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Kurzftassung

Diese Arbeit untersucht die Simulation von Elektroenzephalographie (EEG)-Signalen
bei Schizophrenie durch die Manipulation der strukturellen Hirnkonnektivitat mit-
tels der Plattform The Virtual Brain (TVB). Schizophrenie, eine komplexe psychis-
che Erkrankung, ist durch Storungen der Hirnfunktion gekennzeichnet, doch ihre
neurobiologischen Grundlagen sind nach wie vor unklar. Die Studie zielt darauf
ab, zu erforschen, wie sich Verdnderungen der strukturellen Konnektivitat, ins-
besondere der weilen Substanz, auf die EEG-Muster bei Schizophrenie auswirken.
Mithilfe von diffusion tensor imaging (DTI) und graphtheoretischen Analysen
wurden Bahnen der weifen Substanz modelliert, um realistische Hirnkonnektiv-
itdtsmatrizen zu erstellen. Diese Matrizen wurden verwendet, um EEG-Signale
zu simulieren und zu bewerten, wie Verdnderungen der Konnektivitdt bekannte
Veranderungen des EEG Spektrums bei Schizophrenie widerspiegeln. Obwohl die
EEG-Simulationen die erwarteten makroskopischen Stérungen teilweise erfassten,
deuten Einschrankungen hinsichtlich der Vereinfachungen der weifsen Substanz und
der Modellannahmen darauf hin, dass weitere Verfeinerungen erforderlich sind.
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Abstract

This thesis investigates the simulation of electroencephalography (EEG) signals
in schizophrenia by manipulating structural brain connectivity using the Virtual
Brain (TVB) platform. Schizophrenia, a complex mental disorder, is character-
ized by disruptions in brain function, yet its neurobiological underpinnings remain
unclear. The study aims to explore how changes in structural connectivity, par-
ticularly in white matter, affect EEG patterns in schizophrenia. Using diffusion
tensor imaging (DTI) and graph-theoretical analysis, white matter tracts were
modeled to generate realistic brain connectivity matrices. These matrices were
then used to simulate EEG signals and assess how alterations in connectivity re-
flect known EEG spectral changes in schizophrenia. While the EEG simulations
captured some of the expected macroscopic disruptions, limitations regarding the
simplifications of white matter integrity and model assumptions suggest further
refinement is needed.
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1 INTRODUCTION

The human brain, often described as the most complex organ in the body, is the
central focus of neuroscience research due to its intricate structure and varied
functions. Representing only about two percent of body weight but accounting
for approximately twenty percent of its energy consumption, the brain is the seat
of consciousness, responsible for interpreting sensory information, generating emo-
tions, and controlling behavior. Despite significant advancements in neuroscience,
the detailed mechanisms underlying brain function and dysfunction remain elu-
sive, particularly in the context of mental health disorders such as schizophrenia.

Schizophrenia is a debilitating mental disorder characterized by profound disrup-
tions in cognition, emotion, and behavior. Despite the profound impact it has on
affected individuals and society as a whole, the precise neurobiological underpin-
nings of schizophrenia are not fully understood. Traditional methods of studying
the brain, such as histology and in vivo imaging, provide valuable insights but are
limited by their scope and resolution. Consequently, there is a critical need for
integrative approaches that can bridge the gap between molecular-level interac-
tions and large-scale brain dynamics to better understand the pathophysiology of
schizophrenia.

This thesis aims to develop a systematic approach to investigate alterations in
brain structural connectivity associated with schizophrenia using computational
modeling in The Virtual Brain (TVB). The primary objective is to create a model
that produces EEG signals based on realistic structural connectivity resembling
that of a human brain. By manipulating specific aspects of this structural con-
nectivity, the study seeks to observe the resultant changes in EEG signals and
determine if these changes align with expectations based on current scientific un-
derstanding of the disorder.

The implementation of the model employs a multi-faceted approach, combining
theoretical knowledge, datasets created with advanced neuroimaging techniques,
and computational neuroscience. Key methodologies include:

e Structural Connectivity Analysis: Utilizing data recorded with diffusion
tensor imaging (DTI) to map the white matter tracts and generate structural
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connectivity matrices.

Graph-Theoretical Analysis: Applying graph theory to analyze the con-
nectivity patterns and identify relevant network properties such as clustering
coefficient, path length, and modularity.

Neural Mass Modeling: Implementing neural mass models to create a
whole brain model and simulate the average activity of neuronal populations
and their interactions in TVB.

EEG Simulation: Using the TVB platform to simulate EEG signals based
on the derived structural connectivity and observing how manipulations of
this connectivity affect the simulated signals.

Understanding the connectivity alterations in schizophrenia has profound im-
plications for both basic neuroscience and clinical practice. By elucidating the
network dynamics that underlie the disorder, the development of more targeted
therapeutic interventions and improved diagnostic accuracy could be supported.
Additionally, the use of computational models provides a powerful tool for hy-
pothesis testing and the exploration of complex brain - behavior relationships in
a controlled virtual environment.

The thesis is organized as follows:

Chapter 1 - Introduction

Chapter 2 - Theory: Provides an overview of brain anatomy, principles
of electroencephalography, and the current understanding of schizophrenia,
including symptomatology, risk factors, and hypotheses on its etiology as
well as an introduction to brain modeling and its different approaches with
a focus on TVB.

Chapter 3 - Materials and Methods: Describes the data collection,
processing techniques, and the setup of the computational model used in the
study.

Chapter 4 - Results: Presents the findings from the simulations and anal-
yses, highlighting key changes in connectivity and EEG signals associated
with schizophrenia.

Chapter 5 - Discussion: Interprets the results in the context of existing
literature, discusses their implications, and suggests potential directions for
future research.
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2 THEORY

2.1 Basics of Brain Anatomy

The brain is often described as the most complex organ in the human body. Despite
comprising only about two percent of body weight, it accounts for approximately
twenty percent of its total energy requirements. It is the seat of consciousness,
interprets sensory information it receives from widespread parts of the nervous
system and creates emotions in an intricate interplay with the other parts of the
body. Together with the spinal chord, it forms the central nervous system serving
as the control center for the entire body. The functions of the brain are manifold,
but a concise way of describing its primary purpose is: "The brain is an anticipat-
ing memory system that learns to represent expectations of the world, which can
be used to generate goal-directed behaviour" (Trappenberg . How it accom-
plishes this feat is still not fully understood.

Looking at the brain on the micro scale, its two main constituents are neurons
and glial cells (Fan and Markram 2019)). Glial cells were believed to serve mainly
structural and metabolic functions; however, ongoing research suggests their active
involvement in various brain functions such as modulation of synaptic connections
and protection against disease (Jikel and Dimou [2017). The neuron is considered
to be the primary computational unit of the brain in particular, and the nervous
system in general (much like a transistor on a computer chip, but more complex
in its functionality), and due to its electrical excitability, which correlates with
higher brain functions, has been in the spotlight of neuroscience for a long time

(Fan and Markram 2019).

Neurons are composed of three primary parts (see figure: : the cell body (or
soma), dendrites, and axons. The cell body contains the nucleus and other essen-
tial organelles for the neuron’s metabolic activities and is surrounded by a lipid
bilayer known as the cell membrane (Ackerman [1992). This membrane functions
similarly to a capacitor, regulating the neuron’s electrical potential. Ions move
across this membrane through specialized channels that regulate ion diffusion via
various gating mechanisms. When certain conditions are met, such as a specific
threshold membrane potential, an action potential is triggered (Ackerman ;
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Figure 2.1: Schematic illustration of a neuron (Wikipedia contributors [2024]).

J. Zhang [2019a).

The axon, an extension of the neuron, conducts action potentials away from
the cell body. Often axons are insulated by a myelin sheath, which significantly
increases the speed of electrical signal transmission along the axon. This myelina-
tion is crucial for efficient signal conduction, especially over longer distances within
the nervous system. These myelinated axons are referred to as fibers (Axer and
Amunts 2022). The axon typically terminates in connections with other neurons
at structures called synapses. Here, the axon releases neurotransmitters stored in
vesicles into the synaptic cleft, the small gap between the axon of one neuron and
the dendrite of another. These neurotransmitters then bind to the receptors of
a receiving neuron’s dendrite, thereby passing on the signal (Ackerman ; J.
Zhang [2019a)).

Dendrites, which are branching from the cell body, are structures that receive
these chemical signals. The chemical signal is converted back into an electrical
signal, which can then trigger a new action potential in the receiving neuron,
continuing the process of neural communication (Ackerman|1992} J. Zhang 2019a)).

Neurons that are in close proximity to each other are also able to exchange sig-
nals directly via electrical Synapses.

These individual connections form the basis of local neuronal circuits, small
networks of neurons that work in concert, forming specific emergent functional
properties and states (Yuste . Local circuits interact and further connect
with each other, to form ever larger neuronal network structures that increase
in their complexity to form what we know as the brain. The study of neuronal
networks, as opposed to single neurons, provides insights into higher cognitive
processes that could not be gleamed by examining a single, isolated neuron. This
marks a shift from the neuron doctrine, which sees neurons as discrete information
processing units, to network models, that consider emerging properties to be a
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result of widespread neuronal interactions (Yuste 2015).

Zooming out to look at the macroscopic structures of the brain provides another
perspective. At a macroscopic level, different regions composing the brain can
be classified and categorized using distinctions of neural structure, connectivity,
functionality and chemistry, all resulting in different "atlases” (J. Zhang [2019b).

In one such approach, the brain is roughly divided into three main regions that
are present from the onset of development: the forebrain, hindbrain and midbrain.

The hindbrain consists of the medulla oblongata, the pons, and the cerebellum.
The brainstem, which includes the midbrain, pons, and medulla oblongata, sits
beneath the forebrain. The forebrain makes up the largest part of the brain. It
consists of the cerebrum on the outside and the diencephalon, which houses the
thalamus and hypothalamus, buried deeper inside the structure. The cerebrum is
divided into two hemispheres, connected by a thick fiber tract called the corpus
callosum, and a smaller fiber bundle called the anterior commissure. The cere-
brum contains the basal ganglia and the limbic system. The outer surface of the
cerebrum and cerebellum consists of a layer of tissue, only a few millimeters thick,
called the cortex. The cerebral cortex, is where most information processing oc-

curs. (L. Luo 2021; J. Zhang [2019D).

The cerebral cortex is anatomically organized into distinct lobes. These lobes
are delineated by notable grooves or sulci, that can be used as landmarks in the
topography of the brains surface. The most prominent of these, called the longitu-
dinal fissure, bisects the brain into its left and right hemispheres. Each hemisphere
is further partitioned into four primary lobes. The frontal and parietal lobes are
separated by the central sulcus, while the lateral sulcus (also known as the Sylvian
fissure) distinguishes the temporal lobe from both the frontal and parietal lobes.
Additionally, the parieto-occipital sulcus demarcates the boundary between the
parietal and occipital lobes. A fifth lobe, the insula, is partly covered by parts of
the other lobes (L. Luo 2021} J. Zhang [2019b; Kandel 2013)). The structures of the
cortex can be classified according to different criteria and methods, often tailored
to specific purposes. This results in a diverse array of brain atlases, each offering
different levels of granularity.

The cortex exhibits a hierarchical, laminar structure, the six layers of which
can be differentiated on the basis of their unique cytoarchitecture and layer spe-
cific termination patterns for feed forward and feedback pathways (Larkum et al.
. Starting from the outermost layer, these include the molecular layer, pri-
marily consisting of signal exchange junctures, apical dendrites of pyramidal cells
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and horizontal axons, the external granular layer mainly containing interneurons,
the external pyramidal layer containing large principal cells, the internal granular
layer where the thalamic fibers terminate, the internal pyramidal layer with axons
extending to subcortical areas, and the multiform layer with axons projecting to
the thalamus and other cortical areas. The thickness of these layers varies across
different cortical areas and can indicate functional relationships (Ackerman [1992).

The cerebral cortex’s neural network includes both short and long-range axonal
connections. Short-range connections form circuits within local areas, such as the
fibers linking adjacent gyri, while long-range connections integrate different dis-
tant brain regions, either within the same hemisphere or across hemispheres. In
addition, the cortex is connected to subcortical areas and the spinal cord through
ascending and descending axonal projection fibers. Fibers that form connections
within a hemisphere are called association fibers, those that form interhemispheric
connections between corresponding areas are called commissural fibers and those
that link the cortex to subcortical nuclei are called projection fibers. The long-
range connections are grouped into large bundles that constitute the brain’s white
matter, whereas the tissue of the cortex is called gray matter (Axer and Amunts

2022).

These connections, along with the intricate networks they form and the complex
interactions between neurons and neuronal circuits they facilitate, are not only es-
sential for communication between different brain regions, but are also believed to
be the substrate from which higher cognitive states and the human mind emerge.
The macroscopic arrangement of neurons and their synchronized activity form the
basis for signals that are measurable via electroencephalography, and the white
matter structures formed by bundles of axons will provide the foundation for cre-
ating structural connectivity matrices that are essential for the model used in this
work.

2.2 Principles of Electroencephalography

Electroencephalography (EEG) is a non-invasive imaging procedure to record the
electrical activity of the brain with anywhere from 20 to 256 electrodes, which
are placed systematically on the scalp (Nunez and Srinivasan . The EEG
signal primarily reflects the summed activity of predominantly cortical pyramidal
neurons, with minimal contributions of glial cells. EEG offers a high temporal
resolution, making it an excellent tool for studying the dynamic processes of brain
activity over time. However, it has poor spatial resolution compared to imaging
modalities like functional magnetic resonance imaging (fMRI) or positron emis-
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sion tomography (Silva 2009; E. K. Louis et al. 2016). Additionally, EEG is highly

susceptible to noise interference, resulting in a relatively low signal-to-noise ratio
which can be partly mitigated by various filtering processes (Chaddad et al. [2023]).

Active neurons produce electrical activity in two main ways. Firstly, there is the
rapid depolarization of the cell membrane that results in action potentials (last-
ing 1-2 ms) that propagate along the axons. Secondly, there are slower changes in
membrane potential called postsynaptic potentials, which are initiated by synaptic
activation of one neuron by another, through specific neurotransmitters. Unlike
action potentials, these postsynaptic potentials do not propagate along the neu-
ron but instead modulate the neuron’s membrane potential locally. Depending
on the neurotransmitter, theses postsynaptic potentials can be either excitatory
or inhibitory. An excitatory postsynaptic potential causes a movement of ions
across the cell membrane that positively charges the intracellular space, whereas
an inhibitory post synaptic potential results in a movement of ions that leaves the
intracellular space negatively charged. At the site of an excitatory synapse, the
positive charge inside the neuron creates an active sink in the extracellular space
on the other side of the cell membrane. Conversely, at an inhibitory synapse, the
negative charge inside the neuron results in an active source in the extracellular
space. As a consequence of this redistribution of charges and the generation of ac-
tive sources and sinks in the extracellular space, passive sinks and sources spring
into existence along the cell membrane. These movements of charges create an
electrical field that can be detected as variations in potential difference by EEG
electrodes. The interplay between these sinks and sources, governed by neuronal
and synaptic activity, shapes the electrical patterns recorded by EEG and reflects
the brain’s functional state (Silva [2009; E. K. S. Louis, Frey, and Britton [2016)).

Cell geometry and cortical structure are crucial for what is measured in EEG.
Neurons in the cortex form vertically and laterally integrated units. The vertical
aspect of this organisation can be described as columns of neurons that span several
cortical layers with the main axis of their dendritic trees perpendicular to the pial
surface and parallel to each other (E. K. S. Louis, Frey, and Britton . The
smallest unit of this columnar organization is the so-called mini-column. These
mini-columns form functional units called macro-columns, which fire in a synchro-
nized manner (Mountcastle 1997)). Synchronization can also occur across several
macro columns, due to the lateral integration of different units. The sink/source
configurations that form along the cell membranes are confined within this colum-
nar structure and may be interpreted as dipoles that are oriented perpendicular
to the pial surface. A single dipole is too weak to be measured by EEG, but when
neurons fire in synchronicity, the electric dipole moments with the dipole vector
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Figure 2.2: Schematic representation of the generation of an electrical neuronal
signal, as measured by EEG (Strobbe 2015)).

parallel to the orientation of the pyramidal cells add up (E. K. S. Louis, Frey,
and Britton 2016). The electric fields generated by these dipoles extend beyond
the immediate vicinity of their source, and the summed activity becomes strong
enough to be detected by the EEG electrodes placed on the skull (Nunez and

Srinivasan 2007)).

A consequence of the folded structure of the cortical surface is that the orien-
tation of cortical neurons varies. Neurons located in the gyri are generally per-
pendicular to the skull and thus contribute significantly to the EEG signal. In
contrast, neurons located in the sulci are oriented parallel to the skull, and their
electrical activity tends to cancel out, significantly reducing their contribution to

the EEG signal (Silva 2009).

In summary, the synchronized activity of many neurons across multiple cortical
columns can generate electrical signals strong enough to be measured by EEG,
providing a window into the brain’s electrical activity.

To perform an EEG measurement, electrodes are placed methodically on the
scalp, often utilizing the 10-20 system or its adaptations for standardized place-
ment. These electrodes are secured in place with special pastes, caps, or nets to
ensure stable contact. Given the EEG signal’s low voltage levels, a differential
amplifier is used to record the signals and enhance signal-to-noise ratio (Nunez

and Srinivasan 2007)).

EEG signals can be recorded using several methods. In referential recordings,
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the potential differences between individual electrodes and a common reference
electrode are captured. Bipolar recordings measure the potential difference be-
tween pairs of adjacent electrodes. For setups employing more than 64 electrodes,
the common average reference method can be used, where the potential at each
electrode is calculated relative to the average potential of all electrodes. The elec-
trode placement and the different ways of combining the measured signals, form
the electrode montage (Nunez and Srinivasan 2007).

The estimation of the location of the neuronal sources generating the EEG sig-
nals measured on the scalp poses a challenging problem. As electric fields generated
by brain activity must traverse several layers of conductive tissues (cerebrospinal
fluid, skull, scalp), that are arranged in the complex geometry of the head, they
undergo attenuation and distortion (Lopes da Silva [2013)). This estimation pro-
cess is known as the inverse problem, which is mathematically ill-posed due to the
non-uniqueness of its solutions. In essence, multiple different source configurations
can produce the same electrical patterns on the scalp. To constrain the infinite
solution space of the inverse problem and achieve plausible source estimations,
several assumptions about the nature of the sources and the conductive properties
of the head are necessary (Silva [2009).

In conjunction with the inverse problem, forward modelling plays a crucial role
in EEG analysis. Forward modeling involves predicting the electrical fields on the
scalp that would result from known sources within the brain, based on a model
of the head’s conductive properties (Lopes da Silva . By understanding how
electrical signals propagate through the head’s various tissues, forward modelling
provides a necessary framework for interpreting scalp EEG data in terms of un-
derlying brain activity. The forward-inverse relationship is reciprocal: Forward
modeling validates the assumptions of the inverse problem, confirming that es-
timated sources can create the observed EEG signals. These methods are vital
for accurately connecting EEG data to neuronal activity, thereby improving our

understanding of brain function (Silva 2009; Nunez and Srinivasan 2007)).

The EEG signal is measured as voltage fluctuations over time. To ensure clarity
and precision in these measurements, the raw EEG signal undergoes extensive pro-
cessing. This processing includes amplifying the signal to make it more discernible,
reducing noise and artifacts to enhance signal quality, and extracting features such
as amplitude, power, coherence, and phase. Additionally, the signals are filtered
into specific frequency bands for analysis. The traditional frequency bands are
Delta (1-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz), and Gamma
(30 Hz and above), each often associated with distinct brain states (Nunez and

Srinivasan 2007} Silva [2009).
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2.3 Schizophrenia

Schizophrenia is a debilitating psychological disorder that deeply affects the life of
individuals who suffer from the condition, often leading to social and occupational
decline. Unemployment rates among those affected ranges between 70 and 90%
(Marwaha, Johnson, et al. 2007), and the disorder is associated with a reduced
life expectancy of 3 to 15 years (Marwaha and Johnson . Characterized by a
profound disruption in cognition and emotion, schizophrenia affects fundamental
human attributes such as perception, thought, and speech, manifesting through
a wide range of symptoms. Its onset typically occurs in late adolescence or early
adulthood, resulting in significant implications for the individual’s functioning
and quality of life. Approximately 1% of the population are at risk of developing
schizophrenia at one point in their lifetime (McGrath et al. 2008; Jongsma et al.
. The etiology of schizophrenia is multifactorial, involving genetic, environ-
mental, and neurobiological influences. This chapter aims to explore the current
understanding of schizophrenia, delving into its symptomatology, risk factors, and
theoretical etiological models.

2.3.1 Symptomatology of Schizophrenia

The onset of Schizophrenia often occurs in early adulthood and is often preceded
by prodormal symptoms that can last anywhere from a week to several years, but
these symptoms are heterogeneous in nature and lack precise definition (Jauhar,
Johnstone, and McKenna . The condition severely disrupts the individual’s
thoughts and affect, hampering their ability to navigate social environments and
form meaningful connection. Depending on the source, symptoms of schizophre-
nia are grouped into three categories: positive, negative, and cognitive symptoms.
Each category is essential for distinguishing schizophrenia from other psychotic

disorders (Patel et al. 2014])).

Positive symptoms, described as "psychotic behaviors not seen in healthy peo-
ple” (Patel et al. include behaviours such as delusions (e.g. delusions of
persecution, passivity, meaning a feeling external control of one’s own thoughts
and actions, etc.), hallucinations (perceptions without a stimulus, most commonly
auditory) and formal thought disorder, manifesting in distorted or illogical speech
(Jauhar, Johnstone, and McKenna [2022; M. M. Picchioni and R. M. Murray [2007;
Owen, Sawa, and Mortensen 2016} M. Picchioni and R. Murray [2008).

Negative symptoms are less obvious to the outside observer, but exert a great
burden on the afflicted person (Patel et al. [2014). They include social withdrawal,
avolition (loss of motivation and initiative), emotional blunting, diminished emo-
tional expression, anhedonia, and paucity of speech (M. Picchioni and R. Murray
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Patel et al. 2014)). These symptoms are often chronic and can have a long-
term negative effect on social function (Owen, Sawa, and Mortensen .

Cognitive symptoms are relatively nonspecific and describe a spectrum of cog-
nitive and intellectual difficulties, ranging from generally impaired intelligence to
more specific deficits, e.g. in executive function or working memory (M. Picchioni
and R. Murray . These symptoms are generally accompanied by lack of in-
sight (in 97% of patients), that they are the result of an illness (M. M. Picchioni
and R. M. Murray [2007).

Another characteristic of schizophrenia is catatonia, which is characterized by
abnormal movements and behaviors. It can be observed in approximately 10%
of patients suffering from schizophrenia, but has been relegated to the rank of
a specifier for several different psychological conditions (Jauhar, Johnstone, and
McKenna 2022).

This wide range of symptoms characteristic of schizophrenia can also be ob-
served in other mental health disorders, such as major depressive disorder with
psychotic features or schizoaffective disorder. Given this overlap, a comprehen-
sive differential diagnosis is essential to accurately differentiate schizophrenia from
these and other conditions that present themselves similarly (Patel et al. 2014)).

Today, the notion that schizophrenia represents the extreme end of a continuum
of psychotic symptoms is gaining influence, challenging traditional views of the dis-
order as a stark departure from normal health (Jauhar, Johnstone, and McKenna
. Mild symptoms of schizophrenia can manifest in individuals without any
associated illness, suggesting that the condition reflects a quantitative deviation
from normality, rather than a qualitative one. This perspective underscores a more
nuanced understanding of schizophrenia, emphasizing its spectrum nature rather
than categorizing it as an isolated or binary condition (M. M. Picchioni and R. M.

Murray [2007)).

2.3.2 Risk Factors

The risk factors for schizophrenia are heterogeneous and multifactorial, mirroring
the complexity of the disease itself. The largest contributor seems to be genet-
ics. While the general population has a lifetime risk of little under 1% to develop
schizophrenia, a familial history seems to be the greatest factor for increased risk,
with a 6.5% chance for first degree relatives that increases to a 40% risk in mono
zygotic twins (Kendler ; Cardno et al. . A genome-wide association
study found that schizophrenia is a poligenic disorder, originating from the cumu-
lative effects of hundreds to thousands of genes, that are spread across the genome
(Psychiatric Genomics Consortium 2014} Jauhar, Johnstone, and McKenna [2022).
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In addition to genetic predisposition, a multitude of environmental factors con-
tribute to increasing the risk for developing schizophrenia. Prenatal exposure
to infections and malnutrition, neurodevelopmental disruptions, early and heavy
cannabis use, showing a dose-response relationship, severe psychosocial stressors,
and the challenges faced by people with migrant status, especially in low ethnic
density areas, significantly contribute to the risk. These factors underscore the
complex interplay between biological and environmental influences in the etiology

of schizophrenia (Brown and Lau 2016; Jauhar, Johnstone, and McKenna [2022)).

2.3.3 Hypotheses on the Etiology of Schizophrenia

Several hypotheses attempt to explain the origin of schizophrenia. Despite exten-
sive research, the biological underpinnings of schizophrenia remain elusive, sug-
gesting a multi-factorial origin involving genetic predispositions, neurochemical
imbalances, and structural abnormalities within the brain. Various pathophysi-
ological mechanisms are being explored as potential contributing factors to the
manifestation and progression of the condition, ranging from neurochemical sys-
tems to abnormal deviations in brain structure.

Due to the nature of schizophrenia as a disorder involving relapses and remis-
sions, it has long been hypothesized that at least parts of its manifestation emerge
from neurochemical imbalances. The two main neurotransmitter systems impli-
cated in schizophrenia are dopamine and glutamate. Dopamine is involved in
various functions, including motor function and learning, while glutamate is the
brain’s primary excitatory neurotransmitter (Jauhar, Johnstone, and McKenna
2022).

The dopamine hypothesis is based on the observation, that anti psychotic drugs
work as an inhibitor of dopamine D, postsynaptic receptors (Jauhar, Johnstone,
and McKenna . A 2018 meta-study supports increased dopamine synthesis
capacity in schizophrenia patients as a mechanism (McCutcheon et al. .

The glutamate hypothesis originates from the observation, that healthy sub-
jects, who took the anesthetic drug phencyclidine recreationally often developed
prolonged psychotic states. Similar experiments were conducted by administering
the drug ketamin to healthy volunteers. Both of these drugs act as inhibitors to
the N-methyl-Daspartate or NMDA receptor, which is one of the two main gluta-
matergic postsynaptic receptor classes (Jauhar, Johnstone, and McKenna .

More evidence for the glutamate hypothesis comes from the symptomatology
of an autoimmune disease called anti-NMDA receptor encephalitis. This autoim-
mune condition leads to the production of Immunoglobulin G (IgG) antibodies
that attach to the NMDA receptor leading to its subsequent internalization. The
initial symptoms of the disease so closely resemble those observed in schizophre-
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nia, that they pose a severe risk of misdiagnosis (Y. Luo et al. 2022)). However,
histological post-mortem studies did not find abnormalities in NMDA receptors in
schizophrenia patients (Y. Luo et al. 2022).

With the introduction of imaging technologies like positron emission tomography
and magnetic resonance imaging (MRI), came the opportunity to non-invasively
explore the structural and functional nature of the brain in vivo. These advance-
ments have provided promising insights into many different conditions, including
schizophrenia. Imaging studies have uncovered significant structural changes in pa-
tients suffering from schizophrenia compared to healthy controls. These changes
include enlarged ventricles accompanied by an overall decrease in brain volume,
largely attributed to a higher density of pyramidal neurons without affecting the
overall number of neurons. This suggests a possible reduction in dendritic spines
and axon terminals, which usually fill the space between neurons (Hayempour
2013). This volume loss appears to be progressive, having the largest impact on
the frontal and temporal gray matter (Jaaro-Peled et al. .

The development of diffusion tensor MRI (DTI), a specialized form of MRI
that measures the diffusion coefficient, which is a proportionality constant that
links the diffusive flux to the concentration gradient, has made the noninvasive
exploration of the "wiring”, represented by the white matter of a patient’s brains
possible (O’Donnell and Westin 2011). The structure of the white matter, form-
ing ordered pathways along its axon bundles, constrains the movement of water
molecules to avenues along these bundles, leading to anisotropic diffusion that can
be used to model the orientation and integrity of white matter fibers (O’Donnell
and Westin . White matter deficits in schizophrenia patients are commonly
reported, with some lines of evidence indicating a connection between white mat-
ter abnormalities and psychotic symptoms as well as reduced cognitive function
(Erkol et al.[2020). White matter abnormalities have been recorded in first episode
schizophrenics and even in high risk patients before they ever developed symptoms
(Duchatel, Shannon Weickert, and Tooney . A large study examining 326
schizophrenia patients and comparing them to 197 healthy controls found that
widespread reductions in fractional anisotropy (FA) linked to schizophrenia af-
fected over 40% of the cerebral white matter volume, impacting all cerebral lobes
(Klauser et al. [2016). Additionally, over 50% of the white matter fiber bundles
connecting cortical regions and cortical-subcortical areas in the brain’s connec-
tome showed disruption, lending support to the hypothesis of schizophrenia being
a condition of neural disconnectivity (Jaaro-Peled et al. Klauser et al. ;

Narr and Leaver 2015)).

It is however unclear whether theses structural changes occur due to genetic
factors, environmental insults or drug therapy, or if they only act to exacerbate

these changes (M. Picchioni and R. Murray [2008]).
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Functional brain changes could be attributed to either of these factors, be it
on a level of neurochemical disturbance or on a level of large scale disruptions in
brain network connectivity. Ultimately, these changes might be understood as a
combination of all these and more factors merging together to create the complex
symptomatology seen in schizophrenia.

2.3.4 EEG in schizophrenia

The use of EEG to explore psychological states dates back to the early days of the
technology. Schizophrenia in particular has been extensively studied using EEG,
leading to a diverse array of publications. Despite variations in methodology and
occasional contradictory findings, these studies have identified specific EEG mark-
ers closely associated with schizophrenia.

Although EEG has shown potential in revealing the underlying pathology of
schizophrenia, it is not established as a standard clinical diagnostic tool (Thilaka~
vathi et al. . Currently, diagnosis primarily depends on clinicians evaluating
self-reported experiences and observed abnormal behaviors, following the guide-
lines of the Diagnostic Statistical Manual for Mental Disorders, with EEG some-
times being used as an adjunct (Thilakavathi et al. . However, no biomarkers
have been universally accepted for schizophrenia diagnosis to date (Owen, Sawa,
and Mortensen 2016]).

A consistent body of research has identified abnormalities in EEG frequency
bands among schizophrenia patients. Notably, increased absolute power in the
delta and theta bands is a recurring finding. Some studies have pinpointed in-
creases in delta power in specific brain regions such as the frontal, left temporal,
central, and parietal areas, while theta power is often observed to be increased
across the scalp (Narayanan et al. ; Newson and Thiagarajan Thilaka-
vathi et al. . Frequent observations also include variations in slow and fast
alpha band activity. While most studies report decreases in alpha activity there
is some discrepancy, with some studies also reporting increases, and other studies
reporting a frontal-posterior split with frontal increases and posterior decreases.
This inconsistency might be attributable to different methodologies, measuring
conditions (like eyes-closed and eyes-open condition) and diagnostic diversity of
patients (Narayanan et al. ; Newson and Thiagarajan ; Hayempour
Thilakavathi et al. 2019; Venables, Bernat, and Sponheim [2008)).

Similarly, findings on gamma activity are mixed. Some studies do not find
significant changes, possibly due to limitations in analysis methods (Narayanan
et al. ; Pachou et al. , while others indicate a promising correlation
between gamma band activity and the pathology of schizophrenia (Whittington
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et al. 2011).

Quantitative EEG studies have highlighted a slowing in the individual alpha
peak frequency in schizophrenia patients, indicating a reduction in the frequency
of the strongest alpha oscillation (around 10 Hz) observed during rest (Ramsay et
al.[2021)). A meta-analysis of quantitative EEG in schizophrenia also identified dis-
tinct variations in spectral power across frequency bands, including increased delta
and theta waves, decreased alpha waves, and increased beta and gamma waves.
These changes are particularly pronounced in the delta wave, primarily in the
frontocentral area. While these patterns can help distinguish schizophrenia from
healthy states, they share similarities with other mental disorders like depression
and dementia, reducing their diagnostic specificity. Although quantitative EEG
is effective in differentiating schizophrenia from normal states, distinguishing be-
tween various psychiatric conditions remains challenging (Kim et al. [2015).

Results also indicate that resting state EEG frequency abnormalities are evident
in schizophrenia patients and their biological relatives, but are largely absent in
bipolar disorder patients, which are often studied alongside schizophrenia patients,
due to similarities in the disorder (Venables, Bernat, and Sponheim 2008)).

Table [2.1] contains a short summary of a selection of papers, detailing the find-
ings regarding EEG in schizophrenia.

Title Delta | Theta Alpha Beta Gamma

The status of spectral EEG abnormality as a diagnostic test for schizophrenia (Boutros et al. I2008| increase | increase decrease increase -

Brain Rhythms Connect Impaired Inhibition to Altered Cognition in Schizophrenia (Pittman-Polletta et al.[2015 - - Altered Altered decrease
coordination | coordination

Diagnostic utility of quantitative EEG in unmedicated schizophrenia (Kim et al. lZ[]lSl increase | increase decrease - insignificant

Resting state EEG power and coherence abnormalities in bipolar disorder and increase | increase decrease increase -

schizophrenia (Kam et al.'m

Resting State Electroencephalogram Oscillatory Abnormalities in Schizophrenia and increase | increase - increase increase

Psychotic Bipolar Patients and Their Relatives from the Bipolar and Schizophrenia (fast alpha)

Network on Intermediate Phenotypes Study (Narayanan et al.lm

Genetic and Disorder-Specific Aspects of Resting State EEG Abnormalities in increase | increase - increase

Schizophrenia (Venables, Bernat, and Sponheim 2008

EEG Frequency Bands in Psychiatric Disorders: A Review of Resting State Studies increase | increase | decrease - -

‘Working Memory in Schizophrenia: An EEG Study Using Power Spectrum and - increase | insignificant decrease decrease

Coherence Analysis to Estimate Cortical Activation and Network Behavior (Pachou et al. 2008

EEG power spectrum analysis for schizophrenia during mental activity (Thilakavathi et al-lml increase - decrease increase

Table 2.1: Short summary of specific findings regarding brain rhythm abnormali-
ties in schizophrenia

EEG stands out as a promising tool for studying schizophrenia and its under-
lying causes due to its ability to capture the brain’s electrical activity with high
temporal resolution. It offers insights into the neural oscillations and patterns
that may be disrupted in schizophrenia, potentially allowing researchers to iden-
tify specific biomarkers associated with the disorder. The observed abnormalities
in EEG frequency bands, such as changes in delta, theta, alpha, and gamma activ-
ities, provide crucial clues to the functional differences in the brains of individuals
with schizophrenia. Despite the methodological and diagnostic variability that
complicates the interpretation of EEG data (Narayanan et al. [2014} Newson and
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Thiagarajan [2019), its potential to reveal the disorder’s underlying pathology and
contribute to a better understanding of its etiology makes EEG a valuable tool in
the field of psychiatric research.

2.4 Graph Theory

Graph theory is a powerful and versatile mathematical framework used to de-
scribe complex networks. These networks can range from individual neurons in
the brain, connected by dendrites and axons, over macroscopic brain areas linked
by white matter tracts, to cities on a map connected by roads. To translate any
network into the framework of a graph, each unit (such as a neuron, brain area,
or city) is represented as a node (or vertex), the fundamental element of a graph.
The connections between each node (such as axons, white matter tracts, or roads)
are represented as lines, called edges, that form pairwise connections between the
nodes.

There are different types of graphs, that are classified by the characteristics of
their edges. The edges of a graph can be directed, meaning that information tra-
verses the edges in only one direction, such as from node A to node B, forming
a directed graph. Alternatively, they can be undirected, allowing information to
flow bidirectionally, from A to B and from B to A, forming an undirected graph.
Edges can take on binary values, simply indicating that two nodes are connected
or unconnected (there either is a road between two cities or not) in a binary graph,
or they can be weighted, indicating the strength of a connection (how many lanes
has the road) with numeric values forming a weighted graph.

Graphs and their individual elements exhibit various properties by which they
can be classified and characterized. These properties help to understand the struc-
ture and behavior of the graph as a whole, as well as the roles and relationships
of individual nodes and edges:

The degree of a node is determined by the number of edges terminating in that
node and, therefore, ranges from zero for an isolated node, to an upper limit
constrained only by the network’s size. It is a simple metric to estimate the
importance of a node in a network. High-degree nodes are called hubs, and often
play an essential role within a network, influencing its connectivity and dynamics

(Wilson [2009; Power et al. 2010)). The degree of a node is defined as

JEN
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where £; is the node degree, N is the set of all nodes in the graph and a;; is
an element of the adjacency matrix, representing either a binary value, or an edge

weight (Rubinov and Sporns 2010)).

A path is a sequence of edges connecting two nodes, with the condition that
no node in the path is passed more than once. The path length is determined by
counting the number of edges in the path between two nodes. The shortest path,
therefore, is the path that requires the fewest edges to connect two nodes (Power
et al. 2010). In a weighted graph, where higher weight values represent stronger
connections, some inverse of the weights can be used to estimate the weighted path
length. The characteristic path length is the average shortest path in a network.
It indicates the ease of information transfer between the nodes of a graph and is
inversely related to the efficiency of the network (Power et al. ; Bullmore and
Sporns . The characteristic path length is defined as

! | Zj,e#N dij
L=— L, =— I 2.2
n Z n Z n—1 (2:2)
iEN €N
where n is the total number of nodes in the graph, d;; is the shortest path
between two nodes i and j and N is the set of all nodes in the network (Rubinov
and Sporns 2010)).
In comparison, the global efficiency is defined as

1 1 Z@N dij
E=-— E, =— —7 2.3
n Z n Z n—1 ( )
iEN 1eEN

Long paths tend to have an outsized contribution in the calculation of the char-
acteristic path length when compared to short paths, leading to problems in dis-
connected networks (the path between disconnected nodes is defined as having infi-
nite length), while the global efficiency is dominated by the shortest paths, making
it a more meaningful metric for disconnected networks (Rubinov and Sporns|2010).

Betweenness centrality quantifies how often a node lies on the shortest path
between two other nodes. It is a crucial measure for information flow and can
mark potential points of vulnerability in a network (He and Evans . A more
sophisticated measure of centrality is the eigenvector centrality. It not only cap-
tures the quantity of a nodes connections, but also their quality, with connections
to well connected nodes being of higher value than connections to less connected
nodes (Farahani, Karwowski, and Lighthall 2019).

Betweenness centrality is defined as:
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1 Prj(7)
b= >l (2.0
(n-Dn-2) 2=
h#j,h#i,j71
where p is the number of shortest path between the nodes indicated by the

indices (Freeman [1978; Rubinov and Sporns 2010)).
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Centrality and hubs Degree centrality Betweenness centrality

Connector hub
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Figure 2.3: This image showcases simple examples of graphs highlighting the prin-
ciples of degree centrality, eigenvector centrality, and betweenness cen-
trality, alongside the identification of network hubs. Each node’s
size corresponds to its centrality measure (Farahani, Karwowski, and

Lighthall .

The node connectivity on a local level is quantified by the clustering coefficient,
indicating how dense the connections are among a node’s immediate neighbors (i.e.
the number of triangles around a node) and therefore the potential for functional
segregation in an anatomy-based network.

1 1 o,
Il iy 2 2.
C==-> G niEZNki(ki—l)’ (2:5)

ieN

where C}; is the clustering coefficient of a single node, ¢; is the number of triangles

through node i and k; is the degree of node i (Watts and Strogatz 1998} Rubinov
and Sporns 2010)).

For an individual node, the clustering coefficient is calculated by dividing the
number of actual connections between its neighbors (triangles) by the total possi-
ble connections among them. For the entire network, the clustering coefficient can
be the average of all individual nodes’ clustering coefficients. A high clustering
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coefficient indicates a network in which nodes tend to create tightly knit groups
with many interconnections. It is related to the effectiveness of local information
transfer within a network (Power et al. . The average clustering coefficient
is normalized on a per-node basis, which can lead to a disproportional influence
of lower degree nodes. Conversely, a traditional form of the clustering coefficient,
termed transitivity, is normalized across the entire network, thereby avoiding this
issue.

A completely random graph would have short path lengths and low clustering,
while a highly ordered lattice-type graph would have long path lengths and high
clustering. It is, however, possible for a graph to have a high clustering coefficient
while at the same time retaining short path lengths. This property is called the
small worldness of a graph (Watts and Strogatz [1998). There are different math-
ematical definitions of small worldness. (Humphries and Gurney defines it

as:

g = Cand (2.6)

where C' and Cl,q4 are clustering coefficients and L and L,.,q are characteristic
path lengths of the tested matrix and a random matrix of the sames size.

Networks with high clustering and short path lengths tend to exhibit greater
robustness against random failures. This is because dense local connections of-
fer alternative routes for network flow (M. v. d. Heuvel et al. [2008). In the field
of neuroscience, high clustering coefficients are thought to indicate functionally
specialized modules, whereas a short characteristic path length suggests minimal
numbers of synapses in cortico-cortical connections that bridge any two modules.
This small-world topology likely reflects a necessary equilibrium between anatom-
ical segregation and integration (Meehan and Bressler [2012).

Another, more versatile metric to characterize small worldness is small world
porpensity (SWP). SWP quantifies the extent to which a network displays small-
world characteristics. It does this by comparing the network’s clustering coefficient
and path length to those of both lattice and random networks (Muldoon, Bridge-
ford, and Bassett . The SWP is calculated as:

2 2
SWle—\/# 2.7)

Where A¢ represents the fractional deviation of the clustering coefficient from
a lattice network, and Ay represents the fractional deviation of the path length
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from a random network. This approach allows for a more nuanced and accurate
assessment of small-world properties in weighted networks, overcoming the density
dependence issues of previous metrics. The SWP ranges from 0 to 1, with values
closer to 1 indicating stronger small-world characteristics (Muldoon, Bridgeford,

and Bassett |2016)).

Groups of nodes in a network that are more densely connected to each other than
to the rest of the network are known as communities. The quality of community
structure is assessed by a metric called modularity. 1t is defined as:

Q = Z Cuu — <Z 6uv> (28)

ueM veM

In this definition the network is subdivided into nonoverlapping modules M. e,
are the edges that connect nodes in module u to nodes in module v (Newman 2003)).

Modularity quantifies the density of links within communities compared to the
density of links between different communities. It is calculated as the fraction
of the edges that fall within the given groups minus the fraction that would be
expected, if the edges were distributed randomly, while node degrees were kept
constant. This measurement highlights the network’s structure by evaluating the
arrangement and density of edges, thereby identifying non-random patterns of con-

nection (Power et al. 2010; Newman [2003)).

Two nodes in a graph are adjacent if there is a single edge joining them together.
A graph is fully described by a complete list of its nodes and edges. The mathemat-
ical formalism describing a graph takes the convenient shape of a matrix, termed
adjacency matrix. Each node is represented by a row and a column of entries, and
each entry represents an edge that joins two nodes together. The entries are ones
and zeros in a binary graph and numerical values in weighted graphs, adding an
additional level of depth by quantifying the strength of connections (Power et al.

2010; Wilson [2009).

This approach reduces a complex system to its simplest form, while retaining
and emphasizing the structure of the underlying network and its properties, high-
lighting the topological organization of the network.
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Figure 2.4: The simple graphs in this figure showcase the concepts of the clus-
tering coefficient, modularity, shortest path as well as the difference
between regular-, small-world- and random networks (Farahani, Kar-

wowski, and Lighthall |2019).

2.5 Diffusion Tensor Imaging and Fractional
Anisotropy

Diffusion Tensor Imaging (DTI) is an advanced MRI technique that allows for the
visualization and quantification of white matter tracts in the brain. This non-
invasive method provides valuable insights into the structural connectivity of the
brain by measuring the diffusion of water molecules within tissue.

DTI works by applying magnetic field gradients in multiple directions to measure
the movement of water molecules. In brain tissue, this diffusion is not uniform
in all directions due to the presence of cellular structures, particularly in white
matter tracts. The diffusion tensor model represents this anisotropic diffusion as
an ellipsoid, where the long axis indicates the primary direction of diffusion, which
typically aligns with the orientation of white matter fibers (Figley et al. .

Fractional anisotropy (FA) is a key metric derived from DTI data. It is a scalar
value between 0 and 1 that quantifies the degree of anisotropy in a given voxel
(Basser and Pierpaoli ; Ozarslan, Vemuri, and Mareci . An FA value of
0 indicates isotropic diffusion (equal in all directions), while a value of 1 represents
highly anisotropic diffusion (restricted to a single direction). In the context of white
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matter tracts, high FA values typically indicate well-organized, densely packed
axons with intact myelin sheaths, whereas low FA values may suggest less organized
fibers, demyelination, or increased extracellular space.

FA is particularly useful for assessing white matter integrity and has been widely
used in studies of brain development, aging, and various neurological and psychi-
atric disorders (Siasios et al. [2016)).

DTI and FA measurements have greatly contributed to the understanding of
structural brain connectivity.

DTI data can be used to reconstruct 3D representations of white matter path-
ways, allowing for the visualization of major fiber tracts, through a process called
tractography (Annavarapu, Kathi, and Vadla [2019), and by combining DTT with
graph theory approaches, researchers can map and analyze whole-brain structural
connectivity networks.

While DTT and FA provide valuable insights into white matter structure, there
are limitations. DTI assumes a single fiber orientation per voxel, which can be
problematic in areas of crossing fibers. FA values can be affected by various factors,
including axon density, myelination, and fiber organization, making interpretation
complex (Figley et al. [2022)). Tractographic methods suffer from a ’gyral bias’, a
systematic error where fiber tracking algorithms show a tendency to preferentially
terminate on gyral crowns rather than in the sulcal walls or fundi of the brain.
This bias results in an overestimation of connectivity to gyral crowns by a factor
of 1.5 to 5 and an underestimation of connectivity to sulcal regions (Schilling et al.
2017).

Advanced diffusion imaging techniques, such as high angular resolution diffu-
sion imaging and diffusion kurtosis imaging, are being developed to address some
of these limitations and provide more detailed information about white matter
microstructure.

2.6 Brain Connectivity

In the context of network neuroscience, the term connectivity describes how neu-
rons, brain regions, and networks within the brain are linked to facilitate the com-
munication necessary for the brain to perform its various functions. It is a crucial
concept for understanding how information is processed and integrated across dif-
ferent brain regions, to give rise to cognition, emotion, and sensory processing.
There are several types of connectivity, all shedding light on different aspects of
brain organization.

Structural connectivity in the brain refers to the network of physical and anatom-
ical connections between neurons and brain regions, primarily through synaptic
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connections and white matter tracts. These axonal connections facilitate the trans-
mission of electrical and chemical signals, in the case of white matter tracts, over
long distances, thereby integrating disparate regions of the brain. Structural con-
nectivity is a fundamental concept for exploring and understanding the brain’s
wiring, and provides a static map of the brain’s neuronal networks (Sporns .

Brain structure is complex and can be analyzed at various scales. Mapping the
entire brain at the microscale is impractical due to the sheer volume of components
involved, given that the cortex alone contains an estimated 10'° neurons and 10'3
synaptic connections. Moreover, such detailed recreation may be unnecessary,
as substantial evidence suggests that the brain’s functionality emerges from the
coordinated activity of large populations of neurons working in concert within
the extensive network of the brain. A more viable approach to explore brain
function as a whole might be to model the brain on a macroscale, focusing on
neuron populations or entire brain regions and their connecting pathways(Sporns,

Tononi, and Koétter 2005)).

In contrast to structural connectivity, functional connectivity describes the sta-
tistical relationships and temporal correlations between neuronal activity in sepa-
rate brain regions. It maps how different brain regions coactivate and synchronize
their activity at rest or during specific tasks and is studied using imaging modali-
ties such as blood oxygen level dependent fMRI or EEG (Sporns [2007).

Effective connectivity incorporates aspects of both structural and functional con-
nectivity to understand the causal interactions and dynamic flow of information
within a brain network (Sporns 2007)).

Structural connections in the brain are good predictors of functional connectiv-
ity, indicating that direct anatomical pathways underlie many observed patterns
of neural activity. However, indirect interactions also contribute to the formation
of functional connections and are not directly mirrored by structural pathways.
These indirect connections can introduce often observed deviations of functional
maps from structural maps in brain networks (Bullmore and Sporns .

The mathematical representation of brain network connectivity is motivated
by graph theory and typically takes the form of an adjacency matrix, which can
be analysed via graph theoretical methods. Brain regions are delineated by a
parcellation suited to the task at hand and abstracted into the form of nodes.
These nodes are represented by the rows and columns of the adjacency matrix.
The entries in the matrix represent the edges of the network. In an unweighted
network, these edges assume binary values: 1 signifies the presence of a connection,
while 0 denotes its absence. Conversely, in a weighted network, the numerical
value of the edges quantifies the connection strength, offering a more nuanced
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depiction of the network’s architecture (Power et al. ; Sporns . A major
simplification in the graph-theoretical representation of a brain network, is that
all nodes are considered identical, disregarding potential differences between the
regions they represent (Sporns .

The graphs created from structural connectivity are generally sparse, meaning
that most possible connections are not realized, and stable over time. In contrast,
functional connectivity graphs are often dense and highly variable over short time

spans (Sporns 2018)).

When analyzed through the lens of graph theory, structural brain connectiv-
ity networks representing large-scale anatomical topology, reveal properties such
as small-world organization, balancing efficient local processing with global inte-
gration (Watts and Strogatz [1998). They exhibit a high clustering coefficient,
indicating tight clusters of neurons for specialized processing, combined with a
short path length, enabling rapid information transfer to and from distant regions.
Scale-free properties are observed, with a few highly connected hubs facilitating
network resilience and efficiency. Modularity within these networks reflects func-
tional specialization, segregating into communities that perform specific tasks, yet
work cohesively. These properties are thought to be instrumental for the brain’s ro-
bust, efficient communication and adaptability (Sporns[2007; Bullmore and Sporns

2009).

The small-world structure of the brain is believed to emerge through the satis-
faction of two competing requirements. On one hand, any biological system aims
to minimize wiring costs, and therefore avoids long distance connections due to
the higher metabolic penalty they incur. On the other hand, optimizing the effi-
ciency of global information transfer is essential (Bullmore and Sporns[2009). This
balancing act results in a network of tight clusters with high connection density, in-
terconnected by sparse long-range connections, resulting in the short path lengths
and high clustering characteristic of small world networks (Lynn and Bassett

Bullmore and Sporns 2012]).

2.6.1 Connectivity in Schizophrenia

The disconnection hypothesis proposed by Friston in 1998, suggested that schizophre-
nia is, at least partly, a result of brain disconnectivity, and has been expanded upon
in subsequent research. The disorder is accompanied, if not fully characterized,
by significant alterations in white matter integrity and brain network organiza-
tion, as evidenced by investigations using modalities such as fMRI, EEG, and

structural MRI (Heuvel, Martijn, and Fornito 2014; O’Donoghue et al. 2017; Narr
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and Leaver ; Konrad and Winterer . Studies investigating altered brain
structure in individuals with schizophrenia have found widespread changes in var-
ious structures, particularly in white matter, including volumetric and morpholog-
ical alterations as well as compromised structural integrity (Kubicki et al. [2007).
Diffusion-weighted imaging analyses have demonstrated reductions in white mat-
ter volume and structural connectivity, particularly affecting connections between
the frontal, temporal, and parietal regions (Heuvel, Martijn, and Fornito .

White matter abnormalities were extensively documented in various brain re-
gions, through DTI studies, manifesting as decreased FA, a measure indicating
the directional dependence of water diffusion in tissues. Instances of reduced FA
were found in the internal capsule, the prefrontal and temporal lobes, involving
fiber bundles like the uncinate fasciculus, cingulum bundle, and corpus callosum,
as well as in the fornix and the superior occipito-frontal fasciculus, corona ra-
diata, inferior fronto-occipital fasciculus, superior longitudinal fasciculus, inferior
longitudinal fasciculus, optic radiations, hippocampus and cerebellum, indicating
widespread diffusion abnormalities (Wheeler and Voineskos M. Kubicki et al.
Marek Kubicki et al. .

General reductions in white matter volume and morphology were also observed,
especially in key areas such as the deep frontal, temporal, and occipital lobes, the
fornix, and the cingulate bundle (Canu, Agosta, and Filippi [2015).

In addition, significant microstructural alterations have been identified in criti-
cal white matter tracts, also including the uncinate fasciculus, arcuate fasciculus,
cingulum, and corpus callosal genu tract, indicating their role in the pathology of
schizophrenia (Heuvel, Martijn, and Fornito 2014)).

Brain Area Changes

Prefrontal cortex Decreased FA, increased mean diffusivity

Temporal lobes Decreased FA, increased mean diffusivity

Uncinate fasciculus Decreased FA

Cingulum bundle Decreased FA

Arcuate fasciculus Decreased FA

Corpus callosum Decreased FA

Internal capsule Decreased FA

Cerebellar peduncles Decreased FA

Frontal lobes Reduced connectivity strength, altered network
metrics

Parietal lobes Reduced connectivity strength, altered network
metrics
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Occipital lobes

Reduced connectivity strength, altered network
metrics

Insular regions

Reduced connectivity strength, altered network
metrics

Thalamic radiations

Reduced connectivity strength, altered network
metrics

Superior longitudinal fasciculus

Decreased FA

(SLF)

Inferior longitudinal fasciculus | Decreased FA
(ILF)

Inferior fronto-occipital fasciculus | Decreased FA
(IFOF)

Superior occipito-frontal fascicu-
lus

Decreased FA

Fornix

Decreased FA

Superior frontal gyrus

Altered structural and functional connectivity, re-
duced efficiency and modularity

Precuneus

Altered structural and functional connectivity, re-
duced efficiency and modularity

Cingulate cortex

High centrality nodes

Anterior limb of the internal cap-

sule (ALIC)

Decreased FA

Corona radiata

Decreased FA

Table 2.2: List of brain areas and white matter structures that show abnormalities
in schizophrenia according to information gathered from (Ellison-Wright

et al. 2014, Bullmore and Sporns 2012; Cabral et al. [2013; M. Kubicki
et al. 2005; Canu, Agosta, and Filippi 2015; Wheeler and Voineskos

2014; Kubicki et al. [2007)

Voxel-based morphometry and tract-based diffusion studies have shed light on
specific white matter alterations that contribute to the pathology of schizophrenia,
revealing a compromised microstructure and potential reductions in myelination
and tract organization. These collective findings highlight the extensive impact
of white matter abnormalities in schizophrenia, leading to decreased connectivity
and structural integrity throughout the brain (Heuvel, Martijn, and Fornito .

White matter abnormalities in schizophrenia form the anatomical basis for
widespread disruptions in structural connectivity network metrics, as identified
through graph theoretical analysis. The observed microstructural changes suggest
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a compromised foundation for neuronal communication, which is crucial for co-
herent brain function (Narr and Leaver . Graph theoretical analysis further
elucidates the potential consequences of these white matter disruptions, revealing
decreased network segregation and integration (Gao et al. . This manifests it-
self as altered clustering coefficient and reduced local efficiency, indicating impaired
local interconnectedness, with specific alterations observed especially in frontal and
temporal brain regions, alongside an increase in characteristic path length and a
decrease in global efficiency, reflecting impaired integration and longer paths for
information transfer across the brain. The increases in path length are most promi-
nent in the frontal, temporal and occipital regions (Micheloyannis 2012 Heuvel,
Martijn, Mandl, et al. 2010). This can be interpreted as a deterioration of spe-
cialized modules, entailing a higher wiring cost and decreased nodal robustness.
Consequently, the brain network shifts away from the optimal small-world organi-
zation, characteristic of healthy brain networks, towards more costly, less efficient
and less well integrated configurations (Gao et al. [2023} Micheloyannis [2012)). Be-
tweenness centrality of frontal hubs in patients is significantly reduced, indicating
that these regions play a diminished role as central hubs within the overall network
architecture (Heuvel, Martijn, Mandl, et al. . Additionally the connection
density of rich-clubs is reduced in schizophrenia (O’Donoghue et al. 2017; Park
and K. Friston , indicating reduced centrality in the association cortices and
changes in the distribution of hemispheric hubs (Y. Zhang et al. [2012). Decreases

in connectivity strength are centered on a frontal-parietal-occipital network.

Graph Metric Change Schizophre- | Primarily Affected
nia Brain Regions

Clustering Coefficient Reduced Frontal, Temporal

Local Efficiency Reduced Frontal, Temporal

Characteristic Path | Increased Frontal, Temporal, Oc-

Length cipital

Global Efficiency Reduced General Brain Network

Betweenness Centrality | Reduced Frontal Hubs

Connection Density of | Reduced -

Rich-Clubs

Connectivity Strength Reduced Frontal-Parietal-

Occipital Network

Table 2.3: Changes in Graph Metrics of Structural Connectivity in Schizophrenia

This aligns with the disconnection hypothesis, proposing disruptions in the co-
ordinated activity and connectivity of distributed brain networks, rather than
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isolated regional abnormalities, as major contributing factors to the illness. These
findings highlight the role of network disorganization in the pathophysiology of
schizophrenia, marking a shift away from the optimal small-world organization to-
wards less efficient, less integrated configurations (Gao et al. 2023} Micheloyannis

2012).

2.7 Computational Neuroscience and Brain
Modeling

Computational neuroscience is a multidisciplinary field that merges principles from
neuroscience, mathematics, and computer science to understand the complex work-
ings of the brain. This chapter provides an overview of computational neuroscience
and brain modeling, beginning with a brief historical perspective on the evolution
of the field. The rationale behind brain modeling is explored and various model-
ing approaches are discussed, ranging from microscopic scales involving detailed
neural dynamics to macroscopic scales focusing on larger brain regions and their
interactions. Key techniques such as neural mass modeling, which simplifies the
collective behavior of neurons, and brain network modeling, are examined in detail.
Through these discussions, the chapter aims to elucidate the diverse methodologies
employed in computational neuroscience and their critical role in advancing our

understanding of the brain (Rattay, Greenberg, and Resatz 2002; Rattay 1990).

2.7.1 Historical Perspective

The evolution of neuroscience can be classified into several epochs. Its origin can
be traced back to the ancient Egyptians and Greeks, where it started as a philo-
sophical endeavour. Philosophers like Alcmaeon of Croton and Plato speculated
about the origin of the mind, but their approach relied solely upon logical reason-
ing, as well as reductionist and rational thinking, lacking empirical evidence but
nonetheless laying a groundwork for exploring consciousness and its origins (Fan

and Markram 2019).

The Anatomists of the Renaissance began the systematic exploration of the
brain’s structure, creating detailed drawings and trying to draw first correlations
between specific brain structures and functions, slowly transitioning from philoso-
phy to empiricism (Fan and Markram .

The 19th century saw the emergence of experimental neuroscience. The elec-
trical nature of nerve signals was discovered and techniques to study electrical
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brain activity and structure-function relationships were developed. The study of
traumatic brain injuries, such as the case of Phineas Cage, lead to increased under-
standing of structure-function relationships. The detailed microscopic study and
subsequent illustrations of the Neuron by Santiago Ramoén y Cajal established the
foundation of the neuron doctrine (Fan and Markram [2019; Yuste 2015)).

The theoretical phase, starting in the twentieth century, saw an overlap with
the anatomical phase. Researchers began applying models from mathematics
and physics to experimental data to create a deeper understanding of the inner
workings of the brain through mathematical abstraction (Bassett, Zurn, and Gold
2018)). Alan Hodgkin’s and Andrew Huxley’s work on the giant squid axon com-
bined theoretical physics, mathematics and experimental data to create a set of
equations that described how action potentials in neurons are initiated and prop-
agated by the movement of ions across the cell membrane. This pioneering effort
provided a quantitative description of the mechanisms governing the functioning of
the neuron and marked the advent of simulation neuroscience (Fan and Markram

2019; Bassett, Zurn, and Gold 2018; Rattay (1990).

The brain is a complex assembly of numerous individual units interconnected by
pathways that facilitate signal transfer. Early neuroscience focused on discovering
and understanding these individual units, aiming to attribute distinct functions
to specific physical entities. This approach was partially successful, as certain
brain areas were found to predominantly facilitate specific functions. However,
over time, a more nuanced picture emerged. To generate complex behaviors and
higher brain functions, the network that binds these disparate units together, plays
an equally important role as the individual units themselves. It appears that the
brain is more than just the sum of its parts (Fan and Markram [2019).

Following this insight, after the initial focus on single neurons, researchers be-
gan to explore how neurons interact with each other within brain networks. In the
1960s and 1970s, scientists started to simulate small networks of neurons, using
computers to understand how interactions between neurons could lead to more
complex patterns of activity (Yuste 2015). These efforts were significantly ad-
vanced by the development of cable theory and compartmental modeling, which
facilitated the simulation of electrical properties along dendrites and axons, pro-
viding insights into how neural circuits process information. From these early
efforts, the field of network neuroscience emerged, treating the brain as a complex
network and seeking to understand the functionality of the brain by studying its
structural and connectivity patterns through network analysis and graph theory

(Fan and Markram [2019)).
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The field of neuroinformatics set upon managing and analysing the vast datasets
provided by the development of new imaging technologies, and the ever increasing
computational power steadily increased its capabilities in managing big data (Fan

and Markram [2019)).

Simulation neuroscience builds upon all the previous phases, integrating vast
amounts of experimental data about the function and structure of the brain and
merging them into computer models to accurately simulate the brain’s behavior,
test hypotheses about brain function, and understand disease mechanisms, form-
ing a new frontier in neuroscience (Fan and Markram [2019).

2.7.2 The Rationale Behind Brain Modeling

The shear complexity of the human brain, with its billions of neurons, trillions of
connections, electrical and chemical synapses, and intricate molecular dynamics
makes deciphering its working mechanisms a formidable challenge. Histological
studies provide insights into the biological makeup of its various cells and tissues,
revealing the logic behind the brain’s remarkable structure. In vitro studies shed
light on the cellular and molecular mechanisms underpinning neuronal function
and brain processes, allowing researchers to observe how neurons communicate,
how synapses form and function, and how various cellular components contribute
to the workings of neural networks. In vivo brain imaging techniques, such as
fMRI and positron emission tomography, enable us to observe the dynamics of the
brain under different conditions and infer structure function relationships.

Simulation Neuroscience uses computational models to simulate the brain’s
structure, function, and dynamics. It can integrate data from both in vivo and in
vitro studies to create detailed models that capture the complexity of the brain at
various levels, from molecular interactions and cellular processes to neural circuits
and overall brain function.

By doing so, it can help overcome limitations set by other methods of neuro-
science. In vitro Studies, while offering detailed insights at the cellular or molecular
level, often cannot replicate the full complexity of living systems, including the in-
tricate interactions and feedback mechanisms present in a living brain. Simulation
neuroscience can take the findings from in vitro studies and incorporate them into
larger models of brain function, allowing researchers to explore how cellular-level
phenomena impact brain-wide processes (Yuste 2015)).

In vivo studies are limited by the resolution of imaging techniques and ethical
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considerations that restrict the extent of experimental interventions. Simulation
neuroscience can use data from in vivo studies to construct and validate mod-
els that predict how complex neural networks operate and interact, facilitating
experiments that are not feasible in living organisms due to technical or ethical
constraints.

Simulation neuroscience can serve as a virtual testing ground for hypotheses
about brain function and the mechanisms underlying neurological disorders. By
simulating brain activity, researchers can predict outcomes of experimental ma-
nipulations or therapeutic interventions, explore scenarios difficult or impossible
to replicate in vivo or in vitro, and conduct virtual experiments in a fraction of
the time it would take to do them in real life. It represents a third pillar of neu-
roscience research that complements traditional experimental approaches, offering
new avenues for discovery and innovation in understanding the brain.

2.7.3 Modeling Approaches

The field of computational neuroscience leverages a variety of models to understand
the intricate relationships within the brain, each model offering unique insights into
its structure and function. This chapter discusses the different approaches available
to model complex systems like the brain. A model is a simplified representation
of a system, or object, that captures its essential features and relationships. Mod-
els are used to abstract and reduce complexity, making it easier to understand,
analyze, and predict the behavior of the real-world phenomena they mimic. They
never depict reality in all its detail, but represent a compromise to reduce a sys-
tem to its essentials, to improve understanding of a specific aspect, and thereby
represent a balancing act between performance, accuracy and realism. The choice
of the modeling approach, which delineates the type and level of abstraction is
highly dependent on the objective being pursued.

Models can be classified along three different continuums, ranging from data
representation to first-principles theory, from biophysical realism to functional phe-
nomenology, and from elementary descriptions to coarse-grained approximations.
Where they place on these spectra depends on the modeling approach (Bassett,

Zurn, and Gold 2018)).

Purely data-driven models are constructed based on empirical data. In neu-
roscience these models aim to represent observed brain structures and activities
as accurately as possible. As mere data representations they are unable to make
predictions on how a system behaves or develops. The other side of this spectrum
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are purely theory-driven models. These are usually derived from first principles
and aim to predict how neural systems behave under various conditions, combin-
ing network architecture with dynamic equations to describe the evolution of the
system. Data-driven models often retain much biological realism and track closely
with experimental results, but can not provide information about the dynamics
and evolution of a system, like theory-driven models strive to do. Theory-driven
models, however often sacrifice neuroanatomical details to abstraction to allow for
manageable calculations (Bassett, Zurn, and Gold .

Models with an emphasis on biophysical realism incorporate detailed anatom-
ical and physiological data. These models aim to accurately reflect the physical
properties and interactions within the brain, including representations of physical
entities, such as neurons and their dynamics. They make use of rich empirical
findings about the brains’ physical nature, but can be computationally demanding
and hard to interpret. On the opposing side, there are functional phenomenolog-
ical models with a focus on capturing the functional relationships between brain
regions without necessarily adhering to their exact physical counterparts, often
using statistical measures of functional connectivity. They provide interpretability
and simplicity, but are difficult to correlate with physical brain structure (Bassett,
Zurn, and Gold [2018)).

The final dimension to classify a model considers scale. Elementary models,
with a focus on the fine-grained details of neural interactions at the level of in-
dividual neurons and synapses stand in opposition to coarse-grained models, that
simplify the brain’s complexity by averaging or approximating the properties of
large groups of neurons. Where elementary models are helpful for understanding
the fundamental mechanisms of neural processing, coarse grained models are well
suited for exploring large-scale brain dynamics and functional connectivity (Bas-

sett, Zurn, and Gold [2018)).

Most models fall somewhere between the extremes of these spectra and so does
the model that is used built for this thesis. Where they fall is determined by
many factors, like the subject of research, the available data or the computational
resources.

2.7.4 Neural Mass and neural field Models

Neural mass models describe the average activity of populations of neurons with
matching characteristics and coordinated behaviour, often focusing on the dy-
namics of specific types of neural interactions, such as excitatory and inhibitory
connections within a localized region. These models typically abstract away the
spatial structure of neural populations, instead representing them as point-like en-
tities. The assumption is, that explicit structural or temporal features of single
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neurons are irrelevant for capturing complex mesoscopic dynamics, applying the
concept of universality from statistical physics, that posits that the laws governing
large systems are largely independent from the laws governing its small scale con-
stituents (Ritter et al. . Connections between single neurons of a population
are exchanged for connections of the mean activity of populations. This kind of
model usually incorporates two different types of mathematical transformations.
A transformation from waves to pulses at the neuron’s soma, which is generally
described by a static sigmoid function, and a linear transformation from pulses to
waves at the synaptic level within the neural ensemble. The wave-to-pulse opera-
tor links the mean firing rate directly to the average postsynaptic depolarization,
assuming an immediate response. Meanwhile, the pulse-to-wave operator is deter-
mined by synaptic kinetics, modeling the average postsynaptic reaction as a linear
convolution of the incoming spike rate (David and K. J. Friston 2003). This ap-
proach simplifies the complexity of neural interactions to a few key variables and
parameters, making it particularly useful for modeling EEG or MEG signals where
the spatial resolution is limited. Neural mass models are well suited for capturing
the essential dynamics of neural populations, such as oscillatory behavior and wave
propagation, using a relatively small number of equations (Sanz-Leon et al. ;

Sanz Leon et al. 2013)).

Neural field or mean field models, on the other hand, extend the concept of
neural mass models by incorporating spatial continuity and interactions over a
continuous field. These models describe how neural activity varies not only over
time but also across space, allowing for the simulation of complex spatial patterns
of brain activity, such as waves of activity moving across the cortex. Neural field
models represent tissue-level models that depict the spatiotemporal progression
of averaged variables like synaptic voltage or firing rate activity across neuron
populations. They are governed by partial differential equations that account for
both the local interactions within neural populations and the long-range connec-
tions between different brain regions. This makes neural field models particularly
suited for studying the spatial aspects of brain dynamics, such as the propagation
of activity waves and the formation of activity patterns over larger brain areas

(Sanz-Leon et al. 2015, Sanz Leon et al. 2013]).

In summary, while neural mass models focus on the temporal dynamics of ag-
gregated neuronal activity without explicit consideration of spatial distribution,
neural field models incorporate both the spatial and temporal evolution of brain
activity, offering a more detailed representation of how neural processes unfold
across the brain’s complex landscape (Sanz-Leon et al. Sanz Leon et al.
2013)).

33



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.8 The Virtual Brain

The Virtual Brain (T'VB) is a sophisticated, open source platform designed to sim-
ulate the dynamics of large-scale brain networks, leveraging biologically realistic
connectivity data derived from neuroimaging techniques like DTT and DSI. It is
the product of a colaborative effort of several institutions like Charité — Univer-
sitdtsmedizin Berlin, Aix-Marseille University and The Human Brain Project. The
platform facilitates the inference of neurophysiological mechanisms through model-
ing, spanning various brain scales, which are fundamental to producing large-scale
neuroimaging signals such as fMRI, EEG, and MEG (Ritter et al. 2013). TVB
provides a neuroinformatics tool with a brain simulator at its core, featuring a wide
array of local dynamics models. Users can access TVB through a browser-based
graphical user interface for a more guided experience or utilize its full capabili-
ties via a Python package. The scripting interface enables users to integrate its
functionality with custom scripts and external libraries, providing flexibility for
advanced applications.

2.8.1 Motivation

The TVB project emerged in response to the limitations of contemporary network
simulations, which predominantly focused on microscopic and mesoscopic scales,
infusing detailed biophysical information but often overlooking global brain dy-
namics. This approach facilitates understanding of localized brain activity, but
falls short in capturing the full spectrum of brain dynamics that arises from the
complex interplay of different brain regions. The development of TVB was mo-
tivated by the idea to fill this gap and develop an efficient and flexible neuroin-
formatics platform that operates at the macroscopic level of brain organization,
using realistic connectivity, to reproduce and probe a wide variety of brain dynam-

ics (Sanz Leon et al. 2013).

Traditional neural field modeling often resorted to using homogeneous (trans-
lationally invariant) connectivity, primarily due to the unavailability of detailed
large-scale brain connectivity data. This approach mainly emphasized the tempo-
ral domain of brain organization, without touching on the spatiotemporal organi-
zational structure critical to understanding global brain dynamics (V. Jirsa et al.
. Furthermore, the symmetry of the connectivity in these earlier models lead
to constraints on the range of observable dynamics (V. Jirsa et al. 2002). TVB
introduces a top-down modeling approach to whole brain dynamics, where the
underlying network is characterized by its structural large-scale connectivity, ex-
tracted from brain imaging data, and mesoscopic models that govern the intrinsic
dynamics of the nodes (Sanz Leon et al. [2013).
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Large-scale brain dynamics are fundamentally expected to mirror the underly-
ing anatomical connectivity linking brain areas (Deco, V. K. Jirsa, and McIntosh
. However, structural connectivity is not the sole determinant of brain net-
work dynamics and transmission delays also play a crucial role in shaping these
dynamics (Knock et al. . Homogeneous approximations, while suitable for
mesoscopic descriptions of brain activity, proved to be less effective in address-
ing full brain network dynamics prompting the integration of biologically realistic
DTI-based connectivity into full brain modeling (Sanz Leon et al. 2013).

The strengths of TVB lie in its integration of empirical data at multiple scales,
its ability to create personalized brain models through integration of brain imaging
data, its advanced simulation capabilities that leverage the implementation of bio-
logically realistic connectivity with connection weights and delays, and its support
of a large selection of local dynamics models, as well as its ability to interact with
other widely used tools and packages.

The evolution of TVB, dedicated to identifying and reproducing realistic whole
brain network dynamics based on empirical connectivity and neural field models,
reflects a broader vision to look beyond models of localized brain activity to a
comprehensive framework that encompasses the entire brain. By doing so, TVB
aims to facilitate a deeper understanding of the brain’s complex dynamics and
foster advancements in neuroscience research and clinical applications (Sanz Leon

et al. [2013)).

2.8.2 The Modeling Principle of TVB

TVB is designed to simulate brain wide dynamics, investigate the emergence of
higher-level phenomena as a consequence of segregation and integration of neu-
ronal populations, explore their underlying neurophysiological mechanisms and
aid in the formulation and testing of hypotheses regarding the functioning of the
brain as a network (Ritter et al. 2013). This chapter provides a quick overview
detailing the modeling approach that forms the foundation a simulation in TVB
is based upon.

TVB models brain activity at a macroscopic level as bottom-up interactions be-
tween mesoscopic brain-processing units, connected by long range and optionally
short range connectivity. The integration of multimodal imaging data, provides
connectivity as well as data from individual neurons and neuronal populations,
that enter a simulation through local dynamics models, to form a coherent frame-
work that encompasses the entirety of the brain (Ritter et al. [2013).
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In TVB, macroscopic, salient brain regions, which consict of large neural pop-
ulations, are represented through nodes. Each node is equipped with a meso-
scopic local dynamics model, creating its own intrinsic dynamics and mimicking
the neural activity of the neural population. These local dynamics models usu-
ally are neural mass models of varying complexity, ranging from phenomenological
approximations, to detailed, neurophysiologically based descriptions of neural ac-
tivity. Theses models simplify the behavior of large groups of neurons into more
manageable, functionally relevant dynamics, thereby translating the micro- to the
mesoscale, whilst sacrificing some detail on the way. A necessary compromise, with
the goal of bridging the gab between the microscopic world of single neurons as
sources of electrical activity and the macroscopic world of whole brain dynamics,
by leveraging an intermediate step in the mesoscale (Sanz Leon et al. ; Ritter

et al. 2013; Woodman et al. [2014).

The regional nodes are coupled via structural connectivity, derived from DTI
tractography, with the aim of simulating macroscopic effects by connecting meso-
scopic entities. These non-local and heterogeneous connectivities provide connec-
tion weights, scaling the strength of the connections between nodes, and connection
lengths, which, due to finite transmission speed, introduce transmission delays that
are essential to shaping brain network dynamics (Woodman et al. Sanz Leon

et al. 2013} Ritter et al. 2013]).

The long range connections represented by the structural connectivtiy matrix
represent axonal projections from pyramidal neurons. Therefore, these connections
are purely excitatory. However, incoming activity can excite inhibitory populations
in the target, thereby creating inhibition (Sanz Leon et al. [2013).

The activity represented by the state variables of the local dynamics models
is transmitted from node to node via the connections formed by the long range
connectivity, but before entering a model, they have to be rescaled to a form ap-
propriate to the population model at that node. This rescaling is achieved by
passing the state variables through a coupling function (Sanz Leon et al. .

Networks in TVB can be described at two distinct spatial scales, which result
in two types of simulations. Region based simulations rely solely on the structural
connectivity for long range connections, as described earlier. Short range connec-
tions are subsumed in the local dynamics models and not treated independently.
This results in a coarse grained approximation of the whole brain network on the

order of centimeters (Sanz Leon et al. 2013; Ritter et al. 2013; Woodman et al.
2014]).
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Surface based simulations take a more finegrained approach. This type of sim-
ulation uses the triangular surface mesh of the cortex, to simulate cortico cortical
activity. In surface based simulations, each triangle of the surface mesh contains
a local dynamics model. Lateral connections between the cortical surface models
are facilitated by a local connectivity kernel. This kernel is translationally in-
variant and assigns weight to the connections between surface nodes according to
their geodesic distance on a scale of millimeters. Typically these kernels use Gauf
functions, that taper of exponentially with distance and have a defined cut off dis-
tance, where the coupling falls to zero. This way close cortical units exert a strong
influence on each other, whereas distant units do not influence each other at all.
Applying this method results in a much more detailed spatial sampling of cortical
activity, creating an approximation of cortical activity that is spatially continuous,
neural-field-like, but also drastically increases computation times (Sanz Leon et al.

2013; Ritter et al. 2013} Woodman et al. 2014)).

In this type of model, long range and short range connectivity coexists. Short
range connectivity facilitates lateral, intracortical signal transfer, whlie long range
connectivity provides time delayed, intercortical input from far off cortical or sub-
cortical regions, that are represendted by regional nodes (Sanz Leon et al. ;

Ritter et al. |2013; Woodman et al. [2014).

The integrators implemented in TVB provide standard numerical solutions, both
deterministic, and stochastic for the implementation of noise, to the equations of
the local dynamics models (Sanz-Leon et al. [2015)).

Recording and processing of the simulated signals in TVB is implemented via so-
called monitors and happens simultaneously with the simulataion. These monitors
represent a measuring process that is applied to the simulated neural activity.
Several monitors are available, providing different functionalities. The raw monitor
simply records all neural activity, represented by the state variables of the neural
models at all nodes, without any processing, quickly accumulating large amounts
of data that might be limited by disk space.

Biophysically inspired monitors, serve two purposes simultaneously. They trans-
form the simulated activity into a form that is directly comparable to experiments
by using spatial, temporal or spatiotemporal kernels on the output to recreate bio-
physical measurements, and also perform a significant downsampling of the raw
data resulting in considerable data reduction (Sanz Leon et al. 2013} Ritter et al.

2013; Woodman et al. [2014]).

The EEG monitor specifically uses a temporal average as the temporal kernel
and a lead field matrix as the spatial kernel (Woodman et al. [2014). The neural
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source activity is projected onto EEG space by using forward models. TVB as-
sumes that source activity can be well estimated by only considering excitatory
neurons, whose dendritic trees are positioned roughly perpendicular to the corti-
cal surface. Theses neurons generate equivalent current dipoles (Woodman et al.
2014). The forward model is computed by first defining each vertex of the cor-
tical mesh as a source dipole. Their orientations are chosen so that each vertex
normal, points to the outside of the cortex. TVB uses a three compartment head
model constructed from anatomical data to incorporate volume conduction effects.
Under theses assumptions the lead field matrix is calculated, with the purpose of
projecting each source of neural activity onto the EEG electrodes (Sanz Leon et al.

2013; Ritter et al. 2013) Woodman et al. 2014)).

Each of these components is defined as a class in the TVB framework:

1. The local dynamics model, has the form of a set of differential equations that
capture the dynamics of neural activity of a brain region. These models vary
in their complexity and their capabilities and have to be carefully chosen,
depending on the goal of the simulation.

2. The connectivity class represents the anatomical connections, mainly white
matter tracts derived from DTI that model the long range connections that
couple individual local dynamics models to form a network. It can also
provide weights to scale the signal transfer between individual nodes, and
transmission delays.

3. The coupling function transforms the signal that travels from one node to
another, via the pathways formed by the structural connectivity, into an
adequate shape, before it enters the equations of the local population model.

4. The integrator defines the numerical model that is used to solve the differ-
ential equations.

5. The monitor is an object that is used to capture the outputs of the simu-
lation. By incorporating forward models TVB can translate the simulated
neural activity into signals comparable to those measured by various neu-
roimaging modalities, such as EEG, MEG, and fMRI, thus making the data
more interpretable and reducing the the raw output data to a smaller size.

To run a simulation, objects have to be created from these classes to then com-
bine them in a simulator object.
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Figure 2.5: This diagram is a visual interpretation of the inputs the simulator
object requires to set up a simulation (Sanz Leon et al. 2013)

2.8.3 Data Requirements

Building a simulation in TVB, requires various data objects, each serving a unique
purpose in creating a comprehensive brain network model. These data objects can
be created by processing raw structural data from brain imaging, extracting the
necessary information, and molding it into the specific data structure unique to
TVB.

The raw data to build a model from scratch includes structural MRI and DTI
images. The structural MRI, usually T1/T2 weighted scans, are used to differen-
tiate the brains soft tissue types and digitally recreate the brains anatomy. The
DTTI data are used to extract the white matter tracts that form the basis for the
structural connectivity.

The raw data undergoes several preprocessing steps, in which the structural
MRI is parcelled and several triangular surface meshes, representing the border
regions between tissue types, are extracted. White matter tracts are extracted
from DTI data and converted into a structural connectivity matrix. The format
TVB requires is a collection of text files with a specific naming convention, that
are compacted into Zip folders. Each surface is stored in a separate zip folder with
three text files:

e Vertices: containing the coordinates of each corner point of a triangle as

39



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

triplets.
e Triangles: containing triplets indexing the vertices.

e Normals: containing the orientation of the surface normals to each triangle
of the mesh.

The connectivity zip folder must contain at least three text files:

e Centres: containing the region labels and coordinates of the region nodes.
e Weights: containing the weights matrix.

e Tract lengths: containing the tract lengths matrix.

The connectivity zip folder can hold additional information, also as text files,
supplying information about average orientations, about whether a node is cortical
or subcortical, or about whether a node is in the left or right hemisphere.

The minimally required preprocessed structural data set to perform a basic sim-
ulation in TVB consists of a surface mesh, a parcellation, region centers, region
mapping, and a connectivity matrix. The surface mesh represents the cortical sur-
face, while the parcellation and region centers further define the brain’s structural
divisions on the surface and assign nodes to the correct region. The region map-
ping links each triangle of the surface mesh to a specific brain region delineated by
the parcellation, and the connectivity matrix describes the strength and direction
of connections between these regions. To perform more advanced simulations, the
minimal dataset can be expanded on by adding skull and skin surface meshes to
create a head model, a tracts matrix containing tract lengths, detailed information
about units (areas, lengths, connectivity strengths), data on various sensors like
EEG and MEG (locations, labels), as well as a lead-field matrix forming the link
between the cortical surface, the regional nodes and a chosen sensor array. EEG
Locations and region mapping have to be provided as simple text files, and the
projection matrix as a matlab file.

2.8.4 Local Dynamics Model

The local dynamics model is responsible for creating neural activity at the site of
each node of the model. It describes how each brain area responds and evolves
over time based on its intrinsic properties and incoming signals, by describing the
collective behavior of neural populations at a mesoscopic scale, and bridges the gap
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Minimal Structural Dataset Complete Structural Dataset

Surface mesh Surface mesh
Parcellation Parcellation

Region centres Region centres
Region mapping Region mapping
Connectivity matrix Connectivity matrix

additional connectivity details

Head model surfaces

Tracts matrix

Units information (areas, lengths, con-
nectivity strengths)

EEG/MEG /iEEG sensors information

Table 2.4: Comparison of Minimal and Complete Structural Datasets for TVB
Simulations

between individual neurons and whole-brain activity. Incorporation of biophysi-
cal parameters that reflect real neural properties, facilitates more physiologically
accurate simulations. The following chapter briefly introduces the Jansen and Rit
model, which was used as a local dynamics model in this simulation.

The Jansen and Rit Model

The Jansen and Rit model is a physiologically inspired neural mass model that was
developed by merging ideas from previous works by Lopes da Silva (1974), intro-
ducing the concept of neural populations involving thalamocortical relay cells and
interneurons with feedback loops to uncover the origin of alpha waves, Katznelson
(1981), emphasizing the importance of cortico-cortical connections and especially
long-range excitatory connections through pyramidal neurons, and more. The
model aimed to simulate the electrophysiological phenomena observed in EEG,
with an emphasis on alpha activity, using a lumped parameter approach focusing
on cortical columns inhabited by a large number of neurons (Jansen, Zouridakis,
and Brandt . The model was able to successfully simulate alpha activity and,
after "sensory stimulation”, evoked potentials (Grimbert and Faugeras .

The model describes neuronal dynamics as an interaction between three different
types of neural populations in the cortical column: feed forward pyramidal neurons,
excitatory interneurons, and inhibitory interneurons.

The pyramidal cells are excitatory, receive external input from neighboring or
distant columns, and are able to project signals out of their local region. The
excitatory interneurons, interpreted as layer IV spiny stellate cells following Fris-
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ton et al. (K. J. Friston and Dolan and the inhibitory interneurons form
excitatory and inhibitory feedback loops with the pyramidal cells within a column
(Aburn et al. . The balanced feedback relationship between pyramidal cells
and interneurons leads to rhythmic activity. Delays and the interactions between
these feedback loops are crucial for the emergence of different rhythms, allowing
for the complex oscillatory patterns observed in EEG signals.

External input entering a pyramidal cell is represented as a pulse density p(t),
which can be random (representing nonspecific background activity) or determinis-
tic (representing specific activity originationg from other cortical units) (Grimbert

and Faugeras 2000]).

%5

he(t) (L0

(1)

Figure 2.6: Schematic representation of the Jansen and Rit model for alpha gen-
eration

In the model, each group of neurons is represented by two functional units.
The first unit, known as the postsynaptic potential block, processes the incoming
average pulse density of the action potentials and converts it into an average post-
synaptic membrane potential. This potential can be either excitatory or inhibitory,
depending on the nature of the synaptic input. The postsynaptic potential block
essentially acts as a linear filter and performs a linear transformation, character-
ized by a specific impulse response, to perform this conversion. The transforma-
tion functions for the excitatory and inhibitory case are as follows (Jansen and Rit
1995):
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Aate™™ if t >

ho(ty = 2P 20 (2.9)
0 ift<0
Bbte=® ift >0

h(ty=4_"° "'= (2.10)

0 ift<0

Variable | Description

A B Maximum amplitude of the excitatory/inhibitory postsynaptic po-
tential

a,b Lumped representation of the sum of the reciprocal of the time
constant of passive membrane and all other spatially distributed

delays in the dendritic network for excitatory/inhibitory synapses

Table 2.5: Description of the variables in equations 1} and 1}

The second functional unit is a sigmoid function that converts a population’s
average membrane potential into an average pulse density of action potentials
generated by the neurons (Jansen and Rit [1995)).

. 2ey
Variable | Description
€o Maximum firing rate of the neural population
U Postsynaptic potential at which a 50% firing rate is achieved
r Steepness of the sigmoidal transformation

Table 2.6: Parameters of equation 1}

Four connectivity constants C_, represent the connections between pyramidal
cells and interneurons. These constants account for the total number of synap-
tic connections from interneurons to axons and dendrites of the cortical column

(Jansen and Rit [1995).

Every postsynaptic potential unit leads to two second order differential equations
in the shape of

ii(t) = Aax(t) — 2ay(t) — a’y(t) (2.12)

that each can be rewritten into two first order differential equations
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y(t) = =(1)

A(t) = Aax(t) — 2az(t) — a’y(t) (2.13)

Here, x(t) represents the input signal and y(¢) represents the output signal.
With equation (2.13) the states of the model can be fully described by the
following six differential equations:
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yis(t) = Bb{CySigm|[Csy0 ()]} — 2bys(t) — b*ya(t)

with y;_3 representing the output of the postsynaptic potential units (Jansen

and Rit [1995)).

The Jansen and Rit model has been used in many different configurations, since
its development to simulate EEG rhythms and other phenomena. Variations in
input, coupling strengths and network structure yield a broad spectrum of be-
haviours, that go beyond the original intention of simulationg alpha activity and
evoked potentials. Coupled networks of Jansen and Rit models have produced var-
ious types of oscillatory activity, including delta and theta activity and spike-wave
discharges reminiscent of epilepsy (Ahmadizadeh et al. . The wide spectrum
of brain waves in the repertoire of this model and its roots in biophysically inspired
mechanisms make it an ideal candidate for the purpose of this work.

The Jansen and Rit Model in TVB

The original Jansen and Rit model implements Ordinary Differential Equations
(ODEs) for each connection between neural masses, adding complexity and de-
tailed interaction mechanisms. Specifically, it includes additional postsynaptic
potential blocks for each connection, leading to 16 ODEs for a two-column model.
In contrast, the TVB implementation simplifies this by using ODEs only per neu-
ral mass, omitting the extra postsynaptic potential blocks and replacing them
with delays and sigmoid functions. This results in an approximation, where global
coupling and noise are handled differently. TVB introduces noise via a stochastic
integrator and uses the parameter mu as the mean input firing rate, rather than
directly through p(?). This simplification allows for efficient large-scale simulations
but loses some of the detailed connection dynamics present in the original Jansen
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and Rit model. The TVB approach does not replicate the exact system described
in the original paper, particularly in multicolumn setups due to these methodolog-
ical differences, but aims to yield an approximation that is as close as possible to
the original model, while adhering to the modeling principles embedded in TVB.
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3 MATERIALS AND METHODS

3.1 Data and Data Processing

This section provides a short overview on where the data used for this project was
acquired from, and how it was processed to yield a dataset compatible with TVB.

3.1.1 Structural Connectivity Matrices

The dataset used to create the average structural connectivity at the center of
the simulation was obtained from braingraph.org (Kerepesi et al. [2017). It con-
sists of 1064 structural connectivity datasets that were generated from MRI scans,
made available through the human connectome project. The dataset is available
for download on the homepage under the name 86 nodes set, 1064 brains, 1 000
000 streamlines, 10z repeated € averaged (18 MB)’. It contains structural connec-
tivities extracted from MRI data of 1064 brains and is parcellated into, contrary
to what the name of the dataset suggests, 83 nodes (70 cortical, 13 subcortical),
following the Desikan Killiani atlas (Desikan et al. . Node 83, the brainstem,
was removed to resolve compatibility issues in subsequent processing steps. The
files are presented in a standardized GraphML format, defining nodes and edges
by several attributes that can be accessed as text files. Each node is specified by a
set of seven attributes, five of which were relevant for the creation of the adjacency
matrices and were extracted from the data sets. The attributes that were used to
create the nodes of the adjacency matrix are dn_ position_x, dn_ position_y, and
dn_ position_z containing the coordinates of each node in a three-dimensional
vector space, dn_name supplying the label for each node as well as the brain-
hemisphere they are located in and dn_ region, specifying if a node is cortical or
subcortical.

The relevant attributes for extracting the edges from the data set are num-
ber of fibers, indicating the number of fibers running between two brain regions,
FA mean indicating the mean fractional anisotropy measured for the fibers be-
tween two regions, fiber length mean, indicating the length of the fibers as well
as source and target, specifying the region where the measured tract originates and
the region where it terminates.
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attribute description
dn_position x x coordinate of the node position
dn_position_y y coordinate of the node position
dn_position z z coordinate of the node position
dn name specifier for the hemisphere and node name
dn_region specifier for cortical and subcortical regions
source node of origin for a specific tract/edge
target target node for a specific tract/edge
number of fibers | number of fibers measured for an edge connecting two nodes
FA mean mean fractional anisotropy of tracts between two nodes
fiber length mean mean length of the fibers connecting two nodes

Table 3.1: Description of attributes from braingraph.org data sets containing the
relevant information to create adjacency matrices.

The information contained in the braingraph.org datasets was extracted file by
file using a custom python script. For each file, three matrices were created. Two
matrices containing the FA values and the fiber counts respectively, that were used
to create the weights matrix, and one matrix containing the tract lengths. The
weight of each edge is represented as an entry in the weights matrix and scales
the connection strength between two nodes in the simulation. It was estimated by
element-wise multiplication of the FA matrix and the fiber count matrix, using the
fiber count as the prime measure of connection strength and FA, which quantifies
tract integrity, to scale it. This approach was chosen because, according to (Huang
and Ding [2016), FA alone, while being a widely applied measure in this context, is
not a good measure of the strength of anatomical connectivity, because it ignores
fiber count.

After creating a weights- and a tract matrix for each of the 1064 brains in the
dataset, an average weights matrix and an average tract matrix were created by
calculating the mean for each entry, over all matrices. A small number of entries
in some of the matrices were Not a Number (NaN) values, that were dealt with
by skipping them in the computation of the mean. This approach was deemed
appropriate, considering that the number of NaN values was very small compared
to the total number of entries. The entry containing the most NaN values (16
instances), counted over all 1064 matrices, was the edge connecting area 69 to
28 (lh.temporalpole and rh.temporalpole), so this edge in the average matrix is
only a mean of 1048 values. Due to the same reason, the edge between 68 and
27 (lh.entorhinal and rh.entorhinal) is average of 1054 values, seven edges are an
average of 1062 entries and two edges are an average of 1063 entries.
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This process resulted in two matrices, an average weights matrix and an average
tract length matrix, already in the correct format required by TVB.

3.1.2 Surface Data

The next step in preparing the data for the simulation was extracting surfaces
from anatomical MRI images, namely a cortical surface, an inner skull surface, an
outer skull surface and a scalp surface.

Obtaining these surfaces was necessary for a number of reasons, the main rea-
son being the requirements of the convert2TVB pipeline, the final leg of the TVB
preprocessing pipeline, which was used to create TVB ready datasets for the sim-
ulation. The TVB preprocessing pipeline uses multimodal MRI datasets from
anatomical, functional and diffusion-weighted MRI as inputs and computes struc-
tural connectivities, brain surfaces, electrode positions, lead field matrices and
more, in the specialized format that is used in the TVB simulation framework, as
output (Schirner et al. [2015). Since the goal in this work is to run simulations
on an average structural connectivity, the full pipeline could not be used and the
format of the custom connectivity- and tract matrices was not compatible with the
requirements for the input of the convert2TVB script. Therefore proxy data (sur-
faces, tracts etc. that would have been created in previous steps of the pipeline,
if the full pipeline had been used) had to be created to be entered as input in the
convert2TVDB section of the pipeline. to generate a TVB ready dataset around the
custom connectivity matrices.

The dataset that was used, had been obtained from OpenNeuro, and was previ-
ously used in the paper Modeling brain dynamics in brain tumor patients using The
Virtual Brain (Aerts et al. 2018). It contains anatomical T1 weighted and diffusion
weighted images of tumor patients and controls. One of the control datasets, that
best fit the specifications, was selected. Surface meshes were computed on the ba-
sis of the T1 weighted anatomical image using the open source software freesurfer
(Fischl [2012). Freesurfer’s recon-all command performs a series of automated
processing steps including motion correction, intensity normalization, talairach
transformation, skull stripping, brain tissue and structure segmentation, cortical
surface reconstruction and refinement, and anatomical parcellation of the cortical
and subcortical regions. This is a time consuming process that lasts several hours
and produces suitable surface meshes that can be further processed for TVB.

Additionally tracts and weights were extracted from the diffusion weighted image
using MRtriz3, also a requirement as a proxy dataset for the convert2TVB pipeline.

Both scripts were run on WSL2 (Windows subsystem for Linux).
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Pre-Processing Pipeline

Before successfully running the convert2TVB script, several modifications had to
be made to the code to remedy issues due to depreciation of parts of the code and
to correctly integrate the proxy data. Additionally, the surface meshes represent-
ing the cortical surface and the inner skull had to be manually modified. Due to an
artefact, likely created during freesurfer processing, the boundaries of the cortical
surface and the inner scull surface were locally protruding outwards, crossing the
boundary of the outer skull surface (see figure , producing an error during the
creation of the head model.

Figure 3.1: Images of the surfaces created with freesurfer and imported into
blender. On the bottom the protrusions of the cortical surface (gray)
and the inner skull surface (orange outline) are visible as they cross
the boundary of the outer skull surface (triangle mesh).

To make the necessary modifications, the surface meshes were converted into
an object format readable by the 3D modeling software blender, using a custom
python script. In blender, the protruding areas on the caudal surfaces of the
cortical and inner skull meshes were smoothed by hand, resolving the boundary
crossing issue. Then the surfaces were converted back into the format expected
by the convert2TVB pipeline. With the surfaces and tracts complete, the con-
vert2TVB processing pipeline was successfully run, generating a comprehensive
set of TVB-ready data. The pipeline performs the following steps:

1. Create Cortical Surface and Region Mapping: Generates cortical sur-
face meshes by combining the meshes created with freesurfer, maps the nodes
of a connectivity matrix to the vertices of the cortical surface mesh and adds
a parcellation.

2. Compute Source Space: Establishes the source space for the simulation,
defining where neural activity is generated.
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3. Compute Boundary Element Model and EEG Locations: Creates a
boundary element model for accurate forward modeling and determines the
locations of EEG sensors. The EEG montage used was MNE’s biosemi6/
montage.

4. Compute Forward Solution: Calculates the forward solution, essential
for projecting neural activity time-series into sensor space.

5. Save Files in TVB Format: Outputs all necessary files in the format
required by TVB.

The finished data set includes a connectome file, surface meshes of the bound-
aries between cortex and inner skull, between inner skull and outer skull, between
outer skull and skin and between skin and air, as well as a region mapping file,
sensor locations and an EEG projection matrix. Region mapping is used to map
the nodes specified by connectivity to the vertices of the cortical surface mesh.
The region mapping is crucial for correlating the nodes with the vertices of the
cortical surface. The cortical surfaces and boundary element model are used to
construct a head model, which supports tools like FieldTrip in generating precise
forward models for EEG. These models are essential for computing the lead-field
matrix, which projects neural activity time-series into sensor space.

After reordering the nodes of the custom tract- and the weights matrix, to match
the order of the nodes of the MRtrix3 lookup table used in the pipeline, they were
added to the data set, replacing the matrices created from the proxy data.

Implementation of white matter alterations

White matter alterations, regularly observed in patients with schizophrenia, man-
ifest as reduced FA in affected white matter tracts in diffusion tensor imaging
studies.

The first step to integrate these alterations into the TVB simulation, was to
identify all the tracts that were affected, by conducting a comprehensive literature
search. The literature on this topic does not provide fully unambiguous informa-
tion, with some contradicting studies regarding specific tracts. The information
gathered in the literature search was compiled into a list of eleven white matter
tracts that are resolved with reduced FA in MRI studies. Tracts that were in
doubt, due to contradictory studies or unclear phrasing, were still included in the
list. The so identified white matter tracts had to be matched with the cortical
parcellation at the basis of the structural connectivity. A further literature search
was conducted to identify which nodes were likely connected by which white mat-
ter tracts. Papers exploring this topic rarely used the same or a similar brain atlas
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for parcellation, and mostly used more coarse grained atlases. For this reason, the
nodes of the structural connectome had to be mapped to each of the parcellations
used in the studies exploring the origins and terminations of white matter tracts
by hand. Due to these parcellation mismatches some overlaps occurred, where
some nodes of the structural connectivity were partly located in more than one
area, as delineated by atlases of the white matter tract studies. In these cases
the respective node was assumed to form connections with all tracts originating
or terminating in the areas they are overlapping with. This information was then
used in a custom Python script, to create binary connectivity matrices representing
rough approximations of each white matter tract.

Then, all of these tracts were combined into one single matrix representing all
affected white matter tracts.

Altering the Structural Connectivity

To modify the weights matrix of the average structural connectivity, the full white
matter matrix was further modified. The values of the binary white matter matrix
where chosen, somewhat unintuitively, to be one, for connections that were not
affected in schizophrenia patients, and zero for connections that were likely to
have reduced FA. This way the zeros could easily be replaced by multiplication
factors, used to scale down the connections weights (which are the product of FA
and fiber count) representing the white matter tracts affected by schizophrenia in
the custom weights matrix.

The reduced FA can now be transferred onto the structural connectivity, by
element-wise multiplication of the weights matrix, with the white matter matrix
and its multiplication factor, to create a new weights matrix that is assumed to
be representative of a schizophrenia patient’s connectivity.

Applying this method the FA in the original weights matrix was then systemat-
ically reduced in steps of two percent, down to 84 percent of the "healthy” value.
Graph metrics of each new structural connectivity were computed and analysed.
EEG simulations were run with each structural connectivity and the resulting
spectra were compared.

3.1.3 Graph-Theoretical Analysis

To explore the graph theoretical metrics of the original and the new weights ma-
trices and how these metrics relate to each other, a custom python script was
written, employing the NetworkX (Hagberg, Swart, and Schult toolbox and
brain connectivity toolbox.
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The graph metrics evaluated were characteristic path length, global and lo-
cal efficiency, mean and local clustering coefficient, transitivity, mean and local
betweenness centrality using the brain connectivity toolbox and small worldness
using NetworkX.

The characteristic path length was computed from the weights matrix, not the
tract matrix, which contains the actual measured lengths of the tracts, since this
matrix remained unchanged through the alterations of the structural connectivity
and in this case the characteristic path length is supposed to indicate a sort of
path of least resistance as opposed to a length in millimeters. The weights in the
weights matrix represent a connection strength, higher weights indicating better
signal transfer, and are therefore assumed to be inversely related to distance. By
inverting the entries of the weights matrix, a so called distance matrix was calcu-
lated, from which the characteristic path length was computed.

The brain connectivity toolbox offers various options for each graph metric, de-
pending on the nature of the graph to be analyzed. Where possible, the "weighted
undirected” (indicated by the "wu” prefix in the library) option was chosen, ac-
cording to the specifications of the weights matrix.

NetworkX provides two different measures of small worldness, Sigma and Omega.
Sigma is defined as

o C / C'raund

= 1
7 L/Lrand (3 )
and Omega is defined as
Lrand C
= — 3.2
“ L C’lat ( )

Where C' is the the average clustering coefficient and L is the characteristic
path length of the graph, Cu,q and L,.,q are the average clustering coefficient and
characteristic path length of an equivalent random graph, and C,; is the average
clustering coefficient of an equivalent lattice graph. The algorithm for both Sigma
and Omega lets the user specify two parameters, "niter”, which specifies the number
of rewirings per edge to create the random graph, and "nrand” which specifies the
number of random graphs generated to compute average values for C.,q and
Lygnq. The default values for "nrand” and "niter” are nrand = 10 and niter = 100
for computing Sigma and nrand = 10 and niter = 5 for computing Omega. To
reduce the substantial computation time, "niter” was reduced to niter = 10 in
the calculation of Sigma. This reduced the computation time for each matrix to
several hours, but also makes the outcome less meaningful.
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3.2 Model Setup

This section provides a comprehensive overview of the simulation setup employed
to simulate brain activity in this thesis. The detailed steps cover the selection of
the local dynamics model, parameter selection, and tools utilized to execute the
simulations and analyze the resulting data.

The model was implemented and run in Python, using TVB’s python library in
a scripting interface, because it allows for more flexibility in customizing models,
compared to the graphical user interface. Other libraries used were Matplotlib for
visualization of the results and SciPy for signal processing.

3.2.1 Configuring the Simulation

To build a simulation in TVB, first several python objects must be instantiated
from classes provided through the TVB library:

1. Models object: This object represents the local dynamics model that pro-
duces activity in each node. The choice fell on the Jansen and Rit model,
for its ability to produce different brain rhythms. Each of its parameters
was individually chosen, orienting on the values used in the original paper
by Jansen et. all (Jansen and Rit as well as other works employing
the model (Stefanovski et al. 2019, Spiegler et al. 2010} Ahmadizadeh et al.
2018) and slightly adjusted to the specific purpose of the model (see table

5.2).

2. Coupling function: As a coupling function the SigmoidalJansenRit func-
tion was selected, as it is purpose built to work with this local dynamics

model (see table [3.3)).

3. Integrator: As an integration scheme, the deterministic Heun integrator
was used, with a time step of dt = 274

4. Monitor: The recording of EEG signals from the simulation requires an
EEG monitor object. The monitor object requires four attributes to be
defined, the first three of which requiring files that are part of the TVB
ready dataset: The sensors object is created from the EEG locations file,
the projection surface object is created from the projection matrix and the
region mapping is created from the region mapping file. The final attribute,
the sampling period, was set to 0.976 ms, resulting in a sampling frequency
of 1024 Hz. Additionally a reference attribute can be set. For this simulation
the average attribute was selected, to apply an average reference.
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Parameter | Value | Explanation
A 3.25 | Maximum amplitude of excitatory postsynaptic poten-
tial in mV. Higher values move the theta peak into the
alpha range, while lower values destroy the dynamics.
B 22 Maximum amplitude of inhibitory postsynaptic poten-
tial in mV. Higher values enhance the theta rhythm,
while lower values remove it.
a 0.1 Time constant of excitatory postsynaptic potential de-
cay in ms~!.
b 0.05 | Time constant of inhibitory postsynaptic potential de-
cay in ms~!.
v 5.52 | Firing threshold in mV.
nu_max | 0.0025 | Maximum firing rate in s~
r 0.56 | Steepness of the sigmoid activation function in mV—!.
J 135 | Synaptic efficacy in mV-ms, which influences the mag-
nitude of the response.
a 1 1 Average probability of synaptic contacts in the feedback
excitatory loop.
a_ 2 0.8 Average probability of synaptic contacts in the slow feed-
back excitatory loop.
a_3 0.25 | Average probability of synaptic contacts in the feedback
inhibitory loop.
a_4 0.25 | Average probability of synaptic contacts in the slow feed-
back inhibitory loop.
p_min 0.12 | Minimum input firing rate in s~
p_max 0.32 | Maximum input firing rate in s~
mu 0.22 | Mean input firing rate in s~

Table 3.2: List of parameters that were used in the Jansen-Rit Model

5. Connectivity: The connectivity object is created by loading the connectiv-
ity.zip file from the TVB ready dataset.

After combining these objects in a simulator object and adding the additional
attributes of conduction speed for the long range connectivity, chosen as 4 mm /ms
and the simulation length in milliseconds, the simulation is configured by running
TVB’s configure method and then started, using TVB’s run method.
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Parameter | Value | Explanation
Crmin 0.0 Minimum of the sigmoid function
Conaz 0.005 | Maximum of the sigmoid function
midpoint 6.0 Midpoint of the linear portion of the sigmoid
r 0.56 | steepness of the sigmoidal transformation
a 5.0 Scaling of the coupling term. This value was settled
upon after several test runs.

Table 3.3: List of parameters that were used in SigmoidalJansenRit coupling func-
tion

3.2.2 First Simulation Run

Previous test simulations often exhibited strong initial transients, masking the
equilibrium dynamics of the system. These occur because the system starts from
arbitrary initial conditions that are not representative of the system’s equilibrium
state. During the initial phase of the simulation, the model’s variables and dy-
namics need time to stabilize and reach a steady state, resulting in irregular and
nonrepresentative behavior. To address this, a first, short simulation of 2 seconds
was performed, to allow the system to reach its stable dynamic equilibrium state.
The result of this simulation was then used to provide initial conditions for sub-
sequent simulations to ensure it starts from a stable point that does not produce
initial transients. This was achieved by extracting the final state of this simula-
tion, including time points, state variables, nodes and modes from the simulation’s
history buffer and combining them into an wnitial conditions object, that could be
used as an attribute providing a starting point for further simulations.

3.2.3 Full Length Simulations

A full-length simulation lasted twenty seconds. It was first run with the original
custom connectivity matrix (100% FA), and then repeated with matrices, where
the FA was gradually reduced by 2% increments in the relevant edges, down to a
final matrix with FA reduced to 84% of the original value. These values are not
physiological, but were chosen to see if a trend is observable and because of a lack
of data providing specific values.

3.2.4 Data Processing and Analysis

To process and analyze the data generated from the simulations, a systematic
approach was implemented in python. The primary function responsible for pro-
cessing the results handles various tasks such as time series extraction, normal-
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ization, plotting, and spectral analysis using Fast Fourier Transformation (FFT).
This section details the steps involved in processing the simulation data, including
the methods used and the rationale behind them.

The function begins by extracting the time and data variables from the simu-
lation results. The data consists of EEG signals recorded from different channels.
The EEG data is then normalized for each channel to ensure that the values lie
within a 0 to 1 range. This normalization helps in comparing the relative ampli-
tudes across different channels. The normalized EEG data are plotted for visual-
ization, providing a clear representation of the signals from different channels over
time. This is achieved by creating a plot with lanes, where each lane corresponds
to a different EEG channel.

To facilitate further analysis, a TimeSeriesEEG object is created with the nec-
essary configurations. This object encapsulates the original EEG data, time infor-
mation, sensor configurations, and other relevant metadata, such as the sampling
period.

Spectral analysis is performed using FFT to convert EEG signals in the time
domain to the frequency domain. FFT is performed using TVB’s compute fast
fourier transform method with a segment length of 2 seconds, resulting in a fre-
quency resolution of 0.5 Hz, no windowing function, and detrending activated.
This analysis helps to identify the dominant frequencies and understand the spec-
tral characteristics of the signals.

The magnitude spectrum up to 60 Hz is then plotted for all sensors, providing
a visual representation of the frequency components present in the EEG data. To
gain insights into the overall activity, the average magnitude across all sensors is
computed and plotted. Peaks in the average magnitude spectrum are identified
and annotated. The EEG sensors are grouped by brain areas and hemispheres to
analyze the average signals for each group. This grouping helps in highlighting the
regional differences in brain activity.
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4 RESULTS

4.1 TVB Ready Dataset

The preprocessing steps detailed in the Methods chapter produced a dataset that
includes four different surface meshes (cortex, inner skull, outer skull, and scalp),
region mapping, the connectome, EEG sensors, and the projection matrix. This
dataset is fully compatible with TVB and ready for running simulations.

The heart of the connectome is formed by the weights matrix, which was inten-
tionally left unnormalized. Normalization facilitates intersubject comparability,
but since this matrix is an average of many matrices formed from a large number
of different subjects and will only be compared to variations of itself, normalization
was deemed an unnecessary step.

It was also decided not to prune the edges of the weights matrix by introducing
a cut-off for low values. This decision was made because it was unclear if a cut-off
value had already been used in the original braingraph.org dataset and because
of the large number of connections with very low weights. Introducing even a
very low cut-off value would have resulted in the loss of many connections. The
reasoning was that, although this might result in false positives remaining in the
weights matrix, the averaging process minimizes their influence.

This can easily be seen when comparing the weights matrix, once displaying the
edge weights on a linear scale, and once displaying them on a logarithmic scale
(see figures and [1.2).

A comparison of the two versions of the matrices clearly shows that many of the
connections only appear on the logarithmic scale as such, because they have very
small weights. This is partly a result of the averaging process. The weight of an
edge in the matrix is defined as the product of fibercount and FA. The individual
connectivity files obviously never show fiber counts smaller than one and FA only
very rarely drops to values below 0.2. Therefore, weight values far below 0.2 are
unexpected.

However, the individual connectivity matrices are sparse, and not all connec-
tions, particularly the weaker ones, are represented in all, or even most, of the
other matrices in the dataset. During the averaging process, these rare connec-
tions are progressively devalued but are never completely stricken from the matrix.

The tracts matrix (see ﬁgure, representing the length of connections between
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Figure 4.1: Average weights matrix with linear scaling
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node pairs is also an indication that there is a large amount of weaker connections,
that would be overlooked on the linear scale.

Both the weights and the tracts matrix are symmetric. The reason for this is
that DTT as an imaging modality can only detect fiber tracts indirectly through a

probabilistic method (Fan and Markram 2019), but is unable to deduce the direc-
tion a signal travels on a fiber.

4.2 \White Matter Matrices

The white matter tracts that were found to likely be affected by schizophrenia were
the Arcuate Fasciculus (Kenney et al. [2017), Cingulum Bundle, the Fornix, the
Anterior and Posterior Limb of the Internal Capsule, the Inferior Fronto-Occipital
Fasciculus, the Inferior and Superior Longitudinal Fasciculus, the Thalamic Radi-
ations, Uncinate Fasciculus, and the Corpus Callosum.

The evidence implicating the Arcuate Fasciculus in schizophrenia is ambiguous.
Some studies report reduced FA in this tract (Kenney et al. M. Kubicki et al.
Geoffroy et al. 2014), while other studies report increased FA (Kubicki et al.
Canu, Agosta, and Filippi 2015; Heuvel, Martijn, and Fornito [2014; Klauser
et al. , in some studies the effect is observed bilaterally, while other studies
report a significant effect only in the left hemisphere (Wheeler and Voineskos ;
Geoffroy et al. ; M. Kubicki et al. .

For simplicity and due to the ambiguity of the evidence, this tract was treated
the same as the other tracts in the simulations, bilaterally and with decreased FA.

Several studies show decreased FA in the Cingulum Bundle, again slightly am-
biguous, with some studies not finding an effect and some studies limiting the
effect to specific areas of the Cingulum Bundle (Whitford et al. and some
studies not specifying specific parts of the tract (Fitzsimmons et al. 2020; Kubicki
et al. Ellison-Wright et al. 2014; M. Kubicki et al. [2005; Canu, Agosta, and

Filippi 2015; Klauser et al. 2016)).

Several studies find reduced FA Fornix (Wheeler and Voineskos 2014; Canu,
Agosta, and Filippi 2015; Ellison-Wright et al. 2014; M. Kubicki et al. 2005; Canu,
Agosta, and Filippi [2015)).

Several sources report reduced FA in the Internal Capsule (Wheeler and Voineskos
2014; M. Kubicki et al. 2005), or generalized alterations (Canu, Agosta, and Filippi
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Figure 4.4: Combined binary white matter matrix. The colors of the entries rep-
resent different tracts. If edges overlap, and are included in more than
one tract, the entry contains several colors.

2015).

Some of them find reductions are specific to the anterior limb of the Internal Cap-
sule (Zou et al. Canu, Agosta, and Filippi Ellison-Wright et al. ,
while others find reductions in the posterior limb as well. Often a lateralization of
FA reduction is reported, but there are studies implicating the right hemisphere
(Holleran et al. , and others implicating the left hemisphere (Ublinskii et al.
2015; Meng et al. 2019).
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Figure 4.5: Approximated white matter connections in a circular plot. Lines repre-
sent the edges connecting two pairs of nodes. The edges are associated
to their respective tract by their color.

(Surbeck et al. 2020) and (Canu, Agosta, and Filippi [2015]) report reductions
of FA in the Inferior Fronto-Occipital Fasciculus, while (Wheeler and Voineskos

2014])) only finds reductions in the left hemisphere.

(Canu, Agosta, and Filippi 2015) and (Ellison-Wright et al. [2014)) report FA
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Figure 4.6: Graphical representation of the nodes connected by the Arcuate Fas-
ciculus.
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Figure 4.7: Graphical representation of the nodes connected by the Cingulum Bun-
dle.

reductions in the whole Inferior Longitudinal Fasciculus, (Jung et al. 2020) finds
FA reductions in the right Inferior Longitudinal Fasciculus, (Holleran et al. 2013)
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Figure 4.8: Graphical representation of the nodes connected by the Fornix.
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Figure 4.9: Graphical representation of the nodes connected by the Anterior Limb
of the Internal Capsule.

finds them only in the right temporal portion of the Inferior Longitudinal Fascicu-
lus and (Wheeler and Voineskos [2014)) and (Ashtari et al. 2007) report decreased

FA in the left temporal Inferior Longitudinal Fasciculus.
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Figure 4.10: Graphical representation of the nodes connected by the Posterior
Limb of the Internal Capsule.

Reduced FA is reported in the Superior Longitudinal Fasciculus by (Canu,
Agosta, and Filippi 2015)), (Ellison-Wright et al. and (Shergill et al. [2007).
(Jung et al. reports reduction in the Superior Longitudinal Fasciculus in the
right hemisphere and (Wheeler and Voineskos reports reductions in the left

hemisphere.

FA decreases in the Thalamic Radiations are reported by (Klauser et al. [2016).
(Meng et al. finds reductions in the posterior Thalamic Radiations, (Canu,
Agosta, and Filippi and (Wheeler and Voineskos find reductions in
the anterior sections of the Thalamic Radiations, (Jung et al. finds reduced
FA in the left anterior sections and (Ellison-Wright et al. find reductions in
the right posterior sections.

Reductions in the FA of the Uncinate Fasciculus are reported by (Wheeler and

Voineskos [2014])), (Ellison-Wright et al.|[2014)) and (Shergill et al.2007). (Jung et al.
2020)) finds reductions in FA in the Uncinate Fasciculus of the right hemisphere

only.
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Figure 4.11: Graphical representation of the nodes connected by the Inferior
Fronto-Occipital Fasciculus.
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Figure 4.12: Graphical representation of the nodes connected by the Inferior Lon-
gitudinal Fasciculus.

FA reductions in the tracts of the Corpus Callosum are reported by (Wheeler
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Figure 4.13: Graphical representation of the nodes connected by the Superior Lon-
gitudinal Fasciculus.
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Figure 4.14: Graphical representation of the nodes connected by the Thalamic Ra-
diations.

and Voineskos 2014), (Holleran et al. 2013), (Meng et al. |2019)), (Ellison-Wright
et al. 2014), (Klauser et al. 2016) and by (Canu, Agosta, and Filippi 2015)).
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Figure 4.15: Graphical representation of the nodes connected by the Uncinate Fas-
ciculus

The review of the literature shows a general consensus that there are brain wide
disruptions in the white matter of schizophrenia patients that can be observed
through DTT and reduced FA (Kelly et al. . The body of evidence is equiv-
ocal on which specific brain regions are affected and, in a few instances, there is
no consensus on the nature of the effect. The quality and quantity of evidence
varies depending on the brain region. However, a common observation is a global
reduction in FA in the white matter of schizophrenic patients.

The reasons for discrepancies between studies can be manifold, from differences
in study design, sample size, or differences in the subject cohorts, ranging from
age, medication status and disease progression, to name only a few.

4.3 Graph-Analysis

This chapter examines the effects of progressively reducing FA in specific white
matter tracts on key graph metrics of the brain’s structural connectivity. By
systematically decreasing FA in steps on 2%, this analysis aims to reveal the rela-
tionship between white matter degradation and network efficiency, as reflected in
metrics such as characteristic path length, global efficiency, clustering coefficient,
and others.

71



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.3.1 Global Metrics

The characteristic path length, which reflects the average shortest path between
nodes in the network, increases in very small steps, but gradually, with decreasing
white matter integrity (see figure . A higher characteristic path length indi-
cates less efficient information transfer within the brain network. This suggests
that as FA decreases (indicating more compromised white matter), the network
becomes less efficient, with longer average paths between nodes. Notably, a sub-
stantial increase in path length occurs between 100% and 96% white matter in-
tegrity, suggesting a critical threshold beyond which network efficiency significantly
deteriorates.

1723401 Comparison of Characteristic Path Length

0.0040 4

0.0035 4

0.0030 +

0.0025 +

0.0020 +

0.0015 4

Figure 4.16: Changes in characteristic path length across different levels of white
matter integrity, as simulated by reducing FA in specific tracts known
to be affected in schizophrenia.

Global efficiency is inversely related to path length, as it is calculated as the
average of the inverse of the shortest path lengths between all pairs of nodes.

The graph (see ﬁgure reveals a linear decline in global efficiency, indicating
that as the integrity of white matter is progressively reduced, the brain’s network
efficiency correspondingly diminishes. Global efficiency, which reflects the brain’s
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capacity for effective information exchange across different regions, is shown to
decrease steadily with each step down in FA. This linear trend suggests a direct
relationship between white matter integrity and network function,

Comparison of Global Efficiency (dimensionless)
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Figure 4.17: Changes in global efficiency as FA decreases in specific white matter
tracts associated with schizophrenia.

Betweenness centrality measures the extent to which a node lies on the shortest
paths between other nodes in the network. A higher betweenness centrality implies
that certain nodes become more critical for the flow of information across the
network.

The graph (see figure reveals a non-linear increase in betweenness central-
ity, indicating that, as white matter integrity diminishes, certain nodes or connec-
tions become increasingly central to the network’s overall connectivity. The sharp
rise observed between 96% and 94% white matter integrity suggests a critical point
at which the network begins to rely more on fewer nodes, potentially reflecting a
loss of network robustness. This trend continues as FA decreases, highlighting a
potential of growing network vulnerability .

The clustering coefficient measures the degree to which nodes in the network
tend to form clusters. A higher clustering coefficient indicates a higher tendency for
nodes to form tightly-knit groups, which is indicative of efficient local information
processing and network segregation.

The graph (see figure demonstrates a linear decline in the clustering coeffi-
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Comparison of Betweenness Centrality mean
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Figure 4.18: Changes in mean betweenness centrality as FA decreases across spe-
cific white matter tracts implicated in schizophrenia.

cient, indicating that as white matter integrity deteriorates, the network’s tendency
to form local clusters diminishes. The observed decline suggests that reduced white
matter integrity weakens the network’s local connectivity thereby suggesting less
segregation and probably less efficient local information processing.

Modularity measures the degree to which a network can be divided into dis-
tinct communities or modules. A higher modularity indicates a network with
well-defined communities, where nodes within the same module are more densely
connected to each other than to nodes in other modules.

The graph (see ﬁgure reveals a linear decline in modularity, indicating that,
as white matter integrity deteriorates, the brain’s network structure becomes less
modular. The observed decline suggests that reduced white matter integrity leads
to a less differentiated network, where the boundaries between different functional
modules are weakened.

The small world coefficient measures how closely the brain’s network adheres to
small-world properties, which balance high local clustering and short path lengths.
A network with strong small-world properties is efficient both locally and globally.

Two common measures to quantify small worldness are Omega and Sigma.

Values for Omega range from -1 to 1, with values close to zero indicating small-
world properties, while Sigma values exceeding 1 suggest strong small-worldness.
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Comparison of Clustering Coefficient mean
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Figure 4.19: Changes in the mean clustering coefficient as connection weights in
specific white matter tracts relevant to schizophrenia are decreased.

The initial computation of Omega and Sigma yielded the values indicated by the
orange line in figures [4.22]and [£.21] Although the values in both graphs fall within
the range indicative of small-worldness, the seemingly random changes of these
values, for matrices with continuously decreasing white matter integrity prompted
further investigation.

Upon closer examination, it was observed that both the algorithms to compute
Sigma and Omega generate random matrices as part of their calculations. In
the Sigma algorithm, these random graphs serve as a null model for comparison
with the original graph’s clustering coefficient and average path length. Similarly,
the Omega algorithm uses random graphs to calculate the average shortest path
length, providing a baseline for how a network with no inherent structure would
behave in terms of path length.

By retroactively introducing a fixed seed for the generation of these random
matrices, the fluctuations in the small-worldness values were eliminated, proving
that they were indeed a result of the randomization in calculation process.

However, the emergence of constant small-worldness was unexpected, particu-
larly since this metric depends on the characteristic path length and clustering
coefficient, both of which were previously observed not to be constant with de-
creasing white matter integrity.
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Comparison of Modularity
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Figure 4.20: Changes in modularity as connection weights in specific white matter
tracts relevant to schizophrenia are decreased.

Further investigation revealed that the small-world algorithms provided by Net-
workX do not take edge weights into account and treat all graphs as binary. This
limitation diminishes the effectiveness of these metrics in accurately characterizing
the graphs analyzed in this work.

This limitation prompted a search for alternative metrics capable of character-
izing small-worldness in weighted graphs. The investigation led to a relatively
new concept proposed in 2016 called Small-World Propensity (SWP) (Muldoon,
Bridgeford, and Bassett . This metric addresses the shortcomings of pre-
vious measures by providing an unbiased assessment of small-world structure in
networks of varying densities, including weighted networks.

A network is considered to exhibit small-world characteristics according to this
metric if the SWP exceeds a value of 0.6. As shown in figure [£.23] the SWP value
calculated for the original networks is significantly lower than this threshold, mea-
suring just below 0.3, and constant over different levels of white matter integrity.
Interestingly, when thresholding was applied to the connectivity matrix, the SWP
underwent drastic, nonlinear changes. Applying an initial threshold of 2, below
which all edges were set to zero, resulted in almost no change in SWP. The first
substantial increase in SWP, when gradually increasing the threshold, occurred at
a threshold of 2.2. Further increases in the threshold, up to 2.9, again yielded only
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Figure 4.21: Sigma coefficient calculated using the NetworkX library for python
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Figure 4.22: Omega coefficient calculated using the NetworkX library for python
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modest increases in SWP. However, when the threshold was increased to a value
of 3, a significant jump in SWP occured, raising it above the value of 0.6, thereby
indicating small-world characteristics.

A critical consequence of this thresholding process is the disconnection of nodes,
which coincides with the observed jumps in SWP. The unthresholded network orig-
inally had two disconnected nodes. At a threshold of 2.1, the number of discon-
nected nodes increased to 12, although this did not correspond to any significant
change in SWP. Between thresholds of 2.2 and 2.9, the number of disconnected
nodes remained at 13, coinciding with the first notable increase in SWP. Finally,
at a threshold of 3, the number of disconnected nodes reached 14, which aligns
with the second significant increase in SWP.

However, significant changes in SWP correlated to the white matter integrity of
the connectivity matrix could again not be observed.

It should be noted that the unthresholded matrix has 3774 edges. This num-
ber is reduced to 1416 at a threshold of 2.1 without strongly influencing SWP.
At a threshold of 2.2 the number of edges is reduced by 8, to 1408 but SWP
jumps to around 5.6, indicating the strong influence of those 8 on the charac-
teristics of the whole network, and one more node gets disconnected (Node 48,
Right-Amygdala). When the threshold is increased further, up to 2.9, another 52
edges are lost, reducing the number to 1362, with no significant changes in SWP.
Increasing the threshold to 3 eliminates 14 more edges, reducing their number to
1348 (around 35% of the original number), disconnecting one more node (Node
41, Left-Amygdala) and resulting in an increase of SWP to around 0.76. Theses
results suggest that a small number of edges and nodes has an outsized influence
on the SWP of the graph.

Further increases of the threshold did not increase SWP significantly.

4.3.2 Local Metrics

In this section more local graph metrics will be presented. The metrics were
calculated for each node individually. Then the nodes of a specific brain area were
averaged to arrive at the values seen in the plots.

Across all brain areas, the node degree appears to decrease as the white matter
integrity decreases (see figures|4.24} [4.25/and [4.26)). This trend is expected because,
as the white matter is compromised, the structural connections between brain
regions weaken, reducing the node degree. The node degrees of the left and right
Thalamus experience the most significant drop off.
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Comparison of Small-World Propensity Metrics

Metric

Small-World Propensity lower limit 3.0
Small-World Propensity lower limit 2.9
Small-World Propensity lower limit 2.8
Small-World Propensity lower limit 2.7
Small-World Propensity lower limit 2.6
Small-world Propensity lower limit 2.5
Small-World Propensity lower limit 2.4
Small-World Propensity lower limit 2.3
Small-World Propensity lower limit 2.2
Small-World Propensity lower limit 2.1
Small-World Propensity lower limit 2.0
Small-World Propensity no threshold

Figure 4.23: Small world propensity for structural connectivity matrices with dif-
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A slight

decrease in node degree can be observed for all regions except the left and right
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Figure 4.25: Node degree per node, Right Hemisphere.

amygdala. The thalamus shows the steepest decline in node degree.
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Graph [4.27shows how the average efficiency in different areas of the brain model
is affected by decreasing white matter integrity, which lead to a steady decrease in
efficiency values, most pronounced in the left an right thalamus and absent only
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in the left and right amygdala. A decrease in efficiency is also a well documented
observation in schizophrenia patients (Gao et al. [2023)).

Local Efficiency across different brain areas

white matter tract 84%
white matter tract 86%
white matter tract 88%
white matter tract 90%
el *  white matter tract 92%
white matter tract 94%
white matter tract 96%
white matter tract 98%
white matter tract 100%

%
*
=T

354 o
sl o e ket

301

254

- s

201 . aa:
e gaet pes L (— areriaen

151

O | et OB | et et

101

eessany SIHISSSS

Left Frontal Lobe
Right Frontal Lobe
Left Temporal Lobe
Right Temporal Lobe
Left Parietal Lobe
Right Parietal Lobe
Left Occipital Lobe
Right Occipital Lobe
Left Cingulate Cortex
Right Cingulate Cortex
Left Insular Cortex
Right Insular Cortex
Left Basal Ganglia
Right Basal Ganglia
Left Thalamus

Right Thalamus

Left Hippocampus
Right Hippocampus
Left Amygdala

Right Amygdala

Figure 4.27: Graph showing the influence decreasing white matter integrity exerts
on the average local efficiency of nodes in specific macroscopic brain
regions.

Graph shows the average betweenness centrality values for different brain
areas. The highest values by far were calculated for the left and right thalamus
indicating its critical role as a hub in the network. Not all brain regions exhibit
changes in betweenness centrality with decreasing white matter integrity. Interest-
ingly, most of the changes seem to occur on the left hemisphere of the connectivity
model. The left frontal lobe and the left cingulate cortex exhibit a steady increase
in betweenness centrality. Smaller increases can be seen in the left parietal lobe,
the left occipital lobe, and the right cingulate cortex. Increases in betweenness cen-
trality could indicate a more prominent role in information transfer within theses
regions. The left thalamus and left basal ganglia exhibit a decrease in betweenness
centrality with decreasing white matter integrity. These decreases could suggests a
slightly reduced role of these regions in facilitating communication between differ-
ent parts of the model. Collectively, theses changes imply a reorganization of the
brainmodel’s network structure. The hemispherically asymmetric changes in be-
tweenness centrality are especially interesting, since the changes to the structural
connectivity matrix were symimetric.

Findings in the literature are inconsistent but generally suggest a decrease in
betweenness centrality in schizophrenia. (Y. Zhang et al. found decreased
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centrality in association cortices and increased centrality in the primary and paral-
imbic cortices. (Dimulescu et al. found decreased betweenness centrality in
schizophrenia patients and (Jo et al. found the mean betweenness centrality
to be increased, noting that this finding is inconsistent with current research.

Betweenness Centrality across different brain areas
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Figure 4.28: Graph showing the influence decreasing white matter integrity ex-
cerpts on the betweenness centrality of specific macroscopic brain re-
gions.

Graph [.29 shows the average clustering coefficient for different brain areas. All
regions, except the amygdala experience a decrease of the clustering coefficient, left
and right thalamus showing the steepest decline. The trend looks very similar to
the trend observed in the node degrees. Regions of reduced clustering are common
findings in schizophrenia research (Gao et al.[2023).

A decrease in clustering coefficient suggests reduced local interconnectivity and
efficiency in information transfer within local brain regions. This implies a break-
down of specialized modules in the brain, which can lead to increased wiring costs
and decreased robustness to nodal damage.

4.4 Simulation Results

This chapter presents the results of the simulations conducted for this thesis. Nine
simulations, with the goal of reproducing EEG time series were performed and
analyzed. Each simulation run starts from the same initial conditions. The only
difference between each simulation is the structural connectivity used in the un-
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Clustering Coefficient across different brain areas
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Figure 4.29: Graph showing the influence decreasing white matter integrity exerts
on the average clustering coefficient of nodes in specific macroscopic
brain regions.

derlying brain model, where deteriorating white matter integrity is modeled by
systematically reducing connection strength between specific nodes.

Figure [£.30] shows an exemplary EEG time series that was created during a
simulation run using the unaltered structural connectivity. It is twenty seconds
long and has a row for each of its 64 EEG sensors. The time series clearly shows
oscillations, but varies from the look of a physical EEG measurement. This is in
part due to the absence of noise and artifacts that are common in physical EEG
time series. The oscillations visible in this image are a superposition of mostly
four dominant, narrow frequency bands at 6.0 Hz, 9.5 Hz, 12.5 Hz and a small
contribution at 19.0 Hz, which will become obvious in the plots showing the power
spectrum (Figure [4.31]).

The absence of noise, that was previously noted is even more evident in figure
[4.31] especially in the lower frequencies.

Figure 4.31| shows the amplitude spectrum and the average power spectrum for
the entire brain model, computed by averaging across the FFT of all sensors of
a single time series, in this case of the time series depicted in figure [£.30] Four
prominent peaks can be identified. One at 6 Hz in the theta band, one at 9.5 Hz
in the low alpha band, one at 12.5 Hz in the high alpha band and a small peak at
19 Hz in the beta band. The presence of peaks at these frequencies suggests that
the model is able to capture typical brain rhythms that are observed in physical
measurements.
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Figure shows the amplitude spectra and the average power spectra of all
nine simulations overlaid in one graph. The structure of the spectra remains
unchanged over all datasets, with peaks at the same frequencies and the curves
mapping on top of each other almost perfectly. The only difference between the
different spectra is a clear, gradual reduction in the amplitude of the theta and
low alpha peaks with decreasing white matter integrity and small variations in the
high alpha peak.

In figure the variation in the amplitude of the peaks is illustrated in more
detail. The Theta band experiences a linear increase in amplitude that is inversely
related to the integrity of the white matter. Increases in Theta activity are often
reported in EEG studies of schizophrenic patients (Narayanan et al. ; Newson
and Thiagarajan 2019; Thilakavathi et al. 2019)). Similar to the Theta band, the
amplitude in the Low Alpha band also increases steadily as FA decreases. The High
Alpha band amplitude initially shows little change, then a slight increase as FA is
reduced further. Physical EEG studies usually show the opposite behaviour. Most
studies reveal decreases in alpha activity, but some also report decreases and again
other report increases in frontal and decreases in posterior regions (Narayanan et
al.[2014; Newson and Thiagarajan[2019; Hayempour 2013} Thilakavathi et al.2019;
Venables, Bernat, and Sponheim . This frontal-posterior split could also not
be reproduced. The Beta band amplitude shows a more complicated behaviour
with a peak at 98% FA, then a significant drop, with a slight recovery at the lowest
FA values.

Figure[4.34 highlights the amplitude spectrum for different brain regions in both
hemispheres. The graphs show, that the structure of the spectrum is very similar in
each brain region but the amplitudes of the peaks vary drastically both intrahemi-
spherically, between brain regions and interhemispherically between hemispheres.

Figure elucidates the hemispheric relationship between the power spectra
in the four frequency bands that emerged from the simulation. It shows the peak
amplitude as an average of all sensors of one hemisphere. The Z electrodes located
on the midline of the scalp were included in both the average amplitudes of the
left and right hemispheres.

The amplitude in the Theta band shows a steady increase across both hemi-
spheres as FA decreases, with the left hemisphere consistently showing higher
amplitude than the right. The left hemisphere seems to have a stronger reaction
to the decreasing FA with a more pronounced amplitude increase.

The amplitude in the Low Alpha band also increases steadily with decreasing
FA, with the right hemisphere showing a consistently higher amplitude than the
left, contrasting what was seen in the Theta band.

The higher amplitude in the left hemisphere compared to the right suggests
lateralization of Theta activity, which could reflect differences in how each hemi-
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sphere reacts to the reduced connectivity. The higher Low Alpha amplitude in the
right hemisphere suggests a lateralization effect where the right hemisphere might
be more involved in maintaining or enhancing alpha activity as structural integrity
diminishes.

In the High Alpha band, the left hemisphere shows a more pronounced increase
in amplitude with decreasing FA compared to the right hemisphere.

The Beta band amplitude shows a more complex pattern with a peak around
98% FA for the right and 96% FA for the left hemisphere, followed by a sharp
decline, and a slight recovery at the lowest FA levels. Both hemispheres exhibit
similar patterns, but with slight variations.

Figure[£.36) breaks down the peak amplitude changes in different frequency bands
across specific brain regions for both hemispheres in detail. This level of detail
provides insights into how different regions contribute to overall brain activity and
how these contributions change as white matter integrity decreases.

The amplitude in the Theta band varies across brain regions, with the temporal
regions (both left and right) showing the highest amplitudes. The frontal regions
also show relatively high amplitudes, while the central, occipital, and parietal
regions have lower values. The temporal regions’ high Theta amplitude, particu-
larly as FA decreases, suggests that these regions become more involved in slower
oscillatory activity as connectivity is disrupted. This is consistent with findings
that show increased Theta activity in the temporal lobes in schizophrenia. The
frontal regions also show significant Theta activity. The relatively stable activity
in the central and occipital regions suggests that these areas are less affected by
FA changes in the Theta band.

In the Low Alpha band, the frontal regions show the highest amplitude, with
the left frontal region consistently showing a higher amplitude than the right.
Temporal regions also exhibit significant activity, but lower than in the Theta
band. The dominance of the frontal regions in the Low Alpha band indicates their
key role in maintaining Alpha activity. The higher amplitude in the left frontal
region aligns with the lateralization of cognitive functions often associated with
the left hemisphere.

In the High Alpha band the frontal regions again show the highest amplitude,
particularly the left frontal area, followed by the temporal and occipital regions.
The central and parietal regions show lower amplitudes. The left frontal, right
parietal and right occipital regions show a slight decrease in amplitude.

The more complex pattern of the Beta band shows the highest amplitudes in the
frontal region. With decreasing white matter integrity the hemispheric amplitude
difference in the frontal lobes diminishes, while it reverses in the temporal lobe.
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Figure 4.31: Average amplitude spectrum (top) and the average power spectrum
(bottom) of the EEG simulation using the unaltered, healthy’ struc-
tural connectivity matrix for the whole brain model, with frequencies
ranging from 0 to 60 Hz. Prominent peaks are observed at 6.0 Hz,
9.5 Hz, 12.5 Hz, and 19.0 Hz, corresponding to theta, alpha, and beta
frequency bands respectively. This spectrum serves as a baseline for
comparison against simulations with altered structural connectivitg;
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Figure 4.33: Illustration of the peak amplitude changes in the four key frequency
bands—Theta (top left), Low Alpha (top right), High Alpha (bottom
left), and Beta (bottom right)—across different datasets where FA
was reduced by increments of 2% (from 100% to 84%).
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Figure 4.36: Amplitude changes across four frequency bands—Theta (top left),

Low Alpha (top right), High Alpha (bottom left), and Beta (bottom
right)—as FA is systematically reduced from 100% to 84%. The data
is separated by brain region (Frontal, Temporal, Parietal, Occipital,
and Central) and hemisphere (Left and Right).
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5 DISCUSSION

The primary goal of this thesis was to develop a computational model using The
Virtual Brain (TVB) platform to simulate EEG signals based on realistic struc-
tural connectivity, resembling that of an average human brain. The intention was
to then manipulate specific aspects of this structural connectivity, particularly
focusing on the effects of white matter integrity, to observe resultant changes in
EEG signals and evaluate, if these changes align with expectations from current
scientific understanding of schizophrenia to explore the disconnection hypothesis.

The manipulation of the structural connectivity was specifically designed to
imitate white matter alterations observed in schizophrenia patients. This was
achieved by reducing connection strength through the modulation of FA values,
as measured by DTI, in specific tracts. The method was based on the hypothesis
that connectivity strength can be modeled, using the product of fiber count and
FA of the white matter tracts between two nodes as connection strength values.

To verify if the proposed structural connectivity manipulations resemble the
network effects often seen in schizophrenia patients, various graph metrics were
computed for each structural connectivity. The observed trends were then com-
pared to metrics from the literature.

The characteristic path length, representing the average shortest path between
pairs of nodes in the network, was found to be increased in the schizophrenia-
related structural connectivity matrices. An increased characteristic path length is
a well-documented finding in schizophrenia research (Micheloyannis ; Heuvel,
Martijn, Mandl, et al. 2010, Gao et al. [2023).

Global efficiency, a measure of how efficiently information is exchanged across
the entire network, was found to be reduced in the schizophrenia-related structural
connectivity matrices. The reduction in global efficiency observed in the simula-
tions is consistent with the literature on schizophrenia, where decreased global
efficiency has been reported in numerous studies (Gao et al. ; Shon et al.
2018).

Global betweenness centrality was found to increase unsteadily with decreasing
network integrity. Although findings regarding this metric are mixed, the general
trend in the literature points in the opposite direction, to decreasing betweenness

centrality (Dimulescu et al. 2021)).
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The clustering coefficient, which measures the degree to which nodes in a net-
work tend to cluster together, was found to be linearly decreasing alongside with
decreasing network integrity. This reduction in clustering coefficient is consis-
tent with numerous studies that have reported similar findings in schizophrenia

(Krukow et al. 2019; Shon et al. [2018]).

The modularity of the network, which measures the degree to which the network
can be divided into relatively independent modules or communities, was found
to be decreasing, with decreasing network integrity. Altered modularity, often
manifesting as reduced modularity, has been reported in schizophrenia.

The graph metrics computed for the different structural connectivity matrices in
this thesis align reasonably well with the broader literature on schizophrenia. The
reductions in clustering coefficient, global efficiency, and betweenness centrality,
along with increases in characteristic path length, all point towards an increas-
ingly disrupted network structure that is less efficient, less segregated, and less
functionally specialized.

The goal was largely accomplished, as the simulations were able to produce EEG
signals that reflected changes in white matter integrity, partly consistent with the
hypothesized effects observed in the context of schizophrenia. However, the success
of the simulation was partial, as the complexity and variability inherent in actual
brain function presented challenges that were not fully captured by the model.

The chapter on EEG in schizophrenia outlined several critical abnormalities
observed in the EEG patterns of individuals with schizophrenia. These include
increased power in the theta frequency band, alterations in alpha band activity
(with some studies reporting decreases, others reporting increases), and mixed
results in the beta band. These findings reflect disrupted neural oscillations, which
are believed to correlate with the underlying pathophysiology of schizophrenia,
particularly in terms of connectivity and network dynamics.

The simulation results from this thesis aimed to replicate some of these EEG
abnormalities by manipulating the structural connectivity of the brain, particularly
focusing on white matter integrity. This approach was based on the hypothesis that
disruptions in white matter, as indicated by decreased FA in DTI studies, would
lead to changes in EEG signals that resemble those observed in schizophrenia.

The results showed several expected trends in the relationship between reduced
white matter integrity and changes in EEG signal amplitude across various fre-
quency bands. These results were partly in line with the hypothesized impact
of white matter degradation on frequency bands. The Theta band showed an
expected increase, while the alpha and beta bands showed changes, but not nec-
essarily in the expected direction.
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1. Theta band: Increased power in the theta band has been consistently re-
ported in EEG studies of schizophrenia, often linked to the reduced efficiency
of brain networks and disruptions in global brain connectivity. The simu-
lations conducted in this thesis showed a clear increase in the power of the
Theta band following the manipulation of white matter integrity. These re-
sults align well with the expected outcomes based on EEG studies. The
simulated data suggested that as FA was reduced, the neural networks be-
came less efficient, leading to increased low-frequency power, particularly in
the theta range.

2. Alpha band: The alpha band activity in schizophrenia is often described as
being altered, with some studies reporting decreased power and others noting
a frontal-posterior split, where frontal regions show increased alpha activity
while posterior regions show decreased activity. The simulation produced two
peaks in the range of the alpha band which both showed a global increase
in power. The high alpha band showed a decrease in alpha power in specific
regions such as the left frontal lobe, the right occipital lobe and the right
parietal lobe. The model did not reproduce the often reported decrease of
the alpha band or the regional variability (frontal-posterior split) observed
in some studies.

3. Beta band: Beta band activity in schizophrenia has shown mixed results
in the literature. The simulated results indicated nuanced changes in Beta
band power as white matter integrity was reduced with an initial rise and
later drop off. This aligns with some EEG findings, suggesting that reduced
structural connectivity impairs the brain’s ability to generate and maintain
beta oscillations.

A major caveat of this approach is the oversimplification of neural mass models,
which, while computationally efficient, can not capture the full range of complex
dynamics observed in real brains. The simplified model of the Jansen-Rit neural
mass, as implemented in TVB, while sufficient for large-scale simulations, does
not replicate the intricate connection dynamics that might be crucial for more
nuanced aspects of brain function and dysfunction in schizophrenia. While the
model could be used to simulate different neurotransmitter balances, testing for
example the glutamate or dopamine hypotheses, by varying parameters controlling
the excitation or inhibition of the models’ interneurons, this was not attempted in
this project.

Moreover, the reliance on averaged structural connectivity matrices from a large
dataset posed limitations. Although this approach was intended to create a gen-
eralized base model, to which white matter alterations could be introduced, it
necessarily lead to a dilution of individual-specific features that might be critical
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in understanding the variability observed in schizophrenia.

Interpreting the results of this simulation requires much caution, particularly
when making inferences about real physical brains. The computational model
used is a highly abstracted representation of the brain’s complexity. While it can
replicate certain macroscopic phenomena, its capability to account for microscopic
and mesoscopic interactions and chemical dynamics, such as neurotransmitter fluc-
tuations, that are crucial in understanding the full scope of brain function and its
disorders, are limited and were not tested in this simulation. Instead the sole focus
of the model is the impact of macroscopic structural connectivity as measured by
DTI.

One significant limitation is said reliance on DTI for structural connectivity.
DTI, while powerful, provides an indirect and probabilistic reconstruction of neu-
ronal connections. The technique is known for its biases, such as the "gyral
bias," where fiber tracking algorithms preferentially trace fibers along gyral crowns,
rather than sulcal walls and an unreliability when measuring the tracts in subcorti-
cal areas (Fan and Markram 2019)). This introduces uncertainties in the structural
connectivity matrix that can significantly affect simulation outcomes.

Another potential weak point are the white matter matrices, which can only be
seen as a rough approximation of the actual white matter tracts within a human
brain. The diverse findings on which tracts are affected in schizophrenia and the
unclear allocation of nodes made it necessary to rely on assumptions that likely
lead to an overestimation of the tract network implicated in schizophrenia. The
reduction of FA by steps of two percent, applied to all tracts affected by reduced
FA was an arbitrary choice to simplify the model. In reality the reduction in FA
would be not as drastic as it is in the lower end of the simulation.

Additionally, the model’s implementation of subcortical structures lacks detail.
The reliance on DTT measurements for subcortical tracts and the use of identical
local dynamics models for all nodes, including the Thalamus is not ideal. The ini-
tial intention of the project to model the Thalamus externally as a spiking neural
network, and using this model as an input for the nodes of the Thalamus in a
co-simulation proved too expansive for the scope of the thesis.

Several improvements could be made to enhance the realism and reliability of
the simulations. Firstly, incorporating a more detailed model, that includes both
short-range and long-range connectivity, could better capture the complex dy-
namics of the brain, especially since the coupling between neighbouring patches
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of cortex is stronger than long range connections (Breakspear . A surface-
based model, for instance, could address the limitations of the current regional
model by providing a more detailed spatial sampling of cortical activity, which is
crucial for understanding the intracortical connectivity alterations seen in disor-
ders like schizophrenia and lies well within the capabilities of TVB, when sufficient
computational resources are available.

Secondly, improving the representation of white matter matrices by incorporat-
ing more granular parcellations and using higher-resolution tractography data, or
other sources of tract data, could mitigate some of the biases introduced by DTI. A
more detailed implementation of FA reductions, using values measured in physical
experiments, would add nuance to the simulation and possibly enable simulation
results that track more closely with experimental measurements.

Additionally, future simulations could benefit from the inclusion of co-simulations
that account for the influence and different dynamics of subcortical structures like
the Thalamus, which play a significant role in global brain dynamics. Includ-
ing chemical imbalances in the simulation, by altering model parameters related
to excitation and inhibition, could also provide a more comprehensive model of
schizophrenia .

Finally, the simulation is very sensitive to initial conditions. The parameters
chosen for this simulation were evaluated via a brute force method. It would
be illuminating to find a way to determine proper initial conditions by applying
biophysical considerations to the model.

In summary, while this thesis successfully achieved its primary goal of simu-
lating EEG signals based on realistic structural connectivity, and exploring the
effects of alterations of said connectivity on the EEG spectrum, several limita-
tions and caveats must be considered when interpreting the results. By addressing
these limitations and incorporating the suggested improvements, future simula-
tions could provide accurate and meaningful insights into the effects of structural
brain alterations in schizophrenia.
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List of Abbreviations

Abbreviation  Full Form

DTI Diffusion Tensor Imaging

EEG Electroencephalogram

FA Fractional Anisotropy

FET Fast Fourier Transform

fMRI Functional Magnetic Resonance Imaging
MRI Magnetic Resonance Imaging

SWP Small World Propensity

TVB The Virtual Brain
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