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Abstract

Epilepsy, one of the most common neurological disorders, poses significant challenges
for researchers, health practitioners and patients. Understanding neurological condi-
tions remains challenging due to the inherent complexity of the brain, and is further
complicated by ethical and practical constraints associated with invasive experi-
ments on the human brain. Furthermore, the proportion of drug resistant epileptic
patients—about a third, makes the seek for innovative treatment solutions a criti-
cally important focus. This thesis aims to leverage computational neuroscience to
investigate the mechanisms underlying epileptic seizures in mice, with a particular
focus on complex brain network structures and their role on seizure emergence and
propagation. Through computational modeling, we aim to contribute insights that
can ultimately inform human epilepsy research.

In the first research chapter of this thesis, we investigate the synchronization
dynamics of forced coupled Kuramoto oscillators, embedded in rather simple net-
work structures. This study explores the impact of different network properties
on global synchrony across various network structures, and serves as a theoretical
foundation for the understanding of network-driven effects in epilepsy. In the sec-
ond research chapter, we computationally investigate the propagation of epileptic
seizures in a large-scale mouse brain network, using the Epileptor phenomenological
model for seizure dynamics. We search for common connectivity patterns across
brain areas responsible for the production of widespread epileptic seizures. With
a focus on Temporal Lobe Epilepsy, we simulate widespread seizures originating
in the Hippocampus, and propose different strategies for propagation control mim-
icking resective strategies and modulation of the Epileptogenic Zone. Finally, we
introduce a co-simulation framework between Arbor and The Virtual Brain (TVB),
integrating fine-scale neuronal models with large-scale brain network models. Using
a biophysical model for seizures at the neuron level, we simulate the emergence of
seizure activity in the Hippocampus, then study its effect in a mice brain network
where local brain areas are modeled using the reduced Wong-Wang model. This
last study serves as a proof of concept for our co-simulation framework, and we
ultimately aim to computationally study mechanisms underlying the emergence of
seizures.

By bridging multiple scales of brain activity and leveraging advanced computa-
tional tools, this thesis gives insight into the role of brain network structures in the
propagation of epileptic seizures.

Keywords: Epilepsy, Epileptic Seizures, Nonlinear Dynamics, Complex Systems,
Complex Networks, Synchronization, Whole Brain Dynamics, Neurocomputational
Platforms, The Virtual Brain, Arbor, Mouse Brain



Résume

L’épilepsie, I'un des troubles neurologiques les plus répandus, constitue un enjeu
important pour les chercheurs, les professionnels de santé et les patients. Com-
prendre les troubles neurologiques reste un défi de part la complexité inhérente au
cerveau, et subit les limites des contraintes éthiques et pratiques associées aux ex-
périmentations invasives sur le cerveau humain. De plus, la proportion de patients
pharmaco-résistants—environ un tiers, rend la quéte de solutions innovantes pour le
traitement de I’épilepsie un centre d’intérét important pour la recherche. Cette thése
vise & utiliser les outils des neurosciences computationnelles pour examiner les mé-
canismes sous-tendant les crises d’épilepsie chez la souris, avec un intérét particulier
pour les structures complexes de réseaux neuronaux et leur role dans 1’émergence et
la propagation des crises. Au travers la modélisation computationnelle, cette thése
a pour ambition de contribuer & une connaissance approfondie du cerveau, et, a
terme, de participer & la recherche sur I’épilepsie chez ’humain.

Dans le premier chapitre de recherche de cette thése, nous étudions la dynamique
de synchronisation d’oscillateurs de Kuramoto, couplés via des réseaux aux struc-
tures relativement simples. Cette étude examine 'impact de différentes propriétés
des réseaux sur la cohérence globale & travers plusieurs structures, et sert de fonda-
tion théorique pour la compréhension de la dynamique des réseaux neuronaux dans
I’épilepsie. Dans le second chapitre de recherche, nous étudions computationnelle-
ment la propagation de crises d’épilepsie dans le réseau cérébral des souris & large
échelle, en utilisant le modéle phénoménologique de I’Epileptor. Nous cherchons des
patterns de connectivité communs aux aires cérébrales responsables de la produc-
tion de crises généralisées. Avec un intérét dirigé vers I’épilepsie du lobe temporal,
nous simulons des crises généralisées provenant de ’'Hippocampe, et nous proposons
différentes stratégies visant a controéler leur propagation, liées & des disconnections
de voies neuronales et & la modulation de la Zone Epileptogéne. Enfin, nous présen-
tons un environnement de co-simulation entre Arbor et The Virtual Brain (TVB),
intégrant des modéles neuronaux a fine échelle et des modéles de réseaux cérébraux
a grande échelle. En utilisant un modéle biophysique de crises & 1’échelle du neu-
rone, nous simulons I’émergence de crises dans I’'Hippocampe, puis en étudions les
effets dans un réseau cérébral de souris ou les aires cérébrales sont représentées par
le modeéle réduit de Wong-Wang. Cette derniére étude sert de preuve de concept
pour notre environnement de co-simulation, et nous visons, & terme, & étudier les
mécanismes sous-tendant 1’émergence des crises.

En faisant le lien entre différentes échelles d’activité cérébrale, et en tirant profit
d’outils informatiques avancés, cette thése apporte un éclairage sur le role des struc-
tures des réseaux cérébraux dans la propagation des crises d’épilepsie.

Mots-clés: Epilepsie, Crises d’Epilepsie, Dynamique Non-linéaire, Systémes Com-
plexes, Réseaux Complexes, Synchronisation, Dynamique Cérébrale, Plateformes
Neurocomputationnelles, The Virtual Brain, Arbor, Cerveau de souris
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General introduction

Epilepsy is among the most common neurological disorders, yet it continues to
present considerable challenges, both in understanding its mechanisms and devel-
oping effective treatments. FEpileptic seizures may arise from physiological dys-
functions at the neuronal level or structural abnormalities, combined with network
effects, making them highly complex phenomena. Studying epilepsy is particularly
challenging due to the ethical and practical constraints associated with invasive
experiments on the human brain. Over the past decades, the theoretical and com-
putational study of neurological conditions has expanded significantly, driven by
the widespread availability of enhanced computational resources. Building on this
trend, we propose to investigate the impact of neural network structures on the
emergence and propagation of epileptic seizures in the mouse brain from a compu-
tational perspective, with the long-term goal of translating this knowledge to the
human brain.

Outline

This thesis comprises an introductory chapter as well as three research chapters,
two of which being adapted from published work.

e The first chapter of this manuscript aims to provide general intro-
ductions about epilepsy and brain function, complex networks’ theory and
non-linear dynamics. It concludes with the presentation of three models for
brain activity, namely the reduced Wong-Wang model for macro-scale resting-
state activity, the Epileptor model for macro-scale epileptic activity, and a
micro-scale biophysical model for seizures.

e The second chapter presents a computational study of the impact of
different network properties on the synchronization of forced cou-
pled Kuramoto oscillators. In the context of this thesis, this work serves as
an introduction for a better understanding of complex network effects under
various structural constraints.

e The third chapter uses the Epileptor model in order to study the
propagation of epileptic seizures in mice brain. It aims to identify
common connectivity patterns across epileptogenic brain areas responsible for
widespread seizures, and seek for novel approaches for seizure propagation
control.

e Finally, the fourth chapter of this thesis presents ongoing research
on the construction of a multi-scale simulation framework for brain
activity, combining fine-scale models of detailed brain areas and mean-field
models of brain networks at the large scale. As a proof of concept, we sim-
ulate the emergence of seizures in a neuronal population and observe their
propagation in the mice brain network.
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1 Epilepsy and seizure classification

1.1 The epileptic condition: an overview

Epilepsy is a very common neurological disorder. According to the World Health
Organization (WHO), around 50 million people in the world suffer from epilepsy
(Keezer et al. 2016). Epilepsy is characterized by multiple occurrences of so-called
epileptic seizures, that is, the production of abnormally excessive and synchronous
electrical signals in the brain. These seizures are accompanied by a wide range of
symptoms such as loss of consciousness, motor dysfunctions or sensory hallucina-
tions, which are further detailed in section 1.1.3.3. In addition to these symptoms,
epileptic patients are subject to numerous psychological, cognitive and behavioral
comorbidities, such as depression, dementia and heart diseases to name a few. To
say the least, epilepsy is a very complex, serious brain disorder, and appropriate
patient care is essential.

1.1.1 A historical perspective on epilepsy

First traces of epileptic seizures appear in mesopotamian and babylonian tablets dat-
ing from around 3000 BC, with reports of people convulsing, dribbling and being
unconscious (Kaculini et al. 2021). Back then, and for millenia to come, epilep-
tic seizures would be considered spiritual possessions or divine punishments, and
treatment of epilepsy would essentially consist in exorcisms, rituals and persecu-
tions. An early documentation of seizures from a medical perspective appears in an
ancient Egyptian papyrus from around 1700 BC, documenting the case of a man
having a gaping wound in the head. The palpation of the wound would cause the
patient to shudder excessively, leading to the conclusion that the seizure is caused
by cortical disturbance. The 5th century before Christ represents a turning point
in the understanding of epilepsy, then referred to as the Sacred Disease, with the
School of Hippocrates pointing out that the brain might be the source of the dis-
ease, and conceptualizing post-traumatic epilepsy, auras and unilateral motor signs.
These theories were running counter to the ever-omnipresent thought of divine anger
(Magiorkinis et al. 2010; Kaculini et al. 2021).

It was not until the 17th century that the idea of epilepsy as a brain disease
began to become popular in Europe. Scientific advances in epilepsy went hand
in hand with a finer understanding of the brain and recent advances in physics.
In the mid 17th century, Robert Bentley Todd, driven by the work of Michael
Faraday and the emergence of microscopes in the medical field, developed a (now-
Jrudimentary understanding of the neuron, and of the brain function as electric
forces. He postulated that the epileptic seizures would come from disruptive electri-
cal discharges (Reynolds 2004). The end of the century was marked, among others,
by the contribution of John Hughlings Jackson, who laid the foundations of epilep-
tology, defining epilepsy as "occasional, sudden, excessive, rapid and local discharges
of grey matter", and linking symptoms with specific seizure-recruited cortical areas
(Sidiropoulou et al. 2010; Magiorkinis et al. 2014).
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1.1.2 Epilepsy in the world

Today’s perception of epilepsy still bears the stigmata of ancient spiritual beliefs.
Previous terminology, still in common use, refers to focal and generalized seizures
(that is, seizures affecting respectively one or both hemispheres of the brain) as petit
mal and grand mal, that is, small evil and great evil. However, modern perception
and management of epilepsy has evolved significantly over the past decades, hand
in hand with scientific and technological advances. Several treatment strategies,
including medication, surgery but also brain stimulation, are nowadays in use. Re-
search and development keeps working towards a better understanding of epilepsy,
and even more efficient and less invasive treatments.

However, access to diagnosis and treatment remains highly unequal. Over 75%
of individuals in low-income countries do not receive adequate care due to lim-
ited healthcare infrastructure. Social stigma and lack of education also results
in marginalization and discrimination of people with epilepsy (Mlinar et al. 2016).
Epilepsy remains a major challenge for medicine and neuroscientific research.

1.2 Emergence of epileptic seizures

The emergence of epileptic seizures results in a disruption of normal neuronal activ-
ity. Understanding the physiological causes of epileptic seizures is a major challenge
for the development of antiepileptic drugs. This section aims to present the basic
functioning of neurons and neurotransmission, whose dysfunction may underlie the
production of seizures.

1.2.1 Transmission of information: the neurons and the action po-
tential

Basic neuron morphology

Neurons are the excitable cells of the nervous system. The human brain approxi-
mately contains 86.10° neurons, while a mouse brain contains about 71.10% neurons
(Herculano-Houzel et al. 2006). Their complex network arrangement, high sensi-
tivity and excitability are responsible for the brain’s ability to perform multiple,
complex and coordinated tasks. The neuron consists of a soma and an axon (see
Figure I.1 (A)). At the soma and the axon terminal, arborescent dentrites connect
the cell to other neurons, via synapses at the extremity of the dendritic branches.
The axons are long projections of the cell, typically protected by a myelin sheath,
that consitute the white matter of the neural system. The neurons’ cell bodies and
dendrites, the glial cells, synapses and capillaries, on the other hand, constitute the
brain’s grey matter.

After the production of an electric signal is triggered, the cell nucleus produces
an action potential (AP) that propagates along the axon. The arrival of the AP
at the axon terminal triggers the release of neurotransmitters in the synapses, that
consequently trigger the firing of other neurons.
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Figure I.1: Transmission of information at the neuron level. (A) Neuron
morphology. Action potentials (AP) are produced by the pre-synaptic neuron and
propagate along its axon. The axon terminal communicates with the post-synaptic
neuron’s dendrites via the synapse. (B) Time evolution of the membrane poten-
tial during the production of AP. After suprathreshold stimuli, the cell membrane
undergoes a depolarization phase, followed by a repolarization phase. A refractory
period brings back the potential to its resting baseline. (C) Transmission of in-
formation at the synapse level. The arrival of AP at the pre-synaptic neuron axon
terminal triggers the release of neurotransmitters in the synapse. On the dendrites
of inhibitory (resp. excitatory) post-synaptic neurons, neurotransmitters bind to
the GABA (resp. Glutamate) receptors, favoring depolarization (resp. hyperpolar-
ization) of the post-synaptic neuron membrane.
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Resting membrane potential

The action potential is the consequence of a modification in the membrane po-
tential of the cell (Kandel et al. 2013). The ionic concentration of the intra and
extra-cellular environment are regulated by different gating mechanisms along the
membrane. Many ions compose theses environments, including mainly sodium Na™,
potassium K, calcium Ca?* and chloride C1~. Ion channels are macromolecular
pores, through which specific ions can pass. lon channels may be non-gated and
allow the movement of ions across the cell membrane at any time, or be gated. In
the latter case, the channel is only open to specific ions under specific conditions.
Voltage-gated ion channels open when a particular electric potential difference is
reached, while ligand-gated channels open after a ligand binds to the channel. Ion
channels form a passive process in which each ion follows its concentration gradient
across the membrane. In other word, if channels are open for ions X, and the con-
centration [X] of ions X is higher outside the cell (resp. inside the cell), then there
will be a flow of ions towards the interior (resp. exterior) of the cell. Ion pumps
are an active transport process, that intervenes against the concentration gradient.
A well-know ion pump is the sodium-potassium pump. By hydrolyzing a molecule
of adenosine triphosphate (ATP), the pump gains energy and moves 3Na*t out and
2K™ in.

At rest, there is therefore a difference of the ionic concentrations on both side of
the membrane, from which comes a difference of electrical charges. The equilibrium
potential of ion X, at rest, is given by the Nernst equation:

RT . [X],
e = 1 5 1.1
q,X ZXF n [X]’L ( )

with [X], (resp. [X];) the concentration of ion X outside (resp. inside) the cell,
zx the valence of ion X, R = 8.314 JJ K '.mol™! is the universal gas constant,
F = 96.485 C.mol ! is the Faraday constant, and 7 is the temperature in Kelvin.
The principal contributors to the total electrical gradient are K+, Na* and CI~.
The cell membrane potential reads:

_ gK‘/qu + gNa‘/eq,Na + gCl‘/eq,C'l (I 2)

Vin
9K + gna + 9ci

with gx the conductance of ion X. The neuronal membrane potential usually falls
around V,,, & =70 mV (Hou 2020).

Action Potential

The stimulation of the membrane, due to electrical stimuli or ion channel activations,
disturb the resting equilibrium of the membrane. In the case of an hyperpolarizing
stimulus, for example an influx of negative ions in the cell or a loss of positive ions
via the openings of the CI~ and K channels, the response in terms of membrane
potential is graded, that is, dependent of the stimulus intensity. In the case of a
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depolarizing stimulus, for example the arrival of more positive charges into the cell
via the opening of Nat and Ca®t channels, may lead to the production of an AP.
The shape of AP is shown in Figure 1.1 (B). Disturbances keeping the membrane
potential bellow the threshold potential Vip,esn =& —55 mV, namely subthreshold
stimuli, generate graded responses. On the contrary, suprathreshold stimuli gener-
ate an AP whose features do not depend on the stimulus intensity. Once reached its
critical value, V;, rapidly increases due to the opening of voltage-gated Na™t chan-
nels (VGNaCs) leading to an influx of Na™ into the cell. This rapid depolarization
phase causes more VGNaCs to open, and utlimately, to more depolarization. The
initial depolarization also causes a flux of K leaving the cell, with a slower opening
process of voltage-gated Kt channels (VGKCs). When reaching positive values,
VGNaCs progressively close, while more KT tend to leave the cell due to the elec-
trical gradient. The continued loss of K+ drags the membrane trough sub-initial
potential values during a rapid repolarization phase. Finally, an after hyper-
polariztion process occurs, during which the membrane voltage slowly returns to
its baseline (Raghavan et al. 2019; Sankaraneni & Lachhwani 2015).

Neurotransmitters: inhibition, excitation

The arrival of an AP at the presynaptic terminal triggers the release of neurotrans-
mitters in the synapse that bind to the postsynaptic receptors, resulting in ion
channel activation and consequent electrical signal production as described above.
Receptor agonists refer to chemicals activating the receptor. On the contrary, an-
tagonists are chemicals blocking the receptor, see Figure 1.1 (C) for a schema of
the synapse.

The principal excitatory neurotransmitter of the nervous system is the gluta-
mate, whose receptors include the ionotropic NMDA, AMPA and kainate receptors.
The latter receptors form ligand-gated Ca®?t and Na™ channels, that generates in-
flux of positive charges upon activation, therefore favoring membrane depolarization.
The principal inhibitory neurotransmitter is the gamma-aminobutyric acid (GABA).
GABA receptors include GABA 4 and GABAp. GABA 4 receptors form postsynap-
tic ligand-gated Cl~ channels, favoring membrane hyperpolarization through influx
of Cl~. Inhibition and excitation in the brain are mediated by different types of
neurons. In particular,pyramidal cells are either intrinsic or long-range excitatory
neurons, and play a key role in signal transmission between distant brain areas.
Basket cells, on the other hand, are inhibitory interneurons in the brain that form
synapses around the soma of pyramidal cells, and are especially important in regu-
lating their activity and contributing to network stability.

The metabolism of glutamate and GABA are tied together via the glutamate-
glutamine and GABA-glutamate/glutamine cycles of the brain. After glutamate
neurotransmitter is released in the synapse and interacted with postsynaptic recep-
tors, both the presynaptic neuron and glial cells recapture glutamate. In the glial
cell, glutamine is produced from glutamate, before being transfered to glutamaergic
neurons, where they react to produce glutamate. Similarly, the glutamate produced
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in GABAergic neurons reacts to form GABA. After reuptake at the synapse, glial
cells produce glutamate with GABA, using the enzyme GABA-T. The homosteasis
of neurotransmitters is preserved through these metabolic cycles (Walls et al. 2014).

1.2.2 Initiation of epileptic seizures

Epileptic seizures arise from the production of excessive and synchronous electrical
signals within a population of cortical or subcortical neurons. This active phase of
abnormal brain activity is called the ictal phase of the seizure. Several factors can
give rise to neuronal hyperexcitability, such as an increase of excitatory neurotrans-
mission, a decrease of inhibitory neurotransmission, or alterations in voltage-gated
ion channels or intracellular and extracellular ion concentration favoring membrane
depolarization. These mechanisms represent the basic targets for antiepileptic drugs
(see section I.1.4.1). During a seizure, hyperexcitable, hypersynchronous neurons fire
following a bursting pattern, that is, the production of rapid trains of AP followed
by long refractory periods. Bursts operate on two distinct time scales, neurons
being recruited into abnormal firing by a slow ictal wavefront, while faster ictal
discharges depicts a propagation of abnormal excitation-inhibition ratios into brain
areas (Sumadewi et al. 2023).

However, epileptic seizures are not a direct consequence of individual neurons’
dysfunction. On the contrary, both their generation and their propagation are com-
plex, network phenomena, resulting from the interaction of distant pyramidal neu-
rons, local circuit basket cells, cortical and subcortical areas.

1.3 Seizure and epilepsy classification

From the first medical reports of epilepsy, the nomenclature has varied greatly over
the course of scientific and social advances, and both the terminology and classifi-
cation are frequently updated to follow the progress in medicine, neuroscience and
neurology, and will continue to evolve in the future. This section presents the lat-
est classification published in 2017 by the International League Against Epilepsy
(ILAE) (Scheffer et al. 2017), based on scientific knowledge and specialists’ opin-
ion. The diagnostic process relies on a clinician expertise, and on neuroimaging
data, mainly EEG. Figure 1.2 presents an overview of the main cerebral areas, and
further details on the anatomy of the brain and on brain imaging are provided in
section I.2.

1.3.1 Epilepsy etiology

Epileptic activity in the brain can arise from various causes, making accurate iden-
tification essential for providing appropriate medical care. The underlying etiology
of epilepsy may be structural, genetic, immune-related, metabolic, or infectious in
nature.
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The presence of structural abnormalities in the brain, either they are coming
from genetic malformation or appearing after undergoing traumatisms, strokes or in-
fections. These brain lesions are detected using structural MRI, and open the way for
epilepsy surgery. Well-known lesions associated with epileptic seizures are, among
other, hippocampal sclerosis and hypothalamic hamartoma (HH). Hypothalamic
hamartoma is a developmental tumor in the ventral region of the Hypothalamus,
a region often related to learning and cognitive disabilities, psychiatric disorders
(particularly, but not exclusively, aggressive behaviors) and production of epileptic
seizures. The seizures experienced are mainly gelastic, characterized by sudden un-
controllable laughing (Wang et al. 2023; Cohen et al. 2021; Adamczyk et al. 2021).
Hippocampal sclerosis (HS) is one of the principal causes of focal epilepsy. It refers
to gliosis and neuronal loss in the different parts of the Hippocampus. The origins of
HS may be a combination of diverse factors, either coming from infections or brain
injuries, with probable genetic and developmental predispositions. The Hippocam-
pus being very vulnerable to damage caused by seizures, HS could be both the cause
and consequence of prolonged epileptic activity (Walker 2015; Thom 2014). The ex-
amples of HH and HS clearly illustrate the fact that there can be multiple etiologies
of epilepsy, whose different implications for treatment all have to be considered.

1.3.2 Epileptogenic Zone and seizure types

Excessive electrical discharges often originate in specific regions of the brain, known
as the Epileptogenic Zone (EZ) before spreading to other areas forming the Prop-
agation Zone (PZ). The current classification sorts the resulting epileptic seizures
according to their EZ and PZ:

e Focal onset seizures arise within a single brain hemisphere. Among these
seizures, focal to bilateral seizures refer to seizures arising within a single brain
hemisphere, but propagating in both hemispheres. Focal seizure can affect or
not the awareness of the patient, and generate various sensory and motor
symptoms.

e Generalized onset seizures arise on different brain regions located in both
left and right brain hemispheres. Generalized seizure always affect the pa-
tient’s awareness.

e Unknown onset seizures group together epileptic seizures that can not be
classified in any of the previous categories, due to the lack of information.

By extension, the different types of epilepsy are divided within focal epilepsies,
generalized epilepsies and combined focal and generalized epilepsies.
1.3.3 Seizure semiology

As the seizure propagates within different brain areas, symptoms and clinical
signs appear. The brain areas and cortical networks activated or disrupted by
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the seizure form the Symptomatogenic Zone. The impacted brain areas gener-
ate different symptoms. Therefore, retracing the semiology of an epileptic seizure,
via neuroimaging, clinical history and observations, can help both obtaining pre-
cise diagnosis of epilepsy and localizing the EZ that could be surgically removed
(Tufenkjian & Liiders 2012).

Several motor manifestations of epileptic seizures include tonic (tension in the
members and upper body), atonic (limpness of various parts of the body), clonic
(jerking in the arms and legs), myoclonic (brief jerking in various parts of the
body), epileptic spams (clusters of brief flexions of extensions of the head and
members). Non-motor manifestations include automatisms (unvoluntary move-
ments, such as grimacing or chewing), cognitive dysfunctions (such as speech
impairment), emotional alterations (sudden feeling of fear and anxiety, or un-
controllable laughing, for example), sensory features (such as visual, auditory or
gustatory hallucinations, vertigos, hot and cold sensations). During an epileptic
seizure, the patient might suffer from one or more of these clinical signs. They
may appear in one side of the body, either ipsilateral (on the same side as the
seizure-recruited brain hemisphere) or contralateral (on the opposite side as the
seizure-recruited hemisphere), or in both sides. Finally, the patient may suffer
from a loss of awareness at different levels, from confusion to loss of consciousness
(Chowdhury et al. 2021).

The symptoms and clinical signs experienced during a seizure arise from the
dysfunction of particular brain areas. Seizures originating in the frontal lobe are
often associated with motor symptoms, and can sometimes lead to confusion or
loss of awareness. Temporal lobe seizures typically manifest as sensory symptoms,
such as auditory hallucinations, sensation of déja vu, or olfactory distortions, along
with emotional changes. Seizures affecting the parietal lobe can cause sensory dis-
turbances, such as numbness, tingling, or a distorted sense of body position, and
may also involve visual symptoms. The occipital lobe is primarily linked to visual
disturbances, including hallucinations or temporary loss of vision. Furthermore, sub-
cortical structures like the thalamus and basal ganglia are often involved in more
generalized motor symptoms, such as myoclonus or dystonia, and can also lead to
autonomic changes, such as alterations in heart rate or breathing, see Figure 1.2.

1.4 Treatment of epilepsy

The main objective of the different treatment strategies is to prevent the occurrence
of epileptic seizure. The best possible outcome is to achieve seizure freedom, and
even remission, with several years of seizure freedom after surgery or medication
discontinuation. A reduction of frequency and intensity of experienced seizures may
also constitute a relatively good outcome (Sillanpaa et al. 2017).
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1.4.1 Anti-epileptic medication

Antiseizure medication (ASM) is the most common strategy to treat epilepsy. Nowa-
days, over 30 ASM are available to suppress seizure activity in the brain. They
rely on different mechanisms at the molecular level (Sankaraneni & Lachhwani 2015;
Sanchez et al. 2024):

e Modulation of ion channels. ASMs such as phenytoin, ethosuximide and
ezogabine act on Nat, Ca?>* and K7 ion channels of excitatory and postsy-
naptic neurons, in favor of a membrame hyperpolarization.

e Enhancement of inhibitory neurotransmission. ASMs may act on di-
verse phases of the GABA cycle, either binding to the GABA 4 receptors of the
postsynaptic neurons to enhance inhibition (for example benzodiazepines), in-
hibiting the GABA-degrading enzyme GABA-T in the glial cells (for example
vigabatrin), or preventing the recapture of GABA in the synapse (for example
tiagabine).

e Attenuation of excitatory neurotransmission. ASMs such as peram-
panel or felbamate target the glutamate neurotransmitter, by blocking NMDA
and AMPA receptors at the level of the postsynaptic neuron.

ASMs may act on a single or on several of these targets. Consequently, the action of
so-called narrow-spectrum ASMs is fitted to prevent specific types of seizure, while
broad-spectrum ASMs acts on multiple types of seizures.

As all drugs do, ASMs may present multiple side-effects and contraindications.
30% of epileptic patients suffer from refractory epilepsy, either due to unresponsive-
ness to medication, or to high sensitivity to side-effects or contraindications making
the medical treatment impossible. Epilepsy syndromes frequently associated with
pharmacoresistance include Mesial Temporal Lobe Epilepsy (MTLE), one of the
most common epilepsy syndrome, where seizures initiate within the Hippocampus.

1.4.2 Focal resective surgery

Currently, the principal approach to control epileptic activity in pharmacoresistant
patients consists in the resection of the brain area producing epilepsy. Frequent
resected areas include portions of the temporal, frontal, parietal and occipital lobes.
The most frequent operation, with the best outcomes, consists in anterior temporal
lobectomy for people with MTLE, that is, the resection of the hippocampus and
part of the amygdala. The surgery results in seizure freedom for up to 70% of the
patients. The surgery is ineffective in 10 to 15% of the patients. When epileptic
seizures are caused by structural abnormalities such as benign tumors or HS, the
resection of the lesion and the surrounding brain tissue is also a common strategy
(Jobst & Cascino 2015; Miller & Hakimian 2013).

Candidates for resective surgery should have focal epilepsy with a well-identified
EZ. The latter brain area should also be accessible, and not critical in brain function.
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To obtain good surgical outcomes, surgeons have to resect enough brain tissue to
effectively remove the seizure initiation area. However, they should also seek to
minimize the risk of neurologic and cognitive alterations. Resecting more tissue in
the identified area results in higher chance of seizure freedom, but also higher risk
of serious undesirable effects.

1.4.3 Alternative techniques to resective surgery

Resective surgery is a highly invasive, costly and risky operation. Therefore, alterna-
tive techniques aim to propose minimally invasive, faster and more precise solutions.
Such techniques are commonly used for refractory epilepsy with small lesions and
localized EZ, for example in MTLE with HS or epilepsy with HH. They can also be
used for disconnection surgery to resect important pathways between the brain ar-
eas, and prevent the wide spread of the seizure. It is the case in corpus callosotomy;,
where the surgical target is the corpus callosum, a major nerve tract of the brain.

e Laser Interstitial Thermal Therapy (LITT) is a minimally invasive ab-
lation technique, that does not require any craniotomy. It uses a thin laser
probe inserted in the brain through a hole in the skull. At the level of the
neuronal population responsible for the production of epileptic seizures, the
tip of the probe acts as a focal heat source, that induces nearly immediate cell
death by applying high temperatures over 60°C. To apply an optimal temper-
ature, and to control the position of the probe, the LITT process is monitored
using MRI (Shukla et al. 2017; Wicks et al. 2016).

e Stereotactic radiosurgery (SRS) is a non-invasive ablation technique, that
does neither require craniotomy nor any incision in the skull or brain. SRS
devices aim to reach precise targets with focal ionizing radiation beams. Pho-
tons form the most common radiation source, with multiple beams directed
to a single target (Quigg et al. 2011).

e Multiple Subpial Transections (MST) is a lesionectomy technique, used
in cases where the epileptogenic zone is located in cortical areas involved in
essential brain functions. It consists in performing several cuts on the grey
matter below the external membrane of the brain in order to disrupt fiber
pathways involved in the propagation of the seizure instead of perform ablation
of the brain tissue (Spencer et al. 2002).

1.4.4 Neurostimulation devices

Electrical devices may be used to send stimuli to brain areas in order to modu-
late brain activity. Neurostimulation is used to treat severe neurological condi-
tions, mainly Parkinson’s disease and refractory epilepsy. For patient with refrac-
tory epilepsy, neurostimulation devices can be used alternatively, or in addition to
surgical and medical treatments, to suppress seizures or reduce frequency and in-
tensity. Although the mechanisms of neurostimulation is yet to be fully understood,
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it was shown that it can effectively reduce seizure frequency and intensity, with
50 to 68% of epileptic seizure reduction in patients using Deep Brain Stimulation
(Wu et al. 2021).

e Vagus Nerve Stimulation (VNS) consists in an electrical generator im-
planted on the chest and wired to the Vagus Nerve. The device produces
electrical pulses at regular intervals, continuously helping modulate brain ac-
tivity (Fisher & Velasco 2014; Foutz & Wong 2022).

e Deep Brain Stimulation (DBS) involves one or multiple electrodes im-
planted in deep brain areas, through a small hole in the skull and under MRI
guidance. Similarly to VNS, an electrical generator is implanted on the chest,
and delivers electrical pulses to modulate brain activity (Li & Cook 2018).

e Responsive Neurostimulation (RNS) delivers brain stimulation when ab-
normal brain activity is detected. It consists in an electrical generator im-
planted in the skull, combined with electrodes placed on the initiation areas
of epileptic seizures. The device continuously monitors brain activity, and
provides modulation whenever seizure starts arising (Rao & Rolston 2023).



2 Network topology and the
reconstruction of brain networks

Computational and theoretical studies of the brain leverage tools from fundamental
physics. In particular, the mapping of complex brain structures aims to incorpo-
rate empirical data within a mathematical framework. This section outlines the
mathematical foundation of network theory, then presents the main brain imaging
techniques used for network reconstruction. Finally, it showcases the structure of
brain networks.

2.1 Complex networks: an overview

Network structures are omnipresent in nature, in human creations, and in the human
society itself. We call networks structures of inter-connected elements. In a big city,
multiple subway stations are spatially connected via different train lines, which
make navigating the city possible from any station. In the human society, people
themselves are connected through their social interactions and relationships. In the
brain, billions of neurons connected by synapses communicate with electrical and
chemical signals, and coordinate their activities to perform a large variety of tasks.

2.1.1 Mathematical formalism

Network theory aims to describe complex structures as graphs, where the
elements, called nodes or wertices, are linked through edges (Newman 2010;
Fornito et al. 2016). The network is described as a graph G = (E,V) contain-
ing a set V of vertices and a set E of edges. The set of vertices contains IV elements
indexed from 1 to N: V = {i € [1 : N]}. The set of vertices contains all existing
connections of the graph, E = {(i,5) € [1 : N]?}. The element (i,5) represents a
connection going from a source node ¢ to a target node j. For simplicity, we denote
such connection with i — j.

Graphs might be weighted or unweighted. If weighted, each connection is de-
fined not only by its direction, but also by its specific weight. The strength of the
connections affects how information spreads through the network, creating stronger
and weaker links. Other properties might be attached to network connections, such
as their length. Finally, graphs might be directed, i.e. with directional connections,
or undirected, in which case E necessarily contains both (i,7) and (j,4) with the
exact same properties. Figure 1.3 shows a simple example of weighted, directed
graph.

The adjacency matrix of a network A = (a;;) contains the information of all
connections. Each element a;; is equal to the weight of the connection from node ¢
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to node j. In particular,

a;; = 0 if the connection is inexistent,
a;j =1 if the connection exists and the graph is unweighted, (I.3)

a;; 7 0 if the connection exists and the graph is weighted.

Note that, in the case of an undirected graph, the adjacency matrix is symmetrical.
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Figure 1.3: Basic example of a weighted, directed network. (A) Graph
representation of the network. The color and width of each edge show the weight of
the connection. (B) Adjacency matrix of the network. (C) Matrix representation
of the network.

2.1.2 Local network measurements

Different metrics can be used to quantify the topology of network structures, con-
nections and nodes. The importance of individual nodes regarding different prop-
erties vary depending on the arrangement of the connections they establish with
each others. This section presents several local measurements (Fornito et al. 2016;
Newman 2010), widely used latter on this thesis.

e Degree. The amount of connections leaving (resp. arriving) a node i is given
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by its outdegree deg™ (i) (resp. indegree deg™ (7)):

k=) aji, (I4)
JjeV

JjeV

For an unweighted graph, indegree and outdegree represent a number of con-
nections. However, in the case of a weighted graph, they take the real value
of the total connective strength the node receives or releases. Moreover, for
undirected graphs, kf =k .

Eigenvector centrality. The eigenvector centrality x; is used to quantify the
relative importance of a given node ¢ within the network. From the adjacency
matrix of the network, one can derive a set of eigenvalues {\,} and their
associated eigenvectors {x,} such that:

X, = AX,. (1.6)

For simplicity, let A be the highest eigenvalue, and x its associated eigenvector.
If all the elements of the adjacency matrix are positive, then  only has non-
null elements. For each network node i, the eigenvector centrality is defined
by the i*" element of x:

Xr; = % Z ATy, (17)

JeV

Eigenvector centrality gets higher when a node has more, stronger connections,
especially connections with other central nodes of the network. In a subway
network, stations with high centrality would be big stations, receiving many
train lines, and connecting them to other big stations.

Average shortest path length. The shortest path length [/;; between any
two nodes ¢ and j is the total connective length on the shortest path going
from one to another . We define the average shortest path length of a node 4
as the mean shortest path between 7 and any other node of the network:

1

jev

Note that for [;; to be defined, there has to be a way connecting node ¢ to
node j, therefore the average shortest path length is only suitable for complete
graphs. The lower the shortest path length, the fastest the information goes
from one node to another. For example, when building a subway network
(that is, a graph of interconnected stations), one might want to minimize the
stations’ average shortest path length so the users can easily navigate accross
the city.
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e Clustering. The local clustering coefficient is defined for unweighted graphs.
Let k; = k:“ + k; be the degree of node i. In the case of a directed graph,
ki(k; — 1) edges can exist within its neighborhood. With n; the number edges
that actually exist, the local clustering coefficient is defined as:

N
Ci=—"r. 1.9
ki(k; — 1) (1.9)
Note that, for undirected graphs,
2ni
Ci=—1—-—. 1.10
ki(ki — 1) (£.10)

That is, in a subway network where stations B and C' are the next stop after
station A on their line, clustering would give the probability that there exists
a line directly connecting B and C.

2.1.3 Global network features

Network measurements defined in section 1.2.1.2 only describe the local features of
network nodes. However, global network characteristics arise from the individual
nodes’ topology. Omne can therefore define the clustering C' of a network as the
mean clustering of its nodes, or its shortest path length L as the mean shortest path
length of its pairs of nodes. This subsection lists important global network features,
illustrated in Figure 1.4.

Small-world networks

Small-world networks exhibit both high clustering and low shortest path length
(Watts & Strogatz 1998). Small-worldness is a feature of many real-life networks.
In the brain, structural and functional networks of brain regions show small-world
properties (Liao et al. 2017; Bassett & Bullmore 2016).

A simplistic version of small-world networks can be constructed from a regular
unweighted, undirected lattice of nodes connected to their k nearest neighbors. The
network undergoes multiple random rewiring phases: going clockwise over the lat-
tice, a vertex and the edge to its nearest neighbor are selected. The edge is removed,
and the vertex reconnected to a random node with probability p, without duplicat-
ing any existing edge. This random rewiring is repeated, considering the following
nearest neighbour, until having rewired with probability p all edges of the network.
Choosing p in an adequate range of values, the built network exhibits both high
mean clustering and low mean shortest path length, that is small-worldness.
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Figure 1.4: Graph representation and adjacency matrix of characteristic
networks. (A) Regular lattice network. All nodes have the exact same connectiv-
ity. (B) Small-World (SW) network exhibiting both high clustering and low mean
shortest path length. (C) Random network typically exhibit low clustering and low
shortest path length. (D) Scale-free (SF) network. The node highlighted in red is a
hub of the network, with a significantly stronger connectivity than the other nodes.
(E) Modular network. The different modules highlighted in blue, red and green,
exhibit strong connectivity and few inter-connections.
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Scale-free networks

In scale-free networks, the degree distribution of the nodes follows a power law. The
probability p(k) for a node to be of degree k is such that:

p(k) o< k77, (L.11)

with v € R. In other words, a small portion of the network nodes, called the
network’s hubs, exhibit a way higher degree. The Barabési-Albert model gives a
procedure for the construction of scale-free networks (Barabasi & Albert 1999), by
starting with a small Fully-Connected network of mg nodes then adding one by one
the N — mg remaining nodes, connecting them to the m already present nodes with

probability
k

pv:Z
w

w € [0 : m — 1]. Scale-free networks exhibit nodes with degrees that are several
standard deviations away from the average degree of the network. These highly
connected nodes are called hubs. Note that, however, for smaller networks with size

(1.12)

v
kw’

N < 100, the scale-free property might not be properly observable.

The relevance of scale-freeness in nature is still a debated topic. How-
ever, hub structures are important features of many real-world networks. In
the brain, highly connected areas act as important pathways between differ-
ent parts of the brain, at both structural (that is, linked by physical neuronal
connections) and functional (that is, linked through activation patterns) levels
(Broido & Clauset 2019; van den Heuvel & Sporns 2013).

Modular networks

Modular networks exhibit groups of nodes, called modules or communities, with very
strong internal connections, and sparse inter-connections. Modularity is a key fea-
ture in mammal brains, whose architecture relies on various anatomical regions with
dense intra-connections. Their communication with each others, following different
patterns, ultimately give rise to brain function (Newman 2006; Meunier et al. 2010).

2.2 Brain imaging

A wide range of techniques are in use to map the brain’s structure, and record
cerebral activity. This section briefly introduces common imaging techniques which
will be mentioned later in this thesis, but obviously does not claim to be exhaustive.
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2.2.1 MRI, fMRI: Magnetic Resonance Imaging
MRI

Magnetic resonance imaging (MRI) is a widely used non-invasive tomography tech-
nique, including in brain imaging. It uses a magnetic field along which the hydrogen
nuclei of the brain align, and radio frequency pulses to disrupt their orientation. It
detects the signal emitted by the nuclei when returning to their baseline alignment.
MRI thus builds images of the brain’s anatomy, including veins and capillaries and
white and gray matter (Naidich et al. 2013).

fMRI

Functional MRI (fMRI) uses MRI to capture and map activity patterns of the brain.
Increased activity in brain areas is linked to an increased cerebral blood flow towards
them. Red cells of the blood carry hemoglobin proteins, that can either bind or not
to oxygen molecules, forming oxyhemoglobin (in contrast with deoxyhemoglobin).
The oxygen consumption of active brain areas does not rise proportionally to the
blood flow, leading to an excess of oxyhemoglobin in regions of stronger activity.
fMRI utilizes the dia-(resp. para-)magnetic property of oxyhemoglobin (resp. de-
oxyhemoglobin), leading the hemoglobin proteins to align or not with the magnetic
field. The resulting signals are called blood oxygen level-dependent (BOLD)
signals (Lv et al. 2018).

2.2.2 EEG: Electrophysiological imaging

Electroencephalography (EEG) is a common non-invasive technique used to capture
brain activity. It consists in a set of electrodes placed on the scalp, recording the
electrical potential arising from the firing of surrounding neuronal populations (see.
section 1.1.2.1) (Chaddad et al. 2023). The applications of EEG are numerous, since
it enables real-time brain monitoring, and is a relatively affordable and accessible
system. In particular, it is commonly used for the diagnosis of epilepsy, from the
identification of the epileptogenic zone to seizure spreading patterns through the
brain (Mecarelli 2019).

2.2.3 STP: Serial two-photon tomography

Serial two-photon tomography (STP) is an ex-vivo technique used in neuroscience
for the reconstruction of detailed neural maps of whole brains. It uses two-photon
microscopy to capture fluorescence images of the tissue layer by layer, thus producing
a high-resolution volumetric dataset (Amato et al. 2016).

2.3 Brain structure and function

The brain controls a large variety of functions, from simple tasks such as moving
a finger and breathing to more complex cognitive functions such as thinking. This
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behavior is enabled by the modular organization of the brain, with different brain
areas involved in specific functions. However, brain function does not arise from the
activation of individual areas, but rather from complex patterns of activation across
the brain (Lynn & Bassett 2019; Sporns 2013).

2.3.1 The human brain and the mouse brain

(A) (B)
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Figure I.5: Overview of the principal local brain areas. (A) The human brain
cortex is divided into frontal, parietal, temporal and occipital lobes. (B) Slice view
of the human brain, showing the inner brain structures. (B) Slice view of the mouse
brain.

Figure 1.5 provides an overview of the anatomical regions forming the human
and the mouse brain (Oh et al. 2014; Ding et al. 2020). The cerebral cortex con-
stitute the larger part of the human brain. It is divided into four lobes, each one
containing brain areas involved in specific cognitive, motor and sensory functions.
The frontal lobe contains brain areas responsible for motor function, but also for
speech and complex cognitive functions such as thinking and decision making. The
parietal lobe mostly controls somatosensory functions. The occipital lobe contains
visual brain areas. Finally, the temporal lobe contains the auditory areas, as well
as brain areas involved in language and memory. In the mouse brain, the cortical
structures are way smaller, but are responsible for similar functions.

For both mice and humans, subcortical areas include the thalamus, the hy-
pothalamus and the hippocampus, the latter being a common epileptogenic zone.
The Hippocampal formation (HF) is composed of the Dentate Gyrus (DG), the
Parahippocampal Gyrus, containing the Subiculum (SUB) and the Entorhinal Cor-
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Figure 1.6: Overview of the Hippocampal formation. (A) Anatomical
overview of the Hippocampus. The blue arrows show the performant pathway
through which the information navigate. (B) Circuit representation of the main
connections in mice Hippocampal formation. The black arrows show the main con-
nections between the different areas and neuron layers of the Entorhinal Cortex.
The blue arrows show the performant pathway.

tex (ENTC), and the proper Hippocampus, composed of brain areas CAl, CA2,
CA3 and CA4. The SUB forms a transition area between the six-neuron-layers
composition of cortical areas and the three-layers composition of the Hippocam-
pus. The ENTC acts as way in and out for information coming from the rest of
the brain. Although the different areas share many intricate connections, the in-
formation mostly navigates through the Hippocampus via the performant pathway
forming a loop connecting ENTC — DG — CA3 — CA1 — SUB — ENTC,
as shown on Figure 1.6. Finally, the brainstem contains the midbrain, pons and
medulla, and connects the brain to the spinal cord, enabling the communication
with the rest of the body.

2.3.2 Large-scale brain networks: Structural Connectivity

The brain has a highly complex architecture. The multiple cortical and subcortical
brain areas are composed of neuronal populations sharing intricate connections.
Connectomes aim to describe the structure of the brain by mapping its axonal
connections linking neurons and neuronal populations. Such mapping may describe
the brain at different scales. Micro-scales networks describe brain structure at the
level of individual neurons and synapses. However, the difficulty for mapping these
fine-scale structures, and their precision, make them inadequate for the study of
whole-brain phenomena. On the other hand, large-scale brain networks aim to map
the long-range white-matter tracts between brain regions (Lynn & Bassett 2019;
Sporns 2013).



2.3. Brain structure and function 23

Structural connectivity matrix

The structure of whole-brain networks consists of a set of nodes accounting for local
brain areas, and a set of vertices accounting for the total connective strength linking
the different brain areas. The structure is encapsulated within an adjacency matrix
called the Structural Connectivity (SC) matrix. Other structural information might
consists in a matrix of tract lengths containing the length of the neuronal projections
between brain areas, and a list containing spatial information for each local brain
area.

The Allen mouse brain atlas

The Allen mouse brain atlas is a well-known meso-scale connectome for mice, map-
ping both long-range and local connections. The Allen mouse brain aims to be rep-
resentative of an average mouse brain (Oh et al. 2014). Connections were identified
using anterograde tracing. Sites of stereotactic injection of the tracer were manu-
ally determined and indexed. The tracer was the adeno-associated virus (AAV1)
expressing the green fluorescent protein (GFP). Using serial two-photon tomogra-
phy, GFP signals were obtained and segmented into pixel grids. They enabled the
identification of each injection site’s axonal projections. The connective strength
between a source and a target was then defined by the volume of segmented pixels
in the target, normalized by the volume of segmented pixels of the injection site. A
weight matrix can be obtained by averaging the strength of each connection over
1231 mice brains.

The Allen Mouse Brain SC derived in (Melozzi et al. 2017) contains the connec-
tive strengths between 98 brain regions, indexed from 1 to 98. Figure 1.7 shows the
SC weights in base-ten logarithmic scale for better visualisation. The Allen Insti-
tute neuroimaging analysis consistently involves source regions exclusively situated
in the right hemisphere. The SC matrix used here the left hemisphere’s counterpart
constructed by mirroring the right hemisphere. Originally, the strength of connec-
tions between a given region and another was computed as the average across several
experiments utilizing those specific brain areas as source and target region. The SC
matrix is divided into four blocks, i.e., R-R, R-L, L-R, and L-L (in a clockwise order
from the upper left), symmetries emerge where R-R equals L-L and R-L equals L-R.
This assumption is grounded in the notable lateral symmetry observed in the mouse
brain, as reported in (Calabrese et al. 2015).

2.3.3 Functional Connectivity

Beyond physical connections, the different brain areas are connected through pat-
terns of activation. At rest or while performing tasks, the coherent firing of neuronal
populations even in absence of direct structural connection constitutes a functional
connection.

The Functional Connectivity (FC) matrix of the brain is obtained by calculating
the temporal correlation between BOLD time-series recorded in each brain area
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Figure I.7: Structural connectivity matrix and mouse brain network. (A)
Allen Structural Connectivity matrix. The elements of the matrix show the loga-
rithm of the weight for the connections between any pair of brain areas. Node indices
ranging from 1 to 49 form the right hemisphere (R), node indices ranging from 50
to 98 form the left one (L). (B) Mouse brain network graph. Only connections of
weight higher than 0.1 are shown for visibility reasons. The red nodes indicate the
areas composing the left hippocampus. Note that the left brain hemisphere appears
on the right hand side of our template.

at rest (Bastos & Schoffelen 2016). Let (z4:), (x;:) be the sampled time-series for
brain areas ¢ and j. Their Pearson correlation coefficient is defined as:

i — T (e — T)
V@i = T2 (@i — T5)?

with Z; the average value of the series over time. r = 1 denotes perfect coherence

Tij (1.13)

between the two time-series, while r = —1 denotes perfect anti-coherence and r =
0 shows the absence of coherence. The Functional Connectivity is encapsulated
within the matrix F'C' = (r;;). In practice, individual’s FC is recorded using fMRI.
Numerical models of FC can also be computed based on simulated time-series (see
section 1.4.1.3).

Resting-state functional networks

At rest, brain areas presenting important patterns of coherent activity form the
Resting-State Networks (RSN) of the brain (Seitzman et al. 2019). In mammalian
brains, well-known RSNs include for instance the Default Mode Network (DMN),
but also specific tasks-related networks such as the visual or motor networks. The
disruption of RSNs may be associated with neurological and psychiatric disor-
ders. In Alzheimer’s diseased patients, loss of connectivity was observed in the
DMN, suggesting impaired processing of the information. In patients with mul-
tiple sclerosis, decreased functional connectivity of the primary motor network
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was associated with deterioration in the white matter of the callosum area. Al-
teration of FC might therefore be a consequence of a disrupted brain structure
(van den Heuvel & Hulshoff Pol 2010).



3 Non-linear dynamical systems

Studies and simulations of pathological and healthy brain dynamics rely on mathe-
matical translations of complex phenomena. In this section, we give a brief summary
of the important mathematical concepts of non-linear dynamical systems.

3.1 Dynamical systems: an overview

Dynamical systems theory aims to describe the behavior of complex systems, see
e.g. (Strogatz 2018; Corinto & Torcini 2019; Ott 2002). From well-known physi-
cal systems to more abstracts models for economical markets or human behaviors,
complex systems have applications in a wide range of areas.

3.1.1 Mathematical formalism

Let X be a set of any dimension. A dynamical system is described by a transfor-
mation (Gros 2024):
f:X—X, (I.14)

where X is the set of the possible states of the system, called the phase space. With
discrete time, the function f defines the system’s new state at each iteration. An
initial state of the system xg is called the initial conditions. After n iterations (ie.,
after i time steps), the state of the system is defined by:

X; = fL(Xo). (Il5)

Identically, with continuous time and within a N-dimensional phase space RY | the
system is described by a set of differential equations:

x(t) = d’;ff) = f(x(t)) (1.16)

where x is in RY. More explicitly, x = (21, %2,...,2n), and £ = (f1, fo, ..., fn),
and for all 4 in [1 : N], z,, € R and f; € {f : RY — R}. Equation 1.16 then results
in a set of differential equations:

il(t) = fl(xl(t),a:g(t),...,:I:N(t))

o (t) _=fz(:va(t),wz(t)w~-v$N(t)) (1.17)

in(t) = fnlan(t),zat), ..., on(t)).

In the phase space, a given solution x(t) defines a system’s trajectory.

3.1.2 Non-linear systems

The dynamics of linear dynamical systems can be expressed through linear evolution
functions. In other words, the coupling of the one-dimensional differential equations
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results from a matrix A in RV*N such that:
x(t) = Ax(t), (I.18)
or explicitly:

z1(t) :al,l‘a:l(t)—i-al,g‘xg(t)+...+a17N-xN(t)

i‘g(t) =az xl(t) +azo - xg(t) +...tanN- xN(t) (I 19)

iN(t) =apn, - l‘l(t) +any2 - l‘g(t) +...+annN - :EN(t).

Non-linear systems on the other hand refer to all dynamical systems that can
not be expressed through linear functions. Non-linearity is a very important feature
of dynamical systems, that can give rise to a large repertoire of behaviors. High
sensitivity to parameter variation, initial conditions and external inputs may result
in drastic shifts in the dynamics under very small perturbations.

3.2 Stability and attractors

State bifurcation characterizes systems whose behavior changes, either sponta-
neously or consequently to external causes. The mathematical formalism underlying
bifurcation includes a description of the system’s different behaviors in the form of
attractors guiding the system towards one state or another.

3.2.1 Mathematical formalism

Different regions of the phase space may tend to attract or repel the trajectory of
a system. Let us consider the N-dimensional system as described in equation 1.17.
In the phase space, the trajectory of any of the N solutions #;(t) =0, i € [1 : N]
defines a curve of equilibrium along the ¥ dimension. The intersection of the N
nullclines defines a Fixed-Point (FP) at which the time derivative of z;(t) is zero,
that is:

filx') =0 (1.20)

ie., the system is not evolving and is in an equilibrium state.

The analytical assessment of the stability of a FP requires the linearization of
the equation of motion in its close neighbouring region. With dz; an infinitesimal
variation of the FP along the " dimension:

xi(t) = i (t) + dz;. (L.21)
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Using the Taylor theorem, the flux of the system around the FP is defined as:

. 0 0 0

() ® (G4 g Tt ) g0

. 0 0 0

:L'2<t) ~ (6916? + 8;2 t...F 65;)‘3::%*6'%2 (I 22)

in(t) ~ (G + 94 4 S Jx,

83:1\7)|w:sc*

or more concisely:

d
x(t) = %&c ~ Jox (1.23)
where: _
%‘ %‘ of1 ‘
ox1 le=x* Org lg=a* ~ """ oxn le=x*
Af2 Of2 Ofa

ox1 ‘m:m* Oxo ‘m:m* oxr N ‘m:m*

(1.24)

afn | afn afn

L 071 lz=a* Oxo lg=x* * """ " Ozy lz=x* |

is the Jacobian matrix of the system, evaluated at the FP. The Jacobian matrix
thus determines the direction and form of the flow near the system’s equilibrium.

The Jacobian matrix comes with a set of eigenvalues {\;} and their associated
eigenvectors {e;}, such that Je; = \;e; for all 7 in [1 : N]. Along each dimension ¢,
equation 1.23 therefore is:

d

dt(ser = Je;jox (1.25)
. d
ie. acsxz = N\, (1.26)

and therefore the evolution around a* around the i*" eigendirection takes the form:
dx; = eMit. (1.27)

The set of eigenvalues form the system’s spectrum of Lyapunov exponents. Near the
FP, a positive real part of the Lyapunov exponent Re()\;) > 0 causes the infinitesimal
perturbation dz; to grow exponentially, while a negative value Re();) < 0 causes
exponential decay of the perturbation, attracting the trajectory towards the system.
The corresponding trajectories x;(t) form the stable (when Re();) < 0) and unstable
(when Re()\;) > 0) manifolds of the system.

3.2.2 Stable and unstable attractors

When all Lyapunov exponents of a Jacobian matrix at a FP are positive, then the
FP rejects the system’s trajectory and is said to be an unstable node. When all
exponents are negative, the FP attracts the trajectory, causing the system to reach
and remain on a steady state. In that case, the FP is said to be a stable node
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(Ott 2002; Crawford 1991).

In a bi-dimensional system, common types of unstable FP include saddle nodes
(SN), when Re(A1) > 0 and Re(A2) < 0, at which the trajectory is attracted towards
the FP along one eigendirection, and rejected along the other. Other common types
of attractors include limit cycles, or periodic orbits, that is, closed manifolds of
the phase space. Periodic orbits may be stable, when they attract trajectories from
inside and outside the cycle, unstable, when they repel these trajectories, saddle,
when the attract one and repel the other, or have more complex stability patterns.
Periodic orbits therefore play a key role for the modelization of oscillatory behaviors.

Nodes and periodic orbits are rather simple types of attractors, however high
dimension systems may present more complex ones. In particular, strange attractors
can generate chaotic behaviors. The presence of noise or external stimuli may also
disrupt the system’s stability, generating unpredictable dynamics.

3.2.3 Visualization of the dynamics: phase portraits

To visualize the dynamics of a system, one draws its flux, trajectories and attractors
on its parameter space (see Figure 1.8). Conventionally, stable FP are represented
by full circles, and unstable FP by empty circles. Manifolds follow the directions of
the Jacobian eigenvectors. They may be straight lines, in the case of real Lyapunov
exponents, or curves when the exponents contain a non-null imaginary part. In the
phase portrait, no trajectory can ever cross a manifold. To indicate the direction
and intensity of the flow on the phase space, the vector field shows the gradient of
the system’s flow.

3.3 Bifurcations

In parameter-dependent dynamical equations:

x(t) = f(x(1), ) (.28)

with o € RY, variations of a the control parameter g passed a critical point pe.
may modify the form of the solutions for the dynamical equations. Attractors may
appear, disappear, collide or interact in a more complex fashion. Bifurcation refers
to the transition from one set of attractors to another one (Crawford 1991).

3.3.1 Visualization of bifurcations: bifurcation diagrams

Bifurcation diagrams represent the system’s attractors by showing their position
in the phase space as a function of the control parameter. Conventionally, stable
equilibrium positions are represented by a full line, unstable equilibrium positions
by a dashed line. Figure 1.9 shows a example of a bifurcation diagram.
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Figure 1.8: Phase portrait representation of a dynamical system. Dynam-
ical features are shown on the phase plane (z,y). Dashed lines show the system’s
nullclines. Full (resp. empty) circles represent stable (resp. unstable) attractors.
Namely, the system exhibits one saddle-node and two limit cycles. A vector field
shows the flow of the dynamics. Star markers show the initial position of three
trajectories. The blue, red and green trajectories are shown both as phase portraits
and as time series. Note that on the phase plane, the red trajectory is close to the
system’s manifold.

Saddle-node Bifurcation

Fixed Points x*

He
Control parameter u
Figure 1.9: Bifurcation diagram of a Saddle-node (SN) bifurcation. The
dashed line represents an unstable fixed-point (FP). The full line represents a stable
FP. The bifurcation occurs when the value of the control parameter reaches its

critical value p > p.. Before the bifurcation, the system is free of attractor. After
the bifurcation, the system exhibits both stable and unstable FP.
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3.3.2 Common types of bifurcation

This section presents an overview of common bifurcations. Local bifurcations are
illustrated by their normal form, i.e. simple dynamical equations exhibiting the
bifurcation.

e Saddle-Node (SN) bifurcation occurs when a stable node and an unstable
node collide into a saddle-node past the critical value of the control parameter,
then leaving the system free of attractors (see Figure 1.10 (A)). Saddle-node
on in invariant circle (SNIC) bifurcation occurs when both nodes lie on
a same closed manifold. In that case, their collision results in the creation of
a periodic orbit instead of a saddle-node (see Figure 1.10 (B)). The normal
form of SN bifurcation is the one dimensional equation:

B(t) = p— 22(t), (1.29)

with z(t) € R, p € R. Therefore:

For p > 0, the system has two FP 21 = +,/u
For p = 0, the system has one FP z* =0
For p < 0, the system has no FP.

In one-dimensional systems, the FP stability is simply given by the sign of the
flow #(t) from each side. In the present case, when p > 0:

<0 for z < z*
@(t) ¢ >0 for z € [z*, 2] (1.30)
<0 for z > a7,

and when p = 0:

< 0 fi <z*
;'U(t{ s (1.31)

> 0 for x > z*.

Therefore z* is unstable, 27 is stable and z* is a saddle node.

e Homoclinic bifurcation (HB) results from the collision of a saddle-node
with a growing periodic orbit. As the periodic orbit grows, its trajectory
approaches the SN, until reaching it and colliding into a single limit cycle.
Finally, the limit cycle disappears (see Figure 1.10 (C)).

3.3.3 Network dynamics

Dynamical equations, rather than only describing isolated systems, may incorporate
coupling functions binding the dynamics of multiple subsystems. The embedding
of dynamical subsystems within a network structure may cause the emergence of
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Figure 1.10: Representation of bifurcations. (A) Saddle-Node (SN) bifurcation.
Before the bifurcation, the system exhibits a stable FP and a saddle-node. Both
attractors collide at the bifurcation, ultimately leaving the system free of attractors.
(B) Saddle-Node on invariant circle (SNIC) bifurcation. Before the bifurcation, the
system exhibits a stable FP and a saddle-node, both located on the trajectory of a
limit circle. Both nodes collide at the bifurcation. The system is left with a limit
circle. (C) Homoclinic bifurcation. Before the bifurcation, the system exhibits an
saddle-node and a limit circle. The orbit of the limit circle grows with the control
parameter. Both attractors collide at the bifurcation, and the system is left with a
unique saddle-node.
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unique dynamical features. The dynamics of the network may for example exhibit
specific information diffusion patterns. The individual subsystems’ activities may
also vary coherently. In groups of animals, interactions of individuals underlie collec-
tive motion behaviors (Gomez-Nava et al. 2022; Heffern et al. 2021). In our body,
cognitive, motor or sensory functions emerge from the coherent activity of distinct
brain areas (Chialvo 2010).



4 Models of healthy and epileptic brain
activity

In this section, we present three models of brain dynamics. These models describe
the complex neural phenomena mentioned in section 1.1, within the mathematical
framework introduced in sections 1.2, I.3. We discuss a model for resting state
dynamics, as well as two models for seizure dynamics at macro and micro scales.

4.1 The Wong-Wang model

The Wong-Wang model (Wang 2002) was developed to model a visual discrimination
task with two alternatives, namely, looking left or looking right. The model takes
as its basis cognitive studies of monkeys, where the monkeys’ reaction time was
correlated with the ramping of spiking activity in the lateral intraparietal cortex
(LIP).

4.1.1 Reduced set of dynamical equations

The more straightforward model for neuronal populations would consist in a set of
equations describing each neuron’s membrane potential. A single neuron, equipped
with excitatory AMPA and NMDA receptors and inhibitory GABA-A receptors, is
described by a leaky integrate and fire (LIF) model:

c, ) _ o vy - )

dt
_ gAMPA,ext(V;(t) o VE)SAMPA,emt (t)

Ng
— gantparec(Vi(t) = Vi) Y wygs M PATe()
o~ (1.32)
Vi(t) — Vi
- gNMDAL) Z wijséVMDA(t)

1+ Ae BVit) 4
7j=1

— gaapa(Vi(t) = V) > wis§APA(1),

with C), the membrane capacitance, ¢g,, the leak conductance, and Vi the rest-
ing potential of the cell. The conductances and populations labelled AM PA, ext,
AMPA, rec, and NM DA describe external excitatory inputs, recurrent excitatory
inputs and excitatory inputs exhibiting voltage-dependent gating, respectively. Fi-
nally, geapa and sgapa parametrize the inhibitory inputs. V;, Vg are the inhibitory
and excitatory reversal potentials, respectively.

The Wong-Wang model consists of four neuronal populations interacting with
each others: one inhibitory, one non-selective excitatory, and two selective excitatory
populations, labeled 1 and 2, accounting for the two alternative solutions for the
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Figure 1.11: Schema of the reduced Wong-Wang model. Two populations of
excitatory neurons communicate via NMDA and AMPA coupling (J4, Jy respec-
tively). The two populations receive inputs from inhibitory neurons.

discrimination task. The reduced model (Wong & Wang 2006) uses the mean-field
(MF) approach along with further reductions to obtain a set of only two differen-
tial equations. In a large homogeneous neuronal population, the collective influence
of all individual components is approximated by a single averaged field. This ap-
proximation replaces the complex, high-dimensional interactions with a simplified
effective field, allowing for a more tractable analysis of the system’s macroscopic
behavior.

Synaptic currents are assumed to be constant, and the contribution of recurrent
connections to the dynamics of the membrane potentials is assumed to be minimal.
Further reductions include the assumption that the activity of the non-selective
neurons is constant, and that the dynamics of AMPA and GABA receptors are
negligible compared to the slow dynamics of NMDA receptors. Finally, the system
resumes in a set a two equations for the dynamics of the NMDA synaptic gating
variables S of each selective excitatory population:

ds; S;

a + (1 — Si)vH (), (1.33)
ar; — b
H(z;) = , 1.34
(:) 1 — exp(—d(az; — b) (1:34)
where

1 = JN1151 — In2152 + 11 + Lo + Tnoise,1 (1.35)
2 = JIn 2252 — In1251 + 1o + 1o + Lnoise,2- (1.36)

H(z;) is the average firing rate of population i, Jy;; (resp. Ja;;) is the coupling
constant from population i to j mediated by NMDA (resp. AMPA). I accounts for
the mean external inputs, and I; and I5 represent visual stimuli.
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4.1.2 Biased and unbiased stimulus dynamics

The stimuli received by the two selective neuronal populations of LIP cortex from
Middle Temporal area encode visual motions. They are expressed through:

/

C

I = ex 1 A I

1= Jaeatpo(l+ 755) (1.37)
¢

I, = JA,e:ct,UJO(l - ﬁ), (1.38)

with po the stimulus strength, and ¢ the percentage coherence. ¢’ is an important
feature in the model for visual discrimination task, for it contains potential bias in
the monkey’s field of vision. Briefly, any movement occuring on its left will make

the subject more likely to look on the left.

The intersection of the two nullclines d(% =0and % = 0 infers on the system’s
attractors. The phase space (r1,7r2) of mean firing rates are expected to be similar
to the phase space (S1,S2). In the absence of any stimulus, the system exhibits two
unstable and three stable FP. The trajectory either reaches the spontaneous state
where the firing rate of both populations remains low, or one of the two mnemonic
persistent states where one of the populations produce self-sustained spiking activity

(Wong & Wang 2006).

Unbiased system

With ¢ = 0, the system is not biased and only exhibits one saddle-node and two
stable FP, corresponding to the two mnemonic persistant states. The two basins of
attraction therefore leads the trajectory on either of the two steady state where one
population exhibits high spiking activity, see Figure 1.12.

Biased system

When increasing the coherence percentage, the phase space of the system looses its
symmetry, with one basin of attraction larger than the other. At high values ¢/, the
SN collides with one stable FP, so that the system is left with a single attractor, see
Figure 1.13.

4.1.3 The reduced Wong-Wang model for resting state

In (Deco et al. 2013), the authors used the Wong-Wang model described above to
study the resting-state functional connectivity of brain networks. Local brain areas
are modelled with one Wong-Wang system and embedded within a large-scale net-
work. The mean firing rate H(z;) and mean synaptic gating variable of area i are
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Figure 1.12: Random choice with stimulus at zero coherence. (A) Phase-
plane without stimulus. Black circles, Stable steady states (attractors); gray circles,
saddle-type unstable steady states. The green and orange lines are the nullclines
for the synaptic dynamical variables S1 and S2. (B) With an unbiased stimulus
of 30 Hz, the two unstable steady states together with the low stable steady state
disappear, and a new symmetric unstable steady state is formed. The black line with
arrows toward (away) from the saddle point is the stable (unstable) manifold of this
saddle point. The stable manifold is exactly the boundary between the two basins of
attraction of the two choice attractors (when there is no noise). Superimposed are
two typical single-trial trajectories (blue and red lines) of the state of the system from
simulations. From: Wong, K., Wang, X. (2006) A Recurrent Network Mechanism
of Time Integration in Perceptual Decisions. Journal of Neuroscience, 26 (4)1314-
1328; DOI: 10.1523/JINEUROSCI.3733-05.2006. Licensed under CC BY 4.0.
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A Without stimulus B c’=64%
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Figure 1.13: Basins of attraction with stimulus at nonzero coherence (¢ >
0%). (A) Phase-plane without stimulus. (B) The stable manifold is tilted away
from the spontaneous state and toward the less favored attractor when ¢’ is nonzero
(6.4%). As a result, at the onset of stimulus, the system starts in a resting state
that has a higher chance of falling in the basin of attraction of the favored attractor
state. The blue and red lines are typical single-trial trajectories for correct and error
choices, respectively. (C) Stronger bias between the basins of the two competing
attractor states with a larger ¢ (51.2%). (D) When ¢’ is sufficiently large, the saddle
steady state annihilates with the less favored attractor, leaving only one choice
attractor ¢ = 100%. From: Wong, K., Wang, X. (2006) A Recurrent Network
Mechanism of Time Integration in Perceptual Decisions. Journal of Neuroscience,
26 (4)1314-1328; DOI: 10.1523/JNEUROSCI.3733-05.2006. Licensed under CC BY
4.0.
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described by:
as; S

at - n (1= Si)vH (2;) + ovi(t) (1.39)
ar; — b
H(zi) = 1.4
z; = wINS; + GJIn Z Ciij + I, (1.41)

J

with w the local excitatory recurrence, c¢;; the strength of the structural connection
from local area i to 7, and G a global coupling strength. Jy is the synaptic coupling
of NMDA receptors, Iy the external input. The kinetic parameters are 75 and . The
parameters for the input-output function H are a, b and d. v;(t) denodes Gaussian
white noise with amplitude o. Depending on the tuning of G, the system exhibits
a multistable regime, with both high-activity and low-activity steady states.

Reproduction of FC matrices

To produce simulated FC matrices, the synaptic activity time-series are converted
into simulated BOLD signals, using the Balloon-Windkessel hemodynamic model
as decribed in (Friston et al. 2000; Friston et al. 2003). The Balloon-Windkessel
model describes how neuronal activity in the brain triggers a cascade of physiological
responses, utlimately leading to observable BOLD signals in fMRI. Synaptic activity
increases vasodilation, which in turn affects blood flow and the volume of blood in
the brain region, as well as the quantity of deoxyhemoglobin. This is captured by a
series of differential equations that model blood volume, deoxygenation, and blood
flow dynamics. The resulting changes in blood oxygenation and volume are then
translated into a BOLD signal.

4.2 The Epileptor model

While biological-based models explain phenomena by focusing on underlying bio-
logical mechanisms, aiming to understand how systems function at a mechanistic
level, phenomenological models focus on describing observed patterns and behav-
iors without delving into the biological details. In (Jirsa et al. 2014), the authors
identify the main dynamical features of epileptic seizure, then develop the Epileptor
model, a phenomenological model for seizure dynamics.

4.2.1 The common patterns of seizure dynamics: coupling fast and
slow subsystems

In-vivo EEG recordings of epileptic patients as well as in-vitro models of epilepsy in
mice and zebrafish exhibit common activity patterns during seizures. Bursting, com-
posed of an alternation of silent and active periods during which fast discharges are
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produced, operate on a short time scale. Spike and wave events (SWE), characteris-
tic of excitable systems, produce large amplitude spikes followed by slow refractory
periods, operate on a longer time scale.

Dynamical systems may exhibit a large variety of bursts, classified according to
the type of bifurcation leading from equilibrium to oscillations (either SN, SNIC,
supercritical Hopf or subcritical Hopf bifurcations), and the type of bifurcation
leading from oscillations to equilibrium (either SNIC, homoclinic, supercritical Hopf
or fold cycle bifurcations). Each bifurcation comes with specific patterns of variation
of the frequency and amplitude of the discharges. In the recordings of in-vitro and
in-vivo epileptic seizures, the abrupt apparition of discharges with a shift in DC
currents indicates the presence of SN bifurcation at seizure onset. At seizure offset,
the logarithmic scaling of the interspike interval approaching bifurcation, and the
shift of DC currents, indicate the presence of a homoclinic bifurcation.

The general activity patterns of seizures identified experimentally are repro-
duced in the phenomenological Epileptor model by coupling subsystems operating
at distinct time scales:

e A model of bursting mimics the fast discharges, using two state variables
(xlayl)'

e A model of spiking neuron mimics the relatively slow SWE, using two state
variables (z2,y2).

e A unique state variable z, called slow permittivity, is used to couple the fast
and slow subsystems (z1,y1) and (z2,y2). The dynamics of z is way slower
than the one of any other state variable and its evolution guides the system
through state bifurcations. Although z does not have any biological meaning,
its process accounts for slow processes in the brain, such as extracellular ionic
concentrations or extracellular ATP concentration.

In addition, coupling functions fi(z1,22) and fo(x1,x2) are used to manage the
possible embedding of bursts and SWE.

i1 =y — filz1,22) — 2+ I, (1.42)
g1 =1- 5z —yi, (1.43)
L r(4(xy —x0) — 2 —0.127) if 2 <0, (1.44)
r(4(x1 — zo) — 2) if z >0,
G = —yo + x2 — 23 + I + 0.002g(z1) — 0.3(2 — 3.5), (L.45)
. 1
g2 = —(=y2 + fal2)), (1.46)

g(z1) = —0.01(g — 0.121), (1.47)
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where
323 — 22 if 1 <0,
filz,ae) =41 1 o (1.48)
(xa —0.6(z —4)%)xy if x1 >0,
and
0 if 29 < —0.25,
fa(x2) = o (1.49)
6(x2 +0.25) if zo > —0.25.

Gaussian white noise may be added to equations (I.45) and (1.46) to act as a
physiological seizure trigger. xo — x7 mimics the evolution of the potential of the
brain area during rest and epileptic seizures. For this thesis, following the work of
(Melozzi et al. 2017), the parameters of the system are set at Iy = 3.1, Is = 0.45,
r = 3.5.107%, 7 = 10 s. Additive Gaussian white noise has standard deviation
o = 0.0025.

4.2.2 Tuning the system’s excitability
Bifurcation diagram of the Epileptor

The dynamics of the Epileptor is extensively discussed in (Jirsa et al. 2014;
Houssaini et al. 2020; Saggio & Jirsa 2024). For the analysis of the dynamics of
the Epileptor model, the slow evolving variable z is used as the control parameter.

With the setting provided by (Melozzi et al. 2017), the system exhibits an un-
stable FP at the centre of a stable limit cycle with decreasing orbit, a stable FP
and a saddle-node. Figure [.14 shows the corresponding bifurcation diagram, re-
produced from (Houssaini et al. 2020). At z &~ 2.8, the stable FP and the saddle
node collide through a SN; bifurcation. At z = 4.2, the unstable attractors collide
through a SNy bifurcation. Above the unstable FP, the system exhibits two saddle
nodes and a stable FP. With decreasing values of z, the stable foci collides with
the saddle-node through a SNIC bifurcation (see section 1.3.3.2). With increasing
values of z, the stable foci and the saddle-node collide through a SNg3 bifurcation.

In the absence of noise, the slow permittivity of the system repeatedly decreases
during the interictal phase, then increases during the ictal phase (that is, during
the epileptic seizure). The interictal phase corresponds to healthy spiking activity
where the system remains on the stable FP. Seizure onset occurs at SN1, where the
trajectory is attracted by the limit cycle and the system starts generating bursts.
At the SNIC bifurcation, the limit cycle collides with the stable FP and the system
shortly remains on a stable position corresponding to an ictal active resting state,
before reaching back the original stable position at SNj.

The same alternation of interictal and ictal phases occurs in noisy systems.
However, during the ictal phase, the noise allows the trajectory to explore the phase
space around the limit cycle. Seizure offset occurs before expected through a homo-
clinic bifurcation, when the trajectory crosses the saddle-node within the interval of
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Figure I.14: The Epileptor model bifurcation diagram. Z-lower, Z-middle, and
Z-upper branches consists of stable nodes, saddles, and unstable foci. Key bifurca-
tions include SN1 (Z-lower and Z-middle branches collide), SN2 (upper sub-branches
merge), and SNIC (upper and lower branches collide). Deterministic trajectories il-
lustrate two basins of attraction separated by a saddle orbit. From: Kenza El Hous-
saini, Christophe Bernard and Viktor K. Jirsa. The Epileptor Model: A Systematic
Mathematical Analysis Linked to the Dynamics of Seizures, Refractory Status Epilep-
ticus, and depolarization Block. eneuro, vol. 7, no. 2, 2020. DOI: ENEURO.0485-
18.2019. Licensed under CC BY 4.0.
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Figure I.15: Epileptor time-series. Time-series of (A) an epileptogenic Epileptor,
with epileptogenicity g = —1.6, and (B) a non-epileptogenic time-series, with
xg = —2.1. In blue we show xo — x1, in red we show the slow permittivity z as a
function of time.

The value of the epileptogenicity parameter xy acts on the system’s distance
to bifurcation, and therefore on its ability to produce spontaneous seizures. Fig-
ure [.15 shows representative time-series of the Epileptor exhibiting epileptic and
healthy activity. Below the critical value zg. ~ —2.06, the slow permittivity re-
mains constant over time outside of the bistability region, and the system therefore
remains in a healthy state where no bursting is produced. For higher values of
xg, the Epileptor follows the trajectories described above with the production of
spontaneous seizures.

4.2.3 Coupled Epileptors

Linear coupling term

Multiple Epileptors might be coupled within a network with the addition of a
coupling term to the expression of the slow permittivity evolution (equation 1.44)
(Proix et al. 2018; Vattikonda et al. 2021). In a network of N coupled Epileptors,



44 4. Models of healthy and epileptic brain activity

the dynamical evolution of node 7 is:

1 =y — fi(zr,2204) — 2z + I, (1.50)
Yi=1- 533%,1’ — Ylis (L.51)
5= 7"(4(.%1,1' — :UO,i) — 2 — O.IZZ) + sz Cij(wl,i — ij) 1f zi <0, (1.52)
7"(4(1‘1,7; — l’oﬂ') — Z) + sz Cij(l'l,i — l’l,j) if z; >0,
i‘Qﬂ‘ = —Y2; + x2,4 — SC%}Z- + IQ + 0.0029(1‘171) — 03(22 — 35), (153)
. 1
Yo,i = ;(_yQ,i + fa(z2,4)), (L.54)
g'(xu) = —0.0l(g - 0.1%171'), (1.55)
where
33, — a2, if 21, <0,
fi(z1,2,) = Lo ) b (1.56)
(.13271' - 06(2Z - 4) )xl,i if fEl,i 2 O,
and
0 if x9,; < —0.25,
fa(z2,) = . > (L.57)
6(z2,; +0.25) if 9 > —0.25,

with ¢;; the strength of the connection from node j to node i, and K = 0.2 a global
coupling strength.

The additive coupling term K}, ¢;j(z1,; — 1,;) represents the total synaptic
inputs received by brain area i from other parts of the brain. If brain region i is at
rest, adjacent areas already recruited in a seizure (that is, with 1, > x1,) tend to
decrease the slow permittivity of area i, ultimately bringing the system to seizure
onset.

Other structural features can be embedded within the Epileptor model. The
tract length of each connection can be taken into account through small time delays
in the coupling 7;;, so that the additive coupling term is:

K Z cij(xl,i(t — Tij) — {L'Lj). (1.58)
J

Epileptogenic and Propagation Zones

The network of Epileptors can be divided into two groups of nodes:

e Epileptogenic nodes forming the Epileptogenic Zone (EZ), with zg;cpz >
To,c, generating spontaneous seizures.

e Non-epileptogenic nodes forming the Propagation Zone (PZ), with
Zoiepz < 0., unable to generate spontaneous seizures. These nodes can
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however be recruited in a seizure if they receive external stimuli or inputs
from other nodes.

4.2.4 Simulation of seizure propagation
Virtual Epileptic Patient

The Epileptor model has been used in a clinical context to reproduce the propaga-
tion pattern of epileptic seizures in the brain of individual patients. The patient’s
connectome was reconstructed using personnal imaging data. The coupling of spe-
cific brain regions could be adjusted to reflect the effect of structural abnormalities
in their brain. The epileptogenicity of the different brain regions was set according
to clinican expertise and data fitting. The brain model was able to adequately re-
produce the propagation of the seizure in the patient’s brain, thus creating a Virtual
Epileptic Patient. Individual models for epileptic brains open the path for a better
understanding of the mechanisms underlying epilepsy, but also for new approaches
for presurgical evaluation.

Using systematic exploration of parameters and data fitting, the Epilep-
tor model prove to be useful in patient’s EZ assessment, by identifying brain
regions with high likelihood to generate seizures (Makhalova et al. 2022). In
(Jirsa et al. 2016; Hashemi et al. 2020), the authors build a probabilistic framework
to generate patient-specific epileptogenicity maps, thus providing a helpful tool for
the identification of critical brain regions.

Patient-specific brain models of epilepsy also allow the clinicians to test for dif-
ferent resection options before proceeding to surgical interventions. Various studies
showed the advantage of preferentially removing nodes and connections based on
their centrality and their location in modular brain structures, rather than remov-
ing entire brain areas or equivalent amount of random connections in the same areas.
More precisely, highly connected nodes, as well as nodes and edges connecting the
different modules of the brain, were identified as good candidates for resection pro-
cedures (An et al. 2019; Nissen et al. 2021).

Virtual Mouse Brain

The Epileptor model has also been used to mimic seizure propagation in mouse brain
using the Allen institute’s structural connectivity for mice (Melozzi et al. 2017). It
provided promising results, with simulated seizure spreading patterns similar to
experimental observations. The so-called Virtual Mouse Brain (TVMB) is further
detailed in section 1.4.4.1.

4.3 Biophysical model of seizures at the neuron level

With the aim of bridging the dynamics of the phenomenological Epileptor model
(see section 1.4.2) with biology-based models, (Depannemaecker et al. 2022) builds
a biophysical model of single neuron for the simulation of seizure-related activity.
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4.3.1 Biophysical description of slow-fast neuronal activity

The biophysical model describes the ionic exchanges between the intracellular and
extracellular spaces (ICS, ECS) of a neuron immersed within an external bath. Ions
flow between the ICS and ECS through the sodium-potassium pump and the sodium,
potassium and chloride voltage-gated channels (see Figure 1.16). The external bath
acts as a potassium buffer.

The model consists in a slow-fast dynamical system. Eqgs. 1.59 and 1.60 are
derived from Hodgkin-Huxley (HH) type models for single neuron dynamics, and
constitute the fast subsystem governing the membrane potential and potassium
conductance gating variable:

%/ = —Clm (It + Ina + Ik + Tpump) (1.59)
% _ ”oo(‘;)—" (L.60)
R - 2 (1~ 2hme) (1.61)
Ao — (1Ko [K0). (L62)

where the currents and gating variables are expressed through:

Ing = (gNat + GNamoo(V)h(R)) <v — 96.6410g [[%ZD (1.63)

Ik = (9K + grn) (v — 26.641og [[?]) (1.64)

Ici = gau (v + 26.64 log [[gll]]> (1.65)
Toume = P17 (;(;1 “INa)) 1+ exp(51.5 “ &) (1.66)
meeV) = T enp (1181(—19 —V)) (L67)
mee(V) = 0 (1121(—24 —V)) (1.68)
h(n) = 1.1 — ! (1.69)

1+ exp(—8(n —0.4))’

with [Kpatn the potassium concentration in the external bath, [X]; (resp. [X],) the
intracellular (resp. extracellular) concentration of ion X, and gx (resp. gx,;) the
conductance (resp. leak conductance) governing the ability of ion X to actively and
passively pass across the membrane.

Following the principle of electroneutrality, the membrane potential of the neu-
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Figure [.16: Dynamics of the biophysical model of neuronal activity. Qual-
itative mode of behavior of the membrane potential and Nernst potentials. In blue:
time series of the membrane potential V,,, for the following patterns of activity: (a)
ST, (b) TS, (c) Bursting, (d) SLE, (e) SIA, (f) DB. In red: Nernst potential of
sodium. In green: Nernst potential of potassium. Specific patterns of activities
start to appear with a diminution of the Nernst potential of sodium and an increase
of the Nernst potential of potassium. From: Depannemaecker, D., Ivanov, A.,
Lillo, D., Spek, L., Bernard, C., & Jirsa, V. (2022). A unified physiological frame-
work of transitions between seizures, sustained ictal activity and depolarization block
at the single neuron level. Journal of computational neuroscience, 50(1), 33-49.
https://doi.org/10.1007s10827-022-00811-1. Licensed under CC BY 4.0.
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ron is expressed through:

oo I.
dt Cmy < dt + dt + dt (L.70)
and therefore:
Cmy
A[K]Z-FA[NCL]Z —i—A[Cl]Z = (V— Vb), (1.71)
Wi
with CU’J—’? ~ 0, and therefore:
A[K]; + A[Nal; + A[Cl]; = 0. (1.72)

Further assuming the concentration of chloride is constant, the model considers:
A[]VCL]Z = —A[K]Z (1.73)
Variations of the ionic concentrations in the ECS are then expressed through:

AlNal,
AlK],

—BA[Na]; (1.74)
—BA[K]; (L.75)

Finally, the potassium and sodium concentrations are:

(K] = [K]io + A[K]; (1.76)
[Nal; = [Nali o + A[Na; (1.77)
[Nalo = [Naloo + A[Nal, (1.78)

(Ko = [K]oo + A[K], + [K]y, (1.79)

with 8 € R and [X]; o (resp. [X]o0) the initial ionic concentration of ion X in the
ICS (resp. ECS).

The opening of the KT channels is governed by the activation variable n. The
dynamics of n is described in equation 1.60, and depends on n, (V) the probabil-
ity of a KT channel being open at membrane potentiel V', and on its activation
time constant 7,,. Similarly, the Nat channel opening (resp. closing) variables mqo
(resp. h) are treated as instantaneous functions of the membrane potential and
tuned to fit mammalian neuron behavior. The slow subsystem (Egs. 1.61, 1.62) de-
scribes changes in intracellular potassium concentration and extracellular potassium
buffering.

4.3.2 Activity patterns

By gradually increasing the external bath concentration of potassium ions [K]path,
the model sequentially presents the following activity patterns: resting state (RS),
spike train (ST), tonic spiking (TS), bursting, seizure-like events (SLE), sustained
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ictal activity (SIA) and depolarization block (DB) (see Figure 1.16).

4.4 Simulation framework

This section gives a brief presentation of the framework used in this thesis. The
Virtual Brain (TVB) is used for the simulation of macro-scale brain networks. Arbor
is used for the simulations of micro-scale networks. Both TVB and Arbor are open-
source software.

4.4.1 The Virtual Brain (TVB)

The Virtual Brain (TVB) framework (Sanz Leon et al. 2013; Sanz-Leon et al. 2015)
was designed for the integration of large-brain networks dynamics. It provides both
a Python setup for theoretical and computational neuroscience-oriented work, and
a platform with a visual interface offering more accessibility to healthcare profes-
sionals. TVB provides an implementation for multiple mean-field models such as
the Wong-Wang and the Epileptor models, while allowing the user to easily tune
the model’s parameters, noise, coupling and integration. It also provides a large
variety of tools, such as hemodynamic models to link simulated neural activity to
simulated BOLD signals. Finally, TVB contains multiple sets of imaging data. For
instance, TVMB (Melozzi et al. 2017) incorporated tools and data from the Allen
Institute, providing the user with mouse brain structural connectivity features (see
section 1.2.3.2) and MRI-based templates.

4.4.2 Arbor

Arbor (Akar et al. 2019) is a new-generation neural simulation library suitable for
simulating single neurons and neural networks with reduced or detailed neural mor-
phology. It is particularly optimized for speedy, energy-efficient simulations by lever-
aging GPU resources. Among others, it provides tools for the description of detailed
neuron morphology, as well as models of neuronal and synaptic dynamics, and probe
mechanisms to monitor multiple properties, such as spiking, membrane potential,
ion channel activity, etc. As for TVB, Arbor is highly flexible for the user to tune
the simulation setups.

4.4.3 Specific Python libraries

For network analysis, we used the NetworkX open-source Python library
(Hagberg et al. 2008).
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Introduction

Complex networks’ theory is a powerful tool in various fields that allow us to in-
vestigate and understand the real world (Barrat et al. 2008; Nicolis & Nicolis 2012).
For example, different ensembles of neurons connected by synapses coordinate their
activity to perform certain tasks (in biology), infrastructures like the Internet are
formed by routers and computer cables and optical fibers (in hardware communi-
cation) and the human personal or professional relationships (in social sciences) to
name a few (Dorogovtsev & Mendes 2003).

Nonlinearity is a very important feature in complex systems giving a rich reper-
toire of different activity patterns, such as stable, unstable, periodic etc. A modifica-
tion of some parameter might also produce a change in their stability, and therefore
in the dynamics of the system. Furthermore, such systems may have a high sensi-
tivity to initial conditions, or to any external input, that could completely change
their dynamics (Strogatz 2018).

Such dynamics often yield to a self-organised coherent activity, i.e. to synchro-
nization. The latter can be loosely defined as the capacity of different oscillat-
ing objects to adjust their rhythm due to their interaction and plays a key role
in a large variety of systems, whether biological, physical, or even social (see e.g.
(Pikovsky et al. 2001)). In a more formal way, synchronization emerges from the
interaction of several autonomous oscillators, also called self-sustained oscillators.
That is, nonlinear dynamical systems that produce oscillations without any need of
external source. Their dynamics is given by a nonlinear differential equation or, in
the case of multiple coupled oscillators, by several coupled differential equations.

The relative way that autonomous oscillators are connected within a given
network can affect their global activity and synchronization properties. Neu-
ral networks can be represented as a graph of connections between the different
neurons. Since the introduction of small-world networks and scale-free networks
(see e.g. (Watts & Strogatz 1998; Barabasi & Albert 1999)), the field of network
graph analysis has attracted the attention of many studies aimed to better under-
stand complex systems (see e.g. (Jeong et al. 2000; Strogatz 2001; Li & Cai 2004;
Bassett & Bullmore 2016; Berry & Quoy 2006)). Furthermore, modern network
connectivity techniques allow us to capture various aspects of their topological or-
ganization, as well as to quantify the local contributions of individual nodes and
edges to network’s functionality (see e.g. (Sporns 2010)).

In neuroscience, synchronization plays a very important role. The human brain
is a very large and complex system whose activity comprises the rapid and pre-
cise integration of a gigantic amount of signals and stimulus to perform multi-
ple tasks (see e.g. (Sporns 2010; Chialvo 2010; Fornito et al. 2016)). One ex-
ample occurs in epileptic seizures, where periods of abnormal synchronization in
the neural activity can spread within different regions of the brain, and cause
an attack in the affected person (see e.g. (Wong et al. 1986)). More examples
are found in other brain diseases such as Parkinson disease, where an exces-
sively synchronized activity in a brain region correlates with motor deficit (see
e.g. (Brown 2003; Manos et al. 2021) and references therein) or tinnitus (see e.g.



52

(Eggermont & Tass 2015; Manos et al. 2018a; Manos et al. 2018b) and references
therein).

In this chapter, we focus at a rather theoretical framework. We set out to inves-
tigate the impact of different network architectures, such as Fully-Connected, Ran-
dom, Regular ring lattice graph, Small-World and Scale-Free in the global dynamical
activity of a system of coupled Kuramoto phase oscillators (Kuramoto 1984). The
Kuramoto model has been broadly used to study various types of oscillatory complex
activity, see e.g. (Acebron et al. 2005; Rodrigues et al. 2015; Popovych et al. 2021)
(to name only a few) and references therein. Our goal is to investigate the impact of
the network (graph) structure in the system’s global degree of synchronization when
applying identical and fixed external stimulus to different subsets of nodes which
are chosen according to various network connectivity criteria.

In the context of this thesis, this work aims to gain a better insight on certain
dynamical properties occurring in such complex networks. We set up and implement
graph theory tools, and study a first case of complex dynamics using a simple model.
We discuss network effects, in particular spontaneous and forced synchronization,
and demonstrate the impact of network structures on global dynamics.



1 Kuramoto model and network
structures

1.1 Network configurations

1.1.1 Network types

In this chapter, we study the dynamics of phase oscillators coupled via binary (that
is, unweighted), undirected graphs G = (V, E'), containing a set of N vertices. Let
A = (c;j) be the corresponding adjacency matrix, with ¢;; = ¢j; = 1 if there is a
connection between node i and node j, 0 otherwise. Self-connections are excluded,
so ¢;; = 0 for any vertex 1.

We investigate synchronization properties in various network configurations that
exhibit in general different characteristics. In more detail we here employ the neural
networks described in the following list (see e.g. (Watts & Strogatz 1998)):

e Fully-Connected networks. They contains (N —1)? edges connecting every
node in one layer to every node in the other layer.

e Regular networks. They consist of a lattice of N nodes, each being con-
nected to their k£ nearest neighbors.

e Small-World networks. The Small-World network is constructed from a
Regular one after multiple random rewiring phases described in section 11.2.1.3.
The rewiring occurs with probability p = 0.2. The resulting network exhibits
both high mean clustering and low mean characteristic path length, that is
small-worldness.

e Random networks. Using the same procedure as for Small-World networks,
setting p = 1 produces a Random graph, with all edges being systematically
randomly rewired.

e Scale-Free networks. The Scale-Free network is built following the
Barabéasi-Albert model (Barabasi & Albert 1999), described in section I1.2.1.3,
with initial size mg = 5. Scale-free networks exhibit nodes with degrees that
are several standard deviations away from the average degree of the network.
These highly connected nodes are called hubs.

Figure II.1 provides a visual representation of the above mentioned graphs. Note
that for visualization purposes we here show only a small fraction of the actual
networks that we use later in our simulations where the number of nodes is set be

N = 500.

1.1.2 Connectivity measurements

In this chapter, we characterize the nodes using their local clustering coefficient,
average shortest path length (called shortest path length here for simplicity), and
eigenvector centrality, as defined in section I1.2.1.2.



54 1. Kuramoto model and network structures

(A) Fully-Connected

(C) Regular (D) small-world

Figure II.1: Network graphs. Small graphs of size N = 20 showing the different
network structures: (A) Fully-Connected graph, (B) Scale-Free graph with initial
size mg = 5, (C) Regular graph with node degree k = 4, (D) Small-World graph
with initial node degree k = 4 and rewiring probability p = 0.2 and (E) Random
graph with initial node degree k = 4. See text for more details.

1.2 Coupled Kuramoto oscillators

1.2.1 The Kuramoto model

The Kuramoto model aims to describe the dynamics of a population of N self-
sustained oscillators, coupled within a network structure. Autonomously, each os-
cillator rotates around a unit circle with a frequency w;, ¢ € [1 : N]. In this chapter,
the oscillators’ respective frequencies w; are drawn from a Lorentz probability distri-
bution g(w) of scale parameter v = 0.5, centered in xyp = 1. The Kuramoto models
gives the evolution of the phase of the oscillators:

éi =w; + Z Fij((gj —6,), (IL.1)

where 6; denotes the phase of the i—th oscillator, and I';;(6; — ;) denotes a coupling
function linking oscillators ¢ and j. The simpliest case for a system of coupled
oscillators corresponds to a fully-connected unweighted network, with a sinusoidal
coupling so that:

. K .
bi = wi+ > sin(0; — 0;), (11.2)
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where K is a constant global coupling strength. A general form of the latter coupling
functions, adapted for more complex network architectures, is:

. KX
0; = w; + k: ]:Zl cijsm(ﬁj — 02), (H.?))

with k; the degree of node 7, and ¢;; the strength of connection from node ¢ to node
j-

1.2.2 Spontaneous synchronization

The synchrony of a system denotes a state of coherent activity. The system’s degree
of synchrony is measured using its order parameter r (Kuramoto 1984):

. 1 M
ret = =3, (IL4)
=1

where ¥ denotes the population’s mean phase. The order parameter r tends
to | r |= 1 for a perfectly synchronized population, and » = 0 in the ab-
sence of synchronization respectively (see Figure I1.2 (A), (B) for representa-
tions of synchronized and unsynchronous populations). The system’s degree of
synchrony depends on the coupling strength’s relative position to a critical cou-
pling strength K., whose value depends on the network configuration (see e.g.
(Mirollo & Strogatz 2007; Chiba et al. 2018)). At K < K., the system is desyn-
chronized and all oscillators rotate at their own natural frequency. At K = K.,
the system undergoes a pitchfork bifurcation corresponding to a phase transition
between desynchronization and synchronization. With a strong global coupling, the
oscillators show a self-organized coherent activity. Here, we set this value at K = 0.2
so that all considered networks are desynchronized in the absence of any external
stimulation.

1.2.3 Forced coupled oscillators

The dynamics of coupled Kuramoto oscillators when an external stimulus of fixed
amplitude F' and frequency ) is applied to a subset of nodes is given by:
0; = w; + F6; sm(Qt + (91) + k‘i Z Cij sm(ﬂj — 91), (115)
i
J
where d; is a binary function indicating the subset of nodes where the stimulation
is applied,

1 if node 7 is in the stimulated subset
0; = (IL.6)
0 else.
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Figure I1.2: Synchronization of coupled Kuramoto oscillators. (A) Order
parameter time-series of fully-connected networks of N = 500 oscillators, with dif-
ferent global coupling strengths. High coupling systems exhibit spontaneous syn-
chronization. (B) Representation of a coherent (top) and unsynchronized (bottom)
population of N = 10 fully-connected network of oscillators around a unit circle.
The red dot represents the mean phase of the network. (C) Order parameter time-
series of a fully-connected network of N = 500 oscillators with low coupling K = 0.2.
A stimulus is applied between 10 and 30s, entraining synchronization.
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Figure I1.2 (C) shows the time-series of the order parameter of a fully-connected
network of oscillators with low global coupling K = 0.2. A stimulus of frequency
) = 3Hz and amplitude F' = 10 is applied on a time window between 10 and 30s.
During this period, the population rapidly reaches a synchronized state, then slowly
goes back to its baseline unsynchronous regime.

1.2.4 Numerical integration

In this chapter, we set the time-step at 0.01s and we integrate the system with an
Euler scheme. No noise is considered.

Due to the presence of strong fluctuations, all r time-series shown in the next
sections are determined using a moving average on 7, on time windows of length 2s
sliding each 0.1s. The final states of a population, ry, are computed by averaging
these moving-averaged r time-series over a 15s time-window where the system has
reached its stable state.



2 How Different Structural Network
Properties Affect the Global
Synchronization of Coupled Kuramoto
Oscillators

2.1 Network modulation

2.1.1 Exploration of the stimulus parameter space

In order to adequately tune the stimulus’ amplitude and frequency values such that
they can lead the system into a synchronous state, we first perform a systematic
analysis in the parameter space (F, ). Hence, we begin by applying external stimu-
lus to all the nodes for each pair of parameters and measure the final order parameter
rf. Such a parameter map reveals the presence of the well-known Arnold tongues
(Pikovsky et al. 2001), namely regions in the plane (F, Q) for which the system gets
synchronized.

e ©
o o™

o
N
Order parameter

Stimulus amplitude

o
N

200 300 400 500 600
Stimulus frequency (Hz)

Figure I1.3: Synchronization regions in the stimulation frequency-
amplitude parameter space for a Regular network. Final order parameter
reached for a Regular network of size N = 20, and degree k = 4 where all nodes are
stimulated, for different pairs of stimulus intensity (F') and frequency (£2) values in
Eq. (IL.5). Each data point corresponds to a single simulation over 30s, the final
order parameter being averaged over the last 15s. The color map shows large main
synchronization regions, as well as small higher-order synchronization areas. The
white star symbol at the bottom-left part of the figure indicates the chosen param-
eters (F,Q) = (5, 1) for the forthcoming simulations.

In Figure I1.3, we present the different synchronization regions (presence of
several Arnold tongues) for a Regular network of a relatively small size N = 20
and mean neighborhood k = 4. For every other studied network, the maps depicts
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similar features.

2.1.2 Phase-locking, partial phase-locking

Constrained Kuramoto oscillator networks exhibit large synchronization regions at
relatively small amplitudes of the external current, F' < 200. These tongues get
thinner with higher values of F'. Inside the main Arnold tongues, the oscillators
are phase-locked at the forcing frequency € and ry ~ 1. Inside zones of weaker
degree of synchrony r; < 1, some oscillators are phase-locked, while the oscillators
of higher natural frequencies keep rotating independently. The white star symbol
in the bottom-left part of the figure indicates the chosen parameters (F, Q) = (5,1)
for our forthcoming simulations, resulting in a partial phase-locking of the network.
Note that we have performed similar analysis with larger sizes but smaller parameter
grid size and the overall picture turns out to be consistent.

2.2 Stimulation of selective subsets of nodes

2.2.1 Simulation protocol

We set the values F' = 5, Q = 1Hz for the stimulus intensity and frequency in
Eq. (IL.5), so that the network is weakly entrained without being completely phase-
locked. We then measure the degree of synchronization (with the order parameter)
in different networks described in section. I1.1.1.1. The system starts evolving for 4s
without any external input before we start applying the stimulation to a subset of
nodes until 30s. More precisely, we stimulate different fractions of nodes, i.e., 25%,
50% and 75% in each given network. These nodes can be either chosen randomly,
or depending on particular connectivity properties (as described in section II.1.1.1).
For the latter case, we first sort the nodes according to their connectivity relative
measurements (from higher to lower), i.e. the eigenvector centrality, average short-
est path length and clustering coefficient. The resulting time series are smoothed
with a moving average, and their ry is averaged over the last 15s. In order to ob-
tain a statistically relevant value of the final value of the order parameter ry, we
performed 20 simulations for each different network-setup (randomizing the initial-
ization/generation of the networks, the natural frequencies and the initial conditions
for each simulation).

2.2.2 Representative time-series

In Figure I1.4, we show representative time-series for various stimulation setups
for Scale-Free networks of size N = 500 and initial size mg = 5. Each panel
corresponds to a different initialization, from which the order parameter evolution
is computed depending on the amount of stimulated nodes and the way they are
selected. Thin solid lines correspond to randomly selected nodes. In that case, a
first subset containing 25% of the nodes is created. Then for the stimulation of
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Figure 11.4: Representative r time-series for different stimulation setups
of Scale-Free networks. The order parameter as a function of time, for N =
500 oscillators, when stimulating 0% (blue), 25% (orange), 50% (red) and 75%
(black) of the nodes. The stimulated nodes are chosen randomly, then based on their
(A) eigenvector centrality (B) average shortest path length and (C) clustering
coefficient values. Bold solid lines (resp. dashed lines) correspond to the stimulation
of nodes with the highest (resp. lowest) values, while thin solid lines correspond to
the stimulation of randomly chosen nodes.

larger in size subsets, another 25% of nodes is successively added, so that larger
subsets of random nodes always contains the smaller one. The bold solid lines (resp.
dashed lines) show the time-series when the stimulated nodes are the ones with
the highest (resp. lowest) eigenvector centrality (panel (A)), average shortest path
length (panel (B)) and clustering coefficient (panel (C)). Note that higher values
of the connectivity measurement do not necessarily lead to stronger synchrony. In
particular, lower values for the nodes’ average shortest path length depicts shorter
connections to the rest of the network, and therefore a more efficient synchronization.

2.3 Optimization of global synchronization

In Figure I1.5, we present the main finding of our work, namely a systematic com-
parison of the synchronization efficiency when applying identical stimulus in different
types of graph networks. Each panel is split into 3 columns showing the statistical
summary for the ensembles of different realizations and choosing to stimulate dif-
ferent subsets of nodes, i.e. randomly (middle-orange boxplots in the legends) or
with highest (upper-red boxplots in legends) or lower (lower-blue boxplots in the
legends) connectivity measurement. Panel (A) refers to a Small-World network of
size N = 500, initial degree k = 4 and rewiring probability p = 0.2, (B) to a Ran-
dom network of size N = 500, initial degree k& = 4 and rewiring probability p = 1
and (C) to a Scale-Free network of size N = 500 and initial size mg = 5 respectively.
Note this analysis is not performed on Regular and Fully-Connected networks, since
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all nodes of such networks have identical connectivity properties and does not allow
any connectivity-based selection.

In Scale-Free networks, the global order parameter reaches higher values when
the stimulus is applied to the nodes with higher eigenvector centrality or lower
average shortest path length. In such networks, a small fraction of the nodes have
significantly higher connectivity, and stimulating preferentially these nodes enables
strong synchronization compared to stimulating random nodes.

In Random networks, selecting stimulated nodes according to their lowest aver-
age shortest path length instead of randomly enhances synchronization. However,
there is no benefit in choosing more central nodes. Indeed, the high degree of ran-
domness (induced by a rewiring probability p = 1, see section II.1.1.1) in these
networks’ connections causes disparity in the nodes’ average shortest path length,
without creating any node of way higher centrality.

In Small-World networks, the connections are distributed in a more homogeneous
way, and hence the node selection as no substantial impact on the system’s final
synchrony.

For all three aforementioned networks and all stimulation subset sizes, the se-
lection of the nodes according to their clustering coefficient does not show any
advantage over a simple random choice. Note that, we also checked for a potential
overlap of clustering coefficient values between the randomly chosen nodes and those
chosen with higher respective values. It turns out that they differ significantly. Our
working hypothesis is that, by picking nodes with higher clustering coefficient, we
induce higher synchrony locally (member nodes of the sub-network) while we dis-
favour other nodes outside of it. However, by choosing nodes randomly, we end up
stimulating simultaneously nodes within and outside clusters eventually providing
a better global synchronization. Finally, for all networks and stimulation subset
selection methods, although they overall achieve higher degree of synchrony, larger
stimulated subsets containing 75% of the population do not allow to observe any
clear advantage in particular selection of the nodes, since all three possible subsets
largely overlap.
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Figure I1.5: Synchronization efficiency comparison for different types of
graph networks. Final order parameter obtained, for (A) Small-World networks
(B) Random networks (C) Scale-Free networks of size N = 500. The final value
of the order parameter ry is computed for different stimulation subset sizes, com-
posed of randomly chosen nodes (middle-orange boxplots in the legends), nodes with
the highest connectivity measurement (left-red boxplots) and nodes with the low-
est connectivity measurement (right-blue boxplots). 7 shown are an average over
20 simulations. The analysis is performed with three different connectivity mea-
surements: eigenvector centrality (left column in each panel), average shortest path
length (central column in each panel) and clustering (right column in each panel).



Discussion

In this chapter, we investigated the impact of structure and connectivity properties
in a modulated network. We sought out to identify efficient ways to synchronize a
population of Kuramoto phase oscillators using nodes’ stimulation with fixed small
amplitude and frequency. To this end, we first performed a parameter sweep ex-
ploration for stimulus amplitude and frequency parameters to identify settings that
allow the system to synchronize. Then, we computed the evolution of characteristic
networks of Kuramoto oscillators, where external stimulation is applied to different
subpopulations with identical fixed low amplitude and frequency. In order to mea-
sure the system’s synchrony of each network-type and stimulation configuration,
we calculated the global order parameter for ensembles of different random system
initializations.

We showed that by choosing this subpopulations based on their respective net-
work connectivity properties (i.e. high eigenvector centrality and lower short-path
length), we were able to enhance the networks’ global degree of synchronization in
comparison to the one achieved by randomly choosing them. This is not the case
when using the clustering coefficient as a selection criterion. However, this direction
deserves further investigation, e.g. detect different network communities, measure
their local synchronization and study its impact on the global synchrony when such
nodes are chosen to be stimulated.

From a neuroscience point of view Scale-Free networks play an important role in
the structure and function of mammal brains, see for example (Ribeiro et al. 2021)
(a study on the scale-free dynamics and the emergence of collective organisation
occurs in rodents) or (Grosu et al. 2023) (investigating the fractal structure of the
human brain and its dynamics). Furthermore, in Alzheimer patients’ brain, the
functional connectivity structure is found to exhibit properties similar to Random
network graphs (see e.g. (Stam et al. 2009; Kang & Petrasek 2014) and references
therein). Thus, understanding how to optimally synchronize systems with similar
network structures can improve the overall expected performance of a given external
simulation protocol.
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Introduction

Over the past years there has been an increasing integration of neuroimaging
data to enhance the accuracy and predictive capacity of mathematical models
(Popovych et al. 2019; Popovych et al. 2021; Manos et al. 2023). This integration
occurs within a virtual (computational) environment where simulations enable the
exploration and derivation of parameters that could eventually facilitate the pre-
diction of micro- and macro-scale brain activity states (Shusterman & Troy 2008;
Jirsa et al. 2017; Chizhov & Sanin 2020). Personalized models of epileptic brain
using patient-specific data provide a better understanding of seizure propagation
patterns and allow us to test various resection options before surgery (see e.g.,
(Jirsa et al. 2016; Gerster et al. 2021)). These studies highlight the relevance of
preferentially removing connections based on their location in the modular brain
structure (see e.g. (Olmi et al. 2019; Nissen et al. 2021)). In (An et al. 2019)
the authors used mathematical models and brain network simulations, coupled
with modularity analysis based on individual structural brain connectivity to
pinpoint optimal surgical target areas. Subsequent to this investigation, in
(Hashemi et al. 2020) the authors introduced a probabilistic framework capable of
inferring the spatial distribution of epileptogenicity within a personalized, large-scale
brain model of epilepsy propagation. In (Makhalova et al. 2022), the authors used
such computational approaches to compare the regions identified as epileptogenic
by the so-called Virtual epileptic patient brain model to those defined by clinical
analysis (see also (Jirsa et al. 2023)).

A viable alternative is to use virtual mice models. Indeed, rodent species
are often regarded as suitable analogs for humans due to the significant similari-
ties in brain structure and connectivity between the two (Grone & Baraban 2015;
Marshall et al. 2021). Scientists frequently opt for laboratory mice as research sub-
jects because these creatures also bear genetic resemblance to humans and have
shorter lifespans, enabling multi-generational studies. Furthermore, advancements
in imaging technology are rapidly enhancing the precision and detail of experimental
data. The latest iterations of MRI machines, for instance, provide intricate insights
into the anatomical, structural, and functional aspects of the entire rodent brain
(Stafford et al. 2014). The primary objective of mouse-based research is to deepen
our comprehension of brain function and malfunction. The ultimate goal is to ac-
quire new knowledge of the mechanisms controlling and intervening in the brain
dynamics which can be later utilised in human brain’s therapies, like for example in
the treatment of Epilepsy.

A better understanding of the role of neural network’s topological properties in
the spatiotemporal propagation of epileptic activity would open the path for more
effective EZ identification, and better resection strategies. In (Toyoda et al. 2013),
the authors used recording electrodes to assess the propagation of seizures in rats
experiencing spontaneous seizures. They observed that the initial seizure activity
was most frequently detected in the hippocampal formation, followed by sequen-
tial spreading to the subiculum, entorhinal cortex, olfactory cortex, neocortex, and
striatum. In (Melozzi et al. 2017), the authors numerically simulated the dynamical
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behavior of a mouse brain to replicate certain aspects of the anatomical reorganiza-
tion observed in medial temporal lobe epilepsy reported in (Toyoda et al. 2013). To
this end, they focused on the loss of neuronal connections in the hippocampal re-
gions (CA1 and CA3) [see also experimental findings in (Esclapez et al. 1999)| and
they eliminated (in silico) all incoming and outgoing connections of CA1 and CA3
brain areas in the hippocampus to prevent widespread epileptic seizure propagation.

Epileptic seizures arise from an imbalance in the regulation of stimulation and in-
hibition. Cellular-level processes involve ion transporters, pumps, and channels that
govern the entry and exit of positively or negatively charged ions within neurons.
These mechanisms are further modulated by factors such as voltage or ligands, ei-
ther binding directly or through G protein receptors, which exert control over these
pumps and ion channels (see (Bakhtiarzadeh et al. 2023) and references therein).
There are several anti-seizure drugs that have been reported to suppress epileptiform
spikes and improve synaptic and cognitive function (see (Kanner & Bicchi 2022) for
a recent review). In parallel, neuromodulation techniques have emerged as promis-
ing strategies for influencing brain activity and have gained considerable attention in
the context of managing seizure propagation. One of the key players in this field is
transcranial magnetic stimulation (TMS), which non-invasively modulates neuronal
excitability by generating magnetic field that induce electrical currents in targeted
brain regions. Studies have shown that repetitive TMS (rTMS) can alter cortical
excitability and disrupt abnormal synchronization of neuronal networks, thereby
attenuating seizure propagation, see e.g., (Tsuboyama et al. 2020) and references
therein. Additionally, vagus nerve stimulation (VNS) has demonstrated effective-
ness in reducing seizure frequency and severity by modulating the autonomic nervous
system and releasing neurotransmitters that promote inhibitory signaling, see e.g.,
(Toffa et al. 2020) and references therein. Moreover, recent advancements in closed-
loop neuromodulation, such as responsive neurostimulation (RNS), offer real-time
monitoring and adaptive delivery of electrical pulses to preemptively suppress abnor-
mal neuronal activity and prevent seizure spread (Heck et al. 2014). These findings
highlight the potential of neuromodulation techniques as adjunctive therapies for
controlling seizure propagation and improving the quality of life for individuals with
epilepsy.

In this chapter, we computationally study how the location of an EZ area and its
connectivity relevance in the network are related to widespread seizure propagation
in a mice brain and we search for strategies that can confine widespread seizures
by either removing the minimum amount of brain tissue (by blocking certain con-
nections in the network), or suppress the hyperexcitation (loosely mimicking a anti-
seizure drug or neuromodulation effect). To this end, instead of (computationally)
resecting the whole EZ tissue from both brain hemispheres as in (Melozzi et al. 2017)
(via a graph edge removal), we sought out to systematically identify and remove (or
block) the minimal amount of connections required to prevent a widespread seizure
propagation. In addition, we followed an alternatively approach to computationally
model (in a loose sense) the effect of a drug at a macroscopic scale (i.e., suppression
of network hyperexcitability). To this objective, we altered locally the outgoing
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weight connections in our structural connectome to account for the inhibitory effect
of such a drug in the vicinity of a given EZ area. In both of our approaches, the
ultimate goal is to minimize the surgical or medical intervention and preserve as
much as possible the pre-surgical structural connectivity as well as the maximum
possible amount of the brain functionality.



1 Epileptor, epileptogenic zone and
mouse brain structure

1.1 Dynamical system

1.1.1 Tuning of the Epileptor model

In our study, we consider a network of NV Epileptors, coupled via an adjacency matrix
A = (¢;5) while we do not include any delays using track length data. The epileptic
seizure-like events are produced by the model described in section 4.2.3. Following
the work of (Melozzi et al. 2017) and tuning our system in a similar state, we set [} =
3.1, I, =045, r=3.5.10"% K = 0.2, 7 = 10 5. Additive Gaussian white noise with
standard deviation o = 0.0025 is added to Egs. (I.53) and (I.54). Our simulations
were performed with The Virtual Brain (TVB) platform (Sanz Leon et al. 2013,
Sanz-Leon et al. 2015).

1.1.2 The Epileptogenic Zone

In our work, and for each brain node, we focus only on the epileptogenicity parameter
(x0,;) and we adjust its value according to healthy or epileptic condition of each node.
The critical epileptogenicity parameter for the transition from one state to the other
is found to be z§ ~ —2.06 (see (Houssaini et al. 2020)). An EZ node (Jehi 2018) is
selected to produce spontaneous epileptic seizures, while the rest of the brain nodes
form the healthy Propagation Zone (PZ). We set the values of the epileptogenicity
in these brain nodes as g = —1.6 for the EZ and xy = —2.1 for the PZ nodes.

1.1.3 Seizure onset detection

In order to systematically detect the seizure onset for each brain area and its
widespread (or not) evolution to other regions, we use the evolution of the slow
permittivity z. First, we allow the system to evolve for approximately 15 seconds
(this also depends on the onset of a first seizure) to eliminate temporary effects. At
this stage all PZ nodes are in a stable state (i.e., the z variable value is approximately
constant), and the EZ does not produce a seizure yet. Therefore, we define seizure
onset time Tynset,i in each brain area i, as the time when the slow permittivity (z)
starts increasing. To track the propagation of the seizure among brain areas, we
define the time distance from seizure onset in each network node i:

0 if node i is the EZ,
T, = (I11.1)

Tonset,z' - Tonset,EZ otherwise.

with Tinset, £z the onset time of the seizure in the EZ.

In Figure III.1, we show examples of an epileptogenic (in red) and healthy (in
blue) nodes activity produced by the Epileptor model. The time evolution of the
fast variable x9 — 21 is depicted in blue (non EZ) and red (initially an EZ). The
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slow permittivity variable z is in black. Non-epileptogenic brain areas can either be
recruited in the seizure, or maintain a healthy activity. Some examples detecting
the time stamps of seizure onset in each node using the slow variable z are also
depicted in Figure III.1.

Seizure onset times
11
A
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Figure III.1: Coupled Epileptor model time-series. Time series of the fast
variable x9 — x1 of the Epileptor model (in color) depicting the neural activity of
the nodes, and of the slow variable z (in black). The epileptogenic Epileptor (in red)
produces spontaneous seizures, with £g = —1.6. The non-epileptogenic Epileptors
(in blue), with zp = —2.1, can either be recruited in the seizure or maintain healthy
activity. For all recruited areas, time stamps indicate seizure onset.

1.2 Structural connectivity

1.2.1 Original mice brain connectome

Our mouse brain network consists of N = 98 Epileptors (Melozzi et al. 2017) cou-
pled with a structural connectivity (SC) weight matrix adopted by the Allen In-
stitute that was presented in (Oh et al. 2014) and used in (Melozzi et al. 2017). In
the coupling term of Eq. (I1.52), we do not consider self-connections (i.e. ¢; = 0).
The SC matrix SC= (c¢;;) is shown in Figure III.2, where ¢;; denotes the weight of
the connection going from area i to area j in base-ten logarithmic scale for better
visualisation. The Allen Institute neuroimaging analysis consistently involves source
regions exclusively situated in the right hemisphere. The SC matrix used here the
left hemisphere’s counterpart constructed by mirroring the right hemisphere. Origi-
nally, the strength of connections between a given region and another was computed
as the average across several experiments utilizing those specific brain areas as source
and target regions (see (Melozzi et al. 2017) for more details). The SC matrix is di-
vided into four blocks, i.e., R-R, R-L, L-R, and L-L (in a clockwise order from the
upper left), symmetries emerge where R-R equals L-L and R-L equals L-R. This as-
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sumption is grounded in the notable lateral symmetry observed in the mouse brain,
as reported in (Calabrese et al. 2015). The dynamics of Epileptors coupled through
this connectome adequately reproduces the seizure recruitment order (in the hip-
pocampus, Subiculum, Enthorinal cortex, Olfactory cortex, Isocortex and Striatum,
with epileptogenic left CA1, CA3 and Dentate Gyrus) (Melozzi et al. 2017) that is
also experimentally observed by (Toyoda et al. 2013).

(A) __¢ ! (B)

| CA3

Source node

| DG

Target node

Figure I11.2: Structural connectivity matrix and mouse brain network. (A)
Allen Structural Connectivity matrix. The elements of the matrix show the loga-
rithm of the weight for the connections between any pair of brain areas. Node indices
ranging from 1 to 49 form the right hemisphere (R), node indices ranging from 50
to 98 form the left one (L). (B) Mouse brain network graph. Only connections of
weight higher than 0.1 are shown for visibility reasons. The red nodes indicate the
areas composing the left hippocampus. Note that the left brain hemisphere appears
on the right hand side of our template.

1.2.2 Connectome randomization

For statistical relevance of our computational findings, we also produced a set of 20
connectomes derived from the original SC. Namely, each new weight cgj value of the
connection between areas ¢ and j is randomly generated from a normal distribution
with mean ¢;; and standard deviation 0.1¢;;. In the case where a new weight is
negative, we set cfij = ¢;j. Note that the most prominent modifications occur in the
relatively strong connections and that these modifications induced a minor loss of
the original SC’s symmetry between left and right hemisphere. The randomized SC
are shown in the Appendix, see Figures A.1 and A.2.

1.2.3 Network graph measurements

We characterize each node of the network with different connectivity measurements
introduced in I11.2.1.2, namely their in and out-degree, their eigenvector centrality
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and their average shortest path length. To compute path lengths, the length of each
connection is artificially defined as:

lz‘j = Cm — Cij, (III2)

with ¢, the largest weight value of a connection in the network, so that strong
connections account for short distance. Note that /;; is always defined as the mice
brain graph is complete, i.e., each pair of graph vertices in the graph is connected
by an edge. Therefore there is always a way connecting node ¢ to node j. The lower
the shortest path length, the fastest the information goes from one node to another.

To study the relative importance of various nodes within a brain network, these
connectivity measurements are normalized. With m; is the initial connectivity mea-
surement value for node ¢ and m™?* the maximal value of the measurement among

the brain nodes, we define the normalized value as .




2 Simulation of seizure propagation

2.1 Seizure initiation in the Hippocampus

The location of the Epileptogenic Zone in a given mice brain network determines the
propagation (i.e. generalized seizure - occurring in both hemispheres of the brain) or
non-propagation (i.e., focal - occurring in one area of the brain or hemisphere in the
brain that remains localized) of the epileptic seizure. We start by computationally
initiating epileptic seizures within different areas of the hippocampus, namely the
CA1, CA3 and DG separately and not all three simultaneously (nor combinations of
pairs of them). Our rationale in doing so is to begin by investigating whether there
is an systematic association between the seizure onset at a certain sub-region (CA1,
CA3 and DG) and the type of seizure, e.g. widespread vs localized. Figure I11.3
displays the time distance from the initiation time of a seizure at a EZ node to reach
different brain areas in a template of a mice brain slice. Figure II1.3(A) shows an
example of a widespread seizure, starting in left-field CA1 and spreading to almost all
brain areas (nodes). Figure II1.3(B) shows an example of a focal-localized seizure,
starting in left-field CA3. Note that in the latter case, the epileptiform activity
remains confined in the vicinity of the EZ. This preliminary finding provides a first
hint that an epileptic seizure occurring in CA1 or CA3 may have a rather different
propagation in the other brain areas.

7000

(A) (B)

6000
5000
4000
3000

2000

Time distance from seizure onset (ms)

1000

Figure II1.3: Simulating widespread and localized epileptic seizures on the
mouse brain. (A) A widespread (generalized) seizure that starts in left-field CA1.
(B) A local seizure that starts in left-field CA3. The colorbar indicates the time-
distance from seizure initiation in each respective brain area during its propagation.
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2.2 Identification of widespread seizure onset locations

2.2.1 Widespread and localized seizures

Next, we performed similar simulations by initiating seizures at all available brain
areas of the Allen atlas. Our motivation, at this stage, was mainly computational,
i.e., to identify other brain areas where the onset of a seizure will result to either
a widespread or a localized one. Moreover, and for statistical significance, we re-
peated the simulation for 20 additional different (but similar) SC matrices that we
generated as explained in the Materials and Methods section. These SC matrices
can be found in the Supplementary Material (Figures A.1 and A.2). Note that, as
the original connectome has symmetrical connections between left and right hemi-
spheres, the simulations were only performed for EZ within the left hemisphere
and were duplicated for the right hemisphere EZ. Regarding the randomly modified
SC connectomes, we ran simulations considering EZ regions in both hemispheres
separately as the matrix symmetry between the two hemispheres is lost.

Figure I11.4 shows the percentage of seizure-recruited brain areas for each EZ
brain area in the original mice brain connectome, labelled as Allen SC in the first
row of each panel, and in the 20 SC randomly generated, labelled by their cardinal
number (20 rows above the original Allen SC row separated by the while horizon-
tal line). The resulting epileptic seizures allow a clear binary distinction between
widespread and local seizures. Namely, our model and the available SC mice con-
nectomes resulted in generating either localized seizures (no widespread propagation
at all or limited up to only two regions) or widespread seizures (reaching almost all
brain areas). Figures I11.4(A) and (B) summarize the simulations for left and right
brain hemispheres respectively. Mild modification in the SC matrices can lead to
different types of seizure propagation that are initiated at different EZ areas. Some
nodes generate exclusively localized seizures (e.g. areas 1 or 45 in dark blue of the
right hemisphere) whereas others generate widespread ones (e.g. areas 7 or 13 in
dark red of the right hemisphere). However, there are also EZ regions where the
type of the seizure depends on the particular SC matrix (e.g. area 75 in the left
hemisphere). The hippocampus area is considered to be among the most common
source of epileptic seizures. The yellow frame indicates the three nodes compris-
ing the left hippocampus, namely left-field CA1 (1 CA1, node 73), left-field CA3
(1 CA3, node 74) and left Dentate Gyrus (1 DG, node 75). For all randomized con-
nectomes, left-field CA1 produces widespread seizures, while left-field CA3 produces
localized seizures with no propagation. left Dentate Gyrus can either produce local
or widespread seizures, depending on the SC matrix.

2.2.2 Connectivity of nodes producing widespread vs local seizures

We sought to explore plausible associations between a chosen EZ region’s influence
in the network (quantified by a graph connectivity measurement) and the resulted
type of seizure (localized vs widespread). Figure IIL.5 shows different types of
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Figure II1.4: Localized and widespread epileptic seizure for different struc-
tural connectomes. We simulated epileptic seizures for the original mice brain
connectome (Allen SC, first row of each panel) and for different randomly generated
SC matrices (separated by the white horizontal line). (A) Right hemisphere and (B)
left hemisphere. Certain nodes generate exclusively localized or widespread while
for some EZ areas the type of the seizure depends on the SC matrix. The yellow
frame in panel (B) highlights the three nodes comprising the left hippocampal net-
work. Note that our simulations generated either localized seizures (no widespread
propagation at all or limited up to only two regions) or widespread seizures (reach-
ing almost all brain areas).
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seizure propagation using different SC matrices (initiated at different EZ regions
of the Allen atlas). Each panel depicts different combinations of their respective
graph connectivity measurements, namely their normalized eigenvector centrality,
out-degree, average shortest path length, and the strongest outgoing connection
weights. Each point in these plots displays the connectivity properties of a single EZ,
and the percentage of brain areas affected during the seizure propagation initiated
at this particular EZ. By means of these graph connectivity measurements, we were
able to identify three distinct regions delineated by the following thresholds: all EZ
whose strongest outgoing connection has a weight value larger than wypper = 0.31
produced widespread seizures, while all EZ whose strongest outgoing connection has
a weight value lower than wiower = 0.22 only produced localized seizures. EZ nodes
with values in-between these two values resulted to either localized or widespread
seizures (see Figures IIL5 (A)-(D)).

The eigenvector centrality, out-degree and average shortest path length might
also be relevant properties to infer on the node’s (in-)ability to produce a widespread
seizure. Clusters of nodes with relatively low average shortest path length value
and high eigenvector centrality value (L; < 0.97, x; > 0.30) can systematically
produce widespread seizures. On the other hand EZ areas with relatively high
average shortest path length value and low eigenvector centrality value result to
localized seizures (see cluster near the area with L; > 0.98, z; < 0.20 in Figure
II1.5(D)).
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Figure I11.5: Widespread vs localized epileptic seizures and EZ graph net-
work connectivity measurements. We calculated the normalized average short-
est path length, eigenvector centrality and out-degree for each node of the original
Allen SC and the 20 additional randomized connectomes (98 nodes per SC matrix).
The colormap indicates the fraction of brain areas of a seizure propagation when it
is initiated at the respective EZ region (i.e., the points depicted in the plots). Each
panel depicts different combinations of their respective graph connectivity measure-
ments, namely the normalized average shortest path length vs the strongest outgoing
connection weights (A) the eigenvector centrality vs the strongest outgoing connec-
tion weight (B), the out-degree vs he strongest outgoing connection weight C) and
the normalized eigenvector centrality vs the average shortest path length (D). The
upper (resp. lower) horizontal dashed line shows the aforementioned thresholds
Wypper (T€SP. Wiower) Of the larger outgoing edge weight (see text for more details).



3 Propagation control of
Hippocampus-initiated widespread
epileptic seizures

3.1 Connectivity of the hippocampal subnetwork

The hippocampus is a well-known EZ in Temporal Lobe Epilepsy
(Toyoda et al. 2013; Buckmaster et al. 2022).  In this chapter, we investigate
seizure propagation and confinement when seizure initiation occurs in the different
areas of the hippocampus. In the Allen mice brain atlas, the hippocampal subnet-
work is composed of three nodes, namely the CA1, CA3 and Dentate Gyrus areas
(see Figure II1.2 and the discussion earlier of Figure II1.4). In Figure II1.6(A),
we show the hippocampal subgraph. The color of each connection indicates its
weight. The hippocampal subnetwork exhibits strong connections within left (resp.
right) hippocampus itself, and between left and right hippocampus. The weights
of the strong outgoing connection of the left-field CA1 (w; ca1 = 0.36), left-field
CA3 (w; cas = 0.18) and left Dentate Gyrus (w) pg = 0.25) strongest outgoing
connection are such that wjcar > Wupper > WIDG > Wiower > Wi ca3. More
precisely, the left-field CA1 lies within the connectivity area of widespread seizure
production as presented in Figure II1.5. Left DG also lies within the region of
potential widespread seizure production, while left-field CA3 is in the region of local
seizure production. Note that moreover, CA3 has no strong outgoing connection
(with weight higher than 0.1) outside the hippocampus, contrary to left-field CA1l
and left Dentate Gyrus. In particular, both left-field CA1l and left Dentate Gyrus
present edges leading to left Entorhinal Cortex, lateral part (I ENTI) and left
Subiculum (1 SUB).

3.2 Widespread prevention by edge removal

In order to control wide spread brain seizure propagation, we experimented with two
different interventions on the structural connectome to computationally simulate the
effects of two clinical approaches for epilepsy. First, we applied graph edge remowval
from relevant EZ nodes to (loosely) simulate a resection-like surgery intervention.
Our ultimate goal here is to suppress the communication pathways between certain
brain areas which are involved in a widespread seizure by blocking the minimum
amount of edges potentially relevant to the propagation. When we remove a given
connection from node 7 to node j, we set its new weight value in the adjacency matrix
to zero and we re-normalize all weights’ values to one (Melozzi et al. 2017; Jehi 2018;
Rubio et al. 2019; Alexandratou et al. 2021). We use the notation ¢ - j. We use the
latter analysis to computationally test the effect of different edge resection options
in the original mice brain network on seizure propagation.



3. Propagation control of Hippocampus-initiated widespread epileptic
78 seizures

3.2.1 Left-field CA1

Figure II1.6 shows the impact of several connections’ removal on the propagation
(widespread vs localized) of focal seizures starting in left-field CAl area. Each
upper left panel depicts the modified brain network and the hippocampal subnet-
work, with crosses (when present) indicating the removed connections between two
or more nodes. Note that for better visualization, we only show connections of
weight higher than 0.1. The color of the connections indicates their respective
weight values (see also the SC matrix in Figure I11.2). Each lower left panel in
Figure I11.6(A), illustrates the hippocampus subnetwork and more particularly the
left extra-hippocampal connections and their weights values are given in the left
colorbar. Each right panel shows the time distance from seizure initiation in each
node of the brain network on the Allen mice brain template. The seizure onset takes
place at the dark red region while the end of its propagation at the regions in dark
blue. Figure II1.6(A) shows the reference focal seizure initiated in the left hip-
pocampal region and its propagation in the original Allen mice brain connectome.
After initiating in left-field CA1, the seizure reaches left-field CA3, then right-field
CA3, and propagates rapidly (almost simultaneously) in both hemispheres. The
seizure spreads in the left and right hemispheres due to the strong inter-hemispheric
hippocampal connections. In Figure I11.6(B), we remove the strongest connection
leading from the EZ to the right hemisphere, that is 1 CA1 -» r CA3. Hence, we
prevent direct seizure propagation from left to right hippocampus. However, even
by doing so, the seizure still spreads eventually into the entire brain network via the
left hemisphere following a different evolutionary path and brain areas recruitment
sequence. Next, we proceed by following an alternative approach, i.e. we remove
a strong connection leading from the EZ to another area of the left hippocampus,
namely left Dentate Gyrus. This approach results to a seizure which resembles the
activity observed in Figure II1.6(A), namely it reaches both hemispheres. However
the propagation turns out to be relatively delayed, longer localized within the left
hemisphere before spreading to the right one. In Figure I11.6(D), we present a resec-
tion strategy (Case I) where we block both inter-hemispheric and intra-hemispheric
communication pathways, namely | CA1 - r CA3 and 1 CA1 - 1 DG. This approach
results to a localized seizure in the vicinity of the EZ area. In Figure IIL.6(E), we
remove the left intra-hippocampal pathway 1 CA1 -» 1 DG and search for removal
options within the right hippocampus instead of removing inter-hemispheric edges.
We find one candidate connection that prevents widespread seizure propagation
when being removed, namely the r CA3 - r CA1l (Case II). In Figure IIL.6(F),
we show that the resection of the strongest connection 1 CA1 - 1 CA3 (Case III)
is sufficient to prevent the seizure from spreading to any other area. Note that this
is the single EZ outgoing connection with weight higher than the threshold wypper
identified in Figure IIL.5.
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Figure II1.6: Widespread seizure prevention by edge removal in the left-
field CA1. The upper left panels show the whole brain network the hippocampal
subnetwork. Crosses indicate the removed connections, and the edges’ color shows
their respective weight. The lower left panels illustrate the left extra-hippocampal
connections and their weights values are given in the left colorbar. The right panels
show the time distance between seizure initiation in the EZ (left-field CA1l) and
its onset in each brain area. Panel (A) shows an example of a widespread focal
seizure propagation in the original Allen connectome, then after removing the inter-
hemisphere strong connection (B) 1 CA1 - r CA3, a strong connection within the
left hippocampus (C) 1 CA1 -» | DG, the inter-hemisphere strong connection and
within the left hippocampus (D) 1 CA1 - r CA3 and 1 CA1 - 1 DG, allowing
inter-hemisphere communication but blocking a strong within the left and right
hippocampus (E) 1 CA1 - 1 DG and r CA3 - r CA1l and blocking the strongest
connection and within the left hippocampus (F) 1 CA1 - 1 CA3.
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3.2.2 Left Dentate Gyrus

Next, we conduct a similar analysis with epileptogenic left Dentate Gyrus and show
the results in Figure III.7. After initiating a seizure in left Dentate Gyrus, it
spreads to the left hemisphere via left-field CA3 then left-field CAl, and to the
right hemisphere via right-field CA3 (see Figure II1.7(A)). In Figure II1.7(B), we
show that the removal of a strong pathway between the EZ and the right hemisphere
hippocampus 1 DG - r DG has a weak impact on the seizure widespread propaga-
tion. In Figure II1.7(C), we show that the removal of a strong connection leading
from the EZ to other within the left-hippocampal areas | DG - 1 CAl results in
a delayed widespread seizure propagation indicated by the blue color on the tem-
plate. Then, we present three examples that yield to seizure localization. Namely,
in Figure II1.7(D) we removed strong connections between the EZ and another
left-hippocampus area, and between left and right hippocampus. 1 DG - 1 CAl
and 1 DG - r DG (Case I’). In Figure II1.7(E) we removed strong connections
leading from the EZ to other parts of the left hippocampus and from right-field CA3
to other parts of the right hippocampus 1 DG -» 1 CA1 and either r CA3 - r DG
or r CA3 - r CAl (Case II’). And finally in Figure IIL.7(F) we removed the
strongest connection | DG - 1 CA3 (Case III’). We have also experimented with
other similar effective strategies for focal epilepsy localization that can be found in
the Supplementary Material (Figure A.3).

3.2.3 Percentage of recruited brain areas

In Figures II1.6 and II1.7, we illustrated the result of the aforementioned edge
removal approaches using the original Allen mouse brain connectome. In order
to further validate our findings, we also ran simulations with the additional SC
matrices generated by the original Allen SC matrix as describe on the Materials and
Methods section. By doing this, we aimed to improve the statistical significance of
our results. Figure II1.8 shows the percentage of recruited areas when applying
the latter resection options to the different connectomes, where the left-field CA1l
(Figure II1.8(A)) and left DG (Figure II1.8(B)) is the EZ respectively. In both
cases, the single resection of EZ —+ 1 CA3 (Case III and III’) is sufficient to achieve
seizure confinement in the EZ in all connectomes. Starting with the left-field CA1
as an EZ, in Figure II1.8(A), we show that removal edge Case I (second column,
1CAl »r CA3 and 1 CAl - 1 DG, see Figure I11.6(D)) and Case III (forth column,
1 CA1 -» r CA3 and 1 CA1 - 1 DG, see Figure II1.6(F)) approaches systematically
prevent seizure widespread propagation for all SC matrices. Removal edge Case IT
(third column, 1 CA1 - 1 DG and r CA3 - r CAl, see Figure I11.6(E)) effectively
prevents widespread seizure propagation for 18 out of the 20 SC matrices. In Figure
I11.8(B), we present a similar analysis when the EZ is now the left Dentate Gyrus
area and when implementing the edge removal Case I’ (Figure II1.6(D)), Case
II’ (Figure II1.6(E)) and Case III’ (Figure III.6(F)). The first two resulted in
widespread seizure propagation for 18 out of the 20 SC matrices while the latter one
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Figure II1.7: Widespread seizure prevention by edge removal in the left
DG. The upper left panels show the whole brain network the hippocampal subnet-
work. Crosses indicate the removed connections, and the edges’ color shows their
respective weight. The lower left panels illustrate the left extra-hippocampal connec-
tions and their weights values are given in the left colorbar. The right panels show
the time distance between seizure initiation in the EZ (left-field CA1) and its onset
in each brain area. Panel (A) shows an seizure propagation in the original Allen con-
nectome. Following a similar approach in removing graph edges (inter-hemisphere
and /or within the left /right hippocampus) we gradually proceed by removing (B)
1 DG - r DG, (C) 1 DG - 1 CAlL, (D) 1 DG - r DG and 1 DG - 1 CAl, (E)
1 DG - 1 CAl and r CA3 - 1 DG and (F) 1 DG - 1 CA3.
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Figure I11.8: Percentage of recruited areas after edge removal for different
mice connectomes. (A) Simulations of a focal epileptic seizure initiated in the
left-field CA1 area for the original SC Allen weight matrix (first row) and 20 addi-
tional SC ones (see text for more details), The first column (dark red) shows the
robustness of the finding presented in Figure I11.6 (A), i.e. that the left-field CA1
area generates systematically widespread seizures. Removal edge Case I and II1
approaches both systematically yield seizure localization (dark blue) while in Case
II two connectomes (red color) yield to widespread seizure propagation and the rest
to localized (blue color). (B) Simulations of a focal epileptic seizure initiated in the
left DG area for the original SC Allen weight matrix and 20 additional SC ones and
the edge removal Case I’, II’ and III” approaches (see Figure IIL.7).
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to localized seizure for all connectomes.

3.3 Widespread prevention by outgoing edge weight re-
duction

3.3.1 EZ outgoing edge weight reduction

We focus on an EZ node and we perform a global outgoing weight reduction (by some
percentage of the initial weight). This (rather simple) approach aims at loosely
modeling a suppression of the hyperexcitability of the diseased brain area using
for example neuromodulation techniques (Heck et al. 2014; Tsuboyama et al. 2020;
Toffa et al. 2020) or the local effect a drug administered in the vicinity of the EZ
area (KKanner & Bicchi 2022). To this end, we decreased the weight values of all
outgoing connections from the EZ. Hence, the new weights are:

iy = (1= p).cij, (IT1.3)

p being the percentage of reduction applied. After each of such weight modifica-
tion, the structural connectivity is re-scaled to preserve its initial total connective
strength. We restricted our analysis to the sole EZs left-field CA1 and left Den-
tate Gyrus regions as the left-field CA3 does not produces widespread seizures (see
Figure I11.4(B)).

Drugs and stimulation techniques are currently used (see the discussion in the
Introduction section) to suppress neural hyperexcitability (locally or globally). Such
interventions can alter the (short-term) synaptic and (long-term) structural connec-
tivity and hence the weights in a given SC matrix which in turn affects functional
activity, i.e. the FC matrix. Recently, a new hybrid connectome has been intro-
duced (Ajilore et al. 2013), the so-called “resting-state informed structural connec-
tome” (rsSC). These connectomes encode the standard SC (weight) matrices and the
BOLD signal, i.e., the SC is “informed” by its respective FC. This approach imple-
ments an optimization algorithm whose maximum pseudolikelihood is constrained
(via a penalty function) by the weight values of the SC matrix. The resulting rsSC in-
corporates co-activation (excitatory) or silencing (inhibitory) effects that ultimately
allow to infer the excitation-inhibition between brain areas, see (Fortel et al. 2019;
Fortel et al. 2020; Fortel et al. 2022; Fortel et al. 2023; Manos et al. 2023). Hence,
a modification in (outgoing) weights in the SC is expected to affect the resting-state
FC and therefore the rsSC, i.e. the excitability between certain brain regions (more
details can be found in the Discussion section).

3.3.2 Percentage of recruited brain

The alternative procedure to prevent widespread seizure propagation aims to mimic
the reduction of EZ hyperexitability with a global decrease of its outgoing weight,
the extreme case of which would be the suppression of any EZ output. In terms of
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connectivity measurements, outgoing weight reduction has a direct impact on the
EZ’s out-degree and the weight of its strongest outgoing edge, and by extension
on its eigenvector centrality. To identify a minimal level of reduction one should
apply to prevent seizure propagation, we perform simulations of an epileptic seizure
starting in left-field CA1, then in left Dentate Gyrus, before any reduction and after
the reduction of 10%, 20%, 30%, 40% and 50% of the EZ’s outgoing edges weights.

Figure II1.9 shows the percentage of recruited areas when applying the latter
reductions on the different randomized connectomes. For a seizure starting in left-
field CA1l, the control gets efficient in most of the cases when reducing the EZ’s
outgoing weights of 30%. We achieve seizure confinement in all connectomes by
reducing the EZ’s outgoing weights of at least 40%. For a seizure starting in left
Dentate Gyrus, confinement is achieved in all connectomes with a reduction of 10%.
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Figure II1.9: Percentage of recruited areas for different levels of outgoing
weight reduction. Simulations of a focal epileptic seizure initiated in (A) the left-
field CA1 area for the original SC Allen weight matrix (first row) and 20 additional
SC ones (see text for more details). Outgoing weight reduction of at least 40%
systematically yields seizure localization (dark blue). (B) Simulations of a focal
epileptic seizure initiated in the left DG area for the original SC Allen weight matrix
and 20 additional SC ones. Outgoing weight reduction of at least 20% systematically
yields seizure localization.



4 Impact of seizure control strategies
on the brain structure

4.1 Connectivity of Hippocampal EZ

Finally, we show the effect of the latter resection and outgoing weight reduction
strategies on the EZ’s connectivity. Figure II1.10 shows the eigenvector centrality
and larger outgoing weight value of (A) left-field CA1 and (B) left Dentate Gyrus
in the Allen connectome, before and after performing structural modifications. The
horizontal dashed lines indicate the upper and lower threshold values for the larger
outgoing weight wypper and wipyer defining regions of widespread and local seizure
production (see Figure II1.5). The color of the nodes indicate the percentage of
seizure-recruited areas in each scenario. Along the long diagonal arrow, we show
from top to bottom the effect of the EZ outgoing weight reduction of: 0% (Original
SC), 10%, 20%, 30%, 40% and 50%.
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Figure I11.10: EZ connectivity and percentage of seizure-recruited areas
after outgoing weight reduction and edge resection. Each point shows the
eigenvector centrality and the largest outgoing weight value in the Allen connectivity
of (A) left-field CA1 and (B) left Dentate Gyrus, before and after applying outgoing
weight reduction and edge removal strategies Case I, II and III (resp. Case I’, II’
and III’) as labelled in Figure II1.6 and Figure II1.7. The points aligned on the
diagonal arrow represent, from top to bottom, an outgoing weight reduction of 0%
(Original SC), 10%, 20%, 30%, 40% and 50%. The color of each point shows the
percentage of recruited brain areas when the seizure starts in the corresponding
node. The two dashed lines show the upper (resp. lower) threshold of the largest
outgoing weight from separating the widespread from localized seizures.

4.1.1 Left-field CA1l

In Figure II1.10(A), we present the effects of edge removal approaches Case [
(1CA1 - r CA3 and 1 CA1 - 1 DG), Case II (1 CA1l - 1DG and r CA3 - r CAl)
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and Case III (1 CA1 - 1 CA3) for the left-field CA1 area and only for the original
Allen SC Matrix. When applying outgoing weight reduction, the progressive de-
crease of the EZ’s outgoing connective strength leads its connectivity towards lower
eigenvector centrality values, and especially lower strongest outgoing weight values.
The approach Case III also results in reducing the EZ’s strongest outgoing weight to
value below wjower threshold. Note that EZ nodes with outgoing weight values lower
than wiower yield to seizure localization. The edge removal approaches Case I and
IT also mildly reduce the EZ’s eigenvector centrality, and lead to seizure localization
without any modification of its strongest outgoing connection.

4.1.2 Left Dentate Gyrus

In Figure II1.10(B), we present the effects of the edge removal approaches Case I’
(I1DG - r DG and 1 DG - 1 CAl), Case II’ (1 DG - 1 CAl and r CA3 - r DG)
and Case III’ (1 DG - 1 CA3) for the left Dentate Gyrus and same connectome.
The overall trend is again similar, namely focal seizures remain localized as the
outgoing weight value of the node decreases after our intervention and crosses the
lower threshold (lower dashed line). Note that Case III’ has a strong impact in
reducing the strongest outgoing connection weight in left Dentate Gyrus while re-
sections Cases I’ and I’ cause an eigenvector centrality value reduction. A similar
Figure with all SC matrices and analysis can be found in the Appendix section
(Figure A.4).

4.2 Resting-state Functional Connectivity

We used functional analysis to evaluate time correlation between spatially distant
brain areas’ activity. We do not manage to observe notable difference between the
FC produced by the original SC matrix and the FC matrices produced with the
different intervention procedures introduced in sections I11.3.2 and I11.3.3. The de-
tailed procedure and results are presented in the Appendix section, see Figure A.5.



Discussion

In this chapter we employed the Epileptor model to simulate widespread and lo-
calized epileptic seizures (Figures III.1 and II1.3) and investigate the relationship
between the location of an EZ, its connectivity graph significance in the network
(Figures II1.4 and II1.5), and the widespread propagation of such seizures in a
mouse brain structural connectome (Figure II1.2). When initiating focal seizures
within the three hippocampal sub-regions (from the Allen atlas) we observed that
the left-field CA1l area systematically generates widespread seizures, the left-field
CA3 systematically generates localized seizures, and left Dentate Gyrus can gen-
erate both widespread and localized seizures, depending on the SC weight matrix
(Figures I11.4).

Our next objective was to identify plausible and effective strategies that are able
to prevent widespread seizures. To achieve that, our first approach (Figures I11.6
and II1.8) was to selectively remove a minimal amount of EZ node edges (targeted
disruption of specific network connections). Instead of adopting the approach of
computationally “resecting’ the entire EZ tissue from both brain hemispheres and
as performed in surgical settings (see e.g., (Jirsa et al. 2016; Melozzi et al. 2017;
An et al. 2019; Olmi et al. 2019; Nissen et al. 2021)), here we aimed to systemati-
cally identify and eliminate (or block) the minimal set of connections necessary to
prevent generalised seizures. In our second approach (Figures I11.7 and I11.9), we
attempted to computationally (and somewhat loosely) model the impact of a drug
(Kanner & Bicchi 2022) or a neuromodulation approach (suppression of network hy-
perexcitability) in the vicinity of an EZ region (see e.g. (Tsuboyama et al. 2020)).
Therefore, we adjusted the outgoing weight connections of an EZ node in our struc-
tural connectome to emulate the inhibitory effect of such a drug or external stim-
ulation in the proximity of the targeted area around the EZ. In both approaches,
our ultimate goal is to minimize the surgical or medical intervention while preserv-
ing as much as possible the pre-surgical original structural connectivity and brain
functionality. Our findings indicate that strong inter and intra-hippocampal nodes’
communication is important for the widespread seizure propagation. The successful
(or not) outcome in preventing widespread seizure propagation can be computation-
ally associated with a threshold value crossing of the larger weight outgoing of the
EZ (left-field CA1 or left Dentate Gyrus) area caused by our interventions (in silico)
as shown in Figure II1.10 (see also Figure A.4 in the Appendix, where we show
the results from SC matrices used for each approach).

The research into the structural organization of the brain has enhanced our un-
derstanding of the processing and integration of information through specialized
neural circuits distributed across the brain. The application of current network
theory to brain connectomes has played a crucial role in this advancement, re-
vealing a set of universal organizational principles that govern brain connectivity.
These principles seem to be consistent across different species and scales (see e.g.,
(van den Heuvel & Sporns 2019). In (Coletta et al. 2020), the authors used high-
resolution mapping of the mouse axonal connectome to uncover novel foundational
wiring principles in the mammalian brain, providing a detailed understanding of
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how neural information is processed and transmitted across different spatial scales.
They employed a voxel-level description which revealed organizational principles
such as the directional separation of hub regions into neural sink and sources. In a
next step, these findings could be taken into account for the graph analysis.

Computational studies have emerged as a powerful approach to advancing our
understanding of seizure suppression mechanisms (Taylor et al. 2014), offering in-
sights that bridge the gap between theoretical modeling and clinical intervention.
A multitude of recent scientific articles have contributed to this burgeoning field.
For instance, researchers have explored the potential of robust control strategies for
deep brain stimulation in childhood absence epilepsy, as demonstrated in the work
by (Rouhani et al. 2023). Utilizing real-world data, (Brogin et al. 2023) presented
a computational framework for the identification and control of epileptic seizures,
showcasing the applicability of computational methodologies to real-life scenarios.
Furthermore, the prediction of seizure suppression effects through computational
modeling has been exemplified by (Ahn et al. 2017), underlining the potential of
simulation-based approaches in assessing treatment outcomes. Our work is a step
forward into the understanding on how to optimize the impact of such stimulation.

Intricate dynamics of seizure termination and postictal EEG suppression
have been uncovered through computational investigations, as highlighted by
(Bauer et al. 2017), shedding light on the mechanisms governing convulsive seizures.
The design of patient-specific neurostimulation patterns for seizure suppression has
also been a subject of study, as evidenced by (Sandler et al. 2018), offering tai-
lored solutions to individual patients. Additionally, the interplay between neural
activity and ion concentration changes in localized seizures has been elucidated by
(Gentiletti et al. 2022), stressing the critical role of computational methods in deci-
phering complex neurophysiological processes. Nowadays there are already several
devices (approved by the U.S. Food and Drug Administration) aiming to reduce
the frequency of seizures, namely Vagus Nerve Stimulation (VNS), Responsive Neu-
rostimulation (RNS), and Deep Brain Stimulation (DBS) (see (Skrehot et al. 2023)
and references therein for a recent review). Here again the weight decrease may give
a hint on the location of the stimulation efficiency.

The clinical significance of epileptic seizure propagation lies primarily in the
fact that the epileptic manifestations cannot be solely attributed to the activ-
ity within the seizure focus itself; rather, they result from the spread of epilep-
tic activity to other brain structures. Propagation, particularly when leading to
secondary generalizations, poses a significant risk to patients, including recurrent
falls, traumatic injuries, and unfavorable neurological outcomes. Anti-seizure med-
ications (ASMs) exert diverse effects on propagation with varying potencies. No-
tably, for individuals resistant to drugs, targeting seizure propagation may enhance
quality of life even without a substantial reduction in simple focal events (see e.g.
(Brodie et al. 2016; Khateb et al. 2021).

Network hyperexcitability is a potential contributor to cognitive dysfunction in
individuals also with Alzheimer’s disease (AD). In AD patients, hyperexcitability
and epileptiform activity are frequently observed and have been linked to impaired
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cognitive function. Studies conducted on transgenic mouse models of AD in pre-
clinical settings have shown that suppressing epileptiform activity with anti-seizure
drugs is associated with improved behavior and a reduction in histopathological
indicators of chronic network hyperexcitability in the hippocampus. Drugs such
as Levetiracetam (LEV) are commonly used as anti-seizure medication and have
been reported to effectively suppress epileptiform spikes and enhance synaptic and
cognitive function in mouse models of AD. Moreover, LEV is currently undergo-
ing human trials (in both adults and children) for the treatment of seizures and
long-term epilepsy, as indicated by research studies such as (Vossel et al. 2021) and
(Onos et al. 2022).

The intricate interplay between excitation and inhibition is fundamental to the
proper functioning of neural circuits within the brain. The excitation-inhibition
balance, characterized by the equilibrium between excitatory and inhibitory in-
puts onto neurons, plays a crucial role in shaping the structural connectivity be-
tween different brain areas (Bergoin et al. 2023). Changes in this balance have
been linked to alterations in the strength of synaptic connections affecting the
synaptic and structural plasticity, thereby influencing the overall network archi-
tecture and information processing capabilities of the brain. For instance, stud-
ies have demonstrated that an excessive excitation-inhibition ratio can lead to
aberrant plasticity and altered synaptic weights, potentially contributing to con-
ditions such as epilepsy (see e.g., (Huberfeld et al. 2007). Conversely, a decrease in
excitation-inhibition balance has been associated with disrupted neural synchrony
and impaired cognitive functions, highlighting the delicate nature of this equilibrium
(Roopun 2008; Yizhar et al. 2011).

Recent research has focused extensively on understanding brain activity at a
large scale using resting-state functional MRI (rs-fMRI). The conventional approach
typically considers SC and FC separately. However, this oversimplification ignores
the dynamic engagement of white matter tracts during specific tasks. A more refined
concept, termed “resting-state informed structural connectivity" (rsSC), has been
introduced to incorporate information from rs-fMRI and infer the dynamic white
matter engagement specific to the brain’s state. The resulting rsSC, or resting-state
informed structural connectome, reveals the structural network underlying observed
rs-fMRI correlations. This approach detects alterations in rsSC community structure
in diseased subjects compared to controls. Notably, the original setup does not infer
the “directionality" of white matter tracts as either “excitatory" or “inhibitory."
The incorporation of the co-activation (excitatory) or silencing (inhibitory) effects
into a hybrid rsSC framework that can allow to infer the brain’s E-I balance can be
found in (Ajilore et al. 2013; Fortel et al. 2019; Fortel et al. 2020; Fortel et al. 2022;
Fortel et al. 2023) (see also (Manos et al. 2023) for a recent study demonstrating the
advantages of using rsSC in modeling time series in whole brain dynamics).

The insights accumulated from computational studies pave the way for
more targeted and effective approaches to managing epilepsy. From investigat-
ing the impact of spiking timing stimulation on frequency-specific oscillations
(Quinarez et al. 2023) to exploring the potential of linear delayed feedback con-
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trol in thalamocortical models (Zhou et al. 2020), these studies collectively con-
tribute to an expanding body of knowledge that spans from the cellular level
(Lu et al. 2017) to network dynamics (Depannemaecker et al. 2021). Moreover, the
translation of computational findings into clinical practice has been deliberated upon
by (Brinkmann et al. 2021), emphasizing the promising trajectory of computational
seizure forecasting. As the field continues to grow, collaboration between computa-
tional neuroscientists and medical practitioners holds the potential to revolutionize
our ability to suppress seizures and improve the quality of life for individuals living
with epilepsy.

Moreover, similar simulations are already being used in computational studies as
a tool during pre-surgical stages in the identification of epileptic zones for patients
who undergo surgery, In (Makhalova et al. 2022; Jirsa et al. 2023), the authors em-
ployed a computational brain modeling method, the so-called Virtual Epileptic Pa-
tient (VEP), informed by stereoelectroencephalography (SEEG), and anatomical
personalized data to simulate seizures in drug-resistant epilepsy patients. The ret-
rospective analysis of 53 patients revealed that VEP demonstrated higher preci-
sion in detecting the EZ compared to clinical analysis and the overall prediction
of seizure-free outcomes. However, these procedures are still in the early stages
of clinical studies, have certain limitations and therefore require further follow-up
investigation.

Our study has of course some limitations: First, our analysis was based on
the Epileptor model and the Allen mouse atlas with a fixed granularity. To par-
tially mitigate this we incorporated the generation of additional SC matrices to
account for some variability and to enhance the statistical significance of our re-
sults. Moreover, we did not consider delays in our simulations and we kept all the
model parameters and the external noise term fixed throughout our study. How-
ever, before choosing the epileptogenicity parameter value xg for the EZ regions, we
carried out several simulations with other values relatively close to the chosen value
and we found rather similar global seizure (widespread or localized) propagation
effects to those reported in our manuscript. Nonetheless, in general, time delays
can play a crucial role in the overall dynamics of the brain and its synchronous
activity, as reported in the literature. For example, in (Petkoski & Jirsa 2019), the
authors demonstrated that spatial heterogeneity of time delays is a crucial mecha-
nism shaping the functional brain architecture. A similar analysis can be extended
for a human connectome in the future. That is to investigate whether similar seizure
onset conditions lead to similar types of seizure evolution and whether the interven-
tion approaches we tested here are also effective to a human connectome (network).
In this chapter we aimed to investigate how certain network graph properties (e.g.
degree, eigenvector centrality and average shortest path length) were associated with
a fixed brain structural connectome and different types of seizure propagation (fo-
cal versus generalized). We focused on computationally controlling the widespread
propagation of seizures to improve the management of severe generalized epileptic
seizures which affect both hemispheres and cause symptoms on both sides of the
body. However, focal seizures are also important as they may cause motor, sen-
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sory and cognitive problems for the patient (see e.g. the recent review articles by
(Novak et al. 2022; Ghulaxe et al. 2023) and their study still requires further inves-
tigation.

Let us also stress that in this chapter we employed the phenomenological Epilep-
tor model with a sole purpose to generate local seizure signals rather than to in-
vestigate detailed plausible physiological mechanisms related to seizure onset. We
used these epileptic signals to computationally study their propagation in the other
brain areas. There is currently an ongoing research activity in the improvement
of such dynamical models. For example, recently in (Depannemaecker et al. 2022)
the authors introduced a new model for epileptic seizures whose parameters can be
associated with detailed cellular electrophysiological dynamics. The type of seizure
propagation (local versus generalized) is mainly defined by the tractography, e.g.
the weight connections between nodes and tract lengths associated with the de-
lays in communication between nodes. Mild changes in the graph of the structural
connectome can explain the differences in seizure type propagation (using the ex-
act same model and parameters) or they can alter the overall dynamical activity
and synchronization properties (see e.g. (Courson et al. 2023)). It is important to
highlight that, at this point, our objective did not include comparing our simulated
time series (or FC matrices) with experimental neuroimaging mouse signals. A rel-
evant study addressing this aspect can be found in (Courtiol et al. 2020), where the
authors employed the Epileptor model and appropriate parameters (such as global
coupling and the bifurcation parameter) to characterize the resting state activity in
both healthy and epileptic human subjects. Our work is largely computationally
driven and, at this stage at least, may not immediately provide a direct therapeutic
protocol for clinical implementations. However, we believe that it can shed some
light on the subject and with follow-up studies help in gaining a better understand-
ing of the underlying mechanisms leading to the onset of different types of seizures
and their prevention.



Part IV

Multiscale simulation of seizures

Adapted from:

Thorsten Hater*, Juliette Courson, Han Lu*, Sandra Diaz Pier*, Thanos Manos.
Arbor-TVB: A Novel Multi-Scale Co-Simulation Framework with a Case Study on
Neural-Level Seizure Generation and Whole-Brain Propagation.

DOI: https://doi.org/10.48550,/arXiv.2505.16861. Under review.

A collaborative work with

* Jillich Supercomputing Centre, Forschungszentrum Jiilich



Introduction

The human brain consists of billions of neurons and an equally vast pop-
ulation of non-neuronal cells, intricately organized into layers and regions
(Herculano-Houzel 2009; Herculano-Houzel 2012). Each neuron operates as a highly
sophisticated biochemical machinery (West et al. 2002; Augustine et al. 2003;
Darnell 2013; Lu et al. 2025), coordinating signal transmission within an extensive
network in health (Reyes 2003; Barral et al. 2019; Dicks 2022) and disease [see e.g.,
(Tetzlaff et al. 2025)]. Ever since the Hodgkin-Huxley model was introduced to
describe membrane potential dynamics (Hodgkin & Huxley 1952a), computational
neuroscience has played a pivotal role in enhancing our understanding of brain
function. Yet, due to the immense complexity of the brain and computational con-
straints, most modeling studies focus on a single scale simulator or rely on standalone
simulation codes.

Simulations incorporating biophysical properties and neural morphology typ-
ically concentrate on individual neurons using simulators such as the NEU-
RON simulator (Carnevale & Hines 2006). At the microscopic level, studies have
explored questions such as how the ion channel kinetics influence neural ex-
citability [see e.g., (Gurkiewicz et al. 2011; Suma et al. 2024)|, how proteins, en-
zymes, and calcium concentration are distributed among neighboring spines to
impact plasticity [see e.g., (Luboeinski & Tetzlaff 2021; Chater et al. 2024)], and
how signal propagation along axonal fibers relates to neuropathic pain [see e.g.,
(Tigerholm et al. 2014; Tigerholm et al. 2015)]. Some studies examine how neural
morphology—such as dendritic tree growth [see e.g., (Yasumatsu et al. 2008)| and
morphology-dependent plastic interactions [see e.g., (Hananeia et al. 2024)|—affects
function. These studies, while often limited to small patches of the neural membrane,
a few dendritic segments, or a small local network, provide valuable approximations
of broader neural phenomena.

At the mesoscopic level, researchers simplify neuronal representations
using point leaky-integrate-and-fire neurons (based on simulators such as
NEST (Gewaltig & Diesmann 2007) or Brian/Brian2 (Stimberg et al. 2019)), en-
abling studies on larger networks without explicit neuronal morphology
or with some degree of self-customized morphology, using e.g., NESTML
(Linssen et al. 2024).  This approach has advanced our understanding of neu-
ral heterogeneity (Demirtag et al. 2019; Nayebi et al. 2021; Gast et al. 2024), self-
organization (Zheng et al. 2013; Diaz-Pier et al. 2016; Miner & Triesch 2016), neu-
ral capacity (Emina & Kropff 2022), energy efficiency (Sacramento et al. 2015), and
neural plasticity in disease and health (Manos et al. 2021; Lu et al. 2024). Most
microscopic and mesoscopic models remain theory-driven, using mathematical ap-
proximations to infer neural behavior rather than directly establishing model based
on large datasets [see e.g., (Popovych et al. 2019) for a recent review].

Data-driven modeling has gained traction at the macroscopic level
with the rise of open-source brain imaging databases (such as OpenfMRI
(Poldrack & Gorgolewski 2017)). High-resolution structural and functional data
from magnetic resonance imaging and diffusion tensor imaging (DTT) enable whole-
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brain modeling based on real anatomical features. Such type of models help to
elucidate state transitions in brain activity and optimize external interventions to
control brain states. The Virtual Brain (TVB) platform (Sanz-Leon et al. 2015;
Sanz Leon et al. 2013; Ritter et al. 2013), for instance, integrates functional MRI
and DTI datasets to build individualized models, using coupled oscillators to rep-
resent regional activity. TVB has contributed significantly to the understanding of
neurological disorders and serves as a testing ground for therapeutic interventions
[see e.g., (Stefanovski et al. 2021; Monteverdi et al. 2023; Courson et al. 2024) and
references therein].

With advancements in computing resources and simulation technologies, inte-
grating models across different scales has become both feasible and essential to
strike a balance between retaining detailed information and achieving a broad-
scale understanding. Recently, a co-simulation framework was introduced that
employs NEST (a widely used simulator for point neurons and large neural net-
works) and TVB (broadly used and optimized for macroscale modeling of brain
activity). This work has pioneered cross-scale modeling (Kusch et al. 2024) and
has demonstrated the benefits of integrating models across spatial levels. Re-
cently, (Schirner et al. 2022) provided a comprehensive overview of similar software
tools available within the Furopean digital neuroscience platform, EBRAINS. A
notable application of TVB-Multiscale is the virtual deep brain stimulation model
(Meier et al. 2022; Shaheen et al. 2022), demonstrating its utility in multiscale sim-
ulations.

However, integrating microscopic and macroscopic models remains technically
challenging, especially when one is interested in modeling morphological details
and large-scale brain dynamics at the same time, possibly in addition to cre-
ation/deletion of synaptic elements associated with neural plasticity mechanisms.
At the core lies the vast amount of information being processed, billions of cells
with thousands of connections each, and the immense gap in timescales, from mi-
croseconds in ion channel dynamics to minutes for plastic changes of the connec-
tome. The holistic understanding on how such neural biophysical processes affect the
whole-brain dynamics, could be leveraged, among other applications, in optimized
development of pharmacological treatments and the assessment of neuromodulation
or surgical interventions. By employing different temporal and spatial resolutions
for independent parts of the simulation, it is possible to reduce the computational
requirements. We employ the Arbor simulator (Akar et al. 2019) and more specif-
ically its most recent next-generation version (Cumming et al. 2024). Designed for
single-neuron and large-scale network simulations, Arbor leverages GPU resources
to enhance computational speed and energy efficiency. A spike-based interface for
co-simulation of biophysically detailed neuronal networks is provided.

In this chapter, we present a novel co-simulation framework integrating Arbor
with TVB. In this first Arbor-TVB co-simulator implementation, our goal is twofold:
first, to successfully establish efficient communication between the two simulators
that respects their different operational time scales and, second, to provide a use
case example of the combined neural activity. To this end, we use a mouse brain
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connectome—a graph of arbitrarily sized brain regions interconnected by weights
and tract-length values—where each region represents the mean mass neural activity
of a brain area modeled by a macroscopic model. Both the connectome matrices
and the region models are provided by TVB. Then, using the co-simulation interface
we replaced one TVB node with a detailed neural network with detailed neurons
using Arbor. This neural population allows the user to choose an available model or
easily develop a new one in Arbor and to define the details in the local connectivity
of the population. We generate locally activity similar to epileptiform seizures in
the network of detailed cells and monitor their propagation in the brain connectome
with TVB. In this proof-of-concept study, we use a Hodgkin-Huxley-based model
(Depannemaecker et al. 2022) placed on a single compartment which allows us to
simulate different types of neural activity (e.g., spiking, bursting, seizure-like, etc.)
by controlling a single parameter value.



1 Co-simulation framework

1.1 Macro and micro-scale models

1.1.1 Single neuron and network models in Arbor

Arbor is an open-source library for building simulations of biophysically detailed
neuron models (Akar et al. 2019). It provides an alternative to software like NEU-
RON (Carnevale & Hines 2006), but with a strong emphasis on modern hardware
and scalability to large-scale systems (Hines 1984). Its overall set of capabilities al-
lows Arbor to model neural networks at a level of resolution beyond point models to
explore phenomena like dendritic computation. Thus, support for bulk-synchronous
parallelism via MPI, shared memory parallelism by utilizing a thread-pool and job
system is central to Arbor, and certain cell types—primarily cable cells—can further
leverage SIMD and GPU hardware. Arbor is written in C'++-, though most users
interface with it through an intuitive, high-level Python interface built on top of the
lower level implementation. The underlying numerical model of Arbor is the cable
equation:

emVt=1z(oVx)+in (IV.1)

where the membrane potential V' is computed over the morphological structure
of the neural tree; the spatial coordinate x and derivative are to be under-
stood within this structure (Von Helmholz 1850; Thompson & Kelvin 1855;
Hodgkin et al. 1952; Hodgkin & Huxley 1952c¢; Hodgkin & Huxley 1952b;
Loligo 1952; Hodgkin & Huxley 1952a; Scott 1975).  The parameters ¢, and
o define the membrane capacitance and longitudinal resistance. The trans-
membrane current density 4, models the entirety of ionic and non-ionic currents.
In both NEURON and Arbor, these are calculated from user-specified sets of
differential equations, potentially varying along the morphology. The equations for
im and V are solved in alternation (Lie-Trotter splitting) using a first-order implicit
method.

We begin by selecting a dynamical model that allows for relatively easy yet
realistic simulation of a broad spectrum of neural activity at the single-neuron level,
governed by a small set of biophysical parameters, see section 1.4.3. The neural
model from (Depannemaecker et al. 2022) was formulated for Arbor in the Neuron
MODeling Language (NMODL). The following equations form the slow part of the
system, describing the evolution of ion concentrations due to voltage-gated channels,
active pumps, and buffering by an external bath see Figure IV.1(A) for a schematic
of the dynamics. It describes the ionic exchanges between the intracellular and
extracellular spaces (ICS, ECS) of a neuron immersed within an external bath, acting
as a potassium buffer of concentration Ky,,. Ions flow between the ICS and ECS
through a sodium-potassium pump and the sodium, potassium and chloride voltage-
gated channels, driving changes in the internal (K;, Na;, Cl;) and external (K,, Na,,
Cl,) ionic concentrations. By gradually increasing the external bath concentration



1.1. Macro and micro-scale models

97

(A)

Voltage-gated
Channels

Cell

Cl,

Na,

Pump . Buffering

K :
¢ T Khatn

Extracellular
Space ]

Potassium Bath

(B)

Figure IV.1: Biophysical neuron model and Arbor network. (A) For single
cell dynamics three ion concentrations (K, Na, and Cl) are modeled in the cell’s
interior and a thin shell of its extracellular medium. The latter is, in turn, sur-
rounded by a bath of a fixed Potassium concentration Kpain. The model simulates
changes to the concentration in addition to the current contributions based on three
voltage-gated ion channels, an active pump between Potassium and Sodium, and the
buffering effect of the surrounding Potassium bath. (B) We choose typical values of
Kpatn for the single models to generate the tonic spiking (healthy) and seizure-like
event (pathological) behaviors. In most cases, a fully connected network using ex-
ponential synapses with weight w = 0.5 is used. As an example, we show here the
network instantiation for N =5 and f = 0.2.
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of potassium ions Kpain, the model sequentially presents these patterns: resting
state (RS), spike train (ST), tonic spiking (TS), bursting, seizure-like events (SLE),
sustained ictal activity (SIA) and depolarization block (DB), see Figure IV.2. The
fast dynamics of the membrane potential V' are modeled in Arbor via the cable
equations, see above, which require computing the ion current densities ix used in
the simulator update as:

ix = gx(V — Ex)

Xo

with the ion species X = {K, Na, Cl} and a non-ion current density:

- p
Pump = p(10.5 — 0.5Nag)) (1 + exp(5.5 — Ko))

Following the Hodgkin-Huxley model, conductivities gx are written as:

JgK = goK" + gIK 9Na = go,Namh + g Na gc1 = go,c1
The — internal 7 and external o — ion concentrations are modeled as:

K; = KO,z‘ + AK; Na; = Naw — AK; Cl; = Cloﬂ'
K, = K(),O — BAK; + Kg Na, = Naop + BAKZ Cl, = 01070

The variables {AK;, Ky} evolve as:

dAK; ‘ .
= (i ~ dpump) (1v.2)
dK
d—t" = ¢ (Kpath — Ko) (IV.3)

where v converts current density ix to molar flux, summarizing the effect of the ion
pump in Figure IV.1(A) and external buffer. Finally, fast dynamics were reduced
and adjusted to mammalian neurons:

dn 1
1
neo(V) = T e (C19 + VI/18)
1
m = mOO(V) = 1+ eXp(—(2 +V/12))

1
1+ exp(3.2—0.8n)

h=h(n)=1.1

based on the observations that the reaction of the Sodium gating variable to changes
in V is nigh instantaneous and h(t) + n(t) = const. The resulting ion channel was
added to a basic, spherical, single-compartment neuron. After implementing this
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biophysical model, we reproduced the firing patterns using the parameters of the
reported model [Figure IV.2 (A-F)], see also (Depannemaecker et al. 2022) for more
details and motivation for model parameter choices. Note that despite the values
given in the original publication, neither the Arbor nor the published reference
implementation produces the depolarization block pattern at Ky, = 20mM but
only at around Ky, = 22.5mM. From here, a simple model network was developed,
comprising N total cells, with a mixture of healthy f-N and pathological (1—f)-N
cells, where both sub-populations are assigned individual values for Ky,tp, sketched
in Fig IV.1. Cells are connected using exponential synapses with an internal weight
of w = 0.5 chosen to produce an activity similar to (Rabuffo et al. 2024) which uses
delta synapses.
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Figure IV.2: Different neural spiking patterns. (A) Spike Train, Kpan =
7.5mM, (B) Tonic Spikes, Kpatn = 9.5 mM, (C) Bursting, Kpagn = 12.5 mM, (D)
Seizure Like Event (SLE). Kpan = 17.0mM, (E) Sustained Ictal Activity (SIA),
Kpath = 17.5mM, and (F) Deolarization Block, Kpan = 22.5mM. Note that by
setting Kpatn = 4mM, one can obtain Resting State (RS) activity too (result not
shown here).

1.1.2 TVB network model

Following (Deco et al. 2013), we used the reduced Wong-Wang model (Wang 2002)
to simulate resting-state activity and to investigate the dynamics of local brain
regions embedded within a large-scale brain network, see section 1.4.1.3. The mean
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firing rate H(z;) and mean synaptic gating variable St of region I are described by:

St St

— = —— 1-— H V.4
2 (- Sy H () (1v.4)
ary—b
H = IV.
(1) 1 —exp(—d(azx; — b)) (IV.5)
Tr :wJNS[-f—GJNZC[KSK-f—IQ, (IV.G)
K

with w =1

the local excitatory recurrence, crx the strength of the structural connection
from the local area I to K, and G a global coupling strength. The parameters are
set to the same values used in the TVB implementation. Jy = 0.2609nA is the
synaptic coupling of NMDA receptors and Iy = 0.33nA is the baseline external
input. The kinetic parameters are 7; = 100ms and v = 0.641. The parameters of
the input-output function H are a = 0.27nC~!, b = 0.108kHz, and d = 154 ms.
Depending on the tuning of G, the system exhibits a multi-stable regime, with
steady states of high and low spiking activity. Here, we set G = 0.096.

1.2 Establishing the co-simulation framework

Both Arbor and TVB offer support for attaching a second simulator to perform
co-simulation, potentially at different scales.

1.2.1 Co-simulation from TVB'’s point of view

Co-simulation from the TVB’s viewpoint is the simpler technology of the two frame-
works, since TVB is designed to execute as a single process. TVB allows for ex-
change of any variable relevant to the region models and any number of variables.
The co-simulation partner is encapsulated in one or more TVB regions, called proxy
nodes, see Figure IV.3(A). These proxies present a conforming interface to TVB;
exchanging the salient variables as a table, one row per time-step, one column per
variable. As TVB advances in lockstep on a global time-step, this is almost identical
to normal operation. However, co-simulation introduces the concept of an ‘epoch’
to TVB, i.e., the length of time that conforms to the smallest delay 7y, in the
set of inter-region connections delays 777. These delays are part of the connectome
data used to construct a TVB simulation. (In the case that a connectome contains
vanishing delays these must be replaced with a finite value. Further, it is required
that the time-step evenly divides Tyin.) Co-simulation thus can advance all nodes,
including the proxy, for one epoch iy, without exchanging data. This is correct as
an event emanating from any region I at time t influences any other region J at
time t + 775 > t + Tmin. Only after an epoch, data need to be exchanged between
the proxy and the rest of the TVB regions. A TVB-NEST demonstration has been
published to showcase the interaction between a local network of spiking neurons
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and the whole-brain network dynamics (Kusch et al. 2024).
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(00T

N

Arbor MPI Intercom TVB
11T / I Y Y I
— Wi

Figure IV.3: Arbor-TVB co-simulation schematic and communication pat-
tern. (A) In a TVB simulation of regions I, K, and P; one region P will be replaced
by a proxy containing a network of detailed cells simulated in Arbor. Regions are
connected via the weights of the connectome and produce an activity values based
on the chosen region model. When crossing the boundary between TVB and Ar-
bor models, care needs to be taken to convert between discrete action potentials in
Arbor to contiguous, region-model-specific variables in TVB. (B) Spikes generated
by Arbor and TVB — converted from activity values interpreted as mean spiking
rates — are exchanged using an MPI intercommunicator and the All-gather primi-
tive. This is equivalent to concatenating all contributions from all Arbor MPI ranks
and sending the result to all TVB ranks and vice-versa.

1.2.2 Co-simulation from Arbor’s point of view

Arbor has a fundamentally different design in terms of connectivity. Interaction
between physically separate cells is mediated by action potentials, which are trig-
gered by dedicated sources, e.g., when the membrane potential crosses a configurable
threshold. Cells are connected by wiring these sources to corresponding sinks like
synapses via an abstract connection object comprising a delay and weight, modeling
transmission and attenuation via an axon. In contrast to TVB, Arbor is fundamen-
tally a distributed system and internally employs the same approach to decoupling
via the minimum network delay as explained above. To initiate co-simulation, Ar-
bor exposes an additional interface comprising the external connections, i.e., those
terminating at cells managed by Arbor, but originating outside, and functionality
to exchange spikes with Arbor. On the technical side, the latter part leverages
MPI_Allgatherv through an inter-communicator and effects that the concatenation
of all spikes sent from all MPI ranks running TVB arrive on all ranks running Ar-
bor and vice versa [Figure IV.3(B)]. This allows co-simulation in conjunction with
arbitrary numbers of ranks on both sides and even in compounds with more than
two simulators.
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Figure IV.4: Impact of conversion method on activity exchange. For an
all-to-all connected network of a mixture of 10 pathological cells (Kpaen = 17.5 mM)
and 90 healthy (Kpatn = 9.5mM) neurons we plot the membrane potential traces
(A) for four healthy and one pathological cell in (A). This simulation is repeated
for two choices of generating the activity of the detailed network, either spikes were
binned into buckets of width At to extract instantaneous rates, or the differential
equation IV.7 emulating the change in Calcium concentration of a biological cell
after spiking was used (with 7 = 100ms and § = 0—N1) The resulting activity traces
for the Arbor (B) network and selected TVB nodes ((C)—(F), out of 98 regions).
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1.2.3 Bringing Arbor and TVB together

Finally, bi-directional translation between TVB’s variable concept and Arbor’s rep-
resentation of action potentials is required. As the former depends on the region
models used, we chose to bundle this with the remaining TVB functionality as part
of the Arbor proxy node. For the TVB models used in this chapter, the main vari-
able is the per-region mean activity rate vy which is conceptually compatible with
the concept of spike generation. For each region I connected to the proxy node P,
i.e., with connectome weight c;p > 0, a set of synthetic events needs to be generated
such that the mean activity conforms to v;. This is an ambiguous process, even if
we prescribe a population (list of cell identifiers) and a per-cell distribution, e.g.,
a Poisson point process, from which to draw events, which likely must be resolved
by ensembles of simulations. In general, this is both model dependent and mathe-
matically intractable, so we leave the general case as a customization point in the
framework. For our running example, however, we make the following choice: Event
timings for the current step k will be drawn from a uniform distribution and dis-
patched to all cells in the Arbor network, Note that while these events are created
at given time a per-connection delay is applied and thus delivery occurs at a later
time.

The inverse direction, converting spike events to mean rates, while being well-
defined, is still subject to customization. We explore two options here. First, simple
running averages, i.e. all spike originating within the Arbor network during the
current epoch are collected and sorted into bins of width At¢. This list is then
normalized to the cell count and time step and sent to TVB as the mean activities
as a function of time. Although straightforward, this can lead to unrealistically
rough activity traces, especially if cell populations are small. Second, as inspired
by high-speed calcium imaging experiments (Grewe et al. 2010), a mechanism of
tracking cell activity via calcium level is implemented as:

ac,
dt

splke p) Cp(o) =0 (IV7)

splke p

with per cell p with decay parameter 7 and weight 5. Computing the activity
becomes the average:

vp(t) = (Cp(t)) yep » (IV.8)

yielding a smooth trace. This method of converting discrete spiking
events into a continuous interval variable is also used in a few plas-
ticity models recruiting a mnegative feedback control mechanism such as
synaptic scaling (Van Rossum et al. 2000) and homeostatic structural plastic-
ity (Butz & Van Ooyen 2013; Diaz-Pier et al. 2016; Lu et al. 2024) models. Fig-
ure V.4 compares the impact of this choice on the macro-scale network. In small
networks and over short timescales defined by the epoch length as shown in the
example, spiking activity occur in noncontiguous bursts, which is dubious in con-
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junction with the smooth dynamics of the chosen TVB model. Figure IV.4(A)
shows the propagation of this noncontiguous activity into the TVB regions, while
using the Ca-like model (B) provides smooth dynamics in both the Arbor and TVB
models. We thus will use the latter in all simulations from here on out. In general,
both methods require scaling by the number of cells in the proxy region to arrive at
a scale-free activity measure. A local scaling factor G is used to convert between
the activity detailed network and the region model specific TVB activity measure.
In general, G needs to be adjusted to the choice of connectome and TVB model,
similar to the choice of the global coupling strength G in the RWW model, here
Ga = 100 proved to produce acceptable results.



2 Co-simulation to generate
seizure-like propagation activity

So far, we have described the components of the co-simulation framework, that is
the model of individual detailed cells, the prototypical network used for detailed
cells, and the neural mass model used in TVB, and the manner of establishing a bi-
directional connection between Arbor and TVB, as well as the methods of converting
between spikes and rates. In summary, an Arbor—TVB co-simulation model consists
of the following key components:

e A TVB model based on the connectome and node dynamics.

e One or more internally connected network models in Arbor.

A specified set of TVB nodes where the Arbor models will be placed.

A defined mechanism for routing events from TVB to individual cells in Arbor.

A method for translating Arbor-generated events into TVB variables.

A translation process for converting TVB variables into events originating
from synthetic cells.

Each of these components serves as a customization point for the user. While
reasonable default configurations can be provided for some, others require user-
defined specifications to suit specific modeling needs.

The single cell model has been demonstrated to exhibit the necessary range of
healthy and pathological behaviors. We have also motivated our choice for convert-
ing spikes to rates of using a biologically-inspired exponential smoothing filter via a
Ca-like activity over simple binning and fix parameters to 7 = 100ms and g = %.
This normalization is important as it yields results that invariant under changes in

the number of cell N in the detailed network.

2.1 Seizure propagation in Arbor-TVB

2.1.1 Propagation of pathological states in a network of detailed
cells

As a first step, we consider a network of detailed cells without embedding into a
co-simulation and study the impact of a small population of pathological cells on
the network dynamics. For this, a simulation of 80% healthy cells (Kpatn = 9.5 mM,
tonic spiking) and 20% pathological cells (Kpatn = 17.0mM, SLE) was set up with-
out any internal connectivity. This simulation was run forward in time for 7= 5s
and the resulting membrane potentials are shown in Figure IV.5. During this phase,
all cells follow their inherent behavior independently as in Figure IV.2. After this
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Figure IV.5: Effect of pathological patterns on the network. A network
simulation of detailed cells comprising 80 % healthy cells (Kpatn = 9.5mM tonic
spiking) and 20 % pathological cells (Kpatn = 17.0 mM, SLE). Shown are membrane
potentials for each cell. The simulation was integrated for 5s (shaded area) without
internal connections during which cells follow their individual patterns as in Fig IV.2.
After this initial period the network was switched to a fully connected graph and
settles into a new equilibrium state driven by the single pathological cell.
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initial undisturbed simulation, integration was halted, the network was transitioned
to fully connected, and simulation resumed. The effect of this switch on all cells is
immediate and the network now follows the general pace of the pathological neurons
modulated by tonic spiking, see Figure IV.5, T' > 5s.

2.1.2 Arbor-TVB simulation setup

To induce seizure propagation in mice brain, we use the structural connec-
tivity derived from the Allen mouse brain atlas (Oh et al. 2014), also used in
(Melozzi et al. 2017), to embed the TVB nodes. Following the work presented in
(Courson et al. 2024), the proxy node modeling the Arbor population of healthy and
diseased neurons is set within left Hippocampus, i.e., either left-field CA1 (1 CA1),
left-field (1 CA3), or left Dentate Gyrus (1 DG). The proxy node consists in a fully
connected network of N neurons. The connections are facilitated using exponential
synapses whose weight is tuned to produce sustained network activity. All neurons
produce SLE with Ky, = 17.0mM. The activity of the spiking neural network is
smoothed following Eq. IV.7, with 7 = 100ms. Figure IV.6 (A) shows the evo-
lution of the membrane potential for the individual neurons in the Arbor network,
all neuron exhibiting the same dynamics. As discussed earlier, the initial shape of
the SLE is altered by the coupling of the neurons. The neurons are synchronously
recruited into seizure patterns of activity. The threshold used for spikes detections
was tuned to —25mV to capture the seizure dynamics.

We run simulations over 20s s, and investigate the effect of SLE emergence in
the diseased network once all brain areas have reached their steady state.

2.1.3 Seizure detection

The production of SLE patterns in the diseased Arbor node generates changes in
the mean firing rates of TVB local brain areas. Even though changes in the activity
occur in most of the brain areas, these fluctuations are generally small, therefore we
use region-specific thresholds to detect the seizures. In this section, we characterize
a seizure as an SLE activity pattern causing the mean activity to increase at least
by 5% of its baseline resting value. A seizure is then detected at the first peak of
increased firing activity.

2.2 Seizure propagation patterns

In Figure IV.6(B), we show the time-series of some TVB nodes’ mean firing rate over
the entire simulation, here with N = 100 in the detailed network. A large transient
period is necessary before all nodes reach their steady-state. The emergence of
recurrent SLE patterns in the Arbor node triggers SLE patterns in the dynamics of
the TVB nodes. In the zoomed-in sections, we show a seizure in more detail. The
red trajectories highlight the brain areas where the seizure is detected. Note that
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Figure IV.6: Multiscale seizure propagation. (A) Membrane potential and
raster plot for four neurons in the detailed fully-connected Arbor neural network.
Note that the membrane potential time-series are similar across all neurons. (B)
Mean firing rate of various TVB local brain areas versus the Arbor activity. We
track a seizure after a transient period, so that all brain areas have reached their
baseline activity. The zoomed-in sections show the propagation of the seizure. We
highlight and show detail the four timeseries with the largest deviation in activity.
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even non-recruited areas leave their steady-state, but the activity remains relatively
weak for a seizure to be detected with this criterion.

In Figure IV.7, we present the propagation of SLE originating in 1 CA1 (star
marker), represented as a fully connected network of N = 10000 neurons. Colors
on the brain template show the time distance between seizure emergence in the
diseased area and seizure arrival in the different brain regions. Following the detec-
tion procedure described above within 25 ms a SLE is detected in brain areas inside
and outside the hippocampal formations (HFs). Furthermore, we show the activity
time-series of four healthy nodes of the brain network being recruited in the seizure,
namely the ventral part of left Lateral Septal Nucleus (1 LSv), 1 CA3, 1 ENTCI and
r ENTCI. Note that both the baseline activity and the mean activity reached during
the seizure differ depending on the brain area. In particular, since the Allen Mouse
Brain SC has symmetrical connections between left and right hemispheres, | ENTCI
and r ENTCI have the same baseline activity. However, as the SLE pattern emerges
in left Hippocampus, | ENTCI reaches higher spiking rates.
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Figure IV.7: Propagation or a seizure originating in left-field 1 CA3 area of
the mouse brain model. Time distance between seizure emergence in 1 CA3 (star
marker) and spiking rate increase in each brain area. Time series of selected brain
areas are displayed, starting at the detected onset of the seizure. For comparison
we also show the baseline activities for these node, the activity in the absence of the
Arbor node.



3 Performance of the Arbor-TVB
co-Simulation Framework
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Figure IV.8: Performance of the running example.We graph the overall run-
time (A) of the full co-simulation over the number of cells in the Arbor network as
well as the fraction of the main contributions (B): time spent in both simulation
engines and in converting between rates and spikes. TVB and rate to spike conver-
sion are the most relevant cost center in the limit of vanishing Arbor network sizes
while at large sizes, Arbor compute time dominates.

Next, we briefly analyzed the performance of the running example on a single
Apple M1 (2021) laptop. Arbor was built with support for MPI and SIMD (Arm
Neon/SVE), and cells were bundled into groups of ten to leverage SIMD units. The
overall runtime consists of four main components:

e Arbor model update,
e conversion from spikes to rates,
e TVB model update,
e conversion from rates to spikes.

The Arbor update runs in parallel with the conversions between rates and spikes,
as well as the TVB update. During spike exchange, both simulations synchronize,
meaning the slower part must wait in the MPI collective, which accounts for the
primary time spent in the collective call. Figure IV.8 illustrates the total runtime
of a 10 s simulation for the entire model described above, along with the relative con-
tributions, for system sizes ranging from one to 10 000 cells. Notably, at 10 000 cells,
nearly all computational time is spent within the Arbor network model. In future
experiments, we plan to leverage additional hardware, including GPUs, to accelerate
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the Arbor side of the simulation. At this scale, TVB and the spike/rate conversions
are potential bottlenecks that will require optimization, potentially through TVB’s
JIT compilation and GPU acceleration. Additionally, further parallelization and
porting of the conversion steps to a more performant programming environment
remain promising avenues for improvement.



Discussion

In this work, we presented a co-simulation framework that offers a novel approach to
bridging the gap between microscopic (spiking neuron) and macroscopic (mean-field)
models. This framework integrates Arbor and TVB within a parallelized MPI envi-
ronment, enabling a detailed yet computationally feasible representation of neural
dynamics across scales. To model large-scale brain network dynamics, we used the
mean-field reduced Wong-Wang model to reproduce resting-state dynamics. Simul-
taneously, a detailed spiking neural network was simulated with Arbor, employing
a physiological model of seizures at the neuron level (Figure IV.2). The spiking ac-
tivity of the population was then converted into a smooth trace for the proxy node,
which was communicated with TVB |[Figure IV.3(B)|. This co-simulation approach
successfully captured the interplay between spiking activity and large-scale brain
dynamics, where local neuron dynamics generate global activity wave-fronts. At
the microscopic scale, we demonstrated that the structure of the detailed neural
network influences its activity patterns, thereby affecting the shape of the activity
wavefront (Figure IV.4).

As a proof of concept, we simulated the emergence of seizure-like activity pat-
terns (SLE) in the mouse hippocampus, using the Allen Mouse Brain Structural
Connectivity data. We modeled the diseased brain area with a small, fully-connected
network of neurons SLE, which produces scale-free activity patterns. This approach
offers a well-understood and easily controlled model, which is essential for demon-
strating the usability of the technical substrate. However, it leaves significant po-
tential for more complex cell models untapped. We would like to stress that this is
not a limitation of the framework or its components, and it is possible build upon
the model used here in future works.

Arbor has embarked on many types of computational studies as a new-generation
simulator. It enables seamless conversion and simulation of single-neuron models
from the NEURON simulator and supports simulations of both individual neurons
and large-scale networks. Arbor accommodates various plasticity models, including
spike-timing dependent plasticity, calcium-based synaptic tagging and capture, and
structural plasticity. It has been used to study synaptic tagging and capture via
the built-in diffusion functionality [(Luboeinski et al. 2024), under review|. Recent
developments focus on co-simulation with membrane dynamics and external kernels,
enabling dynamic connectivity modifications in a distance-dependent manner. With
its high flexibility and scalability, Arbor stands out as a promising platform devel-
oped within the EBRAINS initiative to advance cross-scale simulations in compu-
tational neuroscience. Arbor is available as part of EBRAINS software distribution
(ESD) on connected HPC centres and the EBRAINS collab via Jupyter Lab. Pro-
viding a bridge between morphologically detailed neurons and neural mass models
encompassing the full brain spans a gap of scale from sub-micrometer to decimeter.
It allows for placing the resolution — using Arbor and detailed models — where
needed and using realistic, data driven environments everywhere else via TVB.

Despite its successes, the Arbor-TVB framework has some limitations. The co-
simulation requires careful exploration and calibration of coupling parameters to
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ensure meaningful interactions between Arbor and TVB, which remains a challenge
when generalizing to diverse neural models. Specifically, computational costs for
large neural networks may necessitate further optimization in model parallelization
and data handling. A near-term goal would be to incorporate new features, such
as synaptic plasticity, which could offer valuable insights into how brain networks
adapt and reorganize in response to disrupted activity.

From an epilepsy-seizure perspective, while the framework provides insights into
seizure propagation, additional validation against empirical data would enhance
its applicability to clinical settings. This co-simulation framework could enable a
detailed investigation of the physiological sources of seizures. Understanding the im-
pact of the structure of the diseased area on seizure patterns and propagation would
be of great interest [see e.g., (Netoff et al. 2004; Garcia-Ramos et al. 2016)|. Specif-
ically, we expect the inhibition and excitation ratios in the detailed neural network
to play a critical role in seizure patterns [see e.g., (Liu et al. 2020; Engel 1996)].



Conclusions

In this thesis, we explored the interplay between brain network structures, nonlinear
dynamics and epilepsy modeling. By integrating graph analyses, dynamical systems
modeling and biophysically detailed neural simulations, we have provided insights
into the mechanisms governic coherent neural activity, and seizure patterns across
spatial and temporal scales.

Key Contributions

e Network modulation From a theoretical point of view, we employed the
Kuramoto model to investigate how different structural properties modulate
global synchronization in coupled neural oscillators. These findings extend
previous work by demonstrating how local connectivity disruptions may lead
to large-scale network effects.

e Brain network topology and seizure propagation. We examined how
structural brain networks influence seizure dynamics using phenomenological
and physiological models. By characterizing epilepsy within the framework of
complex networks, we highlighted the importance of connectivity topology in
shaping pathological activity. We showed that local connectivity structures
influence global seizure propagation, suggesting that targeted interventions at
specific network nodes could mitigate seizure spread.

e Seizure propagation control. With a clinical perspective, we explored com-
putational methods for seizure propagation prediction and potential propaga-
tion control strategies. By identifying critical network regions, we proposed
novel approaches for confining epileptic activity through localized network-
based interventions.

e Arbor-TVB co-simulation framework. A more engineering-driven con-
tribution to computational neuroscience lies in the development of a multi-
scale co-simulation framework handling spiking neural networks with Arbor
and mean-field models with TVB. This approach allowed to bridge the gap
between microscopic and macroscopic descriptions of neural activity.

Perspectives

Our work still presents room for improvement, and opens up numerous opportunities
for a deeper study of epilepsy, and neurological pathologies in general.

¢ Empirical assessment of the computational findings. To date, our work
remains mainly computational and theoretical. Comparing our findings on
Epileptogenic Zone structures, seizure propagation patterns and propagation
control methods with neurological experiments would be of great interest to
validate or constraint the computational models and strategies.
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e Study of the mechanisms underlying seizure emergence. The Arbor-
TVB framework opens an avenue to study numerous structural and physiolog-
ical parameters of diseased brain regions, and their role in seizure production.
From an epilepsy perspective, such investigation would aim to identify the
mechanisms underlying epileptogenicity, and search for correlation between
neural mechanisms and specific propagation patterns.

e Arbor-TVB. The Arbor-TVB co-simulation framework seeks to extend its
role in computational neuroscience beyond seizure-related studies. Expanding
the multiscale co-simulation framework to include even more detailed cellular
models, or incorporating additional ones, would enhance the framework’s ap-
plicability in studying a larger repertoire of brain dynamics and more complex
neurological phenomena.



A Appendix

Additional structural connectivity matrices generated
from the Allen connectome

In Figure A.1, we show in a logarithmic scale the SC of the 20 generated SC. We
preserve the structural properties of the Allen connectome (see Figure II1.2). In
Figure A.2, we display the difference between the original weight ¢;; and the new
weight cgj of their connections. Red elements indicate strengthened connections.
Blue elements indicate weakened connections. While conserving the overall structure
of the SC, there is a significant change in some of the strongest edges weight.

Network edge removal

In Figure A.3, we show two resection procedures for the localization of epilep-
tic seizures initiating in 1 CAl. In Figure A.3(A), we remove the inter-
hemispheric pathway 1 CA1 —-» r CA3 and the pathways leading from the EZ
to extra-hippocampal left areas, namely left Entorhinal Cortex (1 ENTI) and left
Subiculum (1 SUB). In Figure A.3(B), we remove the inter-hemispheric pathway
1 CA1 -» r CA3 and the pathways leading from 1 ENTI1, 1 SUB to high-centrality
nodes of the brain network, namely the left Ectorhinal Cortex (1 ECT), Perirhinal
Cortex (1 PRh) and Temporal Association (1 TEa) areas. With these two proce-
dures, we achieve seizure localization in a reduced number of brain areas, which
suggests that network hubs are important for epileptic seizure propagation.

In Figure A.4(A), we present the effects of outgoing weight reduction and
edge removal approaches Case I (1 CA1 - r CA3 and 1 CA1 -» 1 DG), Case II
(1 CA1 - 1 DG and r CA3 - r CAl) and Case III (1 CA1 - 1 CA3) for the
left-field CA1 area in the 20 generated randomization of the Allen connectome. In
Figure A.4(B), we present the effects of outgoing weight reduction and edge removal
approaches Case I’ (1 DG - r DG and 1| DG —» 1 CA1l), Case II’ (1 DG - 1 CA1l
and r CA3 - r DG) and Case III’ (1 DG - 1 CA3) for the left Dentate Gyrus area
in the 20 generated randomization of the Allen connectome. The two dashed lines
show the upper (resp. lower) threshold of the largest outgoing weight separating
the widespread from localized seizures (see Figure II1.10 and relevant discussion for
more details). When applying outgoing weight reduction, the progressive decrease
of the EZ’s outgoing connective strength leads its connectivity towards lower eigen-
vector centrality values, and especially lower strongest outgoing weight values. In
all 20 generated SC matrices, seizure localization is achieved when the EZ passes
below the wjoper threshold. The approach Case III also results in reducing the
EZ’s strongest outgoing weight to value below wigwer threshold. The edge removal
approaches Case I and II (resp. Case I’ and Case II’ mildly also reduce the EZ’s
eigenvector centrality, and most of the time leads to seizure localization without any
modification of its strongest outgoing connection.
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Figure A.1: Allen SC matrices used for statistical analysis. For the 20 gen-
erated SC, we display the new weight matrix. We show the logarithm of the weight
of each connection.
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Figure A.3: Widespread seizure prevention by edge removal in the left-field
CA1. The upper left panels show the brain network. Crosses indicate the removed
connections, and the edges’ color shows their respective weight. The right panels
show the time distance between seizure initiation in the EZ and its onset in each
brain area. (A) Seizure propagation in the Allen connectome after removing the
inter-hemispheric strong connection 1 CA1 - r CA3, and the two strong connections
leading from the EZ to outside of left Hippocampus (namely the lateral part of the
Entorhinal Cortex ENTI1 and the Subiculum (SUB)). The lower left panel illustrates
the left extra-hippocampal connections and their weights values are given in the
left colorbar. (B) Seizure propagation after removing the inter-hemispheric strong
connection 1 CA1 - r CA3, and all strong connections (¢;; > 0.1) leading from
1 ENTI, 1 SUB to networks hubs, namely the left Ectorhinal Cortex (ECT), Perirhinal
Cortex (PRh) and Temporal Association (TEa) areas. The color of the nodes show
their normalized eigenvector centrality.
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Figure A.4: EZ connectivity and percentage of seizure-recruited areas after
outgoing weight reduction and edge resection in the 20 generated connec-
tomes. Each point shows the eigenvector centrality and the largest outgoing weight
value in one of the 20 randomized connectomes of (A) left-field CA1 and (B) left
Dentate Gyrus, before and after applying outgoing weight reduction (circles) and
edge removal strategies presented in Figure (6) and Figure (7) (crosses). The color
of each point shows the percentage of recruited brain areas when the seizure starts in
the corresponding node. The two dashed lines show the upper (resp. lower) thresh-
old of the largest outgoing weight from separating the widespread from localized
seizures.

Functional Connectivity before and after structural inter-
ventions

We also use functional analysis to evaluate time correlation between spatially distant
brain areas’ activity. To simulate functional connectivity, we compute 10 minute-
long time-series of exclusively non-epileptogenic Epileptors coupled through the SC,
to reproduce normal brain activity. The first 10 seconds of these time-series are
removed to discard the initial bursting due to random initial conditions (the system
requires some time to reach its stable state due to transient effects). The Epileptor
activity is converted into simulated BOLD activity time-series using hemodynamic
response functions implemented in TVB (Friston et al. 2000).

The Functional Connectivity (FC) matrix F'C;; is measured by the Pear-
son Correlation Coefficient r, i.e. by correlating simulated BOLD time series
data between every pair of nodes in our network graph (Stephan & Friston 2009;
Ladwig et al. 2022):

Tij = T(SEi, :Ej). (Al)

In Figure A.5, we show the original Allen SC matrix (panel (A)) together with
modified ones, following effective seizure localization strategies. Panel (B) shows the
SC after applying a standard resection technique presented in (Melozzi et al. 2017).
This approach consists in the removal of the CAl and CA3 areas in both hemi-
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Figure A.5: Connectome structure and functionality after resection and
outgoing weight reduction procedures. We show the network structural con-
nectivity (top) and functional connectivity (bottom) matrices. (A) Original con-
nectome, (B) after the resection of left and right CA1 and CA3 areas, following the
procedure presented in (Melozzi et al. 2017), (C) after applying resection Case IIT
and (D) after applying | CA1 outgoing weight reduction of 40%.

spheres. Panel (C) shows the SC after applying resection Case II I, e.g. the re-
section of a single connection | CA1 - 1 CA3, and panel (D) shows the SC after
applying a 40% outgoing weight reduction on 1 CA1. With the latter two options,
we minimize the structural modifications compared to the CA1l, CA3 resection pro-
cedure (Melozzi et al. 2017). By setting our system at a “healthy" (i.e., modeling all
network nodes as non EZ), we do not manage to observe notable difference between
the FC produced by the original SC matrix and the FC matrices produced with
the different intervention procedures introduced in our manuscript. Here we show
only a few typical examples. Note that we have also attempted to estimate matrix
distances, e.g. by calculating the Pearson correlation coefficient between different
pairs of matrices (see e.g. (Popovych et al. 2021; Manos et al. 2023)), but we did
not observe striking dissimilarities (results not shown here). It is also worth not-
ing that at this stage we did not aim to compare our simulated time series (or FC
matrices) to experimental neuroimaging mice signals.
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