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Abstract 
Schizophrenia (SCZ) is a complex psychiatric disorder affecting patients’ professional and social life, 

representing a group of related disorders with substantial heterogeneity, which creates difficulties not 

only in the research for the new drugs, but also in its diagnosis. Since this disease can be seen as a 

result of the combined influence and interactions of genetic and nongenetic factors, an interesting 

approach for reducing its complexity could be the identification of so-called endophenotypes 

(intermediate phenotypes). In this Thesis, different electrophysiological candidates were investigated as 

potential SCZ endophenotypes. For this, electroencephalograms (EEGs) acquired in the resting state 

of the participants were used, and this study was performed on a sample consisting of SCZ patients 

(n=71), first-order relatives (n=34) and healthy controls (n=51). The EEG data was analyzed through 

different metrics based on fractal dimension, brain rhythms (relative amplitude of frequency bands), 

connectivity and microstates. Results showed that SCZ patients have lower brain complexity, abnormal 

rhythms (specifically at delta, theta and beta frequency bands) and abnormal connectivity in all the 

frequency bands. In addition, depending on the EEG metric used, SCZ patients have both upper and 

lower connectivity. These abnormalities might be responsible for symptoms of SCZ and, therefore, make 

it possible to clarify the physiopathology of this disease. In addition, these abnormalities may reflect the 

action of the genes, highlighting the importance of the use of intermediate phenotypes. Finally, more 

research is needed to better understand this physiopathology, providing mechanisms for the explanation 

of cognitive deficits and psychosis.  
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Resumo 
A esquizofrenia (SCZ) é uma doença psiquiátrica complexa que afeta a vida profissional e social 

dos pacientes, representando um grupo de doenças que apresentam alguma heterogeneidade, criando 

dificuldades não só na investigação de novos fármacos, como também no seu diagnóstico. Sabendo 

que esta doença pode ser vista como o resultado de interações entre fatores genéticos e não genéticos, 

uma abordagem interessante para reduzir a sua complexidade pode ser a identificação dos 

endofenótipos (fenótipos intermediários). Nesta Tese, diferentes candidatos eletrofisiológicos foram 

investigados como possíveis endofenótipos de SCZ. Para isso, foram utilizados eletroencefalogramas 

(EEGs) adquiridos no estado de repouso dos participantes, e este estudo foi realizado numa amostra 

constituída por pacientes SCZ (n=71), familiares de primeiro grau (n=34) e controlos saudáveis (n=51). 

Os dados de EEG foram analisados através de diferentes métricas baseadas na dimensão fractal, 

ritmos cerebrais (amplitude relativa de cada onda cerebral), conectividade e microestados. Os 

resultados mostraram que os pacientes SCZ têm uma complexidade cerebral inferior, ritmos alterados 

(especificamente nas ondas delta, theta e beta) e conectividade alterada em todas as ondas. Para além 

disso, dependendo da métrica utilizada, os pacientes SCZ apresentam tanto conectividade superior 

como inferior. Essas diferenças podem ser responsáveis pelos sintomas da SCZ e, portanto, permitir a 

clarificação da fisiopatologia desta doença. Além disso, essas diferenças podem refletir a ação dos 

genes, destacando a importância do uso de fenótipos intermediários. Por último, é necessária mais 

investigação para a compreensão da sua fisiopatologia, promovendo mecanismos para a explicação 

dos défices cognitivo da psicose.  
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 Introduction 

 Motivation  
Mental, physical and social health are vital strands of life that are closely interwoven and 

interdependent. Nowadays, it is becoming more and more evident that mental health is crucial to the 

overall well-being of individuals, societies and countries. Although no definition can capture all the 

elements of mental health, such as well-being, perceived self-efficacy, autonomy, competence, 

intergenerational dependence, and self-actualization of one’s intellectual and emotional potential; the 

World Health Organization (WHO) Constitution defines it as “not merely the absence of disease or 

infirmity”, but rather, “a state of complete physical, mental and social well-being” [1].  

Notably, in most parts of the world, mental health and mental diseases are not considered as having 

the same importance as physical health. Probably for this reason, the world is suffering from an increase 

in mental diseases. In fact, nowadays about 450 million people suffer from a mental or behavioral 

disease but only a small part of them receive the most basic treatment [1]. Furthermore, it should be 

noted that until now there is no a unique factor that could be related with the mental diseases, indeed it 

is believed to be a result of a complex interaction between biological (e.g. age and gender), physiological 

(e.g. relationships during childhood), and social factors (e.g. economic status, ethnicity).   

Although no definition can capture all aspects of all mental disorders, according to Diagnosis and 

Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) [2], it is defined as the following: 

 

“A mental disorder is a syndrome characterized by clinically significant disturbance in an 

individual’s cognition, emotion regulation, or behavior that reflects a dysfunction in the 

psychological, biological or development processes underlying mental functioning. Mental 

disorders are usually associated with significant distress or disability in social, occupational, 

or other important activities. An expectable or cultural approved response to a common 

stressor or loss, such as the death of a loved one, is not a mental disorder. Socially deviant 

behavior (e.g., political, religious, or sexual) and conflicts that are primarily between the 

individual and society are not mental disorders unless the deviance or conflict results from 

a dysfunction in the individual.” 

 

The 10th revision of the International Statistical Classification of Diseases and Related Health 

Problems (ICD-10) gives a complete list of all mental and behavioral disorders [3]. A set of them that is 

of particular interest is the set of psychotic disorders, which are severe mental disorders that cause 

abnormal thinking and perceptions together with inappropriate emotions. This group is defined by the 

schizophrenia spectrum and it includes disorders like schizophrenia (SCZ), schizotypal (personality) 

disorder and other psychotic disorders. Although this group is somewhat heterogenous, these diseases 

share some symptoms. In general, they are characterized by abnormalities in one or more of the 

following domains: delusions (fixed beliefs), hallucinations, disorganized thinking (speech), grossly 
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disorganized or abnormal motor behavior (including catatonia), and negative symptoms (e.g., 

diminished emotional expression and avolition) [2]. 

Schizophrenia is a complex psychiatric disorder affecting patients’ professional and social life, 

representing a group of related disorders with substantial heterogeneity [4]. Nowadays, it can be seen 

as a result of combined influence and interaction of genetics, epigenetics, stochastic, and other 

nongenetic factors. Notably, it has been proposed that schizophrenia is around 50% genetically 

mediated [5] while the remaining 50% is attributed to nongenetic factors [6], i.e. there is a genetic 

predisposition for its development. In other words, schizophrenia patients may have several genetic 

differences from the rest of the population, i.e. there might be different genes or set of genes associated 

to schizophrenia disorder and its different groups. One way to understand the genetic architecture of 

schizophrenia, and to reduce its complexity, is by the so-called endophenotypes, or “intermediate” 

phenotypes, i.e. neurocognitive, neurophysiological, neuroimaging, neurodevelopmental, biochemical, 

endocrinological, or neuroanatomical measures that reflect the action of genes. Indeed, schizophrenia 

is associated with “deficits” in those domains, giving a crucial insight into the development and 

understanding of endophenotypes [5].  

Although there are several studies proposing different candidate endophenotypes (they can range 

from metabolic to developmental and functional measures), it has been shown that neural rhythms are 

a fundamental mechanism for enabling coordinated activity during normal brain functioning and are 

therefore a crucial target for schizophrenia research [7]. In general, the electroencephalogram (EEG) is 

an excellent tool for the identification of endophenotypes in clinical populations because it is relatively 

inexpensive, non-invasive and collects data with high temporal resolution [8]. However, until now, there 

has been no systematic investigation about which EEG measure may be the best to establish a 

schizophrenia endophenotype.  

Hence, due to the amount of theoretical proposals and the practical need to improve the 

understanding of schizophrenia, there is a call for a systematic assessment of the ability of some 

measures to determine endophenotypes. To address this issue, some univariate and multivariate EEG 

measures extracted from resting-state (RS) EEG activity are studied in this Thesis.  

 Schizophrenia  
Firstly described by Emil Kraepelin (1896) and initially naming by “Dementia praecox”, it was only in 

1911 that Eugen Bleuler (1911) introduced the term “Schizophrenia” [9].  

Schizophrenia is a complex psychiatric disorder that impairs mental and social functioning with a 

lifetime prevalence approximately of 0.3-0.7% although there is reported variation by race/ethnicity, 

across countries, and by geographic origin for immigrants and children of immigrants [2]. The general 

incidence of schizophrenia tends to be slightly lower in females, particularly among treated cases. In 

addition, men typically have an onset for the first psychotic episode in their late teenage years or early 

20s, whereas women usually present in their late 20s or early 30s. The onset can be abrupt or insidious, 

but the majority of individuals show a slow and gradual development of a variety of clinically significant 

signs and symptoms [2, 10]. However, about 5-6% of schizophrenia patients die by suicide, and about 

20% attempt suicide on one or more occasions, and many more have significant suicidal ideation [2].  
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Like other psychotic disorders, according to DSM-5, schizophrenia is defined by abnormalities in one 

or more of the following domains: delusions, hallucinations, disorganized thinking, grossly disorganized, 

or abnormal motor behavior and negative symptoms [2, 11].  

Delusions are fixed beliefs that includes a variety of themes (e.g., persecutory, referential, somatic, 

religious, grandiose). Some of these delusions can be considered as bizarre if they are clearly not 

understandable as for example, when an individual believes that an outside force has removed his or 

her internal organs and replaced them with someone else’s organs without leaving any scars [2]. This 

kind of delusions is called delusions of control due to the expression of a loss of control over mind [2, 

11]. 

Hallucinations are perception-like experiences that occur without an external stimulus. They are 

vivid and clear and with the same impact of normal perceptions. Although they may occur in any sensory 

modality, auditory hallucinations (i.e., voices which are perceived as distinct from the individual’s own 

thoughts) are the most common in schizophrenia and related disorders [2, 11]. 

Disorganized thinking (speech) is generally inferred from the individual’s speech. The individual 

may switch from one topic to another without nexus between them. Although it is non-common, speech 

may be so severely disorganized that it is nearly incomprehensible [2, 11]. 

Grossly disorganized or abnormal motor behavior can be ranging from childlike “silliness” to 

unpredictable agitation. Catatonic behavior is known as a decrease in reactivity to the environment. This 

ranges from resistance to instructions (negativism) or to maintain a certain posture (rigid, inappropriate 

and so forth), to a complete lack of verbal and motor responses (mutism and stupor). Furthermore, it 

can also include purposeless and excessive motor activity (catatonic excitement). Moreover, it should 

be noted that catatonic symptoms are nonspecific and may occur in other mental disorders beyond 

schizophrenia or medical conditions [2, 11]. 

Negative symptoms are responsible in such a way by morbidity in schizophrenia but are less 

prominent in other psychotic disorders.  Two negative symptoms are particularly prominent in 

schizophrenia: diminished emotional expression and avolition [2].  The first one includes reductions in 

the expression of emotions in the face, eye contact, intonation of speech, and movements of the hand, 

head and face. The second one is a decrease in motivated self-initiated purposeful activities. 

Furthermore, asociality (i.e., the lack of interest in social interactions), alogia (i.e., the decrease of 

speech output), anhedonia (i.e., the decrease ability to experience pleasure from positive stimuli or a 

degradation) [2]. 

Psychotic symptoms are more present in women and, and although they tend to diminish over the 

life course, there is a greater propensity for them to worsen in later women’s life [10]. Furthermore, social 

functioning tends to remain better preserved in women. Negative symptoms and longer duration of 

disorder shows higher incidence rates for males, whereas mood symptoms and brief presentations 

(associated with better outcome) show equivalent risks for both genders. In addition, negative symptoms 

are more closely related to prognosis than the positive ones and tend to be most persistent [10]. 

Although the schizophrenia’s symptoms are the same in childhood, it is more difficult to make the 

diagnosis. In children, delusions and hallucinations can be mixed with the normal fantasy play, whereas 

disorganized speech occurs in many disorders. These symptoms should not be considered as 
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schizophrenia without considering the more common disorders of childhood. Late-onset cases (i.e., 

onset after age 40 years) are represented by females, being characterized by a predominance of 

psychotic symptoms with preservation of affect and social functioning. Such late-onset can still meet the 

diagnostic criteria for schizophrenia, but it is not clear whether this has the same condition as 

schizophrenia diagnosed prior to mid-life [2].  

However, since no single symptom is pathognomonic of the disorder, the characteristic symptoms of 

schizophrenia involve a range of cognitive, behavioral and emotional dysfunctions. The diagnosis 

includes several signs and symptoms associated with impaired occupational or social functioning. In 

general, the diagnostic criteria are based on the symptoms listed above, i.e. two (or more) of the 5 types 

of symptoms, each present for a significant portion of time during a month and at least one must be one 

of the first three [2, 10, 11]. However, due to the heterogeneity of schizophrenia, the individuals vary 

substantially on most features. In addition, it should be noted that there are other mental disorders 

associated with a psychotic episode and one must be care when making the diagnosis [2].  

Furthermore, its treatment is based on antipsychotic drugs, which block the dopamine D2 receptor 

(DRD2), reducing the positive symptoms [12]. Notably, the research for the new drugs have stopped 

since it is really very expensive and there is no enough information about this pathology for its production 

[13]. 

Although schizophrenia’s aetiopathology is not known, it is believed that some factors can increase 

the risk of schizophrenia’s development such as environment, genetic and physiological. Regarding to 

the first one, it should be noted that season of birth has been linked to the incidence of schizophrenia, 

namely late winter/early spring in some locations and summer for the deficit form of the disease [14]. 

Furthermore, the incidence of schizophrenia and related disorders is higher for children growing up in 

an urban environment and for some minority ethnic groups [14]. Regarding to the second one, it should 

be noted that there is a strong contribution for genetic factors in determining risk of schizophrenia, 

although most individuals who have been diagnosed with schizophrenia have no family history of 

psychosis. The genetic risk is visualized by a spectrum of risk alleles, common and rare, with each allele 

contributing only a small fraction to the total population variance.  However, these risk alleles identified 

to date are also associated with other mental disorders, including bipolar disorder, depression, and 

autism spectrum disorder [2]. Moreover, there are other factors that are associated with a higher risk of 

schizophrenia, namely pregnancy and birth complications with hypoxia and greater paternal age 

concerns a higher risk for the fetus. Other prenatal and perinatal adversities, including stress, infection, 

malnutrition, maternal diabetes, and other medical conditions are also linked with schizophrenia. 

Although these factors have been linked with schizophrenia, the vast majority of offspring with these risk 

factors do not develop schizophrenia [2].  

Furthermore, schizophrenia shows a high rate of comorbidity. Tobacco use disorder and smoke 

cigarettes have been linked to about a half of individuals with schizophrenia [15]. Anxiety disorders, 

obsessive-compulsive disorder and panic disorder are elevated in individuals with schizophrenia. 

Moreover, due to associated medical conditions such as weight gain, diabetes, metabolic syndrome, 

and cardiovascular and pulmonary disease, the life expectancy is reduced in schizophrenia. It should 
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be noted that the life-style, cigarette smoking, diet and the poor engagement in health increases the risk 

of chronic disease [2].   

 Endophenotypes in Schizophrenia  
Biological markers are distinctive characteristics used to distinguish individuals who are suffering 

from a certain condition. In general, they can be primarily environmental, epigenetic, or multifactorial 

and then genetic. Endophenotypes, or quantitative risk factors, are a special subset of these markers 

for studies in psychiatric diseases, consisting of a set of characteristics that reflect the actions of genes 

predisposing an individual to a specific disorder, even if there is no diagnosable pathology. Although 

there is some variability criteria to distinguish viable endophenotypes from biological markers [16, 17], 

it is generally accepted that a candidate endophenotype should have the following features: (i) related 

with illness in population; (ii) heritable; (iii) stable over time and state independent (present on a subject 

independently if the disease is active or not); (iv) co-segregated with the illness in families but it should 

also be apparent in unaffected relatives at higher rates than the general population; (v) should reflect a 

discrete and well understood neurobiological mechanism. Although there is an ongoing discussion on 

the use of the term “endophenotype” vs “intermediated phenotype”, the well-established term 

“endophenotype” will be used here [18]. 

Having all those things in mind and the fact that schizophrenia is a complex psychiatric disorder, 

endophenotypes could be an interesting way to reduce its complexity since these measures can and 

have allowed the research community to better understand the underlying mechanisms of the disorder. 

In addition, these measures offer several advantages from a statistical point of view.  

Indeed, over the years it has been shown that schizophrenia patients show impairments in multiple 

domains such as neurophysiology (P50 event-related potential (ERP) suppression), metabolic 

functioning (catechol-O-methyltransferase (COM)) and neurocognition (continuous performance test 

(CPT)) [19], being that some of these impairments have been considered as a candidate endophenotype 

for schizophrenia. Indeed, they can range from metabolic to developmental and functional measures, 

and from neuropsychological and neurophysiological measures. To simplify, in this Thesis, these 

impairments are divided into two groups, namely: the electrophysiological deficits and the non-

electrophysiological deficits (sub-section 0  

  Electrophysiological Deficits and 1.3.2   Non-electrophysiological Deficits), being that some of those 

have been considered endophenotypes. Notably, the endophenotypes in schizophrenia have several 

advantages [20] in schizophrenia research, namely: 

(i) Those impairments are suitable for quantitative linkage analysis since the schizophrenia 

patients, their first-order unaffected relatives and schizotypal traits individuals may show a 

wide range of score in endophenotypes; 

(ii) Physiological and neural-based endophenotypes may reflect more directly the neuronal 

mechanics than does the more complex schizophrenia disease itself, thus more likely to 

show major gene effects; 

(iii) Endophenotypes can be studied using neuroimaging methods and animal models, allowing 

candidate genes to be identified more systematically in the areas of interest; 
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(iv) Endophenotypes can be directly applied to animal models, which might be possible to create 

molecular based treatments.  

To summarize, the main advantages that could be extracted from the endophenotypes in 

schizophrenia might be the improvement on diagnosis and treatment. In the diagnosis, due to the 

understanding of its symptoms is possible to isolate schizophrenia from the remaining diseases which 

belong to the schizophrenia spectrum group and treatment due to the possibility of the identification of 

specific variations that may lead to the development of new drugs [18].  

So far, some distinct endophenotypes have been studied leading to identifying different unrelated 

types of genetic risks. However, if different deficits tend to be present in the schizophrenia patients and, 

in a small degree, in their first-order relatives, it may indicate that the combined set of deficits may reflect 

a single, common genetic risk for schizophrenia [21, 22]. This could provide the identification of 

convergence and divergence of the endophenotype-gene abnormal linkages in schizophrenia in order 

to access whether a single genetic abnormality is likely to result in the multiple deficits found in 

schizophrenia patients. Although several studies have been conducted the multiple endophenotypes 

(i.e. endophenotype based on multiple deficits), most of them are still focused on single candidate 

phenotype.  

Nevertheless, it should be emphasized that aspects such as medication (most schizophrenia patients 

who take part in psychiatric studies are under antipsychotic medication), illness stage, patient age and 

cultural considerations, may impact the results yielding a wide spectrum of interpretations related to 

disease. Regarding to medication, is important to note that it may reduce evidence for linkage. For 

example, it has been reported that clozapine improves the P50 suppression deficits [23, 24], so the 

patients under this medication should not be considered in the studies of P50 suppression as a 

candidate endophenotype.  

1.3.1.   Electrophysiological Deficits 

In schizophrenia research, it is reasonable to classify candidate endophenotypes into structural and 

functional [11]. The structural ones (e.g., gray matter reduction, hippocampus volume, subcortical and 

limbic shape, among others) will not be considered in this thesis, although such structural abnormalities 

may be correlated with some of the functional abnormalities discussed below [5].  

Regarding the functional endophenotypes, here one discusses the electrophysiological ones, which 

can be evoked or resting, i.e. the electrical activity of the brain in response to a stimulus or not, 

respectively.  The commonly evoked proposed endophenotypes for schizophrenia are N100 ERP, N200, 

P300, P50 suppression [23], mismatch negative, and visual N1 [25–28], whereas the commonly resting 

are EEG rhythms (resting alpha or gamma) and connectivity (such as phase synchrony index) [7] or 

even EEG microstates [29, 30]. Indeed, it has been proposed a reduced low-frequency activity (delta, 

theta and alpha) and an increased high-frequency activity (beta and gamma) in SCZ patients [7]. On the 

other hand, the abnormalities in connectivity is not consensus among the literature in SCZ patients, 

being that some others have suggest an increased connectivity [31, 32] whereas other suggest the 

opposite [33–35]. In addition, SCZ patients have been liked to an increased class C [29, 36, 37] time 

coverage and decreased class B [29, 30, 38, 39] and D [37].  



8 
 

Furthermore, it has been reported that schizophrenia patients have reduced amplitudes in the N1 

peak after stimulus onset in Visual Backward Masking (VBM), as measured by the Global Field Power 

(GFP) [40]. Another candidate to schizophrenia’s endophenotype might be the fractal dimension 

(Higuchi’s fractal), which has been reported as mostly lower in SCZ patients [41].  

1.3.2.   Non-electrophysiological Deficits  

Although the main goal of this thesis is the electrophysiological deficits in schizophrenia, it should be 

also considered that schizophrenia patients show some non-electrophysiological deficits, such 

anatomical, cognitive or clinical [11].  

The anatomical, i.e. related to the brain structure can be, for example, gray matter reduction, 

hippocampus volume and regional white matter abnormalities [11, 42]. The cognitive are the ones 

related to the verb verbal memory working, spatial working memory and attention [11, 43]. And finally, 

the clinical ones are the ones related to the auditory hallucinations, inflammation, oxidative stress 

markers, immunology (pro- and anti-inflammatory cytokines), kynurenine pathway or even transmitters 

(glutamate, GABA (γ -aminobutyric Acid)) [11, 44, 45].   

 Electroencephalogram  
Electroencephalogram (EEG) is the most common technique to record electrical potentials generated 

by neuronal activity, examining, non-invasively, the rapidly changing patterns of brain activity due to its 

high temporal resolution in the scale of milliseconds. Recording EEG traces from a few sites is sufficient 

to determine the brain state (alive/death and sleeping/awake) [46], also allowing the study of 

neuropathologies (e.g. schizophrenia).  

In this thesis, the EEG is used to record brain activity from schizophrenia patients, their relatives and 

from healthy controls. Several univariate and multivariate measures are extracted from the EEG signal 

as potential endophenotypes to help the understanding of schizophrenia. 

1.4.1.   Brief History of Electroencephalography 

The history of the EEG started in 1870 when Gustav Fritsch and Eduard Hitzig discovered the 

bioelectric nature of nerve impulses, yielding the first evidence that the cortex was electrical excitable 

[47]. Shortly thereafter, in 1875, Richard Caton (1842-1926) discovered the existence of the electrical 

activity in the exposed brain of rabbits and monkeys [48]. Following the pioneering work done by Caton, 

in the 1920s, Hans Berger (1873-1941) demonstrated that EEG could be recorded from the human scalp 

[48, 49]. 

 In 1924, Berger made the first EEG recording of human brain activity and he was also the first to 

describe the different waves of rhythms which were present in the brain, such as the alpha wave rhythm, 

also known as “Berger’s wave” [48, 50]. Thereafter, William Grey Walter (1910-1977) had produced his 

own versions of Berger’s machines with improved capabilities, allowing it to detect the brain waves 

ranging from the relative high speed alpha waves to the slow delta waves observed during sleep. 

Furthermore, he was also the first do determine by triangulation the surface location of the strongest 

alpha waves within the occipital lobe (alpha waves originate from the thalamus deep with the brain [51, 
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52]. Thenceforward, the use of EEG as a method of analysis of brain functions in health and disease 

had a slow progression following the rise knowledge of the mechanisms and sources of the EEG signal 

[50].  

1.4.2.   The Neural Basis of Electroencephalogram  

The EEG consists in measuring the electrical activity on the surface of the brain, which is the result 

of the sum of electrical activities of populations of neurons within the brain, with a modest contribution 

from glial cells and even blood vessels [46]. Due to the excitability and the characteristic intrinsic 

electrical properties of the neurons, the neurons when activated induce a time-varying electrical currents 

that produce electrical and magnetic fields at a certain distance from the neurons. The EEG signal has 

amplitude ranging from 10 to 100 mV and its spectrum extends from 0.4 Hz to 40.0 Hz [49]. Note that 

the term “field” can have a different meaning, depending on whether the user is a neurophysiologist or 

physicists. For a neurophysiologist, the field means extracellular potential whereas for a physicist it 

refers to a force defined at every point of space generated by electric charge, being extracellular 

potential the gradient of the field [46]. 

There are two main forms of neural activation, namely the fast depolarization of the neuronal 

membranes, which results in an action potential and the slower changes in the membrane potential due 

to synaptic activation, as mediated by several neurotransmitters. The action potential consists of a rapid 

change in membrane potential, i.e. the intracellular potential goes from positive to negative and in a 

quickly way (in 1 or 2 ms) returns to its resting intracellular negativity. The action potential has the 

remarkable property of propagating along axons and dendrites without any loss of amplitude [50].  

Depending on the kind of neurotransmitter and its receptor as well as their interactions with specific 

ionic channels and/or intracellular second messengers, the postsynaptic potentials may be excitatory or 

inhibitory. In the excitatory case, the transmembrane current is carried by positive ions inwards (e.g. 

Na+), creating a current sink at the synaptic site, whereas in the inhibitory case, it is carried by negative 

ions inwards (e.g. Cl-) or positive ions (e.g. K+) outwards, forming a current source. Since there is no 

accumulation of charge anywhere, besides the active sink or active source at the level of synapse, there 

are, respectively, multiple passive sources or passive sinks along the soma-dendritic membrane. This 

causes a sink-source configuration, i.e. a dipole configuration, being that the activity of which can be 

detected by electrodes placed at relatively small distances. Per the classic description of Lorent de Nó 

(1947), the neurons that mainly contributed to the EEG are those that form “open fields”, i.e. the 

pyramidal neurons of the cortex with their apical dendrites oriented parallel to each other and 

perpendicularly to the cortical surface [8].   

1.4.3.   Rhythmical Electroencephalography Activities 

The main rhythms present in the EEG signal are the spontaneous activity (e.g., stages of sleep), the 

rhythmic activity (oscillations) and the event-related activity (event-related potentials (ERP) as well as 

event-related synchronization/desynchronization (ERS/ERD)). Note that all the EEG waveforms consist 

of a number of oscillatory components, being that each oscillatory component is described in terms of 

its (i) amplitude and (ii) phase. The term amplitude refers to the amplitude of an rhythm itself and can 
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be measured in units of signal amplitude (µV), power (µV2), or in logarithmic decibel units (20*log10(µV) 

or 10*log10(µV)), whereas the term phase refers to the current position on a periodic wave and can be 

measure in radians or degrees (i.e., phase angle) [48].  

Brain (or neural) rhythms are the rhythmic and/or repetitive electrical activity generated 

spontaneously and in response to stimuli by neural tissue in the central nervous system, which discover 

is generally credit to Berger. Since these rhythms have been considered as functional building blocks in 

sensory-cognitive processes, they have gained extremely importance. Indeed, it have been shown that 

patients with cognitive impairment have their event-related oscillations (ERO) in the alpha, beta, gamma, 

delta and theta frequency windows highly modified thought the cortex [53].  However, they only can be 

considered as clinical biomarkers by using a range of methods as described in Chapter 2. The oscillatory 

changes in multiple frequency and whole cortex should be taken into consideration by analyzing relevant 

changes in the amplitude of function-related rhythms, together with multiple connectivity deficits [53]. In 

fact, there are some types of neurons related to the generation, synchronization, desynchronization, and 

activation of brain rhythms, namely those located in the cerebral cortex, thalamus and several 

generalized modulatory systems arising in the brainstem core, posterior hypothalamus and basal 

forebrain. Although neuronal subtracts have been studied for long years, some types of rhythms are far 

from being understood at the single-cell and population level [49]. This section discusses general notions 

about the mechanisms of major EEG rhythms in the normal brain, ranging from very slow rhythms with 

periods of minutes to very fast rhythms. These are known as delta (δ), theta (θ), alpha (α), beta (β), and 

gamma (γ) (Figure 1.1).  

The delta waves (1-4 Hz) account with two rhythms with different mechanism and levels of genesis 

within the thalamus or neocortex, namely the slow oscillation (below 1 Hz) and the conventional delta 

waves (1-4 Hz). From now on, the term delta will be used for oscillations within the frequency range of 

1-4 Hz, and the term slow for waves below than 1 Hz (generally 0.5-1 Hz). The slow oscillation which is 

generated in the neocortex, reflected synaptically in the thalamus, and having the virtue of grouping 

other sleep rhythms (spindles and delta) as well as episodes of fast (beta/gamma) oscillations, whereas 

at least one type of delta activity arises from the interplay between two intrinsic currents of thalamic 

cells). Although these waves are mainly associated with deep sleep [46, 49], they may also be 

associated with subcortical lesions, deep midline lesions, or metabolic encephalopathy hydrocephalus. 

It is a sign of a pathology when present in awake adults [49]. 

The theta rhythm (4-7 Hz) which is produced in the hippocampus and occurs in different forms of 

arousal, especially in rodents, have been studied at the cellular level, but its precise mechanisms are 

still subject to controversies [46]. Theta waves are normally observed in young children, being that in 

older children or adults, these waves are observed in a state of drowsiness or arousal [49].   

The alpha rhythm (8-13 Hz) is manly generated and spread within the cerebral cortex and is usually 

described as occurring during relaxed wakefulness, closing the eye and creativity [46, 49]. In addition, 

these waves normally appear in the posterior half of the head and have higher amplitude over the 

occipital areas [49].  
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The beta waves (13-30 Hz) are experienced mainly in the frontal and central regions and are found 

only in normal adults. These waves arises from active thinking, solving critical problems or focusing on 

the outside world [49]. 

 

 

 

The gamma waves (above 30 Hz) rarely occur in human brain. However, when it happens its due to 

the crossmodal sensory processing, i.e. the process of combining different senses [49]. Gamma and 

beta waves together have been associated with attention, perception and cognition [8].  

Regarding to the fast waves (20-50 Hz), the so-called beta and gamma rhythms, it should be noted 

that there is a lack of knowledge of the various brain structures and neuronal types which generating 

them. Those rhythms appear in a sustained manner during highly aroused and attentive states as well 

as in the dreaming state of rapid-eye-movement (REM) sleep. In fact, nowadays some are arguing about 

their importance in the cognitive processes and consciousness, whereas others challenging this 

Figure 1.1 – Different brain rhythms: low-frequency activity (delta, theta and alpha) and high-frequency activity 
(beta and gamma). Adapted from [49].  
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hypothesis on the basis that the same rhythms also appear, discontinuously, during slow-wave sleep or 

deep anesthesia when consciousness is suspended. Although alpha waves have been describe more 

than 60 years ago, one knows little about the precise sites(s) of production and virtually nothing about 

the underlying neuronal mechanism [8].  

1.4.4.  Data Analysis 

The electrical signals recorded by the EEG are a mixture of cerebral and non-cerebral signals. The 

signal noise which can be captured while EEG signal acquisition occurs will adversely affect the useful 

feature in the original signal. Many methods have been introduced to eliminate these unwanted signals, 

being that each of them has its advantages and disadvantages. The EEG signal processing is mainly 

divided into two parts: 1) preprocessing and 2) feature extraction. The first one includes the signal 

acquisition, signal filtering, removal of bad channels/epochs and removal of artifacts. The second one 

is the feature extraction. Feature extraction can be defined as the extraction of a distinguishing property, 

a recognizable measurement, and a functional component obtained from a section of a pattern [54]. To 

study schizophrenia, a variety of methods have been widely used to extract relevant information from 

EEG signals.  

In this section, a detailed explanation of EEG data preprocessing as well as the motivation for each 

method used in this thesis is provided.  

1.4.4.1. Data Preprocessing 

Although the EEG is a useful tool for investigation of human brain function, its data are typically 

contaminated with several artifacts. In general, artifacts are undesired signals that may affect the 

measurement and change the EEG signal of interest [50, 55]. These artifacts are electrical signal of 

non-neural origin and may arise from non-physiological or physiological noise sources. In the first case 

are those that originate outside the patient, such as the grounding of the electrodes causing power line 

noise at 50/60 Hz and its harmonics, interferences with other electrical devices, or imperfections in 

electrode settling. On the other hand, in the second case are those originating within the patients, such 

as the ones produced by head, eye or muscle movements [56]. Head movements may result in spikes 

and discontinuities due to a rapid change of impedance at one or several electrodes. Reflective eye 

movements occur frequently and are normally picked up by the frontal electrodes in the frequency range 

of 1-3 Hz (i.e., within the delta frequency range) and blinking usually causing a more abrupt change in 

its amplitude that eye movements. In addition, every movement of the patient generates muscular 

artifacts that can be found everywhere on the scalp at frequencies higher than 20 Hz (i.e, within the beta 

and gamma frequencies range).  

One simple approach to deal with these artifacts might be the removal of data segments that exceed 

a certain level of artifact contamination (e.g., signal amplitudes greater than ± 100 µV). However, this 

method could lead to the loss of artefact-free information, compromising the subsequent analysis and 

interpretation of the data. This is valid for both ERPs and RS signal fluctuations. In addition, simple 

spatial and frequency band filtering approaches may be inefficient to remove this kind of artifacts due to 

the its overlapping in the spectral domain, and on many EEG channels with the signal of interested [57]. 

Another method that is commonly used to clean-up the EEG data is Independent Component Analysis 
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(ICA) [55]. In an easy way, ICA can be easily illustrated by the “cocktail party problem”, i.e. to assume a 

party when many people are talking and one would like to get the sound corresponding to each person 

instead of having a mix of all the conversations. Hence, if one has N people talking one needs at least 

N observations (in this case, N microphones) to recover the signals of each source [58].  Hence, ICA is 

used to isolate and subtract independent sources (ICs) of activity, i.e., the main goal of this method is to 

find a linear representation of nongaussian data based on the assumption that the components are 

statically independent, or as independent as possible  [58]. In order words, it is assumed that neuronal 

signals and noise recorded on the scalp are independent of each other, allowing the decomposition of 

the EEG data in ICs, and therefore allows the separation the neuronal and noise contributions to the 

signal. These artifactual ICs can then be identified and subsequently subtracted from the EEG data, 

yielding an artefact-free signal.  

Usually, pre-processing of EEG data, including the classification of artifactual ICs is performed under 

expert supervision. However, with studies of large populations or even high-density EEG arrays, manual 

methods have become excessively time consuming. To cope with this, and to minimize subjectivity, 

automatic methods have been proposed [59–62]. Tool for automated processing of EEG data (TAPEEG) 

enables a fully automated pre-processing of RS EEG data [62], based on computing z-scores of different 

signal metrics, and threshold them to detected bad channels, bad epochs and artifactual ICs. However, 

z-scores are not robust to outliers and tend to have high rejection rates of artefact-free signal. A better 

approach could be the use of robust statistics as described in the Prep pipeline [61]. Here, the automatic 

pre-processing, i.e. filtering and bad channels identification is done using the Random Sample 

Consensus (RANSAC) algorithm. However, in this case if a channel contains artifactual periods, these 

are neglected and left in the pre-processed EEG data. In addition, the identified bad channels are 

assumed to be globally bad. Furthermore, manual inspection for bad epochs removal is necessary since 

the Prep pipeline dos not provide this feature. Having a notion of the need for a method that takes into 

account all the limitations of the previous ones, Cruz et al developed a novel Matlab® based fully 

automatic pipeline for pre-processing and artifact rejection of EEG data (including both ERP and RS 

data), which is based on state-of-the-art guidelines for EEG pre-processing, ICA decomposition and 

robust statistics [63]. To see more details about this method, see the sub-section 2.2 Pre-processing.  

In this Thesis, for RS data analysis, App was compared against manual pre-processing and artefact 

identification using EEGLAB software [64]. To validate this study a sample of EEG data was considered. 

The inclusion of the schizophrenia patients is of particular interest since the EEG is useful for the study 

of clinical populations and these participants are also the ones that produce more artifacts, which is a 

challenge to automatic pre-processing.  

1.4.4.2. Electrophysiological Measures   

In general, the main goal of biomedical signal processing is to extract useful information contained 

in the signal. However, the method used to extract such information depends on the nature of the signal 

and the kind of information contained in it. Although there are several methods which can address this, 

firstly is necessary to understand its predictability (deterministic or nondeterministic) and chose the right 

analytical representation of the signal (i.e., original domain of occurrence or in a transformed domain) 

to choose an appropriate method.  
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The EEG signal, as other biomedical signals, is considered as being predominantly unpredictable 

(i.e., nondeterministic nature) because its statistical characteristics change with time owing to the 

variations in the mental states. However, theoretically, some deterministic information through direct 

recording in certain cortical areas can be obtained [49].   

In recent years, numerous electrophysiological metrics have been proposed to potentially 

characterize the schizophrenia’s phenotype. Capitalizing on a review of previous experiment and current 

theories, one can identify a series of measures of ongoing EEG activity that can be organized into 

several dimensions, such as based on the spectral frequency (Fourier frequency analysis) versus 

information-theory estimates of signal complexity or local dynamics (i.e., dynamics of brain signals at a 

single electrode site) versus connectivity (i.e., dynamics of brain signals between two brain sites) [65]. 

In this section, a description of the motivation for the use of each metric in the study of candidates 

for the endophenotype of schizophrenia is presented. In Table 1.1 are present all the measures used in 

this Thesis. For details of the computation see the Chapter 2.  

 

At a single electrode site: univariate measures 

It is known that each brain region is linked to a determined function. To study the information at each 

brain site, the EEG metrics computed within a given EEG electrode is widely used. Indeed, there are 

several methods with different approaches drawing on the concepts of chaos and entropy as well as 

frequency domain analysis.  

 

Fractal Geometry 

Since the EEG signal is apparently random in time, it has been analyzed with linear techniques. 

However, chaos theory claims that randomness can also be displayed by deterministic nonlinear 

dynamical systems. Although the most characteristic measures of chaos theory are the largest Lyapunov 

Exponent and the Correlation Dimension, Fractal Geometry is an easy way to study the complexity of 

Table 1.1 - Taxonomy of resting-state EEG activity measures used to categorize schizophrenia phenotypes.

Resting-state EEG activity 

Dynamics 

of brain 

signals 

At a single 

electrode 

site 

Fractal Geometry 
Higuchi’s Algorithm 

Katz’s Algorithm  

Spectrum 

Relative Amplitude in each Frequency Band 

(RAFB) 

Spectral Entropy (SE) 

Between 

two brain 

sites 

Spectrum 

Phase Lag Index (PLI) 

Amplitude Envelope Correlation (AEC) 

Imaginary Coherence (ICOH) 

Information Theory Weighted Symbolic Mutual Information (wSMI) 

Microstates 
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the systems since it does not need the phase space reconstruction, a procedure which may be 

computationally expensive [41, 66]. 

The fractal-like behavior of the EEG can be characterized by the Fractal Dimension (FD) since the 

main features of fractal objects can be displayed by a time series directly in the time domain [66]. Since 

the EEG signal can be considered as a fractal-like signal, the underlying mechanisms reflect the 

complexity of brain activity. Hence, this method is a useful tool to characterize psychiatric brain diseases 

like schizophrenia.  

Since FD measures the complexity of one dimension time series and since the dimension of a plane 

is equal to 2 and the dimension of a line is equal to 1, one can expect that the EEG FD will be always 

between 1 and 2. In other words, FD increases due to the more fragmentations of the waveform, i.e. the 

more the EEG lines fluctuates, the more the plane appears “covered” and thus the more the FD 

increases [41].  

Although several methods have been proposed to estimate the fractal dimension of a time series in 

biomedical signals, the two most used ones were developed by Higuchi and Katz in the late ‘80s. 

However, it should be noted that although Higuchi’s algorithm shows a higher accuracy, the Katz’s 

algorithm have often been used to calculate EEG fractal dimension [66].  

 

Spectrum 

The amplitude of the EEG signal can also be represented as a function of frequency, the so-called 

‘frequency-domain’ representation. It derives from the Fourier theory (Joseph Fourier, 1768-1830), 

which states that any stationary time-domain signal can be represented as the sum of a set of sinusoidal 

waveforms. Since the EEG signal is sampled at discrete time intervals, the Discrete Fourier Transform 

(DFT) is used, corresponding the so-called Power Spectrum Density (PSD) [49].  

However, studies based on PSD had returned different results, which can be due to phenotype 

heterogeneity, effects of medications, variability in duration of illness and gender distribution of the 

samples studied [41]. To cope with this, the PSD is usually applied to quantify EEG rhythms or 

broadband frequency patterns [49], i.e. it summarizes the distribution of power of over various 

frequencies. This is done based on the relative amplitude for each frequency band. Indeed, many EEG 

rhythms have been proposed as candidate schizophrenia endophenotype [7].  

In addition, besides quantifying the PSD, it is also useful to calculate the entropy of the frequency 

spectrum, e.g. the Spectral Entropy (SE). The SE is a useful method for detect the predictability of a 

time series, i.e. it basically quantifies the amount of organization of the spectral distribution [65]. Notably, 

some authors have pointed out that SE decreases for SCZ compared to normal subjects [67], which can 

be useful to quantify the signal complexity during the cognitive process, bringing out some feature to 

distinguish the schizophrenia group from normal subjects.  

Between two brain sites: multivariate (bivariate) measures 

It is believed that most brain functions occur along coordinated interactions of large populations of 

neurons and brain regions. With this in mind, the study of connectivity, i.e. the information sharing across 

distance cortical areas, is the particular interest. To cope with this, many EEG measures have been 
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proposed to study these interactions starting from measures related to the spectrum until the information 

theory.  

In general, brain connectivity has been studied in three different ways [68, 69], namely (i) structural 

connectivity which refers to the existence and structural integrity of tracts connecting different brain 

areas (e.g., white matter tracts connecting cortical areas/nuclei); (ii) functional connectivity which only 

refers to statistical dependencies (undirected) of the signal (e.g. EEG) of different brain regions and (iii) 

effective connectivity, which brings the directed influences between neuronal populations (i.e. an 

activation in one area (a signal) directly causes a change in another area (i.e. an activation or depression 

of the signal). 

Besides the focal anatomical and functional alterations in SCZ, this disease has been reported as a 

dysconnectivity syndrome whose main feature is an altered communication between brain regions [70–

72]. Notably, recent studies have highlighted that temporal correlations are a prerequisite for efficient 

neuronal communication in large-scale networks [73, 74], being that alterations in the amplitude and 

connectivity of rhythms at low- and high-frequencies which could provide useful mechanisms for the 

explanation of cognitive deficits and psychosis [7]. However, modulations in the amplitude of spectral 

signals do not per se allow insights into the efficacy of information transmission between neuronal 

groups. Hence, to cope with this, measures of functional interactions need to be implemented. Measures 

such as coherence and phase-locking value have been substantially reported as altered in SCZ, 

whereas mutual information has been reported as altered in SCZ based on preliminary evidence [15].   

 

Spectrum  

Recent studies have demonstrated that long-distance communication could be marked or 

established by a frequency specific connectivity across different brain areas [65, 73]. With this in mind, 

in this work, one selected connectivity based on spectral methods, namely (i) Phase Lag Index (PLI), 

which only regards the signals’ phasing; (ii) Amplitude Envelope Correlation (AEC), which is solely 

amplitude sensitive and (iii) Imaginary Part of Coherence (ICOH), which incorporates both amplitude 

and phase information.  

PLI, initially proposed by Stam et al., measures the asymmetry in the distribution of phase differences 

between two signals [75].  Although the Phase Locking Value (PLV) can more easily conclude that two 

EEG electrodes are synchronized (due to its sensitivity to common sources), the PLI is insensitive to 

perfect, zero-phase synchrony and therefore focuses on connectivity between two electrodes which 

does not originate from a single source [65].  

AEC, as proposed by Bruns et al.,, instead of focusing on the signals’ phasing, it looks at interactions 

among their amplitudes [76]. Since slow fluctuations of the system’s general state (e.g. some minute 

scale changes in arousal) might induce local activation changes, signal amplitudes at different sites can 

change over time [77]. Hence, this measure has turned out to be a promising alternative to phase-

sensitive coupling measures. In contrast to coherence or phase consistency, it represents a non-linear 

form of signal coupling [76].  

Finally, ICOH, as described by Nolte et al., is based on the coherence between the two signals [78]. 

To clarify, coherence can be defined as the covariation in the amplitude and phase between two signals 
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[79]. However, coherence-measures of scalp EEG has an important limitation, namely the problem of 

volume-conduction blurring effect, artifact contamination and potential bridging between electrodes in 

EEG recordings. In addition, coherence values can also be influenced by power fluctuations [15, 80]. 

Hence, as an alternative to traditional measures, more robust measure as ICOH has been used [81, 

82]. 

 

Information theory 

Information theory is an effective method to compare time series and distinguish different types of 

behavior (e.g., periodic, chaotic or random). Since this method is known for its high resistance to low 

signal-to-noise rations compared to other similar methods, it can be to detect changes in the EEG that 

may not be achieved using traditional frequency methods [65]. 

In general, information theory is based on the signal’s entropy, being that this is computed based on 

a set of symbols. To clarify, before calculating such entropy, each time series is represented as a set of 

symbols based on the qualitative (i.e. ranking) up and downs of the signal, a method called permutation 

entropy. wSMI is method based on permutation entropy, which allows to quantify the non-trivial 

association of symbols across sensors [83]. 

Although PLI and ICOH are favored due to their robustness to volume conduction, common source 

and muscular eye movements artifacts, they are poorly sensitive to non-oscillatory functional 

connectivity. Hence, wSMI is useful to quantity non-oscillatory functional connectivity while calculating 

the information shared across several electrodes in a robust way [84]. Despite of these advantages, it 

should be noted that although there is consistency between some information-theoretic concepts and 

recent discoveries in neurobiology, information theory has rarely been applied to understand the 

mechanisms of cognitive neuroscience of schizophrenia [85].  

Microstates  

Besides the stochastic and multidimensional natures of the EEG signals, they can also be considered 

as a dynamical system, i.e. it can be described in terms of its state and dynamics. To explain, the system 

state is the combination of all variables that describe the system at a given time, and the system 

dynamics describe how the state changes over time [86]. Since brain is a complex system that 

comprises many local functional states [87], microstates analysis is a powerful tool to study changes in 

these states.  

In general, microstate analysis considers the signal from all the electrodes to create a global 

representation of a functional state. Although brain functional states have some periods with small 

variance of state, these periods of quasi-stability are concatenated by rapid and major changes of state. 

Indeed, it can be said that brain has one particular global functional state at each moment in time.  

Microstates analysis is defined by topographies of electric potentials over a multichannel electrode 

array, which remain stable for 80-120 ms before rapidly transitioning to a different microstate [37]. 

Notably, the spatial configuration and the temporal parameters (mean duration, time coverage and 

occurrence) of the EEG microstate are consistent across many studies and recordings and only 4 resting 

state EEG microstate classes (A-D) are explained more than 80% of the data [36, 86]. Since different 

electrical potential must have been generated by different distributions, these features can be linked to 
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a different functions of the brain [37]. Furthermore, EEG microstates have been proposed to be 

electrophysiological signatures of the typical functional magnetic resonance image (fMRI) resting state 

networks, which class C resting EEG microstate has been linked to the salience network (SN) and the 

class D microstate to the central executive resting state network (CEN) [88]. Since schizophrenia has 

been linked to a dysfunctional activation of SN [29, 36, 89], microstates analysis is crucial.  

1.4.5.   EEG Limitations and Other Techniques  

Although the EEG has been described as being a useful tool for the study of clinical psychiatrics, it 

has some limitations. Indeed, EEG is commonly used due to its non-invasiveness and low cost of the 

procedure as well as its ability to measure brain activity. However, these technique has some limitations 

[90], namely:  

(i) Infinite number of neural generator combinations (the so-called “inverse problem”); 

(ii) Low spatial resolution compared to other neuroimaging methods; 

(iii) More sensitive to activity of populations of neurons on gyri, versus sulci; 

(iv) Neural signal might be “smeared” by the meninges, cerebrospinal fluid and the skull.  

Indeed, its low spatial resolution prevents one from knowing exactly which regions are affected in the 

disorder. Physiological factors such as age, state (awake v. sleep pattern) and medication can influence 

the EEG signal. Indeed, antipsychotic medications increase the amount of alpha activity, adding a 

confounding factor to the EEG recording [91].  

In addition, other techniques can be used to study neural activity, such as functional magnetic 

resonance image (fMRI), which has a good spatial resolution. However, neural activity is visible only 

through a slow haemodynamic response, which introduces blurring in time. Furthermore, coactivation 

patterns found in fMRI might be confounded by the dynamics and regulation of blood-flow in the brain 

itself, without relation to neural activity. Indeed, combined EEG and fMRI studies might be an interesting 

approach to study neural activity  [50].  

Finally, another technique commonly used is the magnetoencephalography (MEG). Although this 

technique is able to reconstruct neural activity on the order of milliseconds like the EEG, the sampling 

frequency of data acquisition is not limited by electrode impedance (as in EEG), permitting the 

examination of ultra-high frequency brain activity in this modality. Another advantage is the volume 

conduction artifacts which are significantly reduced in MEG. Novel source localization algorithms allow 

high-fidelity reconstruction of whole brain activity, also referred to as electromagnetic brain imaging [50] 

[92].  

 Aims and Objectives  
The main goal of this thesis is to investigate the resting-state EEG activity recorded from 

schizophrenia patients, their non-affected relatives and healthy controls. A more detailed description can 

be found in Chapter 2. 

The aims of this thesis are:  
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i. To briefly overview the some methods used in the schizophrenia research literature and 

to explain the importance of an endophenotype in schizophrenia, particularly a 

multivariate one that includes multiple methods and frequency bands;  

ii. To implement appropriate EEG analysis techniques for the extraction of a number of 

univariate and multivariate metrics that are candidate endophenotypes of schizophrenia; 

iii. To apply these techniques to data previously collected from a group of patients, their 

relatives and controls, and to test for differences across groups using appropriate 

statistical analysis methods. 

 Thesis Organization  
This Thesis is divided into the following chapters: 

The Chapter 1 (Introduction) comprises the motivation, theoretical concepts, review and objectives.  

For each main topic of this thesis, i.e. SCZ and EEG, firstly is presented its theoretical concepts and 

then its literature review.  

The Chapter 2 (Methods) is divided into data description and the data analysis. First, the subjects 

and their demographic characteristics are described as well as the EEG recording. Then, the pre-

processing is explained and the EEG measures used to analyze the data are described.  

The Chapter 3 (Results) provides a description of the results found for each EEG metric.  

The Chapter 4 (Discussion) is divided into two sections: the schizophrenia’s findings and the 

strengths and limitations of the methods. The first section comprises the discussion of the previously 

results as well as their interpretations regarding the brain deficits in schizophrenia; whereas the second 

one comprises the discussion of the methods, with their advantages and disadvantages.   

The Chapter 5 (Conclusions and Future Work) comprises the main conclusions of this work, 

existent limitations and future works that should be included on further studies.   
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 Methods  

 Data description  

2.1.1.   Subjects 

Three groups of participants (schizophrenia patients, first-order relatives and healthy controls) from 

a Georgian sample are used in this Thesis. The demographic characteristics of the three groups are 

shown in Table 2.1. 

Seventy-one patients (both genders, aged between 18 and 55 years; duration from onset of illness 

between 1 and 33 years) fulfilling the Diagnostic and Statistical Manual of Mental Disorders, Fourth 

Edition, (DSM-IV) criteria (Association 1994) for schizophrenia/schizophreniform disorder constituted 

the patient sample. The diagnosis of schizophrenia was arrived at using criteria from the DSM-IV based 

on SCID-CV (Structured Clinical Interview for DSM-IV, Clinician Version).  

 SCZ REL CON 

Age (years)a 36.28 ± 8.98 31.12 ± 10.13 34.89 ± 7.25 

Gender (F/M)b 8/63 12/22 25/29 

Education (years)c 13.32 ± 2.75 14.44 ± 2.98 14.76 ± 2.77 

Family history (N/Y)d 53/18 1 0  

Handedness (R/L/M)e 67/3/1 32/2/0 51/3/0 

Smoking 
habit 

(NA/N/Y)f 31/9/31 3/16/15 0/31/23 

Daily 21.30 ± 8.47 17.67 ± 10.22 15.96 ± 7.30 

Duration (years) 16.95 ± 9.62 8.40 ± 7.21 11.59 ± 7.78 

Degraded CPT  3.21 ± 0.88 4.062 ± 0.77 3.86 ± 0.76 

WCST (categories) 3.07 ± 1.45 4.35 ± 1.50 3.93 ± 1.67 

Clinical measures    

   Diagnosis 295.33 ± 0.41 - - 

   Disease duration 12.58 ± 8.26 
- 
 

- 

   CPZg 563.23 ± 379.23 -  

   SANS 10.48 ± 5.23 - - 

   SAPS 10.13 ± 8.98 - - 
a Age of participants significantly differ across groups (F (2.156) = 4.064, p = 0.019). 
b Gender of participants significantly differ across groups (χ2 (2) = 19.589, p = <0.001). 
c Education years significantly differed across the three groups (F (2.156) = 4.432, p = 0.013). 
d Family history of participants significantly differ across groups (χ2 (2) = 97.948, p = <0.001). 
e Handedness of participants did not significantly differed across groups (χ2 (4) = 1.410, p = 0.842). 
f Smoking habit of participants significantly differ across groups (χ2 (4) = 49.694, p = <0.001). NA, data not available. 
g Chlorpromazine (metric used for a standard of antipsychotic drugs).  
 

Table 2.1 - Demographic, clinical, neurophysiological, and illness characteristics of schizophrenia patients (SCZ), 
first-order relatives (REL) and healthy controls (CON): mean ± s.d. 



23 
 

The symptoms in the schizophrenia subjects were assessed using the Scale for the Assessment of 

Negative Symptoms (SANS) and the Scale for the Assessment of Positive Symptoms (SAPS), being 

the psychopathology ratings were carried out by one psychiatrist, who had sufficient training and 

experience in administering the scales.  All patients were on medication taking either clozapine, 

haloperidole, trifluoperazine, risperidone, olanzapine, fluphenazine, or zuclopenthixol, some of them 

took more than one antipsychotic drug. Four patients received mood stabilizers, 5 amitriptyline, and 7 

diazepam. Thirty-four patients (both genders, aged between 16 and 52 years) with no 

schizophrenia/schizophreniform disorder, but with family history constitute the first-order relative 

sample. The control group consisted of fifty-four healthy subjects (both genders, aged between 20 and 

50 years). These patients were recruited from the general population to match the schizophrenia 

patients as closely as possible with respect to age, education and gender.  

All groups of subjects were ascertained to have no unstable medical or neurological conditions, 

history of significant head injury or substance dependence (excluding tobacco) meeting DSM-IV criteria. 

Observers gave informed consent before the experiment. All procedures complied with the Declaration 

of Helsinki and were approved by the local ethics committee. 

2.1.2.   Electroencephalogram Recording 

All subjects were asked to avoid nicotine and alcoholic drinks 3 days prior to experiment. All EEG 

recordings were performed at Asatiani Psychiatric Hospital in Tbilisi, Georgia, using a BioSemi Active 2 

system (BioSemi) at 2048 Hz with 64 Ag-AgCl sintered active electrodes positioned in a cap according 

to the 10-20 International System, referenced to the common sense (CMS) electrode. EEG channel 

locations are shown in Figure 2.1. Five minutes of EEG were recorded while the subjects were seated 

in a dimly lit room with their eyes closed in a relaxed state. 
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Figure 2.1 - Locations of EEG channels. All 64 electrodes belonging to the EEG are shown. 
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 Pre-processing  
In this Thesis, for pre-processing RS EEG data , the novel automatic pre-processing pipeline (App), 

described by Cruz et al [63] was compared against manual pre-processing and artefact identification 

using EEGLAB software [64]. To validate this study a sample of EEG data (25 schizophrenia patients, 

24 first-order relatives and 25 healthy patients) are considered. The novel tool App is an automatic 

method for pre-processing and artifact rejection of EEG data (Figure 2.2); this is firstly described, 

including a detailed description of each step. Then, the manual artifact removal method using the 

EEGLAB software is also described. Finally, the analysis methods used to validate the App method are 

also present.  

The App pipeline consists of the following steps: 

1. High-pass filtering, to eliminate signal low-frequency non-stationarity (for example, slow 

drifts in the mean)  

High-pass filtering is commonly used to corrected the DC drift, i.e., the changes of the DC value of 

the EEG over time. In this approach, to counteract the phase delay and to minimize distortion that are 

introduced by high-pass filtering, a zero-phase 3rd order Butterworth filter run both in forward and 

reverse directions with a 1 Hz cutoff frequency was used. 

2. Removal of power line noise, with minimum distortion 

Usually, the removal of the power line interference (50/60 Hz noise and its harmonics) is 

accomplished using notch filters. However, since these usually lead to several artifacts, the CleanLine 

plugin of EEGLAB which uses a multi-taper regression method with a Thompson F-statistics for 

identifying sinusoidal power line noise from ICs was used.  

3. Robust re-referencing, to a robust estimate of the mean of all channels 

Since the number of electrodes is large enough (>32 electrodes), the mean of all electrodes can be 

used as the reference. However, this method is not resistant to outliers, namely those associated with 

bad channels and eye blinks. To minimize this effect, one used biweight estimates of the mean as an 

approximation of the true mean of the channels was used since it offers high resistance to outliers and  

low sampling variability.  
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Figure 2.2 - Flowchart detailing the proposed EEG pre-processing pipeline. At each step, several parameters are 
calculated and an outlier detection scheme is used to identify and remove outliers. Adapted from [63]. 
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4. Detection, removal and interpolation of bad channels 

Bad channels are characterized by a poor-quality signal due to its poor contact to the scalp [93]. 

These channels have distributions of potential values that are further away from a Gaussian distribution 

than other scalp channels [64], as seen in the example in Figure 2.3. Since the bad channels will spoil 

the analysis, it is necessary to remove them. In App, the bad channel detection is accomplished in two 

stages, based on: 1) temporal features; and 2) ICA decomposition. 

 

 

 

 

(b) 

Figure 2.3 - Example of statically distribution: (top) bad channel shows that the potential values are further away 
from a Gaussian distribution and (bottom) non-bad channel shows that the potential values are approximately a 
Gaussian distribution. 
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5. Detection and removal of bad epochs  

Bad epoch are time-segments with large amounts of artifacts across several channels. Removing 

these time-segments with inseparable artifacts will improve ICA and ICs [94]. However, although ICA is 

a very useful tool for decomposition of a signal in a few ICs typical such as eye movements, bad 

channels and muscle tension, other kinds of artifacts (such as head movements) are reflected in multiple 

ICs. Then, before submitting the EEG data to ICA, App prunes the EEG data for epochs that deviate 

from typical epoch ranges. To detect the bad epochs, App computes two parameters: mean global field 

power (GFP) and mean deviation from channel biweight estimate of the channel means.  

6. Detection and removal of eye movement-, muscular-, and bad channel-related artifacts 

based on ICA 

EEG signals can be assumed as linear mixtures of electrical potentials originating from multiple brain 

sources propagating instantaneously to the scalp, as well as artifacts [95]. This can be described as: 

 

𝑋 = 𝑊𝑆 (2.1) 

(where, 𝑿 = [𝒙(1), … , 𝒙(𝑁)] = [𝒙 (j)] ×  are the EEG signals recorded from the scalp, where each row is one 

channel, 𝑛 is the number of channels and 𝑁 is the number of time samples; 𝑺 = [𝒔(1), … , 𝒔(𝑁)] = [𝒔 (j)] ×  is a 

matrix of unknown sources, in which the rows represent brain sources and artifacts, and 𝑾 is a 𝑛 × 𝑚 unknown 

mixing matrix) 

 

ICA methods estimate the mixing matrix 𝑾 from the EEG by maximizing the statistical independence 

of the sources from each other [58]. This means that ICA allows isolation of ICs as linear combinations 

of electrodes. Each IC is characterized by a topography, which shows how strong an IC contributes to 

the signal captured by each electrode, and a time course, which can be thought of as the signal that 

would have been recorded with an electrode located directly at that source. Topographies are obtained 

based on the matrix returned by ICA, i.e. matrix of weights that tells us how much does each component 

contributes to the observed signals, and the spatial localization of the electrodes. ICs can be treated in 

many respects like single electrodes because they are linear combinations of the original electrode 

signal [55] [58]. Furthermore, both in App and manual method, the Second-Order Blind Identification 

(SOBI) method was used. SOBI is chosen based on its merits in separating the EEG from artifacts, 

insensitivity to the duration of the data segments and ability to preserve more brain activity than other 

artefact removal function [96–98].  

App identifies ICs related with eye movements or blinks, muscle related artifacts and bad channels. 

The most common artifacts types (showed in Figure 2.4) are well-characterized based on its features 

and how these features are reflected in various statistical measures to proper means of identifying 

(manually or automatically) which ICs capture artifacts and which ones do not [55].  
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Figure 2.4 - The most important EEG artefacts present in the EEG data of the two patients: ocular 
components, muscle components and rare events. (A and B) Two exemplar blink component. (C and D) Two 
exemplar horizontal eye movement components. (E and F) Two exemplar muscle components. (G) Example 
rare event when it occurs only in one electrode and (H) when it occurs in many electrodes. Adapted from [55].
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7. Detection, removal and interpolation of bad channels in epochs 

App detects epochs affected by such transient artifacts based on two criteria, which are evaluated 

for each channel within each epoch: dispersion criterion and high-frequency criterion. Then, the bad 

channels within each epoch are interpolated using spherical splines. In this case, i.e. in the case of RS 

data, after interpolation of the bad channels within each epoch, epochs are concatenated with a 500 ms 

inverse Hanning window at the intersections. 

8. Outlier detection  

For each parameter computed in the previous steps, App uses a general outlier detection and 

removal scheme based on the distribution of the data. Outliers are detected based on a robust z-score 

and adjusted boxplot, chosen automatically depending on the distribution of the data, e.g., normality and 

skewness.  

 

Secondly, App was compared against manual pre-processing and artifact identification done using 

EEGLAB. Pre-processing of the raw EEG data included band-pass filtered between 1 and 40 Hz to 

remove high-frequency artifacts and 50 Hz noise removal using notch filters. Both filtering was done 

with Basic Fir Filter (new, default) with a default order. Then, the EEG data was down-sampling to 256 

Hz to reduce computational time. Finally, the EEG data was inspected for bad channels and bad epochs. 

To reject the bad cannels, the 3 methods (Probability, Kurtosis and Spectrum) were tested with a z-score 

threshold of 5. However, these methods return different results. These differences occur since probability 

method measures the time course of the electrode signals and it assumes that noisy electrodes have 

unusual time series; kurtosis method quantifies the extent to which the distribution of the signal, which 

describes its trend, departs from normality and it is easily affect by outliers and spectral method 

measures those electrodes that are contaminated by computation of power spectral density [64, 99]. 

Furthermore, one could notice that some methods considered non-bad channels as bad ones.  For 

example, since the ICA can extract the eye movement artifacts from channels, channel 1 should not 

itself be considered a bad channel. Hence, the criteria were basically when the three methods 

considered it as bad channel and confirmed by visual inspection and thereafter interpolated by spherical 

method. The bad epochs removal was done by visual inspection and to avoid artefacts from patient 

movement it was removed the first and last 30 seconds of data.  

Finally, to validate the App, the PSD and the (RAFB) were calculated as described below in the sub-

section 2.3.2 for both types of pre-processing. In addition, the bad channels were also compared. Here, 

only a small sample of EEG data was considered (25 SCZ, 24 REL and 25 CON).  

 

 

 

 

 



30 
 

 Univariate EEG measures  
This section describes the methods used to compute the univariate EEG metrics used in this Thesis 

as well as the respective statistical analysis.  

2.3.1.   Fractal Dimension  

Two algorithms were implemented on Matlab® 2016 based on the algorithms available at 

MathWorks. 

2.3.1.1. Higuchi’s Algorithm  

According to [41, 100, 101], Higuchi’s Algorithm of computation of FD is explained as described 

below. Considering an epoch of such a time series represented by x(1), x(2), …, x(N), where N is the 

total number of samples in epoch. From the given epoch, k new subepochs are constructed and 

represent by 𝑥 , being that each of them is defined as 
 

𝑥 = {𝑥(𝑚), 𝑥(𝑚 + 𝑘), … , 𝑥(𝑚 + 𝑀𝑘)} (2.2) 

where m and k are the initial and interval times, respectively. For each of the subepoch 𝑥  constructed, 

the average length for each k is calculated as 
 

𝐿 (𝑘) =
1

𝑘

𝑁 − 1

𝑀𝑘
(|𝑥(𝑚 + 𝑖𝑘) − 𝑥(𝑚 + (𝑖 − 1)𝑘|)  (2.3) 

where 𝑀 = ⌊𝑁 − 𝑚 𝑘⁄ ⌋. Hence, the length of each epoch L(k) is computed as the mean of the k values 

 

𝐿(𝑘) =
1

𝑘
𝐿 (𝑘)  (2.4) 

 

Thus, if one plots L(k) against k, k=1, …,  𝑘  on a double logarithmic scale, data should fall on a 

straight line with a slope of -D. The coefficient of this linear regression is taken as an estimate of fractal 

dimension D.  

In this Thesis, the FD values of individual 4 s artefact-free epochs are computed and their average is 

taken after the removal of outliers (described in  section 2.5) over the entire data length for all the 64 

channels considering two different values of 𝑘 , namely 8 and 25 [101]. 

2.3.1.2. Katz’s Algorithm  

According to [100], Katz’s method of computation of FD is explained as described below. If one 

considers a waveform with a sequence of points {𝑠 , 𝑠 , … , 𝑠 }, where N is the total number of samples 

in the sequence, the graph of sequence is represented as 𝑠 = (𝑥 , 𝑦 ), i=1,2,…N. Thus, Euclidean 

distance between the two points s1 and s2 is computed as 



31 
 

 

𝑑𝑖𝑠𝑡(𝑠1, 𝑠2) = (𝑥1 − 𝑥2) + (𝑦1 − 𝑦2)  (2.5) 

 

And then the FD of the curve can be defined as 
 

𝐷 =
𝑙𝑜𝑔(𝐿)

𝑙𝑜𝑔(𝑑)
 (2.6) 

where L is total length of the curve calculated as the sum of the Euclidean distances between the 

successive points of the sample and d is the diameter of planar extent of the curve, estimated as the 

distance between the first point and the point in the sequence that gives the farthest distance. 

Furthermore, in order to solve the problem of the different units of measure, the length is divided by 

average distance between the successive points, a, being FD of the curve given by 
 

𝐷 =
𝑙𝑜𝑔(𝐿 𝑎⁄ )

𝑙𝑜𝑔(𝑑 𝑎⁄ )
 (2.7) 

 

The FD values of individual 4 s artefact-free epochs are computed and averaged is taken after the 

removal of outliers (described in section 2.5) over the entire data length for all the 64 channels. 

2.3.2.   Spectral Analysis 

Spectral analysis is done based on the Fourier transform (FT), which represents a signal as a sum 

of sinusoids at different frequencies [102]. The FT of a time domain signal, f(t) is given by 
 

𝑓(𝑤) =
1

√2𝜋
𝑓(𝑡)𝑒 𝑑𝑡 (2.8) 

where w is the angular frequency in radians per second. 

2.3.2.1. Power Spectral Density (PSD) 

Being aware that the energy of the signal is preserved after the FT operation (Parseval’s theorem) 

[103], the PSD is given by the square of the absolute value of the FT amplitude as followed: 
 

𝑃𝑆𝐷 =  𝑓(𝑤)   (2.9) 

 

Hence, the PS represents the power concentrated at different frequencies in the signal and it is often 

shown in a log scale because otherwise the power at higher frequencies, which typically is only a small 

fraction of the total signal power, is difficult to observe.  
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2.3.2.2. Relative Amplitude of Frequency Bands (RAFB) 

Furthermore, the Relative Amplitude of Frequency Bands (RAFB) is obtained from the PS. RAFB is 

defined as amplitude in a frequency band divided by total amplitude (i.e., total amplitude is the sum of 

amplitude in all frequencies) [104], as follows: 
 

𝑅𝐴𝐹𝐵 =  
∑ 𝑋 (𝑘)

/  
/ 

𝐻𝑇𝐹 − 𝐿𝑇𝐹
/ 

∑ 𝑋 (𝑘)
/ 

/ 

45 − 1
 (2.10) 

where LTF and HTF denote the low and the high frequency expressed in Hz, X(k) is the frequency 

spectrum amplitude calculated by Fast Fourier Transform (FFT), Δf is the frequency resolution of FFT 

and k is the spectrum index.  

Thus, the RAFB is computed for the following frequency bands: Delta (1-4 Hz), Theta (4-8 Hz), Alpha 

(8-13 Hz), Beta (13-30 Hz) and Gamma (30-45 Hz).     

Both PS and RAFB are computed for each 4s artefact-free epochs and averaged after outliers’ 

removal (described in section 2.5) over the entire data length for all the 64 channels.   

2.3.3.   Spectral Entropy (SE) 

The Spectral Entropy (SE) is basically calculated from the PS as described by Oja et al [105]. To 

calculate entropy, frequency samples are considered from the PS of the given EEG signal. The first step 

to obtain SE index for each electrode in each trial is the PS normalization of each trial as the follows: 
 

𝑆 =  
𝑃𝑆 (𝑓)

∑ 𝑃𝑆 (𝑓)
 (2.11) 

 

Hence, the normalized power (i.e. the relative power) is the ratio of each power value to the total 

power (the sum of the values of the PS). The upper limit frequency, must be reasonably high within the 

Nyquist frequency (1/2 𝛥𝑡).  

 

The entropy of the relative power over the whole frequency range is given by  
 

𝑆𝐸 = − 𝑆 (𝑓) 𝑙𝑜𝑔(𝑆 (𝑓)) (2.12) 

where the base of the logarithm is 2 and the units of H are bits.  

The SE is computed for each 4s artefact-free epochs and average after outliers’ removal (described 

in section 2.5) over the entire data length for all the 64 channels.  

2.3.4.   Statistical Analysis  

One-way analysis of variance (ANOVA) is conducted based on a single subject factor (Diagnosis) 

for all 64 channels. Then, the post-hoc is performed, i.e. for channels with p-values lower than 0,05, t-
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tests (unpaired t-tests) are performed. Finally, Bonferroni Holm is used in order to correct the p-values 

obtained with t-tests. 

 Multivariate EEG measures  
This section first describes the Surface Laplacian (SL) and then the multivariate EEG connectivity 

metrics used in this Thesis. Every metric is examined intra- and inter-hemispheric. The intra-hemispheric 

metrics are examined on electrode pairs F3-C3, F3-P3, F3-T7, C3-P3, C3-T7, P3, T7 on the left 

hemisphere, and F4-C4, F4-P4, F4-T8, C4-P4, C4-T8, P4-T8 on the right hemisphere; whereas inter-

hemispheric metrics are examined between electrode pairs F3-F4, C3-C4, P3-P4 and T7-T8 [106]. 

2.4.1.   Surface Laplacian  

Although the EEG data has been pre-processed as described in section 2.2, this pre-processing is 

not enough when studying the connectivity between the pairs of electrodes. Notably, there are two main 

problems [107], namely:  

1) The influence of common sources (volume conduction), i.e. since the electrical currents of the 

brain cross different tissues and skull, a significantly amount of current is forced to spread tangentially 

through the scalp;  

2) Active reference electrodes, i.e. referencing EEG signals to the same EEG channel can cause an 

overestimation of the synchronization between channels.   

To cope with this, a SL transformation of the EEG was applied, a computation also known as Current 

Source Density (CSD). The SL allows to overcome this problem since it has into account the model of 

the patient’s head. Thus, the SL removes the volume conduction and makes the electrodes’ signals 

independent of the reference, improving the spatial resolution of the EEG.   
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In this Thesis, the SL was applied using the Matlab® toolbox SSLTool. To model the patient’s head, 

the SSLTool default model is firstly used, and then the position of the electrodes are adjusted to this 

model translating them to the nearest point in the surface, as shown in Figure 2.5.  

 

 

2.4.2.   Phase Lag Index (PLI) 

The Phase Lag Index (PLI) is computed based on the following steps [65]: 

1) For each frequency-bin of interest (f, in δ [1-4 Hz], θ [4-8 Hz], α [8-13 Hz], β [13-30] and γ [30-45 Hz]), 

each pair of electrodes, and at each 4s artefact-free epoch, the signals X and Y are band-passed filtered 

at f;  

2) The Hilbert-transform is applied to estimate the instantaneous phase φ(τ) and amplitude ψ(τ) of both 

signals at each time point τ; 

3) The sign of the angle of the difference between φx(τ) and φy(τ) is calculated, and averaged across 

time as follows:  
 

𝑃𝐿𝐼 (𝑓) =  
1

𝑁
𝑠𝑖𝑔𝑛 (𝜑𝑥(𝜏)  −   𝜑𝑦(𝜏) )  (2.13) 

 

Then, after outliers’ removal (described in the section 2.5) the average PLI for each pair of electrodes 

is computed.  

Figure 2.5 - Model of the head and electrodes positions using the SSLTool. On the left is the default 
model of the head (triangular surface mesh of the head aligned with the default referenced mesh) with 
the electrodes in their default position. On the right the electrodes were translated to their nearest point 
in the surface.  
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2.4.3.   Amplitude Envelope Correlation (AEC) 

The Amplitude Envelope Correlation (AEC) is computed based on the following steps [108]:  

1) For each frequency-bin of interest (f, in δ [1-4 Hz], θ [4-8 Hz], α [8-13 Hz], β [13-30] and γ [30-45 Hz]), 

each pair of electrodes, and at each 4s epoch free-artifact, the signals X and Y are band-passed filtered 

at f;  

2) The Hilbert-transform is applied to estimate the instantaneous phase φ(τ) and amplitude ψ(τ) of both 

signals at each time point τ; 

3) The AEC of the two amplitudes ψx(τ) and ψy(τ) is calculated as follows 
 

𝐴𝐸𝐶(𝑘, 𝑓) =
∑ ((𝜓(𝑥) − 𝜓(𝑥))(𝜓(𝑦) − 𝜓(𝑦)))

∑ (𝜓(𝑥) − 𝜓(𝑥)) ∑ (𝜓(𝑦) − 𝜓(𝑦))

 
(2.14) 

where 𝜓(𝑥) and 𝜓(𝑦) denotes the mean at each trial of the signal X and Y, respectively. Finally, the AEC 

values were averaged across trials, using Fisher’s Z transform as follows 

 

𝐴𝐸𝐶(𝑓) = 𝑡𝑎𝑛ℎ 
1

𝑁
𝑎𝑡𝑎𝑛 (𝐴𝐸𝐶(𝑘, 𝑓))  (2.15) 

 

Then, after outliers’ removal (described in the section 2.5) the average AEC for each pair of electrodes 

is computed.  

2.4.4.   Imaginary Part of Coherence (ICOH) 

 The Imaginary Part of Coherence (ICOH) is computed based on the following steps [109]:  

1) For each frequency-bin of interest (f, in δ [1-4 Hz], θ [4-8 Hz], α [8-13 Hz], β [13-30] and γ [30-45 Hz]), 

each pair of electrodes, and at each 4s epoch free-artifact, the signals X and Y are band-passed filtered 

at f;  

2) The Hilbert-transform is applied to estimate the instantaneous phase φ(τ) and amplitude ψ(τ) of both 

signals at each time point τ; 

3) The ICOH of the two signals is given by the expectation value of 𝑠𝑖𝑔𝑛(𝛥𝜑) weighted by the product 

of the signal amplitudes, apart for a normalization factor 
 

𝐼𝐶𝑂𝐻 =  
 〈𝜓(𝑥)𝜓(𝑦) 𝑠𝑖𝑔𝑛(𝛥𝜑)〉

(〈𝜓(𝑥) 〉〈𝜓(𝑦) 〉)
 (2.16) 

where 𝛥𝜑 denotes the phase difference between the signals recorded by electrodes X and Y at a specific 

frequency. Finally, the ICOH values are averaged across trials after outliers’ removal (described in 

section 2.5).  
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2.4.5.   Weighted Symbolic Mutual Information (wSMI) 

The Weighted Symbolic Mutual Information (wSMI) is dependent on the symbolic transformation and 

is calculated between each pair of electrodes, and for each trial, after the transformation of the time 

series into sequence of symbols (Figure 2.6), according to King et al [83].   

 

 

 

The wSMI is computed based on the following steps:  

1) For each frequency-bin of interest (f, in δ [1-4 Hz], θ [4-8 Hz], α [8-13 Hz], β [13-30] and γ [30-

45 Hz]), each pair of electrodes, and at each 4s epoch free-artifact, the signals X and Y are band-

passed filtered at f; 

2) The two signals are transformed in a series of discrete symbols defined by the ordering of k time 

samples separated by a temporal separation τ (Figure 2.6). In this case, the analysis is restricted 

to a fixed symbol size (k=3) and four different values of τ (τ = 32, 32, 16, 8, 4 ms corresponding 

to 𝑤𝑆𝑀𝐼 , 𝑤𝑆𝑀𝐼 , 𝑤𝑆𝑀𝐼 , 𝑤𝑆𝑀𝐼  and 𝑤𝑆𝑀𝐼  [83]);  

3) For each pair of transformed EEG signals, the joint probability of each pair of symbols is 

estimated. The joint probability matrix is multiplied by binary weights, i.e. the weights are set to 

zero for pairs of identical symbols, which could be elicited by a unique common source, and for 

opposed symbols, which could reflect the two sides of a single electric dipole. wSMI is calculated 

as follows:  
 

𝑤𝑆𝑀𝐼(𝑋, 𝑌) =  
1

𝑙𝑜𝑔 𝑛!
𝑤(𝑥, 𝑦) 𝑝(𝑥, 𝑦) 𝑙𝑜𝑔

𝑝(𝑥, 𝑦)

𝑝(𝑥)𝑝(𝑦)
 ∈ ∈

 (2.17) 

where n is the size of the vector used for the symbolic transformation, x and y are all symbols present 

in signals X and Y respectively, w(x,y) is the weight matrix and p(x,y) is the joint probability of co-

occurrence of symbol x in signal X and symbol y in signal Y. Finally, p(x) and p(y) are the probabilities 

of those symbols in each signal. Finally, the wSMI values are averaged across trials after outliers’ 

removal (described in section 2.5). 

Figure 2.6 – The transformation of the signal (below) into sequences of discrete symbols (a, b, c, d, e, f) based on 
the up and downs of the signal. The τ parameter refers to the temporal separation of the elements that constitute 
a symbol. Adapted from [83]. 
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2.4.6.   Statistical Analysis  

To examine differences within hemisphere, ANOVAs with intra-hemispheric pairs that included one 

between-subject factor (Diagnosis), and two within-subject factors (Hemisphere: left, right; Region: 

fronto-central, fronto-parietal, fronto-temporal, centro-parietal, centro-temporal, parieto-temporal) are 

performed. To examine differences across hemisphere, ANOVAs with inter-hemispheric pairs that 

included one between-subject factor (Diagnosis), and one within-subject factor (Region: frontal, central, 

parietal, temporal) are performed. One- or two-way analysis of variance (ANOVAs) for each region or 

hemisphere are used to address the statistical significance analysis for the intra-hemispheric and inter-

hemispheric electrode pairs for each of the frequency bands considered in each method. Finally, 

Bonferroni Holm isused in order to correct the p-values.  

 Outliers’ Removal 
Before computing the average values, one tries to find outliers automatically. This function starts by 

testing for normality by using the Shapiro-Wilk Test [110, 111].  

The Shapiro-Wilk test is used to determine if the null hypothesis of composite normality is a reasonable 

assumption regarding the population distribution of a random sample X. The desired significance level 

alpha was chosen as 0.05. This test is generally considered relatively powerful against a variety of 

alternatives. The Shapiro-Wilk test is more suited than the Shapiro-Francia test for a Platykurtic sample. 

Conversely, the Shapiro-Francia test is more suited than the Shapiro-Wilk test for Leptokurtic samples. 

With this in mind, when the series ‘X’ is Leptokurtic, the Shapiro-Francia is performed, whereas when 

series ‘X’ is Platykurtic, the Shapiro-Wilk test is performed [112–114]. Then, if it is normally distributed it 

uses the modified z-score [115] and if it is not normally distributed it uses the Tukey’s boxplot [116].  

 Microstates  
First of all, the EEG datasets are bandpass filtered offline between 2 to 20 Hz [117]. Then, the Global 

Field Power (GFP) is computed as the root of the mean of the squared potential differences at all K 

electrodes (i.e. 𝑉 (𝑡)) from the mean of instantaneous potentials across electrodes (i.e. 𝑉 ) 
 

𝐺𝐹𝑃 =  (𝑉 (𝑡) − 𝑉 (𝑡)) /𝐾 (2.18) 

 

2.6.1.   Microstates Analysis  

The GFP represents the strength of the electric field over the brain at each instant and since its local 

maxima provides best signal to noise-ratio [118], this was submitted to a modified spatial cluster analysis 

using atomize-agglomerate hierarchical clustering (AAHC; [119]) method to identify the most 

representative topographies as classes of EEG microstates. The optimal number of template maps is 
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determined by means of a cross-validation criterion [118]. One computed the AAHC cluster analysis first 

at the individual level and secondly at the group level by clustering the individual representatives of the 

microstate classes. Each individual subject contributed to the group map AAHC cluster analysis with its 

first four dominant microstate classes in order to have an equal contribution of individual microstates. 

The best topographical representatives, the 4 prototypical microstate classes for each group are then 

kept for further analysis. This number of classes has previously been found to be optimal and is 

maintained for compatibility with the existing literature.  

2.6.2.   Statistical Analysis  

Repeated Measures ANOVAs are performed for all microstates between groups and ANOVAs for 

each microstate. The post-hoc with Bonferroni-Holm is only done if the microstate was stastical 

significant.  
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 Results 
This chapter is divided into 4 sections, namely (i) the results obtained from EEG data pre-processing 

with the App and the manual method; (ii) results obtained from the univariate EEG measures and (iii) 

the multivariate EEG measures, and finally (iv) the microstates results.  

 EEG data pre-processing  
The results obtained by applying the App as well as the manual method are presented here. The 

average PSD for each group is shown in Figure 3.1 and the correlation coefficients for the average PSD 

and for each frequency band are presented in Table 3.1.  

 

In general, one can see that the App and manual method were found to correlate for the frequency 

bands, being that the correlation coefficient is higher for the beta frequency band.  

 

 
Delta  

(1-4 Hz) 

Theta  

(4-8 Hz) 

Alpha  

(8-13 Hz) 

Beta  

(13-30 Hz) 

Gamma 

(30-45 Hz) 

Average 

PSD 

SCZ 0.737 0.819 0.691 0.857 0.860 0.077 

REL 0.784 0.826 0.806 0.875 0.796 0.052 

CON 0.696 0.724 0.773 0.828 0.894 0.207 

 

 

 

Table 3.1 - Correlation values for each group of patients (schizophrenia patients (SCZ), first-order relatives (REL) 
and the healthy control (CON) at each frequency band and for the power spectrum. Note that the correlation is 
higher in the frequency bands than in the power. 

Figure 3.1 - Differences in the average PSD for each group (schizophrenia patients (SCZ; red), first-order relatives 
(REL; blue) and the healthy control (CON; black) obtained with the two types of pre-processing: (at left) with the 
manual pre-processing and (at right) with the App. The manual achieves higher PSD amplitudes.  
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Nevertheless, the App rejected a lower number of bad channels (Table 3.2) than the manual method 

(0.750 ± 0.191 and 1.688 ± 0.243, respectively). 

 Manual App 

 SCZ REL CON SCZ REL CON 

Bad channels 28 20 27 12 11 17 

Bad channels (%) 1.750 1.302 1.688 0.750 0.716 1.063 

Mean ± s.d. 1.688 ± 0.243 0.750 ± 0.191 

 

 

The App and manual methods are performed at almost the same level, showing alternatives for 

automatic EEG pre-processing. Furthermore, the App removed less data, namely channels, than the 

other method. In this Thesis, the method used for the data analysis is the App.  

 Univariate EEG measures  

3.2.1.   Fractal Dimension 

3.2.1.1. Higuchi’s Algorithm 

Head maps generated using the mean FD values at the 64 locations for schizophrenia patients, their 

first order relatives and healthy controls are shown in Figure 3.2 and Figure 3.3 for kmax 8 and kmax 25, 

respectively.  

Regarding the results obtained with kmax 8, although the head maps appear to have lower FD values 

in the schizophrenia group in the parietal and fronto-central regions and their first order relatives appear 

to have an intermediate state between schizophrenia and the control group, group comparisons 

revealed no significance difference between the three groups. 

Regarding the results obtained with kmax 25, while analyzing the head maps it should be noted that 

the schizophrenia group revealed lower FD values in the left and right parietal, fronto-central, left 

temporal and right temporal regions. Furthermore, REL seems to have the lowest FD values in the left 

and right temporal regions. The average values of the FD at all electrodes for schizophrenia patients, 

their first order relatives, and healthy controls can be seen in the Table A.1 (Appendix). 

Group comparisons (ANOVAs) revealed significant differences between the three groups at the 

electrodes CP1 (left central-parietal); CPZ (central-parietal); CP2 (right central-parietal); P1, P3 (left 

parietal); PZ (central parietal); P2, P4, P6, P8, P10 (right parietal); PO3 (left occipital parietal) and POZ 

(central parietal occipital). Although there are significant differences between the three groups, post-hoc 

tests using Bonferroni-holm correction revealed that these differences were statistically significant only 

for SCZ vs CON. The head maps depicting these results are shown in Figure 3.4.  

 

Table 3.2 - Bad channels for the App and the manual method for each group (schizophrenia patients 
(SCZ), first-order relatives (REL) and the healthy control (CON). 
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Figure 3.3 - Head maps depicting fractal dimension (FD) values for each group (schizophrenia patients (SCZ), first-
order relatives (REL) and the healthy control (CON) for kmax 25. Note the lowest FD values are in the parietal and 
parietal-occipital regions, and the highest ones are in the temporal and frontal-temporal regions. 

SCZ REL CON 

SCZ REL CON 

Figure 3.2 - Head maps depicting fractal dimension (FD) values for each group (schizophrenia patients (SCZ), first-
order relatives (REL) and the healthy control (CON) for kmax 8. Note the lowest FD values are in the parietal and 
parietal-occipital regions. 
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3.2.1.2. Katz’s algorithm  

The average values of the FD at all electrodes for schizophrenia patients, their first order relatives 

and healthy controls can be seen in the Table A.2 (Appendix). Head maps generated using these values 

at all the locations for the three aforementioned groups are shown in Figure 3.5.  

By analyzing the head maps, the patient group appears to have higher FD values in the parietal-

occipital and in the fronto-central regions, whereas the relatives group appears very similar to the 

patients group except in the central region, being that its fronto-central region has lower FD values in 

comparison to both groups. 

Group comparisons (ANOVAs) revealed significant differences between the three groups at the 

electrodes F7 (left temporal); CP1 (left central-parietal); FC2 (right fonto-central); C2 (right central) and 

IZ (near the inion). Although there are significant differences between the three groups, the post-hoc 

results revealed that these differences are only statistically significant for SCZ vs CON. The head maps 

depicting these results are shown in Figure 3.6.  

Here, the results hypothesize that SCZ patients might have higher FD values in the central regions. 

This increase of FD has been suggested as evidence for conceptualizing schizophrenia as a 

disconnection syndrome [45].  

 

 

 

 

 

 

 

 

 

Figure 3.4 - Head maps showing the p-values obtained when considering only the factor group 
(on the left) and p-values after post-hoc tests using Bonferroni-holm correction between CON 
vs SCZ (on the right) with kmax 25. 

P-values CON vs SCZ 
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Figure 3.5 - Head maps depicting fractal dimension (FD) values for each group (schizophrenia patients (SCZ), first-
order relatives (REL) and the healthy control (CON). Note that the CON group has lower FD values than SCZ 
group. 

Figure 3.6 - Head maps showing the p-values obtained when considering only the factor group 
(on the left) and p-values after post-hoc tests using Bonferroni-holm correction between CON 
vs SCZ (on the right). 

P-values CON vs SCZ 
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3.2.2. Spectral Analysis  

3.2.2.1. Power Spectral Density (PSD) 

The average PSD for each group is shown in Figure 3.7. As can be seen, the average PSD of the 

SCZ group shows higher PSD values than the CON until almost 10 Hz. After that, there is a small 

frequency range (~10-15 Hz) when the SCZ shows lower PSD values than CON and REL, and after 

about 30 Hz shows higher power values again. To better see these differences, the relative amplitudes 

of frequency bands and its statistical analysis are computed.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2.2.2. Relative Amplitudes of Frequency Bands (RAFB) 

The grand average (average of all channels) of the relative amplitudes for SCZ, REL and CON at 

each frequency band is shown in Figure 3.8. The head maps generated using the average relative 

amplitudes at the 64 locations for schizophrenia patients, their first-order relatives and healthy controls 

are shown in Figure 3.9. 

 

Figure 3.7 – Average PSD for each group (schizophrenia patients (SCZ; red), first-order relatives (REL; blue) and 
the healthy control (CON; black). Note the higher amplitudes in low-frequency activity for SCZ compared to CON, 
and REL compared to both.  



46 
 

 

 

The relative delta (1-4 Hz) amplitude seems to be lower in the SCZ group than in CON, whereas 

REL seems to have a lower delta in comparison with CON (Figure 3.8). All the groups show the lowest 

values (Figure 3.9) mostly in the centro-parietal, parietal and occipital regions, in which the main 

differences between the groups were at fronto-central and parietal regions. However, significant 

differences were only found at the FC4 (right fronto-central) electrode. Post-hoc tests revealed 

significant group differences for SCZ and CON.  

The relative theta (4-8 Hz) amplitude seems to be higher in SCZ than in CON and higher in REL than 

CON (Figure 3.8). The head maps (Figure 3.9) show the lowest theta frequency values in the centro-

parietal and parietal regions and the highest ones in the fronto-central regions. The SCZ group shows 

higher values than CON, whereas REL shows an intermediate state between the SCZ and the CON 

group. However, group comparisons (ANOVAs) revealed significant differences at all the electrodes 

except F1, F5, F7 (left frontal); FT8 (right fronto-temporal); F2 (right frontal); AFZ (auriculo-frontal) and 

FZ (frontal). The average values of the relative amplitude at all electrodes for the three groups can be 

seen in the Table A.3 (Appendix). Post-hoc tests revealed significant group differences for SCZ and 

CON. The head maps depicting these results are shown in Figure 3.10.  

The relative alpha (8-13 Hz) amplitude seems to be higher in REL than in CON or even SCZ and 

higher in SCZ is higher than CON (Figure 3.8). The head maps (Figure 3.9) show the highest values in 

the parietal regions and the lowest ones in the fronto-temporal regions. Although SCZ seems to have 

higher values in the parietal regions in comparison with the CON, group comparisons revealed no 

significant differences for all the electrodes.  

The relative beta (13-30 Hz) seems to be lower in SCZ than REL and CON, and higher in REL than 

SCZ (Figure 3.8). The head maps (Figure 3.9) show the highest values in the centro-temporal regions, 
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Figure 3.8 – Grand average (average for all the channels) of the relative amplitudes for each frequency band and for 
each group (schizophrenia patients (SCZ; red), first-order relatives (REL; blue) and the healthy control (CON; black).  
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and the lowest ones in the fronto-central region until the parietal region. SCZ shows lower values mostly 

in the frontal, centro-parietal and parietal regions. Group comparisons revealed significant differences 

between the three groups at the electrodes AF7 (left auricular frontal); P2, P4, P6, P8, P10 (right 

parietal); P1, P3, P5, P7 (left parietal); TP8 (right temporal parietal); PO4 (right parietal occipital); PO3; 

PO7 (left parietal occipital); POZ (parietal occipital) and PZ (parietal). The average values of the relative 

amplitude at all electrodes for the three groups can be seen in the Table A.4 (Appendix). Post-hoc tests 

revealed significant group differences for SCZ and CON. The head maps depicting these results are 

shown in Figure 3.11.  

The relative gamma band (30-45 Hz) seems to be lower in SCZ than CON and is lowest for REL 

(Figure 3.8).. The head maps (Figure 3.9) show the highest values in the fronto-temporal region, and 

the lowest in the fonto-central, parietal and parietal-occipital regions. In comparison with CON, SCZ 

seems to have lower relative gamma amplitude in the centro-parietal, parietal and parietal-occipital 

regions and higher values in right fronto-temporal region mostly when compared to REL. Group 

comparisons revealed significant differences between the three groups at the electrodes P2 (right 

parietal); P1 (left parietal); CP1 (left centro-parietal); CP2 (right centro-parietal); CPZ (parietal occipital) 

and PZ (parietal). The head map depicting these results are shown in Figure 3.12. The average values 

of the relative amplitude at all electrodes for the three groups can be seen in the Table A.5 (Appendix). 

Post-hoc tests revealed no significant group differences.  
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 SCZ REL CON  

Delta 
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Figure 3.9 - Relative amplitudes for each group and for each frequency band. From top to bottom:  in delta frequency 
band; in the theta frequency band; in the alpha frequency band; in the beta frequency band and in the gamma 
frequency band. From left to right: schizophrenia patients (SCZ), first-order relatives (REL) and healthy controls 
(CON). 
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CON vs SCZ P-values 

Figure 3.10 - Head maps showing the p-values obtained from the theta frequency band considering 
only the factor group (on the left) and p-values after post-hoc tests using Bonferroni-holm correction  
between CTRL vs SCZ (on the right). 
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Figure 3.11 - Head maps showing the p-values obtained from the beta frequency band considering only 
the factor group (on the left) and p-values after post-hoc tests using Bonferroni-holm correction between 
CTRL vs SCZ (on the right). 
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3.2.3. Spectral Entropy (SE) 

Head maps generated using the average SE values at the 64 locations for schizophrenia patients, 

their first-order relatives and healthy controls are shown in Figure 3.13.  

 

 

 

In general, the lowest values are in the parietal-occipital region, whereas the highest values are in 

the fronto-temporal and temporo-parietal regions. Furthermore, SCZ have lower values mostly in the 

parietal-occipital regions when compared to CON, and lower values in frontal region when compared to 

REL. Group comparisons revealed significantly differences only at the electrodes PO3 (left parietal 

Figure 3.13 - Results obtained from Spectral Entropy for each group. 

P-values 

Figure 3.12 - Head maps showing the p-values obtained from the 
gamma frequency band considering only the factor group. 
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occipital) and PO4 (right parietal occipital). However, these differences were only between SCZ and 

CON. No differences were found between REL and the other two groups.  

 Multivariate EEG Measures  

3.3.1. Phase Lag Index (PLI) 

The average of the PLI values for each group, at each frequency band between the pairs of 

electrodes previously chosen as described in the section 2.4, are shown in Figure 3.14. The head maps 

showing these values are in Figure 3.15 and its statistical analysis is in Table 3.3. 

.  

 

 

Intra-hemispheric PLI 

At Delta, there was a significant main effect of Diagnosis. SCZ exhibited a smaller PLI than CON 

(p=0.014).  

At Theta, no significant differences were found. 

At Alpha, there was a significant main effect of Diagnosis. SCZ exhibited a greater PLI values than 

CON (p<0.001) and REL (p<0.001). 

At Beta, there was a significant main effect of Diagnosis. SCZ exhibited a smaller PLI than CON 

(p=0.001) and REL (p<0.001).  

At Gamma, there was a significant main effect of Diagnosis, but post-hoc tests revealed no significant 

group differences.  
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Figure 3.14 - PLI average for all for each frequency band of each group (schizophrenia patients (SCZ; red), first-
order relatives (REL; blue) and the healthy control (CON; black).  
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Inter-hemispheric PLI 

At Delta and Gamma frequency bands there were no significant differences.  

At Theta, there was a significant main effect of Diagnosis x Region interaction, driven by a significant 

main effect of Diagnosis in the Parietal region, with SCZ showing a greater PLI compared to CON 

(p=0.029).   

At Alpha band, there was a significant main effect of Diagnosis. SCZ exhibited a greater PLI than 

CON (p=0.005). 

At Beta, there was a significant main effect of Diagnosis. SCZ exhibited a smaller PLI than CON 

(p=0.030).   

 

 Frequency Band 

 Delta Theta Alpha Beta Gamma 

Intra-hemispheric      

   Diagnosis 0.018 0.503 <0.001 <0.001 0.047 

   Diagnosis x Hemisphere 0.796 0.473 0.439 0.863 0.705 

   Diagnosis x Region 0.345 0.184 0.600 0.791 0.565 

Inter-hemispheric      

   Diagnosis 0.847 0.120 0.006 0.031 0.583 

   Diagnosis x Region 0.489 0.008 0.200 0.112 0.336 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.3 - Repeated measures ANOVAs of resting EEG intra-hemispheric and inter-hemispheric PLI among SCZ, 
REL and CON.  
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Figure 3.15 - Average PLI within and across hemispheres From top to bottom:  in delta frequency band; in the theta 
frequency band; in the alpha frequency band; in the beta frequency band and in the gamma frequency band. From 
left to right: schizophrenia patients (SCZ), first-order relatives (REL) and healthy controls (CON). 
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3.3.2. Amplitude Envelope Correlation (AEC) 

The average of the AEC values for each group, at each frequency band between the pairs of 

electrodes previously chosen as described in the section 2.4, are shown in Figure 3.16. The head maps 

showing these values are in Figure 3.17 and its statistical analysis is in Table 3.4. 

 

 

 

Intra-hemispheric AEC  

At Delta, no significant differences were found.  

At Theta, there was a significant main effect of Diagnosis. SCZ shows a greater AEC than CON 

(p<0.001) and REL shows a greater AEC than CON (p=0.003). Nevertheless, a significant main effect 

of Diagnosis x Hemisphere x Region interaction was also found (p=0.002). Regarding the left 

hemisphere, there was a significant main effect at the region Fronto-Parietal (p=0.006), whereby SCZ 

exhibited a greater AEC than CON (p=0.004); at the region Centro-Parietal (p=0.031), whereby REL 

exhibited a greater AEC than CON (p=0.031) and at the region Parietal-Temporal (p=0.033), with REL 

exhibited a greater AEC compared to CON (p=0.038). Regarding to the right hemisphere, a main effect 

was found at the region Fronto-Temporal (p<0.001), whereby SCZ exhibited a greater AEC than CON 

(p<0.001) and at the region Centro-Parietal (p=0.014), whereby SCZ exhibited greater AEC than CON 

(p=0.016).  

At Beta, there was a significant main effect of Diagnosis x Hemisphere interaction, driven by a 

significant main effect in the right hemisphere (p=0.019), with SCZ showing a greater AEC compared to 

CON (p=0.026).  

At Gamma, there was a significant main effect of Diagnosis. SCZ exhibited greater AEC compared 

to CON (p<0.001) and to REL (p<0.001). A significantly main effect was also found of Diagnosis x Region 

0

0,05

0,1

0,15

0,2

0,25

0,3

0,35

0,4

0,45

0,5

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Figure 3.16 - AEC average for all for each frequency band of each group (schizophrenia patients (SCZ; red), first-
order relatives (REL; blue) and the healthy control (CON; black). 
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interaction. This effect was driven by a significant main effect of Fronto-Temporal (p<0.001), with SCZ 

exhibiting a greater AEC compared to CON (p<0.001) and to REL (p<0.001).  

 

Table 3.4 - Repeated measures ANOVAs of resting EEG intra-hemispheric and inter-hemispheric AEC among SCZ, 
REL and CON. 

 Frequency Band 

 Delta Theta Alpha Beta Gamma 

Intra-hemispheric      

   Diagnosis 0.803 <0.001 0.004 0.079 <0.001 

Diagnosis x Hemisphere 0.221 0.295 0.049 0.029 0.246 

   Diagnosis x Region 0.065 0.079 0.497 0.103 0.029 

Inter-hemispheric      

   Diagnosis 0.116 <0.001 0.045 0.587 0.024 

   Diagnosis x Region 0.275 0.062 0.040 0.686 0.033 

 

Inter-hemispheric AEC 

At Delta and Beta, there were no significant differences.  

At Theta, a main effect was found of Diagnosis. SCZ exhibited a greater AEC compared to CON 

(p<0.001) and to REL (p=0.049).  

At Alpha, a main effect was found of Diagnosis. SCZ exhibiting a greater AEC compared to CON 

(p=0.045). In addition, a Diagnosis x Region interaction was also found. This effect was driven by a 

significant effect of Temporal region (p=0.046), with REL exhibiting a greater AEC compared to CON 

(p=0.045); and of Frontal region (p=0.020), with SCZ exhibiting a greater AEC compared to CON 

(p=0.032).  

At Gamma, there was a main effect of Diagnosis, with SCZ exhibiting a greater AEC compared to 

CON (p=0.046). In addition, an effect of Diagnosis x Region interaction was also found, driven by a 

significant main effect of Frontal region (p=0.005), with SCZ exhibiting a greater AEC compared to CON 

(p=0.010) and to REL (0.034).  
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Figure 3.17 - Average AEC within and across hemispheres From top to bottom:  in delta frequency band; in the 
theta frequency band; in the alpha frequency band; in the beta frequency band and in the gamma frequency band. 
From left to right: schizophrenia patients (SCZ), first-order relatives (REL) and healthy controls (CON). 
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3.3.3. Imaginary Part of Coherence (ICOH) 

The average of the ICOH values for each group, at each frequency band between the pairs of 

electrodes previously chosen as described in the section 2.4, are shown in Figure 3.18. The head maps 

showing these values are in Figure 3.19 and its statistical analysis is in Table 3.5. 

 

 

 

Intra-hemispheric ICOH 

At Delta, there was a significant main effect of Diagnosis. SCZ exhibited a smaller ICOH compared 

to CON (p=0.003).  

At Alpha, there was a significant main effect of Diagnosis. SCZ exhibited a greater ICOH compared 

to CON (p<0.001) and to REL (p=0.006).  

At Beta, there was a significant main effect of Diagnosis. SCZ exhibited a smaller ICOH compared 

to CON (p=0.006) and to REL (p<0.001).  

At Theta and Gamma no differences were found.  

 

Inter-hemispheric ICOH 

No significant effects were found regarding to inter-hemispheric analysis.  
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Figure 3.18 – ICOH average for all for each frequency band of each group (schizophrenia patients (SCZ; red), first-
order relatives (REL; blue) and the healthy control (CON; black). 
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 Frequency Band 

 Delta Theta Alpha Beta Gamma 

Intra-hemispheric      

   Diagnosis 0.004 0.710 <0.001 <0.001 0.256 

   Diagnosis x Hemisphere 0.556 0.861 0.965 0.901 0.090 

   Diagnosis x Region 0.659 0.746 0.924 0.198 0.734 

Inter-hemispheric      

   Diagnosis 0.100 0.352 0.269 0.101 0.432 

   Diagnosis x Region 0.862 0.072 0.326 0.164 0.951 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.5 - Repeated measures ANOVAs of resting EEG intra-hemispheric and inter-hemispheric ICOH among 
SCZ, REL and CON. 
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Figure 3.19 - Average ICOH within and across hemispheres From top to bottom:  in delta frequency band; in the 
theta frequency band; in the alpha frequency band; in the beta frequency band and in the gamma frequency band. 
From left to right: schizophrenia patients (SCZ), first-order relatives (REL) and healthy controls (CON). 

0.3348 

0.1173 

0.3407 

0.0661 

0.4866 

0.3526 

0.3955 

0.0448 

0.0530 

0.0473 



60 
 

3.3.4. Weighted Symbolic Mutual Information (wSMI) 

The average of the wSMI values for each group, at each frequency band between the pairs of 

electrodes previously chosen as described in the section 2.4, are shown in Figure 3.20. The head maps 

showing these values are in Figure 3.21 and its statistical analysis is in Table 3.6. 

 

 

 

 

  

 Frequency Band 

 Delta Theta Alpha Beta Gamma 

Intra-hemispheric      

   Diagnosis 0.810 0.001 0.001 <0.001 0.042 

   Diagnosis x Hemisphere 0.061 0.787 0.308 0.901 0.391 

   Diagnosis x Region 0.913 0.978 0.971 0.198 0.839 

Inter-hemispheric      

   Diagnosis 0.750 0.383 0.568 0.343 0.500 

   Diagnosis x Region 0.823 0.822 0.667 0.568 0.229 
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Figure 3.20 – wSMI average for all for each frequency band of each group (schizophrenia patients (SCZ; red), 
first-order relatives (REL; blue) and the healthy control (CON; black). 

Table 3.6  - Repeated measures ANOVAs of resting EEG intra-hemispheric and inter-hemispheric wSMI among 
SCZ, REL and CON. 
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Intra-hemispheric wSMI 

At Delta, no statistically differences were found.  

At Theta, there was a main effect of Diagnosis. SCZ exhibited a smaller wSMI compared to CON 

(p=0.009) and REL exhibited shorter wSMI compared to CON (p=0.002). 

At Alpha, there was a main effect of Diagnosis. SCZ exhibited a smaller wSMI compared to CON 

(p=0.001) and REL exhibited shorter wSMI compared to CON (p=0.029).  

At Beta, there was a main effect of Diagnosis. SCZ exhibited a smaller wSMI compared to CON 

(p=0.006) and to REL (p<0.001).  

At Gamma, there was a main effect of Diagnosis. SCZ exhibited a smaller wSMI compared to CON 

(p=0.038).  

 

Inter-hemispheric wSMI 

No significant effects were found regarding to inter-hemispheric analysis.  
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Figure 3.21 - Average wSMI within and across hemispheres From top to bottom:  in delta frequency band; in the 
theta frequency band; in the alpha frequency band; in the beta frequency band and in the gamma frequency band. 
From left to right: schizophrenia patients (SCZ), first-order relatives (REL) and healthy controls (CON). 
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 Microstates 
The 4 dominant microstate classes, categorized as class A, B, C and D (with a variance of 74.8% ± 

4.7%) in accordance with the literature [36, 120] are shown in Figure 3.22.  

 

Microstate A Microstate B 

 

 

Microstate C Microstate D 

  

The frequency of occurrence, the time coverage and the transition probabilities for each class and 

for each group are shown in Figure 3.23 and Figure 3.24. Table 3.7 shows the mean and the standard 

deviation for each class of each temporal parameter for each group. A two-way ANOVA on the factors 

Group (SCZ, REL, CON) and Microstate (A, B, C, D) was performed for each parameter of the 

microstates. Results are shown in Table 3.8.  

 EXPVar  Frequency of Occurrence  Time Coverage (%) 

   A B C D  A B C D 

SCZ 
mean 

0.755  3.553 3.362 3.848 3.366  0.242 0.225 0.301 0.231 

s.d. 0.038  0.781 0.715 0.598 0.667  0.055 0.059 0.086 0.074 

REL 
mean 

0.754  3.599 3.510 3.670 3.578  0.246 0.234 0.271 0.249 

s.d. 0.043  1.052 0.917 0.587 0.690  0.062 0.050 0.073 0.069 

CON 
mean 

0.735  3.796 3.745 3.732 3.673  0.254 0.244 0.257 0.244 

s.d. 0.059  0.831 0.725 0.639 0.708  0.061 0.047 0.078 0.085 

 

Figure 3.22 – Results of the microstate analysis: normalized mean equipotential contour maps of the four microstate 
classes (A-B). Map areas of opposite polarity, left ear is left, nose is up. Note that the four topographies extended
over wide scalp areas and are likely to represent global brain electric events. 

Table 3.7 - Results of microstate analysis of classes A, B, C and D of the temporal parameters (frequency of 
occurrence and time coverage (%)): mean ± s.d. 
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Figure 3.23 - Results of the microstate analysis reveal temporal 
differences between groups (schizophrenia patients (SCZ; red), first-
order relatives (REL; blue) and the healthy control (CON; black). The 
frequency of occurrence is significantly different across groups for 
microstate classes B and D, and time coverage is significantly 
different across groups for microstate classes C. 
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There was a significant main effect of group for time coverage and a significant group x microstate 

interaction for microstate C. Post hoc tests revealed significant group differences for SCZ vs CON. Class 

C microstate showed a significantly increased duration for SCZ patients compared to CON.  

Furthermore, there was also a significant main effect of group for frequency of occurrence and a 

significant group x microstate interaction for microstates B and D. Post hoc tests revealed significant 

group differences for SCZ vs CON in both cases. Classes B and D microstates showed a significantly 

decreased for SCZ patients compared to CON.  

The analysis of microstates syntax by means of transition probabilities revealed changes in the 

patient group. A significant main effect of group and a significant group x transition probabilities from D 

to B and D to C were observed. Post hoc revealed tests revealed significant group differences transition 

from D to B for SCZ vs CON; and significant differences transition probabilities from D to C for SCZ vs 

CON and for SCZ vs REL. Furthermore, as shown in Figure 3.24, in SCZ the transition to microstate C 

is increased and the transition to microstate D is decreased, i.e. in patients with schizophrenia the 

transition to microstate C is more likely to occur than for all the other classes.  
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Figure 3.24 – Microstate syntax analysis shows differences in transition probabilities between groups (schizophrenia 
patients (SCZ; red), first-order relatives (REL; blue) and the healthy control (CON; black). Transition probabilities 
are significantly different from D to B and for D to C.       
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 p-value Post-hoc 

ExpVar   

ExpVar * Group 0.050  

Time coverage (%)   

Time Coverage * Group 0.029  

C 0.009 

SCZ REL 0.151 

 CON 0.008 

REL CON 0.420 

Frequency of Occurence   

Occurence * Group 0.016  

B 0.023 

SCZ REL 0.353 

 CON 0.019 

REL CON 0.326 

D 0.042 

SCZ REL 0.282 

 CON 0.043 

REL CON 0.529 

Transitions probabilities     

Transition probabilities * 

Group 
0.019    

D-B 0.019 

SCZ REL 0.055 

 CON 0.043 

REL CON 0.939 

D-C 0.004 

SCZ REL 0.020 

 CON 0.011 

REL CON 0.974 

 

 
  

Table 3.8 - Significant results of syntax analysis between SCZ, REL and CON: p-values and post-hoc using 
Bonferroni-holm correction. 
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 Discussion  
As one has noticed, the results found in this work infer that schizophrenia’s patients may have several 

impairments in certain brain regions, which could be linked to their deficits in such areas. This chapter 

is divided in two sections, namely (i) the main findings about resting-state EEG patterns in SCZ and REL 

and (ii) the limitations of the methods used and the improvements that can be made.   

 Schizophrenia’s Findings   
Generally speaking, results indicate that schizophrenia’s patients show, indeed, EEG abnormalities. 

Table 4.1 summarizes these results.  

First of all, the first thing to remember is that the demographic characteristics of groups such as age, 

gender, education and smoking habits significantly differ across groups. These differences may 

considerably strengthen inferences in the results obtained. Secondly, the fact that some analysis are 

not statistically significant does not mean that there are no differences, only that there is not enough 

evidence to support that hypothesis.  

Fractal analysis of the EEG signals is an index of the degree of complexity of brain activity. Here, the 

results differ according to the method applied. With the Higuchi’s Algorithm, SCZ shows lower FD, while 

the opposite occurs for the Katz’s Algorithm.  

The diffuse lowering of the FD found with Higuchi’s Algorithm in the centro-parietal and parietal 

regions concords with many previous studies that have reported reduced resting state EEG complexity 

in schizophrenia [41, 121, 122]. Furthermore, other studies have reported that their reduced complexity 

is found especially in the frontal region, while there is an increase in the biotemporal and occipital 

regions, being linked to the positive symptoms [41]. Notably, some authors have pointed out that the 

diffuse FD is more predominantly in the negative symptom subgroup, as well as increase delta power 

[41]. With this in mind, an interesting approach might be dividing the schizophrenia group by the type of 

symptoms (negatives or positives) in order to understand the schizophrenia pathophysiology in a better 

way. For example, it has been reported that the temporal lobe may be an important substrate underlying 

positive symptoms such as hallucinations, so if there is an increase of complexity in these regions, it 

can be hypothesized to represent a hallmark of schizophrenia [123]. The higher complexity in these 

regions may therefore can be hypothesized to represent a greater degree of spontaneous, internally 

generated perceptual and cognitive activity during the eyes closed resting condition in these regions 

[41]. In addition, it has been reported that an increased complexity may be interpreted as evidence for 

conceptualizing schizophrenia as a disconnection syndrome [45, 124]. In the same way, SCZ shows 

lower SE values in the parietal lobes, highlighting the brain deficits in these regions. It is known that 

frontal lobes are responsible for memory (i.e. regulation of behavior and cognitive perception) [125], and 

the parietal lobes support the frontal lobes in the storage and retrieval of memory [126]. Hence, with 

these results one could infer that the abnormalities in these regions in the SCZ group may be linked to 

their memory problems. These findings in the resting-state have been also found by others researchers 

[67]. However, when considering the task performance, the deficit of the entropy modulation (i.e. the 

difference between post- and pre-stimulus window) have not been in consensus among the literature. 



69 
 

Measure Results 

Fractal 

Analysis 

Higuchi’s 

Algorithm 

↓ SCZ vs. CON 

Katz’s 

Algorithm 

↑ SCZ vs. CON 

Spectral Entropy ↓ SCZ vs. CON 

Microstates 

Class C time coverage: ↑ SCZ vs. CON  

Frequency of occurrence for classes B and D: ↓ SCZ vs. CON  

Probability of transition from class D to class B: ↓ SCZ vs. CON  

Probability of transition from class D to class C: ↑ SCZ vs. CON and ↑ SCZ vs. 

REL 

 Frequency Band for Each Group 

 Delta  

(1-4 Hz) 

Theta  

(4-8 Hz) 

Alpha  

(8-13 Hz) 

Beta 

 (13-30 Hz) 

Gamma  

(30-45 Hz) 

RAFB 
↓ SCZ  vs. 

CON 

↑ SCZ vs. 

CON 
≈ 

↓ SCZ vs. 

CON 
≈ 

PLI 

Intra-

hemispheric 

↓ SCZ vs. 

CON 
≈ 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

REL 

↓ SCZ vs. 

CON 

↓ SCZ vs. 

REL 

≈ 

Inter-

hemispheric 
≈ 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

CON 

↓ SCZ vs. 

CON 
≈ 

AEC 

Intra-

hemispheric 
≈ 

↑ SCZ vs.  

CON 

↑ REL vs. 

CON 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

REL 

Inter-

hemispheric 
≈ 

↑ SCZ vs.  

CON 

↑ SCZ vs. 

REL 

↑ SCZ vs. 

CON 

↑ REL vs. 

CON 

≈ 

↑ SCZ vs. 

CON 

↑ SCZ vs. 

REL 

ICOH 

Intra-

hemispheric 

↓ SCZ vs. 

CON 
≈ 

↑ SCZ vs. 

CON 

↓ SCZ vs. 

CON 
≈ 

Inter-

hemispheric 
≈ ≈ ≈ ≈ ≈ 

wSMI 

Intra-

hemispheric 
≈ 

↓ SCZ vs. 

CON 

↓ SCZ vs. 

CON 

↓ SCZ vs. 

CON 

↓ SCZ vs. 

CON 

Inter-

hemispheric 
≈ ≈ ≈ ≈ ≈ 

↑ increase, ↓ decrease, ≈ not altered (i.e. without statistically evidence) 
 

Table 4.1 - Summary of findings on resting state activity in schizophrenia in this Thesis.
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Some researchers have pointed out a deficit of entropy modulation [127, 128], whereas others have 

reported an increase of the same measure as well as an increase in the complexity [67]. Moreover, the 

type of the task used in some studies might have caused different results. Furthermore, since low SE is 

obtained when only a few spectral components are found in the power spectrum, one could infer that 

the SCZ group has a more regular signal, which agrees with the diffuse lowering complexity obtained 

from the application of the Higuchi’s Algorithm. In addition, a more feasible study could be done if SE 

would be computed for each frequency band, as considered in the previous EEG metric. This approach 

will be useful since one could possibly relate the differences in each frequency band with its SE. Another 

interesting study would be to consider some of the tasks previously described in the literature and try to 

find some differences not only between groups but also between SE depending on the task previously 

chosen.  

Neural rhythms, which characterize intrinsic brain activity associated with cortical information 

processing and dynamic integration within and between brain regions [7], have been reported as 

abnormal is SCZ. Indeed, there are different neural rhythms corresponding to a different brain functions, 

namely:  

(i) Delta frequency band is involved in attention, salience detection, and subliminal perception 

[129]; 

(ii) Theta frequency band has been linked to the memory-encoding processing, spatial 

information processing and regulating synaptic plasticity [130–132]; 

(iii) Alpha frequency band is more related with inhibition, attention, consciousness, top-down 

control and long-range synchronization [133, 134]; 

(iv) Beta frequency band with sensory gating, attention, motor control and long-range 

synchronization [135, 136]; 

(v) Gamma frequency band is more linked to perception, memory, consciousness and synaptic 

plasticity [137, 138].  

In this study, one found diminished delta activity, augmented theta activity, and diminished beta 

activity. Some studies have reported an increase in low-frequency (delta, theta, alpha) activity and a 

reduction in high-frequency (beta and gamma) activity [7, 139–141], which could explain the brain 

deficits in SCZ. In addition, some studies have reported that REL exhibited resting state activity 

augmented delta and theta [142], reduced frequency peak alpha [143], and augmented beta activity 

[142], suggesting than an augmented activity in the frontal and temporal brain regions could reflect 

genetic liability for SCZ. Another studies have reported that delta, theta, and alpha are associated with 

Val158 Met polymorphism for the catechol-O-methyl transferase (COMT) gene and thus supportive of 

this gene and dopaminergic functions, affecting resting states in SCZ [141]. In turn, cortical gamma 

rhythms are through to be produced independent of external stimulations by gammanergic interneurons 

that are in mutual inhibition through postsynaptic potentials that oscillate around 40 Hz. Hence, gamma 

is thought to reflect the inhibition of cortical neurons [141].  

Finally, high frequency activity has been linked to a candidate for schizophrenia’s endophenotype 

due to their abnormalities of the prefrontal cortex that are neural manifestations of genetic liability for 

the disorder [7, 141]. Notably, there is some evidence of greater high frequency activity during the resting 



71 
 

state as well as during auditory and visual processing in the sensory areas of patients with positive 

symptoms (such as hallucinations) than in those without, being that its synchronization may be 

dependent of the symptoms [7]. It has been proposed that positive symptoms of schizophrenia are 

correlated with amplitude and phase synchronization of evoked and induced beta and gamma band 

activity, whereas disorganized and negative symptoms have been related to both enhanced and reduced 

high-frequency activity [7]. This highlights the advantages of splitting the SCZ group according to their 

symptoms, as previously mentioned. In short, since neural rhythms have been linked to hereditability 

[7], they can be exploited in the search for genetic contributions to SCZ. However, it has been shown 

that the medication has an effect on the EEG signal, which can explain some differences found at the 

literature, namely the low delta in the SCZ group.  

Emerging evidence suggests that SCZ is associated with alterations in the amplitude and 

connectivity of brain rhythms at low- and high-frequencies, which could provide parsimonious 

mechanisms for the explanation of cognitive deficits and psychosis [7]. These deficits are dependent on 

the contribution of distinct cell-types and transmitter systems [7]. Indeed, work in healthy twins has 

demonstrated that the power and temporal correlations of the brain rhythms during the resting state are 

highly heritable [144], highlighting the possibility of these measures becoming a schizophrenia’s 

endophenotype.  

Considering the spectral measures, SCZ exhibited a lower connectivity at delta, higher at theta, 

higher at alpha, both at beta and higher at gamma. These differences were also found for REL vs CON 

and SCZ vs REL. Regarding mutual information (wSMI), SCZ exhibited lower connectivity values.  

Stating from low- to high-frequencies, some studies have reported that an increase in low-frequency 

activity (such as the one obtained in theta frequency band) is complemented by increased connectivity 

values [31, 32], which correlate with decreased cognitive performance [145]. On the other hand, the 

opposite pattern of reduced delta/theta-band coherence was observed in some studies as well [33, 34] 

[35]. One possible explanation is that abnormalities in low-frequency connectivity patterns involve 

regionally specific changes [15]. Indeed, as described in the Chapter 3 – Results, some connectivity 

abnormalities were only found at very specific regions. This idea emphasizes that regional abnormalities 

in SCZ may be linked to symptoms.  

Although the majority of the studies have reported a decreased connectivity measures at alpha 

frequencies [31, 32, 34], in this study, one found an increased except in wSMI measure. One possible 

explanation is the different measure used to study connectivity. Although in this thesis one has 

considered the alpha band between 8-13 Hz, an interesting approach might be to do these analyzes 

based on the individual alpha peak, which is an individual feature.  

Regarding the high-frequencies, some authors have suggested higher [31], whereas others suggest 

lower [106] or even intact beta-band connectivity [32, 34, 35, 145]. Indeed, it is believed that beta-band 

coherence is influenced by illness progression and clinical symptoms [31]. These conflicting findings 

have been also reported for gamma band, with studies reporting no differences with controls [35, 106], 

and others reported increases in SCZ patients with a recent onset and decreases in patients with 

prolonged illness compared to CON [31]. However, the effect of illness duration is still unclear [32] as 

well as whether medication affect amplitude and phase of brain rhythms, especifically the amplitude and 
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phase of gamma activity [7]. In addition, wSMI is lower in SCZ and it has been suggested that wSMI 

increases with consciousness states [83]. Hence, it can be suggested that SCZ patients may be in a 

lower state of consciousness. 

Since the EEG was acquired without any external task, the functional interpretation of these results 

at rest has been a challenge. Indeed, current findings of task-related rhythmic activity in SCZ are slightly 

more consistent than data from resting-state [15]. One possible approach might be to establish a 

relationship between default mode network (DMN) activation and resting EEG across frequencies, which 

are positively correlated [146, 147], and EEG band power predicts variance in functional connectivity 

within the DMN [148]. Mostly important, aberrant activation of several regions in the DMN and resting 

state networks have been shown in SCZ [149, 150]. Furthermore, measures such as coherence and 

phase-locking value have been substantially reported as altered in SCZ, whereas mutual information 

has been reported as altered in SCZ based on preliminary evidence [15].   

Consistent with previous findings in SCZ patients, one found increased class C time coverage 

compared to CON [29, 36, 37] and decreased classes B [29, 30, 38, 39] and D [37] frequency of 

occurrence also compared to CON.  

The class C microstate was related to the salience resting state network, a network comprised of 

core activations in the lateral insula and the anterior cingulate cortex [88]. Indeed, some authors have 

pointed out that its dysfunction could be responsible for the emergence of psychotic symptoms, such as 

active auditory hallucinations, which were associated with increased activation in nodes of the resting 

state network [151, 152].  

On the other hand, class B is linked to processing strategy, which is a feature of the SCZ patients 

[39]. However, results from class B microstate are not consensus among literature. Some authors have 

reported a decreased in such class [29, 30, 38, 39], whereas others have not found such differences 

between SCZ and CON [29, 36, 37, 153], possibly due to the differences in medication or remission of 

symptoms.  

The class D microstate has been linked to focal attention being associated with the central-executive 

network (CEN) anchored in the dorsolateral prefrontal cortex and the posterior parietal cortex [88]. 

Indeed, the CEN network is responsible for decision making, control of attention and working memory 

which are impaired in schizophrenia [154]. Moreover, a decreased microstate class D duration has been 

linked to auditory hallucinations [89] and might be negatively correlated with paranoid symptoms [120]. 

Besides that, it has been reported that microstates vary with age, vigilance state, eyes opened or 

closed state, and class of mentation (i.e. visual imagery, abstract thought)  [86, 117]. Notably, the disease 

severity and medication should be taken in account [37, 86]. To quantify the degree to which EEG 

microstate time series correlate with the parameters extracted, other analytic methods should be 

considered, such as relative power in various frequency bands or even the correlation between the 

power and microstate lifespan [86].  

Finally, since the results from the transitions’ probabilities were statistically significant between SCZ 

and CON and SCZ and REL, class C is a promising endophenotype candidate for schizophrenia, which 

could help to distinguish individuals at risk and allow for early therapeutic intervention strategies. 

Furthermore, an interesting approach might be the topographic EEG microstates associated with the 
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measures shown in the previous sections, namely the functional connectivity. Since microstates are 

stable across multiple periods, there must be some degree of temporal synchronicity among electrodes 

in order to maintain a stable topography [86].  

To summarize, there are several abnormalities in SCZ such as its lower complexity, the abnormalities 

in neural rhythms and the dysfunction connectivity. To handle with these results in a better way, the use 

of machine learning tools, such as K-Nearest Neighbors or Support Vector Machines [155, 156] fractal  

could be useful to establish a candidate for schizophrenia’s endophenotype based on these results, 

improving not only the development of new drugs but also the diagnosis.  

 Strengths and Limitations of the Methods  
EEG data is usually contaminated by numerous artifacts and requires expert supervision for artifact 

identification and removal. However, with the increasing size of available datasets due to increasing 

numbers of EEG channels and study participants, manual data pre-processing becomes impractical, 

paving the way for automatic pre-processing methods.  

In this work, App was tested and compared with almost a half of the total data, showing similar levels 

of correlation for the power across multiple frequency bands and the manual method. Indeed, the App 

and the manual method perform at almost the same level, showing alternatives for automatic EEG pre-

processing. Furthermore, the App removed less data, namely channels, than the other method. In this 

way, App may improve the reproducibility of results due to its ability to deal with the increased amount 

of data. However, it should be noted that the success of ICA to separate EEG signals from their mixtures 

demonstrates the capability of ICA to separate nearly Gaussian signals, i.e. ICA can be used 

successfully if the signals have a small degree of non-Gaussianity such as the EEG signal [157, 158]. 

Furthermore, regarding the SL, some authors suggest the higher sensitivity to noise and insensitivity to 

deep generators to be a limitation of this [159]. Moreover, to have better results the model of the head 

should be built based on structural images from the patient and the electrode position should be 

measured during the exam.  

Besides the preprocessing, several methods were used in this work. Table 4.2 shows an overview of 

the methods used, with their advantages and disadvantages.  

Higuchi’s and Katz’s Algorithms show some limitations. Indeed, the main goal of these measures is 

obtain FD values of biosignal change with maximum precision. Regarding the Higuchi’s Algorithm, the 

optimal value of kmax should be considered. Some researchers tested different values to study the FD of 

rat’s brains and proposed an optimal region for kmax between 8 and 18; and whether below 8 the changes 

of the FD values were large but unstable, and above 30 there was a saturation of the FD curves [101]. 

However, other researchers have pointed out that the best value might be 48, which is the point at which 

the FD plateaus is considered a saturation point [67]. Due to the lack of the information regarding which 

value is the best to study fractal dimension in schizophrenia, here one chosen two different kmax, namely 

8 and 25. As one can see, the results obtained from the kmax 8 are not conclusive possibly due to the 

unstable FD changes, whereas the results obtained from the kmax 25 might be stable promoting the study 

of the FD values in the three groups. Here, an interesting approach might be testing several values of 

kmax to obtain a more robust study. Although it has been reported that Higuchi’s algorithm is more 
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accurate than Katz’s algorithm, the latter yielded the most consistent results regarding discrimination 

between states of brain function [160]. However, some authors have pointed out that Katz’s algorithm 

has some properties that could be related to the low performance in biomedical applications [160–162]. 

In general, the FD obtained from this algorithm is influenced by amplitude, the duration and units of 

measure of the waveform [161]. To have a more robust study, a correction of this method might be useful 

to study biomedical signals. One simple correction could be applying a parameter which prevents the 

measured fractal dimension from increasing logarithmically with the length of the data segment. It could 

be done by calculating L and d for a subset of the available n points, for those which the extension d is 

half the value measured for the whole data set. This approach avoids considering the same points of 

the trajectory repeatedly, which improves the performance of this algorithm, leading to a more robust 

study of the FD in the SCZ. Indeed, factors such as the knowledge of a possible FD range, noise level, 

and window length must be considered to achieve the best results [160].  

SE, although it is a nonlinear method, allows the study in each frequency in the time-domain. Indeed, 

an interesting approach might be to implement this method like one implemented for the power in each 

frequency band, allowing the comparison between the results obtained from SE with RAFB. However, 

both measures depend on the PSD, which has been reported as been dependent on the effect from the 

medication. Here, one can suggest correlating these measures with the analysis of blood samples, for 

instance.  

Regarding the connectivity measures, it should be noted that measures of functional interactions 

were implemented since modulations in the amplitude of spectral signals do not really allow insights into 

the efficacy of information transmission between neuronal groups. An important limitation of coherence-

measures of scalp EEG is the problem of volume-conduction blurring effect, artifact contamination and 

potential bridging between electrodes in EEG recordings. In addition, power fluctuations can also infer 

the coherence values [15, 80]. Although PLI and ICOH are measures more robust than the traditional 

amplitude-based measures of coherence [81, 82], volume conduction may still confound such measures 

[79, 163]. On the other hand, functional connectivity measures do not provide direct information on 

specific neural interactions and can be highly correlated even in the absence of a direct communication 

between them, if they are both connected with a third common area [15]. Although on a more complex 

level, an interesting approach could be to perform effective connectivity measures, such as Granger 

Causality and Directed Transfer Functions.  

In short, when choosing a measure for studying EEG, aspects such availability, implementation and 

interpretation of the measures should be taken into account.  
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Technique Property measured Advantages Disadvantages 
Key 

reference(s) 

U
n

iv
a

ri
at

e 
E

E
G

 m
e

as
u

re
s Fractal 

Analysis 

Higuchi’s 

Algorithm 

Index of the degree of 

complexity 

No time consuming 

Linear 

Most accurate estimates of FD 

Does not require phase space reconstruction 

Most accurate 

Depend on the kmax 

Influenced by level of the noise 
[160] 

Katz’s 

Algorithm 

Index of the degree of 

complexity 

No time consuming 

Is less Linear 

Consistent results 

Does not require phase space reconstruction 

Derived directly from the waveform 

Slightly slower 

Influenced by level of the noise, but not that 

as much as the Higuchi’s 

[160] 

RAFB Relative Power 
Less influenced by phenomena such as electrode 

impedances and eye movements 
PSD is influenced by medication status [102–104] 

Spectral Entropy 

Measures the signal 

predictability, i.e. 

characterizes the complexity 

of the spectrum 

Independent of absolutes scales such as the amplitude 

or the frequency of the signal 

Frequency domain, allowing separate contributions to 

entropy coming from any frequency range. 

Nonlinear [105] 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4.2 - Summary of different EEG metrics used in this thesis, with their advantages and disadvantages. Note that the advantages and disadvantages of each metric 
depends on the methods within each domain. 
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Table 4.2 (continued) 
 

 
 

Technique Property measured Advantages Disadvantages 
Key 

reference(s) 

M
u

lt
iv

ar
ia

te
 E

E
G

 m
ea

s
u

re
s 

PLI 

The asymmetry of the 

distribution of phase 

differences between two 

signals 

Insensitive to perfect, zero-phase synchrony 

Less sensitive to volume conduction, common sources, 

muscular and eye movements artefacts, and montage 

 

Poorly sensitive to non-oscillatory functional 

connectivity 

The risk to miss linear but functionally 

meaningful interactions 

The instantaneous phase differences are 

binarized, therefore, small phase differences 

may also be missed under noisy conditions 

Not possible to make a distinction between 

direct and indirect relations 

[65, 82] 

AEC 
The linear relation between 

the amplitude of two signals 

Alternative to phase-sensitive coupling measures 

Detect signal coupling without phase coherence, even 

among different frequencies 

Volume conduction  

 
[76, 82, 108] 

ICOH 

Imaginary part of the linear 

relation between the 

amplitude of the two signals 

Less sensitive to volume conduction, common sources, 

muscular and eye movements artefacts 

Poorly sensitive to non-oscillatory functional 

connectivity 

Nonlinearity not considered 

Imaginary part is mostly small, thereby 

risking to miss meaningful parts 

[82, 109] 

wSMI 

The contribution of joint 

probability distribution of 

each pair of symbols is 

weighted by binary weights 

to reduce spurious 

correlation between signals 

 

Can robustly quantify non-oscillatory functional 

connectivity 

Sensitive in narrow-frequency band analysis 

Robustness to low signal to noise 

 

No directionality of the interaction 

Weak coupling could be missed 

Complicated computational measures to 

obtain from experimental time series 

Not possible to make a distinction between 

direct and indirect relations 

[82, 83] 

Microstates 

Topographies of electric 

potentials over a 

multichannel electrode array 

Frequency time Limited subset of microstate topographies [117–119] 
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 Conclusions and Future Work 

 Final Conclusions 
Schizophrenia is a complex disease, which depends on the interaction between several genes 

(polygenetic disease), environment and life style. Indeed, some diseases can be confounding with 

schizophrenia, namely the bipolar disorder or even the schizotypal disease. Due to its complexity, there 

is a call for understanding its physiopathology in order to allow an easier treatment or even an earlier 

diagnosis. Actually, the research for the new drugs have stopped since it is really very expensive and 

there is no enough information about this pathology for its production [13]. 

Endophenotypes are an interesting way to provide quantitative units of analysis that can be assessed 

in laboratories, reducing the complexity of the analysis required to identify contributing genes. These 

endophenotypes might be divided into two parts, namely (i) structural endophenotypes such as gray 

matter reduction or regional white matter abnormalities or (ii) functional endophenotypes such as EEG 

brain rhythms or connectivity.  

In this study, candidates for functional endophenotypes were studied. SCZ patients show a lower 

brain complexity supported by a lower SE and less information sharing across brain areas. Brain 

rhythms and brain connectivity were also different from the CON. Importantly, some measures were 

different between SCZ vs. REL and REL vs. CON, emphasizing the idea of hereditability deficits. These 

abnormalities might be responsible for the symptoms in SCZ and thus allow one to clarify the 

physiopathology of this disease. Indeed, aspects as amplitude and synchronizing are an efficient tool 

for study neuronal communication. Although this disease has several deficits, an interesting issue could 

be not only considering each deficit as a possible candidate for schizophrenia’s endophenotype, but that 

considering all the deficits, the so-called multiple endophenotype.  

In the finally analysis, since aspects such as medication, age and symptoms might infer the brain 

rhythms, comparisons between the results of many types of analysis yield a wide spectrum of 

interpretation related to disease. However, more research need be done to understand this 

physiopathology in a better way, providing useful mechanisms for the explanation of cognitive deficits 

and psychosis.  

 Limitations  
This study has some limitations. First of all, it should be noted that the data were not be best one 

since there were statistically differences between the groups for age, gender, education and smoking 

habit. Furthermore, the sample’s size could be larger.  

Regarding to the EEG limitations, and besides the limitations previously described, should be 

consider that scalp EEG has a low spatial resolution, so EEG data is not well suited to extend the study 

of connectivity to a scale below centimeters.  

The steps regarding to the data analysis might infer the results. This is to say that both preprocessing 

with ICA and SL general head model may infer with the connectivity results. Another difficult was 
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understating all the EEG measures and implement such, being that some of them are really time 

consuming. Note that not all EEG metrics were analyzed for each region/hemisphere, which could lead 

to some difficult interpretation of the results. 

Aspects such as medication, symptoms, patient age and cultural considerations were not considered. 

Regarding to medication, is important to note that it would may reduce evidence for linkage and not 

produce false-positive results. For example, it has been reported that clozapine improves the P50 

suppression deficits, so the patients under this medication should not be considered in the studies of 

P50 suppression as a candidate endophenotype.  

 Future Work 
As previously mentioned, there are some limitations of the EEG metrics used in this thesis. To provide 

a better study of candidates for schizophrenia’s endophenotype, one suggests some improvements that 

could be done to improve this study.  

Regarding to the schizophrenia group, as previously mentioned, an interesting approach might be 

divided this group according to symptoms (i.e., 2 sub-groups: positive vs. negative symptoms) and 

repeated all the EEG measures or even add a correlation model-based on the symptoms score.  

Considering the fractal analysis, the possible improvements might be to test different values of kmax 

in the Higuchi’s Algorithm, or to see the saturation point of such and to implement the correction of the 

Kat’z Algorithm. 

On the other hand, the use of individual alpha peak band to study the power in the frequency band 

might be an interesting way to see the differences between the groups in a better way. Furthermore, 

considering a task-based analysis to study not only the power in the frequency bands but also the SE 

could be a promising study since the entropy modulation have not been in consensus among the 

literature. Furthermore, these results have been linked to task based dependent. Hence, the choice of 

the task is equally important.  

Not all EEG measures were implemented in the same way. This is to say, univariate EEG measures 

were not compared for each region/hemisphere as the multivariate EEG measures. In this case, one 

could repeat this analyze in this away, as well as compute the connectivity measures for each pair of 

channels and not just for sixteen pairs. 

Finally, a machine learning based model could be done with the symptom and genetic scores as well 

as with all the features obtained from the univariate and multivariate EEG metrics from RS data. 

Furthermore, considering not only the RS data, but also the task-based data, specially the VBM 

paradigm would improve this model  

 Contributions 
The EEG data were previously acquired in Georgia under the scope of an ongoing research project 

led by Prof. Michael Herzog at EPFL. In this Thesis, all the code for data analysis and computation of 

the EEG metrics were implemented by the author, except the algorithms for: automatic pre-processing 

using App (code developed by Janir Ramos da Cruz); the fractal analysis, which were based on the 

algorithms previously available at MathWorks, as indicated; the outliers’ removal (code developed by 
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Janir Ramos da Cruz) and the analysis of the microstates, which was based on code developed Janir 

Ramos da Cruz. This last one was based on the EEGLAB plugin [64, 164]. Finally, all the statistical 

analysis were performed by the author using freely available software, as indicated throughout the 

Thesis.  

Some of these measures were previously studied for SCZ, but to a less extent in the case of the 

wSMI. In this study, the main difference in relation to existing literature was the analysis of the different 

EEG metrics not only in SCZ patients, but also their relatives. 
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Appendix 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FP1 1.300 0.093 1.319 0.107 1.337 0.095 

AF7 1.325 0.085 1.353 0.127 1.365 0.098 

AF3 1.304 0.085 1.328 0.113 1.341 0.087 

F1 1.288 0.080 1.302 0.090 1.322 0.075 

F3 1.323 0.090 1.336 0.102 1.352 0.083 

F5 1.361 0.104 1.355 0.110 1.380 0.093 

F7 1.374 0.111 1.360 0.110 1.392 0.101 

FT7 1.381 0.122 1.374 0.121 1.427 0.118 

FC5 1.392 0.120 1.376 0.116 1.423 0.117 

FC3 1.349 0.102 1.349 0.103 1.381 0.099 

FC1 1.304 0.081 1.318 0.086 1.338 0.083 

C1 1.307 0.073 1.314 0.082 1.340 0.078 

C3 1.341 0.089 1.335 0.095 1.371 0.099 

C5 1.381 0.112 1.363 0.110 1.405 0.106 

T7 1.401 0.116 1.380 0.122 1.423 0.110 

TP7 1.359 0.105 1.336 0.114 1.378 0.112 

CP5 1.342 0.100 1.318 0.097 1.354 0.104 

CP3 1.308 0.081 1.306 0.094 1.340 0.101 

CP1* 1.280 0.071 1.293 0.087 1.318 0.085 

P1* 1.248 0.071 1.269 0.084 1.295 0.084 

P3* 1.261 0.078 1.274 0.087 1.302 0.088 

P5 1.275 0.090 1.282 0.091 1.310 0.092 

P7 1.288 0.090 1.293 0.107 1.323 0.094 

P9 1.350 0.103 1.336 0.100 1.367 0.105 

PO7 1.271 0.101 1.282 0.092 1.307 0.096 

PO3* 1.246 0.089 1.262 0.083 1.286 0.084 

O1 1.304 0.111 1.297 0.090 1.324 0.105 

IZ 1.350 0.105 1.335 0.089 1.342 0.094 

OZ 1.310 0.102 1.294 0.076 1.326 0.098 

POZ* 1.249 0.080 1.262 0.073 1.287 0.078 

PZ* 1.242 0.066 1.272 0.080 1.290 0.080 

CPZ* 1.275 0.067 1.289 0.087 1.310 0.079 
 
 
 
 

Table A.1 - Average values of the FD at all electrodes for schizophrenia patients (SCZ), their first order relatives
(REL) and healthy controls (CON) with kmax 25. *Statically significant difference, with p-value <0.05. 
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Table A.1 (Continued) 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FPZ 1.286 0.083 1.296 0.084 1.314 0.078 

FP2 1.301 0.088 1.315 0.101 1.336 0.093 

AF8 1.324 0.094 1.338 0.103 1.355 0.093 

AF4 1.306 0.090 1.325 0.110 1.343 0.104 

AFZ 1.279 0.082 1.285 0.077 1.307 0.073 

FZ 1.279 0.082 1.292 0.078 1.310 0.071 

F2 1.291 0.083 1.303 0.083 1.320 0.075 

F4 1.315 0.091 1.326 0.097 1.346 0.090 

F6 1.339 0.097 1.358 0.108 1.377 0.102 

F8 1.352 0.104 1.360 0.100 1.380 0.108 

FT8 1.383 0.114 1.375 0.105 1.393 0.105 

FC6 1.378 0.114 1.372 0.108 1.401 0.113 

FC4 1.341 0.104 1.345 0.097 1.372 0.092 

FC2 1.306 0.082 1.318 0.082 1.336 0.076 

FCZ 1.293 0.082 1.300 0.079 1.325 0.076 

CZ 1.301 0.077 1.311 0.080 1.335 0.077 

C2 1.307 0.075 1.314 0.085 1.338 0.075 

C4 1.339 0.093 1.330 0.092 1.361 0.090 

C6 1.375 0.106 1.350 0.101 1.388 0.103 

T8 1.388 0.120 1.386 0.111 1.401 0.116 

TP8 1.316 0.102 1.317 0.102 1.356 0.105 

CP6 1.316 0.094 1.297 0.082 1.341 0.100 

CP4 1.291 0.077 1.292 0.083 1.323 0.083 

CP2* 1.271 0.071 1.292 0.084 1.313 0.082 

P2* 1.246 0.069 1.269 0.080 1.293 0.078 

P4* 1.252 0.076 1.267 0.083 1.295 0.083 

P6* 1.258 0.082 1.269 0.088 1.300 0.090 

P8* 1.272 0.089 1.273 0.099 1.314 0.096 

P10* 1.303 0.101 1.320 0.099 1.348 0.100 

PO8 1.265 0.098 1.267 0.085 1.297 0.100 

PO4 1.246 0.091 1.267 0.108 1.286 0.089 

O2 1.298 0.109 1.282 0.077 1.315 0.107 
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Table A.2 - Average values of the FD at all electrodes for schizophrenia patients (SCZ), their first order relatives 
(REL) and healthy controls (CON) obtained from Katz’s Algorithm. *Statically significant difference, with p-value 
<0.05.  

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FP1 1.021 0.013 1.024 0.017 1.020 0.014 

AF7 1.023 0.013 1.029 0.021 1.022 0.013 

AF3 1.020 0.010 1.024 0.019 1.018 0.010 

F1 1.018 0.008 1.020 0.012 1.016 0.008 

F3 1.021 0.011 1.024 0.015 1.018 0.008 

F5 1.027 0.019 1.025 0.013 1.021 0.010 

F7* 1.032 0.023 1.027 0.016 1.024 0.011 

FT7 1.032 0.027 1.028 0.019 1.029 0.018 

FC5 1.029 0.026 1.024 0.017 1.025 0.018 

FC3 1.020 0.015 1.020 0.012 1.018 0.008 

FC1 1.016 0.008 1.018 0.010 1.014 0.007 

C1 1.012 0.006 1.016 0.009 1.013 0.007 

C3 1.017 0.011 1.019 0.011 1.017 0.009 

C5 1.022 0.018 1.022 0.015 1.019 0.012 

T7 1.034 0.028 1.033 0.030 1.027 0.020 

TP7 1.028 0.015 1.032 0.033 1.025 0.015 

CP5 1.022 0.013 1.023 0.014 1.019 0.009 

CP3 1.017 0.010 1.023 0.015 1.017 0.009 

CP1* 1.014 0.007 1.019 0.013 1.015 0.009 

P1 1.020 0.012 1.025 0.018 1.021 0.013 

P3 1.024 0.013 1.029 0.021 1.023 0.013 

P5 1.028 0.015 1.031 0.021 1.026 0.014 

P7 1.032 0.015 1.034 0.019 1.031 0.019 

P9 1.042 0.023 1.037 0.017 1.037 0.022 

PO7 1.041 0.020 1.042 0.027 1.036 0.019 

PO3 1.034 0.019 1.038 0.025 1.030 0.016 

O1 1.040 0.019 1.037 0.023 1.031 0.017 

IZ* 1.038 0.016 1.035 0.019 1.028 0.012 

OZ 1.033 0.015 1.030 0.017 1.028 0.014 

POZ 1.029 0.016 1.031 0.019 1.026 0.014 

PZ 1.020 0.011 1.024 0.016 1.019 0.013 

CPZ 1.014 0.007 1.017 0.011 1.014 0.009 

FPZ 1.020 0.010 1.021 0.012 1.017 0.010 

FP2 1.021 0.012 1.023 0.014 1.020 0.014 

AF8 1.024 0.013 1.026 0.015 1.022 0.016 
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Table A.2 (Continued) 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

AF4 1.021 0.010 1.025 0.023 1.020 0.015 

AFZ 1.018 0.009 1.019 0.011 1.016 0.009 

FZ 1.018 0.008 1.020 0.012 1.016 0.009 

F2 1.018 0.008 1.021 0.011 1.016 0.008 

F4 1.020 0.010 1.023 0.015 1.018 0.009 

F6 1.024 0.014 1.028 0.022 1.022 0.012 

F8 1.028 0.020 1.028 0.016 1.023 0.013 

FT8 1.029 0.024 1.029 0.022 1.023 0.012 

FC6 1.026 0.025 1.025 0.018 1.020 0.011 

FC4 1.019 0.016 1.021 0.013 1.015 0.007 

FC2* 1.016 0.008 1.018 0.010 1.014 0.007 

FCZ 1.017 0.008 1.018 0.011 1.014 0.009 

CZ 1.014 0.007 1.016 0.010 1.013 0.008 

C2* 1.013 0.006 1.015 0.009 1.012 0.007 

C4 1.016 0.011 1.020 0.013 1.015 0.008 

C6 1.020 0.015 1.022 0.013 1.019 0.013 

T8 1.029 0.022 1.036 0.035 1.028 0.031 

TP8 1.025 0.015 1.029 0.015 1.025 0.017 

CP6 1.021 0.013 1.023 0.014 1.020 0.012 

CP4 1.017 0.010 1.021 0.014 1.017 0.010 

CP2 1.014 0.008 1.018 0.011 1.014 0.009 

P2 1.020 0.012 1.022 0.015 1.020 0.012 

P4 1.024 0.016 1.028 0.020 1.022 0.014 

P6 1.029 0.020 1.033 0.022 1.026 0.016 

P8 1.034 0.019 1.037 0.021 1.031 0.023 

P10 1.035 0.020 1.040 0.021 1.035 0.029 

PO8 1.042 0.021 1.045 0.029 1.036 0.023 

PO4 1.035 0.021 1.042 0.029 1.031 0.019 

O2 1.038 0.019 1.038 0.022 1.032 0.018 



97 
 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FP1* 2.172 0.885 1.945 0.596 1.822 0.505 

AF7* 2.172 0.856 1.831 0.632 1.771 0.448 

AF3* 2.314 0.956 2.006 0.671 1.941 0.517 

F1 2.582 0.989 2.327 0.716 2.241 0.586 

F3* 2.375 0.945 2.147 0.660 2.041 0.508 

F5 2.139 0.844 2.016 0.632 1.853 0.436 

F7 2.051 0.858 1.945 0.625 1.760 0.437 

FT7* 2.038 0.908 1.903 0.674 1.592 0.509 

FC5* 1.994 0.920 1.883 0.704 1.555 0.515 

FC3* 2.306 0.941 2.065 0.669 1.907 0.489 

FC1* 2.637 1.002 2.299 0.681 2.209 0.564 

C1* 2.508 0.931 2.162 0.705 2.036 0.467 

C3* 2.229 0.896 1.887 0.647 1.684 0.460 

C5* 2.012 0.851 1.830 0.664 1.577 0.474 

T7* 2.032 0.879 1.852 0.729 1.665 0.507 

TP7* 2.217 0.874 1.960 0.745 1.733 0.521 

CP5* 2.122 0.874 1.843 0.653 1.664 0.439 

CP3* 2.150 0.934 1.787 0.655 1.601 0.394 

CP1* 2.220 0.910 1.922 0.730 1.721 0.471 

P1* 2.061 0.972 1.796 0.663 1.617 0.556 

P3* 2.033 1.002 1.731 0.658 1.560 0.518 

P5* 2.145 1.069 1.804 0.704 1.576 0.501 

P7* 2.319 1.061 1.922 0.740 1.652 0.509 

P9* 2.338 0.928 2.176 0.837 1.900 0.547 

PO7* 2.162 1.136 1.843 0.718 1.529 0.521 

PO3* 1.988 1.033 1.709 0.693 1.557 0.558 

O1* 2.132 1.003 1.905 0.712 1.702 0.555 

IZ* 2.363 0.864 2.160 0.750 2.023 0.537 

OZ* 2.259 0.960 2.000 0.713 1.878 0.513 

POZ* 2.050 0.952 1.817 0.778 1.659 0.536 

PZ* 2.088 0.989 1.915 0.718 1.636 0.544 

CPZ* 2.363 0.944 2.094 0.828 1.822 0.542 

FPZ* 2.268 0.969 2.055 0.614 1.926 0.543 

FP2* 2.216 0.927 1.975 0.622 1.816 0.498 

AF8* 2.157 0.813 1.905 0.590 1.814 0.470 

AF4* 2.294 0.911 2.018 0.660 1.875 0.564 

Table A.3 - Relative amplitudes of theta frequency band: average values at all electrodes for schizophrenia patients 
(SCZ), their first order relatives (REL) and healthy controls (CON). *Statically significant difference, with p-value 
<0.05. 
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Table A.3 (Continued) 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

AFZ 2.487 0.996 2.265 0.688 2.175 0.639 

FZ 2.640 1.004 2.409 0.692 2.291 0.641 

F2 2.539 0.975 2.296 0.685 2.220 0.591 

F4* 2.400 0.905 2.116 0.675 1.988 0.492 

F6* 2.182 0.843 1.975 0.678 1.842 0.482 

F8* 2.113 0.795 1.932 0.646 1.761 0.419 

FT8 2.031 0.815 1.919 0.689 1.740 0.439 

FC6* 2.045 0.865 1.858 0.664 1.639 0.460 

FC4* 2.327 0.903 2.006 0.695 1.895 0.456 

FC2* 2.638 0.934 2.266 0.676 2.196 0.494 

FCZ* 2.794 0.998 2.400 0.721 2.356 0.579 

CZ* 2.635 0.945 2.273 0.725 2.163 0.585 

C2* 2.528 0.899 2.166 0.758 2.002 0.495 

C4* 2.215 0.834 1.906 0.699 1.685 0.406 

C6* 2.054 0.800 1.879 0.677 1.589 0.444 

T8* 2.085 0.843 1.859 0.722 1.650 0.507 

TP8* 2.307 0.963 2.004 0.832 1.709 0.519 

CP6* 2.134 0.901 1.912 0.667 1.603 0.491 

CP4* 2.103 0.908 1.855 0.678 1.606 0.465 

CP2* 2.213 1.020 2.022 0.778 1.699 0.491 

P2* 2.054 0.993 1.862 0.713 1.640 0.536 

P4* 2.030 1.025 1.775 0.681 1.548 0.526 

P6* 2.119 1.054 1.835 0.709 1.578 0.531 

P8* 2.280 1.109 1.830 0.830 1.665 0.561 

P10* 2.442 1.084 2.056 0.987 1.855 0.559 

PO8* 2.139 1.085 1.716 0.721 1.553 0.540 

PO4* 2.022 1.042 1.745 0.698 1.573 0.554 

O2* 2.159 1.003 1.850 0.714 1.687 0.537 
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 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FP1 0.408 0.200 0.479 0.274 0.500 0.229 

AF7* 0.446 0.196 0.562 0.336 0.531 0.212 

AF3 0.443 0.215 0.529 0.330 0.522 0.210 

F1 0.431 0.210 0.492 0.263 0.487 0.179 

F3 0.508 0.240 0.548 0.285 0.549 0.202 

F5 0.556 0.256 0.562 0.289 0.582 0.217 

F7 0.547 0.261 0.547 0.285 0.584 0.227 

FT7 0.593 0.309 0.620 0.329 0.696 0.286 

FC5 0.647 0.301 0.637 0.302 0.728 0.298 

FC3 0.580 0.258 0.614 0.306 0.641 0.257 

FC1 0.479 0.222 0.528 0.259 0.537 0.210 

C1 0.490 0.200 0.517 0.244 0.545 0.210 

C3 0.589 0.229 0.634 0.298 0.691 0.259 

C5 0.654 0.278 0.674 0.304 0.734 0.266 

T7 0.664 0.308 0.678 0.377 0.735 0.289 

TP7 0.603 0.243 0.616 0.359 0.687 0.291 

CP5 0.583 0.238 0.593 0.301 0.651 0.242 

CP3 0.525 0.212 0.590 0.314 0.627 0.244 

CP1 0.447 0.200 0.502 0.264 0.525 0.205 

P1* 0.383 0.185 0.453 0.263 0.482 0.190 

P3* 0.414 0.201 0.494 0.284 0.530 0.219 

P5* 0.445 0.229 0.512 0.292 0.554 0.229 

P7* 0.459 0.221 0.532 0.328 0.591 0.265 

P9 0.586 0.261 0.573 0.252 0.663 0.276 

PO7* 0.434 0.261 0.497 0.285 0.556 0.254 

PO3* 0.382 0.218 0.460 0.268 0.494 0.216 

O1 0.482 0.260 0.498 0.250 0.562 0.245 

IZ 0.567 0.238 0.545 0.227 0.566 0.190 

OZ 0.486 0.238 0.485 0.217 0.534 0.205 

POZ* 0.373 0.187 0.437 0.232 0.458 0.176 

PZ* 0.364 0.169 0.429 0.229 0.460 0.189 

CPZ 0.409 0.185 0.459 0.259 0.485 0.208 

FPZ 0.383 0.178 0.435 0.223 0.451 0.168 

FP2 0.413 0.195 0.475 0.251 0.495 0.196 

AF8 0.448 0.204 0.509 0.255 0.500 0.195 

Table A.4 - Relative amplitudes of beta frequency band: average values at all electrodes for schizophrenia patients 
(SCZ), their first order relatives (REL) and healthy controls (CON). *Statically significant difference, with p-value 
<0.05. 
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Table A.4 (Continued) 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

AF4 0.448 0.213 0.528 0.318 0.537 0.262 

AFZ 0.403 0.198 0.428 0.217 0.455 0.167 

FZ 0.418 0.210 0.457 0.235 0.466 0.175 

F2 0.438 0.214 0.485 0.242 0.489 0.187 

F4 0.496 0.232 0.541 0.286 0.549 0.222 

F6 0.519 0.231 0.587 0.298 0.592 0.238 

F8 0.511 0.223 0.546 0.253 0.573 0.229 

FT8 0.593 0.266 0.602 0.279 0.624 0.240 

FC6 0.608 0.266 0.623 0.276 0.705 0.274 

FC4 0.571 0.254 0.612 0.297 0.634 0.257 

FC2 0.479 0.218 0.523 0.254 0.528 0.216 

FCZ 0.442 0.210 0.468 0.240 0.500 0.205 

CZ 0.458 0.210 0.489 0.251 0.525 0.231 

C2 0.495 0.212 0.527 0.268 0.567 0.222 

C4 0.587 0.249 0.626 0.304 0.666 0.252 

C6 0.650 0.268 0.641 0.307 0.728 0.268 

T8 0.655 0.307 0.695 0.356 0.713 0.302 

TP8* 0.519 0.249 0.557 0.289 0.638 0.268 

CP6 0.525 0.230 0.530 0.258 0.606 0.251 

CP4 0.484 0.214 0.536 0.274 0.571 0.214 

CP2 0.428 0.204 0.486 0.264 0.517 0.206 

P2* 0.373 0.182 0.443 0.236 0.469 0.190 

P4* 0.393 0.197 0.471 0.267 0.497 0.209 

P6* 0.403 0.208 0.467 0.258 0.506 0.214 

P8* 0.427 0.230 0.484 0.293 0.546 0.230 

P10* 0.486 0.261 0.551 0.281 0.612 0.265 

PO8 0.408 0.249 0.463 0.272 0.512 0.236 

PO4* 0.365 0.210 0.441 0.254 0.465 0.211 

O2 0.463 0.268 0.464 0.230 0.526 0.231 
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 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

FP1 0.079 0.065 0.086 0.079 0.092 0.071 

AF7 0.101 0.071 0.131 0.138 0.121 0.101 

AF3 0.078 0.058 0.093 0.096 0.095 0.072 

F1 0.062 0.047 0.061 0.041 0.074 0.049 

F3 0.097 0.086 0.094 0.092 0.101 0.075 

F5 0.150 0.149 0.119 0.112 0.137 0.102 

F7 0.177 0.166 0.138 0.134 0.168 0.128 

FT7 0.205 0.203 0.163 0.160 0.241 0.192 

FC5 0.220 0.216 0.161 0.162 0.247 0.211 

FC3 0.134 0.143 0.102 0.094 0.150 0.148 

FC1 0.071 0.054 0.069 0.047 0.088 0.073 

C1 0.072 0.050 0.068 0.039 0.086 0.058 

C3 0.118 0.120 0.089 0.079 0.137 0.142 

C5 0.196 0.193 0.137 0.130 0.190 0.173 

T7 0.233 0.204 0.170 0.169 0.224 0.183 

TP7 0.159 0.139 0.118 0.127 0.158 0.165 

CP5 0.138 0.139 0.084 0.081 0.123 0.133 

CP3 0.084 0.076 0.066 0.054 0.102 0.113 

CP1* 0.055 0.037 0.054 0.032 0.073 0.053 

P1* 0.045 0.034 0.042 0.024 0.060 0.044 

P3 0.056 0.053 0.045 0.026 0.066 0.054 

P5 0.074 0.079 0.056 0.042 0.078 0.079 

P7 0.082 0.076 0.073 0.091 0.093 0.098 

P9 0.140 0.123 0.106 0.080 0.134 0.119 

PO7 0.080 0.101 0.061 0.048 0.086 0.100 

PO3 0.056 0.070 0.043 0.026 0.060 0.052 

O1 0.113 0.121 0.073 0.057 0.102 0.124 

IZ 0.147 0.126 0.111 0.083 0.108 0.090 

OZ 0.111 0.107 0.068 0.046 0.097 0.096 

POZ 0.053 0.052 0.042 0.022 0.056 0.041 

PZ* 0.041 0.029 0.044 0.024 0.056 0.038 

CPZ* 0.050 0.031 0.053 0.031 0.066 0.039 

FPZ 0.068 0.049 0.062 0.038 0.071 0.044 

FP2 0.079 0.065 0.080 0.063 0.096 0.074 

AF8 0.104 0.100 0.106 0.090 0.113 0.092 

Table A.5 - Relative amplitudes of gamma frequency band: average values at all electrodes for schizophrenia 
patients (SCZ), their first order relatives (REL) and healthy controls (CON). *Statically significant difference, with p-
value <0.05. 
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(Table A.5 - Continued) 

 SCZ REL CON 

Electrode 
position 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

Mean 
Standard 
deviation 

AF4 0.082 0.069 0.091 0.087 0.109 0.115 

AFZ 0.060 0.047 0.052 0.025 0.065 0.040 

FZ 0.057 0.047 0.054 0.029 0.066 0.040 

F2 0.062 0.047 0.061 0.037 0.071 0.044 

F4 0.085 0.073 0.083 0.072 0.097 0.075 

F6 0.116 0.111 0.124 0.109 0.145 0.135 

F8 0.147 0.147 0.137 0.129 0.152 0.131 

FT8 0.197 0.178 0.156 0.136 0.177 0.152 

FC6 0.190 0.195 0.155 0.158 0.195 0.181 

FC4 0.122 0.141 0.098 0.084 0.124 0.105 

FC2 0.070 0.050 0.066 0.038 0.074 0.038 

FCZ 0.060 0.045 0.058 0.030 0.072 0.040 

CZ 0.067 0.055 0.066 0.033 0.077 0.041 

C2 0.072 0.054 0.065 0.036 0.081 0.049 

C4 0.113 0.113 0.081 0.056 0.116 0.124 

C6 0.171 0.163 0.116 0.096 0.163 0.169 

T8 0.207 0.183 0.181 0.145 0.197 0.202 

TP8 0.115 0.119 0.102 0.098 0.128 0.126 

CP6 0.105 0.105 0.063 0.038 0.113 0.149 

CP4 0.069 0.055 0.053 0.029 0.078 0.065 

CP2* 0.052 0.035 0.053 0.027 0.069 0.049 

P2* 0.044 0.033 0.043 0.023 0.057 0.037 

P4 0.052 0.044 0.044 0.026 0.063 0.053 

P6 0.061 0.056 0.049 0.043 0.071 0.070 

P8 0.078 0.074 0.064 0.082 0.085 0.081 

P10 0.103 0.105 0.102 0.085 0.117 0.106 

PO8 0.077 0.083 0.052 0.038 0.078 0.086 

PO4 0.052 0.054 0.040 0.024 0.061 0.062 

O2 0.107 0.113 0.061 0.040 0.096 0.111 

 

 

 

 

 

 

 


