and improvements to consider for future work.
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Chapter 2
Methods and State of the Art

This chapter is divided into four sections. The first one introduces the fundamental concepts
and definitions related to the context and theory concerning brain activity and
electroencephalography. The second section presents a general description of the
classification process of electroencephalograms and some techniques used in its stages. The
third section presents the design and results of a systematic mapping conducted to identify
relevant advances in ensemble feature selection for the classification of physiological signals.
Finally, the fourth section describes the main conclusions and research gaps identified in the
state of the art.

2.1. The Central Nervous System

The Central Nervous System (CNS) comprises nerve cells, each nerve cell comprises axons,
dendrites, and cell bodies. These cells respond to stimuli and can transmit information over
long distances. Activities in the CNS are related to synaptic currents transferred between the
junctions of axons and dendrites or dendrites and dendrites, which generate potential changes
in the membranes of neurons [16].

The information transmitted by a nerve is known as Action Potential (AP), an AP is generated
from the exchange of ions through the membrane of a neuron. PAs are temporary potential
changes that are transmitted along the axon. When the potential becomes positive, a peak
occurs, when the potential becomes negative, the membrane potential returns to normal, as
can be seen in Figure 1.
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Figure 1. Example of section potential, Source [17].
2.1.1. Electroencephalogram

An Electroencephalogram (EEG) is a tool used by neurologists to measure the electrical
activity of the human brain generated by the currents that flow during synaptic excitations.
Thereby, an EEG represents the electrical brain activity from the electric field on the scalp
generated when the neurons are activated, and synaptic currents are activated in the
dendrites [17].

Visual inspection is how specialists analyze the electrical activity of the brain described in the
EEGs. The information in the EEGs allows the analysis of the brain functions over time and
detects neurological disorders. The EEGs are represented in recordings of multichannel
signals taken through the digitization of the data captured from electrodes in the scalp or
intracranially [18].

Electroencephalograms are used mainly to support the diagnosis of neurological diseases
that affect brain activity, such as:

e Epilepsy

e Brain tumors

¢ Head injuries

¢ Sleep disorders

¢ Dementia

¢ Monitoring of anesthesia during surgeries

In the recording of an EEG, the electrodes capture small electrical discharges that are
generated from the activity of cells in the brain. These charges are amplified and digitized to
create a graphic representation described by waves. To take an EEG, a different number of
electrodes can be used. Generally, each pair of electrodes generates the information of a
channel (See Figure 2). Depending on the number of electrodes used, more channels will be
obtained in the EEG and more information.
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Electroencephalogram (EEG)

Figure 2. EEG Acquisition Scheme, Source [19]

2.1.2. 10-20 System

In the context of an EEG exam, the 10-20 system or international 10-20 system is a well-
known method to describe the location of scalp electrode [20]. The location of the electrodes
is related to the lobes of the brain, thereby, the electrical activity captured by using the
electrodes describes the brain activity associated with the lobes.

Inion 10%

Figure 3. Locations of the electrodes according to with 10-20 system. Source [19]

Figure 3 describes the standard mounting used to position each electrode. The location of
each electrode is determined by measuring the distances between the adjacent electrodes,
which could be 10% or 20% of the distance calculated from the front part of the skull (Nasion)
to the back of the skull (Inion) or the distance measured between the right and left preauricular
points. The Nasion is the intersection between the nose and the forehead, and the Inion is the
point defined by the base of the skull, which the ligament nuchae and trapezius muscle join.
Also, the preauricular points are skull landmarks that describe the indentations just above the

tragus which covers the external ear openings.
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According to the 10-20 system, each site has a letter to identify the lobe and a number to
describe the hemisphere location, where is each electrode [21]. The letters used are:

e F: Frontal

e T: Temporal

e C: Central (The central lobe does not exist; however, the letter ‘C’ is used to
complement the scheme)

e P: Parietal

e O: Occipital

Additionally, when the letter "z" is used, it shows that the electrode is in the midline. To
differentiate the electrodes in the right hemisphere from the left hemisphere, even numbers
or odd numbers are used, respectively. Once the electrodes are on the patient's scalp, the
voltage differences between a pair of electrodes are measured and shown to the specialist as
information from an EEG channel.

Considering the above, the study of EEGs becomes a very useful tool for the diagnosis of
different neurological disorders and other abnormalities that alter brain electrical activity.

2.1.3. Brain Rhythms

Brain rhythms define patterns of massed neuronal activity in the Central Nervous System and
are related to specific behaviors, arousal levels, and sleep states. Usually, brain rhythms are
measured by an electroencephalogram (EEG) and classified according to the neuronal
oscillations. The brain rhythms range from very slow oscillations to very fast oscillations.
Figure 4 presents the five main frequency bands of the brain [22], which are described below:

e Alpha

These types of waves are generated in the occipital region of the brain. They are in the 8-13
Hz range and appear as a round or sinusoidal signal. The state of the brain to which these
waves are associated is a state of relaxation (with no concentration or attention). Some
patients can produce these types of waves with their eyes closed.

e Theta

Theta waves appear in a range of 4-7.5 Hz. Their presence normally shows that
consciousness is about to go into a state of drowsiness. Some activities associated with this
type of wave are a creative inspiration and deep meditation.

e Beta

This type of wave appears in a range of 14-26Hz, they are associated with waves generated
in awake subjects who perform analysis tasks, active attention, or solving specific problems.
High beta waves could be associated with a state of panic in the individual.

e Delta

Delta waves are described by high amplitude brain waves and frequencies of oscillation
between 0.5 and 4 Hz. This kind of wave is mainly associated with the waves produced during
deep stage 3 of NREM (non-rapid eye movement) sleep.

e Gamma
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Gamma waves present a neuronal oscillation above 30Hz. Normally, the amplitudes of this
type of wave are very low and can be increased through meditation. The gamma activity is
correlated with cognitive processes like attention and working memory and the detection of
this type of waves can identify some neurological disorders.
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Many neurological disorders are detected from visual inspection of EEGs. For this purpose,
specialists analyze the behavior patterns of different rhythms of the human brain. For
example, in adult patients, it is known as the amplitude and frequency of an EEG should be,
likewise, how they change from a state of full consciousness to a state of sleep. Another
crucial factor that neurologists analyze is an age since this can also influence the behavior of
amplitude and frequency.
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Figure 4. Brain rhythms. Source [17].

2.1.4. Epileptic Seizures

It is a neurological disorder generated by electrical discharges in one or more areas of the
brain. The diagnosis is given through the visual inspection of EEGs performed on the patients
together with clinical data that describe a history associated with possible brain injuries.

There are different symptoms that patients with this disease present, the most common are
epileptic seizures. These generate abrupt changes in frequency and amplitude in the EEG.
The desynchronization of electrical activity is reflected in the presence of disordered waves
that after a while, rearrange themselves. Some changes that can be observed in the EEG
waves during an epileptic seizure are sharp spikes or the appearance of slow waves [23].

Sometimes, EEG peaks appear because of artifacts produced by muscle movement, opening,
and closing of the eyes, neck movements, among others. These artifacts can be easily
eliminated thanks to the fact that EEGs commonly include information of two channels that
allow knowing if the patients move or close their eyes.

2.2. EEG Classification
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In recent years, research on the development of systems for capturing and analyzing
biomedical signals has increased to find new mechanisms for the clinical diagnosis of specific
pathologies. Through the processing of EEG signals, the neuronal activity of the brain of
patients can be monitored and abnormalities can be detected that allow diagnosing
neurological diseases. In this way, the classification of EEGs is modeled as a machine
learning problem, and data is extracted from the signals emitted by the brain that describe
useful information from them. However, the challenge of characterizing EEG signals is
associated with the complexity of extracting the relevant information capable of describing the
presence or absence of disease. This difficulty is owing to the complexity of knowing a priori
what information is contained in the signal that must be relevant for the detection of the
patterns that characterize each pathology.

2.2.1. Segmentation

Because of the extensive amount of information included in EEGs, the process of
automatically analyzing this kind of record requires dealing with a large volume of data and
the traditional mechanisms of pattern recognition and data mining cannot be applied. Hence,
different proposals implemented for the automatic detection of abnormalities in signals have
proposed analyzing the EEG channel by channel and performing segmentation in each
channel, to analyze the changes suffered by the signal over time [24]. However, this solution
faces the difficulty of defining the size of the segments into which each channel should be
divided and also determining if the segments are independent or if they should overlap in
some part (Figure 5).
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Figure 5. Segmentation: a. independent b. overlapping

This mechanism is known as windowing. The solution proposes to review a signal segment
by segment, that is, the segment will be classified as normal or abnormal. When all segments
of the signal are checked, the list of all abnormal segments is gained.

Some solutions that have tested the implementation of window analysis have included
mechanisms that allow the random definition of the size of each segment that is built.

2.2.2. Feature Extraction

The feature extraction process allows characterizing an EEG signal through the calculation of
mathematical operators. The result is represented by a vector that contains information about
the signal with which it can be classified [25]. This stage is one of the most important tasks
within pattern recognition because performing the classification depends on the extracted
features. If the features are not well chosen, the precision and accuracy of the classification
will be compromised.

A basic scheme is described in [26] to explain the stages of automatic reading of EEG signals
(Figure 6). The scheme presents the feature extraction process as a previous task of the
classification and it is influenced by the segmentation technique and the mechanism used to
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capture the EEG signal. The key methods used to analyze the EEG signals are based on an
analysis in the frequency and time-frequency domain.

Raw EEG

N

Segment
detection

Feature
extraction

Classification

L

Output

Figure 6. Stages of EEG signal reading. Source [26].

2.2.3. Relevance Analysis

The relevance analysis stage is also known in the literature as feature selection and
dimensionality reduction. The three terms are used to describe the development of reducing
the original set of data generated by the feature extraction process into a minimum set that
represents the greatest amount of useful information in the classification process [27]. During
the relevance analysis process, 3 types of data are analyzed: relevant, not relevant (noise),
and redundant. Through elimination and transformation methods, the original set of features
is transformed into a smaller set, which only contains the features identified as relevant.

e Elimination

The elimination methods allow creating subsets of features from the original set, the
smallest subset with the best performance in the classification (or any criterion) is selected
to represent the signal, therefore, the other features are discarded and are not considered
in the final set.

e Transformation



23

The transformation methods create combinations of the original features. One of the most
common methods is Principal Component Analysis (PCA). This method creates a linear
combination of the input features and the additional features are projections of the original
features in a new feature space. The additional features are called components, which are
reduced by selecting those with larger variance.

2.2.4. Classification

Classification is one of the most important stages in fields such as data mining, machine
learning, pattern recognition, among others. Through a set of variables that describe instances
of a dataset, it is possible to create a model capable of classifying an unclassified instance
using a classification algorithm.

2.2.5. Evaluation

Different metrics have been reported in the literature to evaluate solutions for automatic EEG
reading. Some of these metrics are widely used in fields such as pattern recognition and are
consequently accepted in the medical field. To evaluate the solution from different important
perspectives to consider a reliable classification, in [19] the following metrics are proposed:

e Accuracy
e Sensitivity
e Specificity
e FAR

e ROC

e K-fold Cross-validation

2.3. State of the Art

This section describes the execution of a systematic mapping focused on identifying studies
related to the assembly of feature selection algorithms. The systematic mapping was
conducted following some guidelines described by Petersen in [28].

2.3.1. Research Questions

The study was guided by a set of research questions focused on answering how to improve
the effectiveness of the selection of relevant features in the classification processes of
epileptiform events in EEG signals. The questions are described below.

RQ1: How to improve feature selection in EEG signal datasets through ensemble feature
selection?

RQ2: How to assemble feature selection algorithms?

RQ3: How to design and implement a framework to select relevant features by an ensemble
feature selection?

2.3.2. Search

The search protocol was led by a search string, which was built with a set of keywords related
to the research questions. The search string was used to perform queries on the databases
and the results were analyzed to determine a set of studies with important contributions to
answering the research questions. Besides, the relevant works referenced by the selected
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studies in the search were included in the last set of studies, with important contributions
(backward snowball sampling). Thus, the search string is described below:

("Framework" and "ensemble") and ("dimensionality reduction” or "feature selection”)
and ("EEG" and "automatic”) and ("detector” or "reading” or "recognition” or
“analysis”)

The databases selected to perform the systematic mapping were IEEE, Science Direct, and
PubMed. These databases were selected considering their relevance in the fields of science
computer, signal processing, and health information systems. The following table describes
the keywords used and their synonyms as alternative words:

Table 1. Keyword synonyms.

Word Synonym

Feature selection Feature relevance

Dimensionality reduction

Detection Detector
Reading
Recognition

Analysis

2.3.3. Studies Selection

The searches performed on each selected data based retrieved many studies, which were
conducted to define a protocol to include or exclude articles of the final analysis. The
exploration of the papers was led following review criteria based on the quality of their
contributions and available information about their results and conclusions.

The following inclusion and exclusion criteria were applied in distinct steps:

e Inclusion:
o Studies that describe the use of ensemble feature selection algorithms.
o Studies that describe the construction of frameworks to support ensemble learning.
o Studies that describe Ensemble Feature Selection algorithms and their evaluation
results.
o Studies related to automatic reading of electroencephalograms.
e Exclusion:
o Studies that do not describe techniques and algorithms used.
o Studies in the abstract do not describe information related to the research
guestions.
o Studies that do not present the results of the evaluation.

The inclusion and exclusion criteria were applied first, only considering titles, abstracts, and
keywords. The studies that appeared to be important but did not meet all the inclusion criteria
were evaluated in a second stage to review the results and conclusions sections. In the
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ultimate step, we performed a full-text reading to determine the important contributions of each
paper.

2.3.4. Analysis and Classification
2.3.4.1. Research Focus Areas

Considering that an electroencephalogram (EEG) represents the electrical activity of the
human brain [29] and is used to diagnose different pathologies through the detection of
abnormalities or patterns in the EEG signals, the exploration of the literature in this study
considered not only the review of feature selection and the ensemble techniques but also the
type of diseases or activities that can be identified through the identification of patterns in the
electrical activity of the brain.

From the Epilepsy diagnostic process, we know EEGs are widely used as one of the most
reliable sources in the detection of seizures. A seizure occurs when neurons generate
abnormal electrical shocks in brain cells. These alterations or abnormalities are identified by
doctors during the reading of an EEG. An EEG not only allows the identification of voltage
changes in the brain but also offers information that allows characterizing the type of epilepsy,
which is useful to support the treatment of the patient [30]. Similarly, EEGs allow the detection
of other types of abnormalities associated with other pathologies or brain activity performed
by the person.

Considering the above, the studies retrieved in the bibliographic database searches were
classified in the following research areas:

o Feature Selection
o Ensemble Feature Selection
o Disease/Activity

2.3.4.2. Research Type Classification

Wieringa et al. [31] propose a set of research types to classify works and research in articles
according to the engineering development cycle. This classification is described below:

Table 2. Research types

Category Description

Solution The study proposes a solution or technique without

proposal applying a robust evaluation. Although, the potential
benefits and the applicability of the solution are
shown.

Validation The work describes a novel solution that has not been

research implemented in a proper environment. The techniques
have been evaluated in laboratory environments.

Evaluation It refers to a solution to a real problem tested in a

research proper environment. The study also describes the
consequences of the implementation (benefits and
drawbacks)

Conceptual This category describes studies with a novel way of

proposal looking at existing things. The contributions of these

studies are taxonomies or conceptual frameworks.
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Experience These works contain a set of lessons learned by the

paper authors from their experiences

Opinion paper These papers contain a set of lessons learned by the
author from his experience and opinion about a
certain technique (good or bad).

2.3.4.3. Contribution Type Classification

Considering the contributions of the papers evaluated in this systematic research, below, we
describe the contributions that we consider classifying the results acquired in each study.

Table 3. Contribution types.

Category Description

Tool A system or prototype

Model A theoretical representation of a proposal

Metric Additional measures to estimate effectiveness, for
example.

Enhancement Moaodifications on techniques or solutions to improve
behavior.

Technique Describe a new technique

2.3.5. Analysis

In this section, the major results of the systematic mapping carried out are graphically
presented. Subsequently, we show an analysis according to the classification scheme used
to categorize the retrieved studies.

2.3.5.1. Results

The search guided by the string search allowed for the identification of 33 papers with relevant
results regarding the ensemble of algorithms for selecting features in the automatic reading
of physiological signals. Besides, two papers referenced in some of the 33 selected papers
were considered finally because they described relevant contributions. Table 4 shows the
selected papers from each database.

Table 4. Results of the searches.

Source Revised
papers

IEEE 6

PubMed 7

Science 20

Direct

References 2

Figure 7 shows the distribution of the papers studied by year and source of publication,
showing that the vast majority of publications come from research journals and only 17% are
from conferences.
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Figure 7. Distributions of papers by year and journal

Figure 8 shows the distribution of the reviewed papers according to the type of research and
type of contribution. The results show that most papers present a solution proposal,
highlighting a gap in the state of the art related to the lack of validation of research on the
subject. On other hand, the most frequent types of contributions are techniques and tools,
showing that in the state of the art, important advances have been developed on feature
selection algorithms and solutions that assembly them. However, they have not been built as
frameworks that support feature engineering processes.
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Figure 8. Distribution by research and contribution type.

Table 5 describes the distribution of the recovered articles according to the type of disease or
field of application. The review shows the use of different feature selection techniques to
support automatic analysis of diverse types of physiological signals. The review carried out
shows from general methods to select features on clinical databases [32] to implementations
carried out to support the diagnosis of diseases such as Alzheimer's [33], Multiple sclerosis
[34], sleep disorders [35] and Epilepsy [36]. Additionally, the list of reviewed papers presents
solutions designed for the detection of emotions by analyzing the electrical activity of the brain
[37] or the recognition of activities using analysis of physiological signals [38] and external
devices [39].
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Table 5. Distribution of papers by field of application.

Field Number of
papers
EEG, EOG, and EMG signal 4
Alzheimer 2
Automatic sleep screening 2
BCI 1
Diagnosis system for breast MR 1
DNA micro arrays 2
Emotion Recognition 2
Epilepsy 3
General 8
Human Activity Recognition 3
Multiple sclerosis 1
PCG 1
Other 5

Table 6 presents the distribution of the papers by aggregation methods used to implement the
ensemble of the algorithms. Although 42% of the papers do not describe a method based on
ensemble learning, in the other papers we can observe that the most frequent method is voting
[40]. Additionally, we found aggregations methods based on weighted [41], fusion score [42],
averaging scores [43] and cascade [44].

The evidence shows that the methods implemented in most of the reviewed papers
considered a parallel scheme in the implementation of the ensemble of the algorithms. This
means that several models build their output (individual set of relevant features), which are
integrated by an aggregation function to generate a result with the final relevant features. On
the other hand, some works considered a cascade mechanism where the result of a feature
selection algorithm becomes the input of another FS algorithm. In this last scenario, the first
algorithm could skew the result of the second algorithm and as the eventual result, we could
get a final set of relevant features without the true relevant features.

Table 6. Distribution by an aggregation method.

Technique Number of
papers

None 15
Averaging scores 2
Cascade 1
Fusion score 2
Heuristic measure 1
Several 1
Voting 11
Weighted 2
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2.3.5.2. Related Works
Some of the most relevant studies identified in the systematic mapping are described below:

Cross-subject driver status detection from physiological signals based on hybrid
feature selection and transfer learning [42]

In this study, the authors proposed a hybrid feature selection method to improve the
identification of relevant features in datasets of physiological signals. The signals are acquired
by multi-sensors and are processed to extract features that describe them. Then, the features
were evaluated by three FS algorithms based on filters: ReliefF, MRMR Pearson, and MRMR
Spearman. The goal of the hybrid method is to support an efficient step for selecting a better
feature subset and improve the performance of the task recognition. To aggregate the
outcomes of the three FS algorithms, the method used a fusion score to determine the
importance of each feature. Finally, the framework built to detect cross-subject driver status
used data recorded from real and simulated driving environments and the results showed that
the proposed algorithm could help to achieve high recognition accuracy. Although, the idea of
ensemble learning is to combine the decisions of different models to compensate the
weakness of some algorithms with the strengths of the others, the hybrid method proposed in
this study only considered FS algorithms based on filters, which could omit some important
features.

Hybrid framework using multiple-filters and an embedded approach for an efficient
selection and classification of microarray data [45]

This research describes a hybrid framework designed to support gene selection and improve
the classification of DNA microarray data. In this study, five statistical methods based on filters
were used to calculate scores for each gene. The scores were combined by a fusion of
multiple filters, which pre-selected a set with the most informative genes. Then the selected
genes are evaluated by an embedded approach to get the final relevant gene subset. Finally,
an SVM (Support Vector Machine) is built to classify the genes using a small subset of genes.
Although the authors included an embedded FS algorithm in a second stage to improve the
gene selection, they did not consider that the five algorithms used in the first stage could
remove informative genes.

Improving classification of epileptic and non-epileptic EEG events by feature selection
[46]

In this work, the authors proposed a classification method of generalized epileptic and non-
epileptic events by analyzing EEG data. A set of feature extractors were applied to the EEG
data from 11 subjects to get patterns in the time domain and the frequency domain. Due to
the feature extraction process produced a set of 1155 features, feature extraction was applied
using the ReliefF algorithm. To implement feature selection, the authors used a leave-one-out
strategy on the data to generate different training subsets and the ReliefF algorithm was
applied in each training subset. All rankings calculated by the ReliefF algorithm were
combined using two strategies. The first one calculated a total ranking according to the
frequency of the specific rank of a feature in each experiment. The second strategy calculated
a total rank by adding all weights given by Relief F in each experiment. According to the two
total rankings, the authors extracted n-best features to train different classification algorithms
and review the accuracy, sensitivity and specificity. Although the leave-one-strategy helps to
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stabilize the final subset of relevant features, the ReliefF is an FS algorithm based on filters
and this kind of FS algorithm is not useful when the features are not independent. Considering
that in this study the authors try to classify generalized seizures, the features could be related.

A novel joint HCPMMP method for automatically classifying Alzheimer's and different
stage MCI patients [44]

In this work, the authors proposed a method to classify Alzheimer's and different stage MCI
(Mild Cognitive Impairment) patients. For this, they generated 3.260 features to describe the
stages. However, the cost of calculation of the features and the presence of noise and
irrelevant features in the original set influenced a selection of the relevant features by a
process of FS developed in two steps. The first step tested several statistical methods of FS
to find the features with the best discrimination. The result of the test showed that the ReliefF
algorithm achieved the best discrimination for the analyzed data. By This Means, RefiefF
evaluated all features and returned the ranks and weights, the first half of the sorting features
with a high score were selected to be evaluated in a second step by the second algorithm of
FS. Finally, the Forward Sequential Feature Selection (FSFS) algorithm was used to reduce
the dimensionality of the subset of 1620 features generated by ReliefF. The final subset of
features (30) was used with different classification algorithms and the best results were
achieved by using the Support Vector Machine (SVM) algorithm. Although the FS process
designed in this study integrated the power of FS methods based on filters and the wrapper
methods, the analysis of the second stage could be biased by the ranks generated by ReliefF.

Correlation-based ensemble feature selection using bioinspired algorithms and
classification using backpropagation neural network [40]

Elgin Crist et al. [40] proposed a framework of classification, where they included a new
strategy to select features based on an ensemble of bio-inspired algorithms. For the
evaluation, the authors used the Hepatitis dataset and Wisconsin Diagnostic Breast Cancer
(WBDC) dataset from UCI Machine Learning Repository. Because of the clinical data usually
need preprocessing tasks, the proposal implemented hot deck imputation to handle missing
values in the datasets. Thus, the imputation data was a preview task to apply before selecting
relevant features. The final optimal set of features is selected calculating the correlation values
of the features selected by each FS algorithm and removing the features with high similarity
from each subset of features, then, they applied majority voting to select the relevant features
from the three subsets features. Finally, a backpropagation Neural Network was used to
support the classification achieving precisions above 90%. Although the authors proposed a
novel feature selection strategy showing excellent results in the classification, the authors did
not consider the effect of the imputation data on the FS and classification processes.

Heterogeneous ensemble feature selection based on weighted Borda count [41]

This proposal presents a heterogeneous ensemble feature selection method build on 8 FS
methods: Fisher FS, Robust FS, t-test based FS, FS based on Pearson Correlation
Coefficient, FS based on Gini index, ANOVA, ReliefF, and Mutual Information Coefficient. The
strategy applies on the dataset the eight algorithms and gets the most relevant features
according to each method. Finally, the subsets generated by each FS algorithm are
aggregated using a weighted Borda count. Although an aggregation based on weighted Borda
count could be a dominant method to get a final subset of features, for this study the
aggregation could be biased by the subsets of features generated by the 8 FS algorithms.
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One of the principal reasons to develop ensemble feature selection is to use the diversity of
FS to get a robust set of relevant features. However, in this study, the authors selected FS
algorithms based on filters and do not consider wrapper and embedded algorithms.

Hybrid dimensionality reduction forest with pruning for high-dimensional data
classification [47]

Chen et al. [47] designed an alternative method for reducing dimensionality in high-
dimensional data. For this, they proposed to select the first subset of relevant features by
using an FS algorithm and generate a second set based on the unselected features. The
second set is calculated by applying PCA to reduce dimensionality and remove noise features
in the unselected features of the first stage. Thereby, the second set of selected features are
additional features that are used as auxiliary information. Even though the strategy proposed
could be a useful tool to get new relevant information from the dataset, in clinical data we
should know the meaning of each feature and transform features such as gender, age, etc.,
could bias the classification models.

A hybrid method for dimensionality reduction in micro array data based on advanced
binary ant colony algorithm [48]

In this paper, the authors proposed a method to reduce dimensionality and face the “Curse of
dimensionality” problem. The proposal describes a hybrid method based on two stages. The
first stage applies several filter methods of FS and then, in the second stage, an advanced
binary ant colony (ABACQO) meta-heuristic algorithm is applied on the subset of relevant
features generated in the first stage. The evaluation conducted in this study used five well-
known high-dimensional microarray datasets. The results confirmed the effectiveness of the
hybrid method as, they were compared with the results of several states of the art algorithms.
However, when we use two or more stages to feature selection and the outcomes of one stage
are the inputs of the next stages, we should reduce the risk that the previous stages will not
bias the next ones. In this sense, we should make sure that the FS algorithms used in the first
stage include algorithms based on filters, wrappers, and embedded to do not bias the next
stage with the weaknesses of the unique type of algorithm.

Ensemble feature selection in high dimension, low sample size datasets: parallel and
serial combination approaches [49]

Tsai et al. [49] conducted a study to analyze ensemble feature selection in high dimension,
low sample size (HDLSS) data by using parallel and serial combinations in FS algorithms. For
the evaluation, the authors used three single baseline FS algorithms: Principal Component
Analysis (PCA), genetic algorithm (GA), and C4.5 decision tree. Thus, three subsets of
relevant features are generated by applying the mentioned algorithms, which are combined
using two or three subsets for calculating the union, intersection, and multi-intersection of the
subsets. These combinations are evaluated in the parallel analysis. Also, for the serial
analysis, the subsets generated by the three algorithms are used to produce six
heterogeneous combinations between two subsets and three homogeneous combinations.
Finally, the results of the evaluation showed that classification accuracy achieved with features
selected by the ensemble feature selection performed marginally better than accuracy
achieved with features selected by single feature selection. This study showed promising
results in the use of Ensemble Feature Selection regarding Single Feature Selection,
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however, the evaluation conducted only analyzed 3 algorithms of FS and the results are not
conclusive.

A new hybrid ensemble feature selection framework for machine learning-based
phishing detection system [50]

In this study, the authors proposed a framework based on a hybrid method of ensemble
feature selection. The approach considered a novel algorithm CDF-g to define automatically
the optimal number of features in an FS process applied on a dataset. The hybrid ensemble
strategy comprises two components: data perturbation and function perturbation. The data
perturbation implies getting multiple subsets of the dataset and applied the same FS algorithm
on them, while the function perturbation implies applying multiple FS algorithms on the same
dataset. Thus, the hybrid method includes both strategies to acquire a subset of relevant
features to detect phishing websites. The results of the evaluation showed that FS could
improve the detection and obtain a more stable subset of relevant features, however, the
proposal has not been evaluated with clinical data such as physiological signals.

Exploiting the ensemble paradigm for stable feature selection: a case study on high-
dimensional genomic data [51]

The study describes the development of an ensemble strategy of feature selection based on
the ensemble logic defined in Ensemble Classification. The research evaluated the effects
and implications of the data perturbation in the ensemble feature selection; thus, a core
algorithm was applied on different perturbed versions of the original dataset. The evaluation
conducted analyzed how the ensemble strategy achieves to improve the overall performance
of the selection of informative features, which generated the best results in the predictive
accuracy and stability. Although this study showed promising results regard to public genomic
benchmarks, these results are not conclusive and are defined by the authors as a source of
useful insights into the benefits and limitations of the ensemble approach.

A novel automatic satire and irony detection using ensemble feature selection and data
mining [52]

Ravi et al. [52] proposed an ensemble text feature selection to support the automatic detection
of satire, sarcasm, and irony in news and customer reviews. In this regard, the authors
described news and reviews by using different subsets of features extracted from unigrams,
semantic, psycholinguistic, and statistical features of the text. In a second step, a feature
subset ensemble process is considered capturing different dimensions of features of a text
corpus, thereby, the strategy combined the subsets of features together, and obtained seven
subsets of features for each corpus, which generates seven datasets. Although the study
proposed the next stage to analyze the relevance of the features on each dataset, this process
is based on single feature selection algorithms.

2.4. Conclusions

This chapter allowed us to present the context of the analysis of brain activity and conduct a
systematic mapping to show the principal contributions of techniques of ensemble feature
selection to identify relevant features in the EEG signals.

The main findings identified in the systematic mapping are described below:
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The most frequent types of contribution found in the review of the systematic mapping
are new techniques or tools designed to solve specific problems, which shows
important contributions in terms of algorithms, however, these contributions have not
been considered into robust frameworks or libraries capable to support feature
engineering process in another field.

In the reviewed literature, we found several studies where they proposed ensemble
feature selection under a cascade scheme. Following this scheme, the result of the
first algorithm could skew the result of the second algorithm and so on, which could
generate a final set of relevant features without the true relevant features.

Although the idea of ensemble learning is to combine the decisions of different models
to compensate the weakness of some algorithms with the strengths of the others,
many of the reviewed studies only considered FS algorithms based on filters, which
could discard relevant features that usually are identified through the wrapper and
embedded methods.

The most used aggregation method to support ensemble feature selection in the
reviewed studies is voting, which shows the need to use more robust functions where
we considered in the final subset of relevant features the importance based on the
frequency of each feature in the subsets of relevant features.

The authors proposed novel ensemble feature selection strategies showing excellent
results in the classification, however, they did not consider the effect of the missing
values and imputation data into the FS and classification processes.

Finally, in the reviewed studies we did not find an ensemble feature selection method
designed to select relevant features and support automatic detection of epileptic
seizures.
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Chapter 3
Dataset of EEG Signals

3.1. Introduction

This chapter describes the process of construction and annotation of the EEG signals dataset
taken from patients suspected of having epilepsy. The CRISP-DM methodology described in
Figure 9 comprises a set of phases and tasks that must be carried out in a Data Mining project.
According to the method proposed by IBM in [53], CRISP-DM can be considered as a
methodology or a process model that summarizes a Data Mining life cycle. As seen in Figure
9, the Life Cycle describes 6 phases with arrows that show the sequence and dependencies
between the phases. In some phases, there are bidirectional relationships, which indicate that
they can be partially or revised after being carried out.

Business Data
Understanding Understanding

Data
Preparation
——
Deployment
— ¢
i
Modeling

Figure 9. CRISP-DM
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Bearing in mind that the aim in this chapter is to describe the dataset construction process
and not the model building and evaluation, only the phases of Business Understanding, Data
Understanding, and Data Preparation will be carried out.

3.2. Business Understanding

In this phase, CRISP-DM recommends a set of tasks to identify the objectives and
requirements without including implementation details of the ultimate solution.

3.2.1. Determining Business Objectives

In this project, we will only consider the tasks associated with the building of the EEG
dataset because our goal is to develop a mechanism for selecting relevant features of
EEGs. However, it is necessary to define the business objectives to represent the right
information to describe the normal and abnormal brain activity in an EEG record. Although
we followed CRISP-DM only to build a dataset, the business objectives are associated with
the reduction of the time used to read an EEG record and deliver a diagnosis to a patient.
In this sense, the final dataset must contain data necessary to train and test the feature
selection mechanism and support the automatic reading of EEGs of pediatric patients.

3.2.2. Assessing the situation

The aim of this task is to determine the requirements of the problem in terms of business
and data mining. For this, the following questions are answered:

o What is the available prior knowledge of the feature selection to support the
classification of epileptic events in an EEG?

s Are there enough EEGs to characterize normal and epileptic signals?

e What is the benefit of the Data Mining application for neurologists?

Considering the need to understand the problem, two experimental studies, [54] and [55],
were carried out (Appendixes B and C), to interpret the data, understand the manual
process of detecting epileptiform events in EEGs and define a representation of the EEG
signals in the dataset. In both studies, the literature was reviewed to contrast existing
solutions and identify the usefulness of the proposal.

3.2.21. Study 1

A study was conducted to identify public datasets with EEG records of patients with
epilepsy. The analysis carried out allowed to identify the structure and type of information
available in each EEG. As part of this work, EEG records from Physionet's CHB-MIT
database [56] were segmented for the building of an experimental dataset and the
construction of a preliminary classifier of abnormal and normal signals [54]. The selected
segments corresponded to EEGs with periods of epileptic activity and EEGs with normal
brain activity. This implementation was carried out to understand the nature of EEGs and
the behavior of brain activity in epileptic patients.

Figure 10 describes the general scheme followed to build the classifier of epileptic seizures.
It is worth mentioning that the stages of signal acquisition and signal processing
components are commonly included in the software that captures the EEG signals,
therefore, they were not addressed in the study. Feature Extraction describes the process
used to calculate a representation of the EEG signals while the Classification stage
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describes how to determine whether the signal is normal or abnormal through Machine
Learning and Artificial Intelligence algorithms. Also, if an abnormality is identified, it is
possible to classify the signal according to the type of Epilepsy suffered by the patient.

EEG signal Pre-processing Feature Classification
acquisition —> Extraction >

Figure 10. Classification scheme

e Context of the Dataset

To build the preliminary dataset, we studied the CHB-MIT database recorded at Children’s
Hospital in Boston. This contains recordings from 23 pediatric patients using the
international 10-20 system of EEG electrode positions and nomenclature with a sampling
rate of 256 samples per second. Each EEG record contains information of 23 channels
following the standard European Data Format (.edf) used to exchange and store multi-
channel signals of biological and physical origin. In the database, each patient has several
EEG records; some of them have epileptic seizures and others describe normal brain
activity.

e Feature Extraction

To describe the segments of EEG extracted from the CHB-MIT database, a feature
extraction process was conducted. This describes the process of applying several
operators to obtain a set of descriptors for each segment. The descriptors represent the
information contained in the EEG signal. According to the literature, the following
descriptors are identified and calculated: Entropy [57], Maximum Amplitude, Minimum
amplitude, Mean, Variance, Maximum Power and Mean Power [58]. The abovementioned
features were computed for each EEG channel ending up in 161 descriptors. Moreover, to
define the relevant features from the set of 161 ones, we evaluated the Forward Selection,
Optimize Selection, and Backward Elimination algorithms.

e Classification

The features calculated in the feature selection process were used to train a machine
learning model and determine whether a signal is normal or abnormal. The algorithms
Naive Bayes, Rule Induction, Decision Tree, and KNN were combined with the feature
selection algorithms Forward Selection, Optimize Selection, and Backward Elimination to
determine the relevant features capable to get high accuracy in the classification process.
The results of these combinations are shown in Table 7.

Table 7. Accuracy of the algorithms used in the feature selection process.

Forward Selection  Optimize selection Backward Elimination
Naive Bayes 57.69% 42.30% 48.07%
Rule Induction 70.00% 63.46% 40.38%

KNN 71.11% 42.30% 40.38%
Decision Tree 80.77% 34.61% 48.07
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In the evaluation, the Decision Tree algorithm produced the best results in the classification
by using the subset of features selected by the Forward Selection Algorithm (FSA). Figure
11 describes the design built in RapidMiner to select the features. Figure 12 shows the
classification scheme inside of the Forward Selection Package (Figure 11).

Figure 11. Feature selection scheme

Decision Tree Apply Model Performance
] tra mod D mod mod ﬂ mod lab D lab % per [VI L.
= exa r thr Lo Q unl = mod [\ Q per exa D ave
J thr AV J

Figure 12. Classification scheme

The subsets of features generated by the FSA according to each classification algorithm
tested are described in Table 8. The FSA reduced 161 features to (i) 4 using Naive Bayes,
(ii) 8 using Rule Induction, (iii) 4 using Decision Tree, and (iv) 5 using KNN. However, the
best accuracy was achieved using the subset of features generated using the Decision
Tree as a classifier.

The features selected were a6, a27, a94, and a121. According to the encoding scheme
used to name the features, it was observed that the Mean Power of the first channel, Mean
Power of the second channel, the Minimum Amplitude of the fourteenth channel, and the
Maximum Amplitude of the eighteenth channel are the features that determine whether a
signal is normal or abnormal.

This proposal was tested with data from a real database, i.e., data collected in a clinical
setting, achieving an accuracy of 80.77% using only 4 features whereas in the literature,
other proposals achieved better results using over five features and using experimental
data [58][59][60], data collected in non-clinical settings.
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Table 8. Features selected using the FS algorithm.

Feature Naive Bayes Rule Induction Decision Tree KNN
ab X
az26 X X
a27 X
a32 X
a42 X
a45 X
ab1 X
a32 X
ab9 X
a1 X X
ad2 X
a83 X
a%4 X
al121 X
a129 X
a136
al137 X
a160 X X

b

Although accuracy of 80.77% was reached, we detected that the reason some segments
of EEGs were classified badly, is because some segments contained abnormalities only
in some channels. This is a consequence of seizures that can be either focal (some
channels) or generalized (all channels). In this sense, an enhancement for this study is to
implement the classification of channel segments instead of EEG segments. Likewise, an
additional explanation of why the accuracy is not better is because abnormal activity could
appear in EEGs in different shapes.

The development of this study allowed us to identify needs and challenges in the
automatic reading of EEGs. Some of these considerations to be borne in mind are
described below.

¢ The performance of a solution to automatically read an EEGs must process a vast
amount of data because of the nature of the recordings. In consequence, feature
extraction must include the least number of possible features.

e Characterize types of abnormalities could increase the precision and accuracy of
the detector/classifier due to it can apply the right extractors.

¢ Available, open EEGs datasets do not describe the exact periods of time where a
single seizure happens, nor the channels affected. By contrast, they describe
periods happening various seizures (normal activity along of them). On the other
hand, some datasets describe only single segments extracted from EEGs that
describe the normal or abnormal activity.

3.2.22. Study?2

Having regard to the above, one of the relevant considerations was the identification of
types of abnormalities associated with epilepsy to build characterizations based on
identified patterns (shapes). In this sense, a preliminary implementation to detect well-
known shapes or patterns of seizures was built. For this, a review of literature
recommended the use of Matched Filters, which are briefly used in the field of signal
processing to seek wave shapes in a signal.
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e Characterization of Patterns

Matched filters are basic signal analysis tools used to extract known waveforms from a
signal that has been contaminated with noise [61]. The model used for the extraction or
detection of the wave can be seen in Figure 13.

Signal s(t)

Matched ¢
Fiter ") —>Hx
Noise n(t)

Figure 13. Detection scheme, after [61].

The scheme defined in Figure 13. Detection scheme, after [61].Figure 13 describes the
implementation of a filter h(t) to extract the signal s(t) contaminated with noise n(t),
because of applying h(t), finding the hypothesisH,. In this scheme, the null (Hy) and
alternative (Hy) hypotheses are considered in equations (1) and (2). If the waveform that
is sought is present in the signal, hypothesis His confirmed, otherwise, the Hyhypothesis
is confirmed. In the context of the detection of epileptic spikes, x(t) is a function describing
the brain activity measured in an EEG, the noise n(f) represents a normal brain activity of
a patient (EEG base rhythm), the signal s(f) represents the epileptic spike to be found, Ho
normal represents the normal EEG activity of the patient and H; represents the existence of
the epileptic spike.

Hy :x(t) = n(t) (1
Hy:x(t) = s(t) + n(t) (2)

This mechanism works very well in practice when a known pattern or waveform is sought
because the filter allows to maximize the SNR (signal-noise ratio) of the filtered signal and
reduce the effect of noise on the original signal [62]. However, when waveforms are not
known, the method does not work efficiently.

Considering the importance of spikes detection to diagnose Epilepsy, it was conducted a
study to detect them by using a Match Filter. In this work, the aim was to develop a tool to
diagnose epilepsy, identifying epileptiform events described by known waves. For this
purpose, a review of the literature was made to identify characteristic patterns that
describe the presence of an epileptic discharge. Epileptic seizures generate electric
shocks in some areas of the brain, generating unexpected changes in the EEG
waveforms. Sometimes, the appearance of shocks (waveforms) is identified periodically,
semi-periodically, or simply as a disorganization of the electrical activity of the patient.
Some of the most wanted patterns by neurologists during the inspection of EEGs
correspond to peaks (narrow and broad).

Considering the above, a template that describes the behavior of a spike was defined and
used to search similar segments into an EEG signal. The template was constructed by
averaging 25 segments diagnosed as spikes by a neuropediatric expert in reading EEGs.
Figure 14 (a) shows an example of the appearance of epileptic spikes in the base rhythm
of the EEG wave on channels 17, 18, 22, and 23 of the EEG.
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(b) Epileptic Spikes in the rhythm base. (b). Epileptic spike pattern.

Figure 14. Epileptic spikes in the rhythm base.
e Building the Matched Filter

From a set of epileptic spikes identified by a neurologist, the epileptic spike pattern of
Figure 14 (b) was constructed. Considering the visual analysis performed by the
neurologist, it was defined that the segments contain 15 samples of data, and a duration
of 13.33 ms (to be able to capture the whole epileptic spike from the beginning to the end
of the abnormality).

Considering the wave pattern (template) which describes an epileptic spike, a Matched
Filter was built to scan an EEG, searching the template by sliding windows over each EEG
channel. The algorithm is defined below:

Algorithm 1. Spikes detector.

Void SpikesDetector (windowSize, slidingSize, pattern, EEGChannel,
spikesBeginnings, spikesEnds, thresh)
startindex =0
maxIndex = Lenght (EEGChannel)
b_matchedFilter = createMatchedFilter(pattern)
while (startindex< maxIndex) do
segment = EEGChannel(;, startindex: maxindex + windowSize)
matches = matchedFilter(segment, template, thresh, b_matchedFilter)
if (isNotEmpty(matches)) do
spikesBegginings.Add (startindex)
spikesEnds.Add (startindex+windowSize)
startindex = startindex + slidingSize
else
startindex = startindex + windowSize
end if
End SpikesDetector

The algorithm receives 7 arguments: the size of the window, size of sliding, pattern, EEG
channel, beginning and end of detected segments, and threshold. The size of the window
allows determining the start and end of the segment to be analyzed, as well as the size of
the sliding, which establishes how many samples move to the right of the beginning of the
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segment that has been analyzed. The threshold establishes the percentage of similarity
between the window analyzed and the template of spikes. Figure 15 illustrates the
previously mentioned process.

Winqow Size
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Figure 15. Analysis scheme by window.

The argument pattern corresponds to the template constructed from the epileptic spikes,
EEGChannel corresponds to a channel extracted from the EEG in which the pattern will
be searched. spikesBeginnings and spikesEnds correspond to the arrangements where
the beginning and end of the segments (that have the presence of the pattern of epileptic
spikes) are stored, and the function createMatchedFilter creates a matched filter based
on the template. The algorithm analyzes the entire EEG channel, while segments can be
extracted through the sliding window, and for each window extracted a review is made
with the Matched Filter to determine if this window has the presence of the epileptic spike
pattern.

The algorithm that describes the Matched Filter is described below:
Algorithm 2. Matched Filter.

Var matches MatchedFilter (segment, template, thresh, b_matchedFilter)
y = FilterSignal(b_matchedFilter, segment)
u = template.*template
matches = ReviewThreshold (y,thresh,u)
return matches
End MatchedFilter

Where, segment describes segment to evaluate, template represents the epileptic spike
pattern, thresh sets a detection threshold, which was established empirically in 0.9 by
testing values between 0.6 and 1, b_matchedFilter contains the matched filter based on a
template, y contains the segment filtered with the matched filter, u stores the
autocorrelation matrix of the template, and function ReviewThreshold establishes if y
exceeds the threshold. The autocorrelation matrix is used for detecting the appearance of
patterns in a signal. In this case, the autocorrelation matrix was used for detecting the
pattern of spikes in brain activity.

For the evaluation of the epileptic spike detector, 8 segments extracted from EEGs of
voluntarily recruited children were used. For this stage, construction of the dataset
aroused as a need to have a set of training data that describes in detail the beginning and
end of an epileptic abnormality. This because the open datasets found in the literature,
describe periods of time with normal and abnormal activity, it means that the segments
show the appearance of an abnormality and then disorganization or new appearances of
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the abnormality instead of showing the specific segments where epileptiform events
happen.

Considering the annotations made on the dataset, the beginning and end of 56 segments
in which epileptic discharges occur in the form of a spike are known. In this sense, the
spike detector was used for each EEG segment, and the correctly identified, badly
identified, and unidentified segments were counted to determine the sensitivity and
specificity of the detection. Figure 16 describes the number of spikes contained by each
extracted segment.
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Figure 16. Description of EEGS segments with presence of points.

Finally, the tool developed reached a sensitivity of 89.28% and specificity of 99.96% in the
identification of epileptic spikes on our dataset.

3.2.2.3. Conclusions of the Preliminary Experiments
The main conclusions found with these studies are:

¢ The reading of EEGs implies identifying alterations in the waves that describe the
electrical activity of the brain.

¢ There are two types of epileptic disorders: Focal and Generalized.

e There is a set of abnormal patterns that neurologists try to identify on EEGs to
diagnose epilepsy.

¢ Inthe literature, no dataset is annotated in such a way that it describes exactly the
EEG segments where an epileptiform event occurs, nor does it describe the type
of event. The datasets describe periods of abnormal brain activity but not the exact
times of each type of abnormality.
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e The recording period of an EEG ranges from 20 minutes to 72 hours.

¢ Manual reading of an EEG can become a tedious and time-consuming task.

¢ The software tools identified in the literature have shown a potential use of these
to reduce the time of reading an EEG by neurologists.

¢ When the availability of neurologists is limited, the automatic reading of EEGs
could be an option to increase the opportunity of the service.

3.2.3. Determining the Data Mining Goals

This task allows identifying the Data Mining objectives of the project. Here, the business
aim is to decrease the EEG reading time and the Data Mining objective is to determine
how to automatically detect an epileptiform event in an EEG.

3.3. Data Understanding
This stage describes a set of tasks that guide the initial data collection and analysis.
3.3.1. Collecting Initial Data

In this task, the initial data is collected for future processing. Considering that in the
exploration of the literature a dataset with precise annotations on epileptiform events was
not identified, 200 EEGs were collected from childhood patients with a history of epilepsy.

The stored EEGs were captured using the BW Analysis software from the Neurovirtual
company under the 10-20 system. Each EEG contains information in 21 channels with a
sampling rate of 200 per second and a duration of approximately 30 minutes. The Axon
PED clinic was the medical center where the EEGs were recorded and diagnosed.

3.3.2. Describing Data

Approval for collection and storage was obtained from each EEG record by signing an
informed consent by the child’s parent or guardian. The collection protocol included a
sequential set of steps: (i) obtain the informed consent, (ii) take the EEG, and (iii) code
the EEG to eliminate the data that allow the identification of the patient.

Table 9 describes the storage and organization scheme for EEG records. Column 1
represents the coding of each EEG; the next 6 columns describe the data associated with
the patient and column 7 the final diagnosis made by the neurologist. Each EEG record
was stored according to the code assigned in Table 9 in EDF format.

Table 9. Collection and storage of EEG

Code Date Age EPS Cl"g:fal Medicament Status Diagnosis

1001 7/07/2017 " ASMET No Awake Normal

The EEGs documented as abnormal in Table 9 were reviewed and annotated with the help
of a neuro-pediatrician. This process was conducted to identify the segments and
channels of the EEGs that present abnormalities associated with epilepsy. For this,
reviewing sessions were carried out to read each abnormal EEG and to identify the
beginning and end of the segments of the epileptic discharges, as well as to make a
description of the disorder in the brain activity before and after the epileptic discharge.
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Figure 16 presents a photograph taken during an EEG annotation session. At home,
during the EEG review session, the neurologist graphically signaled the beginning and
end of each of the events of interest, later to extract the segments as individual files that
describe the abnormality and the type of abnormality.

Figure 17. EEG annotation session.

Additionally, a review of EEGs registered as normal was made to identify segments with
apparent abnormal electrical activity that are artifacts caused by movements of the patient
during the examination.

3.3.3. Exploring Data

The data collected for this study include the data of Table 9, the meaning of each column,
the EEG stored for each row of the Table, and the annotations of each EEG. To analyze
this information, each EEG was inspected by using the annotations made by the
neurologist, which allow to count and identify the unique patterns associated with epilepsy.
Additionally, we reviewed the clinical data of the patients looking for a relationship between
the findings in their EEG and their medical records. However, the data that will support the
Data Mining process corresponds to the result of the feature extraction process applied to
each abnormal and normal record extracted in the previous stage.

Some of the epileptic abnormalities that were documented during the dataset annotation
process are described below.

3.3.3.1.  Types of Abnormalities

The segments diagnosed as abnormal by the neurologist were grouped according to
the type of abnormality and subsequently characterized by a set of descriptors during
the feature extraction process. Next, segments of EEGs with occurrences of the types
of abnormalities identified are described:

e Spikes
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For each type of abnormality, the number of appearances in the EEGs collected in the
previous task was identified. Table 10 describes the summary of the alterations identified

in the EEG repository.

Table 10. Abnormal segments by type.

Abnormality # Events # Patiens
Spikes 144 23
Diffuse slow activity 10 10
Phase Version 113 4
Pseudoepileptic sharp 6 2
waves
Polyspikes 42 18
Focal discharge 1 1
Generalized discharge 1 1
Photomioclonic response 24 1
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3.4. Data Preparation

In this stage, the data is adapted according to the needs of the data mining techniques that
are going to process the data. In the previous stage, we combined a repository of EEG signals
with clinical information and annotations made by a neurologist. In this state, a set of abnormal
and normal segments was extracted from the EEG signals and the segments were
characterized by a set of feature extractors to generate a dataset. Then, the dataset was built
with the features extracted, which generated a dataset with 142 columns and a target variable.

3.4.1. Integrating Data

The EEG signal repository contains 200 records from 200 patients that, given their
structure, cannot be processed by Machine Learning algorithms. Thus, each EEG is
decomposed channel by channel, and those segments diagnosed as abnormal are
extracted and described using a set of feature extractors. This same process is carried
out for a set of segments considered normal.

Finally, the dataset is built with the features extracted from 1344 segments (672 normal
and 672 abnormal). Since all the descriptors were applied to all the segments, the dataset
does not contain columns with null data.

The descriptors used to represent as vectors the segments extracted from the EEG
repository are described below.

¢ Basic descriptors

Statistical features allow summarizing the values that describe a segment of EEG signal
in a single value. The measures of this type that will be applied in the construction of the
dataset are:

e Min

e Max

e Mean

e Median

e Low Median
¢ High Median
e Variance

e Standard deviation

e Entropy

Entropy is considered a family of statistical measures that allow the quantification of the
variant complexity in a system. In [63] the authors describe different ways of measuring
Entropy, highlighting the following:

o Shanon Entropy
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o Approximate Entropy
ApEn(m,r, N) = &™(r) — d™(r)
o Renyi Entropy
QSE(r,m)  Samplin(x,m_r)+ log(2r)
e Kurtosis and Skewness
The skewness and kurtosis are higher-order statistical attributes of a time series.

o Skewness represents the degree of distortion from the symmetrical bell curve
or the normal distribution. In other words, the lack of symmetry in data
distribution is measured by skewness.

o Kurtosis measures the peakedness of the PDF of a time series. It is used to
measure the outliers present in the distribution.

e Energy

The signal is viewed as a function of time and the Energy represents its size. The energy
can be measured in different ways but, the area under the curve is the most common
measure to describe the size of a signal. It measures the signal strength, and this concept
can apply to any signal or vector.

|x.
E. :f i2(6)|2dt

The fractal dimension corresponds to a non-integer dimension of a geometric object.
Based on this principle, fractal dimension analysis is used to analyze biomedical signals.
In this approach, the waveform is considered as a geometric figure.

e Fractal Dimension - Higuchi

d log(L(k))
d log(k)

e Fractal Dimension - Petrosian

This type of analysis provides a quick mechanism to calculate the fractal dimension of a
signal by passing the series in a binary sequence. The following describes the equation
that calculates the Petrosian fractal dimension.
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e Hurst exponent

This exponent is a measure of the predictability of the signal. It is a scalar between 0 and
1 which measures long-range correlations of a time series.

e Zero Crossing Rate

The Zero Crossing Rate is a statistical feature that describes the number of times that a
signal crosses the horizontal axis.

¢ Hjort Parameters
The Hjort Parameters describe statistical properties in the time domain [64]. Usually,
these are used to analyze electroencephalography signals.

o Activity
Also known as the variance or mean power. Activity measures the squared
standard deviation of the amplitude.

N i
2. (x(n) — z)
Activity(z) = = 1 y

o Mobility

Mobility measures the standard deviation of the slope concerning the
standard deviation of the amplitude.

var(z')
var(r)

Mobility(x) =

o Complexity
This parameter is associated with the wave shape.

Motility(z")

Complexity(x) = Mobility(z)
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e Discrete Wavelet Transform

The Discrete Wavelet Transform allows the analysis of a signal in a specific segment. The
procedure consists of expressing a continuous signal as an expansion of coefficients of
the internal product between the specific segment and a Mother Wavelet Function. The
discretization of the Wavelet Transform is done by changing from a continuous mapping
to a finite set of values. This process is done by changing the integral in the definition by
an approximation with summations. Hence, the discretization represents the signal in
terms of elementary functions accompanied by coefficients.

f(t) =) exen

A

The Mother Wavelet functions include a set of scale functions. The parent functions
represent the fine details of the signal, while the scale functions calculate an
approximation. Considering the above, a function or signal can be represented as a
summation of wavelet functions and scale functions.

f(t) = Z Z cjkP(t) + Z Z dj (1)
koo koo

In Wavelet analysis, a signal can be decomposed into various levels from the time domain
to the frequency domain. The decomposition is done from the detail coefficients as the
approximation coefficients. Figure 23 describes the different encoding paths for n levels
of decomposition (signal x). The upper level of the tree describes the temporal
representation. As the decomposition levels increase, an increase in the compensation in
the time-frequency resolution is obtained. Finally, the last level of the tree describes the
representation of the signal frequency.
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Figure 23. Wavelet decomposition
e Fast Fourier Transform
The Fast Fourier Transform computes a fast version of the Discrete Fourier Transform of
a signal by decomposing the original signal into different frequencies (smaller transforms).
The decomposed signals are used to calculate the resulting transform signal. FFT is used

to convert a signal from the time domain to a representation in the frequency domain or
vice versa.

e Features based on Fast Fourier Transform
o Spectral Centroide

In digital signal processing, the spectral centroid is a statistical measure used to
describe the shape of the spectrum. This defines the spectrum as a probability
distribution and represents where the center of mass of the spectrum is located.

Yoo fln)z(n)
Z:T—ul 5’3(”)

o Spectral Flatness

Centroid =

The Spectral Flatness defines the ratio of the geometric mean to the arithmetic mean
of a power spectrum.
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o Crest Factor

The Crest Factor defines how extreme the peaks are in a signal.

 Tpeak|  [|2]loe

Tms ]2

Taking the above into account, 22 descriptors were applied to the normal and abnormal EEG
segments and their wavelet coefficients (5) generated from the original segments. 21
descriptors are: Min, Max, Mean, Median, High Median, Low Median, Variance, Standard
Deviation, Shanon Entropy, Approximate Entropy, Renyi Entropy, Kurtosis, Skewness,
Energy, Higuchi Fractal Dimension, Petrosian Fractal Dimension, Hurst Exponent, zero
crossing Rate, Activity Hjort, Mobility Hjort and Complexity Hjort. Besides, the Fatst Fourier
Transform (FFT) was calculated, and 15 descriptors were applied to the result of FFT: Min,
Max, Mean, Median, High Median, Low Median, Variance, Standard Deviation, Shanon
Entropy, Kurtosis, Skewness, Energy, Spectral Centroide, Spectral Flatness and Crest Factor.
Also, the Matched Filter was applied to the original segments and a boolean feature was
generated with the results.

3.4.2. Formatting Data

To avoid potential conflicts associated with the values in the dataset, an offset was applied to
the columns that presented negative values, since some feature selection algorithms do not
accept this type of value. On the other hand, a normalization was carried out to guarantee that
the data in each column is in a range of [0, 1].

3.5. Conclusions

In this chapter we followed three stages of CRISP-DM methodology: Business Understanding,
Data Understanding, and Data preparation, to build a dataset that represents information of
EEG signals of patients with normal and epileptic brain activity.

The main findings are described below:

e The studies conducted to understand the business allowed us to understand the
business aim: to decrease the EEGS reading time and the Data Mining objective: to
determine how to automatically detect an epileptiform event in an EEG.

e The conclusions of studies conducted showed the complexity to detect abnormal brain
activity in the EEGs because of the diverse ways that they could appear.

¢ In the literature, there is no dataset with annotations that describes exactly where an
epileptiform event occurs, nor the type of event.

e The duration of EEGs could become the manual reading of an EEG into a tedious and
time-consuming task.

¢ The automatic reading of EEGs could be an option to increase the opportunity of the
service.
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e The raw data of EEG records cannot be processed by the machine learning
algorithms, then, it is necessary to transform the data and extract features from the
signals to describe them by using feature vectors.
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Chapter 4
Framework for the Ensemble of Feature
Selection Methods

4 1. Introduction

The primary objective of this chapter is to describe the process followed to construct a conceptual
framework about Ensemble of Feature Selection (EFS) methods. The goal is to represent into a
framework, knowledge related to how to improve the FS on datasets with high dimensionality and
a few instances. The framework seeks to guide the design of an EFS mechanism to gather the
advantages of different FS algorithms, avoid their biases, and compensate for their
disadvantages. For this, we designed a conceptual framework to understand the key concepts
and relationships in the aggregation of a set of FS algorithms. Based on the conceptual
framework, a Development Framework was implemented to validate the theoretical proposal and
assessed it by applying the EFS implemented on 4 datasets. The rest of the chapter describes
the findings and conclusions of the design and implementation of the framework of FS.

4.2, Context of Feature Selection

A feature is defined as a measurable property of a process or entity that is being observed; in the
literature it is also known as attribute, component, variable, column or dimension [65]. In the field
of Machine Learning, a set of features describes a domain and classifies, detects, or recognizes
patterns. In the past, few Machine Learning applications used over 40 features [27]. However,
nowadays the number of features has increased their size from tens to hundreds of features.
Consequently, handling this information is costly because of its processing, requiring thus more
time and resources. In this sense, many studies in the last two decades faced this problem,
especially when datasets have a high number of features and few instances. This problem is
called “curse of dimensionality” [66].

Consequently, in 1997 [67] and [68], the authors described the first studies about Feature
Selection (FS) in domains where it is common to find datasets with several dozens of features.
Nonetheless, in recent years a great deal of techniques has been developed to solve the problems
generated by the number of features. According to the findings, most of the features in those
datasets are redundant or irrelevant [69]. In view of the above, FS techniques focus on the
identification of features with high differentiating power while discarding those considered
irrelevant or redundant. In this manner, the primary goal of FS is to avoid features that do not
efficiently allow generalization in processes of classification, detection, or pattern recognition.
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4.2.1. Dataset’'s Growth

Recently, datasets with large numbers of features are more frequent in different domains. Three
of the most representative examples are microarray classification, text categorization and signal
classification. In the first case, developments in DNA (Deoxyribonucleic acid) microarray have
generated many datasets with this kind of data. In most of these datasets, the number of instances
is not greater than 100 (patients) and the number of features (genes) ranges from 6.000 to 60.000
[70]. Previous studies showed that most of the genes in these datasets do not represent useful
information to support a machine learning process. As a result, a preprocessing stage is needed
in order to reach an efficient classification of microarray data [11][71]. In [72][73] the authors
describe how to reduce computational cost and improve performance in the classification of micro
arrays by selecting a representative subset of genes from the original set.

Likewise, in text categorization, documents are represented by an array built from their vocabulary
and the frequencies of words in such documents. Those vocabulary sets have hundreds of
thousands of words, however, in an initial stage vocabulary is pruned to remove the least
important words from the documents. Thus, the size of the array that represents the documents
is reduced. In literature, there are several collections of documents used in different domain
studies, for instance, email analysis [74], detection of articles related to terrorism on the web [75],
automatic classification of text [76], opinions [75], feelings [77] [78], and emotions [79], among
others. These collections have between 5.000 and 800.000 documents.

In the field of signal classification, previous works have used many mechanisms to process the
signal and get a set of features capable of describing the signal. These features are used to
classify or detect patterns. In the medical domain, the high availability of devices designed to
capture bio signals has supported the diagnosis of diseases by identifying normal and abnormal
patterns in the signals. Hence, several authors have developed solutions to support automatic
analysis of signals, such as for example EEG and ECG. In the automatic analysis of EEGs, the
signals considered are multichannel with (i) information in channels, which range from 12 to 64 in
number, (ii) duration between 20 minutes and 72 hours and (iii) a sampling rate between 100 and
256 per second. Considering the above, analyzing an EEG signal is a complex task because it
contains a lot of information, thus each channel from the signal is divided into segments and many
feature extractors must be applied to describe them. The process to segment each channel of the
signal allows the identification of abnormalities, which appear in short periods of time [80].

In [81] the authors analyzed the current context of “Big Data” and “Big Dimensionality”. They
introduced those concepts to explain how to handle datasets with unbalanced data, noise, few
instances, and high number of features. They found out that the dataset sizes are not growing in
both dimensions, columns, and rows. In addition, the most important repositories of datasets used
in the experiments of Machine Learning contain datasets with thousands or millions of features
and most times, the number of features widely surpasses the number of rows. For example, in
the UCI machine learning repository [82], there are 18 datasets with over 5000 features. The
LIBSVM database contains datasets with over a million features [83]. Therefore, researchers have
focused on developing methods to reduce the size of datasets using a set of objective criteria.
This allows them to represent the complex original dataset in a simple dataset.
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4.2.2. Context of Ensemble Feature Selection

Depending on the design of the FS techniques, they are classified into three types of methods:
filters, wrappers and embedded. Each type defines advantages or disadvantages that are directly
related to the context of the dataset. For instance, these algorithms face typical problems, namely,
(i) they have a reliable performance on a dataset but by adding or removing instances, the
performance decreases, (ii) they allow the removal of features quickly, but they are not capable
of detecting redundant features, (iii) they need to have a correctly balanced dataset and (iv) their
performance is affected by the presence of noise in the data.

On one hand, there is a large number of FS methods. However, there are no tools or solutions to
determine objectively the algorithms, which would work best with the data of a particular domain.
In some studies, authors have used a trial and error scheme, that is, they have tested different
FS algorithms using one or more classifiers and then chosen the one with best performance in
the test.

On the other hand, the results of the Ensemble Learning approach in classification have
influenced proposals to select features based on the consensus or aggregation of several FS
algorithms. In [84] researchers proposed a classification algorithm based on K-Nearest Neighbors
(KNN). They gained and combined several outcomes from the KKN algorithm, and each outcome
was found by using a unigue set of features. In 1998, the authors proposed an Ensemble Feature
Selection (EFS) method designed for decision trees [85]. In 1999 [86] an EFS method based on
a genetic algorithm was proposed to improve the quality of the features used in the learners.

Recently, many studies have been conducted about EFS; some involve the use of classifiers,
while others do not. In [70] an EFS algorithm aggregates a set of FS algorithms based on filters
to classify micro arrays. The scheme in this study aims to use several filters and for each filter to
generate a subset of features. The subsets generated are used to train a classifier and,
subsequently, the outputs of the classifiers are combined using simple voting. In [87] a mechanism
of EFS on micro arrays was built to determine relevant genes in the classification of cancer. A
robust feature selection process is conducted in [42], the selection of features is based on EFS
and the findings showed that the approach obtained great promise for datasets with many
features and few samples. The bi-objective genetic algorithm was used in [43] to develop a
method for EFS. The evaluation showed that the proposal reached to acquire robust and noise
resilient subsets of features. A method based on the principle of selecting in Random Forest and
co-forest was implemented in [44], the method allows to select features in datasets with unlabeled
data.

4.3. Methodology

We followed the qualitative method described in [88] to propose a conceptual framework for our
EFS. The method establishes a set of phases to design the framework as the development of a
plan or network of concepts linked to describe a phenomenon. In this way, it describes a process
to select a set of data sources, classify the data found, identify the key concepts related to them,
and review and validate the proposal. The primary aim is to highlight the sense and importance
of the relationships that associate with the concepts. Because of this, the concepts are not only
considered as a collection, but also as a set of entities with a defined role. The methodology
describes 8 phases; however, in this study only the first 7 phases were used because the last one
corresponds to the reformulation of the framework, which is included in phase 7 for our study.
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The implementation built in this study validated the conceptual proposal. Thus, the improvements
and adjustments implemented as part of the development process in the phase 7 represented the
rethinking of the conceptual framework. Figure 24 shows the phases mentioned.

*Mapping the selected data sources

eExtensive reading and categorizing the selected data

¢|dentifying and naming concepts

oh ¢Deconstructing and categorizing the concepts
EH

¢|ntegrating concepts

€€C€ECK

ohee & *Synthesis, resynthesis, and making it all make sense
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+Validating the conceptual framework
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Figure 24. Methodology to Design Conceptual Framework
4.3.1. Phase 1: Mapping the Selected Data Sources

According to the methodology, in this phase the data sources and literature related to the
phenomenon studied are mapped. Here, the mapping considered mainly the theory and research
studies about Feature Selection and/or Ensemble Learning. Considering the above, the data
source selected was the literature related to the following topics:

e Machine Learning
Relevance Analysis
Feature Selection
Dimensionality Reduction
Ensemble Learning
Ensemble Feature Selection
Consensus and aggregation
The review of literature was conducted searching on the bibliography databases, Science Direct,
Scopus and IEEE, about selected topics. Papers with vital information in title, abstract or
conclusions about the selected topics were studied in detail in next phases. Criteria defined to
specify if a study is relevant considered relevant contributions on theoretical and practical
proposals. For this phase, although the quantitative method does not describe how to conduct
the process of mapping the selected sources, we recommend following guidelines for conducting
a systematic review [89] or systematic mapping [90] in order to identify relevant works.

4.3.2. Phase 2: Extensive Reading and Categorizing the Selected Data

The selected literature was reviewed and analyzed to determine the main findings. According to
the analysis carried out, the research studies were classified into the following categories:
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Feature Selection

Classification

Ensemble Learning

Consensus-Aggregation

Defining categories allowed to break the reviewed literature into specific topics, so papers
connected between them were grouped together to analyze and understand in detail each topic.
Likewise, in this phase we summarized the evidence by identifying main findings and relevant
information in each topic.

4.3.3. Phase 3: Identifying and Naming Concepts

In this phase, the concepts are identified from the studied literature. The criteria included in the
final concepts list considered the importance of describing the phenomenon and how these are
related to each other.

Process followed to create the list of concepts include reading of all selected papers in the
previous phase and highlight the concepts which are suspected to summarize a process, metric,
method, measure or something relevant for the topic. After, all concepts highlighted were
extracted and documented in a list according to the protocol followed in [91]. Figure 25 describes
an example of highlighted concepts in the documents.

The recent developments 1 variable and feature selection have addressed the problem from the
pragmatic point of view of improving the performance of predictors. They have met the challenge
of operating on input spaces of several thousand variables. Sophisticated wrapper or embedded
methods improve predictor performance compared to simpler variable ranking methods like corre-
lation methods, but the improvements are not always significant: domains with large numbers of
mput variables suffer from the curse of dimensionality and multivariate methods may overfit the
data. For some domains, applying first a method of automatic feature construction yields improved
performance and a more compact set of features. The methods proposed in this special issue have
been tested on a wide variety of data sets (see Table 1), which limits the possibility of making com-
parisons across papers. Further work includes the organization of a benchmark. The approaches are
very diverse and motivated by various theoretical arguments, but a unifying theoretical framework
1s lacking. Because of these shortcomings, it is important when starting with a new problem to have

Figure 25. Process of Highlighting in Reading of Papers

All selected concepts were analyzed and filtered to define a final set of relevant concepts. The
criteria used to filter were to keep in the list of concepts only those with short and representative
name and those with the same meaning were represented in one.

4.3.4. Phase 4: Deconstructing and Categorizing the Concepts

The key attributes, features, assumptions, and roles were identified in this phase. General
concepts were deconstructed into specialized concepts and the same procedure was conducted
with the relationships or roles. The primary goal in this phase was to identify hierarchical structures
of concepts, for example, according to Figure 26, the concept feafure can be broken into
redundant, relevant or noise (irrelevant).
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Figure 26. Example of a scheme of categorization.
4.3.5. Phase 5: Integrating Concepts

This phase describes how similar concepts were grouped and related using relationships. Such
relationships are named to describe their meaning. The structures created in the previous phase
helped to create and name the relationships to define roles. Figure 27 describes an example of a
relationship created to associate concepts.

[ Features }

[ relevant ] [ redundant ] [ noise ] -

Figure 27. Example of relationship and role

4.3.6. Phase 6: Synthesis, Resynthesizing, and Making It All Make Sense

This phase must be considered as an iterative process to make a synthetization of the framework.
The aim is to derive a real and consistent representation of the phenomenon. The Phase
describes the design and implementation of a conceptual framework to support our EFS. The
design of the conceptual framework considered a set of fundamental concepts to guide the
representation of the proposal. Second, the conceptual framework was defined by associating
the selected concepts with each other through relationships. Finally, an implementation
framework is proposed to represent the conceptual framework in a software tool capable to make
EFS.

The graphic representation of the conceptual framework is shown in Figure 28. This contains
the concepts, groupings, roles and relationships.

4.3.6.1. Design of the Conceptual Framework

For Designing the Conceptual Framework, we organized all concepts, roles, relationships, and
structures identified considering a basic idea of EFS: several FS algorithms generate several
subsets of relevant features, and these must be aggregated to generate an unique subset. This
idea was the main pillar for organizing the list of elements identified in the last phases. Thus, we
described theoretically types of FS algorithms and the consensus process. Likewise, integrating
the results of the previous phases is represented in Figure 28.

On the other hand, it is important to mention that a final graphic summarizes, in a visual
representation, the content of thousands of papers and studies related to FS and EFS. In this
way, we resume the theory around EFS in an easy and understandable view, directed to the
designers and implementors of the EFS.



60

4.3.6.1.1. Main Concepts

The diverse types of FS algorithms are described below: filters, wrappers, embedded and the
methods to aggregate experts’ opinions.

» Filters: techniques, which are easy to implement, and which can be scaled to use datasets
with high dimensionality. Nonetheless, this type ignores the interaction with a classifier.
An R(f) function evaluates the relevance of each feature and the output of the filter
algorithm corresponds to a ranking that orders the features according to R(f) [92].

« Wrappers: methods which evaluate the relevance of the subsets of features by using a
classifier. Thereby, the best subset of features is selected by the learning algorithm. The
computational cost of these techniques is high because when selecting the best subset,
many subsets must be evaluated [68].

o Embedded: type of mechanism, which combines the advantages of the filters and
wrappers. The principal objective is to get the best performance in the learning process
from a learning algorithm using a subset of features [27].

o Consensus: In Ensemble Learning it is also called Consensus theory or Aggregation.
Widely used in social sciences and administration, its principal objective is to find a way
fo combine expert opinions through consensus rules [93].

4.3.6.1.2. Conceptual Framework

According to the qualitative method described in [88], a revision of the literature was conducted
to select the data sources and to understand the key concepts related to Feature Selection,
Ensemble Learning and Consensus. Figure 28 shows the concepts and relationships identified
from the data sources selected.

The literature about Relevance Analysis, Feature Selection and Dimensionality Reduction allows
the identification of the three types of methods to determine the features with greater
differentiation power. Thus, the types of algorithms were analyzed considering their design, aim
and performance, which permitted the identification of the key concepts and relationships that
describe the framework.

Considering the FS theory, the datasets contain three types of features: relevant, redundant and
noise. In addition, some authors state that the relevant features have either strong or weak
relevance [94]. Many features can be identified by filters, wrappers, or embedded methods.
According to the method, the focus can be on the identification of features with low differentiation
power, dependence of features, and relevant features. For instance, to identify features with low
relevance, the algorithms analyze columns with low variance.

In general, the methods of FS use measures to evaluate the relevance of the features through
statistical tests or cross validation. The results gained in these evaluations define the following: a
ranking of feature relevance with the filter-based methods, a subset of relevant features with
wrappers, or a subset of features with a learning model with the embedded methods. In the
wrappers or embedded methods, the FS is based on the search for a subset of features by
evaluating n subsets and selecting the one that achieves best performance in the classification.

The outputs of the FS methods are evaluated from several perspectives. Considering the problem
to solve, some criteria can be more or less relevant. Because of this, the framework establishes
the evaluation of algorithms by reviewing either their performance or their design. Regarding
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performance, efficiency and effectiveness are evaluated by testing the subset of features selected
in a classification process. In terms of design, simplicity and scalability are evaluated by the
designers of the algorithms.

In accordance with Ensemble Learning, the consensus of several experts improves the creation
of a decision in a context [93]. Thereby, the conceptual framework considers the pooling of several
FS algorithms through the consensus of a set of subsets of features selected by each method.
This scheme is defined in [95] as a heterogeneous centralized ensemble, where n FS methods
generate n models using the same data.

The principal objective of reaching a consensus among several FS methods is to generate a
subset of relevant features capable of representing the advantages and disadvantages of all used
methods and to face the biases of single methods.

The design built in Figure 28 describes the results of applying the qualitative analysis showed in
Figure 24. The process describes the identification of a set of data sources to read and analyze
them to define the concepts related to the topic. In this study, the concepts were selected by
highlighting the relevant concepts that explain how to implement the Ensemble Feature Selection.
According to phase 4 of the methodology followed, the final list of concepts was analyzed to
categorize the concepts and identify their roles in the context of EFS. This phase defines the
constraints and special considerations of an EFS method, which are described below:

¢ |nstances must have values in all their columns.
e |nstances must not have outliers.
* Values cannot be negative to avoid problems with statistical tests.



Features

[ relevant ] [ redundant ] [ noise ]

N

are

Filtres Wrappers Embedded -
Statistics tests [ Cross Validation ] Evaluated\by
. ) Utili I J
Correlation tility mportance e
Variance ]
Dependence ]
4
/ . \ / . \\ P Generate
Variable ranking ] Variable Fubset Variable subset “
selection selection
¢ [ Exhaustive ]
[ Exhaustive ]
[ [ Optimal ]
Optimal ]
| [ Z
o \[ Learning model ]/
h {re gvaluated by
[ Quality requirements <
> (T 3
[ From design From
) performance
L S
[ Simplicity ] Efficiency
[ Scalability J f Efficacy ]

N

Seledted by

62

' S

Consensus

*voine | [ ke | [ tesd |

A

[Ensembled by

Figure 28. Conceptual framework



63

Considering the above, datasets must be preprocessed before applying EFS to handle their
problems and avoid additional biases in the EFS process. In Data Mining and Machine Learning,
these constraints are related to preprocessing and preparing data. One of the most famous
methodologies to address Data Mining and Machine Learning projects is CRISP-DM [53]. The
methodology breaks the process of Machine Learning into 6 major phases. The phase of data
preparation describes a set of tasks to cover all the activities required to build the final dataset.
One task of preparation data phase is cleaning data. This task is related to the detection of
outliers, handling of missing values and fixing the data in a form suitable for the machine learning
models. In this sense, the conceptual framework presented in this work only describes a
theoretical explanation of Ensemble Feature Selection and the tasks related to phases of
preparation data and feature engineering must be addressed in a previous step. Thus, the
Ensemble Feature Selection process is conceived as a task of machine learning that needs a
proper input dataset. Likewise, considering that real datasets have many problems and need to
be preprocessed, the conceptual proposal represents these needs as restrictions that must be
solved.

Concepts with a high relation or similarity were grouped or integrated according to phase 5. Phase
6 generated the graphic representation of the framework (Figure 28), which integrated the
concepts and relationships previously identified. The representation was reviewed and analyzed
by the authors to guarantee the correct representation of the theory extracted from the data
sources. Phase 7 proposes the validation of the conceptual framework by discussing the
proposed model with other researchers. However, the model not only aims to be a graphic
representation of a research topic, but it also aims to validate that the EFS improves the FS
process. Thus, its validation has been designed as implementing a tool to support EFS
considering the concepts and relationships of the conceptual framework.

4.3.6.2. Implementation of the Conceptual Framework

The implementation of the conceptual framework was developed to validate the proposal
described in Figure 28. For this, the Scikit-learn Machine Learning Library [96] was used to
develop a tool that represents the framework. The solution selects features by different FS
algorithms and then aggregates their outputs through consensus. The framework developed
allows (i) to read, fix, and impute the values of datasets, (ii) to remove dataset features with high
correlation, low variance or null values, (iii) to generate n subsets of relevant features using n FS
algorithms, (iv) to aggregate the subsets generated using methods based on voting and (v) to
evaluate the performance of the subset of features generated by our EFS.

Considering the above, Figure 29 describes the implementation of the framework in Figure
28. The solution groups the functions and methods in packages according to their objective.
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Figure 29. Developed framework

e Interface Module: It describes a class. This exposes the functionalities of the
framework to new implementations.

e« EFS Module: It is the core of the framework. This includes all the functionalities
associated with the FS based on our ensemble method.

¢ Evaluation Package: This groups a set of functions to evaluate the accuracy and
stability of an EFS output.

¢ Selection Package: It contains a set of methods to select subsets of relevant
features.

e Aggregation Package: It integrates the outputs of n methods of FS using a criterion
to aggregate the outputs.

e SCIKIT-LEARN: It is a Machine Learning library that supports the implementation
of our EFS package.

e Data Module: It includes the functions to read and preprocess the datasets. This
allows the reading of data from CVS files to adjust them according to assumptions
and constraints considered in the design of the conceptual framework.

o Offset Package: It describes functionalities to calculate an offset dataset in order
to avoid negative values.

e Imputation Package: It implements basic methods to handle missing values, a
version of Multiple Imputation and some functions to evaluate the performance of
the selected methods.

¢ Qutliers Detection Package: This package considers a software component to
implement methods of detection of outliers.

Handling missing values was identified as a critical task, because the result could change the
distribution of data. However, there is no relevant study that describes the impact of missing
values in FS process. Having regard to the above, an experiment was conducted to analyze
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evidence about the effect of missing values on datasets and FS process. The results of this
experiment were calculated by using Imputation Package and are described in the Appendix D.

It is important to mention that the constraints defined by the conceptual proposal were solved in
the implementation framework with the development of the offset, imputation, and outlier detection
packages. However, with these packages, the framework does not support all tasks of data
preparation or feature engineering (extraction and transformation of data). The goal of the
packages is only to support common problems associated with the constraints of the FS
algorithms.

4.3.7. Phase 7: Validating the Conceptual Framework

In this phase, the conceptual framework must be validated through expert judgment. However, in
order to find a quantitative evaluation, a framework of EFS was implemented following the
proposal of the conceptual framework and the implementation of the framework was evaluated
by testing its performance in the Feature Selection on popular datasets.

4.3.7.1. Evaluation of the Framework

The evaluation used three public datasets, which are available on UCI Machine Learning

Repository [82]: Sonar, SPECTF and WDBC. These datasets were used to test the EFS algorithm

developed in [97]. The results of the evaluation showed the accuracy and stability of the method.
Performance

For the evaluation, the classifiers Decision Tree Classifier and Logistic Regression used the

subsets of features generated by each FS algorithm and the subset generated by EFS algorithm.

Table 11 shows the number of features selected by each FS method.

Table 11. Number of features selected by each FS method.

Sonar SPECTF WDBC
SelectKBest 5 5 4
RFE 3 3 3
Feature 5 5 4
Importance
EFS 10 10 10

To implement the aggregation in the EFS method, the sum of the subsets generated by the n FS
algorithms is calculated. For each feature in the subset SUM, an importance index is computed
according to equation (1). Where the importance of feature i is determined by the number of times
it is present in the subset SUM divided by n. Finally, the features that exceed a threshold will be
selected in the last set.

IF, = =L (1)
Table 12 compares the results obtained in this study regarding the results found in [97] of the

feature selection in the datasets Sonar, SPECTF and WDBC. Column 2 shows the number of
features of each dataset; columns 3 and 4 show the number of features selected by each method
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and columns 5 and 6 show the percentages of elimination of features obtained in each method.
According to the above, the EFS developed in this study was able to select for the three datasets
subsets with equal or smaller size than the solution proposed in [97]. In this sense, the
percentages of elimination of features are equal or higher. In order to difference the results of EFS
of [97] and the results of our proposal, we named our framework: F-EFS (Framework of Ensemble

Feature Selection).

Table 12. Comparison of the EFS Method Constructed and the Results Reported in [97]

Features  Features Features % of % of
selected by selected elimination eliminatio
F-EFS in [97] of features n of
by F-EFS features
by [97]
Sonar 60 10 24 83.3% 40%
SPECTF 44 10 19 56.7% 43.2%
WDBC 30 10 10 66.7% 66.7%

Table 13 and Table 14 show the accuracy found by both classifiers Logistic Regression and
Decision Tree Classifier when used with each dataset and the subsets generated by FS

algorithms and the ensemble method developed.

Table 13. Classification Results Using Logistics Regression

Sonar SPECTF WDBC
SelectKBest 84.05% 53.22% 90.35%
RFE 85.50% 53.22% 93.65%
Feature 84.05% 59.67% 92.10%
Importance
F-EFS 86.95% 60.75% 93.85%

Table 14. Classification Results Using Decision Trees

Sonar SPECTF WDBC
SelectKBest 73.91% 63.44% 89.47%
RFE 65.21% 68.81% 87.71%
Feature 78.26% 72.58% 89.47%
Importance
F-EFS 73.91% 74.73% 92.10%
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Subsets of Relevant Features

To facilitate the analysis of the results in the evaluation, the features contained in each dataset
were named Fi and the target column was named class.

Figure 30 shows the subset of features selected by each algorithm on the Sonar dataset. In this
test, features F12, F36, and F45 are considered relevant by at least two selection algorithms,
feature F11 is selected by the three FS algorithms and the other features are selected by only
one algorithm. Thus, if the selection threshold defined by the user is 0, the set of features selected
is: {F9, F10, F11, F12, F21, F35, F36, F45, F46, F49}.

Select KBest

Recursive Feature

Elimination
Feature

Importance

Figure 30. Sonar

Figure 31 shows the subset of features selected by each algorithm on the SPECTF dataset. The
Venn diagram shows that the features F25, F26 and F40 are selected by over one algorithm,
while the other features were considered relevant by only one algorithm. Thus, assuming that the
selection threshold defined by the user is 0, the set of features selected is {F4, F25, F26, F28,
F30, F36, F40, F42, F43, F44}.

Select KBest

Recursive Feature

Elimination Feature

Importance

Figure 31. SPECTF
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Figure 32 shows the subsets of features selected by each algorithm for the dataset WDBC. In this
result, features F23 and F24 were selected by the algorithms Select K Best and Feature
Importance, feature F21 by the RFE and the Feature Importance algorithms, while the rest of the
features were selected by only one algorithm. In this sense, assuming that the threshold defined
by the user is 0, to get all features selected by all FS algorithms, the set of features selected is
{F3, F4, F7, F8, F14, F21, F23, F24, F27, F28}.

Select KBest

Recursive Feature

Elimination Feature

Importance

Figure 32. WDBC

The Venn diagrams described in Figures 31, 31, and 32 show that some features are relevant by
over one algorithm, while others are only present in one. Taking the above into account, the
importance of each feature defined in Formula 1 could also be used as a mechanism based on
weight in order to give greater relevance in a classification process to the features that are
detected with a high differentiation power by several FS algorithms.

Table 15 shows the results of the stability evaluation of the feature sets generated using our
ensemble method implemented in the framework. The results show that the method used
achieved perfect stability for the three datasets used in the evaluation. As future work, we propose
to improve the framework in order to support the parameterization of new implementations of
feature selection methods, increase the number of consensus methods implemented, offer new
measures to evaluate the sets of features selected and support the ensemble of FS methods not
only in a heterogeneous scheme but also in a homogeneous one.

Stability
In solutions based on Ensemble Learning, it is important to ensure that the outputs of these
methods return similar outputs, even if the training data change. This property is known as stability
and, according to different studies, there are different measures to evaluate it. The Jaccard index
[98] is one of the most famous measures for assessing stability in methods that generate subsets
of characteristics. The index is described by equation (2).

|ANB|

Jac (4,B) = on (2)

To evaluate stability, for each dataset, the ensemble method developed was executed 10 times
using 10 random samples taken from the original dataset. The results showed that in the three
datasets used, the set generated by the F-EFS was the same in the 10 iterations.

The results are shown in Table 5.
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Table 15. Results of Stability
Features Stability

Sonar F9, F10, F11, F12, F21, F35, F36, F45, 1
F46, F49

SPECTF F4, F25, F26, F28, F30, F36, F40, F42, 1
FA3, F44

WDBC F3, F4, F7, F8, F14, F21, F23, F24, F27, 1
F28

4.3.7.2. Analysis of Results

In this study, we proposed the design of a conceptual framework to support Ensemble Feature
Selection. Considering a set of concepts and relationships, our proposal explains the general
behavior of FS algorithms, their techniques and how to improve the performance in classification
processes. Additionally, the framework not only summarizes techniques, but it also breaks them
down in order to facilitate their understanding and show how we can combine them to compensate
for their biases. This allows us to combine outputs of single FS methods and aggregate their
outputs by the consensus.

In previous studies, the authors have proposed solutions based on single FS algorithms, which
are designed to focus on a special domain and problem, for instance, removing features with low
variability or identifying relationships among features [99]. Additional studies have used several
FS algorithms to generate a subset of features by each method. These subsets have been tested
using classifiers and the subset with best performance in the classification is the selected subset
[100][101][102][103]. In the above approach, although they proved different FS algorithms, the
final subset of features is influenced by the biases of the algorithm employed to generate it, which
is the main difference regarding this study, where the advantages of different methods of FS are
considered in the final subset to compensate their biases.

In addition, recent studies have developed tools to support the combination or assembly of FS
algorithms. In [104] the authors proposed a tool developed in R. The tool was designed to combine
several outputs of FS algorithms into a Random Forest algorithm and was used in [97] to select
relevant features in the datasets: Sonar, SPECTF, and WDBC. The results in Table 12 showed
that our solution achieved an equal or better performance in dimension reduction. The comparison
only was conducted on dimension reduction due to the experiments of classification made in our
evaluation were carried out using random datasets extracted from the original datasets and the
results showed in [97] were not calculated in the same conditions. Considering this, the
classification showed in [97] could outperform the classification showed in our evaluation.
However, the goal of the framework is defining a general approach to support EFS independently
of the classification process.

Likewise, in [105] the author describes a tool developed in Python and available on GitHub. The
solution was implemented as a class under the Object-oriented programming paradigm and its
methods implement some of the best-known FS algorithms. Each method receives a set of
parameters to configure the FS algorithm. The methods can be used as a single FS method or
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they can use a special function to get the subsets selected by several FS algorithms. However,
this solution does not provide a mechanism to aggregate all subsets generated.

Considering the studies reviewed, and the solution developed, the framework proposed provides
an overall scheme to support EFS in order to facilitate the analysis of techniques, biases,
disadvantages and advantages of the FS algorithms to determine how we can assemble different
techniques to get a subset of relevant features more efficiently. In this sense, the framework is
designed for data scientists that handle problems related to high dimensionality and/or few
instances.

According to the results in Table 13 and Table 14, the best classification results were obtained for
each dataset using the method developed in this study. For the datasets Sonar and WDBC Table
13, the best performance was achieved using the subsets generated by our method with a Logistic
Regression classifier. The evaluation showed that the accuracy was 86.95% and 93.85%,
respectively. For the dataset SPECTF, the best performance was achieved using our ensemble
method with a Decision Tree Classifier with a 74.73% accuracy.

4 4. Conclusions

This chapter described the proposal of a conceptual framework designed to understand with
clarity the most relevant concepts in the Feature Selection process and determine how to improve
the performance of the classification algorithms through the set of features used during their
training process.

The qualitative method followed to build the conceptual framework allowed, through an
exploration of literature, the identification of concepts and relationships that describe the process
of FS and the consensus among different FS techniques.

The conceptual framework built guided the development of an implementation framework capable
of selecting features using an ensemble of FS methods. The method achieved the selection of a
set of relevant features with higher performance in the classification regarding the sets of features
selected by the single algorithms.

The evaluation allowed to validate that performing a classification process can be improved
considering an algorithm of FS based on ensemble instead of single FS methods. Likewise, the
performance of our ensemble method achieved 100% of stability for the datasets used in the
evaluation.

The major contribution of this work to the field of Machine Learning is the definition of a structure
that provides an understanding of how to improve the performance of FS based on the consensus
of several techniques. This could guarantee better performance in classification algorithms and
increase the reliability in those fields of application in which the reliability of the results must be
high.
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Chapter 5:

Evaluation of the EFS Framework
on the Selection of Relevant
Features on EEG Signals

5.1. Introduction

This chapter describes the evaluation of the framework built to support the Ensemble of
Feature Selection algorithms. The evaluation considered the performance of the framework
to determine the subset of relevant features in the context of classification of normal and
abnormal segments of pediatric EEGs. Thus, the dataset used to evaluate the ensemble
feature selection corresponds to the result of applying the 16 feature extractors described in
chapter 3 on (i) a set of segments extracted from EEGs records and (ii) the resolutions and
approximations generated from the set of segments with the Discrete Wavelet Transform.

The evaluation dataset contains a total of 142 features and 1,344 segments of EEG signals
recorded from pediatric patients. 672 instances of the dataset correspond to abnormal
segments and 672 to normal segments. Thereby, the feature selection process applied to the
evaluation dataset identified 27 relevant features from the original set of features. The 27
features were evaluated with different classification algorithms, the best model to classify the
segments was an SVM, which achieved an accuracy of 97.42%. Besides, the sensitivity and
specificity achieved were 97.32% 96.72% respectively.

Additionally, to evaluate the reliability of the subset of relevant features generated by the
ensemble method, we used the evaluation module of the framework to measure the stability
of the subset of relevant features generated. The stability obtained after selecting the subset
of relevant features using 10 different random samples from the original dataset, allowed to
establish a stability of 100%
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5.2. Dataset

A set of 1344 segments labeled by a pediatric neurologist were extracted from the 200
electroencephalograms stored in this project. As explained in Chapter 3, the analysis of an
electroencephalogram should be considered as the analysis of a non-stationary multichannel
signal, which implies breaking down the EEG channel by channel and, in turn, segmenting
each channel into small periods of time, in such a way that the generated segments can be
considered stationary signals. This is because the wave that represents each channel of an
EEG presents changes in its statistical characteristics over time. However, small segments of
the signal retain a minimum variation of these characteristics, therefore, they can be
considered stationary signals and be characterized through feature extractors such as the 16
that were described in chapter 3.

To build the dataset, a set of normal (672) and abnormal (672) EEG segments with a duration
of one second were extracted from the electroencephalograms. For each segment, the
Discrete Wavelet Transform was applied in three levels of decomposition. Thus, the segments
and their approximations and resolutions were used to get a feature vector by using the 22
descriptors mentioned above, obtaining a set of 142 features.

The process followed to build the dataset is described in Figure 33.

Segmentation

For each segment

P“WM,“VMN‘M :> N!W|WW“W,M ‘ Extraction ‘ Classification

|

142 features

Figure 33. Channel decomposition process.

5.3. Selecting Relevant Features

The evaluation was divided into three stages. The first one compared the performance of
several classification algorithms using all features and subsets of relevant features selected
by F-EFS. The second stage evaluated the classification algorithm and the subset of relevant
features that reached the best performance in the previous stage by applying n-fold Cross
Validation. Finally, the stability of the subset of relevant features was calculated.

5.3.1. Evaluating F-EFS

To evaluate the utility of subset features selected by F-EFS, a set of 4 classifiers (Decision
Tree, Logistic Regression, Random Forest, and SVM) were configured to determine which
one of them gets the best performance for classifying normal or abnormal brain activity. The
evaluation considered 70% of data for training the models and 30% for testing them. Table
16, Table 17, Table 18, and Table 719 describe the results of the accuracy and standard
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deviation of accuracy in classification calculated using all features and the subset of selected
features by F-EFS. K represents the number of features selected by each single FS algorithm
used in F-EFS.

Table 16. Results of Accuracy — Decision Tree Classifier.

Features Decision Tree Classifier
Selected
K All EFS
1 3 95.97 +-1.4 92.03+- 1.8
3 10 95.91+-1.5 93.82+-1.5
5 17 95.71+-1.6 94.48+-2.1
7 23 95.78+-1.4 95.08+-1.9
9 27 95.90+-1.01 96.02+-1.03
11 35 95.97+-1.21 96.12+-1.01

Table 17. Results of Accuracy — Logistic Regression.

Features Logistic Regression
Selected
K All EFS
1 3 97.17 +-0.98 90.31+-1.8
3 10 97.37+-1.1 91.89+-3.1
5 17 97.31+-1.6 92.27+-3.0
7 23 97.39+-1.2 95.16+-2.1
9 27 97.02+-1.4 95.08+-1.6
11 35 97.24+-1.32 95.28+-1.54

Table 18. Results of Accuracy — Random Forest.

Features Random Forest
Selected
K All EFS
1 3 89.17+-2.2 87.84+-2.03
3 10 89.2+-2.76 88.17+-3.13
5 17 89.32+-2.6 88.79+-2.6
7 23 89.24+-2.7 89.24+-2.26
9 27 89.31+-2.8 89.72+-2.6
11 35 89.45+-2.12 89.81+-2.57
Table 19. Results of Accuracy — SVM.
Features SVM
Selected
K All EFS
1 3 87.69+-1.17 94.63+-1.5
3 10 87.54+-1.15 94.93+-1.4
5 17 87.61+-1.2 95.97+-1.2
7 23 87.69+-1.07 96.61+-1.07
9 27 87.29+-1.2 96.79+-1.05
1 35 87.06+-1.2 97.31+-1.01
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Results in Table 16, Table 17, Table 18, and Table 19 proved that subsets of selected features
could reach a similar performance in classification to the performance achieved using all
features. Even accuracy of SVM improved when the classification process used only subsets
of features selected by F-EFS. Likewise, the previous tables show Support Vector Machine
was the algorithm with the best performance in the classification of abnormal and normal
segments of brain activity. For this preliminary test, the dataset was divided into training and
test data, 70% of data was used to train and the 30% remaining was used to test de models.

This evaluation was a preliminary study, and it did not represent the evaluation of a final
detector of epileptiform events. The only goal was to show that using the features selected by
EFS itis possible to achieve a performance equal to or greater than the performance achieved
by using all features.

5.3.2. Selecting Relevant Features from the EEG dataset.

This phase used the implementation framework F-EFS described in the previous chapter to
analyze the relevance of features on a dataset with descriptions of normal and abnormal
segments extracted from EEGs. To validate the subset of relevant features calculated by
using the F-EFS, a classification process was built to evaluate the accuracy reached with the
subset of features selected. For this, we found the configuration of F-EFS that selects the best
subset of features for the EEG dataset.

Algorithm 1 describes the implementation used to evaluate the relevant features on the EEG
dataset and the review of performing them by using 4 popular algorithms of classification. The
algorithm was coded in python using algorithms from the sci-kit learn library and the EFS
Class built to represent the implementation framework F-EFS.

Algorithm 1. Implementation using F-EFS to Select relevant features

= EFS()
data = readData(eeg dataset.csv])
goal = dataframe|['class']
X_train, X _test, y train, y fest = split_data (data)
names = data.columns
K best=9
k_importance = 9
threshold = 0.3
.ensamble feature selection(names, data, dataframe, goal, k_best,
k_importance)
faetures_selected = .select_by weight_frequency (names,threshold)
. faetures_selected = names_selected
if (len(faetures_selected) > 0 ):
print ("Selected features are: ", faetures_selected)
print(‘FHHHH#H#HHAEHH DecisionTreeClassifier #HH##HEHAE)
.evaluate accuaricy by model (tree, X train, X test, y train,
test, names
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print(‘#HHHHHHHH LogisticRegression #HHHHHHHH')
.evaluate _accuaricy by model (model, X train, X test, y train,
y_test, names)
print(‘F#HHHHHH#HHHHEH RandomForestClassifier #HHHHHHET)
.evaluate_accuaricy_by model (RF_predictor, X_train, X_test,
y train, y_test, names)

print("#HEHEHHEHE SVM SVM SVM SVM SVM #HHHHHE)
.evaluate_accuaricy_ by model (svcclassifier, X_train, X _test,
y_train, y test, names)

"none feature was selected"

To determine the best subset of features, the Algorithm 1 was executed by using different
hyper-parameters. Hence, the best results of classification were reached using parameters
described in the code. The subset of relevant features calculated by F-EFS contained 27
features: 'F1', 'F11', 'F15', 'F28', 'F32', 'F36', 'F40', 'F53', 'F55', 'F60', 'F65', 'F70', 'F71', 'F74,
'F76', 'F77', 'F78', 'F85', 'F86', 'F92', 'F95', 'FO7', 'F99', 'F106', 'F118', 'F126', 'F132'. This
subset was calculated, including the features with an importance index greater than the
threshold.

It is important to mention that if the threshold defined by the user was 0, the subset of relevant
features would include the union of the subsets generated by each FS algorithm. Here, the
final subset of relevant features would contain 39 features: 'F1', 'F11', 'F15', 'F18', 'F19', 'F28',
'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 'F57', 'F60', 'F61', 'F64', 'F65', 'F70', 'F71', 'F74', 'F76',
'F77', 'F78', 'F85', 'F86', 'F92', 'FO5', 'F97', 'F99', 'F106', 'F107', 'F114', 'F116', 'F118', 'F120',
'F126', 'F132', 'F140', 'F141".

The features selected by each single FS algorithm are shown in Table 20.

Table 20. Subsets of features selected by single algorithms.

Algorithm Subset
SelectKBest1 'F11', 'F15', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F57', 'F61', 'F70', 'F74',
'F78', 'F95', 'FO9'

SelectKBest2 'F1', 'F55', 'F60', 'F65', 'F71', 'F76', 'F77', 'F85', 'F86', 'F92', 'FI7', 'F106',
'F118', 'F126', 'F132'

SelectKbest3 'F1', 'F55', 'F60', 'F65', 'F71', 'F76', 'F77', 'F85', 'F86', 'F92', 'FI7', 'F106',
'F118', 'F126', 'F132'

RFE 'F11', 'F15', 'F28', 'F32', 'F36', 'F53', 'F70', 'F74', 'F78', 'F95', 'F99', 'F116/,
'F120', 'F140', 'F141'

Feature ['FO7','F76','F92', 'F118', 'F85', 'F114', 'F126', 'F77', 'F107', 'F119', 'F106',

Importance 'F18', 'F86', 'F65', 'F64'

To facilitate the naming of the features, we named them Fx, where x is a consecutive number
that describes the order in which the 16 descriptors were applied on the segment,
approximation, or resolution. Table 21 describes the name and type of each feature selected
by F-EFS.
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Table 21. Selected features

Features Domain
Variance Time

Energy Time

Entropy Shannon Time

Activity A5 Time

Variance A5 Time-Frequency
Energy A5 Time-Frequency
Entropy Shannon A5  Time-Frequency
Activity A5 Time-Frequency
Variance D4 Time-Frequency
Energy D4 Time-Frequency
Entropy Shannon D4  Time-Frequency
Activity D4 Time-Frequency
Variance D3 Time-Frequency
Energy D3 Time-Frequency
Entropy Reényi D3 Time-Frequency
Entropy Shannon D3  Time-Frequency
Activity D3 Time-Frequency
Max D2 Time-Frequency
Variance D2 Time-Frequency
Standard deviation D2 Time-Frequency
Kurtosis D2 Time-Frequency
Energy D2 Time-Frequency
Entropy Renyi D2 Time-Frequency
Entropy Shannon D2  Time-Frequency
Kurtosis D1 Time-Frequency
Energy D1 Time-Frequency
Entropy Renyi D1 Time-Frequency

Where x represents the level of decomposition of the DWT and Ax or Dx represents the
approximation or resolution of the level x.

Algorithm 1 used the setting established by default for FS algorithms implemented into the
EFS method, except for the values that describe the number of features selected from each
FS algorithm. The EFS method used 5 FS algorithms, 3 based on rankings of features, 1
wrapper (importance of features calculated by Decision Trees), and 1 embedded (Recursive
Feature Elimination).

Each single FS algorithm generated a subset of relevant features, which were aggregated by
the method select_by weight_frequency in the F-EFS. The setting of the aggregation method
returned the features aggregated from the subsets of relevant features generates by each
single FS algorithm with an importance index greater than the threshold defined by the user.
The values used in the final evaluation were calculated experimentally following the trial-and-
error approach. Thus, the features were selected by the F-EFS method if these reached an
importance index greater than or equal to the threshold (See Figure 34).
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Figure 34. Process of ensemble feature selection.

Table 22 shows the results in the classification of a Decision Tree (DT) algorithm, LR (Linear
Regression) algorithm, RF (Random Forest) algorithm, and Support Vector Machine algorithm
using all features, and the features calculated by the Select K Best algorithm, Recursive
Feature Elimination algorithm, Feature Importance algorithm, and F-EFS method. The
subsets of features were calculated according to the configuration described for F-EFS in
Algorithm 1. In this experiment, the Select K Best used the Chi-squared metric, which obtained
a subset of relevant features better than the subsets generated by ANOVA and mutual
information metrics. The comparison was based on the accuracy achieved by each subset of
relevant features generated by each metric. We considered 70% of the data for training the
models and 30% for testing them for this evaluation.

Table 22.Results of accuracy using different subsets of features.

Algorithm DT LR RF SVM
SelectKBest 92.79% 94.59% 89.39% 93.43%
RFE 93.01% 85.09% 89.87% 93.43%
Feature Importance 94.56% 94.36% 89.64% 94.18%
All Features 92.89% 95.17% 89.62% 96.75%
EFS 96.05% 95.94% 89.79 97.46%

The results showed in Table 22 evidence that the configuration defined for F-EFS allowed
identifying the best subset of relevant features used to classify normal and abnormal brain
activity.

5.3.2.1. N-fold: Cross-Validation

Cross Validation is an analysis tool that allows the evaluation of the results offered by a model.
In this evaluation, this mechanism was used to divide the dataset into the smallest sets to
train and evaluate an SVM Classifier. The single-step divides a sample into test and training
data. Application of single Cross-Validation consists of classifying the test data with the SVM
implemented and trained with training data. However, N-Fold Cross-Validation implied
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breaking the original dataset into n samples, and for each sample, it tested and trained the
sub-samples. Averaging accuracies calculated for all samples allowed us to determine a
general accuracy statistically.

Figure 35 describes a general scheme of N-Folds Cross-Validation. The scheme shows how
the mechanism divides the sample data into n partitions and performs the traditional Cross
Validation process n times, using in each iteration a different partition as a test dataset and
the remaining n-1 partitions as a training dataset.

N-folds Cross-Validation
\ Data |

51 N D I
2] [ [ [ I [ [ | |
L1

Training data

Test data

Figure 35. Scheme of n-fold cross-validation

The results of the n-folds cross validation applied for each evaluated k, can be seen in the
following table. The value k represents the number of similar cases that are considered
constructing the solution of a recent case.

Table 23. Results of N-fold cross-validation.

N Accuracy (%)
1 97.39

3 97.38 +- 1.100
5 97.45 +- 1.210
7 97.46 +- 1.082
10 97.46 +- 1.080

The value of K in Table 23 corresponds to the value used to determine the number of samples
generated in the n-folds validation.

Figure 36 Figure 5 describes the confusion matrix calculated for this evaluation for N=10. The
results show that the classifier SVM achieved a rate of true positives of 96.43% and a true
negatives rate of 97.96%. Besides, the sensitivity was 96.78.%, and the specificity 97.95%.
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Figure 36. Confusion Matrix

Figure 37 describes the ROC curve with the results for this evaluation.
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Figure 37. Receiver operating characteristic curve - ROC Curve
Figure 38 describes the graph with the results of the precision and recall.
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Figure 38. Precision-Recall

5.3.2.2. The Detector of Epileptic Activity

The SVM model built in the previous step was included as part of a detector of epileptic events
to support the automatic reading of EEGs. In this approach, the detector decomposes an EEG
signal into channels and segments each channel into short periods of time that are classified
as normal or abnormal using the SVM model. Figure 39 shows the scheme of reading of the
detector.
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Figure 39. Detector of epileptic events.

The detector has been developed to show the field of the application of the classification of
EEG signals. One of the principal reasons that motivated this research was to help in the
diagnosis of epilepsy by supporting the automatic detection of epileptic events in EEG signals.
To achieve this, we proposed to improve the classification process by including in the learning
process only the relevant features that describe an EEG signal.

Validation of the detector

To validate the detector, a set of 100 EEG records taken from 100 pediatric patients were read
by the detector. The 100 EEG records are part of the EEG repository built in this research and
they were diagnosed by a neuro pediatrician with 20 years of experience in the reading of this
kind of exam. For the test, each EEG record with epileptic activity had a description of the
beginnings and ends of the epileptic abnormalities. These descriptions were used to validate
the detections made by the detector.

Table 24 describes the results of the reading of the 100 EEGs.

Table 24. Confusion Matrix of the detector.

Predicted
Abnormal Normal
Abnormal 6520 286
D
=
= Normal 39602 487501

According to the confusion matrix, the detector's accuracy, sensitivity, specificity, NPV, and
PPV were 92.53%, 95.57%, 92.48%, 92.49%, and 95.80%. Also, the rate of false negatives
was 4.20%, and the rate of false positives was 7.51%.
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5.3.3. Stability

To determine the reliability of the implemented EFS method, the subset of features generated
to support the classification of epileptiform events was evaluated. The EFS method was used
10 times to generate 10 subsets of relevant features with 10 different random samples from
the dataset. The 10 subsets generated were compared according to the Jackar Index to
determine the difference between them. However, in the 10 executions, the algorithm selected
the same subset of relevant features. The results can be observed in the following table.

Table 25. Results of selecting features on sub-samples

Subset Selected Features Stability

1 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", 'F74', 'F76', 'F77','F78', 'F85', 'F86',
'F92', 'F95', 'FO7", 'F99', 'F106']
2 [F1,'F11",'F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", 'F74', 'F76', 'F77','F78', 'F85', 'F86',
'F92', 'FO5', 'FOT', 'F99', 'F106']
3 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", '"F74', 'F76', '"F77','F78', 'F85', 'F86',
'F92', 'F95', 'FO7', 'F99', 'F106']
4 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61', 'F70', 'F71', 'F74', 'F76', 'F77', 'F78', 'F85', 'F86',
'F92', 'F95', 'FO7', 'F99', 'F106']
5 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", 'F74', 'F76', '"F77','F78', 'F85', 'F86',
'F92', 'FO5', 'FOT', 'F99', 'F106']
6 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61', 'F70', 'F71', 'F74', 'F76', 'F77', 'F78', 'F85', 'F86',
'F92', 'F95', 'F97', 'FO9', 'F106']
7 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", '"F74', 'F76', '"F77','F78', 'F85', 'F86',
'F92', 'F95', 'FO7", 'F99', 'F106']
8 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71", 'F74', 'F76', '"F77','F78', 'F85', 'F86',
'F92', 'F95', 'FOT7', 'F99', 'F106']
9 [F1,'F11",'F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61', 'F70', 'F71', 'F74', 'F76', 'F77', 'F78', 'F85', 'F86',
'F92', 'F95', 'FOT7', 'F99', 'F106']
10 [F1','F11','F15', 'F22', 'F28', 'F32', 'F36', 'F40', 'F49', 'F53', 'F55', 1
'F57', 'F60', 'F61", 'F70', 'F71', '"F74', 'F76', 'F77','F78', 'F85', 'F80',
'F92', 'F95', 'F97', 'F99', 'F106']

Considering the previous results, it can be concluded that at least for datasets with complete
and correctly balanced data, such as the one used in this test, the EFS method implemented
achieved 100% stability.
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5.4. Analysis of Results

In this chapter, we evaluated the Framework of Ensemble Feature Selection proposed in the
previous chapter. The evaluation considered three aspects: (i) evaluate the impact of the
relevant features selected by the EFS method in the classification of segments of EEG signals,
(i) evaluate a classifier of normal or abnormal segments of EEG signals using a set of relevant
features selected by the EFS method, and (iii) evaluate the stability of the EFS method for
selecting features with different samples of the dataset.

In reviewing the state of the art, several studies proposed approaches for building an
ensemble method of feature selection algorithms [44] [48] [45]. However, most of the works
were not even applied to EEG datasets and the results are not conclusive. Also, the works
that proposed a kind of Ensemble Feature Selection used an approach based on stages,
where the first selected the first subset of relevant features and in a second stage, the subset
selected in the first stage is evaluated again by another feature selection algorithm. Then, the
first stage could bias the second stage.

Likewise, some authors propose solutions to build the ensemble of feature selection
algorithms based on filters [15][16][20][26]. Although this kind of algorithm is simple and easy
to implement, the algorithms based on filters have many weaknesses. In this sense, if the
goal of an ensemble learning scheme is to combine the decision of different models to create
robust decisions, the idea to build an ensemble based on a filter could be a wrong decision.

Besides, most of the studies of Ensemble Feature Selection reviewed do not include stability
as a metric to evaluate the quality of the feature selection process.

Considering the results showed in Table 22, the best results in the classification were achieved
when the classifiers, Decision Trees, Logistic Regression, Random Forest, and SVM, used
the subset of relevant features generated by the framework of Ensemble Feature Selection.
Besides, the SVM was the algorithm that classified better for the evaluation performed to see
the impact of the relevant features in the learning process. Thus, the model built to classify
normal and abnormal EEG signals was based on SVM and the relevant features selected by
the framework. This classifier achieved an accuracy of 97.46%, a rate of true negatives of
96.43%, a rate of true positive of 97.96%, a sensitivity of 96.78%, and a specificity of 97.25%.
These values showed a performance equal to or greater than studies reviewed in the
literature.

In the same way, a detector of epileptic was built to show the use of the classifier built in the
context of the automatic reading of EEG signals and analyze the performance of the classifier
in a scenario where there is not a balanced dataset. An EEG record contains many segments,
however, the majority of them are normal segments and a reduced number of segments are
abnormal, which generates an unbalanced scenario to evaluate the detection of abnormal
EEGs as a binary classification task. Although the classifier used by the detector was trained
using a perfect balanced dataset, the results showed an accuracy of 92.52%, sensitivity of
95.79%, and specificity of 92.48%. Considering that early detection of epilepsy is critical to its
treatment, the priority for the detector is to increase the probability that a segment detected
as normal is a normal segment; this decreases the rate of false-negative and consequently,
decreases the probability of putting the patient’s health at risk. Although the tests evidenced
a low rate of false negatives, the detector has not been designed to replace the work of an
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expert and its potential should be used to help the experts to identify abnormalities quickly
and optimize their time.

On the other hand, the stability of the Ensemble Feature Selection method was evaluated by
generating samples from the dataset, the results showed stability equal to 1, so the EFS
method selected the same set of relevant features for all samples generated.

5.5. Conclusions
Because of the evaluation carried out in this chapter, the main conclusions are:

The impact of relevant features in the classifiers evaluated, Decision Tree, Logistic
Regression, Random Forest and SVM, allowed demonstrate that machine learning models
could improve their performance by discarding the features that are not relevant or represent
noise.

The classifier built using features selected by the EFS method achieved an accuracy
(97.64%), sensitivity (96.78%) and, specificity (96.27%) equal to or greater than the values
found in the literature using only a subset of features selected instead all features. Additionally,
the perfect stability achieved in the selection of features on different samples of the original
dataset demonstrated the reliability of the feature selection process followed.

Although the detector of epileptic segments decreased almost 5 percentage points in the
accuracy (92.52%), and specificity (92.48%) when this was used in unbalanced scenario, it
achieved to maintain a sensitivity of 95.97%, which in the medical context is a priority.

The EFS used to select the subset of relevant features allowed decrease the complexity
computational in the implementation of the detector of epileptic segments, due to, it is
unnecessary calculate all features to describe a signal, only relevant features.

Finally, the chief contribution of this work was to validate the feature selection process carried
out by the Ensemble Feature Selection method on a dataset of EEG signals. The results of
the evaluation allowed to confirm that the use of EFS could help us improve the reliability of
classifiers/detectors of epileptiform events in EEG signals.
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Chapter 6:
Conclusions and future work

6.1. Conclusions

The conclusions of this research have been classified according: related works, training data
(Electroencephalograms), building of the framework of ensemble feature selection and
detection of epileptiform events:

Related works

Most reviewed studies described new techniques or tools designed to solve specific
problems, which shows important contributions in terms of algorithms, however, these
contributions have not been considered into robust frameworks or libraries capable to
support feature engineering process in another field.

Most reviewed approaches of ensemble feature selection were designed following a
cascade scheme. Following this scheme, the result of the first algorithm could skew
the result of the second algorithm and so on, which could generate a final set of
relevant features without the true relevant features.

Many of the reviewed studies of EFS only considered FS algorithms based on filters,
this could dissipate the advantages of ensemble learning, whose main goal is to
combine the decisions of different models to compensate the weakness of some
algorithms with the strengths of the others. Consequently, relevant features that
usually are identified through the wrapper and embedded methods could be discarded
in the final set of relevant features.

The methods proposed to support ensemble feature selection strategies showing
excellent results in the classification, however, they did not consider the effect of the
missing values and imputation data into the FS and classification processes.

Finally, in the reviewed studies we did not find an ensemble feature selection method
designed to select relevant features and support automatic detection of epileptic
seizures.
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Training Data - Electroencephalograms

The reading of EEGs implies identifying alterations, well-known patterns, in the waves
that describe the electrical activity of the brain in 1 or several channels. This abnormal
activity indicates two types of epileptic disorders: Focal and Generalized.

In the literature, no dataset is annotated in such a way that it describes exactly the
EEG segments where an epileptiform event occurs, nor does it describe the type of
event. The datasets describe periods of abnormal brain activity but not the exact times
of each type of abnormality.

The raw data of EEG records cannot be processed by the machine learning
algorithms, then, it was necessary to transform the data and extract features from the
signals to describe them by using feature vectors.

The recording period of EEGs ranges from 20 minutes to 72 hours, which generates
that manual reading of an EEG can become a tedious and time-consuming task. In
this sense, the development of tools for reading automatically EEGs could be an option
to increase the opportunity of the service for the patients.

The software tools identified in the literature showed a potential use reduce the time
of reading an EEG by neurologists, and the studies conducted, following CRISP-DM,
to understand the business aim: to decrease the EEGS reading time and the Data
Mining objective: to determine how to automatically detect an epileptiform event in an
EEG.

The studies conducted following CRISP-DM showed the complexity to detect
abnormal brain activity in the EEGs because of the diverse ways that they could
appear and validate the potential showed by the related works to reduce the time of
reading an EEG by neurologists.

Framework of EFS

The proposal of the conceptual framework was developed following a quantitative
method and the results describes with clarity the most relevant concepts in the Feature
Selection process and determine how to improve by using EFS the performance of the
classification algorithms enhancing the quality of the set of features used during their
training process.

The conceptual approach guided the development of an implementation framework
capable of selecting features using ensemble of FS algorithms. The built framework
achieved the selection of a set of relevant features with higher performance for
classification tasks regarding the sets of features selected by single algorithms.

The Framework’s evaluation allowed to validate how the classification process can be
improved considering an algorithm of FS based on ensemble instead of single FS
methods. Likewise, the performance of our ensemble method achieved 100% of
stability for the datasets used in the evaluation.

The major contribution of the building of the framework to the field of Machine Learning
is the definition of a structure that provides an understanding of how to improve the
performance of FS based on the consensus of several techniques. This could
guarantee better performance in classification algorithms and increase the reliability
in those fields of application in which the reliability of the results must be high.
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Detection of epileptiform events

¢ The evaluation conducted to analysis de automatic detection of epileptiform events
evidenced that the models (Decision Tree, Logistic Regression, Random Forest and
SVM) could improve their performance by discarding the features that are not relevant.

e The classifier of normal and abnormal segments built using features selected by the
EFS method achieved an accuracy (97.64%), sensitivity (97.32%) and, specificity
(96.27%) equal to or greater than the values found in the literature using only a subset
of features selected instead all features.

¢ Additionally, the evaluation of the framework of EFS showed a perfect stability in the
selection of features on different samples of the original dataset and allowed decrease
the complexity computational in the implementation of the detector of epileptic
segments, due to, it is unnecessary calculate all features to describe a signal, only
relevant features.

¢ Although the detector of epileptic segments decreased almost 5 percentage points in
the accuracy (92.52%), and specificity (92.48%) when this was used in unbalanced
scenario, it achieved to maintain a sensitivity of 95.79%, which in the medical context
is a priority.

e Finally, the chief contribution of this work was to validate the feature selection process
carried out by the Ensemble Feature Selection method on a dataset of EEG signals
could help to improve the reliability of classifiers/detectors of epileptiform events in
EEG signals.

6.2. Future work

It is essential to mention the main goal of this research was to propose a mechanism to select
relevant features to support the automatic detection of epileptiform events in EEG signals,
however, we ended up defining a general approach to support EFS independently of the
classification process and datasets. That means, data scientists and feature engineers could
use our framework to figure out relevant features. As future work, we propose to improve the
framework to support the parameterization of new implementations of feature selection
methods. Also, to increase the number of consensus methods implemented, to offer new
measures to evaluate the sets of features selected and to support the ensemble of FS
methods not only in a heterogeneous scheme but also in a homogeneous one.

Besides, we propose to develop a graphic user interface of the framework to increase its use
by the users (data scientists, Al engineers, data engineers, etc).

Additionally, we developed a classifier of normal and abnormal EEG segments to support the
implementation of an automatic detector of epileptiform events, however, the method was
designed to diagnoses recorded EEGs. As a further study, we propose to develop the
integration with the devices that record EEGs to support analyzes in real-time.

Finally, we propose to combine EEG data and clinical information extracted from electronic
health records to improve the accuracy of the results and use the information of channels
where the abnormalities were identified to characterize the type of Epilepsy that the patient
suffers.
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