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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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I. INTRODUCTION 

Schizophrenia is a complex psychiatric disorder affecting 
patients’ professional and social life, representing a group of 
related disorders with substantial heterogeneity [1]. With a 
prevalence rate of approximately 1% of the population all over 
the world, this disease has an onset usually in the second or 
third decades of life, being slightly lower in females [2].  

However, due to its heterogeneity, the individuals vary 
substantially on most features, and since disorders which 
belong to the schizophrenia spectrum have almost the same 
symptoms, there is an increase of the probability of an incorrect 
diagnosis [2]. Furthermore, due to the lack of information 
regarding its physiopathology, the research for the new drugs 
have stopped since it is really expensive and there are several 
genes which can contributed to its development [3]. Indeed, it 
has been shown that schizophrenia is a result of combined 
influence and interactions of genetics, epigenetics, stochastic 
and other nongenetic factors. Notably, it has been proposed that 
schizophrenia is around 50% genetically mediated [4] with the 
remaining 50% attributed to nongenetic factors [5], i.e. there is 
a genetic predisposition for its development.  Under those 
circumstances, there is a call for understanding its 
physiopathology in order to allow an easier treatment or even an 
earlier diagnosis.  

One way to understand the genetic architecture of 
schizophrenia, and to reduce its complexity, is by the so-called 
endophenotypes, or “intermediate” phenotypes.  

Endophenotypes are neurocognitive, neurophysiological, 
neurodevelopment, biochemical, endocrinological or 
neuroanatomical measures that reflects the action of genes 
predisposing an individual to a specific disorder, even if there is 
no diagnosable pathology [4]. Endophenotypes can be used to 
characterize symptoms and behaviors using quantitative units of 
analysis that can be assessed in the laboratories, reducing the 
complexity of the analysis required to identity contributing genes 
[4].  

Over the years it has been shown that schizophrenia 
patients show impairments in multiple domains, such as 
metabolic functioning, neurophysiological and neurocognition 
[6]. Although there are several studies with different candidate 
endophenotypes, 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].  

Electrophysiological endophenotypes can be evoked or 
resting. The commonly evoked proposed endophenotypes for 
schizophrenia are N100 ERP, N200, P300, P50 suppression [8], 
mismatch negative, and visual N1 [9–12], whereas the 
commonly resting are brain rhythms (resting alpha or gamma) 
and connectivity (such as phase synchrony index) or even EEG 
microstates. 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). Another candidate 
to schizophrenia’s endophenotype might be the fractal 
dimension (Higuchi’s fractal) [13]. Furthermore, it should be 
noted that schizophrenia patients show some non-
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electrophysiological deficits, such as the ones related to the 
brain structure, namely gray matter reduction, hippocampus 
volume and regional white matter abnormalities or even 
cognitive, such as verbal memory working, spatial WB and 
attention [14]. 

Electroencephalogram (EEG) is an excellent tool for 
studying endophenotypes in clinical populations because it is 
relatively inexpensive, non-invasive and collects data with high 
temporal resolution. However, until now, there is no information 
about to each EEG measure may be the best to establish the 
schizophrenia’ endophenotype in the resting-state EEG activity, 
i.e. the neural activity that goes on while people are doing 
nothing in particular.  Part of this can be associated to the 
independent studies, in distinct populations and with different 
criteria and methodologies. Hence, due to the amount of 
theoretical proposal 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, several univariate and 
multivariate EEG measures are studied. 

The objective of the present study is to examine whether the 
resting EEG of schizophrenia differed from both healthy subjects 
and first-order-relatives with respect to different EEG measures 
in order to propose a practical approach to the analysis and 
interpretation of the understanding of schizophrenia.  

II. METHODOLOGY 

1) Participants 

Three groups of participants (schizophrenia patients, first-
order relatives and healthy controls) from a Georgian sample 
are used in this thesis.  

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). 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 participants (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 participants 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) EEG acquisition 

All subjects were asked to avoid nicotine and alcoholic drinks 
3 days prior to experiment. All EEG recorders 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. Five minutes of EEG were recorded while the 
subjects were seated in a dimly lit room with their eyes closed in 
a relaxed state. 

3) EEG pre-processing  

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  
[15, 16]. These artifacts are electrical signal of non-neural origin 
and may arise from non-physiological or physiological noise 
sources. Many methods have been introduced to eliminate 
these unwanted signals.  

Usually, pre-processing of EEG data, including the 
classification of artifactual Independent Ccomponents (ICs) [17]  
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  [18–21].  

In this thesis, the novel automatic pipeline (App), developed 
by Cruz et al, which is based on state-of-the-art guidelines for 
EEG pre-processing, Independent Component Analysis (ICA) 
decomposition and robust statistics [22] is compared against 
manual pre-processing and artefact identification using 
EEGLAB software [23]. For more details about App see Cruz et 
al [22].  

 The manual 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 filers. 
Both filtering was done with Basic Fir Filter (new, default) with a 
default order. After that, the EEG data was down-sampling to 
256 Hz). 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. Since these methods had return different results, 
the criteria for bad channel removal were basically when the 
three methods considered as it as a bad channel and confirmed 
by visual inspection. Thereafter, these bad channels were 
interpolated by spherical method.  

The bad epoch 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 Relative 
Amplitudes of Frequency Band (RAFB) are calculated as 
described below in Methods for both types of pre-processing. In 
addition, the bad channels are also compared. Here, only a 
small sample of EEG data is considered (25 SCZ, 24 REL and 
25 CON). In this Thesis, the method used for the data analysis 
was the App. 

3) Univariate EEG measures 

This section describes a brief explanation of some of the 
univariate EEG metrics used in this Thesis as well as its 
statistical analysis.  
 
Fractal Dimension 

Higuchi’s Algorithm is implemented on Matlab® 2016 based 
on the algorithms available at MathWorks. According to [13, 24, 
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25], 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 𝑥𝑚
𝑘 , being that each of them is 

defined as 
 

𝑥𝑚
𝑘 = {𝑥(𝑚), 𝑥(𝑚 + 𝑘), … , 𝑥(𝑚 + 𝑀𝑘)} (1) 

 

where m and k are the initial and interval times, respectively. For 

each of the subepoch 𝑥𝑚
𝑘  constructed, the average length for 

each k is calculated as followed 
 

𝐿𝑚(𝑘) =
1

𝑘
{
𝑁 − 1

𝑀𝑘
∑(|𝑥(𝑚 + 𝑖𝑘) − 𝑥(𝑚 + (𝑖 − 1)𝑘|)

𝑀

𝑖=1

} (2) 

 
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
{ ∑ 𝐿𝑚(𝑘)

𝑘

𝑚=1

} (3) 

 

 
Thus, if one plots L(k) against k, k=1, …,  𝑘𝑚𝑎𝑥 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, FD values of individual 4 s artefact-free epochs 
are computed and their average is taken after the removal of 
outliers (subsection 4) over the entire data length for all the 64 
channels considering two different values of 𝑘𝑚𝑎𝑥, namely 8 and 
25 [25].  
 
Spectral Analysis  

Spectral analysis is done based on the Fourier Transform 
(FT), which represents a signal as a sum of sinusoids at different 
frequencies [26]. The FT of a time domain signal, f(t) is given by 

 

𝑓(𝑤) =
1

√2𝜋
∫ 𝑓(𝑡)𝑒−𝑗𝜔𝑡 𝑑𝑡 (4) 

where w is the angular frequency in radians per second. 
 

Power Spectral Density (PSD) 
Being aware that the energy of the signal is preserved after 

the FT operation (Parseval’s theorem) [27], the PS is given by 
the square of the absolute value of the FT amplitude as followed: 

 

𝑃𝑆𝐷 =  |𝑓(𝑤)|
2

  (5) 

 

Hence, 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.  

 
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) [28], as 
followed 

 

𝑅𝐴𝐹𝐵 =  
∑ 𝑋 (𝑘)

𝐻𝑇𝐹/ 𝛥𝑓 
𝑘=𝐿𝑇𝐹/ 𝛥𝑓

𝐻𝑇𝐹 − 𝐿𝑇𝐹
/ 

∑ 𝑋 (𝑘)
45/ 𝛥𝑓
𝑘=1/ 𝛥𝑓

45 − 1
 (6) 

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 average after outliers’ removal (subsection 4) over 
the entire data length for all the 64 channels.   
 

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-tests (unpaired t-tests) are performed. Finally, 
Bonferroni Holm is used in order to correct the p-values obtained 
with t-tests. 
 

4) Multivariate EEG measures 

This section first describes the Surface Laplacian (SL) and 
then some of 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]. 
 
Surface Laplacian  

Although the EEG data has been pre-processed as described 
in the section 3, this pre-processing is not enough when studying 
the connectivity between the pairs of electrodes. Notably, there 
are two main problems [29], namely:  
1) The influence of common sources (volume conduction);   
2) Active reference electrodes (i.e. referencing EEG signals). 

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.   

In this Thesis, the SL is 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.  

 

Imaginary Part of Coherence (ICOH) 
The Imaginary Part of Coherence (ICOH) [30] 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 artefact-free epoch, 
the signals X and Y were 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; 
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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)2〉〈𝜓(𝑦)2〉)
 (7) 

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 (subsection 4). 
 
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, 
according to King et al [31] . To obtain wSMI the following steps 
was applied:  

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. In this case, the 
analysis was restricted to a fixed symbol size (k=3) and 
four different values of τ (τ = 32, 32, 16, 8, 4 ms 
corresponding to 𝑤𝑆𝑀𝐼δ, 𝑤𝑆𝑀𝐼𝜃, 𝑤𝑆𝑀𝐼𝛼, 𝑤𝑆𝑀𝐼𝛽 and 

𝑤𝑆𝑀𝐼𝛾 [31]); 

3) For each pair of transformed EEG signals, the joint 
probability of each pair of symbols was estimated. The 
joint probability matrix was multiplied by binary weights, 
i.e. the weights were 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)
)

𝑦 ∈𝑌𝑥 ∈𝑋

 (8) 

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 (subsection 4). 
 
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 is used in 
order to correct the p-values.  
 
4) 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 [32, 33]. Then, if it is normally 
distributed it uses the modified z-score [34] and if it is not 
normally distributed it uses the Tukey’s boxplot [35].  
 

5) Microstates analysis  

First of all, the EEG datasets are bandpass filtered offline 
between 2 to 20 Hz [36]. 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. Vi(t)) from the mean of 
instantaneous potentials across electrodes (i.e. Vmean) 

 

𝐺𝐹𝑃 =  √(∑(𝑉𝑖(𝑡) − 𝑉𝑚𝑒𝑎𝑛(𝑡))2

𝐾

𝑖

) /𝐾 (9) 

 

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 [37], this is submitted to a modified spatial 
cluster analysis using atomize-agglomerate hierarchical 
clustering (AAHC; [38]) method to identify the most 
representative topographies as classes of EEG microstates. 
The optimal number of template maps is determined by means 
of a cross-validation criterion [37]. 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 were then 
kept for further analysis. This number of classes has previously 
been found to be optimal and was maintained for compatibility 
with the existing literature.  

Repeated Measures ANOVAs are performed for all 
microstates between groups and ANOVAs for each microstate. 
The post-hoc tests with Bonferroni-Holm is also done.  

III. 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. 

1) EEG pre-processing  

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. The App and manual methods 
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.  

Nevertheless, the App rejected a lower number of bad 
channels than the manual method (0,750 ± 0,191 and 1,688 ± 
0,243, respectively).  
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2) Univariate EEG measures 

Fractal Dimension 
Regarding the results obtained with kmax 8, group 

comparisons revealed no significance difference between the 
three groups; whereas regarding to the results obtained with 
kmax 25 (Figure 1), SCZ exhibited shorter index of complexity 
compared to CON mostly at centro-parietal and parietal regions.  

 

 

 
Spectral Analysis 
Power Spectral Density (PSD) 

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. 

 
 Relative Amplitude of Frequency Bands (RAFB) 

The head maps generated using the average relative 
amplitudes at the 64 locations for SCZ patients, REL and CON 
are shown in Figure 2.  

At delta (1-4 Hz) SCZ group exhibited a smaller amplitude 
than CON at the FC4 electrode (right fronto-central). At theta (4-
8 Hz) SCZ group exhibited a greater amplitude than CON at all 
the electrodes except F1, F5, F7 (left frontal); FT8 (right fronto-
temporal); F2 (right frontal); AFZ (auriculo-frontal) and FZ 
(frontal). At alpha (8-13 Hz) there was no significant differences 
between the groups. At beta (13-30 Hz) SCZ group exhibited a 
smaller amplitude compared to CON 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). At gamma (30-45 Hz) there 
was no significant differences between the groups. 
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Figure 2: Relative amplitudes for each group and for each frequency 
band. From top to bottom: in the theta frequency band and in the beta 
frequency band. From left to right: schizophrenia patients (SCZ), first-
order relatives (REL) and healthy controls (CON). 

 

3) Multivariate EEG measures 

Imaginary Part of Coherence (ICOH) 
The head maps of 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 4, are shown in 
Figure 3 and its statistically analysis is in Table 1.  

 
Table 1: Repeated measures ANOVAs of resting EEG intra-
hemispheric and inter-hemispheric ICOH among SCZ, REL and CON. 

 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 

 
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 shorter ICOH compared to CON 
(p=0.006) and to REL (p<0.001). At Theta and Gamma no 
significant differences were found.  
 
Inter-hemispheric ICOH 

No significant effects were found regarding to inter-
hemispheric analysis. 

 
 
 
 
 
 

 

SCZ REL CON 

Figure 1: 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. 
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Figure 3: 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). Note the colorbar from 
blue (lowest values) to yellow (highest values).  

 
 
 

Weighted Symbolic Mutual Information (wSMI)  
The head maps of 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 4, are shown in 
Figure 4 and its statistically analysis is in Table 2.  

 
Intra-hemispheric wSMI 

At Delta, no significant 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 a smaller 
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 
a smaller 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 shorter wSMI compared to CON (p=0.038).  
Inter-hemispheric wSMI. No significant effects were found 
regarding to inter-hemispheric analysis.  
 
 
 
 

 

Table 2: Repeated measures ANOVAs of resting EEG intra-
hemispheric and inter-hemispheric wSMI among SCZ, REL and CON. 

 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 
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Figure 4: 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). Note the colorbar from 
blue (lowest values) to yellow (highest values). 
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4) 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, 113] are shown in Figure 5.  

 
 

MS A MS B MS C MS D 

    

Figure 5: 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. 

 
 
The transition probabilities, the frequency of occurrence and 

the time coverage for each class and for each group are shown 
in Figure  6 and Figure 7.  

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, 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 7: 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. 

Figure  6: 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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IV. DISCUSSION 

Generally speaking, results indicate that schizophrenia’s 
patients may have several impairments in certain brain regions, 
which could be linked to their deficits in such areas. However, 
these results might range according to the metric used.  

EEG data are usually contaminated by numerous artifacts. 
Due to the increasing size of available datasets, manual data 
pre-processing becomes impractical. In this work, App 
performed at almost the same level, showing alternatives for 
automatic EEG pre-processing.  

Besides the preprocessing, several methods were used in 
this work. 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. 
Secondly, the fact that some analyzes are not statistically 
significant does not mean that there are no differences, only that 
there is no enough evidence to state this.  

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 [13]. 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 [13]. 
Notably, some authors have pointed out that the diffuse FD is 
more predominantly in the negative symptom subgroup, as well 
as increase delta power [13]. 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 [39].  

On the other hand, Higuchi’s Algorithm show some 
limitations. Indeed, to obtain FD values of biosignal change with 
maximal precision, the optimal value of kmax should be 
considered. Some researches had suggested and tested 
different values for study FD [25, 40]. Hence, an interesting 
approach might be testing several values of kmax to obtain a 
more feasible study. 

On the other hand, 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 [41–43]. 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, 44–46], which could explain the 
brain deficits in SCZ. In addition, some studies have reported 
that REL exhibited resting state activity augmented delta and 
theta [47], reduced frequency peak alpha [48] and augmented 
beta activity [47], 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 [46]. 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 [46].  

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, 46]. Notably, there is some evidence 
of greater high frequency activity during the resting state as well 
as during auditory and visual processing in the sensory areas in 
the 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 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 brain rhythms during the resting state are highly 
heritable [49], 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 [50, 51], which correlate with 
decreased cognitive performance [52]. On the other hand, the 
opposite pattern of reduced delta/theta-band coherence was 
observed in some studies as well [53, 54]. One possible 
explanation is that abnormalities in low-frequency connectivity 
patterns involve regionally specific changes [55]. Indeed, 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 [50, 51] 
[54], here one found an increased except in wSMI measure. One 
possible explanation is the different measure used to study 
connectivity. Although in this work 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 [50], whereas others suggest lower [56] or 
even intact beta-band connectivity [51, 52]. Indeed, it is believed 
that beta-band coherence is influenced by illness progression 
and clinical symptoms [50]. These conflicting findings have been 
also reported for gamma band, with studies reporting no 
differences with controls [57, 56], and one reported increases in 
SCZ patients with a recent onset and decreases in patients with 
prolonged illness compared to CON [50]. However, the effect of 
illness duration is still unclear [51] as well as whether medication 



 
 

9 

affect amplitude and phase of brain rhythms, especifically the 
amplitude and phase of gamma band rhythm [7].  

Although wSMI is lower in SCZ than the other metrics, one 
can infer that there is a correlation between them. In addition, 
wSMI is lower in SCZ and it has been suggested that wSMI 
increases with consciousness states [31]. Hence, it can be 
suggested that SCZ patients may be in a lower state of 
consciousness. 

On the other hand, it should be noted that measures of 
functional interactions were implemented since modulations in 
the amplitude of spectral signals do not per se allow insights into 
the efficacy of information transmission between neuronal 
groups. An important limitation of coherence-measures of scalp 
EEG are 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 [55, 58]. Although ICOH is a more robust 
measure than the traditional amplitude-based measures of 
coherence [59, 60], volume conduction may still confound such 
measures [61, 62]. 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 [55]. Although on a more 
complex level, an interesting approach could be to perform 
effective connectivity measures, such as Granger Causality and 
Directed Transfer Functions.  

Consistent with previous findings in SCZ patients, one found 
increased class C time coverage compared to CON [63–65] and 
decreased classes B [63, 66–68] and D [65] 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 [69]. 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 [70, 
71].  

On the other hand, class B is linked to processing strategy, 
which is a feature of the SCZ patients [68]. However, results 
from class B microstate are not consensus among literature. 
Some authors have reported a decreased in such class [63, 67] 
[66, 68] whereas others have not found such differences 
between SCZ and CON [63–65, 72], 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 [69]. Indeed, the CEN network is responsible for 
decision making, control of attention and working memory which 
are impaired in schizophrenia [73].  

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)  [74, 36]. 
Notably, the disease severity and medication should be taken in 
account [65, 74]. 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 [74].  

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 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 [74].  

To summarize, there are several abnormalities in SCZ such 
as its lower complexity, the abnormalities in neural rhythms and 
the dysfunction connectivity. Then, when choosing a measure 
for studying EEG, aspects such availability, implementation and 
interpretation of the measures should be taken into account. To 
cope with these results in a better way, the use of machine 
learning tools, such as K-Nearest Neighbors or Support Vector 
Machines [75, 76] 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.  

V. CONCLUSIONS AND FUTURE WORK 

1) 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 [3]. 

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 brain 
rhythms or connectivity.  

In this study, candidates for functional endophenotypes were 
studied. SCZ patients show a lower brain complexity supported  
by less information sharing across brain areas. Neural 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 neural 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.  
 
2) Limitations 

This study has some limitations, such as (i) statistical 
differences across demographic data of the participants; (ii) low 
spatial resolution of the EEG; (iii) steps regarding to pre-
processing might infer the results; (iv) to understand all the EEG 
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measures and implement such, being that some of them are 
really time consuming; (v) aspects such as medication, 
symptoms, patient age and cultural considerations were not 
considered.  

 

3) 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, 
namely: (i) to divided the SCZ group according to symptom 
(positive vs negative); (ii) to correlate these results with the 
symptoms score; (iii) to test different values of kmax in the 
Higuchi’s Algorithm; (iv) the use of individual alpha peak band 
to study the RAFB; (v) to correlate these results with a task-
based analysis; (vi) to compute all the measures for each 
region/hemisphere; (vii) machine learning based model with the 
symptoms, genetic scores, RS data and task-based data, 
specially the visual backward masking paradigm would improve 
this model.  

 

4) 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 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  
[23, 77]. 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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