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Summary
Investigating features of multichannel electroencephalogram (EEG) signals
and their corresponding complex networks is an important tool to understand the functional organization of the human brain during health and
illness. Alterations in the EEG signal features and brain connectivity patterns are potentially useful as biomarkers for clinical applications.
Epileptic seizures are brief episodes of abnormal excessive electrical signals in the brain of patients suffering from epilepsy. During an epileptic
seizure there are several specific changes recorded in the EEG, which is a
sensitive and important test used to evaluate patients with suspected epilepsy. Psychogenic non-epileptic Seizures (PNES) are sudden paroxysmal
changes in behavior or consciousness that resemble epilepsy, but are not
accompanied by the electrophysiological changes that characterize an epileptic seizure. During a PNES, the electrical activity of the brain remains
normal but in case of an epileptic seizure the brain will show epileptiform
discharges on the EEG. Therefore, PNES is commonly misdiagnosed as
an epilepsy when discharges are absent. The optimal differential diagnosis
between epilepsy and PNES can be made based on long-time video-EEG
monitoring, which is quite expensive and time consuming.
In this thesis, we developed data mining methods that search for finding any specific abnormalities in EEG signals or brain network features in
epilepsy patients compared to PNES subjects in the absence of an epileptiform discharge to effectively classify them by using various machine learning
techniques. For this purpose, various EEG signal features were extracted
and analyzed. Also, in order to create a functional brain network and extracting the features, we proposed signal synchronization measures based
on the visibility graph algorithm, which are quite robust with respect to
noise. The proposed synchronization measures were also analyzed in terms
vii

of sensitivity to the brain volume conduction effect, which showed a very
good performance. Finally, the EEG microstate analysis was performed to
obtain signal features with high resolution.
Our results showed that the beta-band is the most useful EEG frequency
sub-band as it performs best for classifying subjects. Our results depicted
that when the coverage feature of the EEG microstate analysis is calculated in beta-band, the classification shows a high accuracy and precision.
Hence, the beta-band and the coverage are the most important features for
classification of epilepsy and PNES.
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Chapter 1
Introduction
This thesis introduces methods for analysing and classification of brain disorders, in particular epileptic seizure and psychogenic non-epileptic seizures
(PNES). This is carried out by focusing on EEG signal and functional brain
network analysis. This chapter introduces the main objectives of this thesis.
First, an overview of brain functions and disorders is presented. Second, a
short review about various techniques for measuring brain activity is presented, followed by a discussion on constructing the brain networks. Third, we
provide motivation to our study from brain disorders and early diagnosis of
epileptic seizure and PNES perspectives. Finally, the thesis objectives and
contributions are described, followed by the thesis outline.

1.1

Brain and Functional Brain Disorder

The brain, which is made up of more than 100 billion nerves, is the most
complex organ in the human body that is protected with a skull. The human brain is a highly flexible and adaptive information processing system
that controls all functions of the body, interprets information from the outside world, and embodies the essence of the mind and soul. Intelligence,
creativity, emotion, and memory are a few of the many things governed by
the brain. The brain is divided into areas which are each responsible for
different areas of functioning. A lateral view of the brain showing the lobes
of the cerebral cortex in the left hemisphere is shown in Fig. 1.1. The brain
can be divided into three basic units: cerebrum, cerebellum, and brainstem.
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Figure 1.1: The brain surface anatomy in the left cerebral hemisphere.
(source by: http.commons.wikimedia.org)

The cerebrum is the largest part of the brain. It is composed of the right
and left hemispheres. Each hemisphere of the cerebrum is divided into broad
regions and lobes. Each part is associated with different functions. Each
hemisphere of the cerebrum is divided into four principal lobes and a hidden
small lobe called the insula. The surface of the brain is folded with each
crest being termed a gyrus and each groove between them a sulcus. The
central sulcus separates the frontal from the parietal lobe and on each side
of this sulcus lies the precentral gyrus (in front) and the postcentral gyrus
(behind). The precentral gyrus (motor cortex) is responsible for movement
on the opposite side of the body and the postcentral gyrus (sensory cortex) is
responsible for appreciation of sensations. The frontal lobes are the largest
of the lobes which coordinate high-level behavior, such as problem solving,
judgment, speaking, writing, planning, attention and body movement. The
frontal lobes also manage emotions and impulse control. The central sulcus
is a prominent landmark of the brain, separating the frontal lobe from the
parietal lobe. The parietal lobes are located behind the frontal lobes. They
are involved in interpretation of language and words, sense of touch, pain
and temperature and also organizing and interpreting sensory information
from other parts of the brain. The occipital lobes are located in the back
of the brain. They are heavily involved in the ability to read and recognize
printed words, along with other aspects of vision (color, light, movement).
2
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The temporal lobes are located on either side of the head on the same level
as the ears. They coordinate specific functions, including visual memory,
verbal memory (such as understanding language), hearing, and interpreting
the emotions and reactions of others. The cerebellum is located under
the cerebrum. Its function is to coordinate muscle movements, maintain
posture, and balance. The brainstem, which is divided into the pons and
the medulla oblongata, acts as a relay center connecting the cerebrum and
cerebellum to the spinal cord. It performs many automatic functions such as
breathing, heart rate, body temperature, wake and sleep cycles, digestion,
sneezing, coughing, vomiting, and swallowing.
When the brain is healthy, it functions quickly and automatically. But
when a disorder occurs, the results can be devastating. Functional brain
disorders are often called the hidden disability because there can be serious
problems with our behaviour and ability to think, and yet there is often
no visible physical change with many brain disorders - so problems can be
easily ignored or misunderstood. In other words, functional brain disorder
is a medical condition in which there is a problem with the functioning
of the nervous system and how the brain and body sends and/or receives
signals, rather than a structural disease process.
A functional brain disorder is not an intellectual disability. Intelligence
is usually not affected, although there are usually cognitive changes such as
problems with memory, concentration and attention. It is also not a mental
illness, although it can increase the chances of mental disorders such as
depression and anxiety. A functional brain disorder occurs when there is
damage or disruption to the brain after birth, such as a stroke, degenerative
diseases (e.g. dementia, Parkinson's disease), alcohol and other drugs, brain
tumors, epilepsy, infections and diseases (e.g. meningitis) [134, 83, 80].
Long-term effects will be different for each person, and will also vary
depending on the type of brain disorder. For example, disorders such as
Parkinson’s disease and Multiple Sclerosis (MS) will leave our cognition (e.g.
our ability to think) intact, but have dramatic impacts on the body's ability
to control movement. Other disorders will result in more cognitive effects
such as memory problems, fatigue and poor concentration, lack of initiative
and motivation, poor problem-solving and depression. Physical effects can
3
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vary widely between the disorders, with some of the more common ones
including movement disorders, loss of taste and smell, dizziness and balance
problems, headaches, eyesight and hearing problems and chronic pain [134,
83, 80, 66].
The exact causes of functional brain disorders are unknown, although ongoing research provides suggestions as to how and why they develop. Many
predisposing factors, such as having another neurological condition, experiencing chronic pain, fatigue or stress, can make patients more susceptible
to brain disorders. Furthermore, studies have shown that there may be
triggering factors like a physical injury, infectious illness, panic attack or
migraine which can give someone the first experience of the symptoms.

1.2

Measuring Brain Activity

Brain cells communicate with each other via electrical activity. This can
be recorded in various ways, ranging from the insertion of electrodes to the
recording of induced magnetic fields. Brain scanning includes the use of
various techniques to directly or indirectly image the structure, function,
or pharmacology of the brain. Brain scanning falls into two broad categories: Structural scanning which deals with the structure of the brain and
the diagnosis of large-scale intracranial disease (such as a tumor), as well
as injury. Functional scanning is used to diagnose metabolic diseases and
lesions on a finer scale (such as Alzheimer’s disease), and also for neurological and cognitive-psychology research. Functional imaging allows the
brain’s information processing to be visualized directly, because activity in
the involved area of the brain increases metabolism and lights up on the scan
[99, 185]. Fig. 1.2 shows some of the brain activity measuring techniques
which are introduced briefly in the following.
Functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging, fMRI, is a non-invasive and most
powerful technique to measure both the structure and the functional activity
of the brain. fMRI works by detecting the changes in blood oxygenation
and flow that occur in response to neural activity - when a brain area is
4
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more active, it consumes more oxygen and to meet this increased demand,
blood flow increases to the active area [11, 132]. fMRI can be used to
produce activation maps, showing which parts of the brain are involved in a
particular mental process. Specifically, fMRI measures signal changes in the
brain that are due to changing neural activity. In an fMRI, when a patient
performs mental tasks, the area of action can be detected through blood
flow from one part of the brain to another, by taking pictures less than a
second apart and showing where the brain lights up. The fMRI measuring
make it possible to show when things happen, how brain areas change with
experience, and which brain areas work together. It is the only technique
that has been proven to predict behavior beyond questionnaires or selfreport, and in numerous situations, ranging from the buying of products or
the effectiveness of ads, to the following of medical advice. This is because
only with fMRI, the deep neural structures can be recorded that determine
the choices people make [11, 132, 185].

Figure 1.2: Commonly used techniques for recording brain activities.

Electroencephalography

Electroencephalography, EEG, is the most-common and non-invasive test
that detects abnormalities in the electrical activity of the brain. During an
5
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EEG, electrodes are pasted onto the scalp to detect small voltage differences across the scalp, as a result from the activity of the brain cells. By
examining the expression of these voltages at the scalp, neuroscientists gain
additional understanding of the macroscopic function of the brain in terms
of its functional units. The history of EEG for analyzing the brain started
in the 1920s when it was demonstrated by Berger that the brain activity
could be recorded from the human scalp [65]. From that point on, the use
of EEG as a method to analysis brain functions had a slow progression
following the rise in the knowledge of the mechanisms and sources of the
EEG signal [40]. Currently the EEG is used to non-invasively monitor and
diagnose brain disorders.
Since EEG is measuring voltages expressed on the scalp and generated
by the neural substrate performing work, generating a view of coordinated
activity in the brain is possible. Additionally, because raw EEG data are
represented as real valued time series collected at the sensor locations, the
power of digital signal processing is leveraged to provide an effective suite
of tools during analysis. Finally, EEG sensors are often anchored in a
flexible headset. EEG headsets are then connected, sometimes wirelessly,
to a signal receiver allowing both movement and change in posture and
orientation. EEG is an important tool for the study of the brain, but
its strengths also impose unique challenges that must be addressed. High
resolution EEG data collected at many spatial locations may provide a low
level representation of brain activity, but making sense of these data remains
difficult [125]. Visualization methods have been devised to provide scientists
with spatial contexts upon which hypotheses may be formed, analyzed, and
tested.
Magnetoencephalography

Magnetoencephalography, MEG, is a non-invasive imaging technique used
to measure the magnetic fields generated by electrical activity of the brain.
MEG provides neuroscientists with temporal characteristics about brain activation with sub-millisecond precision, whereas fMRI measurement provides
poor temporal information. MEG provides also more accurate spatial localization of neural activities than EEG, a complementary method of record6

CHAPTER 1. INTRODUCTION

ing brain activity [72]. However, the MEG signals of interest are extremely
small, several orders of magnitude smaller than other signals in a typical
environment that can obscure the signal. Thus, specialized shielding is
required to eliminate the magnetic interference found in a typical urban
clinical environment [158]. MEG measurements are commonly used in both
research and clinical settings. There are many uses for the MEG, including
assisting surgeons in localizing a pathology, assisting researchers in determining the function of various parts of the brain, neurofeedback, and others
[184, 57].
Microelectrode Arrays

Microelectrode arrays, MEAs, are devices that contain multiple (tens to
thousands) microelectrodes through which neural signals are obtained or
delivered, essentially serving as neural interfaces that connect neurons to
electronic circuitry. Microelectrode arrays are used to record electrical signals chronically from the individual neuron in the brain by implanting the
electrodes inside the brain at sub-millisecond time scale [130]. The electrodes are fully insulated except their tips, which were left uninsulated to
inject neurons with current pulses and record their extracellular potentials.
High spatial resolution is the main advantage of the MEAs which allows
signals to be obtained from individual neurons [18]. MEAs have been used
to interface neuronal networks with non-biological systems as a controller.
For example, a neural-computer interface can be created using MEAs.
Electrocorticography

Electrocorticography, ECoG, is similar to EEG in that it measures the combined activity of millions of neurons, often in the form of oscillatory waves.
But there are two major differences. First, ECoG requires insertion of the
electrode array under the scalp, and so requires surgery. Second, ECoG
allows significantly improved localisation of the activity source, as well as
the recording of higher frequency electrical activity [90]. Since a surgical
incision into the skull is required to implant the electrode grid, ECoG is an
invasive procedure. ECoG may be performed either in the operating room
7
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during surgery (intraoperative ECoG) or outside of surgery (extraoperative
ECoG).
Flexible placement of recording and stimulating electrodes, performing
at any stage before, during, and after surgery, allowing direct electrical
stimulation of the brain to identify critical regions are some of the advantageous of the ECoG over alternative diagnostic modalities. Furthermore,
it has greater precision and sensitivity than an EEG scalp recording as its
spatial resolution is higher and signal-to-noise ratio is superior due to closer
proximity to neural activity [124]. However, the ECoG has a limited field of
view, i.e. electrode placement is limited by the area of exposed cortex and
surgery time, sampling errors may occur. Also, recording is subject to the
influence of anesthetics, narcotic analgesics, and the surgery itself [124].
Calcium Imaging

Imaging the brain at the cellular level provides essential information about
its anatomy, function and pathology. Changes in intracellular calcium ion
concentrations have been extensively studied in brain tissue over the past
two decades. Because calcium fluxes are tightly linked to neuronal electrical activity, recordings of intracellular free calcium dynamics are used to
indirectly monitor the electrical activity of individual neurons. By combining calcium indicators with appropriate optical imaging techniques, calcium
fluxes can be monitored in neuronal cultures or in brain slices, as well as in
the brain of animal models [155]. Calcium imaging has revolutionized the
approaches for functional analyses in the living brain of animal experimental
models.
There are various techniques for performing calcium imaging experiments
[152]. The implementation of two-photon laser scanning microscopy has
proven to be a powerful tool in achieving cellular and subcellular resolution
in the highly scattering mammalian brain. Two-photon calcium imaging is
a powerful technique not only for studying neuronal activity but also for
studying electrically non-excitable glial cells. Recent studies indicated that
astrocytes show rapid increase in calcium upon sensory stimulation. This
has a role in regulating arterial blood flow and are implicated in epilepsy,
stroke and Alzheimer disease. Although two-photon microscopy provides a
8
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very well depth penetration compared to other techniques, two-photon imaging experiments are still mostly restricted to the exploration of superficial
brain layers in the neocortex, cerebellum and olfactory bulb. Recordings in
deeper brain structures will require different technologies.

1.3

Brain Networks

Modeling the information processing mechanisms of the brain as a vast
network of specialized units that interact with each other, has been proven
to be successful in explaining and diagnosing several neurological disorders
[14, 59]. Brain connectivity is usually studied in terms of the structural
and functional networks. During past years, many researchers tried to find
patterns of structural and functional connectivity of the brain networks
by accumulation an array of different imaging technologies (such as EEG,
MEG, structural/functional MRI and etc.) coupled with mature analytic
strategies such as graph analysis. A graph is a collection of nodes and edges
which are corresponding to brain regions and pathways. Generally, nodes
can connect with other nodes indirectly or directly. Indirect interaction
is a connection of multiple edges and the functional effectiveness of these
indirect connections depends on the path length (see Fig. 1.3).
Structural Brain Network

Structural connectivity refers to the underlying anatomical links (white
matter tracts) that support functional connectivity [169]. This can change
in time due to neural plasticity, but at a much slower pace, and it is also
specific to each individual. Structural brain networks are constructed in
two ways: either indirectly from inter-regional covariation of gray matter
volume or thickness measurements in structural MRI data; or more directly
from measurements of white matter connections between gray matter regions provided by diffusion tensor imaging or related techniques. Nodes of
structural networks have usually been defined as regions of a predetermined
anatomical parcellation scheme, such as the automated anatomical labeling
(AAL) template image, which divides the cortex into approximate Brodmann areas [68]. To make gray matter networks, based on structural MRI
9
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Figure 1.3: Schematic of brain network. Functionally related neurons connect to each other
to form neural networks.

data, the edges between nodes are defined by the strength of correlation
between regional volume or cortical thickness measurements [74].
Functional Brain Network

Functional connectivity focuses on the information exchange between the
different regions, describing interdependencies or patterns of correlations
between the regions in time. A functional brain network denotes the functional relations of brain areas accepting by quantifying the temporal correlations between spatially limited neurophysiological contest from various
number of neuroimaging data [85]. Functional brain network analysis is fast
and task-dependent, changing in the order of milliseconds and describes patterns of statistical reliance among neural elements (i.e. nodes and edges)
[61, 84, 81]. Various number of neuroimaging techniques, such as EEG,
MEG, fMRI, may be applied to analysis time series data of functional brain
connectivity and can be elicited in a number of ways, including as spectral
coherence, mutual information, or cross-correlation. One of the indications
of functional brain connectivity is to apply an algorithm in time-evolving
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graphs, where the challenging factors are to extract features and to find patterns incrementally over time. Another indication of brain connectivity is if
the functional brain connectivity features are extracted from the neuroimaging data. Then, graph-based techniques can be further applied to complex
brain networks and examine their essential topological properties to detect
abnormalities.
The concept of the brain as a large complex network of interconnected
elements, at multiple scales, and measurements of functional brain network
features are increasingly being implemented as a means to investigate neurologic and psychiatric diseases [128]. Therefore, neuroscience has experienced
a paradigm shift, giving more importance to interactions and networks in
contrast to other approaches focused primarily on the localization of cognitive functions to specific brain areas through the study of local brain activity
[173]. Research on time-dependent communication between brain regions,
facilitated by network methods, has enabled the discovery and description
of both intrinsic [145, 167] and extrinsic connectivity phenomena [15].

1.4
1.4.1

Objectives and Contributions
Aims and Scope

Abnormal electrical activity in the brain can cause epileptic seizures. When
a person has repeated seizures, this condition is called epilepsy. Hence epilepsy is a transient occurrence of signs and/or symptoms due to abnormal
excessive and/or synchronous neuronal activity in the brain [58]. The outward effect can vary from temporary confusion, loss of awareness and uncontrolled jerking movement to as subtle as a momentary loss of awareness
or whole body convulsion. Prior to the event, patients are often unaware of
the occurrence of a seizure due to their random nature, which may increase
the risk of physical injury. The visible effects (i.e. the seizures) vary from
temporary confusion to loss of awareness.
Psychogenic non-epileptic seizures (PNES) are events resembling an epileptic seizure, but without the characteristic electrical discharges associated
with epileptic seizures [47] that have a psychogenic origin [146]. The symptoms of PNES usually reflect a psychological conflict, often associated with
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distress, disability, and have a poor prognosis when not timely and accurately diagnosed and treated [166]. PNES episodes are not purposely
produced by the patient, and the patient is not aware that the seizures are
non-epileptic, so the patient may become anxious when having these symptoms. The presentation of the differential diagnosis should be done early in
the course of treatment for better patient acceptance, and treatment options
should be presented early in the evaluation period [147].
Early diagnosis of epilepsy or PNES is critical. Because of delay in
early diagnosis, many patients experience significant morbidity from inappropriate treatment, including adverse effects of anti-epileptic drugs and aggressive interventions, such as intubation for pseudostatus epilepticus [148].
However, PNES may be misdiagnosed as epilepsy, and patients are often
treated with an incorrect diagnosis [64] with potentially important sideeffects. The failure to recognize the psychological cause of the disorder detracts physicians from addressing associated psychopathology, and enhances
secondary somatization processes [147]. Last, the inappropriate treatment
of PNES as epilepsy is costly in terms of patients’ distress, unnecessary
lifestyle changes, social exclusion and financial deprivation associated with
hospitalization and repeated investigations. In the worst case scenario, a
misdiagnosis of epilepsy can result in mistreatment, with potentially important side-effects from the use of anti-epileptic drugs. Also a misdiagnosis of
epilepsy may have significant medical implications if a serious condition
remains undiagnosed or untreated. Furthermore, the financial burden on
health services accompanied by an incorrect diagnosis is substantial.
During a PNES, the electrical activity of the brain remains normal but in
case of an epileptic seizure the brain will show epileptiform discahrges on the
EEG. Hence optimal differential diagnosis between epilepsy and PNES can
be made based on video-EEG monitoring, during which an attempt is made
to record a seizure while recording video and EEG. Besides interpretation of
the semiology on the video, the EEG can help in the differentiation between
both. If muscle activity is not to prominent, the occurrence of ictal electrical
discharges during a seizure can confirm the diagnosis of epilepsy over PNES.
When no ictal discharges are observed, no certain diagnosis can be made.
Semiology often helps in the diagnosis. However, long-time EEG monitoring
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and recording are quite expensive. If we can exclude PNES patients based
on a short-term EEG recording, this would reduce the recording cost and
waiting list burden for EEG monitoring units. Therefore, if we can find
any specific abnormalities in the EEG signal or brain network features in
epilepsy patients compared to PNES subjects, and if we can cluster these
two groups, then we can substantially reduce the cost of and burden for EEG
recording units. Hence, the ultimate goal of this research is to effectively
classify epilepsy and PNES in the absence of epileptiform discharges (i.e.
seizure-free) by analyzing EEG signal recordings and the brain network
features. In order to reach this goal, the following steps have to be taken:
• Evaluating the effect of synchronization measures on constructing functional brain network : This is a fundamental step as we need to apply
a reliable synchronization measure to construct a functional brain network (see Sec. 2.2). Accurately determining functional interactions
during a brain disorder requires a synchronization measure that is not
sensitive to nonlinear coupling between EEG signals and more robust
with respect to noise.
• Analyzing the brain volume conduction effect on performance of the
synchronization measure and also on functional brain network features:
Volume conduction in the brain may influence the synchronization
between EEG signals considerably, as it may lead to detection of spurious functional couplings among the recording channels, which in turn
may affect the constructed functional brain network resulting in unreliable analysis. Hence, we need to apply a synchronization measure
with minor sensitivity to the brain volume conduction effect.
• Assessing the performance of various classification algorithms: There
are various classifiers available in the literature which are used for
classification purposes. These classifiers are based on the different
algorithms (see Sec. 2.3) which have different learning abilities. In
this thesis, we will apply some well-known classification algorithms to
see which one is more capable for classification of brain disorders (in
particular for classifying epileptic seizure and PNES).
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• Investigating the EEG microstate analysis and extracting discriminative features for classification of brain disorders: In the absence of
the epileptiform discharges, the EEG signals of epilepsy and PNES
are quite similar and common EEG features and/or network features
may not be a considered as a robust discriminative parameter for classification purpose. Hence, we need to apply a capable analysis with
high resolution in time to extract discriminative features. By using
microstate analysis, we will explore if abnormalities in microstates can
identify patients with epilepsy and PNES in the absence of epileptiform
discharges, with high accuracy.
Based on the aims of this thesis, first new signal synchronization measures
based on the visibility-graph algorithms are presented. Furthermore, the
performance of the presented measures for finding synchronization between
chaotic, noisy and stochastic signals are evaluated and assessed. Second,
the measures are evaluated for finding synchronization among signals in the
presence of brain volume conduction effect. After validating the measures, a
functional brain network for real EEG data is constructed and some complex
network features are extracted for classification purposes between epilepsy
and PNES. On the other hand, the EEG microstate analysis is performed
on the EEG data to extract some features based on the topographies of
the signals. Finally, all of the extracted features are introduced to various
classifiers to detect epilepsy and PNES.
This study has raised the following research questions:
• R1: Is the synchronization measure based on the visibility graph a
capable and reliable method for finding synchronization among EEG
signals and constructing functional brain network?
• R2: How is the performance of various synchronization measures, especially the methods based on the visibility graph algorithms, in the
presence of brain volume conduction?
• R3: Is there any difference between the performance of various classification algorithms?
14
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• R4: How accurate can we classify brain disorders, especially epilepsy
and PNES, by extracting normal features from EEG signals and functional brain networks?
• R5: Does the short-time EEG microstate analysis and extracting topographic features help to detect and classify epilepsy and PNES in
the absence of the epileptiform discharges?
Figure 1.4 presents the outline of the thesis and shows how the abovementioned research questions related to the thesis chapters.
1.4.2

Major Contributions

The research introduced in this thesis provides contributions to EEG signal
and functional brain network analysis to classify brain disorders. The major
contributions can be summarized as follows.
Contribution to Computational Neuroscience

• Presenting a new synchronization measure based on the horizontal visibility graph.
• Evaluating the performance of various synchronization measures in the
presence of the volume conduction and introducing the most reliable
methods for finding synchronization among EEG data and constructing
functional brain networks.
• Showing the performance of various classification methods for classification of brain disorders.
Contribution to Applied Neuroscience

• Applying EEG signal and functional brain network analysis for accurately classifying the alcoholism disorder.
• Applying the EEG microstate analysis for the first time for classification of epilepsy and PNES combined with the common signal and functional network analysis using epileptiform discharge-free EEG data.
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1.5

Thesis Structure

The remaining chapters of this thesis are organized as follows. Chapter 2
provides background knowledge about recording EEG signals, constructing functional brain networks and extracting EEG signal/network features.
Also, we review some existing classification techniques (or classifiers) used in
the presented studies. Finally, various classification techniques are applied
on real EEG data. For this purpose, we classify alcoholism using EEG and
functional network measures. In Chapter 3, the background required to understand the EEG microstate analysis is provided. In Chapter 4, synchronization measures based on the visibility graph algorithms are presented. The
capability and accuracy of the VG-based measures are examined for finding synchronization among chaotic, noisy and stochastic signals. The VGbased measures also are compared with some well-known synchronization
measures available in the literature. Finally, the synchronization measure
based on the horizontal visibility graph algorithm is applied for finding synchronization between EEG signals of subjects with MS brain disorder. In
Chapter 5, the effect of brain volume conduction on performance of the VGbased synchronization measures are investigated and discussed. Chapter 6
presents the classification results for detecting that have been obtained for
detection of epileptic seizure and psychogenic non-epileptic seizure (PNES)
using various EEG signal, functional brain network and EEG microstate
features. The concluding remarks and some directions for future works are
presented in Chapter 7.
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Figure 1.4: Outline of research questions and chapters of the thesis.
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Chapter 2
EEG Signal and Functional Network
Analysis
Signal processing and analysis has been extensively used in the field of
neuroscience and biomedical engineering for various medical applications,
such as in disease prevention, detection, and diagnosis. Signal processing in
neuroscience includes a wide variety of algorithms applied to measurements,
such as a one-dimensional time series or multidimensional data-sets such as
a series of images. Generally, signal processing involves identifying signal
behaviour, extracting linear and non-linear properties, compression or expansion into higher or lower dimensions, and recognizing patterns. Hence,
the goal of signal processing is to transform measured data-sets such that
new features become visible [177].
Due to the development of a vast array of electronic measurement equipment, a rich variety of biomedical signals exist. Electroencephalography
(EEG) represents overall brain activity recorded from pairs of electrodes on
the scalp [180]. In other words, the EEG signals are the electrical signals
generated in the brain as a result of firing of neurons on the cerebral cortex
and scalp. EEG is a very effective tool for studying the complex dynamics of brain activities. EEG signal analysis is usually done using a pattern
recognition approach, including signal feature extraction and classification
steps. These steps are discussed in this chapter, briefly.
On the other hand, it is well known that the human brain is a complex
network of anatomically segregated groups of functionally specialized neurons and functional links between these groups. In general, brain regions
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and their interactions can be modeled as complex brain network, which describe highly efficient information transmission in a brain. Network science
utilizes graph theory, which represents a system as a graph containing a set
of nodes, connected by edges or links. From this graph, various analyses
can be conducted to understand the topology and organization of the network [59]. Thereby, network analysis can open new insights on the human
cognition. However, this requires understanding on how preprocessing of
the data and decisions made when constructing the network, can affect the
results.
As with other real-world connected systems, studying the topology of
interactions in brain has profound implications in the comprehension of
complex phenomena, such as the emergence of coherent behaviour and cognition [182] or the capability to functionally reorganize after brain lesions
[34]. In practice, network measures (or graph metrics) such as clustering
coefficient, path length and efficiency measures are often used to characterize the properties of brain networks. Centrality metrics such as betweenness
and eigenvector centrality are used to identify the crucial areas within the
network [43]. In this section, the functional brain network is also discussed.
Finally, the EEG signal and functional network analyses are applied on a
real data for detection of alchoholism.

2.1
2.1.1

EEG Signal Analysis
EEG Recording

The electroencephalogram (EEG) is the physiological method of choice to
record the electrical activity generated by the brain via electrodes placed
on the scalp surface (see Fig. 2.1). The recorded signals reflect the cortical electrical activity. The EEG activity is quite small and is measured in
microvolts. EEG provides excellent time resolution, allowing us to detect
activity within cortical areas, even at sub-second timescales. Generally, the
EEG recording is used to detect problems in the electrical activity of the
brain that may be associated with certain brain disorders. The measurements given by an EEG are used to confirm or rule out various conditions,
including seizure disorders such as epilepsy), head injury, brain tumor, sleep
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Figure 2.1: Illustration of EEG recording setup.
(source by: www.becomeablogger.com/wp-content/uploads/2014/08/Brain-EEG.jpg)

disorders etc.
The number of electrodes in EEG recordings range from as few as 8 for
simple applications, to Geodesic Sensor Nets (GSN) with as many as 256
electrodes for more complex and accurate applications. The standardized
placement of scalp electrodes for a classical EEG recording has become
common since the adoption of the 10-20 system. The essence of this system
is the distance in percentages of the 10-20 range between Nasion-Inion and
fixed points. These points are marked as the Frontal pole (Fp), Central
(C), Parietal (P), occipital (O), and Temporal (T). The midline electrodes
are marked with a subscript z, which stands for zero. The odd numbers
are used as subscript for points over the left hemisphere, and even numbers
over the right. Fig.2.2 shows the EEG recording positions on brain.
The main frequency components of EEG signals are delta (below 4 Hz),
theta (4-8 Hz), alpha (9-13 Hz), beta (14-30 Hz) and finally gamma (above
30 Hz) (see Fig.2.3) [124]. The delta wave tends to be the highest in amplitude and the slowest waves and refers to the mental state of being asleep.
The theta wave is classified as slow activity is one of the more elusive and
extraordinary mental states. A large amount of these frequencies can be
seen in younger and older children. Also, it is perfectly normal in children
up to 13 years and in sleep but abnormal in awake adults. The alpha wave
is usually best seen in the posterior regions of the head on each side, being higher in amplitude on the dominant side. It appears when closing the
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Figure 2.2: Electrode positions and labels on brain according to standard 10-20 system.

eyes and relaxing, and disappears when opening the eyes or alerting by any
mechanism (thinking, calculating). It is the major rhythm seen in normal
relaxed adults. It is present during most of life, especially after the thirteenth year. The beta wave represents fast activity and is usually seen on
both sides in symmetrical distribution and is most evident frontally. It may
be absent or reduced in areas of cortical damage. It is generally regarded
as a normal rhythm. It is the dominant rhythm in patients who are alert
or anxious or have their eyes open. The gamma waves are the brainwaves
that have the highest frequencies and is closely related to being in a excited
state. These waves are associated with peak concentration and is the optimal frequency regarding cognitive functions of the brain. The presence of
these waves of a healthy adult is related to certain perceptions, attention
and motor functions [105].
A wavelet-based time-frequency scheme [1, 54] is a proper method to
decompose the EEG signals into its sub-bands. The wavelet decomposition
is a smooth and quickly vanishing oscillating function with good localization
in both frequency and time.
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Figure 2.3: Sub-bands of brain EEG signal.

In order to capture true brain activity and discover the complex patterns of relationship among brain regions, it is necessary to record brain
waves with a high resolution; otherwise, significant parts of the brain activity may be lost. EEG techniques using high temporal resolution allow the
capture of neural events on the order of milliseconds. Fig. 2.4 shows a
sample of EEG data recorded with two different time samplings, 1/128 and
1/16 second. It is evident that EEG recordings differ as a result of changes
in resolution. Accordingly, the resultant brain network recorded by EEGs
with low resolution will be different from that of EEGs with high resolution.

Figure 2.4: EEG recordings with two different temporal resolutions.
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2.1.2

EEG Signal Features

The first signal processing step is known as feature extraction and aims at
describing the EEG signals by (ideally) a few relevant values called features
[13]. Such features should capture the information embedded in EEG signals
that is relevant to describe the mental states to identify, while rejecting the
noise and other non-relevant information. Hence, the purpose of feature
extraction is not only to reduce the dimensionality, but also to extract more
useful/dominant information hidden in the signals by avoiding unnecessary
or redundant information. In this thesis, we used different features based on
the EEG signals to transform raw signals into more informative signatures
or fingerprints of the brain network. Here, some selected signal features
which are used in this thesis are presented briefly.
Energy

The energy of signal represents the strength of the signal and is defined as
[63]
E = Σni=1 x2i ,
(2.1)
where, xi represents the value of signal and n is the total number of samples.
Entropy-based Features

Entropy measure shows the amount of randomness and uncertainty in the
signal, therefore the more fluctuating signal has a higher value of entropy. In
other words, entropy reflects how well one can predict the behavior of each
respective part of the trajectory from the other. Basically, higher entropy
indicates more complex or chaotic systems, thus, less predictability.
Shannon Entropy (ShE): Shannon entropy [163] is a non-linear measure
quantifying the degree of complexity in a signal. Let X be a set of finite
discrete random variables X = {x1 , x2 , , xn }; xj ∈ Rd . Now, the Shannon
entropy, H(X), is defined as [87]:
ShE = H(X) = −

n
X

p(xj ) ln p(xj ),

j=1

where p(xj ) is probability of xj ∈ X satisfying
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p(xj ) = 1.

(2.2)
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Spectral Entropy (SE): Spectral entropy (SE) computation uses Shannon's entropy formula to represent the power spectral densities of the EEG
signal as probabilities [56]. For this purpose, fast Fourier’s transformation
(FFT) is used to obtain the spectrum. The normalized SE corresponding
to the frequency range [f1 , f2 ] is defined as [127]:
Pf2
1
fi =f1 Pn (fi ) log( Pn (fi ) )
SE[f1 , f2 ] =
,
(2.3)
log(N [f1 , f2 ])
where N [f1 , f2 ] equals the total number of frequency components in the
frequency range and Pn (fi ) is the power spectrum calculating from the FFT
of signal X.
Renyi Entropy (RE): Renyi entropy, as an index of diversity, is generalizations of Shannon entropy that depend on a parameter [50]. If p(xi )
is a probability distribution
set, its Renyi entropy of order α
Pnon a finite
1
is defined as RE = 1−α ln i=1 p(xi )α , where 0 < α < ∞. Renyi entropy
approaches Shannon entropy as α → 1 [16].
Fractal Dimension-based Features

Fractals are mathematical sets with a high degree of geometrical complexity
that can model many natural phenomena. A very important characteristic
of fractals, useful for their description and classification, is their fractal
dimension. The fractal dimension of a set in metric space , such as an EEG
signal, can be computed from several different measures [30].
Fractal Box Dimension (FBD): For calculating this measure, a box with
different side lengths is used to describe the change of the signal waveform.
Smaller side lengths of the box lead to a longer calculation time, but the
recognition rate of the signal will increase. The idea is to apply continuous
hypercube mesh coverage to the curve. If we consider X as a non-empty
compact subset of the real plane, then the capacity dimension is defined as:
log Nmin ()
,
→0 log(1/)

FBD = lim

(2.4)

where Nmin () is the smallest number of boxes with a side length  required
to cover X. The box dimension merely represents the geometric dimension
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of the signal, but does not reflect the density distribution in the planar
space.
Higuchi Fractal Dimension (HFD): The HFD is a fast non-linear computational method for obtaining the fractal dimension of signals even when
very few data points are available [76]. HFD is used to quantify the complexity and self-similarity of a signal. To compute the HFD, the data-set is
divided into a k-length sub-data-set as xm
,
k : xm , xm+k , xm+2k , ..., xm+( n−m
k )k
where n is the total length of the data sequence, k is a constant and
m = 1, 2, ..., k. The length Lm (k) for each sub-data-set is then computed
as:
PN − mk
| xm+ik − xm+(i−1)k | (n − 1)
Lm (k) = i=1
.
(2.5)
)k
( n−m
k
Now, the mean of Lm (k) for each k is computed to find the HFD as:
k
1X
HFD =
Lm (k).
k m=1

(2.6)

Katz Fractal Dimension (KFD): The KFD is derived directly from the
waveform, eliminating the pre-processing step of creating a binary sequence,
can be defined as [89]:
KFD =

log10 (n)
,
log10 ( Ld ) + log10 (n)

(2.7)

where n is the number of steps in the curve, L is the total length of the
signal, and d is the Euclidean distance between the first point in the series
and the point that provides the furthest distance with respect to the first
point.

2.2
2.2.1

Brain Functional Network Analysis
Constructing a Functional Network

A functional network is a mathematical representation of the brain and is
defined by a collection of nodes and links between pairs of nodes. Nodes in a
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Figure 2.5: Schematic drawing of constructing a brain functional network.

functional brain network represent brain regions, while links represent functional connections corresponding to the magnitude of the temporal correlation between node pairs. Functional connectivity is highly time-dependent,
often changing in a matter of tens or hundreds of milliseconds as functional
connections are continually modulated by sensory stimuli and task context.
In order to create a functional network, a matrix containing the oscillator
pairwise correlations is required. Thus, one needs to calculate the synchronizations among all pairs of time series and deduce the respective correlation
(or adjacency) matrix. Applying a synchronization measure results in the
calculation of a correlation matrix with each row representing a node and
each column on that row representing the relationship between the current
node and every other node in the network. Links between nodes can be
weighted or unweighted. Weighted links can represent strength of correlation or causal interactions in functional networks. In many network studies,
unweighted (or binary) networks are often used by applying a threshold and
discretizing a weighted network; thus links indicate the presence or absence
of a connection. Although most studies in the literature use unweighted
networks, weighted network analysis is being studied with greater interest.
The schematic of building brain network is shown in Fig.2.5.
2.2.2

Complex Network Measures

A network formulation simplifies the analysis of brain by providing mathematical tools able to capture different aspects of its organization in a compact and straightforward manner. Graph theoretical methods have been
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extensively applied to many neuroimaging data-sets in order to describe
the topological properties of both functional and structural networks.
Various complex network measures can be used to analysis the functional
network and characterize one or more aspects of local or global brain connectivity. In this section, some selected complex network measures which,
are used in this thesis to detect aspects of the brain network, are presented,
briefly.
Clustering Coefficient

The clustering coefficient assesses the degree to which nodes tend to cluster
together. In brain network studies, the clustering coefficient is considered
to be a measure of the local connectivity of the functional brain network.
Brain networks are small ”worlds” in which different functional units can
work independently but are connected to each other through hubs. A high
clustering coefficient indicates the presence of local cliques forming specialized functional units. Given a weighted network G, the local clustering
coefficient ci for node i is defined as [7]
X
2
ci =
(w̃ij · w̃jk · w̃ki )1/3 ,
(2.8)
di (di − 1)
i,k

where w̃ij = wij /max(wij ) is the scaled weight. Here, di (di − 1)/2 is the
maximum possible number of links when the subgraph of neighbors of node
i is completely connected. The global clustering coefficient for the whole
graph is the average of the local values and is defined as [39]:
N
1 X
ci ,
C=
N i

(2.9)

where N is the number of nodes in the graph. It is clear that 0 ≤ ci ≤ 1 and
0 ≤ C ≤ 1. Note that ci = 1 if node i is the center of a fully interconnected
cluster and ci = 0 if the neighbors of node i are not connected to each other.
Strength

Strength is one of the most basic structural properties of a weighted graph.
The vertex strength is defined as the sum of weights of links connected to
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the vertex and is formalized as:
Si = Σwij .

(2.10)

where j ∈ neighbor(i) and w represents the weighted adjacency matrix, in
which wij is the weights on the edge between node i and j [181].
Betweenness Centrality

Centrality refers to the relative importance of a vertex within the network.
Mostly, the vertices in a network with higher centrality index values are
perceived as being the more important vertices. Betweenness centrality
quantifies the number of times that a node acts as a bridge along the shortest
path between two other nodes. In an undirected network, a path between
two nodes that has the minimum number of links is referred to as the
shortest path between these two nodes. In the context of brain network
analysis, a brain region (or EEG recording site) has a high betweenness
centrality index, if it is strategically located as a midpoint between several
pairs of brain regions and, therefore, controls the flow of information across
the brain network.
Consider an undirected graph G = (V, E), where V and E denote its
node and link set, respectively. For three distinct nodes v1 , v2 , v3 ∈ V , let
σv1 ,v3 6= 0 be the number of shortest paths between v1 and v3 in G, and
let σv1 ,v3 (v2 ) be the number of shortest paths between v1 and v3 that pass
through v2 . The betweenness centrality index of node v2 is defined as [21]
B(v2 ) =

X
v1 6=v2 6=v3 ∈V

σv1 ,v3 (v2 )
.
σv1 ,v3

(2.11)

The average node betweenness centrality of the graph is defined as follows:
1 X
B̄(G) =
B(v2 ).
(2.12)
N
v2 ∈V


The betweenness centrality lies between zero and N2−1 , where the value
0 is obtained if and only if all neighbors of vi induce a maximal clique in G.
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Eigenvector Centrality and Largest Eigenvalue

Eigenvector centrality is a global measure of centrality, as it does not focus
on the immediate vicinity of nodes, but instead, considers all possible indirect connections. It operates under the premise that connections to nodes
that are themselves well-connected, should be given more weight than connections to less well-connected nodes. Eigenvector centrality for all nodes
in the network, then, is simply given by the eigenvector corresponding to
the largest eigenvalue (also called the Perron eigenvalue). Therefore, eigenvector centrality is used to measure a node’s influence in the network and
determines a node’s importance while giving consideration to the importance of its neighbors. The main principle is that links from important nodes
(as measured by degree centrality) are worth more than links from unimportant nodes. All nodes start off equal, but as the computation progresses,
nodes with more edges start gaining importance. Their importance propagates out to the nodes to which they are connected. After re-computing
many times, the values stabilize, resulting in the final values for eigenvector
centrality.
In brain network studies, the eigenvector centrality is a measure that
approximates the centrality or the importance of a brain region to the corresponding functional network. Eigenvector centrality attributes a value
to each voxel in the brain, such that a voxel receives a large value if it
is strongly correlated with many other nodes that are themselves central
within the network. A brain region has higher eigenvector centrality if its
neighbors are also highly central. It has been demonstrated that eigenvector
centrality is a computationally efficient tool for capturing intrinsic neural
architecture on a voxel-wise level [116].
For a matrix A ∈ RN ×N , a number λ is an eigenvalue if, for some vector
~c 6= 0 [181],
A~c = λ~c,
(2.13)
where the centrality vector ~c is the eigenvector of the adjacency matrix A
associated with the eigenvalue λ. In general, eigenvectors give the direction of spread of data, while the eigenvalue is the intensity of spread in a
particular direction or of that respective eigenvector. Given the adjacency
matrix A of network G, it is wise to choose the largest eigenvalue, λmax ,
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in the absolute value of matrix. By virtue of the Perron-Frobenius theorem [181], this choice implies that if the graph is strongly connected, then
the eigenvector solution ~c is both unique and positive.

2.3
2.3.1

Classification of EEG/Network Features
Data Classification

In machine learning and statistics, classification is a supervised learning
approach, in which the computer program learns from the data input given
to it and then uses this learning to classify new observation. This dataset may simply be bi-class (like identifying whether the person is healthy
or alcoholic) or it may be multi-class too. In neuroscience applications, a
classifier is trained on brain data in order to predict a variable of interest.
Two leading examples are brain decoding and clinical diagnosis. Brain
decoding consists of predicting stimuli or mental states from concurrent
functional brain data. In clinical diagnosis it is the presence or absence
of a given medical condition that is predicted from brain data. Observing
accurate classification is considered to support the hypothesis of variablerelated information within brain data [131, 117].
At a more detailed level, a classifier (or classification algorithms) is a
function that takes the values of various features (independent variables or
predictors, in regression) in an example (the set of independent variable
values, test data-set) and predicts the class that that example belongs to
(the dependent variable). A classifier has a number of parameters that
have to be learned from training data - a set of examples reserved for this
purpose - similarly to how regression parameters are estimated using least
squares. The learned classifier is essentially a model of the relationship
between the features and the class label in the training set. Once trained,
the classifier can be used to determine whether the features used contain
information about the class of the example. This relationship is tested by
using the learned classifier on the test data. Intuitively, the idea is that, if
the classifier truly captured the relationship between features and class, it
ought to be able to predict the classes of data it has not seen before. The
typical assumption for classifier learning algorithms is that the training (and
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testing) examples are independently drawn from an example distribution;
when judging a classifier on a test set, we are obtaining an estimate of its
performance on any test set from the same distribution [142].

2.3.2

Classification Techniques

The specific kind of function being learned and the assumptions built into it,
is what distinguishes among the various types of classifiers. In this section,
some selected classification methods are introduced, shortly.

k-Nearest-Neighbors

The k-nearest-neighbors algorithm is the simplest classifier which takes a
bunch of labelled points and uses them to learn how to label other points
[91]. Classification of a test example is done by finding the training set
example that is most similar to it, by some measure (e.g. lowest euclidean
distance, considering the entire feature vector) and assigning the label of
this nearest neighbour to the test example. Variants of this idea include
averaging all the training set examples in each class into a single class prototype example or assigning the majority label in the k-nearest neighbours
(k odd). The k-nearest-neighbour classifier can work very well, if there is
a small number of features, it tends to work fare less in situations where
there are many features and only a few are informative.

Decision Tree

Decision tree builds classification models in the form of a tree structure
[156]. It breaks down a data-set into smaller and smaller subsets while at
the same time an associated decision tree is incrementally developed. The
final result is a tree with decision nodes and leaf nodes. A decision node has
two or more branches and a leaf node represents a classification or decision.
The topmost decision node in a tree which corresponds to the best predictor
called root node.
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Neural Network

A neural network classifier consists of units (or neurons), arranged in layers,
which convert an input vector into some output [149]. Each unit takes an
input, applies a (often nonlinear) function to it and then passes the output
on to the next layer. Generally, networks are defined to be feed-forward:
a unit feeds its output to all the units on the next layer, but there is no
feedback to the previous layer. Weightings are applied to the signals passing
from one unit to another, and it is these weightings which are tuned in the
training phase to adapt a neural network to the particular problem at hand.
In this algorithm, the training errors from the initial classification of the first
records are fed back (or back-propagated) to the network and used to adjust
the weights for further iterations. This continues for many iterations.
Random Forest

Random Forest is a flexible, easy to use classification algorithm that produces, even without hyper-parameter tuning, a great result for many problems [111]. Random forests are an ensemble learning method, which can
be used for both classification and regression problems. This algorithm operates by constructing a multitude of decision trees at training time and
outputting the class that is the mode of the classes (classification) or mean
prediction (regression) of the individual trees. Random Forest adds additional randomness to the model, while growing the trees. Instead of searching for the most important feature while splitting a node, it searches for the
best feature among a random subset of features.
Naive Bayes

Naive Bayes is a classification technique based on Bayes'Theorem with an
assumption of independence among predictors [150]. This classification
method first scans the training data-set and finds all records whereby the
predictor values are equal. Then the most prevalent class of the group is
determined and assigned to the entire collection of observations. If a new
observation's predictor variable equals the predictor variable of this group,
the new observation will be assigned to this class. Naive Bayes model is
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easy to build and particularly useful for very large data-sets. Along with
simplicity, Naive Bayes is known to outperform even highly sophisticated
classification methods.
Support Vector Machine

A Support Vector Machine (SVM) is a discriminative classifier formally
defined by a separating hyperplane [176]. In other words, given labeled
training data (supervised learning), the algorithm outputs an optimal hyperplane which categorizes new examples. The SVM algorithm is implemented in practice using a kernel. The kernel defines the similarity or a
distance measure between new data and the support vectors. E.g. the
learning of the hyperplane in linear/radial SVM is done by transforming
the problem using some linear/radial algebra. The SVM is usually effective
in high-dimensional spaces.
Gradient Boosting

Gradient boosting is one of the most powerful techniques for building predictive models which trains many models in a gradual, additive and sequential manner [60]. Whereas random forests build an ensemble of deep
independent trees, gradient boosting builds an ensemble of shallow and weak
successive trees with each tree learning and improving the previous. When
combined, these many weak successive trees produce a powerful committee
that is often hard to beat with other classification algorithms.
Gradient boosting involves three elements i.e. loss function, weak learner
and additive model. The loss function used depends on the type of problem
being solved [28]. For example, regression may use a squared error and
classification may use logarithmic loss. Decision trees are used as the weak
learner in gradient boosting [37]. Trees are constructed in a greedy manner,
choosing the best split points based on purity scores like Gini or to minimize
the loss. It is common to constrain the weak learners in specific ways, such
as a maximum number of layers, nodes, splits or leaf nodes. This is to
ensure that the learners remain weak, but can still be constructed in a
greedy manner. In this algorithm instead of parameters, weak learner submodels or more specifically decision trees exist. After calculating the loss,
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to perform the gradient descent procedure, a tree must be added to the
model that reduces the loss (i.e. follow the gradient). This is done by
parameterizing the tree, then modify the parameters of the tree and move
in the right direction by reducing the residual loss.
2.3.3

Classification Models Performance

Model performance for classification techniques is usually debatable in terms
of which model performance is most relevant. The usual model performance measures for evaluating a classification model are precision (or positive
predictive value), recall (or sensitivity, true positive rate), accuracy and specificity (or true negative rate) [192].
Precision is calculated by the number of correct positive predictions divided by the total number of positive predictions. Recall is calculated by
the number of correct positive predictions divided by the total number of
positives. In other words, recall is the number of correct positives divided
by the number of correct positives plus the number of false negatives. True
positives are data point classified as positive by the model that actually
are positive (meaning they are correct), and false negatives are data points
the model identifies as negative that actually are positive (incorrect). Recall gives us information about performance of the model on false negatives,
while precision gives us information of the model's performance of false positives. Based on what is predicted, precision or recall might be more critical
for a model. Accuracy is the number of correct predictions made by the
model by the total number of records. The best accuracy is 100% indicating
that all the predictions are correct. Specificity is calculated as the number
of correct negative predictions divided by the total number of negatives.
In cases where we want to find an optimal blend of precision and recall,
we can combine the two metrics using what is called the F 1 score [168]. The
F 1 score is the harmonic mean of precision and recall taking both metrics
into account in the following equation:
precision × recall
F1 = 2 ×
.
(2.14)
precision + recall
A classifier with a precision of 1.0 and a recall of 0.0 has a simple average of
0.5 but an F1 score of 0. The F 1 score gives equal weight to both measures.
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If we want to create a balanced classification model with the optimal balance
of recall and precision, then we try to maximize the F 1 score.
The receiver operating characteristic (ROC) curve is a plot of specificity
in the x axis and recall in the y axis [53]. Hence, the ROC curve is a plot
of the false positive rate (x-axis) versus the true positive rate (y-axis) for
a number of different subjects threshold values between 0.0 and 1.0. Area
under the ROC curve is a measure of model performance. The area under
the curve (AUC) of a random classifier is 50% and that of a perfect classifier
is 100%. For practical situations, an AUC of over 70% is desirable.

2.4

Classification of Alcoholism using Brain EEG/Network Features

Alcoholism, or alcohol use disorder, is a common neurological disorder affecting about 10% of the population. Depending on how much alcohol is
taken, drinking alcohol has short-term and long-term effects on the brain
(see Fig. 2.6). In short-term it may lead to cognitive and mobility impairments such as difficulty in walking, blurred vision, slurred speech, slowed
reaction times, impaired memory, upset stomach, blackout and even coma
[82]. Binge drinking and continued alcohol use in large amounts are associated with many health problems in long-term such as: alcohol poisoning,
high blood pressure, liver disease, nerve damage, gastritis, permanent damage to the brain. Finding and extracting discriminative biological markers,
which are correlated to healthy brain pattern and alcoholic brain pattern,
helps us to utilize automatic methods for detecting and classifying alcoholism.
In this part we aim to classify the alcoholism by using various EEG
signal and functional network features introduced earlier in this chapter for
two groups of alcoholic and healthy (control) subjects. Most of the useful
information about the functional state of a human brain lies in five major
brain waves distinguished by their different frequency bands. Hence, the
wavelet transform is applied to decompose EEG signals into five frequency
sub-bands. Then, the principle component analysis (PCA) [113] is employed
to choose the most information carrying EEG channels (or electrodes). The
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Figure 2.6: Functional MRI scans of two teens while they took a working memory test
[138]. The images show that the heavy drinker (right image) is not using those brain areas
normally used to complete a memory test, while the non-drinker is. Alcoholism leads to
brain defects and associated cognitive, emotional and behavioural impairments.

PCA is a statistical procedure that uses an orthogonal transformation to
convert a set of observations of possibly correlated variables into a set of
values of linearly uncorrelated variables called principal components. The
number of principal components is less than the number of original variables
[113]. The main goal of applying the PCA to an input data set is to have
less computational complexity and to improve the accuracy of classification
by reducing the feature vectors dimension [193]. Reduction of dimension is
necessary for obtaining the most information carrying channel of EEG data
set. The PCA can be done by eigenvalue decomposition of a data covariance
matrix or singular value decomposition of a data matrix, usually after mean
centring and normalizing the data matrix for each attribute. In this study,
by using PCA, the number of significant EEG channels got reduced from
64 to 12 optimal channels.
The experimental data used in this paper is a publicly available EEG
data-set from the University of California, Irvine, the UCI KDD archive [9].
This Multiple electrode time series EEG recordings of control and alcoholic
subjects contains measurements from 64 electrodes placed on the scalp with
the sampling rate of 256 Hz for one second. The indices of the 64 electrodes
are (see Fig. 2.2): Fp1, Fp2, F7, F8, AF1, AF2, Fz, F4, F3, FC6, FC5,
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FC2, FC1, T8, T7, CZ, C3, C4, CP5, CP6, CP1, CP2, P3, P4, Pz, P8, P7,
PO2, PO1, O2, O1, X, AF7, AF8, F5, F6, FT7, FT8, FPz, FC4, FC3, C6,
C5, F2, F1, TP8, TP7, AFz, CP3, CP4, P5, P6, C1, C2, PO7, PO8, FCz,
POz, Oz, P2, P1, CPz, and, Y.
For constructing a functional brain network, we apply the phase-lagindex (PLI) (see Appendix A) as a reliable synchronization measure. The
alcoholic subjects have impaired synchronization of brain activity. The synchronizations of EEG signals are investigated in all frequency sub-bands.
Our analysis shows that the alcoholic brain networks have lower synchronizations in beta frequency sub-band compared to the control brain networks
(see Fig. 2.7). Therefore, the value of mean synchronization in beta frequency sub-band is considered as a discriminative feature for classification.
Fig. 2.8 shows broad band EEG signals of a healthy and an alcoholism
brain. The calculated value of energy for the healthy and the alcoholism
EEG signals are 42380 and 2361 respectively. One can see that alcoholism
disorder impairs electrical activity of the brain and leads to less amount of
energy compared to a healthy brain.
By performing the PCA algorithm, the channel C1 in alpha frequency
sub-band is determined as the most informative EEG signal. Also as shown
in Fig. 2.8, there is a significant difference between the energy of EEG
recordings of the alcoholic and healthy brains. Hence, the energy of signal
is chosen as the discriminative feature and is calculated in alpha frequency
sub-band for channel C1 for detection of alcoholism.
For classification purpose, We use 80% instances (80 subjects) as the
training data and the rest 20% (20 subjects) as the test data. Since we
have limited number of subjects, to avoid over-fitting, we split the training
and test data randomly and repeat the split process 10 times. Our results
are the means and variances of these 10 runs. To explore the importance of
features and their combinations in the classification task, we apply Naive
Bayes, support vector machine, decision tree, random forest and gradient
boosting.
To evaluate the performance of the selected features (i.e. strength, fractal
dimension, energy and entropy) in the classification task, two evaluation
metrics are applied in the experiments, i.e., accuracy and F1 score. Accur38
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(a)

(b)

Figure 2.7: The correlation matrix of 64 channels in the beta frequency sub-band of a) an
alcoholic and b) a healthy brain.
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Figure 2.8: Broad band EEG signals for healthy and alcoholism brains.
Table 2.1: Accuracy of different feature combinations in the classification task.
Feature
NB
SVM
Decision Tree
All features 0.96 ± 0.0044 0.98 ± 0.0016 0.94 ± 0.0044
All - BS
0.97 ± 0.0041 0.98 ± 0.0016 0.94 ± 0.0024
All - ACS 0.96 ± 0.0044 0.98 ± 0.0016 0.94 ± 0.0064
All - APS 0.97 ± 0.0021 0.98 ± 0.0016 0.94 ± 0.0044
All - ACEn 0.92 ± 0.0056 0.96 ± 0.0024 0.93 ± 0.0061
All - ACEt 0.93 ± 0.0041 0.96 ± 0.0024 0.93 ± 0.0101
All - AFD 0.95 ± 0.0044 0.98 ± 0.0016 0.92 ± 0.0095

Random Forest
0.99 ± 0.0009
0.99 ± 0.0009
0.98 ± 0.0016
0.98 ± 0.0015
0.97 ± 0.0041
0.97 ± 0.0032
0.95 ± 0.0026

Gradient Boosting
0.98 ± 0.0016
0.98 ± 0.0016
0.98 ± 0.0016
0.98 ± 0.0016
0.97 ± 0.0021
0.96 ± 0.0044
0.97 ± 0.0041

acy counts the number of instances classified correctly and F1 score is the
harmonic mean of precision and recall. To analysis the classification results
in a more comprehensive way, we also apply receiver operating characteristic
(ROC) curves [55] in the experiments. ROC curve is a graphical plot that
illustrates the performance of a binary classifier system as its discrimination
threshold is varied. The curve is created by plotting the true positive (tp)
rate against the false positive (f p) rate at various threshold settings. Accuracy and F1 score of different feature combinations are shown in Table 2.1
and 2.2. Note that ”All-X” in these tables denote features without X. BS,
ACS, APS, ACEn, ACEt and AFD denote beta-Sync, alpha C1-Strength,
alpha PO7-Strength, alpha C1-Energy, alpha C1-Entropy and alpha-Fractal
Dimension, respectively. From these results, we can draw some conclusions:
• Overall performance. All feature combinations perform very well in
this classification task since all the accuracy values and F 1 scores are
larger than 0.9. It indicates the good representative capability of these
6 features. By comparing the performance of different classifiers, SVM,
random forest and gradient boosting are the best models and Naive
Bayes and decision tree perform worse than them. This observation
is consistent with other classification tasks since the first three models
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Table 2.2: F1 score of different feature combinations in the classification task.
Feature
NB
All features 0.9609 ± 0.0012
All - BS
0.9548 ± 0.0058
All - ACS 0.9653 ± 0.0023
All - APS 0.9665 ± 0.0032
All - ACEn 0.9466 ± 0.0009
All - ACEt 0.9405 ± 0.0057
All - AFD 0.9521 ± 0.0060

SVM
0.9872 ± 0.0007
0.9847 ± 0.0010
0.9842 ± 0.0011
0.9831 ± 0.0016
0.9524 ± 0.0056
0.9575 ± 0.0031
0.9762 ± 0.0028

Decision Tree
0.9389 ± 0.0131
0.9505 ± 0.0045
0.9449 ± 0.0063
0.9598 ± 0.0016
0.9480 ± 0.0026
0.9426 ± 0.0075
0.9452 ± 0.0040

Random Forest Gradient Boosting
0.9791 ± 0.0012
0.9809 ± 0.0015
0.9870 ± 0.0008
0.9832 ± 0.0016
0.9646 ± 0.0054
0.9823 ± 0.0013
0.9825 ± 0.0016
0.9756 ± 0.0029
0.9676 ± 0.0031
0.9776 ± 0.0020
0.9591 ± 0.0060
0.9609 ± 0.0043
0.9555 ± 0.0048
0.9746 ± 0.0017

are more complicated and therefore can better capture the patterns of
different classes.
• Importance of features. To analyse each feature individually, it
can be observed that ACEn, ACEt and AFD are more important than
other features because almost all accuracy and F 1 score decrease more
by removing these three features than removing other features. The
rest of these features may be of same importance since by removing
either of them the performance changes very little. Furthermore, we
use Random Forest and Gini importance [24] to analyse feature importance’s quantitatively. The result is shown in Fig. 2.9 and it also
demonstrates that AFD is the more important feature and followed by
ACEt and ACEn.
The ROC curves using different classifiers and all features are shown in
Fig. 2.10. By removing each feature one by one, the ROC curves of different
combinations of features are shown in Fig. 2.11. From these curves, all of
the Area under the Curve (AUC) of ROC are larger than 0.9 which indicates
good performance of all classifiers in this classification task. By considering
the area on each classifier, the conclusion is similar to that in accuracy
analysis: SVM, gradient boosting (GB) and random forest (RF) are the
best classifiers while Naive Bayes (NB) and decision tree (DT) perform
worse than them.
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Figure 2.9: Features importance where 0: beta Sync, 1: alpha-C1 strength, 2: alphaPO7 strength, 3: alpha-C1 energy, 4: alpha-C1 entropy, and 5: alpha fractal dimension.

Figure 2.10: ROC curves using all features of an alcoholism brain network.
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2.5

Summary

In this chapter, various EEG signal features were presented. Also, constructing a functional brain network from the EEG data and extracting network
features were discussed. Finally, by applying some selected classifiers we
classified the alcoholism from healthy subjects accurately. By analyzing
EEG signals in both groups of healthy people and subjects with alcohol abuse disorder, the differences between brain electrical activities of these two
groups were detected. Six discriminative features, such as mean synchronization of functional brain network in beta frequency sub-band, strength
of channels C1 and PO7 in left hemisphere in alpha frequency sub-band,
fractal dimension, energy and entropy of channel C1 in alpha frequency
sub-band, were extracted for classification of alcoholic and non-alcoholic
subjects. The main effect of alcoholism in functional brain network was
abnormality of synchronization in left hemisphere of the brain by showing
lower beta frequency sub-band synchronization and loss of lateralization
most prominently in alpha frequency subband.
From signal processing perspective, we found that alcohol abuse can
lead to impairment brain electrical activity and causes the lower value of
energy, entropy and fractal dimension which are related to the complexity
of EEG signals. Naive Bayes, support vector machine, decision tree, random forest and gradient boosting were used for classification and detection
of alcoholism automatically. The performances of all classifiers showed high
accuracies over 90%. Our results showed that the SVM, random forest and
gradient boosting were the best models with accuracy near 100%. Also
by considering the area under the curves of ROC of each classifiers, the
conclusion was similar to that in accuracy analysis. All extracted features
performed well in classification tasks and in comparison to each other, the
fractal dimension, entropy and energy of the signals were the most discriminative features because all accuracy values and F1 scores decrease more
by removing these three features compared to other features removing and
again the results of ROC analysis were similar and showed the importance
of those three features for classification.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 2.11: ROC Curves using different combinations of features, a) ROC without
beta Sync, b) ROC without alpha-C1 Strength, c) ROC without alpha-PO7 strength, d)
ROC without alpha-C1 energy, e) ROC without alpha-C1 entropy and d) ROC without
alpha-C1 fractal dimension
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Chapter 3
EEG Microstate Analysis
Microstate analysis is an alternative EEG-representation that defines states
of the multichannel EEG recording by spatial topographies of electric potentials over the electrode array. This method was first proposed by Lehmann
et al. [110], who showed that the alpha frequency band (8-12 Hz) of a
multichannel resting-state EEG recording can be parsed into a few number of discrete quasi-stable states that remain dominant for around 80-120
microseconds before abruptly transitioning to another state. These quasistable states are defined by topographic maps of electric potentials recorded
in a multichannel array over the scalp. These periods of states are called
functional microstates and the discrete spatial configurations are known as
microstate classes (or maps).
Compared to other EEG analysis techniques, spatial analysis of EEG
using microstates has several advantages. Most importantly, the spatial
topography of the EEG recording can be defined at any data point independently of the preceding topography and therefore has millisecond resolution. Hence, microstates are better suited to detect rapid, dynamic activity
in large-scale neurocognitive networks than many traditional methods like
frequency power EEG analysis [92]. The spatial EEG signal analysis with
microstates simultaneously considers the signal from all electrodes to create
a global representation of a functional state. The rich syntax of the microstate time series offers a variety of new quantifications of the EEG signal
with potential neurophysiological relevance [93]. In addition, parsing the
EEG into microstates can be used to select epochs of interest that correspond to a certain microstate class, which can be further examined using
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other analysis methods such as time-frequency analysis. Therefore, EEG
microstate analysis offers a capable, cost-worthy and clinically translatable
neurophysiological approach to study large-scale neural networks and investigate temporally coherent network activity, as it has been suggested to
reflect global functional states of the brain in health and brain disorders
[93, 120, 119, 159]. A number of studies applied spontaneous EEG microstate analysis to assess changes in global brain coordination in association
with spontaneous thoughts or brain maturation [107, 98, 119].
The output parameters of microstate analysis (i.e. microstate features)
quantify the statistical properties of the microstates. They include parameters summarising the variability in the spatial configuration and strength of
the topography of microstate classes, parameters pertinent to the temporal
dynamics of microstates such as the average duration of a microstate class
or the frequency of occurrence, as well as statistics on the transition probabilities between microstate classes. Consistent with the idea that EEG microstates may reflect the activity of brain networks, many reports have found
correlations between the microstate features and various cognitive activities,
behavioral states, and neuropsychiatric diseases. For example, microstates
of certain topographies have a shorter average lifespan in schizophrenia
[106], are longer in panic disorder [94], shortened in Alzheimers disease
[48], and appear more frequently in Tourettes syndrome [175]. Neurotropic
drugs commonly used to treat neuropsychiatric disease alter microstate features [109, 189]. Microstates vary with cognitive/behavioral states such as
drowsiness [32], sleep stages [26], age [98], and even personality characteristics [160]. These research works suggest that the microstate features may
be related to the neurophysiological basis of these disorders, brain states,
and cognitive functions, and can potentially offer insight into the function
of the brain in health and disease [108].
In this chapter, the details of microstate analysis is presented. The EEG
microstates could carry useful information on the dynamics of large scale
brain networks. EEG microstates are quasi-stable brief patterns of coordinated electrical activity on the cortical surface indicating large scale neuronal
networks [110]. They represent functional state variations in brain and are
considered as building blocks of mentation on EEG signals. By applying the
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microstate analysis on real EEG data and extracting some microstate features, we try to classify the epileptic seizure and psychogenic non-epileptic
seizure (PNES) (see Chapter 6). By using microstate analysis we explore
if abnormalities in microstates can identify patients with epileptic seizure
and PNES in the absence of an epileptiform discharge.

3.1

Microstate Segmentation

For microstate analysis, we follow the standard steps in microstate segmentation presented in [98]. First, we need to calculate the global field
power (GFP) at each data point which represents the magnitude of the
field strength at each moment in time. The GFP at each data point is
equal to the root of the mean of the squared potential differences at all N
electrodes, i.e. Vi (t) , from the mean of instantaneous potentials across electrodes, i.e. Vi (t), equivalently, the standard deviation across all electrodes
of the EEG for the i-th data point [123].
s
Pn
2
i=1 (Vi (t) − Vi (t))
.
(3.1)
GFP(t) =
n
Topographies that occur at local peaks of the GFP(t) curve represent
instants of greatest field strength and highest SNR. Since the field topography remains essentially stable between two peaks of the GFP(t) curve
and changes during the troughs, the topographies at GFP(t) maxima are
representative of topographies at surrounding data points in time [191, 92].
Thus, representation of the EEG data as a set of topographies at local
GFP(t) maxima is a valid data reduction method. Therefore for each subject, the topographies at local GFP(t) peaks are extracted. These topographies are called the original maps and which are submitted to a clustering algorithm, such as K-means, to obtain the desired number of cluster
maps with the goal of maximising the similarity between the EEG samples
and the prototypes of the microstates they are assigned to. A schematic
overview of the microstate analysis is shown in Fig. 3.1.
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Figure 3.1: Schematic flowchart of the EEG microstate analysis. Each EEG data is used
to calculate the global field power (GFP) curve at each data point. The electric potentials
of all electrodes at moments of local maxima of the GFP curve are plotted to generate
topographic (original) maps of the electrode array. The original maps are submitted to a
clustering algorithm, which groups the submitted maps into a small set of clusters (here:
3) based on topographic similarity, and optimal number of cluster microstate maps are
generated for each subject. Finally, the cluster maps are back-fitted to the GFP curve and
each data point is labeled with the cluster map that they best correlated to. Therefore,
the multichannel EEG recording is now described as a series of alternating microstates.
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3.2

Effective Number of Cluster Maps

A crucial question that may arise in microstate segmentation is the number
of cluster maps necessary for capturing the informative features of the data
and avoid over/under-fitting. Selecting the number of cluster microstates is
not a straightforward choice to make. In many situations there is not a single
correct answer, but instead many numbers of cluster microstate maps are
able to explain our data well. One of the issues is deciding how to measure
and validate how well your clusters explain your data [178]. Measures of fit
are used to estimate how well different microstate segmentations explains
(or fit) the EEG, used to estimate the prototypes.
Pascual-Marqui et al. [137] proposed a cross-validation criterion for
selecting the optimal number of cluster maps, which optimizes the ratio
between the global explained variance and the degrees of freedom for a given
set of cluster maps. However, this criterion is influenced by the dimensionality of the data (i.e., the number of electrodes and time points). Several
initial studies that used the k-means clustering approach and determined
the optimal number of clusters by the cross-validation criterion revealed
that the optimal number of maps across subjects is four [97, 25, 26]. By doing systematic studies under different conditions it has been demonstrated
that different cluster maps are required to obtain a higher value of global
explained variance (GEV) for each condition [119, 179, 162]. Therefore, one
should estimate the optimal number of clusters for each subject individually using robust optimization measures, rather than determining a fixed
number. Hence, in addition to the cross-validation criterion, many other
measures of fit exist for selecting the effective number of microstates, such
as those described in [123, 119, 36]. In this thesis,the following measures of
fit are applied to choose the effective number of cluster maps.
3.2.1

Cross-Validation Criterion

The cross-validation criterion (CV) [137] is related to the residual noise, ,
and the goal is therefore to obtain a low value of CV.
CV = σ̂ 2 · (

C −1
)2 ,
C −K −1
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where C is number of EEG channels, K is number of microstate clusters
and σ̂ 2 is an estimator of the variance of the residual noise calculated as:
PN

xTn xn − (aTln xn )2
σ̂ =
,
(3.3)
N (C − 1)
where N is number of time samples, xn is the n-th time sample of the
recorded EEG, aln signifies the topographical map assigned to n-th EEG
sample and ln is the microstate label of the n-th EEG sample.
2

3.2.2

n

Global Explained Variance

The global explained variance (GEV) is a measure of how similar each EEG
sample is to the microstate map it has been assigned to. The higher the
GEV the better. the GEV is calculated as:
GEVn =

(Corr(xn , aln ) · GFPn )2
,
PN
2
GFP
n0
n0

(3.4)

where GFPn is the global field power, which is calculated as the standard
deviation across all electrodes of the EEG for the n-th time sample [123].
The GEV can be seen as the squared correlation between the EEG sample
and its microstate prototype weighted by the EEG sample's fraction of the
total squared GFP:
GFP2n
GEVn = Corr(xn , aln ) · PN
.
2
GFP
n0
n0
2

(3.5)

To calculate the GEV for a given cluster, we should sum the GEV of each of
its members. To use GEV as a measure of fit for a microstate segmentation,
the GEV of all samples included in the segmentation is summed.

3.3

Back-fitting Microstates Maps to EEG

After obtaining the microstate cluster maps from the selected clustering
method, i.e. K-means algorithm, it is then relevant to see which microstate
all prototypes likely belong to. Actually, back-fitting is assigning a microstate labels to EEG samples based on which microstate prototype they are
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most topographically similar with. This similarity is measured using global
map dissimilarity (GMD).
The GMD is a distance measure that is invariant to the strength of the
signal and instead only looks at how similar the topographical maps look.
For two EEG samples, xn and xn 0 , GMD is calculated as:
xn 0
xn
− GFP
||
|| GFP
n
n0
√
GMD =
.
C

(3.6)

By normalising with GFP, two EEG samples that belong to the same
microstate, but have different strength, will achieve a low GMD distance.
The EEG recordings are known to contain a lot of unwanted noise, especially in spontaneous recordings where the noise cannot be averaged out.
This noise can contribute to short (i.e. few or single-sample) microstate
segments appearing after clustering or backfitting. One way to address this
is to use temporal smoothing, where an EEG sample is not only assigned
to a microstate class based on topographical similarity with the prototype,
but also based on the microstate labels of samples prior and following the
EEG sample. The most commonly used clustering algorithms in microstate
analysis do not take the temporal order of the EEG samples into account.
Therefore the temporal smoothing will be done as a processing step after
the microstate segmentation has been run.
In this thesis, we use the small maps rejection method for smoothing the
results. Hence, we use a method which sets a minimum duration microstate
segments are allowed to last. The algorithm repeatedly scans through the
microstate segments and changes the label of time frames in such small
segments to the next most likely microstate class, as measured by GMD.
This is done until no microstate segment is smaller than the set threshold.
The threshold in this thesis is 30 microseconds.

3.4

EEG Microstate Features

Parsing the EEG data into microstates (i.e. labelling of the EEG data with
respect to the best fitting microstates classes) offers a rich set of statistical
parameters with potential neurophysiological relevance. These statistical
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parameters can be divided into parameters about the activation strength,
the spatial configuration and the temporal attributes of microstates. The
strength of the average global activation during a given microstate k is
defined by its average GFP of all EEG samples assigned to microstate k:
N
1 X
GFPn
GFPk =
Nk n

for

ln = k,

(3.7)

where Nk is the number of samples assigned to cluster k. The average GEV
and the average spatial correlation (between microstate prototype maps and
their assigned EEG samples) reflect to what extent the microstate protoypes
can explain the data. Where GEV looks at both the strength of the EEG
and the spatial fit, the average spatial correlation only looks at the spatial
fit.
N
1 X
GEVk =
GEVn for ln = k,
(3.8)
Nk n
N
1 X
Corr(ak , xn ) for
Corrk =
Nk n

ln = k,

(3.9)

where the correlation is considered as a polarity-invariant (or non-negative)
parameter.
The basic temporal dynamics of microstates are described by Occurrence(k),
Duration(k), and Coverage(k). Occurrence(k) reflects the average number
of times per second a microstate is dominant, the Duration(k) is defined
as the average duration of a given microstate (in milliseconds), and the
Coverage(k) reflects the fraction of time a given microstate is active. In
addition to these basic statistical parameters, the transition probabilities
between microstates can be obtained to quantify how frequently microstates
of a certain class are followed by microstates of other classes.

3.5

Summary

EEG microstate analysis offers a sparse characterisation of the spatio-temporal
features of large-scale brain network activity. The concept of microstates is
straight-forward and offers various quantifications of the EEG signal with
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a relatively clear neurophysiological interpretation. In this thesis, we used
the EEG microstate analysis to extract some features to classify epileptic
seizure and PNES. The details of the results are presented in Chapter 6.
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Chapter 4
Visibility Graph-Based
Synchronization Measures
Functional connectivity in brain can be represented as a complex network.
A functional brain network, which is constructed through interconnections
among brain regions according to some measure of functional connectivity, is the statistical dependencies among the activity of brain regions [29].
In order to build a brain network and estimate its functional connectivity,
EEG technology is commonly used, due to its high temporal resolution (milliseconds), which helps to detect brief neuronal events [8]. For this purpose,
the locations of the EEG sensors serve as nodes and the link (or connection)
between any two nodes represents the magnitude of the correlation between
the EEG time series associated with these nodes. The properties of the
brain's functional networks are linked to their functions and can be affected
by neurological diseases.
In recent decades, various local and global techniques, operating in time,
frequency, or wavelet domain, have been introduced for measuring synchronization among EEG signals. Local techniques establish synchrony between
pairs of signals, whereas global techniques can handle an arbitrary number
of time series [42]. The cross-correlation function and its counterpart in the
frequency domain, i.e. the coherence function, were the first linear methods
developed for quantifying synchronization between time series [22]. These
were followed by the development of nonlinear techniques based on mutual information [136], nonlinear regression [41], and phase synchronization
[153] among others, summarized overviews of which can be found in several
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reviews [6, 42, 141].
However a number of important questions regarding the selected synchronization measure and construction of functional networks have to be
addressed before considering any analysis technique. E.g. properties like
time resolution of the time series under investigation, the effect of the observational noise, and the presence of nonlinear effects should been taken
into account for selecting a synchronization measure. Exploring accurate
topological changes in functional brain networks when the neural activity is
modulated by a disorder could improve the understanding of some important mechanisms of human cognition. Hence, accurate assessing functional
interactions during a brain disorder require metrics that are sensitive to
nonlinear coupling between time series and are more robust with respect to
noise.
The idea of mapping time series as graphs seems attractive because it
lays a bridge between nonlinear signal analysis and complex networks theory. Hence, the visibility graph (VG) algorithm has attracted attention as a
technique capable of being used for time series analysis due to its intrinsic
non-locality, low computational cost, simple rules, and straightforward implementation. Visibility algorithms are a family of methods that map time
series as graphs nonlinearly. Therefore, the tools of graph theory can be used
for the characterization of time series. The VG-based algorithms are invariant under rescaling of both horizontal and vertical axes, and it has been
shown that many time series’ structural properties (e.g., periodicity, fractality, etc.) are inherited by the resultant visibility graph [103, 118, 31, 4].
The VG algorithm provides an effective method to map time series to
a graph permitting a mutual relationship between dynamical properties of
time series and topological properties of the graph. Therefore, the information on time series is obtained just by analyzing the characteristics of the
graph. In particular, it has been shown that both the structure of complex,
irregular time series and nontrivial ingredients of its underlying dynamics
are inherited in the topology of the visibility graphs, and therefore simple
topological properties of the graphs can be used as time series features for
description and automatic classification purpose.
In this section, synchronization measures based on the visibility graph
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is presented. Then, the presented methods are applied to measure synchronization among choatic, noisy and stochastic signals. For this purpose,
a comprehensive evaluation of the VG-based measures on coupled Rössler
system, noisy Henon map, and the Kuramoto model is conducted. Then,
the performances of VG-based synchronization measures are compared with
some selected commonly used measures namely the cross-correlation (CC),
the coherence (Coh), the imaginary part of coherence (ImPC), the synchronization likelihood (SL), the phase coherence (PC) and the phase lag
index (PLI). A brief review of these measures is provided in Appendix A.

4.1

Visibility Graph-based Measures

Let x(t) be a univariate time series of N discrete data (t = 1, 2, ..., N ).
The VG algorithm converts the time series x(t) to a graph, as a data point
x(t) is mapped into a node in the graph. The time point (i.e., a point on
the time series) represents a moment in which the data is recorded (see
Fig. 4.1.a). By applying the original/horizontal visibility graph algorithm
(OVG/HVG), an EEG time series of size N maps to a visibility graph with
N nodes.
The original visibility graph (OVG) algorithm [103] implies that two arbitrary data points [t◦ , x(t◦ )] and [t? , x(t? )] have visibility, and consequently
are two connected nodes of the associated graph, if any other data point
[t, x(t)] placed between them (t◦ < t < t? ) satisfies

 t − t◦
x(t) < x(t◦ ) + x(t? ) − x(t◦ ) ?
for all t such that (t◦ < t < t? ). (4.1)
◦
t −t
The schematic of the above geometric criterion and its associated visibility graph are shown in Fig. 4.1.b. It is clear that two arbitrary data nodes
at t◦ and t? in the graph are connected if one can draw a straight line in the
time series joining x(t◦ ) and x(t? ) that does not intersect any intermediate
data height.
The so-called horizontal visibility graph (HVG), which is defined as a
subgraph of the OVG, is obtained by restricting the visibility criterion and
imposing horizontal visibility instead [118]. In the HVG algorithm, two
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arbitrary data nodes t◦ and t? in the graph are connected if:
x(t◦ ) > x(t) and x(t? ) > x(t) for all t such that: (t◦ < t < t? ).

(4.2)

According to the HVG geometric criterion, two data points are connected
if one can draw a horizontal line in the time series joining them that does
not intersect any intermediate data height. Therefore, by applying the
OVG/HVG, a time series of size N maps to a graph with N nodes, as the
first node in Figs. 4.1.b and 4.1.c is associated with the first time point in
Fig. 4.1.a. The second node corresponds to the second time point of the
EEG time series, and so on.
After constructing the visibility graphs, the degree of each node is determined. The degree of node t is the number of links connected to node
t. Therefore, by counting the number of links that have node t as an endpoint, we can determine the degree of each node. Then, by considering
the degrees of all nodes, a degree sequence (DS) time series is obtained.
The corresponding DSs of the OVG and the HVG algorithms are shown in
Fig. 4.1.d as time series. Next, the similarity of two time series x(t) and y(t)
is approximated by calculating the cross-correlation function (see Appendix
A) between the DSs of the corresponding visibility graphs.
The VG-based algorithms are nonlinear maps of time series to graphs,
and it has been shown that many signal structural properties (e.g. periodicity, fractality, etc.) are inherited in the resultant graph [188, 100].
However, some signal information is inevitably lost in the mapping from
the fact that the network structure is completely determined by the binary
adjacency matrix. For example, two periodic signals with the same period
would have the same visibility graph, albeit being quantitatively different.
Furthermore, the VG algorithm is restricted to univariate time series, and
since it is sensitive to the nonlinear monotonic transformation of the original time series, it cannot be used to represent invariants of the underlying
system.
It is worth mentioning that the presented VG-based algorithms are computationally efficient to transform small-scale time series to graphs, however
it may take too much time to deal with very large time series. The visibility
criteria is considered as a symmetric relation, Hence in order to transform
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(a)

(b)

(c)

(d)

Figure 4.1: a) An EEG time series (filled circles represent time points), b) top: applying
OVG criteria on time points, bottom: corresponding visibility graph, c) top: applying
HVG criteria on time points, bottom: corresponding graph, and d) corresponding degree
sequences of the OVG and HVG for such time points.
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a time series of size n, it is necessary check all the n(n − 1)/2 pairs of signal nodes whether each pair of two nodes can see each other based on the
defined geometrical criteria. For example in Fig. 4.1.a, in order to check
the connection between signal nodes t3 and t7, we need to know the maximum slope of the lines between node t3 and nodes t4, t5 and t6. After
calculation for each pair of nodes, the maximum slope is timely updated.
Therefore, the total time complexity of the VG algorithm corresponds to
O(n2 ). In other words, the algorithm takes O(n2 ) time to execute to detect
synchronization between two time series for the time duration n.

4.2

State-Space Trajectory

Synchronization of chaos is often understood as a regime in which two
coupled chaotic trajectories exhibit identical, but still chaotic oscillations.
For example, the shapes of some well-known coupled chaotic systems seem
regular, but the one-dimensional projection of their trajectories seems random. Many of the classical signal processing measures are not able solely to
reveal such regularities behind the observed time series [187]. Therefore, a
technique such as a statespace reconstruction is needed to detect this kind
of behavior and analysis nonlinear time series. To this end, the time series of
interest is embedded in a high-dimensional space to form a trajectory from
which the properties of the original dynamic system can be deduced. The
embedding theorem (or Taken’s theorem [35]) establishes that, when there
is only a single sampled quantity from a dynamical system, it is possible to
reconstruct a state space that is equivalent to the original (but unknown)
state space composed of all the dynamical variables [88].
Two parameters time delay (T ) and an embedding dimension (d) are
defined to reconstruct a state-space. These parameters should be determined properly to avoid loss of information in the reconstructed state space.
It is suggested that to choose the same values of T and (d) for all signals
in order to be able to compare the similarity of their states [140]. In such a
state space the ith state of the k th trajectory is represented as follows:
Yk,i = [yk,i , yk,i+t , ..., yk,i+(d−1)T ],
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where yk,i is the ith point of the k th time series (k = 1, 2, ..., M ; when
M time series are coupled together). Therefore, a multi-dimensional state
space is reconstructed from a scalar time series, as each trajectory contains
[N − (d − 1)T ] states; where N is the number of sampling points of each
time series.
After mapping all samples of time series to the state space, a window
Wn , with the width of 2(w2 − w1 ) is considered. Here, w1 is the Theiler correction [35] that is used to prevent information redundancy in the similarity
computation, and w2 is an integer number which determines the maximum
temporal distance that a state can have from the reference state. Also, the
state at the center of the window is considered as the reference state, Yc .
Therefore, the width of window depicts the number of states which are restricted in the window, in other words, each window around reference state
contains all states, Ym , as w1 < |c − m| < w2 .
Now, by calculating the Euclidian distances of all states in the window
with the reference state, the distance time series (DTS) of the window is
constructed. The restricted states in the window with sufficiently small Euclidian distances from the reference state are collectively defined as similar
states or similar temporal patterns. Therefore, a threshold is needed to determine the closeness of the distances. For each trajectory, the threshold of
the window is considered to have the same number of close states to its own
reference state. That means, the threshold is determined in such way that
the probability of being a state within the threshold is equal for all trajectories. In this way, the closeness of the states of the trajectories restricted
in the window to their own references is a relative concept which has the
same meaning for all trajectories. For this purpose, the synchronization
likelihood (SL) is calculated to determine how strongly the k th time series
is synchronized with all other times series in the window Wn . The details
of the SL are presented in Appendix A.5.
Hence, by using the Taken’s theorem, a signal sample is mapped nonlinearly to a state space and the information of neighbor samples (i.e. past
and next samples) are also used to create the state space of that sample.
The original VG and the HVG algorithms are also a non-linear transform of
signals to graphs and according to their geometric criteria, the information
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of at least nearest past and next samples is mapped into the graph. In other
words, the original VG and the HVG algorithms inherently handle the highdimensional chaos, and we expect to observe no significant improvement on
our analysis by making the trajectory of time series in state space. However,
in this work, in addition to the original VG and the HVG algorithms, their
combinations with the state space are also examined as separate schemes.
We call these schemes as the SS-OVG and the SS-HVG, where SS refers to
state space mapping.
For this purpose, at first, time series are mapped to the state space and
then the original VG (or HVG) algorithm is applied on the resultant DTS
for each window. Then, a DS for each DTS is determined. Now, similarity
of dynamics of time series (in a window) is obtained through computation
of similarity of the DSs using the correlation function as:
Sxy =

cov[DSx , DSy ]
,
σDSx × σDSy

(4.4)

where DS(·) represents the degree sequence of the trajectory x falling in the
window Wn , cov[·] represents the covariance operator, and σ(·) is the standard deviation. Since the VG of a time series preserves its time ordering,
similarity of the dynamics of two time series indeed is a measure of their
synchronization. By shifting the window, the synchronization value is obtained for each window. Note that the window should be shifted with short
enough steps to have a high temporal resolution which usually increases the
computational cost. The overall synchronization of the system is obtained
by averaging the computed synchronization values over all windows. Finally, the overall synchronization of the time series is calculated through
averaging the computed synchronizations over all windows. The correlation
values range from 0 to 1, where Sxy = 0 means the time series are not
synchronized, and Sxy = 1 means that the time series are identical [3].

4.3

VG-based Measures vs. Chaotic Signals

It is widely accepted that the brain is a chaotic dynamical system and
then, their generated EEG signals are generally chaotic [157, 135]. Some re62
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searchers have studied human EEG in the chaotic field and found that EEG
presented chaotic characteristics: sensitive dependence on initial condition,
self organization, similarity across scale and intermittence. Moreover, an
EEG signal is chaotic in another sense, because its amplitude changes randomly with respect to time.
In this section, the presented VG-based synchronization measures are
implemented to find synchronization between chaotic signals. To evaluate
the performance of the VG-based measures, the results are compared with
some well-known synchronization measures (see Appendix A). For this purpose, the coupled Rössler systems are used to generate chaotic signals. The
details of the coupled Rössler systems are presented briefly in Appendix B.
Fig. 4.2 shows the synchronization values computed by the OVG and
the HVG-based measures as a function of coupling strength, compared to
some common measures. The measures are applied on x1 (t) (driver) and
x2 (respond) as chaotic signals. The results for the identical Rössler system (i.e. ∆ω = 0) are presented in Fig. 4.2.a. All the measures show
an increase in the synchronization value as a function of C, and complete
synchronization occurs for all measures roughly at C = 1.2. The results
for a non-identical system with ∆ω = 0.05 are shown in Fig. 4.2.b. For
two non-identical time series, the synchronization value should start with a
value of approximately near zero and then increase gradually by increasing
C. It can be seen that the predicted synchronization values by the HVG
and SL measures are very close to 0 when C = 0, whereas other schemes
start with larger values. All the measures ascend continuously regarding C,
correctly representing a higher degree of synchronization when the coupling
parameter is higher. All the measures, excluding the HVG and the PLI,
approach to complete synchronization approximately at C = 2. The PLI
scheme shows a constant value (roughly 0.55) for the synchronization even
at very high coupling strength and does not show an ascending behavior.
The HVG measure shows an ascending behavior over all values of the coupling strength and approaches slowly to complete synchronization. However,
the synchronization values measured by the HVG never gets very close to
full synchronization even at very high coupling strength (i.e. C = 25). This
behavior is consistent with the concept of two non-identical systems which
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means that systems are not equal due to the mismatch parameter.
To further examine the accuracy and capability of the VG-based measures, we define the synchronization error as:
error = x1 (t) − x2 (t).

(4.5)

Fig. 4.3 shows x1 and x2 time series and corresponding errors time series
of the identical coupled Rössler systems during an epoch of time when
C = 0, 1 and 2, respectively. It is clear from the figure that by increasing
the coupling strength, the error decreases and two time series are matched
and become synchronized. The amount of error after the transition region
(i.e. time > 5000) around C = 1 is quite small. However, some error
perturbations have appeared for a while, which results in incomplete synchronization in this case. Consequently, these error perturbations affect
the calculated synchronization values by the measures and as can be seen
from Fig. 4.2.a, some undulations appear around C = 1. As the coupling strength increases to values above 1.2, the amount of error becomes
negligible, and measures should show complete synchronization.
Similarly, the driver and respond time series for the non-identical coupled
Rössler systems with ∆ω = 0.05 for C = 0, 2 and 5 along with corresponding errors are shown in Fig. 4.5. Due to the mismatch parameter, the
error never becomes zero and as a results complete synchronization never
is achieved. This figure shows that the amount of error around C = 0 is
quite high and somehow is in the same order of magnitude with the time
series. Therefore, we expect to have a weak coupling when C is close to
zero. Therefore, we can say that the HVG and the SL schemes predict the
synchronization at weak coupling more accurate than the other measures
(see Fig. 4.2.b). Around C = 2, the value of the error is still significant,
and we do not expect to have complete synchronization or values close to
1 for the synchronization value. Therefore, we can conclude that the PC,
the CC, and the Coh measures overestimate the synchronization measures
(see Fig. 4.2.b). The behavior of the SL, the HVG, and the original VG
measures are ascending as a function of coupling strength. However, due
to the mismatch parameter, some errors always exist and two time series
never match exactly.
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(a)

(b)

Figure 4.2: Predicted synchronization values as a function of coupling strength C for a)
identical and b) non-identical Rössler systems.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.3: Time series depicting projective synchronization between drive state x1 and
response state x2 of the identical coupled Rössler for a) C = 0, b) C = 1 and c) C = 2.
The corresponding errors are shown in frames (d), (e) and (f), respectively.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.4: Time series depicting projective synchronization between drive state x1 and
response state x2 of the non-identical coupled Rössler for a) C = 0, b) C = 2 and c) C = 5.
The corresponding errors are shown in frames (d), (e) and (f), respectively.
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Fig. 4.5 shows absolute value of the maximum errors for identical and
non-identical coupled Rössler systems against coupling strength in a log-log
plane. It can be seen that the slope of line for the identical case changes
sharply at C = 1 and the error decreases dramatically. This changes in slope
clearly explain the reason of complete synchronization around C = 1 predicted by various measures in Fig. 4.2.a. On the other hand, the slope of the
line for the non-identical case is almost constant over all coupling strengths.
It means that the error decreases monotonically as a function of C and becomes small only with very high C. Therefore, an accurate synchronization
measure should also show a similar behavior for the non-identical systems,
i.e. increasing gradually against increasing coupling strength. Hence, we
can say that the HVG and original VG measures, as well as the SL measure,
show a good performance on finding the synchronization value for chaotic
time series. However, the HVG measure shows a uniform increase after
C = 1, whereas the VG and the SL schemes show a big jump in synchronization value and approach to complete synchronization when C is around
1 and then, show a uniform increase with a very smooth slope (see Fig.
4.2.b). Our analysis shows that the maximum amount of error when C = 5
is about 10% of the magnitude of the time series, which means that the error is still significant. Therefore, we do not expect to have synchronization
value close to 1 similar to predicted values by the original VG and the SL.
Therefore, the original VG and the SL measures are quantitatively overestimating the synchronization compared to the HVG measure. Furthermore,
due to the presence of the mismatch parameter, two time series never become synchronized completely. This concept is more consistent with the
results of the HVG measure, which shows uniform increasing behavior over
C with the almost constant increasing slope.
Note that the SS-VG and the SS-HVG overestimate the synchronization
values for both the identical and non-identical cases. These schemes show
the steepest increases (results are not shown here), whereas they almost
predict complete synchronization for C < 0.5 for both the identical and
non-identical cases. These measures show a ceiling effect for low values of
the coupling strength. Note that the computational parameters in this study
for the state space algorithm are time delay T = 2 and dimension d = 10.
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Figure 4.5: Maximum error of the identical and non-identical coupled Rössler systems
against coupling strength.

The small value of time delay helps to capture the shortest changes (e.g.
high-frequency component) in the time series and increases the accuracy
of the mapping. Also, since many real-world time series (e.g. the EEG
or multi-sensor radar signals) have high intrinsic dimensionality, hence, we
selected d = 10 which would be a suitable value for our study.

4.4

VG-based Measures vs. Noisy Signals

EEG signals can be easily contaminated by noises due to their small amplitudes [44]. There are two major sources of noise, also is called artefact,
in EEG signals. The first is the general background noise that comes from
outside the brain such as electrode noise. The second is the natural noise
that originates inside our brains due to the fact that our brains are always
busy doing lots of things at once. All these activities contaminate the EEG
signal.
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In this section, the presented VG-based synchronization measures are
implemented to find synchronization between noisy signals. For this purpose, the coupled Henon maps are used to generate noisy chaotic signals.
The details of the coupled Henon maps are presented briefly in Appendix
C.
Fig. 4.6 shows the performance of the VG-based synchronization measures on the noise-free identical and non-identical Henon map systems, compared to some common synchronization measures. The synchronization
value should start with a value of approximately near zero when C = 0, and
then increase gradually by increasing C. For both the identical and nonidentical systems, all measures show an increase in synchronization value as
the coupling strength increases. For the identical systems, a sharp transition
in synchronization is observed almost for all measures when C becomes larger than 0.6, and complete synchronization occurs for all measures roughly
at C > 0.7. One can see that all the VG-based measures exhibit good
performances. These measures predict the synchronization value close to
zero when C = 0, uniform increase up to C = 0.6 and finally complete
synchronization for C > 0.7. Other common measures also show acceptable
performance for the identical systems, except for the Coh and the PC measures that overestimate the synchronization when there is a weak coupling
between the systems (i.e. C < 0.5). The same story is observed for the nonidentical systems. All the VG-based measures show an ascending behavior
over all values of the coupling strength and approach gradually to 0.7 when
C = 1. Note that for two non-identical systems a complete synchronization
is never achieved.
The results for the identical and non-identical noisy coupled Henon systems are shown in Figs. 4.7 and 4.8 respectively for SNR=20 and 5 corresponds to low and high noise systems. The trend of all measures for
the identical systems with a small amount of noise (i.e. SNR=5, see Fig.
4.7.a) are similar to the noise-free systems, i.e. by increasing the coupling strength, the measures should increase according to with the growing
influence of the driver system on the response system. However, due to
the presence of noise, some of the measures, including the VG-based measures, fail to predict complete synchronization at high coupling strengths
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(a)

(b)

Figure 4.6: Predicted synchronization values as a function of coupling strength C for
noise-free, a) identical and b) non-identical Henon map systems.
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(i.e. C > 0.7).
It is clear that the Coh, PC, and CC measures predict complete synchronization at high coupling strengths which means that these measures
are less sensitive to the noise at high coupling strengths. However, the
Coh and PC measures overestimate the synchronization at low coupling
strengths and predict large values for the synchronization even at C = 0.
By increasing the amount of noise (i.e. SNR=5. see Fig. 4.7.b), all the
measures fail to predict complete synchronization for the identical systems
at high coupling strengths. The PC measure shows less sensitivity to the
noise and predicts a higher value for the synchronization for larger coupling
strengths. However, as we mentioned earlier, this measure fails to predict
correct values at low coupling strengths. Among the VG-based techniques,
the HVG measure shows less sensitivity to the noise and predicts a larger
value for the synchronization at higher C compared to the other VG-based
measures.
Since the non-identical systems are not similar, a complete synchronization is not achieved. Now, by adding some amount of noise to the
non-identical coupled Henon systems, the capability of the synchronization measures are examined. The results are shown in Figs. 4.8.a and 4.8.b
for SNR=20 and 5, respectively. Compared to the noise-free non-identical
systems (see Fig. 4.6.b), all the measures predict lower values for the synchronization due to the presence of the noise. The effect of noise becomes
pronounced as the SNR decreases and consequently, a smaller value is predicted by all measures when SNR=5 compared to SNR=20.
To slightly go deeper on the effect of noise on the performance of the VGbased measures, we focus on the value of the synchronization when C = 1.
For the noise-free non-identical systems (see Fig. 4.6.b), the synchronization
value predicted by the HVG, the original VG, SS-HVG and SS-VG measures
are equal to 0.8, 0.72, 0.8 and 0.75, respectively. At SNR=20 the predicted
values are 0.77, 0.63, 0.74 and 0.71 (see Fig. 4.8.a) and at SNR=5, the
values are 0.42, 0.35, 0.3 and 0.25 (see Fig. 4.8.b), respectively. These
results indicate that the amount of noise when SNR=20 leads to roughly
4%, 13%, 8% and 5% decrease in the predicted synchronization values by
the HVG, original VG, SS-HVG and SS-VG measures compared to the
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(a)

(b)

Figure 4.7: Predicted synchronization values as a function of coupling strength C on the
noisy identical coupled Henon map systems for a) SNR=20 and b) SNR=5.
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(a)

(b)

Figure 4.8: Predicted synchronization values as a function of coupling strength C on the
noisy non-identical coupled Henon map systems for a) SNR=20 and b) SNR=5.
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noise-free systems respectively. By decreasing the SNR to SNR=5, the
measures show more sensitivity to the noise and the differences increase to
47%, 51%, 62% and 67% for the HVG, the VG, the SS-HVG and the SS-VG
measures, respectively. Therefore, we can say that the HVG measure shows
less sensitivity to the noise compared to other VG-base measures. Also, we
can conclude that the mapping the HVG and VG measures to the statespace leads to no improvement in the performance of the measures for the
chaotic and noisy chaotic systems.
Fig. 4.9 shows absolute value of the maximum errors for (non-)identical
noise-free/noisy coupled Henon map systems against coupling strength in
a semi-log plane. It is evident, that by decreasing the SNR, the amount of
noise and consequently the absolute error increases for both identical and
non-identical systems. For the identical noise-free systems, a very sharp
decrease in error is observed in C = 0.6, as the magnitude of error decreases
five orders from C = 0.6 to C=0.7. This sharp decrease in error means that
two time series become quite synchronized for C > 0.6. By referring to
Fig. 4.6.a we can see that all the measures show coordinated behavior
and predict complete synchronization for C > 0.6. By adding noise to the
identical systems, the smaller decrease in error is observed at C = 0.6, as the
magnitude of error decreases only one order when SNR=20. For the highly
noisy system (i.e. SNR=5) no change in the order of error is observed.
This large amounts of noise in the systems, contaminates the time series
and the VG-based measures fail to distinguish accurately between real time
series and noise (see Fig. 4.7). When coupling strength is high, the PC
measure shows less sensitivity to noise and exhibits a good performance in
detecting the synchronization of the noisy systems. A similar behavior can
be observed for the non-identical systems. However, since the time series
are not similar in non-identical systems, a complete synchronization is not
achieved, even for noise-free systems with large coupling strengths.
Now, we study a quantity called graph entropy associated with the graph.
There are several graph entropy calculation methods which incorporate random walks, degree distribution, and node centrality [45]. By calculating the
entropy of the graphs corresponding to the noisy time series, the complexities of them compared to the noise-free case are measured. For this purpose
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Figure 4.9: Maximum error of the identical and non-identical coupled Henon map systems
against coupling strength for noise-free and noisy systems with SNR=20 and SNR=5.

we use the so-called Shannon entropy formula as:
h=−

n
X

p(k)log(p(k)),

(4.6)

i=1

where p(k) is the probability of the degree k over the degree sequence. It
is calculated by calculating the ratio of the number of nodes with degree
k to the size of the degree sequence. The degree probabilities of the noisefree and noisy non-identical Henon map time series with C = 0 calculated
by the HVG are shown in Fig. 4.10. It is clear that by contaminating
the time series with noise, the fluctuations in the system and its DS become
pronounced and consequently the probability of degrees with higher degrees
increases. Needless to say, by increasing probability of higher degrees, the
probability of lower degrees (e.g. k = 2) decreases.
The graph entropy for various value of coupling strength were calculated.
As an example, the value of graph entropy, h, for the responding system
of the non-identical Henon map with C = 0 is equal to 2.47, 2.60 and
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2.71 for noise-free, SNR=20 and SNR=5, respectively. We can see that
by adding more noise to the system, the entropy of the system increases.
Generally, the value of the entropy defines the uncertainty or randomness
in the system and in a noisy system with an increase in noise, the entropy,
and complexity of the system increases that lead to uncertainty about the
information content of the time series. Therefore, we can say that, the more
noisy time series, the more complex graph and the more graph entropy. Note
that this increase in entropy is observed for all values of coupling parameter
and also for the identical system as well.

Figure 4.10: The node degree distribution of noise-free and noisy time series of the responding system of the Henon map with C = 0.

4.5

VG-based Measures vs. Stochastic Signals

The human brain is a complex nonlinear system showing complicated emergent properties, including consciousness. Hence, the recorded EEG signals
can be considered as the outputs of a stochastic non-linear coupled oscillators [96]. In this section, the presented VG-based synchronization measures
are implemented to find synchronization between stochastic signals. For this
purpose, the Kuramoto model is solved numerically to generate stochastic
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signals. The computational details of the Kuramoto model are presented in
Appendix D.
The values of the synchronization for the Kuramoto model calculated by
VG-based synchronization measures are shown in Fig. 4.11. The results
show the averaged values over all 64 pairs of the time series as a function
of coupling strength, K. The results are compared with the averaged order
parameter r (see Eq. D.2) as well as the results of the PLI, PC, and ImPC
measures. It can be seen that r remains close to 0 until K reaches a critical
value Kc ' 1.5, above which r rapidly increases towards its asymptotic
value of 1.

Figure 4.11: Mean absolute value of the synchronization averaged over all possible pairs of
64 time series as a function of coupling strength K in the Kuramoto model.

A similar treatment is observed for the VG and the HVG similarity measures. However, compared to the r, the sharp increase happens in smaller K
when using the original VG. The behavior of the HVG as well as the PLI
and the PC measures are in close agreement with the results for r. The
ImPC generally under estimated the true synchronization in the model. Its
results starts to increase for K > Kc , but never reached values much higher
than 0.2 even for very high coupling strength K. Note that the SS-VG and
the SS-HVG results (not shown here) show behavior similar to the VG and
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the HVG results and similar to the chaotic analysis, they lead to no significant improvement on the results. It is worth mentioning that the value
of synchronization should be theoretically equal to zero for K < Kc . The
non-zero values below Kc merely reflect fluctuations in the simulation due
to a finite number of oscillators.

4.6

Application of HVG-based Synchronization Measure to Real Data

Our analysis showed that the HVG-based synchronization measure is a capable and accurate method for finding synchronization between signals. As a
further study, the presented HVG-based synchronization method is applied
on the brain EEG data to construct correlation (or adjacency) matrix of the
brain. For this purpose, we use the data-set that is described in [77] for a
healthy and a disabled subject (male, 51 years old) with Multiple Sclerosis
(MS) disorder. The EEG was recorded at 2048Hz sampling rate from 16
electrodes placed at the standard positions of the 10-20 international system. The indices of the 16 electrodes are: FC1, C3, CP1, P7, P3, Pz, O1,
Oz, O2, P4, CP2, C4, FC2, P8, Fz and Cz.
The correlation matrix for the healthy subject is shown in Fig. 4.12.a. A
Healthy brain network can be described as an intermediate between three
extremes: a locally connected, highly ordered network; a random network;
and a scale-free network [171]. Order is reflected in the high clustering of
regular brain networks, whereas randomness (low order) is reflected in short
path lengths. The scale-free component, characterized by a high diversity
in node degree and high hierarchy, is indicated by the presence of highly
connected hub nodes. The composite of these attributes in normal brains
results in a heirarchical, modular network. It is clear that by using the
HVG-based method a consistent network with the above definition for a
healthy brain is achieved. The correlation matrix of the subject with MS
disorder is shown in Fig. 4.12.b. It has been shown that the functional
connectivity decrease in the brain network of MS patients [151]. In order
to better understand the effect of MS on the synchronization between brain
channels, the synchronization difference between the healthy and patient
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subject is shown in Fig. 4.12.c. Significant losses of synchronization are
observed between PzP3, PzCP1, PzCP2, Pz FC2, O1 P3, C4 P3, CP2 Fz
and CP2 Cz. These results depicts that a significant MS lesion has been
formed on the top of the brain. MS lesions cause segmental demyelination,
axon energetic failure and axonal transection, which have a profound impact
on nerve transmission and loss of synchrony by blocking nerve conduction.

4.7

Summary

The synchronization measures based on the visibility graph were used as
a new way to detect synchronization between signals. By carrying out the
VG algorithm, the data are transformed from the time domain to the graph
domain, which allows for the dynamic of the time series to be studied via the
topology of the graph network. The capabilities of the VG-based measures
were analyzed by applying them to chaotic Rössler, noisy Henon systems
and stochastic Kuramoto model. Our analysis showed that the HVG-based
synchronization measures have a good performance in detecting the synchronization between chaotic and stochastic time series. Furthermore, compared to the original VG measure, the HVG-based measure is more capable
of detecting synchronization. Mapping the time series to the state-space
and then applying the VG-based measures led to no improvement or no significant changes in the results. It means that the VG algorithm can capture
the dynamic of high dimensional time series quite well. On the other hand,
the VG-based measures showed sensitivity to noise. They have reasonable
performance on detecting synchronization with a low amount of noise; however, they did not have good a capability in the high noisy systems. To
summarize, the HVG-based synchronization measure is reliable and robust
in detecting synchronization in chaotic and stochastic time series. It also
outperforms other common measures in detecting synchronization in noisy
systems.
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(a)

(b)

(c)

Figure 4.12: The synchronization matrix of a) the healthy and b) the subject with MS and
c) difference between synchronization matrix of the healthy and patient subjects
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Chapter 5
Brain Volume Conduction Analysis
Understanding how the joint dynamics of different brain regions gives rise
to function is an interesting and challenging issue. EEG recordings, due
to their high temporal resolution and non-invasiveness, are often employed
to investigate how brain activity is modulated in different brain disorders
or conditions. However, one of the main issues associated with the EEG
signals is the low spatial resolution due to the head volume conduction.
It is well known that the electrical activity measured at sensors level is a
mixture of the source activity coming from all the sources in the brain.
In other words, the spherical geometry of the head and the presence of
several tissues with different electrical properties between the cortex and
the scalp distort the electric field generated by active neurons, so that it
is not possible to associate a single brain area to each electrode. The high
correlation between signals recorded from neighbouring electrodes at scalp
level leads connectivity algorithms to estimate inaccurate patterns including
spurious links and to taint results with poor interpretability.
Volume conduction in the brain may influence the synchronization between
EEG signals considerably, as it may lead to detection of spurious functional
couplings among the recording channels. In Chapter 4, we showed that the
synchronization measure based on the HVG algorithm is a capable technique
for finding synchronization among chaotic, noisy and stochastic signals. In
this chapter, the reliability of the VG-based synchronization measures is
investigated in the presence of the volume conduction effect in EEG time
series. For this purpose, the effect of volume conduction in EEG signals is
mimicked by using the Kuramoto model (see Appendix D). To evaluate the
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performance of the VG-based measures, the results will be compared with
some selected synchronization measures (see Appendix A).

5.1
5.1.1

Volume Conduction in Brain
Brain Activity

A brain works as a complex, integrated information-processing and control
system that coordinates thought, emotion, behavior, movement and sensation of a human. The brain is made up of billions of glial and neurons (or
nerve) cells. Glial cells make up 90 percent of the brain’s cells and perform
many important functions, such as digestion of parts of dead neurons, manufacturing myelin for neurons, providing physical and nutritional support
for neurons, and more. Neurons are electrically excitable cells that send and
receive electro-chemical signals to and from the brain and nervous system
(see Fig. 5.1). Generally, a nerve consists of a neuron body (or soma, the
bulbous cell body which contains the cell nucleus) with branching dendrites
(or signal receivers, the part that looks like tree branches), and the axon, a
long single cellular filament that transmits messages from the cell body to
dendrites of other neurons. At the other end of the axon, the axon terminals
transmit the electro-chemical signal across a synapse (the gap between the
axon terminal and the receiving cell) [33].
The neuron's lipid membrane forms a separation between the extracellular space around the neuron and its intracellular fluid. The membrane
is forming a barrier to many proteins, molecules, and ions dissolved in the
intracellular and extracellular fluids and is permeable to only a few ions,
notably sodium (Na+), potassium (K+), and chlorine (Cl-). Every neuron
at rest maintains a voltage gradient (on average: 70 mV) across its membrane, due to the differences in the concentrations of ions inside and outside
the cell. When a neurons membrane is excited by some stimuli, the neural
membranes permeability and excitatory postsynaptic potentials (EPSPs)
are generated at its apical dendritic tree. The apical dendritic membrane becomes transiently depolarized and consequently extracellularly electronegative with respect to the cell soma and the basal dendrites. This potential
difference causes an electro-chemical current to flow between the source
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Figure 5.1: Cellular structure of neurons and synaptic transmission.
(source by: https://www.wikipedia.org)
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represented by the non-excited membrane of the soma and basal dendrites
and the sink located at the level of the apical dendritic tree sustaining the
EPSPs [12] (see Fig. 5.2).
Some of this generated current takes the shortest route by traveling
within the dendritic trunk and axon. This part of the current is called the
primary current since they are the sources of interest that reflect directly
the activity of the corresponding neurons. The neurons (and consequently
their primary currents) are embedded in a conductive medium, i.e. the
brain layers and brain liquor, skull and scalp. Therefore, the current also
flows through these conductive media with current paths taking increasingly
more remote. This part of the current is called the secondary or volume
current (see Fig. 5.2). Even though current density rapidly drops off with
increasing distance from its source, some currents at least theoretically,
flows even through the most distance part of the conductive medium. Due
to the electrical currents, a magnetic field is generated around the neuron.
The electrical and magnetic fields can be spread out up to the surface of
the scalp. However, these fields are very small due to the small size of the
neurons, therefore a large number of neurons should be excited to generate
the measurable value of the electrical and magnetic fields [12].
5.1.2

Volume Conduction Problem

The electrical currents of neurons in the brain spread through the head
(as a conductive volume) and also reach the scalp surface, and resulting
voltage differences on the scalp that can be recorded as the EEG. Similarly,
the generated magnetic field by neurons can be measured above the scalp
surface as the MEG.
Pyramidal neurons of the brain cortex are spatially aligned and perpendicular to the cortical surface (see Fig. 5.3). Also, it is a pretty good
approximation to consider the shape of the brain as a sphere. Hence, pyramidal neurons may have different orientations, i.e. radial, tangential and
oblique, with reference to the sphere-shaped brain. The distinction between
radially and tangentially oriented sources is based on the local curvature of
the inner skull; however, it also corresponds to the cortical anatomy, reflecting the orientation of the neuron layer [73]. Since the magnetic and
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Figure 5.2: The primary and the secondary electrical field lines around a neuron. The
direction of the magnetic field generated by the electrical currents is also shown by a wide
arrow.

electric fields are perpendicular to each other, it is clear that radial neurons
do not produce a magnetic field outside the sphere. Therefore, the radial
sources do not contribute significantly to the MEG signals. On the other
hand, the scalp EEG is sensitive to both tangential and radial components
of the electric currents in the brain [38]. It has been shown that that EEG
is approximately 6 to 12 times more sensitive to radially oriented sources
compared with MEG [38].
The brain, the skull, and scalp have different conductivities as the skull
has a higher electrical resistance than the brain. The magnetic fields detected by MEG are not distorted significantly by the skull and scalp, whereas
the electrical signals detected by the EEG spread laterally when reaching the
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Figure 5.3: Various orientation of neurons in brain. The EEG is sensitive to the radial and
tangential sources whereas the MEG is most sensitive to the tangential sources.
(source by: http://www.humanconnectome.org/about/project/MEG-and-EEG.html )

skull due to the change in the electrical conductivity. Therefore, due to various tissue conductivity of the volume (i.e. brain, cerebrospinal fluid, dura,
skull, and scalp (see Fig. 5.4), the source activations are instantly mixed
resulting in electrical potentials that are measured. In other words, due to
the propagation and mixing effects (so-called as the volume conduction artefact), each EEG/MEG channel records instantaneous linear superposition
of multiple brain source activities instead of the activity of just the brain
source in its vicinity (see Fig. 5.5). When the activity signal of each brain
source passes through the volume, it is spatially filtered and spreads out
across the EEG/MEG recording sensors [129]. Consequently, the apparent
functional/effective connectivity network of EEG/MEG channels may differ
from that of distinct cortical brain regions. The volume conduction effects
may lead to the detection of spurious functional/effective couplings among
EEG/MEG channels even if all the brain sources are independent [161].
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Figure 5.4: Brain covering layers with different electromagnetic conductivity properties.
(source by: https://commons.wikimedia.org)

Figure 5.5: Schematic effect of volume condition artefact on EEG signal recording. The
dashed arrows show the activity of each region (highlighted points) that is recorded by
the EEG recording terminal and the thick lines represent the synchronization among the
regions.
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5.2
5.2.1

Modeling Volume Conduction Problem
Mathematical Representation of Brain Volume Conduction

In order to understand the relationship between EEG time series and the
underlying primary source configuration, various techniques (such as the
concentric-spheres model [170]) can be used. The dipole approximation to
cortical current sources provides a basis for any realistic source model of
EEG. It is based on the idea that at large distances, any complex current
distribution in a small region of the cortex can be approximated by a dipole
moment per unit volume, P~ (~r, t) [A.s/mm2 ], which is a vector field and is
also called the polarization density [129]. The strength of the dipole moment
depends not only on the strength of the individual sources, but also on their
spatial distribution within the tissue mass. The relationship between the
scalar potential of the scalp, Φ(~r, t) and P~ (~r, t), can be written in terms
~ E (~r, r~0 ) that describes the head volume
of the vector Green's function G
conductor. In other words, the scalp potential may be approximated by the
following integral over the cortical volume V :
ZZZ
~ E (~r, r~0 ) · P~ (r~0 , t)dV (r~0 ),
Φ(~r, t) =
G
(5.1)
V

where dV (r~0 ) represents the volume element. Here, the Green's function for
concentric spheres [170] depends only on the properties of VC in the head
and expresses the relationship between a unit source at location r~0 [mm] and
the measurement point on the scalp surface ~r [mm]. The potential anywhere
on the scalp surface is then expressed as an integral (or weighted sum) of
contributions from all sources in the brain. The weight given to each source
within the volume of the brain depends on the locations and conductivities
of the different tissues in the head. However, if we assume all of the sources
are in the cortex, the sources can be reasonably assumed to be oriented
normal to the cortical surface. In this case, the above equation reduces
to an integral over the surface of the brain, and the potential recorded
by every EEG terminal on the scalp surface can be approximated as a
linear superposition of electric fields from all sources in brain. The linear
superposition of electric fields allows the assumption that each electrode
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records an EEG signal that is a linear mixture of all underlying sources of
electrical activity.
5.2.2

Generating EEG Signals

In order to generate superimposed EEG signals, the Kuramoto model [101]
is used. The details of the model are presented in Appendix D. According
to Eq. D.6, the time series corresponding to oscillator i of the model at
time t is obtained as
xi (t) = A sin θi (t).
(5.2)
As mentioned earlier, the VC produces an instant zero-lag correlation
among the brain sources, and it is commonly represented as a linear mixture
of the sources [139]. In order to add the VC effect to the model, we generated
64 EEG time series with mean frequency 10Hz (corresponding to the alpha
band) and different degrees of overlap. Also, for simplicity, we set γ = 1
in the Kuramoto model (see Eq. D.5). Then, the voltage yi (t) of the i-th
EEG channel at time t is defined as:
m=i+i
X0
1
yi (t) =
xm (t),
2i0 + 1 m=i−i

(5.3)

0

where the so-called overlapping parameter i0 = 0, 4, 8 determines the contribution of multiple sources to each EEG channel, and 2i0 is the number
of shared oscillators for consecutive EEG channels. Note that a periodic
boundary condition is imposed in Eq. 5.3, i.e., θi+M = θi and Oi+M = Oi .
Figure 5.6 shows the EEG time series of an identical oscillator with i0 = 0
and 8 for weak and strong coupling strengths, respectively. One can see that
for vanishing coupling strength (i.e., K = 0), the generated signals show
random behavior due to the phase delay among oscillators. However, by
increasing the coupling strength, the signals become similar and synchronize
quite well.
It is clear that Eq. 5.3 is a simple mixing formulation, as several time
series are added together in a linear fashion to represent the VC effect.
According to the literature, there are various and more complex techniques
to capture the VC effect more realistically [115, 133]. However, applying a
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(a)

(b)

Figure 5.6: Generated EEG signal from an identical oscillator with contribution of different
sources when a) K = 0 and b) K = 8.

linear mixing equation such as Eq. 5.3 is fairly reasonable to demonstrate
the VC effect at a fundamental level [172, 190], which is the purpose of this
work. Models of coupled oscillators have been widely used to understand
the behavior of various systems in neurology as well as other disciplines.
These systems have been observed to synchronize themselves to a common
frequency when the coupling strength between the oscillators is increased
[71, 101]. In order to figure out the collective phenomena when finite-range
interactions are considered, it is of fundamental importance to study and
understand the case of nearest neighbor interactions, which is the simplest
form of local interactions. In this context, the original Kuramoto model
with nearest neighbor coupling in a ring topology is a reasonable method
to describe the behavior of coupled systems with local interactions.
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When using the Kuramoto model, one assumes that the activity of a local
system (e.g., a neuron or cortical area) can be sufficiently represented by
its circular phase alone as long as the coupling is weak and the subsystems
are nearly identical. Although dynamics restricted to a scalar phase measure for each subsystem may seem highly restrictive, Kuramoto [101] showed
that interactions among these entities, which collectively constitute a dynamical structure at the next-to-coarsest spatial scale, are then introduced
by a simple algebraic form that captures the essential characteristics of their
exchanges, such as post-synaptic transmembrane perturbation. This phase
reduction approach has now become a standard technique in computational
neuroscience [51, 52, 70, 27, 23], which has offered a direct link between
computational models of neurons and models of weakly coupled phase oscillators, permitting a variety of insights into the relationship between the
phase response curve and the nature of synchronous activity at the neuronal
level.
In the brain, the axons or outputs of the neurons connect via synapses
to the dendrites, or inputs, of other neurons (see Sec.5.1.1). The synapses
secrete electrochemical neurotransmitters to the dendrites; these neurotransmitters can have an excitatory or an inhibitory influence on the firing
of the neurons they connect to [86]. From this simple representation, we
can see that the Kuramoto model has some similarities and some differences
to the observed behavior in the brain. The model describes each oscillator
as having a natural frequency, which could be seen as corresponding to
the natural firing rate of a neuron [114, 79, 67]. Therefore, the Kuramoto
model could be a fair approximation of a small network of densely connected neurons as a purely phenomenological model, which allows analytical
studies of synchronization phenomena. However, it is certainly not true for
large populations of neurons distributed across the cortical sheet. In order
to make the system more neurobiologically reasonable, some less restrictive
assumptions should be applied with regard to connection topology and interaction functions. Breakspear et al. [23] reviewed this simplified model of
coupled phase oscillators in the context of models of complex neurobiological systems and found that it captured the core mechanisms of neuronal
synchronization and a broad repertoire of rich, nontrivial cortical dynamics.
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5.3

Synchronization Measures vs. Volume Conduction Effect

Figure 5.7 shows the mean synchronization (or coupling degree) obtained
by the HVG-based measures as well as various selected synchronization
measures (see Appendix A) as a function of coupling strength K and degree
of overlap. Note that each mean value was calculated by averaging over all
possible pairs of 64 modelled EEG time series in the Kuramoto model.
Theoretically, the global coupling exhibits a critical value Kc , for which
the network exhibits a synchronization transition between an incoherent
motion of the oscillators (K < Kc ) and partial synchrony (K ≥ Kc ). In the
case of an infinite number of oscillators, the network synchrony increases
sharply from zero, below Kc , to a positive value. However, for finite-sized
networks, a similar but smoother transition is observed in the behavior of
the coupling. As mentioned earlier, in this work we set γ = 1 which resulted
in Kc = 2. Hence, theoretically, we expected that the synchronization
measures should start with zero when K < 2, show a bifurcation or sharp
peak at K = 2, and then ascend continuously for K > 2. As shown in
Fig. 5.7, the ascending behavior of synchronization as a function of K was
observed for all measures. The non-zero values below Kc merely reflect
fluctuations in the simulation due to a finite number of oscillators. The
relative increase in synchronization started at Kc = 2 for the ImPC, PC,
and PLI measures that were exactly the same as the theoretical value. For
the rest of the measures, the sharp increase started at lower values than the
analytically expected value.
In the case in which i0 = 0, the linear CC measure (see Fig. 5.7.a) started
with a small value when K = 0 and stayed at relatively low levels for K < 1.
The CC approached full synchronization around K = 5. By switching on
the linear mixing among the time series, the entire curve of the CC was
shifted toward a higher level for all K < 5. Also, increasing the level of
overlap among the channels from i0 = 4 to i0 = 8 led to larger values for
the synchronization only when K < 2. The CC showed full synchronization
for the overlapping cases when K > 2. Therefore, we can conclude that the
CC measure was sensitive to true changes in coupling strength and correctly
94

CHAPTER 5. BRAIN VOLUME CONDUCTION ANALYSIS

((a))
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((c))

((d))

((e))

((f))

Figure 5.7: Mean synchronization as a function of coupling strength K in the Kuramoto
model for different overlapping parameter using a) the CC, b) the Coh, c) the SL, d) the
ImPC, e) the PC, f) the PLI, g) the OVG and h) the HVG synchronization measures.
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((g))

((h))

Figure 5.7: continued...

predicted a small value for K = 0. However, it did not conform well to
theory, as it showed a peak in the synchronization around K = 1 instead
of the theoretically expected value Kc = 2. Furthermore, the CC was quite
sensitive to the VC effect that changed the predicted synchronization as a
function of K.
The Coh measure overestimated the synchronization for cases with low
coupling strength (i.e. K < 1, see Fig. 5.7.b). The overlap between the
channels showed an upward displacement of the Coh curve, especially for
K > 2. Similar to the CC, we conclude that the Coh measure was sensitive
to the spurious influence of common sources. Interpreting the results of the
SL measure (see Fig. 5.7.c) is difficult due to the fluctuating behavior of
the curve. However, the large fluctuations reflect the fact that the measure
cannot be sufficiently adopted to the broad frequency spectrum of the Kuramoto model. It can be seen that with high overlap of the EEG signals (i.e.,
i0 = 8), an upward shift in the coupling degree was observed for K < 1.5.
The results for ImPC (see Fig. 5.7.d) showed that in the absence of VC,
ImPC started at a very small value for K = 0 and almost remained at
this low level for K < 2. By increasing the coupling strength to values
higher than 2, synchronization increased but never reached values higher
than 0.22, even for a very high coupling strength K. Therefore, we can say
that the ImPC systematically underestimated the true coupling strength
in the model. By switching on the linear superposition, ImPC increased
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for K ≤ 2.5 and decreased for K > 2.5. Hence, the effects of linear mixing
further decreased the modest sensitivity of ImPC to the increase in coupling
strength.
In the absence of overlap, the PC (see Fig. 5.7.e) can capture the true
amount of correlation, since it is directly linked to the formulation of the
Kuramoto model. Hence, this method can be chosen as a standard measure
to validate other methods only when i0 = 0. It can be seen that the PC
stayed at relatively small values for K < 2 (see Fig. 5.7.d), then showed a
bifurcation at the critical level of K = Kc = 2 and furthermore increased
continuously for K > 2. The PC averaging at ∼ 0.85 for K > 5 meant
that a considerable number of oscillators were not yet synchronized. If the
coupling strength increased further (K > 8), clusters progressively merged
to form bigger clusters, finally merging into a single cluster that resulted
in full synchronization. By changing the overlap between time series from
i0 = 0 to i0 = 4, the entire PC curve was shifted towards a higher level for
all values of coupling strength. Also, the relative increase in PC started at
K < 2. Increasing the level of overlap i0 = 4 to i0 = 8 showed an upward
displacement of the curve, but only for values of K < 2.5. For i0 = 8,
the relative increase in PC started at even lower values of K compared to
the case in which i0 = 4. Therefore, it can be concluded that the PC was
sensitive to true changes in coupling strength K and was quite sensitive to
spurious influences of linear mixing, which changed both the absolute values
as well as the qualitative behavior of PC as a function of K.
The PLI (see Fig. 5.7.f) showed low values for K < 2 for i0 = 0 and
increasing values for higher K. This behavior is consistent with the theory.
By adding the effect of VC, the PLI increased slightly for K < 2.5 and
decreased for K > 2.5. It is clear that the PLI underestimated the true
level of synchronization for high values of K in cases with the effect of
linear mixing. There was no clear difference between cases i0 = 4 and
i0 = 8. Thus, PLI showed the expected increase as a function of K, but
compared with PC or CC, it was less sensitive to the spurious influence of
common sources.
In the case of no overlap, both the OVG and the HVG measures showed
very good performance for K < Kc (see Figs. 5.7.g and 5.7.h). Both meas97
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ures predicted small values until K reached a critical value 1.5 < K < 2,
and then rapidly increased toward the asymptotic value of 1. By comparing
the OVG and HVG results with the PC curve at i0 = 0, it is clear that
the OVG and HVG measures predicted full synchronization for K > 5 and
K > 7, respectively, which means overestimated correlations. By adding the
effect of linear mixing (i0 = 4), the OVG increased slightly for K ≤ 0.5 and
for K ≥ 1.5 as well. A decrease in the level of synchronization was observed
when 0.5 < K < 1.5. Increasing the level of overlap i0 = 4 to i0 = 8 showed
more displacement of the OVG curve. The HVG showed good performance
against the spurious influence of common sources, as displacement in the
HVG curve was very small compared to the other schemes. Therefore, we
can conclude that both the OVG and the HVG synchronization measures
had fairly good capability to predict the true synchronization between time
series, for a wide range of coupling strengths, affected by the linear mixing. However, the HVG had a better capability, was superior to the other
measures, and is very promising for estimating the synchronization among
real EEG brain signals, especially when the coupling among brain regions
is weak.
Figure 5.8 shows the correlation matrix between 64 pairs of oscillators
for K = 2.5 and different overlapping parameters when the HVG synchronization measure was applied. The values of this matrix describe the amount
of synchronization (or coupling degree) between oscillators. Each correlation matrix is equivalent to a weighted graph (or network) that is used
for calculating network measures. It is worth mentioning that a weighted
graph is visualized either as a correlation matrix or a node-link diagram.
In Figure 5.8, the weighted graph is visualized as a correlation matrix, as
the weight of connections is mapped to the color of the corresponding cell.
In Figure 5.9, the node-like diagram of the weighted graph corresponding
to Figure 5.8.b is shown. Again, the colors represent the weight of the connections. Fig. 5.8 shows that by increasing the VC effect, the values of
synchronization in all increases.
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(a)

(b)

(c)

Figure 5.8: Averaged correlation (or adjacency) matrix for a) i0 = 0, b) i0 = 4, and c)
i0 = 8 when applying the HVG-based synchronization algorithm on the Kuramoto model
with K = 2.5.
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Figure 5.9: The node-like diagram of the weighted graph corresponding to Figure 5.8.b.

5.4

Effect of Volume Conduction on Network Measures

It can be seen from Fig. 5.9 that a functional brain network is composed
of many nodes and links, and as they rise in complexity, their comparison
becomes challenging. However, various network measures can be used to
analysis the networks and characterize one or more aspects of local or global
brain connectivity. In this section and after applying the HVG-based measure for constructing the correlation matrix, the effect of volume conduction on some selected functional network measures, including the clustering
coefficient, betweenness, eigenvalue centrality, and the largest eigenvalue, is
analyzed (see Sec. 2.2.2).
The mean clustering coefficient of the network calculated by the selected
synchronization measures is shown in Figs 5.10.a to 5.10.h. Theoretically,
for a weakly coupled network, the clustering coefficient is 0 or very close
to 0. The value of the clustering coefficient reaches 1 for a fully coupled
network. Therefore, in our study, we expected to get a small value for the
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clustering coefficient when K → 0 that was evident in the results calculated by all of the synchronization measures except the Coh. By increasing
coupling strength (i.e., for K > Kc ), the time series became more and more
synchronized as a complete network is formed, in which each link had a
weight equal to 1.
The trend of the clustering measure in the presence of the overlapping
effect depends on the selected synchronization measure. According to the
results of Fig. 5.10, we can say that the clustering coefficient was not sensitive to the overlap for a wide range of coupling strengths if the PLI or
HVG were applied as the synchronization measures. For weakly coupled
networks (i.e., for K < Kc ), the clustering coefficients calculated by the
SL, ImPC, and the OVG were not affected by the overlapping effect either.
Therefore, the clustering coefficient can be selected as a measure to analys a
functional brain network affected by the VC if one of the above-mentioned
synchronization measures are applied, depending on the coupling strength.
The behavior of the betweenness centrality calculated by various synchronization measures is shown in Figure 5.11. As mentioned earlier, the
betweenness centrality measures the extent to which a node lies on paths
between other nodes. Theoretically, for a weakly coupled network (i.e.,
K → 0) we should obtain a large value for the mean betweenness centrality. The reason is that, due to the weak coupling, there is no direct link
between some nodes, and as a result, some other nodes may always lie on
paths between many other pairs of vertices. Nodes with high betweenness
usually have significant influence within a network by virtue of their control
over information passing between others; their removal from the network
will most likely disrupt communication between other vertices, because they
lie on the largest number of paths taken by messages. By increasing the
coupling strength to larger values (i.e., K > Kc ), the averaged betweenness
centrality approaches 0, because the network becomes a complete network
in which all pairs of vertices are connected to each other with a direct link
or path. The betweenness values calculated by all of the selected synchronization measures, except the Coh, show similar behavior, i.e., starting from
a large value when K = 0 and approaching 0 by increasing the coupling
strength.
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Figure 5.10: The clustering coefficient value as a function of coupling strength K in the
Kuramoto model for different overlapping parameters using a) the CC, b) the Coh, c) the
SL, d) the ImPC, e) the PC, f) the PLI, g) the OVG, and h) the HVG measure.
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((g))
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Figure 5.10: continued...

Generally, by increasing the overlap, the betweenness centrality should
decrease if the synchronization measure is sensitive to linear superposition.
Our study showed that the betweenness centrality remained almost completely insensitive to the overlapping effect for all K values if the SL was
chosen as the synchronization measure. Furthermore, the ImPC is a good
choice for calculating this network measure for low and moderate coupling strengths (i.e., K ≤ 2.5). For fully coupled systems, the PLI method
could be a suitable choice for calculating the betweenness centrality in the
presence of the overlapping effect.
The largest eigenvalue and the eigenvector centrality of the network
versus the coupling strength are shown in Fig. 5.12 and Fig. 5.13, respectively. Generally, in the absence of the VC effect, by increasing the coupling
strength, the network becomes denser, and all nodes are connected to each
other with strong weights. Therefore, the network approaches a 63-regular
graph that results in the largest eigenvalue being equal to 63 for large enough
coupling strengths. This behavior was observed in the results of Fig. 5.12
as the largest eigenvalues, calculated by all the synchronization measures,
increased as the coupling strength increased, and finally approached 63 for
high values of K. These results show that the largest eigenvalues computed
with the PLI and coupling degrees by the OVG and the HVG were not very
sensitive to the effects of linear mixing. Furthermore, for systems with weak
coupling (i.e., K ≤ Kc ), the largest eigenvalue calculated by the SL and the
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Figure 5.11: The mean betweenness centrality as a function of coupling strength K in the
Kuramoto model for difference overlapping parameters using a) the CC, b) the Coh, c) the
SL, d) the ImPC, e) the PC, f) the PLI, g) the OVG, and h) the HVG measure.
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Figure 5.11: continued...

ImPC were insensitive to the overlapping effect. In other methods, when the
overlapping effect increased, the largest eigenvalues increased as a result. As
we pointed out earlier, the eigenvector centrality value of a d-regular graph
is a constant vector. This is observed in Fig. 5.13, demonstrating that in the
absence of linear mixing, the eigenvector centrality approached ∼ 0.125 for
all highly coupled cases. By switching on the overlapping effect, the values
of the eigenvector centrality in weakly coupled cases grew and approached
0.125. It can be seen that the eigenvector centrality calculated by the Coh
method was constant for all values of K, whereas the eigenvector centrality
calculated by all other methods started from a lower value and then rose to
its final value by increasing the coupling strength.
As shown in Fig. 5.7.b, the Coh method overestimated the synchronization when K → 0. Hence, its corresponding largest eigenvalue and the
eigenvector centrality were overestimated as well. However, it can be seen
that the eigenvector centrality calculated by the Coh was not sensitive to
the effects of linear mixing. A similar behavior was also observed for this
network measure if it was calculated by the OVG. Generally, the eigenvector
centrality values calculated by all other synchronization measures were not
sensitive to the overlap in time series if K > Kc .
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Figure 5.12: Largest eigenvalues as a function of coupling strength K in the Kuramoto
model with different overlapping parameters using a) the CC, b) the Coh, c) the SL, d)
the ImPC, e) the PC, f) the PLI, g) the OVG, and h) the HVG measure.
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Figure 5.12: continued...

5.5

Discussion

By using the Kuramoto model, we investigated the sensitivity of various
selected synchronization measures to the volume conduction effect. The CC
measure is the oldest and most commonly used measure of synchronization
of two time series. The value of the time lag is taken as an estimation of
the delay between the time series, under the implicit assumption that they
are linearly related. However, this delay cannot be directly regarded as a
measure of the propagation time of the electrical signal in the brain [141].
The CC has been effective to study neuronal systems containing dominant
unidirectional interactions, as the time-lagged maximal correlation and the
magnitude of correlation can be informative to information flow between
brain areas [5]. Our results showed that the CC measure was sensitive to
the linear mixing effect, which is in line with findings that the presence of
several kinds of artefacts might cause a loss of information and alteration in
the results of CC analysis [164]. However, the CC remains one of the most
widely used measures to reveal the correlation among EEG time series in
brain studies.
The Coh quantifies linear correlations between two time series in the frequency domain. The Coh is sensitive to both phase and amplitude relationships between the time series. Therefore, the relative importance of amplitude and phase covariance in this index is not altogether clear [104, 182].
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Figure 5.13: The mean eigenvector centrality values as a function of coupling strength K
in the Kuramoto model with different overlapping parameters using a) the CC, b) the Coh,
c) the SL, d) the ImPC, e) the PC, f) the PLI, g) the OVG, and h) the HVG measure.
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Figure 5.13: continued...

It should be mentioned that by using the Coh measure alone, we could
not determine the directionality of the network interaction. Also, the exact
amplitudes of the network interaction are not the same as region-to-region
coherence amplitudes. The Coh provides a global estimate of all important regions of network activity regardless of source amplitudes. Thus, this
measure is an appropriate choice for estimating correlation among long time
series that persist for extended durations [19].
The main weakness of the Coh measure is that it is strongly affected by
VC. The ImPC is aimed at eliminating all sources of extraneous coherence
that are a consequence of instantaneous activity [126]. Hence, the ImPC
captures true source interactions at a given time lag. The ImPC has gained
traction during the past years in EEG connectivity studies [49]. An important property of the ImPC is that its non-vanishing finite value cannot
be caused by a linear mixing of uncorrelated sources and thus reflects true
interactions of the sources underlying the two time series [172].
However, in some situations, the functional connectivity estimate based
on ImPC becomes negligible, even in the presence of a significant true interaction, e.g., the phase difference between two time series is near 0 or
π [172]. To overcome this issue, the PLI was introduced by Stam et al.
[172]. The PLI is an alternative measure of phase synchronization reflecting the strength of the coupling by looking for consistent, non-zero phase lag
between two time series. The PLI measures phase synchronization based
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on the asymmetry of the distribution of instantaneous phase differences
between two time series, which is determined using the analytical signal
based on the Hilbert transform. True interaction between two neural sources
results in a coherent phase relationship between their corresponding time
series at a value different from 0 and π. The idea behind the PLI is to
discard phase differences that center around 0 mod π, which can be done
by defining an asymmetry index for the distribution of phase differences
when the distribution is centered around a phase difference of 0 [69]. Our
simulations showed that the PLI was able to detect synchronization in the
Kuramoto model with moderate K. With very high values of coupling
strength, the mean phase difference between all the oscillators vanishes,
which might explain why the PLI did not reach a value of one. Although
the PLI was not insensitive to linear mixing, these effects were clearly smaller than other measures. This readily suggests that the PLI could be a more
reliable measure of true synchronization compared to other measures such
as CC, Coh, or ImPC. However, it is worth mentioning that the sensitivity of the PLI to noise is hindered by the discontinuity in the measure, as
small perturbations may turn phase lags into leads and vice versa. In other
words, in case of noisy time series, where phase difference values close to
zero may change from leads to lags due to the presence of noise, the PLI
is biased and loses some ability to detect changes in phase synchronization,
especially in cases of weak coupling [183]. This problem can be solved by
using the weighted formulation of PLI, in which not only the phase but
also the amplitude of the imaginary part of the cross spectrum is taken into
account [183].
If one is only interested in the relationship between the phases without
any influence of the amplitudes, then other methods such as PC should
be applied. It is well known that the instantaneous phases of two coupled
time series may be strongly synchronized even if their amplitudes remain
independent, a state referred to as phase coherence [143]. The PC between
two time series appears when time series are coupled in a broad range of
structures. Hence, time frequency analysis of phase synchronization is popular in research on brain network identification. The PC is better used for
short duration events where phase is used to determine how much the two
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recording sites are interacting within a very narrow time window (milliseconds). However, our study showed that the PC was strongly affected by
the overlapping effect, although it still increased with increases in coupling
strength. Hence, absolute values of PC cannot be interpreted in the context of unknown effects of VC, while changes in PC between experimental
conditions could still reflect changes in coupling [172].
The SL measure is a statistical likelihood with a logical decision-making
process that determines whether the patterns are similar or not compared
with a threshold, disregarding how much similarity there is in the patterns.
However, the similarity is not considered in the decision-making process,
which may affect the reliability of the method. It has been shown that the
SL is robust to change in the sampling frequency of the data and tracks
recurrence of complex patterns with broad frequency content [121]. This
measure can be computed in a time-dependent way, making it suitable for
for the analysis of non-stationary data.
The synchronization measures based on the visibility graph were used as
a new way to detect synchronization between time series. By carrying out
the VG algorithm, the data are mapped from the time domain to the graph
domain, which allows for the dynamics of the time series to be studied via
the topology of the graph; subsequently, the structure of the time series
can be analyzed through the set of tools developed in the graph theory.
Therefore, the information on time series is obtained just by analyzing the
characteristics of the corresponding visibility graph. This mapping gains
some practical interest as it opens the possibility of analyzing a time series
from an alternative angle. In particular, it has been shown that both the
structure of complex, irregular time series and the nontrivial ingredients of
its underlying dynamics are inherited in the topology of the visibility graphs,
and therefore simple topological properties of the graphs can be used as time
series features for description and automatic classification purposes [102].
Our results showed that the HVG and OVG algorithms had a fairly good
ability to predict true synchronization between the time series affected by
volume conduction. It is worth mentioning that the presented VG-based
algorithms are computationally efficient to transform small-scale time series
to visibility graphs, but it may take too much time to deal with very large
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time series. As we discussed in Appendix 4.1, to transform a time series
of size N , it is necessary to check all the N (N − 1)/2 pairs of time series
nodes to determine whether each pair of nodes can see each other based on
the defined geometrical criteria. Therefore, the total time complexity of the
VG algorithm is O(N 2 ). In other words, the algorithm takes O(N 2 ) time
to execute to detect synchronization between two time series for the time
duration N .

5.6

Summary

Volume conduction is an important complication that may lead to spurious synchronization among correlated signals when attempting to find synchronization among EEG signals. We examined the performance of VGbased measures as well as some selected well-known synchronization measures against linear mixing as a way to model the volume conduction effect.
The EEG signals were generated based on the Kuramoto model. Our study
showed that the PLI, OVG, and HVG synchronization measures had good
performance in detecting the onset of synchronization. These measures, not
being very sensitive to the VC effect for a wide range of coupling strengths,
can be used reliably for finding synchronization among real EEG signals for
functional brain network studies.
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Chapter 6
Classification of Epilepsy and PNES
Abnormal electrical activity in the brain can cause epileptic seizures. When
a person has repeated seizures, this condition is called epilepsy. Hence epilepsy is a transient occurrence of signs and/or symptoms due to abnormal
excessive and/or synchronous neuronal activity in the brain. Pshychogenic
non-epileptic seizures (PNES) are sudden paroxysmal changes in behavior
or consciousness, that resemble epilepsy but are not accompanied by the
electro-physiological changes that characterize an epileptic seizure. During a PNES, the brain’s electrical activity remains normal but in case of
an epileptic seizure, epileptiform discharge or seizures occur. Epilepsy and
PNES often show overlap in symptoms, especially at an early disease stage.
An accurate diagnosis can only be achieved after long-term EEG recording. This is problematic because early diagnosis is important for selecting
appropriate treatments to see if any epileptiform discharge occurs and then
use those data including epileptiform discharges for further analysis.
In this chapter, we try to find discriminative features in short-term EEG
signals and brain networks in epilepsy patients compared to PNES subjects
in the absence of epileptiform discharges to effectively classify these two
groups. It should be highlighted that the classification of these disorders
using short-term epileptiform discharge-free EEG data is quite challenging.
If the EEG data that is used for analysis contains epileptiform discharges,
then the classification can be done with a very high accuracy. In Appendix
E we classified the epilepsy and PNES based on signal features extracted
from EEG data that contain epileptiform discharges.
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6.1

Clinical EEG Data

The data-set used in this section was obtained from Ghent University Hospital in Belgium with whom a larger multidisciplinary brain research program, called Neu3CA, is ongoing. The EEG recordings were obtained from
5 epilepsy and 5 PNES patients. The recordings from each patient include
27 EEG recording electrodes (based on the standard 10-20 acquisition system) and reference (G2) on the right mastoid bone plus the ground (G1) on
the left mastoid bone. The sampling rate of all data channels is 256 Hz and
the duration of each acquired raw EEG data is 3 hours. The 27 channels
are: Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8, C3, Cz, C4, T7, T8, P7, P8, P3,
Pz, P4, O1, Oz, O2, T9, T10, FT9, FT10, TP9 and TP10 (see Fig. 2.2).
For each patients group, 50 epileptiform discharge-free epochs (called
subjects) with a duration of 16 seconds and with the same classification
labels were extracted as they contain the least amount of noise or artefact.
Thus, we have 100 subjects including 50 Epilepsy and 50 PNES epoches.
Then, all epochs were band-passed filtered for the frequency range of 1-40 Hz
to further minimize contamination by high frequency artefact. Finally, each
segment is decomposed to its sub-band frequencies. The main frequency
sub-bands are delta (below 4 Hz), theta (4-8 Hz), alpha (9-13 Hz), beta
(14-30 Hz) and gamma (above 30 Hz).
To avoid overfitting, we conduct classification experiments using cross
validation. For this purpose, we randomly select 1 Epilepsy subject and 1
PNES subject where each subject includes 10 epoches with the same label.
Therefore, there are totally 5 × 5 = 25 pairs of cross-validation experiments.
The results reported below are the average of these 25 pairs.

6.2

EEG Features Analysis

For the classification purpose, the selected EEG signal features, including
energy, entropy-based features and fractal dimension-based features, are
extracted (see Chapter 2.1). Also, aiming to evaluate the ability of the extracted features to discriminate between epileptic seizure and PNES various
classification techniques are used (see Sec. 2.3.2). Table 6.1 shows the per114
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formance of the selected EEG signal features in the classification task using
different classifiers. Here, the results for two evaluation metrics, i.e. precision and recall, at different EEG frequency sub-bands are presented. It can
be seen that different sub-bands have different performance w.r.t selected
signal features. Conclusions for each individual sub-band are as following:
• In alpha-band, the spectral entropy performs best among the features
and the SVM classifier (with linear and RBF kernels) performs best
among the classification techniques. The Renyi entropy is the second
best features in the classification tasks. Besides, features such as Higuchi fractal dimension is the worst feature to distinguish subjects because it only achieves about 50% precision.
• In beta-band, all features except Higuchi fractal dimension achieve
acceptable classification results. Similar to alpha-band, the SVM (with
linear and RBF kernels) performs best among all classifiers, and the
Higuchi fractal dimension is the worst feature to distinguish subjects.
• In delta-band, Katz Fractal dimension and signal energy perform relatively better than other features. Entropy based features, including
Shanon, spectral and Renyi, did not perform well in classifying subjects. Similarly, the SVM (with linear and RBF kernels) performs best
in most features.
• In theta-band, Katz fractal dimension performs the best among all
features. But other features achieve poor performance as the precision
is around 50%. Similarly, the SVM (with linear and RBF kernels)
performs best in most features.
• In gamma-band, almost all features obtain poor performance except
signal energy. It indicates that gamma-band may not be a very effective
band for classifying the subjects in experiments.
To analysis the classification results in a more comprehensive way, the
receiver operating characteristic (ROC) curves for different sub-bands are
shown in Figures 6.1 to 6.5. Considering the the area under the curves
(AUC) we can conclude that the beta-band performs best in classifying
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Katz FD
Energy
Shanon Entropy Spectral Entropy
Precision, Recall at alpha-band
0.597, 0.4465 0.624, 0.463
0.655, 0.505
0.741, 0.639
0.641, 0.483 0.578, 0.424
0.529, 0.393
0.742, 0.641
0.582, 0.480 0.566, 0.474
0.513, 0.428
0.720, 0.621
0.697, 0.616 0.595, 0.512
0.575, 0.462
0.616, 0.495
0.602, 0.493 0.524, 0.425
0.584, 0.438
0.693, 0.598
Precision, Recall at beta-band
0.789, 0.677 0.755, 0.619
0.761, 0.652
0.743, 0.656
0.754, 0.644 0.742, 0.597
0.730, 0.605
0.745, 0.651
0.695, 0.513 0.646, 0.497
0.619, 0.474
0.716, 0.590
0.695, 0.580 0.620, 0.483
0.556, 0.454
0.716, 0.617
0.727, 0.587 0.596, 0.474
0.685, 0.528
0.737, 0.637
Precision, Recall at delta-band
0.703, 0.549
0.686,0.539
0.510,0.342
0.542, 0.412
0.665, 0.505 0.683, 0.543
0.581, 0.432
0.538, 0.426
0.501, 0.345 0.573, 0.4319
0.534, 0.3804
0.561, 0.477
0.553, 0.423 0.592, 0.485
0.475, 0.384
0.585, 0.617
0.583, 0.468 0.550, 0.457
0.503, 0.417
0.515, 0.414
Precision, Recall at theta-band
0.703, 0.549 0.686, 0.539
0.510, 0.342
0.542, 0.412
0.665, 0.505 0.683, 0.543
0.581, 0.432
0.538, 0.426
0.501, 0.345 0.573, 0.431
0.534, 0.380
0.561, 0.477
0.553, 0.423 0.592, 0.485
0.475, 0.384
0.585, 0.617
0.583, 0.468 0.550, 0.457
0.503, 0.417
0.515, 0.414
Precision, Recall at gamma-band
0.470 0.724, 0.552
0.539, 0.432
0.539, 0.340
0.481 0.686, 0.501
0.642, 0.501
0.501, 0.346
0.651 0.556, 0.442
0.488, 0.406
0.488, 0.368
0.650 0.550, 0.481
0.559, 0.478
0.505, 0.361
0.490 0.613, 0.537
0.578, 0.462
0.524, 0.415
0.583,
0.632,
0.743,
0.761,
0.632,

0.537,
0.501,
0.525,
0.548,
0.523,

0.557,
0.479,
0.555,
0.552,
0.573,

0.557,
0.479,
0.555,
0.552,
0.573,

0.736,
0.774,
0.748,
0.706,
0.724,

0.713,
0.669,
0.692,
0.667,
0.665,

0.390
0.389
0.403
0.420
0.419

0.452
0.371
0.431
0.418
0.465

0.452
0.371
0.431
0.418
0.465

0.651
0.696
0.657
0.612
0.627

0.603
0.559
0.601
0.568
0.560

Renyi Entropy

Table 6.1: Calculated classification precision and recall by using various classification techniques at different frequency
bands.
Higuchi FD
SVM (Linear)
0.545, 0.438
SVM (RBF)
0.422, 0.367
Gradient Boosting 0.552, 0.444
Decision Tree
0.514, 0.394
Random Forest
0.495, 0.406
SVM (Linear)
0.601, 0.468
SVM (RBF)
0.606, 0.476
Gradient Boosting 0.527, 0.388
Decision Tree
0.613, 0.482
Random Forest
0.537, 0.433
SVM (Linear)
0.633, 0.539
SVM (RBF)
0.569, 0.482
Gradient Boosting 0.622, 0.519
Decision Tree
0.636, 0.539
Random Forest
0.558, 0.468
SVM (Linear)
0.633, 0.539
SVM (RBF)
0.569, 0.482
Gradient Boosting 0.622, 0.519
Decision Tree
0.636, 0.539
Random Forest
0.558, 0.468
SVM (Linear)
0.331, 0.251
SVM (RBF)
0.409, 0.324
Gradient Boosting 0.382, 0.317
Decision Tree
0.468, 0.369
Random Forest
0.381, 0.353
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subjects as the AUC in the beta-band is bigger than other sub-bands for all
selected features. Also, it is observed that the gamma-band performs worst
using different features. It indicates that gamma-band is not representative
in distinguishing subjects. Furthermore, the alpha-band performs relatively
good but still far less than beta-band. The delta-band and the Theta-band
are similar to a random guess.

Figure 6.1: ROC analysis of the classification method using various EEG signal features
in alpha-band.
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Figure 6.2: ROC analysis of the classification method using various EEG signal features
in beta-band.

Figure 6.3: ROC analysis of the classification method using various EEG signal features
in delta-band.
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Figure 6.4: ROC analysis of the classification method using various EEG signal features
in theta-band.

Figure 6.5: ROC analysis of the classification method using various EEG signal features
in gamma-band.
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6.3

Functional Network Features Analysis

By applying the horizontal visibility graph algorithm, the synchronizations
among all pairs of EEGs are calculated. Then the correlation matrices
and corresponding functional brain networks are constructed to extract selected network measures, i.e. clustering coefficient, strength, betweenness
centrality, eigenvector centrality and largest eigenvalue (see Chapter 2.2).
At first, the classification techniques were applied to each network measure independently. However, the classification results were poor. Hence,
a combination of all selected features was considered as the input for the
classifiers.
The precision, recall and accuracy of the classification methods with the
best performances for the combination of all of the networks features at
different EEG bands are presented in Table 6.2. From these result, we
can say that the functional network features are not strong discriminative features to be used for the classification of the epileptic seizure and
PNES. However, from the results, we can conclude that functional network
features are robust to the classification task, i.e., different bands perform
similarly in classification precision/recall. Among different bands, gamma
band performs best while theta band performs the least. Also, among different applied classifiers, the SVM either with linear or with RBF kernel
performs best for all EEG bands. The only exception is delta band where
Random Forest classifier performs best. Note that for the gamma band the
results of the SVM (RBF) is about 5% less than the results of the Random
Forest technique.
Table 6.2: Classification precision, recall and accuracy calculated by the classifiers with
the best performance for different EEG bands.
EEG-band
Model
alpha
SVM (RBF)
beta
SVM (Linear)
delta
Random Forest
theta
SVM (RBF)
gamma
SVM (Linear)

Precision
0.6906
0.6825
0.6843
0.6492
0.7001
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Recall
0.592
0.638
0.584
0.534
0.554

Accuracy
0.592
0.638
0.588
0.534
0.554
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6.4

Microstate Features Analysis

The EEG microstate analysis is applied to extract occurrence(k), duration(k), and coverage(k) as microstate features (see Chapter 3.4). Note that
the EEG data at different bands were imported to MATLAB (vR2016a) using the EEGLAB toolbox (v14.1.2) [46, 144] for doing microstate analysis.
As we discussed in Chapter 3, the Global Field Power (GFP) is calculated
for each sampling point of each multichannel EEG data. Then all original
map topographies at the local GFP maxima are subjected to the clustering algorithm to obtain cluster microstate maps (see Fig. 3.1). However,
for each subject, there are a larger number of possible cluster microstate
maps. Fig. 6.6 shows the cluster maps for a subject with epileptic seizure
calculated from the alpha-band EEG data.
In this work, we aim to compare the cluster maps of two different groups
(i.e. epileptic seizure and PNES patient groups) and then identify patients
by using a machine learning technique. According to the above discussion,
each subject may result in different number of microstate cluster maps.
Therefore, it would be quite complicated to compare the temporal characteristics of microstates maps between the epileptic and PNES groups.
Hence, it would be ideal to have a set of global cluster maps that represent
the recordings of all subjects in both group and then fit these common maps
to the individual data for further investigations. Therefore, we apply a data
aggregation scheme for each group, as 5000 original maps at GFP(t) maxima of each subject, with the minimum peak distance of 20 microseconds,
are extracted and concatenated to create a new series of topographic original maps. This aggregated series explain variance in both our data-set
consisting of 100 subjects including 50 epileptic and 50 PNES. As the next
step, the aggregated series is submitted to the modified K-means clustering
algorithm to obtain the global microstate cluster maps (see Fig. 6.7).
In addition to selecting the number of microstates cluster maps based on
the topographies, we should review the quality of the different microstate
segmentations with respect to the goodness of fit. Hence, in order to estimate the optimum and effective number of global cluster maps, we use both
cross-validation (CV) and global explained variance (GEV) measures (see
Sec. 3.2). We chose these two measures to review the goodness of fit of our
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Figure 6.6: Different number of cluster maps for a subject with epileptic seizure calculated
from the alpha-band EEG data.

microstate segmentations, because they are polarity-invariant as is assumed
in the segmentation of spontaneous EEG data. Fig. 6.8 shows the CV and
GEV measures of fit plotted for the different EEG bands. The decision
for the right number of clusters obviously reflects a trade-off between the
goodness of fit and the complexity a high number of microstates brings to
the segmentation. The GEV criterion theoretically (and most of the time
effectively) becomes monotonically larger, when increasing the number of
clusters, and it is therefore a question of stopping when adding another
cluster does not bring a significant benefit.
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Figure 6.7: Different number of global alpha-band microstate cluster maps for both epileptic and PNES subjects calculated from the aggregation scheme.

Note, it can happen that the GEV does not monotonically increase.
This indicates that the segmentation has not arrived at the best clustering
solution, which might be overcome by increasing the number of maximal
number of iterations and decreasing the threshold for convergence, to ensure
the best solution is obtained for each number of microstates. While the GEV
does not account for complexity (i.e. degrees of freedom), the CV criterion
does. However practically, the CV criterion, pointing to the best clustering
solution at its smallest value, often reaches such a minimum only with large
numbers of clusters, which are difficult to interpret. Hence, according to the
CV and GEV plots, the optimum numbers of global cluster maps are 3 for
alpha and beta bands, and 4 for delta and theta bands. The topographies
of the global cluster maps are shown in Fig. 6.9.
Once the global cluster maps have been determined, they are fitted-back
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(a)

(b)

(c)

(d)

Figure 6.8: The CV and GEV measures of fit plotted for a) alpha-band, b) beta-band, c)
delta-band and d) theta-band.
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(a)

(b)

(c)

(d)

Figure 6.9: The topographies of the selected global microstate classes retrieved from the
clustering algorithm for a) alpha-band, b) beta-band, c) delta-band and d) theta-band.
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to each individual subject's EEG and its corresponding GFP(t) data to
define the microstates and extract different features. Back-fitting procedure assigns microstate labels to EEG data point based on which cluster map
they are most topographically similar with, using the global map dissimilarity (GMD) measure (see Sec. 3.3). Hence, in order to compute microstates
metrics, the obtained global cluster maps are fitted backward to the original data, calculating the spatial correlation between each template and
the topography at each time instant corresponding to the maximum value
of GFP. Such a procedure allows to represent the EEG time series in terms
of sequence of microstates and to extrapolate variables of interest. Fig.
6.10 shows an epoch of EEG data of two different subjects as a function of
global cluster microstates at different EEG bands. It is worth mentioning
that the unwanted noise in EEG recording can appear as a short microstate
segments after the back-fitting procedure. To eliminate this issue, the small
maps rejection algorithm is implemented to temporally smooth the microstates after the back-fitting. For this purpose, we introduce a threshold
(here: 30 microseconds) which defines the minimum duration for the microstate segments to last. Hence, the label of each microstate segment with
duration lower than the threshold changes to the next most likely microstate
cluster map as measured by the GMD measure.
After back-fitting the global cluster maps to all of the EEG data, the
microstate features, i.e. occurrence of each microstate class per second,
the average duration and the percentage coverage of each microstate class,
are calculated. These features are inputted to various selected classifiers,
independently. The classification precision, recall and accuracy are presented in Tables 6.3 to 6.5. Also Table 6.6 presents the classification results
when all three features are considered as inputs for classifiers. From these
results it can be seen that the microstate analysis in beta-band leads to
more accurate results compared to other EEG bands. Also, the kNN classifier is a superior technique for doing classification. The only exception is
when coverage(k) is the classification input, where Random Forest classifier
performs slightly better than the kNN model. Furthermore, it is observed
that the occurrence(k) is the weakest discriminative feature as it results in
overall accuracy of 68.8% with 72.8% precision and 68.9% recall, whereas
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(a)

(b)

Figure 6.10: The global cluster maps are back-fitted to the GFP curve of a) a subject with
epileptic seizure and b) a subject with PNES at beta-band for 5000 microseconds. Each
data point is labeled with the cluster map on the basis of the maximal spatial correlation
with the global template. The time period that each of the cluster maps covered is shown
by color bars.
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duration(k), coverage(k) and combination of all features, mostly result in
accuracy, precision and recall higher than 80%.
Table 6.3: Classification precision, recall and accuracy calculated by selected classifiers
at different EEG data bands when occurrence(k) is considered as the discriminative (or
input) feature for classification.
alpha
Random Forest 0.522, 0.522,
SVM (Linear) 0.516, 0.519,
SVM (RBF)
0.508, 0.519,
Decision Tree 0.480, 0.477,
kNN
0.534, 0.535,
Gradient Boost 0.526, 0.524,

beta
Accuracy, Precision, Recall
0.522 0.702, 0.763, 0.702 0.480,
0.516 0.766, 0.808, 0.766 0.326,
0.508 0.724, 0.782, 0.724 0.424,
0.480 0.666, 0.683, 0.666 0.588,
0.534 0.688, 0.728, 0.689 0.602,
0.526 0.688, 0.721, 0.688 0.614,

delta
0.480,
0.316,
0.416,
0.601,
0.615,
0.623,

theta
0.480
0.326
0.424
0.588
0.602
0.614

0.534,
0.506,
0.576,
0.558,
0.646,
0.620,

0.498,
0.512,
0.573,
0.555,
0.655,
0.632,

0.534
0.506
0.576
0.558
0.646
0.620

Table 6.4: Classification precision, recall and accuracy calculated by selected classifiers at
different EEG data bands when duration(k) is considered as the discriminative (or input)
feature for classification.
alpha

beta
delta
theta
Accuracy, Precision, Recall
Random Forest 0.552, 0.558, 0.552 0.694, 0.757, 0.694 0.506, 0.5064, 0.506 0.530, 0.539, 0.530
SVM (Linear) 0.430, 0.2539, 0.430 0.522, 0.431, 0.522 0.478, 0.336, 0.478 0.512, 0.432, 0.512
SVM (RBF)
0.498, 0.429, 0.498 0.502, 0.291, 0.502 0.514, 0.440, 0.514 0.498, 0.249, 0.498
Decision Tree 0.568, 0.5721, 0.568 0.730, 0.752, 0.730 0.544, 0.546, 0.544 0.604, 0.613, 0.604
kNN
0.576, 0.5838, 0.576 0.808, 0.839, 0.808 0.560, 0.584, 0.560 0.660, 0.668, 0.660
Gradient Boost 0.580, 0.587, 0.580 0.718, 0.751, 0.718 0.612, 0.618, 0.612 0.640, 0.653, 0.640

To further evaluate the importance of the frequency bands, some other
tests are performed. For this purpose, each microstate feature (i.e. occurrence(k),
duration(k) and precision(k) and also combination of all three features) in
all bands (i.e alpha, beta, delta and theta) is inputted to classifiers independently to measure accuracy, precision and recall of the classification.
The results of this test are shown under the header of All in Table 6.7.
Then, we eliminate one of the frequency bands and do the classification
again. The results are shown as All-alpha, All-beta, All-delta and All-theta
in Table 6.7. The results show that the alpha, delta and theta bands do
not contain important data for microstate analysis as by eliminating them
from the classification procedure, the accuracy, precision ad recall not only
does not decrease significantly, but also become pronounced for some cases.
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Table 6.5: Classification precision, recall and accuracy calculated by selected classifiers at
different EEG data bands when coverage(k) is considered as the discriminative (or input)
feature for classification.
alpha
Random Forest 0.478, 0.487,
SVM (Linear) 0.492, 0.487,
SVM (RBF)
0.474, 0.479,
Decision Tree 0.502, 0.498,
kNN
0.564, 0.571,
Gradient Boost 0.546, 0.549,

beta
Accuracy, Precision, Recall
0.478 0.794, 0.840, 0.794 0.508,
0.492 0.668, 0.708, 0.668 0.416,
0.474 0.656, 0.688, 0.656 0.396,
0.502 0.764, 0.783, 0.764 0.578,
0.564 0.776, 0.814, 0.776 0.548,
0.546 0.788, 0.826, 0.788 0.636,

delta
0.543,
0.410,
0.383,
0.586,
0.551,
0.652,

theta
0.508
0.416
0.396
0.578
0.548
0.636

0.556,
0.546,
0.442,
0.620,
0.596,
0.602,

0.563,
0.553,
0.433,
0.631,
0.612,
0.614,

0.556
0.546
0.442
0.620
0.596
0.602

Table 6.6: Classification precision, recall and accuracy calculated by selected classifiers
at different EEG data bands when the combination of occurrence(k), duration(k) and
coverage(k) is considered as the discriminative (or input) feature for classification.
alpha
Random Forest 0.516, 0.518,
SVM (Linear) 0.432, 0.259,
SVM (RBF)
0.504, 0.531,
Decision Tree 0.570, 0.575,
kNN
0.576, 0.584,
Gradient Boost 0.572, 0.575,

beta
Accuracy, Precision, Recall
0.516 0.728, 0.792, 0.728 0.492,
0.432 0.604, 0.565, 0.604 0.464,
0.504 0.530, 0.528, 0.530 0.514,
0.570 0.716, 0.738, 0.716 0.584,
0.576 0.808, 0.839, 0.808 0.566,
0.572 0.808, 0.831, 0.808 0.650,

delta
0.504,
0.341,
0.440,
0.592,
0.591,
0.663,

theta
0.492
0.464
0.514
0.584
0.566
0.650

0.594,
0.480,
0.498,
0.582,
0.662,
0.634,

0.609,
0.361,
0.249,
0.587,
0.670,
0.645,

0.594
0.480
0.498
0.582
0.662
0.634

However, the results for the beta frequency band is quite different. It can
be seen that by eliminating the beta-band from the classification, the values of accuracy, precision and recall reduce significantly which highlight the
importance of the beta-band in microstate analysis. This importance is
confirmed by all selected classification techniques presented in this work.
The classification accuracy of the proposed system is also evaluated
through receiver operating characteristic (ROC) curves for different microstate measures are shown in Figures 6.11 to 6.14. From these curves it can
be seen that the area under the curve (AUC) of ROC in beta-band is larger for all microstate measures. This indicates that the beta-band is most
accurate sub-band for our classification purpose. Furthermore, it is obvious
from Fig. 6.12 that the coverage mainly results in larger AUC compared to
other presented measures. The importance of the microstate features are
presented in Table 6.8. The results show that by leaving out the coverage
from the classification in beta-band, the accuracy, precision and recall of the
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Table 6.7: Calculated classification accuracy, precision and recall by using all frequency bands (All), and excluding alphaband (All-alpha), beta-band (All-beta), delta-band (All-delta) and theta-band (All-theta).

All
All-alpha
All-beta
All-delta
All-theta
Accuracy, Precision, Recall using occurrence(k) as the discriminative (input) feature
Random Forest 0.696, 0.732, 0.696 0.700, 0.738, 0.700 0.536, 0.537, 0.536 0.708, 0.741, 0.708
0.734, 0.784, 0.734
SVM (Linear)
0.732, 0.758, 0.732 0.734, 0.768, 0.734 0.396, 0.391, 0.396 0.724, 0.756, 0.724
0.700, 0.725, 0.700
SVM (RBF)
0.730, 0.774, 0.730 0.724, 0.772, 0.724 0.524, 0.535, 0.524 0.728, 0.772, 0.728
0.758, 0.793, 0.758
Decision Tree
0.646, 0.683, 0.646 0.680, 0.711, 0.680 0.602, 0.615, 0.602 0.656, 0.682, 0.656
0.680, 0.715, 0.680
kNN
0.794, 0.814, 0.794 0.822, 0.841, 0.822 0.694, 0.708, 0.694 0.762, 0.788, 0.762
0.802, 0.831, 0.802
Gradient Boost 0.692, 0.729, 0.692 0.696, 0.746, 0.696 0.654, 0.669, 0.654 0.688, 0.732, 0.688
0.698, 0.731, 0.698
Accuracy, Precision, Recall using duration(k) as the discriminative (input) feature
Random Forest 0.686, 0.735, 0.686 0.684, 0.741, 0.684 0.538, 0.544, 0.538 0.674, 0.747, 0.674
0.670, 0.731, 0.670
SVM (Linear)
0.690, 0.740, 0.690 0.740, 0.806, 0.740 0.464, 0.401, 0.464 0.614, 0.668, 0.614
0.662, 0.733, 0.662
SVM (RBF)
0.614, 0.758, 0.614 0.590, 0.713, 0.590 0.598, 0.623, 0.598 0.694, 0.716, 0.694
0.578, 0.678, 0.578
Decision Tree
0.662, 0.685, 0.662 0.718, 0.743, 0.718 0.584, 0.587, 0.584 0.730, 0.758, 0.730
0.644, 0.668, 0.644
kNN
0.724, 0.746, 0.724 0.744, 0.773, 0.744 0.530, 0.541, 0.530 0.776, 0.820, 0.776
0.740, 0.765, 0.740
Gradient Boost 0.754, 0.796, 0.754 0.772, 0.810, 0.772 0.632, 0.636, 0.632 0.722, 0.767, 0.722
0.710, 0.743, 0.710
Accuracy, Precision, Recall using coverage(k) as the discriminative (input) feature
Random Forest 0.730, 0.776, 0.730 0.734, 0.782, 0.734 0.560, 0.567, 0.560 0.710, 0.769, 0.710
0.754, 0.794, 0.754
SVM (Linear)
0.674, 0.702, 0.674 0.664, 0.696, 0.664 0.460, 0.439, 0.460 0.672, 0.707, 0.672
0.672, 0.704, 0.672
SVM (RBF)
0.618, 0.6631, 0.618 0.620, 0.666, 0.620 0.380, 0.354, 0.380 0.634, 0.681, 0.634
0.616, 0.656, 0.616
Decision Tree
0.698, 0.711, 0.698 0.738, 0.753, 0.738 0.682, 0.692, 0.682 0.678, 0.704, 0.678
0.628, 0.661, 0.628
kNN
0.776, 0.806, 0.776 0.764, 0.786, 0.764 0.634, 0.644, 0.634 0.778, 0.802, 0.778
0.738, 0.784, 0.738
Gradient Boost 0.762, 0.804, 0.762 0.782, 0.815, 0.782 0.696, 0.707, 0.696 0.758, 0.797, 0.758
0.748, 0.792, 0.748
Accuracy, Precision, Recall using combination of occurrence(k), duration(k) and coverage(k) as the discriminative (input) feature
Random Forest 0.678, 0.738, 0.678 0.698, 0.764, 0.698 0.562, 0.567, 0.562 0.688, 0.757, 0.688
0.710, 0.779, 0.710
SVM (Linear)
0.712, 0.753, 0.712 0.734, 0.792, 0.734 0.514, 0.488, 0.514 0.612, 0.634, 0.612
0.656, 0.742, 0.656
SVM (RBF)
0.530, 0.337, 0.530 0.500, 0.250, 0.500 0.494, 0.308, 0.494 0.514, 0.393, 0.514
0.508, 0.268, 0.508
Decision Tree
0.692, 0.725, 0.692 0.698, 0.719, 0.698 0.612, 0.624, 0.612 0.660, 0.690, 0.660
0.646, 0.678, 0.646
kNN
0.724, 0.746, 0.724 0.744, 0.773, 0.744 0.530, 0.540, 0.530 0.776, 0.820, 0.776
0.740, 0.7652, 0.740
Gradient Boost 0.754, 0.792, 0.754 0.772, 0.805, 0.772 0.702, 0.712, 0.702 0.714, 0.763, 0.714
0.758, 0.786, 0.758
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Table 6.8: Importances of different microstate features
Combination of all features
alpha-band
beta-band
delta-band
theta-band

0.572,
0.808,
0.650,
0.634,

0.575,
0.839,
0.663,
0.645,

0.572
0.808
0.650
0.634

All without occurrence All without duration
Accuracy, Precision, Recall
0.562, 0.566, 0.562
0.546, 0.546, 0.546
0.820, 0.863, 0.820
0.794, 0.836, 0.794
0.646, 0.658, 0.646
0.618, 0.625, 0.618
0.634, 0.639, 0.634
0.624, 0.635, 0.624

All without coverage
0.552,
0.774,
0.696,
0.628,

0.557,
0.811,
0.714,
0.639,

0.552
0.774
0.696
0.628

Figure 6.11: ROC analysis of the classification method using various microstate features
in alpha-band.

classification reduces significantly compared to other measures. Hence, the
coverage and beta-band are the most important features for classification
of epileptic seizure and PNES using the microstate analysis.
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Figure 6.12: ROC analysis of the classification method using various microstate features
in beta-band.

Figure 6.13: ROC analysis of the classification method using various microstate features
in delta-band.
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Figure 6.14: ROC analysis of the classification method using various microstate features
in theta-band.

6.5

Summary

Correctly diagnosing epileptic seizure from PNES, despite its importance
for the administration of appropriate treatment, life improvement of the
patient and cost reduction for patient and health-care system. Usually
clinicians differentiate between epileptic seizures and PNES based on clinical
features and long-term video-EEG. In this section, we tried to classify the
epileptic seizure ad PNES subjects using EEG signal, functional network
and microstate features. Our results showed that the the beta-band is the
most representative frequency sub-band for subject classification. Generally,
the classification based on the EEG signal features and functional network
features does not lead to classification with a strong performance, even
if various classification techniques are applied. However, classification of
epileptic seizure and PNES based on the microstate features in the betaband results in a reasonably high accuracy.
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Chapter 7
Conclusions and Recommandations
The present thesis aimed to investigate the EEG signal and functional brain
network features for the automatic classification of epilepsy and PNES. An
epilepsy is a transient occurrence of signs due to abnormal excessive or
synchronous neuronal activity in the brain, where as PNES are events resembling an epileptic seizure, but without the characteristic epileptiform
discharges or seizures associated with epileptic seizure. Hence, in the absence of the electrical discharge, the PNES is commonly misdiagnosed as
epilepsy. Generally, by doing a long-term EEG monitoring and recording
the physicians can see if any epileptiform discharge happens to correctly
diagnose the disorder. However, this monitoring is quite expensive and
time-consuming. Hence, we aimed to effectively classify these two brain
disorders in the absence of the attack by analyzing various short-term EEG
signals and network features using machine learning algorithms. However,
before extracting the features to do the classification task we had to answer
some challenging questions which were designed as research questions for
this thesis (see Sec. 1.4).

7.1

Conclusions about Research Questions

In this dissertation, we considered five research questions as the main focal points of our research. Conclusions about each research question are
discussed here:
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• R1: Is synchronization measure based on the visibility graph a capable
and reliable method for finding synchronization among EEG signals
and constructing functional brain network? Applying a reliable synchronization measure which can capture the dynamic characteristics of
the EEG signals is crucial for constructing functional brain networks
and extracting accurate network features. In Chapter 4, we presented
synchronization measures based on visibility graph (VG) algorithms as
an alternative and radically different way to measure the correlation
between signals. We assess the performance of VG-based measures on
chaotic, noisy and stochastic signals. Our study indicated that the
synchronization measure based on the horizontal VG algorithm is a
robust synchronization measure with respect to the noise and should
be favored to other commonly used measures for detecting synchronization between chaotic and stochastic time series.
• R2: How is the performance of various synchronization measures, especially the methods based on the visibility graph algorithms, in the presence of brain volume conduction? Volume conduction is an important
complication that may lead to spurious synchronization among correlated signals when attempting to find synchronization among EEG
signals. In Chapter 5, we examined the performance of various synchronization measures against linear mixing as a way to model the
VC effect. Our study showed that the synchronization measures based
on the VG-algorithms have good performances in detecting the onset
of synchronization. The results showed that these measures, not being
very sensitive to the volume conduction effect for a wide range of coupling strengths, can be used reliably for finding synchronization among
real EEG signals for functional brain network studies.
• R3: Is there any difference between the performance of various classification algorithms? Classifiers are based on the different algorithms
which have different learning abilities. As a result, choosing different
classifiers may lead to different classification accuracy and precision.
Our results (see Chapter 6) showed that the SVM classifier (with linear
and RBF kernels) is the best classification method of signal and net136
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work features in all frequency-bands, whereas the kNN classifier mostly
performs the best when classifying the EEG microstate features.
• R4: How accurate we can classify brain disorders, especially epilepsy
and PNES, by extracting normal features from EEG signals and functional brain networks? By extracting a wide range of EEG signal and
functional brain network features, we classified epileptic seizure and
PNES (see Chapter 6). Our study showed that the all selected EEG
signal features, except Higuchi fractal dimension, in beta-band achieve
acceptable classification results if it is calculated by the SVM (with
linear and RBF kernels) classifiers. However, the selected complex
network features were not strong discriminative features to be used for
the classification of the epileptic seizure and PNES.
• R5: Does the short-time EEG microstate analysis and extracting topographic features help to detect and classify epilepsy and PNES in the
absence of the epileptiform discharges? In the absence of an epileptiform discharge, the EEG signals of epileptic seizure and PNES are quite
similar and it could be the reason why the common EEG and network
features did not result in a classification with high accuracy’s. Hence,
we applied the microstate analysis to obtain EEG signal features with
high resolution for the classification task (see Chapter 6). Our results showed that classification of epileptic seizure and PNES based on
the microstate features in the beta-band results in a reasonably high
accuracy, especially if the coverage is selected as the discriminative
feature.

7.2

Recommendations for Future Research

Because of our encouraging results on classification of Epilepsy and PNES
using the EEG microstate analysis, we expect the following topics to be
promising for further research. Hence, further investigation should be conducted in order to classify brain disorders like epileptic seizure and PNES
with a very high accuracy by using short-time EEG data.
In Chapter 6, the leave-one-out cross validation of the EEG microstate
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features yielded better results. Therefore, we propose that larger data-sets
of subjects should be accumulated to aid in building robust classifiers. These
classifiers can then be used to predict the types of the disorders. The use of
larger samples may reveal interesting differentiating features, which could
be used to develop an objective diagnostic tool for the selected disorders.
Furthermore, we saw a high performance of the selected microstate features for the classification of epileptic seizure and PNES. Hence, it would be
interesting to extract/include more microstate features, such as the average
GFP, spatial correlation (i.e. on average how much variance in the EEG
data is explained by the best fitting microstate prototype) and the transition probabilities between microstate classes, to explore if the accuracy and
precision of the classification are pronounced.
Finally, in addition to EEG microstate analysis, other types of features
could be generated with combining EEG with fMRI data to improve the
classification of diseases. The main advantage of the EEG is its high temporal resolution, in the scale of milliseconds, while the main advantage of
fMRI is the detection of functional activity with good spatial resolution.
The advantages of each technique seem to complement each other, providing better insight in the neuronal activity of the brain by increasing the
spatial and the temporal localization of the underlying neuronal activity
captured by each technique.
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[120] Christoph M Michel, Thomas Koenig, Daniel Brandeis, Jiřı́ Wackermann, and Lorena RR Gianotti. Electrical neuroimaging. Cambridge
University Press, 2009. 46
[121] T Montez, K Linkenkaer-Hansen, BW Van Dijk, and CJ Stam. Synchronization likelihood with explicit time-frequency priors. Neuroimage, 33(4):1117–1125, 2006. 111, 165
[122] Florian Mormann, Klaus Lehnertz, Peter David, and Christian E Elger. Mean phase coherence as a measure for phase synchronization and
its application to the EEG of epilepsy patients. Physica D: Nonlinear
Phenomena, 144(3-4):358–369, 2000. 163
[123] Micah M Murray, Denis Brunet, and Christoph M Michel. Topographic ERP analyses: a step-by-step tutorial review. Brain topography, 20(4):249–264, 2008. 47, 49, 50
[124] Luis Fernando Nicolas-Alonso and Jaime Gomez-Gil. Brain computer
interfaces, a review. Sensors, 12(2):1211–1279, 2012. 8, 21
[125] Ernst Niedermeyer and FH Lopes da Silva. Electroencephalography:
basic principles, clinical applications, and related fields. Lippincott
Williams & Wilkins, 2005. 6
[126] Guido Nolte, Ou Bai, Lewis Wheaton, Zoltan Mari, Sherry Vorbach,
and Mark Hallett. Identifying true brain interaction from EEG data
152

BIBLIOGRAPHY

using the imaginary part of coherency.
115(10):2292–2307, 2004. 109, 162, 163

Clinical neurophysiology,

[127] Rogean Rodrigues Nunes, Murilo Pereira de Almeida, and James Wallace Sleigh. Spectral entropy: a new method for anesthetic adequacy.
Revista brasileira de anestesiologia, 54(3):404–422, 2004. 25
[128] Paul L Nunez. Brain, mind, and the structure of reality. Oxford
University Press, 2012. 11
[129] Paul L Nunez, Ramesh Srinivasan, et al. Electric fields of the brain:
the neurophysics of EEG. Oxford University Press, USA, 2006. 88, 90
[130] Marie Engelene J Obien, Kosmas Deligkaris, Torsten Bullmann,
Douglas J Bakkum, and Urs Frey. Revealing neuronal function
through microelectrode array recordings. Frontiers in neuroscience,
8:423, 2015. 7
[131] Emanuele Olivetti, Susanne Greiner, and Paolo Avesani. Induction
in neuroscience with classification: issues and solutions. In Machine
Learning and Interpretation in Neuroimaging, pages 42–50. Springer,
2012. 31
[132] Health Quality Ontario et al. Functional brain imaging: an evidencebased analysis. Ontario health technology assessment series, 6(22):1,
2006. 5
[133] Robert Oostenveld, Pascal Fries, Eric Maris, and Jan-Mathijs Schoffelen. Fieldtrip: open source software for advanced analysis of MEG,
EEG, and invasive electrophysiological data. Computational intelligence and neuroscience, 2011:1, 2011. 91
[134] World Health Organization. Neurological disorders: public health challenges. World Health Organization, 2006. 3, 4
[135] Ramaswamy Palaniappan.
2011. 62

Biological signal analysis.

153

BookBoon,

BIBLIOGRAPHY

[136] Stefano Panzeri, Simon R Schultz, Alessandro Treves, and Edmund T
Rolls. Correlations and the encoding of information in the nervous system. Proceedings of the Royal Society of London. Series B: Biological
Sciences, 266(1423):1001–1012, 1999. 55
[137] Roberto D Pascual-Marqui, Christoph M Michel, and Dietrich
Lehmann. Segmentation of brain electrical activity into microstates:
model estimation and validation. IEEE Transactions on Biomedical
Engineering, 42(7):658–665, 1995. 49
[138] Amy Paturel. Buzz kill: How does alcohol affect the teenage brain?
Neurology Now, 7(6):23–24, 2011. 37
[139] Luis R Peraza, Aziz UR Asghar, Gary Green, and David M Halliday.
Volume conduction effects in brain network inference from electroencephalographic recordings using phase lag index. Journal of neuroscience methods, 207(2):189–199, 2012. 91
[140] E Pereda, R Rial, A Gamundi, and J Gonzalez. Assessment of changing interdependencies between human electroencephalograms using
nonlinear methods. Physica D: Nonlinear Phenomena, 148(1-2):147–
158, 2001. 60
[141] Ernesto Pereda, Rodrigo Quian Quiroga, and Joydeep Bhattacharya.
Nonlinear multivariate analysis of neurophysiological signals. Progress
in neurobiology, 77(1):1–37, 2005. 56, 107
[142] Francisco Pereira, Tom Mitchell, and Matthew Botvinick. Machine learning classifiers and fMRI: a tutorial overview. Neuroimage,
45(1):S199–S209, 2009. 32
[143] Arkady Pikovsky, Michael Rosenblum, Jurgen Kurths, and Jürgen
Kurths. Synchronization: a universal concept in nonlinear sciences,
volume 12. Cambridge university press, 2003. 110
[144] Andreas Trier Poulsen, Andreas Pedroni, Nicolas Langer, and Lars Kai
Hansen. Microstate EEGlab toolbox: An introductory guide. bioRxiv,
page 289850, 2018. 121
154

BIBLIOGRAPHY

[145] Marcus E Raichle and Abraham Z Snyder. A default mode of brain
function: a brief history of an evolving idea. Neuroimage, 37(4):1083–
1090, 2007. 11
[146] Markus Reuber. Psychogenic nonepileptic seizures: answers and questions. Epilepsy & behavior, 12(4):622–635, 2008. 11
[147] Markus Reuber and Christian E Elger. Psychogenic nonepileptic
seizures: review and update. Epilepsy & Behavior, 4(3):205–216, 2003.
12
[148] Markus Reuber, Guillen Fernandez, Jürgen Bauer, Christophe
Helmstaedter, and Christian E Elger. Diagnostic delay in psychogenic
nonepileptic seizures. Neurology, 58(3):493–495, 2002. 12
[149] Michael D Richard and Richard P Lippmann. Neural network classifiers estimate bayesian a posteriori probabilities. Neural computation,
3(4):461–483, 1991. 33
[150] Irina Rish et al. An empirical study of the naive Bayes classifier. In
IJCAI 2001 workshop on empirical methods in artificial intelligence,
volume 3, pages 41–46, 2001. 33
[151] Maria A Rocca et al. Functional network connectivity abnormalities in multiple sclerosis: Correlations with disability and cognitive
impairment. Multiple Sclerosis Journal, 24(4):459–471, 2018. 79
[152] Nathalie L Rochefort, Hongbo Jia, and Arthur Konnerth. Calcium
imaging in the living brain: prospects for molecular medicine. Trends
in molecular medicine, 14(9):389–399, 2008. 8
[153] Michael G Rosenblum, Arkady S Pikovsky, and Jürgen Kurths. Synchronization approach to analysis of biological systems. Fluctuation
and noise letters, 4(01):L53–L62, 2004. 55
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Appendix A
Selected Synchronization Measures
In this section, full mathematical definition of some selected EEG synchronization measures are provided.

A.1

Cross-Correlation (CC)

The cross-correlation (CC) function measures the linear correlation between
two time series as a function of their delay time, which is of interest because
such a time delay may reflect a causal relationship between the time series.
The CC between two time series x(t) and y(t) with the same N samples
length, where t denotes discrete time (t = 1, ..., N ), is expressed as [20]
N −h
1 X
CC = Cxy (h) =
x(t + h)y(t),
N − h t=1

(A.1)

where t = 1, ..., N denotes discrete time and h ∈ {−(N − 1), ..., 0, ..., N −
1} denotes time lag. Here, CC = ±1 presents the complete linear direct
and inverse correlations, respectively, and CC = 0 indicates lack of linear
correlation for a given time lag.

A.2

Coherence (Coh) & Imaginary Part of Coherence
(ImPC)

To compute the coherence, it is necessary to know the instantaneous phase
and amplitude of the two time series involved. For this purpose, either linear
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or nonlinear techniques can be used as two conceptually distinct methods
to extract the phase and amplitude of time series. Linear techniques, such
as the Fourier transform, assume a constant phase and amplitude within
the estimation window. Nonlinear techniques measure time-dependent instantaneous phase and amplitude, which illustrate the moment-to-moment
change in time series. The Hilbert transform is a well-known linear technique for obtaining the instantaneous phase and amplitude of time series.
The Hilbert transform of a real valued time series x(t) is obtained as
Z ∞
1
x(τ )
xh (t) = P V
dτ,
(A.2)
π
t
−
τ
−∞
where P V refers to the Cauchy principle value. The Hilbert transform is
simply a π/2 shift in the phase of the original signal and does not alter the
spectral distribution. In other words, it can be computed by performing
a Fourier transform, shifting all the phases by π/2, then performing an
inverse Fourier transform. Hence, we follow the analytical signal approach
as presented below to determine the instantaneous phase and amplitude of
two time series x(t) and y(t) as [62]
zx (t) = x(t) + ixh (t) = Ax (t)eiφx (t) ,

(A.3)

zy (t) = y(t) + iyh (t) = Ay (t)eiφy (t) ,

(A.4)

where i is the imaginary unit and yh (t) is the Hilbert transform of time
series y(t). The instantaneous phase φ(t) and amplitude A(t) of the time
series is obtained as the argument and magnitude of the analytic extension
as follows:
p
xh (t)
, Ax (t) = [x(t)]2 + [xh (t)]2 ,
x(t)

(A.5)

p
yh (t)
φy (t) = arctan
, Ay (t) = [y(t)]2 + [yh (t)]2 .
y(t)

(A.6)

φx (t) = arctan

The complex-valued coherence between two time series x(t) and y(t) is
defined as the cross spectrum divided by the product of the two power
spectra [126]. Its mean over all frequencies can alternatively be computed
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via the mean over time of the corresponding analytical time series as
zx zy∗
hAx (t)Ay (t)ei∆φ(t) i
C=
=
= Coh + iImPC,
|zx ||zy |
|Ax ||Ay |

(A.7)

where zy∗ = Ay (t)e−iφy (t) is the complex conjugate of zy , | · | denotes the
absolute value, and h·i denotes averaging over time with time interval ∆t =
2 milliseconds. Also,
∆φ(t) = |φx (t) − φy (t)|

(A.8)

is the instantaneous phase difference between the two time series at a specific frequency. The complex-valued coherence (see Eq. A.7) can be split
into real and imaginary parts. The real value, which is typically referred
to as coherence (Coh), is bounded between 0 and 1. For a given frequency,
Coh = 0 indicates that the activities of the time series in this frequency are
linearly independent, whereas a value of Coh = 1 represents the maximum
linear correlation for this frequency. When the complex-valued coherence
is projected onto the imaginary axis, we can obtain the imaginary part of
coherence (ImPC). The ImPC is only sensitive to synchronization of two oscillators which are time-lagged to each other. If volume conduction does not
cause a time-lag, the ImPC is insensitive to artifactual self-interaction. In
fact, the ImPC is insensitive to zero-lag effects, as it removes the contribution of the zero phase differences that, due to the complex exponentiation,
gives real phase-locking values [126].

A.3

Phase Coherence (PC)

The first step in phase synchronization is the extraction of instantaneous
phases from the time series using the Hilbert transform (see Eq. A.5). Next,
the instantaneous phase difference is calculated by Eq. A.8. In order to
determine whether this phase difference is bounded, the notation of phase
coherence (PC) described by Mormann et al. [122] is used. This notation
resembles the conventional statistics for circular or directional data. Hence,
instantaneous phase differences are projected on the unit circle, and the
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length R of the average resultant vector is calculated as
i∆φ(t)

PC = R = he

N −1
1 X i∆φ(t)
i=|
e
|,
N t=0

(A.9)

where h·i denotes averaging over all time samples, t denotes discrete time
(t = 1, ..., N ), and N is the number of time samples. The value of R ranges
from 0 to 1, where in the case of perfect phase locking we have R = 1,
whereas in the case of a random distribution of phases on the unit circle, R
will tend to 0. By construction, R only depends upon the phase relations
between the time series and is not sensitive to the amplitude of the time
series.

A.4

Phase Lag Index (PLI)

The phase lag index (PLI) is calculated as [172]
PLI = |hsign[∆φ(t)]i|.

(A.10)

If no phase coupling exists between two time series, then the phase difference
distribution ∆φ(t) is expected to be flat. Therefore, any deviation from this
flat distribution indicates phase synchronization. The PLI ranges between
0 (i.e., no coupling) and 1 (which means a perfect phase locking).

A.5

Synchronization Likelihood (SL)

The synchronization likelihood (SL) measure computes the number of similar patterns in the time series that are repeated simultaneously [174]. For
each single time series x(t), a state vector is reconstructed as
X(t) = (x(t), x(t + l), x(t + 2l), ..., x(t + (D − 1)l)),

(A.11)

where (t = 1, ..., N ) denotes discrete time, l is the time lag, and D is the
embedding dimension. Here, the time lag is chosen such that the highest
frequency is sampled at least twice per cycle, and the embedding dimension
such that at least one whole cycle of the slowest oscillation is captured.
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More specifically, the l and D parameters are set to l = fs /3fh and D =
(3fh /fl )+1, respectively, where fs is the sampling frequency, fl is the lowest
frequency, and fh is the highest frequency of the content data [121, 17].
Here, X(t) represents the state of the system in a time interval of length
(D − 1)l, with t as the beginning time instant.
εX (t)
For each time instant t, PX(t)
is defined as the probability that the state
vectors are closer to each other than critical distance εX (t)
 j=−w

j=w
X1
X2
1
εX (t)
PX(t) =
DX (t) +
DX (t) ,
(A.12)
2(w2 − w1 ) j=−w
j=w
2

1

where
DX (t) = θ(εX (t) − |X(t) − X(t + j)|).

(A.13)

Here θ is a Heaviside step function, θ(x) = 0 if x ≤ 0, θ(x) = 1 for x > 0,
and the sign | · | indicates the Euclidean distance between the state vectors,
which is calculated by the Pythagorean formula. The w1 = 2(D − 1)l
parameter establishes an exclusion window around the time instant i and is
used to set a lower band for time instant t, to give the system time to evolve
into a different state. On the other hand, the inclusive window parameter
w2 is used to control the time resolution of the synchronization measure
by setting an upper band to the t values. These windows are chosen such
that w1 ≤ w2 ≤ N . Theoretically, w2 could be chosen as the length of the
entire time series, which might not be feasible for large datasets, due to the
expensive computational cost. The combination of w1 and w2 establishes the
surrounding of t given by the subintervals [t−w2 , t−w1 ) and (t+w1 , t+w2 ].
εX (t)
The critical distance εX (t) is determined by setting PX(t)
= pref , where
pref  1. The reference probability parameter, pref , represents the fraction
of state vectors inside the time subintervals [t − w2 , t − w1 ) and (t + w1 , t +
w2 ], which are to be considered closer than the critical distance to X(t).
The value of pref is set at an arbitrarily low level and does not depend
on the properties of the time series, nor is it influenced by the embedding
parameters [174]. In this work, we set pref = 0.01, which means that one
percent of the vectors X(t + j) were considered recurrences of X(t). The
relationship between w2 , pref , and the number of recurrences, nrec , was
obtained by nrec = (w2 − w1 + 1) × pref [121].
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Next, the synchronization likelihood between the state vectors of two
time series, i.e., X(t) and Y (t), is determined as
1
SXY (t) =
(w2 − w1 + 1) × pref

 j=−w
X1
j=−w2

DXY (t) +

j=w
X2


DXY (t) ,

(A.14)

j=w1

where
DXY (t) = θ(εX (t) − |X(t) − X(t + j)|) · θ(εY (t) − |Y (t) − Y (t + j)|). (A.15)
The overall SL value is the average of SXY (t) values over the all-time
instants. Values of the SL are between a small number close to 0, when
there is no coupling, and 1, in the case of a fully synchronized time series.
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Appendix B
Choatic Rössler Systems
Many output time series in physical, chemical and biological systems (e.g.
EEG time series) have a chaotic motion in time. A chaotic motion means
that the precise behavior of the system cannot be determined for a very
long time in contrast to the periodic or quasi-periodic motion. The coupled
Rössler systems [154] are used as a common model to generate chaotic time
series as [165]:

dx1 /dt = −ω1 y1 − z1






dy1 /dt = ω1 x1 − 0.2y1





dz1 /dt = 0.2 + z1 (x1 − 5.7)
(B.1)



dx2 /dt = −ω2 y2 − z2 + C(x1 − x2 )






dy2 /dt = ω2 x2 + 0.2y2



dz2 /dt = 0.2 + z2 (x2 − 5.7)
where the subscripts 1 and 2 denote the oscillator 1 (driver) with state vector
of X = [x1 , y1 , z1 ] and 2 (attractor) with state vector of Y = [x2 , y2 , z2 ],
respectively. Parameters ω1 = ω0 −∆ω and ω2 +∆ω are natural frequencies,
where ω0 = 1 is the normalized natural frequency and ∆ω is the natural
frequency mismatch between two coupled systems. Two identical systems
have the same parameters and therefore ∆ω = 0. It has been demonstrated
that complete synchronization between two systems is not possible when
there is a small but finite mismatch of the parameters of the systems [186].
The equations of systems are solved using the fourth-order RungeKutta
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method with a fixed step size of dt = 0.05. The initial conditions for all
case studies are set as: x1 (0) = 0.5, y1 (0) = 1, z1 (0) = 1.5, x2 (0) = 2.5,
y2 (0) = 2 and z2 (0) = 2.5. Each time series includes ten-thousands data
points, where the initial transients are removed by discarding the first 5000
data points. The coupling strength C is varied between 0 and 4, and the
natural frequency mismatch of the oscillators is set as ∆ω = 0 and 0.05,
which make the systems identical and non-identical, respectively. The different trajectories on the x1 − x2 plane obtained by changing the value of
the coupling parameter (C) are illustrated in Fig.B.1 when ∆ω = 0.05. In
this figure, a clear tendency towards the identity of the two attractors can
be observed, although complete synchronization will never be reached due
to the parameter mismatch. In the case of complete synchronization, the
x1 − x2 trajectory is presented as a straight line.

((a))

Figure B.1: The trajectory of the coupled Rössler systems projected on the x1 − x2 plane
with ∆ω = 0.05 when a) C = 0, b) C = 1.5 and c) C = 5.
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((b))

((c))

Figure B.1: continued...
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Appendix C
Noisy Henon Maps
The signal-to-noise ratio (SNR) is a measure of signal strength relative to
the level of noise in a system output and is usually measured in decibels
(dB). To generate noisy chaotic time series, the Henon map systems [75]
are contaminated by additive white Gaussian noise (AWGN) with various
SNRs. The Henon map is defined as:

x1,t+1 = 1 − 1.4x21,t + by1,t






y1,t+1 = x1,t
(C.1)



x2,t+1 = 1 − 1.4(Cx1,t + (1 − C)x2,t + by2,t




y2,t+1 = x2,t
where the driver system includes states x1 and y1 , and the responder system contains states x2 and y2 . Here, C is the coupling parameter which
varies from 0 (indicating the subsystems are completely independent) to 1
(indicating the subsystems are completely synchronized). Also, t is discrete
time or iteration index, and b is the bifurcation parameter, as for b = 0.3
both dynamic subsystems are identical, and for b 6= 0.3 both dynamic subsystems are not identical. The different trajectories on the x1 − x2 plane
for various values of the coupling parameter for both noise-free and noisy
identical cases are shown in Figs. C.1 and C.2. A clear tendency towards
the identity of the noise-free systems can be observed. However, for the
noisy cases, the pattern of the response system is far from the driver system
and they never become matched even at C = 1.
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(a)

(b)

(c)

Figure C.1: Comparison of the trajectory of the noise-free identical coupled Henon map
systems projected on the x1 − x2 plane with a) C=0, b) C=0.65 and c) C=1.
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(a)

(b)

(c)

Figure C.2: Comparison of the trajectory of the noisy identical coupled Henon map systems
projected on the x1 − x2 plane with SNR=10 and a) C=0, b) C=0.65 and c) C=1.
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Appendix D
Kuramoto Model
Denoted by θi (t), the phase of oscillator i at discrete time t, the Kuramoto
model obeys the following dynamical equation for a large network of M
globally coupled oscillators [101]:
M
dθi (t)
1 X
= ωi +
K sin(θm (t) − θi (t)),
dt
M m=1

(D.1)

where ωi [Hz] is the natural frequency of oscillator i, and K [Hz] is the
strength of the couplings between the oscillators. In actuality, the i-th
oscillator adjusts its phase velocity according to input from other oscillators
through the coupling strength K.
Kuramoto [101] further introduced the order parameter r(t) as follows,
which allows this model to be solved exactly when M → ∞:
r(t)e

iψ(t)

M
1 X iθm (t)
=
e
,
M m=1

(D.2)

where ψ(t) indicates the average phase. The order parameter r(t) captures
the degree of phase coherence in the system. If the phases are uniformly
distributed in the range of [0, π] (i.e., have large circular variance), then
r(t) ≈ 0, meaning that there is no synchrony among the oscillators. On
the other hand, if all the oscillators rotate grouped into a synchronous
cluster with the same average phase ψ(t), then r(t) → 1, meaning that the
phases of all oscillators are perfectly locked, which describes zero phase lag
synchronization.
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Eq. D.1 can be rewritten as follows by multiplying both sides of Eq. D.2
by eiθi and equating the imaginary parts:
dθi (t)
= ωi + Kr sin(ψ − θi ),
dt

(D.3)

where r and ψ are mean-field quantities. This formulation shows that the
oscillators' equations are no longer explicitly coupled, which means that the
phases θi evolve independently from each other. However, the interaction
is actually set through r and ψ. Note that the effective coupling is now
proportional to the order parameter r, creating a feedback relation between
coupling and synchronization. More specifically, small increments in the
order parameter r end up increasing the effective coupling in Eq. D.3, thus
attracting more oscillators to the synchronous group. From this process, a
self-consistent relation between the phases θi and the mean-field is found,
i.e., r and ψ will define the evolution of θi , but at the same time, the phases
θi self-consistently yield the mean-field through Eq. D.2.
In the limit M → ∞, the relation between the order parameter r and
coupling strength K is given by [101]
(
if K < Kc : r = 0,
p
(D.4)
if K ≥ Kc : r = 1 − (Kc /K).
Kuramoto showed that if the oscillators' natural frequencies ωi are distributed around a central frequency ω0 spread by some value γ [Hz] according to a Lorentzian density:
g(ωi ) =

γ
,
π[γ 2 + (ωi − ω0 )2 ]

(D.5)

then the critical value reads Kc = 2γ. This value indicates that the oscillators are desynchronized completely, and r = 0 until the coupling strength
K exceeds a critical value Kc . When K ≥ Kc , the population splits into
a partially synchronized state consisting of two groups of oscillators: a desynchronized group and a synchronized group that contributes to the order
parameter r. With further increase in K, more and more oscillators are
recruited into the synchronized group, and r grows accordingly.
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Theoretically, an infinite number of oscillators (i.e., M → ∞) are necessary for the analytical results to hold. However, it has been shown that
with only 64 oscillators, the model can explain various empirical results
quite well [95]. Therefore, we solved the Kuramoto model for M = 64 for
various values of coupling strength K ranging from 0 to 8. Figure D.1(a)
to D.1(d) show nil, weak, intermediate and full phase-locking behavior of
the selected number of oscillators for K = 0, 1, 3 and 8, respectively in
the polar form on a unit circle. The impact of increasing K on the model
is increasing the phase synchrony among the oscillators. For K = 0 and 1
the oscillators disperse whereas, for K = 8 they are fully synchronized. For
K = 3 we see that a large cluster of synchronous oscillators is apparent.
However, some other oscillators, whose natural frequencies are at the tails
of the distribution, are not locked to this cluster.
The time series corresponding to oscillator i at time t was obtained as
xi (t) = A sin θi (t),

(D.6)

where, for simplicity, a constant amplitude A = 1 was set for all time
series. The Kuramoto model (i.e., Eq. D.1) was numerically solved using
the Euler integration method in timesteps of 2 milliseconds, corresponding
to a sample frequency 500 Hz. The simulations were performed with the
generating model for 64 oscillators and K ranging from 0 to 8 in steps of
0.5. In all simulations, time series with N = 10000 samples were generated.
However, the initial 5000 samples were discarded to eliminate transients.
Then, the resulting time series were subjected to synchronization analysis
by applying different synchronization measures. For each value of i0 and
K, five trials were completed and the final value of synchronization was
calculated by averaging over all five trials.
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(a)

(b)

(c)

(d)

Figure D.1: Collection and final phase of Kuramoto oscillators situated in the unit circle
for a) K = 0, b) K = 1, c) K = 3 and d) K = 8 and a brief behavior of corresponding
time series obtained for few oscillators.
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Appendix E
Classification of Epilepsy and PNES
using EEG data Containing
epileptiform discharges
In this section, the imperialist competitive algorithm (ICA) is applied for
classification of epilepsy and PNES using EEG data containing epileptiform
discharges. For this purpose, after decomposing the EEG signal into five
sub-bands and extracting some complexity features of EEG, the ICA is
applied to find the predictive feature subset that maximizes the classification
performance in the frequency spectrum [2].

E.1

Imperialist Competitive Algorithm

The ICA algorithm has been successfully applied to a variety of optimization problems [10, 78]. The key features of ICA are its fast convergent
rate to reach global optimum, which has been proved in dealing with various optimization problems. The results reported in various studies [10, 78]
confirm its competitiveness over other evolutionary algorithm such genetic
algorithm. The ease of performing neighborhood movement, less dependency on initial solutions, and having a better convergence rate are other
advantages of the ICA [10]. In this algorithm, an individual of the population is called a country. The ICA divides its population into several
groups, called empires, and allows these empires to evolve concurrently. In
each empire, the best country is called imperialist and the others are called
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colonies. The ICA moves all colonies toward the imperialist through assimilation policy in each empire. The basic feature of the ICA is that it permits
all empires to interact via imperialist competition policy. The competition
policy simply moves a colony from the weakest empire to another empire.
Some colonies may withstand absorption by the imperialists. These colonies make some improvements in their attributes, and this process is called
revolution in the ICA. Revolution operation occurs after the assimilation
process and causes unexpected random changes in one or more parameters
of the problem. This operation increments exploration and prevents fast
convergence of countries toward local minima.
After extracting the entropy and fractal dimension features from the EEG
signals, they are inputted to a classifier based on the imperialist competitive
algorithm (ICA). The ICA is based on modelling of the attempts of countries to dominate other courtiers and like other evolutionary algorithms,
starts with an initial population [10]. In the ICA, populations are in two
types: colonies and imperialists that the best countries in the population
are selected to be the imperialist states and all the other countries form the
colonies of these imperialists. Imperialist competition among these empires
forms the basis of the ICA, as weak empires collapse and powerful ones take
possession of their colonies. This competition and collapse mechanism will
cause all the countries to converge to a state in which there exist just one
empire in the world and all the other countries are its colonies.
The ICA algorithm starts by generating a set of candidate random solutions in the search space of the optimization problem. The generated random points are called the initial countries. In this study, we consider each
country as a 1 × 30 array, where each element of array shows the existence
of one complexity feature in one of the frequency bands and can take a
zero or one as a value. During the initialization stage, an initial population
p1 , p2 , , pN are randomly created, where each solution pi is called a country
and is a 1 × n array and N (here: =100) denotes the number of countries
in the population. A user-specified number of countries with the lowest
cost in the population are chosen as imperialists, (Nimp ), and the remaining countries are chosen as colonies, which all together form empires. For
our purpose the cost function of each country with different feature subset
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can be calculated as the average of the misclassification rates of different
classifiers. The initial number of colonies of an empire is convenience with
their powers. To divide the colonies among imperialists proportionally, the
power of an imperialist is defined as follows [10]:
Pi = maxi≤j≤Nimp (cj ) − ci ,

(E.1)

where Pi and ci denote the power and cost of the imperialist of empire
i, respectively. Therefore, the number of colonies assigned to empire I is
defined as follows:
Pi
N Ci = round[| PNimp
j=1

Pj

| ·(Ni − Nimp )].

(E.2)

To divide the colonies, for each imperialist, we randomly choose N Ci
of the colonies and give them to it. After forming the initial empires and
during the evolution step, the colonies start moving toward their relevant imperialist country. Assimilation within each empire and competition
among all empires occur in every generation until the termination condition
(e.g., all countries have converged or a user-specified number of generations
has been reached) is satisfied [112]. The colony moves toward the imperialist by x units, where x is a random variable with uniform or any proper
distribution. The direction of the movement is the vector from colony to
imperialist. In other words, given a colony pc and its imperialist pi , the
assimilation operation moves pc as follows:
pc = pc + β ∗ ∆ ∗ (pi − pc ),

(E.3)

where β is a parameter greater than one, ∆ is a 1 × n array whose elements
are random values between zero and one, and ∗ denotes element-by-element
multiplication between two 1 × n arrays. Note that a β greater than one,
causes the colonies to get closer to the imperialist state from both sides. If
during implementing the above equation, a greater value outside the search
space happens, the out-of-bound value (e.g., xi on the ith dimension) is
replaced by its nearest boundary.
In the next step, the cost of all colonies is calculated after updating the
position of all colonies through the assimilation process. Then, the cost of
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each colony is compared against the cost of their imperialists. If the cost of a
colony be less than the cost of its imperialist, the colony and the imperialist
swap roles to ensure that the imperialist of an empire is always the country
with the lowest cost in the empire. Next, the cost and the power of each
empire i are calculated using the cost of its imperialist and the average cost
of the colonies in empire i as follows:
φi = ci + ζ.mean(cost(colonies of empire i)),

(E.4)

Ei = [max1≤j≤Nimp (φj )] − φi ,

(E.5)

where φi and Ei are the cost and the power of each empires, respectively
and ζ is a positive number with suggested value 0.1. A little value ζ for
causes the total power of the empire to be determined by just the imperialist
and increasing it will increase the role of the colonies in determining the
total power of an empire. This study uses ζ=0.02. Competition among all
empires is achieved by taking the weakest colony away from the weakest
empire and giving it to a chosen empire, where the probability of empire i
been chosen is calculated as:
pi =

Ei
max1≤j≤Nimp (Ej )

.

(E.6)

In the ICA, imperialists try to attempt to achieve the colonies of other
empires and control them. So during the competition, the powerful imperialists will be increased in the power and the weak ones will be decreased
in the power. When an empire loses all of its colonies, it is assumed to be
collapsed and it’s imperialist also becomes a colony of the latter empire.
At the end, the most powerful imperialist will remain in the world and all
the countries are colonies of this unique empire. In this stage, the imperialist and colonies have the same position and power. After some iteration,
only the most powerful empires will remains and all the other empires will
collapse and their colonies will be under the control of this unique empire.
The algorithm of the ICA is shown in Fig. E.1
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Figure E.1: Flowchart of the imperialist competitive algorithm.

E.2

Results

We follow the classification procedure presented in Sec. 6.2. For this purpose, five selected complexity measures are examined in all sub-band frequencies of 27 EEG recording channels. Hence, there are more than 800
features for each subject. However, many of these features may measure
related properties and so will be redundant. In order to have less computational complexity and to improve the accuracy of classification by reducing
feature vectors size, the optimum feature subsets that contain and summarize all important data are obtained. The top five feature subsets for
each classifier are presented in Table E.1. Here, each term shows the name
of EEG feature (i.e. ShE, SE, RE, HFD and KFD) and the frequency sub
band (i.e. gamma, alpha, beta, theta and delta), where BB stands for broad
band without frequency decomposition. These top five subsets are ranked
based on the accuracy of the classification, that is the number of correct
predictions (or classification) made divided by the total number of predictions made. The first subset is the winner of the ICA outputs that has
the lowest cost function. The rest of subsets represent four other subsets
(countries) with low cost functions among the whole subsets in the ICA.
One can see that the winner and other ranked subsets for each classifier
are different. The reason is that each classifier takes part in the ICA for
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calculating the cost function and generates feature subsets for itself. From
the data in Table E.1, it can be seen that spectral entropy (SE) and Renyi
Entropy (RE) are the most important EEG features as they are always appeared in the best feature subsets.
Our analysis shows that the accuracy of the classification decreases significantly when SE and/or RE features are absent in a subset. The rest of
features may be of same importance since, by removing either of them the
classification accuracy changes without any significant differences. Table
E.1 shows the degradation in the classification ranking and accuracy when
the number of features in the subsets is reduced.
Accuracy, precision and recall of selected classifiers with the presented five
best subsets are shown in Tables E.2 to E.6. The classification accuracy
displays the correct classifications that maximize the total number of correct classifications. Precision is a measure of result relevancy, while recall
is a measure of how many truly relevant results are returned. The presented data shows degradation in the performance measures when the rank is
increases from 1st to 5th. Hence, the first subsets represents the optimal
feature subset trained by the ICA for classification of epileptic seizure and
PNES as the highest classification metrics are achieved. Also, it can be observed that the SVM-RBF and SVM-linear are the best classifiers resulting
in highest performance metrics compared to other classifiers.
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Table E.1: Best feature subsets for different classifiers.
rank
1st
2nd
3rd
4th
5th

SVM-Linear
SE-BB, RE-BB, KFD-beta, ShE-beta, SE-alpha, SE-beta, RE-beta, RE-alpha, KFD-delta, RE-theta
SE-BB, RE-BB, KFD-beta, ShE-beta, SE-alpha, SE-beta, RE-beta, RE-alpha, KFD-theta, KFD-BB
SE-BB, RE-BB, KFD-beta, ShE-beta, SE-alpha, SE-beta, KFD-delta, RE-theta, ShE-alpha, HFD-delta
SE-BB, RE-BB, KFD-beta, ShE-beta, SE-alpha, KFD-theta, RE-theta, KFD-BB, ShE-alpha, HFD-theta
SE-BB, RE-BB, KFD-beta, ShE-beta, RE-beta, RE-alpha, RE-theta.

rank
1st
2nd
3rd
4th
5th

SVM-RBF
SE-BB, RE-BB, RE-beta, KFD-beta, RE-theta, SE-alpha, SE-beta, ShE-beta, KFD-BB
SE-BB, RE-BB, RE-beta, KFD-beta, RE-theta, SE-beta, KFD-theta, ShE-theta
SE-BB, RE-BB, RE-beta, KFD-beta, SE-alpha, SE-beta, HFD-beta
SE-BB, RE-BB, RE-beta, KFD-beta, ShE-beta, ShE-theta.
SE-BB, RE-BB, RE-beta, SE-alpha, KFD-BB, RE-alpha

rank
1st
2nd
3rd
4th
5th
rank
1st
2nd
3rd
4th
5th
rank
1st
2nd
3rd
4th
5th

Gradient Boosting
RE-BB, RE-beta, ShE-theta, SE-alpha, SE-beta
RE-BB, RE-beta, SE-beta, SE-BB, RE-alpha, RE-theta
RE-BB, RE-beta, ShE-theta, KFD-beta, RE-theta, SE-alpha
RE-BB, RE-beta, SE-beta, SE-BB, KFD-beta, HFD-theta
RE-BB, RE-beta, ShE-theta, ShE-beta
Decision Tree
SE-beta, RE-beta, KFD-alpha, KFD-beta, ShE-theta, SE-theta, RE-BB
SE-beta, RE-beta, KFD-alpha, KFD-beta, RE-alpha, KFD-theta
SE-beta, RE-beta, KFD-beta, RE-BB, HFD-alpha, HFD-beta
SE-beta, RE-beta, KFD-alpha, KFD-theta, RE-theta, RE-BB
SE-beta, RE-beta, SE-theta, ShE-theta, KFD-alpha
Random Forest
RE-BB, RE-beta, SE-beta, ShE-theta, RE-alpha, SE-alpha
RE-BB, RE-beta, SE-beta, ShE-beta, KFD-beta, KFD-BB
RE-BB, RE-beta, RE-alpha, SE-alpha, HFD-theta
RE-BB, ShE-BB, SE-theta, KFD-theta
RE-BB, ShE-BB, HFD-alpha, RE-theta

Table E.2: Performance metrics of SVM-Linear classifier
rank
1st
2nd
3rd
4th
5th

Accuracy

Precision

0.9489±0.0016 0.9411±0.0012
0.9355±0.0024 0.9363±0.0007
0.9231±0.0061 0.9319±0.0011
0.9201±0.0032 0.9191±0.0010
0.9169±0.0026 0.9068±0.0028
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Recall
0.9392±0.0012
0.9391±0.0009
0.9265±0.0060
0.9197±0.0031
0.9094±0.0020
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Table E.3: Performance metrics of SVM-RBF classifier
rank
1st
2nd
3rd
4th
5th

Accuracy

Precision

0.9503±0.0024 0.9609±0.0013
0.9469±0.0041 0.9455±0.0057
0.9417±0.0015 0.9448±0.0061
0.9363±0.0016 0.9283±0.0040
0.9267±0.0058 0.9291±0.0048

Recall
0.9523±0.0061
0.954±0.0075
0.9415±0.0063
0.9303±0.0045
0.9233±0.0023

Table E.4: Performance metrics of gradient boosting classifier
rank
1st
2nd
3rd
4th
5th

Accuracy

Precision

0.9372±0.0016 0.9399±0.0015
0.9346±0.0016 0.9202±0.0013
0.9299±0.0016 0.9122±0.0029
0.9125±0.0021 0.9184±0.0018
0.9088±0.0044 0.8986±0.0041

Recall
0.9415±0.0054
0.9387±0.0008
0.9328±0.0012
0.9073±0.0016
0.9059±0.0132

Table E.5: Performance metrics of decision tree classifier
rank
1st
2nd
3rd
4th
5th

Accuracy

Precision

0.8711±0.0024 0.8669±0.0011
0.8635±0.0064 0.8611±0.0031
0.8515±0.0044 0.8569±0.0056
0.8509±0.0061 0.8603±0.0032
0.8466±0.0092 0.8314±0.0029

Recall
0.8779±0.0012
0.8544±0.0008
0.8591±0.0016
0.8539±0.0062
0.8442±0.0041

Table E.6: Performance metrics of random forest classifier
rank
1st
2nd
3rd
4th
5th

Accuracy

Precision

0.8889±0.0009 0.8787±0.0012
0.8823±0.0009 0.8716±0.0008
0.8746±0.0015 0.8623±0.0054
0.8639±0.0026 0.8699±0.0049
0.8625±0.0039 0.8512±0.0031
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Recall
0.8824±0.0012
0.8806±0.0023
0.8765±0.009
0.8718±0.0057
0.8651±0.0061
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