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Abstract

Epilepsy, characterized by recurrent seizures, is one of the most prevalent neurological dis-
eases worldwide [1]. Recent advances suggest that myelination, the insulating sheaths around
axons of neurons, plays a crucial role in the neuronal network’s functionality and might
influence epilepsy [2]. This thesis explores the relationship between myelination and the
dynamics of epilepsy through computational modeling, specifically with the Wilson-Cowan
model, a well-established framework for understanding interactions within neural popula-
tions. We modified the traditional Wilson-Cowan equations to incorporate variables repre-
senting myelination and conducted simulations to observe how changes in myelination affect
seizure activity in neural networks. The results indicate that increases in myelination along
specific tracts can significantly alter the excitatory and inhibitory dynamics of neural popu-
lations, leading to increased seizure burden. These findings could provide new insights into
epilepsy management and suggest myelination as a target for novel therapeutics. This study
not only enhances our understanding of epilepsy’s pathophysiology but also underscores the
importance of myelination in neural circuits and disease progression.

L’épilepsie, caractérisée par des crises récurrentes, est 'une des maladies neurologiques
les plus prévalentes dans le monde [1]. Des avancées récentes suggerent que la myélinisation,
les gaines isolantes autour des axones des neurones, joue un role crucial dans la fonctionnalité
du réseau neuronal et pourrait influencer I’épilepsie [2]. Cette these explore la relation entre
la myélinisation et la dynamique de I'épilepsie a travers la modélisation computationnelle,
spécifiquement avec le modele de Wilson-Cowan, un cadre bien établi pour comprendre les
interactions au sein des populations neuronales. Nous avons modifié les équations tradition-
nelles de Wilson-Cowan pour incorporer des variables représentant la myélinisation et avons
mené des simulations pour observer comment les changements dans la myélinisation affectent
I’activité des crises dans les réseaux neuronaux. Les résultats indiquent que les augmenta-
tions de la myélinisation le long de tracts spécifiques peuvent modifier significativement les
dynamiques excitatrices et inhibitrices des populations neuronales, conduisant a une aug-
mentation du fardeau des crises. Ces découvertes pourraient offrir de nouvelles perspectives
dans la gestion de I'épilepsie et suggerent la myélinisation comme cible pour de nouveaux
traitements thérapeutiques. Cette étude améliore non seulement notre compréhension de
la physiopathologie de 1’épilepsie, mais souligne également 'importance de la myélinisation
dans les circuits neuronaux et la progression de la maladie.
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Chapter 1

Introduction



1.1 Chapter Summary

In this chapter we give an overview of epilepsy, delineating between subtypes relevant to the
ensuing research. We then move on to understanding which neuron types are present, as well
as how they function within the constraints of computational models. Next we describe the
motivation for this research, looking at recent developments that have put forth myelination
as an important pathological factor in certain forms of epilepsy. This is followed up by a
holistic discussion of Wilson-Cowan models, which are a class of computational models used
to represent and investigate neural activity. We then describe some of the methods used in
our research to quantify neural activity, which allow us to draw conclusions based on given
sets of data. Lastly, we use the Wilson-Cowan models to investigate heterogeneity as it
relates to epilepsy, in order to give a taste of what these models are capable of, as well as to

reproduce previous results in our lab from Dr. Jeremie Lefebure and Dr. Scott Rich [3].

1.2 Neurophysiology of a Neuron

While there are many different types of neurons that have many different roles and functions,
most neurons share a set of common characteristics. One being dendrites, which are the
branching structures that receive external input and transport that input to the soma [4].
The soma, also known as the cell body, integrates all of the dendritic input and can propagate
its own action potential based on the summed membrane potential inputs from its dendrites.
If threshold conditions are met, the soma will send the action potential down along its
axon, which is like a cable that connects this neuron to other neurons, allowing it to affect
their activity by synapsing onto their dendrites. The effect one neuron has on another is
heavily dependent on its subtype. Two of the most common subtypes in the brain are
the excitatory pyramidal neuron, and the inhibitory interneuron [5] [6]. As evidenced by
the name, the excitatory pyramidal neuron serves to increase the likelihood of firing by
downstream neurons, whereas the inhibitory interneuron serves the opposite function.

Practically, the action potential is passed between neurons through chemical synapses



using neurotransmitters, which are released by a presynaptic neuron and have either an
excitatory or inhibitory effect on the postsynaptic neuron. The type of neurotransmitter de-
pends on the presynaptic neuron, for example, pyramidal neurons release glutamate which
is an excitatory neurotransmitter, thus increasing the likelihood of action potential propaga-
tion to its postsynaptic counterpart. Importantly, in order to trigger action potentials in the
postsynaptic cell, numerous excitatory potentials must work together in a short time frame
to create sufficient depolarization [7]. Inhibitory interneurons, on the other hand, release
GABA, which reduces the likelihood of action potential propagation in the postsynaptic
neuron. Overall, while there are many neuronal subtypes in the brain, these two provide
a solid basis for understanding the activity between and amongst excitatory and inhibitory

neurons.

1.3 What is Epilepsy?

Pathologies

Epilepsy is a disease defined by recurrent seizures with a number of different pathologies and
symptoms. In Canada epilepsy affects approximately 4 out of every 1000 people, making
it one of the most common serious neurological disorder in the country [8]. It becomes of
further concern when quality of life measures are taken into consideration, as those afflicted
are more than twice as likely to experience mood disorders, as well as more than eight times
as likely to experience incontinence [8]. Overall, the disease is one characterized by hyper-
synchronous dynamics within the brain, where certain factors can allow for easier transitions
to hypersynchronous states, resulting in these recurring seizures [9]. It is important to note
the difference between seizure activity and epilepsy. While all individuals who have epilepsy
must experience seizures in order to be diagnosed, it is possible for those who suffer from a
seizure event to not be epileptic, as other factors exist that may induce seizure activity [1].

There are many types of seizures, however the two most common are focal and generalized.



Focal seizures, as the name suggests, arise in a specific area of the brain, and are often
caused by brain lesions which can result from brain trauma [10]. While a focal zone can be
larger or smaller than a single cortical area, seizures are restricted to a single hemisphere
at onset. One common example is temporal lobe epilepsy, where seizure onset occurs in
the medial temporal lobe, often due to trauma induced brain lesions [11]. Alternative to
these focal types, generalized seizures can occur in both hemispheres of the brain simul-
taneously and often present bilateral motor symptoms. Important subtypes of generalized
epilepsy’s include idiopathic generalized epilepsy (IGE), which occurs without a consistent
onset zone [12]. Although focal seizures can spread after onset, causing bihemispheric seizure
activity, distinguishing focal from generalized pathologies is essential as it dictates the types
of treatments available, as well as the types and severity of symptoms likely to arise [13].
Absence seizures are a subtype characterized by a lack of motor symptoms, and can act
as a precursor to generalized forms of epilepsy, including IGEs. Often seen in progressive
forms of childhood epilepsy, absence seizures act as a marker for pathologies that could be
targeted with the goal of mitigating progression in order to reduce long term impact on

patients [12] [14].

Etiology of Epilepsy

An important underlying hypothesis in epileptogenesis is the balance between excitation
and inhibition (E-I) [15] [16] [17]. Much of the early research in epilepsy centered around
hyperexcitability in cortical areas caused by overactive excitatory populations and/or under-
active inhibitory populations. While this pathophysiological mechanism is relevant in many
seizure types, there are many others that arise due to upregulated inhibition. This increased
inhibition can also drive hypersynchronous activity with or without the help of overactive
excitatory populations. An example of this imbalance is illustrated in the Scn8a mouse
model, where it has been shown that mice with a loss of function mutation in the voltage

gated sodium channel gene Scn8a can have recurrent connections in their reticular thalamic



nucleus (RTN) disturbed [18]. The RTN is an inhibitory neuron population that acts as a
suppressor of hypersynchrony in cortical areas; mutations in the Scn8a gene inducing loss of
function in these inhibitory neurons also cause a loss of suppressor function [19]. Once sup-
pression is inhibited through hypo-inhibition, absence seizures are known to spontaneously
arise, with the ability to generalize to other cortical areas [18] [20]. Another contributing
factor in epilepsy pathology is heterogeneity of these cell types, which has been shown to
influence the propensity for seizure activity, where greater neural diversity has a protec-
tive effect against the spread of hyperactivity, similar to many natural phenomena [3] [21].
Overall, different schemes of E-I imbalances can act alone, or together, in order to generate
numerous seizure subtypes, whether they be generalized, focal, or other [22].

In order to give a holistic view of seizure events, we must also discuss the manifesta-
tion. Some manifestations include the ictal phase, tonic and clonic movements, along with
oscillatory frequency of electrical activity in the brain, which can be picked up by electroen-
cephalogram (EEG) recordings [23]. The ictal phase is defined as the phase in which a
seizure event occurs, and is indicated by onset of epilepsy related symptoms. These symp-
toms include changes in level of consciousness, abnormal sensations, as well as involuntary
muscle contractions [24]. It is important to note that symptoms vary greatly depending on
the type of epilepsy, as well as the specific cortical areas afflicted by the hyperoscillatory
activity. The clinical symptoms along with EEG analysis allow for proper diagnoses, where
electrical activity within the brain gives clues as to the point of origination, as well as po-
tential manifestations of the pathological oscillations. Among these manifestations are the
well known tonic and clonic movements, which are characterized by muscle stiffening and
rhythmic jerking of muscles respectively [25]. Some seizures, known as tonic-clonic seizures,
can show both tonic and clonic activity, and are of the most recognizable yet debilitating

group of seizure events [26].



Seizure Dynamics

The importance of EEGs in seizure diagnosis cannot be understated, specifically due to its
ability to elucidate oscillatory frequencies which have pathological implications [27]. There is
a lot of variance in terms of the frequencies involved in seizure events, where frequency bands
such as delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz), and gamma (above
30 Hz) have all been observed in different EEG recordings of seizure events [28]. From these
bands however, we gain insight into the specific functions and dysfunctions occurring during
the seizure event. For example, fast gamma activity has been implicated with the preictal
phase, indicating the onset of a seizure, whereas slower delta oscillations may imply the
postictal recovery period [29] [30]. The frequencies also allow us to delineate between seizure
types as well as localize their point of origin, where focal seizures, originating in a specific
cortical area often show high-frequency activity, whereas generalized seizures which originate
in both hemispheres at onset tend to show a greater variety of frequency bands [31] [32].

Seizure dynamics result from the combination of abnormal membrane potential fluctu-
ations in individual neurons, along with complex physiological disturbances at the level of
populations of cells occurring during a seizure event.

These dynamics also vary depending on seizure types (i.e., focal, absence seizures). Focal
Seizures, for example, originate in one specific area of the brain and typically present with
symptoms indicating an onset, as well as varying levels of consciousness [33]. Absence
Seizures, on the other hand, are characterized by their brief and sudden onset, typically
involving a blank stare and a lack of awareness of the surrounding environment. These
episodes are usually brief, lasting only a few seconds, but can occur frequently throughout
the day, often impacting attention and daily activities [34].

In order to properly grasp the full scope of these events, we must understand their
characteristics. Oftentimes, the phases of a focal seizure present in one of two primary
patterns on an EEG. These patterns are low-voltage fast (LVF) and hypersynchronous (HYP)

onsets, each of which is associated with specific neural dynamics [17]. Pre-ictal activity



typically lacks distinct features on the EEG, making it difficult to track from a clinical
perspective. However, as a seizure begins, LVF onset presents with low-amplitude fast
oscillations in the gamma spiking frequency range, and is often marked with a sentinel
spike along with extremely high frequency oscillations in the range of 80-200Hz, which is
a marker of its tonic phase. Alternatively, HYP onset can be characterized by its initial
high amplitude spikes oscillating with a frequency of 1Hz, which suggest more focal onsets
and is a pre-ictal marker. HYP is associated with extremely high frequency oscillations as
well, with them being in the range of 250-500Hz, occuring during the tonic phase. Both
described patterns can evolve into consistent oscillatory activity, transitioning from tonic to
clonic phases, where oscillatory frequency then decreases until hypersynchronous dynamics
are no longer present [17]. The tonic phase is characterized by continuous, high-frequency
neuronal firing leading to sustained muscle contractions, while the clonic phase involves
intermittent, synchronized bursts of neuronal activity causing rhythmic jerking movements.
These phases reflect the changes in brain electrical activity during a seizure, highlighting
the shift in balance between excitatory and inhibitory neural signals. Absence seizures
however, are characterized by brief, sudden lapses in consciousness that typically last for a
few seconds. Unlike focal seizures, absence seizures have a very abrupt onset and resolution,
with the individual usually resuming their previous activity without any postictal confusion.
The underlying neural dynamics involve a synchronized oscillatory activity between the
thalamus and cortex, primarily mediated by T-type calcium channels [35]. These seizures do
not exhibit the tonic-clonic phases seen in other seizure types but instead display a consistent
spike-and-wave pattern throughout their duration [36].

Examples of these distinct subtypes are in Figure 1, where computational EEG data
illustrates a focal seizure in Figure 1A, and recordings within the somatosensory cortical
areas of mice show an absence seizure oscillating at approximately 8Hz in Figure 1 B, which
is on the edge of theta and alpha band activity. Focal seizures, shown in Figure 1A/B, are

specific to one area of the brain at onset, and oscillate at much higher frequencies relative
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Figure 1: EEG recordings of focal and absence seizures in and animal models

(A) Human EEG recording of low-voltage fast (LVF) seizure onset, illustrating focal seizure dy-
namics shifting from pre-ictal activity, to fast tonic oscillations then to clonic activity. (B) Human
EEG recording of hypersynchronous (HYP) seizure onset, also illustrating focal seizure dynamics
with pre-ictal, tonic, and clonic phases defined, however with oscillations at different frequencies.
(C) EEG recording of Scn8a KO mouse model depicting an absence seizure occurring over the
course of 5 seconds in a thalamocortical network. Each trace represents a population (excitatory
or inhibitory) in one hemisphere. Absence seizure data is provided by our collaborators (Knowles

Lab, Stanford), and focal seizure data is provided in [17].



to absence seizures. We will focus primarily on this subtype in Chapter 2, where local E-I
networks will be investigated for their susceptibility to seizure dynamics with respect to
myelination. Absence seizures in bihemispheric networks, which will be further investigated
in Chapter 3, are a seizure subtype specifically implicated in myelin associated progressive
forms of the disease, often characterized by a sudden onset in both hemispheres, thus giv-
ing it a generalized pathology [2]. Furthermore, the abnormal neural activity of absence
seizures typically originates in thalamocortical loops, and is hypothesized to be caused by
alternating phase locked activity of GABAergic inhibition and glutamatergic excitation [37].
Overall, by understanding the different dynamics at play such as the ictal phases, tonic
and clonic movements, frequency bands, we are able to diagnose and better understand the

pathophysiological mechanisms at play, leading to better outcomes in clinical settings.

1.4 Myelination as a Pathology for Epilepsy Progression

There are a number of focal areas in epilepsy research, however up until recently, myelination
has flown well under the radar. As it turns out, myelination patterns heavily influence ictal
activity, including onset and progression of the disease as a whole [2]. Myelin itself is a fatty
tissue that serves the function of insulating nerve fibers, and allowing for saltatory conduction
along the axon, which in turn sees neural signals to jump between gaps in myelin, increasing
speed and efficiency of transmission [38]. Thickness of myelin surrounding axons influences
the conduction velocity (CV) of travelling action potentials, and is quantified by the g-ratio.
G-ratio is a measure of myelin thickness relative to axonal width, whereby one divides axonal
diameter by the diameter of the fiber [2]. A lower g-ratio thus indicates a relatively more
myelinated tract which will thus have a higher CV. Additionally, myelin possesses the ability
to align signals from different regions in time, as increased myelination of a longer tract could
offset the greater distance action potentials must travel, allowing incidental arrival of two
signals on a postsynaptic target.

It is important to understand that myelin is a plastic part of human physiology. Differ-



ent environmental factors can alter myelination patterns in the brain over time, one being
activity dependent myelination [39]. For example, relatively high usage of a given neuronal
tract may reduce g-ratio, as activity will stimulate oligodendrocyte progenitors to differ-
entiate into mature oligodendrocytes, resulting in increased CV along the axon [40] [41].
Activity-dependent myelination (ADM) is heavily implicated in important neural processes,
where MRI recordings have shown white matter plasticity along specific tracts in response to
learning, and memory impaired mice show significant improvement to increased myelination
in the hippocampus [42] [43] [2]. ADM becomes of great interest when studying epilepsy,
as an increase in myelination could allow different cortical regions to synchronize more eas-
ily, uncovering another potential pathology for the disease. This specific pathophysiological
mechanism was studied in mouse models, and results illustrated the interplay between seizure
activity and epilepsy progression [2]. It was shown that absence seizures in a specific network
stimulated oligodendrogenesis and myelination of said network as a direct result, lowering
g-ratio and leaving more heavily myelinated axons, allowing faster communication [2]. The
hypermyelination resulting from hyperactivity of absence seizures becomes more problematic
when its effect is taken into consideration. It has been shown that faster communication in a
seizure prone network, or any neural network for that matter, can induce hypersynchronous
dynamics leading to stronger and more frequent seizures. This schema is exactly what is
observed in Scn8a mouse models, where a positive feedback loop between seizure activity
and induced myelination causes more seizures, thus further myelinating the network [2]. In-
terplay between ADM and epilepsy has thus become a central component in understanding
epilepsy. Myelination as a pathology is especially exciting for types of epilepsy characterized
by onset and quick progression, especially progressive childhood types, as they have histor-
ically been unresponsive to medication [44]. This new mechanism, however, provides novel
ways to target the disease, and early experiments in mouse and rat models have illustrated
a reduction of epilepsy progression through blocking ADM [2]. Furthermore, certain treat-

ments coincidentally influencing ADM have had some limited success in mitigating disease
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severity in progressive cases [2]. Overall, this new understanding of myelination as a con-
tributing factor towards epilepsy pathology provides exciting avenues for future research and

treatments.

1.5 The Wilson-Cowan Model

Background

It is quite a task to create physiologically accurate computational models of neural activ-
ity, and even more so of diseased brain states. However, computational methods can lend
guidance to future experimentation and be compared to animal models in order to verify
experimental methods. A variety of different models have been constructed over the past
decades, some more biological, others more phenomenological [45]. The Wilson-Cowan model
represents a powerful albeit phenomenological framework, that can be constrained by bio-
logical parameters, to emulate electrophysiological data that resembles in vivo recordings,
and that can be modulated to gain insight into mechanisms underlying neural dynamics,
notably epilepsy [46] [47]. In broad strokes, the Wilson-Cowan model is fairly intuitive:
two neuron populations, excitatory pyramidal cells and inhibitory interneurons, interact to
form a network. The activity of cells in each of these populations are represented by their
mean, and both have recurrent connections, amongst and between them. It is important
to note that Wilson-Cowan equations create a mean-field type model, where physiological
relevance is balanced with computational tractability. This balance allows for a macroscopic
view of neural activity amenable to examine interactions between cortical regions, which is
advantageous when investigating epilepsy and cortical networks [48].

This model represents cortical network motifs at a local scale, such as in the somatosen-
sory cortex, for instance. Neuronal micro columns in these areas consist of highly correlated
neurons, enabling their collective electrical activity to be represented by a single mean ac-

tivity. This simplifies the creation of a macroscopic view of neural activity, making interpre-
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tation easier [49)].

Once visualized in Figure 2, the model becomes fairly intuitive, and using the Wilson-
Cowan formalism, many other neural properties and dynamics can be reproduced and in-
vestigated. Seizure-like dynamics emerge naturally in the Wilson-Cowan model in the form
of abrupt, sudden transitions from asynchronous to oscillatory activity resulting from in-
creased recruitment of excitatory/inhibitory populations (e.g. stimuli or input) [3] [50]. The
mechanism responsible for these sudden transitions is linked to bifurcations, in which the
system undergoes a both qualitative and quantitative regime shift, commonly leading to
multistability [51]. Parameters of the Wilson-Cowan model may also be tuned to reproduce
key dynamical and spectral features commonly observed during seizures, making it a great

tool to use in our research [17] [52].

Mathematical Representation

Mathematically, the Wilson-Cowan formalism describes the dynamics of the mean membrane
potentials of excitatory pyramidal (PYR), and inhibitory interneuronal (IN) populations

through the following set of stochastic differential equations:

dV,
0473%3% = —Veyr+Wpryrpyvr - f [Vevel + Wineyr - [ [Vin] + V2DEpyr(1) (1)
dV,
Oéf;%;% = —Vin + Winin - f[Vin] + Weyrin - f[Veyr] + V2DEn (1) (2)

where Vpy r and Viy represent the mean somatic membrane potentials of excitatory and in-
hibitory populations respectively. The parameter a;;  refers to the excitatory rate constant
of 100Hz and a;y is the inhibitory rate constant of 200Hz. The inhibitory rate constant is
greater than its excitatory counterpart due to the greater excitability of inhibitory interneu-

rons relative to excitatory pyramidal cells [53]. The recurrent terms W, - f [V,] represent
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Figure 2: Visual representation of Wilson-Cowan network with recurrent and
reciprocal connections between pyramidal (PYR) and inhibitory (IN) neuron
populations, along with an associated computationally generated seizure event

(A) The parameter Wpy gpy r represents synaptic weights between excitatory populations, while
the parameters Wpy grny and Wiy py g represent synaptic weights between excitatory and inhibitory
neurons. Lastly, the parameter Wiy quantifies synaptic weights between inhibitory interneurons.
(B) Membrane potential (mV) of a pyramidal population modeled using Wilson-Cowan equations
illustrating normal transient activity between 0 and 2 seconds, and a seizure event between 2 and
5 seconds (Seizure is provoked by stimulation beginning at 2 seconds). Parameters used for this

figure are summarized in Table 1. The code used to generate the figure can be found in Code 1
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the effective synaptic input originating from one population. Together, these terms are pro-
portional to the firing rate of that population, defined by f, by combining the proportion of
the population that is firing, with the implications of this firing using the synaptic weight
relevant to the connection (n = PY R, IN — m = PY R,IN). The synaptic weights along
with rate constant parameters are derived based on previous studies in our group, which used
firing curves and weighting variables to yield seizure-like oscillatory dynamics [3]. Lastly, the
additive terms v2D¢&py r.1n(t) represent noise added to both excitatory and inhibitory neu-
rons to mimic inputs from other brain areas that are not modelled explicitly. Specifically,
D acts as a baseline noise amplitude parameter within the system, representing inherent
noise from sources such as channel noise, thermal fluctuations and a variety of others [54].
Furthermore, since our system sits on the edge of a bifurcation point towards a seizure state,
time-varying fluctuations can push the system past the seizure threshold thus acting as the
seizure onset mechanism, similar to what one would expect from external stimuli (e.g. sen-
sory stimuli). This can result in the seizure activity seen in Figure 1B, while further details
about fluctuations over time can be seen in the code [55]. The term {py g rn(t) corresponds to
independent Gaussian white noise processes of zero mean and unit variance, which simulates
the stochastic nature of neural activity, and induces variability into the system [56].

In order to calculate the proportion of a neural population that is firing at any given
time we use a Frequency-Input (F-I) curve, which outlines the relationship between neuronal
input and likelihood of neuronal firing. This curve takes the form of a sigmoid function as
determined by motor neuron population discharge experiments among others throughout the
20th century [57]. The idea is that most neurons lie dormant just below their threshold of
activation, and when a neural population receives input, the number of neurons firing will
increase exponentially with that input until a point where it levels off due to there being a

finite number within the population. This schema lends itself to that of a sigmoidal curve

defined by:

[IVal = 15 o0 (3)



Where V,, represents the membrane potential, and n represents the population from which it
hails (n = PY R, IN for excitatory and inhibitory populations respectively). [ is a unitless
and variable constant that allows nonlinear gain to be fit to experimental data [3]. This
function links membrane potential with firing probability of neuron populations, and thus
defines its excitability. In order to scale this excitability, one can change the non-linear gain
of activation (3, or modulate the membrane potential V,, using methods to be discussed later
on.

Using this model, one can generate dynamics that closely resemble those seen in focal
seizures. To generate such seizure-like events (i.e. seizure onset), we use a numerical integra-
tion performed by the Euler-Maruyama method with time step dt (see Table 1) and using
custom Python programs developed for that purpose. These codes have been made fully

available, and can be found in Code 1.

1.6 Quantifying Neural Activity

Once computational tools such as Wilson-Cowan models have been used to generate record-
ings of neural activity, we must analyze the data in order to draw conclusions. While the
eye test can give some insight in certain cases, standardized and quantifiable investigations

are important to gain a greater and more holistic understanding.

Spectral Characteristics

Certain spectral characteristics are important to take into consideration. These character-
istics can not only tell us about the relative severity, but also allow for direct comparison
of computational models with biological data, thus validating both methods in the process.
Two of the recurring properties we will be seeing are the spectral power, as well as the peak
frequencies. The power allows for an understanding of relative severity of individual seizure
events, where greater amplitudes of oscillation correspond to greater severity, as well as a

characterization of pathological features in EEG data [58] [59]. Measuring the frequency
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bands at which seizures oscillate also acts as a strong descriptor of pathological activity
from an EEG perspective, as well as the method of comparison across our models and bi-
ological data. Frequency data can also be drawn from interictal activity, giving clues as to
the mechanisms surrounding seizure onset [23]. In order to measure the power spectrum we
must use a mathematical tool called a Fourier Transform. This tool identifies the resonat-
ing frequencies within an oscillating system, and characterizes their prevalence within the
system through power spectral density. It has also become a foundational way for epilepsy
researchers to understand EEG data due to the plethora of information it can provide [60].

The general form of a Fourier Transform is as follows:

Flw) = / " e dr (4)

where the time-domain function, f(t), is transformed into its frequency-domain represen-
tation, F(w). This is done by integrating the function over an infinite interval making it
periodic, thus allowing us to take a Fourier Series of the function which gives us its resonant
frequencies [61]. Importantly, when using the Fourier Transform, our results (Figure 3A)
are plotted along a power spectrum as seen in Figure 3B. Peak spectral powers indicate the
frequency at which the system is naturally resonating, and ensuing peaks are just harmonics
of the oscillating system. In order to get power spectral density, PSD, we take the squared

magnitude of the Fourier Transform as shown in the following equation:
PSD = |F(w)[? (5)

where F(w) denotes the Fourier Transform [62]. Overall there are a number of ways we will
quantify our results, and using these differing methods we will be able to make inferences and
draw conclusions about the data. Whether it is a direct conclusion surrounding severity of
seizures, or a contrast between computational and biological data sets; these signal processing

techniques applied to EEG data provide a method by which to objectively and numerically
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Figure 3: Exemplar model seizure plotted next to its associated power spectrum
(A) Seizure event oscillating approximately 8-9 times per second, and created using the Wilson-
Cowan model. (B) Fourier Transform derived power spectrum of the seizure event in panel A
illustrating the power spectral density of the neural activity. Parameters used for this figure are

summarized in Table 2. The code used to generate the figure can be found in Code 2

describe neural dynamics in pathological recordings.

1.7 Excitability heterogeneity and seizure predisposition

The implication of biophysical heterogeneity of neurons in seizure-like dynamics has notably
been investigated using the Wilson-Cowan formalism [3] [63]. This was achieved by altering
the excitability parameters of the populations, providing an understanding of how excitatory
and inhibitory cell type heterogeneity affects seizure severity. It has been previously shown
that a lack of diversity between neurons can predispose brain circuits to seizures. Diversity
can manifest in many ways, including through morphology of cells, distribution of cell types,
as well as overall excitability of populations [64] [65] [66]. When there is a lack of neural het-
erogeneity, neural firing becomes increasingly correlated, inciting a hypersynchronous state
within the brain [3]. The firing of neurons within a population will become more correlated,
and a specific input that may only recruit a fraction of a heterogeneous population is able to

recruit a large portion of its homogeneous counterpart. Heterogeneity in neural systems has
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notably been shown to act as a stabilizing mechanism, fostering non-epileptic activity [3].
Mass recruitment, resulting from a lack of heterogeneity, may lead to synchronous dynamics,
and due to the underlying pathology it can become an epileptic seizure. By looking at the
average firing probability versus the input current of homogeneous and heterogeneous neu-
ron populations, we can visualize this phenomena and gain a more intuitive sense of what
is going on. This investigation was a reproduction of previous results as well as a way to
familiarize myself with Wilson-Cowan modelling formalism [3]. In order to do this we must

modify the firing rate function (sigmoid) seen in Equation (3):

1

F Vs | = 5wy (6)

In this equation we have added in the rheobase h, (where n = PYR or IN for excitatory or
inhibitory populations respectively), which defines the inflection point of the sigmoid curve,
and partially decides the excitability of a neuron relative to the input it receives [3]. By cre-
ating gaussian distributions of rheobase values, we can alter the standard deviation opy g rn,
thus modifying the heterogeneity of excitatory and inhibitory cells independently. Through
this characterization, the effect of various types of heterogeneity on cellular excitability are
encapsulated, whether they be morphological, cell type distributions, biophysical variability,
or others [3].

Mathematically, we add the rheobase in Eq. (3) as, f — f[V + h,] and now have a

distribution of excitability curves that are integrated according to the following equation:

Fvi= [ FV 4 h)p(h)dh ™)

—0o0

thus giving a mean firing rate F[V] of the population according to a distribution of neurons
with differential excitability (i.e., p(h)), which replicates in vivo neuronal excitability exper-
iments [3]. Our distribution has a mean and variance defined by, p(h) — N (0,0%) where

0py iy takes on values between 2.5mV and 16.5mV, emulating in vivo experiments out-
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lined in the research we try to reproduce by Rich et al, regarding the amount of stimulation

required to incite activation of a neural population [3].
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Figure 4: Probability of neuron firing at different membrane potentials with het-
erogeneous and homogeneous neuron populations

(A) Proportion of population becoming active relative to rheobase values, illustrating the distri-
bution of homogeneous and heterogeneous populations according to a gaussian curve. (B) Firing
probability of a heterogeneous neural population with a broad distribution of excitability thresholds,
yielding a smooth mean firing curve (red). Firing probability of a homogeneous neural population
with a narrow distribution of excitability thresholds, yielding a steep mean firing curve (blue). Fir-
ing probability of individual neurons within the excitatory and inhibitory populations that make
up the mean firing curves. (Illustrated in light blue and light red. Parameters used for this figure

are summarized in Table 1. The code used to generate the figure can be found in Code 1)

While viewing the F-I curves (Figure 4B) of homogeneous and heterogeneous populations,
the rapid versus slow recruitment schema becomes easily visible. A steep curve appears in
the homogeneous network, where small changes in membrane potential yield drastic changes
in firing probability. This is further described by the probability distributions (Figure 4A)
which shows the rheobase and firing onset probability of each population, where homogeneous
networks are clearly more stark in their rapid recruitment. In contrast, the heterogeneous

network has a much more linear curve (Figure 4B), where the same change in membrane
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potential yields a smoother increase in firing probability, and thus less recruitment. Overall,
this indicates homogeneous neural networks to have a greater propensity for seizure activity,
as it requires far less input in order to cause mass activation within the network.

Building on the previous work summarized above to characterize neural heterogeneity, we
used spectral analysis as a method to quantify seizure burden in the model [3]. The model is a
Wilson-Cowan network with excitability heterogeneity incorporated, allowing quantification
of spectral characteristics at differing values of opy g ;. These characteristics include power
spectral density, peak spectral power, and the frequency of oscillation associated with peak
spectral power, as shown in Figure 5. Neurons within a population can be deferentially
excitable at a given membrane potential. For a population with low heterogeneity, most
neurons will be deferentially excitable in a small range of membrane potentials, whereas
populations with high heterogeneity would be the opposite, meaning there is a range of
potentials over which the gradient in firing is seen. This means that we are likely to see
larger fluctuations and greater degrees of hypersynchrony at lower heterogeneity measures.
A greater amplitude of oscillation is in fact seen in both excitatory and inhibitory neuron
populations in Figure 5, where decreased excitatory and inhibitory heterogeneity show the
greatest magnitudes. Amplitude of oscillations can be used as a proxy for seizure severity, as
larger oscillations are due to greater synchrony between neural populations. Furthermore,
the lack of oscillatory activity seen in the upper right area of each heat map in Figure 5
reveals a strong protective effect induced by high levels of inhibitory heterogeneity. Our
heat maps are corroborated by the computational EEGs in Figure 5A /B which match values
of both frequency and amplitude measured in the heat map. One interesting trend that
is observed (Figure 5C) runs counter to what one may expect. While the frequency of
oscillation increases with lower inhibitory heterogeneity, the frequency actually decreases
with reduced excitatory heterogeneity. This is an interesting finding as greater diversity
within populations was expected to act as a protective effect against seizure burden regardless

of neuron subtype. The use of frequency, as opposed to power, of oscillations, however,
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Figure 5: Spectral properties of oscillatory EEG data relative to heterogeneity
measures opyr and oy

(A) Membrane activity of the excitatory and (B) inhibitory populations (ocpyr = 16.5mV, o;ny =
12.5mV). (C) Frequency of oscillations within the system, where peak frequencies arise at high levels
of excitatory heterogeneity and low levels of inhibitory heterogeneity. (D) Peak spectral power of
oscillations in the excitatory neuron population, where peak values appear at low levels of excitatory
and inhibitory heterogeneity. (E) Peak spectral power of oscillations in the inhibitory neuron
population, where peak values appear at low levels of excitatory and inhibitory heterogeneity, but
also seem to rise with inhibitory heterogeneity. Parameters used for this figure are summarized in

Table 1. The code used to generate the figure can be found in Code 1
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as an indicator of epilepsy severity isn’t necessarily the best metric, as there are many
pathologies with differing oscillatory profiles which can vary greatly in terms of disease
severity [67]. Furthermore, the frequency of oscillations can be variable during any given
seizure, making it important to use other observations in conjunction with frequency when
drawing insights about the data [17]. Overall, our investigation agreed with previous results
showing that neural heterogeneity mimics many other types of diversity in nature, in that
its presence acts as a stabilizing factor, whereas its absence is detrimental [3]. Furthermore,
these investigations establish a solid foundation which can be used to understand how other

parameters such as conduction delays, or myelinatory state influence oscillatory behaviour.

1.8 Discussion

Throughout this chapter we looked at modeling seizure activity with computational methods.
We first introduced the prevalence and impact of epilepsy, emphasizing recent advances that
suggest myelination plays a crucial role in neural network functionality and potentially in
epilepsy. We then explored how ADM could influence seizure activity, suggesting a new
therapeutic target. Next, we detailed the fundamental characteristics of neurons, focusing
on the roles of excitatory and inhibitory neurons, providing a foundation for understanding
the balance between excitation and inhibition, which is crucial in epilepsy research. We then
delved into the disease itself, outlining its various types, pathologies, and the significant
impact on those afflicted, emphasizing the difference between focal and generalized seizures
along with the importance of understanding these differences for treatment and diagnosis.
We then introduced seizure dynamics, in terms of the electrical activity in the brain picked
up by EEG recordings, which can then be used to diagnose and understand epilepsy further.
The following section saw an exploration of myelin as a pathology for epilepsy progression,
discussing how specific patterns of myelination could influence neural activity and seizure
dynamics. The Wilson-Cowan model was then introduced as a computational method for

understanding epilepsy and neural dynamics. We outlined how the model can be modified
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to investigate different parameters such as heterogeneity, as well as provided a mathematical
representation along with ways by which we would quantify neural activity using spectral
analysis. Lastly, heterogeneity was investigated for its role in seizure predisposition. We
showed that a lack of neural heterogeneity could lead to increased seizure dynamics due to
an increase in neural synchrony, confirming previous findings surrounding the topic [3].

Moving forward, a compelling extension of our current model is the incorporation of con-
duction delays, which arise due to a finite speed of action potentials along axons and across
synapses. These delays significantly impact neural behavior by influencing the timing and
synchronization of firing patterns. Including delays in the Wilson-Cowan model allows for a
more biologically relevant representation of neural dynamics and helps us understand the role
of timing in seizure propagation. Since myelination increases transmission speed, studying
delays could reveal how changes in myelination impact seizure activity. Additionally, mod-
eling these delays could uncover new therapeutic strategies which could target conduction
delays in order to reduce seizure occurrences. By integrating these delays, we aim to create
a more robust model that will better inform future research and therapeutic approaches.

It is important to note that the results presented in this section are a reproduction of pre-
vious experiments conducted by Rich et al., and that our results act to confirm observations

in their study [3].
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Chapter 2

Influence of Conduction Delays in E-I Networks
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2.1 Chapter Summary

In this chapter, we begin with our motivation for incorporating conduction delays, to model
the effect of myelin, within the Wilson-Cowan formalism established in the previous chapter.
We then follow with a description of the methods used in order to construct our revised model.
Next, we delve into the applications and results relating to underlying mechanisms for the
dynamics seen in seizures as they relate to myelination and conduction delays. Finally,
we conclude with a brief discussion of our methods and results, as well as their potential

relevance to future investigations.

2.2 Motivation

As previously mentioned in Chapter 1, myelination has shown strong potential for being a
pathological factor in progressive forms of epilepsy. ADM specifically, is known to cause
seizure progression in mouse models [2]. Human forms of the disease have been treated with
pharmaceuticals that impair disease progression with some efficacy, despite the previous lack
of understanding surrounding the mechanism [2]. The greater disease burden is likely due
to the increase in coherence between cortical areas at states of higher myelination, resulting
in the hypersynchronous activity defining a seizure. Many brain functions depend on ADM.
For example, memory impaired mice have shown significant improvement when myelination
is promoted within the hippocampus, which is heavily implicated in memory and learning,
thus illustrating the interplay between myelination, coherence, and cognitive function [43].
Overall, these findings underscore the importance of timing in neural processes, more
specifically in epilepsy progression. According to research presented by Knowles et al.,
hyperactivity from seizures induces aberrant myelination, which then in turn causes more
seizures. The delay between bilateral somatosensory cortical regions has been shown to
decrease over time as myelin is added to relevant tracts, and as a result seizure dynamics
increasingly proliferate throughout the brain. In order to better our understanding of the

mechanisms at play, it is important to characterize the neural dynamics at differing stages
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of disease progression. One way by which this can be accomplished is through analyzing
different seizure characteristics according to conduction delays. To emulate differing states
of myelination, we alter CV, and look at markers of disease burden such as seizure frequency,
as well as mean and variance of firing rate within the populations. Changing CV gives a cross
sectional view of the disease at different stages of progression, as disease progression is linked
to increased myelination which is given by proxy with CV, while simultaneously elucidating
an underlying mechanism of epilepsy progression as it relates to ADM. Furthermore, a cross-
section style approach is particularly appropriate when considering the comparative time
scales of neural activity and ADM. Where ADM takes considerably longer, anywhere from
days to months, making a model that changes conduction velocity CV with respect to neural
activity less applicable since it is relatively stable and can be considered constant at the scale
of changes in neural dynamics [2]. Overall, this investigation introduces conduction delays
in the Wilson-Cowan formalism, paving the way for a more holistic model that will emulate

absence seizures in bihemispheric thalamocortical networks (Chapter 3).

2.3 Including conduction delays in the Wilson-Cowan model

In order to investigate seizure dynamics as it relates to conduction delays, we will be using the
Wilson-Cowan models previously established and outlined in Equations 1 and 2, and inspi-
ration from the way we characterized heterogeneity in the previous chapter. These equations
describe mean membrane activity of interconnected excitatory and inhibitory populations in
focal networks, which is modulated by the weighted firing inputs provided by each popula-
tion. While this network is fairly simple, in that it doesn’t provide a detailed description of
specific neural tracts, it is actually very useful in understanding the basic mechanisms that
underlie C'V dependent seizure dynamics. Prior studies incorporating conduction delays into
the WC models have demonstrated a significant connection between these delays and bifur-
cation phenomena, revealing that the timing of conduction delays can critically influence the

system’s stability and the transition between different dynamic states [68] [69]. The model
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presented in Chapter 1, however, does not take into consideration conduction delays, and
thus we must modify the equations to do so. Here, the dynamics of the the mean membrane

potentials of excitatory pyramidal (PYR), inhibitory interneuronal (IN) obey::

dV;
&E%/R% = —Veyr+Wpryrpyr - f[Veyr] + Winpyr - F [Vin] + V2DEpyr(t)  (8)
dV;
afﬁ% = —Vin +Winin - fIVin] + Weyrin - F [Veyr| + V2DE N (t) 9)

where f has been replaced by F', which here indicates the mean activity taken over a dis-
tribution of conduction delays. To add conduction delays into the system, the weighted
postsynaptic input in Equation 10 is averaged over a distribution p(l) of axonal lengths,
where inputs are assumed to propagate through axonal fiber tracts in which axons have

variable lengths as follows,

l

t— =) | (Dl (10)

+oo
F|Vpyrin| = / f |:VPYR,IN(
0

where time delays are given by 7 = CLV, with [ being the lengths, and C'V' being the CV of
axonal tracts amongst and between excitatory and inhibitory populations. Each individual
axonal path gives rise to a given firing input to the postsynaptic population, and by adding
all of these together, an average input value can be calculated through the term F[Vpy g 1y].
This firing rate term naturally takes into account synchronization, since signals coordinated
in time will likely result in a compounding effect, as they are more likely to have similar
potentials. As previously mentioned, in order to include myelination in the model, CV is used
as a proxy, since myelination is directly related to the speed at which signals are transmitted
along axons. It is important to note that recurrent connections, where a population self-

synapses, will not have delays as we have assumed that there is negligible distance between

a population and itself. Overall, this revised phenomenological model is able to take into
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Figure 6: Visual representation of Wilson-Cowan network with recurrent and re-
ciprocal connections between excitatory pyramidal and inhibitory interneuron
populations with conduction delay incorporated into the model.

The parameter Wpy rpy r represents synaptic weights between excitatory populations, while the
parameters Wpyrrny and Winpy g represent synaptic weights between excitatory and inhibitory
neurons. The parameter Wiy quantifies synaptic weights between inhibitory interneurons. Pa-
rameters Tpy r— N and Try_py R represent the conduction delay from the excitatory to inhibitory,
and inhibitory to excitatory populations respectively. Parameters used for this figure are summa-

rized in Table 1. The code used to generate the figure can be found in Code 1
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account biologically derived data surrounding conduction delays, such as CV and axonal
tract lengths, allowing for investigation of neural dynamics at differing lengths of axons and
speeds of neural transmission.

Using this model, one can generate dynamics that closely resemble those seen in focal
seizures, that take CV into account. To generate such seizure-like events (i.e. seizure onset),
we have noise amplitude fluctuations push the system past a bifurcation point and towards

a seizure event.

Seizure Rate

One of our primary goals is to gain an understanding of seizure burden from the compu-
tational data, and thus indicators that can be drawn from EEG data are of central focus.
One of the more obvious indicators is seizure rate, which can connect experimental with
clinically measured data, as well as provide a strong correlate for quality of life [70] [71].
While it is fairly easy for the trained eye to spot a seizure on an EEG, once longer and a
greater number of computational simulations are underway, it becomes an impractical ap-
proach. This problem necessitates a computational way of detecting and counting seizures.
While there are many different algorithms used to detect seizures, there is no one size fits
all method, furthermore non pathological oscillations occur that should not be classified as
seizure events, and thus discretion must be used depending on the seizure type [72].

The method we will employ is done by counting and clustering oscillatory peaks seen
during a seizure event, allowing for delineation between events. When a seizure occurs,
fluctuations in membrane potential increase drastically and oscillate in a certain frequency
range, allowing peaks (or maxima of an oscillation) to be counted based on a threshold value
for membrane potential. Peaks that are close together are put into a single cluster and
counted as one seizure event. In order to ensure non pathological peaks are not counted we
apply a Butterworth filter to EEG data in order to isolate the desired frequency range (1Hz -

40Hz) unique to the seizures at hand. The Butterworth filter removes data outside of desired
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frequency ranges thus allowing isolation of seizure activity in a data set [73]. Once this has
been accomplished, we must separate seizure events to ascertain a proper count and thus
frequency. To do so, we can cluster large peaks together if they occur within a certain time
period. Since the oscillations are typically bordering the theta and alpha frequency bands
between 6-10Hz, giving a grace period of 300ms, prior to delineation of a new event, allows
for the slower seizures to be properly recognized without including distinct seizure events
together when there another seizure event shortly thereafter [2] [23]. This approach can be
modulated to fit with different periodic oscillations, and is thus ideal for our EEG data with

its consistent frequencies.

2.4 Results

Exemplar Seizures

Using our new model, mean activity within populations is now influenced by conduction de-
lays, creating focal seizure events with qualitative features close to real seizure events. These
new qualities are illustrated in Figure 7, and give a visual representation of the recordings
from which we will yield our results. The HYP seizure illustrated in Figure 7 exhibits char-
acteristics similar to those observed in vivo, as in Figure 1, particularly notable are the fast
oscillations during the ictal onset, which correspond to the tonic phase,. As the seizure pro-
gresses towards termination, there is a gradual reduction in frequency, transitioning into the
clonic phase, where the frequency and intensity of muscle contractions begin to decrease [74].
Seizure events were triggered with noise causing a shift past the bifurcation point towards
a seizure. It also notably mimics appropriate ranges of membrane potential during the ictal

period, lending further support to the use Wilson-Cowan models in our investigation.
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Figure 7: Simulated mean membrane activity of a focal seizure event incorporating
delays which emulate myelination

(A) Membrane activity of the excitatory population of a Wilson-Cowan model with a CV of 1m/s,
recorded from 1-3 seconds (B) Mean membrane activity of population described in (A) illustrating
recordings from 2-2.5 seconds to illustrate a close-up seizure event. Seizures were triggered through
gaussian white noise in the system. Parameters used for this figure are summarized in Table 1.

The code used to generate the figure can be found in Code 1
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Seizure Burden

Characterizations of neural activity in relation to epilepsy can take many different forms.
One important measure is that of disease burden. Disease burden can tell us the relative
progression of the disease as it relates to different parameters, one being CV. Furthermore,
it can be quite difficult to align computational models with clinical data, and seizure burden
offers a way by which to accomplish this goal. With CV being used as a proxy for myelination,
we are trying to understand how myelination affects overall disease progression. In order to
assess the relative burden of epilepsy from a computational perspective, seizure rate can be
taken into account as a proxy for overall disease severity. While looking at seizure rate, it
is important to note that the Wilson-Cowan model is phenomenological in nature, meaning
that parameters can be adjusted to biologically relevant values in order to potentially view
specific numerical trends that would be seen in vivo. However, the general trend of the
data will remain constant regardless of the specific numerical values one may choose, unless
plasticity is explicitly modeled, which is not the case here [2]. In this case, CV has been
chosen according to published data regarding speed of neural impulses along axons (0.05m/s
- 1m/s), as well as consideration for proper visualization [75].

As seen in Figure 8A, there is a clear observable trend where increases in CV are associ-
ated with an increase in number of seizure events per hour. This trend runs in line with our
hypothesis, and supports previous results found in mouse models linking hypermyelination
to epilepsy progression [2]. The specific shape taken by the data is also of note, where it
approaches a saturation as CV increases. When considering the characteristics of the model,
it makes sense that there is an upper limit to seizure rate since delays can only get so small,
meaning there is a point of diminishing returns as CV is increased. This idea runs in parallel
to myelination of neural tracts, where they can only be myelinated to a certain degree as
there is a finite length of axon to be myelinated, at which point CV will reach a saturation,
thus resulting in a minimum delay. This is further supported by Figure 8B, which shows

peak spectral power to increase with CV, also showing signs of saturation. Being another
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Figure 8: Seizure burden and conduction delay relative to CV

(A) Seizure rate is measured in seizures events per hour. CV ranges from 0.05m/s-1m/s, acting as a
proxy for myelination state in the Wilson-Cowan model. Error bars indicate variability over trials.
(B) Peak spectral power spectral density of oscillations relative to CV, illustrating a positive trend
where higher CVs are associated with increased peak spectral powers. Simulation created over 10
trials, each trial spanning 20 seconds. (C) Delay is measured in milliseconds, and CV is measured
in m/s. Axonal lengths are 3cm, 5cm, and 7cm. (D) Delays are measured in milliseconds, whereas
density is unitless. CV of distributions is coded by colour, with high conduction velocities yielding
distributions with the least variance. Parameters used for this figure are summarized in Table 1.

The code used to generate the figure can be found in Code 1
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measure of seizure burden, the increase of peak spectral power relative to CV indicates that
increased myelination is indeed pushing the system towards more severe seizure dynamics,
thus supporting our hypothesis. Additionally, the lower bound on conduction delays exists
since the average length of the tracts does not change. This idea is better visualized in
Figure 8C where delays are decreasing relative to CV, but doing so in a way that clearly
levels off at higher levels of measures CV, thus reinforcing the reasoning behind seizure rate
increasing in smaller increments at higher rates of CV as illustrated in 8A, as a saturation

is reached.

Conduction Delay Hypothesis

While it has become apparent through previous research along with our computational in-
vestigations that high levels of myelination can promote hypersynchrony, the underlying
mechanisms are still poorly understood [2]. We build on the approach used to study hetero-
geneity in Chapter 1, where increasing diversity reduces seizure burden. However, in the case
of CV, instead of diversity in neuronal excitability, our hypothesis revolves around diversity
of conduction delays. Our hypothesized mechanism is the following: homogenization of
conduction delays increases the likelihood of presynaptic inputs being correlated.
Therefore, by homogenizing delays, through increase in CV, the synaptic input
becomes far more correlated, allowing for large fluctuations of membrane poten-
tial within populations, which can induce hypersynchronous events, also known
as a seizure.

In Figure 8D it becomes much easier to understand the motivation for this hypothesis,
where a high CV leads less variance in conduction delays. This idea is very important, as it
could form the basis for myelination as a pathological factor in epilepsy. In order to fully vi-
sualize it, Figure 9 provides an illustration of highly heterogeneous versus non heterogeneous
delays, as well as their potential resulting dynamics. It is important to note that Figure 9 in-

dicates conduction delays an order of magnitude larger than those previously discussed, and
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Figure 9: Illustration of delay distribution at high versus low conduction velocities
visualized on and EEG time series

The orange circles indicate where inputs arise due to delays, and red circles indicate the point
at which they are being integrated. (A) Case of low CV (0.2 m/s) where input potentials are
heterogeneous in time. (B) Case of high CV (1.1 m/s) where input potentials are highly correlated
in time. The delays used in this figure were chosen to help visualize the mechanism, and are not
numerically meaningful. Parameters used for this figure are summarized in Table 1. The code used

to generate the figure can be found in Code 1

are for illustrative purposes only used in our models. Instead they are meant to illustrate the
difference between high and low correlation of inputs. In Figure 9A, the low CV of 0.2 m/s
allows for less correlated input which acts as protection from seizure dynamics, whereas in
Figure 9B, the higher CV of 1.1 m/s allows for correlated input yielding hypersynchronous
seizure dynamics, illustrated just prior to the 6 second mark of the computational EEG
recording. It is important to note that these simulations were not given external stimula-
tion, instead CV is responsible for the differential dynamics. The key takeaway is as follows:
faster signal transmission causes higher levels of correlation between inputs, thus opening

the door for larger amplitude fluctuations.
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Influence of CV on Firing Rate Mean and Variance

We are starting to understand how CV is affecting the simple Wilson-Cowan E-I network,
but there are still important characterizations of the underlying mechanisms that need to
be done. We are now trying to pinpoint the dynamical mechanism based on the obser-
vations made previously, which indicate myelination to be the driving factor, while also
investigating potential confounding parameters. Furthermore, finding the aspect of neural
activity influenced by CV inducing seizure-like activity is of quintessential importance. As
it stands, variance is the primary suspect, where an increase in CV results in higher degrees
of variance in pre-ictal EEG data, thus increasing propensity towards a seizure state. While
this mechanism makes intuitive sense, a stronger characterization relative to CV is in order.
Furthermore, noise should be included, as it allows for differentiation between pathological
factors, and elucidates an understanding of the extent to which each factor contributing
to the pathology. Another factor that could influence the susceptibility to seizures is mean
membrane potential, where myelination or noise could push the membrane potential to values
that allow for easier transitions to seizure states.

Mathematically, we can explore how changes in noise amplitude and CV influence the

mean firing rate of our system by examining the following average,

FIV] = / V(= )lp(r)dr (11)

where the membrane potential V has been replaced here by the following Ornstein Uhlenbeck

process with noise variance v/ D,

‘il—‘t/ =~V +V2D¢ (12)

In Equation 11, we see the mean firing rate F[V] as a function of the membrane potential V

integrated over the delay parameter 7, which is weighted by a delay distribution function p(7).
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As described, the function F[V] describes the cumulative effect of the membrane potential at
a delayed time ¢ — 7 on the current firing rate. In Equation 12, we omit weighted firing seen
in the Wilson-Cowan equations (i.e., Eq. 2) allowing the influence of variance and CV to
be of sole importance. Taken together, this allows us to examine the effect of D and CV on
the mean and variance of the firing rate F [‘7] The results described in Figure 10, regarding

B

Mean of Firing Rate Variance of Firing Rate

_E 10.00 lo.7 @ 10.00
= E 0.20
> -
= 06 =&
8 1.00 g 100 0.15
g 05 <
< B 0.10
2 0.10 S 0.10
& 04 &
- = 0.05
= 2
S 001 03 S 00

0. . . - . 0.

N0|5e (mV) Noise (mV)

Figure 10: Effects of noise and CV on variance and mean firing rates

(A) Variance of firing probability (F[V]) with respect to CV and noise amplitude (B) Mean of firing
probability (F[V]) with respect to CV and noise amplitude. CV values range from 0.01m/s-10m/s.
Noise values range from 0mV-1mV. Parameters used for this figure are summarized in Table 1.

The code used to generate the figure can be found in Code 1

firing rate mean and variance, support the idea of hypermyelination being pathological in
epilepsy. As can be seen in Figure 10B, increases in noise cause higher variance in the
firing response, as expected, and the CV does as well. This indicates that myelination takes
the system towards a state of higher variance. The gradient is especially clear between
0.05m/s and 1m/s, where variance increases dramatically. Considering these are biologically
relevant values, the stark contrast provides strong support for myelination as the underlying
mechanism. Additionally, the mean firing rate stayed relatively stable, as can be seen in Fig

10A. This stability in mean firing rate indicates that there was no shift in average membrane
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potential allowing for an easier path towards seizure activity, thus isolating CV as the key
pathological factor. This result aligns with what is expected from delay differential equations:
time delays do not change the fixed points of a system, but influence its predisposition to

oscillatory behaviour and its response to noise or fluctuations [76].

2.5 Discussion

Taken together, these findings illustrate the relationship between myelination and seizure
dynamics from a computational perspective. The idea that increased myelination promotes
synchrony is supported in Figures 8A and B where a greater CV has a clear positive rela-
tionship with seizure rate as well as peak spectral power in the Wilson-Cowan model. As
previously discussed, the data reaches a saturation, meaning that as the CV increases, seizure
rate increases at an increasingly slower rate. This relation makes sense and can be intuited
by thinking about myelination in the brain. Axons have a limit to the amount of myelin
that can surround them, and when you come closer to reaching that limit, the increase in
myelination has less of an effect, as the delay is already quite close to its minimal value.
The computational model lives by the same rules, where input delays can only get so small
as the CV is increased, and when it gets close to 1m/s, the delay and thus seizure rate
approaches its maxima. A more mechanistic understanding of the increase in seizure rate
can be described by input synchrony. If delays are large, then inputs are likely to be diverse,
yielding protection from hypersynchrony. However, when delays are small, inputs into the
neural populations are likely to be more synchronized in time, and thus their inputs are
likely to be more similar. This means otherwise "normal” membrane fluctuations may yield
seizure events, as input to the population becomes correlated, causing a compounding effect
that can push a system into a state of hypersynchrony. This is shown in Figure 10B where
increases in CV yield higher variance within the population, thus supporting our hypothesis
stated earlier in Chapter 2. It is also important to note that Figure 10A shows no change

in mean firing rate, which could be a confounding variable, meaning CV induced variance is
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driving the system to seizure states.

The simple Wilson-Cowan system used in this chapter does however have some limita-
tions. Firstly, being a phenomenological model that aims to reproduce macro activity within
cortical columns, certain mechanisms underlying this activity may be difficult to elucidate.
For example, mutations in voltage gated sodium ion channels in the reticular thalamic nu-
cleus are known to induce epilepsy, however, specific investigations regarding this pathology
are somewhat limited as ion channels are not present within the model [77]. Furthermore, the
simple two population model used here does not bring about many specific understandings
of neural circuits within the brain, such as implications in specific areas, or along certain
tracts. Although it provides underlying mechanisms for general trends, a more complex
system of Wilson-Cowan equations would be in order to properly contrast with biological
data, as epileptogenic circuits tend to be more complex than just a singular excitatory and in-
hibitory interaction. Furthermore, this simplicity prevents investigations surrounding seizure
generalization since there is only one inhibitory and excitatory population, meaning these
results mostly pertain to focal seizures confined to a given area within the brain. Overall,
these results illustrate an important mechanism for seizure progression, but also a need for
a more complex model that allows for investigation of specific epileptogenic tracts, as well

as propagation of seizure dynamics.
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Chapter 3

Myelination and Absence Seizures in a Bihemispheric

Thalamocortical Network
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3.1 Chapter Summary

In this chapter, we begin by outlining the reasons for creating and using a bihemispheric model
when contrasting our data with in vivo recordings from research partners, where the absence
seizures observed in the bihemispheric thalamocortical networks necessitate a model spanning
a greater spatial scale. We follow this up with a discussion of the specific computational
methods used in order to define our new model. Next we show the applications of this model
i a few distinct ways; first, we contrast computational and biological data sets; second, we
use the model to provide guidance to future experimentation; third, we use the model as well
as its underpinnings to explain the mechanisms for myelin related seizure progression. Lastly,

we conclude with a discussion our work, as well as its implications on our understandings of

epilepsy.

3.2 Motivation

While the previous investigation using a local two population Wilson-Cowan model gave
some valuable insights, there are still important questions that require expansion of our
model. One of the big questions we have yet to talk about relates to the generalization of
seizures and whole brain networks. The local model (Chapter 2) creates an understanding of
focal dynamics between two populations, however, in the brain there are a number of popu-
lations at play which must be accounted for. In seizure networks specifically, the oscillatory
activity takes form of absence seizures in thalamocortical loops, elucidating the need for
populations at the thalamic as well as cortical levels [78]. By creating a thalamocortical net-
work, we can model absence seizure activity occurring in relevant biological models, instead
of the focal HYP/LVF seizures modelled previously. The experimental research was done in
the Scn8a mouse model, which develops epilepsy due to a sodium gated ion channel muta-
tion in reticular thalamic populations (Sen8a+/mut) [79] [2]. However, if ADM of callosal
tracts is prevented through oligodendrocyte precursor conditional knockout (Scn8a+/mut

OPC cKO), one can see a stark reduction in seizure activity. This suggests that pathological
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oscillations are able to generalize through the corpus callosum where they spread throughout
the brain, highlighting the need for a bihemispheric model [80]. This framework will allow
us to understand the interplay between inter-hemispheric populations, create contrasts with
biological data, and guide future experimentation with the efficiency of computationally de-
rived data. It also has substantial support from previous literature which outlines generalized
absence seizures in thalamocortical circuits as the primary type of seizure in many differ-
ent epilepsy types, specifically those relating to developmental childhood epilepsy’s [37] [81].
The thalamocortical circuit discussed is comprised of two oscillating systems, which are con-
nected by the corpus callosum, allowing them to influence each other. Their influence on
each other is dependent on conduction delay timing between the two oscillating circuits, thus
underlining the importance of callosal myelination in this pathology [82] [83]. Through dif-
ferential myelination and a bihemispheric framework, we elucidate an absence seizure model
that can investigate the effect of ADM using a cross sectional approach.

The prevalence of generalized absence seizures in developmental epilepsy’s strongly favours
the ADM pathology, as ADM provides a mechanism by which seizure burden can increase
with time. The model also includes another crucial piece revolving around callosal myeli-
nation states. In previous studies, seizure associated callosal tracts have shown differential
myelination, where increased seizure activity is associated with more myelin [2]. Incorpo-
ration of callosal myelination as a variable will thus provide an understanding of its role in
seizure dynamics. One important thing to note is that the bihemispheric model was cre-
ated in order to contrast our data with biologically derived data from the Knowles Lab at
Stanford. Their experiments (many unpublished) have helped give biological constraints to
our model, allowing direct comparison between Wilson-Cowan modelling and in vivo EEG
results through calibration between the two. Overall, this collaboration allows us to ver-
ify the validity of the model, as well as use it to guide future experimentation and answer
further questions surrounding myelination and epilepsy. These questions also bring about

predictions, whereby we expect measures of seizure burden to increase along with CV of the
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callosal tract. Specific measures will be explored further later on, but take similar forms as

those seen in Chapter 2.

3.3 Methods

In order to create the bihemispheric model, we will mostly be using the same framework as
before, however with some important modifications and expansions. One such modification
is that we will no longer be using noise amplitude as the method for provoking seizures.
Instead we will now apply direct stimulation to the thalamic populations, allowing for more
control surrounding seizure onset. This method is preferable for our bihemispheric model as
our primary goal is to compare and contrast spectral properties computational and biolog-
ical data sets. Having the control over seizure onset allows for simpler quantification and
comparison between recordings. Furthermore, we will be incorporating callosal myelination
state, since communication, and thus activity between the two hemispheres is heavily depen-
dent on the conduction delays present between excitatory cortical areas through the corpus
callosum [2]. In order to do so we use callosal CV as well as tract length values recorded by
our research partners (Knowles lab, Stanford) to inform our computational investigations.
We must also address the increased number of neural populations (Visual representation
provided in Figure 11. In our model we will create representations of an inhibitory reticular
thalamic nuclei population, excitatory ventrobasal thalamic population, and both excitatory
and inhibitory populations in the somatosensory cortex. The somatosensory cortex was cho-
sen as our cortical area due to it being a hotbed for absence seizure activity, especially in the
mice studied by our research partners [2]. The ventrobasal thalamic population is heavily
implicated in projections to the somatosensory cortex, and is thus well suited to represent
our excitatory thalamic population [84] [85]. On the other hand, the reticular thalamic nu-
cleus is an inhibitory population known to modulate seizure activity, meaning its presence in
our model is important to create a proper representation of a thalamocortical network [19].

The populations are differentiated by their polarity, with inhibitory populations being nega-
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tive, as well as the weighted connections, membrane time constants, baseline noise, and the

unique projections sent to each population.
Somatosensory cortex Corpus callosum (body)

w—ﬂ"'l‘.‘wrl"‘,‘.’w

I‘i|| i
"‘""“'.'.‘nﬂ",‘.ﬁ""*
I I
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Figure 11: Visual representation of the bihemispheric model

Connections between excitatory (blue) and inhibitory (black) populations of the thalamocortical
bihemispheric model are shown according to their effect (blue = excitatory, black = inhibitory).
The ventrobasal thalamus (VB) and reticular thalamic nucleus (RTN) are labeled as the relevant
thalamic populations. The pyramidal (PYR) and interneuron (IN) populations are labeled as the
relevant cortical populations. Right and left hemispheres are denoted by "R” and ”L” respectively.
The somatosensory cortex is labeled as the relevant cortical area. The corpus callosum connects
excitatory cortical areas, allowing for interhemispheric communication (Graphic created by Dr.

Jeremie Lefebvre)
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Figure 11 gives a visual representation of the bihemispheric model, where inhibitory pop-
ulations synapse onto local excitatory populations, excitatory populations synapse onto each
intrahemispheric population, and somatosensory cortical areas synapse onto each other using
the interhemispheric connection provided by the corpus callosum. This schema is supported
by our collaborators (Knowles lab, Stanford), where anterior portions of the corpus callosum
connecting the somatosensory cortices together show differential myelination, implicating
this specific tract in the pathology [86]. To incorporate this idea we must connect these
areas in our mathematical model; this can be accomplished using Equation 10 where callosal
tract lengths and conduction velocities inform the bilateral input between somatosensory
areas.

Mathematically, the mean membrane potentials of excitatory pyramidal (PYR), inhibitory
interneuronal (IN) of the somatosensory cortex, along with the ventrobasal, and reticular
thalamic populations of the thalamus are influenced by a variety of intrahemispheric (1),
and contra-hemispheric (C') synaptic inputs. These can be described with the following

differential equations given in vector form:

DV = [V + V"] + B 4 8" 4+ N (13)

where r and [ refer to the right and left hemispheres, and V™! = [Vgglm, Vi Vi VRT%N]
represents the mean membrane potentials of the populations previously described and shown
in the equation.

The differential operator defined by [D],,, = (1—|—am%) incorporates unique time constants
a,, for each population in the network. The index m can represent populations such as
PYR, IN, VB, or RTN as shown in Eq. (13). The expression [B"!],, = B! denotes constant
baseline currents for each population. Meanwhile, [S™],, represents external stimuli, which
are initially set to 0. Lastly, the term [N"!],, = /2D,,£"! takes into account independent
random fluctuations characterized by Gaussian white noise £ with a mean of 0, and acting

upon each population separately.
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In Eq. (13), the synaptic inputs within either hemisphere are of three types: cortico-

cortical (CC), intra-thalamic (IT), and cortico-thalamic (CT).

IV = WeeF[V 4+ Wipf [V + Werf[VE (t — 7or)] (14)
cortic;gortical intra—tﬁdamic cortico?tTlalamic
The response function [F[V™]] = F[Vr] = ﬁ allows us to infer the overall firing
m +e(—BVim

rate of a neural population according to its mean membrane potential in the Wilson-Cowan
model. In Eq. (14), a time delay 7¢7 is added to incorporate the finite conduction time along
thalamocortical pathways. Additionally, the synaptic weights that influence interactions

within and between cortical and thalamic populations given by the following set of matrices:

WpYR,PYR WINPYR 0 0
wpyr,N w00
Wee = (15)
0 0 00
0 0 0 0
0 0 0 0
0 0 0 0
Wir = (16)
0 0 0 WRTN, VB
|0 0 wys, rrN 0
0 0 wyppyr 0
0 0 WvB,IN 0
Wer = (17)
wpyr,v 0 0 0
| wpyr, RN 0 0 0]

We assume that synaptic inputs originating from the contralateral hemisphere occur exclu-
sively between cortical pyramidal (PYR) populations located on opposite sides, meaning

[C [V”’l]}m = 0 whenever m # PYR. Additionally, these inputs travel through callosal tracts
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comprised of K axons, each with differing conduction velocities. As a result, the contribution

from the opposing hemisphere in Eq. (13) can be given by the following equation:

K
[C[VTJ” PYR = U)callosal[(i1 Z F[Vli%?R(t — Tcallosal,k)] (18>
k=1

where Teanosalk = ¢/ ¢y refers to the conduction delay between hemispheres along axons with
a length of £ and a range of conduction velocities given by ¢ (ranging from 0.5m/s - 1.5m/s).
In order to trigger seizure events, stimulation can be applied to thalamic populations, which
induces hypersynchrony in the theta band throughout the thalamocortical network.

Using the model defined above, we can now illustrate and verify the qualitative compar-

ison between biological and computational data in Figure 12. Figure 12A depicts a compu-
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Figure 12: Comparison of computational and biological EEG data

(A) Computational EEG simulation with thalamic and reticular thalamic stimulation applied from
7 second to 10 seconds elucidating seizure dynamics. Simulation shown is that of an excitatory
somatosensory population. (B) Unpublished biological EEG recordings (Knowles lab, Stanford)
of excitatory (top) and inhibitory (bottom) somatosensory cortical populations in a mouse model
with seizure events occurring from approximately 196.5-198.5 seconds. Parameters used for this

figure are summarized in Table 2. The code used to generate the figure can be found in Code 2
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tational EEG data set and Figure 12B shows direct EEG recordings of seizure activity in a
mouse model. The computational and biological data bear a striking resemblance, where os-
cillations take similar shape, amplitude, as well as frequency. The oscillatory frequency being
quite similar is especially important, as it indicates that our model has properly constrained
the biological parameters given by our research collaborators. Overall this indicates our
biologically constrained model to be a relevant representation of neural activity happening

in vivo.

3.4 Results

The results in this chapter will take two main forms. The first being use of our bihemispheric
model in order to compare and contrast computational results with those recorded by our
research partners (Knowles Lab, Stanford) in vivo. This allows for validation of our model
through experimental results, as well as confirmation of said results. These findings will also
quantify the effect of changing callosal myelination on the thalamocortical network, thus
providing further insight on how ADM influences seizure dynamics such as spectral proper-
ties. The second type of results are those aimed at uncovering specific physical mechanisms

involved in trends found during the contrast between biological and computational data sets.

Reproducing in vivo results

Different seizure types have their own spectral fingerprint. Depending on the host param-
eters, such as tract lengths or conduction velocities, each seizure will give rise to different
peak frequencies and powers that provide insight into the effect of ADM on seizure dy-
namics. This fingerprint is also strong method of contrasting computational with biological
results, as similar spectral properties indicate validity of the computational model, and thus
in turn verify the results recorded in vivo. The methodology of our research partners in-
cludes comparison of the Scn8a mouse model at high and low conduction velocities. The

Scn8a mouse model has a mutation in the voltage gated sodium channel gene Scn8a, result-
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ing in epilepsy presentation and absence seizures, making it a strong model for the questions
at hand. The differential conduction velocities are brought about using an oligodendrocyte
precursor knockout line, which prevents ADM and results in mice with distinct callosal con-
duction velocities [2]. Since much of the biological research being contrasted is unpublished,
it will not appear in the thesis, however descriptions of the data will be included to explain
the similarities and differences between the computational and biological models. It is im-
portant to note that our model is informed by recordings made by collaborators in Scn8a
mice, as it relates to tract lengths, conduction velocities, and conduction delays. The first
comparison we will make is between the power spectral densities of the two models. In
the mouse model, we have a case of high myelination, resulting in a CV of approximately
1.5 m/s (Scn8a++/mut), and a case of low myelination, with an associated CV of 0.5 m/s
(Scn8a++/mut OPC c¢KO). The case of high myelination results in peak ictal power oc-
curring at approximately 8Hz, thus lying within the theta band which is commonly seen in
mouse models of absence seizure activity [2] . The case of low CV, however, presents with
a peak that is shifted slightly towards a higher frequency of 8.5Hz, indicating lower callosal
CV to result in slightly higher frequency of oscillation. More striking is the contrast between
peak spectral powers, where high CV mice show a peak spectral power approximately 2.5
times that of low CV mice, indicating far bigger oscillations in mice with high callosal CV.
These trends seen in biological data are seemingly robust, as they are reproduced by our
independent computational model recordings. As seen in Figure 13A, peak frequencies re-
main in the 8-8.5Hz range for our model. Importantly, the low CV (representing less myelin)
simulations also show the slight shift to higher oscillatory frequency, as well as substantial
decreases in peak spectral power, emulating the results seen in biological recordings.
Another important marker of similarity between biological and computational models
comes in the form of inter-hemispheric coherence. Coherence is a measure of the corre-
lation between two signals as a function of frequency, reflecting how well one signal can

predict another. In the context of EEG, coherence assesses the synchronization between
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Figure 13: Power spectral density of absence seizures at different callosal CVs

(A) Power spectral density of oscillatory activity during computational seizure event at different
callosal conduction velocities. (B) Coherence between hemispheres during computational seizure
event at high (1.5m/s)(blue) and low (0.5m/s)(green) conduction velocities across frequency bands.
Parameters used for this figure are summarized in Table 2. The code used to generate the figure

can be found in Code 2
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signals recorded from different brain regions. High inter-hemispheric coherence indicates
strong connectivity and synchronous activity between the two hemispheres. In terms of
seizure progression, changes in coherence can reveal how seizures affect brain connectiv-
ity and the dynamics of neural networks, helping us understand the spread and impact of
absence seizures in thalamocortical networks. High levels of coherence at any CV implies
cross talk between hemispheres, and potentially suggests a mechanism by which seizures
can be amplified through a resonance like phenomenon [87] [88]. Furthermore, when com-
paring coherence at different CVs, we can confirm and begin to understand the effect of
increased callosal myelination on inter-hemispheric dynamics. In biological recordings pro-
vided by our research partners, coherence in the delta, theta, alpha, and beta frequency
bands were higher in cases of increased callosal myelination, whereas there was a marked
decrease when oligodendrocyte precursor cells were knocked out (OPC ¢KO) and ADM was
blocked. This contrast proposes higher callosal myelination states as a method of increased
neural synchrony between hemispheres. These results were in agreement with our computa-
tional models, as seen in Figure 13B, where the OPC ¢KO condition (CV = 0.5m/s) had a
marked decrease in coherence in each frequency band relative to the non knockout (CV =
1.5m/s) condition. Importantly, the non-theta band coherence may be a product of harmon-
ics of pathological oscillations occurring in the theta band, resulting in similar trends being
visualized in other frequency bands. Overall, these results not only validate our model as an
accurate representation of neural activity, but also provide a hint as to the mechanism for
increased seizure severity with respect to increased callosal myelination. The mechanism we
will argue for is that of resonance, whereby increased myelin reduces callosal delays, allow-
ing interhemispheric populations to interlock and amplify each other causing the increases

in peak spectral power we see in Figure 13A.
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Underlying Mechanism

Resonance is a physical phenomenon whereby a system oscillates at increasing amplitudes
at a given frequency, often known as its natural frequency [89]. The increase in amplitude
is derived from an external influence which also oscillates at the systems natural frequency,
thus increasing the activity within the system. It can be easily understood when thinking
of a swing, where pushing the swing at its natural frequency leads to an increase in height
reached with each push. While certain examples of resonance are harmless, others are less so;
earthquakes with oscillatory behaviour matching that of buildings can cause severe damage
to infrastructure, and in the case of the brain, resonance inducing hyperactivity and strong
oscillations suggest a potential pathology for seizure activity.

Within the computational bihemispheric model, we hypothesize that resonance may ex-
plain certain trends we see in our results, as well as those seen in biological samples [2]. One
of the important observations we make relates to peak spectral powers at different callosal
CVs, where higher CVs resulted in increased peak spectral power during oscillatory activity,
as seen in Figure 13A. The stark increase in amplitude suggests communication between
the two hemispheres as a driver of oscillatory activity, and the shift in natural frequency of
the system begins to suggest resonance between the thalamocortical circuits found in each
hemisphere. As previously mentioned, similar oscillatory frequencies are essential to create
resonance within a system, and as shown in Figure 13B, the coherence in oscillatory activity
between the two hemispheres increases drastically at higher CVs. Furthermore, they reach
their peak coherence in the alpha and theta frequency bands, which represent the patholog-
ical oscillations within our system. The increased levels of coherence at higher callosal CVs,
in conjunction with greater oscillatory amplitudes during seizure events, presents a strong
case for resonance as the mechanism for why higher CVs result in greater seizure activity.

It is important, however, to ensure that the levels of coherence and increased power are
indeed a result of cross talk between excitatory somatosensory cortical populations, and

not just a coincidence resulting from concurrent stimulation of both hemispheric thalamic
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populations used to trigger seizure onset. In order to investigate this we stimulated one
hemisphere while recording activity in both hemispheres to see the contralateral influence
at play. This experiment is shown in Figure 14A, where recordings of both right and left
hemispheres are shown, while only the left hemisphere is stimulated. The recording illustrates
seizure generalization from the left to right hemisphere, after stimulation began at 2 seconds.
The contrast in activity shows us that coherence between hemispheres at high CVs is indeed
a result of the differential interplay with lower callosal delays, as the two hemispheres begin
to cohere as a result of single hemisphere stimulation. Furthermore, it provides some insight
into the underlying mechanism; at approximately 3 seconds, the right hemisphere begins to
experience some pathological oscillations, and right after that point, the oscillations within
the left hemisphere begin to rise in amplitude, indicating a scheme of resonance whereby each
hemisphere induces an increase in oscillatory behaviour to its contralateral counterpart. It is,
however, important to further numerically quantify this interlocking of the two hemispheres,
as it brings about a more concrete link between resonance and the generalization of seizure
activity we observe. This was done by creating a spectrogram of the EEG data, which
will derive the natural frequencies of each hemisphere, thereby supporting our hypothesis of
resonance if these natural frequencies align.

The natural frequencies of each hemisphere do in fact align, as seen in Figure 14B where
the highest intensity of oscillatory frequencies for both hemispheres falls right around 8Hz.
This aligns with the oscillatory frequency elucidated in previous modelling efforts which used
thalamic stimulation in both hemispheres, as well as experimental recordings taken by our
research partners. The results also align temporally, whereby the strongest and most intense
oscillatory activity appears at the same time in the EEG recordings of each hemisphere, as
well as their associated spectrograms. The spectrogram also illustrates a transition period
for the left hemisphere at stimulation onset, where it climbs to its natural frequency, and
once reached, begins the process of generalization. Generalization is the spread of seizure

activity from one area, such as a focal zone, to other parts of the brain [90]. One type
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Figure 14: Spectrogram’s and EEG’s of absence seizure activity resulting from
uni-hemispheric stimulation

(A) EEG recordings of right and left excitatory pyramidal populations with stimulation applied
to the left hemisphere’s thalamic populations at 7 seconds. (B) Spectrogram’s illustrating the
intensity of oscillations at each frequency between 0-50Hz during the time series presented in (A).
Parameters used for this figure are summarized in Table 2. The code used to generate the figure

can be found in Code 2
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is bilateral generalization, where seizure activity in one hemisphere spreads across callosal
tracts, inducing a seizure event in the other hemisphere. This idea of generalization is
significant, as our results Figure (14) show the non-stimulated hemisphere (right) to only
start oscillating with high intensity once the stimulated hemisphere (left) has reached its
natural frequency, thus allowing resonance to occur, and the seizure to generalize to the right
hemisphere after a brief conduction delay. Additionally, the generalization further intensifies
oscillation in both hemispheres, where highest magnitudes are seen once this process has
occurred. Further illustrating the amplification effect of resonance within the system. Note

that one can also observe higher harmonics at multiples of the oscillatory frequency.

Influence of CV on Resting State Dynamics

While we hypothesize resonance to be the mechanism underlying our results, we must still
characterize how resonance influences the dynamics of our model. In chapter 2, we measured
variance in firing rate relative to CV. The results, shown in Figure 10, describe a system
where increasingly variable firing activity results from increases in CV and noise amplitude.
This provides a strong candidate mechanism for the trends seen in the bihemispheric model,
as well as certain data seen in experimental recordings not investigated by our model. In
order to evaluate the validity of this claim, we quantified the variance in callosal firing rate,
meaning the contralateral firing rate of pyramidal populations, without stimulation and
relative to callosal CV. The result, pictured in Figure 15A, shows that variance in firing
rate increases with callosal CV, indicating that increased seizure burden results from larger
amplitude fluctuations in firing rate, reflected by increased variance, matching our results
in Chapter 2 (Figure 10). The mean callosal activity, however, remained stable, implying
variance as the causal factor for the shift from lesser to greater oscillatory activity during
seizure events, also similar to results pictured in Figure 10.

The bihemispheric model we have constructed does not measure seizure rate, as the

seizures are deliberately provoked through thalamic stimulation, meaning it would not pro-
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Figure 15: Variance in callosal firing rate, and firing rate histogram during non
seizure state activity

(A) Callosal firing rate relative to callosal CV (ranging from 0.5m/s - 1.5m/s) with standard
deviation in firing rate during non-oscillatory (non-stimulated) activity (B) Histogram of firing
rates during non-oscillatory activity at different callosal CVs (C) Enlarged section of (B) showing
relative contribution of each CV at high firing rates. Parameters used for this figure are summarized

in Table 2. The code used to generate the figure can be found in Code 2

vide any further insight. Our research partners did however measure this in mouse models,
and unsurprisingly found an increase in seizure rate at higher callosal CVs. This finding is
supported by our investigations shown in Figure 15B/C surrounding firing rate during non-
seizure state (transient) activity. Our results illustrate an increase in firing rate variance
during transient activity, and more instances of very high firing rates when the callosal CV
is increased. Since high firing rates push the system closer to a bifurcation point, this likely

results in a higher seizure rate, which is confirmed in experiments done by research partners.

Corpus Callosotomy

Severing the connection between hemispheres of the brain is referred to as a corpus calloso-
tomy, and is a procedure used to alleviate symptoms in patients with intractable epilepsy [91].
In our model, bilateral callosal firing rate is clearly affected by callosal CV, and is also affected

by the synaptic weight parameter, Wecc in equation 14, pertaining to the callosal weighting.
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By changing W ce, we should be able to alter the coupling between hemispheres to see how it
impacts seizure activity in each hemisphere, as well as showcase how resonance is involved.
This reproduction would isolate changes in contralateral pyramidal neuron firing as the rea-
son for changes in spectral characteristics and activity in our model, thus strengthening our
hypothesis. Furthermore, a lack of connection between hemispheres would in essence repro-
duce the effects of a corpus callosotomy. Therefore, this investigation would not only further
our hypothesis, but also illustrate the predictive capabilities of this model, as it emulates
neural activity seen before and after a surgical procedure, despite not being constructed for

this purpose. In Figure 16A we see the effect of computationally severing the connection
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Figure 16: Computational EEG recordings of a corpus callosotomy with peak
spectral powers at differing levels of callosal synaptic weight during thalamic
stimulation

(A) Two distinct time series of membrane activity in the excitatory population of the somatosensory
cortex at callosal weights of 0 (bottom), and 1.5 (top) (B) Peak spectral power of seizures at different
callosal weights (ranging from 0 - 1.8). Parameters used for this figure are summarized in Table 2.

The code used to generate the figure can be found in Code 2

between hemispheres, where a callosal weight of Wee = 0 fully suppresses epileptiform activ-
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ity, despite the constant thalamic stimulation. This effect is reversed when the connection is
reestablished with a callosal weight of Wece = 1.5, and seizure activity reemerges throughout
the time series with constant thalamic stimulation. Previous discussion surrounding verifi-
cation of bilateral firing input comes to fruition in Figure 16B, where peak spectral powers
of oscillation are compared at different callosal weights. The trend observed illustrates in-
creasing callosal weight, and thus increasing bilateral input, to augment the peak spectral
powers observed during seizures, thus indicating strength of cross-talk between hemispheres

as the causal numerical mechanism for greater seizure burden in our bihemispheric model.

3.5 Discussion

Overall, our goal throughout this chapter has been to use computational methods to repro-
duce the effect of differing myelination patterns in bihemispheric thalamocortical circuits, to
create an understanding surrounding ADM and seizure dynamics. We expanded our investi-
gation to elucidate a potential mechanism for the observed results, and found resonance to be
a suitable candidate. We hypothesize that higher levels of myelination, yielding greater CV,
allows for greater coherence between hemispheres, triggering resonance amplifying seizure
dynamics both within and between hemispheres.

The investigation began with comparisons between our data, and the biological record-
ings provided by our research partners. Qualitatively, our EEG data took on very similar
characteristics to EEG’s in Scn8a mouse models. Since we used their recordings of distances
and delays to inform our model, qualitatively similar recordings indicate that our model is
doing well to encompass the membrane activity seen in vivo. While our model passed the
eye test, it was important to provide more numerical and objective comparisons in order to
validate its use. This was accomplished with recordings of spectral characteristics, which
were then compared with spectral recordings of biological activity to confirm the models
ability to encapsulate core features of seizure events. In biological recordings, peak spectral

power during seizure events was found to be approximately 2.5 times higher in cases of high
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CV (1.5m/s) versus cases of low CV (0.5m/s). Meaning that increased myelination results in
stronger oscillatory activity during seizures. These results were robust in our computational
model, whereby lower callosal CVs yielded much smaller peak spectral powers during seizure
events as illustrated in Figure 13A. Furthermore, peak frequencies in both biological and
computational recordings showed a slight shift with altered callosal CV, where an increase
in CV seemingly reduced the associated peak frequency. This result not only provided fur-
ther support to our models validity, but also hinted at a potential underlying mechanism.
Resonance is a phenomena where two oscillators with the same natural frequency can become
in phase, resulting in amplification of their signals. The natural frequency of a system can
be dependent on a number of factors, however within our system, greater callosal CV seems
to alter natural frequency, and along with this comes an increase in peak spectral power.
This correlation suggests resonance between hemispheres as a potential mechanism behind
increased seizure severity with increasing callosal CV.

In order to propose resonance as the mechanism underlying shifts in seizure dynamics
relating to ADM, we will use results given by the thalamocortical model as arguments for
its influence. The first question to answer related to differences in oscillatory activity. More
specifically: why does increasing callosal CV create a stronger resonance effect? This ques-
tion is partially answered in Figure 13B, where we measure coherence between excitatory
somatosensory populations in the case of high (1.5m/s) and low (0.5m/s) callosal CV. A
higher level of coherence indicates two oscillators to be more in phase, and when they are
more in phase, a greater amplification effect precipitates. This can be understood using the
swing example of resonance, where giving a push at the maximum height, which is akin to
being in sync, yields a greater peak height relative to a push coming before or after the swing
reaches its peak. Using this understanding, we see greater coherence in all frequency bands
of high callosal CV seizure events as a potential explanation for why larger oscillations occur,
as the two oscillators (excitatory somatosensory populations) are far more in sync and thus

producing greater resonance effect.
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While we are starting to see how resonance could contribute to the results seen in both
computational and biological models, it is important to confirm its involvement through ad-
ditional means. One such way is by examining an EEG time series with only one hemisphere
experiencing stimulation. In this case, seeing pathological oscillations in both hemispheres
would illustrate the ability of each hemisphere to induce oscillatory activity onto the other.
This is shown in Figure 14A, where stimulation in the thalamic populations of the left
hemisphere induces seizure activity in the right hemisphere. Furthermore, once oscillatory
activity presents in the right hemisphere, oscillations in the left hemisphere begin to increase
in amplitude, directly illustrating the resonance effect in our model. Spectrograms provide a
way to objectively evaluate the intensity of different frequencies during an EEG time series.
Figure 14 provides a 5 second EEG recording in the excitatory somatosensory population
of both hemispheres with stimulation being applied to the left hemisphere at 2 seconds. It
also provides the associated spectrogram of these recordings. Of critical importance is the
activity occurring right as stimulation is applied, where our spectrograms illustrate greater
intensity between 0-10Hz during the first 200ms or so in the left hemisphere. This rise in
intensity is however not present in the right hemisphere, and the increased intensity in the
right hemisphere is only seen once the left hemisphere reaches its stable natural frequency
near 8-9Hz. These results directly illustrate the schema of resonance, where two oscillators
are in phase at their natural frequency and amplify each other. Furthermore, the strongest
oscillations in the left hemisphere only occur once the right hemisphere is also oscillating
around 8-9Hz, clearly showing the mechanism underlying increased seizure dynamics to be
resonance in our model. Overall, these results provide a mechanism, not only for our model,
but also for phenomena observed in mouse models where seizure severity is positively corre-
lated with callosal myelination and thus CV.

We now have an explanation as to why we see specific trends in our model relating to
spectral characteristics and qualitative features, however it is also important to elucidate the

underlying numerical cause for said effects. In chapter 2 we saw variance to be the reason
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for increased seizure burden, making it a logical parameter to quantify and investigate for
its role in resonance amplified seizure dynamics. With increased peak spectral powers at
higher callosal CVs, an increase in variance of firing within the callosal tracts would provide
a numerical mechanism behind the trend. This is because greater variance in firing indicates
a way by which membrane activity could be influenced to oscillate with greater amplitude.
We do infact see this in Figure 15A, where greater callosal CVs are associated with higher
degrees of variance in callosal firing rate, indicating this trend as the numerical explanation
for resonance implementation in the model. Importantly, mean callosal activity does not
change significantly with callosal CV, which isolates variance as the cause, since a change
in mean activity would have also potentially explained our results. While the bihemispheric
model relies on stimulation to induce seizure activity, thus eliminating relevance of seizure
rate, our research partners measured it in vivo and found it to be higher in cases of greater
callosal myelination. This trend is also likely explained by variance in callosal firing rate,
whereby greater firing rates push the system closer to its bifurcation point yielding seizure
events more often. In order to verify this idea, we characterized the firing rates present in
cases of high (1.5m/s) and low (0.5m/s) callosal CV during transient activity. As pictured
in 15B/C, greater CV results in a distribution of firing rates with more variance, meaning
it disproportionately presents extreme values, such as those hypothesized to induce seizure
events, relative to a system with lower callosal CV. This is best shown in Figure 15C, where
the extreme firing rates ranging from 0.016-0.022 (proportion firing) occur far more often in
the high CV case. Not so coincidentally, this range of firing rates coincides with the mean
callosal firing rate during seizure events of approximately 0.02, further supporting the idea of
greater variance at high CVs yielding higher firing rates that make the transition to a seizure
state far easier. Overall, these results illustrate the numerical perspective within the model
that explains how resonance effects the system at differing CVs, allowing for contrasting
spectral characteristics, and increased seizure burden.

While the case for differing callosal firing rates underlying resonance, and thus seizure
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activity, within our system is strong, further investigations can cement it as the numerical
mechanism. In our model, callosal weight can modulate bilateral firing input between hemi-
spheres, thus providing an alternative way to confirm callosal firing as reason for differing
seizure dynamics. Luckily, biological investigations similar to this have been done in the past,
whereby callosal connections have been severed surgically to alleviate symptoms in forms of
epilepsy not respondent to traditional treatments [91]. With this in mind, a reduction in
callosal weight should reduce spectral characteristics such as peak spectral power, and reduce
oscillatory activity in the system. This is infact what we see in Figure 16A, where eliminat-
ing the callosal connection with a Wee = 0, moves the system from a paradigm of seizure
activity, back to regular asynchronous activity seen in a healthy brain. While modulation of
the callosal connection in humans, unsurprisingly, has many unintended consequences mak-
ing it a last resort, the computational contrast illustrates bilateral firing as the numerical
mechanism underlying increased seizure activity with increased callosal myelination. Figure
16B further illustrates this idea, whereby an increase in callosal weight has a direct positive
relationship with peak oscillatory power, meaning greater bilateral firing results in strong
oscillations and seizure dynamics.

In conclusion, we postulate that increased seizure dynamics are associated with greater
callosal conduction velocities, resulting from greater callosal myelination, and can be ex-
plained by resonance between somatosensory cortices. The resonance effect is then amplified
at greater callosal CVs, as it allows for the two oscillators to become more in phase, and
creates a system more inclined to seize as it is more easily pushed to the edge of a bifurcation
point towards a seizure. Lastly, markers of seizure intensity such as peak spectral power are
then magnified by resonance between hemispheres, creating a system not only more inclined
to seize, but to do so more dramatically resulting in greater seizure burden due to an increase

of myelin along the corpus callosum.
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Chapter 4

Discussion
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4.1 Chapter Summary

In this chapter we start with a discussion of the scientific implications of our research. We
then follow up with potential future research that can be done to build upon our work.

Lastly, we summarize the thesis and add some final thoughts regarding our research.

4.2 Scientific Implications

The results elucidated through our Wilson-Cowan investigations answer many questions, and
open the door for many more. We show, through computational methods, that increased CV,
a proxy for myelination in callosal tracts, yields greater seizure burden within thalamocorti-
cal networks. Whereby faster signal transmission causes higher levels of correlation between
inputs, thus opening the door for larger amplitude fluctuations as there is no diversity associ-
ated stabilizing factor in the input potentials. Encouragingly, our research collaborators have
found similar trends in mouse models, where greater callosal myelination, caused by ADM,
results in higher absence seizure frequency, and alterations in spectral markers for seizure
burden such as peak spectral power [2]. We further this research by not only reproducing the
biological data sets using computational means, but also proposing candidate mechanisms
for the associated trends. The primary mechanism proposed being that of resonance. In the
thalamocortical network, we have paired oscillators between hemispheres, and reductions in
conduction delays between the oscillators results in greater coherence and thus greater reso-
nance as the oscillators are more in phase. The increased severity of seizure states results in
more myelin through ADM, outlining a positive feedback loop in which myelin and seizures
work together to cause significant epilepsy progression.

The idea that resonance and glial cells are involved in epileptogenesis is quite novel, mak-
ing investigations into the specific pathologies involved very exciting as it opens up avenues
for new therapeutics with potential to significantly decrease the disease burden of those with
epilepsy. Through our investigations, thalamocortical networks become potential targets

for pharmaceutical or surgical interventions, particularly in cases of progressive epilepsy as-
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sociated with white matter plasticity. Using this framework we hope to contribute to the
reduction of disease burden imposed by epilepsy. Furthermore, our research can hopefully
act as a proof of concept, where computational models investigating ADM can be used to
research other diseases potentially affected by myelination patterns, such as Alzheimer’s
Schizophrenia, Multiple Sclerosis or any other relevant disease [92] [93] [94]. Using these
methods can provide a much quicker, and much less expensive, way to answer certain ques-
tions, as well as guide future experimentation resulting in a more streamlined and efficient

way of conducting research pertaining to neurological disease.

4.3 Future work

While our work has brought about new insights, it has also brought about new questions
and the need for further investigation. Whether it be adjusting the model to better fit the
phenomena of ADM, understanding influences of different neural tracts, or constructing a
new model that can delve into the problem on a different scale, there are many paths that
have been opened for future work.

The implementation of Wilson-Cowan equations in our model saw adjustment of CV
as a proxy for myelinatory state. While we have argued this to be a valid method for
understanding ADM, it somewhat omits the procedural part, instead giving a cross-sectional
view as opposed to a dynamic model replicating the changes to myelination in real time. In
future iterations of the bihemispheric model, it may be prudent to include changes to the CV
as a response to seizure events in real time. Using previously discussed methods of seizure
detection, we could construct a version in which the positive feedback loop of seizures and
myelination is on full display, creating a more holistic version that is easier to contrast
with biological data sets. The one limiting factor in this proposed iteration revolves around
simulation time, as the time scales would have to be condensed in computational models to
not take significant amounts of time for a single simulation.

Other questions have been posed by our collaborators, in terms of ADM specificity in
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different thalamocortical tracts. Throughout their research they have found ADM in callosal
tracts, however in the connections between the somatosensory cortex and the thalamic pop-
ulations, otherwise known as the internal capsule, myelination is quite stable despite seizure
propagation through these tracts. A new avenue could thus be explored, in which dynamics
at altered capsule myelination states could be derived computationally, hopefully producing
some insight into why there is no ADM along these tracts. Alternatively, these tracts may
require stability from a myelination perspective for proper function of unrelated neural sys-
tems. Either way, our computational methods allow investigation otherwise difficult in vivo,
due to the stable nature of these tracts in vivo.

While we see how computational methods can answer certain questions difficult for bio-
logical investigations, the inverse is also true. For example, our model only includes CV as a
proxy for myelination, however there may be other factors at play as well. It is entirely possi-
ble that myelin has other effects on the neural dynamics we model, however this is a question
that can be difficult to answer computationally and must be investigated using experimental
methods. Doing experiments in vivo trying to understand what other influences myelin could
have would be important in either elucidating other explanations, or further supporting our
assumption of CV as a proxy for myelination. These investigations could revolve around spe-
cific delay timing seen in animal models, or could elucidate other myelin related molecular
mechanisms potentially contributing to the pathological understanding of absence seizure
progression. Overall, while we have brought about important insights through computa-
tional modelling, using other methods of investigation in conjunction would be important in

providing a holistic understanding of the progressive absence seizure pathology as a whole.

4.4 Final Thoughts

We start the thesis with an outline of Wilson-Cowan modelling, and by illustrating the
importance of neural heterogeneity as a protective factor against seizure dynamics. Our

research continues through the alteration of the Wilson-Cowan model to include conduction

66



delays, allowing for inquiries into neural dynamics relative to CV, which acts as a proxy for
myelination. This investigation led to the understanding that increased myelination could
result in greater seizure burden, in terms of both frequency and spectral properties. We next
built a bihemispheric model in order to compare and contrast computational methods with
observations made in Scn8a mouse models by our collaborators (Knowles Lab, Stanford).
Their research illustrated a motif whereby absence seizures originating in a bihemispheric
thalamocortical network increased myelination along the corpus callosum which connects the
brains hemispheres. This increase in myelination then resulted in greater seizure burden,
thus outlining a positive feedback loop of seizure progression. Our results replicate their
findings in terms of spectral properties, and further the research by proposing resonance as
a candidate mechanism for myelin induced bihemispheric seizure dynamics. Taken together,
our findings illustrate a novel target for future therapeutics, hopefully reducing the burden
of epilepsy, specifically in the developmental absence seizure pathology often seen in children
afflicted with the disease [2]. The research also provides a bihemispheric framework based
on Wilson-Cowan equations which can be used in order to answer a wide variety of questions
regarding whole brain dynamics, providing an inexpensive computational model which can

also guide future experimentation in biological models.
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Appendix

Parameters Values Description
Vn Varies (mV) Membrane potential
hn, Varies (a.u.) Excitability threshold
o} 4.8 (a.u.) Neuronal response gain
T Varies (ms) Axonal conduction delay
% Varies (m/s) | Axonal conduction velocity (CV; unspecific)
WPYRPYR 2.7 (a.u.) Baseline PYR PYR synaptic weight
WPy RIN 1.5 (a.u.) Upper bound on PYR IN synaptic weights
WINPYR -2.8 (a.u.) Baseline IN PYR synaptic weight
WININ 0 (a.u.) Upper bound on IN IN synaptic weights
dt 1 (ms) Time step
D 0.00005 (mV) Baseline noise amplitude
apY R 100 (Hz) Excitatory rate constant
arN 100 (Hz) Inhibitory rate constant
opY R Varies (mV) Excitatory heterogeneity
orN Varies (mV) Inhibitory heterogeneity
epY R Varies (mV) | Excitatory independent gaussian white noise
e N Varies (mV) | Inhibitory independent gaussian white noise
l Varies (mm) Axonal length

Table 1: Summary of model parameters for Chapters 1 and 2, symbols and variables. De-

tailed information are provided in figures’ caption as well as in source codes.
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Parameters Values Description
o} 25 (a.u.) Neuronal response gain
Teallosal k Varies (ms) Callosal conduction delay
ToT 5 (ms) Cortico-thalamic conduction delay
Ck Varies (m/s) Callosal conduction velocity
Weallosal 1.5 (a.u.) Baseline callosal synaptic weight
WpPYR.PYR 0.9 (a.u.) Baseline PYR,PYR synaptic weight
WIN.PYR -2.2 (a.u.) Baseline IN,PYR synaptic weight
WININ -0.5 (a.u.) Baseline IN,IN synaptic weight
WpPYRIN 1.5 (a.u.) Baseline PYR,IN synaptic weight
Wy B RTN 1.44 (a.u.) Baseline VB,RTN synaptic weight
WRTN.VB -1.6 (a.u.) Baseline RTN,VB synaptic weight
WpPYRVEB 1.9 (a.u.) Baseline PYR,VB synaptic weight
WPY R,RTN 2 (a.u.) Baseline PYR,RTN synaptic weight
Wy B.PYR 1.5 (a.u.) Baseline VB,PYR synaptic weight
WININ 1.8 (a.u.) Baseline IN,IN synaptic weight
dt 1 (ms) Time step
apyR 10 (Hz) Excitatory pyramidal rate constant
ary 10 (Hz) Inhibitory interneuron rate constant
avp 1 (Hz) Ventrobasal rate constant
ORTN 0.5 (Hz) Reticular thalamic rate constant
€9 Varies (mV) Observational independent gaussian white noise
ent Varies (mV) Independent gaussian white noise
[ Varies (mm) Axonal length
vl Varies (mV) Membrane potential
BY'YR -0.5 (mV) Baseline PYR current
BY'N -0.6 (mV) Baseline IN current
B{'B -0.15 (mV) Baseline VB current
By'TN -0.5 (mV) Baseline RTN current
SHYR 0 (mV) Stimulating PYR current
SN 0 (mV) Stimulating IN current
ST'B 0.0525 (mV) Stimulating VB current
SngN 0.0525 (mV) Stimulating RTN current
DpYR 0.00001 (mV) Baseline PYR noise amplitude
D;N 0.00001 (mV) Baseline IN noise amplitude
Dy B 0.0000001 (mV) Baseline VB noise amplitude
DTN 0.0000001 (mV) Baseline RTN noise amplitude

Table 2: Summary of model parameters for Chapter 3, symbols and variables. Detailed
information are provided in figures’ caption as well as in source codes.
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Coding Specifics

Local network model [Code 1] code found at: https://colab.research.google.com/drive/
1vx5_ZuTgbrl8cP5ZtAPVFFVK3yAExCiB?usp=sharing Bihemispheric model [Code 2] code
found at: https://colab.research.google.com/drive/11kWDbAyaXFCfx1qg0vbOJTE6FLXUvmKIn?
usp=sharing Specific values can change according to the investigation, however these are

the frameworks used for each model.
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